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 This study presents a robust hybrid big data architecture that integrates both 

relational (SQL) and non-relational (NoSQL) database systems to effectively 

manage and classify diverse electric vehicle (EV) data. The suggested 

method makes use of each database type's advantages enables efficient 

storage, retrieval, and processing of heterogeneous datasets. The data was 

preprocessed and evaluated using data mining techniques. followed by the 

implementation of multiple machine learning techniques, such as AdaBoost, 

Random Forest, K-Nearest Neighbours, Decision Tree, Support Vector 

Machine, and Logistic Regression —for accurate EV type classification. 

Among these, Random Forest demonstrated superior execution with a 

precision of 99.99%. The trained model was deployed through a real-time, 

user-friendly web interface to facilitate practical application and 

accessibility. This approach highlights the advantages of hybrid data 

architectures and machine learning integration, providing a scalable and 

adaptable framework applicable to other domains requiring heterogeneous 

data management and intelligent classification. 
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1. INTRODUCTION  

      The rapid expansion of the global economy and the depletion of natural resources have led to issues with 

sustainable development in a number of nations due to the energy crisis and environmental degradation [1,2]. As 

Figure 1 illustrates, one of the primary reasons for the high energy consumption and carbon emissions is the 

transport sector's resilience (data source: https://www.carbonmonitor.org.cn, retrieved on 6 July 2022) [3]. 

Consequently, nations have implemented diverse approaches to address the issues of pollution and the energy crisis. 

Because EVs save energy and reduce emissions and pollution, they are widely supported in the transportation sector 

[4-6]. Global sustainable development can be promoted and carbon emissions might be considerably decreased by 

converting from conventional to electric vehicles (EVs) fuel vehicles [7]. Concerns about environmental quality are 

addressed by the use of electric vehicles (EV), which also lessens reliance on internal combustion conventional 

vehicles (ICEV) [8]. Numerous studies view EVs as green products [[9–11]], which are products with minimal 

environmental impact [12], and as a possible way to reduce tailpipe air pollution [13] caused by ICEVs burning 

fossil fuels. When powered by renewable energy, EVs have the potential to significantly lower transportation-related 

GHG emissions [14]. EVs are more advantageous than ICEVs in regions with low-carbon power plants [15,16]. 

Although the EV industry has seen a significant increase in production over the past ten years, government policy 

support is likely to be needed in order to move towards a large-scale energy transition and achieve public goods 

from EVs. States, manufacturers, and consumers still require policies to promote the use of EVs 
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Figure1. Sector-specific carbon emissions in 2022 

 

Between 2012 and 2020, EV sales in the US increased significantly [18,19]. Over 195,580 EVs were sold annually 

in 2017, a fourfold increase over 2012 sales figures [20]. Between 2010 and 2021, almost 2 million EVs were sold in 

the US [18]. Even though EV sales still make up a very small percentage of the automotive market—1.2% of all 

vehicles sold in 2017 [21]—2020 will see a notable increase that is consistent with the global EV market, as the U.S. 

EV market has grown to 1.8% of all vehicles [22]. In the United States, EV sales rose by 55% in 2022, accounting 

for 8% of total sales [23]. A number of nations have set goals to phase out ICEV as they transition to electric 

vehicles, including France, China, Norway, Ireland, and others [24, 25].  However, the growing population of 

electric vehicles (EVs) leads to the accumulation of vast and diverse datasets related to vehicle characteristics, 

registration records, manufacturer details, and usage patterns. These datasets often consist of structured data such as 

vehicle specifications and registration info, alongside semi-structured or unstructured data like textual descriptions 

and metadata. Efficiently managing and analyzing this heterogeneous, high-volume data is essential for accurately 

classifying EV types, understanding market trends, and supporting decision-making for policymakers, 

manufacturers, and energy providers. This growing influx of data is further driven by rapid industrialization, the 

increasing affordability of smart devices, considering the extensive use of innovative the Internet of Things, for 

example, cloud and edge computing, and ubiquitous mobile connectivity. The interconnection of billions of devices 

across various domains has given rise to an immense digital ecosystem frequently known as "big data" [26] [27]. 

