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Abstract: Virtual Reality (VR)-based training offers a safe and engaging environment for
training forklift operators. Given the complexity of forklift operation, monitoring the cognitive
workload of novice operators in these virtual settings is essential for optimizing the training
process. This study investigated cognitive workload variation during a VR-based training for
forklift operators due to varying levels of task difficulty and repeated training. Twenty novice
participants completed two sessions in a VR simulator with each session including three forklift
driving lessons at three difficulty levels. Perceived workload (NASA-TLX) and normalized
encephalographic (EEG) activity were employed to assess cognitive workload. Five of the six
NASA-TLX subscales and EEG activity in three distinct frequency bands (theta, alpha and beta)
all significantly increased with increasing task difficulty. However, we did not observe
significant changes in cognitive workload as measured by EEG in the second training session,
highlighting a potential limitation in using EEG to track workload variations across days.
Perceived workload and EEG measures showed moderate, positive correlations. Our results
highlight the potential of EEG for real-time monitoring of workload during VR-based forklift
training, particularly in differentiating tasks of varying difficulty. While more research is needed
to confirm measurement consistency across sessions, this capability could facilitate worker
monitoring to deliver timely alerts or assistance when workload levels exceed optimal

thresholds.

Keywords: Forklift operation, Virtual reality, Task difficulty, Electroencephalogram (EEG),

Workload assessment
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1. Introduction

Forklift trucks are widely used material handling equipment in warehouses and other
industrial settings. Operating a forklift often requires performing cognitively demanding tasks,
such as pallet loading/unloading and precision driving in narrow aisles. These activities
necessitate focused attention and skilled maneuvering (Ulutas & Ozkan, 2019), and the risk of
accidents depends substantially on an operator's work performance (Cohen & Jensen, 1984; Al-
Shaebi et al., 2017). Therefore, effective forklift operation is vital to ensure workplace safety and
efficiency.

Cognitive workload plays a crucial role in forklift operation, since elevated workload levels
can compromise situational awareness and work-related injuries (Choi et al., 2020). Cognitive
workload reflects the balance between task demands and an operator’s mental resources
(Wickens, 2002). Both cognitive overload and underload can lead to reduced performance and
increased error rates (Young et al., 2015; Biondi et al., 2021; Yurko et al., 2010). Monitoring
cognitive workload during operation offers practical benefits, such as enhancing operator safety
by enabling timely interventions to prevent performance declines (Hoepf et al., 2016). However,
to date no studies systematically investigated or compared the utility of different methods for
measuring cognitive workload among forklift operators.

Directly measuring cognitive workload during real-world forklift operation poses several
challenges, including high resource requirements, safety risks associated with exposing novice
operators to hazardous scenarios, and limited experimental control over workload levels. Virtual
Reality (VR) training platforms can be a promising alternative, by simulating the cognitive
demands of real-world tasks in a safe and controlled environment. Prior studies have

demonstrated that fully immersive VR platforms effectively simulate real-world cognitive
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workload, offering a deeper understanding of operator cognitive processes (Luque et al., 2024;
Lackey et al., 2016). VR forklift training creates an immersive and interactive environment for
novice operators (Islam et al., 2024; Abbas et al., 2023; Yuen et al., 2010), supporting simulation
of hazardous scenarios without exposing trainees to real-world dangers (Neira-Tovar et al.,
2022). Consequently, assessing forklift operators’ cognitive workload in a controlled VR
environment presents a unique opportunity to evaluate the efficacy of different cognitive
workload measurement methods, without exposing operators and trainees to extreme workload
conditions that could pose safety risks in real-world scenarios.

Selecting an appropriate method for measuring cognitive workload is crucial, as different
approaches vary in reliability, applicability, and potential impact on task performance (Kramer,
1991; Miller, 2001). Among various methods or measures to assess cognitive workload, the
NASA-Task Load Index (NASA-TLX) is a widely used, multidimensional tool to quantify
perceived workload (Hart & Staveland, 1988). Despite its simplicity and ease of administration,
NASA-TLX results can be influenced by individual biases and relatively high between-rater
variability (Hart & Wickens, 1990). Administering the NASA-TLX can also disrupt work or VR
immersive experience, because operators or trainees must momentarily shift their focus to
complete the ratings of perceived workload. Physiological measures, such as
electroencephalograms (EEG), offer an objective alternative for assessing cognitive workload
without interfering with task performance (Hart & Wickens, 1990). EEG provides high temporal
resolution, enabling near real-time monitoring of brain activity during task performance. It has
been used widely to evaluate cognitive workload in activities such as driving (Di Flumeri et al.,

2018), flight simulation (Kakkos et al., 2019), and VR-based tasks (Dey et al., 2019).
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Nonetheless, EEG signals are susceptible to undesired noise, such as from poor device
attachment or physiological artifacts (Jiang et al., 2019).

