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Abstract

Accurate forecasting of Electric Vehicle (EV) sales is essential for supporting strategic decisions by policymakers, manufacturers, and investors
amid the global shift toward sustainable transportation. This study compares the performance of two time series models, AutoRegressive
Integrated Moving Average (ARIMA) and Long Short-Term Memory (LSTM) using historical EV sales data from 2010 to 2023. The ARIMA
model, which is suited for linear trend projection, forecasts continued exponential growth, estimating sales to surpass 103 million units by 2025.
In contrast, the LSTMmodel, known for capturing non-linear and complex patterns, projects a more moderate trend, with sales peaking at around
11.5 million units in 2022 before gradually declining. Evaluation using Mean Squared Error (MSE) shows that LSTM significantly outperforms
ARIMA, achieving a lower error value (2.23 × 10¹⁴ vs. 4.44 × 10¹⁵), indicating superior predictive accuracy. These results suggest that while
ARIMA may be effective for short-term forecasting in stable markets, it can lead to overestimations in more dynamic environments. LSTM, with
its ability to learn complex temporal dependencies, presents a more flexible and realistic tool for long-term planning in the evolving EV sector.
The study contributes methodologically by offering a comparative analysis of two popular forecasting techniques and practically by guiding
stakeholders on model selection. However, it is limited by its reliance on historical data and exclusion of external variables such as energy prices
or policy changes. Future work should incorporate hybrid models and multi-source data to enhance forecasting robustness in the fast-changing
EV market.
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1. Introduction

