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Gated cross-modal aggregation network for multi-source

remote sensing data classification
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Abstract: Objective In recent years, multisource remote sensing data fusion has emerged as a research hotspot in the field
of remote sensing applications. This trend aims to overcome the technical limitations of single sensors and address the con-
straints associated with relying on a single data source. Traditional remote sensing methods, which often depend on a single

type of sensor, face considerable challenges in providing comprehensive and accurate information due to the inherent limita-
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tions of the sensors. For instance, hyperspectral sensors capture detailed spectral information but may lack spatial resolu-
tion, while LiDAR (light detection and ranging) and SAR (synthetic aperture radar) sensors excel in capturing structural
information but fail to provide sufficient spectral details. The integration of hyperspectral images and LiDAR/SAR data
holds remarkable promise for enhancing remote sensing applications. However, current methods for fusion classification
have not fully utilized the rich spectral features of hyperspectral images and the structural information of ground objects pro-
vided by LIDAR/SAR data. The two types of data have fundamentally different characteristics, which pose considerable
challenges for effective feature correlation. Hyperspectral images contain abundant spectral information that can identify
different materials, while LIDAR provides 3D structural information, and SAR offers high-resolution imaging under various
weather conditions. The differences in data characteristics among these imaging modalities create substantial challenges in
correlating multisource image features. Although some deep learning-based methods have shown promising results in the
fusion classification tasks of hyperspectral and LiDAR/SAR data, they often fall short in fully exploiting the texture and geo-
metric information embedded within the multisource data during the fusion process. These methods may perform well in
specific scenarios but often lack the necessary robustness and versatility for broader applications. Consequently, highly
sophisticated approaches that can leverage the complementary strengths of different data sources are urgently needed to
improve classification accuracy and reliability. Method This paper proposes a novel multisource remote sensing image clas-
sification method based on a gated cross-modal aggregation network (GCA-Net) to address this critical issue. This
approach aims to comprehensively exploit the complementary information available in multisource data. The core innova-
tion of the proposed method lies in its capability to effectively integrate the unique advantages of different sensor data types
through a series of advanced neural network modules. First, a gated cross-modal aggregation module is designed to facili-
tate the organic integration of detailed structural information from LIDAR/SAR data with the spectral features of hyperspec-
tral images. This module leverages cross-attention mechanisms to enhance the feature fusion process, ensuring that the dis-
tinctive information from each data source is effectively utilized. The cross-attention feature fusion mechanism allows the
model to focus on the most relevant features from each modality, enhancing the overall representation of the fused data.
Second, a refined gating module is employed to integrate valuable LIDAR/SAR features into the hyperspectral image fea-
tures. This gating mechanism selectively incorporates the most informative features, thereby enhancing the fusion effect of
multisource data. The gating module acts as a filter that prioritizes the integration of features that provide the most contribu-
tion to the classification task, ensuring that the fused data retains the critical information from both sources. This approach
not only improves the accuracy of the classification but also enhances the robustness of the model across different datasets
and scenarios. Result The proposed method was rigorously tested through experiments conducted on two widely recognized
datasets: Houston2013 and Augsburg. These datasets provide a diverse range of scenes and conditions, making them ideal
for evaluating the effectiveness of the proposed method. The performance of the GCA-Net was compared with seven main-
stream methods to assess its efficacy. Experimental results demonstrated that the proposed method achieved the best perfor-
mance in terms of overall accuracy (OA), average accuracy (AA), and Kappa coefficient (Kappa). Specifically, the
GCA-Net outperformed the other methods by a substantial margin, highlighting its superior capability to fuse and classify
multisource remote sensing data. Particularly, on the Augsburg dataset, the proposed method achieved the best indicators
across most categories. This dataset includes a variety of urban and rural scenes, challenging the classification models with
diverse textures and structures. The capability of the GCA-Net to handle such diversity showcases its robustness and versa-
tility. Moreover, the classification visualization results show that the proposed classification model has a notable perfor-
mance advantage. The visualized results provide a clear and intuitive representation of the classification accuracy, with the
GCA-Net producing more precise and consistent classifications compared to other methods. This visual evidence empha-
sizes the practical benefits of the proposed method, demonstrating its potential for real-world applications in remote sens-
ing. Conclusion The experimental results on the Houston2013 and Augsburg datasets strongly support the excellent perfor-
mance of the proposed GCA-Net, drastically surpassing current mainstream methods such as HCT (hierarchical CNN and
Transformer) and MACN (mixing self-attention and convolutional network ). A key factor in the success of the GCA-Net lies
in its capability to fully integrate information from different modalities based on their unique characteristics. This integra-

