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Abstract

Intelligent transportation systems (ITS) have become a popular method to enhance the

safety and efficiency of transportation. Pedestrians, as an essential participant of ITS, are

very vulnerable in a traffic collision, compared with the passengers inside the vehicle. In

order to protect the safety of all traffic participants and enhance transportation efficiency,

the novel autonomous vehicles are required to detect pedestrians accurately and timely.

In the area of pedestrian detection, deep learning-based pedestrian detection methods

have gained significant development since the appearance of powerful GPUs. A large

number of researchers are paying efforts to improve the accuracy of pedestrian detection

by utilizing the Convolutional Neural Network (CNN)-based detectors.

In this thesis, we propose a one-stage anchor-free pedestrian detector named Bi-Center

Network (BCNet), which is aided by the semantic features of pedestrians’ visible parts. The

framework of our BCNet has two main modules: the feature extraction module produces

the concatenated feature maps that extracted from different layers of ResNet, and the four

parallel branches in the detection module produce the full body center keypoint heatmap,

visible part center keypoint heatmap, heights, and offsets, respectively. The final bounding

boxes are converted from the high response points on the fused center keypoint heatmap

and corresponding predicted heights and offsets.

The fused center keypoint heatmap contains the semantic feature fusion of the full body

and the visible part of each pedestrian. Thus, we conduct ablation studies and discover the

efficiency of feature fusion and how visibility features benefit the detector’s performance

by proposing two types of approaches: introducing two weighting hyper-parameters and

applying three different attention mechanisms.

Our BCNet gains 9.82% MR−2 (the lower the better) on the Reasonable setup of the

CityPersons dataset, compared to baseline model which gains 12.14% MR−2. The experi-

mental results indicate that the performance of pedestrian detection could be significantly

improved because the visibility semantic could prompt stronger responses on the heatmap.

We compare our BCNet with state-of-the-art models on the CityPersons dataset and ETH

dataset, which shows that our detector is effective and achieves a promising performance.
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Chapter 1

Introduction

Transportation systems function as the infrastructure system of our society. To improve

service quality and safety of transportation systems, the idea of intelligent transportation

systems (ITS) has been proposed. ITS enables all of the transportation system participants

to communicate with each other by sending and receiving messages [40, 49, 177, 63, 13],

which includes pedestrians, all types of vehicles, control centers, traffic signals, etc [168,

111, 38, 99, 196]. The communication could provide all the participants with the states,

changes, and conditions of the surroundings [247, 31, 33], which can be very beneficial in

improving transportation efficiency and safety [64, 65, 48, 54, 56, 19]. More researchers and

industries are working on improving the transportation system by exploiting the properties

of ITS, such as [61, 35, 30, 91, 32, 60, 2, 41, 75, 240, 198, 93].

1.1 Background and Problem Statement

The concept of autonomous vehicles was proposed decades ago. With the development of

hardware and algorithms, the autonomous vehicles have become a reality [71, 62, 50, 76,

109, 1, 51, 22, 79, 3]. The autonomous vehicle is an important participant of the ITS, and

it is capable of self-driving without human drivers’ navigation [215, 16, 20]. Many traffic

accidents are caused by human drivers’ misoperation due to both physical and mental

conditions. Besides, some complex traffic scenarios and bad weather conditions can also

lead to traffic tragedies.

The application of autonomous vehicles could decrease the number of traffic accidents

by making judgements more reasonably and driving more reliably [90, 34, 166, 70, 94].

Before putting the autonomous vehicles into use, the fundamental objective of the current

stage is to ensure the safety of all traffic participants [165, 229, 45, 170]. Pedestrians are
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very vulnerable in a traffic collision, compared to the passengers inside the vehicle [17].

Therefore, ensuring the safety of pedestrians is a key step in advancing the application of

autonomous vehicles [7, 12, 214, 216].

Figure 1.1: An example of detecting pedestrians on an image.

To better protect pedestrians, the first thing we need to let the vehicle know is the

pedestrians’ location, so that the vehicle can decide whether or not to brake [52, 59, 212,

46, 6], as shown in Fig 1.1. Consequently, researchers have been working on the area of

pedestrian detection, which is to find the locations of each pedestrian from the image and

denote the locations by using bounding boxes (bbox) that are close to pedestrians.

The objective of object detection problem is to classify and spatially locate multiple

objects that belong to different classes in the image at the same time. The outputs of the

detection are the class categories and the set of bboxes of the objects. The bbox works to

depict the location of object [187], which is usually given in the form of the left-top point’s

coordination and the height and width of the object.

1.2 Motivation and Contribution

There are two main ways to solve the detection task: one is the traditional machine

learning-based methods, which exploit the pre-defined handmade feature descriptors (e.g.,

SIFT [163], HOG [95], and Haar [188]) to extract local features from the images; the other is

the deep learning-based methods, which are capable of learning the features that extracted

from input datasets during the training phases. More than a decade ago, pedestrian

detection mainly relied on traditional machine learning-based methods; nowadays, the
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Convolutional Neural Network (CNN), as a representative network in deep learning-based

methods, is attracting researchers’ interests and become a popular choice in the detection

area.

LeNet-5 [151] is one of the early-stage CNN models, which was proposed by LeCun et al.

in 1998. Because of the limited computational power at that time, CNN models were very

small-scale and unable to handle tasks as complex as object detection. With the advance

in computing power, researchers started to train CNN models on GPUs. AlexNet [147]

was proposed by Krizhevsky et al. in 2012, which is the first CNN model that was trained

on two parallel GPUs, making AlexNet much more large-scale and powerful than previous

CNN models.

Since the effectiveness of AlexNet [147], many more researchers have been working on

designing CNN-based detectors to improve the performance of pedestrian detection, such

as [142], [248], and [249]. Many researchers have worked on occlusion handling because the

occlusion is very common in real-world scenarios, as mentioned in [103] and [249]. However,

we have some reasons to believe that detecting heavily occluded pedestrians (i.e., over

35% of the pedestrian’s full body is occluded) is not the most urgent task in the area of

pedestrian detection for supporting autonomous vehicles. Even though numerous studies

Figure 1.2: Box 1 denotes a pedestrian that is occluded by the bush from the perspective

of the current vehicular camera. However, this pedestrian can be clearly seen from the

perspective of other vehicles (in Box 3) on the other side of the road. Box 2 denotes a

group of pedestrians.

have been conducted on occlusion handling (e.g., [233], [257], and [253]), the detection

accuracy of heavily occluded pedestrians is at the bottleneck, far lower than the detection

accuracy of other types of pedestrian samples. Furthermore, 48.8% of pedestrians are
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occluded by other pedestrians in the CityPersons dataset [249] as mentioned in [233], but

the autonomous vehicle is not required to predict how many pedestrians are in the crowd. In

Fig 1.2, no matter how many pedestrians are in Box 2 predicted by an autonomous vehicle,

the autonomous vehicle should brake safely to avoid harming that group of pedestrians.

Lastly, ITS enables autonomous vehicles to send and receive information [179, 255, 98, 27,

10]. Thus, the pedestrian occluded by the bush can be detected by the vehicle in Box 3 by

exploiting ITS’s ability of sending and receiving information, so that the vehicles in this area

will be informed of this pedestrian [57, 73, 77]. Consequently, we consider the importance

and urgency of detecting the pedestrians under reasonable occlusion based on the above

analysis, and we focus on improving detection accuracy on this type of pedestrians in this

paper.

With the advent of GPUs, many CNN models have become more powerful. However,

we must acknowledge that one challenge of deep learning-based pedestrian detection that

applies to autonomous vehicles is reducing the dependency on computational ability, as

vehicular GPUs are not as powerful as the GPUs researchers use in labs [15]. In addition,

autonomous vehicles need to perform many other functions simultaneously, and GPUs

can consume massive energy, which could prevent other functions from running properly.

Consequently, reducing the dependency on computing power (GPUs) is an effective method

for improving the practicality of pedestrian detectors in real-world scenarios.

In this paper, we focus on using limited computational ability to improve the perfor-

mance of pedestrian detection under reasonable occlusion. Our work has the following

contributions:

1. We utilize the visible semantic feature of each pedestrian and fuse with full body

semantic feature to obtain the enriched feature of each pedestrian. To our best

knowledge, we are the first to fuse the center keypoints of full body and the visible

part to enhance the pedestrian detection accuracy.

2. We design and adopt different methods, including weighting hyper-parameters and

three types of attention mechanisms, to study how the visible semantic feature can

improve pedestrian detection accuracy. We visualize the fused heatmaps to study

the effect of semantic fusion, and we conduct an ablation study to observe the per-

formance of different attention modules that applied to different layers.

3. We reduce the detector’s dependency on GPUs by training our Bi-Center Network

(BCNet) on a single GPU with limited computing power, and our BCNet reaches

promising results compared to other models trained on multiple powerful GPUs.
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1.3 Thesis Outline

This thesis is organized as follows.

Chapter 2 starts with basic concepts that we will use in the thesis. We then overview

the development of deep learning-based backbones. We classify classic and state-of-the-art

detection frameworks from two different aspects. Next, we list some popular pedestrian

detection dataset and introduce the unified evaluation metric. We compare the differences

between pedestrian detection and object detection by analyzing the inherent attributes of

pedestrian detection application scenarios.

Chapter 3 studies the pedestrian detectors from four main aspects: occlusion handling,

multi-scale feature extraction, data utilization from different scopes, and hard negatives

handling. We compare and summarize the common methods to address each problem.

Chapter 4 proposes our pedestrian detector. We exploit semantic feature fusion by

combining the center keypoint of full body and the center keypoint of the visible part

of each pedestrian. We proposes multiple methods to fuse features. We elaborate the

pre-processing, network design, and post-processing of the detecting pipeline.

Chapter 5 displays the detailed experimental results and environmental settings. We

compare multiple variants of our proposed methods with the baseline detector. We apply

our trained detector to another new dataset directly to test the generalization of our model.

We also compare our methods with other state-of-the-art detectors.

Chapter 6 concludes our work in both advantage and disadvantage aspects, and some

future work directions to improve our methods are also given.
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Chapter 2

Preliminaries

Pedestrian detection is an application of object detection so that deep learning-based de-

tection frameworks can be used in both general object detectors and pedestrian detectors.

In this chapter, we first explain the basic concepts and outline some classic object detec-

tion frameworks. Later, we analyze the inherent attributes of pedestrian detection and

introduce datasets and evaluation metrics.

2.1 Object Detector Frameworks

We first introduce the basic concepts in the deep learning-based methods. We will overview

the development of classic backbones before we classify and analyze detection frameworks

from different aspects, including the detection stages and whether to use anchors.

2.1.1 Basic Concepts of Deep Learning-based Methods

Before diving into the frameworks of deep learning methods, we need to explain the basic

terminology used in this thesis. The deep learning-based methods we introduce in this

thesis are focused on CNN methods. A basic plain CNN model is stacked of multiple

convolutional (Conv) layers that are optionally followed by pooling layers, activation func-

tions, and normalization layers. Generally, there are fully connected (FC) layers at the end

of the model. In this paper, we will introduce some high-level building blocks that consist

of some specific construction patterns proposed by researchers. The ‘building block’ is a

block unit that is used to build up a model.

In Conv layers, there are kernels, which are also called filters. The feed-forward oper-

ation in a Conv layer is to slide the kernel on the input image and make a linear trans-
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formation by summing up the dot product at every location [151]. In pooling layers, the

forward operation is used for down-sampling the input feature by using the representative

feature in a region to replace the original feature [201]. Compared to the original input

features before the pooling layer, the pooled features are usually more abstract and have a

smaller size. The activation function works to add non-linearity and diversity to the CNN

models [171]. The normalization layer [136] would rescale the input data according to the

norm, which is of great benefit in helping the models converge during the training phase.

In the FC layer, the input data will be dot multiplied with the FC layer’s weight to reduce

the dimensionality of the data. It is commonly used to generate a score for each class for

classification tasks [147]. During the training phase, the gradients of the trainable weights

are back-propagated according to the chain rule, and each iteration of trainable weights

will be updated based on the gradients [151].

In this paper, when we say the number of layers in CNN models, we are referring to

layers with trainable weights. The n×n Conv layer means a Conv layer with a kernel of

size n×n. The number of trainable weights in a Conv layer is given by,

Num = C ×K ×H ×W, (2.1)

where Num is the number of the total trainable weights, and [C,K,H,W ] are the kernels’

dimensionality. C is the input channels, and kernels have the same number of channels

with the input feature. K is the number of kernels. H and W are the height and width of

each kernel, respectively. The hyper-parameters, such as the learning rate, are adjustable.

They affect the experimental results. The hyper-parameters are adjusted by the researcher,

not the model. We will not count the hyper-parameters as the trainable parameters.

2.1.2 Backbone Models

In this subsection, we will introduce some popular and representative backbone models,

most of which are still adopted in the feature extraction step. We list the overview of the

backbones in Table 2.1.

LeNet-5 [151] is an early-stage CNN model that was proposed in 1998, and it was

proposed for handling digits recognition task on MNIST [151] dataset, which only contains

10 classes. Because of limitations in the computational power, neural network models were

very small-scale at that time, and unable to handle hard tasks. Specifically, LeNet-5 only

uses 6, 16, and 120 kernels for each Conv layer, respectively.

In 2012, AlexNet [147] came out and became the winner of the ImageNet Large Scale

Visual Recognition Competition (ILSVRC)1 2012 in classification task. It has five Conv

1http://www.image-net.org/challenges/LSVRC/

7



Table 2.1: Overview of the existing popular backbones.

Year # of layers # of parameters Top-5 error(%) Highlight

LeNet-5 [151] 1998 7 60k N/A

LeNet-5 utilizes

the model to

learn the fea-

ture of the in-

put data, and it

is the first gen-

eration of the

CNN model.

AlexNet [147] 2012 8 60M 15.32

AlexNet was

trained on

multiple GPUs.

VGG-16 [208] 2014 16 ∼130M 7.33

VGGNet uses

multiple 3×3

kernels to re-

place large

kernels.

ResNet [124] 2015 18/34/50/101/152 0.2 to 1.7M 3.57

ResNet uses

the identity

mapping to

help train the

deep network.

1 Top-5 error(%) is the results on ImageNet validation set (LSVRC) for classification task
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layers and three FC layers. AlexNet was trained on two GPUs and is much larger-scale

than previously due to the powerful computation ability of GPUs. The number of kernels

for the five Conv layers are 96, 256, 384, 384, and 256, respectively. The computations

are separated equally by two GPUs, and each one is responsible for half of the kernels’

computations. The features computed by two GPUs are shared at the third Conv layer

and two FC layers. The other layers will only use the output of the previous layer in

the same GPU as the input. AlexNet has 60 million parameters, which is much larger

than LeNet-5, and AlexNet is able to process large-scale datasets such as the ImageNet

dataset [100], either large in sample amount or in data size. AlexNet is able to classify

around 1000 classes in the ImageNet dataset, which is a huge improvement compared to

LeNet-5, which can only classify 10 classes at that time.