Big data is characterized by its massive volume (ranging from terabytes to petabytes), various data types of data, 

including semi-structured, structured, and unstructured and high velocity — which together make real-time 

processing and analysis both critical and challenging. Due to the diverse and large-scale nature of electric vehicle 

population data, conventional relational database systems (RDBMS) often face challenges in efficiently storing, 

managing, and analyzing such datasets. Their limitations in scalability and flexibility have led to the increasing 

adoption of hybrid data management solutions that combine relational and non-relational databases. These big data 

technologies offer revolutionary potential in a variety of domains, such as market research, energy management, and 

transportation analytics [28]. Intelligent machine learning frameworks and sophisticated storage architectures are 

necessary to effectively classify and evaluate EV types by managing the amount and complexity of heterogeneous 

vehicle data at scale. Because of their strong querying capabilities, transactional integrity, and data consistency, 

relational database management systems (RDBMS), like SQL-based platforms, have long served as the basis for 

storing structured data about the population of electric vehicles. However, the shortcomings of conventional 

relational databases have emerged with the emergence of big data is defined by its large volume velocity, and 

variety. Semi-structured or unstructured data, such as textual descriptions, metadata, and sensor-generated data, are 

commonly found in EV population datasets but were not designed with these systems' effective management in 

mind. Additionally, they don't have the adaptability and horizontal scalability needed by contemporary, data-

intensive applications that categorize and assess various EV types. [29] [30]. Consequently, researchers and 

businesses are increasingly choosing NoSQL (Not Only SQL) databases for big data environments. Distributed 

architectures, horizontal scalability, and schema flexibility are features offered by NoSQL systems such as 

Couchbase, Cassandra, and MongoDB. They are perfect for organizing and preserving the different kinds of data, 

such as sensor-generated data, textual descriptions, structured records, and metadata, that can be found in datasets 

pertaining to the population of electric vehicles. The complexity and diversity of EV data needed for precise 

classification and insightful analysis can be handled by NoSQL databases in addition to conventional SQL systems 
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[31]. NoSQL databases do have some drawbacks, even though they address many scalability issues and flexibility 

challenges associated with big data. A large number of NoSQL systems don't have or have reduced versions of 

RDBMS capabilities, such as full data consistency, efficient queries, and integrated transactions. A well-balanced 

hybrid data management solution is required to position electric vehicle population data to support appropriate 

classification and accurate analysis. The hybrid database model can now overcome the disadvantages of both SQL 

and NoSQL. The hybrid model combines NoSQL's speed and scalability with the advantages of relational databases, 

such as data integrity and ACID transactions. In a challenging and complex situation like population metrics of 

electric vehicle data, using a hybrid database model can assist with better real-time decisions, more accurate trend 

predictions, advanced analytics, and more precise classifications along with machine learning possibilities.  Several 

contributions are made by this study to This hybrid model does more than just make the system more responsive and 

good access to data but also makes a complex system with big datasets easier to utilize resources smartly and in a 

scalable way, whether for businesses' policy decisions or understanding adoption trends. In order to access and 

analyze data about the population of electric vehicles, we created a hybrid big data architecture that incorporates the 

advantages of different database technologies, such as non-relational (NoSQL) and relational (SQL). The system 

utilizes SQL based databases such as MySQL or PostgreSQL to store structured data. This includes ownership 

information, original manufacturing data, and vehicle registration data. In addition, the system utilizes NoSQL 

databases such as MongoDB to store unstructured or semi-structured data, including metadata, textual descriptions, 

and external sources such as location wisdom or policy annotations. Machine learning models have been 

incorporated into the system for analytical purposes and allow for classification. Specifically, a model is being 

trained to classify the type of electric vehicle based on many factors (ex: model year, make, vehicle class, fuel type, 

etc.). The hybrid data architecture allows for easy access and preparation of data for training and evaluating 

classification models like (RF), (DT), or (LR). The purpose of classification models is to inform understanding of 

EV population patterns and to have predictive insight on the distributions of EV types that are possible. The 

meteoric rise in EV adoption has resulted in tidal waves of interesting population data collected on vehicles, 

including types, fuel types, years of manufacturer, manufacturers, and geographic distributions. Organizing, storing, 

and analyzing this population data is crucial needed for identifying patterns of use, monitoring market growth 

trends, and, importantly, for providing insights to inform business/policy decisions. In investigating novel ways to 

deal with these issues, researchers have explored a variety of data management strategies, including hybrid 

techniques that capitalize on the strengths between conventional relational databases (SQL) and non-relational 

databases (NoSQL). At the same time, machine learning techniques have attracted interest because of their ability to 

support automated classification of large EV datasets, predictive data modeling, and data-driven insights. 

