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H I G H L I G H T S  
 

A B S T R A C T  

 Automatic Pain Recognition (APR) reduces 

patient overcrowding in healthcare facilities. 

Especially during the time of epidemics, 

such as covid-19.  

 If the APR is not accepted by the physicians 

and the rest of the medical staff then this 

system will not give any chance to develop 

and obtain experimental results in real life.  

 Facial expression presented higher 

acceptability than other indicators of 

standing alone as an input signal for the 

automatic pain recognition system. 

 More efforts must be made to collect the 

data and make it available. 

 Pain is considered as an emotional experience and a restless feeling associated 

with tissue damage. When the interpretation begins in the brain, the sensation of 

pain occurs; a signal transmitted to the brain through the nerve fiber. Pain helps 

the body to stop further damage to the tissues. Since there are numerous ways to 

convey and feel pain, the perception of pain is special to all. Technology that 

promotes pain assessment is an urgent need to reduce restless feelings and 

suffering. This paper aims to demonstrate the issues and challenges facing the 

patient’s pain assessment based on facial expression. The design and 

implementation of an automatic pain recognition system and explain the various 

concepts relevant to it, such as the type of modalities, the procedure of collection 

and processing data sequentially to reach the classifier. Then presenting 

clarification for various signals as input data (facial expressions, body 

movement, and vocalization). This survey would positively help researchers to 

supplement their efforts towards the expansion of patients' pain assessment based 

on facial expression. 
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1. Introduction 

Pain is an unavoidable experience that a person must go through at some stage of his/her life. The most broadly agreeable 

definition of pain refers to an unpleasant sensory and emotional experience associated with actual or potential tissue damage or 

described in terms of such damage [1]. Recently, extensive research has been conducting to realize the concept of pain, which 

is a uniquely individual experience, a mental event [2]. In general, the pain is either acute or chronic. Acute pain is a type of 

pain that usually lasts less than 3 to 6 months or pain that directly related to soft tissue damage, such as sprained ankles or 

paper cuts [3]. It is short-lived, gradually resolves as the wounded tissue heals. Acute pain is distinct from chronic pain and is 

relatively sharper and more severe. 
     Chronic pain is a kind of pain that lasts more than three months. This pain may gradually worsen and recur intermittently, 

surpassing the usual healing process. After wounded tissue, regeneration of pain expected to stop once the underlying issue is 

treating. However, chronic pain may remain of no evident biological cause after healing injuries. In addition, it can cause 

considerable psychological and emotional distress, often limiting the ability of the individual to function fully. Uncontrolled 

pain leads to various problems and in many aspects of life, not only in personal health [4]. However, it also affects the social 

life [26] and the economies of a country because of the costs of treatment and continuous checks in addition to the rest periods 

needed by people who are suffering from pain [5]. 
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 Permanent pain syndrome is a highly expected result of untreated pain [6]. Oftentimes associated with impaired 

immunity, reduced mobility, sleep disturbances, decreased concentration, and anorexia. Furthermore, many issues and risks to 

a patient's life, it is may be caused by incorrect treatment. Moreover, misdiagnosis and heavy use of analgesics affect patients' 

lives. The number of opioid overdoses has increased in recent years in several countries, in part due to increased use of opioids 

in the management of chronic pain. Between 2010 and 2018, the number of people dying from opioid overdose increased by 

120% in the United States of America (USA), with synthetic opioids accounting for two-thirds of all opioid-related overdose 

deaths [7]. Despite technological capabilities, the possibility of dealing with pain is poorly done [4,5]. 

This generally affects patients who have difficulty communicating verbally, as well as adults with cognitive impairment, 

such as those who have a score of 18 or higher on the Mini Mental Status Examination (MMSE) [49], which indicates 

moderate to severe dementia [8].Patients who cannot explain their pain experience such infants, toddlers and children, 

unconscious patients [9]. Based on what mention above, the need to develop an automatic pain recognition system becomes 

urgent and one day will be the best complement for the current clinical assessment tools [10]. To get better pain assessment 

and accurate treatment by monitoring pain continuously, it may be more sensitive to trivial changes than basic human 

observation [11]. In recent decades, automatic pain recognition has led to a huge revolution in research subjects of significant 

utility. This aspect of medical sciences witnesses a great development based on human machine interaction. 

