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Hand gesture recognition in complex background

Wang Yin, Chen Yunlong® , Sun Qianlai
1. College of Electronic Information Engineering, Tatyuan University of Science and Technology, Taiyuan 030024, China
2. Shanxi Key Laboratory of Advanced Control and Equipment Intelligence, Taiyuan 030024, China

Abstract: Objective The rapid development of artificial intelligence and target detection technology has accelerated the
iteration of intelligent devices and also promoted the development of related technologies in the field of human-computer
interaction. As an important body language and an important means to realize human-computer interaction, gesture recogni-
tion has attracted considerable attention. It has the characteristics of simplicity, high efficiency, directness, and rich con-
tent. This interaction mode is more in line with people’ s daily behavior and easier to understand. Gesture recognition has a
wide application prospect in smart homes, virtual reality, sign language recognition, and other fields. Gesture recognition

involves a wide range of disciplines such as image processing, ergonomics, machine vision, and deep learning. In addi-
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tion, due to the variety of gestures and the complexity of practical application environment, gesture recognition has become
a very challenging research topic. Method The traditional vision-based gesture recognition method mainly uses the skin col-
or or skeleton model of the human body to partially segment gestures and realizes gesture classification through manual
design and extraction of effective features. However, the collected RGB images are greatly affected by light conditions, skin
color, clothing, and background. In the case of backlight, dark light, and dark skin color, the effects of segmentation and
gesture recognition are poor. Features such as texture and edge are extracted manually, feature omission and misjudgment
are easily generated during the extraction process. The recognition rate is low, and the robustness is poor under complex
background. In recent years, deep learning technology has attracted more and more attention due to its robustness and high
accuracy. The convolutional neural network model based on deep learning has gradually replaced the traditional manual fea-
ture extraction method and gradually become the mainstream method of gesture recognition. Although existing mainstream
deep learning methods such as you only look once (YOLO) and single shot multibox detector ( SSD) have achieved high
accuracy in gesture recognition under complex backgrounds, their models are generally large, which is a difficult require-
ment to meet. It is difficult to achieve real-time detection effect with embedded devices and detection time. Therefore, how
to reduce the complexity of the model and algorithms while ensuring the detection accuracy and meeting the requirements of
real-time detection in practical applications has become an urgent problem that needs to be solved. The TinyYOLOv3 algo-
rithm has the advantages of fast detection speed and small model, but its recognition accuracy is far from meeting the
requirements of practical application. Therefore, to solve the above problems, this study proposes a gesture recognition
method based on the improved TinyYOLOvV3 algorithm. In this study, the TinyYOLOv3 backbone network is redesigned.
The convolution operation with stride of 2 is used to replace the original maximum pooling layer, and the number of network
layers is increased to ensure that the network extracts richer semantic information. At the same time, the depthwise separa-
ble convolution is used to replace the traditional convolution, and the characteristics of different network layers are integrat-
ed to reduce the size of the network model, ensure the recognition accuracy, and avoid the loss of feature information due to
the deepening of the network structure. In the improvement of the loss function, the CloU ( complete intersection over
union) loss is used to replace the original bounding box coordinate to predict loss. The experimental results show that CIoU
is helpful to speed up the convergence of the model, reduce the training time, and improve the accuracy to a certain extent.
The channel attention module is integrated into the feature extraction network, and the information of different channels is
recalibrated to reduce the increase of parameters and improve the recognition accuracy. The data enhancement method is
used to avoid overfitting training, and super parameter optimization, dynamic learning rate setting, prior frame clustering,
and other methods are used to accelerate network convergence. Result This study uses the NUS-II ( National University of
Singapore ) gesture dataset for verification experiments. The experimental results show that the accuracy rate of the improved
network recognition reaches 99. 1%, which is 8. 5% higher than that of the original network (TinyYOLOv3, 90.6% ), and
the size of the network model is reduced from 33.2 MB to 27. 6 MB. Compared with YOLOv3, the recognition accuracy of
the improved algorithm is slightly reduced; however, the detection speed is nearly doubled, the model size is about one-
eighth that of YOLOv3, and the number of parameters is also reduced by nearly 10 times, verifying the feasibility of the
algorithm. At the same time, ablation experiments were carried out on different improved modules, and the results showed
that the improvement of each module helped to improve the accuracy of the algorithm. By comparing and analyzing the
accuracy and loss rate changes of Tiny YOLOv3, improved Tiny YOLOv3 by CloU and the algorithm in this paper, the
advantages of the algorithm in this paper in training time and convergence speed are verified. The advantages of this algo-
rithm in terms of training time and convergence speed are verified. This study also compared the improved algorithm with
some classical traditional and deep learning gesture recognition algorithms. In terms of model size, detection time, and
accuracy, the algorithm in this study achieved better results. Conclusion Gesture recognition in complex background is a
key and difficult problem in the field of gesture recognition. To solve the problems of low gesture recognition rate of tradi-
tional gesture recognition methods in complex background and long detection time of existing gesture recognition methods
based on deep leaming, a gesture recognition method based on improved TinyYOLOv3 algorithm is proposed in this study.
The network structure, loss function, feature channel optimization, and prior frame clustering are improved. The use of