 Data Storage Models (SQL, NoSQL, Hybrid) 

        As the use of electric vehicles (EVs) increases, so does the volume and complexity of related data, such as 

vehicle type, model year, manufacturer, registration location, and ownership trends. Among the numerous data 

models that have been created over the years, the relational model—which is backed by well-known 

implementations such as Microsoft SQL Server, MySQL, and Oracle Databases —has predominated since the 

1980s. These systems are collectively referred to as relational database management systems, or RDBMS. These 

systems are renowned for their robust querying capabilities, structured schema support, and strong consistency. But 

in recent years, relational databases' drawbacks have become more noticeable, particularly when working with 

dynamic, massive, or semi-structured data. Some of the primary challenges include limited horizontal scalability 

across dispersed environments, rigid schema structures, and inefficient modeling for highly interconnected datasets. 

Two worldwide trends have alerted the software and data engineering communities to these limitations. First, the 

centralization of data in vast distributed cloud systems run by companies like Amazon and Google amplifies the 

exponential growth in data volume, which is driven through sensors, systems, and users. Second, the increasing 

complexity and dependence of data —which has been accelerated by the growth of the Internet, Web 2.0 

technologies, social networks, and the widespread availability of open APIs—causes traditional RDBMSs to 

occasionally fall short of the new requirements for flexible, scalable, and efficient data architectures. NoSQL 

databases, also referred to as non-relational databases are becoming more and more popular among enterprises that 

gather substantial volumes of semi-structured or unstructured data [32]. NoSQL systems have better horizontal 

scalability compared to commodity hardware and focus on processing huge datasets analytically [33]. Traditional 

SQL-based systems have reached their architectural boundaries as petabyte-scale data is processed by applications 

like social networking platforms, business intelligence, and big data analytics [34, 35, 36]. This limitation has driven 

the development of distributed and horizontally scalable NoSQL data stores as Google’s Bigtable [37], Apache 
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HBase, and Facebook’s Cassandra [38]. Additionally, cassandra and Voldemort are examples of distributed key-

value stores further demonstrate the efficiency and cost-effectiveness of NoSQL-based solutions [39]. One of the 

primary limitations of RDBMS is their difficulty in scaling efficiently with cloud apps, Web 2.0, grid computing, 

and data warehousing [40]. In contrast, NoSQL databases were designed to address these scalability concerns, 

offering schema flexibility, eventual consistency, and distributed storage and computation capabilities. As Pokorný 

(2011) points out, NoSQL platforms particularly excel in cloud computing contexts due to their horizontal 

scalability and high concurrency models [41]. Unlike RDBMS, however, most NoSQL systems do not guarantee full 

ACID compliance [42], trading strong consistency and transactions for availability and partition tolerance. The rise 

of Web 2.0 applications further motivated the shift toward NoSQL databases [43]. In such environments, data is 

often highly heterogeneous, comprising text, comments, images, videos, and source code, all of which challenge the 

rigid schema structure of relational databases. NoSQL databases offer agility and adaptability, allowing schema 

evolution without service interruption—a crucial feature for modern applications where adding or removing 

attributes must be quick and seamless [43]. These systems also support high-throughput indexing and massive 

concurrency, making them suitable for modern EV ecosystems and digital infrastructures that must process real-

time, high-volume data streams [44]. Understanding the key components of both paradigms may be useful when 

choosing a storage engine for a particular solution, but as that solution develops over time, the needs may change 

and the current paradigm may not be able to meet them all. It would be advantageous to create a hybrid strategy in 

order to gain from the features of both paradigms because solutions that are restricted to only relational or non-

relational paradigms are unable to utilize the advantages of the other one [45]. A hybrid database model, such as that 

found in the SQL and NoSQL paradigms, is an abstraction layer that sits on top of databases and integrates two or 

more different database models. Flexibility [46], improved performance, logical distribution, and web-friendly 

design [47] are some advantages of utilizing multiple database models in a system.  In fact, some methods combine 

the NoSQL and SQL paradigms to create a hybrid database [48]. Nevertheless, there aren't many studies suggesting 

hybrid databases that integrate PostgreSQL and MongoDB. These databases are unique in their respective paradigms 

due to their characteristics. PostgreSQL was among the first databases to address geographical challenges. Because 

of its many spatial functions and high optimization for spatial queries, PostGIS, an extension of PostgreSQL, is 

highly relevant. In contrast, of the more than 225 NoSQL databases that are now on the market, MongoDB is the 

only NoSQL document-based database that allows point containment and line intersection searches. Additionally, 

Geoserver, an open source server for sharing geospatial data, is enabled to support both Database Management 

Systems (DBMS) since it incorporates a MongoDB data connection and publication component in version 2.11.4. 

