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Abstract

This dissertation investigates the application of machine learning techniques for monitoring
and analyzing signs and behaviors associated with Autism Spectrum Disorder (ASD), with
a particular emphasis on image and audio processing. From an Explainable Artificial Intelli-
gence perspective, the research begins by examining the capabilities of deep learning models
in the analysis of facial features of autistic and non-autistic individuals. A crucial element
in this process is the enhancement of input image quality. To address this, we also propose a
multi-exposure High Dynamic Range (HDR) imaging method, which improves image detail
through segmentation and deep learning-based reconstruction. The proposed method can
be used for various topics, one of which is for our research on distinguishing autistic from
non-autistic individuals. The TEEE ICASSPW paper highlights the superior performance
of empirical thresholding over Otsu thresholding; however, the integration of these methods
led to overfitting, prompting the adoption of Otsu segmentation. The results of the recon-
struction network, consisting of Visual Attention Module (VAM), attention and alignment
modules, and refinement stages, outperformed state-of-the-art techniques, as published in
IEEE Access.

Additionally, the research explores the use of Vision Transformers and ResNets to differ-
entiate children with autism from their neurotypical peers, achieving a 92% accuracy rate.
We also use explainable Al techniques to clarify the model’s decision-making process, with
findings submitted to the Journal of Research in Autism Spectrum Disorders. Furthermore,
the study investigates vocal stereotypy measurement in autistic children using machine learn-
ing applied to audio files, resulting in tailored models for individual patients. These findings

were submitted to the Journal of Applied Behavior Analysis.
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Chapter 1

Introduction

Autism Spectrum Disorder (ASD) is a neurological and developmental disorder that impacts
individuals’ social activities, including their learning processes, behaviors, and interactions
with others. The prevalence of ASD has significantly increased in recent years, with approxi-
mately 1 in 36 children being identified as autistic [44]. Machine learning methods can assist
professionals in identifying individuals with autism and conducting necessary analyses.

Various machine learning methods have been applied in the field of psychology, more
specifically, in ASD. For instance, extensive research has been conducted on diagnosing ASD
based on brain MRI images. However, image classification can serve various purposes in
the ASD field, such as classifying the emotions of individuals with autism or distinguishing
between autistic and non-autistic individuals. Moreover, in addition to image processing,
audio processing is also utilized during analyses, aiding professionals in observing individuals
with autism more conveniently.

Additionally, within this context, analyzing the behavior of individuals with autism may
contribute to enhancing their social skills. Therefore, this dissertation focuses on two distinct
aspects of autism: image and audio processing.

Image processing has been a tremendous aid in various fields, including psychology and,
more specifically, ASD. For instance, images have been used to analyze eye tracking or to
distinguish individuals with ASD from those without, using facial or Magnetic Resonance
Imaging (MRI) scans. Therefore, one of the critical aspects of this research over the past
three years has been the use of facial images to identify individuals with autism.

However, as with other domains of image processing projects, possessing images with the
highest detail and superior quality plays a significant role. For this purpose, we conducted re-
search in HDR imaging to enhance the details of images. We proposed a new multi-exposure
HDR imaging method using image segmentation during this research. The general idea is

to first extract the areas with the highest detail from images with different exposures and
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CHAPTER 1. INTRODUCTION

merge them to produce an initial version of the image with enhanced detail. Subsequently,
we established a deep learning-based image reconstruction pipeline with several stages to
create the final image with increased detail.

On this topic, we published a conference paper [57] that focused on the segmentation
stage, where we established two methods: empirical thresholding and Otsu thresholding.
Several experts investigated the optimal range for extracting image details for the empirical
technique. Conversely, we calculated a threshold for the optimal range using the images’ his-
togram in the Otsu segmentation technique. After comparing these two methods, the results
demonstrated that the manual method outperformed the Otsu technique. Subsequently,
we trained a model to segment images. The paper was published in the 2023 TEEE In-
ternational Conference on Acoustics, Speech, and Signal Processing Workshops
(ICASSPW) Workshop.

However, when we integrated the segmentation network with the reconstruction network,
it led to overfitting. As a result, we removed the segmentation stage. Upon further evalua-
tion, we identified that the problem with empirical thresholding is that each scene has wide
ranges, and thresholding with a static range can cause distortions in some cases. Therefore,
we employed Otsu segmentation for the segmentation stage and fed the segmented masks
and the input images into the reconstruction network.

The reconstruction network comprises several stages, including the VAM, attention and
alignment modules, reconstruction, and refinement. In brief, the input images and their
masks were fed into the VAM module to extract areas of images with more detail. Simulta-
neously, the input images were fed into the attention and alignment modules to align different
exposures to the reference images. Subsequently, the outputs of the modules were concate-
nated in the reconstruction stage to produce the initial version of the HDR image. Finally,
the model’s output was fed into the refinement stage to address potential distortions, such
as blurriness and ghosting. Moreover, after comparing the results of our proposed method
with those of the state-of-the-art methods, our results outperformed the state-of-the-art in
most cases. The paper was published in the IEEE Access journal [58].

In another part of our research [55], we explored the potential of using a single facial
image to differentiate between children diagnosed with autism and those who are not. We
utilized various versions of Vision Transformers and ResNets for this purpose and achieved
a high accuracy rate of 92%. We also extended our investigation to understand the specific
features that the model used to make these distinctions. To achieve this, we employed
techniques from the field of explainable AI. The results of this research were submitted to
the Journal of Research in Autism Spectrum Disorders.

In addition to facial research in autism, we also explored the detection of vocal stereotypy

12



CHAPTER 1. INTRODUCTION

in children with autism using machine learning methods applied to audio files [56]. For this
purpose, we structured our research into several stages, ranging from pre-processing to train-
ing various models on the data. We studied three different analyses on audio files recorded
from autistic children and trained a model for each patient to detect vocal stereotypy, as
their type was different. The paper was submitted to the Journal of Applied Behavior
Analysis.

13



Chapter 2

SUPERVISED IMAGE SEGMENTA-
TION FOR HIGH DYNAMIC RANGE
IMAGING

2.1 Introduction

Natural scenes have a vast luminosity; however, regular cameras can capture a limited dy-
namic range of that luminance. Therefore, the generated image has regions with high (overly
bright) and low exposure (too dark), and the detail is not well visible. These types of pictures
are called Low Dynamic Range (LDR) images.

The first solution to this problem is to utilize cameras with special sensors, which can
obtain more luminance than regular cameras and produce images with more details that are
more similar to the real world [54, 81, 48, 79, 25, 99, 75]. However, due to the high cost of
such equipment, it is not affordable or usable for regular users.

Another solution for this issue is using software development methods known as HDR
imaging. Various algorithms have been proposed recently, and the existing techniques can be
divided into HDR imaging with Single-Exposure and Multi-Exposure methods. In the Single-
Exposure approach, various techniques can produce an HDR image starting from a single
LDR image. However, these methods are not satisffactory since the details cannot be restored
well. In [15], the authors proposed an algorithm to generate an HDR image from an LDR
image. However, their method was affected by two problems: the inability to reconstruct
details of dark and overly saturated areas. More precisely, this algorithm could not retrieve
the details in the excessively saturated regions. Therefore, [60] proposed merging input

images with different exposures and afterward feeding the wavelet coefficient of the merged
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image to the network to produce more details in a shorter time. Fortunately, unlike the
Single-Exposure methods, Multi-Exposure methods are more effective and can reconstruct
more information. Several LDR images are combined in such techniques to produce an HDR
image. Although Multi-Exposure methods perform almost perfectly on static scenes, they
can encounter problems such as ghosting in dynamic scenes due to moving objects. However,
several algorithms have been proposed to solve this issue [35, 30, 88, 90, 66, 65].

HDR imaging can be used in various applications, from entertainment to medical and
security. This technique produces images with more detail in both highlights and shadows
in photography. Additionally, HDR imaging helps the entertainment industry provide more
vivid colors and more realistic content; currently, many modern TVs and streaming services
support HDR content. HDR imaging can also be used in various medical fields to improve
the visibility of medical images such as MRIs and CT scans, aiding better diagnoses. This
technique can also help to have clearer surveillance footage in terms of lighting conditions.

In consideration of the relevance of HDR imaging, new methodologies based on deep
learning have been a great help in recent years, in providing significant progress over the state
of the art. For instance, [15] used a deep neural network to produce an HDR image in the
logarithmic domain. Also, [85] used deep learning to reconstruct the detail of an image with
different row-wise exposure in the irradiance domain. The works [39, 17], unlike previous
methods, used neural networks to produce several LDR images with different exposures
from a single LDR image. Additionally, [30] first aligned images with the optical flow and
eventually used deep learning to fuse the aligned images to produce an image with more
detail. In [35], two deep learning methods were used to align images and generate an HDR
image. Neural networks with different scales of images were used in [91] to learn the relative
relation between input images and their ground truth.

Image segmentation is one of the tasks in computer vision, and its objective is to simplify
image analysis. This task is typically used to detect objects or better understand images,
such as medical ones. Image segmentation can extract the regions of pictures with more
details. In [83], the authors analyzed images in HSV color space to segment pixels based
on the value of Intensity or Hue. Additionally, other works proposed two methods for
image segmentation based on luminance: histogram division [34] and clustering based on
the Gaussian Mixture Model (GMM) of the histogram [33]. Furthermore,[38] proposed a
method to find the optimal valley point based on the slope between the histogram value of
each pixel and other neighboring points and used that valley point to segment regions.

Thus, to cope with this problem, highly advanced cameras [54, 81, 48, 79, 25, 99, 75| can
be used, which are equipped with special sensors that capture more light. However, such

devices are mainly too expensive and overly heavy, making them unsuitable for daily life and

15
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primarily used in industries.

A possible resolution for this drawback is developing software algorithms called HDR
imaging techniques. Moreover, HDR images can be implemented using a single image [15,
77, 36, 8] or by fusing a stack of images with different exposures, which are called single-
exposure and multi-exposure methods, respectively. In algorithms utilizing a single LDR
image, an HDR image can be produced from one image; however, the generated picture may
not be as informative as an HDR image produced by several LDR images because the amount
of detail in one picture is limited compared to several images with different exposures. More
precisely, [15] implemented an algorithm that only reconstructs the details of bright saturated
areas; however, the model cannot restore detail in dark regions and performs poorly when
the bright saturation is excessive. Thus, [60] first combined several LDR images and then fed
the low-frequency response of the wavelet transform to the network to produce more detail
in a shorter time.

Luckily, multi-exposure methods are more effective and informative compared to single-
exposure techniques. Moreover, these methods perform well when the images are static
[39, 17]; however, when there is movement in the sequence of pictures, the ghosting problem
emerges, which is almost solved in [35, 30, 88, 90, 66, 65].

Deep learning has been a significant means of producing HDR images for the past decade.
For instance, [15] produced an HDR picture in the logarithmic domain with the help of a
deep neural network. Additionally, [85] used a neural network to reconstruct details in an
image with different exposures in each row in the irradiance domain. In contrast, unlike
other multi-exposure methods, [39, 17] used a neural network to produce synthetic LDR
images with different exposures from a single image. Furthermore, [30] proposed aligning
images using the optical flow and then using a deep neural network to combine them. In
addition, [35], instead of using optical flow for alignment, proposed using two different neural
networks: first to align them and then combining the aligned images with the second neural
network. Finally, [91] used a neural network to learn the relative relationship between the
input images and their Ground Truth using images at different scales.

The main contributions of this chapter are as follows:
1. We propose two methods to extract areas of the image with greater detail.

