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Abstract

Background: Facial expressions of pain are essential for pain assessment, yet subjective
pain reports often vary between sexes. Traditional self-report measures are prone to
bias, and objective methods are needed for more reliable pain evaluation. Objective: To
develop and validate a subjectivity-free automated tool to assess acute low back pain using
facial expressions recorded during a functional spinal extension task. Participants: Thirty
healthy adults, aged 18-40 years. Methods: Participants received intramuscular injections
of hypertonic (pain) and isotonic (placebo) saline in the lumbar region during separate
sessions. Facial expressions were video-recorded during a submaximal lumbar extension
task and analyzed using a custom software based on Haar Cascade and Local Binary
Pattern Histogram algorithms, which are techniques that do not require neither training
data nor subjective labeling, contrary to what happens in deep learning solutions. Results:
The tool successfully detected significant differences in facial expressions between pain,
placebo, and pain-free conditions (p < 0.001). Test-retest reliability was good (ICC = 0.85).
While both sexes showed similar facial expression patterns during pain, males reported
higher pain scores on the numeric rating scale (p < 0.01). Pain significantly reduced
steadiness of force in both sexes. Conclusion: The automated tool objectively quantified
facial expressions associated with acute low back pain and revealed sex-related differences
in subjective pain perception. This multimodal approach integrating expression analysis,
physical performance, and self-report may enhance the accuracy of pain assessment in
physiotherapy settings.

Keywords: facial expression of pain; acute low back pain; force; artificial intelligence

1. Introduction

Accurate pain assessment remains a significant challenge in both clinical and research
settings. Traditional methods, such as the visual analog scale and numeric rating scale,
despite being widely used and validated, are inherently subjective and susceptible to biases,
including underreporting or overreporting influenced by emotional, cultural, or contextual
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factors [1-3]. To address these limitations, considerable efforts have been directed towards
developing objective tools for pain assessment, particularly through the analysis of facial
expressions using technologies such as electromyography, infrared thermography, and
computer vision [4,5]. These methodologies are designed to overcome the limitations
of subjective reporting, providing a more consistent and reliable means of evaluating
pain [2,6-9].

Recent advancements have focused on automated facial expression analysis employing
machine learning and deep learning techniques. Studies have utilized Local Binary Patterns
(LBP) [10], histograms of topographic features [11], and recurrent convolutional neural
networks [12] to estimate pain intensity [13] and have demonstrated the potential of
combining handcrafted features with deep learning to enhance accuracy in detecting
subtle facial cues. However, despite the technical sophistication of these methods, many
require substantial computational power and complex training procedures, limiting their
applicability in real-time or resource-constrained clinical settings.

Contemporary theories of pain communication emphasize that pain is expressed
through multiple behavioral channels, including verbal reports, postural changes, and
facial expressions [14]. From an evolutionary perspective, these expressions serve adaptive
functions to signal distress and promote survival [15,16]. While verbal pain reports remain
the gold standard in clinical practice [17], they are subject to significant interindividual
variability and psychological modulation [18,19]. Facial expressions, often undervalued in
clinical practice, provide complementary data that can help triangulate pain assessment,
offering a more comprehensive understanding of the patient’s condition [20,21].

Despite the significant advancements in objective facial pain expression analysis, most
studies have focused on specific populations, such as infants, children, or individuals with
cognitive impairments [22-24], with limited exploration in healthy adults or individuals
with musculoskeletal pain conditions such as low back pain. To date, few studies have
examined the connection between facial expressions and experimentally induced acute low
back pain during physical tasks, such as submaximal force generation, which is a critical
gap in the literature. Musculoskeletal pain, especially in the context of low back pain, often
manifests during physical tasks and has a significant impact on motor behavior [25,26].
Therefore, understanding facial expressions in this context is essential for improving pain
assessment methodologies.

This study aims to develop and examine the performance of an automated tool for
detecting facial expression variations associated with experimentally induced acute low
back pain during a functional lumbar extension task. The tool integrates Haar Cascade
and Local Binary Pattern Histogram subjectivity-free algorithms with self-reported pain
intensity and objective force measures, including maximal voluntary contraction and
force steadiness. Unlike deep learning methods, which require large amounts of data
and subjective labeling for training, the techniques chosen here require neither training
data nor manual annotation. This approach provides a computationally efficient method
for multimodal pain-related assessment under controlled experimental conditions. The
proposed method may contribute to the development of complementary objective tools for
investigating pain-related motor adaptations in future clinical research.

2. Materials and Methods
2.1. Study Design

This is an experimental study that involved participants attending two visits, with a
seven-day interval between them. The research protocol received ethical approval from the
ethics committee of the Faculty of Sport of the University of Porto (CEFADE 28-2023). All
objectives and methodologies were meticulously developed and executed in accordance
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with the guidelines established by the Declaration of Helsinki. Prior to participation, all
volunteers provided informed consent by signing the Informed Consent Form, ensuring
their understanding of the objectives and procedures of the study.

2.2. Sample

The inclusion criteria were defined as healthy individuals aged between 18 and 40,
with no history of musculoskeletal diseases or recurrent pain in the past six weeks. Ad-
ditionally, participants should not have used anti-inflammatory or analgesic medication
in the 24 h prior to the experiment. Exclusion criteria included individuals with a history
of lumbar injury or surgery, existing chronic pathologies such as disk degeneration, os-
teoarthritis of the lumbar spine, facial paralysis, disk herniation, ankylosing spondylitis,
and other conditions that could affect muscle function and facial expression, as well as
pregnant women. These criteria were established to ensure that the participants represented
a homogeneous population, thereby minimizing the impact of confounding variables on
the study results.

The sample consisted of 30 young adults (average 29.96 £ 5.96 years). Among the
30 volunteers, 8 were women, with an average height of 164.66 £ 6.3 cm and an average
age of 29.77 £ 6.2 years. The other 22 participants were men, with an average height of
175.20 £ 5.5 cm and an average age of 28.79 £ 5.9 years. The study included participants
from Brazil and Portugal, and one participant from Cape Verde, representing both white
and black ethnicities.

