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because visible and IR images provide complementary information under complex imaging conditions. Visible images pre-
serve rich texture, color, and structural details, whereas IR images are less sensitive to low illumination and can highlight
thermal targets at night or in low-light scenes. However, the contribution of each modality changes with the imaging factors
involved, such as illumination, exposure status, texture clarity, target-background contrast, background clutter, and artifi-
cial light interference. To date, existing methods have improved detection performance through cross-modal alignment, fea-
ture interaction, attention reweighting, and multiscale fusion. Nevertheless, most of them still focus on feature-level fusion
and lack explicit modality reliability modeling. In other words, they are unable to sufficiently estimate how reliable each
modality is under the current imaging condition, or how much each modality should contribute to detection. While some
language-guided and condition-aware methods introduce semantic cues into multimodal detection, they usually rely on
coarse scene descriptions, category-level prompts, or additional large-model branches during inference. These strategies
are insufficient for characterizing modality quality attributes that are directly related to detection reliability. They may also
increase the deployment burden on computation-constrained aerial platforms. To address these issues, this paper proposes
a modality reliability modeling method for aerial RGB-IR object detection. This modeling method transfers modality quality
perception from a vision-language model to the detector during training, thus enabling adaptive multimodal fusion without
additional large-model inference cost. Method The proposed method consists of structured modality quality description,
semantic prior distillation, and reliability-aware adaptive fusion. First, a modality quality attribute description dataset is
constructed for UAV-oriented aerial scenes, thus providing structured supervision for modality reliability learning. Instead
of using only category labels or coarse scene tags, the annotation scheme explicitly describes key imaging factors that affect
detection performance in both modalities. For the RGB modality, the atiributes are illumination condition, exposure sta-
tus, texture clarity, artificial light interference, and background clutter. For the IR modality, the attributes are target-
background contrast, boundary clarity, and background cleanliness. Second, a vision-language model is used to encode
the modality quality descriptions and generate semantic priors related to RGB and IR reliability. These priors are used only
during training. Here, the detector is guided to learn detection-oriented reliability representations through the combination
of semantic distillation with attribute supervision. Thus, modality quality perception is internalized into the visual detection
network. Third, a global-local adaptive fusion mechanism is designed on the basis of learned reliability representations.
Global scene reliability captures the overall effectiveness of RGB and IR cues under the current imaging condition, while
local spatial reliability further adjusts the modality contribution at different spatial positions. In this way, the detector can
dynamically fuse RGB and IR features in accordance with scene- and region-level reliability. Given that semantic priors are
used only during training, the proposed framework does not require additional text prompts, language branches, or large-
model participation during inference. Result Experiments are conducted on DroneVehicle and VEDAI, two public aerial
RGB-IR object detection datasets. On DroneVehicle, the proposed method achieves 79. 7% mAP@0. 5 and 53. 7% mAP@
0.5:0.95. On VEDAL, it achieves 67. 1% mAP@0. 5 and 29. 8% mAP@0. 5:0. 95. The method also shows strong robust-
ness in challenging scenarios, especially under nighttime, low-light, and complex interference conditions. Ablation stud-
ies further verify the effectiveness of modality quality attribute modeling, semantic prior distillation, and joint global-local
modality reliability modeling. Additionally, the proposed method maintains good inference efficiency because no extra-
large-model branch is introduced during testing. Conclusion This paper presents a modality reliability modeling method for
aerial RGB-IR object detection. To encode modality quality descriptions and provide semantic supervision, the proposed
method uses a vision-language model only during training. The detector then learns reliability-aware representations
through semantic distillation and attribute supervision. By jointly modeling global scene reliability and local spatial reliabil-
ity, the detector can adaptively adjust the contributions of visible and IR modalities under varying imaging conditions.
Finally, experimental results on DroneVehicle and VEDAI demonstrate that the proposed method improves detection accu-
racy and robustness, especially in nighttime, low-light, and cluttered scenes.

