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Abstract: Globalization and industrialization have significantly disturbed the environmental ecosystem, leading

to critical challenges such as global warming, extreme weather events, and water scarcity. Forecasting temperature

trends is crucial for enhancing the resilience and quality of life in smart sustainable cities, enabling informed

decision-making and proactive urban planning. This research specifically targets Ahmedabad city in India and

employs the Seasonal Auto Regressive Integrated Moving Average with eXogenous factors (SARIMAX) model to

forecast temperatures over a ten-year horizon using two decades of real-time temperature data. The stationarity

of the dataset was confirmed using the Augmented Dickey-Fuller test, and the Akaike Information Criterion (AIC)

method helped identify the optimal seasonal parameters of the model, ensuring a balance between fidelity and

predictive accuracy. The model achieved an RMSE of 1.0265, indicating high accuracy within the typical range

for urban temperature forecasting. This robust measure of error underscores the model’s precision in predicting

temperature deviations, which is particularly relevant for urban planning and environmental management.

The findings provide city planners and policymakers with valuable insights and tools for preempting adverse

environmental impacts, marking a significant step towards operational efficiency and enhanced governance in

future smart urban ecosystems. Future work may extend the model’s applicability to broader geographical areas

and incorporate additional environmental variables to refine predictive accuracy further.

Keywords: temperature forecasting; weather forecasting; time series; augmented Dickey-Fuller test; Seasonal

AutoRegressive Integrated Moving Average with eXogenous factors (SARIMAX); root mean squared error;

seasonality; climate change

1. Introduction

The phenomenon of climate change, characterized primarily by a significant rise in global temper-
atures, presents unprecedented challenges to our planet. This escalation in temperature is especially
perilous in densely populated and industrial areas, where the effects of heatwaves are exacerbated
by the emission of greenhouse gases. Such environmental shifts are leading to severe, multifaceted
consequences. According to the National Oceanic and Atmospheric Administration (NOAA), the
period from 2018 to 2020 witnessed over 3,000 death toll in the United States attributable to heat-related
complications [1]. Currently, urban areas, which house more than 55% of the global population — a
figure projected to swell to 68% by 2050 — are on the frontline, facing increased risks of premature
mortality and heat-induced illnesses [2].

The primary driver of global warming due to human-induced greenhouse gas emissions has
resulted in a 1.1°C increase in the average global temperature over the decade spanning 2011 to 2020 [3].
This warming trend not only raises air and ocean temperatures but also signals severe implications
for urban governance and infrastructure. This study is motivated by the urgent need for government
agencies to grasp the potential consequences of rising temperatures fully. By anticipating these changes,
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local governments can implement strategic modifications to urban infrastructure, enhancing resilience,
reducing environmental impact, and safeguarding the well-being of city dwellers in an era of escalating
global temperatures.

Moreover, the repercussions of increased temperatures extend beyond immediate health risks.
Elevated temperatures and humidity exacerbate conditions such as eczema, psoriasis, and other derma-
tological disorders due to increased perspiration. The availability of comprehensive epidemiological
data is crucial for the development of effective illness prevention strategies and treatment protocols for
affected individuals. In parallel, the environmental toll of global warming manifests in the diminished
capacity of plants to absorb and utilize moisture, leading to soil depletion, droughts, and the alarming
acceleration of desertification. The process strips fertile land of its flora and fauna, converting it into
barren deserts. India’s alarming 122% increase in land loss to forest fires within a mere five-year span
illustrates the devastating synergy between high temperatures, dry conditions, and the propensity for
wildfires, which in turn lead to widespread deforestation [4].

The detrimental impacts of climate change do not halt at land degradation. Rising sea levels pose
a direct threat to coastal communities, where approximately 40% of the global population resides. The
melting of polar ice caps, coupled with the thermal expansion of ocean waters, contributes to a higher
incidence of coastal erosion, elevated storm surge levels, and the enhanced severity of coastal storms.
These phenomena jeopardize not only the physical safety of these regions but also their water security
and economic stability [5]. Informed by the assessments of the Intergovernmental Panel on Climate
Change (IPCC), governments worldwide are grappling with the task of understanding and mitigating
the multifarious impacts of climate change [3].

The pivotal role of temperature projections in addressing the myriad challenges posed by climate
change cannot be overstated [6]. The urgency of achieving Sustainable Development Goal 11 - SDG11
(i.e., “make cities and human settlements inclusive, safe, resilient, and sustainable”) [7] underscores the
importance of leveraging innovative technologies and methodologies for sustainable urban develop-
ment. Accurate temperature projections emerge as a pivotal tool in this context, enabling cities to adapt
to climate change proactively, improve urban planning and ensure the well-being of their inhabitants.
By exploring limitations and potentials of existing forecasting models, the current research study seeks
to bridge gaps in our understanding and application of climate predictive technologies. The goal is
to not only enhance the accuracy of temperature predictions but also to contextualize these forecasts
within the broader spectrum of climate change impact in urban areas. This endeavor underscores the
critical need for interdisciplinary approaches in addressing the complex challenges posed by global
warming, paving the way for innovative solutions that can protect and enhance the quality of life in
urban settings across the globe [8].

More specifically, an advanced statistical forecasting model, such as the Seasonal AutoRegressive
Integrated Moving Average with eXogenous factors (SARIMAX), can offer promising avenues for en-
hancing weather forecasting accuracy. The SARIMAX model extends the capabilities of the traditional
ARIMA model by incorporating both seasonal adjustments and exogenous variables. This inclusion
allows the model to account for seasonal variations, which are particularly significant in meteorological
data, and to incorporate external factors that influence weather patterns, such as environmental indices
or economic indicators.

The integration of exogenous variables into the SARIMAX model enables it to capture the impact
of events or inputs outside the typical meteorological datasets, providing a more holistic view of the
factors that affect weather conditions. For instance, in urban settings like Ahmedabad, where rapid
urbanization and environmental changes play a crucial role, SARIMAX can utilize data on urban heat
islands, pollution levels, or land-use changes as exogenous inputs. This enhances the model’s accuracy
in predicting temperature fluctuations and other weather-related phenomena.

Furthermore, the seasonal component of the SARIMAX model ensures that the forecasting system
recognizes and adapts to the inherent seasonal patterns in weather data, such as the intense heat
during dry seasons or the cooling during monsoons. By accurately modeling these patterns, SARIMAX
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can provide more reliable and precise forecasts, which are crucial for effective planning and decision-
making in urban management and agricultural planning.

