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Abstract
task in computer vision and information fusion, supporting

Multimodal image registration is a fundamental

applications such as low altitude perception, medical imaging,
remote sensing, and intelligent transportation. Gaps across
modalities in imaging mechanisms, spectral responses, and
geometric representations make cross-modal registration diffi-
cult in practice. Deployments face radiometric discrepancies,
viewpoint variations, non-rigid deformations from platform
motion, and mismatched resolutions. Recent progress in deep
learning, cross-modal representation learning, and generative
modeling has shifted conventional matching based pipelines
toward end-to-end frameworks emphasizing fusion oriented
modeling and joint optimization across tasks. This paper
reviews the background, challenges, and methods for multi-
modal image registration in low altitude scenarios and synthe-
sizes feature-level and pixel-level approaches. We summarize
integration into downstream tasks such as object detection,
semantic segmentation, and image fusion, and discuss limita-
tions, and future directions toward accurate, transferable, and
controllable registration in complex environments.

Keywords image alignment, image registration, low altitude

perception, unmanned aerial vehicle

1 Introduction

Multimodal image registration is a fundamental task in com-
puter vision and information fusion, supporting applications
such as low altitude perception, medical imaging, remote
sensing, and intelligent transportation [ |—3]. Because modali-
ties differ in imaging mechanisms, spatial resolution, spectral
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Fig.1 Annual publications and citations in multimodal image reg-
istration from 2011 to Sep. 2025 (bars: publications; line: citations;
left axis: publications; right axis: citations).

response, and noise statistics, the resulting data exhibit both
geometric and radiometric heterogeneity. This often makes
direct pixel-wise matching unreliable or misleading. Ro-
bust registration methods that can bridge modality gaps are
therefore a prerequisite for effective multi-source fusion and
downstream task performance [4].

In practical applications, multimodal registration is cen-
tral to medical imaging analysis, remote sensing, and urban
security [5, 6]. In medical imaging, accurate registration
among computed tomography, magnetic resonance imaging,
and positron emission tomography helps combine comple-
mentary information for clinical decision support. In remote
sensing, cooperative registration between optical imagery and
synthetic aperture radar imagery, abbreviated as SAR, miti-
gates limitations caused by weather and surface conditions.
In urban security, fusing visible and infrared imagery en-
hances perception in low-light environments. Recent studies
on low altitude intelligent sensing also suggest the practi-
cal importance of reliable multimodal registration for UAV
identification and localization in real deployment conditions
[7]. Compared with settings that are more stable or have
more controllable imaging conditions, low altitude platforms
introduce stronger viewpoint changes, more complex local
deformation, and more frequent environmental perturbations
during agile motion, which makes cross-modal registration
substantially more difficult [8].

Bibliometric evidence suggests sustained growth over the
past fifteen years. Using Web of Science, we retrieved rele-
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vant publications with a topic search based on TS=((“Image
Registration” OR “Image Alignment”) AND (“Multimodal”
OR “Multi-modal”)). We then summarized annual publica-
tion volume and citation trends over the past fifteen years,
as shown in Fig. 1. The overall trajectory indicates steady
growth. After 2017, the rapid progress of deep learning and
multimodal perception coincides with a faster increase in
annual publications. Note that the 2025 statistics are counted
up to September and thus represent a partial-year snapshot
rather than a full-year total.

In low altitude multimodal perception, registration chal-
lenges arise from coupled geometric, scale-related, and ra-
diometric factors. First, viewpoint changes and parallax make
the geometry more ill-posed. UAV maneuvering, attitude
variation, and platform vibration introduce nonlinear local
deformation that undermines planar or weak-perspective as-
sumptions, leading to local mismatches and boundary drift.
Second, resolution disparity can create a semantic gap. Visi-
ble, infrared, and SAR modalities often differ greatly in imag-
ing granularity, so textures and keypoints in high-resolution
imagery may degrade or vanish in lower-resolution counter-
parts, which destabilizes matching under weak-feature condi-
tions. Third, dynamic environments introduce non-stationary
radiometric behavior. Sudden illumination changes, weather
transitions, and asymmetric occlusions caused by moving
objects can strongly perturb statistical similarity measures and
]. The combined
effect makes low altitude cross-modal registration a stringent

reduce their reliability in real scenes [9—

test of robustness and generalization.

Despite rapid progress, low altitude multimodal registra-
tion still faces three critical bottlenecks: limited benchmark
data, methodological fragility under strong deformation and
radiometric heterogeneity, and the lack of tailored evalua-
tion standards. The remainder of this paper analyzes these
issues systematically and discusses their implications for
reproducibility and real-world deployment.

First, benchmark data are scarce and insufficiently stan-
dardized. Existing public datasets often have limitations in
modality coverage, annotation precision, and scene diversity.
For example, DroneRGBT [9] is more suitable for detection
studies but lacks high-precision geometric registration ground
truth. Some remote sensing datasets are constrained by spatial
resolution, temporal consistency, or the quality of pose-related
metadata. Without a unified benchmark that covers multiple
modalities and tasks and provides reliable geometric ground
truth, model training, generalization assessment, and fair
comparison remain difficult.

Second, strong local deformation and radiometric het-
(&) it % % wwat | Sci@pen
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erogeneity impose stringent methodological requirements.
Classical affine models and conventional elastic models of-
ten fail to represent drastic local warping or region-wise
independent deformation in low altitude scenarios. Deep
learning-based non-rigid methods are promising, yet they can
generalize poorly when encountering extreme deformation
outside the training distribution, and they may lose critical
structural details due to overly strong smoothness priors.
Meanwhile, different imaging mechanisms lead to incon-
sistent texture and edge responses, making intensity-based
or gradient-based consistency measures more fragile across
modalities [12, 13]. Cross-scale structural discrepancies can
further weaken keypoint-based approaches [14].

Third, evaluation standards tailored to cross-modal and
low altitude task characteristics remain limited. Some studies
still rely on metrics that are highly sensitive to radiometric
consistency, such as pixel-error-based measures. These met-
rics do not adequately reflect semantic consistency across
modalities and cannot disentangle radiometric discrepancies
from geometric misalignment. The absence of comprehensive
evaluation protocols spanning geometric accuracy, struc-
tural consistency, and task utility hinders standardization and
broader adoption.

This paper reviews multimodal image registration with an
emphasis on low altitude settings, using medical imaging
and satellite remote sensing as contrastive references. We
propose a taxonomy for low altitude cross-modal registration,
examine how representative methods integrate with down-
stream tasks and where they apply, and summarize datasets
and evaluation protocols with attention to reproducibility
and open challenges. The remainder of the paper is orga-
nized as follows. Section 2 introduces problem definitions
and background. Section 3 reviews feature-level and pixel-
level methods, including end-to-end learning and generative
paradigms. Section 4 summarizes datasets and downstream
tasks. Section 5 discusses evaluation metrics and standardiza-
tion for low altitude scenarios. Section 6 presents the future
outlook, and Section 7 provides the conclusion.

2 Task Hierarchy and Core Challenges in Low
Altitude Cross-Modal Registration

2.1 Registration Categories and Key Challenges

Multimodal image registration aims to establish consistent
spatial or semantic correspondences across heterogeneous
imaging modalities, enabling comparable, fusible, or jointly
interpretable representations of the same scene under distinct
sensing mechanisms. Compared with single modality registra-
tion, multimodal registration must address not only common
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factors such as viewpoint and scale changes, occlusions, and
noise, but also modality induced inconsistencies, including
radiometric discrepancies, texture inconsistency, cross scale
and cross dimensional representation gaps, and modality
specific noise patterns. As a result, multimodal registration
inherently couples geometric reasoning with semantic under-
standing, and it requires a careful balance between geometric
consistency and semantic consistency.

From the perspective of alignment objectives, multimodal
alignment can be discussed at the geometric level and at
the semantic or representation level. Geometric alignment
seeks an explicit spatial mapping across modalities, often
formulated as rigid or nonrigid transformations that unify
coordinate systems for comparison and fusion. Semantic
or representation level alignment further targets structural
association and semantic comparability. Even when spatial
correspondence is established, large appearance gaps may
still prevent effective downstream use, which motivates align-
ment strategies that emphasize structural consistency, object
boundary correspondence, or shared representation spaces.
Related recent progress in cross-modal semantic modeling
also shows that joint semantic alignment can improve the
comparability of heterogeneous representations and provide
useful support for downstream tasks [8].

In terms of implementation, multimodal alignment includes
both explicit and implicit paradigms. Explicit alignment aims
to estimate transformation parameters or dense deformation
fields and provides interpretable geometric correspondence.
Implicit alignment is often embedded in downstream tasks
such as fusion, detection, or tracking, where the model fo-
cuses on projecting modality specific features into a common
comparable space. Consistency is induced at the representa-
tion level through mechanisms such as cross-modal attention,
deformable modeling, or contrastive constraints, without
necessarily producing an explicit geometric mapping.

In low altitude applications, multimodal registration be-
comes more challenging due to pronounced viewpoint varia-
tion and platform dynamics. Low altitude platforms operate at
short ranges with agile motion, and they are susceptible to atti-
tude jitter, heading changes, and environmental disturbances,
which amplify discrepancies in temporal synchronization,
spatial projection, and field of view among sensors. Without
reliable registration, multimodal observations cannot support
coherent spatial and semantic understanding, thereby degrad-
ing the reliability of key tasks such as object detection, scene
interpretation, and situational awareness. Consequently, low
altitude multimodal registration emphasizes not only accu-
racy, but also robustness under complex disturbances and

effectiveness in supporting downstream perception.

