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ABSTRACT

Automated vehicle detection in video footage captured by Unmanned Aerial Vehicles (UAVs) is a critical capabil-
ity in security and defense domains, especially for environments where communication is jammed. Development
of deep learning-based object detectors for this purpose typically requires large-scale datasets, which can be
hard to obtain due to limited access to relevant environments. To address this challenge, synthetic data has
been proposed as a supplementary source of training data, introducing additional variations in the appearance
and positioning of objects. One promising strategy for generating synthetic data is inpainting, where objects
of interest are seamlessly integrated into various backgrounds. However, traditional inpainting techniques lack
spatial and contextual awareness, limiting their effectiveness for data augmentation. Recent advancements in
generative AI, specifically diffusion models, have demonstrated improvements in object harmonization and spatial
control for object inpainting, enabling realistic foreground-background matching with a high level of diversity.
In this work, we explore the value of diffusion-based inpainting as a data augmentation technique. We use the
inpainting model AnyDoor to enrich a small subset (1000 frames), of the VisDrone train dataset with inpainted
versions of minority-class objects (buses, vans, trucks). We train YOLOX detectors on datasets with increasing
amounts of synthetic vehicles (1x, 5x, 10x, and 20x) and analyze the impact on detection performance. Results
show that zero-shot inpainting can substantially improve detection for buses up to an augmentation factor of
10x, with no improvements at 20x. Effects for vans and trucks are mixed and sometimes negative. Fine-tuning
AnyDoor provided limited additional benefit under the tested conditions. Overall, diffusion-based inpainting
shows potential as a data augmentation strategy in low-resource UAV scenarios. Future work should explore
strategies to increase contextual diversity, such as adding multiple synthetic objects per image or incorporating
automated quality control for synthetic samples.

Keywords: Inpainting; Diffusion; Data augmentation; Generative AI; Synthetic data; Deep learning; Object
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1. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are increasingly deployed in security and defense for intelligence, surveillance,
and reconnaissance operations. A key capability in these missions is the automated detection and classification
of vehicles in aerial video footage.1–3 Automating this step reduces the operator’s workload and is critical in
scenarios where video transmission is interrupted due to jamming.

Training robust deep learning-based detectors requires large datasets, that are diverse and representative of
real-world conditions. Collecting such datasets is challenging due to restricted access to operational environments
and the limited availability of certain object classes, particularly in rare configurations, such as unusual poses,
occlusions, or lighting conditions. This lack of diversity makes object detection models prone to overfitting on
training data and reduces their ability to generalize to new scenarios.4 To address these limitations, synthetic
data has been proposed as a supplementary source for training models, introducing additional variations in the
object appearance and positioning. Previous methods often rely on 3D-model simulation pipelines,5–9 but these
methods are time-consuming to develop and suffer from domain gaps when applied on real-world data.10,11 An
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alternative strategy is inpainting, where objects of interest are inserted into various backgrounds to create new
samples.12–14 However, traditional inpainting techniques lack semantic understanding, struggle with large or
complex missing regions, and often produce visible artifacts. These limitations reduce their effectiveness as a
data augmentation strategy.

Recent advances in generative AI provide new opportunities to synthesize image data to train AI models for
automated scene understanding.15 Specifically, diffusion-based inpainting models have demonstrated improve-
ments in three key areas: blending objects naturally into their surroundings (object harmonization), preserving
the identity of the reference object rather than generating a similar alternative (ID consistency), and increasing
appearance diversity - all while retaining a high level of spatial control.16–18 Recent studies highlight the ef-
fectiveness of reference image-based inpainting for developing medical segmentation models.19,20 Previous work
has explored inpainting for air traffic detection, based on text-prompts.21 Despite these studies, the potential of
diffusion-based inpainting for UAV-based vehicle detection remains largely unexplored. Addressing this gap is
critical for improving detection of rare vehicle classes without costly or infeasible real-world data collection.

In this paper, we study whether diffusion-based inpainting can serve as an effective data augmentation tech-
nique for vehicle detection from a UAV perspective. Specifically, we use the diffusion-based inpainting model
AnyDoor16 to extend a small subset of the VisDrone training dataset22 with inpainted versions of minority-class
vehicles (underrepresented vehicle categories). We compare zero-shot and fine-tuned inpainting performance,
followed by training YOLOX object detection models23 on datasets augmented with varying quantities of the
inpainted images. Section 2 provides an overview of generative AI inpainting techniques and the use of syn-
thetic data as data augmentation. Section 3 describes our methodology; Section 4 presents results for both the
inpainting and object detection; and Section 5 concludes with the key findings.

