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Abstract 
The increasing use of Unmanned Aerial Vehicles (UAVs) such as drones and helicopters across 
various sectors presents a challenge in distinguishing between them due to their similar appearances 
in aerial imagery. This similarity necessitates the development of an accurate image classification 
system to differentiate the two types of flying objects. This study proposes a classification method 
using the Naïve Bayes algorithm combined with two feature extraction approaches: (1) the mean 
intensity values of Red, Green, and Blue (RGB) image channels, and (2) first-order statistical features 
including mean, standard deviation, skewness, and kurtosis of pixel intensities. A dataset of 60 
images, consisting of 30 drone and 30 helicopter images, was used. Feature extraction was 
conducted using Python in the Google Collab environment, while classification was performed with 
WEKA software. The results show that the RGB mean features yielded a classification accuracy of 
91.67% with an area under the ROC curve (AUC) of 1.0, outperforming the statistical features, which 
achieved 75% accuracy and an AUC of 0.938. These findings demonstrate that colour-based RGB 
features are more effective in distinguishing drones from helicopters compared to statistical texture 
features. 
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1. Introduction 

The development of Unmanned Aerial Vehicle (UAV) or drone and helicopter 
technologies has had a significant impact across various fields, such as area surveillance, 
search and rescue operations, and goods delivery [1]. In this context, aerial image 
classification systems play a critical role in a wide range of applications, including security 
monitoring, territorial mapping, and air traffic control. One of the main challenges in aerial 
image classification is distinguishing between different types of flying objects, such as 
drones and helicopters, which often exhibit similar visual characteristics—especially from 
certain angles or under varying lighting conditions. Differentiating these two types of objects 
requires a more refined approach to image processing to achieve high classification 
accuracy. 

Pattern recognition based on image data provides an efficient solution to differentiate 
objects like drones and helicopters, considering their differences in color, texture, and 
shape [2]. In this regard, digital image classification techniques that utilize statistical 
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features—such as colour and texture information—are highly relevant. This study 
introduces a novel implementation of a conventional classification algorithm, Naïve Bayes, 
in the context of drone and helicopter differentiation. Although Naïve Bayes is widely 
regarded as a basic classifier, its application in this specific domain—distinguishing flying 
objects with high visual similarity—has not been extensively explored. The novelty of this 
research lies in demonstrating that, with well-chosen low-level features such as RGB mean 
values and first-order statistical descriptors, even a standard algorithm like Naïve Bayes 
can yield high classification performance. This supports the idea that efficient and 
interpretable methods can still be effective without the complexity of deep learning, 
especially in scenarios with limited data. 

 Naïve Bayes is selected due to its simplicity, low computational cost, and effectiveness 
in handling numerical data, making it particularly suitable for systems that require real-time 
processing or have resource constraints. While the algorithm assumes feature 
independence—an assumption not fully valid in image data—it often performs surprisingly 
well in practical applications, including image classification tasks [3]. In image classification, 
the extraction of colour and texture features is crucial. A commonly used approach involves 
extracting average values of Red, Green, and Blue (RGB) for colour features, while texture 
features can be derived using first-order statistical methods such as mean, standard 
deviation, skewness, and kurtosis of pixel intensity distributions [4], [5]. Despite their 
simplicity, these features are considered highly effective in representing the visual 
characteristics of objects in images and have been shown to improve classification 
accuracy in various studies. 

Previous research has shown that combining colour features with first-order statistical 
features can enhance object classification performance in images [6]. For instance, in 
digital image processing studies [7], [8], the application of these techniques has proven 
effective in improving accuracy when distinguishing visually similar objects, such as drones 
and helicopters. Therefore, this study aims to compare the classification accuracy between 
drone and helicopter images using the Naïve Bayes method, based on features extracted 
from RGB mean values and first-order statistics. The results of this study are expected to 
contribute significantly to the development of computer vision-based flying object 
classification systems, using an efficient approach that is suitable for implementation in 
real-time and resource-constrained environments. 

2. Related Works 

The literature on the classification of aerial imagery, specifically for distinguishing 

between drones and helicopters, is diverse, yet it is relatively sparse when it comes to 

applying Naïve Bayes classifiers with specific feature extraction methods such as RGB 

averages and order-1 statistics. Below, we highlight key works that have directly or 

indirectly contributed to the development of methodologies related to this research. 