depthwise separable convolution makes it possible to deepen the network while reducing the number of parameters. The
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deepening of the network structure and the optimization of the feature channel enable the network to extract more effective

semantic information and improve the detection effect. The improved network not only ensures the accuracy, but also takes

into account the balance between the network model size and detection time, which can meet the use requirements of

embedded equipment.

Key words: gesture recognition; TinyYOLOv3; depthwise separable convolution; CloU loss
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W] H x W x € x K x3 x 3, i IR ] 4355
LR B TR, depthwise 11854 H x W x € x9,
pointwise FJITH RN H x W x C x K, Bit5H =K
HxWxCx(9+K) ,FER 0BG 46

M%ﬁ%ﬁ%%Eﬁo

ASCHFHANE 3 (a) (b) PFPAS[R] B9 T BE AT 43

B BB B Tiny YOLOV3 w0 15 48 5 B, 24
stride = 1 I, B 260 1 x 1 A0 ABRAE 9647 T
4tk B T AR EOE B A RRIE I R SRR AT
FRUERIERIE 7] 73 B 45 AR , 22 ResNet ( residual
network ) FAFTE fll & AR X 2 R 1E HEAT Rl5 | [A)
BFEH 1 x 1 SRRl B RFEER, 7RO UE M 25 12
BRI Z2 0 F- 35 B [R50/ ) 45 1 28
i, Y stride O 2 WK 2 B RE AR R
f TinyYOLOV3 HYMALZ . B Ja i Re Al i 3=+

W45 1 s, 2o X1 A X2 Sy = TR R R

LTTUN

@E* =q

N
1x1 Conv WG E=
HiEE=a
B =6a
¢ 1x1 Conv
BN, ReL.U HEH=6a
3x3 Conv_dw BN, RelLU
B =6a
¢ 3x3 Conv_dw
BN, ReLU B =6a

BN, ReLU

I«

1x1 Conv
HiE=a,
liner 1x1 Conv
¢ HjEH=a,
liner
(a) stride=1 (b) stride=2

K3 BREET 7 BUBEER
Fig.3 Depth-wise separable convolution

((a) stride=1;(b) stride =2)
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Table 1 Backbone network of feature extraction

srorn O0 mmm st L
Conv2d,3 x3 2 24 208 x 208
Conv_dw 1 12 208 x 208
Conv_dw 2 18 104 x 104
Conv_dw 1 18 104 x 104
Conv_dw 2 24 52 x52
2 X Conv_dw 1 24 52 x52
Conv_dw 2 48 26 x26
Conv_dw 1 48 26 x26
4 x Conv_dw 1 72 26 x26 X2
Conv_dw 2 120 13 x13
3 x Conv_dw 1 120 13 x13
Conv_dw 1 240 13 x13
Conv2d,1 x 1 1 960 13 x13 X1
FE R 7 TR BR TSR — R R e —

