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Abstract
The aim of this study was to develop and evaluate a machine vision algorithm to assess the pain level in horses, using an
automatic computational classifier based on the Horse Grimace Scale (HGS) and trained by machine learning method. The use of
the Horse Grimace Scale is dependent on a human observer, who most of the time does not have availability to evaluate the animal
for long periods and must also be well trained in order to apply the evaluation system correctly. In addition, even with adequate
training, the presence of an unknown person near an animal in pain can result in behavioral changes, making the evaluation more
complex. As a possible solution, the automatic video-imaging system will be able to monitor pain responses in horses more
accurately and in real-time, and thus allow an earlier diagnosis and more efficient treatment for the affected animals. This study is
based on assessment of facial expressions of 7 horses that underwent castration, collected through a video system positioned on
the top of the feeder station, capturing images at 4 distinct timepoints daily for two days before and four days after surgical
castration. A labeling process was applied to build a pain facial image database and machine learning methods were used to train
the computational pain classifier. The machine vision algorithm was developed through the training of a Convolutional Neural
Network (CNN) that resulted in an overall accuracy of 75.8% while classifying pain on three levels: not present, moderately present,
and obviously present. While classifying between two categories (pain not present and pain present) the overall accuracy reached
88.3%. Although there are some improvements to be made in order to use the system in a daily routine, the model appears
promising and capable of measuring pain on images of horses automatically through facial expressions, collected from video
images.

Citation: Lencioni GC, de Sousa RV, de Souza Sardinha EJ, Corrêa RR, Zanella AJ (2021) Pain assessment in horses using
automatic facial expression recognition through deep learning-based modeling. PLoS ONE 16(10): e0258672.
https://doi.org/10.1371/journal.pone.0258672

Editor: Humaira Nisar, Universiti Tunku Abdul Rahman, MALAYSIA

Received: April 8, 2021; Accepted: October 3, 2021; Published: October 19, 2021

Copyright: © 2021 Lencioni et al. This is an open access article distributed under the terms of the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original author
and source are credited.

Data Availability: All data are available in the Mendeley repository under: Lencioni, Gabriel; Sousa, Rafael; Sardinha, Edson;
Romero, Rodrigo; Zanella, Adroaldo (2021), “Automatic Pain Assessment in Horses”, Mendeley Data, V3, doi:
10.17632/t8rtzcgwxm.3

Funding: Gabriel Carreira Lencioni received an undergraduate stipend from the University of São Paulo, during the course of
the experimental work. Brazilian Coordination for the Improvement of Higher Education (CAPES/PROEX - 760/2020) has
supported this study with the publication fees. The funders had no role in study design, data collection and analysis, decision
to publish, or preparation of the manuscript.

Competing interests: The authors have declared that no competing interests exist.

Introduction
Recognizing pain correctly in animals is essential in order to guarantee their welfare and to provide successful and rapid treatment
when needed [1, 2]. Untreated pain severely compromises the welfare of horses and also can have long-term, permanent
consequences: for example, sensitizing the central nervous system, altering the threshold for responses, subsequently causing
hyperalgesia among other problems [3]. It is suggested that pain evaluation should be seen as the fifth vital sign and, therefore,
should be monitored as often as heart rate, respiratory rate, blood pressure, and body temperature [4], in order to preserve the
health and welfare of the animal. A continuous, real-time evaluation of pain expression over time will result in better analgesic
treatment and recovery [4]. The requirement to evaluate pain many times a day needs to be balanced in a way that the procedure
of the evaluation itself does not result in stress levels as a consequence of repeated physical interventions, which could have a
negative impact on the patient’s overall wellbeing [4].

Evaluating pain correctly can be a challenging task. It requires ability and training from the observer in order to detect pain-related
changes in behavioral or physiological parameters of the animal [4]. In addition, it is extremely difficult to apply these evaluations to
the daily routine of a hospital or equine center, since it requires experienced observers and prolonged observation periods [2, 4].

