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Abstract This paper proposes a wavelet-spatial high-order feature aggregation network (WHFA-Net) which can be
divided into two branches: wavelet domain feature extraction and spatial domain feature extraction. Firstly, a Harr wavelet
transform is embedded into convolutional neural networks (CNNs), and low-frequency components of the depth-wise
convolutional features are retained as wavelet depth features. Secondly, depth feature learning is performed by the max
pooling, and then the output is used as spatial depth features. In addition, the wavelet domain and spatial domain depth
features are vectored, and their auto-correlation and cross-correlation high-order depth feature vectors are obtained.
Feature regularization, feature aggregation, and feature normalization are then performed in sequence. Finally, a cross-

entropy loss function is utilized for end-to-end network training. The experimental results on NWPU45
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(NWPU-RESISC45 Dataset) and AID (Aerial Image Dataset) show that compared with that of the benchmark network
(VGG-16), the accuracy of the proposed WHFA-Net in scene classification is improved by 5.13%-12.12%.
Furthermore, compared with DCCNN, APDC-Net, GBNet, LCNN-BFF, MSCP, and Wavelet CNN, the accuracy of

WHFA-Net in scene classification is higher. Additionally, the effectiveness and performance differences of each module

and branch are verified through the ablation experiments. Therefore, WHF A-Net can effectively and stably extract the

high-order aggregated features of different feature domains in remote sensing scene images and accurately perform scene

classification.
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Fig. 1 Results of feature extraction by max-pooling, average-pooling, and wavelet transform. (a) Remote sensing images; (b) max

pooling; (c) average pooling; (d) wavelet transform
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Table 1 Differences between proposed network and existing remote sensing image scene classification algorithms

Network Spatial domain Wavelet domian High-order feature extraction End-to-end training
mscpH v X
DCCNN'
APDC-Net'™”
Wavelet CNN-"
SCCov™
WHFA-Net

Lo 4l L Ll &L

X wavelet
max-pooling | pooling

wavelet-spatial
feature
extraction

® outer operation

@ element-wise sum

Fl 2 A SCHTE: WHF A-Net 19 5 4 42 4
Fig. 2 Network architecture of proposed WHF A-Net
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Fig. 3 TImages of several classes from AID dataset. (a) Airport; (b) bare land; (c) bridge; (d) dense residential area; (e) farmland;

() forest; (g) railway station; (h) square
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Fig. 4 TImages of several classes from NWPU45 dataset. (a) Airport; (b) beach; (¢) church; (d) desert; (e) harbor; (f) lake; (g) mountain;

(h) thermal power station
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Table 2 Comparison of scene classification accuracy of algorithms

unit:%

Classification accuracy of AID

Classification accuracy of NWPU45

Network
20% scence images 50% scence images 10% scence images 20% scence images
VGG-16 86.59+0.29 89.64+0.36 76.474+0.18 79.7940.15
DCCNN 87.37+0.41 91.49+0. 22 83.97+0.19 85.63+0.18
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GBNet 90.1640. 24 93.7240. 34 — —
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WHFA-Net 91.72+0.19 96.1440. 14 88.59+0. 21 91.84+0.13
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