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Artificial intelligence and Fourier optics: Application of DeepLabV3+
in the recovery of a diffracting aperture in light propagation
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The combination of Fourier Optics and Atrtificial Intelligence has driven significant advances in image processing and modeling of optical
systems, with the UNet architecture being the main protagonist. However, the DeepLabV3+ network has recently shown promising perfor-
mance detecting diffracting apertures. In this study, we investigate the effectiveness of DeepLabV3+ in identifying diffracting apertures in
light propagation models and compare its performance with that of UNet. The results reveal that DeepLabV3+ outperforms UNet in accuracy
and robustness in identifying diffracting apertures, even in the presence of noise and aperture shape variations.
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1. Introduction cision and efficiency in the analysis of optical systems, which
has allowed significant advances in the field.

Light propagation and its interaction with various media has ' other fields, biomedical image segmentation is crucial
been a topic of interest in physics for centuries. As a disciin modern medicine and research. One of the most signif-
pline, optics has focused on studying light and its behavioricant advances in recent years has been the introduction of
providing a deep understanding of phenomena such as refra® UNet neural network architecture proposed by Olaf Ron-
tion, reflection, diffraction, and interference. Among the fun-Neberger in 2015 [6]. Over the years, UNet's impact has ex-
damental concepts in optics, the aperture amplitude transmitended beyond the biomedical realm, reaching areas such as
tance function or diffracting aperture describes how light isFourier optics. Thanks to the ability of the UNet archltgctu_re
transformed as it passes through an aperture, which can B extract relevant features anq patterns |n_h|gh-resolut|op im-
affected by shape and size. This function is essential to ur29€S; it has been possible to improve optical systems signif-
derstanding how light is propagated and transformed in optiic@ntly, optimizing image reconstruction and detecting key
cal systems [1]. On the other hand, Fourier optics provide&eatures [7], which makes it ideal for a wide range of appli-
a mathematical representation of the amplitude transmittancg?tions, such as Holo-UNet, which enables the restoration of
function, which uses Fourier transforms to analyze and del0lographic images of living cells [8], as well as improve-
scribe the propagation of light in optical systems and provide&N€nts in computing times [9]. Another architecture based on
an accurate description of how light is transmitted changes agNet is PhaseNet, which efficiently recovers the phase of a
it passes through complex optical systems [2]. These theorefiolographic signal [10]. Similarly, improvements have been
ical tools have practical applications, from improving preci- Made in the phase unwrapping with Doppler optical coher-
sion and efficiency in optical system analysis to simulatingE"C€ tomography images in the Fourier domain using Res-
light propagation in different media. For example, under-UNet [11]. In addition, UNet is implemented to find the
standing the amplitude transmittance function in biomedicafliffractive phase that can compensate for chromatic aberra-
optics is essential for accurately interpreting optical imagedions in the entire visible spectrum [12]. Also, it removes
of biological tissues [3]. Furthermore, in the design of Seg_unwanted strea\_ks in thin film fluorescence microscopy [11_%].
mented telescopes, the precise measurement of the piston &€ UNet architecture has proven to be highly effective in
ror, which uses the amplitude transmittance function, is cru¥arious applications, but it has limitations in optimizing and
cial for optimizing the telescope’s performance [4]. FourierMProving optical systems. Therefore, there is a need to pro-
Optics has also been used to simulate physical optics, allowR0S€ new architectures that address this problem and over-
ing practical performance predictions, including diffraction COme these limitations.

