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ABSTRACT ARTICLE HISTORY
A widely used risk prediction tool, the revised NIOSH lifting equation (RNLE), provides the rec- Received 7 January 2019
ommended weight limit (RWL), but is limited by analyst subjectivity, experience, and resources. Revised 28 March 2019

This paper describes a robust, non-intrusive, straightforward approach to automatically extract ~ Accepted 7 May 2019
spatial and temporal factors necessary for the RNLE using a single video camera in the sagittal
plane. The participant’s silhouette is segmented by motion information and the novel use of a Manual lifting; NIOSH lifting
ghosting effect provides accurate detection of lifting instances, and hand and feet location pre- equation; vide,o; motion
diction. Laboratory tests using 6 participants, each performing 36 lifts, showed that a nominal monitoring; lower back
640 pixel x 480 pixel 2D video, in comparison to 3D motion capture, provided RWL estimations pain prevention

within 0.2kg (SD=1.0kg). The linear regression between the video and 3D tracking RWL was

R?* = 0.96 (slope = 1.0, intercept = 0.2kg). Since low definition video was used in order to syn-

chronise with motion capture, better performance is anticipated using high definition video.
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Practitioner’'s summary: An algorithm for automatically calculating the revised NIOSH lifting
equation using a single video camera was evaluated in comparison to laboratory 3D motion
capture. The results indicate that this method has suitable accuracy for practical use and may
be, particularly, useful when multiple lifts are evaluated.

Abbreviations: 2D: Two-dimensional; 3D: Three-dimensional; ACGIH: American Conference of
Governmental Industrial Hygienists; AM: asymmetric multiplier; BOL: beginning of lift; CM: cou-
pling multiplier; DM: distance multiplier; EOL: end of lift; FIRWL: frequency independent recom-
mended weight limit; FM: frequency multiplier; H: horizontal distance; HM: horizontal multiplier;
IMU: inertial measurement unit; I1SO: International Organization for Standardization; LC: load con-
stant; NIOSH: National Institute for Occupational Safety and Health; RGB: red, green, blue; RGB-
D: red, green, blue — depth; RNLE: revised NIOSH lifting equation; RWL: recommended weight
limit; SD: standard deviation; TLV: threshold limit value; VM: vertical multiplier; V: verti-
cal distance

1. Introduction risk of low back pain associated with lifting and lowering
tasks in the workplace (Lowe, Dempsey, and Jones
2018). The recommended weight limit (RWL) for occupa-
tional lifting, calculated by the RNLE, is defined for a
specific set of task conditions as the weight of the load
that nearly all healthy workers could perform over a sub-
stantial period without an increased risk of developing
lifting-related low back pain. The RWL is implemented in
the International Organisation for Standardisation (ISO)
standard 11228 Part 1 Manual Lifting and Carrying, and
routinely used by practitioners for prevention of lifting-
related low back pain. The RWL is calculated as:

Overexertion during manual lifting ranks first among
the leading causes of disabling workplace injuries in
the US, and in 2017 cost businesses $13.79 billion in
direct costs and accounted for 23% of the overall
national burden (Liberty Mutual Research Institute for
Safety 2017). In 2016, injuries and illness to the back
resulted in higher rates of cases with both days away
from work and days of job transfers or restricted work,
compared to the head and hands (Bureau of Labor
Statistics 2016).

The revised NIOSH lifting equation (RNLE) (Waters
et al. 1993) is the most widely used tool to assess the RWL =LCx HM x VM x DM x AM x FM x CM (1)
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where LC is a load constant equal to 23kg, HM, VM
and DM are a function of the distance between the
location of the hands and feet at the origin and des-
tination of the lift, AM is a function of the angle of
torso rotation in relation to the feet, FM is a function
of the frequency of lifting, and CM is a function of the
quality of the hand-to-object coupling.

Today’s manual materials handling jobs have
evolved from single tasks decades ago to multiple and
varying tasks, specifically in the manufacturing and
transportation sectors, such as warehousing, distribu-
tion centres, package delivery trucks, baggage han-
dling, lean or just-in-time manufacturing, kitting,
palletising and shipping. For prevention of work-
related low back pain, it has, therefore, become
increasingly important to frequently or continuously
monitor workers’ exposure to physical demands for
varying job tasks.

