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Stray light (SL) control is an important aspect in the development of optical instruments. Iterations are necessary
between design and analysis phases, where ray tracing simulations are performed for performance prediction.
This process involves trial and error, requiring to be able to perform rapid evaluation of SL properties. The
Optical instrument limitation is that accurate SL simulations require sending many rays, which can be time consuming. In this paper,
Autoencoder we use deep learning to improve the accuracy of SL maps even when obtained with very few rays. Two different
EAM deep learning methods are used, an autoencoder and an EAM. The training process is performed by generating a
large database of artificial SL maps, with different noise levels reproduced with a Poisson distribution. Once the
training completed, we show that the autoencoder performs the best and improves significantly the accuracy of
SL maps. Even with extremely small number of rays, it recovers complex SL patterns which are not visible on raw
ray traced maps. This method thus enables more efficient iterations between design and analysis. It is also useful
for developing SL correction algorithms, as it requires tracing SL maps under large number of illumination

conditions in a reasonable amount of time.

1. Introduction

Simulating stray light (SL) is an important step in the design process
of an optical instrument. SL is any light that reaches the detector through
a different path or process than the image forming beam, thus reducing
image quality (Fest, 2013; Breault, 1995; Breault, 1977). In refractive
systems, ghosts are SL paths caused by the partial reflection of light on
lenses interfaces (Fig. 1). If the instrument has m interfaces, it can pro-
duce up to m-(m—1)/2 ghosts on the detector at second order specular
reflection (Fest, 2013). Hence even a simple system with a few lenses can
produce a complex SL patterns composed of many ghosts (Clermont
etal., 2018; Clermont et al., 2022). Higher orders ghosts, involving more
than two reflections, are possible but often negligible compared to sec-
ond order ghost as the energy is decreased by additional reflections. SL
can also be produced by the scattering of light on the lenses interfaces
(Stover, 2012; Harvey, 2019; Vernold and Harvey, 1997). SL simulations
are necessary to verify the SL level and to validate the opto-mechanical
design (Fest, 2013; Breault, 1995; Clermont and Aballea, 2021; Gauvin
and Freniere, 2000). Often, iterations are needed between the design
and analysis phases until a satisfactory performance is reached. There-
fore, it is useful to be able to perform simulations in a time efficient
manner. Moreover, it is sometimes necessary to simulate the SL under
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many conditions, for example over a large number of individual illu-
mination angles for the development of a SL correction algorithm
(Clermont et al., 2018; Clermont et al., 2022).

SL simulations are performed with a ray tracing software, where an
optical model of the instrument is built. Rays are sent in the system and
they interact with the different surfaces according to their optical
properties (Fest, 2013; Peterson, 1999). Ultimately, the SL pattern is
obtained by recording the rays that fall on the detector. Usually, we
consider an illumination from a point-like source in the field of view, in
which case the SL pattern is called the spatial point source transmittance
(SPST) (Clermont et al., 2018; Clermont et al., 2022). As a finite number
of rays are sent, the SL pattern is affected by a stochastic error inversely
proportional to the square root of the number of rays (Clermont et al.,
2020). The efficiency of a SL simulation is improved with various best
practices (Pfisterer, 2004; Pfisterer, 2014). For example, ray aiming
traces scattered rays only toward a specific direction of interest. A limit
can also be set on the number of times rays are split through partial
reflections or scattering events. Another method is to illuminate the
instrument only through the stray light entrance pupil (SLEP) and to
optimize the ray density spatial distribution (Clermont et al., 2020). SL
analysis also benefits from improvements in computational power, in
particular with the use of GPU. Despite the use of these methods,
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Detector

Fig. 1. An optical system with the image forming beam (solid line) and a ghost
reflection between two lenses interfaces (dotted line).

performing a SL simulation is a time-consuming process. In the case of
scattering on the lens interfaces, the SL pattern on the detector is smooth
and therefore even with a relatively large noise it could be fitted with a
model. For example, Harvey-Shack, ABg or even polynomial models
(Harvey, 2019). Ghosts however present complex spatial distribution
and therefore a simple fit isn’t enough to get a SL map with reduced
noise.

