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 In this research, a new hybrid model designed was introduced to identify 

driver drowsiness by integrating an adaptive neuro-fuzzy inference system 

(ANFIS) with the random forest (RF) method. Driver drowsiness is one of 

the major risk factors for road accidents, and timely, accurate identification 

of it is vital for improving traffic safety. The main emphasis of our work is 

on the combination of ANFIS with RF. ANFIS uses fuzzy logic to represent 

intricate systems with uncertainties and non-linear relationships, on the other 

hand, RF offers powerful classification by its ensemble learning technique, 

performing well in high-dimensional feature spaces. This combination 

capitalizes on each model's strengths: ANFIS for its dynamic responding to 

uncertain data and RF for its high classification accuracy, robustness, and 

resistance to overfitting. The results from the different experiments 

confirmed that the hybrid ANFIS-RF outperformed its components 

considerably. It was able to return an enhancement in accuracy by 2.70% 

compared to ANFIS, and 0.16% compared to RF, while at the same time, 

dropping the mean squared error (MSE) by 33.40% compared to ANFIS and 

2.85% compared to RF. Knowing that RF is already better than other 

traditional machine learning methods in classification, these results 

emphasize its major role in the effectiveness of the hybrid model. 
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1. INTRODUCTION 

Driver drowsiness is the top contributing factor in fatal road accidents. It is therefore very risky 

for drivers as well as other road users. The World Health Organization has recognized that approximately 

20% of traffic accidents result from sleepy driving and, therefore, they have made it a priority to develop 

drowsy state detection systems that warn drivers before they can lose control. Next generation in-vehicle 

drowsiness monitoring systems are capable of detecting subtle features of drowsiness to caution the driver 

in time. 

Drowsiness detection methods are essentially those that measure physiological, vehicle-based, and 

behavioral changes. Physiological methods refer to monitoring the brain activity (electroencephalography 

(EEG)), heart rate (electrocardiography (ECG)), or skin conductance (galvanic skin response (GSR)) of a 

person which is a very accurate way of gathering data [1], [2]. However, such methods are usually intrusive, 

and therefore, it is not easy to incorporate them in cars, as an example, EEG sensors necessitate that the 

driver's head has electrodes on it which may divert his attention from the road [3], [4]. Vehicle-based 

https://creativecommons.org/licenses/by-sa/4.0/
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measures detect the signs of getting sleepy while driving by studying the driving patterns like lane deviations 

or steering corrections [5], [6]. Finally, behavioral measures focus on analyzing facial expressions, eye 

movements [7], blinks, and yawns to assess alertness. The techniques are based on visual perception and a 

camera, so there is no requirement for wearing a sensor, and it is easy to implement the methods in the  

real world [8]. 

This study primarily concentrates on behavioral measures because they provide a non-intrusive way 

of getting real-level insights into a driver's wakefulness through facial and eye movement recognition [9]. 

Compared to physiological methods that necessitate sensors to be attached, computer vision methods allow 

drivers to be monitored in real-time, thus they are the best fit for real driving situations. Some of the typical 

indicators are eye and mouth features that can show if a person is sleepy through signs like percentage of eye 

closure (PERCLOS) [10] and yawning. 

Recent studies demonstrate the potential of machine learning and deep learning (DL)-based 

models for identifying sleepiness. To cite examples, a real-time application of a recurrent neural network 

(RNN) is introduced, which can constantly watch a driver and efficiently spot fatigue [11]. Apart from 

that, a 3D convolutional neural network (CNN) which identifies facial expressions and important points of 

the face has been documented as performing better in terms of accuracy for drowsiness detection [12]. 

Although less explored in this field adaptive neuro-fuzzy inference system (ANFIS) is well-suited for 

handling complex systems with uncertainties, a key aspect of driver state monitoring. Combining neural 

networks and fuzzy logic, ANFIS adapts effectively to driving data variations, as seen in [13] application 

to classify vigilance levels (alert, drowsy, and sleep) from EEG data using wavelet-entropy features. 

