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ABSTRACT

In recent years, various high-performance networks have been proposed for single-image
object detection. An obvious choice is to design a video detection network based on state-
of-the-art single-image detectors. However, video object detection is still challenging due to
the lower quality of individual frames in a video, and hence the need to include temporal
information for high-quality detection results. In this thesis, we design a novel interleaved
architecture combining a 2D convolutional network and a 3D temporal network. We utilize
Yolov3 as the base detector. To explore inter-frame information, we propose feature aggrega-
tion based on a temporal network. Our temporal network utilizes Appearance-preserving 3D
convolution (AP3D) for extracting aligned features in the temporal dimension. Our multi-
scale detector and multi-scale temporal network communicate at each scale and also across
scales. The number of inputs of our temporal network can be either 4, 8, or 16 frames in this
thesis and correspondingly we name our temporal network TemporalNet-4, TemporalNet-8
and TemporalNet-16. Our approach achieves 77.1% mAP (mean Average Precision) on Im-
ageNet VID 2017 dataset with TemporalNet-4, where TemporalNet-16 achieves 80.9% mAP
which is a competitive result on this video object detection benchmark. Our network is also

real-time with a running time of 35ms/frame.
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Chapter 1

Introduction

Object detection [14] [15] refers to a task which consists of object classification and object
localization. As a fundamental research topic in image analysis and understanding, object
detection has a wide range of applications such as face recognition [16], violence prediction
[17], and autonomous driving [18|. In recent years, increasingly elaborate Convolutional
Neural Networks (CNNs) have been the state-of-the-art for object detection. There are
mainly two branches: single image object detection and video object detection.

In recent years, some good single-image detectors emerged but video object detection is
still challenging. Video detection is the basic task for a wide range of applications, such
as pedestrian detection, intelligent surveillance, autonomous driving and video processing.
Real-time performance is required in these applications as actions need to be triggered in
a timely fashion. Especially, our thesis is motivated by video editing. Real-time semantic
video editing requires a fast detection module in videos to label related content. Detection
results contribute to understanding videos and further video processing such as applying
visual effects and autonomous zoom-in. After investigation of these fields, we propose a

real-time video object detection network.



1.1 Single Image Object Detection

The fundamental idea of an image object detector is to figure out the category and the
position of specific objects in a picture. For example, the bounding boxes in Fig. 1.1 mark

the locations of objects to be detected.

Multiple Object

Fig. 1.1 Example of object detection.

The output of CNNs for object detection consists often of two branches [19]. One branch
yields the classification result. Another branch yields the bounding boxes of objects to be
detected. The conventional object detection method can usually be divided into three steps:
first select candidate regions on a given image, then perform feature extraction on these
regions, and finally train a classifier for classification. However, the accuracy of detection is
decided by the choice of features. Manual feature extraction is a key limitation for conven-
tional object detectors. The emergence of two-stage object detection network based on CNN
replaces manual feature extraction with "machine learning". Fig. 1.2 shows in more detail
the basic architecture of the two-stage object detector. Compared to manually-designed

feature extraction, feature extraction using CNNs is adaptive to different detection tasks.



Conventional methods require effort to manually select features, require heuristic expertise
and rely largely on manual feature selection. CNNs extract multiple features and calculate

their combination for classification and regression, which is more efficient.

Objectness
Classification

Box
Regression

Box Classifier

Multi- E
B B Classification
o
- -

i -
! :' Tt ': Box
[ T Refinement

Fig. 1.2 Basic architecture of an object detection network.

Two-stage object detection is accurate but time-consuming. Therefore, fast one-stage
detection networks have been proposed in recent years. There is a network for region pro-
posals in two-stage detectors. For example, faster RCNN (Region-based CNN) [5] used RPN
(Region Proposal Network) [5]. The subsequent convolution network optimizes the output
of the proposal generator and runs a classifier on it. The two-stage detection networks is
accurate because a network for Rol (Region of Interests) and another network for bounding
boxes prediction are applied. While one-stage detection networks applies anchors for pre-
diction of the corresponding cell. It calculate bounding boxes regression and simultaneously
performs classification. One-stage networks can be fast as they complete localization and

classification tasks in one network.

1.2 Video Object Detection

With the popularity of deep learning networks, a significant number of image detection

networks are proposed with outstanding performance both in accuracy and speed. However,



video object detection is still challenging due to motion blur, out-of-focus image regions, rare
poses, and jitters in the displayed video. In addition, data redundancy is another problem
to consider when a detector is deployed on a video. In a video, each frame tells respective
"words" and neighbor frames can be combined to tell "a story", which indicates frames are
not separate but interconnected pieces. Fig. 1.3 shows consecutive frames in a video. With
the information from frames (a)(b)(c), we can know the occluded shape in frame (d) is a
cat. To be specific, frames in a video have a temporal order and are spatially related. The
problem of feature extraction in a video is extracting spatial and temporal features from a
image stream. Recent works |7,20-23| utilize spatially and temporarily cross-frame features
to reduce the negative influence of low-quality frames. Generally, video object detection
algorithms are mainly based on feature aggregation between local and global frames; also,
some of the detectors are based on object tracking [24].

In the past few years, obvious accuracy improvements can be witnessed with an increasing
number of well-designed architectures. However, most of the architecture are too complicated
to be fast enough for real-time processing of videos. Recently, Liu et al. [7,25] proposed an
efficient memory-guided network that runs with a lower computational budget and a smaller
time cost. Apart from that, the concept "gist" 7] allows the neural network to 'watch’ like
a human. Minimal computation was reached by interleaving conventional feature extractor
and lightweight ’gist’ features. But the mAP (mean of Average Precision) of this small video
detection network is only 61% on ImageNet VID dataset 23] for object detection tasks.

Hence remains a challenge to design an efficient video detection network.

1.3 Thesis Approach

When watching a video, we can predict the next frame as neighbor frames are interrelated,
and our predictions are often accurate. The prediction is based on our experience. For

example, we know people will put lipstick on their mouth instead of their eyes. As deep



(c) (d)

Fig. 1.3 Consecutive frames in a video with motion blur.

learning makes it possible for the machine to learn temporal relationships, it is also reasonable
for the machine to make a prediction in video processing. In this thesis, the relationship
between frames is exploited to enhance the features of the current frame based on our
proposed feature aggregation method. Then bounding boxes are predicted by a state-of-
the-art still-image detector. Our feature aggregation method is based on 3D convolution
which is efficient in learning temporal information. By aggregating cross-frame features
in the temporal dimension, a single-image object detection model can be ameliorated to
accomplish video object detection tasks with competitive performance.

This thesis describes the details of our research exploring the application of machine
learning methods to the challenge of object detection from videos. We utilize 2D convolu-
tion and 3D convolution networks in our work. The 3D convolution network is for feature
aggregation in the temporal dimension and the 2D convolution network is for spatial fea-
tures extraction. We utilize a multi-scale 3D network and multi-scale backbone. We allow
our 3D network and 2D backbone to communicate at each scale. Specifically, we develop

the feature aggregation policy to aggregate features extracted by 2D ConvNet (Convolution



Neural Network) using a 3D ConvNet. To decrease memory and computing requirements,
we utilize one-stage Yolov3 [26] as the basic detector. To preserve appearance information
in 3D convolution, we utilize AP3D (Appearance-Preserving 3D Convolution) as our basic
3D convolution module. We also apply octave convolution for speed and accuracy in our
novel architecture. We conduct our evaluation on the ImageNet VID2017 dataset [23]. We
achieve favorable results comparing with the single-image object detection baseline, and our

performance is competitive compared to other online video detectors.

1.4 Research Questions

Accuracy is the primary concern in video detection, but computation time is also important
because a real-time system is required in practical application. We address the following
questions in this thesis:
1. We explore what design leads to an efficient temporal network for feature aggregation?
2. We aim to find an efficient combination of the temporal network with a 2D one-stage
object detection network.

3. we investigate what design choices leads to an accurate real-time method.

1.4.1 Contributions

In seeking answers to the above research questions, we have arrived at the following contri-

butions:

e We have designed an efficient multi-scale 3D convolution network based on AP3D for
feature aggregation across frames. The temporal network aligns features of neighboring

frames and enhances features of the current frame based on temporal information.

e We import channel attention into Octave convolution 11| and propose selective-frequency



octave convolution which is capable of adjusting the ratio of high-frequency and low-

frequency features.

e We apply selective-frequency octave convolution to Darknet-53 (the backbone of Yolov3

[26]) and utilized the improved Darknet-53 as the backbone in our experiments.

e We design a multi-scale communication between our temporal network and the back-

bone. It allows multi-scale feature extraction and multi-scale feature aggregation.

1.5 Thesis Organization

This thesis consists of 6 chapters. We provide a brief summary below.

In Chapter 2, we first discuss related concepts such as the definition of and problems in
object detection, and the basic concepts of detection networks. We provide an introduction to
neural networks which are the basis of convolutional neural networks. We also describe online
video detection. Then we review the most important and applicable CNN architectures in
single-image and video object detection, respectively. We also describe the evaluation metrics
used in this thesis.

In Chapter 3, we provide a detailed background of the building blocks of our network
design. We provide an overview to Yolov3d and AP3D, respectively. We review octave
convolution and 3D convolution as the fundamental knowledge for Chapter 4.

In Chapter 4, we introduce our model design by starting with the overview architecture of
our video detection network. We provide the mathematical basis of our feature aggregation
policy and selective-frequency octave convolution. We describe in detail each component of
our work including the temporal network, feature extraction, and the detection module.

In Chapter 5, we describe our data set and experimental setup for training and evaluation
as well as the experimental results. First, we describe our dataset, training procedure, hyper-

parameters and loss function. Then, we provide a comparison of our proposed architecture



versus state-of-the-art video detection networks. We also provide a qualitative comparison
of results between our work and other detection networks. We provide an ablation study to
demonstrate the performance of the components that are proposed in this thesis.

Chapter 6 summarizes this thesis and states conclusions based on the results. Based on
detection performance and computing time, we discuss the results and identify challenges and
improvements. We discuss the limitation of our work and how the work could be improved

and taken further in future work.



Chapter 2

Related Work

2.1 Introduction

In this chapter, we provide a basic overview of the theoretical concepts of object detection
and CNN. We explain important terminology in object detection including methods of gen-
erating potential bounding boxes and optimizing predicted boxes. We describe convolutional
networks which indicate the evolution of CNNs on the field of computer vision. Online video
detection is defined in this chapter according to the definition of online action recognition.
We introduce 3D convolution to show its ability in extracting temporal information from
consecutive frames in a video. We review video detection networks and describe the four

video detectors which are used for the comparison with our work.

2.2 Object Detection

In this section, we introduce important components of object detection and evaluation ter-

minology.



2.2.1 Sliding Window and Selective Search

In object recognition and segmentation, the problem of locating possible objects is chal-
lenging. At present, different strategies are proposed to address it. RCNN architectures
(RCNN [5], Fast RCNN 6], Faster RCNN [27]) are based on region proposals, YOLO [28]
and SSD [29] are based on area division, and AttentionNet [30] is based on reinforcement
learning. Today most object detection algorithms are based on region proposals. The basic
method for region proposals can be a sliding window or selective search. We compare the
selective search strategy with the conventional sliding window.

Sliding Window is a classic method that transforms the problem of detection into the
problem of classification. The principle is to slide windows of different sizes and ratios
(aspect ratio) across the entire picture at a certain step size and then utilize classifiers on the
regions framed by these windows. A classifier scores the current region based on probability
indicating the existence of specific targets. Finally, candidate boxes that have higher scores
are marked. Obviously, this method has the disadvantage that an enormous amount of
calculation is necessary. Due to target size uncertainty, different sized windows must be
applied to generate candidate sub-regions, which requires a large number of calculations and
high-quality hardware. Overall, the sliding window method is simple and easy to understand,
but the global search of images with an enormous amount of windows results in low efficiency.
Therefore, this method is difficult to adopt in detectors with real-time requirements.

The sliding window method is similar to exhaustive search, however, most of the sub-
regions are meaningless background. Selective search improves computational efficiency by
extracting sub-regions that are most likely to contain objects in a picture. The main point is
to gradually merge sub-regions according to the similarity distribution in the image. First,
the segmentation algorithm generates many small sub-regions. Secondly, based on the sim-
ilarity between these sub-regions (the similarity criteria mainly include color, texture, size,

etc.), related regions are merged, and this operation is iterative. In each iteration, the co-

10



ordinates of new sub-regions are marked. It can save time compared to sliding windows as
the number of sub-regions decreases. Moreover, various sizes of candidate boxes are pre-
dicted because of the sub-regions merging strategy. It also outperforms the sliding window

on accuracy as various features are calculated during iterations.

2.2.2 Anchor Boxes

The anchor boxes in object detection networks is widely used today. They indicate a set of
pre-defined bounding boxes of different scales and at different positions, covering the regions
of the image to be detected. Each anchor box is responsible for detecting objects whose
intersection with the corresponding anchor box is over the threshold (usually set as 0.5 or
0.7). As depicted in Fig. 2.1, the anchor technology converts the question of "where is the

objects" into "Is there object in this anchor box".

Fig. 2.1 Anchor boxes for the center cells. The yellow box is ground-truth; the
blue boxes are prior anchor boxes; and the red box indicates the center point of the
object (dog).

An anchor box can be defined by the aspect ratio and the scale. Therefore, anchor

boxes can be easily generated according to pre-defined rules. The anchor box has first been

11



introduced in Fast R-CNN. Anchor boxes enable an element on the feature map to generate

a certain number of boxes of different shapes and scales.

2.2.3 Non-Maximum Suppression

NMS (Non-Maximum Suppression) suppresses elements that are not of maximum value. It
also can be understood as maximum local search. NMS can filter out non-optimal boxes in
object detection. In experiments, detectors may predict more than one bounding boxes that
contain the same object with a corresponding probability calculated for each box, which is

depicted in Fig. 2.2.

(a) Bounding boxes before NMS (b) Bounding boxes after NMS

Fig. 2.2 Bounding boxes before and after Non-Maximum Suppression (NMS).

As depicted, a bunch of bounding boxes may be predicted for one target. Therefore, it is
necessary to determine an optimal bounding box. It is the task of NMS. Assuming that four
bounding boxes for the dog are predicted in the picture, then sort them in ascending order
according to the calculated probability. Let them be A, B, C, and D in order of increasing
probability, respectively. NMS can remove redundant boxes in the following steps. First,

calculate the IoU (Intersection over Union) between D (the one of maximum probability

12



score) and A, B, C, respectively. If the overlap of B and D exceeds a threshold, B will
be discarded, and bounding box D will be marked as the optimal one. Then run the first
step iteratively on remaining boxes A and C. To be specific, the IoU between C (scored the
highest probability now) and A should be calculated in the second iteration. Assuming the
overlap is larger than a threshold again, then throw A away and mark C as another optimal
box. Until there are no remaining unmarked bounding boxes, all the marked bounding boxes

are optimal predictions.

