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A novel approach for the detecting dynamic facial fatigue behavior of drivers is proposed in this work. First,

the eye and mouth regions are extracted from a frame in a video to classify the static facial fatigue state by using

a local ensemble convolutional neural network (LECNN) model. A transfer learning strategy is used to pretrain

the LECNN model for improved recognition accuracy. Second, the classification results for the frames in the

video are encoded and connected to construct an encoding vector that represents the facial state in the video.

Finally, k-nearest neighbors classifier is adopted to classify the constructed vector and obtain the recognition

result of facial fatigue. The proposed system is tested on a human fatigue dataset of images that are captured in

different environments. Results demonstrate the stable and robust performance of the proposed method with

approximately 96.76% accuracy.
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1. Introduction

In contrast with drunk driving, overspeeding, and other
major types of risky driving behaviors, driver fatigue is
difficult to detect and prevent, thereby compromising the
security and safety of drivers, passengers, and pedestrians.
Therefore, studying the effective methods for detecting hu-
man drowsiness is crucial in improving transport safety.
Eye-based human fatigue detection methods have been
widely used. In [1], an eye state classification method that
used the feature-level fusion and user-specific classification
of both eyes, was introduced to improve the accuracy of
driver fatigue recognition. Cyganek et al. [2] proposed a
detection method that determined the states of driver fa-
tigue via eye recognition using two cameras. Dasgupta [3]
presented a robust real-time embedded platform to monitor
the attention loss of drivers under day and night driving
conditions. Facial expression recognition, which is a sig-
nificant and challenging problem in the fields of pattern
recognition and computer vision, has recently attracted
considerable attention. The method in [4] employs Gabor
wavelet and curvelet transforms to extract features from

static facial images and uses the random subspace ensem-
bles of support vector machines (SVMs) with a polynomial
kernel to recognize the three categories of facial fatigue
expression. Zhao et al. [5] proposed a high-order local mul-
tiresolution derivative pattern to extract the discriminative
information of the contours of the mouth, eyes, and eye-
brows from the sparse representation of fatigue expression
images and adopted the kernel SVM classifier to detect
human fatigue. In recent years, many driver facial fatigue
behavior recognition methods based on deep neural net-
work have been proposed [6]. Jabbar [7] fused facial images
and feature locations and used a real-time deep learning
model to identify driver fatigue status.

In this work, a local ensemble convolutional neural net-
work (LECNN) model is proposed to detect driver facial
fatigue in state images. A transfer learning strategy is ap-
plied to pretrain the convolutional neural networks (CNNs)
in the LECNN model by using different datasets to reduce
the detrimental effect of limited data on recognition accu-
racy. The classification results for the frames in two-second
videos are encoded and connected to construct an encoding
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vector that represents the statistical information of the fa-
cial state in the video. Subsequently, a k-nearest neighbors
(k-NN) classifier is used to classify the vector and obtain
facial fatigue recognition results.

2. Theory and formula

The proposed method comprises face and facial point de-
tection, LECNN development, transfer learning, encoding
vector construction, and dynamic facial fatigue classifica-
tion. The exhaustive illustration of the proposed method is
presented in Fig. 1.

2.1. Face and facial point detection

A real-time Viola—Jones face detector [8] is utilized to de-
tect the facial region when a video is inputted to a human
fatigue recognition system. The average rate of frames at
which face detection occurs is not less than 50 frames per
second in our platform. Then, an improved version of a
constrained local model [9] is adopted to locate and track
facial landmarks.

2.2. LECNN

CNNs are feed-forward neural networks [10] that comprise
convolutional, pooling, and fully connected neural net-
work layers. Convolution is mathematically represented as
follows:
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where, U;;-y is the value at (x, y) in the jth map in the ith
layer; f is the activate function; b,-]- is the bias; M is the
number of maps; wZZ is the weight parameter at location
(p, q) connected to the kth map; and P; and Q; are the
values of the kernel height and width, respectively. Pooling
layers are adopted to reduce the map size, thereby avoiding
over-fitting and increasing the position invariance of the
kernels. Fully connected layers are similar to general neural
networks, and their neurons are fully connected to the
previous layer. In this study, eye and mouth patches are
cropped and fed into the LECNN model. The architecture
of the proposed LECNN model is presented in Fig. 2. The
LECNN model comprises three identical CNNs. The model
receives three 24 x 24 grayscale images, which represent the
eyes and the mouth as inputs. Finally, the hidden layers of
these CNNs are concatenated and connected to the output
layers as follows:
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where A is the concatenated layer; a;, 4y, and a3 are
the fully connected hidden layers of the three CNNs;
p(y = i|A) is the predicted probability for the ith class
given hidden vector A; o is the SoftMax function; and
W = [Wy;, Wy, ..., W] is the parameter set of the output
layers. The inference can be obtained by the following
function:

I= argm;sz 4)

where P is the vector that contains all the predicted proba-
bilities for the classes of the network.

2.3. Transfer learning

The lack of training data can render the proposed network
prone to over-fitting. Accordingly, a suitable transfer learn-
ing method for the LECNN is developed. In the LECNN,
the structures of the three CNNs are identical. A CNN
model is trained using the pretraining dataset, and the
learned features are subsequently transferred to the three
CNNs of the LECNN. After pretraining, the pretrained
LECNN is fine-tuned on the constructed dataset. Five fa-
cial expression recognition datasets (i.e., CK+ [11], MMI
[12], FERA [13], FER2013 [14] and JAFFE [15]) and an im-
age classification dataset (CIFR-10 [16]) are adopted study
to pretrain the LECNN.