Additionally, ANFIS has shown promise in detecting drowsiness states from steering data for adaptive 

feature selection [14]. Similarly, random forest (RF) based methods have been effective in classifying 

fatigue, even with noisy or individual-specific data [15], as well as steering angle data for lane departure 

detection related to drowsiness [16].  

The experimental results were evaluated using videos from the NTHU-DDD dataset [17], a 

commonly used reference in drowsiness detection research. The results obtained in this work were compared 

to classification reports and the findings of other studies that used the same dataset. The comparison between 

these works highlights the proposed model's capability to outperform the previous approaches in the 

literature. This paper mainly focuses on an innovative hybrid model which has been developed by combining 

the strengths of ANFIS with classification algorithms to tackle behavior data uncertainties for drowsiness 

detection. The method takes advantage of ANFIS's capability to represent nonlinear and uncertain 

relationships and at the same time, providing reliable decisions with the help of classification methods. 

Hence, our main objective is to minimize our prediction errors, enlarge our model's capability to be well 

generalized in diverse driving environments, and eventually contribute to the better prevention of drowsiness-

related dangers on the road.  

This paper has been structured in a way that: section 1 gives an account of the significance of driver 

drowsiness detection, and also it brings a brief review of the related research. Section 2 is concerned with the 

details of the methodology that was used in this study, and the dataset that was employed is described. 

Section 3 is devoted to the presentation of the experimental results and an extensive analysis is made 

highlighting the performance of the proposed hybrid model in comparison with the individual models and 

other related studies. Finally, section 4 sums up the paper through a discussion of the findings, the first three 

implications, and how they guide the future research directions.  

 

 

2. METHOD 

This study proposes a multi-step methodological approach, as shown in Figure 1, which details the 

complete pipeline for driver drowsiness detection. The framework starts with facial landmark extraction and 

the computation of behavioral features (eye aspect ratio (EAR), mouth aspect ratio (MAR), and PERCLOS), 

followed by independent predictions generated by the ANFIS and RF models. Finally, these predictions are 

combined through a weighted fusion strategy optimized using gradient descent. 

Likewise, ANFIS and RF models can each be thought of as performing the first level of prediction 

independently. Here, ANFIS takes advantage of its strength in modelling uncertainties and non-linear 

relationships that are present in the drowsiness detection data. It goes through several stages such as 

fuzzification, normalization, and defuzzification to make predictions based on fuzzy rules. These stages allow 

the model to understand the slight changes in behavior that indicate drowsiness, and ANFIS’ performance 

will be evaluated to give an initial prediction. 

Meanwhile, the RF model builds up a collection of decision trees by applying the bootstrap 

sampling and feature selection methods. Each tree will give its prediction, and then these are combined using 

majority voting to formulate the final decision. Hence, the ensemble method (EM) not only increases the 
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model's stability but also makes it more efficient in recognizing drowsiness states. RF's prediction is 

evaluated as well, thus giving a complementary outcome to ANFIS's. 

In the last phase, the ANFIS and RF model outputs are integrated through a weighted fusion model. 

This fusion takes advantage of the two models' fundamental differences and adjusts their weights accordingly 

by means of a gradient descent algorithm. This method determines the optimal combination of ANFIS and 

RF predictions that results in minimal error. Synergistically, the hybrid ANFIS-RF model results in increased 

prediction accuracy and less mean squared error (MSE) by effectively balancing ANFIS’s flexibility dealing 

with the uncertain nature of data and RF’s powerful classification features. Therefore, this fusion provides 

better results in driver drowsiness detection. 

 

 

 
 

Figure 1. Overview of the proposed hybrid ANFIS–RF framework for driver drowsiness detection 

 

 

2.1.  Dataset description and feature extraction 

The NTHU-DDD dataset aims to evaluate driver drowsiness and behavior (IDs 001–006) each 

recorded during 12 separate driving sessions under different conditions, including scenarios with and without 

glasses. Each recording is annotated with the driver’s vigilance state (drowsy or non-drowsy) and associated 

behaviors such as sleepyCombination, slowBlinkWithNodding, and yawning, as illustrated in Table 1. In 

total, this dataset comprises 66,491 recordings from 6 individuals. It is divided so that 70% is used for 

training and the remaining 30% for testing. By analyzing this data collection, one can gain deep insight into 

the behavioral changes related to drowsiness, and it also forms a strong basis for the creation of predictive 

models that seek to improve road safety. 