We use deep learning to improve the accuracy of ray tracing simu-
lations for ghost reflections, especially when a very small number of rays
are traced. We build a database of SL maps with different levels of ray
tracing noise to train a deep learning algorithm. Afterward, we are able
to estimate the noise free SL map from a noisy input map. Two particular
deep learning algorithms are tested, both falling in the category of
convolution neural networks. In this paper, we show that this method
enables to significantly improve the accuracy of SL maps, in particular
when the ray tracing is done with a very small number of rays. It thus
represents a very useful tool for rapid evaluation of SL properties for
optical instruments.

2. Methods
2.1. Deep learning approach

Deep learning, a branch of machine learning, is a series of compu-
tational methods which allows for a computer to perform tasks without
being explicitly programmed to do so (Samuel, 1959; Koza et al., 1996;
LeCun et al., 2015; Mitchell, 1997). Based on neural networks, it ad-
dresses problems by learning from data (Ma et al., 2021). The first phase
consists in training the neural network, exposing it to a series of data
which include the ground truth: the target of a task when entered with a
given input. The training consists in calculating a loss function repre-
senting a distance between the ground truth and the output of the neural
network. The parameters of the neural network are then optimized to
minimize the loss function. Once the training is completed, the algo-
rithm is able to realize the task of estimating the ground truth when
entered with new input. Deep learning algorithms improve automati-
cally through experience (Mitchell, 1997), hence it is necessary to have a
large training dataset. While training is a time-consuming process, it is
performed only once. Then, the application of the deep learning to make
a prediction is nearly immediate. For example, for a 500x500 image, it
takes 2 s using Python on a CPU with an Intel Xeon 2.20 GHz, and only
0.1 s on a GPU T4. This processing time is independent of the number of
ghosts in the image or the spectral width used for ray tracing.

Applications of deep learning are numerous, from medical imaging
(Anaya-Isaza et al., 2021) to speech recognition (Nassif et al., 2019),
image rendering and denoising (Tewari, 2020; Tian et al., 2020; Chak-
ravarty et al., 2017; Saeed et al.; Morteza et al.) or autonomous driving
(Huang and Chen, 2020) among others. In the field of optics, deep
learning is applied for computational imaging (Barbastathis, 2020; Li
and Tian, 2022), photonic structure design (Ma et al., 2021; Tahersima
et al., 2019) and lens design (Coté et al., 2019; Lalonde and Thibault,
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2021; Cote, 2018). Many deep learning applications involve extracting
information or improving quality of an image (Anaya-Isaza et al., 2021;
Tewari, 2020). Therefore, deep learning appears as a good candidate for
improving the accuracy of SL simulations. Here, the data to provide for
the neural network training are noisy SL maps obtained with a small
number of rays, and the ground truth which corresponds to the same
maps obtained with a number of rays sufficiently large for ray tracing
noise to be negligible.

Two different deep learning models are selected, both falling into the
category of convolutional neural network (LeCun et al., 2015; Alzubaidi
et al., 2021; O’Shea and Nash, 2015). The first is an autoencoder with
approximately 600.000 parameters, initially developed by Chakravarty
et al. for image rendering applications in the field of video games
(Chakravarty et al., 2017). This technique is well suited for SL maps
traced with fe the application of the deep learning to make a prediction
is nearly immediate w rays, as it is developed to reconstruct sequences of
images with extreme noise. Compared to the initial algorithm, only the
autoencoder part is used while the recurrent part is removed, as the
input is a single SL map rather than a sequence of images. An autoen-
coder is composed of two elements. The first one is the encoder that
compresses data to a smaller dimension by removing unnecessary and
useless information such as noise. The second is the decoder that
reconstruct the image using the encoded data.

The second-deep learning technique uses enhancement attention
modules (EAM) (Saeed et al.). It is composed of three parts: feature
extraction, feature learning residual on the residual, reconstruction. This
method is another good candidate for SL maps reconstruction as it is
meant to predict images based on very noisy inputs. The high level
principle is to extract features and to estimate the noise from it.

