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and manned aircraft, has become a cornerstone of mod- agriculture, environmental monitoring, military recon-

ern remote sensing. Compared to satellites, airborne naissance, urban planning, geological exploration,

Wo#m B H#A : XXXX-XX-XX; f& B B #1 : XXXX-XX-XX
E&WA : MK ARF A4 (62372379,62472359)
Supported by : National Natural Science Foundation of China (62372379 and 62472359)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

and cultural heritage preservation. However, airborne
spectral data present unique challenges: high dimen-
sionality (especially for HSI with hundreds of bands ),
strong spectral-spatial correlations, complex noise,
geometric distortions from platform motion, variable
illumination, and the mixed-pixel problem. Tradi-
tional methods (e. g. , SVM, random forests, physical
models) struggle to fully exploit these data due to lim-
ited feature representation, the curse of dimensional-
ity, and poor generalization across sensors or flight con-
ditions. This paper systematically reviews intelligent
processing techniques for airborne spectral images,
focusing on deep learning and advanced machine learn-
ing. We first highlight the complementary roles of HSI
and MSI: HSI provides rich continuous spectra for fine
material identification and sub-pixel analysis, while
MSI offers higher signal-to-noise ratio, lower data vol-
ume, and better real-time performance. Their synergis-
tic use, often in a layered strategy (MSI-based coarse
detection followed by HSI-based fine identification) ,
is a key trend. We then detail the preprocessing pipe-
line—radiometric calibration, atmospheric correction,
geometric registration, denoising, and resolution
enhancement—mnoting the shift from purely physical
models to hybrid data-driven and physics-informed
deep learning. The core of the review covers six intelli-
gent processing tasks. For spectral-spatial feature
extraction, we trace the evolution from 2D/3D CNNs
and hybrid CNN-Transformer models to state-space
models like Mamba, which achieve linear complexity
while capturing long-range spectral dependencies, bal-
ancing accuracy and efficiency for real-time scenarios.
For classification and segmentation, we discuss super-
vised, semi-supervised, few-shot, and self-supervised
methods (e. g., HybridSN, Spectral-Former, masked
spectral modeling) ; for MSI, lightweight networks
(MobileNet, EfficientNet) and transfer learning domi-
nate, with cross-domain few-shot learning addressing
label scarcity. For target detection, HSI exploits
subtle spectral differences for camouflaged targets and
chemical anomaly  detection or

agents  using

Transformer-based detectors (e. g., SpecDETR) ,

while MSI leverages YOLO and Faster R-CNN for real-
time object detection; multimodal fusion (visible, ther-
mal, spectral) further  improves robustness. For
change detection, Siamese networks, Transformers
(BIT, ChangeFormer) , and Mamba hybrids are
applied to multi-temporal images, with challenges in
distinguishing real changes from illumination/atmo-
spheric variations and incorporating physical con-
straints. For spectral unmixing, autoencoders learn
nonlinear mixtures but lack physical constraints (non-
negativity, sum-to-one, energy conservation) ; recent
efforts embed linear mixture or radiative transfer mod-
els into deep networks for better interpretability. For
multi-source fusion, we cover heterogeneous fusion
(HSI+LiDAR, HSI+SAR) using multimodal Trans-
formers or GNNs, and spectral-spectral fusion (HSI+
MSI) to generate high-tesolution hyperspectral data,
HSI-guided

band selection, MSl-assisted dimensionality reduc-

outlining four collaborative strategies:

tion, layered cascaded processing, and end-to-end
joint modeling. A dedicated section addresses real-
time processing and lightweight deployment on air-
borne edge devices (e. g., NVIDIA Jetson). We
review model compression (pruning, quantization,
knowledge distillation, neural architecture search) and
evaluate backbones (MobileNet, HybridSN, Mamba,
efficient Transformers) for onboard inference. Real-
time HSI classification and MSI detection have been
demonstrated, but real-time unmixing and change
detection remain challenging. The paper surveys typi-
cal applications, emphasizing HSI/MSI complementar-
ity: precision agriculture (early disease detection,
nutrient/water stress, fruit (:ounting) ; environmental
and disaster monitoring (oil spills, red tides, forest
fires, air pollution, mining) ; military reconnaissance
(camouflage target detection, chemical agents) ; urban
and infrastructure (land cover classification, building
change detection, traffic, infrastructure health) ; geo-
logical ~exploration” (mineral mapping, alteration
zones, oil/gas microseepage) ; and archaeology (sub-

surface relics, surface disease analysis). We then

identify five core challenges: scarcity of high-quality
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labeled data, insufficient model generalization, real-

B

<

time constraints, lack of interpretability (black-box
models ignoring physical ‘mechanisms) , and difficul-

DR, FHW, KF

ties in air-space-ground collaboration (heterogeneous
data, limited bandwidth, cross-platform transfer).

EARTE R IR, 20605 Ao R AR B,
1712 2 B0 DA 0 E R O AR T iR R AR A S
P55 ,2026) , Jm & MRS 4000 5 P B0 Hr g

Finally, we outline future directions: foundation mod-
representation ;

els with self-supervised learning for spectral-spatial
lightweight edge via

(Yokoya 5§, 2017) o FEMUZS -5 1, 3 b ELAME T
D EEL PO AT 55 Ao RAAE AL PRge i i
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fe i 12
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SRR AN TR GG L AT T, A A 2 e R AU Y
intelligence  vi PRSI (Yel, %5, 20235 Cao%%, 2019).
hardware-software co-design; physics-informed deep JAE 2 615 AR AR 28 | {0 LA b
models embedding radiative  transfer or mixture con- BTS2 PR AR - 1% Bt 18 IR IR A B )5 12 (HNSE
straints; robust and “trustworthy Al with adversarial
defense and uncertainty quantification; and integrated
air-space-ground collaborative observation systems for
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hierarchical, intelligent remote sensing. This review EIE?)%‘VI"ﬁlﬁijaﬁ}%ﬂE(Camps-Valls%, 2013) ; 4k i ae M
provides a systematic reference for researchers and

engineers advancing airborne spectral image intelligent
processing. The datasets mentioned in this paper have
been compiled and are available at The datasets men-
tioned in this paper have been compiled and are avail-