2. RELATED WORKS

2.1 Diffusion models

Beyond traditional augmentation techniques such as geometric transformations and color adjustments, current
research increasingly explores generative AI-based image synthesis to enrich training datasets.24–27 Diffusion
models28–30 have made progress in becoming state-of-the-art for image synthesis, demonstrating superior data
diversity and fidelity over prior models such as GANs31,32 and VAEs.33 At the heart of these models lies a diffu-
sion mechanism that incrementally adds noise to the input data until the resulting samples are indistinguishable
from pure noise. During inference, a denoiser trained to reverse the noise addition process is used to progressively
refine pure noise samples until they resemble clean data. Beyond image synthesis, diffusion models have also
been employed for the generation of video,34 motion,35,36 and audio.37,38 Widely used diffusion frameworks,
such as Stable Diffusion,30 DALL-E2,39 and FLUX40 are primarily designed for text-to-image generation. These
models use a text encoder like CLIP41 to transform a text prompt into a latent embedding, which conditions
the denoising process.

While text-to-image models generate visually realistic images, they often lack control over spatial composition,
object layout, and pose. In 2023, ControlNet42 introduced additional conditioning signals, such as edge maps,
depth maps, segmentations, and poses.43,44 ControlNet enhances a pretrained diffusion model by duplicating
its weights into two branches: a frozen backbone that preserves learned representations and a trainable copy,
enabling precise control over the generation process. In low-resource vision domains, pretrained diffusion models
frequently lack detailed knowledge of specific classes, leading to unrealistic image generation or low-diversity
outputs. This can be addressed by providing a reference image to guide the process, for example using a
ControlNet building block.16,45

2.2 Inpainting

Image inpainting techniques replace or insert visual elements into background images to achieve seamless blends.
Early approaches used GANs to treat inpainting as a conditional generation task,46,47 integrating high-level
recognition and pixel synthesis via adversarial loss encoder-decoder networks.48 While effective, these methods
often suffer from boundary artifacts and identity inconsistency.
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To improve control, example-guided methods like Paint by Example (PbE)18 merge reference and source
images using binary masks. PbE compresses the reference image into a 1024-dimensional vector via a CLIP
encoder, preserving semantics while avoiding direct copy-paste. However, this bottleneck limits low-level detail
synthesis, causing identity distortion.17 PhD (Paste, Inpaint and Harmonize via Denoising)17 addresses this
by extracting subjects with SAM,49 pasting them onto backgrounds, and harmonizing via a self-supervised
inpainting model. Unlike PbE, PhD avoids fine-tuning large diffusion models and retains strong composition
abilities. For fine-grained identity preservation, “An image is worth one word”50 uses textual inversion to learn
pseudo-words from three to five user-provided images, enabling synthesis of objects in new styles while retaining
the traits that identify the individual. DreamBooth51 builds on this by fine-tuning Stable Diffusion30 with a
class-specific prior loss, allowing diverse scene synthesis.

AnyDoor16 enables zero-shot, subject-driven inpainting by learning object transformations over time from
video datasets. During training, one frame provides the target object while another serves as supervision. The
method employs adaptive time-step sampling to optimize the denoising process: early steps focus on structural
generation, while later steps refine textures and colors. Although trained on video data, AnyDoor can be applied
to both video and image inpainting. For video, the model allocates 50% more sampling to early steps, to maintain
structural consistency across frames. For single images, later steps are emphasized to enhance fine-grained
detail synthesis. Users can guide subject placement by drawing a mask on the background image. AnyDoor
integrates a ControlNet architecture42 with the DINOv2 feature extractor,52 enabling high-quality synthesis.
This combination of temporal and spatial control makes AnyDoor a robust foundation for our research pipeline.

2.3 Image synthesis for data augmentation

Previous work illustrates that language-based diffusion models can effectively augment labeled classification
datasets.26,53–55 When expanding datasets with synthetic images, maintaining a balance between real and
synthetic data is crucial, as synthetic data may exaggerate certain features or inherit biases from the generative
model.54 One approach to address this is assigning sampling probabilities to real and synthetic images to mitigate
imbalance.53 To reduce bias, synthetic data should include sufficient variation.5 For instance, Odgen55 enhances
variety in synthetic classification datasets by using object-wise conditioning modules that control object categories
and placement. Although this method fine-tunes pretrained diffusion models on domain-specific datasets, the
study acknowledges that generating high-quality synthetic images for novel domains remains challenging.

