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Abstract—Visible-infrared object detection is important for
UAV perception under challenging conditions such as low illu-
mination, fog, and cross-modal spatial offsets. Existing RGB-
IR detectors still face three coupled issues. First, symmetric
dual-stream backbones fuse visible and infrared features at all
depths, although the deepest visible features are often unreliable
under adverse imaging conditions. Second, sensor differences and
UAV viewpoint changes introduce residual spatial misalignment
between modalities. Third, common image fusion losses often
suppress infrared-visible differences as reconstruction errors,
rather than exploiting the thermal-appearance discrepancy to
enhance detection-oriented target saliency while preserving con-
text. To address these issues, we propose an Asymmetric Multi-
Task Framework for Visible-Infrared Detection (VID-AMTF).
The visible branch is truncated at res4, while the infrared branch
preserves res5 as a reliable high-level semantic prior. A bilat-
eral spatial aware module (BSAM) then predicts cross-guided
deformable offsets and modulation masks for both modalities,
performs depthwise feature alignment, and fuses features through
an infrared-primary residual rule. In addition, a multi-modal
alignment loss (MAL) regularizes pre-fusion RGB/IR feature dis-
tributions, and a Gaussian Soft Detection-Oriented Fusion Loss
(S-DOFL) supervises an auxiliary decoder with Gaussian weights
generated from ground-truth bounding boxes, selectively con-
verting infrared-visible modality discrepancy into target-centric
infrared saliency and visible-context preservation. Experiments
on DroneVehicle and RGBT-Tiny show that VID-AMTF achieves
strong detection performance and improves robustness under
illumination degradation and spatial misalignment. The code will
be released at https://github.com/KIKYOUWY/VID-AMTF.

Index Terms—Visible-infrared object detection, UAV imagery,
asymmetric fusion, spatial alignment, multi-task learning.

I. INTRODUCTION

AV-based object detection supports many remote sensing
applications, including intelligent transportation, agricul-
tural monitoring, and disaster response. In these scenarios,
visible images provide rich texture and color information,
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but their target cues can be weakened by low illumination,
fog, or other adverse imaging conditions. Infrared images
capture thermal radiation and are less dependent on ambient
light, offering complementary target saliency for all-weather
perception. Therefore, visible-infrared (RGB-IR) detection has
become an important direction for robust UAV object detec-
tion.

Although RGB-IR fusion has achieved notable progress,
existing detection frameworks still face three coupled prob-
lems. The first problem is semantic reliability across network
depth. Recent uncertainty-aware and illumination-aware detec-
tors adaptively adjust modality contributions under degraded
imaging conditions [1], [2], and cross-modal detection net-
works further enhance semantic interaction through adaptive
fusion, semantic conflict modeling, or decision-level integra-
tion [3]-[S]. However, many frameworks still rely on largely
symmetric dual-stream feature extraction and fuse visible and
infrared features at comparable semantic depths. When visible
images are degraded, the deepest visible stages tend to encode
illumination artifacts, background interference, and weak ob-
ject semantics [6]. Directly fusing these unreliable high-level
visible features with infrared features may contaminate the
infrared semantic prior and reduce detection accuracy.

The second problem is cross-modal spatial correspondence.
Even after image-level registration, RGB and IR pairs usually
retain residual offsets caused by sensor differences, plat-
form motion, and viewpoint changes. Recent disparity-guided
frameworks have started to improve spatial correspondence be-
tween modalities [7]. Nevertheless, pixel-level concatenation,
rigid feature aggregation, purely channel-wise reweighting, or
limited alignment cues cannot fully adapt to nonlinear local
shifts in UAV scenes. As a result, unaligned fusion may mix
object responses from different spatial locations and weaken
bounding-box localization.

The third problem is the objective gap between image fusion
and object detection. Recent RGB-IR studies demonstrate
the value of task-driven multi-modal fusion, but conventional
fusion losses are usually designed to optimize global visual
quality and reduce modal differences uniformly. For detec-
tion, however, the infrared-visible discrepancy is not merely
reconstruction noise. Target-centric regions can benefit from
stronger infrared thermal contrast, while surrounding contex-
tual regions often require visible texture and scene layout. A
global fusion constraint may suppress this target-relevant dis-
crepancy and provide suboptimal supervision for the detector.
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Fig. 1.

Motivation of this work. VID-AMTF addresses deep visible semantic contamination, nonlinear cross-modal misalignment, and task-agnostic fusion

supervision through asymmetric feature extraction, spatial alignment, and difference-aware Gaussian soft detection-oriented fusion.

Overall, asymmetric semantic reliability, feature-level spatial
alignment, and detection-oriented fusion supervision are rarely
considered jointly in one framework.

Motivated by these observations, we propose an Asym-
metric Multi-Task Framework for Visible-Infrared Detection
(VID-AMTF). The framework follows a simple design princi-
ple: preserve the most reliable infrared semantics, use visible
information only at trustworthy shallow and middle levels,
align modalities before fusion, and exploit infrared-visible dif-
ferences for detection-aware saliency supervision. Specifically,
the visible branch is truncated at res4 to avoid introducing
degraded res5 semantics, while the infrared branch preserves
resS as a stable high-level semantic prior. A bilateral spatial
aware module (BSAM) and a multi-modal alignment loss
(MAL) are then used to reduce feature-level geometric and sta-
tistical discrepancies. BSAM predicts cross-guided deformable
sampling fields for both modalities, aligns them in feature
space, and performs infrared-primary residual fusion so that
visible cues are injected as complementary information rather
than treated as an equally reliable deep semantic source.
Finally, a Gaussian Soft Detection-Oriented Fusion Loss (S-
DOFL) is introduced on an auxiliary training decoder to
softly decouple infrared saliency and visible context. Instead
of eliminating modality discrepancy globally, S-DOFL uses
it as a target-saliency cue: ground-truth bounding boxes are
converted into continuous Gaussian foreground confidence
maps, encouraging target centers to inherit infrared saliency
while surrounding regions preserve visible contextual fidelity.
The overall motivation is summarized in Fig. 1. The main

contributions of this work are as follows:

(1) We propose an asymmetric multi-task framework (VID-
AMTF) for RGB-IR UAV object detection. By truncating the
visible branch at res4 and preserving the infrared res5 feature,
the framework reduces deep visible semantic contamination
while retaining reliable thermal high-level semantics.

(2) We develop a bilateral spatial aware module (BSAM)
with a multi-modal alignment loss (MAL) to handle cross-
modal misalignment. BSAM performs cross-guided offset pre-
diction, depthwise deformable alignment, and infrared-primary
residual fusion, while MAL constrains pre-fusion RGB/IR
feature distributions.

(3) We introduce a Gaussian Soft Detection-Oriented Fusion
Loss (S-DOFL) to bridge image fusion and object detection.
By using ground-truth bounding boxes to build continuous
target-centric confidence maps, S-DOFL transforms infrared-
visible discrepancy into target-centric thermal saliency and
visible-context preservation without increasing inference com-
plexity.