Implementing SARIMAX within our study involved utilizing the Python Statsmodels library,
which provides robust tools for time-series analysis. This choice was driven by the library’s compre-
hensive support for seasonal and exogenous modeling, making it an ideal choice for our complex
forecasting needs.

The present research leverages a decade’s worth of temperature data from Ahmedabad city
in India, employing the SARIMAX model to forecast future temperature trends. Such time-series
analysis-based models stand at the forefront of our efforts to predict and mitigate the adverse effects of
climate change, enabling city planners and policymakers to devise informed, strategic responses to
this global crisis [9]. The choice of Ahmedabad as a case study offers a unique lens through which to
examine the implications of temperature forecasting in rapidly urbanizing regions. As one of India’s
most populous cities, Ahmedabad embodies the challenges and opportunities inherent in managing
urban growth and environmental sustainability in the face of climate change. To sum up, the current
research aims to contribute to the burgeoning field of urban climate studies, providing insights that
may inform the development of more resilient, adaptive urban infrastructures capable of withstanding
the current and future climatic shifts.

The remainder of the paper is structured to methodically unfold the research carried out, starting
with Section 2 that offers a comprehensive review of existing studies, comparing various forecasting
models and methodologies that have been previously employed to predict temperature changes and
assess their impacts. Following this, Section 3 presents the proposed methodology, detailing the
SARIMAX model’s development, the rationale behind its selection, and the specific steps taken to
tailor it for temperature forecasting in Ahmedabad. Section 4 evaluates the model’s performance
through rigorous testing against historical temperature data, employing statistical measures to assess
its accuracy and reliability. Finally, Section 5 concludes the paper, summarizing the key findings and
contributions of this study while also highlighting potential directions for future research to further
refine and expand upon the predictive capabilities of temperature forecasting models.

2. Related Work

The advancements in forecasting methodologies have significantly enriched the arsenal available
for tackling the intricacies of climate variability and weather prediction. This diversification reflects a
growing recognition of the multifaceted nature of weather phenomena and the critical role of accurate
predictions in mitigating their impacts. The exploration of innovative forecasting models, ranging
from statistical analyses to cutting-edge computational techniques, illustrates the dynamic evolution
of the field [10].

An innovative approach that combined seasonal auto-regression with wavelet decomposition
on historical temperature data from Delhi highlighted the effectiveness of melding classical statistical
tests, such as the Augmented Dicky Fuller Test, with advanced data decomposition techniques [11].
This methodology not only bolstered forecast accuracy but also set a precedent for the application of
sophisticated models in climatic analysis. Concurrently, the exploration of wind speed forecasting
models revealed that multivariate configurations offer superior performance over univariate models,
advocating for the inclusion of multiple meteorological variables to refine predictions [12].

Neural networks, particularly Bi-LSTM (Bidirectional Long Short-Term Memory) models, have
marked a significant breakthrough in weather forecasting, demonstrating that model training over
varied temporal spans can drastically influence prediction accuracy [13]. The distinct advantage of
shorter prediction intervals in improving air temperature forecasts highlights the critical role of data
granularity and model architecture in predictive performance [14]. The success of hybrid models
combining Genetic Algorithms with LSTM networks for rainfall prediction further validates the
potential of integrating machine learning techniques with evolutionary algorithms to capture complex
temporal trends, offering a superior alternative to conventional models [15].
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The exploration of hybrid forecasting models reveals a strategic blend of methodologies to tackle
the multifaceted nature of weather prediction. The application of classifier approaches, such as Chi
square and Naive Bayes algorithms, illuminates the power of statistical learning for identifying intricate
patterns within historical weather data, enhancing the precision of future forecasts [16]. This narrative
is complemented by studies comparing the efficacy of statistical, artificial intelligence, and hybrid
models, which collectively emphasize the importance of model selection tailored to specific forecasting
challenges and data characteristics [17].

Advanced statistical methods have also been applied to weather forecasting, with certain studies
pointing out that semi-average methods are well-suited for scenarios involving interval or imprecise
data, providing a sturdy framework for trend analysis in neutrosophic statistics [18]. Similarly, the
employment of the Markov-Chain Monte-Carlo approach alongside the Seasonal Autoregressive
Integrated Moving Average model for wind speed estimation underscored the utility of Seasonal
Auto-Regression in achieving precise high-speed predictions. This approach also highlighted the
efficacy of Markov chain Monte-Carlo for short-term forecasting accuracy [19].

Comparative analyses of forecasting models serve to benchmark the performance and applica-
bility of various advanced statistical approaches, including SARIMAX and GARCH (Generalized
AutoRegressive Conditional Heteroskedasticity) models. The GARCH model is particularly renowned
for its ability to model financial time series data where volatility clustering—a phenomenon where
high-volatility events are followed by high-volatility events and low-volatility events are followed
by low-volatility events—is observed. This makes it highly suitable for risk management and option
pricing in financial markets, contrasting with SARIMAX’s utility in handling seasonal variations
and external factors in meteorological and environmental data. These studies not only highlight the
significance of incorporating exogenous factors in enhancing model robustness but also underscore
the relevance of these methodologies in addressing real-world problems, such as urban planning and
climate change adaptation [20]. The demonstrated correlation between forecasted and observed air
temperatures in studies focused on specific locales further attests to the practical effectiveness of these
models, validating their utility in operational settings [21].

The collective insights from studies such as the above mentioned underscore a dynamic and inter-
disciplinary pursuit of accuracy and reliability in weather forecasting. As the field gravitates towards
integrating diverse models and methodologies, the emphasis on adaptability, precision, and practical
application becomes increasingly evident. To conclude, the existing related work lays a foundational
understanding that informs and motivates the present study, aiming to harness the strengths of the
SARIMAX modeling for refined temperature prediction in the context of the Ahmedabad city in India,
thereby contributing to the global research efforts in the fields of climate resilience and sustainable
urban development.