2.4. Encoding vector

The classification results for the frames in the video are
encoded and connected to construct an encoding vector
that represents the time series information of the facial
static states in the video. The recognition results for the
extracted frames are numbered on the basis of Formula (4)
and concatenated into a vector as follows:

where V is the encoding vector of the video, [; is the num-
bered recognition result of the ith frame in the video, and
n is the number of frames extracted from the two-second
video. Finally, a k-NN classifier is applied to classify the
vector and obtain the recognition result. The k-NN classi-
fier algorithms is a type of instance-based learning model.
The k-NN is to predict the target label by finding the near-
est neighbor class. The closest class will be identified using
the distance measures like Euclidean distance. KNN can
be used for both classification and regression predictive
problems. However, it is more widely used in classification
problems in many fields.

3. Experimental Dataset

The actual driving environment of driver facial fatigue be-
havior is captured to evaluate the proposed method. An
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Fig. 1. Overall structure of the proposed framework.
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Fig. 2. Architecture of the proposed LECNN.

AHD130W-A381 near infrared camera is installed in front
of the subject’s seat on the right side of the driver to capture
the subjects’ face considering the dangers of driver fatigue
and the invariance of fatigue expressions on different oc-
casions. The videos of 30 subjects are captured in driving
environments, and the ages of the subjects ranged from
20-55 years. Females account for approximately 24% of the

subjects. Video captures include day, evening (dim light),
and night scenes. The facial behavior of each subject is
spontaneous. Finally, all 586 videos are converted into AVI
format and compressed by MPEG-4, and the video rate
is 24 fps. The length of each video is 2 s (48 frames). In
addition, 22870 images of the 586 videos are extracted to
train and evaluate the proposed LECNN model. A subject-
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based 10-fold cross-validation method is adopted in the
experiments. The classification scheme, namely, alert, mod-
erate fatigue, and severe fatigue, is adopted in our dataset.
Alert indicates that the driver drives the car in alert state.
Moderate fatigue indicates that the driver is in fatigue state,
characterized by yawning and frequent blinking. Severe
fatigue is characterized by sleeping and loss of ability to
control the car. The details of the datasets are shown in
Table 1.

Table 1. Details of the dataset.

Dataset Subjects Alert Moderate Severe  Total
fatigue fatigue

Video 30 324 136 126 586

Image 30 13410 4503 4957 22870

4. Result and discussions

First, the LECNN model is compared with the LBP, Gabor,
and HOG feature extraction methods. The accuracy of each
classifier is shown in Table 2. The experimental results
suggest that the overall recognition accuracy of the pro-
posed LECNN model is higher than those of other methods
regardless of the classifier used to classify the extracted fea-
tures. The recognition results also show that the LECNN
model with transfer learning strategy (LECNNT) outper-
forms the model without transfer learning (LECNNNT).
Subsequently, the output state of each frame is used to con-
struct the encoding vector. A k-NN is used to classify the
vector to obtain the driver fatigue state.

Then, the proposed facial fatigue behavior recognition
method is compared with other methods [17, 18]. The ex-
periment results are shown in Table 3. SLBP corresponds
to spatial-temporal motion local binary pattern [18]. The
experimental result shows that the proposed method out-
performs two other state-of-the-art methods in driver facial
fatigue recognition. Temporal resolution is defined as the
number of frames extracted from a video for classification.
The recognition accuracy rates of state-of-the-art methods
for different temporal resolutions are analyzed and com-
pared in this section. The experimental results are shown
in Fig. 3. The classification capabilities of the methods
are considerably improved when the extracted number of
frames is increased. The proposed method outperforms the
other methods in all temporal resolutions.

5. Conclusion

This paper presents a driver facial fatigue behavior recog-
nition method based on a LECNN and an encoding vector.
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Fig. 3. Recognition results for different temporal resolu-
tions.

The eyes and mouth images are fed into the LECNN, which
integrates three CNNSs, to classify the facial fatigue behav-
ior in static frames. A transfer learning strategy is applied
to pretrain the CNNs in the LECNN by using different
datasets to improve the recognition accuracy. The classifi-
cation results for the frames in the video are encoded and
connected to form an encoding vector that represents the
statistical information of the facial state in the video. A
k-NN is used to classify the vector. The experimental re-
sults show that the LECNN can accurately recognize static
facial fatigue. The average recognition rate of the proposed
method on the constructed dataset is 96.76%.

In the future, we will expand our dataset to include
more complex environments (dim and night environments),
people (e.g., eye disabled people), and races (e.g., European,
American, and African) to obtain more reliable recognition
results.

Acknowledgments

This work was supported by the Doctoral fundation of
shandong jianzhu university (X18039Z) and the Natural Sci-
ence Foundation of Shandong Province (ZR2018MEE015).



Journal of Applied Science and Engineering, Vol. 23, No 3, Page 385-390 389

Table 2. Comparison of the results of LECNN and other methods.

Feature Classifier ~Alert Moderate fatigue Severe fatigue Average
k-NN 89.78 80.08 85.88 87.02
LBP RF 97.78 66.87 84.65 88.85
SVM 96.59 83.90 88.38 92.31
k-NN 90.58 66.40 80.90 83.73
HOG RF 97.68 76.75 83.80 90.55
SVM 95.71 85.01 89.43 92.24
k-NN 93.62 76.11 89.91 89.37
Gabor RF 96.91 88.67 85.96 92.92
SVM 96.05 86.12 92.31 93.28

Image LECNN 96.36 95.00 90.84 94.90

LECNNt 97.36 95.40 93.44 96.13

Table 3. Comparison results of the proposed method and four state-of-the-art methods.

Methods Alert Moderate fatigue Severe fatigue Average
Texture + landmarks [17] 94.44 84.92 91.64
SLBP + Gabor [18] 96.91 89.68 93.85
proposed 98.46 92.86 96.76
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