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Abstract: Airborne spectral imaging, including hyperspectral imaging (HSI) and multispectral imaging (MSI) data from
unmanned aerial vehicles (UAVs) and manned aircraft, has become a cornerstone of modern remote sensing. Compared to
satellites, airborne platforms offer ultra-high spatial resolution, operational flexibility, short revisit cycles, and customiz-
able sensors. Because of these advantages, they have become indispensable for precision agriculture, environmental moni-
toring, military reconnaissance, urban planning, geological exploration, and cultural heritage preservation. However, air-
borne spectral data present unique challenges, including high dimensionality (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. Traditional methods (e. g. , SVM, random forests, and physical models) struggle to fully exploit

W #s B #1:2026-04-16; & [E] B #:2026-06-05 ; FEN 2 B £ :2026-06-12

* BIEVEE 5%  nwpuzhanglei@nwpu.edu.cn

ESTH: HEARFEILETH (62372379,62472359)

Supported by : National Natural Science Foundation of China (62372379 ,62472359)

3097



3098

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 31,No. 9, Sep. 2026

these data due to limited feature representation, the curse of dimensionality, and poor generalization across sensors or flight
conditions. As such, this paper systematically reviews intelligent processing techniques for airborne spectral images , focus-
ing on deep learning and advanced machine learning. First, we highlight the complementary roles of HSI and MSI, stating
that HSI provides rich continuous spectra for fine material identification and sub-pixel analysis, while MSI offers higher
signal-to-noise ratio, lower data volume, and better real-time performance. Their synergistic use, often in a layered strat-
egy (MSI-based coarse detection followed by HSI-based fine identification) , is a key trend. Next, we discuss in detail the
preprocessing pipeline—radiometric calibration, atmospheric correction, geometric registration, denoising, and resolution
enhancement—noting the shift from purely physical models to hybrid data-driven and physics-informed deep learning. The
core of the review covers six intelligent 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 have been shown to achieve
linear complexity while capturing long-range spectral dependencies, balancing accuracy and efficiency for real-time sce-
narios. For classification and segmentation, we discuss supervised, semisupervised, few-shot, and self-supervised meth-
ods (e. g. , HybridSN, Spectral-Former, and masked spectral modeling) , as well as lightweight networks (MobileNet and
EfficientNet) and transfer learning dominate for MSI, with cross-domain few-shot learning addressing label scarcity. For
target detection, HSI exploits subtle spectral differences for camouflaged targets and chemical agents using anomaly detec-
tion or Transformer-based detectors (e. g., SpecDETR) , while MSI leverages YOLO and Faster R-CNN for real-time
object detection. In addition, multimodal fusion (visible, thermal, spectral) further improves robustness. For change
detection (CD), Siamese networks, Transformers (BIT and ChangeFormer) , and Mamba hybrids are applied to multitem-
poral images, overcoming specific challenges in distinguishing real changes from illumination/atmospheric variations and
incorporating physical constraints. For spectral unmixing, autoencoders learn nonlinear mixtures but lack physical con-
straints (nonnegativity, sum-to-one, and energy conservation) , with recent efforts embedding linear mixture or radiative
transfer models into deep networks for better interpretability. For multisource fusion, we cover heterogeneous fusion (HIS
+ LiDAR and HIS + SAR) using multimodal Transformers or GNNs, as well as spectral-spectral fusion (HIS + MSI) to gen-
erate high-resolution hyperspectral data, outlining four collaborative strategies: HSI-guided band selection, MSI-assisted
dimensionality reduction, layered cascaded processing, and end-to-end joint modeling. A dedicated section addresses real-
time processing and lightweight deployment on airborne edge devices (e. g. , NVIDIA Jetson). Furthermore, we review
model compression (pruning, quantization, knowledge distillation, and neural architecture search) and evaluate back-
bones (MobileNet, HybridSN, Mamba, and efficient Transformers) for onboard inference. While real-time HSI classifica-
tion and MSI detection have been demonstrated, real-time unmixing and CD remain challenging. The paper surveys typical
applications, emphasizing HSI/MSI complementarity, including precision agriculture (early disease detection, nutrient/
water stress, and fruit counting) , environmental and disaster monitoring (oil spills, red tides, forest fires, air pollution,
and mining) , military reconnaissance (camouflage target detection and chemical agents) , urban and infrastructure (land
cover classification, building CD, traffic, and infrastructure health) , geological exploration (mineral mapping, alteration
zones, and oil/gas microseepage) , and archaeology (subsurface relics, surface disease analysis). Next, we identify five
core challenges, namely scarcity of high-quality labeled data, insufficient model generalization, real-time constraints, and
lack of interpretability (black-box models ignoring physical mechanisms) , and difficulties in air-space-ground collabora-
tion (heterogeneous data, limited bandwidth, and cross-platform transfer). Finally, we outline the following directions for
future works: foundation models with self-supervised learning for spectral-spatial representation; lightweight edge intelli-
gence via hardware-software co-design; physics-informed deep models embedding radiative transfer or mixture constraints;
robust and trustworthy Al with adversarial defense and uncertainty quantification; and integrated air-space-ground collab-
orative observation systems for hierarchical and intelligent remote sensing. In summary, this review 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 https://github.com/zhaoxb2025/Airb-spe-Img.
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Table 2 Summary of typical public airborne spectral datasets
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Fig. 1  Evolution process of airborne spectral image processing methods
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TERG B 5 30 2 [0 U EE 26 Transformer F145 CNN
J5 B AT . MV Net 25 4284947 3D-CNN 114 &)
:I;Llsfl’jd:‘ﬁE %HX \Transformer E"J %E’ @*ﬁ ﬁEjj ﬂl Mamba
AR A 52 2% B 7 9 AR 1 kg — 1A, S 3 T K
8723 ] — GRS RRAE SR IS R, 7E SE R 4R 1 I
57 SR fE (Li A1 Ye, 2025) . MHSSMamba $2 Hi
T 2R 125 81— Mamba , 3 15 34 58 Y6 token
IR 23k A TERE iR B S 23 AL B Z [ i 2
KR, 7E Pavia University 0454 153 98. 56% A9
Ay 2RE T (Ahmad 45 ,2025) . VP-Hype HEZE4 Mamba
(LA [B] R0 Transformer (14 G 28 UL RE ) 48—
TIRGZH P, 454 3D-CNN i iy 15— A
KBS, TE/NFEAS ZR P N 92 B T i b 8 o 26
(Zakaria Sellam %% ,2026) . HyPyraMamba 5| A 4 7
B 638 T 2 S HLA A Mamba 2884 , 76 £ > 5L vfE B
B EICBLTE R R TS R 028 (L 45, 2026)

