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Abstract— Stress is an important problem for people that 
causes health problems and economic losses. When it becomes 
chronic, it paves the way for many diseases. Studies in this area 
have made significant progress in measuring stress levels with 
the help of data from wearable devices and sensors. In this 
study, using supervised deep learning methods, we worked on 
the detection of pupil dilation, which is accepted as one of the 
stress indicators. In our experiment, two different films 
containing positive and funny scenes and negative and stressful 
scenes were shown to the participants. Meanwhile, the pupil 
diameter was measured continuously. After the obtained 
signals were cleared of noises, deep learning studies were 
carried out on them. With these experiments, the effect of 
different activation functions used in hidden layers along with 
the different number of hidden layers and neuron numbers on 
learning were examined. After the trials with Hyperbolic 
Tangent, ReLU and Swish activation functions, the highest 
accuracy for classifying the stress of the participants from their 
pupil responses was obtained with the Swish activation 
function with 90.79%. 
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I. INTRODUCTION 
Stress can be expressed simply as the body's response to 

a change. There are different types of stress defined in the 
literature, namely, acute stress, episodic stress and chronic 
stress. The former is beneficial for us to survive, whereas, the 
latter ones are harmful for the body. Therefore, measuring 
the stress becomes an important issue to better understand 
the diseases [1]. 

In order to measure the stress level, different non-
invasive techniques are used such as connecting single 
sensor or various sensors to the body. Moreover, in recent 
years, by means of wide application of wearable devices and 
internet of things technology, other ambulatory detection 
techniques become popular in diagnosis of various health 
problems. For instance, the electrocardiogram, 
electroencephalogram, electrodermal activity (also known as 
galvanic skin response), blood pressure, 
photoplethysmography, skin temperature, electromyogram, 
and pupil diameter are some of these common techniques. 
Besides them, the signals from thermal images, respiration, 
speech and blink frequency are also applied in different 
studies.  

Accordingly, various numerical methods such as 
advanced statistical approaches, machine learning and deep 
learning methods [1, 2, 3] have been developed to better 
describe the collected signals and classify them correctly. 
From these analyses, we can obtain a high accuracy in the 
classification of the distinct measurement levels lying from 
65% to 99%.  

Hereby, in this study, we work whether we can truly 
classify the pupil measurements obtained from the 
participants who watch funny and stressful movie sections so 
that these results can be used to understand the change in 
stress levels. Hence, we generate a real-life experiment to 
observe whether the pupil diameters of the participants 
expand more in some parts of the movie compared to other 
parts. Then, we check how accurately we can detect the 
changes in dilations by using a deep learning method. In our 
analyses, we choose three different activation functions, 
various numbers of hidden layers and neurons by using   
tensorflow, numpy, sklearn, pandas and keras libraries with 
Google Colaboratory.  

Hence, in the following part, we initially describe how 
we collect the data and then in Part III, we present the 
application of the deep learning approach. Finally, we 
discuss the outputs and state the future works in Part IV and 
V, respectively.  

II. METHODS 

A. Data collection 
While collecting the data, the wearable hardware 

developed in Ankara University laboratory was used (Fig. 1). 

 
Fig. 1. Wearable hardware component to collect data 
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For the measurement of the pupil diameter, it is benefited 
from the images taken from the eye area, which is mostly 
illuminated in the infrared region. In the images taken, the 
pupil is displayed as dark. In the infrared region, illumination 
is made with LED lamps that radiate at 850nm wavelength. 
Then, a video display system has been created for measuring 
the pupil diameter. The block diagram of the designed 
system can be seen in Fig. 2. 

 
Fig. 2. Block diagram of the video display system 

Furthermore, Raspberry Pi single board computer (SBC) 
was used for the image processing system and Microsoft 
Lifecam HD-5000 webcam was performed as the webcam 
unit. This camera can record video at 1280x720 resolution 
and 30 fps. Later, a filter that suppresses the visible region is 
applied to display only the infrared region. For the 
measurement of the pupil diameter, two different softwares, 
which are prepared with open source code and are derived 
from each other, were used [4, 5]. Both softwares use the 
open source openFrameworks C++ software library [6]. We 
present an example screen view of the software run on the 
Raspberry Pi card in Fig. 3. 

 
Fig. 3. Sample screen display of software measuring pupil diameter 

On the other side, we use the data from 9 subjects (2 F, 7 
M) whose ages 26 ± 5.43 are years old and we showed two 
type of videos as stated below.  

• Positive-effect video: Dumb and Dumber final 
scene (duration: 02:04) 

• Negative-effect video: The taking of Pelham 123, 
the first hostage scene (duration: 07:34) 

Then, their pupil diameters were continuously measured 
30 times per second so that the change in pupil diameter can 
be compared to the baseline value [7, 8] in order to measure 
the stress level. 

