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Human Action Recognition (HAR) is a challenging and engaging research
area in computer vision with diverse applications, including smart surveil-
lance, robotics, industrial automation, healthcare, and education. Tradi-
tional methods relying on RGB video data often struggle to handle en-
vironmental noise, such as variations in lighting, viewpoint, background
colors, and clothing, limiting their effectiveness in real-world scenarios.
The rapid development of depth camera technology has opened up new op-
portunities for action recognition by enabling the use of three-dimensional
human joint coordinates, which are highly effective for accurately mod-
eling human actions. Additionally, depth cameras provide robustness in
complex environments and offer privacy-preserving capabilities, making

them particularly suited for sensitive applications.

This thesis proposes a depth camera-based framework that integrates

object detection and Graph Convolutional Network (GCN) to achieve
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accurate and efficient HAR. First, the proposed framework employs an
object detection algorithm to localize individuals in the scene and extract
precise Regions of Interest (Rol). Next, depth camera data is utilized
to extract skeleton data of individuals within the Rols, providing robust
input for spatiotemporal modeling. Finally, a GCN specifically designed
for action classification is applied to analyze skeletal sequences and classify
actions. By effectively combining multi-modal data sources, including
RGB and skeletal data, the framework significantly improves recognition

accuracy and robustness in complex scenarios.

As the first critical step in the proposed framework, object detection
faces significant challenges, particularly the diversity of object scales and
the overlapping of objects within complex scenes. To address the issue of
scale diversity, this thesis proposes the Re-BiFPN feature fusion method,
which incorporates a Coordinate Attention Atrous Spatial Pyramid Pool-
ing (CA-ASPP) module and a recursive connection. The CA-ASPP mod-
ule extracts direction-aware and position-aware information from feature
maps, enhancing the representation of multi-scale objects. The recur-
sive connection further refines the feature maps by feeding the processed
multi-scale features back to the backbone network for additional feature
extraction. Additionally, to improve localization accuracy and robustness
in cluttered scenes, a Rep-CloU loss function is designed to mitigate the
impact of object overlap. To evaluate the effectiveness of the proposed
methods, experiments were conducted on X-ray security inspection im-
ages, a highly challenging real-world application characterized by varying
object scales and frequent object overlaps. The results demonstrate that
the proposed methods significantly improve detection accuracy and ro-
bustness. Furthermore, to assess the generalizability of the methods, ex-
tensive experiments were also performed on the VOC and COCO datasets,
which include human detection tasks. The experimental results show that
the proposed methods achieve competitive performance, highlighting their

broad applicability across diverse domains.

As another key step in the proposed framework, action classification is
a challenging task, particularly when dealing with subtle motion patterns
characterized by small amplitudes and prolonged durations. Two pivotal
issues warrant further exploration: the development of enhanced tempo-

ral feature representations and the expansion of convolutional models’
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capacity to capture long-range temporal dependencies. This thesis pro-
poses a novel Skeleton Temporal Fusion Graph Convolutional Network
(STF-GCN) for action classification, which effectively models advanced
temporal feature representations. Specifically, the STF-GCN employs
three encoding strategies to integrate two types of temporal feature rep-
resentations. These strategies are designed to capture the intricacies of
motion dynamics and the subtleties in action variations, enabling more
accurate and robust recognition of complex actions. Furthermore, a Skele-
ton Temporal Fusion (STF) module is proposed to highlight temporal
feature representations, employing a structure that alternates between
large and small kernel convolutions to achieve diverse effective receptive
fields. The integration of large kernel convolutions allows our model to
perceive an expanded temporal context, significantly enhancing its abil-
ity to understand action dynamics in depth. To evaluate the effectiveness
of the proposed methods, extensive experiments were conducted on both
elderly action and general action datasets. The results demonstrate that
the proposed methods achieve superior performance, not only in classify-
ing elderly actions with subtle and prolonged motion patterns but also in
general action classification tasks, highlighting its robustness and broad

applicability.

Finally, this thesis explores the application of the proposed framework
in two key areas: elderly care and intelligent education. In elderly care,
fall detection serves as a case study. Fall detection is critical for enhancing
caregiving safety and supporting the independence of elderly individuals.
Experimental results demonstrate that the proposed framework achieves
an impressive average accuracy of 96.3% in real-world scenarios, while
maintaining low false positive and false negative rates. In intelligent ed-
ucation, hand-raising recognition serves as a case study. Recognizing
hand-raising actions is essential for comprehensively evaluating student
engagement and adapting teaching strategies accordingly. Experimental
results show that the proposed framework achieves an average accuracy
of 89.7% in real-world scenarios, also maintaining low false positive and
false negative rates. These results demonstrate that the proposed depth
camera-based action recognition framework is both accurate and practical
for real-time applications in critical domains, and has strong potential for

broader deployment in real-world scenarios.






FALRR XN E 5

EAEHCER: MR e 7 5 7 BaAE Ay by —2 EHOIRE
# A5 R— D NEATEIR

REHE. & WBE #:
HEEHEA: 5k B (a7 74 %)
A 4 FENE

R KRR R 7 2 7 WF SRR (1% IR
7Y THEMFEI—A

KoLl REH A Z & H 0 EBE» DRNE 2 NYITERR
(HAR) 7V — 47— 2 4HET 2. 2O7L—L7—2lF. £ 3TWK
BMH7 VT YR LTy = NONDEReE L . IEREZ B0 (RoD)
FHIH T 2. RIZ. Rl NOANVIDERRT —REREH A Z T — K
Sl CheaBTHEFT ) > 70000 NA b ANITEL TH
Fd 2. BB, TEIECEL TaEstanss 5 78&RA& 4 v
h7—2 (GCN) #EHL . By —7 > 2240 L TIT8h 2 5387
2. RGBT —REFWKT — X2 FCHEBOEL ) 7 1 #3RINCH
AEDEEZIET. K7L =LV — 3B LT VA CBWNTLER
WEE e o AN MEERIBICH S 3,

REZL—L 7=V OBWOHRE L AT v 7 TH2UEHKHET
E FFCED R — v ZRMESCHE Ly — B8 2 WEDEL Y
EVOREICHM T 2. A7 —VERMEOREIC LT 2728 Kim
VT . R ASPP (CA-ASPP) £ ¥ 2 — )L & HinfEs & 4la
A A 72 Re-BiFPN Rl & Fi5 £ % T 2. CA-ASPP €Y 2 —)Lid
R~ v 7' 0 6 T MRS & M ERMEREIMHEL. v vF 27—
VPR ORM a3 2. FiREsid . W sz~ F A7 —)Lfr
BAENYy 7A=Y 2y F7—20 74—y 2L T 5% 25E8M

vii



viii

HETHIET. Fl~y 72 L 088+ 2, 35612, Bleaholcy
— v TORAELMEE Lo N2 MEsmEs 20, MIEDELZHDOD
B 2B 2 Rep-CloU $8RBAE Z B 7o (C &R L 12

RETFEOEMM AT 2 20 WED 2 7 — L ZEF) 0 4EE £«
Ha o pn¥HE L X BT EEG s el kBEiT- /2. 2 D48
B, METFHELHFEE g A MMEE2KIFBICHES €2 2 &R
niz. &8, FEOWAR 25T 2720 ANttt &2 X 7 % &
£ VOC 8LV COCO 7—Rty FTHILAHAaFIEHERBEL .. T
JIDH BMEEEFERL 2. ChiZ& 0. 2R N XA > ICB ) 35
A RESAES T s B,

BEIZL—LT7—20D8)—DODHEEL AT v 7 ThH BTENNHE
. FFCHkmEs/N e <L FHRBHEAROUMD 28E X —> %255
Gl es ). CheLT 220, BELEBRIFMEFEOMSRE
&L REFBEORZINKGEME 22 28AIAAET VORRITOITR & W
H2ODHEELBECOWT, 8564 2FRN/VEE 2 5. Feh L.
TEIRFO 2 O L WEtkR RIIRG 7 72 7 BEAAE Ay b7 —7
(STF-GCND ##%EL . mELKRIIREER R NcETY v 7
3 5. STF-GCN &+ 3 DO 5L & F v T 2 FEFHO By R
RBEEHET D, SN 6 DEIKE . BIEX A+ 3 7 ZADHEME S 17E)
DAY I—2a>BITMPLECERIDZEICKETINTSE
0. MR ATENE £ O IERESA Do AR MR T 32 L AR T
2. 8512, RRIIFHMKREL %58 2 72 O iR KVIELE (STF)
EV2—WERRELE. COEY2—0IE. KD I —F VEHIAA
ERECHG G ERAT 2 & TCERAARRET2EHL. K
A — 2V EAABOBRECED, EF VGRS KR 2 >~
FERANERBBL. ATHX A F 3 2 R &L BT 2 e 02 KR 1
93,

REFEOAMEETFMS 27120, RREOTH T —K€y b &
—BR AT T — Ry VO G TR AR EITo 2. 2 DER.
REFEE . MY RGN LEE SR — v 2 FOmBRHEDITEN M ES
JTh<. BTN ELR A 2B T 8B EREEZRARL .
ZOo AR MEERIAGEHARMESEHAS LT,

//

viii



X

BB, BMCERE7L—L27—2OGABIE L T, EBRREN
EEAY— MBEO 2 DOFELEHEERT 2. MRENETE.
TEE 2y —AART 4 £ LTHLD B, N#EOZEeEMEEY . &
MEOEHN 4 XHET (3 ECMO CTEETH B L 2T, EHEGER
G REZ7L— L7 — 0 RFEMHAS Y S B0 TFEREE 96.3% &
WOHRELOBREEMRL . RO BIEHEER A RRTEE L2 MRFT 2 2
EERLTVWS., Av— b BTE. ZFRHEr—2ARALT 1 &L
THY B, ZEOSINE 2 BFECEHEL . TaEES 2 85 S € 3
FTCARIRTHZ 2 nT. REERE, RET7L —L 7 — I 0BF
R F U A B O TFEREE 89.7% #EM L . FEFICKVARBHER
SRR MR T ERL TV E., TS DRI, BET S
REAASR—ZADTERH 7L —L7—2 0, BEELERCET 3
DTIWERA LT TV r—vavilBWTEBEENLDODER-RTHY ., =
A F VA TO &Y JRH L REACEOAREE MO T3 2 L %R
L TWw3,

X






Depth Camera-based Human Action Recognition with
Object Detection and Graph Convolutional Network

by

QINGQI ZHANG

Dissertation submitted to the Graduate School of East
Asian Studies of Yamaguchi University,

in partial fulfillment of the requirements for the degree of
Doctor of Philosophy

Advisory Committee:

Professor Qi-Wei GE, Chairman/Advisor
Professor Mitsuru NAKATA

Professor Chisato KITAZAWA

Professor Shingo YAMAGUCHI

©Yamaguchi University. All rights reserved.






Acknowledgements

Looking back on the past three years of my doctoral journey in Japan, I
am deeply grateful for the unique experiences that have enriched my life.
Living in Japan has allowed me to immerse myself in its rich culture, from
its traditions and values to its way of life. These experiences have broad-
ened my horizons and left me with unforgettable memories. I am truly
thankful for this opportunity, which has become an invaluable chapter in

my life.

[ would like to express my heartfelt gratitude to my supervisor, Qi-Wei
GE, for his continuous guidance, encouragement, and wisdom throughout
my research journey. His expertise, constructive feedback, and unwavering
support have been instrumental in shaping this dissertation. Over the past
three years, his rigorous work ethic and tireless dedication have deeply
influenced me, inspiring me to adopt his exemplary approach to research
and learning. His commitment to excellence has set a standard that I

strive to follow.

[ am very grateful to the other members of the examination committee
for this dissertation: Professor Mitsuru NAKATA, Professor Chisato KI-
TAZAWA, and Shingo YAMAGUCHI. Their careful review and valuable
suggestions have greatly contributed to improving the quality of the final

work.

[ am also grateful to my laboratory colleagues, including Mr. Zhenyu
AN, Mr. Hang YANG and Ms. Menglan GUO, whose support and friend-

ship have made my time in Japan both productive and enjoyable.

Finally, I would like to express my deepest gratitude to my family for

their unconditional love, unwavering support, and encouragement.

xiii






Contents

Abstract

Acknowledgements

1

Introduction
1.1 Reseorch Bagkground « . « « o w2 5 ¢« o8 2 5 ¢ 55 65 15855 5 5 45
1.2 Research Motivation . . . . . . . . . . . . .

1.3 Thesis Organization . . . . . . . . ... ... ..

Literature Review

2.1 Object Detection . . . . . . .. .. ..
2.1.1 Traditional Detection Methods . . . . . . . .. ... ... ..
2.1.2  Deep Learning-based Detection Methods . . . . . . . . . . ..

2.2 Skeleton Extraction Methods . . . . . ... ... ... ... .....
2.2.1 2D Human Pose Estimation . . . . ... ... ... ......
2.2.2 3D Human Pose Estimation . . . . . .. . ... ... .....
2.2.3 Depth Camera . . . .. ... . ... .. ... ... . ...

2.3 Action Classification Methods . . . . . . . . ... ... ... .....
2.3.1 RNN-based Action Classification . . . . . . .. ... .. ...
2.3.2 CNN-based Action Classification . . . . . . .. .. ... ...
2.3.3 GCN-based Action Classification . . . . .. .. .. ... ...

2.4  Human Action Recognition . . . . . . . . ... ... ... ... ...
2.4.1  Action Recognition in Elderly Care . . . . . . . .. .. .. ..

2.4.2  Action Recognition in Smart Education . . .. ... ... ..

Object Detection Algorithm Based on Cascade Network

3.1 Introduction . . . . . . . . . .

3.2 Proposed Cascade Network for Object Detection . . . . . . .. . . ..
3.2.1 Overall Architecture of the Cascade Network . . . . . . . ..

XV

iii

xiii

CU A

o N 9

10
10
12
13
15
15
16
16
18
18
19



CONTENTS xvi

3.2.2 Data Handling . . . .. .. .. ... ... .. 24
3.2.3 Re-BiFPN Feature Fusion Module . . . . ... ... ... .. 28
3.2.4 Rep-CloU Loss Function . . . . . .. ... ... ... ..... 31
3.3 Experiments . . . . . . . ... 33
3.3.1 Datasets . . . . . . ... 33
3.3.2  Evaluation Metric . . . . ... ... .. ... ... ... ... 30
3.3.3 Implementation Details . . . . . . ... ... ... .. .... 34
3.3.4 Experimental Results and Analysis . . . . . ... .. ... .. 35
3.3.4.1 Ablation Studies . . . . . . ... ... 35

3.3.4.2 Comparison with Other SOTA Approaches in Pro-
hibited Item Detection . . . . . . .. ... ... .. 38

3.3.4.3 Comparison with Other SOTA Approaches in Human
Detection . . . . . . . . ... 40
3.4 Conclusion . . . . . . . . . e 44
4 Skeleton Temporal Fusion Graph Convolutional Network 45
4.1 Introduction . . . . . . . . . . 46
4.2  Proposed Skeleton Temporal Fusion Graph Convolutional Network . 49
4.2.1 Overall Architecture . . . . . . . . . .. .. ... .. .. ... 49
4.2.2 Temporal Dimension Encoding . . . . . ... ... ... ... 50
4.2.2.1 Temporal Motion and Angle Features . . . . .. .. 50
4.2.2.2 Encoding Strategies . . . . . . . . ... .. .. ... 51
4.2.3 Skeleton Temporal Fusion Module . . . . . . ... ... ... a9
4.3 Experiments . . . . . . . .. 56
4.3.1 Datasets . . . . . . .. 56
4.3.2 Evaluation Metric . . . . . . . ... ... .. 57
4.3.3 Implementation Details . . . . . .. . ... .. .. ... ... 57
4.3.4 Experimental Results and Analysis . . . . . ... .. .. ... 57
4.3.4.1 Ablation Studies . . . . . . . ... ... ... ... 57

4.3.4.2  Comparison with Other SOTA Approaches in Elderly
Action Recognition . . . . ... ... .. ... ... 61

4.3.4.3 Comparison with Other SOTA Approaches in Gen-
eral Action Recognition . . . . . . . . .. ... ... 62
4.3.5 Results Analysis for Similar Actions . . . . . ... ... ... 65
4.4 Conclusion . . . . . . . . . . e 66

XVi1



CONTENTS

xvil

5 Depth Camera-based Human Action Recognition System 67
5.1 Introduction . . . . . . . . ... 68
5.2 Proposed Depth Camera-based Human Action Recognition System 70
5.2.1 System Architecture . . . . . . .. ... ... ... 70

5.2.2 Skeleton Data Preprocessing . . . . . . . . . ... .. .. ... 71

5.3 Experiments . . . . . . . .. 75
5.3.1 Datasets . . . . . ... 75

5.3.2 Evaluation Metrics . . . . . . . .. ... L. 75

5.3.3 Implementation Details . . . . . . ... . ... ... ..... 76

5.3.4 Results and Analysis of Fall Detection . . . . . .. ... ... 7

5.3.5 Results and Analysis of Hand-raising Detection . . . . . . .. 79

5.4 Conclusion. . . . . . . . . . 83

6 Conclusions and Future Works 84
6.1 Conclusions . . . . . . . . . 84
6.2 Future Works . . . . . . . .. 86
Bibliography 88

XVii



List of Figures

2.1
2.3

2.3
24
2.5

2.6

2.7
2.8
2.9
2.10
2.11
2.12

3.1
3.2
3.3

HOG feature pyramid for human detection. . . . . . . .. .. .. ..
Example of luggage image (A) with corresponding regions for a camera
(B) and a firearm (C). . . . . . . ...

Feature pyramid netword. . . . . . . . . .. .. ... ... ... ...

Mustration of IoU loss and Smooth (2 loss for bounding box prediction.

Top-down methods. Top-down methods have two sub-tasks: human
detection and 2D pose estimation in the region of a single human

Bottom-up methods. Bottom-up methods also have two sub-tasks:
detect all keypoints of body and associate body in different human
bodies . . . . . ..
Dirert extimation methods. » « « ¢ s % 2 208 s 9 2 835 ¢ 4 5 95 5 8 5 &
2D-to-3D Lifting methods. . . . . . . . .. ... oL
The principle of depth camera [88]. . . . . . .. ... ... ... ...
[Mustration of the RNN-based action classification method. . . . . . .
[lustration of the CNN-based action classification method. . . . . . .
[Mustration of the GCN-based action classification method. . . . . . .

The visualization examples of the X-ray security inspection dataset. .
The overall framework of the cascade network. . . . . . . .. . .. ..
Contour detection is performed on the source image utilizing the Canny
edge operator. For the clarity of the presentation, we have marked the
borders of the source image in blue. After processing by the Canny
edge operator, the boundary of the image to be fused is the contour

of the prohibited item. . . . . . . . . . . .. ... ... ... ... ..

XVIiil

11

11
12
12
13
15
16
17

22
24



LIST OF FIGURES

X1X

3.4

3.5

3.6

3.7

3.8
3.9

3.10

3.11

An example of image fusion utilizing the Poisson blending with the
Canny edge operator. For clarity, we also show the image obtained
by utilizing the general addition operation, denoted as (c), the actual
image with occlusion in the dataset, denoted as (d), and compare them
to (b). . o
Line chart of Structural Similarity Index (SSIM) for each image before
and after Poisson blending. The horizontal axis (Index) represents the
image ID in the dataset, and the vertical axis (SSIM) indicates the
similarity score between the original image and its Poisson-blended
version. Each green bar corresponds to one image’s SSIM value, with
higher values indicating greater structural similarity. The maximum
SSIM value reaches 98.82%, the minimum is 93.03%, with an average
of 95.50%. The red-marked point represents the SSIM value of the
image pair shown in Figure 3.4 . . . . . .. . ... ... L.
Distribution of prohibited item categories before and after Poisson
blending. . . . . . . . .
The structure of Re-BiFPN and the expanded view. The white circles
represent the feature maps extracted by backbone. The colored circles
indicate the multi-scale features in the Re-BiFPN structure. . . . . .
The structure of CA-ASPP module. . . . . .. .. ... ... ... .
Example of visualization of prohibited item detection errors. Green
boxes are correctly prediction boxes, while red boxes are false positives
caused by overlapping. The confidence scores outputted by detectors
are also attached. The errors usually occur when a prediction box
shifts slightly or dramatically to a neighboring ground-truth object, or
bounds the union of several overlapping ground-truth objects.