HTRIE SR BOT X A 3h 855 (WG IR AR
b LA BB BRI A 2 5 mOLih S 20tk
P RFIE 4 R = 50— B HESE ; e Ak 5 3Rk g
T3 095 A% 2 X A . R B2 L A Mamba I Trans-
former Jh fUF (1R & 2240 R PEREDL 57, (H 1 AR AE

fii 2 S 5 R R B S I IE
2.2 HEREHEFE

35 EEM O R AR AR 55 .
W2 T MARGEbLas 27 ) BITREZ 2 ) #E 3]/
A 2] 5 [ R ) W R R E g S 2O
PR P A 38 FH B A & A& T

B, 3285 19 & L (support vector machine,
SVM) FFE L ZE K (random forest, RF) )32 v FH T 5
e ( Melgani 1 Bruzzone , 2004) , {HixX 277 4K
N T YRR, ME LA PR 5 4B 35 45045 o Chen
FEN(2016) 1 UK CNN W H F R eig 0 28, se T
eI —2S A AR, 348 T T B . Roy
45 N (2020) 42 H 9 HybridSN i — 22 (8% 7157 42
BIE O Z S AR T . PatchOut J5 i 42
H T —F 2 F Transformer-CNN i A HE 22 9 patch-
free 75 % , T KOMUASEHIL w5 D' 1% (15 A4 400KE . £
MO BT 6 32 L A 1AL 8 o3 Bk BRAT R /Y 1 RO,
FHRICA (Ji 45, 2025)

