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DF-Former: An Image Classification Method with Fusion Learning in
Spatial and Frequency Domains

YU Jianyi, CAI Zhihua
(School of Computer Science, China University of Geosciences (Wuhan) , Wuhan 430072, China)

Abstract: The Transformer model possesses a robust capability for extracting low—frequency information but lacks sensitivity to high—frequen-
cy information and is constrained by the high computational cost of self-attention, which severely limits its practical applications. To address
these issues, this paper proposes an efficient frequency—branched structure named SFF, which is centered around the concept of 'divide,
guide, and fuse’ and does not require prior knowledge from human experts. The SFF adopts the philosophy of 'dimensionality reduction fol-
lowed by dimensionality expansion’ to further reduce its computational load. Comprising a spatial encoder, a frequency encoder, and a domain
feature fusion module, SFF is capable of efficiently extracting and fusing high—frequency local features and low—frequency global regional fea-
tures. Based on the core of SFF, this paper further proposes a novel vision network called DF—=Former. On the public datasets ImageNet10 and
CINIC10, DF-Former achieves an accuracy of 85.18% and 91.32%, respectively, demonstrating excellent performance with a lower parame-
ter count and computational load compared to traditional models.
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Table 1 Results of comparison experiment
®1 IELBWHER
Batch_ Params FLOPS Top-1 Top-5
size M 1G 1% 1%
ResNet50 296 23.71 4.11 83.74 95.58

Swin—Tiny 252 27.59 4.51 83.82 9544
InceptionNeXt-T 168  25.77 4.20 85.37  96.24

Dataset Model

ImageNet100

[Former—S 168 19.52 4.85 85.72  96.46
DF-Former 214 16.23 3.95 85.18 96.44
ResNet50 296  23.71 4.11 80.58  98.25

Swin-Tiny 252 27.59 4.51 79.12 98.31
CINIC=10 InceptionNeXt-T 168 25.77 4.20 87.39 99.23
IFormer—S 168 19.52 4.85 83.61 98.07
DF-Former 214 16.23 3.95 91.32 99.78
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/D 41.17% . FLOPS [ 12.429% ()15 L F , Top—1 #EHf R 41
T T 1.36%, Top-5 HER R T+ T 1%; 5 [Former—S #H [,
DF-Former £ S50 I /b 16.85% . FLOPS [ 18.56% 1 4%
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0.02%; 5 InceptionNeXt-T L, DF=Former 7F 2% i />
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Table 2 Ablation experiment results

R2 HUXLRLER

Dataset SE FE ECA Params/M FLOPS/G Top-1/% Models

x v W 16.02 3.85 8148  FE-only

vox oY 16.87 427 8490  SE-only

ImageNet-100 ¥V x 16.23 3.95 84.60  No-ECA
v oy 16.23 3.95 85.18 DF-Former
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