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Abstract

Marksmanship proficiency remains a critical determinant of combat effectiveness in military, law-enforcement, and
security operations. Conventional marksmanship training relies heavily on instructor observation and subjective
assessment, which may limit consistency, scalability, and objectivity. This paper presents a machine learning-based
shooter performance assessment and intelligent coaching framework for indoor marksmanship training simulators.
The proposed system integrates computer vision, behavioural analytics, weapon-tracking sensors, and an
Intelligent Coaching Recommendation Engine to automatically assess shooter stability, trigger control, aim drift,
shot grouping, reaction time, and engagement effectiveness. Multiple learning models, including Convolutional
Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, Transformer architectures, Random
Forests, and XGBoost classifiers, are combined within an ensemble-learning framework for skill classification,
performance prediction, and personalised coaching. Experimental validation was conducted using behavioural
data collected from 180 participants at the Nigerian Defence Academy Indoor Marksmanship Simulation Centre
over a six-month period, comprising 5,200 training sessions and approximately 260,000 recorded shots. Results
demonstrated a classification accuracy of 97.1%, precision of 96.5%, recall of 96.2%, F1-score of 96.3%, and area
under the curve of 98.1%. The intelligent coaching engine achieved a Coaching Reliability Index of 0.92 and a
skill-prediction accuracy of 93.4%, while Al-assisted coaching improved trainee performance by 24.6% compared
with conventional instructor-led training. The proposed framework functions as a virtual marksmanship instructor
capable of objective performance assessment, automated error diagnosis, adaptive training management, and
personalised feedback, thereby enhancing military training effectiveness and scalability.

Keywords: Marksmanship Training; Computer Vision; Machine Learning; Deep Learning; Human Performance
Analytics; Intelligent Coaching; Military Simulation; Behavioural Assessment; Adaptive Training.

1. Introduction

Marksmanship training remains a fundamental component of military preparedness, despite advances in Artificial
Intelligence (AI), autonomous systems, cyber warfare and precision-guided weapons. Personnel involved in conventional,
asymmetric, counter-terrorism, urban and peace-support operations still require accurate and timely target-engagement
skills for mission success and survivability [1]—[4]. Traditional marksmanship instruction depends largely on experienced
instructors who assess weapon handling, trigger discipline, aiming stability, recoil management, shot grouping, reaction
time and engagement effectiveness during live-fire or simulated exercises [5], [6]. Although effective, this approach is
often subjective and influenced by instructor experience, observation quality, fatigue and trainee-to-instructor ratio. As
training populations increase, maintaining consistent and objective assessment becomes more difficult.

Modern indoor marksmanship simulators now incorporate high-speed cameras, laser tracking, motion sensors, computer-
generated scenarios, and automated scoring systems [7]—[10]. These technologies generate large volumes of behavioural
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data and create opportunities to move beyond score-based evaluation towards intelligent performance assessment. Al and
Machine Learning (ML) provide powerful tools for analysing such data, particularly in computer vision, behavioural
recognition, activity classification and predictive analytics [11]-[20]. The proposed framework applies Al as a virtual
marksmanship instructor capable of continuously monitoring shooter behaviour, diagnosing deficiencies, classifying skill
level, predicting progression, and recommending personalised corrective actions. Behavioural indicators such as weapon
stability, trigger manipulation, aim drift, recoil recovery, reaction time, and shot grouping are processed through machine-
learning models to support adaptive coaching [21]-[25]. Figure 1 presents the conceptual architecture of the intelligent
coaching framework.
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The Intelligent Coaching Framework integrates computer vision, machine learning,
behavioural analytics and adaptive feedback mechanisms to provide automated
shooter assessment, skill prediction and personalised coaching recommendations for
enhanced marksmanship training effectiveness.

Fig. 1: Conceptual Architecture of the Intelligent Coaching Framework

Al-enabled coaching offers advantages over conventional instructor-centric assessment, particularly in scalability,
objectivity, continuous monitoring, personalised feedback, performance prediction and adaptive difficulty control. These
benefits are especially relevant for military organisations required to train large numbers of personnel while maintaining
standardised performance assessment.

Table 1: Comparison Between Conventional and Al-Enabled Coaching Systems

Attribute Conventional Assessment Al-Based Assessment
Consistency Instructor dependent High

Scalability Limited High

Continuous Monitoring Limited Yes

Personalised Feedback ~ Moderate High

Performance Prediction No Yes

Adaptive Difficulty No Yes

Data Analytics Limited Extensive

The computational foundation of the proposed system is summarised in Table 2.

Table 2: Machine-Learning Techniques Used in Intelligent Coaching

Model Primary Function

CNN Spatial feature extraction
LSTM Temporal behaviour modelling
Transformer Long-range sequence analysis
Random Forest Behaviour classification
XGBoost Predictive analytics

Ensemble Learning Decision fusion
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Although previous studies have examined automated scoring, shooter tracking, target detection, and machine-learning-
assisted training, limited work has developed a unified intelligent coaching framework that simultaneously evaluates
shooter stability, trigger control, aim drift, shot grouping, skill level, and training progression [26]—[35]. This paper
therefore proposes a ML-based shooter performance assessment and intelligent coaching framework for indoor
marksmanship training simulators. The principal contributions of this work are as follows:
e Development of a computer vision-based framework for automated shooter-behaviour assessment.
e Quantitative evaluation of weapon stability, trigger control, aim drift, and shot-grouping characteristics.
e Integration of CNN, LSTM, Transformer, Random Forest, and XGBoost models within a unified ensemble-
learning architecture.
e Development of an Intelligent Coaching Recommendation Engine capable of automated error diagnosis, root-
cause analysis, and personalised corrective feedback.
e Implementation of adaptive training and skill-progression prediction mechanisms.
e Experimental validation using large-scale behavioural data collected at the Nigerian Defence Academy Indoor
Marksmanship Simulation Centre.