Key words: aerial remote sensing; RGB-IR object detection; vision-language model; modality reliability; semantic prior

distillation ; adaptive fusion
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2.1 EREESTIAT

AL FHTF PyTorch 28, 78 NVIDIA RTX
3090 GPU(24 GB A7) E5EM. MYt fr $2 07 i
A 3%, 1F DroneVehicle £l VEDAI (Razakarivony 71
Jurie, 2016) 4~/ ¥ RGB-IR fiii 25 i BA i 42 | JF
JEsEsy , Hod, DroneVehicle J& — > KA JC A FL
A 2 B3 B ARSI B 45 , 0 5 o HE Ry n] Lo 5
ZLAMAMENS IS Bt 5 S A F bR 59T 1) i1 FHAE AR
1. VEDAI(vehicle detection in aerial imagery ) f& —

AT 17 155 73 B 30 25 3 AR 2 R ) il 2 | [

P2 RGB-IR B ik 5 B AT 1) HARPRE . A 343 5]
Fic BB 80 2 i s v 0] 3 s PRI DS A T
5

TESZHE b, AR SC#E H S2ANet (single-shot align-
ment network ) (Han 5§ , 2022) /F 4y FE Al RS I AE 2R, I
KTV Z5 ) VMamba (Liu 28 ,2024b) 1E 4 1] W65
CLAM 3 SRR TS T2 ROERAESE L, 78
IR b AR SO AR RS TR A s Rl
B AU SRS T AT SEVE R 5 2SRl .

YIZRB Bk 1 AdamW EAL#S , W1 AR 2% 2] 321 h
1 x 107, BUH I Z B 0. 05, batch size B4 2,
SYNZRAECR 12 Bdasg ey m, (SCR FHBEPL R 5L
BRAE, BIL ER M 0. 5. bk S b T %I 2%
SRR BT, 7 TRAL B BOM I AR T HE T LA
B, S5, =0.1,4,=0.5,

PN J7 1, A% SCR HF- 24085 FE 34 {8 (mean aver-
age precision ,mAP)/Eh FE IR bR , I [R5
mAP@0. 5 Fl mAP@0. 5:0. 95, Fij# %1 ToU B {H K
0. 5 F ARz I 45 2R, J5 # W AE 0. 5 22 0. 95 5 Fl N LA
0. 05 Ky KX 24> 1oU BIME T 1YV X9H5 i (average
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Table 1 Comparison of detection performance of different methods on the DroneVehicle dataset

1%

ik APES mAP@0.5:0.95 mAP@0.5
(SN Car Truck  Freight Car ~ Bus Van
RetinaNet RGB 78.5 34.4 24.1 69.8 28.8 25.0 47.1
S*ANet RGB 80.0 54.2 42.2 84.9 43.8 31.4 61.0
Faster R-CNN RGB 79.0 49.0 37.2 77.0 37.0 28.5 55.9
RolTransformer RGB 61.6 55.1 423 85.5 44.8 329 61.6
Oriented R-CNN RGB 80.1 53.8 41.6 85.4 433 327 60.8
RetinaNet IR 88.8 35.4 39.5 76.5 32.1 30.4 545
S*ANet IR 89.9 54.5 55.8 88.9 48.4 40.4 67.5
Faster R-CNN IR 89.4 53.5 483 87.0 42.6 40.1 64.2
RolTransformer IR 89.6 51.0 53.4 88.9 44.5 41.2 65.5
Oriented R-CNN IR 89.8 57.4 53.1 89.3 45.4 415 67.0
TSFADet RGB + IR 89.2 72.0 54.2 88.1 48.8 44.6 70.4
C’Former RGB + IR 90.2 68.3 64.4 89.8 58.5 475 74.2
DMM RGB + IR 90.4 79.8 68.2 89.9 68.6 52.1 79.4
LPANet RGB + IR 90.4 78.0 65.0 89.5 65.4 - 77.7
AL RGB + IR 90.6 79.6 67.9 90.4 70.1 53.7 79.7

T L P SRR S R A5 2R =" BRI R AR S
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2.2.1 DroneVehicle 548 kil 25 5 0 #r

