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Abstract
The Internet has become a vital part of our daily lives, serving as a hub for global connectivity and a facilitator for seam-
less communication and information exchange. However, the rise of malicious domains presents a serious challenge, 
undermining the reliability of the Internet and posing risks to user safety. These malicious activities exploit the Domain 
Name System (DNS) to deceive users, leading to harmful activities such as spreading drive-by-download malware, oper-
ating botnets, creating phishing sites, and sending spam. In response to this growing threat, the application of Machine 
Learning (ML) techniques has proven to be highly effective. These methods excel in quickly and accurately detecting, 
classifying, and analyzing such threats. This paper explores the latest developments in using transfer learning for the 
classification of malicious domains, with a focus on image visualization as a key methodological approach. Our proposed 
solution has achieved a remarkable testing accuracy rate of 98.67%, demonstrating its effectiveness in detecting and 
classifying malicious domains.

Keywords  Traffic classification · Domain name system (DNS) · Image visualization · Transfer learning · Malicious domains

1  Introduction

The proliferation of internet usage has led to a significant increase in cyber-attacks. These attacks are particularly con-
cerning due to their exploitation of legitimate services and protocols for malicious purposes. In the face of these chal-
lenges, establishing a robust defense strategy becomes critical. Cyber attackers often leverage reliable services to spread 
malware, establish covert networks, and create fraudulent websites for scams and phishing.

Hence, accurately identifying and locating the sources of these malevolent activities is an imperative task for security 
experts and organizations toward protecting internet users and preventing the misuse of legitimate internet services 
and protocols.

A range of advanced techniques is utilized to accomplish this objective. This includes conducting in-depth analyses 
of Uniform Resource Locators (URLs) associated with malicious content, the diligent identification of suspicious domain 
names used for unlawful purposes, and the meticulous tracing of Internet Protocol (IP) addresses linked to these mali-
cious activities. The emphasis of this paper is on the identification of malicious domain names. Traditionally, the primary 
method for this task involved filtering domains against known blacklists [1]. However, this method encountered signifi-
cant limitations, particularly in identifying newly generated domains that had not yet been added to these blacklists [2]. 
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To address these limitations, utilizing Machine Learning (ML) techniques has marked a significant advancement. These 
techniques have proven to be invaluable assets in improving the effectiveness of domain vetting systems, offering a 
more dynamic and comprehensive approach to identifying potential cyber threats.

Continuing from the integration of ML techniques in domain vetting systems, these systems, equipped with ML algo-
rithms, are capable of analyzing extensive data sets. This analysis allows for the identification of distinct patterns and 
features that differentiate malicious domains from their legitimate counterparts. ML models, when trained on historical 
datasets that contain both known malicious and benign domains, acquire the ability to discern and recognize the typical 
characteristics and behaviors associated with malicious domains. This training equips these systems to more effectively 
identify potential threats, enhancing the overall efficacy of cybersecurity measures.

In parallel with the advancements in ML, image-based network traffic approaches present a complementary and 
innovative technique in cybersecurity [3]. This approach involves transforming network traffic data into visual represen-
tations, enabling the application of computer vision techniques for enhanced analysis. The conversion of network data 
into images paves the way for ML algorithms to classify and analyze network behavior effectively. To be more specific, 
by merging computer vision and ML, image-based network traffic analysis offers a novel perspective in understanding 
network dynamics, identifying anomalies, and improving network security and performance. Image-based visualization 
allows us to transform complex DNS traffic data into visual representations, revealing intricate patterns and characteristics 
that are otherwise challenging to discern through traditional data analysis methods.

The use of image-based techniques in representing malware significantly enhances visual tools, facilitating the rapid 
identification of suspicious or unfamiliar malware variants. This is coupled with the ability to recognize abnormal behav-
ioral patterns in a timely manner. These techniques are effective at detecting minor alterations in malware yet maintain 
the overall structure of samples from the same family [4, 5].

For instance, as illustrated in Fig. 1a, malware classes that are closely related tend to display more pronounced visual 
similarities among themselves compared to those from unrelated classes, which is clearly distinguishable in Fig. 1b.

There is a significant gap in the current research regarding the integration of image-based visualization with advanced 
ML-based techniques specifically for the classification of malicious domains, as discussed in detail in the related work 
section. Our study addresses this critical gap by presenting a novel approach that leverages transfer learning, a technique 
where knowledge gained from solving one problem is applied to a different but related problem, and image visualiza-
tion, thereby enhancing the accuracy and effectiveness of threat detection. The contributions of this paper are outlined 
as follows:

•	 We introduce an advanced approach for accurately detecting and categorizing malicious domains into specific types, 
including malware, spam, phishing, and benign domains, by leveraging transfer learning techniques.

