ABSTRACT

LI, LI. Automated Ergonomics Assessment through Computer Vision and Machine Learning.
(Under the direction of Dr. Xu Xu.)

Musculoskeletal disorders (MSDs) are major nonfatal occupational injuries in the U.S.
and led to billions of cost for workers’ compensation annually. The reported MSD cases are
also significantly underestimated worldwide due to under-reporting. Therefore, there is a
great importance to develop an assessment tool for the prevention of MSDs.

The risk factors for developing work-related MSDs include physical, psychosocial, and
individual risk factors. This dissertation mainly focuses on the physical risk factor assess-
ment at the workplace. In general, the assessment methods can be categorized as 1) self-
reports, 2) direct measurements (e.g., using wearable inertial measurement units (IMUs)),
and 3) observational methods (e.g., using rapid upper limb assessment (RULA)). However,
the traditional practice of them suffers from several limitations. For example, self-reports
have relatively low reliability, direct measurements could be intrusive to the workers, and
observational methods require well-trained and highly-skilled safety practitioners.

The recent advancement in computer vision provides a possibility to develop a reliable,
efficient, and non-intrusive vision-based ergonomics assessment tool. In this dissertation,
we aim to develop computer vision-based methods to perform ergonomics assessment by
combining observational methods and monocular images collected by a regular camera.

Particularly, we have examined the possibility of performing RULA estimation from
a 2-D pose and proposed a novel end-to-end pipeline for performing RULA estimation
from a monocular 2-D image. The results showed 93% accuracy in RULA estimation and
29 frames per second in terms of efficiency. We have also created a multimodal dataset of
full-body pose and motion in occupational tasks to address the lack of a consistent and
biomechanically meaningful human pose dataset. This dataset includes videos and motion

data of 25 tasks collected on 11 subjects, which could be used for validating and comparing



different computer vision-based ergonomics assessment tools.

As human-robot collaboration is becoming a flourishing work configuration in modern
industries, in this dissertation, we also developed a lifting posture predictor using generative
models. This lifting posture predictor can help robots predict the working posture of their
human teammates, and in turn, help robots choose a collaborative work location to reduce
the risk of MSDs for the human workers. The algorithm was trained with postures extracted
from the motion dataset we created. The results show that the proposed algorithm is able to
predict postures with satisfying accuracy and validity and to partially capture the variability

of lifting postures.
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CHAPTER

INTRODUCTION

1.1 Prevalence and Risk Factors of Musculoskeletal Disor-
ders

Musculoskeletal disorders (MSDs) are in ammatory and degenerative conditions that
affect the muscles, tendons, ligaments, peripheral nerves and supporting blood vessels
[Pun04]. The clinical syndromes associated with MSDs involve different regions over the
body (Fig. 1.1). Common syndromes include carpal tunnel syndrome, tendinitis, epicondyli-
tis, low back pain, shoulder /neck disorders, hand-arm vibration syndrome, sciatica, and
osteoarthrosis. MSDs are widespread across many countries and constitute the largest
portion of work-related illness in the United States  [Kan14]. According to the U.S. Bureau of

Labor Statistics, in 2017, there were 344,970 nonfatal occupational injuries and illnesses



associated with musculoskeletal disorders (MSDs) involving days away from work (DAFW)
across all industries [LS17d. Especially in manufacturing, MSDs accounted for 31.4% of
DAFW cases[LS174. Itis estimated that the annual direct cost of workers' compensation
associated with MSDs is approximately $20 billion in the U.S. Indirect costs, such as those
associated with hiring and training replacement workers, are ve times as much as the

direct cost [Kan14].

Figure 1.1 The percentage (%) of MSD cases over different body regions from private industry in
North Carolina (2017) [LS17h]. The remaining 7.18% of cases are those involving multiple regions
or non-classi able.

In addition, previous research [Arm93] found that the occurrence of MSDs was likely to
be underestimated because the data from the administrative systems can be incomplete.
Not all work-related MSDs are compensated or recorded by the Occupational Safety and
Health Administration (OSHA) [Arm93]. In developing countries, due to the more labor-
intensive structure of the domestic industry and lack of experience in case recording,

the under-reporting is even more substantial [SmiO4]. Therefore, the prevalence of MSDs



worldwide is believed to be signi cantly higher than the statistics from the administration.

The risk factors for developing work-related MSDs were summarized as three aspects: 1)
physical, 2) psychosocial, and 3) individual risk factors  [Hug07; Pun04]. Common physical
factors include forceful exertions, repetitive motions, non-neutral body postures, and
vibrations [Pun04]. Common psychosocial factors include con icting working demands,
excessive mental workload, and environmental conditions, which could alter the exposure
level through interacting with physical factors and changing the internal state of workers
[Dev02; HugO7]. Individual risk factors include age, personalities, ambition, and working
capacity, which have an impact on the dose of risk factors to the workers  [Arm93]. The
exposure level to the risk factors in these three categories largely determines the occurrence

of work-related MSDs.

1.2 The Assessment Methods forthe Exposure Levelto Phys-
ical Risk Factors

This dissertation will focus on the exposure assessment of physical risk factors. Traditionally,
physical risk factor assessment could be performed by three ways [Dav05]: 1) self-reports,
2) direct measurements, and 3) observational methods.

Self-reports collect data directly from workers in the form of questionnaires. This
method is widely used in epidemiology studies and has the advantages of being low-cost
and straightforward [Dav05]. On the other hand, the answers to quantitative questions
usually have low reliability due to a lack of a “golden standard.” For example, workers may
have different subjective perceptions and ratings for the same MSD symptoms  [Shi08].

Direct measurements rely on sensors to collect signals from workers. The collected
signals could be used to infer and evaluate the workers' status and responses to different
exposures. The measuring units provide a more accurate way for the assessment (Table 1.1).