J 2 TR AR TR A R AR IBCRIME , /MR
2RISR FE I . Lin %5 A (20196 62 ) 5
A GG I3 28 it 27 2T AT 55 [ B e 52 g pe gt 2
165 Yu 58 N (2022) i — 25 oA I AL 25 o] S, $2 i
TR R E T SR BIFTE R, 20
(]G AR B P4 28 S BRI, /INBEAS ik 1) 1
FEAERS (A B8 45 ,2026) o BEXT/INEEAR 64 F
o 2% 0] 23 38 DG BRI 2 2 N 4 THT Y )
5% & #2 T % T CNN-VIT (convolutional neural
network and vision Transformer) I & % 1E 5 £k 10 5
A IR =4 RN 2% 5 Vision Transformer fY
B[] 5 IR 2 300, B 2 R TE TR AR 3 2RORE .
Paeedeh %5 A (2026) 4 H1 T 3 F Mixup F& Al #5711
P S/ IR AR 27 2 5 1% ek AR R 1 5 BR A AR A
MIZAGRE ST 5 O3 A IR T 4R 7 25 T A R 1 i A 1)
2R S B INREAS 4328 05 % IR BN B RRAE
BURE SRR ER T T 5 3% 50E WPk . SCFA (spectral
context-aware frequency alignment ) HE 22 M ¢ 1iE XF 55
AR R BB TGRSO B Bl R X 5
TE/NREAS 00 1 73 26 R AT T I 35 AR (Martin-
Gallausiaux %5,2021) .

B 27 2 S R T AR 2 R SR A T A
Luo 55 A (2024) 48 Hi 5 T X8 Lo 2% 1 9 3 G i ik 2
BT s Wang 25 A (2024) £ % MAE (masked autoen-
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coders) (He %5 ,2022) i JEARL, £ HH A5 o i 45 7
LS T R ISR, (HE R XS
FEIT RS FAR IR A PEORES , k= X615 Py R PE Y
FEXTHEEAE . Luo 558 A (2024) UJEH: MBS AR 21
R WEBHE T 2 A U Z R, O i /A 27
AR IE R B 23 R T AR . e Ah, SSFSL (self-
supervised and few-shot learning) (Lyu %5, 2025) % H
W 2 o] S/ IMREAR S ) AR EE 5 Ol B s T AR
SRR TR 4% o Self-Supervised Mamba 22 14
(Zhu 55 ,2025) ¥ Mamba f) 28 1 52 2% B2 7 1) (2 452 g
15 A BB BN B T e E g )
Fh v,

XF T 26 E Ao E, BT BRSS9 5 RGB
EHGARL, KW T AL HESE , 4N DeepLabV 3
(Yuan %5, 2022) . HRNet (high-resolution network) &
EfficientNet (Tan Fl Le, 2019) . [F]#f , NDVI,NDWI
(normalized difference water index ) %5 Y 1% ¥8 50 1F
Sy BT 3 T e AR, DL s X AR B KRS H AR
PUNBE J1 o BT AY AT 6020 48 05 »J (10 Deep-
NDVI) B e 48 B - A T i, St 1
Py R SRR 25 G o X T 206G R/ A
st iR ) RS I 5 AR 31z ], (R A
B2 S R MBI RL A R AR T RDOGIE . AR
T, A2 S EIIEA R LR SCEE R 1) fl
Z RMUBRRTE BT 206 1 B 2 5 2) B R i 7 52
TRRE T35 5 3) JEiE AR B A I AN TE 535 4) BRI ] fi e
PEZE . AORBIETE T K RO IE ARG A o7 ~) 5 ik
A, IF 51 AP ER AT LA SR TSR ] FE:

2.3 MENE BRI GE

AR AS I e 22 55 AT 4 9T M DN 55 <2 B 45 401 4
BAEZEE S /N BERRSE S 2475 5 K b
P SRR R AR, = 061 5 201 H ARG I A BOR
R DR BB A AN T i 25 A 0

XF TGS B AR, TR BT
i H T e MRS A TEE ALH (TR 45,
2024) . Su&F N (2022) $i H 56355 FOARR I A9 75
2 T EAE S 55 HAR . 2T Transformer
(R U S A5 ) B A A 3 4 Jmy T R D MLl s H
PRSI C R TR 25t rh SR B 0 Y
BFEME . SpecDETR 1E i —Fi 3L F Transformer 19 /5
GG A5 H ARSI 9 2%, 75 iR 61 H bR AG AR 55
BT MR AR (Li 55, 2025b) o AR, i 28 ik it

SRR AR TR A L g b e Pk R
JEIEAE Do H ARSI v HAT pRp O e, DR Ry Ph e b
BHGIE 2 58 SR EE = .