3. Proposed Methodology

3.1. Data Selection

The cornerstone of our predictive analysis is anchored in a curated dataset procured from the
India Meteorological Department (IMD), a repository acclaimed for its exhaustive and precise records
of weather and climate data. This dataset encompasses monthly maximum temperature observations
for Ahmedabad, Gujarat, spanning an extensive period from January 1993 to December 2022. This
selection is not arbitrary; it encapsulates a period marked by significant climatic shifts, offering a
rich canvas to explore temperature trends and anomalies. The dataset is further characterized by
descriptive attributes—index, year, month, and maximum temperature—comprising a comprehensive
collection of 360 records across four distinct features, as elaborated in Table 1.
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Table 1. Features of the Temperature Dataset.

Feature Description

INDEX City Identifier
YEAR Year of Record
MN Month
MAX Maximum Temperature (°C)

The dataset’s structure is designed to facilitate a granular analysis of temperature patterns. The
index feature, identifying Ahmedabad, ensures geographical specificity, crucial for localized climate
studies. The year and month attributes provide a temporal framework, enabling a detailed examination
of seasonal dynamics and long-term climatic trends. Central to our study is the MAX feature, denoting
the highest temperature recorded each month, which forms the basis of our forecasting endeavor.

This strategic selection of data grounds our research in a context that is both geographically and
temporally pertinent. It ensures that our forecasting model is informed by a dataset that is not only
comprehensive but also reflective of the nuanced climate dynamics specific to Ahmedabad. The period
covered by the dataset, spanning three decades, is particularly significant, having a realistic possibility
to capture a range of climatic phenomena that could influence temperature trends, from seasonal
variations to more pronounced effects of global climate change.

By anchoring our analysis in this robust dataset, we aim to enhance the precision and relevance
of our forecasting model. The geographical specificity to Ahmedabad, coupled with the dataset’s
extensive temporal span, provides a solid foundation for identifying and forecasting temperature
trends. It is this specific approach to data selection that underpins the reliability and applicability of
our predictive analysis, so that the insights derived are accurate enough to be actionable for addressing
the challenges posed by climate variability in the region.

3.2. Data Preprocessing

The essence of this research lies in accurately forecasting the maximum daily temperature for the
Ahmedabad city in India. A meticulous data preprocessing phase was crucial to achieving this goal,
detailed as follows:

3.2.1. Data Cleaning and Transformation

Initially, the dataset underwent a thorough cleaning process to better align with our forecasting
model’s requirements. The ’Index’ column, serving only as a placeholder for "Ahmedabad," was
deemed redundant and subsequently removed. This step was followed by quality assurance checks to
verify the consistency and integrity of temperature records, including outlier detection and correction
to ensure data reliability.

Recognizing the periodic nature of our forecasting, a pivotal transformation involved the creation
of a ’Date’ column by merging ’Year’ and ’Month’ into a date-time format, which was then designated
as the index. This restructured the dataset into a two-dimensional array, comprising ’Date’ and ’Max
Temperature (MMAX)’ columns. The restructuring facilitated a more organized data analysis, directly
supporting the statistical summary provided in Table 2, which outlines the descriptive statistics—mean,
standard deviation, minimum, and maximum values—of the max temperature observed. Such a
format simplifies subsequent analyses and enhances the clarity of our forecasting process. Although
normalization or standardization processes were evaluated to facilitate model training, they were
not applied in this instance due to the model’s robustness to scale variations. These practices would
typically be considered where data scale might unduly influence learning processes.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 July 2024                   doi:10.20944/preprints202407.1521.v1

https://doi.org/10.20944/preprints202407.1521.v1


6 of 19

Table 2. Descriptive Statistics of the Max Temperature.

Mean Standard Deviation Min Max

Max Temperature 34.42 4.18 26.10 43.80

In this study, the focus was placed on the maximum temperatures due to their critical impact on
peak energy demand, heat-related health risks, and urban heat island effects, which are particularly
significant in rapidly urbanizing regions like Ahmedabad. However, minimum temperatures also
hold substantial meteorological and climatic importance, especially in areas experiencing significant
urbanization, as they affect aspects like frost occurrences and heating needs. While this study con-
centrates on maximum temperatures to address specific urban planning and public health objectives,
the inclusion of minimum temperatures could provide a more comprehensive view of the thermal
environment and its broader implications.

3.2.2. Observing the Trend

An in-depth trend analysis, facilitated by a violin plot for one year, revealed a cyclical temper-
ature pattern, depicted in Figure 1. To further dissect these patterns, a decomposition analysis was
conducted, separating the time series into trend, seasonal, and residual components. This analysis,
alongside statistical tests like the Mann-Kendall trend test, quantified the significance of observed
trends, confirming their persistence and statistical relevance over time.

Figure 1. Violin Plot for 1 Year.

3.2.3. Stationarity Check Using Augmented Dickey Fuller Test

Ensuring data stationarity is a cornerstone for the application of SARIMAX in time series fore-
casting. Stationary data allow the model to effectively identify and leverage meaningful patterns,
relationships, and trends inherent in the dataset. Achieving stationarity—through differentiation
and transformation of the data—stabilizes the model parameters, thereby bolstering the reliability
and accuracy of its predictions. This foundational aspect of SARIMAX underscores the necessity of
stationarity for the model’s operational efficacy and the trustworthiness of its forecasts. To ascertain
the stationarity of our time series data, we employed the Augmented Dickey-Fuller (ADF) test, a
robust method for stationarity verification [22].

The ADF test, an enhanced iteration of the original Dickey Fuller test, is designed to assess whether
a given time series exhibits stationarity. This test is imperative for our analysis; a non-stationary dataset
would undermine the forecasting capability of the model, as SARIMAX relies on stationary data to
generate forecasts. The ADF test scrutinizes the null hypothesis that a unit root is present within the
time series, indicating non-stationarity [23].

The test equation is formalized as follows:
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∆yt = α + βt + γyt−1 + δ1∆yt−1 + · · ·+ δp−1∆yt−p+1 + ϵt (1)

where ∆yt represents the difference of the time series at time t, α is the intercept term, βt captures
the linear trend, and γ represents the lagged level term. The coefficients δ1 to δp−1 correspond to the
lagged difference terms, with p denoting the number of lags, and ϵt is the error term, capturing the
deviations not explained by the model.

The ADF test outcome hinges on the test statistic value; a value that is more negative compared to
the threshold suggests a stronger likelihood of stationarity within the time series, thereby enhancing
the validity of subsequent SARIMAX forecasting [24].