The facial landmark-based drowsiness detection system is an essential element of the research 

reported in this paper. To locate the face first, the authors used the Dlib library that utilizes a pretrained 

histogram of oriented gradients (HOG) detector along with a linear support vector machine (SVM). After 

recognizing the face region, 68 facial landmarks referring to the two eyes and mouth among other key facial 

components, were mapped for each frame. 

From these landmarks, it is possible to calculate three behavioral characteristics: EAR, MAR, and 

PERCLOS. The great advantage of these features is that they give drivers' drowsiness non-intrusively and 

reliably. The EAR is a scalar value that explains how open or closed the eyes are [18], [19]. When a person is 

sleepy, eye EAR value slowly becomes zero. The EAR value for an eye is measured two times for both the 

right and left eye by using Euclidean distances between particular eye landmarks as per (1). 

 

𝐸𝐴𝑅_𝑅 =
‖𝑃38−𝑃42‖+‖𝑃39−𝑃41‖

2‖𝑃37−𝑃40‖
 and 𝐸𝐴𝑅_𝐿 =

‖𝑃44−𝑃48‖+‖𝑃45−𝑃47‖

2‖𝑃43−𝑃46‖
  (1) 

 

The final EAR value is obtained by averaging the right and left eye ratios as defined in (2). 

 

𝐸𝐴𝑅 =
𝐸𝐴𝑅_𝐿+𝐸𝐴𝑅_𝑅

2
  (2) 
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The MAR aims to assess mouth opening and is particularly effective for yawning detection [20]. MAR is 

computed using distances between selected mouth landmarks as (3). 

 

𝑀𝐴𝑅 =
‖𝑃62−𝑃68‖+‖𝑃63−𝑃67‖+‖𝑃64−𝑃66‖

3‖𝑃61−𝑃65‖
  (3) 

 

 

Table 1. Samples from the NTHU-DDD dataset illustrating drowsiness behaviors 
ID Status Condition Behavior Behavioral samples 

 Drowsy Glasses Sleepy combination 

 

Slow blink with nodding 

Yawning 

No glasses Sleepy combination 

 

Slow blink with nodding 
Yawning 

No drowsy Glasses Sleepy combination 

 

Slow blink with nodding 

Yawning 

No glasses Sleepy combination 

 

Slow blink with nodding 

Yawning 

 

 

In addition, PERCLOS is obtained by calculating the ratio of frames in which the EAR remains below 

a predefined eye-closure threshold over a specified observation interval, indicating partial or full eye closure 

[21]. PERCLOS provides a robust temporal measure of prolonged eye closure and reduced alertness. 

Specifically, PERCLOS is obtained by applying a fixed threshold T = 0.20 to the frame-level EAR signal (EAR 

< T indicating a closed eye), consistent with the EAR formulation of Soukupová [18] [19], and computing the 

proportion of closed-eye frames within a sliding window of N = 30 consecutive frames (approximately 1 second 

at the dataset's native frame rate), advanced frame by frame to produce a continuous signal. 

The NTHU-DDD dataset used in this study is curated and annotated. Therefore, no missing values 

were observed in the extracted features. To mitigate noise introduced by facial landmark detection and  

inter-subject variability, all features (EAR, MAR, and PERCLOS) were normalized using min–max scaling 

to map their values into the range [0,1]. This normalization was applied globally across the pooled recordings 

of all subjects, and no additional temporal smoothing was applied to the frame-level EAR and MAR signals 

beyond this scaling, as PERCLOS already provides temporal aggregation of eye-closure information. 

