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Abstract

Existing benchmarks for aerial object detection provide limited sup-
port for studying RGB-T perception under controlled conditions.
They often lack synchronized multi-view observations of the same
scenario, making it hard to analyze viewpoint variation and cross-
modal learning in a unified setting, especially under large viewpoint
changes and modality discrepancies. In this paper, we introduce
AMOD, a new benchmark dataset for RGB-T aerial military object
detection, constructed using a game Arma3. AMOD provides paired
visible (RGB) and thermal (T) images with aligned annotations,
along with multi-view observations of the same area of interest,
enabling consistent analysis across viewpoints and modalities. The
dataset comprises 73,920 images and 383,212 instances spanning
12 military categories, generated across various background maps
with controlled viewpoint configurations. We further observe that,
although AMOD is constructed with military object categories,
models pretrained on AMOD also transfer effectively to real-world
aerial benchmarks containing civilian objects, suggesting its util-
ity beyond military-target detection. The dataset and details are
available at https://unique-chan.github.io/ AMOD-Project.
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Figure 1: Illustration of how to construct our AMOD bench-
mark. (a) Geometric definition of the observing angle 0,
where the camera shifts laterally by Ay in Y-axis, producing
an off-nadir view. (b) Drone camera sweeping setup simulta-
neously capturing the same area from nadir to very off-nadir
viewpoints. (c) Examples from the RGB version of AMOD
under different observation angles, showing how target ap-
pearance and perspective distortion vary with 0.

1 Introduction

Aerial object detection is essential for various applications, includ-
ing visual surveillance, disaster monitoring, and critical security
operations. In complex environments, multi-modal perception us-
ing visible (RGB) and thermal (T) imagery provides robust recogni-
tion [33]. However, advancing this cross-modal learning is severely
hindered by a scarcity of paired training data [14, 41, 44]. This data
shortage is particularly extreme for security and military targets,
where acquiring real-world aerial imagery is strictly limited by
operational constraints.

Beyond mere data scarcity, the unconstrained nature of aerial
environments presents another critical challenge. Viewpoint vari-
ation significantly impacts object appearance due to changes in
scale and orientation. However, because existing real-world datasets
are collected under unconstrained conditions [43, 54], they lack
the controlled variations needed to systematically evaluate both
cross-view robustness and cross-modal learning. These datasets
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Table 1: Comparison of the AMOD dataset with existing RGB-T object detection benchmarks containing aerial scenes.

Dataset Scenario Image Total Bounding  Total Total Location D Simultaneous 400K (r\:l;rak; éz'zeea) F“R}DAUZAMDD o
Size Frames Box Type Instances Categories Viewpoints 00k ‘1).3 m: urs.

MULTISPECTRAL (MM-17) [35] Driving (DV) ~ 640x480 7,512  HBB 5.8k 5 Asia N Single 2 20mp

FLIR_ADAS (FLIR-18) [2] DV 480x640 14,000 HBB 81.7k 4 North America N Single %‘wok RS Dronevehiclg

DroneVehicle (TCSVT-22) [33] Drone (DR) 640x512 56,878 OBB 88.3k 5 Asia N Single * -

FLIR_ADAS_v2 (FLIR-22) [2] DV 640x512 26,442 HBB 375k 15 North America N Single E 50k

MSRS (IF-22) [36] DV 480x640 2888  HBB 5.4k 8 Asia N Single H ..o W i

MB3FD (CVPR-22) [25] DR+DV  1024x768 8,400 HBB 33.6k 6 Asia N Single z

DVTOD (TIV-24) [32] DR 1920x1080 4,358 HBB 12.2k 3 Asia N Single 5 2

SMOD (TMM-25) [9] DV 640x512 17352  HBB 31.4k 4 Asia N Single © D...

ESCVehicle (TGRS-26) [31] DR 704x704 21454  OBB 36.9k 7 Asia N Single 0K BBox Type

AMOD (Ours) DR 1920x1440 73,920 OBB 383.2k 12 Multiple Y  Multiple o @ J!UTISPECTRAL . 3‘;2

3k 5k 10k 20k 50k 80k

typically suffer from uncontrollable environmental variables, sen-
sor misalignment, and heavily imbalanced viewpoint distributions.
Furthermore, simply collecting more real imagery to address these
gaps remains a costly and strictly constrained process [23, 29].

