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Abstract: With the proliferation of multisource sensors and the rapid progress of multimodal data fusion and intelligent
interpretation techniques, aerial remote sensing continues to evolve from traditional single-modal perceptions toward multi-
modal perception and understanding. This progress demonstrates the significant potential for intelligent monitoring and
decision-making in precision agriculture, urban environmental monitoring, ecological protection, and natural disaster
assessment. Due to ongoing advancements in Earth observation capabilities, multisource remote sensing data, including
optical imagery, synthetic aperture radar (SAR), and hyperspectral imagery are being increasingly characterized by high
spatial resolution, multitemporal coverage, and multidimensional richness. These developments, in turn, offering a solid
foundation for fine-grained land-cover identification and dynamic change analysis. Nevertheless, traditional remote sensing
interpretation methods, which rely on single-source data and single-task learning models, struggle to cope with the com-

plexities of real-world scenarios in which object scales vary dramatically, semantic layers are rich and entangled, and spa-
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tiotemporal heterogeneity is strong. Because such methods cannot adequately balance holistic scene semantics with local
fine-grained details, this limits their capacity for high-level semantic understanding and comprehensive decision-making.
Compared with satellite remote sensing, aerial platforms that typically employ unmanned aerial vehicles (UAVs) and low-
altitude aircraft offer high spatial resolution and great observational flexibility , facilitating the completion of several tasks,
such as fine urban modeling, small-object recognition, and emergency monitoring. However, these advantages also intro-
duce severe scale variations, highly complex backgrounds, and inconsistent imaging conditions, making it extremely diffi-
cult for conventional models to capture both global scene semantics and subtle local textures simultaneously. Recent
advances in deep learning and artificial intelligence (AI) have transformed remote sensing interpretation from manual
inspection toward automation and intelligence, achieving notable results in scene classification, object detection, and
semantic segmentation. Yet single-task and single-modality paradigms remain inadequate in terms of fully exploiting
complementary information in heterogeneous multisource data. As such, these paradigms fall short of supporting the high-
level semantic comprehension and integrated decision-making required for complex applications. The emergence of multi-
modal large models provides a transformative pathway for intelligent aerial remote sensing interpretation. These models can
jointly perform image understanding and linguistic reasoning by integrating visual encoders with large language models
(LLMs) through instruction tuning and cross-modal alignment, thus achieving breakthroughs in visual-language fusion,
cross-modal reasoning, and task-instruction-guided analysis. At the same time, within the remote sensing community,
researchers have begun to construct large-scale image-text datasets to train vision-language models and employ linguistic
guidance to enhance the comprehension of complex land-cover semantics, thus marking a critical shift from purely visual
modeling toward semantically augmented modeling and laying the groundwork for the subsequent development of multi-
modal large models. A systematic review reveals that the evolution of remote sensing large models has followed a clear para-
digm progression: from early approaches that relied solely on single visual modalities, through vision-language models that
introduced textual semantics but are still confined to specific tasks, to the current stage in which unified multimodal large
models enable cross-task collaboration and complex reasoning. Despite these promising advances, the application of multi-
modal large models to aerial remote sensing still faces several formidable challenges. The substantial disparities in spatio-
temporal references and radiometric properties among heterogeneous data sources, such as optical, SAR, and hyperspec-
tral imagery, render cross-modal alignment extremely difficult, often giving rise to semantic misalignment and information
loss. While fine-grained spatial structures and multiscale objects inherent in aerial imagery impose stringent demands on
spatial cognition and multiscale reasoning, general-purpose large models often lack sufficient domain-specific spatial priors
to accurately capture geometric and structural relationships. High-resolution scenes that impose massive computational and
storage burdens also make real-time inference on edge devices highly challenging, resulting in the failure to meet the strin-
gent timeliness and generalization requirements of time-sensitive tasks, such as disaster response and UAV-based inspec-
tion. Moreover, the black-box nature of model decision-making leads to insufficient interpretability and trustworthiness that
hinders deployment in safety-critical scenarios. Meanwhile, data privacy concerns have become increasingly prominent
within distributed collaborative learning frameworks. In response to the abovementioned challenges, this paper systemati-
cally reviews recent advances in multimodal data fusion and large model technologies for aerial remote sensing by tracing
the shift from single-source to multimodal integration. Driven by large models, remote sensing interpretation has gradually
evolved from low-level perception to cross-modal reasoning and semantic understanding. Nevertheless, substantial chal-
lenges remain in multimodal alignment, spatial cognition, task reliability, and practical deployment in real-world sce-
narios. To help resolve these problems, we analyze cross-sensor fusion and emphasize how disparities in geometry, radiom-
etry, and acquisition timing among optical, SAR, and LiDAR data severely impede cross-modal semantic alignment. Fur-
thermore, despite advances in vision-language pretraining, high resolution and complex backgrounds often degrade align-
ment accuracy, thus requiring fine-grained multimodal representations through geometric correction, radiometric normaliza-
tion, and spatiotemporal consistency modeling. For multiscale spatial reasoning, we emphasize that complex tasks require
holistic understanding of structural relations and spatial distributions. We argue that while existing models partially
strengthen spatial reasoning via region-based interaction and spatial question answering, a unified framework for global spa-