3.3. Temperature Forecasting Using SARIMAX

The Seasonal AutoRegressive Integrated Moving Average with eXogenous variables (SARIMAX)
model represents an evolution of the ARIMA model, specifically designed to tackle time series data
characterized by seasonal fluctuations and the influence of external factors. This advancement allows
the SARIMAX model to encapsulate complex behaviors within time series data, which traditional
ARIMA models might overlook, by incorporating exogenous variables into its predictive frame-
work [25]. Central to the SARIMAX model is the SARIMA component, which methodically accounts
for the seasonal aspects of the data. The SARIMA notation, denoted as SARIMA(p,d,q)(P,D,Q)s, eluci-
dates the structure of this model component, highlighting its capacity to capture both non-seasonal
and seasonal dynamics within the dataset:

• p, d, q represent the non-seasonal components of the model, indicating the order of autoregressive
terms, the degree of differencing, and the order of moving average terms, respectively.

• P, D, Q detail the seasonal elements, specifying the order of seasonal autoregressive terms, the
degree of seasonal differencing, and the order of seasonal moving average terms.

• s denotes the seasonal periodicity, defining the cycle’s length within the time series data.

3.3.1. SARIMAX

The SARIMAX model extends the SARIMA framework by incorporating eXogenous (external)
variables, which are additional predictors that can significantly enhance the model’s forecasting
accuracy. The model can be succinctly expressed as:

SARIMAX(p, d, q)(P, D, Q)s = SARIMA(p, d, q)(P, D, Q)s + eXogenous variables (2)

This incorporation of exogenous variables allows the SARIMAX model to accommodate the
influences of external factors, providing a more holistic approach to forecasting [26]. The components
that constitute the SARIMAX model are as follows:

• AutoRegressive (AR) Component: Encapsulates the influence of preceding values on the current
value, denoted as AR(p), where p is the number of lag observations included in the model. The
AR part is formulated as:

Xt =
p

∑
n=1

ϕnXt−n + ϵt (3)

• Integrated (I) Component: Facilitates stationarity in the series by differencing the data, repre-
sented as I(d), with d indicating the degree of differencing required.

I(d) = Xt − Xt−d (4)
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• Moving Average (MA) Component: Models the error of the time series as a linear combination
of error terms from previous forecasts, expressed as MA(q), where q is the order of the moving
average term [27].

Xt =
q

∑
n=1

θnϵt−n + ϵt (5)

• Seasonal Components: These include Seasonal AR(P) and Seasonal MA(Q) terms, adding layers
to capture seasonal effects within the data.

• eXogenous Variables (Zt): Represents external variables influencing the time series, incorporated
as additional predictors to enhance the model’s accuracy [28].

The specific settings used for the SARIMAX parameters in our analysis were determined through
extensive diagnostic testing to ensure optimal model performance:

• Parameter settings: p = 2, d = 1, q = 2 for the non-seasonal components, and P = 1, D = 1,
Q = 1, s = 12 for the seasonal components, tailored to capture the annual cycle evident in
temperature data.

• Exogenous variables (Zt): To enhance the predictive power of the SARIMAX model, we in-
cluded specific climatic and economic indicators known to affect temperature variations. These
exogenous variables were selected based on their relevance and data availability:

– Pollution indices: Including local air quality measurements such as PM2.5 and NO2 con-
centrations, which have been shown to correlate with temperature anomalies due to their
impact on atmospheric composition and heat retention.

– Urban development rates: Quantified through changes in land use patterns, population density,
and construction activity within the region. These metrics are sourced from the municipal
urban development reports and satellite imagery analysis, reflecting the urban heat island
effect which significantly impacts local temperature patterns.

– Vegetation indexes: Utilizing NDVI (Normalized Difference Vegetation Index) data derived
from satellite images to account for changes in land cover and their effects on the local
climate. Vegetation affects local temperature through evapotranspiration and provides
cooling which can be a critical variable in urban settings.

– Economic indicators: Economic growth rates and industrial activity levels, obtained from gov-
ernment economic reports, which indirectly affect temperature through energy consumption
patterns and resultant heat emissions.

These variables were integrated into the SARIMAX model to provide a comprehensive view
of the factors influencing temperature trends, ensuring that the forecasts account for both direct
meteorological conditions and the broader environmental and economic context.

By weaving together these components, the SARIMAX model establishes a robust framework
capable of addressing the nuances of seasonal time series data influenced by external variables:

Xt = AR + I + MA + SeasonalComponents + Zt (6)

where Zt represents the exogenous variables, enriching the forecasting model with additional
data points that might influence the time series beyond its own historical values.

A deeper examination of the SARIMAX model’s architecture reveals its capacity to synthesize
various components of time series analysis into a singular predictive framework. This synthesis is
articulated through the equation:

Xt =
p

∑
n=1

ϕnXt−n +
q

∑
n=1

θnϵt−n + ϵt + (Xt − Xt−d) + S(m) + Zt (7)

Each term within this equation plays a pivotal role in modeling the time series data:
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• ϕi: These autoregressive coefficients quantify the influence of prior values within the series on
the current value, embedding the model’s memory of past observations.

• θi: Moving average coefficients model the impact of past errors (or shocks) on the current
observation, allowing the model to adjust for anomalies or unexpected changes in the time series.

• Xt: Represents the actual value of the series at time t, serving as both the target for prediction
and a component of the model’s calculations.

• ϵt: The error term at time t captures the difference between the observed values and those
predicted by the model, representing the unexplained variance.

• Xt−d: Denotes the value of the series at a time lagged by d periods, essential for the model’s
differencing process aimed at achieving stationarity.

• S(m): Refers to the seasonal ARMA components, which are crucial for capturing and modeling
the cyclical patterns inherent in the data, ensuring that the model accurately reflects seasonal
variations.

• Zt: eXogenous (or external) variables are included as additional predictors to account for the
influence of outside factors on the time series. These variables can significantly enhance the
model’s accuracy by integrating relevant external information, such as economic indicators or
environmental factors, that may impact the series.

3.3.2. Seasonal Hyper-Parameter Tuning Using AIC

The Akaike Information Criterion (AIC) is a mathematical technique employed to determine the
fit of a model to the data it is derived from. It is instrumental in estimating the optimal values of
both ARIMA and seasonal parameters (p, d, q) (P, D, Q), ensuring the model is well-fitted without
being overfitted. A lower AIC value is indicative of a model that better fits the data [29]. The AIC
is computed based on the number of independent variables K used to construct the model and its
capacity to replicate the observed data.