Manually measuring the dimensions needed to cal-
culate the RNLE is challenging, particularly in situa-
tions where lifting occurs in numerous locations
involving varying body postures throughout the work-
day (Dempsey 2002). Direct measurement and instru-
ment-based methods have been tested that employ
sensors or markers attached to the participant for
measuring certain variables (Li and Buckle 1999; Juul-
Kristensen et al. 2001; Kim and Nussbaum 2013).
However, these methods suffer from the invasiveness
of the measurement, the space needed for equipment,
and high cost (Patrizi, Pennestri, and Valentini 2016).

With the advancement of video technologies, cam-
eras have become a prevalent, low-cost, highly effi-
cient, and non-intrusive option for monitoring
ergonomic aspects of job tasks. Both 2D (RGB) and
depth (RGB-D) cameras have attracted researchers’
attention for developing direct-reading technologies
for ergonomic risk assessments. In recent years, the
development of depth cameras, e.g. Kinect (Microsoft,
Redmond, WA), has stimulated a new trend in measur-
ing human body dimensions. These approaches rely
on matching the recognised human body parts
against a pre-trained skeletal model, which consists of
the position of joints and body linkages (Gabel et al.
2012). Previous researchers used conventional cameras
for creating a skeletal model from a large image data
set (Bogo et al. 2016; Howe, Leventon, and Freeman
2000; Mebhrizi et al. 2017, 2018).

Although 2D cameras are more prevalent than
depth cameras, 2D cameras propose a more challeng-
ing partial body recognition problem. With one more
dimension of information, RGB-D camera-based meth-
ods have been shown to provide more accuracy than

RGB cameras (Patrizi, Pennestri, and Valentini 2016;
Spector et al. 2014; Delpresto et al. 2013; Plantard
et al. 2017). Two studies (Patrizi, Pennestri, and
Valentini 2016; Spector et al. 2014) used the Kinect to
measure RNLE parameters. However, these Kinect-
based approaches were limited when there was occlu-
sion; namely, when the Kinect did not capture a
frontal view of the participant. Since the location of
the hands and ankles for calculating the RNLE was
dependent on the accumulation of intermediate pre-
dictions of each skeletal model linkage position, there
were numerous distance errors.

In this paper, we describe a straightforward and
practical video-based approach to automatically
extract spatial and temporal factors necessary for
applying the RNLE using a single 2D camera com-
monly available in hand-held mobile devices. It lever-
ages motion information to directly detect the hand
and ankle locations during lifting. It avoids the chal-
lenging partial body recognition problem by not
depending on a skeletal model. The proposed method
can be used to evaluate a work task with fewer com-
putations and sufficiently high accuracy when com-
pared with 3D camera approaches.

2, Methods
2.1. Lifting monitor algorithm

The lifting monitor algorithm takes advantage of motion
information to distinguish the moving figure from the
static background. Based on the spatial and temporal
features of the video scene, a ghost effect is exploited
to detect the lifting instance and hand locations. A rect-
angular bounding box drawn around the human figure
is used to locate the feet for each video frame.

The algorithm contains three steps: (1) moving tar-
get detection, (2) action feature extraction, and (3) fea-
ture recognition, as shown in Figure 1. Each step is
illustrated in Figure 2.

The moving target detection step leverages the fact
that the figure moves during lifting while most of the
surrounding environment is static, and thus a motion-
based technique could segment out the moving items.
In this algorithm, a mixture-of-Gaussian background
subtraction algorithm (Zivkovic 2004; Zivkovic and Van
Der Heijden 2006), known as MOG2, is applied. The
background subtraction algorithm builds a back-
ground model for each pixel using a mixture of
Gaussian distributions and updates the weights of the
texture to represent the time proportions that
the pixel colours remain in the scene. The result is an
M x N matrix map, where M and N are the height and
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Figure 1. Flowchart of lifting monitoring algorithm.
(a) Frame cut of input video (b) Step 1: Eackground (c) Step 1: Morphologlcal
subtraction result processing

frame: 76

(f) Step 3: Instant
identification & Distance
estimation

(d) Step 2: Bounding box (e) Step 2: Ghost effect
extraction detection

frame: 76 frame: 122 frame: 122

Figure 2. A demonstration of the video processing methodology for each step of the algorithm. Images (a), (b), (c) and (d) show
the sequence of procedures for the 76™ frame of a video where the participant walks to the lift location in the 122" frame. Images
(e) and (f) demonstrate hand and ankle detection at the 122" frame of the video where the participant is lifting the object. A rect-
angular bounding box encloses the worker. The stars show the detected location of the hands and ankles. The lines connecting the
stars indicate the horizontal distance from hands to the ankles and the vertical distance from the hands to the ground, respectively.
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width of the image in the unit of pixels, labelling each
pixel as foreground (moving), background (static), or
shadow, with respective colours white, black and grey.
Thus, the detected foreground can be identified pixel-
wise by the white-colored foreground mask.