tial relation modeling is needed to elevate task awareness and multilevel reasoning. Generative Al for few-shot interpreta-
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tion has the potential to alleviate annotation scarcity and support time-critical missions, such as disaster response. Regard-

ing trustworthiness and interpretability, peculiar data distributions and insufficient instruction data in remote sensing exac-

erbate hallucinations in large vision-language models. Thus, domain knowledge, task constraints, and dedicated evalua-

tion systems are required to enforce reasoning consistency and reliable high-stakes decisions. For efficient edge deployment

and privacy, high-resolution large-format data impose heavy computational and storage burdens. Furthermore, although

lightweight networks continue to emerge, trade-offs among real-time performance, stability, and complex scene adaptabil-

ity remain, which means that model compression, inference optimization, and hardware-software co-design become criti-

cal. Related to this, federated learning offers a privacy-preserving mechanism for multisource data integration. In sum-

mary, addressing these challenges is important not only for advancing the theoretical understanding of cross-modal seman-

tic reasoning and multiscale spatial cognition but also for facilitating the practical deployment of intelligent aerial remote

sensing systems in high-stakes, real-world applications.
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Fig. 1  Aerial remote sensing imaging platform and

multimodal large model
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Table 2 A survey of aerial remote sensing datasets for vision-language modeling
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$P225 . Flan, CLV-Net #1438 L —BE 5 X R —
IR A 2R, ST A X SO AR 2 ]
Fa 20X} 55 (Zhang 55,2026 ) ; BITA J7 75 3 35 95 B Bt
XF A ) b A AR R $i v T B IR R S AR
[i] F) S RS — BOME (Yang %5, 2024b) .

FEWR, o0t e Jo 451 Sl A RS AT PR A B 43 A
225 W E S R E AR T 2R SRR RGE L
T, DARFE RBERIE 241 55 e FIiE % 5z ik

AET . Hor, T L 5IR A ML (mixture of experts,
MoE ) i) J7 V38 4 g 25 73 BCAE: 55 RH O T8 Y, S B
R Ze i 5P RCR Z [ 17 o 9140, RS-MoE
(mixture of experts for remote sensing) 5| A $5 2 i H
B , AN [ & GEAREHR 3 ) T o) 45 R AT 55 A T2~
AT TS AL 4 RV E (Lin 55 ,2025) o ILAh, i
AR R SR WA T3z I T e R R R AR 3 T R
CLIP-MoA i 1 223 I i fill 5 AL il 52 P25 T 55 AR
o5 5 ET B (Fu %5, 2025) 5 LVM-StARS (large
vision model soft adaption for RS ) W 5K FH i Bic 7 i,
TEFEAR S HCE R T 55 19 [ I, $2 e 1 B8 365 PBE AL
K5 4FaE T (Yang % ,2024a) .

