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This paper proposes a fuzzy logic-based subsystem integrated into an Intelligent Training 
Simulator (ITS), designed to optimize training by leveraging real-time eye-tracking data 
and performance error analysis. The subsystem continuously estimates cognitive load, 
stress, and fatigue by combining eye-tracking features (e.g., fixation duration, saccade rate, 
blink rate, and PERCLOS) with error scores derived from training performance. Robust 
normalization techniques, such as median and Median Absolute Deviation (MAD), address 
individual variability, followed by temporal smoothing for stable data processing. A 
Mamdani-type fuzzy inference system maps these inputs to psychophysiological state 
estimates, which are then used to dynamically adjust training difficulty within predefined 
boundaries. The system's effectiveness was evaluated in a controlled study involving 20 
participants, showing that the fuzzy logic-driven adaptation can maintain stable cognitive 
load and stress levels while improving task performance in controlled conditions. The 
results highlight that the approach not only supports stable learning dynamics but also 
emphasizes interpretability, transparency, and real-time feasibility, making it suitable for 
adaptive training systems that require explainable decision-making and can be deployed in 
real-world settings. This work provides a foundation for future developments in adaptive 
training systems incorporating multimodal data for personalized learning. 
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1. INTRODUCTION

Intelligent training simulators (ITS) can be viewed as
human-in-the-loop information systems that continuously 
acquire multimodal behavioral data, transform these data into 
state estimates, and apply decision rules to regulate task 
conditions. In this setting, adaptation is not limited to final 
scoring. Instead, the system performs a closed-loop 
information-processing function in which sensing, integration, 
estimation, and control are linked in real time under 
uncertainty and inter-user variability. Immersive simulators 
support this approach because scenario parameters such as 
visibility, environmental disturbances, and target behavior can 
be adjusted in real time while preserving the task structure. 

Eye tracking provides a non-invasive stream of behavioral 
information that can be collected continuously during 
interaction. Recent reviews describe its use in immersive and 
VR settings for assessing workload, attention, and fatigue [1-
5]. Fixation duration and saccade dynamics capture aspects of 
information processing and visual search [6-8]. Blink-related 
metrics and PERCLOS are often associated with vigilance and 
fatigue and have been validated in applied monitoring contexts 
[9-13].  

A second issue concerns the decision layer. Many adaptive 
training approaches rely on black-box machine learning 
models, which can reduce transparency and complicate 
validation in contexts where interpretability and reliability are 

especially important. Interpretable rule-based decision models 
remain relevant when the system must expose its reasoning 
and allow expert adjustment. Fuzzy inference systems provide 
a framework to integrate heterogeneous indicators, represent 
uncertainty, and encode expert knowledge through linguistic 
rules [14-16]. 

In this work, we propose a real-time fuzzy scenario-control 
loop that combines robustly normalized eye-tracking features 
with a simulator-derived performance error score. The features 
are aggregated in sliding windows and processed by a 
Mamdani-type fuzzy model to estimate cognitive load, stress 
level, and fatigue. The subsystem combines eye-tracking 
features aggregated in sliding windows with a simulator-
derived performance error score. A Mamdani-type fuzzy 
model outputs estimates of cognitive load, stress level, and 
fatigue, which are then used by a scenario manager to regulate 
difficulty within predefined limits. The approach is evaluated 
in a controlled study with 20 participants by comparing fixed-
scenario training with adaptive fuzzy-driven training. The 
main contributions of this work are threefold. First, we 
introduce a task-oriented fusion strategy that combines 
personalized, robustly normalized eye-tracking indicators with 
a simulator-derived integrated error score on a common 
decision scale. Second, we define an interpretable scenario-
control logic in which the inferred trainee states are translated 
into bounded difficulty adaptation through explicit rules and 
stability constraints. Third, the experimental validation is 
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designed to assess the practical value of the proposed adaptive 
control loop, specifically whether it can stabilize inferred user-
state trajectories and maintain task performance more 
effectively than a fixed training policy. 

From an information-systems perspective, the proposed 
framework can be interpreted as a real-time human-in-the-loop 
architecture for multimodal data integration, latent state 
estimation, and adaptive decision management in simulator-
based training. 

 
 

2. RELATED WORK 
 

2.1 Eye tracking for assessing cognitive load, attention, and 
fatigue 

 
Eye tracking has become a widely adopted non-invasive 

method for inferring learners’ internal states in interactive and 
immersive environments. Recent surveys emphasize its 
growing relevance in educational and training settings, 
particularly within virtual and augmented reality applications 
[1-5]. 

Pupillometry has been repeatedly shown to be a sensitive 
indicator of cognitive load, reflecting changes in mental effort 
during learning and problem solving [17, 18]. Fixation 
duration and saccadic patterns have been used to characterize 
perceptual demands and attentional allocation [6-8], whereas 
eyelid-closure related measures, such as blink rate and 
PERCLOS, are commonly associated with fatigue and reduced 
vigilance [9-13]. Together, these measures enable continuous 
monitoring of attention and alertness without interfering with 
task execution. 

More recently, eye tracking has also been used to assess 
performance and skill acquisition in complex tasks such as 
programming comprehension, surgical training, and 
professional vehicle operation [19-21] demonstrating its 
applicability beyond controlled laboratory conditions. 

 
2.2 Adaptive learning and intelligent training systems 

 
Adaptive learning systems aim to personalize instruction 

based on a learner’s performance and internal state [22]. 
Recent work highlights the role of artificial intelligence in 
enabling dynamic adaptation of content, difficulty, and 
feedback [23-27]. 

Several studies have proposed leveraging physiological and 
behavioral signals to drive adaptation in immersive training 
environments. For instance, Gehrke et al. [28] demonstrated 
that gaze tracking can be used to detect cognitive load in real-
time and adjust training difficulty accordingly. Other studies 
[29, 30] investigated gaze-driven adaptive interfaces and 
attention-training systems, reporting improvements in both 
efficiency and task safety. 

Systematic reviews further suggest that immersive VR 
training can improve learning outcomes when combined with 
appropriate instructional design and adaptation mechanisms 
[31-33]. However, many existing systems rely on opaque 
machine learning models, which limits transparency and 
explainability. 
 
2.3 Multimodal approaches to workload and fatigue 
detection 

 
To improve robustness, a number of studies combine eye 

tracking with additional physiological and behavioral signals. 
In this study [34], eye-movement measures were analyzed 
alongside performance indicators to estimate pilot workload. 
Vulpe-Grigorasi et al. [35] and Khan et al. [36] likewise 
showed that integrating eye tracking with other biosignals can 
improve the accuracy of cognitive-load estimation. 

In safety-critical contexts such as driving, multimodal 
systems have been proposed for detecting fatigue and 
drowsiness by integrating facial, ocular, and behavioral 
features [37-39]. Collectively, these works highlight the value 
of fusing multiple weak indicators to obtain reliable state 
estimates in real-world conditions. 

 
2.4 Fuzzy logic and interpretable models for adaptive 
decision-making 

 
Fuzzy logic provides a natural framework for modeling 

uncertainty, vagueness, and inter-individual variability in 
human-centered systems. Recent studies have employed 
fuzzy-based approaches to integrate heterogeneous signals and 
support interpretable decision-making. 

Fuzzy and hybrid methods are also well suited for adaptive 
learning, as they allow expert knowledge to be encoded 
through linguistic rules while remaining flexible to context 
and individual differences [14, 15]. Compared with “black-
box” deep learning approaches, fuzzy systems offer explicit 
reasoning pathways that are easier to inspect, validate, and 
refine—an important advantage in educational and safety-
critical applications [16]. 

