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Abstract

Visible-Infrared (RGB-IR) Unmanned Aerial Vehicle (UAV)
object detection integrates complementary cues from visi-
ble and infrared sensors, offering broad application poten-
tial. However, due to sensor parallax, it still faces the chal-
lenge of weak spatial misalignment, which significantly lim-
its its performance in UAV-based object detection. Exist-
ing methods emphasize strict alignment, overlooking spec-
tral heterogeneity under varying illumination. To address
these issues, we propose the Illumination Guided Implicit
Alignment Network (IGIANet) to mitigate modality het-
erogeneity without explicit alignment. Specifically, we inte-
grate three novel modules. First, we propose an illumination-
guided frequency modulation module that adaptively allo-
cates fusion weights to visible and infrared features based on
global illumination estimation, effectively alleviating modal-
ity imbalance under varying lighting conditions. Second, we
introduce a frequency-guided cross-modality differential en-
hancement module, which computes differential cues across
frequency domains to enhance complementary information
and highlight weakly aligned and low-contrast regions. Fi-
nally, we introduce an implicit alignment-driven dynamic
fusion module that actively estimates offsets and generates
dynamic, position-adaptive fusion kernels to align and fuse
modalities. Extensive experiments demonstrate that IGIANet
outperforms state-of-the-art models on various benchmarks,
achieving 80.9% mAP on DroneVehicle, 57.1% mAP on
VEDAI, and 49.4% m AP on FLIR.

Introduction

Unmanned Aerial Vehicle (UAV) object detection has gar-
nered increasing attention due to its wide range of appli-
cations, such as forest rescue (Yao, Qin, and Chen 2019;
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Figure 1: (a) illustrates the weak alignment issue: the red
and yellow boxes denote ground-truth annotations in the IR
and RGB images, showing a clear spatial misalignment. (b)
highlights the modality imbalance: RGB images offer rich
color and texture but degrade under poor illumination, while
IR images lack color yet retain structural details, making tar-
gets clearer in low-light scenes.

Fu et al. 2021), traffic surveillance (Shakhatreh et al. 2019;
Chen et al. 2025b), and autonomous driving (Li et al. 2022b;
Chen et al. 2024). However, most existing detectors are
designed for visible (RGB) images, which, despite being
rich in color and texture, often degrade significantly under
low-light or poor visibility conditions. In contrast, infrared
(IR) sensors are more robust to environmental variations
and can operate effectively in complex scenarios. Conse-
quently, UAV-based RGB-IR object detection has emerged
as a promising approach for enhancing detection perfor-
mance in challenging environments.

In recent years, researchers have increasingly focused
on combining the structural advantages of IR imagery in
complex nighttime scenarios with the rich color and tex-
ture information from RGB images, aiming to achieve ef-
ficient multimodal fusion and improve RGB-IR object de-



tection performance on UAV platforms. However, as il-
lustrated in Figure 1, existing methods still face two ma-
jor challenges (Zhou, Chen, and Cao 2020; Yuan and Wei
2024; Chen et al. 2023, 2025a): 1. Weak spatial alignment:
Due to the asynchronous imaging of RGB and IR sensors,
the same object often appears in different spatial locations
across the two modalities. This leads to alignment errors,
which in turn impair the accurate localization of key object
regions and compromise detection performance. 2. Modal-
ity imbalance: While RGB images provide rich details un-
der favorable lighting conditions, they are susceptible to illu-
mination variations. In contrast, IR images are illumination-
invariant and can consistently capture the structural charac-
teristics of objects, yet they lack color and fine-grained tex-
ture (Li et al. 2022a). These inherent disparities and imbal-
ances in information content pose significant challenges to
effective multimodal object detection.

To address the above challenges, one of the most straight-
forward strategies is to perform pixel-wise alignment be-
tween RGB and IR images prior to detection (Chen, Liu, and
Tan 2021), as illustrated in Figure 2 (a). While this approach
explicitly considers the misalignment issue, it fails to fully
exploit the complementary information between modalities
during the subsequent feature fusion stage. Another line
of work focuses on local feature alignment (Zhang et al.
2019b), as shown in Figure 2 (b), where the region of interest
(ROI) from one modality is aligned to that of the other via
random perturbations or jitters. Although this method shows
some improvements, it suffers from low computational effi-
ciency and may not be well-suited for real-time UAV-based
applications.

