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Abstract

Urban climate variability has become a critical concern due to rapid urbanization and its impact on environmental
sustainability. Artificial Intelligence (AI) has emerged as a powerful tool for modeling and predicting complex urban
climate patterns by leveraging large-scale heterogeneous data. This paper presents a systematic review of recent
advancements in Al-driven urban climate analytics, focusing on machine learning and deep learning techniques applied
to temperature prediction, air quality assessment, and microclimate modeling.

A structured review methodology was adopted to analyze studies published between 2018 and 2025 from major scientific
databases, including IEEE, Springer, Elsevier, and Scopus. The sclected studies are categorized based on modeling
approaches, data sources, and application domains. The review highlights the increasing adoption of convolutional neural
networks (CNNs) and hybrid models for capturing spatial-temporal dependencies.

Despite notable progress, challenges such as limited data integration, poor model generalization, and lack of
interpretability remain. This paper identifies research gaps and proposes future directions including multi-modal data
fusion and explainable Al for sustainable urban climate management.
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1. INTRODUCTION This paper aims to provide a comprehensive review of
Al techniques used in urban climate prediction,
focusing on:

[IModeling approaches

[Data sources

Rapid urbanization has significantly altered
local climate patterns, leading to phenomena such as
urban heat islands, air pollution, and microclimate

variability. These changes pose serious challenges to S 3
[JApplication domains

environmental sustainability and urban planning L
OResearch gaps and future directions

[2]1[7].
2. BACKGROUND AND RELATED WORK
Al techniques in urban climate research can be
broadly categorized into:
2.1 Machine Learning Approaches
Traditional models such as:
_ILinear Regression

Traditional statistical models often fail to
capture the nonlinear and spatial-temporal complexity
of urban climate systems. In contrast, Artificial
Intelligence (Al), particularly machine learning and
deep learning techniques, has demonstrated strong

potential in modeling complex environmental systems. ..
“Decision Trees

Recent advancements in deep learning JRandom Forest
architectures, especially convolutional neural networks These models are simple but limited in capturing
(CNNs), have enabled improved prediction accuracy by complex patterns.

capturing spatial dependencies in climate data [2].
However, the growing body of literature lacks
systematic organization and critical analysis.

2.2 Deep Learning Approaches
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Advanced models include:
“JConvolutional Neural Networks (CNN5s)
TJRecurrent Neural Networks (RNNs, LSTM)
CNN s are particularly effective in spatial analysis,
while LSTM models handle temporal dependencies
[11(5].

2.3 Hybrid Models
Recent studies combine:

JCNN + LSTM

ML + optimization
techniques
These models improve prediction
accuracy but increase computational
complexity.

3. SYSTEMATIC REVIEW METHODOLOGY

This study adopts a structured and transparent
systematic review methodology to analyze the
application of Artificial Intelligence (AI) techniques in
urban climate prediction and sustainability analytics.
The review process follows established guidelines for
systematic literature reviews to ensure reproducibility,
objectivity, and comprehensive coverage of relevant
studies.

3.1 Data Sources and Search Strategy

A comprehensive literature search was
conducted across major scientific databases, including
IEEE Xplore, Springer Link, Elsevier ScienceDirect,
and Scopus. These databases were selected due to their
extensive coverage of peer-reviewed articles in
artificial intelligence, environmental science, and urban
sustainability.

The search was performed using a combination of
keywords and Boolean operators to capture relevant
studies. The primary search string included:

(“urban climate” OR “urban microclimate” OR
“temperature prediction”) AND (“artificial
intelligence” OR “machine learning” OR “deep
learning” OR “CNN”) AND (“sustainability” OR
“smart city”)

The search was limited to publications from 2018 to
2025 to ensure inclusion of recent advancements in Al
techniques.

3.2 Inclusion and Exclusion Criteria

To ensure the quality and relevance of selected studies,
specific inclusion and exclusion criteria were applied.