Researchers are constantly striving for the most promising results from automatic pain recognition, viewing it as a 

convenient method for assessing pain in patients with dementia, brain injuries, younger children, and infants who are unable to 

communicate their pain or have lost their ability of verbally explain their pain. Like shy patients or old people who think, that 

pain is an inevitable thing when they get old, so they do not disclose their pain. Moreover, automatic pain assessment provides 

continuous monitoring for patients so it will not miss any pain indicator, especially this rapid movement that cannot captured 

by a human observer [12] 

APR will contribute to reducing the overcrowding of patients in medical care centers, especially the elderly who are 

vulnerable to infection with other diseases. Especially through epidemics, like covid-19 via giving the priority of diagnosis for 

urgent cases. It will not be a replacement for medical staff, as many belief; rather, APR will play the primary role of assisting 

medical personnel and relieving pressure on them by developing a new method of providing medical diagnosis aligned with 

unexpected situations, particularly in this case, which requires significant effort and time from them. Automatic pain 

recognition will contribute to minimizing the usage of analgesics by using them only with signs related to pain. This review as 

shown in Figure (1) will provide general clarification on the planning of an automatic pain recognition system. Section (2) 

describes a single model signal, while Section (3) clarifies a multi-modal signal. Then, in sections 4 and 5, it mentions clinical 

assessment tools and datasets. After all, of this, will clarify the general structure of the automatic pain recognition system and 

dig deep into each detail. Then will discuss the most important challenges and issues faced by the automatic pain recognition 

system. 

There are many types of signs used as pain indicators by an automatic pain recognition system, such as Electrocardiogram 

(ECG), Blood Volume Pulse (BVP), and Skin Conductance Level (SCL) which were used by Yaqi, et al. [22], their dataset 

was collected from (six-subjects for 7-days. When an APR system uses one of these vital signals, it referred to as a single 

model; when it uses more than one signal, it referred to as a multi-model. 

By using behavioral signals such as the work by Lopez, et al. [72], using facial expression as a valid indicator of a patient's 

level of suffering and proposed Radon Barcodes (RBC) for feature extraction from infants' facial expressions based on the 

COPE dataset. 

Mansor and Rajab [73], proposed a robust system for detecting the signs of pain from infants' faces based on continuous 

monitoring, Zamzami, et al. [75] proposed pre-training CNNs to extract deep features of pain expressions and working on a 

dataset of (31indivdual, 3026 images). 

In 2018, 2019 [76,77] Adopted facial expression as pain indicator of Traumatic Brain Injured (TBI) patients with UNBC-

McMaster dataset. Malara, et al.  [85] adaptive body movement in elderly patients with dementia as a pain indicator. 

Furthermore, research on vocalization as a pain indicator has been conducted, such as the work of Kurth, et al. [87], or 

Lautenbacher, et al. [88] with work titled Phonetic characteristics of vocalizations during pain. Most of these works will 

discussed in detail in different sections below. 

 

Figure 1: Automatic Pain Recognition planner 

2. Single-Model 

Singular pain-recognition structures may described as systems that use a single type of measure to identify the degree of 

suffering. These measures include physiological and behavioral.  
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2.1    Physiological Signal 

  Physiological signals are among the most critical factors used to identify the degree of suffering from the body's 

physiological state. It involves important vital signs (ECG, SCL, EMG, EEG, BVP, EDA, Heart Rate, Oxygen Saturation, 

Pupil Size (Left and Right), Respiration Rate, Skin Temperature, and Urine-Color). Table (1) shows the physiological signal as 

an indicator of pain. 

Yaqi Chu, Xingang Zhao et al. [22], implemented a new method for pain intensity recognition based on multiple 

physiological signals such as Electrocardiogram (ECG), Blood Volume Pulse (BVP), and Skin Conductance Level (SCL), 

caused by the external electrical stimulus as shown in Figure (2). Dataset of their work was collected from (six-subjects for 7-

days). 75% of specimens implemented as a training set and the rest as a testing set. They used GA (genetic algorithm) as 

feature extraction and Principal Component Analysis (PCA) as feature reduction. Finally, they used LDA (linear discriminant 

analysis) as a classifier and then compared its performance with KNN and SVM as shown in Figure (3). The result of pain 

intensity accuracy with (84.28%) LDA, (83.94%) KNN, and (96.47%) SVM. This proposed system expected to implemented 

as a daily-use wearable device. 

