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Abstract

This paper reports the results of the Sth Multi-modal Aerial
View Imagery Challenge: Classification (MAVIC-C), which
focuses on SAR-based aerial target classification and out-
of-distribution (OOD) detection. The challenge is con-
ducted on the UNICORN V2 dataset, which provides spa-
tially aligned EO and SAR imagery to enable the study of
cross-modal learning strategies for improving SAR recog-
nition. Performance is evaluated using Top-1 Accuracy
(Acc@1) for in-distribution classification and AUC together
with TNR@TPR9S5 for OOD detection, with the final rank-
ing determined by a weighted score prioritizing classifica-
tion accuracy. The submitted methods largely rely on cross-
modal feature learning, typically through dual-stream ar-
chitectures that transfer structural information from EO to
SAR representations. In the 2026 edition, 63 teams partic-
ipated and 606 submissions were made. Among the eval-
uated approaches, AeroVision achieves the highest overall
score (0.4176) due to superior classification performance,
driven by its cross-modal domain adaptation framework
that combines dual-stream EO-SAR feature learning with
an auxiliary SAR encoder and collaborative optimization.
In contrast, the DINOv3-based approach attains the best
0OD detection with a TNR@TPR95 of 0.2695 by explicitly
decoupling classification and uncertainty estimation.

1. Introduction

Aerial image classification in remote sensing refers to the
automatic identification of objects [7, 12, 28], land-use cat-
egories [0], or targets [14] from imagery captured at high
altitudes by airborne or satellite platforms [6]. Aerial im-
age classification plays a crucial role in applications such as
environmental monitoring [31], urban development analy-
sis [36], disaster management [25], agricultural assessment
[4], and defence operations [22], where timely and accu-
rate interpretation of aerial data is essential for informed
decision-making.

>Universitat Autdnoma de Barcelona, Spain

“ESPOL Polytechnic University, Ecuador

7152

justice.wheelwright.ext@afresearchlab.com;

sappal@ieee.org; erik.blasch.l@us.af.mil

Unlike ground-level vision tasks, aerial image analysis
must contend with large scene variability, scale ambigu-
ity [37], limited spatial resolution, and viewpoint-induced
distortions [5, 20]. Objects of interest often appear small
[35], densely distributed, or partially occluded within com-
plex backgrounds [5, 7], making robust classification partic-
ularly challenging. For these reasons, Deep Learning meth-
ods have become a dominant approach in aerial image clas-
sification [20]. DL models are trained on large amounts of
annotated data [27], allowing them to learn representative
textures, spatial patterns, and structural features that enable
reliable and fully automated scene categorization.

Electro Optical (EO) imagery is typically the most
widely used modality in this domain due to its ease of acqui-
sition and intuitive interpretability [9]. However, it presents
critical limitations, including its complete dependence on
solar illumination and its inability to penetrate cloud cover
[1], smoke, or adverse atmospheric conditions [29], which
restricts reliable and continuous monitoring during night-
time or inclement weather [1, 29]. These constraints com-
plicate the deployment of robust aerial recognition systems
in real-world operational scenarios.

In response, alternative sensing modalities have gained
increasing attention. In particular, Synthetic Aperture Radar
(SAR) imaging provides a powerful complementary solu-
tion. Unlike optical sensors, SAR [2] does not capture color
information [29] but instead measures the physical and di-
electric properties [1] of targets through the interaction of
microwave signals with the scene [2], encoding structural
patterns and surface textures. SAR operates independently
of solar illumination, enabling consistent imaging during
nighttime and the ability to penetrate clouds, smoke, and
light fog [3].

Nevertheless, SAR image classification remains a non-
trivial task. SAR lacks color cues and is inherently affected
by speckle noise [26], which complicates visual interpre-
tation and feature extraction [23, 26]. The backscattered
signal depends strongly on target geometry, material prop-
erties, surface roughness, and orientation relative to the sen-



sor, leading to significant intra-class variability and com-
plex scattering patterns [38]. Furthermore, SAR data gen-
erally offer lower semantic interpretability compared to op-
tical imagery [8], and the availability of large-scale, well-
annotated datasets remains limited [24, 34]. As a result,
SAR-based aerial classification remains an active and rele-
vant area of research.