Facial cues are used in order to assess pain and other emotional states in humans, mostly on patients that are unable to verbalize
to their doctors what they are feeling, such as infants and patients with cognitive impairment, for example [2, 5, 6].
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The study of facial expressions initially proposed by Charles Darwin showed that there are similarities in the facial expressions of
humans and non-human animals [7]. Beyond that, it has been shown recently that humans have the ability to recognize emotions in
several animal species, including pain by analysis of facial expressions [8, 9].

The systematic use of facial expressions as a tool to assess pain in non-human animals was initially proposed in 2010 when a
mouse grimace scale was developed [10]. Protocols to assess facial expressions have been published for several species,
including horses [2, 4, 11, 12]. A recent study has also analyzed the use of the Equine Facial Action Coding System (EquiFACS)
[13] and concluded that facial expressions can be a reliable indicator of pain in horses and also found that facial expressions
related to pain, described by EquiFACS, occur in the same anatomical regions as described by the Horse Grimace Scale (HGS) [2]
and An Equine Pain Face protocol [11, 14]. It is important to mention that, in order to guarantee the right application of pain
recognition protocols, observers must be well trained to recognize these facial cues in order to minimize individual bias and also be
available at different times of the day to make consistent evaluations, which requires significant amounts of time [15, 16]. In
addition, since horses are classified from the evolutionary perspective as prey animals, it is possible that pain behaviors end up
being suppressed due to the responses to potential threatening stimuli, such as the presence of an unfamiliar observer [2, 4, 11,
15], and certain pain behaviors will probably be displayed only in the absence of human observers [15].

The use of automated systems in veterinary practice, animal behavior assessment, and breeding systems has increased, with
emphasis on, among others, the use of machine vision that associates image capture sensors with algorithms using Artificial
Intelligence methods, such as those belonging to the Machine Learning framework tools [17–19]. Due to the challenges regarding
pain evaluation, machine learning methods for pain assessment are promising since it offers noninvasive full-time surveillance
without stressing animals, making it possible to carry out continuous analysis of the evolution of treatment or even as a tool for
early diagnosis by sending warning signals to the veterinarian instantaneously. Automated pain assessment has been evaluated in
many animal species such as mice, sheep, and even humans [15, 20, 21]. A recent article addressed the complexities of assessing
pain on horses through automatic recognition systems [22]. In addition, this resource could also be very useful as a way to educate
students using a more visual and practical approach to pain recognition in horses [15].

Given this background, the aim of this study is to develop a computational automated classifier capable of detecting pain in horses
using cameras in order to capture and evaluate their facial expressions based on the Horse Grimace Scale [2].

Materials and methods
The methodology followed the steps presented in the flowchart (Fig 1). Seven horses undergoing routine castration were filmed two
days before and four days after the procedure. These videos were then processed by an application software (App. 1) developed
using the software Matlab 2016b (Mathworks, USA) in order to extract frames that were then manually selected, looking for images
that allowed the ideal view to evaluate pain using facial expressions. These images were analyzed and labeled by an expert using
the HGS [2], supported by an application software (App. 2) developed using the software Matlab 2016b. The labeling process
enabled the organization of the image database composed of images of horses expressing distinct levels of pain: pain not present,
moderately present, and obviously present. This image database was used for the training of the computational algorithm classifier
(computational modeling).

Fig 1. Methodology steps for building the machine vision algorithm for pain assessment in horses.
https://doi.org/10.1371/journal.pone.0258672.g001

