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Abstract
Climate change and increasing land surface temperature (LST) have become major environmental concerns in large metropolitan areas, particularly in arid and semi-arid regions. Reliable prediction of LST is essential for urban climate assessment, mitigation of the urban heat island effect, and informed urban planning. This study develops an interpretable machine learning–based framework for predicting LST across Tehran, Iran, using multiple base models and novel ensemble strategies. Five widely used machine learning algorithms—Artificial Neural Networks (ANN), Random Forest (RF), Support Vector Machine (SVM), Classification and Regression Tree (CART), and Generalized Linear Model (GLM)—were first trained using identical datasets to capture the spatial variability of LST and its driving factors. Model performances were evaluated separately across different urban zones of Tehran using statistical accuracy metrics. These performance scores were then used as inputs to four newly designed ensemble models inspired by collective human decision-making systems, including presidential voting, parliamentary voting, hierarchical governance, and ancient senate-based consensus mechanisms. The proposed ensemble frameworks consistently improved prediction accuracy compared to individual models, while also increasing robustness across heterogeneous urban landscapes. The results demonstrate that decision-inspired ensemble learning can enhance both accuracy and confidence in LST predictions. The proposed approach offers a transparent and transferable tool for urban climate analysis and can support evidence-based decision-making for heat mitigation strategies in large cities.
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1. Introduction 
Land surface temperature (LST) is a key indicator of urban thermal conditions and plays a central role in assessing the impacts of climate change and urbanization on metropolitan environments. In rapidly expanding cities, increased impervious surfaces, reduced vegetation cover, and intensified anthropogenic activities significantly alter surface energy balances, leading to elevated LST and the urban heat island (UHI) effect (Oke, 1982). Recent studies have shown that global urban expansion has accelerated considerably, intensifying thermal stress in large cities and increasing exposure to heat-related risks for urban populations.
Elevated LST has been associated with a range of negative environmental and socio-economic consequences, including increased energy demand for building cooling, degradation of air quality, heightened risks of heat-related illnesses, and reduced thermal comfort and quality of life. These impacts are particularly pronounced in megacities located in arid and semi-arid regions, where background climatic conditions already impose thermal stress.
Accurate prediction of LST in urban areas remains challenging due to the spatial heterogeneity of land use, complex interactions between natural and anthropogenic factors, and non-linear relationships among influencing variables. Conventional physics-based and energy balance models often require extensive input data and high computational costs, which may limit their applicability at fine spatial scales or for large urban regions. Consequently, data-driven approaches, particularly machine learning (ML) methods, have increasingly been adopted to model LST dynamics.
Machine learning algorithms such as Random Forest, Support Vector Machine, and Artificial Neural Networks have demonstrated strong capability in capturing complex non-linear relationships between LST and its controlling factors. However, the predictive performance of these algorithms can vary substantially depending on data characteristics, spatial context, and parameter tuning. Moreover, reliance on a single algorithm may introduce uncertainty and reduce robustness, particularly in heterogeneous urban environments.
Tehran, the capital of Iran, is a densely populated megacity characterized by diverse land use patterns, complex topography, and a semi-arid climate. Numerous studies have reported an increasing temperature trend in Tehran over recent decades, accompanied by intensified UHI effects. Despite growing interest in applying ML techniques for LST prediction in Tehran, several challenges remain, including data heterogeneity, algorithm selection, parameter optimization, and model interpretability.
To address these challenges, this study proposes a comparative and ensemble-based ML framework for LST prediction in Tehran. Multiple base learners are first evaluated independently to identify their strengths and weaknesses across different urban zones. Building on these results, four novel ensemble models inspired by collective human decision-making systems are introduced to integrate model outputs in a structured and transparent manner. Unlike conventional ensemble methods that rely solely on statistical averaging, the proposed approach incorporates decision-weighting concepts derived from governance and voting systems.
The objectives of this study are to:
(1) evaluate the performance of commonly used ML algorithms for LST prediction in Tehran;
(2) investigate the contribution of key explanatory variables to LST variability; and
(3) assess whether decision-inspired ensemble models can outperform individual ML models and enhance prediction reliability.
The proposed framework aims to provide a robust and interpretable tool for urban climate assessment and offers practical insights for urban planners and policymakers seeking to mitigate heat-related risks in large cities.

