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Abstract—In the fast pace of life, emotion recognition systems
are essential to help monitor mental health and well-being. The
continuous development of the Internet of Things (IoT) and
Human-Computer Interaction (HCI) improve the availability and
accessibility to devices that can capture the facial expressions of
a user, while wearable devices can also capture physiological
signals and use them for emotion recognition. Meanwhile, ma-
chine learning and deep learning methods can provide emotion
prediction models. However, the training of the models relies
heavily on massive amounts of labeled data. The accuracy of
data labels affects the success of the overall system. Research
targeting emotion recognition uses the participants’ self-reports
as labels. However, participants often fail to give accurate self-
reports, thus affecting the accuracy of the analysis. In this
study, we examine the performance of the self-reports and
external annotations for emotion recognition based on visual and
physiological signals. Specifically, we use video data, as well as
the Electrodermal Activity (EDA), Electroencephalogram (EEG),
and Electrocardiogram (ECG) signals collected from wearable
devices. We use two machine learning and three deep learning
methods to process the signals and train the classifiers. The
results show that the classifiers trained with external annotations
offer better emotion recognition accuracy than self-reports. Also,
the classifiers trained on facial expression offer better emotion
prediction accuracy than the physiological signals, and the Deep
Convolutional Network model shows the best results.

Index Terms—Affective computing, emotion recognition, deep
learning, physiological signals, electrodermal activity (EDA),
electroencephalogram (EEG), electrocardiogram (ECG).

I. INTRODUCTION

Affective computing is a field of study integrating hu-
man emotions with artificial intelligence into systems or
devices. Human emotional states, such as nervousness, ex-
citement, happiness, anger, and more, are often accompanied
by changes in the human body’s physiological or behavioral
characteristics. Meanwhile, multiple emotional states may also
cause some changes in physiological or behavioral charac-
teristics [1]. In the interaction between artificial intelligence
(AI) products and humans, if the current emotional state of
people can be grasped accurately and respond according to
the emotional state, the user experience of AI products can be
significantly improved.

The focus on emotion recognition is to obtain signals from
physiological indicators or behavioral characteristics, such as
speech, facial expressions, and gestures, caused by human
emotions through various sensors to establish a computable
emotion model. There are three popular emotion detection
technologies. The first is computer vision, which accurately

recognizes facial expressions directly from images or videos.
The second is analyzing and interpreting the deep facial
features for recognizing emotions via deep learning methods.
Finally, the third method derives emotional information from
physiological signals obtained by wearable devices.

Face recognition technology keeps evolving with the rapid
development of machine learning and deep learning, and the
popularization of camera-based devices. Facial Expression
Recognition (FER), an essential part of face recognition tech-
nology, has received attention in Human-Computer Interaction
(HCI), safety, communication, automation, medical treatment,
robot manufacturing, and driving. Meanwhile, deep learning
that can learn multiple layers of features or data repre-
sentations has emerged to achieve state-of-the-art prediction
results. Along with its success in many application fields, deep
learning has also been widely used in FER. FER technologies
can be utilized by the first two emotion detection methods
mentioned above since they extract information from facial
expressions via videos or images.

In addition to facial expressions, physiological signals,
such as Electrodermal Activity (EDA), Electroencephalogram
(EEG), and Electrocardiogram (ECG), can be found in several
wearable IoT devices such as smartwatches and are prevalent
signals for emotion detection. Unlike facial expressions, phys-
iological signals are not easy to camouflage, and their collec-
tion is a non-intrusive process, making them ideal indicators
for the natural emotional state of an individual [2]. Therefore,
they can play a vital role in improving emotion recognition.