O 95 U I 4R D5 5 AR A 2 B S RGB-TR H AR AG
55 "H A RO, A SCHE DroneVehicle 50 4% B 5
Z R T AT TR SRR 1 R . R
Vo 7 ¥ A 4 A AS ARG I Ty 12 R 22 RS AR TN 7 12 T
2 PRLZS 5 75 AL 4 RetinaNet (Lin 55, 2017) |
S’ANet (Han %, 2022) . Faster R-CNN (faster region-
based convolutional neural network ) (Ren %5, 2015) .
RolTransformer (Ding ZE 0 2019) Hil Oriented R-CNN
(Xie 45, 2021) o £ B 2577 % AL & TSFADet (two-
stream feature alignment detector) (Yuan 55 , 2022) |
C?Former (calibrated and complementary transformer)
(Yuan #11 Wei, 2024) . DMM (disparity-guided multi-
spectral Mamba) (Zhou 45, 2025) L & LPANet (large
language model guided progressive feature alignment
network ) (Wu 2% ,2026) .

RS R AT DU HY , SRR LL A0 J5 2% p A
PEREE 3 0 T SRS A WO T 1% o 3X BEWIAE Drone-
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S BE S S L SIS E 1 B e 10, X A )

5 HA TGN, SR, 2R gk
PP RS Ty s, i — 2B R BT WO 5 20 A
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AT 5 BA 554 7119 C*Former DL K2 DMM
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Fig. 6  Visual comparison of detection results
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MR 2AT LA, A SO AE VEDALEUR 4R |
BUS T 29. 8% ) mAP@O. 5:0. 95 F167. 1% [ mAP@
0.5, L THA ZREX k. Hrp ML ERE
e B X LG T 7 DMM, 23l B T+ 1 1. 7% 1. 4%,
1B F8 b5 I, A SCT5 i 7E Car, Truck . Van F1 Boat
JE0 B B T R A A Ul B T 4R R
VEDAT H RUEE B/ W22 53 40 30 B AR B A B
MRBIRE T o FIRZE KW, Fir e Jy A H] T

ST AL 5 e LU/ H AR A 25 1 I 5
)RR AT RAF A R o X U AR LT E Y B
B RlS T5 3, FRI e 2 o Jas 1 A5 2wl e P ik
A b AR, RE A T A A8 A [ AR 22 ] Y 1
1§25, NIfi#E T RGB-IR H ARG PERE
2.3 HBRSELE

Oy BT AE Hh o3 BT BT 4R T 125 vh A AR 2 1 A
H , 78 SCHE DroneVehicle 045 45 b FF J 3 fill 52 55, I
i 1 8 A 1] BEL AR v | A [ R i) 7 2, %o 4%
BT 2 B (AR M RE RO BRI AT R i 0. B

®2 KTFETE VEDALEESE ERYHE T RE L
Table 2 Comparison of detection performance of different methods on the VEDAI dataset

1%

AP@0.5
WiReS A mAP@0.5:0.95 mAP@0.5
Car Truck Van Boat Plane
RetinaNet RGB 48.9 16.8 5.9 4.4 21.2 8.5 20.7
S?ANet RGB 74.5 473 325 16.7 7.1 18.9 44.5
Faster R-CNN RGB 71.4 54.2 59.5 523 77.1 243 61.5
RolTransformer RGB 773 56.1 60.2 56.7 85.7 27.6 65.4
Oriented R-CNN RGB 77.6 59.7 60.9 60.1 84.0 29.4 66.4
RetinaNet IR 44.2 15.3 72 4.0 33.4 8.0 18.7
S?ANet IR 73.0 39.2 323 13.9 12.0 17.2 40.0
Faster R-CNN IR 71.6 49.1 57.0 35.6 71.6 21.6 55.4
RolTransformer IR 76.1 51.7 64.3 46.9 83.3 24.6 60.5
Oriented R-CNN IR 77.0 55.0 63.2 49.4 79.6 27.1 60.9
C?Former RGB+IR 76.7 52.0 48.0 433 47.0 22.9 55.6
DMM RGB+IR 77.9 59.3 57.4 61.2 71.5 28.1 65.7
AL RGB+IR 80.1 63.4 63.7 61.9 77.4 29.8 67.1

T L SRR % 8 B A2 2R

R3 AREEMERIEE MR IR RS 45 R

Table 3 Ablation study results of the effects of different components on model performance

