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Abstract. Globally, road accidents are among the leading causes of death and 

injury, with driver fatigue being one of the main contributors. Driver fatigue is 

especially critical in emergency response driving, where factors such as long and 

overnight shifts are common. This study presents a multimodal driver fatigue de-

tection Machine Learning (ML) model that utilizes a late fusion approach. A 

range of behavioral and physiological data was used to train base learners with 

various ML models, and their prediction probabilities were used to train four de-

cision tree-based metaclassifiers (RF, XGB, LGB, and HGB) within a stacking 

late fusion framework. For a broader exploration, ensemble models of these met-

aclassifiers were trained using simple average, weighted average, majority vot-

ing, dynamic weighted average, and best confidence selection methods. Among 

the metaclassifiers, XGB and dynamic weighted average achieved the highest 

accuracies of 86.83% and 87.17% respectively, with XGB also yielding the low-

est FNR, highlighting its inherent capability in handling heterogeneous and di-

verse features. To simulate real-world emergency driving conditions, where con-

stant sensor inputs may be intermittent, missing modalities were simulated in 

Google Colab during training of the metaclassifiers. Later, the robustness of the 

metaclassifiers was analyzed across various missing modality scenarios, where 

up to three sensor inputs could be unavailable. In this analysis, XGB achieved 

the highest stability with the lowest SD of 0.039 across all missing modality sce-

narios, demonstrating its ability to maintain reliable driver fatigue detection per-

formance even when some sensor inputs are missing. 

Keywords: Missing modalities, Ensemble Learning, Emergency Response 

Driving, Drowsiness Detection, Stacking. 

1 Introduction 

Globally, road accidents claim approximately 1.19 million lives and result in up to 50 
million non-fatal injuries annually, with driver fatigue accounting for at least 15% of 
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serious crashes [1, 2]. Given the lack of a definitive post-accident measure for fatigue, 
these statistics are likely underreported [3]. Studies have shown that driver fatigue in-
creases the risk of road crashes by 29% [4], and acute sleep deprivation of at least 3 
hours can increase the risk by up to 11.5 times [5]. This issue is particularly critical in 
emergency response driving, where personnel must maintain high performance under 
high-stress conditions, long shifts, and in rapidly evolving environments [6–8]. 

Driver fatigue is a state of mental or physical exhaustion that impairs a driver's abil-
ity by slowing reaction times, impairing decision-making, and reducing concentration 
[9]. It is often categorized into sleep-related (SR) fatigue from sleep debt and task-
related (TR) fatigue, from physical exertion, cognitive overload, or cognitive underload 
[10]. Many drivers are unaware of their fatigued state, and timely intervention could 
prevent up to 90% of road accidents [3, 6], highlighting the need for effective driver 
fatigue detection systems.  

In recent years, Machine Learning (ML) has shown promise in detecting driver fa-
tigue using behavioral, physiological, and vehicle kinematics data [11, 12]. Most stud-
ies primarily employed unimodal approaches, which rely on a single data modality and 
thus raise concerns about reliability [12–14]. Consequently, multimodal approaches 
emerged, fusing multiple data modalities to improve driver fatigue detection [11, 15, 
16]. However, a notable gap remains, particularly with missing data modalities, where 
sensor inputs from one or more channels could be unavailable or incomplete.  

This gap is often overlooked because current research relies on controlled settings 
where sensors are always available, favoring early and intermediate fusion techniques 
[11, 15, 16]. However, these techniques are susceptible to performance degradation 
when sensor inputs are unreliable, making them unsuitable for emergency response 
driving, where full sensor availability is not guaranteed [17, 18]. To address this gap, 
we developed a late fusion-based multimodal driver fatigue detection model. By train-
ing modalities (i.e., base learners) independently and combining their outputs at the 
decision level (i.e., through metaclassifiers) [19], our architecture inherently maintains 
robustness even when specific data streams are incomplete. Moreover, late fusion mit-
igates the curse of dimensionality,  reduces overfitting, and improves generalization 
[17, 20, 21]. To overcome late fusion's common sensitivity to poor aggregation, we 
implemented stacking, where base learner predictions are used to train metaclassifiers 
[22–24].  

