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Abstract: Face attribute recognition is also widely used in human—computer interaction, train stations, and
other fields because face attributes are rich in information. A convolutional neural network and distributed
computing (DC)-based face recognition model is researched to enhance multitask face recognition accuracy
and computational capacity. The model is also trained using a multitask learning method for face identity
recognition, fatigue state recognition, age recognition, and gender recognition. The model is streamlined by DC
to improve the computational efficiency of the model. To further raise the recognition accuracy of each task,
the study combines the add feature fusion (FF) principle and concat FF principle to propose an improved face
recognition model. The outcomes of the study revealed that the true acceptance rate value of the model
reached 0.95, and the face identity recognition accuracy reached 100%. The fatigue state determination
accuracy reached 99.12%. The average recognition time of a single photo was 354 ms. The model can quickly
recognize face identity and face attribute information in a short time, with short time and high recognition
accuracy. It is beneficial in several areas, including intelligent navigation and driving behavior analysis.
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1 Introduction

Emotions are people’s emotional expression of objective events, and facial expressions are a universal con-
duction signal for emotions. With the rapid development of traffic, economy, and trade, as well as the con-
tinuous improvement of people’s living standards, cars, trucks, and other vehicles are increasingly popular
and increasing [1]. At the same time, the traffic accident rate is also increasing, in which driver fatigue driving
is an important cause of traffic accidents. Therefore, it is particularly important to detect driver fatigue and
give corresponding warnings to driver fatigue driving to ensure driver safety [2]. In recent years, with the
rapid development of artificial intelligence technology, artificial intelligence has become the core driving force
for a new round of industrial reform and has been widely used in speech recognition, text recognition, image
recognition, machine manufacturing, and other fields [3]. Multitask face recognition technology not only meets
the single task of face identity recognition, but also needs to find more useful face attribute information from a
face photo, such as age, gender, and fatigue state. In public transportation, if the driver’s basic information set
driving state can be identified through real-time face information detection, public transportation safety will
be further maintained [4]. Existing methods often use numerous models in parallel to accomplish multiple
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recognition tasks in order to attain multitask face recognition (FR). Nevertheless, the training period for this
strategy is sluggish and expensive [5]. To address this problem, the research utilizes distributed computing
(DC) and convolutional neural networks (CNN) to construct a new FR model. The model introduces the idea of
multitask learning (MTL), aiming to realize tasks such as face identity recognition and fatigue state recogni-
tion. The innovation of the research is to combine the principles of add feature fusion (FF) and concat feature
fusion (Concat-FF) to propose an FR model with multilayer FF. The study is broken up into four sections. The
first phase is the literature review, which examines and evaluates the present level of both domestic and
foreign research in the field of study. The second part is the methodology introduction part, which depicts the
specific details of the research design model. The third section, titled “Result Analysis,” plans experiments to
test the built model’s functionality and evaluates the model’s performance. The fourth part is the conclusion
part, which summarizes the analysis results and model details and gives the outlook.

2 Related works

As the most direct emotional expression of people to objective events, facial expression is a very important
conduction signal. FR technology, as the main method of emotion capture, has also been the focus of research
by experts and scholars. Ismail et al. proposed a Web-based attendance system for the substitution of
answering to attendance in a university classroom that uses a pre-trained model based on open-source
deep learning. A dynamic FR process was created by extracting features and storing them in an online
database. Experiments showed that the FR accuracy of this method reached 96% [6]. Elaggoune et al. artifi-
cially optimized the FR algorithm by applying face hybrid descriptors to feature selection. Face feature
extraction was performed by combining the Gabor filter with histogram-oriented gradient and local phase
quantization. Experimental results indicated that the FR rate of this method reached more than 90% [7]. Jiao
et al. discussed the improvement methods available in the literature in order to improve FR performance.
They found that when using the existing loss function in CNN, the training dataset has an overfitting problem,
which reduces the FR effect. Therefore, they proposed a new loss function, Dyn-arcFace, and experimentally
verified that the model using this loss function obtained a more advanced performance [8]. Fussey et al.
addressed the controversy of automated facial recognition in the field of police innovation by presenting
several new arguments based on insights from the sociology of policing, surveillance research, and science and
technology. The study analyzed and clarified how it is constrained by police discretion [9]. A novel Quaternion
Discrete Orthogonal Moment Neural Network model was put up by El Alami et al. to address the issue of
insufficiently strong descriptors in the field of color FR. Discrete orthogonal moments are employed to extract
pertinent and compact characteristics from an image’s quaternion representation. The approach yields more
than 96.84% classification accuracy in FR, according to experimental results [10].