WA, AR R TC SR D S0 I )7 2 (AR
TEA SR ) WBH R . KR RM T
e BN SECN LRI A PF T 308 3 4y S T 1) 228 S AT 55
(RN SR FEHE BB B B A5 5 | A Y AT 55 A0 ¢
AISEE 5 B, R LA R T 2 A3 R B 7 1 % [
43 ige e 3 N RE ) 5 AR R (Li 55, 2025b) . £
RS RT 5% 5 e R0 T 73590 Tl [ 2 ik — B 55 10 1A%
R, I S 2 RS R 1 U AT 55 A Rl
A7 %) E LA
1.3.3 BRI S RG A

ZAGEAS R AIAE ft 25 T8 SRl 1) 1o FH T el PR
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AL ZAE 55 U IR) 5 2 2w AR o ARk
R H AR S SO F SRR 55, AT TS
Kk 1 RSB AR R AR 5 T SO 7 T
(P H Ol 79 45, 20265 B 8 45, 2025) . 4,
MGCR-Net (multimodal
language reconstruction network ) £ 1 3 35 i 5 — 15
IS A K A R 2 o, SR T AR A T v ) 24
RLRETE OS2 B SRR EAL , T 3 T R AR 5 T
AL RAEBE 11 (Wang 55 ,2026) o 5% 22 P51 JE i
FRAGINAE 55 , Popeye BB RE A 58 — AL BHOL % 5 SAR
S5 SRS B , I [F) I SCRPAKAE IEFHE S (R R
G155 ZMARTEIE X, W 2SR E 5 45 5%
WAL G BT S5 A I HE SR A BIR ) , 1) B RES (RBSHAE 55 19
REANIEAT 10 K& € (Zhang 57 ,2024a) . WLAM, FETF L
Y5t & [ i PF h , SPEX (spectral instruction extrac-
tion ) RE L0 — 1 H B i 203 SR M 4 U E:
55 (Si45,2026) , 18 izt F4) A T 1o i 4> 9K 3y B 5l 41 21
S EMER, ST G182 S T R RS
SR, R B 22 A RS Hy R 0 SCHIL g [ A
A2 AR PR RE ) Y RE— 2D 4R o

TELE LR -, 2R A R 7 Ji B 11 54 55
PrIFIRE ) . EarthGPT il i 4t — 2 I 1% AU 5 15
FIRA, ST R R X R A
() 24 LB S S RN A ARSI S5 55 1) G — A R
Hh A SR 2 A 55 7 Y SRR BE ) (Zhang 55,
2024b,2025¢) . 5 Z AL, RingMoGPT i i 44 8 K
WAL AT 5545 S VR LR 4 E ARG I L 1m) 25
PG A R A AL 1 3R S AT 55 A A [] —HESR | i — 20
Bk 1 R ORI AL AT 55 50— 22 ) P T A7 1
(Wang 55,2025) . IL4h, EarthMarker i i3 il & 5, HE
SRR 5 SUARE A IS T R XK S
PAL S MG — W AT T 25 YR T8 — K H
HEZR 938 ML AE /) (Zhang 55, 2025d) o 7R RI L5442
il , RS-MoF i 1 5 | A2 % ¢ Hip [R] 454 55 95 4 i ph AL
il (Lin 55, 2025) , R AR 3R 55 P08 1] 254 55 1 2
BRI 22 TAE S AR L 00 ik B, 1
PISAT 55 EIIUS T RIFRIZARCR . X RUIZAT
5 W F IETE G G TS B g — 8, B P
HHE ST DI RE S TS5 8 Tt A X

BRI 2 A1, 33 AR ) - o T 1) B 52 4% 1) 1o
Yy 5, g E we N PR BRI 5 R BE T R A
Remote Sensing ChatGPT £ Y38 12 5| A AT 55 ML L

graph-conditioned  vision-

i, 4 52 R G SR il 2 TS IR B AL I T
P T AT 55 BRARF—AT 55 o0 — A 8 I 4 AL
i, B et 228 SRR B A 19 1y B — A5 R 3l ] 1) 3 A
PRHERE S B AT 5 18 (Guo 55, 2024) o 1R
A B A 403, Lin 55 A (2024a) $2 H 19 Change-Agent
e BB S AR I AR AR RO AR A i
R A5 D RE , 9280 T A2 B Ui B Ak, R £
RS R ) H 45 b P 52 2 ] 288 ST 55 O b ] 4
PRAE Sy o AHOCHIT ST AL 52 B A AT 5595 4 Bt
A R R T BN I o S P DA R PN
— HREHE LR, P2 T AR A 3 BT e B — 4 S e 2
1T 55 W I R At 11 5 78 (e 55, 2026) o SATT 7, £
RS ORI Ty T[] B — T RE Y T H R, 35 20
RIEN BT 5 e A TR S 55 RS RE 1)
B R CHEAEL

2 HEMZEBRXEREKSEE

C.

