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Abstract 
This article addresses the question of the consistency of unmanned aerial vehicle (UAV) detection under a strong change of 
environment. It presents a self-supervised pretraining strategy, applied to a state-of-the-art one-stage object detector, that 
decouples the learning of the objects of interest from the learning of the background. This greatly improves the detection of UAVs 
on urban backgrounds while requiring only rural UAV datasets. 
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I. INTRODUCTION 
Unmanned Aerial Vehicles (UAVs) are becoming increasingly ubiquitous, raising new challenges for object 
detection. The ̀ `drone'' class exhibits high intra-class variability, with large changes in scale, viewpoint, and 
instance count across images, making reliable detection difficult. An additional central challenge is the 
domain shift between training and deployment. While UAVs operate in diverse environments, data 
collection is often biased toward easier settings (e.g., rural areas), leaving urban scenarios 
underrepresented despite their practical importance. Consequently, models trained on a rural source 
distribution tend to generalize poorly to different urban target distributions, leading to significant 
performance degradation. 
Such data drift can sometimes be mitigated by domain adaptation (Yaroslav & Victor, 2015), domain 
generalisation (Gauri, Ritvik, Keshav, & Ramesh, 2024), or data augmentation (Devries & Taylor, 2017). 
These methods aim to either align the source and target distributions or improve the model's robustness 
to unseen conditions, thereby enhancing generalisation performance in environments that differ from the 
training data. There is a large body of state-of-the-art work on this subject, but it mainly concerns 
transferring performance between general datasets (e.g., from COCO (Tsung-Yi, et al., 2014) to Objects365 
(Shao, et al., 2019)). 
However, these methods do not precisely address the use case of a UAV in a new background. To our 
knowledge, no method has considered domain adaptation with specifically different drifts between the 
object and the background. 
The key contribution of this paper is to design a Self-Supervised Learning (SSL) method to deal with the 
background data drift common in UAV detection, which outperforms the state-of-the-art UAV detector by 
a large margin (22% to 39% mAP) on widely used UAV datasets in a transfer setting. 
 
II. STATE OF THE ART 
A. UAV DETECTION 
Object detection aims to localize and classify objects within images. In UAV detection, this task is 
particularly challenging due to the diversity of UAV types and the large variation in apparent size caused 
by changes in distance, viewpoint, and resolution. Recent state-of-the-art methods are largely based on 
DETR (Nicolas, et al., 2020), which combines a CNN backbone with a transformer-based detection head. By 
replacing region proposal networks with learnable queries, DETR (Nicolas, et al., 2020) provides a unified, 
end-to-end framework. However, it requires large training datasets and struggles with small objects, 
although later variants such as Deformable DETR (Xizhou, et al., 2021) and DINO (Hao, et al., 2022) mitigate 
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these limitations. Multi-modal approaches have also recently emerged, incorporating language information 
into detection models (e.g., CLIP-based methods (Alec, et al., 2021)). 
Despite this progress, UAV detection benchmarks such as the AVSS 2021 and Anti-UAV 2023 challenges 
show that CNN-based one-stage detectors remain dominant for this use case (Akyon, Eryuksel, Ozfuttu, & 
Altinuc, 2021), (Jie, Jingshu, Dongdong, & Dong, 2022). In particular, YOLO (Joseph & Ali, 2018) still offers 
a favourable trade-off between speed and accuracy for real-time applications, compared to slower two-
stage methods like Fast R-CNN (Girshick, 2015). However, it is widely known that YOLO generalizes poorly 
to new settings, requiring domain adaptation techniques for real-life robustness. 
 