2. Review of Literature
In recent years, machine learning (ML) techniques have been increasingly employed for land surface temperature (LST) prediction due to their ability to capture complex and non-linear relationships between thermal patterns and environmental variables. Advances in artificial intelligence have expanded the applicability of ML models across a wide range of spatial and temporal scales, enabling more flexible and accurate modelling compared to conventional approaches (Fleming et al., 2021; Gevaert, 2022; Gunning et al., 2019; McGovern et al., 2019). As global temperature rise has become a widely acknowledged environmental challenge, research efforts have increasingly focused on improving the accuracy and reliability of LST estimation methods.
Early comparative studies highlighted the advantages of ML-based approaches. For example, Weng et al. (2004) evaluated several ML models in Chinese cities and demonstrated that data-driven methods outperform traditional statistical approaches in urban LST analysis. Subsequent research has not only improved prediction accuracy but also examined the broader implications of rising surface temperatures and potential mitigation strategies. Santamouris (2001), for instance, investigated the climatic and energy impacts of urban environments, emphasizing the role of urban form and design in mitigating urban heat island (UHI) effects. Similarly, Kovats and Hajat (2008) established a clear link between increasing temperatures and the incidence of heat-related illnesses, highlighting the public health implications of urban warming.
More recent studies have integrated remote sensing data with ML techniques to explore the drivers of LST variability. Zhang et al. (2017) analyzed land use changes and their influence on LST in Beijing, demonstrating that urban expansion and surface modification significantly affect thermal patterns. Zubair Irshad et al. (2024) examined land use and land cover (LU/LC) changes in several regions of Pakistan and reported substantial LST increases between 2000 and 2020, with the highest values observed in densely built urban areas and the lowest in vegetated or water-covered regions.
In Iran, a growing body of literature has addressed temperature variability and urban warming. Aliakbari Bidokhti et al. (2016) analyzed long-term temperature and precipitation trends in Tehran, confirming an overall warming trend and emphasizing the need for reliable modelling tools. Roshan et al. (2024) investigated UHI intensity during heatwave events in Tehran and showed that thermal patterns vary across different climatic conditions and are strongly influenced by anthropogenic structures and industrial activities. Likewise, Kiavarz et al. (2022) employed satellite imagery to analyze and predict temperature changes in Tehran, concluding that the observed warming trend is likely to continue in the future.
Alongside advances in individual ML models, ensemble learning approaches have gained attention as an effective means of improving predictive performance. Ensemble models combine multiple learners to reduce uncertainty, compensate for individual model weaknesses, and enhance result robustness. Numerous studies have demonstrated the effectiveness of ensemble techniques in environmental applications, reporting improvements in prediction accuracy and interpretability (Ashrafzadeh et al., 2023). In Iran, while ensemble models have been applied to several environmental and ecological problems, their use in LST prediction—particularly at the city scale in Tehran—remains limited.
A notable example of ensemble modelling in Iran is the work by Ashrafzadeh et al. (2023), who investigated the spatial distribution of brown bears in the Zagros Mountains using multiple ensemble approaches. Their results showed that combining several models yields more reliable predictions than relying on a single algorithm. Similar conclusions have been reported in other environmental studies, where ensemble learning reduced bias and uncertainty and increased confidence in model outputs by requiring agreement among multiple predictors (Di Napoli et al., 2020).
Previous efforts have also contributed methodological advancements to this field. Thuiller et al. (2009) developed an ensemble-based modelling framework for ecological applications through the Biomod2 platform in R, demonstrating its effectiveness in handling environmental complexity. Despite these advancements, critical urban challenges such as surface warming in densely populated Iranian cities have received comparatively less attention within an ensemble-learning framework. Applying advanced ensemble methods to LST prediction can therefore improve understanding of urban thermal dynamics and provide a stronger scientific basis for mitigation and planning strategies.

3. Methodology
3.1. Study Area
Tehran, the capital of Iran, is the country’s largest and most populous city, facing numerous environmental and climate change challenges. Geographically located on the southern slopes of the Alborz Mountain range within a closed basin, Tehran experiences temperature inversions and increased air pollution during colder seasons. These factors, combined with rapid urbanization, extensive construction, and diminishing green spaces, have contributed to rising land surface temperatures (LST) and the formation of urban heat islands (UHI). Tehran comprises 22 districts and 374 neighborhoods, as illustrated in Figure 1. 
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[bookmark: _Ref33606374]Figure 1. Location of the study area
3.2. Materials and Methods
This study introduces four novel ensemble models inspired by human collective systems, including the U.S. presidential election, the U.S. Congress, monarchical governance, and the ancient Senate system, to predict LST in the Tehran metropolitan area. LST and its influencing factors were initially analysed using machine learning algorithms, specifically ANN, RF, SVM, Classification and Regression Tree (CART), and Generalized Linear Model (GLM). The analysis for each model involved five stages: preparation of initial data, selection of parameters affecting LST, preparation of training and testing datasets, execution of machine learning models, and presentation of LST results in a map format. 
Subsequently, the outputs of these models were statistically evaluated and processed to determine the accuracy of each model across different regions. These results were then used as input parameters for the ensemble algorithms. The ensemble models, including those inspired by the U.S. presidential election, U.S. Congress, monarchical governance, ancient Senate system, mean, median, and weighted mean approaches, were applied, followed by validation. Finally, the significance of various parameters was estimated and presented using five different algorithms and seven ensemble models. 
3.2.1. Preparation of Geospatial Database
This study utilized 20 Landsat 8 satellite images from 2020 to determine LST and the Normalized Difference Vegetation Index (NDVI), as detailed in Table 1. 