2. We compare the proposed methods to identify the best one.
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2.1.1 Basic definitions in HDR|[5]

HDR

HDR is a technology that improves the color range and brightness of displays. This tech-
nique creates more realistic images than those produced by Standard Dynamic Range (SDR)
cameras. HDR expands the range of brightness and color in images to make them similar to
what we see with our eyes. This helps us easily recognize the brightest and darkest parts of

the image and shows more detail in both shadows and highlights.

HDR Challenges

A common challenge in HDR techniques is ghosting artifacts, which occur when multiple
images with different exposures are merged. If there is movement in the scene while taking
a bracketed series of images or the images are not aligned, the merging process causes
ghosting artifacts, which can make the picture blurry. However, nowadays, there are various

techniques, both machine learning and non-machine learning, to address this problem.

Tone mapping

Although it is increasingly common for digital displays and streaming services to support
HDR content, such devices are still not commonplace, and mostly support LDR content.
Since most displays cannot produce the full dynamic range of HDR content, tone mapping
is a technique that converts the wide range of luminance values into a displayable range on

standard screens.

Sigmoid Space

Training a model for HDR imaging in HDR space results in challenges due to the high pixel
values. To address this, we mapped these values into sigmoidal space, normalizing them to
a range of 0-1 for more effective training. Once the model is trained, we convert the values

back from sigmoidal space to HDR space using the inverse sigmoid function.

Color Spaces

Various color spaces can be used in HDR imaging, and these will be discussed briefly. RGB
color space shows colors by combining red, green, and blue lights, and is the most common
color space in imaging and displays. YCbCer is a color space that is used in video compression

and broadcasting. Y represents the luminance component, while Cb and Cr represent color
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difference components. YUYV is similar to YCbCr, in which Y represents the luminance,

while U and V represent chrominance information.

2.2 Proposed Method

2.2.1 Producing ground truth

Most of the algorithms in the literature for HDR imaging are concentrated on how to produce
the actual images, while less attention has been paid to extracting suitable features. In this
thesis, the proposed method focuses on extracting the most suitable regions for HDR imaging.
Indeed, by finding the areas with more detail, the HDR algorithm can produce an image
free of overly saturated or dark parts. More specifically, an image segmentation method is
introduced to identify areas with the most detail. A neural network can then extract the
desired regions of input images, which will be discussed in the next chapter. Additionally,
two different methods, manual thresholding and Otsu segmentation, were used to produce
the Ground Truth, and these will be compared with each other.

In the manual technique, several experts investigated the best possible range of intensity
in the YCbCr color (explained in 2.1.1) space for empirically extracting the areas with
the most detail. Eventually, an average of the ranges was calculated for each image. The
selected ranges for image intensity with low- and high-exposure are [120,255] and [0,200],
respectively. Generally, the objective is to acquire areas with less darkness and saturation.
Therefore, because most regions in low-exposure images are dark, we would like to extract
the areas with the highest pixel values, which indicate the most visible ones. Conversely,
because most pixels in high-exposure images are saturated, the objective is to extract pixels
with the lowest values. Indeed, some visible pixels with the lowest values cannot be selected
by choosing pixel values in the luminance channel. For example, although the gray area of

the mountain in Figure 2.1 is visible, it was not chosen in the segmentation process.
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Figure 2.1: The image on the left is the input image, and on the right is its Ground Truth
produced by the manual method. The picture was taken from [18].

The second method is called the Otsu technique [61], which calculates a threshold based
on the intensities of images and segments pixels. More precisely, the pixels greater than
the threshold are considered foreground (white), and those with lower values are considered
background (black). The difference between these two methods is that the Otsu technique
threshold is computed based on the histogram of each image. In the manual method, all the
pictures of each exposure are within the same range. In Otsu, all the pixels of low-exposure
photos greater than the threshold are considered the desired pixels. In contrast, those lower
than the threshold in high-exposure pictures are desirable. In both cases, the segmentation

masks are made of ones and zeros.

2.2.2 Neural network structure

Unfortunately, each image encountered in practice has various intensities and peculiarities;
for this reason, it would be challenging to use non-machine learning methods to predict the
informative areas in low- and high-exposure images. Moreover, it is a time-consuming task
to extract a range for each image separately. Therefore, a neural network has been proposed
in this research to learn how to extract the best area of each image based on the proposed
ranges in the training stage.

Two similar U-Net-shaped networks [72] were used for segmentation in this research, and
each network attempts to learn how to map from each exposure to its Ground Truth. These
two networks are different from the original version regarding blocks and block sizes. As
seen in Figure 2.2, the U-Net consists of 2 parts. In the first part, the subnetwork strives
to extract features, and the second subnetwork tries to produce an output similar to the
Ground Truth. The encoder section includes five blocks, each with two convolutional layers

with ReLLU function, Dropout, and MaxPool layers. Additionally, kernels of convolutional
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layers in each block are 16,32,64,128,256, respectively. Moreover, the decoder has four blocks,
each consisting of one transpose convolutional layer, a concatenation, a convolutional layer
with ReLLU activation, Dropout, and another convolutional layer with ReLU, respectively.
Furthermore, all convolutional and transposed convolutional layers use a kernel size of 3x3,

and the last layer uses a kernel size of 1x1.
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2.2.3 Loss functions

The loss function is one of the essential components of deep learning. Thus, three loss
functions are used and compared to select the best loss function for segmenting the regions

with the most detail. The three loss functions used are as follows:

1. Binary Cross Entropy (BCE): One of the most common functions, which is used in
most image segmentation research, is the BCE loss function, and it can be represented

as follows:
Lpcg = — Z(y log §j + (1 - y) 10g(1 - @)) (2-1)

Where y and § represent Ground Truth and the network’s output, respectively, the

sum is over all the pixels.

2. Focal Loss [42]: This loss function is used for imbalanced data and focuses on hard
data:

Liocat = = ) _(ay(1 = )" log g+ (1 = a)(1 — y)(5)" log(1 - §)) (2.2)

Where a and v are hyperparameters and, as a default, equal to 0.25 and 2.0, respec-

tively.

3. Combo Loss (Dice Cross-Entropy) [22]: This loss function is also used for imbalanced
data and is produced by combining Cross-Entropy and Dice loss functions. Eq 2.3

represents Dice loss, and Eq 2.4 is for Combo loss:

R 2yy + 1
Lpicely,y) =1 — ——— 2.3
D (yy) Y+ g+ 1 ( )

The value 1 added to the numerator and the denominator avoids undefined errors, such
as y=y=0.
Lpicecce = Lpice + LpcE (2.4)

2.3 Experiment Results

2.3.1 Dataset

Recently, a new dataset was collected for HDR Imaging Challenge called NTIRE 2021 [62].
In this dataset, two types of pictures (Single-Exposure and Multi-Exposure images) were
provided; however, Multi-Exposure photos were used only in this research. This dataset

includes images from [21] that were generated as follows. First, HDR images were produced
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natively by two Alexa Arri cameras with a mirror rig; then, their corresponding LDR images
were generated synthetically with noise sources. Approximately 1500 pairs of HDR/LDR
images are in this dataset for the training set, 40 for the validation set, and 200 for the
test set, with a resolution of 1900x1060. Moreover, all the images were already aligned and

gamma-corrected.

2.3.2 Evaluation metrics

Several evaluation parameters have been used in this research to evaluate the results and are

discussed as follows:

1. Dice Index: This metric is region-based and evaluates the similarity and the overlap

of two samples.

|AN B

Dice(A,B) = 22—
Al + [ B

(2.5)
2. Jaccard Index: This metric works similarly to Dice and calculates the similarity of

two samples.
|AN B

Jaccard(A, B) = AUBD| (2.6)

3. Two other metrics are Sensitivity and Specificity, which calculate True Positive and

True Negative pixels.

TP
Sensitivity = TP+ FN (2.7)
TN
 ficity = ——— 2.
Speci ficity TN FD (2.8)

4. AUC: This metric is commonly used in image segmentation algorithms.

1. FP FN
AUC =1 — =(

9.
' Fprrn VP EN TP (2.9)

2.3.3 Ground truth generation

As the dataset used does not include ground truths for segmentation, the first objective of

this research is to produce ground truths that cover most of the scenes. Thus, after frequent
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visual studies of the ground truths produced by both manual and Otsu techniques, it became
evident that the manual method has more coverage than the latter. For instance, as seen in
Figure 2.3, both approaches worked almost the same on low-exposure images. However, the
manual method succeeded in covering more areas in images with high-exposure. Additionally,
as seen in the last row, the total area covered by the manual technique is more significant
than that covered by the Otsu technique. Therefore, the ground truth produced using the

manual method will be used for the rest of the research.

Input Images Manual Method

' V‘
! ~
. . N
3 - ™ fork
RIS "
"

el

wid

"“ ", M@ J‘V

Figure 2.3: Produced ground truth of both manual and Otsu methods. The first row is
generated from the low-exposure image, the second is obtained from the high-exposure image,
and the third is a merged output of both rows.
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2.3.4 Other details

Additionally, the training process for each loss function was 50 epochs, which took around
200 minutes on NVIDIA DGX A100 and less than 2 minutes for testing, and the model
was trained in parallel on 4 GPUs. Moreover, the number of images for the training and
validation sets was about 1300 and 200 images, with a resolution of 512x512 and a batch size
of 32, respectively. Furthermore, the Adam optimizer with a learning rate of 0.001 was used.
Finally, the neural network was implemented in the TensorFlow (Keras) framework. During
experiments, three input images with different exposures were used for image segmentation,
in which, after obtaining the suitable areas of low- and high-exposure photos, the remaining
regions were extracted from the medium-exposure images. However, the acquired areas of
the medium-exposure image were not sensitive because most were only a few pixels with no
shapes. Thus, it was difficult for the network to segment them. Figure 2.4 demonstrates an

example of the extracted regions in the medium-exposure image.

2.3.5 Results

The predicted segmentation outputs from three different loss functions were quantitatively
compared with their ground truth, which was produced by a manual technique. As shown
in Table 2.1, which demonstrates the evaluation results of low-exposure image segmentation,
different loss functions outperformed the others in various evaluation metrics. For instance,
the Focal Loss function performed better than the others in Jaccard and Sensitivity evalu-
ation metrics. Although they have equal values in the AUC evaluation metric, the average
Focal Loss was better than Dice-BCE and BCE. Additionally, Table 2.2 indicates that the
Dice-BCE loss function worked better than the other two losses in Jaccard and Sensitiv-
ity evaluation metrics. However, BCE performed better on average. Therefore, it can be
concluded that the Focal Loss function segments low-exposure images with better illumina-
tion, while BCE performs better in high-exposure images. Figure 2.5 and 2.6 demonstrate
outcomes produced by different loss functions for both images with low-exposure and high-
exposure. As can be seen, although all the outputs are visually almost identical and it
is difficult to distinguish differences between them, the quantitative results show that the

output of Dice-BCE is not as good as that of the other two.
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Figure 2.4: An example of extracted areas from a medium-exposure image. The image is
taken from [18].

Table 2.1: Quantitative evaluation results of low-exposure Image Segmentation. The rows
represent the metrics, as M1: Dice, M2: Jaccard, M3: Sensitivity, M4: Specificity, M5:
AUC, and AVG represnts the average of the metrics.

Loss Functions | ml m2 m3 m4 mb AVG
DCE 0.951 | 0.905 | 0.912 | 0.999 | 0.498 | 0.853
Foocal 0.916 | 0.936 | 0.997 | 0.997 | 0.498 | 0.869
Dice - BCE 0.965 | 0.933 | 0.912 | 0.999 | 0.498 | 0.861

Table 2.2: Quantitative evaluation results of high-exposure Image Segmentation. The rows
represent the metrics specified in Table 1.

