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Rider fatigue poses a critical safety challenge in two-wheeled vehicle
operation due to limited physical protection, increased balance demands, and
prolonged exposure to environmental stressors. Effective real-time fatigue
detection is essential to mitigate accident risks, particularly in high-traffic
regions such as Indonesia. This study presents a comparative analysis of
black-box and glass-box artificial intelligence (AI) models for real-time
detection of rider fatigue, evaluated through a human factor’s lens
emphasizing interpretability, intrusiveness, and cognitive compatibility.
Multimodal data comprising physiological signals, behavioral indicators,
and environmental context were collected using wearable sensors and rider
telemetry to train and assess the models. Experimental results reveal that
black-box models, including convolutional neural network (CNN) + long
short-term memory (LSTM), random forest (RF), and support vector
machine (SVM), achieve superior predictive accuracy (94.3%, 91.5%, and
88.2%, respectively) but lack inherent transparency. Conversely, glass-box
models such as decision tree (DT) and logistic regression (LR) offer greater
interpretability, a critical factor in safety-sensitive applications, though with
reduced accuracy (approximately 83—-85%). These findings underscore the
trade-off between predictive performance and explainability, highlighting
the need to tailor model choice to specific operational requirements. This
research advances the design of intelligent, human-centered rider support
systems that balance accuracy, transparency, and user trust, fostering safer
two-wheeled transportation.
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1. INTRODUCTION

Fatigue has long been recognized as a critical factor influencing human performance and safety in
transportation systems. In the context of two-wheeled vehicle operation, rider fatigue poses unique
challenges due to reduced physical protection, greater demands on balance and situational awareness, and
often prolonged exposure to environmental stressors [1]. These conditions make real-time fatigue monitoring
not only a technical necessity but also pressing human factors concern. Accurately detecting and mitigating
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fatigue can greatly reduce the likelihood of accidents, injuries, and fatalities, particularly for motorcyclists
who are more vulnerable than car drivers such as in Indonesia that has heavy traffic in many areas [2].
Despite its importance, the intersection of rider fatigue and human-machine systems remains relatively
underexplored in applied human factors research [3].

Recent advancements in artificial intelligence (AI) present new opportunities for integrating
intelligent monitoring systems into rider assistance frameworks. From a human factors perspective, such
systems must not only be effective in recognizing states of fatigue but also be interpretable, trustworthy, and
unobtrusive. While black-box AI models such as deep neural networks have shown considerable promise in
pattern recognition and predictive analytics, their opaque decision-making processes raise concerns about
system transparency, user acceptance, and accountability key issues within the human factors discipline [3].
In contrast, glass-box models such as decision tree (DT) and rule-based systems offer interpretability and
align better with the principles of explainable Al, though often at the cost of reduced predictive performance.

Prior research in fatigue detection has largely focused on car drivers, with emphasis on facial
recognition, eye tracking, heart rate (HR) variability, and vehicular behavior as indicators of drowsiness but
for two wheeled riders it’s very difficult to use facial recognition and eye tracking based sensors [4]. Studies
employing machine learning and deep learning techniques have demonstrated success in offline detection
settings, yet their real-world application remains limited by the lack of real-time adaptability and the
cognitive load imposed on the user. Moreover, few studies directly compare the usability, interpretability,
and contextual appropriateness of different AI model types in fatigue detection systems. In the realm of
motorcycling, where riders may lack in-vehicle dashboards or passive monitoring infrastructure, a human-
centered approach to fatigue detection is essential to ensure system effectiveness without compromising user
experience or autonomy [5].

This study seeks to fill this gap by conducting a comparative analysis of black-box and glass-box Al
approaches for real-time rider fatigue detection through a human factor’s lens. We collect multimodal data
including physiological signals, behavioral indicators, and environmental context using wearable sensors and
rider telemetry. The models are evaluated not only on traditional metrics such as accuracy and latency but
also on human centric criteria such as interpretability, intrusiveness, and cognitive compatibility. By
foregrounding the human operator in both system design and evaluation, this work contributes to the
development of Al-powered fatigue detection tools that are both effective and aligned with human
capabilities, limitations, and expectations.

Ultimately, the findings aim to inform the design of intelligent rider support systems that prioritize
safety, usability, and trust. In doing so, this study bridges a critical gap between Al system development and
human factors engineering, emphasizing the importance of transparency, contextual relevance, and
user-centered design in deploying real-time fatigue detection technologies for motorcycle riders. By
integrating explainable and multimodal fatigue indicators into system design, the proposed approach supports
more reliable decision making and enhances rider acceptance of Al-assisted safety technologies in real-world
riding environments.