[bookmark: _Ref133144124]Table 1. Landsat 8 images specifications
	
	Satellite
	Sensor
	Date
	Spatial resolution

	1
	Landsat 8
	OLI
	14-Jan-20
	Multispectral: 30 m
Thermal band: 100m


	2
	
	
	30-Jan-20
	

	3
	
	
	15-Feb-20
	

	4
	
	
	2-Mar-20
	

	5
	
	
	18-Mar-20
	

	6
	
	
	3-Apr-20
	

	7
	
	
	19-Apr-20
	

	8
	
	
	5-May-20
	

	9
	
	
	21-May-20
	

	10
	
	
	6-Jun-20
	

	11
	
	
	22-Jun-20
	

	12
	
	
	8-Jul-20
	

	13
	
	
	24-Jul-20
	

	14
	
	
	9-Aug-20
	

	15
	
	
	25-Aug-20
	

	16
	
	
	10-Sep-20
	

	17
	
	
	26-Sep-20
	

	18
	
	
	12-Oct-20
	

	19
	
	
	28-Oct-20
	

	20
	
	
	15-Dec-20
	



Image processing was conducted using Google Earth Engine. The resolution of bands 1 to 9 is 30 meters, providing sufficient accuracy, while the thermal bands have a resolution of 100 meters, suitable for analysing temperature variations across Tehran. Band 10 was used to extract surface temperature data with a wavelength range of 10.6 to 11.9 micrometres and a 100-meter resolution. Atmospheric corrections were performed using the FLASSH method prior to processing in Google Earth Engine. Geometric corrections were applied, and the Maximum Likelihood Classification (MLC) method, a widely used approach, was employed. 
Urban morphology data, including building height (BH), building density (BD), and sky view factor (SVF), were derived from building block height information. Urban road length and area (Integ_Rn), two independent parameters, were obtained from Tehran’s 2014 development plan and used to calculate Integration Rn. Additionally, urban green spaces and their patterns, represented by NDVI, Mean Patch Index (MPI), and Mean Patch Fractal Dimension (MPFD), were included as influential parameters, as outlined in Table 2. 

[bookmark: _Ref34857321]Table 2. the urban form indicators selected in this study
	Category
	Index
	Description
	Unit
	range
	Equation

	Urban morphology
	Building height(BH)
	Expresses height of building
	m
	
	-

	
	Building density(BD)
	Shows by the proportion of building square footage in a block, neighborhood or district. BD defines crowded or built-up a neighborhood, land intensity and worth of land or building
	None
	
	

	
	Sky view factor(SVF)
	Addresses to the ratio of the radiation received (or emitted) by a planar surface to the radiation emitted (or received) by the entire hemispheric environment. SVF is more appropriate tools for describing urban geometry
	Degree
	
	
Where ND is the number of sky hemisphere sectors, d is a given azimuthal ray direction and SHd is the surface of sky hemisphere hidden by obstacles
in the azimuthal direction d.

	Urban road 
	Road length (RL)
	measures the sum of urban road length in the neighborhood.
	m
	
	
Li is length of the road in urban neighborhood


	
	Road area (RA)
	Presents total area of the urban roads in the neighborhood scale. Increasing RA has positive effect on LST
	m2
	
	
Where Li is length of the road and Wi is width of the road.  

	Spatial configuration
	Integration-Rn(Integ_Rn)
	Describes the average depth of a space to all other space. A value which is used to measure of spatial configuration. Rn be used to represent integration patterns in the large scale; define small, close areas with geometric center   
	None
	
	
RRA is a normalized measure since it is calculated as RA normalized though the D-Value. Integration-Rn is inverse of RRA(Hillier and Hanson 1984). 

	Urban vegetation and spatial 
patterns 
	NDVI
	Is an useful index to quantify vegetation greenness, it’s density, changes and health.
	None
	
	NDVI is evaluated as a ratio between the red (R) and near infrared (NIR) values in traditional fashion:



	
	MPI
	Measures the degree of isolation and fragmentation of urban vegetation. 
	None
	
	
In this equation, n, is total number of patches, ai, is patch area, and hij, is distance from the patch i to the patch j.

