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Abstract 

Synthetic data has emerged as a promising solution to the growing challenges of data 

acquisition in object detection. Modern detectors rely heavily on large-scale annotated 

datasets, yet collecting real-world data with high-quality labels is often costly, labor-intensive, 

and impractical in diverse or rare scenarios. By enabling controllable generation with auto- 

matic annotations, synthetic data provides a scalable alternative. In this thesis, we investi- 

gate its two complementary roles: improving robustness under domain shifts and revealing 

fundamental vulnerabilities of object detectors. 

First, we propose a synthetic data generation framework based on diffusion models to 

bridge distribution gaps between source and target domains in aerial imagery. By syn- 

thesizing high-quality images and corresponding annotations through cross-attention-guided 

labeling and multi-stage knowledge transfer, our approach significantly improves detection 

robustness in unseen environments, outperforming supervised learning on source domain 

data, weakly supervised and unsupervised domain adaptation methods, open-set object de- 

tectors, and vision large language models. 

Second, we explore the adversarial potential of synthetic data via a controllable image- 

editing framework for realistic camouflage attacks. By formulating camouflaged adversar- 

ial example generation as a conditional image-editing problem, we design image-level and 

scene-level strategies that produce stealthy, physically plausible camouflages while effectively 

degrading detector performance. Extensive experiments demonstrate strong attack effective- 

ness, improved human-perceived stealthiness, and transferability to black-box models, and 

to the physical world. 

Together, these complementary perspectives highlight the dual utility of synthetic data 

for object detection: as a powerful tool for improving robustness under domain shifts and as 

a principled lens for uncovering model vulnerabilities. 
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Chapter 1 

Adapting Vehicle Detectors for Aerial 

Imagery to Unseen Domains with 

Weak Supervision 

1.1 Introduction 

Recent advancements in Generative AI have led to the development of di�usion-based mod- 

els [ 2 ] that can synthesize images with unprecedented realism, making them nearly indistin- 

guishable from real-world data [ 3 { 5 ]. Additionally, integrating natural human language has 

become crucial to modern vision systems. This integration can take the form of condition- 

ing the generation process (for example, in text-to-image generative models [ 6 , 7 ] utilizing 

cross-attention mechanism) or serving as an additional modality that shares a common latent 

space with vision (as seen in models like CLIP [ 8 ]). One key reason for the success of these 

new models is that they have been trained on extensive datasets, such as LAION-5B [ 9 ] or 

WIT [ 8 ], consisting of hundreds of millions or billions of text-image pairs. As a result, the 

scienti�c community often refers to them as Foundational Models . 

Upon their inception, researchers have explored how to use foundational models to gener- 

ate training data for downstream tasks like classi�cation, object detection, and semantic 

segmentation. Methods such as ALIA [ 10 ], DatasetDM [ 11 ], Dataset Di�usion [ 12 ], Dif- 

fusionEngine [ 13 ] are particularly useful in scenarios with limited or no access to natural 

training data. 

Despite the promising results these methods have achieved augmenting general-purpose 

datasets like VOC [ 14 ] and COCO [ 15 ], little to no e�ort has been made to generate diverse, 

high-resolution annotated synthetic datasets on aerial views. These datasets are important 

for training detectors on small objects like vehicles. The primary reason for this gap is that 

o�-the-shelf generative models, struggle to generate these views due to insu�cient aerial 

imagery representation in their training datasets. Hence, �ne-tuning is unavoidable in this 
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Figure 1.1. Overview. We propose a pipeline that generates high-quality aerial images 

along with their labels. Our method outperforms baseline detectors trained on source 

images and open-set detectors directly inferred on target images. 

case. Recent e�orts have primarily produced generative models constrained by geospatial 

resolution, such as Di�usionSat [ 16 ] and SatDi�MoE [ 17 ], and therefore cannot be utilized 

for vehicle detection. 