One important study explored the role of Unmanned Aerial Vehicles (UAVs) and 

helicopters in security and surveillance applications. The research emphasized the 

importance of efficient classification systems for UAVs, which are increasingly used in 

applications ranging from border security to wildlife monitoring. It specifically discussed 

challenges in differentiating between various aerial platforms, making it clear that there is 

a need for robust classification methods that can handle the visual similarities between 

UAVs and other flying objects, including helicopters. This study provides foundational 

insights into the necessity of accurate and reliable classification systems for UAVs, a core 

issue that this research aims to address by applying Naïve Bayes and feature extraction 

techniques [9]. 



 

A method for pattern recognition in aerial imagery using advanced image processing 

techniques was also introduced. This study focused on leveraging machine learning 

models, including Naïve Bayes, for distinguishing between various objects captured by 

aerial platforms, such as drones and helicopters. The research demonstrated that despite 

the similarities in appearance, particularly when viewed from certain angles, machine 

learning algorithms could achieve significant classification accuracy. This paper is closely 

related to our work because it highlights the critical importance of model selection and 

feature extraction in aerial image classification, serving as a strong basis for the current 

research's use of Naïve Bayes and RGB-based features [10]. 

Another key paper presented a comprehensive evaluation of Naïve Bayes as a classifier 

for image datasets, with a particular focus on drone and helicopter images. It discussed the 

effectiveness of Naïve Bayes in terms of computational efficiency and simplicity, making it 

an attractive choice for real-time systems, even when the assumption of feature 

independence is not strictly met. The authors emphasized that Naïve Bayes could 

outperform more complex models when coupled with proper feature selection and pre-

processing. This research serves as a justification for choosing Naïve Bayes as the 

classifier in our study, particularly for its efficiency in handling datasets with relatively small 

or medium sample sizes, typical of aerial imagery data [11]. 

Further, significant background on RGB feature extraction and its role in object 

classification is provided in a seminal text on digital image processing. The work discusses 

the fundamental concepts of image processing, including color models like RGB, and how 

these models can be used to extract meaningful features for image classification. This 

reference supports the use of RGB-based features in our classification pipeline, where the 

average RGB values serve as important inputs to the Naïve Bayes classifier [12]. Another 

relevant study presented a detailed comparison of various texture extraction methods for 

remote sensing images. It was valuable for understanding the role of texture features, such 

as those derived from order-1 statistics, in enhancing the performance of image 

classification tasks. By examining skewness, kurtosis, and variance in pixel intensity 

distributions, the research demonstrated how texture features could provide critical 

information about object boundaries and surface properties, which is particularly useful for 

distinguishing between objects like drones and helicopters in aerial imagery. This paper 

directly informs the texture feature extraction component of our research, as it provides a 

solid basis for utilizing order-1 statistics to complement color-based features [13].  Lastly, 

a study conducted on the fusion of color and texture features for image classification in 

UAV-based applications highlighted the improvements in classification accuracy when 

combining RGB features with texture statistics such as mean and variance. The results 

showed that this combined approach significantly outperformed methods relying solely on 

either color or texture features. This paper is directly aligned with our approach, which 

similarly aims to combine both RGB and order-1 statistical features to improve classification 

performance for drone and helicopter images [14]. 

These key studies provide valuable insights into the methodologies and techniques used 

in aerial image classification. They form the basis for our work, which builds upon these 

existing approaches by applying Naïve Bayes to a combined set of RGB and texture 

features to improve the accuracy of classifying drone and helicopter imagery. 

 

 

 

 

 

 



 

3. Proposed Method 

The Methods section of this research proposal outlines the study design, methodology, 

and work plan that will guide the investigation. It provides a detailed description of the 

processes and steps necessary to conduct the research, from data collection and 

preprocessing to model training and evaluation. 

3.1. Study Design 

This study adopts a quantitative experimental design aimed at comparing the 

classification performance of drone and helicopter images using the Naïve Bayes 

algorithm. The primary focus of this research is to evaluate classification accuracy using 

two feature sets: the mean values of the Red-Green-Blue (RGB) color channels and first-

order statistical features derived from pixel intensity distributions [9], [11]. The study utilizes 

an aerial image dataset containing labeled images of drones and helicopters obtained from 

publicly available sources [15], [16], [17]. These images will be annotated according to the 

relevant object classes (drone or helicopter) to facilitate supervised machine learning tasks 

[13], [14]. Fig. 1 illustrates the overall study design employed in this research. 