Despite the relevance of the studies reviewed above, several 
gaps remain. First, much of the prior work uses eye tracking 
or other behavioral and physiological signals mainly for 
monitoring, classification, or offline assessment, rather than 
for closed-loop scenario control in real time. Second, 
relatively limited attention has been given to adaptive training 
frameworks that combine eye-tracking indicators with 
simulator-derived execution errors in a unified multimodal 
decision pipeline. Third, although adaptive systems are widely 
studied, many existing approaches rely on black-box 
predictive models, which makes the decision layer less 
transparent and harder to inspect or adjust in training contexts 
where robust and interpretable adaptation is important. These 
limitations motivate the present study, which addresses the 
problem as a human-in-the-loop information system that 
integrates multimodal behavioral evidence, estimates trainee-
relevant latent states, and applies interpretable rule-based 
decision management for adaptive scenario regulation. 

 
 

3. ARCHITECTURE OF THE INTELLIGENT 
TRAINING SIMULATOR WITH A FUZZY 
SUBSYSTEM 

 
3.1 Overall architecture concept 

 
The proposed ITS is implemented as a closed-loop training 

system in which the trainee’s actions in a physical training 
room are continuously mapped to the evolution of a virtual 
Unity scenario and used for adaptive difficulty control. 
Training is conducted in a dedicated room where the simulator 
view is projected onto a screen surface, as shown in Figure 1, 
while the trainee holds a training mock-up that serves as the 
input device for aiming and triggering a shot. 

The system operates on two synchronized data streams. The 
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first stream is produced by the eye tracking subsystem and 
captures the dynamics of the trainee’s visual behavior. In real-
time, oculomotor measures including fixations, saccades, 
blinks, and PERCLOS are computed. They are then 
aggregated in sliding windows and normalized relative to an 
individualized baseline. The second stream is generated by the 
Unity simulator and reflects task execution within the current 
scenario. It includes shot timestamps, grenade impact events, 
temporal deviations in user response, and attempt outcomes. 
These data are used to compute an integral error indicator, 
ErrScore, which serves as a compact behavioral proxy of 
performance. 

 

 
 

Figure 1. Hardware layout of the training room with infrared 
eye tracking 

 
Psychophysiological and behavioral information is fused 

within a joint processing module, where a unified feature 
representation of the user’s state is formed. This representation 
is then provided to a Mamdani-type fuzzy subsystem that 
outputs interpretable estimates of learner-relevant states. The 
inferred states include cognitive load, stress level, and fatigue. 
Based on these estimates, the scenario manager adjusts 
difficulty parameters within predefined bounds. It increases or 
decreases scenario demands as a function of the current state 
and execution quality. The architecture therefore supports 
continuous feedback and enables an adaptive learning 
trajectory, while preserving decision interpretability through 
explicit fuzzy rules. 

 
3.2 Architecture of the fuzzy subsystem 

 
Figure 2 illustrates the ITS architecture. The central element 

is the user, the trainee, who performs tasks within a selected 
scenario and continuously interacts with the ITS. During 
operation, the simulator records user actions, registers 
outcomes, and generates execution events, including errors. 

In the diagram, the Scenario corresponds to a specific 
training mission in which the user practices target skills. The 
ITS initiates the scenario, supervises its execution, and 
receives behavioral data from the user. For training adaptation, 
an oculomotor metrics logging module provides measures 
such as saccade rate, blink rate, fixation duration, and 
PERCLOS. These features reflect the temporal dynamics of 
attention, workload, and fatigue, and are subsequently 
processed in the interpretation module. In addition, simulator-
derived error events are used that is events extracted from ITS 
logs when the user acts prematurely or too late, skips steps, or 
responds in an untimely manner. 

Eye tracking data and error events are fed into the Eye 
Tracking and Error Analysis block, where joint analysis is 
performed. This includes window-based aggregation, 

computation of derived indices, and formation of a feature 
representation of the user’s state. The output of this block is a 
set of diagnostic features that are forwarded to the Fuzzy 
Decision Block. 

The Fuzzy Decision Block implements a fuzzy decision-
making logic: based on the aggregated features, the system 
infers a user state relevant to the learning process, including 
cognitive load, attention, and fatigue. The inferred user state is 
then passed to the Scenario Manager, which is responsible for 
applying control actions to the scenario component of the 
training simulator. 

Within the proposed model, the Scenario Manager performs 
one of the following actions: 

1) Generation of a new scenario and assignment of a 
difficulty level. 

2) Regularization of the current scenario parameters. 
3) No action, if the system determines that the current 

training mode is optimal. 
After the decision is made, the Scenario Manager applies 

the selected control action to the Scenario for subsequent 
adaptation. 

 

 
 

Figure 2. Intelligent training simulator (ITS) architecture 
with fuzzy subsystem 

 
3.3 Data acquisition layer 

 
Data acquisition is performed in a training room using the 

simulator’s integrated hardware and software configuration in 
Figure 3. The Unity visual scene is displayed on a screen via a 
projector, while the control PC simultaneously runs the 
simulation and logs all events. The eye tracking subsystem is 
built around a monochrome IR camera operating at 120 FPS 
(1080p) with 850 nm IR illumination. This enables robust eye 
capture that is largely independent of ambient lighting. From 
the video stream, the following oculomotor measures are 
computed in real-time: saccade rate, fixation duration, blink 
rate, and PERCLOS. All measurements are stored as time 
series with precise timestamps to support subsequent 
aggregation into windows 𝑊𝑊𝑘𝑘  and alignment with simulator 
events. 

An additional aiming module is based on a 980 nm IR laser 
mounted on the weapon mock up and a monochrome 60 FPS 
(4K) IR camera that tracks the laser spot on the projection 
surface. On the processing side, the spot is converted into 
normalized coordinates (𝑈𝑈,𝑉𝑉) ∈ [0, 1]  and transmitted via 
UDP. Unity interprets these coordinates as the current on-
screen aiming point. The shot event is generated through a 
hardware trigger. A microcontroller detects the press and 
transmits a signal to Unity, where it is interpreted as the shot 
initiation time. This provides a direct link between the 
trainee’s physical action and the virtual process. 
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Figure 3. Oculomotor data acquisition setup 
 
After a shot, Unity spawns a grenade that follows a realistic 

ballistic model and reaches the target object with a delay 
determined by flight dynamics. The impact event is registered 
by Unity’s collision component. A direct hit is defined as the 
grenade colliding with the armored target collider. Collision 
with any other scene object is treated as a miss. In parallel, the 
system logs the moment a target appears on screen and 
computes the user’s reaction time deviations. This enables 
discrimination between premature and delayed shots relative 
to the target detection moment. 

To synchronize all data sources, a unified timeline is 
maintained on the control PC. Oculomotor measurements and 
simulator events are aligned into a common observation 
structure using sliding windows 𝑊𝑊𝑘𝑘  with duration 𝑇𝑇 = 10 s. 
On this basis, ErrScore is computed and fuzzy inference is 
subsequently performed. 

 
 

4. EYE TRACKING FEATURES AND 
NORMALIZATION 

 
In the proposed subsystem, eye tracking is used as a source 

of stable indicators of the trainee’s current state during 
scenario execution. Within each window 𝑊𝑊𝑘𝑘 , the following 
features are computed. 

Fixation Duration is the mean fixation duration in 
milliseconds. It reflects the depth of information processing. 
An increase may indicate either sustained focus or emerging 
difficulty, so it is interpreted jointly with errors and task 
context. Saccade Rate is the saccade frequency measured in 
saccades per minute. It is linked to attention switching and 
interface scanning. An excessive increase can indicate search 
behavior under uncertainty. Blink Rate is the blink frequency 
measured in blinks per minute. It is commonly treated as a 
marker of reduced alertness or changes in cognitive load. 
PERCLOS is the proportion of time the eyes are closed within 
the window 𝑊𝑊𝑘𝑘. 