•	 Central to our methodology is the utilization of image visualization, where labeled CSV data is transformed into RGB 
images to visually represent domain name information, enhancing the analytical capability of the model.

•	 We employ the pre-trained ResNet-50 [6] model as the foundation for our transfer learning approach, achieving a 
testing accuracy rate of 98.67%, which outperforms traditional methods and other machine learning models.

The rest of the paper is organized as follows. Section 2 provides a thorough review of existing literature. Section 3 offers 
the necessary background on Domain Name System (DNS), network traffic image conversion techniques, and transfer 
learning. Also, it details the proposed methodology we used to visualize domain names and automatically classify them 

Fig. 1   Images of malware. (a) 
The comparison of a related 
malware family. (b) The 
comparison of an unrelated 
malware family
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using images as input. Section 4 discusses our experimental setup and the evaluation of the proposed approach. Finally, 
Sect. 5 concludes the paper and discusses limitations.

2 � Related work

In the field of cybersecurity, significant advancements have been made in the visualization and classification of network 
threats and malware, as evidenced by pioneering studies such as those by Kim et al. [7] and Ren et al. [8], and others. Kim 
et al. [7] developed a method to visualize DNS traffic, specifically to detect patterns unique to botnet attacks. They cre-
ated a visualization technique called BotXrayer, which displays DNS traffic using parallel coordinates. This method uses 
four key parameters to show the structure and attack strategies of botnets accurately. With BotXrayer, they successfully 
analyzed and understood DNS traffic linked to botnet actions. Ren et al. [8] introduced a new visualization method to 
address DNS security issues, including Distributed Denial of Service (DDoS) and cache poisoning attacks. They presented 
Flying Term, a unique visualization tool that captures the evolving nature of DNS queries. This tool integrates various 
visual metaphors like Stacking Graphs, Two Tone Pseudo Color, and Chernoff Face Glyph into a single framework. This 
combination improves the ability to monitor and understand DNS queries.

In a study presented by Nataraj et al. [5], they implemented an innovative technique for malware classification by 
converting binary data of malware into 2D grayscale images. This approach revealed that variants within the same mal-
ware family displayed consistent textural patterns in the visual representation. The authors proceeded to extract GIST 
features from these images, utilizing them as distinctive markers for different malware types. Subsequently, they applied 
the KNearest Neighbors (KNN) algorithm, leveraging the Euclidean distance metric, to categorize the malware based 
on the identified features. Their methodology, applied to a comprehensive dataset comprising 9,458 malware samples 
across 25 distinct families, demonstrated a notable classification accuracy of 97.18.

Another study by Dai et al. [9] introduced a novel method for malware analysis involving the extraction of data from 
memory dumps and their transformation into grayscale images. The study utilized three distinct classification algorithms, 
KNN, Random Forest (RF), and Multi-Layer Perceptron (MLP), for the categorization of malware. The classification process 
was executed in three stages. Initially, malware memory dumps were extracted in a controlled sandbox environment, 
allowing for an assessment of their behavior. These dump files were then converted into grayscale images. Subsequently, 
the team extracted feature vectors through bi-cubic interpolation to define key image attributes. The efficacy of their 
methodology was tested and validated using actual malware samples.

In another research conducted by Gibert et al. [4], the researchers expanded upon the approach of Nataraj et al. [5] 
by integrating a Convolutional Neural Network (CNN) for classifying assembly language in portable executable (PE) 
files. They adopted the technique of transforming malware’s binary data into grayscale images, aiding in the recogni-
tion of patterns and the classification of malware into distinct families. Employing the CNN architecture, they extracted 
a variety of features from these images, focusing on both local and invariant characteristics. These features provided 
valuable insights into the malware’s structure and behavior, enabling the identification of specific patterns associated 
with different malware families. The effectiveness of this method in detecting malware patterns was confirmed through 
extensive experimentation and analysis.

In an innovative study, Ni et al. [10] proposed a technique for classifying malware families that merges image-based 
malware visualization with CNN technology. Their approach involved extracting similar hash values from akin mal-
ware codes using locality-sensitive hashing, resulting in comparable hash values yielding similar grayscale images. They 
enhanced the performance of their algorithm by incorporating techniques like multi-hash, major block selection, and 
bilinear interpolation. The final step involved employing CNNs to determine the specific family to which each malware 
sample belonged.

