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Abstract

Achieving pixel-level registration between SAR and optical
images remains a challenging task due to their fundamen-
tally different imaging mechanisms and visual characteris-
tics. Although deep learning has achieved great success in
many cross-modal tasks, its performance on SAR-Optical
registration tasks is still unsatisfactory. Gradient-based infor-
mation has traditionally played a crucial role in handcrafted
descriptors by highlighting structural differences. However,
such gradient cues have not been effectively leveraged in
deep learning frameworks for SAR-Optical image match-
ing. To address this gap, we propose SOMA, a dense reg-
istration framework that integrates structural gradient pri-
ors into deep features and refines alignment through a hy-
brid matching strategy. Specifically, we introduce the Fea-
ture Gradient Enhancer (FGE), which embeds multi-scale,
multi-directional gradient filters into the feature space us-
ing attention and reconstruction mechanisms to boost fea-
ture distinctiveness. Furthermore, we propose the Global-
Local Affine-Flow Matcher (GLAM), which combines affine
transformation and flow-based refinement within a coarse-to-
fine architecture to ensure both structural consistency and lo-
cal accuracy. Experimental results demonstrate that SOMA
significantly improves registration precision, increasing the
CMR@1px by 12.29% on the SEN1-2 dataset and 18.50%
on the GFGE SO dataset. In addition, SOMA exhibits strong
robustness and generalizes well across diverse scenes and res-
olutions.

Code — https://github.com/traslauc/SOMA

Introduction
Multi-modal remote sensing image registration is a funda-
mental step in multi-source data fusion and analysis, sup-
porting tasks such as object detection, change detection, 3D
reconstruction, and joint classification (Jiang et al. 2021).
Among various modalities, Synthetic Aperture Radar (SAR)
and optical imagery have received particular attention due to
their complementary sensing characteristics. SAR provides
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Figure 1: Comparison of CMR@1px among methods lever-
aging different types of feature representations. The pro-
posed SOMA, which incorporates feature gradient enhance-
ment, significantly outperforms both the conventional CNN
baseline and the CFOG that leverages image gradients.

all-weather, all-day imaging with strong sensitivity to sur-
face structure and roughness, even through cloud cover. Op-
tical imagery, in contrast, offers high-resolution visual de-
tails and semantically rich information. Their combination
is especially valuable in emergency response and terrain in-
terpretation under adverse weather. Accurate alignment be-
tween SAR and optical images is thus essential for effective
joint analysis.

Recent years, learning-based SAR-Optical image regis-
tration methods have demonstrated remarkable improve-
ment in robustness (Dong et al. 2019; Quan et al. 2022; Li
et al. 2023). However, in practical applications, the substan-
tial disparity in imaging mechanisms and image character-
istics between SAR and optical images presents a signifi-
cant challenge for accurate registration. In particular, SAR
images often contain regions severely affected by nonlinear
radiometric distortions and speckle noise, where the pixel-
level features lack distinctiveness from their surroundings.
This makes it difficult for existing methods to sufficiently
extract reliable dense features, ultimately limiting the fol-
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Figure 2: (a) Flow fields prioritize local warp, but leave
distortion. Affine fields maintain structural consistency via
global transforms but lost local precision. (b) Violin plots
further reveal distinct error profiles.

lowing matching precision.
In fact, it is observed that gradient information plays a

critical role in the design of handcrafted features. Hand-
crafted features (Yao et al. 2022; Zhang et al. 2024) utilize
multi-directional and multi-scale gradient extraction strate-
gies to effectively capture structural information, allowing
local differences to be distinguished from their surround-
ings. However, when gradient extraction is directly applied
to raw images, these features are easily overwhelmed by
noise, leading to unstable responses and disturbed semantic
information, as shown in Figure 1.