Both neural networks are trained on 30 epochs with a training
dataset of 5000 SL maps, using the same custom loss function L con-
sisting of three components: Ly, Ly and L;. The first component, L,
corresponds to the mean absolute error and is expressed by equation (1).
In this equation, P; is the value at pixel i on the target image, P’; the value
at pixel i on the predicted image and n the number of pixels. The second
component, Lg, is a gradient domain loss used to penalize differences on
edges in order to obtain ghosts with sharp edges. Expressed by equation
(2), it uses a Laplacian of gaussian operation V which computes the
second derivative of the image (Sotak and Boyer, 1989). The third
component, Ly, is a histogram loss similar to (Morteza et al.) but using a
Kullback-Leibler divergence (Kullback and Leibler, 1951; Joyce and
Lovric, 2011) as a metric to compute dissimilarities between the two
probability distributions. This loss function is used to preserve the global
structure of the target image on the predicted image. It also allows to
work on distribution level rather than over individual pixels. This
function is expressed by equation (3), where H and H' are the histogram
of the target and predicted images, respectively. The histogram is
evaluated on 2048 bins, and the sum in (3) goes on the different possible
values of the histogram. The final loss function L is given by equation
(4), with the coefficients set as (am, ag,an) = (0.8,0.1,0.1). The goal of
the deep learning training is to minimize the loss function L, and
therefore to minimize the three components of the loss at the same time
but with a different weight.
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Fig. 2. Spatial distribution of individual ghosts maps, generated with a large number of rays to obtain a negligible ray tracing noise. The linear combination of

individual ghost maps enables the construction of a database of artificial SL maps.

2.2. Training database: Ground truth maps

The training database must be filled with a large quantity of SL maps.
One simple but inefficient way to generate the database would be to
compute every single of them individually by ray tracing, based on the
model of various optical systems under different illumination conditions
to cover a wide variety of situations. Moreover, a very large number of
rays should be traced for the ground truth maps, so that the ray tracing
noise would be negligible. In practice, this is a cumbersome and time
consuming task to be performed and therefore an alternate approach is
preferred. We take advantage of SL being a linear and additive

phenomenon (Laherrere et al., 1997): the SL pattern for an optical sys-
tem is the sum of the patterns for the different ghosts created by the pairs
of partially reflective interfaces. If a reasonably large library of indi-
vidual ghosts maps was available, an infinite number of SL maps could
be generated by combining them randomly. We will refer to these maps
as “artificial SL maps”, as they are representative of actual SL maps but
do not relate to the model of a real optical system.

The library of individual ghosts is generated by ray tracing with the
FRED software (FRED software). This is performed for a wide angle
camera with a large number of lenses (Clermont et al., 2020; Manolis
et al., 2014), providing several hundreds of individual ghost paths. A

Fig. 3. Spatial distribution of a ghost obtained by ray tracing with an average of s rays per pixel. The map is very noisy for small values of s, while the map is more

uniformly illuminated when s is increased.
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Fig. 4. Statistical distribution of the power P/P, on a pixel in the ghost, for different values of s, following a Poisson distribution.

large number of rays is traced so that the ray tracing noise on the in-
dividual maps is negligible. Furthermore the angle of illumination is
varied to provide more diversity in the ghost patterns, including on-axis
and off-axis ghosts. Ultimately, a library of 1500 individual ghosts is
generated. Fig. 2 shows the maps for several of them, representing a
broad variety of ghosts patterns. While some present a circular shape
with a nearly uniform profile, others have exotic shapes and non-
uniform energy distributions. Here, we considered angles of illumina-
tion along a 45° azimuth angle, therefore a mirror symmetry along the
diagonal is observed for all the ghosts.

The generation of artificial SL maps is done by a linear combination
of the individual ghost patterns. This is represented by Eq. (5), where the
spatial distribution of the individual ghost j, g, is modulated by a
random number y; to provide the distribution I of an artificial SL map.
The sum can consider different number of ghost patterns to generate
artificial maps associated to optical systems with different number of
lenses. Finally, a database of 5000 artificial SL maps with arbitrarily
complicated patterns was generated for the training of the neural
network.

