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Abstract

Thermal comfort and indoor air quality (IAQ) in public transit play a critical role in protecting passenger 
health and enhancing travel satisfaction. While bus cabin’s airflow and passenger movement continuously 
change in real-world operation, capturing these cabin dynamics and comfort is essential for timely and reli-
able customer feedback and environment monitoring. Most existing approaches rely on supervised learning, 
which is well suited for classification and prediction when abundant labeled data are available. However, 
collecting sufficiently large datasets for dynamic bus environments can be expensive, time-consuming, and 
difficult to scale. In contrast, reinforcement learning (RL) learns an adaptive decision policy from interaction 
logic rather than fixed supervision, which may allow effective performance even with smaller datasets. In 
this study, we investigate whether reinforcement learning is suitable for analyzing thermal pattern and IAQ 
in dynamic bus cabin situations.
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Introduction
The thermal comfort and indoor air quality (IAQ) 
of public transportation systems directly affect 
passenger health, safety, and travel satisfaction. In 
closed long-distance bus cabins, limited ventilation 
and high occupancy can cause carbon dioxide (CO2) 
to accumulate, particularly in spring and autumn 
when air-conditioning systems may be switched off 
or when older vehicles operate with insufficient fresh-
air supply in developing countries. Previous studies 
have reported that in-vehicle CO2 concentrations can 
reach 2500 to 3722 ppm, and may become even higher 
under fully occupied conditions [1]. Elevated CO2 
levels are associated with deeper breathing, dizziness, 
reduced attention, and drowsiness [2-4]. Under severe 
exposure conditions, poor cabin air quality can 
contribute to confusion, fatigue and delayed reaction 
under high-CO2[5-8]. Thermally uncomfortable 
conditions may also increase traffic accident risk for 
drivers. Therefore, monitoring thermal comfort and 
air-quality conditions inside bus cabins are needed for 
safer and more comfortable public transport.

While thermal cameras and flow sensors provide 
direct measurements, their use in public transport is 
complicated by privacy concerns, clothing interference, 
and the high cost of scaling and maintenance. To 
bypass these hurdles, Computational Fluid Dynamics 
(CFD) can be used as a transient tool to gain an initial 
understanding of cabin dynamics without the need 
for intrusive hardware. CFD provides a promising 
alternative for analyzing cabin airflow and thermal 
comfort. Regarding the time, cost, and controllability 
of physical experiments, simulation is often preferred 
for forecasting airflow in buses, as it can reveal local 
flow-field heterogeneity and its influence on thermal 
perception [9-11]. By controlling boundary conditions 
such as inlet velocity, air-supply direction, exhaust 
location, occupancy distribution, and heat sources, 
CFD allows different operating scenarios to be studied 
systematically without disturbing passengers or 
collecting identifiable thermal data. 

To bridge the gap before collecting identifiable thermal 
data of passengers, CFD-generated simulations serve 
as a vital "synthetic" testing ground. By training models 
on simulated airflow and thermal patterns, AI could 
recognize cabin dynamics to quickly identify the most 
effective thermal comfort and air-quality conditions. 

While supervised learning efficiently maps these inputs 
for near-real-time monitoring, it is often limited by the 
scarcity of labeled, real-world data. Reinforcement 
learning (RL) addresses this by focusing on sequential 
decision-making; it optimizes control policies to 
maximize long-term rewards, making it better suited 
for navigating evolving cabin states even when large 
identifiable datasets are unavailable [12-13]. Hence, 
this work investigates how close reinforcement learning 
can match, or even exceed, the accuracy of supervised 
learning when trained on a limited thermal dataset [14-
18]. By comparing the two, we aim to determine if RL’s 
reward-based feedback offers a more computationally 
efficient and privacy-conscious alternative for real-time 
bus-cabin management.

Methodologies
Generate CFD Images for Training
We introduce a three-level architecture of CFD 
Visualization. First, it tackles multi-parameter coupling 
analysis by comprehensively considering the interaction 
effects of air conditioning outlet velocity (0, 0.5, 1.5, 
and 3 m/s), direction (across five orthogonal directions), 
and exhaust port position (front, middle, and rear). 
Second, it focuses on the visualization of flow field 
features by transforming PMV cloud images into 
interpretable visual representations, thereby overcoming 
the dimensional limitations inherent in traditional 
numerical analysis. 
 
The first step in the CFD simulation design involves 
creating a detailed geometric model of a single-decker 
bus, constructed at a 1:1 scale with dimensions of 13.225 
m in length, 2.645 m in width, and 2.568 m in height. 
This model includes 37 seats and a designated driver's 
area, providing an accurate representation of the interior 
layout in bus. For the meshing strategy, a mixed grid 
approach is utilized. The grid is designed to maintain 
a Y+ value of less than 5, with localized refinement in 
critical areas, particularly around the human mouth and 
nose, where a mesh size of 1.5 mm was employed. The 
total grid count reached 34,939,793, which was verified 
to ensure grid independence, confirming that the results 
are not significantly affected by mesh resolution. 