2.1 BOMERGFETHEEEN

X F 2B RN 75, 31X — ) R oA PR AR A
BRI SR g, B i 76 108 5 A A 7% g 22 o b
— K . B ZAB S AR R AL 2 A 2R
P31 53 A1 T (token ) A7 ERABE | T 45 18 SR 1%
() 25 2 PR 25 B token B 22 R K | M T 76
A5 EFRROR DL AR B AR B2 A R i 2
W TG o OCHFGEHE 18 RS B I = U4y
PE5 22 ROBE 25 AR AE | XE DL ELRE 0T AR R 2k
Pk, T Bl i 2R (2 R RRAE il A 5 X sk
VEPEAL B 1715 BC (Chen 45 ,2024) . IR, /&5 40 ¢
R IRA R )2 0 D0 F B[R] Bt B A i 2458 7R
WIS HEHBCRNEEHR R,

UL AN, 5 0 B AR 0 B A AR BRAE A4
PR A bR IR TE B RS B A g A
AR FLRNE, XFT/NEFR N F A2 T RAE RS D)
P rh, HOCHES M (5 B A 5 Bk Nt s2 g B br
G D55 TEUDHE B 5 L G SRASE AR o B AR SR A, A
A B 2 W) 55 O6) 4 Jy i SR JS 0% g, (S AR w42
18 7 s (AR ZE A A F AR Z R OCIROC R o Anfar 5k
BRI R B 5 4R b N SCE RS, Rk 8
PR FEAR A% O ) 8 2 — |, 3 FLIK )8R /N H b
K I 25 4T 55 vt R %€ H (Al-Hababi 45, 2024) .
I, AR AN 0 G 22 RS R AIE A Ry
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BREE, FWE, X, REE, 2RE
AEBREM T ER T EBINERSEE

542 R 5 B UM R A SO HE IX B BEpIL , DUAE A
FRIHEBEIR N $JeA5 m R0 L AT 58 A9 18 A R BE T -
2.2 ZRERMERZER—HERAMEER

2 1 SR Z2 RS Rl M, AR O O AN R A
B AR N, T 7E T AN R ok PR R e DL AE [R]— 1
Sz [A] HRGE XT F o TE A 3 9 248 ] L 2 B B A
TR AL B8 JEHTRE ), 22 U5 S A 1) (250 B A0 B A8 1)
SRS KT FTRE T o SEBRAT S5t , i 8 ks
AU T LLANL R Z2 G AL AL B, O 4
B[] — DX S AN ) B B 5 B W) 485 R I Jre k5 4
Bro SR, B TS [F) A% 18 s KA ) s Be ol = [l A7
FERRIF R N  BLAG T UART RO 2 1 4 2 5, A 25
XF a2 BN 5 g st s 1=k gm ., oA 2
RS 18 SRR RIAR VE TC (Y AH DG HIF T 48 1 veohis B2 & 1Y)
RHEAET U] R 5 G M R 22 8] ) — BRIk
AR X 22 U5 B i 174 17 5.8 il (Liao 45,2024 5 Yang 45,
2025b)

5T EFHMLE, T AW (unmanned aerial
vehicle, UAV)MIKLZS - & UL B8 2R 35 , {ELta £ i 5 B
PSR Bl A 0 AR A FIAR AR IR B 5 T K
I | SRR AG: DL K A K B a3 A5 A 55
SRABERYBE A A5 A A7 A [ I5F 1] AN [R]°F- 65 FAS [ 452
5 0 B (Bazrafkan 55 ,2025) . AH G ZER R,
UAV— T35 P[RR T} 25 fal A 76 52 B g FH o Jee g
HRARAY T I AL SE PR AR, vo AR 5 U 51
£ B8 RE A S8 B AT SE VL IC 5 58— i B (Ebrahimy 55
2025) ; [, B 25 5 vk AR BE S TE — e PR |
SR L OULIN A B R 1 10 T, A HAT) SR 5 3 52 ]
I 2 I AN AL RE S A R LA K A2 437 5 N AR E
PEYHI 29 (Lian %, 2025 ; Xiao %,2023) .