2.3. Digital Image Representation and Algorithm Elements

In a digital system, such as a computer, an image is represented as an array of pixels
(picture elements). A digital video can be treated as a series of frames, each having this
representation. When an image is in color, each pixel usually contains three numbers to
represent the levels of its color components. When an image is represented in grayscale,
each pixel can be represented by a single number proportional to its lightness. In grayscale,
a commonly used system is one in which a completely dark pixel is represented by the
number 0 and a pixel with maximum lightness by the number 255. Intermediate levels of
lightness are represented between 0 and 255 [27].

2.3.1. Face Detection with Haar Cascade

Viola and Jones proposed a method for detecting objects in images, which they claimed
was robust and very fast [28]. The motivation for its development was face detection, but
it has more general application. This method uses a type of calculation called by the
authors integral image. It is performed on grayscale images, using x and y to represent the
coordinates of a pixel, with x increasing from left to right, y increasing from top to bottom
in the image, and i (x, y) representing the intensity of the pixel at (x, y); the value of the
integral image ii (x, y) at coordinates (x, y) is the value of the sum of all the pixel values that
are in the rectangle whose diagonal runs from the upper leftmost pixel to the pixel at (x, y).

i(x,y) = Ti(, ) o

(¥ <xy <y)

The values of ii (x, y) can be calculated progressively for all pixels in an image, moving
from left to right and top to bottom. In this calculation, on each advancement to the next
pixel, previous results calculated for nearby pixels can be used, avoiding having to restart
the sum from the top left corner.

Once all the values of ii (x, y) for an image have been calculated, the calculation of
the sum of the pixel values for any rectangle in the same image is quick, using the known
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values of ii (x, y), even if this new rectangle does not have one of its ends in the upper left
corner. Figure 1 provides an example of this. Considering the red rectangle, the sum of
the values of its pixels is equal to the sum of those in the blue rectangle minus those in
the green rectangle minus those in the white rectangle and replacing once those where the
green overlaps with the white, since they were subtracted twice. In this example, using the
previously calculated values of ii (x, y), this calculation would be:

total in the red rectangle =ii (7, 4) —ii (7, 2) — ii (3,4) +1ii (3, 2)
where

ii (7, 4) is the sum in the blue rectangle;

ii (7, 2) is the sum in the green rectangle;

ii (3, 4) is the sum in the white rectangle;

ii (3, 2) is the sum in the overlap of green and white.

1m0 1

Figure 1. Example of any rectangle in the image, in red. The sum of the values of its pixels is equal to
the sum of those in the blue rectangle minus those in the green rectangle minus those in the white
rectangle and replacing once those in the overlap between the green and the white, since they were
subtracted twice.

It can thus be seen that the sum of the pixel values in any rectangle can be quickly
calculated from the previously calculated results for ii (x, y). This fact is exploited in the
Viola and Jones [28] method, using ideas such as in the following example.

Each Figure 2a or Figure 2b has a grayscale face, with a rectangle positioned over
it. This is a detector rectangle for a particular feature of any face: the transition region
between the forehead and the eyes. It is common in images of faces, due to lighting, for
the forehead to appear lighter than the eyes region. The detector rectangle is divided in
half by a horizontal line. It must slide across the image, traversing it step by step. At each
step, the sum ssup of the pixel values under the upper half of the rectangle (marked with +)
is calculated and, separately, the sum sinf of its lower half (marked with —) is calculated.
Finally, the difference d = ssup — sinf is calculated. With the rectangle positioned over the
forehead, the value of d will tend to be relatively small, because, since both halves are light,
both ssup and sinf will have large, similar values. However, in Figure 2b, the rectangle is in
a position where ssup is much larger than sinf, since the upper part is much lighter than the
lower part. This makes d relatively large, indicating that this feature of a face may have
been detected there.
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(a) (b)

Figure 2. Example of a rectangle detecting a facial feature (transition from forehead to eyes). Legend:
(a) Rectangle in a position without detecting the feature. (b) Rectangle in a position detecting
the feature.

However, this rectangle, in this process, is not capable of determining on its own
whether what is underneath it is, in fact, a feature of a face. This simple pattern could be
found in other objects in the image. Therefore, Viola and Jones’ [28] method uses many
rectangles, each of which searches for a type of pattern. To detect a nose, a rectangle divided
into three parts by vertical lines can be used, as in Figure 3. The calculation associated
with it is the sum of the values of the pixels under its central part (marked with +) minus
the sums of the values of the pixels under its lateral parts (marked with —). This takes
advantage of the fact that, normally, due to lighting, the central part of the image of a nose
appears brighter than its lateral parts. The higher the result of this calculation, the greater
the probability that there is a nose under the rectangle.

Figure 3. Example of using the nose detector rectangle.

The Viola and Jones [28] method applies several of these appropriate detector rectan-
gles to each region of the image. The sequence of their application is planned so that first, in
each region, rectangles are applied that are more reliable in declaring whether that region
may contain the desired object. If high-confidence rectangles do not detect the pattern that
they can detect in a region, it is decided that region does not contain the desired pattern,
saving the time of applying the other rectangles. Otherwise, less reliable detector rectangles
are applied successively. Finally, it is decided whether that region contains the desired
pattern, considering the results obtained by all the detector rectangles applied.

https://doi.org/10.3390/app16062830
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The succession of rectangle applications described here, with evaluations of whether
the process should continue in a region after each application, uses a strategy called
“cascade”. The type of calculation performed under the rectangles is similar to that of the
so-called Haar functions. Therefore, this object detection process is called Haar Cascade.
The Haar Cascade method is not specific to face detection; it is more generally applicable.
It can be adjusted to detect other types of objects. For each type of object to be detected,
appropriate detector rectangles must be used in an arrangement adjusted to the specific
case. In other words, the method is general purpose, but the rectangles to be used and their
arrangement in the cascade are specific. For common use cases, such as faces detection,
specific arrangements of these rectangles and information about their application cascade
are available as public computer files and ready for use.