Motivated by the above observations, we argue that an
ideal RGB-IR fusion strategy for UAV-based object detec-
tion should: (1) simultaneously address both spatial mis-
alignment and modality imbalance, and (2) avoid expen-
sive explicit registration or complex geometric supervision.
To this end, we introduce the Illumination Guided Implicit
Alignment Network (IGIANet), as illustrated in Figure 2 (c).
Specifically, we propose the illumination-guided frequency
modulation module (IFMM), which estimates the global il-
lumination coefficient from the RGB image to reweight the
RGB and IR features adaptively. In poorly lit environments,
this mechanism suppresses the unreliable modality (e.g.,
downweighting RGB at night) and emphasizes the modality
that carries more discriminative cues under current lighting
conditions. Secondly, we design the frequency-guided cross-
modality differential enhancement module (FG-CMDEM)
to highlight complementary structural details that are most
vulnerable to spatial misalignment. It computes cross-modal
differential cues in the frequency domain and selectively
enhances high-frequency discrepancies while suppressing
shared low-frequency components. Finally, we propose the
implicit alignment-driven dynamic fusion module (IADDF),
which predicts offset fields via global and local branches. IR
features are then implicitly aligned to RGB features using
grid sampling. Unlike prior works that treat alignment and
fusion separately, IGIANet unifies illumination-aware fea-
ture balancing, spectral enhancement, and alignment into a
single differentiable pipeline guided by global illumination.
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In summary, our main contributions are as follows: (1)
A principled illumination-guided spectral recalibration strat-
egy that dynamically balances the importance of RGB and
IR modalities based on scene brightness. (2) A frequency-
guided differential enhancement mechanism designed to
mine and amplify differential clues. (3) An implicit align-
ment and dynamic fusion strategy for effective modality
alignment and fusion. (4) Extensive experiments on public
datasets demonstrate the effectiveness and robustness of the
proposed IGIANet model.
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Figure 2: Tllustration of different solutions for RGB-IR weak
alignment: (a) adopts a global, rigid pixel-wise alignment
strategy. (b) applies a local ROI jittering-based alignment
method. (c) presents our implicit alignment approach com-
bined with a dynamic convolution fusion strategy.

Proposed Method
Overall Architecure

As illustrated in Figure 3, we propose IGIANet, a uni-
fied framework that progressively enhances RGB-IR fea-
ture fusion via four tightly coupled modules, each designed
to address a specific aspect of modality imbalance under
illumination variation and spatial misalignment. First, the
opponent-aware light illumination module (OLIM) derives
a global illumination weight map from opponent color and
luminance cues, which is then utilized by IFMM to bal-
ance spectral responses in the frequency domain. Next,
FG-CMDEM complements and fuses cross-modal infor-
mation by computing differential frequency cues. Finally,
IADDF predicts and samples position-aware offsets via dual
branches to align IR features with RGB ones, and generates
dynamic, patch-wise kernels for adaptive fusion.

Opponent-aware Light Illumination Module

To robustly guide frequency modulation and alignment un-
der varying illumination conditions, it is essential to cap-
ture color shifts and luminance variations. Color opponency
highlights the color imbalance introduced by scene lighting,
while perceived luminance encodes the overall brightness.
Therefore, we design the OLIM to generate illumination-
aware weights.
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Figure 3: Overview of the IGIANet framework, which integrates an opponent-aware light illumination module (OLIM),
illumination-guided frequency modulation module IFMM), frequency-guided cross-modality differential enhancement module
(FG-CMDEM), and implicit alignment-driven dynamic fusion module (IADDF) for UAV-based RGB-IR object detection.

Given an input RGB image I € R3*7*W [ and W
denote the height and width of the input image, we compute
two opponent color channels, 0; and 0s:

01=R—G,00=B-%(R+G), (1)
where R, G, and B denote the red, green, and blue channels,
respectively. Simultaneously, we convert the RGB image I
into the LAB color space, normalize the L channel, and ex-
tract the perceived luminance channel L.