	
	MPFD
	This metric quantifies the complexity of the shape, with values ranging from 1 to 2. A value of 1 corresponds to patches with simple perimeters, such as squares, while a value approaching 2 indicates increasingly complex shapes.
	None
	1≤MPFD≤2
	
where Pij is the patch perimeter of type ij, in units of m; aij is the patch area of type ij; and N is the number of patches of a certain type.




3.2.2. Distribution of Independent Parameters
The independent parameters exhibit varying spatial distributions, as shown in Figure 2. BH, BD, and Integ_Rn vary significantly across Tehran, with notable changes from the city centre to its outskirts. Conversely, road area, NDVI, and MPI exhibit higher values in the city centre. 
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[bookmark: _Ref33618146]Figure 2- Spatial distribution of the selected variables

3.2.3. Structure of Ensemble Models
The following ensemble models were developed and applied: 
3.2.3.1. Mean Method
In this method, the numerical mean of the outputs from all models was calculated and presented as a map. The value of each cell represents the average of the five models. The accuracy of this method generally depends on the average accuracy of all models.

3.2.3.2.  Weighted Mean Method (WMean)
This ensemble method calculates a weighted mean based on the accuracy of each model (R-squared). The outputs of the five models were mapped, with higher-accuracy models exerting greater influence on the final ensemble result. This approach enhances the impact of more accurate models on the ensemble outcome. 
3.2.3.3.  Median Method
This method selected the model output with the least deviation from the weighted mean as the ensemble result. The weighted mean was first calculated, followed by the deviation of each model from this mean. The model’s output with the smallest deviation was presented as the ensemble result. 
3.2.3.4. Genius King Method
Inspired by the concept of a wise monarch, this method leverages the strengths of each model in regions where it performs most accurately. By considering the performance of each model across different areas of the city, the method selects the output of the model with the lowest error (RMSE) for each region. In cases where identifying a superior model is not feasible, the method defaults to the mean of all model outputs, as depicted in Figure 3.
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Figure 3. Flowchart for the Genius King Ensemble Method

3.2.3.5. Ancient Senate Method
In this method, inspired by the ancient Senate system, a polling process is conducted on a specific issue (hazard). Like human collectives, the group of models with the majority vote is declared the winner, and a decision is made on the issue. This study defined a temperature exceeding 20°C as a hazard. A vote was then taken, and the majority (at least three votes in favour or against) was identified as the winner. Finally, the mean of the winning models was calculated. Given that five models were used in this study, the criterion for winning was at least three aligned votes. Thus, the result for each cell could be the mean of three, four, or five models with aligned votes (either in favour or against), as shown in Figure 4.

[image: ]Figure 4. Flowchart of the Ancient Senate Method

3.2.3.6. The U.S. Congress Method
This method is modelled after the decision-making process in the U.S. Congress. In the U.S. Congress, significant decisions are delegated to specialized committees. If a specialized committee is not formed or does not exist for a given issue, a general vote is conducted, with each model’s vote carrying equal weight. In this study, a specialized committee was first formed for each domain, decisions were made within the committee, and the mean of the committee members’ outputs was presented as the ensemble result. In regions where identifying superior models and forming an ensemble was not feasible, the mean of all models was used as the result, as shown in Figure 5.
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Figure 5: Flowchart of the U.S. Congress Method

3.2.3.7.  The U.S. Presidential Election Method
This method is inspired by the U.S. presidential election system, where electoral votes are assigned to each model based on accuracy. The number of electoral votes for each model is determined as a function of its ability to detect a hazard or non-hazard, using the True Positive Rate (TPR) and True Negative Rate (TNR) as weighting factors. The total number of electoral votes was set to 538. A vote was then conducted: if the positive votes (indicating a hazard) exceeded 269, the weighted mean of the models with positive votes was calculated using TPR as the weighting factor. Conversely, if the negative votes (indicating no hazard) prevailed (positive votes < 270), the weighted mean of the models with negative votes was calculated using TNR as the weighting factor, as shown in Figure 6. This method enhances talent identification by considering two model capabilities: the ability to detect and negate a hazard. TPR is the weighting factor in hazard regions, while TNR is used in the non-hazard regions. 
· Equation 1: TPR = TP / (TP + FN) 
· Equation 2: TNR = TN / (TN + FP)

Where TP represents true positives, FN represents false negatives, FP represents false positives, and TN represents true negatives.
[image: ]
Figure 6: Flowchart of the U.S. Presidential Election Method

3.3. Evaluation and Comparison of Models
This study’s dataset was first divided into two subsets: training and testing. After training the models using the training data (70% of the dataset), the accuracy of each model was evaluated by predicting and comparing the test data (30% of the dataset) to assess their performance in predicting Land Surface Temperature (LST). The performance of five machine learning models and seven ensemble models was compared using statistical metrics, including Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Square Error (RMSE), and R-squared (R²). Additionally, to evaluate each model’s ability to predict temperatures above 20°C as a hazard accurately, the True Positive Rate (TPR) was calculated for the five models. Similarly, the True Negative Rate (TNR) was used to assess the models’ ability to predict regions with temperatures below 20°C. 

