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DMP-YOLO: A Multi-scale Object Detection
Algorithm for Autonomous Driving

LI Mingfang
(School of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: Target detection in autonomous driving scenarios faces challenges such as complex environmental interference, multi-
scale target distribution and target occlusion, and existing algorithms are still deficient in feature fusion capability, detail characterization
accuracy and localization regression performance. To this end, an improved YOLOv8 detection algorithm, DMP-YOLO, is proposed. The
original neck structure is optimized using Multi-Branch Auxiliary Feature Pyramid Network (MAFPN) to enhance the multi-scale
feature fusion capability in complex traffic scenarios; C2f_DEConv is proposed in backbone network module, which replaces the standard
convolution with Detail-Enhanced Convolution (DEConv) to significantly improve the detail capturing ability of small-scale vehicles and
occluded targets through high-frequency feature preservation and local texture enhancement; the Powerful Intersection over Union version
2 (PIoUv2) loss function is introduced to optimize the improved bounding-box loss, which improves the regression accuracy of the target
bounding-box through the optimization of dynamic scale-sensitive factors and geometric constraints. Experiments on the KITTI dataset
demonstrate that DMP-YOLO achieves significant improvements across all key performance metrics, with mAP@ 0. 5 reaching 89. 0%
(2. 6% improvement compared with the baseline YOLOv8) as well as 2. 9% improvement for mAP @ 0. 5: 0. 95, which provides an
effective solution for high-precision real-time detection in autonomous driving scenarios.

Keywords: autonomous driving; YOLOv8; MAFPN; PloUv2 loss function
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0.95 iAF] 63. 2%, [F] B 43 [ 2R DA 76. 9% & 42 F+ =
82.3% , W PloUv2 FHALMAL T HFREDIRERE, e,
Wit —4 Cof B A C2f-DEConv &, 7RG
PRI 2 91. 6% , RUIZFH i F ohs 1T BRI/ N RUEE
EARMAITT AL RE ST, AR mAP@ 0. 5 BHT— B B
A TFEZ 89. 0% (R IAMERE S ], H FLOPs (%
2 8. 8 G, SHBU R IEARMREEANAE, ZER T
I, MAFPN 2365 T £ ROEEFRAE LA RE 77, PloUv2
WERT T BERERDREE M C2f-DEConv WAL 145
IR AN RRAE IR AE S, = F U R/ E AR R S B T
LR TERBIY BT, BRI SR T A RN -
LESTIPENR
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Tab.3 Results of ablation experiment

Baseline MAFPN PloUv2 C2f-DEConv Precision/ % Recall/ % mAP@O0.5/% mAP@0.5:0.95/%  FLOPs/G  Parameters/M
YOLOv8n 89.9 76.9 86.4 59.8 8.1 3.006

vV 90.7 78.3 87.7 62.3 8.7 2.986

vV v 88. 1 82.3 89. 1 63.2 8.7 2.986

4 vV % 91.6 79.9 89.0 62.7 8.8 2.987

3.4.3  FEWREEX

h AL A ST BT 4 DMP-YOLO 455 ) 14 g
PEFA I T SR AR P B AR AR A AT
Fe3256 445 YOLOV3-tiny , YOLOvS5n , YOLOv8n J% H:
Z A M #E B AR ( YOLOVS-EfficientViT , Hyper-YOLO
25) LU BB & AR Y YOLOVI0, YOLOTT %5 35 i 5
R N 4 iR MLG-YOLO 7523 5585 br bR it
0 O e FE RS UOKS BE 5 T, mAP @ 0. 5 3K F|
89. 0% , 73 51% YOLOv8n ,YOLOvSn #2£ 7+ 2.6.3.2 4~
R TR I (7T 8.8 G FLOPs #13.0 M
SR IR R B B 3 R T YOLOvV3-tiny (18.9 G

FLOPs) Fl YOLOv8-EfficientViT (9. 4 G FLOPs), 4%
A A5 7 B B &, MLG-YOLO LA 91. 6% By K & Fi
79. 9% A3 1R AR S L 1 21wy e A HOH B — 3 [P
X FEEAFEET MAFPN 45845 DEConv i P3[R/
. S5FEZSH00FE(3.0 M) fJ YOLOv8n #H 1, MLG-
YOLO 7ELRFFAH R ZE 1S L T, mAP@ 0. 5.:0. 95
PETE 2.9 AN EH AT BE T TR T AR Al A2
WHBOTTH R BUHT N B, SEH 45 R 583 R W], MLG-
YOLO 7ERGRE 5RCR BT ik 3 1 i 4% gk
DAL () e oK
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Tab.4 Performance comparison of different algorithms
Models Precision/ % Recall/ % mAP@0.5/% mAP@0.5:0.95/% FLOPs/G Parameters/M
YOLOv3-tiny 87.8 68.5 77.9 52.3 18.9 12.1
YOLOv5n 87.7 76.2 85.8 58.2 7.1 2.5
YOLOv8n 89.9 76.9 86.4 59.8 8.1 3.0
YOLOv8-EfficientViT 89.1 76.8 86.2 58.7 9.4 4.0
Hyper-YOLO 87.6 79.9 86.9 61.7 10.8 3.9
YOLOvOt 88.2 76.4 85.6 58.7 7.6 2.0
YOLOv10n 84.1 74.2 84.0 58.1 6.5 2.2
YOLOIl1n 88.2 75.8 85.4 58.8 6.3 2.5
YOLO12n 86.3 78.0 85.7 58.2 6.3 2.5
MLG-YOLO 91.6 79.9 89.0 62.7 8.8 3.0

3.4.4 ATRALSTHT

Sk BV 7R IR AR TR R R 4 R T 8 X EE T
DMP-YOLO 534k YOLOv8n 76 A [F3% 5 F 1946
MR, H—AT AL R TiReTs 5= T R
28 B A5 25 T PloUv2 $1 4% ok B0 JL AT 29 B A
1k, DMP-YOLO (&l 8 (¢) ) % YOLOv8n (&l 8(b))
FEHL RS 0 1 H AR E AL RE 1, A RG] T A g
DX el A7 A R RS DUDRS B8 S IR m) R, 55 — 47 mT Ak A
HoR L TEEZ 5T T, YOLOvSn HY 30 B i At i

(a) RE

ST EINFE Ay BV 2 B B A 7 DMP-YO-
LO A R, ABF5Y 38 3 Grad-CAM $7 AR X AR AU 45
fIE 6 v K IR SE A7 v AL o Ar an & 9 fr s, M
9(c) Al LA, A L FE L BL A YOLOv8n, DMP-
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(b) YOLOVSn
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Fig. 8 Comparison of detection results before and after model improvement
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Fig.9 Comparison of heatmaps before and after model improvement
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