Table 1: Some of physiological signal as indicator of pain 

Physiological 

signal 

Pain indicator References  

Skin 

conductance 

(SC) 

It altered with the experience of pain. Increased sympathetic outflow pain-related allows 

sweat to be transferred through pores on the human skin, as sympathetic excitatory 

efferent neurons are the only ones that innervate sweat glands. Sweat changes the 

electrical properties of the skin, resulting in a raise in electrical conductivity even sweat 

absorbed by the body or allowed to evaporate. 

[11,13,14] 

Blood pressure 
Changes in characteristic of skin conductance due to pain, within increase of heart rate 

caused irregular blood pressure in resting time 

[15] 

 

Heart rate (HR) 

Sympathetic stimulation main reasons to major cardiovascular variations, which actually 

effect the heartbeat and cause tachycardia, variance in the heart rate and automatic pulse 

rate regulatory index, especially pain. Extra pain rises systemic vascular resistance and 

volume of stroke also, pain greatly raising low-frequency power, which is calculated by 

spectral power analysis. 

[16,17] 

Pupil diameter Pupil diameter affected by the pain duo to the dilation of the pupil [18,19] 

Brain activity 

Pain affects the metabolic and electrical actions of the brain cortical area EEG 

determines the electrical action changes in the brain. fMRI and fNIRS both used to 

detect a hemodynamic change in the brain. 

[20,21] 

 

 

 

 

 

 

 

 

 

 

Figure 2:  (A) Collecting data of pain. Posture of sensors and electrical stimulation: (1) BVP-Flex/Pro sensor, (2) 

EKG-Flex/Pro sensor, (3) SC-Flex/Pro sensor, and (4) Electrical stimulation. (B) Pain induction 

protocol. The stimulus levels are represented by current intensity L1 to L3. The features are extracted 

from the green window of length 30 s 
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Figure 3: Structure of the pain intensity recognition system 

 

Figure 4: Facial expression related with pain 

2.2 Behavioral Signal 

Any procedure that causes a change in the behavior and attitude of the organism due to stimulation of pain. Pain sensations 

affect nociceptive excitation; external pain receptors include neurons that are responsive to painful mechanical stimuli, extreme 

temperature, and chemical stimuli [23]. It includes facial expressions, vocalizations, body movements, changes in interpersonal 

interactions, mental status change, and changes in activity patterns [24]. As shown below in Table (2), some behavioral factors 

as pain indicators 

Table 2: Behavioral factors as pain indicator 

Behavioral 

signals  

              Pain Indicator References  

Facial 

Expression 

According to recent research, the patient's face is a mirror for her/his inner suffering; 

a large number of studies indicate pain from the sequence of acts involving facial 

muscle units (AUs) based on FACS. Fig [4] shows exemplary facial reactions 

through painful experiences. There is conclusive evidence that the expression of 

facial pain is specialized pain that is not only responsive but also distinguishable 

from other emotional expressions. 

[25,27,3

0] 

Body 

Movement 

Assessed as a reaction of any action that affects the body, especially pain like rigid, 

guarding, and tense, physical aggression, fidgeting, increased pacing/rocking, and 

mobility changes such as inactivity or motor restlessness. 

[24,31,4

0] 

Vocalization 

When we are in a bad situation, we shout for help as the same when babies feel in 

distress or pain, they would cry, so our voices in a different pattern (Moaning, crying, 

groaning, sighing, and gasping). Voice nature can noticed in verbal self-report. 

Vocalization signals are consider as a part of qualified scales PACSLACF, CPOT, 

LACC. 

[24,28,4

1,50] 

3. Multi-Model Signal 

In this approach of pain recognition aspect, researchers attempt to employ more than one physiological and behavioral 

signal. In [51] Recorded physiological responses (ECG, EMG of, corrugator and zygomaticus, SCL) video (facial expressions, 

facial skin temperature, and body gestures) and audio data as the results shown below in Table (3). Short-term (phasic) and 

longer-term (tonic) heat and electrical pain stimulations at different intensities were used on the 134 participants. 
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Table 3: Overview on the technical features of the recorded signals and pain stimulation. 