2.2.4 Intersection over Union

IoU calculates the ratio of the intersection and union between the "predicted bounding box

(A)" and the "ground-truth bounding box (B)", which is:

(2.1)

IoU is used to evaluate the performance of object detection networks. While it is simple
to calculate the accuracy of classification, we also need to measure the positioning precision
of detectors. As shown in Fig 2.3, the green frame indicates the predicted bounding box while
the yellow one is the ground-truth. The evaluation of prediction is transferred into calculating
the correlation between ground-truth and predicted value, and a higher correlation value

denotes the more precise prediction.

2.2.5 Mean Average Precision (mAP)

The mAP for multiple-classes object detection is the mean of the interpolated AP over
classes. The per-class AP is given by the area under the PR (precision/recall) curve . The
metric APsy we have selected is based on a set of three primary measures of the quality of a
detection result: True positive (TP): correct positive inference with ToU > 50% between the

predicted bounding box and ground-truth (the same ground-truth will be only calculated
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Fig. 2.3 Example of Intersection over Union (IoU).

once). False positive (FP): incorrect positive inference with IoU <= 50% between the
predicted bounding box and ground-truth. False negative (FN): incorrect negative inference
indicating ground-truth that is not detected.

Precision and recall can be calculated based on TP, FP and FN as follows:

.. TP
Precision = m—w (22)
TP
ll = ———— 2.
Reca TPLFN (2.3)

The PR curve is then given by plotting these recall-and-precision pairs as progressively
lower-scored detection inferences are included [31]. To be specific, a confidence threshold is
selected and instances of which scores are over the threshold are recognized as positive. We
start from a large threshold and end with a small threshold based on which all instances are
recognized as positive. We calculate these recall-and-precision pairs for each threshold and
we can draw the PR curve. The true area under the interpolated PR curve is the AP value

for the class [32]. mAP is the mean of AP over all classes in an experiment.
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2.3 Online Video Detection

Video action recognition can be divided into two settings, offline and online. For the offline
setting, the complete video is available for action recognition, which means all frames in the
video can be used for a better understanding of the current frame. However, in the online
setting, video action recognition networks read a video stream and the input is processed
frame by frame. In our thesis, we define online video object detection as referring to the
online setting of video action detection. As the following frames in a video are unavailable,
real-time detection or prediction is necessary. We believe the online setting is closer to many
practical application scenario. Due to the requirement of real-time processing, methods
with high computational complexity are not applicable. In general, online video detection is
more in line with surveillance, in which a real-time warning is required, such as in anomaly
detection [33] while offline video detection is more in line with video search, such as highlight
detection or preview generation used by YouTube.

In our work, the input is always a video stream, and hence we address the task of
online video object detection. Each frame of the video has contextual correspondence and
similarity. Because of the relationship, the information of previous frames can be used to
enhance the feature of the current frame. For a blurred frame, we may observe objects clearly
in the neighboring frames of the current blurred frame. Due to the high similarity between
neighboring frames, removing redundant information can help to speed up the detection
in a video. Over recent years, keyframes and non-key frames are proposed to exploit the
redundancy of local frames. In general, there are two methods for selecting keyframes: the
selection of frames at a fixed interval and the selection based on adaptive learning methods.
A complex detection algorithm is applied to keyframes. While for non-key frames, the
detection results are usually calculated by referring to the results of the keyframes and the

updated information between the non-key frames and the keyframes [7].
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2.4 3D Convolution for Video Processing

In recent years, deep learning has developed rapidly, and CNNs have played a very important
role in the current development in computer vision. For image processing, the advantage
of using a CNN is that the convolution kernel can extract spatial features from images.
Compared to 2D images, videos have another depth dimension that is also called the temporal
dimension. Therefore, a 3D convolution kernel is needed to extract temporal features. The

difference between 2D and 3D convolution is shown in Fig. 2.4.
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Fig. 2.4 Comparison between 2D and 3D convolution

A video clip can be represented as a 4D tensor with the size of ¢ X d X h X w, where
¢, d, h and w denote the number of color channels, temporal length, height and width of each
frame, respectively. A 3D convolution kernel can be formulated as a 3D tensor with the
size of d X h x w(the channel dimension is ignored for simplicity), where d is the depth of
kernel, while h and w denote the height and width, respectively. The 3D convolution encodes
values by sliding along both the spatial and temporal dimensions of the video clip, e.g., the
3D kernels in Fig. 2.5 capture the features across three frames. Tran [1| concluded 3D
ConvNets outperform 2D ConvNets in learning spatial-temporal features and proposed C3D

(Convolutional 3D). However, a large-scale cascaded 3D ConvNet cannot meet our processing
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speed requirements in the video object detection task. In our work, 3D convolution layers
are applied to merge features from neighbor frames in our 3D backbone. With our module
of dimension reduction, our algorithm can extract temporal information like 3D ConvNets

at the cost of 2D ConvNets.

Input output

Fig. 2.5 Example of 3D convolution on a video.

2.5 Convolutional Neural Network Architecture

In recent years, advanced convolutional network architectures have emerged that serve as
the basis for incremental changes in object detection. In this section, we provide a brief
introduction to the concept of CNNs and related terminologies.

We provide a brief overview of four networks that could be considered the basis of most
other convolutional networks today. Their work had a revolutionary impact on deep learning
methods at the time.

ILSVRC2012 (ImageNet Large Scale Visual Recognition Challenge 2012) is the milestone
in large-scale image classification as AlexNet [34] started the revolution of deep learning.
AlexNet used dropout layers to randomly ignore some neurons during training to prevent
model overfitting. Previously, average pooling has been frequently used. However, AlexNet
replaced average pooling with max-pooling to avoid the blurring of average pooling. In
pooling layers, the step size is smaller than the size of the pooling core, which is known as

overlapping pooling.
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The success of AlexNet in ILSVRC2012 not only affected the research of image classifi-
cation but also attracted the attention of researchers in other fields of computer vision. Ross
Girshick et al. [5] applied CNNs to object detection and proposed the RCNN model. The
RCNN model utilized selective search for candidate regions proposal. RCNN then extracts
features from each candidate region using a CNN. Finally, RCNN inputs these features into
a linear support vector machine for classification. To make the bounding boxes more ac-
curate, RCNN has also trained a linear regression model to correct the coordinates of the
predicted boxes, which is called bounding box regression. This model outperformed tradi-
tional algorithms on the PASCAL VOC dataset which is a dataset for object detection and
segmentation. The average accuracy rate is about 20% higher than conventional algorithms.
Because the PASCAL VOC data set is smaller than the ImageNet data set, RCNN is first
trained on ImageNet, then the pre-trained model is fine-tuned on PASCAL VOC to achieve
better performance.

However, it can be time-consuming to extract features from each candidate region sepa-
rately. The team of MSRA proposed SPP-Net [35] to improves the architecture of RCNN. In
ILSVRC2014, SPP-Net won third place with an error rate of 8.1%. In SPP-Net, the pyramid
pooling layer was imported after the last convolutional layer of RCNN. The pyramid pooling
layer allowed the network to adapt to images of any size and also generate a fixed-size out-
put feature vector. The difference between RCNN and SPP-Net is shown in Fig. 2.6. The
biggest difference from RCNN is that SPP-Net only extracts features from the picture once
and then find features of ROI in the feature maps. As SPP-Net only extracts the features of
the entire picture once, the speed is greatly improved. From results on the PASCAL VOC
dataset, SPP-Net achieved the same level of accuracy as RCNN with lower computation.

GoogleNet [36] won ILSVRC2014 with an error rate of 6.7% that was half of the best
record at the time. Inspired by Hebb’s rule [37], the Google team improved CNN based on
the concept of "multi-scale" and sparse structure. The network is composed of twenty-two

layers. GoogleNet imported the inception module based on Lin’s et al. work [38] following
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Fig. 2.6 Difference between R-CNN and SPP-Net.

the traditional convolutional pooling layers. The structure of the inception module is shown
in Fig. 2.7. The inception module utilized convolution kernels of size 1x1, 3x3, and 5x5.
The 3x3 and 5x5 convolution kernels enabled diverse features to be extracted. The 1x1
convolution kernel achieved a low-cost feature transformation. In general, the inception
module achieved dimension reduction, so it did not increase computing requirements for the
addition of the width and depth in the network. Moreover, the inception module reduced
the parameters that need to be trained, thereby prevented overfitting and improved the
generalization of the model. Compared with AlexNet, the number of convolutional layers in

GoogleNet has increased, the number of parameters decreased.

filter
concatenation

A conv 5x5 conv 1x1conv
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1x1conv 1x1 conv 3x3 maxpoaling

previous layers

Fig. 2.7 Inception module.
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2.6 3D CNNs for Video Processing

Due to the popularity of video processing using convolutional neural network, researches
of 3D CNN (3D convolutional neural network) developed rapidly in recent years. Tran et
al. [1] proposed C3D (Convolution 3D) to extract temporal and spatial features in a video.
The work explored the use of 3D CNNs in large-scale supervised training data set UCF101.
The modern 3D deep-learning architectures C3D obtains the best performance in the video
analysis tasks. They conclude 3D ConvNets outperformed 2D ConvNets for learning spatio-
temporal features and the convolution kernel of 3 x 3 x 3 is optimal. The architececture of
C3D is depicted in Fig. 2.8. C3D net consists of 8 convolution, 5 max-pooling, and 2 fully

connected layers, followed by a softmax output layer.
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Fig. 2.8 Architecture of C3D [1]. (©) Copyright IEEE 2015.
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Carreira et al. [2] proposed the Two-Stream Inflated 3D ConvNet (I3D), which can achieve
extraordinary performance after being fully pre-trained on Kinetics which is a collection of
large-scale, high-quality datasets for human action recognition [39]. The two-steam networks
is composed of one I3D network trained on RGB inputs and another on flow inputs which
carries optimized, smooth flow information. The two networks were trained separately. The
RGB-input I3D network was implemented based on the successful image network architec-
ture, of which the convolution and pooling kernels were expanded from 2D to 3D to finally get
a very deep spatio-temporal classification network. The architecture of Inflated Inception-V1
is depicted in Fig. 2.9.

To be specific, a set of RGB pictures and the corresponding stack of calculated optical
flow frames are input into the 3D CNN that is pretrained on ImageNet, then the final output
was the average score of the two streams output. They also re-evaluate models on the dataset

Kinetics and conlude that two-stream I3D could improve the accuracy of action recognition
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Fig. 2.9 Architecture of Inflated Inception-V1 [2]. (©) Copyright IEEE 2017

compared with only RGB-input 3D CNN.

D3D (Distilled 3D Network) [3] discards the two-stream architecture and provides com-
petitive performance using a one-stream network. The author of D3D designed experiments
to prove only inputting RGB frames into the 3D convolutional neural network loses motion
information. In an experiment, a 3D convolutional neural network is designed to extract the
3D features of the input frames, and then decode the motion features to the optical flow.
The architecture of the 3D convolutional neural network is depicted in Fig. 2.10. They apply
decoders at the hidden layers as depicted in Fig. 2.10. The blue boxes with dashed lines
represent convolution, and the blue boxes with solid lines represent inception blocks. The
gray boxes indicate pooling layers. The architecture is based on I3D.

They compared EPE (EndPoint Error) loss of the decoded optical flow and the regular
optical flow. They concluded that 3DCNN could capture much more motion information
from optical flow than from RGB frames. Based on the conclusion, D3D was proposed and

distillation was applied to improve motion representations. To be specific, the concept of
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D3D was to tune the spatial stream to mimic the temporal stream, which can effectively
capture more motion information. For the loss function, D3D adopts cross entropy together
with optical flow feature supervision loss.

Qiu et al. [4] propose P3D ResNet (Pseudo-3D Residual Net) based on the concept of
residual blocks. They first decouple the 3D convolutions into 2D spatial convolutions to en-
code spatial information and 1D temporal convolutional filters for the temporal dimension.
They designed various bottleneck building blocks as shown in Fig. 2.11. The author designed
the final P3D ResNet using mixed P3D blocks as the strutural diversity improves the per-
formance. The overview of P3D ResNet is depicted in Fig. 2.12. P3D ResNet utilizes the
combination of three P3D blocks and gained the absolute improvement over P3D-A ResNet,
P3D-B ResNet and P3D-C ResNet by 0.5%, 1.4% and 1.2% in accuracy, respectively.

2.7 Keyframe Selection in a Video

Key-frames always refer to frames in which the key action or object exists. In video object
detection, key-frames are sparse. Considering that the redundancy of adjacent frames in
a video is generally high, key-frames selection can reduce the number of frames for which

complete detection has to be performed and it can improve the efficiency of detection in
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Fig. 2.11 Bottleneck building blocks of P3D [4]. (©) Copyright IEEE 2017
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Fig. 2.12 The overview of P3D ResNet using the combination of P3D-A, P3D-B
and P3D-C blocks [4]. (© Copyright IEEE 2017.

videos. Therefore, the distribution of key-frames is a popular research topic.

There are a wide range of methods to select key-frames. In Flow-net [20] and the work
of Zhu et al. [40], key frames are selected following a fixed interval. It is easy and fast but
not good for video understanding. Therefore, key-frame selection policy based on machine
learning were proposed. For example, key-frames are selected by a recurrent “attention

model” in the work of B Mahasseni, et al [41].

2.8 Object Detection in Images

In recent years, object detection algorithms have made great progress. Detection algorithms
can be divided into two categories. One is a Region Proposal based RCNN system algorithm

(RCNN [5], Fast RCNN [6] and Faster RCNN [27]). They are two-stage detectors, which
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means they need to first generate the candidate regions and then utilize the classification
and regression methods on the proposed regions. R-CNN utilizes selective search for region
proposal and a SVM (Support Vector Machine) for classification [5]. The overview of RCNN

is depicted in Fig. 2.13.
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Fig. 2.13 The overview of RCNN [5]. (©) Copyright IEEE 2014.

However, additional space was required to store the extracted features used by the clas-
sifier. Convolution was applied to each region proposal, which can include a large number
of redundant calculation. Time and memory consumption for RCNN were relatively large.
Therefore, Fast R-CNN is proposed to speed up the detection. The structure of Fast R-CNN
is shown in Fig. 2.14. An input image and multiple Rols (regions of interests) were input
to an fully convolutional network [6]. Fast RCNN propose the Rol pooling. Rol pooling
layers extract a fixed-size feature map from the output feature map corresponding to region
proposals of different sizes. The fixed-size feature map is prepared for the fully connected
layer. Because Rol pooling is performed on the output features corresponding to proposed
candidate regions, it is no longer necessary to perform convolution on the proposed regions.
Additionally, Fast RCNN trains regressors together, in which each regressor corresponds to a
class. Fast RCNN also uses softmax to replace the original SVM classifier. The loss function

of Fast RCNN is composed of classification and regression loss. The performance of Fast

RCNN on PASCAL VOC 2007 dataset was 70% mAP which outperformed RCNN (66%
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mAP).

