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Abstract

Pedestrian detection, essential in computer vision, has advanced significantly
with the integration of visible and thermal sensors, enhancing robustness in
varying illumination and cluttered environments. However, the assumption
of perfect alignment between modalities often reduces accuracy in real-world
scenarios due to differences in sensor viewpoints, calibration errors, and tem-
poral asynchronization. This dissertation proposes novel methods to ad-
dress the misalignment problem in multi-modal pedestrian detection. In this
work, the term “multi-moda” specifically refers to the combination of visi-
ble and thermal sensors. It begins with a comprehensive review of existing
pedestrian detection methods, covering both traditional techniques and deep
learning-based approaches. This review highlights the pressing challenges,
particularly the issue of misalignment between visible and thermal modal-
ities, guiding the development of our novel detection methods. To tackle
these challenges, we develop new evaluation metrics, including the multi-
modal Intersection over Union (IoUM) and Multi-Modal Log-Average Miss
Rate (MRM), to accurately measure detection precision across different sen-
sor modalities. The dissertation then introduces two advanced multi-modal
pedestrian detection frameworks. The multi-modal Faster R-CNN frame-
work modifies both the Region Proposal Network (RPN) and the detector
to incorporate a multi-modal regressor, generating bounding box pairs that
accurately locate pedestrians in both modalities despite significant misalign-
ment. The multi-modal Single Shot MultiBox Detector (SSD) framework
enhances real-time detection capabilities and improves accuracy and robust-
ness in misaligned environments by incorporating multi-modal regressors,
object-based training techniques, and shifting data augmentation. Key con-
tributions of this work include the development of the multi-modal IoUM and
MRM metrics, the implementation of a multi-modal regressor architecture,
which generates unique bounding box pairs to accurately locate pedestrians
in both modalities, and the introduction of object-based training specifically
designed for paired data from different modalities. Both frameworks are val-
idated through extensive experiments, including simulated disparity tests,
demonstrating superior performance in misaligned scenarios on the KAIST
Multispectral Pedestrian Dataset. Additionally, ablation studies verify the
effectiveness of multi-modal regressors compared to traditional single-modal
regressors and the utility of [oUM as a criterion. In the final chapters, the dis-
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sertation discusses the main findings and contributions, providing a detailed
analysis of the experimental results. The discussion emphasizes the strengths
and limitations of the proposed methods, offering insights for future research
directions. This work significantly advances pedestrian detection technology
in misalignment environments, paving the way for safer and more reliable
applications in autonomous driving and surveillance. Future work will focus
on further enhancing alignment techniques, integrating real-time processing
capabilities, and exploring advanced fusion strategies to continue advancing
this critical field.
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Chapter 1

Introduction

In this chapter, we introduce the background, motivation, and objectives of
this research. Additionally, the structure of the thesis is outlined to guide
the reader through the subsequent chapters.

Figure 1.1: Example of pedestrian detection result on a color image. Red
boxes represent predicted bounding boxes.

1.1 Background and Motivation of Overall Re-
search

Pedestrian detection is a crucial task in computer vision, essential for appli-
cations ranging from surveillance to autonomous driving. This task involves

identifying and locating pedestrians within an image or video stream. Ac-
curate pedestrian detection is vital for ensuring the safety and efficiency of
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these systems. For instance, in the context of autonomous vehicles, reli-
able pedestrian detection is paramount to prevent accidents and ensure the
safety of both pedestrians and passengers. In surveillance, accurate pedes-
trian detection enhances security by enabling the monitoring of public spaces,
identifying suspicious activities, and preventing potential threats. Figure 1.1
illustrates an example of pedestrian detection results on a color image, where
red boxes represent predicted bounding boxes

A pedestrian is defined as a person who is walking, particularly in ar-
eas where vehicles are present. This term is often used in the context of
traffic environments to emphasize individuals on foot who interact with ve-
hicular traffic. However, pedestrian detection is not essentially the same as
human detection. Pedestrian detection specifically targets individuals who
are walking or moving on foot, excluding those who are riding vehicles like
bicycles or motorcycles. On the other hand, human detection encompasses a
broader scope, aiming to identify any person regardless of their specific ac-
tivity or mode of transportation, such as walking, standing, or riding a bike.
Consequently, human detection systems are designed to detect all humans,
including those who are stationary or traveling on vehicles. Therefore, while
pedestrian detection should not classify bikers or motorcyclists as pedestri-
ans, human detection should include all these cases to ensure comprehensive
coverage of all human activities. Moreover, the term “pedestrian detection”
is commonly used because the primary application involves detecting people
in traffic environments, where the focus is on ensuring the safety of individ-
uals navigating areas shared with vehicles. This terminology is consistent
with the usage in existing research and practical applications. Additionally,
many pedestrian datasets distinguish between pedestrians and people trav-
eling by vehicle. For example, the Cityscapes Dataset [2, 62] includes classes
for both pedestrians and riders (cyclists and motorcyclists). Similarly, the
KITTI Dataset [14] and the KAIST Multispectral Pedestrian Dataset [24]
include pedestrians and cyclists as separate classes. These datasets help il-
lustrate the importance of distinguishing between pedestrian detection and
broader human detection. However, in the trend of multi-modal pedestrian
detection on the KAIST dataset, only the pedestrian class is typically con-
sidered; cyclists are classified as pedestrians. This practice is also reflected
in the evaluation benchmark for the KAIST dataset. In our work, we follow
this convention by considering only the pedestrian class in our evaluations.

Pedestrian detection, while being a subset of the broader field of object
detection, presents unique challenges. Object detection involves identifying



and locating various objects within an image, including categories such as
vehicles, animals, and household items. Pedestrian detection focuses exclu-
sively on human figures and must handle a wide range of poses, occlusions,
and varying appearances. This specificity and complexity make pedestrian
detection more challenging than general object detection, which deals with
a broader range of object types and is often less affected by the high vari-
ability in appearance that human figures present. Additionally, pedestrian
detection systems are typically optimized for the unique characteristics of
human shapes and movements, often resulting in higher accuracy for this
particular task compared to general object detection networks. Pedestrian
detection models are trained on datasets rich in pedestrian instances, allow-
ing them to learn more detailed and relevant features specific to pedestrian
detection. Furthermore, many research studies and practical applications
focus on pedestrian detection in traffic environments, contributing to the
continuous improvement and refinement of these models.

Bounding boxes (BBs) are a standard and efficient method for object de-
tection, particularly in real-time applications. Using BBs allows for simpler
and faster calculations, making the detection process less computationally
intensive compared to segmentation, which requires detailed pixel-wise clas-
sification. Bounding boxes provide sufficient accuracy for many applications,
such as pedestrian detection, where the primary goal is to locate and track
humans within a frame. While segmentation can offer more detailed informa-
tion, it is often unnecessary for the task of detecting and tracking pedestrians,
where the precision of bounding boxes is adequate to achieve the desired ob-
jectives. Additionally, the computational simplicity of BBs makes them more
suitable for real-time applications like autonomous driving and surveillance,
where quick and reliable detections are critical.

Early pedestrian detection methods relied heavily on handcrafted features
and heuristics approaches. Techniques such as Histogram of Oriented Gra-
dients (HOG) [3], Haar-like features [48], and deformable part-based mod-
els [10] were among the pioneering approaches. These methods focused on
extracting specific features from images that could distinguish pedestrians
from other objects. However, they often struggled to generalize across differ-
ent scenarios due to variations in lighting conditions, occlusions, changes in
viewpoint, and background clutter. The performance of these methods was
often limited by their reliance on manually designed features, which could not
capture the complex variations in pedestrian appearance and environmental
conditions.



The advent of deep learning has revolutionized the field of computer vi-
sion, including pedestrian detection. Convolutional Neural Networks (CNNs)
[30, 31] and other deep learning models have demonstrated remarkable suc-
cess in learning complex features directly from data, leading to significant
improvements in detection performance [46]. Deep learning-based methods
such as Region-based CNN (R-CNN) [17], Single Shot MultiBox Detector
(SSD) [37], and You Only Look Once (YOLO) [41] have set new bench-
marks in object detection, including pedestrian detection. These models
have shown the ability to generalize better across diverse conditions com-
pared to traditional methods, owing to their capability to learn hierarchical
feature representations.

Recent advancements in pedestrian detection include the integration of
visible and thermal sensors, enabling multi-modal pedestrian detection. This
approach leverages the complementary information provided by different
modalities to enhance detection performance. Visible light cameras capture
detailed visual information, while thermal cameras detect heat signatures,
making it possible to detect pedestrians even in low-light or nighttime con-
ditions. Multi-modal pedestrian detection systems are particularly robust
in challenging conditions such as poor illumination, cluttered backgrounds,
and adverse weather. As shown in Figure 1.2, the left image pair demon-
strates low brightness in the visible modality, making pedestrian recognition
challenging. However, with the supplementary information from the paired
thermal modality, detecting pedestrians in the dark becomes feasible. By
combining the strengths of both modalities, these systems can achieve higher
accuracy and reliability.

Despite these advancements, multi-modal pedestrian detection faces sev-
eral challenges, with one of the primary issues being the misalignment be-
tween visible and thermal modalities. Misalignment occurs due to differences
in the viewpoints of the sensors, variations in resolution, and temporal dis-
crepancies. The right image pair in Figure 1.2 illustrates the misalignment
issue, where pedestrians appear in different positions in the visible and ther-
mal images. This misalignment complicates the process of fusing data from
both sensors, as the algorithm must match corresponding regions from im-
ages that do not perfectly overlap, making it difficult to combine information
from both modalities accurately, which is crucial for reliable detection and
localization.

Misalignment poses a significant problem because it causes discrepancies
in the data captured by different sensors. These discrepancies can lead to
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Visible Modality

Figure 1.2: Examples of multi-modal pedestrian detection results. The
left image pair demonstrates low brightness in the visible modality, mak-
ing pedestrian recognition challenging, while the paired thermal modality
facilitates detection. The right image pair illustrates misalignment, where
the same pedestrians appear in different positions across modalities. Red
boxes represent predicted bounding boxes, and lines between them indicate
their paired relations.

detection errors, such as false positives or false negatives. When the visible
and thermal images are not perfectly aligned, it becomes difficult to match
the corresponding regions in both images accurately. This misalignment can
result in a pedestrian detected in the visible image not aligning correctly
with the thermal image, causing the system to either miss the detection
or inaccurately locate the pedestrian. Furthermore, differences in sensor
viewpoints can cause one sensor to capture parts of the scene that are not
visible to the other sensor, adding to the complexity of aligning the images.
Variations in resolution also contribute to the difficulty, as the details and
quality of the images from each sensor do not match, making it challenging



to merge the information seamlessly.

The motivation for addressing this problem is driven by the critical need
for accurate and reliable pedestrian detection in various applications, such as
autonomous driving and surveillance. In autonomous driving, the safety of
both pedestrians and passengers depends on the vehicle’s ability to accurately
detect and respond to the presence of pedestrians. In surveillance, effective
pedestrian detection is essential for monitoring public spaces and ensuring
security. Therefore, improving the alignment between sensor modalities can
significantly enhance the performance of multi-modal pedestrian detection
systems, leading to safer and more reliable applications.

To address these challenges, this dissertation aims to develop robust meth-
ods to mitigate the misalignment between visible and thermal modalities,
thereby improving detection accuracy. While many existing methods, in-
cluding ours, assume weak misalignment, our main contribution lies in the
development of a network that can generate bounding box (BB) pairs from
weakly misaligned data. This network maintains paired relations between
the visible and thermal modalities, ensuring accurate localization of objects
in both modalities despite the misalignment. The approach involves the in-
troduction of novel techniques and algorithms designed to align the data from
visible and thermal sensors more accurately. By enhancing the alignment,
the proposed methods aim to reduce detection errors and improve the overall
performance of pedestrian detection systems. Extensive experimental eval-
uations validate the effectiveness of our methods, demonstrating significant
improvements in detection accuracy and robustness.

Ultimately, this work aspires to make significant contributions to the
field of multi-modal pedestrian detection, paving the way for safer and more
efficient systems in applications like autonomous driving and surveillance. By
improving the robustness and accuracy of these systems, this research aims
to enhance the safety and reliability of technologies that rely on accurate
pedestrian detection.

In this dissertation, we use the term “multi-modal” to refer specifically
to the combination of visible and thermal sensor modalities. While “multi-
modal” can encompass a wide range of sensor types, including audio, touch,
and temperature sensors, our focus is on the integration of visible and thermal
images for pedestrian detection. This usage aligns with common practices
in pedestrian detection, where “multi-modal” or “multispectral” [24, 25, 49,
29, 32, 61, 33, 59, 19, 64, 56, 57, 26] often refers to the fusion of visible and
thermal data due to their complementary nature and significant applications
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in areas such as autonomous driving and surveillance.

1.2 Objectives and Contributions

The primary objective of this dissertation is to develop and evaluate novel
methods for multi-modal pedestrian detection, with a focus on mitigating the
misalignment between visible and thermal modalities to improve detection
accuracy. Our specific goals are:

1) Conducting a comprehensive review of existing pedestrian detection meth-
ods, covering both traditional techniques and deep learning-based approaches.

2) Identify and understand the specific challenges in multi-modal pedestrian
detection, with a particular focus on the misalignment between visible and
thermal modalities.

3) Develop novel multi-modal pedestrian detection methods that specifically
address the issue of misalignment and improve detection performance in var-
ious conditions.

4) Introduce new evaluation metrics to better assess the performance of
multi-modal detection methods, ensuring a more accurate measurement of
their effectiveness.

5) evaluate the proposed methods through extensive experiments on bench-
mark datasets, comparing their performance against existing state-of-the-art

(SOTA) approaches.

6) Analyze the experimental results thoroughly to understand the strengths
and limitations of the proposed methods, and to identify potential areas for
future research.

As we pursued these objectives, several significant contributions emerged
from our work. Each step in our research journey led us to deeper insights
and innovative solutions that collectively advance the field of multi-modal
pedestrian detection. Our initial comprehensive review of pedestrian de-
tection methods allowed us to clearly identify the pressing challenges, par-



ticularly the issue of misalignment between visible and thermal modalities.
This foundational understanding was crucial as it guided the development
of our novel detection methods. We designed these methods specifically
to tackle the misalignment problem, incorporating sophisticated algorithms
that enhance both robustness and accuracy. Recognizing the need for bet-
ter evaluation tools, we introduced the multi-modal Intersection over Union
(IoUM) metric. This new metric provides a more precise assessment of detec-
tion performance across different modalities. Additionally, we developed the
Multi-Modal Log-Average Miss Rate (MRM) to evaluate how well detection
methods perform under varying levels of misalignment, offering a compre-
hensive framework that more accurately reflects real-world conditions. We
then moved forward to validate our methods rigorously through extensive
experiments on benchmark datasets. These experiments included simulated
disparity tests to systematically evaluate the impact of misalignment on de-
tection accuracy. By comparing our methods with existing state-of-the-art
(SOTA) approaches, we demonstrated significant improvements in detection
performance, confirming the efficacy and robustness of our proposed solu-
tions. In analyzing the experimental results, we gained valuable insights into
the strengths and limitations of our methods. This thorough analysis not
only validated our approaches but also highlighted potential areas for future
research, ensuring continuous advancements in this critical field.
In summary, our work has led to several key contributions:

We have developed advanced multi-modal pedestrian detection techniques
that effectively handle the challenges of misalignment between visible and
thermal sensor modalities. These methods include a network capable of gen-
erating bounding box (BB) pairs from weakly misaligned data, maintaining
paired relations between the visible and thermal modalities. This ensures
accurate localization of objects in both modalities, even under significant
misalignment conditions. The sophisticated algorithms integrated into our
methods enhance the robustness and accuracy of detection systems, ensuring
reliable performance.

2) We have introduced the multi-modal Intersection over Union (IoUM) met-
ric, a new evaluation metric that provides a more precise assessment of de-
tection bounding boxes across different modalities. Additionally, we propose
the Multi-Modal Log-Average Miss Rate (MRM) to evaluate detection per-
formance under varying levels of misalignment. This metric offers a compre-
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hensive evaluation framework, highlighting the effectiveness of the proposed
methods in handling misalignment issues.

3) We conducted extensive experiments on benchmark datasets to validate
the effectiveness of the proposed multi-modal detection methods. These ex-
periments included simulated disparity tests to systematically evaluate the
impact of misalignment on detection accuracy. Our methods were compared
against existing state-of-the-art (SOTA) approaches, demonstrating signif-
icant improvements in detection performance. A detailed analysis of the
experimental results was performed to understand the strengths and limi-
tations of our methods, providing valuable insights for future research and
advancements.

By achieving these objectives, we aim to contribute to the advancement of
pedestrian detection technology, fostering the development of safer and more
reliable systems across various domains.

1.3 Dissertation Organization

This section outlines the structure of the dissertation, as illustrated in Figure
1.3.

Chapter 2: Existing Methods Review

This chapter comprehensively reviews existing methods in the field of
pedestrian detection. It covers both traditional techniques, such as His-
togram of Oriented Gradients (HOG) and Haar-like features, and modern
deep learning-based approaches, including Region-Based Convolutional Neu-
ral Networks (R-CNN) and Single Shot MultiBox Detector (SSD). The chap-
ter highlights the strengths and limitations of these methods, laying the
groundwork for proposing novel solutions.

