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Research on Traffic Object Detection Algorithm Based on YOLOv7
WANG Peixue, ZHANG Fuchun, DONG Chenle

(School of Physics and Electronic Information, Yan’an University, Yan’an 716000, China)

Abstract: Aiming at the factors of lighting, occlusion, small target and complex background in complex traffic scenes, it leads to
low target detection accuracy and is prone to cause missed and false detections. a traffic target detection algorithm based on YOLOv7
is proposed. To better capture the internal correlation within the data and features. the algorithm incorporates the multi-head atten-
tion mechanism into the backbone network to enhance the network feature learning ability. The coordinated attention (CA) module is
introduced into the YOLOv7 neck network, and the position information is embedded into the attention mechanism, which can ignore
the interference of irrelevant information and enhance the feature extraction ability of the network. A multi-scale detection network is
added to enhance the detection capability of the model for different scale targets. The CloU loss function is modified to the SIoU func-
tion to reduce the convergence and instability of the model., and improve the robustness of the model. The expermental results show
that the mean average precision (mAP) and dectection speed of the improved algorithm on the BDD100K public dataset reach up to
59. 8% and 96. 2 frames per second (FPS), respectively, with an increase of 2.5% compared to that of the original algorithm. It
shows that the improved algorithm has a good detection accuracy while meeting the real-time requirements, which is suitable for traffic
target detections in complex situations.

Keywords: traffic object detection; YOLOvV7 network; attention mechanisms; shallow network detection layer; SloU loss function
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-#--YOLOv7(57.3%) —®—Ours(59. 8%)

B 8 ik s YOLOv? & 7 BDDI00K i 10 42 3l He &%

TSV M S R AR SO B R TR LS R R
HOR . AE BDD100K Bdl £ 9 Il i 5 P B L IE 35 T 2 5Kk A )
G W BEAT X e . Wi 9 B, o, A
S AR 3C o R 5 3 1 A5 R . A YOLOVT 553k 1) 45
KA.

KO/ () ARAKNKRETSILEZRNSS, A
PELHs 21 B B 1 R R S KT 2 PO A BLER A
DL () 4L A A A 18] R AR 3B 1 D0 T 47 A6
D25 SRS A P i 9 00 T A I B 1 A2l b A i 72 ] O
AN bR (o) 4P 270 B B 6 IR 3 2] 19 1
OUR BRI A R, W aT LU A B TR AR B ELA
ACHEHE . BT A AR T 7 ] oA A I Y

B (D AE A A bR OE AR, PR A B
REREAGTIN g o Aok U, A SOk i) BE9E A X T YOLOV?

LRI T EAMERE, — R B UGE TR AR
i) J1, AT LA A 3 S T 5 3 R MR AT 55
3.6 xftbikie
3.6, 1 AR SRR Al ) 2K et B vk ke K

AR S 56 B AR SR ST 1 5 B R F BDD100K /A 3E %%
o 4 ELREFH T 52 38 H 4w K 0 A0 el R 5 3k A9 1 g E AT HL A
Wk 2 i, AUt A5 A L AFFB _ YOLOv5s™* #il
M-YOLO" 53k i R IR B4 3l e T 8. 3205 3.0%, 463
PEEE AR T 203 M1 33,2, Al ML, AU B EMET
A A I A B Ol B A . AT DL G b ok
A3 E A I H U A S A 1) A 1

(b) BB R BARS 5T BRI

(c) A 55 T RRE

(d) HARE RS T BRI

9 ANIAIACIE B 5T AR I X bL 4 AR
F 2 ARICHE 5 IR S R B X L 2 2R
Models P/% R/ % mAP@/0.5%| FPS
AFFB_YOLOVv5s 33.0 58.3 51.5 63
M-YOLO 34.5 76.2 56.8 83.3
Ours 76.0 53.9 59.8 96. 2

3.6.2 AU MG H A R A X S

ARSI Pk HE Y B E 5 Faster R-CNN, SSD. YOLO-
v34 . YOLOv4™Y | YOLOv5 il YOLOv7 B3 15 7] 45 4 1
AT L. SRR 3 R .

AR SO R PSR EERT AT B AR R T B i 7 S
FEBE Z (o] AL ) A 4R T —FORT A ey 2. SRR A5 2R
Z%H], Faster R-CNN & ) mAP@O. 5 ik 30. 7% . FPS{H
Ty 142, KR RAR . TOvk N A S P i 5Kk s SSD Bk
{9 mAP@0.5 fi y 28.1% . FPS {tiJy 39, #it Faster R-
CNN. 7 s B 7 A 32 71, (R AT IR B2 R R 1 2.6 4>
Ay T YOLOv3, YOLOv44 Fl YOLOVS 84 3 75 K )
BE EARAARK AT (H A DURS BEA SR A TE R BR

F 3 ARIEEALE BDDI0OK K46 4 1 P Re X kb 45 R
(=7 AR |mAP@O. 5/ %mAP@0.5 : 0.95/ % FPS
Faster R-CNN | 640X 640 30.7 —— 14.2
YOLOv3 640X 640 40. 8 21.4 80
YOLOv4 640X 640 45.3 22.7 84
SSD 640X 640 28.1 —— 39
YOLOV5 640X 640 51.9 28.9 92
YOLOv7 640X 640 57.3 31.9 106. 4
Ours 640X 640 59. 8 33.0 96. 2
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