Data-collection

Video images were collected from seven horses of approximately one year of age (six of the breed Brazilian sport horse and one
Mangalarga Marchador, another Brazilian breed) that underwent routine surgical castration, for management reasons, unrelated to
the current experiment. Castration was requested by the University of São Paulo, owner of the animals, that gave to the
experimenter’s permission to collect video data. The surgical procedure followed the standard protocol for sedation, analgesia,
anesthesia and pain management carried out at the veterinary hospital of the School of Veterinary Medicine and Animal Science of
the University of São Paulo [23]. The horses were sedated using intravenous xylazine (0.8 mg/kg) and intramuscular morphine (0.1
mg/kg) for analgesia. The anesthetic induction was done using a combination of ketamine (2 mg/kg) and diazepam (0.05 mg/kg)
through intravenous administration. The anesthetic maintenance was performed by an association of glyceryl guaiacol ether
(50mg/ml), ketamine (2mg/ml), and xylazine (0.5 mg/ml) by slow intravenous infusion. During maintenance of the anesthesia, heart
and respiratory rate were evaluated every 5 minutes. The presence of palpebral reflex, the eye position and nystagmus were
evaluated continuously in order to verify that the animal was at an adequate level of anesthesia. Local anesthesia was administered
in two lines parallel to the scrotal median raphe, using 10 ml of 2% lidocaine in each one. Intratesticular local anesthesia was also
administered using the same drug, with 5 ml for each testicle. Orchiectomy was performed using the closed technique; a skin
incision of approximately eight centimeters was made parallel to the scrotal median raphe, in the most ventral region of the
scrotum. Skin and dartos tunic were incised and the testicle was exteriorized still covered by the vaginal tunics. The emasculator
was positioned and compressed on the spermatic cord and maintained for five minutes. The spermatic funiculus was incised and
the testicle, covered by the tunics, was removed. This procedure was repeated in the same way for the contralateral testicle. The
total length of the procedure was approximately 40 minutes, including 20 minutes for anesthesia and about 20 minutes for the
surgery procedure itself.

The animals were monitored side by side inside the feeder station using a camera system positioned in front of the feeder, for two
days before and four days after the procedure, at four distinct time points of the day: 7 am, 10 am, 12 pm and 4 pm, aiming to
capture images of the animals while presenting distinct levels of pain. The images collected resulted in 320 videos of 30 minutes
each, acquired using Intelbras VHD 1220 B–G4 Multi HD cameras.

All the animals were treated with the same postoperative treatment, which included systemic administration of benzathine penicillin
(40,000 IU/Kg intramuscularly and in a single dose), flunixin meglumine (1.1mg/kg intravenously, once daily for 3 days), and anti-
tetanus serum (10,000 IU intramuscularly, in a single dose). The post-castration follow ups were carried out in the morning (7 am)

https://doi.org/10.1371/journal.pone.0258672.g001
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.g001
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and in the afternoon (12 pm), before the video recordings. The scrotum wounds were washed with soap and water and treated with
penicillin-based ointment twice a day. The protocol was reviewed and approved by the Ethical Committee on the use of animals
(CEUA number: 6603170419). All the animals filmed were property of the University of Sao Paulo and the written consent for this
study was obtained.

Pre-processing and organization of image database

The videos were processed through App. 1 in order to automatically detect motion and extract frames (images) of each horse at
different moments, resulting in 185672 images. Then, 3000 images were selected manually by visual inspection in order to use only
the ones that were in the right position, with a lateral view of the horse’s head, in order to evaluate pain through facial expression
[2].

The HGS is composed of six parameters:1- Position of the ears, 2- Orbital tightening, 3- Tension above the eye area, 4- Prominent
strained chewing muscles, 5- Mouth strained and pronounced chin, 6- Strained nostrils and flattening of the profile. These
parameters allow for the evaluation of three levels of pain: not present, moderately present and obviously present [2]. In order to
test the viability of the system, those six parameters were grouped as three different groups of face parts (parameters): the first one
was regarding the position of the ears; the second one regarding the eye (such as orbital tightening and tension above eye area);
and the third grouped the chewing muscles and mouth and nostrils position. Fig 2 shows the three parts of the horse’s face and the
three pain categories that are used in modeling the machine vision algorithm.

Fig 2. Horse face regions and pain levels for evaluation by computer modeling.
Ears: Considers ear position, distance between them and direction. Eyes: Considers size of the orbital area, muscular tension
above the eye, visibility of underlying bone surfaces. Mouth and nostrils: Considers level of mouth and nostrils straining,
tension, size of mouth-collum (line between the upper and lower lips) and nostril dilation.
https://doi.org/10.1371/journal.pone.0258672.g002

The 3000 images were identified, cropped, and labeled by a trained observer based on the HGS [2] and using App. 2 (Fig 3) to
compose a final image database of three different pain categories for each one of the regions of the face.