The lack of su�cient large-scale aerial view training data impacts the performance of not only 

generative foundational models but also other types of Vision Large Language Models [ 18 ] 

(VLLMs), such as BLIP2 [ 19 ], InternVL3 [ 20 ], and Gemini [ 21 ]. Our analysis reveals that 

these models perform poorly in zero-shot settings for tasks such as car presence classi�cation 

and center localization in aerial imagery (see section A.1 and Table 1.3 ). This limitation 

also extends to open-set object detectors [ 22 { 24 ], which, as shown in Table 1.2 , exhibit 

unsatisfactory results on aerial imagery. 

On the other hand, detection annotations should also be produced for each generated im- 

age object. However, text-to-image models do not naturally provide these. There are two 

potential options to address this challenge: 1) the annotations (e.g., semantic segmentation 
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maps, bounding box layouts) to be created before the image generation and used as a spatial 

conditioning signal [ 25 , 26 ], or 2) products from the generative process, such as cross- and 

self-attention maps extracted from the denoising U-Net [ 3 ] to be employed to image produce 

annotations [ 11 { 13 , 27 ]. In the �rst case, studies reported that the generative models often 

do not fully obey the imposed conditioning, especially for small objects such as vehicles in 

aerial view images [ 28 ], which may result in generated annotations that do not match the 

corresponding synthetic images. Therefore, we studied the prospects of the second approach. 

To this end, we introduce a new method for annotated aerial view vehicle detection via 

synthetic image dataset generation, which employs stacked (multi-channel) cross-attention 

maps, learnable text prompt tokens, and multi-stage cross-environment (source to target) 

knowledge transfer. We consider the scenario where a fully annotated dataset with bounding 

box annotations from the source environment and a target environment dataset with weak 

binary annotations (whether or not a vehicle is present in a given image) are available, which 

are much easier to obtain than full bounding box annotations. Our extensive experiments 

show considerable improvements over baseline (model trained only on the source environment 

data) performance demonstrated by four popular object detectors. 

Our contributions can be summarized as follows: 

ˆ We introduce a novel approach for generating aerial view annotated synthetic image 

datasets based on multi-channel cross-attention maps and multi-stage cross-environment 

knowledge transfer. 

ˆ We conduct extensive experiments involving four popular state-of-the-art object de- 

tectors to assess the e�ectiveness of our approach. We compared the performance of 

our method with other published methods for VLLMs, open-set detection, unsuper- 

vised object detector adaptation, and weakly supervised model adaptation. The results 

corroborate the promise and potential of our framework. 

ˆ We introduce two new real-world aerial view datasets captured in Selwyn (New Zealand), 

2,078,077 images, and Utah (USA), 2,684,658 images, including car (small vehicle) de- 

tection task annotations. 

1.2 Related Work 

1.2.1 Di�usion Models for Perception Tasks 

Di�usion models [ 3 , 29 ] have undergone signi�cant developments and have emerged as promi- 

nent generative models in modern research. These models work by progressively corrupting 

data with noise, and then learning to reverse this process to reconstruct the original data. 

3



 

Once trained, new data can be generated by applying the learned denoising process to ran- 

domly sampled noise. Latent di�usion models (LDM) [ 6 , 7 ] perform di�usion process in 

the latent image space, which reduces the computation cost towards high-resolution image 

synthesis. Customized image generation can be achieved by adding various types of con- 

trol, such as texts [ 30 ], edges [ 25 ], segmentation masks [ 31 ], geometric layouts [ 32 ], and 

images [ 1 ]. 

