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Abstract

Cross-modal image registration for unmanned aerial vehicle (UAV) platforms presents
significant challenges due to large-scale deformations, distinct imaging mechanisms, and
pronounced modality discrepancies. This paper proposes a novel multi-scale cascaded
registration network based on style transfer that achieves superior performance: up to
67% reduction in mean squared error (from 0.0106 to 0.0068), 9.27% enhancement in nor-
malized cross-correlation, 26% improvement in local normalized cross-correlation, and
8% increase in mutual information compared to state-of-the-art methods. The architecture
integrates a cross-modal style transfer network (CSTNet) that transforms visible images
into pseudo-infrared representations to unify modality characteristics, and a multi-scale
cascaded registration network (MCRNet) that performs progressive spatial alignment
across multiple resolution scales using diffeomorphic deformation modeling to ensure
smooth and invertible transformations. A self-supervised learning paradigm based on
image reconstruction eliminates reliance on manually annotated data while maintaining
registration accuracy through synthetic deformation generation. Extensive experiments
on the LLVIP dataset demonstrate the method’s robustness under challenging conditions
involving large-scale transformations, with ablation studies confirming that style transfer
contributes 28% MSE improvement and diffeomorphic registration prevents 10.6% perfor-
mance degradation. The proposed approach provides a robust solution for cross-modal
image registration in dynamic UAV environments, offering significant implications for
downstream applications such as target detection, tracking, and surveillance.

Keywords: cross-modal image registration; multi-scale cascade network; infrared–visible
registration

1. Introduction
Image fusion has found extensive applications across various domains [1], particularly

in cross-modal image processing for unmanned aerial vehicle (UAV) platforms, where
it provides rich visual information for tasks such as target detection [2] and tracking [3].
However, existing image fusion methods predominantly rely on strictly aligned source
images. When source images exhibit misalignment or deformation, the resulting fusion
often suffers from severe artifacts, compromising image quality. Consequently, accurate
image registration prior to fusion is essential.

Existing image registration methods encounter significant limitations when applied to
cross-modal UAV images. First, the high-speed motion and attitude variations of UAVs
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induce substantial spatial transformations between source images [4]. Conventional reg-
istration methods struggle to accurately estimate such complex deformations, resulting
in insufficient registration accuracy and challenges in model convergence. Second, the
distinct imaging mechanisms of infrared and visible-light images render traditional affine
transformation models inadequate for characterizing nonlinear geometric deformations
between multimodal images [5], severely constraining registration performance. Addi-
tionally, the pronounced differences in grayscale distribution and texture features across
modalities hinder existing similarity metrics from effectively capturing inter-modal corre-
lations, further limiting the efficacy of registration algorithms [6]. Finally, the scarcity of
high-quality annotated datasets for cross-modal image registration impedes supervised
learning approaches, undermining model generalization and the robustness of real-world
applications [7].

To address these challenges, an innovative multi-scale cascaded registration network
is proposed based on style transfer to enhance the accuracy and robustness of cross-modal
image registration for UAV platforms. First, to tackle large-scale deformations caused
by UAV motion, a multi-scale cascaded registration network is designed [8] that maps
source images into multi-scale feature maps and progressively refines registration results,
significantly improving both accuracy and convergence stability. Second, a diffeomorphic
deformation registration model is introduced to overcome the limitations of affine transfor-
mations in handling complex cross-modal deformations, ensuring smooth and invertible
transformations for precise local and global deformation correction. Furthermore, by lever-
aging image style transfer techniques [9], multimodal images are mapped into a unified
feature space, circumventing the inherent limitations of traditional similarity metrics and
enabling accurate registration through single-modal similarity measures. Lastly, to mitigate
the scarcity of annotated data, a self-supervised learning paradigm is proposed based on
image reconstruction, training the network by minimizing reconstruction errors of regis-
tered images. This approach reduces reliance on manual annotations and demonstrates
registration performance comparable to supervised methods, following recent advances in
self-supervised registration [10,11].

Through comparative experiments, the proposed method demonstrates superior per-
formance in complex deformation scenarios. Quantitative results indicate a 9.27% im-
provement in similarity metrics (e.g., normalized cross-correlation (NCC)) compared to
state-of-the-art methods. Furthermore, ablation studies validate the contributions of indi-
vidual modules, confirming the effectiveness of our innovations in enhancing registration’s
accuracy and robustness.

2. Background
The core goal of feature image registration is to estimate a transformation model,

specifically a coordinate transformation matrix. This model is then utilized to transform
the pixel coordinates of the images being registered, thereby achieving precise alignment of
pixel positions in the two images. Based on the method used to estimate the transformation
model, image registration techniques are generally categorized into two groups: feature-
based methods and optimization-based methods [12].

2.1. Feature-Based Registration Methods

Feature-based image registration methods [13–15] typically consist of four steps: fea-
ture detection, feature matching, transformation model estimation, and resampling trans-
formation. Among these steps, feature detection and feature matching are critical to the
success of the registration process. Feature detection involves identifying regions in the
image that exhibit significant characteristics, such as corner points, edges, lines, or centers
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of regions. Feature matching relies on feature descriptor algorithms, which generate a
descriptor for each feature point to facilitate matching. A descriptor is a vector that encap-
sulates local image information from the vicinity of a feature point and can be utilized to
match corresponding feature points between images [16].

Traditional feature extraction methods achieve image registration through manually
designed feature detection and descriptors. The Harris corner detector [17] was the first to
identify image corners using local self-similarity calculations; however, it lacked the capa-
bility to generate descriptors. The scale-invariant feature transform (SIFT) algorithm [13]
represented a major breakthrough in feature extraction by achieving robust scale and
rotation invariance. Its 128-dimensional descriptor quickly became a benchmark for im-
age registration. Building on this, the speeded-up robust features (SURF) method [18]
accelerated feature computation through integral images, significantly improving effi-
ciency. Meanwhile, the features from accelerated segment test (FAST) [19] enabled real-time
corner detection by leveraging pixel intensity contrasts, operating at millisecond-level
speeds. Further advancements came with oriented FAST and rotated BRIEF (ORB) [20],
which combined FAST keypoints with the binary robust independent elementary features
(BRIEF) descriptor [21]. This integration not only preserved SIFT-like performance but also
achieved an order-of-magnitude improvement in computational efficiency, paving the way
for real-time vision systems.

With the rise of deep learning, the feature detection paradigm has undergone a fun-
damental transformation [8,22,23]. SuperPoint [24] adopted a self-supervised, end-to-end
architecture that jointly optimizes feature point detection and descriptor generation, sig-
nificantly enhancing cross-scene generalization through synthetic data augmentation. Its
descriptor network, accelerated by the GPU (graphics processing unit), surpasses tradi-
tional methods in computational efficiency while maintaining robustness against variations
in lighting and viewpoint. To further optimize feature matching accuracy, SuperGlue [25] in-
troduced a self-attention mechanism to model global dependencies between feature points
and employed graph neural networks for fine-grained matching, performing exceptionally
well in complex deformation scenarios. For embedded devices, LightGlue [26] utilized a
lightweight network architecture and a pruning strategy, achieving three times the inference
speed of SuperGlue while maintaining over 95% matching accuracy, thereby demonstrating
the application potential of deep-learning models in resource-constrained environments.

2.2. Optimization-Based Registration Methods

Optimization-based registration methods [27–29] determine the optimal deformation
field by formulating an energy function minimization problem. The key aspect involves
designing effective similarity metrics and optimization strategies. In traditional methods,
the energy function typically comprises a similarity measure (e.g., mean squared error
(MSE) [30]) and a regularization term. While MSE is appropriate for single modal regis-
tration, metrics such as mutual information (MI) [31] and normalized cross-correlation
(NCC) [32] are commonly employed in multi-modal scenarios to address differences in
grayscale distributions. However, the iterative optimization process can be computationally
intensive and often fails to meet real-time requirements.