2.3.2. Feature Extraction with LBPH (LBP)

This subsection briefly describes the form of representation of face images presented
in [10]. Its basic element is the Local Binary Pattern. Figure 4 shows a small region
containing nine pixels of a matrix that represents a grayscale image. In this set, the central
pixel, with a value of 140, is taken as a reference. Then, each of its eight neighboring
pixels receives a binary value (bit) associated with it, equal to 1 if this pixel has a value
greater than the reference (140) and 0 otherwise. Finally, a number is formed, represented
in the binary numbering system, by chaining those eight bits, as indicated by the arrows:
00011100. This value is 28 in the decimal numbering system. It is the LBP associated with
the central pixel of that set. In the binary system, numbers with eight bits can be from
0 (00000000) to 255 (11111111) in the decimal system.

Figure 4. Example of LBP calculation for a pixel (the central one of the nine considered).

An important feature of this value is that it depends only on the results of comparing
the brightness of the central pixel with its neighbors, not on these absolute values. If the
image were equally brightened or darkened, this value would not change. For example, if
the entire image were darkened so that each pixel value in it was reduced by 10 units, the
LBP value of the central pixel would still be 28, because it would still be darker than its
three neighbors below and to the right and lighter than (or as bright as) its other neighbors.
The LBP is robust to variations in brightness. Another important feature is that this value is
highly dependent on the relationships of the central pixel to its neighbors in terms of the
pattern they form together. The brightness does not matter, but the pattern does.

https:/ /doi.org/10.3390/app16062830
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When applying LBP to a grayscale image, an LBP matrix with the same geometry
as the image matrix is created. The LBP value is calculated for each pixel in the image.
This value is placed in the LBP matrix in the position corresponding to the position of the
pixel for which the LBP was calculated in the image. This creates a new matrix, containing
values between 0 and 255, each element of which contains information about the image
pattern in the small region around the corresponding pixel.

As an example, suppose that the hypothetical 10 x 10 LBP matrix in Table 1 was
obtained from a grayscale image of a face containing 10 x 10 pixels (this is a very small
number of pixels compared to real examples, but it is easier to present here). Once such a
matrix has been obtained, the next step in the representation method of [10] is to divide the
matrix into regions. In this example, it has been divided into four regions (submatrices) of
size 5 x 5 each, with the boundaries between them marked by the lines in the matrix in
Table 1. The division could be done into submatrices of different sizes, and they would not
need to be square.

Table 1. Hypothetical example of LBP matrix.

78 40 133 135 167 176 217 50 166 38
241 227 246 190 161 96 118 145 237 5
133 31 86 174 21 52 2 216 74 252
219 171 227 119 127 80 173 72 61 122
157 113 214 1 180 0 5 112 17 182
105 2 128 190 30 173 54 112 87 132
204 113 202 133 99 92 151 36 54 37
179 1 71 236 145 126 42 9 98 60
145 118 84 45 198 176 133 43 241 105
219 234 51 92 45 89 68 168 19 185

After dividing the LBP matrix, a histogram of the values that appeared in it is assem-
bled for each submatrix, as shown in Figure 5. The number of histogram classes and the
limit values of each class are freely chosen. In this example, eight classes were used for
each histogram. Each class of each histogram contains a band with an amplitude of 32. The
first band, centered on the value 16, has the count of occurrences of the values from 0 to
31 in the corresponding submatrix. The second band is centered on 48 and contains the
count of occurrences of the values from 32 to 63, and so on. In Figure 5, the histograms are
in positions corresponding to the positions of the four submatrices in Table 1 from which
they originated. Finally, the histograms are concatenated (placed side by side), as shown in
Figure 6. Since each of the four histograms had eight classes, the result of the concatenation
is a sequence containing 4 x 8 = 32 numbers:

(3,1,2,3,...,4,0,1)

This is the result of the LBPH (Local Binary Pattern Histogram). This sequence of
numbers (32, in this example) describes patterns of relationships between pixels in an
image. It can then be used by machine learning algorithms, or other, as a representation of
the image, bringing important information about it.

https:/ /doi.org/10.3390/app16062830
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histogram 1,1 histogram 1,2

rumbers of samplas
numbers ol samples

16 48 an 112 144 176 208 240 16 48 an 112 144 476 208 240
classes centers classes centers

histogram 2,1 histogram 2,2

numbers of samples
numbers of samples

16 18 20 112 144 176 208 240 16 12 an 112 144 176 208 240
classes cernters classes centers

Figure 5. Histograms of the occurrences of values in the four submatrices of Table 1.

concatenated histograms
7 T T T T T T

w EN w
T T T

numbers of samples

[S]
T

0
0 5 10 15 20 25 30 35

Figure 6. Result of concatenating the histograms in Figure 5.

2.3.3. Development of Software for Analysis of Facial Expressions with Experimentally
Induced Acute Low Back Pain

A computer program was developed in Python language version 3.9, using the
OpenCV library version 4.5.1 [29]. This has many algorithms implemented for image
processing. The program must access two video files, in which the face of the person whose
pain is to be assessed appears. In the first video, which is relatively short, the face should
appear with a preparation phase of expression. This is called the learning video by the
program. It is used so that the program can learn what the preparation phase of expression
of that person is. In the second video, called the application video, the program measures,
frame by frame, the difference between the facial expression in the frame and the average
expression learned in the frames of the learning video. The program interface window is
shown in Figure 7. It was developed using the Python package tkinter [30].

https:/ /doi.org/10.3390/app16062830
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facial expression variation meter - June 10, 2024 version - 0o X
Haar Cascade XML file: search ‘
leamning video: search |
application video: search |

max. num. processed frames:|9999

where to save frames: search

execute

Figure 7. Program interface window.