Commonly used sensors include lumbar motion monitor ~ [Mar00], inertial measurement



units [Vigl3], leap motion [UQ16], electromyography [Mat02], etc. These sensors collect
speci c types of signals for assessing exposure levels to physical risk factors. Although
the sensors could be mounted during the work, the cost and the intrusiveness  [Rib17]
to the workers prohibit them from massive on-site applications. Therefore, the direct
measurements are more often used for research purpose with a relatively small sample size.
With observational methods, a highly-skilled safety practitioner observes an on-going
task or a recorded task in video afterward and evaluates the MSD risks associated with
the task [Dav05]. Previous research has developed several observational assessment tools
[McA93; Hig00; Wat93], in which observed human poses are mapped to the MSD risk level
through prede ned tables. Common scoring-based observational methods include rapid
upper limb assessment (RULA) [McA93], rapid entire body assessment (REBA) [Hig00],
the revised NIOSH lifting equation (RNLE) [Wat93], postural loading on the upper body
assessment (LUBA) [Kee01], occupational repetitive actions (OCRA) [Occ98], etc. Obser-
vational methods have relatively greater interpretability and better validity [Liul9], while
their reliability remains debatable. To date, observational methods have been widely used
in ergonomics practice. However, observational methods are usually time-consuming, and

the accuracy largely depends on the experiences of raters.

Table 1.1 The relative accuracy and cost of three ergonomics assessment methods.

Accuracy Cost

Self-reports Low Low
Observational Methods Medium  Medium
Direct Measurements High High




1.3 Computer Vision in Observational Assessment

In recent years, the technological development in computer hardware and software en-
ables computer-assisted observational methods to perform ergonomics assessment in
an accurate, reliable, and real-time manner. Computer vision became ourishing since
2012 when Krizhevsky et al. rst proposed AlexNet, a phenomenal convolutional neural
network (CNN) architecture [Kril2], and won the IMAGENET ILSVRC competition [Den09]
that year. The success can be mainly attributed to the design and manipulation of CNN as
well as the efforts in exploring the distributed computing power of graphical processing
units (GPU). Since then, computer vision has drawn massive attention and extended its
application to various elds due to its accuracy and ef ciency in dealing with visual inputs.

In ergonomics community, computer vision has been widely used for performing tasks
that were previously undertaken by skilled ergonomics experts. For example, pose esti-
mation [Liul9], human action recognition (HAR) [Yanl6], and fall detection [Wan16] can
be automatically performed through cameras and computer vision algorithms now. The
advances in computer vision have provided great possibilities for solving the challenges in

ergonomics that require substantial manpower previously.

1.3.1 Pose Estimation

Because awkward posture and repetitive motion are risk factors of MSDs, workers' pose
estimation is a critical task for safety practitioners. With state-of-the-art computer vision
algorithms, human pose can now be automatically estimated as a set of parameters through
an image captured by a monocular camera or depth camera. Based on the information
encoded in the pose parameters, the detected pose can be categorized as 2-D pose or 3-D
pose.

The input to the computer vision algorithms could be a depth image or an RGB image.

Some studies in ergonomics used depth cameras [Manl7], like Kinect, to perform pose



estimation, and achieved exceptional performance. Using an ordinary camera for pose esti-
mation, however, is much more challenging because one dimension is missing. Therefore,
more inference is needed for the pose estimation. To date, CNN and other deep learning
structures [AG18; Li20g], have been used for image-based pose reconstruction, and some

of them achieved great performance [Liul9].

1.3.2 RULA Assessment Using Pose Detector

Once the human pose is recognized from the image, the pose can be mapped to an MSD
risk level for ergonomics assessment using existing observational methods [Manl17; Liul9].
Among the existing observational tools mentioned in Section 1.2, RULA has been widely
adopted for safety practitioners in industry practice  [Manl7; Nam18; Caol19]. First, upper
body MSDs account for the vast majority of nonfatal occupational injuries and illnesses
involving DAFW (Fig. 1.1). Second, RULA requires minimal previous skills in observation
techniques and is easy to learn [Doc12]. During RULA scoring, a safety practitioner observes
a worker's joint angles, body motion frequency, muscle use level, and carrying load weight,
and then uses a series of RULA tables to determine the scores associated with each risk
factor. In general, extreme joint angles, highly repetitive motions, and greater muscle use
yield larger scores. By summing the scores from each risk factor, the total score of an
observational method indicates the overall risk of musculoskeletal disorders.

RULA score can be calculated directly from the 3-D pose. If the output of a human pose
reconstruction algorithm is a 2-D pose, a maximum likelihood projection from the 2-D pose
to 3-D pose will be needed. However, the projection could lead to more uncertainties and
errors to the nal RULA calculation [Liul9]. Because RULA score is discrete, mapping from
2-D pose to RULA score can be considered as a classi cation problem where the detected
2-D pose includes the input features, and the RULA estimator outputs classi cations in

terms of the RULA score.



1.4 Problem Statement

Current research has explored different computer vision-based pipelines to perform er-
gonomics assessment and showed some promising results. However, there still remain
several research gaps that need to be addressed towards a fully practical, accurate, and
ef cient computer vision-based postural risk assessment tool from the ergonomics per-
spective.

First, although some studies used a computer vision-based 3-D pose detector to per-
form ergonomics assessment, few studies explored the use of a 2-D pose detector and
the feasibility of estimating RULA score from 2-D pose. The 3-D pose, with more stereo
information, tends to be more accurate in ergonomics information inferencing, but it also
requires greater computational resources in the pose inferring stage. The use of 2-D pose
provides an opportunity for furtherimprovement in the ef ciency and possible deployment
on a mobile terminal with less computational power.

