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ETF-YOLOI11n( Effective Traffic Feature YOLO). , TFF,
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, ; , GeoCloU CIoU, ,
ETF-YOLO11ln KITTI AP 65. 6%, mAP@0. 5
90.7%, YOLOIl1n 2.4 1.2 , . , ETF-YOLO11n
COCO-Traffic AP  mAP@O0.5 42.5%  59.8%; YOLOvVS ,  KITTI
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ETF-YOLO11n:Object Detection Method Based on Multi-scale Feature Fusion for Traffic Images

XIA Shufang, YIN Haonan and QU Zhong

School of Software Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065, China

Abstract Deep learning algorithms have made significant progress in the field of computer vision in recent years,but the accuracy
of object detection in complex traffic scenes is still unsatisfactory due to the small size of traffic objects,inconspicuous feature,
and susceptibility to interference. To address this problem. this paper improves the state-of-the-art YOLOI11 and designs the
ETF-YOLOI11n based on multi-scale feature fusion. Firstly.it designs TFF,which effectively fuses the feature information of dif-
ferent sizes extracted from the backbone. Secondly,it designs HDCFE, effectively integrates the features extracted from different
receptive fields and reduces the interference on the detection effect of the model due to occlusion and overlapping. Finally. the pro-
posed GeoCloU is used to replace CloU,and the model can provide more accurate feedback on the matching of the predicted box
and the ground-truth box through the two different penalization terms, The ETF-YOLO11n achieves an AP of 65. 6% and mAP@
0.5 of 90.7% on KITTI dataset,which is improved by 2. 4 percentage points and 1. 2 percentage points. In addition, ETF-YO-
LO11n achieves 42.5% AP and 59. 8% mAP@0. 5 on COCO-Traffic,and EFT-YOLOv8n achieves 66. 9% AP and 91.5% mAP
@0. 5 on KITTI dataset. The results show that the proposed methods significantly improve the performance and have good ge-
neralization ability to different models and datasets,achieve a good balance between the accuracy and parameters. The source code
has been opened.

Keywords Object detection, Multi-feature fusion,Inter over Union,Feature enhancement, Complex traffic scenarios
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Fusion) , ¥ 2 BUE] 19 ZHFIE 2 AT R G 5 (O RITE TR A
TR AE N 38 4 P HDCFE(Hybrid Dilated Convolution Fea-
ture Enhancement) , 3% 38 8 5 A4 42 )5 {5 BAL FERE J7 5 (3) 2 1
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ARSCHE KITTIN | 56 G A5 28 (1 A 2500k T8 i 72 COCO-
Traffic U £ M YOLOVS™ EBIEZ ALk, 45 £ W, ETF-
YOLO11n # AP Fl mAP@0. 5 43 %135 %] 65. 6% A1 90. 7% .
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2 MXIE

2.1 YOLO11 M
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753, YOLO11M) & Ultralytic 23 & £E 2024 4F 9 A KA 1Y
A —CHR WA, WK 1 PR, YOLOLL B4 A (In-
put) . =T (Backbone) . H #B (Neck) . 4 1 (Output) 4 #8420
AL, YOLOL1 KB 55 o B A 42 T, 73z n FH T A6 il 3341 5
G, HFEAF T . (D& T C3k2,C3k2 J& CSP(Cross

Stage Partial Network) () SRS B ; (2) Lk C2PSA Bille, 1
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T A I A 2 T B A [ A Sl AR 1 D L DA AR S
nano & & b iF 17505,

2.Backbone 3.Neck
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t v

( _Conv ) Jb( Concat )
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ok k2 )»t
v L
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1.input 640%640*3
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Fig. 1 Architecture of YOLO11 model
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2.3 AFERAHKEH
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Table 1  Comparison of different IoU regression loss methods
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AM ( Curio-sity-driven Attention Mechanism ) ,
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Fig. 2 Architecture of ETF-YOLOI11n network
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Fig.5 Architecture of hybrid dilated convolution feature enhancement
module
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Fig. 6 GeoCloU regression loss
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Table 2 Experimental results with different weights of GeoCIoU

Methods w1 w2 APl % mAP@0.9 %
baseline( CloU) - — 63.2 89.5
+GeoCloU 0.5 0.5 63.9 89.5
+GeoCloU 0.6 0.4 64.8 89.9
+GeoCloU 0.7 0.3 64.5 89.5
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AICAE KITTI #4755, AL YOLO R B .
Faster R-CNNM DETRMM#E 47 H L 38 5 58 3 4003 % 1] 7
% SPANet™/ fl YOLOM™ #: 17 tb 8. S-PANet %} PANet
BEAT AR AL IE A B0 9 CBAM, YOLOM %54 F1) H £ 25 ] 42
TR AE R AR 0 R B BRI RS W B P A R
RGeSy, W2 3 Frol, A%k E AP Al mAP@O0. 5 43 5l ik
B 65. 6 Y1 90. 7%, SE R A 2. 9 X 10°, K MM RE AL T
oK 2RI I 7 1, S8R & DETR #2419 1/15, 4)
2 A I R TUORS B . AR SOk S 0L R R DRSO
S-PANet-tiny; ETF-YOLO11 # nano #{ B & i 2 2R 5
YOLOMs BRUAH I . {H 240t fliH 5 &35 2> F YOLOMs,
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Table 3 Comparative experiments on the KITTI dataset
Methods Backbone Epoch APl % mAP @0.5 % Parans FLOPs
Faster R-CNN[10I Resnet-50 100 48.5 60. 4 — —