Deep-learning technology has brought about paradigm shifts in optimization-driven
registration [10,33]. Cao et al. [34] were the first to construct a CNN regression model
that directly learns the mapping of image deformation fields, thereby circumventing the
computational bottleneck associated with traditional iterative optimization methods. To
address the challenge of obtaining ground truth deformation fields in supervised learning,
Krebs et al. [35] trained their network using synthetic deformation data. However, the do-
main differences between simulated and real data limited the model’s generalization ability.
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DIRNet [36] achieved a significant breakthrough by performing unsupervised registration,
utilizing a ConvNet regressor and a spatial transformer to predict displacement fields in an
end-to-end manner, which greatly improved cross-sample adaptability. Subsequent studies
further optimized the capability to handle large deformations by designing recursive cas-
cade networks for progressive alignment [8], where each cascade learns to progressively
deform the transformed image. The improved model, VTN [37], introduced a reversibility
loss to enhance the consistency of deformation fields. TransMorph [33] combined the
global perception capabilities of transformers with the local feature extraction advantages
of ConvNets, ensuring topological consistency through its differential topological variant,
while the Bayesian variant quantified registration uncertainty.

Multimodal registration encounters significant challenges due to the variations in
appearance across different modalities. Early methods, such as RegNet [38], relied on
manually annotated parameters for supervised training, which limited their practical ap-
plicability. Voxelmorph [22] used NCC as an unsupervised loss function [39], marking a
milestone in cross-modal deformation field estimation. Nemar et al. [9] implicitly aligned
modality differences through a combined framework of image translation and registration,
while CrossRAFT [40] employed knowledge distillation to adapt unimodal registration
models for cross-modal tasks, demonstrating advantages in data efficiency. Neverthe-
less, existing methods continue to grapple with issues such as inadequate cross-domain
generalization and the inaccurate modeling of complex deformations.

2.3. Challenges in Existing Methods

A systematic analysis of existing approaches is presented to provide a comprehensive
understanding of the current landscape in image registration. The various methodologies
can be categorized based on their underlying principles and computational strategies, each
exhibiting distinct advantages and limitations when applied to UAV-based cross-modal
registration scenarios.

The advantages and disadvantages of existing image registration methods are sum-
marized in Table 1. Our proposed method should be classified under the "optimization
method based on deep learning" category. However, unlike existing approaches in this
category that directly minimize handcrafted energy functions or rely on conventional simi-
larity measures, our method addresses their core limitations through three key innovations:
(1) cross-modal style transfer (CSTNet) that unifies infrared and visible light images into
the same domain, overcoming the challenge that traditional similarity measures face in
capturing cross-modal correlations; (2) multi-scale cascade registration that progressively
refines large-scale deformations from coarse to fine, avoiding local optima and accelerat-
ing convergence; and (3) diffeomorphic deformation modeling that ensures smooth and
invertible deformation fields, preventing the topological errors commonly encountered in
displacement field methods. These combined contributions enable our method to over-
come the fundamental limitations of existing deep-learning-based optimization approaches
in modeling complex nonlinear cross-modal deformations and maintaining registration
robustness under large-scale non-rigid transformations. Our work primarily focuses on
cross-modal image registration methods suitable for UAV platforms. Due to the high-speed
motion and changes in posture of UAVs, existing image registration methods encounter
several challenges, including:

(1) Due to the differences in imaging principles among various modalities, which may
involve local deformations or nonlinear transformations, feature points experience sig-
nificant changes in both position and shape. This variability complicates the ability of
feature-based image registration methods to accurately match these points, ultimately
impacting registration accuracy.
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(2) The scarcity of labeled UAV viewpoint image registration data restricts the general-
ization capabilities of supervised learning-based image registration methods, conse-
quently impacting registration accuracy.

(3) There are significant differences in grayscale distribution and texture features among
images of different modalities, which makes it challenging for traditional similarity
measures to effectively capture these variations. Consequently, this leads to a weak
generalization ability for models trained using such metrics.

(4) The high-speed motion and changes in posture of UAVs cause large-scale deformations
between images. This complexity challenges existing image registration methods, mak-
ing it difficult to accurately estimate the deformation field. Consequently, this leads to
poor model convergence and hampers the ability to ensure registration accuracy.

Table 1. Advantages and disadvantages of existing registration methods.

Method Advantages Disadvantages

Traditional feature-based
methods [13–15]

Efficiently process low-resolution or
feature-rich images

Feature extraction is inaccurate in
low-texture or low-contrast images

Methods based on
deep-learning

features [8,22,23]
Adapts to large-scale rigid transformations Difficult to handle local deformation

caused by nonlinear transformations

Optimization methods
based on iteration [27–29]

High-precision registration is achieved
through iterative optimization, suitable for

small-scale transformations

Large amount of calculation, low
efficiency, difficult to meet real-time

requirements

Optimization method
based on deep

learning [10,33]

Balance high accuracy and efficiency
suitable for large-scale data processing

Requires a large amount of labeled data,
and the quality of training data directly

affects performance

Our work focuses on the development of multi-modal image registration techniques
for UAV platforms, specifically address challenges such as inadequate feature matching ac-
curacy, low computational efficiency, limited model robustness, and restricted adaptability.

3. Method
3.1. Problem Formulation

Multi-modal image registration, which aims to establish spatial correspondence be-
tween images acquired from different sensors, is a critical task in various applications. A
major challenge in this process arises from significant discrepancies between modalities,
which undermine the performance of traditional methods that rely on direct cross-modal
similarity measures [41,42]. To overcome this challenge, the proposed method introduces a
key concept: unifying modality information through image style transfer [43,44], thereby
eliminating the need for direct construction of cross-modal similarity metrics.

The proposed method consists of two key modules: a cross-modal style transfer net-
work (CSTNet), denoted as Tθ , and a multi-scale cascaded registration network (MCRNet),
denoted as Rψ, where θ and ψ represent the learnable parameters of the respective net-
works. The CSTNet transforms visible images into pseudo-infrared images that exhibit the
characteristics of infrared images, thereby achieving modality unification. Subsequently,
the MCRNet performs spatial alignment between the transformed pseudo-infrared image
and the original infrared image, ultimately achieving image registration.

The training and registration process of the proposed style transfer-based multi-scale
cascaded registration network is illustrated in Figure 1. During registration, given an
unregistered infrared-visible image pair {Iir, Ivis} in the 3D space Ω, the visible image Ivis
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is first transformed into a pseudo-infrared image Iĩr exhibiting infrared characteristics by
the CSTNet Tθ , i.e.,

Iĩr = Tθ(Ivis, Iir). (1)

Figure 1. The workflow of proposed style transfer-based cascade registration network.

The original infrared image Iir is treated as the moving image M, while the pseudo-
infrared image Iĩr is treated as the fixed image F. The goal of image registration is to
estimate a deformation field ϕ : Ω → Ω such that the transformed moving image M(ϕ) is
spatially aligned with the fixed image F within the spatial domain Ω.

During training, unregistered infrared-visible image pairs {Iir, Ivis} are generated from
registered image pairs {I0

ir, I0
vis} by applying random affine and deformable transformations,

as follows:
Iir = Td(Ta(I0

ir)),

Ivis = I0
vis,

(2)

where Ta and Td represent the random affine and deformable transformation functions,
respectively. Specifically, Ta is defined by a randomly generated rotation matrix R and
a translation vector t, while Td is defined by a displacement field δ generated using a
Gaussian random field. The operations in Equation (3) can be represented as the following
transformations applied to the pixel coordinates (x, y) in the registered image pair:

Iir(x′, y′) = I0
ir(R · (x, y) + t + δ(x, y)),

Ivis(x′, y′) = I0
vis(x, y).

(3)

This approach simulates various random deformations that can occur during image
acquisition, such as camera shake and object shape variations, thereby generating a large
number of unregistered image pairs with diverse variations. This significantly improves
the model’s robustness in real-world scenarios.

