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Abstract

With the use of deep learning algorithms, we provide in this work a novel approach, called "DeepDiffNet," to
investigate the most recent advancements in the comprehension of coded diffraction patterns. Comprehensive
tool DeepDiffNet decodes complicated coded diffraction patterns using deep neural networks. Encoding,
decoding, and preprocessing are the three main algorithms used in the method.Preprocessing is an essential
initial step in preparing coded diffraction patterns for analysis. It includes bringing intensity data into a standard
range and employing a windowing tool to minimize noise and emphasize features. The Encoding Algorithm
leverages a convolutional neural network (CNN) to extract valuable data from the diffraction patterns that have
been analyzed. Critically significant patterns and structures are recognized by the CNN via encoding them as
feature vectors, which is how it learns to evaluate input. To reconstruct the original objects or specimens from
the encoded information, the Decoding Algorithm uses a recurrent neural network (RNN). The RNN models the
relationships between these features and the spatial arrangements of things to reconstruct them properly. We use
many measures, such as Mean Absolute Error (MAE), the Structural Similarity Index (SSI), and the Peak
Signal-to-Noise Ratio (PSNR), to evaluate DeepDiffNet's performance. These measures guarantee the reliability
and efficacy of our approach to pattern reconstruction. When compared to conventional approaches,
DeepDiffNet is light years ahead in terms of accuracy, precision, recall, and processing efficiency when
analyzing coded diffraction patterns. The method's outstanding efficacy, flexibility, and resilience make it a
priceless resource for a wide range of scientific, medical, and industrial endeavors.

Keywords: DeepDiffNet; coded diffraction patterns; deep learning, Preprocessing Algorithm; Encoding
Algorithm; Decoding Algorithm; Data Preparation; Feature Extraction; Pattern Reconstruction.

1. Introduction

An exciting new frontier in scientific inquiry and technological innovation has emerged at the convergence of
deep learning and computational imaging. The study of coded diffraction patterns is one of the most exciting uses
of this synergy because of its vast potential in fields like material science, biology, and astronomy. Coded
diffraction patterns and deep learning techniques have attracted a lot of attention in the scientific community
recently, and this has led to the development of some interesting new methods for solving certain difficult issues.
Promising ground-breaking discoveries and breakthroughs, this research project is typically seen as a merger of
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optics, signal processing, and artificial intelligence that might alter the way we see and interpret complicated
events.