The development of Electric Vehicles (EVs) is crucial for addressing global environmental challenges, particularly the
reduction of greenhouse gas emissions. As part of the effort to mitigate climate change, EVs such as Battery Electric
Vehicles (BEVs), Plug-in Hybrid Electric Vehicles (PHEVs), and Hybrid Electric Vehicles (HEVs) are pivotal in
reducing tailpipe emissions and increasing the potential use of renewable energy sources [1], [2]. This transition aligns
with international environmental commitments, such as the Paris Agreement, which aims to achieve net-zero emissions
by mid-century [2], [3]. As more governments and industries focus on environmental sustainability, the role of EVs in
reducing urban air pollution and supporting sustainability targets becomes even more significant. Studies have shown
that financial incentives and the development of charging infrastructure are key to overcoming barriers and accelerating
the adoption of EVs [4]. In this context, fostering a supportive policy environment and understanding consumer
behavior are essential for achieving a faster and more widespread market penetration of EVs [4].
The global EV market is experiencing rapid growth, driven by government policies, technological advancements, and
increasing environmental awareness. Forecasts suggest that EV sales could reach between 13 to 18 million units
annually by 2025, with the potential to expand to 26 to 43 million units by 2030, capturing around 30% of the global
automotive market share [5]. Governments worldwide are implementing policies that include subsidies, tax incentives,
and regulations designed to reduce carbon emissions, which encourage consumers to adopt EVs [6]. Technological
advancements, especially in battery technology, have further enhanced vehicle performance and boosted consumer
confidence in EVs [7]. Alongside this, the growing availability of EV charging infrastructure has alleviated concerns
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about range anxiety, further supporting the transition [8]. Additionally, rising environmental awareness has led
consumers to increasingly prioritize sustainable transportation options, emphasizing EVs as a cleaner, greener choice
[6]. These intertwined factors have set the stage for continued expansion of the EV market, disrupting traditional
automotive models and positioning EVs as a central player in future transportation solutions [9].
The importance of forecasting EV sales has become more apparent as it plays a critical role in enabling manufacturers,
policymakers, and other stakeholders to plan long-term strategies effectively. Reliable forecasting can inform
government regulations and help shape the financial incentives necessary to promote EV adoption, aligning with global
environmental goals such as the Paris Agreement [10]. Furthermore, accurate predictions assist manufacturers in
optimizing production schedules and supply chain management to meet market demand, avoiding inefficiencies that
could lead to overproduction or shortages [11]. Forecasting models, such as Principal Component Analysis combined
with General Regression Neural Networks, have proven useful in generating data-driven insights to guide decision-
making processes across various sectors [12]. Understanding consumer behavior, particularly the growing emphasis
on sustainability, can further aid stakeholders in adjusting marketing strategies and product offerings to align with
consumer preferences [13]. Ultimately, integrating forecasting tools supports the development of robust charging
infrastructure and networks, which are essential for maintaining momentum in the EV market and addressing range
anxiety [14].
However, predicting the demand and sales of EVs remains a challenging task, mainly due to the influence of numerous
external factors. The rapidly evolving nature of the EV market, driven by technological advancements, fluctuating
energy prices, and changing consumer preferences, complicates the forecasting process [15]. New technologies often
introduce unforeseen shifts in market dynamics, leading to unpredictable changes in adoption rates [16]. Additionally,
global events, such as the COVID-19 pandemic, have significantly disrupted supply chains, reduced consumer
purchasing power, and altered transportation needs, resulting in unpredictable effects on EV sales [2]. Moreover,
government policies play a dual role; while they can promote EV adoption through incentives, sudden regulatory
changes can create market uncertainty [17]. Incorporating these diverse factors, including the use of machine learning
techniques, offers a promising solution to improve forecasting accuracy. Nonetheless, the inherent complexities of the
EV market still pose significant barriers to achieving reliable predictions [16].
Given the unpredictable nature of the EV market and the reliance on outdated or overly simplistic models, the lack of
accurate forecasting poses substantial risks to both business and governmental decision-making. Inaccurate forecasts
can result in inefficient production schedules, inventory surplus, or shortages, which may hurt manufacturers' ability
to meet market demand [18]. Moreover, relying on outdated models can lead to misguided government policies related
to subsidies, infrastructure development, and regulations, hindering the growth of the EV market [18]. As the sector
continues to evolve, integrating advanced analytics and machine learning algorithms is crucial for enhancing
forecasting accuracy, enabling more informed decision-making across the board [19]. Without reliable forecasting
models, strategic planning for EV adoption and environmental goals may be compromised, underscoring the need for
sophisticated forecasting models to synchronize supply and demand in this rapidly changing market [15].
In conclusion, the need for more precise forecasting models to predict EV sales trends is vital due to the significant
fluctuations observed in the market. Current methods often fail to capture the complex dynamics influencing EV sales,
including technological advancements, governmental policies, and consumer behavior. Advanced models that combine
historical data with analytics methodologies, such as General Regression Neural Networks (GRNN) and Principal
Component Analysis (PCA), can offer more accurate sales predictions [12]. These models allow for better planning in
terms of infrastructure, resource allocation, and marketing strategies, ultimately supporting the sustainable growth of
the EV market. By incorporating socio-economic factors and market dynamics, forecasting models can be refined to
provide more precise and reliable projections, which is essential for long-term success in the EV industry [2], [20].