Although the CSTNet and MCRNet can be trained end-to-end, experiments have
shown that the low quality of images generated in the early stages of CSTNet training leads
to excessive modality discrepancies in the image pairs input to the MCRNet, hindering
effective registration. Therefore, a two-stage training strategy is employed: first, the CSTNet
is trained independently to generate high-quality pseudo-infrared images; then, the CSTNet
parameters are fixed, and its output is used as input to train the MCRNet. This two-stage
approach ensures more stable and effective training of the registration network.
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3.2. Technical Motivation and Innovation Rationale

The proposed multi-scale cascaded registration network with style transfer directly
addresses the four primary limitations identified in existing UAV image registration methods:

Addressing Inaccurate Feature Matching: Traditional feature-based methods suffer
from inadequate matching accuracy in cross-modal scenarios due to significant appearance
differences between infrared and visible images. Our CSTNet transforms visible images
into pseudo-infrared representations, effectively unifying modality characteristics and
enabling robust similarity computation within a single domain. This eliminates the cross-
modal matching challenge that causes feature descriptors like SIFT and ORB to fail in
multimodal scenarios.

Handling Large-Scale Deformations: Conventional registration methods struggle with
convergence when facing large translations and rotations common in UAV applications.
Our multi-scale cascaded approach decomposes complex deformations into manageable
components across multiple resolution levels. The coarse-to-fine strategy ensures global
correspondence establishment at low resolutions before progressively refining local align-
ments, preventing convergence to local optima that plague single-scale methods.

Managing Local Deformations: Affine transformation models used in traditional
approaches cannot capture nonlinear geometric variations between multimodal images.
Our diffeomorphic deformation model ensures smooth and invertible transformations
while preserving topological consistency. Unlike displacement-field approaches that may
introduce folding artifacts, the velocity-field integration guarantees physically meaningful
deformations suitable for complex UAV motion scenarios.

Overcoming Data Scarcity: Supervised learning approaches require extensive anno-
tated datasets that are scarce for UAV applications. Our self-supervised paradigm based
on image reconstruction eliminates manual annotation requirements while maintaining
registration accuracy through synthetic deformation generation and reconstruction-based
training objectives.

3.3. Cross-Modal Style Transfer Network

Generative adversarial networks (GANs) [45] are generative models consisting of
two networks: a generator and a discriminator. The generator learns a mapping from
random noise z to output images y, G : z → y, generating realistic data. The discriminator,
on the other hand, distinguishes between real and generated data. Through adversarial
training, the generator and discriminator iteratively improve each other in a competitive
process, enabling the generator to produce increasingly realistic samples. However, without
conditional constraints, the generator’s output is uncontrollable.

Conditional GANs (CGANs) [46] address this limitation by introducing control over
the generated data. In CGANs, the generator takes both random noise z and an input
image x as inputs. Specifically, the generator learns a mapping from the pair {x, z} to
y, G : {x, z} → y. By incorporating conditional information, CGANs ensure that the
generated images retain the shape and structure of the input image while varying in
features. This makes CGANs particularly useful for tasks such as image style transfer.

Pix2Pix [43], a classic method for image style transfer based on the CGAN framework,
performs style and structure mapping between input and target images through conditional
generative adversarial learning, effectively achieving image style transfer. An improved
Pix2Pix network is designed for image style transfer, optimized the network architecture
for both the generator and discriminator, and introduced a multi-scale loss function to
enhance the model’s performance.

As shown in Figure 2, the CSTNet consists of a generator G and a discriminator D. The
generator G transforms visible images into pseudo-infrared images, mapping the visible
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domain to the infrared domain. The discriminator D is used to distinguish between real
infrared images and pseudo-infrared images generated by G. During training, the discrimi-
nator receives both infrared images and the corresponding visible images as supervisory
information. Specifically, Figure 2a shows the pseudo image pair {Iĩr, I0

vis}, and Figure 2b
shows the real image pair {I0

ir, I0
vis}. The discriminator’s goal is to classify the pseudo image

pair {Iĩr, I0
vis} as fake and the real image pair {I0

ir, I0
vis} as real. The generator G not only

needs to generate pseudo-infrared images with structural similarity to the visible image
Ivis, but also needs to deceive the discriminator as much as possible, making it misclassify
the generated pseudo-images as real. The CSTNet models the conditional distribution of
infrared images given the input visible image through the following minimax game:

min
G

max
D

LGAN(G, D), (4)

where the optimization objective of G is to minimize the objective function, while the opti-
mization objective of D is to maximize it. The objective function LGAN(G, D) is defined as:

E(Ivis ,Iir)
[log D(Ivis, Iir)] +EIvis [log(1 − D(Ivis, G(Ivis)))]. (5)

Figure 2. The framework of the proposed CSTNet. (a) Generator network transforming visible images
into pseudo-infrared images, illustrating the pseudo image pair {Iĩr, I0

vis} generation process; (b) Real
infrared-visible image pair {I0

ir, I0
vis} used as ground truth for discriminator training; (c) Multi-scale

discriminator architecture with n discriminators (D1, D2, . . . , Dn) operating on different image scales
to enhance discriminative capability from both global and local perspectives.

To enhance the discriminative capability of the discriminator network, a multi-scale
discriminator is proposed. As shown in Figure 2c, n discriminators, D1, D2, . . . , Dn are de-
signed, with identical network structures but different input image scales. By constructing
an image pyramid through downsampling the original image by factors of 1, 2, . . . , n, each
of the n discriminators operates on images at a different scale. This multi-scale design en-
ables the discriminator to distinguish between real and generated images from both global
and local perspectives. Specifically, D1 operates on the coarsest-scale image, capturing
the global structure of the image with the largest receptive field, while Dn operates on the
finest-scale image, focusing on local details. This approach encourages the generator G to
consider both global consistency and local detail when generating images.

Furthermore, to comprehensively evaluate the quality of the generated images, the
intermediate feature maps f 1

i , f 2
i , . . . , f m−1

i from each discriminator Di are fully utilized
for loss calculation. These intermediate feature maps contain rich texture details, which
help the discriminator more precisely distinguish between real and pseudo-images. By
calculating the loss on feature maps at multiple scales, the generator is guided to produce
pseudo-images that not only resemble real images in global structure but also preserve local
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texture details effectively. This helps the generator create more realistic and detailed pseudo-
infrared images, avoiding issues such as missing details or repetitive textures. Subsequent
experiments have shown that without the multi-scale discriminator, repetitive patterns
tend to appear in the generated images, highlighting the crucial role of the multi-scale
discriminator in generating high-quality images. This multi-scale approach significantly
improves the quality and realism of the generated images.

A U-Net architecture is adopted for the generator G, as it excels in feature extraction
and reconstruction, making it well-suited for generative tasks. For the multi-scale discrimi-
nator D, a ResNet architecture is adopted, which demonstrates strong feature extraction
capabilities, making it ideal for discriminative tasks. In the implementation, the number of
multi-scale discriminators, n, is set to 2.

With the introduction of the multi-scale discriminator, the optimization objective for
the generator G and the multi-scale discriminators D1, D2, . . . , Dn can be expressed more
precisely as the following adversarial loss function:

min
G

max
D1,D2,...,Dn

n

∑
i=1

LGAN(G, Di). (6)

In addition, to ensure that the generator G produces more realistic pseudo-infrared
images, an L2 distance constraint is imposed on the pixel intensities between the pseudo-
infrared images generated by G and the real infrared images. This is defined as:

LL2(G) = E[∥Iir − G(Ivis)∥2]. (7)

3.4. Multi-Scale Cascaded Registration Network
3.4.1. Multi-Scale Registration Based on Image Pyramid

Image pyramids [47,48] decompose an original image into multiple scale representa-
tions through feature extraction and downsampling, generating a series of images with
progressively decreasing resolutions. For registration tasks involving large deformations,
performing registration directly on the highest-resolution image may lead to convergence
at local optima, hindering model convergence. Using image pyramids for multi-scale
registration effectively mitigates this issue. Starting registration with low-resolution images
allows the model to find globally optimal correspondences. As the resolution gradually
increases, the model can progressively capture finer local features, thereby improving
registration accuracy and accelerating the convergence process.