Technical Features 

Indicator   

Rate of 

sampling 

Characteristics  

Audio record (44100) Hertz Monophonic recording, (MP3/320) kbps 

Camera (frontal face 

view) 

(25) Hertz Resolution video color: 1384 x 1032, High efficiency video encoded 

with libx265 (Constant rate factor 16, preset medium) 

Camera (side face view) 
(25) Hertz Color Resolution of video: 1620 x 840, High efficiency video  

encoded with libx265 (Constant rate factor 16, preset medium) 

Thermic Camera 

(120.8) Hertz Video of Surface temperature : (grayscale MPEG-4-Advanced video 

coding  encoded with  libx264) resolution 120 x 160 (CRF 0,  preset 

very fast), encoded rate of temperature  26.5-52.0 °C (steps of 0.1) 

Body Camera 

(30) Hertz Color Resolution of video: 1500 x 600, High efficiency video 

encoded with libx265 (Constant rate factor 16, preset medium); 

Depth Resolution of video:  500 x 200, lossless encoding 

Skin conductance level 
(1000) Hertz Hardware filtered via BioPac: 10 Hz Low pass filter , no High pass 

filter , no band-stop (with narrow stopband)filter 

Electrocardiogram 
(1000 )Hertz Hardware filtered via BioPac: 35 Hz Low Pass filter, 0.5 Hz High 

Pass filter, 50 Hz band-stop with narrow stop band filter 

Electromyogram 

musculus. Trapezius 

(1000) Hertz Hardware filtered via BioPac: 500 Hz Low pass filter, 10 Hz High 

Pass filter, no band-stop (with narrow stopband) filter 

 

Automatic pain assessment based on physiological signals collected by sensors does not meet the desired solution for 

continuous monitoring. Due to 

1. Higher cost because it needs multiple sensors and a complete system to process data. 

2. Size and weight of sensor package 

3. Most wearable sensors directly connected to the processing device or power supply devices that increase their difficulty 

to use. 

4. Sensor accuracy 

5. High complexity microcontroller 

6. People, especially those with a bad temper or highly distressed state, refuse to use contact sensors or any uncomfortable 

device. 

7. Sensor systems are vulnerable to damage due to differences in the environment, wrong use, and lack of maintenance.  

4. Clinical Pain Assessment Tools 

Pain management is a clinical mission at the heart of palliation endeavors. The obstacle of this mission is to achieve 

successful relaxation with fewer side effects and to provide this service to all patients in need of these initiatives. Success in 

overcoming these challenges requires the definition of the seriousness of the situation, the description of pain syndromes, and 

the determination of the optimum designation of efficient treatment options, verification of obstacles to the development of 

efficient methods, verification of solutions to overcome these obstructions, and tracking of results for continual improvement 

[52]. Clinical assessing tools like self-report and observational scales [9] as shown below in Table (4) do this clinical mission. 

Table 4: Clinical assessment tools 

Self 
REPOR

T 

 Known as the gold standard for pain estimate, especially for those patients who can verbally communicate, there are 
some existing different intensity scales based on self-report. Verbal rating scale (VRS). The VRS is a five verbal 

categories scale that contains a list of attributes explaining varying degrees of pain severity (no pain, slight pain, 

modest pain, serious pain, and very severe pain). It also used to classify the severity of the ache and its features of high 
reliability and convergent validity [53]. Numerical rating scale (NRS).  

Kindly confirm the strength of existing, best, and worst pain intensity in the last 24hrs on a scale from zero, there is no 

pain to ten means worst pain ever [54]. Visual analog scale (VAS) put a vertical sign on the line from no pain to very 
severe pain to estimate how bad you feel your pain is [55,56].  

Faces pain scale (FPS) is used for an elderly patient with a six-face schematic rating pain indicator of (0-6) [57].  

 The wrong baker scale (WBS) similar to FPS but it used for children to help them to explain their pain rating scale 
from 0 (no hurt) to 10 (hurts worst) [55]. All these scales need a specific degree of cognition and ability to function, 

which is not always available. This is a crucial condition to make it assess patient pain intensity with accuracy  

Observati

onal 
SCALE     

 

Obtaining the self-report is an impossible mission. The clinician resorts to accreditation on observational scales. 

