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Collaborative land classification method using CNN combined with
Transformer for hyperspectral images and LiDAR data
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of Science and Technology, Harbin 150080, China)

Abstract: In the field of collaborative classification between hyperspectral images and LiDAR data, although CNN and Transformer have
shown keen insight into local features and global dependencies in image processing and data analysis, their collaborative mechanisms
have not been fully explored, and the potential for cross-modal feature complementarity has not been effectively unleashed. Therefore,
this article proposes a multimodal collaborative land-cover classification method for remote sensing data that combines CNN with
Transformer for hyperspectral images and LiDAR data. Firstly, the model performs dimensionality reduction on hyperspectral images
through principal component analysis to remove redundant spectral information. Then, it uses CNN layers to capture local texture
features, and constructs a global spectral-spatial representation using the Transformer self-attention mechanism. Then, through a
bidirectional feature interaction mechanism, the global contextual information from the Transformer is injected into the CNN feature
channels, while the local details extracted by the CNN are fed back into the Transformer branch. Cross-scale feature alignment is
achieved through the feature coupling unit, enhancing the joint extraction ability of the model for the global structure and local details of
hyperspectral images. For LiDAR data, a dynamic convolution cascade module is used to effectively capture elevation information and

contextual relationships. Finally, a cross-modal feature fusion module is used to achieve deep interaction and fusion of dual source data
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features, improving the classification accuracy of complex land features in the complementary semantics of dual modalities. Experiments

on three publicly available datasets—Houston 2013, Trento, and Augsburg—showed that the overall classification accuracy of our
proposed method reached 99. 85% , 99. 68% , and 97. 34% , respectively, with average accuracies of 99. 87% , 99.34% , and 90. 60% .

This improvement in classification accuracy compared to mainstream methods such as GLT and HCT fully demonstrates the advantages

and effectiveness of our proposed method for multimodal data collaborative classification.
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Fig. 1  Multi modal data classification method diagram combined CNN with Transformer
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Fig. 6 Pseudo-color, grayscale, and ground truth maps

of the Houston2013 dataset
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Fig.7 Pseudo-color, grayscale, and truth maps of

the Trento dataset
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Fig. 8 Pseudo-color, grayscale, and truth maps of the

Augsburg dataset
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Table 1 Comparison of classification accuracy of different methods on the Houston2013 dataset