Loss Functions | ml m?2 m3 m4 mb5 | AVG
DCE 0.994 | 0.909 | 0.765 | 0.754 | 0.68 | 0.82
Foocal 0.989 | 0.89 | 0.753 | 0.763 | 0.675 | 0.814
Dice - BCE 0.991 | 0.912 | 0.77 | 0.73 0.67 | 0.815
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2.4 Conclusion and future works

As discussed in Section 2.2, Otsu and manual methods were used in this research, and a range
was computed empirically using the manual technique. Although experiments demonstrated
that the empirical approach produced better outcomes than Otsu, it has two drawbacks.
Firstly, fails to recognize dark, visible areas, such as the mountain peak illustrated in Fig-
ure 2.1. Secondly, when the segmentation process is performed using the manual technique,
the calculated range must be applied to all images, and the computed span may be unsuitable
for some photos; thus, calculating a specific range for each picture is also time-consuming.
Therefore, it would be better to develop a new automatic technique to estimate these ranges
for each image. In addition to working on a novel method for calculating an automatic
range for each image in future work, it is feasible to use extracted regions from segmentation
techniques in HDR imaging to produce an HDR image with more detail. Additionally, this
work can help reduce the complexity and computational demands of networks for generating
HDR images, as we will explore in the next chapter.

In summary, this research used two methods for segmenting visible regions, and a manual,
empirical approach was chosen after comparing them to produce the ground truth. Moreover,
deep neural networks were used to learn to extract the regions with the help of the produced
ground truths in each exposure. Additionally, three different loss functions were utilized
in this chapter, and the quantitative metrics demonstrated that the focal and BCE loss

functions outperformed others in low-exposure and high-exposure images, respectively.
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Chapter 3

High Dynamic Range Imaging via Vi-
sual Attention Modules

3.1 Introduction

In the context of photography, the real world consists of an unlimited range of luminance.
However, as introduced in Chapter 2, most imaging devices can capture only a limited
amount of that light. Therefore, the captured images are often undesirable and containing
saturated regions where some parts of the images are too dark (underexposed) or overly
bright (overexposed), resulting in that are called LDR images.

In this chapter, we will apply image segmentation, as described in the previous chapter,
to HDR imaging to extract the most visible areas of the images and help the model generate
pictures with more detail. By doing so, we can reduce the complexity of the neural network
and achieve similar or better results. Indeed, deep learning methods have demonstrated
outstanding capabilities in identifying the most relevant features in images. For the current
task, these methods are, in principle, capable of identifying the most informative areas in
photos with different exposures. However, this may require higher network complexity and
an intractable number of parameters. Conversely, this paper investigates the potential role
of segmentation in guiding the network architecture toward superior HDR reconstruction.
To achieve this, VAMs will be proposed to extract such regions. Additionally, this research
incorporates Spatial and Attention modules from SOTA methods, and a new architecture
for the Reconstruction stage is designed and implemented, in which the visual attention and
the reference image are used in the decoder part. Finally, although VAMs helped produce
images with more detail and outperformed most SOTA methods, the results still showed a

slight amount of noise extracted from the input images.
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In section 3.2, the SOTA methods in HDR imaging and related image segmentation are
presented. In Section 3.3, the proposed method is discussed in detail. Section 3.4 demon-
strates the experimental results and compares them with the SOTA methods. Moreover,
Section 3.5 presents ablation studies to validate the significance of each proposed step, fo-
cusing on the use of VAM and the Refinement stage. Finally, Section 3.6 concludes the

chapter with ideas for future work. The code is available here.

3.2 Related Work

In this section, we will discuss the SOTA methods in HDR imaging within the Multi-
Exposure category (Section 3.2.1) and review unsupervised image segmentation methods

for region extraction (Section 3.2.2).

3.2.1 Multi-Exposure Methods

Given the extensive literature on HDR imaging, as well as the availability of excellent books
and surveys on the topic [86, 5], this section reviews methods closely related to the one
proposed in this chapter, aiming to highlight potential commonalities, differences, and in-
novative aspects. [41] proposed a two-stage algorithm in which, in the first phase, features
were extracted from the input images and merged to produce the HDR image in the second
phase. Additionally, to address the noise introduced by the gamma correction operation on
input images - i.e., the gamma-corrected low-exposure image becoming similar to medium-
exposure - they used a U-net to extract noiseless features. Furthermore, [12] implemented a
model in which images at lower scales were used to reduce resource consumption. A novel
loss function was also defined to emphasize motion. Moreover, [45] forwarded features at
different scales to deformable and spatial attention blocks to align images in the feature
space and extract the features from specific areas of the input images. Additionally, [93]
proposed a model that first estimated the optical flow from two input images at different
scales and then fused them to produce the final output. In [89], features were extracted from
various scales and processed by sampling and aggregation modules to align the pixels of the
non-reference features.

The work in [92] implemented a baseline with lower computational resources and accept-
able results compared to other SOTA models. They used a dual attention module, which
includes both spatial and channel attention modules, to address misalignment and better
learn the details of the produced areas. In [95], the authors proposed a model that first

extracts features from input images using multi-scale encoding modules and then creates an
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HDR image by applying progressively dilated U-shape blocks.

[11] demonstrated that the ghosting problem (explained in Section 2.1.1) primarily af-
fects low-frequency signals. Therefore, they proposed a wavelet-based model to merge im-
ages in the frequency domain and avoid ghosting issues. [64] implemented an algorithm that
extracted dynamic areas of the images using image segmentation and applied two neural
networks separately to the static and dynamic scenes. Finally, they merged the information
to produce an HDR image without ghosting. In [84], a model based on bidirectional mo-
tion estimation was proposed, where the optical flow between LDR images was estimated
using motion estimation with cyclic cost volume and spatial attention maps. Eventually,
an HDR image was produced with the help of the extracted local and global features. [49]
implemented the first multi-bracket HDR pipeline using event cameras, where they merged
the extracted features of images and events to produce an HDR image. [43] proposed a
transformer-based baseline, using a context-aware vision transformer to extract local and

global features to model the movement of objects and the diversity of intensity.

3.2.2 Image Segmentation

Image segmentation is a crucial task in computer vision, aiming to partition images into
segments for easier analysis. It can be used not only for object recognition, detection, and
medical purposes, but also for extracting regions of images with more detail. In [83], images
were analyzed in the HSV color space to segment pixels based on intensity or hue values.
Moreover, two image segmentation methods based on luminance were proposed: histogram
division [34] and clustering using GMM of the histogram [33]. Furthermore, [38] calculated
an optimal valley point based on the slope between the histogram value of each pixel and
its neighboring points, using this computed valley point to segment regions. The literature
on the topic is vast, with methods ranging from level set methods [53] to graph cuts [94] to

recent deep learning-based frameworks [52].

3.3 Proposed Method

3.3.1 Overview

As cited in [87], it may be beneficial to first segment images based on exposure information
to extract the most detailed regions from the over- and under-exposed areas and use this
knowledge to reconstruct an HDR image. Following this idea, a model is proposed in this

paper in which regions with more detail are first segmented in the processing stage with the
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help of image segmentation. These regions are then fed into the model, along with the input
images, to produce an HDR image using VAMs.

The model can generally be divided into several sections. First, the input images are
fed into the feature extraction module, and then the extracted features pass through the
attention and spatial alignment modules to address any potential misalignment. Moreover,
the input images, along with their corresponding masks, are processed by the VAM simul-
taneously to extract the visible areas of the LDR images. Next, the outputs of the three
modules are fed into the Reconstruction stage to generate the initial HDR image. Finally,
the generated outcomes, along with the features of the reference image, enter the refinement

section to construct the final HDR image.

3.3.2 Preprocess

In this article, the inputs consist of three LDR images with different exposures, with the
image having medium exposure considered as the reference image. Before feeding the input
images to the model, they are first mapped to the HDR domain using gamma correction.

Finally, the images are concatenated channel-wise with their corresponding LDR images.

I = fori=1,2,3 (3.1)

where ¢; is the exposure time of I;. v is the gamma correction parameter(set to 2.24), and

I; is the gamma-corrected image.

Segmentation

As discussed in the previous chapter, most current algorithms in HDR imaging focus pri-
marily on the image production process, with less attention given to how to extract the most
helpful features. In this thesis, however, the regions of the images containing more detail are
first segmented and extracted as a preprocessing step. These regions are then fed into the
proposed model, along with the LDR images, as inputs.

In the first chapter, we used the empirical and Otsu methods for segmentation, with
the empirical technique outperforming the latter. However, during the implementation of
the overall scheme in this chapter, we observed that the empirical method led to overfitting
in our network. Various methods, such as neural network-based approaches and the Otsu
method, were also explored for the image segmentation stage. However, in our experiments,
the neural network-based approaches resulted in overfitting. As a result, the widely adopted

Otsu method, with its simplicity, was selected to segment the visible areas of the images. To
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begin, the images are first converted to the YUV color space (explained in Section 2.1.1).
The luminance channel (Y) is then used to compute a threshold based on the histograms
of low- and high-exposure images. Different thresholds are calculated for each sample based
on the histogram of each image in each exposure. Thus, the threshold parameter for each

image is a variable, depending on the sample.

thresh; = G(Y;) fori=1,3 (3.2)

Where Y; is the luminance channel of the LDR image, G() is the Otsu function, and thresh;
is the threshold value of image i.

In the case of the low-exposure image, where most pixels are dark, the objective is
to extract the regions with visible pixels. Therefore, values equal to or greater than the

threshold are set to 1, and the rest are set to 0 for the low-exposure mask.

1 p > thresh; (3.3)

0 p < thresh;
where thresh; is the threshold value of the low-exposure image, and p represents the pixel.
In contrast, in the high-exposure image, where most pixels are saturated, the visible
pixels have the lowest values. Therefore, values less than the threshold are set to 1, and the

rest are set to 0 for the high-exposure mask.

0 p > threshs (3.4)
1 p < threshs

By doing this, the masks of the areas with more detail are extracted, which can aid in
producing an HDR image.

Generally, most pixels in low- and high-exposure images are either too dark or too bright,
respectively. Thus, the areas with surplus information are extracted and fed to the model.
This reduces computational load and helps produce an HDR image with more detail. Fig-
ure 3.1 illustrates the segmented and visible regions of both low- and high-exposure images
(the first and second masks from the left, respectively), with the third mask being the sum

of both generated masks.

34



CHAPTER 3. HIGH DYNAMIC RANGE IMAGING VIA VISUAL ATTENTION
MODULES

Figure 3.1: Generated masks for low- and high-exposure images.

Furthermore, during our experiments, three input images with different exposures were
used for image segmentation. After identifying the suitable areas from the low- and high-
exposure images, the remaining regions were extracted from the medium-exposure image.
However, the extracted regions from the medium-exposure image were not as useful, as they
mainly consisted of a few pixels. Therefore, there are two reasons for not using the medium-
exposure image in the segmentation stage. First, it would be challenging to calculate a range
for the visibility of the pixels. Second, since the medium-exposure image is the reference
image, and the picture will be used in the neural network. Therefore, it will be used in
the neural network. Therefore, it is not necessary to use information derived from the

segmentation of the medium-exposure image.
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As shown in Figure 3.2, the proposed algorithm consists of six stages, each of which will be

discussed separately and in detail.

Feature Extraction

Ty
/ Max Pool

LDR .
Image
o
/ Avg Pool
R —

Sep Conv Upsampling
Sep Conv + _
RelU Concatenation

Figure 3.3: Structure of the Feature Extraction Block.

