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A B S T R A C T
Unmanned vehicles (UxVs) require reliable object detection across heterogeneous imaging modalities,
particularly RGB and infrared (IR). To address this challenge, we propose CrossFusion Knowledge
Distillation (CrossFusionKD), a framework that improves detection performance while reducing
computational complexity through model compression and cross-modal distillation. A teacher net-
work trained on paired RGB and IR data transfers complementary multi-modal representations to a
lightweight RGB-only student via channel-wise distillation, allowing deployment without IR sensing
at test time. Evaluation on established benchmark datasets confirms the effectiveness of the proposed
approach, achieving 96.7% mAP on LLVIP (RGB-only), 98.3% on fused RGB-IR data, 92.1%
on KAIST Multispectral, and 92.8% on STUJ-SMOD. The proposed method consistently exceeds
previously reported results from RGB- and IR-based approaches. Overall, CrossFusionKD provides
an effective trade-off between detection quality and computational cost, making it suitable for real-time
deployment on resource-limited UxV platforms.

1. Introduction
Unmanned vehicles (UxVs), including UGVs, UAVs,

and UUVs, are increasingly used in mission-critical ap-
plications requiring efficient and reliable operation. These
platforms may be teleoperated or deployed autonomously
through integrated navigation and planning frameworks.
Their adoption has expanded across domains such as disaster
response [1, 2], UxV-swarm-based fruit disease segmenta-
tion [3], pedestrian detection [4], and IoT-driven systems
[5, 6, 7], owing to their mobility, rapid deployment, and
relatively low operational cost. At the same time, advances
in AI and DL have substantially improved UxV perception,
signal understanding, and autonomous decision-making. In
complex dynamic environments, however, reliable operation
increasingly depends on multi-sensor perception capable of
providing richer scene representations.

As the integration of multiple sensors has continued to
advance and real-world tasks have become more complex,
research has shifted from developing uni-modal object de-
tectors to designing multi-modal object detection frame-
works. With their pixel-based representations, RGB images
have enabled early object detectors to achieve accurate clas-
sification and localization in well-lit environments. How-
ever, in challenging conditions such as poor lighting, low
visibility, or complete darkness, RGB-based detectors have
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experienced significant performance degradation. To ad-
dress these limitations, incorporating complementary sens-
ing modalities, particularly infrared (IR) imagery, has be-
come an effective strategy for improving detection robust-
ness. Prior studies, including [8] and [9], have shown that
RGB–IR fusion frameworks can improve object detection
performance under challenging environmental conditions.
Nevertheless, despite these gains, several practical obstacles
still restrict the deployment of such multi-modal systems on
UxV platforms.

First, high-quality IR cameras have remained signifi-
cantly expensive than RGB cameras, making it impractical
to equip all UxVs with multi-modal sensing capabilities.
Second, the complex architectures of multi-modal object
detectors have required computationally complex processes
such as feature extraction, feature fusion, and data synchro-
nization, often resulting in models with millions of parame-
ters (typically exceeding 85 million). These computational
demands have posed a significant challenge for real-time
deployment on computationally constrained UxV platforms.
Researchers address these challenges by exploring deep
learning-based model compression strategies, particularly
pruning [10], quantization [11], and knowledge distillation
(KD) [12].

Model compression techniques have become an impor-
tant approach for maintaining strong detection performance
under limited computational budgets. Among them, knowl-
edge distillation (KD) has received considerable attention
because it enables a compact student network to inherit
informative representations from a more expressive teacher
network, thereby improving efficiency while preserving pre-
dictive performance without requiring architectural modifi-
cation of the student. KD has been adopted across a wide
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range of computer vision tasks, including image classifi-
cation, object detection, and instance segmentation, and its
transfer mechanisms have progressed from output-level su-
pervision to the distillation of intermediate feature represen-
tations [13]. However, traditional KD has assumed that the
teacher and student operate within the same modality. This
assumption does not hold in cross-modal scenarios where
the teacher model processes RGB and IR data, whereas the
student model relies solely on RGB. This modality gap has
often led to the transfer of redundant or misaligned features,
degrading the student model’s performance [14].