Statistics on the number of ground-truth aspect ratios in the dataset.
The network parameters are adjusted based on the statistics to make
the network more suitable for the dataset. . . . . . . . ... .. ...
Histogram of scale distribution for each category. In the subplots, the
horizontal axis represents the pixel area of prohibited items, while the
vertical axis represents the frequency. The headers “max”, “min”, and
“mean” respectively indicate the maximum, minimum, and average
values of prohibited item pixel areas within each category. Please note

the scales of the horizontal and vertical axes in each subplot. . . . . .

X1X

26

27

28
29

31

34

37



LIST OF FIGURES

XX

3.12

3.13

3.14

4.1

4.2

4.3

Comparison of detection effect between our method and the baseline.
The first row shows the input images. For clarity, we artificially high-
light the prohibited items in red in the input image. The second row
shows the detection effect of the baseline. The third row shows the
detection effect of our method. . . . . . . . . ... ...
Comparison of detection effect between our method and other main-
stream algorithms. The input image is shown in the first row of Figure
3.12. The first to fifth rows represent the detection effect of the five
control groups in Table 3.4. The last row shows the detection effect of
our method. . . . . . . . ...
Comparison of human detection effect between our method and other
approaches. The last row presents the results obtained by our method,
while the upper rows correspond to the methods of Mery et al. [45],
Zhang et al. [56], Wang et al. [54], Wang et al. [124], and Miao et al.

[55], respectively. . . ...

Hlustration of spatial and temporal dimension features. In (a), the red
dot signifies the joint feature, while the orange vector denotes the bone
feature. « represents the spatial angle feature at frame t. In (b), the
blue vector indicates the temporal motion feature, derived from both
the orange vector (indicating the joint’s displacement between frame
t and t+1) and the yellow vector (showing the bone feature in frame
t+1). 5 is the temporal angle feature, formed by the temporal motion
feature and the bone feature at frame t (the purple vector). . . . . .
For clarity, we visualized a partial sequence of “taking off a jacket”. We
observed a similarity in joint coordinates between adjacent frames.
However, by expanding the temporal receptive field to compare the
first and last frames, the differences become more pronounced. . . . .
The overall architecture of STF-GCN. The TDE;, i.e. temporal dimen-
sion encoding, which captures temporal dependencies, is elaborated in
Section 4.2.2. The SDE, i.e. spatial dimension encodig, is dedicated
to representing joint [34], bone [35] and spatial angle [104] features.
The intricacies of the main stream, which includes five STF modules

that process these encoded features, are detailed in Section 4.2.3.

XX

38

39

42

46

A7

49



LIST OF FIGURES

XX1

4.4

4.6

4.7

4.8

Temporal dimension features using three distinct encoding strategies.
Red and orange dots represent skeletal joints at frames ¢ and ¢ + 1,
respectively. Blue vectors symbolize temporal motion features; angles
between blue and purple vectors are temporal angle features. (b) For
clarity, features of only the right arm and leg are depicted. (c) Visu-
alized features between joint No. 10 of the upper body and the joints
of the lower body. . . . . . . . . ...
Overview of STF module. C' x T x V represents the dimensions of the
input features, where C stands for the number of channels, T for the
number of temporal frames and V' for the number of joints. The prin-
cipal components of STF encompass the Spatial Graph Convolution
(SGC) [24], the Temporal Receptive Field (TRF) block. @& represents
concatenation. & represents pairwise subtraction. . . . . . . . . . ..
Architectural design of Large Kernel Block. It comprises an Receptive
Field (RF) layer, an SE (Squeeze-and-Excitation) block [127], an FFN
(Feed Forward Network) and BN (Batch Normalization). The only
difference between a small kernel block and a large kernel block is that
the former replaces the RF layer with a Conv 3x1. The symbol ®
represents element-wise multiplication. . . . . . . . . ... ... ..
Visual examples of similar elderly actions, “brushing hair” vs “blow
drying hair”. The actions “brushing hair” and “blow drying hair”
share common characteristics, as both involve interactions between
the hands and the head. . . . . . . . .. .. ... ... ... ... ..
The confusion matriexs obtained by STF-GCN without TDE and STF-
GCN on the EA3D dataset. The horizontal axis represents the pre-

dicted labels, while the vertical axis represents the true labels. . . . .

Applications of depth cameras in real-world scenarios. (a) Applica-
tion of depth cameras in elderly care, focusing on the recognition and
analysis of falling actions. (b) Application of depth cameras in smart

education, concentrating on detecting students’ hand-raising actions.

XX1

64

69



LIST OF FIGURES

XXil

5.2

5.3
5.4

2.5

ot
@)

5.7

[
oc

5.9

Architecture of the depth camera-based human action recognition sys-
tem. The system leverages an depth camera to capture both RGB and
depth data. The RGB data undergoes object detection to identify hu-
man subjects and extract coordinate data. Meanwhile, the depth sen-
sor retrieves skeleton data, which is preprocessed before being passed
to the STF-GCN model for action classification. The final output is
the recognized action result. . . . . . . . . ... ... L.
Visualization of depth camera views. . . . . . . . . .. ... .. ...
Comparison of depth camera-derived human skeletal outputs and GCNs
input formats. . . . . ...
Field of view for depth and RGB cameras (the perspective seen by the
sensors) and field of view at a distance of 1.5 meters from the front. .
The confusion matrices of our action classification model on EA3D.
The horizontal axis represents the predicted labels, while the vertical
axis represents the true labels. . . . . . . . ... .. ... ... ...
Visual examples of fall detection conducted from four orientations.
Each figure (a) Front, (b) Back, (c¢) Left and (d) Right displays the
detection outcome: “This person is standing” when the individual is
upright, and “This person has fallen down” following a fall. . . . . .
The confusion matrices of our action recognition model on NTU60 X-
view and NTUG60 X-sub. The horizontal axis represents the predicted
labels, while the vertical axis represents the true labels. . . . . . . . .
Visual examples of hand-raising detection for one person (a) and two

people (b). The left side of each sub-plot displays real-time updates

by our system that records the number of hand-raising actions detected.

XX11

70
72

73

77

78

30

81

82



List of Tables

3.1
D

3.3

3.3
3.4
3.4

Q5
9.9

3.6

4.1
4.2
4.3
4.4

4.5

4.6
4.7
4.8
4.9
4.10

5.1

Experimental environment parameters . . . . . . . . . ... ... .. 34

Experimental results of comparing different weighting coefficients in

Rep-CIoU loss function. . . . . . . . .. ... .. ... ... ..... 35
Comparisons of the AP and mAP when adding baseline with the Pois-

son blending, Re-BiFPN, and Rep-CloU. . . . . . . . ... ... ... 36
Comparisons of the AP and mAP (Continued). . . . ... ... ... 36
Comparison with other methods on prohibited item dataset. . . . . . 39

Comparison with other methods on prohibited item dataset (Continued). 39

Comparison with other methods on the COCO dataset (validation set). 41

Comparison with other methods on the COCO dataset (test set). . . 41
Ablation study of temporal motion feature on EA3D. . . . . . . . .. 58
Ablation study of temporal angle feature on EA3D. . . . . . .. . .. 59
Ablation study of temporal motion and angle features on EA3D. . . . 59
Performance comparison of different TRF block designs on EA3D. L:

Large kernel block; S: Small kernel block. . . . . . . ... ... .. .. 60
Performance comparison of RF layer with different kernel sizes and

dilated rates on EA3D. . . . . . . ... oL oo 60
Performance comparison of the number of TRF blocks on EA3D. . . 61
Performance comparison of the number of STF modules on EA3D. . 61
Performance comparison on EA3D. . . . . . ... ... ... . ... . 62
Performance comparison on NTU120. . . . . . . . . ... .. ... .. 63

Performance comparison of elderly actions with similar patterns on
EA3D dataset. The “Action” column represents ground truth labels,
while the “Similar action” column indicates actions with similar motion

IPAJECLOTIER: & & ¢ o« @ o s 5 w @ 8 ¢ ¢ B & © = & 4« 8 888 § % 8 ¥+ § & & 3 64

Joints mapping from Kinect DK output to GCN input. . . . . . . .. 72

XX111



LIST OF TABLES XXiv
5.2 Accuracy of our action recognition model on EA3D dataset before and
after fine-tuning specifically for fall detection. . . . . . . .. .. ... 78
5.3 Fall detection accuracy and processing times from various orientations. 79
5.4 Accuracy of the action recognition model on NTU 60 dataset before
and after fine-tuning specifically for hand-raising. . . . . . . .. . .. 81
5.5 Hand-raising detection accuracy and processing times for one and two
GEBNATION:. & 2 5 : # & @ ¢ 5 @ © 8 § 5 & & 8 8 8 @ % W & £ 6 © B 5 8§ 3@ g 81

XX1V



Chapter 1

Introduction

1.1 Research Background

In the field of computer vision, Human Action Recognition (HAR) is a longstanding
challenge and an actively researched topic. The primary focus of HAR is the au-
tomatic analysis and understanding of full-body motion sequences, followed by the
automated annotation of these sequences [1]. HAR plays a crucial role in various
downstream tasks, including healthcare [2], intelligent education [3], remote monitor-
ing [4], entertainment, video storage and retrieval [5], and human-computer interac-
tion [6, 7]. Despite significant progress, HAR still faces challenges such as background
clutter, occlusions, viewpoint variations, and real-time constraints. Addressing these
challenges requires an effective integration of detection, skeleton extraction, and clas-
sification techniques.

Many HAR systems [8, 9, 10] do not incorporate object detection but instead oper-
ate directly on raw RGB videos or skeleton sequences. These approaches often suffer
from challenges such as background interference, which limits their generalization
ability. Object detection [11] serves as a crucial preprocessing step for locating indi-
viduals in complex environments, thereby reducing background noise and improving
recognition accuracy. Particularly in multi-person scenarios, object detection helps
accurately extract Regions of Interest (Rols) for each individual, ensuring robustness
against occlusions and environmental variations. In this thesis, the proposed frame-
work first employs an object detection algorithm to localize individuals in the scene,
followed by skeleton data extraction and action classification.

For skeleton data extraction, some methods use 2D Human Pose Estimation
(HPE) [12, 13] algorithms to estimate joints in each frame. However, since these
2D HPE methods cannot capture depth information, they struggle to accurately

represent the spatial relationships between joints. Additionally, these methods are
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highly sensitive to occlusions, camera angles, and environmental variations, which can
lead to unstable or inaccurate skeleton representations [14]. These challenges hinder
the reliability of action recognition systems. To address these issues, some methods
attempt to reconstruct 3D skeleton data from 2D using lifting techniques [15, 16].
However, these approaches rely heavily on prior knowledge and assumptions, which
can introduce significant errors when dealing with unseen poses or complex move-
ments. Moreover, the accuracy of current 2D-to-3D lifting methods still has consider-
able room for improvement, limiting their suitability for real-world deployment [14].
Given these limitations, an alternative approach is to use depth cameras, which elim-
inate the need for indirect estimation by directly capturing 3D skeletal data. Unlike
2D-t0-3D lifting methods, depth cameras, such as the Azure Kinect DK [17], utilize
Time-of-Flight (ToF) technology to obtain precise 3D skeletal information, enhanc-
ing the understanding of complex environments and interactions. Additionally, depth
cameras are robust to lighting conditions and background variations, ensuring stable
and reliable 3D skeleton data for action classification.

For action classification, numerous methods have been proposed in recent years,
each leveraging different techniques to improve accuracy and robustness. These meth-
ods can be categorized by the modality of the data used into RGB-based methods
[18, 19, 20, 21], skeleton-based methods [22, 23, 24, 25|, and multimodal methods
126, 27]. RGB-based methods excel at leveraging rich visual information, such as
color and texture. However, they often fail to achieve satisfactory results in practical
applications due to their inability to robustly handle environmental noise, such as
variations in viewpoints, lighting conditions, background colors, and clothing [28].
Skeleton-based methods rely on the abstract representation of human poses. These
methods analyze motions by utilizing the spatial and temporal relationships of hu-
man joints. They are robust against changes in color, appearance, lighting, and back-
ground [25]. Additionally, since skeleton data represents an abstraction of human
poses, these methods inherently offer strong privacy-preserving capabilities. Mul-
timodal methods leverage both RGB and skeleton data simultaneously, aiming to
combine the strengths of each modality. However, these approaches face challenges
such as complex data fusion, high computational costs, modality imbalance, as well
as limited generalization capabilities and poor real-time performance [1]. Based on
these, the method proposed for aciton classification in this thesis is a skeleton-based
method, which achieves high performance while ensuring real-time capability during

deployment.
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Based on their technical approaches, HAR methods can be categorized into Con-
volutional Neural Network (CNN)-based methods [29, 30, 31], Recurrent Neural Net-
work (RNN)-based methods [32, 33|, and Graph Convolutional Network (GCN)-based
methods [22, 24, 34, 35]. CNNs have been a popular choice for tackling HAR prob-
lems, particularly when applied to RGB video data. These methods leverage spa-
tial information within individual frames and temporal relationships between frames
to classify actions. However, CNN-based approaches often struggle with handling
long-term dependencies or subtle motion variations [30]. RNNs have also been ex-
tensively studied in the context of HAR. These methods are particularly effective
at capturing temporal dependencies in motion sequences [33]. However, RNNs face
significant challenges in computational efficiency and in modeling complex spatial re-
lationships. More recently, GCNs have emerged as a powerful approach for HAR. By
modeling human joints as graph nodes and their connections as edges, GCNs enable
effective representation of the spatial and temporal dynamics of human motion [22].
This makes GCNs especially suitable for tasks requiring a detailed understanding
of human poses and movements. Building upon these advancements, this thesis pro-
poses a GCN-based method to tackle several key challenges in action classification for
HAR, including inter-class similarity caused by subtle motion differences, viewpoint
variations, incomplete or noisy skeleton data, and the need for effectively modeling
spatial-temporal dependencies in human poses.

In this thesis, the proposed framework first employs an object detection algorithm
to localize individuals in the scene and extract precise Rols. Then, depth camera is
used to extract skeleton data within the Rols, providing a robust input for spa-
tiotemporal modeling. Finally, a GCN specifically designed for action classification

is applied to analyze the skeleton sequences and classify human actions.
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1.2 Research Motivation

The primary motivation of this thesis, as described in Section 1.1, stems from the
fact that HAR is a fundamental yet challenging task in computer vision with a wide
range of applications. Despite significant advancements, the deployment of HAR sys-
tems in real-world scenarios remains hindered by several key limitations. Addressing
these challenges requires a more effective integration of object detection, skeleton
extraction, and action classification techniques.

Many HAR systems process RGB videos or skeletal sequences directly without
first detecting and isolating individuals. This can lead to background interference,
reducing accuracy and robustness in complex environments. Integrating an object
detection module can help precisely locate individuals in a scene, thereby improving
both recognition accuracy and computational efficiency. Therefore, incorporating
object detection into HAR systems is another motivation of this thesis.

Current HAR systems often rely on HPE algorithms to extract skeletal data.
However, 2D HPE methods cannot capture depth information, making it difficult to
accurately model human motion in three-dimensional space. Additionally, 2D-to-3D
lifting methods heavily depend on prior knowledge and assumptions, leading to sig-
nificant estimation errors for unseen poses or complex movements. In contrast, depth
cameras provide a direct and accurate 3D skeleton data with improved robustness.
Therefore, leveraging depth cameras in HAR systems is another motivation of this
thesis.

The performance of HAR systems largely depends on the effectiveness of the
action classification model. CNN-based methods primarily focus on spatial features
but lack the ability to effectively capture temporal information. RNN-based methods
suffer from high computational costs and the vanishing gradient problem. GCNs have
demonstrated great potential in modeling both spatial and temporal dependencies in
skeleton data. Therefore, employing GCN-based methods for action classification in

HAR systems is the final motivation of this thesis.
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1.3 Thesis Organization

The rest of this thesis is organized as follows:

Chapter 2 provides a comprehensive literature review, covering key research ar-
eas related to this work, including object detection, skeleton extraction, and action
classification. This chapter discusses existing methods and highlights their strengths
and limitations, forming the foundation for the proposed framework.

Chapter 3 presents an object detection algorithm based on a cascade network,
detailing its overall architecture, Re-BiFPN feature fusion, and the Rep-CloU loss
function. The effectiveness of the method is evaluated through experiments on pro-
hibited item detection and human detection, demonstrating its robustness in various
scenarios.

Chapter 4 introduces the Skeleton Temporal Fusion Graph Convolutional Network
(STF-GCN) for action classification. It describes temporal dimension encoding, in-
cluding temporal motion and angle features, and discusses the architectural design of
the proposed method. This chapter also evaluates the model’s performance through
experiments on elderly action recognition and general action recognition tasks.

Chapter 5 focuses on the depth camera-based human action recognition system,
detailing the system architecture, data preprocessing, and experimental setup. Fur-
thermore, it explores two real-world applications: fall detection in elderly care and
hand-raising detection in classroom environments, demonstrating the system’s prac-
tical significance.

Chapter 6 concludes the dissertation by summarizing the key findings and contri-
butions. It also discusses future research directions to further improve the proposed

methods and extend their applications.



Chapter 2

Literature Review

This chapter provides a comprehensive review of existing methods related to Human
Action Recognition (HAR), focusing on object detection, skeleton extraction methods,
and action classification methods. Section 2.1 discusses object detection, first intro-
ducing traditional detection methods, followed by an overview of deep learning-based
object detection methods. Section 2.2 presents skeleton extraction methods from
three perspectives: 2D pose estimation methods, 3D pose estimation methods, and
depth camera. Section 2.3 reviews action classification methods, categorizing them
into three main types: CNN-based, RNN-based, and GCN-based methods. Section
2.4 highlights human action recognition applications, with a particular emphasis on

elderly care and smart education.
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2.1 Object Detection

Object detection is a fundamental task in computer vision that aims to identify and
localize specific categories of objects (such as humans and prohibited items) in RGB
images. Its goal is to equip computers with basic visual understanding, enabling them

to answer the questions: What objects are present? and Where are they located?

2.1.1 Traditional Detection Methods

Early object detection algorithms were primarily based on handcrafted features. Viola
and Jones [36, 37| proposed the VJ detector, which achieved real-time face detection
for the first time without any restrictions. This detector employed a straightfor-
ward sliding window approach, scanning all possible positions and scales in an image
to determine whether a window contained a face. Dalal and Triggs introduced the
Histogram of Oriented Gradients (HOG) feature descriptor [38], as shown in Figure
2.1, which was considered a significant improvement over the scale-invariant feature
transform [39] and shape context [40] methods at the time. Although HOG could be

As an extension of the HOG detector, Felzenszwalb et al. [41] proposed the De-
formable Part Model (DPM) detector. This approach formulated training as learning
the optimal way to decompose an object and inference as aggregating detections of
different object parts. Later, Girshick further extended DPM into a “mixture model”

to handle objects with greater variability in real-world scenarios, along with several

other improvements [42, 43].

Figure 2.2: Example of luggage image (A)
Figure 2.1: HOG feature pyramid with corresponding regions for a camera
for human detection. (B) and a firearm (C).
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In addition to human detection, object detection methods have been increasingly
applied in security screening to identify prohibited items, as shown in Figure 2.2.
The goal of this task is to automatically locate and recognize potential contraband
in images generated by security scanning devices. Bagtan et al.[44] suggested using
the Bag of Visual Word (BoVW) framework combined with the SVMalgorithm to
detect prohibited items. Mery et al. [45] proposed a method based on multiple
X-ray views to detect regular prohibited items. The method consists of two steps:
“structure estimation”, to obtain a geometric model of the multiple views from the
object to be inspected (baggage); and “parts detection”, to detect the parts of interest
(prohibited items). Inspired by [44] and the advantages of neural networks, Akcay et
al. [46] employed a transfer learning paradigm combined with an SVM such that a
pre-trained CNN can be optimized explicitly as a later secondary process that targets
this specific application domain. Roomi et al. [47] trained fuzzy KNN classifiers were
trained with contextual descriptors and Zernike polynomials to study pistol detection,

but only fifteen image examples were evaluated.