Recent research demonstrates that di�usion models can also be utilized in various perception 

tasks. Di�usion Classi�er [ 33 ] reveals that pre-trained di�usion models can be directly em- 

ployed for zero-shot classi�cation tasks. DoGE [ 34 ] conditions Stable Di�usion [ 7 ] on CLIP 

image embedding di�erence between two domains, improving classi�cation and semantic 

segmentation accuracy. DGInStyle [ 35 ] combines semantic masks with style prompts to 

generate training data for semantic segmentation. DatasetDM [ 11 ] uses a few labeled real 

images to train a mask decoder, leading to a robust synthetic data generator. Thanks to the 

cross-attention mechanism in Stable Di�usion, several works [ 12 , 36 , 37 ] obtain high-quality 

segmentation labels through cross-attention maps between images and target concepts. At- 

tnDreambooth [ 38 ] further incorporates learnable tokens before target concepts to enhance 

the accuracy of cross-attention maps. Compared to previous works, our method di�ers in 

several aspects. First, we explore Stable Di�usion for cross-domain object detection where 

di�usion models are rarely trained, while previous works mostly focus on classi�cation and 

segmentation. Second, we synthesize accurate labels by introducing learnable tokens to 

encode foreground and background concepts for more accurate cross-attention maps and 

labeling based on style-less cross-attention maps to remove domain gaps. 

1.2.2 Cross-domain Object Detection 

Cross-domain object detection addresses the challenge of detecting objects when a domain 

shift exists between the source and target environments. It can be categorized into sub�elds 

based on the availability of data and labels during the training and testing phases. 

Open-set detection is helpful in detecting novel categories in the target domain since it iden- 

ti�es both known and unknown objects during inference. One approach is aligning textual 

and visual features by jointly training object detection [ 22 ]. Another approach includes 

integrating transformer-based architectures or YOLO framework with open-set object de- 

tection, improving robustness in detecting objects without category constraints [ 39 , 40 ]. 

Vision transformer-based models [ 24 , 41 ] further enhance open-vocabulary object detec- 

tion by utilizing large-scale text-image pre-training, enabling models to detect beyond prede- 

�ned categories. More recent research [ 23 , 42 ] re�nes open-set detection through improved 

representation learning and domain generalization techniques. 
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Algorithm 1 Summary of the pipeline

 

Input: Source domain data D S, target domain data D T 

1: Fine-tune Stable Di�usion [ 7 ] on both D S and D T using domain-speci�c prompts 

2: Generate synthetic images xG S and extract stacked cross-attention maps 

eAG S for the 

source domain 

3: Generate synthetic images xG T and extract stacked cross-attention maps 

eAG T for the 

target domain 

4: Train a detector F 

S( � ; � ) on D S 

5: Run F 

S( � ; � ) on D S to obtain pseudo labels y 

G S 

6: Train a detector F 

A ( � ; � ) on 

� 

eAG S ; y 

G S 

� 

7: Run F 

A ( � ; � ) on 

eAG T to obtain pseudo labels y 

G T 

8: Train the �nal detector F 

T ( � ; � ) on 

�
xG T ; y 

G T 

� 

9: Test F 

T ( � ; � ) on real target domain images from D T

 

Unsupervised domain adaptation for object detection aims to improve detection performance 

in an unlabeled target domain by leveraging various techniques. A common approach is style 

transfer [ 34 , 43 , 44 ], which aligns the visual characteristics of source and target domains 

to mitigate domain shifts. Recent research also uses knowledge distillation [ 45 , 46 ], where 

knowledge from a well-trained teacher model is transferred to a student model, enabling 

adaptation to the target domain. Other methods include adversarial feature learning [ 47 , 48 ] 

which minimizes domain discrepancies through adversarial training, or graph reasoning [ 49 ] 

that captures structural relationships between objects, enhancing robustness in cross-domain 

object detection. 

Weakly supervised domain adaptation enhances object detection in target domains where 

only limited supervision is available and can be categorized into network-based methods and 

generative models. Network-based methods improve feature alignment and domain gener- 

alization through approaches such as hierarchical feature learning [ 50 ], transformer-based 

adaptations [ 51 ], and pseudo-labeling [ 52 ]. These methods re�ne object detection models 

by utilizing structured architectural modi�cations that help bridge domain gaps. Generative 

models [ 53? ] enhance adaptation by learning domain-invariant representations through 

style transfer and task-adaptive pre-training. By synthesizing target-like visual features, 

these approaches help models generalize more e�ectively to new environments with limited 

supervision, mitigating domain discrepancies while preserving task-relevant information. 