Xt 263 H AR A, Faster R-CNN (Ren 55 ,
2017) 5 YOLO (you only look once) ¥ 15 %] 1z i
FH, HL PR B S5 A8 AR T 1 AT AR . Wang 55 A
(2025) 42 7 —Fh AT YOLO 1Y 52 i 22 6 1l A5 A
PURATENES & T S PN e T s
K B 0 22961 BARKIN ; SG-YOLO /A —Fp 4% i
R Z 068 B AR I AHE S, & 16V B 5 80%
(Zhang %% ,2026) ; YOLOv11-RGBT(Wan %5 , 2025) £
BT T 6 Fh 2R A, N T YOLOV3—
YOLOv12 Ll & RT-DETR %5 Z R i RIS | S 2201 1
HARR IS AL 1 58—k 0 i Uy 22 s TE T A HLA AT
WL 5 21 51 B 44 il & J7 1T, DVIF-Net (dual-branch
visible-infrared fusion network ) %& F YOLO 48 #4511
TRy SCRFRESR IS AL, 4350 AT LG ZT A1 R 45
Ha B BBCRFE 5 il K (Zhao 45 ,2025) s REM-YOLO
(Yu %5 ,2023) HESRHE 7] WO 5 Lo G Rl & 1T T
G KA I W PR AT A KR . YOLO-DBME
(YOLO with dual-backbone and multi-scale enhance-
ment ) B I S A5 AR I SR 53 SCAE R DA R B
IVEANEE SRS IS ST E S SIS 1L
H IR AR B ARSI B R Ak e T (R IUER RBR I L
2026)

SMARE YT H ARSI 5 2 A7 i /s 5 AR R
AR DR H BR OGE 22 e s S PR . A T
AL (5 B £ 5 OGRS B AUE A H BRI,
RBEFE I3 KA OGS 57 BRI AL 3, 52 4b #E
NI . RARIFE T RZOCIE 3T A0 5% i G I HE
20 IR TR A S 5 R
2.4 TR E

PR ARG I S i 2 R SRR W 2 — L Tz
TR F W GEREPAL o Wias & AL m A
A RERNBISE . mE S 205 7E 2RI
()5 25 A N B A% O HEZR (AN 2R 2E X 4% | Trans-
former ) H A7 Hil 4

T G A AN 7 vE: 2 BT 22 53 3 i el 22 Ak 1)
15 51T (change vector analysis, CVA) , {H X B AR fh,
U, Zp 77 R K . Daudt 58 A (2018) # i 245 FE
A2, ST v 3 3 Y A8 AR A o BiT (bitemporal
image Transformer) £ 1 (Qiu 55 , 2025) i 11 X 43 372
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BXE, BRmE, =AM, KE, 3R
st E SR aeAE: HiE. RASHkE

Transformer # A5 XS A7 %0 5 =2 0] (1) 42 Jm) & &
ChangeFormer i#f — 42 T & 4478 4037 50T By Al
€ 17 (Bandara fl Patel ,2022) .

TH ] 22 51335 0 A8 A A I 8 45 & ND VI 2545 % i
AP o B, BCR FH £ 38 16 CVA 58 5 CNN (4
o MFTSNet #5883 5o Fill 7 2R A 45 44 F 22 ROBE AR AE
Transformer , 75 3% B2 8 A8 A A I vh A7 LR TH T4
DS o R0 b A 00 e e o T ] g DI 1 72 A D)
D B3 TR A0 A8 A U, B ) 18 7 A B
3t i 4K (EL Zaar % ,2023) o 1R G 1 SR ]
P2 26 1 4 10 ] T R G UG AR A A DU i ok YR
VE B AL 00 1] ] P A A T T AR D
7 25 45 b 2 3 T BiT . CBANet (cross-
band 2-D attention network) %% F i )7 1£ . ECFNet
(extraction, comparison and fusion network ) 155 781 3t
A0 G B 85 AL TR AR i T A S (8] R E T IR A
VE R VB 5 R e 3K, A P TR W B A e i
AN RBOCR (Zha 55, 2023)

