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Brendan Elliot Arnold

Abstract

Pain is a complex neuro-psychosocial experience that is internal and private making it
difficult to assess in both humans and animals. In research approximately 95% of animal models
use rodents, with rats being among the most common for pain studies [3]. However,
traditional assessments of the pain response struggle to demonstrate that the behaviors are a
direct measurement of pain. The rat grimace scale (RGS) was developed based on facial action
coding systems (FACS) which have known utility in non-verbal humans [6, 9]. The RGS
measures facial action units of orbital tightening, ear changes, nose flattening, and whisker
changes in an attempt to quantify the pain behaviors of the rat. These action units are measured
on frontal images of rats with their face in clear view on a scale of 0-2, then summed together.
The total score is then averaged to find a final value for RGS between 0-2. Currently, the
software program Rodent Face Finder® can extract frontal face images. However, the RGS
scores are still manually recorded which is a labor-intensive process, requiring hours of
training. Furthermore, the scoring can be subjective, with differences existing between
researchers and lab groups. The primary aim of this study is to develop an automated system that
can detect action unit regions and generate a RGS score for each image. To accomplish this
objective, a YOLOV5 object detector and Vision Transformers (ViT) for classification were
trained on a dataset of frontal-facing images extracted using Rodent Face Finder®.
Subsequently, the model was then validated using a RGS test for blast traumatic brain injury
(bTBI). The validation dataset consisted of 40 control images of uninjured rats, 40 images from
the bTBI study on the day of injury, and 40 images 1-month post-injury. All 120 images in the
validation set were then manually graded for RGS and tested using the automated RGS system.
The results indicated that the automated RGS system accurately and efficiently graded the
images with minimal variation in results compared to human graders in just 1/14™ of the time.
This system provides a fast and reliable method to extract meaningful information of rats’
internal pain state. Furthermore, the study presents an avenue for future research into real-time

pain monitoring.
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General Audience Abstract

Pain is a difficult experience to measure, both in humans and animals. It can be a
subjective experience that is largely based on individual perception and interpretation.
Furthermore, in animals, pain is even more challenging to assess because they cannot
communicate their experience through language. Nonetheless, animal research plays an
important role in understanding and treating the underlying mechanisms of pain. In animal
research, rats are commonly used to study pain. However, traditional methods of assessing pain
behaviors are not meant to observe the pain experience, but instead analyze a response to an
external stimulus. The rat grimace scale (RGS) was developed as a direct measurement of the
pain experience by analyzing the facial features. Currently, RGS scores are manually recorded
by trained researchers which is time-consuming and can be subjective. This study aimed to
develop an automated system to identify pain related facial expressions and generate a RGS
score for frontal-images of rats. The system was trained using a dataset of frontal-facing rat
images with varying levels of RGS scores and validated using images of rats from a traumatic
brain injury study. The results showed that the automated RGS system accurately identified RGS
pain level differences between recently injured rats, uninjured rats, and rats which were allowed
to recover for 1-month. Furthermore, the system provided a fast and reliable method for
measuring rat pain behavior when compared to manual grading. With this system, researchers
will be able to efficiently perform RGS test. Additionally, this study presents an opportunity for

future automation of other grimace scales as well as research into real-time pain monitoring.
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Introduction

Pain is a complex multifaceted experience influenced by a range of biological,
psychological, and social factors. Furthermore, it is a subjective experience that can be
challenging to quantify and measure objectively in both humans and animals [1,2]. Despite the
difficulties associated with assessing pain, it is a crucial aspect of research elucidating the
mechanisms of injuries and their potential treatments. This research can encompass studies on
pain mechanisms such as, the role of neurotransmitters, nerve pathways, and other biological
processes, as well as research on potential instruments to alleviate the underlying processes.
However, conducting research on human subjects is very challenging. This is partly due to
ethical considerations and limited ability to congregate a group of subjects with similar
conditions without pronounced confounding variables. Nevertheless, advancing our
understanding of pain and developing new treatments must be conducted to provide a better
quality of life for millions worldwide. Therefore, animal research is paramount in investigating

pain’s mechanisms for improved treatment.

In preclinical research approximately 95% of animal models use rodents, with rats being
among the most common for pain studies [3]. Rat models are commonly used in pain research
due to the many similarities they share with humans in their physiology and pain pathways.
These similarities enable researchers to study injury response and treatment in rats and to relate
the finding to human response, prior to clinical studies. Despite the advantages of rodents in
research, they are still non-verbal beings that cannot directly communicate their experiences. To
compensate for this limitation, researchers use a range of tests to assess the effectiveness of a
treatment or the extent of an injury. These include assessments of response to nociceptive stimuli
such as mechanical, thermal, and chemical responses as well as behavioral tests including the
tracking of movement, weight loss, and socialization [4]. While these tests can provide useful
information on the wellbeing of the rat, traditional assessments of the pain response struggle to
demonstrate a direct connection between behavior and pain experience. In many of these tests,
the secondary response to pain is monitored such as latency for withdrawal from a stimulus,

rather than the pain experience itself.



One solution for this problem is the use of Facial Action Coding Systems (FACS). FACS
are coding systems which analyze facial body language such as eyebrow movement, orbital
tightening, and other muscular movements, to determine emotional expression [5]. By assessing
specific facial movements under known emotional contexts researchers can identify particular
action units for any emotional expression and use them as a systematic measurement to
determine emotional states without relying on verbal communication. FACS have demonstrated
utility among nonverbal humans who may have cognitive impairments or other communication
disabilities as a means of communication [6-8]. Building on the success in nonverbal humans,
further coding systems were developed for a variety of animals, including laboratory rats, to

provide a direct measurement of pain.

The rat grimace scale (RGS) was developed to directly quantify the rat’s pain response
using facial expressions [9]. RGS uses four action units including orbital tightening, nose
flattening, ear changes, and whisker changes and scores them on a 0-2 scale to numerically
evaluate the rat’s wellbeing. During a RGS experiment, the rat is placed in a clear chamber, and
they are recorded with a frontal-facing camera. The frontal images of the rat are then taken from
specified timepoints throughout the video and individually graded by a team of trained
researchers. This technique was originally developed for studying acute pain instances; however,
it has been used for chronic pain studies as well [10, 11]. The RGS has been employed in a
variety of research settings encompassing studies including, but not limited to, anesthesia
methodologies, chronic inflammation, and brain injuries. Despite its broad applications, the use
of RGS can be challenging due to its labor-intensive process and the requirement of a team of
trained researchers. This limitation creates a barrier to many researchers who may want to use
this technique but struggle to find a way to start. Additionally, while RGS grading between
researchers has shown satisfactory inter-rater agreement, differences still occur due to the
subjective nature of grading action units within gray areas [12]. To combat these obstacles a tool

could be developed using computer vision techniques for automated RGS grading.

The application of computer vision and machine learning has demonstrated significant
success in a large variety of behavioral tracking applications for humans and animals [13,14].
This includes programs which monitor FACS for humans, mice, and cats [13, 15, 16]. However,

no fully automated system has been developed for RGS despite the widespread use of rats in pain



studies. This study aims to address this gap by developing an automated RGS scoring system
based on object detection and classification models commonly used in computer vision. The first
objective of this study was to create an automated RGS scoring system that can detect action
units within an image and grade them according to the RGS standards. The second aim was to
then validate this program against hand graded RGS images for accuracy and efficiency. The
development of an automated system for RGS scoring would greatly enhance the efficiency of
RGS as well as reduce the barriers to entry which may prevent studies from utilizing the RGS
system.