able athttps://github. com/zhaoxb2025/Airb-spe-Img.
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75 1) (Jing F1 Tian, 2020; Chen %, 2020) . K, &
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71 (Bioucas-Dias %%, 2012; Ghamisi %%, 2018).
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@1§(Hyperspectral Image, HSI) (Ghamisi %, 2018;
Vaddi 55, 2025) . 226785 P50 rh A s i B
PR, — R 3 22 101 B, A Dl B w B TE RO
TV, B A5 e L AR ) B s 4 B2 TRt
TR A7 it -5 S Ak 317 T B AT B A3 (Daniels
4%, 2023; Shrestha 5%, 2025). MILZ T, L% A
1800 3ok 1 22 7 P BN W R DTS R A T R AR L T
B E AN B, B R AR O S AR, AT
i 240 20 8] b ) (4 06 1% R AIE 22 5 (Aasen 55, 2018) .
T 5 2T R LA 1 BT o
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Table 1 Comparison of airborne multispectral and hyperspectral images
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. . : 59T BUAS  HSI: 7 2 M il
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Jer B U R
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B S5 K L, 220035 IR ATy — 4 s 1]
(GESESE - oint BNV REM T =P nt Sl YIRS
35 B R AR RO Rl R B GB R B
1R X AESRTHE B ARIR R 1y [, WAk T AR S
R ERERET . EERETTH, 208 R 5%
% F 40 MicaSense RedEdge 8% Parrot Sequoia ey
e sg i T JC AL 2 (Mazzia 55, 2020)
M 155 Y61 2R 48 W% WL T Headwall Nano-Hyperspec ¥
AVIRIS-NG 55 £, HAE {52 J 5 )0 1 38 00

(Kruse %%, 2003)

MR A R, Z2 0GB E O B A T X S
PEEOR B AT 55, QA s B0 5 5 K F T
A T 25 SR B U RS 40202 iR i K 4% ot
I BT SE AT 55 v 26 B HY 58 BB /7 (Bioucas-Dias 45,
2012) . P, P2 3, 206354 ki
AR B RCRILE™ 5 R e M BN R R,
ZH RO EIA R S TS R B 25 ] (Yokoya

45 2017),
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AR T TR 38 S i 2 06 R R AE BRI
T 5 2 B 5 B 2285 R R R B2, DA
T2 30 40 B A 2% 9 540 45 M (Torresan 55, 2017) &
B, BT A A1 AT B P AR S S
A CA A R EE AR AL ) , R 25 5 7 A AT g 722
1728 )4 67 7] B (Toutin 58, 2004) . JEHJEAEHE ST
AR R R GE T , AR F AT 0 WA [] A4 B 15
R 221, 33 ol 22 S 0 — 2B R 1 G 1 2 ) A —
Pk (Vermote 55, 1997) 4

FLVR, 6 BRAS A A AR AR it 23 D 1 K 5 )l
Fo HTRATIE] R BH B A DA K SR P AR
YAk [R]— b 4 75 AN ) ARk ] SRR S 15 i 1o mT
REAFTE R .22 5 , DT 3 BOBUHE 23 A1 A A% | 2R A
RIZ AGRE DA R PR R . eAh RS - 6 38 K L
THRARE B, KW 2 RAHES 5 )%
W RGN 23 U A& IR s H W B A AR S5 B (] INH % JR
ar H BT BB I ARG BEHLIE A LUK N B
G0 R, 3 e PR R S W] AR 1 B B TS 1R
ZEALPEXERE (Vermote 55, 1997) .

B IR G BT R 23 01 1B 5 b 3k A
TEo T2 PERTRA R, — MG
Z R ) O3, OIS Y A 2 oe TR A 45 R
X PR G il H B AR AR, (AL S A
ME AR 3 L DA T 5200 5328 5 HUIDKS B (Dobigeon
4, 2013),

2.3 MEREEGTAAEREAR

BEXT IR BRI S PR, s Gk MR AE
A JE T B Z 0, 38 At — R A Pk
R AR RS E AR RS JURAE Wik
LLK I HEAR S8R AT . ITARR , B TR 22 2T IR
X ST A S AR B AL A G ) AR R K B e ) B
9K 2 5 Wy P AR AL G 1 R BB AL U7 15 (Ulyanov 45,
2018).

TR AR -5 RSB T T, 85877 1538 WK
T4 AR A AR A o AR R I S W A
SN A RS O 1 1) i o S R iy e e . BRI
R PR SEAOs R R A 2% . ARk B
FE B ) A FEURf 25 ) 265 A i 381 ity AL S5 A5 760
IER =R WINCY GEIE S A B B RS E i Bl 25
% . [AlA}, 3T U-Net (U-shaped Network ) ol 5% 2 [
LRSS TR AR IEAR 55, i 45 5 R AL

ol 5 SSMEHE FEAT U2, AT DL 25 42 iR MO AR
EpK5E (Cao %, 2019; YangZ%, 2017).

TEJUART A 1E 5 PRI C 1 T T , A5 45807 12 AR
i 4F AE 5 P 2 (40 SIFT (Scale-Invariant  Feature
Transform ) . SURF (Speeded Up Robust Features) ) &,
b 1A 72 1 25 (Ground Control Point, GCP) , {H1E % i
Flfg, i T OO AE A , 3K 2y ik A e M FR
(Toutin 55, 2004) o TR 2] J5 1183 77 > & B4y
fEZR 7R | RE W B0 4 M 0 X 52 2 0B 28 o o 4, i T
Transformer A5 A1 I 8 42 Jay T 28y AL 42 5 O HE
KB, JCHAE ] 288 B 196 55 (Jaderberg 5%,
2015),

TE 2 M 5 S W R IETT I, M58 7 Rl H R
1853 43 HT (Principal Component Analysis, PCA) 5% 1%
PR AT R FEA T M P ], 53X 2 5 12k LA 58 70 )
FZS TR S5 AR R o AR, R T IR 2 ) Y K 5
PBUS VR . 40, DnCNN (Zhang %5, 2017) 38
TR 255 A R R S I R T 4 AR A e )
25 W R A ] Inf AR 15 5 2 () 24 2 1) 5 6, DT B8
A R 2B A2 (Yuan 55, 2018) . BLAM AR
FRETR 5 TR B 28 45 5 10 BV BT HE 2R, 1 s
TG AL 55 th R B R AFPERE (Cao 55, 2019),