Extensive experiments on DroneVehicle and RGBT-Tiny
show that the proposed framework achieves leading detec-
tion performance and consistent robustness under illumination
degradation, fog, and spatial offsets.

II. RELATED WORK
A. Visible and Infrared Image Fusion

Single-modality sensing is highly susceptible to environ-
mental influences, which can degrade detection and tracking
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performance [8]. For instance, visible imagery may lose target
cues under nighttime or foggy conditions, while infrared
imagery lacks color and fine texture information. Visible-
infrared image fusion therefore aims to combine comple-
mentary modality information and generate more informa-
tive visual representations. Early traditional fusion algorithms
mainly focused on handcrafted feature extraction and fusion
rules. By decomposing images at different scales, wavelet
transforms can capture detail and approximation information,
while Laplacian pyramid methods [9] fuse images through
hierarchical multi-scale decomposition. Wang et al. [10] pre-
sented a sparse-representation-based fusion method, which
extracts image features through sparse coding and introduces
an adaptive fusion rule.

Deep learning-based methods have become the mainstream
approach for image fusion. YDTR [11] is based on a Y-shaped
dynamic transformer with two branches for modality-specific
feature extraction. A multi-level refinement registration net-
work (MRRN) [12] is an unsupervised method for fusing
infrared and visible images through generation and registra-
tion. MHTNet [13] is a multilevel hybrid transmission network
that generates fused images with prominent target details. For
zero-illumination environments, SLFusion [14] introduces a
structure-aware network that separates degraded illumination
from scene information and injects edge priors into low-
light fusion. From a spatial perspective, recent region-fusion
paradigms generate multi-modal semantic-sensitive masks to
establish bidirectional collaboration, enhancing reliable target
regions while suppressing noisy modality responses [15]. In
the frequency domain, dual-branch auto-encoders based on
invertible neural networks (INN) [16] preserve fine-grained
texture through high-frequency encoding.

Although these fusion methods are effective for visual qual-
ity, most of them are task-agnostic and are not explicitly opti-
mized for object localization. They usually apply global visual
constraints, which may preserve background texture but cannot
guarantee target-centric saliency for detection. This motivates
a detection-oriented fusion strategy that treats infrared-visible
discrepancy as a saliency cue and softly coordinates infrared
target responses with visible contextual fidelity to serve the
detector rather than only the visual appearance.

B. Visible and Infrared Object Detection

Multi-modal detection tasks differ from fusion tasks in that
they require higher-level semantic information and salient tar-
get features to achieve better detection performance. Existing
multi-modal object detection methods are primarily catego-
rized into three fusion strategies: pixel-level fusion, feature-
level fusion, and decision-level fusion. Pixel-level fusion di-
rectly adds or concatenates images and uses them as the detec-
tor input. YOLOrs [17] presents a two-stage fusion approach
that uses a deep convolutional network to separately extract
features from different modalities. Subsequently, the extracted
features are combined via concatenation and element-wise
cross-multiplication operations. SuperYOLO [18] introduces a
multi-modal fusion method to improve small target detection.

Feature-level fusion maps multi-modal images into high-
dimensional modality features and performs interaction in-

side the detection network. UA-CMDet [1] is a drone-based
cross-modality detection method that improves robustness
through uncertainty-aware learning. SLBAF-Net [3] is de-
signed for multi-modal UAV detection under challenging
recognition conditions. He et al. presented CALNet [4] for
multispectral object detection, addressing semantic conflicts
between visible and infrared images. To dynamically balance
cross-modal contributions under changing illumination, the
edge-guided illumination-aware interactive learning frame-
work (EI2Det) [2] predicts illumination intensity and adap-
tively adjusts RGB/IR fusion weights. To address spatial mis-
alignments in aerial imagery with efficient sequence modeling,
Zhou et al. [7] proposed the disparity-guided multispectral
Mamba (DMM) architecture. Within decision-level fusion,
individual detectors are trained separately for each modality,
and their detection outputs are combined through voting
or weighted averaging. MFPT [5] strengthens single-modal
features through intra- and cross-modal transformations and
implements an enhanced decision-level fusion strategy.

Despite these advances, most RGB-IR detectors still follow
a largely symmetric fusion philosophy, assuming that both
modalities are equally reliable at all feature depths. This
assumption becomes weak when visible deep semantics are
degraded by illumination or fog. In addition, residual cross-
modal misalignment remains difficult to handle through rigid
aggregation or channel reweighting alone. Few studies jointly
consider asymmetric semantic reliability, feature-level spatial
alignment, and detection-oriented fusion supervision in a uni-
fied multi-task framework. These gaps directly motivate the
proposed VID-AMTE.

III. DETAILS OF THE PROPOSED FRAMEWORK
A. Architecture of the Proposed Method

The proposed VID-AMTF follows the problem-motivation-
design chain introduced above. As illustrated in Fig. 2, the
architecture first adopts an asymmetric feature extraction
strategy to address depth-dependent semantic reliability. The
infrared stream retains a complete hierarchy to capture stable
target semantics, while the visible stream is truncated be-
fore the deepest stage to avoid introducing unreliable high-
level visible responses under adverse imaging conditions.
After feature extraction, the heterogeneous visual signals are
projected into a unified latent space through the redesigned
bilateral spatial aware module (BSAM). Rather than comput-
ing only attention weights, BSAM explicitly performs cross-
guided deformable alignment: the offset field of each modality
is predicted under the guidance of the opposite modality,
depthwise deformable sampling corrects spatial shifts, and
an infrared-primary residual fusion unit injects visible cues
into an infrared-dominant representation. In this way, the
multi-modal interaction is aligned before fusion and remains
consistent with the asymmetric backbone.

The BSAM outputs at stem through res4 are subsequently
aggregated together with the standalone infrared res5 feature
by a Feature Pyramid Module (FPM) to construct the detection
pyramid. For the detection task, a diffusion-based detection
head is employed, whose iterative refinement mechanism is
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Fig. 2. Architecture of VID-AMTFE. The infrared branch preserves the
complete feature hierarchy to provide a stable res5 semantic prior, while
the visible branch is truncated at res4 to avoid unreliable deep visible
semantics. BSAM aligns and fuses stem-to-res4 RGB-IR features before FPM
aggregation, and the auxiliary fusion decoder is supervised by S-DOFL only
during training.

well suited to the ambiguous object boundaries commonly
observed in misaligned multi-modal imagery. In parallel, an
auxiliary fusion decoder is retained only during training. Su-
pervised by the Gaussian Soft Detection-Oriented Fusion Loss
(S-DOFL), this decoder regularizes the fused representation
in pixel space without altering the infrared-primary design of
BSAM. The entire architecture is therefore jointly optimized
by detection loss, multi-modal alignment loss (MAL), and S-
DOFL.

B. Asymmetric Feature Extraction Backbone

Traditional multi-modal detection networks commonly use
symmetric dual-stream backbones, implicitly assuming that
both modalities provide equally reliable information across
all feature depths. This assumption is not always valid for
UAV detection in adverse environments. Deep convolutional
stages are designed to encode abstract object-level semantics,
but visible images under low illumination or fog may contain
weak target responses and strong background artifacts. Propa-
gating such visible signals into the deepest stage can amplify
unreliable high-level responses, and fusing them with infrared
features may contaminate the infrared semantic prior.