RGE LU T —Le g0, B2 kil I vk
UBAFEAE LA T [0 1) Ml LA 2K 43 R AR A6 5 8t
Ak 5 2) X 22 B ARRICHE B AR B RE D AN I 5 3) Bk = X
TEYIBRHLHI R o AR 5IATE LR 55
SRR AR | S T R Y AR AR
2.5 RIEREELETHIT

T AR 2 ve G T G 0 A v B A )T, G
H AR R AR ITT o3 il SR 36 B HOGH I 1 2
R TEAR N, 2001 R R B> D6 o B
AR T AN TR AR L TR R R O 30
(k= AW S o NS e S T =Dy i €1

185877 1k BB T MR A B (linear mixed
model , LMM ) ( Bioucas-Dias 5 ,2012) , 15 KIS 5% T
B BTESIBR R A R EE R I BIFTE
T AR IR v I T AL pR B (HH SR
IKAE A BR . Alshahrani 25 A (2025) & UK F 4w
T &8I ASRRAL 55, il ad Fo8 3R i oG, S 1 i
2] 3t 19 A 26 M A 1R 4B 5 Dobigeon 55 A (2014) 3 —
WHFSE T R B AR Lt IR T 1, B E SR T T ERE .
IR, 3K TR B Jy 12 08 it = W) R 2 R CAn AR B vk
1 RERSFIE) , S EEE R Al R 22 . i
SRR WFFEE TT IR IR R A ] 22 06 1 B il Bl = DG i
TR A M, JE e 22O PR A A ) S R E R D1
e I S T I, T TR AR A TR RS 2 A [] I AR 13

48 2R (Yokoya %5 ,2012) .

Uiy T AR B — NI A ), AN [] ik
ARER B T S . AR 2 Z g he &
SEE SOGIER A 1 W BEALRE , {1588 A AE SE R
T S SZ BIBR ] o ARORBIFSE T M AR (4
RS AR A ) i A 22 I 2%, AP TR 25 SR i AR
TEE S AT AR
2.6 ZEHEMESSHELE

Z VA RS T TR A R — R JRR R 4R TH
23 AR BA IR EZRAE . AT RS
il JEIE—GIERA L mGIE S 2008 U R 3R
W 3> 2T HEAT A

D) SRS O + A65) . SRR
5 LiDAR (light detection and ranging) . SAR (syn-
thetic aperture radar) &2 RGB % @& [ . LiDAR
PEAURE A 1) = 4S5 A5 B, SAR B3 2 KA il 18 e
71,7 RGB UG- M F w rOSCHE B . FIB07 ik
F2 R B R s R 1iE 24 il A (Pohl AT van Gen-
deren, 1998) , {HXfE DL 78 73 42 4 85 B S TR 2 C &R
FETRBE 2% 2T BHAG, CNN 5 4= Bl 47T I 4% (generative
adversarial network, GAN) | {Z v | TRl &1 55, i
FRTE T A ROR (Mas5,2019) 0 JTAFER, 2R
Transformer G % 75 ¢ 1IE 25 [H] X 57 A W] 4% S 2% B4l
S 2R AR SRS . SR, TR RS AE
23 () 3 P Wy SR AL b A 2E 5 Sl AR AT
s 5 72 PR A 53 SO — AR PR AR (Chen 45 ,2022)
Xie % A (2025) 42 H 45 GON 5 Mamba IR4 FI T #56
755 LiDAR BIK G 328, SE 8 1 B BE SRR AR 0 TR B2
il .

2Bk RS (ot + 2061 . motik
52658 TE R e A B B AME SO i
HERE A OGIE (R B, 20008 P B4 1y 23 18] 2 B30
5SiE . Yokoya 558 A (2017) REE AL 25 T AL
P Bl G J7 vk T8 G S R B 2O g KR
ek Eg, al AR s B s EGE . RE
) IEE R TE T RlE B (Luo 55 ,2025)

3) OG5 265 U R SR . BEE BT Y TR
A S G AR Ak B 2 T DA B — S8R 1 1) 22 R P
[F) e o S RD BIp [) SR 04 - 22001l I s DG 1 e
At (F) 2 001 e Be g S i G 1 B 1) g B e
SRR RGIE 4R T 2O iG I B Ak Gl i 2 ]
G RHEIL AL 2 B AR B BEH 5 ) 24k
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B CR A 206 s i /4328 + mot i As dn el
(RIS ) IR AL (BT — RO TR B2 I 45 [m]
A eGSO AU P4 T v 2 9% 2] ) (Loncan
45,2015) . E P RALFE O & R B4 AT
TEOCHEZS 1« B2 ML 23 5Bk G B 5 52
— 11 I3 [ri) B AE 24 1) A LA 5 S R G ) T S B
WXE(Meng% ,2025;Yu%E,2025) .