To address these challenges, a framework, CrossFu-
sionKD, has been proposed as a cross-modal knowledge
distillation approach tailored for resource-constrained UxV
platforms. Unlike conventional multi-modal object detectors
that require IR sensors during inference, CrossFusionKD has
enabled an RGB-only student detector to achieve competi-
tive detection performance by distilling multi-modal knowl-
edge from an RGB-IR teacher model. Instead of performing
direct RGB–IR feature fusion, CrossFusionKD factorizes
multi-modal representations into channel-wise components,
which facilitates the learning of modality-invariant repre-
sentations by the student network. By carefully aligning
RGB and IR feature representations, CrossFusionKD has
mitigated the modality gap, ensuring that the transferred
knowledge remains relevant and beneficial to the student
model. Furthermore, unlike MTKD, which relies on multi-
ple teachers, CrossFusionKD has employed a single-teacher
approach, substantially lowering computational cost while
supporting real-time deployment on UxVs. The key con-
tributions of the proposed framework are summarized as
follows:

• CrossFusionKD framework has been proposed as
a knowledge distillation-based object detection ap-
proach designed for efficient deployment on UxVs.

• The framework has applied channel-wise distillation,
enabling an RGB-only student detector to learn from
multi-modal RGB-IR teacher models while mitigating
the modality gap.

• Real-world applicability has been validated by deploy-
ing CrossFusionKD on UAV and UGV platforms,
confirming its efficiency in edge computing environ-
ments.

2. RELATED WORK
2.1. Knowledge Distillation

Among model compression strategies, pruning, quanti-
zation, and knowledge distillation (KD) are the most widely
adopted. In KD, a compact student network is optimized un-
der the guidance of a teacher network by matching softened
output distributions generated through temperature-scaled
softmax, thereby improving the trade-off between predictive
performance and inference efficiency without modifying the
student architecture [15]. The form of transferred knowledge

has progressed from output-level supervision to the distilla-
tion of richer intermediate feature representations. Neverthe-
less, most existing KD frameworks are developed for single-
source settings, in which both the teacher and student models
operate on the same input modality. Knowledge distillation
(KD), as reviewed in [16], aims to transfer informative su-
pervision from a high-capacity teacher network to a compact
student network while avoiding a substantial increase in
model parameters. Early KD approaches, including those
discussed in [16] and [17], mainly concentrated on distilling
predictive information from the final classification outputs
of the teacher, which largely restricted their use to image
classification problems. Subsequent studies have expanded
this paradigm by exploiting information encoded in inter-
mediate feature layers of the teacher network [18, 19, 20],
thereby extending KD to more challenging vision tasks
such as object detection [21, 22, 23, 24, 25] and semantic
segmentation [26, 27]. For example, FitNet [28] introduced
the use of intermediate teacher representations to better
guide student optimization and improve final predictive per-
formance. Building on this direction, Qin et al. [29] and
Li et al. [30] further incorporated attention mechanisms to
strengthen feature-level knowledge transfer. In the context
of object detection, Wang et al. [31] proposed CrossKD,
which transfers intermediate student features to the teacher
detection head in order to reduce target inconsistency and
improve detection quality. Similarly, X3KD [32] introduced
a distillation framework that combines cross-modal, cross-
task, and multi-stage supervision to improve multi-camera
3D object detection by exploiting knowledge from LiDAR-
based detectors and instance segmentation teachers. In addi-
tion, Localization Distillation (LD) [33] was developed to
improve object detection by transferring localization cues
through bounding box distributions, demonstrating stronger
effectiveness than conventional feature imitation strategies.
2.2. Cross-Modal Distillation

Cross-modal knowledge distillation (CKD) has gained
increasing attention as a means of improving single-modal
models through supervision derived from multimodal rep-
resentations. In this setting, a teacher network trained with
multi-source inputs guides a lighter student network that
operates using only a single modality, allowing the student
to approach the performance of the multimodal teacher
while retaining a simpler inference pipeline. This paradigm
has been adopted in a variety of application domains. For
example, DisCoM-KD [34] combines disentangled repre-
sentation learning with adversarial domain adaptation to
extract domain-invariant features and transfer them across
heterogeneous modalities. By explicitly reducing discrepan-
cies between training and testing modalities, this framework
improves the robustness of single-modal classifiers. In the
domain of autonomous aerial vehicles (AAVs), CMDis-
till [35] was proposed to reconcile the high complexity
of multimodal detectors with the limited representational
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Figure 1: Comparison of representative object detection schemes. (a) Cross-modal detector: paired IR and RGB images are
exploited during training, while deployment relies solely on RGB input. (b) Multi-teacher detector: multiple teacher networks,
each trained on distinct modalities or tasks, jointly supervise a single student detector to enhance performance. (c) CrossFusionKD
(proposed): a single-teacher distillation framework in which fused IR-RGB information is utilized during training to distill
informative representations into an RGB-only student detector for efficient inference.

