
 Corresponding author: Ariful Islam 

Copyright © 2023 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

EEG workload estimation for simultaneous task using deep learning algorithm 

1 Department of Electrical and Electronic Engineering, Pabna University of Science and Technology, Pabna-6600, Bangladesh.
2 Department of Electrical, Electronic and Communication Engineering,  Pabna University of Science and Technology,    Pabna-6600, 
Bangladesh.
3 Department of Information and Communication Engineering,  Pabna University of Science and Technology, Pabna-6600, Bangladesh.
4 Department of Computer Science and Engineering, Bangamata Sheikh Fojilatunnesa Mujib Science & Technology University, 
Jamalpur-2012, Bangladesh.

World Journal of Advanced Research and Reviews, 2023, 18(03), 533–542 

Publication history: Received on 04 May 2023; revised on 11 June 2023; accepted on 14 June 2023 

Article DOI: https://doi.org/10.30574/wjarr.2023.18.3.1142 

Abstract 

Mental workload plays a vital role in cognitive impairment refers to a person’s trouble of remembering, receiving new 
information, learning new things, concentrating, or making decisions that affect seriously in their everyday life. In this 
paper, the simultaneous capacity (SIMKAP) experiment-based EEG workload analysis was discussed with 45 subjects 
for multitasking mental workload estimation using an open access preprocessed EEG dataset. Discrete wavelet 
transforms (DWT) was used for feature extraction and selection. Scalogram formation was performed for data image 
conversion form from extracted data. AlexNet classification algorithm was used to classify dataset for low and high 
workload conditions including some other CNN models to show the comparative study of them. The comparative studies 
of the used classifier’s accuracy along with other performance parameters with the literature expresses the validation 
for the study which crossed state-of-the art methodologies in the literature by 77.78 percent.  
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1. Introduction

The electrical activity of brain neurons can be recorded methodically using electroencephalography (EEG). For these 
recordings, the scalp is used, and numerous electrodes are positioned there in different, specific places. Analyzing 
recorded EEGs helps describe the status of the brain with deviations from the usual, such as epileptic seizures, sleep 
difficulties, attention loss, memory loss, mental stress, and more. Visual examination of the recorded EEG data is not 
feasible due to the volume of data [1]. As a result, successful assessment and understanding both low and high mental 
workload states place a high demand on the ability to retrieve meaningful information from EEG signals. For the purpose 
of analyzing mental tension, considering a few crucial signal characteristics makes EEG analysis simpler than laborious, 
time-consuming big data sets. The idea of human mental workload is the cornerstone of research on the functioning of 
the human brain. The calculation of the cognitive cost of completing a task in a limited amount of time in order to 
forecast operator, system, or both performances can serve as the broadest definition of mental workload [2], [3]. Mental 
workload has been identified as a crucial element that significantly affects the human brain task performance [2]. As a 
concept, it has been widely used in the design and evaluation of complex human-machine systems and environments, 
including those for operating aircraft [4], operating trains and vehicles [5], [6], different human-computer and brain 
computer interfaces [7]–[9] and educational contexts [10]–[12]. Over the past two decades, there has been an increase 
in interest in studying mental workload due to the emergence of a number of technologies that need users to operate at 
various levels of cognition and in a variety of environments. From the literature review, some works are found on 
workload EEG signal analysis. Only a few studies have been conducted in which sufficient and essential features are 
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extracted for only workload analysis. Different approaches have been put forth to gauge the workload of the human 
mind using simultaneous task (SIMKAP). One of them, arithmetic task was introduced to perform mental stress or 
workload analysis [1]. An approach using ICA with three types of task was also introduced selecting optimal EEG 
channels for mental tasks classification with only 70% accuracy [13]. Another method for emotion recognition was 
improved with two types of workload achieving 73.14% classification accuracy [14]. Mental workload recognition of 
EEG signal using deep learning techniques achieved only 65% classification accuracy [15]. Based on our review of the 
literature, we identified a clear gap in efficient feature extraction, selection, and classification. We proposed a feature 
selection technique in this paper to select the most effective features and thus classify low and high workload analysis 
from EEG data. Our proposed study is organized as follows: ‘Materials and Research Methodology’ section explains 
research chronologically, including research design and research procedure, followed by the ‘Results and Discussion’ 
section and finally ‘Conclusion’ section.  

2. Material and methods 

Descriptive materials and research methodology used in this study will be provided. This will illustrate tasks related to 
experimentation, a description of a dataset required, a description of discrete wavelet transform (DWT) and statistical 
data computation for feature extraction, a description of classifiers used and performance metrics for validation.  