TE3 A IE SR 7 T, M 25 6 1% PG 5 e 25 1)
OI PR S EE S AR A AT AU . A% TR O R
PR B AR BER DTS MG PR e 0 PR 4G
J LW 7 A AR kT R 28 T 4% ) SRCNIN
EDSR DA S5 T A B BT I 25 1) SRGAN (Ledig 55,
2017)55 . F3—J5 T, i AR W EC) T
TR IR B W DT AR F R A R
TSR ATE 0 25 LA Ko 248 5 AR Rk 240 SR R JEE RS R (Qui 55
2018) X Ty A (L RE A R AR w1 8 A% TR (1 il
A I8 20638 R G 1 R L ik R ik
AEJI .
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Az Vi MR AL BRI 1] [ sk R RE AL S
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Table 2 Summary of typical public airborne spectral datasets
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LongKou T EDERE 0.463m 270 515%2508 VR Bres
HanChuan T 0.1091m 274 1217x303 RAEW 32
msuav500 VWNIES R JE A 4-6 50 7 + E% LRSI Gk KAl
UC-HSI TR JER 2 >4 WAy 5% REHEAO 6

3 MEREEGERLETTIE
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R IZ AU TEIE X E ML GEAL g2 2T T 3 LA
CNN , Transformer , Mamba R 7% %5 [0] #5554 K J&] 1 22 [
#% (Graph Neural Network, GNN ) At 3 [ 2 4% 7 il
BURER H I WA 1R o AR B R $RER
waenl e INE R ol IEPE e Rl IS = R EAD DN E A
il P R) 75 AN D7 T, R GE AR B 320 7 R B BRIk s
SRR . NIE R I 2 R A SO S A G
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3.1 - EHHEE REREY

DTG IR DX T F AR BRI OGS AE T LR £
SRR E B S MG mtEERS
2GR TEBHE Rt 1025 5 D T RA IR 2 X
Tk A (HE AR AR B2
S SEy SR

X REDGIEEUR , H T HOGIEE SR iR | Bk
Z Rk FE R G 2 M 45 (2D CNN)
XoF 723 (B 47 B A, (B E DA BRG] Ay AH DG 1
(Roy 4%, 2019) o =44 BU 25 I 250 o 75 25 6] 5
VGG B[R] AT B AR, SE L T3 -2 B SRR AR
o] B HF I A 2 i B s ) RO 52 57 5 48 BR A
TAEMT S S A B R (Li A%, 2017) 0 S e

RS MGE, IR GBI T . Roy 54 1Y
HybridSN S ] 3D £ B 5 B3 - 25 k5 P AIE , FHl
i 2D CNN #1725 24k, 75 2wtk e 4 -
BUS TSR ERE . % 3D+2D " S TE s e B
A RS A 1

JTAFE K | Transformer FEAE [ 1 2 ) HLHTH 4
PR B O Y BE T, B0 AR D GIEAHESR I, Spectral-
Former ¥ &3 BEW i — 1 token , 3 i [ 3 &
B B W) O¢ &, W E 3T T 7 Z5 P 68 (Hong 55 ,
2021) . SR, 1E 4N Zhang 55 (2025) i , % 2844 T
kA 0 B A ke A e DT AR B AR T RIS Y
AR BEVEAA FRAE L, &1 X Transformer 75 5 Y61 5]
1853 25 v 1) B SZ Y BRI 1) T, PSS B 1 T L 4
Pl A Transformer P25 3l 3o 5 | A 21 2518857 B HL ]
AN FEE T B Al A TR G R T XA [ R )
I AR 138 BLBE 1 (Xu %5, 2025) . GNN il i 4 # %
JTC R (k25 (8] RR B2 BOGIE AR AL ) AR B2 1] O
AR A o3 An Clnd i i ¢ A 2 ) 3R
RS (H A TR R BOR AN TE T SE R b
BLIR775 o

XF T 2000 B, R Bt O % Stk
55 , R AE B2 S AN i s )4 R 5 e A 1k (Mazzia 55
2020) . ‘B HSRMEAL4G: 1)R H 2D CNN 454 38 15 1
77 (W SENet) 385 BEATASUA [R] 3 BE 5 2) B4R
EfficientNet . MobileNet %5 %t H - [ £ ; 3)45 NDVI
(Normalized Difference Vegetation Index) . EVI
(Enhanced Vegetation Index ) %54 FRFE E0AE 4 B Jin 18
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Fig. 1  Evolution process of airborne spectral image processing methods
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(R LM 52 2% JBE TP 91 AR R T Rl Ry — A, S T i AL
(073 ] OGIERFIE SR S Rl G, 7E BEROE 4 H IR
TR SERE (Li Fll Ye, 2025) . MHSSMamba $2 Hi T
£ 1E & 125 (8] -6 1% Mamba, 38 12 59 55 56 1% token
FRHIZ 3k H R Al R e B 5 2 A i =2 ] 1Y) 52 %
KA , 7 Pavia University B4 4 iK% 98. 56% 147
K B (Ahmad 2, 2025) . VP-Hype HEZ2¥ Mamba
LA 15 E] 350K 5 Transformer [19 56 2 2245 HE 150 —
TR A B, 454 3D-CNN G A i AL 5 - SCA
MR IR A /INEAR ST SE L T B h B 4 2
(Zakaria Sellam %5, 2026) . HyPyraMamba 5| A 4: %
B 1 2 S WL A Mamba 284 , 75 224 3 v B0
5 ESiBl T B R RO IE R 26 (LIS, 2026)
HTRIE SR BOT X A 3h 8 5 (WD RS
b AR BT BN w20t
P RFIE SR U = 0 — 1 B HESE s e it b 5 Rk g

10~ AT A ME Ao R 2, A Mamba il Trans-
former S fUFR AR5 JME SR PERE L 5, (H 1 RAE
fit s S 37 5 th AR B 5T 3 ik
3.2 HENEFE

