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Abstract

This paper highlights the objectives, metrics and top per-
formers in the 3rd Multi/Cross Modal Aerial Imagery
Translation Challenge (MAVIC-T) of the 21st CVPR PBVS
workshop.The core goal of this competition remains the
seeding of innovative model development for translating
registered aerial images between diverse sensor modali-
ties. Specifically, the challenge explores the transforma-
tion between synthetic aperture radar (SAR), electro-optical
(EO), visible light (RGB), and infrared (IR) imagery in
challenging real world conditions. The competition once
again judges its entrants using a composite of the L1-norm,
Learned Perceptual Image Patch Similarity (LPIPS), and
the Fréchet Inception Distance (FID). An additional penalty
for overfitting to one domain ups the challenge from 2024,
while pushing for more generalizable solutions on the sec-
ond year return of the Multi Modal Aerial Gathered Image
Composite Stacks (MAGIC-STACKS) Dataset. Overall, this
year saw 103 total participants. The top performers scored
comparably overall to last year’s winners, however, there
was a notable improvement this year in the RGB— IR trans-
lation task. Interestingly, the winning team - up6 was not
the best across all translation scenarios, signaling room for
improvement in coming years.

1. Introduction

Data collected across multiple sensing modalities—such
as Electro-Optical (EO), Infrared (IR), and Synthetic Aper-
ture Radar (SAR)—each capture distinct characteristics and
measurements of objects, providing complementary per-
spectives on the same scene. However, data coverage lim-
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Figure 1. Examples of the four image translation tasks in the
MAVIC-T competition. Input images are shown on the left, gener-
ated images in the middle, target images on the right. The goal of
this competition is to make the generated image as close as possi-
ble to the target images.

itations and modality-specific constraints often hinder the
full utilization of these diverse sources. Domain translation
seeks to bridge this gap by converting one modality into
another, enabling cross-modal data synthesis and enhanc-
ing sensor interoperability. The 2025 Multi-modal Aerial
View Image Challenge - Translation (MAVIC-T), held in



conjunction with the Perception Beyond the Visible Spec-
trum (PBVS) workshop, focuses on advancing multi-modal
image translation techniques. Participants are challenged to
develop models capable of accurately translating between
EO, IR, and SAR imagery using a paired dataset, with per-
formance evaluated based on L1, LPIPS, and FID scores.
This challenge emphasizes producing high-fidelity transla-
tions while minimizing artifacts and hallucinations, pushing
the boundaries of cross-modality data synthesis.

The translation of data across diverse sensor modali-
ties presents a significant avenue for leveraging the com-
plementary strengths inherent in each sensing technology,
mitigating issues related to data coverage deficiencies. The
MAVIC-T is designed to facilitate the advancement of sen-
sor data utility through modality conversion, promote data
diversity across varying modalities and geographical re-
gions, and serve as a benchmark platform for the pro-
gression of cross modality conditioned image synthesis
techniques. By emphasizing inter-modal data translation,
MAVIC-T seeks to expand the frontiers of multi-modal re-
search, fostering the development of more adaptable and
robust analytical models. By leveraging nascent machine
learning techniques for multi-modal translation among het-
erogeneous sensor sources, we steadily progress towards
solving the inherent limitations associated with sensor-
specific constraints.

The inaugural 2023 Multi-modal Aerial View Image
Challenge - Translation [13] challenge was focused on
the translation of Synthetic Aperture Radar and Electro-
Optical modalities, using the UNICORN aerial SAR and
EO dataset. In 2024 [14], we utilized satellite imagery
to augment the UNICORNS data and create the MAGIC-
STACKS dataset. This allowed us to get a much higher
volume of aligned data, including data that spanned across
time, geographic area, and environmental conditions. This
year, the dataset has largely remained the same, but the chal-
lenge has been tailored using the scoring to better encourage
more generalizable solutions.

Following from last year’s competition, this year fo-
cuses on four main translation tasks: RGB—IR; SAR—EOQ;
SAR—IR; and SAR—RGB; an illustration is shown in
Fig. 1.