The remainder of the paper is organised as follows. Section 2 reviews related work. Section 3 presents the system
architecture and data acquisition framework. Sections 4—7 describe computer-vision processing, machine-learning models,
and coaching methodologies. Sections 8 and 9 present results, operational implications, robustness, limitations, and
conclusions.

2. Related Work and Literature Review

Marksmanship training remains a critical component of military readiness, particularly in conventional warfare, counter-
terrorism, force protection, and close-quarter combat operations. Traditional assessment methods focus primarily on
observable outcomes such as hit probability, shot placement, shot grouping, reaction time, and instructor judgement. While
these metrics provide useful indicators of shooting effectiveness, they offer limited insight into the behavioural factors
responsible for performance outcomes. Recent advances in computer vision, sensor fusion, ML and human-performance
analytics have shifted assessment from outcome-based scoring to behaviour-based evaluation. Modern simulators can
analyse weapon stability, trigger control, aim drift, recoil recovery, and target-engagement behaviour, thereby enabling
more objective and comprehensive performance assessment. Although commercial systems provide automated scoring and
after-action review capabilities, few offer detailed behavioural diagnosis and intelligent coaching. Consequently,
opportunities remain for developing Al-enabled systems capable of functioning as virtual marksmanship instructors [36]—
[42].

2.1 Computer Vision for Shooter Behaviour Analysis

Computer vision has emerged as a key enabling technology for automated shooter-performance assessment. It enables
cameras and image-processing algorithms to monitor shooter posture, weapon movement, aiming behaviour, recoil
recovery, and shot-impact locations. These capabilities allow evaluation not only of where shots land but also of how the
shooter behaves before and after firing. Recent advances in deep learning, object detection, human pose estimation, and
action recognition have significantly improved the capability of computer-vision systems to analyse human behaviour in
real time [43]-[48]. Fig. 2 illustrates the evolution of computer-vision applications in marksmanship training.
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Fig. 2: Evolution of Computer Vision Applications in Marksmanship Training.
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Deep-learning techniques, particularly Convolutional Neural Networks (CNNs), have significantly improved behavioural
analysis by automatically learning spatial features from image sequences. CNNs are especially suitable for posture analysis,
weapon-alignment monitoring, stability assessment, and movement tracking [49]-[53].

y(i.)) = ZZx(i —mj-wkmn) (1)

where x is the input image, kis the convolution kernel, and y is the resulting feature map.

2.2 Human Performance Analytics in Military Training

Human-performance analytics focuses on measuring and interpreting behavioural, cognitive, and physical factors that
influence operational effectiveness. In marksmanship training, these factors include reaction time, situational awareness,
cognitive workload, trigger discipline, aim stability, and recoil recovery. Frameworks such as Endsley’s Situational
Awareness Model and the NASA Task Load Index remain widely adopted for evaluating decision-making and workload
during military training activities [54]-[58]. Recent military human-performance studies have increasingly incorporated
physiological sensing, eye tracking, wearable sensors, and cognitive-state monitoring to improve assessment accuracy and
training effectiveness [59]-{62].

Table 3: Human Performance Indicators Relevant to Marksmanship Training

Indicator Description

Accuracy Target-hit effectiveness
Precision Shot consistency
Reaction Time Engagement speed

Situational Awareness Environmental understanding
Cognitive Workload Mental effort

Recoil Recovery Post-shot stabilisation
Trigger Discipline Trigger-control quality
Aim Stability Weapon steadiness

As shown in Table 3, effective marksmanship assessment requires a multidimensional evaluation framework extending
beyond simple shot scoring.

2.3 Machine Learning for Behavioural Assessment
Machine learning enables automated identification of behavioural patterns within complex shooter-performance datasets
and has become increasingly important for shooter classification, error detection, performance prediction, and personalised
coaching. Supervised-learning algorithms such as Random Forest, Support Vector Machine, Gradient Boosting, and
XGBoost have demonstrated strong performance in human-activity recognition, sports analytics, and military-training
applications [63]-[67]. Random Forest and XGBoost are particularly effective because they provide robust classification
performance and relatively interpretable outputs.
T
Dh) @
t=1

where h,(x) represents the prediction of the t** decision tree and Tis the number of trees. These methods are suitable for
classifying shooters into proficiency levels and identifying behavioural deficiencies requiring corrective coaching [68]—
[70].

y=
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2.4 Deep Learning for Temporal Behaviour Modelling

Many shooting behaviours evolve over time and therefore require temporal modelling. Examples include aim drift, trigger
squeeze, recoil recovery, and target-transition behaviour. Long Short-Term Memory (LSTM) networks and Transformer
architectures have demonstrated strong performance in modelling such sequential patterns [71]-[75].

Ce = fCrq + i:Cy (3)
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These architectures support behavioural prediction, aim-drift detection, trigger-control analysis, recoil-recovery modelling,

and skill-progression assessment. Recent studies have shown that Transformer-based architectures often outperform
conventional recurrent networks for long-duration behavioural analysis tasks [76]-[79].