Building on this analysis, we explore the explicit integra-
tion of multi-directional and multi-scale gradient features
into learning-based feature extraction process. Unlike tradi-
tional methods that compute gradients directly from images,
we apply directional gradient filters to the feature pyramid to
better capture structural cues. However, high-level abstract
features often contain redundant and entangled information
across spatial and channel dimensions. Direct gradient fil-
tering in such feature spaces can severely degrade feature
integrity. To address this, we adopt a feature reconstruction
mechanism (Li, Wen, and He 2023) that reduces redundancy
in spatial and channel dimensions, retaining features crucial
for effective gradient filtering and accurate correspondence
estimation. We further incorporate the attention mechanism
and dilated convolutions to effectively integrate and rein-
force the extracted gradient cues. Additionally, a final Gaus-
sian smoothing step is applied to reduce early residual noise.
We encapsulate this gradient enhancement into a dedicated
module named Feature Gradient Enhancer (FGE).

Although FGE enhances the deep features, achieving ac-
curate dense registration still requires a robust matcher. Most
existing multimodal remote sensing image matching ap-
proaches focus on learning a single geometric transforma-
tion. However, global transformation lacks local precision,
while dense warp tends to compromise structural consis-
tency. As a result, these methods may suffer from local dis-
tortion under challenging conditions, as shown in Figure 2.

We propose a Global-Local Affine-Flow Matcher
(GLAM) to fix this issue, which introduces affine regression
in a coarse-to-fine manner. The affine regression captures
large-scale structural alignment and provides consistent de-

formation priors, while the flow regression refines local de-
tails at progressively finer resolutions. By coupling these
two transformations, our GLAM mitigates local misalign-
ment and enhances global stability, leading to more precise
and robust cross-modal matching.

Finally, to give the entire pipeline a stable coarse warp,
we adopt a frozen DINOv2 (Oquab et al. 2024; Darcet et al.
2024) vision backbone as the coarse-level feature encoder,
inspired by RoMa (Edstedt et al. 2024). This global percep-
tual context from DINOv2 complements the FGE, providing
reliable input to GLAM.

To this end, we propose a dense matching framework for
SAR and optical image registration, termed SOMA (SAR-
Optical MAtching), which integrates the proposed FGE
and GLAM modules within an end-to-end architecture to
achieve robust and accurate SAR-Optical image registration.

Our main contributions are summarized as follows:

• We propose FGE, a feature gradient enhancer that lever-
ages multi-scale, multi-directional gradients to model
distinctive representations, improving matching preci-
sion and robustness between SAR and Optical images.

• We propose GLAM, a global-local affine-flow matcher
that forms a bidirectional coupling between local flow
and global affine estimation, improving local accuracy
while avoiding distortion.

• We introduce a frozen DINOv2 to stable init alignment
and improve robustness in registration.

• We benchmark SOMA on diverse public datasets and it
consistently surpasses state-of-the-art baselines, boost-
ing CMR@1px by 12.29% on SEN1-2 and 18.50% on
GFGE SO dataset, while retaining strong robustness and
generalization in challenging scenes.

Related Work
SAR-Optical Registration Methods
SAR-Optical image registration approaches can be broadly
categorized into handcrafted methods and deep learning-
based models. Handcrafted methods typically employ statis-
tical similarity measures (Sedaghat and Mohammadi 2019;
Hong et al. 2022) or gradient-based descriptors such as
CFOG and SAR-SIFT (Dellinger et al. 2014; Xiang, Wang,
and You 2018; Yao et al. 2022; Zhang et al. 2024) to ex-
tract structural cues. While these methods are effective in
capturing geometry, they often suffer from limited robust-
ness when confronted with large modality gaps in texture
and radiometry. In contrast, recent learning-based methods
leverage Siamese networks (Liu, Qi, and Peng 2023), atten-
tion mechanisms (Zhang et al. 2021; Quan et al. 2022), or
unsupervised learning strategies (Ye et al. 2022) to extract
modality-invariant features, improving generalization across
diverse scenarios. However, such learning-based methods
may still underperform in terms of fine-grained match-
ing accuracy. This limitation has also been noted in prior
works (Zhang et al. 2020), suggesting the importance of
highly distinctive feature representations for accurate pixel-
level alignment.
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Figure 3: SOMA framework with FGE and GLAM. Given a SAR-Optical image pair, SOMA extracts multi-scale features by
two separated ResNet50 encoders and a frozen DINOv2 branch, then enhances representations with Feature Gradient Enhancer
(FGE), and performs hierarchical alignment using Global-Local Affine-Flow Matcher (GLAM). All convolution layers use a
kernel size of 3× 3 by default, unless stated otherwise.