capacity of unimodal models. Its distillation objective con-
sists of three complementary components: intermediate-
layer transfer based on Pearson correlation, affinity-matrix
matching over high-level semantic features to preserve re-
lational structure, and the transfer of localization and clas-
sification cues through teacher prediction outputs. Through
these mechanisms, CMDistill narrows the representation
gap between modalities and improves the effectiveness of
CKD for aerial perception tasks. Nevertheless, many ex-
isting CKD approaches still insufficiently address the in-
trinsic discrepancy between modalities. In object detection
scenarios, for instance, teacher and student networks often
receive heterogeneous inputs such as infrared (IR) and RGB
imagery. RGB images typically provide fine-grained texture
and appearance information, whereas IR images emphasize
thermal signatures, resulting in substantially different feature
characteristics. Effectively transferring informative knowl-
edge across such heterogeneous representations therefore
remains a central challenge in improving CKD performance
[36].
2.3. Knowledge Distillation with Multiple

Teachers
Multi-teacher knowledge distillation (MTKD) extends

the conventional distillation paradigm by allowing a student
network to learn from multiple teacher networks rather than
a single teacher. By aggregating complementary supervisory
signals, MTKD can enrich the representational capacity of
the student and is particularly suitable for settings in which a
single teacher is unable to capture the diversity of knowledge
spanning multiple domains or tasks. In such frameworks,
each teacher typically specializes in a particular modal-
ity, domain, or data distribution, such as RGB or infrared
imagery, and its outputs are used to provide supervisory
guidance or pseudo-labels for student training. Despite these
advantages, MTKD introduces several practical challenges,

including the effective integration of heterogeneous knowl-
edge sources and the appropriate balancing of individual
teacher contributions, both of which may otherwise lead to
noisy supervision or suboptimal optimization. In addition,
the computational burden associated with maintaining mul-
tiple teacher networks can restrict the feasibility of MTKD
in real-time applications [37, 38, 39, 40].

3. METHODOLOGY
3.1. CrossFusionKD

The proposed framework enables cross-modal knowl-
edge distillation by transferring complementary multimodal
information to a lightweight student model. In particular,
the teacher network takes paired RGB and infrared (IR)
images as input and fuses them to learn enriched feature
representations for object detection. By distilling this fused
knowledge, the student model acquires more informative
supervision, which contributes to improved detection per-
formance. Additionally, the single-teacher setup simplifies
training while ensuring that multimodal information is dis-
tilled into a lightweight RGB-based detector, as shown in
Fig.1. This framework benefits edge devices and real-world
applications with limited computational resources, such as
Unmanned Vehicles (UxVs).
3.2. Overview of System Model

Figure 2 presents the overall architecture of the proposed
framework. It consists of two object detectors: an RGB–IR
detector and an RGB-only detector. The RGB–IR detector
receives fused RGB and infrared (IR) images as input, while
the RGB-only detector processes RGB images alone. The
latter generates object detection outputs comprising bound-
ing boxes and their associated confidence scores.
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Teacher Network → Knowledge Transfer for Training

Backbone + Neck (FPN) {P3,P4,P5}

Backbone + Neck (FPN) Detection Head
(OBB)

P3,P4,P5

{P3,P4,P5}

Student Network → Implementation into UxVs

Knowledge Distillation Process

Channel-wise distillation Losses

PTEACH(.)

XRGB

PSTU(.)

XMULTI

PMULTI

PRGB DSTU

LStudent

𝜆DISTILL

LTOTAL=α λ DISTILL+β LStudent

LDISTILL

Lstudent = LLOC + LCLS

Figure 2: Overview of CrossFusionKD Object detection framework.

Table 1
Notations and Descriptions of the Framework

Notations Descriptions
𝐗𝐌𝐔𝐋𝐓𝐈 Teacher network input images
𝐏𝐌𝐔𝐋𝐓𝐈 Teacher backbone feature maps
𝐏TEACH(⋅) Teacher features for alignment
𝐗𝐑𝐆𝐁 Student network input images
𝐏𝐑𝐆𝐁 Student backbone feature maps
𝐏STU(⋅) Student features for alignment
𝐷STU Student detection predictions
𝐋𝐋𝐎𝐂 Localization loss (CIOU + DFL)
𝐋𝐂𝐋𝐒 Classification loss (BCE)
𝐋𝐒𝐓𝐔 Student prediction loss
𝐋𝐃𝐈𝐒𝐓𝐈𝐋𝐋 Feature distillation loss
𝜆DISTILL Weight for distillation loss
𝐋𝐓𝐎𝐓𝐀𝐋 Combined total loss

Note: Bold symbols represent values structured as matrices or
vectors.

