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$y_4=\textrm {DM}(\epsilon '_3)$


$s_5$


$\epsilon _5=s_5+y_5$


$\epsilon '_5=\textrm {WF}(\epsilon _4)$


$y_5=\textrm {DM}(\epsilon '_4)$


$s_6$


$\epsilon _6=s_6+y_6$


$\epsilon '_6=\textrm {WF}(\epsilon _5)$


$y_6=\textrm {DM}(\epsilon '_5)$


$s_7$


$\epsilon _7=s_7+y_7$


$\epsilon '_7=\textrm {WF}(\epsilon _6)$


$y_7=\textrm {DM}(\epsilon '_6)$


$s_8$


$\epsilon _8=s_8+y_8$


$\epsilon '_8=\textrm {WF}(\epsilon _7)$


$y_8=\textrm {DM}(\epsilon '_7)$


$\boldsymbol {\phi }$


   𝑛  =  7 


$n=7$


                𝜙      (  7  )  =    [            𝑦  (  𝑛  −  1  )  =    𝑦  6   =   DM   (    𝜖  5  ′   )  =   DM(WF   (    𝜖  4   )  )        𝑦  (  𝑛  −  2  )  =    𝑦  5   =   DM   (    𝜖  4  ′   )  =   DM(WF   (    𝜖  3   )  )        𝑦  (  𝑛  −  3  )  =    𝑦  4   =   DM   (    𝜖  3  ′   )  =   DM(WF   (    𝜖  2   )  )          𝜖  ′   (  𝑛  −  2  )  =    𝜖  5  ′   =   WF   (    𝜖  4   )          𝜖  ′   (  𝑛  −  3  )  =    𝜖  4  ′   =   WF   (    𝜖  3   )          𝜖  ′   (  𝑛  −  4  )  =    𝜖  3  ′   =   WF   (    𝜖  2   )        ]  


\begin {equation}\boldsymbol {\phi }(7) = \begin {bmatrix} y(n-1) = y_{6} = \textrm {DM}(\epsilon _5') = \textrm {DM(WF}(\epsilon _4)) \\ y(n-2) = y_{5} = \textrm {DM}(\epsilon _4') = \textrm {DM(WF}(\epsilon _3))\\ y(n-3) = y_{4} = \textrm {DM}(\epsilon _3') = \textrm {DM(WF}(\epsilon _2)) \\ \epsilon '(n-2) = \epsilon _5' = \textrm {WF}(\epsilon _4) \\ \epsilon '(n-3) = \epsilon _4' = \textrm {WF}(\epsilon _3) \\ \epsilon '(n-4) = \epsilon _3' = \textrm {WF}(\epsilon _2) \end {bmatrix}\end {equation}


$\sim $


$\sim $


$\sim $


$\sim $


$\sim $


   𝜈 


$\nu $


     𝑣  𝑥   ,    𝑣  𝑦  


$v_{x}, v_{y}$


        𝜈  =  −      (  𝑘    𝑣  𝑥   +  𝑙    𝑣  𝑦   )   𝐷  


\begin {equation}\nu = - \frac {(kv_{x} + lv_{y})}{D}\end {equation}


   𝜈  =  0 


$\nu =0$


     𝜎  2  


$\sigma ^2$


$\alpha $


        𝑃  (  𝜔  )  =      𝜎  2     |  1  −  𝛼     exp       (  −  𝑖  𝜔  )     |  2    


\begin {equation}P(\omega ) = \frac {\sigma ^2}{|1 - \alpha \exp {(-i\omega )}|^2}\end {equation}


$\alpha $


   𝛼  =  |  𝛼  |    𝑒    𝑖  𝜔   


$\alpha = |\alpha |e^{i\omega }$


   𝜔 


$\omega $


$\alpha $


$\alpha $


$\sigma $


        x  [  𝑡  ]  =    [            a  (  𝑡  )     𝜙  (  𝑡  +  1  )     𝜙  (  𝑡  )     𝜙  (  𝑡  −  1  )     𝑑  (  𝑡  −  1  )     𝑑  (  𝑡  −  2  )        ]  


\begin {equation}\mathbf {x}[t] = \begin {bmatrix} \mathbf {a}(t) & \phi (t+1) & \phi (t) & \phi (t-1) & d(t-1) & d(t-2) \end {bmatrix}\end {equation}


   a 


$\mathbf {a}$


   𝜙 


$\phi $


   𝑑 


$d$


        x  (  𝑡  )  =  (  I  −   KC   )   Ax   (  𝑡  −  1  )  +  (  I  −   KC   )  G  𝑑  (  𝑡  −  1  )  +  K  𝑦  (  𝑡  ) 


\begin {equation}\mathbf {x}(t) = (\mathbf {I} - \mathbf {K}\mathbf {C})\mathbf {A}\mathbf {x}(t-1) + (\mathbf {I} - \mathbf {K}\mathbf {C})\mathbf {G}d(t-1) + \mathbf {K}y(t)\end {equation}


   K 


$\mathbf {K}$


   C 


$\mathbf {C}$


   A 


$\mathbf {A}$


   G 


$\mathbf {G}$


   𝑑  (  𝑡  ) 


$d(t)$


$y(t)$


   (  𝑘  ,  𝑙  ) 


$(k,l)$


          𝑓    𝑘  ,  𝑙    [  𝑥  ,  𝑦  ]  =   cos       (  2  𝜋      𝑘  𝑥  +  𝑙  𝑦   𝑁   )   +  𝑖     sin       (  2  𝜋      𝑘  𝑥  +  𝑙  𝑦   𝑁   )  


\begin {equation}f_{k,l}[x,y] = \cos \left (2\pi \frac {kx + ly}{N}\right ) + i\sin \left (2\pi \frac {kx + ly}{N}\right )\end {equation}


   1  ×     10     −   12    


$1\times 10^{-12}$


   ∼   850  


$\sim 850$


   𝑛  =   1024  


$n=1024$


   𝑛  =   2048  


$n=2048$


$n=1024$


     𝜈    𝑚  𝑖  𝑛    =   1024   ×    𝑡    𝑖  𝑛  𝑡    =  2  ,  0  .  6 


$\nu _{min}=1024\times t_{int}=2,0.6$


     𝜈    𝑚  𝑖  𝑛   


$\nu _{min}$


$\alpha $


$\sigma $


        𝑃  (  𝜔  )  =      𝜎  2     |  1  −  𝛼    𝑒    (  −  𝑖  𝜔  )      |  2    


\begin {equation}P(\omega ) = \frac {\sigma ^2}{|1 - \alpha e^{(-i\omega )}|^2}\end {equation}


$\sigma ^2$


$\alpha = |\alpha |e^{i\omega }$


$\omega $


   𝜔  =  −  2  𝜋  𝜈    𝑡    𝑖  𝑛  𝑡   


$\omega = -2\pi \nu t_{int}$


     𝑡    𝑖  𝑛  𝑡   


$t_{int}$


$\nu $


$\mathbf {A}$


$\mathbf {C}$


$\mathbf {A}$


$\mathbf {C}$


     ∗  


$^{*}$


$\mathbf {x}$


        x  (  𝑡  )  =    [            a  (  𝑡  )     𝜙  (  𝑡  +  1  )     𝜙  (  𝑡  )     𝜙  (  𝑡  −  1  )     𝑑  (  𝑡  −  1  )     𝑑  (  𝑡  −  2  )        ]  


\begin {equation}\mathbf {x}(t) = \begin {bmatrix} \mathbf {a}(t) & \phi (t+1) & \phi (t) & \phi (t-1) & d(t-1) & d(t-2) \end {bmatrix}\end {equation}


   𝜙  (  𝑡  ) 


$\phi (t)$


$d(t)$


$y(t)$


   𝑡  =    𝑡  0  


$t=t_0$


   𝑡  =    𝑡  0   +  𝑑  𝑡 


$t=t_0+dt$


   𝑡  =    𝑡  0   −  𝑑  𝑡 


$t=t_0-dt$


   𝜙  (  𝑡  +  1  )  ,  𝜙  (  𝑡  ) 


$\phi (t+1), \phi (t)$


   𝑑  (  𝑡  −  1  )  ,  𝑑  (  𝑡  −  2  ) 


$d(t-1), d(t-2)$


$\mathbf {a}$


          (5.18)      a  =  (    𝑎  0   ,    𝑎  1   ,  .  .  .  ,    𝑎  𝐿   )         (5.19)      𝑎  (  𝑡    )  𝐿   =    𝛼  𝐿   𝑎  (  𝑡  −  1  )  +  𝑤  (  𝑡  )    


\begin {gather}\mathbf {a} = (a_0, a_1, ..., a_L) \\ a(t)_L = \alpha _La(t-1) + w(t)\end {gather}


     𝑎  𝐿  


$a_L$


     𝛼  𝐿  


$\alpha _L$


   𝑤  (  𝑡  ) 


$w(t)$


$\nu =0$


     𝛼  0   =  0  .   999  


$\alpha _0=0.999$


     𝜎  2   =   max   [  𝑃  (  𝜈  )  ] 


$\sigma ^2=\textrm {max}[P(\nu )]$


   𝑃  (  𝜈  ) 


$P(\nu )$


     𝜎    𝐷  𝐶   2  


$\sigma ^2_{DC}$


$\mathbf {x}$


        x  (  𝑡  +  1  )  =   Ax   (  𝑡  )  +  G  𝑑  (  𝑡  )  +   Bw   (  𝑡  ) 


\begin {equation}\mathbf {x}(t+1) = \mathbf {A}\mathbf {x}(t) + \mathbf {G}d(t) + \mathbf {B}\mathbf {w}(t)\end {equation}


        A  =    [            R       0    𝐿  +  1  𝑥  1         0    𝐿  +  1  𝑥  1         0    𝐿  +  1  𝑥  1         0    𝐿  +  1  𝑥  1         0    𝐿  +  1  𝑥  1            1    1  𝑥  𝐿  +  1       0     0     0     0     0          0    1  𝑥  𝐿  +  1       1     0     0     0     0          0    1  𝑥  𝐿  +  1       0     1     0     0     0          0    1  𝑥  𝐿  +  1       0     0     0     0     0          0    1  𝑥  𝐿  +  1       0     0     0       0  ∗      0        ]  


\begin {equation}\mathbf {A} = \begin {bmatrix} \mathbf {R} & \mathbf {0}_{L+1 x 1} & \mathbf {0}_{L+1 x 1} & \mathbf {0}_{L+1 x 1} & \mathbf {0}_{L+1 x 1} & \mathbf {0}_{L+1 x 1} \\ \mathbf {1}_{1 x L+1} & 0 & 0 & 0 & 0 & 0 \\ \mathbf {0}_{1 x L+1} & 1 & 0 & 0 & 0 & 0 \\ \mathbf {0}_{1 x L+1} & 0 & 1 & 0 & 0 & 0 \\ \mathbf {0}_{1 x L+1} & 0 & 0 & 0 & 0 & 0 \\ \mathbf {0}_{1 x L+1} & 0 & 0 & 0 & 0^{*} & 0 \end {bmatrix}\end {equation}


   R 


$\mathbf {R}$


$\alpha _L$


        R  =   Diag   (    𝛼  0   ,    𝛼  1   ,  .  .  .  ,    𝛼  𝐿   ) 


\begin {equation}\mathbf {R} = \textrm {Diag}(\alpha _0, \alpha _1, ..., \alpha _L)\end {equation}


        G  =    [              0    1  𝑥  𝐿  +  1       0     0     0     1     0        ]  


\begin {equation}\mathbf {G} = \begin {bmatrix} \mathbf {0}_{1 x L+1} & 0 & 0 & 0 & 1 & 0 \end {bmatrix}\end {equation}


        B  =    [              I    𝐿  +  1  𝑥  𝐿  +  1            0    5  𝑥  𝐿  +  1          ]  


\begin {equation}\mathbf {B} = \begin {bmatrix} \mathbf {I}_{L+1 x L+1} \\ \mathbf {0}_{5 x L+1} \end {bmatrix}\end {equation}


        𝑦  [  𝑡  ]  =   Cx   [  𝑡  ]  +  𝑣  [  𝑡  ] 


\begin {equation}y[t] = \mathbf {C}\mathbf {x}[t]+v[t]\end {equation}


   𝑣  [  𝑡  ] 


$v[t]$


$\mathbf {C}$


        C  =    [              0    1  𝑥  𝐿  +  1       0     0     1       0  ∗      0        ]  


\begin {equation}\mathbf {C} = \begin {bmatrix} \mathbf {0}_{1 x L+1} & 0 & 0 & 1 & 0^{*} & 0 \end {bmatrix}\end {equation}


     P  𝑠  


$\mathbf {P}_s$


          P  s   =       AP   s     A  H    +       BP   w     B  H    −       AP   w     C  H    (       CP   s     C  H    +    P  v     )    −  1         CP   s     A  H   


\begin {equation}\mathbf {P_s} = \mathbf {AP_sA^H} + \mathbf {BP_wB^H} - \mathbf {AP_wC^H}(\mathbf {CP_sC^H} + \mathbf {P_v})^{-1}\mathbf {CP_sA^H} \\\end {equation}


     P  v  


$\mathbf {P_v}$


          P  w   =   Diag   (    𝜎  0  2   ,    𝜎  1  2   ,  .  .  .  ,    𝜎  𝐿  2   ) 


\begin {equation}\mathbf {P_w} = \textrm {Diag}(\sigma ^2_0, \sigma ^2_1, ..., \sigma ^2_L)\end {equation}


   A  →    A  𝐻  


$\mathbf {A}\rightarrow \mathbf {A}^H$


   B  →    C  𝐻  


$\mathbf {B}\rightarrow \mathbf {C}^H$


   Q  →     BP   w     B  𝐻  


$\mathbf {Q}\rightarrow \mathbf {BP_w}\mathbf {B}^H$


        K  =      P  s     C  H    (       CP   s     C  H    +    P  v     )    −  1   


\begin {equation}\mathbf {K} = \mathbf {P_sC^H}(\mathbf {CP_sC^H} + \mathbf {P_v})^{-1}\end {equation}


\begin {equation}\mathbf {x}(t) = (\mathbf {I} - \mathbf {K}\mathbf {C})\mathbf {A}\mathbf {x}(t-1) + (\mathbf {I} - \mathbf {K}\mathbf {C})\mathbf {G}d(t-1) + \mathbf {K}y(t)\end {equation}


   𝐿  +  1 


$L+1$


   𝜙  (  𝑡  +  1  ) 


$\phi (t+1)$


     𝑣  𝑥   ,    𝑣  𝑦   =  2  .   13   ,  6  .   67  


$v_x, v_y = 2.13, 6.67$


     𝑣  𝑥   ,    𝑣  𝑦   =  2  ,   13   .  5 


$v_x, v_y = 2, 13.5$


     𝑁  2  


$_N^2$


     𝑟  0   =   15  


$r_0=15$


    500  


$500$


   0  .  5 


$0.5$


$C_N^2$


$\times 10^{-12}$


$\times 10^{-12}$


$\times 10^{-12}$


$\times 10^{-12}$


$\times 10^{-12}$


$\times 10^{-12}$


$\times 10^{-12}$


$500$


   ∼  1  .  7 


$\sim 1.7$


          (5.31)       open loop phase   =  (  −  1  ×   dm commands   +   wf residuals   )  ×  0  .  6         (5.32)       integrator residuals   =  (   wf residuals   )  ×  0  .  6    


\begin {gather}\textrm {open loop phase} = (-1\times \textrm {dm commands} + \textrm {wf residuals})\times 0.6 \\ \textrm {integrator residuals} = (\textrm {wf residuals})\times 0.6\end {gather}


   (    𝑣  𝑥   ,    𝑣  𝑦   )  =  1  .   07   ,  5  .   17  


$(v_x, v_y) = 1.07, 5.17$


   ∼  0  .  7 


$\sim 0.7$


   ∼  0  .  3 


$\sim 0.3$


     𝑟  0   ∼   15  


$r_0 \sim 15$


$500$


   ≥  2 


$\geq 2$


   ≤  0  .  5  % 


$\leq 0.5\%$


   0  .  5  −   15   % 


$0.5-15\%$


$\sim $


$\%$


   ∼  7  % 


$\sim 7\%$


$\%$


$\%$


$\sim $


$\%$


   ∼   11   % 


$\sim 11\%$


    14   % 


$14\%$


$r_0$


$\lambda $


$\gamma $


   ∼   19   % 


$\sim 19\%$


   ∼   23   % 


$\sim 23\%$


    50   .  9  % 


$50.9\%$


    61   .  9  % 


$61.9\%$


   7  % 


$7\%$


    40   % 


$40\%$


    70   % 


$70\%$


    88   % 


$88\%$


    90   % 


$90\%$


      10     −  4   


$10^{-4}$


   2  ×     10     −  5   


$2\times 10^{-5}$


    85   % 


$85\%$


    91   % 


$91\%$


$\sim $


        J  =  E      ⟨    𝛴    𝑖  =  0   𝑁     1  2       [    x  T   (    𝑡  𝑖   )  𝒳  x  (    𝑡  𝑖   +    u  T   (    𝑡  𝑖   )  𝒰  u  (    𝑡  𝑖   )  ]   ⟩  


\begin {equation}\mathbf {J} = \mathbf {E}\left <\mathbf {\Sigma }^{N}_{i=0}\frac {1}{2}\left [\mathbf {x^T}(t_i)\mathcal {X}\mathbf {x}(t_i + \mathbf {u^T}(t_i)\mathcal {U}\mathbf {u}(t_i)\right ]\right >\end {equation}


\begin {equation}\mathbf {J} = \mathbf {E}\left <\mathbf {\Sigma }^{N}_{i=0}\frac {1}{2}\left [\mathbf {x^T}(t_i)\mathcal {X}\mathbf {x}(t_i) + \mathbf {u^T}(t_i)\mathcal {U}\mathbf {u}(t_i)\right ]\right >\end {equation}


$\mathbf {x}$


$\boldsymbol {\phi }$


          (A.2)              𝜃      =  [    𝑏  1   .  .  .    𝑏    𝑝  −  1    ,    𝑎  0   .  .  .    𝑎    𝑞  −  1      ]  𝑇                   𝜙      (  𝑖  )  =  [  𝑦  (  𝑖  −  1  )  .  .  .  𝑦  (  𝑖  −  𝑝  +  1  )  ]          (  𝑦  −    𝑒    𝑚  𝑒  𝑎  𝑠   ′   )  (  𝑖  −  2  )  .  .  .  (  𝑦  −    𝑒    𝑚  𝑒  𝑎  𝑠   ′   )  (  𝑖  −  1  −  1  )  ]    


\begin {gather*}\boldsymbol {\theta } = [b_1 ... b_{p-1}, a_0 ... a_{q-1}]^T \\ \boldsymbol {\phi }(i) = [y(i-1) ... y(i-p+1)] \\ (y-e'_{meas})(i-2) ... (y-e'_{meas})(i-1-1)]\end {gather*}


                   𝜃      =  [    𝑏  1   .  .  .    𝑏    𝑝  −  1    ,    𝑎  0   .  .  .    𝑎    𝑞  −  1      ]  𝑇                   𝜙      (  𝑖  )  =  [  𝑦  (  𝑖  −  1  )  .  .  .  𝑦  (  𝑖  −  𝑝  +  1  )  ,  (  𝑦  −    𝑒    𝑚  𝑒  𝑎  𝑠   ′   )  (  𝑖  −  2  )  .  .  .  (  𝑦  −    𝑒    𝑚  𝑒  𝑎  𝑠   ′   )  (  𝑖  −  1  −  1  )  ]    


\begin {gather*}\boldsymbol {\theta } = [b_1 ... b_{p-1}, a_0 ... a_{q-1}]^T \\ \boldsymbol {\phi }(i) = [y(i-1) ... y(i-p+1), (y-e'_{meas})(i-2) ... (y-e'_{meas})(i-1-1)]\end {gather*}


          𝑓    𝑘  ,  𝑙    [  𝑥  ,  𝑦  ]  =   cos       (  𝑖  2  𝜋      𝑘  𝑥  +  𝑙  𝑦   𝑁   )   +  𝑖     sin       (  𝑖  2  𝜋      𝑘  𝑥  +  𝑙  𝑦   𝑁   )  


\begin {equation}f_{k,l}[x,y] = \cos \left (i2\pi \frac {kx + ly}{N}\right ) + i\sin \left (i2\pi \frac {kx + ly}{N}\right )\end {equation}


\begin {equation}f_{k,l}[x,y] = \cos \left (2\pi \frac {kx + ly}{N}\right ) + i\sin \left (2\pi \frac {kx + ly}{N}\right )\end {equation}


    cos  


$\cos $


    sin  


$\sin $


   ∼   200  


$\sim 200$


     𝑅   Voy    =   100   𝑚 


$R_{\rm Voy} = 100m$


     𝑅   Voy   


$R_{\rm Voy}$


     𝑀  𝑝  


$M_p$


     𝑅  𝑝  


$R_p$


$R_p$


$R_p$


$^3$


$\sim $


     𝜙   Voy    =  0  .   66  


$\phi _{\rm Voy} = 0.66$


     𝜌   Voy    =  1  .   53  


$\rho _{\rm Voy} = 1.53$


$^3$


     𝑀   Voy    =  6  .   41   ×     10    12   


$M_{\rm Voy} = 6.41\times 10^{12}$


   =  1  .   07   ×     10     −   15    


$= 1.07\times 10^{-15}$


$^3$


$\sim $


$R_{\rm Voy}$


$R_p$


   𝐻  /    𝑎   Voy   


$H/a_{\rm Voy}$


   𝐻  =   30  


$H = 30$


     𝑎   Voy    =  1  .  4    𝑅  𝑝  


$a_{\rm Voy} = 1.4R_p$


$\omega $


   Ω 


$\Omega $


   2  𝜋 


$2\pi $


   𝑓 


$f$


   ±  0  .   0002  


$\pm 0.0002$


   𝜔  =  0 


$\omega = 0$


   Ω  =  𝜋 


$\Omega = \pi $


   𝑓  =  𝜋  /  2 


$f = \pi /2$


     𝐻   Voy    /    𝑎   Voy   


$H_{\rm Voy}/a_{\rm Voy}$


     𝐻   Voy   


$H_{\rm Voy}$


          𝑣   rand    =  𝐻  Ω  ∼  1   cm/s       , 


\begin {equation}\label {eqn:vrand} v_{\rm rand} = H\Omega \sim 1 \textrm {cm/s} \;\;,\end {equation}


   Ω  =  (  𝐺    𝑀  𝑝   /    𝑎   Voy   3     )    1  /  2   


$\Omega = (GM_p/a_{\rm Voy}^3)^{1/2}$


          𝑣   kick    ∼      𝐺    𝑀   Voy         𝐻   Voy      𝑣   rel      ∼      2  𝐺    𝑀   Voy         𝐻   Voy   2   Ω    ∼  0  .  6   cm/s       , 


\begin {equation}v_{\rm kick} \sim \frac {GM_{\rm Voy}}{H_{\rm Voy}v_{\rm rel}} \sim \frac {2GM_{\rm Voy}}{H_{\rm Voy}^2\Omega } \sim 0.6 \textrm {cm/s} \;\;,\end {equation}


     𝑣   rel    ∼    𝐻   Voy    Ω 


$v_{\rm rel} \sim H_{\rm Voy}\Omega $


$\sim $


   ∼     10     −  5   


$\sim 10^{-5}$


       −  2   


$^{-2}$


   𝑛  =  6  .   67   ×     10     −  8   


$n = 6.67\times 10^{-8}$


       −  3   


$^{-3}$


$\sigma $


     𝑣   rel   


$v_{\rm rel}$


         collision rate   =  𝑛  𝜎    𝑣   rel    =  0  .   42     s        −  1     


\begin {equation}\textrm {collision rate} = n\sigma v_{\rm rel} = 0.42 \textrm { s$^{-1}$}\end {equation}
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Abstract

Every Part of the PIG for High Contrast Imaging and Extreme Adaptive 

Optics

by

Jules Fowler

More than 6000 exoplanets have been discovered to date, but how well do 

we really understand them? Exoplanets give off their own thermal glow 

and by directly imaging this signal we gain key insight into a planet’s size, 

rotational dynamics, and atmosphere. These characteristics are harder to study 

with other exoplanet observation techniques that indirectly infer planetary 

properties from the way a planet affects the star it orbits. The signatures of 

these planets are at a high contrast to their host star (i.e., much fainter), giving 

off less than 10−6 times the amount of light for giant planets (for earth-like 

planets 10−10); this problem is often likened to searching for a firefly next to 

a lighthouse. Telescopes on the ground have the advantage of larger primary 

mirrors (i.e., collecting diameters for light) because they are not constrained by 

the Herculean efforts of space launches. However, observing these signatures 

from the ground means contending with Earth’s atmosphere, which is made of 

up tiny thermally varying pockets that impart different indices of refraction, 
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varying on millisecond timescales; this blurs the incoming light (or wavefront). 

We combat these effects with adaptive optics (AO); by placing instrumentation 

that acts as a constantly evolving pair of glasses on our telescope systems, we 

can correct for these errors in real time. In particular, extreme adaptive optics 

(XAO) achieves exquisite correction over a small field of view, prioritizing 

the correction that enables high contrast imaging and reveals a planetary 

companion next door to a bright host star. Only with current and future XAO 

systems can we understand these 6000 exoplanets, and more to come. I look at 

every part of the pig for high contrast imaging and extreme adaptive optics in 

four parts: (1) probing the cloud properties of giant planets with polarized light 

observations from XAO-fed telescopes, (2) understanding the current state of 

AO at Keck Observatory, (3) exploring the practical implementations of novel 

control strategies at current large-class observatories, and (4) improving future 

XAO systems with novel control strategies.

I discuss results from 2 half nights of Subaru telescope time on the brown 

dwarf HIP 21152 B and giant planet AF Lep b, seeking the first polarimetric 

detection of a giant planet and direct evidence for clouds on giant companions. 

Due to poor data quality I do not detect either companion in total intensity 

or reach informative upper limits for polarized intensity. Data are limited 

by adaptive optics performance, nicely motivating the rest of this work, to 
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improve adaptive optics systems. I present the results of my work to commission 

the visible light ORCAS Keck Instrument Demonstrator (ORKID) at Keck 

Observatory, including improved ORKID image quality with PSF-sharpening 

daytime experiments, and AO characterization from the perspective of a visible 

light imager with a night of engineering time at Keck Observatory. I isolate 

strategies to improve Keck-II AO performance in visible light with updated 

wavefront sensing and vibration mitigation strategies. ORKID performance 

demonstrates how challenging visible light AO is, and the need for advanced 

control techniques to deliver high quality PSFs. I discuss the process of 

commissioning a data-driven predictive wavefront controller into the new Keck-

II real time controller. I present results from bench and on-sky time that show 

a predictor consistently out-performing an integrator in wavefront residuals 

and in some imaging performance metrics. This implementation of predictive 

wavefront control currently represents the only predictive controller running 

on an 8-10 meter telescope. Finally, I summarize my work to make the first 

comparison of predictive wavefront control (PWFC) methods side-by-side, 

focusing on data and model-driven predictors. I find that model-driven PWFC 

is better at learning information from data collected during on-sky observations. 

In total, my thesis work explores cutting edge exoplanetary science achievable 

with today’s instrumentation, characterizes and improves current state-of-the-
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art AO instrumentation, and contributes to the next generation of extreme 

AO.
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In the humbler works of my salad days I gathered up my poor 

researches in heroic strophes, but here I have sifted them into a 

series of dramatic scenes and avoided through omission the 

pernicious voluptuousness of pagan writers.

— Preface to the Plays of Hrotswitha, German Religious and 

Virgin of the Saxon Race, 1923
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Chapter 1

Introduction

1.1 Finding an exo-Earth

There are planets where it rains rubies. Specifically, some planets orbiting alien 

suns show evidence of clouds made of corundum, which when it condenses 

on Earth becomes rubies and sapphires [287]. Since the discovery of the first 

exoplanet, 51 Pegasi b in 1995 [169], more than six thousand planets have 

been observed. Now our field’s most pressing priority is not just detecting 

planets, but to characterize these planets, understanding their compositions, 

atmospheres, formation pathways, and ultimately, whether or not they resemble 

Earth. For years, the gold standard of exoplanet astronomy has been searching 

for the signals of planets with liquid water, plant life, methane, and generally 
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signs of disequilibrium chemistry that point to something organic, or the 

potential for something organic to thrive.

While previous scientists theorized that life could exist in unusual forms, 

like floating creatures in the hot gas atmosphere of Jupiter [235], now it is 

generally accepted that for planets to host life they will likely resemble the 

Earth, and therefore be a particular size and a particular distance from their 

host star: these two characteristics allow a planet to be rocky (as opposed to 

made of gas or ice or other inhospitable things), retain an atmosphere, and be 

a temperature that allows clouds and organic life to form. For example, for a 

G type star (that resembles our sun), broadest estimates suggest a habitable 

planet with a biosphere could exist within 0.38-10 astronomical units (AU) 

around its host star [309, 212]. The habitable zones of M-type stars (fainter, 

redder stars with big puffy envelopes), due to their cooler temperatures, are 

even smaller, on the order of 0.03-1.1 AU [136, 137]. Within that zone, a planet 

must be ∼ 1
2  to 2 times the size of the Earth to be habitable; any larger and it 

begins to accrete too much gas, leading to high surface pressures that make 

planets inhospitable [201]. These physical properties lead to stringent technical 

requirements for the future instruments that will be able to detect faint planets 

very near their suns.
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Figure 1.1: Habitable zones determine feasible separations between host star 
and planet for exo-Earths. Given a potential planet’s distance from its host star 
and the system’s distance from (our) Earth we can estimate how close we must 
be able to observe next to a star in arcseconds (often cited as miliarcseconds 
or mas), which sets the inner working angle (or nearness to star) requirements 
for our telescopes.
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Figure 1.2: The habitable zone is dependent on the temperature of the star. Hotter G (solar-type) stars could 
sufficiently heat planets, even if they are further away, as compared to cooler M stars with much smaller habitable 
zones. But brighter stars are at a higher contrast, requiring better nulling of stray starlight to resolve a planet. 
Figure adapted from NASA, ESA, and Z. Levy (STScI).
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Using the small angle approximation (shown in Figure 1.1) we can estimate 

how close potential planets would be to their host star in seconds of arc in 

astronomical observations. The nearest G type star to earth, Alpha Centauri, 

is 4.3 light years (or 1.3 pc) away, meaning its habitable zone is about 7700 

mas from its star. However, more targets will exist at closer to 10pc from 

Earth, with habitable zones of 38-1000 mas for sun-like stars, and 3-110 mas for 

M-type stars. Given the amount of light a small Earth-like planet will reflect, 

searching for Earth-like planets around M or G-type stars will mean searching 

for a planet that is at a contrast of 10−7 to 10−10 to its host star, as shown 

in Figure 1.2. These constraints are closely related, as the further a planet is 

from its host star, the less stellar light it will reflect, making it at a higher 

contrast. For example, an exo-Earth 8000 mas (10 AU) from Alpha Centauri 

would have a contrast of ∼ 4 × 10−12, whereas an exo-Earth only 300 mas (0.4 

AU) would have a contrast of ∼ 2.5 × 10−9. These two constraints and their 

tradeoff specify our need to see extremely faint objects extremely close to their 

host stars. This problem is colloquially likened to searching for a firefly next 

to a lighthouse, which is why it is often referred to as high contrast imaging.
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Figure 1.3: A summary of exoplanet detection methods. Indirect methods include transit photometry, radial 
velocity, microlensing, and astrometry. Direct imaging is unique in that it directly resolves the light of the planet 
from its host star, instead of looking for variations in the star to infer an invisible planet. Figure adapted from 
ESA. Added to this diagram are three famous systems with directly imaged planets: WISPIT 2 b [274], HR 8799 
bcde (image courtesy of Jason Wang), and PDS 70 b [185].
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1.2 High contrast imaging

1.2.1 Direct and indirect methods of exoplanet charac­

terization.

In particular, this thesis will comment on imaging, or direct imaging, of 

substellar companions at a high contrast to their host star, as a detection and 

characterization method for exoplanets. Direct imaging refers to resolving the 

light of a planet uniquely from the light of its host star. This is distinct from 

other methods of exoplanet detection and characterization, which infer the 

presence of a planet and its properties by watching its host star do something 

unexpected.

For example, the radial velocity method uses subtle shifts in the spectrum 

of a star to estimate the presence of an unseen planet tugging on the star, 

which induces a Doppler shift in the spectrum as the star moves subtly towards 

or away from us. This gravitational pull on the star by a second body is not 

only observable in shifted spectra; high precision astrometry searches for this 

same effect by seeking subtle deviations in the star’s path over time. Transit 

photometry monitors for variations in stellar brightness, which point to a 

transiting planet blocking out star light. Observing spectroscopically during 

this transit (or transit spectroscopy) provides information on the absorption 
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spectrum of the planet, as it blocks out the emission spectrum of the star. 

Finally, microlensing waits for the perfect geometry such that a planet acts as a 

micro gravitational lens, creating an extra bump in brightness in a star. Figure 

1.3 diagrams these methods and includes some famous examples of directly 

imaged planets.

However indirect methods require detailed knowledge of a host star. A 

particularly active star could mimic a radial velocity wiggle, stellar variability 

could mimic a planet transit, etc, as shown in Figure 1.4. Similarly, while 

transit photometry and spectroscopy is the most prolific of exoplanet detection 

methods (as shown in Figure 1.4), it requires a planet to geometrically transit 

in front of a star. In contrast, direct imaging is limited not by stellar activity 

or geometry, but by technology, making it excellent fodder for a PhD thesis.

1.2.2 Coronagraphy and differential imaging techniques

The challenging part of direct imaging comes in extinguishing enough light from 

a host star to reveal the presence of a planet. This is typically performed with 

coronagraphy, originally designed to observe solar corona, but used today to 

block out as much light from a star as possible. A classic coronagraph includes 

two masks, one placed at the focal (or image) plane of an optical system to 

null the stellar core, and one placed in the pupil plane (or plane conjugate to 
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the telescope aperture, also called the Fourier plane), to mask light that is 

diffracted to the edges of the pupil. Figure 1.5 shows an example of a classic 

Lyot coronagraph and how light is suppressed at each stage.

In tandem with optical suppression via coronagraphy, differential imaging 

methods are typically used to improve contrast even further. Chapter 2 will 

discuss data taken with angular, spectral, and polarimetric differential imaging 

(ADI, SDI, and PDI), so I will briefly summarize these methods here. For a 

full description of differential imaging methods see Ref. [69].
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Figure 1.4: Top Left: Directly imaged spectroscopy of HR 8799 b [257], successfully fit to an atmospheric profile. 
Bottom Left: Transmission spectroscopy of Trappist-1 e [287]; these observations were dominated by stellar 
fluctuations of Trappist-1 and did not result in a successful fit to an atmospheric profile. Right: Mass period 
diagram of every detected planet, with data from the NASA Exoplanet Archive as of May 29th [39]. Direct imaging 
(shown in orange) is not nearly as productive as indirect methods, but offers one of the few pathways to directly 
detect planetary atmospheres. To directly image Earths we need to develop technology that will let us detect 
planets with lower masses and shorter orbital periods.
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Figure 1.5: Light from a star is nulled with two optical masks, one in the focal 
plane to null the central light, and one in the pupil plane to null light that 
diffracts around the edge of the pupil, named a Lyot stop after Bernard Lyot, 
inventor of the coronagraph. The images at the top are simulated examples 
of the state of the wavefront while using a coronagraph, starting with left) a 
perfect unobscured PSF with airy rings, middle) most of the central light is 
obscured by the focal plane mask, but light has diffracted around the edges of 
the pupil, after the Lyot stop blocks that light right) a dark zone appears. A 
coronagraph makes a dark region where we could observe the faint signal of an 
exoplanet. Simulated images made with hcipy [213].

Angular differential imaging (ADI [167]) allows the sky background to 

rotate during an observation, as opposed to a more classic strategy where 

the target is held fixed. Then, principal component analysis uses these many 

realizations of the same point-spread function with varying angular positions 

to subtract off noise without risking subtracting out the planet signal (as it 

has been dispersed amongst many frames, unlike the telescope PSF).