tion allows the model to leverage the strengths of each data source, resulting in a highly accurate and reliable classification.
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The superior performance of the proposed method can be attributed to its innovative use of gated attention mechanisms and
cross-modal feature fusion. These techniques enable the model to selectively focus on the most relevant features from each
modality, enhancing the overall quality of the fused data. The GCA-Net sets a new benchmark for multisource remote sens-
ing data fusion by effectively combining the spectral richness of hyperspectral images with the structural details of LiDAR/
SAR data. Overall, the GCA-Net provides a robust theoretical foundation for the fusion classification of multisource remote
sensing data. The capability of this network to address the limitations of single-sensor approaches and leverage the comple-
mentary strengths of different data types increases its value as a tool for advancing remote sensing applications. The pro-
posed method not only improves classification accuracy but also enhances the practical applicability of remote sensing tech-
nologies, paving the way for highly sophisticated and effective solutions in various domains, such as environmental monitor-
ing, urban planning, and disaster management.

Key words: hyperspectral image (HSI) ; light detection and ranging (LiDAR) ; synthetic aperture radar (SAR) ; back

scattering; multi-source feature fusion
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Fig. 1  Gated cross-modal aggregation network
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JCTEI BRI 1, BAEIREE A 2 I 2 h LB £
25 2 JRSCH (s D' 1% A LIDAR 0040 ) A9 25 A 25
FEACH . A ADE GG R AR A 1 A AR 2
[F1] 38 5 A H ] T3 0 LiD AR 7 AF 38 3 55 0% 3% B0
18725 [B] 7% s DT S ] T3l o 3 DG 1 AR 1
5 LiDAR K4 (163 2 o

4) AsyFFNet(Li 45 ,2023b) 48 T —Fl X R4
fIE Rl & 9 2% (AsyFFNet) 22 U5 1 JEEIR K 5 43 25 07
o ORI A S R 2 B A TR E £
B, IF R ST B B UA A 2 R A BRAS [] 5 47 5
8] 19 157 B P-4 0] 8, e Il 2Rk B oh 38 & BN
(batch normalization ) J22 H1 8 45 ikt PRl 19 38 107 b 4 o
FETEBRTUAR I T8, 5] o it J s i 249 SR LA 42 THASE 2 1)
ZALRET) o MEAh, SIA TR IR HERR HR 1 5 22 Y5
FEE A 23 RS , E— 2D 3R T T 02 my X BE T o

5) ExViT(Yao % ,2023) 42} T — PRSI E
FJHEZE B aE i XA G ) ViT (vision Transformer)
BEATIEOR A 3] A M A HTRT L 30 15 0 24 55 . %
HE SR8 3 I A7 43 S A P 20 153 1 S PR 8 B0 L 15
AT S T 0 A5 e ok 1 i A () A ) 1) A5 R,
S

6)HCT (Zhao 55,2023 )it 1 25 5 J2 R & BRI 28
D) £ il Transformer [ £ A $i2 F12% ) HSTECHE (1)
T3 (A RRAE LA K LiDAR B0 () 2 B2 R AE , 2R )
1 28 ARIC 1 B (cross-token attention, CTA ) il 5 %
WS AT R R G o XM L RE RS A A & 22 U ST
LI ENSIR /T S e I