JAAE FIESE AR RS | Ho A2 CHT e TR BE 7T 43 5 4
B IR LR UEHER R A4 [R] B 3 o 46 channel 40
Il 28 A
1.3 ToU #1 CloU

F bR A AR Y — > 5 54T 55, T8
P FHER AR FRAL EOR R IR . YOLO &A1 51 AZ T
. (intersection over union, IoU ) [A] 2 4F 2 i & T
NFHE BRI M E LS, et HARE LR B Y
— AR, ToU B REAZEMERL A EE
PIANJTHE A R B ALY 5 B AT Y 23 ) RUBE R/
Tk, HIE ToU BATAE W R A B, —J7 1, R
P AHISE I H AR, X0 Y ToU $25 24 0, i Joits
PIA HARIE I T, ToU ERITCHEAARBL, 4 ] ToU 1
AR R pRERT A AT BRI IR B Ol 0 BT, BB
BAAk s 53— Jr T AHIE Y ToU A REA R AG U HE .
FHTR A E SRR, B ToU TGk X 43 PN X 42 2 [
ARl X 5505 =

GloU ( generalized intersection over union ) 125 pRi
#1( Rezatofighi 55,2019 ) 5| AT FL S HE ARG I HE (1)
e/ INIMEFEIY | AT LUAR G b A 2R T SIEAE RS 00 AN
FASE A [F) A, {2 2 LS HE RIS U ATE ) PR 75 4
i, GloU MIERAL R ToU, 5 loU R R AR, B T 75 X

43 L S HE ARG I AE 22 [ (%) A %67 . DIoU ( dis-
tamce intersection over union) Al CloU 43t 2¢ PR %X
(Zheng 55,2020 ) 7 J& T FL 52 HE RS TUAE (1) H0s 5
Z B MEE RS (5 B (AN 4 iy d) R T GloU f77E
A, [ CloU #S I ¥ A AE A ELSCHE A 1 B8 5
FU PR ARARU I 51 20 T 55 S0 0 E SE IO 3 L S AE
PRLICAR SCAE T CloU 4 6 AR D 43 2 v v 9 10 5
A A A PR 458 2 10T

ELSHEAASIAR /Y 22 0T Lo s i I A 18] 4 o,
B KIIAE, B 9 HLSCHE , d O B A1 B HRLL s Z [
EEES ¢ ) B F1 B i/ MIMEFIE RN SRR RS

------ "= = = . g

El4 3291 (1oU) 7R B Bl ( Zheng 55 ,2020)
Fig.4 The schematic diagram of intersection over union

(ToU) (Zheng et al. , 2020)

CloU $1 51158 R

2 gt
—IOU+’M+(XU (1)

c

Lo =1

4 w® w
v=— (arctanﬁ - arctanf) (2)

™ h

CT (- 1ol) +o )

FCH b T b 1) 2 s G T HE R I A B H O
p(+) FRERIRHEE], IoU /8 B F1 B* 98- L, w
F1 b 7 AN (9 8 AR, a0 R R ™ R L SIEAE (1)
U=
1.4 IKEH
ASCAF ] CloU L”ﬁixj‘ TinyYOLOv3 5% P ()
43 S TN A S TR AT 4, A S A R eREER
CloU w%\ETaEmﬁﬁﬁxﬁﬁé 3 EBA AN, T
W)
L= Lc + Lcnn + Lrlass (4)
N )
Y 2 1 Lo (5)

i=0 j=0

2 B
L(:nn Z lejbj(ci - éi)z +

i=0 j=0

~.
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52 B
. ~ (2
)‘nnohj 20 20 [;UULJ(CI' - Cl) (6)
i=0 j=