X-paste56 employs two strategies to obtain additional image instances of a target object with diverse appear-
ances, viewpoints, and styles: (1) generating synthetic data using the zero-shot SD1.4 text-to-image diffusion
model,30 and (2) scraping real images from the internet. To filter the scraped images for quality, the semantic
similarity between each category and the images is evaluated using a CLIP model.41 The baseline for evaluating
these strategies is object detection using CenterNet257 on the LVIS dataset.58 Synthetic instances achieve a box
AP of 36.3 and a mask AP of 32.3, outperforming the baseline by +1.9 and +1.5 mAP, respectively. Improve-
ments are especially notable for rare categories, with gains of +4.0 box AP and +3.6 mask AP. Scaling synthetic
data from 100,000 to 300,000 further enhances performance. For comparison, 300,000 real images scraped from
the internet yield a +2.3 box AP and +1.9 mask AP. These results demonstrate the potential of generative data
augmentation and underscore its relevance to our research.

Diversity in datasets is essential for robust object detection,5 as models must generalize across variations
in lighting, weather, and environmental conditions. In the vehicle-focused research, such as the automotive or
military applications, factors such as vehicle speed, road orientation, and vehicle lighting are particularly relevant.
Petersen et al.59 address this challenge by introducing scene-aware object synthesis for data augmentation. They
propose a probabilistic location model that predicts realistic object placement within existing scenes. Once
the vehicle location is determined, object synthesis is performed by diffusion-based inpainting using an SD2
model30 with ControlNet.42 This scene-aware approach improves Faster R-CNN60 object detection performance
by +1.6 mAP on the BDD100K dataset.61 These findings support our motivation to explore object detection
enhancements through the AnyDoor16 generative inpainting pipeline, specifically using vehicle data from the
VisDrone-19 drone perspective dataset.22
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3. METHODS

Parts of this manuscript were drafted with the assistance of Microsoft Copilot with GPT-5, to improve clarity
and phrasing. All content was reviewed and verified by the authors, who take full responsibility for the final
manuscript.

3.1 Dataset

The experiments were conducted with the VisDrone-19 dataset,22 a large-scale benchmark for object detection
and tracking in drone imagery. We focused exclusively on four vehicle classes: cars, buses, trucks, and vans,
while we ignored all other object categories during training and evaluation. For training AnyDoor, we selected 50
videos from the VisDrone-19-VID train dataset, which together contain 402 unique cars, 44 buses, 99 trucks, and
152 vans. To train an object detector, we randomly sampled 1,000 frames from these 50 videos, ensuring that each
frame contained at least one instance of the target classes, creating the Visdrone1000 dataset. Evaluation and
validation were performed on the official VisDrone-19-DET validation and test sets without further modification.

3.2 Fine-tuning AnyDoor

We used AnyDoor16 to generate additional training data for object detection. In the VisDrone-19 dataset, the
vehicle classes bus, van, and truck are underrepresented in comparison to the car class. With AnyDoor, we
take the bounding box of a car and replace it with, for example, a synthetic van sourced from a different video
frame. This operation can be performed zero-shot, since AnyDoor already demonstrates reasonable out-of-the-
box performance for vehicle inpainting tasks. Figure 1 illustrates how a synthetic image can be created using
this approach.

Because AnyDoor was originally trained on generic image datasets and not on drone-view imagery, we hy-
pothesized that fine-tuning it on VisDrone videos would yield more realistic and context-appropriate inpainting
results. Fine-tuning requires access to video sequences because AnyDoor’s training principle relies on using an
earlier frame as the reference, and inpainting the object into a later frame from the same sequence. Specifically,
we trained three separate AnyDoor models: one for buses, one for vans, and one for trucks, to maximize the
fidelity of the generated samples for each class.

Each AnyDoor model is trained for 30 epochs, where one epoch consists of 5, 000 inpainting steps. In each
step, a frame was randomly selected as the reference, and the object it contains was inpainted into another frame
from the same video sequence: the target. We selected a batch size of 8 with gradient accumulation over 4 steps
(with an effective batch size of 32), a learning rate of 1× 10−5, and mixed precision (FP16) on an NVIDIA A40
GPU. The training objective follows a linear noise schedule from 0.00085 to 0.0120 over 1, 000 diffusion time
steps. For more details on all other hyperparameters, see the original AnyDoor paper.16

3.3 Synthetic data generation

We tested two approaches to generate synthetic data: one using the zero-shot (zs) AnyDoor model and one using
the corresponding fine-tuned (ft) model.

