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Multi-scale context-enhanced attention vehicle detection model
based on improved YOLOI11

Liu Wei Pi Jianyong Hu Qian Hu Weichao
(State Key Laboratory of Public Big Data, College of Computer Science and Technology » Guizhou University, Guiyang 550025, China)

Abstract: To improve high-performance multi-scale object detection, particularly the accuracy of small object
detection, and reduce the probability of traffic accidents, this study proposes an enhanced YOLO11 model with a multi-
scale context-enhanced attention mechanism for vehicle detection. Firstly, the RPCSPELAN5 structure is designed and
introduced in the backbone network to replace the C3k2 module, enhancing feature extraction capability and information
aggregation. Secondly, a DSM module is created and added to the neck network, which incorporates a dynamic
upsampling mechanism and a simple, parameter-free attention mechanism to improve feature fusion for small objects.
Finally, the neck network is further improved by adopting a Haar wavelet-based downsampling module, which
enhances semantic segmentation performance and contextual continuity. Experiments on the VOC2012 and COCO
datasets demonstrate significant improvements across multiple evaluation metrics. On the VOC2012 dataset, the
improvements in P, R, mAP50, and mAP50-95 were 0.2%, 5.3%, 3.4% and 4. 2%, respectively. On the COCO
dataset, the improvements were 7.7%, 6.0%, 8.7% and 6.5% . respectively. The proposed algorithm exhibits
superior performance in multi-scale object detection, particularly in small object detection accuracy, effectively
enhancing vehicle detection precision and contributing to the reduction of traffic accidents.

Keywords: object detection; YOLO11;multi-scale; context enhancement;attention mechanism
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Table 1 Training parameter settings
24 {1
epochs 100
batch 16
image_size 640
workers 8
optimizer SGD
close_mosaic 0
1r0 0.01

weight_decay 0.000 5
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T AT PPAR B 2 AR A A 20 R R TR L o mAPS0
R824 ToU M{E R 0.5 i, B 26 51 1Y 208 B . mAP50-
95 % ToU BIMEM 0.5 B 0.95, 2K K 0.05, R )5 &
X ToU FRFH AP, W mAP50 {5 mAP50-95 {A

#) M GFLOPS(B > 10 {C I ¥ M2 H %0 . P.R.AP
DI K mAP HE AT . A, D) 2 I 22 5R 1 ) B A B R SR A A
Tp 3.5 MEEXBEERSF
P=Tp1Fp (1 S T B R B 0 B N 2 LR R 0
TP Bk A X I, A H YOLOvVSn, YOLOv6n, YOLOv8n,
R=Tp1rN (5 YOLOVION. YOLOLIn LT YOLOUL o ik 155 3 % 15
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0 G T AT . LI ANER 2 3 R,
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Table 2 Comparison experiments of different models on the VOC2012 dataset
it P/ % R/% mAP50/%  mAP50-95/% parameters/M GFLOPS/G
YOLOI11n(baseline) 87.7 75.7 86.0 65.3 2.6 6.6
YOLOv5n 86.7 75. 8 85.3 62.9 2.2 5.8
YOLOv6n 87.9 76. 1 85.6 65. 0 4.2 11.5
YOLOv8n 87.7 77.1 86. 2 65. 1 3.2 8.9
YOLOv10n 87.8 71. 2 83.3 63.5 2.7 8.2
YOLOI11s 90. 8 78. 1 88. 2 68.3 9.5 21.7
YOLO11n+ Halo™" 87.9 76. 2 85.9 64.5 3.7 29. 6
YOLO11n+ ShapeloU-* 88.8 75.9 86. 1 65.3 2.6 6.3
LeYOLO™ 86.9 77.1 85. 7 65.3 2.7 6.9
YOLO11n+ 3C#k[40] 87.6 76.5 86. 0 64.5 2.2 6.1
YOLOIl1n-ours 87.9(40.2) 81.0(45.3) 89.4(43.4) 69.5(44.2) 7.2 29.5