2. Literature Review

2.1.The Role of Electric Vehicles in Sustainable Transportation
EVs have become a cornerstone in the effort to transition towards sustainable transportation. As global concerns over
climate change and environmental degradation increase, the shift from traditional fossil fuel-based vehicles to electric
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alternatives has gained significant attention. The primary motivation behind the development and adoption of EVs is
their potential to reduce greenhouse gas emissions, particularly Carbon Dioxide (CO2), which are major contributors
to global warming. By using electricity as a power source, EVs generate zero tailpipe emissions, helping to improve
urban air quality and reduce pollution levels in cities. This makes them an essential component of efforts to address
urban pollution and promote cleaner environments [21].
Beyond their environmental benefits, EVs also offer energy efficiency advantages over conventional Internal
Combustion Engine (ICE) vehicles. EVs convert a larger portion of the energy from their batteries into motion, making
them more efficient compared to gasoline and diesel vehicles, which waste a considerable amount of energy as heat
[22]. As battery technology improves, the operational costs of EVs, including maintenance and fuel, continue to
decrease, making them a more affordable option for consumers in the long run [23]. The growing consumer interest in
EVs is further supported by the shift towards renewable energy sources, which provides a cleaner way of charging
EVs, reducing dependency on fossil fuels [24].
Despite these advantages, the widespread adoption of EVs is still hindered by several barriers, including the availability
of charging infrastructure, the high cost of batteries, and varying government policies across regions. Investments in
public charging infrastructure and financial incentives are critical to overcoming these barriers and encouraging broader
adoption [25]. As the EV market evolves, overcoming these challenges is essential for realizing the full potential of
EVs in reducing carbon emissions and fostering sustainable transportation.
2.2. Forecasting EV Sales and Market Trends
The growth of the EV market has been exponential in recent years, and accurate forecasting of future EV sales is
becoming increasingly crucial for various stakeholders, including manufacturers, policymakers, and investors.
Predicting sales trends allows manufacturers to adjust production schedules, policymakers to plan for necessary
infrastructure development, and investors to allocate resources effectively. Among the various forecasting models,
ARIMA and LSTM are two of the most widely used approaches for time series forecasting.
ARIMA is a statistical model that is particularly effective for forecasting stationary time series data. It captures
temporal dependencies by combining Autoregressive (AR), Integrated (I), and Moving Average (MA) components.
ARIMA works well for forecasting sales trends when the data exhibits consistent patterns or trends over time, making
it a popular choice for automotive sales predictions. Studies have shown its effectiveness in predicting EV sales,
especially when analyzing the impact of external factors such as socio-political events or market shocks. For example,
Wu [18] applied ARIMA to analyze the impact of the Russia-Ukraine conflict on Tesla’s sales, revealing how
geopolitical events can disrupt market behavior. However, ARIMA models often require stationary data, meaning that
the data must have a constant mean and variance over time, which may not always be the case in the dynamic EV
market.
In contrast, LSTM, a type of Recurrent Neural Network (RNN), excels at modeling non-linear relationships and
capturing long-term dependencies within sequential data. LSTM is particularly useful for forecasting EV sales in
rapidly evolving markets, where consumer preferences and technological innovations continuously change. LSTM can
learn complex temporal patterns, making it more suitable for forecasting in industries like electric vehicles, where
market dynamics are affected by both internal and external factors. As consumer preferences shift and new technologies
emerge, LSTM provides more flexibility and can adapt to these changes better than traditional models like ARIMA.
Its ability to predict long-term trends based on historical data makes it highly effective for dynamic sectors such as EV
sales forecasting, where rapid market fluctuations are common.
2.3. Challenges and Future Directions in EV Sales Forecasting
Forecasting the sales of EVs involves numerous challenges, as the market is influenced by a wide range of dynamic
factors, including governmental policies, technological advancements, energy prices, and consumer behavior. One of
the primary challenges is the inconsistency and volatility of government policies, which can create uncertainty in the
EV market. Inconsistent subsidies or shifting regulations can disrupt market behavior, making it difficult for both
consumers and manufacturers to predict future trends. For example, fluctuating incentives or sudden policy changes
regarding emissions standards can alter consumer purchase intentions, making forecasting efforts more complex [26].
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In regions where EV adoption is incentivized by financial rewards, any reduction in these incentives can cause a
temporary decline in demand, leading to inaccurate predictions.
Another challenge is the impact of energy prices on EV adoption. While EVs are often marketed as a cleaner and more
cost-effective alternative to traditional vehicles, their operating costs are highly sensitive to energy prices. In regions
where electricity prices fluctuate significantly, consumers may hesitate to switch to electric vehicles, especially if their
perceived long-term savings are undermined by volatile energy costs. As energy prices affect consumer behavior, they
must be integrated into forecasting models to better reflect market realities [27].
The availability of charging infrastructure also plays a crucial role in determining EV sales. Research has shown that
a lack of sufficient charging stations can deter potential EV buyers due to concerns over range anxiety and the
convenience of finding charging stations. This is particularly true in developing markets where infrastructure
development may lag behind the demand for EVs. The absence of a robust charging network not only affects consumer
confidence but also hinders manufacturers' ability to scale production in line with demand. Thus, effective forecasting
requires incorporating the state of charging infrastructure into models, alongside technological and policy changes, to
provide more accurate predictions [28].
Despite these challenges, the integration of machine learning techniques and hybrid forecasting models offers
promising directions for improving forecasting accuracy. For example, combining traditional statistical models like
ARIMA with machine learning approaches such as LSTM can enhance predictive capabilities by capturing both linear
and non-linear relationships in the data. Additionally, incorporating real-time data, such as consumer sentiment or
online purchasing trends, can further refine forecasts by reflecting market dynamics as they evolve [29]. As the EV
market continues to grow and evolve, it will be essential for future forecasting models to adapt to these complexities
and integrate external variables more effectively to maintain their relevance and accuracy.