e = S5 Y (5() =p(e)) (D)

i=0 j=0 ceclass

Ao s A BUR T I RS S, B R AN A T
A U 300 A B, AR SO s Y 2% R i Ry
13 x 13 126 x 26 BYPHA RUEE IRHERL G, BT L s B
{4 13 f126, B WUE Ry 2, I = 1 Fom HbRPkTE
ABIE @ AP 5 A 30 A b AT V% A B
LY =0, fEEFEERED, A, SEEEREN
FH , 27 TinyYOLOV3 ML E B A, =0.5,
Y =1 BRI j AN e A A
F HARYR, S BARIIRE 1Y =0, ChESE
B, C, N HIRAHER T BEERE , class N
[FFHMIEH, IR E T, e AR H br
IATIEIER], p,(c) 16 ¢ ZEEHARTEMAE @ H I E AR
JE, p(c) HTMIE,
1.5 BEEFEEHER

S AR B R HETER R B A&
ARG S, R ] 38 38 A9 1 B T AT E A 1 4
TERIKRE T2 A R By, 38 38 T = IR (squeeze
and excitation, SE) (Hu %,2018 ) 18 i % A [a] R 4E
A Z B YOG R AT EEAL, AT LUA R 27 2] R[]
T T OCHRE B R ACGE ., IR S I I E B
s AH A5 S A AR, B B AL 28 M RE M B 1Y
I T A 5 s

BRIEREIR
HxWxC

LA | 1x1xC

Bl5 Gl R (Hu 457 ,2018)
Fig.5 Module of channel attention( Hu et al. , 2018)

D FHEESE, 20t ¢ MRS S
FNZ H x W x C R/NFRHE L TR RRAE 8 1 2
H x W2 EFERE 80t 42 e - 353t A X R A 1 E
TS M YERE AR AR 1A 1 4ER m iy e
AT

2) FFOER . AL E A 442 AT 1 > ReLU
(rectified linear units ) J 7% PREL, MWL 1 Mok
FE N NRFIE SR AT R, BTG pR AN RelU, SR 5
PR 1 DS ER R E R SR ¢, s %t
sigmoid WIHF5] 0 ~ 1 Z[A]H—ALA9ALE . it
AR RN RRE TR 46 I 1 25 S AR 2t AR 4k ]
B AT A/ S8 s S i

VAR T AR E 8 R AE O S X R AE
RS [ 3 38 1) T B DA IR R 1A 1 4EALE,
i FHIZA R £ B 52 ROV R R R AIE B FARAE

T R T LSRR AR SOK 8 I ) R
48] TinyYOLOV3 [ARAE S M 26 v, 3 Z2 i ifs
TR RS 0 X 28 A TR 1 02 % B AR S
TR AN E] 1 W5 R R U2 B 7RIS
A RE b8/ 2B R AR S 0 [ R H 0 1) % 1
TEHEECRE )7, ok J5 i M 8 25 g &l 6 s, &
X1 F1 X2 A FRAE AR B 45 v A ] RUBE A i 1
SE MAE 13 x 13 F126 x 26 A 6] KEE i 45 S
HE A N %) 3 3 Y AR S A o ) 3 T
FIAHR T B 43 BOAS [R) 3 38 AR AR B B2 45 1
REIRG BE .yl Fl y2 SRS [R) ROEE AR AE i b, %o 7
AN RUBE A AT Rl S5 e AR A KA A 1 15
AR 25 5