Chapter 3: Proposed Evaluation Metrics

In this chapter, new evaluation metrics for multi-modal pedestrian de-
tection are introduced. The focus is on developing comprehensive and effec-
tive metrics to assess detection accuracy across different sensor modalities.
Key metrics include multi-modal Intersection over Union (IoUM) and Multi-
Modal Log-Average Miss Rate (MRM), providing a standardized framework



for evaluating the performance of multi-modal pedestrian detection systems.

Chapter 4: Proposed Multi-Modal Faster R-CNN Considering Misalignment

This chapter presents a novel approach to multi-modal pedestrian detec-
tion using the Faster R-CNN framework. The proposed method is specifically
designed to address misalignment issues between different sensor modalities,
enhancing detection accuracy in real-world scenarios. Detailed explanations
of the methodology and experimental results are provided to demonstrate
the effectiveness of the proposed approach.

Chapter 5: Proposed Multi-Modal Single Shot MultiBox Detector Consider-
ing Misalignment

Building upon the previous chapter, this section introduces another in-
novative method for multi-modal pedestrian detection using the Single Shot
MultiBox Detector (SSD) framework. Similar to Chapter 4, the focus is
on mitigating misalignment between sensor modalities to improve detection
performance. The chapter includes methodological details and experimental
findings to validate the efficacy of the proposed approach.

Chapter 6: Discussion and Conclusion

The final chapter reviews the main findings and contributions of the dis-
sertation through a detailed discussion of experimental results and concludes
with a summary of key insights. It provides a comprehensive overview of the
proposed methods, their performance in addressing misalignment issues, and
their implications for real-world applications. Additionally, it outlines po-
tential directions for future work to further advance the field of multi-modal
pedestrian detection.

10



Proposed Methods

Chapter 1 Chapter 3
Introduction Evaluation Metrics

|
' !
Chapter 4 Chapter 5

Chapter 2 3 . Multi-Modal Single Shot
Existing Methods Review LA eael e [RAE MultiBox Detector

i LS U Considering Misalignment

Chapter 6
Discussion and Conclusion

Figure 1.3: Overview of the dissertation structure highlighting the progres-
sion from the introduction and review of existing methods to the proposal and
evaluation of novel approaches in multi-modal pedestrian detection. The fig-
ure illustrates the interconnection between chapters and the flow of research
topics throughout the dissertation.
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Chapter 2

Existing Methods Review

In this chapter, we present a comprehensive survey of pedestrian detection
methods, exploring both traditional and deep learning-based techniques, as
well as multi-modal approaches. We analyze their advantages, limitations,
and effectiveness in various scenarios, providing a thorough understanding of
the current state-of-the-art in pedestrian detection.

2.1 Pedestrian Detection

2.1.1 Introduction

Pedestrian detection is a fundamental task in computer vision with applica-
tions ranging from surveillance to autonomous driving. It involves identifying
and locating pedestrians within images or video streams, which is crucial for
ensuring safety and operational efficiency. Traditional methods, relying on
handcrafted features and heuristic approaches, laid the groundwork for this
field. Modern techniques leveraging machine learning have significantly im-
proved accuracy and robustness. With the evolution of deep learning and the
availability of large-scale datasets, pedestrian detection has seen significant
advancements. This section provides an in-depth survey of pedestrian detec-
tion methods, exploring both traditional and deep learning-based approaches.
We will discuss the strengths of these methods and their limitations in more
complex scenarios, such as varying lighting conditions and occlusions.

2.1.2 Traditional Pedestrian Detection Methods

Traditional pedestrian detection methods have laid the groundwork for mod-
ern approaches by introducing various feature extraction and classification
techniques. These methods primarily rely on handcrafted features and classi-
cal machine learning algorithms. Here, we highlight some of the most notable
traditional methods.

12



Histogram of Oriented Gradients (HOG)

The Histogram of Oriented Gradients (HOG) method [3], introduced by Dalal
and Triggs, extracts gradient orientation information from localized image
patches to represent local object appearance and shape. This method has
demonstrated success in pedestrian detection tasks. However, it suffers from
limitations such as sensitivity to variations in lighting conditions, occlusions,
and changes in viewpoint. For instance, in crowded urban environments or
under varying weather conditions, the effectiveness of HOG-based approaches
diminishes.

Haar-like Features and Cascade Classifiers

Haar-like features [48], introduced by Viola and Jones, were among the early
methods used for object detection, including pedestrian detection. These
features capture intensity differences in rectangular regions of an image and
are typically used in conjunction with cascade classifiers for efficient object
detection. While they have shown effectiveness in face detection, they face
challenges in pedestrian detection tasks due to similar limitations encoun-
tered by HOG-based methods. Variations in pedestrian poses, occlusions,
and complex backgrounds reduce the robustness of Haar-like features in real-
world scenarios.

Template Matching Methods

Template matching methods rely on predefined templates or shape models to
detect pedestrians in images. These methods require accurate initialization
and struggle with variations in pose, scale, and appearance [11]. For ex-
ample, in situations where pedestrians exhibit diverse poses or are partially
occluded, template matching methods may struggle to accurately localize
pedestrians. The rigidity of these methods limits their adaptability to dy-
namic environments.

Deformable Part-based Models

Deformable part-based models [10], proposed by Felzenszwalb et al., address
the limitations of template matching by incorporating deformable parts.
These models consist of a set of parts, each with associated deformation
costs, allowing flexibility in capturing variations in pedestrian appearance
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and shape. However, despite their advancements, they still encounter chal-
lenges in handling complex real-world scenarios where pedestrians may ex-
hibit diverse poses, occlusions, or variations in scale. The computational cost
of deformable part-based models is also a significant concern, limiting their
applicability in real-time systems.

2.1.3 Deep Learning-Based Pedestrian Detection Meth-
ods

Deep learning-based pedestrian detection methods have revolutionized the
field by leveraging large datasets and complex neural network architectures
to achieve superior performance compared to traditional methods. These
methods automatically learn feature representations from data, eliminating
the need for handcrafted features and improving detection accuracy and ro-
bustness. Below are some of the most prominent deep learning-based ap-
proaches.

RPN
Proposals

Classifier ||
Regressor
NMS
Detection BBs
r Detection Head
f ! ’
F NMS f
Classifier

Regressor
Backbone

Figure 2.1: Overview of the Faster R-CNN framework. It begins with an
input image, which is passed through a backbone network to extract fea-
ture maps. The Region Proposal Network (RPN) then generates proposals
using anchors, predicting bounding box offsets and confidence scores. Non-
Maximum Suppression (NMS) is applied to filter redundant proposals. These
proposals are fed into the detection head, which includes a classifier for ob-
ject classification and a regressor for further refining the bounding boxes.
Another round of NMS is applied to finalize the detected objects, resulting
in the final bounding boxes over the input image.
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Region-Based Convolutional Neural Networks (R-CNN)

Region-Based Convolutional Neural Networks (R-CNN) [17], introduced by
Girshick et al., represent a significant breakthrough in object detection by
combining deep learning with region proposal techniques. R-CNN generates
proposals using selective search and applies a convolutional neural network
to classify and refine these proposals. The process involves three main steps:
generating proposals, extracting features using a CNN, and classifying these
regions. The selective search algorithm used for proposals is effective but
computationally intensive, leading to slow inference speeds. While R-CNN
significantly improved detection accuracy compared to traditional methods,
its high computational cost limits its applicability in real-time pedestrian
detection scenarios, such as in autonomous driving. Further advancements,
such as Fast R-CNN [15] and Faster R-CNN [42], have been developed to ad-
dress these limitations by streamlining the region proposal and classification
processes.

RPN

Classifier

Input Generate anchor Output

> - Confidence score (foreground)
- Confidence score (background)

- Center point adjustment (horizontal)
- Center point adjustment (vertical)

- Size adjustment (width)

- Size adjustment (height)

i

Regressor

Figure 2.2: Region Proposal Network (RPN) within Faster R-CNN. The
input image (represented for understanding, while the actual input is the
feature map) is passed through a backbone network to extract feature maps.
Although the RPN generates many anchors, only one is shown here for sim-
plicity. The RPN uses these feature maps to generate proposals by predicting
bounding box offsets and confidence scores for each anchor. The classifier in
the RPN determines these confidence scores, while the regressor calculates
the bounding box offsets. The bounding box offsets (shown with red arrows)
adjust the predefined anchor to better fit the objects. The confidence score of
foreground (displayed in red number) indicate the likelihood of the presence
of an object.
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Faster R-CNN is a state-of-the-art object detection framework known for
its speed and accuracy. It consists of several key components that work
together to achieve this task: the backbone network, the Region Proposal
Network (RPN), and the detection heads. The architecture and workflow of
Faster R-CNN is illustrated in Figure 2.1. Faster R-CNN begins with a back-
bone network, typically a pre-trained convolutional neural network such as
VGG16 [45] or ResNet [22], which extracts feature maps from the input im-
age. These feature maps contain rich information about the image’s content
and serve as the foundation for further processing. Next, the RPN slides over
these feature maps to generate potential object regions, known as proposals.
The RPN uses anchors, which are predefined bounding boxes of various sizes
and aspect ratios placed at each location on the feature map. These anchors
serve as reference points for predicting the locations of objects. For each
anchor, the RPN predicts two things: the bounding box offsets, which are
adjustments to the anchor to better fit the object, and a confidence score,
which indicates the likelihood that an anchor contains an object as opposed
to the background. These predictions are made using fully-connected layers
within the RPN: a regressor for predicting the bounding box offsets and a
classifier for predicting the confidence scores. The RPN generates propos-
als by applying the predicted bounding box offsets to the anchors. These
proposals are the candidate regions that are likely to contain objects. The
process of RPN, including its classifier and regressor, is demonstrated in
Figure 2.2. Non-Maximum Suppression (NMS) is applied to filter out redun-
dant proposals and keep the most promising ones. For each proposal, the
detection heads, which also comprise a classifier and a regressor, refine the
bounding box and classify the object within the region. The classifier and
regressor in Faster R-CNN’s detection heads work similarly to the RPN’s
classifier and regressor shown in Figure 2.2, but there are key differences.
The detection head classifier in Faster R-CNN is designed to handle more
classes than just foreground and background, providing a confidence score for
each class, while the regressor further refines the bounding box coordinates
to accurately enclose the object. After this step, Non-Maximum Suppression
(NMS) is again applied to remove redundant bounding boxes and select the
final set of detections.

In summary, Faster R-CNN is an efficient and accurate object detection
framework that combines several key components: a backbone network for
feature extraction, RPN for generating proposals using anchors, bounding
box offsets for adjusting anchors, detection heads for classifying objects and
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refining bounding boxes, and prediction scores for each class to indicate the
likelihood of the detected objects. This integrated approach, with NMS ap-
plied both after RPN and detection heads, allows Faster R-CNN to quickly
and accurately detect objects in images, making it a powerful tool in com-
puter vision applications.

Faster R-CNN has several advantages, such as high accuracy, robustness,
and flexibility. It achieves high accuracy in object detection due to its two-
stage approach, which carefully refines proposals and classifications. The
framework is robust and performs well on a variety of challenging datasets,
making it a reliable choice for many applications. Additionally, Faster R-
CNN can be adapted to different backbone networks and extended for vari-
ous tasks beyond object detection, such as instance segmentation. However,
Faster R-CNN also has some drawbacks. The two-stage process, while ac-
curate, is computationally intensive and slower compared to single-stage de-
tectors like SSD [37] and YOLO [41]. Due to its complexity, Faster R-CNN
may not be suitable for real-time applications where high-speed processing
is crucial. Moreover, the architecture is more complex to implement and re-
quires careful tuning of hyperparameters and components to achieve optimal
performance.

Regarding pedestrian detection, Faster R-CNN is particularly effective
due to its high accuracy and ability to handle various challenges in object
detection. Pedestrian detection requires precise localization and classification
of humans in diverse environments, often with varying poses, occlusions, and
lighting conditions. Faster R-CNN’s two-stage approach ensures that propos-
als are refined before final detection, which helps in accurately identifying
pedestrians amidst complex backgrounds. The backbone network extracts
detailed feature maps that capture essential details of pedestrians, such as
their shape and texture. The RPN generates proposals that likely contain
pedestrians, even when they are partially occluded or present in varying sizes
and aspect ratios. The detection heads further refine these proposals, classi-
fying the detected regions as pedestrians and adjusting the bounding boxes
to fit the actual shape of the pedestrians accurately. NMS plays a crucial role
in pedestrian detection by eliminating redundant bounding boxes that may
overlap significantly, ensuring that each pedestrian is represented by a single,
precise bounding box. This helps in reducing false positives and improving
the overall accuracy of the detection system. In pedestrian detection, the
high accuracy and robustness of Faster R-CNN are significant advantages,
making it a preferred choice for applications that require reliable and precise
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detection, such as autonomous driving, surveillance, and crowd monitoring.
However, the computational intensity of Faster R-CNN may pose challenges
for real-time pedestrian detection, necessitating the use of optimized hard-
ware or alternative methods for applications with strict latency requirements.

DH: Detection Head

Classifier

Detection BBs

0

Regressor

NMS

Figure 2.3: Overview of the Single Shot MultiBox Detector (SSD) [37] frame-
work. It begins with an input image passed through a backbone network to
extract feature maps at multiple scales. Detection heads (DH) are applied to
these feature maps to predict bounding box offsets and class scores for each
location. The detection heads utilize convolutional layers to generate these
predictions, with separate classifier and regressor branches. Non-Maximum
Suppression (NMS) is applied to filter redundant boxes and keep the most
confident detections.

Single Shot MultiBox Detector (SSD)

Single Shot MultiBox Detector (SSD) [37], is a popular object detection
framework designed for high-speed and accurate detection. Unlike Faster
R-CNN, which uses a two-stage approach, SSD is a single-stage detector
that directly predicts bounding boxes and class scores from feature maps
at multiple scales. SSD achieves high detection accuracy and efficiency by
predicting bounding boxes and class probabilities at multiple feature maps
with different resolutions.
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The architecture and workflow of SSD is illustrated in Figure 2.3. SSD
begins with a backbone network, typically a pre-trained convolutional neural
network like VGG16 [45] or ResNet [22], to extract feature maps from the
input image. These feature maps provide rich hierarchical information about
the image, capturing both low-level details and high-level semantic content.
In SSD, detection heads are applied to multiple feature maps extracted from
different layers of the backbone network. Each detection head, consisting of a
classifier and a regressor, is responsible for predicting a fixed set of bounding
boxes and their corresponding class scores for each location in the feature
map. These predictions include bounding box offsets, which adjust the pre-
defined anchor boxes (default boxes) to better fit the objects, and confidence
scores, which indicate the likelihood of each class. The classifier and regres-
sor in SSD’s detection heads work similarly to the classifier and regressor in
the detection head of Faster R-CNN, as shown in Figure 2.2, but there are
key differences. In SSD, the classifier and regressor are applied at multiple
scales and directly on the feature maps, allowing for simultaneous detection
of objects of varying sizes, whereas in Faster R-CNN, these components re-
fine the proposals generated by the RPN.+ SSD uses convolutional layers
(typically 3x3) to generate these predictions. For each feature map cell, the
convolutional layer outputs a set of bounding box coordinates and confidence
scores for multiple classes. The advantage of using multiple feature maps is
that it allows SSD to detect objects at different scales and aspect ratios, im-
proving its ability to handle objects of varying sizes. The predefined anchor
boxes in SSD come in various sizes and aspect ratios, covering different parts
of the feature maps. These anchors act as reference points for the bounding
box predictions, similar to the anchors in Faster R-CNN. After obtaining the
predictions from all the detection heads, Non-Maximum Suppression (NMS)
is applied to filter out redundant bounding boxes and retain the most con-
fident detections. This process ensures that the final output consists of the
most accurate and relevant object detections.

SSD is particularly effective for pedestrian detection due to its high speed
and ability to handle objects at multiple scales. Pedestrian detection requires
accurate localization and classification of humans in diverse environments,
often with varying poses, occlusions, and lighting conditions. SSD’s use of
multiple feature maps allows it to detect pedestrians of different sizes and
aspect ratios more effectively. The backbone network extracts detailed fea-
ture maps that capture essential details of pedestrians, such as their shape
and texture. The detection heads apply convolutional layers to these feature
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maps to predict bounding boxes and class scores for each location. By using
predefined anchor boxes, SSD can handle the variations in pedestrian sizes
and poses efficiently. NMS plays a crucial role in pedestrian detection by
eliminating redundant bounding boxes that may overlap significantly, ensur-
ing that each pedestrian is represented by a single, precise bounding box.
This helps in reducing false positives and improving the overall accuracy of
the detection system.

SSD offers several advantages, including high speed, simplicity, and multi-
scale detection. It is faster than two-stage detectors like Faster R-CNN be-
cause it performs detection in a single stage, making it suitable for real-
time applications, such as autonomous driving and video surveillance. The
single-stage approach simplifies the detection pipeline, making SSD easier
to implement and optimize, and end-to-end training is more straightforward
compared to the two-stage approach. SSD’s use of multiple feature maps
allows it to detect objects at different scales, improving its ability to han-
dle objects of varying sizes and aspect ratios. However, SSD also has some
drawbacks. While it is fast, it may not achieve the same level of accuracy as
two-stage detectors like Faster R-CNN, particularly for small objects. The
single-stage approach can sometimes result in lower precision and higher false
positives. Managing the predefined anchor boxes and their configurations can
be complex, and ensuring that the anchors cover all possible object sizes and
aspect ratios requires careful tuning. SSD’s reliance on local feature maps
may result in limited context for object detection, affecting its performance
in scenarios with complex backgrounds or occlusions.