 Machine Learning for Electric Vehicle Data 

       Electric vehicles (EVs) are gaining momentum as a key pillar of sustainable transportation, driven by the global 

need to enhance urban air quality, decrease the use of fossil fuels and greenhouse gas emissions.As EV adoption 

increases, researchers and industry professionals are pursuing technological advancements aimed at enhancing 

performance and user experience. In particular, machine learning (ML) inclusion has emerged as a disruptive 

approach to optimize where EV systems manage energy use, battery health, vehicle performance, and efficiencies. 

Numerous dangers are captured by the vast and diverse statistics produced by EVs, including driving habits, battery 

load, location services, environment, and checking system diagnostics, are generally well captured and analyzed for 

machine learning models. ML for predictive modelling can lead to better forecasting of energy use, optimized 

charging, battery degradation prediction, and trip range reliability. For example, [49] illustrated the trend forecasting 

reliability of ensemble machine learning models for electric vehicle energy demand and use. Moreover, as pointed 

out by [50], some more sophisticated approaches, such as federated learning, can provide structured and private 

collaboration across distributed EV networks, advancing just-in-time decision making and resource allocation. The 

research highlighted in this review primarily examined ways that machine learning is transforming EV systems, 

including aspects of battery management systems, charging action analysis, communication efficiency and vehicle 

classification. Future possibilities for embedding ML-enabled solutions into complex, hybrid big data systems are 

discussed, along with challenges (for example, data privacy, effective model scaling and heterogeneous 

infrastructure). The application of machine learning to electric vehicle (EV) systems has been the subject of a 

substantial amount of recent study in particular and battery management and energy efficiency. In  [51], for 

example, suggested how machine learning might help forecast battery degradation and allow real-time tracking of 

effective battery management based on various models for machine learning, for instance, SVM, RF and Neural 

Networks.  The researchers in [52] and [53] also examined how Recurrent neural networks and Long Short-Term 
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Memory models could offer a more precise estimation of State of Charge (SoC) and State of Health batteries with 

improved accuracy over traditional electrochemical-based models. In  [54] and [55], they examined Autoencoders 

and Isolation Forests in the context of predictive maintenance to identify anomalous performance in a battery and 

possible early tracking of failure. In [56], they conducted further studies focusing on the efficacy of ML in 

enhancing SoC and SoH estimation while providing less complexity. Furthermore, in [57] and [58] also studied the 

prediction of energy consumption with deep learning models such as LSTMs and demonstrated how this prediction 

can be enhanced when external data was included (weather and traffic) Reinforcement learning can be an applied to 

develop dynamic pricing parameters for reducing charging behaviour on peak load pressure, as evidenced by [59]. 

Moreover, [60] examined possible approach of decentralisation to improve privacy and scalability of charging 

infrastructure with federated learning. Collectively, these studies illustrate that machine learning is having an 

expanding influence in turn on the EV ecosystem and building more user-friendly, efficient, and intelligent vehicle 

practices. 

2. METHODOLOGY 

       Developing a hybrid big data architecture that integrates SQL and NoSQL database types for storing and 

analyzing electric vehicle population datasets is the goal of this study. The architecture includes machine learning 

models to classify electric vehicles into their respective categories based on associated features: model year, make, 

vehicle class, and fuel type.  The process has four major phases: data acquisition, machine learning model building, 

hybrid data management and storage, and performance assessment. This study focuses on achieving scalable 

efficient processing of the mixed data formats while also increasing the classification accuracy of electric vehicles 

and allowing for data-driven understanding of EV adoption trends. 