A key practical challenge in applying eye tracking in 
training systems is pronounced interpersonal variability in 
oculomotor measures. This variability arises from anatomical 
and behavioral differences, different baseline blink rates, 
viewing strategies, and the sensitivity of some metrics to 
recording conditions. Given this variability, it is considered 
appropriate to normalize to an individual baseline and to focus 
on relative changes when comparing participants [40, 41]. 

To ensure cross user comparability and to improve the 
robustness of fuzzy rules, features are normalized with respect 
to an individual baseline and mapped to a common scale from 
zero to one. The baseline was defined using a two-minute 

calibration interval at the beginning of each session under 
controlled and stable task conditions. During this phase, 
participants were placed in the baseline training scenario with 
a single stationary target, favorable environmental conditions 
(no fog, no wind, no precipitation), and identical visual 
settings across sessions. Participants were instructed to 
maintain a relaxed posture, visually explore the scene, and 
perform a small number of familiarization actions, including 
aiming and optional test shots, without performance pressure 
or adaptive difficulty changes. This calibration phase was 
designed to establish an operational individual reference level 
for oculomotor behavior under low task demand rather than to 
capture a state of complete rest. 

For each metric 𝑥𝑥(𝑡𝑡) in the baseline sample 𝑋𝑋𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 , robust 
location and scale parameters are estimated. 

 
( ) ( ),base basem median X s MAD X= =  (1) 

 
Robust standardization is then applied. 
 

( ) ( )x t m
z t

s ε
∗ −

=
+

 (2) 

 
Here 𝜀𝜀  is a small constant introduced for numerical 

stability. Compared with the standard z-score, the use of the 
median and Median Absolute Deviation (MAD) reduces the 
influence of outliers and is more reliable for real world eye 
tracking data. 

Since the fuzzy model operates on a unified axis from zero 
to one, values 𝑧𝑧∗(𝑡𝑡)  are transformed into a normalized 
quantity 𝑢𝑢(𝑡𝑡) ∈ [0, 1] with symmetric anchoring around the 
baseline. 
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The parameter 𝑧𝑧∗(𝑡𝑡) defines the working range of robust 

deviations. In this work, 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚 = 3. 
To increase stability of real-time decisions, the normalized 

features are additionally smoothed using exponential 
averaging. 

 
( ) 11 ,k k ku u uα α −= + −  (4) 

 
Here 𝑘𝑘 is the index of window 𝑊𝑊𝑘𝑘, and 𝛼𝛼 ∈ [0,1] controls 

the tradeoff between sensitivity and stability. Smoothing 
reduces the impact of short-term spikes and prevents frequent 
adaptation toggling. This supports consistent use of linguistic 
terms Low, Medium, High and improves interpretability under 
inter-individual differences.  

Because the initial calibration phase may include transient 
novelty or adaptation effects, all baseline windows were 
excluded from subsequent analysis and performance 
comparison. Baseline statistics were used solely for 
individualized normalization, ensuring that any residual initial 
arousal did not directly influence the reported Fixed versus 
Adaptive results. 

 
 

5. ERROR ANALYSIS IN THE SIMULATOR 
 
The error analysis module evaluates task execution quality 
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using Unity simulator events and shot telemetry from the 
RPG-7V2 training mock-up. The system records the shot 
outcome, hit or miss, and the temporal deviation of the user 
response, rushing or being late. All metrics are computed in 
sliding windows and synchronized by timestamps with the 
oculomotor features so that they can be jointly used in fuzzy 
inference. 

In the setup, the aiming direction is determined by an IR 
beam that produces an aiming spot on the projection screen. 
An IR camera detects the spot and transmits normalized 
coordinates (𝑈𝑈,𝑉𝑉) ∈ [0,1] via UDP. On the PC, these values 
are mapped to screen coordinates 𝑥𝑥𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡) = 𝑉𝑉(𝑡𝑡) ∙
(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ), 𝑦𝑦𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡) = 𝑈𝑈(𝑡𝑡) ∙ (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡). 

These coordinates are treated as the observed aiming point 
at the moment of firing. In the software implementation, the 
firing moment is registered by a trigger press event sent by the 
microcontroller and recorded in Unity. 

Each shot 𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑖𝑖  is characterized by the trigger time 𝑡𝑡𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 

and the grenade impact event time 𝑡𝑡𝑖𝑖
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , generated by the 

projectile hit handler. A target hit is defined strictly by a direct 
collision with the armored target collider. We set ℎ𝑖𝑖𝑖𝑖𝑖𝑖 = 1 if 
the grenade collides with the target object, the tank, and ℎ𝑖𝑖𝑖𝑖𝑖𝑖 =
0  if the collision occurs with any other scene object. The 
outcome error is therefore defined as 

 

𝐸𝐸𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = �1, ℎ𝑖𝑖𝑖𝑖𝑖𝑖 = 0
0, ℎ𝑖𝑖𝑖𝑖𝑖𝑖 = 1. (5) 

 
To estimate reaction time, a target visibility event is 

introduced. For each target 𝑗𝑗 is recorded as the first moment 
when the target becomes observable on the screen. Given the 
current target position 𝑝𝑝𝑗𝑗(𝑡𝑡) , the screen projection 𝑠𝑠𝑗𝑗(𝑡𝑡) =
(𝑥𝑥𝑗𝑗(𝑡𝑡), 𝑦𝑦𝑗𝑗(𝑡𝑡))  is computed using the standard Unity 
transformation WorldToScreenPoint. The visibility time 𝑡𝑡𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣 
is defined as the first 𝑡𝑡 for which the target lies in front of the 
camera and 𝑠𝑠𝑗𝑗(𝑡𝑡) falls within the screen region. 

Since multiple targets can be present simultaneously and the 
order of engagement is not fixed, each shot is associated with 
the target that the user was effectively aiming at when the 
trigger was pressed. Let 𝑎𝑎�𝑡𝑡𝑖𝑖

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓� denote the aiming point at 
firing time obtained from the IR spot, and let 𝑠𝑠𝑗𝑗�𝑡𝑡𝑖𝑖

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓� be the 
screen projection of target 𝑗𝑗 at the same time. The associated 
target is then selected as 

 
𝑗𝑗∗(𝑖𝑖) = arg min

𝑗𝑗∈𝑉𝑉(𝑡𝑡𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)

�𝑎𝑎�𝑡𝑡𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓� − 𝑠𝑠𝑗𝑗(𝑡𝑡𝑖𝑖

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)� (6) 

 
where, 𝑉𝑉(𝑡𝑡) denotes the set of targets visible on the screen at 
time 𝑡𝑡. After selecting the associated target, reaction time is 
computed as  

 

( )
fire vis

i i j i
RT t t ∗= −  (7) 

 
Based on 𝑅𝑅𝑅𝑅𝑖𝑖 , two classes of temporal errors are defined, 

with thresholds depending on scenario difficulty 𝐷𝐷. 
 

𝐸𝐸𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = �1,𝑅𝑅𝑅𝑅𝑖𝑖 > 𝜏𝜏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝐷𝐷)
0, 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  

𝐸𝐸𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟ℎ = �1, 𝑅𝑅𝑅𝑅𝑖𝑖 < 𝜏𝜏𝑟𝑟𝑟𝑟𝑟𝑟ℎ(𝐷𝐷)
0, 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  

(8) 

 

The thresholds 𝜏𝜏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝐷𝐷)  and 𝜏𝜏𝑟𝑟𝑟𝑟𝑟𝑟ℎ(𝐷𝐷)  are specified as a 
function of difficulty level. As difficulty increases, the 
admissible reaction time range becomes narrower, reflecting 
higher demands on decision speed. 