For each target class, we created augmented datasets by generating synthetic instances at four augmentation
factors: 1×, 5×, 10×, and 20× the original number of annotated objects in VisDrone1000. Across the 1,000
frames in the dataset, the original annotation counts were: buses - 417 bounding boxes (44 unique buses), trucks
– 1,036 bounding boxes (99 unique trucks), and vans – 2,192 bounding boxes (152 unique vans). In the target
frame, we replace one of the five largest bounding boxes with a synthetic vehicle sourced from a reference frame
(see Figure 1). This choice ensures sufficient spatial resolution for the inpainted object. For higher augmentation
factors (5×, 10×, 20×), or for classes with more than 1,000 original annotations (trucks and vans), the same set of
1,000 target images was reused multiple times, each time inserting a different synthetic instance. As an example,
for the bus class, the bus1× dataset was created by generating 417 synthetic buses - matching the original number
of bus annotations - and inpainting them into 417 randomly selected target images (as illustrated in Figure 1).
In addition to class-specific datasets, we created combined datasets that include synthetic instances of all three
classes (buses, trucks, vans) at the same augmentation factor. For example, the combined10× dataset contains
10× the original number of buses, 10× trucks, and 10× vans.
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Figure 1: Reference, target, and binary mask images, with the synthetic vehicle shown in the red bounding box
on the right. A van is selected in the reference image, denoted by the blue bounding box, which results in the
reference binary mask. In the target image, a car is selected, indicated by the green bounding box, which results
in the target binary mask. The van from the reference image is inpainted at the target binary mask location
using AnyDoor,16 resulting in the synthetic image on the right.

Figure 2: Overview of the experimental setup for synthetic data generation and model training. Synthetic buses,
trucks, and vans were generated using AnyDoor in two variants: zero-shot (top) and fine-tuned (bottom). For
each class, vehicle class-specific datasets were created at four augmentation factors (1×, 5×, 10×, 20×) relative
to the original number of annotated objects. The combined datasets include synthetic buses, trucks, and vans
at the same augmentation factor (e.g. combined 10× includes 10× buses, 10× trucks, and 10× vans). These
datasets were used to train YOLOX object detectors, whose performance was compared against a baseline trained
on VisDrone1000 without synthetic data.

In total, this approach yields 32 datasets: 16 datasets generated with zero-shot AnyDoor, and 16 datasets
generated with the fine-tuned models. See Figure 2 for an overview of the generated datasets.

3.4 YOLOX object detection

To evaluate the effectiveness of the AnyDoor-generated datasets, we used the 32 synthetic datasets and the
original VisDrone1000 dataset to fine-tune YOLOX-L (referred to as YOLOX in the remainder of this paper)23
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which is pretrained on the COCO dataset.62 As a baseline, YOLOX was trained solely on the VisDrone1000
dataset, which contains only real images. For each of the 32 synthetic datasets (Figure 2), we trained YOLOX
on the original VisDrone1000 data augmented with the corresponding synthetic images. We evaluated YOLOX
on the VisDrone-DET test-dev split, reporting mAP@25, size-wise AP@25 for small, medium, and large objects,
and per-class AP for car, van, truck, and bus. Each training configuration was repeated three times, and we
report the mean and standard deviation of AP values.

We trained YOLOX for approximately 33,000 iterations in each experiment, using Stochastic Gradient De-
scent (SGD) with a base learning rate of 0.02, momentum of 0.9, and weight decay of 5× 10−4. For the baseline
VisDrone1000 dataset, this corresponds to around 100 epochs. When training on augmented datasets, containing
more samples, the number of epochs is proportionally reduced to maintain a similar total number of training
iterations. This approach ensures that performance differences are attributable to the composition of the train-
ing data rather than differences in training time, and it allows us to keep computational costs consistent across
experiments. Although the number of epochs is reduced, real VisDrone images are, in fact, not seen fewer times
using this approach: each synthetic frame is based on an original VisDrone frame with an additional inpainted
object. We employed a quadratic warm-up schedule for the first five epochs, cosine annealing until epoch 90,
and a constant learning rate for the final 10 epochs. To accommodate the memory constraints of the NVIDIA
A40 GPU (48 GB), we set the batch size to 3 and train at a high-resolution input size of 1920× 1920, enhanc-
ing detection performance for small objects common in drone imagery. Advanced data augmentations such as
Mosaic,63 mixup,64 RandomAffine, HSV augmentation, and random horizontal flipping were applied to improve
generalization; however, these augmentations were disabled in the final 10 epochs to allow the model to adapt
to the real data distribution.