VGGNet [208] came out in 2014, ranking first in the localization sub-task of ILSVRC

2014 classification+localization task, and second in the classification sub-task. One con-

tribution of VGGNet is to use 3×3 kernels instead of using the large kernel size like 5×5

or 11×11. For example, two consecutive 3×3 kernels used in VGGNet can replace the

receptive field of one 5×5 kernel, and this helps to reduce the number of parameters. More

importantly, using multiple 3×3 kernels to replace one larger-size kernel will increase the

neural network’s depth, and the non-linearity of these multiple layers enables the network

model to learn more complicated features and patterns. Another contribution of VGGNet

is to design a deeper network by using more channels, which helps to precisely discrimi-

nate more sophisticated features. Taking the 16-layer VGGNet (VGG-16) as an example,

it consists of 13 Conv layers and 3 FC layers, and the channels of Conv layers are in the

range of [64, 512]. All the kernels are of the same 3×3 size in these 13 Conv layers, and

contribute considerably to reducing the parameters of Conv layers. However, the three FC

layers, especially the first connected layer, have too many parameters, resulting in a large

amount of the parameters being used in VGGNet. Specifically, VGG-16 has more than

130 million parameters in the 16-layer deep neural network.

Proposed in [124], ResNet won the first place on the ILSVRC 2015 classification task.

Theoretically, when we stack many layers and construct a very deep plain network, the

worst case should be that the deep network has the same performance with a network

with fewer layers, when the deeper layers in the deep network are identity mapping and

generating the same output as input. He et al. in [124] did an experiment to compare

the performance of two plain networks, one with a depth of 20 and the other one with

a depth of 56. Unexpectedly, the performance of the deeper network has a higher train

error and test error compared with the shallow network. However, it can be inferred that

the degradation performance given by the experiment in [124] is caused by the gradient

vanishing and exploding, which makes the deep model hard to converge. Based on this,
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He et al. proposed a novel shortcut connection by adding the input directly to the output,

which makes the network easier to be trained.

Xi = H(Xi−1). (2.2)

In Eq. (4.1), Xi−1 is the output feature from (i− 1)th layer and the input of ith layer, Xi is

the output from ith layer, and layer H(xi−1) is the desired function that we would like to

fit by stacking some layers. The residual function is defined as F(xi−1) := H(xi−1)− xi−1,
and thus the original desired function is formed as in Eq. (4.2):

Xi = F(Xi−1) +Xi−1, (2.3)

where F(xi−1) is much easier to approximate. This ‘shortcut connection’ is designed to

deal with the gradient vanish and gradient exploding problems, and helps the deep CNN

to converge during the training phase.

2.1.3 Benchmark Detection Frameworks

Detectors can be divided into different categories from different aspects, such as the number

of stages, whether to use anchors in the network, etc. The classification of detectors can

help readers to better understand the network structure.

Two-stage Detectors vs. One-stage Detectors

Nowadays, the detectors can be roughly divided into two branches, two-stage detectors

(TSDs) and one-stage detectors (OSDs). The most representative TSDs are R-CNN [116],

Fast R-CNN [115], and Faster R-CNN [195] family. YOLO [193] and SSD [160] are two clas-

sic OSDs. The main difference between TSDs and OSDs is whether to generate proposals

before predicting the detection results.

Two-stage detectors: In late 2013, Girshick et al. proposed R-CNN [116], which

is one of the first generation detectors. R-CNN’s workflow is first to perform a selective

search [224] on the entire input image and generate around 2000 regional proposals. Gir-

shick et al. fixed all the proposals to the same resolution of 227×227 before feeding them to

the neural network one by one and calculating the corresponding features of each candidate.

Finally, a class-specific binary SVMs will be appended at the end to classify each proposal.

Girshick et al. used the class-specific linear regression to fine-tune the bbox locations from

the feature of pool5 layer in R-CNN. With the SVM scores, a greedy-based non-maximum

suppression (NMS) is applied to select the highest score among the candidates with the

intersection-over-union (IoU) overlap larger than the threshold.
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He et al. proposed SPPNet [123], claiming that CNN did not require the fixed-size

input image because only FC layers require a fixed input. Based on this scope, He at

al. first performed the selective search [224] to generate around 2k proposals and fed the

original image to the CNN model to extract features from the full image. They removed the

last pooling layer and proposed spatial pyramid pooling (SPP) layers, which took different

sizes of the input and generated a fixed size output by combining the outputs from multiple

pyramid pooling layers. Each spatial pooling layer divides the input feature with size of

a × b into m × n bins, and each window is of size a/m × b/n. SPP layers are spatial

pooling layers with different scale of m × n bins, so that a different scale of features can

be extracted for one proposal. Because SPPNet shares the parameters and uses the full

image to go through CNN, unlike R-CNN which feeds around 2000 proposals to CNN one

by one, the speed of SPPNet is more than 30 to 100 times faster than R-CNN.

However, one drawback of SPPNet is that it cannot be trained end-to-end. To cope

with that, Girshick proposed Fast R-CNN [115]. The pipeline of Fast R-CNN is to generate

object proposals first, and feed the network with the original full image and generated

proposals. The feature extraction was done by the ConvNet from VGGNet [208], and

Girshick innovated a pooling unit called ROI pooling and replaced the SPP layers of

SPPNet [123]. The ROI pooling, which can be regarded a special case of SPP layer with

a single scale, takes proposals of different sizes (e.g., h× w) and divides them into a fixed

H ×W grid, and each grid of sub-window is in the size of h/H × w/W . A simple max

pooling will be applied, and the maximum value in each grid can be kept, then applied to

each channel of the feature map. The fixed-size output from the ROI pooling layer can be

applied to a sequence of FC layers. At the end, there are two parallel branches: the first

one produces the softmax scores for each of the K classes and the background (total of

K+1 classes), and this branch is used for classification task; the second one produces a set

of 4 real values, indicating the coordination of the bbox, and this one is used for regression.

Another benefit of Fast R-CNN is that the parallel branches of classification and regression

tasks enable them to share parameters and further prove the regression task can benefit

from the feature extracted from the Conv layer, which was only used to classify the objects

before Fast R-CNN came out. The integration of multi-task losses unifies the training

phase and improves the accuracy by using the softmax classifier instead of multiple binary

SVMs.

A commonly used proposal generation method is selective search [224], which is not

efficient. Ren et al. [195] carried out a mini-network named Region Proposal Network

(RPN) to generate proposals. The proposals of RPN and Faster R-CNN [195] are a land-

mark contribution in the area of detection. The intention behind RPN is to improve the

efficiency of the proposal generation step, since the most commonly used selective search
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takes about 2 seconds to process one image. The RPN is a mini-network that takes the

output of convolutional features and slides a small window on each location, then appends

two sibling FC layers, one for regression task and the other one for object binary classifi-

cation. The concept of ‘anchor’ is proposed in RPN, where the anchor is the center of each

sliding window, and at each location, nine anchors that combine three scales and three

aspect ratios are generated. The binary classification task for RPN only predicts whether

a proposal belongs to any category in the dataset, and does not need to classify the cat-

egory to which the proposal belongs. The output of RPN will be sent to Fast R-CNN to

generate the final detection results. The usage of RPN not only improves accuracy but

also shortens the inference time, compared to Fast R-CNN [115].

One-stage detectors: Although Faster R-CNN [195] achieves a promising perfor-

mance in accuracy and takes less inference time than other previous TSDs; its speed is

far from real-time. To achieve the real-time detection, one-stage detector YOLO-v1 [193]

came out with a speed of 45 to 155 frames per second (FPS). YOLO-v1 divides the input

image into S × S grids, and each grid predicts B bboxes and scores for K classes. Each

bbox prediction result is a set of 5 values: centerx, centery, w, h, and confidence. centerx

and centery are the relative distances from the center point of the bbox to the bounds of

the grid in width and height, respectively. w and h are the relative width and height of the

object, respectively. The confidence score is defined as the production of the possibility

score of the object and the IoU of the prediction and ground truth bbox. In other words,

the confidence should be zero if there is no object detected in the corresponding grid. In

the experiment, the network predicts 2 bboxes and a total of 20 class scores for each grid,

and each image is divided into S × S grid, where S = 7. The network has 24 Conv layers

to extract features and 2 FC layers for prediction, where the last FC layer is designed to

output a tensor of size 7× 7× 30. The 7× 7 comes from the grids and 30 comes from the

length of the prediction of each grid (2×5 for bbox prediction + 20 classes scores). Because

its structure differs from that of TSDs, OSD only needs to perform the classification once.

However, most of the proposals generated in OSDs are negative samples, which may cause

overwhelm during OSDs’s training phase. Therefore, compared with TSD, YOLO-v1 is

faster but less accurate.

SSD [160] is an OSD that takes the ‘anchor’ into network design. SSD takes VGG-

16 [208] as the backbone. At each location of feature maps obtained from different layers,

a set of default boxes with different aspect ratios and scales will be generated. The different-

scaled feature maps enable the network to behave better to detect the multi-scale objects.

The prediction of each default box consists of the offset and the class scores. When the

input image size is 300× 300, there are a total of 8732 predictions per class.
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Anchor-free vs. Anchor-based Detectors

Anchor boxes are candidates for the region proposals generated by TSDs in the first stage,

and they are also candidates for the final bboxes of OSDs. Anchor boxes are the boxes have

different pre-defined scales and ratios that are generated at each sliding window location.

Anchor-based detectors: Since the introduction of RPN [195], more detectors tend

to use pre-defined anchor boxes, such as SSD [160], YOLO-v2 [192], and RetinaNet [157].

The anchor boxes are a set of boxes with scales and ratios pre-defined by researchers, and

they are usually generated by sliding window on the full feature map. The usage of anchor

boxes consumes massive computational power because they generate multiple anchor boxes

at each anchor point.

Anchor-free detectors: There are roughly two ways to achieve anchor-free detectors:

dividing the images into grids like YOLO-v1 [193], and utilizing the keypoints of the object.

For example, DeNet [223] used four corner keypoints of an object to generate the detection

results instead of using anchor boxes. The proposal of DeNet [223] inspired the appearance

of novel anchor-free detectors. Anchor-free detectors can help reduce complexity compared

to anchor-based detectors that use more hyper-parameters, such as anchor ratios and an-

chor scales. CornerNet [150] took HourglassNet [173] as the backbone, which was designed

for pose estimation and keypoint detection. The pipeline of CornerNet [150] was to predict

two corner keypoints for each object instead of directly generating the anchor boxes by slid-

ing windows. CornerNet produced two sets of heatmaps, embedding vectors, and offsets by

using the corner pooling unit. These two sets of predictions are used to predict the top-left

corner keypoint and the bottom-right corner keypoint for each object, respectively. The

heatmap helps to denote the location of the object’s corner keypoint, the embedding vector

works to pair two corner keypoints that belong to the same object, and the offset helps to

fine-tune the location of two corner keypoints. Taking CornerNet [150] as the backbone,

Duan et al. proposed CenterNet [105], which utilized the center keypoint together with

the top-left corner keypoint and bottom-right corner keypoint. CenterNet [105] achieved a

higher mean Average Precision (mAP) than CornerNet [150] on MS COCO dataset [158].

Obviously, one reasons for this is the use of the center keypoint containing the internal

feature of the object. Center and scale prediction-based detector (CSP) [162] underlined

the importance of the center keypoint and obtained a promising accuracy on CityPer-

sons dataset [249] by predicting the center of the pedestrians, the scales and offsets of the

corresponding pedestrians, without using the corner keypoints.

Anchor-based and anchor-free methods fusion: Anchor mechanisms facilitate

multi-scale detection by pre-defining multiple anchor box scales and ratios. Anchor-free

detectors focus on semantic features of the target and reduce complexity. In order to
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combine the advantages of anchor-based detectors and anchor-free detectors, the authors

of [258] added two anchor-free sub-branches on the anchor-based detector RetinaNet [157].

The parameters of the anchor-based branches are frozen and kept unchanged during the

training phase. They proposed an online feature selection method by finding the layer with

the minimum sum of the classification loss and regression loss of instance i in FPN [156].

The layer with minimum loss was chosen to learn the instance i. The detection results

of the anchor-based branches and anchor-free branches were merged together before NMS

is applied, and the final detection results are generated. Anchor boxes are determined by

locations and shapes. In most anchor-based methods, anchor boxes are generated by sliding

windows across the entire image, such as RPN [195] and SSD [160]. Guided Anchoring

Region Proposal Network (GA-RPN) [228] trains the model to predict the location of the

anchor point by producing a binary result, and the width and height of the anchor box

at the corresponding anchor point. Generally speaking, the anchor boxes are generated

by anchor-free keypoint prediction methods. Consequently, GA-RPN is a fusion work of

anchor-based detection and anchor-free detection methods.

2.2 Pedestrian Detection Datasets, Evaluation Met-

rics, and Inherent Attributes

Datasets play an important role in training the deep learning-based models, and they

have an impact on the models’ generalization ability. To better evaluate the model’s

performance, the evaluation metric should be unified and reasonable. In this section, we

will introduce some representative datasets and the evaluation metric before analyzing the

inherent attributes of pedestrian detection.

2.2.1 Pedestrian Detection Datasets

The comparisons of some popular and representative datasets are listed in Table 2.2, in-

cluding the ETH dataset [110], the Caltech dataset [102], the KITTI dataset [113], the

KAIST dataset [134], the CityPersons dataset [249], and the EuroCity Persons (ECP)

dataset [80].

The ETH dataset [110] was proposed in 2007, and its image resolution is very low. It

is a small-scale dataset that only contains 2303 video frames. The video was collected by

a camera mounted on a stroller. Due to the small size of the dataset, it is now commonly

used as a test dataset to test models’ generalization abilities without pre-training on the

ETH train set.
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(a) The ETH dataset. (b) The Caltech dataset (c) The KITTI dataset.

(d) The KITTI dataset (3D data). (e) The KAIST dataset

(day).

(f) The KAIST dataset

(night).

(g) The CityPersons dataset. (h) The ECP dataset (day). (i) The ECP dataset (night).

Figure 2.1: Examples for each dataset listed in Table 2.2.
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Table 2.2: Some comparions of most commonly used pedestrian datasets.

ETH Caltech KITTI KAIST CityPersons ECP

# of images 2303 249,884 14,999 95,328 5000 47,335

# of persons ∼ 14, 000 ∼ 347, 000 ∼ 12, 000 103,128 35,016 ∼ 238, 200

persons per image 6.1 1.4 0.8 1.1 7.0 5.0

resolution 640×480 640×480 1240×376 640×480 2048×1024 1920×1024

train-val-test split (%) 20/0/80 50/0/50 50/0/50 50/0/50 60/10/30 60/10/30

# of seasons 1 1 1 1 3 4

weather dry dry dry dry dry dry&wet

# of cities 1 1 1 1 27 31

# of countries 1 1 1 1 3 12

day / night day day day day&night day day&night

occlusion tags ×
√ √ √ √ √

# of pedestrian labels 1 3 3 3 5 3

ignore region ×
√ √ √ √ √

year 2007 2009 2012 2015 2017 2019

The Caltech dataset [102] [103] was proposed in 2009, and it is the first large-scale

pedestrian dataset, with around 10 hours of video captured by a driving vehicle’s dash

camera. In the Caltech dataset, the researchers annotated the person with the occlusion

ratio. They labelled them ‘Person’ for the individual pedestrian, ‘People’ for a group of

pedestrians, and ‘Person?’ for an object that cannot be clearly defined as a person. In

addition to bbox annotations for the full body, they also provide the bbox annotations

of the visible body part for the corresponding pedestrian, which enables researchers to

take advantage of this extra information in the network design. The authors proposed the

‘ignore’ region, and whether or not these ignored regions are detected, the accuracy of the

detector will not be different.