2.1.2 Deep Learning-based Detection Methods

With the limitations of traditional hand-crafted feature-based methods becoming ap-
parent and the rapid advancements in deep learning, object detection research has
entered a new era of growth and innovation. Girshick et al. [48] pioneered the
Region-based Convolutional Neural Network (R-CNN), marking a breakthrough in
object detection. Following this milestone, the field of object detection progressed at
an unprecedented pace. He et al. [49] introduced the Spatial Pyramid Pooling Net-
work (SPPNet), whose key contribution was the introduction of the Spatial Pyramid
Pooling (SPP) layer. This layer enabled CNNs to generate fixed-length representa-
tions without the need to resize images or regions of interest. Shortly after, Girshick
[50] proposed the Fast R-CNN detector, which further improved upon R-CNN [4§]
and SPPNet [49]. Subsequently, Ren et al. [51] introduced the Faster R-CNN detec-
tor, building upon the advancements of Fast R-CNN. Since most detectors performed
detection only on the feature maps of the top network layers, Lin et al. [52] proposed
the Feature Pyramid Network (FPN). As shown in Figure 2.3, FPN introduced a top-
down architecture with lateral connections, facilitating the construction of high-level
semantic features across all scales.

In addition to tradition algorithms [46], Akcay et al. also studied deep learning
strategies to improve the performance of cluttered datasets further [53]. Wang et

al. [54] collected a dataset named PIDray and proposed a selective dense attention
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network consisting of a dense attention module and a dependency refinement module.
Miao et al. [55] collected a dataset named SIX-ray and presented a CHR model,
which achieves class balance through a class-balanced loss function. To learn the
different scales of prohibited items, Zhang et al. [56] proposed a novel asymmetrical
convolution multi-view neural network (ACMNet). However, from their experimental
results, the detection accuracy of some targets was not significantly improved. The
fundamental reason is that there is a significant semantic gap between each feature
layer. Moreover, there is a lack of handling prohibited item coordinate information
across different scale feature maps. Feature pyramids are mainly used to improve
the semantic gap in object detection [57, 58, 59]. The loss function for the object
detection task consists of two parts, classification loss and bounding box regression
loss. The bounding box regression loss for the object detection task has undergone
the evolution of Smooth L2 loss [60], IoU loss [61] (as shown in Figure 2.4), repulsion
loss [62], GloU loss [63], DIoU loss [64] and CloU loss [65] in recent years.
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2.2 Skeleton Extraction Methods

Human Pose Estimation (HPE) aims to identify key body parts and construct a
skeletal representation of the human body based on sensor-captured data such as
images and videos. By providing detailed geometric and motion information, HPE
has been widely applied across various fields, including human-computer interaction,
motion analysis, Augmented Reality (AR), Virtual Reality (VR), and healthcare.

2.2.1 2D Human Pose Estimation

HPE aims to predict the 2D locations of human keypoints from images or videos.
Traditional 2D HPE methods rely on handcrafted feature extraction techniques for
identifying body parts. Toshev and Szegedy [66] introduced DeepPose, a cascaded
deep neural network regressor designed to learn keypoints directly from images. This
marked a shift in HPE research from classical approaches to deep learning-based
methods. Deep learning-based HPE methods can be broadly categorized into top-
down and bottom-up approaches [14].

Top-down methods first use a person detector to obtain bounding boxes for in-
dividuals in the input image [14], as shown in Figure 2.5. A single-person pose
estimator is then applied to each detected bounding box to generate multi-person
poses. In top-down methods, the number of people in the input image directly affects
the computational time. Xiao et al. [67] added deconvolution layers to ResNet, cre-
ating a simple yet effective structure for generating high-resolution heatmaps, from
which skeletal positions are obtained. To improve the accuracy of keypoint local-
ization, Wang et al. [68] proposed a method called Graph-PCNN, a graph-based
and model-agnostic two-stage framework. Subsequently, Cai et al. [69] introduced a
multi-stage network comprising a Residual Steps Network (RSN) module and a Pose
Refinement Machine (PRM) module. The RSN module learns fine-grained local rep-
resentations through an efficient intra-stage feature fusion strategy, while the PRM
module balances local and global feature representations. With the rapid develop-
ment of Transformer-based methods, Yang et al. [70] proposed a Transformer-based
2D HPE model named TransPose. To enhance memory and computational efficiency,
Yuan et al. [71] replaced the blocks in HRNet [72] with Transformer modules, intro-
ducing HRFormer, a high-resolution Transformer model.

In contrast, bottom-up methods estimate the body joints of all individuals in an
image simultaneously (as shown in Figure 2.6) and then group them into separate

subjects based on geometric relationships. Since bottom-up methods do not require

10
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Figure 2.5: Top-down methods. Top-down methods have two sub-tasks: human
detection and 2D pose estimation in the region of a single human
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Figure 2.6: Bottom-up methods. Bottom-up methods also have two sub-tasks: detect
all keypoints of body and associate body in different human bodies

detecting each person individually, they generally achieve faster computation speeds
compared to top-down methods [14]. Cao et al. [73] proposed a detector named
OpenPose, which utilizes Convolutional Pose Machines [74] to predict keypoint co-
ordinates through heatmaps. It then employs a vector representation encoding limmb
positions and orientations to associate keypoints with individuals. Although Open-
Pose achieves remarkable results on high-resolution images, its performance signifi-
cantly degrades on low-resolution images and under occlusions. To address this issue,
Kreiss et al. [75] introduced the PifPaf method, which consists of a Part Intensity
Field (PIF) to predict body part locations and a Part Association Field (PAF) to
encode joint connections. Later, Sun et al. proposed HRNet [76], followed by Cheng
et al. [72], who introduced the Higher Resolution Network. This network enhances
the high-resolution feature maps generated by HRNet through deconvolution, aiming
to resolve the multi-scale challenges in bottom-up HPE methods. Bottom-up HPE
approaches have also adopted multi-task architectures. Kocabas et al. [77] proposed
MultiPoseNet, a multi-task learning model incorporating a Pose Residual Network.
MultiPoseNet is capable of performing keypoint prediction, human detection, and

semantic segmentation simultaneously.

11
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2.2.2 3D Human Pose Estimation

3D HPE methods can be categorized into direct estimation methods and 2D-to-3D
lifting methods. As shown in Figure 2.7, direct estimation methods infer 3D human
poses directly from 2D images without the need for intermediate 2D pose represen-
tations. Li et al. [78] employed a shallow network that simultaneously trains a body
part detector with sliding windows and a pose coordinate regressor for 3D pose es-
timation. Sun et al. [79] proposed a structure-aware regression method that utilizes
a skeleton-based representation for greater stability. By leveraging the 3D skeletal
structure and encoding interactions between joints, they defined a compositional loss
to enhance pose accuracy. Pavlakos et al. [80] introduced a volumetric representation
approach, transforming the highly non-linear problem of 3D coordinate regression into

a more manageable form within a discrete space.

End to End I
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Figure 2.7: Direct estimation methods.
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Figure 2.8: 2D-to-3D Lifting methods.

As shown in Figure 2.8, driven by the success of 2D HPE, the 2D-to-3D lifting
approach has become a popular solution for 3D HPE. Martinez et al. [81] proposed
a method that regresses 3D joint positions directly from 2D joint locations. While
this approach achieved impressive results, its primary limitation lies in its heavy
reliance on 2D pose detectors, which can lead to ambiguities in 3D reconstruction.
To address this issue, Wang et al. [82] introduced a pairwise ranking CNN. They
employed a coarse-to-fine pose estimator that regresses 3D poses based on both 2D
joints and a depth ranking matrix. Since human poses can be represented as a graph,
where joints serve as nodes and bones as edges, GCNs have been increasingly applied

to 2D-t0-3D lifting methods. Ci et al. [83] proposed a Locally Connected Network
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(LCN) that leverages both fully connected networks and GCNs to model relationships
between local joint neighborhoods. Zhou et al. [84] further introduced a modulated
GCN, incorporating weight modulation and affinity modulation to enhance 3D pose

estimation performance.

2.2.3 Depth Camera

Depth cameras, such as the Azure Kinect DK [85], RealSense [86] and Orbbec, not
only provide traditional RGB images but also offer rich depth information, revolution-
izing human pose estimation. Unlike conventional cameras that capture only color
and intensity, depth cameras measure the distance between objects and the sensor,
creating a 3D representation of the scene. As shown in Figure 2.9, depth cameras uti-
lize technologies such as Time-of-Flight (ToF), structured light, and infrared sensing
to capture depth information, enhancing the understanding of complex environments
and interactions [87]. They typically generate depth and amplitude images, where

each pixel represents the distance between the target object and the image sensor.
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Figure 2.9: The principle of depth camera [88].

One of the most critical applications of depth cameras is skeleton extraction,
which involves estimating human keypoints from depth data. Many modern depth
cameras come with built-in SDKs, such as the Azure Kinect Body Tracking SDK|
which leverage depth information to infer 3D joint positions with high accuracy. An-
driyanov et al. [89] proposed a method that combines YOLOvV3, a widely used object
detection model, with Intel RealSense depth camera data to accurately determine
the real-world coordinates of apples in robotic harvesting tasks. By integrating depth
and brightness channel information, this approach calculates relative distances and
transitions to a symmetric coordinate system, enabling high-precision localization.

Gai et al. [90] developed a vision-based under-canopy navigation system using a ToF

13



2.2. SKELETON EXTRACTION METHODS 14

camera. The system detects parallel crop rows from depth images captured beneath
the crop canopy. Based on the detection results, it accomplishes two key tasks in
navigation: robot localization and path planning. Farhadi et al. [86] proposed a
depth image refinement technique based on the Intel RealSense D455 camera, aimed
at enhancing the camera’s usability in underwater environments. The method first
captures depth images using the depth camera and generates relative depth images
based on the recorded color images. Then, a mapping process is applied between the
relative depth data and the RealSense depth images to produce visually enhanced

and highly accurate depth images.

14
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2.3 Action Classification Methods

Action classification is a fundamental task in computer vision, aiming to automatically
identify and categorize human actions from video or sensor data [28]. This section
provides a technical overview of the three fundamental types of skeleton-based data

action classification methods: RNN, CNN, and GCN.

2.3.1 RNN-based Action Classification

RNNs, with their ability to maintain temporal dependencies across sequences, ful-
fill the need for modeling sequential data, making them particularly useful for tasks
involving time-series analysis. RNN-based methods [91, 92, 93, 94, 95|, as shown
in Figure 2.10, typically represent skeletal data as a sequence of coordinate vectors,
with each vector representing a joint of the human body. A representative approach
is spatial-temporal long short term memory proposed by [91]. They extended contex-
tual dependency to spatialtemporal domain to analyze the sources of action-related
information within the input data over both domains concurrently. Considering that
RNN with LSTM can learn feature representations and model long-term temporal de-
pendencies automatically, Zhu et. al [92] proposed a fully connected deep long short
term memory network with regularization terms to learn co-occurrence features of
skeleton joints. However, these methods use RNN to handle raw skeletons only focus
on the contextual dependency in the temporal domain and neglect the construction of
spatial information. Wang et al. [93] proposed a novel two-stream RNN architecture
to model both temporal dynamics and spatial configurations for skeleton based action

recognition.

Figure 2.10: Tllustration of the RNN-based action classification method.
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2.3.2 CNN-based Action Classification

CNNs effectively detect spatial hierarchies in data by leveraging local connectivity
and shared weights, making them well-suited for extracting spatial features from
images and videos. CNN-based methods [30, 29, 96, 97, 98], as shown in Figure
2.11, are generally more popular than RNN-based because the CNNs can easily learn
high-level semantic information with their excellent feature extraction ability and
are easier to train than RNNs. Liang et al [29] proposed the three-streamm CNN
method, which includes a pariware feature fusion startegy to fully take advantage of
the complementary and diverse nature among three features. Recently, Duan et al.
[98] proposed a novel framework PoseC3D, which takes as input 2D poses obtained
by modern pose estimators. It has demonstrated remarkable success in skeleton-
based action recognition, leading to notable performance improvements. However,
it’s important to recognize that their inherent design, tailored for grid-based data,

hinders their effectiveness in handling graph data and fully leveraging its underlying

topology.
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Figure 2.11: Ilustration of the CNN-based action classification method.

2.3.3 GCN-based Action Classification

The emergence of GCNs marks a paradigm shift, as they utilize graph structures
to model complex relationships between non-Euclidean data. By capturing spatial
and temporal dependencies through graph convolution operations (as shown in Fig-
ure 2.12), GCNs have demonstrated superior performance in skeleton-based action
recognition. Scarselli et al. [99] introduced a trainable GCN designed to process
graph-structured data based on the topological structure of human skeletal joints.
Lin et al. [100] proposed the SlowFastGCN framework, which employs ST-GCN to
model the spatio-temporal information of human skeletons, utilizing a slow stream

to capture static semantics and a fast stream to capture fine-grained motions. Monti
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et al. [101] modified the spectral domain GCN to develop a more efficient spatial
domain GCN that operates directly on graph vertices. Yan et al. [34] introduced
a novel ST-GCN model. This model utilizes only the first-order information, repre-
senting the coordinates of the joints, to create a spatial-temporal graph with joints
as vertices and natural connectivities as edges. Following this work, Shi et al. [35]
introduced 2s-AGCN model, which effectively captures the crucial second-order in-
formation related to the lengths and directions of bones within the skeleton data.
This incorporation of second-order information has proven to be highly informative
and beneficial for improving action recognition performance. Subsequent to these
pioneering works, researchers [25, 102, 103], aiming to harness the full potential of
spatial dimension features, introduced a variety of distinct model architectures. In
more recent times, Qin et al. [104] offer a novel method for fusing higher-order fea-
tures, in the form of spatial angle, into graph convolutional networks. This enables

the model to effectively capture the intricate relationships between joints and bones.
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Figure 2.12: Illustration of the GCN-based action classification method.
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2.4 Human Action Recognition

This section explores two important applications of human action recognition, in-
cluding action recognition in elderly care and action recognition in smart education.
Although both elderly care and smart education involve human action recognition,
the nature and objectives of the target actions differ significantly. In elderly care, ac-
tions such as falling are typically involuntary and may indicate medical emergencies,
requiring timely and sensitive detection to ensure safety. In contrast, actions like
hand-raising in smart education are intentional and controlled, serving as indicators

of student engagement and classroom participation.

2.4.1 Action Recognition in Elderly Care

Action recognition plays a pivotal role in enhancing the safety and quality of life
for the elderly, a demographic that often requires continuous monitoring due to a
higher risk of falls that could necessitate immediate medical attention. Jang et al.
[2] proposed a network called Four Stream Adaptive CNN (FSA-CNN), which has
three main properties: robustness to spatio-temporal variations, inputadaptive ac-
tivation function, and extension of the conventional two-stream approach. Shu et
al. [105] proposed a Expansion-Squeeze-Excitation Fusion Network (ESE-FN), which
learns modal and channel-wise ESE attentions for attentively fusing the multi-modal
features in the modal and channel-wise ways. Zin et al. [106] introduced a system
that integrates feature extraction methods from previous works and utilizes depth
frame sequences provided by depth cameras. The system locates individuals by ex-
tracting different Rol from UV-disparity maps. Tabbakha et al. [107] introduced the
development and testing of a wearable device featuring motion detection and indoor
localization based on a random forest classifier. The action recognition phase utilizes
a gyroscope and an accelerometer to detect various types of movements. Among the
methods discussed, only several methods [106, 107] involved actual model deployment
and testing. The remaining methods did not implement the proposed algorithms in
practical settings. Although Zin et al. [106] employ depth cameras, they only use
depth information for locating individuals and do not fully utilize them in the action
recognition phase. Instead, the action recognition phase of their method involves a
strategy of randomly sampling frame sequences, a process that can lead to inconsis-
tent results and potentially miss critical motions, reducing the overall effectiveness

and accuracy of the action recognition.
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2.4.2 Action Recognition in Smart Education

As educational technologies evolve towards personalized learning and data-driven
feedback, action recognition in smart education becomes increasingly important.
Recognizing specific actions, such as hand-raising, plays a key role in assessing stu-
dent engagement, facilitating classroom interaction, and optimizing teaching strate-
gies. Therefore, some studies have focused on detecting hand-raising. Zhou et al.
[108] proposed an algorithm for recognizing hand-raising actions. It accomplishes
the recognition of hand-raising through three tasks: hand detection, pose estima-
tion, and heuristic matching. Si et al. [109] integrated a feature pyramid into their
model architecture, thus designing a region-based fully convolutional network to de-
tect hand-raising gestures. This design somewhat improves the detection capability
for low-resolution hand gestures. The method proposed by Liao et al. [110] includes
two stages: pose estimation and gesture recognition. The goal of the pose estimation
stage is to estimate human joint positious, which are then used to recognize gestures
through predefined relationships among the joints. Similarly, Lin et al. [3] employed
a process akin to that of Liao et al. [110], utilizing CNNs to classify actions. Although
these methods have achieved commendable results, they are all based on RGB videos,
which lack depth information and are highly susceptible to variations in lighting and
clothing. Additionally, these methods typically segment an action into frames to
perform recognition, which can lead to fragmentation of contextual information and

potential loss of continuity in action sequences.
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Chapter 3

Object Detection Algorithm Based on
Cascade Network

In this chapter, a cascade network-based object detection algorithm is proposed and
applied to two major tasks: prohibited item detection and human detection. Al-
though these two tasks involve different target objects, they fundamentally belong to
the same category of object detection and face similar challenges, such as complex
background interference and scale variations. Therefore, this chapter takes prohibited
item detection as a representative case to analyze the existing problems and challenges
in object detection. The proposed method is then validated on both prohibited item

detection and human detection tasks to demonstrate its effectiveness.
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3.1 Introduction

As urban populations and crowd densities at public transportation hubs grow, secu-
rity inspection is becoming increasingly important in protecting public safety [111].
Security inspection machine is the most widely used security inspection equipment
[112]. Tt uses X-ray technology to scan a traveler’s package and generate an irra-
diation image in real time. Currently, most of the work of security inspection still
relies on highly trained security staff to carefully identify by eye whether there are
any prohibited items in the irradiation image [113, 114]. As security staff fulfills a
demanding occupation, being in a high-pressure work environment for elongated pe-
riods may cause false detection or missed detection of prohibited items, which may
seriously threaten public safety [115]. Moreover, frequent shift changes consume many
human resources and increase labor costs.

With the substantial development of artificial intelligence technologies, automatic
security inspection of prohibited items has become possible in recent years. Machine
learning and deep learning algorithms are the main methods for prohibited item de-
tection within X-ray security inspection images. Muhammet et al. [44] utilize the Bag
of Visual Word (BoVW) framework with SVMs structure to classify prohibited items.
Mery et al. [45] proposed to use a method based on multiple X-ray views to detect
regular prohibited items with very defined shapes and sizes. The main drawback of
these machine learning approaches is the reliance on hand-crafted features that require
manual engineering. Wang et al. [54] and Miao et al. [55] proposed a selective dense
attention network and Class-balanced Hierarchical Refinement (CHR) approach, re-
spectively. These deep learning methods have achieved better performance compared
to machine learning methods.

However, three challenges still appeal to us in the prohibited items detection
task. First, the X-ray security inspection dataset has an imbalanced distribution of
categories. Deep learning as a standard data-driven technique, a balanced distribution
of categories in the dataset is the cornerstone of the algorithm to achieve better
performance. The dataset, as shown in Figure 3.1, consists of two parts provided
by iFLYTEK CO.LTD: X-ray images of the entire package and X-ray images of a
separate prohibited item. To alleviate the category imbalance problem, we propose
to leverage the Poisson blending algorithm with the Canny edge operator to fuse an
X-ray image of a separate prohibited item with an X-ray image of the entire package.
This data enhancement method can naturally fuse the two X-ray images with minimal

noise and increase the diversity and complexity of the samples.

21



3.1. INTRODUCTION 22

VR L 2YS

Handcuffs Lighter

i

Foae 0y
e
e

B
=

& w7

Firecrackers Handcuffs Nailpolish Slingshot Zippooil

Slingshot Naioiish Scissors H;’essure Knie
(a) Example of X-ray images of the entire package with (b)
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Figure 3.1: The visualization examples of the X-ray security inspection dataset.

