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Abstract

With the emergence of Convolutional Neural Network (CNN) models, precision of image
classification tasks has been improved significantly over these years. Regional CNN
(RCNN) model is proposed to solve object detection tasks with a combination of Region
Proposal Network and CNN. This model improves the detection accuracy but suffer from
slow inference speed because of its multi-stage structure. The Single Stage Detection
(SSD) network is later proposed to further improve the object detection benchmark in
terms of accuracy and speed. However, SSD model still suffers from high miss rate on
small targets since datasets are usually dominated by medium and large sized objects,

which don’t share the same features with small ones.

On the other hand, geometric analysis on dataset images can provide additional
information before model training. In this thesis, we propose several SSD-based models
with adjusted parameters on feature extraction layers by using geometric analysis on
KITTT and Caltech Pedestrian datasets. This analysis extends SSD’s capability on small
objects detection. To further improve detection accuracy, we propose a two-stream
network, which uses one stream to detect medium to large objects, and another stream
specifically for small objects. This two-stream model achieves competitive performance
comparing to other algorithms on KITTI and Caltech Pedestrian benchmark. Those results

are shown and analysed in this thesis as well.
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Chapter 1
Introduction

Object detection has been a hot topic among computer vision researchers over decades.
As an important component for many applications such as self-driving vehicles, intelligent
surveillance, robotics, it has attracted even more attention within the community and in-
dustry in recent years. The primary goal of object detection is to locate all primary objects
(such as pedestrians, cars, etc.) on a single image. The locations of the objects will be
indicated by the bounding boxes, as well as their classes and sizes. Many applications can
be built with those information since they are crucial for understanding an image.

Many companies are devoting their resourses to researching on Autonomous Driving
System, in which object detection is one of the core modules (Figure 1.1). For each self-
driving system with visual sensors, it’s a primary step to understand the surrounding scene
and locate every objects ahead, such as cars, vans and pedestrians etc. The detection al-
gorithm must exhibit high accuracy, efficiency and robustness. Given the object’s position
and size information generated from a detection algorithm, other modules can calculate the
distance between the object and the sensor. It will help the system make further decisions.

As one of the major fields benefited by deep learning and neural network, object de-
tection have also been in transition from using hand-crafted features extraction to deep
network. These new techniques are achieving much higher accuracy comparing to the tra-
ditional methods. The development of general object detection models open the door to a

large number of new applications.
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Figure 1.1: Object (Pedestrian) detection demo.

1.1 Problem Statement

For every self-driving system with visual sensors, the first step is always understanding
the scene and parsing the input image. The information extracted from the first step is
crucial since very little disturbance can tremendously affect the following steps in the sys-
tem. Nowadays, various models have been proposed to achieve better performance. Lots
of companies are also developing their own detection algorithms to better fit their system.
Remarkable progress has been made with the help of deep neural networks and other ma-
chine learning algorithms. However, it’s still necessary and there’s still plenty of room to
improve both accuracy and efficiency of these approaches.

We aim to improve the performance of an end-to-end deep neural network detection
model called SSD (Single Shot MultiBox Detection) [23] to generate bounding boxes of

target objects from a single image with higher accuracy without impacting its efficiency.
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1.2 Motivation of the Problem

We target Advanced Driver-Assistance Systems (ADAS) and self-driving vehicles so we
decided to focus on object detection especially on vehicles and pedestrians.

Object detection used to use a combination of hand-crafted feature extraction and slid-
ing window technique. Commonly used features like SIFT [36], SURF [2], HOG [7],
etc. are extracted to characterized the local regions. In the past few years, the increase of
GPU computational power has boosted the development of machine intelligence and deep
learning, which are now widely researched and deployed in various industrial applications.
Hand-crafted features are gradually replaced by deep neural networks as they can achieve
much better performance on different tasks. Their development has benefited from the
emergence of different large datasets like IMAGENET [27].

Various models were proposed based on deep Convolutional Neural Networks (CNNs).
One of the most famous is Single Shot Detecter (SSD) [23]. Other than other multi-stage
detection frameworks, SSD models elimimate the region proposal procedure (will be dis-
cussed in Section 2.2.2.1) and calculate everything in a single network. Those features
make SSD outperform most recent models including R-CNN series models [16, 15, 26].
However, even with very deep base network, the SSD model still have difficulty detecting
objects with a wide range of sizes. It’s mainly due to the architecture of SSD which impose
on small and large objects to share the same features. To overcome this problem, we try to
build a deep network based on SSD but with a sub-network especially designed for small

object detection purpose.

1.3 Contributions

We propose a deep two-stream network based on SSD for object detection. We also ex-
plored the geometric feature of object distribution and use that to increase our detection
speed and reduce model size. We test our model performance on vehicle detection on
KITTI dataset.

In general, the contributions of this thesis are:
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e We propose a deep convolutional neural network with two streams for object detec-
tion. Our model outperformes the original SSD model especially on small object

detection.

e Explain the reason of adding another stream in our model as well as its structure in

detail.

e Use statistical analysis on training data, i.e. KITTI and Caltech Pedestrian in our

case, which helps us reduce the model size and boost detection accuracy.

1.4 Thesis Outline

This thesis is organized as follows:

e Chapter 2 introduces the background and related works on object detection models.
We present two main categories of models: R-CNN based and single stage based.
Our proposed model is a single stage model but also inspired by those R-CNN model
architectures. We also present some popular object detection datasets at the end of

this chapter.

e Chapter 3 introduces the basic SSD and presents our proposed models, which can be

considered an improved version of SSD.

e Chapter 4 shows the preprocessing procedure for the dataset and the training config-

urations. We also explain our experiments and discuss the results in this chapter.

e Chapter 5 summarizes the thesis and presents its limitations and potential future

works.



Chapter 2

Related Works

In the chapter, we review the development of object detection in recent years and present
some famous object detection models, including traditional approaches and Deep Neural
Network related approaches.

We emphasize on explaining R-CNN and SSD frameworks since many state-of-the-art
object detection models are built on top of these two. They’re both based on deep convolu-
tional networks but with different architectures. Not only the basic ideas and architectures,
we also introduce the evolution and some derivatives of these two model families in sub-
sections. Our model is based on the original SSD but also inspired from some R-CNN
models and algorithms.

Finally, we introduce the datasets we choose for vehicle and pedestrian detection, as

well as other popular object detection datasets with street scene.

2.1 Non Deep Neural Network (DNN) approaches for ob-

ject detection

In the 90s, feature descriptors are the primary techniques used to solve many computer
vision problems. Those descriptors are then combined with machine learning algorithms

like Support Vector Machine and Nearest Neighbours as an integral approach to solve those
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problems. Boosting or cascade techniques are also introduced to enhance the performance

of the descriptors.

Histogram of Oriented Gradients The HOG [7] is one of the most famous and suc-
cessful feature descriptor uses hand crafted features. Images are divided into small regions
called cells, and the histrogram of gradient directions is calculated for each cell. A group
of adjancent cells is call a block and the block histogram is represented by the normal-
ized group of histograms. HOG detector uses the sliding window technique and extracted

features are then sent to a linear SVM detector.