The KITTI dataset [113] was published in 2012, and it provides the 3D object detection

data generated by using the light detection and ranging (Lidar) method. Lidar utilizes the

stereo cameras, 3D laser scanner, Edmund Optics lenses, and GPS navigation system.

Object detectors that are designed to detect multi-objects in traffic scenarios can use the

KITTI dataset because its images are the real traffic scenarios, and it labels the different

types of vehicles together with pedestrians.

The KAIST dataset [134] came out in 2015, and also supports 3D detection. The

dataset has the multi-spectral images that use two types of images as a pair: RGB and

thermal images. The KAIST dataset offers the data in the night, which enlarges the
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diversity of the data. It makes researchers think about how to deal with the night vision

detection task.

The CityPersons Dataset [249] came out in 2017, and the images of this dataset are in

a large resolution 2048× 1024 that can benefit the models with more spatial information.

The dataset has the training, validation, and testing splits. The image data was collected

in 3 seasons, 27 cities, and 3 countries. This dataset also offers semantic information and

a bbox of the visible part for a pedestrian if he/she is occluded. The authors labelled the

samples into five sub-categories: pedestrian, rider, sitting person, other person, and people

group. The authors denoted the hard negative samples as ‘ignore’, and this information

can be taken into training. This dataset also has a larger person per image ratio than most

datasets, offers more samples in each image, and is more challenging.

The ECP dataset [80] was published in 2019, which covers all the seasons, dry and wet

weather conditions, and daytime and night vision in the dataset. The ECP dataset was

collected in 12 countries which can help the dataset have a better diversity.

2.2.2 Evaluation Metrics

We will introduce the basic evaluation metrics in the detection area, then give the evalua-

tion metrics specifically for the pedestrian detection area.

True positive (TP) is the target correctly detected by the detector. True negative (TN)

is the background (non-target) correctly classified as the background by the detector, which

means it is not in the detection results. False positive (FP) means the detector detects

the background as a target. In the pedestrian detection area, this is very common, since

the person reflected in the window and the model on the billboard have a high similarity

with the real pedestrians in appearance. False negatives (FN) happen when the detector

should detect an object but does not and causes a miss in detection results. In pedestrian

detection, this frequently happens when the pedestrian is very far away, or the pedestrian

is occluded or deformed.

Precision (PR) is the ratio of TP compared to all the detection results, given by

PR =
TP

TP + FP
. (2.4)

Recall (RC) is the ratio of TP to all the targets including detected and not detected as

given by

RC =
TP

TP + FN
. (2.5)
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Miss rate (MR) is the ratio of FP to all the potential detection targets, given by

MR =
FN

TP + FN
= 1−RC. (2.6)

False positive per image (FPPI) is the ratio of the FP to all detected objects, given by

FPPI =
FP

TP + FP
= 1− PR. (2.7)

Average Precision (AP) is the averaged PR for the same class category, and mAP is the

mean of AP for every class category. AP and mAP are usually commonly used in general

object detection that has many class categories.

In the pedestrian detection area, the evaluation metric that is commonly used to eval-

uate the pedestrian detector’s performance is MR−2 (the lower, the better), which was

introduced in [102]. MR−2 is the mean value of nine derived miss rates, with the corre-

sponding FPPIs evenly located in [10−2, 100] within the log-space. The miss rate and FPPI

are calculated by varying the threshold of detected bbox confidence score. When we lower

the threshold, more detection results are taken, so there are more false positives but fewer

chances to miss the object. Thus, when the FPPI increases, the miss rate decreases.

2.2.3 Inherent Attributes of Pedestrian Detection

In the early stage of the deep learning methods’ appearance, the traditional machine

learning methods still serve as the mainstream of research directions. There are many

traditional methods to design the hand-crafted feature and leverage these pre-defined fea-

tures, such as [95] and [250]. Some researchers hybridize traditional hand-crafted fea-

tures with the features learned from deep learning methods, such as [239]. The ac-

curacy performance is greatly increased when the researchers adopt the deep learning-

based methods and detect the features learned by the CNN models. Pedestrian de-

tection, as an application of object detection, has gained significant attention in recent

years [172, 184, 83, 218, 128, 251, 180, 183, 202, 28].

Pedestrian detection has common characteristics with object detection, but also has

unique attributes. We summarize the most common inherent attributes of the pedestrian

detection task in Fig. 2.2. Occlusion happens very often, and the pedestrians can be

occluded by the background, such as other vehicles, buildings, and mailboxes on the road.

People are social animals, so they usually stay with other persons, which could cause the

occlusion issue in the crowd.
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Figure 2.2: The inherent attributes and major challenges of pedestrian detection.

19



The pedestrians are at different heights and at different distances from the vehicular

camera. They may be in different poses, which causes a multi-scale handling problem.

It is very common that an image contains pedestrians of different scales. The accuracy

of pedestrian detectors varies significantly over scales, which cause a major bottleneck in

this area. Specifically, it is hard to discriminate the small-scale pedestrians from the low

resolution feature maps. In addition, the bbox aspect ratio is fixed at 0.41 in the pedestrian

detection task, which is different from flexible aspect ratios in general object detection.

Pedestrian detectors should be able to successfully detect people in complex traffic

scenarios, and features of a background may be highly similar to the pedestrians’. This

type of background is a hard example that the deep learning-based detectors may not

be able to precisely distinguish. Similarly, a pedestrian sample will be considered a hard

example if the detector cannot successfully detect this pedestrian after attempts.

Pedestrian detection is an essential component of the pedestrian protection system that

provides information to the autonomous vehicles and other participants of the ITS, and it

has many challenges. Time and energy efficiency, stable precision in various environments,

and generalization ability in practical use are the most urgent challenges that it must

overcome to ensure the safety of pedestrians and passengers.

Table 2.3 lists the optimization methods of deep learning-based detectors in different

development steps in order to provide the readers with a clear overview of existing opti-

mization techniques.
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Table 2.3: Optimization methods overview.

Pre-processing

Data processing

Data cleaning, data transforma-

tion, data integration, and data

normalization.

Data augmentation

Geometric transformation, flip-

ping, color shifts, rotation, and

cropping.

Deep learning method: GAN

[112] [104]

Model Construction

Convolutional methods

Group convolution [237], dilated

convolution [243], and various

convolution blocks.

Normalization layers

Batch normalization [136], group

normalization [235], and layer

normalization [24].

Pooling layers

Average/ Max/ Overlapping/

Spatial [123]/ ROI [115]/ Corner

pooling [150]

Attention mechanism

Attention-domain (spatial [138],

channel [130], and mixed do-

main [234]), source-target rela-

tionship (self-attention [88] vs.

guided-attention [186])

Regularization
Addressing overfitting (e.g.,

dropout [126] and weight decay)

Others
Loss function, gradient optimizer,

and activation function, etc.

Post-processing
NMS

Greedy-based NMS: basic NMS,

soft-NMS [29], softer-NMS [125],

adaptive-NMS [159], and ID-

NMS [141]

Learning NMS and NMS net-

work.

Other Markov Random Field, etc.
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Chapter 3

Related Work

In this chapter, we will analyze what hinders the high accuracy performance of pedes-

trian detection, and introduce the representative deep learning-based pedestrian detectors

from the aspect of occlusion handling, multi-scale feature extraction, data utilization from

different scopes, and hard negatives handling.

3.1 Occlusion Handling

It is very common that pedestrians are under occlusion in the captured images, and it is

reported that more than 70% of pedestrians are occluded in the CityPersons dataset [249].

The occlusion of pedestrians increases the difficulty of detection. If a detector is trained

to learn the partial features of pedestrians, it may result in more false positives if the

detector considers that other things fit the partial features of pedestrians. However, if the

detector is not designed to handle the occluded pedestrians, the detector will have a high

rate of missed false negatives. Some representative methods to address occlusion are listed

in Table 3.1.

3.1.1 Part Information Benefits the Occlusion Handling

Part-based detectors such as [182] and [164] work to detect various types of features of the

partial region for each pedestrian, and they are the mainstream methods for improving

the detection accuracy of the occluded pedestrian. Some part detectors are designed to

only detect a specific part of the human body, such as the head detector [225]. [256]

jointly learned the part detectors to investigate their correlation further. The part de-

tectors can be integrated together to improve the full body human detection of partially
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Table 3.1: Representative pedestrian detectors for occlusion handling.

Method Backbone Framework Anchor Highlight

DeepParts [219], 2015 AlexNet AlexNet ×

Trained multiple

part detectors

by the data and

chose the top-6

detectors to fuse

the detection

results during the

inference step.

PCN [230], 2018 VGG-16 Faster R-CNN
√

Utilized three

parallel branches–

basic detection

branch, part se-

mantic branch,

and context

branch.

Occlusion-aware score [174], 2018 - one-stage detectors
√

Designed a mini-

net to generate a

final confidence

score based on

part scores, and

can be applied

to all anchor-

based one-stage

detectors.

Bi-box [257], 2018 VGG-16 Fast R-CNN ×

Fused the full

body bbox and

the visible part

bbox.

RepLoss [233], 2018 ResNet-50 ResNet
√

Proposed a loss

function that con-

sidered the crowd

scenes.

OR-CNN [253], 2018 VGG-16 Faster R-CNN
√

Proposed a loss

function for the

crowd group.

adaptive-NMS+RFBNet [159], 2019 VGG-16 RFBNet
√

A novel NMS that

produced a dy-

namic threshold

according to the

predicted density.
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occluded pedestrians, and the authors proposed 20 pre-defined types of part pools with

the prior knowledge. DeepParts in [219] trained 45 part pool prototypes and constructed

an automatic data-driven part selection, the fused score of the complementary parts was

used for the final detection results. [181] was proposed to handle the feature extraction,

deformation handling, occlusion handling, and the classification jointly in one CNN model

to find the correlation among these tasks. One-stage detectors such as SSD [160] and

YOLO-v2 [192] output the fixed-size tensors, which contain bbox locations and classifica-

tion scores. In [174], Noh et al. proposed the occlusion-aware detection score that utilized

the predicted part scores to formulate the final confidence scores. They first max-pooled

the part scores on the part confidence map, and fed the max part score to multiple occlusion

weighting masks, which were end-to-end trained. A score weight was then generated by a

hidden layer and ReLU layer, which was finally used to re-scale the predicted confidence

score in the output tensor.

Bi-box regression [257] (Bi-box) utilized the visible part information. The motivation of

Bi-box is to deal with the occlusion problem by using the model to predict two bboxes for

each pedestrian: one is the full body bbox, and the other is the visible part bbox. Thus, Bi-

box can simultaneously perform the pedestrian detection and the occlusion estimation for

each pedestrian. The Bi-box model took the VGG-16 [208] as the backbone in the feature

extraction step, and two parallel sub-networks are used in the detection head: one for the

full body bbox prediction, and the other for the visible part bbox prediction. P represents

a proposal generated in the first stage, and G represents the ground truth annotation. P

is matched to G if Eq. (3.1) is met, where F is the predicted full body bbox, and V is the

predicted visible part bbox. C(P, V ) is the ratio of the area of V covered by P .

IoU(P, F ) ≥ α and C(P, V ) ≥ β, (3.1)

During the experiment, the hyper-parameters α = 0.5 and β = 0.5 give the best result. The

authors considered the detection results as negative if IoU(P, F ) < 0.5. Final detection

results are produced by fusing confidence scores that generated by two parallel branches.

Designing parallel branches in the detection head is effective. For example, PCN [230]

utilized two extra parallel branches besides the basic branch: one is the part semantic

branch, which adopts the LSTM method for the information communication; the other is

the context branch to select the region scales.

3.1.2 Addressing the Occlusion Caused by the Crowd

Pedestrians often gather together, and sometimes the occlusion is caused by other pedes-

trians. The authors of [217] came out with a double-pedestrian detection method, which
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focused on the occlusion pattern that occludes by each other. Wang et al. claimed that

many occlusion cases are actually caused by the crowd in [233], where one pedestrian is

occluded by other pedestrians. After applying NMS, detection results that are close to

each other may be eliminated because of a high IoU. To cope with the occlusion in the

crowd, the authors of [233] proposed a novel regression loss function named Repulsion Loss

(RepLoss) that inspired by magnets’ attraction and repelling attributes. The regression

loss function is given by,

RepLoss = Latt + αLRepGT + βLRepBox. (3.2)

In Eq. (3.2), Latt is the attraction term to enable the proposal to approach its target, LRepGT

is the repel term to make the proposal repel other surrounding ground truth targets except

its own target, LRepBox is another repel term to enable the proposals for different targets

far away, and can make the detection results less sensitive to NMS. α = 0.5 and β = 0.5

gives the best result in the experiment.

Zhang et al. proposed OR-CNN in [253] and aimed to improve pedestrian detection

under occlusion. They proposed a novel loss function called aggregation loss function

(AggLoss) and a new part occlusion-aware RoI pooling unit. The proposed two-stage

detector OR-CNN adopts Faster R-CNN’s framework [195]. The motivation of the AggLoss

is to ensure that the anchors that match the same ground truth target can be close to each

other. The AggLoss consists of the SmoothL1 regression loss and a β-balanced compactness

loss Lcom, which is defined as follows:

Lcom =
1

Ncom

p∑
i=1

∆(t∗i −
1

sumAi

∑
j∈Ai

tj), (3.3)

where Ncom is the number of ground truth objects that are assigned with more than one

anchor, t∗i is the ground truth object assigned with multiple anchors, sumAi is the number

of anchors assigned with the i-th object, and tj is the predicted bbox j. The working

flow of the part occlusion-aware ROI pooling unit in [253] is to divide every proposal

into five pre-defined hand-crafted parts, each of which is fed into the ROI pooling to

generate the feature. These five individual features Fin are sent to five corresponding

occlusion processing units to predict visibility scores, and the scores will be fused with

corresponding input features Fin. The final feature is obtained by adding the outputs from

these five occlusion processing units to the proposal’s after-pooling feature, and following

classification and regression tasks are performed on the final feature.

Adaptive-NMS [159] was introduced in 2019. The authors claimed the NMS is not

an optimal solution in some conditions, especially in crowd scenes, because every target

is close to the others and has a high overlap. Adaptive-NMS dynamically improves the
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threshold for the NMS when a predicted pedestrian is in a crowd. This is achieved by an

additional parallel sub-network in the detection head, which can predict the density. The

density’s definition is given as follows:

di := max
bj∈G,i 6=j

IoU(bi, bj), (3.4)

where G is a set of ground truth bboxes, and the density of the object is defined as the

maximum IoU with other objects in the ground truth set. The dynamic threshold of

Adaptive-NMS is the maximum of the density of the crowd or the pre-defined threshold.

The rest of the Adaptive-NMS is based on Soft-NMS, which will reduce the confidence

score for the detection results instead of eliminating it.

3.1.3 Comparisons and Conclusions

The most common occlusion handling method is the part-based methods that we intro-

duced in Section 3.1.1. This type of method utilizes partial features, which can be visible

or representative parts of the pedestrian. Another type of method in Section 3.1.2 is to

deal with the occlusion caused by other people in the crowd and take into consideration the

person’s relationship to the group. In Section 3.3.3, we will introduce methods that gen-

erate occlusion during the data preparation step, and help the model learn how to handle

the occlusion. In Section 3.4.2, we will discuss the attention mechanism-based methods to

force the detector to focus on specific regions, such as the occlusion region-based attention

network introduced in [252].