Each of the connected clusters of white pixels is
referred to as a ‘blob’. In a working environment
where only the operator moves, the resulting map
would capture the human figure perfectly with a fore-
ground mask identifying the human figure’s silhouette.
But several moving objects and light reflections could
introduce noise (false positives), and the foreground
mask of the human figure might be incomplete and
distorted (false negatives), as shown in Figure 2(b).
These false detections are due to a false match to the
background model. False detections are eliminated by
morphological operations based on their size relative
to the larger size of the subject’s silhouette, as shown
in Figure 2(c).

The action feature extraction step utilises informa-
tion from the first step. The height and width of the
human figure's silhouette are extracted, represented
by a rectangular bounding box tightly covering the
human figure’s foreground mask (Figure 2(d)). Another
feature utilised is a condition of the background sub-
traction, named the ghost effect, which is a set of con-
nected points detected as in-motion, but not
corresponding to any real moving object. This phe-
nomenon appears when an object is moved away or
set to a location, changing the appearance of an area
(Figure 2(e)). It persists for a short period, depending
on how fast the background subtraction restores the
original appearance of that area. The ghost effect
is detected in accordance with the following
four properties:

1. Consistency in time. A blob of the ghost effect
area should show up in the same location in sub-
sequent N frames.

2. Gradual vanishing. The size of the blob should be
no larger than the size of the lifted object and
should gradually get smaller.

3. Proximity. When the ghost effect shows up, the
human figure's silhouette (large-sized blob) should
be close to it. In a non-ideal environment where
there is more than one moving object, the ghost
effect might occur in multiple places. Proximity is
therefore used to focus on the ghost effect
caused by the human figure.

4. Frame number. The frame number N is related to
the duration that the ghost blob persists when
the background model updates the new

appearance of the ghost effect area into the back-
ground model.

The feature recognition step exploits the fact that
the ghost effect occurs when the appearance in a
location changes when a stationary object is moved
by the participant, and, therefore, the loading instance
can be identified from the start of a ghost effect. At
these detected lifting instances, the respective location
of each ghost effect indicates where the hands were,
and the bottom blobs of the silhouette show where
the feet were during the initiation of the lift. If the
participant is recorded in the view from the sagittal
plane, and the hands and feet are moving symmetric-
ally about the sagittal plane, the ghost blob centre
can be used as an approximation of hands centre dur-
ing the initiation of the lift. Similarly, when an object
stops moving, such as when setting down an object
at the termination of a lift, the ghost effect occurs and
persists indicating the instance of release.

The geometric centre of the bottom portion of the
silhouette blob (i.e. the lower 10% region of the
bounding box while the participant is standing) can
be used to approximate the horizontal location of the
midpoint of the participant’s ankles. Thus, the horizon-
tal distance H from hands centre to ankles (for the HM
calculation) and the vertical distance V from hands to
the ground (bottom edge of the bounding box for VM
and DM calculations) can be estimated (Figure 2(f)).
The loading and unloading instances are important for
H and V distance estimation because they indicate
when to detect the hand and ankle locations. The
algorithm considers the hands as the centre by the
ghost blob, which does not move in time. Distances
measured in pixels were calibrated against the partici-
pant’s standing height.

2.2. Validation of the algorithm
2.2.1. Laboratory data

Data utilised in the current study were from a previ-
ous study conducted by researchers at the National
Institute for Occupational Safety and Health (NIOSH).
The aim of the original study was to record symmet-
rical lifting tasks using the combination of two lifting
task variables (horizontal and vertical distances)
defined by the American Conference of Governmental
Industrial Hygienists (ACGIH) Threshold Limit Values
(TLV) for lifting (ACGIH 2019). The TLV for lifting classi-
fies 12 risk zones using the two task variables for sym-
metrical lifting in the sagittal plane. The horizontal
distance (H) is defined as the projected distance on
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Figure 3. The starting point of 12 different lifting tasks was
designed using the 12 risk zones of the ACGIH TLV for Lifting.
The intersections of the dotted lines are the origins of the
tasks and most were in the centre of the risk zones. The verti-
cal heights for Tasks 1-3 were adjusted to 15.2cm above the
participants’ shoulder height. The horizontal distances for tasks
1, 4, 7, and 10 were adjusted to 15.4cm from the centre of
the two ankles. These adjustments were made to create a
realistic lifting motion. Adapted from ACGIH_TLV lifting risk
zone system.