Various types of scales have been planning to use each group for special medical. 
Such as Infants and toddlers (NIPS, FLACC, CRIES, NFCS, N-PASS, and NCCPC-R) [55], [42]. In fragile group with 

advanced stage of dementia (PACSLAC, DOLOPLUS2, PAINAD) [29,32,33,36,39,44,58] and for a cognitive 

impaired [46,47]. For unconscious patients using observational scales such as (BPS, CPOT, and NVPS) 
[28,45,48,55,59]. A significant amount of previous knowledge and experience is necessary to adjust the accurately.   

Even if highly skilled medical staff can capture pain severity by observation so many times per day, such frequent 

observations are likely to neglect some important signs depending on the personality and behavior of patients. 
Furthermore, important periods of pain may skip or changes may be observing late by human observation. In contrast, 

the automatic system can evaluate suffering persistently and monitors even these flashing movements. 
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5. General Design of Automatic Pain Recognition System (APR) 

Automatic pain recognition system generally consist from multi-stage which is done the pain recognition in sequential 

process (input, processing and output) implemented in machine learning and computer vision technique. Firstly, the input stage 

describes data acquisition. Next, the system entered the processing phase to get feature-by-feature extraction and feature 

selection. Finally, the output stage that is responsible for choice of the type of classifier and getting the result and accuracy 

rate. All these stages described below and in Figure (5) clarified the general structure of the automatic pain recognition system.   

 

Figure 5: General design of automatic pain recognition 

5.1 Data Acquisition   

 The first stage in the automatic pain recognition system, deals with different types of signals such as physiological and 

behavioral as mentioned in (subsections 2.1, 2.2) to provide pain information to the computer. Data obtained by (digital 

cameras, smartphones, and microphones) from behavioral signs or contact sensors like (wristbands, caps, glasses, t-shirt, and 

rings) to deal with physical signs. On the other hand, using both in a multimodal system.   

5.2 Preprocessing 

 Preprocessing is an important stage in the automatic pain recognition technique because after getting pain information it 

may be not in standard form and affected by noise, occlusion, and various environmental circumstances. Therefore, the data 

must be standardized and enhanced before being extracted features. 

5.3 Feature Extraction  

 The most important stage in an automatic pain recognition system is feature extraction. It works like zooming in general 

feature space and collecting the most related features and building a new space with fewer dimensions, completely different 

from the original space. The efficiency of the automatic pain recognition system depends on the applied technique in this stage. 

5.4 Feature Selection  

When the input data is huge to be processed, here is the crucial role of this stage appear by evaluating a subgroup of the 

original features is called selecting a feature. The selected features hold the relevant information from the input data so that the 

optimal goals can accomplished by using this relevant information from the input instead of the full initial data and that leads 

to minimizing the training time, reducing dimensionality and overfitting. 

5.5 Classification  

 A classifier is the last stage in the APR system. When the pain-relevant features putting on the input of this stage, it will 

work on deciding existing pain or not. The most known classification (Binary, Multi-class, Multi-label, and Imbalanced) 

classification model and all types of (ML) algorithms can apply here, like (K-Nearest Neighbors, Support Vector Machine, 

Decision Trees, Logistic Regression, Naïve Bayes, and Random Forest). 

6. Behavioral Signal as Input Data for Automatic Pain Recognition 

As stated in (section 2.2), behavioral signals such as (Body movement, vocalization, and facial expression) could be used 

as the input data to an automatic pain recognition systems and extracting pain features from them in various painful situations , 

and ages from neonates to children, adults, and elderly patients. A brief conclusion about the validity of each of the behavioral 

signals as an indicator of pain provided at the end of this section in table (8).  Moreover, which one has a high level of 

reliability and acceptance in research of pain?  

6.1  Facial Expression 

Facial expression is an important sign of pain assessment (see section 2.2), particularly when the patient losing the ability 

to communicate their pain, in Figure (6), automatic pain recognition system (APR). When Facial Expressions (FE) as input 

data. Facial muscular action units (AUs) identified by the Facial Action Coding System (FACS) have been intensively 

investigated and are extremely reliable as a sensor for detection of facial movements which include relevant pain detection as 

shown below in table (6). Huge research has adopted FE as a pain assessment tool, facial expression as a valid indicator of a 
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patient's level of suffering, Lopez, et Al. [72] proposed Radon Barcodes (RBC) for feature extraction from infants' facial 

expressions based on the COPE dataset.  