From evaluation results provided in [233] [253] [159], the detection performance of

occluded pedestrians are far from promising with such a high miss rate, and this can be very

dangerous. It is hard to improve detection accuracy and eliminate the occlusion problem

from existing methods. Taking the Internet of Things (IoT) and vehicular networks into

consideration can innovate the new mode to detect the pedestrians in traffic scenarios.

For example, the cellphones carried by pedestrians can work as sensors, which can work

with distances detected by the Lidar or other 3D detection methods, and the integrated

information will enable autonomous vehicles to figure out the pedestrians that are occluded

by obstacles. In [185], the authors proposed an occlusion-aware sensor fusion framework

to enable information obtained by different vehicles to be shared to predict pedestrians

crossing the road.
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3.2 Multi-scale Feature Extraction

The pedestrians far away from the camera, the little children, and the sitting persons are

smaller in scale and occupy a smaller number of pixels in the image. The small-scale

pedestrians are very easy to be ignored by detectors; they do not have a clear boundary

with the background, and the location accuracy may be very low, since a minor offset can

cause a dramatic shift for the small-scale object. An image often contains pedestrians of

different scales, and these multi-scale pedestrians have different proportions on a feature

map, which can cause difficulties in designing the network and setting anchor box scales.

An overview of the methods that we will introduce to address multi-scale feature extraction

is listed in Table 3.2.

Table 3.2: Representative pedestrian detectors for addressing multi-scale feature extrac-

tion.

Method Year Backbone Framework Anchor Highlight

RPN+BF [195] 2016 VGG-16 RPN
√

Used boosted forest to replace

the second stage of Faster R-

CNN.

MS-CNN [82] 2016 VGG-16 Faster R-CNN
√

Performed the detection at dif-

ferent levels to generate multi-

scale proposals.

SADR [259] 2016 VGG-16 Faster R-CNN
√

Used different levels of features

to regress the pedestrian’s loca-

tion according to the height.

SAF R-CNN [154] 2017 VGG-16 Faster R-CNN
√

Gated function of two sub-

branches, one for large scale ob-

jects and the other for small ob-

jects.

TLL [209] 2018 ResNet-50 ResNet ×

One-stage network that pre-

dicted the top-bottom point

and the topological line, in-

creasing the performance of

small-scale pedestrians.

ALFNet [161] 2018 ResNet-50 ResNet
√

One-stage detector, cascaded

the prediction blocks at four

feature levels by higher IoU

thresholds to generate fine re-

sults.
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After the publication of the general object detector Faster R-CNN [195], Zhang et al.

found that Faster R-CNN did not perform well when applying to pedestrian detection

in [248]. However, Zhang et al. found the RPN could perform well alone. The reason

why adding the second-stage classifier would harm the performance might be the low

resolution of feature maps, which could affect the detection of small-scale objects. To

address this, Zhang et al. took the first-stage network– RPN as the backbone to obtain

the bbox, confidence scores, and features. The outputs are fed into the cascaded boosted

forest classifier to eliminate the confusion of the hard background instances. The RPN+BF

method uses the single ratio anchors (0.41) with 9 different scales to deal with the multi-

scale pedestrians.

To address the multi-scale feature extraction, using multi-scale inputs is a widely-used

but cost-intensive method. Another method is to utilize different levels of features. Higher-

level features contain rich semantic information, but the spatial location is not accurate

because of the low resolution of the feature map. Lower-level features are more precise

in terms of locating. In [259], the authors proposed Scale Adaptive Deconvolutional Re-

gression (SADR) Network, which works to flexibly choose the feature from different levels

according to its height to regress the target’s location. Similarly, Feature Pyramid Net-

work [156] also took advantage of multi-scale features from different levels. Feature maps

from different levels are fused together before and after the deconvolution operations for

final detection. The Active Detection Module (ADM) was introduced in [254], which uti-

lized a series of coordinate transformation actions to obtain accurate pedestrian locations.

SAF R-CNN [154] was designed to cope with multi-scale pedestrian detection by taking

two parallel sub-networks after generating the proposals; the first is large-size sub-network,

and the other is small-size sub-network. Both of these two sub-networks predict confidence

scores and bbox locations. These two sub-networks were applied to a scale-aware weighting

layer (SAWL) proposed by authors. The mechanism is that if the object is large, the SAWL

weight for the large-size sub-network is expected to be high, while the SAWL weight for

the small-size sub-network is low. SAWL works as a gated function. The SAWL weight

for the large-size sub-network is given by,

Wlarge =
1

1 + αexp−
∆h
β

, (3.5)

where α and β are trainable parameters, ∆h is the difference between the height of the

object and the averaged height of all objects. The Wsmall can be obtained by 1 −Wlarge.

The SAWL works as a soft activation, and the final detection results will depend more on

one of the sub-networks’ outputs according to the predicted Wsmall and Wlarge.

In contrast to previously mentioned methods like multi-scale inputs and multi-scale

features fusion, Cai et al. in MS-CNN [82] utilized multiple detectors at different levels.
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Similar to Faster R-CNN, MS-CNN has two sub-networks. The first sub-network is a multi-

scale object proposal network, and Cai et al. performed the detection at four branches at

different levels. Each branch can only detect objects with one scale by sliding anchor

windows. The second sub-network is an accurate detection network. Cai et al. used a

deconvolution layer to upsample the feature maps in order to increase the accuracy of

small-scale object detection. Liu et al. proposed ALFNet [161], which is a cascade one-

stage detector that performs detection at four different feature levels to utilize multi-scale

feature maps. At each level of feature maps, three Convolutional Predictor Blocks (CPB)

are stacked and cascaded. Each CPB works to translate anchor boxes to detection results.

In the experiment, more anchor boxes with higher IoU were sent to the later CPB, which

proved the effectiveness of ALFNet in improving the accuracy of bboxes’ locations.

By using keypoints and a topological line to detect the pedestrian, TLL [209] was pro-

posed to enhance the detection performance of small-scale pedestrians by Song et al., where

TLL stands for the topological line localization. TLL is a one-stage anchor-free detector.

Song et al. took the ResNet-50 [124] as the backbone and concatenated the deconvolu-

tioned feature maps of Conv3, Conv4, and Conv5 layers. The concatenated feature maps

are from different levels, and can enrich the feature semantics and the resolution. There

are three parallel branches in the detection head, each with a 1× 1 Conv layer to produce

the top point, bottom point, and the topological line for each pedestrian, respectively. The

bbox can be generated by combining the information extracted from the top-bottom topo-

logical line. Song et al. adopted the Markov Random Field (MRF) in the post-processing

step to improve the detection accuracy.

3.2.1 Comparisons and Conclusions

There are various methods for coping with the scale variation, and the most common

attribute is to share and fuse the features from different levels such as [142] and [156].

MS-CNN [82] and ALF [161] perform the detection operations on multiple feature layers.

SADR [259] and SAF-RCNN [154] can flexibly select features from different branches or

different levels according to the height of the pedestrian, thereby producing corresponding

results. Other methods, such as re-annotating the pedestrian by the keypoints and the

topological line [209] and the scale-aware attention mechanism (e.g.,GDFL [155]), will be

introduced in Section 3.3.2 and Section 3.4.2.

As for the experimental results provided in their work, the two parallel subnets of SAF

R-CNN [154] perform well in detecting large objects, but the detection accuracy is not

significantly improved when detecting small-scale objects. TLL [209], which uses another
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format of annotations to denote the pedestrians, has an obvious improvement in small-

scale pedestrians’ detection on the Caltech dataset. The small-scale pedestrians can be

children or persons sitting at a very near distance, or adults standing further away. For

autonomous vehicles, it is more urgent to detect the small-scale pedestrians at near and

medium distances, which may require depth information as an aid. In traffic scenarios

and street scenes, sitting persons usually sit on chairs or benches, riders come with their

vehicles, and children have a significant opportunity to stay with the adults. Taking the

surrounding background information and spatial context features into consideration can

benefit the detection performance.

3.3 Multi-scope Data Utilization

In addition to using the semantic and part information of each pedestrian, there are some

other different scopes to utilize the dataset. For example, the traditional detection task

is to denote the pedestrian with the bbox, Song et al. re-annotated the pedestrians by

topological lines in TLL [209]; a novel way is to detect the keypoints of pedestrians, and

bboxes can be transformed from the detected keypoints. This type of method belongs to

the anchor-free detector, which was mentioned in Section 2.1.3, and we will introduce other

information and features researchers utilized to denote pedestrians besides the keypoints

in Section 3.3.2. Re-annotating datasets with information that benefits models to classify

and detect pedestrians is an effective method that will be introduced in Section 3.3.3.

An overview of the representative methods we will introduce in this Section is listed in

Table 3.3.

3.3.1 Exploiting Semantic Features

The semantic information, such as human-annotated semantic labels and the pixel value

for semantic segmentation task, can contribute to other related tasks such as detection.

Some works have been designed to aid pedestrian detection performance by the semantic

information, such as [220] and [96].

The detection can locate each object but have no idea about the clear boundary; the

semantic segmentation task can extract the boundary through the pixels, but have a hard

time figuring the object instances that belong to the same class. Simultaneous Detection

and Segmentation (SDS) [121] was introduced in 2014, which combined the general object

detection task with the pixel-level segmentation task. SDS has two pathways: path A

operates on the cropped image of the object, and path B operates on the foreground of the
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Table 3.3: Overview of the representative pedestrian detectors in Section 3.3.

Method Year Backbone Framework Anchor Highlight

SDS[121] 2014 - R-CNN
√

Fused object detection with

segmentation task by using two

parallel pathways: one oper-

ated on the cropped image, and

the other operated on the re-

gion foreground.

SDS-RCNN [81] 2017 VGG-16 Faster R-CNN
√

Fused the semantic segmenta-

tion task in the network to aid

the detection task, and the fea-

ture sharing can help the model

train.

CSP [162] 2019 ResNet-50 ResNet ×
One-stage detector based on

the center keypoint and scale.

CSID [141] 2019 DLA-34 ResNet ×

A novel NMS methods: ID-

NMS, which took both identity

and density of the pedestrian

into consideration.

PedHunter [89] 2019 ResNet-50 Faster R-CNN
√

Randomly occluded one part of

the pedestrian during the train-

ing step.
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image in path A. These two parallel pathways do not share parameters, and training them

as a whole directly produced better results than training them separately. The outputs of

these two pathways were concatenated together to produce the final detection results.

SDS-RCNN [81] was proposed in 2017, which also combined pedestrian detection with

segmentation tasks. SDS-RCNN was designed to improve pedestrian detection performance

by taking advantage of segmentation supervision. SDS-RCNN has two sub-networks: the

first network is RPN, and the second one is a binary classification network (BCN). The au-

thors proposed the Segmentation Infusion Layer (SIL) and applied it to both sub-networks.

This SIL only has a single layer and a 1× 1 kernel to produce binary results – pedestrian

samples and background. With the rough segmentation information transformed from

bbox annotations, the authors generated the ground truth semantic mask S ∈ RW×H and

assigned the pedestrian at Si with value 1, the background at Si with value 0. The softmax

loss function was used for the SIL. SILs share the parameters with the main network, and

SILs can assist and benefit the shared parameters to be less sensitive in a natural way

during the training phase.

Other existing methods, such as using the attention mechanism to fuse semantic features

to the detection bboxes can make the detector focus on the trained ‘attention’ regions,

which will be introduced in Section 3.4.2.

3.3.2 Using Keypoint Sets to Replace Bounding Boxes

It is pointed out that the bbox cannot represent the content feature of the object, while

the keypoints are able to in [150] and [105]. The keypoint-based anchor-free detectors have

recently become very popular. The aforementioned TLL [209] is an example of the anchor-

free pedestrian detector, which is achieved by predicting the top and bottom keypoints

and the topological line of each pedestrian to replace the traditional bbox. The anchor-

free detector has some advantages, such as relieving the multi-scale feature problem by

predicting the keypoints in the heatmap, rather than using anchor boxes with different

scales. Thus, TLL does not need to consider the multi-scale anchor boxes and bboxes.

CSP [162] is a one-stage anchor-free detector proposed by Liu et al., which utilized the

center keypoint and the scale of the pedestrian to make the prediction. The CSP model

took ResNet-50 as the backbone and concatenated the feature maps from different levels

to benefit the multi-scale object detection performance. The final feature map is applied

to three parallel branches, which output center keypoints, scale predictions, and regression

predictions through separate 1×1 Conv layers, respectively. Liu et al. changed the ground

truth pedestrian annotations into three 2D masks, which contain center keypoint locations,
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scales of the pedestrians, and offsets. The ground truth center keypoints are obtained by

using the 2D Gaussian function, and the pedestrian center area with a radius of 2 in the

mask is assigned with positive value 1 to indicate that is the center of a pedestrian. The

visualized center keypoint mask is a heatmap of pedestrians on the corresponding image.

On the scale mask, the log of the width and height for each pedestrian is assigned at the

corresponding pedestrian’s center location. In the area of pedestrian detection, the bbox

ratio is fixed 0.41, which indicates the width of the bbox can be obtained from the height

and vice versa. Liu et al. did an ablation study to find what is best choice among using

height, width, height+width as the ‘scale’, and the experimental results indicated that

using ‘height’ can produce the best accuracy. In the training phase, the center keypoint

prediction is treated as a classification task and applied with the Focal Loss [157], and

the height prediction and bbox offset prediction are treated as regression tasks by using

the Smooth L1 loss. To convert these outputs into bbox results, take the centerness

confidence scores higher than the threshold on the center keypoint mask as the center

points of pedestrians, and multiply the predicted height of the corresponding pedestrian

on the scale mask by the bbox ratio 0.41 to obtain the bbox width. The corresponding

predicted offset could refine the bbox locations in horizontal and vertical directions.

CSID [141] was published in 2019 based on the working pipeline of CSP [162] and

took [244] as the backbone. The authors found the Adaptive-NMS had a good impact

on the crowd scene. However, it may not have been able to suppress the bbox for the

same person. The authors proposed ID-NMS, which also considered the person’s identity

compared to Adaptive-NMS. The density value was assigned to the positive region of each

pedestrian, which is a 2×2 area on the downsampled feature map. The authors took the

euclidean distance in embedding spaces to denote the distance between two bboxes, which

could further represent the identity information on the ID-Map. The purpose of ID-NMS

was to design a usage condition to flexibly choose whether to use adaptive NMS or the

original greedy-based NMS. When the distance between the highest-scoring bbox and other

predicted bboxes is greater than the pre-defined identity threshold, the NMS threshold will

be calculated according to Adaptive-NMS [159]: choose the larger one between the density

value and original NMS threshold. Otherwise, when the distance is smaller or equal to

the identity threshold, the NMS threshold will be used for post-processing. The intuition

behind the ID-NMS is to find if the surrounding bboxes belong to the same identity. ID-

NMS will choose to use the original NMS to suppress the bboxes blindly if the bboxes

belong to the same pedestrian. Otherwise, ID-NMS will use Adaptive-NMS which could

generate a dynamic threshold to preserve bboxes belong to different identities during the

post-processing step.
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3.3.3 Expanding the Data

Data augmentation is one of the widely-used methods to enlarge the amount of data during

the training phase. Its basic operations include flipping, randomly cropping and rotating

the images to increase the diversity of the dataset, in order to increase the generalization

ability of the CNN model. Generative Adversarial Networks (GAN) is unsupervised learn-

ing, which can be trained to learn the distribution of the given data and produce similar

data. GAN can also be adopted for data augmentation, as seen in [112] and [104]. In [232],

Wang et al. adopted the GAN to occlude objects and make them difficult to classify. This

increased the likelihood of objects being occluded in the dataset and facilitated the model

to learn occluded hard examples. Wang et al. designed Adversarial Spatial Dropout Net-

work (ASDN) in [232], which applies an occlusion mask according to the object and sets

the feature value in the occlusion mask to zero. ASDN is trained to learn where occlusion

makes recognition difficult, and enables the CNN model to learn more difficult occluded

examples. PedHunter [89] was published by Cheng et al. in 2019, which utilized the

occlusion-simulated data augmentation. Cheng et al. divided the pedestrian samples into

five parts (i.e., the head, the left-upper body, the right-upper body, the left-bottom body,

and the right-bottom body) and randomly occluded one of the four parts except the head

of the pedestrian. The pedestrian samples are only occluded and fed into the model during

the training stage. Besides, Cheng et al. annotated the head part of each pedestrian in

order to guide the model to learn the features in the mask-guided module.

