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DPM-YOLO: A multi-scale adaptive object detection algorithm for
complex scenarios in autonomous driving
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Abstract: Object detection is a core technology in the environmental perception of autonomous driving, and its task is to identify and
locate key objects in the surrounding environment of the vehicle. To address the challenges of missed detection of small targets,
misjudgment due to occlusion, and insufficient dynamic adaptability in autonomous driving scenarios, an improved object detection
algorithm DPM-YOLO based on YOLOvIln is proposed. Firstly, in the Backbone network, a dynamic attention pyramid module is
constructed to replace the original rapid spatial pyramid pooling structure. By utilizing parameter-shared dilated convolutions and a
decomposed spatial attention mechanism, multi-granularity features are efficiently captured and the context information of each target can
be better aggregated. Secondly, in the Neck network, a parallel fusion convolution module is designed. It can achieve channel-wise
dynamic decoupling and multi-scale features fusion by heterogeneous multi-branch convolutions. Finally, an improved MPDWIoU loss
function is proposed, which integrates a dynamic gradient focusing mechanism with corner constraints and optimizes bounding box
localization accuracy by combining a batch statistics adaptive strategy. Experimental results demonstrate that the mAP@ 0.5 of DPM-
YOLO on the KITTI dataset is 92. 7%, which is 2. 0 percentage points higher than that of YOLOvl1n. The mAP@ 0.5 of DPM-YOLO
on the Cityscapes and BDD100K datasets is improved by 1.6 and 0. 8 percentage points respectively compared with YOLOv11n. The
mAP@ 0. 5 of DPM-YOLO on the exireme weather dataset Foggy-Cityscapes increases by 1.2 percentage points over YOLOv11n. The
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results indicate that the proposed method effectively balances detection accuracy and real-time performance in complex driving scenarios.

Keywords : machine vision; YOLOvl1ln; dynamic attention pyramid; parallel fusion convolution; MPDWIoU loss
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Fig. 1 Network structure diagram of DPM-YOLO
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BERD ARG I WA (FPS) DL K B AP AT Y VR A iE IR
B ( GFLOPs ) 1 AT 45
FEARSCSLI Y, mAP A B AR A M BE G AR A, A5
Z T, mAP T LIFRR A .
© AP,

C
AP TR R RIHE R R A 13T R B, O U
A CAZAEEEE ; mAP JE AR ToU BIHF 1Tk
JE, Hrh mAP@O. 5 K/RASHH HEE A 0. 5 I (-7 248

AP=J1P(R),mAP= (13)
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&, mAP@ 0. 5:0. 95 /R3S I HLHMELE 0.5~0. 95 {5 [H
W (K 0.05) M FHIR

Kt PR EEA R IHE AT .

. H’,Rz TP

TP + FP TP + FN

%, TP R TINAE 5 ELSEAE Y ToU>0. 5 19 1E fff A 54
i FP R AL 5 B SEHE 1Y ToU < 0. 5 (45 =R 4L
T FN 48 12 R BEA I H Y B8 H AR B
3.4 LHER

1) TP IE ST b

UE AR A A S0P R B i B2 1 T 2 1 FE o i

(14)

£ RIS e i O VR AT OB, AR SCR LR B
PR 1) B B 22 B B A g A T HR AR

2 JBR T ORIA] H AR AS B 7E KITTI 808 4 1)
PEREXTHE . ARSCH B (iE N Ours) £ mAP@ 0.5 ik %]
92. 7%, i F F i B B 4 YOLOv8s, YOLOv7-tiny Al
Cascade R-CNN"V 4% UGS HOE T w2k 2k
B YOLOvI In, {HA5 25 T 81 8 B 71 4 75 (DAP) il
24y X IFAT RS B (PFConv ) |, DL K 6 4 2 ok 50 1 ik
5 mAP@O. 5 #E7F T 2.0 AN E AL AN, AR T EE
PR A B B AE S AR A B A R B AL, e T
TR A

2 KITTI BiR&E EREEBERER XL SRR G R
Table 2 Model comparison experiments on the KITTI dataset

el Param/(x10°)  GFLOPs FPS R% P% mAP@ 0. 5/% mAP@ 0. 5.0.95%
YOLOv3!® 61.5 23.6 92.5 65. 4 72.1 88. 1 70. 1
YOLOv4!® 63.9 28.5 167.8 64.0 75.6 86. 8 68. 4
YOLOv5n!"! 3.2 4.6 154.3 82.5 90.3 88.2 61.5
YOLOv5s'”! 12.6 16.8 136.2 86.2 93.1 89. 1 65.9

