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Abstract:
Object detection is a basic problem of machine vision and deep learning, Pedestrian detection
is a specific application of the object detection problem, and it has become one of the research

hotspots in recent years. In the past many techniques have been proposed to Pedestrian
detection is a specific application of object detection. However, the variations in images such
as body attire and pose, occlusion, different illumination parameters in different scenarios and
clutter present in the background poses challenges in attaining high accuracy. This paper
provides a review of some well-known existing techniques for pedestrian detection in a multi-
spectral method via image fusion and convolutional neural networks.
Keywords: Pedestrian detection, multispectral image, Infrared and visual image.
1. Introduction
Pedestrian detection is a critical task in many applications that rely on visual information such
as self-driven vehicles, aerial surveillance, rescue and so on. Though significant progress has
been made in the computer vision community, pedestrian detection is still far from being solved
in challenging circumstances such as nighttime, occlusion, low resolution and so on. Such
defects make challenging the deployment of vision-based methods in applications requiring
around-the-clock operations, e.g., autonomous driving[ 1]. Pedestrian detection, as the first and
most fundamental step in many real-world tasks, e.g., human behavior analysis[2], gait
recognition, intelligent video surveillance[3] and automatic driving, has attracted massive
attention in the last decade[4]. Compared with other types of object detection, pedestrian
detection puts forward stricter requirements on accuracy and real time performance, In recent
years, large quantities of reviews of general object detection have been published [5].

Although numerous efforts have been made for this problem and significant improvement
has been achieved in recent years [6],there still exists an insurmountable gap between current
machine intelligence and human perception ability on pedestrian detection [7].

Cross-spectral fusion of visible light and infrared thermal images has become a research
focus for all-day pedestrian detection since multi-modal information is intuitively considered
to be complementary[8].

Most of them are confined to detecting pedestrians during daytime using visible (VI) cameras.
However, the performance of VI cameras depends on good illumination conditions and can be
affected when illumination is poor[9]. Recently, multispectral detectors that employ a fusion
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of infrared (IR) and visible cameras have been developed to achieve robust and reliable
pedestrian detection in adverse illumination circumstances [10].

Thermal and visible cameras have different imaging characteristics under different
conditions, visible cameras provide precise visual details (such as color and texture) in a well-
lit environment, while IR sensors do not require external light but mainly rely on the radiant
temperature of the object, which is extremely useful for nighttime or shadow detection[11].

The main challenges for robust IR pedestrian detection can be classified into two main types.
First, IR images have some adverse properties, such as their noisy nature, low-resolution, and
no visual detailed information. These adverse properties make the discriminative feature
extraction of an object very difficult, and thus affect the detection performance. Second, IR
images are susceptible to weather conditions since IR cameras detect the difference in the
temperature of the environment. For instance, pedestrians look brighter than the background in
cold weather, while their brightness looks like the background in hot weather[12]. To overcome
these problems, multispectral pedestrian detectors, which take aligned color—thermal image
pairs as input, are proposed. Color images have more detailed information under good lighting
conditions than thermal images, such as information on edge, texture, and color. However,
when color images are captured under weak illumination conditions or during the nighttime,
the feature information is lost, and the detection performance is reduced; examples can be
found in the second row of Figurel. Thermal sensors are not sensitive to light and can capture
pedestrians’ contours under the insufficient lighting conditions [13]; examples can be found in
the first row of Figure 1

Although multispectral pedestrian detection is superior to the single modality setting (visible
or thermal), it still suffers several limitations as follows:

Firstly, the quality of feature fusion is affected by the focalizing centrality of pedestrian in
fused feature map. Particularly, it highlights the complementary information from multiple
modalities. Classical feature fusion method usually concatenates or averages the two-modality
features [14] which enhances local feature from spatial perspective, without making use of
mask information. Besides, effective complementary information fusion from multiple
modalities remains an open problem. Secondly, weak appearance objects (e.g., small, or
occluded pedestrians) usually suffer with low confidence score due to the inconsistency
between IoU and classification score[15]. To address these issues, it is crucial for alleviating
the misalignment problem by cascade learning strategy. However, the object awareness in the
feature map attracts less attention, which has a significant impact on the performance
improvement[16].

