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ABSTRACT

There are many researches carried out for different purposes on human-computer interactions. One of them is related
to stress-related activity detection. Today, in people with disorders whose activity is not understood or misunderstood,
the correct detection of the relevant movement can be vital in some cases. It may be more advantageous to use
physiological signals in the body in determining the type of activity. Due to these important situations, two different
research applications were carried out within the scope of this study in order to automatically detect four different types
of stress, namely Neutral, Emotional, Mental, and Physical. For both applications, the data was first converted to images
as a preprocessing. In the first stage of the research, the images of the standard dataset were presented to the VGG16 deep
learning model. As a result, the highest accuracy rate was obtained as 67% for class 1 Neutral activation. In the second
part of the study, an application was performed using the Isolation Forest Algorithm on the existing image data to remove
outliers. The new dataset obtained were presented to the same model and detailed analyses were made. Accordingly, the
maximum accuracy value was 97% in Physical activity. In the same application, the average rate for all activities was
82.5%. Briefly, the research contributes to the literature by demonstrating the significant impact of outliers on system
performance through image transformations of existing time series physiological signals.
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ARTICLE INFO

1. Introduction

As authors, we define the state of “being active” as showing
activity, that is, an action that creates a change compared to the

Received: 6 September 2023
Accepted: 29 November 2023
Available online: 23 January 2024

COPYRIGHT

Copyright © 2024 by author(s).
Journal of Autonomous Intelligence is

published by Frontier Scientific Publishing.

This work is licensed under the Creative
Commons Attribution-NonCommercial 4.0
International License (CC BY-NC 4.0).
https://creativecommons.org/licenses/by-
nc/4.0/

previous situation. However, according to the definition in the Oxford
English Dictionary; “active (adjective and noun): Characterized by
busy or lively activity; engaging or ready to engage in physically
energetic pursuits; alert, lively; busy”™. In the same dictionary,
activity is “The state of being actively occupied; brisk or vigorous
action; busyness, liveliness, vigor”™. In short, the words active and
activity generally mean movement and change. In daily life, many
physical, emotional and mental activities such as talking, thinking,
walking, jumping, sad, laughing, crying, getting angry, being afraid,
being happy can cause changes in different physiological signals in
our body® ™. For example, it is known that there are differences in
heart signals compared to normal as a result of sudden or any
emotional change!®. In another study, changes in facial muscle signals
were investigated in the detection of emotional mimic expressions in
order to perform human-computer interaction more meaningfully and
accurately.



In the literature, various physiological signals, data read from sensors placed in the environment, and
methods for utilizing these as input are employed in studies conducted for purposes such as activity detection,
identification, or determination. One of them is about the presence and type of physical activity as a result of
evaluating the data collected from sensors such as heat, temperature, humidity, and movement in an
environment within the scope of the Internet of Things or in smart home systems!*®*Y, For the same purpose,
thanks to wearable smart systems equipped with sensors, activity detection is possible thanks to signals such
as electrocardiogram (ECG), electromyogram (EMG), Thoracic Electrical Bio-impedance (TEB), Electro
Dermal Activity (EDA) that change as a result of any activity in the human body*?®!, There are also studies
using the heart rhythm rate change parameter extracted from ECG signals for emotional and human activity
identification®"-2%, However, the common feature of these studies is to extract the properties of the obtained
signals in the frequency and time domain by applying some techniques. In addition, various feature selection
methods have been applied in order to make more precise evaluations. In a different study, evaluations were
made on ECG, EDA, and body temperature to determine the stress situation in the body?"!. The researchers
processed the signals obtained from the skin to detect four different emotional states and presented the obtained
features to some machine learning algorithms!??. In a similar study, stress detection was also added for the
same purposel®!. In a doctoral thesis®?*, the author proposed a hybrid technique for selecting features extracted
from physiological signals obtained in human activity detection. In another paper®!, many physiological
signals such as heart, muscle, and respiration were obtained with wearable sensors, and their sensitivity to
stress responses was investigated. In an interesting study, the authors evaluated different measurements
together to determine the energy consumed as a result of the activity!?®!. In the research carried out on
electroencephalography (EEG) as a different signal type, the situations exposed to different stress factors were
examined and classified with support vector machines’). In the literature, there are many studies conducted
to detect stress and activity?® 3. The common points of all of them were to record some physiological data
through the necessary sensors, extract features from them, select features, and classify them.

