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Abstract 
In this paper, we address the drone-bird classification problem using Graph Neural Networks (GNNs). The 
increasing use of unmanned aerial vehicles (UAVs) and the diversity of their applications create a growing 
need for their identification in the airspace. In addition to comparing the classification results between Graph 
Convolutional Networks (GCN) and Graph Attention Networks (GAT), we investigated how the image 
segmentation method affects the final performance. We approached the problem by applying the SLIC 
algorithm, which generates an image composed of superpixels, and a segmentation method based on bilinear 
interpolation, which produces a grid-like image. The experimental results indicate that the GCN model 
achieves higher precision when using the SLIC algorithm, while the GAT network shows better classification 
accuracy for images downsampled using the bilinear interpolation method. Furthermore, the SLIC method 
is characterized by greater versatility in terms of the choice of network architecture.  
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1. Introduction

In recent years, image classification using artificial intelligence (AI) has become a widely discussed
topic in both literature and practice [1,2]. This is because it is one of the most practical applications 
of AI, allowing computers to automatically recognize and label image elements without the need for 
human supervision. As a result, this field is developing dynamically and is used in areas such as 
medicine [3,4], the automotive industry [5], and security systems [6]. 

Due to the popularity of this subject, many algorithms have been developed for AI-based image 
classification. Among classical machine learning methods one that stands out is Support Vector 
Machines [7]. They search for the optimal boundary, known as a hyperplane, to separate different 
data classes. In the context of neural networks, Convolutional Neural Networks (CNN) are frequently 
used [8], as they automatically learn to detect edges, shapes, and textures without the need for manual 
feature extraction. Another approach is the use of Graph Neural Networks (GNN) [9], which are 
adapted to the analysis of irregular data that can be generated from images. For this purpose, a regular 
grid or superpixels can be used. In the case of GNN, many different models are available, such as 
Graph Attention Networks (GAT) or Graph Convolutional Networks (GCN) [10, 11]. 

In this article, we compare the performance of Graph Neural Networks using two different graph 
constructions based on images for the classification of birds and drones. Such classification can be 
useful in contexts such as airspace monitoring for industrial or military areas, as well as for statistical 
data collection. The main contribution of this paper are: 

• two image-based graph construction methods - SLIC superpixel graphs and regular GRID
graphs and apply them to GNN for bird and drone classification,
• a comparative analysis of different superpixel sizes and grid resolutions,
• experimentally demonstrate how the choice and granularity of graph construction affect the
ability of GNNS in the aerial classification task.
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2. Image-to-Graph Representation 

When developing Graph Neural Networks, the fundamental requirement is a set that represents 
the vertices of our graph. In a theoretical image classification problem, these vertices could consist of 
the individual pixels of the image, with the edges defined by pixel adjacency. However, from a 
practical standpoint, such a set would be too large for time- and resource-efficient training. Therefore, 
we must resort to simplifying the images to ensure the network's learning process is as efficient as 
possible. One such simplification method is downsampling the image using bilinear interpolation 
[12]. 

To compute bilinear interpolation, one applies a series of linear interpolations across both 
dimensions. This is achieved by first interpolating linearly with respect to the x -coordinate: 

 
𝑓𝑓(𝑅𝑅1) ≈

𝑥𝑥2 − 𝑥𝑥
𝑥𝑥2 − 𝑥𝑥1

𝑓𝑓(𝑄𝑄11) +
𝑥𝑥 − 𝑥𝑥1
𝑥𝑥2 − 𝑥𝑥1

𝑓𝑓(𝑄𝑄21), (1) 

  
𝑓𝑓(𝑅𝑅2) ≈

𝑥𝑥2 − 𝑥𝑥
𝑥𝑥2 − 𝑥𝑥1

𝑓𝑓(𝑄𝑄12) +
𝑥𝑥 − 𝑥𝑥1
𝑥𝑥2 − 𝑥𝑥1

𝑓𝑓(𝑄𝑄22) (2) 

 
where 𝑅𝑅1 = (𝑥𝑥,𝑦𝑦1),𝑅𝑅2 = (𝑥𝑥,𝑦𝑦2). 
Now we repeat the procedure along the 𝑦𝑦-coordinate to arrive at the final value: 
 

𝑓𝑓(𝑃𝑃) ≈
𝑦𝑦2 − 𝑦𝑦
𝑦𝑦2 − 𝑦𝑦1

𝑓𝑓(𝑅𝑅1) +
𝑦𝑦 − 𝑦𝑦1
𝑦𝑦2 − 𝑦𝑦1

𝑓𝑓(𝑅𝑅2). (3) 