Spectral differential imaging (SDI, [259]) often uses an integral field spec­
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trograph (IFS), where cubes of spectra across every resolution element of an 

image are taken simultaneously. Through wavelength space the planet will 

remain at a constant location, while the shape of the point-spread function 

and location of speckles of aberrated light will change. This technique can 

also employ knowledge of where a planet least likely to have signal, creating a 

planet-free reference image for speckle subtraction.

Finally, polarimetric differential imaging (PDI [138]), exploits the fact that 

astrophysical objects may have a subtle polarized signal. If a planet has its own 

self-luminous polarized signature, is embedded within certain kinds of disks or 

dusty clouds, or reflects light, that induces a polarized signal. However, stars 

are less likely to be polarized, which allows for a gain in contrast in polarized 

light where so much stellar light is naturally extinguished. Furthermore, (as I 

will describe in Chapter 1.3), PDI uses a double differencing method to subtract 

speckles out of polarimetric images at orthogonal polarization states. Many of 

these techniques can be used together, for example, a common combination is 

ADI and SDI by observing with an IFS and allowing your sky background to 

rotate.

With different observatories, observational techniques, and data reduction 

strategies, many different contrasts have technically been achieved (with perfor­

mance estimates down to 10−8 for infrared (IR) imaging with the James Webb 
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Space Telescope [153]), however, the faintest exoplanet imaged to date is 51 Eri 

b, with a contrast of 2×10−6 in J band (at 𝜆 =1250nm), at a distance of ∼475 

mas from its host star [51, 161]. This is an order of magnitude brighter and 4 

times further from its host star than we need to achieve with ground-based 

high contrast imaging to find an exo-Earth around an M-dwarf.

1.3 Polarimetry and polarimetric differential 

imaging

1.3.1 Physical properties of polarized light

Light in a basic sense is an electromagnetic wave with an electric (E) and 

magnetic (B) component. Our detectors are typically only sensitive to the 

E field, so I will focus on how the E field propagates through space. The 

electric field component is complex, with an x and y direction in space. The 

polarization state of light describes how the x and y components of the E field 

waves become misaligned with each other, for example if the x component 

experiences a different amount of optical path delay by some scattering feature. 

Figures 1.6 and 1.7 demonstrate how misalignment between x and y components 

of the electric field create polarized light. We often summarize the state of 
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polarized light with the Stokes vector:

S =
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(1.1)

where I represents total intensity, Q and U represent the linear polarization 

states along the x and y directions, and V represents circular polarization, as 

diagrammd in Figure 1.6.

Figure 1.6: As the x and y components of the electric field diverge diverge, 
this asymmetry creates a polarized signal. This creates linearly, circularly, or 
elliptically polarized light. Figure adapted from GSU Astronomy HyperPhysics.

Most light is a mix of polarization states, however, certain scattering and 

reflection events create strong polarized signatures, for example light reflecting 
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Figure 1.7: Polarization states are often described using the polarization ellipse. 
The amplitude of the x and y components (which can be summarized with 
𝜒), as well as their directional offset 𝜓 determine if it is linear or circularly 
polarized light.

off of water, or the perfect natural polarizer the Chrysina gloriosa scarab beetle, 

as shown in Figure 1.8. Polarizers filter light that consists of these mixed 

states and allow only one state through. If a strong density of signal exists 

in a particular polarization state, viewing the object through a polarizer has 

the effect of highlighting it from its surroundings, e.g., the scarab beetle likely 

has vision optimized for polarized light and can spot its fellow beetles more 

effectively, even compared to the glare from water or shiny leaves.
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Figure 1.8: The Chrysina gloriosa scarab beetle is a perfect natural polar­
izer. The micro-structure of its exoskeleton absorbs all right hand circularly 
polarized light, and leaves only left hand circularly polarized light reflected. 
Left: Standard imaging of the beetle. Right: Using a quarter wave plate and a 
polarizer, left hand circularly polarized light is blocked, leaving the beetle to 
appear dark and colorless. Figure from Ref. [249].

1.3.2 Finding Earth-like planets with reflected light po­

larimetry

Within the wealth differential imaging techniques, my observing work explores 

polarimetric differential imaging (PDI). PDI has three major advantages. First, 

as stars are largely unpolarized, you often gain up to an order of magnitude in 

contrast as compared to total intensity imaging (this does rely on some polarized 

signal from the companion which is not always the case). Current polarimeters 

(for example ZIMPOL at the Very Large Telescope) have shown that PDI can 
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achieve the photon noise limit (e.g., limited by the noise of the photons hitting 

the detector) [114]. Additionally, total intensity information is still available 

within a PDI dataset; PDI data can be further reduced and used as total 

intensity direct imaging data. And finally, polarized light has complimentary 

information to standard full intensity data. This includes spectropolarimetric 

data that describes cloud morphology, grain sizes, and cloud depths [264], as 

well as surface properties like foliage and oceans [231, 282].

In particular, polarimetric imaging will be vital to resolve Earth-like features 

in future habitable planets. While direct spectroscopy will tell us what is in 

the atmosphere of a planet, polarimetry is one of the few techniques that will 

tell us what is on the surface of a planet, and will, for example, be one of the 

only ways to determine if a planet has liquid oceans [282].

For example Figure 1.9 shows a real world example of a reflected light water 

feature emitting a visible polarized signal.

1.3.3 Disk integrated polarimetry of giant self-luminous 

companions

Unlike total intensity, polarized light has a vector describing the direction of 

the signal. When combined with other polarized signatures of other directions, 

this signal can cancel. This is relevant in the context of imaging self-luminous 
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Figure 1.9: Light reflecting off of water will have a polarized flint feature in 
visible light. Only in the right-most frame, where polarized signal is transmitted, 
is a visible light water glint feature visible, due to water running over the falls. 
This is a visible light image of Earth-like water reflecting the light of a Sun-like 
star taken from Carlon Falls, California in the Sierras.

point-like sources (e.g., planets), as the single point will represent the sum of 

information across the planetary disk, or disk-integrated signal. This means that 

self-luminous polarized signatures will be indicative not just of scattering, but 

of strong asymmetric scattering features. For example, a completely uniform 

atmosphere scattering a planets thermal emission would perfectly cancel as 

you sum over the signal from the entire planet, but asymmetries in the cloud 

coverage would create a non-uniform net signal that could be detected. This is 

visualized in Figure 1.10.
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Figure 1.10: Visual representation of disk-integrated polarized signal for a 
planet with (left) uniform cloud coverage and (right) asymmetric cloud cov­
erage. As bulk cloud features scatter light asymmetrically, polarized signals 
do not perfectly cancel, and result in a net signal that is one of the only 
observational methods to detect cloud bands or hot spots. Note, polarization 
vectors are pseudo-vectors and would not directionally point outward, this has 
been simplified for demonstration.

1.3.4 Polarimetric differential imaging in practice

Polarimetric Differential Imaging (PDI) uses a series of optics to split light into 

orthogonal polarized states. This is often done with a Wollaston prism and a 

modulating half-wave plate (HWP). The Wollaston prism splits light in two, 

creating a left and right side copy of the images at orthogonal polarization 

states, and a half wave plate modulates the signal, allowing us to see the Q 

and U states. In practice a full HWP cycle rotates through four angles: 0, 45, 

22, 67°. Information on linear polarization (Q) is contained in the HWP=0: 

0-90°  state and information on the linear polarization (U) is contained in 

the HWP=22: 45-135°  state. Using the additional states (90-0 and 135-45 
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respectively) creates an inverse image, which allows for subtraction of errors 

due to instrumental polarization (if they are downstream of the half-wave plate) 

and aberrated stellar light. this subtraction process is called double differencing. 

Using an optic other than a half-wave plate along with additional calibration 

could allow most dual-channel polarimeters to resolve circular polarization 

information, but it has yet to be prioritized as an observing mode. Because 

the Wollaston prism evenly splits incoming light, the total intensity can be 

recovered by adding the left and right hand sides of each image together. The 

double differencing method used to recovered Q, U, and I polarization is shown 

in Figure 1.11.

Figure 1.11: Diagram outlining the method and components of polarimetric 
differential imaging in an ideal system. A Wollaston prism splits light into 
two orthogonal polarization states, and a half-wave plate induces the delay (of 
N degrees) that allows for the extraction of I, Q, and U polarization states. 
Instrumental polarization effects 𝜖 cancel when double differencing is applied. 
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1.4 Extreme adaptive optics and visible light 

adaptive optics

1.4.1 Speckles and atmospheric turbulence

To find the ultra-faint signatures (in polarized light or otherwise) of planets 

at a high contrast from their host stars, we need technology that will null 

starlight extremely well. The tool of choice, coronagraphy, often depends on 

symmetric wavefronts, or waveforms of incoming light to the telescope. Any 

aberrations, be they from the instrument (imperfectly shaped optics, vibrations 

from cryo-coolers, etc) or external conditions like atmospheric turbulence, will 

impact the ability of coronagraphy to effectively null starlight, and create 

speckles of starlight in the final science image that are often as bright as 

planetary mass companions. Figure 1.12 shows an example of the performance 

of a Vortex coronagraph on a perfect PSF as opposed to a PSF impacted 

by Earth-atmosphere. In particular, this thesis will discuss wavefront errors 

induced by atmospheric turbulence and ground-based optical and infrared (IR) 

instrumentation.

The Earth’s atmosphere is made up of small pockets of varying temperature 

(and therefore index of refraction), which evolve on sub millisecond timescales. 

One way to combat this is with active control systems, or adaptive optics, which 

21



Figure 1.12: Coronagraphy is excellent at extinguishing starlight from a perfect 
source, but its performance degrades for more complicated wavefronts. Left: 
Simulated image of nulled light from a vortex coronagraph. Right: the same 
system with wavefront errors included creates speckles in the dark zone that 
obscure potential planet observations. The left-most scale bar, which indicates 
coronagraphic contrast (with arbitrary unites), applies to both images. Figure 
generated using hcipy [213].

sense and correct for the atmosphere (or other aberrations) in real time and 

correct them before they can get to our final science images, akin to putting a 

constantly evolving pair of glasses on our telescope systems. Figure 1.13 shows 

an example of imaging the planet Neptune with and without adaptive optics.

We expect the predictable elements of atmospheric physics are governed by 

linear effects [216]. Basic atmospheric modeling for adaptive optics is done with 

Kolmogorov turbulence [135, 267] that evolves according to the Taylor frozen 

flow hypothesis [268]. Together these models describe velocities imparted by 

wind layers, often at multiple levels in the height of the atmosphere, which blow 
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Figure 1.13: Example observation of Neptune with Keck Observatory before 
(left) and after (right) adaptive optics (AO) correction. Before AO, the obser­
vation is limited by the atmospheric seeing, or the spatial scale over which the 
atmosphere has coherence. With the correction we can see the structures of 
the planet, and see scales down to the diffraction limit of the telescope. Figure 
adapted from Claire Max and W. M. Keck Observatory.

static scenes of Kolmogorov spectrum turbulence over the telescope. While 

Kolmogorov turbulence does not perfectly encapsulate the full atmosphere, 

it does to within the sensitivity of modern AO systems. [216] Additional 

atmospheric turbulence (i.e., boiling [60], dome seeing [298]) adds random 

features that could still be statically encapsulated with linear noise propagation 

(i.e., Kalman filtering and autoregressive models.)
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1.4.2 Anatomy of an adaptive optics system

An adaptive optics system at its simplest is made of 3 fundamental components: 

a wavefront sensor (which records information on the state of the wavefront 

after it has been aberrated by Earth-atmosphere), a deformable mirror (which 

attempts to correct for those aberrations), and a computer that synthesizes 

information from the wavefront sensor and determines what correction the 

deformable mirror (DM) should apply. Figure 1.14 shows a control diagram 

of this system. Figure 1.15 shows the flow of information through a control 

system and the impact of noise and digitization at each stage.

Figure 1.14: A simple adaptive optics system consists of a camera that senses 
the shape of the incoming light waves (a wavefront sensor), a computer that 
synthesizes information and calculates a correction out (a real time controller), 
and a corrective optic that applies a correction out (a deformable mirror). This 
diagram includes content from Jim Henderson and the Muppets.
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Figure 1.15: The full state of turbulence s enters the system and immediately 
encounters the wavefront correction y, noted by the sum junction. The wave­
front sensor senses the residual wavefront 𝜖 = s+y, and reports a digitized and 
imperfect realization 𝜖′. Finally, a computer uses this information to calculate 
the command update to the deformable mirror, which feeds the next iteration.

To date, every extreme AO system runs their standard control for mid and 

high order modes as an integrator. This refers specifically to a closed-loop 

integral style controller, where the wavefront sensor is downstream of the 

DM, senses residual wavefront after the correction, estimates the error with 

a simple minimization between that residual and a flat reference, and applies 

that command as an addition to the current shape. For example, for Keck 

Observatory, the integral control law for a DM command 𝐶𝑖𝑛𝑡 at some time t 

takes the form:

𝐶𝑖𝑛𝑡(𝑡) = 𝑘 × 𝐶𝑖𝑛𝑡(𝑡 − 1) − 𝑔(M𝐶[𝑊(𝑡) − 𝑊𝑟𝑒𝑓]) (1.2)

25



where the current state of the atmosphere is estimated with wavefront residuals 

𝑊 as compared to a static reference 𝑊𝑟𝑒𝑓. M𝐶 is a command matrix that 

converts wavefront sensor residuals to the control space of the DM, with some 

gain that is typically between 0.2 < 𝑔 < 0.6 (for some advanced controllers 

gain is optimized per mode [80, 163]). Finally, as a closed-loop system, the 

estimate of the residual wavefront error is added to the previous command 

𝐶𝑖𝑛𝑡(𝑡− 1), with a leak k (usually set to 0.99) that provides further stability to 

the integral control law [280]. This correction is applied as quickly as possible, 

with the hope that the speed of the system will keep up with the speed of the 

evolving atmosphere. In practice this lag-time ranges from 1-5 ms.

Adaptive optics (AO) is a broad collection of methods that is best used 

when it is tuned for a specific set of requirements, often driven by a kind of 

science problem. For example, some AO systems work to cover a large (many 

arcminute) field of view fairly consistently (e.g., optimizing for repeatable 

pictures of a crowded star field to find subtle star motions to find the galactic 

center [41]). This thesis focuses on extreme adaptive optics, concerned with 

getting the highest quality correction (often measured with the highest Strehl 

ratio or deepest contrast achievabl as compared to a host star) over a small 

(few arcsecond) field of view where stars may have planetary companions.
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1.4.3 Error terms in an adaptive optics system

A few major error terms are common to extreme adaptive optics. Here I briefly 

outline these terms and discuss estimates at Keck Observatory as a practical 

example.

Fitting error

Fitting error describes errors induced by lack of correction by the corrective 

optics, typically a deformable mirror, in the adaptive optics system. Commer­

cially available stroke (or maximum amplitude a DM can apply) is such that 

this problem is rarely limited by available stroke of the DM, and we typically 

consider this a degrees of freedom problem. This means that the limiting 

factor in this correction is actuators at too rough a spacing to adequately 

encapsulate the variations in turbulence. The atmospheric spatial scale 𝑟0

describes the coherence length of an atmosphere, or the spatial scale over which 

the correlation of the atmospheric phase is ≤ 1
𝑒 . Matching the deformable 

mirror actuator spacing to 𝑟0 is typically considered the lower limit on fitting 

error, though practically this may not be sufficient for extreme AO systems 

[70]. We estimate fitting error analytically with:

𝜎𝑓𝑖𝑡𝑡𝑖𝑛𝑔 = √𝜇(𝑑𝑎/𝑟0)5/3 (1.3)
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where 𝜇 is a constant that describes actuator influence and projection (see 

more in Ref. [104]) and 𝑑𝑎 describes the actuator spacing projected onto the 

primary mirror.

Measurement error

Measurement error concerns errors in measuring the wavefront accurately, 

typically considered a function of signal-to-noise (SNR) on the wavefront sensor 

detector. AO observations use a reference star (or guide star) to act as perfect 

calibrator. For high contrast imaging, a bright central star to act as a calibrator 

is usually built in (i.e., a host star), but as we search for planets around fainter 

stars this problem becomes more complicated. For all but the brightest stars, 

measurement error is a trade off with fitting error, as increasing degrees of 

freedom on the DM requires splitting guide star light into more samples (or 

subapertures), so there is unique information for each DM actuator. For a 

Shack-Hartmann wavefront sensor (the current WFS at Keck) we calculate 

measurement error with:

𝜎𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 = 𝜂𝜒𝑑𝑎
𝜎𝑠𝑝𝑜𝑡

𝑆𝑁𝑅
(1.4)

with the noise propagator 𝜂, closed-loop average factor 𝜒, actuator spacing 𝑑𝑎, 

and Hartmann spot size 𝜎𝑠𝑝𝑜𝑡. For more details on these constants and system 
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specifications see Ref. [104]. Finally SNR is a function of photons and detector 

readnoise

𝑆𝑁𝑅 =
𝑁𝑝ℎ𝑜𝑡𝑜𝑛𝑠

√𝑁𝑝ℎ𝑜𝑡𝑜𝑛𝑠 + 𝑁𝑝𝑖𝑥𝜎2
𝑟𝑒𝑎𝑑𝑛𝑜𝑖𝑠𝑒

(1.5)

where N𝑝𝑖𝑥 = 4 for a detector that uses 2x2 pixels for each subaperture.

Equation 1.4 assumes a bright star is close enough to the observation to act 

as a natural guide star (NGS); when an NGS will no longer suffice, an artificial 

laser beacon (laser guide star or LGS) is used to create an artificial star, often 

by exciting sodium atoms high in the Earth atmosphere to create a bright 

calibration source. LGS has a different error profile and does not perfectly 

sample all of atmospheric turbulence, but does avoid issues of low SNR to the 

wavefront sensor. For more details on LGS see Ref. [104].

Temporal error

Temporal errors describe errors that occur when the speed of the control loop 

falls behind the evolution of the atmosphere. With the spatial scale 𝑟0, and a 

given wind layer blowing scenes of atmospheric turbulence over the telescope, 

we can estimate a temporal scale 𝜏0 = 𝑟0/𝑣, where v is the velocity of a 

wind layer. For all but the brightest stars, temporal error is a tradeoff with 

measurement error, as running AO quickly requires minimal sampling times, 
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which reduce SNR to the wavefront sensor. We estimate temporal error with:

𝜎𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 =
√√

⎷
(

𝑓𝑔

𝑓𝑐
)

5/3

(1.6)

where 𝑓𝑐 is the control frequency (typically around 1/10th of the system 

timelag), and 𝑓𝑔 is the turbulence-specific Greenwood frequency:

𝑓𝑔 = 0.426 𝑣
𝑟0

= 0.426
𝜏0

(1.7)

We quote 𝑟0 at a specific wavelength of light (often 500nm), and 𝑟0 varies 

with wavelength to the 5
3  power. Modern AO systems can run at 1-2kHz, which 

is enough to keep up with longer wavelength (IR at ∼ 𝜆 = 2000 nm, but this 

becomes challenging for visible light observing, where these timescales are faster 

than 1kHz. (This will be discussed at length in Chapter 3). Temporal errors 

can be mitigated with predictive methods that predict where the atmosphere 

will be in one system timelag’s time. (This will be discussed further in Chapters 

4 and 5).

Static and quasi-static errors induced by the telescope system

Telescope apertures are far from perfect idealized circles. Most telescopes have 

an on-axis second mirror, meaning there is a large central obscuration. On the 
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ground telescopes are heavy and require support structures, which include struts 

to hold a secondary mirror (often called spiders). Finally, Keck Observatory 

is fairly unique in that it has a series of abutting hexagonal segments that 

make up its primary mirror. While Keck is currently the only segmented 

telescope with facility AO, this will be (and already is) the standard for space 

and extremely large telescopes, meaning the Extremely Large Telescope (ELT), 

the Giant Magellan Telescope (GMT), the Thirty Meter Telescope (TMT), the 

James Webb Space Telescope (JWST), and the Habitable Worlds Observatory 

(HWO) will all contend with these issues.

Light bending around a sharp edge creates a complex aperture, complicating 

the the job of coronagraphs that will valiantly try to extinguish as much 

diffracted star light as possible. For ground-based telescopes, AO residuals 

will be the limiting factor, not complex apertures. However, from the ground, 

these complex apertures interact with air flow, turbulence, etc, and create 

more complex effects. For example, at the Subaru telescope, harsh thermal 

variations around the telescope spiders along with missing information (where 

the spider blocks light there is no light to sense) leads to large discontinuous 

DM solutions across a spider, called petal modes. [149].

As light moves from the telescope primary through the optical system it 

only encounters more imperfect optics, as well as motors, coolers, materials 
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that are sensitive to temperature, electronics that vibrate, and the telescope 

dome itself interacting with air flow over the course of the night. All of these 

further contribute errors, though these are often sensible and correctable by the 

AO system (with the caveat that quickly evolving and high spatial frequency 

features are always tricky).

Segment co-phasing errors

At Keck, the segmented aperture not only creates segment gaps that create a 

complex aperture, but each segment moves independently, requiring regular 

alignment with the other segments (or co-phasing) to a common global shape, as 

well as regular tuning of the individual shape of a segment. Segment co-phasing 

errors are difficult to sense with many slope wavefront sensors (e.g., the Shack-

Hartmann or modulated Pyramid wavefront sensor), and require additional 

sensing strategies (e.g., using more sensitive wavefront sensors [236], and point 

by point measurements during the daytime [81]). While these difficulties in 

sensing make it hard to directly estimate the impact, segment co-phasing errors 

are suspected to dominate the unknown sources of error (often described as 

“margin” error) in the Keck AO system [27, 236].

32



Non common path aberrations

Non common path aberrations (NCPA) occur when the wavefront sensor does 

not sense the full path of light to the final science instrument. This is the case 

for most adaptive optics systems, where wavefront sensing is done with sensing 

optics upstream of the final science instrument. Advanced control strategies 

circumvent this issue with separate sensing and control based solely on science 

instrument data [21], incorporating instrument information directly into the 

controller [146], or by using lucky imaging strategies to update a wavefront 

sensor reference based on image quality [256]. Practically, NCPA are often 

addressed with daytime calibrations on an internal source. Most NCPA are 

static (e.g., optics in the non common path), however some NCPA (thermal 

drifts, insensible vibrations) evolve with time, making a static calibration 

routine insufficient.

1.4.4 Keck-II adaptive optics error budget

To demonstrate the impact of all of these errors, here I summarize the estimate 

of these terms at Keck Observatory, in the context of a natural guide star 

system on the Keck-II telescope. Note that for brevity I skip some of the 

smaller terms, so the total high order error and total effective error will not 

exactly match the terms listed added in quadrature.
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 Error Term  Cause  WFE

 Fitting Error  too few degrees of correction  51 nm
 Temporal Error  controller lag time  60 nm
 Measurement Error  low wavefront sensor SNR  23 nm
 Margin Error  segment misalignment, unknown errors  130 nm
 Total High Order Error  error terms added in quadrature  185 nm

 Tip/Tilt Errors  low order sensing errors  58 nm †

 Total Effective Error  all error terms added in quadrature  198 nm

Table 1.1: Summary of measurements and analytic predictions for error terms 
of note in the current Keck-II AO system. † Tip/tilt errors are measured from 
the focal plane; this term can also be quoted as 3.5 mas. 

1.4.5 Translating error terms to performance metrics

A common performance metric in an imaging system is the Strehl ratio (SR), 

which is a metric that describes image quality. The simplest description of SR, 

is that it is a ratio of maximum intensity in a real image as compared to a 

perfect version of that image. There is much debate about how exactly you 

perform that ratio, what is the best way to estimate a perfect image, and how 

to best reduce and compare data, as described in Ref. [230]. However, a simple 

way to relate SR and errors in an AO system is the Marechal approximation, 

sometimes used in tandem with an empirical correction and the impact of a 

lower order error term. For example, we can estimate the Keck SR given the 
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above high order error term:

SR = SR𝑀 × ℰ × SR𝑇 𝑇 (1.8)

with an empirical correction ℰ based on [83], the Marechal approximation

SR𝑀 = exp −(2𝜋𝜎𝐻𝑂
𝜆

)
2

(1.9)

where 𝜎𝐻𝑂 is the high order error term in meters and 𝜆 is the wavelength 

at which we calculate SR. 𝑆𝑅𝑇 𝑇 is the impact to the SR given low order 

aberrations, which typcially desginate just the impact of the lowest order 

zernike modes tip and tilt. Strehl Ratio due to residual tip/tilt is calculated 

given some tip/tilt error in radians 𝜎𝑇 𝑇

𝑆𝑅𝑇 𝑇 = 𝜎2
𝐷

𝜎2
𝐷 + 𝜎2

𝑇 𝑇
(1.10)

where 𝜎𝐷 = 0.44𝜆/𝐷 and D is telescope diameter.

1.4.6 Adaptive optics for visible light astronomy

A root-mean-square (RMS) error term (i.e., all of the AO error budget terms 

added in quadrature) can be described as a delay in optical path in units of 
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physical distance (e.g., some nanometer delay). However, this delay has a 

proportionally varying impact on varying wavelengths. For example 200 nm of 

error at 656nm (Hydrogen 𝛼) represents a third of a wave of delay, whereas 

it would only be 1
10  of a wave of delay at 2190nm (K band). Similarly, the 

characteristic timescale of the atmosphere (driven by a quasi-static wind-layer) 

is shorter and requires faster AO correction at shorter wavelengths. Assuming 

the lower performance end of nominal Maunakea-like atmospheric conditions 

(a characteristic turbulence spatial scale of r0 =10 cm, reported for 500nm 

that varies with wavelength to the 6/5 power) and an average wind velocity 

of 𝑣 = 15 m/s, the characteristic timescale (𝜏0 = 𝑟0
𝑣 ) for at 2190 nm would 

be 39 ms (i.e., require a sampling time of 1
10  of that, or 3.9 ms), whereas a 

visible light AO correction at 656 nm would require a sampling time on the 

order of 0.9 ms, or an AO system that runs faster than 1 kHz. Figure 1.16 

shows an example of the physical wavelength of light compared to the Keck-II 

error term.

For this reason, AO systems have traditionally focused on correcting near IR 

light, where AO systems can still provide good performance while allowing more 

margin for error. Practically, these systems can operate more slowly, with fewer 

degrees of freedom in the correction, less precise calibration, and with higher 

tolerances for optical quality while still delivering a PSF that is limited only by 
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Figure 1.16: Visible light is a physically shorter wavelength than in th IR. This 
means a Keck-length error term (indicated with the grey dashed line) is a much 
larger fraction of the optical path in the visible.

the diffraction limit of the telescope. For example, Keck Observatory routinely 

provides K Band Strehl ratios (SR) of 50-60% [236]. Empirically adjusted 

analytic estimates suggest the high order error term (or RMS wavefront error 

across the telescope pupil caused by all effects past residual tip/tilt errors) that 

provides that SR at 2190nm is 245nm. Translating the 245 nm error term to 

656nm in visible light results in an SR of less than 1%.

Better performance in visible light is achievable with extreme AO systems, 

and some large (6-8 meter) class observatories have extreme AO-fed visible light 

instruments, including Subaru/VAMPIRES, VLT/ZIMPOL and MagAO-X. 

These AO systems with higher degrees of freedom in their AO corrections 
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have seen 20-60 % Strehl Ratio through visible light filters [242, 156]. Even 

these 20-60% SRs will not be sufficient to image Earths in visible light, and 

advanced control strategies will be necessary to reduce sources of error limiting 

AO performance.

1.5 Predictive wavefront control

Many approaches to reducing errors in AO systems exist, and indeed all of 

them will need to work in tandem to achieve observations of Earth-like planets. 

Much of this thesis will focus on how to extinguish temporal errors, as described 

in Section 1.3. By using predictive methods to estimate where a correction 

will be when an AO loop completes, we effectively overcome the temporal lag 

of the system. This has the added bonus of offloading measurement error, as 

the AO system can be slowed, allowing for longer wavefront sensor exposures 

which increase SNR to the wavefront sensor.

There are many ways to do prediction, and here I summarize the most 

common methods. In order to comment on and evaluate the performance of 

control methods, I first set priorities for current and future instruments. I 

define mandatory criteria and ideal exploration space for new methods within 

an XAO system in Table 1.5. As I summarize these methods, I examine which 

methods achieve some of these ideal features and whether or not they sacrifice 
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mandatory AO requirements.

 mandatory criteria
 achieves at least 60% Strehl Ratio in the IR
 runs in real time
 robust over a full night
 accounts for static NCPAs

 ideal criteria
 accounts for non-linearities
 does not require high fidelity instrument model
 high sky coverage at high performance
 tunable and flexible
 accounts for dynamic NCPAs
 does not require consistent operator attention

Table 1.2: Here I define criteria deemed mandatory for extreme AO systems 
(i.e., any method in development cannot sacrifice these), and criteria that we 
could potentially gain with future technology developments.

In this thesis I will often refer to machine learning methods as a category. 

I define machine learning as any problem that uses one set of data to make 

rules for a second set of data [107]. From this definition, machine learning not 

only includes complicated many-layer neural networks and artificial intelligence 

engines, but also classic linear regression problems, extrapolation problems, and 

many basic control engineering and statistical concepts (i.e., Kalman filtering 

and linear quadratic Gaussian controllers.) In this section, I will overview the 

most common machine learning methods applied to wavefront control, as well 

as comment on the overlap in methods.
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1.5.1 Kalman filtering and linear quadratic Gaussian 

control

Kalman filtering [125] is a statistical prediction tool, common to engineering 

and mathematics alike. Simply stated, a Kalman filter is a robust way to 

predict the evolution of a property according to a physical law, a Gaussian 

uncertainty distribution, and data fed back into the system to verify and 

improve that estimate. Figure 1.17 shows a visual representation of how some 

property (for our purposes, the measurement from a wavefront sensor) evolves 

according to some physical law (for our purposes, the wind velocity affecting 

the atmospheric turbulence, any dynamics in the system, and the control law 

we are applying), and a cloud of uncertainty that accompanies and is altered 

by that prediction.

A Kalman filter starts with a state vector ̂x, which encapsulates all the 

variables that we predict at each iteration, and a covariance matrix P, which 

uses the covariance to estimate the uncertainty of those measurements. Given 

a physical law F, a control law B, and a noise term Q, we predict the next 

state vector and covariance matrix with
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Figure 1.17: “A Kalman filter is used to generate estimates of the states, given 
the noise-corrupted measurements.” [202] A Kalman filter projects a state 
vector and a Gaussian uncertainty cloud forward according to a physical law.

̂xk = Fk ̂xk−1 + Bk ⃗u𝑘 (1.11)

Pk = FkPk−1FT
k + Qk (1.12)

Despite a simple step-by-step update formula, a Kalman filter is not typically 

updated at each iteration in practice. Instead, a steady-state solution is found 

after training from previous system data.

A common pair in control engineering is a Kalman filter and a linear 

quadratic regulator, or a controller that aims to minimize a quadratic cost 

function at each iteration. This combination is referred to as a linear quadratic 
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Gaussian (LQG) controller; a controller that assumes Gaussian errors, predicts 

forward with a linear physical law, and regulates the system with a quadratic 

cost function. Figure 1.18 shows an example of an LQG controller in the 

context of wavefront control.

Figure 1.18: Control diagram of a linear quadratic Gaussian (LQG) controller. 
In this system, a sensed wavefront residual is fed to a Kalman filter, which 
predicts the future state of the wavefront, calculates the control law with a 
linear quadratic regulator, and sends that control command to the deformable 
mirror to correct the system.

J = E⟨𝑁
𝑖=0

1
2

[xT(𝑡𝑖)𝒳x(𝑡𝑖) + uT(𝑡𝑖)𝒰u(𝑡𝑖)]⟩ (1.13)

J is an example cost function [202] used for a linear quadratic regulator, 

given some state vector x, deformable mirror commands u, and expectation 

value E. J minimizes the error in the state as well as DM commands to estimate 
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the next DM command.

1.5.2 Empirical orthogonal functions

Empirical Orthogonal Functions (EOF) [93] looks for linear relationships in 

the evolution of the wavefront over time and space. EOF has been successfully 

run both in simulation [93], during day-time testing at Keck Observatory [116], 

as well as on-sky at the Keck Observatory [281] and the Subaru Telescope [95]. 

Here I will briefly summarize the math behind building and applying the EOF 

predictive filter; the mathematical formalism is taken from Guyon & Males 

(2017) [93] unless specified.

Empirical orthogonal functions predicts a future state of a wavefront by 

building a predictive filter that linearly combines previous states of the wave­

front. Starting with Guyon, 2017 [93] and a follow up from Jensen-Clem in 

2019 [116], I outline our implementation of EOF in (pseudo-)open loop. Given 

some state of the wavefront (i.e., full scale of the uncorrected turbulence as 

considered in pseudo open loop), 𝑤, with m variables representing wavefront 

sensor measurements (which for a zonal approach corresponds to the number 

of deformable mirror actuators) and n associated frames, we build a history 
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Figure 1.19: The future state of the wavefront is predicted as a linear combi­
nation of previous states, 𝑤 at some time 𝑛. The collection of previous states 
is called the history vector, h.

vector for each subaperture:

h𝑚(𝑡) =

⎡
⎢
⎢
⎢
⎢
⎣

𝑤(𝑡)

𝑤(𝑡 − 𝑑𝑡)

𝑤(𝑡 − (𝑛 − 1)𝑑𝑡)

⎤
⎥
⎥
⎥
⎥
⎦

(1.14)

A visual representation of the history vector is shown in Figure 1.19.

We build a predictive filter for each mode F𝑚 that will predict the full 
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Figure 1.20: Phase screens evolve in time (in sea foam) and a weight is applied 
to each one (the predictive filter F = [𝑓1, 𝑓2, ...], where each 𝑓𝑛 contains m 
weights for m modes) to estimate the final wavefront prediction in teal. Note 
that mathematically a history vector is a single flat vector that contains the 
appended information of all 3 screens to predict a final vector that contains a 
flattened version of the predicted wavefront.

phase at a given point with:

F𝑚h𝑚(𝑡) = 𝑤(𝑡 + 𝑑𝑡) (1.15)

This is shown in Figure 1.20. Both the filter and history vector can be written 

to include information across multiple modes, i.e., h = [𝑤0(𝑡), 𝑤1(𝑡)...𝑤0(𝑡 −

𝑑𝑡), 𝑤1(𝑡 − 𝑑𝑡)...], but for ease of notation we leave these as single wavefront 

sensor measurement/DM actuator filters and predictions.

To find the predictive filter F we minimize an error term that consists of 

the difference between the output predicted wavefront (in DM space) and the 
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true phase at that time. We collect training data D, which contains history 

vectors and P which holds the true state (or “future”) for each history vector. 

(I.e., mapping 𝑡 to its future state at time 𝑡 + 𝑑𝑡.)

minF||D𝑇F𝑇 − P𝑇||2 (1.16)

Solving equation (1.16) requires a pseudo-inverse; Ref. [93] solved this 

problem with an SVD (singular value decomposition) inversion, but we use a 

least-squares inversion [116], with regularization constant 𝛼 (𝛼 may be set to 1

for simulations, but is found empirically on-sky [280].)

F = ((D𝑇)†P𝑇)𝑇 (1.17)

F = PD𝑇(DD𝑇 + 𝛼I)−1 (1.18)

Finally, our predictive filter F holds a coefficient for each previous state, 

as expressed by a pseudo open loop (POL) reconstruction of the telemetry 

projected into DM space.

EOF as a predictor works so simply because we consider some wavefront

w𝑚(t) as the full state of turbulence that the atmosphere imparts. In practice, 

this is not the measurement we have in a typical AO system, which runs in 

closed-loop, where our wavefront sensor will measure a residual after some DM 
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correction has been applied. In this implementation, EOF uses pseudo-open 

loop (POL) reconstructed values of the full wavefront, where information on 

the applied DM commands and measured wavefront sensors residuals are used 

to reconstruct what the full state of the turbulence would have been. This is 

how this is run on-sky both at Subaru/SCExAO [95] and Keck/NIRC2 [280].

However, the math represented by EOF is arguably comparable to that of 

Dessenne, 1998 [58], which outlined a similar method, but builds a modified 

history vector using DM commands and wavefront sensor slopes, instead of 

reconstructing the full state of the turbulence for each input mode. This 

implementation is more computationally expensive, but encapsulates the real 

system dynamics and runs in closed-loop.