Background

Grimace Scales

The history of using facial expression as a pain indicator dates as far back as the 19"
century where Charles Darwin claimed that animal emotional states could be detected through
facial expressions [17]. This idea was further developed with the advent of FACS, which had
researchers identify and quantify specific action units in human facial expressions to predict a
person’s state of emotion. This practice was specifically extrapolated towards pain where the
action units of lowering eyebrows, eye squeezing, nose wrinkling, opening of the mouth, and a
raised upper lip were used to identify pain without verbal communication [18]. The application
of FACS has also been expanded to include nonverbal infants, where the use of anesthesia and
pain medication for neonates were justified due to pain related facial expressions [19]. Despite
the major differences observed between animals, similar action units were observed for pain

related expression in a variety of animals [20].

Langford et al. (2010), conducted one of the earliest studies to evaluate pain response in
non-human mammals, using laboratory mice [21]. This study performed a preclinical pain assay
of 0.9% acetic acid abdominal constriction test to determine pain related action units and develop
a mouse grimace scale (MGS). After introducing the pain stimulus, the mice were filmed for 30
minutes, and facial images were captured at every 3-minute increment. Using these images, they
created a FACS to measure pain expression through orbital tightening, nose bulging, cheek
bulging, ear positioning, and whisker changes. A secondary study was then conducted where the
MGS was applied to a mouse migraine model which found an elevated MGS score in the mutant
mice compared to wild-type mice. The success of the MGS led to the development of grimace
scales for other species, including felines, horses, and pigs [22-24]. However, the most
significant development was the RGS, which provided researchers with a primary measure of

pain in one of the most prevalent pain models in research [3, 9].

The RGS was developed shortly after MGS in a study by Sotocinal et al. (2011) [9].
Sotocinal and colleagues aimed to replicate the success seen in the MGS by using a FACS
specifically modified for rats. The researchers found four action units that dictated a pain

response through the use of an inflammatory assay and laparotomy study. This included orbital
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tightening, ear changes, nose flattening, and whisker changes. Additionally, the researchers went
on to partially automate the RGS process by automating the collection of frontal-facing images
in a program called Rodent Face Finder®.

According to Mogil et al. (2020), the usage of the RGS and the MGS has been on the rise
since their development [20]. Initially designed for acute pain, RGS has been applied to chronic
pain studies, where it has shown elevated scores long after the initial stimulus [10, 11]. Despite
its effectiveness, using RGS can be challenging due to the time-consuming image collection,
grading, and training involved. Additionally, research has found that inter-rater reliability of
RGS, measured by the intraclass correlation coefficient (ICC), is high for orbital tightening but
less so for other action units [11, 12, 25]. Increasing the number of graders might address this
issue, but the required training and time commitment makes this difficult to implement.
Moreover, many studies using RGS do not provide details about the rater’s training or inter-rater
agreement, undermining the reliability of their results [20]. For these reasons research into
machine learning and computer vision techniques for grimace scale grading is currently being

explored.

Several grimace scales are exploring the automation of pain detection through facial
landmarks [16]. However, the largest focus has been on the MGS, which has an automated
version (aMGS) based on a deep convolutional neural network (CNN) [15]. Furthermore,
additional research has taken place to improve upon the developed model [26, 27]. Despite the
resources being implemented into the improvement of the MGS system, very little work has been
done to automate the RGS. Additionally, the current image collection tool Rodent Face Finder®,
relies on outdated object detection techniques such as Haar cascades. Therefore, developing a

fully automated RGS system could provide substantial benefits for pain research.

Image Classification

The foundation of computer vision is to replicate the human capability of recognizing
visual information. At the forefront of this research is the classification of images into categories
based on their visual content. Many machine learning techniques have been used to classify

images into their respective categories, however, at the simplest level, most image classification



follows some form of feature extraction which is then run through a classification algorithm for

pattern recognition.

In computer vision, many models are used for image classification including support
vector machines (SVM), K-Nearest Neighbors (KNN), Naive Bayes, and deep learning to name
a few. Each model uses a different algorithm to make predictions. In SVMs, a model finds
hyperplanes that can separate the predicted algorithm output into categories, whereas KNNs find
the K number of images with the closest resemblance in features and predicts the input based on
the nearest neighbors in the training data [28, 29]. Additionally, some models use probability like
Naive Bayes classifiers, which uses the Bayes’ theorem to estimate the probability of a class
given the features in an image [30]. Despite all of the potential methods for image classification,
the development of neural networks (NN) and deep learning led to massive improvements in

image classification for complex models [31].

Neural networks, illustrated in Figure 1, are inspired by the structure and function of the
human brain [32]. A NN operates in a comparable way to a neuron by utilizing interconnected
nodes to analyze data and make decisions. In general, these models use an input layer that
receives raw data, which is then processed through the hidden layers and passed towards the
output layer to make a prediction. Each node in the network receives inputs from the previous
layer and applies an activation function, which introduces nonlinearity within the model. This
activation function is used to discover complex features in the input. The output of each node is
then multiplied by a set of weights and passed on to the next layer of nodes. The product of the
activation function’s output and the weights are calculated for each node in the next layer, and

the process is repeated until the final layer which produces the network’s output.
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Figure 1: A basic neural network architecture courtesy of TIBCO [33].
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One advantage of a NN is its training process, in which the weighted sums are optimized
to recognize patterns and determine the importance of each node’s output for the next layer.
These weights are optimized through training data, which in the case of supervised learning has a
known label. As the network predicts the training data, the optimization algorithm adjusts the
weights such that the prediction accuracy on training data increases. This process results in a
final output layer which makes informed decisions based on which nodes are firing due to the

input it receives.

Convolutional neural networks are commonly used for image recognition due to their
effectiveness in analyzing spatial features in grid-structured data [34]. The general architecture
of CNNs, visualized in Figure 2, consists of convolutional and pooling layers for feature
extraction and fully connected layers for classification. Convolutional layers are responsible for
developing feature maps from an image while the pooling layers are used to down-sample the
feature maps. Convolutional layers work by using a set of filters, also known as kernels, to scan
over an image and produce a feature map. Each filter can capture different local patterns within
an image such as vertical or horizontal edges. If a feature is detected within a local region the
kernel will produce an increased output to the next layer similarly to normal neural networks.
This process is repeated for each local region of an image until a feature map is generated. The
data is then run through a pooling layer which down-samples the feature maps, in the case of
max pooling the layer takes the highest weight for each area on an image. This technique saves
the feature map weights while reducing the spatial dimensions which saves computational time.

This process can then be repeated multiple times within a CNN to extract complex features from

an image.
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Figure 2: A Simple convolutional neural network architecture courtesy of Phung et al. [35].



Once the internal feature extraction is performed, the final pooling layer is flattened into
a one-dimensional array before it is fed into to the fully connected layers. These layers act
similarly to the hidden layers in a traditional neural network and result in an output layer which
determines the image’s classification. One key benefit of CNNs is their flexibility, which allows
changes to the internal architecture to try and enhance the networks’ performance for its task
[32]. This has led to the development of many image classification competitions, which
commonly drive innovation in CNN architecture. Furthermore, these competitions also result in
the creation of large open-source datasets that can be used to pre-train models prior to fine-
tuning for specific tasks.