Fig 3. Window application software for the labeling process.
https://doi.org/10.1371/journal.pone.0258672.g003

The final database was composed of 4850 images having 2379 images of ears, 1436 images of eyes, and 1035 images of mouth
and nostrils, all classified according to the three defined categories (Table 1). These images originated from the 3000 selected
frames which were cropped into specific areas related to the parameters used on the HGS [2].

https://doi.org/10.1371/journal.pone.0258672.g002
https://doi.org/10.1371/journal.pone.0258672.g003
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.g002
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.g003
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Table 1. Composition of final image database.
https://doi.org/10.1371/journal.pone.0258672.t001

Computational modeling

After the image database was organized, three pain classifier models based on Convolutional Neural Network (CNN) architecture
were built according to the Sequential Keras Library (version 2.0.6) for Python Programming Language (version 3.5.4 rc1) and set
up (Table 2) for each one of the three parameters (ears, eyes, and mouth and nostrils). The image database was used as a
predictive attribute (model input) and the pain level as a target attribute (model output). For each of the three classifier models, the
modeling cycle was accomplished using 80% of images for the training itself, 10% for validation (used during the training process to
assess the error and establish a process stop condition), and 10% for testing (used at the end of the modeling cycle to evaluate the
performance of the pain prediction model). Images were randomly assigned for training, validation and testing steps. Several cycles
of the CNN architecture were executed and adjusted for determining the best configuration of the hyperparameters (Table 3) that
produced the best pain model classifier for each target attribute. At end of each modeling cycle, the model´s performance was
evaluated using confusion matrix metrics (accuracy, precision, and recall).

Table 2. Model architecture based on the convolutional neural network that was used to classify the pain level for each evaluated parameter
(ears, eye and mouth and nostrils).
https://doi.org/10.1371/journal.pone.0258672.t002

Table 3. Hyperparameters used in the final classifier model for each evaluated parameter (ears, eye, and mouth and nostrils).
https://doi.org/10.1371/journal.pone.0258672.t003

The accuracy indicates the overall efficacy of the model and is calculated by:

The precision indicates whether the data was classified in the correct class or not, and is calculated by:

Recall measures the ability of the classifier to identify all the correct data for each class and is calculated by:

Afterwards, each one of the final trained models was used together through a classification process in order to classify pain on
images showing the whole face of the animals based on all the recommendations and confidence values. The classifier was
created using a machine learning method, based on Artificial Neural Network (ANN-based classifier). The ANN-based classifier was
built using the Weka 3.8 software (Waikato Environment for Knowledge Analysis, New Zealand) and a Perceptron feedforward and
multi-layered architecture, with a sigmoid transfer function in the hidden layer and a linear transfer function in the output layer. The
Levenberg-Marquardt backpropagation method and mean squared error were employed to measure the performance using k-fold
cross validation of 10. ANN-based classifier performance indicators (accuracy, precision and recall) are calculated by averaging the
values among all folds.

Forty complete original images were randomly selected of animals from each class: no pain, moderately present pain and obviously
present pain, resulting in 120 complete images. A total of 360 cuttings from the regions of these samples were used to create a
database that was used in the process of training and testing to obtain the final ANN-based classifier.

Results and discussion
The CNN-based individual training models created for each part of the face resulted in an overall accuracy of 90.3% for the ears
(Table 4), 65.5% for the eyes (Table 5), and 74.5% for the mouth and nostrils (Table 6).

https://doi.org/10.1371/journal.pone.0258672.t001
https://doi.org/10.1371/journal.pone.0258672.t002
https://doi.org/10.1371/journal.pone.0258672.t003
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t001
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t002
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t003
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Table 4. Confusion matrix between the data classified by the CNN-based model and HGS for the ears images.
https://doi.org/10.1371/journal.pone.0258672.t004

Table 5. Confusion matrix between the data classified by the CNN-based model and HGS for the eyes images.
https://doi.org/10.1371/journal.pone.0258672.t005

Table 6. Confusion matrix between the data classified by the CNN-based model and HGS for the mouth and nostrils images.
https://doi.org/10.1371/journal.pone.0258672.t006

The model trained to evaluate pain level according to the position of the ears was composed of 2379 images, distributed as 1991
images showing absence of pain, 203 showing pain moderately present and 185 showing pain as being obviously present (Table
1). The generated model based on ears was tested using 237 images from the separated dataset for testing and showed a good
ability to identify the absence of pain, but it did not obtain the same performance in the differentiation between the Moderately
Present and Obviously Present classes, as can be seen by the lower values of the parameters recall and precision of these classes
(Table 4). This fact is reinforced by the lower values of recall and precision (27.8% and 71.4%, respectively) of the class ’Obviously
Present’ in relation to the other classes. This result indicates the need for better balancing of the image database with more
samples in order to get better performance in the training process in future CNN-based modeling works.

