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Lightweight road Multi-target detection algorithm combining
asymptotic feature

Huang Yanguo' Peng Jian' Fang Minjie' Wu Shuiqing®
(1. School of Electric Engineering and Automation, Jiangxi University of Science and Technology,Ganzhou 341000, China;
2. Jiangxi Yong'an Traffic Facilities Technology Co. ,Ltd. ,Ji'an 343000, China)

Abstract: In complex road environments, existing algorithms for road multi-target detection suffer from poor
recognition performance, large number of parameters, and high computational complexity, making them unsuitable for
deployment on resource-limited mobile devices. To address these issues. a lightweight road multi-target detection
algorithm combining non-adjacent features is proposed based on YOLOv7-tiny. First, the design of the Tiny-AFPN
combines non-adjacent features of different scales, reducing the loss of features caused by scale differences and
achieving richer cross-scale information interaction. Secondly, with the introduction of DSConv, the ELAN was
redesigned and named ELAN-DS, improving the expression of features while optimizing the efficient layer aggregation
network and reducing the complexity of the model. Finally, the use of the MPDIoU loss function improves the accuracy
of bounding box regression and enhances the network's target detection capabilities. In the experiments on SODA10M,
compared with the original YOLOv7-tiny model, the improved algorithm increased accuracy, mAP@0. 5, and recall by
1.4%, 1.4%, and 5.9%, respectively. It also reduced the number of parameters and computation by 8.2% and
41.5% ., respectively. This effectively reduces the number of parameters and the computational complexity,
substantially improves the detection speed of the model, and provides the possibility for deployment on edge devices.
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0 2 S %2 A 05 AR H AR R . OO AT 55 e AR T B R R
HRORS HE TR 31 72 (0245 Fh 3 T AR A AT N L2 0 45 4% ol 1
W A S BRI R L H AR AN B AR OR B B R BB e B e, AT A 3025 2 A R e 52

il

Y B 397 :2024-10-04
* FEATH EE H AR IES (72061016) , £ 485 BE RN 5
(YC2023-S654) . %1 A B3 4 (20244-018595) i H %

FES TV 48 T A S I S 0 H (2024SSY03161) V176 4 WF 58 AL G 9 L W %8 4 Wi B
i

+ 161 -



948 & 2 F o

T # K

FR PR 5 R 0 B LB L B AR T S B R A
PO, PR, X B E AR A HE AR R X AR IR AT 4
FAT NGB A EERE L,

AR TR S ) FOR B T K R D H bR R ) s Y
K T AT IS . BT IR 2 2 0 B bR Uy ik 3]
43 B Bt (two-stage) B9 Rl BB BE (one-stage) Wik . P
Bz B Aw R W 5 2 ST KO T TS A R R i X I
(Region Proposal) , 2K J5 fif F 45 FURf 28 ) 4 (CNN) X 3% 2
X IR AT 4> 25 A0 B A, B ARG T R B A R A AR
RCNNM™ Fast R-CNNM! I Faster R-CNNM 28 | )L 4% 53 b
S ORG B AE R T R AT A R AR 4 5 A 5 0 PR
Ay Ak FR B R 5 K DR Ok 7 S A D g FH 3z B RR . AR LE
Z L LA SSDF \YOLO R F157 4% 2 B 2 By Bt H AR ke
J7 T Ry i 3. R A A R H A 1 2 ) AR
RN AR AR, HUAG 4R I — AR AE BP T S 8 B ARk i, X
Tl B 0 A A R T S (R E NS A T IR AR R AN R
XU, V298 N R 25 A AR L B we T S s e, L
ARAT B = 04 DR R PR P A ) e

JHAE A X YOLOVT BRI EAT 1 et A Ak T 4% 1
Al A 5 2 L D TR R O A 2 B A
S 40 R AT R A L T AE R RS ORI R . A
FEVTE YOLOvVSs Bk i3t E51 A SE Bk , [/ ik 3
T 0 45 v ()30 43 32 B AR BB 4 Ol Ghost BB $2F H
FRAEEEFY IGO0 T MR IR B . SR, B RS R BB RN 2 L K
RS A PR, 7238 14 B A5 F1/N B bR & i A 2 T 25 ]
Wang 25" 8 YOLOvS 3R Al BE o 4% 85 45 8L, 38
Bneck 5 #4075 A5 UE A W0 RS 04 TR] B ol 4G 00 3 3 45 3]
e AR T, BT ER il A0 A BRI o itk Y B B B R
Al BB IR LT R Em G R T —Fh T
YOLOvSm Mt b R R I 7 ik . (B4F 4% T K B Frda Il
K5 o O LRG0k o e 0 . O/ W8 5 5 ok il Y T
BGTRIRINT ELAN-DW #E3, i 48w 1 B A [\ R
BEERE R AR, R, xE kAR SR
FM () WloU v3 $2k o5k, 340 T B B 2 50 ) 52 2% 1 0 o
PERXERE  IF HAE D Zhad B2 v 3 hn T SR SR IR I AR . 2
WA T — B 5 T Haar /NI T R FEAY HWD
YOLOvVY HyE AT M5 17 N Bhska I, A 30 E T F A
W R A= W ITA AN B AR 0 TR R A A, 3
YOLOv) Bk kit B/ U RS HEE K, Bt
GOV YOLOvS Bk T 3 HY C26_SC Bide, 1 m
160X 160 UL (il 3k o el itk H AR K I 2 . A 802 3 T
RS BE . R 7 A X 38 38 b AR R P R R TR R
V) AT, V52 A iR DR SHE Y L L 5 A0 3 s iR AT i)