Faster RCNN [27] aggregates feature extraction, region proposal, bounding boxes regres-
sion and classification into a complete network. It proposes RPN (Region Proposal Networks)
for generating proposal Rols. From results on MS COCO dataset, Faster RCNN is more

accurate than Fast RCNN.
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Fig. 2.14 Fast RCNN architecture [6]. (©) Copyright IEEE 2015.

Apart from two-stage detectors, there are one-stage detectors such as Yolo [28] and SSD
[29]. One-stage detectors skip the region proposal and are faster than two-stage detectors.
Yolo series and SSD utilize a single deep neural network and provide competitive performance
in object detection. SSD predictions are based on multi-scale feature maps as it utilizes
pyramidal feature hierarchy. It also uses convolutional predictors instead of fully connected
layers for prediction. Therefore, the input images of SSD can be of various sizes. From the
testing results on VOC2007, SSD512 achieves 80% mAP (Mean Average Precision) and runs
at 19 FPS (Frames Per Second); SSD300 achieves 77% mAP and runs at 46 FPS; Faster
RCNN achieves 73% mAP and runs at 7 FPS; Yolo achieves 66% mAP and runs at 21 FPS;
overall, SSD provides best performance.

Usually, two-stage detector can be more accurate but slower. While the one-stage algo-
rithm can be faster and less accurate. However, the gap between two-stage and one-stage
detectors has been narrowed in recent years due to the emergence of SSD and Yolov3. For

a more comprehensive review of object detection methods, the interested reader is referred
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to the review of Zhao et al. [42] and in particular the recent analysis of the importance of

sampling imbalance by Oksuz et al. [43].

2.9 Object Detection in Videos

2.9.1 Review of Recent Video detection networks

Video object detection is challenging. The main challenges are occlusion, blurring and rare
poses. It is feasible to utilize a single-image detector for video detection. However, the
performance of single-image detectors drops in video object detection compared to single-
image detection. A main direction in video detection in recent years is to fuse spatial
and temporal features from bounding-boxes, frames and feature maps. Recently, different
solutions to the challenges have been presented.

Methods based on optical flow play an important role in video detection. Sparsely recur-
sive feature aggregation for key-frames and spatially-adaptive partial feature updating for
non-key frames [21| were proposed by Zhu et al. The architecture of the feature aggregation
module in Zhu’s work is based on Flow-net [20]. They apply sparsely recursive feature aggre-
gation based on optical flow only on sparse key-frames and propagate features of key-frames
to non-key frames. The feature temporal consistency Qx_.; is introduced to quantify the
quality of propagated feature Fj_,;. If Qr_; < 7, the propagated feature Fj_,; is inconsis-
tent with F; (the real feature of the current frame). The feature of the non-key frame can
be calculated through spatially-adaptive partial feature updating. The final feature of the
non-key frame feature can be the sum of weighted partial updated features and propagated
features. This effective network utilized R-FCN [44] for detection.

LSTM is widely used to extract short-term memory information. Liu et al [25] introduces
an real-time online model for video object detection which runs at 40 FPS (frames per sec-

ond). They propose an efficient Bottleneck-LSTM that significantly reduces computational
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cost [25]. They import the convolutional Bottleneck-LSTM into fast single-image object de-
tection to refine and propagate feature maps across frames. Liu et al. also integrate multiple
feature extractors with Bottleneck-LSTM |[7]. Different feature extractors can specifically
extract different features and has various computing cost. The interleaved feature extractors
model is depicted in Fig. 2.15. The ratio of lightweight and heavy feature extractors is 2.
The Q-learning strategy is used to learn the order in which the feature extractor is utilized.

The extracted features are stored and processed by the Bottleneck-LSTM module.
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Fig. 2.15 Tllustration of the interleaved feature extractors model [7]. (©) Copyright
Liu et al.

To seek a good balance of computing cost and competitive performance, previous efforts
usually focus on optimizing the model architectures. The work of Chen et al [45] explores an
approach to reallocate the computation over a scale-time space. The Scale-Time Lattice was
proposed in their work for non-key frame position correction from different scales and in the
temporal dimension. The Scale-Time Lattice is illustrated in Fig. 2.16. PRU (Propagation

and Refinement Unit) is for the feature propagation between key-frames and non-key frames.
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The input of PRU are two adjacent key frames which is represented by red dots in Fig. 2.16.
PRU is composed of a temporal propagation operator, a spatial refinement operator, and
a simple rescaling operator. The temporal propagation operator takes motion information
on the MHI [46] (Motion History Image) of two key-frames as input, propagate them to
an intermediate frame. MHI expresses the object movement in the form of brightness by
calculating the pixel value change in the time period. The propagation and refinement based
on MHI is multi-scale. Compared with the calculation of optical-flow motion representations,
the speed of calculating the MHI is fast. The spatial refinement network is similar to Fast

R-CNN and it performs spatial bounding-box regression.
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Fig. 2.16 Illustration of the Scale-Time lattice. (C) Copyright IEEE 2018.

Deng et al [8] proposes RDN (Relation Distillation Networks) that aggregated and prop-
agated object relation to augment object features for detection. The overview of RDN is
shown in Fig. 2.17. A RPN (Region Proposal Networks) is first employed to produce object

proposals from reference frames and all support frames. R" consists of the top-K object
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proposals from reference frame and all the top-K object proposals from support frames are
packed into the supportive pool R*. Then RDN augments the feature of each reference
proposal in R" by aggregating its relation features over the supportive proposals in R* for
spatio-temporal context. The augmentation is multi-stage. In the basic stage, a set of re-
fined reference proposals R™ is output through relation modules. In the advanced stage,
r% supportive proposals in R* with high objectness scores are packed into the advanced
supportive pool R**. R is output from R®, R** and R™ from the advanced stage. Finally,

the upgraded features of all reference proposals output from advanced stage is exploited for

prediction.
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Fig. 2.17 The overview of RDN [8]. (©) Copyright IEEE/CVF 2019.

The work of Wu et al. [47] proposed SELSA (Sequence Level Semantics Aggregation)
module for feature aggregation. They defined the similarity between proposals as the se-
mantic similarity that served as guidance for aggregation between the reference proposal
and features from other proposals. The similarity is calculated using cosine similarity.

Memory is useful for long-term relationship extraction. Deng, et al. [48] built the object
guided external memory network which can store features of previous frames. They store
long-term information in an addressable external data matrix. They apply hard-attention
to selectively store valuable features. The feature propagation is achieved through a set of

read /write operations from the external memory.
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The above methods utilize feature aggregation between neighboring frames and the refer-
ence frame. MEGA (Memory Enhanced Global-Local Aggregation) imported global feature
aggregation module into video object detection networks [49]. First, RPN is used to generate
some candidate proposals from local frames (neighboring frames of the key-frame) and global
frames (randomly selected from the video). Then the authors utilize the relation network
to aggregate the relative features from the proposals. The aggregation is performed in two
stages. The first stage is to aggregate features in those global frame into the features of key-
frames (global aggregation stage). The second stage is for the feature aggregation between
local frames and key-frames (local aggregation stage). They also design Long Range Memory
(LRM) for the storage of local localization information and global semantic information.

There is also tracking-related work [9] that introduces object-tracking into the detection.
The architecture of D&T (the Detect and Track) is depicted in Fig. 2.18. It utilized R-
FCN [44] for detection. The correlation block is to extract the relation between frames.
To be specific, the correlation maps for all positions and these features maps through Rol
pooling are computed for track regression which is dash lines in Fig. 2.18. D&T achieves

detection and tracking tasks in a network.
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Fig. 2.18 Architecture of DT approach [9]. (©) Copyright IEEE 2017



Reviewing recent video detection networks provides different strategies for extracting
cross-frames relationship on feature level or boxes level. Overall, video detection based on
feature aggregation is more popular and provides better performance. The detection based on
optical flow can be time-consuming and instead we can use 3D convolution to extract motion
information. The interleaved architecture of Liu’s et al. work inspires the communication
between the 2D and 3D network. The multi-scale feature propagation [45] inspires our
multi-scale temporal network. RDN, SELSA and MEGA aggregate features using relation
networks or semantic similarity. However, the time cost of utilizing a specific module for
exploring features of neighboring frames is high. We utilize AP3D to synchronously align
features of neighboring frames and extract motion information, which is more efficient for

feature aggregation.

2.10 Video Detectors for Comparison

We selected four efficient video detectors for the comparison with our work. They are
FGFA [20], a-LSTM [10], STMN [50] and REPP+Yolov3 [51]. They utilized different feature

aggregation methods or post-processing methods.

2.10.1 Flow-Guided Feature Aggregation (FGFA)

FGFA [20] is a representative algorithm for many video detection approaches. Similar to
single-image detectors, the feature extraction network of FGFA extracts feature maps of a
single frame. To enhance the features of the current frame, Flow-net is used to estimate
the motion of adjacent frames and the current frame based on optical flow. It uses bilinear
warping to fuse the features of the current frame and neighboring frames obtained by Flow-
net. Then they calculate the weighted sum of the warped feature map and the extracted
feature map of the current frame through an adaptive weight network. Finally the aggregated

feature map is utilized for prediction by the detection network to output the detection result
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of the current frame. They utilize Resnet50, Resnet101 [52] and aligned-Inception-Resnet [53]

for detection.

2.10.2 Association Long Short-Term Memory (a-LSTM)

Lu et al. [10] proposes association LSTM to explore cross-frames relationship. Association
LSTM not only performs regression and classification, it also associates extracted features
of each objects. An architectural overview of the network is shown in Fig. 2.19. There are
two outputs as shown in Fig. 2.19, including regression results and the novel association
features output. The predictions of objects are obtained from the LSTM output hidden
state in each frame while association features are computed between the output hidden
states in two consecutive frames. Compared to LSTM, a-LSTM extract cross-frame features
fundamentally. The loss for a-LSTM is composed of regression error and association error.

The association error is optimized to provide features representations of associated pairs.

Stacked

fc
frame tensor -
1 E ﬂq LSTM [—>|
t ) E—| LSTM |—>|
Error
t+1 SSD j—l LSTM |—>| ~
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Fig. 2.19 Architecture overview of a-LSTM [10]. (© Copyright IEEE 2017.



2.10.3 Spatial-Temporal Memory Network (STMN)

Feature aggregation based on a relation network and optical flow can be time-consuming.
Xiao et al. [50] propose feature aggregation based on an aligned spatial-temporal memory.
They design a STMM (Spatial-Temporal Memory module) for features to model long-term
temporal appearance and motion dynamics. The concept is to perform feature alignment to
features of neighboring frames and the reference frame. The feature alignment is based on

deformable convolution [53].

2.10.4 Robust and Efficient Post-Processing (REPP)

REPP is a boxes-level method for video detection. All possible detected objects pairs from
consecutive frames construct features based on their position, geometry, appearance and
semantics. A link scoring model is utilized to calculate the similarity between frames. The
link is established between consecutive frames, and the tubelet is generated between the first
pair of frames. The tubelet will be expanded if a similar object is detected in the following
frames. The link is utilized to correct bounding boxes. REPP has a small calculation cost.
The performance of REPP using Yolov3 as the detection network outperforms a-LSTM.
However, detection with REPP is offline as the next frame is used for the bounding boxes

correction of the current frame.

2.11 Summary

In this chapter, we introduce the concepts of object detection including terminologies and
evaluation metrics. We discuss the online video detection tasks. We also provide introduction
of 3D convolution and key-frame selection. We review works in single-image and video
object detection. We discuss different strategies, including the state-of-the-art methods for

detection tasks.
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Chapter 3

Background

3.1 Introduction

The purpose of this chapter is to introduce the concepts that are utilized in our work. We
describe Yolov3 which is the baseline. Then we introduce octave convolution [11]. We also

illustrate the CBAM [13] (Convolutional Block Attention Module) for the introduction of

attention module.

3.2  You-Only-Look-Once version 3 (YoloV3)

One of the core problems in CV (Computer Vision) is object detection. Currently, Faster
R-CNN [27] and Mask R-CNN [54] have achieved satisfactory results in tasks of instance
segmentation, target recognition, and human key-point detection. However, they are time-
consuming as they are two-stage detection networks. Yolo (You Only Look Once) [28] is
proposed as a one-stage algorithm using a single end-to-end network for object detection.
Instead of using RPN (Region Proposal Network), Yolo utilize anchor strategy for predicting
bounding boxes. For example, the image to be detected is divided into 7x7=49 grids. And

in each grid, two bounding boxes are allowed to be predicted. In total, there can be 49x2=98
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bounding boxes which roughly cover the entire area of the picture. Then we need to fine-tune
the candidate boxes to make them closer to the ground truth, which is known as bounding-
boxes regression. The architecture of Yolo is a simple combination of convolution layers and
two fully connected layers. In conclusion, the architecture of Yolo is not essentially different
from other object classification networks based on CNN. The biggest difference is that a
linear function is adopted as an activation function in the final output layer as both position
and probability will be predicted together.

Compared with Yolo, the main improvements of YOLOv3 include the new feature ex-
traction backbone Darknet-53, multi-scale prediction, and independent logistic classifiers.
For better classification results, Darknet-53 is designed and trained on ImageNet. It learns
from Residual Networks and sets up shortcut connections between certain layers. YOLOv3

uses the first 52 layers of darknet-53 (without a fully connected layer), as Fig. 3.1 shows.

Type Filters Size Output
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x 128
Convolutional 32 1 x1

1x| Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1 x1

2x| Convolutional 128 3x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x 1

8x| Convolutional 256 3 x3

Residual 32 x 32
Convolutional 512 3x3/2 16x 16
Convolutional 256 1 x1

8x| Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1 x1

4x| Convolutional 1024 3 x 3

Residual 8x8
Avgpool Global
Connected 1000

Softmax

Fig. 3.1 Darknet-53. (€) Copyright Redmon et al.