The normalized features were next examined frame by frame and directly used as inputs to the 

learning models. In the case of the ANFIS model, the characteristics were fuzzified by means of generalized 

bell-shaped membership functions for the representation of uncertainties and nonlinear relationships. On the 

other hand, for the RF classifier, the same normalized features were given as numerical inputs without any 

further transformation. This common preprocessing tactic guarantees numerical stability during training and 

allows for a fair comparison between models.  

 

2.2.  Model training procedure 

The ANFIS model, based on Jang's work in 1993 [22]utilizes a neural network combined with fuzzy 

logic using Takagi-Sugeno-Kang (TSK) "if-then" rules [23]. The model's input layer receives the three 

behavioral descriptors, EAR, MAR, and PERCLOS, and it is followed by a fuzzification layer where each 

input is associated with three linguistic terms (low, medium, and high) using generalized bell-shaped 

membership functions (gbellmf), as depicted in Figure 2. The parameters of these membership functions are 

being optimized as training progresses using the Adam algorithm to enhance the ability of the model to adapt 

to data variability. The fuzzified inputs are then combined in the rule layer to produce 27 fuzzy rules that 

cover all possible combinations of the three linguistic states of the three input variables. The firing strength of 

every rule, which is computed by multiplying the membership degrees of the corresponding inputs, is 

presented in (4). Defuzzification outputs are computed as (5). 

 

𝑤𝑖 = 𝜇𝐸𝑖(𝑥_𝑒𝑎𝑟). 𝜇𝑀𝑖
(𝑥_𝑚𝑎𝑟). 𝜇𝑃𝑖(𝑥_𝑝𝑒𝑟𝑐) (4) 
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𝑓𝑖 = 𝑝𝑖(𝑥_𝑒𝑎𝑟) + 𝑞𝑖(𝑥_𝑚𝑎𝑟) + 𝑟𝑖(𝑥_𝑝𝑒𝑟𝑐) + 𝑠𝑖 (5) 

 

The RF model [24] is an ensemble learning method in machine learning that creates a model by 

aggregating several decision trees to improve the prediction, accuracy, and reliability of the model. Each 

decision tree in the forest is like a flowchart with a well-organized structure where the branches represent the 

possible decisions or actions that lead to the specific outcomes. RF is based on the collective power of many 

trees, with each tree being trained on a different subset of the data, which brings about some variation among 

them and thus reduces the chance of overfitting. This diversity enhances the model's ability to generalize well 

on new data. This work implements an RF classifier composed of 100 trees, providing a good trade-off 

between computational efficiency and prediction stability. 

 

 

 
 

Figure 2. Structure of ANFIS with EAR, MAR, and PERCLOS inputs 

 

 

2.3.  Model fusion methodology 

Gradient descent is employed to determine the optimal values of the weighting coefficients. The 

combined prediction model with the bias component is expressed in (6). 

 

𝑦𝑐 = 𝑤1 ⋅ 𝑦𝑎𝑛𝑓𝑖𝑠 + 𝑤2 ⋅ 𝑦𝑟𝑓 + 𝑏 (6) 

 

The fused prediction𝑦𝑐 is computed by linearly combining the outputs of the ANFIS and RF models using the 

weighting coefficients 𝑤1, and 𝑤2, with 𝑏 acting as the bias parameter. During training, these parameters are 

iteratively adjusted to minimize the MSE between the predicted and actual outputs, as formulated in (7). 

 

𝐿 =
1

𝑛
∑ (𝑦𝑐

(𝑖) − 𝑦(𝑖))2𝑛
𝑖=1  (7) 

 

The weights 𝑤1, 𝑤2, and the bias 𝑏 are updated at each iteration of gradient descent as (8). 

