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Ryzen 9 9950X CPU. 64GB RAMAIRTX 4080
SUPER GPURJTHREAL FitAT, SEBGIREE NPy Torch,
16 $E 6 1 J7 1k AT X B S50 H PARHIEDLON i 14
RE, 6Fh 7V o KB4 B = P 2% (Coarse-
to-fine High-order Network, CHNet)! | J& X}
PRl A A2 4 48 (Deep Symmetrlc Fusion Trans-
v ZIEREAR UG HY 58X L
% 2] (Multipositive Matchlng enhanced Contrast-
ive Learning, mPMCL)®2 | I JRA] Kk 2 fift 55 ik
£ M 2% (Markov Edge Decoupled Fusion Network,
MEDFN)U 2% 5] - S 13- 25 F REAE fil & 9 2% (Spa-
tial-spectral-structural Feature Fusion Network,
S3F2Net) ! FHE F v E = b5 M 4% (Masked Self-
attention Fusion Network, MSAF)P2 . 7pJsgh it
I35 MEK1-3H7R o

(29)
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(b) CHNet

(f) S3F2Net

(¢) DSymFuser

(a) $r%E (b) CHNet

(d) mPMCL  (e) MEDFN

SRRFIEX 77, MSAFSI AR BRI 5 2K 751
RN, BLEJRETE R 2% KR h B8 = 78 70 i B &
CRET, XEL)UI‘E?E ) 557 J5 11 ST ] A 25 T ik
(2) 77 BT R SR 5 B2 OR L AR Hﬁfﬁﬁ
it — W%ETZJJ@ [ Y WS 7S Al i

(¢) DSymFuser (d) mPMCL

) MSAF (h) DLCN

&l 3 4% El (Houston2013)

() S3F2Net

4 7p2KE(MUUFL)

(e) MEDFN

(f) S3F2Net

Bl 5 432K El(Trento)

7 1 Houston2013%IEEERI 5 HKHEE

EHl(%) CHNet DSymFuser mPMCL MEDFN S3F2Net MSAF DLCN
Healthy grass 100 88.98 100 84.25 98.39 98.29 97.15
Stressed grass 86.00 98.68 98.21 98.33 93.89 86.47 97.65
Synthetic grass 100 99.60 100 99.86 100 100 100

Trees 98.30 99.43 94.13 99.52 99.91 97.82 97.73
Soil 100 100 100 100 99.91 99.81 100
Water 100 100 100 92.62 100 99.30 100
Residential 98.13 99.81 98.69 92.82 99.91 98.41 99.72
Commercial 96.39 90.60 94.59 84.81 96.87 98.96 88.32
Road 99.81 87.82 89.24 68.69 43.34 94.33 98.68

Highway 90.44 94.21 100 84.51 100 97.97 100

Railway 96.58 97.15 92.13 91.58 100 98.96 99.43
Parking lot 1 100 96.06 98.27 81.02 99.52 97.31 97.60
Parking lot 2 100 92.98 95.08 95.95 100 99.65 96.14

Tennis court 100 98.79 100 99.77 100 100 100
Running track 100 100 100 100 100 99.36 99.79
OA 97.03 95.72 96.88 90.23 94.07 97.21 97.85

AA 97.71 96.28 97.36 91.58 95.44 97.78 98.15
Kappa 96.78 95.35 96.61 89.44 93.56 96.97 97.67
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TR [R5 YRR AL SRR B BB IE, 7E 78R
FH 2 45525 HAME S R I OR B S0 A R, DR
TE 20 0 A R X sk R IE AL . Bk AR,
S3F2Netill il CNN 5 GCNEE & 5 &8 5 4 R4
ik, (AHINGEERBAFEEAREEEZR,
DATE S At s A OB X 3 1) 2 ), IR G E T
ALV B R B A T AR AL 1 A BV

(3) “UPRH-FJABIE” FHIRRALMLH) B Z T
TR R FE R R . I E S TR AL
SR A SR ShA AL, SRR AR T R AL

=H W ER S GERAHESE, FDLCNTE =¥
£ ERSERRE . ISR
3.4 HRRSCIS

DEGUESCH & 2H RGBT T
AV RELES, WRAPTR. WS R I E T
HBEHLALALE (Optimization Mechanism for Value
Guidance Strategy, OMVGS). REAFEAR T 17K+
itk (Key Sample Oriented Sampling Module,
KSOSM) FIBLE O L AL (Modal Fidelity
Constraint Mechanism, MFCM) =M, RS9