Figure 3.3 illustrates the Feature Extraction block, where a SepConv is applied to the image
to extract 32 feature maps. Next, Max Pooling and Average Pooling operations are used to
smooth the features, emphasizing the details, and focusing more on the edges. The outputs
of these pooling operations are concatenated, and another SepConv followed by a ReLU
activation function is applied to reduce the number of channels to 32. Finally, the extracted
features are upsampled to match the input image’s dimensions. The feature extraction

process can be written as follows:

features; = SepConv(/;) (3.5)
C; = concat (M ( features;), A( features;)) (3.6)
F; = Upsample(ReLU(SepConv(C}))) (3.7)

for i = 1,2,3, where M() and A() represent Max Pooling and Average Pooling functions,
respectively, and C; denotes the output of Concatenation. Finally, F; is the output of the

Feature Extraction Block.
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Visual Attention Module

Low Feature
Exposure Extractor
éf
F 3
High Feature
Exposure Extractor

Element-wise
o Multiplication

Element-wise
Addition

Figure 3.4: Structure of the Visual Attention Module (VAM).

As discussed in Chapter 2, image segmentation is used to assist the model in producing a
better image. As shown in Figure 3.4, the input images are first multiplied element-wise
by their corresponding masks. This process preserves the regions with more detail while
removing those that are overly dark or too bright. The masked images are then fed into the
Feature Extractor to extract features. Finally, the extracted features are combined element-
wise. The VAM can be formally defined as follows:

features; = F'(multiply(masky, I1)) (3.8)
featuresy = F'(multiply (masky, I77)) (3.9)
V = add(featuresy, featuresy) (3.10)
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where F' is the feature extraction function, and V is the output feature of the VAM.

Spatial Alignment Module

A 4

v

Reference
Features

@ Van
@ 4N,

Y

Input LDR

Features Wi
7 Conv + ReLU © Element-wise
Multiplication

@ Element-wise
Addition

Figure 3.5: Structure of the Spatial Alignment Module.

Since the input LDR images are not aligned, the extracted features from the LDR im-
ages (without gamma correction) are fed into an ad hoc module for alignment. To achieve
this, we use the same Feature-Alignment Module as described in [95]. As shown in Fig-
ure 3.5, a Conv + ReLU is first applied to the Reference Features, denoted as Ref;. Next, a
Conv + ReL U is applied to Ref;, and the result is element-wise multiplied by the input LDR
features, denoted as M; (for i = 1,3). Finally, another Conv 4+ ReLU is applied to Refy,
and the output is element-wise added to M;. The operation in this module can be formally

written as follows:

Ref; = ReLU(Conv (ref features)) (3.11)
M; = multiply(ReLU(Conv(Ref})), inp features;) (3.12)
out; = add(ReLU(Conv(Ref;)), M;) (3.13)

Attention Module

The Attention Module is similar to [95] in terms of structure, but it differs in details. As

shown in Figure3.6, feature maps are produced for low- and high-exposure images and merged
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Figure 3.6: Structure of the Attention Module.

with the reference image as guidance. These are concatenated after feeding the features
of gamma-corrected images with the reference image. Afterward, SepConv + ReLLU and
SepConv + Simgoid operations are applied to them. The module can be considered as follows:
R; = ReLU(SepConv(concat(f;, f,)) fori=1,3 (3.14)

S; = Sigmoid(SepConv(R;)) (3.15)

where f; and f, are the features of the gamma-corrected and reference images, respectively.

40



CHAPTER 3. HIGH DYNAMIC RANGE IMAGING VIA VISUAL ATTENTION
MODULES

Reconstruction

Encoder Decoder

/ Decoder
Inputs Block

Encoder SepConv +
Block RelLU

~| Reference features and
Visual attention Features

Figure 3.7: The overall Scheme of the Reconstruction stage.

All the extracted features from the modules are concatenated and fed into the reconstruction
stage. As shown in Figure 3.7, the input is merged with the help of four encoder blocks, and
new features are produced. Next, each decoder block receives features from the encoder, as
well as features from the reference image and VAM. Finally, a SepConv + ReLLU is applied
to produce the output of the stage.

Visual
Attention Avg Pool . /
RefErencr—P{ Avg Pool —

Input

Max Pool

Avg Pool

Separable Conv +
Batch Normalization
+ ReLU
D Concatenation

Figure 3.8: Structure of the the encoder (left) and the decoder (right) blocks.

J/ W

Concatenation

Separable Conv +
ReLU + UpSampling
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Each encoder block (Figure 3.8, left) initially applies SepConv, Batch Normalization, and
ReLU layers to the inputs. Afterward, similar to the Feature Extraction Module, Max and
AVG Pooling operations are used. Finally, the results are concatenated and sent to the next
block.

Moreover, each decoder block (Figure 3.8, right) consists of three inputs: features from
the VAM, features from the reference image, and the output of the previous block. First,
AVG pooling is applied to the first two inputs to make them the same size as the output of the
previous block, and then they are concatenated. Finally, SepConv + ReLLU and Upsampling

are applied, respectively.

Refinement

L A4 || £

Features — N [ — _—

Reconstruction

Output /
Concatenation Separable Conv

Separable Conv +

ReLU Conv + Sigmoid

Figure 3.9: Structure of the Refinement Stage.

Unfortunately, the output of the reconstruction stage may have blurry, saturated, or dark
areas. Therefore, a refinement section has been added to address these potential issues with
the help of the reference image’s features.

As Figure 3.9 illustrates, SepConv + ReLLU is applied to the features of the reference
image to reduce the number of feature maps. Furthermore, after concatenating the inputs,
SepConv and SepConv + ReLLU are applied, respectively. This process is repeated twice, and
eventually, Conv + Sigmoid is applied to produce the final image in Sigmoidal space. The

process in the Refinement stage can be represented in pseudo-code, as shown in Algorithm
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1.

Algorithm 1 Pseudo-code for the Refinement Stage.

Inputs: The output of the Reconstruction stage (denoted as Reconstruction,) and the
extracted features of the referenced image (f;).
Output: The final image in the Sigmoidal Space.
f» = ReLU(SepConv(f,))
1+ 0
while ¢ < 3 do
if i == 0 then
¢ < concat(Reconstruction,, fr)
x < ReLU(SepConv(SepConv(c)))
else
¢  concat(z, f,)
x < ReLU(SepConuv(SepConv(c)))
end if
1 i+1
end while
out < Sigmoid(Conv(x))
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As shown in Algorithm 1, the first two lines display the inputs and outputs of the refine-
ment stage. Moreover, the concat, SepConv, and SepConv + ReLU steps can be considered
a block of the stage, which is applied three times. The first block receives reconstruction,
and fr as inputs (lines 6-8). However, the output of the previous block and fr are fed to the
subsequent blocks.

Note that, in this research, the ground truth images are mapped from HDR Space into
sigmoidal space. Based on our experiments, transforming the values into sigmoidal helps
the network converge more effectuvely (see Figure 3.10 for a comparison of training and
validation loss in Sigmoidal and HDR space). The reason for this transformation is that the
values in HDR space are too large, and a model with a low number of parameters is unable
to learn to produce an HDR image correctly. Conversely, by mapping the values to sigmoidal
space, they are constrained between 0 and 1, which helps the proposed model to learn the

data more efficiently.

3.4 Experiments and Results

3.4.1 Datasets

Standard benchmark datasets were used to test and validate the proposed method. The
primary dataset is the NTIRE dataset, which was collected for the HDR Imaging Challenge
(NTIRE) [68, 62] (2.3.1). In this research, we randomly selected 200 images from the training
set as a test set and trained the model with approximately 1300 pairs.

In addition to the NTIRE dataset, we also tested our method on two other datasets:
Kalantari et al. [30] and Hu et al. [28]. Both datasets contain dynamic scenes with large
motions between the medium, low-, and high-exposure images. The Kalantari et al. [30]
dataset was created by capturing static scenes and introducing motion either by having a
human actor move or by shifting the camera position between the acquisitions of the different
LDR images. The Hu et al. [28] dataset consists of a set of sensor-realistic synthetic images
generated using Unreal Engine, which were then calibrated to match the color gamut of an

actual sensor.
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3.4.2 Implementation Details

Table 3.1: Key highlights of the training and validation settings for the proposed method.

Dataset NTIRE Challenge
Optimizer Adam Optimizer
Initial LR 0.001 with LR decay
Batch Size Train | Validation
Input Size 16 2
Augmentation 256x256 | 1920x1088

True False

Epoch 100

Loss Mean Absolute Error (MAE)

The key highlights of the model are summarized in Table 3.1. The model weights were ini-
tialized randomly, and no pre-trained weights were used. Finally, the details of the proposed

method will be discussed in the following subsections.

Loss function

Among various potential loss functions, the MAE loss was selected for training the model.
This decision is based on the experimental findings reported in [98], particularly in the
closely related task of image denoising. In that study, the authors demonstrated that three
loss functions - MS-SSIM+MAE, MAE, and MS-SSIM - consistently performed best. In this
work, MAE is preferred due to its computational simplicity, making it both practical and
effective for the proposed model.

Operatively, the difference lies in the fact that the ground truth is first mapped to the
Sigmoidal Domain. MAE is then computed in Sigmoidal space between the ground truth
and the model output.

GT, = sigmoid(GT) (3.16)

L(§.GT,) = |GT, — (3.17)

where GT,, is the ground truth image in the sigmoidal domain, and L represents the loss
between ground truth and the output.
Furthermore, the inverse Sigmoid function is used to remap the output to HDR space

after the model has been trained in the sigmoidal space. The inverse sigmoid is defined as
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follows:

~

(y)

~

HDR = log(+—=) (3.18)

where H DR is the resulting image in HDR space and ¢ is the image in the sigmoidal domain.

Training

Flipping the images vertically or horizontally is also used as an augmentation method during
training. Moreover, before feeding the images to the model, they are resized to 256x256. The
reason for doing so instead of producing patches is that some generated patches from the
masks may be totally black or completely white, which causes the model to pay less attention
to images with low-exposure.

Additionally, the batch size and the number of epochs are set to 16 and 100, respectively.
In this article, the Adam optimizer with an initial learning rate of 0.001 is used, and the
learning rate will be reduced by a factor of 0.1 if the validation accuracy does not improve.

Finally, the whole model is implemented in the TensorFlow (Keras) framework and is trained

on a DGX-A100 GPU.

Validation

The images are first padded from 1900x1060 to 1920x1080 and then fed to the model without

any augmentation methods during validation.

3.4.3 Evaluation Metrics and Comparison

Quantitative Comparison

As Table 3.2 demonstrates, the results in this chapter are compared with the SOTA methods
using PSN R and SSIM in HDR and Tone-mapped domains. The y—PSNR and u—SSIM
refer to the tone-mapped versions, where the images were tone-mapped in p—Ilaw. Moreover,
in addition to PSNR and SSIM, the results are compared with the SOTA methods using
LPIPS [97], delta-E, GM AC's, and the number of parameters. Learned Perceptual Image
Patch Similarity (LPIPS) is a metric that computes the perceptual similarity of two images
using a neural network. Delta-E is a metric that calculates the color difference between two

images.
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Table 3.2: Comparison with the SOTA methods, including ours, also considering it without
the refinement and segmentation stages as described in Section 3.5. The bold numbers
represent the best values, and the underlined ones represent the second best.

Param. x
Methods PSNR | p-PSNR | SSIM | p-SSIM | LPIPS | delta-E | GMACs 108
GS[ZI]\Iet 36.88 35.57 0.996 0.873 0.02 0.40 199.38 80
DR[ZE]])R 38.5 36.91 0.996 0.86 0.21 0.40 1701.932 1190
Vien et al.
84] 39.44 35.39 0.994 0.837 0.34 0.45 198.819 1301
ours 43.25 35.86 0.997 0.90 0.03 0.57 234.107 570
ours-w-r 41.71 35.30 0.993 0.857 0.04 0.51 227.59 567
ours-w-s 40.27 34.99 0.993 0.842 0.05 0.66 223.96 545

As mentioned in [62], the challenge focused on two tracks: Fidelity and low complexity.
In the first track, the methods were required to achieve the highest — PSN R while ensuring
the GM AC's value was less than 200. In the second track, the goal was to reduce the GM AC's
value to below that of the baseline method, while keeping the PSN R and p— PSN R values
nearly the same as the baseline method. The proposed method has been compared with
GSANet [41], DRHDR [45], and Vein et al. [84]. As can be seen in Table 3.2, the proposed
method achieves the highest value in terms of PSN R while having the second highest value
in p — PSNR.