B. DOMAIN ADAPTATION 
Domain adaptation was first studied in image classification (e.g. (Ganin, et al., 2016)), where early 
approaches learn domain-invariant feature representations to improve cross-domain generalization. 
Extending these ideas to object detection introduces additional challenges due to the need for precise 
spatial localisation. More recent work addresses domain shift in both classification and detection through 
a variety of strategies, typically depending on the severity of the shift and the application context. One line 
of methods introduces intermediate domains to progressively reduce large distribution gaps (Adrian Lopez 
& Krystian, 2019). While effective for extreme shifts (e.g., real-to-illustration), this approach is less suitable 
for subtler transitions such as rural-to-urban scenes. Data-level adaptation methods, such as ConfMix 
(Giulio, Luca, Elisa, & Yiming, 2022), instead blend source and target samples through image compositing 
and have shown effectiveness in autonomous driving scenarios, although they rely on explicit access to 
target data and assume relatively limited domain shifts. 
Another family of approaches relies on student-teacher frameworks (Tarvainen & Valpola, 2017), where a 
teacher model trained on the source domain supervises a student adapted to the target domain without 
requiring labels. The advantage of these approaches is that they are source-free: there is no retraining on 
the source data. However, the performance relies heavily on the initial guess of the teacher. A large data 
drift can make these approaches useless. Also, these methods usually deal with background and foreground 
symmetrically. 
Conversely, in this paper we propose to jointly integrate self-supervised learning, object detection, and 
domain adaptation in a unified framework that takes advantage of foreground-free target data at training 
time. 
 
C. SELF-SUPERVISED LEARNING 
Recent self-supervised learning (SSL) approaches are largely based on contrastive learning, which learns 
representations by pulling together augmented views of the same image (positive pairs) while pushing 
apart different images (negative pairs). However, these methods typically require carefully designed 
negative sampling and large batch sizes to structure the embedding space effectively. An alternative 
paradigm was introduced with BYOL (Grill, et al., 2020), which removes the need for negative pairs. BYOL 
(Grill, et al., 2020) employs an online network and a target network updated via exponential moving 
average. Given two augmented views of the same image, the online network is trained to predict the 
representation produced by the target network. 
SSL has been shown to improve downstream object detection performance when used as pre-training 
(Dang, Kornblith, Nguyen, Chin, & Khademi, 2022). However, such approaches typically rely on data closely 
related to the source domain. Other works address domain shift using SSL or related teacher--student 
frameworks, particularly for adversarial backgrounds or cross-modality transfer (e.g., IR to visible) (Kim, 
et al., 2022). While related to our setting, where target-like samples may be integrated into training data, 
these methods differ as they rely on teacher-student consistency rather than direct representation learning. 
Common SSL frameworks include MoCo (He, Fan, Wu, Xie, & Girshick, 2020), SimCLR (Ting, Simon, 
Mohammad, & Geoffrey, 2020), and SimSiam (Chen & He, 2021). In this work, we adopt SimSiam, which 
avoids negative pairs and instead learns invariance between two augmented views of the same image using 
a Siamese architecture. 
Its design is particularly suitable for our setting, where defining negative pairs is difficult due to the lack of 
prior structure in the data. By relying solely on positive pairs generated via augmentation, SimSiam 
provides a stable and efficient representation learning framework without the need for explicit negative 
sampling. 
 
III. DATASETS PRESENTATION 
Datasets play a critical role in the performance and robustness of object detection architectures. For 
example, as shown in (Liu, Gao, Wan, Wang, & Lyu, 2023), a lack of representation for small objects in the 
training data often leads to poor detection performance on such targets. This issue highlights the 
importance of dataset design: insufficient coverage of target scales, backgrounds, or environmental 
conditions can severely limit the generalisation ability of deep models. Conversely, incorporating datasets 
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that provide diverse examples and adequate representation of small UAVs has been shown to significantly 
improve detection accuracy and robustness across scenarios (Nan Jiang and Kuiran Wang and Xiaoke, et 
al., 2021), (Coluccia, et al., 2024). 
 
A. DATASETS PRESENTATION 
1) UAV datasets: In this work, we construct a diverse training dataset by combining three publicly available 
datasets. This aggregation provides varied backgrounds, UAV scales, and sufficient data for robust training. 
Although all datasets originate from video sequences, we discard temporal information and treat each 
frame independently, in line with a standard image-based object detection setting. Throughout this paper, 
as UAV training datasets we use Drone versus Bird (DvB) (Coluccia, et al., 2024) and Anti-UAV (Nan Jiang 
and Kuiran Wang and Xiaoke, et al., 2021), and as an inference-only dataset, Det-Fly (Zheng, et al., 2021). 
These three datasets, shown in Figures 1 to 6, ensure a large diversity of backgrounds, UAV models, target 
sizes, and numbers of targets to be detected. 
 

