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Abstract: To address the high computational complexity, limited feature robustness, and constrained clas-
sifier performance of conventional object detection methods in ore particle size detection, a few-shot object
detection approach was proposed to reduce annotation cost and improve generalization under data-scarce
conditions. The proposed method was built upon the CenterNet2 framework and employed a lightweight

VoVNet as the backbone to ensure detection efficiency. A parallel dual-attention feature fusion module
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was designed as the core component. Specifically, a channel cross-attention module was introduced to re-
calibrate channel-wise feature responses, while a spatial group-attention module emphasized discriminative
target regions. The coordinated operation of the two modules enhanced the fusion of task-relevant features
and provided effective guidance for query image detection in few-shot scenarios. Experimental results on
an ore dataset show that the proposed model achieved an average precision (AP) of 55.2%, with AP,
and AP, reaching 78.5% and 66.9% , respectively. The inference speed reached 57 frames per second
(FPS), while the attention module required only 16. 1 M parameters, indicating a favorable trade-off be-
tween accuracy and efficiency. Experimental results demonstrate that the proposed method effectively en-
hances the perception performance of few-shot ore particle size detection. Moreover, it possesses high po-
tential for edge deployment, providing a reliable technical solution for real-time detection challenges in

smart mines under computation-constrained conditions.
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Fig.3 Diagram of the spatial group-wise attention module
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Fig. 5 Visualization of the effects before and after applying the parallel dual modules
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R4 FHEREMTE 25-shots i B THIEREXTLE
Tab.4 Performance comparison of parallel structures un-
der the 25-Shot Setting

HEEN

3.4 XfEE=XH
3.4.1 HAh#FE(SOTA)

SCWE It AP, AP R AP 8 AR 160 41 B
% L5 TFA"  Meta R-CNN"™ FsDetView"",

- AP AP, AP, AP, AP, FPS
R MPSR . FCT™ % % it 24 i it 5 i# (State-of
SlmAVMV""J 54.6 77.8 66.5 54.7 58.4 47 the-Art, SOTA) B FSOD 55 3 5 77 1 A H. 5 .
CATSBLTST GRS S LSTL SR g g G (A 25 SRR DR S
GAM"™  16.6 27.9 18.2 16.1 33.6 39 10603 H # E1Z.
CBAM™ 546 77.8 66.4 54.6 58.6 52 W35 5 60 4 IR 4E -5 25 FSOD
BAM 542 77.2 65.8 54.3 58.1 46 SEEHEAT AR LS B v, AR D7 EE RS 55,17 %6 1Y
AXHH: 55.2 78.5 66.9 55.2 58.8 57 APH , 888 A 5 e 3E 0 /N FEAS B A A I 55 1
OreFSDet,
x5 ESOTARZEET AHESE LMWEFEREITLE
Tab.5 Overall Performance Comparison with SOTA Methods on the Ore Dataset
WIRES CRNCES AP AP, AP, FPS  #AIK/N/MB  #EH N F/MB
TFA Resnet101 33.9 57.4 35.7 5.7 230 3042
FSCE Resnet101 39.5 58 45.2  22.7 298 4 462
FSCE Resnet18 20.8 55 12.4  41.6 51.2 2410
FSCE VoVNet 28.4 51.4 29.5  47.7 49.9 2596
Meta R-CNN Resnet50 22.1 39 24.1  26.1 148 2422
FsDetView Resnet50 24.8 41.4 28.4  27.9 157 2438
MPSR Resnet101 36.8 50.5 4.5 6.7 462 3068
MPSR VoVNet 15.4 41.8 7.3 41.4 117 2 288
Multi-RelationDet Resnet50 29.1 42.3 35.2  27.8 211 1667
MFR-CNN Resnet101 27.3 47.3 29.6 18 627 2303
OreFSDet VoVNet 54. 1 78.4 64.7 50 19 1059
FCT PVTv2-B2-Li 33.6 55.6 37.9 10 93 1882
DCFS™ Resnet101 39.6 68.9 41.0  16.1 334 2109
FS-OreDet " Resnet50 42.5 71.8. 49.6 33 114 1531
BHRL" Resnet50 31.9 57.8 32.6 25 797 2 037
A SCTT Ik VoVNet 55. 2 78.5 66.9 57 16. 1 2 463
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(a) Input Image
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Fig. 6 Visual comparison of different methods under 25-shots setting
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