1.3 Method 

Given the fully annotated (where all vehicles in each image are annotated with bound- 

ing boxes) source domain data represented as D S = 

��
xS 

i 

; y 

S 

i 

�	 NS 

i =1
, and image-level anno- 
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Figure 1.2. Overview of our pipeline. It consists of two stages. First, we �netune 

Stable Di�usion and synthesize both source and target domain images. Second, we 

automatically label synthetic target domain images via cross-attention maps. 

tated (whether or not a vehicle is present in a given image) target domain data D T =
��

xT 

i 

; y 

T 

i 

�	 NT 

i =1
, the goal is to synthesize a fully annotated dataset D G = 

��
xG 

i 

; y 

G 

i 

�	 NG 

i =1 

in the 

target domain, where x and y denote the images and their corresponding labels, respectively. 

NS, NT 

and NG 

denote the total number of images in each dataset. In section 1.3.1 , we 

present our approach for generating synthetic images with Stable Di�usion [ 7 ] by �ne-tuning 

the model to adapt to both source and target domains. In section 1.3.2 , we leverage multi- 

channel cross-attention maps for object localization in synthetic images. In section 1.3.3 , 

we propose an automatic labeling strategy to generate pseudo labels for synthetic target 

domain data. A summary of the full pipeline is provided in algorithm 1 . 

1.3.1 Text-to-image generation 

Stable Di�usion consists of an image encoder E , a conditional U-Net � � , a text encoder � � , 

and a latent decoder D . We �ne-tune the U-Net � � 

on both D S and D T . In the forward 

process, an image x is encoded into a latent representation z0 

= E ( x ). A noisy latent zt 

at 

any time t is then sampled using the following sampling function [ 3 ]: 

zt 

= 

p

 

� � t 

z0 

+ 

p

 

1 � � � t 

"; " � N (0 ; I ) ; (1.1) 
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where � � t 

= 

Q t 

s =1 

� s, and t is uniformly sampled from f 1 ; :::; T g . To learn the reverse process, 

the latent zt 

is passed to the U-Net � � , along with the timestep t and the prompt embedding 

� � ( c ). To encode domain-speci�c information, we design distinct prompts for source and 

target domain images, denoted as cS 

and cT . cS 

and cT 

follow the format of \an aerial 

image with [category] in [S]" and \an aerial image with [category] in [T]", where [category] 

represents the object type, and [S] and [T] are unique identi�ers to distinguish between the 

source and target domain prompts, as inspired by [ 30 ]. The U-Net � � 

is trained to predict 

the noise added to the latent z0: 

LLDM 

= EE ( x ) ;c;�;t 

�
k � � � � ( zt 

; t; � � ( c )) k2 

2 

� 

(1.2) 

where c 2 f cS 

; cT 

g depends on the domain of the input image x . During image generation, 

a pure noise latent zT 

is iteratively denoised through the U-Net � � 

for T steps, followed by 

decoding via the latent decoder D to generate the �nal image. By conditioning the U-Net 

� � 

on distinct prompts cS 

and cT , we can independently synthesize images corresponding to 

the source and target domains. 

1.3.2 Concept Localization 

It has been observed in [ 27 ] that in a well-trained text-to-image di�usion model, cross- 

attention maps between the feature maps and the conditioning text assign higher weights to 

regions that align with the text concept. This indicates that cross-attention maps e�ectively 

help locate the concept. Therefore, we propose leveraging cross-attention maps correspond- 

ing to \[category]" in a �ne-tuned Stable Di�usion to facilitate downstream visual tasks. 

Speci�cally, cross-attention maps can be obtained in each of the four layers in the U-Net 

� � , which corresponds to four di�erent resolutions. We compute the attention map A by 

averaging all the cross-attention maps across these resolutions. Finally, we normalize A to 

(0 ; 1) to emphasize regions with higher attention weights. 