 Then used the RBC descriptor with Support Vector Machine (SVM) for classification and getting a very promising result 

of accuracy rate of around 95%. Mansor and Rajab [73] proposed a robust system also for detecting the signs of pain from 

infants' faces based on continuous monitoring and tested it under different lighting conditions to guarantee the enduringness of 

the system. They adopted the Multi-Scale Retinex (MSR) algorithm for extracting lightning invariant facial attributes [74]. 

Then LBP adopted as feature extraction. Finally, they tested their work with two classifiers (Gaussian and nearest mean) on the 

COPE dataset and got a very promising accuracy of 90%. Zamzam, et al. [75] proposed pre-training CNNs to extract deep 

features of pain expressions from infants face dataset (31indivdual, 3026 images) all CNNs (VGG-F, VGG-M, VGG-S, and 

VGG-face) executed in MATLAB (MatConvNet). They found that the accuracy of mixing features from both handcraft and 

deep features got better results, around 93% and 0.948 AUC. That means transfer learning faster and functional choice than 

training CNN.  

 Pain behavior patterns in TBI patients with different levels of awareness are uncharacteristic. As well, changes in face 

movements can indeed be beneficial in assessing pain in these patients [76, 77] Adopted facial expression as pain indicator of 

Traumatic Brain Injured (TBI) patients by using viola and jones (VJ) method for face detection and then fed to CNN-LSTM 

system. Roy, et al. [57] implemented the variety of facial expressions to provide useful information about the severity of 

patient pain. It offers an effective window for service users who cannot explain their pain levels. By using Gabor filter and 

Principal Component Analysis (PCA) for feature extraction based on UNBC-McMaster dataset, with two methodologies of 

classification frame level with an accuracy of 87% and image level with an accuracy of 95%. Table 5 shows the pain 

expressions across the lifespan. 

 

Figure 6: Facial expression as input data for Automatic pain recognition system 

Table 5: Pain expression across the lifespan  

Lifespan Facial Expression Action Unit References 

Neonate 

Brow bulge 

Eye squeeze 

Nasolabial furrow, vertical mouth stretch 

Lip corner puller  

Chin quiver 

[81,83,

84] 

Elderly 

cheek raise, Lids tighten   (AU 7, AU 6) 

lip raiser, Nose wrinkle (AU 10, AU 9) 

Lip corner pull (AU12) 

[79, 80] 

child 

Brow lower 

Eye squeeze, squint, cheek raiser(AU 6) 

Nose wrinkle(AU 9), nasolabial  furrow, upper lip raiser(AU 10) 

Horizontal mouth stretch 

Vertical mouth stretch 

Flared nostril 

[35,38,

79, 80] 

Adult 

Brow lower (AU 4) 

cheek raise, Lids tighten  (AU 7, AU 6) 

upper lip raiser, Nose wrinkle,  (AU 10, AU 9) Eyes close (AU 43) 

Lip corner pull (AU 12). 

Horizontal mouth stretch  (AU 20) 

[78- 80] 

6.2 Body Movement 

According to this evidence, it may be hard to differentiate neurological disorders from painful symptoms in dementia. 

Supplemental information was required for authenticating an item. They express their pain in different patterns, such as 
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demonstrated that persons with dementia and restlessness had significantly greater pain levels than those without restlessness 

[37,85]. As expert nurses and caregiver opinion, somebody's movements can be an expression of pain [31]. Table (6) explained 

some body movements and rate of being as evidence of pain.  