YOLOv7-tiny"® 6.2 13.2 122.1 78.2 90. 9 90.2 72.5
YOLOv8n ") 6.1 8.1 170.2 80.7 89.7 88.9 72.3
YOLOv9-tiny!!!! 2.1 7.7 48 78.1 87.3 86. 4 70. 1
YOLOx-tiny!'?) 5.03 13.3 126. 1 75.5 88.2 87.5 68.9
sspi# 23.6 60. 9 35.3 45.2 68.3 50.2 42.7
Faster R-CNN! 28.4 83.2 11.6 68.9 79.4 75.6 58.3
Cascade R-CNN!3! 23.5 106. 8 77.2 80. 2 88.6 91.2 74.5
NanoDet-plus2. 01?2 4.7 8. 1 89. 1 72.6 83.4 82.7 64. 1
RTMDet-tiny > 4.9 18.4 110.3 78.5 89.3 88.9 73.3
CrowdDet " 43.7 108. 6 47.1 79.3 85.4 88.2 69.6
YOLOvI1n!®! 5.2 6.3 259.2 86. 4 92.1 90. 7 70.1
Ours 5.8 6.5 231.5 89.3 93.4 92.7 72.6

2) JH RS 2. 0%, HCHERARY L LR AR A 1L K 3 A AL AE 300 48l

T B UEFATSORE B Y LA BT R ITAL LM B T
JEEAT T Rl SR, LI A Rk 3 PR, U
YOLOv11n iy 3L AR AT 38 3o U8 A [ A B 2P #a e T
— RINIH AR | SR 5 78 1 o3 BT B A A5 H X B v AG T
BRI, AR T Rl S5 A 45 R A5 LA R S598  Bm5 |
A PFConv #iH 5  mAP@ 0. 5 $2 71 0. 2% , S0 AU I
0. 1x10° BiF T Holi 8 243 3 314786 BUS SRRRIE 2R 3R 1
B b, R DAP FH R 4% 48 23 0] 4 P IE )
mAP@ 0. 5 $27+ 0. 5% ,(HHA Z B E B RS ABINS
B PR B WG GCR B, T MPDWIoU #5123 i 5 45 28
FENLHI DA @ DR, i mAP@ 0.5 4271 0. 7% , H AN
IR e R SR — B4R T B R
PplAIE . 24 PFConv 5 DAP BEA i IR, mAP@ 0. 5 5 J&
LT 1.2%, 1 DAP 5 MPDWIoU 2045 U 3 i 13 85 7
BTN 55 458 2% oF B0 25 2 AR AL, fff mAP @ 0.5 ik %
92.1%, #x %, 5¢ % 5 A £ K PFConv, DAP Al
MPDWIoU,mAP @ 0.5 ik #| 92. 7%, ¥ K& 26 4 X} $2& Ft

Zrh mAP@ 0. 5 {E YL APTZIE 2 6, aniEl 6 fas .

3) PFConv & FRAZ 4151 fil 52 55

HHAIE PFConv BEH b S b B AR C 7Y 5 B 7R
DPM-YOLO HEZL T 53t 1 45 B 4 & 1 3 il S 3 [
FEST A G =4 3R L R AR A AR i R R e R 4 A
VASSEINTUAR 53 3 55 Z2 L 1, 3R S8 VAl AN ) g 32 7 20
B XTIPERE (MR, S BE T KITTL B i 5, R I 48
— IR S PPAGHE bR, B A& I B AR S 80
FITHS mAP@O. 5 Z MR OC R, R 4 Al 1x1,
3x%3,5x5,7x7} A1 Wk RERAL

4) 1B IIHLEIXT L SE g

SN IE DynaAttnPyramid ( DAP ) b Z RN LR
FU(MSCA ) i i Fil 5 23 TR 5 AU 22 RUBE Se 30 5 3l A i i
TR 7 MSCA ( Multi-Scale Convolutional Attention) [/ %X
P, 78 KITTI %t 4% 42 b Xt b T SE ( Squeeze-and-
Excitation ) , CBAM ( Convolutional Block  Attention

Module) ,TrA ( TripleAttention ) % 7 28 ¥ (W F 5 AF
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7R) o DP-YOLO ZEA AR DPM-YOLO 1A DAP AxiEk
ANGIEREIIPLH, LE R, AR HNZ RESEH
WS IAHLE] 2T mAP@ 0.5 & 92. 7% , 8 TCiE &