The size of the input is 256 x 256 x 3, and the numbers 1, 2, 8 in the leftmost column
of Fig. 2.5 indicate the repeating number of residual components. It is a fully convolutional
network as the pooling layers are not capable of improving the performance of a big network

[55]. Instead of using a pooling layer, a convolution layer with a step size of 2 is used for
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downsampling. Moreover, YOLOV3 [26] adopts a multi-scale method that performs detection
on the feature map of three scales(with downsampling rates of 32, 16 and 8. Similar to
FPN, deep features will be fused with shallow ones through upsampling. Finally, features
of the three scales are combined. As the size of the output feature maps changes, the scale
of bounding box priors also needs to be adjusted accordingly. YOLOv3 adopts K-means
clustering to calculate the size of the box prior to each scale. YOLOv3 adopts the nine
bounding box priors trained on the COCO data set. They are (10x13), (16x30), (33x23),
(30x61), (62x45), (59x119), (116x90), (156x198), (373x326). To be specific, the three largest
box priors (116x90), (156x198), (373x326) are allocated to the smallest 13*13 feature map
with the largest receptive field for detecting larger objects. The medium bounding box priors
(30x61), (62x45), (59x119) are applied on the medium 26*26 feature map with the medium
receptive field for detecting medium-sized objects. The largest 52*52 feature map with the
smallest receptive field is adopted for the smallest box priors (10x13), (16x30), (33x23) for
detecting smaller objects. For classification, the logistic output is calculated for predicting
categories, which can support multi-label objects. To better understand the architecture of
YOLOv3, Fig. 3.2 illustrates its input-output relationship on the COCO dataset.

As depicted in Fig. 3.2, three sizes of output are predicted, in which (13*13), (26%26),
(52*52) are the grid sizes, and 255 is length of the output. The length of the output is
calculated by:

Len = Ny, X (Npara + Nas), (3.1)

where N, indicates the number of prior boxes in a cell which is Yolov3; Npe,, denotes the
number of parameters (z,y, w, h, confidence) for boxes which is 5. N4 denotes the classes
number which is 80 as COCO dataset is used.

With the integration of the above solutions into YOLO, the prediction accuracy is im-
proved while maintaining the speed advantage. Especially the ability to recognize small

objects is strengthened. Yolov3 outperforms SSD in accuracy and running time.

36



DBL*S

Darknetod without rC layer

13x13x255

416x416¢3
b
S o m

DBL*S 26x26x255

Lﬂ

52x52x255

DBL*5

Darknetconv2D_BN_Leaky Res_unit Resblock_body

Leaky res Zero res [
= i e s = - - padding . u nTt
\_.V_f

Res_unit*n

Fig. 3.2 The architecture of YOLOvV3.
3.3 Octave Convolution

The efficiency of convolution layers in CNNs decides the practicability of the network, es-
pecially in real-time systems. However, the feature maps generated by CNNs always have
a lot of redundancy in the spatial dimension. The feature descriptors of different locations
are stored independently, ignoring the common information that can be processed together
in adjacent locations. Chen et al. [11]| state that the output feature map of the convolu-
tional layer can be separated into features of different spatial frequencies. They propose
a new multi-frequency feature representation method that stores the high-frequency and
low-frequency feature maps in different groups, as shown in Fig. 3.3.

We can compare octave convolution with vanilla convolution. In vanilla convolution, we
assume W € R**F denotes a k convolution kernel with ¢ channels, Fj,, F,,; denote the
input and output tensors, respectively. Each feature map F,,(x,y) € R° can be computed
by

Fout(,9) = Y Wipam i TFi(@ +1,y + ), (3.2)

,jE€ N
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Fig. 3.3 Octave convolution (original image from [11]). (©) Copyright IEEE/CVF
2019.

where (x,y) denotes the location coordinate and Ny, = {(i,5) : i = {521, .., EL} j =
{—%, s %}} defines a local neighborhood. For simplicity, we assume k is an odd num-
ber and ¢;, = cour = c¢. Octave convolution is designed to effectively process the low
and high frequency in their corresponding frequency tensor but also enable inter-frequency
communication. Let Fj,, F,, denote factorized input and output tensors. The output
Foui = {F1, FL where FII, = FE=H  pLoH and L = FLoL 4 FHSL 0 The detailed

o out out out out out out

implementation of octave convolution is shown in Fig. 3.4.

Octave Convolution

(1 - ain)cin (1 - amzt)caut
f(PH; WH—JH)
QH—»H
nl e f(pool(PH, 2); WwH=L) @ 5 h @
w QL—»H

w

H—L

Q
[ C
upsample(f (P Wty 2) outCout
®—

fPE Wb /‘ Q™ 0.5h

0.5w

Fig. 3.4 Detailed design of the octave convolution [11] (« is the ratio of the low
frequency to the overall features). (©) Copyright IEEE/CVF 2019.

To be specific, £ and FL*L indicate intra-frequency update, while FL>H and FH =1
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denote inter-frequency communication. The convolution kernel W is split into two compo-
nents {WH WL} to calculate the corresponding frequency tensor. For the high-frequency
feature map at (x,y), an intra-frequency update is computed by using a regular convolution.
For the inter-frequency communication, the up-sampling is folded over the feature tensor FL

into the convolution. The computation of FX = FL is shown as follows:

out? ou

FH

out

(v,y) = FE (2, y) + FE2H (2, y)

out out

— H—H TrH . .
- Zz’,jeNk WH%%% Fr(z+i,y+))

T T . L
+ Dijen, Wf:k;lﬁ% Fin([5] +4), ([5] +J)7,

(3.3)
where [.| denotes the floor operation.

Similarly, we can compute inter-frequency update using the regular convolution as follows:
Foy(.y) = Fou M (2,y) + Foug " (2, y)
= Dijen, Wf:éH%TFZ%(x +i,y+7)

+ Dijen, Wfﬁéﬁﬂ%TE{{@ Xz +0.5+1),(2xy+05+]),

(3.4)
For the output of last octave layer, we need to combine high-frequency and low-frequency

features as:

Fo = Concat(F2

out?

Upsamle(FL))). (3.5)

In this thesis, we utilize channel attention module to calculate the weight of high-
frequency channels and low-frequency channels in the last octave layer. The output feature

F,.: can be calculated as:

Fou = Concat((wy, x FE2)), Upsamle(w; x FX))). (3.6)
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3.4 Appearance-Preserving 3D Convolution (AP3D)

Appearance-Preserving 3D convolution (AP3D) is proposed to solve the problem of appar-
ent feature misalignment for video-based person re-identification. Person re-identification
requires to match the same elements with different pose, different angles and different illu-

minations. The architecture of AP3D is shown in Fig, 3.5.
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N
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Fig. 3.5 The overall architecture of AP3D [12]. (©) Copyright Springer Nature
Switzerland AG, 2020

As depicted in Fig. 3.5, the original input(C' x T'x H x W) is split into two branches(C' x
2T x H x W) at the first step. The first branch is obtained by sampling the previous frame
and the following frame of each input frame. The second branch is obtained by creating
two duplicates of each input feature map. The two branches are aggregated through the
Appearance-Preserving Module (APM) into reconstructed features maps of (C' x 2T x H X
W). The reconstructed feature maps are aligned with the appearance information of each
frame. Then the original input is inserted into the reconstructed feature maps to output the
integrated feature maps of (C' x 3T x H x W). Finally, the output is obtained through the

3D convolution layer with the kernel size of (3 x 3 x 3).
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Fig. 3.6 The illustration of APM [12]. (©) Copyright Springer Nature Switzerland
AG, 2020

The APM (Appearance-Preserving Module) is designed for the feature alignment across
neighboring frames. As depicted in Fig. 3.6, APM is composed of feature map registration
and contrastive attention. Feature map registration is to match central frame with neighbor-
ing frames by calculating the cross-pixel cosine similarity. A scaling factor s is multiplied by
the similarity map and the softmax function is applied for the normalization. The normal-
ized similarity map is prepared as the weight map for calculating the aligned feature maps.
The weighted sum of features in the corresponding position is obtained after registration.

However, there may be no common body parts between the adjacent frames and the
registration will be inaccurate in this condition. Contrastive attention is proposed to find the
dissimilar regions of two adjacent frames. A mask based on semantic similarity is obtained,
and then the mask is applied to the current frame for suppressing the feature expression
of regions that exists only in neighboring frames. Finally the reconstructed feature map is

generated through APM.
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3.5 Convolutional Block Attention Module (CBAM)

Woo [13] proposed a lightweight attention module CBAM to perform attention in the channel
and spatial dimensions. CBAM includes two independent sub-modules, CAM (the Channel
Attention Module) and SAM (the Spatial Attention Module), which are responsible for
channel and spatial attention respectively. An architectural overview of CBAM is shown in

Fig. 3.7.

(r Convolutional Block Attention Module )

Refined Feature

Artention

\ ' ")

Fig. 3.7 Architecture overview of CBAM [13].

The input feature is refined through CAM and SAM. CAM is for calculating channel

attention. The architecture of CAM is depicted in Fig. 3.8. Suppose the input feature map

4 Pod Channel Attention Module ‘\
-\ S __/. -\ @ ®-E:annel Attention
Shared MLP E M,
\__ Input feature F _/J

Fig. 3.8 Architecture of CAM [13].

F is of (¢, h,w), where ¢ indicates channels; h and w indicate height and width of F'. Global
max pooling and global average pooling are utilized to F' to squeeze the spatial dimension

of the input feature map, respectively. Two features of (¢, 1, 1) are obtained through pooling
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layers. The two features are input into a MLP (multi-layer perceptron). The MLP in Fig. 3.8
is a two-layer neural network. The number of neurons in the first layer is ¢ (r is the reduction
rate), and the number of neurons in the second layer is ¢. Then, the MLP output features
are subjected to an element-wise addition operation, and the sigmoid activation operation is
applied to generate the final channel attention feature of (¢, 1,1). Finally, the final channel
attention feature and the input feature I’ undergo an element-wise multiplication operation
to generate the refined feature F..

SAM is designed for calculating spatial attention. The input of SAM is F. of (¢, h,w).
The architecture of SAM is depicted in Fig. 3.9. First, we utilize channel-wise global max
pooling and global average pooling to squeeze F,. in the channel dimensions, respectively.
The two squeezed features are of (1, h, w). Then, the two squeezed features are concatenated
in the channel dimension. For channel dimension reduction, a 7x7 convolution layer is
applied to reduce the channel number from 2 to 1. The output of the convolution layer is
of (1, h,w). Passing through a sigmoid layer, the spatial attention feature Fy is generated.

Finally, Fy x F is obtained as the output of CBAM.

[ Spatial Attention Module —\‘

-

Channel-refined [MaxPool, AvgPool] Spatial Attention

\_ feature F' M, J

cony
layer

Fig. 3.9 Architecture of SAM [13].
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3.6 Summary

In this chapter, we describes the methods that are utilized in this thesis, including Yolov3,
octave convolution, AP3D, and CBAM. We discuss these algorithms in detail to set the stage

for the development of our method in the next chapter.
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Chapter 4

Video Object Detection Network

This chapter will describe the resources and methods utilized to design our network in this
thesis. First, we introduce a baseline approach for video object detection, then we describe
our feature aggregation policy in our work. We provide the architecture of our network and
the data pipeline. We also describe the components of our network in detail, including our

selective-frequency octave convolution and temporal network.

4.1 Baseline Network

Given the input video frames f;,;i = 1,...,[, the task of video detection is to output object
bounding boxes of all the frames, b;,7 = 1,...,l. A baseline approach to video detection is
to apply a single-image detector to each frame individually. In this thesis, we adopt Yolov3
as the baseline detection network. Yolov3 is fast due to the one-stage structure. Yolov3 also
has competitive performance in the task of object detection in images. The image detector
extracts features of the frame for detection. However, useful information is missing or hidden
from feature extraction due to blurring or occlusion in some frames. A still-image object
detector cannot perform well when encountering blurring or occlusions. It is necessary to

enhance features of the frame to be detected by context. Applying a detector on each frame
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is also time-consuming as a high degree of redundancy exists between neighboring frames.
Our work proposes an accurate and efficient video detection network.

While people are watching a video, our eyes can capture the relationship between con-
secutive frames [56]. The relationship helps the prediction of the following frames. The
prediction also accelerates our understanding of the next frame. For example, we can accu-
rately predict the location of objects based on previous frames’ motion information. For the
input to be recognized, the human visual system will deduce and predict the visual content
based on memory about previous frames. The concept of our thesis is to enhance the features
of the current frame based on features from neighboring frames.

3D convolution can extract short-term cross-frame relationships that can be described
as short-term memory. It has an extra dimension over 2D convolution in images and can
process 3D relations. Temporal features of neighboring frames can be propagated to the key-
frame (also known as a reference frame) using 3D CNN (Convolutional Neural Networks).
Temporal information can be utilized for feature enhancement due to the similarity between
local frames. We can utilize a 3D CNN to extract temporal features in our network. For
online video detection, the frame rate is a critical evaluation criterion. The purpose of online
object detection is to recognize the target at the speed of video streams, which is also a key
difference in the requirements between online and offline video detection. Therefore, a fast
detection algorithm needs to be adopted. We build a network based on 3D CNN for video

object detection at a low cost.

4.2 Architectural Overview of Our Network

We present a network architecture that resulted from a series of experiments to combine
temporal networks with state-of-the-art object detection networks. The experiments sought
to improve the performance of image detection networks by using the feature aggregation

module based on 3D convolution. In our thesis, we adopt Yolov3 as our basic detector.
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The backbone of Yolov3 is composed of 53 convolution layers and is known as Darknet-53.
Darknet-53 is fast and provides competitive performance with ResNet-152 [57] and ResNet-
101 [52]. We improve Darknet-53 to allow better feature extraction performance for video
detection. Moreover, Yolov3 is not capable of solving video detection. Occlusion, blurring
and other short-term disturbances prevent image object detection networks from performing
well in video detection. The solution to the challenges of video detection can be mainly
based on feature aggregation and tracking.

In our thesis, we propose a temporal network to aggregate the features from neighboring
frames. We adopt the multi-scale architecture of Yolov3 and design the multi-scale temporal
network for multi-scale feature aggregation. The temporal network is based on AP3D [12].

An overview of our network is shown in Fig. 4.1.

Backbone

Temporal -
Network

Fig. 4.1 Architecture of the network.

The input of our network is a sequence of n consecutive frames. The size of the input
is (n, ¢, h, w), where ¢, h, w denotes the channel number, height, and width of source images
in the sequence. Suppose we input consecutive frames fi, fa, fs, ... fn. Then we concatenate
fi, fo, f3, - .. fn in the dimension of batch size. Given the batch size b, the input is reshaped
into (n x b, ¢, h,w) for feature extraction in our backbone.

Our backbone is composed of octave convolution layers and the channel attention module.

As depicted in Fig. 4.1, the input is split into high-frequency and low-frequency features.
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The multi-frequency features can be calculated through octave convolution layers in the
backbone. The fusion of high-frequency and low-frequency features is based on the channel
attention module. The details are described in Chapter 4.3.