DETRI[! Resnet-50 100 54.9 88.9 4.13%108 101.3% 107
DETRI Resnet-101 100 57.4 89.5 6.02x10° 186. 0> 107

YOLOv5nl 3! CSPDarkNet53 100 63.3 89. 1 2.50%10° 7.1%109
YOLOv6nl4 CSPDarkNet53 100 61.4 87.3 4.30X108 11.8% 107
YOLOX-tinyl %] CSPDarkNet53 100 55. 1 84.4 6.50X 106 6.5 109
YOLOv7-tinyl 8] CSPDarkNet53 100 41.7 64.2 6.00X 105 13.9%109
YOLOv8nl™ CSPDarkNet53 100 65. 4 90. 3 3.00X 108 9.0x107
S-PANet-tinyl 28] CSPDarkNet53 100 54.2 84.3 3.80X 108 5.7X109
YOLOM;s[29] CSPDarkNet53 100 65.2 91.5 9.30x 108 26,9109
YOLO11n( baseline) [] CSPDarkNet53 100 63.2 89.5 2.60x10° 6.3x10°
ETF-YOLO11n(Ours) CSPDarkNet53 100 65.6(+2.4) 90.7(+1.2) 2.90X10° 10.6X10°
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Table 4 Ablation experiment results on the KITTI dataset

TFF  HDCFE  GeoCloU APl % mAP/ @0.5% Parans FLOPs FPS
X X X 63.2 89.5 2.6x106 6.3x107 672
J X X 64.5 90.0 2.7X108 6.8Xx10% 625
X NG X 64.4 90. 1 2.9X108 10.2X109 587
X X J 64.8 89.9 2.6x105 6.4%x109 652
J J X 65.0 90. 4 2.9X108 10.6 X109 557
X N/ N/ 65.1 90. 3 2.9%106 10.2X109 561
J X J 65.2 90. 1 2.7X108 6.8x10% 593
J J J 65.6(+2.4) 90.7(+1.2) 2.9X10°  10.6X10° 529

¥ 7 3 ETF-YOLO11n J5 ¥ 78 KITTI %4 & iy n] #)
FREER 0 VAT HIEEL S 2 1T W B8 3 17 W A g
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K7 ETF-YOLOLln & KITTI ¥4 5k b a0 T k45 R
Fig. 7 Visualization results of ETF-YOLOI11n on KITTI
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Fig.8 Accuracy curves on KITTI dataset
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Table 5 Generalization experimental results on COCO-Traffic

Methods Backbone APl Y% mAP @0.5 % Parans
Sspl2l VGG16 48.4 28.7 —
RetinaNetl30] VGG16 36.1 56. 4 —
YOLOv5s?! CSPDarkNet53 36.9 55.5 7.1x108
YOLOXs!?] CSPDarkNet53 39.0 59.7 9.0x10°8
YOLOv7-tinyl®1  CSPDarkNet53 41.7 64.2 6.0x10°8
YOLOv8n! ™ CSPDarkNet53 38.9 54.8 3.0X 108
YOLOLIn CSPDarkNet53 41.2 58. 6 2.6>108
(baseline) [9] '
ETF-YOLOl1n CSPDarkNet53 42.5 59.8 2 9% 100
(Ours) (+1.3) (+1.2)

9 ETF-YOLOLlln 7E COCO-Traffic ¥4 b 4 ] W4k 25 5
Fig. 9 Visualization results of ETF-YOLO11n on COCO-Traffic
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Table 6 Generalization experimental results on YOLOv8 model
Methods APl % mAP @0.5 % parans
YOLOv8nl7] 65.4 90.3 3.0X 108
ETF-YOLOv8n( Ours) 66.9(+1.5) 91.5(+1.2) 3.3X10°
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Table 7 Comparison of model complexity
Methods APl % Parans FLOPs
DETRI[] 54.9 41. 3% 108 101. 3> 107
YOLOv5nl 3! 63.3 2.5x108 7.1%10°
YOLOX-tinyl?!] 55.1 6.5x106 6.5x10°
YOLOv7-tinyl 6] 41.7 6.0x 108 13.9x10°
YOLOv8nl™ 65.4 3.0x106 9.0x107
YOLOv9s!8] 69.1 9.6>108 38.7x10°
ETF-YOLO11n( Ours) 65.6 2.9X106 10. 6 X 10°
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