1.5.3 Neural networks

The previous methods all rely on a linear state space model; the predicted 

future state can be expressed as a linear combination of previous states and 

commands. The advantage of this linear model is that one can often find 

analytical solutions that minimize a quadratic cost function, as discussed in 

the previous section. However, this assumption of linearity is not valid in 

all cases. An alternative is to use a nonlinear state-space model. This can 

be done using Neural Networks (NN), which can act as arbitrary function 
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approximators. These NN’s utilize multiple consecutive matrix multiplications 

with a so-called activation function in between. This activation function is 

nonlinear, allowing the NN to model nonlinear functions. These NN’s are often 

visualized by having multiple ”hidden” layers between the input and output, 

where the activation y in layer 𝑖 can be mathematically expressed as:

y𝑖 = 𝑓(𝑊y𝑖−1 + b). (1.19)

Here, 𝑊 are the weights of that layer, b the bias, and 𝑓() the activation 

function. A visualization of a NN is shown in Fig. 1.22. Note that a single-layer 

NN without an activation function reduces to a familiar linear model, such as 

in EOF. The amount of hidden layers and number of neurons in each layer 

is tweaked based on the complexity of the problem. The weights and biases 

can be optimized by minimizing a chosen loss function on a training dataset. 

This is commonly done using stochastic gradient descent based optimizers in 

combination with the backpropagation algorithm. Libraries such as keras and

pytorch hide most of these complexities to end users, which makes building 

and training basic NN’s much easier.

For complex nonlinear problems basic NN’s quickly run into the curse of 

dimensionality, where the number of free parameters explodes. Luckily, the 
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parameterization of these NN’s can be adapted to specific problems by using 

domain knowledge. This can be seen as a strong form of regularization on 

the complexity of the model. For example, Convolutional Neural Networks 

(CNN’s) are popular for image processing tasks. They use the knowledge that 

features are local and translational invariant to drastically reduce the number 

of free parameters that have to be optimized. For our purposes, CNN’s can be 

used to capture spatial correlation in the wavefront. Alternatively, Recurrent 

Neural Networks (RNN’s) are commonly used for problems involving sequences. 

They are well suited to deal with the temporal aspect of predictive control. 

Popular variants of RNN’s are Long-short term memory (LSTM) networks and 

Gated Recurrent Units (GRU).

Figure 1.21: Left: Diagram of a reinforcement learning (RL) algorithm. An 
RL algorithm enacts some policy (control law) on some environment, makes 
observations, optimizes itself according to a reward. Right: Diagram of a neural 
network (NN). A neural network finds non-linear connections between layers of 
nodes.
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1.5.4 Reinforcement learning

Reinforcement Learning (RL) is a fast growing field that deals with learning 

optimal control through interaction with environment. The goal of these 

algorithms is to find the optimal commands that maximize some arbitrary 

optimization objective. RL algorithms can be split up into two main branches: 

model-free and model-based. Note that models are used in both cases.

Model-based RL algorithms explicitly learn a state-space or dynamics model. 

Using this state-space model and the currently measured state, they aim to 

find the control command which maximizes the optimization objective at each 

iteration. This can be done using planning algorithms, which can be quite 

computionally expensive to run at kHz frequencies. In the case of a linear 

dynamics model with a quadratic cost function, model-based RL reduces to 

the LQG problem with online identification of the state-space model.

Instead of learning a dynamics model, model-free RL algorithms aim to 

directly learn an optimal parameterized control law. Popular choices of model-

free RL are variants of the policy gradient algorithm, such as Soft Actor-Critic 

(SAC) and Deep Deterministic Policy Gradient (DDPG). All these algorithms 

try to learn a differentiable model of the optimization metric as a function of 

the state and control command. One can then obtain the gradient of the cost 

function with respect to the control commands. This can subsequently be used 
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to optimize the parameters of the control law. Model-free RL methods provide 

a parameterized control law, with which inference speeds are typically fast 

enough to run at kHz frequencies. A disadvantage of model-free algorithms are 

that they are typically less data efficient and would thus more slowly adapt to 

changing conditions. Promising hybrid methods, that combine the advantages 

of model-free and model-based algorithms, are also being developed.

1.5.5 Overlaps between methods

Figure 1.22: Reinforcement learning is a particular way to frame a problem; a 
linear example of reinforcement learning is a linear quadratic Gaussian controller 
(which requires a Kalman filter as its estimator.) Neural networks are often used 
to solve reinforcement learning problems, and empirical orthogonal functions 
is equivalent to a neural net that has been constrained to a single layer and 
temporal evolution.

Reinforcement learning and neural networks are two common elements 

of machine learning that often go hand-in-hand: reinforcement learning as a 

particular problem type, and neural networks as a common solver for that 
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problem type. Narrowing the scope of these problems and making them linear 

shows that an LQG controller is simply a reinforcement learning problem with 

more conditions about its error propagation, physical law, and cost function. 

In particular, a mathematical analysis of the overlap between a reinforcement 

learning problem and an LQG controller is available in Ref. [225]. Kalman 

filtering is often utilized as an element of an LQG controller, though one of 

the methods I describe is closer to a pure Kalman filter approach. Finally, 

EOF acts as a one-layer neural network, and works that have compared EOF 

to neural networks [297, 97] find that they converge to the EOF solution for 

linear problems. For a review of the examples of implementation of predictive 

control, organized by method, see Appendix A.1.

Are non-linear methods justified

Despite pointing to non-linearities as a potential goal for new wavefront control 

algorithms, some interesting work in the field has explored whether or not 

temporally evolving non-linear controllers are necessary. Multiple works [97,

297] have compared classic linear solvers (i.e., empirical orthogonal functions 

or a neural net with a single layer) to multi-layer approaches, only to find 

that when considering temporally evolving statistics the multi-layer systems 

converge to the same answers, sometimes with added noise in the multi-layer 
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networks.

In Ref. [99], they argue that running in closed-loop maintains the condition 

of linearity for both Pyramid wavefront sensors (PWFS) and DM actuators, 

meaning non-linear reconstructions and system dynamics are not worth en­

capsulating in temporally evolving models. However, other works [192, 146] 

demonstrate that a non-linear solver can learn the entire system model, in­

cluding wavefront sensing response, deformable mirror dynamics, and DM to 

wavefront sensor misregistration, which leads to a more painless and flexible 

system implementation. Furthermore, Ref. [297] found that despite converging 

to the same solution, the neural network found the answer with ∼5 seconds of 

training data, as compared to a linear predictor which needed ∼40 seconds of 

training data.

1.6 Summary

Finding and characterizing an exo-Earth is not within the current capability of 

ground or space-based telescopes. My thesis uses 8-10 meter class telescopes as 

a laboratory for future exo-Earth characterization. I present instrumentation 

work that bridges the technology gap between current telescopes and our future 

exo-Earth finders, while understanding and improving our current telescopes. 

Additionally I describe observational work that seeks to push forward future 

53



techniques we will need to find exo-Earths, while pursuing real physics-driven 

questions about larger and brighter planets that are currently in reach of 8-10 

meter class observatories. I explore high contrast imaging and extreme adaptive 

optics from snout to tail in four parts by (1) exploring the science we can do 

with current ground based telescopes with a focus on polarimetric detections 

of giant planets and brown dwarfs, (2) characterizing the performance of 

current ground based AO-fed instruments in the visible, (3) commissioning a 

data-driven predictive wavefront controller on-sky at Keck Observatory, and 

(4) comparing predictive methods in preparation for the next generation of 

extremely large telescopes.

Figure 1.23: Every part of the PIG for high contrast imaging and extreme 
adaptive optics: Predictive wavefront control, commissioning and character­
izing the ORKID Instrument, and Ground-based polarimetry of substellar 
companions.
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Chapter 2

When PIGSS Fly: the 

Polarimetric InvestiGation of 

Self-luminous Substellar 

companions

2.1 Abstract

The convective physics that produces large scale cloud features (e.g., Jupiter’s 

bands and spots) while thought to depend on temperature, is still largely 

unknown. In this chapter I present two new half nights of Subaru/SCExAO 
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spectropolarimetric CHARIS observations of two substellar companions (AF 

Lep b and HIP 21152 B) in attempts to build a sample of polarimetric obser­

vations of substellar companions at a range of temperatures. We do not reach 

our intended upper limits at the level of 0.5 - 0.1% disk-integrated degree of 

linear polarization on these objects, which would strongly rule out large scale 

cloud structures. We build total intensity images from these data, but do not 

reach sufficient contrast to detect either companion at the 5𝜎 level. We note 

that our polarimetric upper limits were limited by performance of the adaptive 

optics system, not polarimetric precision. Finally, we comment on polarimetric 

surveys as a low risk/high reward strategy for current ground-based telescopes 

and future extremely large and space-based telescopes.

2.2 Introduction

Large scale cloud features (for example, Jupiter’s bands and spots) are theorized 

to be driven by convective regions deep in planetary atmospheres and only 

possible within certain temperature regimes [307]. However, with only a handful 

of examples of these cloud features in our solar system, it is challenging to 

confirm this relationship. To fully investigate these processes and confirm 

a temperature dependence requires more examples of substellar companions 

confirmed to have large scale cloud features. Exoplanets and brown dwarfs 
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have a wealth of indirect observational evidence confirming the presence of 

clouds [253], but directly constraining cloud morphology is challenging outside 

of our solar system. Doppler mapping shows promise to resolve large scale 

cloud features, e.g. maps of the brown dwarf binary Luhman 16 [44, 126, 37], 

but these techniques are currently limited to bright (K≤10 magnitude) targets. 

Similarly, photometric monitoring has found 1-10% variability in the brightness 

of substellar companions that implies the existence of asymmetric cloud features 

[166, 18], but this technique is limited to bright objects with long periods (i.e., 

objects that can be detected in enough time to resolve multiple data points in 

time along an object’s rotation). Future techniques will use kilometer baseline 

array interferometry to spatially resolve cloud features on substellar objects 

[23], but we do not currently have the technology to resolve a substellar object 

at more than 2 pixels across. As a solution, we present direct imaging of 

self-luminous companions in polarized light. The disk-integrated self-scattering 

signatures required for a polarimetric detection of a substellar companion are 

indicative of atmospheric asymmetry, and one of the few ways to cause this 

asymmetry is large scale cloud features like bands and spots.

Young exoplanets and brown dwarfs have self-luminous emission that peaks 

in the infrared. As that emission moves through clouds it is scattered by 

aerosols (driven by Rayleigh scattering in the visible and Mie scattering in 
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the IR), which polarizes the object’s self-luminous emission [50]. However the 

positive and negative polarized signal from a symmetrical source is perfectly 

canceled when integrated over a planet, i.e., a disk-integrated polarimetric 

observation is representative only of asymmetries in the polarized signature. 

These asymmetries are caused by non-uniform cloud distributions and hot-

spots, oblateness of the object, and circum-planetary disks [264]. Studies of 

free floating planetary mass companions and brown dwarfs have detected these 

signals at levels of 0.4- 1.5% [175, 176], but without a host star it is difficult to 

estimate the age and mass of an object with accuracy, making these polarized 

signals more difficult to interpret physically. Two studies have detected the 

polarized signature of a brown dwarf, finding a signal of 0.031 ± 0.004 and 

0.010 ± 0.004 % signal in fractional polarized intensity from Luhman 16 A 

and B respectively (due to cloud vortex features [177, 183]) and a 0.48 ± 0.03 

% signal from DH Tau B (due to a circum-planetary disk [276]). This survey 

intended to grow this population of directly imaged point-sources detected in 

polarized light.

2.3 Target selection

Our study targeted 3 companions: AF Lep b, HIP 21152 B, and HD 984 B, 

which were chosen because they (1) span a range of mass, temperature, and 
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L/T space, (2) are all bright enough that 0.5-0.1 % of their signal could be 

resolvable in ∼6 hours of observing time (a half night), and (3) were within the 

field-of-view of the CHARIS spectropolarimetry mode (< 1”) in the northern 

sky. All three objects were selected to be high fidelity detections in total 

intensity in a half night of observing time (for example, HIP 21152 B had 

been observed by SCExAO/CHARIS before in ∼2 hours [140]), so that even 

without informative upper limits these data would still provide a detection in 

total intensity, and therefore updated astrometry and spectroscopy. The target 

upper limits of 0.5-0.1% in fractional polarized intensity are driven by detailed 

models of AF Lep b [79] and model grids [34], that project the presence of 

asymmetric clouds and hot spots or oblate atmospheres would create a polarized 

fraction of ≥ 0.5 or 0.1 % respectively. These three objects are summarized in 

Table 2.1 and Figure 2.1 shows how the three objects compare in mass, age, 

temperature, and L/T space. AF Lep b was particularly timely; due to its 

edge-on inclination, 2024 was one of the last opportunities to observe it before 

it got too close to its host star for conventional coronagraphy. Due to poor 

weather we did not collect data on HD 984 B. The rest of this chapter will 

focus on data on the two companions HIP 21152 B and AF Lep b.
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Figure 2.1: Left: Our three proposed targets span the temperature, age, mass, 
and L/T space. HD 984 B is a large, hot, L dwarf. HIP 21152 B is a cooler, 
smaller T dwarf. AF Lep b is a very small and very cool L/T Transition 
object. Right: AF Lep b’s estimated orbital parameters. Based on data from 
Ref. [308] we estimate the orbital solution of AF Lep b. Due to its highly 
edge-on inclination, it is quickly approaching its host star. While it may remain 
visible until 2028, with the existing data there is a density of orbital solutions 
that predict AF Lep b is no longer observable with conventional coronagraphy 
(where a focal plane mask ≥ 300 mas). 
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 Target  Contrast  Companion  Mass  Spectral Type  Age
 (Δ L’ mag)  (L’ mag)  (M𝐽)  (Myr)

 HD 984 B  6.0 ± 0.02  12.0 ± 0.2  61 ± 4  L Dwarf  115 ± 85
 HIP 21152 B  9.31 ± 0.09  14.66 ± 0.11  24 ± 6  T Dwarf  650 ± 100
 AF Lep b  12.81 ± 0.26  14.95 ± 0.26  3.75 ± 0.5  L/T Transition  24 ± 3

Table 2.1: Properties of each system in our intended survey. Information is compiled from existing imaging data 
in Refs. [174, 73, 173]. 

 Target  Exp Time  HWP Cycles  Integration  Wall Clock  Date
 (seconds)  (minutes)  (UTC)  (UTC)

HIP 21152 B  60.5  46  185.53  11:06-15:57  10/13/2024
AF Lep b  60.5  19  76.63  07:16-09:49  01/16/2025

Table 2.2: Observing data on the two companions HIP 21152 B and AF Lep b. Here we include only the frames 
usable in the final analysis. Due to poor data quality and inconsistencies in data collection (including frames that 
were mostly NaN values and frames taken with varying satellite spots that could not be processed with other data) 
we were unable to reduce and process all of the data from the 01/16/2025 night on AF Lep b. 
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2.3.1 HIP 21152 B

HIP 21152 B is a hot (1300 K) late (650 Myr) T dwarf, with a dynamical 

mass of 24±6 M𝐽 [73]. HIP 21152 B has a magnitude of L’= 14.66 ± 0.11 at 

a separation of 370 mas [73] and a measured vsini of 12.6 km/s [112], which 

combined with its large size and projected surface gravity [73] make it unlikely 

to be oblate. HIP 21152 B has been the subject of recent modeling efforts which 

have been unable to determine the difference between cloudless, grey, and cloud 

types of varying opacity [307]. An observation of polarized emission would be 

evidence of a cloudy atmosphere, as this object is too old for a disk and there 

is no spectral evidence for a disk; the clouds would have to be asymmetric 

because HIP 21152 B’s oblateness would not cause a detectable amount of 

polarization for an 8-10 meter telescope (e.g., SCExAO).

2.3.2 AF Lep b

AF Lep b is a young (24 Myr), cool (∼800 K) giant planet with a dynamical 

mass of 3.75± 0.5 M𝐽 [173, 74]. Recent photometry estimates its magnitude 

at L’=14.95 ± 0.26 at a separation of 335 mas [173]. Recent modeling efforts 

have predicted AF Lep b has Silicate clouds [308], but are unable to place 

constraints on the Silicate species (i.e., the grain size of the clouds akin to Ref. 

[183]) or comment on cloud morphologies with existing spectra. AF Lep b is an 
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L/T transition object [74], and previous data point to extreme variability [308]; 

both of these characteristics make AF Lep b likely to have asymmetric cloud 

features that would lead to a net disk-integrated polarization. Furthermore, 

due to AF Lep b’s small mass and low surface gravity, it is likely to be very 

oblate (more than twice the oblateness of any object in previous studies like 

that of Ref. [120]); as oblateness is a strong function of rotational velocity, we 

also planned to use a detection or upper limit in polarized light to constrain 

AF Lep b’s velocity.

2.4 Subaru/SCExAO observations

2.4.1 Observing and adaptive optics conditions

We received three half nights of Subaru/SCExAO time, each timed for the 

visibility of a single companion. The first night was completely weathered out 

due to Hurricane Hone; flood conditions made the summit road impassable and 

we collected no data on our first intended companion HD 984 B. We collected 

data as planned for the following nights 10/13/2024 UTC (on HIP 21152 B) 

and 01/16/2025 UTC (AF Lep b).

At the time of our observations, Subaru was in the process of commissioning 

their AO-3k upgrade. For the first (HIP 21152 B) night, Subaru was corrected 

63



by a first-stage facility adaptive optics (AO) system, AO-188, which included 

a curvature wavefront sensor [291] and a CILAS bimorph deformable mirror 

with 188 degrees of correctional freedom [198]. For the the second (AF Lep 

b) night, Subaru was running with the 188-subaperture wavefront sensor 

powering an ALPAO deformable mirror with 3000 degrees of freedom [154], 

while using influence functions that mimic the previous 188 element DM (i.e., 

only correcting 188 degrees of freedom). SCExAO further includes a second 

stage AO system with a visible light pyramid wavefront senor and Boston 

Micromachines micro-electro-mechanical systems (MEMS) deformable mirror 

with 1000 degrees of freedom [2]. Anecdotes from AO operators suggest that 

despite median seeing conditions, the state of AO correction was not optimal 

for either night. Approximately half of the night on AF Lep was lost to AO 

calibration and startup issues, likely related to AO-3k commissioning. The 

total wall clock time of observations and integration time after rejecting bad 

frames on each target is described in Table 2.2.

2.4.2 CHARIS spectropolarimetric imaging

We took integral field spectrograph (IFS) data of the substellar companions with 

the Coronagraphic High Angular Resolution Imaging Spectrograph (CHARIS 

[87]) instrument in the low resolution mode, which spans 𝜆 = 1150 − 2370 nm 

64



(J-H-K) with a resolution 𝑅 ∼ 30. Due to a lack of detection we do not 

present spectra, but we do use these data for spectral differential imaging (SDI 

[259]). Data were taken allowing the sky to rotate, inducing angular diversity 

for angular differential imaging (ADI [167]). Finally, we used the dual beam 

polarization mode to take spectropolarimetric information, allowing us to (1) 

seek potential polarized signatures from our companions and (2) further use 

polarimetric differential imaging (PDI [138]) to improve contrast.

2.4.3 Polarimetric differential imaging

Polarimetric imaging aims to recover light in linear and circularly polarized 

states. This is often described by the stokes vector

S =
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(2.1)

where I represents total intensity, Q and U represent the linear polarized 

intensity along two directions, and V represents circular polarized intensity. 

Most high contrast imaging polarimeters target linear (Q and U) polarization 

and do not have sufficient instrumentation (e.g., a less than half wave plate) to 
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measure circular polarization (V), which some studies suggest may be valuable 

for future studies of grain sizes on Earth-like planets [184].

Polarimetric Differential Imaging (PDI) splits light into orthogonal polar­

ization states. In particular, Subaru/SCExAO uses a Wollaston prism and 

a modulating half-wave plate (HWP). The Wollaston prism splits light in 

two, creating left and right side records of the target at linear orthogonal 

polarization states [87]. A half wave plate modulates the signal, allowing for 

the reconstruction of Q and U polarization states. In practice a full HWP cycle 

rotates through four angles: 0, 45, 22.5, 67.5°. Information on the first linear 

polarization state (Q) is contained in the HWP rotated to 0°: 0-90°  state 

and information on the second linear polarization state (U) is contained in the 

HWP rotated to 22.5° : 45-135°  state. Using the additional states creates an 

inverse image (90-0 and 135-45 respectively), also known as double differencing, 

which allows for subtraction of errors between the HWP and Wollaston prism. 

Additionally, because PDI uses closely associated states in time to build a full 

HWP cycle, it is one of the most effective techniques to remove speckle noise. 

Finally, because the Wollaston prism evenly splits incoming light, the total 

intensity can be recovered by adding the left and right hand sides of each image 

together.
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Double differencing builds I, Q, and U stokes vectors with total intensity:

𝐼 = 𝐼𝑁 + 𝐼𝑁+90 (2.2)

the first linear polarization state:

𝑄 = 1
2

([𝑄 − ℰ] − [−𝑄 + ℰ]) (2.3)

𝑄 = 1
2

([𝐼0 − 𝐼90] − [𝐼90 − 𝐼0]) (2.4)

(2.5)

and the second linear polarization state:

𝑈 = 1
2

([𝑈 + ℰ] − [−𝑈 + ℰ]) (2.6)

𝑈 = 1
2

([𝐼45 − 𝐼135] − [𝐼135 − 𝐼45]) (2.7)

where ℰ represents polarimetric errors that are removed through double 

differencing, and 𝐼𝑁 denotes the image created via HWP at the rotation N. 

Previous studies have found CHARIS spectropolarimetric differential imaging 

to have an average polarimetric precision of ≤ 0.1%, as described in Ref.[277].
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2.5 Data reduction, contrast curves, and upper 

limits

2.5.1 Data reduction and contrast curves

Our data consist of CHARIS low-resolution integral field spectrograph (IFS) 

data taken in the previously described sets of half-wave plate angles. Data 

reduction consists of three major steps: (1) reduction of IFS traces into multi-

spectral image cubes, (2) reduction of multi-spectral image cubes into stokes 

Q, U, and total fractional polarized intensity (𝐼𝑃 = √𝑄2 + 𝑈2) images, and 

(3) conversion of Wollaston split images into total intensity images and ADI 

and SDI analysis on these images. We used the CHARIS pipeline [26, 239] to 

reduce the IFS traces into multi-spectral image cubes. We used the CHARIS 

Data Processing Pipeline (DPP) [148] to do sky subtraction, image registration, 

spectrophotometric calibration, half wave plate angle matching, polarimetric 

correction, and finally to estimate the polarized intensity, and Q and U stokes 

vectors. Additionally, using intermediary products we build an effective total 

intensity (or I) image by adding each half of the images split by the Wollaston 

prism. Figure 2.2 shows examples of less processed data of the target HIP 

21152 B, including the raw CHARIS IFS data product before any wavelength 

calibration is applied and a pre-PDI image with the Wollaston prism split.
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Figure 2.2: Examples of HIP 21152 B data at varying stages of the data 
processing pipelines. Left: Raw CHARIS data frame before any processing is 
applied. This contains a spectra for every pixel, hence the higher dimensionality 
than the final images. Right: CHARIS data slice through a single wavelength 
after CHARIS pipeline (the wavelength calibration has been applied), but 
before the CHARIS DPP (any PDI data processing has taken place). This 
contains the left and right sides of the image split by the Wollaston, as outlined 
by the yellow detector foot print and the L/R annotation. 

The Q, U, and polarized intensity pipeline products have already been 

de-rotated and had instrumental polarization correction via Mueller matrix 

applied [209]. Because this correction is pixel/detector orientation dependent, 

doing further SDI/ADI analysis is non-trivial, and is left for future work. We 

show the polarized intensity image and the total intensity image of the bright 

brown dwarf companion HIP 21152 B and AF Lep b in Figures 2.3 and 2.4 

respectively. We do not detect either companion in polarized light.

We estimate the contrast for polarized intensity using pyklip.klip. meas_contrast

function with an aperture set by the CHARIS low resolution IFS on the wave­
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Figure 2.3: HIP 21152 B. Left: Total intensity image after post-processing with
pyklip. The estimated companion position [289] is marked in white. Right: 
Polarized intensity image. We do not detect the companion in total or polarized 
intensity. Cardinal directions and spatial scale are shared between the total 
and polarized intensity images. 

length averaged polarized intensity image output of the CHARIS DPP pipeline 

to calculate the 5-𝜎 contrast curve, as shown in Figure 2.6. The green marker 

indicates a generous upper limit of companion contrast from L band data on the 

two companions. Future work would compare averaged contrast estimated from 

model spectra of HIP 21152 B and AF Lep b averaged through J/H/K, for a 

more accurate comparison to CHARIS J/H/K wavelength collapsed cubes. We 

do not reach 0.5% of the L band (upper limit) in polarized intensity. We note 

that for AF Lep b, the polarized contrast should not be worse than the contrast 

in total intensity. This is likely due to an unknown error in the PDI reduction 

(possibly due to missing data during HWP cycles), and future work would 
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Figure 2.4: AF Lep b. Left: Total intensity image after post-processing with
pyklip. The estimated companion position [289] is marked in white. Right: 
Polarized intensity image. We do not detect the companion in standard or 
polarized intensity. Note that missing data in the top right hand corner of 
the polarized image comes from the shorter observing sequence. When the 
Wollaston splits the detector frame images are long rectangles, which are then 
combined in rotation. Without ∼ half of the planned data there is not enough 
to rotate through the entire sky and cover the standard detector footprint. 
Cardinal directions and spatial scale are shared between the total and polarized 
intensity images. 

explore if better reduction can improve the contrast in polarized intensity.

After rebuilding the total intensity image products, we perform ADI and 

SDI with pyklip’s built in ADI and SDI klip tool [290]. After comparing 

the contrast before algorithmic throughput correction of data reduced while 

removing between 0 and 150 modes via principal component analysis (PCA), 

we select 100 modes as our optimal contrast curves. We note that optimizing 

for contrast before algorithmic throughput correction may have optimized 

contrast without preserving planet signal. Future work would explore reduction 
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strategies using fewer modes to ensure planet signal is not being spuriously 

subtracted. However, a comparison of removing 50 and 100 modes shows 

similar loss due to algorithmic throughput, while the 100 modes showed better 

contrast, as shown in Figure 2.5.

Figure 2.5: Comparing the impact of of removing 50 and 100 modes during ADI 
and SDI on the algorithmic throughput correction for data of the target HIP 
21152 B. The dashed lines indicate 50 modes, while the solid lines indicate 100. 
Navy curves are contrast before algorithmic throughput correction is applied, 
and grey indicates the final algorithmic throughput correction we provide in 
Figure 2.6. Note that the difference before and after algorithmic throughput 
correction is similar between the 50 and 100-mode removed curves, but the 
contrast improves after removing 100 modes, especially at close inner working 
angles. 

The final wavelength-averaged images of each companion are shown in 

Figures 2.3 (of HIP 21152 B) and 2.4 (of AF Lep b). We do not detect the 

companion in this wavelength-stacked image or any individual wavelength 

slice. We then inject fake companions into our data to estimate the impact 
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Figure 2.6: 5-𝜎 contrast curves for the two companions. Left: HIP 21152 B. 
Right: AF Lep b. After accounting for algorithmic throughput, it is clear 
that we do not reach a sufficient contrast to detect the either companion. The 
green markers are L band contrast, which is a generous upper limit of contrast, 
which would be much fainter than the average of J/H/K in these data. Using 
L band contrast as a rough starting estimate we also include a 0.5 % upper 
limit, indicated by the orange marker. Despite seeing better contrast with 
the polarized intensity for HIP 21152 B, we do not reach the target upper 
limit to successfully rule out asymmetric cloud features. We note that the 
poor PDI contrast (especially in comparison to total intensity) for AF Lep b is 
unexpected, and this points to potential issues in the data reduction. 

of algorithmic throughput loss. This algorithmically corrected contrast curve 

shows that we are not sufficiently able to resolve the contrast needed to detect 

either companion, as shown in Figure 2.6.

2.6 Conclusions and future work

In conclusion, we present two half nights of polarimetric data on the substellar 

companions HIP 21152 B and AF Lep b. At the time of this analysis, we 

do not reach sufficient contrast in total intensity to detect either companion. 
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We do not reach our target upper limits of 0.5 and 0.1 % fractional polarized 

intensity on either companion. Future work would include:

• Exploration of the polarimetric differential imaging data reduction, to 

better understand the limited contrast of the AF Lep data after PDI.

• Better optimization of the angular differential imaging and spectral 

differential imaging steps, to prioritize companion signal over contrast, 

which may result in removing fewer modes.

• Using a better proxy for companion contrast than existing L band detec­

tions, by using models of objects at similar spectral types to estimate 

the flux through J/H/K bands and average over the broadband CHARIS 

filter.

• Comparing other ADI and SDI reduction methods like Vortex Image 

Processing (VIP, [85, 38]) or Signal Safe Speckle Subtraction (4S, [20])

While we did not successfully complete the goals of this study, we note that 

the limiting factor was issues with adaptive optics performance; previous studies 

with CHARIS under better conditions have resolved HIP 21152 B in ∼ 2 hour 

of observing. Despite sub-optimal AO performance, we came close to resolving 

both companions in the reconstructed full intensity image cubes, showing that 

polarimetric imaging can be a low risk/high reward strategy for direct imaging 
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of exoplanets. If there is any chance that the companion may have a polarized 

signature (either self-scattering or in reflected light), a polarimetric detection 

will provide up to a magnitude deeper contrast than other differential imaging 

methods, and the original data products allow photometry, spectroscopy, and 

astrometry from the reconstructed I images. This study also motivates future 

work in extreme adaptive optics systems, specifically stability and repeatability, 

to ensure the efficacy of follow up observations on known targets.
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Chapter 3

Don’t Heckle my (visible light) 

Speckle: Characterizing Keck-II 

adaptive optics performance in 

visible light with the ORKID 

instrument
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3.1 Abstract

This chapter uses the ORCAS Keck Instrument Demonstrator (ORKID), a 

fast (up to 500 Hz) visible light camera on the Keck-II AO bench, as a tool 

to analyze current and predict future Keck AO performance at visible light 

wavelengths. We perform the first comparison between empirical data and 

analytic predictions of Keck-II AO in visible light. We report a diffraction 

limited core of 13.5±0.4 mas at 656nm, and a Strehl Ratio of 2.4% on a bright 

target for an image with residual tip/tilt errors removed (via post-facto image 

median). We find a point spread function (PSF) jitter of 3.2 and 4.4 ± 0.7 mas 

in two axes respectively over sub-second timescales, which is comparable to the 

magnitude of analytic predictions, but shows consistent asymmetry between 

x and y that diverges from analytic estimates. We note a frequent split in 

the ORKID PSF, likely due to optical coma that was not calibrated out of 

the ORKID path. We find recurring tip/tilt vibrations at 20 Hz and 300 Hz 

and explore their impact on current and future performance. We identify a 

PSF drift on the order of 40 mas over longer (∼ hour timescales). We discuss 

the limited ORKID sky coverage and wavefront sensing strategies. Finally, 

we note that current ORKID performance is limited by the low degree of 

freedom (DOF) deformable mirror on the Keck-II AO bench at the time of 

these observations, and predict that with the high DOF deformable mirror 
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upgrade for Keck-II AO (which recently completed commissioning) ORKID 

will provide Strehl Ratios of 6-7% at 656nm.

3.2 Introduction

As discussed in Chapter 1.3.6, high contrast visible light science fed by adaptive 

optics system represents an unsolved technical challenge. Despite the com­

plexities, AO-fed visible light instruments (especially for the 6-10 meter class 

telescopes) provide higher angular resolution than IR instruments; this technol­

ogy is vital for resolving closely associated binaries, circumstellar disk imaging, 

searching for forming protoplanets, and other galactic and extra-galactic science 

cases, as described in the Keck Observatory Strategic Plan. Furthermore, high 

angular resolution visible light imaging will be key for confirming a habitable 

planet around nearby M-stars with future extremely large telescopes [260].

At the W. M. Keck Observatory, the largest facility AO-fed ground based 

observatory (with two segmented 10 meter telescopes), the current generation 

of AO has been developed exclusively for the near IR [292]. However, with the 

introduction of the visible light ORCAS Keck Instrument Demonstrator camera 

[208, 178] (ORKID) fed by the Keck-II AO bench, we have an opportunity 

to evaluate the Keck-II AO performance (and that of the twin Keck-I AO 

system) from the perspective of a visible light instrument and the highest 
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angular resolution diffraction limited PSF on-sky. By comparing ORKID data 

to analytic models and the AO error budget for Keck-II [27, 121] we perform a 

health and wellness check on Keck-II AO. This is important precursor work for 

the characterization of the High order Advanced Keck Adaptive optics (HAKA) 

system, a deformable mirror upgrade to Keck-II AO that increases degrees 

of freedom in correction to 2844 actuators, projected to deliver higher Strehl 

Ratios by a factor of up to 6, in visible light [293]. In this chapter we analyze a 

night of ORKID engineering data, with experiments designed to match ORKID 

data to analytic models and the Keck-II AO error budget. After finding good 

agreement with these models we use them to comment on the performance of 

future visible light astronomy at Keck, with a focus on the HAKA upgrade.

In this section we have motivated and contextualized visible light adaptive 

optics. In Section 3.3 we describe the ORKID instrument. In Section 3.4 we 

outline the observational engineering data we collected for these experiments. In 

Section 3.5 we present our estimated performance metrics for ORKID, including 

Strehl, Encircled Energy, Point Spread Function (PSF) jitter, and how these 

compare to analytic predictions based on the Keck-II AO error budget. In 

Section 3.6 we explore current factors impacting ORKID performance, including 

poor wavefront sensor performance on faint guide stars, recurring vibration 

events, and PSF splitting. In Section 3.7 we compare ORKID PSF jitter to 

79



Keck-II AO telemetry, with a focus on tip and tilt residuals, and identify an 

asymmetry between x and y motion, as well as a large drift over long timescales 

unique to the ORKID PSF. Finally in Section 3.8 we make final conclusions, 

look forward to HAKA performance, and comment on the future of AO-fed 

visible light imaging for Keck Observatory and the broader visible-light science 

community.

3.3 ORCAS Keck Instrument Demonstrator

3.3.1 ORKID instrument

The ORCAS Keck Instrument Demonstrator (ORKID) was originally com­

missioned to demonstrate AO-fed visible light capabilities for the Orbiting 

Configurable Artificial Star (ORCAS) project [207]. The goal of ORKID is to 

unlock visible wavelength science via a bright space-based laser beacon that 

expands its sky coverage. ORKID is a fast (subarray readout at ∼ 500Hz) 

Andor Marana CCD camera, Nyquist sampled at 650 nm, with a plate scale of 

6.7 mas/pix. ORKID is fed by the Keck-II adaptive optics system, making it 

the only AO-fed visible light instrument on Keck-II. It has broadband filters 

covering Bessell R, Sloan i and z, as well as narrowband filters for OI (620-

640nm), H𝛼 and H𝛼 continuum (651-661nm, 634-646nm), Jovian Methane 
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(871-907nm), and CT (920-960nm). For more details on the ORKID instrument, 

its commissioning, and first light results see Ref. [208, 178].

3.3.2 Keck-II adaptive optics system

Keck-II AO includes a tip/tilt correction mirror, a visible light Shack-Hartmann 

wavefront sensor (SHWFS), and, at the time of these observations, a high order 

Xinetics DM with 349 actuators, each mapped to one SHWFS subaperture [27]. 

In natural guide star mode, the tip/tilt slopes are estimated from the SHWFS. 

Before 2025 (and at the time of the data discussed in this chapter), the wavefront 

sensor detector was a CCD39 from e2v. The current wavefront sensor detector 

for Keck-II is an OCAM2K EMCCD from First Light Inc./Oxford Instruments. 

In this work we will discuss the CCD39 performance and extrapolate forward 

to the OCAM2K performance where relevant. The SHWFS typically uses most 

of the visible light signal we would ideally send to the ORKID detector, so for 

ORKID nights we operate in a non-standard wavefront sensing mode, using 

the sodium dichroic designed to transmit the 580-595 nm band including the 

589 nm sodium-wavelength light generated by a laser guide star. All remaining 

light, including light below this band, is reflected, e.g., sent to the ORKID 

camera. ORKID can also run with standard R SHWFS bandpass, which due 

to its anti-reflective coating transmits 97% of light to the wavefront sensor and 
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reflects 3% to the science camera. Practically the use of R band SHWFS with 

ORKID requires longer science exposures for sufficient signal to the science 

instrument, but does improve AO performance for fainter guide stars. These 

two wavefront sensing modes are diagrammed in Figure 3.1.