In establishing the boundary conditions, the RNG k-ε 
turbulence model was selected based on the work of 
Tominaga and Stathopoulos [19]. This model is well-
suited for capturing the complexities of turbulent flows 
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within the bus environment [20,21]. The simulation parameters included a systematic exploration of variable 
combinations, resulting in a total of 45 groups derived from three different wind speeds, five distinct directions, 
and three exhaust port positions. From these combinations, ten typical working conditions were selected for 
analysis, as outlined in Table 1. To ensure the accuracy of the simulation, specific convergence criteria were 
established. The residual of the continuity equation was required to be less than 1x10-6, while the residual of 
the energy equation was also set to remain below 1x10-6. These criteria guarantee that the simulation converges 
with a stable and reliable solution, providing a solid foundation for subsequent analysis. On the other hand, we 
calculated the PMV index based on the formula in literature work (ASHRAE standard (2021) [22]).
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Table 1: Typical Simulation working Condition combinations [23], where D, F, B, L, and R are abbreviations 
for downward, thirty degrees forward, thirty degrees backward, thirty degrees leftward, thirty degrees 
rightward, respectively.

Experimental variables Inlet velocity Inlet direction Exhaust location
Inlet velocity 0m/s D mode Rear

 0.5m/s D mode Rear
 1.5m/s D mode Rear
 3m/s D mode Rear

Inlet direction 1.5m/s F mode Rear
 1.5m/s B mode Rear
 1.5m/s L mode Rear
 1.5m/s R mode Rear

Exhaust location 1.5m/s D mode Front
 1.5m/s D mode Middle

The AI models
Supervised Learning in combination of transfer learning is used. Instead of training a model from scratch, 
the tool downloads a MobileNet model pre-trained on millions of images (like the ImageNet dataset) via the 
Google teachable Machine [18]. It uses the existing layers to extract "features" (shapes, textures, colors) and 
only trains the final layer to map those features to your specific categories. The simulation involves extracting 
100 sub-planes at the height of the passenger's head (Z = 1.5 m) to generate a dataset of 1024 × 768 RGB cloud 
images [23]. This dataset comprises 10 categories, totaling 1,000 images, which are divided into a training set 
of 700 images and a test set of 300 images at a 7:3 ratio. To enhance the prediction accuracy, data augmentation 
techniques  such as rotation (±5°) and brightness adjustment (±10%) are applied [24-26]. Additionally, 
standardization is performed by normalizing the pixel values to a range of [1]. The hyperparameters such as 
Batch size, epoch, learning rate will be analyzed [27-30]. 

Comparative analysis of reinforcement learning methods such as Q-learning in MATLAB will be conducted 
against the supervised learning technique [31]. To apply Q-learning to image classification, the task is reframed 
as a reinforcement learning problem where the standard components are mapped to specific RL elements: the 
state represents the input image or features extracted, the action corresponds to the available class labels, 
and the reward provides positive feedback for correct classifications versus negative or zero feedback for 
errors [31]. Through this structure, the agent learns a policy to select the specific action—or class label—that 
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maximizes the cumulative reward over time, effectively treating the classification decision as an optimal 
strategy.

Results and Discussion
First, we conduct training in AI using a small sample dataset, with 10 categories × 40 pieces = 400 pieces. The 
training set (280) and the test set (120) will be divided into a 7:3 ratio. As shown in Table 2, the predictive 
accuracy for SL is 100% under the categories of 0m/s, 0.5m/s, 3m/s, and L mode with significant features. All 
the tests are plotted in Table 2. The predictive results for SL of the B mode, F mode, Front, and R mode are also 
close to 100% in the supervised learning model. However, it is worth noting that the limited dataset causing 
SL fails to distinguish between the two categories of the exit at the back (1.5m/s) and the exit in the Middle 
(Middle) since the features of the two may be similar as seen in Figure 1a and 1c. The poor accuracy for SL in 
these categories could be due to overfitting because those 40 pictures were captured only about 200mm from 
the head, and each thermal comfort picture doesn't differ much. 

Table 2: The Average Recognition rate of Each Category in the Small Sample Dataset. Supervised learning 
and reinforcement learning are abbreviated as SL and RL, respectively. 

0m/s 0.5m/s 1.5m/s 3m/s B mode F mode  L mode  Front R mode Middle

SL 100% 100% 53% 100% 98% 99% 100% 98% 99% 31%
RL 72% 73% 46% 88% 79% 76% 85% 77% 61% 28%

Figure 1: Sample Images for each of the Ten Categories. (a) Wind Speed is the Only variable; (b) The Wind 
Direction is the Only Variable; (c) The Position of the Exhaust is the Only Variable.