Also, in a related development, Zhang et al. [11] transformed network flow data into grayscale images for the clas-
sification of encrypted network traffic. Their methodology combined Long Short-Term Memory (LSTM) with CNN to 
extract and analyze statistical features. Specifically, they utilized the LSTM model to derive representation vectors from 
the images, while CNN was employed to extract key features and facilitate network classification.

Prasad and Chandra [25] introduced the PhiUSIIL framework, which leverages a diverse security profile and employs 
similarity index and incremental learning techniques to detect phishing URLs. This framework’s ability to continuously 
update and improve its detection model highlights the potential of advanced ML techniques in cybersecurity. The 
PhiUSIIL model achieved high accuracy and robustness by employing a combination of pre-training and incremental 
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learning, which significantly improved its performance over time. The comparison of methodologies and focus areas 
with key findings from related studies is summarized in Table 1.

In light of the extensive research reviewed, it becomes clear that while significant advancements have been achieved 
in malware visualization and classification, a comprehensive integration of image-based visualization with advanced ML 
techniques for the specific purpose of classifying malicious domains remains unexplored. Previous research primarily 
focused on malware classification through various visualization techniques, such as transforming binary data into gray-
scale images and employing neural networks for pattern recognition. However, these studies largely concentrated on 
the identification and categorization of malware and encrypted network traffic without extending their methodologies 
to the broader context of malicious domain classification.

Our paper addresses this gap by introducing a refined, image-based transfer learning approach for the specific clas-
sification of malicious domains. This method builds upon the foundational concepts of visual analysis used in malware 
identification, enriched with the advanced use of transfer learning techniques. By adapting these established techniques 
to domain classification, our aim is to offer a more precise and comprehensive tool for the identification of various types 
of malicious domains, such as benign, phishing, malware, and spam. This strategy not only utilizes the strengths of 
existing research but also expands their applicability, potentially enhancing the effectiveness and scope of cybersecu-
rity analysis. Our approach uniquely combines image-based visualization and transfer learning specifically tailored for 
malicious domain.

classification. Unlike previous studies that focused primarily on malware and phishing URLs, we extend these visualiza-
tion techniques to DNS data, converting structured domain information into RGB images. This conversion allows us to 
leverage the powerful feature extraction capabilities of pre-trained models like ResNet-50. By fine-tuning these models 
for the specific task of domain classification, we achieve a high testing accuracy rate of 98.67%, significantly improving 
detection and classification performance over traditional methods. This integration and application can address the iden-
tified research gap and push the boundaries of how ML and image-processing techniques can be applied in cybersecurity.

3 � Methodology

This section elucidates the fundamental principles and technological foundations critical to our methodology for clas-
sifying malicious domains. Subsequently, we will provide a detailed explanation of the proposed model.

3.1 � Domain name system (DNS)

The DNS is an essential protocol on the internet that translates domain names into IP addresses. This decentralized, 
distributed system allows the association of user-friendly domain names, like www.​examp​le.​com, with their numerical 
IP counterparts, like 192.0.2.1, facilitating communication between computers and servers. The DNS is vital for access-
ing websites, sending emails, and other internet services, eliminating the need to remember numerical IP addresses.

However, DNS has been subject to misuse and abuse in numerous widespread attacks, resulting in substantial conse-
quences for millions of internet users [12]. These attacks target weaknesses in the DNS infrastructure, jeopardizing the 
security, availability, and reliability of the domain name resolution process. When a domain is registered and utilized 
with malicious intent, such as carrying out phishing attacks, spreading malware, hosting illicit content, or participat-
ing in cybercrime, it is categorized as malicious [13]. They are specifically designed to deceive users, take advantage of 
vulnerabilities, and undermine their privacy and security.

3.2 � DNS traffic to image generation

By leveraging data preprocessing to transform raw data into a format that is more suitable for analysis, a particularly 
effective technique in network analysis is the conversion of network traffic data into image format, a method that has 
proven to be promising and effective across various network analysis tasks [3]. In this section, we will explore the pro-
cess of converting network traffic stored in the form of CommaSeparated Values (CSV) into image representations. Our 
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primary objective is to examine how structured data from CSV files can be transformed into visual formats, effectively 
illustrating the diverse patterns and characteristics inherent in network traffic.