To reduce this contamination, an Asymmetric Feature Ex-
traction Backbone is formulated. Both modality branches are
instantiated based on the standard ResNet-50 architecture. The
infrared backbone preserves the complete hierarchy, including
stem and res2 through res5. This full-depth infrared extraction
retains high-level thermal semantics that are less dependent on
ambient lighting.

In contrast, the visible feature extractor is truncated at res4
and omits the deepest res5 stage. This design excludes the

most degradation-sensitive visible semantics while preserving
local textures, edge details, and contextual cues from shallow
and middle layers, which remain useful for background inter-
pretation and object boundaries.

This asymmetric strategy makes the highest-level represen-
tation governed by the infrared modality. It also matches the
deployment pattern of BSAM: fusion is performed only at
stem, res2, res3, and res4, whereas the res5 feature is kept as
a pure infrared semantic prior. As a result, visible features
contribute where texture, contour, and context are reliable,
while the detector avoids unnecessary fusion at the most
degradation-sensitive stage.

C. Bilateral Spatial Aware Module

Residual sensor disparities and UAV viewpoint changes can
introduce nonlinear spatial offsets between RGB and IR fea-
tures. To reduce this geometric conflict without explicit image-
level warping, BSAM is formulated as a three-stage cross-
guided deformable alignment pipeline, as shown in Fig. 3:
(1) cross-guided offset prediction, (2) depthwise deformable
alignment, and (3) infrared-primary residual fusion.

For each modality, the offset field is not predicted from the
modality itself alone, but under the guidance of the opposite
modality. Given a main feature Fj,.;, and a guide feature
Fyuide at the same pyramid level, the two are concatenated
and processed by a depthwise-separable predictor:

H= PW2C—>C(DW3><3([Fmam; Fguide])) ) (D
A = Conv{ 2% (ReLU(H)),

M = o(Conv{ ;¥ (ReLU(H))), @)
where K = 9 denotes the number of sampling points in a
3 x 3 neighborhood, A € REX2KXHXW s the deformable
sampling offset field, and M € REBXEXHXW g the modula-
tion mask. For the infrared stream, (Arg, Myg) is generated
from (Frgr, Frep); for the visible stream, (Argn, MraB)
is generated from (Frgp, Frr). The offset and mask heads
are zero-initialized so that training starts from a stable near-
identity alignment regime and progressively learns geometry-
aware sampling.
The predicted offsets are then used to align the main feature
through a depthwise deformable convolution:

/ = DeformConv gu, (Frngin, A, M), &)

main
where groups are set to C, so each channel performs de-
formable sampling independently. This design substantially
reduces parameter cost while still enabling each spatial lo-
cation to adapt its sampling pattern according to cross-modal
geometric cues. The aligned infrared and visible features are
therefore written as:
Fip = A(Frr,Arr, MIR),

Frep = A(FreB, Arce; MRGB),
with A(-) denoting the deformable alignment operator.
After alignment, BSAM performs infrared-primary residual
fusion instead of symmetric averaging. The aligned infrared
feature is treated as the semantic anchor, while the visible
feature contributes only through a gated residual branch:

AF = Convix1([Fig; Frarl),

o= U(Conlel([FI/Ré FI/%GB])) )

“4)

(&)
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Fig. 3. Structure of the bilateral spatial aware module (BSAM). Cross-guided offset prediction, depthwise deformable alignment, and infrared-primary residual
fusion are sequentially performed to obtain spatially calibrated multi-modal features.

Fruse = Fip +a © AF. (6)
Here o € REXCXHXW 5 a channel-wise gate. Its bias is
initialized to —2.0, which yields a ~ 0.12 at the beginning
of training and prevents unstable visible compensation from
disturbing the infrared trunk too early. When visible cues are
severely degraded, both the residual term AF' and the gate «
are naturally suppressed, so the output tends toward the aligned
infrared feature. This makes the fusion rule fully consistent
with the asymmetric backbone design.

BSAM is deployed at four pyramid levels, namely
stem, res2, res3, and res4, with channel dimensions
{64,256,512,1024}. Owing to the depthwise-separable off-
set predictors and depthwise deformable alignment, the total
parameter count of the four BSAM instances is about 16.84M,
which is markedly smaller than a naive full-convolution
counterpart while retaining explicit geometry-aware alignment
capability.

D. Fusion Decoder

While contemporary multi-modal detectors typically rele-
gate image fusion to an isolated preprocessing step, VID-
AMTF embeds it as a training-only auxiliary branch. The
fusion decoder projects fused latent representations back into
image space, providing the canvas on which S-DOFL im-
poses Gaussian soft target-aware reconstruction supervision.
It therefore complements BSAM and MAL with detection-
guided pixel-space regularization without altering the infer-
ence pipeline.

As shown in Fig. 4, the fusion decoder takes the fused stem
feature Fsiempusion as input and progressively restores the image
scale through two stages. Each stage consists of a Residual
Block (RSB), a depthwise separable convolution, a pointwise
convolution, and an upsampling operation. A 3 x 3 convolution
fconva adjusts the channels and yields the final fusion result

I Fusion -
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IFusion = fCOl’lV4 (fstageZ (fstagel (FStemFusion ) ) )
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Fig. 4. Structure of the auxiliary fusion decoder. The fused stem feature is pro-
gressively upsampled through residual and depthwise separable convolution
stages to reconstruct the fusion image for training-time S-DOFL supervision.

where fiage1 (+) and fiage2(+) represent the two stages of the
fusion decoder. In each stage, the RSB is composed of two
3 x 3 convolutions, normalization layers, and ReLU activation
functions. Finally, the original input Fj, is added back to the
output, thereby preserving details and maintaining gradient
flow. The operation of RSB is represented as follows:

Fout - frelu(fLNZ(fConv6(frelu(fLN1 (fConvS(En)))))) + En (8)

where fconvs(+) and feonvs () represent the 3 x 3 convolutions,
and fini(-) and fin2(+) represent LayerNorm operations.
By introducing the fusion decoder, the network obtains an
auxiliary reconstruction branch whose output is used only for
S-DOFL supervision. This preserves the infrared-primary de-
tection pipeline at inference time while still allowing training-
time pixel-space regularization.

E. Loss Functions

To jointly optimize detection and auxiliary fusion, we use
a multi-task loss consisting of detection loss, multi-modal
alignment loss, and Gaussian soft detection-oriented fusion
loss. The overall loss function can be expressed as:

(€))

Lrotat = Lp + Lyrar + Ls-porrL
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VID-AMTF optimizes the fusion and detection tasks coop-
eratively through this joint objective. The detection loss is
composed of three terms and can be expressed as:

Lp = ﬁfocalLfocal + /BLILLI + BgiouLgiou7 (10)

where Ly,.q denotes the focal loss associated with the dis-
crepancy between predicted and actual class labels. Ly repre-
sents the L1 loss between the estimated and actual bounding
boxes. Lg;o, denotes the loss based on GloU metric [19].
Btocal> Br1 and Bgio,, are the weight coefficients that balance
the overall multiple losses. In this work, Bocar, Br1 and Bgiou
are set to 2, 5, and 2, respectively.