2. METHOD
2.1. Proposed architecture

This study aims to develop and rigorously evaluate a sensor-based fatigue detection system for
motorcycle riders by employing two distinct types of Al models: black-box and glass-box approaches [6]. The
proposed system integrates real-time physiological data such as HR and sweats measurement [7]. The overall
architecture of this approach is illustrated in Figure 1, which presents the proposed architecture for data
acquisition, processing, and model-based fatigue detection. By comparing the performance, interpretability,
and reliability of both Al model types, the study seeks to provide comprehensive insights into effective fatigue
detection mechanisms, ultimately enhancing rider safety and reducing accident risks on the road.

2.1.1. Step 1: data acquisition and pre-processing
The system’s initial component is data, which involves two main processes:
i)  Physiological data were collected using wearable sensors, including:
—  HR: measured in beats per minute, HR reflects physical and mental states. Abnormal HR patterns
may signal driver fatigue, making it a crucial indicator in real-time fatigue detection systems.
—  Sweat measurement: a non-invasive method to monitor fatigue or stress by analyzing sweat rate or
skin conductivity, typically using galvanic skin response/electrodermal activity (GSR/EDA) sensors.
ii)  Data pre-processing:
Raw sensor data undergo normalization, signal filtering, feature extraction, and time segmentation to
transform it into structured inputs suitable for machine learning models.
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Figure 1. Proposed architecture

2.1.2. Step 2: glass-box vs black-box models
The modeling component is categorized based on interpretability [6], [8]:
i)  Glass-box models (high transparency):
—  Logistic regression (LR): a simple linear model offering clear insight into feature contributions [9].
—  Rule-based classifier (RBC): uses human-readable rules for decision making [10].
—  DT: provides intuitive decision paths via tree structures [11].
ii)  Black-box models (high performance and low interpretability):
—  Convolutional neural network (CNN): captures spatial and temporal features from physiological
signals [12].
—  Set covering machine (SCM) classifier: marginal or combined classifiers with complex decision
boundaries [13].
—  Random forest (RF): an ensemble of DT delivering high accuracy but limited transparency [14].
This comparison aims to evaluate the trade-off between model accuracy and interpretability in
real-time fatigue detection [15], [16].

2.1.3. Step 3: XAI explainer layer SHAP and LIME

To interpret black-box models, this layer introduces explainable Al techniques [17], [18]. These
techniques are: i) Shapley additive explanation (SHAP) quantifies each feature’s contribution to predictions
using game theory and ii) local interpretable model-agnostic explanations (LIME) builds interpretable
surrogate models around individual predictions. These methods enable the system to explain why a driver is
classified as "fatigued" or "not fatigued", even when using complex models.

2.1.4. Step 4: explanation layer

This layer translates explainer outputs into domain-specific information accessible to users and
experts [19], [20]. Contributions from features like HR, eye blink rate, and head nodding are quantified and
visualized. Re-processing is applied to ensure the presented information is clear, relevant, and interpretable
by non-technical stakeholders.

2.1.5. Step 5: decision making

The final stage integrates classification results and their interpretations for informed decision-
making: i) result interpretation: assesses whether the driver shows early signs of fatigue and ii) model
selection: based on evaluation results, users can choose models prioritizing either accuracy (black-box) or
transparency (glass-box). This architecture outlines a comprehensive framework for evaluating real-time
driver fatigue detection models. It integrates interpretable and high-performance explainable artificial
intelligence (XAI) techniques, such as SHAP and LIME, to provide transparent insights into model decision-
making. By combining predictive accuracy with interpretability, the system ensures that decisions regarding
driver fatigue are not only reliable but also explainable, which is an essential requirement for deployment in
safety-critical applications. Furthermore, this framework supports continuous monitoring and evaluation,
enabling the identification of potential failure points and the improvement of model robustness in real-world
conditions [21], [22].
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2.2. Physiological data collection and participant profile

This study used heart rate variability (HRV) and GSR to assess fatigue in 30 male motorcycle riders
(M =32.05 years, SD =5.04; BMI 26-36; >2 years riding experience). Participants rode in controlled on-road
sessions wearing non-invasive sensors, and those with medical conditions affecting HRV were excluded.
Ethical approval was obtained, and all participants provided written informed consent. HRV, derived from
electrocardiogram (ECG), reflects autonomic nervous system activity, while GSR measures skin conductance
changes associated with fatigue. Data were continuously recorded using Polar H10 and Polar Ignite 2 devices
to monitor real-time physiological dynamics. Examples of the recorded physiological data during non-
fatigued (fit) and fatigued conditions are presented in Tables 1 and 2, respectively.

