Proceedings of the 5" International Conference on Industrial & Mechanical Engineering and Operations
Management, Dhaka, Bangladesh, December 26-27, 2022

Application of Neuro-Fuzzy Modelling for Accurate
Estimation of Oxygen Consumption from Heart Rate

Ahmet Kolus
Industrial and Systems Engineering, King Fahd University of Petroleum and Minerals
Interdisciplinary Research Center of Smart Mobility and Logistics
King Fahd University of Petroleum and Minerals
Dhahran, Saudi Arabia
akolus@kfupm.edu.sa

Abstract

Traditionally, oxygen consumption (VO,), which reflects workload of physically demanding jobs, has been
estimated from heart rate (HR) using the linear relationship between both variables. However, due to the presence of
external factors, such as fatigue, emotional stress and fitness level, this relationship becomes nonlinear, especially at
low workload intensity. This study presents a new method to estimate oxygen consumption from heart rates using
adaptive neuro-fuzzy inference system (ANFIS), which is capable of handling uncertainties and nonlinearity. In a
laboratory experiment, eight participants performed two step-tests in consecutive days during which oxygen
consumption and heart rate were measured. Data from step-test 1 were used to develop individual ANFIS for each
participant. The individual ANFIS were then tested and compared with traditional linear models using the dataset
obtained from step-test 2. The results indicated increase in VO2 estimation accuracy of 38% (at low workload
intensity, HR<90 bpm) and 21% (in general, throughout HR range). Individual ANFIS show potential to replace
linear models at workplaces with small working population or when accurate estimation of physical workload is
desired.
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1. Introduction

Nowadays, many physically demanding jobs have been automated thanks to the development of new advanced
technologies. Some industries, however, such as forestry, construction and mining, still involve tasks that are highly
physically demanding. Human factors (HF) researchers have demonstrated the significance of designing jobs within
the physiological capacity of a workforc. The balance between the energetic demands (workload) of the physical
jobs and the physiological capacity of the workforce can significantly improve the workforce’s safety and
productivity (Malchaire et al. 1984; Abdelhamid 1999; Wu and Wang 2002; Dempsey et al. 2008; Kolus et al.
2018). The energetic demand of physical work can be accurately determined by measuring the amount of oxygen
consumed (VO>) by a worker during the physical activity (Malchaire et al. 1984; Wu and Wang 2002; Bridger 2003;
Bouchard and Trudeau 2008; Smolander et al. 2008). However, the direct measurement of VO, in field is
impractical because it is invasive and requires sophosticated and expensive equipment.

In 1907, Benedict was the first to observe a relationship between VO, and heart rate (HR). Later studies have
reported that this relationship is roughly linear for a wide variety of activities (Wyndham et al. 1962; Poulsen and
Asmussen 1962; McArdle et al. 1971; Rodahl et al. 1974; Evans et al. 1983; Gordon et al. 1983; Astrand and Rodahl
1986). Since then, the common practice has been to estimate VO, from HR, which can be measured easily in field
(Smolander et al. 2008). This method is called “calibration process”, which involves measuring an individual’s HR
and VO, while performing a graded exercise (i.e., step-test). Linear regression is used to model the linear
relationship between HR and VO,, called calibration curve. The model is then used to estimate VO, from HR data
collected in field for the same individual.

This method, however, is criticised by many researchers due to the exsitance of external factors (e.g., emotional
stress, high ambient temperature, high humidity, total amount of muscles, fatigue, physical fitness, caffeine, posture
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and illness) that may casue changes in HR without associated changes in VO, (Valanou et al. 2006). The impact of
these factors is noticable especially at low workload intensity, which makes the relationship between HR and VO,
nonlinear and deviates from the calibration curve (Abdelhamid 1999; Bouchard and Trudeau 2008; Smolander et al.
2008). In order to estimate VO, accurately, there is a need for a new technique that can handle the uncertainty and
nonlinearity between HR and VO,, especially at low workload intensity.