3% 2 TrentoHIBEN T HKEE

F5(%) CHNet DSymFuser mPMCL MEDFN S3F2Net MSAF DLCN
Apple trees 99.46 96.72 94.55 96.12 100 99.90 99.28
Buildings 95.93 99.24 99.78 98.41 99.68 99.46 98.70
Ground 95.19 97.86 99.73 92.86 87.97 98.13 97.06
Woods 99.98 100 100 100 100 100 100
Vineyard 100 100 100 99.86 98.35 99.72 100
Roads 97.05 97.44 97.71 98.36 94.00 95.28 98.46
OA 99.17 99.20 99.01 99.01 98.62 99.32 99.58
AA 97.94 98.55 98.63 97.60 96.67 98.75 98.92
Kappa 98.89 98.93 98.68 98.67 98.15 99.09 99.44
#* 3 MUUFLEUREH D LEE
I (%) CHNet DSymFuser mPMCL MEDFN S3F2Net MSAF DLCN
Trees 91.70 93.99 92.20 79.11 91.71 92.87 96.62
Mostly grass 86.41 88.13 87.79 92.57 87.62 86.60 89.25
Mixed ground surface 84.85 87.12 81.61 53.30 83.02 79.93 90.54
Dirt and sand 96.36 96.84 97.37 96.12 95.40 96.90 95.05
Road 89.20 91.19 86.40 82.33 90.21 89.00 93.24
Water 100 99.68 100 99.68 99.37 99.68 99.68
Building shadow 93.13 96.74 93.33 96.45 95.54 93.52 97.36
Building 95.34 95.42 97.72 86.81 90.03 95.75 96.29
Sidewalk 84.21 90.36 85.10 65.91 77.48 84.78 79.51
Yellow curb 100 96.97 100 81.82 96.97 93.94 90.91
Cloth panels 99.16 99.16 100 100 100 99.16 99.16
OA 90.61 92.62 90.51 79.25 89.88 90.57 94.38
AA 92.76 94.15 92.87 84.92 91.58 92.01 93.42
Kappa 87.68 90.27 87.55 73.61 86.74 87.60 92.52
R4 HRER
144 Baseline-A Baseline-B Baseline-C Baseline-D DLCN
OMVGS X X v N N
KSOSM X X X N N
MFCM X X X X v
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i Actor-CriticM 4% A& BB A ALE, TS
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HAEMUUFLE J% @ 351 B 52 AR & M 8L 2 113 5
H1, OMVGSH Ry b N SR M g 1 S .

(2)Baseline-DZH {73 #1: fE£Baseline-CIEfifi I
MAKSOSMJ5, #AMERE#E —F T, KSOSM
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(3)DLCN4L453#7:  #£Baseline-DIEAli EmA
MFCMJ&, BRIk — 1. MFCM@E s
HER B FRIE— B SRR PR LR 52
W, XHELE SR EAT SR YA BB IE, B BIR T
Al 75 2 1 X HS TG 35 7 FE A LiD A R &5 #4047 1iE 1) 52
Wi, AT PRAIE fil -G SR WS () R e T AL

(4)HFEER : OMVGS i 57 sh A A sl &
S, KSOSMBRMLRBEIEA S >], MFCMZIH I
BIEAGEMENE, =F LR “ k-5 2]-
BIE” BRI FE, TDLONTE & 4% 5 i e &k
s A UL AR E I 7 SRR R

A, SHIGUEDLCNZESARALEE 1, A SCAE
Houston2013%#E £ b3 #fr 1 A5 284 i ) ) 22 A8 A0 )
PRI FE (6 TR ) o 6 (a) o8 20 2k
TELER BB, E6(b) H ot ik M 5 0 50 36 K ek
NS, ULEIRLARAE R B R R A T TIRER

% 5 TELEHRIOARIEI(%)

g Baseline-A Baseline-B Baseline-C Baseline-D DLCN
Houston2013 95.71 94.61 96.15 97.38 97.85
Trento 96.46 97.28 98.27 99.07 99.58
MUUFL 91.09 90.21 92.54 93.86 94.38
1.0
1 [
5 67.8
: 08 676 -
g >
0.6 ~ 674
B & & 72
10 ] 0.4 ;o
B - R 670 |
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13 L
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15 - 0
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RGBT AR, 5 F S EEIRE(FLOPs).
Z 4 & (params) LA HEFEIS (8] (Time) =4k RE AT
2B, HATEHouston 2013, Trentofl
MUUFL=A 84l 48 EkAT 1 SE%, 25 RaK6PT
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FERF I HEAZ S —, RINHE & ITHE. FH

i, EFLOPsHIZE &7 MR ER 7B, 25
GRS ERTS . BT 3l T Actor-Criticih 3
AR ELWHLE], DLONFIZEEMFLOPs
HRTHEIN . X AN ES 2 B T S 1A R
N SR Bh A Rl 3R DL RO SR B AE 1 S A
1E, AR b R R S N R AIE 1 S b R R ik 5
W&, FFAMREESTFEEE. LR RERH, &
PRI T2 RT3~ DLCNAMYIEAS 1 At
B3R, T H AR RO J7 TR I H B 2 AR
P, UL AT B NI EAMT BN B A S P
Reiad, JOUE VWA Sl S A B