Second, there lacks a consistent and biomechanically meaningful pose dataset to train
and validate different ergonomics assessment tools. Current datasets used in computer
vision research are mostly from the computer science community, which have a vague de -
nition regarding the labeled joint locations. The contexts of the pose dataset are mostly from
daily activities, while MSDs vastly occur during occupational tasks. This will compromise
the generalizability of the algorithms trained on such datasets.

Third, given the growing needs for human-robot interaction in industry, the safety con-
cerns between workers and collaborative robots (cobots) are rising as speculated by OSHA
[Saf21]. The computer vision-based automated observational methods can be potentially
performed by a robot. The robot could then adjust or manipulate the collaborative task to
reduce its human teammate's MSD exposure level and thus promote workplace safety. To
perform such task planning, workers' postures need to be predicted beforehand so that the

cobots are able to perform the musculoskeletal health intervention accordingly through



task planning.

1.5 Outline

This dissertation is a compilation of several studies to |l the three knowledge gaps men-
tioned above. Chapter 2 and Chapter 3 introduce the work that intends to address the rst
gap. Chapter 4 addresses the second gap. Chapter 5 covers the following work that will

address the third gap. More speci cally:

Chapter 1 introduces the background, motivation, knowledge gaps of current studies,

and research objectives.

» Chapter 2 presents a work in the exploration of estimating RULA score from 2-D

pose.

» Chapter 3 covers the work integrating a pose detector and a RULA estimator towards

an automated end-to-end ergonomics assessment tool.

» Chapter 4 introduces MOPED25: a multimodal dataset of full-body pose and motion

in occupational tasks.

e Chapter5 introduces a study of using generative models for lifting posture prediction.

» Chapter 6 gives concluding remarks and discusses future work.



CHAPTER

RULA ESTIMATION FROM 2-D POSE

This chapter is adapted from a co-authored paper [Li19].

2.1 Motivation

Workers' posture can be roughly estimated through observational methods. Among these
observational method, the Rapid Upper Limb Assessment (RULA) is one of the most popular
one in industrial practice due to its simplicity and effectiveness  [RL14]. These methods
basically exploit the joints angle of the worker through observing the worker's posture. A

nal score is then calculated through given formulas, which will be used for evaluating the
potential risks of a task.

However, RULA, as well as other observational methods, suffer from two major weak-




nesses. In current industrial practice, workers' postures need to be manually observed,
coded, and inputted into a standardized form, which is time-consuming and less practical

for long-term observation of workers rotating among multiple tasks. Second, scoring accu-
racy is mainly dependent on the pro ciency of raters and viewing angles. Trained raters
usually provide more valid scoring. Previous studies [Manl7; Yanl17b] sought to address
these weaknesses by applying different technologies, such as wearable sensors and com-
puter vision, to infer the risk of MSDs through automated observational methods. The
wearable sensors, such as inertial measurement units (IMUs) [Yan17b; Vigl3; Pepl14; Hsulq,
allow for real-time reconstruction of a human pose for postural risk assessment in 3-D.
IMUs enable eld studies and provide an objective assessment of working postures  [Ball7].
However, IMUs must be fastened tightly to the trunk and limbs with straps to eliminate

skin artifact. Mounting IMUs on a worker's body not only interferes with natural motion
[Manl17] but also causes discomfort [Rib17].

The recent advancement in computer vision provides a great opportunity to address
these weaknesses. For example, a single RGB-D camera (e.g., Microsoft Kinect) can be used
to estimate human 3-D pose [Adal4; DM14; Manl7; Plal7]. The 3-D pose estimated from
the depth and color map has good accuracy and can be used to calculate RULA. The depth
range of the RGB-D camera, however, is typically limited. Therefore, an approach that is
only based on a color image would be preferred. To estimate human pose in 3-D from
a color image, most of methods adopted a two-step predicting paradigm  [Marl7; Pav1s;
Tom17]. First, a deep neural network was designed and trained to estimate the 2-D pose.
Second, using a regression network to estimate 3-D pose from the detected 2-D pose (black
arrows in Fig. 2.1). While this type of pipeline achieved good accuracy in predicting 3-D
pose, a very intuitive question would be: Can RULA score be estimated directly from 2-D
pose with the 3-D pose information is encoded in the 2-D pose? Our work introduced in
this chapter will answer this question.

The contribution of this chapter can be summarized as two aspects (red arrows in
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Fig. 2.1). First, to eliminate the inconsistency and subjectivity brought by human raters, a
new procedure was de ned for calculating RULA from 3-D pose which contains 17 joints.
Second, a new neural network was proposed that can successfully estimate RULA from 2-D
annotated poses in real-time. Human 3.6 [lon11; lon13], one of the largest public human
3-D pose dataset, was used for the training and testing, which contains 527,599 poses in
total. The RULA scores calculated from the 3-D poses measured by a synchronized motion

tracking system were used as the ground truth for both the training and testing step.

Figure 2.1 Two methods for estimating RULA from 2-D pose. Our work in this chapter covers the
red arrows. (Subjects photos are extracted from Human 3.6).
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2.2 Method

The pipeline of estimating RULA from monocular image is summarized in Fig. 2.1). Our
work in this chapter is represented by the two red arrows in Fig. 2.1). In this section, the
procedure of calculating RULA from 17 joints, and the structure of the neural network are

introduced in details.