The DNS traffic dataset, which is used to train our proposed model, has 32 fields for each DNS transaction, including 
key attributes such as TLD (top-level domain) and the length of the domain and subdomain. This data is converted into 
a grayscale image through the following process. Initially, relevant fields are extracted from the DNS traffic dataset, 
which is stored in a CSV file format. During the grayscale representation phase, each field is assigned a specific grayscale 
intensity value based on its characteristics. For instance, higher intensity values (e.g., 255) are assigned to certain query 
types like”A” or”AAAA,” while lower intensities (e.g., 0) are allocated to other types. Numeric fields, such as the length of 
the domain and subdomain, are directly translated into grayscale intensity values corresponding to their actual value. 
Subsequently, a blank grayscale image is created with dimensions that represent the DNS traffic data, where each pixel 
in the image corresponds to a specific field or a combination of fields from the DNS traffic data. Due to the varying sizes 
of DNS traffic data, a resizing step is incorporated to standardize the image dimensions, thereby simplifying the conver-
sion process and enhancing the model’s performance.

The next stage involves mapping the data to intensity values. This is achieved by iterating through each DNS transac-
tion in the dataset and identifying the relevant pixels in the image based on the field values, adjusting the pixel intensity 
according to the predefined grayscale scheme.

Finally, once the mapping is complete, the resulting grayscale image is saved to a file. Each image is appropriately 
labeled to ensure it is accurately associated with its corresponding DNS traffic data, thus completing the conversion 
process. These steps are outlined in Algorithm 1.

map_f1_intensity() and map_f2_intensity() in Algorithm 1 are functions that define the mapping of Feature 1 and 
Feature 2 to grayscale intensity values, respectively. We transform the grayscale images into RGB format by replicating 
the grayscale channel across the red, green, and blue channels. This transformation provides additional information by 
representing the grayscale values into three distinct color channels [14]. Although we did not employ traditional data 
augmentation techniques, we transformed the grayscale images into RGB format by replicating the grayscale channel 
across the red, green, and blue channels. While grayscale images only contain intensity values, RGB images distinguish 
this intensity across red, green, and blue channels. This allows for the representation of color variations and can reveal 
subtle details or patterns that may not be apparent in grayscale.

3.3 � Transfer learning

Transfer learning has recently emerged as a significant trend, greatly benefiting the research community. This sophisti-
cated deep learning technique involves initially training a model on a comprehensive dataset and subsequently apply-
ing the knowledge thus acquired to a smaller or distinct dataset [15]. This approach is particularly advantageous when 
dealing with smaller datasets, as it enables the model to utilize the extensive insights gathered from the larger dataset.

In the context of image-processing deep learning networks, a critical aspect is the stratified acquisition of fundamental 
features. The network’s initial layers excel in identifying essential elements such as edges, textures, and basic shapes. 
These components are universal, representing fundamental visual patterns that are consistent across a variety of image 
datasets. The core of transfer learning lies in its ability to harness these universal features from an already trained model. 
Rather than starting from scratch with a new dataset, the model is fine-tuned using its pre-existing knowledge base, 
tailored to the new dataset. This method ensures the preservation of the model’s core understanding while customizing 
it to the specific requirements of the new dataset. This approach has been consistently effective in image classification, 
establishing it as a preferred method for achieving superior results in image data-related tasks.
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Algorithm 1   DNS Traffic data to image conversion

3.3.1 � ResNet

ResNet, short for Residual Network, has transformed how deep CNNs are used in image recognition and classification 
[16]. Its innovative design is tailored to address the increasing complexity of tasks in this field, enhancing the precision of 
such systems. ResNet’s main innovation is its use of residual learning, a technique that effectively overcomes challenges 
like the vanishing gradient problem and the degradation issue. This is achieved through residual blocks, which help the 
network focus on learning the differences between the layer’s input and the expected output, thereby improving the 
training of deep neural networks.

In our study, we will be employing the ResNet-50 model, which consists of 50 layers. This model exemplifies the prin-
ciples of residual learning, employing residual blocks to train deep neural networks efficiently. ResNet-50 is known for its 
high performance and accuracy in complex image recognition tasks. Furthermore, we plan to utilize transfer learning with 
the pre-trained ResNet-50 model for our specific classification task. This approach allows us to benefit from the model’s 
pre-established knowledge base, fine-tuning it to suit our specific requirements. This method is not only efficient but 
also ensures enhanced accuracy in our task, leveraging the advanced architecture of ResNet-50.

