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Abstract. Ensuring thermal comfort is crucial for rickshaw pullers, particularly 

in densely populated urban areas like Dhaka, Bangladesh, where extreme 

environmental conditions can negatively impact their health and productivity [1]. 

These workers are exposed to high temperatures, humidity, and pollution levels 

for prolonged periods, making them highly vulnerable to thermal stress [2-3]. As 

outdoor workers, they face challenges in managing their comfort, which directly 

affects their performance and well-being [4-5]. This study employs machine 

learning (ML) techniques to predict the thermal comfort of rickshaw pullers in 

urban settings, providing valuable insights for enhancing outdoor working 

conditions. A total of 600 data samples were collected through field surveys and 

environmental monitoring, capturing variables such as temperature, humidity, 

CO2 levels, lighting intensity, and physiological factors like body mass index 

(BMI) and weight. The study utilized three ML classifiers Random Forest (RF), 

Decision Tree (DT), and XGBoost (XGB) and evaluated their performance using 

metrics such as accuracy, Mean Squared Error (MSE), and Root Mean Squared 

Error (RMSE). SHapley Additive exPlanations (SHAP) analysis was applied to 

interpret feature importance and improve model transparency. All models 

achieved an accuracy of over 70%, with SHAP analysis revealing that 

temperature, weather quality, BMI, and weight were the most influential factors 

affecting thermal comfort. These findings highlight the potential of interpretable 

ML models to offer actionable insights that can improve outdoor working 

conditions. Future research should expand the dataset to include seasonal 

variations and additional features, which could refine predictive models and 

inform adaptive design strategies for outdoor environments. 

Keywords: Thermal Comfort, Machine Learning, Urban Area, Thermal Stress, 

Seasonal Variation. 

1 Introduction 

Thermal comfort in outdoor environments is a critical aspect of occupational well-be-

ing, particularly for urban informal workers such as rickshaw pullers, who are regularly 

exposed to extended periods of heat stress in their daily activities [6-7]. This directly 

affects their physical health, mental alertness, and overall work performance. For rick-

shaw pullers, who operate under intense solar radiation, fluctuating weather conditions, 
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and heavy traffic exposure, discomfort can lead to fatigue, reduced productivity, and 

increased vulnerability to heat-related illnesses [8]. In densely populated cities like 

Dhaka, Bangladesh, these challenges are intensified due to high ambient temperatures, 

limited shaded routes, and inadequate urban infrastructure that fails to support thermal 

relief. As climate change continues to exacerbate extreme heat events, understanding 

and predicting the thermal comfort of rickshaw pullers becomes essential for develop-

ing targeted interventions, safeguarding health, and improving urban mobility systems. 

To be able to effectively quantify thermal stress and promote evidence-based planning 

for outdoor occupational environments, this emphasizes the necessity of data-driven, 

adaptable approaches like machine learning algorithms [9]. 

Research on thermal comfort has mostly concentrated on indoor settings, leaving out-

door occupational situations especially those involving low-income workers largely un-

derstudied, despite the growing concern over heat stress in metropolitan areas [10]. 

Rickshaw pullers are a particularly vulnerable population whose thermal comfort and 

health hazards are frequently disregarded in current studies because they work long 

hours on the road in intense sunshine, high humidity, and heavy traffic [11].  The intri-

cate relationships between temperature, humidity, wind speed of pulling a rickshaw are 

not adequately captured by conventional assessment techniques like subjective surveys 

or single-parameter environmental measures.  Furthermore, very little research has 

looked at how outdoor microclimatic conditions impact the productivity, well-being, 

and day-to-day working experience of informal laborer’s in crowded urban areas like 

Dhaka. This reinforces the need for data-driven approaches, which include machine 

learning, to accurately predict thermal comfort and support evidence-based solutions 

for this impoverished group.  It also draws attention to a significant knowledge gap 

[12]. 

The primary objective of this study is to develop and evaluate ML-based models for 

forecasting rickshaw pullers’ thermal comfort in outdoor urban settings. Data was gath-

ered using structured surveys and on-site measurements. To determine the most de-

pendable prediction strategy, model performance was evaluated using metrics such as 

accuracy, MSE, and RMSE. The proportionate impact of each environmental and indi-

vidual factor on thermal comfort levels was also assessed using SHapley Additive ex-

Planations (SHAP) analysis [13]. The findings aim to support the creation of data-

driven interventions that can enhance the well-being of vulnerable outdoor workers. 