Inclusion Criteria:
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OPeer-reviewed journal articles and conference
papers

OStudies focusing on Al, machine learning, or
deep learning applications in wurban climate
prediction

OResearch involving environmental parameters
such as temperature, air quality, or microclimate
conditions

UArticles published in English between 2018 and
2025

Exclusion Criteria:

ONon-peer-reviewed articles, editorials, and
opinion papers

OStudies not directly related to urban climate or
sustainability

OPapers lacking methodological details or
experimental validation

ODuplicate studies across multiple databases
3.3 Study Selection Process

The study selection process was carried out in multiple
stages to ensure systematic filtering of relevant
literature.

Initial Screening:

OTitles and abstracts were reviewed to eliminate
irrelevant studies.

Full-Text Review:

JSelected articles were examined in detail to assess
their relevance based on the inclusion criteria.

Final Selection:

TOnly studies that met all criteria were included for
qualitative analysis.

The overall process resulted in a refined set of high-
quality research articles for further evaluation.

3.4 Data Extraction and Analysis

Relevant information was systematically extracted
from each selected study, including:

TJAuthor(s) and publication year

TJAI techniques used (e.g., machine learning, CNN,
hybrid models)

TType of dataset (e.g., satellite, sensor-based,
historical weather data)

JStudy objectives and application domain

Key findings and performance metrics
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“I1dentified limitations
The extracted data were organized into structured
tables to facilitate comparison and synthesis.

3.5 Classification Framework

To provide meaningful insights, the selected
studies were categorized based on the following
dimensions:

“IModeling Techniques: Machine learning, deep
learning, and hybrid approaches

TData Sources: Satellite imagery, loT sensor data,
and meteorological datasets[§]

JApplication Areas: Temperature prediction, air
quality monitoring, and urban sustainability
planning

This classification enables a systematic understanding
of current research trends and technological
advancements.

3.6 Limitations of the Review

Despite efforts to ensure comprehensive
coverage, this review has certain limitations. The study
is restricted to articles published in selected databases
and in the English language, which may exclude
relevant research from other sources. Additionally,
variations in datasets and evaluation metrics across
studies may affect direct comparability.

4. ANALYSIS AND DISCUSSION
4.1 Overview of Reviewed Studies

The comparative analysis of the selected
studies reveals a clear transition from traditional
machine learning techniques to advanced deep learning
models for urban climate prediction. Earlier
approaches, such as Random Forest and Support Vector
Machines, demonstrate stable performance with
structured datasets but fail to capture complex spatial—
temporal dependencies inherent in wurban climate
systems.

In contrast, recent studies increasingly adopt
deep learning architectures, particularly convolutional
neural networks (CNNs) and hybrid models, to address
these limitations. This shift indicates a growing
emphasis on high-dimensional data representation and
improved predictive accuracy.

4.2 Performance Comparison of Modeling
Techniques

The literature highlights three dominant categories of
models:
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1. Traditional Machine Learning Models

Models such as Random Forest, Support Vector
Machines, and Gradient Boosting are widely used due
to their simplicity and lower computational
requirements. These models perform reasonably well
for small to medium-sized datasets and structured
inputs.

However, their major limitation lies in:

UlInability to capture spatial relationships

TReduced performance in high-dimensional datasets
2. Deep Learning Models

Deep learning techniques, particularly CNNs, show
superior performance in most urban climate
applications. Their ability to extract spatial features
from satellite and sensor data significantly improves
prediction accuracy.

Key strengths:

D Effective spatial feature extraction

TTHigh scalability with large datasets

[ Better performance in image-based and geospatial
data

OHowever, they introduce challenges such as:

UHigh computational cost

DRequirement for large labeled datasets

3. Hybrid Models

Hybrid approaches, such as CNN-LSTM, combine
spatial and temporal learning capabilities. These models
consistently outperform standalone methods in complex
prediction tasks.

Advantages:
|Capture both spatial and temporal dependencies
OlImproved generalization
| |Limitations:
MMIncreased model complexity
_IDifficult to optimize and interpret
4.3 Role of Data Sources

The analysis indicates that the type and quality of data
significantly influence model performance.

Key observations:

ISatellite data provides strong spatial coverage but
requires preprocessing

LSensor data (IoT-based) offers real-time insights but
may lack consistency

_|Historical weather data is reliable but limited in
spatial granularity

34
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The best-performing studies use multi-source data
integration, combining all three.