21525 R Ay 3 — ) i B AL 1 3 1) i 2 AE
20, HH i 5 — RO AR SOR 5155954 Kkl
o, Al 22 PR Rl -G DN RRIE D 4 1) R AE AT 55
P37l . RemoteCLIP #5% B 45 H3 18 JEAN 58 — 15 5 LAl
BEAY REAS i B AR ] SO0 55 4R 15 BT 5 A 15 ST F%
fE 77 (Liu%,2024b) , EarthGPT-X Witk — 4 R T H:
TETH 7] 755 73 PR3 A% A 3 5 1 D B AL )
BH 25— EMRE 1 (Zhang ¥ ,2025¢) . 4RI,
X ST 5 A DA T 5 et 24 T o Jo R R SR RS
WGRGEIAIAAN L S E BRI E 2 B — i IS 1
BRIBAE ST, A R HLE 7840 AR A [R5 i 22 1]
() H AR OGRS 28 — SRR . 72 1 R 5

W RS AIFGE N TE 2 e iE ZUR A 5 R I T SEES
L FHA 50, I B RS o i s R S5 T 55
I B3 B v 5 T A

2.3 BAXEE SRS SR 2 8 R84

ENIEZ Foy N Biilbed 1) -5 S5 313
AETHAR S — 40 N B IO 55 ab Bl e g, BD
[Fi] — A5 T S R MG A A | X IR R | H s g 67 A K
— EFEJE B E HE PR AT 55 o Lh EarthGPT-X X,
FNR KA TIN5 24T 55 48 2 VA, A B s 7
T PR Tk s v R s S8 B PR B | DX S A A
5245 AL B, IF e D REA S5 T R I
#9972 AL RE 11 (Zhang % ,2025¢) . SR, 56 F M
DT AR (B 9A 3h ARy, A O R B I B T PR
TG i) B — UM PERE , e ] BE AR AS X 5% (45 2 BR Bl LA
NG R Re A S R LR A e .

SRIMT , FEA S 18 SR AT, 3 F 8 1 AN % ] 43
BPRARAE ST WIS RAR P B SR M S A AU
BIA A2 BT HIR s [0 G R (28 55 AT 554
IR PRV, 326 24 e 530 AR 00 22 R DU 2 i) S ol
S5 DR AT TR o I 1 G T b 245 ] b ASE 7Y 1Y)
F 5% 2 B A 45 1, bR 2 [ N T2 A8 T I A 20k
S AU PERBEE T, AR TR AR (g mT A e HL vl
FERYARER S MR b, B A Bt AR 5 0 -
PR 38 JER AR TR A 1 2 () B A | 22 000 3 A0 T
AU DL R 24 s T R RIS [R1 24 T AT A AE A
A

P2 g s T8 2 B OB 5 S PR
GUR TR Z A Y 22 00 EER A E A 2. Bt
A ISR ARG 21 25 18] ¢ R B A AEAEAS 2, %
TR AH A BT 2 43 A S5 5 B 223 (3] 29 S ¢
F AR ME LU nR s VR A 338 5 Hu, X B
AR 554 55 () TR S PEATS LU A FR , 7 Al it At
5 G5 PP LA SR Hb W 00 55 1y FH e, SR g 114 25
RERAEET FE&A—E G HE = 5503
R A — B 5 AL, 75 4 235 5 sl 4 A AL
P, by h 5 SR 22 0] ) — O A e LA
WE o BB R RSB 18 5 B AR 1) £ A e 2
“LITE” BRI A 5 e R AR T R M ) OGN R 2 —
(Liu%5,2024¢) . PRI, 76025 28 8O0 FH i, ASUAO
i 22 1S RE 0 ME LA 2 SEPRTR OR B AR AR A
Bt 5 0 L R p 5] A2 [ 2 AL AT 55 R A
LR, USRI AL TE 5 J 37 5 b i )i — 3k
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ASEE STIK [
2.4 HEEXLESHENYE AIES5HRENE

