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ABSTRACT

Detecting small objects like cars in satellite imagery is challenging, especially when labeled data is unavailable for
a target region. This study introduces a novel approach using generative Al to address this issue by fine-tuning
a Stable Diffusion model on images from one geographical region, the source (Selwyn, New Zealand), and a
second region of interest, the target (Utah, USA) environment. Our framework employs state-of-the-art cross and
self-attention mechanisms alongside the CLIPSeg image segmentation method to generate high-quality synthetic
datasets with minimal supervision. Our empirical results show a significant improvement in detection performance,
improving the accuracy by over 20% when testing the target dataset compared to the performance of a baseline
model trained only on source data.
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1. INTRODUCTION

Satellite imagery plays a pivotal role in a wide array of applications, ranging from environmental monitoring to
military surveillance.!»? Within this domain, detecting small objects such as vehicles is particularly important
for tasks including threat assessment and strategic planning.®* However, one of the key challenges in applying
object detection models to satellite data is the limited availability of annotated imagery, particularly in novel or
high-priority regions. This lack of labeled data hinders the ability of pre-trained models to generalize effectively
across different geographical domains.

Different geographical regions can be either image-sparse or annotation-sparse for several reasons. Areas
with restricted airspace, adverse weather conditions, or extensive cloud cover are more likely to lack available
imagery. Even when images are abundant, some regions may still suffer from insufficient granularity of the
annotations. Additionally, satellite imagery comes with specific challenges that can hinder the performance of
pre-trained models on new datasets without fine-tuning. For instance, sensor characteristics, such as ground
sampling distance (GSD), are usually consistent within a single dataset, which means that pre-training datasets
must include a variety of parameters. Moreover, satellite data platforms like Planet Labs® NASA Worldview,® and
Sentinel Copernicus,” provide images including various spectral bands ranging from visible light to ultraviolet and
infrared. This multispectral nature can additionally complicate zero-shot detection. Lastly, various geographical
regions often exhibit different data distributions, including factors like vegetation, lighting conditions, and types
of urbanization. These differences can also lead to poor detection performance.

This is not only a problem for object detectors in deployment but also makes it difficult for automatic
annotation pipelines, which rely on pre-trained detection or segmentation models to create point or polygon
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annotations of objects. Suppose the region in question has not been adequately represented in the training
dataset (along with the GSD, spectral bands, etc.). In that case, the annotation model will likely not perform
well, leaving manual annotation as the only option for trustworthy annotations.

To address these challenges, we introduce a novel framework that leverages Generative Al to produce synthetic,
annotated satellite imagery tailored to target regions. By fine-tuning a Stable Diffusion (SD)® model on both
source (e.g., Selwyn, New Zealand) and target (e.g., Utah, USA) domains, our method generates realistic satellite
images representative of the target distribution. We then apply an automatic annotation pipeline that combines
cross-attention and self-attention? heatmaps with segmentation models to label the generated data with minimal
human supervision.

Our contributions are summarized as follows:

1. We propose a generative framework for producing region-specific synthetic satellite imagery using fine-tuned
diffusion models.

2. We introduce a dual-method annotation pipeline combining DAAM ' DAAMi2i,'" CLIPSeg,'? and
DatasetDM '3 to generate high-precision labels for synthetic data.

3. We demonstrate significant improvements in cross-regional small object detection performance by incorpo-
rating the generated dataset into training.

This approach enables the deployment of robust object detection systems in underrepresented regions,
improving readiness for various monitoring and surveillance applications.

2. RELATED WORK

The primary challenges in the cross-domain vehicle detection task from satellite imagery stem from restricted
access to imagery from the target domain or insufficient available labels. Often, the data provided is minimal, and
generating annotations is a lengthy process, frequently infeasible given the available satellite imagery. Traditional
data augmentation techniques that rely on a moderate number of samples to perform augmentation may not
work for a satellite imagery application, as the limited number of samples may not appropriately capture the
true distribution of the data. Moreover, utilizing the same augmentation strategies across different datasets
may produce sub-optimal results due to the variations in their underlying distributions. Two approaches can be
implemented to overcome this challenge: generating synthetic data and annotating existing datasets.