4. RESULTS

This section describes the synthetic data generated by AnyDoor, followed by an evaluation of YOLOX perfor-
mance on the VisDrone-DET test set.

4.1 Synthetic data generation

Figure 3 illustrates representative synthetic outputs from zero-shot AnyDoor and fine-tuned models at differ-
ent epochs. While the differences are slight, there appears to be reduction of artifacts and improved object
background harmonization over epochs.

4.2 YOLOX object detection

Table 1 reports the mAP@25 scores of the YOLOX object detector trained on the different datasets, evaluated
across three bounding box sizes and four vehicle classes.

Baseline. Figure 4 illustrates representative detections on real VisDrone test images using the YOLOX model
trained on the original VisDrone1000 dataset. The model predominantly detects cars, reflecting the class imbal-
ance in the training set, while predictions for underrepresented classes such as buses, trucks, and vans are less
frequent and occasionally include false positives.

Training on the real-only VisDrone1000 subset yields an overall mAP@25 of 23.7, with size-wise AP of 19.1
(small), 29.5 (medium), and 21.4 (large). Per-class AP is 60.0 (car), 17.2 (van), 4.9 (truck), and 12.5 (bus).
These values serve as the reference for all comparisons below.

Effect of synthetic augmentation. Table 1 summarizes the relative changes with respect to the baseline for
all 33 configurations. Several patterns can be seen:

(i) Buses: Synthetic augmentation strongly benefits bus detection overall, but fine-tuning does not signifi-
cantly outperform zero-shot. Zero-shot at 10× yields the largest overall gain (+2.5) and a +4.3 increase for buses,
with improvements concentrated on medium and large objects. Fine-tuned variants achieve similar results; even
at 20×, bus AP rises by +2.3, but without a clear advantage over zero-shot.
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Figure 3: Examples of synthetic buses, trucks, and vans generated by zero-shot AnyDoor and fine-tuned models
at different epochs.

Figure 4: YOLOX predictions on real VisDrone test images. Blue bounding boxes indicate cars, orange indicate
trucks, bright yellow indicate vans, and dark yellow indicate buses. Red dashed boxes highlight examples of false
positive predictions.
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(ii) Trucks: Zero-shot augmentation has a limited effect and becomes slightly negative at 20×. Fine-tuned
models improve truck AP at moderate scales (1–5×, up to +5.9) and provide modest overall AP gains. Larger
synthetic volumes (10− 20×) reduce overall performance compared to smaller scales.

(iii) Vans: Augmenting vans generally reduces performance in both zero-shot and fine-tuned settings. Zero-
shot augmentation consistently lowers overall AP, while fine-tuned models perform somewhat better but still do
not achieve improvements over the baseline.

Error patterns. To gain more insights into these trends, Figure 5 presents the baseline confusion matrix and
those from fine-tuned configurations where 5× synthetic buses, trucks, or vans were added. Across all augmented
runs, the synthetic class shows an increase in correct predictions, confirming that augmentation improves recall
for the targeted class. However, side effects differ by class. For buses, the main change is a reduction in
background predictions, while misclassification of cars as buses remains at zero in both baseline and augmented
runs. For vans, the confusion with cars increases notably: from 2% in the baseline to 6% after adding synthetic
vans. Trucks show a similar pattern, with car-to-truck confusion rising from 0% to 4%, and more background
being classified as trucks.

5. DISCUSSION

The objective of this study was to evaluate whether generative inpainting with AnyDoor can serve as an effec-
tive data augmentation strategy in a low-resource scenario for drone-based object detection. To simulate such
conditions, we restricted training to a subset of the VisDrone dataset (VisDrone1000), containing only 1,000
images. The baseline YOLOX model trained on this limited set achieves an overall mAP@25 of 23.7, with strong
performance for cars (AP = 60.0) but substantially lower AP for less frequent classes such as vans (17.2), trucks
(4.9), and buses (12.5). This highlights how difficult it is to train accurate detectors when only a small amount
of data is available.