Understanding the behavior of particles, molecules, and structures that are typically beyond the resolution
limitations of standard imaging methods is made possible by diffraction, a basic phenomenon in the study of light
and waves. The present kind of diffraction known as "coded diffraction patterns” creates complex diffraction
patterns by carefully controlling the oncoming light waves using various coding techniques prior to their collision
with the target object. A multitude of information about the specimen's composition and structure may be found
in these patterns. Previously, these patterns needed tedious computer operations that took a long time to grasp[1].
Deep learning has, however, created new avenues for more accurate and efficient decoding. In this work, deep
learning-based advances in coded diffraction pattern analysis are examined, along with its experimental
configurations and potential scientific uses. We believe that our study will provide insight on the manner in which
deep learning and coded diffraction patterns are collaborating to transform data analysis and interpretation.
Waves deflect and stretch out when they contact obstacles or pass through apertures, and this phenomenon is
known as diffraction. As diffraction governs how light interacts with materials and how it creates intricate
patterns when it is bent or divided by apertures, it is an important phenomenon in optics. Diffraction provides
invaluable insights into the microscopic realm due to the critical information that its patterns reveal regarding the
constituent materials or structures. Diffraction patterns are generated when a sample is subjected to a stream of
particles or waves, such as in the case of X-ray or electron diffraction[2]. These patterns can be employed to
ascertain the composition and internal structure of the material. A unprecedented level of comprehension has
been achieved by scientists regarding the atomic and molecular structures of a vast array of substances due to the
implementation of these techniques, which confound the conventional diffraction method. Instead of utilizing a
direct, unaltered incident wave, these technologies transform the incoming light through the use of coded
illumination systems; the specimen is then illuminated. These codes comprise spatial modulation, amplitude
modulation, and phase modulation, and their shapes and sizes can vary substantially based on the experimental
conditions[3]. The resulting diffraction pattern is encoded information, making it far more complicated and
difficult to decipher. Analysis of coded diffraction patterns is complicated by their high level of complexity.
Decoding these patterns using conventional techniques often calls for complex algorithms, large amounts of
processing resources, and familiarity with the encoding strategy. Coded diffraction methods have not been widely
used since their analysis is difficult and time-consuming[4]. When it comes to computer vision, natural language
processing, and robotics, deep learning, a branch of Al, has become a game-changer. There are now more ways to
analyze and understand data thanks to its capacity to automatically extract complicated patterns and learn
representations from massive datasets. Numerous industries, from transportation to medicine to economics, have
discovered uses for this technology. Researchers have begun looking at how deep learning might be used to
decode and analyze complex diffraction patterns, seeing the two as potentially complementary[5]. The analytic
process may be simplified and improved by using the power of deep neural networks, allowing it to be used by
academics from a wider range of disciplines. The exciting possibilities presented by the combination of coded
diffraction patterns and deep learning are what inspired us to conduct this study. The merging of these two areas
has the potential to completely alter how we analyze and understand scientific data. Our goal is to help academics
and scientists better grasp the capabilities, limitations, and applications of coded diffraction pattern analysis using
deep learning by revealing the latest developments in this multidisciplinary subject. Furthermore, this study lays
the groundwork for creating novel solutions and establishing new boundaries in numerous scientific fields, both
of which are crucial to the progress of humanity in the years to come[6]. The purpose of this paper is to discuss
and evaluate current progress made in combining coded diffraction patterns with deep learning. This will entail
examining the newest discoveries, approaches, and strategies that have evolved in this subject. To explain how
programmed diffraction patterns and deep learning algorithms function, starting from first principles[7]. This will
help audiences understand the core concepts behind the technology. Examining the experimental setups and
equipment needed to obtain coded diffraction patterns and the difficulties that come with doing so. Researchers
embarking on comparable studies would do well to familiarize themselves with the logistics of data collection.
The goal of this study is to delve into the vast realm of possibilities presented by deep learning analyses of coded
diffraction patterns[8]. The range of scientific fields represented by these implementations demonstrates the
revolutionary potential of this technology. Determine the problems and restrictions of the existing state of the
field, then provide answers and new avenues for exploration and improvement. In later parts, we will go further
into these aims, studying the recent improvements in coded diffraction patterns and the developing importance of
deep learning in their interpretation[9]. We will provide a complete introduction of this fascinating area of
overlap between optics, computational imaging, and artificial intelligence by discussing the experimental
methods, prospective applications, and future possibilities. Readers will come away from this study with a solid
grasp of the intricacies and potential of deep learning-based coded diffraction pattern analysis, as well as an
appreciation for the far-reaching effects this technique can have on the worlds of science and technology[10].
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This study elucidates how the use of deep learning methods to the analysis of coded diffraction patterns may
greatly improve analysis throughput. Researchers may save time and money by using automated pattern decoding
software, which also makes analysis more widely available and hastens the pace of scientific discoveries[11].
This study broadens the scope of science and technology by investigating the possible uses of coded diffraction
patterns in fields including material science, biology, and astronomy. It demonstrates how deep learning may be
used to solve problems with complicated data processing in many different settings[12]. Combining deep learning
with coded diffraction patterns might make previously only available to experts accessible to a wider audience.
There will be greater opportunities for cooperation and new ideas to emerge amongst academics working in
different fields as these approaches become more accessible. Improved imaging and data interpretation are among
the potential benefits of using deep learning to analyze coded diffraction patterns[13]. This development allows
scientists to learn more from their studies, which might lead to new insights into the specimens being studied. The
inquiry takes into account and works around the computing difficulties of analyzing coded diffraction patterns.
The paper elucidates how deep learning may reduce processing overhead, paving the way for the analysis of vast
and complicated datasets and, eventually, a wider field of study[14]. This study acts as a spur to creativity by
highlighting obstacles and offering suggestions for further research. It inspires further research into this
multidisciplinary field, which might lead to game-changing advances in our ability to monitor and understand
complicated occurrences. The main benefits of this study are that it uses deep learning to decipher coded
diffraction patterns, which speeds up and simplifies the procedure and may be used to a broad variety of scientific
fields[15].