2.1 Generating Synthetic Datasets

In the realm of synthetic imagery generation, the two popular methods are Generative Adversarial Net-
works (GAN) and Diffusion-based Models (DM).'> At the basic level, the GAN approaches use two networks:
the generator, which generates the images, and the discriminator, which tries to classify whether the image is
real or synthetic. GANs can produce high-quality images by optimizing both networks, and are pretty versatile.
However, GANs can also suffer from mode collapse, which causes low variability in the generated data, which can
be a problem with small datasets. On the other hand, diffusion-based models exploit a many-step framework
that has a forward process of adding noise to an image until it becomes pure noise and a backward process of
reconstructing the image from the pure noise state. These models are stable and can generate imagery with fine
detail and complexity, but they cost time and computational power. DMs have recently demonstrated improved
performance over GAN models for synthetic imagery generation.®

2.2 Dataset Labeling

We review two main types of dataset labeling techniques: detection and segmentation. In the realm of detection,
the primary method Open Vocabulary Object Detection (OVOD).'6 This method uses a two-stage framework,
starting with an abundant set of image-caption pairs for an unbounded vocabulary and then learning object
detection downstream using annotations only. Newer methods of OVOD also use visual language models instead
of image-caption pairs,!” and many studies have been into advancing Open Vocabulary Detection.



However, detection methods may provide insufficient annotation information; instead, segmentation would
provide more information within its annotations. Research has also been advancing in Open Vocabulary Segmenta-
tion (OVS), the same technique applied to panoptic segmentation. Several open-vocabulary segmentation models
exist, including the Segment Anything Model (SAM).'® The SAM model is a zero-shot segmentation model that
allows for annotations of various granularities to be generated for any image. The SAM model can also deal with
ambiguity in masks, which is helpful in pipelines that produce annotations on images without prompts. Another
approach is DatasetDM '3>—a, diffusion-based method with paired annotation masks for generated synthetic
imagery. This approach requires training using the target dataset but only requires a small amount of data to be
manually labeled to create a large annotated dataset under the same distribution.

DAAM? is yet another method that uses pre-trained diffusion models to produce pixel-level annotations
and synthetic imagery from the given prompt, using word-pixel cross-attention maps, which can provide more
accurate segmentation annotations. Finally, CLIPSeg'? is a model that builds upon the CLIP'® model with a
transformer decoder that enables dense predictions. This approach generates synthetic imagery from either a text
or image prompt and provides segmentation annotations.

3. REAL DATASETS

In this work, we use two overhead view aerial image datasets from two distinct geographical locations: Selwyn,
New Zealand and Utah, USA. The visual data (georeferenced image tiles) were obtained from public online
platforms such as LINZ?® and UGRC?' (hence their names). Our team manually annotated the location (object
centers) of all small vehicles in these images. Both datasets have a GSD of 12.5 cm per px. The sample size used
in our experiments is 112 x 112 px. The image count statistics of both datasets are presented in Table 1.

Table 1: Real Datasets Image Quantities

Data splits Property Real LINZ Dataset Real UGRC Dataset
Total image count 1,451,144 2,142,849

Training Images containing cars 19,564 15,631
Images without cars 1,431,580 2,127,218

Total image count 188,744 271,252

Validation Images containing cars 2,108 3,912
Images without cars 186,636 267,340

Total image count 438,189 270,557

Test Images containing cars 2,629 1,510
Images without cars 435,560 269,047

We generated captions for all images in both datasets using BLIP,?? which are necessary for fine-tuning the
Stable Diffusion generative model. LINZ images differ significantly from UGRC regarding image texture, color,
and landform, as demonstrated in Figure 1. In this project, we treat UGRC as the target environment with no
annotated data, while LINZ is the source environment with all images annotated.