the transverse plane from the centre of two ankles to
the centre of two hands. The vertical distance (V) is
defined as the distance from the centre of two hands
to the ground. The midpoints of risk zones were used
as the positions for starting the lifting tasks, except for
Zones 1-3, 4, 7 and 10. The alternative starting loca-
tions of the lift tasks for the exceptional zones were
chosen for realistic lifting motion within each partici-
pant’s reach envelope. The origins of the 12 lifting
tasks in relation to the participant’s neutral body pos-
ition are shown in Figure 3. Each task was repeated
three times for a total of 36 lifting trials for each par-
ticipant. These trials were assigned to each participant
in a random order.

A 0.45kg wire grid measuring 36cm x 12cm, with
two cut-out handles, was used to simulate lifting a
tote box during the trials. The grid was designed to
help participants create realistic lifting motions while
minimising obstructions for motion tracking. The grid
was set on a small platform (12cm x 12cm) for set-
ting the initial lifting height. The platform was con-
nected to a movable clamp on a metal pole for
adjusting the lifting height. The small platform pro-
vided clearance for participants to lift the grid in a
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natural motion. Participants aligned their toes against
one of three marked lines in the lifting area to create
three horizontal distances for three grouped risk zones
(Group 1: Risk Zones 1, 4, 7 and 10; Group 2: Risk
Zones 2, 5, 8 and 11; Group 3: Risk Zones 3, 6, 9 and
12). These lines were 254, 45.7 and 71.1cm from the
centre of the grid (i.e. the centre of two hands) to the
centre of their ankles.

Participants were asked to walk from a marked line
(i.e. initial position) to the lifting area and line up their
toes against one of the marked lines for the lifting
task. The vertical height of the grid for the lifting task
was set up prior to each ftrial. The distance between
the initial position and the starting point of the lifting
task typically required participants to take 3-4 steps
prior to lifting the grid. After lifting the grid, partici-
pants were asked to turn around and continue to
carry the grid and set it down on a shelf in a fixed
height of 77.5cm. After setting down the grid, they
were asked to turn around and walk to a marked fin-
ish line for completing each trial. The distance
between the shelf and the finish line typically required
participants to take three to four steps to complete
the trial. Participants were instructed to walk and lift/
carry the grid with two hands at their own pace and
in their preference of direction for the two turnarounds.
They were also instructed to carry the grid in front of
their body to minimise trunk asymmetry. A trial was
completed continuously in about 15s. Participants prac-
ticed a few times until they familiarised themselves with
the entire experimental procedure.

The video data were recorded by a web camera
(Microsoft 1080p LifeCam) in synchronisation with
whole body motion capture system (OptiTrack 12 IR
camera system, model Flex 13 with the MotionMonitor
data acquisition programme, Innovative Sports, Inc.,
Chicago, USA). The web camera was set up in a fixed
location at the typical eye level (165cm from the
ground) and ~3.92m in distance from the beginning
of each trial. The video camera viewing angle was 88°
measured between lines drawn from the camera to
the participants’ initial standing point and drawn per-
pendicular to the participant’s path and was near per-
pendicular to the direction of the lift. The camera
viewing angle was offset by 31.7° from perpendicular to
the sagittal plane at the lifting location. The resolution
of the video recordings was set at 640 pixels x 480 pix-
els at a 30 fps rate to meet the hardware synchronisa-
tion requirements for the motion capture system.

Motion tracking marker clusters were attached to
13 body segments for tracking whole-body motion by
the MotionMonitor programme using 12 IR cameras.
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Figure 4. Demonstration of wearable sensor and marker cluster attachments to the body landmarks for the motion capture sys-
tem. Each cluster has four small retro reflective Styrofoam spheres geometrically configured to be different from one another for
motion measurements. Two clusters (upper and lower back) and one wearable sensor attached to the back of the chest Velcro
assist harness are not visible in this picture. White elastic Velcro straps are used for the clusters, and thinner black elastic Velcro
straps are used for the upper arm and thigh wearable sensors. Two wrist sensors are attached by adjustable rubber bands.

