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ABSTRACT

Electric Vehicle (EV) sales are increasing globally. This has created need for accurate forecasting
models for formulating policies and implementing industry decisions. This paper presents a
comparative study of machine learning (XGBoost) and deep learning models (LSTM and
Transformer) for EV sales forecasting on a multi-country, low-frequency dataset. Unlike prior works
that use high-frequency or single-country data, this study focuses on yearly EV sales across multiple
countries. Experimental results show that XGBoost together with careful feature engineering
outperforms deep learning models, achieving an R? score of 0.99. LSTM and Transformer models
achieve an R? score of 0.95 and 0.85 respectively in this study. The findings highlight the limitations
of deep learning in small, low-resolution dataset.
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1. INTRODUCTION

The rapid growth of Electric Vehicles has not only reduced the carbon generated from fossil fuel
driven vehicles but also created the need for developing better infrastructure for EV ecosystem. Thus,
forecasting EV sales has become pertinent for timely development of EV infrastructure like electric
charging stations, mining critical minerals for developing batteries used in electric vehicles, repair
and servicing stations and others. Recent developments in technology have resulted in the increase
in EV sales in the world altogether in the recent decade [1].

Forecasting EV sales has become important for policy makers, manufacturers and investors in recent
years. This shift towards sustainable transport has led to the reduction of pollution and the emission
of greenhouse gases. International commitment towards green transportation is reflected in the Paris
Agreement to cut carbon emission in the near future [2]. Governments driven by these commitments
are focusing on providing incentives to the public to switch to EV. People’s commitment towards
cleaner greener and sustainable transport has also led to the increase in demand of EV’s world over

[3].

Forecasting of EV sales helps the policy makers in the development of monetary incentives for
adopting EV as well as the development of a robust ecosystem to support EV in a timely manner.
This forecasting also helps manufactures to fix supply chain of manufacturing EV’s. Investors can
benefit from these forecasting by making informed decisions about their investments.

Prior work in EV forecasting depended on high-frequency or single-country data, this study focuses
on yearly EV sales across multiple countries. Prior work used ARIMA and econometric models,
while recent studies explore machine learning and deep learning methods. Most existing work
focuses on high-frequency or single-region datasets. Global EV datasets are often low-frequency
(yearly) and heterogeneous across countries. This raises an important question: which modeling
approach performs best under such constraints?

This paper aims to:
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e Compare XGBoost, LSTM, and Transformer models

o Evaluate performance on a multi-country EV dataset

e Analyse the impact of data limitations on model performance
A comprehensive Related work is discussed later followed by the Methodology, Results, Discussion
and Conclusion.

2. RELATED WORK

Prior work on EV sales forecasting used linear regression and expert-based models. These suffer
from low adaptability and also could not handle nonlinear market dynamics. Current works that have
applied ML techniques have improved prediction accuracy but still they suffer from real-time
adaptability and resistance to noisy market disturbances.

To address these gaps, Teng et. al, [4] introduced adaptive optimized grey models together with
optimization algorithms (such as PSO). This enables dynamic tuning of parameter and improves
forecasting accuracy.

Cui et. al., [5] used Linear Regression, Random Forest, and Gradient Boosting on EV sales dataset.
Ensemble models such as Random Forest and Gradient Boosting outperform Linear Regression in
EV sales forecasting.

Veysi et. al, [6] proposed a hybrid framework. They used SARIMAX, Prophet, and XGBoost models
for UK EV sales prediction. They used machine learning and understandable time-series forecasting.
Mishra et. al, [7] proposed a hybrid framework LSTM-GBRT for improving EV sales forecasting. It
combines temporal learning with ensemble regression techniques. The study compared the hybrid
model with Linear Regression, SVR, ARIMA, LSTM, using RMSE and R? metrics.

Srinivasan [8] used ARIMA and LSTM models on historical EV sales data. The study demonstrates
that LSTM outperforms ARIMA in forecasting EV sales.