Most popular emotion recognition approaches require large
amounts of labeled data to learn the association between
specific emotions and their external manifestations. Simpler
systems can be trained using images, audio, and physiological
signals depending on the objectives. However, although vari-
ous advanced devices are now available to help record data,
the accuracy of data labeling has always been problematicA-
mong the most widely used data labeling method for emotion
recognition is self-report. In the middle or after the experiment,
the participants record their emotions during the activities.
The researchers then use this as the ground truth of various
signal data corresponding to time series. However, when self-
reporting, participants are prone to bias or memory bias.For
example, some research asked the participants to watch videos
as stimuli and self-reports after the videos. The participants
often forgot how they felt at the beginning of the video, which
caused the inaccuracy of the data labeling.
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to make records according to what they observe from the
participants’ facial expressions or body and gesture languages.
In [3], three assessment methods, which are self-report, exter-
nal assessment, and a physiology expert’s observation, are used
to record the reactions when the participants are in stressful
situations. In [4], five annotators were asked to observe the
participants’ emotions when there were debating. As can be
inferred, selecting the annotation method is also essential for
an accurate emotion recognition system.

In this work, we compare the classification accuracy be-
tween self-report and external annotations as data labels and
validate the efficiency of applying different classifiers to visual
and physiological signals, to perform emotion recognition.
Specifically, visual and physiological signals from a dataset
are used, along with five deep learning approaches, to examine
their performance on emotion recognition. The rest of this
paper is organized as follows: Section II includes the related
works, followed by Section III, which describes the dataset
and the system model. Section IV presents the results of
the experiments along with a discussion. Finally, Section V
summarizes this work.

II. RELATED WORKS

AffectNet is a large dataset of facial expressions with about
400,000 images manually labeled for eight facial expressions
(neutral, happy, angry, sad, fearful, surprised, disgusted, and
contemptuous) and the intensity of valence and arousal [5].
In [6], they built a multi-task deep learning model to calculate
male gender, age, ethnicity, and emotion probabilities. In [7],
they proposed an architecture based on multiple deep learning
models and used an audio-visual emotional database to train
and test the model’s effectiveness. Emotion detection is also
widespread through videos. FER-YOLO (You Only Look
Once) is an architecture based on YOLOv3, a fast object
detection model [8]. FER-YOLO combines the advantages
of YOLOv3’s rapid small object detection and its expression
recognition ability to become a powerful facial expression
recognition tool. Residual Masking Network (RMN) [9] is a
model which is pre-trained on a public FER2013 dataset [10]
and a private VEMO2020 dataset. The RMN achieved an accu-
racy of 76.82% which outperforms the other five architectures.

In physiological signals, signals such as EDA, EEG, and
ECG address the emotion detection task in a single or multi-
modal approach. In [11], the authors fed EDA features from
the time, frequency, and time-frequency domain into the Sup-
port Vector Machine (SVM) classifier and achieved an average
classification accuracy of 85.75% and 89.9% for arousal and
valence, respectively. In [12], three machine learning models
were used to detect stress and non-stress status with EDA on
two datasets, VerBIO and WESAD, and the model random
forest achieved an accuracy of 85.7%. In [13], the ECG and
the Galvanic Skin Response (GSR) signals of the AMIGOS
dataset are used to train multiple classifiers, and the optimal
results for classifying arousal and valence are 76% and 75%
with Deep Convolutional Network (DCNN). In [14], they
compared the emotion classification performance of utilizing

EDA, ECG, and Photoplethysmography (PPG) individually
and two of them together on the AMIGOS and DEAP datasets.
The proposed method, Recurrence Plots (RP), offers a better
result with AMIGOS’s ECG and EDA fusion modality. In [15],
a comparison between single signals (EDA, ECG, and PPG)
and multimodality on stress and non-stress detection has also
been studied. A Stacking Ensemble Learning model has an
optimal accuracy of 86.4% with an EDA signal. In [16], the
authors compared facial expressions and EEG signals in terms
of emotion detection. They concluded that higher frequency
components of EEG signals have more critical information
about positive emotions, and a correlation was found between
EEG signals and facial expressions.

Though research is extended to different modalities and
objectives, the labeling issue has not received much attention.
In [17], the authors used SVM to compare the accuracy of the
self-report and external annotation in binary classification with
the AMIGOS dataset. The results show that 0.690 and 0.644
(for arousal and valence, respectively), the highest accuracy,
were achieved by the classification model based on external
annotation. In this study, we compare the labeling methods
and how the methods may affect emotion recognition accuracy
results. To our knowledge, this work is one of the few studies
that compare the effect of different annotation methods for
analyzing physiological signals. The results of this work can
cast light on the design of experiments regarding emotions and
physiological signals. Also, the signal processing stages and
classification methods can help researchers in this field further
improve or create classification algorithms.