Our study trained a binary classification ML model using behavioral data: eye-track-
ing and yawn data, and physiological data: electroencephalogram (EEG), electrocardi-
ogram (ECG), electrodermal activity (EDA), and respiration rate data (RESP). Base 
learners included Random Forest (RF), Support Vector Machine (SVM), Logistic Re-
gression (LR), Gradient Boosting (GB), Neural Networks (NN), and Convolutional 
Neural Network (CNN). Their prediction probabilities, infused with 30% missing mo-
dalities (NaN sensor readings), were used to train four tree-based metaclassifiers: RF, 
HighGradientBoosting (HGB), Extreme Gradient Boosting (XGB), and Light Gradient 
Boosting Machine (LGB). We also developed five ensemble models of these metaclas-
sifiers to assess whether combining them would improve performance.  

This research presents three main contributions to multi-modal driver fatigue detec-
tion. First, a robust late fusion ML model under missing modality conditions, with a 
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particular focus on emergency response driving; second, a cross-dataset training meth-
odology on non-synchronized, independently collected multimodal datasets without 
data loss, addressing the challenge of developing such ML models in the absence of 
synchronized datasets; third, an empirical evaluation of ensemble metaclassifiers in 
handling missing modalities. The following research questions guided the study: 

1 How effective are physiological and behavioral data modalities individually, and 
how does their fusion enhance fatigue detection? 

. 

2 How can late fusion strategies be applied to maintain driver fatigue detection relia-
bility and performance in emergency response driving, where constant availability 
of data streams is not guaranteed? 

. 

The remainder of the paper is structured as follows: Section 2 presents the literature 
review; Section 3 describes the materials and methods; Section 4 presents the results; 
Section 5 discusses the findings; and Section 6 concludes the study. 

2 Literature Review 

2.1 The Critical Problem of Driver Fatigue 

Driver fatigue is a major global contributor to road accidents [25]. Drowsy driving is 
notoriously underreported; the National Highway Traffic Safety Administration
(NHTSA) estimated 91,000 crashes in 2017, while the American Automobile Associa-
tion suggests the actual number is closer to 320,000 annually [26, 27]. Unlike alcohol 
impairment, there is no objective "fatigue breathalyzer" for quantification, causing po-
lice reports to rely on subjective judgment [3, 28, 29]. 

Emergency response driving is a uniquely high-risk, high-stress environment [30, 
31]. The need for abrupt, aggressive maneuvers renders vehicle kinematics-based de-
tection methods unsuitable, as they often misinterpret intentional actions as fatigue, 
causing false alarms [32, 33]. In this high-stakes context, it is crucial to differentiate 
between sleep-related (SR) fatigue, a physiological state linked with sleep debt and 
circadian rhythms, and task-related (TR) fatigue, induced by the cognitive and physical 
demands of the driving task itself [10, 34]. These two types often have a cumulative 
effect in emergency response, where chronic SR fatigue is compounded by acute TR 
fatigue during high-stress calls [35, 36]. Therefore, a detection system must account for 
both the driver's baseline state and acute task-induced decrements. 

2.2 Unimodal Fatigue Detection 

Behavioral systems primarily use in-vehicle cameras to monitor physical fatigue cues, 
such as eye activity, facial expressions, and head movements [37, 38]. Key metrics 
include Percentage of Eye Closure (PERCLOS), blink rate, and yawning detection [39, 
40]. These systems, often employing Deep Learning (DL) techniques such as CNNs, 
have demonstrated high accuracy, with some hybrid models achieving 97.83% [41, 42]. 
However, they are highly susceptible to environmental factors, such as poor lighting or 
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occlusions from eyeglasses [39, 43]. A critical drawback is that behavioral signs typi-
cally appear late in the fatigue process, after alertness has already been impaired, ren-
dering them inadequate for providing timely warnings [44, 45]. 

Physiological systems provide a direct means of assessing fatigue by monitoring the 
body's transition from alertness to drowsiness through wearable sensors. EEG is con-
sidered a gold standard for detecting microsleeps and can provide early warnings by 
monitoring subtle brainwave shifts [44, 45]. Other crucial signals include electrooculo-
gram (EOG) for eye movements, ECG for heart rate (HR) and heart rate variability 
(HRV), skin temperature, RESP, and EDA, also sometimes referred to as galvanic skin 
response (GSR) for changes in the autonomic nervous system [46, 47].  Driver fatigue 
detection systems that employ such signals have demonstrated high accuracy, often ex-
ceeding 90% [43, 47]. However, their use is challenged by high inter- and intra-subject 
variability, non-specificity of physiological responses to fatigue, noise in the signals, 
and the lack of universally accepted guidelines for interpreting the measures [43]. 