Multi-Modal Alignment Loss: Optimizing the implicit
manifold alignment requires more than terminal detection gra-
dients. To enforce explicit statistical consistency before BSAM
fusion, the multi-modal alignment loss (MAL) is applied to the
raw RGB and IR features at the four BSAM insertion levels,
namely S = {stem, res2, res3, res4}. For each level I, global
average pooling first compresses the modality features into
channel descriptors:

Zip = GAP(FlR), 2hap = GAP(Fhap). (11)

Since these descriptors are not probability distributions, a
channel-wise Softmax operation is further applied to obtain
valid non-negative and normalized distributions:

(12)
The Jensen-Shannon (JS) divergence is then computed on P!,

and P, g rather than on the raw pooled features. Specifically,
MAL is accumulated as:

1 2P, (1)
Lyar = =Y Pla(i)log IR :
%; 221‘: Pig(i) + Prep(i)
1 2Pk (i)
+ =Y Phop(ilo RGE
221': rost?) gPIlR(i)+P1l%GB(i)

13)
In implementation, a small numerical constant is added inside
the logarithm for numerical stability. Minimizing the JS diver-
gence compels the network to align the channel-wise feature
probability distributions of the two modalities before offset
prediction and deformable fusion take place. MAL therefore
complements BSAM: MAL penalizes distribution mismatch in
feature statistics, whereas BSAM corrects geometry directly in
feature space.

Gaussian Soft Detection-Oriented Fusion Loss: While
MAL and BSAM operate in feature space, S-DOFL regularizes
the auxiliary fusion decoder in pixel space. Traditional image
fusion losses usually apply global constraints, such as struc-
tural similarity or global L1 distance, to synthesize visually
pleasing composites. However, detection requires spatially
varying modality preferences: target-centric regions should
emphasize the thermal-appearance discrepancy that makes
infrared targets salient, while surrounding context-dominant
regions should preserve visible texture and scene layout.
Therefore, S-DOFL uses ground-truth bounding boxes to gen-
erate Gaussian soft foreground confidence maps, enabling con-
tinuous difference-aware target supervision as shown in Fig. 5.
S-DOFL adopts a Gaussian soft target-aware formulation. For

Gaussian Soft Detection-Oriented Fusion Loss

Target-Centric
IR Term
/)
L

Color Information Lost

Visible-Context
Term

L\
N

Distin; h Multi-modal Features

N Object Feature Lost
ificant target information

(6o

Gaussian Confidence Map

Fig. 5. Illustration of the Gaussian Soft Detection-Oriented Fusion Loss
(S-DOFL). Ground-truth bounding boxes are converted into Gaussian soft
foreground confidence maps, transforming infrared-visible discrepancy into
target-centric infrared saliency while preserving visible contextual fidelity in
surrounding regions.

the i-th ground-truth bounding box B; = (xi,y%, x5, yb), its
center location and size are computed as:

Tty yity
w; =y — a1, hi =y — Yy

The Gaussian bandwidth is adaptively determined by the box
scale:

o) = Ahi, (15)
where A\ = 0.35 is the scale coefficient. It controls the
spatial bandwidth of the Gaussian confidence map relative
to the object size. A small A makes the infrared-dominant
supervision concentrate only around the object center, whereas
a large A expands it into surrounding background regions. We
set A = 0.35 to provide a moderate soft transition that covers
the target body and boundary while retaining sufficient visible-
context supervision outside the target region. The Gaussian
confidence map generated by this box is formulated as
L(@=c)? G-q)

) G A E

i
0, = Aw;,

Gi(z,y) = exp (16)
When multiple objects appear in one image, the infrared super-
vision weight is obtained by pixel-wise maximum aggregation:

Wir(z,y) = mlaxGi(x,y), Wras(z,y) =1—Wigr(z,y).

a7
Here Wigr highlights target-centric regions where infrared
thermal responses differ from weak or degraded visible appear-
ances, while Wgrgp assigns complementary emphasis to visi-
ble contextual information. To avoid ambiguity in the image-
domain supervision, all images used in S-DOFL are repre-
sented as three-channel tensors. When the raw infrared image
is single-channel, it is converted into a three-channel pseudo-
RGB tensor by channel replication to match the visible image
and the fusion decoder output. Thus, Igysion, 1R, [RGB €
R3*HXW and ¢ = 3. Before computing S-DOFL, the
three tensors are normalized by the same channel-wise affine
transformation used in the detector:

I (R
joo It

Oc

(18)

where . and o. are the channel-wise mean and standard
deviation used in detector input preprocessing. S-DOFL is then
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defined on the normalized tensors as
Zc,z,y WIR(Q:7 y) ’ilgusion(xf y) - j}:R(m7 y)‘
C> oy Wir(z,y) +e
Ec,z,y WRGB($7 y) ‘igusion(x, y) - fIC%GB (l‘, y)‘

C> ., Wres(z,y) +€ ’
(19)

Ls.porL =

where fpusion, I IR, and I rap denote the normalized re-
constructed fusion image, infrared image, and visible image,
respectively, and € is a small constant for numerical stability.

This soft dual-weight strategy directly follows the detection
requirement. The target-center regions receive stronger in-
frared supervision to preserve high-contrast thermal signatures,
which is useful when visible targets are weak. The surrounding
context-dominant regions receive stronger visible supervision
to preserve texture distribution and scene layout. In this
way, S-DOFL does not suppress cross-modal differences as
reconstruction noise, but selectively converts the infrared-
visible discrepancy into detection-oriented saliency cues. The
continuous Gaussian weighting provides smooth target-aware
regularization for the multi-task architecture and reduces the
objective gap between visual fusion and target localization.

IV. EXPERIMENTS

To comprehensively evaluate the robustness and accuracy
of the proposed VID-AMTF architecture, this section details
the datasets, implementation protocols, and evaluation metrics.
The detection performance is systematically benchmarked
against state-of-the-art single-modality and multi-modality
paradigms. Furthermore, qualitative fusion evaluations are
conducted to verify the effectiveness of the auxiliary S-DOFL
regularization branch.

A. Datasets

To thoroughly evaluate the proposed VID-AMTF, two multi-
modal object detection datasets were selected for the experi-
ments: DroneVehicle and RGBT-Tiny.

DroneVehicle [1]: DroneVehicle is a drone-based visible-
infrared detection dataset. In our experiments, the training set
contains 17,990 RGB-IR image pairs, while the testing set
contains 1,469 pairs. The original oriented bounding boxes are
resampled into horizontal boxes to accommodate the detector.

RGBT-Tiny [20]: RGBT-Tiny is a visible-infrared tiny ob-
ject detection dataset comprising 115 paired RGB-infrared
video sequences, totaling 93,000 frames and providing 1.2
million manual annotations. The large annotation demand in
dense remote sensing tasks has also motivated annotation-
efficient learning research [21]. The objects in this dataset are
extremely small and subject to cross-modal semantic conflicts,
spatial misalignment, and low-light conditions, thus offering a
challenging benchmark for algorithm development.