Based on the above formulation and challenge analysis,
multimodal image registration methods can be summarized
into two main lines. Feature-level registration learns modality
invariant representations and establishes correspondences in
the feature space, which is often more robust to radiometric
gaps and missing textures and is naturally compatible with
implicit alignment in downstream tasks. Pixel-level regis-
tration instead targets dense correspondence in the image
domain or deformation field estimation. It is preferable when
explicit geometric mapping and high-precision registration
are required, but its robustness to severe radiometric discrep-
ancies and complex deformation depends more critically on
model design and data support.

2.2 Task Specificity of Low Altitude Multimodal Reg-
istration

Multimodal registration across different domains shares the
common objective of establishing correspondence between
heterogeneous observations. In low altitude scenarios, how-
ever, this objective is realized under a distinct task configura-
tion shaped by viewpoint-sensitive geometry, scene dynamics,
unstable overlap, and platform-level deployment constraints.
As a result, low altitude multimodal registration is not merely
a supporting step for cross-modal fusion, but a task-critical
component that directly affects the reliability of airborne
perception systems.

This task specificity is first reflected in the geometric
conditions of image formation. Low altitude platforms usu-
ally operate at short range and under agile motion, where
attitude variation and scene depth discontinuity jointly inten-
sify parallax, scale variation, and local projective distortion.
Under such conditions, cross-modal discrepancy is often
coupled with strong local geometric instability, so the mis-
alignment cannot be adequately characterized by a single
global transformation. In medical image registration, by con-
trast, geometric inconsistency is more commonly associated
with anatomical variation, physiological motion, or inter-scan
differences under scanner-based acquisition. In high-altitude
remote sensing, although terrain relief and off-nadir effects
remain relevant, the much longer imaging distance generally
makes rapid local perspective variation less dominant at the
image level. Therefore, low altitude multimodal registra-
tion places greater demands on local geometric validity and
deformation-sensitive correspondence modeling.

The specificity of this task is further amplified by scene dy-
namics and deployment requirements. Airborne low altitude
observations often contain moving objects, vegetation motion,
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Table 1 Representative multimodal registration methods and typical applications.

Category Representative methods Strengths Applications
Feature-level methods
SIFT, SURF, ORB, PIIFD, PSO-SIFT, LGHD, OS-SIFT,
Feature-based SuperGlue, KAZE, HOSS, RIFT, Matchformer, SE2-LoFTR, Sparse robust Registration;
ASS, LoFTR, OSS, Xfeat, RIFT2, HOWP, OIM, SOFT, D2-Net, matching localization
LightGlue, DKM, RoMa
SVD-RANSAC, HOG, NCC, M1, BBS, DDIS, CoTM, Precise local Template
Template-based CSTM-Net, HOPC, CFOG, MSTM, MOSS, QATM, GFTM, ) localization,;

DLSTM, AESF, DCC, SIFNet, DTM registration local registration
DeformConv, TDRNet, RepPoints, CMT, ProbEn Detection
Downstream AttentionFGAN, DSAN, BAPA-Net, IFA, IQSCg, ProCA Task_supervised Segmentation
task-based DRL-Net, CMIT, CMTR, CMD-MMD, CAIL, IDKL, IMKA  alignment Re-identification
mmMOT, CMD, MCSR, AMNet, MRTTrack Tracking
Pixel-level methods
MM-MI, EMMA, B-spline, CMI, FNMI, Q-MI, CRE, 3D Unsupervised Ricid/affine
MI-based Harris, SO-MI, SMI, MINE-local, DRMIME, ACO, imi‘llpritv ) gi AR
UDA-MIMA, MIDiffusion, GoA stmiarity ceistratio
UMDIR-LaGAN, RGPT, SbR, SymReg-GAN, RegGAN,
Image- Discriminator-free, AAN, TransMorph, NICE-Trans, RFNet, Modality-gap Registration;
translation-based MURF, CAPIT, REM-GAN, DFMIR, STABLE, OTMorph, reduction fusion

End-to-end
registration

IMF, LADDA, SSDF, AU-Net, HR4IR

VoxelMorph-diff, RegNet, CIRNet, VoxelMorph, JSSR, ASNet,

CoCycleReg, DeepReg, KeyMorph, E2EIR, PAMRFusion,
RegSeg, NIR, PFRFusion, MSFDNet, B-SR, C2RF,

Direct dense
registration

Dense nonrigid
registration

MulFS-CAP, MIPR, K-CMorph, Hy-CycleAlign

cast-shadow variation, partial occlusion, and residual tempo-
ral mismatch across sensors, all of which weaken structural
stability and reduce the reliability of valid cross-modal over-
lap. In contrast, medical image pairs are usually acquired over
the same anatomical region under planned procedures, while
high-altitude remote sensing pairs are more often dominated
by relatively stable large-scale background structures. At the
same time, low altitude multimodal alignment is commonly
embedded in downstream tasks such as detection, scene
interpretation, tracking, and situational awareness, where
alignment quality directly conditions subsequent perception
performance. Because onboard computation, latency, and
energy budgets also constrain model complexity and infer-
ence efficiency, robustness and deployability become tightly
coupled requirements in this setting.

Taken together, the specificity of low altitude multimodal
registration does not lie in any single difficulty taken in iso-
lation, but in the concurrent presence of viewpoint-sensitive
geometry, unstable overlap, dynamic scene interference, and
deployment-oriented resource constraints. This specificity
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is of both methodological and practical significance, as it
affects the construction of representative datasets, the validity
of modeling assumptions, the choice of robustness-oriented
alignment strategies, and the design of evaluation protocols
that reflect downstream utility. For this reason, low altitude
multimodal registration constitutes an application-critical
problem setting that warrants dedicated investigation.

3 Multimodal Image Registration Methods

Image registration methods can be divided into two levels
based on how cross-modal correspondence is established, in-
cluding feature-level registration and pixel-level registration.
Feature-level methods construct modality-consistent corre-
spondence in the representation space and are more closely
related to implicit alignment in downstream perception tasks.
Pixel-level methods focus on explicit spatial correspondence
or deformation field estimation and are therefore more suitable
for scenarios requiring accurate geometric mapping.
Accordingly, the methods discussed in this section include
feature-based, template-based, and downstream task-based
approaches at the feature-level, and mutual-information-
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Fig. 2 Feature-level image registration strategies.

based, image-translation-based, and end-to-end registration
approaches at the pixel level. These categories differ in corre-
spondence modeling, alignment form, and typical applications
in low altitude multimodal settings. Table 1 summarizes the
representative studies and their typical applications, while the
following subsections discuss these categories in detail.

3.1 Feature-Level Image Registration Strategies
3.1.1 Feature-Based Registration Methods

Feature-based matching is a long-standing backbone of image
registration, as shown in Fig. 2. A typical pipeline includes
keypoint detection, feature description, cross-image match-
ing, and robust model estimation with outlier rejection. Early
methods mainly relied on sparse point features, where salient
structures such as corners and edge points are detected and
encoded by local descriptors. The SIFT algorithm proposed
by Lowe in 1999 established a representative baseline due
to its strong scale and rotation invariance [15]. To improve
efficiency, SURF introduced integral-image-based acceler-
ation [16], while ORB combined fast detectors with binary
descriptors to support real-time applications [ 7].

In multimodal settings, the modality gap often manifests
as radiometric heterogeneity, inconsistent edge and texture
responses, and modality-specific noise patterns. These factors
reduce descriptor comparability and increase matching ambi-
guity. To improve robustness, PIIFD models local intensity
], and
PSO-SIFT constructs more robust gradient cues to tolerate
]. KAZE introduces non-
linear diffusion filtering to build a scale space that preserves

distributions to mitigate radiometric differences [
nonlinear intensity variations [

salient structures, which can be beneficial under radiometric
changes [20]. Beyond generic designs, modality-pair-specific
strategies have also been explored. For optical-SAR reg-
istration, Xiang et al. constructed a bimodal Harris scale

space and used exponentially weighted gradients to seek

cross-modal stable features [21]. Despite these improve-
ments, point-feature-based methods still rely heavily on local
low-level cues such as intensity and gradients. Under large
modality gaps, texture-poor regions, or strong artifacts, reli-
able sparse correspondences become difficult to obtain, which
can degrade matching accuracy and destabilize geometric
estimation. This limitation motivates methods that emphasize
more stable structural or frequency-domain information.
Structural feature methods exploit geometric shapes, con-
tours, and self-similarity patterns, focusing on the stability
of topological relations rather than photometric consistency.
They are particularly useful when grayscale or intensity
statistics differ substantially across modalities while coarse
structural layouts remain relatively stable. Representative
] and OSS [23]. ASS further
improves OSS by generating feature maps with local self-

approaches include HOSS [

similarity descriptors and enhancing rotation tolerance via
orientation voting and descriptor rotation [24]. However,
structural self-similarity can still be challenged by severe non-
linear radiometric discrepancies and complex clutter. OFM
applies multi-directional filtering with additional filter opti-
mizations, which improves robustness to nonlinear intensity
changes in complex multimodal imagery [25].
Frequency-domain feature methods perform matching by
transforming images into the frequency domain and extracting
phase-related information. Phase-based cues tend to be less
sensitive to radiometric inconsistencies than raw intensities,
and they can be implemented using transforms such as the
Fourier transform or Log-Gabor filtering. LGHD uses multi-
scale, multi-orientation Log-Gabor filters to extract features
[26]. For visible and long-wave infrared matching, its perfor-
mance can be affected by limitations of the FAST detector,
including sensitivity to noise and redundant clustered detec-
tions [27]. RIFT introduces a radiation-variation-insensitive
feature transform and uses a maximum index map to im-

prove robustness under radiometric discrepancy [28]. Its
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rotation handling based on ring-feature computation may
increase computational overhead. To address more complex
nonrigid deformation, HOWP and SOFT enhance match-
ing via weighted phase-orientation modeling or tensor-based
orientation feature maps [29, 30]. These methods are often
competitive under severe radiometric discrepancy and can
provide accurate displacement estimates in applications such
as medical imaging and remote sensing.