3.3.2 � VGG‑19

The VGG-19 architecture, a well-regarded CNN model, features a deep structure composed of 19 layers, predominantly 
convolutional and fully connected [17]. To train our model, we used images with a size of 224 × 224 pixels. This model, 
foundational to our study, was trained using images of 224 × 224 pixel resolution. The VGG-19’s layers facilitate the 
extraction and learning of complex features from these images, contributing significantly to its analytical capabilities. 
To augment the VGG-19’s proficiency in classification tasks, we implemented specific modifications. Notably, a global 
average pooling layer was introduced, which effectively compresses the spatial dimensions of outputs from preceding 
layers. This compression allows for a more focused analysis of crucial features pertinent to classification.

Moreover, our enhancements include the integration of two dense layers into the base architecture. Dense layers, 
characterized by their fully connected structure, receive inputs from all neurons in the preceding layer, thus enabling 
the model to discern intricate patterns and associations within the data. The incorporation of these dense layers was 
strategically aimed at improving the model’s capacity to classify DNS samples into four distinct groups categorically.

3.3.3 � Inception‑V3

The Inception-V3 model, part of the renowned Inception series, stands as a notable CNN architecture that is designed 
for image classification tasks [18]. It distinguishes itself through a deep structural design and an efficient deployment of 
computational resources. This architecture contains various layers, including convolutional, pooling, and fully connected 
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layers. Inception-V3 represents an evolution of the original Inception model by introducing enhancements that elevate 
both its performance and efficiency. In our research, we utilized the standard Inception-V3 model, meticulously config-
ured to classify images into four distinct DNS categories.

An integral part of our methodology was the employment of images sized at 299 × 299 pixels for training the model. 
This resolution was specifically chosen to enable the Inception-V3 to process and utilize the spatial information inherent 
in the images effectively. Consequently, this approach facilitates the model’s ability to discern and leverage complex, 
distinctive features crucial for accurate classification results.

3.4 � Proposed model

The proposed approach comprises the following fundamental steps:

•	 Data preparation: Our initial focus is on the preparation of the dataset. We utilize a specifically labeled DNS CSV dataset, 
where each data entry represents a distinct DNS sample. Each of these samples undergoes a transformation process, 
converting it from its original tabular form into a grayscale image.

•	 Image processing: Post-conversion, the grayscale images are further processed. Each image is converted into a three-
channel RGB (Red, Green, Blue) format, aligning with the input requirements of standard CNN models. Following this, 
the images are resized to a uniform resolution of 224 × 224 pixels. This resizing is necessary to ensure consistency in 
the input data and to make it compatible with the neural network architectures we employ.

•	 Selection of transfer learning architectures: Our methodology involves exploring three distinct architectures in the 
realm of transfer learning: ResNet 50, VGG19, and Inception-V3. Each of these architectures offers unique features 
and benefits, making them suitable for our analysis. ResNet50 is known for its deep network capabilities, VGG-19 for 
its simplicity and depth, and Inception-V3 for its efficiency and lower computational demands.

•	 Model training and adaptation:

•	 Parameter freezing: In each chosen architecture, we begin by freezing the parameters of the convolutional lay-
ers. This step involves retaining the pre-trained weights in these layers, ensuring that the rich feature detection 
capabilities learned from large-scale datasets like ImageNet are preserved.

•	 Network customization: For the CNN model built on the ResNet-50 architecture, we implement a specific customi-
zation. The network’s architecture is modified at its final stage, where the original 1000 fully connected softmax 
layers are replaced with four fully connected softmax layers. This alteration tailors the model to our specific clas-
sification task of identifying distinct categories of DNS data.

•	 Parameter transfer: Additionally, we transfer the parameters from the convolutional layers of the original ResNet-50 
model to the corresponding layers in our customized CNN model. This transfer is a critical component of our 
approach, leveraging the pre-trained capabilities of the ResNet-50 model to enhance our model’s performance 
without the need for extensive training from scratch.

Following the selection of ResNet 50, VGG-19, and Inception-V3 for our transfer learning framework, we adapted these 
architectures to meet the specific requirements of our research problem. In particular, we employed the ResNet-50 model, 
originally trained on the extensive ImageNet dataset that includes 1000 different classes[19]. Utilizing transfer learning 
techniques [20], we adapted the ResNet-50 architecture as our primary input. This adaptation involved the addition of 
global average pooling and two successive dense layers at the output stage for efficient image classification. Furthermore, 
we modified the architecture by replacing the original 1000 fully-connected softmax layer with a customized version 
consisting of four fully-connected softmax layers, a modification clearly illustrated in Fig. 2.