Combining subjective (e.g., NASA-TLX) and objective (e.g., EEG) measures is often
recommended for a more comprehensive understanding of cognitive workload (Miller, 2001).
Subjective methods offer a practical and relatively simple way to assess the participant’s self-
reported perceived workload (Cao et al., 2009), while objective methods provide a quantitative,
real-time measure of cognitive workload during task engagement (Berka et al., 2007). Some
recent studies have employed the combination of NASA-TLX and EEG measures to assess
cognitive workload in a VR environment and have shown mixed relationships between these
measures. For example, Mondellini et al. (2023) used NASA-TLX and EEG to evaluate mental
workload during an n-back test in a VR setting. While they observed an overall increase in
NASA-TLX scores across task difficulty levels, no significant changes were observed in EEG
measurements, as well as no significant correlation with NASA-TLX. In a VR-based puzzle task,
Li & Kim (2021) found greater NASA-TLX scores and less relative power in the beta band (12-
30 Hz) at the frontal and parietal regions for a more difficult task. One study found a positive
correlation between NASA-TLX and EEG (beta band power of the right temporal lobe) in a VR
flight simulation (Ji et al., 2023).

Given the limited empirical evidence on the efficacy of NASA-TLX and EEG activity as
measures of cognitive workload in VR-based training for forklift driver training, we had two
objectives in our study. Our first objective was to investigate how different task difficulty levels
impact changes in cognitive workload for novice operators during VR forklift training and to

assess how this workload evolves with repeated training sessions. Second, we investigated the



132 relationship between NASA-TLX and EEG activity to evaluate their respective utility and

133  determine whether one method might serve as a practical substitute for the other.

134

135 2. Methods
136

137 2.1 Participants

138 Data analyzed here were obtained as part of a study reported elsewhere, in which a more
139  detailed description of participant characteristics, experimental tasks, and procedures are

140  available (Islam et al., 2024). In brief, 20 novice participants from the local university and

141 community completed the study [14 males and 6 females; mean age (SD): 22.7 (4.3) years for
142  males and 26.5 (5.8) years for females]. All participants were university students with a valid
143  motor vehicle driver's license. All except two reported having no prior experience with forklift
144  operation, with those two having less than one month of experience. Also, all participants

145  reported having normal vision or corrected-to-normal vision (20/20). This research complied
146  with the American Psychological Association Code of Ethics and was approved by the

147  Institutional Review Board (IRB #22-341) at Virginia Tech. Informed consent was obtained
148  from each participant prior to participation.

149

150 2.2 Task Design

151 A high-fidelity VR-based order picker forklift simulator was used (The Raymond

152  Corporation, USA). The simulator was designed to closely replicate real-world operations,

153  featuring a VR headset (HTC Corporation, Taiwan) and a real cockpit with physical buttons and
154  asteering wheel identical to those of an actual order picker forklift for controlling and

155  maneuvering the vehicle (Figure 1). The VR environment featured scenarios that mirrored the
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tasks and conditions forklift drivers encounter during real-world operations, providing an

immersive and realistic training experience.

(@) (b)

Figure 1: VR training environment showing a participant wearing an EEG headset (a), and the

participant’s view within the VR setting (b).

Three VR training sessions with varying levels of task difficulty (categorized as low, medium
and high difficulty level) were chosen to assess cognitive workload. The specific requirements
for completing each of these training sessions are outlined below.

e Low (L): Drive along a specific path composed of multiple 45-90° turns (Figure 2a).

e Medium (M): Drive to a specific location, pick up a pallet using the forks, and then drive
in reverse along a designated path to place the pallet at a predetermined location (Figure
2b).

e High (H): Drive to a specific aisle, raise the forks along with the operator’s standing
platform off the ground, to pick up the boxes placed on the racks. Five boxes, located in
different aisles, were collected by the participants, by physically reaching out and

“touching” the boxes with their hands in the simulated environment. (Figure 2c¢).
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175  Figure 2: Driving lesson maps in the low (a), medium (b), and high (c) task difficulty levels.
176  Black arrows indicate forward driving and the red arrow indicates reverse driving.

177

178 The task difficulty levels were determined based on our pilot study and the sequence of
179  training techniques designed in the VR simulator. In the low task difficulty (i.e., lesson),

180  participants learned basic truck control and navigation along a path. In the medium task

181  difficulty, participants practiced both forward and reverse driving and learned how to operate the
182  forks. In the high task difficulty, participants used both forward and reverse driving to position
183  the forklift optimally for picking up loads from the shelves.