Figure 3.1: The two natural guide star wavefront sensing modes for ORKID. 
Left: The sodium dichroic transmits light through the sodium line between 
580-595 nm (∼4% for a flat bandpass) to the visible light Shack-Hartmann 
wavefront sensor. All remaining light between 400-900 nm is sent to the ORKID 
instrument. This is the wavefront sensing mode used in this work. Right: The 
standard R filter transmits 97% of light between 400-900 nm to the wavefront 
sensor. Due to an anti-reflective coating, 3% of light scatters to the ORKID 
instrument.

3.4 ORKID observations
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 Target  V Magnitude  R Magnitude  Exposure Time  N Exposures  Total Wall Clock  AO Rate  Use
 (ms)  (UTC)  (kHz)

 Alpha And  2.06  2.09  1  2155  08:58 - 09:07  1.0  4†

 1  400001  13:10 - 13:41  1.0
 BS 458  4.1  3.64  10  12500  10:32 - 10:35  1.0  3

 5  12501  12:18 - 12:22  1.0
 BS 603  2.1  1.16  10  12502  10:24 - 10:28  1.0  3

 1  62501  12:11 - 12:15  1.0
 FS 104  11.06 > 10.5  1000  126  13:03 - 13:06  0.15  3
 HD 984  7.32 > 6.4  50  50891  09:18 - 10:13  1.0  1, 2, 4
 HR 249  6.06 >4.4  5  392102  11:02 - 12:03  1.0  1, 2
 HR 476  5.63 > 5.2  10  12500  10:39 - 10:42  1.0  3

 20  7505  12:31 - 12:38  1.0, 0.5
 HR 876  6.03 > 3.8  5  362504  13:46-14:55  1.0  1, 2
 SAO 038218  9.04 > 8.7  500  250  10:53 - 10:57  1.0, 0.5  3

 500  501  12:53 - 12:58  0.5
 SAO54443  7.78 > 6.6  10  12500  10:46 - 10:48  1.0  3

 100  2502  12:44 - 12:49  0.5

Table 3.1: Targets from engineering night of 09/19/2024:08:25:00 UTC. † Number indicates experiment from the 
list of experiments in Section 3.4. 
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ORKID observations were performed during the second half of the Septem­

ber 18th, 2024 HST engineering night, starting at 09/19/2024:08:25:00 UTC. 

We designed four experiments: (1) PSF characterization and stability over 

∼hour long timescales, (2) impact of high and low order control loops on tip/tilt 

jitter and AO performance in general, (3) impact of faint guide star magnitudes 

on AO performance, and (4) a demonstration of the system angular resolution. 

For most of the night we have accompanying telemetry, specifically lenslet spot 

movements (or slopes) from the Shack-Hartmann wavefront sensor, and com­

mands sent to the tip/tilt mirror and the high order deformable mirror. Table 

3.1 lists the targets we observed and their use within these experiments. For 

the AO bandpass we used the sodium dichroic in natural guide star mode, to 

maximize ORKID camera performance and short science exposures, and most 

of these data were taken with a 1kHz control loop. For all of these experiments, 

ORKID exposures were as short as possible while preserving signal in each 

exposure (set interactively for each target). Targets were observed very close 

to zenith and taken in the narrowband filter 𝐻𝛼, 𝜆 =656nm, to control for 

PSF-smearing due to atmospheric dispersion. Over the course of the night, 

seeing conditions were standard for Maunakea, on average sub-arcsecond seeing 

ranging from 0.4 to 1.2” according to the Canada-France-Hawaii Telescope 

Differential Image Motion Monitor, as shown in Figure 3.2.
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Figure 3.2: Seing during the ORKID night, according to the CFHT DIMM 
seeing monitor. Dashed line indicates the seeing used by the semi-analytic 
Keck AO error budget used later to fit ORKID performance.

3.4.1 Point spread function sharpening for ORKID dur­

ing daytime testing

The ORKID instrument sits at a different optical path than that of other 

Keck-II instruments (e.g., NIRC2), and therefore experiences a different set 

of non common path aberrations (error induced by varying paths between a 

wavefront sensor and focal plane imager, NCPA). Before our engineering night 

of September 18, 2024, we performed daytime image sharpening by looking 

for peak PSF flux over a scan of zernike modes [13] applied to the DM. We 

calculated an offset to the SHWFS slopes of 79nm RMS, as shown in Figure 
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3.3 and included a defocus offset via motorized stage to the ORKID camera 

of -0.5mm. Figure  3.3 shows the PSF before and after image sharpening was 

applied.

Figure 3.3: ORKID PSF before (left) and after (center) daytime PSF sharpening 
experiments. Most of the offset was included as a defocus movement 0.5 mm to 
the ORKID camera. The rest was applied as SHWFS slope offsets, a correction 
of 79nm RMS (left).

3.4.2 State of the segmented primary after a segment 

exchange

The first half of the 9/19/2024 night was a segment exchange and phasing night. 

Keck segments are periodically swapped; during the daytime proceeding this 

night three telescope segments were exchanged and the telescope was rephased 

during the first half of the night. Following rephasing, segments are warped (to 

manually change the shape of each segment) but the segments are not able to 

be warped until the following day. This means that the state of the segmented 

primary during these observations was at a recently updated phasing solution 
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but with three individual segments that have uncorrected optical aberrations.

Data taken from the Phasing Camera System Super Ultra Fine Screen (PCS 

SUFS) measurement system prior to handoff, analyzed with BAMM! [81] gives 

estimates of wavefront error at grid points across the entire Keck primary, as 

shown in Figure 3.4. Three segments, 2, 9, and 23 were exchanged and indeed 

show 2.7 𝜎 more wavefront error than nominal segments, as shown by the 

distinct population in the histogram in Figure 3.4. The total RMS wavefront 

error across the primary from this measurement is 649 nm, as compared to 517 

nm when masking affected segments. Warping error could in part be sensed 

by the wavefront sensor and corrected by the high order DM. However, we 

assume any remaining error is reflected in the margin error term of the Keck 

AO error budget, shown in Table 3.2. The margin error term is a non-physical 

term required to match empirical Keck data, and may be due to primary errors 

which are otherwise unaccounted for in the error budget. However, even with 

PSF splitting, ORKID SRs are in line with analytic predictions for a high order 

error term that does not include additional margin error (that would reflect 

major uncorrected segment warping). Therefore, we do not expect the segment 

error had a major effect on the ORKID performance on this night.
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Figure 3.4: Left: Measurements from the PCS SUFS system showing wavefront 
error across the Keck-II primary. Three segments (2, 9, and 23) were swapped 
and not yet de-warped, which show higher error that the other segments. Right: 
Histogram of these data, divided into the nominal segment data and data 
from the three swapped segments. Dashed lines indicate the median of these 
populations. The swapped segments peak at 2.7 𝜎 from the nominal segment 
population.

3.5 Performance and comparison to analytic 

predictions

In this section we describe ORKID performance according to a few key metrics, 

focusing on Strehl Ratio and encircled energy to report the imaging efficiency, 

as well as full-width half-maximum (FWHM) and point spread function (PSF) 

jitter to report the quality of image morphology. We directly compare these 

performance metrics to predictions from the AO error budget and similar 

analytic models to isolate where Keck predictions agree with or deviate from 

our reported performance.
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3.5.1 Strehl ratio and encircled energy

We calculate Strehl Ratio and encircled energy for the ORKID data. For this 

analysis the ORKID data are dark subtracted, and short consecutive frames are 

added to effective exposure times of 250ms such that every directly reported 

value is conducted on data that is of equivalent exposure time, unless otherwise 

stated.

Strehl ratio calculation

We calculate Strehl Ratio with a procedure most similar to method (7) outlined 

in Ref. [230]. We start by drawing a 48 pixel (321.6 mas) radius aperture 

around the center of the source in the science image. We note that Ref. [230] 

suggests an aperture of 1” radius, but 48 pixels is the largest full circle that 

fits centered on the source within every image on which we wanted to run 

comparable Strehl Ratio analysis.

We draw a 17 pixel (113.9 mas) radius aperture immediately abutting the 

edge of the aperture around the central source, as shown in Figure 3.5. We use

photutils.aperture_photometry [25] to estimate the photometry through 

this region, and calculate a per-pixel sky-background, which is subtracted from 

the science image. While Ref. [230] uses a ring around the aperture for sky 

background estimates, drawing the largest possible aperture around the source 
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does not leave room for a ring aperture.

We simulate a perfect Keck-like PSF, using the narrowband 𝐻𝛼=656nm and 

the Keck segment geometry, with the same pixel scale as the ORKID detector 

(Nyquist sampled at 656 nm). We draw a 48 pixel radius aperture around 

the center of the perfect simulated image. We perform aperture photometry 

through the aperture on the sky-subtracted science and the perfect simulated 

image, and use these to normalize the images, by dividing each image its 

aperture sum.

We then take 4𝜆/𝐷 (∼ 8 pixel) box around the source for both the science 

and perfect simulated image, and upsample them by a factor of 8 using a fast 

Fourier transform upsampling method (built using np.fft methods) [106]. We 

take the maximum value of each upsampled region, and report their ratio as 

Strehl Ratio for this work.

Strehl ratio and encircled energy values

We report a median of SR of 1.3 ± 0.25% using bright (V magnitude = 2.1-6.1) 

natural guide stars at H𝛼, 𝜆=656nm. We note that Strehl Ratios this low 

are not expected to be a robust benchmark for analytic predictions, but for 

visible light this performance is still above where we expect the Marechal 

approximation to break down, as discussed in Section 3.5.4.
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Figure 3.5: Top left: Example of the 48 and 17 pixel aperture (shown in yellow 
and white) to estimate photometry for normalization and background. This 
image is a median combination of 5 ms exposures of the bright target BS 603 
through the H𝛼=656 nm filter. The grey box indicates the 8 pixel across region 
that is selected for upsampling. Top right: A diagonal cut through the top left 
image, showing that this cut clears the seeing limited halo for an appropriate 
background estimate. Bottom left: Upsampled 8 pixel region (by a factor of 8) 
to estimate maximum value of the science image. Bottom right: Upsampled 
8 pixel region (by a factor of 8) to estimate maximum value of the perfect 
simulated image. The maximum pixel value is compared between the real 
image and perfect simulated PSF to estimate Strehl.
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The greatest unforeseen impact to Strehl Ratio is a splitting effect in the 

PSF, which reduces the achievable Strehl Ratio by spreading light from the 

core into a bright second lobe or speckle, shown in Figure 3.6. For this reason 

we also present encircled energy as a performance metric. We do not see PSF 

splitting across every image, so encircled energy acts as a more stable metric 

than Strehl Ratio. Because the PSFs are Nyquist sampled (at 2 pixels across 

the PSF core) we use an aperture of 6 pixels to encapsulate the full intensity 

of a would-be core even when the PSF splits. Figure 3.6 shows an example 

of the PSF split as it presents in 3 separate ORKID frames, and how the 6 

pixel radius aperture encapsulates core flux from both lobes from all three. We 

normalize the encircled energy to the total counts in a 48 pixel radius around 

the star. We report a median encircled energy of 7.5±0.3% through this 6 

pixel aperture for bright stars.

While ORKID cannot readout at 1kHz, ORKID can consistntly take 1ms 

exposures, which is short enough to freeze system vibrations and atmospheric 

tip and tilt. Therefore, we also report the Strehl Ratio after recentering 

postprocessing is applied. Specifically, we estimate PSF jitter between each 

1ms exposure, and then recenter and median-combine images with a common 

origin to remove the impact of residual tip/tilt errors. In the example shown 

in Figure 3.7 we report a Strehl Ratio of 2.4% on the bright 1.1 magnitude 
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Figure 3.6: Three examples of PSF splitting in ORKID frames. All images 
are 5ms exposures on the bright target BS 603 through the H𝛼 filter. The 
yellow circle shows the 6 pixel (3𝜆/D) aperture we use for encircled energy 
calculations to incorporate the flux of both bright lobes.

target BS 603, as compared to 1.2% on the same data median-combined but 

not recentered, i.e., still including residual tip/tilt errors.

3.5.2 Full-width half-maximum and jitter of the point 

spread function

We fit the ORKID PSF with the sum of two 2-dimensional Moffat profiles to 

model the core and halo. We report the core width of the fit as our core width 

for these data. Figure 3.8 shows the model fit as compared to a horizontal slice 

through a recentered image. After recentering one minute of 1ms H𝛼 frames 

on the bright star BS 603 we resolve the diffraction limited core at 13.5 ± 0.4 

mas, or 2 pixels for our Nyquist sampled system.

We track PSF jitter, or measured motion of the PSF center in consecutive 
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Figure 3.7: Left: One minute of median combined 1 ms exposures of the 
R=1.1 magnitude star BS 603 through the H𝛼 filter at 656nm. Right: The 
same data with recentering to remove PSF jitter and the impact of recurring 
vibrations. Strehl Ratio improves notably in the (right-most) recentered cube, 
where we have effectively removed all residual tip and tilt errors and accounted 
for systematic vibrations.
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Figure 3.8: Left: One minute of median combined and recentered 1 ms exposures 
of the R=1.1 magnitude star BS 603 through the H𝛼 filter at 656nm. Right: 
Horizontal central slice of the image as compared to a model built from the sum 
of two Moffat profiles. The profiles were free to fit the core width, the center 
in x and y, and exponential profile as free variables, but the peak of one profile 
was forced to match the peak of the science image. We report a diffraction 
limited core with a FWHM=13.5 mas. The standard deviation derived from 
the covariance of the model fit for the core width parameter sets an error of 
0.4mas. The residuals between the model fit and data are shown in the dashed 
grey line.
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ORKID image frames. With two hour long data sets of bright targets near 

zenith (HR 249 and HR 876), we track the motion of one frame compared 

the previous and mask outliers (a move more than 20 mas between frames). 

We report a root mean square (RMS) PSF jitter of (3.2, 4.4) ± 0.7 mas in 

(x,y) over sub-second timescales (as opposed to larger global moves discussed 

in Section 3.7.2. (Note that x and y are reported from the perspective of 

the ORKID camera, where y is aligned with elevationa nd x is alignd with 

azimuth.) For a discussion of how we report jitter in these images and estimate 

this accuracy see Appendix A.2. We note a consistent asymmetry with more 

jitter in the y direction from the perspective of the ORKID camera. Figure 

3.9 shows a histogram of x and y jitter estimated from ORKID images and 

an example of jitter evolving in time. The spike, as well as other recurring 

features in these data will be discussed in Section 3.6.
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Figure 3.9: Left: Two hours of ORKID data for the two bright stars HR 249 
and HR 876. The data consist of 5 ms exposures taken through the narrowband 
filter 𝜆=656nm and summed to an effective exposure time of 250ms. The 
RMS PSF jitter collected for both targets is 3.2 and 4.4 mas ± 0.7 for the 
two camera x/y axes respectively. Right: Short selection of the HR 249 data 
to show the evolution of jitter in time series. Over short timescales, the data 
show a periodic pattern, as well as notable recurring spikes, termed “ring down 
events” [251]. 
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Figure 3.10: AO performance on HR 249 for (left) nominal closed loop data, (middle) data where only the tip/tilt 
loop is closed, and (right) fully open loop data, as shown by a median combination of 1.5 minutes of ORKID data. 
The bottom panels track the PSF jitter for each image. Note that while there is a near-diffraction limited core in 
the closed loop image, there is a PSF blurring effect reducing performance. The closed loop provides a substantial 
performance improvement over the seeing limited data.
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The effect of closing the AO loops and delivering a near-diffraction limited 

core is shown in Figure  3.10 with the ORKID PSFs for the fully closed loop, just 

lower order tip and tilt loop closed, and open loop seeing limited data on HR 

249. While the performance of a visible light instrument fed by a system with 

relatively few (349) degrees of freedom is notably poor performance compared 

to standard IR imaging, this demonstrates how much is being done by the 

Keck AO system to deliver this near-diffraction limited PSF. We will further 

discuss features of this PSF and limits to performance in Section 3.6.

3.5.3 Predictions from the Keck AO error budget

The Keck AO development team has put considerable work over the years 

into measuring and estimating various error terms in the Keck-II AO system 

[27]. In Table 3.2 we reproduce the main error terms we will discuss and a 

brief description of the causes of these error terms. In Table 3.3 we report 

the resulting Strehl Ratios for photometric bands of note. The values are 

reported for optimal performance for the current Keck-II AO system, which is a 

natural guide star of ≤ 5 magnitudes through the standard R bandpass on the 

visible light Shack-Hartmann wavefront sensor, a deformable mirror with 349 

degrees of freedom, and a 1kHz control loop. The atmosphere assumed for these 

estimates has a velocity layer of 10.97 m/s and an r0 of 14.7 cm (estimated at 
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a wavelength of 500 nm), as compared the to equivalent r0 ranging from 8 to 

25 cm according to the CFHT DIMM seeing monitor from the night as shown 

in Figure 3.2. See Section 3.5.4 for further description of each error term in 

Table 3.2.

 Error Term  Cause  WFE

 Fitting Error  too few degrees of correction  121 nm
 Temporal Error  limited control frequency  60 nm
 Measurement Error  low wavefront sensor SNR  20 nm
 Margin Error  unknown errors,  130 nm

 (segment misalignment)
 Total High Order Error  error terms added in quadrature  225 nm

 Tip/Tilt Errors  low order sensing errors  58 nm †

 Total Effective Error  all error terms added in quadrature  231 nm

Table 3.2: Summary of measurements and analytic predictions for error terms 
of note in the Keck-II AO system. † Tip/tilt errors are measured from the 
focal plane; this term can also be quoted as 3.5 mas. 

 Band  r’  i’  K
 Central Wavelength (nm)  620  750  2190
 Strehl Ratio (%)  2  7  65

Table 3.3: Strehl Ratio estimates through various photometric bands given the 
predicted error term using empirically adjusted analytic models as described 
in Section 3.5.4. We note that this is similar to the AO error budget outlined 
in Chapter 1.3, but here we present the Keck-II AO system at the time that 
these data were taken, with a different DM and WFS than the current Keck-II 
AO system.
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3.5.4 Empirically tuned analytic models of strehl ratio 

and encircled energy

To build our empirically adjusted analytic model of Strehl Ratio and Encircled 

Energy, we start with the assumption that Strehl Ratio and encircled energy 

through small (in our analysis a 6𝜆/𝐷 diameter) apertures can be related with 

a freely fit linear factor, such that

encircled energy = 𝐴 × Strehl Ratio (3.1)

where for the ORKID data, 𝐴 = 3.8. Following the convention of the AO 

error budget [27], we calculate Strehl Ratios with three parts, by (1) using 

the Marechal approximation (SR𝑀) based on the high order error terms, (2) 

using an empirical correction (ℰ) mapped to real to data from the Advanced 

Electronic Optical System Telescope [83], and (3) multiplying this by a Strehl 

Ratio estimate based purely on the impact of PSF broadening induced by 

residual tip/tilt errors (SR𝑇 𝑇). We estimate each SR with guidance from Ref. 

[104]. Our final Strehl Ratio is

SR = SR𝑀 × ℰ × SR𝑇 𝑇 (3.2)
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with the Marechal approximation

SR𝑀 = exp −(2𝜋𝜎𝐻𝑂
𝜆

)
2

(3.3)

where 𝜎𝐻𝑂 is the high order error term in meters and 𝜆 is the wavelength at 

which we calculate Strehl.

The high order error term is a combination of all error terms (except for 

tip and tilt) in quadrature

𝜎𝐻𝑂 = √𝜎2
𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 + 𝜎2

𝑓𝑖𝑡𝑡𝑖𝑛𝑔 + 𝜎2
𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 + 𝜎2

𝑚𝑎𝑟𝑔𝑖𝑛 + ... (3.4)

For the Keck AO system fitting error (𝜎𝑓𝑖𝑡𝑡𝑖𝑛𝑔) remains constant, as it is set 

by the number of degrees of freedom (or actuators) in the AO system. We 

use the AO error budget estimate for the high order Xinetics DM such that 

𝜎𝑓𝑖𝑡𝑡𝑖𝑛𝑔 = 121nm. For HAKA, 𝜎𝐻,𝑓𝑖𝑡𝑡𝑖𝑛𝑔 = 51nm. All of the ORKID data 

compared to models in this analysis were taken with an AO loop speed of 

1kHz, which sets a constant temporal error of 𝜎𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 = 60nm. Margin error 

represents unknown remaining error terms needed to balance the AO error 

budget and match empirical data. The only feasible deviation between the AO 

error budget and ORKID come in the form of (1) higher than usual segment 

misalignment, discussed in Section 3.4.2, and (2) non common path aberrations 
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unique to the ORKID path, discussed in Section 3.4.1.

Measurement error varies with guide star magnitude and AO loop speed. 

With AO loop speed constant across increasing guide star magnitudes, we see 

an increase in measurement error, leading to a reduction in performance as 

tracked by encircled energy, as shown in Figure 3.14. Measurement error is 

calculated as a function of signal-to-noise ratio on the wavefront sensor detector

𝜎𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 = 𝜂𝜒𝑑𝑎
𝜎𝑠𝑝𝑜𝑡

𝑆𝑁𝑅
(3.5)

with the noise propagator 𝜂, closed-loop average factor 𝜒, actuator spacing 𝑑𝑎, 

nd Hartmann spot size 𝜎𝑠𝑝𝑜𝑡. For more details on these constants and system 

specifications see Ref. [104]. Finally SNR is a function of photons and detector 

readnoise

𝑆𝑁𝑅 =
𝑁𝑝ℎ𝑜𝑡𝑜𝑛𝑠

√𝑁𝑝ℎ𝑜𝑡𝑜𝑛𝑠 + 𝑁𝑝𝑖𝑥𝜎2
𝑟𝑒𝑎𝑑𝑛𝑜𝑖𝑠𝑒

(3.6)

where N𝑝𝑖𝑥 = 4 for a detector binned 2x2, and 𝜎𝑟𝑒𝑎𝑑𝑛𝑜𝑖𝑠𝑒 is approximately 4e−

per pixel [122]. The number of photons can be estimated from the target flux 

through the detector zero point over the given exposure time, though with 

concurrent telemetry data on each target we empirically know the ADU counts 

associated with each guide star.

Strehl Ratio due to tip/tilt is calculated given some tip/tilt error in radians 
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𝜎𝑇 𝑇

𝑆𝑅𝑇 𝑇 = 𝜎2
𝐷

𝜎2
𝐷 + 𝜎2

𝑇 𝑇
(3.7)

where 𝜎𝐷 = 0.44𝜆/𝐷

We note that Marechal approximation breaks down with increasing error. 

For a fitting error dominated system, this can be estimated based on the 

number of degrees of freedom. For the Keck-II AO system with 349 DOF, this 

occurs at 2.7 [78] radians of phase, or 276nm at a wavelength of 656nm. This 

amounts to < 0.1% Strehl, which is an order of magnitude less than the values 

we compare to analytic predictions.

3.5.5 Comparison between data and models

To put ORKID SRs in the context of performance expectations, we build an 

analytical model of Strehl Ratio as a function of wavelength and AO error terms 

based on Ref. [104], following the method outlined in the previous Section 

3.5.4. To explore how performance degrades with fainter guide star magnitude 

(i.e., how increased measurement error impacts performance) we explore the 

encircled energy of ORKID images with increasingly faint guide star magnitudes. 

We make the assumption that encircled energy and Strehl Ratio have a linear 

relation. We fit analytic expressions of Strehl Ratio degradation with increased 

fitting error to encircled energy to constrain the total high order error and 
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what fraction is made up of measurement error. Studying performance with 

guide star magnitude is a useful tool for empirical and analytic comparisons 

because performance falls off sharply as measurement error increases, creating 

a “knee” with guide star magnitude. Figure 3.11 shows the model matches to 

ORKID data.

Figure 3.11: Left: Median encircled energy of ORKID data within a 6 pixel 
radius aperture vs. guide star magnitude while running at a constant 1 kHz AO 
control loop. Performance drops off, creating a “knee”, as measurement error 
dominates the error budget and performance degrades. Error bars indicate the 
standard deviation of the encircled energy over minutes of data for each target, 
with a peak median performance of 7.5 ±0.3% through a 6 pixel aperture. 
Experiment 1 and 2 refer to the two times over the course of the night this 
experiment was conducted. Targets that were too faint for good guiding at 1kHz 
are not included in this experiment. The dashed line indicates 1.3 magnitudes 
better performance, which would be in line with previous empirically-derived 
expectations for the impact of the sodium dichroic on SHWFS performance. 
Right: Comparing the original model’s Strehl Ratio prediction to the Strehl 
Ratio values from ORKID data on bright targets with a median of 1.3±0.25%. 
We present these Strehl Ratio values as a lower limit at bright magnitudes, as 
Strehl Ratio values are severely impacted by PSF splitting. Note that even 
at 1.3 % Strehl, the Marechal approximation is still useful for fitting error 
dominated systems, see more discussion in Section 3.5.4.
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With this model we estimate a high order error term of 228nm for bright 

(≤ 5 magnitude guide stars) as compared to the AO error budget prediction 

of 225nm. Our model fit to the two guide star magnitude experiments has a 

median 𝜒2 value of 1.7 including errors. The difference of 3nm between the 

Keck AO error budget prediction and our model fit amounts to ∼ 1% difference. 

We also tie the comparison of Strehl Ratio before and after recentering to 

analytic predictions. With a measured low order residual tip/tilt error of 3.2-4.4 

mas, we expect (from the analytic model described in 3.5.4) to see reduction 

in Strehl Ratio by a factor of up to 0.69, which under-predicts the difference 

between SRs with the recentered and median combined SRs (2.4 and 1.2, with 

an empirical loss of 0.5). Figure 3.7 shows these images side-by-side. We expect 

the PSF splitting accounts for the deviation between SR loss of 0.69 vs. 0.5.

3.6 Identifying adverse impacts to ORKID per­

formance

In this section we identify unusual features in the ORKID PSF and limits to 

ORKID performance, explore potential causes, and discuss future mitigation 

strategies.
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3.6.1 Impact of the sodium dichroic on visible light wave­

front sensing in natural guide star mode

We examine ORKID performance (as measured by Strehl Ratio and Encircled 

Energy) as guide star magnitude increases, as shown in Figures 3.11 and 3.14. 

With stars on the order of 1-3 magnitudes in R band, ORKID performance is 

limited by fitting error and additional system error terms (e.g., optical errors 

and non common path aberrations), and not impacted by measurement error. 

Fainter than 6-7 magnitudes, if AO control frequency is held constant, the 

performance begins to degrade rapidly. For reference, nominal wavefront sensor 

performance in the near-IR would see a similar decline around 13th magnitude, 

as shown in Figure 3.14. The difference is the result of two effects: (1) RMS 

wavefront error is a larger fraction of visible light wavelengths, and as we will 

discuss in this section (2) the impact of the sodium dichroic during natural 

guide star wavefront sensing.

When using the sodium dichroic, light to the wavefront sensor undergoes 

a difference in brightness due to the narrower 15 nm bandpass of the sodium 

dichroic as compared to the broadband R 400 nm bandpass. Previous Keck 

estimates based on empirical data suggested this difference should amount to 

2.2 magnitudes [151], but our analysis of the ORKID data suggest this gap is 

larger. We measure this gap directly by analyzing wavefront sensor telemetry, 
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which includes the counts per subaperture that hit the SHWFS for each target. 

However, a priori this can be estimated from ancillary data, by including the 

impact of the spectral energy distribution (SED) of a target, the different 

bandpasses between the R band and the sodium dichroic, and the Quantum 

Efficiency (QE) of the SHWFS detector.

Figures 3.12 and 3.13 show the process of estimating this performance 

difference. We fit the QE of the SHWFS detector used when this data was 

taken (the CCD39, as shown in Figure 3.12) and estimate the impact to (1) a 

flat spectrum and (2) spectral energy distributions compiled by SIMBAD/Vizier 

[64, 187, 66, 234, 299, 115, 35, 164, 96, 7, 102, 108, 272, 241, 304, 63, 62, 45,

157, 3, 199, 6, 49, 189, 188, 246, 228, 59, 8, 11, 303, 182, 31, 165, 224, 129, 53,

210, 147, 245, 36, 128, 5, 306, 61, 181, 263, 273, 88, 302, 200, 103, 221, 162, 123,

24, 172, 269, 40, 270, 127, 222, 258, 196, 171, 124, 238, 229, 48, 305, 301] for 

each target used in the guide star magnitude experiment, to find a magnitude 

hit from the sodium dichroic as compared to the standard wavefront sensor R 

band. These results are shown in Table 3.4 and shown in Figure 3.13. Since 

the time of these observations, a new detector has been commissioned for the 

SHWFS (an OCAM2K), so we also present estimates for this detector. We find 

this gap is closer to 3.5 ± 0.4, depending on the spectral type of the source and 

the detector. We compare this analysis to a similar experiment conducted with 
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NIRC2 data, as shown in Figure 3.14. We use the analytic model fit to ORKID 

data and map it to the IR, specifically K band, to compare with NIRC2. While 

we cannot use the NIRC2 data to further constrain our model, we show that 

our model is consistent with IR performance and independently collected data. 

(These data were collected as part of a wavefront sensor gain-tuning experiment 

conducted by the Keck AO Development Team.)

 Target  CCD39  OCAM2k  Spectral Type
Δ mag Δ mag

 flat  3.8  3.5  N/A
 BS 603  3.6  3.9  K2
 BS 458  3.5  3.7  F9
 HR 476  3.4  3.5  A7
 SAO 054443  3.4  3.6  G1
 SAO 038218  3.4  3.5  A1

Table 3.4: Estimates of flux differences between the sodium dichroic and the R 
band during natural guide star mode for the CCD39 (SHWFS detector used 
during this experiment) and the OCAM2k (SHWFS detector used currently). 

We note the impact of the sodium dichroic on natural guide star observations 

for future ORKID users, who should carefully consider the impact of this 

unusual wavefront sensing mode on their AO performance for faint targets. In 

practice, when allowing the control loop to slow down to account for fainter 

targets, we were able to control on targets down to ∼10.5 in R magnitude – 

fainter targets may not be possible with the sodium dichroic in natural guide 
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Figure 3.12: Left: Transmission profile of the sodium dichroic from Custom 
Scientific, Inc. We model the Sodium transmission as a flat 580-595 nm 
bandpass. Right: Using documentation from e2v and Oxford Instruments we 
provide digitized versions of the CCD39 (the SHWFS detector while these data 
were collected) and the OCAM2k (the current SHWFS detector.) We fit these 
data with a 2D polynomial and use this to estimate the full transmission profile 
in Figure 3.13. The sodium dichroic profile is shaded in yellow.

star mode. An alternative strategy is to use the full R bandpass for the SHWFS, 

to maximize AO performance on fainter targets, in which case 97% of light 

is transmitted to the wavefront sensor. This leaves only 3% for the ORKID 

camera, requiring longer exposures, and removing the ability to compensate 

for residual tip/tilt errors with recentering. More exploration of this in the 

context of the HAKA upgrade is discussed in Section 3.8.

3.6.2 Recurring vibrations in the AO system

When median combining ORKID images without recentering, ORKID has a 

notable image blur, for example the median combined image with closed-loop 

control in Figure 3.10. This is likely due to recurring vibrations, which we 
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Figure 3.13: Left: We estimate the full transmission profile of a star to the 
SHWFS by combining the QE of the detector (in grey) and the SED of the 
target (in blue). Using data from Vizier collected via SIMBAD [64, 187, 66,
234, 299, 115, 35, 164, 96, 7, 102, 108, 272, 241, 304, 63, 62, 45, 157, 3, 199,
6, 49, 189, 188, 246, 228, 59, 8, 11, 303, 182, 31, 165, 224, 129, 53, 210, 147,
245, 36, 128, 5, 306, 61, 181, 263, 273, 88, 302, 200, 103, 221, 162, 123, 24, 172,
269, 40, 270, 127, 222, 258, 196, 171, 124, 238, 229, 48, 305, 301], we model 
the SED of each source and fit it with a simple blackbody. (Note that while a 
blackbody is not a perfect fit for the entire SED of each source, we fit around 
the data through R band, and see close agreement over this small spectral 
range for each fit.) We integrate the blackbody curve over the R bandpass 
of the SHWFS from 450-950 nm, including a 3% flux reduction due to the 
anti-reflective coating on the R band filter, and through the yellow region (the 
sodium dichroic bandpass from 580-595nm) to estimate the flux difference, and 
translate that to an effective loss in magnitude. Note that in this analysis we 
only need to preserve the ratio of flux between the sodium dichroic and the 
full bandpass to model an effective magnitude hit from the expected target 
brightness. Right: The effective profile for each of the 5 sources used in the 
guide star magnitude experiment through the CCD, the SHWFS detector at 
the time these data were taken. See Table 3.4 for an analytic estimate of the 
magnitude difference for each source through the CCD39 and OCAM2K (the 
current SHWFS detctor).

can analyze using Keck-II AO telemetry. With current Keck AO operations, 

telemetry data in the form of Shack-Hartmann wavefront sensor slopes, tip/tilt 
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Figure 3.14: Left: NIRC2 K band data from 2025 with an analytic model 
matched to ORKID data, and then adjusted to NIRC2 parameters and incor­
porating a 3.4 magnitude hit from the sodium dichroic. Note that these Strehl 
Ratio measurements were taken at varying control loop frequencies, as indicated 
by the color bar. For the purposes of comparison with ORKID data we have 
adjusted the x axis magnitude as a proxy for flux hitting the detector (i.e., we 
report a magnitude indicative of how many photons hits the detector). We 
plot profiles including two temporal error regimes (due to slower control loop 
frequencies), as increased temporal error would impact performance. While 
our models are empirically tuned with ORKID data, they are consistent with 
NIRC2 data. Right: The analytic model matched to ORKID data at 656nm as 
compared to the same model after having removed the impact of the sodium 
dichroic (i.e., without the 3.4 magnitude hit as compared to an analytic model 
at 2190nm matched to NIRC2 data (shown on the left for the low temporal 
error case). The curves here are normalized to 1 to highlight the guide star 
magnitude at which these fall off. Note the full impact of the switch from 
visible to IR and the Sodium Dichoric is ∼ 6 magnitudes.
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mirror commands, and high order (HO) Xinetics deformable mirror commands 

are recorded during operations and saved for a week after observations. We 

collected telemetry from the entirety of this night, and are able to match it to 

observing data with timestamps from the ORKID computer and the Telemetry 

Record Server. We note that these timestamps are not well-synced enough 

for direct frame to frame comparisons, but are sufficiently similar to examine 

trends over the same time periods. Using these data we make power spectral 

densities (PSD) of associated telemetry to isolate recurring vibrations affecting 

ORKID images, as shown in Figure 3.15. Among many interesting features in 

the PSD, we will comment on the 20 Hz and 302 Hz features that we can map 

to known Keck-II AO effects. For further discussion of recurring vibrations in 

Keck-II AO see Ref. [251].

We see high frequency vibrations at 302 Hz in tip, tilt, and HO DM 

commands, meaning that only with exposures under 3ms can we fully correct 

for these vibrations with post-processing. (Nominally for a perfect correction, 

we would need 0.3 ms exposures for a factor of 10 sampling.) Indeed, the 

analysis in Figure 3.8 to reveal the 13.5 mas diffraction limited core was only 

possible with 1ms exposures, and using 5 ms exposures did not successfully 

compensate for all residual tip/tilt errors. These vibrations were due to previous 

camera electronics for the CCD39 [275] that are no longer used for the SHWFS, 
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Figure 3.15: Left: Power spectral density functions (PSDs) of Keck-II AO 
telemetry, associated with the ORKID night. We present tip and tilt deformable 
mirror commands as well as high order Xinetics deformable mirror commands. 
These have been artificially separated in y space to display the features of each 
PSD uniquely. In this work we discuss the 302 Hz vibration due to wavefront 
sensor camera electronics and the 20 Hz spike corresponding to offloading to 
the secondary mirror at semi-regular intervals. Right: Ring down event in a 
time-series plot of Tip and Tilt deformable mirror commands.

and therefore will not be a lasting issue for ORKID images. However, we 

also see lower frequency vibration around 20 Hz, or the “ring down” effect, as 

described in Ref. [251]. Figure 3.15 shows these vibrations in both tip and 

tilt commands as well as high order deformable mirror commands at low and 

high temporal frequencies. During standard AO observations, when too much 

of the focus optical aberration has built up on the HO deformable mirror, it 

is offloaded to the secondary mirror. This occurs regularly with a frequency 

around 20 Hz. We not only see ring down events in telemetry, but in the 

ORKID PSF jitter, as shown in Figure 3.9. Offloading will only occur when a 

certain focus threshold has been met, so ring down events are not present in 
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all data.