In summary, SSD is a single-stage object detector that performs detection
in one go by using a backbone network to extract feature maps, applying
detection heads to multiple feature maps to predict bounding boxes and
class scores, and using predefined anchor boxes to guide the predictions.
NMS is applied to remove redundant detections and keep the most confident
ones. This approach allows SSD to achieve high-speed and accurate object
detection, making it suitable for real-time applications. However, it may
trade off some accuracy, especially for small objects, compared to two-stage
detectors like Faster R-CNN.

You Only Look Once (YOLO)

You Only Look Once (YOLO) [41], introduced by Redmon et al., is another
real-time object detection framework that divides the input image into a grid
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and predicts bounding boxes and class probabilities directly from the grid
cells. YOLO’s approach to detection is based on a single neural network
that performs both object localization and classification in one forward pass,
making it extremely fast. The grid-based system allows YOLO to predict
multiple bounding boxes and their associated class probabilities simultane-
ously. While YOLO offers real-time performance with high frame rates, it
may sacrifice some accuracy compared to methods like SSD and R-CNN,
particularly in scenarios with small objects or complex backgrounds. De-
spite these challenges, YOLO’s speed and simplicity have made it a popular
choice for various applications requiring rapid object detection.

2.1.4 Limitations of Pedestrian Detection Methods

Despite significant advancements in single-modal pedestrian detection meth-
ods, several limitations persist. These methods often struggle with sensitiv-
ity to variations in lighting conditions, occlusions, changes in viewpoint, and
scale variations. The complexity of real-world scenarios presents additional
challenges, including crowded environments, diverse pedestrian poses, and
varying environmental conditions. Achieving robust and accurate pedestrian
detection in such settings remains a daunting task. Furthermore, single-
modal systems can suffer from calibration errors and dynamic changes in the
scene, complicating detection tasks. Addressing these limitations is crucial
for developing pedestrian detection systems that can reliably operate in di-
verse and challenging real-world scenarios. Future research should enhance
the robustness of detection algorithms to effectively handle varying condi-
tions and incorporate advanced calibration techniques to mitigate these is-
sues. Additionally, exploring the integration of complementary techniques
even within a single modality can provide more comprehensive detection ca-
pabilities, improving accuracy and reliability in dynamic environments.

2.2 Multi-Modal Pedestrian Detection

2.2.1 Introduction

Multi-modal pedestrian detection leverages multiple sensor modalities to en-
hance detection performance and robustness. By combining data from dif-
ferent sensors, such as RGB cameras, thermal cameras, depth sensors (Li-
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DAR), and radar, multi-modal approaches can mitigate the limitations of
single-modal systems. These methods aim to improve detection accuracy
and reliability under various challenging conditions, such as low lighting, oc-
clusions, and dynamic environments. In this section, we will focus on the
fusion of color (RGB) and thermal sensors, highlighting the differences be-
tween naive and adaptive fusion methods.

2.2.2 Naive Feature Fusion

KAIST Multispectral Pedestrian Detection (KAIST) dataset [24] has been
widely used in the research field of multi-modal pedestrian detection. Despite
non-CNN-based approaches such as Aggregate Channel Features (ACF) [8] in
the early days, the CNN-based approach is mainstream in this field currently
25, 49, 20, 29, 53, 40, 32, 19, 33, 59, 57]. The main challenge in the early
days was how to combine and make use of information from both modalities,
as with other computer vision applications [35, 43, 44]. MSDS-RCNN [32]
proposes a framework that simultaneously performs pedestrian detection and
segmentation in multispectral imagery, leading to improved detection perfor-
mance compared to methods that simply combine features from both modal-
ities. Most importantly, most of the existing methods strictly assume that
visible-thermal image pairs are geometrically aligned. These methods merely
fuse both modalities’ features in corresponding pixel positions directly.

Although many geometric calibration and image alignment methods for
multi-modal cameras have been proposed [39, 27, 9], accurate and dense
alignment for each pixel is still an open problem. Naive feature fusion does
not account for variations in sensor characteristics, such as different resolu-
tions and fields of view, leading to incomplete or inconsistent feature repre-
sentation. Furthermore, these methods are prone to errors in scenarios with
dynamic backgrounds or when pedestrians are partially occluded in one of
the modalities, reducing the overall robustness of the detection system. Ex-
amples of naive fusion include simple concatenation or averaging of pixel-wise
features without any consideration for the spatial and temporal context of
the detected objects. As a result, their detectors suffer dramatically worse
performance in poorly aligned regions.
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2.2.3 Adaptive Feature Fusion

Adaptive fusion incorporates advanced algorithms to dynamically adjust the
fusion process based on the quality and relevance of the information from
each modality. Machine learning models, such as convolutional neural net-
works (CNNs), are often employed to learn the optimal fusion strategy from
large datasets, enhancing the system’s ability to handle various conditions
and environments. Additionally, adaptive fusion can implement weighting
mechanisms that prioritize features from one modality over another based
on context, such as giving more weight to thermal features in low-light con-
ditions or relying more on RGB features in well-lit environments.

AR-CNN [61] significantly addresses the misalignment issue in multi-
modal CNN-based pedestrian detection. The authors analyzed the position
shift problem, proposed the Aligned Region CNN (AR-CNN), and provided
KAIST-Paired annotation. Their method predicts the shift distance between
modalities for each Region of Interest (Rol), relocates the visible region into
the thermal area, and then aligns them together. This approach successfully
improved performance over previous methods that did not consider misalign-
ment, highlighting the importance of addressing this issue for better detection
accuracy. However, AR-CNN does not output bounding boxes (BBs) for each
modality explicitly, making their BBs inaccurate when there is misalignment.

Similarly, MBNet [64] does not output BBs for each modality explic-
itly, resulting in inaccuracies when misalignment occurs. Furthermore, these
methods assume ”weak misalignment,” typically defined as a shift of up to 10
pixels. For instance, AR-CNN’s experiments involved shifting visible images
by up to 10 pixels and evaluating detection results in the thermal modality,
while MBNet did not conduct specific misalignment experiments but operates
under the assumption of weak misalignment. Therefore, weak misalignment
is generally defined as no greater than 10 pixels.

To overcome these limitations, future work should explore advanced align-
ment techniques and robust fusion strategies capable of handling more se-
vere misalignment conditions. Integrating real-time processing capabilities
and optimizing computational efficiency will be crucial for the practical de-
ployment of these systems. By continuing to innovate and address these
challenges, adaptive feature fusion can significantly advance the field of multi-
modal pedestrian detection, leading to more reliable and accurate systems
capable of performing well in diverse and dynamic environments.

23



2.2.4 Challenges

Despite the progress made in multi-modal pedestrian detection, several chal-
lenges remain:

1) Misalignment between Modalities

Integrating data from different sensors can lead to misalignment issues,
where pedestrians appear at different positions or scales across modalities.
This misalignment arises due to variations in sensor placement, differing fields
of view, and inconsistencies in sensor calibration. Such discrepancies nega-
tively impact detection accuracy, as the alignment errors can cause incorrect
feature mapping and poor fusion of information. Addressing misalignment
requires sophisticated calibration techniques and advanced alignment algo-
rithms that can dynamically adjust to ensure accurate data fusion.

2) Modality Imbalance

Variations in sensor characteristics, such as resolution, sensitivity, and
range, can lead to modality imbalance. One modality may dominate over
others, leading to an unequal contribution of information from different sen-
sors. For instance, thermal cameras might be more effective in low-light
conditions, while RGB cameras perform better in daylight. Additionally,
different lighting conditions can affect the reliability of each modality differ-
ently, with thermal imaging being less affected by changes in ambient light
compared to RGB cameras. To ensure fair representation and effective in-
tegration of information, adaptive weighting mechanisms and robust fusion
strategies are necessary to balance the influence of each modality based on
the context and environment.

3) Domain Adaptation

Multi-modal pedestrian detection models often struggle to generalize well
across diverse real-world scenarios. Differences in environmental conditions,
sensor configurations, and data distributions between training and deploy-
ment environments can degrade model performance. Domain adaptation
techniques are essential to bridge this gap, allowing models trained on one
dataset to perform effectively in various settings. This includes methods
such as transfer learning, domain adversarial training, and data augmenta-
tion techniques that simulate different environmental conditions to enhance
model robustness.
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Researchers are actively working to address these challenges to advance the
state-of-the-art in multi-modal pedestrian detection and develop more ef-
fective and robust pedestrian detection systems for real-world applications.
Overcoming these obstacles will enhance the performance and reliability of
detection systems, paving the way for their deployment in various real-world
applications, from autonomous vehicles to surveillance systems. In conclu-
sion, while significant steps have been made in the field of multi-modal pedes-
trian detection, the journey towards creating fully reliable and robust systems
is ongoing. Continued research and innovation are essential to surmount these
challenges, ultimately leading to safer and more efficient pedestrian detection
solutions in our ever-evolving technological landscape.
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Chapter 3

Proposed Evaluation Metrics

This chapter explains our proposed evaluation metrics that we use in our
training and performance testing for our multi-modal detectors in detail.
First, Multi-modal ToU (IoUM) is introduced. Second, Multi-modal MR
(MRM) is introduced.

3.1 Multi-Modal IoU

Intersection over Union (IoU) is a fundamental evaluation metric in object
detection tasks. It is widely used because it provides a clear and straightfor-
ward measure of how well the predicted bounding boxes match the ground
truth bounding boxes. IoU helps in quantifying the accuracy of object local-
ization, which is crucial for applications where precise detection is necessary.
By evaluating the overlap between the predicted and actual bounding boxes,
IoU allows researchers and practitioners to assess the performance of detec-
tion algorithms. The IoU is defined as:

GI'NnDT
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(3.1)
where GT' and DT denote ground truth and detection bounding boxes, re-
spectively. GT'N DT represents the area of intersection of ground truth and
detection bounding boxes, while GT' U DT represents the area of union of
ground truth and detection bounding boxes. A higher IoU indicates a better
overlap between the predicted and ground truth bounding boxes, signifying
more accurate detection. IoU is crucial for assessing the precision of object
localization and is often used as a threshold to determine whether a detection
is considered a true positive or false positive. In traditional pedestrian detec-
tion tasks, the IoU threshold is usually set at 0.5, meaning that a predicted
bounding box must overlap with at least 50% of the ground truth bounding
box to be considered a correct detection. This metric is widely used due to
its simplicity and effectiveness in providing a clear measure of localization
accuracy.
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In the context of multi-modal object detection, specifically for pedes-
trian detection using visible and thermal modalities, it is essential to ensure
accurate localization across both modalities. Traditional IoU does not ac-
count for potential misalignment between different modalities. When there
is a misalignment between modalities, the coordinates of each object in both
modalities are not the same. If we are only concerned about the precision
of one modality, another modality will have poor precision, which can lead
to inaccuracies in evaluating the performance of multi-modal detection sys-
tems. To address this limitation, we propose the Multi-Modal Intersection-
over-Union (IoUM), which extends the traditional IoU metric to consider the
overlap of bounding boxes in both visible and thermal modalities. This met-
ric provides a more comprehensive evaluation of detection performance in
multi-modal contexts by ensuring that detections are accurately localized in
both modalities simultaneously. In order to measure the ability to handle
both modalities, especially when the level of misalignment is high, we in-
troduce a new evaluation metric, which we call “multi-modal ToU (IoUM)”

defined as:
(GTY N DTV)+ (GTT N DTT)

ToUM =
U = GTV U DT + (GTT G DIy’

(3.2)

where GTV and GT7 denote paired ground truth bounding boxes referring
to the same object in visible and thermal modalities, respectively. Similarly,
DTV and DTT denote paired detection bounding boxes referring to the same
object in visible and thermal modality, respectively.

By incorporating the IoUM metric, we can effectively evaluate the pre-
cision of our multi-modal pedestrian detection system, ensuring that it per-
forms accurately in both visible and thermal modalities, even in the presence
of misalignment. The reason we use this formula instead of just average
both modalities’ IoU is mainly because of misalignment, which can make the
position and size of objects vary between modalities, resulting in inequality
between visible ToU (IoUV) and thermal ToU (IoU™). To take misalignment
into account, we measure the ratio of both modalities’ intersections to both
modalities” unions. IoUM can be used to determine the precision of detec-
tion bounding boxes in both modalities. Moreover, in order to thoroughly
evaluate each modality, we define visible IoU (IoU") as IoU in visible modal-
ity and thermal ToU (IoU™) as IoU in thermal modality. This comprehensive
evaluation is crucial for applications such as autonomous driving and surveil-
lance, where reliable detection of pedestrians across different environmental
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conditions is imperative.

Algorithm 1: Greedy matching strategy to compute true positives,
false positives, and false negatives

Input: the set of detection results By;
the set of detection scores Sy;
the set of ground truths By;
number of detection results Ny;
number of ground truth N;
matching threshold T
Output: the set of true positives Byy;
the set of false positives Byp;
the set of false negatives Byy;
initialization;
sort the detection results By; in descending order according to their
corresponding detection confidence scores Sy;
for i < Ny do
for i < N, do
compute the IoU O; between the bounding-box B}, and the
ground-truth BY;
end
compute maximum IoU O,, = maxzO; and corresponding index
Jm = argmazOj;
if O,, > T then
add the corresponding Bém to the set Byy;
remove B and BJ™ from By and By;
else
add the corresponding Bgm to the set Byp;

remove B)™ from By;
end

end
Add B, to Byn;
return By, By, Byy;
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3.2 Multi-Modal MR

Following the traditional evaluation of object detection, we categorize detec-
tion bounding boxes and ground truth bounding boxes into true positives,
false positives, and false negatives in order to evaluate detection results. The
traditional way to do that is greedy matching algorithm as shown in Algo-
rithm 1. The traditional way to do that is the greedy matching algorithm. In
short, the algorithm sort all the detection bounding boxes based on predic-
tion scores from high to low. We then iterate through all unmatched ground
truth bounding boxes for each detection bounding box and then match the
pair with the highest IoU above IoU threshold (usually 0.5). We continue the
iteration until we reach the maximum number of false positives. Matched
detection bounding boxes will become true positives, unmatched detection
bounding boxes will become false positives, and unmatched ground truth
bounding boxes will become false negatives. In pedestrian detection, we value
false negatives the most since miss detection could be crucial in real-life ap-
plications. The lower the false negatives, the better. One of the evaluation
metrics we use is miss rate, defined as:

Miss Rate = Number of false negatives

3.3
Number of all objects (33)

In multi-modal pedestrian detection, performance is traditionally measured
by log-average miss rate (MR) suggested by Dollar et al [7]. MR is defined by
geometrical mean of miss rates at specific false positives per image (FPPI)
evenly divided in log space, which can be formulated as:

1
n n 17’L
Log— A Miss Rate (MR) = i = — Ina; |,
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where aq, as, ..., a, are miss rates at n different FPPI evenly spaced in log
space. Miss rate is the proportion of false negative results to total objects,
and FPPI is the proportion of false positive results to total images. Tradi-
tionally, we use 9 miss rates at evenly spaced FPPI over [102, 10°] in log
space (102, 1027 1015, ..., 10%) to calculate MR, at which we call MR2.
The lower the MR, the better.

The original KAIST dataset only had a single common annotation for
each object in both modalities, despite misalignment between them. There-
fore, MR was evaluated based on IoU between detection bounding boxes
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and ground truth bounding boxes representing locations of objects for both
modalities. Their annotation also has many errors, such as imprecise lo-
calization, misclassification, and misaligned regions[32]. Aware of the issue,
many researchers relabeled KAIST annotation to solve the above errors. Liu
et al.[25] provided improved annotation for the testing, which has become
the standard annotation for performance evaluation. Li et al. [32] provided
sanitized annotation for the training and demonstrated the effects caused by
different kinds of annotation errors. Zhang et al. [61, 60] provided revolution-
ary KAIST-paired annotation, which carefully localizes pedestrians in both
modalities and builds their relationships. They also evaluated the detection
performance by MRY and MR™, which denote MR evaluating by visible an-
notation and thermal annotation, respectively. However, those evaluations
were performed separately, and their detection results have no relationship
between visible and thermal bounding boxes, which makes In order to evalu-
ate the precision of detection results in both modalities pairwise, we change
the criteria of the greedy matching algorithm from IoU to IoUM, which rep-
resents MR based on IoUM, “multi-modal MR (MRM)”. To use this metric,
the detection results must be pairs of bounding boxes; each pair locates the
same object in both modalities, which could have different coordinates due
to misalignment. Not only is MRM able to measure the precision of bound-
ing boxes in both modalities simultaneously, but it also measures the ability
to correctly match objects between modalities with misalignment since the
detection bounding box pair can mismatch with other nearby objects, which
can potentially become false negative, resulting in lower MRM. We experi-
ment using MRM as an evaluation metric to demonstrate its effectiveness in
measuring the detection performance against misalignment.
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Chapter 4

Proposed Multi-Modal Faster R-
CNN Considering Misalignment

In this chapter, we explain the principle of our proposed Multi-Modal Faster
R-CNN Considering Misalignment in detail.

4.1 Background

Pedestrian detection is a crucial task in computer vision with significant ap-
plications in autonomous driving [55] and video surveillance systems [12]. Ac-
curate pedestrian detection is essential for ensuring the safety and efficiency
of these systems. For instance, in the context of autonomous vehicles, reli-
able pedestrian detection is paramount to prevent accidents and ensure the
safety of both pedestrians and passengers. In surveillance, accurate pedes-
trian detection enhances security by enabling the monitoring of public spaces,
identifying suspicious activities, and preventing potential threats.