I35y E M OIS R R AR AR 55 o
WA T MDA GENL g2 2] BITREE 27 B/
AR 2] 5 B MR ) W R B OE S 2O
T I A b B A 38 IR oR A & S

R 32 FF 1) & AL (Support Vector Machine,
SVM) A1kl AL #F AR (Random Forest, RF) 872 i F
T E 1% 4325 (Melgani 1 Bruzzone, 2004) , {H jx £k
T7 BN T AT PRI | M LA B 55 A i B0H
Chen 55 1 YK CNN B T mie i o0 2 9 B 1ok
-2 IS A, ST T 0 R . Roy &F
(2019) $H1 HybridSN 3#E— L RRAR TIHREE AL,
BCAIZ IR AR T . PatchOut 7 i 17—
FhELT Transformer-CNN RS HEZR 11 patch-free T,
P RBAAIL 2 3 6 335 AR 0 4Dk 3 - M 7 555
e, e 1AL G 43 B b 38 O 1) 2 FASON A BT
A%, 2025)0

F s ST B AR AR = RIBCRIME , /MREAR 7
> PRI R FE HUE L (Liu %5, 2018 )65 T2F 51 A
GG A3 A A 55 1) R e S R Ak 5
Yu 5 (2022) 55 BE— AR 2 > S, Py 12>
FEARS ST MR PRI SR BT, 26 D
T B2 N 22 SRAOR I, /NFEAS 5 i B P RE AT A7
TEHR S (] 45, 2026) o EF X/ INMEAS S5 T e 25 18] 43
AR G RURRRIE 27 > AN AT Y [R)8, BF 0 3 4
T 2T ONN-VIT IR A R4 1 75 0k i i TR
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=Yt T 45 5 Vision Transformer B4 175 5] 45 i 42
Bo, B F 42T T /NFEAR 59 K o Paeedeh 55
(2026) H H T F T Mixup FEREAR R () 5 5/ NEEAS 24
25l R TR A s BRI A B2 AL e 5 T
AT I SE SR 17 R T b A D 2 ) % ) Bl R AR
G375 1% G I RO S R 5 R SR AR SR T
T B SN E . SCRARESL PURFE XS 500 A 1 &
LR T OETE BN SCHARE S 5 S A 5, T/ NREAS
G A TP R T 2 AR (Martin-Gallausiaux
4, 2021),

FI B 27~ D R AR 28 i 2 4 1 T A
Luo 55 (2024) & 1 T8 HL 27 > 14 g DG 5 AT $2

U715 s Wang %5 (2024) 5 % MAE (He %5, 2022) i /2,
3R A LR T e, S T R A T 2
BTG ), X285 15 2 TR A SR RIS Ak BRI
e 2 X T SRR B BT X PR AR, Luo 55 (2024)
DU GG R 2N E R W B 2 S 2s TRl L 24
P, I o /NRE AR 27 2] R BOAT T8 11 5[] ST TR .
Ak, SSFSL(Ly 4%, 2025 FH 1B 27 > 5/ A
TRASS G, s R g R o S S A TR AR
Self-Supervised Mamba 2244 (Zhu %5, 2025 )#% Mamba
AL PRI 24 B2 e A AL RE 0 5 A MR IO R AH 45
B B T e R GRS R 2R TP T T

500 600 700 800 900 1000
K (nm)
()

K2 Wiz e R T FORMEFE T OURR I () S BE 0K (IR 2 A 22 ) 5 (D) B EOK (R4 3R R 5 () VRl
TR IE 3

Fig. 2 Airborne spectral images for maize health condition detection. (a) Drought-stressed maize (low chlorophyll, wilted); (b)

Healthy maize (high chlorophyll, lush); (¢) Hyperspectral reflectance spectra of crops.

X206k EAR oL th T H BRSS9 5 RGB
EUR AR, K& i AN HESE , 4l DeepLabV3
(Yuan %, 2022) . HRNet M EfficientNet (Tan, Le,
2019) . [RIF, NDVI,NDWI 255633 8 Bow 78 b B
T ALY | DL AR B K AR S EH BRI e
J1 o BRI AT 46 £ > (U DeepND V) ¥ 4%
GEAR BB AL TN R e, SEBL T W UAR S
BRI LS5 . X T 2SN/ MEARY 5, 1T
2 2 RV N e N AR R 2655y
FMBAY S Z BEAR T mo6i% - SR &, Y A0 26
5503 E0 7 VAT T DA QB ] 8. — 2 il = KA
PR B zs ik En 48 s — R S ) 5z Ak
585 3 = e GRS A AT AN TE 53 5 DU 2 Y ] fif e
250 ARRMIFETG K JRICTE AN FI W B 2% 2] 5 BLhil

B, JF 51 APy BRI TS n] FE4E
3.3 MEik BAre T

H Ao 077 42 S A0 5¢ | 93 M 5 *2 oy 4 4k
HAEEE S WX /b BERRCE 22475 5 K b
PN MR PR R, OGS 5 2635 H ARSI Y H AR
% 2 PRIRSCHRR P A [ T %A 000

XF TR GG BRI, TR E HOUAR ™ E
T SRR AR B | AR T B AL (T 45 ,2024) .
Su 55 (2021) 2 Hh TG 1% S A I 19 7 125, F TR
T SR SR H AR o BT Transformer 146 I 458
AL ) Fe AR AR i A Ry 2 I ML AR H A 5
ZIA R SC R TER A b R B R S
SpecDETR {1k — Ff 3 F Transformer [1) & Y6 1% 55 H
PG I D00 265, 72 2 DG H ARG AT 55 v e B T ik
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BXE, BRRE, =AM, KE, 3R
e E SRR aEAE: ik, RASHkE

PERE (Li %, 2025) . SR, xR THE R 24 E
B FEAL S SERE S s i I Pk . Rk e DR
e H ARSI rp 5L RO B, PR OR PR ke b et o g%
MLk 58 AR 2E =

X F £ 56 1% H AR K, Faster R-CNN (Ren 55,
2016)5 YOLO F 508k ) vz M 1, HLPR s 45 #4 41 i
M Al B 4238 . Zhang 5% (2025) $2& th T —Fp gL T
YOLO [ 5EHT Z 06 igat A HERL 5 R XA G 5
S AT A G o, ST RO B 20615 H bRk
M5 SG-YOLO B 4 —Fh it m s iy 2063 H
i A 0 AE B2, B FE T M5 RS B 5 AL % (Zhang 5§
2026) ; YOLOvI1-RGBT(Wan %8 ) HEZR 3 T N FP £

e AR, T T YOLOV3 2 YOLOvI2 L
& RT-DETR % Z F 5 ALK, Sy 25618 H AR 42
BT G — b B T 28 AR JC AMLE T WO S5 24
4% g4 7 1, DVIF-Net & T YOLO 2844 55311 XL
Iy SRR SR ICEE Y, 430 AT DS A2 Ak R 45 b 4
BURFAE 5 il A K (Zhao 45, 2025) ; REM-YOLO(Yu
85, 2023)HELLRE AT WO S A AN ER R G T A
KA R i B AT AR . YOLO-DBME A5 764 3
TR AR B 0 XS S A A AN O R 2 ROBE R
TRV Al 45 S s, (B B T T 22 63 MG b e A R 1Y
R IAE BE Az AL BE ST OB WU, FRIER , 2026) .

