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Hyperspectral image classification via high-low frequency
enhancement and cross-layer graph convolution aggregation

MA Xin'", WANG Xiyuan®, BAI Xuebing’

(1. School of Information Technology, Ningxia Polytechnic University of Business and Technology,
Yinchuan 750021, China;
2. School of Electronic and Electrical Engineering, Ningxia University, Yinchuan 750021, China;
3. School of Advanced Interdisciplinary Studies, Ningxia University, Zhongwei 755000, China)

Abstract: To address the problems of local texture and edge-detail loss, limited receptive fields in the
convolution branch, and insufficient use of cross-layer structural information in the graph branch for
hyperspectral image classification, this paper proposes a CNN-GCN joint classification model with high-
low frequency enhancement and cross-layer graph convolution aggregation. The model improves input
representation through high-low f{requency residual enhancement, extracts multi-scale spectral-spatial
features using a multi-stage dynamic convolution encoder, enhances regional structural modeling by cross-

layer weighted aggregation in the graph branch, and performs collaborative modeling through cross-branch
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attention fusion. Experiments on three public datasets, Indian Pines, Pavia University, and Salinas,

achieve overall accuracies of 92.94%, 95.11%, and 97.50% , with corresponding Kappa coelficients of
91.94%, 93.50%, and 97.22%, respectively. The results show that the proposed method can

effectively integrate local details, spatial context, and regional topological structure information, achieving

competitive classification performance across different types of hyperspectral classification scenes.
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Tab.2 Sample partition of the Indian Pines dataset

ZH B F % YIghk Bk Wit
1 BN Alfalfa 11
2 Corn-notill 29 29 1370
3 . Corn-mintill 17 17 796
4 Corn 5 5 227
5 - Grass-pasture 10 10 463
6 Grass-trees 15 15 700
7 - Grass-pasture-mowed 1 1 26
8 Hay-windrowed 10 10 458
9 Oats 1 1 18
10 Soybean-notill 20 20 952
11 Soybean-mintill 50 50 2355
12 Soybean-clean 12 12 569
13 Wheat 5 5 195
14 Woods 26 26 1213
15 . Building-G‘raSS- g g 370

Trees-Drives
16 | Stone-Steel-Towers 2 2 89
Bt 212 212 9845

%&£ 3 Pavia University 2118 &% 4
Tab.3 Sample partition of the Pavia University dataset

kx5 B By P4 gk ®uE ik
1 B Asphat 14 14 6555
2 B Meadows 38 38 18573
: R e 5 5 2089
4 Trees/Grass 7 7 3 050
5 B Metal sheets 3 3 1339
6 Baresoil 11 11 5007
7 Bitumen 3 3 1320
8 Bricks 8 8 3 666

9 Shadows 2 2 938
it 91 91 42573
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Tab.4 Sample partition of the Salinas dataset

il ) g gk Bk ik
1 Brocoli green weeds 1 5 5 1999
2 Brocoli green weeds 2 8 8 3710
3 Fallow 4 4 1968
4 Fallow rough plow 3 3 1388
5 - Fallow smooth 6 6 2 666
6 Stubble 8 8 3943
7 Celery 8 8 3563
8 Grapes untrained 23 23 11225
9 . Soil vinyard develop 13 13 6177
10 . Corn senesced green ; ; 5 264

weeds

11 - Lettuce romaine 4wk 3 3 1062
12 Lettuce romaine Swk 4 4 1919
13 Lettuce romaine 6wk 2 2 912
14 Lettuce romaine 7wk 3 3 1064
15 Vinyard untrained 15 15 7238
16 - Vinyard vertical trellis 4 4 1807

Bt 116 116 53 879
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1€ Indian Pines (5 4 I, tH T2 501 A1y
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Tab.5 Classification accuracy comparison of different methods on the Pavia University dataset