The first era of pedestrian detection methods typically relies on hand-
crafted features extracted from visible images (e.g., RGB images). These
traditional methods include techniques such as Histogram of Oriented Gra-
dients (HOG) [3], Haar-like features [48], and deformable part-based models
(DPM) [10]. HOG features capture edge and gradient information, while
Haar-like features detect object shapes by computing differences in intensity
between rectangular regions. DPMs model pedestrians using a collection of
part detectors that account for variations in human pose and appearance.
While these methods were groundbreaking at their inception, they struggle
with generalizing across different scenarios due to variations in lighting condi-
tions, occlusions, changes in viewpoint, and background clutter. The perfor-
mance of these traditional methods is limited by their reliance on manually
designed features, which cannot capture the complex variations in pedestrian
appearance and environmental conditions.

The advent of deep learning marked the second era of pedestrian detec-
tion, significantly improving performance by leveraging convolutional neural
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networks (CNNs) [30]. These deep learning-based methods initially also re-
lied solely on visible images. They utilize CNNs to automatically learn fea-
ture representations from large datasets, resulting in superior performance
compared to traditional handcrafted feature-based approaches. Notable ex-
amples include Region-based Convolutional Neural Networks (R-CNN) [17],
Single Shot MultiBox Detector (SSD) [37], and You Only Look Once (YOLO)
[41] frameworks. R-CNN extracts region proposals and classifies each pro-
posal using a CNN. SSD directly predicts bounding boxes and class scores
from feature maps at multiple scales, achieving high accuracy and speed.
YOLO frames object detection as a single regression problem, predicting
bounding boxes and class probabilities directly from full images in one eval-
uation. However, when using only visible images, these single-modal deep
learning methods still face challenges under adverse conditions such as low
lighting, occlusions, and cluttered backgrounds [54, 58, 38, 34, 63].

To address these limitations, various approaches have been proposed to
combine multiple modalities (e.g., visible and far-infrared) [24, 18] and utilize
the highly apparent regions of these modalities together. The integration of
visible and thermal sensors enables multi-modal pedestrian detection, lever-
aging the complementary information provided by different modalities to en-
hance detection performance. Visible light cameras capture detailed visual
information, while thermal cameras detect heat signatures, making it possible
to detect pedestrians even in low-light or nighttime conditions. Multi-modal
pedestrian detection systems are particularly robust in challenging conditions
such as poor illumination, cluttered backgrounds, and adverse weather.

Despite these advancements, existing multi-modal methods often assume
perfect alignment between the visible and thermal images, which is rarely
the case in real-world scenarios. Misalignment can occur due to differences
in sensor viewpoints, calibration errors, and temporal discrepancies [47, 1].
Figure 4.1 shows examples of misaligned annotations between visible and
thermal images, highlighting the difficulties in achieving perfect alignment.
This misalignment complicates the process of fusing data from both sensors,
as the algorithm must match corresponding regions from images that do
not perfectly overlap, making it difficult to combine information from both
modalities accurately. Such discrepancies can lead to detection errors, such
as false positives or false negatives.

In recent years, several methods have been proposed to integrate visible
and thermal data for pedestrian detection. These methods typically employ
a two-stream Faster R-CNN framework [25, 32, 40, 33|, where features from
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Ground Truth (a) MSDS-RCNN (b) AR-CNN (c) Proposed Method
mloUY = 0.7781 mloUV = - mloUVY = 0.8427

Visible Modality

mlouT= - mloUT = 0.9045 mloUT = 0.8894

Figure 4.1: Visualization examples of ground truth annotations by Zhang et
al. [61] (boxes in green), detection results (boxes in red), and overlap area
between them, measured by mean visible IoU (mloUY) and mean thermal
ToU (mIoUT) of MSDS-RCNN [32], AR-CNN [61], and the proposed method.
Image patches are cropped from visible-thermal image pairs in the same
position from KAIST Multispectral Pedestrian Detection dataset [24] with
large misalignment. (a) MSDS-RCNN [32], (b) AR-CNN [61], (c) proposed
method.

both modalities are combined to improve detection accuracy. For example,
MSDS-RCNN [32] combines detection and semantic segmentation tasks to
optimize the model; however, without any consideration of misalignment, it
is very sensitive to misalignment and can only precisely locate pedestrians
in the visible modality, as shown in 4.1 (a). The fundamental assumption
for this two-stream approach is that alignment between the two modalities
is perfect.

To address the misalignment issue, some recent works have incorporated
alignment modules within the Faster R-CNN framework. For example, the
Aligned Region CNN (AR-CNN) [61] predicts shift distances between modal-
ities for each region of interest (Rol) and relocates the visible region into the
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thermal area. This approach successfully improves performance over previ-
ous methods that did not consider misalignment, highlighting the importance
of addressing this issue for better detection accuracy. Another method, MB-
Net [64], focuses on mitigating modality imbalance and aligning features
between the two modalities adaptively. However, these methods still output
only one set of bounding box coordinates, neglecting the fact that objects
can appear in different positions in the two modalities due to misalignment,
as shown in Figure 4.1 (b). Despite predicting the shift distances of objects
between modalities, AR-CNN can only precisely locate pedestrians in the
thermal modality. Similarly, MBNet does not output bounding boxes for
each modality explicitly, resulting in inaccuracies when misalignment occurs.

Existing methods fail to account for the fact that objects can appear in
different positions in the two modalities, which can lead to significant er-
rors in real-world applications where perfect alignment is nearly impossible.
This misalignment issue results in reduced detection accuracy and increased
false positives or false negatives, undermining the reliability of pedestrian
detection systems. Given these limitations, it is evident that a more robust
solution is required to handle misalignment effectively and improve detec-
tion accuracy. Therefore, we propose a multi-modal Faster R-CNN that is
robust against misalignment. We use several novel strategies for the pro-
posed multi-modal detection, including 1) multi-modal regressor, 2) multi-
modal mini-batch sampling, and 3) multi-modal non-maximum suppression
(NMS). The proposed method detects each object as a pair of bounding
boxes with different coordinates in each modality, maintaining paired rela-
tions between the visible and thermal modalities. This allows for accurate
localization of objects in both modalities, even in the presence of significant
misalignment, as shown in Figure 4.1 (c¢). Note that despite the differences
in the position of detection bounding boxes between modalities, all bounding
boxes have paired relations between modalities; each pair indicates the same
object in both modalities. Consequently, the proposed method can accu-
rately pinpoint all objects in both modalities and match them regardless of
displacement caused by misalignment.

Figure 4.2 shows the different Faster R-CNN-based approaches to multi-
modal pedestrian detections. Asshown in Figure 4.2 (a), a typical two-stream
Faster R-CNN fuses features from both modalities directly without handling
the disparity between each object. This approach assumes that the features
from visible and thermal modalities are perfectly aligned, which is often not
the case in real-world scenarios. As a result, the fused features may not
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Figure 4.2: Comparison of multi-modal pedestrian detection frameworks
based on Faster R-CNN. Blue and green blocks/paths represent properties
of visible and thermal modalities, respectively. & denotes channel-wise con-
catenation. (a) Typical two-stream Faster R-CNN, (b) AR-CNN [61], (c)
proposed method.

accurately represent the objects in both modalities, leading to suboptimal
detection performance. These methods can only output detection bounding
boxes for either the visible or thermal modality, but not both, which limits
their effectiveness in multi-modal settings. This limitation is particularly
problematic in scenarios with significant misalignment between the modali-
ties, where the fused features fail to capture the true positions of objects.
Explicitly addressing the misalignment problem, AR-CNN integrates Re-
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gion Feature Alignment to align each visible region with its counterpart ther-
mal region before the detection network. This approach improves alignment
by predicting shift distances between modalities for each region of interest
(Rol) and relocating the visible region into the thermal area. As shown
in Figure 4.2 (b), AR-CNN successfully aligns the features, which helps to
improve detection accuracy compared to methods that do not consider mis-
alignment. However, their method still has limitations. AR-CNN only out-
puts detection bounding boxes according to the position of objects in the
thermal modality alone. This means that it does not fully utilize the infor-
mation from both modalities, as it relies primarily on the thermal images for
final detection. Consequently, any inaccuracies in the thermal modality can
directly affect the overall detection performance.

Our proposed method, on the contrary, is designed to handle misalign-
ment more effectively. Installed with a multi-modal regressor for both the
RPN and detector and newly introduced multi-modal NMS, our method
can output pairs of bounding boxes, which accurately locate objects in both
modalities. As demonstrated in Figure 4.2 (c), the multi-modal regressor
allows the detection network to predict bounding box coordinates separately
for each modality, maintaining paired relations between the visible and ther-
mal detections. This ensures that each object is accurately localized in both
modalities, even in the presence of significant misalignment. The multi-modal
NMS further refines the detections by considering the paired bounding boxes
and suppressing redundant detections across both modalities. By addressing
the misalignment issue and utilizing information from both visible and ther-
mal images, our proposed method significantly enhances detection accuracy
and robustness in challenging scenarios.

In summary, this chapter addresses the critical issue of misalignment
in multi-modal pedestrian detection by proposing a robust Faster R-CNN
framework. By introducing a multi-modal regressor, multi-modal mini-batch
sampling, and multi-modal NMS, our approach ensures accurate localization
and matching of objects in both visible and thermal modalities. This method
significantly enhances detection performance in real-world scenarios, where
misalignment between sensor modalities is a common challenge. Ultimately,
this work contributes to the advancement of pedestrian detection technology,
fostering the development of safer and more reliable systems across various
domains, including autonomous driving and surveillance.
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Figure 4.3: The overall architecture of our network. We extend Faster R-
CNN into a two-stream network to take visible-thermal image pairs as input,
then return pairs of detection bounding boxes as output for both modalities.
Yellow blocks represent notable changes introduced in our method: RPN
with visible and thermal regressors, detection heads with visible and thermal
regressors, and detection outputs consisting of pairs of bounding boxes. Blue
and green blocks/paths represent properties of visible and thermal modali-
ties, respectively. Rols and bounding boxes with the same color represent
their paired relations. & denotes channel-wise concatenation.

4.2 Methodology

We adopt Faster R-CNN [42] architecture and extend it into two-stream
network for multi-modal imaging, which consists of multi-modal RPN, multi-
modal NMS, and multi-modal detector. Moreover, our multi-modal mini-
batch sampling strategy are introduced. Overview of our network structure
is shown in Figure 4.3.

4.2.1 Multi-Modal RPN

The proposed multi-modal RPN has a regressor for each modality, enabling
proposals from each modality to adjust their sizes and positions indepen-
dently. This is different from a single-modal regressor, which applies the
same adjustments to both visible and thermal modalities, leading to inaccu-
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Figure 4.4: Comparison of single-modal and multi-modal regressor ap-
proaches. The input image pair is represented for understanding, while the
actual input is the feature maps. Although the RPN generates many anchors,
only one is shown here for simplicity. (a) Traditional single-modal regressor
approach, where misalignment results in inaccurate bounding boxes. (b) The
proposed multi-modal regressor, which performs bounding box adjustments
in both modalities separately, leading to accurate bounding box alignment
in both visible and thermal images.

racies when there is significant misalignment. The multi-modal regressor is
designed to handle the differences between visible and thermal modalities,
ensuring precise localization of pedestrians even when there is a significant
misalignment between the modalities. It performs adjustments on both the
horizontal and vertical center points as well as the width and height of the
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bounding boxes. This approach ensures that both visible and thermal modal-
ities contribute to the learning process, allowing our model to precisely locate
pedestrians in both modalities. In contrast, the single-modal regressor re-
turns the exact same set of proposals to both pipelines, which can result
in inaccuracies when the modalities are not perfectly aligned. Our multi-
modal regressor, however, returns proposal pairs with different positions for
visible and thermal bounding boxes, providing more accurate regions of in-
terest (Rol) for the detector in cases of significant misalignment. To further
illustrate the differences and improvements, Figure 4.4 compares the single-
modal and multi-modal regressor approaches. The top section shows the
detection process without the multi-modal regressor, where misalignment is-
sues result in inaccurate bounding boxes. The bottom section demonstrates
the improvements achieved with the multi-modal regressor, where the bound-
ing boxes are correctly adjusted to match the pedestrian’s position in both
modalities.

The proposed multi-modal RPN generates proposal pairs as its output,
via classifier predicting each proposal pair a confidence score. To keep paired
relations of proposals, we use multi-modal NMS (Section 4.2.3) to filter the
best 300 out of many redundant proposal pairs. All remaining proposals
will be applied with RolAlign [21] operation to extract their feature maps
into the exact size of 7 x 7 before returning to channel-wise concatenate
with their corresponding pairs, resulting in well-aligned Rol for the detector.
While single-modal regressor returns the exact same set of proposals to both
pipelines, multi-modal regressor returns proposal pairs with different posi-
tions for visible and thermal bounding boxes, which gives more accurate Rol
for detector in case of significant misalignment. We employ the loss function
of RPN from Faster R-CNN [42] and add one more regression loss to optimize
the precision of both modals, which is defined as:

L{{p} At A6 1 Api b A 1A =

. , 4.1
ZLCZS pi, P}) ngzp’ (LY (@Y )+ 1T @), 4D

cls

where i is the index of the anchor, p; is the predicted probability of anchor
i being an object. p; is ground truth label of anchor i, which equals 1 if
anchor i is positive (overlaps with an object above the high threshold) and
0 if anchor i is negative (overlaps with an object below the low threshold).
L. is a cross-entropy over object and not object classes, which is defined as:

39



Lasp.p) = = (0" log®) + (1= p") log(1=p))  (4.2)

Y, tT' are vectors representing parameterized coordinates of predicted
bounding box pairs as t = (t,,t,, t,, ts) that associate with anchor i in visible
and thermal modalities, respectively, and t/*, tI* are that of the ground
truth bounding box pairs. Regression losses L,‘;g, Lfeg are smooth L, loss

for visible and thermal modalities, respectively, which are only activated for
positive anchors (pf = 1), defined as:

Lreg(ta t*) = Z ST)’LOOthLl(t]’ - t;), (43)

je{m7y7w7h}

in which

0.522 if |[z] <1

4.4
|z| — 0.5 otherwise, (1.4)

smoothry(x) = {

N is mini-batch size and N,., is number of anchor locations. Follow-
ing Girshick et al. [16], the parameterized coordinates t = (t,,t,,t,,ts) for
regression are scale-invariant translation and log-space shift relative, defined
as:

ty = () — o) /Wa, T, = (2" —z4)/w,,
ty = (Yp = Ya)/ha, ;=" — ¥a)/ha,
by = log(wp/wa)’ t;ku = log(W*/wa)a
th =log(hy/ha),  t, =log(h*/h,),
(4.5)
where x, y denote the bounding box’s center coordinates and w, h denote
its width and height. Variables p, a, and * denote coordinates of prediction,
anchor, and ground truth bounding boxes, respectively. We set A = 1 for all
experiments.

In multi-modal pedestrian detection, specifically when using visible and
thermal images, misalignment between the two modalities poses significant
challenges. One might consider using separate anchors for different modal-
ities, which involves matching all possible combinations of anchors between
the modalities. However, this approach has several drawbacks that make it
less effective.
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Firstly, using separate anchors for different modalities and matching all
combinations significantly increases computational complexity. Each modal-
ity would require its own set of anchors. If we consider N anchors for the
visible modality and M anchors for the thermal modality, this approach
would require evaluating N x M combinations. For instance, if N = 1000
and M = 1000, the system would need to evaluate 1,000,000 anchor com-
binations. This combinatorial explosion can lead to a dramatic increase in
the number of anchors to be processed, resulting in slower detection speeds
and higher computational costs. Such an approach is impractical for real-
time applications like autonomous driving or surveillance, where rapid and
efficient processing is crucial.

Secondly, matching all combinations of separate anchors does not in-
herently solve the misalignment problem. Misalignment occurs because the
positions and sizes of objects in the visible and thermal images do not match
perfectly. Even with separate anchors, the system still requires a robust
mechanism to align the detected objects accurately across both modalities.
Without addressing this fundamental issue, separate anchors with all com-
binations would provide only a partial and inefficient solution, potentially
leading to increased false positives and misdetections.

Thirdly, using separate anchors for different modalities complicates the
training process. The system must learn to generate and regress anchors for
each modality independently while also learning to match the combinations
of anchors between the modalities. This complexity can make the training
process more challenging and less stable, potentially leading to suboptimal
performance. It also requires extensive annotated data for both modalities
to train effectively, which may not always be available.

Instead, our approach involves using a multi-modal regressor that can
handle the bounding box adjustments independently for each modality while
maintaining their paired relations. This method ensures accurate localiza-
tion of objects in both modalities and effectively addresses the misalignment
issue without the drawbacks associated with separate anchors and matching
all combinations. By leveraging a unified framework, we achieve better com-
putational efficiency, simpler training, and improved detection accuracy in
multi-modal pedestrian detection.

The multi-modal regressor offers several advantages, including improved
accuracy in bounding box predictions due to independent adjustments for
visible and thermal modalities, which leads to better handling of misalign-
ment issues. This approach also ensures that both modalities contribute
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effectively to the learning process, enhancing the overall robustness of the
detection system. However, there are also some drawbacks to using a multi-
modal regressor. In scenarios where locating pedestrians in both modalities is
not necessary, the additional computational cost may be considered a waste.
Knowing the position of pedestrians in just one modality might be sufficient
for certain applications. Additionally, in crowded scenes, the model might
incorrectly match nearby individuals as the same person across modalities,
leading to mismatches and potential inaccuracies.