While cross-attention maps for the object category e�ectively highlight relevant regions, their 

robustness can be further improved by cross-verifying with additional maps. Inspired by [ 38 , 

54 ], we introduce two learnable tokens in the prompt to generate complementary cross- 

attention maps. These tokens are designed to capture both the object and the background 

concept, which includes all regions outside the objects. The insight is that combining a 

learnable context token with the object category enhances the localization of the target 

objects, while a background token helps identify non-target regions. By e�ectively localizing 

the background, we can further re�ne object delineation. To implement this approach, we 

design a two-stage pipeline. Throughout the two stages, we set the prompt as \an aerial 

view image with [ V1] [category] in [ V2] [S]" for source domain data and \an aerial view image 
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with [ V1] [category] in [ V3] [T]" for target domain data. [ V1] represents the learnable token 

for the object concept, while [ V2] and [ V3] correspond to the learnable token for the source 

domain and target domain background concept, respectively. 

In the �rst stage, we �ne-tune both the U-Net � � 

and learnable tokens [ V1], [ V2], and [ V3] 

to capture the new concepts. To facilitate this process, we introduce a novel cross-attention 

map regularization loss that encourages similarity between the attention maps of [ V1] and 

[category], while penalizing similarity between the attention maps of [ V2], [ V3] and [category]. 

We denote the normalized cross-attention map of [ V1], [ V2], [ V3], and [category] as AV 1 , AV 2 , 

AV 3 

and Ac, respectively. To enforce similarity between AV 1 

and Ac, we further normalize 

them into discrete probability distributions where pixel values sum to one while preserving 

their relative di�erences. We denote them as ÂV 1 

and Âc. We then employ the total variation 

distance metric to minimize the di�erence between ÂV 1 

and Âc, which is equivalent to half 

of the L1 

distance between them [ 55 ]: 

Lobj 

= 

1

 

2 

X 

x;y 

j ÂV 1 ( x; y ) � Âc( x; y ) j (1.3) 

Similarly, to penalize similarity between Abg 

and Ac 

where Abg 

2 f AV 2 

; AV 3 

g , which is 

equivalent to enforce similarity between Abg 

and A � 

c 

where A � 

c 

= 1 � Ac, we �rst normalize 

both Abg 

and A � 

c 

into discrete probability distributions and then compute the distribution 

di�erence using the total variation di�erence metric as follows: 

Lbg 

= 

1

 

2 

X 

x;y 

j Âbg( x; y ) � Â � 

c( x; y ) j (1.4) 

The total loss function can be formulated as L = LLDM 

+ Lobj 

+ Lbg. 

In the second stage, we �x the learned tokens [ V1], [ V2], and [ V3], and further �ne-tune 

the U-Net � � . This is because Stable Di�usion learns to �t the data distribution with 

varying prompts in the previous stage, which might not align well with the data distribution 

conditioned on the �nal learned prompt. We continue to apply the loss function L to guide 

the learning of the attention maps and avoid any embedding misalignment. 

1.3.3 Automatic Labeling via Cross-Attention Maps 

After �ne-tuning Stable Di�usion as described in section 1.3.1 and section 1.3.2 , we 

generate synthetic source domain data D G S = 

n� 

xG S 

i 

; 

eAG S 

i 

�o NG S 

i =1 

and target domain data 

D G T = 

n� 

xG T 

i 

; 

eAG T 

i 

�o NG T 

i =1 

. For each synthetic data sample D i 

2 D G S [ D G T , we extract 

the cross-attention maps A i; c, A i; V 1 

and A i; bg 

during denoising steps. The enhanced cross- 
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attention map 

eA i 

is then obtained by stacking these components. Since cross-attention maps 

are grayscale images that highlight object regions, they contain less style information than 