184

185 2.3 Experimental procedures

186 Participants completed two sessions with the same protocol, with the second session

187  completed within five days of the first. In each session, participants performed three driving

188  lessons in a fixed order, from low to higher difficulty levels (Figure 2). While randomizing the
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lesson order could have been more effective at controlling for confounding effects (e.g., to
reduce potential learning or fatigue effects), such experimental design would have compromised
ecological validity. In the real world, trainees naturally progress from basic to advanced driving

skills. For this reason, the fixed order was used.

During each study session, participants began with an initial familiarization period to learn
forklift operations and controls within the VR environment (Figure 1b). The initial
familiarization period lasted until participants either indicated they felt ready to proceed to the
main training tasks or reached a predetermined time limit of 10 minutes. Experimenters
supervised the initial familiarization period, providing verbal instructions and feedback to ensure
participants effectively learned how to operate the vehicle. Subsequently, participants donned an
EEG headset and the VR headset over it. (Figure 1a). Specifically, we used a six channel dry-
electrode headset (Arc device, Mindrove, Hungary; Figure 1a) to collect continuous EEG data at
500 Hz. Following recommendations by the International 10-20 system (Klem et al., 1999), the
six main electrodes of the device were positioned to cover six locations over the frontal lobe (F5,
F3, F1, F2, F4, and F6). Reference and bias electrodes were placed and secured behind the right
and left ears, respectively. The experimenter confirmed visually that the EEG and VR headsets
did not physically interfere with each other. Before starting the driving lessons, we collected
open eyes resting (baseline) EEG measures while participants sat in a comfortable chair, wearing
both EEG and VR headsets in a manner that would reduce the noise caused by the muscle and
eye movement. During this resting EEG collection, participants were asked to stay in a relaxed
and awake state and focus on a fixed point in the center of the VR screen for two minutes,

minimizing body movements and eye blinking to the extent possible.
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After the baseline measurement, participants underwent driving lessons during which we
recorded EEG data. Participants completed one trial at each task difficulty level (i.e., low,
medium, and high). No time restrictions were imposed, and participants were allowed to
complete the tasks at their own pace. Trials were terminated if participants failed to complete the
same lesson three times consecutively, either by crashing the truck into the racks or damaging
the pallet. The mean (SD) completion times for the tasks were 1.2 (0.2) minutes for low
difficulty, 2.0 (0.6) minutes for medium difficulty, and 4.0 (1.2) minutes for high difficulty.

Upon completing each lesson, participants were asked to provide ratings on the six NASA-
TLX subscales (Hart & Staveland, 1988): mental workload, physical demand, temporal demand,
performance, effort, and frustration. We excluded the pairwise comparison step to focus on the
effect of workload on each NASA-TLX subscale, as examining subscale ratings rather than a
single overall workload score has demonstrated effectiveness in identifying the sources of
workload (Hart, 2006). Resting periods were provided after participants completed each NASA-
TLX questionnaire and before beginning the next task. To minimize boredom and motion
sickness, participants were encouraged to rest for as long as needed and resume the experiment

only when they felt ready to continue.

2.4 EEG Data Processing

Raw EEG data from each training lesson were imported to the EEGLAB package (v2022.0,
Delorme & Makeig, 2004) in MATLAB (R2022b, The MathWorks Inc, US) and visually
inspected to identify potential artifacts. Noisy channels were removed and interpolated using the
neighborhood channels. EEG data were downsampled from 500 to 250 Hz and band-pass filtered
between 1 and 30 Hz, and an automated algorithm embedded in EEGLAB (Clean-raw data

plugin -v2) was used to detect and remove any potential sources of noise and artifacts.

10
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Independent Component Analysis was then applied to the multichannel EEG data to identify
artifact components, and such components were removed from the filtered data (Yang et al.,
2019). Subsequently, the power spectral density of each channel was calculated using a 1-second
Hamming window with no overlap. Mean power for three different frequency bands—theta (4-8
Hz), alpha (8-13 Hz), and beta (13-30 Hz)—were calculated separately for all six channels for
each trial. The mean power in each frequency band across all the six channels, from each trial,
was divided by the respective mean power at baseline (open eyes) for each participant, yielding

normalized band power (Keskin et al., 2019).