This challenge is predicated on exploiting the comple-
mentary strengths of diverse sensor modalities to address
inherent data availability limitations. Synthetic Aperture
Radar (SAR) sensors, renowned for their all-weather oper-
ation and atmospheric penetration capabilities, provide dis-
tinct advantages over Electro-Optical (EO) sensors. How-
ever, SAR imagery is characterized by interpretive com-
plexity and limited availability. Similarly, Infrared (IR) im-
agery, crucial for thermal analysis and nocturnal operations,
faces availability constraints, albeit to a lesser extent than
SAR [12]. Given the relative abundance of EO data, trans-
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Figure 2. Example attempt of EO/IR translation using some out of
the box deep learning paired image translation techniques.

Figure 3. Example Stack (RGB, IR, SAR), from the MAGIC-
STACKS dataset.

lating EO imagery to IR presents a viable strategy for en-
hancing data diversity and addressing coverage deficiencies
for such operations. In short, this effort seeks to alleviate
the scarcity of SAR and IR data in the context of a prepon-
derance of EO imagery.

This translation is a key enabler of any task with limited
modality data. One example area is automatic target recog-
nition (ATR) tasks [9, 15]. The scarcity of labeled training
data in SAR compared to EO [8, 10] makes EO-to-SAR
translation a promising approach for enhancing SAR ATR
model training by leveraging the abundance of labeled EO
data. This principle extends to other translation tasks, as es-
sential object features for training can be opportunistically
captured across various sensor modalities.

This paper outlines the advancements enabled this year
towards cross modal sensor translation facilitated by the
2025 MAVIC-T competition. We explore the winning solu-
tions of this year’s challenge and discuss their performance
further in Section 5.



2. Previous Work

Historically, the general problem of image translation has
been studied within the frameworks of paired and unpaired
image translation, based on the availability of aligned im-
ages (i.e., geo-registered images) across source and target
domains.

In the context of paired image translation, traditional
methodologies, such as Pix2Pix [11], employ conditional
Generative Adversarial Networks (GANs) [5] to facilitate
the translation of aligned image pairs from a source domain
to a target domain. Conversely, for unpaired image trans-
lation scenarios, conventional approaches, exemplified by
CycleGAN [30], learn mappings between source and tar-
get domains in the absence of paired images [23]. Fig-
ure 2 shows examples of RGB to IR image translations
produced by CycleGAN and Pix2Pix on the MAGIC 2024
dataset [14].

More recently, diffusion models have been proposed,
demonstrating superior performance relative to contempo-
rary generative models [4]. However, a primary limitation
of diffusion models resides in the computational resources
required to train a model. Furthermore, diffusion mod-
els tend to be susceptible to hallucinations or synthetically
generated data not present in the ground truth. Hallucina-
tions are particularly significant for sensor translation tasks,
where accuracy of the model is paramount.

Other analogous cross-domain image translation prob-
lems for remote sensing applications and across diverse sen-
sor modalities, include grayscale, near-infrared (NIR), ther-
mal image colorization, and color transfer functions (e.g.,
[21], [16], [27], [3], etc.).

2024’s Multi-modal Aerial View Image Challenge
(MAVIC) for the Translation task demonstrated great im-
provements from previous baselines and promising re-
sults for the problem of electro-optical from (EO) to syn-
thetic aperture radar (SAR) cross-domain translation [14].
MAVIC 2024 introduced the MAGIC dataset which is an
extension of our previous translation dataset [13] that only
contained EO and SAR data. MAVIC 2024 extended [13]
by adding infrared (IR) sensor data to the collection, thus,
being one of the first multi-modal datasets that provides 3
distinct and separate sensor channels, namely EO, SAR and
IR.

This year’s MAVIC challenge aims to continue the
progress that has been achieved in this area of research in
previous years with the purpose of improving the current
state of the art methods and encourage innovation by our
participants this year.

3. Challenge

Held in parallel with its sister competition the 2025
MAVIC-Classification challenge, the 2025 MAVIC-
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Figure 4. Sample (RGB, IR, SAR), from aligning UMBRA and
HRO data.