The literature reviewed highlights the increasing importance of physiological signals and sensor data in
understanding human activities and states. Researchers have used a wide range of sensors, from environmental
indicators such as temperature and motion to wearable devices that capture complex signals such as ECG and
EMG. These studies are not limited to activity detection but extend into the nuanced area of stress assessment
and emotional states. What unites these is a systematic process of data acquisition, feature extraction, and
classification techniques. The trend towards multimodality approaches, such as simultaneous assessment of
various physiological measures, points to the evolving complexity of research methodologies. Additionally,
the integration of advanced technologies such as EEG expands the scope of inquiry by providing insights into
stressors that may escape traditional sensor-based approaches. These studies highlight the transformative
potential of physiological data in shaping the ever-expanding landscape of health monitoring and behavior
analysis, playing a key role in shaping future applications in health, well-being, and beyond. In this paper, the
VGG16 deep learning model was used to detect four different stress-related activities, hamely Neutral,
Emotional, Mental, and Physical. For this purpose, feature groups extracted from ECG, TEB, and EDA signals
obtained by wearable sensor hardwarel*>*®34, |n addition, dataset was updated as a result of outlier data
analysis for each class using the isolation forest algorithm. As a result of this step, more successful results were
obtained compared to the previous stage. Briefly, the contribution of the research to the literature is to prove
and show how effective outliers can be on system performance through image transformations of existing time
series physiological signals. The study provides numerical results affirming the necessity of outlier data
detection in any data collected for diverse purposes.

The remaining parts of the paper are as follows: detailed explanations about the research flow, the dataset
used, the deep learning model, and outlier data detection are given in the Material and Methods section. In the
experimental results section, evaluation criteria, result tables, and comments are given. The general evaluation
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and discussion of the results and future studies are mentioned in the discussion and conclusion section.

2. Material and methods

In this research, using the VGG16 deep learning model, four different stress-related activities were
classified over the image equivalents of the data in time series format. In summary, the block diagram
containing the steps within the scope of the study was briefly presented in Figure 1.
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Figure 1. Block diagram with research steps.

These process steps were run again for the new dataset created after the detection of outliers, which is the
second stage of the study. Then, the experimental results obtained as a result of the second stage were evaluated
comparatively.

2.1. Used dataset

The dataset were used to determine four stress-related activities, namely Neutral (Class 1), Emotional
(Class 2), Mental (Class 3), and Physical (Class 4)*>¢34 Neutral and Emotional activities from these classes
were obtained from signals recorded during the viewing of the relevant time periods of three different
moviest*. Although the data for Class 3 was collected while playing two different games mentioned in the
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same reference, for class 4 it consisted only of data while going up and down the stairs. This dataset consist of
a total of 4480 samples, each of which consists of 533 features. Of the 533 features specified, 174 were obtained
from ECG signals, 151 from TEB, 104 from EDA data from arm, and the other 104 from EDA data from
subjects” handst*>831, While sampling frequency was taken as 100 Hz for EDA and TEB from the signals
used in the data collected from 40 subjects, 250 Hz was used for the ECG signal. Detailed information about
the dataset used by Mohino-Herranz et al.; Mohino-Herranz and Gil-Pita et al.; UCI Machine Learning
Repository!®163# Data distribution graphs for each of the classes in the dataset used are given in Figure 2.
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Figure 2. Data distribution graphs for four classes.

Accordingly, when the data distributions of the four classes are examined, it is seen that the distribution
between the classes has similar characteristics and ranges. This situation has the effect of making the distinction
between classes difficult. Therefore, machine learning algorithms offer convenience in solving similar
problems.

