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Abstract

The accelerated pace of global urbanization and anthropogenic climate change
means that the urban heat island (UHI) effect has become a critical challenge in
urban management, having a big effect on how people are healthy, how energy is
used, and how the Earth looks. The traditional way to deal with urban temperature
environment, static simulation or simple physical model, is slow and does not pro-

vide a prediction accuracy sufficient to control complex urban systems. This review
critically scrutinizes the transformative possibilities of integrating Digital Twin
(DT) technology with Machine Learning (ML) algorithms so as to set up a sturdy,
adaptive system for urban thermal comfort. Using digital twins to build an accurate
copy of real urban space and then creating a continuously monitoring and simulat-
ing platform, and using machine learning to add intelligence to them and make them
more intelligent, i.e., processing huge amounts of data to predict thermal behavior
and automatically adjust the control strategy. This paper comprehensively analyzes
the overall theoretical architecture of the DT-ML integration mechanism, intro-
duces key technologies in the multi-source data collection process, explores repre-
sentative surrogate modeling methods for quick simulation, and assesses various
optimization methods for thermal regulation. Also, the current applications and al-
ways existent issues like computation overheads, data being heterogeneous, etc., are
touched upon. The review ends with the idea that the mixing of DT and ML is where
the future of precise city weather regulation is going - moving from being just a way
to react when problems happen to a smart, aware system that can actually control
things on its own.
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1. Introduction

The gradual deterioration of urban thermal environments is one of the most severe challenges for sustainable urban
development. This phenomenon is characterized by the replacement of native vegetation with expanding impervious
surfaces and the proliferation of anthropogenic heat sources in urban areas. Getting outdoor thermal comfort better
as well as outdoor semioutdoor thermal comfort is the key for reducing health-related morbidity and reducing build-
ing cooling load. In the past, urban planners relied on CFD and energy balance models, but these intense computa-
tions give static images that do not show how dynamic and random urban microclimates are. Our cities will become
more and more sophisticated ecosystems known as smart cities, therefore, it is necessary to have technologies which
will monitor, predict and manage environmental conditions on their own [1].
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The coupling of DT and ML is a fundamental paradigm change in the administration of urban heat comfort. The
Digital Twin is structural backbone, taking the geometric data, material properties and real-time sensor streams and
blending them into a living tissue of the city. At the same time ML algorithm acts as the cognitive engine. It analyses
the information to recognize latent patterns, predict thermal anomally and propose optimal intervention with mini-
mal lag. This review gives an overall picture of this up-and-coming interdisciplinary subject, indicating the support-
ive roles of DT and ML, examining how their mix aids closed-loop control, and looking into the particular algo-
rithms, data structures, etc., that back this role. Through synthesis of recent literature, it is clear that this paper
identifies state of the art and trajectory toward adaptive, climate resilient cities.

2. Theoretical Framework of DT-ML Integration

The theoretical foundation for putting together DT and ML can be found in the idea of a Cyber-Physical System
(CPS), where the virtual and material worlds have a link made by continuous, back-and-forth data swap. The phys-
ical urban environment transmits raw data to the digital domain in real time via [oT sensors, weather stations, and
user feedback loops [2]. The Digital Twin places this data in context with a semantic 3D representation of the city.
However, the static DT is unable to predict, so it requires the embedding of ML algorithm into the static DT model
as surrogate model. these models remove the hard work of complex physics calculation by simply replacing it with
fast statistical inference; so rather than taking hours of running CFD code, a model trained on deep learning might
take milliseconds to estimate the wind flow around a skyscraper. This allows for system computations to speed up
in order for it to go from being passively monitoring to actively controlling, which allows for real-time adjustments
to happen.

The superiority is obvious compared to thermal regulation methods. The old ways of workflow are linear and
disjointed, relying on historical averages and being reactive with great lag. DT-ML is a continuous iterative Sense-
Analyze- Decide -Act Loop. The ML part learns about the differences between how the DT guesses the weather
and what the real sensors show, and it does this by itself as more time goes by [3]. This self-calibration mechanism
is in charge of adjusting itself dynamically according to seasonal changes, structural alterations, and shifting uses
by people. Table 1 describes the move from static, reactive methods to the dynamic, predictive nature of the intel-
ligent fusion system.