ML FELE (DP-YOLO) 46X 42 71 1.5 N E 405, H iR
W EEASTE 236. 1 FPS(AUZR 3.8%) , B0ilk T 5 RE -
N SCHERE T A 2R B g v

®3 EKITTI SIEE ERERIKIE SR
Table 3 Ablation study on the effectiveness of the design on the KITTI

R DAP PFConv Mpdwiou  Param/( x10°) FPS P% mAP@0. 5/%
YOLOv11n 5.2 259.2 92.1 90. 7
YOLOvl1n vV 5.5 245.3 92.4 91.2
YOLOvl1In vV 5.3 246. 5 91.8 90.9
YOLOvl1n vV 5.2 251.2 92.5 91.4
YOLOv11n 2 VvV 5.7 236. 1 92.6 91.9
YOLOv11n Vv Vv 5.5 245.3 93.0 92.1
YOLOv11n VvV vV 5.3 247.5 92.6 91.7

Ours vV 2 vV 5.8 231.5 93.4 92.7

mAP50 Curve mAP@0. 5 & 91. 7% (MPDIoU) . i 4= 3C 4% H B s A 6
— JiE B A MPDWIoU 3 32 i K IR e B A 6 B2, i — 2
08r ¥ mAP@O. 5 #EE 92. 7%, %¢ CloU $2 7+ 1. 8 N H 4 £,
H mAP@0.5 : 0.95 iK% 68. 0%, SZ¥FEW], MPDWIoU
06 N
p FEIESS H AR (Recall $27F 1.5 AN E 43 1) RUIEXT L BE H
S0 B3 ( Precision #4771 1. 8% ) FIIRALACR N %, Hahds
TR TR EALRIA 3G M T B 25T B9 8 A [R]E
f -~ ours
021 YOLOvIIn
— zgtgﬁ“ . x5 AXEBFEAFRREEAVEIMEREITLE
— v7-Tiny
ot —— YOLOv8n Table 5 Comparison of the model in this paper using
0 50 100 F150l 200 250 300 different attention mechanisms (%)
poch
BT P R mAP@ 0. 5
K6 SigmilZaid s 1L DP-YOLO 91.9 89.2 91.2
Fig. 6 Comparison of the experimental training processes DP-YOLO-SE 3! 90.7 88.5 89.7
DP-YOLO-CBAM' 91.6 87.8 91.1
. \ Sl m e - “TrAl) 89.7 87.3 88.5
F4 ERRASHRMEIR DP-YOLO-TrA
L. . DP-YOLO-CA ' 91.5 89.8 91.9
‘ Table 4 PFConv kernil combination ablation study DP-YOLO-ECA® 91.7 39.5 1.4
BPGME  Puam/(x10°) GFLOPs  mAP@O.5/% DP-YOLO-EMCA 92.3 90. 1 91.5
f33x33 ’33’;3’ 89.5 13.2 01.3 DP-YOLO-DEA ' 91.9 89.7 91.8
x3,3x3} Ours 93.7 90.5 92.7
{3x3, 5x5,
%7 77 89.9 14.8 9.1
{1x1,3%3, 2.7 3 o1 8 F 6 FERARERRFHMITELIGHER
5%5,5x54 ’ ' ' Table 6 Comparative experiments
{1x1,3x3, 298 13.1 92.7 using different loss functions (%)
5x5,7x7} o
sl P R mAP@0. 5
Ix1,3x3, 89.9 14.1 92.5 DPCI-YOLO 89.5 88.0 1.6
5%5,9%9} ’ : : - 9. . 91.
DPCI-YOLO-GIoU 89. 6 88. 1 91.7

o " DPCI-YOLO-DIoU 89.7 88.2 91.8

5)BUR BB L34 DPCI-YOLO CIOU 89. 8 88.3 91.9

- = 0 . . .

s e TN .