4. METHOD

We propose a framework for automatically generating annotated satellite/aerial view datasets to enhance the
performance of downstream object detectors. Our approach begins by fine-tuning a Stable Diffusion model with
images from both source and target domains. Thus, it is adapted to generate high-quality satellite imagery
resembling the target domain. To annotate the synthetic images, we developed two methods—heuristics-based
and learning-based. The first one combines three methods—DAAM ,'° DAAM-i2i,'' and CLIPSeg'?>—to produce
heatmaps that highlight regions of an image most influenced by specific words, such as “car”, from the text
prompt used during image generation. After post-processing, we apply a segmentation technique to each heatmap,
generating annotations that indicate the locations of objects like cars. Only images with consistent annotations



(a) LINZ dataset images (b) UGRC dataset images

Figure 1: Visualization of the source LINZ (left) and the target UGRC (right) datasets used in this study.

across all three heatmaps are retained to form the final synthetic dataset. The second annotations generation
approach is based on the DatasetDM .'? Like the method above, it relies on cross-attention information from
Stable Diffusion’s denoising U-Net, but it trains a small network to predict the final annotations. The training
requires a fully annotated image dataset, and we use Real LINZ for this purpose.

4.1 Region-specific Synthetic Data Generation using Fine-tuned Stable Diffusion

Our empirical experience with the off-the-shelf Stable Diffusion model shows that it struggles to generate high-
quality satellite/aerial view images (Figure 2a). That suggests that this view and scale were not well presented in
the training set of this foundational latent diffusion model. To this end, we employ the DreamBooth?3 technique
to adapt Stable Diffusion 1.4 by fine-tuning it on data from our source and target environments. Note that this
process does not require any object annotations and relies only on images and the textual captions generated by
BLIP. It enables the model to embed new concepts while retaining its broader capabilities. To let the model
learn how to discriminate between both environment styles, we append a unique token to the captions from each
dataset (e.g., “in LINZ” for LINZ images and “in Utah” for UGRC images). Thus, the model is guided to learn
region-specific visual features (Figure 2b).

(a) Images generated by the original SD (b) Images generated by fine-tuned SD

Figure 2: Visualization of images synthesized from the base SD model (left) and the fine-tuned SD model (right)

Furthermore, to reduce the VRAM usage during training, we use mixed precision that stores non-trainable
parameters in fpl6. We also implement gradient checkpointing, which minimizes memory requirements by saving
essential checkpoints during backpropagation.

4.2 Producing Automatic Annotations

4.2.1 Heuristics-based approach

The annotation module aims to generate reliable heatmaps and use the segmentation method to create accurate
annotations from heatmaps. We achieve this by using cross-attention and self-attention layers in Stable Diffusion.
Specifically, we utilize DAAM, DAAMi2i, CLIPSeg, and a proposed mixed-heatmap.
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Figure 3: Examples of DAAM (center) and DAAMI2i (right) cross-attention heatmaps. The image locations
representing cars have “hotter” pixels in the heatmaps, suggesting that they were influenced by the word ”car’
during generation.

X

Diffusion Attentive Attribution Maps'® (DAAM) identify regions in an image influenced by specific words
(tokens) in the text input (Figure 3-center). This is achieved by aggregating cross-attention scores in the denoising
sub-network of the diffusion model. It can provide a clear mapping of textual tokens to image features. In general,
the heatmaps obtained from DAAM tend to be noisy. Therefore, we used DAAMi2i,!! which extends DAAM by
incorporating self-attention information. While DAAM focuses on text-to-image relations, DAAMi2i captures
relationships within the image, making object boundaries more distinct (Figure 3-right). Heatmaps from an
additional zero-shot image segmentation model, CLIPSeg,'? are also utilized to make the pipeline even more
robust.

The quality of individual heatmaps is often unreliable. For instance, the CLIPSeg heatmap (Hcripseg)
effectively identifies cars but lacks precise boundary definitions. Conversely, the heatmaps generated by DAAM
(Hpaam) and DAAM-image2image (Hpaawmi2i) provide clearer boundaries but occasionally fail to detect cars.
To address these limitations, a combined heatmap approach is proposed. The mixed heatmap is computed as:

Hpmix = Hpaam © Heripseg © Ha anizi- (1)

The DAAMi2i heatmap is squared to emphasize and enhance the boundary clarity of high-temperature regions.
Annotations are valid only when all four heatmaps yield a consistent segmentation mask center. Figure 4a
illustrates the differences between the individual heatmaps and the resulting mixed heatmap, highlighting the
improved boundary clarity and detection robustness achieved through this combination.