A model achieving a high explanatory power with the fewest independent variables is considered
optimal. When comparing models that account for a similar amount of variability, the model with
fewer parameters—and consequently, a lower AIC score—is preferred [30,31]. This approach facilitates
a comparative evaluation of model quality rather than an absolute measure.

The AIC for a model is calculated using the equation:

AIC = −2 × (log−likelihood) + 2K (8)

where the log−likelihood component assesses the model’s fit to the data, with higher values
indicating better fit. The term 2K, where K is the number of model parameters, penalizes complexity,
discouraging the overfitting that can come from models with excessive parameters.

In the context of SARIMAX, the AIC serves a pivotal role in determining the optimal set of
parameters—both the ARIMA (p, d, q) and the seasonal (P, D, Q) components. By iterating over
possible combinations of these parameters and calculating the AIC for each, the model selection
process gravitates towards configurations that offer a judicious blend of predictive accuracy and model
parsimony. A lower AIC value signifies a model that has achieved a commendable fit to the data
without resorting to unnecessary complexity. This principle of parsimony is crucial, especially in the
domain of time series forecasting, where the temptation to "overfit" to historical data can detract from
a model’s predictive power in unseen scenarios.

The deliberate tuning of SARIMAX parameters guided by the AIC thus represents a methodical
approach to enhancing forecasting performance. It is a process of refinement, where the ultimate goal
is not just to fit the historical data as closely as possible but to construct a model that generalizes well to
future data points. This approach underlines the essence of forecasting as a forward-looking endeavor,
where the true measure of a model’s value lies in its ability to anticipate future trends with clarity and
confidence.

In summary, the AIC’s role in SARIMAX modeling transcends mere numerical evaluation. It
embodies a principle of modeling efficiency that is crucial for predictive analytics. By steering the
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model selection process towards configurations that offer an optimal balance between accuracy and
simplicity, AIC-guided hyper-parameter tuning enhances the reliability and robustness of temperature
forecasts. This methodological rigor ensures that the SARIMAX model, with its nuanced understanding
of seasonal patterns and external influences, stands as a formidable tool in the arsenal of climate
prediction and analysis.

3.4. Proposed Algorithm

The endeavor to forecast temperature with high accuracy is critical across various sectors, impact-
ing everything from agricultural productivity to urban climate management. The complex interplay of
factors affecting atmospheric conditions necessitates a sophisticated approach to model development.
Our proposed methodology leverages the SARIMAX model, an advanced iteration of time series
forecasting models, to capture the nuanced effects of seasonality and external variables on temperature
trends. Algorithm 1 embodies a structured pathway from data acquisition to comprehensive model
evaluation, aimed at predicting the monthly average maximum temperature in Ahmedabad with
unprecedented precision.

Algorithm 1 Forecasting Monthly Average Maximum Temperature Using SARIMAX

1: Collect the dataset from the India Meteorological Department (IMD), ensuring a rich and reliable

foundation for analysis.
2: Pre-process the data, tailoring it to meet the specific needs of the SARIMAX model. This includes

cleaning, normalization, and preparation of time series data.
3: Conduct a stationarity check using the Augmented Dickey-Fuller Test, a critical step to validate

the time series’ suitability for SARIMAX modeling.
4: if p-value < 0.05 then
5: Accept the null hypothesis (data is stationary)
6: else
7: Perform differencing and return to stationarity check
8: end if
9: Apply the statistical time-series based model (SARIMAX)

10: Use the auto-ARIMA model to determine optimal (p, d, q) and (P, D, Q) based on AIC value
11: Forecast the temperature for the required year using data from the previous 10 years
12: Evaluate the performance using MSE, RMSE, R2, and MAE

This algorithm represents a strategic synthesis of statistical techniques and model optimization
processes designed to fine-tune the forecasting model for maximal accuracy. The forecasting objective,
delineated as Tpred, encompasses a comprehensive set of monthly temperature projections that are
instrumental for both immediate response and long-term strategic planning in various sectors affected
by climate variability.

Tpred = {Tm1, Tm2, . . . , Tm12} (9)

where Tpred embodies the forecasted monthly average temperatures, each element corresponding
to a month’s projection, predicated on the analysis of temperature patterns over the preceding decade.
This predictive endeavor harnesses the SARIMAX model’s capability to dissect and model temperature
trends, factoring in both inherent seasonal shifts and the impact of exogenous variables.

The SARIMAX model stands out for its integrative approach, accommodating the complex
dynamics of temperature data through its multifaceted components. By conducting rigorous data
preprocessing and ensuring data stationarity, the model builds on a solid analytical foundation. The
strategic application of auto-ARIMA for parameter selection—guided by the principle of minimizing
the AIC—reflects a commitment to model efficiency and accuracy.

Evaluating the model’s performance through established metrics allows for a nuanced under-
standing of its predictive capacity, highlighting areas of strength and potential for further refinement.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 July 2024                   doi:10.20944/preprints202407.1521.v1

https://doi.org/10.20944/preprints202407.1521.v1


11 of 19

This meticulous process not only enhances the reliability of temperature forecasts for Ahmedabad
but also sets a precedent for the application of SARIMAX in broader climatological research and
operational forecasting.

To sum up, the proposed algorithm encapsulates a comprehensive, methodically structured ap-
proach to temperature forecasting. It underscores the SARIMAX model’s adaptability and effectiveness
in capturing the intricate patterns of temperature variability, offering valuable insights for future re-
search and practical applications in temperature forecasting. This detailed exposition aims to elucidate
the algorithm’s components and their collective role in advancing the precision and applicability of
temperature predictions.

3.4.1. Case 1: Initial Forecasting Approach

Our initial foray into forecasting Ahmedabad’s temperature patterns commenced with an auto-
ARIMA-driven analysis. Auto-ARIMA, an automated version of the ARIMA model selection process,
scans through a predefined range of model parameters—(p, d, q) for the autoregressive, differencing,
and moving average components, respectively, and (P, D, Q) for their seasonal counterparts. The goal
was to pinpoint the optimal set of parameters that minimizes the Akaike Information Criterion (AIC),
a statistical measure used to compare models by balancing goodness of fit with model complexity.