 

 
Fig. 1. Study Design Classification 

3.2. Naïve Bayes 

Naive Bayes has proven effective in many practical applications, including text 
classification, medical diagnosis, and systems performance management. In this paper, 
we utilize Naive Bayes to calculate the probability of data falling into a certain class based 
on the values of Drone and Helicopter image features. This study adopts the Naive Bayes 
algorithm as a probabilistic classification model built upon Bayes’ Theorem, which 
calculates the probability of a class given a set of input features. The fundamental formula 
is: 

 

𝑃(𝐶𝑘 ∣ x) =
𝑃(𝐶𝑘) ⋅ 𝑃(x ∣ 𝐶𝑘)

𝑃(x)
 (1) 

 
This expression calculates the posterior probability 𝑃(𝐶𝑘 ∣ x), or the probability that 



 

an input vector x = (𝑥1, 𝑥2, . . . , 𝑥𝑛) belongs to class 𝐶𝑘, using three components: the prior 
probability of the class 𝑃(𝐶𝑘), the likelihood of the features given the class 𝑃(x ∣ 𝐶𝑘), and 

the marginal probability of the features 𝑃(x).  The algorithm assumes that each feature 

𝑥𝑖 is conditionally independent of the others given the class, which simplifies the likelihood 

term into a product of individual feature probabilities: 
 

𝑃(𝐱 ∣ 𝐶𝑘) = ∏𝑃(𝑥𝑖 ∣ 𝐶𝑘)

𝑛

𝑖=1

 (2) 

 
This naive independence assumption makes computation tractable even with high-

dimensional data. The classification is done by choosing the class with the highest posterior 
probability, resulting in the decision rule: 

 

𝐶̂ = arg⁡max⁡
𝐶𝑘

𝑃(𝐶𝑘)∏𝑃(𝑥𝑖 ∣ 𝐶𝑘)

𝑛

𝑖=1

 (3) 

 
In practice, to prevent computational underflow from multiplying many small 

probabilities, the model uses the logarithmic form of the equation: 
 

𝐶̂ = arg⁡max⁡
𝐶𝑘

[log ⁡ 𝑃 ( 𝐶𝑘  ) + ∑
𝑛
𝑖=1

 log ⁡ 𝑃 ( 𝑥𝑖  ∣ 𝐶𝑘  )] (4) 

 
This transformation retains the ranking of probabilities while where the likelihood 𝑃(𝑥𝑖 ∣

𝐶𝑘) is modeled using a normal distribution parameterized by class-specific means and 

variances. 

3.3. Methodology 

a. Data Collection 

The dataset for this study will be sourced from public aerial image repositories and 

specialized datasets containing drone images [13], [14], [15]. Previous studies 

have shown that the use of diverse datasets can enhance the quality and accuracy 

of image classification models [16], [17], [18], [19], [20], [21], particularly in remote 

sensing and aerial image analysis applications [22]. Moreover, ensuring variation 

in image capture conditions enables the model to be more robust against different 

environmental changes [22]. Fig. 2 and Fig. 3 present sample images from the 

drone and helicopter datasets used in this study. 

 
Fig. 2. Sample Drone Images from the Dataset 

 



 

 

 
Fig. 3. Sample Helicopter Images from the Dataset 

 
b. Feature Extraction 

Feature extraction will be carried out in two main stages, as illustrated in Fig. 4: 

1) RGB Features: The mean values for each of the Red, Green, and Blue 

(RGB) color channels will be calculated for each image. These features 

are expected to provide basic color information that can assist in 

distinguishing between drones and helicopters. The use of RGB-based 

features for image classification in aerial object recognition is effective in 

various prior studies [24]. 

2) First-Order Statistical Features: First-order statistical features, such as 

mean, variance, skewness, and kurtosis of pixel intensity distributions, will 

be computed for each image. These features are designed to capture 

texture and intensity patterns within the image, providing additional 

discriminatory power for distinguishing visually similar objects. Such 

statistical features are widely used in image-processing tasks to improve 

classification accuracy, particularly under varying lighting conditions [25]. 

 

Fig. 3. Feature extraction image 



 

Feature extraction was performed using Google Colab tools to compute color 
features based on the mean values of Red, Green, and Blue (RGB) channels, as 
well as texture features using first-order statistical methods, including mean, 
variance, skewness, and kurtosis derived from the pixel intensity distributions. The 
results of the feature extraction are presented in Fig. 4 and Fig.5. 
 