Figure 5. Sample (RGB, IR, SAR) from the Unicorns dataset.

Translation contest is partnered with the Perception Beyond
the Visible Spectrum (PBVS) workshop. Participants are
evaluated on using a weighted average of the L1, LPIPS
[28], and FID [6] score. Participants in this challenge
are tasked with developing multi-modal image translation
models using a provided dataset of paired EO, IR, and SAR
imagery. The performance of these models, specifically
their ability to accurately translate between modalities,
is evaluated on an independent test set. The evaluation
emphasizes the generation of high-quality translations,
prioritizing the suppression of unexpected artifacts or
hallucinations.

3.1. Data

We reuse our MAGIC-STACKS data from last year [14].
This dataset incorporates diverse geospatial data sources for
its analysis. The United States Geological Survey’s (USGS)
Earth Resources Observation and Science (EROS) program
provides crucial land change imagery, including satellite
and aerial data. Specifically, MAGIC leverages the EROS
High Resolution Orthoimagery (HRO) dataset, which offers
a vast collection of orthorectified aerial imagery with sub-
meter resolution and consistent scale.

Hence, our dataset is a composite of three sources, pro-
cessed and aligned to form uniform chipped stacks. The
three source datasets used are UNICORN, USGS HRO [1],
and the UMBRA [2] open data program. Note we have both
an aerial source for SAR and a satellite source for SAR. Fig-
ure 5 illustrates a stack using our aerial source (Unicorns)
while Figure 4 shows our satellite source (UMBRA).

As mentioned previously, our dataset incorporates Syn-
thetic Aperture Radar (SAR) data from two different
sources. The publicly accessible UNICORN dataset, a cu-
rated SAR-EO collection aligned using advanced homogra-



Date Event

2025.01.19 | Train data (input/output) and validation
data (inputs only) released

2025.01.21 | Validation server online

2025.02.21 | Final test data release (inputs only)

2025.03.11 | Test output results submission deadline

2025.03.13 | Fact sheets and code/executable submis-
sion

2025.03.13 | Preliminary test results released

Table 1. Challenge Phases.

Figure 6. Example grid used to chip up the images.

phy techniques, contributes to this. Furthermore, UMBRA,
a space technology company, provides high-resolution SAR
imagery through its UMBRA open data program. This
program grants access to over four million worth of free
SAR data, offering up to 16cm resolution, further enhanc-
ing MAGIC’s SAR capabilities.

A modular “plug-in” system prepares diverse image
datasets for cross-dataset analysis. Each dataset undergoes
preprocessing to ensure images are georectified, stored as
GeoTIFFs with spatial referencing, and organized in a uni-
fied directory. Subsequently, a standardized chipping pro-
cess divides the preprocessed data into spatially aligned
200m x 200m image stacks, indexed by their WGS-84 top-
left coordinates. This process uses a grid anchored to a
global origin, allowing for consistent and repeatable tiling
across datasets, as illustrated in Figure 6.

We maintain our training, test, and validation split from
last year. Our validation is sampled from New Albany,
Ohio, and our test set is sampled over Washington DC.
To ensure generalizability, the validation and test sets are
not distributed, and sampled from different geographic lo-
cations.

3.2. Challenge Evaluation

The MAVIC-T challenge employs a rigorous evaluation
framework designed to assess image translation submis-
sions across four distinct tasks, aiming to achieve high-
fidelity translations. The challenge focuses on the follow-
ing translation tasks: SAR—EO, SAR—RGB, SAR—IR,
and RGB—IR.
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Modality # Train # Val # Test
UNICORN SAR 68,151 80 3,586
UNICORN EO 68,151 80 3,586

Table 2. The UNICORN dataset, employed exclusively in the
SAR—EO translation task, is partitioned into training, validation,
and testing sets.

Modality # Train # Val # Test
MAGIC SAR 10576 60 60
MAGIC RGB 2273 30 30

MAGIC IR 2273 30 30

Table 3. Details for he MAGIC dataset, used exclusively for the
SAR—RGB, SAR—IR, and RGB—IR tasks.