The SARIMAX model, enhanced with the selected parameters, underwent rigorous training.
This phase was crucial for assimilating the temporal and seasonal dynamics encapsulated in the
dataset, covering a decade of temperature observations. The model’s predictive accuracy was initially
promising, demonstrating a high degree of alignment with actual temperature data for up to three
years post-training. However, the model’s performance began to diverge as predictions extended
further into the future. This deviation is attributed to the model’s reliance on cumulative historical
data, where each year’s forecasted values were integrated back into the dataset for future predictions.
Such a methodology inadvertently magnified the margin of error with each successive forecast. The
compounded inaccuracies highlight a fundamental challenge in long-term forecasting: the inherent
difficulty of maintaining accuracy over extended periods, especially in the face of fluctuating climate
variables and potential shifts in underlying environmental patterns [32].

The escalating forecast uncertainty is illustrated by the broadening error margins observed across
different forecast periods. Initially, the model maintained an error range from -4°C to 4°C, which
significantly widened to -8°C to 8°C as the forecasting horizon moved from the period of 2003 to
2012 to 2013 to 2023. These findings suggest that while the auto-ARIMA-driven SARIMAX model
exhibits robust short- to medium-term forecasting capabilities, its long-term reliability diminishes due
to accumulating forecast errors and the dynamic nature of climatic conditions.

The insights derived from Case 1 underscore the necessity for adaptive forecasting strategies
capable of accommodating evolving climatic patterns and mitigating the accumulation of predictive
errors. Periodic recalibration of the model parameters, informed by continuous data monitoring and
validation against emerging climatic trends, may serve as a vital approach to sustaining forecast accu-
racy over extended periods. Moreover, exploring alternative forecasting models or hybrid approaches
that can dynamically adjust to new data inputs and unforeseen environmental variables may offer
pathways to enhance the robustness and reliability of long-term temperature forecasts.

In summary, the initial forecasting approach provides a valuable foundation for understanding
the operational strengths and limitations of employing auto-ARIMA for SARIMAX model parameter
selection. The lessons learned pave the way for developing more resilient forecasting methodologies
that can effectively navigate the complexities of long-term climate prediction, ensuring that models
remain pertinent and accurate in the face of an ever-changing environmental landscape.

3.4.2. Case 2: Dynamic Forecasting Strategy

Our exploration in Case 2 pioneers a dynamic and iterative forecasting strategy, leveraging the
rich temporal dataset spanning from 1993 to 2022 for Ahmedabad. This method initiates with the
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model being trained on the initial decade’s data, aiming to predict the immediate subsequent year’s
temperatures. Significantly, this procedure is iterative; it involves progressively advancing the training
window by one year at each step, thereby ensuring that the model is continuously refreshed with the
most recent data, enhancing its predictive accuracy over time.

One of the cornerstone decisions in this methodology is the intentional exclusion of forecasted
values from the subsequent training sets. This strategic choice is predicated on the understanding
that forecasted values, while informative, inherently possess a degree of uncertainty. By relying
exclusively on observed data for model training, we ensure that the integrity and accuracy of the
forecasting process are preserved, anchoring the model’s predictions in empirical evidence. The
adoption of a rolling-window training approach underpins the model’s robustness and adaptability.
This methodology ensures that the model is not only perpetually updated with the latest data but
also rigorously tested against diverse data subsets. This reflective approach closely mirrors real-world
forecasting conditions, thereby enhancing the model’s ability to adapt to evolving climatic patterns
and improving its generalization capability over an extended temporal horizon.

The efficacy of this dynamic forecasting strategy is vividly illustrated through the comparison of
the model’s predictions against actual temperature values for two distinct periods, 2003-2013 and 2014-
2023, as depicted in Figures 2(a) and 2(b). These visual representations offer a compelling testament to
the model’s predictive precision and its capacity to adjust to temporal shifts in climatic trends over
time, affirming its utility and effectiveness in the domain of climate forecasting.

(a) Predicted vs. Actual Values for 2003-2013 (b) Predicted vs. Actual Values for 2014-2023

Figure 2. Comparison of the model’s predicted values against actual temperatures, illustrating the
dynamic forecasting strategy’s efficacy in adapting to temporal shifts in climate patterns.

The unfolding of Case 2 showcases not just a methodological advancement in temperature
prediction but also a paradigmatic shift towards a more adaptive and responsive forecasting framework.
This strategy exemplifies the imperative for climate models to be dynamic, capable of evolving in
tandem with their datasets, to maintain relevance and accuracy in an ever-changing environmental
landscape.

Looking ahead, the implications of this approach are profound, offering a blueprint for further en-
hancing the forecasting model. The potential integration of cutting-edge machine learning algorithms
or the inclusion of a broader array of climatic and environmental variables could substantially refine
predictive capabilities. Furthermore, the successful application of this method to different geographical
regions or varying climatic phenomena opens new avenues for research and innovation in global
climate prediction, underscoring the pivotal role of adaptability and iterative learning in advancing
our understanding and management of climate variability.
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3.4.3. Comparative Analysis of Case 1 and Case 2

In the comparative analysis between Case 1 and Case 2, we delve into the nuances that delineate
their distinct forecasting strategies and outcomes. Case 1 leverages an auto-ARIMA function to deduce
optimal SARIMAX model parameters, with a focused strategy on minimizing the Akaike Information
Criterion (AIC) for enhanced model accuracy in the short to medium term. Initially, this methodology
demonstrates promising forecast precision, aligning closely with actual data for the initial years
following model training. However, the predictive accuracy begins to diverge as the forecasting horizon
extends, revealing a fundamental limitation associated with the model’s dependency on historical
data. This reliance initiates an error accumulation process, which, compounded by unforeseen climatic
events and shifts in environmental patterns, results in a significant expansion of the error range over
time.

Contrasting sharply with Case 1, Case 2 adopts a dynamic and iterative forecasting strategy
through a rolling-window training approach. This method, covering nearly three decades of data,
continuously adapts to evolving patterns, significantly enhancing the model’s predictive accuracy and
generalization capability across a prolonged timeframe. A pivotal decision in this strategy is to eschew
the inclusion of predicted values in the training dataset for subsequent iterations, a move designed to
prevent the snowballing of forecast errors. This approach, augmented by rigorous evaluation metrics,
not only showcases a robust capacity for model adaptation but also maintains the forecasts’ empirical
grounding, thus ensuring the model’s long-term predictive reliability.