3.4. Analysis of Parameter Importance in Prediction (VIP)
The study also analysed the factors influencing LST in Tehran. To this end, the importance of each parameter (VIP) was determined by calculating the change in the model’s error (RMSE) when that parameter was excluded. Specifically, the increase in the model’s error upon removing a parameter reflects its importance, as the model’s accuracy is affected proportionally to the significance of the excluded parameter.

4. Results 
4.1. Analysis of LST Using the RF Model 
In this study, the RF model was employed to analyse LST. The results were presented as three temperature classes in map format (Figure 7 and Table 3). According to the findings, 64% of the study area has temperatures below 20°C, 35% fall between 20°C and 25°C, and 1% exceed 25°C. 
4.2. Analysis of LST Using the ANN Model 
The ANN model was also successfully applied in this study. The results were similarly presented as three temperature classes in map format (Figure 7 and Table 3). According to this model, 65% of the area has temperatures below 20°C, 30% ranges between 20°C and 25°C, and 5% exceeds 25°C. Compared to the RF model, the ANN model adopts a more conservative approach, identifying larger areas at risk of increased LST. 
4.3. Analysis of LST Using the SVM Model 
The SVM model was another method utilized in this study. The results were presented as three temperature classes in map format (Figure 7 and Table 3). According to the findings, 68% of the area has temperatures below 20°C, 31% ranges between 20°C and 25°C, and 1% exceeds 25°C. Compared to the RF model, the SVM model identifies smaller areas at risk of increased LST. 
4.4. Analysis of LST Using CART
The results of LST prediction using the CART model were also presented in three temperature classes (Figure 7 and Table 3). According to the results, 65% of the area has temperatures below 20°C, and approximately 35% falls between 20°C and 25°C. Notably, this model did not predict any areas with temperatures exceeding 25°C, indicating its lack of accuracy in identifying regions with temperatures above 25°C. 
4.5. Analysis of LST Using the GLM
The GLM was also used to analyse LST in this study. The results were presented as three temperature classes in map format (Figure 7 and Table 3). According to the findings, 65% of the area has temperatures below 20°C, 34% ranges between 20°C and 25°C, and 1% exceeds 25°C. Compared to the other models, the GLM model demonstrates a higher correlation in identifying areas with temperatures above 25°C. 
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Predicted LST using different Algorithms. Fig. 7-


	Model
	ANN
	CART
	SVM
	GLM
	RF

	<20 C
	65
	65
	68
	65
	64

	20-25 C
	30
	35
	31
	34
	35

	>25C C
	5
	0
	1
	1
	1


Table 3: Distribution of Predicted LST Using Different Models
4.6. Validation Assessment
Various statistical methods were employed to validate the accuracy of the models in this study. Five machine learning models, ANN, RF, CART, SVM, and GLM, were validated using MAE, MSE, RMSE, and R-squared (R²) metrics. These metrics reflect the models’ ability to predict LST. The MAE values for RF, SVM, ANN, CART, and GLM were 1.11, 1.28, 1.62, 1.68, and 1.77, respectively. The MSE values for these models were 2.33, 3.13, 4.54, 4.76, and 5.4, respectively. The RMSE values were also 1.06, 1.13, 1.27, 1.30, and 1.33 for RF, SVM, ANN, CART, and GLM, respectively. These results indicate that all five models are sufficiently accurate, with the RF model outperforming the others in predicting LST for this case study. The R² values for RF, SVM, ANN, CART, and GLM were 0.76, 0.68, 0.55, 0.50, and 0.44, respectively, further confirming the sufficient accuracy of all models and the superiority of the RF model in LST prediction (Table 4). 
The sensitivity (TPR) of the ANN, RF, CART, SVM, and GLM models was 0.744, 0.825, 0.729, 0.819, and 0.719, respectively, while the specificity (FPR) was 0.161, 0.100, 0.176, 0.150, and 0.178, respectively. The TNR values for these models were 0.839, 0.900, 0.824, 0.850, and 0.822, respectively. These metrics demonstrate the models’ sufficient accuracy in predicting temperatures above 20°C, with the RF model showing the highest accuracy in detecting temperatures above and below 20°C based on TPR and TNR comparisons (Table 4). 
Based on the statistical metrics, it can be concluded that all models exhibit good accuracy, but the RF and SVM models outperform the other three models overall. 
Table4- Comparison different machine learning model’s accuracy
	Model
	TPR
	TNR
	TSS
	MAE
	MSE
	RMSE
	R-squared 

