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Improved object detection algorithm for complex traffic
scenes in YOLOVSs
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(School of Information Engineering, Chang’an University, Xi'an 710018, China)

Lyu Jin Qu Chenyang

Abstract: In response to challenges in practical road target detection, such as low accuracy in detecting small targets
and the occurrence of missed and false detections for occluded targets, an improved YOLOvS5s road target detection
algorithm, termed YOLOv5s-OEAG, is proposed in this study. The label assignment strategy of YOLOv5s is replaced
with a more efficient OTA label assignment strategy to enhance the model's detection accuracy and generalization
ability. Additionally, a lightweight decoupled prediction head is introduced to decouple classification and regression
tasks for different-sized feature layers, thereby improving the model’s capability to detect small targets on roads. The
original nearest-neighbor interpolation upsampling module is replaced with the lightweight and versatile CARAFE
module to better preserve fine details in the image, thereby enhancing the model’s accuracy. Furthermore, a novel C3
module, GMC3, is proposed to reduce model computational complexity while improving the model’s feature capturing
capability. To enhance the model’s generalization ability, the KITTI dataset is augmented, increasing the number of
small targets. Experimental results demonstrate that the improved model achieves a mAP of 90. 4% on the augmented
KITTI dataset, representing a 2. 8% improvement over the original model’s accuracy. With a frame per second (FPS)
rate of 75, meeting real-time requirements, the model exhibits enhanced adaptability to complex traffic scenarios.
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JRAR AT A B TH T 1. 9% Al 4. 0%, Ui B T X 46 00 K )&
AR O 5 B AR HORE AR T AR il =k 0. 390,05 %0 . (H
TERE IR /N B H i . GFLOPs b4 B/ T 48%.48% .
45 % BRI EAR T BB KN B L R T T IR

3) CARAFE B 76 &t 5

9T Bk CARAFE [ RAEJE 75 68 % 58 4 b il & A ]
JUBE (5 A ) AT 2 T A58 80 X6 F 1 °F SR R AiF 2 B AR
1 BTG IO . B ] CARAFE bR BEE T B 45 0
5 RGBT HEAT X L L g, 45 R ISR 4 FTR

4 GMC3 BEHA M5k

BT RENE IR AR SC T T BUBE . GMConv 42 75 4
XFF YOLOvVS 11 Conv A B/ 1115 & S HE X
XA A A FUR R E AT B X b S . A
batch_size ¥ H A 1.4 A BRI % = 1 B R 32X 32, 5t A
A B R 64 I B E A 64, YIZR AR E R 1000
WL AERIME 5 i, NEPTTLUE A B RN S5,
AR SCRFBEH A B 1) FPS A%t F Conv A FF F B, (H 231
BSR4 BT T Conv BRAR T 64%.66% iFB T
R 1) A B

£ 5 GMConv #EHRXF bk 5218

%4 CARAFE HFWIFLH S o A FPS FLOPs/M ZHK
il Conv 3007 76.022 36. 992
S 55 A 7Y AP@0.5/% mAP@.5..95
. Joh/M v m Vi CMConv 1040 27. 001 12. 992
YOLOVS5s 13.6 87.6 57.3
YOLOv5s-R 13.9 89.7 61.5 Rk GMConv B ¥ C3 AL He b i) 430 45 31, 15 )

M2l LFE . YOLOvSs-R AH X T J5 85 B 78
mAP@0. 5 Fl mAP@0.5:0.95 F4rlAG 2.1% 4. 2% 1y
Tt BATHI /N LB T 0. 2 M, U8B T 1288 B X 45150 11y

BB GMC3, I 5 JFUUA B R JE 47 X L S0 86, 25 SR ANk 6
Fin, B HE N GFLOPs M4 T R R4 BT T R . (2
SEHAEEN BT T 1.4%.3. 8%, iEM T AR ATkt it
R B A B

*x6 GMC3HEHRFHHESLE

S I A Y ZHH/10° GFLOPs mAP@0. 5/ % mAP@. 5. 95
YOLOv5s 7.0 15. 8 87.6 57.3
YOLOv5s-GMC3 5.6 12.7 89.0 61.1

3.5 Za5Ittt

IDIRIET &

ST RE A% 50 UE X TR AL A 45 A8 43 1 Bk R S A AR
SL7E KITTI 20 88 4 o) 455 A0 J& T 3 fl 52 96, H &5 5
F 7R, ATRIER LA 2 SIS OTA 43 BCHE N, il
A mAP@0.5 1 mAP@0.5:0.95 23 B4 7+ T
0. 6% 1. 1%, Pk T A AR Il Zhoad B o b TF 4 25 9 40 IE
Aol 754 TR T B 4 SR e AR, RET 3 [ T R b