Submissions are evaluated based on their performance in
each task using a composite score derived from three care-
fully selected metrics:

1. LPIPS (Learned Perceptual Image Patch Similarity):

This metric, based on the VGG-16 architecture [19],

measures perceptual similarity using deep feature rep-

resentations, aligning with human visual perception.

. FID (Fréchet Inception Distance): Utilizing a pre-
trained InceptionV3 network [22], FID quantifies the
dissimilarity between the feature distributions of gen-
erated and target images, providing insights into visual
fidelity and feature similarity.

. L1 Norm: This metric calculates the pixel-wise absolute
difference between target and generated images, ensur-
ing structural integrity and content accuracy.

These metrics are chosen to comprehensively evaluate
image translation quality, with LPIPS focusing on percep-
tual accuracy, FID on distributional similarity, and L1 on
content and structural integrity. This strategy aims to min-
imize artifacts and ensure generated images exhibit high-
resolution details and structural coherence, aligning with
the target domain.

The evaluation process calculates each metric’s score
across all four tasks, followed by task-specific normaliza-
tion to scale values between 0 and 1:

* L1 Norm: Pixel values are adjusted to fit within the de-
sired range.

» LPIPS: Output weights are scaled for normalization.

* FID: A weighted arctan activation function is used to
normalize scores, balancing each metric’s influence.

The final score for each task is the average of these nor-
malized metrics:

2 arctan(FID) + LPIPS + L1
3 :

Task Score =

ey



Rank Team Overall | SAR—EO SAR—RGB RGB—IR SAR—IR
1 up6 0.33 0.08 0.56 0.13 0.53
2 wangzhiyu918 0.35 0.11 0.54 0.23 0.53
3 rs6 0.37 0.08 0.58 0.27 0.55
4 xiaojie163 0.39 0.13 0.60 0.25 0.58
5 wsqmyself_1 0.47 0.25 0.60 0.47 0.54
6 donghongwei 0.55 0.09 0.57 1.0 0.55
7 HuangRoman 0.58 0.48 0.62 0.58 0.62
8 I0SB-VCA 0.59 0.35 0.68 0.64 0.68
9 kjhfkjn 0.61 0.25 0.60 1.0 0.57
10 egshklm 0.69 1.0 0.62 0.54 0.59
(2024) 1 NJUST-KMG 0.32 0.08 0.55 0.16 0.51
(2024) 2 USTC-IAT-United 0.33 0.10 0.54 0.17 0.52
(2024) 3 wangzhiyu918 0.36 0.11 0.54 0.22 0.55

Table 4. Top Performing Teams in MAVIC-T Competition (for all measures, lower numbers indicate better performance)

The overall submission performance is then determined by
averaging the Task Scores across the four translation tasks:

Overall Score =
SAR2EO + SAR2RGB + SAR2IR + RGB2IR
1 .

2

Finally, a score penalty of 1 is added for each unattempted
domain. This is done to encourage generalizability, without
being too suppressing any models or techniques that may
have exceptional results focusing on a smaller number of
domains.

4. Challenge Results

We received 103 valid submissions to this year’s MAVIC-T
competition. Table 4 shows the results of the top 10 per-
formers, along with results from the top-3 teams from last
year’s competition. Generated image samples from the top-
3 teams in 2025 are shown in Figure 10 for qualitative in-
spection. Comparing results from the top-10 teams in 2025,
we notice that there was a particularly large range in per-
formance in the SAR—EO and RGB— IR tasks, while the
range for SAR—RGB and SAR—IR is notably less. This
variability can be attributed to differences in methodology:
SAR—EQ translation remains challenging due to the in-
herent complexity of converting SAR to optical imagery.
Top-performing teams such as up6 and wsqmyself 1 used
advanced techniques, including diffusion models (E3Diff)
and multi-stage training strategies, respectively, to improve
translation quality. However, the performance range sug-
gests that approaches varied significantly in effectiveness.
RGB—IR saw notable variation, with some teams (e.g.,
up6 and wangzhiyu918) achieving strong results using sim-
ple grayscale conversions rather than deep learning-based
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methods. This highlights the modality’s inherent simplic-
ity and the potential limitations of data-driven approaches
when training data is scarce.