This document presents the report of the 5th Multi-
modal Aerial View Imagery Challenge: Classification
(MAVIC-C). This edition continues the series of previ-
ous successful challenges [13, 17, 19] focused on advanc-
ing Automated Target Recognition (ATR) in aerial im-
agery. The classification track concentrates on SAR im-
age classification, where the objective is to develop modern
learning-based approaches to accurately classify SAR im-
age chips across ten target categories and to identify Out-
of-Distribution (OOD) samples. In addition to evaluating
predictive performance, the challenge is designed to investi-
gate whether complementary information from EO imagery
can enhance the learning process for SAR-based recogni-
tion. This report summarizes the methodologies and results
obtained by the top-three teams and analyzes the insights
derived from the proposed approaches. In this edition, 63
teams participated and 606 submissions were made.

2. Challenge description

2.1. Overview

The 5th Multi-modal Aerial View Imagery Challenge: Clas-
sification focuses on advancing automatic target recogni-
tion in SAR imagery. The primary objective of the chal-
lenge is to develop learning-based models capable of ac-
curately classifying SAR image chips into ten predefined
target categories while also identifying OOD samples. The
challenge is designed to evaluate the robustness, general-
ization capability, and adaptability of modern classifica-
tion approaches under realistic SAR imaging conditions.
A dedicated dataset was provided for this purpose, en-
abling a standardized and controlled benchmarking frame-
work. Through this setup, MAVIC-C aims to foster method-
ological advances in SAR-based aerial image classification
and to promote reproducible evaluation within the research
community.

2.2. Dataset

The MAVIC-C challenge is built upon the UNIfied COin-
cident Optical and Radar for recognitioN (UNICORN V2)
dataset [18], a multi-sensor aerial imagery collection de-
signed for target recognition research. The original UNI-
CORN' dataset was introduced in 2008 and comprises co-
registered EO and Synthetic SAR data acquired over Day-
ton, Ohio, using large-format airborne sensors. The dataset

Uhttps://github.com/AFRL-RY/data-unicorn-2008
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Figure 1. Representative examples of EO and SAR pairs from the
UNICORN V2 dataset used in MAVIC-C.

includes Wide Area Motion Imagery (WAMI) EO data
alongside wide-area SAR imagery.

To ensure precise spatial correspondence between
modalities, the EO and SAR data were carefully aligned
using geo-registration and homography-based refinement
techniques. Target instances were manually annotated by
human experts and subsequently extracted into image chips
for classification purposes.

UNICORN V2 extends this resource and provides a
structured benchmark tailored for classification and OOD
evaluation. The dataset contains 20 object categories in
total. The 10 most prevalent categories form the In-
distribution Data (IDD) set used for supervised training and
closed-set evaluation, while the remaining 10 less frequent
categories are designated as OOD classes and serve as con-
fusers for robustness assessment. The distribution of IDD
classes and their respective splits are summarized in Ta-
ble 1, while the OOD categories used for robustness evalua-
tion are detailed in Table 2. Also, examples of EO and SAR
pairs from the dataset are shown in Fig. 1.

2.3. Evaluation protocol

Challenge submissions are evaluated by comparing model
predictions against reference ground-truth labels for IDD
classification and by assessing the ability to separate OOD
samples from IDD samples. Final ranking is computed on a
sequestered test set of 4,000 SAR patches (56 x56), consist-
ing of 2,000 IDD samples (200 examples per each of the 10
IDD classes) and 2,000 OOD samples. Model performance
is measured using the metrics described below.



Table 1. In-distribution classes derived from UNICORN V2.