B. Data preprocessing 
In the preprocessing of the data, the graphics of the 

collected signals were first examined individually, and those 
who could not be recorded correctly due to motion artifacts 
were excluded from the study. Then, the remaining ones 

were studied separately, their noises were cleared, and the 
parts that could not be measured were re-evaluated by 
interpolation. In order to detect and eliminate noises and 
points where the measurement cannot be collected, a global 
threshold value was determined. This threshold value T was 
determined as denoted in Equation (1).  

  =  −  () 

where µ is the mean of the signal and σ denotes the standard 
deviation of the signal. 

Then, the points outside this threshold value were 
removed from the signal. Finally, the same threshold value 
formula was reapplied within the windows in 1% parts of the 
signal and outliers were detected. In place of the deleted 
outliers, signals are regenerated by using splines. Finally, 
segments of signals are extracted from the whole time series, 
for which an a priori selection is decided upon the ‘fun’ and 
‘stressful’ segments corresponding to the ‘fun’ and ‘stressful’ 
regions of the movies. These segments are used in our binary 
classifier to depict stress from the pupil dilation 
measurements. 

C. Deep learning for classification 
 A simple attribute has been chosen for the classification 
in such a way that the parts above the average of the signals 
were set as 1 and the rest as 0 for supervised learning. 
Moreover, 67% of our data was used for the education part 
and the remaining 33% was applied for the testing part. On 
the other hand, since the numerical data used in the deep 
learning should have the range between -1 and 1, the data 
were standardized by implementing the following formula.  

 z = (xi - µ) / σ () 

where z is the new value, xi shows the old value, µ and σ 
represent the mean and the standard deviation of the signal, 
respectively. 

 As stated beforehand, in our analyses, we implemented 
three different activation functions, namely, ReLU [9], Swish 
[10] and hyperbolic tangent [9], under different numbers of 
neurons and different numbers of hidden layers based on 
earlier reports [11]. As the output activation function, the 
sigmoid activation function, which is widely used in the 
literature [12], was performed.  

 Finally, we applied “Adam” [13] which is highly 
preferred in the literature of the binary classification for the 
optimizer algorithm and “Binary crossentropy” method [14] 
for the loss function. 

III. RESULTS 
Serial experiments were carried out in order to determine 

the number of hidden layers to be used in the classification of 
the signals with the highest accuracy in deep learning and to 
determine the number of neurons to be used in the layers. 
The results of the experiments with the same number of 
neurons in each hidden layer are shown in Tables 2, 3 and 4 
by emphasizing the highest accuracy for each activation 
function. In these experiments, the number of epochs was 
limited to 200. 
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 Additionally, we evaluated the effect of triangular 
reduction in the number of neurons in hidden layers on the 
learning part. For this purpose, the results of the test were 
performed by using 5 hidden layers and 100-80-60-40-20 
neurons in each hidden layer, respectively, are presented in 
Table IV. In these experiments, the number of epochs was 
limited to 3000. 

TABLE IV TRIANGULAR REDUCTION OF THE NUMBER OF 
NEURONS USED IN HIDDEN LAYERS 

Activation Function Accuracy 
Hyperbolic Tangent 89.26 % 

ReLU 90,50 % 
Swish 90,79 % 

IV. DISCUSSION 
From the findings of these analyses, as expected, it was 

observed that the accuracy values vary according to the 
number of hidden layers and the number of neurons used in 
the layers. According to the results based on 200 epochs, the 
highest accuracy in the hyperbolic tangent activation 
function was found in the experiment with 4 hidden layers 
and 70 neurons. Based on the ReLU activation function, the 
highest accuracy was computed under 5 layers and 100 
neurons. Finally, from the outcomes under the Swish 
activation function, we see the highest accuracy in the 
experiment with 8 layers and 70 neurons. Moreover, it was 
seen that increasing the number of hidden layers up to a point 
directly improves the accuracy in all three activation 
functions. On the other hand, when we examine the effect of 
different neuron numbers, it was found that there are no 
obvious changes in accuracy after a certain number.  

Additionally, from the findings of the 200 epoch 
experiments, we got the highest accuracy from the Swish 
activation function. But, we were also able to get very close 
results with other activation functions. On the other hand, 
from the analyses under triangularly decreasing neuron 
numbers, it was observed that the accuracy improved 
slightly. Similarly, fewer number of neurons allows us to 
process less and improve the results a little more. In these 
experiments, while the Swish activation function gives the 
highest accuracy, the ReLU activation function takes the 
second place with very little difference. 