The objective of this study is to improve the current individual calibration process using computational intellegence.
Neural networks, fuzzy systems and evolutionary computation are considered the three main pillars of
computational intelligence (Zhu 2014). One of the computational intelegence techniques that has proven effective in
pattern recognition and function approximation is the adaptive neuro-fuzzy inference system (ANFIS) (Giiler and
Ubeyli 2004). ANFIS combines the ability of artificial neural networks (ANN) in automatic learning and adaptation
from existence data and the ability of fuzzy logic in decision-making under uncertainties (Kaya et al., 2003). In
2014, Kolus and colleagues proposed a new approach based ANFIS to estimate VO, from HR. Their study focused
on developing a general ANFIS model that can estimate VO, of forestry workers without the need to collect
individual calibration data. The genearl ANFIS showed potential to be used in workplaces whith large poulation
where one cannot afford to have each worker take step-test. This, however, may result in lower estimation accuracy
(when compared to the traditional linear model) since individual calibration data are not used.

In this study, we focus on estimating VO, at the individual level, where high estimation accuracy is desired. In
physically demanding workplaces (e.g., mining, steel industry, firefighting and construction), the accurate
estimation of VO is crucial for maintaining the balance between the energetic demand of work and human capacity;
hence improving human wellbeing and system performance. Therefore, individual adaptive neuro-fuzzy inference
systems (called individual ANFIS) were developed for a group of eight participants in order to accurately estimate
their VO, from HR. The developed models were then tested and compared with traditional linear calibration models.
HR and VO, measurements were collected from the participants while performing two step-tests in a laboratory in
consecutive days (step-test 1 data were used for models development and step-test 2 data were used for models
testing and comparisons).

2. Methods

This research was based on a laboratory study where participants performed a submaximal step-test. The study used
two data sets (i.e., training and test), both of which were obtained from the same set of participants (see Figure 1).
Training data were obtained from the participants while performing the step-test in a laboratory. Similarly, test data
were obtained from the same participants while performing the step-test in the laboratory, but on the next day in
order not to accumulate fatigue. The training dataset was used for fuzzy model development for each participant.
The test dataset was used to test the accuracy of the developed fuzzy models and compare their performance in
estimating VO, with that of traditional linear models.
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Figure 1. Schematic description of the study

2.1 Participants
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Eight healthy males, from different background, aged from 28 to 45 years participated in this research. These
participants were drawn from the local population in Montreal through advertisement. Table 1 shows the physical
characteristics of the participants. Prior participating in the study, all participants had to pass the pre-activity
readiness questionnaire (PAR-Q) (Chisholm et al. 1975; Shephard 1988). None of the participants were athlete, on a
training program or medication. The study was approved by the Human Research Ethics Committee at University of
Montreal. All participants signed a written informed consent form prior to their participation in the study.

Table 1. Physical characteristics of the participants

Participants (n = 8)

Characteristics Mean (SD) Range
Age (years) 35.67 (7.79) [28, 45]
Body weight (kg) 80.29 (13.93)  [63.5, 104.33]

Height (cm) 175.92 (6.95) [170.18, 187.96]
BMI (kg.m?) 25.14 (3.15) [21.22,29.53]
VO; max (ml/’kg.min)  41.25 (5.18) [30, 45]
HRmax (bpm) 184.33 (7.79) [175,192]
HRiest (bpm) 71.8 (12.9) [60, 87]

Note. SD: standard deviation; BMI: body mass index; VO2 max: maximal oxygen consumption; HRmax: maximal heart rate;
HRiest: resting heart rate.

2.2 Procedure

The eight participants performed the Meyer and Flenghi (1995) step-test during the day in the Kinesiology
laboratory of University of Montreal. Each participant performed the step-test twice (two sessions), with a 24-hour
interval. The data obtained from the first session (step-test 1) were used to develop the proposed fuzzy model for
each participnat. The data obtained from the second session (step-test 2) were used to test the accuracy of the fuzzy
models, as well as make comparisons with traditional linear calibration models.

The Meyer and Flenghi step-test protocol was selectedbecause it is safe, simple, inexpensive and validated against
benchmark submaximal exertion tests (Meyer and Flenghi 1995). In addition, it has been shown that the highest
exertion level reached in this test is quite similar to the level of exertion generally measured in actual physical work,
such as brushcutting (Imbeau et al. 2010).

