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Abstract:  Emotion is a multifaceted phenomenon that plays a critical role in enhancing one's quality of 

life by influencing motivation, perception, cognition, creativity, empathy, education, and decision-

making. Additionally, negative emotions such as anger, shame, and anxiety are frequently triggered by 

stress, and the term destructive and threatening is used to indicate a connection between them. As a result, 

research into emotion recognition remains a critical issue at the moment. This study enrolled fifteen male 

university students. The heart rate was determined using a fingertip photoplethysmograph (PPG). The 

International Affective Picture System (IAPS) was used in this study to facilitate emotion changes. We 

used the Self-Assessment Manikin (SAM) to evaluate the subject's emotions during the psychological 

assessment. As a pre-processing method, the FIR Band Pass Filter was established, and a single 

parameter called Heart rate change (HRC) was extracted from a PPG recording. Rather than employing 

complex classification techniques, we used binary classifiers such as logistic regression, Naïve Bayes, 

and Support Vector Machine (SVM) to distinguish between negative and positive emotions. We 

discovered that Naïve Bayes could provide greater than 50% accuracy and Area Under Curve (AUC) 

compared to the others using data from 30%, 40%, and 50% test sizes, respectively, particularly 

happiness (positive emotion) and anger (negative emotion). We concluded that the HRC as a single 

parameter could be considered the fundamental emotion classifier, though further research is necessary. 
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I. INTRODUCTION 

 

motion is a complicated phenomenon that plays a 

critical part in determining one's quality of life 

through influencing motivation, perception, cognition, 

creativity, empathy, education, and decision-making. 

The majority of our regular activities and tasks 

frequently struggle to be productive in the face of human 

emotion [1, 2]. Negative emotions such as wrath or anger, 

shame, and anxiety are frequently triggered by stress, 

and it is necessary to demonstrate a connection between 

them by referring to destructive and threatening 

behaviors. Earlier research established a strong 

correlation between stress and negative emotions. 

Depression, for example, is a type of stress reaction [3]. 

As a result, previous research to accurately assess 

psychological disorders such as mental tension and other 

emotions is desperately needed at the moment. 

Over the last few decades, researchers have paid 

increased emphasis to the creation of objective measures 

of mental stress and emotions. The research primarily 

focused on heart rate monitoring since it is associated 
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with Autonomic Nervous System (ANS) activity, which 

governs the cardiovascular system via sympathetic and 

parasympathetic components [4]. Heart Rate Variability 

(HRV) is already well-established as a physiological 

characteristic for non-invasively assessing the 

autonomic nervous system (ANS). Previously conducted 

research on HRV properties was utilized to assess mental 

stress and can be employed as an ANS-related marker of 

mental stress. Additionally, HRV has been utilized in 

conjunction with other biosignals and/or biomarkers to 

enhance its ability to identify stress [5]. Typically, we 

extracted HRV characteristics from a typical 

electrocardiograph (ECG). However, the use of ECG 

imposed restrictions on the placement of many 

electrodes on the chest area. Finally, it brought up 

another point about comfortability. The 

photoplethysmograph (PPG) is regarded a viable 

alternative to the electrocardiogram (ECG) for recording 

HRV in order to circumvent its limitations [4], [6]-[9]. 

Despite the success of HRV parameters obtained 

from ECG or PPG in assessing the psychological 

element, there is still a gap, particularly in real-time 

detection applications. The time required to record HRV 

in order to acquire peak-to-peak intervals vary from one 

piece of literature to another (1 to 15 mins). Recent 

research, however, has demonstrated that 5 minutes of 

recording is the bare minimum for valid HRV in the 

seated position and 10 minutes for the orthostatic test 

[10]. The proposed technique is not trustworthy for real-

time detection, even though Zubair et al. were able to 

achieve 94.33 % during an ultra-short HRV recording (1 

minute) [4].  