To overcome the prohibitive costs and limited controllability
of real-world data collection, synthetic data generation offers a
scalable alternative. More importantly, its controllability allows us
to systematically incorporate two properties that remain insuffi-
ciently explored in prior aerial detection benchmarks: @ synchro-
nized multi-view observations and @ strict cross-modal alignment.
In this paper, we introduce AMOD, a new benchmark dataset for
RGB-T aerial object detection constructed using the Arma3 [1]
simulation environment! AMOD provides strictly paired visible
(RGB) and thermal (T) images with aligned annotations, together
with synchronized multi-view observations of the exact same area
of interest; see Fig. 1. In contrast to conventional datasets relying
on manual labeling or post-hoc processing, annotations in AMOD
are obtained directly from the game engine, ensuring geometric
consistency and enabling stable large-scale data generation. The
dataset comprises 73,920 images and 383,212 instances spanning 12
military categories, generated across diverse backgrounds and six
viewing angles. By enabling controlled experiments on viewpoint
variation and cross-modal perception, AMOD provides a special-
ized testbed for military-target detection while also showing utility
beyond this domain for broader aerial object detection.

Using AMOD, we conduct a systematic empirical study and
summarize our key contributions as follows:

(1) Incorporating multi-angular diversity during training sub-
stantially improves model generalization across viewpoints,
highlighting the importance of geometric variability for ro-
bust aerial object detection.

(2) Models pretrained on AMOD achieve improved performance
compared to those pretrained on existing RGB, T, RGB-T
datasets.

(3) Despite being constructed with military object categories,
AMOD transfers effectively to real-world aerial datasets con-
taining civilian objects, demonstrating its utility beyond the
original semantic domain and its applicability to general
aerial object detection.

IThe dataset is generated using our open source software called G-MAD (https:
//github.com/unique-chan/G-MAD), which enables structured scenario specification,
synchronized multi-view RGB-T capture, and automatic annotation by directly query-
ing engine-level precise geometric information.

Total Frames (# Images)

2 Related work

2.1 Existing benchmark datasets for RGB-T
aerial object detection

Existing RGB-T object detection benchmarks have substantially ad-
vanced multi-modal perception as summarized in Tab. 12. However,
only a limited subset is directly relevant to aerial scenes. M3FD [25]
offers some aerial context, but it mixes ground and drone views.
Representative detection benchmarks dedicated to aerial RGB-T
imagery include DroneVehicle [33], DVTOD [32], and ESCVehicle
[31]. Other datasets such as MULTISPECTRAL [35], FLIR._ADAS
[2], MSRS [36], and SMOD [9] are primarily designed for ground-
driving scenarios. Even among aerially relevant datasets, most focus
on single-viewpoint observations. For example, DroneVehicle [33]
has played an important role in cross-modality vehicle detection.
Yet, it is still built around single-view drone flights. This is a criti-
cal limitation for aerial object detection. Object appearance varies
significantly with viewing geometry due to scale changes, foreshort-
ening effects, and self-occlusion. As models trained on single-view
datasets struggle to generalize to unseen viewing angles, view-
point variations are closely entangled with scene composition and
environmental conditions. Furthermore, real-world RGB-T aerial
datasets inherently suffer from imperfect cross-modal alignment.
In the wild, visible and thermal images are rarely registered per-
fectly at the pixel level due to differences in sensor characteristics
and capture timing [18, 48]. DVTOD [32] explicitly highlights this
visible-thermal misalignment in drone scenes. Similar spatial mis-
matches degrade annotation consistency in DroneVehicle [33] and
MS3FD [25]. To overcome these limitations, AMOD utilizes a sim-
ulation game named Arma3 to generate a controlled benchmark
with strictly paired RGB-T images and jointly aligned annotations
across multiple viewpoints.