Boosted Cascade Machine learning approaches has been adopted for visual object detec-
tion for decades. Boosted Cascade [34], a combination of boosting algorithm and cascade
method, was proposed to achieve 15x faster speed than any other algorithms that time. A
specific boosting algorithm called Adaboost is used to boost the performance of a weak
learner. In this case it’s used to select a small set of features and train the classifiers. There
are originally 180,000 potential features and one of them is selected in each iteration. Then
a series of classifiers are introduced into their algorithm. A large number of negative ex-
amples are discarded by the first weak classifier and the following classifers only need to
compute on the ones which passed from the previous stage(s). It needs more computation
on further stages, but huge amount of potential examples are already eliminated in the early
stages.

Later Deep Cascade [1] is proposed using the same methodology but replacing the

hand-crafted features with deep neural networks.

ACF++ Boosted decision tree is also an effecient approach to deal with large datasets.
ACF++ [24] uses a combination of boosting framework and data augmentation techniques
which are commonly seen in pre-training steps of CNN models. Not like CNN methods,
ACF++ doesn’t need large amount of external data for model training. Soft cascade with
decision trees are employed as the weak learners while augmentation procedures such as

color alteration, flipping, translation, cropping, occlusion are also implemented to increase
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dataset size. This model finally achieves an average miss rate of 18%, which improves the

Aggregate Channel Feature (ACF) detector by around 10%.

2.2 Deep Neural Network (DNN) related approaches for

object detection

2.2.1 Basic layers in Convolutional Neural Network

In this section, we present four basic components of a CNN: convolutional layer, pooling
layer, ReLU layer and fully-connected layer. Those are the building blocks of every deep

convolutional neural networks as well as the base network in our proposed model.

Convolutional layer A convolutional layer consists a set of kernels with the same size.
Given a certain input, it operates a 2-dimensional convolution between the kernel and the
input. The output convolution results is further passed to the next layer in the network. For
example (Figure 2.1), given a 4 X 4 input matrix without padding, if we convolute a 3 x 3
kernel on it with stride of 1, a 2 X 2 matrix will be generated as the output. The size of

kernels are mainly 5 x 5,3 x 3 and 1 X 1 in our experiments .

0 o |TTo-fkoo_ | TTTe-o__
0 1 1 0 1 0 A i
3 3
0 2 1 0 0 0 1 —_— > . —
...... IPPE L 1
0 i S S T ~a._| 1.4-0" e
Input Matrix Kernel Output Matrix

Figure 2.1: Convolutional layer illustration with input matrix of 4 x 4, kernel size of 3 x 3,
stride of 1, an output matrix of 2 x 2 will be generated.
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Pooling layer Different kinds of pooling layers are introduced into CNN’s as down-
sampling operations. The most widely used is max pooling and it simply pools the max-
imum value among a local region. If we conduct a 2 X 2 max pooling over a 4 X 4 input

matrix with stride of 2, the output is then a 2 x 2 matrix as shown in Figure 2.2.

A

X 2 1 5 2

. 6 8

-3 6 8 3 max pooling
>

7 8
1 0 6 4
4 7 4 8

>
y
Input matrix Output matrix

Figure 2.2: 2 x 2 max pooling layer.

ReL.U layer Rectified Linear Units (Figure 2.3) apply elementwise activation function
defined as
f(x) = max(0,x) (2.1)

Activation functions can introduce nonlinearity into the model, which enables deep
networks to be adapted to more complicated tasks.

Other functions can also be used as activation function like hyperbolic tangent:

1— e—2x

= 2.2
1+e 2 (&2

f(x) = tanh(x)

and the sigmoid function:

flx)= (2.3)
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Comparing to those functions, ReLLU converges faster as the slope doesn’t plateau (sat-
urate) as x goes large. ReLU is computed several times faster than the other activation

functions [21] as well and is the most widely used.

— Rectifier

-5 -4 -3 -2 -1 0 1 2 3 4 5

Figure 2.3: ReLU layer.

2.2.2 R-CNN series

In this section, we review the development of the region-based R-CNN series models and
their derivatives which inspire the creation of our model. It has evolved since the first
generation through different phases: R-CNN, Fast R-CNN, Faster R-CNN, Mask R-CNN

(Figure 2.4). In general, we
e present the evolution of this efficient model through different stages

e review some derivatives based on R-CNN models which can improve the perfor-

mance
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Figure 2.4: R-CNN [16] (left), Fast R-CNN [15] (center) and Faster R-CNN [26] (right)
network architectures comparison. R-CNN is simply an image classifier on each proposals
from seletive search. Fast R-CNN uses Regions of Interest (Rol) pooling to avoid repetitive
inference computation. Faster R-CNN use Region Proposal Network (RPN) to propose
region directly from feature map.

&

4.

2.2.2.1 Fast, Faster and Mask R-CNN

R-CNN Since CNNs [27] achieved the best performance on image classification, people
have been given thoughts on using them for object detection tasks. The earliest and most
intuitive models are the R-CNN family. Given a single image, R-CNN propose nearly 2000
regions using Selective Search [33]. Those regions are then passed to a modified version
of AlexNet, the winner of ImageNet 2012 competition for image classfication, to extract
features. A Support Vector Machine (SVM) [6] is also attached at the end to classify each

region proposal.
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The very first R-CNN model is a combination of three modules: region proposal mod-
ule by selective search, classification module by CNN and SVM and regression module to
tighten the bounding boxes. The three-module architecture makes the pipeline very hard
to train. It also requires a forward pass (around 2000 in total) to the deep CNN for each
proposed region. Still, the original R-CNN model achieves much higher accuracy on object
detection benchmarks comparing to its peers at that time. It achieves a mean Average Preci-
sion (mAP) of 53.7% on PASCAL VOC 2010 while [33] reports 35.1% mAP using spatial
pyramid and bag-of-visual-words approach. It also achieves 31.4 mAP on ILSVRC2013
while OverFeat [28] had the previous best result at 24.3%.

Fast R-CNN Those problems mentioned above were soon realised by the R-CNN [16]
creator. RoIPool (Region of Interest Pooling) is then proposed to solve the problem that
huge CNN computations are wasted for overlapped regions proposals. In Fast R-CNN,
an input image is passed to deep CNN once and those proposed regions are directly pro-
jected to the feature map extracted by CNN. At the end of network after the Rol pooling
layer, original SVM is also replaced by a softmax activation function as the classifier and a
bounding box regressor.

Fast R-CNN achieves higher accuracy with much faster speed comparing to R-CNN.
It trains VGG16 network 9x faster and is 213 x faster at test time. The training of Fast
R-CNN is one-stage and all network layers can be updated during training. The disk space

for caching features in R-CNN are no longer needed as well.

Faster R-CNN Even with more than 100 times speedup, Fast R-CNN [15] still waste
too much time on the selective search. Faster R-CNN is then proposed to overcome the
bottleneck of the overall process. Instead of using the computationally expensive selective
search method, it use the extracted CNN feature maps for nearly cost-free region proposals.

An additional network named Region Proposal Network (RPN) is included to fulfill the
region proposing task. It works by passing a sliding window over the CNN feature map
and at each window, generating k potential bounding boxes and scores.