Both datasets provide registered image pairs from differ-
ent modalities. Nevertheless, perfect alignment is difficult to
guarantee, and residual misalignment can still exist between
the RGB and infrared data.

B. Experimental Settings

Experiments were conducted using an NVIDIA GeForce
RTX 4080 GPU with 16 GB memory. The model was opti-
mized by the AdamW optimizer [22] with an initial learning
rate of 0.000025. The baseline of the proposed VID-AMTF
is DiffusionDet with ResNet-50-FPM, where the number of
diffusion detection boxes was set to 500.

In the detection comparison experiments, the compared
methods are divided into three groups: single RGB detectors,
single IR detectors, and RGB-IR multi-modal detectors. On
DroneVehicle, Faster R-CNN [23], Sparse R-CNN [24], Reti-
naNet [25], and DiffusionDet [26] were selected as single-
modality baselines, and each model was trained using the
corresponding modality labels. For pixel-level multi-modal
fusion, UMF [12] and BDLFusion [27] were used to generate
fused images, which were then fed into the baseline detector
for training and inference. Based on the original baseline,
we also constructed DiffusionDet*, which concatenates in-
frared and visible images at the input stage and modifies
the first convolutional layer to accept the increased number
of channels. Finally, we selected several advanced RGB-
IR detection algorithms, including SLBAF-Net [3], CMA-
Det [28], C2Former [29], M2FNet [30], DaFF [31], E2E-
MFD [32], FMPENet [33], DMM [7], DDCINet [34], and
CCSFuse [35]. These methods perform feature-level fusion
inside the network to exploit complementary information from
both modalities.

On RGBT-Tiny, which provides a relatively comprehensive
benchmark, Faster R-CNN, Sparse R-CNN, RetinaNet, and
DiffusionDet were selected for the RGB modality, while Faster
R-CNN, Sparse R-CNN, RetinaNet, DiffusionDet, Center-
Net [36], ACM [37], FCOS [38], ALCNet [39], and DNA-
Net [40] were selected for the IR modality. For RGB-IR
fusion, DiffusionDet*, ProbEn [41], CMA-Det [28], UA-
CMDet [1], C2Former [29], M2FNet [30], and DMM [7] were
chosen as comparative methods.

In the multi-modal fusion comparison experiment,
UMF [12], BDLFusion [27], TGFuse [42], YDTR [11],
and VID-AMTF* were selected as comparative methods.
Among them, UMF, BDLFusion, and VID-AMTF* output
three-channel visible-like fusion images, while TGFuse
and YDTR output single-channel grayscale fusion images.
VID-AMTF* denotes the variant trained with separate L1
losses to visible and infrared images.

C. Evaluation Metrics

The model’s effectiveness was mainly evaluated using mean
average precision (mAP) at the IoU threshold of 0.5. The mAP
is computed by averaging the average precision (AP) over
all classes. In the experiments on DroneVehicle, mAP50 was
selected as the evaluation metric. On RGBT-Tiny, in addition
to mAP50, mAPs, mAPm, and mAPI were also used. These
three metrics evaluate mAP50 for small, medium, and large
objects, respectively. Small objects are defined as those with
an area smaller than 322 pixels, medium objects have an area
from 322 to 962 pixels, and large objects have an area larger
than 962 pixels. In the experimental tables, the best values are
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TABLE I
DETECTION PERFORMANCE COMPARISON ON DRONEVEHICLE

Modality Method Venue mAPS0  bus car freight truck van
RetinaNet ICCV 2017 18.6 19.7 625 2.8 59 2.0

RGB Faster R-CNN TPAMI 2017 56.3 83.1 819 33.2 472 360
Sparse R-CNN CVPR 2021 64.4 874 844 45.3 545 505
DiffusionDet ICCV 2023 65.4 88.6 854 45.1 549 528

RetinaNet ICCV 2017 36.7 539 884 16.1 18.0 7.2

IR Faster R-CNN TPAMI 2017 62.1 88.7 933 46.5 449 373
Sparse R-CNN CVPR 2021 75.1 933 956 61.9 65.8 590
DiffusionDet ICCV 2023 75.2 93.0 94.0 64.8 65.6  58.6

UMF IJCAI 2022 68.5 88.6 94.0 49.2 58.7 521

BDLFusion IJCAI 2023 68.2 88.3 942 47.7 579 530
DiffusionDet™ ICCV 2023 77.1 93.1 945 66.4 712 604
SLBAF-Net Multimed.T.A 2023 60.4 88.5 974 323 469  37.0

DaFF CVPR 2024 76.1 89.9 89.6 62.6 73.9  58.8

E2E-MFD NeurIPS 2024 77.4 89.8 90.3 64.6 79.3  63.1

RGB+IR CMA-Det TIV 2024 75.1 95.8 98.0 60.6 71.8 492
C2Former TGRS 2024 77.2 94.1 972 66.1 68.5  60.1

M2FNet JAG 2024 76.1 94.1 942 65.1 65.8 614

FMPENet Sensors 2025 76.8 945 952 60.5 76.8  57.1

DMM TGRS 2025 77.6 894 90.8 65.5 762 659

DDCINet TGRS 2025 78.4 90.7 91.0 66.1 789 655

CCSFuse TGRS 2026 794 943 97.1 67.8 72.1 64.1

VID-AMTF - 82.2 954 954 73.8 77.1 69.4

indicated in bold, while the second-best values are underlined.
For parameter count and inference time, lower values are
considered better.

D. Detection Performance Comparison

To evaluate the detection performance of VID-AMTE, com-
parisons are conducted against both single-modality baselines
and recent multi-modal detection methods. The quantitative
results on the DroneVehicle dataset are reported in Table
I. VID-AMTF achieves the best overall mAP50 of 82.2,
exceeding the second-best CCSFuse by 2.8 percentage points.

The comparison also reflects the motivation of the proposed
asymmetric design. The infrared DiffusionDet baseline is
much stronger than the visible one, indicating that infrared
features provide more reliable target semantics in the DroneVe-
hicle scenarios. DiffusionDet* improves the infrared baseline
from 75.2 to 77.1 mAP50 through simple input concatenation,
but it still treats both modalities symmetrically and does not
explicitly address unreliable deep visible features or residual
spatial offsets.

Compared with pixel-level fusion methods such as UMF
and BDLFusion, VID-AMTF does not rely on a task-agnostic
fused image as detector input. Instead, it uses the asymmetric
backbone to preserve reliable infrared depth, BSAM and MAL
to align RGB/IR features before fusion, and S-DOFL to
provide Gaussian soft detection-oriented auxiliary supervision.
As a result, VID-AMTF improves over DiffusionDet* by
5.1 percentage points in mAP50 and obtains clear gains on

difficult categories such as freight and van, supporting the
effectiveness of the proposed design rationale: asymmetric
semantic selection, geometry-aware alignment, and target-
aware fusion regularization.