Vehicle kinematics systems infer fatigue by analyzing vehicle operational parame-
ters, such as steering wheel angle (SWA) and speed variations [32, 37]. Although ap-
plicable in normal driving scenarios, these systems are fundamentally unsuitable for 
emergency response driving [37]. The high-speed, non-linear maneuvers inherent to 
emergency driving, such as sudden braking and aggressive steering, are indistinguish-
able from fatigue-induced errors, leading to frequent false alarms [32]. 

2.3 Multimodal and Fusion Strategies 

Due to the limitations of single modality systems, fusing data streams significantly im-
proves the accuracy and reliability of fatigue detection [37, 48, 49]. By combining be-
havioral signs with physiological data, multimodal systems can detect fatigue more re-
liably than unimodal approaches [50, 51], as systems can continue to function even if 
one sensor fails [52]. This robustness is crucial in dynamic environments such as emer-
gency response driving. 

Data fusion can be achieved through early, intermediate, or late fusion strategies [53]. 
Early and intermediate fusion strategies merge data before or during the modeling 
stage, with early fusion combining raw or preprocessed features from different modal-
ities, and intermediate fusion integrating features at the representation level after mo-
dality-specific feature extraction [11, 15, 16]. Although both approaches can potentially 
leverage complex interactions between modalities [54], they require all sensor data to 
be available and time-synchronized, conditions that are often unfeasible in real-world 
driving. A missing or noisy input can cause the model to fail, making it vulnerable to 
environmental factors like sun glare or sensor dropout [55, 56]. 

In contrast, late fusion processes each modality independently and combines the out-
puts at a higher decision level [57]. The key advantage is its flexibility and graceful 
degradation; if one sensor fails, the system can still operate using the remaining modal-
ities [52, 58]. This makes late fusion ideal for unpredictable environments such as emer-
gency response driving, as it is robust to missing or noisy data [59]. Late fusion also 
allows each modality to be optimized separately and is easier to modify without retrain-
ing the entire model [58]. 
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3 Materials and Methods 

3.1 Data Acquisition 

This study utilized publicly available data on general driver fatigue following the scar-
city of emergency driving datasets. It employed labelled eye-tracking, yawning, and 
EEG datasets from Kaggle [60–62]; and ECG/EDA/RESP dataset from Zenodo [63] 
(See Table 1), enabling supervised learning. 

Table 1.  Summary of the datasets used to train base learners, including their sizes and sample 
descriptions 

Dataset Size Sample Description 
Eye-tracking 
videos [61] 

144 videos (73 alert and 71 fa-
tigued) 

Recorded by 48 healthy adults using mobile and web 
cameras in mimicked driving scenarios 

Eye-tracking 
images [61] 

13,869 images (6,936 closed 
and 6,933 open eyes) 

Captured from adults with and without glasses 

Yawn images 
[60] 

1,448 images (723 yawn im-
ages and 725 no yawn images)

Captured from healthy adults in driver positions 
 

EEG signals 
[62] 

Recordings from 12 partici-
pants 

Continuous brain activity sampled at 1000 Hz in CNT
file formats 

ECG/EDA/RE
SP [63] 

870 data points Acquired in a single CSV file with 400 features de-
rived from 78 participants, segmented into 10-second 
windows 

3.2 Data Preprocessing 

Data from all modalities underwent a rigorous preprocessing pipeline to ensure uni-
formity and enhance model performance. 

Data Cleaning. Eye-tracking videos recorded in segments were merged accordingly. 
Eye-tracking images were resized to 64x64 pixels and converted to grayscale for com-
putational efficiency. Yawn images were resized to 224x224 pixels, an appropriate size 
for its training model. The color of the yawn images was, however, retained as it was 
essential for accurate yawn detection. For the ECG/EDA/RESP dataset, features with 
more than 50% null values were dropped, leaving 342 features. The EEG dataset was 
cleaned using the MNE library with channel selection (based on the 10-20 system [64]), 
a 1–45 Hz band-pass filter to remove noise [65], and average re-referencing to improve 
the signal-to-noise ratio [66]. Data preprocessing also involved dropping highly corre-
lated features to avoid multicollinearity [67]. 