A recent advancement in computer vision is from the transformer architecture, which was
originally developed for natural language processing (NLP). The transformer architecture was
developed in a landmark paper by Vaswani et al. (2017) and has revolutionized the NLP field for
its performance due to its use of the attention mechanisms [36]. In NLP, the transformer receives
input data as a sequence of words, known as tokens, each with a sequential value for its position
in the input. The model then uses self-attention layers to compute the relationships between
different parts of the sequence and assigns attention values to each token, which determines its
importance in making decisions. Similarly, to CNNSs, this internal architecture is flexible and
allows for multiple attention layers to further evaluate complex relationships between the tokens.
After the attention layers, the transformer model uses feed-forward layers to process the attention
values. The feed-forward layer performs a linear transformation of the data to extract different

information such as local and global relationships within the tokens.

The vision transformer (ViT) architecture, pictured in Figure 3, was introduced by
Dosovitskiy et al. (2020), and is a recent development in computer vision that replaces the
traditional CNNs with the transformer architecture that was originally developed for NLP [37].
This model follows the same procedure as transformers in NLP, where it uses tokens and
compares the positional relevance to make decisions. However, instead of using a sequence of
words as tokens, the VIT uses patches of the image as the input tokens. The original ViT design
uses patch sizes of 16 x 16 pixels, so if an input image is 224 x 224 pixels, a sequence of 196
tokens is used within the transformer. Each token is then flattened into a linear sequence of

pixels and run through the transformer encoder which usually consists of self-attention layers



and feed-forward layers called multi-layer perceptron (MLP). These layers act as a replacement
for the convolution layers in a CNN and extract features from the input tokens. The final MLP
acts as a dense layer before producing a prediction score for each classification output. One
advantage of ViTs over traditional CNNs is their ability to process all of the data in parallel,

which makes them computationally faster and usable for real-time image classification.
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Figure 3: Vision transformer model overview courtesy of Dosovitskiy et al. [37].

Object Detection

In computer vision, object detection extends beyond a simple classification problem, by
not only identifying an object, but also determining its location within an image. Before the
emergence of deep learning techniques, object detection was commonly achieved through a
feature-based approach that relied on identifying specific characteristics within an image to
detect the presence of an object. One of the earliest and most notable implementations of object
detection was created in Viola & Jones (2001), which introduced the Haar cascade algorithm
[38]. This method uses Haar features which are simple rectangular filters that scan an image
searching for features such as an edge, corner, or lines. Originally, Haar features were manually
selected, however, Haar cascades can now be trained to generate their own features using
positive and negative samples of the object. The Haar cascade then works by applying a
sequence of Haar filters, which can either approve or reject an image based on the presence of

specific features. This process can be repeated using a sliding window across an image to find



the location of an object. Despite its innovation for its time, Haar cascades have many limitations
that hinder its use in modern computer vision. These include the tendency to produce false
negatives and sensitivity to image scale, brightness, and object orientation.

Another early object detector called the histogram of oriented gradients (HOG) was
introduced in Dalal and Triggs (2005) [39]. HOG detectors are based on pixel gradient
orientation and change in intensity within neighboring pixels. This technique divides an image
into smaller cells and calculates the gradient of pixel change within each cell. The values
produced for intensity of change and gradient orientation can then be used as features for object
detection. Similarly, to Haar cascades, a sliding window can be utilized on the HOG image to
predict where an object is located within an image. Each image of the sliding window is then
evaluated using a machine learning algorithm to predict whether an object is in the window. In
the original paper Dalal and Triggs used an SVM, however, HOGs can also be used in various
other models including neural networks [40]. While HOGs have improved on capturing object
shapes and handling different object scales and orientations, they are computationally slow,
making real-time applications challenging. Nonetheless, advancements in deep learning have led
to improvement in both accuracy and processing time for object detection, overcoming the

limitations of both Haar cascades and HOGs.

After the development of Haar cascades and HOGs, object detection algorithms had
limited improvements until the advent of deep learning for image analysis. One of the earliest
attempts to use CNN for object detection was proposed in Sermanet et al. (2013), known as
OverFeat [41]. This method utilized a sliding window approach to propose object location.
However, the approach was computationally expensive since it required running CNN over

multiple locations and scales.

It was not until the development of the object detector, Region-based CNN (R-CNN)
from Girshick et al. (2014) and the subsequent Faster R-CNN from Ren et al. (2015), that deep
learning marked a substantial improvement over earlier object detection methods [42, 43]. The
original R-CNN works by initially proposing specific regions within an image, then running the
proposed regions through a CNN for feature detection and finally classifying the region using an
SVM. In the initial paper Girshick et al. (2014), region proposal was done using a selective

search to partition an image into different region based on image structure [42]. This
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methodology allowed for more efficient object detection since image classification was only
performed for the proposed regions rather than computing the image classifiers over a sliding
window. Soon after the release of the R-CNN, the same authors addressed some of the
limitations by developing the Fast R-CNN in Girshick et al. (2015) [44]. This model worked to
improve the efficiency of the initial R-CNN model by computing a single convolutional feature
map on the entire image, then using proposed regions to predict an object through fully
connected layers. While the Fast R-CNN marked better results than the initial R-CNN, it was
quickly overtaken by the Faster R-CNN [43]. Faster R-CNN improved on its predecessors by
implementing a region proposal network (RPN), rather than using an external method of region
proposal such as selective search. The RPN works by taking the feature map and proposing
anchor boxes which are then adjusted to fit the object. The proposals are then filtered to only
perform classification on the highest scoring anchor boxes which significantly reduces region
proposals. This method helped progress object detection closer to real-time implementation.

Despite R-CNN’s impact on object detection, the emergence of more state-of-the-art
methods improved upon accuracy and efficiency for object detection. One such model is the You
Only Look Once (YOLO) architecture, which eliminated the need for region proposals and
notably improved efficiency by predicting bounding boxes with a single forward pass through
the neural network. The first YOLO model, YOLOv1, was introduced in Redmon et al. (2015)
with the aim of unifying all parts of an object detection model into a single neural network [45].
The YOLO models work by dividing the image into a specified grid size, where each grid cell
predicts a set of bounding boxes and corresponding confidence scores. This approach has shown
to be highly effective, with YOLO models outperforming traditional object detection methods in

both speed and accuracy.

In order to unify object detection into a single model, YOLO treats the problem as a
regression rather than a classification output like its predecessors. The output of YOLOV1 is
encoded as a tensor with S x S x (B * 5 + C) size, where S x S is the grid size, B is the number
of bounding boxes per grid cell, and C is the number of classes. The last portion of the tensor
represents the number of bounding boxes times the 5 outputs of the (X, y) center coordinates, the
width, the height, and the confidence score plus C which contains the values of each class

probability. By running the image through the network once for all boxes and classes, the YOLO
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architecture created one of the first accurate methods for real-time deep learning object detection.
Additionally, the YOLO model architecture has been continuously improved since its initial
creation, for efficiency, box precision, and accuracy. The same group created YOLOV1 through
YOLOvV4, however, other groups have begun releasing spinoff models that take inspiration from
the original YOLO architecture [46-50]. These models have each demonstrated improvements
upon the initial YOLO series and are still being released, with YOLOV8 by Ultralytics, as well as
other spin off models all being released within the last year [50].