Despite the potential of reinforcement learning (RL) to handle small datasets and generalize well, its performance 
in this bus cabin study was inferior to supervised learning, trailing by approximately 20% in accuracy, except 
for the comparable accuracy for the categories of “1.5m/s” and “Middle” [32,33]. The performance gap is 
primarily due to reinforcement learning’s (RL) lack of explicit guidance compared to supervised learning 
(SL). The definition of a "large" or "small" dataset is context-dependent and should be determined on a 
problem-by-problem basis. The near-perfect accuracy of the SL model in most of the categories suggests that 
the dataset could be large enough for SL to distinguish features. In contrast, the RL agent faces a disadvantage 
as it tries to match the performance of a SL baseline [33]. Since the visual differences between categories 
are minimal (such as the thermal comfort images captured only 200mm from the head), the RL agent may 
struggle to correlate specific actions with sparse rewards. The complexity of the reward signal and the high-
dimensional state space of the images likely led to instability during convergence, causing the RL model to 
falter where the supervised model could still find a reasonable mapping [32,33].  However, in the “1.5m/s” 
and “Middle” categories, RL performs comparably to SL. This party is likely because the datasets for these 
specific categories are not large enough for SL to establish a dominant predictive advantage. In such cases, 
RL’s reliance on trial-and-error and strategic decision-making allows it to remain competitive where SL lacks 
sufficient data to generalize effectively.
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We further optimized various training parameters, including epochs, batch size, and learning rate [29,30]. As 
shown in Figure 2, while adjusting these training parameters results in slight changes in recognition accuracy, 
the recognition rate for the 1.5 m/s category remains low. Since the visual features of the 1.5 m/s exit and the 
middle exit are similar, the neural network faces a "feature overlap" problem where the mathematical distance 
between the two classes is negligible. In this scenario, the model is likely converging to a local minimum 
where it may be unable to distinguish between these two specific patterns. Simply increasing the number of 
training iterations or adjusting the learning speed does not provide the model with the new discriminative 
information it needs to separate these categories. This suggests that the performance bottleneck may stem 
from low image resolution, insufficient dataset size, or a lack of unique spatial markers within the CFD-
generated visuals. These factors prove that even a supervised model cannot overcome high levels of similarity 
in the raw input data.

Figure 2: The Average Recognition Accuracy of Different Training Parameters (SL) in the Category of 1.5m/s.

Considering this, increasing the dataset from 40 to 100 images per category provides the supervised learning 
(SL) model with enough statistical variance to more successfully differentiate between the previously 
indistinguishable 1.5 m/s and middle exit categories. This surge in accuracy to near-perfection (99.87%–
100%) confirms that the SL model's primary bottleneck is data scarcity rather than architectural capability and 
image resolution. However, the reinforcement learning (RL) model failed to exhibit a similar performance 
leap despite the increased sample size [33]. 

This disparity highlights a noticeable inefficiency in RL for this specific application, in which RL struggles 
to match SL with large image datasets but can achieve comparable performance when data is limited. This 
indicates that RL may be more resilient in scenarios where there is insufficient data for SL to establish a 
dominant predictive advantage.

Our work demonstrates that in the context of high-similarity fluid dynamics and thermal images, the trial-and-
error mechanism of the RL model introduces a "sample inefficiency" where the agent may spend too much 
computational effort exploring incorrect labels before identifying the subtle visual cues that distinguish different 
airflow velocities. Consequently, the RL agent could not bridge the gap to the SL model's performance. These 
findings suggest that for monitoring bus cabin environments, where visual features are dense and airflow 
nuances are subtle, supervised learning (SL) is the more robust and efficient choice if a large dataset can be 
collected. However, in scenarios with smaller image datasets, the performance gap narrows, and neither SL 
nor RL may show a significant advantage over the other. The choice between SL and RL in this application 
could depend on the volume of passenger thermal images available for training.



J. of Sci Eng Advances Vol:2,4. Pg:6

Research Article Open Access

Conclusion
This study investigated the efficacy of different AI 
methodologies for predicting thermal comfort and 
indoor airflow in dynamic bus cabin environments. 
The reinforcement learning model reached a 
performance ceiling below that of the supervised 
learning approach for a reasonable sample size. These 
results highlight a profound sample inefficiency in 
the reinforcement learning model when applied to 
bus cabin imagery. The exploratory trial-and-error 
nature of reinforcement learning may lack the direct 
gradient guidance found in supervised learning, 
making it prone to instability when faced with subtle 
thermal gradients and complex airflow patterns [34]. 
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