A4
oREE »2
A

A4
Bl ac ] en |

Ko FHERl SR

Fig.6 Module of feature fusion
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University of Singapore ) T~ #E(#Ji 4E ( Pisharady =
2013) , ZEAEE R EeE BRI 7 s, % T
PHAEEE 1 50 (57 AN 7] 4 e A ] ol Je ) A4 23 7
KM IR T S AT T R AERIAE 1Y, Il &
10 PRl -4 iy HoR AL Wik (L AE7E B R Y
X5, PEIREAEA T, Kb — TR RTE
AR B AR 5T SR 52 8, A E 2 000 BR
RGB B4 51— 78 & ARk iy T3, 75 5
L B AT NS5, JEA 5 750 I RGB R, N T
REA SO XS TRk 6055 52 R SR B R, 52
B R A TR T Y I TSRS I — R
AR IR T 2« 1 1 L BPRE s 4R BEHL I 23 Y1 25
£ AR A IEEE | I P BEAL B %L 188 4 92 )
(RS A 1 i Ty Rl S 0L TR N R 2
1Efie s,

ARSI (35 17 PR A . Windows10 #24E & 4t
8 GB NA#,NVIDIA GTX1650 %, Python3. 6, i Fii
keras TR FE 2% >J HE SR 1 47 A5 AU I 2k A0, 514
Adam It Ak 8% #EAT U0 AL, Y ZRH0 46 7 ] B8 N
0. 005, F KFE YK (epoch) 2k 100, batchsize & 4, I
FHAEW 2] SRR AT 2 L VI 2RSS, I S AR
o =0.000 5, Y&kt Wi 45 A epoch B IE
EIPIR RN U RAETEESE Y 10 4 epoch 1|
Grad e PR A TN, S5 RS R 2

Pl 7 NUS-IIHdigE
Fig.7 NUS-II dataset

2.2 ZBRESMH
2.2, 1 AN[EREHCR YT L

R T NP T s AR AR () A SR B I e AR I X
JE XA OB S 4 K-means S8 28 /8 2
BOHER ST, K-means 8338 i 1T B B A FEAR 5 247
R B SN 1LY R0 - o s g = o N L )
S SUNIOE: S SRS BB TR =kt BTN SW = RSN e
S X TEARER HAREF1TRE, 153 6 it

HE, T v 43 W M (38,75), (47,92), (58,105),
(59,63), (81,81),(103,152),

J T BAESGHE TingYOLOV3 B8 3 1 4% LB 1)
SR TE RGBT B A b, XoF 3 3 R AR (SE
B ) (CloU 52k (TR AT 23 B A5 AR 000 265 25 1) e st
I E B e SR S A5 AN [ A B R A T il 2 36, L5 2R
2 i, M2 aT LIARAL, 2 A A H gk A T il
ABF, FHRPIRA BER T, M TingYOLOV3 5
W MERAE T T 8.5% . [RIBTATLIE X TR —
AT Y Bl HERR SRR 1% ~ 3% A4 (4R
Tt e AREE A S HERR A RTHCh B
AL ZE A kR SR AR R AE AL TinyYOLOV3
R R, I TR E T 43 B 4 FRAE S AT R Yk
7 T 4% S 30 11 ] B 48 o o 4% £ 8 5 R i L )
2 BUHE AW R LT T 6. 41%

K2 FEELRYS P4 B 200

Table 2 Influence of different modules on the network

SE itk CloU  #hkgdt  ®E HERR/%
90. 60
vV 93.43
vV 93. 83
Vv 97.01
vV 91.31
vV vV vV 98. 53
vV vV vV 94. 61
vV vV vV 97. 63
vV vV vV 98.21
vV vV vV vV 99.10

2.2.2 CloU MERESM T

R T S I B R CloU 485355 MR L3,
ARIGHAT T — RIS LS, Kl 8 24 TingYOLOvV3
B ] CloU BCiEAY TinyYOLOV3 B A S84
AR B A R th T LU, I rh g5 A mT
A CloU sl 4t 2k R AIUS A BEAY LE 4R Tiny-
YOLOv3 AU S B B P, TinyYOLOV3 | CloU 2k i
1 TinyYOLOv3 FIAS SCHR 6 1 B 2 240 2% 4 i) 24
4,63 2.63 F11.21, ML JRRE AR SCHE B
LAVRREAR T 3. 425 [A] i R W B Al CloU X Ji
LA TS A Bl T R B BRI in P I 245 1 5
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100
—TinyYOLOv3+CloU
80 — TinyYOLOV3
— A
60 |
40 |
20F
ol | e e
0 5000 10000 15000 20000 25000 30 000 35000
AR
K8 ARSI ZRA6 5k i £k
Fig.8 Training loss curves of different models
M

