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As human error remains a primary cause of failures in increasingly complex systems, this study addresses the role 
of cognitive emotions—which reflect underlying cognitive states—in influencing human performance. To 
mitigate such errors, we propose a deep learning-based framework for the objective recognition of cognitive 
emotions from facial expressions. The approach involves three key steps: first, refining traditional emotion 
classification by introducing a taxonomy of cognitive emotions; second, extracting facial landmarks using a Dlib-
based model to capture emotion-relevant features; and third, training a Convolutional Neural Network (CNN) to 
classify cognitive emotional states. A case study demonstrates that the model can effectively identify cognitive 
emotions during task execution. By enabling real-time emotional monitoring and operator alerts, this work offers a 
practical pathway to enhance human reliability and reduce error rates in safety-critical environments. The findings 
underscore the potential of emotion-aware systems to support human performance in complex operational settings. 
 
Keywords: human error, cognitive emotion, emotion recognition, affective computing, facial expression, 
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1. Introduction 
In recent years, rapid advances in technology 
have steadily improved the reliability of 
equipment through better design, materials, and 
management practices. Meanwhile, as human-
machine interaction becomes increasingly close, 
human error is now a primary cause of industrial 
accidents(Philippart M 2022). According to an 
investigation by Made et al., human errors 
account for 90% of industrial accidents and 99% 
of unexpected losses, excluding natural 
disasters(M. Made and R.S. Taufik 2018). 

Bridges et al. further suggest that, with thorough 
investigation, premature equipment failures can 
also be attributed to human error(W. Bridges and 
R. Tew 2010). From a psychological viewpoint, 
humans act as key information-processing 
components within technological systems. 
Human error occurs when a person's mental 
activities or behaviors do not achieve the 
intended outcome, and this cannot be attributed 
to external factors(REASON J 1990). In short, 
human error refers to behavioral mistakes during 
task execution resulting from cognitive biases. 
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However, directly identifying human cognition 
is challenging. It is easier to measure cognitive 
emotions, which are closely related to cognition. 
Therefore, using computers to automatically 
recognize human emotional states, known as 
affective computing, has become a popular and 
influential research topic(R.W. Picard 2000). For 
example, Nayak et al. developed an emotion 
recognition human-computer interaction 
framework to assist users in emotion 
management(S. Nayak and B. Nagesh 2021); 
Massaccesi et al. analyzed the effects of drugs on 
emotions to detect mental disorders(C. 
Massaccesi and S. Korb 2022); Pantano 
employed facial expression recognition to assess 
consumer evaluation of retail services(E. 
Pantano 2020); Li et al. identified potential 
criminal intent based on facial expression 
recognition to prevent urban crime(Z. Li and T. 
Zhang 2021). 
Among the various types of data used in 
affective computing, facial expression is the 
most widely applied visual data. Firstly, studies 
have shown that facial expressions are key to 
human emotional expression and contain richer 
information compared to audio or text data(J.L. 
Tracy and D. Randles 2015). Secondly, 
compared to physiological signals, the process of 
collecting visual data has a smaller impact on 
task execution(M. Saneiro and O.C. Santos 
2014). Thirdly, only a camera is needed to 
collect visual data for emotion recognition, 
resulting in low costs. In earlier reasearches, 
visual data have been proven capable of 
recognizing emotions with high accuracy(A. 
Alelaiwi 2019). Due to its advantages and ease 
of application, visual emotion recognition has 
been widely studied in fields such as healthcare 
and industrial production(T.S. Ashwin and 
R.M.R. Guddeti 2020). 
To measure human cognitive emotions through 
facial expressions, this paper proposes a 
computational approach comprising three steps: 
definition, extraction, and recognition. First, to 
classify human facial expressions more 
accurately in tasks, the concept of cognitive 
emotion is introduced, and the widely adopted 
basic emotion classification method is adapted 
into a cognitive emotion classification 
framework. Second, in the cognitive emotion 
feature extraction stage, a Haar face classifier is 
employed to extract facial regions from database 

images, and a facial landmark localization model 
based on the Dlib library is used to calibrate 
cognitive emotion-related feature points. Third, 
the cognitive emotion recognition stage employs 
a Convolutional Neural Network (CNN) to 
perform supervised learning on the processed 
facial images, identify distinctive features, and 
accomplish classification. This paper is 
structured as follows. The Methodology section 
elaborates on the methods for defining, 
extracting, and recognizing cognitive emotions. 
In the Case Study section, CNN-based cognitive 
emotion recognition is implemented to validate 
the effectiveness of the proposed cognitive 
emotion computing method. Finally, the research 
findings are summarized in the Conclusion. 