AT L8 2 0 0 1, A S04 DPOLYOLOFL oo ss oL
DAP 5 PFConv F4 YOLOvlIn #% % ( DPCI-YOLO) & DPCLYOLO-SIoU 0.0 887 o1 2
KITTI 4 FXtEL T GIOU . SIOU %5 £ i 2k ph % ( 4 DPCI-YOLO -WloU 90.2 89.0 91.5
26 m) ., LEATRE R, — M & & (I GIoU DPCI-YOLO-MPDIoU 90.5 89.5 91.7
CIOU) 3 3 51 A J5 Iy JEJ s K 98 e 29 3, 38 4 42 T Ours 91.0 90.0 92.7
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6) 2L

VA B (05 5037 AL B 7, A< SCAE Cityscapes
BDD100K L) K Foggy-Cityscapes $U#5 45 b7 T X b 5K
. W3k 7 BN, R IETE Cityscapes LI 46. 2% HY
mAP @ 0.5, % YOLOvlIn & J+ 1.6 A~ 4¢ #i, 1E
BDDI100K Z +E L K X5 T, 8 mAP @ 0.5 ik 3]
57.2%. TF Foggy-Cityscapes Wi K5t T, mAP@ 0. 5
WARETFEWERL IR = 1. 2 A A, BIUE T PFConv 2 R
JEFFIES DAP SIS TE B Ry mz A, A B
WA B AEATS O T A A

7) BRI AL

Shy LR 7% S A R A X R R A AL Y I B, AR
WAE KITTL M4 b 34T 1 ATl A%t Lo oA, 1 7 42
BETHT IR L T A S5 3R P A 7 (a) S A
LB 7 (b) F(e) 43031 by e e 55 0 55 30 A AR 17 3 331
WA,

% 7 Cityscape BDD100K ,Foggy-Cityscapes
BiEEZUEE
Table 7 Generalization experiments on the Cityscapes and
BDD100K datasets and Foggy-Cityscapes

Btk AR FPS mAP@ 0. 5/%
. YOLOvl1ln 218.8 44. 6
Cityscapes
Ours 199.2 46.2
YOLOvlln 221.5 56. 4
BDD100K
Ours 203. 1 57.2
F Gi YOLOvl1ln 195.6 26.7
-Latyscapes
osgYTyseapes Ours 196. 5 27.9

T X EE TR, AR SO i DAP AR HR A B 2 R
JIBLHS PFConv 122 NUEERR RER G | FTALRY SRS i 3R
T ARSI, 358 1A I (A1 i B R S P T0
AET A A T SR W I, SR T A A R AT X

.

K7 R ERTHAE

Fig.7 Visualization of the heatmap

& 8 /R T A A& DPM-YOLO 5 3t 2 4% Y
YOLOv1 1n 7£ KITTI %4 45 b 1 d5e 2 A6 I % 2R % L,
B 8(a) st I8, Bl 8 (b) Sy Kk 2 50 1Y 32 ) &% 2R &
8 (c) At A LU0 s SR, h & 8 W LLE Y,

| 0O

AR SCRERUAT 0K T i 2 A58 280 20 e ) B/ s H s
B HAS (I 247 N BRAR T IR R, $2 T T
B P H AR UG BE |, 75 %5 4R 1 5 /N E AR A I 5 T 3
BRI

K8 ORI I T AL

Fig. 8 Visualization of model detection
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AR SCET AT 37 B b 55 v b e I T I 1) 52 2% Bk
i, e T — Ak g H SRR IIAHEZS DPM-YOLO , IXHEZY
FF YOLOvI In ZEMgHEAT = AL b, 24y 3 IFF1TH
BB (PFConv) , il i B R FFAERIKRE ), B m T
B 22 RO H bR 0938 BLRE 1, sh &R N &%
P& (DAP) AL T 2 RUERHE Rl & oL 72 3858 TX/NE
B AR s RE H s 1 4G 00 65 1k, S A2 48 2K R
(MPDWIoU) , @il 5 2l 25 6 B 2R AR ML) A0 A1 o5 iR 2 40
e, AR TH L FAE RE A E W s BRI AR e, A
KITTI Zida 5 EASCRR I i) mAP@O. 5 3K %]
92. 7% , FFEL A YOLOvI 1n(90. 7% ) $2 7+ 2. 0 4~ 43
A, [ B mAP @ 0.5:0.95 $2 7+ 2.5 4~ H 4F £i, 1E
BDD100K £kt se Eik#] mAP@0.5 H 57.2%, ##
i YOLOv11n 19 56. 4%, 7£ Cityscapes f5 i 3%
mAP@ 0.5 B3 46.2%, % YOLOv11n44. 6% W &, 7F
Foggy-Cityscapes 1% Jii K X 3% & N mAP @ 0.5 It
YOLOvIIn £ 1.2 D JF AL,

SRS R R WL, AR SCHE A H AR AR 5B 7E DPM-
YOLO AERSAEAR o R H AR 8 5 55 Ak 7 5 T X
TE P AR5 54T N S BRI A ISR A Bl B
RGP TR RN T 58, Al FRAR A A O R YR
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