2.5 Intelligent Tutoring and Adaptive Coaching Systems

Intelligent Tutoring Systems (ITS) provide personalised instruction by continuously assessing learner performance and
adapting training content accordingly. Within military training environments, such systems can reduce instructor workload
while improving feedback consistency and training effectiveness [80]—[83]. Recent advances in explainable Al
reinforcement learning, adaptive learning systems, and human-centred Al have accelerated the development of intelligent
coaching systems capable of generating personalised recommendations and adaptive training pathways [84]—[87].

e N 3 N s N s N 4 N s 3
e — *
v —_— ® —/
~ v -
K (b - B
-~ (] ]
Performance = Behaviour =5 Error 9| Recommendation (= Adaptive =p| Performance
Monitoring Analysis Diagnosis Engine Training Improvement
Continuously Analyses shooter Identifies skill Generates personalised Adapts training Enhances skills,
monitors shooter behaviour, posture, deficiencies and feedback, corrective content, difficulty accuracy and
performance using aiming, recoil root causes of actions and training and drills based on consistency leading
sensors, vision and control and shot performance recommendations trainee performance to overall mission
system data. execution. errors. using Al models. and progress. readiness.
S J 8 J S J \ J . J \ J

\
Intelligent Coaching Systems integrate monitoring, analysis, diagnosis, recommendation :
and adaptation to provide personalised, data-driven and adaptive training that :
continuously improves shooter performance and mission readiness. !

/

Fig. 3: General Architecture of Intelligent Coaching Systems

The framework creates a closed-loop training process in which behavioural assessment directly informs corrective actions
and adaptive training adjustments. Benefits include objective assessment, personalised coaching, real-time feedback, and
improved learning efficiency.

2.6 Research Gap Analysis

Despite significant advances in computer vision, ML and intelligent tutoring systems, relatively limited research has
focused on fully integrated Al-based coaching systems for military marksmanship training. Existing studies generally
address isolated capabilities such as shot scoring, target engagement, shooter tracking, or posture analysis rather than
comprehensive behavioural assessment and adaptive coaching [88]-[92].

Table 4: Research Gap Analysis

Capability Existing Studies Gap

Shot Scoring Extensive Mature
Shooter Stability Analysis Limited Significant
Trigger-Control Assessment Limited Significant
Aim Drift Detection Moderate Moderate
Skill Prediction Limited Significant
Intelligent Coaching Limited Significant
Adaptive Training Limited Significant
Multi-Model AI Fusion Rare Major Gap

As shown in Table 4, significant gaps remain in intelligent coaching, adaptive training and integrated behavioural
assessment. The present study addresses these limitations through a unified machine-learning framework that combines
computer vision, behavioural analytics, multi-model Al fusion, skill classification, performance prediction, and adaptive
coaching within a single intelligent marksmanship-training architecture.
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3. System Architecture and Data Acquisition Framework

The proposed ML-Based Shooter Performance Assessment and Intelligent Coaching System was developed as a virtual
marksmanship instructor capable of continuously monitoring shooter behaviour, diagnosing performance deficiencies,
predicting skill progression, and generating personalised coaching recommendations. Unlike conventional simulator
systems that focus primarily on hit detection and score computation, the framework integrates multi-modal sensing,
computer vision, behavioural analytics, machine learning, and adaptive coaching within a unified architecture. Such
integrated Al-enabled training systems have recently attracted considerable interest because they provide objective
performance assessment, reduce instructor workload, and enable personalised learning pathways [93]-[97].

By analysing both shooting outcomes and behavioural processes, the proposed framework provides objective, repeatable,
and data-driven assessment while reducing dependence on human instructors. Similar intelligent assessment architectures
have demonstrated effectiveness in military simulation, sports-performance analysis, and human-performance optimisation
applications [98]-[101]. The overall architecture of the framework is presented in Fig. 4. Behavioural data acquired from
multiple sensing systems are fused and analysed by machine-learning algorithms capable of identifying shooter errors and
recommending corrective actions in real time. The architecture is intentionally modular to support future integration of
physiological monitoring systems, virtual reality (VR), augmented reality (AR), mixed reality (MR), and digital-twin
training environments [102]-[105].
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Fig. 4: Overall Architecture of the Intelligent Coaching Framework

The framework consists of six principal subsystems whose functions are summarised in Table 5.

Table 5: Functional Components of the Proposed System
Module
Data Acquisition
Computer Vision
Feature Extraction

Function

Collection of behavioural and performance data
Posture, movement and weapon tracking
Generation of machine-learning features

ML Analytics Classification, prediction and assessment
Coaching Engine Generation of corrective recommendations
Instructor Dashboard ~ Visualisation and reporting

As shown in Table 5, each subsystem transforms raw sensor observations into actionable performance indicators that
support intelligent coaching and adaptive training.

3.1 Data Acquisition Framework

Reliable behavioural assessment requires comprehensive acquisition of shooter-performance information. Traditional
marksmanship systems typically record only target-hit locations and shot timing, providing limited insight into the
behavioural processes that influence performance. To address this limitation, the proposed framework employs a multi-
sensor architecture that continuously monitors weapon motion, aiming behaviour, trigger manipulation, and engagement
dynamics throughout the firing sequence. Recent advances in sensor fusion have demonstrated that combining multiple
sensing modalities improves robustness, measurement accuracy, and behavioural understanding compared with single-
sensor systems [106]-[109]. Accordingly, the proposed framework integrates optical, inertial, mechanical, and ballistic
sensing technologies within a unified acquisition architecture. The overall data-acquisition architecture is illustrated in Fig.
5.