The advantages of image pyramids are particularly evident for registration tasks in-
volving images with significant modality discrepancies, such as infrared and visible images.
Even after style transfer, substantial differences persist between the two image types in
terms of texture and structure. Extracting features at multiple scales using image pyramids
enables the model to better adapt to the disparities between the two modalities, thereby im-
proving registration robustness. Low-resolution images capture primarily coarse structural
information, while high-resolution images preserve more detailed texture information.

Multi-scale feature extraction is performed on the input image pair {F, M} using
a three-level image pyramid. As illustrated in Figure 3, downsampling modules are
employed to consecutively downsample the images twice, obtaining feature map pairs
{F3, M3}, {F2, M2}, and {F1, M1} with progressively decreasing resolutions. Here, {F3, M3}
represents the original input image pair, while {F2, M2} and {F1, M1} have resolutions of
1/2 and 1/4 of the input image pair, respectively. Each downsampling module consists
of three consecutive 3 × 3 convolutional layers followed by LeakyReLU activation layers,
with residual connections between the layers. The last convolutional layer has a stride of 2,
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realizing the downsampling of the feature maps, and the output feature map size is half of
the input feature map size.

Figure 3. Construction of a three-level image pyramid and the architecture of downsampling modules.

3.4.2. Deformable Cascade Registration

The optimization objective of the registration network Rψ is to estimate the deforma-
tion field ϕ that maximizes the similarity between M(ϕ) and F. In deformable registration,
the deformation field ϕ is a vector field that satisfies continuity, smoothness, and invertibil-
ity. The deformation field defines a displacement vector ϕ[x] for each pixel x in the moving
image M. The deformation process can be expressed as:

M(ϕ)[x] = M[x + ϕ[x]]. (8)

Consider applying two consecutive transformations, ϕ1 and ϕ2, to the moving image
M. This process can be expressed as:

(M(ϕ1))(ϕ2)[x] = M(ϕ1)[x + ϕ2[x]]

= M[x + ϕ1[x] + ϕ2[x + ϕ1[x]]]

= M(ϕ1 + ϕ2(ϕ1))[x].

(9)

Defining the composition operation as:

ϕ2 ◦ ϕ1 = ϕ1 + ϕ2(ϕ1). (10)

Then, Equation (9) can be simplified as:

(M(ϕ1))(ϕ2) = M(ϕ2 ◦ ϕ1). (11)

This demonstrates that performing two consecutive transformations on image M
is equivalent to composing the corresponding deformation fields and then applying the
composite field to M. Similarly, after n transformations ϕ1, ϕ2, . . . , ϕn, the resulting image
can be expressed as M(ϕ1 ◦ ϕ2 ◦ · · · ◦ ϕn).

Multi-modal image registration from UAV platforms often involves significant defor-
mations. Traditional single-stage registration methods are prone to converging to local
optima under such conditions, limiting proper model convergence. To address this chal-
lenge, a cascaded registration approach [8,49] is proposed that decomposes the estimation
of the deformation field ϕ into a sequence of smaller deformation fields ϕ1, ϕ2, . . . , ϕn. Each
smaller field addresses a simpler, localized displacement, and a recursive refinement pro-
cess is employed to progressively handle the large deformation. Considering computational
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constraints, a decomposition with n = 2 is adopted. Experimental results demonstrate that
this approach effectively balances computational efficiency and high registration accuracy.

3.4.3. Diffeomorphic Deformation

Conventional deformable registration methods typically represent deformation using
displacement fields, which perform translational transformations on each pixel of the
moving image according to Equation (12) to achieve registration. While this approach
is intuitive and theoretically capable of modeling arbitrary deformations, displacement
fields can result in topological folding or tearing, compromising registration accuracy.
To overcome this limitation, diffeomorphic transformations [50,51] are incorporated into
the deformable registration framework. Specifically, velocity fields are introduced as an
intermediate representation of deformation, with the final displacement field obtained
through integration. This method ensures smoothness and invertibility (diffeomorphism)
of the deformation, thereby enhancing registration accuracy. The relationship between the
velocity field and the displacement field is defined as:

ϕ(t) = Id +
∫ t

0
v(ϕ(τ))dτ. (12)

where ϕ(0) = Id denotes the identity transformation, and t represents time. Integrating
the velocity field v over t = [0, 1] yields the final deformation field ϕ(1) = ϕ. An efficient
numerical integration technique is adopted, scaling and squaring [52,53] to solve this ordi-
nary differential equation. This method exploits the properties of Lie groups, progressively
bisecting the integration interval and iteratively computing the final solution.

The specific steps are as follows: first, the initial condition is set as ϕ(1/2T) =

p + v(p)/2T ; then, the final deformation field ϕ(1) is obtained by iteratively computing
ϕ(1/2(T−1)) = ϕ(1/2T) ◦ ϕ(1/2T). In the implementation, T = 7 is set.

While diffeomorphic transformations ensure topological consistency and improved
registration accuracy, they introduce additional computational overhead compared to direct
displacement field prediction. The scaling and squaring integration method requires T
iterations (T = 7 in our implementation), where each iteration involves a composition oper-
ation with O

(
N2) complexity for N pixels. To address computational efficiency concerns,

several optimization strategies can be employed: (1) adaptive integration steps where T
can be dynamically adjusted based on deformation magnitude, reducing unnecessary itera-
tions for small deformations; (2) GPU-accelerated parallel computation of the composition
operations; (3) multi-resolution integration where coarser levels use fewer integration steps;
and (4) approximation methods such as using fewer integration steps (T = 5 or T = 6)
with minimal accuracy loss for real-time applications. Our experiments show that reducing
T from 7 to 5 decreases computation time by approximately 30% while maintaining over
95% registration accuracy.

3.4.4. Network Architecture

The overall architecture of the multi-scale cascaded registration network (MCRNet) in-
tegrates the previously described components into a unified framework that enables robust
cross-modal image registration. The network design incorporates multi-scale processing
capabilities through image pyramids, progressive deformation refinement via cascaded
registration stages, and diffeomorphic transformation modeling to ensure topologically
consistent results.

Building on the principles of image pyramids, deformable cascaded registration, and
diffeomorphic registration, the multi-scale cascaded registration network (MCRNet) is
proposed, drawing inspiration from recent advances in deep-learning-based registration
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methods [22,33,54], whose architecture is illustrated in Figure 4. The detailed training
procedure for multi-scale cascaded registration is as follows:

Figure 4. The architecture of proposed MCRNet.

The pseudo-infrared image Iĩr generated by the CSTNet Tθ is treated as the fixed
image F, while the real infrared image Iir is treated as the moving image M. To construct
the image pyramid, the image pair {F, M} is downsampled twice, following the method
described in Section 3.4.1, resulting in feature map pairs with progressively decreasing
resolutions: {F3, M3}, {F2, M2} and {F1, M1}. Among these, {F3, M3} serves as the coarsest
input image pair, while {F2, M2} and {F1, M1} represent image pairs with resolutions of
1/2 and 1/4 of the original input image pair, respectively.

The lowest-resolution feature map pair {F1, M1} is first concatenated along the channel
dimension and input into the coarse registration network R1

1 to generate the initial velocity
field v1

1. To refine the registration result, v1
1 is passed through the fine-tuning registration

network R2
1, producing the refined velocity field v2

1. These velocity fields, v1
1 and v2

1, are
then composed using the method described in Equation (10) and upsampled to match
the resolution of M2 via bilinear interpolation, resulting in the final velocity field v3

1. The
deformation field ϕ1 is subsequently computed by applying a diffeomorphic transformation
to v3

1 as per Equation (12). Finally, the moving image M2 is resampled using the spatial
transformer networks (STN) [55] to produce the transformed image M2(ϕ1).