Faster R-CNN has near real-time detection rate and is now 5 fps on a GPU, while
achieving state-of-the-art accurary on PASCAL VOC 2007, 2012 and MS COCO datasets.
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Mask R-CNN Mask R-CNN [17] is the lastest model of the R-CNN series. It combines
an additional branch to Faster R-CNN which outputs a binary mask indicating if a given
pixel is part of an object. It focuses on image segmentation and is beyond the scope of this
thesis. But it shows the R-CNNs are highly efficient models with extensible feature.

Mask R-CNN outperforms all existing algorithm on all three tasks (detection, key-point
finding, segmentation) MS COCO dataset.

2.2.2.2 Other R-CNN model derivatives

The RPN is naturally a detector for single category detection. Based on this, Zhang et al.
[38] discover that downstream classifier in Faster R-CNN degrades the results of pedestrian
detection. They argue it may be caused by insufficient resolution of feature maps for small
instance and no procedure for hard negative mining. They propose a model contains a
combination of RPN (to generate candidate boxes and feature maps) and boosted forest (to
classify the proposals using these features). They present competitive accuracy and speed
on several benchmarks (Caltech[9], INRIA [8], ETH [11] and KITTI [14]).

In natural street scenes, objects like vehicles and pedestrians have a wide range of sizes,
and usually the overwhelming majority instances in a dataset are small objects. However,
detectors trained on those datasets will most likely perform well on large objects but signif-
icantly worse on small objects. [22] claims that instances with different spatial scales have
dramatically different features. Detector performance can be severely hurt by the large
variance in instance scales. Thus, they develop a Scale-Aware Fast R-CNN (SAF R-CNN,
Figure 2.5) with two sub-networks, which is trained to extract large and small objects’ fea-
ture separately. Their outputs are then combined via a gate function based on the size of
the object. Two sub-networks also share the first few layers to alleviate the computational
cost of the model. The architecture of SAF R-CNN is based on Fast R-CNN and it uses an
ACF-detector to generate objects proposals.

Another way to improve the detector performance on small objects and hard positives
is to use contextual information. A new approach named Contextual Multi-Scale Region-
based CNN (CMS R-CNN) is proposed to detect objects with heavy occlusion, pose varia-
tions and low resolution, etc. It outperforms other models on WIDER FACE dataset [37],
which contains high variability of objects’ conditions. The model is based on VGG-16 [30]
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Figure 2.5: SAR R-CNN network architecture [22]: two sub-networks are trained to detect
large-size and small-size objects separately. The overall detection result is a weighted
combination of outputs from two sub-networks. The weight depends on the size of input
proposal. For example, if the proposal is small, small-size network has higher weight.

and it consists of a Multi-Scale Proposal Network (MS-RPN) and a Contextual Multi-Scale
Convolutional Neural Network (CMS-CNN). In the CMS-CNN, the face features extracted
from earlier stage of the network and the body features from later stage are processed in
parallel and combined for the final outputs. Their solution of combining global and local
features is inspired by human visual system and is good at detecting tiny heavily occluded

and low-resolution objects.

2.2.2.3 Performance improvement on R-CNN with special training strategy

Instead of model structure innovation, Sun et al. [31] use a set of training strategy to
achieve better results. With a VGG16 pretrained on ImageNet as the basic network, they
train a Faster R-CNN model on WIDER FACE dataset. Hard negative mining is performed
as the second step of their training procedure. Next they finetune the model on FDDB
dataset and combine the features from Conv3_3 (3rd convolutional layer in stage 3, ResNet

acronym, see Section 3.1.2), Conv4_3 (3rd convolutional layer in stage 4) and Conv5_3
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(3rd convolutional layer in stage 5) layers to feed into Rol pooling. This feature concate-
nation scheme is similar with [30] but simpler.

There is also other researches focusing on the dataset itself. The real world scenarios are
much more complicated and there are only limited training samples in datasets. Since the
more training samples we have the better performance deep networks can achieve, there’s
always a motivation to have a larger training dataset. It’s very common to enlarge the
dataset using label-preserving transformations [29][3][4], other data augmentation meth-
ods, such as horizontal reflections and RGB channel intensities altering, are also applied in
[21]. The Adversarial Fast-RCNN [35] is then proposed to generate examples with occlu-
sions and deformations that are very difficult for the object detector to classify. Their work
makes a performance boost of 2.3% mAP on VOCO07 and 2.6% on VOC2012 compared to
the Fast-RCNN pipeline.

2.2.3 Single Stage Detector

An R-CNN model is really a combination Selective Search, CNN, SVM and a regression
network. The large detection pipeline achieves high accuracy but it is very computational
expensive. Even with its evolved versions (Fast and Faster R-CNN), inference speed is still
keeping them far away from real-time applications.

With this problem in mind, several single stage detection models are proposed to have
real-time efficiency. Some of them can meanwhile achieve competitive or even better per-
formance comparing to large R-CNN models. In this section, we present some representa-
tive single stage models, including the one (SSD) we use as our base network. In general,

weE

e present some single stage models and compare their differences with R-CNN based

models
e review some derivatives which further improves the model performance
Overfeat A new model with a special feature extractor named Overfeat [28] is proposed

to do localization and classification simultaneously. The classification part is still a very

deep convolutional network, but the localization is done by training a regression layer on
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top of feature layers to predict the locations. To increase inference speed, they run the
classifier and regressor across all locations and scales at the same time. Sliding window
approach is used to generate confidence values for each window and those windows are
regressed to the most confident area.

Layer 1-5 are used for feature extraction, layer 6-8 is for classification. The whole
image is directly passed to the filter instead of the proposed regions. This is also far more
efficient than a sliding window, which slides a fixed size filter over the image and add all
the results. For the classfication filters, a fixed-size 5 X 5 input is always provided with

single pixel shifts (A,,A,) on feature map 5 to keep the object location information.
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Figure 2.6: YOLO [25] & SSD [23] network architectures comparison: SSD extract fea-
tures from several layers at the end while YOLO only extract features from the one layer.
SSD also generates much more defaults boxes than YOLO, while still having higher infer-
ence speed.
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YOLO (You Only Look Once) As implied by its name, YOLO [25] is extremly fast,
it can process images at 45 frames per second. A smaller version, Fast YOLO, can even
process 155 frames per second. To accomplish this real-time efficient, YOLO uses a single
CNN network for both classification and objects locating. The network architecture is
based on GoogleNet model [32] for image classification. It consists of 24 convolutional
layers and 2 fully connected layers. The model convolutional layers are pretrained on
ImageNet with resolution of 224 x 224 and then trained on the PASCAL VOC dataset. The
final detection model takes input image of 448 x 448 and outputs a 7 x 7 x 30 tensor. The
model divides the image into a 7 x 7 grid and each grid predicts 2 bounding boxes, as well
as 20 class probabilities. A bounding box contains 5 predictions of object coordinates (x,y)
and size (w,h) as well as its confidence. Since there are 7 x 7 grid cells and each predicts
2 bounding boxes, we end up with 98 bounding boxes with 20 class probabilities in total.
Most of them have very low confidence scores and NMS (Non-Maximum Suppression) is
applied to suppress multiple bounding boxes on the same object.