Table 1. Sample fit data
HR [bpm] HRV [ms] RR-interval [ms] GSR signal Condition

110 3.4 513 1.267 Fit
109 3.4 520 1.294 Fit
108 3.7 530 1.288 Fit
109 3.9 300 1.294 Fit
109 3.5 774 1.257 Fit
109 2.7 548 1.255 Fit
109 3 541 1.271 Fit

Table 2. Sample fatigue data
HR [bpm] HRV [ms] RR-interval GSR Signal Condition

99 2.6 565 1.423 Fatigue
98 2.6 564 1.421 Fatigue
98 2.6 566 1.409 Fatigue
98 2.6 563 1.415 Fatigue
98 2.6 566 1.44 Fatigue
98 2.6 570 1.408 Fatigue
99 2.6 585 1.415 Fatigue

The raw HRV and GSR signals are subjected to a series of preprocessing procedures to enhance data
quality, including noise filtering, artefact correction, and signal normalization [23]. From the HRV data, both
time-domain features such as root mean square of successive differences (RMSSD) and standard deviation of
normal-to-normal intervals (SDNN) and frequency-domain metrics notably the low frequency to high
frequency (LF/HF) ratio are extracted, as these parameters are well-established indicators of fatigue-related
autonomic modulation. For GSR, the signals are processed to derive key features such as skin conductance
level (SCL) and skin conductance response (SCR), which are known to reflect variations in sympathetic
nervous activity linked to emotional arousal and fatigue states [24]-[26].

Following the evaluation, a comparative analysis was conducted to explore the trade-offs between
black-box models and glass-box models. The analysis was structured around the following dimensions:

1)  Accuracy: black-box models typically achieved higher predictive performance due to their ability to
capture complex, non-linear patterns in physiological signals. Metrics showed that models like CNN
and long short-term memory (LSTM) yielded superior Fl-scores and reduced misclassification rates
compared to their interpretable counterparts [27], [28].

ii)  Interpretability: glass-box models demonstrated clear advantages in transparency. DT and LR provided
understandable decision paths and feature weightings, making them preferable in settings where
explainability and user trust are critical, such as for regulatory compliance or driver feedback
systems [29]-[31].

This comparative framework provides a nuanced understanding of the accuracy—transparency trade-off in

sensor-based fatigue detection systems. It supports informed model selection tailored to specific use-case

requirements—whether prioritizing predictive precision or interpretability for user trust [32]-[34].

3.  RESULTS AND DISCUSSION
3.1. Interpretation of feature contributions using SHAP summary plot and LIME

To investigate the contributions of physiological features to stress and fatigue prediction, we used
SHAP and LIME techniques, as shown in Figures 2 and 3. Key features include HR, HRV, RR-interval,
and GSR, which reflect autonomic nervous system activity. LIME visualizations show that higher HRV,
lower HR, and longer RR-intervals reduce fatigue probability, while elevated GSR and certain HR values
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increase it. These explanations enhance model transparency and provide actionable insights for designing
personalized fatigue monitoring systems.
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3.2. Evaluation and comparison of models

This section presents a comprehensive evaluation of the implemented models with respect to two
critical aspects: detection accuracy and interpretability. Furthermore, a comparative analysis is conducted
between black-box and glass-box models to highlight the trade-offs involved in model selection. The
performance of each machine learning model was assessed using standard evaluation metrics, including
accuracy, precision, recall, and the area under the receiver operating characteristic (ROC) curve area under
the receiver operating characteristic (AUROC). The results for the training dataset are summarized in
Table 3, while the performance metrics obtained from the testing dataset are presented in Table 4. These
tables provide a comparative overview of how black-box and glass-box models perform in terms of
predictive capability, allowing further analysis of the trade-offs between accuracy and interpretability.