6.3 Vocalization 

Vocalizations are classified as verbal, non-verbal utterances, and breathing. Based on The definition of the American 

Geriatric Society (AGS) for vocalization is out as a common pain behavior. In the automatic pain recognition system, 

vocalization considered as an input signal, which contains the following features: moaning, sighing, grunting, groaning, calling 

out, chanting, asking for help, noisy breathing, and being verbally abusive. Interestingly, the AGS does not characterize crying 

as verbal communication, but as a mental state modification [86]. Although the researchers had contrasted opinions about 

depended vocalization stand-alone as a pain indicator, nonetheless, it used to demonstrate the presence of pain whether in 

people with cognitive impairment, children, and so on [87,88,89]. The study on verbalization demonstrated 48.3% of all 

children of 4 to 6 years old trying to use verbalizations to communicate about their pain, while the rest 51.7% did not. More 

often, older children use verbalizations as pain signs. Researchers suggested that it could related to social factors [90]. 

Vocalization is also associated with pain in elderly people more often, such as moaning and verbal complaints. There are 

different patterns of vocalization (see section 2.2) associated with a different type of pain and even with the intensity of pain. 

Nonetheless, vocalization does not have a common use like facial expression. Below in table (7) discussion about Reliability 

and Acceptance of behavioral signals as an indicator of pain:  

 

Table 6: Summary for body movement as pain indicator with different rate of evidence 

Body movement as signs of pain Evidence  

Walk disturbance; hobble, weakened gait, stumbling,  

Tremors; shaking, quivering  

Repeated movements; moving back and forth, tossing and turning, flailing/flapping arms, hand 

movements, rocking 

Weak  

Decline mobility/activity; moving slowly, stopping, freezing, reluctant or refusing to move, lying 

down, withdrawal 

Reinforcement; act of strengthening like use object for supporting activity  

Flinching Pacing; attempt to leave/get to another place, reduced or raised wandering 

Poor posturing; curling up, going into foetal position, position/weight shift, awkward 

sitting/standing/lying, dislocated limbs, contract body, stoop 

Moderate  

Rubbing; holding or clutching body part, massages sore area, tactility 

Restlessness; fidgeting, agitation 

Harshness; restricted mobility, stiffness, clenched hands or fists  

Physical offensive; fighting, combativeness, scratching, thrashing, grabbing, hitting, pushing, 

kicking, throwing things  

Guarding; resisting care, reluctant to be touched, pulling away, protecting body/sore area, not 

allowing people near or to be touched  

Strong  

 

Table 7: Validity of behavioral signals as an indicator of pain: Reliability and Acceptance  

Behavioral Signals 

 

 

 

 

 

Reliability and Acceptance 

Facial 

Expression 

According to the results of this survey, the results ranged from high reliability and accuracy to 

behavioral change in facial expression and relying on it as a promising tool for pain assessment 

when compared to behavioral changes such as body movement and vocalization, which faced 

numerous challenges. like neonate behaviors that refer to pain, children who are shy to translate 

pain as body movement or vocalization due to social factors, and elderly people with a special 

disorder which prevents them from interpreting their pain in body movement, or those who 

consider pain as a normal sign of getting old, so they stopped complaining about their pain. 

Body 

Movement 

Based on the 13 categories of body movements in pain research, just five with strong evidence of 

pain about (38%). Also, all this research depends on studying this behavior in special situations 

such as treatment or diagnosis time and daily activities such as standing, sitting and walking in 

the place, using a painful treatment procedure to validate behavioral indicators of pain. No 

studies provide evidence on body movement as an indicator of pain at rest or special times when 

patients cannot move. The body movement response flinching, on the other hand, may be more 

common in acute and localized pain and less common in long-term and generalized pain. 

Furthermore, the study on dementia patients found it difficult to differentiate between normal 

dementia behavior and behavior that may be due to pain. Whereas other studies on the dementia 

group discovered the same facial expression as non-dementia patient. 

Vocalization 

According to expert opinions and the findings of a systematic review into the validity of 

vocalization as a pain indicator, research on different patterns of vocalization such as crying, 

groaning, and moaning conducted between [2000-2019] revealed that the majority of studies 

investigated three or more different patterns of vocalization to find an association with pain. The 

studies that did not find an association with pain, investigated only one pattern of verbalization or 

only crying. As a result, they found vocalization could not stand alone as a pain indicator without 

facial expression or body movement. 
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7. Current Challenges and Problems 

The automatic pain recognition system faces many challenges, starting from collecting data and limitation of samples, so 

at this point, researchers and scientists should work together to collect as much as possible available data which contains 

various cases of a patient and under rest, treatment and normal life activity conditions. Then published this data to be available 

to any research attended to developing an automatic recognition system. Then the most important issue around automatic pain 

recognition system is being a research topic rarely used in real life. Therefore, physicians must give it more interest and space 

to get a helpful tool and constant monitoring leads to accurate detection and accurate treatment of pain.  