As depicted in Fig. 4.1, there is inter-communication between our temporal network and
our backbone. Our backbone can calculate feature maps Fy, Fy, Fs, ..., F, of f1, fo, f3, ..., fn,
respectively. Our temporal network is designed for feature aggregation between Fi, Fy, F3,

.., F,. and is for calculating 3D features while our backbone is for calculating 2D fea-
tures. Therefore, we have to implement feature reconstruction for dimension expansion and
dimension reduction. The size of the output of our backbone is (n x b,¢, b/, w'), where
h' < h,w" < w. We need to integrate the 2D tensor into the 3D tensor of (b, ¢, n,h',w’)
for our temporal network. Our backbone provides multi-scale output. After calculating
the output feature maps of each scale, we use the temporal network for cross-frame feature

aggregation.
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Fig. 4.2 Multi-scale feature in the detection module.
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The multi-scale feature maps are output through our backbone and temporal network.
The size of the feature maps of each scale is (b, ¢, n, h, w), where h and w indicate the height
and width for corresponding feature maps. We integrate the large-scale and medium-scale
feature maps into the tensor of (b x n, ¢, h,w). This tensor will be returned to our backbone
for calculating the output of the next scale.

The detection module follows the temporal network for features calculation across scales.
Suppose the small-scale, medium-scale, and large-scale features from the backbone are
F,, F,,, F;, respectively. We utilize the inter-scale communication of Yolov3 to calculate
the multi-scale output based on Fj, F},, F;. The inter-scale communication is shown in Fig.
4.2. The concept is to take feature maps from earlier in the backbone and merge it with the
upsampled current-scale features using concatenation. This method allows us to get more
meaningful semantic information from the upsampled features and finer-grained information
from the earlier feature maps. The method is proposed in Yolov3 [26] and we implement it
for the communication across scales in our work.

For the small-scale feature map F. , we apply convolution layers to F;. The output

channel depends on the number of classes for detection.
F. = (F, W) (4.1)

where ¢ denote the convolution layer, #; indicate the weights for the convolution. The
kernel size of the convolution layer is (1, 1).
For the medium-scale output, we upsample the small-scale features and concatenate it
with £,.
F! = Concat(F,,, Upsample(F})) (4.2)

Then we apply convolution layers to F to calculate the medium-scale output.
Fl = A (Fly W) (43)
where the kernel size is (1, 1).
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For the large-scale output, we upsample F' and concatenate it with F'.
F/ = Concat(F,, Upsample(F}))) (4.4)
Similarly, the large-scale output can be calculated through convolution layers.
F)' = A (F,7) (4.5)

where the kernel size is (1, 1). The output channel of .7 is based on the number of classes for

(n, Couts %, %eut) The convolution kernel of 1 x 1 enables communication between channels,
and allows for changing the number of channels. Finally, we predict the bounding boxes
based on the features of three scales.

To be specific, suppose the input of our video object detection network is composed
of fi_s, fi_o, fi_1, fi- We first utilize our backbone for feature extraction. Then we use
our temporal network for cross-frame features alignment based on appearance information.
The temporal network can output multi-scale aligned feature maps for each input frame,
respectively. We calculate the feature maps across scales and output the multi-scale feature
maps for prediction. Finally, the bounding boxes can be predicted by passing through the
Yolov3 detection module.

Our network also applies multi-scale feature aggregation based on AP3D to realize video
detection based on the single-image detector. The data pipeline is constructed from the
appearance feature extractor and our temporal network for feature aggregation based on
appearance information. We enhance our features of the current frame based on the aligned
features from neighboring frames. We can then detect objects based on enhanced features.
It prevents blurring and occlusion. The combination of 3D CNN and 2D CNN are a trade-off

between accuracy and speed.
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4.3 Object Detection Backbone

Our backbone utilizes the structure based on the Darknet-53. We design a selective frequency
octave convolution and apply it in the backbone of Darknet53 to improve the performance.
We replace the convolution layers of Darknet53 with octave convolution [11]. An improve-
ment of accuracy and speed is witnessed. We also design a channel attention strategy into
our octave layer to reassign the weight of high-frequency and low-frequency feature maps.

The data flow of the backbone is shown in Fig 4.3.
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Fig. 4.3 The data flow of our object detection backbone.

As we mentioned in Chapter 2, octave convolution split feature maps into high-frequency
features and low-frequency features. The low-frequency is stored at a down-sampled size. It
decreases the redundancy of low-frequency features and the overall amount of calculation is
decreased as the size of features are reduced. The parameter a that indicates the ratio of low-
frequency features is 0.125 in this thesis because experimental results showed the performance
of octave convolution with w = 0.125 is best [11]. We recombine high-frequency and low-
frequency features using channel attention in which the weights for feature maps of different
channels are adjusted according to the attention value. Our results (See Chapter 5) showed

that the performance of the network is improved by utilizing channel attention. We train
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the channel attention to use global information for selectively enhancing features containing
useful information and suppressing useless features. Next, we describe the architecture of

our backbone in detail.

4.3.1 Selective-frequency Octave Convolution

We utilize octave convolution layers to build our backbone. In the first step, we need to obtain
a linear scale representation of the input channel (or image), called Octave feature repre-
sentation. The high-frequency component describes the rapidly changing fine details; The
low-frequency component describes the smoothly changing structure [11]. Low-frequency
features have a wider receptive field and the spatial resolution of the low-frequency group
can be safely reduced by sharing information between neighboring locations to reduce spa-
tial redundancy [11]. The length and width of the low-frequency component is set to half
of the length and width of the high-frequency component, respectively. Because the sizes of
high-frequency and low-frequency features are different, vanilla convolution cannot be used
to calculate features in octave format. Octave convolution can be used to solve the problem.
To be specific, the feature map is explicitly decomposed into groups of high-frequency and

low-frequency features as follows.

F =[F? F). (4.6)

The octave convolution updates high-frequency and low-frequency features with commu-

nication between them.

FH — pHoH | pLoH, (4.7)
FL — pH-L 4 ploL (4.8)
where FH=7H and F*~! indicate the update of intra-frequency, while FX?# and F#=F rep-

resent update of inter-frequency. For implementation of above formulas, the weight #,.; for
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convolution is split into ¥ and #*, and they are responsible for F'# and F¥, respectively.

Woer = (W W, (4.9)
WH — [WH_)H,WL%H], (4‘10)
V/L — [V/H_)L,WL_)L], (4‘11)

where W H=H yL=L calculate the update of intra-frequency. For the calculation of # X~
we first upsample the input features before convolution. By contrast, we first downsample
the input channel while calculating # 7L,

The implementation of octave convolution is composed of three octave-convolution blocks.
The first block is for composing representations of high-frequency and low-frequency features.
For the representation of the low-frequency feature, we utilize average pooling for down-

sampling. The down-sampling process can be described as:
X' = Avgpool (X), (4.12)

where X and X’ denotes the input and the down-sampled input. Then we utilize a convo-
lution layer to extract low-frequency features. The kernel of the convolution layer is (1, 1)
as the kernel of (1, 1) can focus on channel communication. The input channel and output

channel of the first block is %;,,, €,.: and « indicates the ratio of low to all frequencies channel

L

numbers. The output channel of low-frequency features c;,,

is equal to a X %, The input

channel is %;,,. The convolution can be described a
L= 7 (Xt h). (4.13)

Similarly, the high-frequency features can be calculated by applying a convolution layer with
a kernel of (1, 1).
FH = (X, w1, (4.14)

H

where I, = (1 — @) x €,ut- Now FL and FH are ready for octave convolution through the

first octave convolution block.
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The second octave-convolution block is for updating X' and F¥. We calculate FH=L,

L—L H—H L—H
FLoLl | F

and in the block. Suppose the input channels and output channels of
the block are .45, and A,,;. X and X* denote the input of the block. The activity of the

block can be described as follow.
XH=L = Avgpool (X)), (4.15)

where high-frequency features are down-sampled. Then we apply a convolution layer for
calculating FFH—=L,

FH—>L — ﬁH_)L(XH_)L,WH_)L% (416)

where c¢Z7L (the input channel of FH71)= (1 — a) x A;,, and L1 (the output channels

of FH=I)= o x Aj,. The kernel size of .Z is (3 x 3). Then we apply a convolution layer

for the calculation of FH—H,
FH—)H :QQ-H—>H(‘XH77ﬂH—>H)7 (417>

where 271 = (1 — a) x A, and ¢Z7H = (1 — @) X Ay, The kernel size of FHH i

(3 x 3). Similarly, the calculation of FL7# and FL~% can be described as:
XEH = Upsample(X*F), (4.18)

where Upsample is realized by Nearest Neighbor interpolation. Nearest method is to insert
pixels that are equal to the closest pixel into the source image. The algorithm is simple and

fast. The size of XX 7H ig the same with the size of X,
FL%H — rg-LaH(‘XLHH WL%H) (419>

where cZ7H = o x A;,, and cL 7 = (1 — ) x A, The kernel size of F77 is (3 x 3).

FL—>L — yL—)L(XL7 WL%L), (420>

where ¢kt = o x A, and ¢kt = a x A, The kernel size of Z77H is (3 x 3). We can

calculate ' F'X according to Eq. 4.12 and Eq. 4.13 now. This block will replace the normal

convolution layers in our backbone.
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The last octave convolution layer is for the fusion of high-frequency and low-frequency
features. The original implementation of the last octave convolution [11] is to concatenate
features of multiple frequencies. However, we believe the weighted sum can better assign
resources to information of different frequency. As depicted in Fig. 4.3, we import the channel
attention module into the last octave convolution layer to build our selective-frequency last
octave convolution layer. With the channel attention module shown in Fig. 4.4, different
weights are learned in the channel dimension. The weight indicates the attention to the
feature of the specific channel. There is redundancy between the features of each channel.
With channel attention, our network can pay more attention to useful features and ignore
redundant information. It improves the performance of our network.

First, we need to fuse the multi-frequency features. Suppose the input of the last octave
block is X, X%, The input channels of the block are equal to the output channels. Given
the input channels are € (the input channels of high-frequency and low-frequency). We

utilize a convolution layer to calculate F* as follows.
FH = FH(XH i), (4.21)

where the input channels of #H are /I = (1 — a) x €; the output channels ¢, = 4. Then

we use a convolution layer to calculate F' as follows.
Fl = g5 Xt wh), (4.22)

where cZ = a x €; the output channels c&, = . We can see the channel number of F and
FT are equal. However, the height and width of F are smaller than the respective height

and width of F'#. We can upsample F to match the size of F'I.
L _ L
F,., = Upsample(F"~). (4.23)

The size of qu]’g and F¥ are identical now. The multi-frequency features can be fused by
calculating the sum of F'¥, F'H.

L H
F=FL 4 FH (4.24)
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where the number of channels of F' is .

As can be seen from Eq. 4.24, we fuse multi-frequency feature by calculating the sum of
high-frequency and low-frequency features. However, there can be redundancy of information
in different channels. We import the channel attention module for the fusion of selective

frequencies as shown in Fig. 4.4. We first apply global max-pooling to feature maps of

high-frequency
(1.1.0)

_—
/ /7
h l Global
e max-pooling /
" ® — —

h € \

4,
w Samro:"/})g

low-frequency

c=cp+ 0o

Fig. 4.4 Channel attention module.

h x w x €. The feature map is transferred into a sequence of 1 x 1 x ¥. The global max-
pooling is depicted in Fig. 4.5. Global max-pooling enables the elements in the sequence to
have a global receptive field. It compresses the features along the spatial dimension, turning
the two-dimensional features into a single real number.

F(W) in Fig. 4.4 aims to extract channel dependencies. It must be able to learn non-
linear interactions between channels. The output of the function is a sequence, of which
the length is the number of channels. The element of the sequence indicates the respective
weights for all pixels of a channel corresponding to the original feature map. Therefore,
F (W) denotes the calculation of the weight that reflects attention to each channel. We have

reviewed recent channel attention modules [58] [59] [13] [60] and decided to use the structure
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Fig. 4.5 Global max-pooling in channel attention module.

depicted in Fig. 4.6 for the implementation of F'(W).

We utilize two fully connected layers for the estimation of the correlation between chan-
nels. The input of the first fully connected layer is the output of the global max-pooling
layer. Suppose the input is S, and the output of the first fully connected layer is S,. The
size of S, is 1 X 1 x =. The first fully connected layer is followed by the activation function

Relu. Relu is used to increase non-linearity.
52 = RGZU(Sl), (425)

where S5 indicates the activated attention vector. Following the activation layer, we utilize
another fully connected layer. The output of the layer S’ is of (1 x 1 x ¢). Using two FC
layers allow more non-linearity and can better fit the complex correlation between channels;
it also reduces the amount of parameters and calculations [59]. Finally, We utilize softmax
for normalization of W'.

S. = Softmax(S’), (4.26)

where the sum of S, is 1 (satisfying the properties of probability). We can understand the

attention value as a probability of adopting the feature in the channel for the decision. The
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Fig. 4.6 F(,w) processing blocks to extract channel attention.

node with a larger weight can be assigned more attention. To calculate the feature map with
channel attention, we apply the channel-wise multiply to S. with F'. The calculated feature

map is the output of our backbone.

4.3.2 Architecture of the Backbone

We have illustrated the important components such as octave convolution layers and channel
attention. Now we have a view of architectural overview of our backbone. The backbone
can extract feature maps of three scales for detection. It allows the detection of the object
of various sizes. The architecture of the backbone is depicted in Fig. 4.7. Our backbone
is composed of five residual blocks (without counting the first octave convolution layer).
The number of residual layers in each block is described in Fig. 4.7. Each residual layer is
composed of two octave-convolution layers. DBL in Fig. 4.7 denotes the octave convolution.

It is composed of an octave convolution layer, batch normalization and activation function.
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Fig. 4.7 Overall architecture of the object detection backbone.
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We utilize leaky relu as our activation function in our backbone as Darknet-53 does.

Compared to Darknet-53 in Yolov3, our backbone is deeper with octave convolution and
channel attention module. There are 216 convolution layers in our backbone compared with
53 convolution layers in Darkent-53. We widely use the residual block to reduce the negative
effect of the deep network.

Suppose the size of the input for our backbone is (¢, h, w), where ¢, h and w indicate the
number of channels, height and width of a input frame. The large-scale features are output
passing through one DBL, Resl, Res2, and Res8 in Fig. 4.7. The medium-scale features are
output after one DBL, Resl, Res2, and two Res8 in Fig. 4.7. The small-scale features are
output passing through one DBL, Resl, Res2, two Res8 and Res4 in Fig. 4.7. The high-
frequency and low-frequency output feature maps of the three scales are stored separately.
We apply the selective last octave convolution block to aggregate the multi-frequency feature

maps. The output of our backbone is composed of feature maps of three scales. The size

h w

of large-scale feature maps is (256, g, ¥). The size of the medium-scale feature maps is

(512, ). And the size of small-scale features map is (1024, 2, ).