3 ATEAE L GloU  DIoU A1 CloU
0 48 A 0 S AE T 453 2 o 50 P ARG 245 SR
K, HEE 3 XFHL s SR nT %0, ff FH CloU $5t 2 B, M
Tk B B 4 W GloU i1 DIoU 427+ 0. 08% .
0.06% . &9 i ARl 2k iR AUAE I st 7 vh
U UEAE B MER R Al et LU, R 9 Tl AT, AR
SCHEE L TingYOLOV3 B30 B MEf 5 58 /&7, 1 HL fR
T X 45 AR g o R AL S O (14 3 3 R A il A
YL I RES B 3 0 22 1 SO AT, Jin bl T A5 A4
WSk B WD IRt ), A SCERVE AE I 25 40 A
epochs J& % A Y& 8¢, 1 TinyYOLOv3 W 7£ 50 4
epochs G A TRBNCSCIRAS R BS, ZEAf AN [A] 46 2%
PRI HERf T et £k BT DI #Efd A CloU 45
ST, 4% 1) WAr S B R, O HLse s B/l 1 10
SR AN TR 2 1 Az 000 45 SR % L &1 JHG v 3% i A
R FLSAREAE , SR O HE R A IAE ) b T 2 ST
AL AE R CloU 582K Ao I AHE B8 s 3 B SCAR A

R3I BFAETN B KRR LS R
Table 3 Comparison results of bounding

box prediction loss function

PN HETIR /%
GloU 99.02
DloU 99.04
CloU 99.10

2.2.3  ARICRIESHARRIL A

N TR UEAR SCRE B A R AR SR S
YOLOv3 ( Redmon H1 Farhadi, 2018 ) FI SSD300 ( Liu
8,2016) 55 28 MR BE 2 ) H bR ok IR DL
TinyYOLOv3 \TinyYOLOv3 MobileNetV1 \ TinyYOLOv3

MobileNetV2 , MobileNet-SSD ( Howard 4§, 2017 ) #0
YOLO-lite ( Huang 55,2018 ) 55 5% & 2 H A I 5 3%
PEAT L%, Hi b TinyYOLOv3 MobileNetV1 #l Tiny-
YOLOv3 MobileNetV2 52 5 45 43 %Il F MobileNetV1
Fil MobileNetV2 ¢4 TinyYOLOv3 1 3= T I 45 1fii #4
IR FEE o A SRR A8 G I (] AL R/ N
SRR G PRI L R N3 4 s,

100 F

£ 80t

Z= 60F g

e

w40} - TinyYOLOvV3

= —— ZR+GloU

& 20f — AR +DIoU
ol —— ZE+CloU

0 10 20 30 40 50 60
MR

K9 ANRIBALAE A Al i 2k

Fig.9 Accuracy curve for different models

(a) CloU

110 AN [l pR ARSI 235 X E
Fig. 10 Comparison of different loss function detection

results( (a) CloU; (b) DIoU; (c) GloU)

