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Multi-dimensional collaborative attention and weighted
feature fusion for part detection

Fang Yanyan' Lin Zhiling' Li Ningyu' Zhang Zhijian® Li Dan'
(1. College of Future Information Technology, Fudan University, Shanghai 200433, China;
2. School of Electronic Science and Engineering, Nanjing University, Nanjing 210023, China)

Abstract: To address the accuracy degradation in detecting occluded and complex stacked parts, an improved YOLO11-
based object detection algorithm named YOLO11-MBM is proposed. The method integrates a multidimensional
collaborative attention (MCA) mechanism and employs weighted feature fusion. The main strategies include three
aspects: Firstly, an MCA module is incorporated into the C3k2 module of the backbone network to fuse channel,
spatial and scale attention, which enhances the ability to distinguish texture-similar parts and effectively suppresses
false positives caused by texture confusion. Secondly. a weighted feature fusion architecture BiFPN-SFF-Concat is
designed in the feature fusion network. Through bidirectional feature propagation and a scale-sensitive dynamic feature
weighting strategy, it improves feature complementarity and detail representation in occluded scenarios, reducing
missed detections. Finally, the minimum point distance intersection over union ( MPDIoU) is adopted as the loss
function to improve localization accuracy and convergence speed. Experimental results on the extended Baidu Paddle
industrial parts dataset show that YOLO11-MBM achieves an mAP50 of 87.8% and an mAP50: 95 of 58.0%,
outperforming the baseline model by 6% and 9% respectively, while maintaining real-time performance (110 fps on
V100 GPU) and lightweight design (with only a 1. 1X10° parameter increase). The experimental results confirm its
practicality in complex industrial inspection scenarios and furnish a feasible technical solution for visual inspection
systems in smart manufacturing.

Keywords: object detection; multidimensional collaborative attention; weighted feature fusion
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Table 1 Performance comparison of 3 fusion strategies for MCA mechanism

F mAP50  mAP50:95 K% BE#%  GFLOPs  “FHHEMEE/ms S8/ (X10%)
YOLO11 0.818 0. 490 0. 816 0. 788 6.3 6.1 25.9
YOLO11-MCA- & 47 0. 822 0.537 0. 760 0.790 7.3 10. 8 25.9
YOLOI11-MCA-3£47 1 0. 827 0.555 0. 792 0. 789 6.3 10.0 25.9
YOLO11-MCA-Jf472  0.850 0. 560 0. 847 0.777 6.3 10. 6 25.9

2) TE = ML 2 RN b2 DL AR AR B 7 (CA)D L B i S
7E 7 77 (simple attention module, SImAM) 2 X%f I& , & 4F

x2

MCA BB, 25 RNk 2 o, 548 ToU BI{H KN
500 T A R B -F- 3 AP fH.
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Table 2 Performance comparison of different attention mechanisms

[ERi mAP50 mAP50:95 KRR PENEE S GFLOPs  “EMHEFRH /ms S/ (X109
YOLO11 0. 818 0. 490 0.816 0. 788 6.3 6.1 25. 9
YOLO11-CA 0. 825 0.520 0. 810 0. 819 6.4 7.9 26. 0
YOLOI11-SimAM 0. 827 0.531 0.814 0.793 6.3 10. 4 26.0
YOLOI11-MCA 0. 850 0. 560 0. 847 0.777 6.3 10. 6 25.9
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—EW L BARRAR., BT mAPS0 B E 0. 822,
mAP50:95 BEZ 0. 537, X 2 K by Wk & BUS 4T MCA
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2 9 & K C3k2-MCA ( YOLO11-MCA) ., BiFPN-SFF-
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Table 3 Performance comparison of different YOLO11 improvement strategies

R mAP50 mAP50:95 A% HEZE GFLOPs FHHBEE/ms S50E/(X10%)
YOLO11 0.818  0.490  0.816  0.788 6.3 6.1 25.9
YOLO11-MCA 0.850  0.560  0.847  0.777 6.3 10. 6 25.9
YOLO11-BiFPNSFF 0.848  0.542  0.841  0.769 6.5 7.5 27.0
YOLO11-MPDIoU 0.831  0.515  0.780  0.830 6.3 7.6 25.9
YOLO11-MCA-BiFPNSFF 0.866  0.568  0.812  0.838 6.5 10. 6 27.0
YOLO11-MCA-MPDIoU 0.868  0.576  0.882  0.768 6.3 10.1 25.9
YOLO11-BiFPNSFF-MPDIoU ~ 0.856  0.560  0.754  0.854 6.5 7.2 27.0
YOLO11-MCA-BiFPNSFF-MPDIoU 0.878  0.580  0.829  0.828 6.5 11.8 27.0

M 3 B[, @4 T MCA. BiFPN-SFF-Concat 5 mAP50 #F} £ 0. 866, mAP50:95 #2FF 2 0. 568, WM T £

MPDIoU B YOLO11-MBM #& %l #% & YOLO11 4% 7+ &
# ,mAP50 ik 0. 878, mAP50.95 Wi F+ & 0.580, EF 3
B 7% B T8 il 52 36 b, MCA 5 BiFPN-SFF-Concat 45 & fiff

JE RRAE Al A 5 5% gl X U TRE T 5 In A MPDIoU 1 A it
— Ak E K E , mAP50 T & 0. 878, mAP50: 95 FI &
0.580, A% THMEESESHMEMIRZE., ML
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Table 4 Performance comparison of YOLO11-MBM v. s. other existing models

gl mAP50  mAP50:95 RS A ] GFLOPs  “EHHEMR ] /ms S8/ (X10%)
Faster-RCNN 0. 635 0. 342 0. 696 0.618 180.0 38.0 42.0
YOLOvS 0. 788 0. 489 0. 744 0. 747 8.1 7.0 29. 0
YOLOv10 0. 801 0.503 0. 769 0.725 8.3 8.0 27.0
RT-DETR 0. 870 0. 582 0. 883 0. 818 125.7 18.0 42.0
YOLO11 0. 818 0. 490 0. 816 0. 788 6.3 6.1 25.9
YOLO11-MBM 0. 878 0. 580 0. 829 0. 828 6.5 11.8 27.0
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