Infrared (IR) and visual (VI) image fusion is designed to fuse multiple source images into a
comprehensive image to boost imaging quality and reduce redundancy information, which is
widely used in various imaging equipment to improve the visual ability of human and robot.
The accurate, reliable, and complementary descriptions of the scene in fused images make these
techniques widely used in various fields. In recent years, a large number of fusion methods for
IR and VI images have been proposed due to the ever-growing demands and the progress of
image representation methods[17]
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Figure 1. Examples of multispectral pedestrian detection images the first and second rows
are thermal and color images|[13].
2.Related work
Despite significant progress in machine learning, pedestrian detection in the real-world is still
regarded as one of the challenging problems, limited by occluded appearances, cluttered
backgrounds, and bad visibility at night. This has caused detection approaches using multi-
spectral sensors such as color and thermal which could be complementary to each other. The
authors in[18] propose a novel sensor fusion framework for detecting pedestrians even in
challenging real-world environments. design a convolutional neural network (CNN)
architecture that consists of three-branch detection models taking different modalities as inputs.
all detection probabilities from each modality in a unified CNN framework and selectively use
them through a channel weighting fusion (CWF) layer to maximize the detection performance.
An accumulated probability fusion (APF) layer is also introduced to combine probabilities
from different modalities at the proposal-level.
Multispectral images consisting of aligned visual-optical (VIS) and thermal infrared (IR)
image pairs are well-suited for practical applications like autonomous driving or visual
surveillance. Such data can be used to increase the performance of pedestrian detection
especially for weakly illuminated, small-scaled, or partially occluded instances. The current
state-of-the-art is based on variants of Faster R-CNN and thus passes through two stages: a
proposal generator network with handcrafted anchor boxes for object localization and a
classification network for verifying the object category. The authors propose a method for
effective and efficient multispectral fusion of the two modalities in an adapted single-stage
anchor-free base architecture. aim at learning pedestrian representations based on object center
and scale rather than direct bounding box predictions. In this way, can both simplify the
network architecture and achieve higher detection performance, especially for pedestrians
under occlusion or at low object resolution [19].

Pedestrian safety is one of the most significant issues in the development of advanced driver
assistant systems and autonomous vehicles. DNN (Deep Neural Network) or deep learning has
been effectively implemented through many applications, especially on object classification.
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Most pedestrian detection research only dealt with detection during the daytime or nighttime.
The authors evaluate and compare the performance of DNN-based pedestrian detection
algorithm YOLO at both daytime and nighttime environment. The experiment result indicates
that the performance of DNN-based pedestrian detection is significantly affected due to the
lighting conditions [20].

In [13]the authors puts forward a robust multispectral feature fusion network (MSFFN) for
pedestrian detection, which fully integrates the features extracted from visible light and infrared
channels. multiscale semantic features were extracted by two core modules, namely, multiscale
feature extraction of visible images (MFEV) and multiscale feature extraction of infrared
images (MFEI) and fused by the improved YOLOV3 network for pedestrian recognition., it is
proved that the MSFFN model can detect pedestrians more accurately than both MFEV and
MFEI over daytime and nighttime images on multiple scales.

Multispectral pedestrian detection suffers from modality imbalance problems which will
hinder the optimization process of dual-modality network and depress the performance of
detector, in[21] The authors propose Modality Balance Network (MBNet) which facilitates the
optimization process in a much more flexible and balanced.

Preliminary fusion strategies would fail to exploit informative features from cross-spectral
images, may introduce additional interference. The authors propose an attention based multi-
layer fusion network in the triple-stream deep convolutional neural network architecture for
multispectral pedestrian detection. The effectiveness of multi-layer fusion is examined and
verified, a channel-wise attention module (CAM) and a spatial-wise attention module (SAM)
are developed and incorporated into the network aiming at more subtle adjustment to weights
of multispectral features along both the channel and spatial dimensions respectively achieves
state-of-the-art performance on all-day detection while outperforming compared methods at
nighttime[22].

The existing vision based pedestrian detection algorithms still have two limitations that
restrict their implementations, those being real-time performance as well as the resistance to
the impacts of environmental factors, to address these issues, the authors propose a lightweight
[llumination and Temperature aware Multispectral Network (IT-MN) for accurate and efficient
pedestrian detection. The proposed IT-MN is an efficient one-stage detector. For
accommodating the impacts of environmental factors and enhancing the sensing accuracy,
thermal image data is fused by the proposed IT-MN with visual images to enrich useful
information when visual image quality is limited [23].

The authors propose a pre-processing pipeline, which enables any existing normal-light
pedestrian detection system to operate in low-light conditions. It is based on signal-processing
and traditional computer-vision techniques, such as the use of signal strength of a depth sensing
camera (amplitude images) and robust principal component analysis. The information in an
amplitude image is less noisy, and is of lower dimension than depth data, marking it
computationally inexpensive to process[24].