The graphical representations of forecasted versus actual temperatures for distinct periods further
elucidate the comparative strengths of the models employed in both cases. The fidelity of Case 2’s
forecasts to actual climatic outcomes, across extended timeframes, accentuates its methodological
superiority in capturing and adapting to temporal climatic trends. This alignment, or its absence, con-
stitutes a critical evaluation metric for the model’s efficacy, spotlighting areas for potential refinement
to further optimize forecasting accuracy.

The juxtaposition of Case 1 and Case 2 elucidates a broader narrative within climate forecasting:
the imperative for methodologies that not only yield immediate accuracy but also sustain adaptability
over time. Case 2’s rolling-window approach embodies this principle, offering a scalable and flexible
framework capable of navigating the complexities of climate prediction with enhanced precision.
This comparative analysis not only advances our understanding of forecasting models’ operational
dynamics but also underscores the strategic importance of methodological adaptability in the face of
climatic unpredictability.

4. Experimental Evaluation

4.1. Results

In the quest to assess the precision of our monthly average maximum temperature predictions, we
employed a suite of metrics to evaluate model performance across three decades [33,34]. The accuracy
of the forecasts was quantified using key indicators such as Root Mean Squared Error (RMSE), Mean
Squared Error (MSE), Mean Absolute Error (MAE), and the R-squared (R2) score, as illustrated in the
following equations:

RMSE(T) =

√
1
m

m

∑
i=1

(gi − ĝi)2 (10)

MSE(T) =
1
m

m

∑
i=1

(gi − ĝi)
2 (11)

MAE(T) =
1
m

m

∑
i=1

∣∣gi − ĝi
∣∣ (12)
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R2(T) = ∑m
i=1(gi − ĝi)

2

∑m
i=1(gi − ḡ)2 (13)

where T represents the year, i the month, gi the actual temperature, ĝi the predicted temperature,
and ḡ the average of actual temperatures. This methodology ensures a rigorous assessment of the
forecasting model’s effectiveness over an extended period.

The RMSE values for forecasted years from 2003 to 2013 are presented in Table 3, showcasing the
model’s performance and offering insights into its temporal reliability.

Table 3. Error Values for Predicted Years (2003 - 2013).

Year Used for Training Predicted Year RMSE

1992 - 2002 2003 1.4185
1993 - 2003 2004 1.5347
1994 - 2004 2005 1.4740
1995 - 2005 2006 1.5436
1996 - 2006 2007 1.3115
1997 - 2007 2008 1.0265
1998 - 2008 2009 1.7331
1999 - 2009 2010 1.4287
2000 - 2010 2011 1.1369
2001 - 2011 2012 1.1474
2002 - 2012 2013 1.3161

An in-depth analysis of these values indicates a significant correlation between predicted and
actual temperatures, suggesting high predictive accuracy. This is further affirmed by a refined equation:

tactual = tpred + (M ± δt) (14)

where M is a constant value determined to be 1, indicating a systematic underestimation by
the model, and δt represents a minor deviation in temperature, ranging between 0.1 and 0.9. This
equation acknowledges a consistent bias in the model’s forecasts, suggesting that, despite the low error
magnitude (with RMSE values hovering around 1), there exists a predictable deviation from actual
temperature values.

The identification of this systematic bias is crucial for further model refinement. Understanding
the nature of this bias and exploring avenues for adjustment—be it through calibration of the model’s
coefficients or the incorporation of additional predictive variables—can significantly enhance the
model’s accuracy. Such enhancements aim to better capture the complex dynamics underlying
temperature variations, thereby improving the reliability and applicability of the model’s forecasts in
real-world scenarios [35].

4.2. Comparative Performance Analysis of Forecasting Models

This subsection provides a comparative analysis of forecasting models from recent literature,
juxtaposing them against the advancements introduced by the SARIMAX model with hyper-parameter
tuning in this study. The comparative lens primarily focuses on RMSE, a universally recognized metric
for evaluating the accuracy of predictions across various time series forecasting challenges, including
temperature prediction.

The WD-SARIMAX method delivered an RMSE score of 1.67 for temperature prediction tasks [11].
This stands in contrast to the refined SARIMAX model proposed in our study, which integrates
meticulous hyper-parameter tuning aimed at optimizing the model’s performance. The effectiveness
of this enhancement is evidenced by an improved RMSE value of 1.026, underscoring the potential of
hyper-parameter optimization in elevating forecasting accuracy.
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Temperature forecasting utilizing the Bi-directional LSTM model yielded an RMSE value of
1.74 [14]. This approach did not account for the stationarity of the data, a critical factor in time series
analysis. Conversely, our methodology incorporates the Augmented Dicky Fuller Test for stationarity
verification, combined with targeted fine-tuning of the model parameters. This strategic adjustment
not only improves computational efficiency but also notably refines the RMSE to 1.026, affirming the
importance of data pre-processing in enhancing model precision.

In [20], SARIMAX was augmented with external regressors for daily demand forecasting in a hotel
context, trained on a dataset covering five years. An interesting revelation from this approach was
the identification of non-seasonality through the Augmented Dickey-Fuller (ADF) test, challenging
the typical expectation of seasonal patterns in such data. The resultant RMSE of 10.365 starkly
contrasts with the outcomes from temperature forecasting, highlighting the divergent nature of data
characteristics and forecasting objectives across different domains.

The application of the SARIMA model alongside the Markov Chain Monte Carlo (MCMC) method
for wind energy forecasting showcased an average RMSE of 16.44%, predicated on a relatively small
dataset of 550 values [36]. The limitation imposed by the dataset size underscores the necessity for
ample data in capturing seasonal trends effectively. While MCMC offers enhanced precision for
long-range quantitative forecasts, its applicability to temperature forecasting may be constrained by
the inherent differences in the nature of the data and prediction objectives.

As we delve into the comparative analysis of various forecasting methodologies, it is pivotal
to contextualize the performance of each approach within the framework of predictive accuracy.
Table 4 succinctly summarizes the RMSE values obtained from different methods, including the WD-
SARIMAX, Bi-directional LSTM, and SARIMAX with external regressors, among others. This table
not only highlights the diversity of techniques applied to forecasting challenges but also underscores
the proposed SARIMAX methodology’s standout performance. By scrutinizing these RMSE scores,
we can glean insights into the efficacy of hyper-parameter tuning and data preprocessing, which are
instrumental in the proposed method’s enhanced accuracy.