Feature Extraction. For eye-tracking videos, OpenCV and MediaPipe Face Mesh 
were used for frame-by-frame video processing and facial landmarks identification. 
The Eye Aspect Ratio (EAR) was calculated for both eyes and then averaged to reduce 
noise and fluctuations [51]. This combined EAR was used to extract blink-related and 
PERCLOS features using an EAR threshold of 0.2, which is consistent with prior stud-
ies [68–70]. For EEG signals, a 12.0-second non-overlapping sliding window



  
          109Late Fusion-Based Multimodal Machine Learning for Driver …   

segmentation was applied to balance frequency resolution and signal stationarity. From 
these segments, time-domain features (mean, SD, max, min, peak-to-peak, RMS) and 
frequency-domain features (ratios of Delta, Theta, Alpha, Beta, and Gamma power 
bands) were extracted. 

Normalization. For the image datasets, the default pixel range of a standard 8-bit 
image (0 to 255) was converted to a range of 0 to 1 by dividing the pixel values by 
255.0. For the EEG dataset, z-score [71] and relative change normalization [72] were 
explored. 

Data Splitting. Leave-One-Subject-Out (LOSO) was employed for the physiological 
datasets (EEG, ECG/EDA/RESP) to mitigate data leakage [73]. For the other datasets, 
holdout cross-validation was employed. The eye-tracking videos dataset was split into 
80% training and 20% testing sets, given its small size. The image datasets for both 
yawn and eye-tracking were divided into 70% training, 15% validation, and 15% test-
ing sets, given their relatively larger sizes, to improve model generalization during 
training with the validation set.  

Data Augmentation. Data augmentation was conducted with TensorFlow on the 
training sets for the image datasets to diversify the training data and mitigate overfitting 
[74]. For eye-tracking images, augmentation included zooming, rotation, horizontal 
flipping, and pixel modification. Yawn image augmentation focused on preserving fa-
cial features, including horizontal flipping, small rotations and zooms, brightness and 
contrast adjustments, and center cropping. 

3.3 Base Model Training 

To address the first research question regarding the individual effectiveness of data 
modalities, separate base learners were trained for each data stream. 

Eye-tracking Videos. RF, SVM, and LR classifiers were trained using 5-fold cross-
validation to classify samples as fatigued or alert. RF was configured with 100 estima-
tors; SVM used a radial basis function (RBF) kernel with probability set to True to 
enable probabilistic outputs for stacking; and LR employed L2 regularization to ensure 
convergence for the high-dimensional feature space. A fixed random seed was used for 
all base learners to ensure reproducibility. 

Eye-tracking Images. A sequential CNN was developed for binary classification 
with 5-fold cross-validation in 50 epochs. Its architecture consisted of four convolu-
tional blocks, followed by dense layers and a sigmoid output. The model was trained 
for 50 epochs with early stopping based on validation loss. 

Yawn Images. Transfer learning with the pre-trained EfficientNetB0 architecture 
was used. The model was fine-tuned in two phases: first, by training a new classification 
head with the frozen EfficientNetB0 layers in 25 epochs, and then by unfreezing a por-
tion of the base model for a final fine-tuning phase of 10 epochs with early stopping. 

EEG Signals. RF, SVM, GB, LR, and NN models were trained using 12-fold LOSO 
cross-validation. 

ECG/EDA/RESP Dataset. RF, SVM, and LR were trained using 78-fold LOSO 
cross-validation. 
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Base learners were primarily selected based on their strengths and the dataset re-
quirements. LR was selected for interpretability [75], SVM to capture more complex 
relationships [76], NN for its superiority in regression problems [77], and ensemble 
methods such as RF and GB for their classification strengths [78]. Due to the smaller 
size of the yawn dataset, EfficientNetB0 was selected to improve model performance 
[79] and CNN was selected for the eye image dataset for its strengths in DL [80]. 

3.4 Late Fusion-Based Multimodal Model Development 

To address the second research question, the prediction probabilities for the best-per-
forming base learners for each data stream were stored. Data preprocessing for the met-
aclassifiers involved loading these prediction probabilities and developing a fusion da-
taset in two stages. First, by randomly combining the loaded prediction probabilities to 
address the difference in sample sizes and avoid data loss completely. Second, by in-
fusing the samples with 30% of simulated missing modalities. The fusion dataset was 
split using a holdout cross-validation, where 80% of the data was allocated for training 
and 20% for testing. 