  
By adopting a coordinate system where 𝑓𝑓 is defined at the four points 

Q11(0,0), Q12(0,1), Q21(1,0) and Q22(1,1), the interpolation formula can be simplified to: 
 

𝑓𝑓(𝑥𝑥,𝑦𝑦) ≈ 𝑓𝑓(0,0)(1 − 𝑥𝑥)(1− 𝑦𝑦) + 𝑓𝑓(1,0)𝑥𝑥(1 − 𝑦𝑦) + 𝑓𝑓(0,1)(1− 𝑥𝑥)𝑦𝑦 + 𝑓𝑓(1,1)𝑥𝑥𝑥𝑥 (4) 
 
or equivalently, in matrix operations: 
 

𝑓𝑓(𝑥𝑥,𝑦𝑦) ≈ [1 − 𝑥𝑥, 𝑥𝑥] �
𝑓𝑓(0,0) 𝑓𝑓(0,1)
𝑓𝑓(1,0) 𝑓𝑓(1,1)� �

1 − 𝑦𝑦
𝑦𝑦 � (5) 

  
The output is an image on a grid plan with sharp edges. This method allows you to choose the 

output resolution or downscale the image by a specific factor. 
Another approach to simplifying images is to use the SLIC algorithm, which merges pixels that 

are spatially close and possess similar color values into a single entity known as a superpixel with an 
"averaged" color value. These superpixels are generated using the Simple Linear Iterative Clustering 
(SLIC) algorithm [13, 14], which operates within the labxy space. In this context, [lab] represents the 
color vector in the CIELAB color space, while xy denotes the pixel's coordinates on the image map. 

To use this algorithm, the distances must be normalized because distances in the CIELAB space 
are bounded, unlike those in Euclidean space. 

Let 𝑁𝑁 be the number of pixels in the input image. We define a variable 𝐾𝐾 as the number of 
superpixels forming the simplified image. Consequently, the approximate number of pixels per 
superpixel can be denoted as 𝑁𝑁

𝐾𝐾
. 

Thus, we obtain 𝐾𝐾 superpixel centroids 𝐶𝐶𝑘𝑘 = [𝐿𝐿𝑘𝑘 ,𝑎𝑎𝑘𝑘 ,𝑏𝑏𝑘𝑘 ,𝑥𝑥𝑘𝑘 ,𝑦𝑦𝑘𝑘]𝑇𝑇 ,𝑘𝑘 ∈ [1,𝐾𝐾], which are spaced at 

an interval of 𝑆𝑆 = �𝑁𝑁
𝐾𝐾

  (assuming the superpixels are of similar size). We can therefore establish that 

the area occupied by a single superpixel is approximately 𝑆𝑆2, and the pixels belonging to a given 
superpixel will be located within a 2𝑆𝑆 × 2𝑆𝑆 region around its centroid in Euclidean space. 

We then define the normalized distance 𝐷𝐷𝑆𝑆 as 
 



𝐷𝐷𝑠𝑠 = 𝑑𝑑𝐿𝐿𝐿𝐿𝐿𝐿 +
𝑚𝑚
𝑆𝑆
𝑑𝑑𝑥𝑥𝑥𝑥 (6) 

 
where 

𝑑𝑑𝐿𝐿𝐿𝐿𝐿𝐿 = �(𝐿𝐿𝑘𝑘 − 𝐿𝐿𝑖𝑖)2 + (𝑎𝑎𝑘𝑘 − 𝑎𝑎𝑖𝑖)2 + (𝑏𝑏𝑘𝑘 − 𝑏𝑏𝑖𝑖)2, (7) 
 
represents the distance in the CIELAB space, 

 
𝑑𝑑𝑥𝑥𝑥𝑥 = �(𝑥𝑥𝑘𝑘 − 𝑥𝑥𝑖𝑖)2 + (𝑦𝑦𝑘𝑘 − 𝑦𝑦𝑖𝑖)2, 

(8) 

 
represents the distance in Euclidean space, 𝑚𝑚 ∈ [1,20] is a variable responsible for the compactness 
of the superpixel (the higher the value of m, the more compact the set becomes). 
 

Regardless of the chosen algorithm, the final result is a simplified image where the number of 
superpixels is small enough to serve as the vertices of a graph. Connections between these vertices 
are established based on the adjacency of the superpixels. In the case of the grid method, adjacency 
is defined by the superpixel's position on the simplified image map. Conversely, when using the SLIC 
algorithm, we must manually define the criteria for establishing connections between the resulting 
superpixels. This allows us to select the appropriate number of neighbors for each superpixel 
according to the specific problem and to define the metric used to calculate the distances between 
them. 