   
Figure 1 : EXAMPLE of RURAL Figure 2 : FIXED POV from Figure 3 : EXAMPLE of RURAL  
in DvB                                    DET-FLY (URBAN)  IMAGE in  

 

   
Figure 4 : EXAMPLE of URBAN Figure 5 : From ABOVE POV          Figure 6 : EXAMPLE of URBAN IMAGE 
in DvB                                    DET-FLY (URBAN)   IMAGE in ANTI-UAV 
 
2) Splitting rural / urban for train and test sets: To evaluate the robustness of the algorithms to a strong 
change of environment, we created our own test-bench, represented in Figure 7 composed of three datasets 
based on the same protocol. The goal here is to create a challenging dataset with urban images, as this is 
the domain we chose to target. 
 

 
Figure 7 : Division of the UAV datasets in 4 differents sets 

 
B. CITYSCAPES 
In addition, we rely on a completely different kind of urban dataset. Cityscapes (Marius, et al., 2016) is a 
large-scale benchmark dataset widely used for semantic urban scene understanding. It is designed to 
support tasks such as semantic segmentation, instance segmentation, and object detection in the context 
of autonomous driving; therefore, it contains no UAVs. As a result, we can use it as background imagery. 
 
To use it as a test set, we cut out drones from the three datasets presented earlier and insert them into the 
Cityscapes dataset, following Figure 8. Even if this technique can create insertion artefacts in the output 
datasets, it should not cause any problems, since these images are used only for inference and the network 
cannot learn these artefacts. 
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Figure 8 : Exemple of insertion of UAVs (left) and model of inserted UAVs (right) 

 
IV. LATENT BACKGROUND PRETRAINING METHOD 
For the proposed architecture, we focus on creating something robust to a change of environment. As 
mentioned in the introduction, a possible and simple solution would be to introduce empty backgrounds 
from the target environment, for example Cityscapes, into the training dataset, so that during training the 
architecture would see the target backgrounds but without any object to detect in them. However, this 
solution has some problems, which we describe below, and so we opt for another approach. 
 

 
Figure 9 : Scheme of the presented architecture 

 
Rather than introducing a new architecture, our contribution, Figure 9, is a training strategy aimed at 
improving robustness when a detector trained on a source domain is deployed on a different target 
distribution. The proposed method consists of three stages: two training phases followed by inference. It 
relies on two core components: a self-supervised learning (SSL) module and a detection network. We 
present the approach in a generic manner, independent of the specific SSL method or detector architecture, 
in order to emphasize its flexibility and compatibility with different backbones and training paradigms. 
 
A. THE SSL TRAINING 
The first stage of the proposed method consists of self-supervised learning (SSL), applied to the backbone 
of the detection network to construct a domain-robust embedding space. Following a SimSiam formulation, 
each image is augmented twice using standard transformations (e.g., cropping, rotation, colour jittering), 
producing two correlated views of the same sample. These views are encoded into embeddings by the 
backbone, and a lightweight prediction head is trained to align one representation with the other. 
This stage is performed on a mixture of data drawn from the source distribution and images representative 
of the target environment (e.g., backgrounds or auxiliary sequences), while strictly excluding any inference 
images. The objective is not object recognition, but rather the learning of shared visual structure across 
domains, mainly driven by background information, in order to initialize a more domain-invariant feature 
space. 
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B. LEARNING TO DETECT OBJECTS 
In the second stage, the detection head is trained while the backbone remains frozen. The detector is fine-
tuned on labelled source-domain images containing UAV instances (e.g., rural sequences), enabling it to 
learn object-specific representations within the previously learned embedding space. 
The key idea is that the detection head operates on features that already encode shared structure across 
domains, reducing sensitivity to background shifts. Consequently, the model learns to separate UAVs from 
the background using a representation space that is less dependent on the source environment, which is 
expected to improve generalization to unseen target domains. 
Finally, inference is performed on previously unseen target data, including either synthetic composites or 
held-out datasets, with no overlap with the training stages. 
 
V. EXPERIMENTATION 
A. SCENARIO DESCRIPTION 
The two main datasets are Drone versus Bird and Anti-UAV, which are divided into rural and urban 
sequences, as well as into train/test splits. The strong changes of environment are modelled as transferring 
performance from the rural training sets presented earlier to urban or Cityscapes inference. 
As the UAV datasets are based on video sequences, and we do not want to split a single sequence between 
the train and test sets, the division is made according to complete sequences. Since some sequences could 
fit into both the rural and urban categories, we simply do not use them. COCO is also used as additional data 
in SSL training (no UAV). 
 