5.1 Fine-tuning versus zero-shot AnyDoor

Fine-tuning AnyDoor did not consistently outperform zero-shot usage in our experiments, for any of the classes
excepts vans. Downstream detection results showed no clear advantage for fine-tuned models, and additional
experiments using image-quality metrics (FID, Inception Score, and DINO similarity) revealed no measurable
differences after fine-tuning. These metrics were therefore not reported in this paper. It should be noted that such
metrics may not fully capture inpainting quality in this context, and that developing suitable evaluation measures
was beyond the scope of this study. Overall, these findings suggest that fine-tuning, under the conditions tested,
provides limited benefit. A likely explanation is that the base AnyDoor model already possesses knowledge of
vehicle classes such as buses, vans, and trucks, which are represented in its pretraining data. This situation is
different for military applications and, therefore, fine-tuning is expected to play a more critical role.

5.2 Impact of synthetic augmentation by class and object size

Augmenting buses consistently improved detection performance, with zero-shot augmentation at 10× giving the
largest overall gain (+2.5) and a +4.3 increase for buses. In contrast, vans showed no improvement in overall
mAP under any configuration, and van-specific AP only improves for the finetuned setting. Visual inspection
of synthetic samples did not reveal systematically worse inpainting for vans. It is more likely that the van’s
strong visual similarity to cars, which is the most prevalent class in the test set, induced confusion, as supported
by the confusion matrices (Figure 5), which show increased misclassification of cars and background as vans in
van-augmented runs.

Performance gains were most pronounced for large objects (Table 1), which aligns with our augmentation
strategy: synthetic objects were always inserted into one of the five largest bounding boxes in each background
image. This choice was made to preserve sufficient spatial resolution for the inpainted object, as smaller bounding
boxes would result in loss of detail. However, this can introduce a bias toward larger objects, which explains
why performance gains are more pronounced for large bounding boxes (Table 1). Future work could explore
strategies that include smaller bounding boxes to achieve a more balanced effect across object sizes.
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Subset mAP@25 Bbox-s Bbox-m Bbox-l Cars Vans Trucks Buses

baseline 23.7 ± 0.1 19.1 ± 0.0 29.5 ± 0.3 21.4 ± 1.4 60.0 ± 0.2 17.2 ± 0.2 4.9 ± 0.5 12.5 ± 0.7

bus1×-zs +1.6 ± 0.2 +0.9 ± 0.2 +1.8 ± 0.2 +0.9 ± 0.6 +0.9 ± 0.3 +0.4 ± 0.6 +0.3 ± 0.3 +5.2 ± 0.0

bus5×-zs +1.9 ± 0.6 +0.6 ± 0.3 +2.1 ± 0.6 +2.0 ± 1.7 +1.5 ± 0.1 +1.5 ± 0.9 +0.4 ± 0.7 +4.2 ± 0.9

bus10×-zs +2.5 ± 0.7 +0.9 ± 0.4 +2.5 ± 1.0 +4.9 ± 0.3 +2.0 ± 0.5 +2.8 ± 0.4 +1.1 ± 0.5 +4.3 ± 1.3

bus20×-zs +0.7 ± 2.5 +0.1 ± 0.7 -0.3 ± 3.4 +2.0 ± 5.5 +1.4 ± 2.0 +1.1 ± 0.9 +0.6 ± 1.3 -0.1 ± 5.7

truck1×-zs -0.1 ± 0.3 +0.1 ± 0.6 0.0 ± 0.1 +0.9 ± 0.5 -0.9 ± 0.7 +0.5 ± 0.7 +1.4 ± 0.7 -1.4 ± 0.4

truck5×-zs -0.4 ± 1.3 -0.7 ± 1.7 -1.0 ± 1.4 +0.4 ± 1.1 -0.7 ± 2.5 -0.2 ± 1.4 +0.5 ± 1.3 -1.0 ± 0.8

truck10×-zs +0.2 ± 0.4 +0.1 ± 0.1 -0.4 ± 0.5 +0.6 ± 1.0 +1.3 ± 0.3 +0.6 ± 0.5 +1.3 ± 0.2 -2.4 ± 1.5

truck20×-zs -2.7 ± 0.4 -2.9 ± 0.2 -3.3 ± 0.8 -2.0 ± 1.9 -5.1 ± 0.7 -2.5 ± 0.8 +0.3 ± 0.5 -3.5 ± 0.8

van1×-zs -3.4 ± 0.6 -1.6 ± 2.0 -4.8 ± 0.6 -2.3 ± 0.4 -4.0 ± 1.9 -2.1 ± 1.1 -1.9 ± 0.7 -5.3 ± 1.6

van5×-zs -2.0 ± 0.5 -1.0 ± 0.2 -3.0 ± 0.7 -1.3 ± 0.5 -0.5 ± 0.4 +0.3 ± 0.9 -1.1 ± 0.0 -6.3 ± 1.0