2.2 Multi-view aerial image understanding

Several lines of research in Earth vision leverage multi-view sig-
nals. The MVOI benchmark [40] reveals how off-nadir imagery
degrades building extraction performance. It provides multi-angle
RGB satellite imagery captured nearly simultaneously. However,
manual labels are only provided for nadir views due to high anno-
tation costs. These annotations are then reused for off-nadir views,

2In our comparison, we focus on RGB-T object detection benchmarks for aerial scenes
that are not specifically designed for tracking or for predominantly tiny-object de-
tection. Accordingly, tracking-oriented datasets such as VI-UAV [49], as well as tiny-
object-focused benchmarks such as Drone-based RGBT Tiny Person Detection [51]
and RGT-Tiny [48], are beyond the scope of this work.
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Figure 2: Annotated examples from the AMOD dataset featuring oriented bounding boxes (OBB). The dataset includes paired
RGB-T imagery (see region ‘0456/10°’ for instance). For multi-angular variants of region ‘0174’, refer to Fig. 1(c).

limiting the precision of view-specific supervision. Another impor-
tant direction concerns cross-view geo-localization and matching
[17]. Game4Loc [16] utilizes the GTA V [3] environment to facil-
itate spatial correspondence research. These studies demonstrate
the potential of simultaneous multi-view data for geometric rea-
soning. Still, their primary focus lies in geo-localization rather than
category-level detection. AMOD bridges these research gaps by ex-
ploring how viewpoint diversity influences category-level detection
in both RGB and thermal modalities. By leveraging the Arma3 game
environment, we extract precise and simultaneous bounding box
labels for all viewing angles, offering a comprehensive perspective
on multi-view aerial understanding.

3 AMOD: a novel synthetic benchmark for
RGB-T aerial military object detection

We introduce AMOD?, a new benchmark to provide synchronized
multi-view aerial images using a game Arma3, enabling systematic
analysis of view variation in aerial detection. We adopt the Arma3
[1] rather than general-purpose game engines such as Unity [4] and
Unreal [5]. While those engines offer high-fidelity rendering, they
often require custom asset modeling or significant licensing costs
of domain-specific 3D models of equipment and terrain (7, 8, 11,
47], for large-scale data construction. In contrast, Arma3 already
provides rich 3D object models with various terrain assets. This
eliminates the need for heavy 3D modeling.

3.1 General setup

Category design. As Arma3 is a military FPS game, most of its
available 3D assets are related to military equipment. We adopt
a total of 513 models in Arma3, 258 from the Eastern and 255
from the Western faction. Each model is then categorized into
one of 12 classes: Armored, Artillery, Helicopter, Landing
Craft Utility (LCU), Multiple Launch Rocket System (MLRS),
Plane, RADAR, Surface-to-air Missile (SAM), Self-propelled
Artillery, Support Vehicle, Tank, and Transporter Erector
Launcher (TEL); the distribution of Arma3 assets assigned to each
category is illustrated in Fig. 3(a).

31t stands for “Aerial Military Object Detection in multi-view RGB-T scenarios.”
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Objects placement (spawn). Let A denote an area of interest (or
target imaging area) for which simultaneous multi-view captures
are provided as in Fig. 1. For each A, our data generator? randomly
selects and positions items as follows:

e Step 1. Sample k classes among the above 12 categories, and
store them into a set S. Here, k is chosen between 1 and 8.

e Step 2. Randomly determine the number of items e to be
placed in the A (e is between 8 and 14). The e items are
selected from the 513 assets, restricted to the classes in S.

To further enhance data diversity, each object is assigned a
unique rotation angle. Besides, we enforce that land assets must be
located only on land and naval assets for sea, and that no objects
overlap with each other.

Recording setup. As shown in Fig. 1, we control the Arma3 to
capture six simultaneous multi-view, RGB-T paired images for each
A, corresponding to observation angles of 0°, 10°, 20°, 30°, 40°, and
50°. Along with the images, the associated metadata is also extracted
to generate bounding-box annotations for each view. Each image
has a size of 1920X1440 and the cameras are configured such that
the central pixel of the 0°-observing image is a ground sampling
distance (GSD) of 0.1 m/pixel. For this nominal GSD, we set the
camera altitude (z) to 120 m with Vertical FOV® 75° in Arma3. When
z exceeds 120 m, shadows largely disappear, resulting in a notable
loss of image detail in Arma3. Since the presence of shadows in
aerial imagery is known to be of significant research importance
[26], we do not consider z >120 m. Besides, we set the time range
from 9 to 18 for capturing different lighting conditions®. Meanwhile,
to enlarge the geographical coverage, we leverage several official
Arma3 maps as follows’:

o For train/validation splits: Altis, Malden, Stratis, Tanoa, Weferlingen;

o For test split: Malden and Livonia.