Second, diversity of prohibited item scales. The size of prohibited items in the
same X-ray image varies. There is also variation in the size of the same type of prohib-
ited items in different X-ray images. To address the challenge of detecting prohibited
items at diverse scales, we propose an approach named Re-BiFPN. For comparison,
a cascaded network [116] merges multiple detectors and leverages FPN [52] for fea-
ture extraction. Unlike the FPN, which mainly concentrates on managing multi-scale
features through straightforward aggregation, Re-BiFPN presents a novel theoretical
advancement. It establishes a recursive multi-scale structure and incorporates the co-
ordinate information of prohibited items into the feature layers. This unique design
allows our model to refine multi-scale information iteratively, enhancing multi-scale
representations. Moreover, it equips the model with the ability to discern the relative
positions and spatial relationships among prohibited items across different scales.

Third, the problem of overlapping prohibited items has been receiving the at-
tention of most researchers, such as [115, 117, 118]. In prohibited item detection,
however, no loss function is designed for this problem. Since the evaluation metric
for the prohibited item detection task is IoU (Intersection over Union), the loss func-
tion in the original cascade network, which calculates the loss of the prediction box’s
four points, is unsuitable for this task. We designed a new loss function, Rep-CloU,
to make the model more robust to overlapping items, which considers the IoU be-
tween multiple prediction boxes and the centroid distance between the prediction box
and ground-truth. It can effectively prevent multiple prediction boxes from filtering
out by NMS (Non-Maximum Suppression) when the ToU generated by a particular
prediction box and other surrounding prediction boxes is large or their centroids’
distance is small.

In summary, the contributions of this thesis for object detection are as follows: (1)
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This thesis proposes to utilize the Poisson blending algorithm with the Canny edge
operator to fuse an X-ray image of a separate prohibited item with an X-ray image of
the entire package, which can naturally fuse the two X-ray images with minimal noise
and increase the diversity and complexity of the samples. (2) This thesis proposes
the Re-BiFPN feature fusion method, which includes a CA-ASPP module and a
recursive connection. The method can learn the coordinate information implicit in
the feature maps while improving the network’s ability to extract multi-scale features.
(3) This thesis designs a new loss function, Rep-CloU, to make the model more robust
to overlapping items, which considers the IoU between multiple prediction boxes and
the centroid distance between the prediction box and ground-truth. This loss function

can effectively reduce missed detection due to overlap.
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3.2 Proposed Cascade Network for Object Detection

3.2.1 Overall Architecture of the Cascade Network

Our method is a multi-stage target detection architecture consisting of a series of
IoU threshold trained detectors that are continuously improved. The cascade process
can continuously change the distribution of candidate boxes and re-sample them by
adjusting the thresholds [116]. The overall framework of our method is shown in
Figure 3.2.

We construct the training set by fusing the X-ray images of a single prohibited
item with the X-ray images of the entire package. For clarity, we have artificially
marked the location of a single prohibited item in the fused image with a red circle, as
shown in the “Training set” of Figure 3.2. Our method employs ResNeXt-101(32x4d)
[119] as the backbone network. The characters on the arrow and the white circles
indicate the feature map of the backbone. The colored circles indicate the multi-scale
features in our proposed Re-BiFPN. The up arrow in the Re-BiFPN indicates down-
sampling; the down arrow indicates up-sampling; horizontal arrow and curved arrow
indicate connection operations; the red arrow is recursive connection. The CA-ASPP
is coordinate attention atrous spatial pyramid pooling module. RPN is the region
proposal network. “pooling” is region-wise feature extraction. “B0” is proposals
in all architectures. The “Rep-CloU” is our proposed bounding box regression loss

function. And “C” is classification loss function.

............................ 'R

Backbone

Data handling Yo o

Figure 3.2: The overall framework of the cascade network.

3.2.2 Data Handling

The issue of category imbalance refers to a situation in a training dataset where there
is a significant disparity in the number of samples among different categories. This

imbalance may cause the model to overly optimize for the majority category while
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(a) Source image. (b) Image to be fused.

Figure 3.3: Contour detection is performed on the source image utilizing the Canny
edge operator. For the clarity of the presentation, we have marked the borders of the
source image in blue. After processing by the Canny edge operator, the boundary of
the image to be fused is the contour of the prohibited item.

neglecting the minority category, thereby reducing the model’s generalization capa-
bility. In X-ray security inspection dataset, category imbalance may stem from the
much higher occurrence rates of certain prohibited items, such as knives and lighters,
compared to others. Additionally, obtaining X-ray images of specific prohibited items,
like fireworks and slingshots, becomes more challenging due to their dangerous nature
and rarity. To address the imbalance distribution of categories, we propose utilizing
the Poisson blending algorithm [120] in conjunction with the Canny edge operator.
This method aims to mitigate the category imbalance issue by fusing X-ray images
of individual prohibited items with images of entire packages.

The image in Figure 3.1b is source image for the Poisson blending. First, we
leverage the excellent contour detection capability of the Canny edge operator to
extract the contour information of the prohibited item, thus avoiding the introduction
of out-of-contour noise. The operation on the source image is shown in Figure 3.3. The
source image is randomly rotated or scaling. The random rotation range is [0, 360°].
The range of random scaling is % times the length and width of the original image,
n € {n|l <n<10,n € Z}. Then contour detection is performed, and interfering
parts other than the target contour is removed to obtain an image to be fused.

After contour detection, we utilize the Poisson blending algorithm to maximize the
retention of gradient information of the image to be fused to make the fusion boundary
smoother. The Poisson blending of Figure 3.3b and Figure 3.4a is performed. Finally,
an image is obtained after Poisson blending as shown in Figure 3.4b.

Compared to the addition operation, as shown in Figure 3.4b and Figure 3.4c,
our method offers superior image fusion quality and improved edge blending effects.

This advantage stems from Poisson blending’s consideration of gradient discrepancies
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(a) Image before the (b) Image after the (¢) Image obtained (d) Actual image with
Poisson blending. Poisson blending. through addition. occlusion in dataset.

Figure 3.4: An example of image fusion utilizing the Poisson blending with the Canny
edge operator. For clarity, we also show the image obtained by utilizing the general
addition operation, denoted as (c), the actual image with occlusion in the dataset,
denoted as (d), and compare them to (b).
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Figure 3.5: Line chart of Structural Similarity Index (SSIM) for each image before
and after Poisson blending. The horizontal axis (Index) represents the image ID in
the dataset, and the vertical axis (SSIM) indicates the similarity score between the
original image and its Poisson-blended version. Each green bar corresponds to one
image’s SSIM value, with higher values indicating greater structural similarity. The
maximum SSIM value reaches 98.82%, the minimum is 93.03%, with an average of
95.50%. The red-marked point represents the SSIM value of the image pair shown in
Figure 3.4

between the target and source images, enabling a more natural fusion that avoids
abrupt changes in edges and colors. Conversely, the addition operation merely in-
volves straightforward pixel value summation, which might lead to less smooth and

natural image fusion outcomes.
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Figure 3.6: Distribution of prohibited item categories before and after Poisson blend-
ing.

In Figure 3.4d, we display an actual image with occlusion. Both the object marked
in red in Figure 3.4d and the blended object in Figure 3.4b represent Zippooil. It’s
evident that the image generated by our method reproduces the occlusion nearly as
accurately as the actual image. In addition, the image produced by our method
maintains edge details similar to the actual image and prevents abrupt transitions in
edges and colors.

We employ the Structural Similarity Index (SSIM) to quantitatively assess the
similarity and structural preservation between images before and after each Poisson
blending operation, as depicted in Figure 3.5. SSIM is an effective metric for evalu-
ating image quality and is frequently used to measure the resemblance between two
images in terms of pixel-level differences, structural coherence, and textures. The
findings, displayed in Figure 3.5, show high SSIM values. The highest SSIM value
achieved is 98.82%, the lowest stands at 93.03%, and the average is 95.50%. These fig-
ures underscore a considerable similarity between the images before and after Poisson
blending, especially concerning textures, structure, and intricate details.

We analyze samples both before and after the application of our method, as de-
picted in Figure 3.6. From this figure, it becomes evident that using our method
results in a substantial increase in the sample counts for five categories: Firecrack-
ers, Handcuffs, Nailpolish, Slingshot, and Zippooil. Moreover, aside from Knife and
Lighter which are more commonly encountered and thus easier to collect in larger
quantities, the sample distribution across categories appears relatively balanced. It’s
crucial to note that our method is only utilized during the model’s training phase,

while the evaluation is conducted using the original images.
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3.2.3 Re-BiFPN Feature Fusion Module

To improve the network’s ability to learn multi-scale features of prohibited items, we
propose the Re-BiFPN feature fusion method, which achieves more efficient cross-
scale connectivity and weighted feature fusion. The Re-BiFPN includes a recursive
connection and a CA-ASPP module.

Figure 3.7a shows the structure of Re-BiFPN. Re-BiFPN connects the layers in

(b) Unrolling Re-BiFPN.

Figure 3.7: The structure of Re-BiFPN and the expanded view. The white circles
represent the feature maps extracted by backbone. The colored circles indicate the
multi-scale features in the Re-BiFPN structure.
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Figure 3.8: The structure of CA-ASPP module.

BiFPN to the bottom-up backbone network through additional recursive connections
to form a recursive structure. The red arrow in Figure 3.7a is the recursive connec-
tion. Specifically, this recursive connection brings the features with rich multi-scale
information back to the lower-level backbone network, which is not rich enough in
multi-scale information, thus enhancing the representation of features to achieve effi-
cient cross-scale connectivity and weighted feature fusion. Figure 3.7b is the expanded
view of Figure 3.7a.

The structure of CA-ASPP module is shown in Figure 3.8. The CA-ASPP module
takes the output features of the first BiFPN structure as input and converts them into
the features used in the second bottom-up backbone network in Figure 3.7b. Simulta-
neously, it captures cross-channel, direction-aware, and position-sensitive information
to help the model locate and identify prohibited items.

As shown in Figure 3.8, in addition to 1 x 1Conv and 1 x 1Pooling, we set up

3 x 3Conv dilated convolution with the expansion ratio of 4, 8, and 12 for capturing
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the multi-scale information in the feature maps. And then, the two vectors are ob-
tained by average pooling for horizontal and vertical directions, respectively. These
two vectors with embedded direction-aware and position-sensitive information are
encoded as two attention maps, each capturing the long-range dependencies of the
input feature map along a spatial direction. The Concat operation and BN operation
are performed on these two vectors. Next, the split operation is performed and the
weights are obtained after the Sigmoid activation function. Finally, the weights are
added to the C' x H x W feature maps.

Mathematical expression of the Re-BiFPN structure. Let P/? and P?“* denote
the intermediate feature layer and the output feature layer of the first BIFPN struc-
ture, respectively. Resize denotes up-sampling and down-sampling. Both w; and
w; denote learnable weights. P! and P are calculated according to Eq. 3.1 and
Eq. 3.2, respectively. Let R; denote the feature transformation before connecting
the features to the bottom-up backbone network. Let Fl-td represent the intermediate
feature layer of the second BiFPN structure. Let F?“* represent the output layer
features of the second BiFPN structure. Then, the intermediate feature layer and
output layer features of the second BiFPN structure can be derived according to Eq.
3.3 and Eq. 3.4, respectively. To prevent the divisor from being zero set € in the
formula to a small constant. The fusion module in Figure 3.7b is used to fuse P

and F2"' together. To further improve the efficiency, the feature fusion process of

Re-BiFPN uses deeply separable convolution [121].
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3.2.4 Rep-CloU Loss Function

The loss function used in the original cascade network for bounding box regression
is Smooth L1 loss, which has some limitations in the prohibited item detection task.
When the Smooth L1 loss is used to calculate the bounding box of the target detection,
the losses of the four points are first calculated independently and then summed to get
the final bounding box loss. Since the evaluation metric for object detection tasks is
IoU, and multiple detection boxes may have the same Smooth L1 loss while exhibiting

significant differences in loU, the Smooth L1 loss is not suitable in this case.

Figure 3.9: Example of visualization of prohibited item detection errors. Green boxes
are correctly prediction boxes, while red boxes are false positives caused by overlap-
ping. The confidence scores outputted by detectors are also attached. The errors
usually occur when a prediction box shifts slightly or dramatically to a neighboring
ground-truth object, or bounds the union of several overlapping ground-truth objects.

In addition, overlapping prohibited items is also a problem that needs attention.
As shown in Figure 3.9, in the case of overlapping between multiple targets, the
prediction boxes of multiple targets are regressed into one box. The reason is that
the NMS algorithm filters out multiple prediction boxes because they are too close.

To make each prediction box as close as possible to the ground truth while staying
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away from the regions of other targets, we propose the Rep-CloU loss function of Eq.

3.5. Coefficients o and g act as the weights to balance the L¢ry and the Lgey.

Lgep—crov = a Leroy + B+ Lgep (3.5)

The Lgroy loss term is expressed as Eq. 3.6. Where IoU is the ratio of the
intersection and union of the prediction box and the ground-truth; b and by denote
the centroids of the prediction box and the ground-truth, respectively; p denotes the
Fuclidean distance; ¢ denotes the diagonal distance of the minimum outer rectangle
of the prediction box and the ground-truth; A is a positive trade-off parameter, A =
m; v denotes the constraint on the geometric relationship of the prediction
box, v = 2 (arctan % —arctan ¥ ), w, h, w9, h9" represent the height and width of
the prediction box and the height and width of the ground-truth, respectively.

The Lpge, loss term is expressed as Eq. 3.7. Where Smoothy, is a commonly
used regression loss function, and its expression is Eq. 3.8; B and B’ denote the
prediction box for the initial detection box P, and P; regressions; 1 is an identity

function; € is a small constant set to prevent the divisor from being zero.
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Rep-ClIoU loss function considers not only the IoU between multiple prediction
boxes but also the centroid distance between prediction box and ground-truth. The
Lpep loss term in Rep-CIoU represents the loss value generated between a prediction
box and a prediction box that is adjacent and not the same target. Its purpose is to
exclude other detection boxes with different targets, making the model more robust to
overlapping items. It can be found from Eq. 3.7 that when the IoU distance between
the target prediction box F; and other surrounding prediction boxes P; is larger, the
generated loss is also larger. Therefore, the Lg., loss term can effectively prevent
multiple prediction boxes from being filtered out by the NMS algorithm because they

are too close to each other, and thus reduce the missed detection due to overlapping.
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3.3 Experiments

3.3.1 Datasets

For prohibited item detection, the dataset includes ten types of prohibited items:
Knife, Scissors, Lighter, Zippooil, Pressure, Slingshot, Handcuffs, Nailpolish, Power-
bank, and Firecrackers. The visual presentation of the dataset is shown in Figure
3.1a. Figure 3.1b shows the images of five (Firecrackers, Handcuffs, Nailpolish, Sling-
shot, Zippooil) of the ten types of prohibited items after X-ray irradiation alone.
Each of these five categories contains 200 images. The dataset comprises a total of
6,400 images, with 5,400 images of entire packages in X-ray and 1,000 images of in-
dividual prohibited items in X-ray. For the 5,400 images, the training set accounts
for two-thirds and the test set accounts for one-third.

For human detection, the COCO dataset [122] provides a rich collection of an-
notated images, including the "person” category, which encompasses various human
poses, occlusions, and background variations. Due to its extensive annotations and
real-world scene diversity, COCO serves as a benchmark dataset for training and
evaluating human detection models. As a large-scale dataset specifically designed
for object detection, COCO contains over 200,000 images and 1.5 million object in-
stances covering 80 object categories. It provides high-quality bounding box annota-
tions, making it widely used for training and evaluating deep learning-based object
detection models. Compared to earlier datasets like Pascal VOC [123], COCO of-
fers a more diverse set of objects in realistic environments, introducing challenges
such as occlusions, scale variations, and cluttered backgrounds, which contribute to

improving model generalization.

3.3.2 Evaluation Metric

The mAP (mean Average Precision) is commonly used to evaluate the performance
of target detection algorithms. The AP (Average Precision) is used to measure the
accuracy of a certain category. The AP of all categories is averaged as mAP, and the
expression is Eq.3.9. Where NV is the number of categories, AP. is the AP of category

C.

1
mAP = - TAP, (3.9)

In the COCO dataset, mAP5, and mADP 75 represent the mAP at fixed IoU thresh-
olds of 0.5 and 0.75, respectively. Additionally, the evaluation is conducted based
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on different object sizes: mAPg represents small objects (area < 322 = 1024 pixels),
mAP,, represents medium-sized objects (area between 322 and 962 = 1024 to 9216
pixels), and mAP], represents large objects (area > 962 = 9216 pixels). This compre-

hensive evaluation helps assess model performance across different object scales.

3.3.3 Implementation Details

The experimental environment in this chapter is shown in Table 3.1. To control
the experimental variables, we used a 32-group ResNeXt-101 (32x4d) network as the
backbone network with a pre-trained model. We visualize and analyze the aspect
ratio of the ground-truth of the training set images as shown in Figure 3.10, so it is
appropriate to set the Anchor_Ratio parameters in the RPN network to [0.4, 0.6,
0.8, 1.0, 2.0, 3.0].

Table 3.1: Experimental environment parameters

Name Environment parameters
System Linux 4.4.0-130-generic x86_ 64
GPU TeslaV100-SXM2
RAM 16GB
Framework Pytorchl1.3
— ’ [ width-to-Height Ratio

2000

1500 4

1000 A

Figure 3.10: Statistics on the number of ground-truth aspect ratios in the dataset.
The network parameters are adjusted based on the statistics to make the network
more suitable for the dataset.
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Table 3.2: Experimental results of comparing different weighting coefficients in Rep-
CloU loss function.

a B [ mAP%)

03107 81.9
0.4 0.6 81.9
0.51]0.5 82.3
0.6 | 0.4 82.6
0.710.3 82.2

3.3.4 Experimental Results and Analysis

Before the ablation experiments, we perform parametric experiments of the Rep-CloU
loss function. To verify the best performance of the Rep-CloU loss, coefficients o and
B act as the weights to balance the Lejoy and the Lg.,. The parametric experiments
are based on the original Cascade R-CNN algorithm combined with the proposed
Rep-ClIoU loss function to perform comparison experiments with different weighting
coefficients. Table 3.2 shows our results with different settings of o and 5. It can be
concluded from Table 3.2 that different weighting coefficients have different effects on
the algorithm accuracy. Ewmpirically, a=0.6, =0.4 yields the best performance.
Next, to illustrate the impact of our method on detection performance, we set up
an ablation experiment with the original Cascade R-CNN [116] which employs the
FPN and Smooth L1 loss function as the baseline. The evaluation metric is mAP,
and the results of the ablation experiments are shown in Table 3.3. It can be seen
that our proposed Poisson blending combined with the Canny edge operator method,
the Re-BiFPN feature fusion method, and the Rep-ClIoU loss function improved 1.5,
1.6, and 0.8 percent, respectively, which seems the summation 3.9 percent could be
improved theoretically. Table 3.3 also shows the AP for each category in the ablation
experiments. It can be found that the AP of some prohibited items in each ablation
experiment has improved, indicating that our method can effectively improve the

accuracy of prohibited items.

3.3.4.1 Ablation Studies

Comparison of detection accuracy. Our method is the baseline combination with the
Poisson blending method, the Re-BiFPN feature fusion method, and the Rep-CloU
loss function. As can be seen from Table 3.3, the AP has increased in most categories.
The APs of Nailpolish and Firecrackers reach above 90%, and the APs of Lighter,

Pressure, Slingshot, Handcuffs, and Powerbank also reach above 80%. Although the
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Table 3.3: Comparisons of the AP and mAP when adding baseline with the Poisson
blending, Re-BiFPN, and Rep-CloU.

Method Knife Scissors Lighter Zippooil Pressure

Baseline 73.2 75.4 82.2 73.1 7.4
Baseline
w/ Poisson 75.8 74.4 82.4 81.4 88.5
Baseline
w/ Re-BiFPN | 75.8 74.1 84.1 78.7 8.4
Baseline
w/ Rep-CloU | 75.2 TH.2 82.5 72.3 88.4
Ours 78.8 78.4 84.7 78.2 89.4

Table 3.3: Comparisons of the AP and mAP (Continued).