3. Methodology

To provide a clear overview of the steps involved in the forecasting process, a structured workflow is presented in
figure 1. This figure illustrates the complete pipeline, starting from data collection, followed by comprehensive
preprocessing steps, including data cleaning, transformation, and time series structuring. It then continues with the
application of forecasting techniques such as ARIMA and LSTM, and concludes with model evaluation using MSE.
The diagram serves as a visual guide to understand how raw data is transformed into actionable forecasting insights.

Figure 1. Research Methodology
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3.1. Data Collection
The dataset used in this study provides historical data on EV sales, structured in several key columns. The information
is captured across various regions, vehicle categories, and sales parameters. The dataset is designed to track the growth
and adoption of electric vehicles over time, providing valuable insights for time series forecasting. Table 1 provides a
detailed overview of the dataset's structure:

Table 1. Dataset Overview
Column
Name Description

Region Geographical region where the EV sales are tracked (e.g., specific countries, continents, or regions).
Category Classification of the data (e.g., "Historical" refers to actual recorded data of EV sales).
Parameter Key variable being measured (e.g., "EV sales" refers to total number of electric vehicles sold).
Mode Vehicle type category (e.g., "Cars," "Light Commercial Vehicles").
Powertrain Type of technology used in the vehicle (e.g., "BEV" for Battery Electric Vehicle, "PHEV" for Plug-in Hybrid

Electric Vehicle).
Unit Measurement unit for the parameter (e.g., "Vehicles" for number of vehicles, "Percent" for market share).
Year Year for the data point (e.g., 2011, 2012, etc.).
Value The actual value being reported for the given parameter (e.g., the number of vehicles sold or market share in

percentage).
The dataset used in this study is obtained from Kaggle, a popular platform for data science and machine learning
competitions. The dataset includes historical data on EV sales, sourced from various global reports and industry
sources. It provides insights into EV adoption trends, sales figures, and market growth patterns. By using this Kaggle
dataset, we aim to build a time series forecasting model to predict future EV sales growth based on historical data.
3.2. Data Preprocessing
Before performing the analysis, several data cleaning and preprocessing steps were carried out to ensure the dataset
was ready for forecasting. First, missing values were identified and handled by either removing the rows with missing
data or imputing values based on available data using techniques like mean imputation or forward filling. We also
focused on filtering relevant data, keeping only the columns related to electric vehicle sales, such as region, category,
parameter, year, and value, and removing any unrelated data. The data types for each column were verified and
corrected; for example, the year column was ensured to be in integer format, and the value column was set to a numeric
type to enable numerical operations.
Additionally, we addressed outliers that could distort the forecasting process, either by removing or adjusting extreme
values that were inconsistent with the rest of the dataset. For models like LSTM, which are sensitive to feature scaling,
we applied MinMaxScaler to normalize the data, ensuring all values were within the same scale and improving model
performance. Finally, the dataset was structured in a time series format, with the year as the index and sales data as the
values, making it suitable for time-dependent analysis and forecasting. These preprocessing steps ensured that the
dataset was clean, consistent, and ready for effective analysis.
3.3. Forecasting Techniques
ARIMA is a popular statistical model for forecasting time series data. It combines three components. The
AutoRegressive component models the relationship between an observation and a specified number of lagged
observations. The Integrated component involves differencing the time series data to make it stationary, ensuring that
the data has a constant mean and variance over time. TheMoving Average component captures the relationship between
an observation and the residual errors from a moving average model applied to previous time steps. The general form
of the ARIMA model is represented as:

𝑌𝑡 = 𝜇 + ∅1𝑌𝑡−1 + ∅2𝑌𝑡−2 + … + ∅𝑝𝑌𝑡−𝑝 + 𝜖𝑡 − 𝜃1𝜖𝑡−1 − 𝜃2𝜖𝑡−2 − … − 𝜃𝑞𝜖𝑡−𝑞

Note:
𝑌𝑡 is the current value.
∅ are the parameters of the AR term.

(1)
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𝜃 are the parameters of the MA term.
𝜖𝑡 is the error term.
𝑝, 𝑑, and 𝑞 are the parameters for AR, differencing, and MA respectively.
ARIMA is particularly useful when data exhibits trends or seasonality, provided the series is made stationary through
differencing. The model uses past values of the data and residuals to predict future values, making it effective for short-
term forecasting, especially in situations where past observations are reliable indicators of future trends.
LSTM is a type of RNN that is specifically designed to handle sequential data and model long-term dependencies.
LSTM networks consist of memory cells that store information for long periods, allowing the model to learn complex
patterns and relationships over time. Unlike traditional RNNs, which struggle with long-term dependencies, LSTM’s
architecture is designed to retain useful information and discard irrelevant data. This makes LSTM particularly effective
for time series forecasting, where past observations can influence future predictions in both short-term and long-term
contexts.
The general equation for LSTM is represented by the following set of equations that control the flow of information
within the LSTM units:

𝑓𝑡 = 𝜎(𝑊𝑓 . ℎ𝑡−1,𝑥𝑡 + 𝑏𝑓)

𝑖𝑡 = 𝜎(𝑊𝑖 . ℎ𝑡−1, 𝑥𝑡 + 𝑏𝑖)

𝐶𝑡 = tanh (𝑊𝐶 . ℎ𝑡−1,𝑥𝑡 + 𝑏𝐶)

𝐶𝑡 = 𝑓𝑡 .𝐶𝑡−1 + 𝑖𝑡 .𝐶𝑡

𝑜𝑡 = 𝜎(𝑊𝑜 . ℎ𝑡−1,𝑥𝑡 + 𝑏𝑜)
ℎ𝑡 = 𝑜𝑡 . tanh (𝐶𝑡)

Note:
𝑓𝑡 is the forget gate that determines how much of the past information should be kept.
𝑖𝑡 is the input gate that controls how much new information is added to the cell state.
𝐶𝑡 is the candidate cell state, which is a proposed update to the cell state.​𝐶𝑡 is the cell state, which stores information over time.
𝑜𝑡 is the output gate, determining what part of the cell state is output to the next hidden state.
​ℎ𝑡 is the hidden state, which is used for output.
LSTM is particularly advantageous for predicting complex data patterns, such as those found in electric vehicle sales,
where historical data may contain both long-term trends and short-term fluctuations. The model's ability to capture
these dependencies makes it highly effective for time series forecasting in industries that experience rapid changes,
like the EV market.
3.4. Model Evaluation
To evaluate the performance and accuracy of the forecasting models (ARIMA and LSTM), we use several commonly
employed metrics in time series forecasting. One of the key metrics is the Mean Squared Error (MSE).
MSE is commonly used to quantify the accuracy of a model by measuring the average squared difference between the
actual and predicted values. Unlike MAE, which uses the absolute differences, MSE gives more weight to larger errors
due to the squaring of differences, making it more sensitive to outliers. The formula for MSE is:

𝑀𝑆𝐸 = 1
𝑛

𝑛

𝑡−1
(𝒴𝑡 − 𝒴𝑡)2

Note:
𝒴𝑡 is the actual value at time 𝑡,

(2)

(3)
(4)
(5)
(6)
(7)

(8)
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𝒴𝑡 is the predicted value at time 𝑡,
𝑛 is the number of data points in the test set.
In this formula:
(𝒴𝑡 − 𝒴𝑡)2 represents the squared error at each time step, penalizing larger errors more heavily.
The sum of these squared errors is averaged over all data points in the test set. Lower MSE values indicate better
performance, meaning the model's predictions are closer to the actual values. Higher MSE values indicate larger
discrepancies between predicted and actual values, signaling that the model is less accurate.
MSE is particularly useful when larger errors are more problematic, as it penalizes such discrepancies more than MAE.
This makes MSE suitable for cases where larger deviations from the true values are more critical to the forecasting
task.
For both the ARIMA and LSTM models, the MSE is calculated by comparing the predicted values with the actual data
points, allowing us to evaluate the overall forecasting accuracy and determine which model provides the best fit for the
EV sales data.

4. Results and Discussion

4.1. Result
Figure 2 presents the historical curve of EV sales from 2010 to 2023. This graph provides a comprehensive overview
of how the EV industry has grown over the past decade. It is evident that during the early period (2010–2017), growth
occurred gradually. However, starting around 2018 through 2023, a significant surge in EV adoption can be observed,
indicating accelerating market acceptance.
This sharp increase can be attributed to several external factors, including government incentives, advancements in
battery technology, and growing environmental awareness. The exponential trend seen during this period serves as a
rational foundation for applying time series forecasting models like ARIMA, which are inherently suited to capturing
long-term linear trends based on historical patterns.

Figure 2. EV Sales Over Time
By analyzing the actual data trends visualized in figure 2, we gain a strong justification for modeling EV sales
predictions. It demonstrates that the historical data contains a distinct growth pattern, making it viable to project future
values statistically. Therefore, the use of the ARIMA model in the following section aims to estimate the continuation
of this trend into the near future.
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Figure 3 illustrates the ARIMA model’s forecast for EV sales from 2021 to 2025, derived from the historical trend
previously shown in figure 2. In this graph, the solid blue line represents actual EV sales data from 2010 to 2023, while
the dashed orange line shows the projected values generated by the ARIMA model. The visual demonstrates a
continued growth trajectory that extends from the historical data into the forecasted period.
According to the ARIMA forecast, EV sales are expected to rise sharply, increasing from approximately 46 million
units in 2021 to over 103 million units by 2025. This exponential projection reflects ARIMA’s reliance on historical
momentum, where past upward trends are extended mathematically into the future. While such forecasts can be useful
for short-term planning in fast-growing markets, they may overlook external constraints such as market saturation,
policy changes, or supply chain issues. Therefore, ARIMA projections should be interpreted with caution, especially
when used for long-term strategic decision-making.

Figure 3. ARIMA Forecast vs Actual EV Sales
Table 2. ARIMA Predictions

Year ARIMA Predictions (Vehicles)
2021 46,091,350
2022 59,636,640
2023 71,158,170
2024 86,107,010
2025 103,225,500

Table 2 presents the numerical results of the ARIMA model’s forecast for EV sales from 2021 to 2025. The values
confirm the steep upward trend depicted in figure 3. Starting from an estimated 46 million units in 2021, ARIMA
forecasts a dramatic increase to approximately 103 million units by 2025.
This consistent year-over-year growth underlines ARIMA’s nature as a time series model that projects forward based
on past momentum. While such projections are mathematically coherent, the absolute values reinforce the need for
cautious interpretation, as the model assumes uninterrupted exponential growth without adjusting for possible market
saturation or external constraints.
To address the limitations of linear models like ARIMA, a LSTM neural network model was also applied. Figure 4
presents a visual comparison of both ARIMA and LSTM forecasts against actual EV sales data. In this figure, the solid
blue line shows the historical EV sales, the dashed orange line represents the ARIMA forecast (as seen previously in
figure 3), and the dashed green line depicts the LSTM forecast. Unlike ARIMA, which continues the steep upward
trend, the LSTMmodel predicts a more moderate and plateauing trajectory. It estimates that EV sales will peak around
11.5 million units in 2022, followed by a gradual decline to approximately 7 million units by 2025.