®3 AEFELE COCO #HFEE AT IL LI

Table 3 Comparison experiments of different models on the COCO dataset

1 P/ % R/ % mAP50/ % mAP50-95/% parameters/M  GFLOPS/G
YOLOI1n(baseline) 61.1 51.6 54.3 36.7 2.6 6.6
YOLOv5n 59. 1 49.0 51.2 34.2 2.2 5.8
YOLOv6n 61.8 50. 4 53.5 36. 4 4.2 11.5
YOLOv8n 60. 6 51. 8 54. 2 36. 4 3.2 8.9
YOLOv10n 62. 1 51. 1 54. 6 37.0 2.7 8.2
YOLO11s 67.2 55.4 61.1 42.2 9.5 21.7
YOLO11n+ Halo 60. 8 49.7 53.3 36.3 3.7 29. 6
YOLO11n+ ShapeloU 61.4 50. 8 54.7 37.0 2.6 6.3
LeYOLO 65.5 51.4 55.7 37. 4 2.7 6.9
YOLO11n+ 3CHk[40] 61. 4 52.3 54.5 36. 7 2.2 6.1
YOLO11n-ours 68.8(47.7) 57.6(46.00 63.0048.7) 43.2(16.5 7.2 29.5
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6.0%.8. 7% F 6. 5%, ik Bo 4 F BT, $2 11 1y el i SRR R
AUARFE T e MR 3R, [ B S 35 4R v T A R RS B I
TE/N BRI 7 TBUR T R 2E

ZEAATAT T LAAS B A IE 5% £ 1 530k A RS AN 3 TR R
A T R A R A M R AR T (RO R B RS it
B IS T IE PR N 5 AR T/ B AR A A
T B B G002l T/ B B T A 5 e 1 (0] 5[]
AHIF ST BT I BCHE Bk AR B 2% 3 s v e B TR AR Y 3 B
PE A4 B AR AR LT — PR R L R EL S B Y i
3.6 HRMXBS5LERMN

AT 20 EOWHL TR AR S Y A BT YOLO11 W
2 SR B 1 25 80 R L A VOC2012 F1 COCO Bl & b kAT
TZHARHMSEE, HRSEIR RS R INER 4 S PR,

x4 TR VOC2012 #iEE FHERITLE
Table 4 Ablation experiments of different modules on the VOC2012 dataset

parameters/ GFLOPS/

Y P/% R/ % mAP50/%  mAP50-95/% M G
YOLOI11n(baseline) 61.1 51. 6 54.3 36.7 2.6 6.6
YOLO11n+RPCSPELANS 87.3 81.5 88.7(A2.7) 69.1(43.8) 7.2 29.1
YOLO11n+DSM 86.0 79. 8 87.2(41.2) 66.2(40.9 2.5 6.3
YOLOlln+HDWT 86. 9 77.6 86.9C10.9) 65.4C40.1D 2.4 6.3
YOLOI11n+RPCSPELANS+DSM 90. 6 79.0 88.7(42.7) 69.1(43.8) 8.4 52. 4
YOLO11n+RPCSPELAN5+HDWT 89.4 79. 6 88.2(42.2) 68.2(42.9 7.1 29.7
YOLO11n+DSM+HDWT 88.7 76.1 86.5(40.5) 65.4C40.1D 2.4 6.3
YOLOl1ln-ours 87.9(40.2) 81.0(45.3) 89.4(43.4) 69.5(44.2) 7.2 29.5

®S5 FEERTE COCO HFEE LHHMEE
Table 5 Ablation experiments of different modules on the COCO dataset

parameters/ GFLOPS/

T A P/% R/ % mAP50/%  mAP50-95/ % N G
YOLO11n(baseline) 61.1 51. 6 54. 3 36. 7 2.6 6.6
YOLO11n+RPCSPELAN5 67. 2 57.7 62.0047.7) 42.9(46.2) 7.2 29.1
YOLO11n+DSM 60.5 52.3 55.1C40.8) 37.1CA0.4) 2.5 6.3
YOLO1lln+HDWT 61.0 50. 7 54.5(40.2) 37.0040.3) 2.4 6.3
YOLO11n+RPCSPELAN5+DSM 68. 2 57.1 62.4(48.1) 43.2(46.5) 8.4 52.4
YOLO11n+RPCSPELAN5+HDWT 67.0 57.8 62.9(48.6) 43.0(46.3) 7.1 29.7
YOLO11n+DSM+HDWT 59.9 52.3 54.7CA0.4) 36.8(1A0.1) 2.4 6.3
YOLO11n-ours 68.8(47.7) 57.6(%6.00 63.0018.7) 43.2(%46.5) 7.2 29.5
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Fig. 7 Detection results visualization
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