3.2.1. Backbone Network
The backbone network serves as the feature extraction

module that transforms an input image, denoted by 𝐗MULTIor 𝐗RGB, into hierarchical multi-scale feature representa-
tions. In the proposed framework, ResNet50 [41] is adopted
as the backbone encoder to capture discriminative visual
features. Common backbone architectures used in object de-
tection include fully convolutional networks such as ResNet
[41], VGG [42], DenseNet [43], MobileNet [44], and Effi-
cientNet [45]. These architectures provide informative rep-
resentations for challenging vision tasks and are widely
employed as feature encoders in detection pipelines. In many

object detection frameworks, the backbone is further com-
bined with modules such as the feature pyramid network
(FPN) [46] to construct multi-level feature maps. Accord-
ingly, the output features of the RGB–IR and RGB branches
are denoted by 𝐏MULTI and 𝐏RGB, respectively.

The scaling configuration of the teacher and student
networks is adjusted to provide flexibility in balancing repre-
sentational strength and computational cost. Given the mul-
timodal input 𝐗MULTI, the teacher network employs larger
scaling coefficients of [1.00, 1.00, 512], corresponding to
depth, width, and maximum channel capacity, respectively.
This design produces a deeper and wider architecture with
656 layers, 26.2M parameters, and a computational com-
plexity of 91.3 GFLOPs. The resulting high-capacity model
is able to learn rich and discriminative cross-modal repre-
sentations, which serve as informative supervision during
knowledge distillation.

In contrast, the student network processes RGB-only in-
put,𝐗RGB, using reduced scaling coefficients of [0.50, 0.25, 1024]
for depth, width, and maximum channel capacity, respec-
tively. This configuration yields a compact architecture
comprising 344 layers, 2.69M parameters, and 6.9 GFLOPs.
Owing to its lightweight design, the student network sub-
stantially reduces computational burden, making it more
suitable for edge deployment and UxV applications while
maintaining sufficient representational capability to benefit
from the distilled knowledge.
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3.2.2. Detection Head
The detection heads of the teacher and student networks

follow a similar architectural design, with the main differ-
ence arising from the additional distillation objective applied
to the student branch.

In the teacher network, the backbone processes the mul-
timodal input 𝐗MULTI to produce a set of feature maps,
denoted by 𝐏MULTI. These representations encode multi-
scale spatial and semantic information that is essential for
accurate object detection. The teacher detection head further
transforms these features into 𝐏TEACH(⋅), which denotes the
refined and aligned teacher representations. As shown in
Fig. 2, 𝐏TEACH(⋅) serves as the supervisory signal in the
distillation stage, where it is matched with the correspond-
ing student representations to facilitate effective knowledge
transfer.

In the student network, the detection head operates on the
backbone features 𝐏RGB. These feature maps are processed
through a sequence of convolutional transformations, in-
cluding upsampling, downsampling, and feature concatena-
tion, in order to enhance multi-scale representation learning.
Such hierarchical processing enables the detector to better
handle objects of different sizes. The resulting detection out-
put, denoted by 𝐷STU, is used to predict oriented bounding
boxes, allowing more precise localization for objects that
are not aligned with the image axes. In parallel, the student
branch also generates aligned intermediate representations,
denoted by 𝐏STU(⋅), which participate in the knowledge
distillation process.

The student detection pipeline is optimized through
a joint objective defined over both detection supervision
and distillation guidance. Specifically, the predictions from
𝐷STU are compared with the ground-truth annotations using
a loss function that combines localization loss for bounding
box regression and classification loss for category predic-
tion. In addition, the student representations are constrained
to align with the teacher representations during distillation.
This design allows the student network to inherit informative
guidance from the teacher while preserving computational
efficiency.
3.2.3. Knowledge Distillation Process

The knowledge distillation process is illustrated within
the proposed framework, where the outputs of the teacher
and student feature pyramid networks are denoted by𝐏TEACH(⋅)and 𝐏STU(⋅), respectively. Distillation is performed by align-
ing the corresponding feature blocks of the teacher and stu-
dent networks to facilitate feature-level knowledge transfer.
Since the feature dimensions of the two branches may differ,
the student feature maps 𝐏STU(⋅) are first projected into the
teacher feature space using a learnable transformation, such
as a 1 × 1 convolution followed by batch normalization.
This operation produces dimensionally compatible repre-
sentations and enables effective alignment between the two
networks, where 𝑙 denotes the layer index.