effects that emerge with fully coherent sources [5]. The aper- In computer vision and semantic segmentation, the
ture amplitude transmittance function and Fourier Optics ar®eepLabV3+ network emerges as a benchmark in the field,
fundamental to understanding the formation of images in oppositioning itself as a tool of great importance within the sci-
tical systems because they allow us to describe how light ientific community. This sophisticated architecture is an ex-
transformed when passing through a medium, providing a deension of its predecessor, DeepLabV3, and introduces dis-
tailed description of how an image is formed, allowing thetinctive features that enhance its ability to accurately and ef-
design and optimization of these systems to improve the préficiently identify and segment objects; therefore, it is easy to
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implement in problems where UNet has been implemented2. Materials and methods
The versatility and superior performance of DeeplLabV3+
have made it an essential tool in various applications, sucR.1. Description of UNet and DeeplLabV3+ architec-
as detecting objects and people, analyzing traffic, or mon- tures
itoring crops’ health. Its adaptability and efficiency make
DeepLabV3+ an ideal candidate for use in areas such as general terms, it is difficult to determine how to compare
Fourier Optics, where it could significantly improve optical the two architectures since their performance can vary de-
systems. Some possible applications in this field includgending on the context and the specific application. Both ar-
the reconstruction of holographic images, the analysis of inchitectures have proven effective in semantic segmentation
terference patterns, or the optimization of optical lens andasks. Still, they have different characteristics and advan-
filter systems. Implementing the DeeplLabV3+ network intages that can make one more suitable than the other in cer-
Fourier Optics would allow researchers to address more comain situations, such as in our case study. UNet is a con-
plex challenges while driving the development of innovativeyolutional neural network (CNN) architecture specially de-
technologies across multiple scientific disciplines. signed for semantic segmentation tasks in biomedical imag-
In this article, we propose to investigate the effectivenessng. The UNet structure comprises two main parts: an en-
of the DeepLabV3+ network in identifying diffracting aper- coder and a decoder, which connect by a series of hop con-
ture and to compare its performance with that of the UNehections to improve spatial information retrieval [14]. The
architecture. For this, we present experiments and analyencoder is responsible for extracting features from the input
ses using data sets of light propagation models with difimage through a series of convolutional and pooling layers,
ferent characteristics, including noise and variations in thevhich reduces spatial resolution and increases feature depth.
shape of the aperture. Through this research, we determineAfs it progresses through the encoder, the network captures
DeepLabV3+ is a valuable tool to improve the modeling andcontextual information at multiple levels of abstraction. On
analysis of optical systems in practical applications. the other hand, the decoder uses convolutional and upsam-
This research contributes to scientific knowledge bypling layers to reconstruct the segmentation of the features
providing a rigorous evaluation of the performance ofextracted by the encoder. Jump connections combine high-
DeepLabV3+ compared to UNet. This is evidence of the adresolution (fine detail) and low-resolution (context) informa-
vantages of using DeeplLabV3+ for diffracting aperture de+ion, resulting in more accurate and detailed segmentation,
tection in optical systems. The results obtained in this studguch as shown in Fig. 1.
can potentially drive future research and applications in the  on the other hand, DeepLabV3+ is also a convolutional
field of Fourier Optics and Artificial Intelligence, as well as neyral network architecture aimed at semantic segmentation
in related areas such as microscopy, astronomy, and opticg{ images, which introduces an encoder-decoder module in
telecommunication. which the encoder uses an Atrous Spatial Pyramid Pooling
The main contribution of this article lies in the proposal (ASPP) module [15] to capture contextual information at dif-
and validation of a new neural network architecture that caflerent spatial resolutions; therefore, improves the network’s
address the limitations of UNet in optical systems. This WOFkabiIity to identify objects of different sizes and shapes. In
has the potential to significantly improve the analysis and deaddition, it incorporates atrous (dilated) convolutions in its
sign of optical systems, impacting areas such as the charagrchitecture, allowing it to expand the reception field of neu-
terization of biological tissues, microscopy, and optical com-ons without increasing the number of parameters or calcula-
munications. By sharing and discussing these results, we aifibns required:; this feature enables the network to capture
to enrich knowledge in Fourier Optics and Artificial Intelli-
gence and encourage the development of innovative solutions

in the modeling and optimizing of optical systems.
This article is organized as follows: In the "Materials and
Methods” section, we concisely describe the DeepLabV3+ i

and UNet architectures and detail the generation of the date

set used in the light propagation model. In addition, we "
present a brief explanation of the performance measure we""“°”*

Prediction

DECODER

used to evaluate both models. In the "Results” section,
we compare DeepLabV3+ and UNet in terms of robustness
against noise and variations in the diffracting aperture for un-
trained samples and discuss each approach’s main strengtt

T
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and limitations. Finally, in the "Conclusions” section, we ‘f‘ f“ £ Upcowaxz
synthesize the contributions of the presented work and high- o ® .' =, comi 1L

light the implications of our findings for advancing knowl-
edge and practical applications in the Fourier Optics andticure 1. UNet structure for recovery of the amplitude transmit-
Computer Vision field. tance function of the aperture in light propagation.
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FIGURE 2. DeeplLab3+ structure for recovery of the amplitude
transmittance function of the aperture.

c)
fine details in the image while maintaining high computa-
tional efficiency [16]. Unlike UNet, DeepLabV3+ supports
different backbones, accommodating various application and
performance requirements. Likewise, DeepLabV3+ uses a
“decoding” strategy that reconstructs the segmentation from
the features extracted by the encoder, including the ASPP
module, resulting in precise and detailed segmentations. The
architecture is shown in Fig. 2.