4.4 Application-Based Insights

The reviewed studies focus on three major application
domains:

“JTemperature Prediction: Most explored area, with
CNN models achieving high accuracy

JAir Quality Monitoring: Effective use of machine
learning models, but limited deep learning adoption
JUrban Microclimate Analysis: Emerging area with
increasing hybrid models[3][4]
Observation:

use of

Temperature prediction is saturated, but microclimate
modeling still has research scope.

4.5 Key Challenges Identified

Across the literature, several recurring challenges are
observed:

1. Data Integration Issues

Most studies rely on single-source datasets, leading to
incomplete modeling of urban environments.

4.7 Literature Comparison

2. Generalization Problems

Models trained on one city often fail when applied to

different geographic regions.

3. Computational Complexity

Deep learning models require significant processing
power, limiting real-time applications.

4. Lack of Interpretability

Many Al models function as black boxes, making them

unsuitable for policy-level decision-making.

4.6 Emerging Trends

Recent studies indicate several important trends:
OlIncreasing adoption of CNN and hybrid models
DGrowing use of satellite and remote sensing data

OJShift toward smart city and sustainability

applications

There

is also a noticeable movement

toward integrating Al with [oT systems for
real-time climate monitoring.

Table 1: Comparative Analysis of Al Techniques in Urban Climate Prediction

Author(s) [Year] Method Used Dataset Application Key Results Limitations
Zhang et 2019 CNN Satellite + Urban High spatial | Requires large
al. Weather Data Temperature accuracy dataset

Prediction
Lietal. 20200 LSTM Time-series Climate Captures Weak spatial
meteorological Forecasting temporal modeling
data dependencies
Kumar et2021Random Forest Historical Air Quality Good for small Limited
al. weather data Prediction datasets nonlinear
learning
Wang 2022| CNN-LSTM Satellite + Urban Improved High
al. Hybrid Sensor Data Microclimate accuracy computational
Prediction cost
Singh et 2021 ANN Environmental Temperature Moderate Over fitting
al. datasets Prediction accuracy issues
Chen et al. 2023| Deep CNN Remote sensing Urban Heat | Strong spatial Complex
data Island extraction preprocessing
Analysis

Ahmed et2022] SVM Air quality Pollution Stable Poor

al. datasets Prediction performance scalability

Rao et al. 2023 Hybrid ML Multi-source Climate Better Model

Model data Analytics generalization complexity
Park et al. 2020|Gradient 'Weather Climate High accuracy No spatial
Boosting datasets Prediction capture

IJRITCC | September 2026, Available @ http://www.ijritcc.org

35


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication

ISSN: 2321-8169 Volume: 14 Issue: 3

Article Received: 25 July 2026 Revised: 12 August 2026 Accepted: 08 September 2026

The comparative analysis indicates that deep learning
models, particularly CNN and hybrid architectures,
outperform traditional machine learning approaches in
capturing spatial-temporal dependencies. However,
challenges such as data integration and model
generalization remain significant.

4.8 Critical Insight

The analysis clearly shows that while deep learning
models outperform traditional approaches, their
effectiveness is highly dependent on data quality and
integration strategies. The biggest gap is NOT model
design. The real problem is data fragmentation and lack
of unified frameworks.

5. PROPOSED FRAMEWORK

This paper proposes a conceptual framework for
Al-driven urban climate analytics: Stages:
TData Collection (satellite, sensors, weather

data)
OData Preprocessing (cleaning, normalization)

UFeature Extraction
Al Model (CNN / ML / Hybrid)
UPrediction Output
O Sustainability Insights

This framework aims to integrate multiple data
sources and improve prediction accuracy.