The qualitative detection results in Fig. 6 further support this
interpretation. Under nighttime or low-visibility conditions,
visible single-modality detectors tend to miss weak targets,
while symmetric fusion baselines may produce false positives
or ambiguous boxes when spatial shifts are not calibrated. By
combining BSAM-based geometric correction with infrared-
primary residual fusion, VID-AMTF preserves reliable thermal
target cues while suppressing degraded visible interference.
The auxiliary S-DOFL branch further regularizes the fused
representation during training, helping the detector maintain
stable localization in challenging scenes.

To further evaluate robustness against spatial misalignment
and semantic conflicts, experiments are conducted on the
RGBT-Tiny benchmark. The results in Table II show that VID-
AMTF achieves the best mAP50, mAPs, and mAPm among
the compared methods, while reaching the same best mAPI
value as several infrared and RGB-IR baselines.

Tiny objects are particularly sensitive to cross-modal spatial
offsets, because small localization errors can cover a large
portion of the target region. The integration of BSAM within
the multi-scale fusion hierarchy directly addresses this is-
sue. Through cross-guided offset prediction and depthwise
deformable alignment, the network adaptively corrects local
spatial shifts before fusion.

This geometry-aware fusion strategy brings clear perfor-
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Fig. 6. Qualitative detection results on the DroneVehicle dataset. The proposed VID-AMTF preserves reliable infrared target cues and suppresses degraded
visible interference under severe illumination deficits. The yellow, blue, and green boxes denote detection results under sunny, nighttime, and foggy conditions,

respectively.

mance gains, outperforming the strong infrared DiffusionDet
baseline and the simple fusion variant DiffusionDet* by 4.3
and 6.1 percentage points in mAP50, respectively. Together
with the Gaussian soft target-aware regularization imposed
by S-DOFL during training, the network better localizes tiny
objects in complex backgrounds. The scale-specific metrics
further support this observation: VID-AMTF achieves 46.5
mAPs, 58.2 mAPm, and 100.0 mAPI, obtaining the best
small- and medium-object performance among all compared
methods. The improvement is particularly clear for small
objects, where VID-AMTF exceeds the second-best mAPs by
7.9 percentage points, indicating stronger robustness for tiny
targets that are more sensitive to weak responses and cross-
modal offsets.

E. Fusion Performance Comparison

Beyond bounding-box evaluation, fusion visualization is
used to analyze whether the auxiliary decoder learns the in-
tended target-aware regularization. Conventional fusion algo-
rithms usually pursue a global visual compromise, preserving
visible background texture but weakening infrared target con-
trast. In contrast, the reconstructed representations generated
by VID-AMTF reflect the constraints of S-DOFL. As shown
in Fig. 7, several baselines struggle to separate target cues
from degraded contexts, whereas VID-AMTF better preserves
the infrared-visible contrast around objects.

The proposed architecture reduces this ambiguity through
Gaussian soft detection-oriented supervision. The target-
centric infrared term retains high-contrast thermal signatures,
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TABLE II
DETECTION PERFORMANCE COMPARISON ON RGBT-TINY
Modality Method mAP50 mAPs mAPm mAPI
Faster R-CNN 25.2 25.5 16.4 0.0
RGB Sparse R-CNN 33.9 33.9 38.9 64.6
RetinaNet 8.0 2.3 8.7 0.0
DiffusionDet 34.1 33.1 31.8 68.9
Faster R-CNN 27.7 27.6 38.5 100.0
Sparse R-CNN 36.2 352 54.0 100.0
RetinaNet 15.5 53 27.5 90.0
DiffusionDet 37.8 38.3 56.1 100.0
IR CenterNet 27.3 25.7 28.5 30.0
FCOS 27.7 38.6 29.0 90.0
ACM 32.0 22.1 11.4 40.0
ALCNet 22.0 17.8 7.2 19.3
DNA-Net 22.0 31.3 14.3 0.0
DiffusionDet™* 36.0 35.2 54.3 100.0
ProbEn 26.8 32.3 22.2 76.7
RGB CMA-Det 36.0 23.1 24.6 70.0
+ UA-CMDet 35.0 35.0 38.5 9.7
IR C2Former 37.1 36.9 53.5 19.4
M2FNet 34.6 332 37.9 38.7
DMM 38.6 36.0 54.9 100.0
VID-AMTF 42.1 46.5 58.2 100.0

YDTR(G)

VID-AMTF*

VID-AMTF

YDTR(G)

VID-AMTF*

L
VID-AMTF

Visible

Fig. 7. Qualitative fusion comparison among representative methods. VID-
AMTF better preserves infrared target saliency while retaining visible scene
context.

while the visible-context term preserves texture and layout
in context-dominant regions. Thus, infrared-visible differences
are transformed into supervised saliency cues. Although the
fusion decoder is used only during training, this target-
aware supervision complements the asymmetric backbone and
BSAM, explaining why detection improves together with the
fusion visualization.

V. DISCUSSION

To analyze the effectiveness of VID-AMTF, ablation studies
and efficiency analyses are conducted. This section evaluates
whether each component supports the unified design rationale:
asymmetric semantic selection, geometry-aware alignment,
and detection-oriented fusion regularization.

10

A. Architectural Component Analysis

To quantify the contribution of each component, a progres-
sive ablation study is conducted on the DroneVehicle dataset.
Table III reports the performance changes obtained by adding
the asymmetric multi-scale structure, BSAM, MAL, and S-
DOFL. The visible-only result is lower than the infrared-
only result, again showing that visible semantics are less
reliable in challenging UAV scenes. DiffusionDet* improves
the infrared baseline from 75.2 to 77.1 mAP50 through simple
concatenation, but the remaining gap indicates that symmetric
early fusion still lacks explicit semantic selection and spatial
alignment.

TABLE III
COMPONENT ABLATION STUDY

Components mAP50  bus car freight truck van
Visible 65.4 88.6 854 45.1 549 5238
Infrared 75.2 93.0 94.0 64.8 65.6  58.6
DiffusionDet* 77.1 93.1 945 66.4 712 604
+Asymmetric Multi-Scale 79.2 943 953 68.2 72.9 65.5
+BSAM 80.3 948 95.6 69.1 74.1 67.9
+MAL 81.0 945 94.6 71.3 760  68.7
+S-DOFL 82.2 954 954 73.8 771 694

Adding the asymmetric multi-scale structure raises mAP50
from 77.1 to 79.2, confirming the value of limiting visible
participation to reliable shallow and middle levels while
preserving infrared depth. Adding BSAM further improves
mAP50 to 80.3, showing the benefit of cross-guided de-
formable alignment before fusion. MAL increases the score
to 81.0 by regularizing RGB/IR feature distributions, which
complements the geometric alignment of BSAM and further
stabilizes cross-modal feature fusion. Finally, S-DOFL reaches
82.2 mAP50 by adding Gaussian soft target-aware fusion
supervision. The progressive gains verify that the three design
motivations are complementary rather than isolated.