To mitigate the risk of overfitting, a dropout strategy was implemented, applying a rate of 0.5 prior to the flattening 
of the pooled feature map. For the purpose of fine-tuning our model, we employed the Adam optimizer [21], setting a 
conservative learning rate of 0.0001. This same methodology was consistently applied to both the VGG-19 and Inception-
V3 models. In these instances, the output layer was configured to classify data into four distinct categories of malicious 
domains. The complete set of parameters used in our experiments is detailed in Table 2.

We selected ResNet-50, VGG-19, and Inception-V3 as the primary architectures for transfer learning based on their 
proven effectiveness and unique strengths in image classification tasks. ResNet-50 is known for its deep residual learn-
ing framework. It addresses the vanishing gradient problem and allows for the training of very deep networks. Its use 
of residual blocks helps the model to learn more effectively and achieve high accuracy in complex image classification 
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tasks. The VGG-19 model is chosen for its simplicity and depth. VGG-19 uses a straightforward architecture with small 
convolution filters, making it easy to implement and modify. The Inception-V3 is selected for its efficient use of compu-
tational resources and its capability to capture diverse features through its inception modules. It balances depth and 
computational efficiency, making it suitable for tasks requiring detailed feature extraction and high performance.

4 � Experimental setup and evaluation

4.1 � Dataset and experimental settings

In this experiment, we utilize the CIC-Bell-S2021 dataset [22, 23] sourced from the Canadian Institute for Cybersecurity. 
This dataset includes DNS traffic data labeled into four categories: benign, phishing, malware, and spam. Each entry in 
the dataset comprises 32 features, such as TLD, length of the domain and subdomain, and various DNS query types. We 
performed several preprocessing steps on the dataset before converting it to images. First, we removed outliers and 
unnecessary features, including the ’page_rank’ feature, which had no significant impact on our task. To address the class 
imbalance, where spam files were underrepresented compared to malicious and phishing files, we employed random 
sampling. We set the sampling size to 4337 (the number of spam files) and randomly selected 4337 instances from the 
malicious and phishing categories, ensuring each class had an equal number of instances.

Fig. 2   Transfer learning using Resnet50

Table 2   Model’s 
hyperparameters and 
characteristics

Parameter Resnet50 VGG19 Inception-V3

image size 224 × 224 224 × 224 299 × 299
Batch size 32 32 32
Dropout rate 0.5 0.5 0.5
Epochs 25 25 25
Learning rate 0.0001 0.0001 0.0001
 Trainable parameters 525,572 132,356 262,788
 Non-trainable parameters 23,587,712 20,024,384 21,802,784

Loss function Categorical Categorical Categorical
Cross entropy Cross entropy Cross entropy

Optimizer Adam Adam Adam
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After converting the raw DNS traffic data to grayscale images, we found that the images varied in size. To standardize 
them, we resized all images to a consistent size of 224 × 224 pixels, simplifying the conversion process and enhancing 
model performance. The collection of this DNS dataset involves two primary stages. In the first stage, a comprehensive 
set of domain names is gathered from diverse sources, including both benign and malicious domains. These domains 
are categorized into types such as benign, phishing, malware, and spam.

The subsequent stage of dataset collection employed Wireshark, a network protocol analyzer. This phase focused on 
capturing network packets associated with the previously collected domains through HTTP request transmissions. Once 
the DNS packets are captured, a preprocessing step is implemented to retain only the packets that contain the IP address 
information. Further enrichment of the dataset is achieved by extracting 32 distinct DNS features from the preprocessed 
packets. These features offer a multifaceted view of the DNS data, providing valuable insights for the ensuing analysis 
and classification tasks [22]. The dataset is formatted as a CSV file. We conducted data cleaning to remove any empty 
rows and columns, as they contribute no meaningful information.

Our domain image dataset is divided into four classes, which are labeled as Malware, phishing, spam, and benign 
domains. In total, we generated 4,337 image samples, resulting in 13,011 malicious image samples and 2,337 benign 
image samples. The experiments were conducted using Google Colab Cloud Pro, utilizing Python Language 3.5, along 
with libraries such as Tensorflow, Scikit-learn, and Keras. The labels were deduced from the dataset using the image 
dataset from the directory function provided by TensorFlow Keras. As part of the dataset preparation, the dataset was 
segmented into three subsets: training (80%), validation (20%), and a separate test set comprising 2,608 samples.