Additionally, this study provides a foundation for future research focused on improving 

urban heat-stress adaptation strategies. 

2 Literature Review 

Research on thermal comfort has traditionally centered on controlled indoor environ-

ments, where factors such as air temperature, humidity, and metabolic rate can be sys-

tematically assessed. Classical models such as Fanger’s Predicted Mean Vote (PMV) 

and related thermal indices have guided much of this work [14]. However, scholars 

increasingly argue that these models fail to capture the complexity of outdoor environ-

mental conditions, particularly in tropical and subtropical climates where temperature 
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fluctuations, solar radiation, and wind speed vary throughout the day. Growing con-

cerns about climate change and urban heat islands have led to greater interest in under-

standing outdoor thermal comfort, especially for vulnerable groups exposed to extreme 

temperatures. This research highlighted the growing but still limited body of research 

addressing how outdoor microclimates shape the thermal experiences of low-income 

workers in densely populated urban contexts [15]. 

Traditional thermal comfort models provide foundational knowledge; they are often 

inadequate for evaluating real-world outdoor environments. Studies conducted in hot 

climates consistently show discrepancies between model-predicted comfort levels and 

workers’ actual thermal perceptions [16]. Research focusing on occupational heat ex-

posure reveals significant physiological consequences for individuals who work out-

doors for extended periods, such as farmers, construction laborers, and street vendors. 

Yet rickshaw pullers a group uniquely exposed to heat due to their prolonged physical 

exertion and continuous movement through congested city roads have received limited 

academic attention. Existing studies demonstrate that prolonged exposure to high tem-

peratures and humidity contributes to fatigue, cardiovascular strain, dehydration, and 

reduced work performance among outdoor workers. However, the daily microclimatic 

variations encountered by rickshaw pullers remain largely unmeasured and underre-

ported [17]. Moreover, research also highlights the limitations of single-parameter as-

sessments, such as relying solely on temperature or humidity, which cannot capture the 

non-linear interactions that define heat stress in dynamic urban landscapes. 

the growing application of ML in predicting thermal comfort across different environ-

ments. Researchers have demonstrated that ML models such as Random Forest, Deci-

sion Tree, Support Vector Machines, Artificial Neural Networks, and XGBoost provide 

more accurate predictions than traditional thermal comfort indices. These models excel 

at recognizing complex relationships among environmental variables, physiological at-

tributes, and subjective comfort responses. Several studies also emphasize the im-

portance of model interpretability, advocating for tools such as SHAP to evaluate the 

contribution of each feature in prediction tasks. Despite this advancement, most ML-

driven thermal comfort studies focus on indoor scenarios like offices, classrooms, and 

semi-outdoor spaces such as courtyards. Outdoor occupational settings, particularly 

among informal workers, remain understudied [18]. The limited research that exists 

tends to concentrate on agricultural or industrial workers, overlooking transport-based 

laborers such as rickshaw pullers who experience continuous exposure to environmen-

tal stressors while performing intense physical activity. 

The effects of heat on worker health and productivity, there is little empirical evidence 

capturing the environmental realities of rickshaw pullers in megacities like Dhaka. The 

combination of harsh microclimatic conditions intense solar radiation, high humidity, 

traffic emissions, poor air quality, and limited shade creates a unique thermal environ-

ment not adequately represented in existing studies [19]. This gap underscores the need 

for data-driven approaches that integrate environmental measurements with individual 

physiological characteristics to predict thermal comfort more accurately. ML models 
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offer a promising avenue for advancing this understanding, especially when paired with 

interpretability tools that clarify the influence of key factors. By building on existing 

research while addressing overlooked populations, studies that apply ML to outdoor 

thermal comfort among rickshaw pullers can provide valuable insights for urban plan-

ning, worker protection, and climate adaptation strategies. 

3 Methodology 

This study followed a structured and comprehensive methodology as shown in figure-

1 to predict the thermal comfort of rickshaw pullers operating in outdoor urban envi-

ronments using ML algorithms, as illustrated in the overall research framework. The 

investigation was conducted within densely populated metropolitan zones of Dhaka, 

Bangladesh. Data collection was carried out through structured field surveys and direct 

sensor-based environmental monitoring during active working hours, specifically be-

tween 9:00 AM and 4:00 PM, to capture diurnal variations in temperature, humidity, 

and air quality. A total of 600 valid data samples were gathered, ensuring a balanced 

representation of varying locations, traffic conditions, and individual demographics. 