The first information requested from the program user in this window is the name
and location on the computer of a file in XML format that contains the details of the face
detection by Haar Cascade, as discussed at the end of Section 2.3.2. Next, the files with the
videos for learning and for application are requested. Then, the user is asked for the limit
number of frames of the video for application to be processed. This number is useful when
the user wants to do a quick test of the processing by entering a small value there. Finally,
the user is asked for the location on the computer where the files with the results will be
saved. One of these files is an annotated video, frame by frame, with a number proportional
to the difference between the expression detected in it and the average expression learned
in the video for learning. The other is a file with a record, in plain text format, of the number
of each frame next to the result of the measurement of the difference in expression between
that of the face in it and the average learned. These numbers can then be entered into
spreadsheets or provided to other programs for analysis and visualization of the evolution
of the difference over time.

Algorithm 1 is a representation of the algorithm in pseudocode.

Face detection in video frames is performed by an object of the Cascade Classifier
class of the OpenCV library [29], named face_cascade, configured to use the XML file
indicated by the user in the program interface window. During the learning phase (in
Algorithm 1, lines 5 to 25), the program processes each frame of the first video by converting
it to grayscale and attempting to detect faces using the face_cascade detector. If no face
is detected in each frame, the program proceeds to the next one. If multiple faces are
detected, processing continues only for the face with the largest area, as this is likely the
primary subject, while smaller faces are assumed to belong to people passing through
the background, images on the walls, or other irrelevant elements. Once the largest face
is isolated by the face_cascade detector, a bounding rectangle is drawn around it. This
rectangle is then divided into 9 rows and 8 columns, as illustrated in green in Figure 8.
The choice of this division (9 rows and 8 columns) was determined through empirical
testing conducted by the authors using the JAFFE (Japanese Female Facial Expression)
facial expression database [8,31]. Since the leftmost column and the rightmost column have
several rectangles that contain parts of the image that are not on the face, they are not used
in the further processing, as they may suffer spurious effects from the scene background.

https:/ /doi.org/10.3390/app16062830
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Algorithm 1. Facial Expression Difference Meter

1: Receive the names of the video files from the user.

2: numCols < 8

3: numLins <9

4: Configure Haar Cascade using XML file.

Learning phase:

5: Read video file to learning.

6: numHistLearn < 0

7: histConcatLearnSum < zeros

8: while there are frames in the video file do

9: frame < video frame

10: imgGray <— Convert frame to grayscale.

11: faces +— coordinates of rectangles having faces

12: if number of faces > 0 then

13: numHistLearn <— numHistLearn + 1

14: imgAFace <« rectangle delimiting the biggest face

15: smallRects <— cut imgAFace in numCols x numLins smaller rectangles
16: for rect in smallRects from the second to the penultimate column do
17: LBPrect <— LBP of rect

18: histRect < histogram of LBPrect

19: histNorm < normalize histRect

20: end for

21: histConcat < concatenation of histNorm built in the for loop above
22: histConcatLearnSum <— histConcatLearnSum + histConcat

23: end if

24: end while

25: histConcatLearnAverage < histConcatLearnSum/numHistLearn
Application phase:

26: Read video file to application phase.

27: while there are frames in the video file do

28: frame <— a video frame

29: imgGray < Convert frame to grayscale.

30: faces < coordinates of rectangles having faces

31: if number of faces > 0 then

32: imgAFace < rectangle delimiting the biggest face

33: smallRects <— cut imgAFace in numCols x numlLins smaller rectangles
34: for rect in smallRects from the second to the penultimate column do
35: LBPrect <— LBP of rect

36: histRect < histogram of LBPrect

37: histNorm < normalize histRect

38: end for

39: histConcat < concatenation of histNorm built in the for loop above

40: modDif «+ average of the elements (| histConcat — histConcatLearnAverage | )

41: Show 1000 x modDif
42: end if
43: end while

https:/ /doi.org/10.3390/app16062830
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qdr 1339 dif 2.98

T

/
|

T3S dir 258 qdr 65, dif 12.57

Figure 8. Rectangles containing faces detected by Haar Cascade divided into rows and columns (in
green). Only the part delimited in violet is used in the following processing. Legend: (left picture)
pain-free, (right picture) with low back pain.

Following the process outlined in Section 2.3.3, the Local Binary Pattern (LBP) is com-
puted for each of the remaining 9 x 6 = 54 small rectangles. The LBP implementation used
is from the skimage package in Python [1]. The LBP histogram for each small rectangle
is created using the NumPy package [30]. Each histogram consists of 30 classes and is
normalized such that the sum of its values equals 1, irrespective of the area covered by the
rectangle. Once the LBP histograms for all small rectangles are assembled and normalized,
the 54 histograms are concatenated, resulting in a sequence containing 54 x 30 = 1620 num-
bers. This sequence serves as the Local Binary Pattern Histogram (LBPH) representation of
the largest face detected in the video frame.