2. Methodology 
2.1. Definition and classification of emotions 
The definition and classification of emotions is 
the basis of emotion computation, which lays the 
foundation for subsequent research on emotion 
feature extraction and emotion state recognition. It 
is important to define and classify emotions 
accurately before performing emotion 
computation, otherwise accurate emotion 
computation cannot be accomplished. 
2.1.1. Basic emotions 
Many scholars have conducted researches on the 
classification of emotions and have summarized 
a series of conclusions until now. Table 1 
summarizes the results of some scholars' 
research(Ortony A and Turner T J 1990). 

Table 1. Research on the definition and 
classification of emotions 
Reference Basic Emotions 

Ekman Anger, disgust, fear, joy, 
sadness, surprise 

Gray Rage, terror, anxiety, joy 
Panksepp Expectancy, fear, rage, panic 

Plutchik 
Acceptance, anger, anticipation, 
disgust, joy, fear, sadness, 
surprise 

Mc Dougall 
Anger, disgust, elation, fear, 
subjection, tender-emotion, 
wonder 

Arnold 
Anger, aversion, courage, 
dejection, desire, despair, fear, 
hate, hope, love, sadness 

Among these studies, Ekman's emotion 
classification method, which is least influenced 
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by factors such as culture and gender, has been 
widely accepted and has the greatest influence in 
academic circles. The method classifies human 
emotions into six basic emotions, including 
anger, disgust, fear, joy, sadness and 
surprise(Ekman P. 1971), as shown in Fig. 1. 

Anger Disgust Fear

Joy Sadness Surprise  
Fig. 1. Ekman's emotion classification method 

The common emotion states in daily life can 
mostly be expressed by the six basic emotions. 
However, for some specific task processes, the 
six basic emotions cannot accurately classify 
human emotions. Therefore, further researches 
are needed for the definition and classification of 
emotions. 
2.1.2. Cognitive emotions 
Modern emotional psychology believes that 
cognition and emotion are two important aspects 
of human psychological activities, which are 
closely related. In the research of the relationship 
between human cognition and emotion, 
researchers found that the six basic emotions 
proposed by Ekman have less influence on 
human cognitive processes(Graesser A and 
D’mello S 2007). For example, when a person is 
in a cognitive process, especially when using a 
computer teaching system, fear and sadness 
emotions hardly appear persistently. At the same 
time, through numerous researches, 
psychologists found that it is not the common six 
basic emotions that influence human cognitive 
processes and task processes, but other emotions 
such as: boredom(Czisikszentmihalyi M 1990, 
Miserandino M 1996), confusion(Craig S and 
Graesser A 2004, Kort B and Reilly R 2001), 
joy(Fredrickson B L and Branigan C 2005, 
Silvia P J and Abele A E 2002), frustration(Kort 
B and Reilly R 2001, Patrick B C and Skinner E 
A 1993), concentration(Czisikszentmihalyi M 
1990), and surprise(Schützwohl A and Borgstedt 
K 2005). The definition of these emotions show 
that these are emotions that are strongly 
associated with cognitive processes. Therefore, 
these emotions that are closely related to human 

cognition are defined as cognitive 
emotion(Baker R S and D'mello S K 2010, 
D'mello S and Graesser A 2011). 
Mcdaniel(Mcdaniel B and D'mello S 2007) and 
Rodrigo(Rodrigo M M T and Rebolledo-Mendez 
G 2008) conducted experiments on cognitive 
emotions, and the results showed that the main 
cognitive emotions which occur most frequently 
and for most time are: frustration, boredom, 
confusion, and delight, as shown in Fig. 2. After 
that, Baker(Baker R S and D'mello S K 2010) 
conducted another experiment on the four 
cognitive emotions above, in which the 
participants were asked to watch a video 
introducing the task and then complete a series 
of simple tasks. The emotion changes of the 
participants were collected and counted during 
the whole experiment. The statistical results 
showed that the proportion of participants who 
showed emotions as four cognitive emotions 
throughout the experiment was about 90%, while 
less than 10% of the six basic emotions appeared. 