2.5 Statistical analysis

Among the 20 participants, EEG data from one female participant were not recorded due to
technical issues. EEG data from one male participant in session 1 were excluded due to noise
caused by poor electrode attachment to the scalp (which was only identified after data
collection). Three additional participants were unable to finish either the M or H task difficulty
levels because they failed the trials after three consecutive attempts. Incomplete trial data were
excluded from statistical analysis. NASA-TLX and EEG data were available from a total of 107
trials, including 50 trials from session 1 ( 18, 16, and 16 trials, respectively, for the L, M, and H
difficulty levels) and 57 trials from session 2 (19 trials each for the L, M, and H difficulty
levels). Separate repeated-measures analyses of variance (ANOV As) were performed on each
dependent variable to assess the effects of Task difficulty (L, M, and H) and Session (Session 1
vs. 2), including biological Sex as a blocking effect. The nine dependent variables were the six
NASA-TLX subscales and normalized theta, alpha, and beta power. Significant effects were
examined further using Tukey’s HSD post-hoc pairwise comparison. Additionally, Pearson

correlation analysis was performed between the six NASA-TLX subscales and the EEG band

11
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powers, to quantify the linear associations between subjective and objective measures of

cognitive workload. All statistical analyses were performed in JMP Pro v/6.0.0 (SAS, NC,

USA), using the restricted maximum likelihood (REML) method. Parametric model assumptions

were confirmed, and statistical significance was determined when p <.05. Effect sizes are

reported using partial eta squared (7%).

3. Results

Descriptive statistics of the NASA-TLX and EEG (normalized theta, alpha, and beta power)

is provided in Table 1 with respect to Task difficulty and Session. More detailed results are

provided below.

Table 1: Mean (SD) of NASA-TLX ratings and EEG activity (normalized theta, alpha, and

beta power) stratified by Task difficulty level (L, M, and H) and Session.

Session 1 Session 2
Variable L M H L M H
NASA-TLX
Mental workload (0-100)  16.5(14.8)  19.4(12.0)  35.5(26.6) 8.2 (8.6) 122(8.6)  19.1(15.7)
Physical demand (0-100)  11.3(12.0) 183 (21.6)  19.2(15.9) 8.3 (8.0) 122(123)  14.4(11.2)
Temporal demand (0-100)  10.5(12.9)  11.9(11.1)  17.8(19.3) 5.5 (6.6) 8.1(9.6) 11.1 (10.8)
Performance (0-100) 2.6 (5.6) 13.4(146) 134(142)  2.1(3.6) 7.6 (1.5) 8.2 (11.6)
Effort (0-100) 202(25.6) 325(275) 4173315  7.0(6.8) 19.4(258)  16.9(15.4)
Frustration (0-100) 9.7(13.7)  253(26.0) 233(22.0)  4.6(6.03) 5.0 (6.8) 12.8 (16.6)
EEG
Theta (4-8 Hz) 2.4(1.3) 4.4(2.0) 7.1 (3.6) 2.1(0.9) 4.0 (2.1) 5.0(1.7)
Alpha (8-12 Hz) 1.9 (1.0) 3.4(1.4) 4.2 (1.6) 1.7 (0.9) 42 (3.5) 42(2.8)
Beta (12-30 Hz) 1.6 (0.7) 2.6(1.5) 6.4 (6.3) 1.3 (0.8) 2.3(1.7) 2.4(1.9)
3.1 NASA-TLX

ANOVA results for NASA-TLX are shown in Table 2, and significant pairwise comparisons

are reported in Appendix Table A.1. Main effects of Task difficulty were significant for all

NASA-TLX subscales except for the effort subscale (which approached significance, with p =

12
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0.051). Overall, each of the subscale ratings increased in the more cognitively difficult tasks

(Figure 3). Additionally, Session had significant main effects on three NASA-TLX subscales:

temporal demand, effort, and frustration ratings were all significantly lower in Session 2

compared to Session 1. Sex x Session interaction effects were significant on mental demand

ratings, where only male participants showed a significant difference between sessions. Results

for the effort subscale were more complex, in that there was a significant three-way interaction

effect of Task Difficulty x Session x Sex. Females showed no significant differences in their

effort subscale ratings between different Task difficulty or Session conditions. However, males

had significant differences in these ratings between different Task Difficulty levels within

Session 1, and between sessions 1 and 2 across similar or different Task Difficulty levels (refer to

Table A.1 for more details).

Table 2: ANOVA results [F value (p value, #%)] for the main and interaction effects of Task
difficulty, Session, and Sex on the six NASA-TLX subscales. Note that significant effects are

highlighted using bold font.

NASA-TLX Effect
ratings
Task difficulty (T)  Session (S) Sex TXS S x Sex T X Sex T X S X Sex

"Mental ' 16.48 376 236 2.60 4.69 1744 o061
demand (001,0.131)  (.056,0.002) (.143,0.015) (.081,0.005) (.033,0.003) (.182,0.002)  (.544,0)
Physical 7.22 155 2.12 0.60 135 0.23 0.48
demand (001, 0.028) (217,0)  (164,0.013)  (.553,0) (249, 0) (794, 0) (623, 0)
Temporal 6.43 8.91 327 132 0.02 0.22 145
demand (003,0.023)  (.004,0.010) (.090,0.029) (272,0.001)  (.890,0) (798,0)  (.240,0.001)
Performance 3.93 0.70 0.64 0.24 172 0.91 0.42