I= Z}’/‘gj )

2.3. Training database: Noisy maps

On top of the ground truth artificial SL map, we must generate the SL
maps as they would appear in the presence of ray tracing noise. For that,
we study the statistics of noise occurring from ray tracing, considering a
simple circular and uniform ghost. Fig. 3 shows the spatial distribution
of a ghost when traced with different number of rays, where s is the
average number of rays received by a pixel. When s is very small, the
map is extremely noisy and many pixels are not illuminated at all. When
s is increased, the pixels are more uniformly illuminated and the noise is
reduced.

When the number of rays is increased, the power per ray is decreased
and thus the total power of the source is unchanged. Therefore, while the
power P on any pixel is affected by noise, in average the pixels have a

power P, independently of s. Fig. 4 shows the statistical distribution of
the power P over the pixels for different values of s. It emphasizes a
behaviour typical from a Poisson distribution (Haight, 1967), where the
probability I for a pixel to have a power P is given by Eq. (6). For small
values of s, there is a large probability that no rays fall on a pixel and
thus the most probable value of P is 0. When s is typically above 20, the
Poisson distribution is similar to a gaussian distribution with average
value (P) = P, and its standard deviation is inversely proportional to \/s.
For all values of s, the power P/P, can only take discrete values multiple
of 1/s. This gives the possibility for only a limited number of values
when s is small but nearly a continuum when s is large.

Py ="""e (6)

To reproduce the ray tracing noise on the artificial SL maps, a noise with
Poisson distribution is applied on each individual ghost map from the
library. We assume that each ghost has the same total number of rays N.
The average number of rays per pixel s; inside the ghost j is thus given by
Eq. (7), where A; is the area of the ghost in pixels. In practice, the
different ghosts do not necessarily have the same number of rays as they
can be vignetted differently through the optical systems. It is never-
theless a good approximation as it means that a ghost more focused on
the detector has a larger ray density s than a widespread ghost, hence the
noise level is larger for large ghosts. Finally, we obtain the noisy ghost
map gJ by multiplying the value of each pixel by a random number
Poisson(s, Py), following a distribution as defined by Eq. (6) with s = s;
and Py = 1. The noisy artificial SL map I" is then obtained by combining
the noisy maps, as shown on Eq. (9). This is performed for different
values of N to generate a database of SL maps with different levels of ray
tracing noise.

S =— (@]
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Fig. 5. SL maps reproduced artificially with the library of individual ghost maps.

(a) Ray tracing (N = 100)

(b) Deep learning (autoencoder)

(c) Deep learning (EAM)
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Fig. 6. (a) Artificial SL maps with a ray tracing noise model for N = 100. (b) Reconstructed SL map with deep learning autoencoder. (b) Reconstructed SL map with

deep learning EAM model.

g;(x,y) = g;(x,y)-Poisson(s = s;; Py = 1) ®
I'(xy) =Y 78 xy) ©)
3. Results

3.1. Artificial SL maps

Fig. 5 shows examples of SL maps generated artificially and without
considering ray tracing noise. This is the kind of maps generated to

constitute the ground truth of the training dataset (theoretical maps),
however these ones in particular were not used for the training but
rather are generated to test the neural network once it is trained. The
maps are composed of a large quantity of ghosts with arbitrarily com-
plex features. The three maps are very different from each other, despite
being generated from the same library of individual ghosts. They
represent typical SL patterns that can be obtained in real optical
instruments.

Fig. 6(a) shows the same maps as Fig. 5 when ray tracing noise is
considered, applying the Poisson model with N = 100. With such a
small number of rays, the SL maps are extremely noisy and many pixels
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Fig. 7. (a) Artificial SL maps with a ray tracing noise model for N = 1100. (b) Reconstructed SL map with deep learning autoencoder. (c) Reconstructed SL map with
deep learning EAM model.