After alignment, both the teacher features and the trans-
formed student features are normalized in a channel-wise

manner using a softmax operation over the spatial dimen-
sion. This normalization converts the feature responses into
probability distributions, thereby facilitating stable and ef-
fective feature distillation.
Feature Alignment.

 (𝑙)
STU = BatchNorm

(

Conv1×1
(

 (𝑙)
STU

))

(1)

3.2.4. Loss Calculation and Optimization
During training, the teacher network transfers supervi-

sory knowledge to the RGB-only student detector through
channel-wise distillation. The overall optimization objec-
tive, denoted by Total, is formulated as a weighted combi-
nation of the distillation loss and the student detection loss.
The distillation term, DISTILL, measures the discrepancy
between the teacher and student feature representations,
whereas the student loss, Student, consists of localization
and classification components. Accordingly, the student loss
is defined as

Student = Loc + Cls. (2)
The channel-wise distillation objective is used to align

the intermediate feature representations of the teacher and
student networks. This loss enables the student model to
inherit informative supervision from the multimodal teacher
while operating solely on RGB input. Specifically, the
channel-wise distillation (CWD) loss is computed by apply-
ing softmax normalization over the spatial dimensions of the
teacher and student feature maps, followed by the Kullback–
Leibler (KL) divergence:

CWD =
𝑛
∑

𝑖=1
KL

(

sof tmax
(

𝑇𝑖∕𝜏
)

, sof tmax
(

𝑆𝑖∕𝜏
))

𝜏2,

(3)
where 𝑇𝑖 and 𝑆𝑖 denote the teacher and student fea-

ture maps at the 𝑖-th matched layer, respectively, 𝜏 is the
distillation temperature, and 𝑛 denotes the total number of
aligned layers. Here, KL(⋅) represents the Kullback–Leibler
divergence.

The total training objective is then given by

Total = 𝛼𝜆DISTILLDISTILL + 𝛽Student, (4)
where 𝛼 and 𝛽 are hyperparameters that balance the rela-

tive contributions of the distillation and supervised detection
losses, and 𝜆DISTILL controls the strength of the distillation
term.

The student network is optimized using stochastic gradi-
ent descent (SGD). At each training iteration, the gradients
of Total are computed with respect to the student parame-
ters, which are then updated as follows:

: Preprint submitted to Elsevier Page 5 of 11



CrossFusionKD

Table 2
Summary of RGB-IR Datasets

Dataset Training Validation Testing

LLVIP [47] 12,750 961 274

KAIST[48] 76,262 14,299 4,767

SMOD [49] 6,284 1,178 392

𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝜕Total
𝜕𝜃𝑡

, (5)

where 𝜃𝑡 denotes the student network parameters at
iteration 𝑡, and 𝜂 is the learning rate.
Algorithm 1 Optimization Process: CrossFusionKD Frame-
work

1: Input:
2: : RGB-IR Dataset
3: 𝐏TEACH(⋅): Well-trained teacher features
4: 𝐗RGB: Student inputs
5: 𝐸: Number of epochs
6: 𝜂: Learning rate
7: Output: Optimized parameters of the Student Network,

𝜃𝑇
8: for epoch 𝑒 = 1 to 𝐸 do
9: Teacher Network:

10: MULTI → 𝐏MULTI → 𝐏TEACH(⋅)
11: Student Network:
12: RGB → 𝐏RGB
13: Channel-Wise Distillation: DISTILL
14: Loss Calculation: STU,Total
15: Optimization: 𝜃𝑡+1 ← 𝜃𝑡 − 𝜂 𝜕Total

𝜕𝜃𝑡
16: end for

4. EXPERIMENT
This section includes the details of datasets, data aug-

mentation techniques, training parameters, and real-time
implementation. The framework is evaluated using vari-
ous datasets, such as LLVIP, KAIST, SJTU Multispectral
Object Detection, with a comparative analysis performed
against the methods described in the anchor articles. This
section also discusses the real-time results observed on an
unmanned vehicle (UxV).
4.1. Datasets
4.1.1. LLVIP Dataset