B. Asymmetric Multi-scale Feature Aggregation

The asymmetric backbone is built on the hypothesis that
visible features are useful mainly at shallow and middle
levels, whereas the deepest semantic prior should remain
infrared-dominant. To validate this design choice, an ablation
study evaluating different visible-infrared fusion depths is
conducted. The isolated settings test single-level fusion, while
the cumulative settings test whether progressively extending
the visible fusion path benefits or harms the infrared-primary
detection pyramid. Quantitative outcomes are detailed in Ta-
ble IV.

TABLE IV
ABLATION STUDY OF MULTI-SCALE FUSION LEVELS
Level mAP50  bus car freight truck van
Stem 77.0 92.1 93.1 66.0 70.6  63.2
Res2 713 924 934 66.3 709 635
Res3 71.7 928 93.8 66.7 71.3 639
Res4 77.6 927 937 66.6 712 63.8
Res5 772 923 933 66.2 70.8 634
Stem-Res2 77.5 926 93.6 66.5 71.1 63.8
Stem-Res3 783 934 944 613 71.9  64.5
Stem-Res4 79.2 94.3 953 68.2 729 655
Stem-Res5 78.1 932 942 67.1 717 643
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The isolated results show that no single fusion level is
sufficient to support robust RGB-IR detection, because shallow
layers provide local texture and boundary cues while middle
layers encode stronger object structure. The cumulative results
further reveal the central principle of the proposed asymmetric
framework: fusing visible and infrared features from stem to
res4 achieves the optimal balance, reaching 79.2 mAP50 and
the best AP across all object categories. This configuration
allows the visible branch to contribute reliable low- and
mid-level geometric cues, while the deepest res5 semantic
representation remains governed by the infrared branch as an
uncorrupted semantic prior.

Crucially, extending the fusion pipeline to encompass the
deepest visible stage (res5) reduces mAPS0 from 79.2 to
78.1. Compared with Stem-Res3, Stem-Res5 also drops across
all categories, indicating that simply accumulating more vis-
ible fusion levels does not guarantee better detection. In-
stead, adding deep visible semantics begins to contaminate
the infrared-primary representation. This observation directly
supports the asymmetric truncation strategy rather than a
conventional symmetric dual-stream fusion design.

Under severe environmental conditions, the deepest convo-
lutional stages of the visible extractor often fail to encode
meaningful object semantics. Instead, they capture and amplify
illumination noise, fog artifacts, and background interference.
Consequently, the proposed VID-AMTF does not treat the two
modalities symmetrically: it preserves infrared depth for stable
target semantics, but limits visible participation to the levels
where texture, contour, and contextual cues remain trustwor-
thy. The Stem-Res4 result therefore validates the architectural
premise that asymmetric fusion is not merely a lightweight
implementation choice, but the key mechanism for preventing
deep semantic contamination.

To further inspect this phenomenon, Fig. 8 provides Grad-
CAM visualizations of high-level features under challenging
imaging conditions. From left to right, the five columns corre-
spond to the visible image, infrared image, visible baseline
Res5 feature, VID-AMTF infrared Res5 feature, and VID-
AMTF P5 feature. Under nighttime or foggy conditions, the
Res5 feature of the visible-only baseline becomes diffuse and
is easily activated by degraded background regions, indicating
that the deepest visible semantics are contaminated by adverse
appearance cues and lose reliable target information.

In contrast, the infrared Res5 feature in VID-AMTF pre-
serves clearer thermal target responses and provides a more
stable high-level semantic prior. More importantly, compared
with the infrared Res5 feature alone, the final VID-AMTF P5
feature exhibits stronger and more complete target-centered
activations. This indicates that VID-AMTF does not simply
rely on infrared information, but improves the final high-
level detection representation by injecting useful visible cues
from shallow and middle layers while avoiding unreliable deep
visible semantics.

C. Gaussian Soft Detection-Oriented Fusion Loss Evaluation

To examine the effectiveness of S-DOFL, its two decom-
posed terms, Target-Centric IR Term and Visible-Context Term,

Visible VID-AMTF
Baseline Res5  Infrared res5 VID-AMTF p5

Visible

Infrared

“

Fig. 8. Grad-CAM visualization of high-level features. From left to right:
visible image, infrared image, visible baseline Res5 feature, VID-AMTF
infrared Res5 feature, and VID-AMTF PS5 feature. Under nighttime and
foggy conditions, the visible baseline Res5 feature is easily contaminated
by degraded appearance cues, whereas VID-AMTF preserves stable infrared
semantics and produces higher-quality target-centered high-level detection
features.

are evaluated in Table V. Applying a global constraint biased
toward infrared (LI_IR) or visible (LI_V) produces com-
petitive but limited detection scores. Combining both global
constraints (L/_VIR) raises mAP50 to 81.3, indicating that
visible and infrared reconstruction cues are complementary.
S-DOFL further introduces detection-guided Gaussian weights
so that the modality discrepancy is emphasized near targets as
infrared saliency and relaxed in surrounding regions to retain
visible context.

TABLE V
ABLATION RESULTS OF FUSION LOSS

Loss mAP50  bus car freight truck van
LI_IR 81.1 943 951 71.8 76.1 68.3
LI_V 81.0 944 948 72.5 758 677
LI_VIR 81.3 948 95.1 72.9 75.6  68.1
Target-Centric IR Term 81.9 95.0 95.6 734 76.7  68.6
Visible-Context Term 82.0 95.8 953 73.0 76.5 69.2
S-DOFL 82.2 954 954 73.8 771 694

Using the target-centric infrared term alone improves target-
oriented supervision and obtains the best car AP as well as
strong freight and truck AP. Using the visible-context term
alone emphasizes visible contextual fidelity, yielding the best
bus AP and the second-best van AP. The complete S-DOFL
achieves the best mAPS50, freight AP, truck AP, and van
AP, showing that Gaussian soft infrared saliency guidance
and visible context regularization are complementary. The
qualitative results in Fig. 9 are consistent with this conclusion:
S-DOFL preserves visible scene context while using infrared-
visible differences to make targets more distinguishable under
fog and nighttime conditions.

To evaluate the sensitivity of S-DOFL to the Gaussian scale
coefficient, we further compare three representative values of
A in Table VI. A small value of A = 0.20 produces a narrow
target-centered supervision region and achieves 81.3 mAPS50.
Increasing A to 0.35 improves mAPS50 to 82.2 by providing
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a more balanced coverage of the target body and boundary.
When ) is further increased to 0.50, the infrared-dominant
region extends into more surrounding background areas, and
mAP50 decreases to 81.8. The setting A = 0.35 also achieves
the best AP for bus, car, truck, and van, while A = 0.20 is only
marginally higher for freight. These results validate A = 0.35
as a moderate setting that best balances target saliency and
visible-context preservation across categories.