4.4 Feature Aggregation Based on Temporal Network

4.4.1 Feature Aggregation Policy

Given the current frame to be detected f; and neighbor frames fi,..., f;_1, the temporal
feature of f; are F}, and t denotes the range of the neighboring frames. These neighbor frames
can provide diverse information of the target instances (e.g., because of varied illuminations,
object poses, resolution, or non-rigid deformations). The temporal feature F; can be obtained

as:

Fo=#(f1,.... f), (4.27)
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where .# indicates the temporal feature extractor. Feature maps of neighbor frames should
be assigned weights. Usually, frames that are most similar to key-frames also have the
closest connection with them. Unnecessary information should be discarded to reduce the
calculation. The enhanced feature of the current frame should be the weighted sum of

features at different time and locations. Specifically, generic temporal feature extraction can

be defined as:

1
Fii = X VZR(F Fy)g(Fy), (4.28)

where ¢ indicate the index of input while j indicates all possible temporal positions. Fj, Fj
denotes the feature map of input at temporal order i and j, respectively. Fj_,; is the output
of frame at temporal location i. R(f;, f;) is the function to express the relationship between
1 and j. The function g computes a representation of the feature at the temporal position
j. Then we normalize the response with A'(z). When the relation between input at variant
temporal order is computed, we can project features from neighbor frames to the frame to
be detected.

Feature aggregation in our network indicates aggregation between different frames. As
we have computed the projected features, feature aggregation can be achieved by calculating
a weighted sum of them. Suppose different weights w_, ..., w;_; are assigned to denote
the feature similarity between the current frame and neighboring frames, respectively. Then

the aggregated features at the current frame are the weighted sum of projected features
t
j=1

As Yolov3 is one-stage, we cannot enhance our features based on region proposals [49]. To
explore cross-frame connection, we need to propagate features that can enhance the current
frame’s feature. For example, if there is an occluded cat to be detected in the current frame.
Then we can decide the bounding box of the cat using motion information and similarity
between neighbor frames. In our work, we apply a temporal network based on 3D convolution

to extract the cross-frame connection.

61



4.4.2 Architecture of the Temporal Network

Tran [1] demonstrates the ability of 3D convolution to extract temporal features. In this
thesis, we design a 3D CNN based on AP3D (see Chapter 3) [12]. The temporal network
aims to aggregate features between adjacent frames based on appearance information. The
input is feature maps of K frames from the backbone, and the output is the aligned features
maps. We have introduced AP3D in Chapter 3. We utilize the P3D block using a AP3D layer
as the basic component of our temporal network. We provide the architecture of candidate

AP-P3D blocks in Fig. 4.8.

~ »

3x1x1 AP3D

6
(13x3conv ] |{ 1x3x3 conv ]| 3x1x1 AP3D |

1x3x3 conv

(c) AP-P3D-A (d) AP-P3D-B (e) AP-P3D-C

Fig. 4.8 AP-P3D blocks [12].(C) Copyright Springer.

We decide the parameters referring to C3D [1] and R-C3D (Region Convolutional 3D Net-
work) [61]. The experimental results [1] showed the 3D kernel with the size of (3,3,3) has the
best performance in learning spatial-temporal features. However, it is time-consuming to cal-
culate a large number of parameters. Ye [62] propose the depth-wise separable convolution,
which drastically reduces the number of parameters in 3D convolutions. The application of
separable convolution allows our network to extract temporal information at a small calcula-
tion and time cost. AP-P3D-C in Fig. 4.8 is implemented using depth-wise 3D convolution.
The difference between depth-wise 3D convolution and 3D convolution is depicted in the

following figure.
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(a) 3D Convolution

(b) Depth-wise separable 3D Convolution

Fig. 4.9 Comparison between 3D and depth-wise separable 3D Convolution

As depicted in Fig. 4.9, the 3D convolution kernel of size (3,3,3) is replaced with the

kernel of size (1,3,3) and (3,1,1). The 3D convolution process can be described as:
Y = Z(X, %) (4.30)

The depth-wise separable 3D convolution is divided into two steps. The process can be

described as:
Yy = F (X, ") (4.31)
Y = (Y., 1) (4.32)
From the experimental results by Gu [12], AP-P3D-C showed the best performance. We
utilize AP-P3D-C as our basic temporal network block. After deciding the implementation
of our AP-P3D blocks, we need to figure out the combination of the blocks. The size of the

input in our network is (b, D, ¢, h, w). D denotes the temporal dimension. The structure

of our 3D CNN is decided by D. In our work, D can be 4, 8 or 16 given the hardware
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requirements. The architecture of our temporal network for the input of D = 4 is depicted
in Fig. 4.10. The temporal network for D = 4 is composed of 5 AP-P3D-C blocks. The
3D CNN for the input of (b,8, ¢, h,w) is composed of 8 AP-P3D-C blocks. Correspondingly,
the temporal network architecture is depicted in Fig. 4.11. The 3D CNN for the input of
(b, 16, ¢, h,w)is composed of 10 AP-P3D-C blocks. Correspondingly, the temporal network
architecture is depicted in Fig. 4.12. We tested the performance of temporal networks of
different design. The temporal network architecture shown in Fig. 4.12 achieves the best
performance. However, we find there is no obvious improvement between architecture shown
in Fig. 4.10 and Fig. 4.12 when D = 4, and between architecture shown in Fig. 4.11 and
Fig. 4.12 when D = 8. Therefore, we utilize architecture in Fig. 4.10 when D = 4 and
architecture in Fig. 4.11 when D = 8 as they are of smaller time cost. Finally, we utilize

three temporal networks corresponding to D=4, 8 and 16, respectively.

Backbone
R T N L
AP-P3D-C ] AP-P3D-C [ AP-P3D-C ]
| | |

AP-P3D-C ]— [ AP-P3D-C ]
l l fsmall—sca!e

f!ar‘ge—sca!e fmedium—scale

Temporal Network

Fig. 4.10 The temporal network architecture for D=4.

As depicted in Fig. 4.10 through 4.12, our temporal networks expand as D increases. We
choose the most efficient network corresponding to D. The channels of temporal network lay-
ers for outputting fiarge—scate are 256; The channels of temporal network layers for outputting
frmedium—scate are 512; The channels of temporal network layers for outputting fe,ai—scate are

1024. The stride of all 3D convolutional layers is (1,1, 1).

64



Backbone

J ! l
(" AppaDC ] AP-P3D-C ] [ AP-P3D-C ]
1 7 )
(arpapC ] AP-P3D-C ] [ AP-P3D-C }
| 1 !
AP-P3D-C } | AP-P3D-C } femai-scate

fiar_gefscai!e

Fig

!

Temporal Network

[medium—scate

. 4.11 The temporal network architecture for D=8.
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Fig. 4.12 The temporal network architecture for D=16.
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4.4.3 The Implementation of Feature Aggregation

Our temporal network focus on the communication of related features across frames. We
decide to put our temporal blocks after the last layer for each scale output in our backbone.
Our backbone aims to extract rich features from 2D images. Our temporal blocks can
aggregate extracted features from adjacent frames. We have illustrated the architecture of
our temporal networks. We describe the data flow of feature aggregation in details in this
section.

Our backbone outputs feature maps of three scales. The output feature maps of each
scale is input into our temporal network for feature aggregation. The output feature maps is
a 2D tensor (without the temporal dimension). We need to reconstruct it into a 3D tensor.
Our temporal network will align features across frames while applying 3D convolution to
feature maps. Suppose D=4, the data flow are as follows.

TemporalNet

e

Backbone

\

I Ly 7

! L, * i ,

L Y — ump g g L
i 4

Ly s} /

(1% 4,256, hy, w,y)

(1#4,512, hy, wy) (1, 4,512, hy, w,)

?;d_’ '-p

——————————— (14,1024, hy,wy)

(1,4,1024, hy,wy)

Fig. 4.13 The data flow for feature aggregation based on our TemporalNet (batch
size=1).

We utilize our backbone for multi-scale feature extraction. We reshape the output feature

maps of each scale from a 2D tensor to a 3D tensor as depicted in Fig. 4.13. The size of
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features maps reverts from (1 x4, ¢, hy,wy) to (1,4, ¢, hy,w;), where 1 is the batch size. Then
we explore the temporal relationship across frames using our temporal network. Through
our temporal network, feature alignment is accomplished based on appearance information
across frames. We reshape the 3D output features into 2D as the output for our feature
extraction of a certain scale.

Compared to the data flow of Yolov3, our network uses a specially designed temporal
network and it utilizes the communication between the backbone and the TemporalNet for
feature enhancement based on local feature aggregation. The local aggregation is illustrated

in Fig. 4.14. Fy, F5, F3, ..., F indicate the feature map of fi, fo, f3,..., fx. AP3D can

K frames

L N A X A

Fy F, Fy Fy

Fig. 4.14 The illustration of local feature aggregation between K adjacent frames.

propagate features across local frames. In this thesis, we aggregate features from 4, 8 or 16
neighboring frames. We can describe the feature aggregation of F}. as an example. Given

FP? indicates the feature at position p of F,,, F}. can be calculated as:

K
Fi =) FI wnk, (4.33)
n=1

where w,,_,x is assigned to denote the relationship between F), and Fx. F? ., denotes the

feature aggregation between the pair of frames at position p. It can be calculated as follow.
F?f—ﬂ( = Z Fr{wj—w? (434)

vj
where j indicates all possible positions in F},; w;_,, is calculated as normalized cosine simi-

larity between position p of Fx and position j of F,.
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4.5 Summary

In this chapter we presented the major technical components which cooperate to provide a
complete description of the work conducted in this thesis. We have described the selective-
frequency octave convolution and our feature aggregation policy. We also introduce the data
flow and architecture of our backbone and temporal network. We conclude with summarizing
our design contributions as follows.

We improved octave convolution using channel attention as selective-frequency octave
convolution. We incorporated selective-frequency octave convolution into Darkent-53 as our
backbone. We designed a multi-scale temporal network based on AP3D. We combine our

backbone and our temporal network through a multi-scale communication between them.
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Chapter 5

Experiments

In this chapter we will describe the experiments that were conducted to determine the
major technical components of this thesis. We evaluate the proposed component on a public
dataset to indicate the impact. We separate the experiments into two major areas: training
and evaluation. In the section on training procedures, we describe the data augmentation,
pretraining and hyper-parameters. In the evaluation section, we describe the evaluation
metrics and compare the results of comparators with our proposed network. Finally, we
investigate the effect of the individual components of our proposed network in ablation

studies.

5.1 Dataset and Data Augmentation

5.1.1 Video Dataset

The dataset used in this evaluation is the ImageNet VID2017 dataset [23]. It consists of
fully-annotated 759 video snippets for training and fully-annotated 138 snippets for evalua-
tion and fully-annotated 139 snippets for testing. The number of auto-extracted frames of
each snippet ranges from 63 to 1060. We apply data augmentation while training. Data

augmentation creates new samples by flipping, cropping and mixup [63] to provide a large
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number of similar data for training.

The dataset includes 30 basic-level categories for video detection. All classes are fully
labeled for each clip. For each video clip, there are a set of annotations including the
frame number f;, class labels ¢;, bounding boxes b; and the not occluded flag. There are
259079 occluded objects and 260953 not occluded objects in the dataset. Correspondingly,
we generate a .xml file as the annotation for each frame.

For training, we split the frames of each snippet into groups of a fixed number of con-
secutive frames (The number will be 4, 8 or 16). The groups are the input for our video

detection network.

5.1.2 Data Augmentation

Data augmentation is widely utilized in single-image detection. It can improve the accuracy
and accelerate the optimization of models. Therefore, we apply data augmentation methods
to our training data for improving the robustness of our model. In experiments, there can
be online and offline augmentation. Offline augmentation is performed for preparing the
training data to expand the size of the dataset. Online augmentation is performed in a mini-
batch before the data being sent for training. The cost of performing offline augmentation
on a large dataset can be prohibitive. We apply online augmentation while training.

To be specific, our data augmentation is designed for video clips. While data augmenta-
tion for frames can be implemented individually, data augmentation for video clips needs to
respect temporal information. We apply data augmentation to frames in the input sequence
synchronously. The data augmentation in our thesis includes resizing, horizontal-flipping,
cropping, affine transformation, and temporal-mixup [64]. Data augmentation allows more
efficient training and better performance of a machine learning model [65]. To evaluate the
performance of data augmentation, we train our model in a small dataset including 10000

frames for one class with and without data augmentation. In our experiment, 3% mAP drop
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is observed without mixup.
Suppose the input video clip is composed of four frames which are of the same size. The

source images are shown in Fig. 5.1:

Fig. 5.1 Source images in training data.

Horizontal-Flipping: Horizontal-Flipping is widely used in data augmentation. It
never changes the class and the shape of the object but it can generate similar samples. Our
model is to detect the target ignoring the pose and position. Horizontal-flipping helps the
generalization of our model. To be specific, we randomly implement horizontal-flip to the
input frames. We set the threshold p = 0.5. We randomly generate a value r; and compare
it with p. If ry > p, we apply horizontal-flipping to the input frames.

Cropping: We utilize random cropping as another data augmentation method in our
work. Random cropping is not a perfect data enhancement method, as it is possible that the

target is not completely retained. Therefore, our cropping algorithm reserves the ground-
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Fig. 5.2 Horizontal-flip for data augmentation.
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truth bounding boxes. We calculate the max bounding box based on coordinates of ground-
truh bounding boxes in the input video clip. Then we implement random cropping that
maintains the content within the max bounding box. For example, we crop the images in
Fig. 5.2 and the results are shown in Fig. 5.3. The only object (a tiger) is preserved while
background areas are cropped. Similar to random horizontal-flipping, we compare a random
value ry with the threshold p and apply cropping if 7 > p. The original frame will be
cropped into random size while preserving the max bounding box. Cropping enables more

appropriate training for the dataset [66].

Fig. 5.3 Random cropping for data augmentation.

Affine transformation: Generally, affine transformation [67] includes rotation, trans-
lation, shear, and scale. In our work, we utilize translation and scale. We first calculate
the matrix corresponding to the random translation and scale transformation. Similarly, we

calculate the max bounding box to prevent the loss of the target and the translation will
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preserve the max bounding box. We apply constant padding to keep the size of frames fixed.
Constant padding is simple and effective in image data augmentation [63]. It preserves the
spatial dimensions of the image post-augmentation. The color of padding is defined as (128,

128, 128). The result of affine transformation are depicted in Fig. 5.4.

() (d)

Fig. 5.4 Random affine transformation for data augmentation.

Resizing: The size of the frames in the input video clip should be uniform. We choose
the minimum of the height to width for resizing. Then we resize the input frames. The
expected shape of the frame in the input is square. We apply padding to fill the resized
image. The padding color is also (128, 128, 128). In the thesis, padding color in data
augmentation is identical to prevent various padding color. The frames are normalized at
this step.

Mixup: Mixup has been proposed as a simple solution to improve the robustness of a

model [64]. From experimental results [64], mixup improved the performance of current state-
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Fig. 5.5 Resizing images for data augmentation.
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of-the-art neural networks. Essentially, mixup trains neural networks on convex combinations
of paired samples and their labels. Therefore, mixup enhances the linear expression between

training samples in neural networks. To be specific, mixup can be described as:

F=Mi+ (=N (5.1)
label; = Nabel; + (1 — A)label;, (5.2)

where A ~ Beta(v, ), and v = § = 1.5 in our work. f; and f; are images for mixup. label;
and label; indicate the one-hot label encodings for the corresponding image.