Within each window 𝑊𝑊𝑘𝑘 , relative error frequencies are 
computed over shots falling into the window 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑘𝑘 =
∑ 𝐸𝐸𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑖𝑖∈𝑊𝑊𝑘𝑘

𝑁𝑁𝑘𝑘 + 𝜀𝜀
, 

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑘𝑘 =
∑ 𝐸𝐸𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑖𝑖∈𝑊𝑊𝑘𝑘

𝑁𝑁𝑘𝑘 + 𝜀𝜀
, 

𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘 =
∑ 𝐸𝐸𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑖𝑖∈𝑊𝑊𝑘𝑘

𝑁𝑁𝑘𝑘 + 𝜀𝜀
, 

(9) 

 
where, 𝑁𝑁𝑘𝑘 is the number of shots in the window. 

A single integrated error indicator is then formed and used 
as the only linguistic variable derived from the simulator. 
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Since the error rates lie in [0,1]  and the weights are 

normalized, 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑘𝑘 ∈ [0,1]. In the baseline configuration, 
expert-defined weights are used with 𝑤𝑤𝑚𝑚 = 0.6, 𝑤𝑤𝑙𝑙 =
0.25,𝑤𝑤𝑟𝑟 = 0.15, where misses have the largest contribution as 
an outcome error. To confirm robustness, a sensitivity analysis 
is performed. When weights vary within plus or minus 0.1 
while preserving the priority constraint 𝑤𝑤𝑚𝑚 ≥ 𝑤𝑤𝑙𝑙 ,𝑤𝑤𝑟𝑟 , the 
qualitative conclusions in the comparison of fixed and 
adaptive modes remain unchanged. If there are no shots in the 
window, 𝑁𝑁𝑘𝑘 = 0, the error rates are set to zero and 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑘𝑘 
is not increased. 

For real-time stability, 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑘𝑘 is additionally smoothed 
using exponential averaging 

 
( ) 11k kkErrScore ErrScore ErrScoreα α −= + −  (11) 

 
The smoothed value 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑘𝑘 ∈ [0,1] is then provided to 

the fuzzy subsystem input and interpreted using the linguistic 
terms Low, Medium, and High. The smoothed quantity 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑘𝑘 is updated only as new events become available. 

 
 

6. FUZZY MODEL INPUTS OUTPUTS AND 
MEMBERSHIP FUNCTIONS 

 
6.1 Input and output linguistic variables 

 
This section describes a Mamdani-type fuzzy model that 

transforms normalized oculomotor features and an integrated 
execution error score into interpretable estimates of the trainee 
state. All input features are first mapped to a common scale 
from 0 to 1 using individualized robust normalization and 
window-based smoothing over sliding windows 𝑊𝑊𝑘𝑘. 

Inputs are constructed from the preprocessed eye tracking 
features and the error indicator. To improve robustness, all 
inputs are expressed on the normalized scale from 0 to 1. They 
are then interpreted as linguistic variables with the terms Low, 
Medium, and High, as summarized in Table 1. 

 

953



 

Table 1. Types and descriptions of linguistic variables 
 

Variable Type Description 

FixDur Input Aggregated fixation duration within 
window 𝑊𝑊𝑘𝑘 

SaccRate Input Saccade rate 
BlinkRate Input Blink rate 

PERCLOS Input Proportion of eye closure time within 
the window 

ErrScore Input 
Integrated execution error score 

combining miss, late response, and 
rush response 

CognitiveLoad Output Estimated cognitive load of the 
trainee 

StressLevel Output Estimated stress level during mission 
execution 

Fatigue Output Estimated fatigue and reduced 
alertness 

 
6.2 Membership functions 

 
To support interpretability and stable real-time operation, 

triangular and trapezoidal membership functions were defined 
on the normalized input and output domain [0,1]. After 
individualized robust normalization based on the median and 
MAD and subsequent mapping to a unified scale, all features 
represent baseline-relative deviations, where u = 0.5 
corresponds to typical baseline behavior. Values closer to 0 
and 1 indicate sustained negative and positive deviations 
relative to the individual norm. 

For most input variables and for all output variables, a 
shared set of membership parameters was used to preserve a 
consistent interpretation of the linguistic terms Low, Medium, 
and High across the fuzzy inference system. Under this 
representation, the linguistic labels are not tied to absolute 
physical units, but to the magnitude of a robust baseline-
relative deviation. This choice reduces the number of free 
parameters, simplifies expert inspection of the rule base, and 
supports transparent operation in training applications where 
interpretability is important. 

Despite the shared parametrization, not all oculomotor 
features have identical physiological semantics. In particular, 
PERCLOS is a fatigue-related indicator with a more direct 
interpretation than other eye-tracking measures. Therefore, a 
slightly more sensitive mapping was applied to PERCLOS by 
shifting the onset of the High term toward lower normalized 
values. Specifically, for PERCLOS the trapezoidal High 
membership function was set to (0.50,0.70,1.00,1.00), while 
fixation duration, saccade rate, blink rate, and all outputs used 
the shared parameters in Table 2. Fixation duration and 
saccade-related metrics were retained under the common 
parametrization because their interpretation is more task-
dependent and can be ambiguous when considered in isolation. 

 
Table 2. Parameters of input and output variables 

 
Variable Type Description 

Low trapezoidal (0.00, 0.00, 0.25, 0.45) 
Medium triangular (0.30, 0.50, 0.70) 

High trapezoidal (0.55, 0.75, 1.00, 1.00) 
 
To verify that controller behavior is not overly sensitive to 

this adjustment, we conducted a limited robustness check by 
varying the PERCLOS membership breakpoints within ±0.05 
on the normalized axis while keeping all other membership 
functions, fuzzy rules, and control parameters unchanged. The 

qualitative behavior of the fuzzy outputs and the Fixed versus 
Adaptive comparison remained unchanged, indicating that the 
results do not depend on a single hand-tuned configuration. 
Figure 4 illustrates the reference membership functions. 

 

 
 

Figure 4. Reference membership functions for Low, 
Medium, and High on the normalized [0,1] axis 

 
While a shared membership parametrization simplifies 

expert inspection and reduces the number of free parameters, 
not all oculomotor features have identical physiological 
semantics. In the proposed system, most input variables are 
interpreted as robust deviations from an individualized 
baseline rather than as absolute physical quantities. However, 
PERCLOS is a well-established fatigue-related indicator with 
a more direct physiological interpretation than other eye-
tracking features. 

 
6.3 Design rationale for membership functions, rule base, 
and ErrScore weighting 

 
The fuzzy subsystem was designed as an expert-guided and 

pilot-informed interpretable controller rather than as a purely 
data-driven model. Accordingly, the membership functions, 
rule base, and integrated error-score weights were specified 
using a combination of domain knowledge, practical simulator 
requirements, and observations from preliminary pilot 
sessions. 

The common Low/Medium/High parameterization used for 
most input variables and for all outputs was introduced to 
maintain a consistent linguistic interpretation on the 
normalized [0,1] axis and to reduce the number of free design 
parameters. After individualized robust normalization relative 
to baseline, all inputs represent baseline-relative deviations 
rather than absolute physiological quantities. Under this 
representation, a shared parameterization simplifies expert 
inspection of the rule base and improves interpretability in 
real-time operation. PERCLOS was treated differently 
because it has a more direct and established association with 
fatigue and vigilance degradation than fixation duration, 
saccade rate, or blink rate considered in isolation. For this 
reason, the onset of the High membership region for 
PERCLOS was shifted slightly toward lower values in order 
to increase sensitivity to early fatigue-related changes. 