For this research, each data in the form of a time series in the size of 1 <533 in the dataset was firstly
converted into images of 256 %256 size one by one. During the transformation of time series data into images,
each data was sequentially presented to a small algorithm that was written. Within the scope of this algorithm,
the received data was first displayed as a “figure” and then the dimensions of this “figure” were resized as 256
% 256. Finally, this resulting “figure” was stored in a folder for later use. Thus, an “image” based dataset was
obtained. An example representation of each class from the data converted to images is given in Figure 3.

Class1 Class2
Class3 Cl

lass4
Figure 3. Sample images for each class.

4



When Figure 1 is carefully examined, the visual differences between the classes can be understood.
However, it is not possible to evaluate them manually and artificial intelligence-based systems are needed.

2.2. VGG16 deep learning architecture

In image processing studies, Convolutional Neural Network (CNN) is generally a preferred deep learning
model, and VGG16 is an architecture derived from this CNN model. This architecture was first developed by
the “Visual Geometry Group” (VGG) at Oxford University and takes its name from the abbreviation of this
group. The use of multiple sequential convolution and pooling layers in this architecture makes the VGG16
model stand out in deep learning architectures. Since the CNN model is generally effective in recognizing
patterns in images, the VGG16 architecture derived from these networks is a very successful model in this
context®!,

Transfer learning is that machine learning methods store the information obtained during the solution of
a problem and use this information when another problem is encountered. With the Transfer Learning approach,
models that show higher success and learn faster can be developed using less training data®®®. As mentioned
above, deep learning architectures such as VGG16 can be used in different tasks thanks to these features that
are pre-trained and learned on large dataset. The basic architecture of VGG16 consists of 5 layers and these
layers are as follows: input layer, convolutional layers, max-pooling layers, fully connected layers, and output
layer®®™. In the input layer, images are given to the input of the model with RGB (Red, Green, Blug) color
channels, usually 224 <224 pixels in size. In the next layer, VGG16 consists of 13 consecutive convolution
layers. Each convolution layer is created with sequential 3 <3 dimensional filters, and then the ReL U activation
function is applied in each layer. These convolution layers produce various feature maps to determine the
features of the image. The next layers are the max-pooling layers and between each of the three sequential
convolution layers, there are 2 %2 dimensional max-pooling layers of 2 steps. These layers help reduce feature
map size and reduce computational overhead®®®. In the next layers, the result is reached with fully connected
layers. VGG16 has 3 fully connected layers. These layers are used for assigning features to classes and
calculating the probability distribution of the results. In the last of these layers, there are as many neurons as
the number of classes, and the Softmax activation function is generally used. In this way, the image results in
probabilities of belonging to different classes!®=%.

2.3. Isolation forest algorithm for outlier detection

The expectation of a researcher from the data he will work on is to be able to obtain inferences with high
accuracy and reliability. One of the important problems that undermine the data processing and this expectation
afterward is the outlier values in the dataset. The observation that is significantly far from the range of the
majority of observations in the processed dataset is called an outlier. Outliers look different from the rest of
the observations in the dataset and can therefore be identified. If the dataset used in the studies are not cleaned
of outliers, the processing steps may become blurred and the quality of the desired outputs may decrease. For
this reason, the discrete data in the dataset to be used must be determined before starting scientific studies and
it must be decided what to do with these datal***!),

There are many methods in the literature that can be used for outlier detection. One of them, Isolation
Forest, is a fast and effective unsupervised learning method and works by assuming that outliers tend to be
more isolated. The basic idea of this algorithm is based on decision trees and is built on the expectation that
outlier data points will follow a longer path through many random trees!*>*3l. The Isolation Forest algorithm
estimates the isolation time of each data point and uses these estimates as a score. Points that are isolated faster
get lower scores, and points that take longer to isolate are given higher scores. These scores are then used to
identify outliers. Outliers tend to have a larger score because they are not isolated by shorter pathst#3,