2.7 HEMEFEHNIHNLESEEWN

it 2 7 & o H2& T8 AL B9 58 % A TR
(GPU (graphics processing unit) I #E . N A7 .5 1%
FR) , EORA B A RAE R RIFERHE , IS
TG AE X ) T TR R R DA EDES
22 GIE AR S b 3 T A [R) PR A (E R R AR
BATILIE

RORY 4 H R (BT A AL FTARZR I B )z
I FH T 0635 A 28 I 4% 1 4% 5 A6 (Hinton 45, 2015) .
TensorRT, NCNN (nebula convolutional neural net-
work ) 5 HERI 5| LT S AL v o RO . PSSR
38 2% (neural architecture search, NAS) °] H sl 31
6] 5 E AT 55 IR O TE I 2% o X T 2O R
MobileNet , EfficientNet-Lite 5 5 1 1 T % 4 C fig 1§
ARSI SR 5 X T G R , HybridSN A H 40 3D
CNN B 3% 4t (Roy 4 ,2020) , Mamba PR H 2k V£ 55 24
B R AT T BB BE | 1T Transformer 38 75 22 /o it
P4 sCR A R LSRR R, RER
{45 CNN-Mamba P 25 9l 52 i FH T G 58 02
i 45 A CNN Al Mamba B89 004, A 2GR T 4
Jry FI R R A 1 — 23 AR AR [AIEOR A T AR T
4 (Zhang F1 Xu,2024) .

TE SR 5 2 28 R G807 T, & A B 5K
YOLO A i 2 B A 38 35 1 J0 A\ Pl ik & 8 % (4n
NVIDIA Jetson £ 51) , S BL T 263 B & 4 s2 it H
FRAS I (Zhang 25 ,2026) . YOLOv 1 1n §% B G B Rl 1
TSI | B 8 A 26 i DR A 55 v o B S v G
FSE PR RE (Kabir 55, 2025) o KT, @5 6335 R Y
SRS AR AR AT T A R A AR PR, BT
HRZEIRY A B RO R 2R il R A
BT T mACRIY /2R (Chi %, 2022) . IREEAZ
1155 A W T R T T R R A B 2 F I BE
(Carlesso%§,2025) .

LA R AL E EIR R REAL B AR 1Y K
S 3 AL 1) IR ) ] H B VAR 2

I, LAREXH R T B SR AL 5 2) BB — A5 285 1)
ZURRE U] R, L R AR ] 800 Y B AMG 3
3) BB SR 2y i) ) B2 ROR AL R e 7 | LA T
AR Sz AR RE T o TR, AT AT TEAT I i 3 R
R LA - 1) BRI Bz KL\ 20 2R
AR 23 DT A TFEEAR 5 2) Wy B - TR B AR Xl
TR G ML e O AL B B AT R AN AL 53) RGE
01« S A T N R AP A R R,
£ 3 2 i 2R GG L o AR R S AR 2 T (R
JEIE LR S [ N o) B R A s
JCTE SRR ) 5 RG] (BT I 2 RERCRE 1F
G Az v e

3 HAN A=

L2 6T TG RE AL HL 4 R B 1 244
I AR AR (B o s DG IR SE AR RS
YRGS 2> HERE F1, AT SN U B BAL 2 SR Y
AR 5 2200k R ) DL H: 25 8] 4 R | g B
AR R B A AR 34, 76 R T R Zh 28 W v o 9 32 =
Ao 35 RS W) 137 5 v A ERb 78 | D[] 4
B AT PAE AR, AR 5 0 3 W | 4 5 i 4%
522 Py IR 5 a5 DA R M RS 2 S AN
1T, 22 20 A BT 25 D6 1 A58 f Ak 21 LY 7
e 2 S Pl 5 LR iy P R B G R A R 4
Fis
3.1 fBERISKL