 
Fig. 4. Feature Extraction Results Using RGB Mean Values 

 
Fig. 5. Feature Extraction Results Using First-Order Statistical Features Values 

 
 



 

c. Data Preprocessing 

Before modelling, the dataset will undergo a series of preprocessing steps to 

ensure optimal data quality. First, image scaling will be performed by resizing all 

images to a uniform resolution, ensuring consistency across the dataset. This step 

is crucial for reducing noise that could impact model performance, thereby enabling 

more stable and reliable results [26]. Second, pixel intensity values will be 

normalized to a range between 0 and 1 to enhance model stability and accelerate 

convergence during training.  

 

This normalization process has been proven effective in improving the 

performance of image-based models, particularly in speeding up convergence on 

large datasets [27]. Lastly, data augmentation will be applied using techniques 

such as rotation, flipping, and scaling to increase dataset diversity and reduce the 

likelihood of model overfitting. These augmentation techniques are highly 

beneficial for improving model generalization, especially when working with limited 

datasets, by introducing greater variation in the training data [28], [29]. Fig. 5 shows 

the interface when setting the attribute index parameters for feature selection. 

 

 
Fig. 5. The interface when setting the attribute index parameters for feature selection 

d. Model Training 

Image classification will be performed using the Naïve Bayes algorithm, as 

illustrated in Fig. 6. The model will be trained using two separate feature sets—

RGB mean values and first-order statistical features—as well as their combination. 

The dataset will be split with 80% allocated for the training set and 20% for the 

testing set, ensuring a balanced representation of drone and helicopter images in 

both subsets. Naïve Bayes has proven to be an effective algorithm for image 



 

classification, particularly with smaller and simpler datasets, despite its assumption 

of feature independence, which is often not fully satisfied in practice [30]. 

 

 
Fig. 6. Naïve Bayes Classification Process 

 

e. Model Evaluation 

The performance of the Naïve Bayes classifier will be evaluated using standard 
classification metrics, including accuracy, precision, recall, and F1-score. Accuracy 
measures the proportion of correct predictions out of all predictions made, 
providing an overall assessment of how well the model classifies the data. 
Precision evaluates the proportion of true positive predictions among all positive 
predictions, which is important for assessing the correctness of positive class 
predictions. Recall, on the other hand, measures the proportion of true positive 
predictions among all actual positive instances, reflecting the model's ability to 
detect all relevant positive cases. The F1-score, which is the harmonic mean of 
precision and recall, offers a balanced view of model performance, particularly 
useful in cases of class imbalance between positive and negative categories. In 
addition, cross-validation will be applied to assess the model's stability and 
robustness against different data samples and to reduce the risk of overfitting. 
Cross-validation is a widely used technique in machine learning to ensure that a 
model not only performs well on training data but also generalizes reliably to 
unseen data [27], [30], [31], [32], [33]. 
 

4. Results and Analysis 

The classification results using the Naïve Bayes method with two different feature 
extraction approaches which RGB features and first-order statistical features—are 
summarized in Table 1. These results show a significant difference in terms of model 
accuracy and overall performance. For the model using RGB features, extracted from the 
mean values of the red, green, and blue color channels, the achieved accuracy is 91.67%, 
indicating that RGB features are highly effective in distinguishing between drone and 
helicopter images. The precision for the drone class is 88.9%, while for the helicopter class 
it is 100%, meaning that all helicopter predictions were correct with no false positives. 
Furthermore, the model achieved 100% recall for drones, although only 75% of helicopters 
were correctly identified, suggesting that while the model is very effective at detecting 



 

drones, it has slight limitations in identifying helicopters. The ROC Area value of 1.0 further 
demonstrates the model's perfect ability to distinguish between the two classes with no 
overlap or confusion. 

In contrast, the model using first-order statistical features, which include mean, standard 
deviation, skewness, and kurtosis of pixel intensity distributions, achieved a lower accuracy 
of 75%. While this is still reasonably good, it is not as strong as the RGB-based model in 
differentiating between drones and helicopters. The precision for the drone class is 85.7%, 
but only 60% for helicopters, indicating more misclassifications for helicopters compared to 
drones. Both classes recorded a recall of 75%, meaning the model was able to detect most 
of the images in each class, though this is lower than the 100% recall achieved by the RGB 
model for drones. The ROC Area value of 0.938 suggests that the model still performs well 
in distinguishing between the classes, although its discriminative ability is slightly inferior to 
the RGB feature model. 
 

