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Abstract— the rapid advancements in Cube and Nano 
satellites have made high-quality remote sensing images easily 
accessible, leading to crucial object recognition tasks with 
extensive applications range. The particular task of aircraft 
detection is placed as one of the most promising applications of 
computer vision systems for aerospace data processing, 
primarily due to its broad application prospects starting from 
aircraft traffic planning and controlling for potential threats 
detection, environmental monitoring to managing CO2 
emissions all the way to logistics supply chain optimization 
based on spatial finance insights. However, analyzing high-
quality remote sensing data presents a significant challenge, 
particularly in the detection tasks of densely located aircrafts, 
aircrafts with various size ranges, etc. In this regard, this article 
focuses on addressing these challenges through a deep learning-
based approach based on an optimized version of YOLOv9 for 
aircraft detection on high-resolution remote sensing data. The 
proposed approach has been trained and evaluated based on the 
images from Airbus dataset and demonstrates 3% increase in 
accuracy detection compared to existing state-of-the-art 
approaches, achieving 0.987 in average precision (AP) and 0.746 
in mean average precision (mAP). 

Keywords—neural network, deep learning, aircraft detection, 
object detection, YOLO (you only looks once), remote sensing, 
aerospace image analysis.  

I. INTRODUCTION 
The decreasing cost of launching Cube and Nano 

satellites, along with rapid advancements in their development 
[1], has made high-quality remote sensing images easily 
accessible [2], particularly in earth observation satellites. As a 
result, object detection and recognition in these images have 
become crucial tasks [3], enabling the development of a new 
generation of object recognition and classification systems. 

The application of preprocessed remote sensing data and 
detected objects is extensive, ranging from intelligent 
transportation systems [4] and urban traffic management [5 -
6] to environmental monitoring, mining, forest, and water 
resource optimization [7]. Even in side domains, such as 
financial markets, remote sensing data processing finds 
application in fast-growing spatial finance [8], e.g., risk 
management assessment for airline industry. All the 
aforementioned examples demonstrate the proven demand for 
high-quality satellite image analysis and processing. 
However, the analysis of high-quality remote sensing data 
presents a significant challenge due to the extensive spatial 
coverage and complex image backgrounds. Deep learning-
based approaches have proven to be effective in capturing 

complex recognition patterns of objects in cluttered urban 
scenes, even in scenarios with a limited angle of view, such as 
satellite imagery [9] or footage from unmanned aerial 
vehicles. [10] The recognition of aircrafts in aerospace 
imagery presents a distinct and unique challenge due to their 
complex shapes, varied sizes, and diverse appearances.  

Up to now, numerous detectors have been developed for 
identifying aircrafts in remote sensing images. For example, 
in [11] the authors successfully implement multi-scale object 
detection by incorporation multi-scale feature fusion 
techniques on optical images. Despite the significant 
advancements in remote sensing image object detection, they 
still exhibit weaknesses in accurately detecting small grouped 
objects and objects of the same class with similar contrast. In 
[12], the Single-Shot Detector (SSD) feature fusion coupled 
with dilated convolutional has been proposed to partly 
mitigate the issue. Additionally, in [13] the authors introduced 
the similar multi-scale feature fusion boosted with adaptive 
sample filtering technique to improve the detection accuracy 
and performance of nearby located objects in aerospace 
images. However, the Single-Shot Detector (SSD) - based 
networks struggle with low-contrast object detection tasks, as 
well as the low likelihood of separating individual objects in 
high-density images. 

 
Fig. 1. Observed aicrafts on high-resolution remote sensing data. 

The mentioned issues have been partially addressed by 
authors in [14] through the proposal of a spatially oriented 
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technique, and in [15] via multi-scale feature pyramids and 
Faster-Region-Based Convolutional Neural Networks 
(Faster-RCNN) as a backbone. However, these approaches 
struggled with detecting aircrafts of varying sizes. In contrast, 
in [16] the Multi-scale Visual Transformer as well as in [17] 
the Eff-Matching-Oriented Transformer effectively handle 
aircrafts of different scales, achieving high robustness on 
object detection applied to remote sensing data. Nonetheless, 
transformer-based approaches exhibit both substantial amount 
of training data and high computational complexity, which 
can be a critical consideration in the field of remote sensing 
images. In contemporary object detection technology, you 
look only once (YOLO)-based networks stand out for their 
exceptional accuracy and robustness. In [18], the authors 
introduced an enhanced version of YOLOv4 incorporating a 
feature extraction process utilizing residual modules in 
conjunction with a Feature Pyramid Network (FPN), and 
exhibits strong performance even when operating with limited 
training datasets. 

To summarize, despite the significant progress in remote 
sensing data analysis, the following challenges in the realm of 
aircraft detection still need to be studied further: 

• There is a possibility of inaccurate detection of nearby 
small aircrafts or business jets, leading to gaps or 
misgrouping, potentially resulting in misclassification 
into another class. 

• The extraction of airplane features is restricted to the 
satellite's top view. Consequently, the complex shape 
of airplanes can lead to semantic confusion with other 
object classes, e.g., as transportation tunnels (Fig. 1). 

• Registered and transmitting equipment, along with 
climatic conditions, may obscure objects of interest 
with clouds (Fig. 1), smog, or blurring, ultimately 
resulting in a reduced signal-to-noise ratio. 

Thus, the following research article will focus on 
addressing the aforementioned challenges by researching and 
developing a deep learning-based approach for aircraft 
detection in high-resolution remote sensing data. 
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