Additionally, all the methods were close in SSIM; however, our method outperformed the
SOTA in both SSIM and p — SSIM. Furthermore, although our result with a value of 0.03
is the second best in LPIPS, it performed the worst in delta-E. On the other hand, Vien et
al. [84] had the lowest GMACs value, and GSANet ranked second lowest. Moreover, it is
evident that in terms of the number of parameters, GSANet has the lowest, and the proposed
method is in second place among the algorithms. Table 3.2 shows that the "ours-w-r” and

7

"ours-w-s” methods refer to our method without refinement and segmentation. Although
the number of parameters and the GMACs value in those methods are lower than in the

total model, the full model still produces better results in terms of the metrics.
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Table 3.3: Comparison between the proposed method in HDR and Sigmoidal Spaces.

Methods PSNR | Mu-PSNR
Ours (HDR Space) 42.4 35.28
Ours (Sigmoidal Space) | 43.25 35.86

Furthermore, for further study, the proposed method was trained and tested in HDR and
Sigmoidal Spaces to determine which space is superior for training the model. As shown in
Table 3.3, the proposed method in Sigmoidal Space outperformed the algorithm in the HDR
domain. Moreover, during training, the model in Sigmoid space converged more quickly than
the model in the HDR domain.
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Figure 3.11: Qualitative comparison with the SOTA. The first row of each scene contains low-
, medium-, and high-exposure images, respectively. The second row includes the outcomes
of ours, DRHDR, Vien et al., and GSANet.
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Qualitative Comparison

In terms of qualitative comparison, we used images of the NTIRE [68, 62], Kalantari [30], and
Hu [28] datasets. As seen in Figure 3.11, our produced images performed better in terms of
image reconstruction compared to the DRHDR and Vien et al. methods. More specifically,
Figure 3.11 demonstrates the results of ours, DRHDR [45], Vien et al. [84], and GSANet
[41]. As can be seen, the output of Vien et al. in the first scene shows distortion in the
bright areas, and it is evident that the algorithm cannot restore the details from these areas
correctly. Furthermore, there is some degradation in the dark regions as well. Moreover,
although DRHDR performed well and reconstructed both areas, it could not capture the
details in over-saturated regions. For instance, in the two red and green boxes, the model
failed to reconstruct the details of the hands and the shirt, whereas the proposed method
produced more detailed results in these regions. The image generated using the GSANet
method shows significant information and is almost similar to ours. More precisely, although
both methods could reconstruct the shirt nicely, GSANet captured more detail in the hand
than our method.

In the second scene, the DRHDR and Vien et al. methods failed to reconstruct the
branches visible in the short-exposure image, restoring only part of them. In contrast, the
proposed method and the GSANet performed almost equally. Finally, in the last scene, it is
clear that the proposed method outperformed the first two algorithms by reconstructing more
details in both the dark and bright areas. The details of the sky highlight this improvement.

As further research, we tested the model and the SOTA methods on two additional
datasets with much more movement [30, 28]. Unfortunately, since all the models were trained
on datasets with low movement, they did not perform as well on these datasets as they did
on the NTIRE dataset. Therefore, we only used qualitative results for comparison, as the
quantitative results were not as satisfactory as those on the NTIRE dataset. As seen in
Figure 3.12 (first scene), three methods, including ours, worked well in addressing the motion
problems. However, GSANet encountered a ghosting issue. Similar to the NTIRE dataset,
our model reconstructed more local details than the other methods. On the other hand, as
shown in the second scene of Figure 3.12, none of the methods could produce images without
ghosting problems when there was more motion. The red box in the photos highlights the
common area where all methods encountered a ghosting issue.

Furthermore, although segmentation helped the model produce better results, the method
might encounter two possible issues. Firstly, due to plausible noise in the input images, seg-
mentation for extracting visible areas may also capture the noise, leading to noisy output
images. Secondly, although spatial alignment and attention modules are used to avoid ghost-

ing issues, the output might still experience ghosting if the input images have significant
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motion. This is because segmentation is applied to both the low- and high-exposure images,
extracting their visible areas. Consequently, some parts of the images may not be properly

aligned. Moreover, for future research, we plan to investigate methods to use segmentation

while minimizing noise or misalignment.

Figure 3.12: Qualitative Comparison with the SOTA: The first row of each scene contains
low-, medium-, and high-exposure images, respectively. The second row includes the out-
comes of ours, DRHDR, Vein et al., and GSANet, respectively. The first and second scenes
are taken from [28] and [30], respectively.

3.5 Ablation Study

In this chapter, we proposed a model that included several stages: Attention, Reconstruc-
tion, and Refinement, each of which played an essential role in this method. Therefore, to
demonstrate the importance of each stage, we sequentially removed the VAM and refine-

ment stages, retraining the model each time to compare them with the complete method.
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Additionally, we tested our model on two other datasets [30, 28].

3.5.1 Without visual attention module

As mentioned in Section 3.3.3, the VAM module is helpful for improving image reconstruc-
tion. To demonstrate this, we kept the refinement stage, retrained the model without the
VAM module, and compared the results with those of the main model.

Given the results in Figure 3.13,the segmentation has both benefits and drawbacks. The
zoomed-in portions of the images show that the segmentation stage helps the model recon-
struct details more effectively. As seen, the model with segmentation better reconstructs
the wall and cracks in the ground compared to the model without segmentation. Moreover,
although the model successfully handled motion in the first scene of Figure 3.13, it could
not resolve the motion problem in the second scene due to the high volume of movement.
Unfortunately, by retaining information from each exposure, the VAM module introduces

the ghosting problem.
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Figure 3.13: Qualitative comparison between the proposed method (on the left) and the
proposed method without the VAM module (on the right). The image was acquired from
28].

3.5.2 without refinement

Additionally, as mentioned in Section 3.3.3, the Refinement stage was used to address po-

tential distortions. Therefore, we retained the Segmentation part and retrained the model
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without the Refinement stage.

Given the outcomes in Figure 3.14, the first row of each scene contains the input images,
while the second row shows the outputs. The outputs on the right illustrate that the model
without the Refinement stage distorts both under-exposed and over-exposed areas. More
specifically, the box in the first scene highlights that the hair of the person is not well
reconstructed and appears noisy, whereas the complete model successfully reconstructs it.
Additionally, as seen in the second scene, both models exhibit ghosting problems. Moreover,

the model without the Refinement stage suffers from a lack of local details.
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Figure 3.14: Qualitative comparison between the proposed method (on the left) and the
proposed method without the refinement stage (on the right). The image was acquired from
[30].
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3.6 Conclusion

In this chapter, we proposed a complete pipeline for HDR imaging that leverages image
segmentation. Specifically, we first applied the Otsu method to low- and high-exposure
images to identify areas with more details. The input images and segmentation outputs
were then fed into the model to generate the HDR image. The results demonstrate that the
proposed method outperformed the SOTA techniques and produced more detailed images.
However, the model is not without its limitations. In cases of noise or misalignment in the
input images, the output may exhibit slight noise or misalignment due to the extraction of
areas from the input images. More specifically, the experiments show that the model cannot
produce ghosting-free images when the level of motion is high, due to the Segmentation

stage. Therefore, future research will focus on addressing these two issues.
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Chapter 4

Towards the Development of Explain-
able Machine Learning Models to Rec-
ognize the Faces of Autistic Children

4.1 Introduction

Often, the first step in identifying children with autism involves screening. If the screening
result is positive, an interdisciplinary team observes the child and administers a battery of
tests to provide a differential diagnosis [31]. Although best practices exist, the process is far
from perfect: Screening is often prone to false positives, and diagnosis involves costly, in-
terdisciplinary assessments [40, 96]. Thus, researchers must continue their efforts to identify
solutions that facilitate the timely diagnosis of autism. One potential tool to support autism
diagnosis is image classification using machine learning. For instance, several studies have
explored diagnosing autism with machine learning by classifying MRI brain images [67, 74].
However, one drawback of using MRI images is that the process requires expensive equip-
ment. Additionally, acquiring such data necessitates procedures that may be uncomfortable
for autistic individuals.

Recently, some studies have addressed this issue by using machine learning and image
classification to identify autistic children based on facial images [2, 9, 23, 82]. In the most
accurate example reported in the literature, [9] developed models with an accuracy of 95%
in differentiating autistic children from non-autistic children. Although these recent models
have demonstrated excellent accuracy, researchers must consider how and why these models
produce their results. In other words, current models are like ”black boxes” and do not

inform practitioners why a facial image is classified as autistic or not. Understanding this
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information is known as explainability. Explainability in healthcare is crucial, as practitioners
are less likely to use models they cannot explain to their patients [46]. In this study, we
explore the fundamental question of whether it is possible to detect signs of autism in children
using only a single facial image. To ensure transparency and clinical relevance, we also
investigate which facial features deep neural networks rely on for classification. We compare
the development of explainable models using two different algorithms to better understand

the decision-making process and enhance the interpretability of our findings.

4.2 Proposed Method

4.2.1 Dataset

We used the Kaggle challenge dataset, the Autistic Children Facial Image Data Set, for the
current study. This dataset is publicly available and can be freely downloaded [1]. The
dataset was created by the challenge developer, who searched for and downloaded images of
autistic and non-autistic children from public internet sources. It contains 2,938 facial im-
ages, half of which are from autistic children and the other half from non-autistic children.
The images vary in background, angle, and facial expression. Since the dataset consists
of publicly available images from the internet, the demographic characteristics of the chil-
dren (both autistic and non-autistic) are unknown. Additionally, there was no community

involvement in the reported study.

4.2.2 Procedures

Machine learning typically involves two phases: training and testing. These phases require
the data to be divided into three sets: the training set, the validation set, and the testing set.
During the training phase, researchers provide the images in the training set to the model
so that it can learn to correctly categorize each image. The validation set is used to select
the models that produce the best accuracy during training and to set the optimal values
for the algorithm’s hyperparameters. This process is repeated several times with different
hyperparameter values to select the best model. After training, the test set is used to assess
the best model’s performance during the testing phase. This step is essential to examine the
generalizability of the model to images that were never used for training.

In the current study, the training set contained 2,538 images (1,269 per category), while
the validation and test sets each included 200 images (100 per category).

Because the dataset contained fewer than 1,500 images per class for training, we leveraged
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pre-trained models to facilitate classification. Using pre-trained models allows researchers
to utilize the information learned from the initial dataset and fine-tune the models for their
specific task. Specifically, our study evaluated five types of Vision Transformer (ViT) models
and five ResNet models as pre-trained models (for more details on these models, see [13, 27]).
The pre-trained weights for these models were obtained from the ImageNet_V1 dataset. To
retrain the pre-trained models on our dataset, the last layers of all models were removed,
and a dropout layer along with a linear classification layer with two units was added. The
following parameters were used: a batch size of 32, 150 epochs, and a learning rate of .0001
with an Adam optimizer. All models were implemented using the PyTorch framework. We
then compared the accuracy of the models and selected the one that produced the highest
accuracy for our analyses. The pre-trained model that achieved the best accuracy was
ViT _Huge_14.

4.2.3 Analysis

The main objective of this chapter is to use explainable techniques to analyze the best
model. Therefore, the methods will be briefly explained. After identifying the best model,
we employed two techniques to examine its explainability: LIME [71] and RISE [63].