Frustration Boredom Confusion Delight
Fig. 2. Four cognitive emotions 

Therefore, this paper will focus on the four 
cognitive emotions mentioned above that appear 
frequently during the experiment and can deeply 
influence human cognition. Subsequent 
recognition of cognitive emotion states will 
classify facial expressions into these four types 
to provide objective measures of cognitive 
emotions during the task and to analyze human 
reliability. 
2.2. Recognition of cognitive emotions 
In recent years, cognitive emotion classifiers are 
developed in order to objectively identify human 
cognitive emotions. Since facial expressions play 
a decisive role in human emotion expressions, 
cognitive emotion classifiers mainly obtain 
results by analyzing human facial expressions. 
These classifiers have a variety of applications, 
such as assisting in micro-expression researches, 
monitoring the emotions of task workers in real 
time, helping doctors to determine the mental 
status of patients. Deep learning is a commonly 
used method for the development of cognitive 
emotion classifiers. 
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2.2.1. Advantages of CNN in image processing 
There are several types of layers in the neural 
network, and different types of layers can be 
used to process different types of data. For 
example, Dense layers are usually used to 
process vector data; LSTM layers are usually 
used to process sequence data; and Conv2D 
layers are usually used to process image data. 
This is determined by the characteristics of the 
different types of layers. 
Convolutional neural network (CNN) is the 
neural network with mainly convolutional layers. 
CNN runs with its convolutional kernels 
translating sequentially over the image, which 
means that the convolutional layers learn the 
characteristics of the partial image  It makes 
CNN has the following two important 
characteristics: 

� CNN' s learning is translation invariant. A 
feature learned at one location in an image 
can be recognized at another location. 
Therefore, CNN can have high efficiency in 
processing image data, which not only 
shortens the learning time, but also reduces 
the number of samples needed for learning. 

� CNN's learning is spatially hierarchical. For 
multiple consecutive convolutional layers, 
the first layer learns smaller partial features 
such as edges, and each subsequent layer 
learns features that are combined from the 
characteristics learned in the previous layer. 
It means that when there are enough 
convolutional layers in the CNN, it can 
effectively learn extremely complex image 
data. 

The above two characteristics make CNN has 
obvious advantages over other types of layers in 
the image processing field. Therefore, this paper 
uses CNN for deep learning of human face 
images to learn the pattern between human facial 
expressions and expressed emotions, and achieve 
an objective measure of human cognitive 
emotions. 
2.2.2. Construction of CNN model 
The CNN model is constructed by first building 
a linear stacking model Sequential, then adding 
input layers to the model, the input layer is a 
convolutional layer, setting the number of 
neurons, the size of the convolutional kernel, 
defining the activation function, and setting the 
input shape of the input image. 

After that, hidden layer, which is created by 
Conv2D, MaxPooling2D, Dense and other 
neural network layers, is added to the model, and 
the hyperparameters of each layer are set. 
Dropout layer is added at the same time, so that 
some neurons are randomly abandoned in the 
neural network during each training process to 
avoid over fitting. 
Finally, output layer is added to the model, and 
the number of neurons in the output layer should 
be the same as the classification dimension. 
After construction, the model is trained using the 
back propagation algorithm. Specifically, use 
compile function to set the loss function, 
optimizer and metrics, and then set the training 
data parameters, training period epochs and 
batch size. 
2.3. Face image processing method 
2.3.1. Facial emotion feature points calibration 
Extracting facial expression information from 
images and then conducting cognitive emotion 
recognition requires locating the emotion feature 
points in the target images. Emotion feature 
points are defined as a series of specific points 
that can be recognized by computers and used to 
distinguish different regions of face images. 
Emotion feature points are mainly distributed 
around eyebrows, eyes, nose and mouth, etc. 
This paper uses the face emotion feature point 
calibration model based on dlib database, namely 
"shape_predictor_68_face_landmarks", which is 
used to calibrate 68 emotion feature points, 
including 17 face contour feature points, 10 
eyebrow feature points, 12 eye feature points, 9 
nose feature points and 20 mouth feature points, 
as shown in Fig. 3. 