CNN is a perceptual model with several layers, which is specialized for solving deep learning problems
related to the image domain. Han et al. found that traditional CNNs had serious problems with continuous
crack termination and misrecognition of background discrete noise in the semantic segmentation of pavement
cracks. Based on this problem, they proposed a jump-level round-trip sampling block structure and imple-
mented Li Russian image segmentation using CNN. The experimental analysis revealed that the model with the
sample block structure gives better results in pavement segmentation compared to other models [11]. Pooling
layers in CNNs can aid neural networks in learning invariant characteristics and lowering computational
complexity, according to research by Nirthika et al. According to the results, class-specific feature pairs in
relation to image size scale determine the best pooling strategy [12]. llesanmi and Ilesanmi investigated several
CNN image denoising methods and evaluated these methods using different datasets. The purpose and guiding
principles of CNN approaches, as well as a graphic description of some of the most advanced CNN image-
denoising techniques, are outlined in a number of works that were chosen for evaluation and analysis [13]. A
CNN-based system for handwritten document recognition was introduced by Ghazal. Following image pre-
processing, line, word, and character segmentation was used to divide the input content. When these seg-
mented characters were finally delivered to CNN for recognition, the experimental findings demonstrated that,
throughout the training phase, the suggested work approximated the outcomes with an accuracy of 93% [14].
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Fang developed a hybrid physical information neural network for partial differential equations. The network
borrowed ideas from CNNs and finite volume methods and used local fitting methods to achieve automatic
solutions of partial differential equations. Experiments indicated that the network was correct and effec-
tive [15].

CNN is one of the most widely used approaches in FR, with extensive application experience in image
processing, as demonstrated by the aforementioned literature. However, the current computer performance
still has the problems of slow processing speed and low accuracy when processing massive images with a lot of
data. For this reason, the research constructs a new FR model based on DC and CNN.

3 Face recognition model based on CNN and DC

The research designs and implements a multitask FR model that is capable of identifying faces, recognizing
ages, genders, and detecting fatigue states. The combination of CNN and DC aims to produce more efficient and
accurate FR.

3.1 Image data processing based on DC

Traditional facial expression recognition methods are usually aimed at a small number of people in controlled
environments such as laboratories, resulting in low data analysis efficiency when faced with real-world
scenarios. The research mainly focuses on the recognition of drivers’ driving status in public transportation
systems, which must involve massive image data. In order to realize efficient and high-precision multitask face
recognition, this paper first uses a DC method to process image data to improve the efficiency of facial feature
extraction. Then, using CNN, multitask the face information in the image data. Different datasets are required to
accomplish different learning tasks, and the study uses the CASIA-Webface dataset as the training dataset for face
identity recognition. The dataset includes a total of 484,536 identity photos of 10,576 individuals. The IJB-A dataset
was used as the test dataset for the face identity recognition task. IMDB Wiki 500k+ and FG-NET were used as the
training dataset and test dataset for the face age recognition task, respectively. The study chose the face tiredness
data of Beijing bus drivers as the dataset for fatigue state recognition and used Celeba as the dataset for training
and testing of face gender recognition. The related dataset may have missing faces or unbalanced data; for this
reason, the study first preprocesses the dataset. The processing flow is shown in Figure 1.
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Figure 1: Dataset preprocessing process. Source: Created by the authors.