K3 MENRIEEGATIE AR AT

Table 3 Comparison of typical intelligent processing methods for aerial spectral images

AL A R4 TH JRfR T R R IR
CNN HybridSN JR AR o A R R K I 2 41 55 EAL=int e
Transformer SpectralFormer 4 JR AR J TR HHIFRIR PR [
Mamba MHSSMamba SUMERE RFIEM BRI b1 AR
ST MobileNet—YOLO SRR S FEIE RO R 55 2t {[iS
RS fRE4E5H T JRi R i A RE

SRR, T H ARSI 7k i AT T s B AR
RAFA R, thde BARmGiE 2 2 a8 Skl . A
T AT LA A5 R F2 50 6T 5 BAAE i B s
fIE, AR BEFE o A 60 £ 57 AR 3 5 SEisp b
RETIA R o AR FTIRE GG 3 T 1 A I
FESE , I AU 1Y Sk 5 -

3.4 TKRMTGE

AR ALK R AL S 1R R B 2 —, 2
TOFE W 5 EREE AL o s F- 5 AL R i A
A W L EOGE S 2O e AR AR b
(05 s 45 A O B, ABAZ O HEZR (AN 2R 2E 4% | Trans-
former) EL A Hi Pk

1R G A ARG I 7 vk F2 LT 22 03 43 Hr B2 Ak )
i 43T (Change Vector Analysis, CVA) , {H X} FE AR
PRI, 5y P K . Daudt 55 (2018) 48 1 45 Bls
A 2%, SEBE T i 3 v () A2 ARG I . BIT A Y (Qiu
8, 2025) 38 13 X433 Transformer FE 4% XA AH ZL 4
Z [B] i 4 Ja) & 2 5 ChangeFormer #F— A $& - 17 &2 4%
A5 T kLI BE 77 (Bandara F1 Patel, 2022) .

TE [17) 22 7 8 28 AR A 45 & NDVI 545 $ik

TP 2B, BCoR F 238 18 CVA 552 CNN Ay 41
Hro MFTSNet #5138 i il G 28 A4 25 4 il 22 RUBE AR
Transformer , 7 i JE& 52 15 A8 AL R I A A3 5082 T 4G
NS 2 R ARG I e e T ] v T 108 A8 A A
WUV EE S35 FH A A A8 AR 1RO, ™ g i o 725 Ak sl A B
fiipit AL (Bl Zaar 55, 2023) . IRAFERE S AR
5 W 2 Bl B L0 T T GG MG AR A A I 3 ok VR
T T AL R UL ) [T 4 A B A R T T A T o
PEFEZ A ER AR T 0 20T BiT .CBANet % £ i )7
:o ECFNet 7 BE 120 A G i 48 404 | FE A 5 2% 1
5 A2 [B) R 38 KA R ) B S R 358, T
I FHR M B e o 38 A AU A R0 (Zha 55, 2023) 6

JUECSRUG T — St 25 | i A8 e il 7y vk
ABAFAE LR )0, — 20 LA 85X 40 IR AR L 5
SEARAY s TN 22 B AR AR RE ) AN A 5 =
SRS EELE R . R T 5T L
5 SR R S PR R AR A
3.5 RiEMMESTEITHH

DT AR T 2 e DT TG 43 B v A A0 [, G
H RS2 1R B AR TT i s T oo SO R A 3 B
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FH WEAR N, 2SRRI B> D6 ot
RAK, 38 5 NS RGO AR TSR FH R4 28 sl %
BEAIREAR . DR A 3 B ) e ' Al

B4 7 I T LR IR A AR (Linear Mixed
Model, LMM) (Bioucas-Dias %, 2012) , iZ A& AU {5 %
fa7 o (HAESE PR 2o st P AR R R, it SR
P T ARG AR ik, A3k A sR B AR (L
FikBe AR . Alshahrani 25 (2025) & UK A S
88 5| ASRIRAT S5, 38 4 F AR 1 3R Ui oG , LI T g
31 3y 1) A 2 M A TR 8245 ; Dobigeon 55 (2013 ) 3 —
RO T R AR PR IR ik, B AR T T R RR.
SR, X SR B Ty V3 e 2 Wy B2 o (Al e
1 RefSFIE) , S S R T Rt %, T
AR WFST A T IR A Z R 22 0 1 B0 4l B o2 e i
fif TR A TR, S a2 G IR AL S ) e R AR B 5]
o T it TG B I, 7R DR A TR RS B B[R] s RIS T 3
B2 (Yokoya s, 2011).,

Uit G B BUAR [ e — Rl S [, AN () s
AR BN A soadE A . BUA TR K2 Z M BE
SPE 5 G TR A A ) BB fof A5 AR 7 S B i
AT SRR AZ BIBR ] o AORBI ST TR Py BB R (A
RS L E AR ) i AR 22 R 45, AR T IR 45 SR 1B
M5 AT AR
3.6 ZEHEHESHELE