Despite these techniques’ strengths, several challenges arose during implementation. For instance, when
an image contained multiple cars, the keyword ”car” often failed to map accurately to all instances. Large
vehicles could appear as multiple heat sources, and overlapping cars or unfocused heatmaps frequently introduced
noise. To address these issues, we developed a set of post-processing rules, which rely on defining thresholds for
high-temperature and fuzzy pixels. High-temperature pixels have values greater than 0.8, while fuzzy pixels exceed
0.4. ITmages were filtered out under specific conditions. For instance, an image was rejected if high-temperature
pixels comprised less than 15% of the fuzzy region, indicating a loss of focus. If high-temperature pixels covered
more than 20% of the total image area, which suggests numerous cars, or if more than 40% of pixels fell within
the fuzzy region, revealing excessive noise, the image was excluded. These measures reduce the likelihood of
making errors when subsequent segmentation is performed.
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(a) Mixed heatmap showing improved labeling (b) Example of Rejected Heatmap

Figure 4: Heatmap processing for automatic synthetic data annotations.

We apply the watershed algorithm?*?> to generate precise annotations of objects from all four heatmaps
generated. The watershed algorithm treats each heatmap as a topographical surface, where the intensity of
the pixels represents elevation and “floods” the areas of the markers, creating boundaries between neighboring
regions as they meet. This approach is relatively effective for delineating small, closely spaced objects like
cars in satellite imagery. In addition to ensuring segmentation consistency, the proposed method addresses two
additional failure conditions. The first condition arises when the generated cars exhibit abnormal or unrealistic
shapes, compromising their visual plausibility. The second condition occurs when multiple cars overlap within the
heatmap, leading to ambiguities in object representation and a loss of structural clarity. By applying these three
conditions, the approach enhances both annotation accuracy and the image generative quality, ensuring a robust
and realistic result. An illustrative example of these failure conditions is provided in Figure 4b, demonstrating
the challenges posed by inconsistent heatmaps, abnormal shapes, and overlapping car instances.

4.2.2 Learning-based Approach

We developed a second image annotation generation approach based on the DatasetDM method,'® which
complements the previous section’s method. DatasetDM could not generate bounding boxes or object location
points as it is. Therefore, we employ its capability to work with semantic segmentation maps. We compose
pseudo-segmentation maps by drawing small squares at each car location from the Real LINZ dataset. Thus,
we train DatasetDM’s P-Decoder network using the entire Real LINZ train set. During inference, it utilizes the
cross-attention features generated by Stable Diffusion to predict each synthetic image’s pseudo-segmentation
maps. In the post-processing stage, each predicted square region from the segmentation maps is converted into
an object location, constituting the final image annotation.

4.3 Object Detection

Based on the discussions in the preceding sections, the proposed method demonstrates the capability to generate
synthetic datasets and perform autonomous annotations. This approach is a robust foundation for addressing the
cross-regional object detection problem. To evaluate its effectiveness, the proposed method utilizes YOLOv526
as a baseline model. YOLOVS5 is selected for its optimal balance between speed and accuracy, which makes it
particularly well-suited for real-time object detection tasks. Moreover, its capability to handle objects of varying
scales addresses the specific challenges posed by satellite imagery, where vehicles often appear in significantly
different sizes depending on their spatial resolution and distance from the camera.

As described above, the annotations of our datasets (real and synthetic) contain only object locations, i.e.,
and y coordinates of the objects’ centers in the image. Since most off-the-shelf object detectors rely on bounding



box-based annotations, we generate pseudo bounding box annotations by placing a square box at each object’s
center. The length of the side of the boxes is set to 42.36 px, which defines an approximate circular decision
boundary with a radius of 12 px around each ground truth annotation. This boundary determines whether a
prediction is positive or negative when using a bounding box IoU threshold of 0.5.

5. EXPERIMENTAL RESULTS
5.1 Quality of Generated Synthetic Images

After fine-tuning the Stable Diffusion model, it can produce data more closely resembling real-world Utah dataset
images. As shown in Figure 2, the same BLIP-generated text caption is used as an input for both the original
Stable Diffusion model and the fine-tuned one. We observed that the original Stable Diffusion 1.4 struggles to
generate images with the correct style and viewpoint based on the text caption; even the shapes of cars, buildings,
and roads appeared inconsistent. In contrast, the fine-tuned model generated correct views and styles that closely
resembled the satellite images of the UGRC dataset.