2.1. Dataset Description and Experimental Design 

This paper mainly describes EEG workload estimation technique using simultaneous task or simultaneous capacity 
(SIMKAP) [16]. The data for each subject follows the naming convention: subno_task.txt. For example, sub01_lo.txt 
would be filtered EEG data for subject 1 at rest, while sub23_hi.txt would be filtered EEG data for subject 23 during the 
multitasking test. The rows of each datafile corresponds to the samples in the recording and the columns corresponds 
to the 14 channels of the EEG device: AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, AF4, respectively shown in 
Figure 2 [16]. 

In order to minimize the impact of any between-task activity, the start and last 15 seconds of data from each recording 
were removed, yielding recordings that lasted 2.5 minutes. After each trial section, subjects were asked to assess their 
perceived MWL on a scale from 1 to 9. 

 

This was done to subjectively confirm that the subject actually felt more work during the test than they did while they 
were resting. A rating of 1-3 can be interpreted as low (lo) workload (4-6 as medium workload did not consider in this 
study) and 7-9 as high (hi) workload. In both low and high workload states, 128 Hz sampling frequency was used with 
2.5 minutes of EEG recordings utilizing the Emotiv EPOC EEG headset[16]. According to a study in [17], the most popular 
measure in cognitive load studies is the 9-point rating scale [18], which is comparable to the NASA-1 TLX's to 21 scale. 
Above screenshot of the questionnaire that was used Questionnaire on a 1-9 scale for rating of mental workload, which subjects 

were required to fill after completion of each segment of the experiment [16].The overall functionality of the system is 
composed of some parts as depicted in Figure 1 that includes collect the dataset from the IEEE Data Port in .txt format, 
extracting data based on channels. The processed data is arranged for data corresponding to its label to fit for deep 
learning, converting EEG data into images according to labels by scalogram and finally classify EEG data during high and 
low workload. 
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Figure 1 EEG workload estimation and relative power calculation during SIMKAP 

The overall scheme of determining the relative power during low and high workload is also depicted in Figure 1. 

 

Figure 2 Electrodes positions based on 10-20 international system for EEG recording with The Emotiv EEG Device 
[16] 

2.2. Discrete Wavelet Transform 

Discrete wavelet transform (DWT) is utilized in the time–frequency study of biomedical signals [19]. Because of its non-
stationary characteristics, this DWT is particularly useful in EEG signal analysis. This transform produces an accurate 
time-frequency evaluation by using long time frames for low frequencies and short time frames for higher frequencies. 
Time series high-pass and low-pass filtering, as well as two down samplers by 2, are used in the DWT decomposition of 
a signal. 

 

Figure 3 Scaling function and mother wavelet (db4) 

In this case, the mother-wavelet is represented by DWT's high-pass filter g(n), and its mirror version is represented by 
DWT's low-pass filter h(n) [19]. Figure 3 depicts the mother wavelet of the Daubechies wavelet (db4) as well as the 
scaling function. The approximation and detail coefficients, denoted by A1 and D1, are the outcomes of the first high-
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pass and low-pass filters, correspondingly. The A1 is further disintegrated, and the process is repeated until the 
appropriate number of breakdown levels has been achieved [19], [20]. The dilation function φj,k(n) is reliant on on the 
low-pass, and the wavelet function ψj,k (n) keep on the high-pass filter, which is expressed as follows.    

 
…………(4.1) 

 
………….(4.2) 

Where, n = 0, 1, 2,…, N-1; j = 0, 1, 2,…, J-1; k = 0, 1, 2,…, 2j-1; J=log2(N); and N is called the length of the signal [21]. The 
maximum decomposed level is obtained by the signal's principle frequency components [22]. The dot product of the 
original time series and the selected basis functions is referred to as DWT coefficients. The approximation coefficients 
Ai and the detailed coefficients Di in the ith level are expressed by (3) and (4) [22].  

 
………….(4.3) 

 
……………(4.4) 

Where, k = 0, 1, 2, …, 2j -1 and M is the length of the EEG time-series in the discrete points. 

2.3. Signal Processing, Statistical Features Calculation and Workload Estimation 

Computer-based intelligent system for analysis of mental stress is very useful in diagnostics and disease management 
of human brain. This chapter presents data acquisition, signal processing techniques and finally mental workload 
classification for human brain workload estimation for low and high workload conditions. The elimination of noise by 
digital filter enhances the quality of signal and features extraction facilities. The subject wore 10-20 system for EEG 
recording. The found data was transmitted to wavelet transform for statistical feature selection. 

2.3.1. Major Steps Involved for Processing of EEG signal to Estimate Workload during SIMKAP task 

Below steps are considered for processing EEG signal to estimate workload during SIMKAP task: 

 Extracting data based on channels. 
 The processed data is arranged for data corresponding to its label to fit for deep learning 
 Converting EEG data into images according to labels by Scalogram. 
 Classify EEG signal using CNN based deep learning algorithm. 