22 V50 Tl B T R R — i U R B AR T A
226G B HSCR R B RAE . ARTT SAREES
il eI - LA DL R GRS S 2 P ) SR
=AM R AT

SR RE OE+AE6E) Ok EgE 5
LiDAR .SAR 2 RGB {4l & ffi . LiDAR 42 b4
B = 24540 5 8, SAR HL 2% 4 KA AR BE 1 , i
RGB EME MRt F & o ifs 8 . Ry ik 2
K % 5 P ol A 2L Rl A (Pohl A1 Van Genderen,
1998) , (HMELA T A2 IR BE S IR Z C R . RS
27 ) B, CNN 5 42 5% B0 W 4% (Generative Adver-
sarial Network, GAN)#% ] ¥Z W H TRl &4 5%, i %
T T RhARCR (Ma %, 2019) . JT4ESR, 2L
Transformer BE 1% 7£ 457 AiE 25 [H] % 55 A [R) 4% [ 4% B |
SEHUHE SRR G B . R, T AR RIS TR
25 [ HER W BRG] b i 22 5, A oL RS T
Ife T v PRI HE 538 AN — 305 9k K (Chen %55 2022) .
Xie %5 (2025) # ¥ GCN 5 Mamba IR & F T 61

5 LiDAR K& 7338, 5
il

JeiE -G RA (ROLIE+ 200 . motiE 5 2
JCIEEUETE AR BB ] B A - OGS S A
A ETE R B, Z2O6IE AR a1 23 ) 73 o 5 5
B o (Yokoya 55, 2017) R 40 A0 45 T WG S 54 1) il
BTl RS R A R 2O EIR S w0t
T R, T AR R o B EDGIE RO . BRI
it — T T RS R (Luo 45, 2025) .

T 5 201 P R SR B A B TR A
25 61 R Ak B2 W DA PP — S0 T 1) 22 U8 P )
Ji& o LAY P[] M AL AT - 2200 A B s A (R
FHZ2 61 e BeAis T s i Eiata 19 I Bk PR BRI 4
ORGSR S 206 B Ik Gl i 2% S mobis
FRIEDE AL 200158 AR A B 2H 5 ) I3 2 AL 3 CR
FH“ 203 PR A /73 28 + e G TR ANl Y
TR ) IR A (BT H e — TR BE I 265, ) I A
IS5 2265 s R 4T v 3 952 2J ) (Loncan 55,
2015) . R R HL R KR ABANAFTE R
BRI E RMAR 2 IR G B AR s 5 — 1Y
I3 7] e S AE B iy 2R A 5 S5 I 28 8 1) TR S R TR e
(Meng %5, 2025; Yu%§, 2025).
3.7 HEamMZFEaMEMLAESREEN

i 25 7 & (e =2 T8 AHL) /Y 1 53 9% 5 A7 fR
(GPUZHFE . NAF 52 IR BRI A4 IREER |
TRINFEREE o K22 G G AL D] 7 T 18
RZ 020 s S 2GS AR S A B T I
AR PR (H AL B AR B Rk

B 4 H R (B A ik RIRZE IR E )1z
FH 0635 i 28 N 45 19 %% 5 1k (Hinton 55, 2015) .
TensorRT . NCNN &5 4fE L 5 | B 0] S vty v R0 2% o
22 2R 34 &R (Neural Architecture Search, NAS) A
FI ST I 1] R AT 55 IR OIS N 26 . X220
PG , MobileNet | EfficientNet-Lite %558 5o B T B 4%
T BT M2 S B 5 K 5 6 T i G S 45040 |, HybridSN A
o4l 3D CNN #3245 (Roy %5, 2019) , Mamba [K H:
LMk 2% RN AT T T B | 1T Transformer 3 %
T B TR A R o 1 B LR
o B ZIR A CNN-Mamba M 45 4% 42 H H T #t
T E MR 402, 3 45 A CNN AT Mamba B 88 G £ 3
A RAHAR T4 R AR ER 13- 23 AR TR OR AR T
AT IS (Zhang FIT Xu, 2024) .

BT B A ASRAE A IR
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BXE, BRRE, =AM, KE, 3R
e E SRR aEAE: ik, RASHkE

T2 SR 5 7 2R R g U7, © A WF 5k
YOLO 9 2k i j A ¥ & T o N ALk 4 s+ (i
NVIDIA Jetson R 41)) , S8 1 Z 18 E G ) 52 i H
Bl (Zhang 55, 2026) . YOLOv1 In 4% 5 AR LE
TCNAILAGIN | BR R N A PR AT 55 v R 3 S A
AN PERE (Kabir 55, 2025) 0 #RTH, S0k ik M
S TR AR ARSI AT TR I B R R BR P, T
FRZEIR Y B B m OB IR e il g R Al
BOHEEL T SACRI 26 (Chi &5, 2022) 0 BRFE
AT B B DT AT T IR Y 53 FE
fiE(Carlesso %5, 2025),

LA RT WA ETE G REAL PR A K i
B AL DB AT 1 A B AR
ST, AR R AR R A B 7 R 1) B — A ]
ZR A PR &R, LA FEAS TR A () FAMIE A 3)
N A AR K By 1] 4y 3R 24 SRR B AR R e 2 L) T ]
R Sz ALRE ST o (A, Y AT O S AT I — KA
OO : BRI ez KRR 2237 5 2 A B i
23T AT EAEAR s W BT R GIER &
DL AR SRR R A AN I 5 RGTIHET: LI
Rl 5 NG B A 1 A A D, T S 2 ) i ) i R
Gikiib o ARG AR ZE 0 (R GG B Al 5
AR5 BB 2] ) BE 2 T (R s 63 B AL
PR ) 5 AR G0 2 M (BT 4 8 Re PR (- P ) U7 22)
PRl HEE

4 HAIN Rif=

fi 23 i G AR AL R R O A 21> U R 3
AT AR AN B = GG R G 1 HoRS 40 1Y
JCHE 4> HERE S1 , W] SN M 4 ) Bk 2 T A
P 5 220635 PR U] A H: 23 2 8] 43 B e I v
TRBCAS A A, 76 R AR 2 28 Wil vp o 3 35 S b Ay
TH AR N R A B AN DRI R, AT
MAGHEL Y, FREE 5 9 3 W ZEF i 8 52 By I
5 5 it S5 2 N T T RS AS
FeiE G e AL BRI BRI F . S e R R
I 40U S DG AR S 4 a4 I o
4.1 FBAERLEHIL

FE AR M SR AT 25 1 G F e ok B g Sk
Z—o TAWIEEZ G s AL s, AT sk
RIAEY B AERARAS (SR 50 W38 o R 3 IR S (5

S SRS A e TS A MR T R R A0 B e R A
P 372 5 (Maes #1 Steppe, 2019; Sishodia 45 ,
2020) . B ASkUE, B SRR F RN ERS
ARGy T3 WS I SR TS 7 T L SRRl B
PR AE T TR R