Table I. PERFORMANCE (PRECISION (%), RECALL (%), mAP@0.5 (%)) of a UAV DETECTOR on 
THREE URBAN DATASETS CREATED by INSERTING DRONES from DRONE VS BIRD, ANTI-UAV and 

DET-FLY into CITYSCAPES (RESPECTIVELY 𝐂𝐃𝐯𝐁, 𝐂𝐀𝐧𝐭𝐢−𝐔𝐀𝐕  and 𝐂𝐃𝐞𝐭−𝐅𝐥𝐲), TRAINED on RURAL 

SEQUENCES. 

Method 
CDvB (known drones) CAnti−UAV (known drones) 

CDet−Fly  (unknown 

drones) 

P (%) R (%) 
mAP 
(%) 

P (%) R (%) 
mAP 
(%) 

P (%) R (%) 
mAP 
(%) 

Rural only (1) 46.5 26.4 22.8 45.5 34.4 30.0 45.5 23.5 22.8 

Simple adding 
(2) 

70.5 19.0 21.8 49.3 8.9 10.3 54.7 13.5 14.5 

With SSL (ours) 57.5 35.2 34.8 56.5 34.3 34.4 61.4 36.8 39.4 

 
B. PERFORMANCE ON CITYSCAPES 
The most important result is given in Table I. It shows the results of inference on the three datasets created 
by inserting a UAV into Cityscapes (cf. Figure 8). Our architecture, presented in the Latent Background 
Pretraining Method section, is compared to two references: a model trained only on the rural sequences of 
DvB and Anti-UAV (1), and a model trained on the rural sequences of DvB and Anti-UAV and, more 
importantly, also on Cityscapes images without any target (2). 
It is important to remember that every version of YOLOv5 was pre-trained on COCO. Training only on rural 
data (1) provides a strong baseline but yields limited generalisation to urban composites. As expected, 
simply adding target-domain background images without objects (2) does not improve performance and 
often degrades mAP, despite improving exposure to the target visual domain. This drop is consistent with 
the observed reduction in recall, suggesting a bias toward predicting empty scenes when no objects are 
present during training. These results indicate that naive background adaptation is insufficient and may 
introduce a negative bias in object-presence estimation. In contrast, our SSL-based approach consistently 
improves performance across all settings, achieving the best mAP in each case. This suggests that SSL helps 
decouple scene understanding from object presence, enabling better utilisation of target-domain context 
without reinforcing the ``empty scene'' prior. 
 

Table II. mAP of YOLOv5 TESTED on DATASETS with and without BUILDINGS, for SEVERAL SSL 
COMBINATIONS. 

 wo SSL CS CS+rural CS+urban CS+COCO 
Rural – test 66.8% 58.6% 67.1% 62.6% 71.0% 
Urban - test 41.9% 44.3% 40.8% 37.5% 42.6% 
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C. PERFORMANCE ON URBAN UAV 
To further study the influence of data drift, we consider performance in various intra-UAV-dataset settings, 
using only Cityscapes as a UAV-free background. Table II reports the impact of different SSL pre-training 
strategies on YOLOv5 performance in urban settings. Overall, SSL consistently improves performance over 
the baseline, with varying gains across domains and training compositions. Two configurations include 
UAV data during SSL (Cityscapes + rural/urban UAVs), where UAV instances appear during representation 
learning. However, this does not really improve the detection, suggesting that SSL mainly shapes the 
embedding space rather than directly benefiting object-specific recognition. On urban test sequences, SSL 
trained solely on Cityscapes performs best, while Cityscapes + COCO remains second and still improves 
over the baseline. This indicates that adding heterogeneous data does not uniformly transfer across 
domains. 
 

VI. CONCLUSION 
We developed a new method to counter the performance loss of common object detectors under strong 
background changes. We designed a strategy that takes advantage of SSL to create an embedding space 
based on empty images from the target distribution, which is then used in a second phase to train on images 
containing objects from the source distribution. Our method outperforms both pure transfers can deal with 
heavy background changes, contrary to common TTA or pseudo-labelling methods. This result is 
particularly important for UAV detection, where datasets are easier to collect in a rural context than for 
applications in an urban environment: in some settings, we outperform the baselines by 20% of mAP. 
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