Vehicle Type #Train  #Val #Test
Sedan 364,291 77 200
SUvV 43,401 77 200
Pickup truck 24,158 77 200
Van 16,890 77 200
Box truck 2,896 77 200
Motorcycle 1,441 77 200
Flatbed truck 898 77 200
Bus 612 77 200
Pickup truck w/ trailer 695 77 200
Semi truck w/ trailer 353 77 200
Total 455,635 770 2000

Table 2. Out-of-distribution classes used in UNICORN V2.

Vehicle Type #Val #Test
Van w/ trailer 77 -
Other 77 2000
Dismount 77 -
Semi 7 -
SUV w/ trailer 77 -
Flatbed truck w/ trailer 77 -
Plane 77 -
Bicycle 24 -
Dump truck 71 -
Sedan w/ trailer 77 -
Total 647 2000

Top-1 Accuracy. IDD classification performance is mea-
sured using standard Top-1 Accuracy (Acc@1) defined as
in Eq. (1):

1 Nipp
Acc@1 = Iy = vi] (1)
— ; (95 = i)

where Nipp denotes the number of IDD test samples, y; is
the ground-truth class label, §; is the predicted label, and 1]
is the indicator function. Higher values of Acc@1 indicate
better classification performance, with 1 corresponding to
perfect agreement between predicted and ground-truth la-
bels across all IDD test samples.

0OD detection and scoring function. OOD detection is
evaluated using a scalar OOD score s(x) produced by the
model for each input chip x, where higher values indicate
greater confidence that the sample is IDD (any monotone
convention is acceptable as long as it is applied consistently
when computing the ROC curve). Given a decision thresh-
old 7, predictions are defined as IDD if s(z) > 7 and OOD
otherwise. The True Positive Rate (TPR) and False Positive
Rate (FPR) at threshold 7 are defined as in Eqs. (2) and (3):

B TP(7)

B ORs )

2)
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FP(r) + TN(7)’
where TP and FN denote correctly and incorrectly detected
OOD samples, respectively, and FP and TN denote IDD
samples that are incorrectly or correctly classified as OOD.

FPR(7)

AUC. We report the Area Under the Receiver Operating
Characteristic Curve (AUC), which summarizes separabil-
ity between IDD and OOD across all thresholds, as shown
in Eq. (4):
1
AUC = / TPR(FPR) d(FPR), 4
0
with AUC € [0, 1], where values closer to 1 indicate im-
proved discrimination (high TPR at low FPR).

TNR@TPRY5. In addition to AUC, we report the True
Negative Rate at 95% True Positive Rate (TNR@TPR95),
a commonly used operating-point metric in OOD detection.
The TNR is defined as shown in Eq. (5):

___ TN()

~ TN(7) + FP(7)
To compute TNR@TPR9S5, we first determine the

threshold 7* such that TPR(7*) = 0.95 (or the closest

achievable value). The reported metric is then given by Eq.

(6):

TNR(r) =1-FPR(r). (5

TNRQ@QTPRI5 = TNR(77). (6)
Final score. Consisted with previous editions, the final
challenge score is computed as a weighted combination of
IDD classification accuracy and OOD detection AUC, as
defined in Eq. (7):

Final score = 0.75 - Acc@1 + 0.25 - AUC. (7

This weighting prioritizes accurate target recognition on
known classes while still rewarding models that reliably de-
tect unknown targets.

3. Proposed strategies

3.1. AeroVision

The team AeroVision proposes a cross-modal semi-
supervised domain adaptation framework improve SAR-
based aerial target classification by exploiting complemen-
tary information from aligned EO imagery, shown in Fig.
2. The method focuses on learning transferable representa-
tions across heterogeneous sensing modalities while main-
taining reliable OOD detection. To achieve this, the frame-
work integrates cross-modal feature alignment, contrastive
learning, and auxiliary model collaboration within a unified
training pipeline.
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Figure 2. Cross-modal semi-supervised domain adaptation framework propsoed by AeroVision team.