Different objective functions and training algorithms need to be used for different tasks as a way to
achieve the same results as simultaneous training of multiple tasks on multilabeled datasets [16—18]. The
forward propagation of FR tasks in multiple FR tasks is shown in the following equation:

output, = f(WiX + by). @
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In equation (1), f is the activation function, Wy is the convolutional correlation parameter, and the
backpropagation can be described as follows:

M
TiOLy
Wh = h. - .
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)

In equation (2), i, denotes the learning rate of the kth recognition task, Ly is the loss of the kth recognition
task, M is the recognition tasks, Ty is the task weight, and Wy is the multitask sharing parameter. In face
identity recognition, the study uses the softmax classification function as the objective function for the face
identity recognition task. The probability distribution of softmax output is shown as follows:

. ijTx
pQy = i|x;0) = w ®3)

In equation (3), x is the model output, 6 is the convolution kernel and bias term, and y is the output
category, n is the category labels, and v is the input layers connected to the softmax layer. The study also uses
the softmax-loss as its loss function as follows:

Zy
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Loss(y, 0y) = - log(o,) = - log @

In equation (4), y is the real label of the face image, o, is the probability that the position is y in the
probability vector output by softmax, and Z, and Z; are the results after convolution operation. After calcu-
lating the loss value, backpropagation is performed. For face age recognition, the study designed a unique loss
function as follows:

G_Loss(y, 0y) = uG(y, oy) + (1 — wLoss(y, oy)

_ (0y - y)°
282
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In equation (5), G(y, 0y) is the Gauss loss function, Loss(y, oy) is the softmax-loss, u is the loss weight, which
takes the value of 0.5, and ¢ is the standard deviation of the age distribution of the training dataset. The face
age recognition network part outputs a 1 x 100-dimensional softmax probability vector and multiplies the
resultant label with the probability of the corresponding position to obtain the final recognition result. This
information is displayed as follows:

K=100
final age = ) o; x j. (6)
j=1

In equation (6), j is the age labeling category and o; is the probability value whose position is j in the
probability vector output by softmax. Both face gender recognition and fatigue state recognition use the
softmax classification function. When the traditional face recognition method is faced with the scene of
analyzing multiple face pictures at the same time, it cannot be completed quickly in terms of computational
efficiency or processing power. In order to improve the efficiency of research and design of face recognition
methods and make them meet the needs of working ability in the case of massive images, a DC method is
introduced to improve the computing speed. Hadoop is a collection of sorting, computing, and storing in a
distributed information computing system; it can help developers who do not know the parallel operation
principle of the case, still can according to their own business logic, set up a cluster system. Therefore, the
study introduces Hadoop technology into the field of face recognition. MapReduce first performs a slice Split
operation on the uploaded file, but the image itself is indivisible, so the study divides each image into a slice
Split. A slice corresponds to a Map task. Image features are extracted in the Map stage and the output is a face
feature vector. In Java, files need to use the serialization method in information exchange, need to transfer
files in binary format, and then convert the binary data to the original type of file after the transfer is
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completed. For this reason, the study uses Hadoop’s own development of the sequence framework Writable to
serialize data operations. MapReduce processing image process and the data types encapsulated by Hadoop
are shown in Figure 2.
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Figure 2: (a) MapReduce image processing flow and (b) Hadoop encapsulated data types. Source: Created by the authors.

However, the traditional Hadoop technology does not take image processing into account and does not
provide an image processing interface to the outside world. For this reason, the study designs the image input
type before the beginning of the experiment, defines it as ImgWritable inherits the Writable Comparable class,
and rewrites the serialization methods write and read File. Use InputFormat to describe the data type of
MapReduce jobs. However, there is still no data type for image processing in the InputFormat type provided by
MapReduce, but the InputFormat can be customized using MapReduce’s extension mechanism. The study
inherits the imgInpuFormat class from FileInputFormat and overrides the createRecorder method to modify
the Record Reader’s generalization to handle image data. Also, rewrite the isSplitable() method to return false;
no more slicing of individual image data. Finally, design imgRecorderReader to repackage the key-value pairs.
Take the key as the image name and the value as ImgWritable in the actual development; the study found that
if the facial feature extraction network is directly set up on a distributed data processing platform for FR, the
code execution efficiency is not improved, but rather slower than the running rate when the network is used to
extract the facial expression features on a microcontroller. This is due to the fact that the higher the number of
small files needed to start, run, and destroy Map tasks more often, which affects the efficiency of Hadoop
execution. For this reason, the study uses the Hadoop Image Process Interface (HIPI) image processing tool
library to merge facial images into a small number of files for processing. The distributed image data feature
extraction method flow is shown in Figure 3.
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Figure 3: Process flow of feature extraction method for distributed image data. Source: Created by the authors.
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3.2 Improved CNN-based face recognition