	ANN
	0.74
	0.84
	0.58
	1.62
	4.54
	1.27
	0.55

	CART
	0.73
	0.82
	0.55
	1.68
	4.76
	1.30
	0.50

	SVM
	0.82
	0.85
	0.67
	1.28
	3.13
	1.13
	0.68

	GLM
	0.72
	0.82
	0.54
	1.77
	5.40
	1.33
	0.44

	RF
	0.82
	0.90
	0.73
	1.11
	2.33
	1.06
	0.76



4.7. Analysis of VIP
A VIP analysis was conducted to evaluate and compare the influence of various parameters on LST. The results indicate that the importance of each parameter varies across different models. On average, the weighted importance of the parameters NDVI, BH, SVF, MPI, and BD was higher than other parameters in the ANN model. In contrast, the top five crucial parameters for the CART and RF models were NDVI, BH, SVF, MPI, and RL. The SVM model identified NDVI, BH, SVF, RA, and Integ_Rn as the most essential parameters, while in the GLM model, NDVI, BH, SVF, RA, and BD were deemed the most significant. Overall, urban morphology parameters (BH, BD, and SVF), vegetation cover parameters (NDVI and MPI) were identified as the most influential factors affecting LST in Tehran (Table 5). 
Table 5 - Analysis the importance of various explanatory factors or predictors in the used machine learning models
	Parameter
	ANN
	CART
	SVM
	GLM
	RF

	NDVI
	1.308
	1.306
	1.189
	1.353
	1.168

	BH
	1.282
	1.304
	1.156
	1.350
	1.081

	BD
	1.255
	1.288
	1.131
	1.338
	1.057

	SVF
	1.272
	1.300
	1.152
	1.336
	1.074

	RL
	1.252
	1.297
	1.143
	1.341
	1.064

	RA
	1.248
	1.286
	1.150
	1.340
	1.064

	Integ_Rn
	1.251
	1.287
	1.144
	1.333
	1.064

	MPI
	1.266
	1.292
	1.140
	1.338
	1.065

	MPFD
	1.247
	1.292
	1.143
	1.328
	1.064



4.8. Analysis of LST Using Ensemble Models
The results of LST analysis using ensemble models were presented as maps (Figure 8). The findings show that the Genius King and U.S. Congress methods were more successful in detecting temperatures above 25°C. These two methods estimated that approximately 1% of the study area had temperatures exceeding 25°C, closer to the observed value of 6% obtained through remote sensing compared to the other ensemble models. 
Statistical analysis revealed that the influence of each model’s vote varies across different ensemble models. Generally, the most effective method maximizes the use of more accurate models. Talent identification enables the selection of the most accurate method, allowing greater reliance on the votes of stronger models. Statistical comparisons showed that the Mean, Weighted Mean, and U.S. Presidential Election methods utilized all models equally. However, the Weighted Mean and U.S. Presidential Election methods incorporated talent identification, whereas the Mean method did not account for the ability or talent of each model. In the Median method, the SVM model had the most significant influence on the final result (24%), followed by the ANN model (22%), while the GLM model contributed to only 13% of the decisions. In the Genius King method, the RF model contributed to 95% of the decisions, followed by the SVM model (37%), while the ANN model, with a 32% frequency, participated only in general votes. In the Ancient Senate method, all models had nearly equal influence (approximately 20% each) on the final result, as this method does not rely on talent identification but rather on the majority vote. In the U.S. Congress method, only 32% of decisions were made through general voting. Talent identification was precisely implemented, with 68% of decisions made by specialized committees comprising at least three models. Among these, RF and SVM had the highest influence on committee decisions, with frequencies of 22% and 21%, respectively, while GLM participated in only 4% of committee decisions. Additionally, ANN and CART contributed to 13% and 7% of the specialized committee decisions, respectively (Table 6). 
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Fig. 8- Predicted LST using Ensemble Modeling
Table 6: Influence of Each Model in Different Ensemble Models (%)
	Ensemble Modeling
	ANN
	CART
	SVM
	GLM
	RF
	General Election