a3 HSI HSI+ LiDAR
= RSSAN SSFTT NeiCoT GAHT CALC DSHF GLT HCT MMCT
COl  98.14+1.85 99.42+0.71  99.70+0.33  99.84+0.28 98.66+1.10 97.78+0.91  99.26+0.70 99.43x0.53 99.77x0.36
C02  99.80+0.14  99.28+0.41  98.92+1.05 100. 00 99.60+0.57  99.06+0.58  99.59+0.32  99.87+0.10 99.74+0.27
CO03  98.34x1.32  99.31+0.87 99.31+0.69 98.99+0.91  99.78+0.35 99.96+0.08  99.92+0.10 99.96+0.08 99.92+0. 10
C04 97.09+1.21 98.84+1.05 99.21+0.40 98.90+0.34 99.55+0.41 98.90+0.51 99.62+0.41 99.83x0.11 99.78+0. 18
CO5 98.58+1.07 96.43+2.48  99.96+0.08  99.88+0.26 99.93+0.09  99.79+0. 18 100. 00 99. 82+0. 04 100. 00
C06  99.79+0.37  99.55+0.72 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
CO07  99.53+0.22  99.59+0.55 98.32+1.18 99.91+0.11 99.18+0.92 98.43+1.33  99.08+0.81 98.66x1.14 99.82+0. 31
CO8 98.19+1.92  99.02+0.75 98.94+0.68 98.18+0.71  98.40+0.91 97.42+2.57 99.58+0.41 99.47+0.62 99.63+0.74
C09  98.67+1.95 99.51+0.34 98.90+0.95 99.97+0.04 98.38+0.85 97.41+£1.98 98.07+1.44 97.24+1.68 99.98+0. 05
CI0  97.96+0.83  99.47+0.32  99.95+0.14  98.88+0.97 100. 00 99.27+1.32  99.73+0.29  99.44+0.74  99. 80+0. 45
C11  99.37+0.89  99.62+0.29  99.85+0.19  99.06+0.95 99.94+0.10 98.35+1.37 99.79+0.17 99.72+0.29 99.90+0. 19
Cl12  98.37+1.83  99.60+0.22 99.25+0.62 99.84+0.20 99.44+0.45 98.21+1.26 99.04+0.64 99.85+0.19 99.81+0.22
CI13  99.74+0.35 99.78+0.42 99.07+0.88 98.70+0.84 98.91+2.01 98.74+0.91 99.93+0.14 99.70+0.61 99.95+0. 10
Cl4  99.46+0.69  99.51+0.48 100. 00 99. 07+0. 94 100. 00 99. 60+0. 63 100. 00 100. 00 100. 00
C15  99.03+0.71  99.65+0. 24 100. 00 99.82+0.09  99.98+0. 06 100. 00 100. 00 100. 00 100. 00
OA/% 98.65+0.53  99.04+0.43  99.27+0.35 99.39+0.19  99.29+0.18  98.99+0.58  99.46+0.17  99.43+0.15 99.85+0. 05
AA/%  99.06+0.39  99.12+0.32  99.35:0.24  99.44%0.15 99.45+0.20 99.21+0.45 99.57+0.13  99.55+0.13  99.87=+0. 06
Kx100 98.30+0.58 98.63+0.40 99.12+0.39  99.22+0.33  99.23+0.20 98.91+0.63  99.41+0.19  99.38+0.16 99.83+0. 06
R 2 AEHE Trento HIFE LN RBEITLE
Table 2 Comparison of classification accuracy of different methods on the Trento dataset
e HSI HSI+ LiDAR
= RSSAN SSFTT NeiCoT GAHT CALC DSHF GLT HCT MMCT
COl  95.12+1.55 96.55+1.66 96.24+1.50 97.25+1.16 97.14+2.56  99.39+0.40 98.79+2.46  99.15+0.49 99.97+0. 03
C02  94.21+0.68 96.77+0.96 97.98+0.94 98.15+0.84 98.91+£1.20 99.31+0.63 98.20+1.74 98.67+0.42 99.21+0.52
CO3  98.82+0.32  99.22+0.12 99.11+0.15 99.45+0.22 97.17+1.55 99.23x1.09  98.96=0. 86 100. 00 98.17+0. 90
C04  99.02+0.71 98.61x1.06 99.43+0.53  99.87+0.11  99.20+0.21  99.97+0.05  99.89+0. 15 100. 00 100. 00
CO5  99.93+0.07  99.98+0.02  99.99+0.01  99.94+0.04 98.90+0.99  99.29+0.56  99.93+0.10  99.96+0. 08 100. 00
C06  99.63+0.15 99.55+0.38  99.84+0.09 99.92+0.03 97.36+1.01 95.68+3.07 96.24x2.54 98.94x0.48 99.04x0. 80
OA/% 98.17+0.47  98.91+0.14  99.00+0.10  99.26+0.19  98.54+0.76  99.14+0.30 99.21+0.42 99.55+0.10 99. 68+0. 03
AA/%  96.72+£0.92  97.74+0.69  98.70+0.53  98.52+0.81 97.91+1.37 98.81+0.51 98.67+0.61  99.30+0.14 99.34+0. 11
KX100 97.59+0.62  98.56+0.28  98.99+0.25 99.02+0.13  98.38+0.90 98.84+0.44  98.94+0.56 99.43+0.13 99.57+0.05
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Table 3 Comparison of classification accuracy of different methods on the Augsburg dataset
e HSI HSI+ LiDAR
= RSSAN SSFTT NeiCoT GAHT CALC DSHF GLT HCT MMCT
COl  94.43+7.71 96.18+5.89 97.15+1.64 98.17+0.83  97.85+0.76 99.42+0.71 96.79+1.87 98.71+0.16 98.41=+0. 36
C02  93.02+4.67 93.38+2.61 98.16+0.58  99.04+0.49 93.73+2.41 98.31+1.87 98.71+£0.99  98.65+0.33 99.13+0.28
CO3 83.33+11.22 85.01+8.07 93.10+1.82 92.18+1.54 90.11+3.77 86.65+2.84 88.23+1.99 91.68+2.42 91.35+3.01
C04  96.03+5.61 96.46+2.16 96.90+1.34 97.06+1.12 98.25+1.03  96.43+2.48 97.78+1.60 98.83+0.33 97.43+1.04
CO5 36.09+10.82 83.68+17.04 76.27+7.08 85.13+4.82 64.97+3.86 70.49+3.40 79.96+3.95 83.07+5.72 91.18+5.61
C06 53.89+18.83 50.56+20.24 65.97+£9.79  75.55+£2.23  46.60+2.25 52.38+3.59 66.95+3.54  70.49+5.27 82.78+4.33
CO7  56.57+25.32 60.79+20.60 56.02+10.99 68.73+1.29 58.39+7.11 62.71+5.62 71.34+4.41 66.22+3.15 77.22+2.23
OA/% 91.02+2.59  93.11+2.22  95.85+0.49 96.31+0.55 94.30+1.43 94.68+1.23  95.44+0.69 97.04+0.14 97.34+0.17
AA/% 68.99+14.21 80.87+7.11 83.37+2.86 86.52+1.17 80.63+3.82 82.44+1.80 86.45+1.78 86.81+0.63 90.60=+1.43
Kx100 87.11+7.61 90.12+3.24  93.99+0.71  95.09+0.58 93.65+1.69 94.08+1.30 93.94+0.92 95.76+0.19 96.17+0.24

&9

Fig. 9 Classification results of different methods on the Houston2013 dataset
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Fig. 10  Classification results of different methods on the Trento dataset
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Fig. 11  Classification results of different methods on the Augsburg dataset
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Table 4 Ablation analysis of different modal data inputs

) Houston2013 Trento Augsburg
e
O0A/% AA/% K x 100 OA/% AA/% K x 100 0A/% AA/% K x 100
HSI 99.28+0.38 99.44+0.31 99.22+0.42 99.20+0.16 98.57+0.41 98.92+0.21 95.60+2.27  88.52+2.73 93.72+3.12
LiDAR 68.81+5.53 69.63+6.54 66.23+5.96 91.76+6.37 88.13+4.25 89.19+7.88 74.04+11.91 59.41+11.03 65.01+14.30
HSI+LiDAR  99.85+0.05 99.87+0.06 99.84+0.06 99.68+0.03 99.34+0.11 99.57+0.05 97.34+0.17 90.60+1.43 96.17+0.24
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Fig. 16  t-SNE visualization of the Houston2013 dataset under different sensors
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Fig. 17  t-SNE visualization of the Trento dataset under different sensors
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Fig. 18 t-SNE visualization of the Augsburg dataset under different sensors
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Table 5 Ablation experiments of various modules
on the Houston2013 dataset

B A B C O0A/% AA/% K x 100
1 — V.V 99.38£0.44 99.38+0.39 99.32:0.56
2 V. — V' 99.62+0.19 99.70+0.16 99.59+0. 21
3V V. — 99.56+0.22 99.66x0.16 99.52+0.23
4 V.V V 99.85:0.05 99.87+0.06 99.84+0.06
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