3. Experimental results

In this study, first of all, 20% of the used dataset was allocated for testing, with equal samples from each
class. Then, an adjustment was made on the remaining samples to be 80% training and 20% validation.
Accordingly, there are 896 images in total, 224 for each class in the test set, a total of 720 images, 180 for each
class in the validation set, and finally, there are 716 images for each class in the training set, a total of 2864
images. After the outlier detection application carried out in the second stage of the research, the test, validation,
and training dataset consist of 804,648, and 2576 data in total (with an equal number of images in each class),
respectively.

The outputs obtained as a result of the experimental researches were first evaluated on the 4-class
confusion matrix. The confusion matrix was created according to the actual and predicted class labels. As a
result, True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) numbers of the
test dataset were obtained. TP rate, FP rate, Specificity, Precision, F1 score and accuracy™*! values were
calculated over these parameters. The formulas of some of them are as follows!*:

TP

TP = 1
rate = TP FN @)
FP
FPrate = ————— 2
rate = TP r TN @)
TN

. . . — 3
Specificity TN T FP (3)
Precision = — .+ (4)

recision = TP n Fp
i ~ 2TP 5)

SCOTe =5TP ¥ FP + FN

TP + TN

Accuracy = (6)

TP+TN+FP+FN

In addition to these evaluation criteria, Cohen’s Kappa scorel*! is also calculated. Finally, the loss and
accuracy graphs for the training and validation of the outlier detection application, where the best results were
obtained, were drawn. Thanks to these graphs, the performance changes of the training phase of the relevant
model according to the epochs can be observed™ 4],

In the first phase of the study, the highest performance results for training and validation over 200 epochs
were 70.15% and 69.44%, respectively. Confusion matrix obtained for the test data is given in Figure 4.

When the confusion matrix given in Figure 4 is examined, it is understood that class3 performs better in
terms of TP number and class 1 performs better in terms of TN. Other performance outputs obtained for the
test data are given in Table 1.
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Figure 4. The confusion matrix obtained for the test dataset in the first phase of the research.

When Table 1 is analyzed on a class basis; although class 1 outperformed others in terms of FP, TN, FP
rate, specificity, kappa, and accuracy, the performance of class 3 was better for TP, FN, TP rate, precision, and
F1 score. These two classes were followed by class 2 and class 4 in terms of accuracy. The average accuracy
rate of the system was obtained as 64.3%. For the first stage of the study, test performances were also evaluated
using VGG19, ResNet50, and DenseNet121 models under the same conditions. Accordingly, the result of 61.4%
for the VGG19 model was followed by ResNet50 and DenseNet121 models with 60.3% and 58.4%. Since
VGG16 achieved the best performance outputs for the first stage among all models, the next stages of the
research were continued with this model.

Table 1. The test results for the first stage of this research.

Classes TP FP TN FN TPrate FPrate Specificity Precision Kappa F1score Accuracy Mean accuracy

classl 35 104 568 189 0.16 0.15 0.85 0.25 0.57 0.20 0.67
class2 41 129 543 183 0.18 0.19 0.81 0.24 0.54 0.21 0.65
class3 93 186 486 131 0.42 0.28 0.72 0.33 0.53 0.37 0.65 0.64%
class4 88 220 452 136 0.39 0.33 0.67 0.29 0.47 0.33 0.60

As a result of outlier detection applied in the second stage of the research, the dataset was presented to
the same model. The loss and accuracy graphs obtained over 200 epochs for training and validation from these
datasets are presented in Figure 5.
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Figure 5. Loss and accuracy graphs of the training and validation dataset in the second phase of the research.