3.1.1. Dual-stream cross-modal framework

The architecture adopts a dual-stream feature extraction net-
work in which EO and SAR inputs are processed by sepa-
rate backbones. Specifically, EfficientNet [32] is used to ex-
tract features from EO images, while ResNet50 [10] is em-
ployed for SAR imagery. These two branches learn comple-
mentary representations and are trained with domain adap-
tation objectives to align the feature spaces across modali-
ties.

3.1.2. Cross-modal contrastive domain adaptation

To improve representation transfer between EO and SAR
modalities, the framework introduces a cross-modal con-
trastive domain adaptation module. This component aims
to learn domain-invariant features by encouraging align-
ment between EO and SAR representations while preserv-
ing class-level separability. The module integrates con-
trastive learning with metric-based category supervision to
guide the feature extractor toward representations that re-
main discriminative across heterogeneous sensing modali-
ties.

3.1.3. Auxiliary SAR encoder

To further enhance IDD classification performance,
the framework introduces SimpleEncoder, which is a
lightweight auxiliary model. This auxiliary network pro-
cesses SAR imagery through three convolutional blocks
with progressively increasing channels, followed by multi-
scale feature fusion and a lightweight classification head.
After feature fusion, MixStyle is applied to improve domain
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generalization. The auxiliary encoder is trained jointly with
the main SAR branch through knowledge distillation and
consistency constraints, encouraging the auxiliary features
and predictions to remain aligned with those of the main
model.

3.1.4. Knowledge distillation and consistency learning

The auxiliary encoder is guided by the main SAR branch
through feature-level distillation and prediction-level con-
sistency learning. Feature alignment between the auxil-
iary and main branches is encouraged through a Maximum
Mean Discrepancy (MMD) objective applied to interme-
diate representations. In addition, a symmetric Kullback-
Leibler (KL) divergence is applied between the logits of the
auxiliary and main classifiers to enforce prediction consis-
tency between both models.

3.1.5. Entity-balanced sampling

To address the severe class imbalance and the strong cor-
relation between samples belonging to the same object in-
stance, the training procedure adopts an entity-balanced
sampling strategy. For each batch, a class is first selected,
followed by the selection of an entity (cluster) within that
class, from which a sample is drawn. This strategy increases
diversity across entities within each batch and mitigates the
long-tail distribution of the dataset, improving generaliza-
tion for minority classes.

3.1.6. Joint optimization objective

The overall training objective combines several comple-
mentary loss terms. Classification for both the main SAR
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Figure 3. ResEffiNet model proposed by Songyq team.

branch and the auxiliary SimpleEncoder is optimized using
a Focal Loss [16] to emphasize difficult samples under class
imbalance. Cross-modal alignment between EO and SAR
representations is encouraged through a Sliced Wasserstein
Distance [33], which reduces the distribution discrepancy
between the two modalities. In addition, knowledge dis-
tillation between the auxiliary encoder and the main SAR
branch is enforced using a MMD loss applied to interme-
diate feature statistics. Finally, prediction consistency be-
tween both models is encouraged through a symmetric KL
divergence between their output logits. The final objective
is formulated as a weighted combination of these compo-
nents.

3.1.7. Hardware and software specifications

Hardware:  Experiments were conducted on two
NVIDIA RTX 3090 GPUs (24 GB VRAM each) with 32
GB of system RAM, running Ubuntu 22.04.

Software: The implementation used Python 3.11 and Py-
Torch 1.10.0 with CUDA 11.3.

Model parameters: Approximately 52M parameters in
total (46.54M from the main dual-stream network and
5.5M from the auxiliary SimpleEncoder).

Code availability: nttps://github.com/xfJin-
tj/AeroVision_PBVS2026

3.2. ResEffiNet

The method proposed by Songyq adopts a dual-stream ar-
chitecture, as shown in Fig. 3, to leverage complemen-
tary information from EO and SAR imagery during train-
ing while maintaining SAR-based recognition as the final
objective. Two independent backbones are used to learn
modality-specific representations without parameter shar-
ing. The EO branch employs a ResNet50 network, while
the SAR branch is based on EfficientNet-BO. Through this
design, the framework exploits the complementary charac-
teristics of EO and SAR data while preserving SAR-based
recognition as the primary inference objective.