3.3.4 Comparisons and Conclusions

After observing the experimental results, we find feeding the semantic features into the

model could aid the detection performance. Re-annotating the pedestrian with the key-

points enables the model to have a better representation ability and learn the essential

features of the pedestrian. Keypoints including the center point and corner points are

widely used. Novel keypoints combinations that can better represent pedestrians’ features

might improve the accuracy of pedestrian detection. Data augmentation is an effective

step to increase the diversity of the dataset and enhance the detection performance, and

it can be achieved by training GAN models.

3.4 Hard Negatives Processing

Hard negatives are the samples that detectors may regard as positive samples. A large

amount of negative samples can overwhelm the training phase, because the negative sam-
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Table 3.4: The overview of the representative detectors in Section 3.4.

Method Backbone Framework Anchor Highlight

RetinaNet [157], 2017 ResNet FPN
√ Proposed the Focal Loss

to re-weight samples.

Faster R-CNN+ATT [252], 2018 VGG-16 Faster R-CNN
√

Designed three atten-

tion modules and ap-

plied to the Faster R-

CNN to test the per-

formance, three mod-

ules are channel-wise

self-attention net, visi-

ble bbox attention net,

and part-region atten-

tion net.

GDFL [155], 2018 VGG-16 VGGNet ×
Proposed a scale-aware

attention module.

SSA-CNN [88], 2019 VGG-16 Faster R-CNN
√

Used the semantic fea-

ture in a self-attention

mechanism.

MGAN [186], 2019 VGG-16 Faster R-CNN
√

Predicted the possibil-

ity map of the visible

part of the pedestrian

and fused with the fea-

ture in a guided atten-

tion way.
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ples take a considerable proportion of the loss. We list the representative detectors that

we will introduce in Table 3.4. There are two methods to deal with hard negatives in the

training phase that will be introduced in Section 3.4.1: hard sampling and soft sampling.

To reduce the hard negatives, utilizing the semantic information to aid the model and

adopting the attention mechanism to force the model to focus on some specific region is

an option, which will be analyzed in Section 3.4.2.

3.4.1 Dealing with Hard Negatives by Sampling

The sampling methods can be divided into hard sampling methods and soft sampling

methods, where the hard sampling methods aim to select a subset of hard examples to

train the model, such as hard negative mining utilized in [115] and OHEM [205]. Soft

sampling aims to assign new weights to hard examples and easy examples, such as the

representative Focal Loss proposed in [157]. The intuition behind the Focal Loss is to

improve the accuracy of OSDs. The essential difference between TSDs and OSDs is that

TSDs have a proposal generation phase before generating the final bbox, while OSDs do

not. Correspondingly, TSDs are usually slower than OSDs but with higher precision. Lin et

al. [157] deduced that one reason behind OSDs’ unsatisfactory precision is that OSD needs

to classify approximately 100k candidate bboxes, while TSD only needs to process around

2000 candidate bboxes with the first stage’s help. Consequently, most of the candidates

that OSD needs to process are hard negative samples, which can overwhelm the entire

training process. In essence, this is the imbalance between foreground and background

classes.

FocalLoss = −α

{
(1− p)γ log(p) if y = 1 ,

pγlog(1− p) otherwise .
(3.6)

To cope with class imbalance, Lin et al. proposed the Focal Loss [157] that defined in

Eq. (3.6) to handle this problem. They also proposed a network called RetinaNet, which

used the Focal Loss as the loss function. RetinaNet took the ResNet [124] and feature

pyramid network (FPN) [156] as the backbone to extract features. In the experiment, the

focal weight α in Eq. (3.6) was set to 0.25, and γ was set to 2. RetinaNet beats the accuracy

of many TSDs, including Faster R-CNN, on almost all subsets of MS COCO dataset [158].

3.4.2 Adopting Attention Mechanisms

The concept of ‘attention mechanism’ has been proposed for image caption and natural

language processing (NLP) tasks for more than 10 years. The authors of [195] regarded
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the RPN as a practical use of attention mechanism that could contribute to the detection

network. Generally speaking, when people look at a picture, there are certain areas that

will hold their gaze first. Similarly, a model can be tuned to focus on a specific area by

using a greater weight than other places.

The Attention Domain

In the computer vision image-based detection area, attention mechanisms can be classified

into spatial domain attention, channel domain attention, and mixed domain attention from

the aspect of ‘attention domain’. To give an example, we take the input feature map of size

H ×W × C for demonstration. Jaderberg et al. proposed Spatial Transformer Network

(STN) [138] in 2015, which is an example of the spatial domain attention methods. The

Spatial Transformer module [138] was designed to generate a mask of size H ×W , which

contains the spatial weights of the input feature map. For the spatial domain attention

mechanism, each channel of the input feature map is processed the same way by multiplying

the same H ×W attention mask to obtain the output feature maps. SENet [130] is an

example of the channel domain attention methods. The input feature map of the SE

module [130] is squeezed into the size 1 × 1 × C first by global average pooling, then the

1 × 1 × C channel-wise attention mask is trained by a series of layers, including the FC

layer, ReLU function, FC layer, and Sigmoid function. The SENet [130] treats every spatial

feature on the same feature map channel equally, and the output feature maps are generated

by multiplying the input feature map Fi on the i-th channel by the attention scalar Si of

the corresponding channel. The mixed domain attention methods (e.g., CBAM [234])

produced the attention mask of size H ×W × C, enabling each spatial feature on each

channel to have different attention weights. The output feature maps are obtained by

point-to-point multiplication of the input feature maps and the corresponding attention

weights.

Some previous works have adopted the attention module to improve the detection accu-

racy. To investigate how attention mechanisms could benefit CNN models to focus on the

key features, Zhang et al. did an ablation study of three attention modules and applied to

the baseline detector Faster R-CNN to test the performance in Faster R-CNN+ATT [252];

these three modules are channel-wise self-attention net, visible bbox net, and part regions

net, respectively.
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Self-attention Mechanisms vs. Guided-attention Mechanisms

From the perspective of the source-target relationship, the computer vision-based attention

mechanism can be roughly divided in two ways: the self-attention mechanism and guided-

attention mechanism. The source and target of the self-attention mechanism are the same;

the guided-attention mechanism exploits external features to guide the model.

As a representative example of self-attention methods, SSA-CNN [88] was proposed in

2019. Similar to the aforementioned SDS-RCNN [81], SSA-CNN takes advantage of the

semantic features. In contrast, SSA-CNN uses the result of the semantic segmentation di-

rectly in the self-attention mechanism and forces the detector to focus on the illuminated

‘attention’ regions, while SDS-RCNN does not infuse the semantic feature into detection

task. SSA-CNN takes the two-stage Faster R-CNN [195] detection framework. Instead of

the re-weighting approach to ’attention’ in SENet [130], the authors of SSA-CNN [88] ex-

tracted the semantic feature maps from different layers and concatenated these multi-scale

semantic feature maps to the original feature maps in channel-wise to boost the detec-

tion accuracy. The extracted semantic feature maps are concatenated to their backbone’s

feature map at the corresponding conv4 3 and conv5 3 layer of the RPN. In the second

stage, the extracted semantic feature map from conv4 3 layer is pooled and concatenated

to conv5 3 layer semantic feature map first. Then, the combined semantic feature maps

are served as the features in the backbone network for pedestrian classification.

Detectors that use the self-attention mechanism (e.g., SSA-CNN [88]) exploit the fea-

tures generated in previous steps and feed back to the model after transforming. In con-

trast, guided-attention mechanisms exploit external features.

We introduced SAF R-CNN [154] in Section 3.2, which adopted two parallel sub-

networks to detect large-scale pedestrians and small-scale pedestrians, respectively. Graininess-

aware deep feature learning (GDFL) [155] used a similar idea to improve the multi-

scale pedestrian detection by proposing the scale-aware guided-attention module: one

guided mask for the small-scale pedestrian and the other for the large-scale pedestrian.

MGAN [186] is a TSD that took Faster R-CNN’s framework and adopted the guided-

attention manner. The authors innovated a mask-guided attention module (MGA), which

was used between the RoI Align of the first stage network–RPN and the first FC layer

of the second stage network. The MGA aims to predict an attention map of the parts

of pedestrians that will likely be visible by taking advantage of the external information–

the visible part annotations provided by datasets, and the pipeline of MGA is shown in

Fig. 3.1. The Fr is the input feature with dimension H ×W × C and Fpm is a generated

probability map with the number of channel = 1. The output feature is given by,

Fm = Fri ◦ Fpm, for i = 0, 1, 2, ..C, (3.7)
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where ◦ denotes the element-wise dot product and i is the channel index. The loss function

of this module is named Lmask, which is a per-pixel BCE loss for weak supervision tasks.

The output of MGA Fm is a feature map, emphasizing the spatial features at the location

where MGA thinks it could the visible part of the pedestrian. Generally speaking, the Fm

is guided by the attention mask Fpm through the attention mechanism.

Figure 3.1: An illustration of the working pipeline of MGA module in [186].

3.4.3 Comparisons and Conclusions

The sampling is a classic manner to deal with hard samples, as we introduced in Sec-

tion 3.4.1. The attention methods leverage external or contextual information to aid the

detector with alleviating hard samples. For the application of pedestrian detection that

applied to autonomous vehicles, the urban scene is complex. The persons reflected in shop

windows and the models printed in the billboards are typical examples of hard negatives on

the roadside. They are negative samples, but they look very similar to the positive samples

and are therefore difficult to distinguish. The detectors may not have the knowledge to

figure out they are not real pedestrians. One possible method for resolving this is to set

the ‘ignore’ region and force the model to treat the features of ‘ignore’ regions as negative

samples. Obviously, this method needs to be well-balanced during the training phase. For

the person reflected in the window, it can be processed in the post-processing step, such as

to find if the features inside two bboxes are horizontally symmetric. For the objects that
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look similar to the real pedestrian, fusing the semantic feature into the detection results

by an attention manner can be an asset. It is also possible to leverage the surrounding

environment’s contextual features to benefit hard samples’ classification. For example, the

detector could have the knowledge that the person’s feature inside the billboard may be a

negative sample.

40



Chapter 4

Proposed Methods

To detect pedestrians on a given image, the detector needs to pre-process the image firstly.

The processed image is then transformed into a tensor before being fed into the Conv layers.

The outputs of the detector contain the bboxes that enclose pedestrians and corresponding

confidence scores, and we need to filter out the true positive predictions and reduce false

positive samples in the post-process phase. In this chapter, we introduce our proposed

BCNet [203] and its variants in detail from pre-processing, network structure and design,

and post-processing three phases.

4.1 Pre-processing

Image-based pedestrian dataset provide the RGB images and the corresponding annota-

tions of ground truth pedestrians. In the pre-process phase, we need to pre-process both

the images and annotations.

4.1.1 Annotations

Taking the CityPersons dataset [249] as an example, the images are in the resolution of

1024× 2048. The authors divided pedestrian instances into a negative class (ignore) and 5

positive classes: pedestrians, riders, sitting persons, other persons with unusual postures,

and group of people. The annotation of each object instance are in the order of class label,

horizontal ordinate of the bbox’s left-top point, corresponding vertical ordinate, width,

and height of the bbox. The bbox is the way to indicate the location of the pedestrian’s

full body, whether the pedestrian is occluded or fully visible. If the pedestrian is occluded,

the annotated bbox is assigned by calculation and prediction. In addition to the bbox of
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the pedestrian’s full body, the CityPersons dataset also provides the bbox of visible part

for each pedestrian.

Our proposed BCNet [203] is an anchor-free detector, and we take advantage of the

center keypoint of object instance. Our detector is designed to predict the center keypoints

of the full body and the visible part of each pedestrian, while predicting the height and

offset. The annotations work as objectives, which can aid the detector during the training

phase. Therefore, we need to transform the annotations to make it consistent with our

detector’s expected output in order to train our detector.

For each pedestrian’s full body and visible part center keypoints, we produce a three-

channel mask as the ground truth training data. We apply the 2D Gaussian function

for each non-ignored ground truth pedestrian sample’s bbox area, and make it the first

channel, and we choose the higher value at each location if there is any union between

different pedestrian instances. The second channel is made of values of 1 at the bbox area,

and we also process all the ignored areas in the second channel and set that area to all 0.

The third channel is made of values of 1 at center keypoints of the bbox, and the center

keypoints are the central point of the bboxes.

The ground truth height mask is of two channels. We take the log value of the pedes-

trian’s original height, and assign it to the 4×4 area of the center keypoint, which constructs

the first channel. In the second channel, we set the central 4 × 4 area to value of 1. The

ground truth offset mask has three channels. When calculating the center keypoints, we

get the smallest integer value bigger than or equal to value of the coordination. We use

the difference between the float value and the integer value as the ground truth offset. The

first channel is the vertical offset, the second channel is the horizontal offset, and the third

channel is set to 1 as before. These values are all assigned to the center keypoint’s location

in each channel.

4.1.2 Images

The image pre-processing step includes image normalization, parameters modification, and

data augmentation in common. When normalizing the RGB images, the mean values of

each channel is 0.485, 0.456, and 0.406, and the standard deviation value is 0.229, 0.224,

and 0.225, respectively. This is a common practice to normalize the input images, the

values are calculated based on the ImageNet dataset [100] and suggested by PyTorch1.

We jitter brightness by 0.5, and contrast, saturation, and hue of input images remain

unchanged.

1https://pytorch.org/docs/stable/torchvision/models.html
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(a) The original image A. (b) The image A after pre-processing.

(c) The original image B. (d) The image B after pre-processing.

(e) The original image C. (f) The image C after pre-processing.

Figure 4.1: Images visualization.
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Data augmentation is a popular manner to reduce overfitting by enlarging the diversity

of data. As we listed in Table 2.3, data augmentation techniques include geometric trans-

formation, flipping, and cropping. In our pre-process step, we first resize the input image

with a random ratio varying from 0.4 to 1.5. For each resized image, we have a possibility

of 0.5 to flip it horizontally, and a possibility of 0.5 to keep the image unchanged. The

corresponding annotations are modified to be consistent with the images.

Most CNN-based models have a strict limitation on the size of input images and they

require a uniform size of input images. Therefore, before we feed the images into our

CNN-based model, we need to ensure the images are in the same size. We pave the smaller

images to a random position and fill the rest positions with values of 1. We crop the image

from a random position if the image is larger than our unified image size. Cropping and

paving make the images into a unified size during training our model.