4.2.2 Multi-Modal Detector

The proposed multi-modal detector is designed to leverage the complemen-
tary information from both visible and thermal modalities to enhance pedes-
trian detection accuracy. This detector includes a regressor for each modal-
ity, allowing it to independently adjust the positions and sizes of bounding
boxes in the visible and thermal images. This independent adjustment is
crucial for handling the misalignment between the modalities, ensuring that
the detection is precise in both. However, both modalities share a single
classifier, which predicts a confidence score for each pair of bounding boxes,
determining the likelihood of them containing a pedestrian.

Similar to the multi-modal RPN, the multi-modal detector employs multi-
modal Non-Maximum Suppression (NMS) to eliminate vague and overlap-
ping bounding box pairs. This step is vital in refining the detection results
by filtering out redundant boxes and keeping the most accurate ones. Multi-
modal NMS considers the information from both modalities, which helps in
reducing false positives and enhancing the overall detection performance. In
the end, the detection results consist of pairs of bounding boxes for both
modalities. These bounding boxes have different sizes and positions in the
visible and thermal images, accurately representing the pedestrians in each
modality while maintaining their paired relations. This approach ensures
that the final bounding boxes are precise for both modalities, addressing
the challenges of misalignment and varying appearances in different imaging
conditions.

The multi-modal detector operates similarly to the multi-modal RPN
in terms of its structure and function, as depicted in Figure 4.4 (B). Both
systems use separate regressors for each modality and employ multi-modal
NMS to refine the outputs. However, there are key differences between the
two. The RPN is primarily focused on generating initial region proposals
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that highlight potential pedestrian locations. These proposals serve as rough
guesses that need further refinement. The multi-modal detector takes these
initial proposals and enhances them by adjusting the bounding box coor-
dinates more accurately and assigning confidence scores through a shared
classifier. This additional processing step ensures that the final detections
are precise and reliable.

To optimize the performance of the multi-modal detector, we adopt the
loss function from Fast R-CNN [39] and introduce an additional regression
loss This combined loss function is defined as:

LUpid, {8V A7) o (873, (67 =
S Lug(pi ) + A pr [LY, (8 0V + L (7 i), (46

where i is the index of a bounding box pair, L., is a cross-entropy for
class probability p; and true class pf (Eq. 4.2) of bounding box pair i, since
we only consider pedestrian class, there are only two classes, pedestrian and
non-pedestrian, in which p} equals 1 and 0, respectively. Regression losses
L};g, Lfeg are smooth L; loss (Eq. 4.3 and 4.4) over predicted regression
offsets t}, I and regression targets t; * of bounding box pair i for visible
and thermal modalities, respectively, which are also parameterized as Eq. 4.5.

107 Y t?*
We set A = 1 for all experiments.

4.2.3 Multi-modal NMS

Non-maximum Suppression (NMS) is a technique for selecting one entity out
of many overlapping entities, usually using [oU as a suppression criterion, i.e.,
when the IoU between bounding boxes exceeds the threshold, the bounding
box with a lower prediction score is suppressed. Since CNN-based methods
generate many dense bounding boxes mostly detecting the same objects, the
detection results are cluttered with unnecessary bounding boxes. Therefore,
we use NMS to remove those lower-quality bounding boxes, keeping only the
best bounding boxes to locate the objects. However, since we need to keep
paired relations of bounding boxes between visible and thermal modalities in
this procedure, we must select and suppress bounding boxes in a pairwise ap-
proach, or paired relations would be lost in the suppression process. For this
purpose, we attempt various criteria that can select and suppress bounding
boxes in a pairwise manner for our NMS.
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Figure 4.5: Examples of multi-modal NMS processes with different criteria
on the scenes where large misalignment is present. Bounding boxes with the
same color reflect paired relations between them. Left side shows bounding
box pairs prior to multi-modal NMS. Right side shows results of multi-modal
NMS with different criteria. (a) Single pedestrian, (b) two pedestrians with
partial occlusion.

As a naive extension, we can use either IoUY or IoUT as multi-modal NMS
criteria, i.e., making one modality a dictator. In AR-CNN [61], ToUT is used
for NMS criteria, neglecting information of visible modality. Accordingly,
we can use the logical operation of IoUY and IoU? as criteria. For OR
operation, if either IoUY or IoUT exceeds the threshold, the bounding box
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pair with a lower score will be suppressed. For AND operation, if both IoUV
and IoUT exceed the threshold, the bounding box pair with a lower score
will be suppressed. Lastly, we use the proposed IoUM as criteria, where
the proportion of intersection and union from both modalities is considered.
Examples of proposed multi-modal NMS results with different criteria are
demonstrated in Figure 4.5. Several detection bounding box pairs around
objects are shown before and after the multi-modal NMS process.

From Figure 4.5 (a), IoUY and IoUT clearly show weakness, considering
only one modality, these criteria can not get rid of all ambiguous bounding
boxes around the same object, which is also the same for logical operator
AND. On the contrary, logical operator OR and IoUM can suppress need-
less bounding boxes correctly. In case of multiple pedestrians with partial
occlusion and misalignment, which is not uncommon in the real situation,
correct bounding boxes could be removed if not handled properly. As shown
in Figure 4.5 (b), IoUY and logical operator AND, while preserving correct
bounding boxes, fail to remove poor bounding boxes around the objects.
IoU" and logical operator OR remove most poor bounding boxes, including
correct green bounding boxes. As a result, less precise yellow bounding boxes
remain. Meanwhile, IoUM can suppress and keep all correct bounding boxes
precisely. IoUM is our best candidate for NMS criteria since it considers the
overlaps between bounding boxes in both modalities, unlike other criteria.
The experiment to demonstrate performance comparison between all NMS
criteria is also conducted (Section 4.3.5).

4.2.4 Multi-Modal Mini Batch Sampling

We follow sampling strategies from [42] and [15]. But since our approach
has one regressor for each modality exclusively and we need to keep paired
relations for all proposals and Rols, we select training samples as anchor pairs
and Rol pairs. For this purpose, we use IoUM as selection criteria instead of
IoU. For RPN, we assign positive and negative labels to anchor pairs that
have IoUM overlap higher than 0.63 with any ground truth bounding box pair
and lower than 0.3 for all ground truth bounding box pairs respectively, for
a total of 256 anchor pairs, whereas positive labels can take up to 128 anchor
pairs. For detector, we assign positive and negative labels to Rol pairs that
have IoUM overlap with any ground truth bounding box pair higher than 0.5
and lower than 0.5 but higher than 0.1 respectively, for a total of 128 Rol
pairs, whereas positive labels can take up to 32 Rol pairs.

45



4.3 Experiment

First, we describe the dataset we used in our experiments. Second, the details
of our implementation are clarified. Third, we indicate evaluation details
of our experiments, which include the explanation of simulated disparity
experiment. Fourth, we illustrate and discuss the results of our experiments
compared with existing methods, divided into performance comparison and
qualitative comparison. Finally, we conducted ablation experiments to verify
the effectiveness of our network’s components, multi-modal regressor, and
multi-modal NMS.

4.3.1 Dataset

KAIST dataset [24] was used in our experiments. It is one of the widely used
multi-modal pedestrian datasets, with more than 90,000 frames recorded
both day and night to consider changes in light conditions. It was initially
assumed to be geometrically aligned. However, the annotations have many
errors [32], such as imprecise localization, misclassification, and misaligned
regions. Many researchers constructed their improved version of annota-
tions to use instead of the original. Improved annotations provided by Liu
et al.[25] has officially been used as standard annotations for performance
benchmark. Zhang et al. [61] carefully analyzed the misalignment prob-
lem of KAIST dataset and were the first to provide paired annotations for
KAIST dataset, locating objects for each modality individually and build-
ing their paired relations. Since we focus on the misalignment problem, we
adopted their annotations to use in our work for training and testing.

4.3.2 Implementation Details

We adopt VGG-16 [45] pre-trained on ImageNet [4, 28] as our two-stream
backbone networks as in AR-CNN [61]. We train the network for three epochs
with a learning rate of 0.005 and one additional epoch with a learning rate of
0.0005 by Stochastic Gradient Descent (SGD) optimizer with 0.9 momentum
and 0.0005 weight decay. We select 8,892 images from the training set con-
taining informative pedestrians for the training. Image resolution is fixed to
640x512. All images are horizontally flipped and append to original training
data for data augmentation. For multi-modal RPN’s mini-batch sampling,
we set IoUM of high and low thresholds at 0.63 and 0.3, respectively. For
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multi-modal detector’s mini-batch sampling, we set IoUM of high threshold
and low thresholds at 0.5 and 0.1, respectively. For the first NMS following
RPN, we set IoUM threshold at 0.7 in the training to generate proposals with
more variation in precision, which can benefit the training of the detector,
and we set IoUM threshold at 0.55 in the testing to generate bounding boxes
with higher precision. For the second NMS following detector, we set IoUM

threshold at 0.53.
pair
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Figure 4.6: An example of simulated disparity experiment. The top image
is the original visible image, while the middle and bottom rows illustrate
the thermal images shifted in both directions and their corresponding results
after pairing with the visible images.
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4.3.3 Evaluation Detalils

To thoroughly evaluate the effectiveness of our method against misalignment,
we introduce “simulated disparity experiment” between modalities as an ex-
periment set up by shifting thermal images by 2, 4, 6, 8, and 10 pixels hori-
zontally in both directions to imitate the misalignment, which mainly occurs
in the horizontal direction. There is no change to visible images. However,
In case of any pedestrian goes over the image border as a result of shifting,
that pedestrian will be ignored from the evaluation. Subsequently, we will
have 11 subsets of different misalignments as test data for each horizontal
shift. Figure 4.6 illustrates the simulated disparity experiment setup. This
simulated disparity setting allows us to systematically evaluate the impact
of varying degrees of misalignment on our multi-modal pedestrian detection
method.

Moreover, mean and standard deviation (SD) of M RM over all subsets
are calculated. For performance comparison, detection performance was mea-
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sured by MRM over the range of [102, 10°] FPPI with ToUM threshold of 0.5
(MR2) and 0.75 (M R3%), respectively, for all simulated disparity distances.
Additionally, MR curves are plotted by using the mean and the worst miss
rate of all simulated disparity distances over the range of [102, 10°] FPPI with
ToUM threshold of 0.5 (M R2) and 0.75 (M R}), respectively. For qualita-
tive comparison, detection performance was measured by mean multi-modal
Intersection over Union (mloUM) between all ground truth bounding boxes
and detection bounding boxes with the highest mIoUM overlap in each scene.
For ablation study, detection performance was measured by MRM over the
range of [1072, 10°] FPPI with ToUM threshold of 0.5 (M R2!) for all simulated
disparity distances. All experiments were performed under reasonable con-
Figureuration [24], i.e., only pedestrians taller than 55 pixels under partial
or no occlusion are considered. Only 2,252 frames sampled from the test set
with 20-frame skips were used in the performance test as traditional.

4.3.4 Comparison with Existing Methods

We selected three existing methods for our experiments, MSDS-RCNN [32] is
representative of methods without misalignment consideration, AR-CNN [61]
and MBNet [64] are methods that consider misalignment, trained by KAIST-
paired annotations provided by Zhang et al. [61]. For methods that do not
generate paired detection bounding boxes, we substituted their detection
bounding boxes with those from one modality. Our method is currently the
only one that generates paired bounding box outputs for both visible and
thermal modalities, ensuring more accurate and reliable detection despite
misalignment.

Performance Comparison

As shown in Table 4.1, MSDS-RCNN, the only method not considering mis-
alignment, performs much poorer than other methods, especially when the
simulated disparity is significant. For the proposed method, performance is
mediocre when there is no simulated disparity, and at a shift distance of -2,
performing worse than MBNet [64] by about 8%. Note that AR-CNN [61]
and MBNet [64] show better performance at shift distance of -2 than without
simulated disparity. This demonstrates that the dataset has some misalign-
ment from the beginning, and simulated disparity could align objects in cer-
tain circumstances. Our method, however, shows a noticeable performance
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improvement, achieving the best M R} when disparities are larger than 4
pixels, demonstrating the effectiveness of our method against misalignment.
Our method also achieves the best performance at all disparities when IoUM
threshold is 0.75, as shown in Table 4.2. This indicates that our method per-
forms the best when the requirement for bounding boxes’ precision is strict,
showcasing the superior precision of the proposed method’s detection bound-
ing boxes. Additionally, we have the lowest mean and standard deviation
(SD) for both M R and M R} demonstrating our best overall performance
across all misalignment situations and our robustness against misalignment.

The MR plots by mean miss rate (solid lines) and worst miss rate (dashed
lines) over all simulated disparity distances are shown in Figure 4.7. The MR
plot of our proposed method’s mean miss rate is at the bottom, with the MR
plot of the worst case being comparable to MR plots of other state-of-the-art
(SOTA) methods in Figure 4.7 (a). Our method achieved the best MR,
calculated by the geometric mean of miss rate over 102, 10°] FPPI, for both
mean miss rate and worst miss rate, outperforming AR-CNN [61] by 13%
and 27%, respectively. From Figure 4.7 (b), our proposed method clearly
outshines other SOTA methods, with plots at the bottom for both mean and
worst-case scenarios, demonstrating superior robustness to misalignment and
bounding box precision in both modalities. Similarly, our method achieved
the best MR} for both mean miss rate and worst miss rate, surpassing
MBNet [64] by 25% and 32%, respectively.

All other methods generate a single bounding box for each object, rep-
resenting the same position in both modalities. This approach can lead to
inaccuracies when there is misalignment because the object may appear in
different locations in each modality. Relying on a single bounding box posi-
tion for both modalities reduces precision under misalignment conditions. In
contrast, our method uniquely generates paired detection bounding boxes for
both visible and thermal modalities. This capability ensures more accurate
and reliable detection, even when there is misalignment, distinguishing our
approach from others. As our method is the only one that generates paired
bounding boxes, direct comparisons with other methods might seem some-
what unfair. However, these comparisons highlight the superior effectiveness
of our approach in handling misalignment. The evaluation metric, IoUM,
favors methods that accurately align bounding boxes across both modalities,
further demonstrating the advantage and performance of our method. By
introducing this innovative way to evaluate bounding box accuracy for multi-
modal detection with misalignment, we hope to inspire other researchers to

49



adopt and refine this approach, enhancing the precision and reliability of
detection systems.

Table 4.1: Comparison with state-of-the-art methods on KAIST dataset,
with simulated disparity in the horizontal direction, by M R2 including their
mean and standard deviation over all shifted distances. Positive horizontal
shift distances mean shifting to the right direction, and negative horizontal
shift distances mean shifting to the left direction. Note that other methods
generate a single bounding box for each object, representing the same position
in both modalities, while our method generates paired bounding boxes. Bold
values indicate the best performance.

Thermal images’ horizontal shift distance (px , )

;10 -8 6 2 4 ( 2) 8 o | Mean SD
MSDS-RCNN|[32] | 27.06 18.76 15.93 12.74 1258 11.09 11.72 1325 15.06 21.38 2748 17.00 5.94
AR-CNNI61] 21.61 14.65 1043 867 822 879 868 10.10 11.02 14.65 19.84 1242 4.69
MBNet[64] 23.14 1531 11.02 892 770 7.76 864 988 11.17 1487 21.70 12.74 543
Ours 15.46 11.60 10.21 8.51 843 828 850 9.14 10.31 12.51 15.87 10.80 2.77

Methods

Table 4.2: Comparison with state-of-the-art methods on KAIST dataset,
with simulated disparity in the horizontal direction, by M R2!, including their
mean and standard deviation over all shifted distances. Positive horizontal
shift distances mean shifting to the right direction, and negative horizontal
shift distances mean shifting to the left direction. Note that other methods
generate a single bounding box for each object, representing the same position
in both modalities, while our method generates paired bounding boxes. Bold
values indicate the best performance.

Thermal images’ horizontal shift distance (px
0 -8 6 42 0 2 4 ) 6 8 10 ‘ Mean 8D
MSDS-RCNN[32] | 93.05 89.46 83.55 76.78 71.70 70.10 70.97 77.29 84.71 91.35 9546 8222 9.35
AR-CNN[61] 94.25 91.64 87.64 7870 69.57 61.77 65.13 71.56 81.81 90.29 94.79 80.65 12.06
MBNet[64] 90.89 87.50 80.33 70.81 63.63 58.82 63.15 71.33 80.75 89.27 93.87 77.30 12.39
Ours [51] 63.30 59.94 56.67 55.87 55.45 55.07 55.39 56.35 57.01 59.72 62.58 57.94 2.96

Methods

Qualitative Comparison

We provide visualization of detection results from several state-of-the-art
methods on four scenes from KAIST [24] test set with a varied amount of
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Figure 4.7: Comparison of state-of-the-art methods’ performance on KAIST
dataset by mean miss rate (solid lines) and worst miss rate (dashed lines)
of eleven different simulated disparities to FPPI curves. Numbers in legend
show geometric mean of mean miss rate and geometric mean of worst miss
rate over FPPI in the range of [1072, 10°] of each method. (a) ToUM threshold
of 0.5, (b) ToUM threshold of 0.75.

misalignment to measure each method’s quality in terms of detection preci-
sion and reliability. For methods that only have detection bounding boxes
localizing objects in one modality, we replicated detection bounding boxes in
the other modality with the same position and showed them as dashed line
bounding boxes, i.e., we replicated thermal bounding boxes for MSDS-RCNN
[32] and MBNet [64], visible bounding boxes for AR-CNN [61].