The rule base was constructed in two stages. First, an initial 
set of monotonic rules was formulated from expert knowledge 
about the expected qualitative relationship between eye-
tracking variables, execution errors, and the latent states of 
cognitive load, stress level, and fatigue. For example, 
sustained increases in PERCLOS and blink-related measures 
were linked to fatigue, while elevated error score together with 
intensive visual search behavior was linked to stress and 
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higher cognitive demand. Second, the compact 25-rule set 
reported in the paper was refined during pilot observations of 
simulator sessions in order to better handle mixed cases and 
avoid unstable responses in ambiguous situations. In 
particular, the interaction rules were introduced to cover cases 
in which single indicators could not be interpreted reliably on 
their own. 

The final rule base was reviewed for interpretability and 
consistency. Rules with clearly redundant consequences were 
removed, and the remaining rules were checked to ensure that 
no single antecedent combination produced logically 
incompatible outputs without aggregation. In situations where 
multiple rules with different consequents were activated 
simultaneously, conflicts were resolved through the standard 
Mamdani max-min aggregation and centroid defuzzification 
procedure, yielding a smooth compromise output rather than a 
hard switch. Because the rule base was intentionally kept 
compact and interpretable, no formal automated rule-
reduction algorithm was applied. 

The integrated execution error score, ErrScore, was also 
specified using expert-guided weighting. Misses were 
assigned the largest weight because they represent the most 
direct task-outcome failure, whereas late and rushed responses 
were treated as secondary temporal errors. The baseline 
weights (𝑤𝑤𝑚𝑚 = 0.6, 𝑤𝑤𝑙𝑙 = 0.25,𝑤𝑤𝑟𝑟 = 0.15)  were selected 
before the main experiment and then examined in a limited 
sensitivity analysis. Specifically, each weight was varied 
within a range of ± 0.1 while preserving the priority relation 
𝑤𝑤𝑚𝑚 ≥ 𝑤𝑤𝑙𝑙 ,𝑤𝑤𝑟𝑟  and the normalization constraint 𝑤𝑤𝑚𝑚 + 𝑤𝑤𝑙𝑙 +
𝑤𝑤𝑟𝑟 = 1. Under these variations, the qualitative comparison 
between Fixed and Adaptive modes remained unchanged. 

A similar robustness check was performed for the 
PERCLOS membership breakpoints by varying them within ± 
0.05 on the normalized axis while leaving the remaining 
fuzzy-system components unchanged. The controller behavior 
and the overall Fixed versus Adaptive conclusions remained 
qualitatively stable. These checks do not replace future data-
driven optimization, but they indicate that the reported results 
do not depend on a single arbitrarily chosen hand-tuned 
configuration. 

 
 
7. RULE BASE AND MAMDANI FUZZY INFERENCE 

 
Mamdani fuzzy inference is used as an interpretable 

mechanism for transforming observed oculomotor metrics and 
error indicators into estimates of trainee states, namely 
cognitive load, stress level, and fatigue. 

Below, a compact rule set is provided that is sufficient for 
real-time model operation. Notation is as follows. FixDur is 
denoted as FD, SaccRate as SR, BlinkRate as BR, and 
ErrScore as ES. 

The presented rule base yields consistent model behavior 
under typical simulator operating regimes. An increase in 
PERCLOS and blink rate raises F. An increase in ES 
strengthens both CL and SL. A high visual search intensity SR 
under unstable performance increases SL. Rules 22 to 25 
target mixed cases where individual features may yield 
ambiguous interpretations, and they enforce consistent 
coordination among model outputs. The rule base was 
constructed to cover dominant monotonic and interaction 
effects observed during pilot experiments. Table 3 presents the 
compact fuzzy rule set used for real-time model operation. 

For each output variable, after all rules are applied and 

aggregated, a resulting membership function 𝜇𝜇𝑜𝑜𝑜𝑜𝑜𝑜(𝑢𝑢) . The 
crisp output value is then computed using the centroid method. 
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where, 𝑦𝑦𝑘𝑘 ∈ {𝐶𝐶𝐶𝐶𝑘𝑘 , 𝑆𝑆𝑆𝑆𝑘𝑘 ,𝐹𝐹𝑘𝑘}.  The resulting values are 
subsequently used to generate user feedback and to adapt 
scenario parameters within the training difficulty control 
module. 

 
Table 3. Fuzzy rules 

 
No IF Antecedent THEN Consequent 
1 PERCLOS is High F is High 

2 PERCLOS is Medium AND 
BR is High F is High 

3 PERCLOS is Medium AND 
BR is Medium F is Medium 

4 PERCLOS is Low AND BR is 
Low F is Low 

5 PERCLOS is High AND ES is 
High 

F is High AND SL is 
High 

6 FD is High AND SR is Medium CL is High 

7 FD is High AND SR is High CL is High AND SL is 
High 

8 FD is Medium AND SR is 
Medium CL is Medium 

9 FD is Low AND SR is Low CL is Low 

10 ES is High AND PERCLOS is 
Low 

CL is High AND SL is 
High 

11 ES is High AND PERCLOS is 
Medium 

CL is High AND SL is 
High 

12 ES is Medium AND FD is High CL is Medium 
13 ES is Low AND FD is Low CL is Low 

14 ES is Low AND PERCLOS is 
Low SL is Low 

15 ES is High AND SR is High SL is High 
16 ES is High AND SR is Medium SL is High 
17 ES is Medium AND SR is High SL is Medium 

18 ES is Medium AND SR is 
Medium SL is Medium 

19 SR is High AND BR is High SL is High 

20 SR is Medium AND BR is 
Medium SL is Medium 

21 PERCLOS is High AND SR is 
Low SL is Medium 

22 ES is High AND FD is Low 
AND SR is High 

SL is High AND CL is 
Medium 

23 ES is High AND FD is High 
AND SR is Low 

CL is High AND SL is 
Medium 

24 ES is Medium AND PERCLOS 
is High 

F is High AND CL is 
Medium 

25 ES is Low AND PERCLOS is 
High 

F is High AND CL is 
Low 

 
 

8. FUZZY MECHANISM FOR SCENARIO SELECTION 
 
The set of admissible simulator scenarios is represented as 

a set 𝑆𝑆, where each scenario is defined by the trained skill type 
and a set of difficulty parameters. Within the experiment, two 
scenario settings are used. The baseline scenario includes a 
single target and favorable conditions. The advanced scenario 
includes multiple targets and degraded conditions. 

Adaptation is applied to the advanced scenario by adjusting 
parameters within predefined ranges. The number of targets is 
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𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡 ∈ [1,5] . Fog is 𝐹𝐹𝐹𝐹𝐹𝐹 ∈ [0,1] . Rain is 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ∈ [0,1] . 
Wind speed is 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 ∈ [0,𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚] . Target speed and 
maneuverability are 𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡 ∈ [𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚]. 

A discrete difficulty level 𝐷𝐷 ∈ {1,2,3}  is introduced for 
control. It determines a parameter configuration. Table 4 
specifies the baseline parameter values for each difficulty 
level. The values are reported in normalized form. 

 
Table 4. Advanced scenario parameter configuration by 

difficulty level 
 

Level (D) 𝑵𝑵𝒕𝒕𝒕𝒕𝒕𝒕 Fog Rain Wind 𝑽𝑽𝒕𝒕𝒕𝒕𝒕𝒕 
Low 1 0.2 0.0-0.2 0.2 low 

Medium 2 0.5 0.3–0.5 0.5 medium 
High 3 0.8 0.6–0.8 0.8 high 

 
Adaptation aims to keep the system within a region where 

learning is most effective. In the proposed formulation, the 
target region corresponds to the following qualitative 
conditions. 𝐹𝐹𝑘𝑘  does not exceed Medium, which indicates no 

pronounced fatigue. 𝐶𝐶𝐶𝐶𝑘𝑘 stays around Medium, meaning the 
task requires effort but remains feasible. 𝑆𝑆𝑆𝑆𝑘𝑘 does not remain 
persistently High, meaning stress does not dominate 
execution. The smoothed error indicator 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸������������𝑘𝑘 remains 
within Low to Medium, so errors occur at a reasonable rate 
and serve as a learning signal rather than indicating 
breakdown. When the system leaves this region, difficulty 
parameters are adjusted to steer the trajectory back toward 
stable operation. 