We visualize some training images with both original images we obtain from the

CityPersons dataset [249] and the images after pre-processing in Figure 4.1 to better under-

stand what we did in the data augmentation step. Sub-figure 4.1(b) was pre-processed by

resizing to a smaller ratio and image pave, sub-figure 4.1(d) was enlarged and cropped into

the unified image resolution, and sub-figure 4.1(f) was horizontally flipped and enlarged

before image cropping.

4.2 Proposed Networks

In this section, we will introduce details of our BCNet [203], which takes advantage of the

semantic information of each pedestrian. We exploit the fusion of visible part semantic

feature and full body semantic feature. We further propose different types of methods to

fuse semantic features.

4.2.1 Model Overview

We propose a detector called BCNet in this paper, and our model is a one-stage anchor-

free detector that adopts the CSP [162] as the baseline. CSP is an anchor-free detector

which achieves promising accuracy. We note that a drawback of the CSP is that it does

not fully use he visible part semantic features for each pedestrian. To cope with this issue,

we introduce an extra parallel branch in our detector to predict the center keypoint of the

corresponding pedestrian’s visible part.

As demonstrated in Figure 4.2, we design our model to predict the center keypoint of

the visible part (CKVP) in addition to the prediction of the center keypoint of the full
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Figure 4.2: An illustration of CKVP and CKFB. The cropped image is from the CityPer-

sons dataset [249].

body (CKFB) for each pedestrian. Our detector predicts the height of each pedestrian,

and the offsets of the CKFB. These predictions are combined to convert into a bbox for

each pedestrian, and the ratio of the pedestrian bbox is uniformly fixed at 0.41.

Table 4.1: The structure of ResNet-50 [124].

conv2 x layer conv3 x layer conv4 x layer conv5 x layer

Block Structure

1× 1× 64 1× 1× 128 1× 1× 256 1× 1× 512

3× 3× 64 3× 3× 128 3× 3× 256 3× 3× 512

1× 1× 256 1× 1× 512 1× 1× 1024 1× 1× 2048

Repeat 3 4 6 3

1 The ResNet-50 begins with a 3× 3× 64 Conv layer, a batch normalization layer, and a

ReLU function before conv2 x layer.
2 The block structure of the corresponding layer is repeated by multiple times.

The pipeline of our model is demonstrated in Fig. 4.3. We adopt the ResNet-50 [124] as

the backbone in ConvNet to extract feature maps from four different layers (i.e., conv2 x

layer, conv3 x layer, conv4 x layer, and conv5 x layer in ResNet-50 as listed in Table 4.1).
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We further apply the transposed convolution layers in order to rescale these four feature

maps to the same dimension of H/r×W/r×C, where H is the height of the input image,

W is the width of the input image, r is the pre-defined downsampling ratio, and C = 256

is the number of feature maps’ channel.

After applying the L2 normalization for each feature map, these four feature maps are

concatenated in channel-wise. Concatenating feature maps that extracted from different

levels is widely used to boost the model’s performance because the feature map from a

deeper layer has a lower resolution but a higher semantic level. The feature maps with

low resolution can result in a loss in location accuracy as small offsets on low-resolution

feature maps can cause large differences in location results; the feature maps with high-level

semantics could enable the detector to find targets and make more accurate classification

results. The final feature map that generated in the feature extraction phase is of size

H/r ×W/r × 4C, and we use r = 4 as this is the downsampling ratio suggested in [209].

In our BCNet, after reducing the channel of the feature map from 1024 to 256 by

applying a 3×3 Conv layer, four parallel branches are appended in the detection head.

The CKFB branch is used to predict a heatmap which indicates all the center keypoints of

the full body for every possible pedestrians on the entire input image; the CKVP branch

works in a similar way as the CKFB branch, predicting a heatmap that indicates the center

keypoints of the visible part for every pedestrian; the height branch is used to predict the

corresponding heights of pedestrians in the image; the offset branch is processed by two

1×1 Conv kernels to generate the corresponding offsets to fine tune the CKFB’s locations

in width and height, respectively. The parameters of these four parallel branches are not

shared.

As we mentioned, the outputs of the CKFB and CKVP branches are heatmaps, and the

predicted pedestrians can be located through the high response points on the heatmap. We

extract the detection results from the above four branches to generate the final detection

bbox results: we filter out the response points that score above the pre-defined threshold

on predicted heatmaps of the CKFB and CKVP branch, respectively. The high response

points indicate the high degree of confidence in detecting the center keypoints of the full

body and visible part for each pedestrian. We further fuse these two types of center

keypoints by using the methods that we will introduce in Section. 4.2.3. The predicted

offsets are used to fine-tune the coordination of the final center keypoints both vertically

and horizontally. The bbox aspect ratio in the pedestrian detection area is set at 0.41 as

defined in [102], which can be multiplied with the predicted height in order to obtain the

bbox width.
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4.2.2 Pedestrian Detection with the Semantic of the Visible Part

Figure 4.4: The distribution of distances between the CKVP and CKFB for each pedestrian

in the CityPersons training set in the resolution of 256×512. ∆x and ∆y represent the

horizontal and vertical distance, respectively.

To prove the practicality of our proposed semantic fusion method, we analyze the dis-

tribution of distances between the CKFB and CKVP for each annotated pedestrian sample

in the training set of the Citypersons dataset [249], and we demonstrate the distribution

in Fig. 4.4.

In the training set of the CityPersons dataset, there are 19654 annotated pedestrians

in total. The resolution of the heatmaps generated in our BCNet’s detection head are

downsized with the ratio r=4, compared to the original resolution of input images. Ac-

cordingly, we shrink images and change the coordination of bboxes to the same resolution

(i.e., 256×512). As demonstrated in Fig. 4.4, around 85% and 77% of the pedestrians have

a distance of no larger than one pixel between their CKVP and CKFB horizontally and

vertically, respectively.

For the pedestrians under reasonable occlusion (i.e., occlusion ratio ≤ 0.35), the CKVP

and CKFB should be close to each other or even identical. For the heavily occluded

pedestrians (i.e., occlusion ratio ≥ 0.35), two types of center keypoints are usually far
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apart spatially, which prevents the location sensitive confidence scores of both CKFB and

CKVP from being dramatically affected.

Based on our above analysis, the relationships and distances between the CKFB and

CKVP enable the CKVP to aid the CKFB in locating the pedestrian on the fused heatmap;

the final confidence score could be enhanced when the pedestrian is under reasonable

occlusion because the CKVP is close to CKFB.

4.2.3 Fusing the Full Body Semantic and Visible Part Semantic

Fusing by Two Hyper-parameters

One natural way to combine the location sensitive confidence scores obtained from the

full body center keypoint heatmap and the visible part center keypoint heatmap could be

defined as in:

αHeatmapF + βHeatmapV = Heatmap, (4.1)

where HeatmapF and HeatmapV represent the heatmaps that contain confidence scores

of the CKFB and CKVP, respectively. α and β are weighting factors ∈ [0, 1]. The final

confidence scores on Heatmap in Eq. (4.1) can be generated by different ratios of confidence

scores on the CKFB heatmap and CKVP heatmap by tuning α and β. Hyper-parameters

α and β are applied to the entire heatmap and the confidence scores at different locations

are treated equally. As we introduced previously, the location sensitive confidence scores at

different locations will not affect each other during the heatmap fusion. We will introduce

more details about tuning hyper-parameters α and β in Section 5.3.1.

Fusing by Adopting Attention Modules

Adopting attention mechanisms could enable the detectors to focus on specific areas of

interest. We adopt a naive attention module, a channel-domain attention module, and a

spatial-domain attention module, respectively.

A naive attention module In addition to fusing the heatmaps by applying two pre-

defined hyper-parameters α and β to the entire heatmap and treating every spatial feature

equally, we can train the model flexibly to learn the parameters at corresponding locations.

We design a naive attention module, which is applied to the last feature map that is used

to predict the center keypoint heatmaps. This naive attention module is a special case of

the mixed-domain attention mechanism because it is applied to a feature map with only

1 channel. The naive attention module is two 1 × 1 × 1 Conv layers that are applied to
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(a) The naive attention module that is only used in the detection head of our BCNet,which is named

BCNet-Att-A1.

(b) We take the CKFB branch to illustrate the other variant, which is named BCNet-Att-A2.

Figure 4.5: The naive attention module. The green CKFB and CKVP are draft heatmaps,

the red CKFB and CKVP are the re-weighted heatmaps that will be added up to produce

the final heatmap.
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(a) The channel-domain attention module we adopt is the SE layer that was proposed in [130].

(b) The spatial-domain attention module.

Figure 4.6: The dimensions of corresponding feature maps are denoted in height × width

× channel format. The input feature maps’ channel is 256 in the SE layer of our network.

The output feature map is re-weighted by applying the attention scalar to the input feature

map.

the feature extracted by the model, and they produce attention masks alpha and beta.

alpha and beta are further fused with the CKFB heatmap and CKVP heatmap by dot

product, respectively to generate the final heatmaps. The final heatmaps are re-weighted

by the correspondingly trained attention masks alpha and beta. The activation function

Sigmoid is applied to every heatmap in our model. This variant of the model illustrated

in Fig. 4.5(a) is named BCNet-Att-A1. We also propose another variant BCNet-Att-A2 as

illustrated in Fig. 4.5(b), which applies the attention module on the corresponding draft

heatmaps, instead of the feature map produced in the feature extraction stage. The same

operations will be applied to the CKVP branch in BCNet-Att-A2. In the naive attention

modules that we propose, the final center keypoint heatmap is generated by adding the

final CKFB and CKVP.

A channel-domain attention module We adopt the channel-domain attention mech-

anism that was proposed in SENet [130]. The working pipeline of the SE layer is illustrated

in Fig. 4.6(a). We designed five variants of our BCNet that adopt SE layers [130] in dif-

ferent layers to investigate the effect of SE layers. We list the locations where we apply

attention modules and the aliases of these variants in Table 4.2, and the locations are

depicted in Fig. 4.4 in red and green color. The input feature map is first squeezed into

the size 1 × 1 × C by applying a global average pooling, then the 1 × 1 × C channel-

wise attention mask is obtained after applying a series of layers as shown in Fig. 4.6(a).
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Table 4.2: Variants and aliases of BCNet that adopt attention methods in different loca-

tions.

Location Channel-domain attention Spatial-domain attention

B1,B2 BCNet-Att-B1 BCNet-Att-C1

B1-B4 BCNet-Att-B2 BCNet-Att-C2

A1-A4 BCNet-Att-B3 BCNet-Att-C3

A1-A4,B1,B2 BCNet-Att-B4 BCNet-Att-C4

A1-A4,B1-B4 BCNet-Att-B5 BCNet-Att-C5

SENet [130] treats each spatial feature on the same feature map channel equally by using

a channel-sensitive weight; SE layer generates the output feature maps by multiplying the

input feature map Fi on the i-th channel by the corresponding channel’s attention scalar

Si.

A spatial-domain attention module In addition to the channel-domain attention

mechanism, we adopt the spatial-domain attention mechanism in order to find the most

effective method to fuse the full body semantic and the visible part semantic. We design

a simple spatial-domain attention module as illustrated in Fig. 4.6(b), which contains a

Conv layer, ReLU function, Conv layer, and Sigmoid function. The first Conv layer has

only one 1×1 kernel, which could squeeze the input feature channel to 1. The second Conv

layer has one 1× 1 kernel and it works to produce a spatial-domain attention mask, which

treats each channel of the input feature maps with the same attention scalar mask by dot

product. The details of variants are listed in Table 4.2 in the same manner as the channel-

domain attention module. The alias ending with ‘B’ indicates that our BCNet adopts the

channel-domain attention method–SE layer in the corresponding locations; otherwise, the

alias ending with ‘C’ indicates our BCNet adopts the spatial-domain attention method.

4.2.4 Loss Function

The loss function works to evaluate how far the prediction is away from the target, and

provides the model with the direction. In our BCNet, the CKFB branch and CKVP branch

are formulated as classification tasks, and we use Lclsf and Lclsv to denote the loss of the

CKFB branch and CKVP branch, respectively. We apply the 2D Gaussian function in

[162] to generate the ground truth heatmaps for CKFB and CKVP.

In the CKVP branch, yij denotes the ScoreCKV P on the ground truth CKVP heatmap,
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Lclsv = − 1

N

Hr∑
i=1

Wr∑
j=1

{
(1− pij)γ log(pij) if yij = 1 ,

(1− yij)δ(pij)γlog(1− pij) otherwise .
(4.2)

and pij denotes the ̂ScoreCKV P on the predicted CKVP heatmap. Both yij and pij are

in the range [0, 1]. pij is the probability that our model predicts the likelihood of CKVP

at location (i, j). Similar to [150] and [162], we adopt the Focal Loss function proposed

in [157] and make some modifications. The Focal Loss variant we use is defined in Eq. (4.2),

where N is the number of annotated pedestrians in the image. Hr and Wr represent the

height and width of the images that are downsampled by the factor r, respectively. As

suggested by Law et al. in [150], we set the focusing hyper-parameters γ = 2 and δ = 4

to perform our experiments. In the CKFB branch, the same loss function in Eq. (4.2) is

applied to calculate Lclsf .

The height and offset branches are handled as regression tasks, and we apply the smooth

L1 Loss function [115]. For the t-th pedestrian on the image, we use log(h) to re-annotate

the ground truth height ht and assign ht to locations within an area of radius 2. For the

pedestrian with a height h and width w after downsampling by the factor r, we use the

value h/2−bh/2c and w/2−bw/2c to represent the vertically offset and horizontally offset,

respectively. The loss functions in the height branch and offset branch is given by,

Lheight =
1

N

N∑
t=1

SmoothL1Loss(ht, ĥt), (4.3)

Loffset =
1

N

N∑
t=1

SmoothL1Loss(ot, ôt), (4.4)

where ht, ĥt, ot, and ôt are the ground truth height, predicted height, ground truth

offset, and predicted offset of pedestrian t, respectively.

The final objective function to be optimized during the training phase is defined as in:

Loss = λfLclsf + λvLclsv + λsLscale + λoLoffset, (4.5)

where λf , λv, λs, and λo are weighting factors for the corresponding loss, and we experi-

mentally set them to 0.01, 0.01, 1, and 0.1, respectively.

4.3 Post-processing

Post-processing is the last processing step to polish our prediction results. We will introduce

the NMS working scheme in this section. NMS is used to eliminate the duplicate and
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unnecessary prediction results.

4.3.1 NMS

NMS will be applied when testing the detector, but not during the training step. On the

final fused heatmap, we keep the locations where the confidence scores are higher than 0.3

as the center keypoints to locate candidate pedestrians. The candidate bboxes are further

generated by integrating with the corresponding heights and offsets.

The greedy based-NMS operation is applied to the candidate bboxes at a threshold of

0.5 to select the highest score among the candidates with the IoU overlap larger than the

threshold. We visualize the comparison of before applying NMS and after applying NMS

to detector’s predictions in Figure 4.7.

(a) Before applying NMS.

(b) After applying NMS.

Figure 4.7: The comparison of before applying NMS and after applying NMS.
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Chapter 5

Experiments

In this chapter we display our experimental settings of our proposed methods and compar-

ison results with other existing methods. We will work on balancing the hyper-parameters

α and β we introduced in Eq. (4.1), and we will do an ablation study to investigate how dif-

ferent attention mechanisms could affect the accuracy of detectors. We will then compare

the experimental results on the CityPersons dataset [249] and the ETH dataset [110].

