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ABSTRACT
Two computer vision algorithms were developed to automatically estimate exertion time, duty 
cycle (DC) and hand activity level (HAL) from videos of workers performing 50 industrial tasks. The 
average DC difference between manual frame-by-frame analysis and the computer vision DC was 
−5.8% for the Decision Tree (DT) algorithm, and 1.4% for the Feature Vector Training (FVT) algorithm. 
The average HAL difference was 0.5 for the DT algorithm and 0.3 for the FVT algorithm. A sensitivity 
analysis, conducted to examine the influence that deviations in DC have on HAL, found it remained 
unaffected when DC error was less than 5%. Thus, a DC error less than 10% will impact HAL less than 
0.5 HAL, which is negligible. Automatic computer vision HAL estimates were therefore comparable 
to manual frame-by-frame estimates.

Practitioner Summary: Computer vision was used to automatically estimate exertion time, duty 
cycle and hand activity level from videos of workers performing industrial tasks.

1.  Introduction

Quantification of exposure variables such as repetition, 
duration and duty cycle (DC) are important for evaluating 
risk and for the prevention of work-related musculoskeletal 
disorders (Latko et al. 1997; Spielholz et al. 2001; Punnett 
and Wegman 2004; Bao et al. 2006; Marras et al. 2009; 
Silverstein et al. 2010; Burt et al. 2011; Harris-Adamson  
et al. 2015). Assessment methods available for quantifying 
job physical risk factors include self-reports, observation, 
video-based single frame analysis and direct measure-
ment. Among these methods, observation is among the 
most widely used in both research and industry practice 
(Ebersole and Armstrong 2002; David 2005; Dempsey  
et al. 2005, Spielholz et al. 2008; Paulsen et al. 2014).

The American Conference for Government Industrial 
Hygienists (ACGIH) threshold limit value (TLV) for hand 
activity is one commonly used observational method 
(ACGIH Worldwide 2001) and is based on hand activity 
level (HAL) and force. HAL is quantified using a visual- 
analogue scale anchored between 0 (hand idle most of the 
time) and 10 (rapid, steady motions/exertions; difficulty 
keeping up) (Latko et al. 1997). The TLV for hand activity 
also has a table whereby objective measures of frequency 
and duty cycle can be used to calculate HAL, or an equation 

may be used for calculating HAL using the same variables 
(Radwin et al. 2015).

Video frame-by-frame coding is the accepted gold 
standard for quantifying frequency and duty cycle, and 
is considered more accurate and reliable compared to 
observer estimation (Fan et al. 2014). Computer software, 
such as Multimedia Video Task Analysis® (MVTA), is a wide-
ly-used method (Yen and Radwin 1995; Lu, Sudhakaran, 
and Aep 2005; Yen and Radwin 2006; Bao et al. 2006; 
Paquet, Mathiassen, and Dempsey 2006; Lu et al. 2008; 
Dartt et al. 2009; Chang et al. 2010; Story et al. 2010; Burt 
et al. 2013; Coelho et al. 2013; Harris-Adamson et al. 2013; 
McGaha et al. 2014; Estember, Panugot, and Vale 2015; 
Dale et al. 2016). Once annotated, DC is calculated as the 
percent exertion time divided by the total time. Similarly, 
the frequency is calculated by counting the total num-
ber of hand exertions in a cycle, divided by the cycle time 
(Latko et al. 1997; Radwin et al. 2015). An exertion involves 
an action where the hand produces a force greater than 
five per cent of maximum for a particular posture, as 
defined in the TLV (ACGIH Worldwide 2001). Akkas et al. 
(2015) developed an equation based on the average RMS 
speed of the moving hand during exertions, and DC to 
automatically calculate HAL.
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motion and no visual obstructions. Videos with a partially 
obstructed view were deemed suitable for the automated 
analysis when the hand was blocked, but there was 
enough of the arm visible to determine the location of 
the hand. Videos with small breaks were deemed suitable if 
the break was outside of the primary task. Based these cri-
teria, 50 tasks were selected. Exertion time and cycle time 
were calculated using MVTA single-frame video analysis 
(i.e. ground truth) and frequency, and DC were calculated 
based on these measures. Exertions included all pinches 
or power grips, rather than the ‘heavy’ pinch or power grip 
levels reported in Harris et al. (2011). Observed HAL values 
were the same used in Harris et al. (2011), which were eval-
uated based on human observation of the task. A summary 
of these task characteristics are provided in Table 1.