In contrast, the SAR—RGB and SAR—IR tasks ex-
hibited more consistent performance across teams. The
smaller performance range suggests that methods such as
Pix2PixHD (used by wangzhiyu918 and wsqmyself 1) and
CycleGAN (used by up6) provided stable and reliable
results. The use of transfer learning in wsqmyself 1’s
SAR—RGB and SAR—IR models, leveraging knowledge
from SAR—EQ, may have contributed to this consistency.

Finally, comparing the top results from 2025 to 2024, we
note that there was a slight decrease in overall performance
by 0.01. Examining individual tasks, 2025 competitors im-
proved in RGB—IR, remained stable in SAR—RGB and
SAR—EO, and performed worse in SAR—IR. This decline
in SAR—IR could be due to differences in dataset charac-
teristics or methodological choices, such as the reliance on
pre-trained models rather than specialized architectures for
this task.

5. Methods

This section briefly summarizes the approaches used by
some of the the top participating teams.

5.1. Rank 1: up6

The up6 team develop different models for each task. For
the SAR2EO task, they train a one-step conditional dif-
fusion model (E3Diff) [18] to translate SAR images into
EO images. The input consists of denoised SAR images
and Canny edges. The model is trained in two stages.
The first stage follows the standard 1000-step DDPM train-
ing [7, 17]. In the second stage, they employ a one-step
DDIM [20] to convert DDPM into a one-step diffusion



Figure 7. Architecture proposed by the up6 team for SAR2EO translation.

Figure 8. An illustration of Pix2PixHD network.

model, optimizing it with a combination of L1 loss, LPIPS
loss [29], and GAN loss [18].

For the SAR2IR and SAR2RGB tasks, they use a vanilla
CycleGAN model [30] and a Pix2PixHD model [24], re-
spectively. During training, images are resized to 512 x 512.
Each model is trained for 200 epochs, with a learning rate
of 2e-4 for the first 100 epochs, which then linearly decays
to zero over the remaining 100 epochs. In the testing phase,
images are resized to 1024 x 1024 before being fed into the
models. Figure 7 presents an illustration of the architecture.

For the RGB2IR task, considering the unique charac-
teristics of IR and RGB images, they found that grayscale
conversion outperforms other approaches. Hence, they first
convert RGB images to grayscale and then enhance water-
body regions by darkening them based on pixel-value dis-
tribution analysis. All methods were implemented using
Python and PyTorch on a system equipped with two A6000
48GB GPUs. The SAR2EO model requires approximately
one week of training, while the SAR2IR and SAR2RGB
models require less than a day.

5.2. Rank 2: wangzhiyu918

The wangzhiyu918 team utilizes the Pix2PixHD model (see
illustration in Fig. 8) for remote sensing image transla-
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tion to effectively handle high-resolution image translation
(1024%x1024). Pix2PixHD enhances image quality by in-
corporating a coarse-to-fine generator, multi-scale discrim-
inators, and an improved adversarial loss, enabling it to
generate more realistic and visually coherent results com-
pared to conventional methods. Given the nature of the
dataset, which includes images captured at different times,
temporal misalignment presents a challenge. To mitigate
this, they carefully curate the training data by filtering out
misaligned pairs and standardizing all images to a uniform
resolution of 1024x1024, ensuring consistency during both
training and inference. Training is conducted on an RTX
4090 GPU, with an efficient training pipeline that limits the
maximum training time to half a day per task. The models
are trained for 200 epochs with a batch size of 32, using an
initial learning rate of 2e-4, which linearly decays after 100
epochs to facilitate stable convergence. To further refine the
model’s ability to capture fine-grained details, they employ
a combination of L1 loss, Binary Cross-Entropy (BCE) loss,
and Learned Perceptual Image Patch Similarity (LPIPS)
loss. Notably, a significant performance boost is observed
when incorporating LPIPS loss, improving translation qual-
ity from 0.15 to 0.11. An interesting observation arises in
the RGB-to-IR translation task, where a simple conversion
of RGB images to grayscale using OpenCV consistently
outperforms neural network-based approaches. This sug-
gests that the intrinsic relationship between RGB and IR
modalities is straightforward enough that direct grayscale
transformation is sufficient, likely due to the limited avail-
ability of training data for this specific task. These insights
highlight the importance of selecting appropriate method-
ologies based on data characteristics and computational ef-
ficiency.