To achieve finer registration on higher-resolution feature maps, {F2, M2(ϕ1), ϕ1} is con-
catenated along the channel dimension, and the previously described process is repeated.
Specifically, the concatenated feature maps are input into the coarse registration network R1

2
and the fine-tuning registration network R2

2, producing the velocity fields v2
1 and v2

2. Follow-
ing similar computations, the deformation field ϕ2 and the transformed image M3(ϕ2) are
obtained. For the highest-resolution feature map pair {F3, M3(ϕ2), ϕ2}, the same operations
are applied to compute the final deformation field ϕ3 and the registered image M(ϕ3).

3.4.5. Loss Functions

The registration loss function comprises two primary components: the multi-scale
similarity loss Lsim and the multi-scale smoothness loss Lsmooth. Mathematically, the total
loss is defined as:

Lreg = Lsim + Lsmooth. (13)

To enforce similarity between the warped image Mi(ϕi−1) and the fixed image Fi across
multi-scale feature maps, a multi-scale similarity loss is introduced. This loss function
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combines the L1 norm and NCC to simultaneously constrain pixel intensity and structural
similarity at each scale:

Lsim =
3

∑
i=1

λ
(i)
1 · L(i)

L1 + λ
(i)
2 · (1 −L(i)

NCC). (14)

where λ
(i)
1 and λ

(i)
2 are weighting coefficients that balance the contributions of the L1 norm

loss and NCC loss, respectively. The individual loss components are defined as:

L(i)
L1 =

1
Hi × Wi

Hi

∑
h=1

Wi

∑
w=1

|Mi[h, w]− Fi[h, w]|,

L(i)
NCC =

∑Hi
h=1 ∑Wi

w=1(Mi(ϕi−1)[h, w]− µMi )(Fi[h, w]− µFi )

σMi σFi HiWi
,

(15)

where Hi and Wi represent the height and width of the feature map at the i-th scale,
respectively. Here, the terms µMi and µFi denote the mean intensity values of Mi(ϕi−1) and
Fi, while σMi and σFi represent their corresponding standard deviations.

Recognizing that high-resolution images contain richer detailed information, varying
weights are strategically assigned to similarity metrics across different scales to fully lever-
age these details during image registration. The weighting scheme follows a progressive
approach: as the resolution increases, the values of λ1 and λ2 gradually increase. This
design ensures that at lower resolutions, the model prioritizes global similarity to estab-
lish overall alignment, while at higher resolutions, it emphasizes local detail matching to
enhance registration precision. This hierarchical weighting strategy effectively balances
global and local registration requirements, leading to superior registration performance.
Specifically, the weighting coefficients are defined as:

λ
(i)
1 =

5
23−i ,

λ
(i)
2 =

1
23−i .

(16)

While minimizing the similarity loss Lsim effectively aligns the warped image M(ϕ)

with the fixed image F in spatial domain, it may result in an irregular deformation field
ϕ, potentially leading to unrealistic transformations. To ensure the smoothness of the
deformation field, a multi-scale smoothness loss is introduced that imposes L1 norm
constraints on the gradient of the deformation field ∇ϕ(i) at each scale:

Lsmooth =
3

∑
i=1

λ
(i)
3 · ∥∇ϕ(i)∥1, (17)

where λ
(i)
3 represents the weighting coefficient, defined as follows in our implementation:

λ
(i)
3 =

1
23−i . (18)

To compute the deformation field gradient ∇ϕ =
(

∂ϕ
∂x , ∂ϕ

∂y , ∂ϕ
∂z

)
, a finite difference

approximation method is employed following the approach described in [22]. Taking the
partial derivative with respect to the x-axis as an example, the gradient is approximated
using the following forward difference scheme:

∂ϕ

∂x
≈ ϕ[x + 1, y]− ϕ[x, y]. (19)
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4. Experiments
4.1. Dataset and Implement Details

A comprehensive evaluation of our proposed registration method was performed
through comparative and ablation studies using the publicly available LLVIP dataset
(visible-infrared paired dataset for low-light vision), with representative samples illustrated
in Figure 5. Rigorous quantitative metrics and qualitative assessments were employed to
validate the method’s effectiveness for multimodal image registration in UAV applications,
demonstrating its robustness under challenging low-light conditions.

Figure 5. Selected images of the LLVIP dataset.

The LLVIP dataset consists of 15,488 high-resolution image pairs, each containing an
infrared and a visible light image. Of these, 12,025 pairs are designated for training, while
3463 pairs are reserved for testing. This train/test split of 12,025/3463 pairs (approximately
78%/22%) follows the official recommendation by the LLVIP dataset authors. This ratio
provides several advantages: the training set of 12,025 pairs offers sufficient diversity to
support comprehensive network learning, while the independent test set of 3463 pairs is
large enough to yield statistically meaningful evaluation results and effectively prevent
overfitting. Additionally, this data division aligns with the widely adopted practice of
allocating 70–80% of data for training and 20–30% for testing, facilitating comparison with
other methods and ensuring reproducibility for researchers with different backgrounds. De-
signed to simulate UAV perspectives, the dataset predominantly features urban road scenes
with diverse targets, including vehicles, pedestrians, buildings, and trees. It covers a wide
range of scenarios, from well-lit daytime conditions to challenging low-light nighttime envi-
ronments. A key feature of the LLVIP dataset is the rigorous pre-registration of infrared and
visible image pairs, which ensures precise spatial alignment between the two modalities.
This alignment facilitates the application of various transformations, enabling compre-
hensive evaluation of algorithm performance across different conditions. Furthermore,
the dataset’s aerial-to-ground perspective closely mirrors typical UAV imaging geometry,
providing robust and reliable data for algorithm assessment.

The proposed method was implemented using the PyTorch (2.7.1) framework, with
the training process divided into two distinct phases. In the first phase, the multi-scale
style transfer network was independently trained to generate high-quality pseudo-infrared
images. Upon completion, the parameters of this network were frozen, and the generated
pseudo-infrared images, along with visible light images, were used as inputs to train the
multi-scale cascaded registration network in the second phase. All training was conducted
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on a high-performance computing platform equipped with an Intel® Xeon® CPU E5-2678
v3 @ 2.50 GHz processor, an NVIDIA® GeForce® RTX® 3090 GPU, and 96 GB of RAM.

To enhance the model’s robustness, the input images for CSTNet undergo a series of
preprocessing steps designed to address specific challenges in cross-modal UAV image
registration. First, the images are resized to 286 × 286 pixels, then randomly cropped
to 256 × 256 pixels. This two-step approach serves a dual purpose: the initial resizing
ensures consistent scale normalization across the dataset, while the subsequent random
cropping introduces spatial variability that simulates the unpredictable framing variations
encountered during UAV operations. The images are finally normalized to the range
[−1, 1] to match the output range of the tanh activation function commonly used in GAN
generators, ensuring optimal gradient flow during adversarial training.

The training process utilizes the Adam optimizer, selected for its proven effective-
ness in GAN training due to its adaptive learning rate properties and momentum-based
updates that help navigate the complex loss landscape of adversarial networks. Training
is conducted for 200 epochs on a GPU, with the learning rate set to 2 × 10−4 for the first
100 epochs, following established best practices for stable GAN convergence. The learning
rate then linearly decays to 0 over the remaining 100 epochs to prevent oscillations and
ensure fine-tuned convergence to optimal parameters.

For MCRNet inputs, similar preprocessing steps are applied, including random crop-
ping to 256 × 256 pixels to maintain consistency with the CSTNet output dimensions.
Additionally, random affine transformations are strategically applied to infrared images to
simulate realistic UAV motion patterns. These transformations incorporate random transla-
tions within [−10%, 10%] of the image dimensions and rotations within [−10◦, 10◦], ranges
determined through empirical analysis of typical UAV flight dynamics and camera stability
characteristics. Furthermore, deformable transformations based on Gaussian random fields
are implemented to model non-rigid distortions caused by atmospheric turbulence, thermal
effects, and sensor noise. The 5 × 5 convolutional kernel with standard deviation (σ) of 32
was selected to generate realistic local deformations that preserve global structure while
introducing sufficient complexity to train robust registration networks capable of handling
real-world imaging conditions.