R LIRS e — 26 0y W HEAT T R4k . B 2 B8 AU 4
PERE S ROR I OC R R BE Y 32 A2 A DL S B0 19 3 i Ak
032 BE Y AR AR AR A o DR A 70 R I ASE 2 5 R 3 4 o
T H AR AR RS R 26 H AR N B % BB B K DL R A A

* 162 -

A R R A 45 (B R b IR AF AR Rtk s |) . AL, A 52
TG B B AR R , 78 5 2% 3 55 v e TR I Pk g L5 S
WP RE 2 B 98 1Y B R RME R, BT XS b 3 R, A BT SR LA
YOLOvT7-tiny 535 21 $2 1 45 & AR A7 48 R AIE 19 5% &t fl
H ARG I A | 2 PR IR A A BE I RT3 R L i — b i e S 2%
T BARE S R LR B bR R R 1 38 10 DR | T A6
ME I Z RN PERE R L ik &5 B3 & . AW £ 5
TAER

D & it 5% & Ak dE A0 48 R AR 4 F % M 4% (tiny
asymptotic feature pyramid network, Tiny-AFPN) {E 4
FIR A5 AIE - P 225, o i S AR 408 )2 2 10 £ L EA T RR AR R DR
D RRIEAE AL B RN 2E B B v i i 2% R R Ak, B 5 X /)N
HAR RS H b 09 A5 0 B 7, 42 T RL Y A I P 5 5z Ak
RETT.

2) 1 F 43 45 1 # % FL (distribution shift convolution,
DSConv) B3 ELAN-DS #52 3 , $i2 TI [ 4% ¢ fik 42 HfiE ) B9
() I AR B 1y 2 8 5 R B BRI E IR B A IR
MR A b EAT R B R A Y ) 3

3EXT CloU 7 B 55 HE 55 Tl A€ 58 & Lk 1) 4 I8 | 1H 5%
e {7 [ B A 3200 SR AN A2 19 0] 8, SR ] MPDIo U 45 2K BRI 450
B CloU i 2k bR %I A 2808035 20 A 1 [ 0 255 2R, o B
RIS

1 YOLOv7-tiny #& &

YOLO F5 HArf i & kgt AW E R Eme
2% A5 B YOLOvI0™ , YOLOv7 H bx #4252 & i
Bochkovskiy & F 2022 4F 7 H #E 1 A9 20 5 B H bR K D
M4, YOLOv7-tiny W& 7E YOLOv7 By 5 fll % 25 #4 o5 17
Tk, & YOLOvV7? 250 &% i 203 £ sl 8 98 I A R
3 ST A e AR A, KRR I 4 A T A A
By A3 (Input) B T M 2% (Backbone) | 25 #B M 4% (Neck) , Fl
UMk (Head) 4 A&y, MG S5/ AN E 1 Bras . i A i 1)
FG 1 Se 2ot B T W4 A B 3 AN TR RUBE A RRAE 1B 45 A 3
B 45, M FE FRAE B 6 B AT Z 0 LT UFE R L
— SRR AL A RS T BRI Sk A5 3 3 AR R R
BE R TR 45 5. AR YOLOv7-tiny #5575 4% 5 g 455 50 o
FEP T AR G B ARG R AN R L RATARAFAE LR R

D YOLOv7-tiny B 8 (%) 2 8 it F1 31538 s A7 A et i
[

2k /N B A7 ek % 4 B AREY , YOLOv7-Tiny fE42 4L |
T OCAF B RUERE Bl A 7 18 1 B L S BOR ISR AR AE

DTEERE BRI, YOLOv7-tiny %5 5 H 9 I 4
IR 515

PRI 3 6O 2 PR T L AE R I v iz A A

2 3# YOLOv7-tiny 1%
X YOLOv7-tiny Bk, $2 1 T —Fh 25 & JE A 40 45



FHE F. A MASENZENER S B ARk

Backbone Neck

_____________________

_____________________

.......

Head B REHH R

__________________

JE

38

..................