7.1 Datasets 

The challenges faced by researchers in this scientific area are getting the data, because most pain datasets not shared. Then 

they start gathering their own data, they will face the trouble of the limited number of contributors. Below in Table (8) where 

several pain datasets presented and clarify in addition the simulation procedure of collecting the data [9]. Whereas figure (7) 

shows the most pain datasets used in the studies about pain, which were conducted in the last decade (2009-2019). 

 
Table 8: Pain datasets 

Database Participants  Stimulation  References  

UNBC-McMaster               

Shoulder Pain 

 

25 adult patients suffer from 

shoulder pain 

motion range is 200 tests under (affected, 

unaffected) limbs 

[43-60] 

Mint PAIN 

 

Healthy participant 20 adults age( 

22-42) 

1600 electrical stimuli of pain in 

(4 intensities × 2 trials × 20 participants) 

[61] 

BioVid Heat Pain 

 

90 healthy adults 

(age 20-65) 

14k heat pain stimuli (90 participants x 2 

parts x 20 repetitions x 4 intensities) posed 

expression, emotion choice 

[62,63,64] 

BP4D-Spontaneous 

 

Healthy participant 41 adults age 

(18-29) 

Cold pressure task (41); emotion 

elicitation 

[65] 

BP4D+ Healthy participant  140 adults age 

(18-66) 

Cold pressure task(140); emotion 

elicitation 

[66] 

COPE 

 

Neonates(26) 

age( 18-36 hours) 

Heel lancing for blood collection (60); non 

painful stimulation 

[67-82] 

YouTube 

 

Infants 142 

age (0-12 )months 

immunizations [68] 

IIIT-S ICSD 

 

Infants 33 

age (3-24) months 

Immunizations and another pain causes; 

non painful cry 

[69] 

Sense Emotion 

 

Healthy participant 44 adults age 

(26) 

8k heat pain (45 participants x 2 parts x 30 

repetitions x 3 intensities); emotion choice 

[70] 

Emo Pain 

 

Chronic lower back pain 22 

patients age(50) with healthy 

participant 28 controls age(37) 

physical exercises [34-71] 

X-ITE pain 

 

Healthy participant 134adults age 

(18-50) 

24k phasic pain and tonic pain( 804)  each 

one  with (heat and electrical) stimulation, 

both by  3 intensities 

[10] 

 

Figure 7: The most pain datasets used in the studies last decade (2009-2019) 

7.2 Challenges of real life Automatic Pain Recognition 

The automatic pain recognition system considered an important research topic. Despite that, in real life, it is suffering from 

different aspects and this suffering leads to creating a gap between the reality of results and accuracy in research fields and the 

expectancy of this research to bring it to real-life with the same results and accuracy. In real life, the APR system at first might 

face hardware complexity due to the difference between the laboratory and clinical environment. Varying in quality and 
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resolution of the samples collected from patients. If APR not accepted by the physicians and the rest of the medical staff will 

not give this system any chance to develop and get the experimental results in real life. On the other hand, pain is a 

multidimensional experience. Therefore, in real life, multi-methods should work together to reach for the best result. Without a 

doubt, an automatic pain recognition system is one of these methods for help the medical staff. 

8. Conclusions 

This paper explained the various challenges. Firstly, of designing the automatic pain recognition system and clarifies 

issues related to assessing pain by using contact sensors. Then the issues with clinical assessment tools all led to more 

extensive research that should done to improve methods of assessing and treating patients' pain. Due to the real-time challenge, 

this area of research needs more effort done depending on patient experience-related results. More efforts must be made to 

collect and make available data to meet the pains of developing and implementing automatic pain recognition system in the 

real medicine community because even this available data is hard to get due to ethical and legal issues. Finally, the research 

depends on behavioral signals such as vocalization, body movement, and facial expression as pain indicators. Facial expression 

demonstrated higher acceptance than other indicators to stand alone as an input signal of the automatic pain recognition system 

under various conditions, especially with patients who have lost verbal ability. 
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