The dataset comprised a comprehensive set of features reflecting the multidimensional 

aspects of outdoor thermal comfort. The environmental parameters included tempera-

ture (°C), relative humidity (%), CO₂ concentration (ppm), noise level (dB), lighting 

level (lux), total volatile organic compounds (TVOC), wind speed (km/hr). Physiolog-

ical and personal attributes encompassed weight (kg), age, Body Mass Index (BMI), 

clothing type, and indicators of drug addiction or substance use. Socioeconomic and 

occupational factors were also considered, such as profession duration (years), daily 

working hours, daily earning capacity, dwelling place, family member size, and educa-

tion level. Structural and lifestyle elements like structural class of the vehicle and loan 

status were recorded to reflect the broader living and working context of the respond-

ents. Each entry in the dataset represented a unique combination of environmental ex-

posure and individual condition, associated with a subjective comfort rating on a cate-

gorical thermal comfort scale which served as the target variable for prediction. Raw 

data were initially inspected for missing or inconsistent values, which were addressed 

through imputation or removal depending on the variable type and degree of absence. 

The environmental parameters included temperature (°C), relative humidity (%), CO₂ 

concentration (ppm), noise level (dB), lighting level (lux), total volatile organic com-

pounds (TVOC), wind speed (km/hr). Physiological and personal attributes encom-

passed weight (kg), age, Body Mass Index (BMI), clothing type, and indicators of drug 

addiction or substance use. Socioeconomic and occupational factors were also consid-

ered, such as profession duration (years), daily working hours, daily earning capacity, 

dwelling place, family member size, and education level. Structural and lifestyle ele-

ments like structural class of the vehicle and loan status were recorded to reflect the 

broader living and working context of the respondents. Each entry in the dataset repre-

sented a unique combination of environmental exposure and individual condition, as-

sociated with a subjective comfort rating on a categorical thermal comfort scale which 
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served as the target variable for prediction. Raw data were initially inspected for miss-

ing or inconsistent values, which were addressed through imputation or removal de-

pending on the variable type and degree of absence. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig1. Flow Chart of Research Methodology 

Three ML classifiers DT, RF, and XGBoost were implemented to predict the comfort 

state of rickshaw pullers. These algorithms were chosen due to their high efficiency in 

handling nonlinear interactions, categorical variables, and mixed data structures. The 

dataset was partitioned into 80% training and 20% testing subsets to evaluate model 

generalization, and hyper parameters for each classifier were optimized using 

GridSearchCV with cross-validation to identify the best-performing configurations. 

The DT model was selected for its interpretability, the RF for its ensemble-based ro-

bustness and capability to reduce overfitting, and XGBoost for its efficiency in captur-

ing complex and nonlinear relationships between variables. 

SHAP analysis was employed after model training. SHAP provides a consistent ap-

proach to quantify the individual contribution of each feature to the final model output, 

thereby allowing a deeper understanding of the determinants influencing thermal com-

fort. Model performance was evaluated using classification accuracy, MSE, and RMSE, 

providing quantitative measures of predictive reliability and error distribution. The for-

mulas for MSE and RMSE were as follows [20]. 

𝑀𝑆𝐸 =
1

𝑚
∑ (𝑋𝑖 − 𝑌𝑖)

2𝑚

𝑖=1
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Here, Xi represents the predicted i-th value. 

 Yi represents the actual i-th value. 

The regression method predicts the Xi value for the corresponding Yi value in the 

ground truth dataset. Two constants are defined as the mean of the true values. These 

metrics allowed the study to determine each model's classification performance as well 

as the size of prediction errors, guaranteeing that the models assigned were accurate 

and reliable across all conditions. This methodological framework integrates multi-di-

mensional data processing, interpretable ML modeling, and explainable feature analy-

sis to predict the thermal comfort of outdoor laborers. By systematically incorporating 

environmental, physiological, and occupational variables, the approach ensures both 

accuracy and interpretability in comfort prediction. 