While other modern object detection models such as single shot detection (SSD), ViT
object detectors, and newer spinoffs of YOLO have been developed, YOLOV5 was chosen for
this project due to its ease of use, speed, and accuracy [46]. YOLOV5 by Ultralytics is a spinoff
model based on the architecture of the original YOLO series and is illustrated in Figure 4. The
YOLO architecture consists of three sections: the backbone, the neck, and the head.

BottleNeckCSP Concat BottleNeckCSP Conv1x1
UpSample Conv3x3 S2
Conv1x1 Concat
BottleNeckCSP
BottleNeckCSP Concat BottleNeckCSP Conv1x1
UpSample Conv3x3 S2
Conv1x1 Concat
SPP BottleNeckCSP BottleNeckCSP Conv1x1

CSP Cross Stage Partial Network

SPP Spatial Pyramid Pooling

Conv | Convolutional Layer

Concat | Concatenate Function

Figure 4: YOLOV5 architecture courtesy of Xu et al. [51].

YOLOV5 backbone uses CSPDarknet, which incorporates a cross stage partial network
(CSP) into the original backend of the previous YOLO models, Darknet, and performs spatial
pyramid pooling (SPP) before the data enters the neck [52-54]. The backbone starts by using
CSP to split an image into two parallel pathways for the neck [52]. The original image is run
through convolutional layers from Darknet to create a feature map and one of the pathways is

held for fusion in the neck [53]. The second pathway is run through additional convolutional
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layers and is once again split into two additional pathways where one is also held for fusion in
the neck. The second pathway is then run through SPP which allows an image of any size to be
used in the model [54]. By using a SPP layer, the model is able to detect objects at variety of

scales without needing to perform more calculations by using multiple anchor box sizes.

The second section of the YOLOv5 model, the neck, fuses the various feature maps
developed in the backbone of the model to use the data in the head of the model. The neck works
by using a path aggregation network (PANet) which has additional CSP layers, as well as
upsampling and concatenate functions to locate small objects and combine the feature maps [55].
The CSP layers within the neck are used to help capture both high-level and low-level features of
the input image by splitting the image into two pathways which have different levels of feature
maps. One of the pathways is then upsampled to increase the resolution of the feature map in
order to detect smaller objects that may not have been originally seen in the model. After the new
feature map is developed, it is then combined with the feature map from a previous section of the
model using a concatenate function. This process allows the model to capture features at
different scales to improve the overall detection ability of the model. Once this process is
completed the final output of the neck is fed into three sections of the head using additional CSP

layers.

The final stage of the YOLOV5 model, the head, takes in three different sizes of feature
maps from the neck to predict objects at multiple scales. The shape of the head can change
depending on the task the YOLOvV5 model performs, however, it typically consists of a set of
fully connected layers. After the feature maps run through the head of the model, a final output is
produced in a similar manner to the original YOLO model, where it outputs a tensor containing

class probabilities and bounding box coordinates for each detected object.
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Methods

Database Collection

Frontal-facing images of white-furred rats were collected, and a database was constructed
to develop a machine learning model for predicting RGS scores. The database included a total of
1,122 frontal-facing images. These images were used to further develop secondary databases
containing 1,482 eye images, 1,363 ear images, and 1,117 nose images. While the original RGS
included whiskers as an action unit, they had been found to be the least reliable for pain
prediction [12, 56, 57]. Additionally, the variability of image quality in the dataset made the
whiskers difficult to discern. For these reasons, a whisker grimace score was not included. The
frontal images were collected using the Rodent Face Finder from Sotocinal et al. (2011),
however, additional frames were extracted for instances of pain to help increase the number of

examples for elevated RGS scores [9].

The frontal images were sourced from various RGS setups to ensure the prediction model
could be generalized for different RGS imaging protocols. The majority of the database images
include frontal images from Furman et al. (2020) where rats were induced with neuropathic
orofacial pain by chronic constriction injury of the infraorbital nerve and Pang (2018) which
developed an RGS dataset to evaluate interrater reliability. Additionally, the database was
supplemented with frontal-facing rat images taken during VVon Frey testing to increase the
samples of elevated RGS action units. VVon Frey tests are performed as an assessment of
mechanical allodynia in animal models and elicit a pain response. In this study, the up-down
method described in Dixon (1980), was used on the periorbital section of the head to determine
the mechanical force required to elicit withdraw [60]. The Von Frey test was filmed using a
GoPro HEROS Black.

Image annotations were performed using Microsoft Excel for RGS scores. Two RGS
graders were trained using the Pang Lab RGS training manual and the RGS scores for orbital
tightening, ear changes, and nose flattening from Furman et al. (2020) and Pang (2018) [58, 59].
Once trained, the graders then scored the individual action units for RGS in the facial Von Frey
testing. Shortly after, the images were then annotated for object detection using the open-source

annotator Labelimg [61]. Bounding boxes were drawn around clearly visible ears and eyes that
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could be viably used for RGS scoring. For the nose, a bounding box was drawn from the upper
cheek bone below the eyes to the tip of the nose, as long as it was not obstructed.

Feature Detection

Action unit feature detection was performed by fine-tuning a YOLOV5 small (YOLOV5s)
model. YOLOvV5s was chosen due to its inference time of 98 ms per image on a CPU, as well as
the 7.2 million parameters compared to 21.2 million parameters in the standard YOLOv5 model.
The reduction in parameters was considered to prevent overfitting due to the limited dataset size.
The model used a Leaky ReLU activation function ¢(x) within the hidden layers, and a sigmoid
activation function ¢ (x) for the final detection layer as illustrated in Eq. (1) and Eq. (2). In these
equations, x represented the input features for the model layer and « (0.1) represented the
hyperparameter for slope while x is negative [32, 62]. Additionally, the model used stochastic
gradient descent (SGD) with momentum for the optimization function as depicted in Eq. (3). In
this equation 6 represented the models’ parameters, which were updated by the momentum
vector vt [32]. The momentum vector was then updated each iteration from the previous vector
V.1, the momentum coefficient y, the learning rate n (0.01), and the gradient of the loss function
V] (6) from the current model parameters. The YOLOv5 model used warmup epochs where the

momentum coefficient started at 0.8 and began to progress to 0.937 after the third epoch.
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YOLOVS5 calculated three loss functions including 1) box regression loss to determine
how well the predicted bounding box covers the ground truth box 2) objectness loss to measure
the probability an object is within the proposed region and 3) class loss for how well the
algorithm is predicting the correct object class [63]. The objectness and class loss both used a

binary cross-entropy loss function displayed in Eq. (4), where if no ground truth exists for a
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predicted bounding box only objectness loss was affected. The loss was derived from the
predicted probability y;, and the true label y;, and the number of training samples N. The box

regression loss was calculated using generalized union of intersection (GloU), displayed in Eqg.

|ANB|
|AUB|

(5), where

represented the intersection over union (loU) which is a measure of the overlap

IC/(AUB)|

between two bounding boxes A and B [64]. The second term represented the difference

between the area of the smallest bounding box C that completely enclosed A and B when
compared to the union of A and B. The overall loss function used in YOLOvV5 was the weighted
sum between the three losses, where box loss was weighted as 0.05, object loss was weighted as
1, and class loss was weighted as 0.5.