Method  Slingshot Handcuffs Nailpolish Powerbank Firecrackers mAP (%)

Baseline 71.9 87.5 94.9 82.3 90.1 81.8
Baseline
w/ Poisson 75.2 87.6 100 81.9 86.1 83.3
Baseline
w/ Re-BiFPN| 72.3 87.3 100 84.3 89.2 83.4
Baseline
w/ Rep-CloU| 74.0 87.3 96.1 85.5 89.2 82.6
Ours 81.0 87.3 100 87.3 90.9 85.6

AP of Knife, Scissors, and Zippooil does not reach 80%, it is still a good improvement
compared to the baseline. Compared with the baseline, the mAP of our method gets
85.6%, which is an improvement of 3.8%. Slingshot, Knife, Zippooil, and Nailpolish
have the most noticeable improvement, with 9.1%, 5.6%, 5.1%, and 5.1%, respectively.
Our method improves the mAP by 3.8 percent compared to the baseline. Although
the theoretical improvement, 3.9 percent, is not reached, 3.8 percent can be considered
as a reasonable good improvement.

In the comparison between the Baseline and Baseline with Poisson, we note that
the accuracy has improved for all categories that had an increase in sample counts,
except for Firecrackers. As depicted in Figure 3.11, the volume of Firecrackers is
larger than that of other categories, which might be related to its decrease in accuracy.
For the categories Knife, Lighter, and Pressure, where the sample counts remained

unchanged, their performance has also shown improvement. The enhanced accuracy
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Figure 3.11: Histogram of scale distribution for each category. In the subplots, the
horizontal axis represents the pixel area of prohibited items, while the vertical axis
represents the frequency. The headers “max”, “min”, and “mean” respectively in-
dicate the maximum, minimum, and average values of prohibited item pixel areas
within each category. Please note the scales of the horizontal and vertical axes in
each subplot.

for these categories could be attributed to their ample number of samples, and the
improved accuracy in other categories likely reduces the risk of misclassification by
the model.

In the comparison between Baseline and Baseline with Re-BiFPN, referencing
Table 3.3 and Figure 3.11, we note improvements in accuracy for several categories,
including Knife, Lighter, Zippooil, Pressure, Slingshot, Nailpolish, and Powerbank.
However, there was no observed improvement in accuracy for the three other cate-
gories: Handcuffs, Firecrackers, and Scissors. Drawing from the insights provided by
Figure 3.6 and Figure 3.11, the decrease in accuracy for Handcuffs and Firecrackers
could be attributed to their limited sample counts and a broad range of scales. The
efficacy of the Re-BiFPN method might be hindered by this factor, given its need for
a significant volume of data to adeptly learn a variety of multi-scale features. The
decrease in accuracy for Scissors might be due to complex occlusions between the
Scissors and the background and overlapping texture details, as illustrated in Figure
3.1a for Scissors.

Comparison of detection effect. Figure 3.12 shows the detection effect of our
method and the baseline. In the image, the closer the yellow box is to the prohibited
item, the better the algorithm is at locating the prohibited item. Under the condition
that the labels are correct, the scores of the labels are positively correlated with
the classification ability of the algorithm. Combining Table 3.3 and Figure 3.12,
we can find that the baseline (the original Cascade R-CNN) has missed detections

for categories Knife, Lighter, Zippooil, Nailpolish, and Powerbank, and however our
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Figure 3.12: Comparison of detection effect between our method and the baseline.
The first row shows the input images. For clarity, we artificially highlight the pro-

of the baseline. The third row shows the detection effect of our method.

method can detect all these missed prohibited items. Moreover, even for the categories
of Firecrackers, Handcuffs, Pressure, and Scissors that can be detected by the baseline,
our method’s localization and classification effects are better than the baseline.

In the comparative experiments, we benchmarked against SOTA (State-of-the-
Art) methods from various domains. The work by Miao [55] represents the SOTA
method in the field of foreground-background separation techniques. Similarly, the
method proposed in [124] stands as the SOTA method among single-stage approaches,
while Wang’s method [54] is recognized as the SOTA method among two-stage ap-
proaches. Zhang et al’s technique [56] has demonstrated noteworthy performance in
prohibited item detection tasks. Additionally, the method introduced by Mery [45]
is a prominent representative within the domain of machine learning-based meth-
ods. These benchmarks enable us to conduct comprehensive comparative analyses to

showcase the efficacy of our proposed method.

3.3.4.2 Comparison with Other SOTA Approaches in Prohibited Item Detection

Comparison of detection accuracy. As can be seen from Table 3.4, the detection
accuracy of our method is respectively 12.5%, 7.4%, 4.9%, 4.7%, and 4.5% higher than
that of the five control groups. Among the five comparison methods, the accuracy of
the algorithm proposed by Mery et al. [45] based on machine learning is only 73.1%.
In contrast, the detection accuracy of our method in this paper reaches 85.6%.
Comparison of detection effect. Figure 3.13 shows the detection effect of our
method and other comparison algorithms. As shown in Figure 3.13, the method
proposed by Mery et al. [45] shows a severe wrong detection for Lighter. More-
over, Handcuffs, Nailpolish, Scissors, and Slingshot, have missed detection. Although

Pressure and Firecrackers can classify correctly, their prediction boxes do not fully
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Table 3.4: Comparison with other methods on prohibited item dataset.

Method Knife Scissors Lighter Zippooil Pressure

Mery et al. [45] | 65.3 71.8 76.5 61.5 74.8
Zhang et al. [56] | 71.7  66.8 78.5 68.5 83.2
Wang et al. [54] | 69.4  73.5 81.3 72.6 82.5
Wang et al. [124] | 71.7  75.4 78.5 72.6 83.2
Miao et al. [55] | 75.4 73.5 77.9 74.5 85.5

Ours 78.8 78.4 84.7 78.2 89.4

Table 3.4: Comparison with other methods on prohibited item dataset (Continued).

Method Slingshot Handcuffs Nailpolish Powerbank Firecrackers mAP(%)

Mery et al. [45] | 72.4 5.5 80.0 78.6 74.6 73.1
Zhang et al. [56] 77.5 86.5 80.0 83.4 86.3 78.2
Wang et al. [54] 80.5 84.7 95.0 82.5 85.2 80.7
Wang et al. [124]| 78.4 86.5 90.0 87.3 85.2 80.9
Miao et al. [55] 79.6 82.5 95.0 82.5 84.8 81.1
Ours 81.0 87.3 100 87.3 90.9 85.6
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Figure 3.13: Comparison of detection effect between our method and other main-
stream algorithms. The input image is shown in the first row of Figure 3.12. The
first to fifth rows represent the detection effect of the five control groups in Table 3.4.
The last row shows the detection effect of our method.

circle the prohibited items. The method proposed by Zhang et al. [56] also has some

wrong and missed detections for Lighter, Handcuffs, Pressure, and Firecrackers. The
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method proposed by Wang et al. [54] has good detection for Lighter and Scissors.
But Handcuffs and Pressure both have some wrong detection. Knife and Firecrackers
need to be located precisely. The method proposed by Wang et al. [124] is a represen-
tative one-stage target detection algorithm. However, Knife, Lighter, and Pressure
have some detected that need to be corrected. The method proposed by Miao et
al. [55] has better classification accuracy for Lighter, Scissors, Pressure, Zippooil,
and Slingshot. However, it can be seen from the figure that the prediction boxes of
Lighter, Pressure, and Zippooil do not accurately locate the location of the prohibited
items.

The last row shows the detection effect of our method. It performs better for
Lighter, Handcuffs, and Scissors, which are more prone to wrong and missed detection.
In addition, our method is more accurate in locating Pressure, Firecrackers, Zippooil,
and Pressure. In summary, it can be seen from Table 3.4 and Figure 3.13 that our
method has better localization precision and higher classification accuracy in this

work.

3.3.4.3 Comparison with Other SOTA Approaches in Human Detection

To validate the effectiveness of our method in human detection, we conducted exper-
iments on the COCO dataset. Notably, for the COCO dataset, we did not apply the
data handling steps described in Section 3.2.2.

Comparison of detection accuracy. The experimental results on the COCO
dataset are shown in Tables 3.5 and 3.6, which compare our method with other
approaches on the validation and test sets, respectively. The evaluation metrics in-
clude mean Average Precision (mAP) across different IoU thresholds, as well as AP
scores for small, medium, and large objects.

From Table 3.5, it can be observed that our method achieves the highest mAP of
49.3% on the COCO validation set, outperforming all competing methods. Notably,
our approach also achieves the best results across all specific IoU thresholds, including
mAP5, (67.3%) and mAP7; (51.7%), indicating superior detection performance across
varying levels of localization precision. Additionally, our method performs particu-
larly well in detecting small (mAPg = 29.5%), medium (mAP,, = 51.8%), and large
(mAP; = 53.1%) objects, demonstrating strong adaptability across different object
scales.

Similarly, Table 3.6 presents results on the COCO test set, where our method
maintains a leading performance with an overall mAP of 49.5%, again surpassing

other approaches. Compared to the best-performing approach, our model achieves
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a +0.4% improvement in overall mAP, a +1.7% increase in mAPsy, and a +0.1%
increase in mAP7;. The results for small, medium, and large objects further confirm
the robustness of our approach across various object sizes.

The superior performance of our method can be attributed to its enhanced feature
extraction and localization capabilities, which enable more accurate object detection
in complex scenes. The improvements in small-object detection highlight the effec-
tiveness of our model in handling occlusions and low-resolution instances, which are
common challenges in real-world scenarios. Overall, these results demonstrate that
our approach significantly improves detection accuracy while maintaining strong gen-

eralization across different object categories and scales.

Table 3.5: Comparison with other methods on the COCO dataset (validation set).

Method mAP mAPs;; mAP;; mAPg mAP,, mAP,

Mery et al. [45] | 36.3  52.8 40.5 20.5 40.8 43.1
Zhang et al. [56] | 39.5  60.8 49.5 25.5 45.2 47.2
Wang et al. [54] | 454  63.5 48.3 27.6 48.5 50.7
Wang et al. [124] | 48.7 61.4 51.5 27.6 48.2 51.9
Miao et al. [55] 474 65.5 50.9 28.5 49.5 51.1

Ours 49.3 67.3 51.7 29.5 51.8 63.1

Table 3.6: Comparison with other methods on the COCO dataset (test set).

Method mAP mAPs;y mAP;; mAPg mAP,, mAP,

Mery et al. [45] 37.1 53.3 40.3 20.2 40.2 42.8
Zhang et al. [56] | 40.2 61.6 49.1 28,1 44.7 45.5
Wang et al. [54] | 45.8 64.1 48.1 27.3 48.1 48.6
Wang et al. [124] | 49.1 62.0 51.4 27.5 47.9 48.7
Miao et al. [55] 47.8 66.1 50.6 28.2 49.1 48.2

Ours 49.5 67.8 51.5 29.4 51.2 51.1

Comparison of detection effect. To further evaluate the effectiveness of our
method, we compare its human detection results with five other approaches, as shown
in Figure 3.14.

In the first column, where a skier is present in a snowy environment, our method
exhibits superior detection performance for small and distant objects. Several other
methods either fail to detect the person or produce incomplete and inaccurate bound-
ing boxes. In contrast, our approach successfully identifies the person with a well-

localized bounding box, highlighting its robustness in handling small-scale objects.
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Person

Figure 3.14: Comparison of human detection effect between our method and other
approaches. The last row presents the results obtained by our method, while the
upper rows correspond to the methods of Mery et al. [45], Zhang et al. [56], Wang
et al. [54], Wang et al. [124], and Miao et al. [55], respectively.

The second column presents a scenario where two individuals are standing close
together. Some methods struggle to detect both individuals accurately, leading to
either missed detections or bounding boxes that fail to properly separate the two per-
sons. Our method, however, correctly distinguishes both individuals, demonstrating
better localization and spatial awareness in human detection.

The third and fourth columns feature crowded scenes where multiple people are
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present, posing challenges such as occlusion and close proximity between individuals.
Several existing methods either miss detections or produce incorrect bounding boxes
that merge multiple persons into a single detection. Our approach effectively identifies
each person, ensuring that the bounding boxes are correctly placed without significant
overlap errors. This highlights the advantage of our method in handling occluded

individuals and dense environments.
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3.4 Conclusion

In this chapter, we discussed three challenges faced in prohibited item detection within
X-ray security inspection images: (a) the imbalance distribution of categories, (b) di-
versity of prohibited item scales, and (c¢) overlap between items. For (a), we proposed
to leverage the Poisson blending algorithm with the Canny edge operator approach
to increase the diversity and complexity of the samples. For (b), we proposed the
Re-BiFPN feature fusion method, which consists of a CA-ASPP module and a re-
cursive connection. The CA-ASPP module extracts the location information from
the multi-scale feature maps. The recursive connection feeds the multi-scale feature
maps processed by the CA-ASPP module to the bottom-up backbone layer. For (c),
a Rep-CloU loss function is designed to address the overlapping problem in X-ray
images.

In the ablation experiments, our proposed Poisson blending combined with the
Canny edge operator method, the Re-BiFPN feature fusion method, and the Rep-
CIoU loss function improved 1.5, 1.6, and 0.8 percent, respectively. Comparison
experiments show that our method can successfully identify ten kinds of prohibited
items such as Knife, Scissors, etc., and achieved 83.4% of mAP, which is superior to
the baseline (the original Cascade R-CNN) and other mainstream methods.

In addition, we conducted extensive experiments on human detection using the
COCO dataset to verify the effectiveness of our proposed method. The experimental
results demonstrate that our approach significantly outperforms previous methods in
detecting humans under various challenging conditions, such as small-scale objects,
occlusion, and dense crowds. Specifically, our model achieved an mAP of 49.5% on the
COCO test set, surpassing other state-of-the-art methods. The qualitative analysis
further confirms that our model effectively distinguishes individuals in crowded scenes,
correctly localizes small and distant persons, and improves detection precision. These
advantages highlight the superiority of our method in real-world human detection
applications and provide a solid foundation for the human detection step in human

action recognition systems.
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Chapter 4

Skeleton Temporal Fusion Graph
Convolutional Network

In this chapter, we take the most challenging case of elderly action recognition as a
representative example to analyze the problems and challenges in action recognition.
Elderly action recognition is particularly difficult because many elderly individuals
exhibit small movement amplitudes and long action durations. To address these chal-
lenges, we propose a novel Skeleton Temporal Fusion Graph Convolutional Network
(STF-GCN) for skeleton-based action recognition, which effectively models advanced
temporal feature representations. Specifically, the STF-GCN employs three encoding
strategies to integrate two types of temporal feature representations. Additionally,
we introduce a Skeleton Temporal Fusion (STF) module that emphasizes temporal
feature representations by alternating between large and small kernel convolutions,
enabling various effective receptive fields. Finally, we validate the effectiveness of the
proposed method through extensive experiments on both elderly action recognition

and general action recognition tasks, demonstrating its robustness and adaptability.
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4.1 Introduction

Skeleton-based action recognition (SAR) holds significant importance within the field
of human action recognition. The acquisition of precise 3D skeleton data has been
greatly facilitated by sensors, such as Microsoft Kinect [17] and human pose esti-
mation algorithms [73, 125]. Skeleton data offers numerous advantages, including
its concise representation, computational efficiency and robustness against variations
in human appearance [126]. Due to these unique characteristics, SAR has garnered

increased attention among researchers.

(a) Spatial dimension features. (b) Temporal dimension features.

Figure 4.1: Illustration of spatial and temporal dimension features. In (a), the red
dot signifies the joint feature, while the orange vector denotes the bone feature. «
represents the spatial angle feature at frame t. In (b), the blue vector indicates
the temporal motion feature, derived from both the orange vector (indicating the
joint’s displacement between frame t and t+1) and the yellow vector (showing the
bone feature in frame t+1). /3 is the temporal angle feature, formed by the temporal
motion feature and the bone feature at frame t (the purple vector).

Elderly action recognition is a more challenging task than general action recogni-
tion [128] due to the fact that many elderly people move with small amplitude and
long duration of actions, making many otherwise distinctly different actions similar.
Advancements in skeleton-based graph convolutional networks have progressed from
spatial node analysis [34], to adding bone vectors [35], and finally, to integrating
spatial angles for richer spatial relationship insights [104]. However, while previous
methods have made significant advancements in spatial encoding, as illustrated in
Figure 4.1a, they often do not sufficiently account for the critical temporal dimension
details. This oversight becomes particularly significant in the context of elderly ac-
tion recognition, where the small amplitude of movements necessitates a more detailed

and comprehensive understanding of temporal dimension features, such as temporal
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motion and temporal angle (as depicted in Figure 4.1b), to accurately capture the
nuances between different elderly actions. The nuances refer to the subtle distinctions
and fine-grained details between different elderly actions.

For actions of the elderly, which typically have a prolonged duration, the long-
range temporal dependencies are crucial for accurate classification. In many exist-
ing research methodologies [30, 34, 35, 104], due to the fixed temporal kernel sizes
across all layers, there is a tendency to prioritize short-range temporal dependencies,
consequently often overlooking the importance of modeling long-range temporal de-
pendencies within extended frame sequences. This limitation confines these methods
to a narrow temporal scale, potentially failing to fully exploit the characteristics of
the temporal dimension. For instance, in the action sequence “taking off a jacket”
(as depicted in Figure 4.2), the similarity in joint coordinates from one frame to the
next makes the discernment of subtle differences extremely challenging. In contrast,
long-range temporal dependencies, encompassing features of the temporal dimension,
provide a holistic view of the action and play a key role in offering comprehensive

insights.

Figure 4.2: For clarity, we visualized a partial sequence of “taking off a jacket”
We observed a similarity in joint coordinates between adjacent frames. However,
by expanding the temporal receptive field to compare the first and last frames, the
differences become more pronounced.

In this chapter, we propose a Skeleton Temporal Fusion Graph Convolutional
Network (STF-GCN), distinguished by its innovative Temporal Dimension Encoding
(TDE) and five Skeleton Temporal Fusion (STF) modules, each specifically designed
for TDE. By “harnessing time”, we emphasize our model’s strategic focus on captur-
ing and analyzing temporal dynamics essential for action recognition. TDE integrates
temporal motion and angle features into the graph convolutional network, employing
three encoding strategies, general, reinforced and united. These features and strate-
gies enable the model to intricately extract and analyze complex motion patterns
and information from the temporal dimension of skeleton sequences. Consequently,
our model boasts an enhanced ability to discern subtle action differences and ex-

hibits increased sensitivity to motion nuances. Further enhancing the framework,
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each STF module includes an alternating structure of large and small kernel convo-
lutions, aimed at fully exploiting the potential of TDE while expanding the effective
receptive field. This design facilitates the advanced integration of various features
and significantly boosts the model’s capability to perceive complex motion patterns
and handle long-range temporal dependencies, thereby improving action recognition
capabilities.

Our main contributions can be summarized as follows: (1) We propose two tem-
poral dimension features, namely temporal motion and angle features, and three
distinct encoding strategies, all aimed at facilitating a more detailed and comprehen-
sive understanding of skeletal data. (2) We propose a STF-GCN that integrates our
innovative STF module, which emphasize temporal feature representations to signif-
icantly enhance nuanced motion perception and effectively capture spatio-temporal
patterns across a variety of ranges. (3) Evaluation on both elderly action recognition
and general action recognition tasks demonstrates the outstanding performance of

STF-GCN, particularly in distinguishing similar actions.
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4.2 Proposed Skeleton Temporal Fusion Graph Convo-
lutional Network

We first present the overall architecture of our STF-GCN. Next, we introduce and
formulate the proposed TDE. Finally, we provide details about the main components
of STF-GCN.

4.2.1 Overall Architecture

The STF-GCN, our proposed architecture depicted in Figure 4.3, leverages the tem-
poral and spatial dimensions of skeletal data to advance action recognition. Central
to our approach is the detailed representation of the human skeleton across succes-
sive frames, enhancing our understanding of both static postures and dynamic joint
movements. We introduce a dual encoding scheme: the TDE delineates the progres-
sion of actions over time (elaborated in Section 4.2.2), while the Spatial Dimension
Encoding (SDE) assesses the joint configuration within each frame [34, 35, 104]. To-
gether, these encoded dimensions form the input to the architecture’s main processing
stream, illustrated in Figure 4.3 and detailed in Section 4.2.3, which consists of five
STF modules for refining feature representations toward precise action classification.
Finally, the action categories are obtained through a Global Average Pooling (GAP)
layer and a Fully Connected (FC) layer. Our proposed method is applicable for rec-
ognizing actions of elderly individuals, which are characterized by slow execution and

prolonged durations.
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Figure 4.3: The overall architecture of STF-GCN. The TDE, i.e. temporal dimension
encoding, which captures temporal dependencies, is elaborated in Section 4.2.2. The
SDE, i.e. spatial dimension encodig, is dedicated to representing joint [34], bone [33]
and spatial angle [104] features. The intricacies of the main stream, which includes
five STF modules that process these encoded features, are detailed in Section 4.2.3.
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4.2.2 Temporal Dimension Encoding

In this part, we delineate our proposed TDE, which incorporates two temporal di-

mension features and three distinct encoding strategies.