For the implementation of mixup in our experiment, we randomly select another video
clip for the input. We apply mixup to each pair of the two video clips. For example, suppose
the two video clips are (fi_s, fi—2, fi—1, ft) and (my_3, my_2, my_1, m;). The mixup is applied
to four pairs that are (fi—3,m—3), (fi—2,my—2), (fi=1,m—1) and (f;, m;). The mixup results
is depicted in Fig. 5.6. We retain the temporal relationship of the two video clips in the

mixed video clips. The mix-up in our experiment can be referred as temporal mix-up.

5.2 Training Procedure

Experimental models were trained over 100 epochs on the same dataset. The training pro-
cedure consists of two phases. First, we pretrain the backbone Darknet-53 with octave
convolution layers on the Imagenet2017 VID dataset in order to obtain a good initialization
of the backbone weights. It is more efficient to train our network with pretrained backbone
weights as fewer overall epochs are required. The pretrained weights are produced from 50
epoches training on the dataset. The input to our detector is shuffled frames of video clips.
We increase the size of the training images to (512,512) in data augmentation.

For training of our network, we have to reshape the video clips from a 3D tensor to a
2D tensor. The size of our video clips is (n, h,w), where n is the number of frames in the

video clip. We split the video clip into n tensors of (h,w). Then we concatenate them in
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Fig. 5.6 Temporal Mix-up. f; is an image of a tiger; f; is an image of a horse.
The dark red boxes indicate ground-truth of the tiger; the light green boxes indicate
ground-truth of the horse. The label for each dark red boxes is P4, = A; the label
for each light greeen boxes is Pyorse = 1 — A; A ~ Beta(1.5,1.5) in this thesis.
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the dimension of the batch. Now the size of the input is (batchsize x n,c, h,w), where c
indicates the channel number.

All experiments and subsequent results were conducted using a NVIDIA GTX 1080ti
GPU and deep learing platform FloydHub GPU cloud (Tesla K80 12GB and Tesla V100 16

GB). Models were trained using the PyTorch open source machine learning library [68].

5.2.1 Hyper-parametery Settings

We trained our networks using SGD (Stochastic gradient descent) with momentum [69] for
reducing training time. We first transferred the hyper-parameters from Yolov3 [26] to check
the feasibility of our concept. Then we empirically tuned the hyper-parameters in Table 5.1.
Our batch size is limited by the hardware requirements and may not be optimal. The final

settings used are:

Table 5.1 Hyper-parameters settings used for primary training.

Hyper-parameter Setting

Learning Rate 0.0001

Learning Rate Decay cosine to 0.000001

batch size 2
Training epoches 100
Momentum 0.9
Weight decay 0.0005

For updating parameters of our model, we use SGD with momentum as the optimizer.
The momentum is 0.9 and weight decay is 0.0005. The learning rate starts from 0.0001 and
ends with 0.000001. For learning rate decay, we utilize cosine decay for adjusting learning

rate while training.
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5.2.2 Loss Function

The loss in object detection tasks is composed of the losses for classification and regression.
To be specific, there are class loss, confidence loss and location loss for training. In Yolov3
[26], GIoU (Generalized intersection over union) |70] is utilized for loss calculation; in Yolov4
[71], CIoU (Complete intersection of union) |[72] is used for loss calculation. In this thesis,
we utilize CloU for calculating the location loss as it can better reflect the loss of the center
of predicted boxes.

IoU (Intersection over union)

We first describe the IoU loss (L) as it is the bass for GIoU and CloU.

PNG

IoU = ——
© PUG’

(5.3)

where P indicates predicted bounding boxes; G indicates ground-truth bounding boxes. IoU
calculates the ratio of the intersection over union of the two boxes. L,y can be calculated
based on IoU as follows:

LIOU =1-1IoU. (54)

However, when the IoU of P and G is 0, L,y will not be updated as it is always L;,;y = 1.
Therefore, the performance of IoU loss in regression tasks is not good.
GIoU [70]

GIoU loss is proposed to solve the problem that L, is always 1 when P and G have no

intersection. GloU is defined as:

A— A

GIoU =1— IoU + (5.5)

where A indicate the area of the smallest enclosing convex for P and G; A" indicate the area
of the union of P and G. Even though A and B do not intersect, GIoU will tend to -1 as the

distance between them increases. GIoU loss can be calculated as:
LGIoU =1-—GlIolU. (56)

79



ClIoU |72

IoU loss is unable to optimize two non-overlapping boxes, and GIoU cannot reflect the
distance between the centers of the predicted box and the ground-truth box and their aspect
ratio. CloU was proposed to calculate the loss considering all elements.

CIoU loss provide multi-measurement on the basis of IoU loss, which includes the IoU,
the distance of the center points between predicted and ground-truth boxes, and the aspect

ratio of the boxes. The CIoU loss (Lcyor) is calculated as:

2
Loty = 1— IoU + R(P,G) = 1 — IoU + £ (i';’ 9+ qu, (5.7)
w? wP
v= F(arctcmﬁ — arctanﬁ) : (5.8)
v
a_(l—IOU)+U’ (5.9)

where p,g represent the centers of P and G, respectively; p represent the Euclidean distance
between the two centers p and g; c¢ indicates the diagonal distance of the smallest enclosing
convex for P and G; w? and hY indicate the width and height of ground-truth bounding

boxes; wP and hY indicate the width and height of predicted bounding boxes.

L!DU = [}75 LIOU = 075 L!OU == 075
LG!OU = 075 LG]oU = 075 LGIGU - 075
LCIOU == 081 LCIOU - 077 LCIOU == 075

Fig. 5.7 Comparsion of loss function: Ly, Lar.v and Leojou.

As depicted in Fig. 5.7, L, and Lg.y is equal for the three pairs of predicted boxes and

ground-truth. Obviously, L;,; and Lgr,y cannot provide the relative position relationship
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between the prediction and ground truth. Compared with L;,; and Lgrouy, Lorou allows
more accurate learning for bounding boxes regression.

Class Loss

We use binary cross-entropy loss to calculate the loss for each class and calculate the sum.

The binary cross-entropy loss can be calculated as:

Lice(9,y) = —ylogy — (1 —y) log(1l —9). (5.10)

For each class, we calculate the sum of L. for each sample in training data as the loss for

the class.
cls Z Lbce (L’” 7 (511)

where m is the sample.
Confidence Loss
Confidence loss is to calculate the loss for the prediction of objects. Confidence loss is divided
into two parts, confidence loss with target and confidence loss without target. We calculate
confidence loss based on binary cross-entropy as follows:

Leons = Z Z 0 Lo (C7, C2) + Mmoo (27 Ly (CY, C9), (5.12)

i=0 j=0

where s? is the number of grid cells (See Chapter 2); B indicate the predicted bounding

.
07 can be

boxes; Efjl.’j represents the object mask (denotes if object appears in grid i);
calculated as (1 — E;-)]l?j ). €7 is the confidence score; (Y is decided by the intersection of the
predicted bounding box and ground truth. If the predicted bounding box has the maximum
IoU comparing with other predicted boxes of the grid cell, C’f =1; Or else C’f = 0 When the
target is not detected, there is the lowest confidence prediction penalty Ay oop;-

Overall Loss

We utilize the overall loss in Yolov4 [71] in this thesis. The overall loss is the sum of Leyou,

Lo and Leong. L can be calculated as:

L= LCIOU + Lcls + Lconf- (513)
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L considers the classification loss L, the location loss Lo,y and prediction loss Leopy.
Without Lo, s, L shows no difference between corrent object prediction and wrong object

prediction when P and G have no intersection.

5.3 Quantitative Results

We train our model in ImageNet VID2017 dataset for 100 epochs using pretrained weights.
At inference, an NMS of 0.5 ToU threshold is adopted to suppress duplicate detection boxes.
We utilize mAP(mean Average Precision%) as our evaluation metric to measure the per-
formance of the proposed network architecture. We also provide the inference time for
processing each frame to illustrate the network latency.

We also compare our network with four distinct networks which are Yolov3 [26], a_ LSTM
[10], REPP+Yolov3 [51], FGFA [20] and MEGA [49] and STMN [50]. All networks were
fine-tuned using publicly available pretrained weights. Yolov3 is for object detection; the
a-LSTM model is for online video detection; REPP+Yolov3, FGFA, STMN and MEGA are
for offline video detection. FGFA is a fundamental approach for recent feature aggregation
policies. FGFA proposed flow-guided feature aggregation. The MEGA model is a state-of-
the-art method in offline video detection tasks. MEGA is based on global and local feature
aggregation. STMN propagates features across frames and calculates the long-term spatial-
temporal memory, which also utilize feature alignment. MEGA, FGFA, a-LSTM, STMN
and our model are all based on feature aggregation. The results are therefore indicative of
the abilities of the proposed feature aggregation module. REPP evaluates the similarity of
prediction between frames, and corrects the prediction of the current frame. REPP is the
only post-processing method for video detection in our comparison. As REPP+YOLOV3
and our work utilize Yolov3 as the basic detector, the comparison between them can show
the performance gap between REPP and our feature aggregation module. The purpose of

these experiments is to evaluate our designs against popular networks.
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For each network, we present performance results including mAP(%) and inference time.
Table 5.2 shows the result comparison between models without any post-processing. Among
all methods, MEGA [49] achieves the best performance. With a ResNet-101 backbone,
MEGA can achieve 82.6% mAP. The mAP of STMN [50] is also over 80%. FGFA also
achieves high performance using aggregation based on optical flow. Among all competitors,
only a-LSTM and our method are designed for online video detection. Our method outper-
forms a-LSTM, REPP+Yolov3, and Yolov3 with 75.8% mAP. By replacing the backbone
feature extractor from Darknet-53 based on octave convolution with Darknet-53 based on an
improved octave convolution, our method achieves better performance of 76.8% mAP. With
spatial attention module, our method can achieve 77.1% mAP.

The methods for video detection in Table 5.2 are mostly based on multiple feature ag-
gregation method. From the results, we can conclude our feature aggregation based on the
temporal network outperforms a-LSTM module. Compared to the a-LSTM module, 3D con-
volution can learn richer spatial-temporal features. STMN and FGFA calculate the feature of
the current frame based on 11 neighbor frames or even more, while our work is only based on
4 neighbor frames. Therefore, the mAP gap between our method and them is from the infor-
mation gap. Our method can also achieve a mAP over 80(%) (section 5.5.3) when we utilize
TemporalNet-16 with a larger memory usage. However, our work aims to be real-time and at
limited hardware requirements. The mAP gap is affordable for the accuracy/speed /memory
usage trade-off.

We utilize Yolov3 as our basic detector in the thesis. It is a representative method in one-
stage object detection. The frame rate is 37 FPS (Frames Per Second) with the resolution
of 512 x 512 i.e. it is real-time. Our model is also real-time with running at 29 FPS. MEGA
and FGFA may suffer from the latency of a two-stage detector and the complex architecture
which lead to extra time cost. Our model is fast and also competitive with offline video
detectors. Other methods utilize 2D convolution networks for feature extraction. Our model

is the only one that uses 3D convolution networks for feature extraction in video clips.
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Table 5.2 Performance comparison with state-of-the-art video object detection
models on ImageNet VID validation set. TemporalNet-4 is the temporal network

using 4 frames.

Methods Online Backbone mAP (%) | Inference
time(ms)
Yolov3 [26] v Darknet-53 68.5 27
FGFA [20] - ResNet-101 76.9 733
MEGA [49] — ResNet-101 82.6 115
STMN [50] - ResNet-101 80.6 80
a-LSTM [10] v SSD 72.3 83
REPP+Yolov3 [51] — Darknet-53 74.8 30
Darkenet-53
v 75.8 35
+Octave conv
Darkenet-53
v 76.8 35
TemporalNet-4 +Selective-frequecy Octave conv
Darkenet-53
v +Selective-frequecy Octave conv 77.1 35.5

+spatial attention [13]
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5.4 Qualitative Results

Here we present our final qualitative results of our network, which is trained for a total of
100 epochs. We selected three pairs of results for the comparison with Yolov3 (the baseline),
STMN and a-LSTM. Each pair of results are predicted on 4 consecutive frames. We visual-
ize the prediction by drawing bounding boxes. In Fig. 5.8 through Fig. 5.9 we include the
example detection results of different methods. We can compare the performance qualita-
tively. As the parameters of our comparators may not be perfect, the performance may be

not optimal.

Fig. 5.8 Example detection results of networks (red boxes indicate ground-truth).

As shown in Fig. 5.8, a-LSTM, STMN and our work detected the partially visible cat
while Yolov3 fails to detect the cat when not enough of the cat is visible. The feature
aggregation of neighboring frames are responsible for the difference in video detectors and

single-frame detectors. Compared to a-LSTM, the quality of bounding boxes predicted by
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our work is better. There is no obvious bounding-box quality gap between our work and

STMN in this sequence.

Yolov3

a-LSTM™

Our work

STMN

Fig. 5.9 Example detection results of networks (yellow boxes indicate ground-truth).

As shown in Fig. 5.9, the bounding-box quality of Yolov3 is not satisfactory due to
misdetections. The incorrect box of a-LSTM may result from the non-optimal parameters.
The performance of our work is the best in this example.

In Fig. 5.10, we present the prediction results along with previous frames to compare
the detection quality. The picture on the far right is the frame to be detected. There is an
occluded bird and the bird appears on the left three pictures. Yolov3 fails to detect it as
no feature aggregation method is applied. a-LSTM fails to detect the occluded bird, while
our work and STMN detecteted it. As Yolov3 is a state-of-the-art detector, the failure of it
means detection based on the current frame only is challenging. The misdetection of a-LSTM
means the memory of previous frames is still not capable of predictions in occlusion. The
feature aggregation policy of our work is capable of aggregating corresponding features across

frames as well as STMN. Our method and STMN utilize feature alignment. Therefore, it
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Fig. 5.10 Example detection results of different feature aggregation methods.

demonstrates the ability of feature alignment in the respective feature aggregation module.

We expect our model to extract features based on the similarity distribution of neigh-
boring frames. It can help with occlusions and blurring which are challenging in video
detection. Fig. 5.11 (a) and (b) show our temporal network can locate the corresponding
region in neighboring frames for feature alignment. Fig. 5.11 (c) shows the performance of
our model in blurred frames. The prediction is not influenced by the quality of the current

frame.

5.5 Ablation Study

This section is composed of component analysis and parameter comparison. To examine the
impact of the key components and architecture-related parameters in our model, we conduct
extensive experiments to study how they contribute to our final performance. We utilize the

same training procedure and dataset for the ablation study.
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(a) Visulisation of similarity distribution of a pair of consecutive frames. Feature alignment is applied in
our temporal network. Our temporal network finds similar areas across frames based on AP3D. As shown

in (a), we locate areas that have a high response to the center area of the first frame in the following frames.