A problem pedestrian detection is the performance reduction at nighttime, the authors
present multispectral image and deep neural network to improve the detection accuracy. In the
evaluation, different image sources including RGB, thermal, and multispectral format are
compared for the performance of the pedestrian detection. In addition, the optimizations of the
architecture of the deep neural network are performed to achieve high accuracy and short
processing time in the pedestrian detection task. The result implies that using multispectral
images is the best solution for pedestrian detection at different lighting conditions[25].
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the authors in [11] a novel and fully adaptive multispectral feature fusion approach, named
Guided Attentive Feature Fusion (GAFF). By combining the intra- and intramodality attention
modules, the proposed approach allows the network to learn the adaptive weighing and fusion
of multispectral features. These two attention mechanisms are guided by the prediction and
comparison of the pedestrian masks in the multispectral feature fusion stage. Specifically, at
each spatial position, thermal or visible features are enhanced when they are in a pedestrian
(intra-modality attention) or when they possess a higher quality than in the other modality
(intramodality attention).

The authors in[26] believe the LLVIP dataset will contribute to the community of computer
vision by promoting image fusion, , pedestrian detection, and image-to-image translation in
very low-light applications, to improve the fusion quality of nighttime images, which suffer
from low illumination, texture concealment, and color distortion, The authors in [27] first
design a scene-illumination disentangled network (SID Net) to strip the illumination
degradation in nighttime visible images while preserving informative features of source
images. Then, a texture—contrast enhancement fusion network (TCEFNet) is devised to
integrate complementary information and enhance the contrast and texture details of fused
features., a color consistency loss is designed to mitigate color distortion from enhancement
and fusion.

Although the research of single modal visible pedestrian detection has been very mature, it is
still not enough to always meet the demand of pedestrian detection. Thus, a multi-spectral
pedestrian detection method via image fusion and convolutional neural networks. The infrared
intensity distribution and visible appearance features are retained with a total variation model
based on local structure transfer, the results attest that method has superior detection
performance, which can detect pedestrian targets robustly even in the case of harsh illumination
conditions and cluttered backgrounds[28].

Multispectral pedestrian detection, which consists of a color stream and thermal stream, is
essential under conditions of insufficient illumination because the fusion of the two streams
can provide complementary information for detecting pedestrians based on deep convolutional
neural networks (CNNs). To further improve the detection performance, the authors analyzed
the existing multispectral fusion methods and proposed a novel multispectral channel feature
fusion (MCFF) module for integrating the features from the color and thermal streams
according to the illumination conditions[29]. Despite the rapid development of pedestrian
detection algorithms, the balance between detection accuracy and efficiency is still far from
being achieved due to edge GPUs (low computing power) limiting the parameters of the model.
To address this issue, The researchers proposed YOLOv4-TP-Tiny based on the YOLOv4
model, which mainly includes two modules, two-dimensional attention (TA) and pedestrian-
based feature extraction (PFM)[30].

3. DiscussionThe task of automatic encoding of images into a feature domain for classification
purposes is executed by Convolutional Neural Networks (CNNs). In contrast Deep Neural
Networks (DNNs) have demonstrated their efficiency through various practical
implementations. Nevertheless. Prior studies have primarily concentrated solely on daytime or
nighttime pedestrian detections while neglecting other instances when different lighting
situations occur. Recent developments incorporating multispectral image pairs can enhance
visual acquisition capabilities, which then creates more dependable and stable pedestrian
detection systems. Results from conducted experiments highlighted the advantage of utilizing
multispectral imagery as it provided the best solution to detect pedestrians under varying
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lighting conditions. Optimum performance was achieved via multi spectral pedestrian
detection methods based on image fusion and convolutional neural networks even in adverse
illumination settings and undesired background circumstances.

Table 1 Summary of classifiers used for pedestrian detection of multispectral image.

Authors algorithm Dataset Detection
rate

Park et al. Faster R- KAIST 7.49%

(2020)[19] CNN

Jason et al. DNN KAIST In the

(2020)[20] (YOLO) daytime 45%
only 20% in
the nighttime

Yongato et R-CNN (CS- KAIST /

al.(2020)[22] RCNN)

Yanlei et al. deep neural / 6.9%

(2021) [25]  network

Yang et (IT-MN) / 4.19%
al.(2021)[23]
Zhou et al. YOLOvV4- / 58.3%

(2022)[30] TP-Tiny
4. Conclusion
Pedestrian detection is of great importance in the field of computer vision, and this field has
witnessed great progress. However, pedestrian detection remains relatively difficult, especially
in low light conditions and bad weather. The use of multispectral images with deep neural
network techniques can provide a high pedestrian detection rate, by utilizing multispectral
image pairs (infrared and visible images), which offer complementary visual information, and
from these the pedestrian detection systems become more reliable and powerful. This review
first introduces the content of general object detection, explains the multispectral images then
analyzes the development of pedestrian detection.
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