(024, 0.011) (404,0)  (447,0.002)  (790,0)  (.194,0.001) (.409,0.001)  (.656,0)
Effort 3.11 7.83 2.05 4.88 253 253 4.44

(051,0.007)  (.007,0.009) (.171,0.012) (.010,0.016) (.116,0.001) (.087,0.005) (.015,0.013)
Frustration 6.43 6.72 143 0.63 1.77 0.98 036

(003,0.023)  (.011,0.006) (.249,0.007)  (.538,0) (187,0)  (379,0.001)  (.700,0)

13
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Figure 3: Effects of Task difficulty and Session on NASA-TLX mental workload rating (L: Low,
M: Medium, H: High). “*” indicates a significant paired difference between Task difficulty and
Session levels (p < .05). Whiskers are 1.5 times the interquartile range (IQR) from the first and

third quartiles.

3.2EEG

The main effect of Task difficulty was significant for normalized power in all three EEG bands
(Table 3, Figure 4). Post hoc analysis revealed a significant increase of power between all task
difficulty levels for the theta band. Normalized theta power significantly increased by 88.2% from
L toM, 165.6% from L to H, and 41.1% from M to H task difficulty levels. Significant differences
in normalized alpha power were observed between L and M and between L and H task difficulty

levels. Specifically, normalized alpha power increased by 113% from L to M, and by 129% from

14
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L to H. Lastly, normalized beta activity significantly increased by 128.2% from L to H task

difficulty level.

Table 3: ANOVA results [F value (p value, #?)] regarding the main and interaction effects of
Task difficulty, Session, and Sex on EEG activity (normalized power in theta, alpha and beta
band). Note that significant effects are highlighted using bold font.

Normalized Effect
Power
Task difficulty (T) Session (S) Sex TS S x Sex T X Sex T X S X Sex
‘Theta (4-8 Hz) 17.32 " 059 313 021 262 005 146
(001, 0.177) (445,0)  (094,0.022)  (814,0)  (.110,0.001)  (949,0)  (241,0.002)
Alpha (8-12 Hz) 8.12 0.08 0.01 0.17 0.14 0.14 0.12
(001,0.061)  (.772,0)  (.986,0) (.842, 0) (712, 0) (.873,0) (.884, 0)
Beta (12-30 Hz) 5.07 3.37 0.01 2.12 0.25 0.15 0.07
(009,0.024)  (.071,0.002)  (967,0)  (.129,0.005)  (.618,0) (.856, 0) (929, 0)
25 25 25 &
o * o * =
§_ 20 x| §_ 20 |* §. 20
;] £ * g
5 15 ‘ S 15 8 15
s = 2
* ¥ . =
E 10 E 10 : : & 10
e e |
(<] S 2 =]
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Task difficulty Task difficulty Task difficulty

Figure 4: Normalized EEG power in three frequency bands with respect to Task difficulty (L:
Low, M: Medium, H: High). “*” indicates a significant paired difference (p <.05). Whiskers are
1.5 times the interquartile range (IQR) from the first and third quartiles.

3.3 Correlations between NASA-TLX subscales and normalized EEG powers
Normalized power in the theta band was significantly and positively correlated with mental
demand, performance, and frustration (Table 4). Normalized power in the alpha band showed a

positive correlation only with physical demand. Notably, normalized power in the beta band had

15
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significant positive correlations with all NASA-TLX subscales except performance. Overall, the
correlations between NASA-TLX subscales and normalized EEG powers appeared linear,
though the strength of these correlations was at best modest and varied between subscales and

frequency bands (Figures 5 and A.1, A.2).

Table 4: Correlation analysis results [R (p value)] between NASA-TLX subscales and

normalized EEG power in three frequency bands.

Variables NASA-TLX ratings
Mental Physical Temporal Performance Effort Frustration
demand demand demand

Normalized Power

Theta 0.362 (.001) 0.138 (.194)  0.118 (.279) 0.305 (.001) 0.437 (.222)  0.247 (.023)
Alpha 0.210 (.069) 0.255 (.022) 0.173 (.129) 0.158 (.185) 0.055 (.647) 0.192 (.092)
Beta 0.395 (.001) 0.292 (.008)  0.239 (.035) 0.105 (.378) 0.290 (.012) 0.385 (.001)
25 25 25
o R=0.395, p=0.001" R=0.292, p=0.008" R=0.239, p=0.035
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Figure 5: Pearson correlation with 95% confidence interval between NASA-TLX subscales and

normalized EEG power in the beta band.
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4. Discussion

We investigated the effect of task difficulty and repeated training on perceived workload and
brain activity during VR-based forklift training. Both the NASA-TLX (except for the effort
subscale) and EEG measures effectively differentiated cognitive workload between different
levels of task difficulty during VR training. Among the measures, normalized EEG power in the
theta band was the only one sufficiently sensitive in differentiating between all three levels of
task difficulty (Figure 4). The larger effect size of normalized EEG power in the theta band
versus other measures further suggests its greater sensitivity to variations in workload for the
tasks considered in this study. An additional training session did not significantly change
cognitive workload measured by the EEG activity, while ratings of three NASA-TLX subscales
(temporal demand, effort, frustration) declined in the second training session. The following

discussion addresses these results in more detail.