2.2.1 Calculate RULA from 3-D Pose as the Grount Truth

The articulated pose is the most widely-adopted representation of human postures. This

is because the degree of freedom (DoF) of human body are mainly brought by joints. The
articulated pose captures the spatial locations of the joints, and it does not contain re-
dundant texture and background information. In this study, seventeen joints locations

are used for the representation, including head, nose, thorax, right /left (L/R) shoulder,
(L/R) elbow, (L/R) wrist, spine, hip, (L /R) hip, (L/R) knee, and (L/ R) ankle. In the raw data
from human 3.6, thirty-two joints are included, and fteen of them are placed as actuators
(with zero DoF), so only the rest seventeen joints data was used in this study. The naming

for different joints are according to its actual position. Note that the term “joint' do not

Figure 2.2 Joints Indexing. Ol-hip, 02 / 05-right / left hip, 04 / 07-right / left ankle, 03/ 06-right / left
knee, 08-spine, 09-thorax, 10-nose, 11-head, 12/ 15-left/ right shoulder, 13 / 16-right / left elbow,
14/ 17-left/ right wrist
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precisely refers to the actual anatomical joints, but the region on human body where the
markers of motion tracking system are typically attached (Fig. 2.2). To calculate RULA from
the 3-D pose, two important planes need to be de ned rst, i.e. the coronal plane and the
sagittal plane of body, denoted by their surface normal, P, and P, (bold letters represent
vectors), respectively (see Fig. 2.2). The limb vectors will be represented by the difference
of vectors of the joints:

Vim n=Jn Im (2.1)

Where, v,, , represents the vector pointing from joint mto jointn;  j, is given by the 3-D
coordinate of the point.

The projected vector is calculated as:

(2.2)

m n:Vm n Vmn kPikzpi

Where vf;i . Is the projection of v,, ,, on plane P; (illustrated in Fig. 2.3).

In the following context, details will be given regarding how joints angle are calculated
from the pose. Note that for asymmetrical lifting, two RULA score may be calculated. Here
we take the right-side body as example, and de ne:

Vi Vj
Viijvjj

) (2.3)

angle(vi, v;)=acos(

The left-side can be calculated in a mirrored way.
Upper Arm exion /extension. Upper arm and the reference vector are projected onto

P,, and the angle ; is given by the angle of the projected vectors:

1=angleVi2 o Vi 13) (2.4)

Note that the projected vectors do not consider the direction of the original vectors, so

the anterior normal vector of the coronal plane, |, is used to identify the direction.
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Upper Arm adduction /abduction. The adduction and abduction angle , is calculated

on the upper body coronal plane:

_ P P
2=angle(Vy; g5 Vs 13 (2.5)

Raised Shoulder . Angle 5 is calculated through:

s=angle (Vo 01,Vog 12) (2.6)

If 3> 90, the shoulder is raised.

Leaning. The leaning angle of upper body is represented by  ,:

s=angle(Vo1 go,N7) (2.7)

I"IZ :[0!011]T (28)

Where n, is the unit vector along the global z-axis.
Lower Arm exion /extension. The angle s is calculated from projected middle line of

upper body and the lowerarmon P5:

_ P P
s=angle(Ved 01:Vis 14 (2.9)
Lower arm across the middle line. ¢ Is calculated as:
= le(Ves 14Vl 2.10
s=angleVog 14:Vo9 12 (2.10)

If ¢>90,the lower arm crosses the midline.

Neck extension / exion. The angle - is calculated by two projected vectorson P,:

P P
7=angle(Vog 01:Vos 11 (2.11)
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Neck side-bending . g will be represented by the angle between midline of upper body
and midline of the head:

P P
s=angle(Vog 01:Vog 11 (2.12)

Upper body exion [/extension (trunk posture). The exion or extension angle 4 is
calculated by midline of upper body and n,, which equalsto .
Trunk twisted. The normal vector of P4, pointing to the anterior direction is used as

reference, so the twisting angle 4, is calculated as:

w=angle(Vo osla) (2.13)

Trunk side bending. The bending angle ;; is calculated as:

n=angle(Vi oo Vel o (2.14)
If 11<90,thetrunkis side-bended.

Leg supported. The difference of the distance of two ankle joints' positions along global
z-axis, d,, is used to identify whether one foot is off the ground. If  d, < 5cm, itis assumed
two legs are well supported.

External load /force. It is assumed that external load is at the lowest level ( < 4.4 Ibs,
intermittent), denoted by g, because according the experimental protocol, the subjects in
Human 3.6 were carrying nothing

Wrist bending. The pose does not contain data of the distal end of the hand, so the
wrist parameter is assumed to be w,,, corresponding to the third column in Table A from
the RULA sheet.

The nalleft /right-side RULA grand score can be estimated from allthe variables /parameters

mentioned above and the RULA sheet. If regarded as a function, it can be written as:
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Figure 2.3 Project a limb vector on the upper body sagittal plane (right side)

gscorg =f( [ ,,,d,,6¢,Wp) (2.15)
gscorg="f( ,,.d,,e,w,) (2.16)

Where 1L 1, and 1R11 represent angles calculated from left and right side of body respec-
tively.
In practice, we are more concerned with the worst case between the left and right side.

Thus, the larger grand score will be chosen as the nal estimation for the whole body:

gscore=max(gscorg,gscore) (2.17)

Where g scoreisthe nal grand score for the whole body.

2.2.2 Estimating RULA through Deep Neural Network

After all the 3-D poses are projected onto a 2-D plane, a deep neural network takes them as
input to predict the RULA score, (i.e., gscore). The projected 2-D pose ( 2 17)was atten
into a 1-D vector with dimension 1 34 and fed into a deep neural network. The output of
networkisal 7 one-hotvector, corresponding to 7 level of grand score.

The design of the network was inspired by a previous study [Marl7], in which a baseline
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Figure 2.4 The structure of the RULA predictor.

structure for estimating 3-D pose from 2-D pose is proposed. The structure comprises of
two residual blocks, where each block consists of two dense layers. In our design, three
dense layer blocks were stacked in sequence and it was found to be the optimal design
regarding the number of layers for prediction (Fig. 2.4). For each layer, batch normalization
[lofl5], recti ed linear units  [NailO] and dropout [Sril4] were included.