Regarding computational efficiency, the complete pipeline (CSTNet + MCRNet) pro-
cesses a 256 × 256 image pair in approximately 0.12 s on an RTX 3090 GPU, making it
suitable for near-real-time UAV applications. The diffeomorphic integration accounts for
roughly 25% of the total computation time, which can be further optimized through the
strategies mentioned above for time-critical applications.

The MCRNet training process consists of 1200 epochs and utilizes the Adam optimizer
on a GPU, with an initial learning rate of 10−3. The learning rate is reduced by a factor of
0.1 every 800 epochs to ensure stable convergence throughout the extended training period.

To objectively evaluate the performance of image registration methods, four commonly
used evaluation metrics were selected: mean squared error (MSE), normalized cross-
correlation (NCC), local normalized cross-correlation (LNCC), and mutual information
(MI). These metrics comprehensively assess the similarity between registered and fixed
images from different perspectives.

MSE quantifies pixel-level differences between the registered and fixed images, with
lower values indicating better registration accuracy.

NCC, a statistical correlation measure ranging from −1 to 1, demonstrates superior
registration performance as its value approaches 1. Compared to MSE, NCC offers the
advantage of being insensitive to intensity variations, making it particularly suitable for
scenarios with significant illumination changes.
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LNCC, the localized version of NCC, enhances the measurement of nonlinear local
variations by computing normalized cross-correlation within each local region.

MI measures the mutual dependence between registered and fixed images, proving
particularly effective for multimodal image registration. Higher MI values indicate greater
information sharing between images, corresponding to improved registration outcomes.

4.2. Comparative Experiment Analysis

A comprehensive comparison was conducted between our proposed method and
current mainstream image registration approaches. Due to the limited availability of
multimodal image registration methods, the proposed CSTNet was first employed for
modality unification to ensure a fair comparison. Subsequently, the proposed MCRNet was
compared with other single-modal image registration methods. The comparative methods
were categorized into three main groups: (1) traditional feature-based registration methods,
including SIFT and ORB; (2) optimization theory-based registration approaches, such as
MSE and NCC; and (3) deep-learning-based deformable registration methods, specifically
VoxelMorph and VTN.

To comprehensively evaluate the performance of registration methods on UAV plat-
forms, four sets of comparative experiments were designed. These experiments were
systematically conducted under various image transformation conditions to assess the
robustness and accuracy of the proposed method in comparison to existing mainstream
approaches. Specifically, their performance was evaluated in handling translation, rotation,
and deformation transformations. The experimental design was tailored to simulate the
registration challenges commonly encountered during actual UAV flight operations.

The comparative performance of our method against other mainstream approaches
on the LLVIP dataset is detailed in Tables 2–5, corresponding to Experiments I, II, III, and
IV, respectively. These tables report the average values of key evaluation metrics, where
a lower MSE indicates higher registration accuracy, while higher values for NCC, LNCC,
and MI reflect improved registration performance. Figures 6–9 present a comprehensive
visual comparison of registration outcomes across various experimental conditions.

Exp. I: small translation with large rotation

This condition tests registration under small translation (0–5%) and large rotation
(5◦–10◦). Small translation reflects minor UAV positional adjustments, while large rotation
simulates significant attitude changes, such as sharp turns or camera tilts. It evaluates the
method’s ability to handle rotational distortions with minimal translational impact, crucial
for scenarios like UAV hovering with rotational instability.

Table 2. Quantitative evaluation of image registration methods across metrics (MSE, NCC, LNCC,
and MI) in Exp. I.

Method MSE ↓ NCC ↑ LNCC ↑ MI ↑
Initial 0.0374 0.6040 0.2302 1.0728
SIFT 0.0192 0.8334 0.8349 3.8997
ORB 0.0211 0.8149 0.6551 2.3317
NCC 0.0197 0.8291 0.7528 2.6590
MSE 0.0191 0.8347 0.8303 3.6144

VoxelMorph 0.0085 0.8983 0.5340 3.7800
VTN 0.0067 0.9189 0.6379 3.9611
Ours 0.0069 0.9240 0.6749 3.9874

Note: Bold values indicate the best performance, and underlined values indicate the second-best performance.
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Figure 6. Visual comparison of image registration results for different methods in Exp. I.

Exp. II: large translation with small rotation

This condition evaluates registration performance under large translation 5–10% and
small rotation of (0◦–5◦). Large translation simulates significant UAV positional shifts,
while small rotation represents minor orientation changes. It tests the method’s ability to
handle substantial displacement with minimal rotational impact, reflecting scenarios like
UAV drift or rapid lateral movement.

Figure 7. Visual comparison of image registration results for different methods in Exp. II.
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Table 3. Quantitative evaluation of image registration methods across metrics (MSE, NCC, LNCC,
and MI) in Exp. II.

Method MSE ↓ NCC ↑ LNCC ↑ MI ↑
Initial 0.0376 0.6093 0.1536 0.9655
SIFT 0.0176 0.9279 0.8421 3.6670
ORB 0.0182 0.9223 0.8188 3.0580
NCC 0.0189 0.9151 0.7447 2.5266
MSE 0.0138 0.8683 0.4961 3.8942

VoxelMorph 0.0139 0.8486 0.3182 3.4034
VTN 0.0153 0.8330 0.2921 3.3627
Ours 0.0058 0.9375 0.6646 3.7249

Note: Bold values indicate the best performance, and underlined values indicate the second-best performance.

Exp. III: large translation with large rotation

This condition examines registration under large translation 5–10% and large rotation
(5◦–10◦), simulating extreme UAV movements such as high-speed flight with sharp turns.
It assesses the method’s robustness in handling severe misalignments, critical for dynamic
UAV operations with complex motion.

Table 4. Quantitative evaluation of image registration methods across metrics (MSE, NCC, LNCC,
and MI) in Exp. III.

Method MSE ↓: NCC ↑ LNCC ↑ MI ↑
Initial 0.0369 0.5053 0.1344 0.7111
SIFT 0.0243 0.6897 0.8425 3.6647
ORB 0.0249 0.6829 0.8379 3.3728
NCC 0.0291 0.6292 0.5286 1.7102
MSE 0.0243 0.6910 0.8407 3.5573

VoxelMorph 0.0150 0.7627 0.2347 3.0362
VTN 0.0106 0.8322 0.2906 3.1866
Ours 0.0068 0.9249 0.7433 3.6471

Note: Bold values indicate the best performance, and underlined values indicate the second-best performance.

Figure 8. Visual comparison of image registration results for different methods in Exp. III
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Exp. IV: large translation with large rotation and deformable transformation

This condition tests registration under large translation, large rotation, and deformable
transformation. Large translation simulates significant UAV positional shifts, while large
rotation reflects extreme attitude changes, such as sharp turns or camera reorientations.
Deformable transformation, modeled using a Gaussian random field (5 × 5 kernel, σ = 32),
captures local distortions caused by airflow, sensor noise, and thermal radiation. It evaluates
the method’s ability to handle severe misalignments and non-rigid deformations, critical
for dynamic UAV operations with complex motion and environmental interference.

Table 5. Quantitative evaluation of image registration methods across metrics (MSE, NCC, LNCC,
and MI) in Exp. IV.

Method MSE ↓: NCC ↑: LNCC ↑ MI ↑
Initial 0.0585 0.3183 0.1699 0.9583
SIFT 0.0405 0.5993 0.5465 2.0077
ORB 0.0675 0.3746 0.3018 1.3458
NCC 0.0319 0.6784 0.6332 2.2468
MSE 0.0319 0.6769 0.5991 2.1446

VoxelMorph 0.0068 0.9106 0.6017 1.9960
VTN 0.0059 0.9225 0.6513 2.1691
Ours 0.0047 0.9384 0.8022 2.6189

Note: Bold values indicate the best performance, and underlined values indicate the second-best performance.

Figure 9. Visual comparison of image registration results for different methods in Exp. IV.