The body locations for marker clusters and five inertial
moment unit (IMU) wearable sensors (Kinetic Inc.) are
shown in Figure 4. The IMU sensors were from a previ-
ous study and not used. The motion capture system
was calibrated according to the standard operating
procedure of the OptiTrack company to achieve an
average 0.7 mm accuracy across 10 test sessions for
motion measurements in three-dimensional space.
Data acquired and derived from the motion capture
system were used as ground truth for evaluating the
accuracy of the video lifting monitoring algorithm. Four
variables were used for validation: the time instance at
the beginning of the lift (BOL), the time instance when
the plate was set down at the end of the lift (EOL)

as well as H and V for the BOL. Two NIOSH researchers
reviewed video recordings of the trials in the
MotionMonitor programme and manually recorded the
video frame numbers to establish the BOL and EOL.
The criterion for determining the frame numbers was
based on the moment when the grid started to move for
the BOL with two hands. The two NIOSH researchers
independently reviewed half of the trials, but when in
doubt, they discussed questionable frame numbers to
reach agreement on the final value. Once the video
frames for the BOL were determined, the data were used
to identify the H and V variables calculated with the
motion capture data. A similar procedure was used to
determine the EOL when the grid was initially set down.
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Table 1. Demographics and anthropometric properties (Mean + SD) of study participants (Male: N=3;

Female: N=3).

Gender Mass (kg) Height (cm) Age (years) Forearm length (cm) Upper arm length (cm) Thigh length (cm)

M 101.8+14.7 176.3+14 55+1.9 27714 323+15 446+35

F 69.7+7.4 163.6 4.6 48+13.6 264+ 1.7 30.7£1.7 443+45

Average 82.5 169.3 513 27.1 315 433

SD 18.9 9.0 11.5 19 2.0 39
2.2.2. Participants (a) L U

Six participants were recruited among employees in
the division of the Applied Research and Technology
office of NIOSH in Cincinnati, Ohio. Prior to data col-
lection, written consent was obtained from the partici-
pants using the NIOSH-approved IRB study protocol.
The participant inclusion criteria were individuals that
were capable of (1) lifting a 1.4kg mass in a location
combining different horizontal distances from their
body to the load within their reach and vertical distan-
ces from the shin to shoulder height, (2) lifting and
carrying the 1.4kg mass 3m, and (3) repeating 12 dif-
ferent tasks (described previously) 3 times for a total
of 36 lifting trials. Exclusion criteria were individuals
with musculoskeletal disorders or any pain at the time
of recruitment or in the past 3 months, individuals
under age 18years, and being pregnant. Demographic
and measured anthropometric data relevant to the
study are provided in Table 1.

The lifting monitoring algorithm was applied using
the validation dataset (6 participants with 36 clips
each). Given a video clip as input, the algorithm auto-
matically outputs the bounding box of the human fig-
ure for each frame, the detected loading and unloading
instance, hands location and feet location at the loading
and unloading instance, and the RWL.

The NIOSH study was designed to focus on the ori-
gin of the lift in the 12 lift zones. The RWL for the
loading instance at the BOL was calculated, including
the horizontal distance from the hands centre to the
ankles centre (H), and the vertical distance from the
hands midpoint to the ground (V).

3. Results
3.1. Lift and release instance detection

Since the ankles during loading remained steady for a
short period, when the predicted lifting instance and
the ground truth instance coincided with this period,
the predicted lifting instance was considered successful.
In this validation experiment, the lifting instance estima-
tion was successful for all clips. The predicted lifting
instance timestamp was compared with the manually
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Figure 5. Histogram for the time difference between ground
truth and (a) the beginning of lift instance detection time, and
(b) the end of lift detection time.

observed instance (ground truth). The time difference
between prediction and ground truth was calculated.

A histogram of the time difference for the BOL is plot-
ted in Figure 5(a). The mean time difference was 0.624 s
(SD=0.425s). Based on this distribution, 99.5% of the
measured lifting instance detections were within [—0.636,
1.884] s of the ground truth measure. A similar time dif-
ference for the EOL histogram for the time difference is
plotted in Figure 5(b). The mean time difference was
0.144s (SD=1.525s). According to this distribution, 99.5%
of the measured unloading instance detections were
within [0.125, 0.833] s of the ground truth measure.
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Figure 6. Histogram of the difference of H between motion
capture and video detection at the loading instance.
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Figure 7. Histogram of the difference of V at the load-
ing instance.