Pretrained Vision Models
Robust cross-modal matching hinges on strong, transferable
feature representations. Large self-supervised vision models
have made this feasible: models such as DINOv2 (Oquab
et al. 2024), CLIP (Radford et al. 2021), and iBOT (Zhou
et al. 2022)—trained with contrastive or reconstruction ob-
jectives on massive image data—show remarkable general-
ization (Cai et al. 2025). Recent work across a wide range
of vision tasks further confirms that keeping these mod-
els frozen boosts cross-domain performance: RoMa (Ed-
stedt et al. 2024) and OmniGlue (Jiang et al. 2024) ex-
ploit frozen DINOv2 features to stabilize semantic corre-
spondences, while ChangeCLIP (Dong et al. 2024) achieves
comparable gains with CLIP embeddings. Nevertheless, ef-
fectively utilizing their representations for robust initializa-
tion in SAR-Optical matching remains an open issue. Moti-
vated by this, we adopt a frozen DINOv2 backbone as an en-
coder component in our registration framework, providing a
reliable foundation for subsequent coarse-to-fine alignment.

Sparse and Dense, Local and Global Deformation
Estimation
Within multi-modal image matching, traditional keypoint-
based methods are effective but often struggle in textureless
or repetitive regions due to sparse and unstable correspon-
dences. Dense matching approaches, which estimate pixel-
wise deformations, offer higher precision but lack global
constraints, making them prone to structural inconsisten-
cies (Melekhov et al. 2019; Truong, Danelljan, and Timo-
fte 2020). Affine transformation (Bebis et al. 1999) meth-
ods (Xu, Yuan, and Ma 2023; Xu et al. 2022) provide ef-
ficient global alignment but are often limited by parame-

ter coupling and sensitivity to local variations. To overcome
these limitations, our GLAM establishes a cooperative op-
timization between global affine estimation and local flow
refinement, achieving both structural consistency and fine-
grained adaptability across diverse scenarios.

Method
Framework Overview
As illustrated in Figure 3, SOMA predicts a dense defor-
mation field Ŵ ∈ RH×W×2 that warps an optical image
Io ∈ RH×W to align with a SAR image Is ∈ RH×W .

Dual encoders respectively extract five-level feature pyra-
mids φo

l , φ
s
l ∈ RC×Hl×Wl , where l ∈ {1, 2, 4, 8, 16} de-

notes the downsampling factor with respect to the original
resolution. At the coarsest scale (l = 16), a frozen DINOv2
is incorporated for robust features. At intermediate scales,
we apply the Feature Gradient Enhancer (FGE) to explicitly
inject multi-directional gradient into the feature space. FGE
first reduces spatial and channel redundancy, then applies
fixed directional filters followed by attention-based fusion
and Gaussian smoothing, yielding enhanced features with
improved structural distinctiveness.

These features are fed into the Global-Local Affine-Flow
Matcher (GLAM), which estimates a hierarchy of deforma-
tion fields Ŵl. In a coarse-to-fine manner, an affine regressor
predicts global transformation parameters θl ∈ R2×3, which
are then converted into a full-resolution displacement field
Ŵ a

l ∈ RHl×Wl×2, while a flow regressor estimates resid-
ual flow Ŵ f

l ∈ RHl×Wl×2, refining the warped result from
the previous level. In addition, a pixel-wise certainty map
p̂ ∈ RH×W is predicted at the finest level to weight super-
vision during training and is omitted during inference.
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Feature Extraction
We extract multi-scale features at four levels l∈{1, 2, 4, 8}
using two modality-specific ResNet50 backbones trained
from scratch. However, deep CNN features are sensitive to
modality imbalance: for instance, SAR images may exhibit
severe sudden intensity changes in specular or noisy regions,
leading to unstable responses (Zhang, Wang, and Liu 2022).

To stabilize coarse alignment, we incorporate a frozen DI-
NOv2 at l = 16. Pretrained via self-distillation, DINOv2
produces contrast-aware embeddings that remain perceptu-
ally meaningful across modalities (Cai et al. 2025). These
features serve as a robust structural anchor at the coarsest
level, helping the hierarchical matcher establish reliable cor-
respondences before refinement at higher resolutions.

