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Abstract: To address the persistent imbalance between local and global representations in hyperspectral
image (HSI) classification, a Gaussian cross-feature fusion method (GCFFM) was proposed to explicitly
balance the contributions of heterogeneous cues during feature integration. Interactive couplings between
local and global feature streams were established via element-wise multiplication, enabling direct cross-
modulation of complementary information. Building on this interaction, a Gaussian cross-attention fusion

algorithm was devised to infer intrinsic relationships from the similarity of projected feature vectors. Fu-
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sion weights were parameterized by a Gaussian function, and the associated key parameters were opti-
mized end-to-end so that the model could dynamically reweight local and global features according to scene
content, thereby maintaining a balanced contribution throughout the fusion process. This design targeted
common failure modes in HSI classification-such as over-emphasis on fine textures at the expense of scene
context or, conversely, dominance of broad context that blurred class boundaries. Comprehensive experi-
ments were conducted on four public benchmarks-Indian Pines, Pavia University, Salinas, and LLongKou-
against eleven mainstream baselines, including DCSST, SMESC, and ViT-cov. Performance was evalu-
ated by using Overall Accuracy (OA), Average Accuracy (AA), and the Kappa coefficient. The pro-
posed method achieves the highest OA on each dataset: 96.67% on Indian Pines, 98.16% on Pavia Uni-
versity, 98.81% on Salinas, and 97.09% on LongKou. These gains are accompanied by consistent im-
provements in AA and Kappa, indicating that the model not only raises overall correctness but also enhanc-
es per-class reliability and agreement beyond chance. Overall, GCFFM delivers consistently superior clas-
sification across agricultural, urban, and heterogeneous mixed scenes, which demonstrates strong general-
ization and robustness. By coupling element-wise cross-feature interactions with Gaussian-parameterized
attention, the method provides a principled and effective solution to balancing local detail and global con-
text in HSI classification.
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Fig.1 Diagram of the Gaussian crossover feature fusion method model
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Fig.2 Local feature extraction module
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Tab.2 Method performance comparison on the IP data set (%)
Class DCSST SMESC Vitcov Swi-MSP MForm- GTFN CGCN DMS™ AMGEE €56 S2Mam- GCFFM
er Ger n Net a
1 98.05 100.0 11.11 92.68 47.72 100.0 100.0 98.29 77.27 50.00 36.36 88.55
2 51.78 87.60 88.01 91.48 92.99 87.30 69.53 95.85 91.13 91.90 91.80 94.62
3 55.43 83.49 96.52 96.92  95.98 91.79 77.71 91.45 97.49 97.34 91.40 95.12
4 77.28 92.82 88.26 90.56 87.28 98.71 97.46 98.84 80.86 78.28 95.95 94.76
5 80.61 95.44 98.50 87.44 99.78 94.19 89.91 95.70 94.63 85.78 95.39  96.06
6 91.26 100.0 98.72 99.23 98.43 96.71 99.15 97.95 95.09 97.82 98.40 98.87
7 98.7 100.0 100.0 98.15 100.0 94.87 100.0 55.55 96.29 100.0 73.08  97.96
8 83.07 99.37 100.0 98.91 100.0 99.85 99.23 100.0 100.0 100.0 99.33  99.83
9 98.67 100.0 89.47 66.67 84.21 100.0 100.0 41.17 100.0 68.42 66.67  79.09
10 66.61 74.27 95.97 96.57 94.31 96.04 78.64 93.62 85.04 88.53 87.83 95.00
11 63.53 81.95 96.38 98.36 99.61 88.38 46.76 93.94 98.01 92.87 88.12 97.67
12 53.91  71.50 93.56 96.19 91.56 80.70 70.52 92.92 84.99 78.88 68.87 93.79
13 99.05 100.0 98.49 97.81 100.0 94.62 100.0 99.81 100.0  98.94  98.96  99.45
14 83.76 97.62 99.67 100.0  99.25 95.43 95.84 99.16 98.92 96.12 97.98  99.04
15 82.10 90.93 90.10 92.52  94.07 99.16 98.09 96.03 79.61 99.73 94.52  96.72
16 100.0 100.0 76.66 76.82  77.52 99.47 100.0 87.34 100.0 69.41 91.95 93.59
OA 69.46 87.48 94.92 96.12  96.38 94.00 89.93 95.13 93.74 92.25 90.92  96.67
AA 80.24 92.19 88.84 92.52 91.42 94.83 88.93 89.85 92.46 87.13 86.04 95.01
Kappa 65.69 85.70 94.19 95.58 95.86 93.15 88.18 94.46 92.85 91.18 89.65 96.20
Parameter/K 6 216 430 1095 5029 372 5063 316 720 368 63 120 430
®3 PUHEE L FEMRELR
Tab.3 Method performance comparison on the PU data sets (%)
Class  DCSST SMESC Vitcov Swi-MSP "1 O™ gEN coen DM AMGCE CSG= S2Mam= oy
er Ger n Net a
1 78.77 92.61 98.04 92.22 99.40 89.62 91.77 97.29 94.48 78.50 81.05 97.47
2 83.54 96.94 100.0 97.26 99.94 97.24 99.28 99.66 98.91 99.29 97.45 99.80
3 68.83 97.99 90.90 88.12 88.27 84.52 35.95 89.24 87.52 82.08 64.63  95.97
4 93.11 86.81 94.49 100.0 80.87 94.91 87.10 98.35 93.58 93.12 83.76 90.96
5 99.71 99.62 100.0 97.45 99.85 98.71 92.64 100.0 99.86 97.41 97.45  96.22
6 79.72 90.81 97.35 98.74 98.68 99.59 94.13 92.00 98.85 96.38 96.17  99.88
7 89.26 87.51 100.0 95.14 100.0 98.97 92.54 99.30 95.45 94.07 91.94 97.24
8 73.39 87.94 90.26 92.19 91.15 91.59 95.20 89.92 97.90 90.59 91.17 98.34
9 96.36  99.78 94.77 99.97 91.93 96.07 85.52 97.93 81.01 87.79 94.47  93.15
OA 82.41 93.95 97.59 94.42 96.83 95.14 92.45 96.91 96.71 94.81 92.53 98.16
AA 84.74 93.34 96.20 95.68 94.45 94.58 86.01 95.97 94.17 91.03 88.68  96.56
Kappa 77.40 92.00 96.80 93.79 95.79 93.58 89.96 95.90 95.65 93.13 90.04 97.57
Parameter/K 6 185 398 1103 5045 377 5071 309 709 358 70 125 405