Another issue that motivates academics to this type 

of study is the development of a classifier for 

recognizing the different types of emotions. Due to the 

additional resources required to observe sophisticated 

calculations, real-time calculations may place a strain on 

the system while doing substantial data analysis. As such, 

the primary objective of this study is to investigate the 

estimation and feasibility of basic emotion using the 

simplest binary classification approach. Based on low-

cost equipment development, this study examined the 

idea of using heart rate changes from a 

photoplethysmograph as a single parameter for detecting 

positive and negative emotions. To begin, we want to 

examine a single parameter's ability to discriminate 

between basic emotions in real-time evaluation with a 

defined time interval. Finally, the performance finding 

may serve as a basis for additional research into 

establishing real-time detection. 

 

II.   METHODS AND MATERIALS 

 

A. Subjects 

This study enrolled fifteen male participants ranging 

in age from 19 to 22 years. These criteria were chosen to 

eliminate any bias in heart rate changes due to gender 

and age effects [11]. They were in good health and had 

no history of cardiovascular disease. All participants 

 
Fig. 1 Experimental design and procedure 
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were required to comprehend the experiment's 

procedures and were informed prior to participating. 

 

B. Experimental Design 

Fig. 1 depicted the specifics of our proposed research. 

It began with a baseline condition in which all subjects 

sat and relaxed for thirty seconds before viewing the 

image. Before seeing the image of a particular emotion, 

participants were given a two-second warning message 

from the display monitor, followed by six seconds of 

viewing the image [12]. Before seeing the next set of 

randomized pictures, participants must take a thirty-

second break. Finally, utilizing the Self-Assessment 

Manikin (SAM) to reflect the seen picture/image, the 

participants must score and evaluate their psychological 

status. During the experiment, we captured their 

physiological signal from their fingertip as their heart 

rate every six seconds. Using our custom-built 

application, we were able to retrieve the information. We 

advised the participants to refrain from making any 

excessive bodily movements through this whole session. 

 

C. Data Recording 

We conducted our experiment in a soundproofed 

room to avoid any external noise. Between the hours of 

10:00 a.m. and 2:00 p.m., data were retrieved. The 

experiment was derived from the self-assessment 

manikin and semantic differential procedures for 

measuring emotion [12]. All participants were asked to 

examine images from the International Affective Picture 

System (IAPS) collection that represented five essential 

emotions (happiness, sadness, fear, surprise, and anger). 

Twenty-five images are displayed during this trial. Each 

participant was shown a random image of an emotion 

every minute. Each of the five images represents an 

emotion. At the time, we were concentrating solely on 

four emotions: happiness, sorrow, fear, and rage. The 

surprised feeling was eliminated since it required a brief 

duration and triggered bodily motions. Additionally, a 

surprise is multifaceted in terms of emotions, which 

might be positive, negative, or neutral [13].  

We used a photoplethysmograph sensor to record the 

pulse rate as the physiological signal from the fingertip 

and afterwards connected it to the Arduino Uno. The data 

were sampled at a rate of 50 Hz. The communication 

protocol was USB serial communication between the 

microcontroller and the personal computer. To record 

and store the data, we used a cross-platform and custom-

built application. 

 

 

D. Psychological Assessment 

Each participant provided a subjective evaluation, 

which was established by administering the SAM 

assessment following the viewing of an image. SAM is 

a picture-based instrument that has five images for each 

affective component (valence and arousal) that 

participants are asked to score after viewing a picture 

representing a particular emotion [12]. Between negative 

and positive scores, the rating employed single-item 

scales indicating valence/pleasure and perceived arousal 

(Fig. 2). The study used a SAM rating scale of -2 to 2, 

with 0 being neutral (center side) and -2 (left side) till 2 

representing negative and positive impacts, respectively. 

 

E. Signal Processing and Feature Extraction 

To start, we demonstrated a method for pre-

processing raw pulse-rate data using the FIR band-pass 

filter. The goal was to reduce unnecessary frequency, 

which has an effect on the heartbeat peaks. We chose a 

cut-off frequency of 0.5 to 2 Hz and a sampling rate of 

50 Hz. We applied a FIR filter to the raw data and then 

performed a Fast Fourier Transform (FFT) to guarantee 

that the fundamental frequency (0.5 – 2 Hz) was retained 

and that the other frequency components were 

eliminated. 