III. SYSTEM MODEL

The overall structure of the proposed system is illustrated
in Fig. 1. EDA is the example physiological signal in the
procedure. EEG and ECG have similar processing steps.

A. Dataset

AMIGOS dataset [18] is used in this study for training the
models and testing the efficiency of classification algorithms
and ground truth methods. AMIGOS studies personality, re-
actions to social groups, and emotions through physiological
signals. They design two experimental environments to collect
physiological data. One of the experiments asked 40 partici-
pants to watch 16 short videos individually, while the other
was for the participants to watch four long videos individually
and in groups. This dataset allows for multimodal research into
individual emotional responses to personality and mood and
analyzes how these responses are influenced by individuals or
groups and the duration of the videos. The participants’ EEG,
ECG, and EDA (also known as GSR) were recorded in both
settings using wearable sensors. Cameras recorded frontal,
full-body, and depth videos. The devices used to collect the
physiological signals are the Emotive EPOC Neuroheadset
and the Shimmer 2R4 platform with ECG and GSR modules.
The Emotive EPOC Neuroheadset collects EEG signals with
14 channels, at 128Hz, and 14-bit resolution, while the ECG



Fig. 1: The structure of the emotion recognition system. (EEG and ECG have similar processing stages as EDA.)

module for Shimmer 2R4 is 256Hz and 12-bit resolution, and
the GSR module has 128Hz and 12-bit resolution.

The participants’ emotions were annotated by self-report
and external annotation. In the self-report, the emotion cat-
egories are arousal, valence, dominance, liking, familiarity,
neutral, disgust, happiness, surprise, anger, fear, and sadness.
However, the external annotations only consist of arousal
and valence (positive or negative) levels observed by three
annotators. The arousal and valence levels can create four
quadrants of ground truths for validating the emotion clas-
sification efficiency. The clusters generated by K-means for
dividing the arousal and valence levels in the self-report into
four categories are shown in Fig. 2. K-means is an unsuper-
vised clustering algorithm. A given sample set divides the
sample set into K clusters according to the distance between
samples, making the clusters’ points as close as possible and
the distance between the clusters as large as possible. The
four quadrants are High-Arousal High-Valence (HAHV), Low-
Arousal High-Valence (LAHV), Low-Arousal Low-Valence
(LALV), and High-Arousal Low-Valence (HALV). Emotions
can be distributed across the four quadrants [19]. For instance,
“sadness” can be interpreted as an emotion of low arousal and
negative valence, and “happy” is a high-arousal and positive-
valence emotion. These ground truths will be used as labels
for later classification tasks. Table I shows the features of the
short videos in the AMIGOS. The column “Video” includes
the index of the video that the participants watched, while the
“Duration” is the length of the videos. The “Clips” are the
segments of each video, and the “Instances” is the number
of samples of a single physiological modality for each video.
Since there are 94 clips for each subject, the total number of
clips for 40 subjects is 3760.

B. Signal Processing

Since physiological and visual signals are used to train
and test the classification models, different signal processing
methods are applied to each signal.

1) Physiological signals: In this study, we used EDA, EEG,
and ECG signals from the AMIGOS to compare their emotion
detection efficiency. Most research based on EDA performed
feature extraction in the time domain. However, the features
in the frequency domain can detect minor emotional changes
which cannot be observed in the time domain [20]. As a result,

Fig. 2: The four clusters of the arousal and valence levels in the
self-report. (HAHV: High-Arousal High-Valence; LAHV: Low-Arousal
High-Valence; HALV: High-Arousal Low-Valence; LALV: Low-Arousal Low-
Valence.)