	Mean
	100
	100
	100
	100
	100
	100

	WMean
	100
	100
	100
	100
	100
	100

	Median
	22
	21
	24
	13
	21
	0

	Genoius_King
	32
	33
	37
	33
	95
	32

	Ancient Senate
	20.3
	19.9
	20.4
	19.7
	19.7
	0

	The US P.E
	100
	100
	100
	100
	100
	100

	The U.S. Congress
	45
	39
	54
	37
	55
	32



4.9. Validation Assessment of Ensemble Models 
Validation was conducted using the statistical metrics MAE, MSE, RMSE, and R-squared (R²) to evaluate the accuracy of the ensemble models and compare them with each other. The MAE values for the Genius King, Weighted Mean (WMean), Median, U.S. Congress, U.S. Presidential Election, Ancient Senate, and Mean methods were 1.31, 1.38, 1.38, 1.39, 1.41, 1.41, and 1.41, respectively. The MSE values for these methods were 3.03, 3.27, 3.33, 3.33, 3.39, 3.42, and 3.43, respectively. The RMSE values were also 1.14, 1.17, 1.18, 1.18, 1.19, 1.19, and 1.19 for the Genius King, WMean, Median, U.S. Congress, U.S. Presidential Election, Ancient Senate, and Mean methods, respectively. Overall, the Genius King method demonstrated higher accuracy compared to the other ensemble models in analysing LST in the Tehran metropolitan area (Table 7). 
A comparison of the TPR and TNR parameters of the ensemble models (Table 7) with those of the individual models (Table 4) indicates that the ensemble models performed better in detecting areas with temperatures above 20°C. Specifically, the TPR for ensemble models ranged from 0.88 to 0.98, while the TPR for individual models ranged from 0.72 to 0.82. Similarly, the TNR for ensemble models ranged from 0.97 to 1.00, compared to a range of 0.82 to 0.92 for the individual models. Furthermore, the MAE, MSE, RMSE, and R² metrics demonstrate that ensemble models enhance confidence in the results and improve prediction accuracy. 
Table7- Comparison different Ensemble Modeling’s accuracy
	Ensembling
	TPR
	TNR
	TSS
	MAE
	MSE
	RMSE
	R-squared 

	Mean
	0.89
	0.98
	0.87
	1.41
	3.42
	1.19
	0.65

	Wmean
	0.90
	0.98
	0.88
	1.38
	3.27
	1.17
	0.67

	Median
	0.90
	0.97
	0.87
	1.38
	3.33
	1.18
	0.66

	Genius King
	0.98
	1.00
	0.98
	1.31
	3.03
	1.14
	0.69

	Ancient Senate
	0.91
	0.98
	0.88
	1.41
	3.43
	1.19
	0.65

	The US P.E
	0.88
	0.98
	0.86
	1.41
	3.39
	1.19
	0.65

	The US Congress
	0.91
	0.98
	0.88
	1.39
	3.33
	1.18
	0.66



4.10. Analysis of VIP Using Ensemble Models
To evaluate and compare the influence of various parameters on LST using ensemble models, a Variable Importance in Prediction (VIP) analysis was conducted. The results revealed that the importance of each parameter varies across different ensemble models. Despite these differences, the parameters NDVI, BH, MPI, RL, and Integ_Rn consistently exhibited greater importance in the ensemble models than other parameters (Table 8).

Table8- Analysis the importance of various explanatory factors or predictors in the Ensemble Modeling
	Model
	Mean
	WMean
	Median
	Genoius_King
	Ancient Senate
	The_US_P.E
	The_U.S._Congress