4. Results and Discussion 

Based on the comparative analysis of three ML models such as DT, XGBoost, and RF 

for predicting student comfort level as influenced by sitting surfaces, notable perfor-

mance variations were observed across the models. The data in Table-1 shows that, the 

RF model obtained the highest overall predictive performance, showing an accuracy of 

0.75, a MSE of 0.57, and RMSE of 0.75. This indicates that the RF model accurately 

identified the fundamental relationships between environmental, demographic, and 

physical features influencing comfort perception in outdoor campus environments. 

XGBoost also showed competitive performance, recording an accuracy of 0.73, MSE 

of 0.68, and RMSE of 0.82, reflecting strong predictive capability but slightly reduced 

accuracy compared to RF. On the other hand, the DT model showed relatively lower 

results, with an accuracy of 0.71, MSE of 0.70, and RMSE of 0.84, showing limited 

effectiveness in modeling comfort levels from the given feature set. Although both DT 

and RF are tree based models, the accuracy variation between them was notably high. 

Table 1. ML Model Performance 

Parameters ML Model Accuracy MSE RMSE 

 RF 0.75 0.57 0.75 

 

PMV level XGBoost 0.73 0.68 0.82 

DT 0.71 0.70 0.84 

The SHAP analysis in Fig. 2. further identified the key variables influencing comfort 

perception, showing that Temperature is the most significant predictor in all models, 

highlighting its direct physiological and perceptual effects on thermal perception during 

extended outside work. Humidity, CO2, noise level, wind speed, and weather quality 

similarly show up as influential across models, suggesting that comfort responses are 

simultaneously shaped by both larger climatic circumstances and micro environmental 
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air-quality characteristics. Individual thermoregulatory variations are reliably reflected 

in model outputs by body-related parameters including age, weight, and BMI; however, 

their influence is notably greater in the Random Forest and XGBoost models than in 

the more straightforward Decision Tree.  The tenure of a profession, daily earnings and 

savings, and daily working hours are examples of socioeconomic and work-pattern 

characteristics that show moderate influence across all models, indicating that long-

term occupational exposure and lifestyle determinants interact slightly with physiolog-

ical strain.  Because of its more rigid structure, the Decision Tree produces more com-

pressed significance values, whereas XGBoost typically assigns higher SHAP magni-

tudes across variables, demonstrating its greater sensitivity and ability to capture non-

linear correlations. It's interesting to see that environmental contaminants like CO2 and 

TVOC score higher in Random Forest and XGBoost, emphasizing the importance of 

air quality in outdoor thermal stress a feature that the Decision Tree less effectively 

captures.  Overall, the comparative findings show that ensemble models offer a more 

nuanced understanding of thermal comfort determinants, supporting the combined sig-

nificance of occupational conditions, personal characteristics, and microclimate in pre-

dicting rickshaw pullers' comfort in actual outdoor settings. 

XGBoost DT 
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Fig. 2. Shap Diagram of RF, XGBoost & DT Models 
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5. Conclusion 

A comparison of the Random Forest, XGBoost, and Decision Tree models shows that 

machine learning methods provide a reliable framework for forecasting the thermal 

comfort of rickshaw pullers operating in difficult outdoor conditions.  All three models 

consistently identify temperature as the most important factor influencing thermal com-

fort, despite variations in model complexity and sensitivity. This highlights tempera-

ture's paramount significance in influencing physiological and perceptual reactions dur-

ing intense physical exercise.  Thermal comfort is a multifaceted outcome influenced 

by both atmospheric conditions and micro-environmental stressors, as evidenced by the 

significant contributions of other environmental variables, particularly humidity, wind 

speed, CO2 concentration, noise level, and overall weather quality. The significance of 

individual adaptability and thermoregulatory traits is further highlighted by individual 

parameters including BMI, weight, age, and long-term professional exposure, indicat-

ing that comfort perceptions differ not only with environment but also with physical 

and vocational profiles. While RF provides consistent and comprehensible patterns of 

varying relevance, XGBoost exhibits the highest sensitivity among the models in rec-

ognizing intricate, non-linear interactions among predictors.  Despite its simplicity, the 

DT offers a clear hierarchical picture of feature influence, but with less detail.  When 

taken as a whole, the results demonstrate the usefulness of ensemble learning tech-

niques for producing subtle insights that can assist focused treatments. In the end, these 

models not only advance scientific knowledge of outdoor thermal comfort but also offer 

practical evidence to guide policy, occupational health recommendations, and urban 

design strategies meant to protect outdoor workers' comfort and productivity in increas-

ingly unpredictable weather. 
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