Once the learning video is finished, the average LBPH representation of its frames is
calculated, according to the expression:

(Z frames with faces) * (reprLBPHfmme)

LBPH =
repr neutral number of frames with faces

@

Thus, reprLBPHpreparation phase is a sequence containing 1620 numbers and repre-
sents the average face from the learning video, specifically corresponding to the preparation
phase expression of the individual. During the application phase (in Algorithm 1, lines
26 to 43), similar steps are followed for each frame of the video: the image is converted
to grayscale, the largest face is detected, the face is divided into small rectangles, and
histograms are assembled and concatenated. This results in a sequence of 1620 numbers,
denoted as reprLBPHframe, associated with the face in that particular frame. The difference
between this sequence and reprLBPHpreparation phase is then calculated to quantify how
much the face in the current frame deviates from the preparation phase of expression.

diffLBPHframe = reprLBPHframe — reprLBPHpreparation phase ®)

This difference is calculated using the mean_absolute_error function from the Python
sklearn package [32]. To understand how this calculation works, here is a generic numerical
example. Given the following sequences of numbers:

a = (10, 20, 30, 40, 50)
and

b=(1,1,2,2,3)

https:/ /doi.org/10.3390/app16062830
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where a is in the role of the sequence reprLBPHframe and b is in the role of the sequence
reprLBPHpreparation phase, the difference between a and b will be:

d=(9,19,28,38,47),

The difference is calculated position by position: the first element in d is the absolute
difference between the first element in a and the first in b, the second element in d is the
difference between the second in a and the second in b, and so on. After calculating the
absolute values of these differences, the average of the numbers in d is computed, which
in this case is 28.2. This type of calculation follows expression (3), producing a number
that indicates how much the face in a frame deviates from the average preparation phase
of the face. Experimentally, it was observed that the result is typically on the order of
thousandths or hundredths. To make the output more readable, the number shown in the
result video and the corresponding text file is the result of multiplying difLBPHframe by
1000. This scaling ensures that the value presented to the user is in the range of units of
tens, rather than thousandths or hundredths. The number does not have a physical unit of
measurement, such as meters or seconds, since it represents an average of counting results
of pure numerical differences. It is important to emphasize that the software does not
implement a threshold-based classification of facial expressions, for example, as “pain” or
“no pain.” Instead, it generates a continuous quantitative index representing the magnitude
of expressive deviation relative to the individual’s baseline (preparation phase).

Part of the expected time for the algorithm to execute on each video frame is due to
the execution of the Haar Cascade. Due to its characteristics, this is difficult to analyze in
terms of conventional algorithm complexity analysis. However, in their original paper,
Viola and Jones (2001) [28] reported that operating on 384 by 288 pixel images, faces were
detected at 15 frames per second on a conventional (of that time) 700 MHz Intel Pentium
111. Still on the complexity of the algorithm, it has “while” loops, but each one of them
treats one frame at a time in the entire video, without affecting the analysis time per frame.
The analysis time per frame in the application phase is dominated by the “for” loop on
line 34 in Algorithm 1. The dependence of the execution time on the pixel resolution of the
frame for a fixed number of rectangles is quadratic, because, if, for example, the resolution
doubles both horizontally and vertically, the number of pixels in a rectangle will be four
times greater, which will make the time to assemble the histogram for each rectangle four
times greater.

2.4. Experimental Protocol

The experimental protocol was designed to assess the effects of acute low back pain
induction through intramuscular injections of hypertonic and isotonic saline solutions. The
randomized, crossover design allowed participants to be exposed to both pain (hypertonic)
and control (isotonic) conditions. The evaluation included measures of facial expression,
muscle strength, and self-reported pain, providing a comprehensive analysis of both
physiological and subjective responses to acute low back pain.

2.4.1. Experimentally Induced Acute Low Back Pain

Experimental acute low back pain was induced by intramuscular injections of hyper-
tonic and isotonic saline solution, administered 7 days apart. This interval was based on
previous studies indicating that a 7-day washout is adequate to prevent carry-over effects
in crossover pain models [33,34]. During the injections, the participants were positioned in
the prone position with a 20° inclination, which helped to promote muscle relaxation. The
study used a randomized crossover design, in which each participant received a single dose
of 2.5 mL [35], to ensure that the test was performed during the period of pain, of hypertonic
saline solution (6.0%), designed to induce pain, or isotonic saline solution (0.9%) [36], used
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as a placebo. The injections were administered in the intervertebral space between L3 and
L4, at the level of the spinous process, located approximately 2 to 3 cm from the midline.
After cleaning the area with 70% alcohol, the solution was injected into the dominant
side of the body using a 25 x 28 mm needle, at a depth of 30 mm from the skin surface,
by a qualified professional. The participants were assessed in three different conditions:
baseline, experimentally induced pain (hypertonic solution), and control condition (isotonic
solution) while performing a spinal extension task in the prone position.

2.4.2. Force Test

Force steadiness testing was included in the experimental protocol to investigate the
association between facial expressions and motor control during physical tasks, focusing
on the force capacity and stability of the trunk extensor muscles during spinal extension.
Participants first completed a familiarization phase, consisting of five repetitions of the
maximal voluntary contraction (MVC) test and three repetitions of a submaximal isometric
test using a trapezoidal force signal to assess steadiness [37-39]. After a 2 min rest, one
MVC trial was performed, followed by a 1 min rest and one repetition of the submaximal
trapezoidal force signal test. The protocol consisted of two assessments conducted by an
experienced physiotherapist:

o Test1 (MVC) Assessing maximal force capacity.
e  Test 2 (Submaximal isometric contraction at 20% of MVC; assessing steadiness).

These tests were administered during two visits, separated by a 7-day interval, with
the same procedures repeated on both occasions. Familiarization ensured consistency and
minimized learning effects on performance [39].

2.4.3. Evaluation of Facial Expressions

Facial expressions were captured by a GoPro Hero 8 Black camera (San Mateo, CA,
USA) with 1080p resolution at 60 frames per second. Ambient lighting was standardized
across all sessions, using fixed ceiling fluorescent lights with consistent intensity and color
temperature. The distance and angle of the camera, as well as participant positioning, were
maintained constant to ensure uniform conditions during data acquisition. The videos
were analyzed using the OpenCV library in the Python programming language [40].

The participant’s faces were recorded in video frontal view while they performed a
spinal extension in prone position, sustained for 20 s with a submaximal load corresponding
to 20% of the maximum force. To ensure that the face remained aligned and visible during
all experimental conditions, participants were instructed to fix their gaze on a computer
screen positioned directly in front of them and to concentrate on maintaining the trapezoidal
force signal projected on the screen for the entire 20 s period. In addition, Participants were
instructed to maintain silence throughout the procedure to prevent potential interference
in the analysis of facial expressions and to ensure unbiased detection of spontaneous pain
expressions [6,41,42]. All participants were informed in advance about the recording and
provided written informed consent authorizing the capture and use of the images.