Pl

288

K TR

34 %

TE SA B By Segm a5 SRk 4 s .

GCFFM 7£ OA, AA Fll Kappa I ¥R 8 £
FEPERE . I XF E OA AT 1 : GCFFM 45 3 32 1
T DCSST Fl SMESC. SA ¥#i4E s ¥y Fh 25 £
H il %% 55, GON 1o Bir 4B 422 &1 £ it 1) 5 Kk =2
HY e A R R A e s M S5 R A 2 R T Ak
R . GCFFM my 45 R W] B # i Vit-cov, Swi-
MSP,MFormer, GTFN fil CSGNet., SA ¥4
S A b B R AR Y DR AR DN AR o T R B
W7 X AR FEA R Z T TR A X
BB . 5 CGCN, DMSGer, AMGCin #l
S2Mamba, GCFFM %5 1 it — L& F+ . H T SA
B EREARER NED RSS2 RER
B F S I AR ZR B AL B[R] bR A Y A R
Bl K, i 1 FLRE O G b A A LR AE 2 T
o AR

LK B 45 10y S 45 S an gk 5 iR .

GCFFM 7E OA, AA Fl Kappa J7 1 # H A
ENH . &R ER B i sh & 2 RO #
R oy F R 73 N o BB AU T
DCSST I SMESC H A [ s KRR 5 3501 341 A
B 1) 80, O H 22 R R 78 52 2% b 4 28 591 op 42 T
TS RAEGE ) o S R IRl G
T Vit-cov, Swi-MSP,MFormer, GTFN #1 CS-
GNet [ ] BRFAE PF 42 51 & 1Y M s T30, 3 =3
Ji] — 50 e S i 56 B 2 01 1) SR S S 4 R R AE T
i) % /% K1k . 5 CGCN, DMSGer, AMGCin
Fl S2Mamba A H , 38 &oF &5 37 3l 2 FRAE AL,
GCFFM 2 8L T 5C 8 F5 1 198G 1 9 1k, 35 5 OA
2 e R T o X BT ik 2 AR R S
B nl AL, GCFFM 7E 8 O OA [ 3L T 2 8 i
W 7E A B N .

x4 SAHIEE LHEERELLLE

Tab.4 Method performance comparison on the SA data sets (%)
Class DCSST SMESC Vit-cov Swi-MSP MForm- GTFN CGCN PMS™ AMGE €86 S2Mam- GCFFM
er Ger fn Net ba