Existing EV sales forecasting studies mainly focus on individual statistical or deep learning models
such as ARIMA, LSTM, SARIMAX, Prophet, and hybrid LSTM-GBRT frameworks. These works
perform generalized multi-model benchmarking on different datasets. This paper addresses these
gaps by integrating comprehensive preprocessing, feature engineering, and analyzes multiple
machine learning and DL forecasting models to achieve more accurate and scalable EV sales
prediction.

3. METHODOLOGY

The dataset used in this study is available on Kaggle. The dataset records yearly EV sales in many
different countries. The main objective of this paper is to forecast worldwide EV sales. We
preprocess the dataset by filtering some important features. We then engineer some new features
based on statistical data. This new dataset is then used for forecasting EV sales using machine
learning and deep learning. The original dataset contains the following features as depicted in Table
L.

Table 1. Features in the original dataset

Column Name Description
Region The country or region where the sales was tracked
Category Classification of the data
Parameter “EV sales” contains the actual sales recorded
Mode Type of EV like Busses Cars etc.
Powertrain Technology used (BEV, PHEV etc.)
Unit Measurement unit (“Vehicles” for actual sales, “percent” for market share)
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Year Year of sale
Value Vehicles sold or market share as percentage

3.1 Data Cleaning
The dataset contains the “value” column which contains two values, sale of vehicles or the
percentage of market share. The sale of vehicles is filtered and the percentage value is discarded.
This directly demonstrates:

e irrelevant parameters removed

e BEV/PHEV aggregated

o transformed into forecasting-ready format
Converted data into (country, year, sales) format for implementing forecasting.

3.2 Feature Engineering

In order to improve forecasting of EV sales, several temporal and statistical features are engineered
from the cleaned EV sales dataset. These features capture historical trends, country-specific
behaviour, and sales variations over time. The final dataset after feature engineering contains the
following attributes:

Table 2: Final feature set used in the model

Feature Description

Country Name of the country or region associated with the EV sales record.

Year Year corresponding to the recorded EV sales value.

Sales Total EV sales for the given country and year after aggregating BEV and
PHEV sales.

country id Numerical encoding assigned to each country to enable machine learning
models to process categorical country information.

lag 1 EV sales from the previous year.

lag 2 EV sales from two years prior.

lag 3 EV sales from three years prior.

lag 4 EV sales from four years prior.

lag 5 EV sales from five years prior.

rolling mean 3 Three-year rolling average of EV sales used to capture smoothed long-term
trends.

rolling std_3 Three-year rolling standard deviation representing short-term volatility and
variability in sales patterns.

Growth Logarithmic Year wise growth rate of EV sales

The lag-based features enabled the models to learn temporal dependencies from historical EV
adoption patterns. Trend stability and market volatility across countries is captured using Rolling
mean and rolling standard deviation [9]. The growth feature gives the logarithmic growth rate which
captures the acceleration and slowdown of EV adoption across countries. The raw yearly sales data
is augmented with these engineered features which helps in forecasting. The final feature set is then
fed to machine learning and deep learning frameworks such as XGBoost, LSTM, and Transformer
architectures.

Training uses all data except the final two years. The final two years data is used for testing.
XGBoost, LSTM, and Transformer models were trained on the engineered augmented dataset for
forecasting. The XGBoost model used gradient boosting regression trees used for optimization.
LSTM and Transformer used sequential input windows for training. The LSTM and Transformer
detect temporal dependencies in the data.
Evaluation of the models was done using:

e Mean Absolute Error (MAE)
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e Root Mean Squared Error (RMSE)

e Coefficient of Determination (R?)
These metrics were selected to measure prediction accuracy, error magnitude, and the overall
explanatory capability of the forecasting models. Python was used as the coding language.

3.3 XGBoost

XGBoost (Extreme Gradient Boosting) [10] is an ensemble machine learning algorithm that utilizes
gradient boosting over decision trees to achieve high performance. XGBoost iteratively constructs
decision trees. Each decision tree minimizes the errors of the previous decision trees. Structured
tabular datasets can benefit from ability of XGBoost to model nonlinear relationships, handle
heterogeneous data distributions, and reduce overfitting. XGBoost leads the Transformer and LSTM
models with highest R? score and lowest prediction error metrics. Thus, we can say that XGBoost is
apt for heterogeneous EV sales data that is limited and highly variable.