The model trained to evaluate the presence of pain when analyzing the eyes, on the other hand, was well balanced, having 1436
images, distributed as 477 images showing absence of pain, 488 moderately present pain, and 471 obviously present pain (Table
1). In this case, the general accuracy of the model of 65.5% (Table 5), when tested using 142 images from the separated dataset
for testing, was lower than the 90.3% accuracy of the pain assessment model by the position of the ears (Table 4) mainly due to the
values of False Positive of the class Moderately Present and Obviously Present. In general, the smaller number of samples used in
training in relation to the model for indication of pain in the ears (1463 eyes images against 2379 ears images) may explain this
inferior performance.

The database of the third model referring to the mouth and nostrils is the smallest one, but it has an intermediate balance of images
in relation to the images of the ears and the eyes. The 1035 images are distributed in 506 images of the absence of pain, 393 of
moderately present pain, and 136 of obviously present pain (Table 1). With this structure, it resulted in an intermediate accuracy of
74.5% (Table 6), when tested using 102 images from the separated dataset for testing, relative to the models for the ear and the
eye, which had accuracies of 90.3% (Table 4) and 65.5% (Table 5), respectively.

From the three ready classification algorithms, a fine-tuning process was performed to train the ANN-based classifier that combines
the individual recommendations and confidence value of each model. The final value for the number of neurons in the hidden layer,
the learning rate and the momentum hyperparameters were 5, 0.3 and 0.2 respectively.

While evaluating the pain level on the complete image of the horses, the system was able to achieve an overall accuracy of 75.8%.
When analyzing the confusion matrix (Table 7) between each one of the classes, it showed that 80% of the time that the system
predicted that the horse on the image was presenting absence of pain, the animal was indeed showing this classification according
to the human observer that had evaluated the images previously. It is interesting to note that the 17.5% error made by the system in
this class was classified as pain moderately present, and only 2.5% as pain obviously present, meaning that the mistake was close
to the correct evaluation. For the next class, when the system predicted that the animals presented moderate pain, it was right in
67.5% of the cases, with the error distributed between pain not present (17.5%), and pain obviously present (15%). In the third
class, 80% of the time that the system predicted that the horse was clearly in pain, this was precise according to the human
evaluator. It is also interesting that the 20% of error was classified as moderately present pain, but not as pain not present,
suggesting that even the mistakes of the system show a good level of learning from the parameters.

Table 7. Confusion matrix between the data classified by the ANN-based classifier and HGS, described on three levels of pain.
https://doi.org/10.1371/journal.pone.0258672.t007

When evaluating the results of the automated system while differentiating between two categories (pain not present and present
pain) (Table 8) instead of three levels (pain not present, moderately present, and obviously present) the outcome was even more
promising, reaching an overall accuracy of 88.3%.

https://doi.org/10.1371/journal.pone.0258672.t004
https://doi.org/10.1371/journal.pone.0258672.t005
https://doi.org/10.1371/journal.pone.0258672.t006
https://doi.org/10.1371/journal.pone.0258672.t007
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t004
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t005
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t006
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t007
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Table 8. Confusion matrix between the data classified by the ANN-based classifier and HGS, described on two levels of pain.
https://doi.org/10.1371/journal.pone.0258672.t008

These results show that evaluating pain automatically in horses through the use of artificial intelligence to recognize facial
expressions is very promising. However, some improvements should be made in the future in order to produce even better
outcomes, such as having a larger image bank with higher quality images in order to improve the training of the Convolutional
Neural Networks, and also for a better balance between each one of the classes, resulting in an equivalent number of images for
each class. Additionally, it would be interesting to have more trained evaluators classifying the images in order to exclude possible
biases from individual discrepancies when applying the pain scales. It is also important to train the system to recognize other
behaviors presented by the horses that could lead to an incorrect interpretation of pain.