To determine specific expressive variations associated with pain, the software calcu-
lates, frame by frame, the mean absolute difference between each facial representation
(LBPHframe) and the average pattern extracted from the preparation phase video (LBPH-
preparation phase). This value is then multiplied by a factor of 1000, generating a numerical
index proportional to expressive intensity. A consistent increase in this index, especially
during the induced pain condition, was interpreted as indicative of pain-related facial
activation. These values were jointly analyzed with muscle force and self-report data, and
the method’s sensitivity was empirically validated by the distinct differences observed
across experimental conditions (pain, placebo, and pain-free), as illustrated in Figure 8.
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2.4.4. Evaluation of Subjective Responses to Pain

On a desktop computer with Intel(R) Core (TM) i5 CPU M 520 @ 2.40GHz, 2 cores,
4 Gbytes RAM, with Debian GNU/Linux 11 operating system, in the algorithm application
phase, the average analysis time per frame was 0.97 s. Under these conditions, in order for
all frames of a video to be analyzed, a file with this video must be recorded and the analysis
then performed on the finished video, not in real-time. In general, for real-time analysis,
only 1 at each N frames could be processed, with N being chosen by the user, reducing the
temporal resolution.

2.4.5. Evaluation of Subjective Responses to Pain

Pain intensity ratings were obtained immediately after each stimulus using the Nu-
meric Rating Scale (NRS) [3], a widely validated and sensitive method for assessing subjec-
tive pain perception. The scale was standardized with extreme points labeled 0 = “no pain”
and 10 = “extremely severe pain.” Participants received standardized verbal instructions
from the same researcher and self-reported their pain intensity, ensuring consistent com-
prehension and execution. Assessments were conducted at 1 min intervals over a 7 min
period, ensuring reliable and consistent data collection. The NRS is recognized for its
simplicity and effectiveness in detecting subtle changes in pain perception, contributing to
the robustness of the study results.

2.5. Statistical Analysis

Descriptive statistics were calculated for the NRS and facial expression measurements
recorded during each experimental condition and session. Normality of the data was
assessed using the Shapiro-Wilk test, which indicated non-normal distributions; there-
fore, non-parametric tests were applied. To compare the three experimental conditions
within the same participants (baseline/no pain, placebo injection, and hypertonic saline
injection/pain), the Friedman test was used. Pairwise comparisons were performed using
the Wilcoxon signed-rank test with Bonferroni correction to control for multiple compar-
isons. In addition, Wilcoxon tests were applied to examine sex-related differences in facial
expression changes within each condition.

The intraclass correlation coefficient (ICC 3,1) was calculated using a two-way mixed-
effects model with absolute agreement to assess the consistency of software-based facial
expression measurements across the two experimental days (no pain condition), as recom-
mended for test-retest reliability. According to Koo and Li (2016), ICC values below 0.50
indicate poor reliability, 0.50-0.75 moderate, 0.75-0.90 good, and above 0.90 excellent [43].
Cohen’s d was calculated as a measure of effect size for all comparisons and interpreted as
small (d > 0.2), moderate (d > 0.5), or large (d > 0.8). These effect magnitudes suggest ade-
quate statistical sensitivity to detect the reported differences. All analyses were performed
using SPSS Statistics (IBM, Version 27) with a significance level of o« = 0.05.

3. Results

The test-retest reliability of facial expression measurements was assessed based on
data obtained on two consecutive days in the pain-free condition. The means (£SD)
were 4.98 £ 2.96 on Day 1 and 4.92 £ 2.89 on Day 2, with no statistically significant
difference between the days (p = 0.28). The intraclass correlation coefficient (ICC = 0.85;
95% CI = 0.68-0.97) indicated good reliability between sessions. According to the 95%
confidence interval, reliability ranged from moderate to excellent, reflecting some variability
in the precision of the estimate.
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3.1. Measuring Facial Expressions

The videos were analyzed using the OpenCV library in the Python programming
language [40]. The results (Figure 9) indicated statistically significant differences (p < 0.001)
between all conditions, confirming the effectiveness of the software in detecting variations
in facial expressions. The analysis revealed that facial expression in men showed a greater
mean difference during pain compared to the placebo and pain-free conditions, with
significant differences observed between all conditions (p < 0.01). Women also showed
an increase in facial expression during pain, although the effect was smaller than in men,
with significant differences observed between the pain, pain-free and placebo conditions
(p < 0.05). However, when directly comparing the male and female groups, no statistically
significant differences were observed between the sexes in any condition. Furthermore,
Cohen’s d value of 0.588 suggests a moderate effect size, further emphasizing the robustness
of the results given the sample size [44].
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Figure 9. Graph of the mean difference in facial expressions at pre (pain-free), placebo, and during
experimentally induced acute low back pain. Legend: ** p < 0.001; * p < 0.05.

Force Test

When maximal voluntary contraction was analyzed, male and female partici-
pants showed significant intra-group differences between the experimental conditions
(Figure 10a). For women, the MVC was highest during preparation, followed by placebo
and the pain period, with the Friedman test revealing a significant effect (x> = 16.00,
p <0.001). Among men (N = 22), MVC was slightly higher during the placebo period
compared to stimulation, being the lowest during the control period, also showing sig-
nificant differences (x* = 32.818, p < 0.001). In addition, more detailed analyses indicate
that despite these intra-group variations, no significant differences were found between
genders, suggesting that both sexes showed similar responses to experimental conditions
in terms of changes in MVC.