FEAVEY  FAEO 7 T8 VE) 320 5 A e,
Hom Jr TR (e R o K& ) SR
g BRI G SRR . G ER R A 4
SR IRASE] WLy ik 48 807 A8 4, 700 T L AE Z i
IR . Liu 5 (2025) R I ABLE g
R AE K R R v PR 0T S B 1 5 90% 114 PRI
7% Franke 55(2005) R 4E AL T 20616 560
TE/NZE SR R I v B R, 48 Hh s G 78
SR LS W 1 22 5005 5 5l T R AR R
HAT . — U2 IS R T EOK T 2R Y
S AN 2 TR

TERE ) 7 53 i3 W00 0y 1D VE TR R B VB 4
FFRICR B2 BUK 3 A 50 HOGIE AR (a2
DL E RREE ) & R, T2k
4% 48 200 R Be S B AR AR 2 W o O . AR
K TR BE 28 2 R B2 2] i -5 3R OCHK, ikt 1
fRERIT AR tE . L (2025) 88t T —Fh45 &
Transformer 5 1 & J7 AL A9 55 6 15 S L7, St
TR ORI B A A R AT

FEMOLY G R A T 2 R G BE S X AR
Ff CANAAR, G AR )5 22 ] — A4S ot 19 A [) i R bR
Ao 205 B WIS H T A RS PPN B
AR WS (Dash 4%, 2018) . IbAh, B AHLL i
IR 454 YOLO &Y & , g 2 FH TR Al
T AR SRR A A B 7 B S0 (Osco 55,
2020) . 38 3k 22 B AE DG B, T8 B R S A Rk
(SRR AT S E/ TN R s 8
4.2 WMESREEN

LS TG G AR PR B W I 55 ¢ 38 10, 2 el o v
P73 CHEVE T, LR IS AL 3 A e i A R 8 sk 2]
IRREIY SR B 2 A HEPR I K G B

T Vit 155 205 T A0 T Y Vi VR R T R
SRR AV PR U T o AT B K AR s A B
b ) W AR R, 7 U0 2T i B S IR v S o
Z IS AL I ES (U Sentinel-2 A4 X I 1 Bt ) m] B i
591135 10 X IR ( Gladkikh 25, 2024) . 563 K4 fii
X3 AN (A ZE A b Can Jio L 53 T ) |, S S5l

11
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FeAE A& BB HE (Fingas A1 Brown, 1997) ., Xf T
AR, 5 G AT RO AR (S RE ) , T
B R o FEMRICHR SR I 7 T, 25 SF 65 45 A
LIHN5 Z IS AL, AT 7R K T 1A & 30 i TR ARG
2T AN B v e BRI D £ 4 ) AR 55 2 o7 e
o o T UREE ) I 26 MR R R 48 2 REAE
T AL 1 SE BRG] KT A 3 #0E (Gladkikh 55
2024), FERAIG YA MMy T, T ANE ik
o GRS, T T R R g BE bR
FFAF TS YR AT S AR W 38 o B R
= JEEJE RS e Wik B (A PM2. 5.NO,) , Rk
FEALEYE (Duan 25, 2020) o 766" X B85 W0 7 1T
T MR RE S RN X T 4 R T Y 5 0 e ol
BN ER MG B e TG Ya . 2GS
TR Y4 K S 1 S sh A W

EHR (%)

o
)

4.3 FEEHEMBRE5ZMH

A 23 S B AR 25 sl EL A Pk R A 1 A
{E, o FARIAE Dy e H R BRI (Can 181 3 firs ) b2 6%
FRSI R 37 B 58 8 55 7 T

FE PR HAREEIN T 18, A% 50 0] W E/2T S M5 xE
DATFUN i A Oh 2 8 ol 7 2 DR 2 1 B e, TR Ay ik
AR FE RGB AL AN BE 5 15 e ARl SR,
PR R RIS i 2k 5 R ARAE DY | - e FE A 22
S, OGS R R A% 8 1 i e TR S A
T 52 3% M6 9% S (Makki %%, 2017) ., Shimoni %5 (2019)
RGVVAG T m OGS AR ZE = Dy B R A 250 Rg , Tk
HAEA MR AMNEAG EA B0 TR > 3
58 1) Y T S AR I i i — 2D R TR R REAIR
TR (Pant 5, 2025)

o
o

o
'Y

400 500 600 700 800 900 1000

¥ (nhm)
(b)

K3 et G T O HARRS . (a) Phke B bR s 18T s (b )t K

Fig. 3 Airborne spectral images for camouflage target recognition. (a) Schematic diagram of camouflage targets; (b) Schematic dia-

gram of spectral curves.

FEAL 2550 5 8 KE 1R O 1T, SRk 2 R R
(CAnyb Ak T TR KE 5% B8 B RRAE DG5S el
W (BRI AN B ) o HLER AL s T 7
U A PR B AN SR M X L6 ) 5, Ay B Ak AT < B AL
F-Bt (Manolakis 55, 2014) . 7% 3% FR5EEH 7 1
22t AT T P X4 ZE 3 H AR (3H 5T 4250
NG 55, R HbRIREE AR S S AN 456
TRBE 7 2 R 8 , 22 56385 T AL AT S 30X 1l 171 7% 3
H bR 52 815 (Cao %5, 2025) 18 LR 522 05 )5
T, 76 R BITE sh e, Jo AWML 618/ G vl &k
PR B T N P ) S AR Can R ke 2 ) 5 T B8 1k
Y, 2SS EG Tk E g TR R

BiiikZ
4.4 WHEEMIZHE

2 s MG AE R T RS A8 3 W LAtk 152 e
faRREVTAl 45 5 T HA iz b TR 5o

TEIR T M)A A 23 25 7 T, = G BIHR BR A% IX
SIANEM B R T (4 Wi LR R (T
TREET) M (R REA) S5 Il #4870 #r A2
A AR AL RN B . ZotiE RS T R
- Hb A 53 2 . B BE A 2] 4 26 4% (41 HybridSN
Spectral-Former) 7E3 T = G35 48 F 2 155 90% LA
R EAORE FE (Roy %5, 2019; Hong %5, 2021)

FE RS AR ARSI Ty T, 22 B AR A 2 220 ]
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BXE, BRRE, =AM, KE, 3R
e E SRR aEAE: ik, RASHkE

BEE SRR S, W] F S DB PR BR e
S, MR 55 T ol i AL ) s 5 A TR (Liw
S5, 2021) o mOGHE AR fAer i e % IR 5 i S K
B AL, SR AL SR A5 B . ETE B 5 S
W75 1, JCAMLZ TG R T H T 3@ i gt 4
WU R 4 R VASEH) o IRLLANIE BON
TET R A A0 1) X 03 R R v, A B T AR ARG RS R

(Doornbos Fll Babur, 2025; Maes Fll Steppe, 2019) .
e T DU BE A I o T i BRUK SR fE B 2R o FE S
Bl ISE G A I T, ) P e DI i R BRI A 228 K
I A 25 A B B R T E ik B e AR A
A Ta) JE b =y BAT R R DG L AT S B B Al =T A
(Peng %%, 2025).