LIME

In the LIME method, the input data are divided into superpixels, which are then randomly
perturbed and fed to the algorithm to understand how the model functions. In other words,
the method randomly removes small parts of the image (e.g., the right eye) and feeds the
modified image to the model to assess its impact on the model’s predictions. A saliency
map is generated by identifying the importance of each superpixel. Specifically, if removing
a superpixel causes a significant drop in accuracy, that area is assigned higher importance

in the saliency map.

RISE

The other method, RISE, generates several random masks and applies them to the input
data. The images produced by the masks are then fed to the model, and a confidence score
is calculated for each image. Subsequently, the algorithm computes a saliency map based
on all the confidence scores. A saliency map is an image that highlights the areas where
the model focuses its attention during prediction. In this case, the saliency map indicates
which parts of the image the model used to predict the class. Specifically, RISE randomly

generates masks, applies them to the image, and feeds the modified images to the model.
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Those images that result in higher accuracy are assigned higher importance in the saliency

map.

Explainable Metrics

To evaluate which explainable model was more reliable, we used two metrics: deletion and
insertion. In the deletion method, the algorithm removes parts of the image based on the
explainability at each step. The method identifies the most relevant areas by assessing the
removal of sections that cause the largest reductions in accuracy. Each time an area is deleted,
the modified image is fed to the model to predict accuracy. The total score is the average
accuracy across all steps. By deleting areas, we aim for lower accuracy, so lower accuracy
values for deletion indicate more reliable explainable models. In the insertion method, the
algorithm first creates a blurry image by applying a Gaussian filter. Areas are then restored
individually, with the most relevant areas increasing accuracy the most. Higher accuracy

values for insertion indicate more reliable explainable models. Our code is available here.

4.3 Results and Discussion

The best model, ViT_Huge_14, achieved an accuracy of 92%, a score of 91% on the AUC
metric, a sensitivity of 90%, and a specificity of 92%. Figure 4.1 displays the mean scores
of LIME and RISE for the deletion and insertion metrics across all true positive and true
negative cases. The left panels of Figure 4.1 show that LIME produced lower scores on the
deletion metric, indicating that, on average, it performed better than RISE. The right panels
of Figure 4.1 reveal that LIME produced higher scores on the insertion metric than RISE.
These results suggest that the LIME algorithm outperformed RISE for both true negative

and true positive cases, making it a better tool for explaining classification.
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Figure 4.1: Average values for all true positive (upper panels) and true negative (lower
panels) samples. The graphs on the left represent the deletion metric, while those on the
right represent the insertion metric.

Figure 4.2 presents examples of the explainable images for a true positive case (upper
panels) and a true negative case (lower panels) using heatmaps. For the true positive case,
the LIME heatmap shows that the model primarily focused on the lower part of the face
(more reddish, indicating higher importance), whereas the RISE heatmaps highlight that
different areas of the image as important. For the true negative case, the heatmap generated
by the LIME method indicates that the model primarily focused on the regions around
the eyes and cheeks, while the RISE method emphasized the periphery. These heatmaps
demonstrate that the area selected by the LIME model is better defined, which may make
the algorithm’s results easier to explain. Examples for the other two cases (false negatives

and false positives) are provided in the Appendix A.
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Figure 4.2: LIME (left panels) and RISE (right panels) heatmaps for the true positive case
(upper panels) and true negative case (lower panels).

By combining image classification with brief behavioral observations and interviews, re-
searchers may develop faster and more cost-effective alternatives for screening and diagnosis.
The results obtained in our study align with those of other recent research papers on the
topic, suggesting that autistic children may have subtle facial characteristics that can be
identified through machine learning [2, 9, 23, 82]. We extended previous research by com-
paring two methods to examine the information the models used to identify individuals with
autism from facial images. The current study showed that LIME produced more reliable
explainable models than RISE. One possible explanation for this observation is that LIME
focuses on local interpretability (examining each area separately), whereas RISE emphasizes

global interpretability (treating the image as a whole).
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Despite its accuracy, we can only recommend using our model once further studies are
conducted to address some limitations. First, the small size of the dataset may not fully
represent the diversity of facial features, limiting its generalizability. Similarly, the dataset
was created by searching for and downloading images from public websites, which may have
been biased by the availability of images and the developer’s search procedures. As such, the
extent to which the photos are representative of the population of autistic and non-autistic
children remains unknown. These issues highlight the need for larger, higher-quality, and
more diverse datasets to allow for more comprehensive and accurate analyses. Additionally,
a more thorough analysis of the ethical and deontological issues associated with facial image
classification in autism is necessary before adopting such technology in practice. For example,
we argue that image classification should only be one component of a multi-method approach
to screening and diagnosis.

Furthermore, using videos instead of photos may provide a richer and more dynamic
source of data. Videos may not only help identify individuals with autism but also enable
the analysis of their behavior over time, potentially revealing patterns or characteristics
not evident in static images. This multi-method approach could significantly advance our

understanding and detection capabilities in both autism practice and research.
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Chapter 5

Machine Learning to Measure Vocal Stereo-

typy: An Extension

5.1 Introduction

One of the hallmarks of applied behavior analysis is the repeated measurement of behavior
before, during, and after treatment [10]. Although this rigorous approach ensures that the
beneficiaries of the science receive adequate treatment, the repeated measurement of behavior
by human observers remains a challenging task in both practice and research. For example,
parents, teachers, and technicians may struggle to measure behavior consistently while simul-
taneously implementing interventions with high integrity [6]. To make data collection more
manageable in such contexts, practitioners and researchers may use discontinuous analysis
methods; however, this approach can still produce inaccurate results [19, 37].

A more rigorous method for assessing complex behavior involves recording the behavior
on video for subsequent scoring or assigning an observer exclusively to data collection. How-
ever, using human observers to measure behavior from video recordings can be costly, as
additional time must be allocated for data collection [14]. Moreover, researchers and practi-
tioners must hire a second observer to assess interobserver agreement, regardless of the data
collection method [26]. Given these challenges, scoring a recorded video of one participant
may require nearly double the time needed to conduct the session itself. This analysis does
not even account for the time involved in recruiting and training observers. Consequently,
using dedicated observers can significantly increase the cost of implementing interventions,
potentially reducing the available resources for practice and research.

One potential solution to reduce the costs of measuring behavior involves using artificial

intelligence, specifically machine learning. A subfield of artificial intelligence, machine learn-
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ing trains computer algorithms to identify patterns in different sources of data, such as video
recordings [29]. Due to its repetitive nature, one of the first areas of application of machine
learning in the behavioral sciences has been the measurement of stereotypy in children with
autism [4, 7, 14, 100]. Stereotypy is defined as repetitive and rhythmic patterns of behavior
that typically persist without social consequences [70]. These behaviors generally fall into
two broad categories based on their topography: motor stereotypy and vocal stereotypy. Mo-
tor stereotypy includes repetitive movements and gestures, such as mouthing, hand flapping,
and body rocking [24, 80, 78], while vocal stereotypy includes behaviors like unclear and
repetitive sounds, repeating lines from TV shows, and laughter that doesn’t align with the
social context [3, 47]. Although several studies have focused on measuring motor stereotypy
using machine learning [20, 69, 76], this chapter will concentrate on vocal stereotypy.

Only a handful of researchers have used machine learning to detect vocal stereotypy
[14, 50, 51, 32]. For example, [50] employed a machine learning algorithm to analyze audio
files recorded from four children with autism, detecting the presence of vocal stereotypy in
10- to 20-second clips. Their initial method achieved a detection rate ranging from 73% to
93% across participants. In the following year, [51] proposed a convolutional neural network
to detect vocal stereotypy using the same samples, with an accuracy of 86%. More recently,
[32] proposed a machine learning-based software to assist human observers in assessing the
vocal response of children with autism. Using 2,575 samples from 76 children, the soft-
ware classified vocal responses into seven categories: speech, clapping, echolalia, non-speech,
repetitive speech, unusual noises, and pronoun reversal. The best model reached an accuracy
of 91%, but it only detected the presence of each behavior, without measuring its duration.

One standard limitation of these previous studies is that they only explored the presence
of vocal stereotypy in short video clips. In contrast, single-case designs used to monitor
behavior typically involve measuring the duration of vocal stereotypy during longer sessions.
As a result, the previous algorithms have limited utility in practice and research within
behavior analysis. To address this issue, [14] developed models to measure the duration
of vocal stereotypy in children with autism. Their study included over 27 hours of video
recordings from eight children with autism, each exhibiting various forms of vocal stereotypy.
Although session-by-session correlations showed promising results, the study had several
limitations. First, many of their models produced error rates too high for practical use.
Second, they did not pre-train or fine-tune their models—best practices in machine learning
that could have substantially improved accuracy. Lastly, their analysis relied solely on
Mel frequency cepstral coefficients (MFCC; see Method section 5.2.2 for more details), and
incorporating additional features, such as the Mel spectrogram, could have enhanced model

accuracy. By addressing these limitations, we believe that more accurate models—suitable
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for practice and research—can be developed. Thus, the goal of our study was to extend [14]

by training and testing novel models on their original dataset.

5.2 Proposed Method

5.2.1 Dataset

We used the same dataset as [14], which included eight children with autism who engaged
in vocal stereotypy. Table 5.1 presents the age, gender, number of sessions, total time,
and topography of vocal stereotypy for each participant. Each child participated in 6 to
38 sessions, with total session times ranging from 4,015 to 27,448 seconds. In their study,
[14] defined vocal stereotypy as ”acontextual or unintelligible sounds or words produced by
the vocal apparatus of the child” (p. 372). The original authors measured interobserver
agreement for 42% of the sessions. The mean second-by-second interobserver agreement was
97% (range: 93% to 99%), and the mean kappa interobserver agreement was 0.87 (range:
0.81 to 0.94).
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Table 5.1: Participant Characteristics|[14].

. Number of Total Topography of Vocal
Participants | Age | Gender . .
Sessions | Time (s) Stereotypy
Humming and
Alia 10 F 10 7,091 unintelligible
vocalizations
Monosyllable sounds
Billy-Peter 8 M 10 6,909 and acontextual
giggling
Phrase or word
Dan 11 M 11 7,533 .
repetitions
Humming and
Dave 6 M 30 20,756 unintelligible
vocalizations
Grunting and
Emile 7 M 38 27,448 unintelligible
vocalizations
Monosyllable sounds
Matt 5 M 6 4,015 e
and repetitive singing
Phrase or word
Nate 6 M 12 8,351 .
repetitions
Phrase or word
Owen 7 M 25 17,461

repetitions

5.2.2 Feature Extraction

Mel Spectrogram

Deep learning models rarely accept raw audio files directly as inputs. Therefore, we convert

these audio files into spectrograms. Spectrograms are generated by applying Fast Fourier

Transform (FFT)s to audio waves, providing a visual representation of the audio. Since spec-

trograms are image-like representations of audio, they can be easily fed into Convolutional
Neural Network (CNN) and ViT-based networks. FFT decomposes the signal into its con-

stituent frequencies and displays the amplitude of each frequency present in the signal.

A spectrogram splits the signal into smaller time segments and then uses the equation

below (Eq. 5.1) to apply the FFT to each segment, determining the frequencies present in
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that segment. N
X(k) = a(n)w(n)e 72N (5.1)
n=0
In this equation, X (k) represents the frequency components of the signal, n is the time
domain sample, and w(n) is the window function for segmenting the signal.

The FFT for all segments are then combined into a single plot, where the y-axis repre-
sents the frequency and the x-axis represents time. Different colors in the plot indicate the
amplitude of each frequency; brighter colors represent higher energy levels in the signal.