7)MACN (Li 4%, 2023a) P-4~ F 18 B CNN &
Tt A 22 15 18 B Th AR BB JE B AR E . T A
ERN BRI RS S AR S A TER A
4 P Transformer J22 52 91 1 Jay 5 F1 42 Jmy 22 RUBE ST
5 BT T — A2 G | PRl B, TR EE
il 22 5 IR AL

T ARIESE B R R AN S0 25 R i ] B
PE A T AR TR Y SE 96 BR BT AR TR] A II 2R A G2 R
A . XS R ma R R TR 1R 2, 73
XTI Houston2013 Fl Augsburg ZUHE4E , FE40N51 H T
5 Tl B 5 A0 ) SR R LA S R A O R HE R
FE(OA) By A2 fEaf (average accuracy, AA)
Kappa %4 .

FEXF Houston2013 £U4i £ AT T, GCA-Net ££
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3TN eI LB R TR G AT XTI Tl X IR AR B K B 4 25 i

Augsburg 5038 4 , GCA-Net [RFE 2 81 H 51 i ng 1 B GCA-Net /3 JSHERG 2 g 25 I 1 HAb 7 ik, X —

HEEGIRWERZ S EINET B Follefe BN HIE T GCA-Net (R, BRI T8 X
#&1 7EHouston2013 ¥R & &R E X HIEHRATLL

Table 1 Comparison of metrics for various algorithms on the Houston2013 dataset
/%
R 2R G A BA 13 KB EEX Rl X TE %

ok 198/1 053 190/1 064  192/505  188/1 056 186/1 056  182/143  196/1 072 191/1 053 193/1 059
SVM 82.72 83.18 100 94.03 99.15 99.30 79.66 55.27 75.83
TBCNN 83.10 84.96 97.62 93.37 100 98.60 88.15 82.15 85.36
S’ENet 83.10 85.53 99.80 99.34 99.91 100 91.98 91.93 92.35
AsyFFNet 83.10 82.61 100 93.37 99.72 100 92.26 91.55 86.02
ExViT 91.55 85.15 98.61 98.61 100 98.60 88.90 93.35 89.52
HCT 99.89 88.52 100 97.03 98.03 98.43 97.94 91.2 94.62
MACN 100 99.15 99.21 97.38 100 58.13 72.51 90.89 90.02
GCA-Net(A30) 99.77 89.19 100 96.42 98.69 99.31 92.97 92.73 98.32

- mEAH B BRI EEE2 MEkY HIiH or W Kappa

191/1 036 181/1 054 192/1 041  184/285 181/247 187/473

SVM 62.55 96.87 86.55 53.68 98.79 98.10 82.91 84.38 81.43
TBCNN 64.67 79.22 95.20 80.88 92.71 94.50 86.91 88.70 85.84
S’ENet 93.05 97.34 98.37 90.88 100 100 93.97 94.90 93.45
AsyFFNet 66.31 95.92 94.24 98.60 100 100 90.06 92.25 89.24
ExViT 65.54 95.83 90.39 90.53 99.60 89.85 90.62 91.76 89.83
HCT 90.94 75.60 93.06 97.60 100 99.16 92.94 93.12 92.33
MACN 98.06 74.96 95.06 88.77 100 100 90.82 92.34 90.04
GCA-Net(A30) 94.17 94.95 95.77 92.11 100 100 95.61 96.14 95.23

I AR R SN L ES R o JE0 T I 9B e N R AR B e AR 5
Fz2 7TEAugsburg HiiEE F R EERIERRITEE