During training, batch stochastic gradient descent was used for optimizing network
parameters, and batch size was set as 2000. Adam Grad was adopted as the optimizer.
Learning rate was setto 1 10 *. The neural network was trained on two titan Vs, and the
model of the CPU is Xeon(R) CPU E5-1650 v4 @ 3.60GHz. The training process takes less

than one minute.

2.3 Result

There are 527,599 samples in total from Human 3.6, of which 80% were randomly chosen
and used for networks training, and 20% were used for testing. The validation step took
20% of the training set for tuning the hyper-parameters.

Fig. 2.5 presents the distribution of calculated grand score. Since the maximum of the
left and right side was chosen, the calculating procedure tends to overestimate the grand
score, so more samples are seen between level 5-7, while no sample is in level 1. Therefore,
we excluded level 1 from the prediction.

The common metrics discussed above may overlook the absolute prediction bias, be-
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Table 2.1 Confusion matrix. Rows represent the actual class and columns represent the predicted
class. The diagonal entries show the number of samples correctly classi ed.

RULA | 2 3 4 5 6 7 Total
2 0 0 4 1 2 0 7
3 0 967 206 99 877 11 2160
4 0 167 1307 140 1441 55 3110
5 0 134 180 1855 2183 96 4448
6 0 204 643 472 75431 1261 78011
7 0 6 25 49 3125 14579| 17784
Total | O 1478 2365 2616 83059 160021 105520

Figure 2.5 Distribution of left /right side and the maximum RULA grand score
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cause the RULA score is ordered. Fig.1 2.6 plots the Marginal Absolute Error (MAE) for each
score. It shows that the algorithm demonstrates good classi cation outcomes for high-risk
postures (6-7), and low MAE for moderate-risk postures (3-5). Additionally, the algorithm
tends to overestimate the risk level (average bias greater than zero). The MAE for all the
predictions is 0.15, with 0.12 standard deviation, and the mean error rate is 3.33%. During

testing, the whole framework can run at 53 frames per second (fps).

Table 2.2 Precision, recall, and F1-score of the algorithm.

RULA Precision Recall F1 score
2 0 0 0
3 0.6543 0.4477 0.5316
4 0.5526 0.4203 0.4774
5 0.7091 0.4170 0.5252
6 0.9082 0.9669 0.9366

7 0.9111 0.819 0.8630

Inter-class average 0.6225 0.5119 0.5556
Weighted average 0.8845 0.8921 0.8850

Figure 2.6 Boxplot of MAE for each grand score.
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2.4 Discussion

The proposed method demonstrates satisfying sensitivity in detecting potentially risky
postures, and it can be further extended to other observational methods, such as Rapid
Entire Body Assessment (REBA). More generally speaking, any application that takes the
monocular images or 2-D poses as input and predicts discrete output can be formulated
into a similar form and use the framework illustrated in Fig. 2.1.

However, a few limitations need to be addressed. First, the method shows less robustness
for postures with lower RULA score. This is because unbalanced dataset was used for
training. The number of high-risk postures is signi cantly greater than the low-risk postures
due to RULA has a relatively strict de nition for a neutral posture, and the predicting
performance drops signi cantly with the decreased number of samples. Another reason is
due to the overestimation during calculation of RULA score from 3-D pose. The 3-D pose
does not consider the volume of limbs. Because the markers are attached to the lateral
side of the limbs for visibility, calculated joints angle will be overestimated. Therefore, the
output of the algorithm should be viewed as a pre-screening reference for potentially risky
postures, and then a practitioner of ergonomics assessment is needed to further select risky
postures from the pool.

Second, there remains the lack of training data in the context of occupational tasks.
The adopted dataset, Human 3.6, contains a large amount of 3-D poses, but only covers
activities during daily life. The scenarios where RULA is adopted are mainly from industries,
so that more working postures are needed. Additionally, the deep neural network is data-
driven, which means its performance highly depends on the generalization of the training
dataset. Poses collected in the eld would substantially contribute to network training. In
addition, an evaluation against working postures collected in the eld could provide a full
picture of the validity of the proposed automated RULA method.

To tackle these limitations, future studies should focus on the following three aspects.
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First, more working postures need to be collected. Common working postures, including
lifting / putting down boxes, walking while carrying objects, bending, and reaching for
objects in sitting / standing posture, should be included in the training set. Second, data
augmentation can be adopted to balance the training set and improve overall predicting
capability. To do so, one can use Generative Adversarial Network (GAN) [Goo14]. When the
collected data is not enough, GAN can generate arti cial 2-D pose and 3-D pose according

to a speci c style using style transfer [Gat16], so that more samples can be generated from
a smaller amount of data, and the number of each class can be controlled. Third, more
advanced structure could be further explored. In this study a three-layer vanilla deep neural
network was used. If the networks go deeper, vanishing gradients might occur during

back-propagation, and a residual block may need to be added [Hel6].

2.5 Conclusion

This chapter presents a new procedure for calculating RULA from 3-D pose and a novel
framework for estimating RULA from 2-D articulated pose. The proposed neural network
demonstrates satisfying accuracy in estimating RULA score, and ef ciency for real-time
use. Future work will focus on collecting more work-related postures, and exploit more

advanced deep neural network to further enhance the robustness of the framework.
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CHAPTER

AUTOMATED RULA ESTIMATION FROM

MONOCULAR IMAGE

This chapter is adapted from a co-authored paper [Li20a]

3.1 Motivation

In the previous chapter, the results demonstrate the feasibility of estimating RULA score
from 2-D pose. This chapter takes a step further based on the previous chapter, which
integrates a pose detector with the RULA estimator to make it an end-to-end pipeline.