5.1 Datasets and Evaluation Metrics

We evaluate our BCNet on two datasets: the CityPersons dataset [249] and the ETH

dataset [110]. The CityPersons dataset offers the visible part annotations of each pedestrian

sample in addition to the full body annotation, which meets our BCNet’s mandatory

requirement. In addition, the images of the CityPersons dataset have a resolution of 1024

×2048, and the images are collected in 3 different seasons and 27 cities. There are 2975

images in the training set and 500 images for evaluation in the validation set. Compared

to the Citypersons dataset, the images of the ETH dataset have a resolution of 640 ×480,

which is much lower. The CityPersons dataset and the ETH dataset have a large number

of pedestrians per image, which is 7.0 and 6.1, respectively. Based on their attributes, we

consider them to be representative, so we perform experiments on the CityPersons dataset

and the ETH dataset.

The unified evaluation metric in the pedestrian detection area is MR−2, which was

introduced in [102]. MR−2 is the mean value of nine derived miss rates with the cor-

responding FPPIs evenly located in [10−2, 100] within the log-space, and a lower MR−2

indicates a higher accuracy. The corresponding miss rate and FPPI are calculated by
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changing the threshold of bbox confidence score. When the threshold is lower, more de-

tection results are taken, which could cause a relative higher false positives and lower miss

rate. In our experiment we use MR−2 to evaluate detectors’ performance in Fig. 5.1,

Table 5.4, Table 5.5, Fig. 5.3, and Fig. 5.4.

Table 5.1: Evaluation Setups of the CityPersons dataset [249]

Reasonable Bare Partial Heavy Small Medium Large

Height (in pixels) [50, +∞] [50, +∞] [50, +∞] [50, +∞] [50, 75] [75, 100] [100, +∞]

Visibility ratio [0.65, 1] [0.9, 1] [0.65, 0.9] [0, 0.65] [0.65, 1] [0.65, 1] [0.65, 1]

5.2 Experimental Settings

In this section, we will provide detailed environmental settings of our proposed methods

and our implementation details of some existing methods we compare with.

5.2.1 Baseline Model with Attention Mechanisms

The proposed BCNet variants and baseline model variants are all implemented in Python

2.7 and PyTorch 1.2.0. We train our BCNet and the baseline model CSP [162] on a single

GPU (Nvidia GeForce GTX 1080 Ti).

We design and adopt different methods to fuse the full body semantic and visible part

semantic in Section 4.2.3, thus we could further compare these methods and study the

effect of different feature fusion methods. To demonstrate the effectiveness of our BCNet,

we apply the same attention modules to the baseline model CSP [162], and the details

are listed in Table 5.2. Similarly, the alias ending with ‘B’ represents the baseline model,

adopting the channel-domain attention method–SE layer in the corresponding locations;

otherwise, the alias ending with ‘C’ represents the baseline model that adopts the spatial-

domain attention method. The ending numbers of the aliases are named in the same order

as in Table 4.2. We train the baseline model CSP [162] on a single GTX 1080Ti GPU,

rather than four GTX 1080Ti GPUs as in [162], and we study how much the experimental

results will be affected when different numbers of GPUs are used.
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Table 5.2: Variants and aliases of baseline model CSP [162] that adopt attention methods

in different locations.

Location Channel-domain attention Spatial-domain attention

B1 CSP-Att-B1 CSP-Att-C1

B1,B3,B4 CSP-Att-B2 CSP-Att-C2

A1-A4 CSP-Att-B3 CSP-Att-C3

A1-A4,B1 CSP-Att-B4 CSP-Att-C4

A1-A4,B1,B3,B4 CSP-Att-B5 CSP-Att-C5

5.2.2 Existing Methods

Most of the proposed detectors were trained and tested in different environmental settings,

such as GPUs with different computing power and additional amount of GPUs, which

could have a huge impact on the detector’s accuracy and efficiency. Using more GPUs with

powerful computing ability can boost the detector’s accuracy to some extend. However, this

will introduce a huge cost, and consuming huge computing power may not be compatible

with the autonomous vehicles’ system requirements.

In our thesis, we will train some existing detectors by using the same environmen-

tal hardware on the CityPersons dataset, and we will compare our pedestrian detector

BCNet [203] with these existing detectors locally.

We adopt Faster R-CNN [195] with backbone HRNet [211], Faster R-CNN with back-

bone ResNet-50 [124], RetinaNet [157], GA-RetinaNet [227], ALFNet [161], and Fully

Convolutional One-stage (FCOS) [221] in our comparative experiments, and we list the

environmental settings in Table 5.3.

• Faster R-CNN [195] It is one of the most representative two-stage detectors, and

it is still widely used today. The concept of ‘anchors’ comes from Faster R-CNN. To

better take advantage of the framework, we use FPN [156] to enrich the extracted

feature. We apply both HRNet [211] and ResNet-50 as backbones to figure out what

performance this classic two-stage detector could achieve.

• RetinaNet [157] The authors proposed the novel Focal loss to address the class

imbalance problem. Correspondingly, RetinaNet beats many two-stage detector’s

accuracy. RetinaNet is a one-stage detector, it combines ResNet and FPN [156] to

better extract features, which introduce a large computing complexity.
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• GA-RetinaNet [227] Instead of generating anchors by sliding windows, the network

is able to learn and predict where the anchor is and what the shape of the anchor

box by applying the guided-anchor scheme.

• ALFNet [161] One-stage detector with cascaded prediction blocks applying at four

different levels, and the detection results are filtered by adopting higher IoU thresh-

olds.

• FCOS [221] FCOS is a one-stage detector. It is an anchor-free detector which works

to predict the center-ness of the target, integrating with a 4D vector of left, top, right,

bottom to generate the bbox prediction.

In the experiment, all the detection models are trained on a single Nvidia GeForce

GTX 1080 Ti GPU, with 11GB GPU memory. We do not pre-train these models on any

other datasets before training on the CityPersons training set. Training configurations of

each detector are listed in Table 5.3. To fully utilize the computing ability of our GPU

and obtain the best accuracy, we set the batch size to 2 if the GPU memory is sufficient.

We have to set batch size to 1 for the detector Faster R-CNN and FCOS. We adjust the

learning rate and the number of epochs by observing the convergence of the training loss.

We reduce the training images to a different resolution during training detectors on the

CityPersons dataset [249].

5.3 Experimental Results

There are 7 setups in our experiments to evaluate the detection accuracy on the CityPersons

dataset; the details are given in Table 5.1. For example, a pedestrian on the Reasonable

setup is no less than 50 pixels tall and at least 65% of the pedestrian’s body is visible.

We train our BCNet variants and the baseline detector variants on the training set

of the CityPersons dataset. The backbone model ResNet-50 was pre-trained on the Im-

ageNet [100] dataset, and we load the pre-trained weights for initialization. We train

detectors for 100 epochs, and the mini-batch size is 2. The learning rate for the first 50

epochs is 5×10−5, and the learning rate is decreased to 2×10−5 for the remaining 50 epochs.

Adam [101] is adopted to optimize the objective function we introduced in Eq. (4.5).

We test our BCNet variants on the validation set of the CityPersons dataset [249],

and the mini-batch size is 1 during the inference phase. It takes 0.28s on average to infer

a 1024×2048 image on a single GPU, which does not cost extra time compared to the

baseline model variants.
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5.3.1 The Ablation Study on Two Hyper-parameters α and β

To fuse the semantic of CKVP and CKFB, the first method we introduced in 4.2.3 was

to adopt two hyper-parameters α and β in Eq. (4.1). By applying the pre-defined α and

β value, the final heatmap can be combined by re-weighted CKFB and CKVP heatmaps.

Thereby, the final confidence score on the fused heatmap that is used for producing detec-

tion results is combined by different proportions of confidence scores on two heatmaps. To

find the best choice of hyper-parameters, we do an experiment on the Reasonable setup

of the CityPersons dataset. We demonstrate the effect of varying α and β in Fig. 5.1.

It is found that there is a specific area in which the MR−2 is promising and stable, and

we conclude this happens when the ratio of α and β is around 2:1, and α ∈ [0.4, 1] and

β ∈ [0.2, 0.6]. These combinations of α and β can result in a more accurate performance.

A similar phenomenon also applies to most of the other setups we list in Table 5.1. To

simplify, we take α = 1 and β = 0.5 to conduct the following evaluation and comparisons.

Figure 5.1: Experiments of varying α and β on Reasonable setup of CityPersons dataset,

evaluated by MR−2.
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We visualize the CKFB heatmap, CKVP heatmap, and the heatmap after fusion (with

α = 1 and β = 0.5) in Fig. 5.2. The bright spots on the heatmaps indicate higher confidence

scores, which means our detector is more likely to treat them as center keypoints. After the

heatmap fusion, the final heatmap in Fig. 5.2(c) is enhanced by the semantic fusion. There

is a stronger response on the final heatmap, as the center keypoint spot is brighter than

the one before fusion. The visible part semantic remains on the final heatmap but would

not become noise, because its response is weaker than the full body semantic with the

help of weighting factors balance. In this way, the semantics of the visible part could aid

the detection of each corresponding pedestrian’s full body. Also, we observe a significant

enhancement when the pedestrian is unoccluded or under slight occlusion, because the

CKVP is spatially close to CKFB.

5.3.2 The Ablation Study on Attention Modules

We adopt three types of attention mechanisms that we introduced in Section 4.2.3 to

perform an ablation study, and we list the experimental results of our BCNet and baseline

model CSP in Table 5.4. Zhang et al. [252] applied the channel-domain attention module

to the final feature maps generated in the first stage of the baseline model Faster R-

CNN, however, the MR−2 dropped from 15.52% to 20.93% on the Reasonable setup of the

CityPersons dataset [249]. One drawback is they only applied the attention modules to

feature maps generated at the end of the RPN, which is not sufficient to further compare the

effects. In our experiment, we apply attention modules to different locations, respectively.

When the attention modules are applied to the feature extraction ResNet-50, we apply the

attention modules to all four feature maps produced in four different layers, which enables

the detector to focus on the area of interest in different levels, compared to Zhang et al.’s

work [252].

From Table 5.4 we can observe that after applying the channel-domain and spatial-

domain attention modules to the baseline model CSP, the corresponding MR−2 values

on the Reasonable setup vary from 11.72% to 13.20%, and the MR−2 of the baseline

model CSP that we train on the same environment is 12.14%. Similar performances are

also found on the other setups. We observe that CSP-Att-B3 and CSP-Att-C3 can yield

modest improvement or comparable results compared to the baseline model. In contrast,

the MR−2 values of all subsets generated by CSP-Att-B2 and CSP-Att-C2 are worse than

the baseline model. The reason for this is that attention modules are only applied to

the high semantic level feature maps in the detection head, where detectors may not be

capable of extracting the effective area of interest. Even though CSP-Att-B1 and CSP-Att-

C1 do not make an improvement on the Reasonable setup, they significantly improve the
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(a) The CKFB heatmap.

(b) The CKVP heatmap.

(c) The fused heatmap.

Figure 5.2: The heatmaps are cropped into size 40×60 for visualization. Width and height

are in pixels.
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performance accuracy on the Medium setup, compared to the baseline model. For the CSP

with attention variants, spatial-domain attention modules and channel-domain attention

modules have little difference in MR−2 values on each setup.

As for the BCNet variants, we can observe that all variants of BCNet largely improve

the MR−2 on almost all setups, compared to the baseline model and corresponding CSP

variants. The results indicate the structure of our BCNet is more sensitive to attention

modules, and this is because the BCNet is aided by the visibility semantic.

Adopting attention modules has become a popular approach, but during our experi-

ments we find the attention modules may not be as powerful as we imagined. Applying

two pre-defined balanced hyper-parameters to the entire heatmap produces the best MR−2

performance on the Reasonable, Bare, and Partial setups, and beats the baseline model on

almost all setups except the Heavy setup.

5.3.3 Evaluation and Analysis

In table 5.4, we compare our proposed BCNet variants with the baseline detector and other

existing detectors. From the experimental results of exisiting detectors, we can find FPN

is effective to benefit the accuracy of detectors: RetinaNet was proposed and declared

to beat the performance of Faster R-CNN. However, after applying FPN to Faster R-

CNN, its accuracy is dramatically enhanced. The image resolution also has an impact on

the detector’s accuracy. Faster R-CNN + ResNet-50 is trained with a larger resolution

comparing with the Faster R-CNN + HRNet that trained with the image resolution of

256× 512, and they achieve a pretty similar performance, especially on Reasonable, Bare,

and Partial setups. When Faster R-CNN* with backbones ResNet-50 is trained with the

same resolution of 256 × 512, it is found that the HRNet backbone has a contribution to

the accuracy. Therefore, we it is obvious that the backbone of detectors has a non-ignored

effect on detector’s accuracy.

However, there is a trade-off among backbone choices, image resolution, batch size,

and some other hyper-parameters with a GPU which has the limited computing power

and memory. This is an important issue that needs to be solved when applying deep

learning-based detectors to vehicular GPUs to support autonomous vehicles in real-world

scenarios.

Our BCNet variants produce overall better results than the CSP variants, which indi-

cates that our BCNet structure has a strong ability to boost performance accuracy. We

compare our BCNet with other state-of-the-art detectors in Table 5.5, which are trained

with different GPU resource. On the one hand, our proposed detector BCNet achieves a
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significant improvement in accuracy; on the other hand, our detector reduces the depen-

dency on powerful GPUs. Considering the energy distribution of autonomous vehicles, the

computing power and the number of vehicular GPUs are limited. Therefore, achieving

promising performance accuracy with limited computing power is a critical prerequisite for

applying autonomous vehicles to real-world scenarios.

The improvement of our BCNet lies in the utilization of the visible part semantic, which

enables our detector to have more confidence to detect the pedestrians, especially when

the pedestrian is under slight occlusion or unoccluded. Compared to the baseline model,

our detector does not achieve improvement on the Heavy setup, but it is still better than

some detectors that were designed for occlusion handling, such as RepLoss [233] and OR-

CNN [253]. Moreover, autonomous vehicles are not required to detect heavily occluded

pedestrians because the application of ITS enables all vehicles to exchange information.

By leveraging this capability of ITS, the images captured from different angles are

shared, and for each pedestrian on the road, among all shared images, there may be at

least one image where they are unoccluded or slightly occluded. The vehicle is capable

of sending the detection results of pedestrians to all other nearby vehicles, so that every

autonomous vehicle can be aware of pedestrians’ locations even if it cannot detect the

heavy occluded pedestrian from images captured by itself.

5.3.4 Test on the Additional Dataset

We apply our model to test on the ETH dataset without any other training or fine-tuning

to study our model’s generalization ability, and we plot the miss rate against FPPI in log

scale in Fig. 5.3 and Fig. 5.4 by using the toolbox1.

ETH works as an additional test dataset with 1804 test images. As shown in Fig. 5.3(a),

the baseline model trained on 1 GPU scores 39.19% on MR−2. The best performer is

BCNet-ATT-C5, which scores 34.66%. BCNet-ATT-B3 obtains 35.92% on MR−2, which

is also better than the 36.77% obtained by the BCNet with pre-defined hyper-parameters on

the ETH dataset. Three CSP variants beat the baseline model, with the help of attention

modules. CSP-ATT-B1 performs even better than the CSP model trained on 4 GPUs.