Table 3. Performance value for train dataset

Methods No Model Accuracy  Precision  Recall Fl-score AUROC- Interpretability
(%) (%) (%) (%) mean
Glass box-model 1 DT 83.3 80.4 84.2 82.2 0.88 High
2 LR 81.1 78.2 80.5 79.3 0.85 High
3 RBC 75.6 74.8 76.2 75.5 0.81 Very high
Black box-model 1 CNN+LSTM 89.4 88.7 90.1 89.4 0.94 Low
2 SVM classifier 92.5 91.3 93.7 92.5 0.96 Low
3 RF 93.2 92.5 94.2 93.2 0.95 Low
Table 4. Performance value for testing dataset
Methods No Model Accuracy  Precision  Recall ~ Fl-score ~ AUROC- Interpretability
(%) (%) (%) (%) mean
Glass box-model 1 DT 85.10 80.40 84.30 82.50 0.87 High
2 LR 83.60 79.10 80.50 79.10 0.85 High
3 RBC 84.20 75.70 74.60 75.90 0.8 Very high
Black box-model 1 ~ CNN+LSTM 94.30 89.80 91.70 90.10 0.95 Low
2 SVM classifier 88.20 92.50 94.20 92.10 0.95 Low
3 RF 91.50 94.30 94.90 93.70 0.96 Low

The visualization presented highlights a clear trade-off between model accuracy and
interpretability within the context of real-time motorcycle rider fatigue detection. This trade-off is central
to the selection of appropriate machine learning models, especially when balancing predictive performance
with system transparency.

i)  High-accuracy, low-interpretability models: models such as CNN, LSTM, support vector machine
(SVM), and RF achieve high accuracy by capturing complex, nonlinear patterns in physiological data.
However, their decision-making processes are opaque, classifying them as "black-box" models.
Specialized XAl techniques like SHAP or LIME are needed to interpret their predictions.
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ii)  High-interpretability, lower-accuracy models: interpretable or "glass-box" models, such as DT, LR, and
RBC, provide transparent decision-making through readable rules or feature weights. They show how
variables like HRV or sweat conductivity influence predictions. However, their predictive performance
is generally lower, especially with high-dimensional or nonlinear data.

To illustrate the balance between predictive performance and model interpretability, a trade-off
comparison among the evaluated machine learning models is visualized in Figure 4. This figure highlights
how black-box models generally achieve higher accuracy at the expense of transparency, while glass-box
models offer greater interpretability with moderate reductions in performance, emphasizing the need to align
model selection with application-specific requirements. In the development of machine learning-based
fatigue detection systems, selecting an appropriate model requires carefully balancing two crucial factors:
interpretability and accuracy. This section presents a detailed comparative analysis of six representative
models across these dimensions, as depicted in the accompanying trade-off plot. The plot maps six models on
a two-dimensional space with interpretability on the x-axis and classification accuracy on the y-axis. LR and
DT show high interpretability with moderate accuracy (~0.82—-0.85), suitable for contexts requiring clear
rationale. The RBC offers very high interpretability (~1.0) with slightly lower accuracy (~0.81), ideal for
safety-critical environments. SVM and RF balance interpretability and accuracy, while CNN+LSTM
achieves the highest accuracy (~0.94) but lowest interpretability, making it valuable where prediction
performance is prioritized over transparency.
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Figure 4. Trade-off of ML models

The trade-off curve emphasizes that model selection must align with the operational goals of fatigue
detection systems. In safety-critical applications, transparency is preferred for human-in-the-loop validation,
while high-performance models may be chosen for autonomous scenarios if their predictions can be
interpreted via SHAP or LIME. This analysis highlights that accuracy alone should not dictate model choice;
interpretability requirements specific to the application are equally important.

4. CONCLUSION

The experimental results demonstrate a significant trade-off between predictive performance and
interpretability in fatigue detection systems based on physiological signals. Black-box models, particularly
CNN+LTSM (94.3% accuracy), RF (91.5% accuracy) and SVM (88.2% accuracy) on the testing dataset,
consistently outperformed glass-box models in terms of accuracy, precision, recall, and AUROC. These
models effectively capture complex, nonlinear patterns within the data but lack intrinsic transparency,
necessitating post-hoc interpretability methods such as SHAP or LIME. Conversely, glass-box models such
as DT, rule-based classifier and LR provide more interpretable outputs critical in safety-sensitive applications
like rider monitoring yet deliver relatively lower performance (e.g., 85.1%, 84.2% and 83.6% accuracy,
respectively). These findings underscore the importance of aligning model selection with application-specific
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requirements. In contexts where real-time transparency and explainability are essential for user trust and
system accountability, glass-box models may be preferred despite moderate reductions in accuracy.
However, when predictive performance is paramount, especially in high-risk scenarios, black-box models
augmented with explainability layers offer a viable solution. Future work should focus on optimizing this
trade-off through hybrid approaches and the integration of interpretable machine learning techniques without
compromising accuracy.
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