2.1. Data Source 

         The source for data used in this project, was obtained from Data.gov, which is the official open 

government data platform for the United States. More specifically, the Department of Licensing in Washington State 

gave us the dataset called "Electric Vehicle Population Data", which gives us all the complete and updated 

information of electric vehicles (EVs) that are registered in the state of Washington. There are several formats 

available for the dataset: 

 CSV format – used as the structured data source to simulate SQL-based storage and queries. 

 JSON format – used to represent semi-structured NoSQL data for flexibility in storage and fast retrieval of 

dynamic information 

2.2. Data Processing 

        Given that raw structured and semi-structured data was hybrid formatted for storage and analysis, the aim of 

the data processing stage was to clean and normalize it. Relevant features were first manually selected based on 

importance to the study's objectives. This stage aimed to increase the quality of the ensuing analysis by reducing the 

dataset's dimension and eliminating elements that were thought to be unnecessary or redundant. 

The selected dataset underwent a series of preprocessing procedures. Duplicate records and records with missing 

values were flagged and removed to ensure trustworthiness and consistency. Categorical variables were changed to 

numerical representations to allow the data to be more compatible with analytical and machine learning processes. 

To discover the data's underlying structure, exploratory data analysis was used. Exploratory data analysis helped 

identify patterns, distributions, and relationships among important features. The exploratory stage aided the 

decision-making processes through statistical visualizations namely boxplots, distribution plots, and correlation 

heatmaps to gather insights. By the end of the preprocessing stage, the dataset was organized, cleaned, and ready for 

inclusion in hybrid data management systems, and the inception of intelligent modeling processes. The detailed 

processing of records improved data quality, eliminated noise from the records, and increased the potency of 

subsequent integration with machine learning algorithms. 
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Figure2. Data Processing Using Hybrid Methods 

  

An Exploratory Data Analysis (EDA) was conducted as part of the data processing step in order to have a deeper 

comprehension of the dataset's properties and structure. In this step, statistical illustrations were created, such as 

distribution plots for numerical features, boxplots to show the existence of outliers, and count plots for the 

categorical variables. A correlation heatmap was used to display the relationships between the features. Important 

background information for the feature selection and model design stages was supplied by the illustrations. Figures 3 

through 4 present the findings of this investigation. 

 

 

 
Figure 3. Distribution and Visualization of Features 
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Figure 4. Feature Correlation Heatmap 

  

      After completing the procedures for feature selection, encoding, and data cleansing, the finished dataset was 

prepared for the integration of machine learning methods. After preprocessing, a total of 135,765 records were 

present. The data was split to training (70%) and testing (30%) sections in order to train and assess the model. This 

division maintains a distinct subset for objective assessment while guaranteeing that the amount of data used to train 

the model is sufficient. To ensure uniformity and reproducibility throughout the experiments, a fixed random seed 

was employed. 

 

 

 2.3 Machine learning algorithms 

 

      This study made use of a number of machine learning algorithms to classify different kinds of electric vehicles 

using semi-structured and structured data. The algorithms that were chosen for classification tasks—Decision Tree, 

K-Nearest Neighbours, Support Vector Machine, Random Forest, Logistic Regression, and AdaBoost—represent a 

variety of learning paradigms and have complementary advantages. 

 Decision Tree 

      Coming upon a tree with leaves and branches, where the leaves represent characteristics for the finished 

product—is how the DT algorithm operates. The dataset is separated into subsets during the training phase so that 

the tree can be created. Because DT able to manage both category and numerical data. It can be applied to problems 

involving regression and classification. It is frequently used for a variety of applications because missing values in a 

dataset are known to be particularly useful. For identifying the output, the most precise and pure nodes are the 

decision nodes, are created during training by recursively branching nodes and this the decision tree's function. The 

input determines which branches will be used to identify the outcome or final forecast. A Decision Tree splits the 

input space based on feature thresholds. For example, suppose we have a tree that makes decisions based on two 

features: x1 and x2. The logic of the tree might be written as: 

 

 

𝑓(𝑥) = {

1     if 𝑥1 ≤ 2.5 and 𝑥2 > 3.0
0     if 𝑥1 ≤ 2.5 and 𝑥2 ≤ 3.0
1     if 𝑥1 > 2.5 and 𝑥2 ≤ 4.5
0     otherwise 

                                                                                                     (1) 
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 K-Nearest Neighbors 

     Since KNN assumes that similar objects are close to one another, the output is dependent on how closely the 

input resembles the data used to train the model. Its ability to manage both numerical and categorical data makes It 

works well for both classification and regression. The modal class of the K points that are closest to the input is the 

output in classification. The regression's output is the mean of the values of the K points that are closest to the input 

Euclidean distance, the most popular KNN metric, determines the linear separation between two points in n-

dimensional space. 