RGB images. Therefore, we propose using these maps to generate bounding box annotations 

for target domain data. First, we train a detector F 

S( � ; � ) on the fully annotated real source 

domain data D S. This detector is then used to predict reliable pseudo labels 

�
y 

G S 

i 

	 NG S 

i =1 

on 

the synthetic source domain images 

�
xG S 

i 

	 NG S 

i =1 

. Next, we train another detector F 

A ( � ; � ) on 

the combined dataset D G S 

� 

= 

n� 

eAG S 

i 

; y 

G S 

i 

�o NG S 

i =1 

, which comprises synthetic source domain 

enhanced cross-attention maps and their corresponding pseudo labels. Finally, we use the 

well-trained detector F 

A ( � ; � ) to test the target domain cross-attention maps 

n 

eAG T 

i 

oNG T 

i =1 

and 

predict a set of pseudo labels 

�
y 

G T 

i 

	 NG T 

i =1 

for synthetic target domain data D G T . This results 

in a fully annotated synthetic target domain dataset 

��
xG T 

i 

; y 

G T 

i 

�	 NG T 

i =1 

, which can be directly 

used for downstream object detection tasks. 

Determining the con�dence score threshold for bounding box labels is challenging because 

it can vary across datasets. To address this, we propose a classi�er re�nement method that 

selects more reliable labels for synthetic target domain data, inspired by [ 56 ]. Predicted 

bounding boxes with high con�dence scores represent foreground objects, while those with 

low scores represent background regions. We de�ne bounding boxes above a high threshold 

� high 

as positive samples and those below a low threshold � low 

as negative samples. We train 

a classi�er using these samples on cropped image patches, re�ning predictions for samples 

with intermediate con�dence scores, resulting in more reliable labels for synthetic target 

domain data. 

1.4 Datasets 

We use three real-world aerial view vehicle detection datasets for our experiments|the 

publicly available DOTA [ 57 ], and two additional datasets we created, called LINZ and 

UGRC . All three have ground sampling distance (GSD) of 12.5 cm per px and have been 

sampled to 112 px � 112 px image size. Utilizing this image size is essential for our method 

because di�usion models are known for struggling with generating small objects caused by 

the cross-attention mechanism's limited resolution. Thus, we increase the relative object size 

within the images. Example images for LINZ and UGRC datasets are shown in Figure 1.4 . 

We use only one object class ( small vehicle ) and location labels (object centers). 

1.4.1 Introduction 

DOTA: We used the DOTA-v2 dataset's training and validation sets, which contain 1,830 

and 593 images, respectively, with 169,268 and 56,062 unique small car instances. The image 
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(a) Selwyn (New Zealand)

 

(b) Utah (USA) 

Figure 1.3. Geographic regions where we construct LINZ and UGRC datasets. Red 

bounding boxes denote the testing area. 

sizes range from 421 px � 346 px to 29,200 px � 27,620 px. We only used images with GSD 

of 15 cm per px or less and scale them to match the target 12.5 cm per px. The images with 

larger GSD or whose metadata do not provide such information are rejected. Finally, we 

produce our experiments' training and validation sets by placing randomly rotated square 

sampling windows with size 112 px � 112 px uniformly distributed across each original image 

area. This results in 455,099 training images (28,453 contain objects) and 142,262 validation 

images (9,460 contain objects), with 62,178 and 20,194 total object instances, respectively. 

The original bounding box labels were converted to object locations to match the annotations 

of the other two datasets described below. 

LINZ: We created this dataset by manually annotating vehicle locations in aerial images 

captured in Selwyn, New Zealand in December 2012. They were obtained from the Land 

Information New Zealand (LINZ) online platform [ 58 ]. The platform captured aerial imagery 

from nine areas in Selwyn. As illustrated in Figure 1.3 (a), we designated one of these nine 

areas as the testing region, from which test set images were sampled, while the remaining 
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eight areas were used for training and validation samples. The original tiles' size is 240 m � 

360 m (1920 px � 2880 px) with GSD of 12.5 cm per px. A uniformly distributed sampling 

window produces the �nal samples with size 112 px � 112 px. We �nally have 1,451,144 

training images (19,564 of which include objects), 188,744 validation images (2,108 of which 

include objects), and 438,189 test images (2,629 of which include objects). The number of 

object instances in the training set is 29,495, in the validation set, 2,574, and in the test set, 

3,640. 