YOLO is a simple and straightforward approach as it both predicts bounding boxes
and class probabilities on the final layer. This network architecture provides it real-time
processing ability. However, since each grid cell from last layer only predicts 2 bounding
boxes, it’s very difficult for YOLO to detect small and grouped objects. Objects with

unusual size or aspect ratio is also hard to detect.

SSD (Single Shot multibox Detection) Another one-stage model that eliminates region
proposal generation is SSD [23]. It has similar architecture as YOLO but with faster in-
ference speed, while achieves high accuracy as the slow techniques like Faster R-CNN.
Instead of predicting bounding boxes and class probabilities from the last feature layer in
YOLO, it has several feature layers at the end of the base network. Each feature layer in
SSD has a fixed set of cells, each cell also has a fixed set of bounding boxes in different
sizes and aspect ratios. Class prediction scores and offsets of default boxes are also pro-
duced from SSD to generate the final detections. Details of SSD architecture and training

procedure are explained in sub-section 3.1.
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SSD model derivatives Kim et al. [20] compare the performance of YOLO and SSD
in their recent work, as well as their customized SSD model. They use VGGNetl6 as the
base network pre-trained on ILSVRC CLS-LOC dataset and fineture it on KITTI dataset. It
shows that SSD achieves higher accuracy and recall rate than YOLO. As images in KITTI
dataset are about 370 x 1250 but their model takes 300 x 300 inputs, the objects in training
patches, which is randomly sampled by SSD, can be long and narrow like Figure 2.7.
They add extra aspect ratios for default boxes to solve this problem. Additional pedestrian

samples from other datasets are also added into the training set.

Figure 2.7: Example of SSD training sample distortion in KITTTI.

In [10], Du et al. proposed deep neural network fusion approach (Figure 2.8) to improve
detection performance, especially small-size and occluded objects. They first use an SSD
network as their object candidate generator by lowing its detection confidence threshold
to 0.01, which will generate massive amount of candidates. All candidates are passed to
the classification networks in parallel along with their confidence scores and labels. The
original score is boosted if the classfier outputs high confidence score. Otherwise, the score

will be decreased by a scaling factor.

DSSD (Deconvolutional SSD) With this single feed-forward convolutional network, the
SSD detection framework achieves huge improvement on speed and accuracy. To further

improve the detection accuracy, Fu et al. [13] proposed the DSSD (Deconvolutional Single
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Figure 2.8: Fussed DNN [10] pipeline

Shot Detector) to project large scale context on small object feature, which extracted from
additional deconvolutional layers at the end of an SSD network. Deconvolutional modules
are introduced in the network to combine largescale and smallscale features. They use
Residual-101 [18] instead of VGG as their base network, which provides better features.
It’s still a one-stage network but it trades off some speed for higher detection rate, especially

of small objects.

2.3 Datasets

As the emergency of supervised learning algorithms, datasets play an important role in
model training and validation. For object detection tasks, datasets provide thousands of
images as well as their annotations at least. Redundant information is also provided some-

times such as image sources, camera configuration, etc. With the publication of several
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large datasets, researches can easily compare their algorithm performance with others. We

introduce several datasets that has been widely used for object detection.

ImageNet Since 2010, an annual contest named ImageNet Large Scale Visual Recogni-
tion Challenge (ILSVRC) is held for each researchers all over the world to compete with
each other. They need to evaluate their algorithms on the given dataset. In ILSVRC 2012,
there are already 10,000,000 hand-labeled images in more than 10,000 object classes in
the training dataset. It was originally famous as an image classification and a new object
detection task appeared since 2013. It is similar with PASCAL VOC Challenge [12] but

has 200 basic-level categories.

KITTI KITTI (Karlsruhe Institute of Technology and Toyota Technological Institute)
[14] is built to provide a benchmark that is familiar with real-world scenarios. It’s widely
used in autonomous driving algorithm and system researchers and developers. It contains
annotated video clips captured in rural area and highway in a mid-size city. KITTI dataset
has nine categories of objects including Car, Van, Truck, Pedestrian, Person_sitting, Cy-
clist, Tram, Misc and Don’tCare. Object truncation and occlusion is also annotated as
well as camera calibration information. As in Figure 2.9, bounding boxes are shown with

different colours, which indicating the different occlusion level.

Caltech Pedestrian Caltech Pedestrian (Figure 2.10) is a well-known dataset which con-
sists of 10-hour video from a driving vehicle in an urban environment with pedestrian an-
notations. The annotation includes occlusion label and temporal correspondence between
bounding boxes. We extract each frame from those videos in all 11 sets and follow the
suggestion to split them in two parts: training (set00, setO1, set02, set03, set04, set05) and
testing (set06, set07, set08, set09, setl0). As a result, there are in total 249,950 images in

the dataset, including 132,080 images containing person objects.

CityScapes CityScapes [5] is also captured in real-world scenarios. The video sequences
are recorded in streets from 50 different cities, which generates 5,000 images with high-

quality annotations and 20,000 images with coarse annotations. CityScapes dataset is not
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Figure 2.9: Examples in KITTI dataset.

only larger than previous datasets in size, but it also has richer annotations and more com-

plex scenes.
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Figure 2.10: Examples of Caltech Pedestrian.



Chapter 3

SSD Architecture and Scene Geometry
Analysis

In this chapter, we present the original SSD network architecture in detail, i.e., the base
network and multibox detection module. Then we present our statistical analysis results on
KITTTI and Caltech Pedestrian dataset. Finally we propose our customized network as well

as the two-stream network.

3.1 SSD architecture

We present the basic SSD architecture in this sub-section. We also give details of parameter

setting and training procedure used in original SSD model [23].

3.1.1 SSD architecture

As is shown in Figure 3.1, SSD is a single stage network with multi-scale feature ex-
traction layers. Class scores and offsets are predicted for each cell position on the feature

maps in the multibox detection module at the end of network.

22
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Figure 3.1: SSD [23] Architecture.

3.1.2 Base networks

As an important componenet of SSD architecture, base networks are considered as feature
extractors, which provide high-level features for the following layers. It is crucial to select
a suitable network as it will significantly affect the performance of the whole architecture.
These networks are mostly designed for classification tasks and usually the deeper the
network is, the better features are extracted from original images. However, the inference
time and model size will most likely increase as the tradeoff. In this sub-section, we review
some of most popular convolutional networks which can be used as feature extractors in

SSD architecture.

VGG VGG [30] network (Figure 3.2) is proposed by Visual Geometry Group from Uni-

versity of Oxford in 2014 for large scale image recognition. It is used as the base network
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at the first place when the SSD model was proposed. This network is the winner of Im-
ageNet Chanllenge 2014 (first in localisation and second in classification). A fixed-size
RGB image of 224 x 224 is required as the input of the network. One basic stage contains
a stack of convolutional layers followed by a max-pooling layer. The convolutional layers
have relatively small receptive field (3 x 3) while the max-pooling layers select the largest
value in a 2 x 2 window with a stride of 2. After five stages of convolutional layers, 3 fully
connected layers are attached. The first two have 4096 channels and the last one has 1000
channels for 1000 classes of ILSVRC dataset. Finally a soft-max layer is at the end of the
network.

The outstanding performance of VGG series shows the importance of deep network.