2.2.  Hand tracking and camera motion 
compensation

After the video clips were selected based on the above cri-
teria, the hand tracking algorithm (Chen, Hu, and Radwin 
2014) was used to track the most active hand. Analysts 
determined the most active hand based on the greatest 
HAL scores and visibility of the hand. Once determined, 
the most active hand was tracked and the hand location 
was scaled using hand breadth data as described in Akkas 
et al. 2015, 2016. The RMS speed summary data are given 
in Table 1.

Unlike the stationary camera used in the laboratory, 
the industrial videos were recorded using hand-held 
cameras. Therefore, the videos shook and sometimes the 
viewing angles changed over time. These factors made 
the tracking of the hand trajectory irregular, and increased 
the difficulty of estimating the DC by tracking hand tra-
jectory alone. To compensate for the motion of the cam-
era, we identified a geometric transformation between 
every couple of successive frames. Given two successive 
frames, we detected the speed up robust features (Bay, 
Tuytelaars, and Van Gool 2006) and extracted the matched 
points using sum of squared differences as our feature 
matching metric. We applied the Matlab function, esti-
mate GeometricTransfrom, to calculate the affine trans-
form matrix between the matched points. This function 
excludes outliers using the M-estimator sample consensus 
algorithm (Torr and Zisserman 2000), which is a variant 
of the random sample consensus algorithm (RANSAC) 
(Fischler and Bolles 1981).

Although video frame-by-frame coding is accurate and 
precise, it is often tedious and time consuming, and thus 
less preferred by practitioners (David, 2005). The primary 
aim of the current research is to automate the process of 
measuring hand activity using computer vision. Our labo-
ratory previously developed an efficient cross-correlation 
template matching algorithm to track a worker’s hand while 
performing a repetitive task (Chen et al. 2013). An algo-
rithm to automatically calculate the DC utilized threshold 
crossings of velocity and acceleration signals. The determi-
nation of exertion and rest states was made by looking at 
acceleration between two local velocity minima points. A 
threshold was determined through trial and error, and an 
exertion started when the acceleration was greater than 
the threshold and was sustained until the acceleration was 
less than the threshold. This attempt to automate the DC 
calculation however was limited to the specific load transfer 
task performed. When applying the same algorithm to a 
different task, the algorithm failed (Akkas et al. 2016).

Another set of algorithms considered more global features 
to determine when a participant was exerting force for a 
simple repetitive load transfer task in the laboratory (Akkas et 
al. 2016). The decision tree (DT) algorithm determined if there 
was any change in the trajectory, speed and acceleration. If a 
change was detected, location information and the velocity 
threshold was used to determine if the change represented 
a transition from an exertion state to rest, or vice versa. The 
feature vector training (FVT) algorithm was adapted from 
the k-nearest neighbourhood classifier, where the first 
cycle of each task was used as the training template for 
the remaining cycles of the task. We also trained the FVT 
algorithm using several cycles of a given task. The average 
difference between manual frame-by-frame analysis and 
computer vision using the DT algorithm was 2.7%. The FVT 
algorithm had a 3.3% average difference when trained using 
the first cycle sample of each repetitive task, and had a 2.8% 
average difference when trained using several representative 
repetitive cycles (Akkas et al. 2016).

The current study applies these methods to videos of 
workers performing actual industrial tasks. Industrial tasks 
were selected from Harris et al. (2011), and the DT and FVT 
algorithms were used for calculating exertion time, DC and 
HAL. We hypothesise that the algorithms we developed for 
automatic computer vision measures of DC for industrial 
tasks are comparable to manual frame-by-frame estimates. 
This hypothesis is tested by analysing 50 industrial tasks 
using manual and automatic methods, and comparing the 
resulting measures.

2.  Methods

2.1.  Video clip selection

The selected videos were limited to having at least five 
contiguous cycles, no breaks in the video, little camera 

Table 1. Ground truth summary statistics for 50 industrial tasks.