UGRC: We used the same approach as with LINZ to construct this dataset. We obtained 

40 high-resolution (12.5 cm per px) aerial image tiles captured in Utah, USA and annotated 

the locations of small vehicle instances. The images were downloaded from Utah Geospatial 

Resource Center (UGRC) [ 59 ] online platform. The platform collected aerial imagery from 

seven regions. One of these seven areas was designated as the testing region, with the 

remaining six serving as sources for training and validation data, as shown in Figure 1.3 

(b). Their native size is 2,000 m � 2,000 m (16,000 px � 16,000 px). After performing 

dataset sampling using a 112 px square window, we constructed splits with the following 

quantities: 2,142,849 training images (15,631 of which include objects), 271,252 validation 

images (3,912 of which include objects), and 270,557 test images (1,510 of which include 

objects). The number of object instances in the training set is 26,001, in the validation set 

9,878, and in the test set 1,900. 

1.4.2 Annotations 

As discussed in section 1.4 , LINZ and UGRC datasets contain small vehicle location labels. 

DOTA's bounding box annotations were converted to location labels for consistency. Due to 

the sampling strategy, a single vehicle can appear in multiple images. Figure 1.6 presents 

the subcategories within the small vehicle class. To leverage the abundance of bounding 

box-based open-source object detection frameworks, we reformulate the location detection 

problem as a bounding box detection task. Speci�cally, we de�ne a decision circle with 

a 12 px radius centered on the vehicle's centroid. A predicted center is considered a true 

positive if it falls within this circle. As illustrated in Figure 1.5 (b), any point p within the 

region enclosed by the isocontour of IoU = � represents a predicted pseudo-bounding box 

centered at p with an IoU � � relative to the ground truth pseudo-bounding box. Ideally, 

all true positive predicted centers should be contained within the decision circle. However, 

no isocontour perfectly �ts the arc of the decision circle. To minimize this discrepancy, 

we determine the square pseudo-bounding box size a such that the area enclosed by the 

isocontour at IoU = 0 : 5 matches 

1

 

4 

of the decision circle. Let � x and � y denote the x- and 

y-coordinate di�erences, respectively, between the centers of the ground truth and predicted 
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Figure 1.4. Examples of images from our real-world datasets. ( �rst row ) LINZ 

images containing small vehicles; ( second row ) LINZ images without vehicles; ( third 

row ) UGRC images containing small vehicles; ( fourth row ) UGRC images without vehicles. 

UGRC and LINZ images have distinct visual characteristics. UGRC includes a notable 

proportion of o�-road vehicles, re
ecting its sandy and rocky terrain, while LINZ images 

primarily feature urban vehicles within structured road networks. 

pseudo-bounding boxes, as shown in Figure 1.5 (a). Without loss of generality, we assume 

the predicted pseudo-bounding box center lies in the �rst quadrant. The IoU can then 

represented as IoU = 

( a � � x )( a � � y )

 

2 a2 � ( a � � x )( a � � y ) . By setting IoU = 0 : 5, we solve for � y in terms of 

� x , treating a as a constant, which can be represented as � y = 

a ( a � 3� x )

 

3( a � � x ) 

. We then integrate 

� y with respect to � x to compute the area under the isocontour of IoU = 0 : 5, which is a 

function of a . Finally we equate this integral to 

1

 

4 

of the area of the decision circle and solve 

for a . This yields a square pseudo-bounding box with side length 42.36 px. This construction 

enables evaluation under the AP50 

metric while remaining approximately equivalent to the 

original circular decision rule, introducing only minimal geometric discrepancy. 