 

𝑤1 = 𝑤1 − 𝛼
𝜕𝐿

𝜕𝑤1
; 𝑤2 = 𝑤2 − 𝛼

𝜕𝐿

𝜕𝑤2
; 𝑏 = 𝑏 − 𝛼

𝜕𝐿

𝜕𝑏
  (8) 

 

Where 𝛼 is the learning rate. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Evaluating model performance 

In order to thoroughly assess how well our models can detect driver drowsiness, we employed 

several performance metrics. MSE reports the mean squared deviation of predictions from ground-truth 
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values [25], while root mean squared error (RMSE) gives a more relatable measure of this difference, and 

mean absolute error (MAE) measures the average absolute deviation. Recall and F1-score were evaluated to 

emphasize recall of drowsy states and the precision–recall balance, respectively, while area under the curve 

(AUC) assessed the models' ability to distinguish classes regardless of the decision threshold; accuracy 

quantified the overall proportion of correctly classified samples. These performance metrics should not be 

confused with the loss functions used for training, which depend on the model type: ANFIS was trained by 

minimizing MAE, whereas the DL models⎯artificial neural network (ANN), CNN, long short-term memory 

(LSTM), bidirectional long short-term memory (BLSTM), gated recurrent unit (GRU)⎯were trained  

through binary cross-entropy loss. All comparative results are based exclusively on performance metrics 

obtained on the test data, independent of the training process; MAE and MSE are reported only after 

thresholding the probabilistic outputs, quantifying decision-error size, while classification metrics indicate 

overall model efficiency.  

Three model types were tested, namely fuzzy system (FS), DL, and EM, with hyperparameters 

carefully tuned for the best performance and least training fluctuation. Rather than relying on massively deep 

architectures, we favored simpler models to limit overfitting from excess parameters. All FS and DL models 

were optimized over 100 training epochs with Adam [26], chosen for its efficient convergence and stable 

learning rates. Binary cross-entropy was used for some models, particularly for binary classification, as it 

improved class separation (drowsy vs. non-drowsy) and reduced misclassification.  

A batch size of 16 was used in some cases, along with dropout regularization to limit overfitting, 

while 'relu' and 'sigmoid' activations in dense layers improved the network's ability to capture nonlinearities. 

Table 2 shows the representative parameters of each model, reflecting tuning specialized to each algorithm's 

requirements. The hyperparameters summarized in Table 2 were determined empirically, through iterative 

manual experimentation guided by preliminary trials and values commonly reported in the literature for 

comparable tasks, rather than a formal grid-search or cross-validation procedure. For ANFIS, MAE served 

both as the training loss and as an evaluation metric, chosen for its robustness to outliers and stable gradient 

behavior; it was combined with MSE and RMSE as evaluation metrics for a fuller assessment of prediction 

errors and easier comparison across models. 

 

 

Table 2. Hyperparameters of each model 
Model type Model Hyperparameters 

FS ANFIS n_input: 3, n_memb: 3, memb_func: gbellmf, optimizer: adam, 

loss: MeanAbsoluteError, n_epochs: 100 
Deep neural networks ANN layers: [Dense(32, relu), Dense(16, relu), Dense(1, sigmoid)], loss: 

binary_crossentropy, optimizer: adam, metrics: accuracy, epochs: 

100, batch_size: 16, validation_split: 0.2 
CNN layers: [Conv1D(32, 2, relu), Flatten(), Dense(1, sigmoid)], loss: 

binary_crossentropy, optimizer: adam, metrics: accuracy, epochs: 

100, batch_size: 16, validation_split: 0.2 
BLSTM layers: [Bidirectional(LSTM(64, return_sequences=True)), 

Bidirectional(LSTM(64)), Dense(1, sigmoid)], loss: 

binary_crossentropy, optimizer: adam, metrics: accuracy, epochs: 
100, batch_size: 16, validation_split: 0.2 

LSTM layers: [LSTM(64, return_sequences=True), LSTM(64), Dense(1, 

sigmoid)], loss: binary_crossentropy, optimizer: adam, metrics: 
accuracy, epochs: 100, batch_size: 16, validation_split: 0.2 

GRU layers: [GRU(64, return_sequences=True), GRU(64), Dense(1, 

sigmoid)], loss: binary_crossentropy, optimizer: adam, metrics: 
accuracy, epochs: 100, batch_size: 16, validation_split: 0.2 