LabL
= 2
100 @)

where Laby, € [0,100] is the lightness component. These
channels are concatenated to form the initial image I, which
effectively captures both color contrast and luminance dis-
tribution.

I =[o1; 0; L] € RZW, 3)

where [; ] is the concation operation. Subsequently, as shown
in equation 4, we apply several convolutional blocks for
downsampling and feature extraction, and finally use a sig-
moid activation to produce the illumination weight map
Willum~

Wittum = o0(ConvBlock(I)),
where o is the sigmoid operation.

“

INlumination-Guided Frequency Modulation
Module

The IFMM adaptively balances and enhances RGB and IR
features in the frequency domain under the guidance of il-
lumination. Given the input RGB features Fiy,, IR features
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Fi;, and the per-pixel illumination weight map Wiyym, we
first normalize and smooth Wjjuy, to ensure it lies within the

range [0.5 — % 0.5+ g} Then, we compute the comple-
mentary weights:

VVrgb - I/Villuma I/Vir =1- I/Villum7 (5)
Frgy = Convs; (Figh ® Wigh), 6)
Fy = Conv,; (Fi ® Wi), %

where Conv® denotes group convolution with C' groups,
® denotes the matrix product. These weights are broadcast
along the channel dimension C' and applied to the features
via grouped 1 x 1 convolutions. Subsequently, the weighted
Flg, and F;; features are combined via element-wise addi-
tion to obtain Fiyny:
Foam = Nrgb + -Z::‘ir~ ®)

We then apply channel attention (Hu, Shen, and Sun 2018) to
Fym to perform channel-wise feature aggregation, resulting
in the aggregated feature Z, which captures global semantic
information across modalities:

Z = Attn(l?sum) ® Fium, 9
where Attn denotes the channel atention. Next, we apply a
1 x 1 convolution followed by a SiL.U activation to Z, gen-
erating two sets of frequency modulation weights, A,.¢, and
A, which are used to enhance the frequency components
of the Fip and Fj; features:

[Argb; Ai?‘] = SiLU(COHVI x1 (Z)) 5
Ar967 Air — Spht(Argb; Azr)

(10)
(1)



Specifically, the modulated features Frgg and Fig are fed
into dynamic filters along with their corresponding weights
Argp and A;,., respectively. These filters perform weighted
2D DFT-IDFT operations in the frequency domain, en-
abling position-adaptive spectral reconstruction to dynami-
cally compensate for illumination-induced response discrep-
ancies:

Fula,y) = F (An(u,0) © F{F(e.9)}).
m € {rgb,ir}

where F{-} and F~'{-} denote the 2D Discrete Cosine
Transform (2D DCT) and its inverse (2D IDCT), respec-
tively; A, (u,v) is the corresponding frequency-domain
modulation weight map. This makes the frequency mod-
ulation more targeted and more effective at emphasizing
discriminative information. By embedding illumination cor-
rection into the generation of frequency-domain weights,
IFMM not only rectifies illumination bias in the spatial do-
main but also ensures that the spectral reconstruction pro-
cess focuses on low-light regions based on lighting condi-
tions, thereby significantly enhancing feature robustness.

(12)

Frequency-Guided Cross-Modality Differential
Enhancement Module

The FG-CMDEM is designed to complement and enhance
cross-modality differential information between frequency-
modulated RGB and IR features, as illustrated in Figure 3.
Unlike prior methods that apply frequency-based enhance-
ment globally, our FG-CMDEM uniquely computes cross-
modal differential cues in the frequency domain, enabling
targeted structural enhancement.

Let Figp, Fiy € RE*HXW pe the feature maps from
the RGB and infrared branches after IFMM processing. To
effectively capture illumination-driven differences between
modalities, we first transform both modality features into the
frequency domain using the 2D DCT, as follows:

Py = F(Fp),  Fr = F(F). (13)
For each modality m € {rgb,ir}, we then compute the

element-wise difference in the frequency domain:

Fj' = Fy — Fp € ROV, (14)

where m denotes the opposite modality. Next, both F,, and
F7* are downsampled by a factor of s using average pooling:

F.F™ H=2w =% (5

To generate attention primitives, the difference map F);" is
passed through two 1x 1 convolutions that reduce its channel
dimensi{on f}rom CtoCy,=Cls, yiel,ding/ the query Q7' €
RCH W and key K € RE*H XW" Meanwhile, the
value V)" € RO H' W' is generated by applyinga 1 x 1
convolution to F),. All these are reshaped into sequences of
length N = H' x W’ and used for attention computation:

Fott — -1 (FFN <softmax (Qd\/%l> Vdm)> & F,

CxH' xW’
eR ,
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where FFN denotes a feed-forward network, and @ de-
notes residual addition with the original spatial-domain fea-
ture. The proposed FG-CMDEM is a cross-modal attention
mechanism that fuses different modalities through explicit
difference-driven fusion, as RGB-IR images have lighting
differences that cannot be solved by simple addition.

Implicit Alignment-driven Dynamic Fusion
Module

The proposed IADDF, as illustrated in Figure 3, is primarily
designed to address the weak alignment issue between RGB
and IR images. It first corrects IR features spatially using
pixel-wise implicit offsets, then generates dynamic convo-
Iutional kernels to adaptively fuse the aligned bimodal fea-
tures, and finally projects the fused output back to the orig-
inal channel dimension. To robustly estimate spatial align-
ment offsets, we employ a dual-branch offset estimation
module, consisting of an MLP-based global branch and a
convolutional local branch. Specifically, given the input at-
tention features F2t* ¢ RE*H*W we first generate a nor-
malized coordinate map G € [—1, 1]#*W*2 and concate-
nate each pixel’s spatial coordinates (x;,y;) with its RGB
and IR features:

z =[G, (17)

This tensor is passed through a two-layer MLP to estimate a
pixel-wise offset:

A™P — MLP(z) € R¥>*H*W,

Fatt] c R(2+2C)><H><W'

m

(18)

Meanwhile, in the convolutional branch, we concatenate the
RGB and IR features and apply a 3 x 3 convolution:

A™ = Convsys ([Fag, F1) € RV (19)

The two offset maps are summed to obtain the final displace-
ment field:

A = Amlp + Aconv, (20)

which is then used in bilinear sampling (GridSample) to
align the IR features:
F!. = GridSample (F-att A).

r

21

Next, we concatenate the aligned IR and original RGB fea-
tures:

att

t 2C0xHXW
Fca :[ rgbyF‘i/r] c R X H % .

For each spatial location 4, its concatenated feature vector
Fft ¢ R2Y is fed into another MLP to predict dynamic
convolution kernel weights:

(22)

W; = MLPyernal (F£2) € R, (23)

After batch normalization and activation, these weights
are reshaped into a position-specific kernel map W €
RIXHXWxkxk Simultaneously, £ is unfolded into local
patches P € R2C*HXWxkxk "Each Jocation 7 is convolved
with its corresponding kernel:

Fidyn — ZP’L ® Wi; den c RQCXHXW.

w,v

(24)



Method Pub. + Year | RGB | Infrared | Car | Freight | Truck | Bus | Van | mAP (%)
RetinaNet CVPR 2017 v X 785 | 344 24.1 | 69.8 | 28.8 47.1
R3Det AAAI 2021 v X 80.3 | 56.1 427 | 802 | 44.4 60.8
S2ANet TGRS 2021 v X 80.0 | 54.2 422 | 849 | 438 61.0
Faster R-CNN TPAMI 2016 | v/ X 79.0 | 49.0 372 | 77.0 | 37.0 55.9
RolTransformer CVPR 2019 v X 61.6 | 55.1 423 | 85.5 | 44.8 61.6
Oriented R-CNN ICCV 2021 v X 80.1 | 53.8 416 | 85.4 | 43.3 60.8
RetinaNet cvPr2017 | X v 88.8 | 354 395 | 765 | 32.1 54.5
R3Det AAAT 2021 X v 89.5 | 483 166 | 87.1 | 39.9 62.3
S2ANet TGRS 2021 X v 89.9 | 545 558 | 88.9 | 48.4 67.5
Faster R-CNN TIPAMI 2016 | X v 89.4 | 535 483 | 87.0 | 42.6 64.2
RolTransformer CcVPR2019 | X v 89.6 | 51.0 53.4 | 88.9 | 445 65.5
Oriented R-CNN ICCV 2021 X v 89.8 | 574 53.1 | 89.3 | 454 67.0
CIAN IF 2019 v v 90.1 | 638 60.7 | 89.1 | 50.3 70.8
MBNet ECCV 2020 v v 90.1 | 64.4 624 | 888 | 53.6 71.9
TSFADet ECCV2022 | vV v 90.0 | 692 65.5 | 89.7 | 55.2 73.9
SLBAF-Net MTA 2023 v v 90.2 | 68.6 720 | 89.9 | 59.9 76.1
C2Former TGRS 2024 v v 90.2 | 683 644 | 89.8 | 58.5 74.2
DMM +Faster R-CNN | TGRS 2025 v v 904 | 63.0 77.8 | 88.7 | 66.0 77.2
CoDAF Arxiv 2025 v v 903 | 66.2 77.9 | 80.5 | 65.0 78.6
IGIANet(Ours) . v v 90.5 | 762 782 | 903 | 69.4 80.9

