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Abstract: To improve the classification performance of hyperspectral images with unbalanced, few-labeled
samples, an improved semantic autoencoder network is proposed in this paper. This network first introduces
hyperspectral category-label information into the semantic autoencoder model, establishing the association
between known and unknown categories by mapping the original data and label information of different
datasets to the same feature space. It then maps the training dataset features to the unified embedding space to
learn the correspondence between the visual features and the semantic features of the category labels. Finally,
an objective function based on a graph regularization term is constructed to preserve the feature manifold
structure in the dataset, and the global problem is decomposed into several smaller, more manageable local
subproblems using the alternating direction multiplier method to obtain the global optimal solution. Three
hyperspectral datasets with different spectral dimensions, numbers of spectral bands, and land cover types
were selected to ensure the diversity of the experimental data. The results showed that the proposed method
achieved better classification accuracy with a small number of labeled samples compared with other state-of-
the-art methods, making it suitable for the engineering classification of unbalanced hyperspectral image data.
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Table 1 Parameters of hyperspectral databases

Dataset Size Resolution/m Spectral range/um  Categories Used band
Indian Pines 145%145%220 20 0.4-2.5 16 200
Pavia University 610x340%115 1.5 0.43-0.86 9 103
Salinas 512x217x224 3.7 0.4-2.5 16 204
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F 2 AFFIEEILE Indian Pines £HE4E L1545 R
Table 2 Classification results of different algorithm models for Indian Pines dataset

Models SSRN  DFSL-NN SLSVM CCPGE 3D-CAE LapSVM SS-CNN  uFLCNN  Proposed

61.55 58.63 61.35 58.25 57.11 62.22 60.28 62.55 63.01
OA/(%)

+0.98 +0.58 +1.52 +1.23 +0.98 +1.07 +0.85 +1.21 +0.62

59.75 61.42 59.85 68.25 61.58 65.11 58.78 62.15 68.90
AA/(%)

+1.48 +0.42 +0.27 +0.86 +0.91 +1.21 +0.87 +0.77 +0.89

56.91 54.55 57.28 61.22 60.07 52.52 58.24 50.94 61.86

Kappa/(%)

+0.52

® (8 (h) (@) 0)
3 Indian Pines %38 4E T % OB (1) 23 2245 5. (a)SSRN;; (b)DFSL-NN; (c)SLSVM; (d)CCPGE; (e)3D-CAE; (f)LapSVM;
(g)SS-CNN; (h)uFLCNN; (i)Proposed; (j)Ground-truth
Fig.3 Classification maps for different comparison model for Indian Pines. (a)SSRN; (b)DFSL-NN; (¢)SLSVM; (d)CCPGE;
(e)3D-CAE; (f)LapSVM; (g)SS-CNN; (h)uFLCNN; (i)Proposed; (j)Ground-truth
#£ 3 ARFEEITE Salinas Valley 2044 1) 72545

Table 3 Classification results of different algorithm models for Salinas Valley dataset

Models SSRN  DFSL-NN SLSVM CCPGE 3D-CAE LapSVM SS-CNN  uFLCNN  Proposed

OA/(%) 85.52 90.18 79.73 94.61 92.14 91.02 93.25 94.25 95.01
o
+0.91 +0.82 +0.04 +0.15 +0.20 +0.14 +0.09 +0.09 +0.05
88.84 91.75 85.76 95.20 93.11 89.29 94.01 93.07 95.41
AA/(%)
+0.48 +0.07 +1.33 +0.92 +0.36 +0.27 +0.07 +0.18 +0.07
83.85 89.06 78.06 91.56 95.27 92.08 95.04 94.00 95.66
Kappa

+0.27 +0.04 +0.21 +0.03

(a) (b) (© (d) (e
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(g)SS-CNN; (h)uFLCNN; (i)Proposed; (j)Ground-truth
Fig.4 Classification maps for different comparison model for Salinas Valley.(a)SSRN; (b)DFSL-NN; (¢)SLSVM; (d)CCPGE;
(e) 3D-CAE; (f) LapSVM,; (g) SS-CNN; (h)yuFLCNN; (i)Proposed; (j) Ground-truth
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Table 4 Classification results of different algorithm models for Pavia dataset

Models SSRN  DFSL-NN SLSVM CCPGE 3D-CAE LapSVM SS-CNN  uFLCNN  Proposed
OA(%) 82.13 91.44 89.72 83.24 84.82 91.25 88.27 83.26 91.20
+2.05 +1.08 +1.37 +2.27 +0.95 +1.07 +1.22 +1.58 +0.35
AA(%) 79.53 84.27 83.66 87.24 86.91 89.08 88.00 84.26 88.65
+1.89 +1.26 +1.09 +0.98 +0.98 +1.02 +1.11 +0.74 +0.52
Kappa 89.06 95.24 93.77 94.02 92.12 95.11 91.58 93.67 95.26
+0.68 +0.17 +0.29 +0.13 +0.35 +0.25 +1.1 +0.27

+0.75

G (®

@ 0)
K5 Pavia BIEME T4 LR 2545 5. (a)SSRN; (b)DFSL-NN; (c)SLSVM; (d)CCPGE; (e)3D-CAE; (f) LapSVM;
(g)SS-CNN; (h) uFLCNN; (i)Proposed; (j)Ground-truth
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