5.3. Rank 5: wsqmyself_1

The wsgmyself_1 solution builds upon the Pix2PixHD
framework [25], enhanced with tailored data augmenta-
tion and multi-stage training strategies to address multi-
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Figure 9. Architecture proposed by the wsqmyself_1 team.

modal aerial image translation tasks, including SAR2EO,
SAR2RGB, SAR2IR and RGB2IR (see Fig. 9).

For the SAR2EO task, the proposed method expands the
training dataset by stitching four adjacent SAR images into
a single composite image, improving the model’s capacity
to capture fine-grained spatial details. The proposed method
increased the dataset size fivefold, mitigating overfitting and
enhancing generalization. The proposed method employed
a three-stage training process: (1) 200 epochs with GAN
loss and LPIS loss to establish structural coherence; (2) 50
epochs with L1 loss to refine pixel-level accuracy; and (3)
50 additional epochs with L2 loss and LPIPS loss to opti-
mize texture and perceptual quality.

For the RGB2IR task, the proposed method designed a
color-space transformation algorithm to convert RGB im-
ages to grayscale by calculating per-pixel color differences
relative to black [26]. Specifically, the mean difference
across RGB channels is computed for each pixel and scaled
this grayscale array using an adaptive intensity factor to en-
hance contrast and detail visibility. The proposed method
effectively bypassed the need for extensive training data
while generating high-quality IR images efficiently.

For the SAR2RGB and SAR2IR tasks, the proposed
method utilized a transfer learning strategy, initializing the
model with weights pre-trained on the SAR2EO task. This
initialization enabled the model to leverage prior knowledge
from SAR-to-optical image translation, effectively com-
pensating for limited dataset sizes. During training, in-
put images across all tasks were standardized to a resolu-
tion of 512x512 pixels to balance computational efficiency
and detail preservation. For RGB2IR inference, a resolu-
tion of 1024x1024 pixels was used to maximize output fi-
delity [14].

The proposed method emphasizes seamless integration
of domain-specific adaptations. The staged training strat-
egy, which progressively introduced loss functions, enabled
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the model to prioritize global structure before fine-tuning
local details—critical for achieving high visual realism.

By combining data augmentation, adaptive loss func-
tions, and task-specific preprocessing, the proposed method
demonstrated competitive performance across modalities.

Implementation Details. All experiments were con-
ducted on a server with 2 NVIDIA A100 GPUs (40GB
VRAM), an Intel Xeon Platinum 8362 CPU, and 512GB
system memory. The proposed method implemented the
models in Python 3.8 using Pix2PixHD framework with
458.5 MB parameters. Training each task required ap-
proximately 24 hours to converge. The code and pre-
trained models are available at https://github.com/
wsqmyself/PBVS2025_translation.

6. Conclusion

The 2025 MAVIC-T challenge showcases the expanded
MAGIC dataset, emphasizing the diverse range of meth-
ods employed in multi-modal image translation. While
overall performance improvements from last year are in-
cremental, the real value lies in the varied approaches par-
ticipants have taken. From Pix2PixHD and CycleGAN to
conditional diffusion models, the variety in methods reflects
different strategies for addressing the challenge’s complex
tasks, such as SAR-to-EO, RGB-to-IR, and SAR-to-RGB
translation. This diversity not only underscores the flexi-
bility of the multi-modal image translation domain but also
opens avenues for exploring new techniques, cross-method
comparisons, and future refinements to the field.
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