Traditional supervised 

learning methods 

SVM kernel: rbf, probability: True 

K-nearest neighbors (KNN) n_neighbors: 7 
Logistic regression solver: lbfgs 

Ensemble methods Random forest n_estimators: 100, max_depth: 10 

Gradient boosting n_estimators: 100, learning_rate: 0.05, max_depth: 5 
XGBoost n_estimators: 100, learning_rate: 0.05, max_depth: 5 

AdaBoost n_estimators: 100 

 

 

The loss curves in Figure 3 are studied only to assess convergence and training stability, not for 

direct performance comparison, which relies on the evaluation metrics reported in Tables 3 and 4. Figure 3(a) 

stabilizes earliest and with the fewest oscillations, whereas the DL models in Figure 3(b) to 3(f) require more 

epochs and display comparatively less stable validation loss. As depicted in Figure 3(a), ANFIS converges 

much faster and more stable than the other models, rapidly reducing both training and validation loss within 

the first 30 epochs with only minor oscillations. ANN as in Figure 3(c) and CNN as in Figure 3(e), by 

contrast, are slower learners, converging only after 60–80 epochs. LSTM as in Figure 3(b), GRU as in  
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Figure 3(f), and BLSTM as in Figure 3(d) converge faster, stabilizing around 40 epochs,  

but their validation-loss curves are noticeably more unstable than ANFIS's, indicating higher sensitivity to 

temporal dynamics and lower generalization ability; BLSTM converges fastest among them, yet its 

converged loss remains higher than ANFIS's, confirming the hybrid neuro-FS greater optimization stability. 

This can be attributed to ANFIS's small number of trainable parameters (the membership-function parameters 

of three fuzzified inputs and linear consequents of 27 TSK rules), the smooth, differentiable bell-shaped 

membership functions, and the low-dimensional three-feature input space, all favoring stable gradient-based 

optimization. The DL architectures, designed to exploit larger, more heterogeneous datasets, are more prone 

to overfitting given NTHU-DDD's limited subject diversity, consistent with the validation-loss fluctuations 

noted above. 

 

 

  
(a) (b) 

  

  
(c) (d) 

  

  
(e) (f) 

 

Figure 3. Training and validation loss curves over 100 epochs for (a) ANFIS, (b) LSTM, (c) ANN,  

(d) BLSTM, (e) CNN, and (f) GRU 
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3.2.  Comparison of individual and hybrid model performance 

To evaluate the effectiveness of the proposed approach, a comprehensive comparison between 

individual models and hybrid ANFIS–X configurations was conducted. The objective of this analysis is not 

only to assess the predictive capability of standalone classifiers, but also to examine the impact of integrating 

ANFIS as a fuzzy inference component within hybrid architectures. Rather than acting solely as an 

independent classifier, ANFIS is incorporated as a core module designed to handle uncertainty and gradual 

transitions between alert and drowsy states. Through its fuzzy rule-based reasoning, ANFIS provides stable 

probabilistic estimates and fast convergence behavior, which are particularly desirable in driver drowsiness 

detection. By hybridizing ANFIS with complementary classifiers, the proposed framework aims to exploit 

both the interpretability and stability of fuzzy inference and the strong generalization capabilities of  

data-driven models. 

The performance of the standalone models is analyzed first. The individual model performances are 

reported in Table 3. Among the evaluated approaches, ensemble-based methods and RNNs demonstrate 

strong predictive capability. RF achieves the highest performance among standalone models, with an 

accuracy of 94.44%, an F1-score of the approximately 94.6%, and an AUC of 0.984, indicating  

robust generalization and effective discrimination between alert and drowsy states. Recurrent architectures 

such as LSTM, BLSTM, and GRU also yield competitive results, with accuracies exceeding 93% and AUC 

values above 0.97, confirming their ability to capture temporal dependencies in behavioral features. In 

contrast, simpler classifiers, including logistic regression, SVM, and KNN, exhibit comparatively  

lower performance, reflecting the limitations of linear or distance-based decision boundaries for this task. 