When the loss and accuracy graphs in Figure 5 are examined, it is seen that as the epoch number increases,
the loss value decreases for both datasets, while the accuracy increases. Loss values represent the estimation
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errors of the model separately for the training and validation dataset. The regular decline curve shows that the
model has been trained successfully and that the distortions in the data have been eliminated as much as
possible. After the training process was completed, the system evaluation was made on the test data and the
confusion matrix in Figure 6 was obtained.
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Figure 6. Loss and accuracy graphs of the training and validation dataset in the second phase of the research.
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Figure 7. The confusion matrix obtained for the test dataset in the second phase of the research.

When the confusion matrix in Figure 7 is examined, it is clearly seen that the most successful predictions
are obtained in class 4. While 196 of the 201 data in this class were predicted correctly, 4 of them were labeled
as class 3 and 1 of them as class 1. By following this class 1, 153 data are correct and others are incorrect.
However, inferences made from the multi-class confusion matrix are given in Table 2 in order to make a more
detailed analysis about the classes.

Table 2. The test results for the second stage of the research.

Classes TP FP TN FN TPrate FPrate Specificity Precision Kappa F1score Accuracy Mean accuracy

classl 153 84 519 48 0.76 0.14 0.86 0.65 0.79 0.71 0.84
class2 103 120 483 98 0.52 0.19 0.81 0.46 0.64 0.49 0.73
class3 71 61 542 130 0.36 0.10 0.90 0.54 0.69 0.43 0.76 0.825
class4 196 16 587 5 0.98 0.02 0.97 0.93 0.97 0.95 0.97

The average accuracy rate for the test data in the second stage was calculated as 82.5%. As can be seen
in Table 2, class 4 gave the best results in all performance criteria. Class 4, which had the worst performance
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in the first stage, was the best in the second stage. It is thought that the reason for this is mostly the detection
and elimination of disruptive data in this class. Likewise, higher results were obtained for the other classes
compared to the previous stage. The fact that Kappa and F1 score values for class 4 are very close to 1 indicates
that the classification performance is very close to perfect. When other classes were evaluated in terms of
accuracy, class 4 was followed by class 1, class 3, and class 2, respectively. When the whole table is examined,
it is clearly understood that the outlier detection application affects the results positively.

4. Discussion and conclusion

The determination of the type of activity in research and applications carried out under the name of
human-computer interaction increases its importance day by day. Especially for patients whose activity they
want to perform is not understood, the correct determination of the relevant activity can be vital in some cases.
Detection of stress through some physiological signals in the body may be more advantageous for those with
the aforementioned disorders. For these reasons, it is considered important to automatically identify certain
stress, especially through relevant signals.

In this study, two different research applications were carried out to detect four different stress, namely
Neutral, Emotional, Mental, and Physical. A dataset consisting of 4480 samples with 533 features obtained
from references!*>'®34 was used for related applications. Features in this dataset are extracted from ECG, EDA,
and TEB signals. All samples in the used dataset were first converted to images. The first stage of the research
was to present the images of the standard data to the VGG16 deep learning model. As a result, the highest
accuracy rate was obtained as 67% for class 1 Neutral activation. In the second part of the study, an outlier
detection application was performed using the Isolation Forest Algorithm on the available data. The new
dataset obtained were presented to the same model and detailed analyses were made. Accordingly, the
maximum accuracy value was 97% in Physical activity. In the same application, the average rate for all
activities was 82.5%.

The significant increase in the results thanks to the outlier detection applied in the second stage is related
to the detection of some of the data that has a disruptive effect on the system. In the first stage, the highest
performance was obtained for the Neutral activity, but in the next, for the Physical. The activity with the
highest increase compared to the first stage was Physical. This shows that the disruptive components in the
dataset of this activity have been largely eliminated. It is seen that the activity with the second highest rate of
improvement is the first. Then others followed.

As with any research, this study has some limitations. The first of these is the limited number and variety
of data. Especially in deep learning applications, having more data contributes to better learning of the model.
The second is about applying outlier detection from each class equally to avoid class imbalance in the research.
As a result of this application, which was carried out at an equal rate, a high rate of improvement was achieved
in one class, while it was limited in another. Therefore, outlier detection can be done at different rates for each
class. However, the class imbalance that may occur in the data due to this difference should not be ignored.