The step-test uses a portable bench with adjustable step height of 11.5, 21.5, 31.5 and 41.5 cm. The protocol of the
Meyer and Flenghi step-test can be described as follows. The participant was asked to sit on a chair for 5 min to
obtain his resting heart rate (HR(et), and then asked to stand in front of the bench for 2 min. Then, the participant
was asked to step on and off the lowest step height (11.5 cm) for 3 min. This was followed by 30 sec standing rest
during which the experimenter increased the step height to the next level. This 3.5-min cycle was repeated for the
remaining step heights. More details about the test protocol can be found in Meyer and Flenghi (1995).

Heart rate and oxygen consumption were continuously measured and monitored during both step-test sessions using
an automated metabolic cart (MOXUS Metabolic System, AEI Technologies, Pittsburgh, PA). HR and VO, data
were measured every second by the metabolic cart. Prior to each test, the gas sensor and the flowmeter of the
metabolic cart were calibrated by a qualified technician. Heart rate was continuously monitored during the test to
ensure that it did not exceed 85% of the participant's age-predicted maximum heart rate (HRmax) (Fox et al., 1971).
The test was terminated whenever a participant exceeded his age-predicted HRmax. The complete step-test took 21
min, followed by a sitting rest to allow participant’s heart rate to return to resting.

The learning dataset included HR and VO, measurements collected from all participants at rest and for each step

height of step-test 1. The test dataset included HR and VO, measurements collected from all participants at rest and
for each step height of step-test 2.
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2.3 Adaptive neuro-fuzzy inference system (ANFIS) development

ANFIS is a fuzzy model put in the framework of adaptive systems (i.e., ANN) in order to able to learn from existing
data and then optimize the model parameters accordingly. This section describes the development of ANFIS, which
consists of two steps: deciding on the architecture of ANFIS (network design) and learning algorithm.

The structure of ANFIS can be identified by developing an initial fuzzy inference system using the fuzzy set theory
(Jang et al. 1997). This step involves: selecting input variables, selecting the type of fuzzy model, determining the
rule-base and determining the membership functions for the variables.

In this study, an individual fuzzy model was developed for each participant based on the participant’s HR and VO,
measurement collected during step-test 1. Measured HR and HR. constituted the input variables to the fuzzy
model, while measured VO, constituted the output variable. A total of 41 data samples obtained from a participant
were used to train the corresponding individual fuzzy model. Optimal subtractive clustering parameters were
determined based on enumerative search. The optimal parameters were: cluster radius (7) = 0.5; squash factor (n) =
1.25; accept ratio (€) = 0.5 and reject ratio (€) = 0.15. As a result, three clusters were identified each of which
corresponded to a fuzzy IF-THEN rule. The three fuzzy IF-THEN rules constituted the initial FIS, which were then
embedded in ANN framework in order to optimize the rules parameters (premise and consequent).

The combination of back-propagation gradient descent method and the least squares method was used to train the
fuzzy model for 1000 epochs (MATLAB version 7.5.0 with fuzzy logic toolbox). The developed fuzzy model
consists of three fuzzy IF-THEN rules, three Gaussian membership functions assigned to each input variable and 21
modifiable parameters (12 premise and 9 consequent parameters).

2.4 Traditional linear models development

The traditional linear model is a linear regression equation of the form: y = ax + b, where y and x denote VO, and
HR measurements respectively and a and b denote the slope and intercept of the first-order linear equation,
respectively. Training dataset (328 data samples of HR and VO, measurements obtained from step-test 1) were used
to develop individual linear calibration models. The first-order linear equations were developed using Excel 2013
(Microsoft Corporation, Redmond, WA).

2.5 Models testing and comparisons

The accuracy of the developed models (ANFIS and traditional linear calibration) in VO, estimation were compared
using the test dataset over all participants. The comparisons were made throughout the HR range, as well as for three
HR ranges: <80 bpm (very light work); 80-100 bpm (light work); and >100 bpm (moderate to heavy work),
according to (Smolander et al. 2008).

2.6 Statistical analysis

The accuracy of the developed models (traditional linear and ANFIS) in VO, estimation and the comparisons among
them were evaluated at the individual level using the root mean square error (RMSE) between the measured and
estimated VO,. In addition, limits of agreementbetween the measured VO, values and the values estimated by the
traditional linear and ANFIS models were determinedusing the Bland-Altman plot, which examines the estimation
accuracy of the developed models (Bland and Altman 1986).