We show the impact of this ring down effect by comparing two summed 

images. We add 50 consecutive 5 ms exposures including the ring down, and a 

sum with the ring down affected exposures removed. Figure 3.16 shows the 

impact of removing the ring down frames from the image sum, with a reduction 

in Strehl Ratio by a factor of 0.9, from 1.44 to 1.31%. Assuming this loss in 

Strehl Ratio is primarily due to additional tip and tilt error, this would be a 

consistent proportional loss in Strehl on affected frames, reducing images of 

higher quality by 10 %. Ring down events have been noted in previous studies 

impacting many Keck instruments [54, 110, 191], and can be mitigated by 

pausing offloading to the secondary during long exposures.

3.6.3 PSF splitting in fast ORKID exposures

Many of the ORKID exposures feature a PSF split into multiple lobes, as shown 

in Figures 3.6 and 3.17. Here we explore three potential causes and suggest 

that optical coma, perhaps in combination with errors from the segmented 

primary, is the most likely cause.

We simulate ORKID images using HCIPy [213], simulating two PSFs that 

approximate closed and open loop. For both we match the ORKID pixel scale, 

include the Keck primary geometry, atmospheric residuals appropriate for a 
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Figure 3.16: Impact of ring down events on longer exposures. Left: The sum of 
50 5ms exposures (0.25s) including a ring down event (as isolated from ORKID 
PSF jitter). Right: A nearly identical set of frames with the ring down event 
removed. To match a similar data quantity this sum uses a slightly longer time 
window to match 0.25s worth of combined ORKID data. Note the Strehl Ratio 
degredation by a factor of 0.9 from the ring down event.

nominal night for Maunakea [190], and include non-common path aberrations 

(including the first 10 zernike modes) to visually match error in the PSF (using 

speckle background, image broadening, and PSF shape). For closed loop we 

then apply a control loop of 21 by 21 actuators (to match the Keck-II Xinetics 

deformable mirror) with a lag-time of 2 frames at 1KHz, assuming perfect 

estimation of the phase at every iteration.

We start by simulating AO residuals for Maunakea-like turbulence corrected 

by the Keck-II AO system, and their impact on the visible light ORKID PSF. 

These residuals alone are not enough to split the PSF, but we find that they 

are a required baseline to recreate this splitting effect. We first examine a 
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Figure 3.17: PSF splitting in the ORKID images. Left: Simulated ORKID 
image with AO residuals, segment primary errors, and an injected optical coma 
(414 nm peak to valley and 65 nm RMS) that mimicks the ORKID PSF split. 
This image was simulated to match the ORKID pixel scale at 656nm and 
normalized to the brightest pixel to share a flux scale. Right: ORKID data (a 
5 ms exposure on the bright target BS 603) showing a split in the PSF, with 
two distinct lobes.

recurring vibration integrated over an exposure time that is longer than the 

vibration frequency, with the hypothesis that the vibration must slow at the 

peak amplitude where it changes direction and make two bright lobes at these 

two extremes. We simulate a vibration at 302 Hz, with an amplitude set to 

match the average spacing of the bright PSF lobes ( 3 𝜆/𝐷). While this does 

indeed double the PSF in simulation, it also doubles the entire speckle pattern 

in a way that does not resemble the residuals and speckles in the ORKID.

Next we explore the impact of segment primary errors in the context of 

leftover warping due to the segment exchange night. With three segments 
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swapped, there was a large phase error on three adjacent segments. This is not 

unlike low wind effect [149], where a large discontinuous phase error around the 

telescope struts has been shown to split the PSF into multiple lobes. Section 

3.4.2 discusses the state of the segmented primary based on ancillary PCS 

SUFS data and shows the three segments that were swapped. We matched 

the geometry of segments that were swapped prior to the ORKID night and 

injected phase errors starting with negligible (on the order of a few nm) to 

enough phase error to fully scatter the PSF (in practice ∼500nm of error at 

656nm). In simulation this did not split the PSF; the result of including this 

was to scatter light into mid-spatial frequencies, in agreement with longer term 

studies of the Keck segmented primary [236].

Finally, we explore the impact of optical coma on the ORKID PSF. Coma 

shifts light asymmetrically into the side of an airy ring; this effect, along with 

the AO residuals creates the appearance of a second PSF lobe or bright speckle. 

We find the best visual match comes from combining this with segment primary 

errors. The coma injected in this simulation was ∼ 0.6 waves peak-to-valley, 

or 414nm, with an RMS of 65nm. Figure 3.17 shows the impact of injecting 

coma in the ORKID PSF with AO residuals and segment primary errors 

(using a phase error of 100nm). If the coma is indeed the cause of ORKID PSF 

splitting, better daytime calibrations and non common path aberration (NCPA) 
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correction will improve future ORKID performance. For more information on 

the daytime calibrations before our ORKID night, see Section 3.4.1.

3.7 Comparisons between ORKID PSF jitter 

and Keck-II AO tip and tilt residuals

3.7.1 X/Y asymmetry in PSF jitter

Over sub-second durations using two hours of data on the bright targets HR 

249 and HR 876 we find the RMS jitter in x and y to be 3.2 and 4.4 ± 0.7 

mas, and see that y consistently experiences more jitter. For comparison, 

the Keck-II AO error budget predicts 3.5 mas of tip/tilt jitter for both axes 

[27]. This asymmetry is not unique to ORKID, and is reflected in telemetry 

data, as shown in Figure 3.18. We directly compare a minute of concurrent 

ORKID data on HR 249 and corresponding telemetry, and find that across 

these data the RMS ORKID PSF jitter is (3.5, 4.4) for (x,y) whereas the RMS 

tilt/tip residuals is (3.3, 4.0). While the telemetry reports different values 

(on the order of ∼ 9% difference) when compared to concurrent PSF jitter 

estimates, we note that (1) the telemetry information comes from frames on 

the order of 1ms, as opposed to 5ms exposures used for this comparison and 
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Figure 3.18: Concurrent data from ORKID (tracking PSF jitter) and telemetry 
(tracking tip/tilt residuals) over 1 minute of data for HR 249. The data consist 
of 5 ms exposures taken through the narrowband filter 𝜆 = 656nm. The RMS 
PSF jitter is 3.5 and 4.4 mas ± 0.7 for the two camera x/y axes respectively. 
The RMS residual wavefront error in tilt and tip is 3.3 and 4.0 mas.

(2) the discrepancy between the two sets of data is within the accuracy of our 

center-finding method.

3.7.2 Large drifts over long timescales

We find that while jitter remains fairly stable over short durations, y and to a 

lesser extent x jitter experiences a notable drift with time. Figure 3.19 shows 
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the evolution of the PSF drift over these longer (∼ hour timescales), with 

a total y drift of 40 mas ± 4. This represents a movement of 6 pixels. For 

extended targets and smaller subarrays this could mean the object drifts out 

of frame.

Figure 3.19: Left: Long duration drifts over the course of 30 minutes of data. 
We plot the x and y drift in positions for the target HR 249, as well as a 
running median position of 1000 frames, with a total drift of 40 ± 4 mas. Right: 
The same set of data from the perspective of the ORKID detector, showing 
the PSF center drift in Y (and to a lesser extent X) with time. Orange circles 
mark the start and end point of the PSF over time.

This drift is not reflected in telemetry, and therefore is unique to the ORKID 

path (non-common to the wavefront sensing optics.) At this time we are not 

confident of the cause of this effect. We note that the drift is aligned with the 

elevation direction. The Atmospheric Dispersion Corrector (ADC) is the only 

moving optic unique to the ORKID path and because our images were taken in 

a narrowband H𝛼 filter, with improper ADC correction we would not expect to 
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see atmospheric dispersion but we would see motion. However, this could also 

be due to thermal expansion, rotation axis misalignment, or pointing origin 

misalignment.

3.8 Conclusion

In conclusion, we present the first characterization of Keck-II AO performance 

feeding a visible light instrument. We directly compare empirical visible light 

data from the ORKID instrument, Keck-II AO telemetry, and predictions from 

the Keck-II AO error budget. We report a Strehl Ratio of 2.4% and demonstrate 

a diffraction limited visible light (𝜆 = 656nm) core (after recentering with post 

processing) with a FWHM of 13.5 ± 0.4 mas, and a median Strehl Ratio of 

1.3±0.25% for images that were not recentered.

For future natural guide star AO with ORKID nights, we suggest taking 

the impact of the sodium dichroic into account, with an average difference of 

3.5 ± 0.4 magnitudes in R. This effect varies with target SED and detector QE, 

and the exact difference can be directly estimated for targets with available SED 

data through the R band. We explore a persistent PSF splitting effect, likely 

due to optical coma and suggest more robust daytime calibration strategies be 

used to calculate a custom non common path aberration solution for ORKID. 

We note a previously characterized vibration, [191, 54, 110] that occurs in PSF 
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jitter, AO telemetry and an independent analysis of other Keck instruments 

[251], and present its impacts on science exposures, with a factor of 0.9 in 

Strehl Ratio loss. Not including this vibration we find the sub-second PSF 

jitter to be 3.2 and 4.4 mas ± 0.7 across the two camera axes, slightly more 

than AO error budget prediction of 3.5 mas and with an asymmetry echoed 

by Keck-II AO telemetry. We also find drifts (as much as 40 ± 4 mas) over 

durations of an hour that are unique to the ORKID path.

The Keck AO error budget predicts ∼ 2% Strehl Ratio should be achievable 

at 656 nm for a nominal night at Maunakea with the current real time controller 

and the 349-actuator Xinetics DM for a natural guide star of 5 magnitudes 

[27]. We report a median of 1.3 ± 0.25% Strehl Ratio for a natural guide star 

with an effective magnitude of 5.1 through the sodium dichroic. We expect this 

difference is due chiefly to PSF splitting, and recentering images recovers the 

expected 2% Strehl. Otherwise, our empirical data is in excellent agreement 

with the Keck-II AO error budget, with a similar prediction of the high order 

error term and overall performance.

3.8.1 Looking forward to HAKA science

The former Keck-II AO system has 349 actuators sampled across the pupil and 

a visible light Shack-Hartmann wavefront sensor. These two pieces of hardware 
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were the major limitations to ORKID performance; for bright stars fitting 

error dominated, with too few degrees of freedom for an accurate visible light 

correction. For faint stars measurement error will dominate, with performance 

that falls off steeply after R magnitudes > 10.5.

With the high order HAKA DM, which has just finished commissioning with 

Keck-II AO, the actuator count increases to 2844. This is predicted to deliver 

Strehl Ratios of 7-14% for R and i band imaging. With close agreement with 

the AO error budget, we see no obstacles to achieving this performance with 

HAKA + ORKID science for bright targets. However, using more actuators 

to achieve lower fitting error will require more wavefront sensor subapertures 

which will only further limit the natural guide stars that can deliver good 

performance for ORKID. Extrapolating forward the analytic models built from 

current ORKID performance to future performance with HAKA does recover 

6-7% SRs in H𝛼, but extremely bright guide stars (on the order of -1) are 

needed to use the sodium dichroic mode with natural guide stars, as shown in 

Figure 3.20. This motivates in part why a space-based artificial guide star like 

ORCAS could be a powerful part of future visible light extreme adaptive optics. 

Additionally, ‘IWA, the NIR pyramid wavefront sensor will be commissioned 

in 2029 [294], allowing visible light observations to use all of the light for 

science images while preserving high signal to the wavefront sensor. These 
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Figure 3.20: Current ORKID + Xinetics performance and future ORKID + 
HAKA performance with 1 kHz AO. We show an analytic model fit to current 
ORKID data using the Xinetics DM (in cyan) and extrapolated to HAKA 
(in teal) using predictions for less fitting error and increased measurement 
error (with a higher degree of freedom DM providing a better correction but 
also requiring more subapertures and therefore more light). Here the solid 
and dashed lines denote short and long exposures, or whether images are 
short enough to be recentered to remove residual tip/tilt errors and recurring 
vibrations (in practice 1ms) to resolve the diffraction limited core. For short 
exposures we plot the AO performance using the sodium dichroic, which would 
send enough light to the science camera for short exposures and include the 
impact of removing residual tip and tilt errors from the final Strehl Ratios. For 
long exposures we assume we can use the standard R band, increasing the AO 
performance at fainter magnitudes, but requiring long exposures that cannot 
be recentered. We have chosen to show the full performance profile for each 
mode, but the dashed grey line indicates feasible natural targets bright enough 
to meet this limit – past this line an artificial guide star is required.
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upgrades will unlock a new era of visible light performance at Keck-II. Improved 

fitting and measurement error will likely leave segment cophasing errors, NCPA 

and temporal errors as the dominant error terms, motivating work on better 

segment primary corrections [236, 28], focal plane wavefront sensing to correct 

for NCPA [22], and predictive wavefront control to overcome temporal errors 

[71]. As the only facility AO-fed segmented telescope, Keck Observatory, and 

the ORKID instrument, are a unique testbed to investigate visible light AO 

performance for future extremely large telescopes.
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Chapter 4

Predictions vs. Reality: Towards 

facilitizing data-driven predictive 

wavefront control on-sky at Keck 

Observatory

4.1 Abstract

Empirical Orthogonal Functions (EOF) has been demonstrated on-sky at Sub­

aru/SCExAO and Keck/NIRC2 as a linear data-driven predictor, but has yet 

to be optimized. This chapter explores the practical elements of implementing, 

127



optimizing, and facilitizing EOF on-sky at Keck Observatory. In simulation we 

explore the optimal predictive filter hyper-parameter space, study its stability 

under varying atmospheric conditions, and present simulated annealing as a 

method for fast on-sky hyper-parameter tuning. We discuss an update to 

the Keck real time controller (RTC) to include an EOF implementation and 

present daytime bench and on-sky results comparing predictive control to a 

standard integrator. We show improved wavefront correction from EOF as 

compared to a classic integral controller during on-sky observing, with an 

improvement of up to 20 % in root mean square wavefront error, and a point 

spread function stability improvement of 3 % using singular value strength 

as a metric. This work represents the first demonstration of EOF with a 

Shack-Hartmann wavefront sensor, and the latest implementation to have run 

on a large telescope.

4.2 Introduction

Predictive wavefront control, first suggested by Dessenne in 1997 [56], has been 

explored through many implementations over the years, ranging from classic 

and predictive Linear Quadratic Gaussian controllers [255, 217], neural network 

approaches [297, 266], through reinforcement learning [99, 146, 194, 215], and 

through classic minimization problems [93, 117, 278, 72]. Predictive controllers 
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consistently show promising performance with on-sky testing [94, 58, 168], and 

in particular, empirical orthogonal functions (EOF) at Keck has shown up to 

3x improvement in contrast at separations of 3-7 𝜆/D, and 2x for 3 𝜆/D [280].

However, no fully facilitized implementations of predictive control are 

running on-sky and little has been published in the way of optimizing its 

performance for regular usage under varying atmospheric conditions. The 

previous EOF implementation at Keck [280] explored the optimal mixing 

between an integrator and predictor and optimal gain for the high order 

correction, but built a predictive filter with a consistent set of hyper-parameters. 

Similarly, one work [297] explored the optimal amount of data for an EOF 

filter to train on with Subaru/SCExAO telemetry, but predictive control at 

SCExAO was run on-sky with a static set of filter hyper-parameters (private 

communication, SCExAO team).

In the effort to move predictive control from an on-sky demonstration to 

a facilitized mode, we must address the the practical challenges of running a 

predictor on-sky. In this chapter I present a study of simulations of predictive 

filter performance for varying nightly conditions and make recommendations 

for a hyper-parameter optimization strategy during observing nights. I also 

discuss a new implementation of EOF in the Keck RTC, and present results of 

a predictor running on the Keck datytime AO bench and during on-sky Keck 

129



observing.

4.3 Summary of empirical orthogonal functions 

and tunable hyper-parameters in the pre­

dictive filter matrix

A detailed description of Empirical Orthogonal Functions is available in Chapter 

1.5.2. Here I present a summary for the purposes of this chapter. Using 

wavefront sensor residuals and deformable mirror commands we create pseudo-

open loop (POL) records of the wavefront. This is the condition of the wavefront 

before the the deformable mirror correction is applied, which linearly encodes 

the trends of the atmosphere. We collect n POL states in a history vector 

h⃗, in practice 3≤n≤10, which are used in real time to calculate a wavefront 

correction of the form:

prediction = F × ⃗h (4.1)

where F is a filter matrix trained using up to a 1.5 minutes of data.

To calculate F we minimize the difference between l frames of training data
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D and a truth condition P (data that is one time lag ahead of D)

∣∣D𝑇F𝑇 − P𝑇∣∣2 (4.2)

and calculate F with a least squares inversion

F = ((D𝑇) + P𝑇)𝑇 = PD𝑇(DD𝑇 + 𝛼I)−1 (4.3)

where 𝛼 is a regularization factor, akin to setting the number of singular values. 

For simulations and bench experiments we are able to run with 𝛼 = 1 but for 

on-sky we use higher values, which provides a more stable and less predictive 

correction.

In practice, on-sky we do not run with a pure predictor, but using a mixing 

factor m to combine a predictor with an integrator solution, such that

final correction = g × ((1 − m)𝐶𝑖 + m𝐶𝑝) (4.4)

where g is the high order integrator gain, and 𝐶𝑖, 𝐶𝑝 represent the corrections 

calculated by the integrator and predictor respectively.
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4.4 Optimizing filter hyper-parameters in sim­

ulation

We simulate the performance of EOF with varying hyper-parameters l and n

as applied to atmospheres with varying windspeeds and Fried parameters. We 

simulate a classic single-layer Kolmogorov [135] phase screen with the Taylor 

frozen flow approximation [268] with a given Fried parameter r0 and windspeed 

for a 10 meter telescope at a resolution of 48x48 pixels. We subtract piston, 

tip, and tilt modes, and apply a circular aperture. We sample and correct 

the atmosphere at 1kHz, with a lag of two time steps (2 ms), with perfect 

wavefront sensing and perfect correction – so the error is indicative only of 

error from the control itself.

For each hyper-parameter grid search, we build a predictive EOF filter 

with varying numbers of frames of training data (l) and varying history vector 

lengths (n), and build a heat map of the the median performance in root mean 

square (RMS) error. We compute a residual by subtracting the prediction of 

the full phase-screen at each iteration from the known injected phase at each 

iteration, and take an RMS of that difference at each point in time, leaving us 

with the RMS for each of 10000 iterations. We then take the median of that 

time-series distribution for the final value plotted and used for optimization. 
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Figures 4.1 and 4.2 show examples of differing r0 with the same windspeed and 

differing windspeed with the same r0 respectively. We note that the optimal 

history vector length changes based on different turbulence conditions.

Figure 4.1: Heatmap of EOF predictor performance (in median RMS error in 
nm) as training data length l and history vector length n vary. Left: r0 of 10 
cm. Middle: r0 of 15 cm. Right: r0 of 20 cm. All of the above simulations have 
a windspeed of 11 m/s. Note that the optimal history vector length changes 
based on r0.

While these simulations show that the optimal history vector length changes, 

simulations consistently show that the optimal amount of training data is the 

maximum amount available. We expect that predictor performance due to 

different lengths of training data in the filter matrix would be more impactful 

on real data, where including more frames of data introduces more noise into 

the training (our simulations are lacking measurement noise), and when the 

velocity layer will vary over some timescale.
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Figure 4.2: Heatmap of EOF predictor performance (in median RMS error in 
nm) as training data length l and history vector length n vary. Left: windspeed 
of 7 m/s. Middle: windspeed of 11 m/s. Right: windspeed of 14 m/s. All 
of the above simulations have an r0 of 15 cm. Note that the optimal history 
vector length is different for the slowest atmosphere. Given the two right-most 
plots find an optimal in the corner of our grid, they may also find different 
optimal values given an expanded search space.

4.5 On-the-fly optimization with simulated an­

nealing

If the desired strategy for EOF implementation is to do on-sky hyper-parameter 

tuning, building a full grid of filter hyper-parameter runs is likely not feasible. 

For these initial grids, we used 10 seconds of data and built a filter based on up 

to 24 seconds of training data; even for a system optimized to run in real time, 

to do this 600 times would take ∼ 6 hours. We present an alternative way to 

explore this hyper-parameter space more optimally with simulated annealing, 

a probabilistic method for finding the global optimum of a non-differentiable 

function.

Simulated annealing [141] is a probabilistic way to explore a discrete pa­
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rameter space. The algorithm picks a random point of a given step size away 

from the current point and accepts it if the point provides a better solution, 

or if a Metropolis criterion is met with a given temperature. This process is 

named after metal annealing, where metal is heated and cooled strategically 

for optimal performance.

For each iteration, simulated annealing picks a new point, evaluates if 

that point is a better solution, and if not decides to keep the new point only 

if it meets the Metropolis criterion, which is met by comparing a randomly 

generated number to a function built from a cooling input temperature and 

how far the evaluation of the new point is from the previous. We note that 

simulated annealing and the Metropolis criterion make this algorithm vulnerable 

to getting trapped in a deep local minimum. For a given iteration i:

cooled temperature = temperature
𝑖 + 1

(4.5)

difference = evaluation(𝑖 − 1) − evaluation(𝑖) (4.6)

metropolis = exp ( difference
cooled temperature

) (4.7)

This logic runs for a given number of steps, but on-sky this could also be a 

cutoff based on how much the algorithm is still improving the solution or some 

minimum allowable wavefront error. Figure 4.3 shows how the algorithm walks 
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through one of the hyper-parameter search grids shown above.

Figure 4.3: Simulated annealing samples many values, but it does not accept 
every step. This is the run of a simulated annealing algorithm applied to a grid 
with a windspeed of 14 m/s and an r0 of 15 cm, chosen because the grid had 
the most variation. Left: Entire walk of the simulated annealing to find the 
optimal solution. Right: Every point sampled (whether or not it was accepted) 
over the 400 steps.

We applied simulated annealing to the previously shown filter hyper-

parameter grid for a windspeed of 14 m/s and an r0 of 15 cm, and found 

that the algorithm could repeatably find within 0.1 nm of the optimal value 

within 10 steps and repeatably recover the exact solution within 400 steps. 

For an on-sky strategy, we expect we could use closer to 10 steps, to find a 

very good if not exactly optimal solution. However, how quickly the simulated 

annealing algorithm converges to near its minimum will be dependent on the 

performance of each filter over a set of conditions, so testing with lab-data and 

on-sky telemetry will be needed before specific strategies can be recommended.
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Figure 4.4: Simulated annealing is applied to the previously shown dataset, 
with a windspeed of 14 m/s and an r0 of 15 cm. The input temperature is 119 
and the step size is 5. The dashed line indicates when the algorithm reaches 
within 0.1 nm of the optimal solution. Left: full run. Right: closer detail on 
the first few iterations.

Figure 4.4 shows 1000 runs of simulated annealing on the same data set. 

This example was run with a step size of 5 (which maps to a single history 

vector frame and 50000 training data frames), and a temperature of 119. Initial 

testing found that higher temperatures (100-200) worked better for this data 

set but no quantitative optimization was done for temperature and step size in 

this case, due to how well the algorithm performed with these parameters. A 

strength of simulated annealing is its effective application to problems without 

significant optimization or previous knowledge of a parameter space.
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4.6 Predictive control update to the Keck real 

time controller

Predictive control requires the use of multiple time-series frames of AO telemetry 

in real time – in practice up to 10. Because we need access to more frames of 

wavefront sensor information in real time than were available in the existing 

Keck real time controller (RTC) this required an RTC update. In 2024 we 

began discussions with Microgate and Keck to commission a new predictive 

wavefront control business unit in the Keck RTC. Those specifications and 

design documentation are described in an updated version of Ref. [293].

Figure 4.5 shows how this update interacted with the existing RTC archi­

tecture. We specify new computations and data products required, as well as 

the required access to these products in soft and hard real time. We define 

hard real time as less than the AO frame rate, such that any computations 

can successfully run without slowing down the AO loop (expected to run at 

1-2 kHz). We define soft real time as the 1-3 minute timescale on which we 

want to be able to successfully build and update a filter matrix. In particular, 

the predictive control business unit requires a new data type built into the 

Telemetry Recording Server (TRS) which contains the psuedo-open loop (POL) 

reconstruction for every real time iteration.
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Figure 4.5: Block diagram of the predictive control update to the Keck RTC.

4.7 Performance verification with the Keck-II 

AO bench

After the completion of this upgrade in May of 2025, we tested the implemen­

tation on the Keck-II AO bench. During the day with the dome closed, Keck-II 

operates as a testbed, fed by a broadband fiber source, using the wavefront 

sensor, high order deformable mirror, tip/tilt mirror, and RTC that are used 

for nighttime on-sky operations. For the data collected on bench and on-sky 

described in this chapter, Keck was operating with a 349 degree of freedom 

high order Xinetics deformable mirror (DM) with each aperture mapped to one 
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Shack-Hartmann wavefront sensor (SHWFS) subaperture, with an OCAM2k 

as the SHWFS detector. During natural guide star mode (which also applies 

to the fiber source), tip and tilt slopes are estimated from the average tip and 

tilt of the SHWFS, and applied to fast tip/tilt mirror. We test the predictive 

controller by injecting two atmospheric turbulence profiles on the DM, one with 

a single injected wind layer, and one with the seven layer turbulence profile 

based on atmospheric profiling and modeling from Ref. [190]. We inject each 

profile by applying the shape on the high order DM. We note that this creates 

turbulence that the SHWFS could perfectly sense (i.e., there are no strutures 

at finer spatial features) and the DM could perfectly correct (i.e., there is no 

amplitude outside the linear range) which is not realistic to true atmospheric 

turbulence.

We compare the root mean square (RMS) performance of the integrator 

with a high order gain of 0.5 and the predictor with a mixing factor and 𝛼 of 

1, which is only possible in simulation or in optimal conditions with lab data. 

Both the predictor and integrator were run at 1kHz. The data are compared in 

a collapsed time series (i.e., 0 is the start of each run for all three populations, 

but they are not the same 0) to show the comparable evolution in time of 

each controller and the open loop turbulence. The turbulence is limited to two 

minutes by the DM control software, and loops at the two minute mark, which 
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creates a spike in wavefront residuals, as neither integrator nor predictor expect 

a fully disconnected scene of turbulence. We find promising bench results on 

both turbulence profiles, as shown in Figure 4.6. The predictor consistently 

out-performs the integrator in this lab verification experiment by a factor of 

1.7 for the higher turbulence case.

Figure 4.6: Performance of the integrator and predictor as compared to the full 
state of injected turbulence on the Keck-II daytime bench. We show the RMS 
of the wavefront residual error as measured by the SHWFS with iterations 
of the controller. Left: Seven-layer atmospheric profile from Ref. [190]. On 
this high turbulence profile the gap between the improvement of the predictor 
over the integrator is more noticeable. Right: For this single profile with one 
simulated wind layer, there is still notable performance improvement offered 
by the predictor.
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4.8 On-sky results with Keck-II AO and NIRC2

4.8.1 Initial on-sky performance verification

We performed initial verification in a half hour of observing on the target BS 

8088, V magnitude = 6.26 on the night of 10/5/2025, where we confirmed that 

we could successfully switch to the predictive control mode and close AO loops 

while maintaining nominal performance. In this initial test the 𝛼 parameter 

was set to 2600, which results in a predictive filter that closely resembles an 

integrator. This was meant only as a first operational test.

We performed our first quantitative test in about an hour of observing on 

the target HD 189337, V magnitude = 6.5 the night of 10/19/2025, where we 

briefly explored possible filter parameters by manually scanning through filters, 

and ran consecutive predictor on/off experiments (predictor interleaved with 

integrator data) for a direct comparison between the predictor and integrator. 

For this experiment we used a high order integrator gain of 0.5, a mixing factor 

of 0.5, a low 𝛼=250, a history vector (n) of 10 frames, and 60000 frames of 

training data (l), with both the integrator and predictor running at 1 kHz. In 

∼20 minutes of data we see a shift of 19% in the peak of the RMS wavefront 

error residuals sensed by the SHWFS towards a lower value. However, with 

these initial filter hyper-parameters we see a high noise tail. This is likely 
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due to the higher mixing factor and a low regularization parameter 𝛼, which 

creates a correction that is more aggressive and therefore more sensitive to 

data quality, as compared to optimal parameters from the second night, as 

shown in Figure 4.7.

Along with measuring real time wavefront residuals, we include NIRC2 

imaging through the Bracket 𝛾 filter at 2190 nm. Figure 4.8 shows the Strehl 

ratios (SR) on the median combined data with and without the predictor 

running, which show comparable performance around 56% SR. Data were 

minimally reduced, with bad pixel masking and dark subtraction. Strehl ratios 

are calculated using a modified version of method 7 from Ref. [230].

Figure 4.7: Histogram of RMS wavefront residuals during the initial predictor 
on/off experiment. Left: The mode of the two datasets are offset by 19%, 
with the predictor outperforming the integrator by the measure of the SHWFS 
wavefront residuals. Right: A zoomed in view of the left figure; in this 
experiment we see a high noise tail from the prediction population, likely due to 
lower regularization parameter 𝛼 and lower mixing factor making the correction 
less stable that optimal filter hyper-parameters.
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Figure 4.8: NIRC2 Bracket 𝛾 images of the target HD 189337. We show a 
median combination of 5 0.2 ms frames. Left: Images while the integrator was 
running. Right: Images while the predictor was running. The performance in 
SR is comparable between the two median combined images.

4.8.2 Optimizing predictive filter hyper-parameters on-

sky

On the night of 12/03/2025, we conducted a half night of Keck engineering 

time to conduct parameter scan experiments to quantify predictor performance 

and explore optimal hyper-parameters for the predictor on-sky. For these 

experiments we used a high order gain of 0.5 and ran the AO system at 1kHz. 

We used three targets, BS 8936, V magnitude = 6.64, BS 327, V magnitude ∼

5.8, and BS 1191, V magnitude = 5.77. These targets were chosen to be bright 

natural guide stars that would experience low airmass during the duration of 

the observations. We designed the night with 4 experiments in mind:
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1. Conduct predictor on/off experiments for a quantitative comparison 

between integrator and predictor performance.

2. Scan through mixing factors, to gauge what weighted combination of 

integrator and predictor performed best on-sky.

3. Scan through regularization parameter 𝛼, to gauge how aggressive the 

predictive filter should be for optimal performance.

4. Scan through history vector and training data length, to gauge how much 

previous information produced the best predictive filter.

In our mixing factor experiment (2), we found that any mixing factor higher 

than 0.4 resulted in an unstable loop, which was prone to high noise or loosing 

closed-loop performance; similarly, mixing factors less than 0.4 were not notably 

different than the integrator population. Varying 𝛼 had a similar effect: any 

lower than an 𝛼 of 300 caused the loop to go unstable (or be highly prone to 

going unstable), and higher values had the effect of washing out the predictor 

improvement, e.g., moving it more towards a integrator correction. For these 

experiments where the correction was unstable we did not collect consistent 

data, as intentionally collecting minutes of data on an unstable correction risks 

building up large DM shapes that impact quality the rest of night. For this 

reason we focus the rest of this analysis on experiments (1) and (4).
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We compare the performance of various filter hyper-parameters by com­

paring the residual wavefront error sensed by the SHWFS. We take the RMS 

of the residual at each frame, and report that value as wavefront error. We 

note that on-sky the SHWFS is not sensitive to the entire wavefront error 

term (estimated to be an RMS error of 225 nm [27]). The SHWFS is blind 

to fitting error (error due to limited deformable mirror degrees of freedom) 

due to its sampling to a matching number of subapertures. Similarly, SHWFS 

signal should be noisier as measurement error (error due to low SNR on the 

SHWFS) increases, but may not reflect the exact predicted error term. Finally, 

the SHWFS has been shown to be insensitive to segment co-phasing errors in 

the primary mirror, and will not sense non-common path aberrations (NCPA) 

that occur in a path other than the SHWFS path.

Figure 4.9 shows the results from experiment (4), exploring how much data 

are used to train the predictive filter and how much data are used in real time 

to calculate the correction for the next step. We try history vector lengths 

of 5, 8, and 10, and see a clear preference for a history vector of 10 frames. 

We try a training data length of 30000, 60000, 90000 frames; with a frame 

rate of 1kHz this amounts to a 0.5, 1, and 1.5 minutes of data. We see a clear 

preference for a training data length of 60000 frames. During this experiment 

more training data introduced noise into the correction, which as expected 
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does diverge from simulated performance. We use these filter parameters for 

the predictor on/off experiment (1), to compare integrator performance with 

optimal predictor performance.

Figure 4.9: Selecting optimal history vector (hv) and training data lengths for 
the predictive control filter. Using SHWFS wavefront sensor residuals during 
predictor periods running with different filter hyper-parameters, a clear set 
of optimal hyper-parameters emerge. Left: Data are sorted by history vector 
(number of frames used by the controller at every real time iteration) length. 
The longest history vector of 10 frames is preferred. Right: Data are sorted 
by training data (number of frames used to train the filter matrix) length. 
The median training value of 60000 frames is preferred, as more training data 
introduces noise into the controller. This difference speaks to how real noise in 
data impacts optimal training, but not history vector length. For both sets of 
histograms, the training data and history vector respectively vary while the 
other is held constant. Data on all three targets (BS 8936, BS 327, and BS 
1191) are included.
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4.8.3 Residual wavefront error and Strehl ratio as per­

formance metrics

We compare performance between the integrator with a high order gain of 

0.5 and predictor performance, with AO running at 1kHz. We discuss three 

populations of predictor performance: (1) with a mixing factor of 0.4, a history 

vector length of 10, a training data length of 60000, and an 𝛼 of 300, which were 

found to be the optimal filter hyper-parameters, as discussed in Section 4.8.2, 

which we refer to as“static parameters”, (2) with a mixing factor of 0.4, varying 

history vector between 6-10, varying training data between 60000-1200000 

frames, and an 𝛼 of 300, which we refer to as “varying data length”, and (3) a 

mixing factor of 0.4, a history vector length of 10, a training data length of 

60000 frames, and a varying 𝛼 between 1-1000, which we refer to as “varying 

𝛼 or alpha”.

We compare how the SHWFS wavefront residuals vary in time series during 

experiment (1) with fast switches between integrator and the predictor with 

static parameters. Figure 4.10 shows the notable improvement in wavefront 

error, as well as reduced noise while the predictor runs. Figure 4.10 also explores 

the same data, along with the predictors with varying data and varying alpha 

in the form of a histogram to examine where performance peaks. While both 

of the varying parameter populations do not perform as well as the static 
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population, all of the predictor populations have a median performance in RMS 

wavefront error that is comparable to, if not less than the integrator. We note 

that extreme (𝛼 < 200) values can induce noise. These results are summarized 

in Table 4.1. These results show that hyper-parameter optimization could be 

used to get the most out of predictor performance, but sub-optimal parameters 

are unlikely to degrade performance worse than a classic integrator.

We note that the data from experiment (1) were collected while running 

with the same filter matrix during real on-sky turbulence. This implies that 

for the conditions on this night a single filter matrix was sufficient for up to 

∼20 minutes, meaning that replacing a filter matrix every 5-10 minutes will 

likely be sufficient for standard on-sky operations.

Table 4.1: Numerical summary of controller performance according to SHWFS 
residuals.