Citation: Imam, A. S., Rabiu, Y., Wubila, M. U,, Musa, A., & Baballe, M. A. (2026). Machine Learning-Based Shooter Performance Page 103
Assessment and Intelligent Coaching in Indoor Marksmanship Training Simulators. In ICON Journal of Engineering applications of
artificial intelligence (Vol. 2, Number 6, pp. 98-137). https://doi.org/10.5281/zenodo.20668114



« Capture shooter posture,
weapon alignment, and
muzzle movement.

« Frame rate: 240-1000 fps

1. HIGH-SPEED CAMERAS

tf

« IMU sensors measure 3D
acceleration and angular rate.

« Tracks weapon stability,
movement and recoil.

2. WEAPON MOTION TRACKING

* Measures trigger pressure,
travel distance and release time.
« Evaluates trigger control
and consistency.

3. TRIGGER MONITORING

Ax
‘s w
Az
J
~N

4. LASER AIM TRACKING

« Laser module captures
point-of-aim (POA) on target.

« Computes aim drift and
holding stability.

-

5. SHOT DETECTION

 Acoustic and muzzle sensors
detect shot event.

* Records shot time, muzzle
velocity and energy.

! Shot
i Event

-

6. FEATURE
FUSION

« Synchronises multi-
sensor streams.

« Extracts and fuses
spatial, temporal
and kinetic features.

* Ensures data
consistency and
noise reduction.

J

Of >3-

A

7. MACHINE
LEARNING ENGINE

5

 Learns patterns from
fused features.

 Detects errors,
predicts skill level
and performance
trends.

* Generates data-driven
insights.

8. OUTPUT
(ASSESSMENT &
FEEDBACK)

2
=1n

« Performance metrics
and skill indicators.

« Error diagnosis.

« Personalised coaching
recommendations.

« Real-time feedback
to trainee/instructor.

Fig. 5: Multi-Sensor Data Acquisition Framework

The principal categories of acquired behavioural information are summarised in Table 6.

Table 6: Acquired Shooter Behaviour Data

Data Category

Measured Variable

Aim Behaviour
Weapon Motion
Trigger Behaviour
Shot Outcomes

Engagement Timing

Target Interaction
Historical Records

Aim-point coordinates
Angular displacement
Pull characteristics
Impact coordinates
Reaction time
Engagement effectiveness
Previous performance

The complete behavioural feature vector is represented as:

X = [xq,Xg, ..

)

where x; denotes an individual behavioural feature extracted from sensor observations. The feature vector contains
information relating to shooter stability, trigger control, aim drift, shot grouping, reaction time, recoil recovery, and

engagement effectiveness.

3.2 Computer Vision Subsystem
Computer vision constitutes one of the most important components of the proposed framework because many critical
shooter behaviours are visually observable. Recent advances in deep learning, object detection, human pose estimation,
and motion tracking have significantly improved the capability of computer-vision systems to analyse complex human

activities in real time [110]-[114].

The subsystem employs four synchronised high-speed cameras operating at 240 fps to monitor shooter posture, weapon
alignment, aiming behaviour, trigger manipulation, and recoil recovery. Multi-camera configurations have been shown to
improve tracking accuracy and reduce occlusion effects in behavioural-analysis applications [115], [116]. The camera
deployment configuration is illustrated in Fig. 6.
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Fig. 6: Camera Deployment for Shooter Monitoring.

The multi-camera arrangement minimises occlusion and improves measurement accuracy by providing multiple viewing
perspectives. Camera calibration is performed using the projective camera model:

. X
s H = K[R | ¢] H ©)
1 1

where Kis the intrinsic camera matrix, Ris the rotation matrix, tis the translation vector, and sis the scale factor. Similar
calibration models are widely used in multi-view computer-vision systems for three-dimensional scene reconstruction and
motion tracking [117], [118].

3.3 Feature Extraction and Behaviour Representation

Behavioural observations acquired from the computer-vision subsystem, weapon-tracking sensors, trigger sensors, and
simulator software are transformed into machine-learning-compatible representations through feature extraction. Feature
engineering is a critical stage because classification accuracy depends heavily on the quality and relevance of the extracted
features [119]-[121]. The overall feature-extraction process is illustrated in Fig. 7. As shown in the figure, multimodal data
from video streams, weapon tracking, trigger sensors, and shot records are processed to generate behavioural indicators
describing shooter performance. These indicators are subsequently normalised and supplied to the machine-learning
models.
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Fig. 7: Behavioural Feature Extraction and Representation Framework

The behavioural features extracted by the framework are summarised in Table 7.

Table 7: Behavioural Features Extracted for Machine Learning

Feature Description

Stability Index Weapon steadiness
Trigger Smoothness Trigger-control quality
Aim Drift Mean aiming deviation
Shot Group Radius Shot consistency

Reaction Time
Recovery Time

Engagement speed
Recoil recovery behaviour

Target-hit effectiveness
Correct target selection

Engagement Accuracy
Decision Quality

As shown in Table 7, the extracted features capture the key behavioural characteristics associated with marksmanship
performance. Prior to machine-learning analysis, features are normalised using z-score normalisation:

Xi — Wi
i

(7

Zi =

where x; is the raw feature value, y; is the feature mean, and o;is the feature standard deviation. Normalisation improves
training stability and ensures that individual features contribute appropriately during model optimisation [122]. The
resulting feature vector forms the primary input to the machine-learning framework described in the subsequent sections.

