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Abstract

Real camera imaging deviates from the behavior of an ideal lens, giving rise to distortion, lens blur, and vignetting. Although
various methods have been proposed to realistically simulate these degradations, most address them separately and cannot fully
leverage the optical system’s physical characteristics as priors. In this work, we propose a unified model of the camera’s optical
system that handles such effects simultaneously. By incorporating the system’s physical properties as priors, our model mitigates
the ill-posedness of the inverse problem and yields physically plausible estimations from a small set of measurements. Moreover,
by reconstructing the fundamental behavior of the optical system, our approach is expected to find broader applications than

existing methods that calibrate only individual characteristics, such as distortion or blur kernels.
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fmask(w) =1

w = ftransfer(w)

point source

frmask (w)=0

entrance pupil

>

rasterization

h"‘_')
PSF

sensor plane

Figure 1. The pipeline of rendering a PSF of our optical system model. Rays are sampled uniformly on the entrance pupil, and some of
them are masked by the mask function f,,sk. The other rays are transformed by the ray-transfer function fi;,,s and are projected to the

sensor plane. Finally, the spots are rasterized to a PSF.
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Table 1. Evaluation results of the proposed model and [13], conducted on PSFs.

Training PSF (narrow) Evaluation PSF (broad)
Ours [13] Ours [13]

DG PSNR1 33.878£6.354 35.903 & 7.396 34.006 & 6.006 23.140 + 14.310
TS SGIM 1t 0.953+0.046  0.960 4+ 0.037  0.956 & 0.057  0.836 £ 0.177
Cooke  PSNRT 20.166+5.808 36.040 +8.382  29.078 +5.830  25.991 + 10.551
00 SSIM+ 0.879+0.115 0.959 4 0.041  0.880 & 0.119  0.875 + 0.147
T PSNR 1 20.941 +5.666 37.146 4 9.080 29.677 & 5.544 26.093 + 10.689
eSS GSIM1 0.896+£0.107  0.969 & 0.036  0.889 £ 0.121  0.881 £ 0.160

Table 2. Evaluation results of the proposed model and [13], conducted on rendered calibration pattern images.

Without illumination correction

With illumination correction

Ours [13] Ours [13]
PSNR T 35.296 4 3.386 9.407 +2.585 36.634 + 4.329  26.546 £ 4.500
D-Gauss SSIM 1 0.979 +£0.021 0.361 £0.251 0.980 £ 0.021 0.829 £ 0.181
LPIPS | 0.146 £ 0.018 0.496 4 0.301 0.143 £0.017 0.095 + 0.070
PSNR 1T 34.754 +£3.571 8.978 £2.392 35.533 +4.262  28.101 4 4.862
Cooke SSIM 1 0.973 £0.035 0.361 =0.249 0.973 £+ 0.035 0.873 +0.174
LPIPS | 0.020 £ 0.028 0.4714+0.304 0.020 #+ 0.028 0.064 £ 0.064
PSNR 1 26.034 £ 5.018 8.224 + 2.602 26.281 + 5.218  27.185 + 4.661
Tessar SSIM 1 0.805 £+ 0.115  0.365 +0.253 0.805 +0.115 0.872 4 0.166
LPIPS | 0.142 +£0.106 0.45540.289 0.141 +£0.106 0.065 £ 0.073
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Figure 2. PSFs at five different pixel positions (columns) for the
target camera (top row), our proposed model (middle row), and
[13] (bottom row), at d = 10m, f = 4.49m. PSFs at five differ-
ent pixel positions (columns) for the target camera (top row), our
proposed model (middle row), and [13] (bottom row), at d = 10m,
f = 4.49m. Each PSF is normalized by the peak value of the target
PSF. Any pixels in the models that exceed the target’s maximum
value are overlaid in red, with intensity proportional to the amount
of exceedance.
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Table 3. Ablation study on the architecture of the ray-transfer
model.

#Params PSNR 1 SSIM 1
i-ResNet 3480  34.006 +6.006 0.956 4+ 0.057
MLP (4x32) 3460  23.022 +4.091 0.519 + 0.201
MLP (6x64) 21380  21.406 +4.261 0.400 + 0.222
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Figure 3. Calibration patterns rendered using the D-Gauss target lens, the proposed model, and [13].
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Figure 4. PSFs sampled at multiple pixel locations for three object-distance settings: d < f (left), d = f (center), and d > f (right). In
each subfigure, the top row shows the PSFs measured on the target camera (D-Gauss), and the bottom row shows the PSFs estimated by

our proposed model.

Table 4. Ablation study on the degree of the positional encoding.

PSNR 1 SSIM 1

N =0 33903£5921 0.954=£0.058
N =4 34.006+6.006 0.956+£0.057
N =8 33.958+6.052 0.955+0.058
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