The LLVIP dataset contains strictly aligned high-resolution
visible and infrared image pairs acquired under low-light and
nighttime conditions [47]. It comprises 15,985 paired RGB-
IR images and is primarily designed for pedestrian detection
in severely dark environments. Owing to substantial illu-
mination variation and low-contrast visual characteristics,
LLVIP provides a challenging benchmark for evaluating

cross-modal knowledge transfer under adverse conditions.
As summarized in Table 2, the dataset is split into 12,750
training images, 961 validation images, and 274 testing
images.
4.1.2. KAIST Dataset

The KAIST Multispectral Pedestrian Dataset is a stan-
dard benchmark for multispectral pedestrian detection [48].
It contains paired RGB and IR images collected from a
moving vehicle under diverse illumination settings, includ-
ing daytime, low-light, and nighttime scenarios. Pedestrian
instances are categorized by distance into Near, Medium,
and Far. In addition, the annotations have been manually
refined to reduce misalignment errors and improve label
reliability. The dataset consists of 76,262 training images,
14,299 validation images, and 4,767 testing images.
4.1.3. SJTU Dataset

The SJTU Multispectral Object Detection (SMOD) dataset
consists of synchronized RGB–IR image pairs for object
detection in nighttime environments [49]. Although the
original dataset includes multiple object categories, such
as pedestrians, riders, bicycles, and cars, only the person
category is retained in this study through manual anno-
tation to ensure consistency across experiments. In total,
the dataset contains 15,875 aligned infrared-visible image
pairs characterized by substantial illumination variation
and densely populated pedestrian scenes. The official split
contains 6,284 training images, 1,178 validation images, and
392 testing images.
4.2. Data Augmentation

Data augmentation is employed to increase the diversity
and robustness of the training data. The objective is to expose
the model to a broader range of visual variations while
preserving the underlying data distribution. For all datasets,
augmentation strategies include auto-orientation, resizing to
640×640, horizontal flipping, and random noise injection af-
fecting up to 0.3% of pixels. These transformations improve
sample diversity and help mitigate overfitting during train-
ing. By presenting varied image realizations across training
iterations, the model is encouraged to learn more robust
and generalized feature representations. Consequently, the
proposed framework achieves improved generalization on
unseen data, including challenging scenarios not explicitly
observed during training.
4.3. Training Parameters

All experiments were conducted on a single NVIDIA
GeForce RTX 4070 Ti Super GPU, with ResNet-50 em-
ployed as the backbone network. Training was performed
using a batch size of 16 and optimized with stochastic
gradient descent (SGD). The main training settings included
a patience value of 100, a momentum coefficient of 0.937,
and a warm-up momentum of 0.8. All input images were
resized to 640 × 640, and the model was trained for 100
epochs. The initial learning rate was set to 𝑙𝑟0 = 0.001, while
the final learning rate was maintained at 𝑙𝑟𝑓 = 0.001. The
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Table 3
Computational Complexity and Real-Time Performance on
Jetson Orin NX
Model Params FLOPs mAP@50 FPS Lat. (ms)
Teacher (RGB+IR) 26.2M 91.3G 98.3 12 83
CrossFusionKD –Student 2.6M 6.9G 96.7 44 23

implementation was developed in PyTorch with CUDA 12.4
support.

Figure 3: Deployment devices utilized for real-time detection: a
SCOUT MINI UGV (right) and a Holybro X500 v2 UAV (left),
each equipped with a Jetson Orion NX running ROS2.

4.4. Realtime-Implementation Details
The framework was deployed on UAV and UGV plat-

forms using a Jetson Orin NX 16 GB module for onboard
inference under ROS2 Humble, ensuring interoperability
across heterogeneous robotic systems. Inference was per-
formed with batch size = 1 using FP16 precision to re-
duce memory usage and improve throughput. No TensorRT-
specific graph optimization was applied, ensuring a fair
evaluation of the base model performance. The system was
evaluated under standard power mode settings of the Jet-
son Orin NX during continuous real-time operation. The
HOLYBRO X500 v2 UAV (Pixhawk 6C flight controller)
and SCOUT MINI UGV both utilized the same onboard
compute module, while an Intel RealSense D435 camera
was employed for real-time image acquisition across varying
environmental conditions.
4.5. Results

The proposed framework was evaluated on standard
benchmark datasets, and the corresponding comparative re-
sults are reported in this section. Each dataset was trained
for 100 epochs. The proposed method achieved mAP@50
scores of 92.1% on KAIST, 96.7% on LLVIP, and 93.1%
on SJTU-SMOD. Although performance on KAIST was
slightly lower than that obtained on the other two datasets,
the overall results indicate that the framework provides a
favorable balance between detection performance and com-
putational efficiency across diverse operating conditions.