Table 1: Comparison on the DroneVehicle dataset. We compare our IGIANet method with single-modal and multimodal meth-
ods, both using Oriented Bounding Boxes (OBB) as the detection head. The best-performing results are highlighted in bold,

and the second-best results are underlined.

Finally, a 1 x 1 convolution reduces the channel dimension:

FOU = Convyyy (F¥") € ROFEXW  (25)

We adopt implicit alignment with two offset estimation
branches: a global MLP branch capturing large-scale align-
ment deviations, and a local convolutional branch ensuring
smooth, detail-consistent offsets. Their combination enables
coarse global correction and fine local adjustment for accu-
rate RGB-IR alignment.

Experiments
Experimental Settings

Datasets. We evaluate our method on three RGB-IR ob-
ject detection benchmark datasets, including two UAV-based
datasets:

(1) DroneVehicle (Sun et al. 2022) is a multimodal UAV
dataset for vehicle detection and recognition, containing
28,439 paired RGB-IR images across diverse scenarios such
as urban roads, highways, and parking lots. It includes five
categories—car, truck, bus, van, and freight_car—with im-
age pairs at a resolution of 650x512. The dataset is split into
17,990 training, 8,980 testing, and 1,469 validation samples.

(2) VEDAI (Razakarivony and Jurie 2016) provides
RGB-IR imagery from suburban and rural scenes with var-
ied ground textures. It includes two resolutions (1024x1025
and 512x512); we use the higher-resolution set of 1,246 im-
age pairs. The dataset covers nine categories (e.g., car, truck,
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bus, van, airplane, ship), and we follow the same train/test
split as in (Shen et al. 2024).

(3) FLIR (Zhang et al. 2020) is a challenging multimodal
dataset comprising 5,142 RGB-IR object instances, with
4,129 images used for training and 1,013 for testing. It con-
tains three object categories: person, bicycle, and car.

Implementation Details. We follow the same data pro-
cessing protocol as previous work (Shen et al. 2024). The
proposed IGIANet is built upon the YOLOVS detector, im-
plemented within the MMYOLO framework (Contributors
2022). We report mean Average Precision (mAP) consis-
tent with prior methods, based on the IoU metric to evaluate
detection performance. Specifically, m A Ps( refers to the av-
erage precision at an IoU threshold of 0.5, while mAP de-
notes the average precision over a range of IoU thresholds
from 0.5 to 0.95. Our model is optimized using Stochastic
Gradient Descent (SGD) (Robbins and Monro 1951) with an
initial learning rate of 0.000125 and a momentum of 0.937.
The training is conducted over 36 epochs.

Main Results

We compare our proposed method, IGIANet, with several
SOTA approaches on the DroneVehicle, VEDAI, and FLIR
datasets. The corresponding results are presented in Ta-
bles 1, 2 and 3 respectively.