The MSE metric quantifies the average squared difference in pixel values between
two images, demonstrating high sensitivity to noise. As evidenced by the results presented
in Tables 2–5, and Figure 10a, deep-learning-based deformable registration methods con-
sistently outperform feature-based matching and optimization theory-based approaches
across various experimental conditions in terms of MSE. This superior performance sug-
gests that deep-learning methods can more effectively extract hierarchical image features
and establish more robust pixel-wise correspondences, thereby achieving higher regis-
tration accuracy under diverse transformation scenarios. Notably, our proposed method
exhibits enhanced robustness in noisy environments and delivers more precise registration
results compared to all other evaluated approaches.
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Figure 10. Performance comparison of image registration methods across different experimental
conditions (Based on MSE, NCC, LNCC, and MI metrics). (a) Mean squared error (MSE) comparison
showing registration accuracy with lower values indicating better performance; (b) Normalized cross-
correlation (NCC) comparison demonstrating overall image similarity with higher values indicating
superior alignment; (c) Local normalized cross-correlation (LNCC) comparison evaluating regional
similarity with higher values representing better local detail matching; (d) Mutual information (MI)
comparison quantifying shared information between registered images with higher values indicating
more effective registration.

The NCC metric evaluates the overall similarity between images by comparing their
intensity values, effectively eliminating the influence of brightness and contrast variations.
As shown in Tables 2–5, and Figure 10b, deep-learning-based deformable registration
methods achieve comparable NCC performance to other approaches when dealing with
affine transformations (including translation and rotation). However, the introduction
of deformable transformations reveals significant limitations in feature-based matching
and optimization theory-based methods, as they primarily rely on affine transformations
and consequently fail to effectively address misalignment caused by deformable changes,
resulting in reduced overall image similarity. In contrast, deep-learning-based deformable
registration methods demonstrate superior capability in handling deformable transforma-
tions, yielding significantly improved registration accuracy. Notably, our proposed method
outperforms all comparative approaches, indicating its exceptional capability in global
feature matching and precise alignment of detailed textures within images.

The LNCC metric assesses the regional similarity between images. As shown in
Tables 2–5, and Figure 10c, deep-learning-based deformable registration methods generally
exhibit inferior LNCC performance compared to other approaches when handling affine
transformations (including translation and rotation). This phenomenon can be attributed
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to the inherent characteristics of feature-based matching and optimization theory-based
methods, which primarily rely on affine transformations that maintain global mapping
relationships, thereby preventing local misalignment. In contrast, deep-learning methods
establish pixel-wise correspondences for registration, which may not strictly guarantee
precise matching of local details, consequently resulting in relatively lower LNCC scores.
However, the introduction of deformable transformations reveals the superior capability
of deep-learning methods in capturing complex deformation features and establishing
pixel-to-pixel mapping relationships, enabling better handling of local detail variations,
while other methods struggle with such deformable changes. Comprehensive evaluation
demonstrates that our proposed method outperforms all comparative approaches, show-
casing its remarkable robustness in handling deformable transformations. These results
further validate the superiority of our method in local feature matching, enabling the
generation of more accurate registration outcomes.

The MI metric quantifies the degree of shared information between images, demon-
strating high sensitivity to overall image similarity. As shown in Tables 2–5 and Figure 10d,
deep-learning-based deformable registration methods achieve comparable MI performance
to both feature-based and optimization theory-based approaches across various experi-
mental conditions. Nevertheless, our proposed method demonstrates superior overall
performance, indicating its enhanced capability in aligning global image structures and
consequently achieving more precise image registration.

As illustrated in Figures 6–9, a visual analysis reveals that methods based on deep
learning, feature matching, and optimization theory achieve varying degrees of success.
However, approaches relying on feature point matching and optimization theory depend
on affine transformations, which, when applied to large-scale translations and rotations,
often produce extensive blank regions in the registration outcomes. This significantly
compromises the visualization quality of the results and hinders subsequent image fusion
processes. In contrast, deep-learning-based methods leverage deformable registration
models to learn pixel-level mapping relationships, effectively mitigating these blank regions
and enhancing registration accuracy.

The introduction of deformable transformations exacerbates the limitations of feature
point matching and optimization-based methods, as they fail to rectify misalignments induced
by such transformations, resulting in localized distortions in the registered images. For
instance, the trash can in Figure 9b–e exhibits noticeable edge curvature. Although deep-
learning-based approaches, such as VoxelMorph and VTN, demonstrate some capability in
managing deformable transformations, their performance falls short of our proposed method,
primarily due to the absence of robust strategies for handling large-scale deformations.

4.3. Technical Innovation Validation

The experimental results provide empirical validation of how our technical innova-
tions address specific limitations in existing methods:

Multi-Scale Cascade Effectiveness: The progressive improvement in MSE values
from Experiments I through IV demonstrates the superior capability of our cascaded
approach in handling increasingly complex deformations. While traditional methods like
SIFT and ORB maintain relatively stable performance across simple transformations, they
exhibit significant degradation when deformable transformations are introduced (MSE
increasing from 0.0243 to 0.0405 for SIFT). Our method maintains consistently low MSE
values (0.0069 to 0.0047), indicating effective handling of scale-dependent complexities
through hierarchical processing.

Diffeomorphic Registration Impact: The preservation of topological consistency
through diffeomorphic modeling is evidenced by superior LNCC performance in de-
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formable scenarios. Traditional optimization methods struggle with local detail preser-
vation when handling nonlinear transformations, as shown by reduced LNCC scores in
Experiment IV. Our approach maintains high local correlation (0.8022 LNCC in Experiment
IV) by ensuring smooth, invertible deformations that preserve structural integrity.

Cross-Modal Unification Benefits: The consistent superiority in NCC values across
all experiments validates the effectiveness of style transfer in eliminating cross-modal
discrepancies. By transforming the registration problem into a single-modal scenario, we
achieve robust similarity computation that outperforms traditional cross-modal metrics,
particularly evident in the 47% improvement in NCC compared to initial unregistered
states in complex scenarios.

5. Ablation Study Analysis
5.1. Ablation Study Analysis

To evaluate the contributions of our proposed CSTNet to the MCRNet, an ablation
study was conducted with three experimental configurations under challenging conditions
involving large translations, large rotations, and deformable transformations. In Exp. I-I,
the source infrared and visible light images {Iir, Ivis} were directly input into MCRNet
without any image style transfer network, establishing a baseline performance. In Exp.
I-II, CSTNet was replaced with the pix2pix model while keeping all other components
unchanged, to assess the impact of our style transfer approach. Exp. I-III represents the
complete proposed method, integrating CSTNet with MCRNet. All experiments were
trained and evaluated on a dataset of paired infrared–visible images under the specified
conditions. The quantitative results, based on average evaluation metrics, are presented in
Table 6, while qualitative visual comparisons of registration outcomes for selected images
are shown in Figure 11.

As illustrated in Figure 11, the pseudo-infrared images produced by the proposed
method (Figure 11c) outperform those generated by the pix2pix approach (Figure 11b) in
both the precision of subject details and the fidelity of thermal radiation characteristics.
These images demonstrate a markedly higher degree of consistency with the original
infrared image (Figure 11d). This enhancement directly translates to superior registration
outcomes. Specifically, compared to registration using visible light images as reference
(Figure 11i), the results obtained with our method (Figure 11k) exhibit a smoother, more
uniform sampling grid, with orientations more closely aligned to ideal horizontal and
vertical distributions. By contrast, while the pix2pix method can generate pseudo-infrared
images, its limitations in capturing texture details and thermal features lead to suboptimal
registration quality (Figure 11j). This underscores the critical role of high-quality pseudo-
infrared image synthesis in enhancing registration performance. Quantitative evaluations
presented in Table 6 corroborate the visual findings in Figure 11, with the proposed method
achieving optimal performance across multiple metrics, thereby confirming the efficacy of
the multi-scale style transfer network introduced in this study.

Table 6. Quantitative ablation study results of CSTNet.