Feature Gradient Enhancer (FGE)
Accurate fine-scale registration requires reliable feature de-
scription ability with high distinctiveness across SAR and
optical modalities. Although gradient cues are naturally
suited for capturing such representation, directly applying
fixed gradient filters to high-dimensional CNN feature maps
often amplifies aliased noise (Ribeiro and Schön 2021).
Moreover, how to effectively integrate gradient information
into deep neural networks remains an open issue. To ad-
dress this, we propose the Feature Gradient Enhancer (FGE),
which first reduces feature redundancy, and then explicitly
integrates multi-directional gradient cues using attention and
dilated convolutions, resulting in robust and distinctive fea-
ture representations. The details of FGE’s four main compo-
nents are elaborated as follows.

Redundancy reduction. FGE begins by reconstructing
the input feature map φl. We adapt two lightweight modules
from SCConv (Li, Wen, and He 2023): a spatial reconstruc-
tion unit SRU(·) and a channel reconstruction unit CRU(·),
suppressing noisy and aliased responses. The reconstructed
feature Frecon serves as a foundation that facilitates effective
gradient extraction:

Frecon = CRU
(
SRU(φl)

)
+ φl. (1)

Residual connection is employed to maintain stable infor-
mation throughout the reduction process and subsequent en-
hancement stages.

Multi-directional gradient extraction. We apply a bank
of rotated Sobel-like kernels {Kθi} on Frecon, each captur-
ing a directional gradient:

Gi = ReLU
(
Kθi ∗ Frecon

)
, i = 1, . . . , N. (2)

In practice, we adopt N = 8 different directions with
θi ∈ {0◦, 22.5◦, 45◦, 67.5◦, 90◦, 112.5◦, 135◦, 157.5◦}. The
outputs Gi of these N branches are concatenated and fused
into Fgrad via 1× 1 convolution,

Fgrad = Conv1×1

(
[G1, . . . , GN ]

)
+ Frecon. (3)

Attention-driven fusion. To adaptively enhance the most
informative gradient cues under varying scene conditions,
we introduce simple attentions (Woo et al. 2018) following
the directional filtering. Specifically, we apply a lightweight

channel-attention block CA(·) and a spatial-attention block
SA(·) to selectively emphasize salient gradient responses.
This mechanism compensates for the fixed nature of gra-
dient kernels and enhances the discriminability of struc-
tural features crucial for matching. Formally, the attention-
enhanced feature Fatt is computed as:

Fatt = Fgrad ⊗ CA(Fgrad)⊗ SA(Fgrad) + Fgrad, (4)

where ⊗ denotes element-wise multiplication.
To enrich structural representation with multi-scale con-

text, we apply dilated convolutions with dilation rates
{1, 2, 3} to Fatt. The resulting feature maps Fms are fused
via 1× 1 convolution as well:

Fms = Conv1×1

(
[Dilated(Fatt)]

3
d=1

)
. (5)

Smoothing. To stabilize the early stages of training, we
apply a depthwise convolution initialized with a Gaussian
low-pass kernel Gauss(·). The final enhanced feature map
φg
l is obtained by adding the attention-enhanced feature:

φg
l = Fatt +Gauss

(
Fms

)
. (6)

FGE is applied to the levels l ∈ {2, 4, 8}. Its output φg
l

retains the same shape as φl and is directly consumed by the
hierarchical matcher. For consistency of notation, we here-
after still denote φg

l as φl.
In addition, how the proposed FGE affects cross-modal

feature matchability is discussed in the Supplement. Inter-
estingly, we observe that the feature gradient enhancement
leads to a notable decrease in cosine similarity between cor-
responding SAR and optical features, suggesting that high
similarity is not a necessary condition for effective cross-
modal matching.

Global-Local Affine-Flow Matcher (GLAM)
Most existing multimodal remote sensing image matching
approaches rely on regressing a single geometric transfor-
mation to align cross-modal inputs. However, due to the in-
herent modality gap between SAR and optical images, re-
lying solely on either global or local transformations often
proves insufficient.