Comparison Results on DroneVehicle. As shown in Ta-
bles 1, our proposed IGIANet effectively addresses the weak



alignment problem and achieves efficient fusion of RGB
and IR features, significantly improving detection perfor-
mance. We compare our method with a variety of single-
modality object detection methods, including R3Det (Yang
et al. 2021), S2ANet (Han et al. 2021), Faster R-CNN (Ren
et al. 2016), RetinaNet (Lin et al. 2017), and RolTrans-
former (Ding et al. 2019). IGIANet consistently outper-
forms these single-modality detectors and exceeds the best-
performing RGB or IR-based methods by 11.5% and 17.3%
in mAP. Compared with various advanced multimodal
methods, including DMM-+Faster R-CNN (Zhou et al.
2025), C2Former (Yuan and Wei 2024), SLBAF-Net (Cheng
et al. 2023), CoDAF (Zongzhen et al. 2025), MBNet (Zhou,
Chen, and Cao 2020), CIAN (Zhang et al. 2019a), and TS-
FADet (Yuan, Wang, and Wei 2022), our method achieves
superior performance. Specifically, IGIANet outperforms
DMM+Faster R-CNN and CoDAF by 3.7% and 2.3% in
mAP, respectively. These results demonstrate the effective-
ness of our proposed method and also highlight the limi-
tations of single-modality approaches in multimodal object
detection tasks.

Method Type mAPsg mAP
Faster R-CNN RGB 78.6 47.2
YOLOVS5 RGB 74.3 38
FCOS RGB 63.3 37.8
DINO RGB 73.8 48.3
Faster R-CNN IR 75.5 44.1
YOLOv5 IR 74 35.1
FCOS IR 56.2 33.3
DINO IR 68.8 454
YOLO Fusion RGB+IR 78.6 49.1
ADMPF RGB+IR 81.6 -
TINet RGB+IR 82.6 441
CFT RGB+IR 85.3 56.0
ICAFusion RGB+IR 84.8 56.6
IGIANet (Ours) | RGB+IR 88.9 57.1

Table 2: Comparisons on the VEDAI dataset.

Comparison Results on VEDAIL. As shown in Table 2,
our proposed IGIANet demonstrates strong performance
on the VEDAI dataset, achieving an mAPsy of 88.9%.
Compared with various single-modality detectors, including
Faster R-CNN, YOLOVS5 (Jia et al. 2021), FCOS (Tian et al.
2020), ADMPF (Liu, Li, and Peng 2025), and DINO (Zhang
et al. 2022), our detector surpasses the best IR- and RGB-
based detectors by 13.4% and 10.3% in mAPsq, respec-
tively. When compared with multimodal detectors such as
YOLO Fusion (Qingyun and Zhaokui 2022), TINet (Zhang
et al. 2023), CFT (Qingyun, Dapeng, and Zhaokui 2021),
and ICAFusion (Shen et al. 2024), our method outperforms
ICAFusion by 4.1% in mAPsy and 0.5% in mAP. These
results demonstrate that our method effectively fuses feature
information from both IR and RGB images, leading to supe-
rior detection performance.

Comparison Results on FLIR. As shown in Table 3,
our IGIANet demonstrates excellent performance on the
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FLIR dataset. Compared with various multimodal detec-
tors, including GAFF (Zhang et al. 2021), SMPD (Li et al.
2023), CFT (Qingyun, Dapeng, and Zhaokui 2021), ICA-
Fusion (Shen et al. 2024), UniRGB (Yuan et al. 2024),
MFPT (Zhu et al. 2023), LRAF-Net (Fu et al. 2024), and
DAMSDet (Guo et al. 2025), our detector achieves no-
ticeably better results in m A Pr5, surpassing DAMSDet by
0.7% in this metric. Although IGIANet is slightly lower
than DAMSDet in m A Psy, it still significantly outperforms
LRAF-Net by 4.5% in m A P5(, and achieves a higher over-
all mAP, exceeding DAMSDet by 0.1%. These results indi-
cate that our detector maintains superior performance even
on non-UAV multimodal datasets.