In addition to visual comparisons, the Fréchet Inception Distance (FID) score?” was computed between the

real-world UGRC dataset and the synthetic images generated by the original and fine-tuned SD 1.4, as shown in
Table 2. The FID score assesses the diversity and similarity of synthetic images relative to the reference dataset.
In this experiment, 3,000 images are generated for analysis for both the original and fine-tuned models. The
fine-tuned model achieved a substantially lower FID score than the original Stable Diffusion model, indicating
improved fidelity to the reference dataset.

Table 2: FID-based similarity comparison between two synthetic Stable Diffusion datasets—with and without
fine-tuning on target images. The scores are calculated using the Real UGRC dataset as a reference.

Dataset Name FID Score |
Synthetic UGRC (Original SD) 168.86
Synthetic UGRC (Fine-tuned SD) 34.53

5.2 Detection Performance
5.2.1 Quantitative Evaluation

The YOLOv5 model was trained under several configurations to investigate the utility of the proposed synthetic
datasets. The baseline model was trained only on the Real LINZ dataset and tested on the entire Real UGRC
dataset to quantify the performance when no synthetic data is used for training. Subsequently, three additional
models were trained using a mixture of the Real LINZ dataset and three synthetic datasets generated by the
fine-tuned SD and annotated by the methods described in Section 4.2. For the first model, we use a Synthetic
UGRC dataset annotated using the method described in Section 4.2.1 (heuristics-based automatic annotations
using DAAM). For the second experiment, we train the object detector using a Synthetic UGRC dataset annotated
by the method described in Section 4.2.2 (learning-based automatic annotations using DatasetDM). The third
experiment combines the datasets produced by the previous two methods.

The results of these experiments are presented in Table 3. We use Average Precision (AP) as the evaluation
metric. Each of the automatic annotation generation techniques delivers a similar level of performance gain—about
16% AP advantage over the baseline model. Notably, the combination of both annotation techniques yields an
additional performance boost, reaching 68.4% AP (21.1% above the baseline).

In addition to the previous set of experiments, we also assessed the performance of manually labeled synthetic
data. Therefore, we produced manual annotations for all previously generated synthetic datasets above and
trained the detector again using them. The results are presented in Table 4. Even though the automatic labels
deliver a significant performance boost over the baseline model (Table 3), we observe a considerable performance
gap between the automatic and manual labels (Table 4). The manual labels deliver 8-14% better AP than the
automatic ones. We speculate that this results from inconsistencies in SD’s cross-attention mechanism caused by



Table 3: Baseline vs. synthetic data with automatic labels performance comparison.

Training Data Test AP5o1T AP Gain 1
Real LINZ (baseline) 47.3% —
Real LINZ + Synthetic UGRC (DAAM annot.) 63.8% +16.5%
Real LINZ + Synthetic UGRC (DatasetDM annot.) 63.7% +16.4%
Real LINZ + Synthetic UGRC (DAAM+DatasetDM annot.) 68.4% +21.1%

its relatively low spatial resolution—32 x 32, 16 x 16, and 8 x 8 elements. Another factor is the distribution gap
between the LINZ and UGRC datasets, which may interfere with the annotation generation when DatasetDM is
used, because it has been trained on LINZ data only.

Table 4: Detection performance when only manual labels are used.

Training Data Test AP5 1 AP Gain 1
Real LINZ (baseline) 47.3% —
Real LINZ + Synthehtic UGRC (DAAM annot.) 71.7% +24.4%
Real LINZ + Synthehtic UGRC (DatasetDM annot.) 77.8% +30.5%
Real LINZ + Synthehtic UGRC (DAAM+DatasetDM annot.) 79.2% +31.9%

5.2.2 Qualitative Analysis

Figure 5 illustrates four examples of test predictions by the YOLOv5 trained on Real LINZ and Synthetic UGRC
datasets. The predicted object locations align closely with the ground truth (GT) annotations. These results
demonstrate that the proposed approach effectively addresses the challenge of cross-regional small object detection
by leveraging a generalized base model (YOLOvV5) trained on the synthetic dataset with automatic annotations.