GLAM estimates two complementary deformation fields,
an affine field Ŵ a

l and a flow field Ŵ f
l , which further cor-

rect local misalignments remaining from the previous level.
These two are computed using shared features but separate
decoders shown in Figure 3.

Affine-Flow Warping. Let φo
l and φs

l denote the optical
and SAR feature maps at level l. To facilitate hierarchical
refinement, the SAR features are first warped using the esti-
mated transformation from the previous scale Ŵ prev

l , yield-
ing φ̃s

l . The aligned pair [φo
l , φ̃

s
l ] is then passed to two de-

coders:

Ŵ a
l = A([φo

l , φ̃
s
l ]), Ŵ f

l = F([φo
l , φ̃

s
l ]), (7)

where A(·) and F(·) denote the affine and flow regressors.
The outputs Ŵ a

l , Ŵ
f
l are used to update the current transfor-

mation Ŵl.
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Multi-stage matching pipeline. The matching proceeds
through three stages:

Coarse Initialization (l = 16): At the coarsest level, only
the affine regressor is used, allowing the model to estimate
an initial warp Ŵ16 based on global affine. This serves as a
robust starting point for finer-scale refinement.

Coupled Registration (l = 8, 4): At intermediate lev-
els, both affine and flow regressors are active. SAR features
are warped using the previous warp Ŵ prev

l then concate-
nated with optical features. GLAM simultaneously predicts
Ŵ a

l , Ŵ
f
l at this stage, then updates Ŵl using Ŵ f

l . These
two deformation fields are jointly optimized through a con-
sistency loss Lcons, which encourages mutual guidance be-
tween global alignment and fine-grained warping. Details of
the loss are provided in the Loss Functions section.

Refinement (l = 2, 1): At this stage, large misalignment
has been resolved, allowing the following stages to focus on
fine-grained refinement. Thus, the affine regressor is omit-
ted. Only the flow is estimated to capture residual displace-
ments. In addition, a pixel-wise certainty map p̂ is predicted
as a certainty logit used for the final refinement step.

Thus, by incorporating both affine and flow transforma-
tions within a coarse-to-fine framework, GLAM achieves
global structural consistency and local precision.

Loss Functions
As part of SOMA’s hierarchical design, our loss function
specifically addresses the challenges inherent in coarse-to-
fine registration. In addition to the conventional RMSE-
based warp loss, our optimization objective incorporates
four contrapuntally designed terms to enhance certainty
awareness, enforce multi-scale progressive refinement, fa-
cilitate complementary affine-flow interactions, and mitigate
global drift introduced by affine transformations.

The final loss L is defined as:

L = Lwarp︸ ︷︷ ︸
warp loss

+ λLcons︸ ︷︷ ︸
affine-flow consistency

+ αcLcert︸ ︷︷ ︸
certainty supervision

+ αdLdelta︸ ︷︷ ︸
residual supervision

+ αuLuni︸ ︷︷ ︸
patch-wise uniformity

,

(8)

where αc = αd = αu = 0.1, and λ = 0.5.

Warp Loss Lwarp. We follow standard practice by mini-
mizing the pixel-wise RMSE between the predicted defor-
mation field Ŵ1 and the ground truth warp W :

Lwarp = RMSE
(
Ŵ1,Wgt

)
. (9)

This term anchors the overall registration quality. However,
its performance is insufficient when faced with large modal-
ity discrepancies.

Affine-Flow Consistency Lcons. GLAM simultaneously
estimates affine and flow fields, with the goal of leveraging
their complementary strengths. To achieve this interaction

and mutual enhancement, we minimize the discrepancy be-
tween their predictions through a consistency loss function:

Lcons =
∑

l∈{8,4}

RMSE
(
Ŵ f

l , Ŵ
a
l

)
. (10)

Certainty Supervision Lcert. To address the increased
modality differences arising at finer scales—particularly ev-
ident as the resolution approaches the original input—we in-
troduce a supervision term on the predicted certainty logits
p̂, encouraging them to reflect the actual matching quality:

Lcert =
1

|Ω|
∑
x∈Ω

(
σ(p̂(x))− e−∥Ŵ1(x)−Wgt(x)∥2

)2

, (11)

where Ω denotes the image domain and σ(·) is the sigmoid
function.