In this article, we assume that the adjacency between superpixels generated by the SLIC algorithm 
will be determined using the K-Nearest Neighbors (KNN) algorithm [15]. To measure the distance 
between superpixel centroids, we will employ the Euclidean metric. 

 
 

 

 
(a) Original image (b) SLIC image (c) Grid image 

 
Figure 1: Different image representation methods. 

 

3. Graph Neural Networks 

Graph Neural Networks (GNNs) are designed to solve problems that naturally adopt a graph 
structure. A graph is a mathematical construct that defines relationships between various objects. For 
instance, if we represent bus stops as points on a map and bus routes as lines connecting them, we 
obtain a graph where the vertices represent the stops and the lines form the edges. Since an image 
grid consisting of pixels can also be represented as a graph, GNNs can be effectively utilized for image 
classification tasks. 

Before the graph can be used for training, it needs to be transformed into an appropriate structure. 
The most straightforward way to represent a graph for neural network processing is by creating an 
adjacency matrix. However, this form of representation only captures the connectivity between 
vertices, often ignoring critical information such as vertex and edge features or the global context of 



the graph. Furthermore, particularly for graphs with a large number of vertices, an adjacency matrix 
is not an optimal method for storing structural information. Since the degree of each vertex can vary 
significantly, there is a high probability that the resulting matrix will be sparse (containing mostly 
zeros), making it highly space-inefficient. Moreover, a single graph problem can be represented by 
multiple different adjacency matrices, which could lead to inconsistent results in machine learning 
tasks. 

For these reasons, an adjacency list is often a superior choice for representing graph structures. 
This method represents a connection between vertices 𝑛𝑛𝑖𝑖 and 𝑛𝑛𝑗𝑗 via an edge 𝑒𝑒𝑘𝑘 as a tuple ( 𝑖𝑖, 𝑗𝑗 ) at the 
𝑘𝑘-th position of the list. Since we expect the number of edges in a graph to be significantly lower than 
the number of elements in an adjacency matrix �𝑛𝑛nodes 

2 �, we eliminate the need to store information 
regarding elements that are not connected. 

The generated adjacency list is then fed into the GNN, where it is processed using a mechanism 
known as message passing. This process facilitates network learning by exchanging information 
between adjacent vertices. Consequently, the classified images can be analyzed within a global 
context, rather than being restricted to the local pixel neighborhoods typical of convolutional neural 
networks. To implement message passing, we calculate the mean of the features from neighboring 
neurons and subsequently normalize this value using the following formula: 

 
∑  𝑢𝑢∈𝒩𝒩(𝑣𝑣)  ℎ𝑢𝑢

(𝑘𝑘−1)

|𝒩𝒩(𝑣𝑣)|
 

(9) 

 
Subsequently, we update all nodes using the calculated values: 
 

ℎ𝑣𝑣
(𝑘𝑘) = 𝜎𝜎 �𝑊𝑊(𝑘𝑘) ⋅

∑  𝑢𝑢∈𝒩𝒩(𝑣𝑣)  ℎ𝑢𝑢
(𝑘𝑘−1)

|𝒩𝒩(𝑣𝑣)|
+ 𝐵𝐵(𝑘𝑘) ⋅ ℎ𝑣𝑣

(𝑘𝑘−1)�, 

 

(10) 

where 𝑊𝑊(𝑘𝑘) is the weight matrix, in which weights determine the importance of a given feature, 𝐵𝐵(𝑘𝑘) 
is the bias, 𝜎𝜎(⋅) is a non-linear activation function, which enables the model to handle non-linear 
problems. 

Over the years, many different types of GNNs have been developed. In this article, we will take a 
closer look at Graph Convolutional Networks (GCN) and Graph Attention Networks (GAT). 

In a GNN, each node in a graph can have a different degree (meaning a different number of 
neighbors), which may lead to excessively large values in subsequent layers. To address this issue, 
GCNs employ normalization, and the information propagation operation in the 𝑘𝑘-th layer of the 
network can be written in matrix form: 

 

𝐻𝐻(𝑘𝑘) = 𝜎𝜎 �𝐷̃𝐷−
1
2(𝐴𝐴 + 𝐼𝐼𝑁𝑁)𝐷̃𝐷−

1
2𝐻𝐻(𝑘𝑘−1)𝑊𝑊(𝑘𝑘−1)� , (11) 

 
where 𝐷̃𝐷 denotes the vertex degree matrix, 𝑊𝑊(𝑘𝑘) is the weight matrix of the learned parameters, 𝜎𝜎(⋅) 
is the activation function, 𝐴𝐴 is the adjacency matrix and 𝐼𝐼𝑁𝑁 is the identity matrix. 