Difficulty updates are discrete and limited to at most a one 
level change in 𝐷𝐷  per control cycle, which prevents abrupt 
shifts in task conditions. A minimum time interval between 
substantial difficulty changes is also enforced with ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 =
45  seconds. This allows the trainee to adapt and avoids 
frequent mode switching. Decisions are based on smoothed 
estimates of 𝐶𝐶𝐶𝐶𝑘𝑘 , 𝑆𝑆𝑆𝑆𝑘𝑘 , 𝐹𝐹𝑘𝑘 , and the smoothed error indicator 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸������������𝑘𝑘 , which reduces the influence of short-term 
fluctuations and occasional outliers. Table 5 presents a 
compact rule set that specifies how the difficulty level 𝐷𝐷 is 
updated based on the current state estimates. 

 
Table 5. Difficulty update rules 

 
Condition within 𝑾𝑾𝒌𝒌 Action 

F is High max(𝐷𝐷 − 1,1) 
F is Medium AND ES is High max (𝐷𝐷 − 1,1) 

F is Low AND ES is High AND SL is High max (𝐷𝐷 − 1,1) 
ES is Medium AND CL is Medium AND SL is Medium AND F is Low 𝐷𝐷 

ES is Low AND F is Low AND CL is Low min (𝐷𝐷 + 1,3) 
ES is Low AND F is Low AND SL is Low min (𝐷𝐷 + 1,3) 

ES is Medium AND F is Low AND CL is Low min (𝐷𝐷 + 1,3) 
ES is Low AND CL is High AND SL is High 𝐷𝐷 

F is Medium AND SL is High max (𝐷𝐷 − 1,1) 
 

 
 

Figure 5. End-to-end online workflow of the proposed adaptive fuzzy scenario-control subsystem 
 
In addition to the discrete level 𝐷𝐷, the system can apply soft 

adjustments to individual parameters within the current level 
while preserving the overall scenario regime. This is useful 
when a minor simplification or complication is required rather 
than a level change. The following parameter adjustment 
priorities are applied after selecting the action for 𝐷𝐷. 

1) When ES and SL increase, it is preferable to reduce 
Wind and 𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡  because they increase aiming 
uncertainty. 

2) When ES and CL increase, it is preferable to reduce 

Fog because reduced visibility amplifies visual 
search load. 

3) When F increases, it is preferable to reduce 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡 and 
decrease Fog and Rain to shorten sustained effort 
without abruptly changing task structure. 

4) When ES remains low and CL and SL are low, it is 
preferable to increase 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡 first, then increase Wind 
and Fog. 

This ordering helps keep training within a productive region 
without abrupt switching. Conflicting consequents are 
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resolved by Mamdani aggregation using max and min 
operators and centroid defuzzification, which yields a smooth 
compromise output. 

To improve readability and provide a single end-to-end 
systems view, the complete online workflow of the proposed 
adaptive subsystem is summarized in Figure 5. The figure 
consolidates the stages described in Sections 4-7, including 
baseline calibration, window-based feature aggregation, 
personalized normalization, temporal smoothing, simulator-
event processing, integrated error-score formation, fuzzy 
inference, latent state estimation, difficulty update, and soft 
scenario parameter tuning. 

As shown in Figure 5, the subsystem operates as a closed 
adaptive loop in which the updated scenario influences 
subsequent simulator events and user behavior in the next 
observation windows. This end-to-end pipeline can be 
interpreted as an information-processing system  
consisting of sensing, state estimation, and decision control 
layers. 

Because several real-time settings are introduced across 
different sections, the principal implementation parameters 
and control rules used in the proposed subsystem are 
summarized in Table 6 for compact reference. 

 
Table 6. Key implementation and control parameters of the proposed subsystem 

 
Parameter Value Description 

Baseline calibration duration 2 min Initial low-demand calibration interval used to compute 
personalized reference statistics 

Baseline scenario Single stationary target; no fog, no wind, no 
precipitation 

Controlled low-demand setup for individualized 
normalization 

Observation window 10 s Sliding window 𝑊𝑊𝑘𝑘 used for feature aggregation and 
event alignment 

Eye-tracking features FixDur, SaccRate, BlinkRate, PERCLOS Features aggregated within each observation window 

Robust baseline statistics median, MAD Personalized normalization parameters computed from 
baseline 

Numerical stability constant ε Small constant used in normalization and rate 
computation to avoid division instability 

Normalized operating range [0,1] Common scale for fuzzy inputs and outputs 

Robust deviation range 𝑧𝑧𝑚𝑚𝑚𝑚𝑚𝑚 = 3 Symmetric anchoring range used in baseline-relative 
normalization 

Temporal smoothing EWMA Applied to normalized eye features and ErrScore for 
real-time stability 

EWMA coefficient α ∈ [0,1] Controls sensitivity–stability trade-off 
Error components MissRate, LateRate, RushRate Event-based execution errors computed per window 

ErrScore weights 𝑤𝑤𝑚𝑚 = 0.6,  𝑤𝑤𝑙𝑙 = 0.25,  𝑤𝑤𝑟𝑟 = 0.15 Weighted combination of miss, late, and rushed 
responses 

No-shot handling If 𝑁𝑁𝑘𝑘 = 0, rates are set to zero Prevents artificial error inflation when no shots occur in 
a window 

Target association rule Nearest visible target to aiming point at trigger 
time 

Associates each shot with the target effectively engaged 
by the trainee 

Reaction-time thresholds 𝜏𝜏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝐷𝐷), 𝜏𝜏𝑟𝑟𝑟𝑟𝑟𝑟ℎ(𝐷𝐷) Difficulty-dependent thresholds for temporal error 
classification 

Difficulty levels 𝐷𝐷 ∈ {1,2,3} Low, Medium, High control regime 
Maximum difficulty changes 

per cycle 1 level Prevents abrupt difficulty switching 

Minimum interval between 
major changes ∆𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 = 45 𝑠𝑠 Anti-oscillation constraint for stable adaptation 

Soft parameter tuning priority Reduce Wind/𝑉𝑉𝑡𝑡𝑡𝑡𝑡𝑡, then Fog; reduce 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡, 
Fog, Rain under fatigue 

Fine-grained adjustment within the current difficulty 
level 

Shared membership 
parameterization Low / Medium / High on [0,1] Common linguistic mapping for most inputs and outputs 

PERCLOS high-membership 
setting (0.50,0.70,1.00,1.00) More sensitive fatigue-oriented mapping for PERCLOS 

Defuzzification Centroid Produces crisp outputs for CL, SL, and F 
This summary is intended to make the runtime configuration easier to inspect without repeating the detailed derivations already provided in the corresponding 

sections. 
 
 
9. EXPERIMENTAL SETUP AND TRAINING 
SCENARIOS 

 
The experimental study aimed to evaluate the effectiveness 

of the proposed fuzzy subsystem for adaptive training 
difficulty control based on eye tracking data and execution 
error analysis within an ITS. Twenty participants took part in 
the experiment. A counterbalanced within subject design was 
used. Each participant completed two conditions, fixed and 
adaptive, and the order of conditions was balanced across 

participants. Within each experimental session, the scenario 
structure and session duration were kept identical. The only 
difference was the control policy used to manage the 
parameters of the advanced scenario. This design was selected 
to minimize potential order and learning effects. 