 
Fig. 3. 68 facial emotional feature points 

2.3.2. Facial emotion feature point extraction 
The facial emotion feature point extraction 
method is used to further reduce the complexity 
of image information. The coordinates of 68 
emotion feature points are obtained from the 
output of emotion feature point calibration 
model, and a zero matrix of appropriate size is 
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created, each point and the surrounding 3*3 
pixel points are assigned 255, and then the 
matrix is transformed into gray scale image. The 
result after treatment is that except the 68 
emotion feature points are pure white, the rest of 
the image is pure black, Then the points are 
connected according to the arrangement pattern, 
and the image containing only emotion feature 
points information can be obtained. 

3. Case Study 
3.1. Get training samples from databases 
This paper uses the public databases Belfast 
Natural Induced Emotion Database and MMI 
Facial Expression Database, which contain 
several video files, each with various expressions 
shown by the participants, including the four 
defined cognitive emotions. In order to obtain 
face images that will be used as samples for deep 
learning, the videos in the database need to be 
saved by taking one frame every 0.2s, and the 
result is shown in Fig. 4. 

 
Fig. 4. Face images saved by frame 

In the saved face images, there are large areas 
that are not relevant to face expression 
recognition. In order to reduce the scope and 
difficulty in the recognition, it is necessary to 
find the region of face in the image, and then 
only focus on this region in the deep learning. In 
the face detection field, the Haar face classifier is 
the most commonly used classifier. 
The Haar classifier can output the region of the 
image where the face is located by inputting an 
image containing a face, and the output shape is 
set to a fixed 192*192 to ensure that the shape of 
the image remains consistent. During this 
process, incomplete faces and incorrect angles 
may cause the Haar classifier to fail to recognize 
faces. The face region is cropped out of the 
image and saved separately so that only the 
region can be processed in subsequent operations, 
as shown in Fig. 5a. and Fig. 5b. 

After the image with only faces is obtained, it 
can be processed according to the method in 
section Ⅱ. Input the image into the emotion 
feature point calibration model, and the 
coordinates of the 68 points are obtained after 
calculation, so that the emotion feature points 
can be calibrated on the image, as shown in Fig. 
5c. The face image after calibrating emotion 
feature points still has some redundant 
information, if it is directly used as a sample for 
deep learning, it not only increases the 
calculation complexity but also adds unnecessary 
interference, so extract the emotion feature 
points separately and connect them, where the 
size of zero matrix is set to 200*200, and the 
image containing only emotion feature points is 
obtained, as shown in Fig. 5d. and Fig. 5e. Now 
the image can be used as the training sample for 
deep learning, which not only retains most 
features of the face image but also omits a large 
amount of irrelevant information. It can greatly 
improve the accuracy and efficiency of deep 
learning. 
After getting the training samples, all the 
samples need to be classified. Combining with 
the cognitive emotion classification method 
proposed in this paper and the actual situation, it 
is necessary to define an expressionless state 
beyond the four cognitive emotions, named 
Neutral. The emotions of the samples were 
manually classified and labeled, and the samples 
were classified into five categories, including: 
neutral, frustration, boredom, delight, confusion. 

 
Fig. 5. Calibration and extraction of emotion feature 
points 
3.2. Deep learning based cognitive emotion 
recognition 
The deep learning in this paper classifies the 
samples according to the emotion type, so this is 
a supervised learning. Supervised learning is a 
kind of machine learning using samples of 
defined labels. Specifically, for the samples, the 
relationship between data and labels is learned 
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based on the training samples, the 
hyperparameters in the neural network are 
adjusted based on the validation samples, which 
can improve the neural network model's 
adaptability and prevent from overfitting, and the 
generalization ability is judged based on the 
fitting degree of test samples. After processing 
and classifying the face images in the database, a 
total of 609 valid samples were obtained, of 
which the amount and ratio of each cognitive 
emotion are shown in the Table 2.  

Table 2. Amount and Ratio of emotions in the 
sample set 

Emotion Type Amount Ratio 

Neutral 193 31.69% 

Frustration 54 8.87% 

Boredom 33 5.42% 

Delight 172 28.24% 

Confusion 157 25.78% 

Total 609 100% 
In order to achieve a better learning result, all the 
samples should be cut into three parts: training 
samples, validation samples and test samples in 
the ratio of 7:2:1 at the beginning of training. 
The amount and ratio of the three samples are 
shown in Table 3. 