(b) DloU (c) GloU

MR 4 g SLoaT g, TE fE R Y B b
YOLOV3 533 U AR SCARVE 5 0. 54% , {H 2 A6 4G I Fisf
[i] AU/ NI 28 S A AR BR 1) LU | AR SR
BABIZILT YOLOV3, T YOLOV3 MR AFAEi %
(AR 2 RNk 2 3 4% | T B R S AR LUK
AR SCERL AR R/ IMUUAT 27. 6 MB, 24928 YOLOV3
) 1/8, Z 88 295 YOLOV3 Y 1/9, SSD fii fil
VGG16(visual geometry group 16-layer net) fE R 1
FEIEBEICR 2% -8 6 A~ RUBE Rl G ikl 77 =X, 15
VGG16 B2 45 b faf ., oA R R 4 i 452 2
16 JZ,SSD 1M 25 4 A e b A T B AU
VGG16 a2, I 3 m T 8o 16 U2 K 4
HURFE, (45 SSD (A A A S 5 70t ok, PRk
EANUATSCR W FE R i R 46 1) A b AR e
FEAREUS TERMES R . BT TinyYOLOV3 145
A TRT B B B 1 S P (R o A SRR A LA
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Table 4 Comparison results of different algorithms

(ER7S /% G [/ ms AR/ MB SR
YOLOv3 99. 64 58 236 6.1 x10
SSD300 99. 37 103 92.1 2.42 x 10’
TinyYOLOV3 90. 60 20 33.2 9.0 x10°
TinyYOLOv3 MobileNetV1 82.95 33 46.7 1.2 %10’
TinyYOLOv3 MobileNetV2 99. 04 41 45.6 1.1 x10’
MobileNet-SSD 95.99 45 23.3 5.7 x10°
YOLO-lite 37.98 11 2.30 6.0 % 10°
AL 99. 10 28 27.6 7.13 x 10°

%, A SCEE P R I B (8] L TingYOLOV3 £ 8 ms,
B WERA R I 5 T TinyYOLOV3 , [R] i) iy T4 SC 81
RF T UREE AT 43 BB R, 38 2/ T RRAE B 5
i, PR AL R /INFT S 8 B A T TinyYOLOV3
[F3E, 11T YOLO-lite & 5 A 25 M9 1t (F FLAE Pr A
SR B L RSN B[] B AR/ N S BRIk
B 7 L IR EE R 2 A 37.98% |, ME LA F]
SRR FHAER o FEAS [FF8 bR 09X LE 25 3 |, A SC
Bk ¥ T TingYOLOv3 MobileNetVl F1 Tiny-
YOLOv3 MobileNetV2, MobileNet-SSD FJ 55 Y f: /)N
AR AT 23.3 MB, H LA I B 8] b AS SCHE VL 2
17 ms, HIERf A LA SR RAG 3. 11% , LT
A ARSCRIEAE R AR AR 9 H g - #Rak B T8
S5 T LA /N I 25 A5 780 Sk 7 8% 3 ity A ik A 21
£ RS AL AL TT R R o AR IE 7 AG I A B S
A

5 AR AT G T UL B AL G TR 50
MASCA DAL MER R L AXFHE, T NUS-TT F #5L
PN S E AR AR 2R aE T, 3
i FH CNN 1 SVM B3k (5205 ,2018 ) 2 HUAY F 3415
BABR, AR, FT TR SR SVM Y
S5 (Pisharady 55,2013 ) 4 F 31 43 AN A5
FFII WY, 1 S0 e i AL i R %
W N T Xy, SR 5 L3 B2 2 4R BT Ak
fEIFBETT SVM 43288 AT TS0, /TR0 i
JE N T F-RRRAE B F 3R M X R 5, DR S A
FEAERR (ol A 2 R €75 S, 45 B3 1) R ke
IERT BB TCARL , PH I S Ik AR & 275 5 T I T34
PUIREAL, [, B TR 420 50 F 2RRREM T,