 
Frequency 

(Hz)
RMS speed 

(mm/s)
Duty cycle 

(%)
Observed 

HAL (0–10)
Min 0.135 260.6 46.3 2
Max 1.16 1347.6 95.6 8
Median 0.6 675.8 72.9 5

D
ow

nl
oa

de
d 

by
 [

St
ep

he
n 

B
. T

ha
ck

er
 C

D
C

 L
ib

ra
ry

] 
at

 1
0:

28
 1

6 
O

ct
ob

er
 2

01
7 



1732   ﻿ O. AKKAS ET AL.

Assuming the transform matrix between the i-th frame 
and the (i + 1)-th frame is Ti, the cumulative transformation 
of the (i + 1)-th frame and the first frame will be the product 
of T1 to Ti, which is

Then, we can compute the compensated hand coordinate 
of the i-th frame, (xic, yic), by

Hi+1 =

1∏

n=i

Ti

[
xic yic 1

]
= [ xi yi 1 ] × Hi

where (xi, yi) is the tracking hand coordinate before com-
pensated. Notice that the transform operators are 3 × 3 
matrices. The closer the matched points were located to 
the plane of motion of the tracked hand, the better the 
performance of the camera motion compensation.

To demonstrate the effects of the camera motion com-
pensation algorithm, two cameras recorded the same task 
at the same time in the laboratory. One camera was station-
ary and the other moved horizontally at an approximately 
constant speed. The task involved a subject transferring 
tennis balls from one bin to another, perpendicular to the 
video plane of the cameras.

Figure 1. The hand trajectories of a stationary camera and moving camera before and after camera motion compensation in the (a) x-
direction and (b) y-direction.

D
ow

nl
oa

de
d 

by
 [

St
ep

he
n 

B
. T

ha
ck

er
 C

D
C

 L
ib

ra
ry

] 
at

 1
0:

28
 1

6 
O

ct
ob

er
 2

01
7 



ERGONOMICS﻿    1733

in a smaller range after the camera motion compensa-
tion, which is closer to a situation  where the camera is 
stationary.

The horizontal (x) and vertical (y) directions of the hand 
trajectories for the moving camera before and after camera 
motion compensation, and the hand trajectories for the 
stationary camera as ground truth, are shown in Figure 1. 
Observe that the hand trajectories for the moving camera 
after compensation were closer to the hand trajectories of 
the stationary camera.

An example of the x and y direction hand trajectories 
before and after camera motion compensation from an 
industry video are shown in Figure 2. Since there was no 
stationary camera used in the industry videos, there was 
no ground truth signal to compare against. However, 
observe that the hand trajectories tend to concentrate 

Figure 2.  The hand trajectories before and after camera motion compensation in the (a) horizontal (x)direction and (b) vertical (y) 
direction.

Table 2. Duty cycle estimate error summary (%).

Decision tree algorithm
Feature vector training 

algorithm

All videos

All videos 
after com-
pensation All videos

All videos 
after com-
pensation

Max 43.05 22.11 30.62 36.54
Min 0.08 −43.05 −40.88 −43.25
Mean 14.22 −5.76 3.33 1.44
SD 10.35 13.37 15.10 16.09
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1734   ﻿ O. AKKAS ET AL.

2.5.  FVT Algorithm

The FVT algorithm was trained using corresponding 
phases (i.e. exertion and rest) based on the first cycle of 
each video clip. The first cycle phases of videos that were 
manually annotated using MVTA were inputted for the first 
cycle exertion and rest elemental times.

There was a wide range of cycle times among the tasks, 
ranging from less than one second to more than ten sec-
onds. A short first cycle might only be ten frames. Since 
only one cycle was used for training, feature selections by 
cross validation methods were infeasible. Instead of select-
ing a best subset of features, we used of the all hand tra-
jectory features which included location, velocity, speed, 
acceleration, acceleration magnitude and spatiotemporal 
curvature.