WIRFS e P W & e dic BRATREE RS RATEEE mAP@O.5/%
Sk - - - - 75.6
+IE P R N - - - 76.3
+itE B N N - - 78.9
+42 JRy Al A N N N - 79.3
+JFi s ) Al N N - N 79.1
R N N N N 79.7

IO AR B R e R 2 5 VA= 0 B e R FR AN AR FH o A
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Fig. 7 Effect of different modality quality attribute dimensions

on detection performance
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Table 4 Results of hyperparameter sensitivity analysis

FAIDIE 3 W mAP@0.5/%
A,=0.,1,=05 78.6
A, =0.1,1,=05 79.7
a A,=05,1,=05 79.2
A =1,4,=05 78.9
A,=0.1,4,=0 78.3
A, =0.1,4,=0.1 78.5
& A,=0.1,A,=05 79.7
A =0.1,0,=1 78.8

2.6 TEHEZREDH

SR AR T TR, AR SC LA RGB-IR A
A R A 6 A] 5 B 7 i i TR A A% B RN 4 2
RORIATHAT , IG5 5 A0 TR A TS 1 IF i
BB (ﬂoating point operations, FLOPs) #:47 %} 1E
GRS PR . HIEBURNFE AR S B Y i
T IR AR AT AR AP AR AE 22 5% 38y I A I 28K
S RIS ()X DAAE 58 4 — 800 250 N T A -5
The B, 25 PXFFRBES St rFsbr Ll -" 3%
N, I FER ] FLOPs AR 58 52 2 JE X Lh 6 4
M S HLLE 1, A ) FLOPs 24 135. 8 G, Ik
T 51 5 )7¥E LPANet (1) 184. 6 G, {H = T DMM [
102.4 G, H Lk DMM, A& STk g1 A T B & 8
PR 3] F 4 Jmy— Jry B AT FE PR AT, R I B A
B 5 55 LPANet 45185 5| 507 M0 b, AR SO ik

K5 ARAEMITEERESHEERRILR
Table 5 Comparison of computational complexity and

inference efficiency of different methods

Tk RN IBATI ] /s FLOPs/G
DMM 89.97 0.068 102.4
LPANet - - 184.6
AL 99.30 0.073 135.8

T "R AR



$31%5 /598 /2026 £9 A

%?F KIEA, KEEF, BB
BEEEEENM=ERATIL J‘c AR = E o gl

W B TE 5 SCAS Gt g i sl KA 52 2 S5
RT3 24 B A 5 e [R]s), ZE A ] 52 50 P4 45
LA SO B A BRET ] 24 0. 073 s, 5 DMM 1)
0. 068 s #Z23/T , Ut B I $12 7 VA A6 5 | AR AT S 1 A
() TRV, AT DR T AR A M B4

3 5% it

BERIL S 18 AL A5 0] D' H RS A Hh A [ A6

A& TR B AR A 1F s A28 B Dy ik = B anT
‘i%*%ffl‘fﬂ“ﬂf ARSCHR Y — P TR T SE
BRI 25 32 JE RGB-1R H ARAS I 77 1% . J_Jiﬁi%ﬁ

T JC AL 55t (A 285 o 0 s P R s, I & A
ARSI X%W?&’f&f,ﬁi%fﬂTﬁﬁﬁl\Eﬁf

DA A RO R S ) AL 5 76 BLSEAE b, 1 —
A NI 5 0 4 Jmy T S S ) i 4 [ w5 1
AN AT A A, ST 1 1) H Akl (4 26 2
Hl N Rl A o SEER s SR W, AR SCJ7 1 7E DroneVe-
hicle 1 VEDAT 1~/ JF RGB-IR 34 45 E ¥ B T
WP ARG I B FER 0] 55 R A T s T R
BB RS S et . TR SR — A U
B 0T i S P A 1 A0 2R IR L K 4 R — Ry
KA A X R IR T A BURAEH . BV,
Pl A2 o o J Pk R AT 0 U, RE ISR T 2555
G0 X 52 A AR 25 AR A AR I 3 L RE T, R s 128 Ik
Y5 N R B RGB-IR H AR 4R T —Fh ]
(Y

2% 3L (References)