In terms of future studies, the variety of stress can be increased by expanding the same dataset. In addition,
research can be carried out on different deep-learning models and outlier detection algorithms. Most
importantly, performing studies on original existing and different signals can lead to the emergence of
remarkable research.

Author contributions

Conceptualization, CY and SY; methodology, CY and SY:; software, CY and SY; validation, CY and SY;
formal analysis, CY; investigation, CY and SY;; resources, CY; data curation, CY and SY; writing—original
draft preparation, CY and SY; writing—review and editing, CY and SY; visualization, CY and SY; supervision,

9



CY and SY; project administration, CY and SY; funding acquisition, CY. All authors have read and agreed to
the published version of the manuscript.

Conflict of interest

The authors declare no conflict of interest.

References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Oxford University Press. Available online: https://www.oed.com/ (accessed on 25 July 2023).

Chen L, Nugent CD. Sensor-Based Activity Recognition Review. Human Activity Recognition and Behaviour
Analysis. Published online 2019: 23-47. doi: 10.1007/978-3-030-19408-6_2

Kim E, Helal S, Cook D. Human Activity Recognition and Pattern Discovery. IEEE Pervasive Computing. 2010,
9(1): 48-53. doi: 10.1109/mprv.2010.7

Bao L, Intille SS. Activity Recognition from User-Annotated Acceleration Data. Pervasive Computing. Published
online 2004: 1-17. doi: 10.1007/978-3-540-24646-6_1

Handley TE, Lewin TJ, Perkins D, et al. Self-recognition of mental health problems in a rural Australian sample.
Australian Journal of Rural Health. 2018, 26(3): 173-180. doi: 10.1111/ajr.12406

del R Millan J, Mourino J, Franze M, et al. A local neural classifier for the recognition of EEG patterns associated
to mental tasks. IEEE Transactions on Neural Networks. 2002, 13(3): 678-686. doi: 10.1109/tnn.2002.1000132
Horlings R, Datcu D, Rothkrantz LIJM. Emotion recognition using brain activity. Proceedings of the 9th
International Conference on Computer Systems and Technologies and Workshop for PhD Students in Computing -
CompSysTech’08. Published online 2008. doi: 10.1145/1500879.1500888

Agrafioti F, Hatzinakos D, Anderson AK. ECG Pattern Analysis for Emotion Detection. IEEE Transactions on
Affective Computing. 2012, 3(1): 102-115. doi: 10.1109/t-affc.2011.28

Chen 'Y, Yang Z, Wang J. Eyebrow emotional expression recognition using surface EMG signals.
Neurocomputing. 2015, 168: 871-879. doi: 10.1016/j.neucom.2015.05.037

Tapia EM, Intille SS, Larson K. Activity Recognition in the Home Using Simple and Ubiquitous Sensors.
Pervasive Computing. Published online 2004: 158-175. doi: 10.1007/978-3-540-24646-6_10

Mshali H, Lemlouma T, Moloney M, et al. A survey on health monitoring systems for health smart homes.
International Journal of Industrial Ergonomics. 2018, 66: 26-56. doi: 10.1016/j.ergon.2018.02.002

Lymberis A, Olsson S. Intelligent Biomedical Clothing for Personal Health and Disease Management: State of the
Art and Future Vision. Telemedicine Journal and e-Health. 2003, 9(4): 379-386. doi:
10.1089/153056203772744716

Wei D, Nagai Y, Jing L, et al. Designing comfortable smart clothing: for infants’ health monitoring. International
Journal of Design Creativity and Innovation. 2018, 7(1-2): 116-128. doi: 10.1080/21650349.2018.1428690
Jerritta S, Murugappan M, Nagarajan R, et al. Physiological signals based human emotion Recognition: a review.
2011 IEEE 7th International Colloquium on Signal Processing and its Applications. Published online March 2011.
doi: 10.1109/cspa.2011.5759912