Al-Based Urban Climate Analytics Framework ——

Data Collection Data Preprocessing
X +44

« Satellite Data
* Sensor Networks

* Cleaning & Integration

« Feature Extraction

* Historical Weather Data + Normalization

"’JJ ﬂ% Yo @O@Iﬁ@
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* CNN / LSTM
* Hybrid Models
* ML Algorithms

- Prediction & Analysis Sustainability Insights
~
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« Temperature Forecast + Urban Planning

|« Air Quality Analysis « Energy Efficiency

 Heat Map Visualization * Policy Recommendations
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Figure 1: AI-Based Urban Climate Analytics Framework

6. RESEARCH GAPS AND CONTRIBUTIONS
6.1 Identified Research Gaps

The systematic analysis of existing literature reveals
several critical gaps that limit the effectiveness and
scalability of Al-driven urban climate analytics.

1. Lack of Multi-Source Data Integration

Most studies rely on a single type of dataset, such as
satellite imagery or historical weather data, which
restricts the model’s ability to capture the full
complexity of urban climate systems. Very few works
effectively integrate heterogeneous data sources such as
satellite, IoT sensor, and meteorological data.

2. Limited Generalization across Urban Environments

A significant limitation observed is the poor
transferability of models across different cities or
regions. Models trained on specific datasets often fail to
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generalize due to variations in  geography,
infrastructure, and climate conditions.

3. Insufficient Focus on Urban Microclimate Modeling

While temperature prediction and air quality analysis
are  extensively  studied, fine-grained  urban
microclimate modeling remains underexplored. This
limits the applicability of Al models for localized urban
planning and decision-making.

4. Lack of Interpretability in Al Models

Deep learning models, particularly CNN-based
approaches, often function as black boxes. The absence
of interpretability reduces trust and limits their adoption
in policy-making and real-world urban planning
scenarios.

5. High Computational Complexity

Advanced deep learning and hybrid models require
significant computational resources, making them less
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feasible for real-time applications and deployment in
resource-constrained environments.

6. Absence of Standardized Frameworks

There is no unified framework that systematically
integrates data collection, preprocessing, modeling, and
decision-making for urban climate analytics. Existing
studies are fragmented and lack a holistic approach.

6.2 Research Contributions

To address the identified gaps, this paper makes the
following key contributions:

1. Comprehensive Systematic Review

This study provides a structured and up-to-date review
of Al techniques in urban climate prediction, covering
literature from 2018 to 2025 sourced from major
databases such as IEEE, Springer, Elsevier, and Scopus.
The review consolidates diverse research efforts into a
unified perspective.

2. Taxonomy-Based Classification
The paper proposes a clear classification of existing
studies based on:

“Modeling techniques (Machine Learning,
Deep Learning, Hybrid Models)

“JData sources (Satellite, Sensor,
Meteorological data)

JApplication domains (Temperature, Air
Quality, Microclimate)
This taxonomy enables better understanding and
comparison of existing approaches.
3. Critical Comparative Analysis
Unlike traditional reviews, this study provides in-depth
comparative insights into the strengths and limitations
of different AI models, highlighting why deep learning
approaches outperform traditional techniques while also
identifying their practical constraints.

4. Identification of Key Research Gaps

The paper systematically identifies major limitations in
current research, including data integration issues, lack
of generalization, and absence of interpretability,
thereby guiding future research directions.

5. Proposed Conceptual Framework
A novel Al-based urban climate analytics framework is
introduced, integrating:
“IMulti-source data collection
IData preprocessing and feature extraction
“1Al-based modeling (CNN and hybrid
approaches)
“IPrediction and sustainability insights
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This framework addresses fragmentation in existing
studies and provides a foundation for future research.

6. Future Research Directions
The study outlines actionable future directions,
including:

JMulti-modal data fusion
[JExplainable Al for climate models

UReal-time analytics using IoT and edge computing
[8].
7. Conclusion

This paper presents a systematic review of Al
techniques applied to urban climate prediction and
sustainability. The study highlights the strengths of
deep learning approaches, particularly CNNs, in
capturing spatial-temporal patterns in environmental
data [2][7].

Despite significant progress, several challenges remain,
including data limitations, model generalization, and
interpretability. Addressing these challenges is essential
for developing robust and scalable Al solutions for
urban climate management.

Future research should focus on integrating diverse data
sources and improving model transparency to support
sustainable urban development.
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