Analysis of the steadiness figure (Figure 10b) revealed distinct patterns of response to
the experimental conditions. Friedman’s test indicated statistically significant differences
between the conditions (x* = 44.000, p < 0.001), suggesting robust variations in steadiness
under different experimental influences. Comparisons between conditions revealed that
steadiness was significantly lower during the pain condition compared to pre and placebo for
both sexes, indicating a pronounced impact of the pain condition on motor stability. In men,
steadiness was significantly higher during the placebo condition compared to both baseline
(pre) and pain conditions. Additionally, baseline steadiness was significantly higher than
during the pain condition, which presented the lowest values. These results suggest that the
experimental condition modulated force steadiness, reflecting a progressive impairment in
neuromuscular control from placebo to baseline, and most markedly under pain.
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Figure 10. Maximum strength and steadiness under pre, placebo and pain conditions in both men
and women. Legend: Pre (pain-free), placebo and during pain, ** p < 0.001; * p < 0.05.

3.2. Gender Differences in NRS Responses During Acute Low Back Pain

On the NRS, men reported pain as more intense compared to women, on a scale of
0 to 10. The standard deviation is low for both groups, but is lower for women, suggesting
that there is less variation in pain ratings among women than among men, as seen in
Figure 11. Analysis of the NRS revealed significant differences in pain perception between
the experimental conditions and between sexes. For the total group of 30 participants, both
men and women reported significantly greater pain during the pain condition compared to
the placebo condition. However, a more detailed analysis showed significant differences
between the sexes. For men, the average NRS with pain was 5.12, significantly higher than
the placebo NRS average of 1.68 (Z = —4.108, p < 0.001). In contrast, for women, the mean
NRS with pain was 3.75, while the mean NRS for placebo was 1.25 (Z = —2.58, p = 0.01).
These results indicate not only that the intensity of perceived pain is higher during the
pain condition compared to placebo, but also that there are significant differences in the
way men and women report pain. Men'’s reported verbal pain perception was consistently
higher than women’s, suggesting that gender influences the intensity of reported pain.
These results emphasize the importance of considering both experimental variables and
gender differences when assessing and interpreting pain in clinical studies.
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Figure 11. NRS results obtained under pre, placebo and pain conditions in both men and women.
Legend: Numeric rating scale (NRS) 0-10, ** p < 0.001; * p < 0.05.
4. Discussion

The innovation of this study lies in the combination of digital imaging techniques with
image processing algorithms for analyzing facial expressions, offering a more objective
approach to the understanding of pain under controlled experimental conditions. The soft-
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ware developed captures changes in facial expressions and integrates them with physical
(MVC and steadiness) and subjective responses to pain (NRS) in both male and female
subjects. The software was able to detect variations in facial expressions during episodes of
experimentally induced acute low back pain compared to pre and placebo conditions in
males and females, providing a multidimensional view of the pain experience.

The recent literature has focused on the application of deep learning models for the
automatic estimation of facial pain intensity, exploiting both spatial and temporal feature
extractions to capture static and dynamic aspects of pain-related facial expressions [12,13].
Egede et al. [13] proposed a hybrid model that integrates representations extracted by deep
convolutional neural networks with manual descriptors of action units, obtaining a root
mean square error of less than one point on a 16-level scale and a Pearson correlation of
0.673 with clinical pain scores [12]. A real-time regression framework was developed based
on a recurrent convolutional neural network to estimate pain intensity in facial videos,
considering image sequences aligned by AAM and achieving promising results in terms of
accuracy and speed on the UNBC-McMaster shoulder pain expression archive dataset.

Other studies have provided a solid basis for validating these algorithms [9] made
available the UNBC-McMaster shoulder pain expression archive database, which has es-
tablished itself as an international reference for benchmarking facial pain estimation. In
addition, the psychometric properties of facial pain expressions in patients with shoulder
pain were examined, demonstrating the concurrent validity and test-retest reliability of
an action units-based index (ICC = 0.87; 95% CI: 0.79-0.92) [45]. In contrast, the present
study adopts classic computer vision approaches, using Haar Cascade for face detection
and LBPH for texture characterization, integrated with an optimized image pre-processing
and normalization flow. This results in a significant reduction in average processing time,
estimated at less than 50 ms per frame on conventional processors, while maintaining inter-
pretability and robustness. The test-retest reliability results (ICC = 0.85; 95% CI: 0.68-0.97)
indicate good reliability; however, the relatively wide confidence interval suggests some
degree of uncertainty, likely associated with the modest sample size, and therefore these
findings should be interpreted with appropriate caution.

The results also explored potential differences in pain reporting between sexes. Al-
though men reported higher subjective pain levels on the NRS compared to women, this
perception was not consistently reflected in changes in facial expressions. Both men and
women exhibited similar facial expressiveness during experimentally induced acute low
back pain, as well as in pre-pain and placebo conditions. These findings align with previous
studies indicating no significant sex differences in facial expressiveness of pain [6,46]. How-
ever, given the relatively small female subsample, any interpretation of sex-related patterns
should be considered exploratory. Although men reported significantly higher pain levels
on the NRS compared to women, contrasting with findings from previous studies [14,20],
this result suggests that sex influences the relationship between self-reported pain and
facial expression of emoticons [47,48]. Thus, gender may influence the relationship between
self-reported pain and facial expressions, highlighting the need for tailored approaches in
pain management for men and women [49].

Another interesting point not previously addressed in the literature [14,20,50,51] is the
integration of changes in facial expressions during pain with reductions in muscle strength
and steadiness. The expressive changes in facial dynamics captured by the software were
frequently associated with a decrease in both muscle strength and sustained contraction
stability in both sexes. This association was particularly pronounced during the acute
pain condition, where greater variability in steadiness was observed, alongside statistically
significant differences in MVC between the pain and placebo conditions (x? = 32.8, p < 0.001
for males; x> = 16.0, p < 0.001 for females). Taken together, these findings support the
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hypothesis that changes in facial expressions during episodes of experimentally induced
acute low back pain may reflect physiological components underlying the pain experience,
especially when considered in conjunction with reductions in motor performance, rather
than constituting an established clinical biomarker at this stage [16].