Other models based on VGG are also benefited by this very deep architecture.
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Figure 3.2: VGGI16 network [30]. The convolutional layer configuration is denoted as
“conv(kernel size)-(kernel number)”. For example, conv3-64 means that layer has 64 ker-
nels with the size of 3x3.
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Residual Network (ResNet) Better performance are achieved by the development of
deeper networks. However, these deep networks are also very difficult to train due to the
infamous problem of “vanishing gradients”. It means the gradient norms become exponen-
tially smaller as layers go deeper in the network. And small gradients cause parameters

changing slowly. Then it takes plenty of time to converge.

l Input x

weight layer

F(x) ¢

weight layer

5

Output F(x)+x

Figure 3.3: Residual learing block is a basic module in ResNet. The shortcut connection
(in green) is used to bypass a stack of layers in order to overcome the “vanishing gradient”
problem in deep networks. (Image from [18])

Fortunately, He et al. [18] present a deep residual learning framework to ease this
problem. Shortcut connections are introduced to this framework to bypass a “stage” (a
stack of convolutional, activation and normalization layers) as shown in Figure 3.3. The
input block not only go through a stage and generate an output but also is passed directly
to concatenate with the previous output.

The shortcut connections do not introduce any extra parameters or computational cost
while it can ease the difficulty of training deep network. That is the main reason we adapt

ResNet with 50 layers (ResNet50) to fit into our SSD architecture as the base network.
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MobileNet With deeper networks well trained on a large dataset, better accuracy can
be achieved but with speed compromised. A more effecient model called MobileNets is

proposed in [19] to provide light weight deep networks especially for mobile applications.

M
Dk

Dk

<« N —>
(a) Standard Convolution Filters
L - - -

57 1 1

Dk

“«— v —>

(b) Depthwise Convolution Filters

) %% ______ %

1
< N —>»

(c) Pointwise Convolution Filters

Figure 3.4: MobileNet kernels comparison. (a) standard convolution kernels, (b) depthwise
convolution kernels and (c) pointwise convolution kernels. (Image from [19]).

The main innovation of that paper is Depthwise Separable Convolution. Depthwise
convolution is very efficient comparing to standard ones. However, it can’t create new fea-
tures as it only filter through input channels. It leaves the combination task to the pointwise

convolution at later stage.
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A standard convolutional layer takes input of Dr x Dr X M and outputs a Dg X Dg X N
feature map where Dp is the width of input, Dg is the size of width of output feature map,
M 1is the number of input channels and N is the number of output channels. As in Figure
3.4, for a standard convolutional layer, the kernel size is Dg X Dx X M x N where Dk is
the kernel width, M is the number of input channels and N is the number of kernels (output

channels). Thus standard convolution with stride one has computational cost of

Dk -Dk-M-N-Dr-DrF.

With depthwise convolution, the computational cost is Dk - Dx - M - Dr - Dr and with

pointwise convolution, is M - N - Dr - Dr. The overall cost is
Dg-Dg-M-Dp -Dr+M-N-Dp-Drp.

for the depthwise separable convolution.

We can find the reduction of the two step convolution is

D](-D[(-M-DF-DF+M-N-DF-DF_ 1 1
Dk -Dg-M-N-Dp-Dp N D}

If 3 x 3 kernels are used in the networks, we can save 9 time less computation with
depthwise separable convolutions than standard ones.

Overall, we choose ResNet50 as our base network as it can achieve high detection
accuracy while maintaining high inference speed as it’s not too deep. And the structure of
ResNet50 is not very sophisticated so that we can easily perform our model renovation and

tests.

3.1.3 Multibox detection

For each cell on the feature maps of 6 different scales, default boxes with different sizes

and aspect ratios are located at fixed positions. Class scores and offset predictions are given
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for each default boxes. For each cell position on a w x h feature map, there are m different
sizes and n different aspect ratios. Therefore, the number of default boxes generated on that
feature map is (m+n — 1)wh. For example (Figure 3.5), given a 4 x 4 feature mayp, if there
are 2 sizes and 3 aspect ratios, the number of default boxes generated on this feature map
is (243 —1) x4 x4 = 64. At each default box position, class scores are calculated for all
categories (background and vehicle for our binary classifer) as well as the deformations and
shifts of the default boxes. It will be retained if a default box with a class score higher than
the predefined threshold. While other boxes will be neglected. All selected boxes will be
sorted by their scores and NMS (Non-Maximum Suppression) can be applied to suppress

redundant detections.

1

-
| [ -

Figure 3.5: Multibox generation example. Given a 4 x 4 feature map, if there are 2 different
sizes and 3 different aspect ratios configured, the number of default boxes generated on this
feature map is (2+3—1) x4 x4 = 64.

Take SSD with VGG16 as example (Figure 2.6), the original base network is truncated
and auxiliary layers are attached at the end. Details of multibox layers configuration can
be found at Table 3.1. Given the scale range (minimal and maximal scale), multibox sizes

are calculated using:

min_ratio = min_scale % 100
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max_ratio = max_scale x 100

step = floor ((max_ratio — min_ratio) / (num_layers — 2))
min_sizes = []

max_sizes = []

for (ratio = min_ratio; ratio <= max_ratio + 1; ratio += step):

min_sizes.append(ratio / 100)
max_sizes.append ((ratio + step) / 100)
min_sizes = [100xmin_scale / 2 / 100] + min_sizes

max_sizes = [min_scale] + max_sizes

This pseudocode is derived from the original SSD Caffe implementation and the default
value for minimal and maximal scale is 0.2 and 0.9 respectively. Therefore, the multibox
sizes 6 feature extraction layers are [.1, .14], [.2, .27], [.37, .45], [.54, .62], [.71, .79], [.88,
.96], where the min_sizes are [.1, .2, .37, .54, .71, .88] and max_sizes are [.14, .27, .45,
.62, .79, .96]. On a certain feature map, given multibox sizes [s1, 2] and ratios [ry, 2,
r3, (r4, rs)], the (width, height) sets of the multiboxes on one cell is calculated as (syry,
S171), (sl\/ﬁ,slﬁ), (sl\/r_g,sl\%ﬁ), (sar1, sorp). For example, as s1 = 0.1,50 =0.14,r] =
1,rp =2,r3 = J for the first layer, sizes of the multiboxes on the first layer can be (0.1 x 1,
0.1 x 1), (0.1 x+/2,0.1 x %), (0.1 x %,0.1 X v/2), (0.14 x 1,0.14 x 1),

Table 3.1: Multibox layers configuration for SSD with VGG16 network with input size of
300. In total there are 38 X 38 x4+ 19x19x 6+ 10X 10X 64+5x5x6+3 x3 x4+1 X

1 x 4 = 8732 multiboxes.
| layer index | feature map size | multibox sizes | multibox ratios | number of multiboxes |

1 38 x 38 [.1,.14] [1,2,1/2] 5776
2 19x 19 [.2,.27] [1,2,1/2,3,1/3] 2166
3 10x 10 [.37, .45] [1,2,1/2,3,1/3] 600
4 5x5 [.54, .62] [1,2,1/2,3,1/3] 150
5 3x3 [.71,.79] [1,2,1/2] 36
6 I x1 [.88, .96] [1,2,1/2] 4
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3.2 Scene Geometry Analysis

Size of objects varies in a given dataset. Objects closer to the camera usually seem bigger
on the image than others far away from it. SSD can detect objects of different sizes based
on the default boxes, which are generated on the feature extraction layers. Those default
box sizes and aspect ratios are pre-defined for each layer. By performing scene geometry
analysis, we can get the distribution of objects with different sizes and adjust those default
boxes parameters to better fit the dataset.