Although ANFIS alone does not achieve the highest accuracy (91.90%), it maintains a high recall (92.88%) 

and a strong AUC (0.975), demonstrating notable sensitivity to drowsy states and stable probabilistic 

behavior. These characteristics suggest that ANFIS constitutes a reliable and complementary component for 

hybrid integration. 

 

 

Table 3. Comparison of valuation measures for individual models 
Model MSE RMSE MAE Recall F1-score AUC Accuracy 

LSTM 0.060317 0.245596 0.060317 0.910979 0.941718 0.978216 0.939683 

GradientBoosting 0.061905 0.248807 0.061905 0.916914 0.940639 0.979689 0.938095 
XGBoost 0.063492 0.251976 0.063492 0.910979 0.938838 0.981264 0.936508 

KNN 0.068254 0.261255 0.068254 0.926471 0.936107 0.96573 0.931746 

GRU 0.068254 0.261255 0.068254 0.922849 0.935338 0.978114 0.931746 
BLSTM 0.073016 0.270214 0.073016 0.905882 0.930514 0.9586 0.926984 

ANN 0.07619 0.276026 0.07619 0.884273 0.925466 0.968352 0.92381 

SVM 0.077778 0.278887 0.077778 0.869436 0.922835 0.963774 0.922222 
AdaBoost 0.079365 0.281718 0.079365 0.890208 0.923077 0.97301 0.920635 

CNN 0.080952 0.284521 0.080952 0.905045 0.922844 0.97141 0.919048 

Random forest 0.055556 0.235702 0.055556 0.925816 0.946889 0.984161 0.944444 
ANFIS 0.080952 0.284521 0.080952 0.928783 0.924668 0.975583 0.919048 

Logistic regression 0.125397 0.354114 0.125397 0.896142 0.884334 0.941291 0.874603 

 

 

The impact of hybridization is examined next. The hybrid ANFIS–X results are summarized in 

Table 4. A consistent improvement can be observed across all hybrid configurations when compared to  

their corresponding standalone counterparts, confirming the benefit of integrating ANFIS within the 

prediction framework. Among all hybrid models, ANFIS–RF achieves the best overall performance, with an 

accuracy of 94.60%, an F1-score of 94.82%, a recall of 92.28%, and a low MSE of 0.054, outperforming 

both standalone ANFIS and RF. Hybrid models based on recurrent architectures, such as ANFIS–BLSTM 

and ANFIS–LSTM, also demonstrate strong performance, particularly in terms of recall and AUC  

(both exceeding 0.98), highlighting the advantage of combining fuzzy inference with temporal modeling. 

Other hybrid configurations, including ANFIS–GB and ANFIS–XGBoost, show competitive but slightly 

lower performance, while hybrids involving simpler classifiers such as ANFIS–SVM and ANFIS–KNN yield 

moderate improvements without surpassing the leading hybrid models. Overall, these results indicate that the 

proposed ANFIS–X framework systematically enhances prediction performance by leveraging the 

complementary strengths of fuzzy inference and data-driven classifiers. Among all hybrid configurations, the 

ANFIS–RF model emerges as the most balanced and reliable solution for driver drowsiness detection.  

As summarized in Table 5, the proposed ANFIS–RF hybrid model demonstrates superior balance in 

predictive performance compared to recent methods applied to the NTHU-DDD dataset. While certain 

approaches, such as CNN–LSTM of Chen et al. [27] (93.30% accuracy) and RNN of Ed-Doughmi et al. [11] 

(92.00% accuracy), achieved slightly higher accuracy, they either lack F1-score reporting or present lower 

F1-scores, indicating potential precision–recall imbalance. In contrast, our model attained a robust F1-score 
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of 90.6%, outperforming the deep CNN by Dua et al. [28] (84.09%) and the 3D CNN by Zhao et al. [12]. 