Table 2 Comparison of metrics for various algorithms on the Augsburg dataset
1%

LN FEEX TolkIX fRERY AL DX KR
WIRZS OA  AA  Kappa
146/13 361 264/30 065 21/3830 248/26 609  52/523 7/1638 23/1 507
SVM 90.55 89.81 23.03 83.73 34.23 971 4592 8160 5382 73.17
TBCNN 90.88 95.89 8.28 91.97 38.24 1.40 1082  84.53 4792 77.13
S’ENet 98.10 99.08 12.19 91.78 45.12 122 2409 8822 53.08 8261
AsyFFNet 96.01 97.96 40.81 91.74 65.39 458 3462  90.15 6551 85.74
ExViT 90.04 95.44 34.58 90.68 5182  28.63 17.65  86.65 5840 80.79
HCT 96.03 91.72 64.97 96.60 23.02 1102 7994 9138 6245 87.52
MACN 96.07 90.60 64.40 98.84 2450 1140 7573 9122 63.67 87.30
GCA-Net(Z30) 98.12 90.08 66.86 98.91 45.88 2621 90.55  92.51 66.30 89.12

T L P SRR 5 R 2 2R o 2800 T ) B 7 R m U e A R R A R
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Fig. 3 Visualization and corresponding detailed zoomed-in images of various algorithms on the Houston2013 dataset

2.5 HREKIE
R T VAR AR SCHE HE 38 ST R T RR IR Rl AN 4
I TR PR BE L 76 Houston2013 5 Augsburg 54
B AT TIRARTH AL, 5 R K 3 s, Al
VAF Bl DO 2% 2548 )32 A0 G, A M A 3 T
R
B, R A A R AE BN 25 7E Houston2013
H1 Augsburg B4 4351 HUS 1 92. 40% F191. 16%
I RAR HERR R (OA ), 92. 90% Fil 64. 47% F - 44
F(AA), LK 91.91% F186. 60% i Kappa %, %
S BLHESS TR 5 2 | ABEHR AL 70 LSRR
FIAZE SCE B TR AR RS HLHS | 53 251 AE

Tt 7 Houston2013 454 [, 0A L AA Fll Kappa
28043 ) 2 & 93, 78% . 94. 45% F1 93. 25%; 1E
Augsburg B84 I, 70 B2 T+ 2 92. 22% .65. 42% Fil
88. 72%. X FPIERESRE T EEIH ) T 58 i 1
MERLE DL BES IR R A OGS EdE OGS F RS
LiDAR/SAR %4 1 25 [R5 B, HHg i 7 AL ALX J=) 8
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Hid . 7F Houston2013 504E 4 -, OA . AA Fll Kappa
ZH0 K F 95. 61%.96. 14% F1195. 23%; 7E Augs-
burg £ 45 48 |, 43 542+ & 92.51%., 66. 30% F
89. 12%. ZHAKI ¥ A HL3E i 2 25 PR AR AE A, 1
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Fig. 4 Visualization and corresponding detailed zoomed-in images of various algorithms on the Augsburg dataset
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Table 3 Results of ablation experiments on cross-attention feature fusion and refinement gating

/%
o 0A AA Kappa
Houston2013  Augsburg  Houston2013  Augsburg  Houston2013  Augsburg
& FURFIE S B 4% 92.40 91.16 92.90 64.47 91.91 86.60
2E MTERE SR E RS 93.78 92.22 94.45 65.42 93.25 88.72
LR WIL LR e AN 95.61 92.51 96.14 66.3 95.23 89.12
fil A HOR RS T mOGIE B OGS R E S
3 & it LiDAR/SAR i 1 25 [l F5AF , 5280 T 13 S8 0 AN A

ARSCHEM T — M T IR R G M
(GCA-Net) , 5 7RI X 22 P53 I 8 0 26 vh i A2 2%
PEf . GCA-Net BRI AL T HAN R 1 T4 B 462
BREGBHR(GCAM) o ZREHER HIZE S E R )RR

IEFZ . i anfe TR, GCAM RERS 3 45 3
PABERRAE 3 B EORTE A OGBS B, BT T4y
M8 BA JEE AR Rz AL PR RE o 1 — 20 i, AR 3C
BT T — P OGRS A, B AN LRE
UG LR AR AN TY 30 RE PR 42 Jy b1 SO L, AT
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