Scene N1 is a scene at nighttime with no misalignment between modal-
ities and without simulated disparity. Scene D1 is a scene at daytime with
significant distortion, causing each pedestrian to have different disparities,
especially the leftmost pedestrian, without simulated disparity. Scene N2 is
a scene at nighttime with slightly weak misalignment between modalities,
and we add simulated disparity by shifting the thermal image by 10 pixels
to the left direction. Scene D2 is a scene at daytime with huge misalignment
from the beginning. We then add simulated disparity by shifting the thermal
image by 10 pixels to the right direction for larger misalignment. We evaluate
the mean IoUM of all detection bounding boxes with the highest IoUM overlap
with each ground truth bounding box with at least 0.01 prediction score for
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each scene in order to measure the quality of bounding boxes of each method.
As illustrated in Figure 4.8, in Scene N1, our method could not demonstrate
its strength since there is no misalignment. Moreover, the multi-modal re-
gressor also causes detection bounding boxes in visible modality to regress
without clear information instead of staying at the same place as thermal
bounding boxes, degrading the precision even further. In Scene D1, we can
notice the more precise detection bounding boxes of the proposed method,
especially at the leftmost pedestrian. Our method was able to adjust the
detection bounding boxes in thermal modality closer to the pedestrian, de-
spite the extreme misalignment. Still, the adjustment is not so great, which
might be caused by the unusual pedestrian in dark color in thermal modality
instead of bright color. In Scene N2 and D2, when misalignment is large, our
method clearly shows its advantage by adjusting bounding boxes’ positions
for both modalities, resulting in the highest mIoUM.

4.3.5 Ablation Study

We conduct ablation experiments to investigate our network’s components
and analyze each component’s effectiveness. First, we compare the perfor-
mance of a typical two-stream Faster R-CNN with our proposed models com-
posed of either only multi-modal RPN or multi-modal detector and both of
them. Second, we compare the performance of our proposed models trained
and tested by different NMS criteria for both RPN and detector. Lastly,
we compare the performance of our proposed models trained by different
mini-batch sampling criteria for both RPN and detector.

Regressor comparison

As illustrated in Table 4.3, we can see that multi-modal regressor RPN does
not significantly improve from a single-regressor, showing that the detec-
tor could not fully utilize RPN’s output. Unquestionably, the performance
improves drastically when a multi-modal regressor detector is implemented,
especially with large misalignment, showing the benefit of locating objects in
each modality individually. Finally, our network with both components has
the best performance, indicating the effectiveness of both multi-modal RPN
and multi-modal detector combined.
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Table 4.3: Comparison of the proposed multi-modal Faster R-CNN consisting
of different components on KAIST dataset, with simulated disparity in the
horizontal direction, by M R including their mean and standard deviation
over all shifted distances. Positive horizontal shift distances mean shifting to
the right direction, and negative horizontal shift distances mean shifting to
the left direction. Bold values indicate the best performance.

RPN’s  Detector’s Thermal images’ horizontal shift distance (px)

Tegressor - regressor -10 -8 -6 -4 -2 0 2 4 [ 8 10 Mean
Single Single 24.41 1642 13.08 11.03 10.19 10.07 11.03 11.66 13.69 15.81 21.15 14.41
Multi Single 24.33  17.04 1292 10.57 9.93 9.99 10.59 11.48 1249 15.09 20.46 14.08
Single Multi 18.54 13.25 10.20 9.17 857 896 9.21 990 11.44 13.19 17.18 11.78
Multi Multi 15.46 11.60 10.21 8.51 8.43 8.28 8.50 9.14 10.31 12.51 15.87 10.80

NMS comparison

As illustrated in Table 4.4, IoUM outperforms other criteria in this experi-
ment. IoUT also performs surprisingly well as the first runner-up. The reason
might be that most of the pedestrians in KAIST dataset can be recognized
by thermal modalities alone, and the misalignment is not significant in most
test sets. Nevertheless, this experiment shows that IoUM can be utilized
as NMS criteria for multi-modal pedestrian detection and perform the best
compared to other criteria.

Table 4.4: Comparison of the proposed multi-modal Faster R-CNN consisting
of different NMS criteria on KAIST dataset, with simulated disparity in the
horizontal direction, by M R including their mean and standard deviation
over all shifted distances. Positive horizontal shift distances mean shifting to
the right direction, and negative horizontal shift distances mean shifting to
the left direction. Bold values indicate the best performance.

NMS Thermal images’ horizontal shift distance (px)
criteria | -10 -8 -6 -4 -2 0 2 4 6 8 10
IoUY | 16.17 1318 11.67 10.71 11.10 10.82 11.42 12.10 13.38 14.56 18.76 13.08
ToUT 15.86 1224 10.33 9.08 882 9.00 9.08 10.17 11.41 1330 17.60 11.54
OR 16.95 12.64 11.37 9.92 1024 9.85 10.06 10.72 12.09 13.97 16.53 12.21
AND | 20.51 15.18 11.84 998 9.50 9.38 9.43 10.29 11.51 15.05 18.98 12.88
IoUM | 15.46 11.60 10.21 8.51 8.43 8.28 8.50 9.14 10.31 12.51 15.87 10.80

Mean
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Mini-batch sampling comparison

From Table 4.5, IoUM has the best performance when shift distance is less
than or equal to 8 and also achieves the lowest mean MRM. However, [oUM is
inferior to OR when the shift distance is 10. The reason could be that OR is
better at learning extreme cases, such as very large misalignment. Still, it has
worse performance at no or weak misalignment as a trade-off. Overall, [oUM
has the best performance. It is worth considering how to make a multi-modal
network perform well at any level of misalignment.

Table 4.5: Comparison of the proposed multi-modal Faster R-CNN trained
by different mini-batch sampling criteria on KAIST dataset, with simulated
disparity in the horizontal direction, by MR including their mean and
standard deviation over all shifted distances. Positive horizontal shift dis-
tances mean shifting to the right direction, and negative horizontal shift
distances mean shifting to the left direction. Bold values indicate the best
performance.

Sampling Thermal images’ horizontal shift distance (px)
criteria -10 -8 -6 -4 -2 0 2 4 6 8 10
IoUV 20.77 16.82 14.42 13.38 13.28 1325 1327 14.73 1536 17.34 21.31 15.81
IoU™ 14.75 11.89 1090 9.62 9.65 9.76 9.563 10.16 10.85 13.40 16.30 11.53
OR 14.54 11.66 10.70 10.03 9.07 9.23 10.07 10.10 11.40 1291 15.26 11.36
AND 17.03  13.07 1092 997 939 946 9.62 10.76 11.74 1438 1852 12.26
ToUM 1546 11.60 10.21 8.51 8.43 8.28 8.50 9.14 10.31 12.51 15.87 10.80

Mean

4.4 Conclusion

In this chapter, we have analyzed the current misalignment problem of exist-
ing multi-modal pedestrian detection methods. We proposed a novel multi-
modal detection method based on multi-modal regressor and IoUM, con-
sisting of multi-modal NMS, multi-modal RPN, and a multi-modal detector.
Employing the proposed IoUM metric during the training process, we ensured
that our method could independently localize pedestrians in each modality
and maintain their paired relations, demonstrating robustness to large mis-
alignment.
Our experiments, utilizing the Multi-Modal Log-Average Miss Rate (MRM)

for evaluation, demonstrated that our proposed method achieves the best
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performance compared to state-of-the-art methods when the misalignment is
large or the precision requirement of bounding boxes is high. This robust-
ness to misalignment and superior precision of detection bounding boxes in
both modalities highlights the effectiveness of our approach. However, the
performance of our method in scenarios where there is no misalignment still
requires improvement. Even though we achieve the best performance when
misalignment is significant, it is not yet reliable enough for critical real-life
applications such as autonomous driving, where there is no room for error.
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(a) MSDS[32] (b) AR-CNN[61]  (c) MBNet[64]  (d) Ours

Figure 4.8: Qualitative comparison examples of detection results on KAIST
dataset of (a) MSDS-RCNN [32], (b) AR-CNN [61], (¢) MBNet [64], and (d)
ours. Scene N1 and D1 are original test images without simulated disparity.
Scene N2 and D2 are test images with simulated disparity from shifting
10 pixels to the left and right direction, respectively. Green bounding boxes
represent ground truth by Zhang et al. [61], and red bounding boxes represent
detection results. Dashed line bound®fg boxes denote substituted bounding
boxes for methods that do not have paired bounding boxes.



Chapter 5

Proposed Multi-Modal Single Shot
MultiBox Detector Considering
Misalignment

In this chapter, we explain the principle of our proposed Single Shot MultiBox
Detector Considering Misalignment in detail.

5.1 Background

Pedestrian detection is one of the important research topics in computer
vision [6, 5], with major applications in areas such as video surveillance sys-
tems and autonomous driving. The one-stage detection network [13, 36],
including SSD [37], is one of the standard architectures for many of these
vision applications. However, relying solely on the visible modality has limi-
tations, particularly in adverse lighting conditions or cluttered backgrounds.
To surpass these limitations, multiple modalities, such as visible and thermal
modalities, have been used together for pedestrian detection.

Recent studies have introduced various approaches to combine informa-
tion from different modalities. One of the main challenges of multi-modal
pedestrian detection is the misalignment problem. Most existing methods
assume that the alignment of image pairs is nearly perfect. These methods
suffer performance degradation when there is misalignment. More recent
methods [61] directly addressed this issue. They proposed an alignment
module to adaptively align features between two modalities, which improved
robustness against misalignment. However, their performance is still lacklus-
ter when the degree of misalignment is large. Furthermore, their method is
only applicable to two-stage detection networks.

In Chapter 4, we proposed a multi-modal Faster R-CNN model, which
achieved state-of-the-art performance. However, there are several limitations.
Despite its accuracy improvements over other state-of-the-art methods in
misaligned environments, Faster R-CNN’s two-stage nature complicates the
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(A) MLPD (B) Proposed

Visible Modality

Thermal Modality

Figure 5.1: Visualization examples of detection results on KAIST dataset by
(A) MLPD [26] and (B) our proposed method. Red boxes represent predicted
bounding boxes and the lines between them indicate their pair relation.

fine-tuning and optimization of our multi-modal regressor. This complexity
makes it challenging to maintain good performance in both no-misalignment
and large-misalignment conditions, resulting in subpar performance when
there is no misalignment. Additionally, the computational intensity of Faster
R-CNN makes it less suitable for real-time applications.

Building on the approach taken by the Multi-Label Pedestrian Detector
in the Multispectral Domain (MLPD) [26], which has shown the ability to
handle unpaired visible and thermal images, we attempt to adopt MLPD’s
unpaired data handling techniques to improve our solution to the misalign-
ment problem. This could be a promising approach to address large mis-
alignment. However, as shown in Figure 5.1 (A), even with MLPD, signifi-
cant misalignment issues still result in performance degradation. Specifically,
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Figure 5.2: Comparison of multi-modal pedestrian detection frameworks
based on SSD [37]. ®; indicates the fused feature map of feature layer i. Yel-
low blocks represent notable changes introduced in our method. (a) MLPD
26], (b) proposed method.

MLPD, which is trained to handle unpaired cases, perceives the same pedes-
trian as two different pedestrians when there is misalignment, resulting in
two bounding box pairs for one person.

In this chapter, we propose a novel Multi-Modal Single Shot MultiBox
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Detector that considers misalignment. Our model leverages the efficiency of
SSD and incorporates innovative techniques to enhance the alignment and
integration of multi-modal data. By addressing the limitations of both Faster
R-CNN and MLPD, and inheriting the multi-modal regressor from our pre-
vious work to a single-stage network, we aim to achieve superior performance
in multi-modal pedestrian detection, making our model robust against large
misalignments while maintaining high performance in no-misalignment cases.
As illustrated in Figure 5.1 (B), the pedestrian is perceived as a single object,
and the proposed method correctly locates them precisely in both modalities
despite misalignment.

To address the limitations identified in the MLPD framework, we pro-
pose several key enhancements. We incorporate a multi-modal regressor de-
signed to handle the differences between modalities, improving the accuracy
of bounding box predictions. Our method uses object-based training, which
ensures that both visible and thermal modalities contribute to the learning
process, allowing our model to precisely locate pedestrians in both modali-
ties, even in the presence of significant misalignment. Shifting data augmen-
tation is introduced to improve the model’s ability to handle misalignment
by simulating various degrees of misalignment during training. Additionally,
we employ a multi-modal non-maximum suppression (NMS) technique that
combines the outputs from both modalities to refine the final detections, re-
ducing false positives and enhancing overall detection accuracy. Finally, our
approach generates paired bounding boxes for each modality, acknowledging
that objects may appear in different positions in visible and thermal images,
thus providing more accurate localization. A comparative overview of the
traditional MLPD approach and our proposed methodology is illustrated in
Figure 5.2.

We will discuss the methodology of our proposed model, detailing the
integration of a multi-modal regressor for single-stage networks, object-based
training strategies, and the implementation of multi-modal non-maximum
suppression (NMS) and shifting data augmentation. An extensive evaluation
of our model’s performance will be presented, comparing it with existing
methods.
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Figure 5.3: The overall architecture of our network. The framework is based
on SSD [37] customized by MLPD [26]. Yellow blocks represent notable
changes introduced in our method: shifting data augmentation in the train-
ing phase, detection heads with visible and thermal regressors, multi-modal
NMS, and detection outputs consisting of pairs of bounding boxes. Blue,
green, and red blocks/paths represent properties of visible modality, ther-
mal modality, and fused modalities, respectively. @ denotes channel-wise
concatenation.

5.2 Methodology

We present one-stage multi-modal pedestrian detection framework inspired
by SSD [37] and MLPD [26], as shown in Figure 5.3. The visible and ther-
mal inputs initially follow distinct branches, proceeding through shared con-
volutional layers. Note that shifting data augmentation is only applied in
the training phase, which is an addition to semi-unpaired augmentation of
MLPD [26]. They are then unified within a fusion module before being in-
put into the detection head, where we implement the proposed multi-modal
regressor. The final output of the network is a set of bounding box pairs
locating objects in both modalities
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5.2.1 Multi-Modal Regressor For Single-Stage Network

We propose a refinement to the conventional single-stage detection head, in-
troducing a multi-modal regressor approach for multi-modal detection. This
approach is inspired by the multi-modal regressor described in Chapter 4,
which successfully addresses the misalignment issue by predicting bounding
box coordinates separately for each modality. The overall architecture of our
network is based on the Single Shot MultiBox Detector (SSD) [37] frame-
work, customized to incorporate multi-modal capabilities as shown in Figure
5.3. The visible and thermal inputs initially follow distinct branches, pro-
ceeding through shared convolutional layers. They are then unified within a
fusion module before being input into the detection head, where we imple-
ment the proposed multi-modal regressor. Each detection head includes a
regressor for each modality, which independently adjusts the positions and
sizes of bounding boxes. However, a single shared classifier predicts the con-
fidence score for each pair of bounding boxes. This design ensures that the
bounding boxes are precisely aligned in each modality while maintaining the
paired relations. The final output of the network is a set of bounding box
pairs locating objects in both modalities.

In our SSD approach, there are no separate region proposals as in Faster
R-CNN. Instead, the SSD framework predicts the bounding boxes and their
associated confidence scores in a single step. As depicted in Figure 4.4 (b),
the multi-modal SSD operates similarly to the multi-modal RPN in terms
of structure and function. Both systems use separate regressors for each
modality and employ multi-modal NMS to refine the outputs. However, the
key difference lies in the detection process. The multi-modal RPN is part of
a two-stage detector that first generates region proposals, whereas the SSD
approach directly predicts the final bounding boxes and confidence scores in
a single step. This streamlined process reduces computational complexity
and allows for real-time applications, making it faster and less complicated
to train than the two-stage Faster R-CNN approach.

In contrast to SSD, our modified loss function accounts for the multi-
modal regressor setup, incorporating distinct regression losses for each modality-
specific regressor. The overall loss function is expressed as follows:
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(A) Original GTBB (B) Merged GTBB

loUM =0.29 loUM = 0.64

Figure 5.4: Visualization examples of (A) a ground truth bounding box
(GTBB) pair from KAIST-paired annotation by [61] and (B) a merged
ground truth bounding box. Green boxes represent ground truth bound-
ing boxes. Blue boxes represent anchor boxes. Images are artificially shifted
for better understanding.