* 6 ARIFEMN SN HEERITERN

B tE HEAM CHNet DSymFuser mPMCL MEDFN S3F2Net MSAF DLCN
Time(s) 3.07 6.42 15.36 2.34 1.99 1.61 1.32

Houston 2013 FLOPs(M) 334.28 75.43 7.59 165.76 57.50 3.92 161.42
params(M) 23.78 0.85 0.17 1.45 0.28 0.05 0.79
Time(s) 7.83 5.35 25.96 2.14 0.93 7.167 0.86

Trento FLOPs(M) 334.18 41.36 27.69 164.98 10.89 3.76 160.25
params(M) 23.73 0.47 0.18 1.45 0.27 0.05 0.79
Time(s) 14.31 9.40 34.36 3.56 2.56 14.75 2.23

MUUFL FLOPs(M) 334.23 41.85 7.57 164.54 8.68 3.77 160.40
params(M) 23.75 0.48 0.17 1.45 0.28 0.05 0.79
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Decision Learning Correction Network for HSI and
LiDAR Fusion Classification

WANG Haoyu®  LIU Nuofei®  CHENG Yuhu®

LIU Xiaomin® WANG Xuesong®
®(School of Information and Control Engineering, China University of Mining and Technology,

Xuzhou 221116, China)
Abstract:

Objective Hyperspectral images(HSI) and LiDAR data provide complementary information for land-cover
classification. HSI contains rich spectral responses for material discrimination, while LiDAR supplies elevation
and structural information for spatial perception. However, most existing fusion methods treat multimodal
fusion as a static aggregation process, assuming that a fixed fusion rule is suitable for all pixels and regions.
This assumption is difficult to satisfy in complex remote sensing scenes, where class boundaries and cross-modal
heterogeneous regions show higher information density but occupy only a small proportion of samples (Fig.1).
To address this problem, this paper proposes a Decision Learning Correction Network (DLCN), which
transforms static HSI-LiDAR fusion into a context-dependent sequential decision-making process.

Methods The proposed DLCN consists of feature extraction, fusion decision learning, and final classification.
First, HSI and LiDAR are processed by two parallel branches to extract spectral-spatial features and elevation-
structural features, respectively. Then, the extracted features are concatenated as the current fusion state and
input into an Actor-Critic framework. The Actor network generates fusion actions to dynamically adjust modal
contributions, while the Critic network evaluates the long-term value of each action for final classification. To
improve the learning of difficult samples, a key-sample-oriented sampling module assigns higher sampling
probabilities to samples with larger modal fidelity losses. Meanwhile, a modal fidelity constraint mechanism
evaluates spectral fidelity, feature consistency, structural preservation, and resolution matching, and corrects
destructive actions during fusion. Through this closed-loop structure, DLCN realizes dynamic fusion action
generation, evaluation, and correction (Fig. 2).

Results and Discussions Experiments are conducted on Houston2013, Trento, and MUUFL datasets. DLCN
achieves the best OA values of 97.85%, 99.58%, and 94.38% on the three datasets, respectively, outperforming
CHNet, DSymFuser, mPMCL, MEDFN, S3F2Net, and MSAF. The classification maps show that DLCN
effectively reduces misclassification in class-boundary, mixed land-cover, and structurally complex regions,
producing results closer to the ground-truth maps on the three datasets (Fig. 3-Fig. 5). Ablation results
demonstrate that the value-guided policy optimization mechanism, key-sample-oriented sampling module, and
modal fidelity constraint mechanism all contribute to performance improvement. Compared with the baseline
model, the complete DLCN obtains consistent OA gains on Houston2013, Trento, and MUUFL, verifying the
effectiveness of the proposed decision-learning-correction framework. The temporal analysis shows that DLCN
gradually improves class accuracy while maintaining stable spectral-angle variation during sequential decision
steps (Fig. 6). In addition, DLCN achieves inference times of 1.32 s, 0.86 s, and 2.23 s on the three datasets,
respectively, ranking first among the compared methods. This indicates that the introduced Actor-Critic
decision mechanism and modal fidelity constraints can be effectively converted into classification gains without
causing excessive computational burden.

Conclusions This paper proposes DLCN for HSI and LiDAR fusion classification. Different from static fusion
methods, DLCN models multimodal fusion as a sequential decision-making process and dynamically adjusts
fusion strategies according to local context. The closed-loop design enables the model to generate, evaluate, and
correct fusion actions. Experimental results show that DLCN achieves more accurate classification maps in
heterogeneous scenes, and the temporal analysis further confirms the stability of the sequential decision process.
Future work will focus on more fine-grained feature representation and more robust policy optimization to
improve generalization in complex remote sensing scenes.
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