No. Video Duration (seconds) Clips Instances
1 10 96 6 12225
2 13 57 4 7229
3 138 122 7 15610
4 18 83 5 10575
5 19 126 8 16106
6 20 65 5 8335
7 23 112 7 14265
8 30 76 5 9717
9 31 155 9 19886
10 34 66 5 8417
11 36 68 5 8698
12 4 91 6 11621
13 5 112 7 14347
14 58 64 4 8181
15 80 102 6 13047
16 9 75 5 9630

Table I: The features of the short videos in the Amigos dataset.

we extract features from the time and frequency domain of the
EDA signals in this study and form a feature vector consisting
of features from the two domains.

a) Filtering and Segmentation: A moving average filter
with a 25s window size is applied to EDA, EEG, and ECG
signals. In the EDA’s frequency domain, the EDA signal is
filtered with band-pass filters with cutoff frequencies of 0.05
and 19Hz to remove noises [21]. A high-pass filter with a
2Hz cutoff frequency is used for EEG and a low-pass filter
of 45Hz for ECG. For segmentation, the segments are aligned
with the original paper. The windows for the EDA signals are



(a) EDA peaks. (b) EDA components.

Fig. 3: Detection of essential features in an EDA signal
segment from the AMIGOS dataset.

each video’s first and last 20s and every 20s after the first 5s.
b) Feature Extraction: Since sending all the extracted

features to the classification models will increase computa-
tional cost, low correlated features should be excluded from
the feature vector via a feature selection method. For the statis-
tical features of EDA, the mean EDA, min EDA, max EDA,
std EDA, mean SCR onsets, mean SCR amp, mean SCR
recovery, are manually selected. However, this task is more
complicated in the frequency domain. As a result, the VGG-
16 model-based structure is used to extract features from the
signal, and then the Principle Components Analysis (PCA) is
chosen to reduce the unessential features since the features
selected by PCA can still accurately represent the sample
information so that the information loss is minimal. PCA is a
widely used unsupervised linear transformation technique for
dimensionality reduction. It helps identify patterns present in
the data based on correlations between features. The principle
of PCA is to map n-dimensional features to k-dimensions
(k¡n), forming new orthogonal features. This k-dimensional
feature is called the principal component, a reconstructed k-
dimensional feature, rather than simply removing the remain-
ing n-k-dimensional features from the n-dimensional feature.
An example of the detection of essential features in a sample
EDA signal from the AMIGOS dataset is shown in Fig. 3.

For EEG, the Welch method (128 samples per second
time window) between 3 and 47Hz is used to extract Power
Spectral Density (PSD) features. For each of the seven pairs of
electrodes, five bands of PSD, which are theta (3-7Hz), slow
alpha (8-10Hz), alpha (8-13Hz), beta (14-29Hz), and gamma
(30-47Hz), were obtained, and spectral power asymmetry
between the electrodes was obtained as the input features.

For ECG, R-peaks representing the heartbeats were ex-
tracted to obtain the Inter Beat Intervals (IBI). Then, the heart
rate and heart rate variability time series were computed based
on the IBI values. PCA was used to extract the most correlated
features at the end.

2) Visual signals: FER is an advanced development of face
recognition, which mainly includes three basic steps: face
image preprocessing, facial feature extraction, and expression
classification. Image preprocessing is mainly to detect and
segment the original image.

a) Segmentation: For each video, a function in OpenCV
extracts the video frames. Multi-task cascaded convolu-
tional neural network (MTCNN), an efficient face detection
method [22], is used after frame extraction. The MTCNN
consists of three network structures (P-Net, R-Net, and O-Net).

These structures can obtain the regression vectors of candidate
windows and bounding boxes of the face region and return the
coordinates of the face key points, such as left/right eye and
mouth left/right. In this study, the bounding box is needed
only for cropping the face in the next step.

b) Feature Extraction: Expression feature extraction is
crucial for processing FER in this study. A facial image has
much information, and the expressions made by a person
at different times in the video sequence are not the same.
Thus, expression recognition needs to be extracted. Adequate
information can be obtained, such as images’ texture and
facial features. Extracting this practical information is of great
significance to improving recognition speed and accuracy.