d)

o)l

2.2. Data sets used light propagation models
FIGURE 4. Some images for training and validation. a) Output im-

This study prepared various data sets to evaluate and com9€ (diffracting aperture) and b) Input imgge (di_ffraction intensity
pare the UNet and DeepLabV3+ architectures in identifyingP@!tem). Degraded patterns with Gaussian noisez €} 0 and
diffracting apertures in light propagation models. The datasef — 0-> @)# = 0ando =0.5. €)u =0 ande = 1.0.
consists 0f40,000 images of square and triangular aper- . ) . .
tures, 20,000 of each type, with dimensiari® x 160 pix- In contrast, the output image is a b|_nary image t_hat labels
els, generated from a polychromatic light source at a distancg@Ch Pixel as the amplitude transmittance function of the
d = 50cm to obtain diffraction intensity patteriga, y; d). ~ aPerure.
Fig. 3 shows the optical system schematic of light propaga- The images present significant variability in terms of
tion from a diffracting aperture. lighting, contrast, and object shapes, which allows evaluation
The diffracting apertures were subjected to translation©f the generalization capacity of the networks under differ-
scaling, and rotation transformations to add variability to theent conditions. Also, in the case of robustness in aperture
models. The image set was divided into training and vali-"ecovery, an additional dataset is generated in which differ-
dation sets in a 90:10 ratio. Figure 4a) shows some image@nt noise levels are added to the images of the diffraction
used to train convolutional neural networks. The input imagdntensity patterns. In vision systems, the robustness of the

corresponds to an image of the diffraction intensity patterns@lgorithms against noise and other disturbances in the input
images is crucial. In this sense, the present experiment evalu-

ates the robustness of our proposal against images affected by
different levels of noise, as shown in Figs. 4c), 4d), and 4e).

In the design of optical systems, it is essential to guar-
antee the robustness of the model in unforeseen situations.
A critical case is testing the model with significantly differ-
ent images than those used during training and validation.
In some applications, the model uses different environments

Diffracting aperture Plane image

Polychromatic !
illumination

B ———— —
with varying imaging conditions and variations in diffracting
apertures; this situation can be incredibly challenging. There-
fore, the work presents an experiment in which we evaluate

I A= i I the robustness of the proposal under extreme conditions of
area change in the apertures and the intensity of the diffrac-
ta(ra, ) 102, y2:d) = U Gez,3)I? g P y

tion patterns. The study selected the images used for testing
FIGURE 3. Schematic diagram of the simple optical system to gen- to differ significantly from those in the training and validation
erate the dataset. data set, as shown in Fig. 5.
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e F1 score: measure the combines precision and sensitiv-
ity into a single value, providing a balanced assessment
of both aspects of model performance.
FIGURE 5. Generalization in different conditions: dataset with
shapes of the aperture outside the training.

e Precision: measures the ratio of true positives to the
total positive predictions made by the model.

e Recall: also known as completeness, assesses the ratio
of true positives to the total number of positive cases.

In addition to these metrics, we calculated GPU and CPU
compute time to compare the inference time efficiency of the

The proposed data sets serve as the basis for training, Véijﬂ:erent architectures. The models were trained on a com-

idating, and comparing the UNet and DeeplLabV3+ neuraPuter with an Intel Core i7-9700k running at 3.0 GHz, 32 GB
network architectures to identify diffracting apertures in light f RAM, and an NVIDIA GeForce GTX 1660 SUPER GPU

propagation models and assess their efficiency. with 6 GB of Video RAM. The computer time measure is es-
pecially relevant in practical applications, where processing
2.3. Performance metrics time can be a critical factor in the implementation and perfor-

mance of the optical system.
Accuracy, F1-score, recall, and precision metrics are stan-