For the pose detector, depth camera has been the most popular choice, such as the

Microsoft Kinect and Intel RealSense [Manl17; DM14; Abol7; Bhal9]. Depth cameras can
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capture RGB-Depth data. Some studies show that using depth cameras for postural risk
assessment in human pose detection is both accurate and ef cient  [Manl17; Par19; Umal8].
One limitation of depth cameras, however, is that the coverage of the infrared emitter limits

the working range (e.g., 4.5 m for Kinect V2) [GJ19. Therefore, the depth camera needs to
be placed very close to the worker being observed. In lieu of depth cameras, stereo cameras
can also be used for pose reconstruction, where the detected 2-D poses are integrated
from two or more cameras placed on-site [Guo07; LQ16]. A previous study for ergonomic
analysis [Liu16] adopted two cameras for a tracking-based pose reconstruction. However,
to ensure the effectiveness of this method, the workers needed to limit their movement in

the intersection area of the visual eld of all of the cameras.

Ideally, a single regular RGB camera could address the above-mentioned dif culties
in human pose reconstruction [Yanl7a; Din19]. A regular camera has greater visual eld
depth and is not intrusive to workers' natural motion. However, pose reconstruction with a
single camera has been a challenging research problem in the computer vision community
[Tos14; Sha03. Dif culties arise from the large feature space of the image and the high level
of abstraction of the task. In the past few years, the development of deep learning and more
powerful graphical processing units (GPUs) has allowed a great number of researchers
to adopt the convolutional neural network (CNN), a form of deep neural structures, for
vision-based human pose reconstruction, and greatly improved the accuracy of the recon-
structed pose [New16; Weil6]. In addition, the advent of Tensor ow Lite makes deploying
deep learning-based methods on mobile devices possible [Man18], so that postural risk
assessment can be performed on a hand-held cell phone.

This chapter aims to introduce an ef cient, robust, and practical method to automate
RULA assessment. The proposed method assesses postures in real-time by applying a deep
neural network on streamed images captured with a regular camera (Fig. 3.1). The rst part
of the proposed method is a pose detector, which takes a single inspection at a monocular

RGB image of a person and predicts the corresponding 2-D pose. The second partis a RULA
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estimator, which takes the coordinates of the detected 2-D pose as inputs and predicts the
RULA action level directly, which is a further division of the RULA grand score  [McA93].
This assessment method was trained with images of lifting tasks taken in a laboratory
setting [Xull] and images from Human 3.6 [lonl1; lon13], which is a public human pose
dataset with full-body kinematics marker data. The proposed algorithm achieved results
comparable with other recent related studies. Below, the method section introduces the
methods including the proposed algorithm and data; the result section shows the test
results; and the discussion section discusses the main contributions, limitations, and future

work.

Figure 3.1 Method overview. The rst deep neural network (DNN #1) takes the raw image as
input and outputs the detected pose. The wrist score, muscle use, and workload were assumed
during data labeling. DNN #2 takes the detected pose as input and estimates the action level,
which is a further division of RULA grand score [McA93].
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3.2 Method

3.2.1 RULA scoring

The inputs to RULA assessment are body segment angles (upper arm, lower arm, wrist, neck,
and upper trunk), muscle use, and external load. The output is the grand score (numbered
1-7). Scores 1 - 7 are further categorized into four levels of actions needing to be taken

[McA93] (illustrated in Table 3.2).

Figure 3.2 Requirements for action levels [McA93]. RULA grand scores are divided into four levels
according to the actions needing to be taken.

Previous work [Parl19] has revealed that the RULA grand score is highly sensitive to

changes in rotation of a single segment, e.g., a minor change of neck position can lead to
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a signi cant change in neck score. Thus, postures that land between two scores have low
reliability. To alleviate this problem, RULA action level was chosen as the algorithm output
instead of the RULA grand score because it is less sensitive to minor changes in rotation.
Besides, interventions could be given based on the estimated action level directly.

The ground-truth RULA scores for training and testing were manually derived from
two experimenters with experiences in ergonomics risk assessment. The camera setup
in this study does not provide high enough resolution to recognize hand gestures with
pixel-level details. Therefore, wrist score, muscle use, and workload were assumed to be
uniform among all data. An on-screen ruler was used as reference for measuring segment
angles on extracted frames. The scored images were used for training and validating the

algorithm.

3.2.2 Pose Detector

A 2-D pose detector was used in this study. The pose estimation can be regarded as a
regression problem. The input is an RGB image, representedbyan N M 3 matrix. N and
M represent the number of rows and columns of pixels, respectively, which are determined

by the resolution of the raw image. The color of each pixel is represented by a 3-D vector
(RGB). The pose detector outputs detected 2-D pose, which consists of 17 key joint locations
(referred as key points, and illustrated in Fig. 3.3) on the image plane. Each key point is
represented by a 2-D vector (x,Yy), representing its location (width and height) on the
input image. The choice of key points was based on two primary considerations. First, the
key points must possess certain distinguishable image features that are invariant under
different conditions [Low04], including scaling, viewing angle rotation, etc. Second, the
key points should give an articulated representation of the human pose. Therefore, the
shoulder, elbow, wrist, etc., are the most commonly used key points  [Yanl17a; Din19]. The 17
key points used in this study follow the choice of OpenPose [Cao01l7], a recently published

open-access pose detection library.
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Note that it is very challenging to perform 3-D pose reconstruction from an image
using deep neural networks, and the estimated 3-D poses are more prone to error, because
pose depth information is missing and must be inferred  [lon11; lon13]. Additionally, in
our previous work [Li19], we used a three-layer neural network to predict RULA score from
2-D poses. The results indicated that an end-to-end 2-D pipeline is less computationally
demanding for a real-time RULA assessment. Therefore, in the current study, we used
an end-to-end RULA assessment algorithm with an integrated 2-D pose estimation. The
proposed algorithm demands less computational power, and so has the potential to be

used on mobile devices.