 Controller  Frames  m  n  l 𝛼  Median  STD
 (nm)  (nm)

 predictor  470000  0.4  10  60000  300  46.1  6.3
 predictor  4520000  0.4  6-10  30000-90000  300  51.4  10.2
 predictor  3090000  0.4  10  60000  1-1000  59.0  62.3
 integrator  484000  N/A  N/A  N/A  N/A  57.8  8.4

We also present NIRC2 imaging data corresponding to predictor on/off 

periods shown in Figure 4.10. Figure 4.11 shows a median combination of 
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Figure 4.10: Left: RMS residual wavefront error from the SHWFS over time 
during the predictor on/off experiment. Cyan and grey regions indicate where 
the predictor and integrator were running respectively. Switching on the 
predictor consistently reduces the RMS wavefront error. Right: Histogram of 
the same predictor on and off population, as well as the performance of the 
predictor while exploring the filter hyper-parameter space. The optimal filter 
hyper-parameter population show a clear offset from the integrator population, 
(with a 20% improvement in RMS wavefront error) but even the populations 
with varying parameters show comparable to if not less wavefront error as 
compared to the integrator.

Bracket 𝛾 NIRC2 exposures, and an SR for each predictor on/off image, 

calculated with a modified version of method 7 from Ref. [230]. The SRs 

between the integrator and predictor are comparable, around 46 %. A histogram 

of the SR for each individual frame and a Gaussian fit to the data is shown in 

4.12. The peak in population for each individual frame is comparable between 

predictor and integrator, with a difference in population that is less half of a 

standard deviation. The difference as recorded by the SHWFS between the 

predictor on and off is ∼15 nm, which using an empirically adjusted Marechal 

approximation akin to [27] results in a difference of ≤ 1.5%Strehl ratio, which 

150



would be hard to resolve in a seeing averaged night, especially when other 

factors are likely limiting Strehl ratio (e.g., 10% variation between the October 

and December night despite comparable wavefront sensor error measured from 

the SHWFS).

Figure 4.11: Keck/NIRC2 data through the Bracket 𝛾 filter from the night 
of 12/03/2025. These data consist of a median combination of 40 0.1 second 
frames on the target BS1191 while (left) a classic integrator was running and 
(right) a predictor with optimal filter hyper-parameters was running.

4.8.4 High contrast imaging performance metrics

In the context of future high contrast imaging applications, we explore two 

metrics that (1) demonstrate coronagraph-free contrast (due to the time-

consuming nature of coronagraphic observing in the context of a half night) 

and (2) speak to image stability for better PCA-style data reduction methods. 

In Figure 4.13 we show a coronagraph-free contrast curve, by intentionally over-
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Figure 4.12: Strehl ratios of the Keck/NIRC2 images taken during the predictor 
on/off experiment. Each NIRC2 frame is 0.1 seconds long on the target BS1191. 
The integrator shows < 1% improvement in SR over the predictor, which is 
less than the population standard deviation and likely negligible.

saturating the NIRC2 detector to explore detector response with separation from 

the bright star at the center. We estimate contrast on this over-saturated image 

using the pyklip.klip.meas_contrast [290] function applied to a median 

combination of 5 0.5 s frames. This contrast proxy also shows comparable 

performance between the predictor and the integrator.

We also calculate the principal components of the 40 predictor and integrator 

images using scipy.linalg.svd [284] to explore PSF stability in the context of 

standard high contrast imaging reduction strategies. Here we see the predictor 

outperforming the integrator, with less power in most modes, with a net 

improvement of 3%, also shown in 4.13. High contrast imaging metrics show a 
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subtle performance improvement as compared to a standard integrator, and 

future work will explore issues of K2-AO bench noise floor or model mismatch 

that may be limiting predictor performance.

Figure 4.13: Left: Coronagraph-free contrast curves taken with Keck/NIRC2. 
By intentionally over-saturating the NIRC2 detector (0.5 seconds on the tar­
get BS1191) we can roughly estimate comparative contrast between the two 
controllers. The integrator and predictor show comparable contrast with this 
proxy method. Right: Measuring PSF stability with the strength of singular 
values. We compare the singular values (i.e., principal components) of the 
two populations of images from the predictor and integrator. The data taken 
while the predictor was running shows 3% less strength than the integrator 
in singular values, implying that there is less noise and easier paths to data 
reduction for the predictor images.

4.9 HAKA + predictive wavefront control

At the time of this publication, Keck will have underdone an AO upgrade 

to use HAKA, a higher count actuator deformable mirror that will increase 

the current degrees of freedom in the Keck correction by up to a factor of 10. 
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With fitting error currently dominating the Keck AO error budget, after this 

upgrade temporal errors induced by control lag time will remain as one of the 

larger error terms. This work presents an opportunity to mitigate that error 

term with predictive control and ultimately deliver better performance for the 

next generation of Keck AO. Figure 4.14 demonstrates this by simulating the 

impact on SR of the measured reduction in RMS wavefront error for HAKA 

feeding the visible light ORKID instrument. Using empirically tuned analytic 

models from Chapter 3.3 we predict a performance improvement of 2 % SR on 

bright stars. Note that this only explores a consistent AO rate of 1kHz.

However, HAKA’s many actuators increase the size of the filter matrix, and 

threfore the training data needed for EOF. Work is still needed to ensure filter 

computation for a HAKA-sized filter matrix can happen in the few-minute 

timescale on which we expect atmosphere will stay consistent. Potential use of 

multiprocessing or GPU enabled filter computation, as well as strategic use 

of most significant singular values are potential solutions, but further work is 

needed to investigate potential performance loss from matrix inversion tools 

with less precision.
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Figure 4.14: In visible light, a few nm of wavefront has a larger impact. Using 
performance models of Keck/ORKID (the visible light Keck demonstrator 
instrument) we project the impact of the measured wavefront error improvement. 
Solid lines indicate the estimated performance using the xinetics deformable 
mirror and dashed lines show the predicted HAKA performance.

4.10 Conclusion

In conclusion, we present practical considerations of implementing predictive 

wavefront control on sky. In simulation we explore optimal hyper-parameters for 

the training data and history vector length of the predictive filter. We find that 

in simulation, optimal filter hyper-parameters vary based on the atmospheric 

turbulence, and expect that to reach the optimal predictor performance we will 

need to optimize on-sky. We explore simulated annealing as a way to probe 

filter hyper-parameters more efficiently, and find it can repeatably converge to 
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within 0.1 nm RMS of the optimal solution within 10 iterations.

We also present lab verification and on-sky results of empirical orthogonal 

functions (EOF) as a linear data-driven predictive wavefront controller built 

into the Keck-II RTC. On-sky engineering tests of the predictive controller 

show a 20% performance improvement over a classic integrator according to 

wavefront residuals from the Shack-Hartmann Wavefront Sensor (SHWFS). 

Parameter optimzation studies show that there is a clear improvement based 

on varying predictive filter hyper-parameters, but that within a reasonable 

regime, varying filter parameters does not degrade performance to notably 

worse than an integrator. Practically, this means that while hyper-parameter 

optimzation does improve performance, parameters could be “set and forget” 

for ease of operation and this would not have an adverse effect on control. We 

were not able to test simulated annealing as a optimal filter-finding strategy 

on-sky, but this method still shows promise for future start of night operations.

NIRC2 images through the Brackett 𝛾=2190 nm filter show comparable 

performance between an integrator and predictor, both comparing Strehl Ratio 

(SR) and a proxy measurement for contrast. We note that this is not similar 

to the up to 3x improvement in contrast in mid-spatial frequencies seen in Ref. 

[280], however the proxy we present for contrast does not include use of the 

vortex coronagraph, which is highly sensitive to wavefront aberrations [92]. We 
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also explore power in principal components, and find a modest improvement 

(on the order of 3% less area under the curve of component strength) from the 

predictor over the integrator. We expect that the Keck-II AO system at the 

time of these data was dominated by fitting error, as well as segment cophasing 

errors and non-common path aberrations. The impact of the latter two terms 

is demonstrated by the 10% difference in SRs between the October 19 night 

and the December 3 night, despite similar RMS wavefront error recorded by 

the SHWFS.

With similar performance in wavefront error between the two nights (both 

seeing ∼ 50 nm RMS), it is also important to understand the full noise dynamics 

of the system and the true state of atmospheric turbulence. For example, 

predictive control performance gains may be limited by model mismatch (as 

discussed in Chapter 5), or we may be hitting the stability floor of the Keck-

II AO system for a star of this magnitude. Future work will make a direct 

comparison to the noise floor of (1) the pseduo-open loop reconstruction of 

atmospheric turbulence and (2) the noise floor of the SHWFS to put these 

results in context.

With HAKA on-sky at the time of this publication, and fitting error no 

longer the dominant term, temporal errors are predicted to be the dominant 

understood term (after the margin error term) in the Keck AO system, meaning 
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that this improvement will be easier to estimate. Furthermore, visible light 

instruments are significantly more sensitive to wavefront errors, and empiri­

cally tuned analytic models of the visible light ORKID instrument predict an 

improvement in SR from 7% (performance without prediction) to 9% (perfor­

mance with prediction) for bright natural guide stars given the wavefront error 

improvement demonstrated here.

Future work will explore the improvement of prediction at slower control 

frequencies. For faint guide stars, long exposures will be beneficial for reducing 

measurement error, but will incur greater temporal errors as the system lag 

time grows. A predictor could overcome this gap by predicting the state of the 

atmosphere after longer time lags, and will likely be the most beneficial for 

fainter guide stars.

More on-sky demonstrations of novel controllers on large telescopes are 

necessary to bridge the gap between simulations, injected turbulence in a lab 

setting, and true on-sky turbulence and full telescope system complexity at a 

realistic outerscale. SAXO+, the upgrade to the SAXO AO system for the Very 

Large Telescope/SPHERE will contribute to this goal by testing 6 predictors 

on the 8 meter VLT [68]. Until that time, Keck remains a one-of-a-kind testbed 

for the impact of predictive control on key science metrics at 8-10 meter class 

telescopes.

158



Chapter 5

Ground Control to Major 

Time-lag: Comparing predictive 

wavefront control methods for 

the next generation of extreme 

adaptive optics
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5.1 Abstract

This chapter explores predictive wavefront control methods side-by-side-by-side. 

I start with empirical orthogonal functions (EOF). This is a linear data-driven 

controller that runs in pseudo-open loop, and the only method to have been 

implemented for full control of an 8-10 meter telescope. I compare EOF to 

an implementation that (1) uses the same mathematical methods but runs in 

closed loop (CLEOF) and (2) uses a physics-based equation of state to inform 

a model-driven controller, predictive Fourier control (PFC). I compare these 

predictors by applying them as post-facto methods to simulated atmospheres 

and on-sky telemetry. I find that (a not-yet fully optimized) CLEOF does not 

match the performance of EOF on perfect simulated data, but is more robust 

to poor internal models on data simulated with a model error in the deformable 

mirror command to wavefront sensor slopes. I find that EOF out-performs PFC 

on perfect simulated data, but that PFC shows improvements over EOF when 

applied to telemetry. All of the predictive methods show a notable improvement 

over an integral controller.
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5.2 Introduction

Dessenne [58] wrote one of the first papers outlining predictive control for 

adaptive optics (AO) systems. This predictive method was demonstrated 

on-sky in 1999 [57] at the 1.52 meter observatory in Haute Provence; they 

cite a relative Strehl Ratio increase over a classic integrator of 30% (a max 

Strehl Ratio performance of ∼ 14%) at their visible central wavelength of 

650 nm. Since then, a plethora of predictive control methods have come into 

the literature, including linear estimators [93, 95, 116, 280], linear quadratic 

Gaussian controllers [202, 255, 219, 211], model-based updates to a linear 

quadratic Gaussian [218, 217, 72], subspace control methods [99], and non-

linear neural network solvers [152, 297, 146, 266, 192, 97]. Despite nearly 30 

years of predictive methods, Empirical Orthogonal Functions (EOF) [93] is the 

only method to have been run on-sky as the controller for all spatial frequencies 

on an 8-10 meter class telescope; demonstrated on Subaru/SCExAO [95] and 

on Keck/NIRC2 [280].

As opposed to more classic methods (e.g., an integral controller or a linear 

quadratic Gaussian controller), EOF [93] learns a linear relationship in the 

evolution of the full scale of input turbulence, which means that EOF trains on 

(and predicts) the open loop wavefront. This is in contrast to the way a an AO 

system typically runs, where a deformable mirror corrects turbulence before it 
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is sensed, and a wavefront sensor never sees the full state of turbulence, only 

the residuals after a correction, or a closed-loop system. Because open loop 

systems are so rare, especially in the context of single conjugate AO, in practice 

these methods train on pseudo-open loop (POL) data, where deformable 

mirror (DM) commands are added to wavefront sensor (WFS) measurements 

to reconstruct the full state of turbulence. However, this leaves room for error 

in the POL reconstruction. Any spatially or temporally evolving mismatches 

in the calibration (e.g., non-linearities in the sensing and actuator pokes or DM 

to WFS misregistrations) that are not as impactful in an integral closed-loop 

controller could lead to poor prediction in open loop.

However, upon closer inspection of Dessenne’s adaptive predictor [58] 

and Guyon’s EOF [93], it becomes clear that they are both methods that 

predict from the same pieces of information. The major departure between 

the two methods is that Guyon’s EOF runs in open loop, and reconstructs full 

turbulence states, and Dessenne’s predictive controller runs in closed-loop, and 

encapsulates the evolution of both the DM commands and WFS measurements.

Similarly, one could argue that while the simplicity of a purely data-

driven method like EOF makes the mathematical formalism extremely easy to 

understand and implement, but leaves EOF vulnerable to issues of overtraining, 

potentially over-correcting errors that are unphysical. The alternative is a 
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model-based controller, for example, predictive Fourier control (PFC). Based 

on a starting assumption of a frozen flow atmosphere, PFC uses a state space 

model of an atmosphere with an unknown number of wind layers, uses data 

to assign these layers a speed and direction across each spatial frequency, and 

ultimately only corrects for errors that fit the form of this model.

With this work, we focus on comparing predictive control methods across 

two axes: (1) whether they use closed or (pseudo-)open loop data to train their 

prediction and (2) whether they explicitly use a physical model to constrain the 

controller. In particular we explore empirical orthogonal functions [93] (EOF), 

as a pseduo-open loop purely data-driven method, a closed-loop implementation 

of empirical orthogonal functions (CLEOF) [56], and predictive Fourier control 

[218] (PFC), a model-driven method. As three solutions to the same problem, 

the performance of EOF, CLEOF, and PFC have yet to be directly compared. 

With this chapter we will study their performance over simulated atmospheric 

data and saved on-sky telemetry from the W.M. Keck Observatory.

In Section 5.3, we describe the pseudo-open loop EOF method. In Section 

5.4 we describe a closed loop update and present the results of preliminary 

performance simulations and the impact of model-mismatch errors on that 

performance on the two methods side-by-side. In Section 5.5, we introduce 

predictive Fourier control and examine the comparative performance of the 
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two predictors.

5.3 Brief summary of empirical orthogonal func­

tions

A detailed description of Empirical Orthogonal Functions (EOF) is available 

in Chapter 1.5.2. Chapter 4 explores on-sky integration of EOF at Keck 

Observatory, and also includes a summary of the math and methods. Here I 

present an even briefer summary for the purposes of this chapter.

By adding wavefront sensor residuals and deformable mirror commands, we 

create pseudo-open loop (POL) records of the wavefront and collect n POL 

states in a history vector h⃗:

h𝑚(𝑡) =

⎡
⎢
⎢
⎢
⎢
⎣

𝑤(𝑡)

𝑤(𝑡 − 𝑑𝑡)

𝑤(𝑡 − (𝑛 − 1)𝑑𝑡)

⎤
⎥
⎥
⎥
⎥
⎦

(5.1)

which are used in real time to calculate a wavefront correction of the form:

prediction = F × ⃗h (5.2)
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where F is a filter matrix trained using up to a 1.5 minutes of data.

To calculate F we minimize the difference between l frames of training data

D and a truth condition P (data that is one time lag ahead of D)

∣∣D𝑇F𝑇 − P𝑇∣∣2 (5.3)

and calculate F with a least squares inversion

F = ((D𝑇) + P𝑇)𝑇 = PD𝑇(DD𝑇 + 𝛼I)−1 (5.4)

where 𝛼 is a regularization factor, akin to setting the number of singular 

values. For simulations we run with 𝛼 = 1, 60000 frames of training data, and 

history vectors made up of 3 exposures (apart from the 7 m/s layer, see further 

discussion in Section B.1.5), a result also found by Jensen-Clem (2019) [116]. 

We use these parameters for our prediction performance estimates in the rest 

of this chapter.
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5.4 Comparing open and closed-loop predictive 

wavefront control

5.4.1 Our development of a closed-loop empirical or­

thogonal functions update

Inspired by Dessenne, 1998 [58] and Haffert, 2021 [99], we explore a closed-loop 

reformulation of the classic empirical orthogonal functions [93]. The fullest 

realization of this method could:

1. Improve controller stability by running in closed-loop.

2. Avoid error introduced by non-linear wavefront sensing or DM model 

mismatch when wavefront sensor residuals are converted to psudeo open 

loop.

3. Track drifts that may impact the DM and wavefront sensor separately 

by allowing each to evolve with a different set of coefficients.

4. Do robust timekeeping with information into the system.

Following [58], an updated history vector (we refer to this as 𝜙 to distinguish 

from the open loop history vector, as is standard in control theory conventions), 

contains both wavefront sensor residuals 𝜖(𝑡) and DM commands 𝑦(𝑡). (While 
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the original work opted to use KL-modes, we work in the DM zonal basis, i.e., 

one point of information per DM actuator/WFS subaperture.) We consider 

only a single mode at a time:

𝜙(𝑛) =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

𝑦(𝑛 − 1)

𝑦(𝑛 − 2)

...

𝑦(𝑛 − 𝑝)

𝜖(𝑛 − 2)

𝜖(𝑛 − 3)

...

𝜖(𝑛 − 𝑝 − 1)

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(5.5)

In this way, the new history vector and the corresponding predictive filter 

have twice as many values per mode pair as previous open loop derivations. 

However, the output of the filter applied to the history vector 𝜃 ⋅ 𝜙 predicts the 

same piece of information as an open loop implementation: the full turbulence 

in DM space, which is the DM command needed at a given iteration, in our 

notation 𝑦(𝑛).

Dessenne’s original formulation suggests reconstructing open loop turbulence 

from the full transfer function of the AO control loop to train the predictive 

167



filter, and solving for a steady state recursive least squares solution [58]. In 

this simulation, we instead apply the same minimization technique used in the 

open loop implementation. Future work, inspired by that of van Kooten, 2019 

[279] will explore a recursive least square implementation that updates the 

filter with each control iteration. We build a new minimization problem:

min𝜃||D𝑇𝜃𝑇 − P𝑇||2 (5.6)

where D contains collections of the history vector 𝜙, and P contains the future 

state of the full turbulence.

In practice, the distinction between the open and closed-loop implementation 

is twofold: (1) the ability of the correction to apply different coefficients for 

the DM commands and the wavefront sensor information (whereas POL is 

one command applied to a summed value) and (2) the ability to robustly 

encapsulate a time delay into the reconstruction. POL reconstruction adds 

wavefront sensor measurements to DM commands with a single static delay, 

while closed-loop methods can account for when each piece of information 

enters the system (with two-step delays or delays with non-uniform steps). 

See Section 5.4.2 for additional information on how timekeeping impacts the 

construction of 𝜙 and P.
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Assuming a classic two-step delay and 𝑝 associated frames of information in 

a history vector, the weighted estimate for a single coefficient for the closed-loop 

formulation (𝑦𝐶𝐿) vs. the original open loop formulation (𝑦𝑂𝐿) takes the form:

𝑦𝐶𝐿(𝑛) = 𝑏1𝑦(𝑛 − 1) + ... + 𝑏𝑝𝑦(𝑛 − 𝑝) + 𝑎0𝜖(𝑛 − 2) + ... + 𝑎𝑝−1𝜖(𝑛 − 𝑝 − 1)(5.7)

𝑦𝑂𝐿(𝑛) = 𝑐0[𝑦(𝑛 − 1) + 𝜖(𝑛 − 1)] + ... + 𝑐𝑝[𝑦(𝑛 − 𝑝 − 1) + 𝜖(𝑛 − 𝑝 − 1)] (5.8)

5.4.2 Verifying the time flow of information through a 

control system

One intriguing issue when comparing and reworking control methods is a robust 

understanding of time delays over the course of a control loop and how that 

plays out with different methods. Pseudo-open loop implementations gloss 

over this issue, by recreating a single point of information at a single point in 

time, but closed-loop implementations provide the opportunity to represent 

each piece of information at the time it enters the system, some work even 

accounts for fractional time-delays [217]. The following is a minimal proof of 

information flow in a control loop, switching between time reference frames.

We consider this system in two reference frames: (1) the time represented 

by the physical information flowing through the system (i.e., what time the 
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Figure 5.1: Control diagram of a classic two-step delay. The wavefront (𝑠) comes 
into the system, and first meets a sum junction, where we apply deformable 
mirror (DM) commands (𝑦), making it a closed-loop system. At this point, 
our residual is 𝜖 = 𝑠 + 𝑦. That signal is sensed by a wavefront sensor; that 
sensed signal is 𝜖′ = WF(𝜖), where WF represents a functional form of how 
the wavefront sensor interprets the signal. Finally, this is fed into a computer 
that will calculate and apply a correction 𝑦 = 𝐷𝑀(𝜖′), where DM represents a 
functional form of how that correction is applied and calculated based on 𝜖′.

turbulence the system is analyzing occurred); this is physically intuitive for 

timekeeping and residual comparison and we call it a physical clock and (2) 

the time represented by the control system and when information could be 

sampled from various sensors or correctors, which we call a control clock.

Dessenne [58], uses a control clock framework. If, for example, we wanted 

to associate 3 states in time, we would build a history vector (used to predict 
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the state at iteration n) of the form:

𝜙(𝑛) =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

𝑦(𝑛 − 1)

𝑦(𝑛 − 2)

𝑦(𝑛 − 3)

𝜖′(𝑛 − 2)

𝜖′(𝑛 − 3)

𝜖′(𝑛 − 4)

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(5.9)

We show that these time steps from the perspective of the control clock 

associate logical pieces of information from the perspective of a physical clock. 

If we consider information moving through a system with a two step delay, we 

would see the chain of control events outlined in Table 5.1

If we now consider the history vector 𝜙, we can rewrite it to prediction 
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Table 5.1: How information moves through the control loop, starting from the 
loop turning on. With a step of delay between each component, we at first 
have no information sensed and turned into a DM command.

𝑠 𝜖 𝜖′ 𝑦
𝑠1 𝜖1 = 𝑠1  -  -
𝑠2 𝜖2 = 𝑠2 𝜖′

2 = WF(𝜖1)  -
𝑠3 𝜖3 = 𝑠3 + 𝑦3 𝜖′

3 = WF(𝜖2) 𝑦3 = DM(𝜖′
2)

𝑠4 𝜖4 = 𝑠4 + 𝑦4 𝜖′
4 = WF(𝜖3) 𝑦4 = DM(𝜖′

3)
𝑠5 𝜖5 = 𝑠5 + 𝑦5 𝜖′

5 = WF(𝜖4) 𝑦5 = DM(𝜖′
4)

𝑠6 𝜖6 = 𝑠6 + 𝑦6 𝜖′
6 = WF(𝜖5) 𝑦6 = DM(𝜖′

5)
𝑠7 𝜖7 = 𝑠7 + 𝑦7 𝜖′

7 = WF(𝜖6) 𝑦7 = DM(𝜖′
6)

𝑠8 𝜖8 = 𝑠8 + 𝑦8 𝜖′
8 = WF(𝜖7) 𝑦8 = DM(𝜖′

7)

some iteration 𝑛 = 7

𝜙(7) =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

𝑦(𝑛 − 1) = 𝑦6 = DM(𝜖′
5) = DM(WF(𝜖4))

𝑦(𝑛 − 2) = 𝑦5 = DM(𝜖′
4) = DM(WF(𝜖3))

𝑦(𝑛 − 3) = 𝑦4 = DM(𝜖′
3) = DM(WF(𝜖2))

𝜖′(𝑛 − 2) = 𝜖′
5 = WF(𝜖4)

𝜖′(𝑛 − 3) = 𝜖′
4 = WF(𝜖3)

𝜖′(𝑛 − 4) = 𝜖′
3 = WF(𝜖2)

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(5.10)

Notice that though the control clock indexing appears to introduce a one step 

offset, the most expanded part of the expression for each iteration shows that 

the elements on the history vector depend on the the same physically timed 
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pieces of information.

It should be noted that a classic two-step delay is not actually physically 

reminiscent of most systems. In Ref. [32] they found that for the Keck pyramid 

WFS RTC, the time delay over the entire correction (including wavefront 

sensing time, calculations, and DM latency after correction is applied) takes 

∼1.5 ms, where ∼1 ms is the wavefront sensing and readout time, and ∼0.5 

ms is the calculation and hardware latency time. For this simulation work we 

have opted to only update the DM once per new piece of wavefront sensor 

information, essentially forcing this to be a classic two-step delay. However, 

future work will explore the efficacy of updating the DM more frequently, as 

we could project forward the correction easily and provide two DM updates 

per wavefront sensor readout.

5.4.3 Selecting a truth condition for training data

The truth condition P, against which the predictive filter trains, must be 

the full uncorrected state of the wavefront (i.e., open loop turbulence) at a 

given iteration. The original work from Dessenne [58] estimated the open 

loop wavefront from the transfer function of the AO control loop, essentially a 

higher fidelity pseudo open loop reconstruction than that of Guyon, 2017 [93]. 

For these simulations, we give the predictor perfect knowledge, using the full 
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scale of turbulence from simulation. We note that this training condition is 

not realistic to on-sky operation, but acts as a laboratory to test the perfect 

performance of a closed-loop implementation, and future work will explore 

more realistic P generation. Figure 5.2 shows the example data used as the 

truth condition for training the closed-loop implementation.

Figure 5.2: Left: Piston, tip, and tilt subtracted simulated phase screens from 
an 8 meter telescope with a single wind layer. Right: Table of parameters for 
generating the turbulence and AO simulations.

5.4.4 Preliminary implementation of closed-loop predic­

tive wavefront control on simulated data

We simulate atmospheric phase screens and an idealized AO control system 

with HCIPy [213]. We estimate the root-mean-square (RMS) residual error 

across the pupil for 1) the full state of the uncorrected turbulence, 2) a pseduo-

integrator, in which we apply a perfect correction with a 2 ms time delay 
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(for Keck, the time-delay is ∼1.5 ms [32]), 3) pseduo-open loop EOF (well 

optimized in previous work [116, 72]), and 4) a preliminary implementation of 

CLEOF. These simulations use perfect wavefront sensing and correction, and 

are meant to provide comparative estimates only for the bandwidth error. The 

parameters for the simulation are shown in Figure 5.2.

Figure 5.3: Left: Two predictive methods alongside a psuedo-integrator (a 
perfect correction 2 timesteps behind), all applied with no measurement or 
fitting error (i.e., perfect wavefront sensing and control) running at 1 kHz. Full 
uncorrected turbulence RMS median: 1534.21 nm, quasi-integrator: 24.30 nm, 
closed-loop predictor: 9.49 nm, open loop predictor: 1.03 nm. Right: Impacts 
of a DM-model mismatch. Closed-loop EOF correction goes from a median 
of 9.49 (for the nominal run) to 16.66 nm RMS when a DM model error is 
introduced, but still shows better performance than the pseudo-integrator. The 
open loop EOF error increases by an order of magnitude and is not displayed 
on the figure for scale purposes.

Performance in an idealized AO system

Figure 5.3 (left) shows the results of our initial implementation; we find a factor 

of improvement in RMS error of ∼ 2.5 over a standard integrator from CLEOF, 
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under-performing compared to the standard psuedo open loop. In practice, we 

should be able to recreate similar (if not better) performance between a closed 

and open loop implementation, however closed-loop minimization problem 

contains twice as many variables (treating the WFS and DM independently), 

twice as many regressors, and will require more training data to converge to an 

optimal solution, as shown in van Kooten, 2019 [279]. Future work will explore 

optimizing filter length and training length for a closed-loop implementation 

for a more fair comparison with open loop.

Robustness to model errors

Figure 5.3 (right) shows the performance of both predictors on a second set 

of data, in which we simulate a DM model mismatch in our control system – 

adding a static factor of 2 between what the DM expects to apply and actually 

applies. We see that the performance of closed-loop EOF is less sensitive to 

errors in the system model. While the closed-loop performance drops when 

a DM model issue is introduced, the closed-loop predictor still outperforms 

a typical integrator. However, introducing the same issue into a open loop 

EOF increases the residual error by more than an order of magnitude. We 

note that in theory a closed-loop EOF should exactly learn and reconstruct 

the model-error, and future work to optimize the filter and training length will 
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likely make a closed-loop EOF even more robust to model errors.

5.5 Comparing data and model-driven predic­

tive wavefront control

5.5.1 Overview of predictive Fourier control as a model-

driven predictor

Predictive Fourier control (PFC) [218] uses data to extract information about 

wind layers from the system, and then builds a predictive filter informed a 

state space model that encapsulates those wind layers, as an update to a 

traditional Linear Quadratic Gaussian controller [203, 139]. Here we will briefly 

summarize the math behind building and applying the PFC predictive filter; 

the mathematical formalism is taken from Poyneer (2007) [218] unless specified.

In short, PFC consists of 4 main steps:

1. Decompose turbulent phase screens into complex spatial Fourier modes. 

Each Fourier mode becomes a separate control problem and a filter is 

calculated individually for each coefficient. For each coefficient:

2. Make a power spectral density (PSD) function by looking at how a single 

coefficient evolves in temporal frequency space.
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3. Isolate and fit peaks in the PSDs (which map to wind layers in an 

atmosphere).

4. Feed the coefficients of each fit to a Kalman filter.

From the perspective of a telescope system (under a Frozen Flow assumption 

[268]), wind layers will present as static turbulent scenes crossing over the 

telescope primary mirror at the speed of the wind at that height. Given enough 

data in time to adequately sample a wind velocity, these pupil crossing times 

will have high signal to noise peaks across spatial Fourier modes, as different 

spatial scales will cross with different frequencies. Therefore, when turbulent 

phase screens are decomposed into Fourier modes, each coefficient contains 

information on a spatial frequency of a particular size that maps to a series 

of non-conflicting controllers. A PSD for each coefficient reveals the peak 

frequency, height, and width for each wind layer, which provides input to a 

controller specific to that coefficient.

At a given Fourier mode indexed (k, l) (over wavefront sensor subapertures), 

a peak at some 𝜈 indicates a velocity (𝑣𝑥, 𝑣𝑦) component of:

𝜈 = −
(𝑘𝑣𝑥 + 𝑙𝑣𝑦)

𝐷
(5.11)

where D is the telescope diameter. While in practice, the algorithm is not 
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meant to deliver identifications of wind-layers in a system, testing the wind 

identification on simulated known atmospheres shows recovery of both single 

and multi-layer wind layers. Figure 5.4 shows examples of successful recovery 

of rejected wind layers. See Figure 5.6 for some exploration of less optimal 

peak recovery and a discussion of potential causes.

Peaks can be identified and fit using built-in scipy tools. Also present 

in each PSD is a peak that occurs at 𝜈 = 0, due to a 0 Hz frequency peak 

(DC peak) from the Fourier transform that builds the PSD [218]. DC noise 

encapsulates the static offset in a system, which may be caused by consistent 

noise from electric components in a realistic system, or mean offset from zero 

for any distribution. Wind velocity peaks that occur near zero (in frequency 

space) are difficult to resolve, as they blend into the static DC peak.

For each peak, a height 𝜎2, and placement (i.e., peak width and location in 

angular frequency space) 𝛼, are fit with

𝑃(𝜔) = 𝜎2

|1 − 𝛼 exp (−𝑖𝜔)|2
(5.12)

The complex term 𝛼 is expressed 𝛼 = |𝛼|𝑒𝑖𝜔, where 𝜔 encapsulates the actual 

wind velocity of each layer. (Without the complex phase, 𝛼 acts as a gain for a 

typical Linear Quadratic Gaussian controller without extracting and predicting 
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based on wind layers.)

Figure 5.4: Automatic peak identification and fitting with scipy tools. Left: 
Peak identification (for a single layer atmosphere) at the (-19, -15) mode. The 
7 m/s peak is correctly identified, along with the DC peak at 0. Right: Peak 
identification (for a multi-layer atmosphere) at the (-22, -21) mode. All four 
wind layers are recovered.

The fits for each 𝛼 and 𝜎 inform a Kalman filter, which in turn provides a 

prediction of each Fourier coefficient. We predict the state vector of our system

x[𝑡] = [a(𝑡) 𝜙(𝑡 + 1) 𝜙(𝑡) 𝜙(𝑡 − 1) 𝑑(𝑡 − 1) 𝑑(𝑡 − 2)] (5.13)

where a encapsulates the fit parameters, 𝜙 are the wavefront states, and 𝑑 are 

commands to the deformable mirror. We predict the next iteration with:

x(𝑡) = (I − KC)Ax(𝑡 − 1) + (I − KC)G𝑑(𝑡 − 1) + K𝑦(𝑡) (5.14)
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where K are the Kalman gains, C is a control matrix, A is a covariance matrix, 

G is a matrix to update DM commands, 𝑑(𝑡) holds DM commands, and 𝑦(𝑡)

holds noisy wavefront sensor measurements. Note that in our implementation, 

for ease of comparison with EOF, we rewrite the original control law so that 

we can apply it in open loop.

We found that using 10000 frames of data to build our PSDs and windows 

between 1024-2048 exposures provided a consistent correction (see Section 

5.5.2 for further description of the windowing and its impacts), and used these 

parameters for our prediction performance estimates.

5.5.2 Predictive Fourier control math in detail

While in the last section we provided a digestible overview, here we fully describe 

the mathematical formalism for Predictive Fourier Control [218], as well as 

how we have implemented it, and any deviations from the original method. For 

consistency across EOF and PFC, all matrices are defined in the convention of 

m rows by n columns, in departure from typical control engineering conventions 

and the original formulation from Poyneer (2007) [218].
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Decomposition into complex fourier modes

We decompose each turbulent scene into complex Fourier modes. Given some 

mode (𝑘, 𝑙), over some x by y pixel grid, each mode is defined by

𝑓𝑘,𝑙[𝑥, 𝑦] = cos (2𝜋𝑘𝑥 + 𝑙𝑦
𝑁

) + 𝑖 sin (2𝜋𝑘𝑥 + 𝑙𝑦
𝑁

) (5.15)

where N is the total number of modes. (Note that the original paper from 

Poyneer (2007) [218] contains a typo in its casting of each cos/sin term as 

complex, which we do not duplicate.)

Fourier modes are meant to operate over square regions, and many telescope 

pupils are circular; both our Keck telemetry and simulations are over a circular 

pupil. Starting with a circular pupil embedded within a square grid, and 

applying a mask for the non-used elements to both the telescope pupil and the 

Fourier mode allows for a decomposition of the original turbulence image at 

near machine precision as mathematically proved in Poyneer (2005) [220], and 

experimentally reproduced in this work.

Figure 5.5 shows an example of a residual turbulent screen, a reconstruction 

of the same turbulent screen built with complex Fourier modes, the real 

component of a complex Fourier mode projected onto the same pupil, and 

the error introduced during this decomposition, on the order of 1 × 10−12, 
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as compared to the phase of the original turbulence which has a median of 

∼ 850nm (the ratio of which approaches the machine precision of Python.)

Figure 5.5: Left: Simulated turbulent screen. We start with a circular pupil, 
and mask the edges within the square. Center left: Reconstruction of the 
original turbulent scene with the complex Fourier modes, projected into the 
circular pupil. Center right: Real values of an example complex Fourier mode 
projected over the same pupil. Right: Residuals between the reconstructed 
turbulence and the original scene. Residuals are on the order of 1 × 10−12.

Creating power spectral densities and identifying peaks

To examine the coefficient for each Fourier mode, we create a periodogram in 

temporal frequency space. We use a Welch periodogram [197] with a Hamming 

window, using scipy.signal.welch and scipy.signal.get_window.

We use windows of 𝑛 = 1024 or 𝑛 = 2048, depending on the noise present 

in the data. Longer windows provide the ability to resolve peaks further from 

each other and from the 0Hz DC peak, but increase noise in the periodogram. 