In GAT, aggregation of information in the neighborhood is enhanced by the attention mechanism. 
For this calculation, we introduce an attention coefficient for a pair of neighboring vertices: 

 
𝑒𝑒𝑣𝑣𝑣𝑣 = LeakyReLU(𝐚𝐚𝑇𝑇[𝑊𝑊ℎ𝑣𝑣‖𝑊𝑊ℎ𝑢𝑢]) (12) 

 
that is normalized as: 

𝛼𝛼𝑣𝑣𝑣𝑣 =
exp (𝑒𝑒𝑣𝑣𝑣𝑣)

∑  𝑘𝑘∈𝒩𝒩(𝑣𝑣)  exp (𝑒𝑒𝑣𝑣𝑣𝑣) . 
(13) 

 
The updated representation of the vertex is defined as follows: 
 



ℎ𝑣𝑣
(𝑘𝑘) = 𝜎𝜎� �  

𝑢𝑢∈𝒩𝒩(𝑣𝑣)

 𝛼𝛼𝑣𝑣𝑣𝑣𝑊𝑊(𝑘𝑘)ℎ𝑢𝑢
(𝑘𝑘−1)� . 

(14) 

 
For the purposes of further analysis, two graph network architectures were modeled - with GAT 

and GCN (see Tab. 1). 
 

Table 1 
Proposed architectures of GCN and GAT 

GCN GAT 
Layer Description Layer Description 

Input Node feature matrix Input Node feature matrix 
GCNConv 1 Graph convolution GATConv 1 Graph attention layer (1 

head) 
ReLU Non-linear activation ReLU Non-linear activation 
GCNConv 2 Graph convolution GATConv 2 Graph attention layer (2 

heads) 
ReLU Non-linear activation ReLU Non-linear activation 
GCNConv 3 Graph convolution Global Mean Pool Node-to-graph aggregation 
ReLU Non-linear activation Linear 1 Fully connected layer 
Global Mean Pool Node-to-graph 

aggregation 
ReLU Non-linear activation 

Linear 1 Fully connected layer Linear 2 Class prediction 
ReLU Non-linear activation   
Linear 2 Class prediction   

 

4. Experiments 

For our experiments, we relied on the data provided by the website 
https://www.kaggle.com/code/stpeteishii/drone-bird-classify-fasiai/notebook. The dataset comprises 
165 images of birds and drones each. These were captured in various weather conditions, at different 
times of day, and from multiple perspectives to best simulate the natural observation of birds and 
drones. 

We will now compare the results of the experiments conducted for the GCN and GAT network 
architectures described in Table 1. We will focus primarily on the outcomes of experiments using 
both the bilinear interpolation and SLIC algorithm segmentation methods. Subsequently, we will 
examine how the choice of segmentation method affects the performance of each specific 
architecture. 

 
(a) 60 superpixels (b) 120 superpixels (c) 240 superpixels 

 
Figure 2: Comparison of GCN performance for different numbers of superpixels. 
 

https://www.kaggle.com/code/stpeteishii/drone-bird-classify-fasiai/notebook


Figure 2 above shows a comparison of three normalized confusion matrices for an experiment 
conducted using a GCN network with SLIC segmentation and the parameter 𝐾𝐾 = 8, where 𝐾𝐾 
represents the number of neighbors for each superpixel. The X-axes of the presented matrices 
represent the network's predictions for each image, while the Y-axes indicate the ground truth. The 
color scale shows the percentage of responses for the bird and drone classes. The experiments differed 
in the number of superpixels per image. 

Considering both the bird and drone classes, we can observe that the best overall results were 
achieved by the model trained on images containing 240 superpixels (Fig. 2c). Nevertheless, matrix 
2b yielded very similar performance, in contrast to matrix 2a. 

We can also compare how the number of neighbors, 𝐾𝐾, for each superpixel affects the network's 
performance (Fig. 3). Below is a comparison of the results, presented as normalized confusion matrices 
for 120 superpixels; however, it indicates that the value of the parameter 𝐾𝐾 has a very minimal impact 
on the network's results. 