Figure 3.3 Indexing for the 17 key points. 1-right ear; 2-left ear; 3-right eye; 4-left eye; 5-nose;
6-right shoulder; 7-left shoulder; 8-right elbow; 9-left elbow; 10-right wrist; 11-left wrist; 12-

right hip; 13-left hip; 14-right knee; 15-left knee; 16-right ankle; 17-left ankle. Note that although
RULA is designed for upper limb assessment, the lower limb locations are still necessary for
determining the upper trunk bending angle and whether legs /feet are supported. The markers
attached to the subject were for other research purposes and are irrelevant to this study.

In this study, the pose detector was built on OpenPose [Caol7], a convolutional neural

network (CNN)-based pose detection approach. CNN is a popular choice for dealing with
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2-D graphical input because the convolutional operations are extremely good at extracting
low-level spatial information. More sophisticated tasks can be completed by stacking multi-
ple CNN layers. However, one problem of using CNN is that the demand for computational
resources snowballs rapidly as the size and number of layers increase.

The pre-trained weights using COCO (a large-scale human key points dataset [Lin14])
were loaded for the CNN-based pose detector in this study. The image was rstreshaped into
a xed N M 3matrix, which was then fed into the CNN. The CNN not only detects the key
points but also learns the associations between those key points. The learned associations
further re ned the detected key points for a predetermined number of times. The detailed
architecture of the network can be foundin  [Caol17]. The CNN took the maximum value
from the con dence map for each key point and outputted the 34 coordinates for each of

the 17 key points (Fig. 3.4).

Figure 3.4 Pose detector. (X;,Y;) represents the i th key pointon the X; th columnand Y; th row
of the input image. The details of the convolutional neural network (CNN) structure can be found
in [Caol7].
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3.2.3 RULA Estimator

This study aims to infer the action level from 2-D joint coordinates derived from pose
detection. The inference is performed by a second deep neural network.

The input to the RULA estimatorisa 34 1 vector generated by the pose detector, and
the outputisa 4 1 vector corresponding to the four action levels based on the RULA grand
score (see Fig. 3.2).

Fig. 3.5 shows the architecture of the RULA estimator. It consists of four dense layers.
For each layer, batch normalization was added to prevent covariate shift  [lof15]. Recti ed
linear units (RELU) were chosen as the activation function [Nail0]. The equation is given

as follows:

8

<x,if x>0
RELU(X)= (3.1)

-+ 0,if x<0
where x is the output from the previous layer. Note that the RELU function sets all negative
values to zero, which could create non-linearities to the network, and it is ef cient to
implement the RELU function during training because the gradient is a constant (O if the
input is negative). However, the limitation of using RELU is that some information encoded

in the negative values could be lost during training.

3.2.4 Data Preparation and Augmentation for RULA Estimator Train-

ing.
The RULA estimator was trained by combining data from our previous lifting study [Xu11]
with existing human motion data, including the data from Human 3.6 [lonll;lon13], which

is one of the largest human motion databases (Fig. 3.6). Data used in this study is available

at https://github.com/LLDavid/RULA_2-Dimage
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Figure 3.5 RULA estimator: The dense layer is also called the fully connected (FC) layer. Batch
normalization is one of the normalization methods used to prevent covariate shift. RELU repre-
sents recti ed linear units, which is one of the most popular activation functions in deep learning.

L1 to L4 denote four corresponding action levels (Fig. 3.2).

To make the algorithm more generalizable, the selected lifting postures contain a wide
range of upper extremity motions, including upper arm exion (approximately 0 to 110),
forearm exion (approximately 0 to 150 ), and upper trunk twisting. The Human 3.6 motion
data is mostly daily postures, including more complex and diverse upper extremity motions
(Fig.3.6). Combining the lifting postures with the Human 3.6 motion data can enhance the
generalizing abilities of the trained RULA estimator. The generalizing abilities are especially
enhanced, considering that subjects in the lifting tasks were half-naked, and the subjects
in Human 3.6 were wearing varied clothing. Therefore, a combined dataset with different
clothing conditions can enhance the algorithm generalizability during the automated RULA
assessment. On the other hand, the data from the previous lifting study provides speci city
to the RULA estimator regarding a variety of RULA risk levels. Lifting tasks are also strongly
associated with low-back MSDs and commonly analyzed by RULA. The original source for
lifting postures were video clips. The images were extracted every ve frames to reduce
redundancy, and a total of 423 images were extracted from the video clips. For asymmetric
body postures, the left and right side of the body were scored separately, and the maximum

of the two scores was taken as the nal score since the higher score is of greater concern.
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The distribution of the action levels based on the RULA grand score from the two datasets

is shown in Fig. 3.7.

Figure 3.6 Examples of lifting postures and Human 3.6 postures. Red dots are the detected key
points using the pose detector. Limbs are painted with random colors.