(b) Visulisation of similarity distribution of another pair of consecutive frames. We locate the similar area

of the black cat across frames in (b).

(c¢) Example detection results. The last picture is blurred. However, our method detect it correctly based

on the appearance information from the three left frames.

Fig. 5.11 Example performance of our work.
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5.5.1 Backbone Improvement due to Octave Convolution

We utilize Darknet-53 as the base of our backbone. We replace convolution layers in Darknet-
53 with octave convolutions layers in our backbones. Octave convolution processes high-
frequency and low-frequency features separately. It stores low-frequency features in a down-
sampling size to decrease the memory usage. We expect our backbones based on octave
convolution to be faster and more efficient. Table 5.3 presents the results of models based

on Darknet-53 and on our backbone (Darkent-53+Octave conv).

Table 5.3 Ablation study on Octave convolution in our backbone.

Backbone TemporalNet | mAP(%) | Inference time
Darkent-53 TemporalNet-4 75.4 34
Darknet-53+Octave conv | TemporalNet-4 75.8 35

From Table 5.3, a gap of 0.4% mAP exists between the two models. Our backbone is
more accurate than the base backbone. However, the time cost of our backbone is higher
than Darknet-53, which is not as we had expected. After the inspection, we believe the
the first octave convolution layer and last octave convolution followed by and following the
communication between the 3D convolution layer and the 2D convolution layer is responsible
for the extra time cost.

Based on the channel attention module (See Chapter 4), we propose the selective-
frequency octave convolution layers. In our experiments, the parameter a of octave con-
volution is 0.125 for separating high-frequency and low-frequency features. However, the
parameter should be adaptive to the input. We design a selective-frequency layer for the
dynamic fusion of high-frequency and low-frequency features. From the results in Table 5.2,
a gap of 1.0% mAP exists between our backbone based on the octave convolution and the
improved octave convolution. There is little extra time cost. We can also observe the 0.4%

mAP improvement from the spatial attention. We can conclude that the attention module
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can help our network to focus on useful information.

5.5.2 Effect of Temporal Aggregation

We propose the TemporalNet to extract temporal information from consecutive frames in
our work. It can enhance the features of the current frame referring to features of previous
frames. Table 5.4 shows the results of our models.

Table 5.4 Ablation study on our temporal network.

Backbone TemporalNet | mAP (%) | Inference time(ms)
Darkent53+improved Octave - 68.7 26
conv +spatial attention TemporalNet-4 77.1 35.5

As shown in Table 5.4, our temporal network provides a large improvement (8.4% mAP)
on the performance of our model. The time cost of temporal network is mainly from 3D
convolution layers. The accuracy/speed trade-off is also a major concern in designing our
real-time online model. Compared to the state-of-the-art models, our proposed temporal
network is accurate and fast. Our model processes 4 frames in 140ms. The extra time cost
is (140 = 4) — 26 = 9ms for aggregating features across frames using our temporal network.

Our proposed temporal network aggregates features in the temporal dimension which
leads to the large improvement from the Yolov3 single-frame base detector. The result shows
the ability of our temporal network. The temporal network based on 3D convolution learns
features in the temporal dimension. Our backbone based on 2D convolution can extract
spatial features. Our model is accurate and fast as we aggregate appearance information in

the temporal dimension for enhancing the feature of the current frame.
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5.5.3 Local Feature Aggregation

Local feature aggregation indicates the feature aggregation across neighboring frames in
this thesis. The local span of our aggregation policy decides the architecture of our model
and the performance. The local span can be 4, 8 and 16 referring to C3D [1] in this the-
sis. Correspondingly, the temporal networks are the TemporalNet-4, TemporalNet-8 and
TemporalNet-16 (See section 4.4). We provide the performance comparision between them
in Table 5.5.

Table 5.5 Ablation study on local feature aggregation. Number after
"TemporalNet-" indicates the local span.

TemporalNet Backbone mAP(%) | Inference time

TemporalNet-4 77.1 35.5
Darkent53+improved Octave

TemporalNet-8 79.2 47
conv +spatial attention

TemporalNet-16 80.9 o7

As shown in Table 5.5, the performance of the TemporalNet-16 is best in terms of mAP.
And the performance of our temporal network drops as the local span narrows. Obviously, the
wide local span provide more information for feature aggregation. The wide local span can
provide global information, which may be the reason for the mAP gap between our temporal
networks. Similar to STMN [50], we utilize feature alignment for local feature aggregation.
From the results in Table 5.2 and Table 5.5, our method based on TemporalNet-16 can
achieve better mAP (80.9%) than STMN(80.6%). Our method is also faster.

Accuracy, speed and memory usage trade-off

We aim to design a real-time video detector in our research. We need to balance speed
requirement and accuracy. The TemporalNet-16 achieves the best performance with the
highest time cost. From the experimental results on the 1080Ti, our model based on

TemporalNet-16 runs at 15 FPS, which is slow for real-time processing. The TemporalNet-8
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achieves high-quality results with an improvement of 2.1% mAP over TemporalNet-4. It
runs at 21 FPS in the experiment. TemporalNet-4 can run 28 FPS and the mAP is better
than another online video detector (a-LSTM).

Moreover, the memory usage is a limitation of our method. We utilize the appearance-
preserving 3D convolution for the feature alignment in our temporal networks. However, the
memory usage is increasing exponentially while calculating the offset map. For training the
model using TemporalNet-4, the memory usage is 4.47 GB. The training of the TemporalNet-
8 and TemporalNet-16 requires memory of 9.11 and 18.25 GB. We aim to design a network
that can be trained on a single GPU PC, and therefore we decided to use the TemporalNet-4
in our model.

Table 5.6 Memory requirement for training (batch size is 1)

TemporalNet | Memory Requirment(GB)
TemporalNet-4 >4.47
TemporalNet-8 >9.11
TemporalNet-16 >18.25

5.6 Summary

In this chapter we have described the details of our data processing and training process.
We included the loss function and the hyper-parameter selection. We evaluated our meth-
ods qualitively and quantitatively. We compared our model with state-of-the-art networks
based on commonly-used metrics in video detection. We also designed an ablation study for
analysing our main components and parameters for our proposed network. We discussed the
trade-off among accuracy, speed and memory usage. We presented the improvements and

challenges observed in our experiments.
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From results, our online video detection network using TemporalNet-4 outperforms an-
other online video detector (a-LSTM) and offline REPP+Yolov3 in accuracy. Our network
with TemporalNet-16 outperforms state-of-the-art offline video detectors (FGFA, STMN and
REPP-+Yolov3). Our network with TemporalNet-8 can be competitive with mentioned of-
fline video detectors. Our network with TemporalNet-4 is a real-time online video detector
which runs at 28 FPS.

From the ablation study, the improvements from our selective-frequency octave convolu-
tion and local feature aggregation based on the temporal network are witnessed. Our method
achieves high-quality feature extraction and feature aggregation.

The size of a original image in the dataset is 1280 x 720, which is also the size of a video
frame in practical use. However, we utilize images of 448 x448 as input frames in our thesis.

On average, the time cost of resizing 4 frames is 12ms.
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Chapter 6

Conclusion

The research in this thesis arose after a review of the deep learning literature in video de-
tection led to the realization that little work had been done based on 3D convolution and
one-stage detectors. Today, real time detection methods cannot provide competitive de-
tection accuracy in videos; while state-of-the-art video detectors have high run-time costs.
Practical use of video detection networks often requires online and (close to) real-time per-
formance. We explored if we can utilize a one-stage detector to replace the widely-used
two-stage detection networks for higher speed. We also exploit the use of aligned 3D convo-
lution in the field of video detection. We take the opportunity to combine state-of-the-art
components in the areas of single-image object detection, in learning temporal information

and in convolution layers for a high-performance real time video detection network.

6.1 Thesis Summary

We build a deep learning model capable of real-time online detection in videos.
In Chapter 2, we introduce related concept and provide a review of related work in object
detection. We also described online video detection to set the stage for the specific work

that must be done in our thesis. And we also provided a discussion of 3D convolution,
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interpreting how 3D convolution outperforms 2D convolution in video processing. Then
we provided a fast-paced overview of convolutional networks. We review 3D CNNs that
provide inspiration for our temporal network. We also reviewed single-image and video object
detection networks, respectively. We introduce the four video detectors for comparison in
this thesis. We also provide the introduction of keyframe selection as it is key to the approach
of some competitors.

In Chapter 3, we describe the components that are utilized in this thesis. We introduce
the architecture of Yolov3 and AP3D, which are essential components of detection module
and temporal network in this thesis. We also discuss CBAM (Convolutional Block Attention
Module) as we utilize its spatial attention module.

In Chapter 4, we presented our major contributions starting with a description of the
baseline. Then we provided the overview architecture of our network, describing the data
flow. It illustrates how 3D and 2D components cooperate for detection in videos. We
described elements of our workflow in details. First, we introduced our backbone based
on selective-frequency octave convolution. We imported the improved octave convolution
into Darknet-53 and provide a mathematical description of the selective-frequency octave
convolution layer. Then we provided the mathematical description of our feature aggregation
policy. We also introduced the architecture of our temporal network for feature aggregation.

Finally in Chapter 5, we conducted an experimental evaluation of our work and discuss
the results. We started by describing the dataset for our experiments. Then we outlined
data augmentation methods used to improve the training performance. We described the
training of our model, and illustrated the hyper-parameter setting and loss function. We
also presented a comparison of quantitative performance between our approach and other
detectors. We also presented the qualitative results comparison between our work and four
other methods. We visualized the cross-frame similarity distribution to interpret our lo-
cal feature aggregation. To illustrate the performance of key components of our work, we

provided ablation studies of our improved octave convolution, temporal network and local
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feature aggregation. Finally, we described the accuracy/speed/memory usage trade-off to

introduce the decision of the parameters for our model.

6.2 Contributions

In this thesis we have developed real-time online video detection network based on an in-
terleaved 3D-2D convolution network. We utilized successful components in an aligned 3D
convolution network and one-stage detection network in our work. We designed a multi-
scale interleaved architecture for integrating the components. We also imported improved
state-of-the-art octave convolution into our network. We used various techniques to improve
the training performance. These techniques included horizontal-flipping, cropping, affine
transformation and mixup for data augmentation. Our network outperforms YOLOv3 [26]
(online), a-LSTM [10] (online), REPP+YOLOv3 [51] (offline) and FGFA [20] (offline) with
TemporalNet-4. Our network outperforms STMN [50] (offline) with TemporalNet-16.

For video detection, the two main challenges were feature extraction and feature aggre-
gation. We designed an efficient backbone for feature extraction and a temporal network for
feature aggregation. Previously, research on video detection was mainly based on two-stage
detectors. Our work used 3D ConvNet to work with an one-stage detector and provided
competitive performance. This success answers our primary research inquiry which sought
to determine if it was possible to improve still-image detection networks for detection in
videos. We also demonstrate that the inference time for video clips can be practical to use in
online tasks by one-stage detection. In developing our network we have made the following
contributions:

1. We have improved the existing backbone for more efficient feature extraction based
on selective-frequency octave convolution.

2. We designed the temporal network for feature aggregation across neighboring frames

based on AP3D.
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3. We developed a multi-scale interleaved communication between our backbone and
temporal network for feature aggregation between neighboring frames.

4. We replaced the backbone of Yolov3 with our backbone and enabled the communi-
cation between our backbone and our temporal network. We replaced the loss function of

Yolov3 with CloU, improving the training performance.

6.3 Limitations

Despite these encouraging results there are a number of limitations to this work in its current
state. Here we describe the major limitations and weaknesses:

Network Design

Our network performs detection based on Yolov3. Our thesis focused on improving one-
stage detector YOLOvV3 for detection in videos. It limited our network’s design with respect
to architecture of our basic detector. We designed the temporal network that obviously is
useful for feature aggregation across frames. However, the potential of our detector is not
fully explored by not comparing different base detectors.

We pretrained our basic detector with the improved octave convolution and accommodate
the weight file for the training of our whole network. The pretraining allows for significantly
less training time and enable attention to the optimization of our temporal network. Un-
doubtedly, the quality of our detector can decide the performance of our feature aggregation
and prediction. While designing our network, we haven’t changed the fundamental archi-
tecture of our basic detector for better performance. We expect a higher-quality detector to
bring improvements to the overall accuracy.

Training
As we mentioned in Chapter 5, most experiments were conducted using a single NVIDIA
GTX1080ti GPU with 8GB of memory. The batch size for training is 2 which is likely too

small. As a result, additional experiments are required to find an optimal performance using
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a GPU with more memory.
Memory Usage

Our video detection network can be fast but the memory usage for training should be
reduced. By inspection, memory usage is mainly from calculation of AP3D. AP3D includes
3D convolution and feature alignment, which leads to high consumption of memory. Research
into an efficient feature alignment method to be applied in 3D convolution would greatly

benefit our method.

6.4 Future Work

We expect machines to eventually perform better than humans in video detection tasks.
However, it may be still a long-term research goal. We can start by going beyond the
existing limitations. Our network can be faster than other video object detection networks
with similar accuracy. However, the accuracy of our work is not as high as state-of-the-art
offline methods. There are also a number of near term goals that merit further exploration:

e Our network only aggregates features from neighboring frames. However, the method
may benefit from the information in frames in previous neighborhoods. A global feature
aggregation method may lead to better performance. To our knowledge, there are only a
few video detection networks that use global information and they achieve state-of-the-art
accuracy [49,73]. Global feature aggregation mimics the long-term memory of the human
visual system. It can possibly lead to big performance improvement.

e Our work utilizes YOLOvV3 as basic detector for predicting bounding boxes. However,
newer one-stage single-image detection networks are performing even better. Using a better
detector in our work can be the next step in the future work for optimized performance.
For example, YOLOv4 [71] and YOLOvV5 (no published paper is available but the code is
availble on Github) have been proposed very recently.

e For most work in video detection, the utilization of a key-frame strategy enables an
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efficient resource allocation. These works apply accurate detection methods to key-frames,
and the predictions on non-key frames are produced from key-frame results. The strategy
saves time and lowers compute demands. It is possible to implement our feature aggregation
on adjacent key-frames. Our feature aggregation is based on a temporal network that requires
most of the computing resources. Using this method, the calculations for our temporal
network can be reduced. Due to the redundancy between adjacent frames, key-frame feature
aggregation may provide competitive results with the results of our work.

e As mentioned in Chapter 5, our temporal network has a high memory consumption.
By inspection, the feature alignment method of AP3D is responsible for a large number of
calculations. We like to research a more efficient feature alignment method to be applied in

3D convolution or improve the existing feature alignment method.
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