Before face recognition, the DC method is used to process image data, so as to reduce the time consumed in
image feature extraction. After processing the image data based on DC in the previous section, the study uses
CNN to perform multitask face recognition on the image data. Traditional multitask face recognition algo-
rithms have low accuracy in each recognition task. Compared with other neural networks, CNN is the main
force in the development of current deep neural networks, which can recognize images more accurately than
human beings. CNN has a strong image classification ability, and it has a good generalization ability. Therefore,
a face recognition algorithm based on deep CNN is proposed [19-21]. There are just nine convolutional layers
in the CNN that the study designed overall; the downsampling pooling layer is chosen as the maximum pooling
function; the activation function layer is chosen as the maxout activation function; and all training tasks are
trained using the softmax function for the pertinent face multiclassification task. The CNN parameter config-
urations for the four recognition tasks are shown in Table 1.

For single-task CNN training, it is difficult to quickly get the model to focus its attention on the image
region that needs attention, which makes it difficult to distinguish between relevant and irrelevant features.
However, for multitask CNN training, the recognition tasks with correlation help each other during the
training process. For this reason, the study introduces the attention-focusing mechanism to specify the training
order according to the complexity of the recognition tasks from high to low, which significantly reduces the
training time. The work uses the eavesdropping method to jointly gather the pertinent features of several
recognition tasks in an effort to enhance the model’s recognition performance. Meanwhile, the study intro-
duces a hidden data addition mechanism to develop the training order according to the amount of training
data from the most to the least, which in turn supplements the dataset for the recognition task with less data.
Furthermore, a bias method is used to obtain the required generalized features directly from the pooling
layer’s output following the final convolutional layer. Based on the suitable adversarial mechanism, the
rationality of face identity identification and face age recognition tasks coexisting is understood. To improve
the accuracy of the FR task further, multilayer FF on top of the traditional CNN is being investigated and the
MTL training strategy adjustment. The comparison between the traditional CNN and the CNN network after
multilayer FF is shown in Figure 4.

There are two basic principles of CNN multilayer FF, which are the add principle and the concat principle.
The basic idea of the add principle is that a combination of feature maps is added, while the number of
channels remains unchanged. The basic idea of the concat principle is that combining channel numbers
changes the number of channels. Assuming two inputs, after the fusion of the add method, the convolution
output at each position is shown in equation (7).

4
Zoaa = ) (Xi + ¥ x W, ™
i=1
In equation (7), X; and ¥; are the two channel inputs, ¥ is the convolution kernel, and c is the amount of
input data for each channel. After fusion based on the concat principle, the convolutional output at each
position is shown in equation (8).
c 2c
Zconcat = in x W+ Z Y xW. 3)
i=1 i=c+1
The feature maps corresponding to the add fusion principle share a convolutional kernel, which is
equivalent to adding a prior. The concat principle also corresponds to different convolutional kernels for
each channel. The study is based on the concat fusion principle to select appropriate CNN features at different
levels for fusion. The FF process can be described by equation (9).

f;:oncat = [fdown’fmiddle’ﬁlp]' 9)

In equation (9), fyown> fmiaaer @0d £y, are the bottom, middle, and top level features in the model, respec-
tively, and [] denotes the successive operations on the quantitative dimension of the vector. The study selected
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(a) (b)

Figure 4: Comparison of (a) traditional CNN and (b) NN networks after multilayer feature fusion. Source: Created by the authors.