are not illuminated. These maps are so inaccurate that they would in ground truth. Fig. 6(b) and (c) show the results using the deep learning
practice not be exploited for the sake of a stray light analysis. Never- autoencoder and EAM models respectively. Remarkably, the neural
theless, we show that the application of the deep learning model on network models are able to reconstruct complex features that are
these maps enable to reconstruct predicted maps very similar to the impossible to distinguish on the noisy input maps (a). While not
0.9 0.9 T T 09 T T T
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Fig. 8. SSIM of the maps from Fig. 5 when predicted with the deep learning autoencoder and EAM models, as a function of the number of rays N in the input map.
The autoencoder systematically gives a better prediction as its value is closer to 1 than the EAM.
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Fig. 9. SL maps for a wide-angle camera, at fields 5°, 27°, 50°. Noisy maps obtained by ray tracing with a small number of rays n = ng (a) or a very large number of
rays (b). (c) Maps reconstructed with the deep learning autoencoder, considering as an input the maps ray-traced with..n = ng

perfectly reconstructed, the deep learning provides maps which are
exploitable for interpretation even though the number of rays traced is
extremely low. In particular, the autoencoder gives results which a
visually the best. Fig. 7 shows similar results, where the number of rays
per ghost N is increased to 1100. While the noisy maps are still unex-
ploitable, both deep learning models are able to reconstruct SL maps
which are extremely similar to the ground truth.

A useful tool for quantitative assessment of deep learning prediction
is the structural similarity index measure (SSIM). Instead of comparing
the images pixel by pixel, it measures the similarity between two images
by evaluating changes in structural information (Wang et al., 2005). The
SSIM compares the target map with the predicted map and gives a value
smaller or equal to 1. The closer to 1 and the better the prediction, with
SSIM = 1 meaning a perfect prediction. Here, as SL maps are often
characterized by a large dynamic range, the SSIM is applied on a log
scale. Fig. 8 shows the SSIM for the different SL maps reconstructed by
the deep learning autoencoder and EAM models, as a function of the
number of rays per ghost N in the input map. As it shows, in all cases the
SSIM increases towards 1 when N increases. Moreover, the deep learning
autoencoder gives a SSIM systematically closer to 1 than EAM model.
Therefore, the autoencoder is preferred over the EAM, which allows the
best to reconstruct SL maps based on ray tracing with a very small
number of rays.

3.2. Real SL maps

In this section, we apply the deep learning approach to recover the SL

maps ray traced for a real optical system. The first system which is
considered is same wide-angle camera used to generate the library of
individual ghosts for the neural network training. Three illumination
angles are considered, 5°, 27° and 50°, all with an azimuth angle of 0°.
These angles are different than those used for generating the ghost li-
brary. Fig. 9(a) shows the ray tracing results with a very small number of
rays, showing as expected very noisy maps. Here, the total number of
rays sent at the input of the system (n = nyp) is in the tens of thousands.
However, only a fraction of these rays are able to reach the detector as
we are in the case of a wide-angle camera, where the pupil stop is much
smaller than the size of the input aperture. For the sake of comparison,
these maps were also computed with a much larger number of rays so
that ray tracing noise is negligible (Fig. 9(b)). The deep learning
autoencoder is applied and the predicted maps are shown on Fig. 9(c).
As it shows, complex features are reconstructed and the map is very
similar to the target.

Fig. 10 shows radial profiles of the SL map along the horizontal axis,
for an illumination angle of 5°. The left figure shows the profile of the
ray tracing maps, obtained with different number of rays: n = ng, n =
10-np and n = 100-ny. The graphs also contain the profile of the target
for comparison. The right plots show the profile of the maps recon-
structed with the deep learning algorithm. As it shows, for n = no many
pixels are not illuminated and the ray tracing profile is extremely
inaccurate. When applying the deep learning model however, the
reconstructed map has a profile close to the target. For n = 10-ny and
100-n, the profiles of the ray tracing maps are better but still extremely
noisy, while the deep learning reconstruction are very close to the target,
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Fig. 10. Radial profile of the SL maps, for a wide-angle camera at field 5°. The profiles compare the theoretical map, obtained with a very large number of rays, with
the ray traced maps obtained with a limited number of rays (n = ng, 10-ny and 100-n,), and the map obtained with the deep learning based on that ray tracing.

even capable to retreive small details.