After obtaining distinct peaks, we used Eq. (1) to 

determine the mean of the peak-to-peak interval. Then, 

using Eq. (2). Each six seconds, this characteristic was 

extracted. The single and primary parameter, Heart rate 

change (HRC), was calculated using Eq. (3) by dividing 

the absolute value of successive Heart Rate (HR) 

differences by the preceding absolute HR value.We used 

two inputs from the HRC parameter. We established 

 
Fig. 2 Self-assessment manikin (SAM) 
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average HRC between viewing - warning (V-W) and 

warning-rating (W-R) as the inputs of our classification 

system. Finally, we evaluated the performances of the 

classifier models using HRC of (V-W) and (W-R). 

 

𝑀𝑒𝑎𝑛𝑅𝑅 =  
1

𝑛
∑ 𝑅𝑅𝑖

𝑛

𝑖=1

 (1) 

𝐻𝑅 =
60

𝑀𝑒𝑎𝑛𝑅𝑅
 (2) 

𝐻𝑅𝐶(𝑛) =  
|𝐻𝑅(𝑛) − 𝐻𝑅(𝑛−1)|

|𝐻𝑅(𝑛−1)|
 (3) 

 

F. Classification Methods 

Commonly, we already know the prevalent binary 

classification problems are Logistic Regression, k-

Nearest Neighbors, Decision Trees, Support Vector 

Machine, and Naïve Bayes. However, we compared only 

three methods that represent fast computation (Naïve 

Bayes), the most basic algorithm (Logistic Regression), 

and simplicity-efficient (Support Vector Machine / 

SVM). We treated the test sizes of the classification 

problems to 30%, 40%, and 50% from the total dataset 

of each emotion, respectively. 

 

G. Performance Measurement 

We used a confusion matrix to summarize the 

classification results, an Area Under Curve (AUC) to 

determine the classifier's ability to discriminate between 

classes as a description of the Receiver Operating 

Characteristic (ROC) curve to evaluate our performance 

suggested system. Additionally, we determined the 

percentage of accuracy using Eq. (4), which corresponds 

to the True Positive (TP), True Negative (TN), and Total 

Data (TD) values in the confusion matrix. The term "TP" 

refers to the number of positive emotions that have been 

identified as already targeted (positive emotions). 

Otherwise, the TN indicates the amount of detected 

negative emotions the same way as the desirable ones 

(negative emotions). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃 + 𝑇𝑁)

𝑇𝐷
× 100% (4) 

 

III. RESULTS 

 

 Prior to feature extraction and analysis, data pre-

processing is a critical step. PPG is often referred to be a 

sensor that is impervious to motion artifacts or body 

motions. As a result, the FIR band-pass filter was 

developed to concentrate and pass low-frequency input 

while reducing high-frequency data (Fig. 3(a)). 

Additionally, we can observe that the most significant 

data were collected at frequencies ranging from 0.5 to 2 

Hz. Fig. 3(b) depicted unnecessary signals in the 

frequency range of less than 0.5 Hz to more than 2 Hz. 

Fig. 3(c) illustrates the filtering process's outcome. The 

filtered PPG signals allow for the detection of clear 

peaks, which may then be tracked by extracting the heart 

rate every six seconds. We tested the proposed system to 

a standard clinical electrocardiograph (ECG) to verify 

the measurement. We saw 24 trials of heart rate 

 
(a) 

 

 
(b) 

 

 
(c) 

 

Fig. 3 The pre-processing procedures and extracted 

feature 
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measurement on several people as they sat or rested. We 

reduced the average error in heart rate measurement 

between our created equipment and a conventional ECG 

to 0.79 beats per minute (BPM), which we regarded to 

be a reasonable level of error. 