International Journal for Applied Information Management
Vol. 5, No. 3, September 2025, pp. 177-189

ISSN 2776-8007
185

This contrast reveals how the choice of forecasting model can shape strategic interpretation. While ARIMA tends to
extend existing trends and assumes uninterrupted growth, LSTM incorporates more nuanced temporal patterns and
potential non-linear influences. As a result, LSTM offers a more cautious and arguably more realistic forecast, making
it a valuable tool for decision-makers seeking long-term stability and risk awareness.

Figure 4. Comparison of ARIMA and LSTM Forecasts
Table 3. LSTM Predictions

Year LSTM Predictions (Vehicles)
2021 11,432,678
2022 11,525,443
2023 10,104,892
2024 7,327,283
2025 6,960,020

Table 3 displays the forecasted EV sales generated by the LSTMmodel. Unlike ARIMA, the LSTM predictions reflect
a more conservative and nuanced trajectory. According to this model, EV sales are expected to peak at around 11.5
million units in 2022, then decline gradually to approximately 7 million units by 2025.
These figures are consistent with the trend shown in figure 4, suggesting that the LSTM model is more sensitive to
changes in temporal dynamics and non-linear influences. The plateau and decline captured in the table reinforce
LSTM's capability to account for market slowdowns or saturation effects, making it a more realistic and cautious
forecasting tool for long-term planning.

Table 4. MSE Comparison
Model Mean Squared Error (MSE)
ARIMA 4.44 × 10¹⁵
LSTM 2.23 × 10¹⁴