With the rise of deep learning, learning modality-robust
representations through end-to-end training has become in-
creasingly common. Early attempts replaced handcrafted
features with deep features extracted by convolutional neural
networks or graph neural networks, but robustness to large
modality gaps and matching efficiency were still limiting
factors in many settings. Recent learning-based methods can
be organized by how they generate correspondences. One
line focuses on learning keypoint detection and description.
D2-Net unifies detection and description in a single network
and improves matching performance across sources [31],
while XFeat emphasizes efficient architectures for keypoint
extraction [32]. A second line performs matching more di-
rectly on feature maps. LoFTR uses attention mechanisms
to establish correspondences without an explicit keypoint
detection stage and is effective in weak-texture scenes [33].
], and Match-

Former integrates feature extraction with similarity learning

SE2-LoFTR improves rotation tolerance [
to streamline the pipeline [35]. A complementary line refines
correspondences using matching backbones inspired by graph
reasoning. LightGlue, building on SuperGlue, improves run-
time while maintaining strong accuracy through self-attention
and cross-attention mechanisms [36, 37]. In addition, dense
matching methods aim to produce richer correspondences.
DKM [38] and RoMa [

matches and provide stronger constraints for nonrigid align-

] can generate a large number of

ment, but they often require higher computation.

In summary, feature-based multimodal registration has
evolved from handcrafted descriptors to learning-based
matching. Point-feature methods are efficient but can fail
under large modality gaps and strong local deformation.
Structural and frequency-domain methods are typically more
tolerant to radiometric discrepancy, yet they can be sensitive
to complex deformation and may struggle under real-time
constraints. Learning-based methods improve robustness by
learning cross-modal representations, but they depend on
training data coverage and can face deployment challenges
on resource-limited airborne platforms. These issues are es-
pecially pronounced in low altitude scenarios, where large
viewpoint changes, platform-induced motion, partial field-of-
(&) it % % wwat | Sci@pen
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view overlap, and time synchronization errors jointly increase
alignment difficulty. Therefore, improving robustness under
the low altitude modality gap while maintaining efficiency
and reliability remains an important direction, and Fig. 2 sum-
marizes the methodological evolution and key characteristics
of representative approaches.

3.1.2 Template-Based Image Registration Methods

Template based registration aligns images by searching for
the most similar region in a target image with respect to a
reference template. A typical workflow includes template
construction and preprocessing, similarity measure design,
hierarchical search to narrow candidates, and refinement
around the similarity peak for sub pixel localization. Due
to its simplicity and suitability for large area coarse search,
template matching is widely used for initial positioning and
coarse registration in remote sensing.

Early studies mainly adopted pixel based similarity mea-
sures, such as the sum of squared differences, abbreviated as
SSD, and the normalized correlation coeflicient, abbreviated
as NCC, to evaluate match quality [40]. Under cross-modal
conditions, these measures can be sensitive to nonlinear ra-
diometric discrepancy, which may lead to ambiguous matches
and false peaks. Mutual information, abbreviated as MI, re-
duces the impact of radiometric mapping changes to some
extent, but it is sensitive to the choice of window size and has
relatively high computational cost, which limits its practicality
in large area search [4 1]. To improve robustness, researchers
proposed more reliable metrics and matching strategies. BBS
reduces background interference through a nearest neighbor
mechanism [42]. DDIS improves robustness by accounting
for template deformation and by using the diversity of deep
features [43]. CoI'M measures matching error using co occur-
rence matrix statistics, which reduces direct dependence on
color differences [44]. Xiong et al. proposed a method named
CSTM-Net, which quantifies similarity between SAR and
optical images through spatial search and cosine similarity
[45]. Despite these advances, many methods still rely on
pixel values or pixel statistics, so performance may degrade
under complex radiometric distortion, occlusion, or cluttered
backgrounds.

To reduce dependence on pixel-level metrics, research
gradually shifted toward region level templates and similarity
measures based on structural cues. Structural cues in feature
matching are often used to stabilize local keypoint descriptors,
whereas structural cues in template matching aim to build
region level structured similarity or structural templates for
improved cross-modal robustness. The main motivation is
that boundaries, orientations, and local shapes are often less
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Fig. 3 Template-based image registration methods.

affected by radiometric discrepancy than raw intensity. Tong
et al. extracted displacement information via singular value
decomposition and improved registration under noise [46].
The HOPC descriptor proposed by Ye et al. combines phase
congruency with HOG and constructs template descriptors by
statistically characterizing local structural patterns, enabling
high precision registration [ 13, 47]. Its pixel-wise descrip-
tion, however, increases computational cost. CFOG improves
speed through frequency domain computation, but it remains
]. MSTM suppresses

nonlinear radiometric distortion using frequency domain con-

sensitive to initial position deviation [

volution maps and combines rotation robust omnidirectional
aggregation with multi-scale matching for efficient and robust
registration [49]. MOSS further uses the self similarity map
from coarse matching as a structural template and refines
alignment via orientation aggregation [50]. Overall, struc-
tural template methods effectively exploit structural cues to
mitigate modality gaps, but their performance can still be
limited by the expressiveness and cross scene generalization
of handcrafted features.

Given the difficulty of covering complex cross-modal vari-
ation with handcrafted designs, deep learning provides a
more adaptive solution for template matching. QATM models
matching quality as a soft ranking score and can be used as a
]. GFTM

and DLSTM used deep networks to extract cross-modal fea-

standalone module or embedded into networks [

tures and improved robustness and sub pixel localization
through multi loss optimization [52, 53]. Recent studies
further introduced attention mechanisms and contrastive con-
straints. AESF adopts multi branch global attention to enhance
structural representations and uses a multi crop matching loss
]. DCC intro-

duced a dense consistent InfoNCE contrastive loss to improve

to exploit both global and local information [

fine grained feature discriminability and suppress overfitting,

achieving strong results in cross-modal matching [55]. More

recent work integrates template matching into end-to-end ar-
chitectures. SIFNet uses self attention for multi-scale feature
fusion and formulates registration as a regression task [56].
Gao et al. proposed a method named DTM, which combines
edge aware modules with Transformer based structural cues
and achieves sub pixel registration via differentiable hierar-
chical optimization [57]. Overall, learning-based template
matching improves cross-modal adaptability, but it depends
on training data coverage and computational resources, and
interpretability remains an important concern for applications
that require high reliability.

In summary, template matching has evolved from single
pixel-level metrics to structurally enhanced templates and fur-
ther to learning-based end-to-end adaptation. In low altitude
scenarios, these methods are often more suitable for coarse
registration or initialization. Low altitude imagery commonly
exhibits strong parallax and platform induced motion that lead
to local deformation. It also suffers from inconsistent sensor
coverage and dynamic occlusion, which can violate the fixed
template assumption. Structural templates may face structural
confusion in cluttered backgrounds, while learning-based
methods can be constrained by limited data and onboard com-
putation budgets. Fig. 3 summarizes the major development
stages, representative works, and their key characteristics and
limitations.

3.1.3 Downstream Task-Based Image Registration Meth-
ods
Unlike explicit registration, implicit alignment is usually
not implemented as an independent registration pipeline.
Instead, it is embedded as an intrinsic mechanism within
downstream tasks. The key idea is to drive cross modality
consistency in space or in representation by optimizing task
objectives or self supervised constraints. For this reason,
implicit alignment is best summarized from the perspective
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Fig. 4 Downstream task-based image registration methods.

of application tasks, including detection, segmentation, re-
identification, and tracking.

In object detection, cross modality alignment is critical
for improving object saliency and boundary clarity in low
altitude scenarios, which directly affects localization and
classification performance [58]. Early solutions often em-
ployed deformable convolutional networks, abbreviated as
DeformConv, to compensate local geometric offsets by learn-
ing sampling displacements [59]. Representative works such
as TDRNet and RepPoints learn local offsets so that sampling
points adapt to object shapes, reducing pixel-level misalign-
ment [60, 61]. These methods are computationally efficient
and easy to integrate, but they mainly perform local cor-
rection and can be limited under large global displacement
or rotation. More recently, attention based models provide
stronger global interaction for implicit alignment. CMT fuses
multimodal features into unified tokens and aligns them in
three dimensional space, enabling global interaction and im-
proving robustness to missing modalities, while requiring
]. ProbEn further shows that the focus

of implicit alignment is expanding from spatial alignment to

higher computation [

temporal consistency in dynamic scenes [63].