For our smallest window, 𝑛 = 1024 frames, our minimum resolvable frequency 

would be 𝜈𝑚𝑖𝑛 = 1024 × 𝑡𝑖𝑛𝑡 = 2, 0.6Hz, for our 0.5,1.7 ms resolutions in 
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simulated data and telemetry respectively. We do not record a peak as input 

to the Kalman filter unless it is 𝜈𝑚𝑖𝑛 from 0, as well as other identified peaks.

We find the location of each peak in the data with scipy.signal.find_peaks, 

and fit it with scipy.optimize.curve_fit. Peak identification appears re­

peatable over single layer atmospheres (as shown in Table 5.2), though Figure 

5.6 shows some examples of sub-optimal peak identification and fitting given 

known wind layers, which may be due to spectral leakage or scalloping [252].

Figure 5.6: Left: With the expected wind layer for the (12, -3) coefficient quite 
close to the DC layer at 0, we are unable to recover the peak from this mode. 
Right: Extraneous peak identification at the (-2, -23) mode, as well as the 
expected 7 m/s peak, likely due to aliasing. Dashed lines in gray and black 
represent the expected peak placement from the 7 m/s layer and the DC layer 
respectively.

Fitting 𝛼 and 𝜎

Each peak can be defined with the power law:
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Table 5.2: Successful (within 2 Hz) peak identifications for varying atmospheric 
profiles.

 Identified Layer  Correct Peak IDs  Total Modes
 7 m/s  1909  2304
 14 m/s  1989  2304
 telemetry ground layer  179  484

𝑃(𝜔) = 𝜎2

|1 − 𝛼𝑒(−𝑖𝜔)|2
(5.16)

where 𝜎2 describes the peak height for a given coefficient and complex 𝛼 =

|𝛼|𝑒𝑖𝜔 describes the placement (i.e. peak width and velocity) of a given wind 

layer. 𝜔, or phase, describes angular frequency that goes with 𝜔 = −2𝜋𝜈𝑡𝑖𝑛𝑡, 

where 𝑡𝑖𝑛𝑡 is the time between each frame of data and 𝜈 is a natural frequency 

space in Hz.

Building the state vector and covariance matrix

In keeping with the traditional Linear Quadratic Gaussian (LGQ) control, 

we use a Kalman filter to predict forward the state of the system. While 

the original Poyneer (2007) [218] paper describes a close-loop control law, we 

reformulate it to run in open loop, adjusting the covariance matrix A, as well 

as control matrix C. The original close loop law includes terms in A and C
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to subtract off a deformable mirror (DM) command. Our update renders the 

DM commands in the state vector unnecessary for the Kalman filter (which 

could impact computational performance), but in this initial implementation 

we keep them for simplicity in following the original math. We denote these 

changes in each matrix with an∗.

The state vector x is a vector of (L+6) elements that consists of

x(𝑡) = [a(𝑡) 𝜙(𝑡 + 1) 𝜙(𝑡) 𝜙(𝑡 − 1) 𝑑(𝑡 − 1) 𝑑(𝑡 − 2)] (5.17)

where 𝜙(𝑡) and 𝑑(𝑡) map to the wavefront coefficient at each Fourier mode, and 

the command to the deformable mirror respectively. The system operates with 

a two-step time delay, and is centered one step off from the deformable mirror 

and one step off from the wavefront sensor in opposite directions. At the time 

of some system measurement 𝑦(𝑡) taken at 𝑡 = 𝑡0, the wavefront is at time 

𝑡 = 𝑡0 + 𝑑𝑡, and the deformable mirror has information from time 𝑡 = 𝑡0 − 𝑑𝑡; 

this is why we examine 𝜙(𝑡 + 1), 𝜙(𝑡) as compared to 𝑑(𝑡 − 1), 𝑑(𝑡 − 2).

a is a vector of (L+1) elements that encapsulates information on every 

identified wind layer at that coefficient.
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a = (𝑎0, 𝑎1, ..., 𝑎𝐿) (5.18)

𝑎(𝑡)𝐿 = 𝛼𝐿𝑎(𝑡 − 1) + 𝑤(𝑡) (5.19)

Each 𝑎𝐿 evolves according to a first order auto-regressive process, AR(1) [252], 

driven by the 𝛼𝐿 for a given wind layer and complex white noise 𝑤(𝑡). The 

periodogram for each Fourier mode includes a direct current (DC) layer peak 

at 𝜈 = 0, for which we include 𝛼0 = 0.999 and 𝜎2 = max[𝑃 (𝜈)], where 𝑃(𝜈)

is the PSD. (Future implementations could fit the 𝜎2
𝐷𝐶 term in a way that is 

more physically relevant.)

The state vector x evolves according to the state equation:

x(𝑡 + 1) = Ax(𝑡) + G𝑑(𝑡) + Bw(𝑡) (5.20)
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with the (L+6) by (L+6) covariance matrix

A =

⎡
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

R 0𝐿+1𝑥1 0𝐿+1𝑥1 0𝐿+1𝑥1 0𝐿+1𝑥1 0𝐿+1𝑥1

11𝑥𝐿+1 0 0 0 0 0

01𝑥𝐿+1 1 0 0 0 0

01𝑥𝐿+1 0 1 0 0 0

01𝑥𝐿+1 0 0 0 0 0

01𝑥𝐿+1 0 0 0 0∗ 0

⎤
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(5.21)

where (L+1) by (L+1) R holds the 𝛼𝐿 values on the diagonals such that

R = Diag(𝛼0, 𝛼1, ..., 𝛼𝐿) (5.22)

The 1 by (L+6) DM update matrix is defined as

G = [01𝑥𝐿+1 0 0 0 1 0] (5.23)

Finally, an (L+6) by (L+1) noise propagator matrix

B =
⎡
⎢
⎢
⎣

I𝐿+1𝑥𝐿+1

05𝑥𝐿+1

⎤
⎥
⎥
⎦

(5.24)
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The measurement in the system is defined with

𝑦[𝑡] = Cx[𝑡] + 𝑣[𝑡] (5.25)

where 𝑣[𝑡] is the measurement noise, which is assumed to be zero-mean Gaussian 

white noise, and 1 by (L+6) C is the control matrix

C = [01𝑥𝐿+1 0 0 1 0∗ 0] (5.26)

Steady state solutions with the algebraic Ricatti equation

Instead of recalculating the Kalman filter at each step – which is quite compu­

tationally expensive, we opt to use the Algebraic Ricatti Equation (ARE) [144], 

specifically with a discrete solver, as the covariance matrices will reach a steady-

state solution. We use scipy.linalg.solve_discrete_are to calculate P𝑠. 

Poyneer (2007) [218] outlines this equation as:

Ps = APsAH + BPwBH − APwCH(CPsCH + Pv)−1CPsAH (5.27)

189



with Pv as a scalar variance of the white noise distribution and (L+1) by 

(L+1)

Pw = Diag(𝜎2
0, 𝜎2

1, ..., 𝜎2
𝐿) (5.28)

We note that this use of the discrete ARE differs from the typical form in that 

it uses Hermitian conjugates of the known coefficient matrices A → A𝐻 and 

B → C𝐻, and builds the noise term with Q → BPwB𝐻 [144, 284].

Finally we calculate the Kalman gains (a vector of L+6 elements) for a 

given coefficient with:

K = PsCH(CPsCH + Pv)−1 (5.29)

which builds all of the pieces for the update equation to predict the next step:

x(𝑡) = (I − KC)Ax(𝑡 − 1) + (I − KC)G𝑑(𝑡 − 1) + K𝑦(𝑡) (5.30)

From the newly calculated state vector we pull the 𝐿 + 1st element as the 

prediction of the wavefront 𝜙(𝑡 + 1).
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5.5.3 Optimized implementation of predictive wavefront 

controllers on simulated data and on-sky telemetry

Simulated single and multi-layer turbulence

Using hcipy, the High Contrast Imaging package for Python [213], we simulated 

three test case atmospheres: two with single layer atmospheres with a wind 

speed of 7 m/s (split into 𝑣𝑥, 𝑣𝑦 = 2.13, 6.67) and 14 m/s (split into 𝑣𝑥, 𝑣𝑦 =

2, 13.5), and one that included 8 layers according to a C2
𝑁 and wind velocity 

study of Maunakea weather [190]. The layers and heights from this profile are 

described in Table 5.3; all layers in the multi-layer simulation had a random 

direction assigned. For the purposes of this simulation we used an 8 meter 

primary mirror diameter, an 𝑟0 = 15cm at 500nm, simulated at a resolution 

of 48 by 48 pixels (which maps to an idealized wavefront sensor of 48 by 48 

pixels), and evolved with a 0.5ms time step. This simulates a Gemini Planet 

Imager-like system, which was the instrument PFC was originally designed 

for [218]. We consider an idealized wavefront sensor whose output is exactly 

the simulated 48 by 48 pixel phase screen at a given time step. I.e., we use 

a perfect wavefront sensor (there is no difference between the phase screen 

and the phase screen we sense) and a perfect deformable mirror (there is no 

difference between the phase screen we predict and the correction we apply) 

191



and focus only on how faithfully we can predict the wavefront given a choice of 

time delay.

Figure 5.7: Root mean square residuals for the uncorrected turbulence, a 
quasi-integrator (the known state of the wavefront applied as a correction 
2 steps behind), and the two prediction methods. Left: Single 7 m/s wind 
layer. Right: Single 14 m/s wind layer. Both simulated atmospheres show a 
performance improvement over a classic integrator from prediction, with EOF 
performing the best across both atmospheres.

We calculated residuals by subtracting the original simulated wavefront 

from the predicted wavefront in phase, and then calculate the root mean square 

(RMS) error at 500nm. For the sake of comparison, we also estimate the 

performance of a quasi-integrator, where we subtract the simulated phase from 

itself with a two-step delay (i.e., if the system could apply a perfect correction 

two steps behind.) For this initial implementation we found that edge effects 

could have a major impact on the residual error, so as an interim measure 

we calculated the RMS error only over the inner 7 meter diameter of phase 

correction. Figure 5.7 shows the results for the two predictors. For the 7 and 
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Figure 5.8: Uncorrected turbulence, quasi-integrator with a two-step lag, and 
two predictors applied to a simulated 8 layer atmosphere from Neyman (2004) 
[190]. Both prediction methods show improvement over a classic integrator, 
and EOF shows the most dramatic performance improvement.

14 m/s single-layer turbulence examples, both predictors show improvement 

over the quasi-integrator, and EOF shows an advantage between the two 

predictors. Figure 5.12 shows an example of turbulence and residuals of the 

14 m/s atmosphere at one step in time. Figure 5.8 shows the results for the 

multi-layer example, which again shows that both predictors out-perform the 

integrator, and an advantage to EOF between the two predictors (see Section 

B.1.5 for further elaboration.)
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Table 5.3: Wind layers simulated based on Neyman (2004) [190], to emulate 
nominal performance at Maunakea.

 Velocity  Height 𝐶2
𝑁

 6.7 m/s  0.0 km  0.369 ×10−12

 13.9 m/s  2.1 km  0.219 ×10−12

 20.8 m/s  4.1 km  0.127 ×10−12

 29.0 m/s  6.5 km  0.101 ×10−12

 29.0 m/s  9.0 km  0.046 ×10−12

 29.0 m/s  12.0 km  0.111 ×10−12

 29.0 m/s  14.8 km  0.027 ×10−12

On-sky telemetry

Our telemetry data is from the Keck II AO system running in closed loop on 

the night of 04-20-2019, previously published in Jensen-Clem (2019) [116]. It 

consists of 120000 time steps of data (taken at ∼ 1.7ms intervals [32]) in the 

form of DM commands and near-IR pyramid wavefront sensor [19] (installed 

in Keck II as part of the KPIC upgrade [288]) phase measurements in units of 

volts. Keck II is a 10 meter telescope, with a 21 by 21 actuator deformable 

mirror (we use the pyramid wavefront sensor’s 21 by 21 reconstructed residuals 

to match.) As we see only the residuals and applied commands in this system, 
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we must first reconstruct the pseudo-open loop turbulence in microns with

open loop phase = (−1 × dm commands + wf residuals) × 0.6 (5.31)

integrator residuals = (wf residuals) × 0.6 (5.32)

The 0.6 factor accounts for system gain and volt-to-micron conversion [116].

Using data from the Maunakea Weather Center [33], we use the Canada-

France-Hawaii Telescope (CFHT) to estimate the wind velocity at the ground 

layer from the two minutes of Keck telemetry that we use for this analysis. 

Figure 5.9 shows the median x and y velocity components from our portion of 

the night, alongside a peak identification of the ground layer wind velocity from 

telemetry data. We estimate the ground layer to be (𝑣𝑥, 𝑣𝑦) = 1.07, 5.17m/s. 

DIMM-reported seeing on that night was ∼ 0.7”, as opposed to MASS-reported 

seeing of ∼ 0.3” [33]. Because MASS measures free atmosphere, the discrepancy 

between the two values implies the turbulence that night was dominated by 

the ground-layer, making it a good candidate for improvement with predictive 

control. Using the DIMM value for seeing that night, we find 𝑟0 ∼ 15cm at 

500nm.

We applied both predictors to reconstructed open-loop phase screens, cal­

culated residuals by subtracting the predicted screen via each method from the 
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Figure 5.9: Left: Canada-France-Hawaii Telescope data from 04-20-19 used to 
estimate a median x and y velocity component. Right: Peak identification at 
the (-1, -8) mode. We identify the ground-layer velocity peak expected from 
the CFHT data (grey dashed line).

reconstructed screen, and then calculated the root mean square error. Figure 

5.10 shows the results for the two predictors. Both predictors show a ≥ 2 factor 

improvement over the on-sky integrator, and in a departure from simulated 

results, PFC shows a modest advantage between the two predictors. Figure 

5.11 shows an example of turbulence residuals.

Discussion

Table 5.5.3 compiles the residual wavefront error from each prediction method 

across each atmosphere and estimates (using the Marechal approximation [104]) 

the Strehl ratio achieved by the integrator as well as each predictor. Note that 

simulations are highly idealized, with no measurement error from the wavefront 

sensor or fitting error from the deformable mirror.
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Figure 5.10: Root mean square residuals for the pseudo-open loop reconstructed 
turbulence, the true on-sky residuals, and the two prediction methods. Both 
predictors show improvement over a classic integrator, but PFC shows a modest 
improvement between the two prediction methods.
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Figure 5.11: Example of turbulence and residuals from on-sky telemetry. 
Top left: Pseudo-open loop residuals. Top right: on-sky integrator residuals. 
Bottom left: PFC predictor residuals. Bottom right: EOF predictor residuals. 
The open-loop turbulence is at 20x the scale of the other three residuals.

198



Figure 5.12: Example of turbulence and residuals evolving in real time for 
the 14 m/s wind simulated atmosphere. Top left: Uncorrected atmospheric 
turbulence. Top right: Quasi-integrator residuals. Bottom left: PFC predictor 
residuals. Bottom right: EOF predictor residuals. The open-loop turbulence is 
at 40x the scale of the other three residuals. Each is one demonstrative step in 
time.
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 Atmosphere  wavelength  Predictor  WFE  Strehl Ratio
 7 m/s  500 nm  quasi-integrator  6.45 +/- 0.9 nm  92.2 %
 7 m/s  500 nm  PFC predictor  3.31 +/- 0.2 nm  95.9 %
 7 m/s  500 nm  EOF predictor  1.75 +/- 0.2 nm  97.8 %
 14 m/s  500 nm  quasi-integrator  12.84 +/- 1.1 nm  85.1 %
 14 m/s  500 nm  PFC predictor  6.48 +/- 0.46 nm  92.2 %
 14 m/s  500 nm  EOF predictor  0.67 +/- 0.11 nm  99.2 %
 multi-layer  500 nm  quasi-integrator  36.84 +/- 1.54 nm  62.9 %
 multi-layer  500 nm  PFC predictor  19.39 +/- 2.37 nm  78.4 %
 multi-layer  500 nm  EOF predictor  7.19 +/- 0.30 nm  91.4 %
 telemetry  1633 nm  on-sky integrator  112.35 +/- 17.27 nm  64.9 %
 telemetry  1633 nm  PFC predictor  44.96 +/- 18.56 nm  84.1 %
 telemetry  1633 nm  EOF predictor  58.43 +/- 8.02 nm  79.9 %

Table 5.4: Estimation of Strehl Ratio improvements from residual WFE of each predictor.
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For every simulated atmospheric profile and on-sky telemetry we find that 

both predictors provide an improvement over a classic integrator. PFC provides 

a consistent improvement of 2-3 over the integrator, while EOF shows more 

variety. EOF succeeds more notably in picking out one extremely fast wind layer 

(the single-layer 14 m/s atmosphere), but requires a longer training set (90000 

frames of data) to find and remove the 7 m/s wind layer. In contrast, PFC 

performs consistently with only 10000 frames of training data. Both methods 

of predictive control also out-perform the integrator in the on-sky telemetry 

example, which is consistent with the results of Jensen-Clem (2019) [116]. For 

the on-sky telemetry, we find that PFC shows a greater improvement than 

EOF, in contrast with its performance over the simulated atmospheres. This 

may be indicative of the way a Kalman filter handles Gaussian noise (a Kalman 

filter carries the variance of a distribution in its covariance matrix through each 

iteration [252]), as opposed to the treatment of EOF as a purely linear filter. 

While EOF shows greater performance consistently over atmospheric simulation 

(which includes no measurement noise), the comparative performance over 

telemetry may better forecast lab and on-sky performance of the two predictors. 

However, between the two methods, EOF is less complex to implement, as 

evinced by the length of Section 5.5.2.
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5.6 Conclusion

We compare two aspects of predictive wavefront control: whether it runs in 

closed or pseduo-open loop, and whether it is built purely from data, or from a 

physics-based model. A preliminary simulation of closed-loop EOF does not 

perform as well as an optimized implementation of open loop EOF, but still 

provides improvement over a classic integrator. A closed-loop implementation 

also proves to be more robust to the introduction of DM model errors. We 

speculate that future optimization of the closed-loop predictive filter (e.g., 

exploring history vector length, training data length, etc) will likely close 

the gap between the open and closed-loop implementations and provide a 

controller that is even more robust to model errors. We also note that for our 

preliminary simulations we used perfect knowledge of the system to train our 

closed-loop predictive filter, which is not realistic for on-sky implementation; if 

performance comparisons prove promising, a more realistic training method 

could be devised, for example using the transfer function as in Desenne’s 

original work [58] or training on open and closed-loop data at the beginning of 

the night. We also compare the purely data driven EOF to the model-driven 

PFC. We find that both the data-driven predictor using empirical orthogonal 

functions (EOF) and the model-driven predictor using predictive Fourier control 

(PFC) provide a consistent improvement across every simulated atmospheric 
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profile and the telemetry compared with the integrator. While EOF shows 

greater improvement than PFC over our three simulated atmospheres, PFC 

shows greater improvement than EOF over on-sky telemetry data, which may 

better correlate with future on-sky performance. The major difference between 

these methods is how noise is handled by the Kalman filter, implying that this 

treatment of error propagation is better for a more realistic system.
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Chapter 6

Conclusions

6.1 Polarimetry makes use of parts of light 

we normally neglect to understand atmo­

spheric asymmetries that are hard to probe 

with other observational techniques

Finding scattering signatures from exoplanets and brown dwarfs is a promising 

technique for understanding atmospheric asymmetry that provides comple­

mentary information to direct spectroscopy. Typically, these data should also 

contain all of the information available within direct imaging data (e.g., pho­

tometry, updated astrometry, and total intensity spectroscopy). With a sample 
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size of two targets we were not able to get data of high enough quality to 

directly detect the known companions in total intensity (i.e., do standard direct 

imaging science) or place informative upper limits. This work presents the 

first attempt to use Subuaru/SCExAO for point source polarimetry and within 

our data is information that can be used to better calibration future polari­

metric imaging modes for SCExAO. While this study selected companions for 

their likelihood to have asymmetric cloud features, signatures that are ≤ 0.5%

fractional polarized intensity, future work will target companions that show 

evidence of circum-planetary disks, a signal more on the order of 0.5 − 15%

fractional polarized intensity.

AF Lep b continues to hold promise, as a very unusal and active object, but 

due to its edge-on inclination it will not be observable again for a few years. A 

target that has entranced and eluded me for years is the bright, nearby brown 

dwarf binary, Eps Indi Ba/Bb; I think this system has the potential to be 

the next Luhman 16, but only when we have an IR wavefront sensor and a 

polarimeter on a Southern telescope. This will be true with the installation of 

SAXO+ in ∼2028 [68].

While there is exciting science to be done on 8-10 meter class telescopes 

with point-source polarimetry, I also think it is important precursor work for 

detecting the scattering features that confirm the presence of an exo-Earth 
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with the future ELT/HWO. We need to have experience with and develop 

techniques for point source polarimetric detections if we want to resolve the 

extremely faint signals on extremely faint planets with our future telescopes.

6.2 Visible light adaptive optics is extremely 

challenging but current performance is very 

well matched to error budgets and models

Visible light AO is extremely challenging, and the first generation Keck-II AO 

system (with its low degree of freedom deformable mirror) will not be able 

to provide Strehls of more than 2%. Keck AO error budget predictions and 

empirically adjusted analytic models are in good agreement with real ORKID 

data, but it is important to regularly verify our models and predictions with 

empirical data. While data and models provide a global agreement, there are 

some interesting morphological features in the ORKID PSF that all show ways 

that Keck AO could be improved today with minimal and non-invasive changes.

Future work will explore how ORKID’s performance changes after the 

commissioning of the HAKA deformable mirror. However, more actuators are 

not a solution without further complications, as more actuators require more 
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light, and without it wavefront sensor errors will dominate the error budget. 

This motivates future technologies like predictive control that can predict 

around longer exposures and slower control rates or projects like ORCAS that 

use artificial spaced-based laser beacons as “natural” guide stars.

To push towards higher Strehl Ratios in the visible there is a lot of work 

left to do. Even with HAKA, Keck is projected to reach ∼ 7% SR in the 

visible. After removing fitting error (due to deformable mirror degrees of 

freedom), and assuming we have a solution to reduce measurement error (with 

an extremely bright guide star requirement), other error terms like margin 

error, temporal errors, known but uncorrectable instrument errors are left to 

impact performance [27]. Temporal errors will be mitigated with predictive 

wavefront control, but margin error, the lump term added to balance the AO 

error budget needs to be demystified. It is speculated that margin error may 

be due to segment cophasing errors; if so, segment cophasing is only going 

get more complex in the ELT era, and solving this problem on Keck is a vital 

precursor to future telescopes.
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6.3 Data-driven predictive wavefront control 

improves adaptive optics corrections for a 

ten meter telescope

We successfully demonstrated a data-driven predictive wavefront controller 

on-sky at Keck Observatory. A stable implementation of empirical Orthogonal 

Functions is now built into the Keck RTC. In a half night of engineering time we 

saw an improvement of 20 % over a standard integrator in RMS wavefront resid­

uals and 3% in point-spread function stability in principal component strength. 

Performance of the predictor was dependent on filter hyper-parameters, but 

most parameter options provide better performance than an integrator. Prac­

tically this lends itself to setting some default parameters with the option to 

tweak when observers are interested in best possible performance.

Facilitizing predictive control as a mode for all future observers will require 

(1) a strategy for building HAKA-sized filters in soft real time (∼ minute 

timescales) and (2) a more streamlined method for building and updating 

filters. Both are problems that are limited by human hours, not by lack of 

clear solutions.

EOF at Keck is currently the most recent implmentation of a predictor on 

an 8-10 meter class telescope and the only implementation on a segmented 
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telescope. It has the potential to be the first facilitized controller other than 

a standard integrator on an 8-10 meter telescope. Predictive control at Keck 

improves AO performance and observations the Keck community, but it also 

makes Keck an important testbed for future advanced control strategies for 

ELTs and the HWO.

6.4 There are many different ways to do pre­

dictive wavefront control and finding the 

“best” one will require a direct comparison 

on a telescope

We explored three different flavors of predictive control, comparing open loop 

data-driven control, closed-loop data-driven control, and model-driven control. 

While all of these controllers out-perform an integrator, model-driven control 

provides the best performance on Keck telemetry data. This is likely due 

to either (1) some kind of model-mismatch when building pseduo-open loop 

slopes for the data-driven method or (2) ways that a Kalman filter carries 

noise through a system in a more realistic way. To address (1) we looked a 

preliminary implementation of running data-driven PWFC without building 
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POL slopes. This implementation was ultimately not complete enough to 

make strong comments on performance but in a contrived example does show 

that a closed-loop implementation has the potential to overcome errors due to 

model-mismatch in POL slopes.

Working with controllers is a uniquely satisfying way to improve AO per­

formance; no new hardware is required, predictive methods can overcome (to 

some extent) a requirement for longer integration times in sensing, and next 

generation controllers can incorporate all useful data. With the 1993 Paschall 

& Anderson paper [202] on LQG controllers for astronomical telescopes, we 

celebrate more than 30 years of machine learning for wavefront control, over 

which machine learning approaches to wavefront control have been suggested, 

simulated, tested in the lab, and rarely tested on sky. Few [95, 280] works 

show proven results on-sky (for a 8-10 meter class telescope controlling all 

modes with a predictive method), making it difficult to promise or benchmark 

performance for future systems. Furthermore, most of these efforts focus on a 

single algorithm and its development and progression on a single system. Few 

efforts [72, 297, 97] have attempted to compare the performance of these meth­

ods side-by-side, to determine how these methods may improve performance, 

stability, or make for simpler problems across a uniform simulation, lab demon­

stration, or telescope system. We need the opportunity to compare state of the 
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art algorithms, ideally with on-sky performance on a large telescope. This will 

be possible in the next few years with the SAXO+ upgrade, scheduled for 2028 

[68], to the AO system feeding VLT/SPHERE. This new real time controller 

will include 6 predictive controllers, with VLT engineering time earmarked to 

demonstrate their comparative performance on an 8 meter telescope.

For my own future work I am interested in two open questions: (1) when 

are nonlinear controllers necessary for astronomical AO and (2) how should 

we incorporate multiple data streams in the next genration of controllers. 

Wavefront sensing is an interesting potential source of non-linearities, covered 

at length in Wong, 2022 [296]. In short, wavefront sensing often operates as 

a tradeoff between sensitivity and linear sensible range (the more sensitive 

the wavefront sensor is, the lower the usable linear range becomes.) While we 

attempt to design our wavefront sensor in such a way that this assumption 

of linearity is valid (i.e. by introducing dynamic modulation), the Pyramid 

and Zernike wavefront sensors are known to have nonlinear responses for large 

aberrations. However, running wavefront control in closed-loop leaves residual 

turbulence sensed by the wavefront sensor within the linear range of most 

wavefront sensors used for first-stage AO. Similarly, deformable mirrors (DMs) 

operate with actuator pokes that have a limited linear range; in practice, the 

linear range of the DM is much larger than that of the wavefront sensor. For 
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the current generation of large telescopes we do not expect to need nonlinear 

control. However, this may no longer be true with the sensing strategies for 

ELTs and HWO. There is an attractive simplicity to neural networks that learn 

a full system model and optimal controller, removing the need for high fidelity 

models and optimization studies. However, more work is needed to understand 

the computation and energy cost of this, especially in the context of space 

missions. Physically informed neural networks constrain some of these degrees 

freedom, akin to a model-driven predictive controller, and may be a way to 

balance flexibility and energy concerns.

Additionally, future extremely large telescopes (and to some extent even 

current large telescopes) are limited by non-common path aberrations, or errors 

that are not sensed by a typical upstream wavefront sensor. Controllers that 

fuse data from the sensor and final science image plane are an interesting way to 

address this, and there are a lot of techniques to fuse information, ranging from 

neural network architectures to linear regressors to linear quadratic Gaussian 

controllers with gussied up equations of state.

Finally, in collaboration with members of the GRAVITY+ AO team, I 

discovered that the GRAVITY+ AO (GPAO) controller saves a closed loop 

predictive control state vector. This means that with a non-invasive upgrade, 

we could run data-driven predictve control on GRAVITY. GRAVITY is an 
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Figure 6.1: Improving the companion sensitivity by 1 magnitude and the 
guide star limit by 1 magnitude will double the projected planet yield from 
Gaia DR4. Using a simulated Gaia DR4 population [91] I demonstrate the 
population of targets available with the current GRAVITY+ sensitivity and 
AO performance (shown in grey) and the 21 additional targets available with 
improved GRAVITY performance (shown in cyan). Target populations are 
simulated with a random age and with 66 % sky coverage to account for only 
Southern hemisphere targets.

interferometry mode on the Very Large Telescope Interferometer, meaning 

it contends with the fast jet-stream at Paranal, one of the strongest drivers 

of temporal errors. GRAVITY will also be a core component of synergistic 

observing of Gaia driven target selection when the fourth data release (DR4), 

scheduled for December of 2026. Generous estimates of improvement due 

to advanced controllers show that GRAVITY could more than double the 

potential planet detections from Gaia DR4.
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6.5 Future outlook and machinations

We are in a liminal time between telescope classes, where we continue to push 

forward and refine the 8-10 meter class, but also work towards first light of 

the 20-40 meter class. What I think is unique about my work is that I have 

used a current 10 meter telescope as a testbed for future extremely large 

telescopes. Large telescopes like Keck are not only the closest facsimile we 

have to ELTs, but any work done on large telescopes is an investment in our 

current architecture and making it better for current observers.

As I have done this work I see tension between how to share resources 

on our 8-10 meter class telescopes between current observations and future 

instrumentation. Keck, Gemini, Subaru, and VLT all have varying philosophies 

of how open they are or should be to experimentation and how that impacts 

facility use. Keck is the only facility AO-fed segmented large telescope, and 

will be invaluable for testing control for ELTs and for HWO, but only if we can 

marshal enough human power do experiments safely without impacting regular 

observations. SCExAO is so popular because of its flexibility, but sometimes 

sacrifices consistent performance for the sake of constant experimentation. 

Gemini and VLT are almost entirely frozen, without the flexibility to adapt and 

upgrade AO apart from large multi-year projects, but those large multi-year 

projects are some of the most successful high contrast imaging instruments. 

214



However, GRAVITY+ AO holds promise for a more flexible corner of the VLT. 

We need to be able to use these telescopes as demonstrators but I’m not sure 

how we balance that with longer term performance and sustainability for the 

telescope and its staff.

I wanted to include in my conclusion any available work on AO error 

budgeting for the Planetary Camera and Spectrograph (PCS), the second 

generation high contrast imaging instrument for the ELT, and comment on 

the technology gaps left to overcome, and how the work in this thesis tackles 

those gaps. But it turns out this error budgeting work has not yet been done, 

and that’s part of what I will be working on as a postdoctoral researcher at 

Leiden Observatory.

In the next 20 years (if not sooner) we are going to find an Earth like planet. 

Part of this confirmation will be via finding the reflected light scattering 

feature of its Ocean, rainbow, or water-laden clouds. I have observed using the 

same polarimetric techniques we will use to isolate the scattering signature, 

characterized the performance of visible light AO where that scattering feature 

will fall, and tested on-sky the control algorithms that will lead to accurate 

enough AO corrections to find those few photons. This is how I have addressed 

the problem of finding an exo-Earth, from snout to tail, using every part of 

the PIG.
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Appendix A

Conceivably Useful Appendices

A.1 Examples of predictive control in the lit­

erature, broken down by method

A.1.1 Empirical orthogonal functions

Arguably the first predictive controller for astronomical telescopes is from a work 

by Dessenne, 1998 [58]. This uses a method quite similar to empirical orthogonal 

functions, except that it runs in closed-loop; instead of associating the full state 

of the wavefront in time it builds a similar history vector that includes both 

wavefront sensor residuals and DM commands from every iteration. The truth 

condition that the filter is optimized against uses the rejection transfer function 
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(i.e., a high fidelity pseudo-open loop reconstruction) to reconstruct the full 

wavefront from the DM commands and wavefront sensor slopes. This method 

was implemented on-sky in 1999 [57], at the 1.52 meter visible telescope at 

Haute Provence. They cite a 30% relative Strehl Ratio increase over a classic 

integrator, which maps to an increase of ∼ 11% to 14% Strehl Ratio over 

varying 𝑟0 conditions at a central wavelength of 650 nm.

After Guyon proposed EOF in 2017 [93], it was implemented on the 8 meter 

Subaru/SCExAO in 2018 [95]. An example of predictive control on/off shows 

visual improvement when comparing two on-sky images, and provides a factor 

of up to 3 improvement in contrast at close-in inner working angles [46].

Shortly thereafter, EOF was also applied in simulation to the 8 meter 

VLT/SPHERE telemetry [278]. This application used telemetry data (in 

the form of wavefront sensor slopes and DM commands) to apply predictive 

control as if it were a post-processing method, and compare this to the actual 

on-sky performance of the integrator. van Kooten, 2020 found a 5.1 factor 

of improvement in RMS error over the residuals of the SAXO integrator, 

and estimated an additional 2.1 increase over an idealized AO system for 

VLT/SPHERE when applied to data taken at a central wavelength of 658 nm.

Finally, work started in 2019 [116] to apply this on-sky at the 10 meter 

Keck observatory. Performance improvements have been shown with a similar 
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post-processing telemetry application [116, 72], and van Kooten, 2022 [280] 

demonstrates an on-sky application. van Kooten, 2022 found a factor of 3 

contrast improvement over the classic integrator at an inner working angle of 

3-7 𝜆/D, and a 1.5 factor decrease in standard deviation when applied to L 

band coronagraphic observations, making the predictive controller consistently 

more robust than the integrator. A similar test also looked at Strehl Ratio 

from the Bracket 𝛾 narrowband filter, and found a Strehl Ratio increase from 

∼ 19% with the integrator to ∼ 23% with the predictive EOF method.

A.1.2 Kalman filtering and linear quadratic Gaussian 

controllers

Haffert, 2021 [99] takes a Kalman filtering-like approach, with a subspace pre­

dictive controller. Subspace predictive control builds and updates a predictive 

Kalman filter, with a state vector built of wavefront sensor slopes and DM 

commands; this work could also be considered an extension of the Dessenne, 

1998 [58] work, but without the need for rejection transfer function (or pseudo-

open loop reconstructed) data to train against. This method, when applied to 

the MagAO-X daytime bench (an instrument for the 8 meter Magellan-Clay 

telescope) shows a contrast improvement by a factor of of up to 10-20 for low 

wind speeds and up to two orders of magnitude for higher wind speeds at a 
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central wavelength of 760 nm [99].

Linear quadratic Gaussian control was suggested as a controller for astro­

nomical telescopes in 1993 [202], making more than 30 years of machine learning 

methods for wavefront control. The classic implementation of this method 

quickly gained popularity for the control of lower order modes. LQG runs as 

the standard low order controller for the VLT/SPHERE, where low order LQG 

performed with an RMS error of 0.87 mas on tip and tilt, as compared to a 

classic integrator at 12.8 mas [211]. The Gemini Planet Imager (GPI) also 

uses low order LQG control, in particular to control consistent and specific 

frequencies; for example one 27 Hz frequency induced a 19.5 mas tilt, and with 

the LQG 2.3 mas of tilt remained at a central wavelength of 1570 nm [219].

The only application of this method as a full controller on-sky was on the 4.2 

meter CANARY AO demonstrator at the William Herschell Telescope, which 

reports a Strehl Ratio of 50.9% for a classic integrator, and 61.9% for the LQG 

controller in the H band [255]. A reformulated data-driven LQG [254] was also 

tested on CANARY/WHT, finding up to 7% Strehl Ratio improvement (from 

0.067 to 0.051 radians RMS) when run on-sky in the H band.

Predictive Fourier control (PFC) [218] is another LQG alternative, which 

learns wind speeds from telemetry data (often called a wind-driven predictor). 

Its original implementation was for GPI-like simulations, which showed an 
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integrator residual RMS error of 37.2 nm, as compared to 21 nm for the 

predictive Fourier control [218]. Fowler, 2022 applied this method to Keck 

telemetry, finding an improvement in RMS error on by a factor of 2.5 when 

comparing PFC to on-sky integrator residuals [72]. Most recently lab results 

from the LLAMAS (Low Latency Adaptive Optical Mirror System) testbed 

show a decrease in temporal error power by up to 3, with varying wind speeds 

and spatial frequencies [217]. The predictive Fourier control method also allows 

for non-integer lags in the predictor, which makes for a highly tunable predictive 

corrector.