3. Results and Discussion

3.1 Initial fuzzy inference system (FIS)

In order to develop an initial FIS for each participant, corresponding HR-VO, data (obtained from step-test 1) were
clustered using the subtractive clustering algorithm. Optimal subtractive clustering parameters were determined based
on enumerative search. The optimal subtactive clustering parameters for each participant are summarized in Table 2.
In addition, the number of resultant initial fuzzy rules (that construct the initial FIS), as well as the quality of fit of the
initial FIS (based on RMSE) were shown in Table 2. For example, the enumerative search showed that the optimal
subtractive clustering parameters for participant 1 are as follows: r = 0.1, € = 0.9, € = 0.7 and n = 1.5. The resultant
initial FIS for participant 1 consisted of four fuzzy IF-THEN rules and had a RMSE of 1.102 ml/kg.min. The same
subtractive clustering parameters were found to be optimal for participant 5. However, the resultant initial FIS for
participant 5 consisted of three fuzzy IF-THEN rules and had a RMSE of 1.348 ml/kg.min.
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The developed initial FISs consisted of four fuzzy IF-THEN rules for all participants, except for participants 5 and 7
(their FISs consisted of three fuzzy IF-THEN rules). This is due to the insignificant impact of the increased of number
of rules on the RMSE.

Table 2. Optimal subtractive clustering parameters based on enumerative search

o Sample size Subtractive clustering
Participant n r € € n Rules RMSE
Pl 41 0.1 0.9 0.7 1.5 4 1.102
P2 41 0.3 0.9 0.5 0.9 4 1.177
P3 41 0.5 0.3 0.1 1.1 4 1.115
P4 41 0.3 0.9 0.3 1.5 4 1.609
P5 41 0.1 0.9 0.7 1.5 3 1.348
P6 41 0.1 0.9 0.5 0.7 4 1.553
P7 41 0.3 0.9 0.3 1.5 3 1.011
P8 41 0.3 0.9 0.1 1.5 4 1.127

3.2 Adaptive neuro-fuzzy inference systems

The developed initial FISs were trained (by learning from existing data) in order to improve their performance. The
initial FISs were embedded in ANN framework, constituting adaptive neuro-fuzzy inference systems (ANFIS), in
order to optimize the rules parameters (premise and consequent parameters). Table 3 summarizes the number of
training epochs applied on initial FISs and the resultant RMSE.

Table 3. Training the initial FISs using adaptive neuro-fuzzy inference systems (ANFIS)

- Sample size ANFIS training
Participant n Epochs RMSE...
Pl 41 110 0.987
P2 41 10 1.160
P3 41 100 1.114
P4 41 500 1.580
P5 41 100 1.337
P6 41 100 1.549
P7 41 300 0.960
P8 41 100 1.120

The optimal parameters of the trained FIS (i.e., ANFIS) for each participant are shown in Table 4. The ANFIS models
associated with each participant can be presented as follows:

For participant i:

Rule j: IF HR is A;; THEN VO, = ajj (HR) + bij

, where i is an index of the participant (i=1, ..., 8) and j is an index of the fuzzy rule j =1, ..., 4)

The antecedent parameters (L and o) associated with the fuzzy sets Ajj as well as the consequent parameters (a;; and
bjj) can be found in Table 4. Figure 2 shows the optimized Gaussian membership functions of heart rate for each
participant. For example, the ANFIS model for participant 1 is as follows:

Rule 1: IF (HR is A;;) THEN VO, = 0.870 (HR) - 71.189
Rule 2: IF (HR is A1) THEN VO, = 0.263 (HR) - 15.127
Rule 3: IF (HR is A;3) THEN VO, = 0.377 (HR) - 24.537
Rule 4: IF (HR is A15) THEN VO, = 0.826 (HR) - 62.649

The Gaussian membership functions characterizing the fuzzy sets (Ai1, Ai2, A1z and Ay4) are as follows:
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Table 4. Optimal parameters of the fuzzy IF-THEN rules associated with the developed ANFIS for each participant