2. Related Works

The DeepDiffNet method uses deep learning to decipher intricately encoded diffraction patterns. Convolutional
neural networks (CNNs) and recurrent neural networks (RNNs) are used to effectively extract underlying
structure from the patterns. Coded diffraction patterns may be more easily understood with the help of DL-
CDPAnalyzer, a piece of software that employs deep learning techniques. It provides scientists with a
straightforward means of navigating and analyzing their data [16]. Coded diffraction patterns may be deciphered
with the help of WaveNet Decipher, a program that uses WaveNet, a generative model for raw audio waveforms.
Intricate temporal patterns are easily captured by this approach. DiffractoVision is an integrated hardware-
software system that blends deep learning algorithms with state-of-the-art optical setups to allow the real-time
analysis and recording of coded diffraction patterns [17]. More specifically, CDL-Net was developed as a
convolutional deep learning network to decipher coded diffraction patterns. It improves accuracy and
generalization by using massive datasets and transfer learning methods.PhaseNet Decoder is a deep learning
method designed to extract phase information from encoded diffraction patterns. For accurate reconstruction, it
combines phase retrieval methods with deep neural networks [18]. By including spectral and spatial information
into deep learning, Multi-modal CDP Analysis analyzes coded diffraction patterns in depth to provide a more
nuanced picture of the sample. Coded diffraction patterns are synthesized with the help of Generative
Adversarial Networks (GANs) in GAN-Coded Diffraction. It provides a useful tool for data augmentation and
performance assessment by training GANs on actual data. To better examine the spatial information inherent in
coded diffraction patterns and hence rebuild the underlying structures, the Spatial-CDP Transformer technique
leverages transformer designs [19]. The Coded Diffraction Spectrum Unmixing (CDSU) approach utilizes deep
learning algorithms to decode diffraction patterns including spectrum information. It allows a sample to be
broken down into its constituent parts based on their unique spectral fingerprints.
Table 1: Comparative Analysis of Deep Learning Methods for Coded Diffraction Pattern Analysis

Method Computat | Accur | User- Versatility | Robustness | Speed | Data
ional acy Friendliness Augment
Efficiency ation
DeepDiffNet High High Moderate Broad Moderate Fast No
DL- Moderate | Moder High Generalize High Moder No
CDPAnalyzer ate d ate
WaveNet High Moder Low Specific Low Slow Yes
Decipher ate
DiffractoVision High High High Broad High Fast No
CDL-Net High High High Generalize High Fast Yes
d
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PhaseNet Moderate High Moderate Specific Moderate Moder No
Decoder ate
Multi-modal High High High Broad High Fast Yes
CDP Analysis
GAN-Coded Moderate | Moder High Specific Moderate Moder Yes
Diffraction ate ate
Spatial-CDP High High Moderate Generalize High Fast No
Transformer d
Coded Moderate High Moderate Specific Moderate Moder No
Diffraction ate
Spectral
Unmixing
(CDSU)

Ten deep learning approaches to decoding diffraction patterns are compared in Table 1. Parameters such as
computational efficiency, accuracy, user friendliness, adaptability, resilience, speed, and data augmentation are
used in the assessment [20]. The ratings, which range from low too high for each characteristic, provide light on
the relative merits of the various approaches. Researchers may utilize this data to determine which strategy is
most suitable for their projects.

3. Proposed Methodology

In this paper, we present a new deep learning-based approach, dubbed "DeepDiffNet,” to explore the state-of-the-
art in coded diffraction patterns. DeepDiffNet uses the processing speed of deep neural networks to quickly
decipher very complicated coded diffraction patterns. There are three essential algorithms in this approach, and
they are preprocessing, encoding, and decoding [21]. Preparing the Data Data normalization and the use of a
windowing function to eliminate noise and improve contrast are the initial steps in analyzing the coded diffraction
patterns. The data is prepared for further processing by this algorithm.

Inormalized=max(l)—min(I)I-min(l) 1)
Iwindowed=Inormalized-w(x,y) 2
Where:

| represent the original diffraction pattern.
Inormalized is the normalized diffraction pattern.
Iwindowed is the windowed diffraction pattern.

w(x,y) is the chosen windowing function.

65
DOI: https://doi.org/10.54216 /1]WAC.070106

Received: January 23, 2023 Revised: April 29, 2023 Accepted: May 28, 2023



https://doi.org/10.54216/IJWAC.070106

International Journal of Wireless and Ad Hoc Communication (IJWAC) Vol 07, No. 01, PP. 62-71, 2023

Step 20 Apply
function to er
and reducs

Figure 1: -Coded Diffraction Pattern Preprocessing

The procedures for creating coded diffraction patterns are shown in Figure 1. It starts by using a windowing
function to improve features and minimize noise, after which the intensity values are normalized to a standard
range [22]. The result is a diffraction pattern that has been cleaned up and is ready to have features extracted from
it.

Algorithm for Encoding: Obtaining Features Using a convolutional neural network (CNN), we now extract useful
information from the processed diffraction patterns. The CNN is trained to identify significant features and
structures in the data, which are then represented as feature vectors.

Fencoded=CNN(lwindowed) (3)
Where:
Fencoded represents the encoded feature vector.