A5 T 78 38 S ll 55 g Y, A 25 e S R 7Y
T2 A 9 B B BRSO B ROR BRI . 76
N AR K TE AL E E AL S BRI ER TR
BB ERE RS i 5 0 2 SC T b B 55T 32 PRI SR
T L POl R PR A R A ER . R HLER ST 55 1Y
FHZEIRTE B RGP RSOk B K
WIFIEA B 00 R AL AR B BR G L%t
R G W I A ) 4 57 8% T ARV (Habash 45
2025) , X G BRI R T I ERE UL, IR AR
A R SEBRAT 55 i AR 3 X 2B R
RT3 — P JE 0 R a3 i, B Ok HGl 5 B B K
() S HRIARE TT ) 4F FH JE AT O A 2 i i AT K
R AE LA 15 320 S5 i sl ARG Ay 5 PR 5% v 9 38 28 B
A i 5 T GE Y BT 55 I 28 (Wu 45, 2025b) o

B BB R AN, v A5 R T 2 18 SRR AR A AR A
A S PRPC SRR 1Y ) — B AT i . s BRI 55
SHIRRLYNE S h 9 T AR Ll e N 0 | e IR T
S, — EURERY Y N T B ook PP AR o AN g
U B AESS R R 2 . 7E T 58 (0 Hh B 2
[ SER AR AE L T, R T S5 | SEAT 5 LA
Ko v 22 0 B8 1 1E 328 W A0 TR . TRl
KA DE 1 5 A b B A7 7E 1 L0987 B4
B A5 ) AR S g FH R R v A XU PR R
(Wuf,2025b) o XF THias @i & , 52 Sl £l v
5 07 FH R SR S 11 S i), A TR S [ R Ry 2
o AR = N PR ERAE R AU S o
A A el N e T, FESEBR N 5 )8 Az 2B
il 2

A B AN P 0] A ] G B R e i
e SRR SR R ) JCRERT 4 . RS KB A
WHRAE FERISX 515 AN R RS, 5
B AT BB YR TN A E MR ek A AR AT — B B
ML Z R, fi A 1 IR i) SE s 1 O fin 7 7 73 [
ARG R, RAEERAR AL B bR 4 SR 4 [X 2k,
W T B RE S 2 I R IR R A R R
P£ . EarthMarker #5138 2 il & W0 3 42 78 518 75 98
A B A 3, BT IX IR g E 4 ) 3R GA AR
(Zhang 55 ,2025d) , 3 R0 HY 12 J8% KRR AU 7 B s TE
X IEB A i B — 25 SR A i) P SRR E 5 4 BT 1Y)
Tk LR R . AR T ) 52 bR 3 5% 00

73 18 OB AT 5 TR B AL R | mT A5 4 B A T i
B H ARt — 583 . —J7 i, iy 2l i e
WARETI BT 55 2R G A AR i i 38 8 AR 5 5
—J7 T, JO7 38 565 A5 TR oF S i A5 AN B S PR SR Y
WHIRE ST, IF454 AP BRI BIL il 5 71 i ml 51k
WA, BT K B R A S EHER , DL SCHR4G
EE G RIE ER S IRZEEIE

3 WitEEE

TERBERIEORIES) T, 2 % 1t AZ G o
TN A ) B RS HE R O SO S5 AT
SR E WY BSIX R EERE, ARG
BT DA BRI o AR 1) 22 AR A RS AL Y Y R
OINT T Z RS RGeS R R OB W 8 O
SEUERE . ARSCHE— DR 2 R RE AR PR RE ) R
TR A TR A 3™ & , 2243800 5 25
[ AHIRE J) AT 55 7T S K mT ¥ 8 e 2 O B ), A7)
SE A I HARGE 5 T2 PR W A% OIS

ZABLAE R IR T2 BIR i) 2 AR RV RE4R TR0
HEPR R, W 8 BEIE R IR 2 HE (WD #1R
SAR Ei%iilﬁ%?ﬂ(light detection and ranging, LiDAR)
B ) AETUAT S5 R R SRR DL SR B e 5 T AT
TE 40 25 22 5 A B RESTE SO S I AL KPR K (Geng
%,2025; Zhang 55 ,2024¢) o UGS I T B SO 57 R
AL (N CLIP) 7E38 FH L 5E AT 55 vh s 7 — s g (1
TERE By 50 AT 52 B i o P S22 R g 1
P, G HOFERE T B (Lu 55, 2025) . KRBT
IO E R B T B A R X S B R LA R
S U — e 0 i 23— etk AT 5 T L R RS A Y
RS R T