NO. 2DCNN CEGCN FDSSC MCTGCL AMGCFN HFRCGFN
1 80.81+12.01  96.0241.76 95.73+3.22 90.8443.41 92.08+6.06 94.50+3.55

2 96.59+2.09 97.28+1.31 97.134+2.01 99.2840.48 99.86+0.13 99.46+0.76

3 35.704+13.95  85.28%6.83 T4.77+7.26 75.844+5.45  81.33+£12.70  86.01+10. 86

4 81.53+8.99 83.71=5.83 91.4145.81 77.54+=4.12  83.03%10.65 81.94+7.92

5 94.454+5.23 98.1240.11 99.8440. 36 99.8840. 16 98.56+3.12 99.94+0. 16

6 69.734+23.13  96.47+2.15  98.27+2.04 98.034+2.55 97.91+2.38 99.214+1.08

7 69.16+12. 14 95.68+2.42 94.32+3.12 90.69+3.89 90.70+9.03 86.72+18.63

8 73.44+8.37 94.8643.53 90.6249.68  84.03+5.54 94.27+4.21 94.70+4.03

9 93.39+6.87 88.64+5.80 97.594+1.71 92.854+4.80  76.43+17.57  61.28+18.33
OA(%) 83.94+4.93 95.0140.51 94.9940.58 93.4240.89 94.98+1.69 95.11+£1.23
AA(Y) 77.2044.83 92.9041.01 93.30+1.26 89.89+3.38 90.46+3.95 89.31+2.71
Kappa( %) 78.33+7.04 93.9740.67 93.3840.76 91.24+1.17 93.32+2.26 93.5041. 64
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£ 6 &% Indian Pines B E P LR EITLE

Tab.6 Classification accuracy comparison of different methods on the Indian Pines dataset

NO. 2DCNN CEGCN FDSSC MCTGCL AMGCFN HFRCGFEN
1 29.56+14.37 5.4545.40 68.214+39.84  98.14+0.93  82.32+17.86  70.14+8.26

2 58.084+28.77  86.17+3.77 88.13+5.02 85.32+1.95 92.30+2.00 92.88+3. 26

3 43.46+28.28  84.51+4.71 84.97+9.88 89.51+3.04 90.17+4.20 89.53+5.46

4 39.18420.38  47.05+12.87 87.25+27.94  77.07+5.81 93.35+7.47 91.86+8.45

5 79.774+12.01  89.22+5.16 97.86+3.42 83.28+0.34 89.42+6.11 87.13=6.67

6 95.40+3.92 99.2440.52 95.91+4.76 98.7140.55 93.72+3.93 95.2942.91

7 40.00+=19.58  29.624+17.71  85.74420.63  100.00£0.00  92.3448.98  88.30413.20

8 95.37+7.10 99.8040. 33 96.414+3.65  100.00+0.00  99.41+0.69 98.324+1.95

9 0.00=40.00 33.33%+29.61  74.58436.92 77.22+17.29 96.32+£11.05 77.95+27.71

10 62.34432.25  86.01£4.38 84.89%13.17  92.0741.63 86.09+5.93 89.98+3.15

11 72.04427.38  95.69+1.92 89.76+6.83 95.784+1.35 96.49+1.48 96.5941.16
12 37.804+15.94  75.82+13.81  86.95+5.94 76.43+5.17  80.27+11.65  83.64=+5.31
13 82.044+17.13  99.44+40.74 97.18+4.02 97.77+0.82 95.47+6.93 91.34+8.73
14 87.15+28.35  99.18+1.62 94.11+2.97 99.1340.32 97.66+1.25 97.7243.91
15 65.634+21.60 71.03+14.81  95.03+5.16 96.67+1.03 92.03+6.71 87.96+9.13
16 81.54+21.81 77.19421.51  96.88+3.01 93.714+2.72  90.53+11.99  79.91+11.25
OA(%) 68.734+12.79  89.12+1.96 89.34+3.12 92.1840. 36 92.8340.91 92.94+1.01
AA(Y) 60.594-10.44  73.67+4.44 88.76+4.55 91.3042. 69 91.74+2.19 88.66=3.07
Kappa( %) 64.244+14.35  87.51+2.28 87.95+3.68 91.08£0.41 91.82+1.05 91.94+1.16