4.1 Task Difficulty

Significant main effect of task difficulty was observed for all NASA TLX subscales except
for the effort, which approached significance with p = 0.051 (Table 2; Figure 3). The significant
increase of NASA-TLX in the more difficult tasks implies that workload manipulations in this
study effectively induced the perceived workload of participants across various task difficulty
levels.

Normalized EEG power in all three frequency bands (theta, alpha, beta) also significantly
increased with task difficulty (Table 3; Figure 4). The highest sensitivity was observed in the

theta band, which showed significant differences in all pairwise comparisons among three task
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difficulty levels. This observation is consistent with previous findings that frontal theta activity
increases when performing a highly demanding task (Jensen & Tesche, 2002; Depestele et al.,
2023), and that theta band synchronization can serve as a reliable indicator of cognitive workload
elevation (Borghini et al., 2014; Shou & Ding, 2013). Theta activity is closely linked to different
cognitive processes, such as attention, decision making and encoding the new information into
episodic memory (Klimesch, 1999; Ishii et al., 1999; Senftleben & Scherbaum, 2021). Compared
to a 2D VR environment, the highly immersive nature of a 3D VR environment can trigger an
increase in theta activity, driven by the need to encoding spatial information and search for
spatial cues and landmarks (Slobounov et al., 2015; Kober et al., 2012). In our study, the increase
in theta band activity with increasing task demands may be attributed to the processing of visuo-
spatial information within the 3D VR environment, especially when task complexity increased
(Bischof & Boulanger, 2003; Jaiswal et al., 2010). Another possible explanation is that during
more challenging tasks participants had to increase their attention and arousal levels to meet the
task demands, which may have influenced their brain activation (Diaz-Piedra et al., 2020).

While not as sensitive as theta, normalized EEG power in the alpha band also showed a
significant increase with increasing task difficulty (from L to M and L to H). Most prior research
findings showed decreased power in the EEG alpha band with increasing cognitive workload
(Lei & Roetting, 2011; Morton et al., 2022), or alpha desynchronization (Klimesch et al., 1997) .
However, some researchers have reported the opposite observation, similar to ours, which is
known as alpha synchronization (Pope et al., 1995, Michels et al., 2008). These mixed findings
can be explained by two contradicting pathways, in which alpha band desynchronization is
related to memory maintenance while synchronization is associated with suppressing irrelevant

stimuli (Puma et al., 2018). We postulate that our result might indicate participant effort in
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suppressing distractors (Rihs et al., 2007) in the VR simulation, to maintain focus or attention on
the driving task. The lack of a significant correlation between alpha activity and NASA-TLX
subscales (except for physical demand) further supports this interpretation, suggesting that
changes in alpha activity might not be primarily linked to mental workload but could instead be
driven by underlying factors, such as efforts to avoid distractions. Furthermore, since the
decrease in alpha band activity associated with heightened cognitive workload is commonly
reported in the parietal regions of the brain (Borghini et al., 2014), making direct comparisons
between our findings and others may be challenging. In addition, variation in the alpha frequency
band is dependent on some individual differences such as age, sex (Chiang et al., 2011), and
memory performance (Klimesch et al., 1993).

The EEG beta band reflects attentional state and active information processing (Giintekin et
al., 2013; Ray & Cole, 1985); thus, increased power in the beta band is often used as an
indication of increased workload (Oriin & Akbulut, 2019) or cognitive overload (Matthews et al.,
2017). Here, we found a significant increase in the normalized EEG power in the beta band from
low to high task difficulty level (Table 3, Figure 4), which may reflect a heightened cognitive

workload and attention to meet the demands of a task (Gong et al., 2019).

4.2 Effects of repeated training

The training session treatment did not significantly impact workload for three NASA-TLX
subscales (mental demand, physical demand and performance). However, participants reported a
significant decrease in NASA-TLX ratings during the second training session for the effort,
frustration, and temporal demand subscales. Effort is influenced by the interplay between

alertness and task demands (Galy et al., 2018). In the second session, the reduced effort could
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suggest that participants' increased alertness allowed them to easily manage the necessary
resources, possibly due to task familiarization. Frustration can be related to the participant's level
of tension (Galy et al., 2018). The substantial decrease in frustration could therefore be seen as a
reduction in tension, likely due to becoming more familiar with the task during the second
session, which may also indicate learning, adaptation to the VR environment, or a diminished
novelty effect. Repeated training did not affect EEG activity in any of the three frequency bands
measured. In another analysis of this study (Islam et al., 2024) reported a decrease in the range of
motion and movement variability of participants in the second session, which we interpreted as a
result of an increase in their forklift operation skills. However, we did not observe such a
decrease in cognitive workload measured by EEG signals.