Extracting data based on Channels. 

The data are extracted from the dataset and information files found in IEEE data port according to the number of 
channels. This paper discussed single channel (O2) data for EEG data preprocessing during SIMKAP process. For this 
data manipulation process, MATLAB version 2021 was used.  

Data processing for corresponding to its label to fit for deep learning 

The processed data was arranged for data corresponding to its label to fit for deep learning with the help of information 
provided in rating file in IEEE Data port. A separate file called ratings.txt contains the ratings for each subject. Subject 
number, rating at rest, and rating for test were provided in comma separated value format. As an illustration, 1, 2, 8 
would be subject 1, with a rating of 2 for "at rest," and 8 for "test." It was awarded that subjects 5, 24, and 42 did not 
have available ratings. 

Converting EEG data into images according to labels by Scalogram. 

EEG data signals for low and high workload state are also shown in Figure 4. The found processed EEG data was 
converted into images according to the data labels (low and high work load) with the help of create time-frequency 
representations and thus generating scalogram as shown in Figure 5. 
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Figure 4 Plotting of a representative of each EEG category 

 

 

Figure 5 Creating Time-Frequency Representations for Scalogram 

Classification 

The most challenging ImageNet visual object identification task, known as the ImageNet Large Scale Visual Recognition 
Challenge (ILSVRC), was won in 2012 by Alex Krizhevesky and colleagues who provided a deeper and wider CNN model 
in comparison to LeNet [23]. In comparison to all existing machine learning and computer vision techniques, AlexNet 
achieved state-of-the-art recognition accuracy. For visual recognition and classification tasks, it was a big advancement 
in machine learning and computer vision, and it was at this time in history that interest in deep learning skyrocketed. 
96 distinct receptive filters, each measuring 11 by 11, are employed in the first convolutional layer to perform 
convolution and max pooling with Local Response Normalization (LRN). With 33 filters and a stride size of 2, the max 
pooling operations are carried out. With 55 filters, the identical operations are carried out in the Figure layer. With 384, 
384, and 296 feature maps, the third, fourth, and fifth convolutional layers all employ 33 filters. Use is made of two fully 
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connected (FC) layers with dropout, followed by a Softmax layer. For this model, two parallel networks with comparable 
structural similarities and equal numbers of feature maps are trained. This network introduces two novel ideas: dropout 
and local response normalization (LRN). LRN can be implemented in two different ways: first, on single channel or 
feature maps, where a NN patch is chosen from the same feature map and normalized based on the neighborhood values. 
Second, LRN can be used with channels or feature maps (neighborhood along the third dimension but a single pixel or 
location). 

Two fully linked layers and three convolutional layers make up AlexNet. For processing the ImageNet dataset, the total 
number of parameters for AlexNet can be determined as follows: the input images size should be 227×227×3, filters 
(kernels or masks) or a receptive field with a size of 11, the stride is 4, and the output of the first convolution layer is 
555596. This first layer has 290400 (555596) neurons and 364 (11113 = 363 + 1 bias) weights, as determined by the 
formulae in section 3.1.4. The first convolution layer's parameters are 290400364 = 105,705,600. For the entire 
network, there are 61M weights and 724M MACs.  

A convolutional neural network of 22 layers deep is called GoogleNet. The network can be loaded in a pretrained state 
that has been trained on either the Places365 [24] or ImageNet [25] data sets. The network that was trained on 
ImageNet divides images into 1000 different object categories, including several animals, a keyboard, a mouse, and a 
pencil. Similar to networks trained on ImageNet, Places365 networks classify photos into 365 distinct place types, such 
as field, park, runway, and lobby. For a variety of images, these networks have learned several feature representations. 
The input picture size for both of the pretrained networks is 224 by 224. 

SqueezeNet is an 18-layer convolutional neural network. A network that has been pretrained using more than a million 
photos can be loaded from the ImageNet database [25]. The trained network is able to categorize photos into 1000 
different object categories, including several different animals, a mouse, a keyboard, and a pencil. Consequently, the 
network has picked up detailed feature representations for a variety of images. The SqueezeNet v1.1 network that this 
function produces has a similar accuracy to SqueezeNet v1.0 but uses less floating-point computation per prediction 
[26]. The network may accept images up to 227 by 227 in size. 

Convolutional neural network Inception-ResNet-v2 was developed using training data from the ImageNet collection, 
which contains more than one million images [25]. The network has 164 layers and can categorize photos into 1000 
object types, including keyboard, mouse, pencil, and numerous animals. This has led to the network learning detailed 
feature representations for a variety of images. A 299 by 299-input size image can be fed to the network. 

