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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 EREESZIAT

AL FHTF PyToreh 28, 78 NVIDIA RTX
3090 GPU(24 GB A7) E5EMt. MYtk fr$2 7 i 1
A 3%, 1F DroneVehicle Fll VEDAI (Razakarivony #1
Jurie, 2016) B ~/A JF RGB-IR fiii 25 & B4 4 [T
JEsEsy , Hod, DroneVehicle & — > KA JC A FL
A 2 B3 B ARSI B 45 , 0 5 o HE Ry m] Lo 5
ZLAMAMENS IS Bt 5 A F bR 5947 1) i1 FHAE AR
7. VEDAI(vehicle detection in aerial imagery ) f& —

AT 17 155 73 B 3R 0 2 S AR 2 R o) el 2 | ()

P2 RGB-IR B it 5 B AT 1) HARPRE . A 353 5]
Fie B B8 80 2 s v 0] 3 s PRI DS A T
5

TESZHEE b, AR SC#E H S2ANet (single-shot align-
ment network ) (Han 5§ , 2022) /F Sk FE Al RS I AE 2R, 3F
KTV Z5 9 VMamba (Liu %8 ,2024b) 14 1] OG5
CLAM SR TS T 2 RERAESR . 78
ISR b AR SO | AR RS TRV A s Rl
BEH X RUB SRS T AT SEVE A S B ARl .

YIZRB Bk H AdamW EAL#S , WIAR 2% 2] 321 h
1 x 107, BUH %I R B 0. 05, batch size B4 2,
SYIZRAECR 12 Basg oy m, (SR FHBEPL R EE
BEAE, B ER oM 0. 50 il S5 b T %I 2%
SRR BT, A TRAL B BOM I AR T HE T LA
B, S5, =0.1,4,=0.5,

PN J7 10, A SCR HF- 24085 FE 34 {8 (mean aver-
age precision ,mAP)/Eh FEIH R bR , I [R5
mAP@0. 5 Fl mAP@0. 5:0. 95, Fij# %1 ToU {5 K
0. 5 f AR I 45 2R, J5 # W AE 0. 5 22 0. 95 5 Fl N LA
0. 05 Ky KX 24> 1oU BIME T 1YV XK i (average
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Table 1 Comparison of detection performance of different methods on the DroneVehicle dataset

1%

Tk 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 32.9 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 IR R R S AN R LS T =" R AR AR A
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S’ANet (Han %, 2022) . Faster R-CNN (faster region-
based convolutional neural network ) (Ren %5, 2015) .
RolTransformer (Ding 55 , 2019) £ Oriented R-CNN
(Xie 45, 2021) o 2 B 2577 % A0 #& 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 4%, 2025) L K LPANet (large
language model guided progressive feature alignment
network ) (Wu £ ,2026) .
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Fig. 6  Visual comparison of detection results
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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
A3 RGB+IR 80.1 63.4 63.7 61.9 77.4 29.8 67.1

T L SRR % 8 B A2 2R

R3 AREEMRRIEE MR IH RS 45 R

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

WIReS e P W & et ERATAEE REERATEEE S mAP@O.5/%
Sk - - - - 75.6
+IE Pk N - - - 76.3
+itE B N N - - 78.9
+42 Jry Al N N N - 79.3
+ )i ) Al Gk N N - N 79.1
S REAL Y N N N N 79.7

IV R R e R 5 VAN = 0 B e e FR AN AR FH o B 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

AIPIE 3 W mAP@0.5/%
A,=0,1,=05 78.6
A, =0.1,1,=05 79.7
. A,=05,1,=05 79.2
A =1.4,=05 78.9
A,=0.1,4,=0 78.3
A, =0.1,0,=0.1 78.5
& A,=0.1,A,=05 79.7
A =0.1,0,=1 78.8

2.6 TEHEXEDH

SR TR T TR, AR SC L) RGB-IR A
A R A 6 Al 5 BT i i TR AT A B RN 4 2
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S RIS ()X DAAE 58 4 — B0 25000 N T T4
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N, I FER ] FLOPs AR 58 52 2 JE X Lh 6 A o
M S HTLLE 1, A ) FLOPs 24 135. 8 G, 1I%
T 51 574 LPANet (1) 184. 6 G, {H = T DMM [
102.4 G, H L DMM, A&7k g1 A T BT & 8
PR 3 F 4 Jmy— Jrg B AT FE PR AT, R I B A A
B 5 55 LPANet 6185 5| 507 M0 b, AR SO i

K5 ARAEMITEERESHEERRILR
Table 5 Comparison of computational complexity and

inference efficiency of different methods

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