Participants
Parameters P1 P2 P3 P4 P5 Po6 P7 P8
i=1 i=2 i=3 i=4 i=5 i=6 i=7 i=8
=1 |ea | 94.77 88 71.6 71.18 52.92 93 88.83 60.05
oin | 2.39 5.30 8.32 6.71 1.41 1.62 4.84 4.9
e =2 |e2 |77 105 91.1 92.2 71.77 97 106.65 77.55
§ o | 191 5.30 7.47 593 1.47 1.64 3.45 3.99
g =3 | ci 106 109 105.88 100.08 82.07 105 124.05 89.79
< oz | 191 5.30 8.17 59 1.27 1.63 5.73 4.54
=4 |cia | 86.66 118 82.9 122 0 95.01 0 99.83
cis | 1.12 5.30 7.36 6.03 0 1.61 0 4.85
=1 | au | 087 -0.14 -1.79 -0.03 -0.03 1.18 0.04 0.14
biu | -71.19 16.48 117.7 6.23 6.64 -98.98 0.39 -3.46
% 772 | an | 026 -4.18 -1.01 -0.58 0.31 4.03 0.53 0.04
2 bz | -15.13 389.27 134.1 59.63 -11.64 -395.53 -43.95 6.92
Z =3 |as |038 -4.32 0.55 -1.01 0.56 0.32 0.37 -0.08
S bis | -24.54 544.93 -38.33 123.14 -31.68 -20.92 -28.8 22.54
=4 | as | 083 0.26 -4.12 0.14 0 11.15 0 0.31
b | -62.65 -10.93 346.65 6.69 0 -1046.28 0 -9.07
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Figure 2. Optimized membership functions associated with HR for each participant

3.3 Test and comparisons

The accuracy of the developed individual ANFIS models were tested based on the test dataset (data obtained from
step-test 2). The measured HR data were plugged into the developed ANFIS models as well as traditional linear
models in order to estimate VO, for each participant. Figure 3 shows the measured VO, values along with estimated
values obtained from both ANFIS and linear models. It clearly shows the outperformance of the ANFIS models over
the traditional linear models in VO, estimation. This was obvious especially during the first 10 minutes of the step-
test, which correspond to low intensity levels. The results show that the VO, estimation accuracy, during the first 10
minutes, significantly increased for participants 4 and 5 (by 72% and 59%, respectively). For participants 3, 2, 7 and
1, the increase in the estimation accuracy of VO, was moderate (about 28.8%, 27%, 20.3% and 17.5%,
respectively). Lower improvements in VO, estimation accuracy were reported for participants 8 and 6 (about 7.84%
and 5.23%, respectively).
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Figure 3. The performance of the developed fuzzy models for each participant in VO, estimation using the test dataset

Table 5 summarizes the results obtained for VO, estimation using both models (linear and ANFIS). It reports the
average VO, estimation per participant per model and the corresponding mean RMSE throughout HR range. Results
show that both linear and ANFIS models overestimated the measured VO, with overall mean differences of 0.33 and
0.6 ml/kg min, respectively. In terms of model estimation error, the results indicated the outperformance of the
developed ANFIS models (average RMSE = 1.98 ml/kg.min) over traditional linear models (average RMSE = 2.84
ml/kg.min). The VO, estimation accuracy significantly increased for all participants (by 21.3%, on average) when
using ANFIS models. The highest increase in estimation accuracy was obtained for participants 4 and 5 (by 66.2%
and 38.94%, respectively). The least increase in estimation accuracy was obtained for participant 8 (about 5.59%).

Table 6 summarizes the results obtained for VO, estimation using both models (linear and ANFIS) during low
intensity levels (HR<90 bpm). It reports the average VO, estimation per participant per model and the corresponding
mean RMSE. Results show that the linear model underestimated the measured VO, (with mean difference of 0.58
ml/kg.min), while the ANFIS model overerestimated the measured VO, (with mean difference of 0.62 ml/kg.min).
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In terms of model estimation error, the results indicated the outperformance of the developed ANFIS models (average
RMSE = 1.56 ml/kg.min) over traditional linear models (average RMSE = 3.14 ml/kg.min). It is clear that the
estimation accuracy of linear modelling deacreases at low intensity level (HR<90 bpm) (by 10.56%) comparing to its
accuracy throuought HR range. The VO, estimation accuracy significantly increased for all participants (by 37.81%,
on average) when using ANFIS models. The highest increase in estimation accuracy was obtained for participants 4
and 2 (by 73.18% and 62.45%, respectively). The least increase in estimation accuracy was obtained for participant 8
(about 7.13%).