Since humans do not perceive frequencies linearly and are more sensitive to a narrower
range of frequencies and amplitudes, we use a Mel scale to scale the frequencies logarithmi-
cally. This adjustment aligns the representation with human auditory perception by giving
more resolution to lower frequencies. The Mel scale is computed using the following formula
(Eq. 5.2):

m = 2595logo(1 + L) (5.2)

700
where m is the Mel Frequency and f is the actual frequency in Hz. This formula translates
the actual frequencies to the Mel scale.
Next, we compute the power spectrum for each Mel-frequency component. Finally, the
power values are converted to decibels (dB) using a logarithmic scale, reflecting how we

perceive changes in loudness. This is done using the following equation (Eq. 5.3):

dB = 101log,,( Power) (5.3)

where the "power” refers to the power value of the signal.

MFCC

MFCC provides a compact representation of the spectral properties of an audio signal. The
process of calculating MFCC is quite similar to that of the Mel Spectrogram. The audio
signal is first divided into smaller time segments, and the FFT is applied to each segment
to convert the time-domain signal into the frequency domain. Afterward, the frequency
components are mapped onto the Mel scale, which aligns with human auditory perception.

This mapping is done using the Mel Filter Bank, as shown in Equation 5.4:

Sm=Y_ [FP(k)- Hyu(k) (5.4)
k=fm (D)
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where H,,(k) is the mth Mel Filter and f,%) and fr(f) are the filter boundaries in the
frequency domain.

Following this, the logarithm of the Mel-filtered power values is computed to compress
the dynamic range of the frequencies. To finally obtain the MFCCs, a Discrete Cosine
Transform (DCT) is applied to the log Mel spectrum using eq. 5.5. These coefficients

capture essential features of the signal.

MFCC(n) = Z_ log(Sy,).cos[n(m — %)%] (5.5)

In machine learning, the first step involves extracting features that the algorithm uses to
detect vocal stereotypy. In this study, both the Mel spectrogram and the MFCC of the audio
recordings were used. In simple terms, the Mel spectrogram represents the amplitude (or
loudness) of sound over different frequency bands (based on human hearing) across time. The
MFCC, on the other hand, is a transformed version of the Mel spectrogram, using a function
called DCT to extract a series of coefficients. These coefficients contain less ”information”
than the original spectrogram but allow a more compact representation with fewer spectral
features.

In the work of [14], a simple procedure was followed where the MFCC values were repre-
sented in numerical format. For this study, we extracted features from the audio recordings
using both the Mel spectrogram and the MFCC. These features were treated as ”images” of
the audio clips, making it possible to use powerful image classification algorithms to improve
the models. To achieve this, each recording was divided into smaller audio files, each lasting
one second, and the Mel spectrogram and MFCC were extracted in an image-based format.

The audio files had a sample rate of 22,050 Hz, meaning each second contained 22,050
samples. To extract features from these audio files using the Mel spectrogram and MFCC,
the window size was set to 1024, with a hop length of 128. As a result, approximately 87
features were extracted every 0.012s, or roughly 11.6 ms.

Figure 5.1 and 5.2 below present examples of the extracted features from the audio

recordings using the Mel spectrogram and the MFCC, respectively.
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Figure 5.1: Sample of a Mel Spectrogram. The x-axis represents time, and the y-axis
represents the feature values. Darker colors indicate lower values, while brighter colors

represent higher values.

Figure 5.2: Sample of an MFCC. The x-axis represents time values, and the y-axis represents
the feature values. Darker colors indicate lower values, while Brighter colors represent higher

values.
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5.2.3 Method

The choice of model for our study was divided into three distinct stages. In the first stage,
we conducted several comparisons and initial experiments using CNNs and ViTs. The re-
sults showed that ViTs performed better than CNNs, prompting us to focus on ViTs for the
second stage of our research. During this stage, we fine-tuned various ViT models. Ulti-
mately, we discovered that the XCiT transformer [16] outperformed other models in terms
of performance, which led us to use the XCiT model for our main experiment.

We applied an XCiT transformer [16] to train our audio data samples in the current
study. ViTs excel at extracting global context of data, which enables them to learn complex
relationships between features. To better understand how ViTs work, we will first explain
the key steps involved in their operation.

The ViT divides images into square patches. Then, the patches are linearly transformed
into vectors using a learnable linear layer projection. These vectorized patches are called
tokens. Because ViT models do not know which token belongs to which part of the image,
positional embedding is added to tokens. Positional embedding is a technique that provides
the model with information about the relative order of the input patches.

The central component of ViTs is the encoding layer, which is the part that the model
learns from the input tokens. It includes multi-head self-attention and feed-forward networks.
Self-attention extracts the relationships between different input tokens. More specifically, the
mechanism examines interactions between tokens (regardless of their distances) to capture
any dependencies between them. This process can be performed multiple times in parallel,
with each instance referred to as a “head.” Each head focuses on different types of informa-
tion using different learned linear transformations. Finally, the results from the heads are
provided to a feed-forward neural network as extracted features to classify the output. A
feed-forward network is a simple network that connects nodes from one layer to the next.
Information flows from the input nodes to the output nodes through any hidden layers.

The problem with ViT models is their quadratic complexity (the time required to run
the algorithm increases rapidly as the size of the model grows), which is caused by the
self-attention mechanism. Therefore, researchers have replaced self-attention with cross-
covariance attention (XCA) [16]. The difference between self-attention and XCA is that the
latter operates across channels rather than tokens. In regular ViT models, each token must
attend to all other tokens, making the process complex. In XCA, each feature channel attends
to different feature channels at the same spatial location. This transformation reduces the

model’s complexity.
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5.2.4 Pre-training

A considerable amount of data is needed to train a deep neural network. [14] should have
pre-trained their models, but best practices in machine learning typically involve training
the model on a larger dataset and then retraining it with new data. In the pre-training
phase, researchers must rely on a large dataset to help the model learn general features
and representations. Hence, we first pre-trained the model using an audio dataset called
UrbanSound8K [73] (which can be downloaded from here), containing 8,732 labeled audio
files from 10 different classes. The test set included 20% of the data during the pre-training
procedure, while the remaining data was used for training. Table 5.2 presents the values of
the hyperparameters used for pre-training. These values are the same as those used during

training. The model was implemented using the PyTorch framework.

Table 5.2: Hyperparameter Values for the Algorithm.

Hyperparameter Value
Optimizer AdamW
Loss Function | Binary Cross-Entropy
Epochs Num 25

5.2.5 Procedure

Similarly to [14], we divided our study into three analyses: between-participant, within-
participant, and hybrid. In the first analysis, we left one participant out for the testing set
and trained our machine learning model on the remaining data. For the second analysis,
our study focused on one participant at a time for both the training and testing phases. For
the final analysis, we combined data from the target participant and the other participants
for training and used the rest of the target participant’s data for testing. Each procedure is

explained in more detail in the sections below.

Between-Participant Analysis

The between-participant analysis aims to determine whether the model can predict the dura-
tion of vocal stereotypy for a participant that the model has never seen (i.e., generalization).
This analysis is the most challenging because participants typically engage in different to-
pographies of vocal stereotypy. We trained the models on seven participants while keeping
one participant for testing. Hence, the analysis resulted in eight models (one per partici-

pant). Our analyses involved a k-fold cross-validation algorithm during the training process,
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with one participant in the validation set and six participants in the training set. We selected
one participant for the validation set to evaluate the model’s performance on data not seen
during the training procedure. As indicated in Table 5.2, the maximum number of epochs
(iterations) was 25. Across each iteration, we checked the kappa value (see Outcomes) on
the validation set. We kept only the best model (i.e., the one that yielded the highest kappa
value during validation). To measure generalization, each model was tested on the partic-
ipant who was not included in the training and validation sets. Each model was trained
six times with a different participant in the validation set, so our results present the mean

outcomes for each participant.

Within-Participant Analysis

Our second analysis focused on one participant at a time. The goal was to train the model
on several sessions of the participant and predict the vocal stereotypy of new sessions that
the model had never encountered. During training, we excluded one session for the test set
and used the remaining sessions for the training and validation sets. The analysis involved
four folds: one was used as the validation set, and three were set aside for the training
set. Because Matt had a smaller number of sessions compared to the other participants, his
data were split into three folds instead. As before, we kept only the model from the epoch
that produced the highest kappa on the validation set. Furthermore, our code shuffled the
sessions and repeated the cross-validation twice to ensure the model was not biased by any
fold. As the analysis was repeated twice, the results section presents the mean outcomes for

each session.

Hybrid Analysis

The third analysis combined the between- and within-participant approaches. We excluded
one session of the target participant from the training set for the test set. In contrast, the
training and validation sets included the remaining sessions from that participant and data
from other participants. To balance the dataset, our code randomly selected data from the
other participants so that the between- and within-participant data were equal. Similar to
the within-participant analysis, our cross-validation involved four folds with two repetitions.
This analysis used one fold for validation and three for training. The other procedures

remained consistent with the within-participant analysis.
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Outcomes

To compare our results with [14], our code computed the same outcome measures on the test
set: accuracy, the kappa statistic, and the session-by-session Pearson correlation. Since the
rank order of the sessions is essential when analyzing single-case graphs, we also included

the Spearman correlation.

5.3 Results and Discussions

Table 5.3 compares the results of the between-participant analyses from our models and those
produced by [14]. For the kappa value, the current study outperformed the previous study for
all participants, with values near or above 0.50 for six of the eight participants. Additionally,
all models produced correlations near or above 0.90, except for Dave. In contrast, only three
of eight participants in [14] achieved correlations near or above 0.90. Figure 5.3 shows
that the percentages detected by each of our models closely matched those recorded by
the human observer. Table 5.4 presents the results of our within-participant analysis. Our
models outperformed those reported by [14] on all metrics for each participant. The models
produced kappa values near or above 0.70 for four of the eight participants, and the Pearson
correlation values were equal to or greater than 0.95 for all participants. Figure 5.4 presents
the correspondence between the machine and human measures in graphical format. Both
approaches produced closely matched results. For the hybrid analysis, Table 5.5 shows
that the new models produced better predictions than those reported by [14]. The kappa
value was above 0.50 for all participants, and the Pearson correlations were above 0.90.
Figure 5.5 demonstrates how the values predicted by machine learning followed patterns
consistent with those produced by a human observer. Our new models outperformed those
produced by [14] on all metrics. Moreover, the kappa values were lowest for the between-
participant models, which was consistent with expectations and with the findings of [14].
Hybrid and within-participant models typically produce better results, but they require
more effort and expertise to train in both practice and research. Interestingly, nearly all
of our models produced correlations similar to those between continuous and discontinuous
measurement methods ([37]). In other words, [37] reported correlation coefficients within
the range observed in the current study. Since behavior analysts already tolerate this range

of error when using discontinuous methods, adopting our models may prove useful.
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Table 5.3:

Comparison of Accuracy, Kappa, and Correlation in the Between-Participant

Analysis Between the Models of the Current Study and Those Developed by [14].