V. LIMITATIONS AND CONCLUSION 
 As the limitation of our analyses, the brightness of the 
screen and the sound of the video were not standardized 
during the data collection phase among the films used in the 
experiments. For this reason, besides the emotional state, the 
changes in pupil diameter due to differences in brightness 
on the screen may have been seen. In addition, during the 
experiments, two 2-minute and 7-minute movie pieces were 
watched, but, the participants were not asked to report their 
feelings by pressing a button or any other means. 
Furthermore, half of the collected signals could not be used 
due to motion artifact, resulting in performing less data in 
the learning part. On the other side, even though there were 
such challenging conditions in the collection of the pupil 
data, we were still able to achieve over 90% success while 
classification of the films as positive and negative stress 
conditions. Since the Google Colaboratory service allows 
maximum 12 hours of uptime, epoch numbers are limited to 
200 and 3000 in deep learning trials. 

 In the future studies, these mentioned issues will be 
evaluated and an experiment will be carried out with more 
subjects to increase the accuracy. In addition, our studies 
will be applied to the vector space, not only with the pupil 
sensor, but also to include the fusion of all other sensor data 
to be used such as EMG and heartbeat so that more detailed 
analyzes can be made for the detection of the changes in 
stress level under distinct conditions. In addition, with a 
workstation to be established, we will extend training times 
in deep learning trials as much as we can, to achieve higher 
accuracy results. 
 

ACKNOWLEDGMENT 
The authors thank to the TUBITAK project (no: 

117E650) for their support. The authors are indebted to the 
team that collected this data during the eNTERFACE 
workshop [15]: Fatih İleri, Merve Balık, and Anıl Berk 
Delikaya, as well as overseeing members Bilgin Avenoğlu, 
Atıl İlerialkan, and Hüseyin Hacıhabiboğlu. 

 

TABLE I.  EXPERIMENT RESULTS OF HYPERBOLIC TANGENT ACTIVATION FUNCTION 

Number of Neurons in 
Hidden Layers 

Hyperbolic Tangent Activation Function 
Number of Hidden Layers 

1 2 3 4 5 6 7 8 
10 81,48 83,25 83,81 73,78 83,80 83,64 84,40 84,44 
20 82,16 84,22 84,85 85,30 85,21 85,77 85,88 85,56 
30 82,10 84,40 85,72 85,53 85,33 85,47 85,89 86,09 
40 82,22 84,95 85,94 86,60 86,00 86,12 85,66 85,04 
50 82,50 84,27 86,71 86,66 85,92 85,84 86,26 84,98 
60 82,29 84,90 86,45 86,62 86,64 86,41 85,63 85,28 
70 82,62 84,71 85,96 87,44 86,56 86,47 85,56 84,13 
80 82,37 85,30 86,02 86,27 85,39 85,08 84,84 84,99 
90 82,72 85,71 86,65 87,00 86,43 85,87 85,60 84,93 

100 82,39 85,50 86,69 86,96 87,09 85,63 84,46 83,53 
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TABLE II.  EXPERIMENT RESULTS OF RELU ACTIVATION FUNCTION 

Number of Neurons in 
Hidden Layers 

ReLU Activation Function 
Number of Hidden Layers 

1 2 3 4 5 6 7 8 
10 71,43 83,35 83,38 50,09 50,45 50,26 50,45 50,36 
20 81,14 83,55 84,61 85,64 85,04 50,45 50,45 50,45 
30 81,94 83,91 85,18 84,95 85,85 50,26 50,32 50,45 
40 81,89 84,58 85,61 86,25 86,41 50,45 50,45 50,45 
50 81,37 84,50 86,21 86,74 86,68 86,94 50,45 50,39 
60 81,81 85,15 86,77 86,45 87,17 86,91 86,80 50,30 
70 82,18 85,84 86,36 86,64 86,48 50,33 86,25 50,45 
80 82,14 85,19 86,47 86,55 87,09 86,97 87,02 50,36 
90 81,78 85,86 86,57 87,65 87,75 87,50 86,65 86,74 

100 81,86 85,64 86,88 87,23 87,81 87,79 87,76 50,45 

TABLE III.  EXPERIMENT RESULTS OF SWISH ACTIVATION FUNCTION 

Number of Neurons in 
Hidden Layers 

Swish Activation Function 
Number of Hidden Layers 

1 2 3 4 5 6 7 8 
10 81,96 82,20 82,79 83,05 84,53 83,48 84,16 50,32 
20 81,77 83,47 83,66 85,09 85,30 85,57 85,44 85,41 
30 81,89 84,32 85,02 85,69 86,11 86,52 86,64 86,28 
40 81,80 84,35 85,44 85,43 86,56 86,36 86,88 86,38 
50 81,92 84,28 85,27 85,92 86,95 85,87 87,51 87,08 
60 81,91 84,33 85,72 86,43 87,19 85,86 87,40 87,86 
70 81,74 84,70 85,83 86,87 85,94 86,88 87,16 88,17 
80 81,56 84,78 85,81 86,54 86,22 87,24 87,07 87,44 
90 81,27 84,64 85,84 86,35 87,18 86,50 87,45 88,09 

100 81,77 84,84 86,13 86,79 86,74 87,27 87,13 87,36 
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