Table 5. Estimated VO using traditional linear and fuzzy calibration methods with associated RMSE and
percentage reduction in RMSE when using fuzzy calibration instead of traditional linear (throughout HR range)

Participant | Measured VO, Traditional linear model Fuzzy model % reduction
(ml/kg min) Estimated VO, RMSE Estimated VO, RMSE in RMSE
(ml/kg min) (ml/kg (ml/kg min) (ml/kg
min) min)

1 10.27 11.68 1.88 11.38 1.62 13.90

2 11.01 9.55 2.13 10.27 1.78 16.46

3 12.01 12.35 1.67 12.83 1.56 6.88

4 11.51 10.75 6.66 12.37 2.25 66.20

5 11.18 10.00 2.36 10.98 1.44 38.94

6 10.92 12.82 3.02 12.43 2.72 9.81

7 11.81 13.09 2.88 12.53 2.52 12.64

8 12.46 13.59 2.11 13.21 1.99 5.59
Average 11.40 11.73 2.84 12.00 1.98 21.30
Std. Dev. | 0.69 1.49 1.61 1.01 0.47 20.93

Table 6. Estimated VO, using traditional linear and fuzzy calibration methods with associated RMSE and
percentage reduction in RMSE when using fuzzy calibration instead of traditional linear (during low intensity level

HR<90 bpm)
Participant | Measured VO, | Traditional linear model Fuzzy model % reduction
(ml/kg.min) Estimated VO, | RMSE Estimated VO, | RMSE in RMSE
(ml/kg.min) (ml/kg.min) (ml/kg.min) (ml/kg.min)

1 4.96 7.00 2.33 6.62 1.91 18.06

2 4.55 2.19 2.79 5.02 1.05 62.45

3 7.07 6.48 1.47 7.38 1.06 28.10

4 3.95 -0.19 10.79 6.09 2.89 73.18

5 9.70 8.44 2.50 9.43 1.52 39.15

6 2.16 2.59 2.20 2.14 1.50 31.91

7 2.01 2.12 0.75 2.00 0.43 42.50

8 9.25 10.43 2.31 9.93 2.15 7.13
Average 5.46 4.88 3.14 6.08 1.56 37.81
Std. Dev. | 2.95 3.71 3.16 2.96 0.76 21.85

The Bland-Altman plot (Figure 4) shows the limit of agreement between the measured and estimated (by linear
calibration and ANFIS models) VO, values. The differences between measured and estimated (using ANFIS) VO,
values at various intensity levels were within £10%, which is the acceptable range when estimating the metabolic rate
based on HR measurements (ISO 8996, 2004). These differences were remarkably/slightly smaller than those
associated with the linear calibration method at low intensity/high intensity levels.

On the other hand, the differences between measured and estimated (using linear calibration) VO, values exceeded

the £10% acceptable range (often) at low intensity (indicated with dashed arrows in Figure 4) and (rarely) at high
intensity levels (indicated with a solid arrow in Figure 4). This indicates that the linear calibration model may
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produce inaccurate VO, estimation especially during low intensity levels. At moderate intensity levels, the
differences between the measured and estimated (by linear and ANFIS) VO, values were both within the £10%
acceptable range. The results clearly indicate the superior performance of ANFIS method in VO, estimation,
especially at low and high intensity levels.
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Figure 4. Bland-Altman plot to test the agreement between measured and estimated VO, values

4. Conclusion

This study presented a new methodology for VO, estimation of individuals based on HR measurements. Individual
ANFIS models were proposed for VO, estimation to better capture the nonlinearity between HR and VO, especially
in low intensity levels. Results indicated the outperformance of the individual ANFIS models over the linear
calibration models throughout the HR range and in the lower HR range (HR<90 bpm), where intensity level is low.
Therefore, the proposed ANFIS approach can be used at work environments where high accuracy of VO, estimation
at the individual level is desired.