Table 4
Comparison of Performance (mAP, %) on the LLVIP Dataset

Methods Backbone mAP50 ↑ mAP ↑ Modality
RetinaNet[50] ResNet50 88.0 42.8

RGB
Faster R-CNN[51] ResNet50 87.0 45.1
DDQ-DETR[52] ResNet50 86.1 46.7
Cascade R-CNN[53] ResNet50 88.3 47.0
CrossFusionKD(*) ResNet50 96.7 72.6
Halfway Fusion[54] VGG16 91.4 55.1

RGB+IR

RSDet[55] ResNet50 95.8 61.3
GAFF[56] ResNet18 94.0 55.8
CSAA[57] ResNet50 87.0 59.2
ProbEn[58] ResNet50 93.4 51.5
CrossFusionKD(*) ResNet50 98.3 81.2

Table 5
Comparison of Performance (mAP, %) on the SMOD
Dataset

Methods Backbone mAP50 (%) mAP (%)
MGD [59] ResNet18 89.9 61.7
CWD [60] ResNet18 91.4 62.2
AFMD [61] ResNet18 91.5 63.8
CrossFusionKD(*) ResNet18 93.2 65.6

Table 4 reports the object detection performance on
the LLVIP dataset under single-modality (RGB) and multi-
modality (RGB+IR) configurations. Standard detection base-
lines, including SSD, RetinaNet, Faster R-CNN, and DDQ-
DETR, operate on RGB input only, while fusion-based
methods such as Halfway Fusion, RSDet, GAFF, and ProbEn
leverage both RGB and IR information. CrossFusionKD
attains 96.7% mAP with RGB input and 98.3% mAP with
fused RGB+IR input, thereby achieving the best overall
performance among all compared approaches.

Table 5 presents the performance comparison of dif-
ferent methods on the SMOD dataset under the RGB-only
setting. The baseline methods, including MGD, CWD, and
AFMD, employ ResNet18 as the backbone, whereas the
proposed method uses ResNet50 and achieves the highest
mAP@50 of 92.8% and mAP of 65.6%. Compared with
the strongest baseline, AFMD, which reports 63.8% mAP,
the proposed approach attains improved overall performance
while benefiting from a deeper backbone architecture. More-
over, it outperforms both MGD and CWD in terms of
mAP@50 and mAP, further demonstrating the effectiveness
of the learned feature representations. These results indicate
the robustness of the proposed method for RGB-based object
detection on the SMOD dataset.
Fig. 4 presents qualitative results of the proposed CrossFu-
sionKD object detection framework on benchmark datasets,
namely KAIST, LLVIP, and SJTU-SMOD, together with
real-world deployment examples. The KAIST and LLVIP
results demonstrate reliable detection performance in low-
illumination environments, whereas the SJTU-SMOD sam-
ples further verify the effectiveness of the framework under
diverse nighttime conditions. Moreover, real-time deploy-
ment on both an unmanned ground vehicle (UGV) and an
unmanned aerial vehicle (UAV) confirms the feasibility of
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Figure 4: Qualitative comparison of the proposed CrossFusionKD object detector across standard datasets (KAIST, LLVIP,
SJTU-SMOD) and real-time deployments. The top row shows results on KAIST and LLVIP datasets, The second row includes
SJTU-SMOD (left) and UGV (right), and the final row illustrates detection on the UAV platform.

the proposed approach for edge inference on computation-
ally constrained platforms.

5. Ablation Studies
This section analyzes the contribution of different com-

ponents of the proposed CrossFusionKD framework. All ab-
lation experiments were conducted under identical training
settings using the same backbone architecture, optimization
strategy, and dataset splits to ensure fair comparison. Unless
otherwise specified, experiments were performed on the
LLVIP dataset using RGB-only inference.

5.1. Effect of Distillation Strategy
To assess the effectiveness of the proposed channel-

wise distillation (CWD) strategy, we compare it with two
alternative settings: (i) a baseline student trained without
knowledge distillation and (ii) Mask Generation Distillation
(MGD), a representative feature-based distillation method.
The corresponding results are reported in Table 6.