F4 MEHIEEGABNATIHRCBREARLZE

Table 2 Summary of typical application domains and key technologies for airborne spectral images

O JH Bttt g5 B L

KEEHA G IR RS

o L R BUE  LE AR o

K HELO I — HSI
S i“h 5 g
Eﬁﬁk%ﬁmmwm%ﬁwmgmm Mo

RN

2 Phke BAR SR L Ao 25300 151 HSI

Wi 5 AR AL RS Aoy 2K AR ST R Al

it o MSI
H 5

VIR I E HSI
BTG

. Hb R 3375 MSI

il SO CRF E I BB St

A ) Lr i E s (g (Maes FSteppe, 2019), (Lu %,

2025

nHE ) )

W7 WA g el 1T S 3 IX - A ) | (Fingas #1 Brown, 1997),(Glad-
PR SIS B B A kikh %5, 2024)

i i R G AR IT AR ) |
ORI (CJC s Je ot )
MR WA D i

23 [ B A (X o0 B 5D 22
AR 28 73 RFAIE 2R 2E I 2%
LW WOBCRIE DT FE O TE A
B

R TR e LN AN T8 LR TS
A RS R
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Fig. 4  Airborne spectral images for mineral resource explora-

tion
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Fig. 5 Airborne spectral images for cultural heritage conserva-

tion. (a) Damaged artifact; (b) Spectral image of the damaged

artifact.

Tl L Ah B A2 O AR

WLEN G U #8 1 BE U FR A TR R, B AU L2k 50 2%
B W NVIDIA Jetson Xavier NX Ay FEZ) 20W, H:
BT S GPU, FE Nz PRI IR A5 F
BT 2% B GG TR B 2 ST AR T I KRR o A

ek NN 9L P WNGIRUE &1 -F %
AT R TR R A R o O T IR 2 > Y
T B P e B R AN 3 1A
7R
5.3 H#HEWMEME

WA TR B 2 > AN 25 DG UG AL B b T
12 PR f < AR R A 8 ) 24 H R A R
PR RHRA . T2 IR PIE (RS Ti2 I 45
B A APURATTIR, , G = T figp R AR ASE B M LA 3R AT
RAE, QPR T AR LS 55 T AYTRE

JCTE PR ATT D, EGIE EHUR A% L
Wi (B 7E T 2 35 il 2k RE 0% K W i ) i ) o s
P SR, 25 ET A A IR B 2 ) J5 % (4l CNN
Transformer .Mamba ) B 32K 1% I B R 10 37 1)
fIEI T8, H P &R i S R ik = 06 2R SR
U . R 1 D SRR R A1 T0 v 1T ) 38 ELAA 8
TR MSCRAAE | S SR A7 45 mT R ) B e . BTt
TEA P 55, — 7 S 1E 0 A AR W] R 3

15

RUEARRAR W) 2 R UGz 8, SR, 64 B2 S B MR 2 Wt G R , 5 Dh AR OC”
(a) Indian Pines (b) Salinas (c) Pavia University

W Weeds_1
W Weeds_2
W Fallow Il Asphalt
Fallow plow B Meadows
Fallow smooth
a Stubble W Gravel
W Celery Trees
B Grapes B Metd Sheels
M Grass/pasture-mowed [l Soybeans-no till - Corn | Soil )
M Bldg-Grass-Trees-Drives [ll Corn-min till J Oats W Corn Bare Soil
[ Stone-steel-towers [ Grass/trees [l Grass/pasture I Lettuce 4wk .
W Corn-no till Corn I Wheat [l Woods Il Alfalfa B Lettuce 5wk W Biumen
[ Hay-windrowed [ Soybeans-min till Ill Soybeans B Lettuce 6wk B Biicks
(d) Berlin M Lettuce 7wk B shad
M Vinyard untrainded adow
W Vinyard trellis

M Forest

(f) Han Chuan

(e) Loukia

Commerecial Area
¥ soil

Allotment

M Low Plant

o _

Ml Residential Area
M Grass
M Red roof

M Plastic
B Road
M Bright object

M strawberry B Water spinach
[ Cowpea Watermel on

Il Soybean
Sorghum

[ Sparcely Vegetated Areas Broad-leaved Forest Fruit Trees

I Mineral Extraction Sites [l Dense Urban Fabric I Olive Groves
M Non Irrigated Arable Land ll Coniferous Forest [l Rocks and sand
M Dense Sclerophyllous Vegetation Bl Mixed Foreset Il Water

M sparce Sclerophyllous Vegetation Bl Coastal Water

El6 S mo e R £ R4 . (a) Indian Pines 80854 (72 . AH R A K 47 4525 ) 5 (b) Salinas (Z2 . B A E 47 4558 ) 5 (¢)
Pavia University ZUH54E (2 DR 4 4555 ) 5 (d) Berlin B0 4E (4 AW 4 4525 5 (e) Loukia B8 4E (. DK
T FR%) 5 (f) HanChuan BE4E (AR GK T A%,

Fig. 6 Commonly used airborne hyperspectral image datasets. (a) Indian Pines dataset (left: false-color image; right: labels); (b)
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lin dataset (left: false-color image; right: labels); (e) Loukia dataset (top: false-color image; bottom: labels); (f) HanChuan data-

set (top: false-color image; bottom: labels).
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Table 3 Summary of challenges and future directions for airborne spectral intelligent processing
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