In semantic segmentation, implicit alignment primarily
aims to reduce pixel-level spatial offsets and semantic drift
between multimodal features. Early work focused on unsuper-
vised domain adaptation, abbreviated as UDA, to align fea-
ture distributions between source and target domains. DSAN
achieved cross-modal medical image segmentation through
symmetric or bidirectional feature alignment, showing that
implicit alignment can be effective under limited annotation
[64]. Later studies moved toward finer grained alignment.
BAPA-Net introduced boundary adaptation and prototype
alignment to address missing boundary cues and class level
distribution drift [
alignment function, abbreviated as IFA, to aggregate multi

]. Hu et al. proposed an implicit feature

level feature maps efficiently for arbitrary resolution segmen-
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tation [66]. For visible and thermal segmentation, Liu et al.
proposed 1QSeg, a deformable alignment module to implicitly
]. With the rise of

unsupervised and self supervised learning, implicit alignment

align spatial features across modalities [

has improved in generality. Jiang et al. combined contrastive
learning with domain adaptation and reduced prototype level
discrepancies to align cross domain features implicitly [68].

In cross-modal data fusion, implicit alignment is usually
achieved during fusion through architectural design or fea-
ture learning. CAFF and AttentionFGAN use cross-modal
attention or generative adversarial networks to align features
and fuse complementary information, improving diagnosis or
recognition performance [69, 70]. Fusion is also commonly
used as an upstream component for detection. OAFA and
MSMDFusion aggregate LIDAR and camera features into a
unified representation space through spatial alignment, which
improves three-dimensional detection accuracy with the aid
]. DAFNet learned modality
invariant representations by decoupling anatomical structure

of gated convolutions [58,

from modality related factors, enabling alignment and fusion
across modalities [72]. To handle style discrepancy, ICAFu-
sion and SwinFusion are used to align fusion features and
maintain style consistency [73, 74].

In multimodal object re-identification, abbreviated as Re
ID, the key challenge is to obtain feature consistency and
discriminability across modalities without strict geometric
registration. Existing methods often combine feature decou-
pling, distribution alignment, and cross modality interaction
for implicit alignment. DRL-Net adopts Transformer archi-
tectures with object queries and contrastive learning, and
improves robustness under occlusion through local semantic
reasoning [75]. IMKA generates implicit modality data and
aligns their distributions, and incorporates uncertainty mod-
]. Additionally, IDKL exploits

modality specific cues by purifying and injecting them into

eling to stabilize retrieval [

shared representations to enhance cross-modal embeddings
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[77]. CAIL reduces modality discrepancy and improves intra
class compactness via multi level channel fusion and modality
center alignment losses [78]. Distribution level alignment
is another important line. TransVI introduces CMD-MMD
constraints to improve cross-modal consistency at the distance
distribution level [79]. CMTR encodes modality features us-
ing modality embeddings and modality aware enhancement
losses [80]. CMIT uses cross modality attention and modal-
ity discrimination losses to strengthen modality invariant
representations [81]. Across these designs, task objectives
encourage feature space consistency and thus achieve implicit
alignment.

In multimodal object tracking, naive concatenation or fu-
sion often yields inconsistent representations, so recent work
emphasizes feature-level implicit alignment and cross modal-
ity association. The mmMOT framework proposed by Zhang
et al. adopts a sensor agnostic design that represents each
modality independently and achieves alignment in a multi-
modal adjacency estimator, improving association robustness
[82]. For visible and thermal tracking, CMD transfers modal-
ity specific and shared knowledge from a dual stream network
to a lightweight single stream network, thereby achieving
implicit feature alignment [83]. AMNet introduces mutual
interaction spatial alignment modules and information match-
]. Lan

et al. employed MCSR, sparse representation and modality

ing fusion modules to maintain spatial consistency [

correlation modeling so that features from different modal-
ities converge in a unified space [85]. Lai et al. proposed
MRTTrack and combined separation collaboration design
with cross modality discrepancy constraints within a Trans-
former framework, mitigating offsets caused by modality gaps
]. Although technical

choices differ, these methods share the goal of consistent

and improving synergistic tracking [

cross modality representations.

In summary, implicit alignment is a cross modality con-
sistency modeling strategy that does not require explicit
registration labels, and it has been widely adopted across
detection, segmentation, fusion, re-identification, and track-
ing. Common mechanisms include structural modules such
as deformable sampling and attention interaction, as well
as optimization objectives such as contrastive constraints
and distribution alignment losses. These mechanisms capture
geometric and distributional deviations across modalities at
the feature-level and realize spatial and semantic consistency
within downstream tasks. Different tasks emphasize differ-
ent aspects. Detection and segmentation highlight boundary
quality and semantic consistency. Fusion prioritizes comple-
mentarity and style consistency. Re-identification and tracking

emphasize discriminability and temporal consistency. Overall,
current research indicates a trend of expanding cross-modal
alignment from spatial modeling toward semantic and tem-
poral modeling.

3.1.4 Low Altitude Adaptability Analysis of Feature-Level
Registration Methods

Feature-level image registration methods establish cross-
modal correspondences by constructing local or global fea-
tures with modal robustness and thus occupy a central position
in multimodal image registration research. However, when
these methods are directly applied to low altitude scenar-
ios, significant discrepancies arise between their theoretical
assumptions and the actual imaging environment. These dis-
crepancies reveal a series of severe adaptability issues which
are primarily manifested in four dimensions including geo-
metric viewpoint, environmental interference, computational
resources, and model generalization.

The first challenge arises from geometric instability and
viewpoint disparity. Low altitude platforms typically rely on
unmanned aerial vehicles namely unmanned aerial vehicles
(UAVs) or light aircraft for data acquisition characterized
by low imaging altitudes and frequent viewpoint changes.
Attitude jitter and heading adjustments during flight often
introduce significant scale variations, perspective distortions,
and local non-rigid deformations. This characteristic directly
challenges point-based feature methods that rely on local
geometric stability. Although SIFT, ORB, and their cross-
modal variants perform stably under medium-to-high altitude
or near-nadir imaging conditions, the projection differences of
3D terrain structures are significantly amplified in low altitude
environments. Such differences lead to a sharp decline in the
repeatability and geometric consistency of local features and
consequently render feature matching highly susceptible to
viewpoint variations and background interference.

The second challenge is the interference introduced by
complex environments and dynamic objects. Low altitude
scenes are often characterized by complex backgrounds and
drastic scale variations accompanied by numerous dynamic
targets such as vehicles, pedestrians, and rotating blades. This
poses new difficulties for feature methods based on structure
or frequency domain. Structural features and self-similarity
features possess strong cross-modal robustness under the
premise of relatively stable scene structures. However, under
low altitude rapid imaging conditions, frequent changes in
object occlusion and the destruction of local structures by
dynamic targets or incompleteness tend to weaken the dis-
criminative power of structural consistency. While frequency
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domain feature methods are insensitive to radiometric dif-
ferences, they are highly dependent on noise patterns and
imaging stability. Consequently, their matching stability is
severely limited in low altitude data plagued by strong motion
blur, sensor jitter, or complex scattering effects.

The third challenge is the contradiction between computa-
tional efficiency and resource constraints. Low altitude mul-
timodal perception often requires real-time operation under
limited computing power and energy consumption constraints
which places extremely high demands on the computational
efficiency of feature-level registration methods. Traditional
frequency domain methods and certain structural feature
methods typically involve complex filtering, transformations,
or multi-scale calculations. Meanwhile, dense feature match-
ing and deep learning methods offer richer correspondences
but are often accompanied by prohibitive computational and
storage overheads. This dichotomy between precision and
efficiency is particularly pronounced on resource-constrained
low altitude embedded platforms and directly impedes the
deployment of many high-precision feature-level methods in
practical systems.

The final challenge involves data distribution and model
trustworthiness bottlenecks. For deep learning-based feature
alignment methods, adaptability in low altitude scenarios is
severely constrained by training data distribution and model
generalization capabilities. Most existing deep matching mod-
els are trained on standard datasets or relatively standardized
remote sensing and natural images. In contrast, low altitude
scenario data are characterized by variable viewpoints, diverse
modal combinations, and high annotation costs. This results in
training samples that fail to cover the complex long-tail cases
found in real-world applications. Furthermore, deep models
generally suffer from a lack of interpretability. This makes
it difficult to effectively evaluate and verify the reliability of
registration results in high-stakes applications such as low
altitude emergency monitoring and security patrols.

In summary, feature-level image registration methods in
low altitude scenarios face not a single technical bottleneck
but a systemic obstacle composed of multiple factors includ-
ing imaging geometric instability, dynamic environmental
interference, real-time and computing power constraints,
and insufficient data and model generalization capabilities.
This indicates that existing feature-level methods cannot
simply be directly migrated to effectively adapt to low al-
titude multimodal perception tasks. Instead, they require
deep integration with motion modeling, temporal constraints,
task-driven implicit alignment mechanisms, or lightweight
network architectures.
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3.2 Pixel-Level Image Registration Strategies

According to the level at which cross-modal correspondence
is established, multimodal alignment methods for low altitude
platforms can be broadly organized into two methodolog-
ical lines, namely feature-level registration and pixel-level
registration. Feature-level registration emphasizes the con-
struction of modality-robust correspondences in representa-
tion space and is mainly reflected in feature-based methods,
template-based methods, and downstream task-coupled im-
plicit alignment. Pixel-level registration focuses on explicit
spatial correspondence in the image domain and mainly in-
cludes mutual-information-based methods, image-translation-
based methods, and end-to-end registration methods.