A.1.3 Neural networks

Some works have explored the use of neural networks (NN) for predicting the 

evolution of atmospheric turbulence or wavefront sensor telemetry [152, 297, 97]. 

These mainly focused on the prediction of (pseudo-)open loop measurements, 

and all show promising improvements over classical, non-predictive controllers 

(i.e., an integrator). We note that these methods build a nonlinear state-space 

model that predicts the evolution of turbulence, but do not build an optimal 

nonlinear controller; a classic integrator is often used as controller. From these 

works, Wong, 2021 [297] used a simple feed-forward NN, while Hafeez and Liu 

used Long-Short Term Memory networks to deal with the temporal aspect of 
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the data [97, 152].

Swanson, 2022 [266] used NN prediction in a closed-loop AO system, showing 

that in closed-loop there can be a mismatch between the training distribution 

and observed distribution, which can be mitigated by using an adverserial 

prior. Swanson, in particular, explored the role of guide star magnitude and 

increased sky coverage, showing that the NN method was able to show major 

performance improvements for a 16th magnitude guide star, from a Strehl 

Ratio of 40% with an integrator to 70% with the NN, for a simulated 8 meter 

telescope in the R band.

The challenge with nonlinear state-space models is that it is not trivial 

to find an analytical solution to the control problem with a quadratic cost 

function (unlike linear examples). To that end, reinforcement learning (RL) 

aims to derive optimal nonlinear controllers by e.g. using planning algorithms 

(model-based) or through direct optimization of a parameterized control law 

(model-free). An additional feature of RL algorithms is that one is not limited 

to a quadratic cost function of the state variables but is free to choose the 

optimization objective (i.e., reward), allowing one to directly optimize for e.g. 

Strehl or contrast.

Nousiainen, 2021 [195] used model-based RL in a simulated 24x24 AO 

system with a Shack-Hartmann and demonstrated an improvement in Strehl and 

309



contrast compared to an integrator, showing that their algorithm is also able to 

deal with DM to wavefront sensor misregistrations, but notes that the algorithm 

may be too computationally expensive to run at kHz frequencies. A consecutive 

work (Nousiainen, 2022 [192]) solved this issue by using a parameterized control 

law; they not only show significant contrast improvements in a simulated VLT-

like system with a PWFS, and decreased speckle variance in the lab with 

MagAO-X, but also run a simulations of a 40 meter telescope in real time 

with this controller, increasing performance from 88% Strehl with a classic 

integrator to 90% Strehl for the RL method, calculated at 1650 nm. Most 

recently, Nousiainen demonstrated these results the GHOST testbench and 

showed promising initial results in a cascaded AO system. [193]

On the other hand, in the work of Landman, 2020, and 2021 [145, 146], 

a model-free algorithm is chosen based on the Deep Deterministic Policy 

Gradient algorithm. Landman shows improvements in vibration mitigation 

in simulations and lab experiments and a large improvement in contrast in 

a simulated high-contrast imaging instrument on an 8 meter telescope (from 

10−4 for the integrator to 2 × 10−5 for the RL method, calculated at 1000 nm). 

By utilizing a combination of an LSTM and CNN, the RL algorithm built a 

policy that adjusts to changing atmospheric conditions without online learning, 

making the controller highly adaptable to changing on-sky conditions.
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Pou, 2022 [214] also uses a model-free approach using the Soft Actor-Critic 

algorithm and considers a distributed approach using multi-agent RL. Pou 

shows improvements in Strehl for a simulated 8-meter telescope with Shack-

Hartmann WFS and PWFS, from 85% Strehl to 91% Strehl calculated at 1650 

nm. [215] However, for the Pyramid, this performance required a nonlinear 

wavefront reconstructor before the RL controller.

A.2 Center-finding strategies for ORKID PSF 

jitter analysis

Center-finding strategies were used regularly in this analysis. PSF jitter 

estimates and recentering all require a reliable centering method. Here we 

explore the various centering strategies and explain our rational for the choice 

in this work.

Our goal for these methods is to recover the impact of tip and tilt zernike 

modes as they map to motion of the PSF via image jitter, so we estimate its 

performance by simulating an ORKID PSF at 656 nm and injecting the zernike 

modes tip and tilt to see how well an algorithm matches this recovery.

We then propagate a zernike mode through an open or closed loop PSF 

and through a “perfect” PSF with only the Keck primary geometry. Using 
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the perfect PSF as a truth condition on the injected motion, we compare 

the recovery of that motion via every photutils [25] center-finding method. 

Figure  A.1 shows this recovery for the closed-loop simulations.

From the first analysis we rule out center of mass algorithms, as they are 

prone to error in the case of high background or halo. While brightest-pixel 

provides good performance, ideally we wish to recover sub-pixel accuracy, which 

is not possible with a single max pixel value. (We tested brightest pixel super-

sampling methods but this increased the computational time beyond feasibility 

for hours of 5 ms exposures.) While photutils.centroid_quadratic showed 

the best recovery in our experiment, run over many frames it was prone to 

outliers, and for this reason we use photutils.centroid_1dg for this analysis. 

This method fits a Gaussian to a 2D array by fitting the x and y values each 

with a 1D Gaussian.

When tracking jitter in this work, two regimes are important: (1) tracking 

jitter on the order of ∼15 mas to track the nominal performance (which we 

ideally wish to do with high precision), and understanding large moves. We 

therefore consider the small and large error independently, as centroid_1dg

performance worsens as the move increases. We show that with this method 

we can track tip/tilt motion down to 0.7 mas for jitter under 20 mas and to 4 

mas for moves under 50 mas, as shown in Figure  A.1.
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Figure A.1: Left: Injection and comparison for different center-finding methods. 
Right: Residuals of the centroid_1dg method. This puts limits at 4 mas for 
moves under 50 mas and 0.7 for moves under 20 mas.

A.3 Math mistakes in fundamental papers

A.3.1 Paschall & Anderson, 1993

The first paper to describe applying an LQG controller to an astronomical 

telescope system. The quadratic cost function described in Eq (17) of the 

original paper [202], written as:

J = E⟨𝑁
𝑖=0

1
2

[xT(𝑡𝑖)𝒳x(𝑡𝑖 + uT(𝑡𝑖)𝒰u(𝑡𝑖)]⟩ (A.1)

is missing a close paren, it should read:

J = E⟨𝑁
𝑖=0

1
2

[xT(𝑡𝑖)𝒳x(𝑡𝑖) + uT(𝑡𝑖)𝒰u(𝑡𝑖)]⟩ (A.2)
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This is an arguably obvious mistake, as the vector x must apply to some 

discrete timestep.

A.3.2 Dessenne et al., 1998

Many credit Dessenne, 1998 [58] as the first paper to describe a fully predictive 

controller. It builds a state vector 𝜙, which holds both wavefront sensor 

residuals and deformable mirror commands. Equation (20) of the original work 

lays out the state vector and the predictive filter as:

𝜃 = [𝑏1...𝑏𝑝−1, 𝑎0...𝑎𝑞−1]𝑇

𝜙(𝑖) = [𝑦(𝑖 − 1)...𝑦(𝑖 − 𝑝 + 1)]

(𝑦 − 𝑒′
𝑚𝑒𝑎𝑠)(𝑖 − 2)...(𝑦 − 𝑒′

𝑚𝑒𝑎𝑠)(𝑖 − 1 − 1)]

This expression has an extra bracket inserted. It should read:

𝜃 = [𝑏1...𝑏𝑝−1, 𝑎0...𝑎𝑞−1]𝑇

𝜙(𝑖) = [𝑦(𝑖 − 1)...𝑦(𝑖 − 𝑝 + 1), (𝑦 − 𝑒′
𝑚𝑒𝑎𝑠)(𝑖 − 2)...(𝑦 − 𝑒′

𝑚𝑒𝑎𝑠)(𝑖 − 1 − 1)]

The entirety of the second two lines of the originaly Equation (20) make up a 

single expression for the state vector. This error has high potential for confusion 
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as one could interpret it as a third expression, missing its definition, or two 

series of terms that should be multiplied as cross terms.

A.3.3 Poyneer et al., 2007

Poyneer, 2007 [218] is one of two major predictors explored today. It makes 

use of a particular modal basis, complex Fourier modes. The expression for 

complex Fourier modes in the original work from Equation (1) is written:

𝑓𝑘,𝑙[𝑥, 𝑦] = cos (𝑖2𝜋𝑘𝑥 + 𝑙𝑦
𝑁

) + 𝑖 sin (𝑖2𝜋𝑘𝑥 + 𝑙𝑦
𝑁

) (A.3)

which has two extra imaginary terms inserted. It should read:

𝑓𝑘,𝑙[𝑥, 𝑦] = cos (2𝜋𝑘𝑥 + 𝑙𝑦
𝑁

) + 𝑖 sin (2𝜋𝑘𝑥 + 𝑙𝑦
𝑁

) (A.4)

Those familiar with complex modes would likely spot this mistake immediately, 

but due to the waning use of complex modes it may be easy to forget where the 

imaginary terms lie. It should also be noted that the cos and sin of imaginary 

numbers provides a real answer, so it is not immediately obvious in debugging 

results mathematically that this is incorrect.
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Appendix B

Foolish Musings

B.1 In violation of the prime directive: simu­

lating detriments to Delta-Quadrant civi­

lizations from the starship Voyager’s im­

pact on planetary rings

B.1.1 Abstract

In the seven years that the starship Voyager spent in the Delta Quadrant, 

it used many questionable techniques to engage with alien civilizations and 

ultimately find its way home. From detailed studies of their logs and opening 
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credits, we simulate Voyager’s practice of orbiting a planet, to examine the 

effect on planetary rings. We outline a feasible planetary system and simulate 

the extent to which its rings would be disrupted. We find that Voyager’s orbit 

could inflate the height of the rings in the vicinity of the spacecraft by a factor of 

2, as well as increase the relative speeds of neighboring planetesimals within the 

rings. This increase in ring thickness has the potential to alter shadows on any 

moons of this planet, impacting ring-shadow based religions. Additionally, the 

acceleration of these planetesimals could rival their gravity, bucking any alien 

inhabitants and their tiny civilizations off of their planetesimal homeworlds. 

Finally, we posit that due to increased collisions amongst the planetesimals 

(which may harbor tiny intelligent life) the trajectory of these civilizations may 

be forever altered, violating the prime directive.

B.1.2 Introduction

The formation and evolution of planetary rings has been highly studied and 

modeled over the years (for a review, see Refs. [84, 244]). Nbody simulations 

are a common tool to model the effect of rings given gravitational forces over 

time, including due to disruptions resulting from the changing orbits of moons. 

However, to date no published literature has tackled the impact of intelligently-

driven foreign bodies on planetary dynamics and ring evolution. Here, we 
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consider the problem of of how planetary rings may change after encountering 

the Starship Voyager.

Star Trek: Voyager’s [16] opening credits feature a collection of Voyager’s 

exploits, presumably representative of their seven year journey in the Delta 

Quadrant of the Milky Way Galaxy. Much of the opening credits feature 

Voyager interacting with gas and dust, carving paths through nebulae and 

zooming around planetary rings. We aim to carefully treat a Voyager-planet 

interaction from the opening credits and examine impacts to the ring system. 

The Planetary Federation’s Prime Directive states that no member of Star Fleet 

may interfere with the evolution and natural development of alien civilizations.

We examine to what extent simulations show that Voyager in this 

opening credit scenario could violate the Prime Directive.

In Section B.1.3 we motivate our problem given a reconstruction of the 

opening credits and describe our initial assumptions to model a Voyager-planet 

interaction. In Section B.1.4 we describe numerical integrations of planetary 

ring dynamics conducted using the Nbody code REBOUND [226, 227]. In Section 

B.1.5 we discuss potential impacts of ring-disruption and consider violations 

of the Prime Directive. Finally, in Section B.2.6 we make our conclusions 

and summarize recommendations for the protection of Delta-or-any-Quadrant 

aliens.
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B.1.3 Initial conditions of a voyager-planet system

To estimate Voyager’s impact on the rings of a given planet, we use a scene 

from the opening credits (shown in Figure B.1) to benchmark a typical Voyager-

planet interaction. Assuming Voyager is the size of a middle school (we find 

this to be feasible based on the crew compliment it could support before the 

catastrophic run-ins of the first few episodes) we size Voyager at ∼ 200 meters 

long. Following standard theoretical procedure, we model Voyager as a sphere 

of radius 𝑅Voy = 100𝑚. As illustrated using Voyager’s reflection on the ring 

surface (Figure B.1, right panel), the spacecraft is approximately three Voyager-

lenghths (6𝑅Voy) above the ring surface. Using Voyager’s size relative to the 

planet in Figure B.1, we rule out gas giant planets. The planet is blue in the 

opening credits, so we use a planet mass, 𝑀𝑝, and radius, 𝑅𝑝, equal to those 

of Neptune for our estimates.

The ring geometry in our simulations is illustrated in Figure B.2. For rings 

extending from 1.35–2.28𝑅𝑝 (left panel), comparable to the rings of Saturn, we 

identify a viewing geometry comparable to that shown in Figure B.1. However, 

given this geometry, Voyager itself must be enhanced in size by a factor of 

1000 to have an appropriate size. We expect that image enhancement [248] 

was used to magnify Voyager in the opening credits sequence. An alternative 

that does not require image enhancement is provided in the right-hand panel. 
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Here, Voyager is appropriately sized, but the rings are quite thin, extending 

from 1.3999 to 1.4001 planetary radii. In both viewing geometries, Voyager 

orbits at a distance of 1.4𝑅𝑝. We prefer the wider rings due to a better visual 

match, but we note that our results for the dynamics of ring particles in the 

vicinity of Voyager are independent of which geometry we choose.

We assume Voyager’s bulk composition resembles the density of Titanium 

at 4.5 g/cm3. While Aluminum is more commonly used in spacecraft because 

it’s light and sturdy, we assume that 4800-era Titanium alloys could provide the 

stability needed for warp-speed travel. With improved space mining and energy 

sourced from Dilithium crystals, we project an enriched Titanium alloy would 

be a suitable material. Voyager is not entirely metal, but likely contains ∼ two 

thirds empty space. Given this porosity, 𝜙Voy = 0.66, the spacecraft’s density 

is 𝜌Voy = 1.53 g/cm3, and its mass 𝑀Voy = 6.41 × 1012 g = 1.07 × 10−15

Earth masses. We note that the Hubble Space Telescope has a density of only 

0.06 g/cm3, but Voyager requires greater robustness because it travels faster, 

further, and has to survive more hull impacts.

While the size of particles in Saturn’s rings can be as large as 1km, the 

typical size is 2-12 m (made mostly of water ice). (author?) [111] argue that 

this maximum size is determined by thermal stresses and suggest that ring 

particles in the Neptunian region should also have similar maximum sizes. We 
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therefore assume that the largest ring particle sizes evident as the opening 

credits sweep through the rings is 1–10 m. However, unlike Saturn’s rings, 

which have a typical thickness of 10m (outside of radially-thin regions where 

perturbations by shepherding moons produce “walls” that can reach 1km in 

height), these Delta-quadrant rings appear to be ∼30–100 particle-sizes thick. 

This puzzling difference may come from a distinct coefficient of restitution 

in Delta quadrant rings. Indeed, [244] find that while rings modeled using 

a “frosty” elasticity model are expected to be 10 particle-sizes thick, their 

preferred “smooth” elasticity model is consistent with a 30 particle-size-thick 

ring that is marginally optically thick.

For a full-width ring thickness of 60m, our estimate that Voyager is 3 

Voyager lengths above the rings (Fig B.1), puts the starship 10 ring thicknesses 

above the rings, consistent with the sweeping view provided in the opening 

credits. These starting assumptions are listed in Table B.1.

We simulate the impact of Voyager orbiting for 1 Earth-week on 2000 

nearby planetary ring particles. The ring particles (which may be 1–12 meters 

across at most) are small with respect to Voyager, so they are simulated as test 

particles For computational efficiency, we restrict our simulated ring particles 

to orbits with semi-major axis randomly drawn from a uniform distribution 

between -2.5 and 2.5 𝑅Voy from Voyager’s orbital semi-major axis at 1.4𝑅𝑝. 
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Figure B.1: Left: Video evidence from the opening credits allow us to estimate 
initial conditions. Right: Estimated height of Voyager above the rings of 3 
Voyager lengths, based on reflection. Figure adapted from Star Trek: Voyager 
[16] 

The particles are assigned random inclinations from a uniform distribution 0 to 

𝐻/𝑎Voy, where 𝐻 = 30m is the half-thickness of the rings and 𝑎Voy = 1.4𝑅𝑝

is Voyager’s orbital distance. Longitudes of pericenter, 𝜔, and longitudes of 

ascending node, Ω, are drawn uniformly between 0 and 2𝜋 radians, and ring 

particle true anomalies, 𝑓, are chosen such that the initial angular position of the 

particles ranges uniformly between ±0.0002 radians from the angular position 

of Voyager. Voyager is initialized to be at its maximum vertical separation 

from the rings, with 𝜔 = 0, Ω = 𝜋, 𝑓 = 𝜋/2, and inclination 𝐻Voy/𝑎Voy where 

𝐻Voy = 600 m.
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Figure B.2: Initial conditions of the simulations for the REBOUND setup. Left: 
Note that Voyager is 1000x too big in this plot for visual comparison with 
the original image. We expect that image enhancement [248] was used to 
magnify the Voyager and the region around it – leaving our use of Voyager as a 
measuring stick credible but allowing us to pick on other things we didn’t like. 
Right: Here Voyager is a realistic size with respect to the planet, but the rings 
appear much thinner than in visual comparison. We expect this may be due 
to artificial projections of larger size, like that of the alien society in Catspaw 
[232]. 
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 Parameter  Estimate  Justification  Notes
 planet mass  1.02×1029g  Neptune mass  planet is blue
 average ring radius  4.50×109cm  2 Neptune radii  Saturn-like rings
 Voyager diameter  200 m ∼ middle school  bigger than a beach motel but smaller

 sized  than a community college
 Voyager height  600 m  3 Voyagers above the rings  see Fig B.1
 Voyager density  1.53 g/cm3  4.5 g/cm3  Dilithium strengthened

 at a porosity of 0.66  Titanium alloy

Table B.1: Starting assumptions of the n-body simulation.
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B.1.4 Simulated Voyager impacts

We integrated the simulation forward using the orbital dynamics code REBOUND

with the ias15 integrator [226, 227]. We allow Voyager to orbit the planet for 

7 days, a typical visit duration, and then examine impacts to the rings. Results 

are shown in Figures B.3 and B.4.

Ring puffing

The major impact of the Voyager-planet interaction takes the form of increasing 

the thickness of the rings, or ring-puffing. After Voyagers 7-day orbit, the 

starship carves a small gap in nearby particles, both azimuthally (Figure B.3) 

and radially (Figure B.4. Just beyond the gap, we see the nearby ring thickness 

increase by a factor of 2, as shown in Figure B.4.

The ability of Voyager to scatter nearby ring particles may be understood 

using the impulse approximation. The initial “random velocities” of ring 

particles (velocities relative to Keplerian) are approximately

𝑣rand = 𝐻Ω ∼ 1cm/s , (B.1)

where Ω = (𝐺𝑀𝑝/𝑎3
Voy)1/2 is the orbital angular velocity. The vertical velocity 
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kick induced by Voyager over one 4.27-hour orbital period is approximately

𝑣kick ∼
𝐺𝑀Voy

𝐻Voy𝑣rel
∼

2𝐺𝑀Voy

𝐻2
VoyΩ

∼ 0.6cm/s , (B.2)

where we have taken 𝑣rel ∼ 𝐻VoyΩ.

Figure B.3: Ring particle heights as a function of azimuthal distance along 
the ring (black points). Initially (top), Voyager (red circle) lies above the ring. 
After 7 days (bottom), Voyager’s orbit has cleared an azimuthal gap extending 
a few tens of starship radii in both directions. Voyager size is to scale. 

Increased velocity and collision rate of ring particles

The random velocities of the particles will increase with ring height (as described 

in Equation (B.1) ; with a 2x increase in ring height, we project the particle 

speed will increase by approximately a factor of two from its initial value of ∼1 

cm/s. This increase in speed over 7 days will create a puff-induced acceleration 
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Figure B.4: Ring particle heights as a function of radial distance from the center 
of the planet. Distances are measured with respect to the orbital separation 
of Voyager. The smooth initial ring distribution (left) is vertically excited in 
the neighborhood of Voyager by approximately a factor of 2 (right) due to 
scattering by the starship. A small radial gap is also evident at the orbital 
distance of Voyager. 

of ∼ 10−5 cm s−2. We note that the acceleration of some particles likely occurs 

on less than a 7-day timescale, so this estimate is a minimum acceleration.

In Figure B.5 we estimate a number density of particles in the rings. We 
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Figure B.5: Estimate of particle number density in the ring. We count 50 
particles in this 5 meter (or 5 median-particle-size) box. 

assume the number density of particles stays constant across the puffing as 

particles ejected from the gap pile up at the gap edges, making up for the 

increased height.1 Using a median particle as 10 meters across we count 50 

particles per 5x5m box (we count the box size as 5 median particles across), 

and take 30 meters (the ring height) as the depth, giving us a final number 

density of 𝑛 = 6.67 × 10−8 cm−3. Using a geometric cross-section for collisions 

𝜎 and relative velocities, 𝑣rel comparable to the random velocities of the disk 
1This choice was entirely physically motivated and has nothing to do with the fact that 

we only have one screengrab of the opening credits from which to estimate number densities.
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particles, we calculate the collision rate:

collision rate = 𝑛𝜎𝑣rel = 0.42 s−1 (B.3)

meaning we expect a collision of ring particles approximately every 2.5 seconds 

(where previously, it was only every 5 seconds). This results in 1.5 × 106 more 

collisions due to Voyager during its 7 day orbit.

B.1.5 Violations of the prime directive

Seeing the notable effects that Voyager has on this ring system, we fear Voyager 

is likely to have a major impact on any life that exists within this ring system. 

Below we outline some cases in which the puffing of the rings, the increased 

velocity of the particles, and the increased collisions of the particles could 

violate the Prime Directive.

Creation of a super-space virus

As evinced by numerous existing studies on space viruses [232, 233, 15, 16], 

one of the greatest dangers to space travel are viruses that have ranged from 

intoxication so powerful it leads to death (e.g., PSI 2000 of [232]), viruses that 

have disrupted communication (e.g., Aphasia Virus of [15]), and viruses so large 

you can see them (e.g., Macroscopic virus of [16]). With increased collision 
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of ring particles, foreign matter that would have otherwise remained dormant 

will be more likely to interact with other matter – laying the groundwork for a 

super-space virus built from many ring-particle’s worth of viral space matter. 

This could not only impact the crew of Voyager and other travelers to the 

region, but bring disease to any aliens that lived on moons or on the small ring 

particles.

Figure B.6: Left: Morphology of tiny aliens after their humanoid projection 
is undone Figure adapted from Star Trek: The Original Series [232]. Right: 
Humanoids and the Defiant shrunken down to tiny size. Figure adapted from 
Star Trek: Deep Space Nine [15]. 

Disruptions of tiny intelligent life living on ring particles

Given previous surveys of alien civilizations (e.g., Catspaw aliens in [232]), as 

well as the feasibility of making humanoid-size aliens tiny (e.g., circumstance 

of One Little Ship in [15]) it is not unlikely that the small planitesimals could 
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harbor tiny intelligent life, see Figure B.6 for examples.

Creatures living on planetesimals and ring particles would have extremely 

low surface gravity; for the case of a 1 meter diameter particle with a density 

of 1 𝑔/𝑐𝑚3, their gravity would be 𝑔𝑝 = 1.4 × 10−5 cm/s2. This means that 

any of these creatures would be particularly vulnerable to acceleration of their 

planetesimals by increased particle velocity. The minimum Voyager-induced 

acceleration of 10−5 cm/s2 estimated in Section B.1.4 which is comparable to 

the planetesimal gravity.

Furthermore, due to the aforementioned increased collisions, the likelihood 

of two alien species who otherwise may not interact being thrust into each 

other increases greatly – forever altering the course of their civilization. This 

could be notably traumatic for tiny aliens species, as one species could be

especially tiny compared to another that was only somewhat tiny.

Interruptions to speculative shadow-based religions on ring-embedded 

moons

If a moon were embedded in this planet’s rings, the rings would cast a prominent 

band of shadow on the moon. We expect that for intelligent forms of life this 

shadow would inspire religious worship or festivals, and be closely monitored 

for seasonal variability. A two-times increase in the size of this shadow would 
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certainly be noticeable. Saturn’s rings contain abundant small gaps carved 

by moons, and similar gaps are clearly evident in Figure B.1. Consider, for 

example, a moon located in the middle of a 30km-wide gap (similar to Saturn’s 

Russell or Jeffreys gap). We estimate the shadow cast by the 60m-thick ring 

would take up ∼ 0.1 degrees in the sky. However if Voyager is orbiting near 

the gap edge, then for the duration of the puffed rings, that would increase to 

∼ 0.2 degrees, nearly half the size of our sun in the sky. This changing ring 

shadow could be comparable to the Ferengi False Profits [16], or the Earth 

Battle of Hayls [109].

B.1.6 Conclusions

In conclusion, we predict that Voyager could irreparably alter the course of 

many civilizations with its habit of orbiting planets. By simulating Voygaer as 

a middle-school sized object for 7 days in orbit around an opening-credits-like 

planetary system, we find that the system would undergo a ring puff that 

increases both the ring height and the random velocities of ring particles by 

up to a factor of 2 in the vicinity of the starship. The increased collision 

rate of the particles in this system could lead to a greater confluence of space 

material, potentially creating a super space virus. In terms of intelligent life, 

we predict that any tiny intelligent creatures on planetestimals within the rings 
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would suddenly be thrust into each other, artificially disrupting the natural 

flow of their society. For smaller planetesimals, the puff-induced acceleration 

of these particles will be comparable to if not greater than their gravity, with 

high potential of bucking civilizations clear off their home-particle. These all 

represent clear violations of the Prime Directive, and should be addressed by 

future Star Fleet regulations. We recommend clear policies that avoid orbiting 

ringed planets with any signs of life—intelligent or otherwise.

B.2 Wavefront sensing and control with the 

many headed hydra modal basis

B.2.1 Abstract

The future of space and ground based telescopes is intimately tied to tech­

nology and algorithm development surrounding wavefront sensing and control. 

Only with cutting edge developments and unusual ideas will we be able to 

build diffraction limited observatories on the ground that contend with earth-

atmosphere, as well as space-based observatories that sense and control for 

optical aberrations and telescope jitter. There exist a variety of mathematical 

bases for decomposing wavefront images, including the zonal modal basis, 
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Zernike polynomials, and Fourier modes. However, previous bases have ne­

glected the most vital element of astronomical optics: our field is only as good 

as the people in it. In this paper we propose a new Many Headed Hydra Modal 

Basis (hydra heads) for wavefront decomposition, using physical representations 

of the Adaptive Optics community. We find that the first author makes the 

best wavefront decomposition, on the order of a correct reconstruction within 

∼ 1% of the original turbulence image. We discuss engineering implications 

of the Many Headed Hydra Modal Basis, as applied to deformable mirror 

technology and within active and adaptive optics control loops. Finally, we 

explore predictive control avenues, by positing that the first author being the 

most effective wavefront predicts a successful future for them as a high contrast 

imaging scientist.

B.2.2 Introduction

Future advances in astrophysics depend on improving performance our our 

telescopes and instruments, ranging from verifying sub-Earth exoplanets around 

surprisingly nearby stars [160], to identifying floofs at optical wavelengths [170], 

to discovering exigent threats in galaxies far, far away [159]. The performance 

of these instruments is inextricably entwined with how well we are able to sense 

and correct for aberrations in our incoming light – be it from earth-atmosphere, 
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errors built into the telescope system, or often both. Given we start with 

some representation of phase from an incoming wavefront, and hope to correct 

it, the next step in this sensing and control problem is a choice of basis. A 

zonal modal basis [250] is intuitively simple – breaking down each wavefront 

sensor subaperture into its own mode and controlling along zones. Whereas, a 

Zernike modal basis [262] builds up an intuition of optical aberrations, framing 

incoming light in terms of coma, astigmatism, trefoil, etc, that maps to optical 

defects within our system. Finally, a Fourier modal basis [65] decomposes light 

into sine and cosine waves, and has a natural connection to Fourier transforms 

into frequency space.

We present the Many Headed Hydra Modal Basis (hydra heads), as a basis 

that encapsulates the true character of adaptive optics, by encoding the likeness 

of the very scientists who do it a basis sets. With Section B.2.3, we work 

through the formalism of the hydra heads. In Section B.2.4 we examine the 

effectiveness of the hydra heads as used to decompose a sample turbulence 

image. In Section B.2.5, we discuss wavefront control applications of the hydra 

heads. Finally, in Section B.2.6 we make our final conclusions about why the 

first author makes an extremely good basis set.
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B.2.3 Formulation of the many headed hydra modal 

basis

Given 16 starting candidate heads, we build the modes by:

1. Making the head into a square image.

2. Converting the image from color to black and white.

3. Rescaling the image from 0-1.

4. Appending a negative valued copy of the image.

5. Increasing the spatial frequency (number of heads) and altering the 

orientation.

We display one sample hydra head in Figure B.7, built with the Debes 

head.

The hydra-sim software used to create each hydra head is publicly available 

to turn any input head into a modal basis. Section B.3 scans through a few 

examples of modes for each input head.

B.2.4 Efficacy amongst the hydra heads

Given an input set of 16 heads, we built a Many Headed Hydra Modal Basis 

for each head, as described in Section B.2.3. With this suite of hydrae, we can 
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Figure B.7: Example Many Headed Hydra Modal Basis set using a Debes head 
as starting input. While this full set has 2500 modes (spanning tighter degree 
increments as the pattern rotates and more repetitions of heads) we display a 
handful of modes to get an idea of the modal basis images. 

then test them practically, by decomposing a sample turbulence image. Using

HCIPy [213], we simulate a turbulence profile with 5 wind layers, each with 

their own velocity and 𝑟0. Table B.2 outlines the atmospheric parameters used 

to simulate this atmosphere.
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 Layer  Velocity  Direction 𝑟0
 m/s  degrees  cm

 1  22.7  246  38.9
 2  3.28  71  44.7
 3  16.6  294  45.5
 4  5.89  150  38.8
 5  19.8  14  43.6

Table B.2: These conditions were used to simulate an atmospheric turbulence 
profile as a practical test of the hydrae. We used conditions from [218], because 
the first author happened to have simulated this atmosphere at high resolution 
recently. Our final images are simulated at a wavelength of 1630 nm over an 8 
meter primary telescope mirror. 

Given each hydra head mode starts as a square m by m matrix, which could 

map to a representation of a turbulence profile binned down to a resolution of 

m x m, we make the Many Headed Hydra Modal Basis set A, by flattening 

each mode to be a column of A. From there, decomposing a turbulence image 

becomes a linear algebra problem of the form:

A ⃗𝑥 = ⃗𝑏 (B.4)

where ⃗𝑏 is the flattened image we aim to reconstruct, and ⃗𝑥 contains the 

coefficients of each mode to reconstruct the given image. We solve for ⃗𝑥

using a pseudo-inversion of A, using numpy’s singular value decomposition 

pseduo-inverse method.

For this test we generated 2500 modes for each head, each a 50x50 scene, 
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which was then used to decompose an image simulated at 100x100 resolution 

and binned down to match the 50x50 (to preserve Nyquist sampling). Table B.3 

shows the relative performance of each hydra head. While the Hirschauer head 

displays the best performance, a closer inspection of the original input images 

reveals that the Hirschauer image benefits from a flat background. Considering 

the unreliability of dome flats, we rule this out as a potential hydra head, and 

find that the Fowler hydra head is the most effective modal basis in this set. 

Figure B.8 shows an example turbulence image and the reconstruction using 

the Fowler hydra head. Figure B.9 shows the difference image between the 

reconstruction and the original turbulence.

Figure B.8: Left: Original scene of turbulence, originally generated at a 
resolution of 100 pixels under the conditions described in B.2, and binned down 
to 50. Right: Reconstruction using the Fowler hydra head. 
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 Head % Error
 Hirschauer  0.09
 Fowler  1.07
 Hinz  1.54
 Soummer  2.47
 Macintosh  3.89
 Leboulleux  4.34
 Pearce  4.93
 Stelter  5.02
 Jensen-Clem  5.33
 Debes  5.75
 Millar-Blanchaer  10.40
 Steiger  12.34
 Lewis  13.92
 Balmer  15.66

Table B.3: The relative performance of the sample heads. We decompose 
a sample turbulent wavefront with a hydra head, and calculate the percent 
difference in the reconstructed image and the original simulated image. 
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Figure B.9: Difference image between the Fowler hydra head reconstruction 
and the original turbulence. Note the scale on the order of 0.01 radians in the 
infrared regime. 

B.2.5 Control applications

The hydrae are well-suited for pupils produced by off-axis mirrors (such as 

OAPs or OAEs) because the pupil planes of off-axis mirrors are tilted with 

respect to the beam direction resulting in an elongated pupil. The pupil, being 

non-square, is thus well-matched to a craftily-cropped head shot, although 

care must be taken to ensure that the head shot and the pupil share the same 

axial length ratio. Deviations can be systematically addressed by adding more 

fractal layers, which reduces the problem to one where the solution is known.
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While head shots of prominent scientists2 may not, at first, seem to be a 

sensible basis for wavefront control, we note that, from the perspective of a 

deformable mirror (DM) actuator, following a leader is second nature. After all, 

a ‘follower/leader’ actuator scheme is a common choice in designing wavefront 

control loops. We have simplified this scheme by finding the best head shot 

and designating it the leader, allowing the DM actuators to act in accordance 

with their natural predilections.

Edge effect artifacts of the head shots can affect the final result. We have 

implemented a simple fractal-headed approach described below, simply allowing 

the higher frequency features to be fit with (spatially) copies of smaller head 

shots as needed.3 Determining the lower end cut-off frequency scale when 

using the hydra heads requires the use of a carefully-timed application of 

an integrating sphere fed by a high-powered incandescent lamp or laser, or 

cryogenic liquid (we note that open flame light sources are considered more 

traditional). With some trial and error, the suitable cut-off frequency can be 

found experimentally with only mild burns.
2Or at least the ones who responded to a late-night call on Twitter for head shots.
3We expect that snapshots of stacks of turtles would also be effective. [86]
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B.2.6 Conclusions

In conclusion, we find that decomposing turbulence with pictures of astronomers 

is surprisingly feasible, with a shockingly high variability. While it seemed 

likely that this project would essentially test how good heads are at being sin 

waves, further inspection of the individual bases (see Appendix B.3) shows a 

striking similarity at higher order modes, as only a handful of pixels can be 

used to represent an image that requires many features to resemble a head. 

This potentially implies that the lower order modes are having a large impact 

on this decomposition.

Finally, we stand by the conclusion that how well your head can decompose 

turbulence is strongly predictive of scientific output, with a focus on how well 

the first author can reconstruct the sample scene.4 No formal statistics have 

been conducted on this sample to verify this, and we do not recommend this 

for future works.
4This effect has no relation to Fowler sampling (a commonly-used scheme for reading 

out infrared detectors), as far as we are aware.
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B.3 Full suite of hydra heads

B.3.1 Hirschauer basis

Figure B.10: Hirschauer basis. 
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B.3.2 Fowler basis

Figure B.11: Fowler basis. 
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B.3.3 Hinz basis

Figure B.12: Φllip Hinz. 
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B.3.4 Soummer basis

Figure B.13: Soummer basis. 
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B.3.5 Macintosh basis

Figure B.14: Bruce DMacintosh. 
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B.3.6 Leboulleux basis

Figure B.15: Lucie Lebou||eu⊗. 
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B.3.7 Pearce basis

Figure B.16: Pearce basis. 
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B.3.8 Stelter basis

Figure B.17: Stelter Basis. 
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B.3.9 Jensen-Clem basis

Figure B.18: Rebecca Jensen-KLem. 
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B.3.10 Millar-Blanchaer basis

Figure B.19: Maxwell Modal-Blanchaer. 
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B.3.11 Steiger basis

Figure B.20: Steiger Basis. 
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B.3.12 Lewis basis

Figure B.21: Lewis Basis. 
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B.3.13 Balmer basis

Figure B.22: Balmer Basis. 
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