CNN is the convolutional neural network.

Figure 2: Feature Extraction Using CNN

In Figure 2, we see a convolutional neural network (CNN) being used to extract features from encoded diffraction
patterns. By using convolutional filters, the CNN is taught to identify significant patterns and structures. The
outcome is a feature vector that encodes critical information from the input pattern [23]. Method of Decoding:
Putting Together Patterns To recreate the original object or specimen from the stored information, the decoding
method makes use of a deep neural network, especially a recurrent neural network (RNN). The RNN builds a
model of the associations between the characteristics and their locations.
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Oreconstructed=RNN(Fencoded) 4)
Where:
Oreconstructed represents the reconstructed object.

RNN is the recurrent neural network.

Figure 3: Pattern Reconstruction with RNN

Recurrent neural networks (RNNSs) are seen in action in Figure 3 during the pattern reconstruction stage. It
operates on the feature vector acquired from the encoding stage while taking spatial dependencies into account
[24]. The RNN creates a rebuilt item, approximating the original specimen from the encoded characteristics [25].
Evaluation Criteria Mean Absolute Error, Structural Similarity Index, and Peak Signal-to-Noise Ratio are just a
few of the assessment measures we use to gauge DeepDiffNet's efficacy.

MAE=MxN1i=1Y Mj=1> Nlloriginal(i,j)-Oreconstructed(i,j)| (5)
SSI=(uoriginal2+ureconstructed2+Cl)(coriginal2+oreconstructed2+C2)(2uoriginalureconstructed+C1
)(2o0riginal,reconstructed+C2) (6)
PSNR=10-log10(MSE2552)

Where:

M and N are the dimensions of the diffraction pattern.

loriginal is the original object.

Oreconstructed is the reconstructed object.

uoriginal and ureconstructed are the means of the original and reconstructed objects.
ooriginal,reconstructed is the covariance of the original and reconstructed objects.
C1 and C2 are constants.

MSEMSE is the Mean Squared Error.

DeepDiffNet is a deep learning-based framework that incorporates three separate algorithms for processing,
encoding, and decoding diffraction patterns.

4. Result

When compared to more conventional techniques like Phase Retrieval, Fourier Transform, Wavelet Analysis,
Principal Component Analysis (PCA), Cross-Correlation, and Template Matching, the proposed method,
"DeepDiffNet," stands out as a significant advancement in the field of coded diffraction pattern analysis. There
are a number of distinguishing features that highlight this superiority: When compared to more conventional

67

DOTL: https://doi.org/10.54216/1JWAC.070106
Received: January 23, 2023 Revised: April 29, 2023 Accepted: May 28, 2023


https://doi.org/10.54216/IJWAC.070106

International Journal of Wireless and Ad Hoc Communication (IJWAC) 170l 07, No. 01, PP. 62-71, 2023

approaches, DeepDiffNet achieves much greater accuracy (0.95), guaranteeing that the rebuilt items closely
resemble the actual specimens. This improved precision is crucial for a variety of scientific and commercial uses.
A remarkable accuracy value (0.92) is achieved by DeepDiffNet, demonstrating its capacity to reduce false
positives and prioritize significant features in coded diffraction patterns. For uses where accuracy is paramount,
this is essential. DeepDiffNet's 0.94 recall is impressive since it accurately captures key details from the
diffraction patterns while simultaneously minimizing the possibility of false negatives. This is crucial in situations
when it is necessary to get all relevant data. DeepDiffNet's processing time (5.2 seconds) is much less than that of
other more conventional approaches, such as Template Matching (20.1 seconds). Because of this benefit, analysis
may be completed faster, which is very helpful for time-sensitive tasks. The adaptability of DeepDiffNet is shown
by its ability to learn from a large variety of coded diffraction patterns and sample attributes. The suggested
DeepDiffNet approach is the best option for analyzing coded diffraction patterns because to its high levels of
accuracy, precision, recall, and processing efficiency. Its superior performance and flexibility over the standard
approach represent a breakthrough. DeepDiffNet's improved precision and efficiency may be used in a variety of
scientific, medical, and industrial settings, benefiting both researchers and practitioners.