4.2 � Comparison with other models

In this section, our performance is benchmarked against other foundational models, including the Multi-Layer Perceptron 
(MLP), K-Nearest Neighbors (KNN), and Support Vector Machine (SVM).

For this comparative analysis, we utilized the basic features of the DNS dataset in its original form without image 
conversion. This approach allowed us to assess the relative effectiveness of our model in contrast to various established 
methodologies.

To guarantee consistency and reproducibility in our multiclass classification task, we adopted a rigorous data pre-
processing protocol. Our dataset is categorized into four classes: Benign, Malware, Phishing, and Spam. We eliminated 
any incomplete or missing DNS traffic records to preserve data integrity and mitigate potential biases or inaccuracies in 
our analysis. We applied feature scaling to normalize numerical attributes, ensuring that all features contribute equally 
to the model training and preventing any single attribute from disproportionately influencing the results due to scale 
differences.

Additionally, categorical variables were transformed using one-hot encoding, converting these attributes into binary 
vectors for more effective processing by machine learning algorithms. For the evaluation of our models, we divided the 
dataset into training, validation, and testing subsets. The training set was utilized to train the models, the validation set 
assisted in hyperparameter tuning and model selection, and the testing set was used for the final model evaluation. To 
maintain consistent outcomes across multiple executions, we employed a fixed random seed (set to 42) for both the 
train-test split and machine learning classifiers, ensuring the repeatability of our results. Each algorithm was individually 
trained on the training set with its respective optimized parameter settings, tailored to leverage its unique strengths 
and functionalities. The performance of each model was then evaluated based on accuracy, measured on the test set. 
This accuracy metric provides a comprehensive overview of the model’s ability to classify the different categories within 
the dataset accurately.

For each model in our experiment, we employed different hyperparameters. In the MLP architecture, we used the Adam 
optimizer. Adam’s adaptive learning rates and momentum characteristics facilitate rapid convergence and expedite the 
training process [24]. We also employed a hidden layer configuration with sizes of (30, 20, 10). These hidden layers are an 
essential component of the neural network and are responsible for learning complex patterns and representations from 
the input data. In terms of fine-tuning the training process, we set the learning rate to 0.001. This parameter governs 
the step size at which the model updates its internal parameters during training. As shown in Table 3, although the MLP 
model exhibited relatively lower performance in our experiment, it still provided valuable insights, achieving a classifier 
accuracy of 62.7%, a precision of 72.6%, and an F1 score of 57.2%.

In our implementation of KNN, we configured the model to consider the three nearest neighbors when generating 
predictions (n neighbors = 3). This precise configuration allowed us to fine-tune the model’s reliance on its closest neigh-
bors, enabling more informed and accurate prediction-making. We also incorporated the Ball Tree algorithm into our 
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KNN framework. The Ball Tree is a specialized technique designed to facilitate the efficient identification of nearby data 
points. By implementing this algorithm, we were able to expedite the process of searching for the nearest neighbors, 
which in turn improved the speed and accuracy of our predictions. It effectively reduced the computational complexity 
associated with the search process, making our model more efficient in finding the most relevant data points. The KNN 
model, under this optimization scheme, demonstrated better results, with a classifier accuracy of 97.9%, a precision of 
98.2%, and an F1 score of 97.8%.

Finally, in our application of the SVM, we chose the radial basis function (RBF) as the kernel function. Given that we 
are tackling a multi-class classification problem, we embraced the One-vs-One (OvO) Decision Function approach. With 
OvO, an individual SVM is trained for each possible pair of classes. The decision process employs a voting mechanism, 
where each SVM”casts a vote” for one of the classes. The class that accumulates the highest number of votes is ultimately 
assigned as the prediction. Through this approach, our SVM model achieved remarkable performance, with a classifier 
accuracy of 97.99%, a precision of 97.8%, and an F1-score of 98.3%.

As shown in Table 2, the most favorable outcome achieved for the dataset, without converting into images, was 
obtained with the SVM model, reaching a classifier accuracy of 97.99%. Nevertheless, the outcomes from our Resnet-50 
surpassed the performance of the traditional base models. Our model achieved higher accuracy rates of 98.67% and 
better predictive capabilities compared to the base models. These improvements highlight the significance of optimiz-
ing image-based ML models to achieve superior results in detecting malicious activities.