These method families differ not only in implementation
form, but also in the assumptions they make about radiometric
consistency, geometric deformation, overlap stability, and
deployment conditions. Feature-level methods are generally
more tolerant to modality discrepancy and are more naturally
compatible with downstream perception pipelines, whereas
pixel-level methods are more suitable when explicit geometric
mapping and dense alignment are required. In low altitude
scenarios, where viewpoint variation, dynamic interference,
partial overlap, and resource constraints are often coupled, the
practical effectiveness of each method family depends on the
specific balance among robustness, geometric precision, and
deployability. The following subsections review representative
methods under this taxonomy, and Table 1 summarizes their
main characteristics and typical applicability.

3.2.1 Mutual-Information-Based Registration Methods

Mutual information, abbreviated as MI, is an information
theoretic measure that quantifies statistical dependence be-
tween two random variables. Unlike similarity measures that
assume photometric consistency, MI builds an unsupervised
alignment criterion by modeling joint statistical dependency
between images. As a result, MI has become a widely used
similarity measure for multimodal registration and has been
applied in medical imaging, remote sensing, and industrial
vision [87, 88]. MI based registration typically estimates
transformation parameters by maximizing the mutual infor-
mation between a reference image and a moving image, which
yields geometric registration.

The introduction of MI to image registration dates back to
the mid 1990s. Collignon et al. and Viola et al. proposed MI
based approaches for automatic rigid registration and demon-
strated effective registration for multimodal medical imagery
such as CT with MRI and PET with CT [89, 90]. Wells et
al. further developed an automated framework that iteratively
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Fig. 5 Mutual-information-based image registration methods.

updates pose parameters until MI is maximized [91]. Because
this information theoretic formulation makes fewer assump-
tions about the imaging process, it is often more robust than
correlation based measures across devices and modalities.
Tsao et al. analyzed the impact of interpolation artifacts on
MI registration and motivated subsequent improvements in
numerical stability and implementation practice [92].
Standard MI still has limitations, including sensitivity to
local intensity variations, limited spatial priors, and strong
dependence on estimation and optimization details. For met-
ric enhancement and prior modeling, Luan et al. proposed
a quantitative qualitative MI measure that combines region
and structure cues with grayscale statistics to address the
]. Loeckx et al.
introduced conditional mutual information, abbreviated as

limitations of purely intensity based MI [

CMLI, and treated spatial position as a conditional variable to
model local statistical dependency, which is useful for non-
]. Woo et al. and Legg et al. embedded
geometric constraints into the MI objective by incorporat-

rigid registration [

ing three dimensional Harris cues or feature neighborhood
information, which improves local consistency in complex
scenes [95, 96]. For optimization and numerical computation,
Dame and Marchand accelerated gradient and Hessian evalu-
ation using second order Taylor approximation [97]. Liang
et al. and Wu et al. employed heuristic strategies such as ant
colony optimization to mitigate nonconvexity and improve
global search behavior [88, 98]. In addition, joint histogram
estimation, binning strategies, interpolation schemes, and
multiresolution search can substantially affect the stability
and accuracy of MI in practice.

In the deep learning era, MI has gradually been used not
only as a direct objective, but also as a differentiable loss
term or an alignment module within trainable frameworks.
Hu et al. introduced an MI maximization module in an
unsupervised domain adaptation framework to learn domain
invariant features and enable cross domain knowledge transfer
[99]. Wang et al. proposed a differentiable local MI layer to

constrain an iterative denoising process and provide guidance

through statistical cross-modal consistency without relying
on an explicit modality mapping [100]. These studies indicate
that MI can serve as a regularization term that complements
representation learning and generative models by enforcing
cross-modal feature consistency.

Despite its long standing success in medical imaging and
remote sensing, purely MI driven registration has become
less common in recent years. One reason is that low altitude
multimodal data often exhibit limited overlap and field of view
mismatch, dynamic occlusion and increased noise, and resolu-
tion imbalance with local deformation. These factors degrade
the reliability of joint statistics and make MI optimization
more prone to local optima and unstable convergence. Mean-
while, learning-based methods provide end-to-end feature
modeling and multiscale context fusion. Therefore, MI is
more frequently used as an auxiliary loss or an evaluation
metric rather than the sole driving objective. Fig. 5 summa-
rizes the development trajectory and representative directions
of MI based multimodal registration.

3.2.2 Image-translation-based Registration Methods

Image translation aims to learn a correspondence between
the source domain and the target domain. In image reg-
istration, its main role is to reduce nonlinear appearance
variations induced by modality differences while preserving
structural cues in medical images that are critical for accurate
geometric alignment [101]. Translation-based methods for
multimodal registration typically follow a modality normal-
ization paradigm. A generative model first synthesizes the
moving image so that its appearance is consistent with the
fixed image. The subsequent registration step then estimates
the transformation using similarity measures defined within
a single-modality setting. This two-stage design effectively
reformulates multimodal registration as unimodal registra-
tion, thereby alleviating the optimization difficulty caused by
cross modality intensity inconsistencies and improving the
robustness of similarity-driven alignment.

Early research predominantly adopted generative adver-
sarial networks (GANs) as translation modules, employing
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Fig. 6 Image translation registration methods.

adversarial training to learn cross-modal appearance trans-
fer [
can lead to spatial and structural inconsistencies, producing

]. However, optimizing primarily for visual fidelity

geometry-inconsistent artifacts that deviate from the orig-
inal spatial structure. To address this, subsequent studies
have incorporated geometric consistency constraints into
the translation process. SymReg-GAN [103] utilizes cycle-
consistency to suppress structural drift, while cGAN [104]
and RegGAN [

paired conditions as observation noise, introducing auxiliary

] treat correspondence errors under weakly

registration modules to constrain generator training and re-
duce misalignment between synthesized and target structures.
These methods regularize the translation network through
explicit geometric constraints, aiming to ensure the physical
plausibility of the generated pseudo-images. Addressing the
risk of structural misalignment in repetitive texture regions,
AAN [
local patch contrastive mechanisms to mitigate propagation

] further introduces edge-gradient constraints and

errors in fine-grained structures.

The evolution of network architectures also reflects a shift
from generation quality to structural fidelity. INNReg [ 1 07] in-
troduces Invertible Neural Networks, leveraging their bijective
properties to minimize information loss during cross-domain
transformation and ensure strict topological correspondence
between input and output. This pursuit of structural fidelity is
particularly critical in medical image registration, which is
highly sensitive to density statistics and local anatomical con-
sistency. The semi-supervised framework proposed by Han
etal. [
by translation through structure-preserving mapping, indicat-

] significantly reduces geometric distortion caused

ing that high-quality pseudo-image generation is crucial for
enhancing the reliability of multimodal registration.
Recent research has further leveraged Diffusion Models and
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Optimal Transport theory to reinforce structural priors. Yuan
et al. [
cal information and modal style based on Latent Diffusion

] achieved explicit disentanglement of anatomi-

Models, ensuring the adaptability of translation results for
downstream registration via frozen attention mechanisms.
More recently, AU-Net incorporates DDPM-based bidirec-
tional cross-modal translation as supervision in a unified
registration—fusion framework, supporting joint learning of
]. Similarly, HR4IR builds a har-
monized domain through invertible cross-modal translation

alignment and fusion [

and combines coarse-to-fine deformation correction with al-
ternate search to improve infrared-visible alignment [111].
Meanwhile, Kim et al. [112] introduced Neural Optimal
Transport to achieve precise statistical distribution alignment
at the domain level. These methods are no longer limited to
pixel-level mapping but strive to achieve modality unification
at the feature distribution level, thereby providing more ro-
bust matching references than traditional GANS in scenarios
characterized by drastic illumination changes, such as low
altitude remote sensing.

In addition, translation has been extended to collaborative
learning frameworks and challenging natural scenes. Xu et
al. [113,

registration stage combined with an affine estimation network,

] employed a translation network as a coarse

which accelerated convergence speed while enhancing overall
registration precision. Xia et al. [115] explored the use of
image translation to normalize sensor inputs under adverse
weather conditions by converting them into standard visibil-
ity representations to improve downstream tasks including
semantic segmentation, depth estimation, and localization.
Their training scheme based on coarsely aligned image pairs
suggests that effective image translation can enhance the

performance of subsequent perception and alignment tasks
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even in the absence of strictly paired data. This observation
further supports the transferability of domain normalization
and structural-prior ideas to low altitude imagery, where
radiometric distortions and imperfect pairing are common.

In summary, translation-based multimodal registration has
evolved from GAN-driven appearance transfer aimed at en-
abling unimodal registration to structure-centric paradigms
that suppress translation-induced drift via explicit geometric
constraints and consistency losses. More recently, diffusion-
based generation and neural optimal transport have further
enhanced the physical plausibility and statistical alignment
of cross-modal mappings. Although these innovations origi-
nated largely outside low altitude settings, their core concepts
regarding domain normalization and structural priors are
particularly transferable to mitigating radiometric distortions
in low altitude imagery, such as drastic illumination and
appearance variations. At the same time, translation by it-
self does not address core geometric difficulties, including
large viewpoint changes and occlusion. When such factors
dominate, sequential translation and registration pipelines
can suffer from error accumulation that degrades alignment
quality. A promising direction is to couple translation and
registration within a unified differentiable framework that
supports joint optimization, thereby improving geometric
fidelity and overall robustness.