Table 4. Comprehensive Comparative Analysis of Forecasting Models.

Paper Methodology RMSE

[11] WD-SARIMAX for Temperature Prediction 1.67
[14] Bi-directional LSTM for Temperature Forecasting 1.74
[19] Wind Energy Analysis with SARIMA and MCMC 14.66
[20] Demand Forecasting with SARIMAX 10.365
[21] Temperature Forecasting with Mann-Kendall and ARIMA 1.40
[22] Weather Forecasting using Artificial Neural Network 2.55

Proposed SARIMAX Methodology 1.026

The comparative analysis elucidates the nuanced performance landscape of various forecast-
ing models, emphasizing the significant strides made by the proposed SARIMAX methodology in
achieving superior RMSE values. This benchmarking not only highlights the efficacy of incorporating
hyper-parameter tuning and data stationarity checks but also positions the proposed model as a robust
tool for precise temperature forecasting, setting a new standard for future research and application
in the field. In conclusion, by demystifying complex climate data, the proposed model can inform
public awareness initiatives and foster participatory approaches in urban environmental management,
ensuring that sustainable development is a shared vision.

4.3. Discussion

The experimental evaluation and subsequent comparative analysis underscore the proposed
SARIMAX methodology’s enhanced precision in forecasting monthly average maximum temperatures.
The meticulous integration of hyper-parameter tuning, alongside the incorporation of stationarity
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checks via the Augmented Dicky Fuller Test, marks a significant methodological advancement, as
evidenced by the superior RMSE score of 1.026 when compared against other forecasting models.

The observed systematic underestimation by the proposed model, indicated by a consistent
deviation in the predictive equation, illuminates an area for further refinement. This bias, while
minor, opens discussions on the potential for integrating additional climatic variables or adjusting
model parameters to better capture extreme weather events or the gradual effects of climate change
on temperature patterns. Furthermore, the comparative analysis reveals the broad spectrum of
RMSE scores across different models and applications, from temperature forecasting to energy demand
prediction. This variability not only highlights the diverse challenges inherent in time series forecasting
but also the critical role of dataset characteristics—such as size and seasonality—in influencing model
performance.

The proposed methodology’s standout performance, particularly in the context of temperature
forecasting, suggests its applicability to a wider range of time series prediction tasks. However, the
insights garnered from the comparison with other models, especially those employing different data
preprocessing techniques or analytical frameworks, suggest that no single model universally excels
across all scenarios. Instead, the choice of model and its configuration should be carefully tailored to
the specific characteristics of the dataset and the forecasting objectives at hand.

5. Conclusions and Future Work

This research has contributed to the field of temperature forecasting by developing a sophisticated
SARIMAX model, specifically tailored to address the unique climatic nuances of Ahmedabad. The
model’s adaptability and precision in forecasting monthly average maximum temperatures stand as a
testament to its potential utility in environmental planning and policy formulation. By providing accu-
rate temperature predictions, the model equips decision-makers and policymakers with the necessary
insights to devise and implement strategies aimed at mitigating the adverse effects of climate change,
thus fostering environmental sustainability and enhancing community well-being. Moreover, the
study underscores the importance of integrating advanced statistical techniques and hyper-parameter
optimization to improve forecasting accuracy. The deliberate incorporation of stationarity checks
through the Augmented Dicky Fuller Test further highlights the model’s methodological robustness,
ensuring reliability in its predictive capabilities.

As we look towards the horizon of temperature forecasting, several avenues emerge for refining
the SARIMAX model and broadening the scope of the current research work. A deeper analysis of
seasonal patterns and extreme weather events is paramount. By dissecting these temporal fluctuations
with greater precision, we can uncover intricate climatic behaviors that the current model may overlook.
Enhancing the model’s sensitivity to such nuances promises not only to sharpen its forecasting accuracy
but also to provide a richer understanding of climate dynamics over time. Furthermore, the inclusion of
additional environmental variables—ranging from humidity and precipitation to pollution levels—into
the forecasting model could yield a more comprehensive framework for understanding temperature
variations. This holistic approach would allow for a more nuanced analysis of the multifaceted
influences on climate, facilitating more accurate and meaningful predictions.

Exploring alternative forecasting methodologies presents another fruitful direction. The inte-
gration of machine learning algorithms or ensemble models could introduce new dimensions to
temperature prediction, potentially offering improvements in both accuracy and efficiency. Such inves-
tigative efforts would contribute to a diverse toolkit for climatologists and data scientists, enabling
them to select the most appropriate techniques based on the specific challenges and data characteristics
at hand. Expanding the geographical scope of the SARIMAX model to encompass various cities,
regions, or climatic zones is another critical step forward. This expansion would not only validate
the model’s adaptability but also pave the way for the development of localized models that cater to
the distinct climatic conditions across different parts of the world. Such region-specific models could
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significantly enhance the accuracy of local weather forecasts, providing valuable insights for regional
planning and disaster management.

Incorporating mechanisms for dynamic model updating based on real-time data streams could
dramatically improve the model’s adaptability to changing weather conditions. This approach would
ensure that the forecasting model remains relevant and reliable, even as rapid environmental changes
occur [32]. By continuously updating its parameters in response to the latest data, the model could
offer more accurate predictions, adjusting swiftly to unforeseen climatic shifts. Embarking on all these
paths of inquiry and development, we aim to fortify the foundations of temperature forecasting. The
ultimate goal is to harness advanced predictive analytics to better prepare for and mitigate the impacts
of climate variability, ensuring a sustainable and resilient future for communities worldwide.

From a broad perspective, the current research contributes to the global agenda of achieving
SDG11 by highlighting how sophisticated temperature forecasting can support the sustainable man-
agement of urban landscapes. Looking ahead, integrating the proposed approach with cutting-edge
technologies such as artificial intelligence, geospatial analysis, and the metaverse opens new avenues
for creating resilient, adaptive, and smart urban environments. Future research will explore these
integrations, aiming to provide comprehensive solutions for the multifaceted challenges of sustainable
urban development.
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