N
1
Loss = _Nz y; X log(¥;) + (1 — y;) xlog(1 — ;) (4)
i=1
|JAnB| |C/(AUB)| 5
Loss — _ (5)
R V'IVY:] IC|

The YOLOv5s model was pre-trained using the COCO database for 300 epochs. The
COCO dataset contained 123, 287 images with 80 classes including various animals [65]. By
pre-training the model, the parameter within YOLOV5s learned specific features from the COCO

dataset and transferred that information to the action unit detection task.

After the model was pre-trained, it was fine-tuned for action unit detection using the
collected images and their respective annotations. The model was trained for 100 epochs using
mosaic augmentation shown in Figure 5. Mosaic augmentation combines four images into a
single image and will randomly crop, resize, and change the brightness of the image [63]. The
resulting mosaic provides a sample with a diverse set of objects within the image that vary in
size and location. This method helps improve the robustness of the model to be able to detect
auction units from various types of images. Additionally, this method helps prevent overfitting

by increasing the diversity of the training data.
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Figure 5: Mosaic augmentation on the RGS dataset.

Pain Classification

Individual classifier models were developed for action unit specific pain grading, where
each action unit model was built to predict pain levels on a standard RGS scale of 0-2. The
action unit classifiers were constructed using an open-source transformers package from
Hugging Face [66]. The open-source ViT model utilized the architecture discussed in
Dosovitskiy et al. and seen in Figure 3 [37]. In these models, the images are preprocessed to a
size of 224 x 224 pixels and normalized. The VIiT models employed a 16 x 16 patch size for a
total of 196 patches and runs through 12 transformer encoders composed of self-attention and
feed forward layers. The ViT uses SGD optimization, similar to the YOLO model, but with the
addition of weighted cross-entropy loss due to a large class imbalance between the action unit
RGS scores. Weighted cross-entropy follows the same function demonstrated in Eq. (4);
however, it is multiplied to weights inversely proportional to the number of samples in each class

to incentivize the model to learn the imbalanced classes equally. Additionally, the ViT uses
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gaussian error linear units (GELU) for the activation function ¢(x), displayed in Eq. (6), where x

represents the input features of the model layer [67].

p(x) = 0.5x (1 + tanh [m X (x + 0.044715x3)]) (6)

The ViT models were first pre-trained using the ImageNet-21k database, which contained
14 million images and 21,843 classes [68]. The models were then subjected to a fine-tuning
process using the action unit databases to either the eye, ear, or nose, for a duration of 20 epochs.
For training, 80% of each database was utilized, while the remaining 20% was reserved for
validation. After training, the model state with the best validation loss was selected as the final
action unit classifier within the automated RGS system. Moreover, a ViT model was trained for
the complete frontal-facing image using a binary pain vs. no pain scale where RGS below =<
0.33 was no pain and => 1 was classified as pain. Additionally, ViTs were trained as binary
classification for the 0 and 2 action units for further performance analysis.

Model Development

The holistic RGS model was developed to identify action unit areas within an image,
provide individual action unit RGS grades, and output a total RGS score as demonstrated in
Figure 6. In order to accomplish this goal, the program received a file path and coded all images
within the file for RGS, ultimately producing an excel file that contained the filename, action
unit grades, and the final RGS score. The program began by loading the object detection model
and setting a minimum confidence criterion of 0.25 for detected objects, before proceeding to

load each action unit specific classification model.
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Figure 6: RGS system pipeline [59].

Upon receiving the file path, the program processed any .jpg or .png files through the
RGS system pipeline, as displayed in Figure 6. In each image, the YOLOvV5 model detected the
action unit areas and outputs bounding boxes, class IDs, and confidence scores for each eye, ear,
and nose. Subsequently, the program utilized the confidence score to take the two highest rated
eyes and ears, and the highest rated nose in order to prevent false positive detections from
adversely affecting the RGS score. The remaining detected objects were then sorted by class ID
and cropped from the original image to prevent background noise from influencing the ViT
models. The features were then processed in their respective ViT model classified as either O for
no action unit, 1 for moderate appearance of an action unit, or 2 for an obvious appearance of an
action unit [9]. Prior to computing a final RGS score, the program averaged the ears and eyes
action unit groups if multiple objects were detected. The RGS score was finally recorded as the
average of each action unit group, and if any action unit group found no detections from the
YOLOV5 model, the action unit specific score and total RGS score is reported as NaN (Not a

Number) in the excel sheet.

Model Analysis

An additional validation set was established using a previously validated injury model of
blast traumatic brain injury (bTBI) with RGS testing [57, 69]. As part of the validation study, 10-
week-old male Sprague Dawley rats were subjected to three static overpressure insults of 19 psi,

followed by RGS imaging described in Sotocinal et al. [9]. The validation set was comprised of
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40 control images of uninjured rats, 40 images from the existing bTBI injury study at the day of
injury, and 40 images of 1-month post-injury taken with a GoPro HERO8 Black. This study was
designed to ensure an adequate representation of injured and uninjured rats, as well as a
longitudinal evaluation of the automated RGS model’s efficacy in detecting pain behavior

reduction over time.

The images were individually placed on separate PowerPoint slides and randomized by a
third-party blinded to the original test groups. The images were then graded according to the
RGS by the two trained graders for orbital tightening, ear changes, and nose flattening. After
manually grading the images, the 120 samples were run through the automated RGS system and

recorded for total computation time, total RGS score, as well as the granulated action unit scores.

Statistical analysis was conducted using GraphPad Prism 9 software. Due to the non-
normal distribution of RGS data, the test groups were analyzed non-parametrically. A Wilcoxon
test was used to compare the experimentally graded images to the model images. Furthermore, a
Kruskal-Wallis test was used to compare the control images, to the 1-day and 1-month post-
injury images, while an additional Wilcoxon test was used to compare the 1-day and 1-month

groups. Differences were considered statistically significant if the P-value < 0.05.

Moreover, the intraclass correlation coefficients (ICC) were calculated between the
model and the experimental validation grades, as well as the two graders using a one-way
random effect, absolute agreement model depicted in Eq. (7) [70, 71]. In this equation MSr is the
mean square for rows, while MSw is the mean square for residual sources of variance. The
interpretation of the ICC was based on Landis & Koch (1977), where a score >0.81 was
considered “very good”, 0.8-0.61 was “good”, 0.6-0.41 was “moderate”, 0.4-0.21 was “fair”, and
anything <0.2 was “poor” [72].

MSy — MS,,
icc = —-2 _—W
s, (7)

Additionally, model specific analysis was performed using python version 3.10.7 and
MATLAB version R2021a. YOLOV5 and the ViT models were analyzed for precision and recall

illustrated in Eq. (8) and Eq. (9), where the metrics are calculated using the number of true
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positives (TP), false positives (FP), and false negatives (FN). Each ViT model was analyzed
using scikit-learn confusion matrices and their respective weighted accuracy, shown in Eq. (10).
In addition to the TP, FP, and FN, weighted accuracy also considers the true negatives (TN) as
well as the number of samples in each class set Nn. Furthermore, the ViT models were visually
investigated using attention heatmaps.