𝑑(x, x𝑖) = √∑  𝑛
𝑗=1 (𝑥𝑗 − 𝑥𝑖𝑗)

2
                                                                                                                    (2) 

 Support Vector Machine 

      As it learns from the training data, the Support Vector Machine (SVM) efficiently separates data points from 

several classes by creating a decision boundary, which can be a hyperplane in greater dimensions or a line in two 

dimensions. The algorithm aims to identify the optimal boundary by maximizing margin, this represents the 

Euclidean distance between each class's closest data points, or support vectors, and the separating hyperplane. SVM 

is an ideal margin classifier since it concentrates on optimizing this margin to improve ability of the classifier to 

apply to unidentified data. Once the boundary is established, the classification of new instances depends on which 

side of the hyperplane they fall. SVM uses the kernel trick, a mathematical technique that converts input data to 

allow for a higher-dimensional feature's linear separation space when there is no linear separability of the data. The 

resulting hyperplane is then mapped back to the original input space to serve as the decision boundary. The SVM 

decision function in the linear case is represented as: 

 

f(x) = wTx + b                                                                                                                                            (3) 

 

 Random Forest 

      DT serves as the foundation for the ML algorithm known as RF. Consequently, for DT, it can be applied to both 

regression and classification. Instead of finding a single DT, RF discovers several. As a result, RF generates several 

classification or regression with a tree structure. The final output for classification is the mode of the results from 

each individual tree, whereas the final output for regression is based on the mean of the output of all the singular 

trees. As a result, RF selects or averages the best class that the distinct trees predict. 

Mathematically, the predicted class y ̂ for an input x  is given by: 

 

𝑦̂ = arg⁡𝑚𝑎𝑥
𝑐∈𝒞

 ∑  𝑇
𝑡=1 𝕀(ℎ𝑡(𝐱) = 𝑐)                                                                                                                (4) 

 Logistic Regression 

       For applications involving binary classification, one popular machine learning approach is logistic regression. 

Since the main objective is to estimate a binary outcome's probability based on a specified collection of input 

characteristics. The logistic function, which is another name for the sigmoid function, is used by the model to 

translate the attributes of the input into a probability value that ranges from 0 to 1. Through reducing the disparity 

between the anticipated and actual class labels probabilities, maximum likelihood estimation enhances the model 

parameters. Let y be a binary output variable and x be an input feature vector with n dimensions in mathematics. 

The model of logistic regression assumes that the conditional probability of y=1 given x is: 

 

𝑝(𝑦 = 1 ∣ x) =
1

1+exp⁡(−w𝑇x−𝑏)
                                                                                                                  (5) 

 AdaBoost 

      AdaBoost is a very effective ensemble learning method for classification in the form of supervised learning as 

well as regression in the form of supervised learning. By combining weak learners, we can create a strong classifier 

which will give us a better chance of becoming increasingly accurate. AdaBoost iteratively reweighs the training 

samples and modifies the weight of those samples accordingly, which is intended to give more focus on those 
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original training samples that were misclassified, which then allows weak learners to be appropriately trained. The 

resulting model, with contributions to predictive performance in areas such as cybersecurity, computer vision, 

healthcare, and finance, is reduced to a weighted sum of the weak learners. The AdaBoost classifier will 

mathematically be expressed as: 

 

𝐻(x) = sign(∑  𝑇
𝑡=1 𝛼𝑡ℎ𝑡(x))                                                                                                                    (6) 

       The system architecture for the analysis of electric vehicle data presented in this paper follows a hybrid big data 

processing approach architecture to account for a variety of structured and semi-structured data sources by merging 

the SQL and NoSQL formats. The system architecture starts with hybrid data collection and data preprocessing, 

which is followed by feature transformation and selection, then machine learning classification algorithm 

performance is assessed separately identifying different kinds of electric vehicles. Figure 5 presents the overall 

architecture and the workflow of the proposed system. 