3.2.1. Cross-modal feature alignment

To encourage consistency between EO and SAR repre-
sentations, the framework aligns high-level features ex-
tracted from both modality-specific branches during train-
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ing. Paired EO-SAR samples are processed simultane-
ously and their corresponding feature representations are
compared in order to reduce the discrepancy between the
two feature spaces. This alignment mechanism guides the
SAR encoder to learn more discriminative representations
by leveraging the structural information available in EO im-
agery.

The training procedure updates both branches while
maintaining modality-specific learning dynamics. In par-
ticular, an Exponential Moving Average (EMA) teacher
mechanism is applied to stabilize optimization and pro-
vide smoother target representations during training. This
strategy improves the robustness of cross-modal alignment
while preserving the specialization of each backbone.

3.2.2. Classification learning

To address the strong class imbalance in the dataset, the
model is trained using a class-weighted Focal loss. This loss
function places greater emphasis on difficult or underrep-
resented samples while reducing the contribution of well-
classified examples. In addition, class-aware sampling is
used during training to improve the representation of mi-
nority categories.

3.2.3. Model ensemble

During inference, predictions from multiple trained SAR
models are combined to improve robustness. Specifically,
the SAR models are loaded from their corresponding check-
points and evaluated on the test set to produce class logits
for each sample. To ensure comparable scales across mod-
els, the logits of each model are first normalized using a
per-class z-score normalization. The normalized outputs are
then fused using a weighted averaging scheme with a ratio
of 0.82 : 0.18 between the two models. The final prediction
and confidence score are obtained from the fused logits.

3.2.4. Hardware and Software Specifications

* Hardware: Experiments were conducted on a 64-bit
Linux workstation equipped with one vGPU-32GB (32
GB VRAM), a 12-core Intel Xeon Platinum 8352V CPU
@ 2.10GHz, and 1.0 TiB of RAM.

* Software: The framework was implemented in Python
3.8 using PyTorch 2.0.0 and torchvision. Additional li-
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Figure 4. DINOV3 cross-modal alignment approach proposed by IDCOM team.

braries include scikit-learn for data splitting, NumPy and
SciPy for numerical operations.

* Model parameters: Not explicitly reported.

e Code availability: https : / / github .
Syqsyq666/MAVIC2026.git

com /

3.3. DINOv3-based cross-modal alignment

The team by IDCOM proposes a cross-modal representa-
tion learning approach aimed to improve SAR image clas-
sification by leveraging the strong feature extraction capa-
bilities of foundation models trained on optical imagery.
As shown in Fig. 4, the method is built on a dual-stream
architecture based on the DINOv3 [30] foundation model,
where EO and SAR images are processed by two separate
encoders. The EO stream uses a frozen DINOv3 Vision
Transformer (ViT)-S+ backbone and serves as a reference
feature extractor during training. The SAR stream is im-
plemented with a second DINOv3 ViT-S+ model, which is
adapted to the SAR domain through Low-Rank Adaptation
(LoRA) [11]. This design allows the SAR encoder to benefit
from the strong image representation capabilities of the EO
branch while preserving a modality-specific learning pro-
cess.

3.3.1. Feature alignment and classification

To improve the discriminability of SAR representations, the
SAR feature space is aligned with the EO feature space dur-
ing training. This is achieved through a MMD loss applied
between the normalized embeddings of both streams. In
parallel, classification is performed on the SAR features us-
ing a linear classifier trained with a standard cross-entropy
loss. The final training objective combines both terms as
shown in Eq. (8):

L= (1-XLcg+ALyumb, (®)
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where A € (0, 1) controls the trade-off between classifica-
tion and cross-modal alignment.