Acknowledgment

The author would like to acknowledge the support of King Fahd University of Petroleum and Minerals and the
Interdisciplinary Research Center of Smart Mobility and Logistics. In addition, the author would like to thank
Professor Daniel Imbeau for the valuable discussions and Dr. Philippe-Antoine Dubé for his help in data collection.

References

Abdelhamid,T., Measuring and Evaluating Physiological Demands of Construction Work, Ph.D. dissertation,
Department of Civil Engineering, University of Michigan, Ann Arbor, 1999.

AstrandP. and K. Rodahl, K., Textbook of Work Physiology, McGraw-Hill, New York, 1986.

Benedict, F.G.,The Influence of Inanition on Metabolism, Washington Publication No. 77, Carnegie Institute, MI,

1907.

Bland, J. and Altman, D., Statistical methods for assessing agreement between twomethods of clinical
measurement,Lancet, vol. 1, no. 8476, pp. 307-310, 1986.

Bouchard D. and Trudeau, F., Estimation of energy expenditure in a work environment: comparison of
accelerometry and oxygen consumption/heart rate regression,Ergonomics, vol. 51, no. 5, pp. 663-670, 2008.

Chisholm, D. Collis, M. Kulak, L, Davenport, W. and Gruber, N., Physical activity readiness,British Columbia
Medical Journal, vol. 17, pp. 375-378, 1975.

Dempsey, P., Ciriello, V., Maikala, R. and O’brien, N., Oxygen consumption prediction models for individual and
combination materials handling tasks,Ergonomics, vol. 51, no. 11, pp. 1776-1789, 2008.

Evans, O., Zerbib, Y., Faria, M. and Monod, H., Physiological responses to load holding and load carriage,
Ergonomics, vol. 26, pp. 161-171, 1983.

© IEOM Society International 619



Proceedings of the 5" International Conference on Industrial & Mechanical Engineering and Operations
Management, Dhaka, Bangladesh, December 26-27, 2022

Fox III, S., Naughton, J. and Haskell, W., Physical activity and the prevention of coronary heart disease,Annals of
Clinical Research, vol. 3, pp. 404-432, 1971.

Giiler, I. and Ubeyli, E., Application of adaptive neuro-fuzzy inference system for detection of electrocardiographic
changes in patients with partial epilepsy using feature extraction,Expert Systems with Applications, vol. 27, pp.
323-330, 2004.

Giiler, I. and Ubeyli, E., Adaptive neuro-fuzzy inference system for classification of EEG signals using wavelet
coefficients,Journal of Neuroscience Methods, vol. 148, pp. 113-121, 2005.

Imbeau, D., Dubé, P.-A., Dubeau, D. and LeBel, L., Etude de faisabilité d’une approche visant & mesurer les effets
d’un entrainement physique pré-saison sur le travail et la sécurité des débroussailleurs, Etudes et Recherches, R-
664, IRSST, Montréal, Qc, p. 61, 2010.

ISO-8996, Ergonomicsd Determination of Metabolic Heat Production, International Organization for
Standardization, Geneva, 2004.

Jang, J.S.R., Sun, C.T. and Mizutani, E.,Neuro-Fuzzy and Soft Computing: A Computational Approach to Learning
and Machine Intelligence, Prentice-Hall International Limited, London, 1997.

Kaya, M.D., Hasiloglu, A.S., Bayramoglu, M., Yesilyurt, H. and Ozok, A.F., A new approach to estimate
anthropometric measurements by adaptive neuro-fuzzy inference system,/nternational Journal of Industrial
Ergonomics, vol. 32, pp. 105-114, 2003.

Kolus, A., Dubé, P.-A.,Imbeau, D.,Labib, R. and Dubeau, D., Estimating oxygen consumption from heart rate using
adaptive neuro-fuzzy inference system and analytical approaches,Applied Ergonomics, vol. 45, no. 6, pp. 1475-
1483, 2014.

Kolus, A., Wells, R. and Neumann, P., Production quality and human factors engineering: A systematic review and
theoritical framework,Applied Ergonomics, vol. 73, pp. 55-89, 2018.