The motor areas at the frontoparietal level are intrinsically linked to pain process-
ing, integrating both sensory and affective components, thus emphasizing the complex
interaction between pain perception and motor response [7]. These regions may suggest
common mechanisms in prediction and emotional regulation of pain [7,16]. Recruitment of
the frontoparietal network may also play a role in the conscious representation of the pain
context, making nociceptive information accessible for integration into decision-making
processes [16,52-54]. This link is reflected in both facial expressions and subjective self-
reports of individuals, suggesting that motor areas not only contribute to the perception
and physical response to pain but also play a role in emotional modulation [54,55].

Systematic analyses have consistently demonstrated that high levels of pain-related fear,
catastrophizing, and depression are linked to a reduction in spinal range of motion and an
increase in trunk muscle activity in individuals with low back pain, with these associations
occurring independently of pain intensity [53,54,56]. However, the small effect sizes question
the relevance of these psychological factors as major determinants of a stiffer spinal motor
behavior. Furthermore, the literature [56,57] has shown very small associations between
pain intensity and decreased spinal amplitudes, as well as increased trunk muscle activity.
These findings suggest that future research should incorporate specific and individualized
measures for psychological factors, pain intensity, and spinal motor behavior [56]. The
integrated analysis of facial expressions captured through our software, subjective responses,
and strength data conducted in our study contributes to capturing subtle aspects of the pain
experience that motor measures alone may not fully represent.

Therefore, it is important for health professionals to recognize that self-reporting
in response to pain can vary substantially between individuals due to a combination of
biopsychosocial factors, with gender being only one of the multiple determinants [58,59].
Although men and women displayed similar facial expression patterns during experimen-
tally induced acute low back pain in this sample, differences were observed in subjective
pain reports. To develop innovative therapeutic approaches for individuals suffering from
low back pain, it is crucial to assess pain across multiple dimensions [59]. Future studies
should further investigate the relationship between facial expression changes, psychologi-
cal factors, and peripheral and central neural mechanisms in motor control, particularly
through steadiness during spinal movement in individuals with low back pain [38,57].
These elements may contribute to a better understanding of pain-related motor adaptations
and inform future research directions.

4.1. Limitations

An important limitation of this study is the relatively small sample size of 30 par-
ticipants, which may limit the generalizability of the results to wider and more diverse
populations. An additional limitation is the gender imbalance in the sample, with only
eight women (26.7%). This distribution reflects a common challenge in human experimental
pain studies, as the previous literature indicates that male participants are often more likely
to volunteer for such studies, leading to sex/gender sampling bias [60-62]. Consequently,
findings related to sex differences should be interpreted with caution and may not fully
generalize to populations with a more balanced gender representation.

Furthermore, the sample was restricted to young, healthy individuals with no history
of chronic conditions or musculoskeletal pathologies, which reduces the applicability of the
findings to clinical populations with chronic low back pain or other comorbidities. Another
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limitation refers to the experimental nature of the induced pain, which may not accurately
replicate the complexity and variability of pain experienced in real clinical scenarios. Finally,
despite the use of advanced software to detect facial expressions, automated analysis still
depends on external factors, such as the positioning and quality of the camera (number
of pixels), which can influence the accuracy of the data captured. The computer program
presented here measures differences between facial expressions, regardless of their nature.
Therefore, its results regarding pain measurement only make sense if the variations in facial
expression are due solely to the pain itself, not to laughter or other causes. It was also not
designed to detect pain feigning. Therefore, for the purpose presented here, its use should
only occur in controlled situations.

4.2. Future Research in Clinical Practice

Future research utilizing the software developed in this study could explore innovative
avenues to enhance pain assessment and management in clinical and rehabilitation con-
texts. One promising direction is applying the software to clinical populations experiencing
chronic pain, such as persistent low back pain, to compare facial expressions observed in
experimental acute pain scenarios with chronic pain patterns. Additionally, using larger
samples, diverse clinical populations, and more widely adopted experimental pain models
will be crucial to validate and extend our findings. In clinical settings, the software may be
tested as a complementary tool during functional assessments and therapeutic exercises, po-
tentially supporting monitoring of pain exacerbation, adjustment of exercise intensity, and
longitudinal tracking of pain-related motor adaptations. For practical implementation in
routine care, computational efficiency and real-time processing capability will be essential.

In this context, technical improvements may include implementation on higher-
performance hardware, graphics processing unit acceleration, and algorithmic optimiza-
tions such as parallel processing and resolution adjustment, which could substantially
reduce processing time and facilitate integration into clinical environments. The integration
of additional biomarkers, such as electromyography data, may further broaden the scope
of the software toward a multimodal pain assessment model. Another promising direction
involves the exploration of hybrid or deep learning-based architectures to complement
the current subjectivity-free framework. Advanced feature extraction and pooling strate-
gies, such as singular pooling, could enhance the preservation of discriminative facial
features and improve sensitivity to subtle pain-related facial dynamics [63]. Although
the present study intentionally employed classical computer vision techniques to avoid
training dependency and subjective labeling, subsequent implementations incorporating
such strategies may further optimize performance in larger-scale datasets and real-time
clinical applications.

5. Conclusions

The developed software demonstrated sensitivity to subtle variations in facial ex-
pressions during experimentally induced acute low back pain in a fully automated and
subjectivity-free manner. Unlike deep learning approaches that require large, labeled
datasets for training, the proposed method operates without prior training data or manual
annotation. The system detected significant differences across pain, placebo, and base-
line conditions and showed consistent associations with subjective pain reports and force
steadiness measures. This methodological approach provides a promising complementary
metric for objectively quantifying pain-related expressive changes under controlled condi-
tions. Further validation in larger and clinical populations is warranted to determine its
translational applicability.
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