1 99.65 100.0 99.65 99.44 100.0 100.0 99.83 99.55 99.04 68.99 51.85  99.65

2 99.97 100.0 100.0 100.0  100.0 99.97 99.52 100.0 99.99 100.0 100.0  99.89

3 89.37 81.88 100.0 99.77 100.0 99.97 92.40 100.0 100.0 87.92 100.0  99.83

4 99.47 99.85 99.64 95.64  98.48 99.59 96.62 99.78 99.07 99.85 99.84  92.08

5 91.18 99.58 96.85 91.91 100.0 95.89 92.13 95.35 93.18 97.67 98. 28 94.76

6 99.93 100.0 99.21 96.78  99.97 99.84 94.12 98.45 99.89 92.51 99.49  97.74

7 99.06 100.0 100.0 98.70  99.91 99.72 99.13 100.0 99.95 88.53 92.12  98.59

8 79.85 79.30 92.96 98.86  93.28 92.18 89.89 90.44 94.02 100.0 93.90  99.32

9 99.90 100.0 100.0 100.0 100.0 99.80 99.57 100.0 100.0 84.21  89.57  99.93
10 87.17 98.74 97.95 98.06  99.54 95.42 43.61 97.15 98.22 100.0 96.06  98.83
11 98.67 100.0 100.0 97.79  99.81 99.77 97.72 100.0 98.67 96.43 87.12  99.00
12 99.27 95.84 99.95 98.55 100.0 99.66 97.85 99.95 99.46 98.69  99.94  99.41
13 98.40 98.25 100.0 98.91 93.85 99.50 96.86 100.0 96.05 100.0 100.0  98.83
14 98.78 100.0 90.14 99.47  98.59 99.17 84.31 87.89 98.50 97.17 99.34  98.37
15 78.08 86.07 93.78 96.08  89.18 93.06 98.26 94.44 94.36 97.78 99.91  98.91
16 92.50 99.66 99.89 99.87  99.83 99.18 99.81 100.0 99.46 99.90 99.62  99.52
OA 90.79 92.87 97.14 98.13  96.93 96.81 92.41 96.48 97.32 93.41 94.28 98.81
AA 94.77 96.20 98.13 98.11 98.27 98.30 92.60 97.69 98.12 94.35 94.19  98.46
Kappa 89.69 92.07 96.82 97.92  96.58 96.45 91.56 96.09 97.02 92.66 93.63  98.67

Parameter/K 6 226 410 1112 5003 380 5072 310 715 355 65 123 431
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Tab.5 Method performance comparison on the LK data set (%)
Class DCSST SMESC Vit-cov Swi-MSP MForm-® GTFN CGCN M AMGET €86 Sz2Mam GCFFM
er Ger n Net a
1 55.12  23.80 76.74 100.0 100.0 89.93 99.38 67.46 99.70 70.23 99.81 99.81
2 61.34 95.36 89.58 94.78 99.65 100.0 50.06 100.0  96.55 99.79 95.65  99.35
3 63.78 95.71 96.63 97.79 62.43 76.17 89.97 98.08 83.32 92.64 97.53  99.60
4 69.45 98.63 89.09 64.56 98.35 74.76 97.86 92.82 91.21 80.34 73.31  99.68
5 71.39 97.21 77.95 100.0 97.55 95.90 68.12 90.25 94.15 98.47 99.98  98.07
6 75.67 98.46 100.0 94.91 98.66 100.0 94.58 98.49  98.39 99.47 99.66 97.64
7 78.82 93.73 57.69 97.93 88.13 98.08 98.02 100.0 98.01 99.98 87.64  98.81
8 83.45 89.65 100.0 79.95 98.51 51.40 49.50 92.75 91.42 91.54 85.27 83.63
9 84.49 93.65 91.35 &88.11 85.01 97.11 94.07 91.08 58.21 79.85 84.12 61.77
OA 69.17 86.06 90.54 96.67 93.42 91.65 88.28 95.38 96.25 96.07 92.36  97.09
AA 71.50 87.36 86.56 90.89 92.03 87.04 82.40 92.33 90.11 90.26 91.44 93.15
Kappa 68.42 80.75 90.47 95.63 92.92 88.57 89.80 94.79  95.08 96.14 96.53 97.01
Parameter/K 6 233 423 1120 5050 373 5081 316 720 340 130 118 438
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Tab.6 Impact of different modules on OA (%)
Num Ablation setting P PU SA LK
1 GCFFM 96.67 98.16 98. 81 97.09
2 w/o LFEM 96. 39 98. 02 98.62 96. 41
3 w/0o MSGM 91.68 91.09 96. 66 94.95
4 w/o GCAF 95.97 96. 64 98.22 95.09
5) w/o LFEM and GCAF 95.08 97.93 98. 28 94. 87
6 w/0 MSGM and GCAF 86.97 89. 39 87.88 91.91
7 w/0o LFEM, MSGM and GCAF 85.55 79.35 77.65 91. 50
8 w/0 QKV and Softmax 96. 21 97.03 98. 54 95.49
9 w/o 1 hop 96. 18 97.80 98. 17 96. 90
10 w/o 2 hop 96. 23 97.73 98. 33 96. 88
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Tab.7 TImpact of fusion strategy on OA (%)

Setting 1P PU SA LK

U RER4y 2 88.14  92.65  91.60  89.52
AR 92.73  91.12  94.18  90.45
PHzRl & 94.10 95. 27 95.91 93. 88
28 SURl A 96.67  98.16  98.81 97.09
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Fig.9 Visual comparison of different fusion strategies on the PU
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