3.3.2. Parameter-efficient SAR adaptation

Rather than fully fine-tuning the SAR backbone, the method
employs Low-Rank Adaptation (LoRA) adapters to reduce
the number of trainable parameters. Using LoRA, the origi-
nal backbone weights remain frozen and only a small subset
of injected parameters is updated during training. Accord-
ing to the report, this corresponds to approximately 3% of
the total model parameters, providing a computationally ef-
ficient adaptation mechanism for SAR imagery.

3.3.3. Decoupled OOD detection

A central component of the method is the explicit decou-
pling of classification and out-of-distribution detection. In-
stead of using classifier logits or softmax probabilities as
confidence scores, OOD detection is performed in the SAR
feature space using a distance-based centroid method. Class
centroids are computed by averaging training feature vec-
tors for each class, and the confidence score for a test sam-
ple is obtained from its minimum Mahalanobis distance
[21] to these centroids. The covariance matrix required for
this computation is estimated using the Ledoit—Wolf esti-
mator [15]. This OOD module is applied only at inference
time and is not included in the training objective.

3.3.4. Hardware and software specifications

* Hardware: Experiments were conducted using two
NVIDIA GeForce GTX 1080 Ti GPUs (11 GB VRAM
each). The total training time was approximately 2 hours.

* Software: The implementation used Python 3.13 with
PyTorch 2.6 (CUDA 12.6) and the peft library (v0.18)
for LoRA fine-tuning.



Table 3. Out-of-distribution detection results.

Team TNR@TPRI5
AeroVision 0.2185
Songyq 0.2290
IDCOM 0.2695

* Model parameters: The model contains approximately
29M parameters at inference time. Due to the use of
LoRA adapters, only about 1M parameters (3.54%) were
updated during training.

e Code availability: https : / / github .
luhirsch/mavic-2026-solution

com /

4. Results and analysis

Table 3 shows that the strongest OOD performance
is achieved by IDCOM, which attains the highest
TNR@TPROS at 0.2695. This result is consistent with the
design of the method that, unlike the other approaches, it
explicitly decouples classification from OOD detection and
computes OOD scores in the SAR feature space using a
Mabhalanobis-distance criterion with class centroids. This
is a more appropriate mechanism for OOD discrimination
than relying on classifier confidence alone, since it evalu-
ates how far a sample lies from the learned IDD structure
rather than how strongly it activates a class.

By contrast, AeroVision and ResEffiNet obtain lower
TNR@TPRY95 values. In both cases, the methods are
primarily optimized to improve discriminative classifica-
tion through cross-modal transfer, class-balancing strate-
gies, and auxiliary training objectives, but without a compa-
rably specialized OOD mechanism. As a result, the learned
representations are effective for separating the known tar-
get classes, yet less effective at rejecting unseen cate-
gories under a strict operating point such as TNR@TPR95.
The slightly better OOD result of ResEffiNet (0.2290)
over AeroVision (0.2185) may be explained by its simpler
SAR-focused inference pipeline, whereas AeroVision prior-
itizes classification enhancement through auxiliary collabo-
ration and multi-objective optimization, which likely bene-
fits IDD recognition more than boundary formation against
unknown samples.

Regarding SAR classification, Table 4 shows that Aero-
Vision achieves the highest total score and therefore ranks
first overall. This result is primarily driven by its superior
Acc@1, while maintaining an AUC that remains compet-
itive with the other methods. Given that the final score
assigns a substantially larger weight to classification ac-
curacy than to OOD performance, AeroVision benefits di-
rectly from a method design that prioritizes IDD recogni-
tion. Its combination of dual-stream cross-modal adapta-
tion, auxiliary SAR encoding, knowledge distillation, and
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Table 4. In-distribution SAR classification results.

Team AUC 1 Acc@11  Final score 1
AeroVision 0.7690 0.3005 0.4176
Songyq 0.7687 0.2895 0.4093
IDCOM 0.7785 0.2480 0.3806

entity-balanced sampling appears to improve class discrim-
ination more effectively than the other approaches, particu-
larly under the severe class imbalance of the dataset.