3.2. H detection at the loading instance

The horizontal distance from the hands to the ankles (H)
is a key factor in calculating the RWL. We reference the
H data from the 3D motion capture system as ground
truth and calculate the H difference between the video
estimated H and ground truth H. A histogram for the H
difference is plotted in Figure 6. The mean of the H
difference was —1.16cm (SD=4.72cm). Based on this
distribution, 68% of the measured lifting instance detec-
tions were within 5 cm of the ground truth measure.

3.3. V Detection at the loading instance

The vertical distance from the hands to the floor (V)
is another key factor in calculating the RWL. We refer-
ence the V data from the 3D motion capture system

(a)

percentage of trials

RWL difference (kg)

EST=0.226837+0.996233"GT

R square = 0.956525

estimated RWL (kg)

o Data
Slope & Intercept

4 6 8 10 12 14 16 18 20 22 24
ground truth RWL (kg)
Figure 8. (a) Histogram of the difference of RWL at loading

instance. (b) Linear regression for ground truth motion capture
and video estimated RWL.

as ground truth and calculate the V difference
between estimated and ground truth V. A histogram
of the V difference is plotted in Figure 7. The mean of
the V difference was —0.36cm (SD=3.22cm). Based
on this distribution, 88% of the measured lifting
instance detections were within +5cm of the ground
truth measure.

3.4. RWL prediction at the loading instance

Comparing the multipliers between the computer
vision estimations and motion tracking ground truth,
the 95% confidence interval of the VM difference was
0.005+0.016, the DM difference was 0.002+0.011, and
the HM difference was 0.012+£0.111. In calculating the
RWL, the LC was 23kg. AM was set equal to one
because the participants were asked to perform the
lifting trials while keeping their torso upright without
twisting. CM was also set equal to one because the



effectiveness of hand-to-object coupling was consid-
ered good for all lifting trials. Since each lifting task
was performed only once and was not repetitive, we
calculated the Frequency Independent Recommended
Weight Limit (FIRWL) and set FM=1. The variables
V and H were the values at the loading instance.
D was the vertical distance from the origin of the
object to the instance before the object is loaded at
the destination. VM, HM and DM were calculated
according to the multiplier transformation function
required in the RNLE, respectively.

The RWL difference between estimation and ground
truth was calculated and shown in Figure 8(a) where
the histogram is plotted. The mean RWL difference
was 0.18kg (SD=1.03kg). Based on this distribution,
91% of the measured lifting instance detections were
within +2kg of the ground truth measure. The linear
regression between the video estimated RWL and
ground truth RWL (R? = 0.96) is shown in Figure 8(b).
A Bland-Altman analysis for the limits of agreement
(mean difference = 1.96 SD of differences) for the esti-
mation and the motion capture data were between
—1.84kg and 2.21 kg. This demonstrates that the estima-
tion sufficiently agreed with the ground truth measure.

4. Discussion
4.1. Accuracy of distances

The calculation of RWL in the validation experiment
relies on the variables VM, HM, and DM, which are
functions of V, H, and D, respectively. The greatest
bias of RWL came from the HM because its error range
was on the order of 107", while the error range of VM
and DM was on the order of 102 The relatively larger
error in H can be explained by the camera viewing
angle in this study.

The algorithm is built on the assumption that the
camera viewing direction is perpendicular to the sagit-
tal plane and thus the hands and feet should overlap
because of symmetry. Therefore, the detection of the
lifted object can be ascertained from either hand.
However, in this validation experiment, the camera
viewing angle was offset by 31.7° from the perpen-
dicular at the lift location, where ideally there would
be no offset. Consequently, the geometric centre of
the un-overlapped extremities would likely bias the
location measured. Thus, this validation data were for
the worst-case scenario. Since the data were from a
previous study, it was not possible to change the
video camera angles.

The computer vision algorithm measured distance
in units of pixels, while the motion capture ground
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truth measurements were provided in centimetres.
The conversion between these two was therefore
dependent on the video camera set-up. The angle
between the sagittal plane at the lifting point and
the camera viewing plane was 6.1°. After converting
the projection of the H distance from the video cam-
era viewing plane back to the sagittal plane, the dis-
tance estimation assumed that all the dimensions of
the participant share the same depth from the camera.
Without knowing the actual focal length of the cam-
era, we used the participant’s standing height as a ref-
erence for calibration. However, in actual video
recordings, the calibration is distorted at the video
frame edge and the variant depths are not consistent
with uniform calibration.