L=Y"La, (BB, BB;)

5.1)
—— . (
+3° [wareg (BB;’, BBZ.> W' Lyeg (BB;}, BBi)} ,
where ¢ denotes the index of the anchor box, a predefined bounding box
positioned at various points throughout the images. These anchor boxes
serve the purpose of identifying objects within specific, designated regions.
L5 denotes classification loss, which is binary cross entropy (Equation 4.2)

with sigmoid activation function. L,., denotes regression loss, employing
smooth L1 loss (Equation 4.3 and 4.4). BBY, BB! denote the visible and

thermal ground truth bounding boxes of anchor box i, respectively. EE:,

E\B: denote the predicted visible and thermal bounding boxes of anchor box
i, respectively. w?, w! denote the visible and thermal mask, determined by
multi-label of the object, adopted from MLPD [26]. In essence, w?, w! are set
to 1 when the corresponding object is perceivable in the visible or thermal

modality, respectively; otherwise, they are set to 0.
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5.2.2 Object-Based Training

As discussed in the context of the multi-modal regressor, visible and thermal
ground truth bounding boxes is crucial for training the multi-modal regressor.
We adopted the KAIST-paired annotation developed by Zhang et al. [61].
While various methods have employed this annotation in different ways, they
often did not leverage its full potential. For instance, MBNet [64] merges vis-
ible and thermal bounding boxes of each pedestrian into a unified bounding
box by averaging. MLPD [26] considers the same pedestrian in both visible
and thermal modalities as two distinct objects, a methodology we will now
label as "bounding box-based (BB-based) training’. In contrast, our approach
considers each pedestrian as a single object with two individual coordinates
for visible and thermal modalities. For unpaired objects visible exclusively
in one modality, whether solely in the visible or thermal domain, they are
categorized as either visible-only or thermal-only objects, respectively. Sub-
sequently, these objects are utilized to exclusively train either the visible
or thermal regressor. This training approach is referred to as 'object-based
training.” This distinction allows our method to precisely locate pedestrians
in both modalities, even in the presence of significant misalignment.

In the sampling process, positive samples are chosen based on the over-
lap between each anchor box and the ground truth bounding box. To ac-
count for potential misalignment, We unify visible and thermal bounding
boxes into a single bounding box by utilizing the farthest points in both
horizontal and vertical directions from the vertices of the original bounding
boxes. This consolidation can improve overlap computation with the anchor
box, thereby reducing the likelihood of overlooking potential samples with
significant misalignment. However, during regressor training, we maintain
the original ground truth bounding boxes as targets for the proposed multi-
modal regressors. The visualized example of ground truth bounding boxes is
depicted in Figure 5.4, where the original ground truth bounding box (Figure
5.4 (A)) serves as the target for our regressors’ training: the visible regres-
sor is trained with the visible ground truth bounding box, and the thermal
regressor is trained with the thermal ground truth bounding box. In the sam-
pling process, we utilize the merged ground truth bounding box (Figure 5.4
(B)) to calculate the overlap with the anchor box. This approach enhances
the overlap measurement, especially when misalignment is significant. Here,
IoUM increases from 0.29 to 0.64. This increase could be pivotal, potentially
changing the sample’s classification from negative to positive.
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5.2.3 Multi-Modal NMS

Our Non-Maximum Suppression (NMS) utilizes ToUM as a suppression cri-
terion to preserve pair relations between bounding boxes in the visible and
thermal modalities. The process starts by categorizing each bounding box
pair into three groups: visible-thermal, visible-only, or thermal-only objects,
based on the prediction scores of both modalities. Pairs with prediction
scores below the specified threshold for both modalities below the specified
threshold are classified as background and discarded. If only one modality’s
prediction score surpasses the threshold, the pair is designated as a modality-
specific object. Otherwise, it is identified as a visible-thermal object. Next,
the bounding box pairs are sorted in descending order based on the average
prediction scores of the visible and thermal modalities. The overlap calcu-
lation between pairs considers ToUM, IoU of the visible modality (IoU"),
and IoU of the thermal modality (IoUT). For visible-only or thermal-only
objects, only the bounding box in the corresponding modality is considered,
with the other modality treated as non-existent. When any of the overlap
thresholds is exceeded, the bounding box pair with the lower score is sup-
pressed.

By categorizing objects and applying NMS accordingly, this strategy en-
sures that each object type is accurately processed based on its unique char-
acteristics. The object-based training approach enhances the multi-modal
detection process, allowing us to eliminate redundant bounding boxes more
effectively while maintaining the paired relations. As a result, the overall
detection accuracy and robustness are significantly improved, especially in
challenging conditions where objects may not be consistently visible in both
modalities.

5.2.4 Shifting Data Augmentation

Furthermore, we incorporate shifting data augmentation to expose our net-
work to misalignment scenarios, addressing a gap in the original dataset.
This augmentation method involves randomly translating training images
horizontally in one of the two modalities, with pixel shifts ranging from -
10 to 10. This process is facilitated by a multinomial distribution, with
probabilities derived from a normal distribution, to randomly determine the
shift distance. As shown in Figure 5.5, we illustrate the shifting data aug-
mentation process. For each training image, a shift distance in the range
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Figure 5.5: shifting data augmentation (DA) process used in our multi-modal
pedestrian detection method. For each training image, a shift distance in the
range of [-10, 10] pixels is randomly picked based on a multinomial distribu-
tion (normal distribution with a standard deviation of 4). The histogram on
the left shows the probability distribution of the shift distances. In this ex-
ample, the random result is a shift of -8 pixels for the visible modality image.
The resulting shifted images for both the visible and thermal modalities are
shown on the right, with green bounding boxes indicating the ground truth
pedestrians.

of [-10, 10] pixels is randomly picked based on a multinomial distribution
(normal distribution with a standard deviation of 4). The histogram on the
left shows the probability distribution of the shift distances. In this exam-
ple, the random result is a shift of -8 pixels for the visible modality image.
The resulting shifted images for both the visible and thermal modalities are
shown on the right, with green bounding boxes indicating the ground truth
pedestrians. This augmentation strategy increases the amount of training
data with varying degrees of misalignment, enhancing the robustness of our
model in effectively handling misalignment scenarios.

Initially, the entire network is trained without shifting data augmenta-
tion. Subsequently, upon achieving a well-performing model on the validation
dataset, we proceed to freeze all layers of the network except the regressors
and re-train the previous checkpoint with shifting data augmentation. This
step further enhances localization performance, particularly when dealing
with misalignment data. This augmentation strategy contributes to the ro-
bustness of our model in handling misalignment challenges. Subsequently,
other semi-unpaired augmentations adopted from MLPD [26] are still ap-
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plied.

5.3 Experiment

5.3.1 Dataset

The KAIST dataset [24] stands out as one of the extensively utilized multi-
modal pedestrian datasets, featuring over 90,000 frames recorded during both
day and night to account for varying light conditions. Initially presumed to
be geometrically aligned, the dataset’s annotations revealed numerous errors,
including imprecise localization, misclassification, and misaligned regions, as
reported by prior studies [32, 61]. To address these issues, several researchers
[25] have created improved versions of annotations as alternatives to the origi-
nal dataset. Among these alternatives, the annotations provided by Liu et al.
[25] have been officially designated as the standard for performance bench-
marking. Acknowledging the misalignment issues within the KAIST dataset,
Zhang et al. [61] conducted a careful analysis and became the pioneers in
offering paired annotations for the dataset. Their approach involved locating
objects for each modality individually and establishing pair relations. Their
annotations have become crucial for subsequent researchers aiming to address
misalignment problems in their work.

5.3.2 Implementation and Details

We adopted an SSD modified into MLPD [26]. The architecture utilized
VGG16 pre-trained on ImageNet with batch normalization for Convl to
Conv5, and the remaining convolutional layers (Conv6 onwards) were initial-
ized with values drawn from a normal distribution (std=0.01). The model
underwent training with Stochastic Gradient Descent (SGD), using an ini-
tial learning rate, momentum, and weight decay of 0.0001, 0.9, and 0.0005,
respectively. The mini-batch size was set to 6, and the input image size was
resized to 512 (H) x 640 (W) We integrated MLPD’s semi-unpaired data
augmentation, maintaining the same parameters, and introduced our shift-
ing data augmentation to bolster the training process against misalignment.
The standard deviation of the normal distribution for the shifting data aug-
mentation was set to 4. The prediction score threshold of NMS is set to 0.1.
The overlap threshold ToUM, ToUV, and IoU? of NMS are set to 0.425, 0.75,
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and 0.75, respectively. First, we train the whole network without shifting
data augmentation for 30 epochs. Then, we continue the training from last
checkpoint only on multi-modal regressor with shifting data augmentation
for another 30 epochs.

5.3.3 Evaluation Details

We conducted our experiments using the KAIST Dataset [24]. Given our
specific focus on addressing the misalignment problem, we adopted the an-
notations provided by Zhang et al. [61] for both training and testing. Rec-
ognizing that the test data did not include sufficient scenes with significant
misalignment, we conducted a “simulated disparity experiment” to replicate
misalignment at various degrees, which we used in Chapter 4. In this setup,
we horizontally shift the thermal images of the test data by 2, 4, 6, 8, and
10 pixels in both directions, while the visible images remained unchanged.
This process results in 11 subsets of test data with different degrees of mis-
alignment. This experiment provides a clear understanding of the influences
of misalignment at different levels.

We evaluated the performance of our methods against all available state-
of-the-art methods with accessible source code. For methods producing a sin-
gle bounding box for each object, we substituted visible and thermal bound-
ing boxes with that single bounding box. The detection performance was
quantified using the Multi-Modal Log-Average Miss Rate (M RM) over the
range of [1072,10%] False Positive Per Image (FPPI) with an ToU™ threshold
of 0.5 (M R2!). This evaluation metric allowed us to assess the methods con-
sistently and comprehensively. Furthermore, for a fair comparison, since we
are the only method that generates paired detection bounding boxes for both
visible and thermal modalities, while other methods locate the pedestrian in
only one of the two modalities, we introduced visible MR (MRY) represent-
ing MR based on IoUV, and thermal MR (MR™) representing MR based on
IoUT in our experiments. These metrics allowed us to evaluate the precision
of detection results in both modalities separately, providing a comprehensive
assessment of the performance of our multi-modal detection system.
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Table 5.1: Comparison with state-of-the-art methods on KAIST dataset,
on simulated disparity experiment by M R mean, and standard deviation
across shifted distances. Note that other methods generate a single bounding
box for each object, representing the same position in both modalities, while
our method generates paired bounding boxes. Bold values indicate the best

performance.

, Thermal images’ horizontal shift distance (px ,
Methods 10 8 % 4 9 0 9 4 ( ()) 3 10 Mean  SD
MSDS-RCNN [32] 2706 18.76 1593 12.74 1258 11.09 11.72 13.25 15.06 21.38 27.48 | 17.00 5.94
AR-CNN [61] 21.61 14.65 1043 8.67 822 879 868 10.10 11.02 14.65 19.84 | 1242 4.69
MBNet [64] 23.14 1531 11.02 892 770 7.76 864 9.88 11.17 14.87 21.70 | 12.74 543
MLPD [26] 21.33 13.07 957 7.10 7.07 697 7.89 949 1059 1527 21.86 | 11.84 548
Our Faster R-CNN [51] | 15.46 11.60 10.21 851 843 828 850 9.14 10.31 12,51 15.87 | 10.80 2.77
Ours [52] 14.82 10.21 8.20 7.27 6.76 6.84 7.21 8.34 9.35 11.93 15.22 | 9.65 3.08

Table 5.2: Comparison with state-of-the-art methods on KAIST dataset,
on simulated disparity experiment by M RY,, mean, and standard deviation
across shifted distances. Bold values indicate the best performance.

. Thermal images’ horizontal shift distance (px
Methods 10 8 " 4 9 0 9 4 ( )6 3 10 Mean  SD
MSDS-RCNN [32] 3043  21.90 1691 1298 1224 11.28 1236 14.30 17.92 24.73 33.16 | 1893 7.65
AR-CNN [61] 70.83 57.92 3770 19.14 11.40 9.12 1341 17.54 27.80 43.26 61.39 | 33.59 22.05
MBNet [64] 38.56 2642 16.25 10.27 882 7.89 868 10.38 13.81 19.19 29.05 | 17.21 10.11
MLPD [26] 3217 23.01 1520 1022 801 741 7.84 991 1505 23.56 32.08 | 16.77 9.47
Our Faster R-CNN [51] | 19.33 16.43 12.86 10.83 10.10 9.32 9.63 10.09 11.87 13.69 17.99 | 12.92 3.53
Ours [52] 2340 1753 1298 9.58 7.80 7.37 793 9.09 1288 16.78 23.29 | 13.51 5.98

Table 5.3: Comparison with state-of-the-art methods on KAIST dataset,
on simulated disparity experiment by M R],, mean, and standard deviation
across shifted distances. Bold values indicate the best performance.

Thermal images’ horizontal shift distance (px)

Methods 10 3 6 4 9 0 9 1 e 3 10 Mean SD
MSDS-RCNN [32] 38.89 29.52 22.02 15.92 14.35 12,51 13.92 16.28 20.17 27.71 34.88 | 22.38 9.09
AR-CNN [61] 11.23 9.64 8.82 8.09 804 9.05 816 8.22 8.97 10.13 10.23 | 9.14 1.05
MBNet [64] 26.06 18.82 13.14 10.04 899 812 989 1235 16.05 22.84 28.60 | 1590 7.21
MLPD [26] 23.06 16.03 12.78 922 7.63 794 9.13 1043 1399 1837 24.81 | 13.94 6.00

Our Faster R-CNN [51] | 12.92 11.31 10.41 883 845 855 846 9.40 9.85 11.41 12.87 | 10.22 1.69
Ours [52] 14.10 12.08 11.59 9.02 8.00 7.62 7.68 10.04 10.19 12.33 1591 | 10.78 2.71
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(a) AR-CNN  (b) MBNet [64] (c¢) MLPD [26] (d) ours
[61]

Figure 5.6: Qualitative comparison examples of detection results on KAIST
dataset of (a) AR-CNN [61], (b) MBNet [64], (c¢) MLPD [26], and (d) ours.
Green boxes represent ground truth bounding boxes. Red boxes represent
predicted bounding boxes. Image pairs are cropped in the same position
to make the contrast between methods more apparent. Prediction score
threshold is set to 0.1. Thermal images of scene 1 and 2 are shifted to the
left and right direction by 10 pixels, respectively.

5.3.4 Comparison with existing methods

Performance comparison.

Table 5.1 shows the performance comparison between various state-of-the-
art methods, including our past work [50] on MRM. The proposed method
emerges as the top-performing solution, consistently outperforming state-
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of-the-art approaches across various simulated disparity distances on the
KAIST dataset. Specifically, at smaller misalignment distances, our model
showcases performance comparable to the MLPD baseline, indicating that
the introduced modifications maintain competitive accuracy under standard
conditions. However, the strength of the proposed method becomes clear
at larger misalignment distances (e.g., -10 pixels), where it significantly sur-
passes MLPD and other methods. This performance at larger misalignment
distances highlights the effectiveness of the proposed model in addressing
challenges associated with substantial misalignment. Additionally, the pro-
posed method consistently outperforms our previous work across all shift
distances, demonstrating enhanced robustness and performance in handling
misalignment challenges. This improvement is particularly evident at larger
misalignment distances, emphasizing the effectiveness of the novel compo-
nents and strategies incorporated into the proposed model. The mean and
standard deviation values further support the reliability and stability of the
proposed method across diverse misalignment scenarios.

Tables 5.2 and 5.3 present the comparison of MRY and MR™ across differ-
ent methods, respectively. These metrics consider the accuracy of bounding
boxes in one modality only, which can lead to good performance in one modal-
ity but poor accuracy or missed detections in the other. Our multi-modal
Faster R-CNN [52] achieves the best performance in MRY overall and outper-
forms our multi-modal SSD on both MRY and MR™ at larger shift distances,
while our multi-modal SSD excels under no misalignment conditions.

The reason our multi-modal SSD excels in MRM but lags in MRV and
MR?T is that MRM accounts for the precision of bounding boxes in both
modalities simultaneously and ensures correct pedestrian matching across
modalities. In contrast, MRY and MR do not consider cross-modality
matching, allowing our multi-modal Faster R-CNN to locate pedestrians in
one modality more accurately, but perform worse in matching pedestrians
across modalities. Interestingly, AR-CNN, which relocates the visible re-
gion into the thermal area, shows the best performance in MRT but per-
forms poorly in MRY. While our multi-modal SSD may not lead in a single
modality, it still achieves top performance among available state-of-the-art
methods.

The experimental results indicate that when considering the precision of
bounding box pairs and the correct matching of pedestrians across modali-
ties, our proposed MRM is the most reliable benchmark. Overall, our multi-
modal SSD demonstrates superior performance, highlighting its effectiveness
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in multi-modal pedestrian detection with weak misalignment when the pre-
cision of bounding boxes in both modalities are considered.

Qualitative comparison.

Figure 5.6 illustrates comparison examples of detection results on the KAIST
dataset, showcasing the performance of our method against other state-of-
the-art approaches. i) First Scene: In a scene where pedestrians are separate
but challenging to recognize due to dark lighting and substantial misalign-
ment, our method stands out, producing precise bounding boxes for all pedes-
trians, whereas alternative methods either struggle to locate pedestrians ac-
curately or generate multiple bounding boxes for a single pedestrian, leading
to false positives. ii) Second Scene: In a more crowded scene where pedestri-
ans are numerous and clearly distinct, but serious misalignment is present,
our method showcases its ability to generate accurate bounding boxes for
all pedestrians. In contrast, other methods encounter challenges in precise
localization. For instance, MLPD resorts to creating two bounding box pairs
for a single pedestrian, attempting to cover them in both modalities. This
example serves as a clear visual representation of the advantages offered by
our proposed method. It highlights the effectiveness of our approach in han-
dling misalignment and achieving accurate multi-modal detections in both
visible and thermal modalities.

Table 5.4: Performance Evaluation of Varied Components and Training
Strategies in the Proposed Network on the KAIST dataset with simulated
disparity experiment by M R} mean, and standard deviation across shifted
distances.