4The values of k and e are empirically chosen and can be changed.

SVFOV 75° is a broad viewing angle similar to that of a standard wide-angle camera.
As our primary focus is on unprocessed UAV imagery, neither orthorectification nor
lens distortion correction is applied. Nevertheless, pretraining with AMOD improves
performance over the baseline when evaluated on real-world datasets like DIOR-R,
composed of satellite images from Google Earth (Standard Orthophoto).

®In Arma3, visible images captured at night are usually rendered entirely black, making
them unusable. Therefore, we do not collect RGB-T pairs under nighttime conditions.
"Note that all maps are utilized at a nearly equal frequency.
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Figure 3: Statistics of the AMOD dataset. (a) Object models per category used in Arma3. (b-1) Instance count per category. (b-2)

Instance distribution per category in train/dev/test splits. (c)
(d) Size distribution (Small/Medium/Large) in train/dev/test

Normalized instance count by Arma3 models across categories.
splits. (e) Instance size of OBBs per category. (f) Aspect ratio

distribution of OBBs per category. Note that RGB and thermal modalities are perfectly aligned, with identical image counts,
instance counts, and bounding box annotations in our benchmark.

Figure 4: Examples of (a) low inter-class and (b) high intra-
class variances in Arma3 models we used for our dataset.

Annotation. While capturing each scene, our generator obtains
the 3D bounding box using ‘boundingBoxReal’ function of Arma3;
see Supp. Material online for details. It then projects its corner
points onto the image plane, and derive both horizontal and ori-
ented bounding box (HBB/OBB) annotations. The HBB is computed
by taking the minimum and maximum projected coordinates, while
the OBB is obtained by applying a convex hull [13] followed by
rotating calipers [37] to find the minimum-area enclosing rectan-
gle. However, OBBs obtained via the rotating calipers algorithm
can be suboptimal (i.e., relatively loose) at certain instances. Since
tighter bounding boxes are generally more desirable for detector
training and also beneficial for fair benchmarking [29, 30, 46], we
further refine the initial OBBs. Specifically, we employ the Segment
Anything Model (SAM) [21] to extract object masks from the initial
OBBs, and subsequently reconstruct tighter OBBs based on these
masks. Detailed refinement procedure and its relevant source code
are provided in Supp. Material and our online website. Finally, as
summarized in Tab. 1, in our benchmark, to facilitate future multi-
view studies, the same object observed across different views is
assigned a consistent object ID for each region of interest (A).
Data balancing. Class imbalance is undesirable, as it may bias
model training toward overrepresented categories and degrade gen-
eralization performance [20]. However, achieving perfectly uniform
class distributions is infeasible in our data because the number of
available 3D assets varies across categories as seen in Fig. 3(a). To
address this, we post-process our initially generated data so that
the ratio between the number of instances per class and the number
of Arma3 items is made as uniform as possible; see Fig. 3(c).

3.2 Statistics, challenges, and applications

Train, validation, and test splits. The dataset is partitioned into
three subsets: a training set comprising 47,808 images (64.68%), a
validation set with 11,988 images (16.21%), and a test set with 14,124
images (19.11%). We maintain similar class distributions across all
splits as shown in Fig. 3(b-2).

Object size and aspect ratio distributions. Following [12], we
categorize object sizes into three groups: small (< 32x32 pixels),
medium (between 32x32 and 96x96), and large (> 96x96). The
object size distribution of our dataset is illustrated in Fig. 3(d).
Meanwhile, Fig. 3(e) and (f) illustrate the average size and aspect
ratio of OBBs for each category, respectively.

Distinct characteristics of AMOD. Our dataset is designed with
three notable properties as follows.

(1) It provides simultaneous multi-view observations of each re-
gion of interest (A), enabling research on cross-view consis-
tency in aerial image understanding. Owing to the complex
terrain in Arma3 environments, such as cliffs and mountains,
certain objects are occluded in some viewpoints®.
It exhibits both low inter-class and high intra-class variations.
For instance, visually similar vehicle types such as tanks and
armored vehicles challenge fine-grained recognition, while
a single class like RADAR includes highly diverse structures,
as illustrated in Fig. 4.
(3) It ensures diverse geographical backgrounds by leveraging
diverse official Arma3 maps, thereby enhancing scene vari-
ability and model’s generalization ability.

