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Abstract: Accurate classification of visually similar reducer parts is essential for precise assembly. Exist-
ing visual classification methods struggle with highly similar parts due to limited discriminative features and
low robustness to complex background interference, which can introduce errors in assembly. To address
these challenges, a HiFuse-based Spatial Dual-Focus Synergy Network (SDFSN-HiFuse) is proposed for
classification of reducer workpieces, targeting scenarios with large intra-class variance and small inter-class
variance. A multi-branch spatially adaptive dilation-rate selection mechanism is introduced to enable auto-

matic determination of appropriate receptive fields for deformed regions of workpieces. A two-stage geo-
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metric - local collaborative attention mechanism provides stepwise fine-grained guidance to features from

each dilation branch, dynamically reweighting features and enhancing discrimination of salient regions via a

coarse-to-fine refinement process. A deformable geometric graph is employed to model geometric topolo-

gy flexibly, overcoming the constraints of traditional fixed grids. Following deformable convolution, a cur-

vature gating mechanism preserves adaptive geometric deformation features, substantially improving re-

sponsiveness and representation accuracy on complex curved surfaces. On a custom dataset, SDFSN-

HiFuse achieves a 3.57% absolute improvement in accuracy and a 2. 99% increase in precision over the

baseline, while meeting real-time requirements with a processing rate of 300. 39 frame/s.

Key words: reducer workpiece classification; deep learning; attention mechanism; multi-scale dilated

convolution
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Tab.2 Comparative study of different expansion rates

i e 3 A% P/% Params/M FLOPs/G FPS/ms
2 89.41 90. 05 125. 50 18. 50 510. 58
Fifi LA B 96.43 96. 67 134.18 19. 89 463.13
1,3,5 96. 67 96. 64 160. 85 24.50 310. 05
3.6 FRESZHM LR B
W 7 45 225 ST 4R A Lo e
S ISR 5 AT AT HESC 0 45 R 3 R . 24 08} G sner
JH 345 3t A 96. 64 % BRI B KA 15.30 M, W‘W h wmm,W
FLOPs % 22.51 Gl Ji 54y it , A H189.41%, =" u‘r““‘”""wM ‘
BB B HOR I 11, 84% . FLOPS BN 11.06% . 1 ol P
L A 38046 . 1 2 1 T IR 43 0 2 8 I i
T8 021
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Tab.3 Comparative study of different numbers of branches

. Params FLOPs FPS
X A/ P/%
/M /G /ms
3 96.64 96.71 150.30 22.51 485.10
5 98.21 98.21 168.10 25.00  300. 39
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Fig. 7 Comparison of accuracy curves for classification

series algorithms
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Tab.4 Comparison of different classification algorithms
A Al% P/% Params/M FLOPs/G FPS/ms
ResNet18 96.43 96. 57 172.21 26.21 351.65
MobileNetV2 96.42 96. 64 142.57 23.65 600. 59
ShuffleNet 81.25 82.10 170. 65 26.11 366. 25
EfficientNetV2 97.32 97.37 165. 23 24.85 500. 65
ConvNext 82.14 82.61 170.55 25.11 300. 52
SwinV2-T 98.15 98. 26 210. 30 30. 67 250. 53
SDFSN-HiFuse 98.21 98.21 168. 10 25.00 300. 39
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Fig.8 Convolutional comparison
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Fig.9 Visualization results
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