Next, the method is applied on a second optical system, completely
different from the first, and which was not used for the generation of the
ghost library. The goal is to demonstrate that the training based on the
library computed for the first insturment presents enough variety so that
we can apply the deep learning model on different instruments as well.
The selected instrument is a movie lens, selected from an optical data-
base from the software CodeV (CodeV software) (layout from U.S. Patent
3464763). Its zoom configuration is set to a focal length of 19.5 mm,
yielding a field of view of & 10°. Fig. 11 shows a sketch of the system.

For the illumination angles 0°, 7° and 10°, Fig. 12(a) and (b) show
the SL map obtained respectively for a small number of rays, n = ng, and
for a very large number of rays for the sake of comparison. Here the
value ny is also in the several thousand but only a fraction reaches the

detector. The maps obtained with the small number of pixels are very
noisy and unexploitable in practice. When applying the deep learning
model, we are able to reconstruct SL maps shown on Fig. 12(c), which
emphasizes the complex features of the target. Similarly as for the first
instrument, Fig. 13 shows the profiles of the SL maps when considering
different number rays (n = ng, 10-ny and 100-ny). The conclusions are
similar as for the first instrument. When n is small the profile of the ray
traced maps is extremely inaccurate with many pixels not illuminated,
while the profile of the map reconstructed with the deep learning is very
close to the profile of the target map, and the accuracy is even more
excellent when the number of rays of the input map is increased. This
shows that the deep learning approach works well for reconstructing SL
maps based on ray tracing even with a very small number of rays, for
different kind of instruments. This is therefore a particularly interesting
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Fig. 11. Sketch of the U.S. Patent No. 3464763 movie lens, set to a focal length
of 19.5mm, yielding a field of view of 10°.

tool for stray light analysis where rapid iterations are required between
the design and analysis phases.

4. Conclusion

In this paper, we use deep learning to improve the accuracy of ray

b) Theory (n =
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traced SL maps. Two deep learning methods are tested: autoencoder and
EAM. The neural networks are trained by exposing them to a database of
SL maps with different levels of ray tracing noise. To populate the
database, we create artificial SL maps by combining randomly individ-
ual ghost patterns obtained by ray tracing with negligible noise. Various
levels of ray tracing noise are obtained by applying on the ghost a
random error following a Poisson distribution. The neural networks are
then trained by optimizing their parameters to minimize a composed
loss function. After the training process is completed, the deep learning
methods are tested on artificial SL maps with different levels of noise.
Even with very noisy SL maps, it is able to recover complex SL features
present in the target maps. Both visually and using the SSIM method, we
find that the autoencoder method performs better than the EAM and
therefore the former is preferred. When the deep learning method is
applied on real SL maps obtained by simulations on actual optical sys-
tems, it is also able to recover the complex patterns present in the target
maps. This method allows to obtain accurate simulation of the SL
properties of an instrument even when performing a ray tracing simu-
lation with a very small number of rays. This is particularly useful for
rapid evaluation of SL properties in optical instrument, where rapid it-
erations between design and analysis is necessary. Also it will be useful

(a) Ray tracing (n = ny)

c) Deep learning (autoencoder)

107
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107
1077
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Fig. 12. SL maps for a movie lens, at fields 0°, 7°, 10°. Noisy maps obtained by ray tracing with a small number of rays n =

ng (a) or a very large number of rays (b).

(c) Maps reconstructed with the deep learning autoencoder, considering as an input the maps ray traced with..n = ng
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Fig. 13. Radial profile of the SL maps, for a movie lens at field 10°. The profiles compare the theoretical map, obtained with a very large number of rays, with the ray
traced maps obtained with a limited number of rays ((n = no, 10-ny and 100-n)), and the map obtained with the deep learning based on that ray tracing.

to estimate rapidly the SL maps for a large quantity of illumination
conditions, for example when developing SL correction algorithms.

The deep learning approach could be improved by creating a data-
base with artificial maps even more representative of real optical sys-
tems. For example, we made the assumption of a noise modeled with a
simple Poisson distribution when considering a uniform ray density on
each ghost. In practice we could consider as well a variable ray density
over the ghost pattern, which can happen due to the bending of the rays
by the lenses.
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