R7T ‘FEFE Salinas HIEE FW S LBEITLE
Tab.7 Classification accuracy comparison of different methods on the Salinas dataset

NO. 2DCNN CEGCN FDSSC MCTGCL AMGCFN HFRCGFN
1 74.66436.02  99.26+1.56 99.03+2.06 99.9940.02 99.05+1.42 99.3540. 86

2 98.25+3.12  100.00£0.00  100.00+0.01 99.9140.19 99.85+0.22 99.9140.17

3 82.99+29.30  96.37%6.84  95.01%+11.69  100.00=£0.00  98.3443.45 98.3143.37

4 89.41+29.69  97.34=+6.30 97.93+3.89 99.3840. 54 96.42+1.83 97.6943.90

5 87.64+29.28  98.67%1.15 97.38+1.49 98.1740.42 90.09+6. 59 90.6949.15

6 88.54+29.45  99.63+0.48 99.85+0. 39 99.7940. 31 98.54+2.04 99.4940. 84

7 88.28429.45 99.91+0.14 99.86+0.19 99.99+0.01 99.40+1.00 99.56+0.77

8 83.30%6.40 92.97+2.20 93.05+2.53 77.7943.43 91.41+3.57 95.21+2.14

9 99.88+0.09 100.00£0.00  100.00=+0.01 99.8940. 10 99.94+0.14  100.00=£0. 00

10 75.30426.05  92.09+6.42 90.76+7.51 94.624+2.18 95.52+3.97 97.23+2.43

11 62.66+27.84 97.18+2.71 98.74+2.14 99.99+0.03 92.80+7.15 96.76+3.66

12 84.83+28.71 99.6640.93 99.98+0.03 99.5440. 38 98.01+2.89 99.7240.41

13 86.50+29.01 94.5849.08 97.70+3.28 98.93+1.12 97.11+3.06 98.7241.45

14 84.21+28.42  97.71+£1.98 98.58+1. 34 99.204+0.48  94.35+10.03  98.45+1.07
15 63.654+23.35  91.82+6.17 86.03+3.70 89.39+5.88 91.94+7.11 96.20+£5. 36

16 92.1947.11 95.6344.12 94.05+5.10 99.5940.29  96.41=+10.14  99.56=+0.89
OA(%) 83.87=14.05  96.28=%0.95 95.40+0. 66 93.4140.55 95.524+0.71 97.50+1.00
AA(%) 83.89+19.75  97.05£0.87 96.75+0.56 97.2640.96 96.20+1.22 97.9310. 64

Kappa( %)

81.79416. 36 95.86+1.06 94.8840.73 92.68+0.61 95.0240.79 97.22+1.11
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Fig. 6 Classification results of different algorithms on the Indian Pines dataset
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Fig. 7 Classification results of different algorithms on the Pavia University dataset
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Fig. 8 Classification results of different algorithms on the Salinas dataset
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Tab.8 OA comparison of different module settings on three datasets %
Setting 1 2 3 4
HFDR v v v v
MDCE v - v v
RGCWA - v v v
CAFM — — — N,
Indian Pines 92.36+0.67 92.55£0.60 92.5740.87 92.94+1.01
Pavia University 93.89+1.73 94.6041.18 94.81+1.78 95.11+£1.23
Salinas 95.0440.71 96.1120.60 97.1340.47 97.50£1.00
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Tab.9 Comparison of training time and parameter amount of different methods on three datasets
e ' . Ull%ﬁﬂfl‘ﬂ/(jﬁ/epéch) ' %?&ﬁ/K
Indian Pines Pavia University Salinas Indian Pines

MCTGCL 41.1 45.3 53.1 239.1
AMGCFN 11.8 71.8 37.2 368.2

2DCNN 75.2 44.2 40. 3 152.5

FDSSC 125.8 45.6 65.3 1230.7
HFRCGFN 11.1 66.2 40. 3 371.0
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RV B9 R B Z T AR IR R R i S O
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GEDREAR AT I AP Re S T RS T ADOGIE
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