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Traffic police gesture recognition based on improved YOLOX-tiny algorithm

Fang Wuyi Chen Zhangjin Tang Yingjie

(Microelectronics Research and Development Center, Shanghai University,Shanghai 200444, China)

Abstract: In order to achieve autonomous driving in cities, it is necessary to be able to efficiently detect the on-site
command gestures of traffic police. Aiming at the problems of low recognition accuracy. slow detection speed, and
difficulty in dealing with complex road environments in existing gesture recognition algorithms, an improved YOLOX-
tiny traffic police gesture recognition algorithm is proposed. Firstly, an improved GhostNet network was used to
replace the original backbone network, and a Coordinate Attention mechanism was inserted to comprehensively extract
input image features, improving the detection accuracy of the network and enhancing the detection performance for
small and medium-sized targets; Secondly, the decoupling head was improved by designing the SCDE Head structure,
which reduces computational complexity while filtering redundant information, making the decoupling head more
efficient. The decoupling head also integrates multi-scale features, improving the accuracy of object detection; Finally.
applying SloU to localization loss accelerates network convergence and improves regression accuracy. Tested on a self-
made traffic police command gesture dataset, the experimental results showed that compared with the YOLOX-tiny
model, the improved algorithm reduced the number of parameters by 27. 97% , the model’s computational complexity
by 33.31%, and the average detection accuracy increased by 2. 31% , with a 45% increase in detection speed, which is
more suitable for the practical needs of autonomous driving and hardware deployment.

Keywords: traffic police gesture recognition; YOLOX-tiny;network lightweight; GhostNet;attention mechanism
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(stop) 2 (turn_right) | 72 5 25 15 5% F 3 (wait) | 28
ZF-# (trun_left) A (lane_change) 983 18 17 (slow) |
HFEEF (pull _over) . 4 SCHRL3 A I 0y WAL 48 L 4%
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5 AT & v F o

T # K

810 W1/ s $EAT R 43, R 5 2 W 3 , 15 51 8 Bl 58 B 45 5 T
PO TS0 B R . P O O 5 O 2L B 9 R,
PR T 2 1 i A P T U 4R 1 B B T % AR
WA AT EEPE . A SO DL 5 20 TR A i B0 d SR B O A
WS B BURAE G MAEE 11 AR AL 16 000 5K, 44 Fb
J 1400 5K, 7ESEE b, B £ R 43 S YIRS 56 E 4 AT
A WHIH6:2: 2,

(b) BINREFEAER: (o) MRINRERITH
B9 BG4 0

() SRR

3.2 ERHREBEE5SHEE

AR SCH A SCH A S A ALY 25 R PR RE D T B T
AutoDL = F &, i 4 i & 24 : CPU 12 vCPU Intel (R)
Xeon(R) Gold 5320 CPU@ 2. 20 GHz; GPU & NIVDIA
RTX A4000. .47} 16 GB; # {F ¥ 5 . Python 3.8,
Pytorch 1. 9. 0,CUDA MiA X 11. 1.

LI BT AR A T R/NBEE S 640 X 640, SRR
(epoch) 4 100, #t 4b B & (batchsize) N 16, ¥ 1 2% > R
(learning_rate) J 0. 005, A 5 ZE i, 2 L (weight_decay) Jy
0.000 5, J& H Mosaic #1 Mixup FCHE 38 58 %t & R ok 47 8F 42
AL B BB SO R N 2 RUBE R H AR . {8 R R AL
JE T A A i 72 0 28 I 2 I 3 2% 1 R AT S . ALl
RB ok pR Bt e dn 1B 10 JIT R AR SCRE RS AE 5 10 4> Epoch

ok —— g
- AT

10 20 30 40 50 60 70 80 90 100
Epoch

P10 4515k R Ko 2k

H A #E F (precision, P) . A 8] 3 (recall, R) . ¥ ¥ K5 &
(mean average precision, mAP) & #M& i i %L (frames per

second, FPS)/E B RIPE RE A IE 0 1545 . HAh
TP
TP 29
TP ,
R=Tp+rn <o
(1
AP = EfJ P(R)dR (3D

K TP RoRPoBE N IEREA T B 43 Bic (E 8 YRR A4S s FP
RN AT LA IEREAS R S RLES IR A FN 3R89 41
WC o R RE A, T EL A FE 48 1R I RE A FPS H DA 85 Y 1Y
o I SR
3.4 HBLSIG

T U UE AR S 45 455 R [ B X AE 2 EE 1R T O A

ZJ5 Loss HHZFFIn e . ¥4 BE DL i IR S B WKH L #2 I GhostNet-CA T M 4 . SCDE Head. SIoU
3.3 iEMIERR AT A U S T A o7 e . TH R SE SR A5 R R 1 TR,
J T &I S 19 YOLOX-tiny 83 9 M B, % CUFRREAT T
1 HBIBER
SEAEA GhostNet  GhostNet-CA  SCDE Head  SloU P/% R/% mAP@0.5%  Z¥&/10° FPS
J — — — — 94. 39 89. 14 88. 29 5.04 55. 21
N J — — — 93. 87 90. 90 87.62 4.39 76. 92
J — J — — 93. 96 91.12 88. 82 4.03 78. 23
N — J N — 95. 43 91. 23 90. 01 3.63 80. 11
N — J N J 97.88  92.58 90. 60 3.63 80. 11