Table 1. Comparison of Traditional vs. Intelligent DT-ML Thermal Regulation Methods

Feature Traditional Regulation Methods DT-ML Integrated Intelligent Regulation

Data Source Sparse fixed weather stations, historical averages =~ High-density IoT sensors, satellite data, user wearables

Modeling Ap-  Static physics-based models (CFD), simplified equa- ~ Dynamic Digital Twins coupled with ML surrogate

proach tions models
Response Time Delayed, often retroactive (hours to days) Real-time or near real-time (seconds to minutes)
Control Logic Rule-based (e.g., if T > 25°C, turn on AC) Predictive and Adaptive (e.g., DRL optimization)
Scalability Limited to single buildings or small blocks Scalable from district to city level via cloud computing

3. Multi-Source Data Acquisition and Intelligent Processing

A Digital Twin is as good as whatever high-quality, precise and truthful data goes into it. Urban thermal regulation
relies on complex, mixed datasets including transient meteorological data and 3D urban geometric information.
Tiers of acquisition are used, satellites remote sensing give us macro levels like LST and veggie indexes, GIS
databases give us middle levels with geom details, and small levels have IoT sensors that give info on air temp,
humidity, windspeed and solar radiation [4]. also, “human-in-the-loop” data from wearables/moblie apps provides
ground truth on how comfy we feel. Machine Learning is very important to pre-processing, it works as a smart filter
and improves. Raw sensor data is usually subject to missing values, outliers, noise etc., caused by network problems
or physical barriers. ML techniques like Denoising Autoencoders and LSTM networks are better than old ways of
filling in blanks and fixing noisiness in messy city shapes. and they learn spatiotemporal relationships between
sensor nodes to get the missing readings right. More importantly, it uses ML computer vision algorithms to process
the visuals from cameras to compute crowd density and clothing insulation necessary to know how comfortable it
is. Table 2 contains crucial data resources and ML techniques.

DOI: 10.26855/ea.2025.10.017 231 Engineering Advances



Tao Ma

Table 2. Key Data Sources and ML Processing Techniques in Urban Thermal Regulation

Datgo(;ne- Specific Parameters Acquisition Method ML Processing Technique
Environ-  Air Temp, Humidity, Wind Speed, IoT Sensors, Weather Sta- LSTM for time-series forecasting, K-Nearest Neigh-
mental Solar Radiation tions bors for imputation
. Building Height, SVF, Canopy = LiDAR, Photogrammetry, CNNs for feature extraction, Semantic Segmentation
Geometric i
Cover GIS of point clouds
Remote  Land Surface Temp (LST), NDVI, Satellite (Landsat/Senti-  Random Forest for downscaling, Super-resolution
Sensing Albedo nel), Drones GANs
Human  Skin Temp, Heart Rate, Subjective Wearables, Mobile Apps, Support Vector Machines (SVM) for comfort classifi-
Centric Vote Cameras cation, Computer Vision

4. Modeling and Simulation of the Urban Thermal Environment

To model it well inside the Digital Twin is a challenging task for the urban heat environment. Computational fluid
dynamics (CFD) is physically rigorous but too costly for real-time regulation. In other words, to do this, ML can
make so-called “surrogate models”, which are trained on huge databases of already-computed CFDs. Deep Neural
Networks (DNN) or physics-informed neural networks (PINN) could approximate these hard-to-simulate complex
simulations within milliseconds.

And these ML-driven models make the Digital Twin actually predictive. It takes the current situation’s weather
and proposed control actions as inputs, forecasts the thermal distribution and complex indices such as UTCI across
the full 3D virtual city. The Digital Twin maps those outputs to 3D geometry for an intuitive look [5]. The most
recent advances in Physics Informed Machine Learning use the partial differential equations that govern fluid dy-
namics and heat transfer to constrain the neural networks so they always make predictions that follow the laws of
physics and avoid the problems of purely data-driven “black box™ models.

5. Intelligent Optimization and Control Strategies

The final goal of the integration of Digital Twins and machine learning is not just to see the thermal environment,
but to actively and intelligently adjust it. Optimization and control strategies are the decision-making actions of the
system. When it comes to regulating actuators for a smart city, there are many and varied, and include features like
dynamic building facades, automated misting sprays, adjustable shading structures, smart HVAC systems, and ac-
tually re-directing traffic flow to reduce the heat humans produce [6]. Coordinating those elements with diverse
functions to achieve a high level of human comfort under the premise of energy saving is a complicated multi-
objective problem with a high dimension. It is difficult for people to do this optimization in the short term. In terms
of RL and DRL, they have become the most popular algorithms. In a DRL environment, the “agent” (control algo-
rithm) constantly interacts with the “environment” (Digital Twin) in order to learn a policy which maximizes a
desired “reward” function, i.e., a weighted balance towards maximizing thermal comfort as well as energy efficiency.