3.4 Dataset Construction

A comprehensive dataset was constructed from indoor marksmanship training sessions involving both novice (cadets) and
experienced shooters. The dataset includes video streams, weapon-motion data, trigger signals, aim trajectories, shot
coordinates, and performance records. The use of diverse datasets containing multiple proficiency levels improves model
generalisation and reduces bias during classifier training [123], [124]. The characteristics of the acquired dataset are
summarised in Table 8. As shown in Table 8, the dataset comprises 180 participants, 5,200 training sessions, and
approximately 260,000 recorded shots, providing a substantial volume of behavioural information for machine-learning
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model development. The dataset contains 32 behavioural features extracted from four synchronised camera streams
operating at 240 fps and represents five distinct shooter skill classes.

Table 8: Dataset Characteristics

Parameter Value
Participants 180
Training Sessions 5,200
Total Shots 260,000
Behavioural Features 32

Skill Classes 5
Camera Streams 4
Sampling Rate 240 fps

To ensure unbiased model evaluation and minimise overfitting, the dataset was partitioned into training, validation and
testing subsets as presented in Table 9. Seventy per cent of the dataset was allocated for model training, while 15% was
used for hyperparameter optimisation and validation, and the remaining 15% was reserved for independent performance
testing.

Table 9: Dataset Partitioning

Dataset Percentage
Training  70%
Validation 15%
Testing 15%

The dataset size, diversity and partitioning strategy shown in Tables 8 and 9 provide a robust foundation for machine-
learning training, model optimisation, and statistically meaningful performance evaluation.

3.5 Performance Assessment Workflow
The operational workflow of the intelligent coaching framework is illustrated in Fig. 8.
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Fig. 8: Behavioural Assessment Workflow
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The workflow shown in Fig. 8 forms the operational backbone of the proposed system. Data acquired from multiple sensors
are transformed into behavioural features, analysed using machine-learning models, and converted into personalised
coaching recommendations. Similar closed-loop assessment architectures have demonstrated substantial improvements in
training efficiency, adaptive learning, and performance optimisation across defence, sports, and aviation-training
applications [125]-[128].

Through continuous assessment and adaptive feedback, the proposed framework supports accelerated skill acquisition,
objective performance evaluation, and improved marksmanship proficiency.

4. Computer Vision-Based Shooter Behaviour Analysis

Computer vision enables objective assessment of shooter performance by transforming video streams and sensor
measurements into quantitative behavioural indicators. Unlike conventional marksmanship evaluation, which primarily
measures target-hit outcomes, the proposed framework analyses weapon stability, trigger control, aim drift, and shot
consistency to identify performance deficiencies and support intelligent coaching. Recent advances in deep learning, object
tracking, pose estimation, and motion analysis have significantly improved the capability of computer-vision systems to
extract behavioural information in real time [129]-[135].

The behavioural-analysis framework is presented in Fig. 9. As shown in Fig. 9, video streams and sensor data are processed
through object-tracking and feature-extraction modules to generate performance indicators for machine-learning-based
assessment. The extracted indicators are summarised in Table 10.

Fig. 9: Behavioural Assessment Workflow
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Fig. 9: Computer Vision-Based Behaviour Analysis Framework

Table 10: Behavioural Indicators Used for Performance Assessment

Indicator Description

Stability Index Weapon steadiness

Trigger Quality Trigger-control effectiveness
Aim Drift Aim-point deviation

Shot Group Radius Fire consistency

Recovery Time Recoil stabilisation

Reaction Time Engagement speed
Engagement Accuracy Target-hit effectiveness

As shown in Table 10, these indicators collectively capture the key behavioural characteristics of marksmanship
performance and provide the basis for automated assessment and coaching.
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4.1 Shooter Stability Assessment

Weapon stability significantly influences shooting accuracy because excessive weapon movement increases shot
dispersion. The proposed framework tracks aim-point trajectories and evaluates stability using the standard deviation of
aiming displacement. The assessment procedure is illustrated in Fig. 10, while the classification criteria are summarised in
Table 11.
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Fig. 10: Weapon Stability Assessment

Aim-point variability is quantified as:

N
1 -
a= [Ty (-2 @)
i=1

where: d;= instantaneous aiming displacement, d= mean aiming displacement and N= number of samples.

Table 11: Stability Assessment Criteria

Standard Deviation Assessment
< 1.0 mm Excellent
1.0-2.5 mm Good
2.5-5.0 mm Fair

> 5.0 mm Poor

As shown in Table 11, increasing aim-point dispersion corresponds to poorer weapon control and reduced shooting
effectiveness.

4.2 Trigger Control Evaluation
Trigger manipulation directly affects shot placement because abrupt trigger activation can disturb weapon alignment. The
trigger-assessment framework is illustrated in Fig. 11, while the evaluation criteria are presented in Table 12.
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Fig. 11: Trigger-Control Assessment Framework
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Trigger disturbance is computed as:

Dy =+ (xe — %)% + (Ve — ¥p)? )
where: (x;’ y,)= aim coordinates immediately before trigger activation and (x, y;)= aim coordinates at firing.