Multi-Scale Residual Supervision Ldelta. To stabilize hi-
erarchical refinement under modality-induced distortions,
we supervise the residual deformation at each pyramid level
l ∈ {8, 4, 2, 1}, defined as the difference between ground-
truth and the accumulated prediction from coarser levels:

Ldelta =
∑

l∈{8,4,2,1}

wl

∥∥∥Ŵl − (Wgt − Ŵ prev
l )

∥∥∥
1
, (12)

with weights w8 = 0.125, w4 = 0.25, w2 = 0.5, w1 = 1.
Ŵl and Ŵ prev

l are upsampled to the size of Wgt.

Patch-Wise Uniformity Luni. Although affine transfor-
mations offer valuable global guidance for modeling coarse
alignment, in some cases involving complex local distor-
tions, they can inadvertently introduce spatial bias across
certain regions. To mitigate this effect and ensure more
balanced local accuracy, we divide the predicted warp Ŵ1

and the ground truth Wgt into four non-overlapping patches
{Ŵ i

1,W
i
gt}, i ∈ {1, 2, 3, 4}, and minimize the standard de-

viation (Std) of patch-wise registration error:

Luni = Std(
{
RMSE

(
Ŵ i

1,W
i
gt

)}4

i=1
). (13)

Our loss formulation extends beyond conventional objec-
tives by explicitly addressing the structural, hierarchical, and
spatial challenges in SAR-Optical matching. This interplay
of supervision leads to more stable and accurate conver-
gence, as validated by our experiments.

Experiments
Datasets
We evaluate SOMA’s registration performance on two
public datasets: SEN1-2(Schmitt, Hughes, and Zhu 2018)
dataset and GFGE SO(Yang et al. 2025) dataset. The SEN1-
2 dataset encompasses diverse land cover types at 10-meter
spatial resolution. Since the original image pairs are not
strictly aligned, we use the finely registered version pro-
vided by SOPatch(Xu et al. 2023). GFGE SO dataset con-
tains multi-temporal, multi-satellite SAR-Optical pairs with
a higher spatial resolution of 5m. Compared to SEN1-2, it

9761



Figure 4: Registration Results of SOMA on the SEN1-2
(Left) and the GFGE SO dataset (Right).

presents more severe spectral discrepancies and radiomet-
ric noise, posing greater challenges for cross-modal regis-
tration. We further test SOMA on two external datasets for
generalizability analysis, which are not used during training:
WHU-SEN-City(Wang et al. 2019) and OSdataset(Xiang
et al. 2020).

To replicate realistic registration scenarios, random ge-
ometric transformations are applied to the SAR images.
Specifically, following the previous protocols, we introduce
translations of up to 32 pixels, scale variations of 0.2, and ro-
tations within ±5°. In ablation, we further extend the range
by increasing the maximum translation to 50 pixels and the
rotation span to ±20°.

Implementation Details
We adopt an end-to-end training strategy, where the DINOv2
backbone is kept frozen. All other components are trained
from scratch. Training is conducted for 100 epochs with a
batch size of 4, using the AdamW optimizer with a learning
rate of 5 × 10−5. A warm-up phase of 5 epochs is applied
at the beginning of training. All experiments and evaluations
are performed on two NVIDIA RTX 4090 GPUs.

Comparison with State-of-the-Art Methods
We compare SOMA against several representative meth-
ods, including traditional methods and deep learning-based
methods known for their fine-grained performance. The tra-
ditional side includes MI (Suri and Reinartz 2009) and
CFOG (Ye et al. 2019). And, on the learning-based side,
we select a set of works—DDFN (Zhang et al. 2020),