4.2.2.1 Temporal Motion and Angle Features

We define J = (x,y, 2)T as a 3D joint coordinate. In frames ¢ and ¢ + 1, we consider
four joints of, o', p* and p!*!. The proposed temporal dimension features comprise
the following two main components.

Temporal motion feature. The vector Z)Of’OH—I = (Tot+1 — Tot, Yot+1 — Yot , Zot+1 — Zot )
indicates the displacement and direction information from o' to o't!, as depicted
by the orange vector in Figure 4.1b. Similarly, the vector ?Ot+17pt+1 = (Lypr —
Tot+1, Ypt+1 — Yort1, Zpt+1 — Zor+1) Tepresents the bone feature between o™ and p*' in
frame t 4 1, which is represented by the yellow vector in Figure 4.1b. We define the
temporal motion feature of joint o at frame t as M! (depicted as the blue vector in
Figure 4.1b), which is formulated in Eq.4.1. Given that each sequence comprises F

frames, we set the temporal motion feature of the F-th frame to 0.

M=

o

— — .
{ b ot ot+1 + b ot+1 pt+1 ift< F (41)

0 ft=F

Through the temporal motion features, we capture not only the directional move-

t+1 t+1 to pt—&-l.

ment from joint o' to o' but also from o This approach offers a more
comprehensive understanding of the relative motions between joints in the skeletal
sequence, effectively detailing the evolving relationships and dynamic changes among
them.

Temporal angle feature. Similar to the vector 70t+1,pt+1, the vector ?ot,pt (depicted
as the purple vector in Figure 4.1b) represents the bone feature between o' and p' in
frame t. The vector M} = ?Otmt—kl is the aforementioned temporal motion feature.
Let 3 denote the angle between the two vectors, ?Ot,pt and ?ngtﬂ. We define the

temporal angle feature A(o") for joint o' as shown in Eq.4.2.

— —
bt t-b ¢ 141 .
l—cosf=1— =22—=3P ift< F
A(d") = g [ 8ot || ¥ ot pe (4.2)

0 itt=F

As (8 increases from 0 to 7 radians, the feature value consistently and continuously
increases without any decreasing or fluctuating trends. This inherent monotonic

relationship with 8 holds potential advantages for action recognition. By considering
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the continuous and cousistent feature variations with angle £, the model can better
capture the underlying motion patterns and body poses associated with different

actions.

4.2.2.2 Encoding Strategies

Having clarified the two temporal dimension features, we now turn our attention to
the proposed three distinct encoding strategies, specifically designed to harness the

full potential of the temporal dimension features.
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(a) General encoding of hu- (b) Reinforced encoding of (¢) United encoding of hu-
man skeleton. human limbs. man limbs.

Figure 4.4: Temporal dimension features using three distinct encoding strategies.
Red and orange dots represent skeletal joints at frames ¢ and £+ 1, respectively. Blue
vectors symbolize temporal motion features; angles between blue and purple vectors
are temporal angle features. (b) For clarity, features of only the right arm and leg
are depicted. (c) Visualized features between joint No. 10 of the upper body and the
joints of the lower body.

General encoding of human skeleton. As depicted in Figure 4.4a, the general en-
coding of the human skeleton is rooted in the natural connections between skeletal
joints. By analyzing the temporal dimension relationships of each joint across two
distinct frames, this encoding strategy comprehensively captures the subtle temporal
movement and angle variations that spatial dimension features may overlook. Specif-
ically, the temporal angle is formed by the vector (shown as the purple vector) that
connects a joint at frame ¢ to its neighboring joints, and the temporal motion feature
(portrayed as the blue vector) pertinent to that joint.

Reinforced encoding of human limbs. Different actions typically manifest distinct
limb motion patterns and positional variations. Additionally, the positions and move-

ments of human limbs often convey semantic cues related to the performed actions.
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Algorithm 1 Reinforced encoding of human limbs

Require: The limb joints of the human body at frame t, R:, RS, Ry, R} > The right
arm from joint 21 to 22, the left arm from joint 21 to 24, the right leg from joint
21 to 16, and the left leg from joint 21 to 20.

Ensure: Reinforced encoding features

1: for i = 1to 4 do > Iterate through R}, Rh, RS, R!

2 for j =1 to len(R!) -2 do > j controls vector head

X for k = 3 to len(R}) do > k controls vector tail

4 jointl < R;

5 joint2 < R}

6: Joint3 <— Riﬁk > Iterate from the third joint, the features between
the joint No. 21 and the second joint of the limb belong to the general encoding

7: jointd < RI%L,

8: vectorl < GetVector(jointl, joint3)

vector2 < GetMotionVector(jointl, joint2, joint4) > Temporal

motion

10: temporal angle < Get Angle(vectorl, vector2) > Temporal angle

11: end for

12: end for

13: end for

Therefore, we introduce the reinforced limb encoding scheme, designed to capture the
intricate characteristics and semantic nuances inherent in limb motions. As depicted
in Figure 4.4b, we designate joint No. 21 as the root node and select the limb joints
of the human body (shown as red and orange dots) to constitute four joint sequences:
left arm, right arm, left leg and right leg. For a more detailed examination using
two distinct frames as an example, refer to Algorithm 1. Algorithm 1 is suitable for
actions dominated by either the upper limbs or lower limbs.

United encoding of human limbs. Human actions typically involve intricate interac-
tions and coordination among various limbs. Furthermore, the synchronized motions
of these limbs can indicate the consistency and coherence of specific actions. To cap-
ture these inter-limb relationships and enhance the model’s capacity to distinguish
between diverse actions, we introduce the united encoding approach for human limbs.
As depicted in Figure 4.4c¢, considering the shoulder, elbow and wrist joints account
for the primary range of motion in the upper limbs, we select joint No. 21 from
the upper body, accompanied by both elbow and wrist joints, as representative of
the upper body’s movements. Similarly, we choose the joint No. 1, along with both
knee and ankle joints, to represent the lower body’s motions. Subsequently, we apply

united encoding to these selected joint sequences. For a detailed examination using
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Algorithm 2 United encoding of human limbs

Require: The limb joints of the human body at frame t, U}, Ul > Uj represents the
upper body joints, including joints No. 12, No. 10, No. 21, No. 6 and No. 8. U;
represents the lower body joints, including joints No. 19, No. 18, No. 1, No. 14
and No. 15.

Ensure: United encoding features

1: for i =1 to len(Uf) do > i controls upper body list

2: jointl < Uf

3 joint2 + Uit

4: for k = 1 to len(U%) do > j controls lower body list

5: joint3 <— U;j > Iterate from the third joint, the features between the
joint No. 21 and the second joint of the limb belong to the general encoding

6: jointd + USH

7: vectorl « GetVector(jointl, joint3)

8: vector2 < GetMotionVector(jointl, joint2, joint4d) > Temporal motion

9: vector3 < GetVector(joint3, jointl) > The direction is opposite to
vectorl

10: vectord <— GetMotionVector(jointd, joint2, jointl) > The direction is
opposite to vector2

11: temporal anglel < Get Angle(vectorl, vector?2)

1% temporal angle2 < Get Angle(vector3, vector4) > Temporal angle

I&: end for

14: end for

two distinct frames as an example, refer to Algorithm 2. Algorithm 2 is designed for

actions involving coordinated movements of all limbs.

4.2.3 Skeleton Temporal Fusion Module

STF module architecture. As depicted in Figure 4.5, the STF module is meticulously
designed to process input features through a multi-layered architecture. The input,
represented by a tensor of dimensions C'xT'x V', undergoes successive transformations
by the STF module.

The STF module, central to the feature refinement process, starts with a Spatial
Graph Convolution (SGC) [24], which meticulously captures the spatial relationships
between joints within frames, delineating the complex interactions in skeletal struc-
tures. Following the SGC, the module integrates two Temporal Receptive Field (TRF)
blocks, each designed to leverage temporal relationships across multiple frames, fa-
cilitating the analysis of movement evolution over time. Integrated with these TRF
blocks are residual connections that guarantee the retention of crucial information.

As data progresses through the five cascaded STF modules, the evolving feature map
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Figure 4.5: Overview of STF module. C' x T" x V represents the dimensions of the
input features, where C stands for the number of channels, T" for the number of
temporal frames and V' for the number of joints. The principal components of STF
encompass the Spatial Graph Convolution (SGC) [24], the Temporal Receptive Field
(TRF) block. & represents concatenation. & represents pairwise subtraction.
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Figure 4.6: Architectural design of Large Kernel Block. It comprises an Receptive
Field (RF) layer, an SE (Squeeze-and-Excitation) block [127], an FEN (Feed Forward
Network) and BN (Batch Normalization). The only difference between a small kernel
block and a large kernel block is that the former replaces the RF layer with a Conv
3x1. The symbol ® represents element-wise multiplication.

dimensions highlight the module’s multi-scale processing ability, essential for iden-

tifying complex movement patterns over time and discerning subtle differences in

motion.
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TRF block architecture. Within each TRF block, as shown on the right side of Figure
4.5, large kernel and small kernel blocks are arranged in an alternating cascading
sequence. This configuration, supported by empirical evidence, advocates for the
combined use of large and small kernel convolutions. The small kernels excel at
identifying fine-grained and small-scale temporal patterns. Conversely, large kernels
are pivotal for capturing sparse and extensive temporal features, vital for analyzing
time series with significant relational dependencies.

The large kernel block is illustrated in Figure 4.6. The only difference between
a small kernel block and a large kernel block is that the former replaces the RF
layer with a Conv 3x1. Initially, the RF layer applies a convolution operation to
the input data. The sequence of convolutions, starting from Conv 1x1 to Conv 9x1,
with increasing dilation rates from 1 to 9, allows for an expansive temporal analysis,
covering both immediate and extended temporal contexts. The parallel pathways
process the input through Conv 3x1 kernels at varying dilation rates, enabling the
block to assimilate temporal features with different granularities. SE block [127] is
an efficient structure that perform both inter-channel communications and temporal

aggregations to increase the depth.
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4.3 Experiments

To comprehensively evaluate the effectiveness of our proposed method, we conducted
experiments on the ETRI-Activity3D (EA3D) dataset [2], which focuses on elderly
action recognition and presents unique challenges such as small motion amplitudes
and long action durations. To further demonstrate the generalization capability of our
approach, we extended our investigations to the NTU-RGB+D 120 (NTU120) dataset
[128], a widely used benchmark for general action recognition known for its diversity
and representativeness. This dual evaluation allows us to validate the effectiveness of

our method across both elderly and general action recognition tasks.

4.3.1 Datasets

EA3D is currently the largest elderly action recognition dataset collected in real-world
surveillance environments, designed specifically to address the challenges of recogniz-
ing actions performed by elderly individuals. It comprises 112,620 samples collected
from 100 participants using 8 synchronized sensors. The dataset is categorized into 55
action classes, which encompass a wide range of activities such as individual actions
(e.g., walking, sitting down, standing up), human-object interactions (e.g., using a
walker, picking up objects), and multiperson interactions (e.g., helping others, social
greetings). These categories are tailored to capture the nuanced and subtle motions
often observed in elderly populations, making it particularly valuable for research
focused on elderly care and monitoring. To maintain consistency and reproducibility,
we followed the data selection criteria established by Jang et al. [2] for training and
testing.

NTU120 dataset [128] is one of the most widely used large-scale skeleton-based
action recognition datasets, known for its extensive coverage of diverse general ac-
tions. It is an extension of the NTUG60 dataset [129], with 57,367 additional skeleton
sequences, bringing the total to 113,945 samples across 120 action classes. These
actions encompass a wide spectrum of activities, including daily activities (e.g., eat-
ing, drinking), mutual actions (e.g., shaking hands, hugging), health-related actions
(e.g., sneezing, falling down), and interaction with objects (e.g., reading, writing).
The dataset is captured from 106 subjects and 32 different camera setups. To pro-
vide a comprehensive evaluation, NTU120 introduces two standard benchmarks: the
Cross-Subject (X-sub120) and Cross-Setup (X-set120) settings. In the Cross-Subject

benchmark, the 106 subjects are divided into training and evaluation sets, with 63,026
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samples used for training and 50,922 samples for evaluation. This partitioning en-
sures that actions performed by different individuals are represented in both sets.
In the Cross-Setup benchmark, videos recorded from 16 different camera setups are
divided into 54,471 training samples and 59,477 evaluation samples. This configura-
tion is designed to evaluate the model’s robustness to variations in viewpoints and

environmental settings.

4.3.2 Evaluation Metric

To evaluate the performance of our action recognition model, we adopt Accuracy
(Acc) as the evaluation metric, which is widely used in action recognition tasks. Acc
Eq.4.3 measures the proportion of samples for which the model’s highest confidence
prediction matches the ground truth label.

Number of Correct Predictions

) B 4.3
ccuracy Total Number of Samples ( )

4.3.3 Implementation Details

We use SGD optimization with 0.1 as the base learning rate and a weight decay of
0.0005. All the models are trained on two GeForce RTX 3090 with a batch size of
200, using ReduceLROnPlateau to update the learning rate. For the datasets under
consideration, the EA3D and NTU120, the number of epochs were configured to
100 and 200, respectively. Following the data preprocessing protocol established by
[105, 22], we set the value of F'in Eq.4.1 and Eq.4.2 to 64, a setting that is applicable

for both elderly and general actions.

4.3.4 Experimental Results and Analysis
4.3.4.1 Ablation Studies

As detailed in Section 3.2, we proposed two temporal dimension features, temporal
motion feature (denoted as Mot) and temporal angle feature (denoted as Ang), and
three distinct encoding strategies, general encoding, reinforced encoding and united
encoding. We employ the suffixes -A, -B and -C to denote these three encoding
strategies, respectively. For instance, Mot-A signifies the temporal motion feature
using general encoding, whereas Mot Ang-B denotes the combination of both temporal
motion and angle features via the reinforced encoding strategy. We systematically

evaluate the contributions of proposed TDE by initially removing this component
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Table 4.1: Ablation study of temporal motion feature on EA3D.

STF-GCN Acc. (%)

w/o TDE 92.0 (-)

+ Mot-A 92.1 (10.1)

+ Mot-B 91.9 (10.1)

+ Mot-C 91.8 (10.2)
+ Mot-A + Mot-B 92.2 (10.2)

+ Mot-B + Mot-C 92.1 (10.1)

+ Mot-A + Mot-C 92.1 (10.1)
+ Mot-A + Mot-B + Mot-C | 92.2 (10.2)

from our STF-GCN model, followed by the gradual reintroduction of various temporal
dimension features and encoding strategies to assess their individual impacts.

Effect of temporal motion feature. We initially evaluated the efficacy of our pro-
posed temporal motion feature using various encoding strategies, with the results
presented in Table 4.1. While employing either -B or -C independently led to a de-
cline in accuracy, a remarkable improvement was observed when the two were com-
bined. This suggests that the synergy between -B and -C captures a richer and more
comprehensive representation of the temporal motion feature. Notably, the model
that incorporated all three encoding strategies (-A, -B and -C) achieved the highest
performance.

Effect of temporal angle feature. Similarly, we assessed the effectiveness of our
proposed temporal angle feature using various encoding strategies, as shown in Table
4.2. From a performance enhancement standpoint, the temporal angle feature offers
richer and more comprehensive action recognition information than the temporal
motion feature, leading to a more significant improvement in accuracy. Furthermore,
both the model that incorporated all three encoding strategies and the one that
combined -B and -C achieved optimal performance.

Synergistic effect of temporal features. To verify the efficacy of the two temporal
dimension features under various encoding strategies, we conducted the experiments
outlined in Table 4.3. Similar to results from separate experimental contexts, models
employing a single encoding strategy displayed slightly inferior performance compared
to those integrating two encoding strategies. Furthermore, incorporating all three
encoding strategies provided a modest performance increase over models using just

two, achieving an accuracy of 92.9%.
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Table 4.2: Ablation study of temporal angle feature on EA3D.

STF-GCN Ace. (%)

w/o TDE 92.0 (-)

+ Ang-A 92.3 (10.3)

+ Ang B 92.2 (10.2)

+ Ang-C 92.1 (10.1)

+ Ang-A + Ang-B 92.4 (10.4)

+ Ang-B + Ang-C 92.5 (10.5)

+ Ang-A + Ang-C 92.1 (10.1)

+ Ang-A + Ang-B + Ang-C | 92.5 (10.5)

Table 4.3: Ablation study of temporal motion and angle features on EA3D.

STF-GCN Ace. (%)

w/o TDE 92.0 (-)

+ MotAng-A 92.5 (10.5)

+ MotAng-B 92.3 (10.3)

+ MotAng-C 92.0 (10.0)

+ MotAng-A + MotAng-B 92.7 (10.7)

+ MotAng-B + MotAng-C 92.7 (10.7)

+ MotAng-A + MotAng-C 92.2 (10.2)

+ MotAng-A + MotAng-B + MotAng-C | 92.9 (10.9)

Subsequently, we systematically evaluate the effect of each commponent within the
proposed STF-GCN.
Effect of TRF block design. Table 4.4 consolidates the results of different TRF block
designs, which involved a variety of stacking sequences of large kernel blocks and
small kernel blocks, to scrutinize their collective impact on model performance. Our
model’s design adheres to empirically proven evidence and the guidelines elucidated
in [130, 131]. The experimental outcomes indicate that the L-S-L-S configuration
surpasses other variations, achieving the highest accuracy on EA3D dataset. This
optimal sequence underscores the effectiveness of alternating expansive receptive fields
of large kernel blocks with the fine-grained sensitivity of small kernel blocks.
Effect of different kernel sizes and dilated rates. We systematically altered the
kernel sizes and dilation rates, adopting configurations ranging from smaller sets (1,

3, 5) to more expansive combinations (1, 3, 5, 7, 9, 11), in pursuit of optimizing the
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Table 4.4: Performance comparison of different TRF block designs on EA3D. L:
Large kernel block; S: Small kernel block.

Model Params. Acc. (%)

L 1.9"™™ 91.6

S 2.02M 91.0
S-L 2.34M 91.8
L-S 2.34M 92.2
L-S-S 2.71M 92.4
L-S-S-S 3.08M 92.4
L-L-S 2.66M 92.5

L-S-L-S 3.03M 92.9
L-S-S-L-S-S  3.77M 92.7
L-L-L-L 2.93M 81,2
S-5-S-S 3.13M 92.3

Table 4.5: Performance comparison of RF layer with different kernel sizes and
dilated rates on EA3D.

Kernel Rate Params. Acc. (%)
13,5 1,3,5 310M 924
13,57 1357  307M 926

1,3,579  1,3579  3.03M 92.9
1,3,5,7911 1357911 3.00M 92.5
57333 12345  3.05M 92.1

model’s receptive field. Table 4.5 reveals that our configuration with kernel sizes and
dilation rates of 1, 3, 5, 7 and 9 outperformed not only the various configurations we
tested but also surpassed the default setting in [130], which utilized a sequence of 5,
7, 3, 3, 3. The superior performance of our optimal kernel configuration underscores
the significance of fine-tuning the receptive field to match the temporal complexity
inherent in the skeletal movements.

Effect of the number of TRF blocks. We explore the impact of the number of
TRF blocks. As presented in Table 4.6, the model equipped with two TRF blocks
exhibits the best performance. When the number of TRF blocks increases beyond
this configuration, a decline in performance is observed. This degradation may be
attributed to the additional TRF blocks extracting irrelevant information, thereby

introducing redundancy in the capture of temporal dependencies.
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Table 4.6: Performance comparison of the number of TRF blocks on EA3D.

TRF Params. Acc. (%)

1 2.34M 92.0
2 3.03M 92.9
3 3.72M 92.5

Table 4.7: Performance comparison of the number of STF modules on EA3D.