Table 12: Trigger-Control Assessment Criteria

Trigger Disturbance Assessment
< 1.0 mm Excellent
1.0-2.5 mm Good
2.5-5.0 mm Fair

> 5.0 mm Poor

Lower values of D, indicate superior trigger discipline and reduced weapon disturbance during firing.

4.3 Aim Drift Detection

Aim drift refers to gradual displacement of the aiming point caused by fatigue, breathing irregularities, poor posture, or
psychological stress. Continuous monitoring provides an objective measure of aiming consistency and concentration. The
mean drift magnitude is computed as:

N
1
AD = NZ Va0 +0i—y)?  (10)

where:

(x¢” ¥o)= desired aiming location,

(xp y;)= instantaneous aim-point coordinates.
The maximum drift magnitude is defined as:

ADpax =max (Vi —x)2+ 0 —¥0)2) (1)

The adopted drift-assessment criteria are summarised in Table 13.

Table 13: Aim Drift Assessment Criteria

Drift Magnitude Assessment
<2 mm Excellent
2-5 mm Good

5-10 mm Fair

> 10 mm Poor

As shown in Table 13, increasing drift generally corresponds to declining aiming consistency and reduced marksmanship
performance.

4.4 Shot Grouping Analysis

Shot grouping provides a direct measure of shooting consistency and repeatability. While engagement accuracy indicates
target-hit effectiveness, shot-group characteristics reveal the quality of weapon control maintained throughout the firing
sequence. The analysis process is illustrated in Fig. 12.
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Fig. 12: Shot Grouping Analysis Process

The shot-group centroid is determined as:

1
%= Nz %, (12)
i=1
N
1
y= NZ Vi (13)
=1
The shot-group radius is then computed as:
1 N
S6= [ I -02+ G- (4)
i=1

where: SG= shot-group radius and (& y)= shot-group centroid. Smaller values of SGindicate superior shooting consistency
and weapon control.

4.5 Behavioural Feature Fusion
The behavioural indicators generated from stability assessment, trigger evaluation, aim-drift detection, and shot-group
analysis are fused into a unified feature representation for machine-learning analysis:

F=[oy Dy AD' SG© RT' RR' EA] (15)

where: g,;= stability measure, D,= trigger disturbance, AD= mean aim drift, SG= shot-group radius, RT= reaction time,
RR= recoil-recovery time and EA= engagement accuracy.

The fused feature vector forms the primary input to the machine-learning framework presented in the next section. By
integrating multiple behavioural indicators, the proposed system provides a comprehensive representation of shooter
performance suitable for automated assessment, skill classification, performance prediction, and intelligent coaching.

5. Machine Learning Framework for Shooter Classification and Intelligent Coaching

The behavioural indicators developed in Section 4 provide quantitative representations of shooter performance. However,
transforming these measurements into actionable coaching recommendations requires ML models capable of identifying
complex relationships between behavioural characteristics and marksmanship proficiency. Recent advances in deep
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learning, ensemble learning, and attention-based architectures have demonstrated strong performance in behavioural
analytics, human activity recognition, and intelligent training systems [136]-[142]. The proposed ML framework is
illustrated in Fig. 13. As shown in Fig. 13, behavioural features extracted from the computer-vision subsystem are
processed through complementary learning models to perform skill classification, performance prediction, and coaching
recommendation generation.

Behavioural Feature Vector

R——— > lI
| &= [ Bl BogessiBi)
s l N l =N l N\ ¢ l N
Random Forest
T 1 N /‘ + XGBoost
e | I
CNN LSTM Transformer
Spatxal. pabeeny Temporal dependency Attention-based global Tree-based learning for
extrantiopifiom modelling context learning non-linear relationships
behavioural data
L A b,
s N

i
1

1

i

1

1

1

1

1

1

I

I

1

1

1

1

1

1

1

i

. J W 7 N J
1

. ! I ! y
' v

1

: -

: Ensemble Fusion
: Feedback Loop Combine predictions from
1

1

1

1

1

1

i

1

I

1

i

1

i

.

(Continuous Learning § complementary models

and Improvement) - J

v
Skill Classification

Predict shooter skill level
(Excellent / Good / Fair / Poor)

v
Coaching Recommendation

Generate personalized and
actionable coaching feedback

Fig. 13: Machine-Learning Framework for Shooter Assessment.
The principal models employed in the framework are summarised in Table 14.

Table 14: Machine-Learning Models Used in the Proposed Framework

Model Primary Function

CNN Spatial feature extraction

LST™M Temporal behaviour modelling
Transformer Long-range dependency analysis
Random Forest Skill classification

XGBoost Performance prediction
Ensemble Fusion Decision integration

As shown in Table 14, each model contributes complementary capabilities that collectively improve classification accuracy
and coaching reliability.

5.1 Convolutional Neural Network

Convolutional Neural Networks (CNNs) are employed to extract spatial features from behavioural representations
generated by the computer-vision subsystem. They are particularly effective for analysing posture, weapon alignment,
aiming trajectories, and movement patterns [143]-[145].

The convolution operation is expressed as:

y(i)) = Z D xi—mj-mkenm)  (16)
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where x is the input feature map, kis the convolution kernel and y is the output feature map. The CNN architecture adopted
in this study is summarised in Table 15.