 
(a) 𝑘𝑘 = 4 (b) 𝑘𝑘 = 8 

 
Figure 3: Comparison of GCN performance for different values of 𝐾𝐾 parameter. 
Let us now move on to comparing how the resolution of images simplified via bilinear 

interpolation affects GCN training. Figure 4 compares the results for three networks, showing that 
the best performance was achieved by the model trained on 16 × 16  images. However, it is worth 
noting that, in general, GCNs trained on images simplified through bilinear interpolation performed 
worse than those based on images segmented with the SLIC algorithm. 

Experiments conducted for the bilinear interpolation downsampling method on GAT networks 
show significantly higher drone classification results than on the GCN network. This network 
achieved very similar results for resolutions of 16 × 16 and 32 × 32, which in turn significantly 
outperform the results for the 8 × 8 resolution. 

Table 2 shows a comparison of the performance of GCN and GAT networks for the segmentation 
algorithm using the bilinear interpolation method (resolution: 16 × 16 ) and the SLIC algorithm ( 120 
superpixels and 8 neighbours for each superpixel). The Precision columns specify what proportion of 
samples assigned to a given class is correct, the Recall columns inform us of what proportion of actual 
examples of a given class was correctly detected, while the F1-score columns are equal to the 
harmonic mean of Precision and Recall, representing a compromise between them. 

The results in the indicated table clearly show that the GCN network best classified the 

 
(a) 8 × 8 (b) 16 × 16 (c) 32 × 32 

Figure 4: Comparison of GCN performance for different image resolutions. 



 
images processed by the SLIC algorithm, whereas the GAT network performed better with the 

grid-structured images. 
If we consider the choice of architecture in terms of detecting the highest number of drones (e.g., 

in aerial defense systems), the GAT network would be a significantly better choice. Although the 
Precision for drones is only about 58% regardless of the image segmentation type, they achieve much 
higher Recall values than GCN networks, while maintaining a high F1-score. On the other hand, GCN 
networks using the SLIC segmentation algorithm are much better suited for the bird recognition 
problem, achieving an F1-score nearly 10% higher than all other methods and a Recall value close to 
70%. 

Considering all metrics, the best choices would be GCN networks trained on SLIC-processed 
images or GAT with bilinear interpolation, depending on whether the primary focus is bird or drone 
detection. 

 
 

Table 2 
Comparison of GCN and GAT classification results including the SLIC method and bilinear 
interpolation. 

  GCN   GAT  
Metric Precisio

n 
Recall F1-score Precision Recall F1-score 

Grid       
birds 0.5745 0.5510 0.5625 0.6667 0.4490 0.5366 
drones 0.5686 0.5918 0.5800 0.5846 0.7755 0.6667 
accuracy   0.5714   0.6122 
macro avg 0.5715 0.5714 0.5713 0.6256 0.6122 0.6016 
weighted 
avg 

0.5715 0.5714 0.5713 0.6256 0.6122 0.6016 

SLIC       
birds 0.6071 0.6939 0.6476 0.6389 0.4694 0.5412 
drones 0.6429 0.5510 0.5934 0.5806 0.7347 0.6486 
accuracy   0.6224   0.6020 
macro avg 0.6250 0.6224 0.6205 0.6098 0.6020 0.5949 
weighted 
avg 

0.6250 0.6224 0.6205 0.6098 0.6020 0.5949 

 

5. Conclusions 

As can be inferred from the conducted experiments, the choice of architecture should depend on 
the specific problem at hand. In situations where the main focus is on drone detection-for instance, 
in the protection of areas such as airports or military zones, or in the monitoring of mass events and 
private properties - the best choice is to use the GAT network trained on images downsampled using 
bilinear interpolation. Conversely, if the focus is more on bird detection - for example, for gathering 
statistical data or detecting birds flying over an airport-the most effective option is to employ the 
GCN network utilizing images segmented with the SLIC algorithm. 

Regarding the comparison of the SLIC algorithm to the bilinear interpolation method, we are 
unable to definitively state which of these two image segmentation methods generates overall better 
results. Based on the data in Table 2, it can be inferred that the SLIC algorithm is more versatile than 
the Grid method; however, this does not mean that it is always the best choice. 

As experiments using the SLIC algorithm indicate, a larger number of superpixels in the image 
positively affects the network's learning process. At the same time, the number of neighbors for each 
superpixel does not have a significant impact on learning quality, which may suggest that a more 
accurate representation of elements within the image layout is more important than the 



neighborhood relationships between them. Analyzing the impact of image resolution on the learning 
process, it can be observed that the network achieves better results for images with higher resolutions 
(e.g., 16 × 16 or 32 × 32). However, beyond a certain level, increasing the resolution does not lead 
to a significant improvement in performance. 

 

6. Declaration on Generative AI  

The authors have not employed any Generative AI tools. 
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