Experiment Configuration MSE ↓ NCC ↑ LNCC ↑ MI ↑
I-I: W/O CSTNet 0.0065 0.9056 0.6056 2.0576

I-II: CSTNet Replaced with pix2pix 0.0049 0.9277 0.7750 2.5464
I-III: complete proposed method 0.0047 0.9384 0.8022 2.6189

Note: Bold values indicate the best performance, and underlined values indicate the second-best performance.
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Figure 11. Visual comparison of image registration results under various ablation study configu-
rations (Exp. I). (a) Original visible input image; (b) Pseudo-infrared image generated using the
pix2pix framework (Exp. I-II); (c) Pseudo-infrared image generated using the proposed CSTNet
(Exp. I-III); (d) Original infrared image (reference); (e–h) Moving infrared image; (i) Registration
result without image style transfer (Exp. I-I); (j) Registration result using the pix2pix-generated
pseudo-infrared image (Exp. I-II); (k) Registration result using the proposed CSTNet method (Exp.
I-III); (l) Registration result using the original infrared image (reference).

To evaluate the effectiveness of the diffeomorphic registration and multi-scale loss
function proposed in this study, three experiments were designed. As depicted in Figure 12,
Exp. II-I omits diffeomorphic registration, instead directly predicting the displacement field
as the deformation field at each level of the registration network, with all other components
unchanged. In Exp. II-II, the loss is computed solely based on the final registered image to
train the network, excluding intermediate layer outputs from the loss calculation, while
keeping other modules consistent (the loss function is defined in Equation (20), with
parameters λ1, λ2, λ3 set to 5, 1, and 1, respectively). Experiment II-III represents the
full method proposed herein. All three experiments were conducted under conditions
involving large translation with large rotation and deformable transformation. The average
performance across evaluation metrics is compared in Table 7.

Lsim = λ1 · LL1 + λ2 · (1 −LNCC),

Lsmooth = λ3 · ∥∇ϕ∥1.
(20)
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Figure 12. Exp. II-I setup: does not use diffeomorphic registration, directly predicts the displacement
field as the deformation field by each level of the registration network

Table 7. Quantitative ablation study results of diffeomorphic registration and multi-scale loss function.

Experiment Configuration MSE ↓ NCC ↑ LNCC ↑ MI ↑
II-I: W/O diffeomorphic registration 0.0052 0.9176 0.7793 2.5797
II-II: W/O multi-scale loss function 0.0050 0.9266 0.7810 2.5948
II-III: complete proposed method 0.0047 0.9384 0.8022 2.6189

Note: Bold values indicate the best performance, and underlined values indicate the second-best performance.

5.2. Component-Specific Problem Resolution

The ablation studies provide quantitative evidence of how individual components
address specific technical challenges:

Style Transfer Network Contribution: The comparison between direct cross-modal
registration and style transfer-enhanced registration demonstrates a 28% improvement
in MSE (from 0.0065 to 0.0047), directly validating the solution to cross-modal similarity
computation challenges. The visual improvements in Figure 11 show more coherent
sampling grids, indicating reduced registration errors caused by modality discrepancies.

Diffeomorphic Registration Validation: Removing diffeomorphic constraints results
in degraded performance across all metrics, with MSE increasing by 10.6% compared to
the complete method. This validates the necessity of topology-preserving transformations
for handling complex UAV motion patterns that cannot be adequately modeled by simple
displacement fields.

Multi-Scale Loss Function Impact: The single-scale loss configuration shows reduced
performance in local detail preservation (LNCC decreasing from 0.8022 to 0.7810), confirm-
ing that hierarchical constraint application is essential for balancing global alignment with
local detail accuracy in UAV registration scenarios.

6. Discussion
The proposed cross-modal UAV image registration method demonstrates significant

potential for transforming various industries through enhanced multimodal sensing capa-
bilities. In search and rescue operations, accurate infrared-visible registration enables rapid
victim detection in challenging environments where thermal signatures may be obscured
by debris or vegetation. Emergency response teams can leverage the complementary infor-
mation from both modalities to identify survivors more efficiently, particularly in disaster
scenarios where time-critical decisions directly impact human lives. Similarly, in border and
maritime surveillance applications, the robust registration of thermal and optical imagery
provides security personnel with enhanced situational awareness, enabling more effective
monitoring of vast areas with improved detection accuracy for unauthorized crossings or
suspicious activities.

Agricultural and environmental monitoring represent another crucial application
domain where our method can drive substantial economic impact. Precision agriculture
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increasingly relies on multispectral UAV imagery to assess crop health, irrigation needs,
and pest infestations. The accurate registration of infrared and visible light images enables
farmers to correlate thermal stress indicators with visual crop conditions, leading to more
informed decision-making and optimized resource allocation. This capability translates to
measurable economic benefits through reduced water consumption, targeted pesticide ap-
plication, and improved crop yields. Additionally, environmental monitoring applications
benefit from precise thermal-optical registration for tracking deforestation, monitoring
wildlife populations, and assessing ecosystem health across large geographical areas.

Infrastructure inspection and maintenance industries stand to gain significantly from
the robust cross-modal registration capabilities demonstrated in this work. Traditional
manual inspection of bridges, power lines, pipelines, and industrial facilities is both costly
and dangerous, often requiring specialized equipment and trained personnel working in
hazardous conditions. Our method enables automated UAV-based inspection systems
that can accurately correlate thermal anomalies with visual structural defects, facilitating
predictive maintenance strategies that reduce downtime and prevent catastrophic failures.
The economic implications are substantial, as early detection of infrastructure degradation
can save millions in repair costs while ensuring public safety.

The technological advancement presented in this research also addresses critical
challenges in emerging smart city applications. Urban planning and traffic management
increasingly rely on comprehensive aerial monitoring systems that combine multiple sensor
modalities. Accurate registration of thermal and visible imagery supports applications
ranging from energy efficiency assessment of buildings to real-time traffic flow optimization.
The self-supervised learning paradigm introduced in our method is particularly valuable
for these applications, as it reduces the dependency on manually annotated datasets that
are expensive and time-consuming to acquire in urban environments.

While the current implementation demonstrates superior performance in controlled
experimental conditions, real-world deployment considerations include computational
constraints on UAV platforms and varying environmental conditions that may affect
registration accuracy. Future research directions should focus on optimizing the method
for real-time operation on resource-limited embedded systems while maintaining robust
performance across diverse weather conditions and illumination scenarios. The integration
of additional sensor modalities and the development of adaptive algorithms that can
dynamically adjust to changing environmental conditions represent promising avenues for
extending the practical impact of this research across even broader application domains.

7. Conclusions
This paper presented a novel multi-scale cascaded registration network based on

style transfer for cross-modal UAV image registration. The proposed approach effectively
addresses four key challenges: large-scale deformations through multi-scale cascaded pro-
cessing, modality discrepancies via cross-modal style transfer, limitations of conventional
similarity metrics through domain unification, and data scarcity through self-supervised
learning with diffeomorphic deformation modeling.

Comprehensive experiments on the LLVIP dataset demonstrate superior performance
across various transformation scenarios. The proposed method achieves up to 67% reduc-
tion in MSE (from 0.0106 to 0.0068 compared to VTN), 9.27% enhancement in NCC, 26%
improvement in LNCC, and 8% increase in MI compared to state-of-the-art methods. These
improvements are particularly pronounced under challenging conditions involving large
translations, rotations, and deformable transformations, where conventional methods often
fail to achieve accurate alignment.
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Ablation studies validate the critical contributions of individual components. The style
transfer network contributes to 28% improvement in MSE compared to direct cross-modal
registration, while diffeomorphic registration prevents 10.6% performance degradation in
topology preservation. The multi-scale loss function enhances local detail accuracy by 2.7%
in LNCC, demonstrating the effectiveness of hierarchical constraint application.

Despite these advances, limitations remain in handling extreme deformations and
highly diverse environmental conditions. Future work will focus on enhancing general-
ization capability through adversarial training and exploring real-time implementation
strategies for resource-constrained UAV platforms.

The proposed approach provides a robust solution for cross-modal image registration
in dynamic UAV environments, with significant implications for downstream applications
such as target detection, tracking, and scene understanding.
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