Table 1. Model Testing and Evaluation Results 

Feature Type Accuracy 
Precision 
(Drone) 

Precision 
(Helicopter) 

Recall 
(Drone) 

Recall 
(Helicopter) 

ROC 
Area 

Mean RGB 91.67% 88.9% 100% 100% 75% 1.000 
First-Order 
Statistics 

75.00% 85.7% 60% 75% 75% 0.938 

 
In this study, a comparison was made between RGB feature extraction and first-order 

statistics in classifying drone and helicopter images, revealing significant differences in 
model performance. The RGB feature-based model achieved a high accuracy of 91.67%, 
with precision values of 88.9% for drones and 100% for helicopters, and recall values of 
100% for drones and 75% for helicopters. In contrast, the first-order statistics model had 
an accuracy of 75%, precision values of 85.7% for drones and 60% for helicopters, and 
recall values of 75% for both classes. The Area Under the Curve (AUC) ROC for the RGB 
model was 1.0, indicating perfect class separation, while the first-order statistics model 
showed an AUC ROC of 0.938, indicating excellent but not perfect class separation. 

Previous research supports these findings. A study [34] reported that the use of RGB 
images from UAVs for classifying roof materials achieved over 95% accuracy, 
demonstrating the effectiveness of RGB features in UAV-based image classification. 
Furthermore, another research [35] found that although first-order statistics such as 
skewness and kurtosis are effective in medical image analysis, their performance is not as 
high as texture-based methods in general image classification tasks.  

In this study, the proposed method using RGB mean features achieved a classification 
accuracy of 91.67% with an AUC of 1.0, while the method using first-order statistical 
features only reached 75% accuracy with an AUC of 0.938. This significant gap of over 16 
percentage points clearly shows that RGB-based features are more discriminative in 
distinguishing visual patterns between drones and helicopters. The high AUC value also 
indicates that the RGB feature-based model can reliably differentiate between the two 
classes across different threshold values. These findings reaffirm that RGB features offer 
a stronger basis for classification in aerial imagery due to their ability to capture dominant 
colour characteristics that vary between drones and helicopters. In contrast, first-order 
statistical features, while informative about the distribution and texture of pixel intensities 
lack the spatial and chromatic sensitivity required for optimal classification in this context. 
However, first-order statistics should not be disregarded entirely. They provide 
complementary insights into pixel intensity variation, which can be valuable in edge cases 
or low-light conditions where colour cues may be diminished. Therefore, a combination of 
RGB features and first-order statistics could serve as an enhanced feature set, potentially 
improving classification robustness in varied real-world scenarios. This comparative 



 

analysis demonstrates the effectiveness of the proposed method and supports the use of 
simple, interpretable features in image classification, especially when computational 
efficiency and real-time performance are prioritized. 

6. Conclusion 

This study investigated the effectiveness of the Naïve Bayes classification algorithm for 
distinguishing between drone and helicopter images by comparing two types of features: 
RGB mean values and first-order statistical features (mean, standard deviation, skewness, 
kurtosis). Using a dataset of 60 aerial images, the RGB-based feature model achieved the 
highest performance, with an accuracy of 91.67%, precision scores of 88.9% for drones 
and 100% for helicopters, and an AUC (Area Under Curve) of 1.0. In contrast, the model 
based on first-order statistics reached only 75% accuracy, with lower precision, recall, and 
an AUC of 0.938. These results highlight that RGB colour information provides stronger 
discriminative power in identifying visual differences between drones and helicopters, 
making it more effective for UAV-based image classification tasks. Although first-order 
statistical features offered useful insights into pixel intensity distributions, their sensitivity to 
shape and colour variations was limited. Nevertheless, these features still hold potential as 
complementary inputs in more advanced classification systems. The main contribution of 
this research lies in demonstrating that a lightweight, interpretable algorithm like Naïve 
Bayes, when paired with appropriate low-level features, can produce competitive results in 
image classification without the need for complex deep learning models. This approach is 
particularly valuable in scenarios with limited computational resources or in real-time UAV 
applications. Future improvements could involve combining RGB features with more 
complex statistical or texture-based descriptors to enhance accuracy and robustness. 
Expanding the dataset to include a wider range of images under diverse lighting, angles, 
and environmental conditions would also improve generalizability. Furthermore, optimizing 
the classification pipeline for real-time integration into UAV systems can support practical 
use in surveillance and monitoring. Extending the model to handle multi-class aerial object 
classification and incorporating additional sensor data, such as thermal or LiDAR imagery, 
could further improve performance, especially in visually challenging environments. 
Through these developments, the study contributes to the advancement of efficient and 
reliable aerial object recognition systems. 
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