dard measures used to assess the performance of deep learn-
ing models. S. Zagoruyko and N. Komodakis [17] highlight 3, Results
the importance of using these metrics to evaluate deep learn-
ing models. Deep learning models must evaluate their perfor3. 1.  Comparison between UNet and DeepLabV3+
mance using a combination of these metrics to gain a com-
plete understanding of their performance on specific tasksThis section compares the UNet and DeepLabV3+ neural net-
Since then, these metrics have become the most widely usegbrk architectures in identifying diffracting apertures in light
to evaluate deep learning models, and it is recommended thatopagation models. Table | shows a comparative analysis of
all models use them to evaluate their performance. Usinghe performance metrics obtained from both architectures.
these metrics is essential to ensure that deep learning models The DeepLabV3+ network performed better in Loss and
are accurate and reliable in complex tasks. The metrics alaccuracy than UNet, obtaining a loss value of 0.01023 and
low quantifying and comparing the accuracy and robustnesgn accuracy of 99.543%, compared to values of 0.04628 and
of DeepLabV3+and UNet in identifying diffracting apertures 9g.1469% for UNet, respectively. Furthermore, DeepLabV3+
in light propagation models. The metrics used are describeghowed a significant improvement in the loU (Intersection
below: over Union) metric, reaching a value of 0.89922 compared to
e LOSS: The metric measures the discrepancy betweeHNet,S 0.66473. Th|S improvement indicates a better matCh
model predictions and actual values. A lower lossbetween the detected and valid regions in the test images.
value indicates better model performance. Regarding Precision, Recall, and F1-Score metrics,
, i DeepLabV3+ outperformed UNet with values of 0.96001,
° ACC“fa‘?yi The metr!c evall_Ja'Fes the proportion of suc- .95151, and 0.95574, respectively, versus UNet's values
cesses in the model's predictions compared to the tota) 5 g4931, 0.78093, and 0.81368. These results suggest a
nhumber of predictions made. greater ability of DeepLabV3+ to identify diffracting aper-
e Intercept Over Union (loU): The loU is a metric that tures and minimize false positives and negatives.
measures the overlap between the regions predicted by Regarding the computation time, DeepLabV3+ showed
the model and the actual regions in the images. Aan advantage in inference time in GPU and CPU, with times
higher IoU value indicates a better match between thef 0.03733s and 0.06073s, respectively. On the other hand,
predicted and existing areas. UNet took 0.04242s on GPU and 0.12059s on CPU.

TaBLE |. Comparative analysis with different neural network architectures.

Loss Accuracy loU Precision Recall F1-Score Time GPU Time CPU
UNet 0.04628 0.98146 0.66473 0.84931 0.78093 0.81368 0.04242s 0.12059s
DeepLabV3+ 0.01023 0.99543 0.89922 0.96001 0.95151 0.95574 0.03733s 0.06073s
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FIGURE 6. Results of the recovery of the degraded diffracting aperture with Gaussian noise from semantic segmentation networks. Note that
the models were not trained with images containing noise; nevertheless, DeepLabV3+ recovered the apertures with low noise levels.

The results reveal that the DeepLabV3+ architecture out- For o = 0.2, UNet obtained an loU value of 0.66524,
performs UNet regarding precision and robustness whewhile DeepLabV3+ achieved a value of 0.89901, demon-
identifying diffracting apertures; these findings support thestrating a better ability of DeepLabV3+ to identify diffract-
idea that DeeplLabV3+ is a valuable tool for improving theing apertures in the presence of low noise. By increas-
modeling and analysis of optical systems in practical appliing the noise level tar = 0.5, both models experienced
cations. a decrease in the loU metric, being 0.21617 for UNet and

0.21323 for DeepLabV3+. Despite the decrease in perfor-
3.2. Evaluation of the robustness against noise and vari- mance, DeeplLabV3+ still holds an advantage over UNet.
ations in the aperture shape With even higher noises( = 1.0), UNet showed an loU value
of 0.13995, while DeepLabV3+ reached a value of 0.16438.
In this section, we analyze the ro_bustness of Fhe Ul\!et and The results also demonstrate that both architectures
DeepLabV3+ neural network architectures against noise an(clian adapt to variations in the shape of the aperture, with

variations in the shape of the aperture in light pmpagatiorbeepLabV3+ being more robust to extreme changes in imag-

models. To evaluate the robustness against noise, we intr(ﬁig conditions. Although the performance of both models

dyce Gaussian noise in the test images with different mteni-s affected by the difference in the images used for the test,
sity levels ¢ = 0.2,0.5 and1.0). Table Il presents a com-

i . . . . DeepLabV3+ shows a minor decrease in its performance
parative analysis of the loU metric under different Gaussial P P

Lompared to UNet.
noise levels. Also, Fig. 6 shows the recovery of the validation P

apertures from the models trained with the training set. On the other hand, we focus on exploring the robustness
of both models against extreme variations in the shape of the

_ — _ aperture that is outside the training set, a critical aspect of
TABLE II. Comparative analysis with the loU metric under Gaus- the practical application of these techniques in natural opti-
sian noise withu = 0 cal systems. Figure 7 shows the results of the loU metric

=02 =05 o=1.0 of 4 shapes (Fig. 5) that cannot be considered in training to
UNet 066524 021617 013995 provide the aperture recovery capacity of DeepLabV3+.
DeeplLabV3+ 0.89901 0.21323 0.16438 The DeeplLabV3+ architecture demonstrates higher

robustness against noise and aperture shape variations com-
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e Limitations on the resolution of the diffracting aper-
ture: The resolution of the diffracting aperture may be
limited by the ability of the network to learn and rec-
ognize subtle patterns in the light intensity distribution.
This can be a limitation in situations requiring a high

0.85 0.87 0.86 0.71 resolution in the diffracting aperture measurement.