FR AR TN 3k , ffF 45 A Y AE A% 4 B2 2] BRI 2 R,
mAP@0. 5 Fl mAP@0.5:0. 95 /3 42T+ T 1. 9% .4. 0%,
B 4 fii G R AL - RHEE T CARAFE, [ A1 GE %
B G b A R AT L 2 T XN B bR U E, mAP@0. 5
A mAP@O0.5:0. 95 43 42T+ T 2. 1% .4. 2% . A 5 4%
C3 B #  GMC3 5 , N (s A 1 A58 784 1 1 55 o
SRR B8 mAP@0. 5 il mAP@0. 5:0. 95 43 542 T+
T 1.4%.3.8%.,
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£ 471 % v 7o ¥ o3 A
x7 HBMEXBRER
Hi®l  OTA  Efficient head CARAFE GMC3 mAP@0.5/%  mAP@0.5:0.95/%  Z4H/10°
1 87. 6 57.3 7.0
2 NG 88. 2 58.4 7.0
3 NG 89.5 61.3 10. 1
4 J 89. 7 61.5 7.1
5 J 89.0 61.1 5.7
6 J J N/ J 90. 4 62. 1 8.9

INEZES S5 ROk B L A el i ER AR TR T OB T Y Mg
BAEBMEA 6 Bl YOLOvSs-OEAG #5115 J5 55 %) 47
e BAR SRR I (B AE KITTI 45 4 I mAP@0. 5
A mAP@0.5:0. 95 27+ T 2. 8% .4.8%.

2) X ik 56

T RE A% UL I B A R Y A R 5N AT R F R E
Fra I BTy RS 1 KITTI A4 F k17 S xd 1,
F YOLOv5-GCB, YOLOs-CPI, YOLOv5-KGA & X 5| &
FR BT 4R 1) A R R B B B RS At AT B4 AR R A AR S T A
FHA B S L T2k, 2 In g5 Rk 8 iR, AT LA M
B A 1 R A R B AR G S B R B R AR

PAT B P A AR A U OB UK B2 8 N B 2R AR
8 2481 B T A AR O P 2 L R R A A iy L LR LR
AT 5 B LA SO 4 1 9 Bk e ELR B2 AT AR ST 4R
LA B 1 5 1 AR A S (A A HORS E BRR S H R A
RURH FEAT BT 4 T B2 H BN 1 5 2 0 2 8ok i A
M7 ELAS BE 0 B A7 AR SCRT 4t BEA0 i g . 220 X LS L A
ST B 0 SR TR BE b A 81 5 — I BT AR SCT 4 A
TR B AN AT R . R T A S B A TR
1 i 2 AL R AT — S (EL R X T A o 28¢5 AR Of D i S
MR Z . HAG IS FPS 2 75, BUARAS 2 e fit (R4 SR e
i 996 12 S I A I Y K

*8 AEHEEMEER

A BERIR/N/M SR /10° GFLOPs  mAP@0.5/%  mAP@0.5:0.95/% FPS
Faster R-CNN 110. 2 30. 2 209. 8 84. 2 54. 1 20
SSD 103. 3 28.5 73.2 71.6 46. 8 58
YOLOv4 235. 7 58. 1 59. 6 86. 7 52.6 29
YOLOX 28.6 48.7 148. 3 88. 2 57. 4 23
YOLOv5s 13.6 7.0 15. 8 87.6 57.3 116
YOLOv5s-OEAG 17.4 8.9 18.7 90. 4 62. 1 75
YOLOv5-GCB™ 9. 89 5.0 10. 8 85.5 54.3 111
YOLOs-CPT™ 16. 6 8.4 22.9 88.8 59.7 80
YOLOv5-KGA™ 27. 4 14.2 25. 6 87. 8 58.5 94

3) R

T BE S T 0 3 M Y R R B S B 1 BE L A
KITTI £ #i 4 /9 I it 48 b o B 43 &1 R 0 A7 100, o
B 11 R . B RZEN A YOLOVSs-OEAG 5 5 BiF 46
ORI 25 R A R JL e r g Bk DU s ok i . B 11 () 2
X AR TR AL /N B b E A7 4 0 1 45 3R T DU Rtk IS Y
D RE 05 o 0 1) T B AN B AT N B AR X6 F A S5 bR
BB T AEEERHEENEMN. B 11 ETER
B A g — s At g A R R I R 2 etk R
4 R TR B % A1 Ty 1 A 0 28] A S T 8 P 0 AT N RN A
Wi A, B/ 11 EMR 22 M /5% H frde b
HEW BT RN S, SRR AEA B T H
o U G 194 15 900 o T 428 3 TS0 A U A A R R L o AR 0
SRR g1
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GMC3 BHAA A TR Y+ = 5 280w, JF HAR T
TATIKE . A T B A B R 3z AR RE 1 RN B B 1 X
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