Furthermore, the combination of adaptive fuzzy reasoning and ensemble learning in ANFIS–RF enables 

effective generalization under facial variability. These results underline the relevance of neuro-fuzzy 

ensemble models as interpretable and competitive alternatives to deep architectures for real-time driver 

drowsiness detection. This should be interpreted in light of the dataset's scope: only six subjects are 

represented, limiting facial and demographic diversity, and drowsy-related behaviors are likely 

underrepresented relative to alert states, introducing some class imbalance. Both factors motivate our use of 

AUC alongside accuracy and F1-score. 

 

 

Table 4. Comparison between individual and hybrid models 
Model MSE RMSE MAE Accuracy Precision Recall F1-score AUC 

ANFIS-RF 0.053968 0.232311 0.053968 0.946032 0.974922 0.922849 0.948171 0.978651 

ANFIS-BLSTM 0.057143 0.239046 0.057143 0.942857 0.971787 0.919881 0.945122 0.982996 
ANFIS-LSTM 0.05873 0.242343 0.05873 0.94127 0.977707 0.910979 0.943164 0.978312 

ANFIS-GRU 0.061905 0.248807 0.061905 0.938095 0.965625 0.916914 0.940639 0.977218 

ANFIS-GBoosting 0.063492 0.251976 0.063492 0.936508 0.971429 0.908012 0.93865 0.979639 
ANFIS-XGBoost 0.066667 0.258199 0.066667 0.933333 0.971246 0.902077 0.935385 0.981396 

ANFIS-AdaBoost 0.068254 0.261255 0.068254 0.931746 0.977273 0.893175 0.933333 0.962118 

ANFIS-KNN 0.071429 0.267261 0.071429 0.928571 0.948328 0.917647 0.932735 0.9657 
ANFIS-ANN 0.074603 0.273136 0.074603 0.925397 0.970779 0.88724 0.927132 0.967977 

ANFIS-SVM 0.074603 0.273136 0.074603 0.925397 0.970779 0.88724 0.927132 0.970488 

ANFIS-CNN 0.077778 0.278887 0.077778 0.922222 0.95 0.902077 0.925419 0.970929 
ANFIS-LR 0.08254 0.287297 0.08254 0.91746 0.946708 0.896142 0.920732 0.965896 

 

 

Table 5. Comparative studies on detecting driver drowsiness using the NTHU-DDD dataset 
Study Method Used variables Dataset Accuracy 

(%) 
F1-score 

(%) 

[28] Deep CNN Hand gestures, facial expressions, head movements NTHU-DDD 85.00 84.09 

[11] RNN Driver image NTHU-DDD 92.00 85.00 
[12] 3D CNN Driver face and facial landmarks NTHU-DDD 88.60 

 

[29] Deep CNN 

ensemble 

Hand gestures, facial expressions, head movements NTHU-DDD 85.00 84.09 

[11] RNN Driver face and facial landmarks NTHU-DDD 92.00 85.00 

[12] 3D CNN Driver face and facial landmarks NTHU-DDD 88.60 
 

[27] CNN + LSTM Eye and face region NTHU-DDD 93.30 
 

[29] MLP + KNN Eye closure, yawning NTHU-DDD 94.31 79.00 

This study ANFIS-RF Facial landmark (eye and mouth) NTHU-DDD 94.60 94.81 

 

 

4. CONCLUSION 

This research proposed a hybrid model of ANFIS and RF to improve the precision and 

trustworthiness of driver drowsiness detection. Efficient ANFIS, handling uncertainty, coupled with  

RF's ensemble learning capability, enabled the hybrid model to outperform the standalone and several  

state-of-the-art models on the NTHU-DDD dataset. Specifically, the model reached an accuracy of 94.60% 

and an F1-score of 94.81%, which indicates its capability in handling a variety of facial expressions. 

Furthermore, the model, being both efficient and interpretable, can be a good candidate for real-time 

application on embedded systems. Explorations for future research will include combining more behavioral 

and physiological signals (e.g., heart rate, steering patterns) and diversifying the model's driving environment 

to improve generalization, robustness, and real-world applicability. 
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