Malchaire, J., Wallemacq, M., Rogowsky, M. and Vanderputten, M., Validity of oxygen consumption measurement
at the workplace: what are we measuring?,4nnals of Occupational Hygiene, vol. 28, no. 2, pp. 189-193, 1984.

McArdle, W., Magel, J. and Kyvallos, L., Aerobic capacity, heart rate, and estimated energy cost during women’s
competitive basketball,Research Quarterly, vol. 42, no. 2, pp. 178-186, 1971.

Meyer, J. and Flenghi, D., Détermination de la dépense énergétique de travail et des capacités cardio-respiratoires
maximales a I’aide d’un exercice sousmaximal sur step-test,Documents pour le Médecin du Travail no. 64, 4e
trimestre. INRS, Paris (in French), 1995.

Rodahl, K., Vokac, Z., Fugelli, P., Vaage, O. and Maehlum, S., Circulatory strain, estimated energy output and
catecholamine excretion in Norwegian coastal fisherman,Ergonomics, vol. 17, pp. 585-602, 1974.

Shephard, R., PAR-Q Canadian home fitness test and exercise screening alternatives,Sports Medecine, vol. 5, no. 3,
pp. 185-195, 1988.

Smolander, J., Juuti, T., Kinnunen, M.L., Laine, K., Louhevaara, V., Mannikko, K. and Rusko, H., A new heart rate
variability-based method for the estimation of oxygen consumption without individual laboratory calibration:
Application example on postal workers,Applied Ergonomics, vol. 39, pp. 325-331, 2008.

Valanou, E., Bamia, C. and Trichopoulou, A., Methodology of physical-activity and energy expenditure assessment:
a review, Public Health, vol. 14, pp. 58-65, 2006.

Wu, H. and Wang, M., Relationship between maximum acceptable work time and physical workload,Ergonomics,
vol. 45, no. 4, pp. 80-289, 2002.

Wyndham, C., Strydom, N., Morrison, J., Williams, C., Bredell, G., Peter, J., Cooke, H. andJoffe, A., The influence
of gross body weight on oxygen consumption and on physical working capacity of manual
laborers,Ergonomics, vol. 5, no. 3, pp. 267-286, 1962.

Zhu, X., Computational intelligence techniques and applications, in Computational Intelligence Techniques in Earth
and Environmental Sciences, Islam, T., Srivastava, P., Gupta, M., Zhu, X., Mukherjee, S., Eds. Dordrecht:
Springer, 2014.

Biography

Dr.Ahmet Kolus is an Assistant Professor of Industrial and Systems Engineering at the College of Computing and
Mathematics, King Fahd University of Petroleum and Minerals (KFUPM), Saudi Arabia. Dr. Kolus is also affiliated
to the Interdisciplinary Research Center of Smart Mobility and Logistics atKFUPM. He received his PhD in
Industrial Engineering from University of Montreal, Canada on Human Factors and Ergonomics. He worked as a
post-doctoral fellow in University of Waterloo and Toronto Metropolitan University in Canada where heinvestigated
the impact of human factors and product quality in manufacturing. Dr. Kolus organized several conferences,

© IEOM Society International 620



Proceedings of the 5" International Conference on Industrial & Mechanical Engineering and Operations
Management, Dhaka, Bangladesh, December 26-27, 2022

symposiums, and workshops in Toronto, Montreal and Waterloo. He also delivered several talks as a Panel and
Invited speaker at conferences and symposiums in Canada.His current research focuses on: the application of human
factors in work system design and improvement and the application of computational intelligence techniques in
human factors and ergonomics. He has supervised undergraduate and graduate students in different areas related to
human factors, quality control,work and process improvement, maintenance planning and scheduling. Moreover, he
has published many journal papers and conference articles in the area of human factors, occupational safety,
maintenance planning and scheduling. Dr. Kolus is a member of Institute of Industrial Engineers (IIE), American
Society for Quality (ASQ) and Society for Engineering & Management Systems (SEMS). He received many awards
and certificates of appreciation and recognition from KFUPM, IEEE, Advanced Electronic Company and University
of Montreal.

© IEOM Society International 621



	1. Introduction
	2. Methods
	3. Results and Discussion
	Biography