TABLE VI
SENSITIVITY ANALYSIS OF GAUSSIAN SCALE COEFFICIENT A
A mAPS50  bus car freight truck van
0.20 81.3 943 948 73.9 76.2 67.3
0.35 82.2 954 954 73.8 77.1 69.4
0.50 81.8 95.1 95.0 73.2 76.9 68.8

S-DOFL does not assume a globally fixed reliability order
between modalities. Instead, it uses a detection-guided spatial
prior: infrared supervision is emphasized near object centers,
where thermal contrast is generally more stable under night-
time, foggy, and low-contrast conditions, while visible super-
vision preserves surrounding texture and context, especially
under good illumination. Thus, its modality preference is local
and target-aware, with the Gaussian transition avoiding abrupt
switching between target and context regions.

Fig. 9. Qualitative evaluation of different fusion-loss settings. The complete
S-DOFL formulation balances target-centric infrared saliency and visible
contextual fidelity under severe fog and nighttime conditions. The yellow,
blue, and green boxes denote detection results under sunny, nighttime, and
foggy conditions, respectively.

D. Offset Robustness Analysis

To systematically quantify the robustness against cross-
modal spatial misalignments, the detection performance is
evaluated across coupled offsets in the X and Y directions.
The offset range is derived from the original DroneVehi-
cle annotations by using the infrared image as the refer-
ence and computing the signed pixel displacement between
the center of each infrared bounding box and the center
of its corresponding visible bounding box. Based on this
annotation-derived offset distribution, Fig. 10 visualizes the
55 unique coupled (z,y) offset pairs recorded in the orig-
inal evaluation files. Across these pairs, the observed hori-
zontal coordinates are in {—20,—10,-5,0,5,10, 15,20, 25}
pixels, and the observed vertical coordinates are in
{-20,-15,-10,-5,0, 5,10, 15,20, 25} pixels.

Fig. 10 visualizes the resulting mAP50 distribution via a
three-dimensional surface plot. Conventional baselines are sen-
sitive to modality offsets, and their performance decreases as
the spatial shift increases. In contrast, VID-AMTF maintains a
higher and more stable performance surface across the tested
offsets. Based on the original evaluation records, VID-AMTF
improves the average mAP50 across these 55 evaluated offset
pairs from 60.0 to 61.7, indicating that the proposed method
maintains more stable detection performance under different
levels of modality displacement. As the annotation-measured
displacement becomes larger, the overlapping object evidence
between paired modalities gradually decreases, and the perfor-
mance gain correspondingly becomes more moderate. Overall,
this trend supports the role of BSAM and MAL: BSAM pre-
dicts cross-modal offsets and performs deformable alignment
before fusion, while MAL regularizes feature distributions so
that alignment is easier to optimize.

Difference

DiffusionDet* VID-AMTF (VID-AMTF-DiffusionDet*)

—

Fig. 10. Offset robustness analysis under coupled X-Y modality shifts. The
mAP50 surface and differential performance map demonstrate the stability of
VID-AMTF against severe cross-modal spatial misalignment.

E. Comprehensive Performance Analysis

Finally, to verify the comprehensive performance of VID-
AMTE, we compared it with recent RGB-IR fusion methods in
terms of parameter count and inference speed. To ensure a fair
efficiency comparison, all inference-time measurements were
conducted on the same NVIDIA GeForce RTX 4080 GPU
with a batch size of 1 and an input size of 512 x 512 for each
RGB-IR image pair. For methods with publicly available code,
we used their official implementations. For methods without
released code, we reproduced their network architectures ac-
cording to the model descriptions and experimental settings
reported in the original papers and evaluated them under the
same inference configuration. The experimental results are
shown in Table VII.

TABLE VII
COMPREHENSIVE PERFORMANCE COMPARISON
Method Params (M) Speed (ms) mAP50
DiffusionDet 110.6 29.1 75.2
DiffusionDet* 110.6 29.3 77.1
C2Former 118.5 32.7 77.2
DMM 88.0 34.1 77.6
DDCINet 122.5 394 78.4
CCSFuse 126.1 37.3 79.4
VID-AMTF 135.9 42.4 82.2

As shown in Table VII, VID-AMTF achieves the highest
mAPS50 of 82.2 with 135.9 M parameters and a single-image
inference time of 42.4 ms. Compared with the infrared Diffu-
sionDet baseline and the simple fusion variant DiffusionDet*,
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VID-AMTF brings 7.0 and 5.1 percentage-point mAP50 im-
provements, respectively. Among recent RGB-IR fusion meth-
ods, VID-AMTF improves over the second-best CCSFuse
by 2.8 percentage points in mAP50, with 9.8 M additional
parameters and 5.1 ms longer inference time. Compared with
DDCINet, VID-AMTF further improves mAP50 by 3.8 per-
centage points with a 3.0 ms increase in inference time. These
results indicate that VID-AMTF is not the lightest model,
but it provides the strongest detection accuracy while keeping
the inference time within a competitive range. Moreover,
the auxiliary fusion decoder is used only as a training-time
regularization branch and is discarded during inference, so
the deployed detector remains centered on the asymmetric
backbone, BSAM, and diffusion detection head.

F. Failure Case Analysis

Although VID-AMTF improves RGB-IR detection under
challenging conditions, it still has limitations in extremely
degraded foggy scenes. As shown in Fig. 11, the first column
gives the ground-truth labels, while the second and third
columns show the detection results of DiffusionDet* and
VID-AMTE, respectively. The first row presents an extreme
foggy failure case, and the second row provides a nighttime
reference case. In the extreme foggy scene, dense atmospheric
interference weakens both visible appearance cues and infrared
target cues, so several vehicles remain difficult to detect with
high confidence.

Nevertheless, VID-AMTEF still performs more reliably than
the baseline. Compared with DiffusionDet*, the proposed
model recalls more target instances in the degraded foggy
scene and assigns higher confidence scores to several detected
vehicles. The nighttime reference further shows that when
infrared target contrast is clearer, VID-AMTF achieves higher
confidence scores. These observations indicate that VID-
AMTF alleviates, but cannot fully eliminate, the information
loss caused by extremely poor visibility. Future work will fur-
ther explore degradation-aware enhancement and uncertainty
modeling for extremely dense fog and other severe weather
conditions.

Fig. 11. Failure-case visualization under extreme foggy conditions with a
nighttime reference. The first column shows the ground-truth labels, while
the second and third columns show the detection results of DiffusionDet*
and VID-AMTEF, respectively.
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VI. CONCLUSION

This paper addresses three coupled challenges in RGB-
IR UAV object detection: unreliable deep visible semantics,
residual cross-modal spatial misalignment, and the objective
gap between image fusion and detection. We propose VID-
AMTE, which truncates the visible branch at res4 while
preserving infrared res5 as a stable semantic prior. BSAM
and MAL align modalities before fusion through cross-guided
deformable sampling, infrared-primary residual fusion, and
feature-distribution regularization. S-DOFL further supervises
the training-only fusion decoder with Gaussian soft confidence
maps generated from ground-truth bounding boxes, convert-
ing infrared-visible modality discrepancy into target-centric
infrared saliency while preserving visible contextual fidelity.
Experiments on DroneVehicle and RGBT-Tiny validate the
accuracy gains and the contributions of asymmetric feature
extraction, spatial alignment, and difference-aware Gaussian
soft detection-oriented fusion supervision.
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