Method Type mAP50 mAP75 mAP
YOLOVS IR 80.1 - 424
YOLOVS RGB 67.8 259 31.8
DINO IR 80.6 42.7 44.8
DINO RGB 70.9 25.9 —
GAFF IR+RGB 72.9 329 36.6
SMPD IR+RGB 73.6 - -
CFT IR+RGB 78.7 355 40.2
ICAFusion | IR+RGB 79.2 36.9 41.4
MFPT IR+RGB 80.0 -
LRAF-Net | IR+RGB 80.5 - 42.8
UniRGB-IR | IR+RGB 83.9 40.1 43.8
DAMSDet | IR+RGB 86.6 48.1 49.3
Ours IR+RGB 85.0 48.9 494
Table 3: Comparison on the FLIR dataset.
Ablation Study

Ablation Study on Each Component. As shown in Ta-
ble 4, we conduct a detailed ablation study by decompos-
ing the proposed IGIANet and evaluating the relative ef-
fectiveness of each component. Compared to the baseline,
introducing the IFMM, FG-CMDEM, and TADDF mod-
ules improves the mAP by 0.3%, 1.6%, and 0.7%, re-
spectively. This indicates that FG-CMDEM effectively cap-
tures and enhances the differential information between the
two modalities, achieving complementary feature enhance-
ment. In addition, incorporating the OLIM module fur-
ther enhances the representational capacity of IFMM, in-
creasing mAP from 45.8% to 46.2%, demonstrating that
illumination-aware weighting can effectively modulate fre-
quency features. Furthermore, by integrating the IADDF
module, the m AP improves from 48.8% to 49.3%, indicat-
ing that the proposed method enables effective fusion of the
two modalities.

Study on the Effectiveness of the Hyperparameter 3 To
investigate the impact of the parameter 3 on the range of illu-

mination weights [0.5 — g, 0.5+ g} , we conduct an abla-

tion study by varying the value of 3. As shown in Figure 4,
the best detection performance is achieved when 8 = 0.3.
However, when 3 exceeds 0.7, the detection performance
degrades significantly.



OLIM | IFMM | DEM | IADDF | mADPs, mAP
- - - - 812 453
. v - - 817 458
v v . . 82.5 46.2
. - v . 826 469
. - . v 81.8 46
- v v - 83.7  48.1
v v v - 842 488
v v v v 85.0 494

Table 4: Ablation study of each proposed module on the
FLIR dataset, where DEM denotes FG-CMDEM, “-” indi-

cates module disabled; “y/* indicates enabled.
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Figure 4: Ablation on the parameter S on the FLIR Dataset.
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Figure 5: Visualization of the frequency maps before and af-
ter applying FG-CMDEM. The module selectively enhances
cross-modal frequency differences.

RGB IR

Wil!um

Figure 6: Visualizing the illumination weight in Equation 4
reveals that different weights are dynamically assigned to
different lighting conditions.

o il
C2Former
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Figure 7: Comparison of different detection results, where
the yellow dashed line represents detection errors.

Visualization Results Comparison. We provide a visual
comparison to demonstrate the effectiveness of IGIANet. As
shown in Figure 7, detection results from different detectors
are displayed, with yellow ellipses marking incorrect detec-
tions. Previous methods are more prone to errors, especially
in scenes with multiple similar objects. In contrast, IGIANet
captures more discriminative information from both RGB
and IR modalities, enabling more accurate and robust detec-
tion. As shown in Figure 5, we compare frequency differ-
ences before and after applying FG-CMDEM, observing a
significantly greater distinction between RGB and IR modal-
ities after. By computing cross-modal frequency differences,
FG-CMDEM selectively enhances modality-specific infor-
mation and effectively facilitates the integration of com-
plementary features across modalities. As shown in Fig-
ure 6, our module perceives varying illumination condi-
tions and dynamically assigns weights Wiym. The visual-
ization shows that regions with high-quality illumination in
the RGB image receive higher weights, enabling effective
feature complementation.

Conclusion

In this paper, we propose an Illumination Guided Implicit
Alignment Network (IGIANet) for robust UAV-based RGB-
IR object detection. The proposed method effectively ad-
dresses the weak alignment problem through implicit align-
ment and dynamic convolution. In addition, under the guid-
ance of illumination-aware weights, it performs spectral
modulation on RGB-IR features and applies frequency-
based differential enhancement, effectively leveraging both
modality-specific discrepancies and cross-modality comple-
mentary information. Extensive experiments demonstrate
the effectiveness of IGIANet in UAV-based RGB-IR object
detection. In the future, we plan to extend our method to
other multimodal tasks.
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