ResEffiNet attains the second-best total score, showing a
more balanced behavior with competitive classification ac-
curacy and similar AUC, although without surpassing Aero-
Vision in either category. Its simpler dual-stream design,
feature alignment strategy, and ensemble-based inference
provide a solid improvement over a single SAR classifier,
but the method appears less expressive than AeroVision’s
more elaborate collaborative framework.

In contrast, IDCOM obtains the highest AUC yet ranks
third overall because its classification accuracy is substan-
tially lower. This behavior is consistent with its method
design, as the DINOv3-based representation learning and
decoupled Mahalanobis-based OOD scoring are highly ef-
fective for separating IDD from OOD samples, but the cor-
responding SAR classifier is less competitive on closed-set
recognition. As a result, IDCOM excels in uncertainty esti-
mation, whereas AeroVision provides the best overall trade-
off under the scoring rule adopted in the challenge.

5. Identified limitations

Despite the progress demonstrated by the submitted ap-
proaches, the results reveal several limitations in current
SAR-based recognition methods. Although cross-modal
learning strategies successfully improve feature represen-
tations by transferring structural information from EO im-
agery to SAR data, the overall classification performance
remains relatively modest. Even the top-performing method
achieves an Acc@1 close to 30%, indicating that low-
resolution SAR imagery, strong speckle noise, and severe
class imbalance continue to pose significant challenges for
reliable target discrimination. These results suggest that
current architectures and training strategies are still limited
in their ability to extract highly separable representations
from SAR data under these conditions.

A second limitation is the robustness of OOD detection.
While some approaches incorporate dedicated mechanisms
for uncertainty estimation, such as distance-based scoring
in feature space, the achieved TNR @TPR95 values remain
relatively low across all methods. This indicates that re-
liably distinguishing unseen targets from known classes re-
mains difficult in this setting. In particular, methods that pri-
oritize classification performance often rely on confidence



scores derived from classifiers, which are known to produce
overconfident predictions. These observations highlight the
need for stronger feature representations, improved uncer-
tainty estimation mechanisms, and training strategies that
better balance classification accuracy with robust OOD de-
tection.

6. Conclusions

This document reports the results of the 5th Multi-modal
Aerial View Imagery Challenge: Classification (MAVIC-
C). It focuses on SAR-based aerial target classification
while also evaluating the ability of models to detect out-
of-distribution (OOD) samples. The challenge is built on
the UNICORN V2 dataset, which provides spatially aligned
EO and SAR imagery to facilitate the study of cross-
modal learning strategies for improving SAR recognition.
Model performance is evaluated through a protocol that
measures in-distribution classification using Top-1 Accu-
racy (Acc@1) and OOD detection using the Area Under the
ROC Curve (AUC) and TNR@TPR95, with the final rank-
ing determined by a weighted score that prioritizes classifi-
cation accuracy while still accounting for OOD discrimina-
tion capability.

The methods explored in this edition highlight the ef-
fectiveness of cross-modal learning strategies that leverage
EO imagery to improve SAR feature representations. Most
approaches rely on dual-stream architectures and feature-
space alignment to transfer structural information from EO
to SAR, often combined with auxiliary learning or en-
semble strategies to improve robustness under class imbal-
ance. Among the evaluated methods, the DINOv3-based
approach achieves the best OOD detection performance
with a TNR@TPROS5 of 0.2695, demonstrating the bene-
fit of decoupling classification and OOD detection through
a Mahalanobis-distance scoring mechanism. In contrast,
the AeroVision framework obtains the highest overall score
due to its stronger classification accuracy, supported by its
cross-modal domain adaptation pipeline and auxiliary SAR
encoder. ResEffiNet achieves the second-best overall per-
formance, providing a competitive balance between clas-
sification accuracy and OOD detection through a simpler
dual-stream design and ensemble-based inference.
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