Mohino-Herranz I, Gil-Pita R, Rosa-Zurera M, et al. Activity Recognition Using Wearable Physiological
Measurements: Selection of Features from a Comprehensive Literature Study. Sensors. 2019, 19(24): 5524. doi:
10.3390/519245524

Mohino-Herranz I, Gil-Pita R, Ferreira J, et al. Assessment of Mental, Emotional and Physical Stress through
Analysis of Physiological Signals Using Smartphones. Sensors. 2015, 15(10): 25607-25627. doi:
10.3390/s151025607

Rattanyu K, Mizukawa M. Emotion Recognition Based on ECG Signals for Service Robots in the Intelligent
Space During Daily Life. Journal of Advanced Computational Intelligence and Intelligent Informatics. 2011,
15(5): 582-591. doi: 10.20965/jaciii.2011.p0582

Lara OD, Labrador MA. A Survey on Human Activity Recognition using Wearable Sensors. IEEE
Communications Surveys & Tutorials. 2013, 15(3): 1192-1209. doi: 10.1109/surv.2012.110112.00192

McCraty R, Atkinson M, Tiller WA, et al. The effects of emotions on short-term power spectrum analysis of heart
rate variability. The American Journal of Cardiology. 1995, 76(14): 1089-1093. doi: 10.1016/s0002-
9149(99)80309-9

Jemiolo P, Storman D, Mamica M, et al. Datasets for Automated Affect and Emotion Recognition from
Cardiovascular Signals Using Artificial Intelligence— A Systematic Review. Sensors. 2022, 22(7): 2538. doi:
10.3390/s22072538

Aristizabal S, Byun K, Wood N, et al. The Feasibility of Wearable and Self-Report Stress Detection Measures in a
Semi-Controlled Lab Environment. IEEE Access. 2021, 9: 102053-102068. doi: 10.1109/access.2021.3097038
Chen S, Jiang K, Hu H, et al. Emotion Recognition Based on Skin Potential Signals with a Portable Wireless
Device. Sensors. 2021, 21(3): 1018. doi: 10.3390/s21031018

Kyamakya K, Al-Machot F, Haj Mosa A, et al. Emotion and Stress Recognition Related Sensors and Machine

10



24.

25.

26.

217.

28.

29.

30.

3L

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Learning Technologies. Sensors. 2021, 21(7): 2273. doi: 10.3390/s21072273

Yusup NB. Hybrid Feature Selection Technique for Classification of Human Activity Recognition. Universiti
Teknologi Malaysia; 2021.

Igbal T, Redon-Lurbe P, Simpkin AJ, et al. A Sensitivity Analysis of Biophysiological Responses of Stress for
Wearable Sensors in Connected Health. IEEE Access. 2021, 9: 93567-93579. doi: 10.1109/access.2021.3082423
Lu K, Yang L, Seoane F, et al. Fusion of Heart Rate, Respiration and Motion Measurements from a Wearable
Sensor System to Enhance Energy Expenditure Estimation. Sensors. 2018, 18(9): 3092. doi: 10.3390/s18093092
Lotfan S, Shahyad S, Khosrowabadi R, et al. Support vector machine classification of brain states exposed to
social stress test using EEG-based brain network measures. Biocybernetics and Biomedical Engineering. 2019,
39(1): 199-213. doi: 10.1016/j.bbe.2018.10.008

Zhang B, Moreére Y, Sieler L, et al. Reaction time and physiological signals for stress recognition. Biomedical
Signal Processing and Control. 2017, 38: 100-107. doi: 10.1016/j.bspc.2017.05.003

Berbano AEU, Pengson HNV, Razon CGV, et al. Classification of stress into emotional, mental, physical and no
stress using electroencephalogram signal analysis. 2017 IEEE International Conference on Signal and Image
Processing Applications (ICSIPA). Published online September 2017. doi: 10.1109/icsipa.2017.8120571