The absence of significant main effects of training sessions on EEG activity and three
NASA-TLX subscales (mental demand, physical demand, performance) suggest that only two
training sessions might not be sufficient to substantially reduce the cognitive effort needed to
perform the tasks. Borghini et al. (2013) demonstrated that EEG theta activity (as an indicator of
cognitive workload) initially increased for novice participants during a VR flight task training.
However, with further training sessions, participants enhanced their skills to accomplish the tasks
using less cognitive resources, and this was reflected in reduced theta activity in the fifth session
of training. We speculate that two training sessions may not be sufficient for participants to
develop their own strategies, achieve full proficiency in the task, and reduce the cognitive
resources required for its completion. Future studies with more repeated sessions are suggested.
Extended training will be useful to assess the sensitivity of EEG activity measures and to
determine the optimal training sessions required for substantial reduction in cognitive workload

due to learning the task among novice forklift drivers undergoing VR training.
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434 The inability of EEG to detect changes in cognitive workload across different observation
435  days in our study also raises concerns about the test-retest reliability of EEG measurements over
436  multiple sessions. Factors such as variations in electrode placement, differences in the contact
437  between the electrodes and the scalp and the participants' hair condition may contribute to

438 inconsistencies in EEG data collection (Gamano et al., 2018; Alarcén-Segovia et al., 2024;

439  Scrivener & Reader, 2022). Although we maintained consistent EEG procedures, using the

440  device on the second day likely introduced some variations in electrode positioning and scalp
441  contact, affecting signal quality. Future studies are needed to better understand and improve the

442  between-session reliability of EEG measures.

443
444 4.3 Differences related to biological sex

445 While Sex had no main effect on any NASA-TLX subscales or EEG measures, we found
446  significant interactive effects between task difficulty, session and sex for two NASA-TLX
447  subscales (effort and mental demand). For the males, mental demand and effort subscales

448  showed significant changes affected by the session, task difficulty, or their interaction (Table
449  A.l), indicating they were more sensitive to these factors or adapted differently under varying
450  conditions. For the females, the mental demand and effort subscales remained relatively

451  unchanged, suggesting that their perception of mental workload and effort was less influenced
452  across different task difficulties or sessions. This difference in perceived workload ratings
453  between male and female participants, highlights potential sex differences in how novice male
454  and female forklift drivers experience workload in their forklift operations and the need for
455  optimizing training strategies to reduce workload disparities between genders.

456

457 4.4 Correlations between NASA-TLX ratings and normalized EEG powers

21



458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

There was a moderate positive correlation between some NASA-TLX subscales and EEG
powers (Table 4; Figure 5), highlighting the potential utility of EEG in measuring workload
changes in VR-based forklift driving. EEG power in the beta band showed significant
correlations with all NASA-TLX subscales, except for performance. Similar to our findings, Ji et
al. (2023) observed a strong correlation between the NASA-TLX and beta activity for pilots
during VR-based flight tasks. The correlation between NASA-TLX and EEG power in the beta
band suggests the potential of the beta band in the continuous assessment of workload in VR
training, in a manner distinct from that of NASA-TLX. Our findings point to potential for future
research to create real-time cognitive workload monitoring systems using EEG headsets for
forklift driving. These headsets could be worn by forklift operators for seamless integration and
data collection to obtain indications of cognitive workload in (near) real-time. Incorporating real-
time brain monitoring into forklift operations presents multiple opportunities to enhance training
effectiveness, operator safety, and operational efficiency in both virtual and real-world contexts.
In VR settings, monitoring the cognitive workload of novice drivers during training could
support the design of adaptive, effective programs that align with the learner's available cognitive
capacity (Rodenburg et al., 2018; Dey et al., 2019). In real-world scenarios, such monitoring
systems could offer immediate feedback and alerts to operators when workload levels approach
critical thresholds (Arico et al., 2017), thereby improving safety and enhancing operational

performance.