3.2.3 End-to-End Registration Methods

End-to-end image registration uses deep neural networks
to learn a direct mapping from an image pair to a spatial
transformation. This paradigm integrates feature extraction,
correspondence estimation and transformation optimisation
into a single feed-forward inference procedure. It improves
inference efficiency and facilitates practical deployment, and
has become an important research direction in recent years.
Figure 7 summarises the temporal evolution of the end-to-
end registration methods reviewed in this section, and shows
the progression from early convolutional neural network
based unsupervised frameworks to methods that incorporate
distribution level constraints, semantic guidance and explicit
refinement schemes.

Early work such as VoxelMorph [1 16, ] established an
unsupervised framework that learns dense deformation fields
by combining image similarity objectives with deformation
regularisation, without requiring explicit correspondences.
However, predicting a dense deformation field with many
degrees of freedom from intensity information alone is often
ill posed. Ambiguity is severe in regions characterised by
weak texture, repeated structures and occlusions, because

the available image evidence is insufficient to determine cor-
respondences in a unique way. These conditions can lead
to foldings of the deformation field, reflected by regions
with non-positive Jacobian determinant values, as well as
unrealistic distortions near structural boundaries and reduced
generalisation when there is a shift between training and test
domains, for example due to changes in acquisition protocol or
modality. Subsequent studies have mainly followed two com-
plementary routes. The first route introduces explicit priors
and consistency constraints to restrict the solution space and
to promote deformations that are physically meaningful. The
second route integrates semantic information and improves
network architectures to better model cross-scale and cross
modality correspondences.

To reduce ambiguity in direct prediction, one major line of
work strengthens regularisation and introduces distribution
level constraints. Bidirectional consistency has been widely
enforced through cycle consistency losses. CIRNet [ 18]
promoted approximate inverse consistency between forward
and backward deformations. Lian et al. [ 19] proposed Co-
CycleReg, which couples registration with image translation
in a cyclic framework and improves robustness through com-
plementary constraints across tasks. In multimodal scenarios
where intensity distributions differ substantially, ASNet [120]
and PAMRFuse [
istered outputs with the target modality at the distribution

] used adversarial learning to align reg-

level. These approaches may introduce training instability
and discriminator bias, and may also encourage alignment in
appearance space that is not accompanied by correct geomet-
ric correspondence. For this reason, adversarial objectives are
commonly combined with geometric consistency constraints,
regularisation that favours invertible mappings, or uncertainty
estimation mechanisms in order to improve overall reliability.

A second line of research focuses on introducing higher
level semantic information and refining network architectures.
The aim is to reduce the dependence on low level intensity
cues, which can be unreliable under large deformations and
] and RegSeg [123]
integrated anatomical labels or segmentation networks into

in weak texture regions. DeepReg [

the registration pipeline and provided structural supervision
through label overlap constraints or semantic feature consis-
] further developed this idea in the JSSR
system through joint optimisation of image synthesis, regis-

tency. Liu et al. [

tration and segmentation, which strengthens the interaction
between representation learning and geometric alignment.
Architectural innovations also address limitations of con-
volutional networks in modelling long range dependencies.

E2FEIR [125] introduced self-attention to improve global con-
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Fig.7 End-to-end registration methods.

text modelling for large-scale multimodal alignment in remote
sensing imagery. NIR [126] employed neural fields to model
deformation with implicit continuous functions. KeyMorph
[127] incorporated sparse and interpretable control through
keypoint prediction, providing geometric anchors in addi-
tion to dense deformation estimates. MulFS-CAP performs
single-stage fusion for unregistered inputs by modeling cross-
modality alignment perception during fusion, alleviating the
]. Meanwhile,

C2RF connects registration and fusion through commonality

dependence on explicit pre-registration [

mining and fusion-guided contrastive learning, enabling their
joint optimization in a mutually reinforcing manner [129].
Consistent with the temporal pattern in Figure 7, recent end-
to-end multimodal registration methods have evolved from
single-stage prediction pipelines towards frameworks that
explicitly incorporate constraints and multi-step refinement at
the architectural level. Representation disentanglement meth-
ods seek to separate modality-invariant structural information
] and
]. Multiscale progressive strategies improve

from modality-specific appearance, as in MSFDNet [
PFRFusion [
robustness by first correcting global geometric discrepan-
cies and then refining local correspondences, as in MIPR
[132] and K-CMorph [
vide additional refinement steps during inference, including

]. Feedback based designs pro-
bidirectional constraints [ 134] and residual feedback atten-
tion [135]. In parallel, Hy-CycleAlign [136] introduces the
first hyperbolic space based multimodal image registration
framework, extending multimodal alignment from Euclidean
space to hyperbolic space to better capture hierarchical and
cross-modal structural relationships. Together, these studies
(8) it %+ 2wt | Sci@pen
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introduce explicit consistency conditions and repeatable re-
finement mechanisms that improve stability under various
perturbations.

These developments provide useful guidance for registra-
tion in low altitude scenarios. Terrain-induced parallax, rapid
changes in viewpoint and scale, and disturbances such as
platform jitter, motion blur and occlusions increase corre-
spondence ambiguity and reduce the reliability of single-scale
alignment. Multiscale progressive registration is therefore
well suited to first correct global geometric discrepancies
and then refine local structure. Consistency constraints and
feedback mechanisms help suppress unreliable local matches
and adjust deformation estimates within multi-step refinement
procedures during training or inference. Robust registration
under these conditions supports applications that require high
spatio-temporal consistency, including disaster emergency
monitoring and fine-grained land cover change detection.

3.2.4 Low Altitude Applicability of Pixel-Level Registra-
tion Strategies
Pixel-level registration establishes cross modality correspon-
dences in the intensity domain or through intensity induced
statistical distributions. It uses raw intensities and their statis-
tical relationships as primary constraints and avoids reliance
on hand crafted geometric descriptors or explicitly defined
semantic entities. While widely employed in multimodal
medical imaging and satellite remote sensing, where imaging
conditions remain comparatively controlled, their efficacy
diminishes in low altitude scenarios. When transferred to
such dynamic platforms, the inherent photometric constancy
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assumption often fails due to complex radiometric varia-
tions and large-scale geometric distortions, thereby severely
limiting robustness and generalization capabilities.

Low altitude imagery is characterized by significant view-
point and scale variations, accompanied by perspective dis-
tortion and pronounced terrain relief. Although mutual in-
formation and related statistical similarity measures are the-
oretically robust to cross modality radiometric differences,
their practical effectiveness relies on the estimation of a joint
distribution that remains sufficiently stationary over adequate
spatial support. In low altitude scenarios, limited spatial
support combined with strong spatial heterogeneity and a
high fraction of dynamic objects compromises the stability of
local statistics. Moreover, the compounding effects of occlu-
sion, dynamic motion, and sensor noise severely compromise
the integrity of distribution estimation, thereby inducing a
highly multimodal objective landscape. This increases the
susceptibility to convergence towards incorrect local optima,
particularly under conditions of drastic viewpoint changes or
non-rigid deformations.

Translation based pixel-level registration faces a persis-
tent tension between structural preservation and geometric
consistency. Even structure aware translation models rely on
priors learned from training data. Distribution shifts may arise
from changes in flight altitude, trajectory, platform attitude,
or sensor configuration. Under such shifts, translated target
modality surrogates can exhibit local structural distortions or
semantic misplacement. These artifacts increase geometric
uncertainty and may propagate to the subsequent registration
stage. This issue is accentuated in unmanned aerial vehicle
remote sensing, where distribution gaps across missions and
acquisition campaigns are often substantial.

End-to-end pixel-level registration offers efficient inference,
but its low altitude applicability depends strongly on training
coverage and regularisation design. Low altitude data combine
global geometric variation with local nonrigid effects and
dynamic perturbations, which increases the ill posedness of
direct deformation prediction. Without sufficiently strong
geometric constraints or semantic priors, learned deformation
patterns may be unstable under real conditions and may lack
geometric validity. Practical deployment is further constrained
by onboard computation and energy budgets.

Overall, the dominant limitations in low altitude environ-
ments reflect the concurrent degradation of statistical stabil-
ity, structural consistency, and geometric validity. Mutual-
information-based objectives rely on stationarity that is diffi-
cult to satisfy in dynamic heterogeneous scenes. Translation-
based methods can reduce modality gaps but may introduce

geometric artifacts. End-to-end models offer high expressive-
ness yet remain sensitive to data distributions and regular-
ization design. Consequently, robust low altitude multimodal
registration necessitates unified formulations that couple
pixel-level constraints with multi-scale modeling, structural
or semantic priors, and task-driven constraints. Such inte-
gration is essential to enforce geometric consistency and
semantic stability in a manner that aligns with the challenging
operating conditions of low altitude platforms.

4 Datasets

Multimodal datasets for low-altitude vision can be divided
according to cross-modal alignment quality, including reg-
istered datasets and coarsely aligned datasets. Registered
datasets provide relatively accurate spatial correspondence
and are therefore more suitable for evaluating geometric
alignment and registration-oriented fusion methods, while
coarsely aligned datasets more closely reflect practical UAV
sensing conditions, where residual parallax, local deforma-
tion, and unstable correspondence are often unavoidable.
These two categories differ in acquisition difficulty, annota-
tion cost, alignment precision, and typical usage, and together
define the current data foundation for low-altitude multimodal
registration research. Table 2 summarizes the representative
datasets, their acquisition scenarios, and primary applications,
while the following subsections discuss these two categories
in detail.