van10×-zs -5.9 ± 0.5 -4.9 ± 0.4 -6.8 ± 0.7 -3.8 ± 0.7 -9.7 ± 1.2 -3.9 ± 0.8 -2.7 ± 0.5 -7.0 ± 1.4

van20×-zs -8.3 ± 0.3 -6.9 ± 0.0 -10.0 ± 0.5 -7.4 ± 0.6 -14.5 ± 0.6 -6.0 ± 0.3 -3.3 ± 0.4 -9.1 ± 1.3

combined1×-zs -0.5 ± 0.9 +0.6 ± 0.2 -1.3 ± 1.3 +1.2 ± 2.7 -1.5 ± 1.2 +1.0 ± 0.1 +1.3 ± 0.6 -2.5 ± 2.1

combined5×-zs -1.1 ± 0.0 -1.9 ± 0.3 -0.9 ± 0.2 +1.1 ± 0.7 -5.7 ± 0.8 -0.9 ± 0.3 +1.4 ± 0.2 +0.8 ± 0.8

combined10×-zs -5.3 ± 0.2 -4.9 ± 0.3 -6.3 ± 0.5 -4.6 ± 1.3 -12.3 ± 0.3 -2.9 ± 0.8 -1.1 ± 0.3 -4.6 ± 0.5

combined20×-zs -5.3 ± 0.3 -4.6 ± 0.6 -6.4 ± 0.2 -6.8 ± 0.5 -11.1 ± 0.9 -3.9 ± 0.3 -2.1 ± 0.3 -3.8 ± 0.2

bus1×-ft +0.2 ± 2.1 -0.3 ± 2.1 -0.3 ± 2.7 +1.8 ± 2.3 -1.0 ± 2.3 -0.9 ± 2.0 -0.2 ± 1.4 +3.2 ± 3.0

bus5×-ft +2.1 ± 0.8 +1.4 ± 0.2 +2.2 ± 1.1 +1.1 ± 0.9 +1.9 ± 0.6 +1.6 ± 0.8 +1.2 ± 0.3 +3.9 ± 2.7

bus10×-ft +2.2 ± 0.2 +1.5 ± 0.2 +1.8 ± 0.3 +4.1 ± 0.6 +2.3 ± 0.2 +1.7 ± 0.2 +0.8 ± 0.3 +4.3 ± 0.9

bus20×-ft +1.8 ± 1.1 +1.3 ± 0.4 +1.4 ± 1.3 +5.0 ± 2.4 +2.4 ± 1.2 +1.5 ± 1.9 +1.3 ± 0.4 +2.3 ± 1.6

truck1×-ft +1.3 ± 0.7 +1.0 ± 1.2 +1.2 ± 1.0 +1.9 ± 1.2 0.0 ± 0.8 +0.1 ± 1.4 +5.2 ± 1.3 0.0 ± 1.4

truck5×-ft +2.8 ± 0.8 +1.9 ± 0.4 +2.6 ± 1.1 +4.8 ± 0.4 +2.3 ± 0.2 +1.1 ± 1.1 +5.9 ± 0.4 +2.0 ± 2.0

truck10×-ft -2.6 ± 4.0 -1.1 ± 2.0 -4.1 ± 5.7 -6.4 ± 7.8 -4.6 ± 6.3 -1.7 ± 3.4 +2.2 ± 3.4 -6.0 ± 3.1

truck20×-ft -2.2 ± 0.4 -3.3 ± 0.6 -1.9 ± 0.3 +1.0 ± 0.4 -5.7 ± 0.8 -1.6 ± 0.5 +2.2 ± 0.6 -3.3 ± 0.1

van1×-ft -0.3 ± 0.2 +0.8 ± 0.2 -0.7 ± 0.3 +0.9 ± 0.8 +0.5 ± 0.2 +3.1 ± 0.4 -0.7 ± 0.2 -4.1 ± 0.3

van5×-ft -0.5 ± 0.2 -0.1 ± 0.3 -1.0 ± 0.2 -1.6 ± 0.6 -0.6 ± 0.4 +4.5 ± 0.5 -0.2 ± 0.1 -5.5 ± 0.5

van10×-ft -3.7 ± 0.5 -2.5 ± 0.9 -4.5 ± 0.1 -3.5 ± 1.5 -7.6 ± 0.9 +1.0 ± 0.9 -1.3 ± 0.4 -6.6 ± 1.3