STF Params. Acc. (%)

1.91M 91.5
3.03M 92.9
4.14M 92.6

~ ot W

Effect of the number of STF stacks. Our STF-GCN is constructed by stacking several
STF modules to enhance its ability to capture complex movement patterns over time
and to discern subtle differences in motion. In this evaluation, we investigate the effect
of varying the number of STF modules on STF-GCN'’s performance. As demonstrated
in Table 4.7, an architecture with five stacked STF modules achieves the best results
on EA3D dataset. Increasing the number of STF modules beyond this point leads to

a degradation in accuracy, likely due to an overfitting issue.

4.3.4.2 Comparison with Other SOTA Approaches in Elderly Action Recognition

Building upon our STF-GCN, we developed two additional models named -hand and
-leg, each designed to target specific skeletal regions. The STF-GCN model analyzes
all 25 skeletal joints. In contrast, the -hand and -leg models utilize only the 13 hand
joints and 9 leg joints, respectively, as inputs. The -ens model represents an en-
semble of these three models. The ensemble method combines the predictions from
the -hand, -leg, and STF-GCN models to leverage their complementary strengths,
thereby enhancing the overall accuracy and robustness of action recognition. No-
tably, both the -hand and -leg models employ three STF modules and exclude the
use of reinforced and united encoding. To ensure a fair comparison, we adopt meth-
ods specifically designed for elderly action recognition in Table 4.8, while Table 4.9
presents methods tailored for general action recognition. This distinction is necessary
due to the unique challenges associated with each task, ensuring that the evaluation
remains both meaningful and equitable.

The experimental results, presented in Table 4.8, demonstrate that both the
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Table 4.8: Performance comparison on EA3D.

Category Methods EA3D (%)
RNN IndRNN [132] 79.3
Beyond Joint [133] 79.1
HCN [96] 88.0
CNN DBL [134] 88.4
FSA-CNN [2] 90.6
ST-GCN [34] 86.8

GCN | Motif ST-GCN [135]  89.9
]

ESE-FN [105 88.6

STF-GCN 92.9

Ours STF-GCN-hand 91.5
STF-GCN-leg 67.7
STF-GCN-ens 93.8

STF-GCN and -hand models outperform other skeleton-based methods in elderly ac-
tion recognition, with the -ens model achieving state-of-the-art (SOTA) performance.
Specifically, our STF-GCN and -hand models surpass the current SOTA, FSA-CNN,
by 2.3% and 0.9% respectively, while our -ens model exceeds it by 3.2%. These
achievements are attributed to our innovative TDE and STF modules. The STF-
GCN-ens model significantly outperforms both RNN- and CNN-based approaches
and also surpasses other GCN-based methods, thereby establishing a new benchmark
in the field.

4.3.4.3 Comparison with Other SOTA Approaches in General Action Recognition

To evaluate the generalization of the proposed STF-GCN, we also conducted compar-
ative experiments on NTU120 dataset, which are aimed at general action recognition
tasks, comparing the proposed STF-GCN against other advanced methods. As shown
in Table 4.9, the STF-GCN-ens model achieves SOTA performance on the X-sub120.
Although it does not achieve the optimal performance on the X-set120, it trails the
best result by only 0.2%.

Our method has achieved the best performance in elderly action recognition, ben-
efiting from our focus on the subtle and prolonged movements characteristic of this
demographic. However, there is room for improvement in general action recognition,
which involves a broader range of dynamic movements. This discrepancy indicates

that our method’s performance is dependent on specific dataset characteristics.
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Table 4.9: Performance comparison on NTU120.

Methods X-sub120 (%) X-set120 (%)
25-GCA [136] 73.0 73.3
LSTM-IRN [137] 7.7 79.6
ST-GCN [34] 70.7 73.2
AS-GCN [138] 77.9 78.5
25-AGCN [35] 82.9 84.9
FTF-GCN [104] 83.2 83.7
Efficient GCN-B4 [25] 88.3 89.1
STF [139] 88.9 89.9
HD-GCN(2-ens) [22] 89.1 90.6
IGFormer [140] 85.4 86.5
FG-STForm [141] 89.0 90.6
STF-GCN 87.2 89.0
STF-GCN-hand 85.6 87.5
STF-GCN-leg 49.8 50.5
STF-GCN-ens 89.5 90.4
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(b) The action sequence of “blow drying hair”.

Figure 4.7: Visual examples of similar elderly actions, “brushing hair” vs “blow drying
hair”. The actions “brushing hair” and “blow drying hair” share common character-
istics, as both involve interactions between the hands and the head.
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Table 4.10: Performance comparison of elderly actions with similar patterns on EA3D
dataset. The “Action” column represents ground truth labels, while the “Similar
action” column indicates actions with similar motion trajectories.

Action W/S(;f?DGEC?;é) STF-GCN (%) Similar Action
brushing hair 97.85 98.61 (10.76) blow drying hair
blow drying hair 80.84 88.86 (18.02) brushing hair
wiping face with a towel 85.85 89.62 (13.77) blow drying hair
‘washing a towel by hands|  53.32  57.69 (14.37) | washing hands
washing hands 72.35 75.19 (12.84) | washing a towel by hands
washing the dishes 80.49 88.07 (17.58) | washing a towel by hands
_____ brushing teecth | 8579  89.47 (13.68) | smoking
smoking 88.01 92.07 (14.06) brushing teeth
 putting on a jacket | 99.87 99.87 (10) | taking off a jacket
taking off a jacket 98.86 99.62 (10.76) putting on a jacket
~ talking on the phone | 7830  84.55 (16.25) | rubbing face with hands
rubbing face with hands 89.67 90.04 (10.37) talking on the phone
 drinking water | ! 90.01 9330 (13.29) | taking medicine
taking medicine 91.42 93.06 (11.64) drinking water

(a) Confusion matrix of STF-GCN without TDE.  (b) Confusion matrix of STF-GCN.

Figure 4.8: The confusion matriexs obtained by STF-GCN without TDE and STF-
GCN on the EA3D dataset. The horizontal axis represents the predicted labels, while
the vertical axis represents the true labels.
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4.3.5 Results Analysis for Similar Actions

This part highlights the capability of our model to discern actions that are typically
considered closely similar patterns. For example, Figure 4.7 illustrates one group of
the typical actions, i.e., “brushing hair” vs “blow drying hair”, in which the skeletal
motion trajectories and amplitude are remarkably similar. This similarity challenges
the model without TDE, yet, by incorporating the TDE, our model significantly im-
proves discrimination between these actions. The results presented in Table 4.10 and
the confusion matrix depicted in Figure 4.8 further validate the superior performance
of our model in achieving more accurate recognition of elderly actions.

The ability to distinguish between highly similar actions is crucial in real-world
applications, especially when only skeleton-based data is available. Accurately rec-
ognizing subtle differences not only reduces misclassification but also improves the
system’s reliability in critical scenarios such as elderly care, where distinguishing be-
tween intentional and unintentional behaviors is essential for timely intervention and

appropriate response.
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4.4 Conclusion

In this chapter, we proposed a Skeleton Temporal Fusion Graph Convolutional Net-
work (STF-GCN) to address two key challenges in skeleton-based action recognition,
which are small amplitude and long duration of actions typical among elderly in-
dividuals. The framework of the STF-GCN can be summarized through two main
insights. First, we proposed a temporal dimension encoding that encompasses two
types of temporal features and three encoding strategies. This approach enabled
comprehensive extraction and analysis of subtle motion patterns from the temporal
dimension of skeletal sequences. Second, we proposed a Skeleton Temporal Fusion
(STF) module to highlight temporal feature representations. This module employed
an alternating structure of large and small kernel convolutions to enhance the per-
ception of subtle movements and effectively capture temporal patterns across various
scales.

To validate the effectiveness of the proposed method, we conducted extensive
experiments on both elderly action recognition and general action recognition bench-
marks. Experimental results demonstrated that STF-GCN achieved 93.8% accuracy
on the ETRI-Activity3D dataset for elderly action recognition, surpassing other com-
petitive methods. Furthermore, on the NTU-RGB+D 120 dataset for general ac-
tion recognition, our model achieved 89.5% accuracy on the cross-subject (X-sub120)
benchmark and 90.4% accuracy on the cross-setup (X-set120) benchmark. These
results highlight the strong generalization capability of STF-GCN across different
action recognition scenarios, proving its robustness and effectiveness in both elderly
and general action recognition tasks. Additionally, we analyzed the model’s ability to
distinguish between highly similar actions, which is particularly important in elderly

action recognition due to the subtle nature of movements.
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Chapter 5

Depth Camera-based Human Action
Recognition System

This chapter builds upon the object detection algorithm from Chapter 3 and the ac-
tion classification algorithm from Chapter 4 to develop a depth camera-based action
recognition system. Furthermore, it explores the innovative applications of this sys-
tem in two key domains: elderly care and smart education. In the field of elderly
care, the system focuses on detecting and analyzing falls, which is crucial for enhanc-
ing safety measures and supporting independent living among elderly individuals. In
the domain of smart education, our depth camera-based model is specifically designed
for real-time recognition of students’ hand-raising actions, providing valuable insights
into classroom engagement and enabling educators to adjust their teaching strategies

accordingly.
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5.1 Introduction

Human action recognition is a challenging and engaging research task within computer
vision. It has a wide range of applications including video understanding, smart
surveillance, robotics, industrial automation, healthcare, and education [2, 3, 142].
In recent years, many researchers have dedicated efforts to recognizing and analyzing
human actions from RGB videos [18, 19]. However, methods based on RGB often
fail to achieve satisfactory results in practical applications due to their inability to
robustly handle environmental noise such as changes in viewpoint, lighting conditions,
background colors, and clothing [20, 21].

The rapid advancement of depth camera technology has opened up new possi-
bilities for action recognition. Depth cameras, such as Azure Kinect DK [85], uti-
lize Time-of-Flight (ToF) technology to capture depth information, enhancing the
understanding of complex environments and interactions [22]. Unlike RGB-based,
methods that leverage three-dimensional coordinates of human joints extracted from
depth cameras are inherently robust to variations in lighting, viewpoint, background,
and clothing. This robustness primarily stems from the sensing modality rather than
the model architecture itself [23, 24]. Despite these advantages, technologies based
on depth cameras, object detection, and GCNs have not yet been fully developed or
widely applied in specific practical domains, such as elderly care and smart education.

In elderly care, medical surveys have shown that falls are a leading cause of both
fatal and non-fatal injuries among the elderly [143]. The incidence of falls among
the elderly ranges from 32% to 42%, and timely medical intervention after a fall can
reduce the risk of death by 80% [144, 145]. Therefore, accurately and effectively mon-
itoring elderly falls is of great importance. However, due to the sudden nature of falls
and the rapidity of the falling process, traditional monitoring methods often fail to
capture the entire event in real-time. This necessitates the adoption of more advanced
technological means, such as depth cameras, which can precisely capture the entire
process of a fall and provide detailed three-dimensional spatial information, thereby
laying a solid foundation for the accurate identification of falls. Furthermore, by
utilizing GCNs to analyze these complex three-dimensional data, we can extract key
features from structured spatial relationships and the continuous temporal dimension,
achieving more accurate recognition and analysis.

In smart education, recognizing students” hand-raising behavior plays a crucial role
as it helps analyze classroom engagement to assess teaching processes and optimize

educational strategies [146]. Traditionally, many studies have used two-dimensional
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caweras, i.e., RGB videos, to record and analyze student behavior to evaluate teach-
ing quality and student attitudes [147]. However, this method inherently lacks depth
information of the targeted objects and cannot robustly handle environmental noise.
Depth camera technology, which provides richer three-dimensional spatial informa-
tion, has the potential to significantly enhance the accuracy and reliability of student
action recognition, vet its application in smart education is still in an exploratory
stage. Depth cameras, combined with the analytical power of GCNs, offer a promising
avenue for capturing and understanding complex student behaviors through enhanced

three-dimensional data analysis.

SN S P R g

(a) Elderly care. (b) Smart education.

Figure 5.1: Applications of depth cameras in real-world scenarios. (a) Application
of depth cameras in elderly care, focusing on the recognition and analysis of falling
actions. (b) Application of depth cameras in smart education, concentrating on de-
tecting students’ hand-raising actions.

This chapter presents an action recognition system built using depth cameras,
object detection, and GCNs, with a focus on two key application scenarios: elderly
care and smart education, as illustrated in Figure 5.1. We introduce a methodology
that integrates these technologies to develop a depth camera-based action recognition
system designed for real-time motion recognition. Our approach involves deploying
depth cameras in real-world environments to capture video and skeleton data, which
are then processed using the object detection algorithm from Chapter 3 and the action
classification algorithm from Chapter 4 for human detection and action classification.
To facilitate real-time applications, we convert the trained model into the ONNX
format, significantly enhancing its portability and deployment efficiency on depth
cameras. Extensive experiments were conducted on fall detection in elderly care and
hand-raising detection in educational settings. In elderly care, the system can en-
able timely emergency alerts by detecting falls or abnormal behaviors, potentially
reducing response time and improving patient safety. In educational settings, au-
tomated recognition of student gestures such as hand-raising can support classroom

engagement analytics, assistive teaching, and adaptive learning environments.
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5.2 Proposed Depth Camera-based Human Action Recog-
nition System

In this section, we present a human action recognition system based on depth camera.
The system aims to accurately recognize human actions by integrating depth sensing
technology, object detection (Chapter 3), and action classification (Chapter 4). While
the proposed system is applied to both elderly care and smart education scenarios,
the nature of the actions involved in these two domains differs significantly. In elderly
care, the target actions, such as falling, are typically unintentional and demand rapid
recognition due to their potential medical urgency. In contrast, in smart education,
the system focuses on identifying intentional gestures such as hand-raising, which

serve as indicators of cognitive participation and classroom interaction.

5.2.1 System Architecture

The proposed depth camera-based human action recognition system integrates RGB

and depth sensors to effectively capture human motion and classify actions in real
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Figure 5.2: Architecture of the depth camera-based human action recognition system.
The system leverages an depth camera to capture both RGB and depth data. The
RGB data undergoes object detection to identify human subjects and extract coordi-
nate data. Meanwhile, the depth sensor retrieves skeleton data, which is preprocessed
before being passed to the STF-GCN model for action classification. The final output
is the recognized action result.
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time. The system follows a well-defined pipeline comprising three primary stages:
human detection, skeleton extraction, and action classification, as illustrated in Figure
5.2.

The human detection stage aims to detect human subjects in an environment using
RGB data captured by the RGB sensor of the depth camera. The system applies our
proposed cascade network (see Chapter 3 for details), which leverages multi-stage
refinement to enhance detection accuracy. The detected bounding box coordinates
are then extracted, providing crucial positional data for subsequent processing. This
step ensures that only relevant human motion is analyzed in later stages.

In the skeleton extraction stage, a depth sensor embedded in the depth camera
is used to capture skeleton data corresponding to the detected human figures. The
extracted depth-based skeletal representation transforms raw depth images into struc-
tured skeletal data, allowing precise tracking of human joint movements. This stage
enables a more detailed and spatially accurate analysis of human actions, bridging
the gap between visual input and structured motion modeling.

The final action classification stage processes the extracted skeletal data for ac-
tion recognition. First, the skeleton data preprocessing module refines and normalizes
the skeletal representations to ensure consistency. The preprocessed data is then fed
into our Skeleton Temporal Fusion Graph Convolutional Network (STF-GCN) (see
Chapter 4 for details). STF-GCN is designed to capture both spatial and temporal
dependencies in skeletal motion, enabling robust recognition of various actions. It
incorporates a temporal encoding mechanism and a spatial-temporal fusion module,
enhancing the system’s ability to capture fine-grained motion patterns and recog-
nize both short-term and long-duration actions with high accuracy. The final action

recognition results serve as the system’s output.

5.2.2 Skeleton Data Preprocessing

This system utilizes the Femto Bolt depth camera. Figure 5.3 demonstrates visual
examples of the depth camera’s RGB field of view (Figure 5.3a) and infrared intensity
visualization (Figure 5.3b) from a distance of 1.5 meters from the front. It is evident
that the RGB field of view does not contain spatial information about the scene, such
as the distance of objects. In contrast, Figure 5.3b represents the intensity of infrared
reflection captured by the depth camera, where the grayscale variations indicate the
strength of the reflected infrared signal. Depth information is stored as pixel-wise

attributes in the depth data. And then, using the API provided by Azure Kinect
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Table 5.1: Joints mapping from Kinect DK output to GCN input.

Joint Name Kinect DK Joint Number GCN Input Joint Number

Pelvis 0 1
Spine Nanal 1 2
Neck 3 3
Head 26 4
Shoulder Left 5 5
Elbow Left 6 6
Wrist Left 7 7
Hand Left 8 8
Shoulder Right 12 9
Elbow Right 13 10
Wrist Right 14 11
Hand Right 15 12
Hip Left 18 13
Knee Left 19 14
Ankle Left 20 15
Foot Left 21 16
Hip Right 22 17
Knee Right 23 18
Ankle Right 24 19
Foot Right 25 20
Spine Chest 2 21
Handtip Left 9 22
Thumb Left 10 23
Handtip Right 16 24
Thumb Right 17 2b

(a) RGB field of view. (b) Infrared intensity visualization.

Figure 5.3: Visualization of depth camera views.
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(a) Azure Kinect DK format. (b) Input format for GCNs.

Figure 5.4: Comparison of depth camera-derived human skeletal outputs and GCNs
input formats.

Algorithm 3 Convert Kinect skeletons to GCN skeletons

Require: Input: Kinect Skeletons // A one-dimensional vector composed of 32
joints captured by the depth camera.
Ensure: Output: GCN_ Skeletons // A one-dimensional vector composed of 25
GCN joints.
kinectToGCN Map + [0,1,3,26,5,6,7,8,12,13, 14,15, 18,
19, 20,21, 22,23,24,25,2,9,10, 16, 17]
Initialize GC'N__Skeletons as an empty vector of floats.
Initialize genJointsTemp as an array of floats of size JointCount x 3. > Each
joint is represented by (x, v, z)

5: for each person in Person_Count do

6: for each skeletonPair in Kinect Skeletons do

7: for genindex from 0 to Joint_ Count — 1 do

8: kinectIndex < kinectToGC N Map|genIndex]

9: genJointsTemplgenIndex x 3 + 0] <

10: skeleton Pair.person.joints|kinectIndex).position.zyz.x
11: genJointsTemplgenIndex x 3 + 1] <

12: skeleton Pair.person.joints|kinectIndex].position.xyz.y
13: genJointsTemplgenIndex x 3 + 2] <

14: skeleton Pair.person.joints|kinectIndex].position.xyz.z
152 end for

16: Append genJointsTemp to GCN__Skeletons

17 end for

18: end for

Body Tracking SDK [148], we can capture 32 human body joints (marked in yellow
in Figure 5.3b). Figure 5.4a displays the specific meanings of these 32 joints.
According to preprocessing protocols established by prior research [22, 105, 24],

which have been proven effective and widely adopted, the input joint count for GCNs
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Algorithm 4 Transform a one-dimensional vector to a five-dimensional tensor

Require: Input: GCN_Skeletons
Ensure: Output: GCN_Tensor /] A five-dimensional tensor
1: Initialize rearranged_ data as a vector of floats with size
Batchsize x Channels x Frame_Count x Joint__Count x Person_ Count
2: Initialize index <+ 0
3: for channel from 0 to Channels — 1 do
4: for frame from 0 to Frame_Count — 1 do

5: for joint from 0 to Joint__Count — 1 do
6: for person from 0 to Person_Count — 1 do
T Compute original__index as:
original__index < frame x Joint__Count x Person_ Count x Channels+
joint x Channels + person x Channels x Joint__Count + channel
Set rearranged__datal[index] +— GCN__Skeletons|original__index]
9: Increment index
10: end for
11: end for
12: end for
13: end for

14: Convert rearranged_ data to GCN_Tensor using torch: :from_blob function

is set at 25, as shown in Figure 5.4b. Siuce the number and sequence of the 32 joints
captured by the depth camera do not align with the input format required by the
GCNes, it is necessary to map these captured joints to the 25 joints required by the
GCN. This mapping is detailed in Table 5.1, which provides a comprehensive cross-
reference of each joint from the depth camera output to its corresponding joint in the
GCN input.