three levels of features to be fused and changed only in quantity. Before Concat-FF, the width and height of all
concat input features need to be normalized to the same size, and the study uses a convolution operation to do
this. After selecting the appropriate level, the study chose to let the multitasking CNN model itself do the
feature selection and combination based on the ADD fusion principle. Different levels of CNN features are
suitable for different tasks, and it is considered that it is not appropriate to let one feature or multiple features
to accomplish a certain task. Therefore, the study designed a convolutional layer with a convolutional kernel
size of 1 x 1 after Concat-FF, with the number of convolutional kernels determined by the number of features
selected. The fused convolution formula is shown in equation (10).

fl: = féoncat x W + b;

. (10)
— rdown rmiddle up*
- ﬁiown x W +fmiddle x W +j{1p x WP

In equation (10), f; is the ith output when feature selection is completed, and W; and b; denote the
convolution parameters and bias of the ith convolutional neuron, respectively. In summary, the study adds
an FF network component to the CNN model, as shown in Figure 5.

Multi task deep learning network
architecture

Figure 5: Structure of facial recognition model based on improved CNN. Source: Created by the authors.

The improved CNNFR network structure selects features output from the pooling layer of different con-
volutional layers, and in order to allow one or more features that are best suited for a particular task to
accomplish this task, the study designed a layer of convolutional layer Conv6 with parameter dimensions of
256 x 1 x 1, and let the CNN itself do the feature selection. In order for the features not to lose local information,
the study did not use any pooling operation in the fusion network. Furthermore, the study could only achieve
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dimensionality reduction sampling by performing convolutional selection on the number of features, hence
reducing the computing effort of the FF network.

4 Performance analysis of multitask face recognition model based
on CNN and DC

4.1 Experimental environment and parameter setting

The operating system is Microsoft Windows 10 (64-bit), the CPU parameters are Intel(R) Core(TM) i7-7700 CPU
@ 3.60 GHz(3,600 MHz), the memory is 2,400 MHz, and the graphics card is Radeon (TM) RX550. The develop-
ment language is Python, and the development tools are PyCharm 2020 and Eclipse. The IJB-A dataset is used as
a test dataset for the face identification task. IMDB Wiki 500k+ and FG-NET were used as training and test data
sets for face age recognition tasks, respectively. Celeba was used as the dataset for training and testing facial
gender recognition, and facial fatigue data of bus drivers in Beijing was selected as the dataset for fatigue state
recognition. The indexes involved in the experiment include training loss, recognition error, mean absolute
error (MAE), recognition accuracy (acc), true accept rate (TAR), and false accept rate.

4.2 Operational efficiency analysis of the multitask face recognition model

The study trains the model for each of the four distinct recognition tasks in order to evaluate the model’s
training. The overfitting or underfitting models are also eliminated through training. The loss convergence of
the training process for the four different recognition tasks is shown in Figure 6.
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Figure 6: Convergence of loss in the training process of four different recognition tasks. (a) Facial recognition task. (b) Facial age
recognition task. (c) Facial gender recognition task. (d) Facial fatigue state recognition. Source: Created by the authors.
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In Figure 6(a), the convergence time of the face identity recognition training process is longer, and it starts
converging after training up to 67,645 times. In Figure 6(b), face age recognition training to 20,866 times starts
converging. In Figure 6(c), face gender recognition convergence occurs after training up to 11,005 times. In
Figure 6(d), face fatigue recognition reaches the optimal target loss value after training up to 2,045 times.
Comprehensively, Figure 6 shows that all the face attribute recognition tasks converged to the optimal model
very quickly, except for the beginning face identity recognition task, which had a longer convergence time to
reach the optimal model. The reason why face identification training is the most frequent is that the task is
more complex and higher, and the more complex the task is, the more generalized and detailed the extraction
of face features, which can provide more information for the subsequent task. Therefore, the training task
order is set as face identity recognition, face age recognition, face gender recognition, and face fatigue state
recognition.

In order to test the effect of the DC method used in the study on the efficiency of the model operation, the
study judges the cluster performance of the model. In the cluster parallelization experiments, the study
conducted a stand-alone comparison experiment, an acceleration ratio experiment, and a platform scalability
experiment, respectively. The results are shown in Figure 7.
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Figure 7: Experimental results of cluster parallelization for DC methods. (a) Comparison between single machine feature extraction and
parallelization. (b) Acceleration ratio experiment. (c) Scalability experiment. Source: Created by the authors.