Current Study

Dufour et al [14]

Participants | Accuracy | Kappa Pearson Spearman Accuracy | Kappa Pearson
Correlation | Correlation Correlation

Alia 0.87 0.49 0.88 0.82 0.79 0.30 -0.12

Billy Peter 0.91 0.51 0.93 1.00 0.89 0.50 0.88
Dan 0.84 0.45 0.98 0.9 0.75 0.29 0.30
Dave 0.82 0.59 0.64 0.88 0.79 0.50 0.82
Emile 0.93 0.74 1.00 1.00 0.90 0.66 0.86
Matt 0.82 0.60 0.99 1.00 0.78 0.49 0.97
Nate 0.74 0.42 0.99 0.97 0.71 0.33 -0.12
Owen 0.87 0.66 0.99 0.97 0.83 0.52 0.80

76




CHAPTER 5. MACHINE LEARNING TO MEASURE VOCAL STEREOTYPY: AN
EXTENSION

100 Alia 100 Billy-Peter
80 80
60 60
40 40
20 20/
0./.) 0 .
0 20 40 60 80 100 0 20 40 60 80 100
100 Dan 100 Dave
80 80
60+ 60
@
Qo
o 40 40
[
g 20/ 20
Q .
o 0 20 40 60 80 100 0 20 40 60 80 100
<
1] .
Q 100 Emile 100 Matt
Q
£ 80 80
-
S 60 60
=
40 . 40
20/ 20
0 0
0 20 40 60 80 100 0 20 40 60 80 100
100 Nate 100 Owen
80 80
60 60
40 40
20/ 20
0 0
0 20 40 60 80 100 0 20 40 60 80 100

Human Observer Percentage

Figure 5.3: Between-Participant Analysis: Correlation Between Percentages Measured by
the XCiT Model and the Human Observer Across All Sessions for Each Participant.

7



CHAPTER 5. MACHINE LEARNING TO MEASURE VOCAL STEREOTYPY: AN
EXTENSION

Table 5.4:

Comparison of Accuracy, Kappa, and Correlation in the Within-Participant

Analysis Between the Models of the Current Study and Those Developed by [14].

Current Study

Dufour et al [14]

Participants | Accuracy | Kappa Pearson Spearman Accuracy | Kappa Pearson
Correlation | Correlation Correlation

Alia 0.95 0.80 1.00 1.00 0.91 0.67 0.58

Billy Peter 0.91 0.48 0.96 1.00 0.91 0.25 0.93
Dan 0.86 0.45 0.95 0.92 0.79 0.23 0.34
Dave 0.87 0.71 0.95 0.95 0.83 0.60 0.66
Emile 0.96 0.81 0.99 0.99 0.94 0.75 0.97
Matt 0.86 0.69 0.99 1.00 0.80 0.43 0.96
Nate 0.79 0.52 0.97 0.95 0.74 0.34 0.33
Owen 0.87 0.64 0.99 0.98 0.86 0.40 0.88
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Figure 5.4: Within-Participant Analysis: Correlation Between Percentages Measured by the
XCiT Model and the Human Observer Across Sessions for Each Participant.
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Table 5.5: Comparison of Accuracy, Kappa, and Correlation in the Hybrid Analysis Between
the Models of the Current Study and Those Developed by [14].

Current Study

Dufour et al [14]

Participants | Accuracy | Kappa Pearson Spearman Accuracy | Kappa Pearson
Correlation | Correlation Correlation

Alia 0.93 0.72 0.94 0.92 0.92 0.60 0.79

Billy Peter 0.92 0.55 0.94 0.94 0.91 0.23 0.87
Dan 0.86 0.50 0.94 0.86 0.83 0.24 0.20
Dave 0.83 0.61 0.93 0.9 0.83 0.57 0.84
Emile 0.95 0.80 0.99 0.99 0.95 0.74 0.97
Matt 0.85 0.66 0.99 1.00 0.78 0.41 0.98
Nate 0.82 0.56 0.99 0.93 0.73 0.31 0.08
Owen 0.89 0.70 0.98 0.99 0.85 0.45 0.88
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Figure 5.5: Hybrid Analysis: Correlation Between Percentages Measured by the Machine
Learning Algorithm and the Human Observer Across Sessions for Each Participant.

For example, a practitioner or researcher may measure vocal stereotypy over a few sessions
and then compare their results with those produced by our between-participant analysis

model. If the two measures are closely correlated, the practitioner or researcher could use
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our model as the main dependent measure, periodically checking to ensure that the automatic
measure remains consistent with visual observation over time. To assist practitioners and
researchers in using our models, we developed a free, user-friendly, Windows-based executable
software (section 5.4). A more effective approach would involve adding the new participant’s
data to the trained model (i.e., hybrid approach) to produce even more accurate predictions.
However, the drawback of hybrid models is that the practitioner or researcher would need to
retrain the model for each client, requiring some programming skills. One of the next steps
is to develop programs that automate this process.

Several factors may explain why the current models produced more accurate results than
those previously reported by [14]: including more features may have provided a richer data
representation, allowing the algorithm to model the data more comprehensively. Addition-
ally, the XCiT model may better learn patterns and complex relationships across features
than the simple feed-forward network used in the prior study.

We tuned the number of epochs and pre-trained the models in the current study, which
may have further improved their performance. While our results are promising, our method
still has limitations. All data originated from the same research team using a specific protocol
(see [14]), which may limit generalizability and introduce bias. Furthermore, the participants
engaged in a limited number of vocal stereotypy forms. Future research could address this
issue by using our models as a starting point to train new models (i.e., as pre-trained models)
with more participants and diverse forms of vocal stereotypy.

Another limitation is that the kappa values were lower than the correlations, meaning the
models are not well-suited for analyzing within-session patterns. As mentioned earlier, mod-
els that require additional training (i.e., within-participant and hybrid) remain inaccessible
to clinicians and researchers who do not have programming knowledge. Therefore, user-
friendly tools should be developed to incorporate these new data into our models. Lastly,
the model size is currently too large to detect vocal stereotypy in real-time. The model only
supports post hoc analysis of video recordings. Future research should focus on developing
more efficient, smaller models that could eventually be used for real-time analysis. Reducing
the effort required for data collection will benefit not only practitioners and researchers but

also those supported by the science of applied behavior analysis

5.4 Vocal Stereotypy Software

Since psychologists and practitioners may not have the expertise to run code and test mod-
els on their data, we developed user-friendly software with an easy-to-use Graphical User

Interface (GUI) so that individuals without programming knowledge can benefit from our
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model. The software, shown in Figure 5.6, can assist users in analyzing their data and is
available at [59].

{B Vocal Stereotypy Measurement - [m] X

Load Audio Test Export About

file_name Vocal Result in Sec Total Length Vocal Result in %

Figure 5.6: An image of the software.

Using the software is simple. First, users can click the "Load Audio” button to select
the directory containing the audio files. Then, by clicking the ”Test” button, the testing
procedure begins, and the results will be displayed in the table below the buttons. The
results will show the amount of vocal stereotypy in each audio file (session), both in seconds
and as percentages. Additionally, by clicking the ”Export File” button, users can save the
results as a CSV file in any chosen directory. Finally, by clicking the ” About” button, users
can view information about the GitHub repository for the project, as shown in Figure 5.7.

Our code and models are available here.
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| (8 Vocal Stereotypy Measurement - O X

: Load Audio | Test Export | About

If you are using this application, please visit our github for citation.

https://github.com/AlirezaOmrani95/Vocal-Stereotypy-Measurement

file_name Vocal Result in Sec Total Length Vocal Result in %

Figure 5.7: About section of the software.
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Chapter 6

Conclusion

The primary goal of this dissertation was to analyze the behavior of children with ASD.
To achieve this, the research was divided into two key areas: computer vision and audio
processing. The specific questions addressed in this study were as follows:

Computer Vision

e Develop and evaluate methods to distinguish children with ASD from non-autistic
peers using facial images, examining the suitability and effectiveness of single facial

images in classifying children with ASD using deep learning models.

e Utilize explainability techniques to interpret the outputs of the computer vision models,
ensuring the results are transparent and understandable, and gain deeper insights into

the facial features that AI models rely on to distinguish children.
Audio Processing

e Examine the vocalizations of children with ASD to identify patterns and measure vocal

stereotypy.

e Apply deep learning methods to analyze audio data, providing a robust framework for

detecting and classifying vocal behaviors.

Additionally, this dissertation explored HDR imaging to enhance image details, which
has broad applications in computer vision, including in our facial recognition project.

Regarding the computer vision domain, our findings demonstrate, at a fundamental level,
that it is possible to differentiate children with ASD from non-autistic children using a single
facial image. However, further research with more data would provide more promising re-

sults. The model’s ability to achieve 92% accuracy highlights the potential of facial structure
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CHAPTER 6. CONCLUSION

as a diagnostic tool for ASD, suggesting that subtle facial features may serve as meaning-
ful indicators for classification. That said, static facial images capture only a snapshot of
an individual’s facial structure, and important dynamic aspects of social interaction and
emotional expression are not fully represented. Facial expressions, which are often dynamic
and context-dependent, may contain crucial information that would improve the model’s
performance if considered over time.

For the audio processing section, the analysis revealed distinct patterns of vocal stereo-
typy in children with ASD. Deep learning techniques enabled accurate measurement and
classification of these vocal patterns. The study compared the model’s performance with
a previous model across three factors: within-participant, between-participant, and hybrid.
In the within-participant approach, the model was trained and tested using data from only
one participant at a time. For the between-participant method, the model was trained using
data from all participants except one, which was used as the test set. The hybrid approach
combined both strategies by using one session from a participant for testing and all other
data from that participant, as well as from other participants, for training. The new model
outperformed the previous model for all participants across all factors, as demonstrated by
higher Pearson correlation, Spearman correlation, and Kappa scores. Additionally, we de-
veloped a Windows-based software for the audio processing project, allowing psychologists
without programming knowledge to effectively use the model.

The findings have substantial implications for developmental psychology and special ed-
ucation. By establishing methods to distinguish children with ASD based on facial images
and vocal patterns, this study offers new tools for early diagnosis and intervention. The use
of explainability techniques ensures that these methods can be trusted and understood by
clinicians and educators.

This study was limited by a relatively small sample size, which may affect the general-
izability of the findings, particularly when applied to larger, more diverse populations. The
facial image analysis was limited to static images, which did not capture dynamic expres-
sions, thus restricting the ability of the model to generalize to real-time applications where
expressions vary over time. Additionally, the vocal stereotypy analysis was conducted with
a limited number of participants (8 children), which may impact the robustness and relia-
bility of the findings. The small sample size, combined with the focus on a specific group of
children, limits the model’s ability to generalize across different demographic groups, such
as varying ages, ethnicities, or socio-economic backgrounds.

Machine learning models are sensitive to the characteristics of the data they are trained
on. Thus, the results may not be easily transferable to populations outside the studied

group, which could have distinct patterns of behavior or communication. To improve gen-
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eralizability and robustness, future research should include larger, more diverse sample sizes
and dynamic image analysis. Additionally, incorporating video analysis for dynamic facial
expressions, as well as 3D joint skeletons, could enhance the model’s ability to capture com-
plex behaviors in individuals with ASD. Expanding the dataset to include a broader range
of participants, alongside testing these models in different populations, would improve the
model’s applicability and increase the potential for more accurate predictions across diverse
settings.

This dissertation has contributed to the field by providing novel methods for analyz-
ing the behavior of children with ASD and enhancing image detail through HDR imaging.
These findings underscore the importance of advanced imaging techniques and their poten-
tial to drive further advancements in computer vision and developmental psychology. The
integration of image classification, behavioral observations, and interviews in ASD screening
and diagnosis, combined with the superior performance of new audio processing models and
the development of user-friendly software, highlights the comprehensive approach needed for

effective early detection and intervention in autism research.
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Appendix A

Supplimantary chapter 4

Figure A.1 shows examples of the explainable methods for false negative and false positive
cases. Additionally, Figure A.2 presents the average graphs of LIME and RISE for both
false positive and false negative cases. As demonstrated, similar to the true positive and

true negative cases, LIME is a more effective technique for explaining the model.
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LIME Heatmaps RISE Heatmaps

False

Positive

False

-

Negative

Figure A.1: LIME (left panels) and RISE (right panels) heatmaps for a false positive case
(upper panels) and false negative case (lower panels).
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Figure A.2: Average values for all false positive (upper panels) and false negative (lower
panels) samples. The graphs on the left represent the deletion metric, and on the right, the
insertion metric metric.
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