1.5 Experiments 

1.5.1 Implementation Details 

Image Generation: We employ Stable di�usion V1.4 [ 7 ], pre-trained on the images of 

size 512 � 512, a batch size of 64, and a learning rate of 10� 6 on two RTX A6000 GPUs 

for approximately 15 epochs. Following section 1.3.2 , we adopt a two-stage �ne-tuning 

strategy to capture both object and background concepts. For the source domain, the 
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Figure 1.5. Illustration of how we obtain the 42.36 px bounding box size. (a) The black 

bounding boxes denote the ground truth pseudo bounding box labels while the red 

bounding boxes denote the predicted pseudo bounding box labels. The dots denote the 

corresponding centers. � x and � y denote the x-and y-coordinate di�erence between the 

ground truth center and the predicted center. (b) Isocontour of Intersection of Union 

(IoU). The yellow arc is 
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of the decision circle with a 12 px radius while the black curve 

represents the isocontour where IoU = 0 : 5. (c) An example of a decision circle with a radius 

of 12 px centered at the car's center with the corresponding 42.36 px pseudo-bounding box. 

guidance prompt is \An aerial view image with [V1] cars in [V2][id]" for images with small 

vehicles, since all small vehicles except for the Pickup truck category fall under the broader 

classi�cation of cars, and \An aerial view image in [V2][id]" for images without small vehicles, 

where [id] is replaced with \New Zealand" or \DOTA". For the target domain, [V2] is 

substituted with token [V3] to learn unique background concept in target domain, and [id] 

is replaced with \Utah". In the �rst stage, we �ne-tune the learnable tokens in the prompt 

along with the U-Net. In the second stage, we freeze the learned tokens and �ne-tune U-Net 

to better align the model with the data distribution. Each stage is trained for approximately 

two epochs using a batch size of 8 and a learning rate of 5 � 10� 7 on two RTX A6000 GPUs. 

We synthesize 10 k images containing cars for both the source and target domain, and 10 k 

images without cars for the target domain. 

Automatic Labeling: To establish detection baselines, we employ the MMDetection frame- 

work [ 60 ], and evaluate a diverse set of models, including Faster-RCNN [ 61 ], YOLOv5 [ 62 ], 

YOLOv8 [ 63 ] and ViTDet [ 64 ], which represent one-stage, two-stage and transformer-based 

object detectors. For Faster-RCNN, we use ResNet50 [ 65 ] as backbone. For YOLOv5, we 

utilize the YOLOv5-M variant, while for YOLOv8, we employ the YOLOv8-M variant. For 

ViTDet, we disable the mask head. As outlined in section 1.3.3 , the labeling of synthetic 

target domain images is conducted in three stages. In all training stages, we scale the image 

resolution to 128 px � 128 px, as YOLOv5 requires input dimensions to be multiples of 
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Figure 1.6. Vehicles belonging to the object class small vehicle . 

32. The speci�c training parameters for each stage are provided in Table 1.1 . For label 

re�nement, we �ne-tune a pre-trained ResNet on the ImageNet [ 66 ] dataset for 80 epochs 

with a batch size of 256. The prede�ned con�dence thresholds � high 

and � low 

are deter- 

mined based on the con�dence score that yields the optimal F1-score for synthetic source 

domain cross-attention maps during detector training. Speci�cally, we set � high 

= 0 : 7 and 

� low 

= 0 : 3 for both YOLOv5 and YOLOv8, while for ViTDet and Faster-RCNN, we assign 

values of � high 

= 0 : 95 and � low 

= 0 : 5. Except for these adjustments, we adhere to the 

MMDetection [ 60 ] framework for implementation. 

1.5.2 Comparison with State-of-the-art Methods 

Table 1.2 summarizes the cross-domain detection results for adaptation from the LINZ and 

DOTA datasets to the UGRC dataset. First, our method consistently outperforms detectors 

trained solely on source domain data, demonstrating its robustness and generalizability. Sec- 

ond, open-set detectors perform poorly on aerial images, highlighting the lack of training of 

foundational models in this domain. Third, compared to domain adaptation methods [ 47 { 
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