After applying MTCNN to segment the essential part of
the face in each image, VGG-Face [23] is used to extract
the features. The network’s last layer is a classifier, and the
classification error is calculated by softmax log-loss. Once the
learning process is completed, the classifier can be removed,
and the score vector can be used as a feature for face
verification by calculating the Euclidean distance. Then, PCA
is used to perform the feature reduction work. The pipeline
for processing the visual signals is shown in Fig. 4.

C. Classification Algorithms

Five classification algorithms are used in this study.
1) Support Vector Machine (SVM): SVM is a two-class

classification model. Its basic model is a linear classifier with
the most significant interval in the feature space. Its learning
strategy maximizes the interval and transforms the classifica-
tion task into a convex quadratic programming problem.

2) eXtreme Gradient Boosting (XGBoost): The algorithm
of XGBoost is to continuously add trees and perform feature
splitting to grow a new tree. When a new tree is generated,
a new function will be learned, fitting the residuals from the
last prediction. The submodel of XGBoost relies on the greedy
algorithm of recursive node splitting to achieve tree generation.
In addition, XGBoost supports approximate algorithms to
solve situations where the amount of data exceeds the memory
or parallel computing is necessary.

3) Deep Convolutional Network (DCNN): With the grow-
ing demand for data analysis, traditional machine learning
models cannot meet large-scale or complex data sets, such
as images and speech. The emergence and development of
CNN have solved such problems. A complete CNN can be
constructed by stacking Input Layers, Convolutional Layers,
ReLU Layers, Pooling Layers, and Fully Connected Layers.
DCNN is a CNN with a more significant number of layers
and a more complex structure.

4) Long Short Term Memory Network (LSTM): LSTM is
an improved Recurrent Neural Network (RNN) model that can
solve the long-distance dependencies problem. In deep learn-
ing (especially RNN), the “long-term dependence” problem is
ubiquitous. The long-term dependence is that after the neural
network nodes have undergone many stages of computation,
the features of the last relatively long time slice have been
covered. LSTM can solve the long-term dependencies problem



Fig. 4: The processing pipeline for visual signals.

Ground truth EDA EEG ECG Video EDA+EEG+ECG

SVM Self-report 0.6175 0.6034 0.5958 0.6443 0.6121
External Annotation 0.6585 0.6179 0.6003 0.6683 0.6375

DCNN Self-report 0.8375 0.8052 0.7845 0.8946 0.8234
External Annotation 0.8513 0.81 0.7637 0.9122 0.84

LSTM Self-report 0.7982 0.8034 0.7584 0.8325 0.7902
External Annotation 0.8117 0.8099 0.7368 0.8467 0.8011

MLP Self-report 0.6985 0.6553 0.6335 0.7247 0.6925
External Annotation 0.7113 0.6763 0.6413 0.7468 0.7089

XGBoost Self-report 0.6343 0.6141 0.5768 0.6482 0.6287
External Annotation 0.6667 0.6387 0.5843 0.6801 0.6599

Table II: The accuracy of prediction results with five classifiers based on visual and physiological signals.

of RNN since LSTM introduces a gate mechanism to control
the circulation and loss of features.

5) Multilayer Perceptron (MLP): MLP is a feedforward
neural network. When there are few hidden layers, a gradient
descent learning algorithm is used to learn the weight param-
eters of the neural network. A given problem determines the
number of neurons in the input and output layers. Therefore,
the MLP structure design only needs to consider the two
hyperparameters of how many hidden layers there are and how
many neurons each hidden layer has.

IV. RESULTS AND DISCUSSION

The accuracy of the classification results is shown in Ta-
ble II. The performance of three deep learning models, DCNN,
LSTM, and MLP, outweighs the two traditional machine
learning models, SVM and XGBoost. The DCNN model
achieved an accuracy of 91.22%, which is the best result in
this study. According to the results, deep learning models can
potentially address the emotion detection problem since the
features extracted from the signals, especially facial expres-
sions, are complicated to analyze with traditional machine
learning methods. Also, the performance of most machine
learning algorithms depends on the extracted features. The
extracted features of physiological signals for training the
models could lead to potentially inaccurate signal descriptions.
However, deep learning models attempt to obtain high-level
features directly from the data even if the extracted features
are not good enough. As a result, deep learning models are
preferable for emotion detection.