Method CMR@Threshold (%) ↑

1px 2px 3px 4px 5px

MI 44.03 53.45 57.16 58.78 60.01
(Suri and Reinartz 2009)
CFOG 46.02 59.73 64.87 66.58 67.53
(Ye et al. 2019)
DDFN 49.64 65.63 72.76 74.95 76.00
(Zhang et al. 2020)
FFT U-Net 54.87 73.43 79.90 83.52 86.56
(Fang et al. 2021)
MoPSI 60.87 81.71 90.18 92.27 93.60
(Liu, Qi, and Peng 2023)
OSMNet 62.58 83.04 91.13 93.13 94.46
(Zhang et al. 2021)
RMSO-ConvNeXt 68.67 86.18 92.46 94.46 95.60
(Yang et al. 2025)
SO-ConvNeXt 74.38 90.27 94.36 95.70 96.27
(Yang et al. 2025)

SOMA 86.67 94.50 95.97 97.56 98.78
(+12.29) (+4.23) (+1.61) (+1.86) (+2.51)

Table 1: Comparison of correctly match rate (CMR) at vary-
ing pixel thresholds on the SEN1-2 dataset.

FFT U-Net (Fang et al. 2021), OSMNet (Zhang et al.
2021), MoPSI (Liu, Qi, and Peng 2023), SO-ConvNeXt and
RMSO-ConvNeXt (Yang et al. 2025)—as current perfor-
mance upper bounds.

We adopt the Correctly Matching Rate (CMR) as a pri-
mary evaluation metric to assess the robustness and preci-
sion of registration methods. CMR computes the proportion
of image pairs whose registration error remains below a pre-
defined threshold, thereby reflecting the method’s ability to
consistently achieve acceptable alignment.

Table 1 summarizes the CMR at pixel thresholds ranging
from 1-5px on the SEN1-2 dataset. Our proposed SOMA
consistently achieves the best performance across all thresh-
olds. At the most stringent criterion, SOMA attains 86.67%,
surpassing the previous state-of-the-art method by 12.29%.
This advantage persists as the matching threshold relaxes,
with SOMA reaching 98.78% at 5px, outperforming by
2.51%. As shown in Table 2, on the more challenging
GFGE SO dataset, which features higher-resolution images
and stronger spectral discrepancies, SOMA also surpasses
the strongest baseline across all thresholds, with improve-
ments peaking at 18.50% under the 1px threshold.

The consistent and significant improvements across all
thresholds demonstrate SOMA’s superior performance in
pixel-level registration. Some examples of the results are
shown in Figure 4.

Ablation Study
We perform an ablation study on the SEN1-2 dataset by
progressively incorporating the DINOv2, FGE, and GLAM
modules into a shared baseline. As shown in Table 3, we re-
port results in terms of CMR, as well as the registration error
Ravg, calculated as the mean RMSE across all test pairs.

Individually, the FGE module produces the most substan-
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Method CMR@Threshold (%) ↑

1px 2px 3px 4px 5px

MI 30.21 40.36 44.25 46.74 48.33
(Suri and Reinartz 2009)
CFOG 37.98 46.24 55.01 59.18 61.87
(Ye et al. 2019)
DDFN 43.05 52.31 59.68 64.26 67.05
(Zhang et al. 2020)
FFT U-Net 47.93 57.49 63.07 67.05 71.23
(Fang et al. 2021)
MoPSI 54.97 69.94 75.02 82.88 89.16
(Liu, Qi, and Peng 2023)
OSMNet 56.40 72.53 79.00 87.26 91.84
(Zhang et al. 2021)
SO-ConvNeXt 58.69 75.51 82.78 92.05 95.83
(Yang et al. 2025)
RMSO-ConvNeXt 60.88 79.00 85.37 92.94 96.23
(Yang et al. 2025)

SOMA 79.38 88.82 93.97 96.68 98.42
(+18.50) (+9.82) (+8.60) (+3.74) (+2.19)

Table 2: Comparison of correctly match rate (CMR) at vary-
ing pixel thresholds on the GFGE SO dataset.

tial improvement over the baseline, particularly under strict
alignment criteria. At the 1px threshold, it increases CMR by
20.54% compared to the baseline, demonstrating the effec-
tiveness of feature gradient enhancement in improving fine-
level characteristics. The GLAM module also contributes
consistent gains, especially at 1-3px, indicating the value of
coarse-to-fine affine-flow modeling in capturing hierarchical
geometric transformations.