4.5 Limitations

Some limitations of the study should be acknowledged. First, EEG data were collected from

only 6 electrodes at the frontal region of the brain, due to limitations in attaching an EEG device
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beneath the VR headset. Considering that diverse cognitive processes are associated with distinct
brain regions, EEG data collected beyond the frontal region could provide further information for
workload measurements. Second, participants were engaged in moderate movement (i.e., load
pick-up from a shelf or turning their bodies to reverse driving and to operate the forklift forks)
during certain segments of the difficult task conditions. Despite applying several signal
processing steps to minimize noise resulting from body movements, we are unsure of the
consistency in signal-to-noise ratio across all difficulty levels. In addition, we did not explore the
effect of task completion time on perceived workload and EEG measures. While longer task
duration could potentially increase perceived workload and EEG measures, the mean duration of
lessons were relatively short for all task difficulties (L: 1.2+ 0.2; M: 2.0+ 0.6; H: 4.0+ 1.2
minutes). As mental fatigue is expected to happen over an extended period during driving tasks
(Tran et al., 2020), we consider the effect of different task durations between different task
difficulty levels to not be of a level sufficient to have generated mental fatigue and drowsiness in
our training. The sample size of this study was relatively small. However, our post-hoc power
analysis for the effect of task difficulty on most of the variables showed sufficient statistical
power (higher than 90%) to detect meaningful differences . Another limitation of this study was
the small number of female participants. To better understand the impact of biological sex on the
workload of novice forklift drivers in VR training, future research should include a larger sample
of female participants. Finally, due to the exploratory nature of our study, we did not consider
factors such as gaming experience or cognitive function as inclusion criteria for recruiting the
participants or as control variables for the analysis. Future work should incorporate these factors
into the study design to explore their potential influence on cognitive workload measurement

across various VR-based training platforms.
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5. Conclusions

In summary, we studied cognitive workload in a VR-based training environment using
NASA-TLX and EEG activity. Both NASA-TLX and EEG power (in theta, alpha, and beta
bands) were sensitive at discriminating different levels of cognitive workload between different
forklift driving lessons with varying difficulties. Both types of measures also showed moderate
positive correlations with each other. However, we could not find evidence that EEG activity can
effectively detect changes in cognitive workload (measured by three NASA-TLX subscales, i.e.,
temporal demand, effort, and frustration) across repeated training sessions. Our results highlight
the potential utility of EEG in monitoring cognitive workload induced by distinct levels of task
difficulty in a VR training environment, though evidence supporting its utility across repeated
sessions remains limited. EEG-based workload monitoring systems hold substantial practical
potential for enhancing VR training by enabling adaptive learning tailored to operators’ cognitive
workload levels. Additionally, in real-time operations, such systems could deliver timely

interventions to improve operator safety and enhance operational performance.
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Appendix

Table A.1: Results from post-hoc pairwise comparisons (Tukey HSD test) for interaction and main effects of Task
difficulty, Session and Sex on nine dependent variables including six NASA-TLX subscales and EEG activity in the

theta, alpha and beta bands.

. Main/Interaction . . o

Variable Effect Pair 1 Pair 2 95% CI p-value

L H [-23.90, -9.23] <.001

Task difficulty (T)

Mental demand M H [-21.88, -6.14] <.001
Sex x 8 Session 1, Male Session 2, Male [5.36, 17.17] <.001

L M [-9.34, -.004] .048

Physical demand  Task difficulty (T)
L H [-11.90, -2.63] .001
Task difficulty (T) L H [-11.79, -2.22] .002
Temporal demand

Session (S) Session 1 Session 2 [1.75, 8.74] .004

Performance Task difficulty (T) L M [-14.12, -0.88] .023

Task difficulty (T) Session 1 Session 2 [2.39, 14.20] .007

Session 1, L Session 1, H [-31.58, -4.62] .003

Session 1, H Session 2, L [4.65, 37.46] .005

Tx58

Session 1, H Session 2, M [0.60,27.71] .036

Session 1, H Session 2, H [6.21, 35.40] .001

Session 1, L, Male Session 1, M, Male [-33.07, -2.95] .007

Effort

Session 1, L, Male Session 1, H, Male [-39.14, -9.02] <.001

Session 1, M, Male Session 2 , L, Male [7.18,37.30] <.001

TxSexxS§ Session 1, M, Male Session 2 , M, Male [2.18, 32.30] 012

Session 1, H, Male Session 2 , L, Male [13.25, 43.37] <.001

Session 1, H, Male Session 2 , M, Male [8.25, 38.37] <.001

Session 1, H, Male Session 2 , H, Male [2.48, 32.60] .010

Task difficulty (T) L M [-18.71, -3.59] .002

Frustration

Session (S) Session 1 Session 2 [1.59,12.10] 011

L M [-3.34, -0.58] .003

Theta activity Task difficulty (T) L H [-5.01, -2.08] <.001
M H [-3.08, -0.09] <.035

Alpha activity Task difficulty (T) L M [-3.60, -0.55] .005
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Figure A.1: Correlations between NASA-TLX subscales and normalized EEG power in the theta band.
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Figure A.2: Correlations between NASA-TLX subscales and normalized EEG power in the alpha band.
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