Lee J, Yoo SK. Design of User-Customized Negative Emotion Classifier Based on Feature Selection Using
Physiological Signal Sensors. Sensors. 2018, 18(12): 4253. doi: 10.3390/s18124253

Mohino-Herranz I, Gil-Pita R, Garc R-Gdnez J, et al. A Wrapper Feature Selection Algorithm: An Emotional
Assessment Using Physiological Recordings from Wearable Sensors. Sensors. 2020, 20(1): 309. doi:
10.3390/520010309

Saini SK, Gupta R. Mental Stress Assessment using Wavelet Transform Features of Electrocardiogram Signals.
2021 International Conference on Industrial Electronics Research and Applications (ICIERA). Published online
December 22, 2021. doi: 10.1109/iciera53202.2021.9726532

Kim N, Kim J, Park J, et al. Effects of Measurement Positions and Emotional Changes on ECG Indices: A
Preliminary Study. ICIC express letters Part B. Applications: an international journal of research surveys 2020, 11:
297-303.

Activity recognition using wearable physiological measurements. UCI Machine Learning Repository.
https://doi.org/10.24432/C5RK6V

Yang H, Ni J, Gao J, et al. A novel method for peanut variety identification and classification by Improved
VGG16. Scientific Reports. 2021, 11(1). doi: 10.1038/s41598-021-95240-y

Zhang RQea. Convolutional neural network for peanut pod grade image recognition based on transfer learning.
Trans Chin Soc Agric Eng. 2020, 36(23): 171-180.

Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition. arXiv preprint
arXiv: 2014.

Gopalakrishnan K, Khaitan SK, Choudhary A, et al. Deep Convolutional Neural Networks with transfer learning
for computer vision-based data-driven pavement distress detection. Construction and Building Materials. 2017,
157: 322-330. doi: 10.1016/j.conbuildmat.2017.09.110

Theckedath D, Sedamkar RR. Detecting Affect States Using VGG16, ResNet50 and SE-ResNet50 Networks. SN
Computer Science. 2020, 1(2). doi: 10.1007/s42979-020-0114-9

Xu H, Pang G, Wang Y, et al. Deep Isolation Forest for Anomaly Detection. IEEE Transactions on Knowledge
and Data Engineering. 2023, 35(12): 12591-12604. doi: 10.1109/tkde.2023.3270293

Ding Z, Fei M. An Anomaly Detection Approach Based on Isolation Forest Algorithm for Streaming Data using
Sliding Window. IFAC Proceedings VVolumes. 2013, 46(20): 12-17. doi: 10.3182/20130902-3-cn-3020.00044
Liu FT, Ting KM, Zhou ZH. Isolation Forest. 2008 Eighth IEEE International Conference on Data Mining.
Published online December 2008. doi: 10.1109/icdm.2008.17

Lesouple J, Baudoin C, Spigai M, et al. Generalized isolation forest for anomaly detection. Pattern Recognition
Letters. 2021, 149: 109-119. doi: 10.1016/j.patrec.2021.05.022

Wikipedia contributors, “Confusion matrix,” Wikipedia, The Free Encyclopedia. Available online:
https://en.wikipedia.org/w/index.php?title=Confusion_matrix&oldid=1171174671 (accessed on 25 July 2023).
Vieira SM, Kaymak U, Sousa JMC. Cohen’s kappa coefficient as a performance measure for feature selection.
International Conference on Fuzzy Systems. Published online July 2010. doi: 10.1109/fuzzy.2010.5584447
Shchur O, Mumme M, Bojchevski A, et al. Pitfalls of graph neural network evaluation. arXiv preprint. 2018.
arXiv:05868.

Rong Y, Huang W, Xu T, et al. Dropedge: Towards deep graph convolutional networks on node classification.
arXiv. 2019. arXiv:10903.

Batzner S, Musaelian A, Sun L, et al. E(3)-equivariant graph neural networks for data-efficient and accurate
interatomic potentials. Nature Communications. 2022, 13(1). doi: 10.1038/s41467-022-29939-5

11