The experiment followed a within subject design in which 
each participant completed two consecutive conditions, fixed 
scenario parameter control and adaptive control driven by the 
fuzzy subsystem. The order of conditions was balanced across 
participants, which reduced the impact of learning and order 
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effects. A short rest period was included between conditions 
to reduce fatigue carryover. The scenario structure and session 
duration were kept identical, and only the control policy for 
the advanced scenario parameters differed. Figure 6 illustrates 
the ITS training process.  
 

 
 

Figure 6. Experimental setup of an immersive simulator for 
RPG operator training 

 

 
(a) Baseline training scenario with a single armored target 

under favorable environmental conditions 

 
(b) Multi target scenario with increased environmental 

complexity 
 

Figure 7. Training scenarios used in both conditions 
 
In the first scenario, shown in Figure 7(a), a single armored 

target was present. The target was controlled by an agent that 
was pre-trained using deep reinforcement learning. The agent 
performed continuous maneuvering to minimize the 
probability of being hit. Environmental conditions were 
favorable, with no fog and no wind, and clear weather. A 
realistic ballistic model was used, and the weapon was a virtual 
analogue of the RPG-7V2. 

In the second scenario, shown in Figure 7(b), three armored 
targets were present. They were controlled by a multi-agent 
system that supported coordinated evasive behavior. 
Environmental conditions were substantially more 
challenging due to fog, precipitation, and wind. This reduced 
visibility and increased aiming difficulty while preserving the 
same realistic ballistics and the same weapon type. 

The transition to the second scenario occurred only after all 
targets in the first scenario had been hit. Throughout task 
execution, oculomotor data were continuously recorded as 
described in Section 4, along with performance measures 

including hit accuracy as described in Section 5. These data 
were used for timestamp-based alignment with oculomotor 
features and subsequent analysis, and for computation of ES 
in both conditions. 

The overall training structure was preserved. The 
participant completed the baseline scenario and then 
proceeded to the advanced scenario. However, unlike the fixed 
condition, the advanced scenario parameters were not 
predefined and were automatically updated at control intervals 
based on smoothed estimates of CL, SL, F, and ES. At each 
step, the Scenario Manager produced a control action by 
updating the difficulty level 𝐷𝐷, by no more than one level per 
cycle, or by applying soft parameter tuning within the current 
level inside the allowed ranges. As a result, the adaptive 
condition produced a personalized variant of the advanced 
scenario that was consistent with the user’s current 
psychophysiological and behavioral characteristics. This 
ensured smooth adaptation and reduced frequent difficulty 
switching.  

 
 

10. RESULTS 
 
This section reports results from a counterbalanced within-

subject study in which each participant completed both 
conditions, Fixed and Adaptive (N = 20). Metrics were 
computed in 10-s sliding windows after excluding the initial 
2-min calibration interval. Eye-tracking features and 
simulator-derived variables were normalized using the 
personalized robust pipeline described earlier and smoothed 
with identical EWMA parameters in both conditions. Data 
from the initial two-minute calibration phase were excluded 
from the analysis. 

We report: mean ± SD across participants within each 
condition, mean paired difference ∆ = Adaptive - Fixed with a 
95% confidence interval, Wilcoxon p-values, FDR-adjusted q-
values using Benjamini–Hochberg across the four metrics and 
rank-biserial effect size 𝑟𝑟𝑟𝑟𝑟𝑟 , where |𝑟𝑟𝑟𝑟𝑟𝑟| = 1  indicates a 
consistent direction of change across all paired observations. 
Confidence intervals for ∆  were computed using 
nonparametric bootstrap resampling over participants. 

Figures 8(a) and (b) show the group level evolution of the 
normalized eye tracking metrics for the fixed and adaptive 
training conditions, respectively. Results are presented as 
mean trajectories with 95 percent confidence intervals. 

In the fixed scenario condition, Figure 8(a), the eye tracking 
metrics exhibit pronounced temporal fluctuations throughout 
the session. During the early phase following calibration, an 
increase in saccade rate and PERCLOS is observed, which is 
consistent with intensive visual exploration and increased 
attentional demand at task onset. As the session progresses, 
fixation duration shows intermittent decreases, while blink 
rate and PERCLOS fluctuate irregularly. The confidence 
intervals remain relatively wide over time, indicating 
substantial inter-individual differences in visual behavior and 
attentional regulation. 

In contrast, the adaptive condition, Figure 8(b), is 
characterized by a more regular and stable evolution of eye 
tracking metrics. After an initial adjustment period, saccade 
rate remains within a narrower range and does not exhibit 
abrupt peaks. Fixation duration, blink rate, and PERCLOS 
display smoother trajectories with reduced dispersion across 
participants. The confidence intervals in this condition are 
generally narrower than those observed in the fixed condition, 
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particularly in the later phases of the session. This pattern 
suggests that adaptive scenario adjustment contributes to more 

consistent visual behavior across users, despite ongoing 
changes in task conditions. 

 

 
(a) Group level dynamics of normalized eye tracking metrics during fixed condition 

 
(b) Group level dynamics of normalized eye tracking metrics during adaptive condition 

 
Figure 8. Group averaged normalized eye tracking metrics 

 

 
(a) Temporal evolution of fuzzy inferred cognitive load, stress level, and fatigue under fixed condition 

 
(b) Temporal evolution of fuzzy inferred cognitive load, stress level, and fatigue under adaptive condition 

 
Figure 9. Group level fuzzy state estimates of CL, SL, and F 
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Figures 9(a) and (b) present the outputs of the fuzzy 
inference model for cognitive load, stress level, and fatigue 
during the fixed and adaptive conditions, respectively. The 
trajectories represent group means with corresponding 95 
percent confidence intervals. 

In the fixed scenario condition, Figure 9(a), the inferred 
cognitive load and stress level show noticeable oscillations 
over time. Periodic increases occur, particularly during 
segments associated with higher task demands. Fatigue tends 
to increase during the early part of the session and remains 
elevated for a subset of participants, as reflected by relatively 
wide confidence intervals. These patterns indicate 
heterogeneous responses to the fixed training protocol, with 
individual differences in workload tolerance and fatigue 
development becoming more pronounced over time. 

Under adaptive control, Figure 9(b), the fuzzy estimates 

follow a different temporal pattern. Cognitive load converges 
toward a relatively stable low to medium range after the initial 
phase and remains there for most of the session. Stress level 
exhibits moderate transient increases but does not show 
prolonged excursions to high values. Fatigue does not increase 
monotonically. Instead, it demonstrates phase-like variations, 
which may reflect gradual adaptation to the task rather than 
cumulative overload. The confidence intervals for cognitive 
load and stress level are notably narrower than in the fixed 
condition, indicating reduced interpersonal variability.  

Table 7 summarizes log-derived performance outcomes at 
the participant level. Adaptive control was associated with 
directionally consistent changes across most participants: 
HitRate tended to increase, whereas LateRate, RushRate, and 
ErrScore tended to decrease. 

 
Table 7. Participant-level performance comparison between fixed and adaptive conditions 

 
Metric Fixed 

(Mean ± SD) 
Adaptive 

(Mean ± SD) ∆ (𝑨𝑨 − 𝑭𝑭) 95% CI for Δ 
(Bootstrap) Wilcoxon p BH-FDR q 𝒓𝒓𝒓𝒓𝒓𝒓 Cohen’s 𝒅𝒅𝒛𝒛 

HitRate 0.201 ± 0.071 0.218 ± 0.082 +0.017 [+0.008, +0.026] 0.00315 0.0126 +0.474 +0.702 
LateRate 0.514 ± 0.066 0.508 ± 0.075 -0.006 [-0.013, +0.001] 0.0328 0.0328 -0.263 -0.446 
RushRate 0.444 ± 0.066 0.431 ± 0.071 -0.013 [-0.021, -0.006] 0.0240 0.0319 -0.321 -0.528 
ErrScore 0.715 ± 0.065 0.708 ± 0.075 -0.007 [-0.014, 0.000] 0.0319 0.0319 -0.268 -0.453 

Participant-level performance outcomes for Fixed and 
Adaptive conditions (N = 20). Values are participant means 
aggregated over retained 10-s windows (calibration excluded). 
Δ denotes within participant paired difference (Adaptive - 
Fixed). Confidence intervals are bootstrap 95% CI over 
participants. Wilcoxon signed-rank tests were used for paired 
inference. q-values are Benjamini–Hochberg FDR corrected 
across the four metrics. 𝒓𝒓𝒓𝒓𝒓𝒓 is rank-biserial correlation.  