Conclusions
The model based on Convolutional Neural Network showed potential to assess the level of pain in horses. The automated
computational classifier showed a success rate of 75.8% when evaluating three levels of pain in horses and 88.3% when
discriminating the presence or not of pain through the analysis of the animals’ facial expressions. Even with the high performance
for detecting pain levels, we found that it is still necessary to carry out new measurements to expand the database in relation to the
categories, especially for the purpose of balancing them. In addition, by increasing the quality of the images used, it will be possible
to better identify the expressions of pain and to generate a more accurate labeling of the images according to the levels of pain for
the training of models. This study seeks to show the potential of the proposed method. Our aim is to inspire other scientists who
can facilitate the improvement of networks of excellence to collaborate on the development of intelligent systems to assess pain in
animals.

Acknowledgments
We acknowledge the help from the Department of Preventive Veterinary Medicine and Animal Health, and the Department of
Surgery, both from the School of Veterinary Medicine and Animal Science. The Horse Sector of the Campus Fernando Costa is also
acknowledged for the help with the management of the animals. The veterinarian Laura Pinseta helped with the required exams of
the animals. Leandro Sabei, M.Sc., Thiago Bernardino, M.Sc., and Denis Sato, M.Sc. helped to install the video system for data
collection. Erica N. Feuerbacher helped with the revision process. We would also like to show our gratitude to the team from the
CAEP/FMVZ, the members from CECSBE-USP, and the Innovation and Entrepreneurship Program–InovaGrad-USP, from AUSPIN
and PRG-USP.

References
Flecknell P. Analgesia from a veterinary perspective. Br J Anaesth. 2008;101: 121–124. pmid:18424804

Dalla Costa E, Minero M, Lebelt D, Stucke D, Canali E, Leach MC. Development of the Horse Grimace Scale (HGS) as a pain assessment tool in horses
undergoing routine castration. PLoS One. 2014;9: 1–10. pmid:24647606

Muir WW. Pain: Mechanisms and Management in Horses. Vet Clin North Am—Equine Pract. 2010;26: 467–480. pmid:21056294

Gleerup KB, Lindegaard C. Recognition and quantification of pain in horses: A tutorial review. Equine Vet Educ. 2016;28: 47–57.

Jordan A, Hughes J, Pakresi M, Hepburn S, O’Brien JT. The utility of PAINAD in assessing pain in a UK population with severe dementia. Int J Geriatr
Psychiatry. 2011;26: 118–126. pmid:20652872

Grunau RVE, Craig KD. Pain expression in neonates: facial action and cry. Pain. 1987;28: 395–410. pmid:3574966

Darwin C. The expression of the emotions in man and animals. London: John Murray; 1872. pmid:28995415

Deyo KS, Prkachin KM, Mercer SR. Development of sensitivity to facial expression of pain. Pain. 2004;107: 16–21. pmid:14715384

Cohen Kadosh K, Johnson MH. Developing a cortex specialized for face perception. Trends Cogn Sci. 2007;11: 367–369. pmid:17631408

Langford DJ, Bailey AL, Chanda ML, Clarke SE, Drummond TE, Echols S, et al. Coding of facial expressions of pain in the laboratory mouse. Nat
Methods. 2010;7: 447–449. pmid:20453868