In this section, we present the methods for statistical analysis on dataset as well as its

results.

3.2.1 Statistical analysis of dataset

SSD model can be adapted to many object detection applications. As one of the most
popular topics, vehicle detection is also one of the scenarios that SSD model can be applied
to. We focus on vehicle detection in KITTI dataset in this section. KITTI has over 7,000
training images with annotations of nine classes (car, van, truck, pedestrian, person_sitting,
cyclist, tram, miscellaneous, do-not-care) as well as the designated test set. Car, van and
truck are merged as a single class “vehicle” and all others as background. Implementation
can be adapted to multi-class detection easily. We aim to increase SSD model accuracy
on KITTI by dataset analysis and model architecture renovation. KITTI includes images
captured with a camera on a driving car. As we can imagine, objects near vanishing point

on the image look smaller than the others near the edges (Figure 3.6).
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Figure 3.6: Objects look smaller near vanishing point.

SSD can detect multi-scale objects at the same time with multiple feature extraction
layers. Normally, there are 6 such layers at the very end of SSD model. Shallower layers
generate feature maps for detecting smaller objects while deeper layers for larger objects.

There is a wide range of object sizes in KITTI. Other than the overall accuracy of SSD
model, we also explore the performance of each feature layer separately.

With ResNet-50, first feature extraction is taken from the 6th convolutional layer on the
3rd stage and the second is from the 3rd convolutional layer on the 4th stage. Following
layers in original ResNet-50 is removed and 4 new feature blocks are attached to the trun-
cated network. A new feature block usually consists of a 1 x 1 convolutional layer with a
stride of 1 and another 3 x 3 convolutional layer with a stride of 2.

As one of the pre-processing step, all images are resized to 1200 x 350 before feeding
to the network. Given an input image of 1200 x 350 and forwarded to the feature extraction

layers, 6 extracted feature map sizes are shown in Table 3.2 (can also see Figure 3.7).
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Table 3.2: Sizes of 6 feature maps of SSD given input size of 1200 x350.

Feature layer | Feature map size
1 75 %22
75 %22
38 x 11
19x6
10x3
Sx2

QN | B W

default boxes:
8732 per class

YYY VY VY

! v A —>
38 L P > 2
512 1024 512 M 9 256 | 10256 | g 28

Figure 3.7: Given an input of 1200 x 350, 6 feature map sizes are 75 x 22,75 x 22,38 x 11,
9 x 6, 10 x 3, 5 x 2 respectively.

At every feature map position on each layer, default box sizes become larger as the
layer goes deeper. As shown in Figure 3.8 and 3.9, we can see the default boxes projected

to input image have different scales from all 6 feature maps.
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Figure 3.8: A set of default boxes generated from 1st to 3rd feature extraction layer (top
to bottom). To be more intuitive, we mapped those boxes to original input image. In this
example, with input image of 1200x350, default boxes on Ist layer are not small enough
to detect the smallest objects.
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Figure 3.9: A set of default boxes generated from 4th to 6th feature extraction layer (top to
bottom). The default boxws are unnecessarily large on 5th and 6th layer.

To further investigate on the efficiency of feature maps, we keep record of the activated
anchors on each of them. If a default box at certain position achieves score higher than

the predefined threshold (0.5 in our case), then we call it activated. Given an input image,
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there should be multiple activated default boxes around the objects. These are not the final
bounding boxes since their size and location are not calibrated yet. But it’s already precise
enough to generate a general distribution of object proposals after each feature layer.

With that in mind, we traverse all images in the training set and accumulate the activated
position on each feature map. The results from Figure 3.10 show that the small object
proposals are gathered at the center and the large proposals are distributed at the lower half

of the image as we expect. And there is no default box activated on feature layer 5 or 6.

feature layer 1 feature layer 2

feature layer 4

5 10 15
feature layer 5

feature layer 6

Figure 3.10: Activated default box distribution on each feature map.

3.2.2 Customized feature extraction layers

From our previous analysis, the last two layers can be removed as they don’t contribute
any object proposals on KITTI. Previous observation from Figure 3.9 is also indicates that
bounding boxes of scale 5 & 6 are too large for our target objects.

We also test the inference performance with different amount of feature layers. The
model is trained with all 6 feature layers but only part of them are used during inference
period (Table 3.3). The result shows the first two layers play an significant role in this

detection task. The feature layer 3, 4, 5, 6 seem not so important to increase mAP. In fact,
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the mAP even drops a little bit after introducing the third and following layers. The reason

is many false positives are also introduced by those layers while more proposals generated.

Table 3.3: Model mAPs with different number of feature layers.

Feature layer(s) | mAP
1| .65
1,2 | .80
1,23 .79
1,234 | .77
1,234,5 | .77
1,2,3,4,5,6 | .78

Therefore, we can remove the last two feature layers from original SSD model without
any loss of accuracy. The parameters of default box sizes are also adjusted to a narrower
range (see Table ) from [.1, .961] to [.03, .5916] as we changed the minimal scale of first
layer from .1 to .03. We keep the aspect ratios from original SSD in our experiment. This
setting allows the model to generate smaller default boxes at the first feature layer, as well
as to eliminate the redundant computations. Given a 1200x 350 input image, default boxes
generated from our customized model are much smaller thus they are more likely to match

those small objects (Figure 3.11).
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Figure 3.11: Visualization of customized network default box sizes at each cell on feature
maps given input size of 1200x350.
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This customized SSD model achieves higher detection rate on small objects with those
size-adjusted default boxes of first feature layer. To visualize, distributions of objects with
different heights are plotted (see Figure 3.12 and 3.13). More proposals are generated from
each layer comparing to original ones. All customized layers now tend to detect smaller
objects. We can see that there is no object proposals with a height less than 30 px in
original model. However, around 200 of those proposals are made on the first layer in our
customized model. The second layer of our customized model now covers all the detections

from the first layer in original model.
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Figure 3.12: Distribution of detections from feature layer 1 and 2. (dts - detections, gts -
ground truths)
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Chapter 4
Two-Stream Convolutional Network

In this chapter, we present our SSD model with two-stream architecture. Details about data
pre-processing and training setup are also explained. Experiment results are shown at the

end of this chapter.

4.1 Two-Stream Network

While improving the model’s accuracy and detection rate, we notice that the features of
small and large objects are different. To further solve small object detection problem, we
propose a two-stream SSD model with an extra stream especially for detecting small objects

(see Figure 4.1).

42



CHAPTER 4. TWO-STREAM CONVOLUTIONAL NETWORK 43

Large stream
layers

PN
\ e d
s
< /
AN
512 1024 512 256

Shared layers
300
3
38
Small stream
layers
38
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stream (in green) is added especially to generate feature maps for small object. Given a
300x300 image, the original 3838 layers in upper stream is replaced by the one in lower
stream so that features of small and large objects won’t interfere with each other. Small
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Instead of sharing the features extracted from target objects of different sizes, we add
the second network stream to extract small object features specifically, while the medium
and large objects are well handled by the first (original) stream. This architecture is inspired
from the high accuracy achieved by only using the first and second feature extraction layer.