Table 3. Amount and Ratio of Training & 
Validation & Test sets 

Set Type Amount Ratio 

Training Set 429 70.44% 

Validation Set 120 19.70% 

Test Set 60 9.85% 

Total 609 100% 
After the samples are processed, the next step is 
to construct the cognitive emotion recognition 
model based on CNN. For the input layer, the 
activation function is set as "relu", and the input 
data is the emotion feature point image, whose 
input shape is (200, 200, 1). For the hidden layer, 
set the ratio of abandoning neurons in the 
dropout layer in each training iteration to 0.1. 
For the output layer, because the number of 

neurons should be the same as the classification 
dimension, this paper sets it to 5 according to the 
emotion classification labels, and the activation 
function selects "softmax" which is often used in 
multi-classification problems. 
The structural information of the completed 
cognitive emotion recognition model is shown in 
Fig. 6a., and the accuracy and loss of the training 
process are shown in Fig. 6b. It can be observed 
that the accuracy of the training and validation 
samples of this CNN model during the training 
process tends to increase, and the loss tends to 
decrease. It has a good training effect without 
overfitting. Therefore, the test set can be used to 
test it and analyze the accuracy. 

Fig. 6. Model structure & Learning accuracy and loss 
3.3. Result analysis of CNN-based cognitive 
emotion recognition model 
The test samples are unknown samples that have 
not been trained by the neural network, based on 
which the classification and generalization 
ability of the network model can be analyzed. 
Considering the prediction randomness of CNN, 
the average value of the accuracy is calculated to 
reduce the effect of the randomness of the model 
after making several predictions on the test 
samples. 
For the above CNN model, use the test set for 50 
rounds of prediction, and count the prediction 
and label of each sample in each round. If they 
are the same, it indicates that the prediction of 
the sample is correct. Record the amount of 
prediction-label of each round, as shown in the 
Table 4.  

Table 4. The amount of prediction-label of each round 
Label 

Prediction Neutral Frustration Boredom Delight Confusion Total 

Neutral 18.8 0.02 0 0.12 0.5 19.44 
Frustration 0 5.16 0 0 0.02 5.18 
Boredom 0 0.04 2.88 0.02 0.26 3.2 
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Delight 0.02 0.02 0 17.08 0 17.12 
Confusion 0.02 0.08 0.08 0.04 14.84 15.06 
Total 18.84 5.32 2.96 17.26 15.62 60 

It can be seen from the above table: 

� The average prediction accuracy of each test 
set can be obtained by adding the five 
diagonal values. The value is 58.76, so the 
average prediction accuracy is 97.93%. For 
each emotion, the average prediction 
accuracy is 99.79%, 96.99%, 97.30%, 98.96% 
and 95.01%. The accuracy is satisfying and 
there is no obviously special individual. 

� In each group of 60 test samples, the 
average amount of five cognitive emotions 
is 18.84, 5.32, 2.96, 17.26 and 15.62, while 
the theoretical amount obtained by 
multiplying the total amount of samples by 
the ratio of each emotion is 19.01, 5.32, 3.25, 
16.95 and 15.47. Comparing the two groups 
of data, it is found that the maximum 
absolute difference is delight, which is 0.31. 
The largest relative difference is boredom, 
which is 8.92%, but the reason for this is 
that the amount of boredom samples is too 
small. Generally speaking, the gap between 
the two groups of data is small, which 
means that the selection of test samples 
basically meets the random requirements. 

In conclusion, the classification effect of the 
model on the test set is satisfying, which proves 
that the cognitive emotion computing method 
proposed in this paper can accurately judge 
human cognitive emotion, and provides a 
feasible method to reduce human error and 
improve human reliability through cognitive 
emotion monitoring. 

4. Conclusion 
The traditional basic emotion classification 
method cannot well classify the emotion state of 
human in the task. Therefore, this paper proposes 
the concept of cognitive emotion and analyzes its 
classification method. In addition, this paper also 
builds a cognitive emotion recognition model 
based on CNN, and verifies the model by using 
databases. However, there are still some 
problems. Firstly, almost all the participants in 
the database are white man, but the differences 
in facial expressions of different races have an 
important influence on the classification results, 

which leads to the low generalization of the 
model. In the subsequent process of optimizing 
the database, a large number of facial expression 
data of other races should be added. Secondly, 
the research object of this paper only stays at the 
level of static facial expression, but it can also 
analyze human cognition from more angles, such 
as voice, posture, EEG and so on. In the further 
research, it can consider from these angles. 
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