In Figure 7(a), the efficiency of parallelized feature extraction of face images using the Hadoop platform
built with clusters is significantly improved, which indicates the feasibility of Hadoop-based FR. In Figure 7(b),
the experiment increases the number of cluster nodes sequentially by not changing the data size. All four folds
are found to be in a growing trend, which proves that the method is effective. The results of setting four nodes
and setting five nodes appear to be almost the same in the 200 MB size of the experimental folds, which is
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related to the size of the data block. In Figure 7(c), two sets of comparison curves 400 and 200 MB are used for
the experiment, from which it can be seen that the relative running time grows slowly with the increase of the
number of nodes and the data size, and the Scaleup value shows an overall increasing trend. It can be seen that
200 MB scaleup data has better scalability on the cluster compared to 400 MB scaleup data. Based on the above
content, it can be seen that the research uses the HIPI framework to merge image data, so that several images
are merged into a block size for Map processing, which greatly reduces the consumption of system resources.
At the same time, DC can effectively improve computing efficiency on different nodes.

4.3 Performance analysis of the multitask face recognition model

The study constructs an FR model based on CNN and DC through the MTL mechanism. In order to test the
advantage of using the multitasking mechanism, the study compares the recognition error values of the single-
tasking mechanism and the multitasking mechanism model, and the results are shown in Figure 8.
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Figure 8: Recognition error values of single-task mechanism and multitask mechanism models. (a) Facial recognition task. (b) Facial age
recognition task. (c) Facial gender recognition task. (d) Facial fatigue state recognition. Source: Created by the authors.

In Figure 8(a), the error of the multitasking mechanism fluctuates around 0.2, while the error value of the
model with the single-tasking mechanism fluctuates between 0.32. The multitasking mechanism’s error profile
in Figure 8(b) is noticeably smaller than the single-tasking mechanism’s. The multitasking mechanism’s error
curves vary below the single-tasking mechanism, as seen in Figure 8(c) and (b). This indicates that the multi-
tasking mechanism is able to fully exploit the knowledge found in other jobs. In order to test the
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reasonableness of the study’s improvement approach to the multitask CNN model, the study introduces the
MAE and recognition accuracy (acc) to compare the performance of the model before and after the improve-
ment. The recognition results of the model before and after improvement under four recognition tasks are
shown in Figure 9.
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Figure 9: Performance comparison of face recognition models before and after improvement. (a) Facial recognition task. (b) Facial age
recognition task. (c) Facial gender recognition task. (d) Facial fatigue state recognition. Source: Created by the authors.

As demonstrated in Figure 9(a), the enhanced model’s identity identification accuracy has increased when
compared to the unimproved model, reaching 97% recognition accuracy. In Figure 9(b), in the MAE value of
age recognition, the improved model is only 3.22, which is much lower than the pre-improved model. The
gender recognition rate of the enhanced model is 98.9% in Figure 9(c), 1.4% higher than the pre-improved
model. The accuracy of the improved model in identifying the fatigue state is 98.7% in Figure 9(d), an
improvement of 0.8% over the pre-enhanced model. As can be summarized in the figure, the performance
of the model in each FR task was improved with the addition of the multilayer FF network. To further examine
the performance of the FR model (Model 1) designed for the study. Since Model 1 is a multitask FR model, for
this reason, the study compares Model 1 with commonly used recognition models in different domains under
four recognition tasks. In the face identification task, the study comparison models include a face recognition
model based on unconstrained datum (Model 2), visual geometry group-face (Vggface), and unconstrained face
recognition based on deep CNN features (Model 3). In the face age recognition task, the study uses the
hierarchical model of automatic age estimation considering external factors (Model 4), face age estimation
based on label-sensitive learning (Model 5), and face age recognition based on local ordering (Model 6) to
compare the models with the study. In the face gender recognition task, the study selected a gender
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recognition model based on depth attribute pose alignment (Model 7), a face gender recognition model based
on deep learning (Model 8), a face gender recognition model based on face feature representation and residual
network (Model 9), and a face attribute classification based on multiple tasks (Model 10). In the driver fatigue
state recognition, fatigue state recognition based on eye state recognition (Model 11), fatigue recognition based
on support vector machine (Model 12), fatigue recognition based on CNN, and semantic segmentation (Model