B 1 YOLOv7-tiny P4 45H

Fig. 1  YOLOv7-tiny network structure
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Fig. 2 Improvement of YOLOv7-tiny network structure
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Table 4 Ablation experiment
MR Tiny-AFPN ELAN-DS MPDIoU Z#&/M  P/% R/% mAP@0.5/% mAP@0.5:0.95/% GFLOPs
1 6.1 82.1 61.8 71.2 46. 8 13.5
2 N 5.6 83.2  62.3 72.2 48.3 12. 6
3 J 6.3 83.6  64.2 70. 7 47.7 7.9
4 J 6.1 83.3  62.9 71.8 47.3 13.5
5 N J 5.8 83.7 62.6 72.3 48.6 8.3
6 N J 5.6 82.9  63.5 72.5 48. 4 12.6
7 N/ N 5.9 82.4  62.8 72.3 47.6 7.6
8 N N/ N 5.8 83.9  65.7 72.6 48.9 7.9
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Table 5 Comparative experiment with other algorithms
o8 244 452 41 ZHE/M P/% R/% mAP@0.5/%  mAP@0.5:0.95/%  GFLOPs FPS
SSD 26. 3 81.2 60.1 69. 3 45.5 62.8 168. 3
Faster-RCNN 136. 8 82.7 61.6 68.2 45.1 369. 8 37.6
YOLOv3 61.5 80. 9 59. 7 61.7 10. 3 154. 6 56. 2
YOLOv5s 9.1 81.1 60. 4 68.5 15.2 15.8 119
YOLOv7 37.2 85.7 66. 3 74.2 19.7 105. 2 86. 2
YOLOv7-tiny 6.1 82.5 61.8 71.2 16. 8 13.5 188.7
Sk 24] 43.6 85. 9 66.9 74. 8 49. 9 121.5 98
YOLOv8s™ 11.2 84.8 66. 1 73.5 49. 2 28.6 146.7
YOLOv9™" 70.1 85. 4 66.5 74. 3 19.9 313. 4 43.6
(G- R7N 5.8 83.9 65.7 72.6 48.9 7.9 213.5
L RS T S RS AT () B IR A AT A P e 6.5 7R,
FLWR S AE R 32 0 43 [l 3R Ty 1, o0 R 0 T 0 e R Gk
BT 83. 9% HIEHKE T 65. 7% , 4 {5 0 R 45 % 6 KITIBEKZERE
R BRI K T . R HORE i 4 [ K AT B R R T A Table 6 KITTI dataset generalization experiment
B G R B S S B G R X M#HR  P/% R/J mAP@0.5/7% GFLOPs
PO A AT YOLOv7-tiny 83.8 73.5 80. 9 13.5
Ak 7E mAP@0. 5/ % H mAP@O0. 5:0. 95/ % B4~ YOLOv? 86.4  76.9 84.1 105.2
8 bR b B R 4 ) 72.6%.48. 9% . AHEE T SSD ok 85.5  75.8 82. 4 7.9
(69. 3% 1 45.5%) .Faster-RCNN(68. 2% il 45. 1%) YA &
YOLOv3(61. 7% 1 40.3%) T 7 » i ¥k 8 ¥ 76 mAP @ &7 Cityscapes HiREZ W LW
0.5/% FWSA 3, 7E mAP@0. 5:0. 95/ % ) J& 3 4y o7 Table 7 Cityscapes dataset generalization experiment
HRITER T, X R UL TER R ST Z MR ) 4% 455 75 P/% R/% mAP@0.5/% GFLOPs
[ RO H A B A AT 55 vh B B0 Y PR R YOLOv7-tiny 85.3  75.1 81.8 13.5
FEVER Oy W, B FE I R AR 7.9 G X — 4K YOLOV7 86.8  77.4 85.3 105. 2
{HIZAE T SSD Y 62. 8 G.Faster- RCNN HJ 369.8 G LA & (LSRRI 86.1  76.7 83.7 7.9

YOLOv3 (4 154. 6 G, [FIBF, 5 — 2045 5 8 B A L, 4n
YOLOv5s % 15.8 G, YOLOv7-tiny (4 13.5 G Al
YOLOv8s [ 28. 6 G, BUF 5 7% 09 1H 50 f A X A%, 7E 3
BRRZE RSN T EAEIFRA,

IR N FPS K7 , ik 353k iy Ak 35 BE 5535 213. 5 fps,
IEFE T YOLOv7 B9 105.2, 3C#k [24] /9 98 fps LI K&
YOLOV9 [ 43. 6 fps, X 7 B Bk 33k 76 52 B g B P 473 4%
LA B 1Y 52 BB 8 R K 2 B0 ST IR AT 5 W
TR,

T A B L S T LA L AR SCECHE R YOLOVT-
tiny SRR R RS BT i [l i se B 1 ARk . ANz
A R T B B L R A e ) S B ARG I e B L 4R
T H A BB T B4 T RE L 7E X R R R T R R R A T S
Wi & LB R T AT
3.5 @AM

R T 2L S UE R IS Bk Iz AR AR T R R
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(b) Backlit scene with complex background

(c) JeIEA 5 HAR R 5

(c) Scene with uneven lighting and object obstruction

(d) RSG5

(d) Low-light condition scene
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Fig. 9 Comparison of detection effects in different scenes (white boxes indicate areas of significant detection improvement)
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