Training was performed using four tree-based ML models: RF, HGB, XGB, and 
LGB, due to their strengths in handling heterogeneous features and non-linear relation-
ships. HGB, XGB, and LGB were trained on the fusion dataset due to their inherent 
ability to handle missing values (NaN). In contrast, RF was trained on a separate version 
of the dataset, which was created by imputing the missing data with 0, as it cannot 
inherently deal with missing data modalities. RF was included as a benchmark model 
due to its broad adoption in the literature [11–13]. 

Ensemble Model Training.  Ensemble models for the individual metaclassifiers 
were trained using the following methods: simple average in which equal weights were 
assigned, weighted average which assigned model-specific weights according to the 
overall accuracy, dynamic weighted average which dynamically allocated more 
weights to models with high confidence, majority voting which selected the most voted 
class, and best confidence selection which chose the metaclassifier with the highest 
confidence. Confidence was defined as the absolute distance of the predicted probabil-
ity from 0.5, representing a natural decision boundary. Best confidence defaults to the 
weighted average when all models exhibited low confidence (threshold < 0.25). 

3.5 Performance Evaluation 

The performance of all base learners and metaclassifiers was evaluated on test data 
using accuracy, AUC-ROC, confusion matrices, and a per-class report on precision, 
recall, and F1-score using sklearn’s classification_report(). Additionally, a missing mo-
dality impact analysis was performed to assess the metaclassifiers' robustness under 
four test scenarios (complete data, one missing modality, two missing modalities, and 
three missing modalities), with a maximum of three missing modalities per data point 
to avoid complete system failure. In this analysis, False Negative Rate (FNR), False 
Positive Rate (FPR), and Standard Deviation (SD) were employed.  
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3.6 Experimentation Environment 

The training, evaluation, and inference of base learners and the metaclassifiers were 
conducted on Google Colab, which provided sufficient computational resources. The 
training time for the base learners and metaclassifiers varied depending on model com-
plexity and dataset size, with the longest being the CNN classifier for the yawn dataset, 
which required 58 minutes. Inference for single samples was sufficiently fast to support 
near real-time deployment. All experiments were run using standard ML and DL librar-
ies in Python, ensuring reproducibility and portability across different platforms. 

4 Results 

4.1 Base Model Performance Analysis 

Behavioral Modalities. The behavioral data modalities demonstrated a strong classifi-
cation accuracy. For the eye-tracking video dataset, the accuracy of RF (82.76%) out-
performed that of SVM (75.86%) and LR (79.31%), demonstrating RF’s effectiveness 
in capturing complex relationships in the heterogeneous video features. RF consistently 
outperformed SVM and LR in a per-class analysis in other metrics (see Table 2). 

Table 2.  Classification report for eye-tracking video fatigue detection ML model 

Model Class Precision Recall F1-score Support 
RF Alert 78% 93% 85% 15 

 Fatigued 91% 71% 80% 14 

SVM Alert 70% 93% 80% 15 

 Fatigued 89% 57% 70% 14 

LR Alert 74% 93% 82% 15 

 Fatigued 90% 64% 75% 14 

For the eye-tracking image dataset, the CNN model achieved a high performance with 
a test accuracy of 96.68%, highlighting its ability to learn fine-grained visual features 
of eye states. The per-class analysis in Table 3 illustrates the model's consistent perfor-
mance across all metrics. 

Table 3.  Classification report for the eye-tracking image classification model 

Class Precision Recall F1-score Support 
Closed Eyes 97% 97% 97% 1041 

Open Eyes 97% 97% 97% 1040 

Similarly, for the yawn image dataset, the EfficientNetB0 architecture achieved high 
performance with a test accuracy of 86.19%. When compared to the performance of the 
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raw CNN (54.53%) on the yawn dataset, the ability of transfer learning to address data 
scarcity by leveraging pre-trained models is demonstrated. The per-class analysis in 
Table 4 emphasizes the impact that transfer learning has had on our small yawn dataset. 