https://doi.org/10.1093/bja/aen087
http://www.ncbi.nlm.nih.gov/pubmed/18424804
http://scholar.google.com/scholar?q=Analgesia+from+a+veterinary+perspective+Flecknell+2008
https://doi.org/10.1371/journal.pone.0092281
http://www.ncbi.nlm.nih.gov/pubmed/24647606
http://scholar.google.com/scholar?q=Development+of+the+Horse+Grimace+Scale+%28HGS%29+as+a+pain+assessment+tool+in+horses+undergoing+routine+castration+Dalla+Costa+2014
https://doi.org/10.1016/j.cveq.2010.07.008
http://www.ncbi.nlm.nih.gov/pubmed/21056294
http://scholar.google.com/scholar?q=Pain%3A+Mechanisms+and+Management+in+Horses+Muir+2010
https://doi.org/10.1111/eve.12383
http://scholar.google.com/scholar?q=Recognition+and+quantification+of+pain+in+horses%3A+A+tutorial+review+Gleerup+2016
https://doi.org/10.1002/gps.2489
http://www.ncbi.nlm.nih.gov/pubmed/20652872
http://scholar.google.com/scholar?q=The+utility+of+PAINAD+in+assessing+pain+in+a+UK+population+with+severe+dementia+Jordan+2011
https://doi.org/10.1016/0304-3959(87)90073-X
http://www.ncbi.nlm.nih.gov/pubmed/3574966
http://scholar.google.com/scholar?q=Pain+expression+in+neonates%3A+facial+action+and+cry+Grunau+1987
https://doi.org/10.1016/s0304-3959(03)00263-x
http://www.ncbi.nlm.nih.gov/pubmed/14715384
http://scholar.google.com/scholar?q=Development+of+sensitivity+to+facial+expression+of+pain+Deyo+2004
https://doi.org/10.1016/j.tics.2007.06.007
http://www.ncbi.nlm.nih.gov/pubmed/17631408
http://scholar.google.com/scholar?q=Developing+a+cortex+specialized+for+face+perception+Cohen+Kadosh+2007
https://doi.org/10.1038/nmeth.1455
http://www.ncbi.nlm.nih.gov/pubmed/20453868
http://scholar.google.com/scholar?q=Coding+of+facial+expressions+of+pain+in+the+laboratory+mouse+Langford+2010
https://doi.org/10.1371/journal.pone.0258672.t008
https://journals.plos.org/plosone/article/figure/image?size=medium&id=10.1371/journal.pone.0258672.t008


27/09/2022 16:41 Pain assessment in horses using automatic facial expression recognition through deep learning-based modeling | PLOS ONE

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0258672 7/7

11.
View Article PubMed/NCBI Google Scholar

12.

View Article Google Scholar

13.
View Article PubMed/NCBI Google Scholar

14.

View Article PubMed/NCBI Google Scholar

15.

View Article Google Scholar

16.
View Article PubMed/NCBI Google Scholar

17.
View Article PubMed/NCBI Google Scholar

18.
View Article Google Scholar

19.
View Article Google Scholar

20.

View Article PubMed/NCBI Google Scholar

21.

22.

View Article PubMed/NCBI Google Scholar

23.
View Article Google Scholar

Gleerup KB, Forkman B, Lindegaard C, Andersen PH. An equine pain face. Vet Anaesth Analg. 2015;42: 103–114. pmid:25082060

Marcantonio Coneglian M, Duarte Borges T, Weber SH, Godoi Bertagnon H, Michelotto PV. Use of the horse grimace scale to identify and quantify pain
due to dental disorders in horses. Appl Anim Behav Sci. 2020;225: 104970.

Wathan J, Burrows AM, Waller BM, McComb K. EquiFACS: The equine facial action coding system. PLoS One. 2015;10: 1–35. pmid:26244573

Rashid M, Silventoinen A, Gleerup KB, Andersen PH. Equine facial action coding system for determination of pain-related facial responses in videos of
horses. PLoS One. 2020;15: 1–18. pmid:33141852

Andersen PH, Gleerup KB, Wathan J, Coles B, Kjellström H, Broomé S, et al. Can a Machine Learn to See Horse Pain? An Interdisciplinary Approach
Towards Automated Decoding of Facial Expressions of Pain in the Horse. Proc Meas Behav. 2018; 6–8. Available: www.measuringbehavior.org

Kil N, Ertelt K, Auer U. Development and validation of an automated video tracking model for stabled horses. Animals. 2020;10: 1–12. pmid:33266297

Mathis MW, Mathis A. Deep learning tools for the measurement of animal behavior in neuroscience. Curr Opin Neurobiol. 2020;60: 1–11. pmid:31791006

Kamilaris A, Prenafeta-Boldú FX. Deep learning in agriculture: A survey. Comput Electron Agric. 2018;147: 70–90.