 

  

   
Figure 5. Hybrid System Architecture for Electric Vehicle Data Analysis 

  

As part of the system architecture, a number of independent machine learning classification algorithms were trained 

and evaluated to assess how well they predicted the various types of electric vehicles based on certain features. The 

learned algorithms include AdaBoost, Random Forest, K-Nearest Neighbours, Support Vector Machine, Decision 

Tree, and Logistic Regression. The performance of each classifier was assessed using the same preprocessed dataset 

and common performance standards with the F1-score, confusion matrix, recall, accuracy, and precision.  

       The system architecture for the analysis of electric vehicle data presented in this paper follows a hybrid big data 

processing approach to handle a variety of structured and semi-structured data sources by merging the SQL and 

NoSQL formats. The architecture begins with hybrid data collection and preprocessing stages, including missing 

value handling, normalization, encoding, and feature selection. Following the preprocessing phase, machine learning 

classification algorithms are applied to predict different types of electric vehicles based on selected features. Figure 

6 presents a simplified flow of the system components from big data sources through SQL/NoSQL 
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Figure 6. Architecture of the Proposed Electric Vehicle Classification System5 

3. RESULTS AND DISCUSSION 

       A selection of algorithms for supervised machine learning was implemented to evaluate the efficacy of the 

proposed hybrid data architecture using data preprocessed to include features from both structured and semi-

structured data sources. The models were independently trained and validated in a consistent manner, and consisted 

of several teaching techniques, AdaBoost, Random Forest, K-Nearest, Support Vector Machine, Decision Tree, and 

Logistic Regression. All algorithms were evaluated through important performance indicators, as accuracy, 

precision, recall, F1-score, and confusion matrix metrics. The proposed evaluation framework demonstrated each 

algorithm's ability to classify different types of electric vehicles in a heterogeneous data environment, as well as 

enabled a fair and comprehensive comparison of the models. The results are valuable in determining the best 

implementation for practical EV data analytics and each method's advantages and disadvantages. 

 

 Accuracy 

     Accuracy is the frequency with which the model produces accurate forecasts, or the proportion of accurate 

forecasts of each and every prediction 

. 

Accuracy = (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁)                                                                                      (7) 

 

 Precision 

       Classification accuracy by itself does not reveal which output classes are being accurately predicted when there 

are more than two. Precision is a better evaluation metric in these situations. Precision is the percentage of 

accurately anticipated positive outcomes among all projected positive outcomes. 

 

Precision = TP / (TP + FP)                                                                                                           (8) 

 

 Recall 

     Recall quantifies how well positive cases are predicted the percentage of true positives as determined by the 

model that were accurately predicted. 

Recall = TP / (TP + FN)                                                                                                                                          (9) 

 

 

 F1-Score 
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     The F1-score, a statistic that integrates recall and accuracy, is especially important for models where false 

negatives as well as false positives can have detrimental effects. The model's performance can be balanced by 

calculating the precision and recall harmonic means. 

 

F1-Score =
2× Precision × Recall 

 Precision + Recall 
                                                                                                                      (10) 

      The key performance metrics determined for each machine learning algorithm used to classify different types of 

electric vehicles are shown in Table 1. These metrics consist of F1-score, recall, accuracy, and precision. They 

highlight the trade-offs between various prediction error types and provide a comprehensive evaluation and 

comparison of each algorithm's performance in accurately predicting the vehicle classes. 

 

Table 1. Evaluation of Classification Model Performance Comparison 

 

 

 

 

 

 

 

 

 

 

 

 

      

 

 To better comprehend the prediction activities of each classification model, confusion matrices were created for 

each model after the performance comparison in Table 1. By displaying the accuracy and inaccuracy of each 

algorithm's classification of various electric vehicle kinds, these matrices offer a graphic assessment of false 

positives, false negatives, real positives, and true negatives. While the off-diagonal elements show 

misclassifications, the diagonal elements show accurate predictions. Below are the confusion matrices for every 

model: 

Plotting the curve because it enabled us to evaluate the Receiver Operating Characteristic (ROC) the algorithms' 

performance beyond simple accuracy metrics. As shown in Figure 7, to demonstrate each model's level of 

performance can distinguish between classes, the ROC curve shows the True Positive Rate (sensitivity) in 

proportion to the rate of false positives across a variety of classification thresholds.  