% [gt] small F % [gt] small % [gt) small

& x [gt]small

-

S— - e — S
L —— [pred:0] score: 0.805 | label: (0) small —— [pred:0] score: 0.787 | label: (0) small —— [pred:0] score: 0.824 | label: (0) small | B (pred:0] score: 0.661 | label: (0) small

Figure 5: YOLOv5 Detection Visualization, where the orange X is the ground truth annotation, and the blue
dot with the bounding box is the prediction result.

6. DISCUSSION
6.1 General Discussion

Overall, we find that the proposed framework furnishes encouraging results for the challenging problem of
detecting small objects in satellite or overhead aerial imagery. The idea of synthetic image generation as a data
augmentation technique is not new, but our approach effectively meets specific requirements. We found that
the realm of satellite imagery posed new challenges that may or may not hold for other kinds of imagery. For
example, the trends of region-specific distributions may also extend to other imagery types like medical imagery



(subject-specific distributions). In these realms of distribution-specific imagery, the proposed approach may be a
practical solution when dealing with image-sparse or annotation-sparse distributions of interest, corroborating its
usefulness in other domains.

6.2 Synthetic Image Generation

From these experiments, we have found that some of the current foundational generation models (i.e., Stable
Diffusion) have difficulties generating satellite imagery, which we believe is due to the lack of satellite imagery
in their training corpus. As shown earlier, the off-the-shelf Stable Diffusion model provided subpar and out-of-
distribution imagery before we fine-tuned it on our sparse target dataset.

While the SD model, before fine-tuning, may be able to output images that can be understood to be satellite
imagery, it does not seem to have a sense of consistency concerning the sensor parameters and geographical
location. For example, the model may create a set of images from the same prompt where all images may have
varying GSD values (one image may cover 100 m of ground while another could cover 200 m of ground in the
same image size) or different lighting/road conditions (one image may have asphalt roads while another may have
concrete). This is an unacceptable inconsistency when creating a target dataset because these attributes of the
images should be the same as they would be if they were all taken with the same sensor in the same region. We
also found that the original SD model creates objects in synthetic images that are not of the proper shape, which
is also unacceptable, especially when those objects are the target of the detection algorithm. For these reasons,
we believe our pipeline is an improvement over the prior work.

6.3 Automatic Annotation Creation

Combining various techniques with individual strengths has merit. In our annotation module, we utilized existing
methods from the literature and proposed a fusion technique using the best components from each method. For
example, the CLIPSeg method effectively identified cars, while the DAAM and DAAMi2i methods were better at
detecting the boundaries between close objects. By using a fusion of these to generate a new heatmap and an
ensemble to verify accurate annotations, we developed a new approach that combined the advantages of each
approach.

6.4 Limitations and Future Works

While the pipeline performs well in creating in-distribution synthetic data and corresponding labeling, we notice
some limitations. There is a reasonably high image rejection rate when performing automatic image annotation
using the DAAM-based method. Around 90% of the generated images are rejected; thus, while the quality of
the accepted images is high, many others are of low quality. This throughput may burden compute time and
resources, depending on the application in which this pipeline is being used. Another limitation is that this high
rejection rate may lead to a loss in diversity of the output images, where the synthetic dataset may only comprise
a portion of the actual data distribution. This could lead to imbalances between portions of the data distribution
supported by the synthetic imagery and those not. Addressing this limitation is a promising direction for future
research.

6.5 Conclusion

This work addresses the challenging problem of detecting small objects like cars in cross-domain satellite or aerial
imagery without annotated data in the target location. We propose a framework that generates and automatically
annotates images and maintains high quality by retaining only the best synthetic imagery. We demonstrate that
the generation component of the pipeline can generate images that are within the distribution of the target dataset
and are more realistic than those generated by other off-the-shelf generation methods. We also demonstrate
that the annotation component of the pipeline is robust in generating accurate labels and outperforms each
sub-component independently. Finally, we also demonstrate that the synthetic dataset created by our pipeline
can help boost the performance of an off-the-shelf object detector model by significant margins.
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