Table 15: CNN Architecture

Layer Configuration
Input Layer 32 Features
Conv Layer 1 64 Filters
Conv Layer 2 128 Filters
Max Pooling 2 x2

Dense Layer 256 Neurons
Output Layer  Softmax

As shown in Table 15, the CNN generates compact spatial representations that are subsequently processed by temporal-
learning modules.

5.2 Long Short-Term Memory Network

Shooter behaviour exhibits strong temporal dependencies because aiming stability, trigger manipulation, and recoil
recovery evolve over time. Consequently, Long Short-Term Memory (LSTM) networks are employed to capture sequential
behavioural patterns [146], [147]. The temporal-learning process is illustrated in Fig. 14.
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Fig. 14: LSTM-Based Temporal Behaviour Modelling
The memory-state update is defined as:

Ct = feCrq + 1t Cy (17)
where C; is the memory state, f; is the forget gate, and i,is the input gate. LSTM networks enable modelling of behavioural
trends and skill-progression patterns that may not be evident from isolated observations.

5.3 Transformer-Based Behaviour Analysis

Although LSTM networks effectively model temporal sequences, their ability to capture long-range dependencies may be
limited. Transformer architectures address this challenge through self-attention mechanisms that analyse relationships
across entire behavioural sequences [148]-[150]. The Transformer framework is illustrated in Fig. 15.
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Fig. 15: Transformer-Based Behaviour Analysis

The attention mechanism is expressed as:

. <QKT>
Attention(Q,K,V) = softmax | — |V (18)

Va4

where @, K and V denote the query, key and value matrices, respectively.

5.4 Random Forest and XGBoost Models

Random Forest and XGBoost are employed for skill classification and performance prediction because of their robustness,
interpretability, and predictive accuracy on structured behavioural datasets [151]-[153]. Feature-importance analysis
generated by Random Forest is summarised in Table 16.

Table 16: Feature Importance Ranking

Feature Importance
Stability Index 0.26
Aim Drift 0.21

Trigger Quality 0.18
Shot Group Radius  0.15
Reaction Time 0.11
Recovery Time 0.09

As shown in Table 16, stability and aim drift constitute the most influential behavioural indicators for shooter classification.
The principal XGBoost hyperparameters are presented in Table 17.

Table 17: XGBoost Hyperparameters
Parameter Value
Learning Rate 0.05
Maximum Depth 8

Trees 500
Subsample Ratio  0.80
Objective Multi-Class Classification
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5.5 Ensemble Learning and Decision Fusion
To improve robustness and generalisation, the outputs of CNN, LSTM, Transformer, Random Forest and XGBoost models
are combined through ensemble decision fusion. The fusion architecture is illustrated in Fig. 16.
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Fig. 16: Ensemble Decision-Fusion Architecture

The ensemble probability is computed as:

N
P =) wiP  (19)
i=1

subject to
N
Z wi =1 (20)
i=1
The final class decision is obtained as:
y= arg max (Pens) (21)

The ensemble strategy improves classification reliability by leveraging the complementary strengths of individual models.

5.6 Skill-Level Classification

The proposed framework categorises shooters into five proficiency levels summarised in Table 18.

Table 18: Shooter Skill-Level Categories

Class Description
L1 Novice

L2 Basic

L3 Intermediate
L4 Advanced
L5 Expert
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Classification probabilities are obtained using the Softmax function:

exp (2x)

P(y=k|x)=——t
Y exp (%)

(22)

The resulting classifications are subsequently used to generate personalised coaching recommendations, adaptive training
scenarios, and performance-improvement strategies.n The ML framework presented in this section enables automated
shooter classification, performance prediction, and intelligent coaching. By integrating CNN, LSTM, Transformer,
Random Forest, and XGBoost models within an ensemble architecture, the proposed system provides robust and reliable
performance assessment suitable for adaptive military marksmanship training.

6. Intelligent Coaching Recommendation Engine

The primary objective of the proposed framework is not only to assess shooter performance but also to provide personalised
coaching recommendations that improve marksmanship proficiency. Traditional training relies heavily on instructors to
observe behaviour, diagnose deficiencies, and prescribe corrective actions. However, instructor workload, fatigue, and
trainee-to-instructor ratios can affect assessment consistency. To address these limitations, the proposed Intelligent
Coaching Recommendation Engine (ICRE) functions as a virtual instructor that integrates machine-learning outputs with
expert marksmanship knowledge to deliver objective, repeatable, and adaptive feedback [154]-[159]. The overall
architecture of the coaching engine is illustrated in Fig. 17, while its principal functions are summarised in Table 19.
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Fig. 17: Architecture of the Intelligent Coaching Recommendation Engine

Table 19: Functions of the Intelligent Coaching Engine

Function Description
Error Detection Identification of performance deficiencies
Root-Cause Analysis Determination of contributing factors

Recommendation Generation Selection of corrective actions
Adaptive Difficulty Control ~ Dynamic scenario adjustment
Skill Prediction Forecasting future performance
Progress Monitoring Long-term performance tracking

As shown in Table 19, the coaching engine serves as the operational bridge between behavioural assessment and
performance improvement by transforming machine-learning outputs into actionable training interventions.
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6.1 Automated Error Diagnosis

Reliable coaching begins with accurate identification of shooter deficiencies. The proposed framework continuously
analyses behavioural indicators generated by the computer-vision and machine-learning modules to identify common
shooting errors. The diagnosis process is illustrated in Fig. 18, while the principal error categories are summarised in Table
20.

r---p Behavioural Indicators

v

Pattern Recognition

v

Error Classification

Learning &
Improvement Root-Cause Identification

v

Coaching Recommendation

1
1
1
1
1
1
1
1
1
1
1
1
1
1

Continuous : *
1
1
1
1
1
1
1
1
1
1
1
1
'
1
1
1

Fig. 18: Automated Error-Diagnosis Framework

Overall error severity is quantified as:

N
ES = Z Wi e; 23)
i=1

subject to

w;=1 (24)

N
=1

where e; represents the severity of the i*" error indicator and w; is the corresponding weighting coefficient.