 We conducted around thirty minutes gathering 

physiological data from each individual (n=169) as they 

saw 25 images representing basic emotions. Five images 

with similar feelings were shown to participants. This 

research constructed five trials for repeated operations, 

as seen in Fig. 1. During each trial, participants were 

exposed to four fundamental emotions in sequence: 

happiness (n=53), anger (n=40), sadness (n=47), and fear 

(n=29). As can be seen in Fig. 4 that the subject exhibited 

an early emotion associated with a lower HRC, rather 

than a middle emotion associated with a higher HRC. 

Thus, we may acquire a critical problem in which 

pleasant emotion (happiness) was associated with a 

lower HRC than negative emotion (sadness, fear, anger).  

 For further investigation, we employed two inputs 

for the classifier models (Logistic Regression, Naïve 

Bayes, and SVM). We called it (W-V), which represents 

the HRC between the heart rate of warning-viewing 

conditions and (V-R) to calculate the heart rate change 

during viewing-rating conditions after seeing the 

pictures represent different emotions each trial. We 

tested the specific emotion that represents the pleasant 

and unpleasant emotion and separated it into different 

sizes, 30%, 40, and 50% test sizes from each dataset, 

respectively. 

 Regarding Table 1, we can see that the positive 

(happiness) and negative (sadness) emotion mainly 

yields accuracy and AUC less than 50% from the overall 

binary classification models. The highest accuracy and 

AUC came from Logistic Regression with 56% and 55%, 

followed by the SVM with 54%. On the other hand, 

Happiness and Anger show that the Naïve Bayes 

provides the best accuracy and AUC involving 30%, 

40%, and 50% of test sizes. The highest accuracy and 

AUC were more than 60% using a single HRC parameter. 

Lastly, the positive and negative emotion presented with 

Happiness and Fear shows that Naïve Bayes still 

provides the best accuracy and UAC that more than 50% 

among the other classifiers. However, to represent the 

positive and negative emotions, we believe that 

Happiness and Anger are the most accurate 

representation utilizing the single parameter of HRC 

before and after viewing the different pictures of 

emotions based on the summary of accuracy and AUC's 

results. 

 Since we measured the accuracy and AUC, we 

found an interesting finding that the AUC value could be 

 

Table.1   The performances of binary classifier to identify 

positive (happiness) and negative (sadness) emotions 

 

Happiness vs. Sadness 

 Log. 

Regress 

Naïve 

Bayes 
SVM 

Test Size 30%    

Acc. (×100%) 0.47 0.43 0.47 

AUC (×100%) 0.47 0.43 0.47 

    

Test Size 40%    

Acc. (×100%) 0.53 0.48 0.48 

AUC (×100%) 0.55 0.49 0.49 

    

Test Size 50%    

Acc. (×100%) 0.56 0.48 0.54 

AUC (×100%) 0.57 0.48 0.54 

 

 
Fig. 4 Heart rate changes (HRC) recording of a subject for 30 minutes during an experiment 
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more trusted to be the primary metric to measure the 

classifier's sensitivity to detect the positive or negative 

emotion rather than accuracy measurement according to 

this study. Fig. 5 shows that the Naïve Bayes with higher 

AUC can differentiate two emotions from the other 

models. For instance, the Logistic Regression can detect 

TN (n=19) on Happiness and Anger, and SVM only 

detects a negative emotion (fear) from 50% test sizes. 

Furthermore, we found that most classifiers are sensitive 

to detecting negative emotion. However, the Naïve 

Bayes ‘sensitivity can detect unpleasant and pleasant 

feelings more than the other algorithms. Therefore, it 

strengthens the Naïve Bayes as the most appropriate 

technique for detecting basic emotions (positive and 

negative) in this study. 

  

IV. DISCUSSION 

 

 Successfully undertaken research on emotion 

recognition relied on physiological markers. According 

to a study of research findings on emotion recognition, 

fewer than 15 activities on stress detection are published 

each year [14]. It is well defined, however, that stress has 

intertwining attributes and that certain emotions 

accompany particular circumstances [15]. Even though 

emotion recognition is more challenging, we believe that 

comprehending and recognizing emotional changes is 

the most critical step toward quantifying mental stress 

and psychological characteristics. 