The baseline model achieves 91.2% mAP@50. Incorpo-
rating MGD improves performance to 94.3%, indicating that
transferring masked feature representations from the multi-
modal teacher enhances the student detector. However, the
proposed CWD strategy further increases performance to
96.7% mAP@50, yielding a total improvement of +5.5%
over the baseline and +2.4% over MGD. This improvement
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Table 6
Comparison of Distillation Strategies on the LLVIP Dataset
(RGB-only Inference). Performance evaluation of differ-
ent knowledge distillation approaches, including MGD and
channel-wise distillation (CWD), demonstrating the effective-
ness of spatial distribution alignment.

Method mAP@50 (%) mAP (%) Gain
Baseline (No KD) 91.2 67.1 –
MGD 94.3 70.5 +3.1
CWD 96.7 72.6 +5.5

Table 7
Effect of the Distillation Weight 𝜆𝑑𝑖𝑠𝑡𝑖𝑙𝑙 on Detection Per-
formance. Performance variation of the student model under
different distillation weight settings, illustrating the balance
between supervised learning and knowledge transfer.

𝜆𝑑𝑖𝑠𝑡𝑖𝑙𝑙 mAP@50 (%) mAP (%)
0.1 94.9 71.0
0.5 95.8 72.1
1.0 96.7 72.6
2.0 95.4 71.5

demonstrates that channel-wise spatial distribution align-
ment is more effective for cross-modal knowledge transfer
than masked generative feature regression. By normalizing
feature responses across spatial dimensions and aligning
their probabilistic distributions, CWD enables the student
model to capture modality-invariant structural cues rather
than modality-specific intensity patterns. The results con-
firm that CWD is particularly suitable for mitigating the
modality gap between RGB-IR teacher features and RGB-
only student representations.
5.2. Effect of Distillation Weight

The impact of the distillation loss weight 𝜆𝑑𝑖𝑠𝑡𝑖𝑙𝑙 was
analyzed to assess sensitivity and robustness of the proposed
framework. As shown in Table 7, performance increases
steadily as 𝜆𝑑𝑖𝑠𝑡𝑖𝑙𝑙 grows from 0.1 to 1.0, reaching optimal
performance at 𝜆𝑑𝑖𝑠𝑡𝑖𝑙𝑙 = 1.0. Beyond this value, perfor-
mance slightly degrades.

When the distillation weight is too small, the influ-
ence of the teacher signal becomes limited, reducing knowl-
edge transfer effectiveness. Conversely, overly large weights
cause the student model to overemphasize feature imitation
at the expense of supervised learning from ground-truth
annotations. The results indicate that a balanced contribution
between supervised loss and distillation loss is essential for
optimal performance. The stable behavior across a wide
range of 𝜆𝑑𝑖𝑠𝑡𝑖𝑙𝑙 values also demonstrates robustness of the
proposed method.

6. Conclusion
This paper introduced CrossFusionKD, a cross-modal

knowledge distillation framework developed for efficient
RGB-only pedestrian detection on resource-constrained UxV
platforms. By transferring modality-enriched representa-
tions from an RGB–IR teacher network to a lightweight

RGB student model, the proposed framework preserves
discriminative visual information while avoiding the com-
putational cost associated with multimodal inference during
deployment.

The teacher network, with a computational complexity
of 91.3 GFLOPs, provides informative cross-modal super-
vision, whereas the distilled student model remains com-
pact, with 2.6M parameters and 6.9 GFLOPs. Experimental
results on the LLVIP, KAIST, and SMOD datasets show
consistent improvements over the baseline student model,
with gains of up to 5.5% mAP while maintaining real-time
performance of 44 FPS on the Jetson Orin NX platform.
In addition, backbone-normalized comparisons indicate that
these improvements are not merely a consequence of in-
creased architectural capacity, but rather stem from effective
cross-modal knowledge transfer.

Real-world deployment on UAV and UGV platforms
further demonstrates the practical applicability of the pro-
posed method for edge-based perception tasks. Overall, the
results show that CrossFusionKD achieves an effective bal-
ance between detection accuracy and computational effi-
ciency, making it well suited for long-duration autonomous
operation in dynamic and low-illumination environments.
Overall, the framework establishes an effective strategy for
modality-aware model compression, enabling scalable and
deployable multi-spectral knowledge transfer for real-time
robotic perception systems.
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