To objectively assess the forecasting accuracy of the ARIMA and LSTM models, a comparison was conducted using
the MSE metric, as presented in table 4. MSE measures the average squared difference between predicted and actual
values, where a lower value indicates a model with better predictive accuracy.
The results clearly demonstrate that the LSTM model outperforms ARIMA, with a significantly lower MSE of 2.23 ×
10¹⁴, compared to ARIMA’s much higher value of 4.44 × 10¹⁵. This substantial difference quantitatively supports the
earlier visual and numerical analysis, which already suggested that ARIMA tends to overestimate future EV sales by
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extending past trends too aggressively. In contrast, the LSTM model captures market dynamics more realistically by
incorporating non-linear patterns and temporal dependencies.
These findings highlight the importance of model selection in time series forecasting. While ARIMA can be useful for
short-term trend continuation, LSTM offers a more reliable foundation for long-term planning, particularly in rapidly
evolving markets like electric vehicles. The superior performance of LSTM, as shown through its lower MSE,
underscores its suitability for scenarios requiring stable, accurate, and context-sensitive forecasts.
4.2. Discussion
The results of this study reaffirm the rapid and transformative growth of the EVmarket over the past decade, as reflected
in figure 2. The exponential increase in EV adoption from 2018 to 2023 aligns with prior findings that attribute this
trend to supportive government policies, advancements in battery technology, and increasing environmental awareness
[21]. These factors have positioned EVs as central to the global strategy for sustainable transportation, especially given
their superior energy efficiency and potential to reduce urban emissions [22], [23].
The ARIMA model’s projection in figure 3 and table 2 extends this exponential trend, forecasting EV sales to more
than double between 2021 and 2025. This reflects ARIMA’s statistical strength in capturing and extrapolating linear
trends in time series data, as also demonstrated in previous studies such as Wu [18], who used ARIMA to assess the
impact of geopolitical events on EV markets. However, as this study and others have pointed out, ARIMA assumes
stationarity and consistent variance, making it less responsive to the complex, rapidly shifting conditions of the EV
landscape [26], [27]. As such, while ARIMA offers valuable short-term insights, it may overestimate long-term sales
if it fails to account for market saturation, infrastructure limitations, or policy volatility.
In contrast, the LSTM model presents a more conservative outlook, as seen in figure 4 and table 3, with sales peaking
around 11.5 million units in 2022 before gradually declining. This aligns with LSTM’s capability to handle non-linear,
dynamic relationships in time series data, making it well-suited for markets where external factors such as policy
changes, infrastructure development, and consumer behavior play a critical role [24]. By recognizing pattern shifts and
temporal dependencies, LSTM offers a more adaptable approach for long-term forecasting in evolving markets like
EVs, consistent with literature emphasizing machine learning’s flexibility over traditional models [29].
From a methodological standpoint, this study contributes to the existing literature by providing a direct comparative
evaluation of ARIMA and LSTM models using real-world EV sales data. While many prior studies have focused on
a single approach, the dual-model comparison presented here highlights howmodel selection impacts both the predicted
trends and the strategic conclusions derived from them. The integration of forecast visualization, numerical output, and
performance metrics (e.g., MSE) adds depth to the analysis and offers a replicable framework for future forecasting in
other emerging technology markets.
The implications of this research are particularly relevant for policymakers, manufacturers, and investors. For instance,
overreliance on optimistic forecasts such as those produced by ARIMA may lead to overproduction or misallocation
of resources. Conversely, more grounded forecasts like those from LSTM may support more sustainable infrastructure
development and realistic policy targets. Understanding these model differences enables better planning in areas such
as battery supply chains, charging infrastructure, and emission regulation strategies.
However, this study is not without limitations. First, both models rely solely on historical sales data and do not directly
integrate external influencing variables such as fuel prices, regulation shifts, or consumer sentiment, which are known
to affect EVmarket behavior [27], [28]. Second, while LSTM is powerful in handling sequential data, it is also sensitive
to hyperparameter tuning and training data quality, which may limit its generalizability if not properly managed.
Finally, the projection period (2021–2025) is relatively short; longer forecasting horizons may require hybrid or
ensemble approaches that combine statistical and machine learning techniques.
Despite these limitations, the findings underline the critical importance of selecting forecasting models that align with
the specific dynamics of the market in question. As the EV industry continues to evolve under the influence of
technological, political, and economic pressures, adaptive and data-rich models like LSTM are likely to become
increasingly essential for forward-looking decision-making.
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5. Conclusion

This study aimed to forecast EV sales using two time series models, ARIMA and LSTM based on historical sales data.
The analysis confirmed that EV adoption has experienced exponential growth in recent years, driven by government
incentives, technological advancements, and rising environmental awareness. The ARIMA model projected a
continuous, steep increase in sales, reflecting a linear growth assumption rooted in historical momentum. In contrast,
the LSTM model offered a more conservative forecast, anticipating a sales peak around 2022 followed by a gradual
decline. These contrasting results underscore the importance of model selection, as each approach influences how
trends are interpreted and how strategies are formed. While ARIMA is useful for short-term forecasts in stable
conditions, it lacks flexibility in responding to non-linear or disruptive market factors. LSTM, with its ability to model
complex temporal dynamics, presents a more realistic and adaptive approach for forecasting in volatile or rapidly
evolving markets.
Quantitative evaluation using the MSE metric further validated the models’ performances, revealing that LSTM
achieved significantly lower error values than ARIMA, thereby confirming its superior predictive accuracy. This study
contributes to the literature by offering a comparative evaluation of traditional and deep learning models in the context
of EV forecasting, with direct implications for policymakers, manufacturers, and investors. However, its reliance solely
on historical sales data limits the depth of analysis, as external variables like policy changes, energy prices, or
infrastructure development were not included. Future studies should explore hybrid models that integrate statistical
and machine learning techniques, while incorporating real-time and multi-dimensional data to enhance forecast
reliability. In conclusion, LSTM emerges as a more effective forecasting tool for anticipating EV market trends and
informing data-driven decision-making in the transportation sector.
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