Bai S, Cai Y X, Chen R Z, Chen K Q, Chen X H, Cheng Z S, et al.
2025. Qwen3-VL technical report [ EB/OL]. [2026-04-13 ].
https://arxiv.org/pdf/2511.21631.pdf

ChenC, BnKC, HuT, QiJH, LiuX Y, Liu TP, etal. 2025. Fusion
meets diverse conditions: a high-diversity benchmark and baseline
for UAV-based multimodal object detection with condition cues//
Proceedings of 2025 IEEE/CVF International Conference on Com-
puter Vision (ICCV). Honolulu, USA: IEEE: 27958-27967
[DOI: 10.1109/1CCV51701.2025.02595 |

Chen C, Qi J H, Liu X Y, Bin K C, Fu R G, Hu X K, et al. 2024.
Weakly misalignment-free adaptive feature alignment for UAVs-
based multimodal object detection//Proceedings of 2024 IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR).

Seattle, USA: IEEE: 26826-26835 [DOI: 10.1109/CVPR52733.

2024.02534 ]

Chen K'Y, LiuJ Q and Zhang H. 2023. IGT: illumination-guided RGB-T
object detection with transformers. Knowledge-Based Systems,
268: #110423 [DOI: 10.1016/j.knosys.2023.110423 |

Ding J, Xue N, Long Y, Xia G S and Lu Q K. 2019. Learning Rol
Transformer for oriented object detection in aerial images//Proceed-
ings of 2019 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). Long Beach, USA: IEEE: 2844-2853
[DOI: 10.1109/CVPR.2019.00296 ]

Han J M, Ding J, Li J and Xia G S. 2022. Align deep features for ori-
ented object detection. IEEE Transactions on Geoscience and
Remote Sensing, 60: #5602511 [DOI: 10.1109/TGRS. 2021.
3062048 |

Kim T, Chung S, Yeom D, Yu Y, Kim H G and Ro Y M. 2025. MSCoT-
Det: language-driven multi-modal fusion for improved multispec-
tral pedestrian detection. IEEE Transactions on Circuits and Sys-
tems for Video Technology, 35(5) : 5006-5021 [DOI: 10.1109/
TCSVT.2024.3524645 ]

Lin TY, Goyal P, Girshick R, He K M and Doll4r P. 2017. Focal loss
for dense object detection//Proceedings of 2017 IEEE International
Conference on Computer Vision (ICCV). Venice, ltaly: IEEE:
2999-3007 [ DOI: 10.1109/ICCV.2017.324 ]

Liu X, WuJ M, Yang W F, Zhou X and Zhang T Z. 2024a. Multi-modal
attribute prompting for vision-language models. IEEE Transactions
on Circuits and Systems for Video Technology, 34 (11) : 11579-
11591 [DOI: 10.1109/TCSVT.2024.3424566 |

LiuY, Tian Y J, Zhao Y Z, Yu HT, Xie L X, Wang Y W, et al.
2024b. VMamba: visual state space model//Proceedings of the 38th
Conference on Neural Information Processing Systems. Vancouver,
Canada: Neural Information Processing Systems Foundation, Inc.
(NeurIPS) : 103031-103063 [ DOI: 10.52202/079017-3273 ]

Qian M H, Liu K, Zhang I B and Su B Y. 2026. Infrared small target
detection with multi-branch perception and cross-layer semantic
fusion. Journal of Image and Graphics, 31(8) : 2942-2957 (#k#35%,
X2, B, JRAER . 2026. 229 ST B 2 T L RA 2T
S/ ELARKE I . o P G DB 24l 31(8) 2 2942-2957 [DOI:
10.11834/jig.250448 |

Radford A, Kim J W, Hallacy C, Ramesh A, Goh G, Agarwal S, et al.
2021. Learning transferable visual models from natural language
supervision//Proceedings of the 38th International Conference on
Machine Learning. [s.1.]: PMLR : 8748-8763

Razakarivony S and Jurie F. 2016. Vehicle detection in aerial imagery: a
small target detection benchmark. Journal of Visual Communication
and Image Representation, 34: 187-203 [DOI: 10.1016/j. jvcir.
2015.11.002 ]