FIGURE 7. Experiment results: obtained aperture image and loU L . .
e Limitations on the shape of the diffracting aperture:

metrc. The ability of DeepLabV3+ to recognize and measure
pared to UNet and extreme changes in image capture condi-  the diffracting aperture may be limited by the shape of
tions. Its performance is slightly affected by the difference in the aperture. In particular, it is possible that the net-
the images used for the test. The presented findings support ~ Work cannot measure diffracting apertures that present
the utility of DeepLabV3+ to improve the modeling and anal- extreme shapes or complex interference patterns be-
ysis of optical systems in practical applications, even under ~ cause it is limited by the number of aperture shapes
harsh conditions. with which it was trained. Figure 5 shows the diffi-
culty of recovering the arrow aperture. The limitation
3.3. Discussion of results is probably solved by adding more opening shapes to
generalize the model; however, it requires more signif-
The comparative study of the UNet, and DeepLabV3+ archi- icant processing and storage capacity.
tectures to identify the diffracting aperture in light propaga-
tion models, several contributions can be recognized: e Limitations in the memory required in training:

DeeplLabVV3+ architecture is relatively deep and uses
e Learning capacity: The experiments demonstrate that ~ many parameters, which require a significant amount

autoencoder architectures could learn optical phenom- ~ 0f memory to store the gradients and update the
ena and describe the diffracting aperture from diffrac- weights during training; this may be a limitation on
tion patterns; this indicates their effectiveness in the systems with GPUs with limited memory resources. In
proposed task, as shown in Table I. particular, the present research is limited to the shapes
of squares and triangles because we are limited to 6 GB
e Computational efficiency: In terms of computational of GPU memory, so we cannot include more shapes to
times, Table | shows that the DeepLabV3+ architec- make the model more robust.
ture is computationally efficient compared to the other
architectures; this can be important for real-time appli- ¢ Limitations in the application in real-time: Although
cations. DeepLabV3+ presents competitive times (Table 1) in
real-time applications, it may be limited by the net-
¢ Identification accuracy: DeeplLabV3+ provided the work’s processing speed and the CPU or GPU capacity
most accurate identification of the diffracting aperture used for its implementation.

in light propagation models compared with UNet.

e Generalization ability of trained apertures: The archi-4. Conclusions
tectures demonstrated generalizability of the diffract-
ing aperture identification task from diffraction pat- Artificial Intelligence and Fourier Optics are complementary
terns to different test data sets under conditions similadisciplines used in different ways. However, both fields can
to the trained patterns. lead to more advanced and efficient solutions in light prop-
agation; this can be of great importance in the research and
The results show that DeepLabV3+ is an innovative solu-development of optical systems, in the precise measurement
tion for calculating the diffracting aperture in light propaga- of light, and in solving optical problems in practical appli-
tion models. However, it also has some limitations that mustations. The comparison demonstrates the effectiveness of
be considered when using it in applications, such as artificial intelligence in adapting and describing optical phe-
nomena. DeepLabV3+ is an innovative and efficient solution
e Requires large training data sets: The proposal caifor the precise and reasonable time calculation of the diffract-
learn the relationship between the light intensity dis-ing aperture in light propagation models. The reconstruction
tribution in the source plane and the correspondingesults validate the generalizability and descriptiveness of the
diffracting aperture from an extensively suitable train- diffracting aperture from diffraction patterns. However, it
ing data set. The quality and quantity of the training must be considered that the results obtained depend on the
data can influence the accuracy and generalizabilityselection of the data set used for the training and evaluation
mainly to adapt to different scenarios with patterns notof the network. DeepLabV3+ can be used in various appli-
considered in training. cations in optics, where accurate and fast measurement of
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the diffracting aperture is important to improve image qual-ture identification in light propagation models using machine
ity and efficiency in image acquisition or processing datalearning techniques. In future studies, the performance of
Furthermore, real-time inference of the diffracting apertureDeepLabV3+ on different types of light propagation images,
is faster, making it suitable for real-time optical systems. Thesuch as those involving complex optical elements, can be ex-
findings of this study provide valuable information for future plored.

research and for improving the accuracy of diffracting aper-
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