4.1 Low Altitude Registered Multimodal Datasets

Low altitude registered multimodal datasets provide pixel-
level geometric ground truth, which is essential for evaluating
alignment errors and fusion algorithms. Building such datasets
at scale in low altitude scenarios is constrained by three
factors, namely platform dynamics, sensor heterogeneity, and
annotation cost. On the UAV side, rapid attitude changes and
platform motion, together with residual inter-sensor timing
offsets, introduce nonlinear misalignment between modalities.
On the sensing side, visible and thermal infrared cameras often
differ in field of view, spatial resolution, and lens distortion
characteristics, making accurate registration difficult and
typically requiring hardware-level synchronization as well as
careful geometric calibration and post-processing. In addition,
producing or validating pixel-accurate correspondences often
relies on manual annotation or manual quality control, which
incurs substantial time and financial cost and further limits
dataset scale and category diversity.

Although high-quality registered datasets such as LLVIP

[137] and MSRS [138] have been developed in general vision,
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Table 2 Representative datasets discussed in this review, their acquisition scenarios, and primary applications. RGB denotes red-green-blue
images, T denotes thermal images, HSI denotes hyperspectral images, D denotes depth maps, and 3D denotes 3D point clouds.

Dataset Modality type  Acquisition scenario  Low-altitude  Alignment Primary applications

LLVIP RGB-T Surveillance No Yes Fusion and object detection
MSRS RGB-T Road scenes No Yes Fusion and semantic segmentation
M3FD RGB-T Mixed scenes No Yes Fusion and object detection

VIFB RGB-T Mixed scenes No Yes Fusion

HyKo 3D-HSI Autonomous driving No - Tracking

SensatUrban 3D-RGB Aerial scenes Yes - Semantic segmentation
UAVid-3D-Scenes RGB-D Aerial scenes Yes - Depth estimation

DroneVehicle RGB-T Aerial scenes Yes No Vehicle detection

UAVmatch RGB-T Aerial scenes Yes Yes Registration and fusion

their acquisition settings differ substantially from low altitude
UAV scenarios. These datasets are commonly collected from
fixed or near-static ground-based viewpoints with limited
camera motion and modest viewpoint change, which reduces
parallax and facilitates pixel-level registration, and in this
setting resolutions up to 1280 x 1024. In contrast, low altitude
aerial imagery is characterized by pronounced depth variation
and viewpoint changes, where terrain relief and scene depth
discontinuities induce large parallax, and camera motion
introduces strong perspective effects. As a result, models
trained or evaluated on ground-view registered datasets often
exhibit limited robustness when transferred to low altitude
tasks, since they have not been exposed to the geometric
deformation patterns that dominate UAV-based multimodal
alignment.

Native registered datasets for low altitude UAV scenarios
remain scarce. Existing attempts often improve local reg-
istration accuracy by reducing the effective field of view,
typically through center cropping, to avoid regions with
large viewpoint-induced misalignment. For example, the
UAVmatch benchmark constructed by Gao et al.[139] derives
pixel-level ground truth from originally unregistered sources
such as DroneVehicle [140], but the resulting resolution is
limited to 480 x 480, which is substantially lower than the
resolution ground-view benchmarks. This reduction is closely
tied to the difficulty of low altitude registration. To obtain
pixel-level alignment under strong geometric variation, it is
often necessary to discard peripheral areas where alignment
errors become dominant. The resulting tradeoff between field
of view and alignment accuracy reduces the amount of large-
scale structural context preserved in the data, and highlights
the absence of systematic benchmarks that jointly provide
high resolution and high-precision registration. Consequently,
the availability of high-quality registered data remains a key
bottleneck for progress in this area.
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4.2 Low Altitude Coarsely Aligned Multimodal
Datasets

Low altitude multimodal datasets are often only coarsely
aligned after applying approximate geometric constraints
and preliminary extrinsic calibration. They do not provide
pixel-level correspondences and typically retain noticeable
residual misalignment and image deformation, mainly due to
imperfect inter-sensor time synchronization, high-frequency
platform vibration, and rapid attitude changes during flight.
In many multimodal methods, these residual errors are im-
plicitly ignored and the inputs are treated as if they were well
aligned. This mismatch between the data assumption and the
actual sensing condition can be harmful, because residual
parallax and local distortion reduce cross-modal consistency
and introduce implicit noise when transferring supervision
across modalities, which in turn degrades the reliability and
accuracy of downstream tasks. Across existing datasets, the
remaining misalignment and deformation can be summarized
into three recurring factors. Spatio-temporal bias causes large
parallax and multi-scale offsets. Platform motion coupled with
imaging characteristics produces local warping and nonrigid
deformation. Cross-modal association is further complicated
by weak texture and occlusion, which leads to missing or
unstable correspondences between modalities.

For two-dimensional image modalities, UAV-view RGB-T
pairs and hyperspectral imagery mainly reflect the effects of
spatiotemporal bias and local deformation. In RGB-T datasets
such as DroneVehicle [ 140], approximate extrinsic calibration
and pose information can support coarse alignment between
modalities, yet noticeable residual misalignment remains. In
particular, near-range objects often exhibit depth-dependent
offsets and parallax that cannot be compensated by a single
global affine transform or homography, leading to spatially
varying cross-modal inconsistency. Related RGB-T datasets
such as M3FD [141] and VIFB [
tical degradations including motion blur, rapid illumination

] further exhibit prac-
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changes, and different levels of initial misalignment, which
compound the geometric inconsistency introduced by plat-
form motion and imperfect synchronization.

In hyperspectral datasets such as HyKo [143], pushbroom
acquisition introduces modality-specific geometric artifacts.
Even after mapping to a common reference frame, scanline-
related distortion and local nonuniform scaling can persist,
and band-to-band misregistration is frequently observed due
to sensor motion and timing differences across spectral chan-
nels. These factors make it difficult to maintain consistent
correspondences across bands and require subsequent pro-
cessing to address spatially varying misalignment together
with spectral variation.

For cross-dimensional data, joint datasets of low alti-
tude optical images and LiDAR point clouds highlight the
third challenge. Although extrinsic calibration and trajec-
tory estimation enable approximate alignment in a common
coordinate frame, residual calibration error and imperfect
time synchronization often produce noticeable reprojection
error on the image plane, especially in regions with large
] and UAVid-3D-Scenes
[145] further reflect these issues in large urban scenes with

depth variation. SensatUrban [

complex structures and frequent occlusions, where reliable
correspondences are difficult to maintain and cross-modal
fusion becomes sensitive to residual misalignment.

Overall, the prevalence of coarsely aligned low altitude mul-
timodal datasets is primarily due to the difficulty of obtaining
high-precision registered data at scale. Because these datasets
retain residual parallax and local deformation, treating them
as well aligned creates a systematic mismatch between model-
ing assumptions and the actual sensing condition, weakening
cross-modal feature consistency and degrading downstream
tasks performance. Consequently, methods deployed on such
data should explicitly address residual misalignment, either
by incorporating an alignment module or by designing fu-
sion and training strategies that are tolerant to spatial offsets
and local distortion, so that the adverse impact of imperfect
registration can be mitigated in practical settings.

5 Evaluation Metrics

Accurate evaluation is paramount in low altitude multimodal
registration, as residual misalignment is often subtle, spatially
variant, and highly sensitive to scene depth and platform
motion. In the context of pixel-level registration, registration
quality is quantified directly within the image plane by assess-
ing discrepancies between corresponding pixels following
the warping process. This approach necessitates either dense
pixel-level correspondences or reliable geometric references.

Accordingly, this section synthesizes similarity metrics and
pixel-wise discrepancy measures computed on warped image
pairs. Furthermore, it addresses geometric and boundary
consistency measures derived from sparse correspondences
or segmentation contours, provided such reference data are
available. Conversely, feature-level registration is typically
integrated within downstream perception pipelines and is,
therefore, evaluated using task-specific performance criteria.

5.1 Pixel-level Registration Metrics

Pixel-level registration evaluates alignment quality directly
in the image plane. The corresponding metrics therefore
focus on the consistency between the reference image and
the warped image, including intensity similarity, pixel-wise
discrepancy, and geometric or boundary agreement when
suitable annotations are available.

Mutual Information (MI). Mutual information is widely
used for cross modality registration because it measures
statistical dependence between intensity distributions. Let X
and Y denote discretized intensity values of the reference
image I,. and the warped image I,,,, with marginals px (x)
and py (y) and joint distribution pxy (x,y). The mutual
information is

) — o) log PXY(2:Y)
I(X,Y)—;Y;E;PXY( y)1 gpx(x)py(y)' (D)

In practice, pxy is estimated from the joint histogram
of (I, I,,), and the summation is taken over bins with
pxy(w,y) > 0.

Normalized Cross-Correlation (NCC). Normalized
cross-correlation quantifies linear correlation. Let I, and
I,,, be the mean intensities of I, and I,,, over Q. Then

NCC(I,, I,) =
SO DB,
S (L(2) = 1) | S (In(@) = In)”
zeN e

When the denominator is close to zero, numerical stabiliza-
tion is required. NCC is most suitable for same-modality data
or cases with approximately linear intensity relationships.