Neethirajan S. The role of sensors, big data and machine learning in modern animal farming. Sens Bio-Sensing Res. 2020;29: 100367.

Tuttle AH, Molinaro MJ, Jethwa JF, Sotocinal SG, Prieto JC, Styner MA, et al. A deep neural network to assess spontaneous pain from mouse facial
expressions. Mol Pain. 2018;14: 1–9. pmid:29546805

Lu Y, Mahmoud M, Robinson P. Estimating Sheep Pain Level Using Facial Action Unit Detection. Proc - 12th IEEE Int Conf Autom Face Gesture
Recognition, FG 2017 - 1st Int Work Adapt Shot Learn Gesture Underst Prod ASL4GUP 2017, Biometrics Wild, Bwild 2017, Heteroge. 2017; 394–399.
https://doi.org/10.1109/FG.2017.56

Andersen PH, Broomé S, Rashid M, Lundblad J, Ask K, Li Z, et al. Towards machine recognition of facial expressions of pain in horses. Animals. 2021;11.
pmid:34206077

Auer J, Stick J. Equine Surgery. 5th edition. 2018. p. 1896.

https://doi.org/10.1111/vaa.12212
http://www.ncbi.nlm.nih.gov/pubmed/25082060
http://scholar.google.com/scholar?q=An+equine+pain+face+Gleerup+2015
https://doi.org/10.1016/j.applanim.2020.104970
http://scholar.google.com/scholar?q=Use+of+the+horse+grimace+scale+to+identify+and+quantify+pain+due+to+dental+disorders+in+horses+Marcantonio+Coneglian+2020
https://doi.org/10.1371/journal.pone.0131738
http://www.ncbi.nlm.nih.gov/pubmed/26244573
http://scholar.google.com/scholar?q=EquiFACS%3A+The+equine+facial+action+coding+system.+Wathan+2015
https://doi.org/10.1371/journal.pone.0231608
http://www.ncbi.nlm.nih.gov/pubmed/33141852
http://scholar.google.com/scholar?q=Equine+facial+action+coding+system+for+determination+of+pain-related+facial+responses+in+videos+of+horses+Rashid+2020
http://scholar.google.com/scholar?q=Can+a+Machine+Learn+to+See+Horse+Pain%3F+An+Interdisciplinary+Approach+Towards+Automated+Decoding+of+Facial+Expressions+of+Pain+in+the+Horse+Andersen+2018
https://doi.org/10.3390/ani10122258
http://www.ncbi.nlm.nih.gov/pubmed/33266297
http://scholar.google.com/scholar?q=Development+and+validation+of+an+automated+video+tracking+model+for+stabled+horses+Kil+2020
https://doi.org/10.1016/j.conb.2019.10.008
http://www.ncbi.nlm.nih.gov/pubmed/31791006
http://scholar.google.com/scholar?q=Deep+learning+tools+for+the+measurement+of+animal+behavior+in+neuroscience+Mathis+2020
https://doi.org/10.1016/j.compag.2018.02.016
http://scholar.google.com/scholar?q=Deep+learning+in+agriculture%3A+A+survey+Kamilaris+2018
https://doi.org/10.1016/j.sbsr.2020.100367
http://scholar.google.com/scholar?q=The+role+of+sensors%2C+big+data+and+machine+learning+in+modern+animal+farming+Neethirajan+2020
https://doi.org/10.1177/1744806918763658
http://www.ncbi.nlm.nih.gov/pubmed/29546805
http://scholar.google.com/scholar?q=A+deep+neural+network+to+assess+spontaneous+pain+from+mouse+facial+expressions+Tuttle+2018
https://doi.org/10.3390/ani11061643
http://www.ncbi.nlm.nih.gov/pubmed/34206077
http://scholar.google.com/scholar?q=Towards+machine+recognition+of+facial+expressions+of+pain+in+horses+Andersen+2021
http://scholar.google.com/scholar?q=Equine+Surgery.+5th+edition+Auer+2018
http://www.measuringbehavior.org/
https://doi.org/10.1109/FG.2017.56