When used in combination, the benefits of each module
become more pronounced. FGE + GLAM already achieves
strong performance, outperforming all single-module vari-
ants. Adding DINOv2 leads to further gains, confirming the
advantage of semantic regularization via frozen fundamen-
tal features. The complete framework, SOMA, integrates all
three components and achieves the best results, with a CMR
of 87.53% at 1px and the lowest registration error. Further
analyzes are provided in the Supplement.

Generalizability Analysis
To evaluate the generalizability of SOMA, we perform
cross-dataset testing using models trained solely on SEN1-
2. Two additional datasets are used for evaluation. The first,
WHU-SEN-City(Wang et al. 2019), is collected from the
same satellite and shares the same spatial resolution as
SEN1-2, but covers 32 cities in China, exhibiting different
geographical distributions. The second, OSdataset(Xiang
et al. 2020), is constructed from Google Earth optical images
and GaoFen-3 SAR data, which feature significantly higher
spatial resolution and diverse image characteristics of multi-
ple sources. Here, we use image pairs provided by SOPatch
for both datasets, consistent with the SEN1-2 setting.

The experimental results in Table 4 show that SOMA
maintains strong performance on WHU-SEN-City, indicat-
ing good generalization across scenes with similar resolu-

Setup CMR@Threshold (%)↑ Ravg ↓

1px 2px 3px 4px 5px

baseline 28.85 76.28 86.19 90.83 93.40 2.58

+ DINO 27.75 81.05 89.24 94.38 96.21 2.36
(-1.10) (+4.77) (+3.05) (+3.55) (+2.81) (-0.22)

+ FGE 49.39 86.31 91.69 94.50 97.31 1.95
(+20.54) (+10.03) (+5.50) (+3.67) (+3.91) (-0.63)

+ GLAM 42.79 71.15 84.23 88.75 92.91 2.25
(+13.94) (-5.13) (-1.96) (-2.08) (-0.49) (-0.33)

+ DINO + FGE 52.44 88.88 94.01 95.23 96.70 1.77
(+23.59) (+12.60) (+7.82) (+4.40) (+3.30) (-0.81)

+ DINO + GLAM 60.88 84.23 91.81 95.84 97.92 1.55
(+32.03) (+7.95) (+5.62) (+5.01) (+4.52) (-1.03)

+ FGE + GLAM 75.43 87.16 92.91 95.48 96.70 1.33
(+46.58) (+10.88) (+6.72) (+4.65) (+3.30) (-1.25)

SOMA (full) 87.53 94.87 96.45 97.19 97.80 0.94
(+58.68) (+18.59) (+10.26) (+6.36) (+4.40) (-1.64)

Table 3: Component analysis of SOMA.

Dataset Resolution Source CMR@5px (%) Ravg

WHU-SEN-City 10m
Sentinel-1
Sentinel-2

96.75 1.80

OSdataset 1m
Google Earth

GaoFen-3
92.96 3.37

Table 4: Generalization performance of SOMA.

tion and sensor characteristics, but varying geographic con-
tent. On OSdataset, despite the lack of high-resolution train-
ing supervision, SOMA still shows reasonably good perfor-
mance at 5px. This suggests that SOMA retains generaliz-
ability under cross-sensor and high-resolution domain shifts,
even without explicit adaptation.

Runtime Analysis
We evaluated the runtime of SOMA in comparison to the
baseline. SOMA processes each image pair with a size of
512× 512 pixels in 94 ms on average, incurring just a 6.8%
overhead compared to the baseline’s 88 ms, while delivering
significantly improved accuracy.

Conclusion
We have proposed SOMA, a high-precision and robust
framework for SAR-optical image registration. SOMA em-
ploys the Feature Gradient Enhancer (FGE) to refine deep
features, guiding the model to focus on structural cues
that are more conducive to establishing accurate matching.
A frozen DINOv2 further stabilize coarse alignment. The
Global-Local Affine-Flow Matcher (GLAM) jointly pre-
dicts affine and flow fields, enabling mutual guidance be-
tween global and local transformations and achieving accu-
rate dense matching in a coarse-to-fine manner. Experimen-
tal results demonstrate that SOMA delivers significant im-
provements in pixel-level accuracy on different datasets and
generalizes well across varying scenarios.
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