At the participant level, HitRate increases in the Adaptive 
condition by an average of + 0.017 (bootstrap 95% CI [+ 
0.008, + 0.026]), with a medium paired effect (Cohen’s dz = 
0.702) and FDR-corrected significance (q = 0.0126). 
RushRate decreases by -0.013 (95% CI [-0.021, -0.006], dz = -
0.528, q = 0.0319), and ErrScore decreases by -0.007 with a 
small to moderate paired effect dz = -0.453, q = 0.0319). 
LateRate shows a small average decrease (-0.006) and remains 
close to zero within the uncertainty interval, although the 
Wilcoxon test indicates a modest paired shift (q = 0.0328). 
Overall, Adaptive control is associated with a small 
improvement in hit performance and modest reductions in 
rushed actions and the composite error indicator, while late 
responses remain broadly similar between conditions. 

 
 

11. DISCUSSION 
 
The reported findings suggest that the proposed adaptive 

controller supports smoother task-related eye-tracking 
trajectories and more stable inferred state dynamics than the 
fixed-condition policy under the controlled conditions of the 
present study. At the group level, the Adaptive condition was 
associated with narrower confidence intervals for several 
normalized eye-tracking measures and for the fuzzy outputs, 
suggesting reduced between-participant dispersion during task 
execution. In this sense, the adaptive subsystem appears to 
support more stable regulation of the training process under 
the controlled conditions of the present study. 

At the same time, the interpretation of the inferred state 
variables requires caution. The variables CL, SL, and F are 

model-derived latent state estimates produced by the fuzzy 
inference system rather than independently validated 
physiological ground-truth measures. Therefore, the reduced 
variability observed in these trajectories should be interpreted 
primarily as stabilization of controller-estimated user states. 
This pattern is consistent with the intended effect of adaptive 
regulation, but it does not by itself establish a verified 
reduction in true cognitive load, stress, or fatigue. In addition, 
part of the observed smoothing may reflect the structure of the 
inference and control pipeline itself. 

The participant-level performance results also indicate that 
the observed effects are not uniform in magnitude across 
individuals. Table 7 shows generally consistent directional 
changes between the Fixed and Adaptive conditions, but with 
noticeable heterogeneity in effect size across participants. This 
is consistent with the personalized design of the normalization 
and control framework, in which a perfectly uniform response 
across all users would not be expected. Accordingly, the main 
result should be interpreted not as an identical participant-level 
benefit for every trainee, but as a tendency toward more stable 
individualized trajectories under adaptive regulation. 

The practical size of the observed performance gains 
remains modest. HitRate increased slightly, while RushRate 
and ErrScore decreased, and LateRate changed only 
minimally. Thus, statistical significance should be 
distinguished from practical significance. Nevertheless, in an 
adaptive simulator context, even small but stable gains may 
still be meaningful when they are accompanied by improved 
control stability and do not come at the expense of task 
execution quality. From this perspective, the present findings 
are better understood as evidence of incremental but consistent 
benefit, rather than a large operational performance shift. 

The present evaluation should also be interpreted as a proof-
of-concept validation rather than as a fully developed 
comparative study. Although the fixed-versus-adaptive 
comparison is sufficient to examine whether the proposed 
framework can produce stable and directionally favorable 
changes under controlled conditions, it does not isolate the 
individual contribution of its main components. In particular, 
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the current design does not yet distinguish the relative role of 
personalized normalization, temporal smoothing, the fuzzy 
inference layer, or adaptive control more generally. Therefore, 
the observed gains should be interpreted at the level of the 
integrated system rather than as evidence for the unique effect 
of any single module. A more comprehensive comparative 
analysis, including ablation studies and stronger alternative 
baselines, remains an important direction for future work. 

From an information-systems perspective, the proposed 
framework functions as a human-in-the-loop architecture that 
integrates multimodal behavioral inputs, transforms them into 
interpretable latent state estimates, and supports adaptive 
decision management within a closed control loop. In this 
sense, the contribution of the study is not limited to simulator 
control alone, but also to the design of a real-time information-
processing structure for sensing, state estimation, and 
transparent rule-based adaptation in training environments. 
This distinguishes the present approach from prior work 
focused mainly on monitoring, offline assessment, single-
modality analysis, or less interpretable adaptive decision 
layers. 

Several limitations should also be considered. The sample 
size was modest, and the scenario set and session structure 
were limited, which constrains external validity and broader 
generalization. The study was conducted under controlled 
experimental conditions and therefore does not yet establish 
that the proposed controller will remain equally reliable across 
different user groups, longer sessions, noisier sensing 
conditions, or a wider variety of operational tasks. 
Accordingly, the present results should be interpreted as 
evidence of potential rather than established deployment 
suitability in high-risk or safety-critical training settings. In 
addition, the membership functions, fuzzy rules, and error-
score weights were specified using expert knowledge; 
although qualitative conclusions were stable under reasonable 
parameter variations, more systematic parameter identification 
may improve robustness and portability. Eye-tracking data 
quality also remains a practical constraint, particularly under 
head motion, occlusions, and transient tracking loss. 

Another important limitation is that the latent variables CL, 
SL, and F were not externally validated against independent 
physiological or subjective reference measures. As a result, the 
present study cannot determine to what extent the observed 
stabilization of these trajectories corresponds to true changes 
in cognitive load, stress, or fatigue beyond the controller’s 
internal state representation. The study also employed a single 
initial baseline for normalization. While this approach is 
common in real-time adaptive systems, future work should 
examine alternative strategies such as multi-stage baselines, 
explicit familiarization periods, or adaptive baseline updates 
across the session. Broader validation with larger cohorts, 
more diverse scenarios, and longitudinal protocols will also be 
necessary to assess learning efficiency, retention, and transfer 
to more complex missions. An especially important next step 
will be an ablation-based evaluation that separately tests the 
contribution of personalized normalization, temporal 
smoothing, and the fuzzy decision layer against simpler 
adaptive and non-adaptive alternatives. 

 
 

12. CONCLUSIONS 
 
This study presented a real-time fuzzy logic subsystem for 

adaptive scenario control in an ITS that combines eye-tracking 

signals with simulator-derived performance errors. The 
proposed framework integrates personalized robust 
normalization, multimodal feature fusion, Mamdani-type 
fuzzy inference, and bounded scenario adaptation within a 
closed-loop training architecture. 

In a controlled within-subject study with 20 participants, the 
adaptive condition was associated with smoother eye-tracking 
trajectories, more stable model-estimated user-state dynamics, 
and modest improvements in selected log-derived 
performance metrics relative to a fixed-parameter policy. 
These findings support the feasibility of the proposed 
approach as an interpretable human-in-the-loop framework for 
multimodal data integration, state estimation, and adaptive 
decision management in simulator-based training. 

Overall, the results suggest that transparent rule-based 
adaptive control can support smoother and more consistent 
training trajectories under controlled conditions. Future work 
should extend validation to broader user groups, longer 
sessions, richer scenario sets, and independent external 
reference measures for the inferred user-state variables. 
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