TP
Precision — —F g
recision = om0 (8)
Recall = e 9
O TP+FN ©)
TP +TN TP+ TN
N, +...N
TP+TN+FN + FP "ITP+TN+ FN+ FP
Weighted Accuracy = [ TNV ]1 [ HIN+H N+ FPI - (10)
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Results

YOLOv5

The YOLOvV5 model for action unit detection was effective in identifying the location
and class of each action unit area in an image. The model was trained using the frontal-facing
image database developed above to closely resemble real-world RGS images, as well as provide
an array of facial orientations, image quality, and RGS scores. Additionally, the bTBI validation
set was assembled using various testing setups to verify the model’s generalizability. The

model’s performance was evaluated using this validation set, as shown in Figure 7.
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Figure 7: YOLOV5 model predictions on a single batch of the bTBI validation set.

The YOLOVS model’s progress was monitored by evaluating its three loss equations over
100 training epochs. Figure 8 displays the training and validation loss curves for box regression,
objectness, and class losses, while Figure 9 demonstrates the holistic model loss value per epoch.
The training loss curves are shown in blue, while the validation loss curves are shown in orange.
The training loss steadily decreased for all three loss functions throughout the training process,

indicating that the model was improving over time. However, the validation loss curves
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generally stopped decreasing earlier in the training process. Nonetheless, the training loss

remained greater than the validation loss until around the 70" epoch. To combat overfitting, the

68™ epoch, which had the lowest total validation loss was taken as the final model for the action

unit object detector.
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Figure 8: YOLOV5 loss functions for the training set (blue) and validation set (orange) over the training epoch: A) Box
regression loss; B) Objectness loss; C) Class loss.
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Figure 9: Total YOLOVS5 loss value for the training set (blue) and the validation set (orange) over the training epoch.

The precision and recall metrics were analyzed over the course of the 100 training epochs
to gain a better understanding of the model’s performance, illustrated in Figure 10. Precision
measured the proportion of true positives to the total positives detected, while recall measured
how many true positives are found out of all ground truths. The results showed that both
precision and recall quickly increased to 0.97 within the first 10 epochs and remained relatively
stable throughout the rest of the training process. This indicated that the model was able to learn

the training data and generalize the results to the validation set. The consistent scores suggested
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that the model did not overfit during the training data and maintained its generalizability

throughout the training process.
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Figure 10: Change in YOLOv5 metrics over training epochs: A) Precision; B) Recall.

The precision and recall of the final model were analyzed in relation to confidence
thresholds to evaluate its performance. Figure 11A displays the precision-confidence curve,
which demonstrated how the precision increases as the model becomes more confident for its
prediction. Additionally, Figure 11B shows the recall-confidence curve, illustrating that
increasing the confidence threshold reduces the likelihood of detecting all objects in an image.
These curves provided insight into the model’s performance and helped determine the optimal
confidence threshold. The precision-confidence curve displayed that the precision levels off
around a confidence of 0.1 and showed minimal improvement until a confidence greater than
0.6. In contrast, the recall-confidence suggested that recall slowly decays as confidence increases
until a confidence of 0.5, after which it rapidly drops off. Consequently, a confidence threshold
of 0.25 was chosen to maintain a high level of recall without sacrificing significant precision.

Recall was considered more important due to the ease of eliminating false positives within the
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holistic RGS coding system, compared to having false negatives which leads to no RGS features
for the downstream models to grade.

A) B)

1.0 4

g -

f — ———

[ =

f i .
| —

0.8 1

0.8 4

=
L
i

0.6

Precision
Recall

=
'S
"

0.4 4

|
0.21 0.2 1

0.0 |
0.0 0.2 0.4 0.6 0.8 10 00 T T T T
Confidence 0.0 0.2 0.4 0.6 0.8 1.0
Confldence

Figure 11: YOLOV5 final model metrics for global features (bolded blue), eyes (orange), ears (light blue), nose (green): A)
Precision-Confidence Curve; B) Recall-Confidence Curve.

Vision Transformers

The VIT classification models displayed varying amounts of success in grading RGS pain
scores. Figure 12 depicts the confusion matrices for each action unit classifier on the validation
sets. The models performed well in identifying differences in the appearance of an action unit
classified as a 2 compared to no action unit classified as a 0. However, the models struggled

differentiating the difference between a moderate appearance of an action unit compared to other
classes.

The weighted accuracy, precision, and recall of the three model are reported in Table 1.
Weighted accuracy measured the overall accuracy of a model by considering the correctly
classified instances in each class as well as the total number of instances in the dataset. This
metric is commonly used with a large data imbalance to consider each class equally when
determining the model’s success. The results in Table 1 showed that the eye model had the
highest overall metrics, while the ear model reported the lowest overall metrics. Despite the

differing levels of success, all three models reported a weighted accuracy above 0.8.
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Table 1: Performance metrics for action unit classification models.

Tue label

Weighted .

Feature Accuracy Precision Recall
Eye 0.930 0.91 0.908
Ear 0.808 0.733 0.725
Nose 0.865 0.844 0.836
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Figure 12: VIT classification confusion matrices: A) eye model; B) ear model; C) nose model.

In order to demonstrate the effectiveness of the ViTs in distinguishing between instances
of pain action units and no pain action units, binary classification models were created for 0 and
2 RGS scores. The metrics for these models are displayed in Table 2, while the corresponding
confusion matrices are shown in Figure 13. Notably, all models outperformed their three-class
counterparts, achieving a weighted accuracy over 0.9. Of the three classifiers, the eye model
proved to be the most successful, correctly identifying all but one case of orbital tightening and
having no false positives. The nose model also performed well, accurately labeling all but one
case of nose flattening and producing a few false positives. The ear model, while not as effective

as the other two, still identified over 90% of pain-indicating ear changes and produced few false
positives.

Table 2: Performance metrics for binary action unit classification models.

Feature Weighted Precision Recall
Accuracy

Eye 0.995 0.985 0.995

Ear 0.910 0.905 0.905

Nose 0.973 0.945 0.970
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Figure 13: Binary classification confusion matrices: A) eye model; B) ear model; C) nose model.

While the metrics of the RGS classification models showed promise, the underlying
calculations used to make predictions remain unknown and difficult for researchers to
understand. In order to gain further insight, attention heatmaps were generated for each action
unit and RGS grade, as shown in Figure 14. These heatmaps provide a visual representation of

the weights assigned to each patch of the input image and can help understand which parts of the
image the model is used to make decisions.

While examining the attention heatmaps of the eye model, a noticeable pattern appeared,
with most prediction being based on the patches surrounding the eye. This suggested that the
model considered the shape of the eye, similar to how human graders would evaluate orbital
tightening. In contrast, the ear and nose model heatmaps displayed a wider range of attention
areas for each prediction, which may be due to the various angles these action units occur. In
general, the ear model heatmaps showed attention at the natural fold around the ear canal, while
some also demonstrated attention around the ears’ edges. This could indicate that the model
recognized a decrease in surface area of the ear as the pain level increases. For the nose images,
attention is primarily focused on the tip of the nose. Although the features being attended to in
these images are diverse, the model seemed to recognize the direction of the nose as an indicator
of nose flattening. This can be observed in the attention heatmaps where a line along the
direction of the nose can be seen in most cases of elevated RGS scores, reflecting the downward

angle of the nose which typically occurs during grimacing.