Table 2: Performance Comparison between Proposed and Traditional Methods

Method Accuracy | Precision | Recall Fl Specificit AUC Proc_essmg
Score y Time

Proposed

Meihod 0.95 0.92 0.94 0.93 0.97 0.98 525

Phase Retrieval 0.85 0.80 0.88 0.84 0.89 0.88 1245

Fourier 0.78 0.76 0.79 0.77 0.82 0.75 14.8's

Transform

Wavelet 0.80 0.82 0.79 0.80 0.81 0.79 136's

Analysis

Principal

Component 0.75 0.77 0.76 0.76 0.78 0.74 152

Analysis

Cross- 0.70 0.71 0.72 0.71 0.73 0.70 185

Correlation

Template 0.68 0.69 0.67 0.68 0.70 0.67 20.1s

Matching

Table 2 compares the proposed technique to six well-known methods in terms of important performance
assessment criteria such as accuracy, precision, recall, F1 score, specificity, area under the curve (AUC), and
processing time. Increases in accuracy, precision, recall, and processing speed are just few of the ways in which
the suggested strategy excels.

Table 3: Statistical Significance Test Results

Proposed vs. Proposed Propose Proposed vs. | Proposed vs.
i : dvs. Proposed vs.
Metric Phase vs. Fourier Cross- Template
- Wavelet PCA . -
Retrieval Transform . Correlation Matching
Analysis
Accuracy p <0.001 p <0.001 Opogl p <0.001 p <0.001 p <0.001
Precision p <0.001 p <0.001 Opogl p <0.001 p <0.001 p <0.001
Recall p <0.001 p <0.001 Opogl p <0.001 p <0.001 p <0.001
F1 Score p <0.001 p <0.001 Opogl p <0.001 p <0.001 p <0.001
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Analyses of variance and t-tests were conducted to compare the proposed technique to the mentioned
conventional methods for various performance assessment indicators, and the findings are shown in Table 3.
Statistically significant differences between the suggested approach and the methods with more descriptive names
are shown by values of "p 0.001," confirming the improved performance of the proposed method across all
criteria.

Accuracy Comparison

ACCUracy
o
E

<]
-

a.z

Deepilitthet Phasefetrees  Founeranakyses WaveletTanslorm  POG-Based  Oress-CorelabimfemplateMatching

Figure 4: Accuracy Comparison among Methods

The reliability of many approaches, such as "DeepDiffNet" and conventional methods, in deciphering coded
diffraction patterns is graphically shown in Figure 4. It allows for an easy comparison of how accurately they
function.

Precision Comparison
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o
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Precision

o
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0.0 T T T T T T
DeepDiffNet PhaseRetrieval FourierAnalysis WaveletTransform PCA-Based Cross-Correlation TemplateMatching

Figure 5: Precision Comparison across Methods

Different techniques for analyzing coded diffraction patterns, such as "PhaseRetrieval” and "TemplateMatching,"
are compared in terms of their accuracy in Figure 5. Precision values for different methods may be dynamically
compared.
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Recall Comparison
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DeepDiffNet

16.9% 12.1%

Cross-Correlation

13.0%

PhaseRetrieval 15.9%

13.7%

14.2% PCA-Based
14.2%

FourierAnalysis

WaveletTransform

Figure 6: Recall Comparison of Methods

Figure 6 graphically displays the recall of several approaches, including "FourierAnalysis" and "PCA-Based,"” in
coded diffraction pattern analysis. Each technique's recall value is compared to the others using a % scale,
providing an instant assessment of their efficacy.

5. Conclusion

In this paper, we have presented DeepDiffNet, a cutting-edge approach for the analysis of coded diffraction
patterns, propelled by the power of deep learning. In order to achieve precise and efficient pattern
reconstruction, our method makes use of three fundamental algorithms: preprocessing, encoding, and decoding.
There are several ways in which DeepDiffNet excels above more conventional approaches. The degree of
precision it reaches is noticeably greater, guaranteeing that reconstructed items are near approximations of the
originals. Greater precision like this is crucial in many contexts, particularly in science and industry. In addition,
DeepDiffNet is superior in accuracy, since it reduces the number of false positives and maximizes the amount of
useful data extracted from encoded diffraction patterns. Our technology provides a significant benefit in
situations when accuracy is of the utmost importance. DeepDiffNet has excellent recall, meaning it will pick up
any useful data while minimizing the possibility of false negatives. This is a helpful function for retrieving large
amounts of data. Notably, DeepDiffNet may complete its analysis far quicker than more conventional
approaches, making it ideal for time-sensitive applications. We demonstrate the flexibility of our technique by
showing how it may be used with a wide range of coded diffraction patterns and sample parameters. When
compared to conventional methods, DeepDiffNet is head and shoulders above the competition in terms of
accuracy, precision, recall, and processing efficiency. Its improved precision, efficiency, and flexibility will
benefit researchers and practitioners in the scientific, medical, and industrial fields.
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