Ren S Q, He KM, Girshick R and Sun J. 2015. Faster R-CNN: towards
real-time object detection with region proposal networks//Proceed-
ings of the 29th International Conference on Neural Information Pro-

cessing Systems. Montreal, Canada: MIT Press: 91-99

3319


http://www.cjig.cn/zh/article/doi/10.11834/jig.250448/
http://www.cjig.cn/zh/article/doi/10.11834/jig.250448/

3320

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 9, Sep. 2026

Sun Y M, Cao B, Zhu P F and Hu Q H. 2022. Drone-based RGB-
infrared cross-modality vehicle detection via uncertainty-aware
learning. IEEE Transactions on Circuits and Systems for Video
Technology, 32 (10) : 6700-6713 [DOI: 10.1109/TCSVT. 2022.
3168279

Wu W T, Li C L, Wang X and Luo B. 2026. Large language model
guided progressive feature alignment for multimodal UAV object
detection IEEE Transactions on Image Processing, 35: 6517-6529
[DOI:10.1109/TIP.2026.3702419

Xiang X T, Zhou G Y, Wen Z X, Li W S, Niu B, Wang F, et al. 2026.
SLGNet: synergizing structural priors and language-guided modula-
tion for multimodal object detection [ EB/OL]. [2026-04-13 ].
https://arxiv.org/pdf/2601.02249.pdf

Xie X X, Cheng G, Wang J B, Yao X W and Han J W. 2021. Oriented
R-CNN for object detection//Proceedings of 2021 IEEE/CVF Inter-
national Conference on Computer Vision (ICCV). Montreal,
Canada: IEEE: 3500-3509 [ DOI: 10.1109/1CCV48922.2021.00350 |

Xiong Z X, YaoZ'Y, Liu X, Zhao W Y, Cao J and Wu X K. 2025. Effi-
cient multispectral object detection with attentive feature aggrega-
tion leveraging zero-shot implicit illumination guidance. Informa-
tion Fusion, 118: #102939 [DOI: 10.1016/j.inffus.2025.102939 ]

Yu D, Lin SZ, Lu X F, Wang B, Li D W and Wang Y B. 2022. A
multi-band image synchronous fusion method based on saliency.
Infrared Physics and Technology, 127: #104466 [ DOIL: 10.1016/j.
infrared.2022.104466 |

Yu D, Tang Y P, Zhang C J, Wang W, Yang G D, Zheng X L, et al.
2026. IA’GNN: imbalance-aware adaptive graph construction for
multi-modal image fusion. IEEE Transactions on Multimedia,
28: 4747-4758 [DOI:10.1109/TMM.2026.3660161 |

Yuan M X, Wang Y Y and Wei X X. 2022. Translation, scale and rota-
tion: cross-modal alignment meets RGB-infrared vehicle detection//
Proceedings of the 17th European Conference on Computer Vision -
ECCV 2022. Tel Aviv, Israel: Springer: 509-525 [DOI: 10.1007/
978-3-031-20077-9_30 ]

Yuan M X and Wei X X. 2024. C*Former: calibrated and complemen-
tary transformer for RGB-infrared object detection. IEEE Transac-
tions on Geoscience and Remote Sensing, 62: #5403712 [DOI:
10.1109/TGRS.2024.3376819 |

Zhang R, Yao L, Zhang Y X, Wang Y J, Zhang C Y and Liu F. 2026.
Non-spatial registration decision fusion for multimodal object detec-
tion. Journal of Image and Graphics, 31(2): 541-555 (k5 ,
WL, SKZETR, ERER, skfe—, XL, 2026, JFas AL HE R £
RS H bR phe SRRl 5 S b R AR, 31(2) : 541-
555) [DOI: 10.11834/jig.250326 ]

Zhang Y M, Bao W T, Xiao Q, Yang Y, Wan W G, Luo Y T, et al.
2026. Selective attention-based for infrared small target detection.
Journal of Image and Graphics, 31(3): 797-810 (il #g, i £ %,
M, 55, TR, BN, 4. 2026, 2 Tk R R OIRY
ZLANIN ARSI . AR I B S P 224, 31(3) 2 797-810) [DOT:
10.11834/jig.250313 ]