We applied the k-nearest neighbour (kNN) classifier 
as the state estimator. In a kNN classifier, all training data 
(feature vectors) and corresponding classifications (exer-
tion and rest) are used for the classifier. For each test fea-
ture vector, a set of k (usually chosen as an odd number) 
training vectors that are most similar to the test vector 
are identified using a similarity metric. Then the training 
vector dominant label (by majority voting of the k labels) 
is assigned to the test vector. We used k = 1 since we only 
had one cycle of samples for the training data. Detailed 
steps of the training based DC estimation algorithm are 
summarised in Algorithm 2:

2.4.  Decision tree algorithm

The DT algorithm used kinematic properties measured 
from the hand tracking signal (i.e. location, speed and 
acceleration) to determine when an exertion was made. 
The DT algorithm does not require any training. Peak curva-
ture scores (Rao, Yilmaz, and Shah 2002; Akkas et al. 2016), 
which represent significant changes in the trajectory and 
kinematic signals were calculated. These changes occurr 
during transitions between different states (i.e. Grasp-
Move, Move-Release). However, the signals were some-
times noisy due to the variable nature of human motion. 
Consequently, not all peak curvature scores represented 
state changes. We therefore utilized velocity and location 
signals as described in Akkas et al. 2016. Detailed steps of 
the training-based DC estimation algorithm are summa-
rised in Algorithm 1:

Table 3. HAL estimate error summary (HAL units).

Decision tree algorithm
Feature vector training 

algorithm

All videos

All videos 
after com-
pensation All videos

All videos 
after com-
pensation

Max 2.58 2.50 2.88 3.18
Min −0.51 −1.42 −1.45 −1.37
Mean 0.86 0.48 0.38 0.30
SD 0.75 0.86 0.92 0.90

Algorithm 1. Decision Tree Algorithm

inputs: feature vectors, video frame number from hand 
tracking

output: states (Get or Put) for each video frame

(1) � Find local maxima curvature index values 
and associated frames.

(2) � For each frame, check if the frame has local 
maxima curvature index point.

(3) � If a frame is identified as a local maxima, 
then check the location that corresponds 
to the frame number to see if the location 
is inside a grasp region or release region. If 
the location is inside one of these regions 
then use the previous state to annotate as 
next state (Put if previous state was Get, or 
Get if previous state was Put).

(4) � If above criteria does not apply, check the 
corresponding velocity and compare to 
the velocity threshold. If the current veloc-
ity is under threshold, then use the previ-
ous state (Put if previous state was Get, or 
Get if previous state was Put).

(5) � If none of above criteria applies, then anno-
tate as same state as the previous one.

Algorithm 2. Feature Vector Tarianing Algorithm

Training Phase

inputs: feature vectors, state labels (Get and Put)

(1) � Nomalise all features into zero mean and 
unit variance, and store the normalisation 
factors for testing phase.

(2) � Train the k-nearest neighbourhood clas-
sifier by using the chosen feature vectors 
and the MVTA labels of the training data.

Test Phase

inputs: frame number, feature vectors

output: states (Get or Put) for each frame

(1) � Normalise all features with the normalisa-
tion factors from training phase.

(2) � Input the feature vectors into the classi-
fier trained in the training phase frame by 
frame to classify each frame to be Get or 
Put.

(3) � The estimated duty cycle is computed by (# 
of Put)/((# of Get) + (# of Put))
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3.  Results

3.1.  DC and corresponding HAL estimates

The DC estimate error (%) was calculated as the average 
difference between the manual frame-by-frame ground 
truth DC (%) and the computer vision estimated DC (%). 
Summary statistics of the DC estimate error is provided 
in Table 2 for the DT and FVT algorithms. We also calcu-
lated the HAL estimate error as the average difference 
between the observer HAL and predicted HAL in Table 
3. The HAL was computed using the HAL equation, given 
the corresponding RMS speed and DC. The results before 
and after camera motion compensation are all listed for 
comparison.

We show a scatter plot of predicted HAL vs. observer 
HAL after camera motion compensation in Figure 3 for the 
DT algorithm, and in Figure 4 for the first cycle FVT algo-
rithm. The regression equation for the DT algorithm was:

and the regression equation for the FVT algorithm was:

A histogram of the HAL estimate error after camera motion 
compensation is shown in Figure 5 for the DT algorithm 
and Figure 6 for the first cycle FVT algorithm.

4.  Discussion

In this study, we applied the DT and FVT algorithms from 
Akkas et al. (2016) to a variety of industrial tasks. We tested 
50 tasks and the average DC error was −5.76% for the DT 
algorithm and 3.3% for the FVT algorithm. The average 
HAL error was 0.48 for the DT algorithm and 0.30 for the 
FVT algorithm.