The extra stream does not increase the depth of the network but the width. It turns out
that the size of the two-stream model is only about 1.5 times bigger than the original one

but the mAP on KITTI dataset is improved significantly by over 3%.
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4.2 Dataset pre-processing

In total, there are 7481 images with object annotations in KITTI 2D object detection
dataset. For local training and evaluation purpose, all those images are separated into a
training set with 5984 images and a validation set with 1497 images.

The SSD model needs to be fed with images of the same size and the size of origi-
nal images in KITTI are about the same but not exactly. Therefore, before preparing the
training dataset, all images are resized to 1200 x 350 and all annotations are also calibrated
with them. There are 9 classes in KITTI but here we merge “Car”, “Van” into one category
as they look simiar. The other classes “Truck”, “Pedestrian”, “Person_sitting”, “Cyclist”,
“Tram”, “Misc” and “Dontcare” are set as background. We train our model as a single class
detector for cars but the implementation can be easily transferred to multi-class detection.

The base network we use is pre-trianed on ImageNet [27] and the mean RGB values
123, 117, 104 are subtracted. Another data augmentation we follow from original paper is
random crop. We implement “zoom in” and “zoom out” operations on the training samples
and randomly crop the images to generate more training data.

The pre-processing for Caltech Pedestrian is the same except for there is only one class
- pedestrian. Only annotations with label “person” are preserved for training and the oth-

ers like “person_fa (person far away)”, “person? (probably person)”, “people (a group of

people)” are simply discarded.

4.3 Training setup

For training step, the batch size is set to 4 and training is iterated for 120 epochs. The
learing rate is 0.004 and the momentum is 0.9. To achieve better result, we refactor the
learning rate after 80 epochs by 0.1 that chages the learning rate to 0.0004. We follow the
setting from original paper and set the NMS threshold to 0.45 and overlap threshold to 0.5.

The default box ratios for all our experiments are inherited from original implementa-
tion (Table 4.1).
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Table 4.1: Ratios of default boxes on each feature map.

The two sub-networks in SSD two-stream are specially trained on large and small ob-

jects separately. The shared layers are initialized using network trained on large objects.

4.4 Detection results

In this section, we present the experiment results our model and parameter settings. All
computations are done on an Intel 17-6800K 3.4GHZ PC with 32 GB RAM and two
NVIDIA TITAN X video cards with 12 GB memory. The main framwork and program-
ming tools we use are MXNet 0.10.1 and MATLAB R2014b.

KITTI On the first feature map, there are 4 default boxes (with different sizes and ratios)
on each position. Given a 1200 x 350 input, the original SSD model will generate 4 x 22 x
75 default boxes in total on the first feature map. Likewise, it has 6 x 22 x 75 default boxes
on the second feature map, 6 X 11 x 38 on the third, 6 X 6 x 19 on the fourth, 6 x 3 x 10 on
the fifth and 4 x 2 x 5 on the sixth. First scale is the smallest therefore most small object
proposals are generated from the first feature map. The size of default boxes on layer 5
and 6 are the largest and even too large for any regular vehicles on image. The number of
generated default boxes remains the same for each layer on our model, but the box sizes
are different (Table 4.2). Original SSD set the maximal scale at 0.9 and the minimal scale
as 0.1. Here we extend the minimal to 0.03 while keep the maximal scale 0.9. According
to the calculation from 3.1.3, we can get the size of default boxes on each layer. Take

the first layer as an example, the size of default boxes is [.1, .141] in original SSD but is
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[.03, .0548] in our Two-Stream SSD. That enables the our model to generate proposals for
smaller objects on the first layer. Last two layers are removed in our Customized SSD and

Two-Stream SSD.

Table 4.2: Comparison of default box sizes of each layer between SSD, Customized SSD
and Two-Stream SSD. [s1, s2] in the table represent the minimal scale s; and maximum
scale s, of the default boxes on that layer (as discussed in Section 3.1.3). For original SSD,
the smallest scale is .1 on the first layer and the largest scale is .96 on the sixth layer. In our
customized SSD, we extend the smallest scale to .03 and truncate last two layers as their
scales are too large to fit any object. As for our two-stream SSD, we use the same default
box scales as the customized SSD and move the first layer to another stream. Overall,
customized SSD has four feature extraction layers. In the two-stream model, default boxes
are generated from layer 2, 3 and 4 on the first stream (for medium and large objects) and

layer 1 on the second stream (for small objects). Dashes (“-”’) mean there’s no such layer
in this model.

model | layer1 | layer2 | layer3 | layer4 | layer5 | layer6 |
SSD [.1,.14] | [.2,.27] | [.37, .44] | [.54, .62] | [.71,.79] | [.88, .96]
Customized SSD | [.03, .05] | [.1,.17] | [.3,.38] | [.5,.59] - -
- [.1,.17] | [.3,.39] | [.5,.59] - -
Two-Stream SSD [03..05] - - - - -

We mainly compare four models here: SSD, SSD customized, SSD Two-Stream* (shar-
ing one stage), SSD Two-Stream** (sharing two stages). The mAP results of those models

are shown in the Table 4.3.

Table 4.3: mAPs with different models and training samples. All mAP are evaluated on
KITTI test set. * means two streams share one stage, ** share two stages.

Model mAP
SSD 78.565%
SSD customized (ours) | 85.614%
SSD two-stream* (ours) | 88.624 %
SSD two-stream** (ours) | 88.546%

The best result is achieved by SSD Two-Stream* (sharing one stage) and it outperforms
the original SSD by 10% mAP. We also generate the precision-recall curve for comparison

(Figure 4.2). The performance of sharing one or two stages don’t make much difference.
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For convenience, we use and refer the Two-Stream SSD sharing one layer as Two-Stream

SSD in the following sections.
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Figure 4.2: Precision recall curve for SSD, SSD customized, SSD two-stream* (sharing
one stage), SSD two-stream** (sharing two stages) models.

Finally, we trained our Two-Stream SSD model on all 7418 training images and evalu-
ated on the KITTI server. We also trained the original SSD using same hyper-parameters
and settings for comparing purpose. The KITTI testing set separates the objects into three
categories depending on their difficulty of detection: Easy, Moderate and Hard. The evalu-
ation result (Table 4.4 and Figure 4.3) shows our Two-Stream model achieves much higher
accuracy detecting Moderate and Hard objects than the original SSD, while having almost
similar performance on Easy objects detection. The slightly descending of performance on
Easy objects is caused by the first few sharing layers between two streams and less default

box proposals for large objects since configuration changed.
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Table 4.4: SSD vs SSD Two-Stream from KITTI online evaluation of car detection.

’ Easy \ Moderate \ Hard
SSD 85.66% | 69.57% | 61.27%
SSD Two-Stream (Ours) | 84.68% | 77.59% | 69.21%
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Figure 4.3: SSD (left) vs SSD Two-Stream (right) from KITTI online evaluation of car

detection.