R AR MY R T 25 3 UGN P e oA 1l 28 1) 5k
P W[k - E S N T =Din LIS SRV ST
ARBVEY) B A AR 57 53 W38 T 10 3 R L 505
K, R SRR it AT R AR TR R LI T B 4 A it
B S £ (Maes 1 Steppe , 20195 Sishodia %5, 2020) .
HRMTF A& YR R R IR 5K haa
W SRR EC R T LA ROl B I A A
AT A H]

TEAE Y T R 5 5 T, AR 529 T AR YL
Hon 7 N LA (MR B i K i) S R A
A SR RE W TS R SRR . e R R RS R
B A IRAN AT W By “Seris e 80 ARk, 00 F AE Z A
SEPR RG] . LinZE A (2025b) A JC AMLE G
PEIGAE 7K A e o v R0 S 3 1 3k 90% 1 1R 5]
WEWIR . Franke 55 A (2005) R4 T 260E 55
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BXE, BRmE, =AM, KE, 3R

el E G EaeAE: ik, RASHkE

FETEAE /N S A I v R B L 48 S G A
AU D DR B T 22 0 R S P R
ASVASY U1 NP R =t rei: N E K S I e 5 S ¥ a6
SEHIANE 2 FiR

FERE )% 43 3 W D0 77 T, D AE A W A
BEFRICR B Z SUK W 50T, HOGRRRAE (angr
NE LRRE) S RAEREEEL, ET20E
R 6 B0 R B A ) % Bk . AR
K TR B2 SRR B 2 2 D — B R O ke T
AT 28T . Lu %A (2025) 1 T —Fh4h
£ Transformer 5 14 22 J7 HLHI A9 2 63 S A A | 52
BT X KM R A R A B A

TEMROM B 58 A 7 T, 25 e DG R X A3 4

Toft CHAARS AR RS ) L 2 [s] — AR ol ) AS [ £ BREAR
o ZOUTE N S IE T AR IO P B AR
A AL WD (Dash %5, 2018) o BL4M, TE ABLZ G
K& 454 YOLO R GG & , © I T304 Al
fi R SRR 89 A B80S 7 BB (Osco 5%,
2020) . il i Z2 I ADEIE RS, nlaa B R S A R
e, FF4h 5 RS T Y] 1
3.2 MESREFHEN

FUL S T PG E BRS¢ 3 10 i 7 P A
PR BN T, I LBl A i RE 5 e ok 2]
KR E I, S I 2 PR RIS E R

it 16055 215 T M 0 7 T 9 3 A R
SR IR R E o A MR KA HAT 1]

R4 MEREEGARY AR XBRALLE
Table 4 Summary of typical application domains and key technologies for airborne spectral images
7 FH 453, OS5 B IR A 4 KA AEDR ES TN
B i U R B ALY SR ) HsI IG5 48 SURU (R 2 I B RO 328 (Maes 11 Steppe,2019),
"’ gl (ANARUTA Kz AQ R ee & 3 ISIED (Lu%,2025)
%FgmiMW%WWﬁﬁﬁ%vﬁkm% MSI/HSL - WU RA AT S 38 (DX il ) #45 (Fingas Al Brown, 1997) ,
R 3! AT IRET 5 3 2 iR (Gladkikh % ,2024)
NV E-RER S = il TS IR (AR TTHRAERM ) | S5 5 A (Makki %%,2017),
isK 54t
ARG USE bttt MU MUAER.  (Manolakis 5 ,2014)
e SUPTRE A 5328 S A SN (X8 2 i 2E (Liu,2021), (Hong
PRI S RRHELE ST oS Ak s %,2022)
gz TR HSL  iSHTHENCRAEEAD it fh B (Kruse % ,2003)
ol 5otk s GERS TR 2 IS TR0 6: 1R TR (oY A .
Jn Hb T 35t MSI T R (Tapete 11 Cigna,2019)
- 100
— ERIK
—_— FRIK
80 F