van20×-ft -7.3 ± 0.2 -5.5 ± 0.2 -9.0 ± 0.5 -7.7 ± 0.8 -14.3 ± 0.8 -2.9 ± 0.4 -2.6 ± 0.3 -9.1 ± 0.2

combined1×-ft +3.4 ± 0.3 +3.3 ± 0.5 +3.4 ± 0.4 +3.0 ± 1.0 +2.0 ± 0.3 +5.1 ± 1.0 +6.0 ± 1.1 +0.5 ± 0.4

combined5×-ft +1.2 ± 0.4 +0.4 ± 0.3 +1.9 ± 0.6 +2.2 ± 0.8 -3.5 ± 0.8 +4.4 ± 0.3 +4.5 ± 0.4 -0.4 ± 1.5

combined10×-ft -5.2 ± 0.3 -5.0 ± 0.2 -5.9 ± 0.3 -4.1 ± 0.4 -13.3 ± 0.6 -1.3 ± 0.0 +0.3 ± 0.3 -6.1 ± 1.0

combined20×-ft -0.9 ± 0.2 -1.1 ± 0.1 -1.0 ± 0.4 -2.1 ± 1.4 -6.0 ± 0.6 +3.4 ± 0.4 +1.7 ± 0.2 -2.6 ± 0.7

Table 1: Overview of the mAP@25 scores in percentages (with standard deviations) for the baseline YOLOX
detector and the detector trained on the synthetic datasets. The metrics are reported for three bounding box
sizes: small (bbox-s), medium (bbox-m), and large (bbox-l), and four vehicle classes. ”zs” and ”ft” respectively
denote zero-shot and fine-tuned AnyDoor inpainting. The first column lists the dataset used for training, where
the number following the vehicles class indicates the augmentation factor: e.g. for ”bus1×-zs” means that
number of synthetic zero-shot in-painted buses equals the number of real buses in the dataset, ”bus5×-zs” means
five times as mine, and so on. All reported values for the synthetic datasets represent the change in mAP@25
compared to the baseline model.
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Figure 5: Confusion matrices for the baseline YOLOX model and three fine-tuned models trained with synthetic
buses, trucks, or vans at augmentation factor 5×. Values represent percentages of predictions for each class (car,
van, truck, bus, background). Color scales differ between matrices to highlight relative differences in performance
rather than absolute values.

5.3 Effect of augmentation factor

Increasing synthetic data beyond a certain point does not guarantee continuous performance gains. For buses,
performance saturates after 10×, while for trucks and vans, large-scale augmentation (10 − 20×) often even
reduces overall mAP. This can be explained by our augmentation strategy, which reuses the same background
images and inserts only one synthetic vehicle per image. The re-use of the real images leads to limited new
contextual diversity and inflates correlations between samples. Additionally, this approach does not reduce the
strong class imbalance present in VisDrone1000 (27,447 cars vs. 417 buses, 1,036 trucks, and 2,192 vans). As a
result, the model continues to see cars far more frequently than other classes, and excessive synthetic additions
may lead to overfitting to repetitive patterns rather than improving generalization. Future work should explore
strategies that synthesize multiple objects per image or introduce greater background diversity to mitigate these
effects.
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5.4 Synthetic data quality

No human-in-the-loop filtering, to remove unrealistic synthetic samples, was applied in this study. Although
AnyDoor generally produces well-harmonized objects, occasional artifacts, such as distorted geometry, missing
parts, or blurry textures, were observed. While these occurred infrequently (approximately 1 in 25 images for
zero-shot and 1 in 50 for fine-tuned models), even a small number of unrealistic samples can negatively impact
training by introducing noise and causing the detector to learn incorrect features. This highlights the potential
value of incorporating human verification or automated quality control in future work. Although generative
augmentation theoretically enables large-scale dataset expansion, this need for manual filtering of low-quality
samples limits scalability. A possible solution would be to automate this process by applying thresholds on image-
quality metrics such as the FID. However, it needs to be determined which metrics reliably capture inpainting
quality.

5.5 Conclusion

This study demonstrates that diffusion-based inpainting shows potential as data augmentation strategy for
UAV-based vehicle detection in low-resource scenarios. Zero-shot AnyDoor augmentation substantially improved
detection for one of the minority classes. Under the tested conditions, fine-tuning provided limited additional
benefit. Future research should focus on strategies to make fine-tuning more effective, particularly for the military
domain where zero-shot performance could be weak. Another promising direction is to synthesize multiple objects
per image to better address class imbalance and increase contextual diversity.
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