FEE B (Jia 55,2008 ) AP DL REL ( Triesch
F1 von der Malsburg, 2001 ) 4551k i T $4 351 1) 5 =
HEFER,

x5 AREEEMILER
Table 5 Comparison results of

different methods

(ER7S HETR/ %
CNN +SVM 93.01
WHIER J] + SVM 93.71
[ il 89. 12
HPE KT 65.96
AL 99. 10

11 4 TinyYOLOV3 A SCRTELEA SR 531
DURER rhafs o3 R R 2 SR ks LR G B 11 (a) S
RERMER & 11(b) (¢) 23514 TinyYOLOV3 AR 3¢
LRSS SR B BT B TingYOLOv3 £ I 45
ATLAE 56 1 BRI b T 30E ARG BERLAIR, 26 2 BR A
553 MM LT A A 4 R R B T A
RGO o T AR SR R 08 1 ff b U3 = 3 JF BA
TR ENREEE . T TinyYOLOv3 [’ 4% 25 4
) RE USRI A FR A T 2R AR, DRHAS I 25 S 1)
TE NG BERAR, Y T 3 XA /Nl 5 5 L R 4 i
255 IR R RIS A A O, 1T L SRRy T
FROEANI R 5 IR A . AH#L TingYOLOV3 , A< 3C
SR PR BE AT 2 5 45 B L I 45 25 R HEA TR
PR IIETRERE S =Wk - T A C YL S S e g1
3, 38 CloU 458 2% e 5 (5 4 B2, A FH30H0a 1 i
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TS BAUAL 25 22 B 07 10k 1 ve ) 28 B 0L 1) 32 AL g
T, AR SO AR T AR 52 2T 5 R B TR
TR IBOR

(o) ASTHIEAMZEH

11 ASCERA TinyYOLOV3 Rl 45 SR He
Fig. 11 The comparison between our algorithm and TinyYOLOv3

( (a)original images to be tested; (b) detection results of

TinyYOLOV3; (c) detection results of ours)

N T FE ST Y UEAR SCRE B R R DL Rz AL e
J1, S NG N DL B AN S BRBE poR AR T
4 T[] T34 PR AT B e S 3, v A o - 3
RAE 100 IEES, 3L 400 fHER , SLHRETREY A
SCRLRERC Ly v IR S 2% 78 S i I, PSR o

iR R 97.3% , ERAMA I &5 R ANE 12 frs, It
Hh  ASCAHH Marcel F#EHE4E (Marcel ,1999) #£47
B UFSEES 2 BRI 6 FORTE T34, 5 494 fF K
1%, SHAF R LRLE R g 6 i, hT
Marcel 54 i B ST S8R T 50, HEAR AN A
R ST, Lk + CNN(E e 45,
2017 ) FIE AR ( Jia 25,2008 ) 5 Bk BT T 404
FAPASEIN 385 SR | AR AR SR (R E A SR R 51 99. 21%
FURR L + CNN ATy 37 488 780 5300k 29 il 15 2. 01% A1
5.21% . TELA bSgeh ASCEIEIHUS T B s n i
B2, FE AP IR T A SCR i B He P DL Rz fh g

B 12 A SO AR 4

Fig. 12 Partial detection results of proposed algorithm

%6 Marel HIBEREEEILLER
Table 6 Comparison results of different

algorithms on Marcel dataset

Bk TR/ %
BAf, + CNN 97.20
R AR A 94. 00
AL 99.21
3 & i

AR — R TinyYOLOV3 T3R5
o Ml AT B R TingYOLOV3 HEAE H2 B
FF WA T B B, 4 a0 T R A
BRI i fdT ] CloU %o 451 2 pR BICHEAT Bl F | 7645
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(G SR AR bTE Bi= I by | Bl BI=RE S =WAL . 8- QR LA k€T
o SR B 25 5 > R T S5 07 UA X R 4%
WERIPEA TSR, SR Es R R W] A SCH X B 2%
= N THEA R AU BE 1, A1 LAl AG: I 35
U RSO 1 U ARG fe] R Y R /N2
[ -

Ja S TAEA SOt 22 JOBE IR Rl 5 07 15, S U
FERHEJZRRAE , LLSGE R /NS T3 SRR ;
A o A Al P 248 RIS 2 B AS AT ST ik X R B Ay
PE— 2 A, PR UEMER A A [ | 32— 20 P A
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