The resolution of the images from the ETH dataset is only 640×480. It could harm the

effectiveness of the CKVP because a minor offset can cause a considerable impact when

generating the detection results. However, 8 BCNet variants perform better than the CSP

with 1 GPU, and four among them perform even better than the CSP with 4 GPUs, which

1www.vision.caltech.edu/Image Datasets/CaltechPedestrians/index.html
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demonstrates our detectors’ strong ability in boosting detection accuracy, even with less

computing power.

Our detector has considerable generalization ability and achieves a moderate perfor-

mance on the ETH dataset. We consider that the performance could be significantly

enhanced if the image resolution is large enough. With the progress of vehicular cameras,

the quality and resolution of images will be enhanced, which will benefit our model to

locate the CKFB and CKVP of each pedestrian.

5.4 Evaluation Demo

In order to demonstrate our detector’s performance, we visualize some detection results by

plotting the predicted bboxes on the test image, as illustrated on Figure 5.5, Figure 5.6,

and Figure 5.7. We notice that the baseline model generate more false positive predictions,

such as the window of the cab. Our proposed BCNet is able to detect very small-scale

pedestrians in Figure 5.6(b),i.e., the person through the window, when we lower the score

threshold to 0.1. Even if that detection result should be ignored if we consider context

features: that person is inside a property, not on the road. It proves out BCNet has a

strong feature extraction ability. Our BCNet is the only detector that does not predict

bounding boxes in the background, as shown in Figure 5.7.
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(a) ETH dataset 1

(b) ETH dataset 2

(c) ETH dataset 3

Figure 5.3: ETH dataset results
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(a) ETH dataset 4

(b) ETH dataset 5

(c) ETH dataset 6

(d) ETH dataset 7

Figure 5.4: ETH dataset results
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(a) The bboxes predicted by our BCNet.

(b) The bboxes predicted by the baseline model.

Figure 5.5: Plotting prediction results and comparison with the baseline model.
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(a) The bboxes predicted by our BCNet with the score threshold of 0.3.

(b) The bboxes predicted by our BCNet with the score threshold of 0.1.

(c) The bboxes predicted by the baseline model.

Figure 5.6: Plotting prediction results and comparison with the baseline model.
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(a) Faster R-CNN + FPN (HRNet) (b) Faster R-CNN + FPN (ResNet-50)

(c) Faster R-CNN* + FPN (ResNet-50) (d) RetinaNet

(e) GA-RetinaNet (f) ALFNet

(g) FCOS (h) BCNet (ours)

Figure 5.7: Plotting prediction results and comparison with the other models.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis is a research on pedestrian detection for supporting autonomous vehicles. We

proposed a deep learning-based detector BCNet to improve the detection accuracy. We

introduced our methods from three main components: pre-processing with annotations and

images, construct the detection model, and post-processing with the prediction results. We

compared our BCNet with the baseline detector and other existing detectors in the same

environment, and it is shown our BCNet achieved a better accuracy when the pedestrian

is under reasonable occlusion.

In Chapter 1, we stated the background and motivation of our work. The appearance

of ITS and autonomous vehicles is accompanied by the requirements for the efficiency of

pedestrian detection. After analysis, we believe that improving the detection accuracy of

slightly obstructed pedestrians is crucial. Correspondingly, we proposed a novel semantic

fusion method to address this problem.

In Chapter 2, we introduced the preliminary knowledge and some basic concepts that

used in the computer vision and pedestrian detection area before we introduced the most

representative backbone models and classic detection frameworks. Then, we listed and

compared 6 popular pedestrian detection datasets. We pointed out the inherent attributes

of pedestrian detection which are different from general object detection.

In Chapter 3, we made a literature review from four aspects: occlusion handling, multi-

scale feature extraction, multi-scope data utilization, and hard negative processing. We

summarized the commonalities of the methods in each aspect, and pointed out the specific

contributions and innovations of each method.
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In Chapter 4, we explained our proposed detector BCNet from three designing phases.

Our BCNet leverages the semantic feature fusion to boost the efficiency of the detector. We

analyzed the effectiveness and benefits of infusing CKVP into CKFB. We further combine

each pedestrian’s CKFB and CKVP in two types of methods, one is adopting two hyper-

parameters and the other one is adopting attention mechanisms.

In Chapter 5, we described the dataset setups and the evaluation metric before we

displayed the experimental results on the CityPersons dataset and the ETH dataset. We

compared our BCNet with the baseline detector CSP and other existing detectors, including

Faster R-CNN, RetinaNet, GA-RetinaNet, FCOS, and ALFNet. From the experimental

results, it is obvious that our BCNet achieved a promising improvement, especially when

the pedestrians are under reasonable occlusion.

6.2 Future Work

In order to support autonomous vehicles to detect pedestrians in complex scenes in the

real world, there are many challenges that need to be solved. Therefore, we list some open

challenges in the pedestrian detection area to indicate the directions of future work.

Pedestrian detection aims to detect the pedestrians’ locations accurately, efficiently,

and robustly in real-time. This goal can be summarized into three sub-goals: accuracy,

efficiency, and security. To find a better scope to contribute, we need to have a clear

understanding of the challenges in this area. We will discuss some open challenges that

might be helpful to guide the future work’s directions in Section 6.2.1, Section 6.2.2, and

Section 6.2.3 from accuracy, efficiency, and security these three aspects.

6.2.1 Accuracy-related open challenges

In this Subsection, we will discuss the open challenges that relate to accuracy from three

aspects: facing various environmental conditions, lacking other information, and weak

generalization ability.

Detection under various conditions

Generating fewer false positives and false negatives is a critical aspect of improving the

accuracy of pedestrian detection. False positive indicates the detector detects something

other than a pedestrian, and this will decrease the transporting efficiency. False negative
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happens when the detector fails to detect a pedestrian, which will endanger the pedestrian

because the vehicle cannot ‘see’ this pedestrian from the detection result. Other than the

occlusion and complex street scenes that we introduced earlier, there are other factors

can cause false positives and false negatives. When autonomous vehicles are applied to

real-world scenarios, the bad weather, low illumination, and blurred images caused by high

dynamic circumstances are not favorable conditions, but are inevitable.

Varying weather conditions can cause the background of the image to be different. For

example, snowy weather makes the captured image whiter, and snow may occlude some

parts of the pedestrian in the image [245]. There are other adverse weather conditions to

consider, such as rain [127] [231] and fog [149] [153]. Emerging methods for eliminating

rain and haze are proposed to restore the images, such as [132] and [246]. However, they

did not conduct tasks related to pedestrian detection on the recovered images. In actual

use, whether it is favorable or unfavorable weather, autonomous vehicles are required to

have stable performance. Therefore, it is desirable to make more comparisons regarding

pedestrian detection on both the restored image and the real image.

Autonomous vehicles need to deal with detection in poor light and even in the night.

Images captured in the night are much darker than those captured in the daytime, and

some features may be lost because the light is not sufficient, making it increasingly difficult

to distinguish people from the background [146] [140]. Using the night-vision camera that

generates multi-spectral images provides a solution for overcoming this issue, and some

related work such as [120] and [148] have explored this. Image enhancement [117] is an

effective method to improve the visibility of the images captured in low light. By far, the

most common solution is to utilize the thermal-like images to detect the pedestrian at

night or in low-light conditions. However, the features extracted between the RGB-image

during the day and the nighttime thermal-image are different, and we need to think about

how to integrate a model that is applicable both during the day and at night [143].

The highly dynamic property of autonomous vehicles is unavoidable. Moving cameras

and pedestrians can cause blurred images [140]. The extracted features of a person in a

blurred image are shifted and different from regular features. In order to detect pedestrians

from a blurred image, the detector must pre-process and restore the image. It costs more

time to compensate and process images before applying detection [169, 207]. Moreover,

efficiently determining that the image is blurred before processing and recovering the image

is another issue.
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Predictions of pedestrians’ other information

We cannot assume all the pedestrians are in the same position and facing the cameras.

People can be in any position, which is the cause of the deformation problem. Pedestrians

can move at different speeds, or they can stand still. Riders can take all different types

of riding vehicles, and the features extracted from these various types of pedestrians can

be very different from the standstill pedestrian without any occlusion. To cope with these

attributes of pedestrians and to make a better prediction, it is very necessary to include the

semantic information, contextual features, pose estimation [222], trajectory prediction [238]

for information integration. In addition, pedestrians often gather together. Fusing the

density of the person group, the distance from the person, and the age of the pedestrians to

support ethical decision-making is one of the future directions of research [167]. Therefore,

different information should be integrated and utilized in order to protect the pedestrians

and perform other functions of autonomous vehicles.

Generalization ability

The strong generalization ability means the detector works well on the current dataset and

should also have a similar performance on other datasets. Furthermore, the detector works

under the current condition, and is expected to work under other conditions. However,

this may not be as easy in the experiment as we think. When the dataset changes, the

performance can drop a lot if we do not tune and re-train the model at all [203]. To cope

with this issue, using data augmentation to increase the diversity of data is one method;

transfer-learning methods can be an asset [137]. Furthermore, the model ensemble can ben-

efit the detector’s generalization. Finding effective methods to increase the generalization

ability of CNN models is one future direction of research.

6.2.2 Efficiency-related open challenges

In this section, we will discuss open challenges in efficiency from two aspects: energy

efficiency and time efficiency. Although vehicular GPUs are more powerful and energy-

efficient than most desktop GPUs [204], improving pedestrian detectors’ efficiency is still

crucial [5, 11].

Energy efficiency

Deep learning-based pedestrian detectors achieve promising accuracy under many condi-

tions, but they cost considerable computational resources and rely highly on computing
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power. Reducing the dependency on computing hardware can help deep learning models

be more acceptable for autonomous vehicles [200, 44, 108, 241, 37, 213]. Energy efficiency

requires the model to be very light-scale, but the light-scale models usually cannot produce

results as promising as the large-scale models under the same conditions [119, 84, 114]. How

to shrink the model, reduce the computational complexity, and maintain the performance

is a challenging problem. Some novel convolutional patterns have been introduced to re-

duce the computational cost, such as [135, 129]. Parameter pruning is another approach

to compress models, which removes the unnecessary network connections by setting a pre-

defined threshold, such as [87, 133]. Emerging methods aimed at reducing computational

complexity and model scale are mainly designed and applied to generic CNN networks for

classification or general object detection tasks. However, the pedestrian detectors designed

for autonomous vehicles differ from general object detection tasks in terms of attributes

and requirements. Therefore, there is no guarantee that these methods are effective and ap-

plicable to all pedestrian detectors that support autonomous driving systems. In addition,

before adopting these approaches in pedestrian detectors, they need to be comprehensively

and carefully adjusted to align with the systematical requirements of autonomous vehicles.

Vehicular computers such as NVIDIA DRIVE AGX Pegasus [175] have strong comput-

ing power and can handle multiple deep learning tasks simultaneously. Although Pegasus

maintains an acceptable power consumption of 500 watts per hour [210], when the pedes-

trian detection system is applied to autonomous vehicles, it is still necessary to consider the

energy distribution of each module in order to avoid affecting other fundamental functions

such as driving and decision-making functions. There is very limited work on applying

pedestrian detectors to physical autonomous vehicles or simulated platforms (e.g., [176]

and [144]) to figure out the efficiency of pedestrian detectors and how they collaborate

with other deep learning-based methods. Most of the existing experiments on physical

vehicles are focused on data collection, but there is no actual on-board evaluation, such

as [226]. Therefore, it is expected that more pedestrian detection methods will be practi-

cally tested on the actual autonomous vehicle environment.

Time efficiency

Time complexity is another limitation to consider, because autonomous vehicles need to

know the locations of pedestrians in advance. The ideal autonomous vehicles are expected

to have a shorter reaction time compared with human drivers (i.e., around 0.70 seconds as

we introduced earlier). In practical scenarios, we also need to consider the time of image

pre-processing, data transmission, result processing, and decision making [190, 242, 206,

74]. Based on the analysis, the necessity of reducing detectors’ inference time consumption
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is evident. In addition to improving the inference speed of pedestrian detectors, finding

key-frames in video sequences can also enhance the overall efficiency of pedestrian detection

by reducing the number of unnecessary detections [85] [199].

In urban scenarios, we can assume the average speed of the moving vehicle is 50 km/h.

The safe braking distance is around 12.3 meters without taking the driver’s reaction time

into the calculation. This braking distance could vary with changes to road conditions or

driving speeds. In order to detect pedestrians who are occluded and suddenly crossing the

road in time, getting warning notifications through an inter-vehicle communication system

is a practical approach [122, 106, 58, 66]. Connected and automated vehicles (CAV) [191,

9, 14] technologies enable surrounding autonomous vehicles to communicate with each

other by sending and receiving messages [21, 18]. Building efficient data transmission

protocols [92, 39, 42, 8] to reduce the congestion and latency [25, 43, 97, 26] can enhance

the time efficiency of the pedestrian detection task. In addition, the pedestrian detection’s

latency should be considered systematically; tasks supporting autonomous vehicles can

be affected by each other. Therefore, physical experiments that combine multiple related

tasks, such as pedestrian detection and pedestrian tracking, can help analyze the time

latency more reasonably [72, 189]. More simulation experiments for sharing and verifying

pedestrian detection results between CAV are thus expected.

6.2.3 Security

One critical concern regarding autonomous vehicles is security [67, 36]. The sensors, cam-

eras, vehicular communication networks, and other modules are not immune to cyber

attacks [145, 197, 68, 53, 69, 55, 47, 107, 78, 178], which can cause serious traffic accidents

by providing wrong information or commands to autonomous vehicles [4]. More details of

the cyber attacks and countermeasures can be found in [118]. In this section, we would

like to discuss the adversarial attacks and defense problems for pedestrian detection.

Adversarial attack

By adding minor perturbations to images, the detectors can be deceived and prompted to

produce incorrect prediction results. Therefore, adversarial attacks can be used to evaluate

the robustness of detectors, and studying adversarial attacks and defenses can help improve

the robustness of pedestrian detectors [23]. The increasing attention has encouraged more

researchers to make efforts for this issue [194].

Adversarial attacks can be categorized into digital adversarial attacks [236] and physical

adversarial attacks [86]. The digital domain adversarial attackers can directly feed the digi-
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tal version of adversarial examples to pedestrian detectors, which assumes the autonomous

driving systems are under attackers’ control. The adversarial attack in the physical world

is a more realistic assumption. By taking a photo of the printed digital image and feeding

this photo to GAN for simulating the nonlinear quantization effect of cameras, D2P [139]

transfers digital examples to physical adversarial examples.

However, the various conditions in the physical world degrade the performance of phys-

ical adversarial examples explicitly, such as different perspectives and distances. Many

adversarial attacks are proposed on object detectors, such as the traffic sign detector [86].

Currently, there is a lack of delicate adversarial example designs to deceive pedestrian

detectors.

Defense

The adversarial attack and defense techniques are in a racing condition. The defense tech-

nique largely depends on adversarial examples. For example, adversarial training attempts

to incorporate adversarial data in the training phase to ensure the robustness of the detec-

tor. Other defensive methods aim to randomize the adversarial effects with the intuition

that CNN models are robust to random noises, such as [152]. The authors of [131] proposed

a gradient-based method to detect if the image is modified by adversarial noises. These

defense technologies are still in progress. Currently, there is no universal defense method

that can defend against all adversarial attacks.
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