Type of Training Shifting data Thermal images’ horizontal shift distance (px) Mean  SD

Tegressor strategy augmentation | -10 -8 -6 -4 -2 0 2 4 6 8 10
Single BB-based - 2291 15.01 9.74 7.87 7.04 717 843 9.66 11.04 1519 21.12 | 1229 5.57
Single  Object-based - 20.36 1327 878 7.72 693 721 769 9.18 1032 13.61 2041 | 11.41 4.98
Single Object-based v 2021 1365 942 794 728 720 7.85 861 11.07 13.36 19.60 | 11.47 4.74
Multi BB-based - 19.74 1292 9.84 824 6.90 6.94 7.95 950 1051 14.04 20.34 | 11.54 4.77
Multi  Object-based - 17.10 1159 8.67 7.99 735 6.99 7.37 834 945 1253 16.03 | 10.31 3.56
Multi Object-based v 14.82 10.21 8.20 7.27 6.76 6.84 7.21 8.34 9.35 11.93 15.22 | 9.65 3.08
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5.3.5 Ablation Study

Table 5.4 provides an insightful ablation study, exploring the impact of dif-
ferent components and training strategies on our proposed network’s perfor-
mance. We examined variations in the type of regressor, training strategy
(BB-based or Object-based), and the inclusion of shifting data augmentation.
The results indicate that the performances of single-regressor networks are
almost the same. They could not utilize from the object-based training and
misalignment data. Furthermore, the integration of multi-modal regressors,
combined with a BB-based training strategy, does not lead to any perfor-
mance improvement. This is because BB-based training does not consider
the relationship between objects in different modalities. In contrast, com-
bining multi-modal regressors with an object-based training strategy ensures
precise pedestrian localization, facilitating accurate pedestrian matching even
under varying degrees of misalignment, ultimately leading to improved per-
formance. Additionally, the incorporation of shifting data augmentation al-
lows the model to learn from data exhibiting diverse misalignment, providing
valuable insights not present in the original training data and contributing
to the best performance.

5.4 Conclusion

In this chapter, we proposed a one-stage multi-modal pedestrian detection
network leveraging a multi-modal regressor and object-based training to ad-
dress the misalignment challenges prevalent in existing methods. By integrat-
ing the proposed IoUM metric into our training process, we ensured accurate
localization and robust performance across different modalities.

The simulated disparity experiments on the KAIST dataset and the pro-
posed MRM demonstrated the superiority of our proposed method, allowing
us to clearly see the differences in performance compared to state-of-the-art
methods. The combination of a multi-modal regressor, object-based training,
and shifting data augmentation collectively contributes to enhanced perfor-
mance, showcasing the model’s robustness in scenarios with varying degrees
of misalignment.

These findings affirm that our approach effectively addresses the misalign-
ment problem and significantly improves detection performance compared to
existing state-of-the-art methods. Our method presents a lightweight and
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high-performance solution for multi-modal pedestrian detection with mis-
alignment, applicable to video surveillance systems and autonomous driving.
Future work will aim to further optimize computational efficiency and explore
the integration of additional sensor modalities to enhance the robustness and
accuracy of multi-modal pedestrian detection systems.
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Chapter 6

Discussion and Conclusion

In this chapter, we collect the results from our experimental evaluations and
discuss the implications of our findings. We then conclude by summarizing
the key contributions of our research and outlining potential directions for
future studies.

6.1 Discussion

In this section, we analyze the results from our experimental evaluations
and explore the significance of our findings in the context of multi-modal
pedestrian detection. The discussion is structured to address the following
key areas: performance analysis, effectiveness of proposed evaluation metrics,
practical applications, and limitations.

Performance Analysis

Key factors of our proposed method include the incorporation of multi-modal
regressor mechanisms, object-based training, shifting image augmentation,
and multi-modal non-maximum suppression (NMS). Our experimental eval-
uations in the ablation study revealed that the proposed methods, which
include the multi-modal Faster R-CNN and SSD frameworks, significantly
outperform traditional single-modal detection methods.

A major challenge in multi-modal pedestrian detection is the misalign-
ment between visible and thermal images. Our methods address this issue by
integrating position regressors into both the Faster R-CNN and SSD frame-
works. These multi-modal regressor mechanisms enable independent local-
ization of pedestrians in each modality while maintaining their paired rela-
tionships. The robustness of our approach to varying levels of misalignment
was confirmed through experimental results, which showed superior perfor-
mance metrics even in scenarios with artificially induced misalignment. By
leveraging complementary information from visible and thermal sensors, our
models achieve much higher detection accuracy and robustness, particularly
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under challenging conditions such as severe misalignment. This was demon-
strated by our simulated disparity experiment, where the results consistently
showed improvement in our proposed evaluation metrics as the severity of
misalignment increased.

We benchmarked our methods against several state-of-the-art multi-modal
pedestrian detection approaches, including MSDS-RCNN, AR-CNN, MBNet,
and MLPD. The results showed that our proposed frameworks consistently
outperformed these methods, particularly in terms of robustness to misalign-
ment and overall detection accuracy across all artificial misalignment levels.
These comparisons underscore the advancements our methods bring to the
field of multi-modal pedestrian detection, highlighting their potential for im-
proving detection accuracy and robustness in real-world applications.

However, there are some drawbacks to the multi-modal regressor ap-
proach. In scenarios where locating pedestrians in both modalities is un-
necessary, the additional computational cost may be considered a waste.
Knowing the position of pedestrians in just one modality might be sufficient
for certain applications. Additionally, in crowded scenes, the model might
incorrectly match nearby individuals as the same person across modalities,
leading to mismatches and potential inaccuracies. These drawbacks highlight
the trade-offs involved in using a multi-modal regressor and suggest areas for
future research to enhance the overall efficiency and accuracy of multi-modal
pedestrian detection systems.

Effectiveness of Proposed Evaluation Metrics

We introduced the multi-modal Intersection over Union (IoUM) and the
multi-modal Log-Average Miss Rate (MRM) as new evaluation metrics tai-
lored for multi-modal pedestrian detection. These metrics provide a compre-
hensive assessment of detection performance by accounting for the precision
of bounding boxes across both modalities. The use of IoUM and MRM in
our evaluations demonstrated their effectiveness in capturing the detailed
aspects of multi-modal detection performance. These metrics are particu-
larly valuable as they clearly assess the accuracy of both visible and thermal
modalities in the evaluation, offering a complete and accurate measure of the
detection system’s performance. Experiments utilizing these metrics clearly
showed the differences and improvements brought by our methods, partic-
ularly in scenarios with significant misalignment, compared to state-of-the-
art approaches. By ensuring that both modalities are accurately evaluated,
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IoUM and MRM provide a better performance evaluation framework, leading
to more reliable and robust detection systems.

Practical Applications and Implications

The practical implications of our research are significant, particularly for ap-
plications in autonomous driving and surveillance systems. In autonomous
driving, accurate and reliable pedestrian detection is crucial for ensuring
safety. The enhanced robustness to environmental challenges and misalign-
ment provided by our methods can contribute to safer autonomous vehicle
navigation. Our methods are particularly advantageous when dealing with
impractical camera systems that may not be perfectly aligned or calibrated,
a common issue in real-world deployments. Furthermore, our models excel in
different lighting conditions, effectively leveraging visible and thermal sensors
to maintain high detection accuracy in both daylight and low-light scenarios.
In surveillance, our methods can improve the accuracy of pedestrian mon-
itoring in diverse conditions, enhancing security and operational efficiency.
By improving detection performance across different lighting environments,
our methods ensure reliable monitoring and security under a wide range of
operational conditions. However, in scenarios where locating pedestrians
in both modalities is unnecessary, the additional computational cost may be
considered a waste. Knowing the position of pedestrians in just one modality
might be sufficient for certain applications, making the multi-modal regressor
an over-engineered solution in such cases.

Potential Additional Modalities for Multi-Modal Detection

In multi-modal pedestrian detection, there is potential to enhance detection
performance and robustness by incorporating additional sensor modalities
beyond the visible and thermal cameras currently used. While we already
use infrared (thermal) imaging, integrating more than two modalities simul-
taneously could provide even greater benefits, assuming adequate data is
available. Potential additional modalities include:

1) LiDAR (Light Detection and Ranging):

LiDAR sensors provide precise 3D information about the environment by
measuring the time it takes for a laser pulse to reflect off objects and return to
the sensor. Integrating LiDAR data can help in accurately determining the
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distance and size of detected objects, which is particularly useful in scenarios
with complex backgrounds or where precise spatial information is crucial.

2) Radar:

Radar sensors can detect objects and measure their velocity, providing
additional information about the movement of pedestrians. This modality
is less affected by weather conditions such as rain, fog, or snow, making it a
valuable complement to visible and thermal cameras, which may struggle in
such environments.

3) Depth Cameras:

Depth cameras, such as stereo cameras or Time-of-Flight (ToF') cameras,
capture depth information by measuring the distance to objects in the scene.
This helps in distinguishing pedestrians from the background and improving
detection accuracy in crowded environments.

Incorporating these additional modalities can provide a more comprehensive
understanding of the environment, improve detection accuracy, and enhance
robustness against various challenging conditions. Developing advanced fu-
sion techniques to effectively combine information from multiple modalities
would be crucial for this integration. This approach requires extensive anno-
tated data for all modalities involved to ensure effective training and perfor-
mance.

Potential Approach for Using Video/Temporal Information

In real-time applications, we can use temporal information from video streams
to enhance the performance of multi-modal pedestrian detection systems.
Objects in a scene exhibit continuous motion, and leveraging temporal in-
formation helps in understanding these motion patterns over time. Since
objects do not appear or disappear instantaneously but move smoothly from
one position to another, using data from previous frames can significantly
improve detection accuracy. Integrating temporal information from video
streams into multi-modal pedestrian detection systems offers several advan-
tages:

1) Improved Tracking:
Temporal information helps in tracking pedestrians across multiple frames,
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reducing the likelihood of false positives and missed detections. By maintain-
ing a continuous track of detected pedestrians, the system can more accu-
rately determine their trajectories and predict their future positions.

2) Enhanced Robustness:

Using temporal data allows the system to leverage motion patterns and
continuity, which helps in distinguishing pedestrians from other moving ob-
jects. Temporal consistency ensures that objects moving coherently are cor-
rectly identified as pedestrians, even in cases of partial occlusion or abrupt
changes in appearance.

3) Reduction of Misalignment Effects:

Temporal information can aid in compensating for misalignment issues
by providing a history of object positions. This historical data can be used to
correct the alignment between modalities over time, ensuring that detections
remain accurate despite minor misalignments.

4) Contextual Awareness:

Video data enables the system to understand the context of the scene
better. For example, pedestrians tend to move in specific patterns, such as
walking along sidewalks or crossing streets. By analyzing these patterns over
time, the system can improve its detection accuracy and reduce false posi-
tives from non-pedestrian objects.

In real-time applications, it is important to note that future frames (e.g.,
t + 1) cannot be used because they are not available during the current
processing frame (¢). Instead, the system must rely on previous frames to
extract temporal information. This constraint necessitates the use of algo-
rithms that can efficiently utilize past data to enhance current detections.
Incorporating temporal information involves using algorithms such as Re-
current Neural Networks (RNNs) or Long Short-Term Memory (LSTM) [23]
networks, which are designed to handle sequential data. Additionally, optical
flow techniques can capture motion information between consecutive frames,
providing valuable data for improving detection performance.
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Potential Extension to Additional Classes and Activities

Currently, our pedestrian detection system primarily focuses on detecting
pedestrians as a single class. However, there is potential to extend the sys-
tem to include additional classes and predict activities, which can provide
more detailed and useful information. Potential extensions include:

1) Specific Classes:

The system can be extended to detect other classes such as cyclists, chil-
dren, and adults. This would involve training the model with annotated data
for these specific classes to enable the detection of diverse types of road users.

2) Predicting Activities:

Beyond just detecting the presence of pedestrians or other classes, the
system can be enhanced to predict activities. For example, it could deter-
mine whether a pedestrian is walking, running, or standing still, or if a cyclist
is riding slowly or fast. This additional context can be valuable for appli-
cations like autonomous driving, where understanding the behavior of road
users is crucial for making informed decisions.

By incorporating these extensions, the detection system can provide a more
comprehensive analysis of the scene, leading to better decision-making and
enhanced safety in applications such as autonomous driving and surveillance.

Limitations

While our methods show substantial improvements, there are still areas that
require further research. One limitation is that our current approach assumes
all pedestrians can be detected in both modalities, as we remove unpaired
cases from the evaluation datasets since we focus on the misalignment prob-
lem the most. Nevertheless, addressing the detection of unpaired cases is im-
portant for improving the applicability of our methods in real-world scenarios.
Additionally, we assume that the misalignment is not too extreme, expecting
it to be weak (less than 10 pixels), as severe misalignment could result in
one pedestrian being considered as two unpaired pedestrians. Our regressor
is limited by the predefined bounding boxes (anchors) in both modalities,
making it challenging to adjust if the object is not contained within these
anchors in both modalities. Another limitation is the computational com-
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plexity of our methods, which could impact their real-time implementation
and practical deployment. Although computational cost is essential for real-
life applications, we have not yet optimized our methods for this aspect.
Optimizing the computational efficiency of our models without sacrificing
performance is a crucial area for future work. Lastly, in crowded scenes, the
model might incorrectly match nearby individuals as the same person across
modalities, leading to mismatches and potential inaccuracies. This is partic-
ularly problematic when dealing with large groups of people, as the likelihood
of such mismatches increases, potentially degrading the overall performance
of the detection system. By acknowledging these limitations, we can bet-
ter understand the trade-offs involved in using a multi-modal regressor and
identify areas for future improvement to enhance the overall efficiency and
accuracy of multi-modal pedestrian detection systems.

6.2 Conclusion

In this dissertation, we have addressed the critical challenges in multi-modal
pedestrian detection, with a particular emphasis on overcoming misalignment
between visible and thermal modalities. Our work has led to several key
contributions and advancements in the field.

We introduced advanced multi-modal pedestrian detection techniques
that effectively handle the challenges posed by misalignment. These meth-
ods incorporate sophisticated algorithms designed to enhance the robustness
and accuracy of detection systems. Notably, our approaches leverage multi-
modal regressor mechanisms, object-based training, shifting data augmenta-
tion, and multi-modal non-maximum suppression (NMS). These techniques,
along with the implementation of multi-modal Faster R-CNN and Single Shot
MultiBox Detector (SSD) frameworks, contribute significantly to improved
performance under misaligned conditions.

A key innovation in our work is the generation of paired detection bound-
ing boxes for both visible and thermal modalities. This capability ensures
that the same object is accurately localized in both modalities, even in
the presence of misalignment. By maintaining paired relations between the
bounding boxes in each modality, our method addresses the limitations of tra-
ditional approaches that use a single bounding box position for both modal-
ities, which can lead to inaccuracies under misalignment.

We also introduced the multi-modal Intersection over Union (IoUM) met-
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ric and the Multi-Modal Log-Average Miss Rate (MRM). The IoUM provides
a more precise assessment of detection bounding boxes across different modal-
ities, addressing the limitations of traditional single-modal metrics. It was
integral to both the training of our models and the non-maximum suppres-
sion process, ensuring more accurate and reliable detections. MRM offers
a comprehensive evaluation of detection performance under varying levels
of misalignment, providing a realistic measure of the effectiveness of multi-
modal detection systems.

The concept of simulated disparity experiment was another key contribu-
tion, allowing us to systematically assess the robustness of our methods under
various levels of misalignment. By artificially introducing various levels of
misalignment into the dataset, we were able to rigorously test and validate
the effectiveness of our proposed methods. This approach provided deeper
insights into how misalignment affects detection performance and highlighted
the robustness of our techniques.

Our experimental evaluations were extensive and thorough. We con-
ducted tests on benchmark datasets, systematically evaluating the impact of
misalignment on detection accuracy. These experiments demonstrated that
our methods significantly outperform existing state-of-the-art approaches,
particularly in scenarios with severe misalignment.

In summary, while this dissertation has made significant strides in multi-
modal pedestrian detection, numerous opportunities for further research and
development remain. By continuing to innovate and collaborate across dis-
ciplines, we can develop more reliable and effective pedestrian detection sys-
tems with wide-ranging applications in safety, security, and transportation.

6.3 Future Work

In this section, we outline several directions for future research to further
advance the field of multi-modal pedestrian detection.

1) Real-Time Implementation

Further research is needed to optimize the proposed methods for real-
time processing, which is crucial for applications such as autonomous driving
where both timely and reliable detection are essential. Achieving a zero-
mistake rate in real-time implementation will be critical to ensure safety and
reliability:.
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2) Incorporate More Advanced Techniques

Developing more sophisticated alignment algorithms that can handle se-
vere misalignment conditions and dynamically adjust to varying environmen-
tal factors, along with incorporating advanced network architectures, will
significantly contribute to improved alignment and detection accuracy.

3) Evaluating on More Diverse Datasets

Evaluating the proposed methods on more diverse datasets will help ver-
ify their generalizability and effectiveness across different scenarios, ensuring
that they perform well in a variety of real-world conditions.

4) Extending to Other Object Detection Tasks

The principles and methods developed in this research can be extended
to other object detection tasks beyond pedestrian detection, potentially ben-
efiting a wide range of applications in computer vision.

5) Integration with Other Modalities

Exploring the integration of additional sensor modalities, such as LiDAR
or radar, could further enhance detection performance and robustness.
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