Table 3. Common Machine Learning Algorithms in Thermal Comfort Control

Algorithm Class Specific Algorithm Application Function Advantages
Relnforc§ment Deep Q-Network (DQN) Real-time HVAC and window Learns optimal policy Wlthout a prior model of
Learning control the environment
Supew1§ed Learn- Artificial Neural Networks Predicting PMV/PPD indices High accuracy in non—h.near function approxi-
ing (ANN) mation

Feature importance analysis for

Ensemble Methods Random Forest/XGBoost Robust to overfitting, handles tabular data well

comfort
Evolutlgnary Algo- Genetic Algorithm (GA) Urban design 1ayout optimiza-  Capable of finding global optima in complex
rithms tion search spaces

Through billions of simulated training runs, the DRL agent can find complex, unintuitive strategies that humans
might miss. Unlike an old-fashioned rule-based controller (like a PID controller), which just reacts to errors after
the fact, ML-based controllers are inherently proactive. They foresee warm temperatures by way of weather fore-
casts and room schedules and change the conditions ahead of time so that people don’t get sick from being too warm
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[7]. There are times when also Genetic algorithm and the swarm intelligence method are also applied for static
design optimization, like when we will have the urban greening or orientation of new buildings during the planning
period. It iterates millions of design options in the Digital Twin to find the global optima. Table 3 shows the most
popular Machine Learning algorithms that have been employed specifically for the control and optimization part of
thermal comfort.

6. Case Studies and Performance Analysis

Transition from theory to practice is happening at an increased speed, and pilot projects and case studies back its
success. Smart campus uses DTs to map an outdoor comfortable zone in real time, with ML controlling the irrigation
according to occupancy. And when you build clusters, the integrated systems can both lower the amount of energy
it takes to cool things, as well as make people feel happier inside [8]. Noteworthy here is that the DT simulation of
the urban greenery can help ML to make the proper timing of tree pruning and planting for seasonal shading and
solar gain.

Performance analysis shows that DT combined with ML is always better than the standalone technologies. Table
4 summarizes data on the ESP improvement and PPD reduction or PMV improvement in thermal comfort. When
creating high-fidelity Digital Twins, there is a high cost for capital expenditures.

Table 4. Performance Metrics of DT-ML Integrated Thermal Regulation (Synthesized Data)

Application Scenario Scale Key Regulation Actuator Energy Saving Comfort Improvement (PMV/PPD)
Smart Office Building Single Bldg HVAC + Dynamic Glazing 15% - 25% PPD reduced by ~10%
Urban Park District Misting + Smart Irrigation N/A (“:I?;[:;C]f)se opti- PET reduced by 1.5°C - 3°C
. . Neighbor- . . . .
Residential Block hood Shading + Window Opening 10% - 18% PMYV improvement of 0.3 - 0.5
. . . + Gri i . .
Central qumess Dis City Traffic Gn.d Load Balanc 504 - 12% Peak UHI mtenilty reduced by
trict ing 0.8°C

7. Conclusion

This review has gone deep into the mix-up of Digital Twin tech and Machine Learning, looking at it like a steady,
eye-toward-the-future way to manage a city’s heat feel in smart ways. The making of these technologies overcomes
the restrictions found in conventional ways, which makes for a system that is able to react dynamically, hold a lot
of density, and be active beforehand. The Digital Twin creates the necessary spatiotemporal context and visualiza-
tions, whereas Machine Learning brings analytic power to produce fast surrogate models, exact data-processing
algorithms, and predictive control using techniques such as Deep Reinforcement Learning. Theoretical framework,
and some cases show us that using this all-around way can help a lot with thermal comfort and how we save energy.

But still, there’s the problem of how costly it is computationally to train these deep-learning models, and different
admin departments having different forms of data, and lots of ML algos being kind of mysterious. Future research
has to focus on smaller, edge-computing-friendly models and improve on XAl for stakeholder trust. Although these
are roadblocks, the marriage of Digital Twins and Machine Learning is the inevitable future of urban environmental
management. As such technologies mature, they’ll enable cities to become self-regulating, climate resilient organ-
isms, defending humans against the heat rising in the 21st century.
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