Table 4.  Classification report for the yawn image classification model 

Class Precision Recall F1-score Support 
No Yawn 83% 89% 86% 99 

Yawn 89% 84% 87% 111 

Physiological Modalities. The physiological data modalities proved to be powerful 
indicators of internal physiological states related to fatigue, despite their small sample 
sizes. For the EEG dataset, the SVM model achieved the highest LOSO accuracy of 
71.56% (see Table 5) with the relative change normalization strategy. 

Table 5. EEG classification model performance evaluation 

Model LOSO Accuracy LOSO F1-score LOSO Precision LOSO Recall 
RF 68.56% 64.67% 73.88% 57.50% 

GB 66.31% 60.85% 72.69% 52.55% 

SVM 71.56% 68.16% 77.49% 60.83% 

LR 68.64% 64.53% 74.35% 57.00% 

NN 69.72% 66.67% 74.23% 60.50% 

NN 69.72% 66.67% 74.23% 60.50% 

The ECG/EDA/RESP dataset performed exceptionally well, with RF achieving a
LOSO accuracy of 95.96% and a near-perfect AUC-ROC score of 99.49% (see Table 
6), emphasizing RF’s effectiveness in capturing complex, non-linear relationships
within the diverse and heterogeneous features in the ECG/EDA/RESP dataset. 

Table 6. ECG/EDA/RESP ML performance evaluation report 

Model LOSO Accuracy LOSO F1-score LOSO AUC-ROC 

RF 95.96% 93.59% 99.49% 

SVM 94.34% 91.08% 98.58% 

LR 94.55% 91.84% 98.05% 

4.2 Metaclassifier Results and Missing Modalities Impact Analysis 

Fig. 1 and Fig. 2 illustrate a comparative analysis of the individual and ensemble met-
aclassifiers. The weights for the weighted average ensemble were: RF=0.251, 
HGB=0.249, XGB=0.252, LGB=0.249, and the selection frequencies for the best con-
fidence selection model were: XGB; 480 (80.0%), HGB; 57 (9.5%), weighted average 
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32 (5.3%), RF; 17 (2.8%), and LGB; 14 (2.3%). From Fig. 1, dynamic weighted aver-
age demonstrates the highest accuracy, while XGB demonstrates the lowest FNR and 
SD across all missing modality scenarios (also see Table 7), positioning XGB as the 
best-performing metaclassifier. These results highlight XGB’s classification capacity 
in complex, diverse datasets in the presence of missing modalities. RF, on the other 
hand, struggled the most, likely due to its limited capability with missing modalities. 

 
Fig. 1. Performance comparison of the top five metaclassifiers based on accuracy, FNR, F1-

score, and ROC 

 

 
Fig. 2. Confusion matrices for the top three performing models by accuracy. Note that Dynamic 

Weighted shows superior identification of the Alert class, whereas XGB demonstrates higher 
precision in identifying Fatigued samples 

Table 7. Robustness analysis across missing modality scenarios, reporting average perfor-
mance variation and the minimum (worst-case) accuracy observed 

Model Average Accuracy SD Worst Accuracy 
HGB 79.2% 0.041 72.0% 

LGB 79.2% 0.043 71.6% 

Simple Average 79.0% 0.040 71.8% 

Dynamic Weighted 78.9% 0.041 71.6% 

XGB 78.7% 0.039 72.4% 

RF 77.5% 0.050 70.0% 
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5 Discussion 

This study extends existing research in ML-based driver fatigue detection [11, 12, 74, 
81, 82] by proposing a late fusion-based multimodal approach tailored for the dynamic 
environment of emergency response driving. Although this study utilizes publicly
available data that do not exclusively represent emergency response driving conditions, 
the selected datasets possess fatigue indicators (features) that are consistent across dif-
ferent contexts and tasks. This is mainly because fatigue manifestation at behavioral 
and physiological levels has shown to be task-independent [83], and are therefore trans-
ferable across domains. Nevertheless, we acknowledge that the datasets collected may 
not fully represent emergency response driving; thus, the results of this study are framed 
as a feasibility study rather than a deployment-ready solution. 

Our study’s findings confirm that while individual data modalities can effectively 
capture symptoms of fatigue, a fused system is essential for achieving the robustness 
required for real-world applications. Our base model analysis revealed that modalities 
possess distinct strengths for fatigue detection. The eye-tracking image dataset, for ex-
ample, achieved a high accuracy of 96.68% with CNN, consistent with prior research 
[84, 85], highlighting the reliability of periorbital data as a strong indicator of drowsi-
ness. Similarly, the ECG/EDA/RESP dataset performed exceptionally well, with a
95.96% accuracy with RF, underscoring the power of physiological signals as direct 
indicators of internal fatigue states.  