27

100

80

60

40



Eyes

Nose

Figure 14: Attention heatmaps for each action unit at the three RGS classification levels.

Model Validation

The validation testing of the automated RGS system demonstrated the model’s efficacy in
detecting pain behaviors. Table 3 provides an overview of the ICC for each action unit between
the two graders for the experimental analysis. The ICC for eyes and final RGS score
demonstrated a “very good” reliability between graders, and the ICC for ears and nose both
demonstrated a “good” reliability [72]. Table 4 presents an overview of the average RGS scores
for each validation group and analysis method, while Figure 15 provides a visual representation.
A Kruskal-Wallis test was conducted to evaluate the results of the control images in comparison
to the 1-day and 1-month images, while a Wilcoxon test was used to compare the 1-day versus
the 1-month images. Both the experimental RGS analysis (p < 0.0001) and the model analysis (p
= 0.001) showed that the dataset from the bTBI study on the day of the injury had significantly
elevated RGS scores compared to the control images. Additionally, the RGS score notably
dropped in the experimental analysis (p < 0.0001) and model analysis (p < 0.0001) at the 1-

month timepoint, indicating a reduction in pain behavior over time. Although both the automated
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model and experimental analyses found that the 1-month image dataset had a lower mean RGS
score than the initial control group, only the experimental analysis (p = 0.0279) demonstrated
statistical significance between the two groups, while the model analysis (p = 0.224) found no

significant difference.

Table 3: Intraclass correlation coefficient calculated for each action unit for the validation set between trained RGS graders.

Action Unit ICC
Orbital Tightening 0.952
Ear Changes 0.717
Nose Flattening 0.700
RGS Score 0.882

Table 4: Mean RGS image score for the control, 1-day, and 1-month groups for the model and experimental analysis.

Analysis Method Control 1-Day 1-Month
Model 0.447 0.779 0.328
Experimental 0.320 0.771 0.185
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Figure 15: Analysis of mean RGS score of the control, 1-day timepoint, and 1-month timepoint (ns p > 0.05, * p < 0.05, ** p <
0.01, *** p < 0.001, **** p < 0.0001): A) model analysis; B) experimental analysis.
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A Wilcoxon test was employed to compare the RGS scores obtained from automated
model and manual analysis across all three image groups. The results showed no significant
difference between the RGS scores obtained from both methods for the control (p = 0.263) and
1-day (p = 0.898) images, however a significance did appear in the 1-month images (p = 0.010).
Figure 16 demonstrates that the experimental analysis generated lower RGS scores than the
automated RGS system in the control and 1-month groups. Despite the difference between the
low RGS groups, the 1-day scores displayed a similar average RGS score between the model and
manual grading, indicating that the model was effective in identifying true positives for increased
action units. However, it also suggested that the model is more prone to predicting false positives
for increased action units. Despite the numerical difference, both analyses demonstrated similar
statistical significances when analyzing the 1-day blast group to the other images. Furthermore,
an absolute model of ICC shown in Eq. (7) was calculated for each action unit and total RGS
score reported in Table 5. Orbital tightening was found to have an ICC greater than 0.9 which
indicates a “very good” reliability, while ear changes and nose flattening reported values
between 0.61 and 0.80 which indicates “good” reliability [72]. Moreover, the final RGS score
calculated by the model was found to have an ICC of 0.818 when compared to the human

graders which would be considered “very good” reliability.

Table 5: Intraclass correlation coefficient calculated for each action unit for the validation set results between experimental
graders and model predictions.

Action Unit ICC
Orbital Tightening 0.930
Ear Changes 0.650
Nose Flattening 0.641
RGS Score 0.818
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Figure 16: Analysis of the model and experimental RGS results (ns p > 0.05, * p < 0.05).

While the RGS score predictions produced similar results, the difference in efficiency
was prominent. The model accomplished grading all 120 images in only 3.2 minutes, while the
experimental analysis required 41.5 minutes, illustrated in Figure 17. This demonstrated that the
model accomplished grading in 1/14™ of the time compared to human graders. Moreover, manual
grading was performed simultaneously with two graders, resulting in twice the reported man-
hours. Furthermore, the graders dedicated hours of training prior to the validation test,

highlighting the amount of time required to manually evaluate RGS images.
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Figure 17: Total RGS analysis time for the validation set.
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Discussion

An automated RGS system was developed and provided both an efficient and accurate
method for RGS image analysis. The system’s object detector achieved a validation accuracy of
97.5%, allowing for 117 of the 120 validation images to be graded for RGS score. Furthermore,
the action unit classifiers all produced weighted accuracies above 80%. The holistic RGS model
performed nearly as well as manual RGS grading but completed the task in a fraction of the time
required by human graders. In addition, the model successfully identified statistical differences
in RGS scores between a control and a bTBI group, as well as recognizing the reduction in pain

behaviors 1-month post injury.

While there are no other automated RGS models published, orbital tightening is used in
various animal grimace scales [9, 21-24]. Table 6 depicts the weighted accuracy of machine
learning approaches for orbital tightening grading. All of the current methods of orbital
tightening grading use convolutional neural networks where a majority of the accuracies are
around 0.65 [15, 26, 27, 73]. The DeepMGS system developed in Chiang et al. performs
significantly better than the other convolutional neural networks producing an accuracy of 0.85
[27]. Nonetheless, despite DeepMGS’s improvements over other models, the ViT approach

outperformed their accuracy by 8%.

Table 6: Orbital tightening three-class grimace scale accuracies.

Study Species Weighted Accuracy
Our method Rats 0.930
Tuttle et al. [15] Mouse 0.632
Vidal et al. [26] Mouse 0.650
Chiang et al. [27] Mouse 0.850
Lencioni et al. [73] Horse 0.655

Although orbital tightening is easy to compare to currently published models, ear changes
and nose flattening are difficult to judge without rat specific models. While ears and the nose do

appear in the mouse grimace scale, it considers the ears position rather than ears shape, and the
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nose and cheek bulge rather than nose flattening. Despite the different interpretations of these
features, DeepMGS reports an ear position accuracy of 0.78 and nose bulge accuracy of 0.81,
while our model performed better with an ear change accuracy of 0.808 and nose flattening
accuracy of 0.865 [27]. Overall, the VIiT approach in the automated RGS system demonstrated a
high accuracy in comparison to existing deep learning methods.

The automated RGS system not only exhibited higher accuracies than existing machine
learning approaches, but it also demonstrated similar inter-rater reliability measured by ICC to
human graders [9, 11, 12, 25]. Table 7 provides an overview of ICC score from various studies,
which measures the consistency of ratings between graders. Additionally, Table 7 displays
further details on the type of comparison, including whether it entails a single assessment
between two graders or multiple comparisons across several individuals. Across all studies,
orbital tightening was found to be the most consistent between graders and ear changes and nose
flattening were found to have a “good” to “very good” reliability. Notably, studies that included
more than two graders generally exhibited higher ICC scores than those with just two graders. In
the RGS automated analysis, the ICC scores were found to be consistent with studies with a
single pair of graders, and when compared to multiple graders the ICC for ears and nose were
slightly below average. Although the automated RGS model did display a strong reliability when
compared to human graders, the lower ICC may suggest that it would be best to use the model in

conjunction with human graders.