Mean Absolute Error (MAE). Mean absolute error mea-
sures the average absolute intensity discrepancy between the
reference image I, and the warped image I,,, over the pixel

domain

MAE(I,, I,,,) = % S (@) = In(@)] 3)

where N = |Q)|. MAE provides a linear penalty on deviations
and is relatively less sensitive to isolated large errors.
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Mean Squared Error (MSE). Mean squared error mea-
sures the average squared intensity discrepancy between I,
and the warped image I,

MSE(I,, I,,) = % > Un(@) = In(2))?. (@)

z€Q
By applying a quadratic weighting to deviations, MSE assigns
greater importance to large residual errors and is therefore
well suited for scenarios where larger misalignments or severe
local discrepancies need to be emphasized.

Dice Similarity Coefficient (DSC). For region-based met-
rics, let €2 denote the image domain. Let R, C Qand R, C
denote the predicted and ground-truth foreground regions,
respectively, where each region is represented as the set of
pixels classified as foreground in the corresponding binary
mask. The associated boundary point sets are denoted by
ORp, and OR4, and | - | denotes set cardinality.
_ 2[R0 Ry| .

Rl + Ry

Hausdorff Distance (HD) and 95th-percentile Hausdorff
Distance (HD95). The Hausdorff distance characterizes the
worst-case boundary deviation by taking the maximum of the
two directed distances between OR,, and OR . Let d(z, S) =
minyeg ||« — y||2 denote the point-to-set distance, and define

DSC(R,. Ry)

the symmetric distance set
D = {d(z,0Ry)}zcor, U{d(y,0Rp)}ycor,. (6)
The Hausdorff distance is then given by
HD(0Rp,0R4) = maxD. (7

To reduce sensitivity to isolated outliers, the 95th-percentile
Hausdorff distance replaces the maximum with a high-order
quantile. Let Qg.95(-) denote the 95th percentile operator.
Then

HD95(IR,, 0R,y) = Qo.05(D) . (8)

Average Symmetric Surface Distance (ASSD). The aver-
age symmetric surface distance summarizes the mean bound-
ary deviation by averaging distances in both directions, where
OR, and OR, denote the boundary point sets, | - | denotes
set cardinality, and d(z, OR) = min,ecor ||x — z||2 denotes
the Euclidean distance from a boundary point x to the closest

point on the boundary OR
1 1
ASSD(OR,, 0Rg) = = | =5~ > d(x,0Ry)
2 ‘aRp| TEIR,

+ |a7lzg| > d@,@n,,)).

YEIR,
9)

2 g
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5.2 Feature-level Registration Evaluation Based on
Downstream Tasks

Feature-level registration focuses on alignment in the feature
space. The corresponding evaluation is therefore commonly
conducted through downstream task performance, including
detection, segmentation, tracking, and re-identification, which
provides a more practical measure of the quality of learned
cross-modal correspondences.

Object Detection Metrics. For detection tasks, precision
and recall are commonly used to quantify the correctness and
completeness of predicted objects. Let TP, F'P, and FFN
denote the numbers of true positives, false positives, and false
negatives, respectively. Then

TP
Precision = m s (10)
TP
Recall = m (ll)

Based on the precision—recall curve, the average precision for
one category can be written as

-1
AP:/ P(R)dR, (12)
0

where P(R) denotes precision as a function of recall. Over
C categories, the mean average precision is

C
1
mAP = 6;APC. (13)

Semantic Segmentation Metrics. For segmentation tasks,
feature-level registration can be evaluated using mean in-
tersection over union. Let T'P,, F'P., and F'N. denote the
numbers of true positive, false positive, and false negative
pixels for class ¢, respectively, where ¢ € {1,...,C} and C
is the total number of semantic classes. Then

TP,
IoU, = ,
TP.+ FP,+ FN,
and the mean intersection over union is

(14)

C
1
mloU = = ; ToU,. (15)

Multi-Object Tracking Metrics. For tracking tasks,
feature-level registration affects both object detection qual-
ity and cross-frame identity association. A commonly used
metric is multi-object tracking accuracy, defined as
FN;+ FP, + IDSW;)

Zt GT; 7
where F'Ny, F'P;, and I DSW,; denote the numbers of false
negatives, false positives, and identity switches at frame ¢,

MOTA =1 2t (16)

respectively, and G'T} is the number of ground-truth objects.
Another important metric is IDF1, which emphasizes identity
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preservation:
2IDTP
2IDTP+ IDFP+ IDFN’
where IDTP, IDFP, and IDFN denote identity true

positives, false positives, and false negatives, respectively.

IDF1 =

a7)

Re-identification Metrics. For re-identification tasks,
feature-level registration is expected to improve the con-
sistency of shared embeddings under modality discrepancy.
Let rank(¢) denote the rank position of the first correct match
for query 7 among IV, queries. Then Rank-1 accuracy can be
written as

N
1 q
Rank-1 = v Z 1(rank(i) = 1), (18)
9 =1
where 1(-) is the indicator function. The mean average preci-
sion over all queries is

N,
1 q
mAP = — " AP, (19)
Ny i=1

where AP; is the average precision of query 4.

6 Future Outlook

We review the main research directions and representative
methods for multimodal image registration and provide a
basis for low altitude applications. However, low altitude
environments involve complex imaging conditions, chang-
ing observation scales, and strong platform constraints, so
methods developed in more stable settings often show lim-
ited robustness when transferred directly. To achieve further
progress in multimodal image registration for low altitude
scenes, future research should continue to advance in data
resources, method design, and evaluation frameworks, with
greater emphasis on practical generalization and deployment.

In terms of data resources, low altitude datasets typically
have a wide field of view and strong scale imbalance, so
many targets occupy only a few pixels and fine structures are
difficult to preserve. This weak evidence reduces the reliability
of feature extraction and correspondence estimation, and it
also increases labeling uncertainty for both boundaries and
cross-modal matches. Existing datasets further remain limited
in modality coverage, annotation quality, and scene diversity,
while illumination, weather, land cover, and flight states can
introduce substantial distribution shifts across regions and
time. Synthetic data can still serve as a useful supplement for
rare conditions and controlled analysis, but future progress
will depend more on large-scale, high-quality real-world
datasets with broader sensor coverage and more consistent
collection and annotation protocols. In particular, future
datasets should better support cross-region, cross-season, and

cross-platform evaluation so that model transferability and
reproducibility can be assessed more reliably.

In terms of methods, future work should place greater
emphasis on robust and efficient alignment under the spe-
cific constraints of low altitude platforms. Building on the
progress of existing methods, further advances may also come
from improving cross-modal correspondence modeling under
nonrigid deformation, dynamic interference, partial overlap,
and limited onboard computation. For pixel-level registration,
promising directions include physics-consistent modeling,
uncertainty-aware similarity estimation, dynamic-region sup-
pression, and coarse-to-fine optimization that remains reliable
under noise, motion blur, compression artifacts, and resolution
loss. For feature-level registration, an important direction is to
develop stronger cross-modal representations that make better
use of global context while preserving sensitivity to local
structures. Large pretrained models, cross-modal pretraining
across optical, infrared, and SAR imagery, and lightweight
adaptation strategies may therefore provide an effective path
toward better transfer across regions and seasons. In addi-
tion, multimodal alignment should gradually extend from
static spatial registration to spatiotemporal consistency and
semantic association, so that future systems can better support
dynamic low altitude scenes.

In terms of evaluation frameworks, existing geometric and
statistical metrics remain essential for assessing multimodal
registration performance. However, when used alone, they are
often not sufficient to fully reflect the practical effectiveness
of low altitude multimodal alignment. Future evaluation
should therefore further integrate conventional registration
metrics with downstream task indicators, including detection,
segmentation, and tracking performance, so as to establish
a more comprehensive evaluation framework. In addition,
robustness and uncertainty should be reported more explicitly.
Practical evaluation protocols may include progressively
increasing noise, motion blur, compression, or resolution
degradation, and then measuring how registration accuracy
and downstream task performance change with disturbance
strength. Such an evaluation framework would better reflect
model reliability and practical value in real low altitude
environments.

A conclusion is not restatement of the abstract, but to stress
the importance of the work, to give the paper a sense of
completeness, and leave a final impression on the readers.
The conclusion section is the last section of the paper to be
numbered.
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7 Conclusion

This survey summarizes multimodal image registration tech-
niques for low altitude scene requirements and analyzes the
applicability of existing methods under data conditions, scene
complexity, and deployment constraints. Overall, the main
challenges in low altitude multimodal registration include
insufficient data resources with complex distributions, promi-
nent effects from moving objects and nonrigid factors, and
a mismatch between common evaluation metrics and down-
stream task benefit. Future research should advance jointly
across data, methods, and evaluation. It is necessary to build
datasets with broader coverage and more consistent label-
ing, to develop more robust and interpretable models, and to
extend alignment objectives from the spatial level to the spa-
tiotemporal level and the semantic level. It is also necessary
to establish standardized and task oriented evaluation, and to
provide measurable descriptions of robustness and reliability
in complex environments. Through cross discipline collabo-
ration and open sharing, multimodal image registration can
support reliable deployment and wider adoption in key do-
mains such as urban governance, agricultural monitoring, and
disaster response.
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