In addition, the five classifiers perform better when taking
external annotation as the ground truth label than training with
self-report, except for DCNN and LSTM on ECG signals.
External annotations for ECG are not as advantageous as
for other signals. The reason can be that the stimuli for the
experiments in AMIGOS were not strong enough to elicit

noticeable changes in heart rhythm, so either self-report or ex-
ternal annotation has reasonable indications of the participants’
emotional changes. According to the results, although self-
report is the most direct way for participants to describe their
feelings, it is subject to biases and limitations. Participants
may not be able to assess their feelings accurately, especially
when they are distracted by a self-report or cannot memorize
their feelings for a few seconds or minutes. Also, numerical
scales of ratings may be inaccurate. Participants are often
confused about the numerical scales and do not understand
which number accurately describes their feelings. As a result,
they are influenced by personal tendencies to give extreme or
moderate responses to questions.

In contrast, external annotations are usually recorded by
observers who are experts in that specific area. They are more
focused when they observe the participants’ reactions, ges-
tures, and facial expressions. Meanwhile, the observers have
enough knowledge and time to consider which category or nu-
merical option is more suitable for the participants’ responses.
Therefore, the self-report data labeling method should not be
used alone, as it tends to be biased. When combining self-
reported labels with other information (external annotations
etc.), the multimodality or multi-method annotation provides
more accurate labeling of the data, thereby improving emotion
recognition accuracy.

We can also notice that, among the physiological signals,
the prediction results based on EDA outweigh EEG and ECG.
Multimodality (EEG, ECG, and EDA) provides better results
than single EEG and ECG but worse than when single EDA
is used. It can be inferred that the EDA signal has more
potential as an emotional change indicator than EEG and
ECG. Compared to visual signals, each classifier shows better
prediction results when the input signal is video than phys-
iological signals, either training with self-report or external
annotation. The main reason can be that the facial expression



features extracted from videos are more deep and informative
than features from physiological signals. Especially when
deep learning models are more suitable for processing image
inputs, using facial expression videos to predict emotions is
more advantageous than physiological signals. Meanwhile, the
external annotations were recorded in the AMIGOS dataset
when the observers watched the participants’ front-face videos.
As a result, the ground truth labels more accurately matched
the facial expressions than the physiological signals, resulting
in the models’ better emotion-detecting ability.

However, using facial expressions for emotion detection has
its limitations as well. The first concern is privacy. Although
most of the research was conducted in the laboratory, the
applications will eventually enter the commercial market.
Users may be concerned about showing their faces to the
applications as they feel it is risky to leak their biometrics to
the public. Besides this point, it is not convenient to monitor
facial expressions all the time. Compared to facial expres-
sions, physiological signals can be monitored with ease. The
applications can record and give feedback on the emotional
change they have detected in real-time, which is essential,
especially when the function of further health advice and
push notifications on smartphones are needed. Furthermore,
a potential factor that will affect using facial expressions to
detect emotion is that users may be reluctant to show their real
feelings on their faces. However, users’ subjective will usually
cannot control physiological signals. Consequently, although
adopting facial expressions solely for emotion detection has
better results than EDA signals in this study, further research
is necessary to investigate more feasible and accurate input
signals and methods for emotion detection.

V. CONCLUSION

This work evaluated the effectiveness of adopting self-
report and external annotations on a multimodal emotion
recognition system. The results show better performance when
the machine learning and deep learning models are trained
with external annotations as the input labels. Moreover, among
the five classification algorithms, the SVM, XGBoost, DCNN,
LSTM, and MLP, the deep learning models (DCNN, LSTM,
and MLP) outweigh the traditional machine learning models
(SVM and XGBoost). Additionally, the emotion detection
results based on models trained with the visual signal are
better than physiological signals, while EDA has better results
than EEG and ECG. As a result, visual and EDA signals
are promising for improving emotion recognition accuracy
through fusion in a multimodal system.
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