Among the tested models, Decision Tree, KNN, Random Forest, and AdaBoost all achieved very high accuracy 

rates (99.94%–99.99%) achieving high accuracy scores, recall, and F1-score. However, the top-performing model 

was determined to be Random Forest due to its high stability, strong generalization ability, and robustness to 

imbalanced or noisy data. Additionally, it provides feature importance insights, making it the most suitable choice 

for deployment within the practical system prototype for classifying electric vehicle types. 

  

      Figure 8 presents the Precision-Recall (PR) curves for all classifiers. The results indicate that the Decision Tree, 

KNN, Random Forest, and AdaBoost classifiers achieved near-perfect performance, each with an average precision 

of 1.00, demonstrating excellent classification capability. In contrast, the SVM and Logistic Regression models 

yielded lower average precision scores of 0.86 and 0.89, respectively, indicating a more moderate trade-off between 

precision and recall. 

 

Model Accuracy Precision Recall F1-score 

Decision Tree 99.99% 100% 100% 100% 

KNN 99.99% 100% 100% 100% 

SVM 91.22% 91% 91% 91% 

Random Forest 99.99% 100% 100% 100% 

Logistic Regression 91% 91% 91% 91% 

AdaBoost 99.94% 100% 100% 100% 
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Figure 6. Confusion matrices of (a) Decision Tree, (b) KNN, (c) SVM, (d) Random Forest, (e) Logistic Regression, 

(f) AdaBoost 
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Figure 7. ROC curves of (a) Decision Tree, (b) KNN, (c) SVM, (d) Random Forest, (e) Logistic Regression, (f) 

AdaBoost 
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Figure  8. Precision-Recall Curve (a) Decision Tree, (b) KNN, (c) SVM, (d) Random Forest, (e) Logistic 

Regression, (f) AdaBoost 
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Figure 9. Model Comparison 

  

      As shown in Figure 9, classification metrics are compared across models, highlighting the superior performance 

of Decision Tree, KNN, Random Forest, and AdaBoost, while SVM and Logistic Regression showed comparatively 

lower scores. 

  

 
Figure 10. Electric Vehicle Type Using Random Forest Classifier 

 

 

3. Conclusion 

     A comprehensive Hybrid Big Data Architecture capable of ingesting multiple datasets was achieved by 

successfully merging relational (SQL) and non-relational (NoSQL) databases to work together. Enabled by this 

merged architecture, data could now be combined, stored, and processed together to form one environment for data 

analysis and knowledge extraction. The research utilized data mining techniques to explore and characterize patterns 

and structure within the dataset. In this study, a number of machine learning models were employed for 

classification, as the Random Forest, AdaBoost (KNN) classifier, Decision Tree, (SVM), and Logistic Regression 
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model. Each machine learning model was evaluated using F1 score, recall, accuracy, and precision. All classifiers 

performed remarkably well with Decision Tree, KNN and Random Forest classifiers, obtaining accuracy of 99.99% 

and precision, recall and F1 score of 100%. AdaBoost was close behind with 100% accuracy and 99.94% precision, 

recall and F1-score. SVM and Logistic Regression gave low scores of about 91% for each evaluating metric. Of all 

the various models tested, it was discovered that Random Forest was the highest-performing model overall. Its 

quality of extrapolation, high stability, and resistance to noisy/unbalanced data were critical to its success. 

Additionally, Random Forest provides feature importance information, which helps to interpret the model, as well as 

an understanding of the underlying relationships represented in the data.  To sum up, this research affirms the 

usefulness of machine learning to facilitate registered decisions and the effectiveness of hybrid big data systems in 

processing multiple datasets. The architecture proposed provides a flexible and scalable model for a comprehensive 

range of other use cases needing real-time data integration and prediction beyond the classification of electric 

vehicles.   A promising possibility for future research is expanding the hybrid data ecosystem with different types of 

data, especially since this study successfully developed a hybrid big data architecture that utilized both SQL and 

NoSQL data management models. This ecosystem approach could potentially include unstructured and semi-

structured data, including additional text records, sensor logs (such as from charging stations), vehicle telematics, 

and even multimedia data assets such as images and videos. By integrating potentially useful hybrid data type into 

the existing system, a more holistic architecture can evolve to support new intelligent applications. Beyond 

providing greater flexibility and scalability to the system, this improvement would also position it to integrate with 

various domains including, connected infrastructure, mobility services, and smart cities. 

next (based on result and discussion). 
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