As detection of centre of the hands and feet dir-
ectly comes from the centre of the corresponding
blobs, the precision of the algorithm relies on the pre-
cision of the blob. If the blob is incomplete because
of dilution or enlarged by noise, the centre of the
blob will be biased, and thus the location estimation
will be biased. If the resolution of the video was
greater so that the calibration ratio was less, then the
error caused by non-uniform shaped blobs would
be reduced.

4.2. False negative detections

If the algorithm cannot identify a ghost blob, or if the
location of the detected ghost blob does not comply
with human body structure, the algorithm would fail.
Using this criterion, there were 17.13% false negative
detections in this dataset.

In order to be detected by the algorithm, the ghost
blob should be complete and not diluted for a con-
secutive sequence of N frames. To avoid noisy blobs,
an arbitrary N was set as 20 frames. If the isolated
ghost blob lasted less than N frames after detaching
from the participant’s silhouette, the algorithm would
not identify the ghost blob. A long-duration overlap of
the ghost blob and the participant’s silhouette mostly
depends on the participant’s moving speed. In this
validation dataset of six participants, one participant
moved significantly slower than the others. This made
the isolated blob persist for a shorter time resulting in
10 false negative detections for this participant, while
for other participants, there were no more than three
false negative detections. Because the algorithm
depends on motion, a very slow-motion lift could
potentially impair accuracy. This effect will be studied
in future investigations.
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A weak appearance of an object can lead to a
weaker blob. In this validation experiment, the lifted
object was a thin grid, and thus its ghost blob was
often weak and seen as a shadow or was diluted.
Additionally, this study used a relatively low definition
video (640 pixels x 480 pixels) due to the limitation of
the 3D motion capture system. Consequently, the
plate appeared as a line segment when viewing in the
plane of the plate surface. The background subtraction
for this plate was represented as a 2 pixels x 20 pixels
blob. This caused the ghost blob to rapidly diminish
and was considered as noise with high probability.
This coarse representation undoubtedly provided less
information for the algorithm, while a higher defin-
ition video should significantly improve the resolution
of the blobs and thus the algorithm accuracy. A solid
object would certainly form a much stronger blob.

The current study was conducted in the laboratory
under controlled conditions where the background was
stationary and there were no extraneous motions. In an
industrial setting, it is anticipated that the background
might contain other workers, vehicles, or machinery that
can introduce multiple ghosting images from their
movements. Proximity was used to identify the ghost
that was caused by the participant. This methodology
will be refined in future work in order to reject noise
introduced by extraneous motions.

Since the algorithm relies on motion information to
detect a moving target if the appearance (colour and
tone) of the foreground and the background were
close, the motion would be hard to differentiate, and
the algorithm would be challenged, introducing error.
However, the algorithm does not detect targets
according to colour features, so the markers worn by
participants for the motion capture system did not
have any noticeable effect on the outcome.

Compared with previous research aimed at estimat-
ing body position using 2D or 3D videos (Bogo et al.
2016; Howe, Leventon, and Freeman 2000; Mehrizi
et al. 2017, 2018), the current algorithm directly
detects the hand and feet locations while avoiding the
previous intermediate steps of recognising specific
body segments or fitting skeletal models. This
approach not only reduces computational complexity
but is not sensitive to possible errors cause by miscal-
culation of any single body segment location, which
can offset the entire measurement. Future research
will study how this feature will help prevent errors
potentially introduced in the industrial setting where
obstacles, poor illumination or occlusion may interfere
with obtaining accurate measurements.

Spector et al. (2014) collected a large dataset com-
prising six participants performing lifting tasks in a
laboratory setting. The RNLE parameters were pro-
vided using a Kinect, while the ground truth was pro-
vided by a 3D optical motion capture system. A
manual inspection was performed to exclude the obvi-
ous outliers before data processing. However, in the
current study, no outliers were excluded, and all data
were used regardless of lifting style or anomalies
encountered. Comparing with the modelled data, our
H estimation error was more concentrated around 0
with its 25" to 75 percentiles ranging within [—0.04,
0.02] m and median being —0.02 m. For the modelled
data in Spector et al. (2014), the 25™ to 75" percen-
tiles ranged within [0.06, 0.13] m, and the median was
0.09m. The V estimation error in the current study
had 25" to 75" percentiles ranging within [—0.03,
0.02] m and a median of 0m, while the 25" to 75%"
percentiles in Spector et al. (2014), ranged within
[—0.02, 0.04] m and median was —0.02m. This shows
that the V estimation errors were similar for both stud-
ies. The cited values from Spector are the average of
approximated values observed from the boxplot figures
published in Spector et al. (2014). The current study
estimation of H and V had no outliers removed, com-
pared with the many outliers in Spector et al. (2014).