£ 60

=

X 40+

20
R 0 1 1 1 1 1
pre 400 500 600 700 800 900 1 000
i F/mm

(a) TSPl TRARH 282, HiZB)
[ 2

(b) R TORGRMEEE, %)
WUZS % MG T R AR B0

(o) Ve Gt s 2R 4 i

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)
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0 AR W SORTEBCRT AR, 7 8 U0 21 AN B3 S 30 v S 9
226 TEAL B B (U Sentinel-2 (4 %55 17 3 B ) AJ B g7
% i X3 (Gladkikh 5 ,2024) o & OGRS KGN fig
DX 43N [ AR il Can Jyhy e v i v, S 35k
%1%%%%1%W%E(Fingas H1Brown, 1997) . %} TR
1, e G AT RO S A (A o R ) |, T B
R o FEMR R 354600 5 T, i 2 - 2 #5 2kAer
S5 ZETEAAL, AT AR KRN R I A R I . £
A1 BEXT v R U 17 U LT A AR 55 2R i e ) B
o LT UREE 2% 2 I 2 6IE MO RN R 48 L BB AE T
AL b SR ) K I B 3l 4% (Gladkikh 55
2024) . FERAIG YA Iy T, TE ANE ik
B GG R, T T R R 7 BE bRy
FFEF RS Yl AT ST AR W . 38 e S S G
2 L RS Y e B (AN PM2. 5.NO,) , RS
PEALESE (BN R 25,2020) 0 7667 X BR5E Wil Jy
T, G EIHR BEAE U ™ IX o 45 8 15 Gy 7 B A
e (a2 iE R MG ) Bl E s YE . 206
T WSE T A PR 25 R R P O 3 2 s A M
3.3 EEMBRELRH
it 23 Dl % RS AE 25 3 4 EL A b AR 1% 0 A
{8, JCHARILAE Do 2ke B ARERIM CAn &l 3 R ) A ik
FTEN I % 37 PR 53 B 4 1
@ Hiw

QWi 1
@2

(a) D o
3 WS G R T O H bR

Fig. 3 Airborne spectral images for camouflage target recognition

FUSER 1%

FELhE H BRI 7 18 A% 98 7] W G/£1 AT 52 xfE
DL AT Oh 2 e i 7 25 O B R %) H Ak, TR Ay ik
e b BHE RGB AL AN B S5 TF A Bl 2R,
PR R RIS i 2k 5 R ARATE DY | - e AE FE A 22
5, e G 5 BB 3 o I T A T 8 S AR Rk
Tk 773X 46 2% 5 (Makki 4%, 2017) o Shimoni 5§ A
(2019) R GEVEAl T 15 615 78 42 35 O e 0 v (19 %
AE ,JIE A Hod 4 (o A IRZT A RS B B 5 3. IR
JE 2 S 3SR R S S R g ik i B TR
AR T B R (Pant 55 ,2025) .

FEAL 2 245 50 5 B KE R 3 T, B e Al k5
(b AR JFF30) g KE Y 5% B 5 RRAE G 1 ik
U (R BEAE KPR LT AN BY) o ALk i i L s vl 78
B4 I B A SN BRIk ey i, S 7 A (T S B
F Bt (Manolakis %5 ,2014) . 7 % 37 2585 J8 0 7 1
Z TG UG AT TP X o 225 H bR (3H 58 250
NG 585, S HbRIREE AR SR AN . 456
TR BE 2% 2 R, 22063 JC A HL AT S 30 %) 1 11 A% 3
H b5 B9 52 I 802 (Cao 45 ,2025) o (6 RZY 5207 )7
1], 7E RIUTE sh & vp , T AN Z 615/ m 6 nl &
PR FE T AT o %) S PR (A Bl e ) sl T S8 Ak

W, 2t SR ANE G T BN TR )
B2

—H

— FE1

EL=NEEN
— W2

1 1 1 1
700 800 900 1 000
P K/mm
(b) Yt th 2Rz

0 1 1
400 500 600

((a) schematic diagram of camouflage targets; (b) schematic diagram of spectral curves)

W 5 A% 5
FL 23 D3 PR A Snl i AL i 00 T il i
it B PP S5 07 TRLEAT T2 BT RS

TESR T HBAS A0 53 267 1, e R RS IX
AN A R T (e U L BLR) GEBE (A
TRBEL) AW CREE R S5, D3y 4B 20 A

3.4

DAL AR A LR ER 5 22O FUG S T G
T MR 3 2 . R BE A 2] 4 25 4% (40 HybridSN
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Fig. 4 Airborne spectral images for mineral resource
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Fig. 5 Airborne spectral images for cultural heritage
conservation ((a) damaged artifact; (b) spectral image
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