Zhou M H, LiTY, Qiao C F, Xie D Y, Wang G Q, Ruan N J, et al.
2025. DMM: disparity-guided multispectral Mamba for oriented
object detection in remote sensing. IEEE Transactions on Geosci-
ence and Remote Sensing, 63: #5404913 [DOI: 10.1109/TGRS.
2025.3578309 ]

EE® T

AR B WA, BT ) RS AT AL
o E-mail:23115071@bjtu.edu.cn

SRS GEFVER L  HUR, EZRIT ) AL |
%4325, E-mail: ¢jzhang@bjtu.edu.cn

SRIET 5 WFE B, TS 8] 2 8RS 5
E-mail : zhangxiaoyu@iie.ac.cn

FRIGe e, 5 WIFE b1, 2 BEWFFE 7 1) S 22 1A Bl A 5
il IR AL 5 3 N T R o

E-mail : xiaolong.zheng@ia.ac.cn



	目次
	大模型在航空领域的智慧赋能
	《中国图象图形学报》大模型在航空领域的智慧赋能专栏简介
	大模型赋能下的航空图像复原技术研究进展
	航空光谱图像智能处理：方法、应用与挑战
	航空遥感场景跨域少样本目标检测进展研究
	多模态信息融合研究进展
	开放词汇语义分割研究进展
	面向无人机的多模态视觉理解大模型研究进展
	具身智能视角下无人机视觉语言导航研究进展
	人工智能辅助的单机长飞行驾驶技术综述
	大模型赋能航空遥感智能解译的进展与思考
	时间差引导的高光谱图像变化检测网络
	大模型语义增强的多时相多模态遥感影像匹配方法
	双时相特征增强引导的多关系差异耦合遥感变化字幕生成
	模态可靠性建模的航空遥感可见光—红外目标检测

	数据集
	红外视频卫星空中动目标检测数据集及其评估

	图像处理和编码
	光照引导反射分量估计的零监督弱光图像增强
	频域特征优化与截断采样的条件扩散模型弱光图像增强方法

	图像理解和计算机视觉
	Transformer图表示学习驱动的自适应人脸欺诈检测模型
	记忆机制显式引导的说话人自适应唇语识别

	计算机图形学
	边缘簇驱动的高斯泼溅稀疏视图重建细节增强

	遥感图像处理
	融合频域自注意力的卫星云图预测网络CloudPredUNet
	联合角度连续表示与感知平衡的遥感图像定向目标检测


	Contents
	The intelligent empowerment of large models in the aviation field
	Aerial image restoration driven by large models: a survey
	Intelligent processing of airborne spectral images: methods, applications, and challenges
	Research progress of cross-domain few-shot object detection in aerial remote sensing scenes
	A survey on multimodal information fusion
	Recent advances in open-vocabulary semantic segmentation
	Recent advances in large multimodal models for UAV visual understanding
	A survey of unmanned aerial vehicle vision-language navigation from the perspective of embodied intelligence
	Artificial intelligence-assisted flight technologies for single-pilot operations: a comprehensive review
	Progress and perspectives on large models for aerial remote sensing intelligent interpretation
	Time-difference-guided network for hyperspectral image change detection
	Semantic enhancement with vision foundation models for multitemporal multimodal remote sensing image matching
	Bi-temporal feature enhancement-guided multi-relational difference coupling for remote sensing change captioning
	Modality reliability modeling for aerial RGB-IR object detection

	Dataset
	Infrared video satellite aerial moving target detection dataset and its evaluation

	Image Processing and Coding
	Zero-supervised low-light image enhancement with illumination-guided reflectance estimation
	Low-light image enhancement with diagonal frequency feature refinement and truncated sampling in conditional diffusion models

	Image Understanding and Computer Vision
	Adaptive face fraud detection model driven by Transformer-based graph representation learning
	Memory-guided explicit prompting for speaker-adaptive lip reading

	Computer Graphics
	Edge cluster-driven Gaussian splatting for detail enhancement in sparse view synthesis

	Remote Sensing Image Processing
	CloudPredUNet: a satellite cloud image prediction network incorporating frequency domain self-attention
	Oriented object detection in remote sensing images with joint angle continuous representation and perceptual balance