23 ()N RH BB 7 2 52 B e J2 U it 12 5 HE LY
FEIEA . A TG TR 3R SR B RAE 1 A
T2, 52 A ST 55 BN M ) 548 5 2R A5 )
A5 B ShASAEAC R AR PR . hy 1 s A Y 1% 25 [h)
REJT, AW H A XAz B 5 25 (1] 7] 257 45 45 8] 5 |
S . GeoChat S5 R — L KB | 28 A0 1 5
R RENS 75 58— HEZR T SHp 23 [A] 0 RO 3T | DX 3 ]
B F B e e A7 55 2 J54F 55 (Kuckreja 55 ,2024) .
SR, IR BB TR R AR 5 52 2 ot T B 455 v 1Y)
ZACRE IATIAT R . B ey Ay B 4 ) 4 i) G 2R A
AE I A GE—HESE | 2 4R T 55 JEA 5 4 LK - 1)
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BREE, FWE, X, REE, 2RE
AEBREM T ER T EBINERSEE

BT

Bl 5 1 FH S s #8455 TSR M o 28
AT P Wl %) DB 2 B, 9 FVEAL 55 07 Zme) Ly 45
1R AU AT 55 T BRI T LA e R B, I T (R UE 2
RR A B E S AT s, LA TR R0, RGeS
AR A AR L) L, AR = T T
R ATREIR 482 BN R DL R X B LA O
L Z W) AT RE B N 28 H (Kuckreja 55,2024 Li
45 2025a; Liu % ,2024¢) . A, 75 B i 5 A0 e
AT 55 29 R ST RO, 3 R A AL 4 B R 1Y
— P, ST [ S SN, FH 0 L PR R R LR
ThEE R R e S AT SR

BEA AR TR (g ] 58 M B T AR SR R
FHA A o 12 BRI 19 /35 43 B 230 AR R T A
oA I 5 i AR AL TR TH B R b T I A K Y s
J1, S E R, JC APURIL 47 408 2 25 ) g
FE AT AIE (10 BRI, 30 (50 75 48 et b 8 1 v 0 3G
R 2 A AT A T S (W 45, 2024) o T AR SR T )
UAV/AI S 28 1A% i A AG DN D90 286 AN 70 B, AH St
R, 76 R 4 A S5O T3t 0 [ e DR T 42
Z K BE AT ATRY  (H S R e R S A e
IV 8 77 2Z [ A5 SR A7 7F W 1 AL AS (Habash 45 ,2025) o
DRI, A 445 4 A Ak AR SRR 12 B TR) 8 34T
I Bl 22 RS 8 AR 7R S AR 3 1) SRR 5 T 1)

4 E =

AR 1 SRR RS 1P A K SRR AT R MR 22 2
RBERGE JJ W FFEE R T) , (HH OG5 A (A T4 Y
MBI R, A T2 Y 5 T A R0 S
PRRIAL o 5 A2 e S F s 1 v A B X S 2
A 285 SR A ) el ) AL, 5 g — AP st LA —
BRI S AR A 25 S A, LR T 22 PR Rl 5 o
o AR MY S, 2 RE A (R C R R AL 5 1
FOBEHERLRE T 54 fop 15k, LTS I H AR RO AR 1R 2
F S RS H S 2R B R AT 55 7oK o SRR, A=
IR AT 1) 5 e by /IR AS TR S PR B A T T B0 4%
AREEAR A 5 il 8 SR SV B A e 1 [ R, I
PETHIRE N RS RO R T LA E N RE ST . A
S B R FH I R R A A HE AR T ] R
IO B, L S0 R B S O R R R T
PESRRENE . TR R, F i A i 2 0

F HE R A ) 24 IS I A e A ALA5F- 65 1 A B
TELRIZR 17T (6] B RA LR A BRI 25 > AL ] IR 27
)R O 2 PR S S R A S .
PR, 2 2 O B AT Ak Ty BT AR ) 22 A6
SO — B RCHERT Be . AOk  BIIMERE | R SE
RO SR I 29 R Z 18] B Wb IR O AR RE L 5 7R AR
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