Based on the mapping relationships outlined in Table 5.1, we first use Algorithm 3
to convert the one-dimensional vector of 32 joints captured by the depth camera into a
one-dimensional vector containing 25 GCN joints. The input format for the GCN is a
five-dimensional tensor, i.e. [Batchsize, Channels, Frame_ Count, Joint_ Count, Per-
son__Count|. Subsequently, we employ Algorithm 4 to transform the one-dimensional
vector of 25 joints into a five-dimensional tensor suitable for GCN input.

After successfully constructing the five-dimensional tensor, we can then use our
proposed STF-GCN to perform model training and inference on the action data cap-

tured by the depth camera.
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5.3 Experiments

Our experiments focus on fall detection in elderly care and hand-raising detection in
smart education. Initially, we train our proposed STF-GCN using publicly available
datasets [2, 129] and use it as a pre-trained model. Subsequently, we utilize transfer
learning to fine-tune our model on fall and hand-raising data collected by the depth
camera. Finally, the trained model is converted into an ONNX format, which can be

deployed on depth cameras for testing and evaluation.

5.3.1 Datasets

ETRIActivity3D (EA3D) [2] is currently the largest elderly action recognition dataset
collected in real-world monitoring environments, comprising 112,620 samples of 50
elderly individuals and 50 young adults performing actious across 8 synchronized
sensors. The elderly participants range in age from 64 to 88 years, while the young
adults are around 20 years old. All videos are categorized into 55 types of actions.

NTU-RGB+D 60 (NTU 60) [129] is a large-scale laboratory indoor dataset pro-
vided by [15], comprising 60 action categories. The authors of the dataset recommend
two benchmarks: (1) Cross-Subject (X-sub), which includes 40,320 training samples
and 16,560 evaluation samples, dividing 40 subjects into two groups. (2) Cross-View
(X-view) uses videos captured by cameras 2 and 3 as training samples (37,920 videos)
and videos captured by camera 1 as evaluation samples (18,960 videos).

We collected fall and hand-raising data by recording videos, each lasting one
minute. Following the data preprocessing protocols established in [24, 105], we set
the Frame Count in Algorithms 3 and 4 to 64, a setting that is suitable for both
falling and hand-raising actions. We created 88 samples from one-minute videos
using a stride of 20 frames. To increase the quantity and diversity of samples, we
also produced 58 samples from one-minute videos using a stride of 30 frames. Thus,
a single one-minute video could generate 146 samples. We collected a total of 6,000
samples using the depth camera, with 3,000 samples for each type of action to fine-
tune the STF-GCN model. Of these, 2,500 samples were used as the training set and
500 samples as the test set.

5.3.2 Evaluation Metrics

We evaluate the performance of our system using several key metrics: FPR (False
Positive Rate), FNR (False Negative Rate), Acc (Accuracy), PT (Preprocessing
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Time) and IT (Inference Time). These metrics collectively assist in assessing the
effectiveness, efficiency and operational speed of our system.

FPR is defined as the proportion of negative cases that were incorrectly classified
as positive. It represents the probability of falsely identifying a negative instance as
positive and is calculated using the Eq 5.1. FFNR is the proportion of positive cases
that were incorrectly classified as negative. It measures the probability of failing to
identify a positive instance and is calculated as Eq 5.2. Acc measures the proportion
of true results (both true positives and true negatives) among the total number of
cases examined. It provides an overall effectiveness of the model and is expressed as
Eq 5.3. PT and IT specifically measure the time our system takes during the data

preprocessing and model inference phases, respectively, highlighting the operational

efficiency.
FPR = FPF+7PTN (5.1)
FNR = FNF*iVTP (5.2)
Ace = TP+§}];1§£+ FN (5:3)

5.3.3 Implementation Details

For the depth camera settings, Figure 5.5 illustrates the specific setup details during
the data collection process. Specifically, the RGB camera was set to 1080p mode
with a frame rate of 30. In depth mode, we used the NFOV Unbinned (640x576)
mode, also at a frame rate of 30. The distance between the camera and the subject
ranged from 1.5 to 2.5 meters, which aligns with the optimal operating conditions of
the depth camera. And the camera was positioned 70 cm above the ground.

For the training phase, programming was conducted in Python on Ubuntu 22.04.
We use SGD optimization with 0.1 as the base learning rate and a weight decay
of 0.0005. All the models are trained on two GeForce RTX 3090 with a batch size
of 200, using ReduceLROnPlateau to update the learning rate. For fall detection,
we initially pre-trained using the EA3D dataset, setting epochs to 100, and then
fine-tuned the model with datasets collected by the depth camera. Similarly, for
hand-raising recognition, we pre-trained using the NT'U 60 dataset with epochs set

at 100, followed by fine-tuning with datasets collected by the depth camera. The
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(a) Field of view of depth and RGB. (b) Field of view from 1.5m front.

Figure 5.5: Field of view for depth and RGB cameras (the perspective seen by the
sensors) and field of view at a distance of 1.5 meters from the front.

fine-tuned model is in PyTorch format. Finally, we convert the PyTorch model into
an ONNX format model that can be deployed on a depth camera.

For the inference phase, programming was conducted in C++ using Microsoft
Visual Studio Community 2019. The computer used for this purpose was equipped
with a 12th Gen Intel(R) Core (TM) i9-12900 and 32GB of RAM. The depth camera
employed was the Femto Bolt, which is a collaborative production by Microsoft and

Orbbec.

5.3.4 Results and Analysis of Fall Detection

Our proposed system first employs a cascade network-based object detection model
to accurately locate individuals. Once detected, a depth camera extracts skeleton
keypoints, which are then processed through a data preprocessing pipeline. Finally,
the preprocessed skeleton data is classified using our action recognition model, STF-
GCN.

Initially, we evaluated STF-GCN on the EA3D dataset, achieving an accuracy
of 92.9% (Table 5.2), with classification results visualized in the confusion matrix
(Figure 5.6). To further enhance performance specifically for fall detection, we fine-
tuned the model using our collected fall data, boosting its accuracy to 97.6%. These
results underscore not only the effectiveness of STF-GCN but also the importance of
targeted fine-tuning for domain-specific applications.

After fine-tuning, the STF-GCN model size is 8.07TMB. We then convert the fine-
tuned model into the ONNX format, making it deployable on a depth camera, with

the converted model size reduced to 1.55MDB. Similarly, the cascade network-based
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Table 5.2: Accuracy of our action recognition model on EA3D dataset before and
after fine-tuning specifically for fall detection.

Setting Acc.

Initial Testing on EA3D 92.9%
After Fine-tuning for Fall Detection 97.6%

Figure 5.6: The confusion matrices of our action classification model on EA3D. The
horizontal axis represents the predicted labels, while the vertical axis represents the
true labels.

object detection model, originally 375MB, is also converted into the ONNX format,
reducing its size to 72MB for deployment on the depth camera.

After deploying these ONNX models to the depth camera, we conducted real-time
performance tests in real-world scenarios. Due to the limited detection range of the
depth camera, these tests were performed with only one individual. Specifically, we
simulated falls of an elderly person from four different orientations including front,
back, left, and right. The results presented in Table 5.3 demonstrate our system’s
effectiveness and efficiency from various orientations. The system achieves 100%
accuracy in both the Left and Right orientations, illustrating the robustness and re-
liability of our fall detection system in these views. However, the accuracy for Front
and Back orientations does not reach 100%, primarily due to increased false positive
rates in the Front and elevated false negative rate in the Back orientation. These
discrepancies highlight challenges in accurately detecting falls when the individual

is facing towards or away from the camera, which may be influenced by the depth
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Table 5.3: Fall detection accuracy and processing times from various orientations.

Metric Front Back  Left Right Avg.

FPR 25.0% 0 0 0 6.25%
FNR 0 33.3% 0 0 8.33%
Acc.  92.9% 92.3% 100% 100%  96.3%
PT  0.148s 0.136s 0.139s 0.138s 0.14s
IT 0.047s 0.043s 0.047s 0.044s 0.045s

camera’s angle and the overlap of body parts in these orientations. Table 5.3 also
details preprocessing and inference times, further highlighting the operational effi-
ciency of our system in real-world scenarios. These metrics collectively demonstrate
the capability to our system in real-world scenarios.

Figure 5.7 provides visual examples of the detection process from these various
orientations. These images demonstrate the system’s real-time response and its ability
to accurately recognize falls, which is crucial for ensuring the safety of the elderly. To
distinguish falls from other actions such as sleeping, the system analyzes short-term
temporal dynamics of joint movement. Falls are typically characterized by a sudden
and rapid change in body posture, whereas sleeping involves gradual and controlled
transitions. Our model captures this difference by leveraging temporal patterns in
the skeleton sequence, enabling reliable classification of fall events.

Building upon these results, we plan to deploy the proposed fall detection system
on domestic service robots for continuous and real-time elderly monitoring in home
environments. With the integration of depth cameras and onboard edge comput-
ing, the system can detect critical incidents such as falls and automatically trigger

emergency alerts or assistive actions.

5.3.5 Results and Analysis of Hand-raising Detection

Similar to the fall detection task, we first evaluated the STF-GCN model for hand-
raising detection on NTU 60 X-sub and NTU 60 X-view, achieving accuracies of
91.4% and 95.9%, respectively, as shown in Table 5.4. The classification results on
the NTU 60 datasets are further illustrated in the confusion matrices in Figure 5.8.
To further optimize the model specifically for hand-raising actions, we fine-tuned it
by retraining with our collected hand-raising dataset, which improved its accuracies
t0 95.1% and 98.5%. These results highlight the model’s enhanced performance and

demonstrate the effectiveness of targeted fine-tuning for specialized tasks.
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(c) Left. (d) Right.

Figure 5.7: Visual examples of fall detection conducted from four orientations. Each
figure (a) Front, (b) Back, (c¢) Left and (d) Right displays the detection outcome:
“This person is standing” when the individual is upright, and “This person has
fallen down” following a fall.

Since the two fine-tuned models listed in Table 5.4, we selected the model with
the higher accuracy to be converted into an ONNX model for deployment on a depth
camera. The sizes of the fine-tuned model and the ONNX model are 8.07MB and
1.55MB, respectively. Similarly, the cascade network-based object detection model ,
originally 375MB, is also converted into the ONNX format, reducing its size to 72MB
for deployment on the depth camera.

After deploying these ONNX models to the depth camera, we conducted real-time
performance tests in real-world scenarios. Due to the limited detection range of the
depth camera, tests were performed only in scenarios involving one person and two
people. Specifically, we simulated the detection of student hand-raising actions in a
classroom setting and recorded the number of hand-raising in real-time. Table 5.5
presents the FPR, FNR, Acc, PT and IT for scenarios involving one and two people.
For one person, the system achieved a higher accuracy of 93.1% with lower false
positive and false negative rates compared to the two-people scenario, where accuracy
dropped to 86.2%. This indicates the system’s efficiency in simpler scenarios, while

highlighting challenges in more complex settings with multiple individuals.
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Table 5.4: Accuracy of the action recognition model on NTU 60 dataset before
and after fine-tuning specifically for hand-raising.

Setting Acc.

Initial Testing on NTU 60 X-sub  91.4%
After Fine-tuning for Hand-raising 95.1%

Initial Testing on NTU 60 X-view  95.9%
After Fine-tuning for Hand-raising 98.5%

(a) Confusion matrix on NTU60 X-view. (b) Confusion matrix on NTU60 X-sub.

Figure 5.8: The confusion matrices of our action recognition model on NTU60 X-
view and NTU60 X-sub. The horizontal axis represents the predicted labels, while
the vertical axis represents the true labels.

Table 5.5: Hand-raising detection accuracy and processing times for one and two
scenarios.

Metric  One person Two people  Avg.

FPR 5.9% 13.3% 9.6%
FNR 8.3% 14.3% 11.3%
Acc. 93.1% 86.2% 89.7%
PT 0.142s 0.137s 0.14s
IT 0.02s 0.039s 0.03s
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(a) One person. (b) Two people.

Figure 5.9: Visual examples of hand-raising detection for one person (a) and two
people (b). The left side of each sub-plot displays real-time updates by our system
that records the number of hand-raising actions detected.

Figure 5.9 provides visual examples of hand-raising detection tests conducted
using a depth camera for scenarios involving (a) one person and (b) two people. On
the left side of each sub-plot, the system’s real-time updates are displayed, which
include the number of hand-raising actions detected. These images illustrate the
system’s capability to accurately monitor and record hand-raising actions, showcasing

its real-time effectiveness in different individuals settings.

82



5.4. CONCLUSION 83

5.4 Conclusion

In this chapter, we demonstrated the effectiveness and efficiency of our proposed sys-
tem in two key applications: fall detection in elderly care and hand-raising detection
in smart education. In both cases, our system exhibited high accuracy, low latency,
and strong generalization capability in real-world scenarios. (a) Fall detection: Our
system initially achieved 92.9% accuracy during the pre-training phase. After fine-
tuning for specific fall scenarios, the accuracy improved to 97.6%. In real-world tests,
the system maintained an average accuracy of 96.3%, with a false positive rate of only
6.25% and a false negative rate of 8.33%. Moreover, it demonstrated a rapid response
time, with an average inference time of just 0.045 seconds. (b) Hand-raising detec-
tion: Through targeted fine-tuning, the system’s accuracy improved from 95.9% to
98.5%. In real-world tests, the system maintained an average accuracy of 89.7%, with
a false positive rate of 9.6% and a false negative rate of 11.3%. The average inference
time was only 0.03 seconds, ensuring real-time performance. These results highlight
the potential of our depth-based action recognition system for real-world applications
in elderly care and smart education, demonstrating high accuracy, efficiency, and

robustness in practical deployment.
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Chapter 6

Conclusions and Future Works

In the previous chapters, this thesis has introduced a cascade-based object detec-
tion method (Chapter 3), a Skeleton Temporal Fusion Graph Convolutional Network
(STF-GCN) for action classification (Chapter 4), and a depth camera-based human

action recoguition system (Chapter 5). This chapter summarizes the key contribu-

tions of this research and discusses potential directions for future work.

6.1 Conclusions

In this thesis, we developed an action recognition system that integrates cascade-based
object detection, GCN-based action classification, and depth camera-based skeletal
extraction. By deploying both the object detection model and action classification
model on a depth camera, we constructed a real-time action recognition system.
Our proposed system has been extensively evaluated in various application scenarios,
including fall detection in elderly care and hand-raising detection in smart education,
demounstrating its effectiveness and robustness.

For object detection, we addressed three major challenges: the imbalance distri-
bution of categories, the diversity of object scales, and the overlap between objects.
To overcome these challenges, we introduced Poisson blending combined with Canny
edge processing to enhance data diversity, proposed Re-BiFPN for multi-scale fea-
ture fusion, and designed Rep-CloU loss to effectively handle overlapping objects.
Our proposed approach achieved an mAP of 83.4% for prohibited item detection,
surpassing other state-of-the-art methods. Additionally, we validated our method
on the COCO dataset for human detection, where it achieved 49.5% mAP on the
test set, also outperforming other leading approaches. Qualitative analysis further
confirms that our model effectively distinguishes individuals in crowded scenes, accu-

rately localizes small and distant persons, and enhances detection precision. These
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advantages underscore the superiority of our method in real-world human detection
applications and establish a robust foundation for the human detection step in human
action recognition systems.

For action classification, we proposed the Skeleton Temporal Fusion Graph Con-
volutional Network (STF-GCN) to address two key challenges in skeleton-based ac-
tion recognition: small-amplitude movements and long-duration actions. First, we
introduced a temporal dimension encoding that incorporates two types of temporal
features and three encoding strategies. This approach enables comprehensive extrac-
tion and analysis of subtle motion patterns from the temporal dimension of skeletal
sequences. Second, we proposed the Skeleton Temporal Fusion (STF) module to en-
hance spatiotemporal feature representations. This module employs an alternating
structure of large and small kernel convolutions to improve the perception of fine-
grained movements and effectively capture temporal patterns at multiple scales. To
validate the effectiveness of the proposed method, we conducted extensive experi-
ments on both elderly action recognition and general action recognition benchmarks.
The experimental results demonstrate that STF-GCN achieved 93.8% accuracy on the
ETRI-Activity3D (EA3D) dataset for elderly action recognition, outperforming other
competing methods. Additionally, on the NTU-RGB+D 120 dataset for general ac-
tion recognition, our model achieved 89.5% accuracy on the cross-subject (X-sub120)
benchmark and 90.4% accuracy on the cross-setup (X-set120) benchmark. These
results highlight the strong generalization capability of STF-GCN across different
action recognition scenarios, proving its robustness and effectiveness in both elderly
and general action recognition tasks.

For skeleton data acquisition, we utilized a depth camera to stably and in real-time
capture human skeleton data. To ensure efficient deployment, we converted both the
cascade-based object detection model and the STF-GCN action classification model
into a lightweight ONNX format and deployed them on the depth camera.

Our depth camera-based action recognition system operates in three steps: (1)
Real-time human detection: The cascade-based object detection model detects human
positions in real-time. (2) Skeleton data acquisition: The depth camera’s depth sensor
extracts skeleton data. (3) Action classification: The preprocessed skeleton data is fed
into the STF-GCN model to classify actions, enabling real-time action recognition.

We demonstrated the effectiveness and efficiency of our proposed system in two
key applications: fall detection in elderly care and hand-raising detection in smart
education. In both cases, the system exhibited high accuracy, low latency, and strong

generalization ability in real-world scenarios. (a) Fall detection: In real-world tests,
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the system achieved an average accuracy of 96.3%, with a false positive rate of only
6.25% and a false negative rate of 8.33%. Additionally, it demonstrated rapid re-
sponse capabilities, with an average inference time of just 0.045 seconds. (b) Hand-
raising detection: The system maintained an average accuracy of 89.7%, with a false
positive rate of 9.6% and a false negative rate of 11.3% in real-world tests. The av-
erage inference time was only 0.03 seconds, ensuring real-time performance. These
results highlight the potential of our depth camera-based action recognition system in
practical applications such as elderly care and smart education, demonstrating high
accuracy, efficiency, and robustness in real-world deployment.

These results highlight the potential of our depth camera-based action recognition
system in practical applications such as elderly care and smart education, demon-
strating high accuracy, efficiency, and robustness in real-world deployment. For fall
detection, the proposed system can be deployed on domestic service robots to enable
continuous and real-time monitoring of elderly individuals in home environments.
For smart education, the system can be installed on classroom cameras or integrated
into educational robots to support automatic recognition of student behaviors and

enhance interactive teaching.

6.2 Future Works

Building upon the work presented in this thesis, several avenues for future research
can be explored to further enhance our proposed action recognition system and extend
its applicability to more real-world scenarios.

First, we plan to improve the generalization capability of our system by incorpo-
rating domain adaptation techniques. Since real-world environments often introduce
variations in camera angles, lighting conditions, and background noise, we aim to
explore unsupervised domain adaptation and self-supervised learning strategies to
reduce the performance gap between different deployment environments.

Second, we intend to optimize the efficiency of our system by further refining the
lightweight model deployment on edge devices. While our current implementation us-
ing the ONNX format ensures real-time performance, future work will focus on model
quantization, pruning, and knowledge distillation to improve computational efficiency
without sacrificing accuracy. Additionally, integrating advanced hardware accelera-
tion techniques, such as TensorRT optimization, will help further reduce inference

time and enhance real-time processing capabilities.
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Third, we aim to extend the range of recognized actions to support a wider variety
of applications. In addition to fall detection and hand-raising recognition, we plan to
incorporate more interactive and context-aware actions relevant to elderly care and
smart classroom. This will require collecting a more diverse dataset and designing
models capable of handling more complex motion patterns.

Furthermore, we plan to enhance the interpretability of our action recognition
models by integrating explainable Al (XAI) techniques. This will provide deeper in-
sights into the decision-making process of our system, making it more transparent and
reliable, especially for critical applications such as elderly fall detection and security
monitoring.

In addition to the current application domains, future work may explore appli-
cations in areas such as public safety surveillance, industrial safety monitoring, and
wildlife behavior analysis, where robust and real-time human or animal action recog-
nition is equally important.

By addressing these aspects, we hope to push the boundaries of real-time ac-
tion recognition and contribute to the broader adoption of intelligent human action

recognition systems in real-world applications.
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