F 1 h ] L F, i A GhostNet £ #t T JF 16
CSPDarknet53 J& ,mAP@O0. 5 W& 350 B A% . {H 2 2 508 0 >
T 13% BRI R R T 20% . FPS #68 T 21. 71 i/
. Wi GhostNet 2 #E 8 GhostNet-CA J5 . 42 7+ T X4
JR R AE SR ERE 77, mAP@O. 5 2 THT 1. 2%, 33 U W W 4%
TE k5 B FE T /N R A G IR B BE 1. R RUGR
#J CSPDarknet, 2 #F J5 i GhostNet-CA SZ ¥ T B /N By £
TR AR | R A G 00 R R O M R

r GhostNet-CA #y 2l 2 I, 4k 2 ffi i SCDE Head
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BRI ARk . mAP@O. 5 $27F T 1.19% . H FPS A
g, X U B BT SCDE Head AS{UKE 7 T ff 48 k 45
LU T IUARME B R Bl T GFR B2 3] T 2 RES:
AiE 3 — 25 4R F T 6 Hr N B AR I U B

Ak S e i 2 BR B, i SToU Loss 8% 1oU Loss, fif
TR T 45 i IR B R Y ] R, 3 B RO T B A
%00 BAE TRk MRS B A0 25 3 ol A 18R .

LR N AR SORE A I i G A5 78, A58 700 i 3 S G ) ek
W T 45% ., H4mk 7 33. 31 % Byt . (i B m3 45k



FFi% 5. A Tt YOLOX-tiny & 369 & F #qn 5

58 M

NI 5, mAP@O0. 5 27 1 2.31%, 43 [\ F 42
FHT 3. 44%  HERRRIETT 3.49% .
3.5 #EEITEE

Sk B AR SC 5 AR 28 g FE T A8 FH v 4 A 1 e

# A T8 5 FasterrRCNN, YOLOv3-tiny, YOLOv7-
tiny. YOLOv4-tiny . YOLOX-S 55 ¥k #E 47 i 3 AL E K
/N Cweights) R0 I 338 B A4 HE 45 JURR G925 1 N ki 7 M
RN, RS RWE 2 PR,

R2 FEEENERE

S 56 A SR /10° GFlops mAP@0. 5% BEE RN/ MB FPS
Faster-RCNN 136.72 370. 4 87.21 159.0 22.62
YOLOv3-tiny 8.70 13.0 87.82 16. 65 30. 21
YOLOv4-tiny 5.95 16. 18 86.53 22.50 36.72
YOLOv7-tiny 6.0 13.0 88. 26 12.3 62. 36

YOLOX-S 9.01 26.77 89. 82 34.3 40. 38
YOLOX-tiny 5. 04 15. 25 88. 29 19.4 55. 21
GCAS-YOLOX 3.63 10. 17 90. 60 16.3 80.11

®2ELBAERTUE N, H5EEY YOLOv3-tiny,
YOLOv4-tiny B, A LR LN S RSN THET
58.27% F1 38.99%, i S i 4 B T KT 21.76% M
37. 14 % AEE 5w 4y WL T T 2. 78% M 4.07%, H FPS
e BENLEE. i, 5 YOLOX £ %I /Y K %4
YOLOX-tiny, YOLOX-S 52354 e, ZE R R IR 4F YOLOX-
tiny BB = FPS Bi48 N A SCRE M SEE S 9 PR T
27.97% M 59.71%, A & 4 G T BE T 33.31% A
62.00% K BE 7 4 B4R T T 2. 31 %60 0. 78 % A5 1Y Ay
I E AR T T 2 IR TH T 98. 39 % F 45.10% . Hi LAl LA

AR s A SCBCHE B R AN SR 8 o e ) S B T L X ) 5%
AT TR LA 3 A & /W S ECR BB, \T
PLIR BIVR 25 T0 N2 B ik 2 v o LD o ) A 00
3.6 AL

T HOW R B AR SO VR R Bk AR, B Ak i A
YOLOX-tiny M GSCA-YOLO B2 #: 17/l # Ak 73 #r
3 ) FH 336 V9 o B 3k oF el 1 AT 7 N 2 B S R A S
TS FEF B IATRM , T B/R YOLO Jyk X FH gk
BRI 2R 3 O T AN TSR 5 L i AT 4R
WE 11 fiRs.

(d) GCAS YOLOXX‘J‘ E%Eﬁﬁv% FHRRMN S A

& 11

e AR X L ]
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