Potential applications of AMOD. Ultimately, AMOD establishes
a useful benchmark for aerial object detection across diverse view-
ing conditions. The provision of paired RGB-T data further makes
it a practical testbed for developing and evaluating multi-modal
fusion methods. Crucially, AMOD also serves as an effective pre-
training source for transfer to real-world aerial domains; as shown
in Sec. 4.4, this benefit extends beyond military targets and also
improves the detection of civilian objects.

@

~

8We automatically filter objects as fully occluded if their direct line-of-sight intersects
with other scene elements.
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Table 2: Class-wise Test AP on AMOD.

Sclf-propelled

Armored  Artillery Helicopter LCU MLRS Plane RADAR SAM Support Tank TEL Mean

Atillery
AP;5. 40.30 74.20 50.40 78.30 6520 79.30 25.70 30.60 37.40 40.60 4740 53.70 5193
APs0.05 47.19 64.35 5047 58.27 56.08 6520 31.65 38.92 43.53 46.46 4891 5476 50.48

Table 3: Cross-angular evaluation results (AP75) on AMOD.

Test
Train 0° 10° 20° 30° 40° 50° Mean
0° 53.71 49.61 46.23 36.81 27.00 18.27 38.61
10° 52.44 48.81 46.88 38.53 32.73 17.50 39.48
20° 51.87 50.50 47.81 44.41 33.97 21.96 41.75
30° 49.39 48.73 46.74 4249 37.13 23.60 41.35
40° 45.29 45.95 45.71 41.15 34.68 28.20 40.16
50° 32.88 31.43 33.84 33.50 29.56 28.53 31.62
All 60.89 59.62 57.35 52.78 45.24 37.83 52.29

(+7.18)  (+9.12) (+9.54) (+8.37) (+8.11) (+9.30) (+10.54)

All (Reducedto 1) 56.92 5251 5322 50.84 3974 3244  47.61
(+#3.21)  (+2.01) (+5.41) (+6.43) (+2.61) (+3.91) (+5.86)

Test AP75 Test AP50:95
109 53 64
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Figure 5: Effect of angular diversity versus data quantity on
AMOD (AP75, APs5.05). The blue and red dots denote the mean
and standard deviation of AP values across all observation
angles, respectively.

Table 4: Comparison between AMOD and ImageNet pretrain-
ing on two real-world benchmarks, DIOR-R (visible) and
HIT-UAV (thermal), evaluated using APs.

Finetuned for DIOR-R |

Pretrained from ‘ Finetuned for HIT-UAV

Source Data  View Diversity | Airplane  Ship  Vehicle Windmill Mean | Person  Car  Others Mean
ImageNet - ‘ 71.88 81.02 42.59 57.07 63.14 ‘ 85.30 81.29  57.12 74.57

X (0°) 79.41 81.60 43.82 56.55 65.35 (+2.21) - - - -
AMOD® (m) v/ (0°-20°) 7892 8183 4447 56.55 65.44 (+2.30) - - - -

v (0°-50°) 79.96 82.05 44.54 56.79 65.84 (+2.70) 86.59 82.00 58.51 75.70 (+1.13)

x (0°) 77.65 8600 5248 56.19 68.08 (+4.94) # 4 - -
AMOD* (m)  / (0°-20°) 78.22 89.03  53.27 57.24 69.44 (+6.30) - - - -

v (0°-50°) 79.71 89.04 5321 57.36 69.83 (+6.69) | 87.68 82.15 61.40 77.08 (+2.51)

4 Experiments

Following prior work on aerial object detection [19, 22, 39, 52], we
adopt Oriented R-CNN [45] with a Swin-S [28] backbone and FPN-
1x [24] as our baseline model. In addition, for RGB-T multimodal
training, motivated by [50], we adopt channel-wise stacking (early-
fusion)® of RGB and thermal (T) images at the input level as our
baseline!?. The resulting four-channel input is fed into a Swin-S
backbone, and the extracted features are subsequently passed to
an Oriented R-CNN detector. This design is efficient in terms of
both parameter count and computational cost. All experiments are
implemented using the MMRotate framework [53].