In contrast, the EEG dataset achieved an accuracy of 71.56% with SVM, a relatively 
lower accuracy compared to other studies [86, 87]. This performance was likely due to 
the limited EEG sample size or our cross-validation choice of LOSO. LOSO is highly 
recommended for physiological data [73, 88–90] to prevent data leakage over holdout 
cross-validation, employed by both [86, 87]. However, LOSO has a particular trade-off 
in accuracy. A study by [91] employed both cross-validation techniques on EEG data 
for driver fatigue detection and achieved completely different test results with LOSO 
(70.45%) as compared to the holdout method (90.73%). 

Nevertheless, each modality has its own limitations in detecting driver fatigue. EEG-
based fatigue detection, for instance, presents an inherent generalization challenge due 
to high inter- and intra-subject variability caused by the unique differences in brain 
activity across individuals [92–95]. Similarly, ECG, EDA, and RESP data are non-spe-
cific to fatigue, as their variations can also be influenced by factors such as stress, gen-
der, ethnicity, lifestyle, emotion, and external factors like noise and heat [96–98]. Fur-
thermore, studies by [85, 99, 100] highlight the challenges associated with behavioral 
data in driver fatigue detection, including issues with lighting and occlusion. These 
factors emphasize the importance of multimodal driver fatigue detection approaches 
for better performance and reliability.  

Our multimodal model overcomes the challenges of unimodal approaches by com-
bining behavioral and physiological data modalities. Additionally, it addresses a com-
mon challenge in multimodal driver fatigue detection studies, where early and interme-
diate fusion strategies fail to account for missing modalities, by exploring the use of 
stacking late fusion. With this approach, XGB demonstrated good performance with an 
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accuracy of 86.83%, a low FNR of 0.137, and a minimal variation of 0.039 SD across 
all the simulated missing modality scenarios. 

The inherent demands of emergency response driving justify our design choices. 
Unlike monotonous highway driving, the "unstable" nature of emergency driving ren-
ders vehicle kinematics data less reliable. By excluding such data, our model correctly 
identifies fatigue without misclassifying necessary maneuvers as signs of impairment. 
Moreover, the model excludes fatigue from cognitive underload, as it is rare in emer-
gency response driving scenarios. 

This study acknowledges some limitations. First, small sample sizes for the acquired 
data impacted feature selection and model performance. The study could benefit from 
additional data collection to improve model performance. Second, the simulation of 
missing modalities may not capture every failure in real-world emergency driving. Fu-
ture studies could conduct in-depth research on driver fatigue, particularly in emer-
gency response driving, to incorporate more solutions to the various other problems 
that exist in this area. Lastly, some sensors, such as EEG headsets and ECG wristbands, 
can be intrusive for emergency response operations [43], a challenge that will be further 
explored in our future work. Nonetheless, our study demonstrates how independently 
trained modality-specific models can be integrated into a single multimodal fatigue de-
tection model that caters to the demands of emergency response driving. 

6 Conclusion 

This paper presents a multimodal ML model for driver fatigue detection in emergency 
response driving scenarios, leveraging stacking late fusion to address missing modali-
ties. Among the trained metaclassifiers, the dynamic weighted average ensemble
achieved the highest accuracy of 87.17%, followed closely by XGB with an accuracy 
of 86.83%, which also has the lowest FNR of 0.137. Additionally, robustness analysis 
with missing modalities showed XGB to be the most stable metaclassifier with the least 
SD of 0.039. 

This study’s findings demonstrate the effectiveness of the late fusion stacking ap-
proach for integrating behavioral and physiological data, accounting for missing mo-
dalities, a common challenge in the real world yet often overlooked, and render a model 
tailored for emergency response driving needs.  

Future research will extend this feasibility study to deployment through domain-
specific data collection, exploring the approaches to embed the proposed models into 
vehicular systems, considering factors such as real-time data acquisition, on-board pro-
cessing, alert mechanisms, and human factors such as sensor placement and comfort, 
system usability, response time, and user perceptions on the system. 
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