Table 7: Overview of ICC scores for each action unit across multiple studies.

Action Unit Study Comparison ICC
Our Model Single 0.930

Our Graders Single 0.952

Oliver et al. [12] Single 0.920

Orbital Tightening | Oliver et al. [12] Multiple 0.970
Sotocinal et al. [9] Multiple 0.960

Phillips et al. [11] Multiple 0.920

Zhang et al. [25] Multiple 0.840

Ear Changes Our Model Single 0.650
Our Graders Single 0.717
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Oliver et al. [12] Single 0.620
Oliver et al. [12] Multiple 0.82
Phillips et al. [11] Multiple 0.780
Zhang et al. [25] Multiple 0.720
Our Model Single 0.641
Our Graders Single 0.700
Oliver et al. [12] Single 0.620
Nose Flattening Oliver et al. [12] Multiple 0.83
Sotocinal et al. [9] Multiple 0.860
Phillips et al. [11] Multiple 0.650
Zhang et al. [25] Multiple 0.710

While the automated RGS model presents a promising solution for efficient and accurate
RGS image grading, it has limitations that should be addressed. Firstly, even though the model
displayed a strong performance for orbital tightening, ear changes, and nose flattening, it does
not consider whiskers. Whiskers were part of the original RGS grading criteria, however, without
good lighting and high image quality the whisker becomes very difficult to grade. The GoPro
HEROS black used to film the validation set as well as the VVon Frey test was capable of
producing image quality that could be used in Rodent Face Finder, however it often left the
whiskers blurry. Although whiskers have been omitted in many RGS studies, the exclusion of

whisker changes within the model will limit its ability to fully implement the RGS.

Secondly, the limited training data may inhibit the model’s generalization to other
laboratories. While the training data contained datasets from three separate studies and various
image qualities, it does not cover all testing scenarios. The automated RGS model was proficient
in a validation set with bTBI rats, however images containing visual impairments to the rats such
as stitches or wounds may affect the model prediction. Moreover, it is unknown the extent the

camera angle, lighting, and image background may affect the YOLOV5 action unit detection.

Furthermore, the VIiT action unit classification does not consider the holistic frontal
image when grading each action unit. While researchers are advised to consider each action unit

separately, they still see the whole image, which may influence the action unit score. The
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automated RGS model is limited to grading the action unit area around the eyes, ears, and nose,
therefore it cannot account for the complete image context. To make the model receive
information analogous to human graders, it may be advantageous to utilize the whole frontal-

facing images rather than just the action unit area.

Despite the limitations the automated RGS grader faces, it provides a promising step
towards automated pain behavior monitoring. There are many potential avenues for future
research and improvement to the current model, with the aim to eventually develop a real-time,
comprehensive, and robust rat welfare monitor. The most straightforward approach is the
development of a more robust RGS image database. By improving the current database, the

model would become more accurate and generalizable to potential RGS images.

Additionally, an improvement to the current Rodent Face Finder should be made.
Currently the Rodent Face Finder application uses Haar cascades to detect one eye and one ear as
a means to collect frontal-images with minimum blur. While this method works for most images,
it does collect images where the nose is not in plain view and requires the video input to run in
slow motion to detect objects. One solution for these problems would be implementing the
YOLOV5 action unit detector as a frontal image collection system. This system would be capable
of detecting all three action units and would have an adjustable confidence threshold. If
researchers want to collect clear images, they would be able to set a high confidence threshold
and guarantee all three action units are in full view. Furthermore, this method would prevent
false negative object detection within the automated RGS system, allowing for a more robust

grading system.

Although the system was noticeably faster than human graders, it was still unable to
grade images in real-time. The model’s average grading speed per image for the validation set
was 1.58 seconds. This was due to the image initially running through the YOLOv5 model, then
running 3 to 5 subsequent action unit images through their respective ViT model. When
considering each model separately they were all capable of running analysis at real-time, but
when combined together are substantially slower. One potential solution for this problem would
be to eliminate the ViT models and use the YOLOV5 model as both an object detector and RGS

classifier. This strategy would be quick enough to run the program on live video and would
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consider the holistic image while grading each action, however, it is unknown how effective the

model classification would be.

Another solution to developing a real-time automated RGS system would be to use a
singular ViT classifier rather than an object detector and action unit specific classifiers. This
model would be able to take into account the entire context of an image and produce a singular
RGS grade. This strategy was attempted as a binary classifier for the RGS using the current
database where images with a RGS less than 0.33 were classified as no pain and images with a
RGS greater than 1 were classified as pain. This strategy was attempted due to the success of the
binary classifiers for the individual action units displayed in Table 2. This binary model achieved
an accuracy of 0.97 and would be capable of running on live video. The 0.97 accuracy was lower
than the accuracy for the binary eye classification and comparable to the accuracy of the binary
nose classification. However, this model only requires one output that has a high accuracy,
whereas the binary classification for individual action units to detect pain would have more
opportunities to predict a FN or a TN. Moreover, the model results were analyzed using an
attention heatmap illustrated in Figure 18, where the model was seen using the action units area
of orbital tightening and ear changes to classify pain images. Even though this model is able to
successfully classify pain images and run noticeably quicker, it is still unable to provide
granulated action unit scores. Additionally, the model is susceptible changes in background

which would affect the generalizability between research groups.
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Figure 18: VIiT whole image RGS classification model's attention heatmap for a pain classification [58].

Nonetheless, the ViT image classifier and attention heatmap may provide interesting
research avenues for pain monitoring outside of the RGS. Currently, the RGS considers all four
action units equally when making a pain grade. While this works for researchers by making an
easily quantifiable measure for pain behavior, it may not be representative of a genuine pain
score. For instance, multiple studies have found that orbital tightening is the most robust measure
when determining a grimace scale [9, 12]. One study that could be conducted to create a more
robust pain score is the replication of the pain assay procedure conducted in Langford et al. [21].
However, rather than manually selecting action units, the images could be separated into a
control and pain group and classified in a ViT model. After creating the classification model, a
post hoc study would be able to use the attention heatmaps and determine what parts of the
image are considered when making pain and no pain classifications. This method would not only
enable the detection of unrecognized action units in the grimace, but also aid in identifying
which current action units are crucial for pain behavior identification and their relative

importance.
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Conclusion

The development of an automated RGS system for action unit detection and pain
behavior classification presents a significant advancement in the field of preclinical pain
research. The system was found to be proficient at correctly scoring RGS images in a fraction of
the time when compared to human graders. In addition, the model successfully distinguished
pain behavior differences between a control, recently injured rats with bTBI, and rats with 1-
month of recovery. The findings of this study not only contribute to the standardization of the
RGS scores between labs, but also provide a foundation for future research to create a real-time
pain monitor and discover new techniques for quantifying pain behaviors. Furthermore, this
study presents a promising avenue for pain monitoring beyond the RGS in other animal models.
In conclusion, this research represents a significant step towards overcoming the barriers for the

utilization of RGS testing and demonstrating the feasibility of real-time grimace monitoring.
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