9To simplify our prototype experiments, we rely only on the thermal split annotations
from DroneVehicle [33] during both training and testing.
19Since the RGB-T image pairs in our dataset are perfectly aligned at the pixel level,
no additional registration or feature-level alignment is required [15]. This makes such
a simple early-fusion strategy both feasible and effective.
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Figure 6: Learning curves for two AMOD variants: AMOD*
(m) denotes the corrected version of the initial AMOD labels
(m), resulting in tighter bounding box annotations. Unless
otherwise specified, AMOD refers to AMOD" (m), a corrected
version with refined bounding-box annotations, and all ex-
perimental results are reported on this, in our paper.

z For Detector Pretraining
Photo-rea'listic

Real-world

Figure 7: Illustration of the shared latent space (Z) for do-
main adaptation between our synthetic (Xs) and target real-
world (X7) domains using UNIT [27]. Both domains are
mapped to Z. Arma3-rendered photo-realistic images are
generated as intermediate samples to bridge Xs and Xr.

Table 5: Investigating the effectiveness of AMOD-pretraining
on a real-world RGB-T benchmark, DroneVehicle (APs).

Fi for DroneVehicl
Pretrained from ‘inetuned for DroneVehicle

Car Van  Truck  Bus Mean
DroneVehicle (Baseline) 87.81 5473  64.65 87.39 73.65
AMOD 89.02 55.69 69.25 88.54 75.62(+1.97)

hetps:ffici.radio-

zeigen-Putins-
Truppen-art-
] Gienze.html

Figure 8: Qualitative analysis of an AMOD-trained detec-
tor on unseen real-world RGB imagery containing military
equipment on real-world RGB satellite photographs released
through public news coverage of the Russia-Ukraine war: (a)
and (b): Successful detections of helicopters and airplanes.
(c): A failure case of detecting tanks.

4.1 Class-wise performance on AMOD

We first report class-wise detection performance on the RGB split of
AMOD in Tab. 2, which serves as a reference breakdown of category-
level performance under the default evaluation setting. Categories
such as LCU (78.30 AP75) and Plane (79.30 AP75) achieve relatively
high performance, likely because they exhibit distinctive global
shapes with limited visual ambiguity. In contrast, categories such
as RADAR (25.70 AP75) and SAM (30.60 AP75) show substantially
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lower performance. We hypothesize that this is partly attributable
to high intra-class variation; as shown in Fig. 4(b).

4.2 Multi-view learning on AMOD

AMOD’s synchronized multi-view observations faciliate a con-
trolled analysis of viewpoint generalization in aerial object de-
tection. Using the RGB subset, we investigate how angular diver-
sity during training affects robustness to unseen viewing angles.
Detectors trained on a single observation angle show a clear angle-
dependent bias; see Tab. 3. Performance drops significantly as the
test viewpoint diverges from the training angle. For instance, a
model trained at 0° achieves 53.71 AP75 at 0° but drops to 18.27 at
50°. The best single-angle model yields a mean APy5 of only 41.75.
Single-view training clearly lacks the geometric diversity needed
for robust cross-angle generalization. In contrast, a multi-view
model trained jointly on all six angles outperforms the single-angle
baselines across every test angle. It achieves a 52.29 mean APys,
which is 10.54 points higher than the best single-angle model. This
gain spans the full angular range from 0° to 50°. To separate the
impact of angular diversity from dataset size, we also evaluate a
reduced multi-view model trained on one-sixth of the total data.
This model still achieves 47.61 mean APys, outperforming the best
single-angle baseline by 5.86 points. Additionally, Fig. 5 shows that
increasing multi-view diversity improves the mean test AP and
reduces the standard deviation across observation angles. Overall,
these results confirm that viewpoint diversity plays a central role
in generalization.

Importantly, a similar trend is observed in real-world transfer. As
shown in Tab. 4, increasing view diversity during AMOD pretrain-
ing consistently improves downstream performance on DIOR-R.
For example, the mean APs increases from 65.35 (0° only) to 65.44
(0°-20°) and further to 65.84 (0°-50°) in the AMOD?® setting, and
from 68.08 to 69.44 and 69.83 in the AMOD* setting; note that details
about AMOD® and AMOD” are described in Sec. 4.3. This indicates
that angular diversity learned from synthetic aerial data transfers
to real-world detection scenarios. Overall, these results confirm
that viewpoint diversity plays a central role in generalization.