34 LSTM

In this study, the LSTM model uses sequential historical sales data represented through lag-based
time windows to forecast EV sales. The model learns temporal patterns and long-term growth trends
from the augmented dataset. Due to its ability to process sequential information, LSTM is well-suited
for time-series forecasting tasks. LSTM model produced smoother predictions and struggled to
capture abrupt fluctuations in yearly EV sales data in our study. The limited size and low temporal
dataset hampered model’s performance to learn the complexity in the heterogeneous dataset.

3.5 Transformer

Transformers use self-attention mechanism to identify important temporal relationships and changes
in EV adoption patterns across different years. The Transformer model captures the sudden spikes
or fluctuations in EV sales more effectively as compared to LSTM. Transformer architectures
generally require large-scale datasets to exploit attention-based learning, The model produced
smoother predictions and was less effective at capturing extreme volatility in certain regions. This
behaviour can be attributed to the low frequency heterogeneous EV sales dataset. The Transformer
provided valuable insights into the applicability of attention-based deep learning methods for global
EV sales forecasting.

4. RESULTS

4.1 Quantitative Results
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of
determination (R?) were used to evaluate the performance of XGBoost, LSTM, and Transformer
models. Table 3 presents the results for all 3 models.

Table 3: Model Performance

Model MAE RMSE R?

XGBoost 0.24 0.38 0.99
LSTM 0.43 0.60 0.95
Transformer 0.80 1.06 0.85

The results indicate that XGBoost outperforms LSTM and Transformer in the forecasting task. It not
only has the lowest MAE and RMSE but also the highest R? score. Its R? value of 0.99 shows that it
could explain the variance in EV sales with 99% accuracy. XGBoost can learn nonlinear
relationships from the engineered temporal features which explains its better performance.

The LSTM beats the Transformer model in terms of MAE, RMSE and R? values. Figure 1and Figure
2 shows the comparison of all three models.
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Figure 1. EV Sales Prediction Comparison

5. DISCUSSION

5.1 Comparative Analysis of Models

The superior performance of XGBoost can be attributed to its effectiveness in using structured
tabular features such as lag values, rolling statistics, and growth indicators. The dataset included
yearly EV sales data with limited historical records. Therefore, the machine learning methods
worked better than deep learning models that need more data.

The LSTM model captured the general trend of EV adoption. It failed to accurately predict sudden
fluctuations and rapid market changes. This may be due to the limited sequential information
available in the yearly dataset.

The self-attention mechanism of Transformer was able to predict sudden growth better than LSTM.
The Transformer performed better than the LSTM in predicting the sudden growth patterns in EV
sales. However, it could not accurately show the large variations in the EV market. Figure 2 shows
the log-scale plots which reiterates these findings.

5.2 Impact of Dataset Characteristics

The highly heterogeneous nature of the global EV sales dataset that included data from countries
with vastly different market sizes and adoption rates, resulted in substantial variance across
observations. Large EV markets such as China and the United States produced significantly higher
sales values than smaller emerging markets. This led to scale imbalance and strong non stationarity
in the forecasting problem.

Logarithmic scaling and temporal feature engineering were employed to address the above
challenges. The use of log-scale visualization (Figure 2) provides the prediction behaviour across
both low-sales and high-sales regions. XGBoost could capture nonlinear variations and abrupt
market changes in the experiments. The DL models Transformer and LSTM produced smoother
predictions in the same experiments.
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Figure 2. EV Sales Prediction in log scale.
6. CONCLUSION

The dataset used in the study was heterogeneous and of limited size. This handicaps Transformer
and LSTM in forecasting task. DL models like Transformer and LSTM rely on high frequency
datasets to exploit temporal relationships. XGBoost with R? value of 0.99 and low MAE and RMSE
was able to beat these complex models. This also proves the point that XGBoost together with careful
feature engineering can outperform complex DL models in low frequency datasets. This also proves
that for real-world energy and transportation forecasting problems with limited historical
observations, traditional ML models may be better than more complex DL models. Future work may
be done on other similar limited frequency datasets.
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