One of the assumptions for the FVT algorithm was that 
the tasks involved mono-cycle repetitive hand motions. 
Some tasks that do not have stereotypical cycles such as 

Predicted HAL = 0.75 Observer HAL + 0.94, R2
= 0.72

Predicted HAL = 0.77 Observer HAL + 1.00, R2
= 0.70

Figure 3.  Estimated HAL versus observer HAL (Decision Tree 
algorithm).

Figure 4.  Estimated HAL versus observer HAL (The First Cycle 
Training algorithm).

Figure 5. Histogram of the HAL estimate error (Decision Tree algorithm).
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1736   ﻿ O. AKKAS ET AL.

Since 0 ≤ HAL ≤ 10, then (HAL)·(10-HAL) ≤ 25, where the 
maximum occurs when HAL = 5. Therefore, a change of DC 
will affect the HAL value, bounded by:

When |Δ(HAL)| ≥ 0.5, the rounded HAL value to the nearest 
integer will be erroneous, thus, as long as |ΔDC| < 10%, the 
estimate HAL value will be correct, assuming the speed 
estimate s is correct. Note that DC in this equation is actu-
ally a relative error (ranging from 0 to 100%). Therefore, the 
HAL estimation error is sensitive to the relative estimation 
error of DC.

Based on the sensitivity analysis, we showed that the 
HAL estimate error should be less than 0.05 times the DC 
estimate error. That means a DC estimate error less than 
10% could achieve a HAL error less than 0.5. The HAL esti-
mate error vs. the DC estimate error for all of the videos is 
plotted in Figure 7. For this figure, the HAL estimate error 
is calculated from speed formula, keeping speed fixed and 
using ground truth duty cycle and estimated duty cycle. All 
of the data points are all located below the line of y = 0.05x, 
which verifies that conclusion. Having less than 10% DC 
error gives less than 0.5 HAL error, assuming no errors in 
the speed estimation. Consequently, the DC error for HAL 
estimation is almost negligible.

We used the DC error, which was the difference between 
the ground truth DC and the estimated DC, as the crite-
rion to estimate performance. That might not accurately 
represent the algorithm performance, since false alarms 
and missed detections would cancel each other out. That 
means the algorithm having the minimum DC estimate 
error might not have the best classification rate.

The ground truth states are usually consecutive GET 
states followed by consecutive PUT states. The FVT algo-
rithm estimated whether the current state was GET or PUT 
on a frame by frame basis, which didn’t utilize temporal 
information. Conversely, the DT algorithm examined the 
local maxima of spatiotemporal curvature to determine 

|Δ(HAL)|≤0.05⋅|Δ(DC)|

sewing are usually challenging. The larger DC estimate 
errors might come from the larger deviation of motions 
for different cycles in the videos. Selecting a representative 
cycle for the task or more than one cycle for training the 
algorithm might help alleviate these errors.

Consider the speed and duty cycle based the HAL speed 
equation from Akkas et al. (2015):

where s is RMS speed in mm/s.
If y  =  15.87  +  0.02·DC  +  2.25 ln S, then HAL  =  10·ey/

(1 + ey), or
ey = (HAL)/(10 - HAL), and 1/(1 + ey) = (10-HAL)/10.
Furthermore, dey/d(DC) = ey·(0.02).
Hence:

HAL = 10⋅

[
e−15.87+0.02 DC+2.25 ln S

1 + e−15.87+0.02 DC+2.25 ln S

]

d(HAL)

d(DC)
=
d(HAL)

dey
⋅

dey

d(DC)
=

10
(
1 + ey

)2 ⋅e
y
⋅(0.02)

=10⋅

(
10−HAL

10

)2

⋅

HAL

10−HAL
⋅(0.02)=0.002⋅(HAL)⋅(10−HAL)

Figure 6. Histogram of the HAL estimate error (The First Cycle Training algorithm).

Figure 7. HAL estimate error versus DC estimate error. Each point 
represents a video. It verifies that |Δ(HAL)|≤0.05⋅|Δ(DC)| since 
all points are below the y = 0.05x line.
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