4.3 Annotation refinement of AMOD

We analyze the impact of annotation quality by comparing two
AMOD variants: the initial version (denoted as AMOD®) and a
refined version with tighter bounding box annotations (denoted as
AMOD). Fig. 6 shows that annotation refinement leads to more
stable and efficient optimization. The model trained on AMOD*
exhibits faster convergence and achieves a higher final validation
AP. However, AMOD® achieves a lower final loss of localization than
AMOD?, as the latter’s ground truth targets are more precise, thus
harder to learn. A tighter bounding box (BBox) is more difficult to
hit perfectly, leading to a higher, but more meaningful, loss value!!.
Meanwhile, AMOD* achieves a significantly lower classification
loss, implying that the noisy BBox labels in the AMOD® hinder the
model to learn discriminative features for classification.

This improvement also translates to downstream performance.
As shown in Tab. 4, models pretrained on AMOD* outperform

1 other words, higher localization loss on AMOD* should not be interpreted as
inferior localization learning; rather, it reflects stricter and tighter supervision targets.

Kim et al.

those pretrained on the initial AMOD across both DIOR-R and HIT-
UAV. For example, on DIOR-R, the mean APs, improves from 65.84
to 69.83 under full view diversity, and on HIT-UAV, it increases
from 75.70 to 77.08. These results indicate that annotation quality
plays a critical role not only in optimization behavior but also in
cross-dataset generalization.

4.4 Real-world domain adaptation of AMOD

Though our synthetic data offers scalable and precisely annotated
samples, the visual characteristics of synthetic images significantly
differ from real-world data in aspects such as color tone, texture,
and background complexity [38]. This discrepancy is generally
referred to as domain gap. Even in real-world scenarios, domain
gaps can still naturally arise due to varying environmental factors,
sensors, and imaging modalities [6, 42]. To bridge this gap, we adopt
a pipeline consisting of domain transfer (see Fig. 7), pretraining,
and finetuning detectors; see Supp. Material online for details.

In this section, we intentionally assume that labeled target-
domain data are unavailable during pretraining. Therefore, for UNIT
[27]-based domain transfer, we use similar proxy datasets instead of
the actual target data: @ DOTA [43] for DIOR-R [10] and DroneVe-
hicle (RGB) [33]; @ DroneVehicle (T) [33] for HIT-UAV [34]; and ®
HIT-UAV for DroneVehicle (T). This setup reflects realistic deploy-
ment scenarios and allows us to fairly evaluate the transferability
and generalization capacity. The experimental results in Tabs. 4 and
5 indicate that our AMOD serves as an effective pretraining source
for real-world aerial detection tasks. As shown in these tables,
models pretrained on AMOD consistently outperform ImageNet-
pretrained counterparts across multiple downstream benchmarks,
including DIOR-R, HIT-UAV, and DroneVehicle.

Furthermore, the qualitative examples in Fig. 8 indicate that
AMOD-pretrained detectors with @-style transfer retain the ability
to localize and classify military objects in previously unseen real-
world RGB imagery, without finetuning!?. The successful detections
of helicopters and airplanes suggest that AMOD improves not only
quantitative performance but also cross-domain generalization to
some extent. However, missed detection of tanks highlights a re-
maining limitation. This issue is expected to be mitigated through
fine-tuning with additional real-world military data in future work.

5 Conclusions

In this paper, we introduced AMOD, a large-scale synthetic bench-
mark for RGB-T multi-view military object detection in aerial
scenes. AMOD provides strictly paired RGB-T imagery with consis-
tent annotations across multiple viewpoints, enabling controlled
study of viewpoint variation and cross-modal learning. Experiments
show that multi-view diversity improves viewpoint generalization
and that AMOD pretraining consistently outperforms ImageNet
inijtialization on multiple real-world benchmarks. Despite being
built from synthetic military scenarios, AMOD transfers effectively
to real-world aerial imagery, including unseen environments and
civilian object categories. As future work, we plan to extend AMOD
toward more complex settings, including UAV-UGV scenarios and
fine-grained classification.

12Although AMOD focuses on military objects, real-world military validation in this
paper is restricted to a small set of unseen qualitative examples because large-scale
public aerial datasets with military targets are difficult to obtain and curate.
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