The convolutional neural networks with 18, 50, and 101 layers, respectively, are called ResNet-18, ResNet-50, and 
ResNet-101. From the ImageNet database, you can load a pretrained version of the network [25] that was trained on 
more than a million photos. The pretrained network is capable of classifying photos into 1000 different object 
categories, including keyboard, mouse, pencil, and numerous animal images. This has led to the network learning 
detailed feature representations for a variety of images. A 224 by 224 input size image can be entered into the network.   

During the classification process, the ratio of Images Training: Images Validation: Images Test was 60% (54 
images):20% (18 images):20% (18 images) respectively. 

2.4. Numerical Analysis 

The proposed EEG signal classification for low and high mental workload estimation during simultaneous capacity 
(SIMKAP) task is validated in this chapter. The test was performed to determine workload estimation of human brain 
during low workload and high workload state in case of SIMKAP task. Discrete wavelet analysis for both cases are 
presented graphically and statistical parameters with classification results as well as performance parameters are 
extracted numerically for the comparison with the existing methods.  

3. Results and discussion 

In this section, result has been presented of the proposed scheme for validation and discuss them chronologically. The 
only accuracy is not sufficient to take step for the reliability of a method. Other measures needed to support the 
performance of a technique included sensitivity, specificity, accuracy, F1-score, negative projected value, and so on. 
Sensitivity detects positive EEG signal during arithmetic task, Specificity detects actually EEG signal before arithmetic 
task. The performances of the used classifiers were calculated using the most often utilized characteristics stated above, 
for example, accuracy, sensitivity, and specificity, precision, F1-score, negative predicted value and kappa statistics is 
defined as below [28]. 
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Figure 6 Confusion matrix found by deep learning during SIMKAP task 

 

Table 1 Classification Result of The Extracted Features Using different Classifier 

Classifier Type Accuracy (%) Precision (%) F1 score (%) Recall (%) 

GoogleNet 61.11  61.25  61.18  61.11 

SqueezeNet 55.56  76.47  64.36  55.56 

InceptionresNet-v2 55.56  76.47  64.36  55.56 

ResNet-50 55.56  76.47  64.36  55.56 

ResNet-101 55.56 76.47 64.36 55.56 

AlexNet (Proposed) 77.78 79.22 78.49  77.78 

Table 2 Performance Comparison with Existing Methods 

Methods’ 
Ref. 

Data Preprocessing Techniques Task 
Type 

Used Classifier Accuracy 
(%) 

[13]  High-pass filter the raw data at 1Hz with 
Artifact Independent Component Analysis 
(ICA) 

Three Support Vector Machine 
(SVM)  

70 

[29]  High-pass filter the raw data at 1Hz with 
Artifact Subspace Reconstruction (ASR) 

Two Support Vector Regression 
(SVR) 

73.14 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 ……………(5.1) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 ……………….(5.2) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

(𝑇𝑁 + 𝐹𝑃)
 ……………….(5.3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 ……………(5.4) 

𝐹1𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑃𝑉 × 𝑇𝑃𝑅

𝑃𝑃𝑉 + 𝑇𝑃𝑅
 ………………(5.5) 
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[30] - Three subject independent deep 
learning classification 

69 

Proposed 
Method 

CWT Filter Two CNN based Deep Learning 
(AlexNet) 

77.78 

3.1. Classification results 

In case of SIMKAP task during high and low workload CNN based AlexNet deep learning model was used to classify EEG 
data. During the classification process using AlexNet, 60% (54 images) images were used as training, 20% (18 images) 
images for validation and 20% (18 images) images for testing purpose. The confusion matrix generated from AlexNet 
algorithm is depicted in Figure 6 having training result with 77.78% accuracy (Validation) with two tasks (low and high 
workload). GoogleNet, SqueezeNet and InceptionresNet-v2 CNN, ResNET-50 and ResNet-101 models were also used to 
compare the performance parameters with the proposed model shown in Table 1. Performance comparison with 
existing methods of the proposed method is also shown in Table 2. 

3.2. Performance evaluation 

For SIMKAP task, the classification results are presented in Table 2 with accuracy 77.8% including two tasks (low and 
high workload) resulting comparative studies among various classifiers model. The comparative study with literature 
is shown in Table 5.4 which crossed state-of-the-art methodologies in the literature by 77.8 percent.    

4. Conclusion 

The proposed method examines EEG signals from the occipital (O2) section of the brain. The proposed technique 
produced the best results for the proposed classifier, with 77.78% accuracy (Validation), 79.22% precision, 78.49% F1 
score and 77.78% recall including two tasks (low and high workload). This method is more efficient and performs better 
than existing equivalent methods in terms of sensitivity, accuracy, precision and F1 Score; this conclusion can be 
reached.  

Future Work 

This analysis can be used as a foundation for further research into the human brain short term memory loss problem 
associated with various memory loss or mild cognitive impairment large data set to do further research on Alzheimer's 
disease with Parkinson. 
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