Our proposed study discovered the highest AUC of > 

57% on average when happiness is classified as a 

positive emotion and anger as a negative emotion. Our 

findings corroborate a previous report that the mean 

HRC is sensitive to the distinction between happiness 

(pleasant) and anger (unpleasant), rather than relaxing 

(positive) and fear (negative) states [16]. We recognized 

that the results might not be applicable in a real-world 

situation. The most recent study used a similar system by 

utilizing a photoplethysmograph as a bracelet to identify 

emotions. They evaluated the developed classifier 

models using accuracy. The results ranged between 36% 

and 80% [17].  

However, the majority of previous studies focused on 

accuracy rather than AUC. They presume that accuracy 

can be used to determine the validity and reliability of a 

parameter that will be used in classification algorithm. 

According to our findings, better accuracy cannot secure 

the ability of developed models to recognize binary 

classification problems because it cannot measure how 

to true positive and negative rates trade-off. Additionally, 

AUC was reported to be a more accurate metric than 

accuracy for evaluating learning algorithms [18]. Thus, 

the previous report was unable to address the models' 

reliability in sufficiently diverse emotions, precisely. 

Additionally, we must pay attention to the real-time 

scheme for utilizing the function in a natural 

 

Table.2   The performances of binary classifier to identify 

positive (happiness) and negative (anger) emotions 

 

Happiness vs. Anger 

 Log. 

Regress 

Naïve 

Bayes 
SVM 

Test Size 30%    

Acc. (×100%) 0.54 0.64 0.57 

AUC (×100%) 0.47 0.60 0.51 

    

Test Size 40%    

Acc. (×100%) 0.51 0.59 0.51 

AUC (×100%) 0.50 0.58 0.50 

    

Test Size 50%    

Acc. (×100%) 0.54 0.56 0.50 

AUC (×100%) 0.51 0.54 0.47 

 
 

Table.3   The performances of binary classifier to identify 

positive (happiness) and negative (fear) emotions 

 

Happiness vs. Fear 

 Log. 

Regress 

Naïve 

Bayes 
SVM 

Test Size 30%    

Acc. (×100%) 0.44 0.64 0.52 

AUC (×100%) 0.39 0.59 0.46 

    

Test Size 40%    

Acc. (×100%) 0.55 0.57 0.57 

AUC (×100%) 0.51 0.54 0.51 

    

Test Size 50%    

Acc. (×100%) 0.59 0.58 0.56 

AUC (×100%) 0.53 0.51 0.47 
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environment. Shu et al. suggested a visual stimulation 

(movie) lasting 53 seconds to a minute to elicit a 

spectrum of feelings [17]. Other studies, on the other 

hand, generally recommend extracting five minutes from 

a 60-minute recording [19]. We believe that it is 

necessary to consider the time constraint when designing 

a real-time system. According to prior studies, it takes 

longer than a minute to improve our ability to recognize 

various emotions due to the intricate features that must 

be measured in real time. Moreover, previous research 

established the shortest duration and use of the same 

physiological signal by extracting an ultra-short HRV 

from one-minute data [4]. Our proposed study combined 

a six-second single feature dubbed HRC with an image 

depicting a range of emotions. It is possible to implement 

it to real-world scenarios while developing a system on 

a budget. Performance, on the other hand, could be 

enhanced. We recognized that the topic of algorithm 

selection could not be completely defined. It is always 

case-specific and unknown variables can influence the 

results. Our study advocated for the use of Naïve Bayes 

to distinguish between positive and negative emotions 

when HRC is used as the only parameter. Additionally, 

the limitations continue to apply to our current findings 

and studies. The critical point is to distinguish between 

true positive and negative rates. Recent 

accomplishments demonstrate that recognition may be 

erroneous or insignificant. It's understandable, given that 

we're focusing on a single characteristic to distinguish 

two fundamental emotions. Additional challenges for 

this study include the addition of more easily extracted 

features, the development of learning models, and the 

ability to perceive diverse emotions. Finally, we should 

keep in mind that the field's challenge is to advance 

mathematical understanding and quantification of 

human emotions related to mental stress and other 

physiological aspects. 
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