Note that the distribution of the raw data is skewed, i.e., scores "2' and "3' take up the
majority. To avoid over tting to the majority and under tting to the minority in training, two
data augmentation techniques were adopted (Fig. 3.8). First, each key point was randomly
“hidden' on purpose. This is because, in practice, the algorithm will ‘'miss' some key points
due to the occlusion by lifted objects or self-occlusion, as shown in Fig. 3.6. Manually
creating such cases in the training data can enable the algorithm to deal with these occlusion
cases and thus improve the robustness of the algorithm. The coordinates of the ‘missed'
or "hidden' key points were setto ( 1, 1) since the convolutional layers are sensitive to

negative values. The RELU function can easily Iter out the negative values (Equation 3.1)
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so that the network can better distinguish these entries from the others.
Second, the raw output of the pose detection network is the probability heatmap. Itis
assumed that the predicted key points are normally distributed and thus centered around

the actual location (illustrated in Fig. 3.8). The formula is given as follows:

2 3 2 3
X X
478495 _ 47 g | (3.2)

Yaug Yraw

where follows a normal distribution with zero mean.  X,,4 and y,,4 are the augmented

coordinates. X,,,, and y,,,, are the original coordinates. The actual locations were manually
moved to neighboring locations to create more training data, and the shiftings of key points
are mutually independent. The shifted points do not compromise the feasibility of the
original pose because more than 90% of them are within two neighboring pixels of the actual
locations. Rather, this augmentation method can enhance the robustness of the algorithm
under noise. As shown in Fig. 3.7, the augmented data is less skewed than the original
data. Note that in Human 3.6, there are zero training samples (or postures represented
by joint coordinates and the corresponding image) with a RULA score equal of 1, so data

augmentation is unnecessary.

Figure 3.7 Histogram of RULA score distribution before and after data augmentation. The hori-
zontal axis represents the RULA score (1-7). L1 to L4 denote the four corresponding action levels
(Table 3.2), e.g., RULA score 1 and 2 belong to L1.
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Figure 3.8 Two data augmentation methods. Augmentation one randomly hides one key point
(setto ( 1, 1)). Augmentation two adds a random noise to the original key point location. The
value in each grid in the left matrix represents the probability that the original key point (red dot)
translates to that grid. The two augmentation methods are intended to increase the variability of
the original dataset.

3.2.5 Network Training

The pre-trained weights using COCO dataset [Lin14]were loaded into the pose detector.
Note that the markers attached to the subjects were for other research purposes and were
not used to train the pose detector. Thus, the markers would not have impacted the pose
inference in this study. For the RULA estimator, the network was trained from scratch using
pairs of 2-D poses and corresponding action levels in a fully supervised learning manner.
K-fold (k =5) cross-validation was used to validate the model. In each fold, the training
data included 80% of the total data, and the remaining 20% was used as the test data. Adam
Grad was adopted as the optimizer [Kinl14], and the batch size was set to 10 (i.e., 10 training
samples were used to optimize the parameter for each iteration). The model was trained for
50 epochs. In each epoch, the network was trained with 10 training samples at a time until
iterating over all the data. Categorical cross-entropy [Go016] was calculated as the training
loss. It measures the difference between the distribution of the predicted and the actual
action levels. The training was performed on a workstation with Intel Xeon CPU E5-1560 v4

@ 3.60 GHz and two Titan Vs.
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3.3 Results

The average of the k-fold (k =5) validation was calculated as the nal result. The dataset
was rst splitinto ve groups. During each “fold', one group was selected as the validation
set, and the remaining four groups were used for the training. Fig. 3.9 reports the training
loss and validation loss under different data preparation and augmentation conditions.
The difference between the training loss and validation loss re ects the level of over tting.
In the rst case, where only the lifting postures were included in the training set, the
model is slightly over tted (around 0.75 for loss difference). After implementing the data
augmentation introduced in Fig. 3.8, the over tting issue was mitigated. In the end, the
training loss and validation loss were very close to each other. In the last case, the augmented
lifting data was mixed with the data from Human 3.6, and the results show slight over tting
(approx. 0.65 for loss difference), but not as strong as the rst case. In other words, the
model in the last case has better generalizability but also has greater classi cation errors

on a speci ¢ dataset.

Figure 3.9 Training and validation loss. The left graph is from model training with lifting postures
exclusively. The middle diagram indicates training with augmented lifting postures. The right
graph shows the results for training with augmented lifting postures mixed with Human 3.6 data.

Fig. 3.10 shows the RULA action level for a full lifting task. Note that only the posture
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was measured, and the wrist score and workload were assumed to be uniform. So at the
beginning and the end of the lifting task, the action level is at the lowest level, as well as
when the subject lifted the box at around the elbow height. When the subject lifted the box
above shoulder height, the RULA action level was at the highest level.

Table 3.1 indicates the confusion matrix for the three cases. Table 3.2 shows the results
of applying different evaluation metrics calculated from the confusion matrix. Note that
the precision, recall, and F1-score metrics are designed for binary classi cation. They gen-
erally underestimate the sensitivity of an algorithm. For a more comprehensive evaluation,
metrics (i.e., micro-averaging and macro-averaging) that are speci cally designed for multi-
class classi cation [Sok09 were adopted. The formulas for these evaluation metrics can be

found in Appendix A.

Table 3.1 Confusion matrix for three treatments. The entries on the diagonal in each matrix repre-
sent the number of cases that were correctly classi ed.

Predicted
Action level Lifting postures Augmented Mixed with Human 3.6
1 2 3 4 1 2 3 4 1 2 3 4
1142 1 0 011|120 2 0 01131 5 6 O
True class 2|2 13 4 3/2|10 119 1 0|2| 16 168 0 O
3/!0 4 6 1{3] 0 0O 89 03| 8 7 119 O
412 0 1 6(4]| O 0 0 47|14| O 0 0 66

Table 3.3 compares the proposed method with other vision-based postural risk assess-
ment algorithms. Because the mixed dataset includes more diverse postures and different
viewing angles, the statistical measures are less likely to over t. Our method achieved
comparable overall accuracy and higher ef ciency. However, it should be noted that the
results should be interpreted with caution because different algorithms were evaluated

with different metrics, hardware con gurations, and posture dataset.
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