	NDVI
	1.234
	1.222
	1.226
	1.205
	1.229
	1.232
	1.229

	BH
	1.201
	1.184
	1.188
	1.152
	1.198
	1.197
	1.189

	BD
	1.188
	1.170
	1.180
	1.119
	1.186
	1.184
	1.175

	SVF
	1.190
	1.173
	1.176
	1.131
	1.189
	1.187
	1.178

	RL
	1.194
	1.179
	1.176
	1.147
	1.192
	1.191
	1.184

	RA
	1.185
	1.167
	1.167
	1.108
	1.184
	1.181
	1.171

	Integ_Rn
	1.194
	1.179
	1.181
	1.147
	1.191
	1.191
	1.184

	MPI
	1.198
	1.182
	1.187
	1.149
	1.197
	1.195
	1.186

	MPFD
	1.186
	1.170
	1.175
	1.125
	1.185
	1.183
	1.175



5. Discussion
The application of machine learning in addressing complex issues, such as land surface temperature (LST) variations, can significantly enhance the precision and reliability of planning efforts. Ensemble models reduce errors and increase confidence in the results by simultaneously leveraging multiple algorithms. A key aspect of studying LST is identifying and prioritizing factors exacerbating temperature increases. Given the distinct approaches of different algorithms in analyzing this issue, employing multiple algorithms, assessing their accuracy, and comparing their performance can improve our ability to select the most accurate model, thereby enabling more precise analysis of environmental challenges. For instance, Tanuri et al. demonstrated the remarkable capability of Deep Neural Networks (DNNs) and Extreme Gradient Boosting (XGB) in analyzing LST in Shiraz, while Gourav Suthar et al. (2024) identified ANNs as the most accurate model for predicting LST using air pollution and urban parameter data. Today, various machine learning models are widely used to address environmental issues. 
In this study, machine learning was employed to investigate LST variations as an environmental hazard in Tehran, the capital of Iran. Five machine learning models, ANN, RF, SVM, CART, and GLM, were applied to analyse LST. The results indicate varying levels of accuracy among the models in predicting environmental phenomena and hazards. Although all five models demonstrated sufficient accuracy, the RF and SVM models outperformed the other three, while the GLM model exhibited the lowest accuracy. The RF model’s superiority aligns with Fei Feng’s findings (2024). Conversely, Chaitanya Baliram Pande et al. (2024) highlighted the superior performance of the Bagging ensemble model over XG-Boost and AdaBoost. 
Due to the differing computational approaches of the models, the extent of areas with temperatures exceeding 25°C varied across models. The ANN, RF, SVM, and GLM models identified larger areas with temperatures above 25°C, whereas the CART model failed to detect such regions. The results also revealed that all parameters used in this study influenced LST, but their importance varied across models due to differences in how each model estimates relationships between parameters. Despite these variations, urban morphology and green space parameters generally exhibited greater importance than other factors. The influence of urban morphology on LST was also noted in Tanuri et al. (2024). Consequently, future strategies to mitigate rising urban temperatures could focus on reducing BH and density while increasing urban green spaces. Addressing environmental challenges like rising LST requires long-term planning and reversing unsustainable urban development and industrial practices. 
The introduction of novel ensemble models and the evaluation of their accuracy in addressing the environmental issue of rising LST demonstrated their effectiveness in enhancing precision and reliability. As these methods are inspired by human collectives, such as the U.S. Congress, presidential elections, monarchical governance, and ancient Senate systems, the results obtained from ensemble models are more reliable than those from a single model. This study’s findings confirm that ensemble models can reduce errors and increase confidence by incorporating the strengths of each model. The more adept these methods are at identifying model talents, the lower the error in the resulting predictions. The analysis revealed that the accuracy of ensemble models varied, with the Genius King and Weighted Mean methods demonstrating higher accuracy than others, while the Ancient Senate method exhibited the lowest accuracy and highest error. The Genius King method excelled in talent identification, whereas the Ancient Senate method relied solely on majority voting without considering model capabilities. These findings align with previous studies, such as Ashrafzadeh et al. (2023), which showed that ensemble models generally outperform most individual algorithms in accuracy and precision. Similarly, Achu et al. (2023) demonstrated that ensemble models (Mean, Weighted Mean, Median, and Committee Averaging) increase optimism, yield more accurate results, and reduce uncertainty compared to individual models. 
Ensemble models can also be leveraged to analyze parameter importance. The VIP analysis using ensemble models confirmed that NDVI, BH, MPI, RL, and Integ_Rn were the most influential parameters, validating the results of individual algorithms. However, ensemble models provided greater confidence in these findings by considering the outputs of all models. These methods reaffirmed the significant role of urban morphology and green spaces in influencing LST, reinforcing the conclusion that proper urban design is a key strategy for controlling LST in urban areas. 


6. Conclusion
Given the fundamental differences in how each algorithm approaches and solves problems, ensemble models offer a valuable solution for consolidating results from multiple models. Moreover, introducing novel ensemble models enhances confidence in the outcomes derived from various algorithms. The ensemble models proposed in this study are inspired by human decision-making processes, where consultation and collaboration lead to successful outcomes. Validation of an issue by multiple models naturally instills greater audience confidence than validation by a single model. Ensemble models are the optimal approach for synthesizing the results of multiple models and delivering an outcome. The findings of this study confirm the positive impact of novel ensemble models in improving prediction accuracy and increasing confidence in the results. This issue is particularly significant as the proposed methods are derived from human collectives, and the decisions made closely resemble human group decision-making processes. However, the results are directly influenced by the extent and method of talent identification. In cases where talent identification was more effective and the influence of more accurate models was emphasized, the ensemble results exhibited lower error and higher accuracy. Conversely, in cases where decisions were based solely on majority voting without considering model capabilities, the results deviated more from reality, leading to increased error. 
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