Caltech Pedestrian It’s convienent to conduct experiments and tests on Caltech Pedes-

trian as it provides the demo and evaluation scripts. We also trained the two-stream SSD

and the original SSD on Caltech Pedestrian dataset. Here we show some demos (Fig 4.4)

inferenced by those two network, which share the same training configurations and proce-

dures.
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Figure 4.4: Demo on Caltech Pedestrian from SSD(left), SSD Customized(middle) and
SSD Two-Stream(right). We can see that the original SSD and SSD Customized are good

at detecting large and small objects respectively, while SSD Two-Stream takes advantages
of both.

Still, we mainly tested our customized model and two-stream performance on this
dataset. We followed the same statistical analysis procedure as we did on KITTI and found
the majority of target objects in Caltech Pedestrian have small to medium size. The last
two layers of original SSD is again not used due to no contribution to the final detection
result, so we simply removed the last two layers and adjust the minimal and maximal scale
to form our customized model. However, to construct our two-stream model, since the vast
majority of target objects’ height are around 50 (as shown in Figure ), we construct the

large stream using first 4 layers from original model (instread of 3 in KITTI) to generate
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Figure 4.5: Target objects height distribution in Caltech Pedestrian. Red line is the mean
(65.9) while blue line is the median (51.3).

more proposals for potential objects with height around 50. The small stream still only
consists the first layer of customized model.

Overall the multibox layers setup are list in Table 4.5:



CHAPTER 4. TWO-STREAM CONVOLUTIONAL NETWORK 51

Table 4.5: Multibox layer setups for Caltech Pedestrian dataset. The large stream in two-
stream model here uses same configuration of first four layers in original SSD, in order to
get more multibox proposals for the small and medium sized target objects. Customized
SSD only has four layers. In the two-stream model, default boxes are generated from
feature layer 1, 2, 3, 4 on the first stream (for medium and large objects) and feature layer
1 on the second stream (for small objects). Dashes (“-”’) mean there’s no such layer in this
model.
’ model \ layer 1 \ layer 2 \ layer 3 \ layer 4 \ layer 5 \ layer 6 ‘
original SSD [.1,.14] | [.2,.27] | [.37,.45] | [.54,.62] | [.71,.79] | [.88, .96]
customized SSD | [.03,.05] | [.1,.17] | [.3,.39] | [.5,.59] - -
[.1,.14] | [.2,.27] | [.37, .45] | [.54, .62] - -
[.03, .05] - - - - -

two-stream SSD

To evaluate the model performance more specifically, Caltech gives a set of experiments
with different object height and visibility ranges. For example, we can evaluate our model
only on small or large objects with no occlusion or heavy occlusion. In total, we chose 6
experiments with different settings of size and visibility to test our model’s performance,
which are All, Reasonable, Far, Medium, Near and Large. Details about the experiment

settings can be found in Table 4.6.

Table 4.6: 6 experiments of different object size and visibility given input image size
480x640.

| | Size | Visibility |

All 20,00) | [.2,0)
Reasonable | [50,00) | [.65,)
Far [20,30) | [.2,)
Medium | [30,80) | [.2,%)
Near [80,0) [.2,00)
Large [100,00) | [.2,00)

As shown in Figure 4.6, given an 600 x 800 image as input, the original SSD model has
an average miss rate of 64% on All experiment set while our two-stream model improves it
to 62%. The Customized model achieves highest accuracy on Small (Far) set but in general
not so well as it has much less proposals than the other two. The fact that our Two-Stream

model outperforms the original is mainly benefited by its improvement on Far(small) and
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Medium objects detection. And the reason for its unsatisfactory performance on Reason-
able set mainly comes from low accuracy on Near and Large object sets. This behavior is
similar with what we found on KITTI dataset and it’s caused by the sharing layers of the
large stream, which is reponsible for detecting large objects. We tried to train our model
using different input size (480 x 640, 600 x 800 and 720 x 960) and we noticed the larger
input size will benefit the model to achieve higher accuracy (Figure 4.7). We also did some
experiments on the Caltech Pedestrian New dataset, which uses Caltech Pedestrian images
with cleaner but much fewer annotations (Figure 4.8).

With those experiments, we can conclude that our Two-Stream model outperformes
the original SSD model significantly on detecting small to medium sized objects in KITTI
and Caltech Pedestrian and improves the overall accuracy. The improvement came from
the extra stream, which has clearer small objects feature, as well as the geometry analysis,

which were used to adjust the parameters of multibox layers.
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Figure 4.6: Caltech Pedestrian FPPI curve and comparison between ResNet50, ResNet50-
customized and ResNet50-two-stream given input size 600x800. From top to bottom, 5
figures are respectively (1)all, (2)far, (3)medium, (4)near, (5)large. Original SSD model has
an average miss rate of 65% while our revised two-stream model has 62%. The customized
model achieves best at detecting far objects but in general not so well as it has much less
proposals than the other two. The two-stream model achieves best performance at detecting
all objects and medium objects. Curves with 100% are omitted on the plots.
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Figure 4.7: Caltech Pedestrian FPPI curve and comparison of our proposed ResNet50-two-
stream between input image size 480x640, 600x800 and 720x960. Overall, we notice
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omitted on the plots.
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Figure 4.8: Caltech Pedestrian New FPPI curve and comparison between ResNet50,
ResNet50-customized and ResNet50-two-stream given input size 480x640. Our Two-
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fewer training samples. Curves with 100% are omitted on the plots.



Chapter 5

Summary and Conclusion

5.1 Summary

We present several object detection models based on SSD architecture and test their per-
formance on KITTI and Caltech Pedestrian dataset. The parameters of feature extraction
layers are optimized after analysing the training dataset. Specifically, an SSD model with
two streams are proposed to increase accuracy and detection rate especially for small ob-
jects. This model has the same depth as the original SSD and its first few layers can be
shared between two streams to reduce the model size. Our Two-Stream SSD model outper-
forms the original SSD model significantly on accuracy and achieves competitive results
on KITTI and Caltech Pedestrian dataset.

5.2 Limitations

The training procedure for the two stream network is more complicated than the original
SSD, since we have to pretrain each stream on large and small objects separately. Even the
first two stages of network are shared, about 35% more memory consumption is introduced
by the extra stream. This model needs to perform scene geometry analysis manually before
training in order to find best configuration of network. Aspect ratio of default boxes are
not optimized based on target objects’ characteristics. For example, most of the car objects

are flat (with larger width than height) but the vertical default boxes (with larger height

56
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than width) are still generated but having very low possibility of match. Occluded objects
are treated as fully visible during training for simplicity, however they would confuse the

network by such noise.

5.3 Future works

The aspect ratio of objects can also be analysed before training. Those information can
be used to reduce the amount of default boxes thus further increase the inference speed.
According to our experiments, the two-stream networks have approxiamately the same
performance regardless of the amount of their shared layers. More experiments can be
conducted to explore the limit of two-stream model without a significant drop of perfor-
mance. Geometrical distribution of objects in training samples can also be used to further
reduce the size of the model. This problem can be solved by self-adaptive SSD network
which automatically adjust feature extraction layer configurations during training. Deeper
network such as ResNet-101 could be used to further improve accuracy but with a trade-
off of inference speed. Feature extracted from large object stream can be used to provide

contextual information for the small object stream like [13].
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