4.3 � Evaluation

In this experiment, the Resnet-50 model exhibited superior accuracy and minimal loss compared to the other transfer 
learning models and our base models. One of the key factors contributing to this improved accuracy is that the Resnet-50 
model was able to utilize the parameters during training, thereby avoiding any loss of essential features.

The training accuracy of our Resnet-50 model was measured at 95.76%, while the validation accuracy reached 97.17%.
On the other hand, the other transfer learning models achieved a training accuracy of 89.05% for VGG-19 and 76.14% 

for Inception-V3. We assessed the performance of the model generated through the training pipeline by evaluating it 
on a separate test set that does not overlap with the data used for training or validation. During the testing phase, out 
of the 2608 data points used, only 22 were misclassified, resulting in an overall testing accuracy of 98.67%.

Furthermore, the training and validation accuracies and losses of our custom model were found to be closely aligned, 
indicating that the model did not suffer from overfitting. This observation suggests that the model generalizes well to 
unseen data and is not overly specialized to the training set. Figure 3 illustrates the disparity between the achieved 
training accuracy and validation accuracy.

During the training and validation phases, we divided our dataset into subsets using a variety of random seeds. 
Notably, this process yielded consistently similar results across the different dataset partitions. To enhance the repro-
ducibility of our results, a specific random seed was selected for the final model configuration. As illustrated in Fig. 4, 
the optimization curve demonstrates a close alignment between training and validation loss, suggesting an absence of 
overfitting in the model.

In this experiment, we employ four key evaluation metrics to assess the performance of the model: accuracy, F1-score, 
precision, and recall. Accuracy serves as a general indicator of the model’s prediction correctness. Precision measures 
the model’s capability to accurately identify positive instances, while recall assesses the model’s success in identifying all 
positive instances correctly. The F1-score represents a balanced measure that combines precision and recall, highlighting 
an effective trade-off between these two metrics.

Table 3   Comparison of 
different models on the 
classification result

Model Image data Accuracy Precision Recall f1-score

Resnet-50 Yes 98.67 98.70 98.67 98.66
VGG19 Yes 93.33 93.45 93.33 93.33
Inception-V3 Yes 66.87 66.11 66.87 66.34
MLP No 62.7 72.6 57.2 63.98
K-NN No 97.9 98.2 97.8 97.99
SVM No 97.99 97.8 98.3 98.04
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Fig. 3   Validation accuracy vs. 
training accuracy

Fig. 4   Validation loss vs. train-
ing loss

Fig. 5   Confusion matrix for 
classification of four domains 
categories
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Figure 5 presents the normalized confusion matrix derived from the classification of domain samples into four distinct 
categories.

5 � Conclusion and future works

Traditionally, the identification of malicious domains relied heavily on comparing against existing blacklists, a method 
that often fell short, especially in recognizing newly emerged domains not yet listed. This study marks a significant 
advancement in this area, being one of the first to focus specifically on the classification of malicious domains using a 
novel blend of transfer learning and image-based visualization techniques.

In our approach, DNS files are converted into RGB images, offering a unique visual perspective of the DNS data. This 
conversion paves the way for applying sophisticated image analysis methods. By utilizing the ResNet-50 model in our 
transfer learning framework, we achieved a remarkable classification accuracy of 98.67%. Furthermore, the employment 
of VGG-19 and Inception-V3 models yielded training accuracies of 89.05% and 76.14%, respectively, underscoring the 
efficacy of our methodology in accurately identifying various types of malicious domains. Despite these promising results, 
it is important to note that our model’s performance is dependent on the quality and diversity of the dataset used, and 
the computational intensity of the image conversion process poses scalability challenges.

Future research could explore ways to improve classification accuracy further, especially with the VGG-19 and Incep-
tion-V3 models. Investigating more advanced or newer neural network architectures and experimenting with different 
combinations of layers or tuning parameters could yield better results. Additionally, expanding the dataset to include 
more diverse and recent samples of malicious domains will enhance the model’s robustness and generalizability. 
Researchers could also focus on improving computational efficiency through techniques such as dimensionality reduc-
tion or lightweight architectures and integrating real-time detection capabilities to handle high-velocity data inputs. 
Developing continuous learning mechanisms that allow the model to update itself with new data periodically will be 
crucial for adapting to emerging threats and ensuring the model remains effective over time.
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