The accuracy of location prediction for the current
algorithm is dependent on the detection and accuracy
of blobs. Shadows, shading and highlights caused by
illumination, blur the boundary between the foreground
and the background, and are important factors affecting
the performance of segmentation accuracy. Chondagar
et al. (2015) acknowledge that although multiple solu-
tions for these problems have been proposed, they
have not yet been solved. As discussed previously, there
were 17.13% false negative detections in this dataset
(i.e. 82.9% correct detections). The-state-of-art semantic
segmentation approach by Long, Shelhamer, and Darrell
(2015), which wuses a fully convolutional network,
presents pixel segmentation accuracy only as high as
90.3%. Consequently, good illumination is necessary for
accuracy using the current approach. The current
approach combines the ghost appearance feature and
motion information to improve the accuracy of blob
detection. Considering its computation complexity, the
current approach has achieved good performance in
blob segmentation for a laboratory setting.

4.3. Recommendations for improvements

An effective improvement in error could be achieved
by providing a quality assurance measurement. Some



factors influencing the algorithm accuracy include, but
are not limited to, how close the participant’s hands
and shoes are similar to the background in colour as
well as whether there was proper illumination to
make the significant objects clear without shadows.

A higher definition video could significantly help to
detect the ghost blobs. For example, the thin plate
which was represented by a 2 pixels x 20 pixels blob
in the current 640 pixels x 480 pixel resolution video,
would appear as a 9 pixels x 120 pixels blob in a 4K
(3840 pixels x 2160 pixels) resolution video. Thus, it is
less probable it would be eliminated as a noise blob.
The videos in the current study were limited to
640 pixels x 480 pixels resolution in order to syn-
chronise the video with the 3D motion capture data,
but we anticipate that a more dense pixel resolution
will provide more distinct blobs with greater contrast
and details. Also, an object with more visual density
than the current transparent thin plate would certainly
improve detection. Furthermore, increased pixel reso-
lution would provide greater precision in the distance
measurements.

This validation dataset was conducted under a
worst-case viewing angle (31.7°) and would certainly
achieve a better distance estimation if the camera
were set perpendicular to the sagittal plane. Future
studies will examine the amount of error that was
contributed by a camera viewing angle.

The camera technology of today’s devices has bet-
ter resolution, the algorithms offer suitable computa-
tional simplicity, and the method has suitable stability
for a hand-held camera. Additionally, an anti-shake
algorithm will be explored. In the natural work setting,
the most challenging problem for this algorithm is
multiple moving objects. As the final design of the
video lifting monitor is implemented in a hand-held
device, most of the noisy moving objects could be
avoided in the image by manually choosing the
recording angle.

This investigation was a laboratory study, involving
controlled conditions, limited to symmetrical lifting
and included relatively few participants (six). Future
field studies will further test the algorithm perform-
ance, including actual lifting conditions and a larger
number of participants to truly validate the method;
the current investigation, however, was important
because it enabled comparison of conventional video
against ground truth motion capture data, something
very difficult to control in the field. Future demonstra-
tion studies will be conducted in industrial facilities
involving actual manual materials handling tasks in
production, warehousing and supply chain operations.
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It is acknowledged that generalizability of this study is
limited, given the number of participants, controlled
lifting parameters, and restrictions imposed by labora-
tory conditions, however, the results demonstrate that
this novel approach has promise for future field
applications.

5. Conclusion

In this paper, a 2D-video based lifting analysis was
presented. The system provides a robust, non-intrusive
method to automatically extract the spatial and tem-
poral factors necessary for applying the RNLE using a
single video camera in the view from the sagittal
plane. Compared with 3D motion capture, our
approach provides sufficiently high accuracy of the
RWL predictions. It also provided automatic detection
of lifting instances. Efficiency in computation load and
non-intrusive properties will make it possible to be
implemented on a hand-held device and accessible
for a wide variety of applications.
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