13) were selected for comparative analysis. The comparison results are shown in Figure 10.
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Figure 10: Comparison of recognition effects of different models. (a) Facial recognition task. (b) Facial age recognition task. (c) Facial
gender recognition task. (d) Facial fatigue state recognition. Source: Created by the authors.

In the facial identification recognition challenge shown in Figure 10(a), Model 1’s TAR value is 0.95, considerably
higher than that of the other four models. Model 1 performs noticeably better than the other algorithms in Figure 10(b)
for face age recognition, and the MAE value is decreased by more than 1.0. In Figure 10(c) and (d), the recognition
accuracy of Model 1 is improved by more than 6% compared with the other algorithms. This is because the proposed
multitask face recognition method extracts more generalized features after combining the two FF principles and can
further improve the recognition accuracy of the model under the premise of fast model running speed.

4.4 Analysis of the practical application effect of the face recognition model based
on DC and CNN

To test the effectiveness of the application of the model designed by the study, the study applies the model to
the bus system to recognize the driver’s driving status and, at the same time, recognize the driver’s identity



14 — VYanyu Liu et al. DE GRUYTER

and record the bus driver’s working condition. After one month of operation, the application effect of the
recognition model is evaluated according to the senior leaders of the bus company, the evaluation results are
integrated, and the results recognized by more than 70% of the personnel are taken as the final evaluation
results. Table 2 displays the test results for each function.

Table 2: Actual application effect data of the model

Performance Requirement Test result
Facial detection function Complete facial detection Complete
Facial recognition function Complete facial recognition Complete
Facial fatigue recognition function Complete facial fatigue recognition Complete
Facial recognition accuracy Over 79% 100.00%
Facial misidentification rate Below 3% 0.00%
Accuracy of fatigue identification Over 97% 99.12%
Completion speed of all tasks in a single photo Within 100 ms 35ms

In Table 2, in the small dataset of bus driver identification, face identity was recognized a total of 567 times,
of which 567 times were successfully recognized, with an accuracy rate of 100%. Fatigue recognition was
performed a total of 36,640 times, of which 452 real fatigue photos were taken, and 448 were determined
correctly, with a determination accuracy rate of 99.12%. The recognition time of a single photo also reached the
actual demand. It can be seen that the FR model constructed by the institute can realize effective multitask FR.

5 Conclusion

Aiming at the problem of how to increase the FR rate and improve the computational efficiency of the model,
the study constructs a new FR model based on CNN and DC. The MTL idea is introduced into the training
process of the model, and the addFF principle is combined with the Concat-FF principle to improve the
recognition accuracy of the model. The experimental analysis revealed that the efficiency of the Hadoop
platform built with clusters for parallelized feature extraction of face images was significantly improved,
and the four folds were found to be in a growing trend without changing the size of the data and increasing the
number of cluster nodes sequentially, which proves that the method is effective. Comparing the performance
of the recognition model under the MTL mechanism and the single-task learning mechanism, it was found that
the error of the multitasking mechanism fluctuates around 0.2, while the error value of the model with the
single-tasking mechanism fluctuates between 0.32, which demonstrates the superiority of MTL. In the face
identity recognition task, Model 1 achieved a TAR value of 0.95, which was significantly better than the other
models. The accuracy of face identity recognition reached 100%. The fatigue state determination accuracy
reached 99.12%. The average recognition time of a single photo was 354 ms. The test results demonstrated that
the model performed well in practical applications and could meet practical needs. Therefore, the FR model
constructed in the study has high practical value and application prospects. However, this study still has some
limitations. There is still room for further expansion of the multilayer FF network designed in the study, and
the DenseNet network idea can be utilized to enhance the transfer of features at a later stage.
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