Table 20: Common Shooter Errors and Diagnostic Indicators

Error Type Primary Indicator
Poor Stability High trajectory variance
Trigger Jerking High trigger disturbance

Poor Follow-Through Long recovery time
Excessive Aim Drift  Large drift magnitude
Slow Engagement High reaction time
Inconsistent Shooting Large shot-group radius

As shown in Table 20, multiple behavioural indicators are analysed simultaneously to support reliable diagnosis of shooter
deficiencies.

6.2 Root-Cause Analysis and Recommendation Generation

Following error detection, the framework determines the most probable cause of performance degradation and generates
corrective actions. This process improves recommendation relevance by ensuring that corrective measures address the
underlying source of performance degradation rather than merely its symptoms. The recommendation process is illustrated
in Fig. 19.
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Fig. 19: Coaching Recommendation Generation Process
The root-cause confidence score is estimated using Bayesian inference:

RCS = P(C; | F) 25)

where C; represents the candidate cause and F denotes the behavioural feature vector. The most probable cause is selected
as:

C*=arg m?x P(Ci | F) (26)

Examples of generated coaching recommendations are presented in Table 21.

Table 21: Coaching Recommendations

Diagnosed Issue Recommended Action
Excessive Aim Drift ~ Breathing-control exercises
Poor Stability Posture correction drills
Trigger Jerking Dry-fire trigger practice
Large Shot Groups Consistency drills

Slow Engagement Reaction-time training
Poor Follow-Through Recoil-recovery exercises

As shown in Table 21, the generated recommendations provide practical interventions that can be implemented
immediately within simulator-based training environments.
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6.3 Adaptive Difficulty Adjustment

Adaptive learning improves skill acquisition by matching training difficulty to trainee proficiency. Consequently, the
proposed framework dynamically adjusts scenario complexity according to observed performance. The adaptation
mechanism is illustrated in Fig. 20, while the corresponding difficulty levels are summarised in Table 22.

e Performance Assessment

v

Trainee Skill Assessment

v

Difficulty-Level Assessment

Continuous
Adaptation ¢
Loop
Scenario Adjustment
Updated Training Session
| S —

Performance Monitoring

Fig. 20: Adaptive Difficulty Adjustment Framework
Difficulty level is updated according to:
DLiyy = DL, + B(PI — PI) 27)

where DL, is the current difficulty level, PI is the performance index, PI is the target performance threshold, and g is the
adaptation coefficient.

Table 22: Adaptive Difficulty Levels

Level Description

Basic Static Targets Basic Static Targets
Multiple Static Targets Multiple Static Targets
Moving Targets Moving Targets
Judgemental Shooting Judgemental Shooting
Stress-Based Scenarios Stress-Based Scenarios
Advanced Tactical Scenarios Advanced Tactical Scenarios

As shown in Table 22, the adaptive framework ensures that trainees remain challenged while avoiding excessive cognitive
workload.

6.4 Skill Prediction and Coaching Reliability

A key capability of intelligent coaching systems is the ability to forecast future performance and identify trainees requiring
additional intervention. The proposed framework employs the XGBoost predictive model described in Section 5 to estimate
future proficiency levels. Predicted skill level is represented as:

§t+1 = f(Se, Fr) (28)

where S; denotes the current skill level and F; represents the behavioural feature vector. To evaluate recommendation
quality, the Coaching Reliability Index (CRI) is defined as:
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CRI = Ne (29)
N

where N, is the number of correct recommendations and N.is the total number generated. Higher CRI values indicate
stronger agreement between system-generated recommendations and expert instructor assessments.

The intelligent coaching framework developed in this section constitutes one of the principal contributions of the proposed
system. By integrating behavioural assessment, automated error diagnosis, Bayesian root-cause analysis, adaptive learning,
and predictive analytics, the framework functions as a virtual marksmanship instructor capable of providing personalised,
objective, and repeatable coaching recommendations. The components illustrated in Figs. 17-20 and the operational
functions summarised in Tables 19-22 enable continuous performance monitoring, adaptive training management,
evidence-based skill development, and proactive performance improvement, thereby enhancing training effectiveness
while reducing instructor workload and improving consistency across trainees.

7. Experimental Setup and Validation Methodology

A comprehensive experimental programme was conducted to evaluate the effectiveness of the proposed machine-learning-
based shooter performance assessment and intelligent coaching framework. Validation focused on shooter classification,
behavioural deficiency detection, coaching recommendation reliability, and performance prediction. Experimental data
were collected at the Nigerian Defence Academy (NDA) Indoor Marksmanship Simulation Centre, Kaduna, Nigeria, which
provides a controlled environment for evaluating shooter behaviour and target engagement without the safety, logistical,
and ammunition constraints associated with live-fire training [ 160]—-[161]. The overall validation methodology is illustrated
in Fig. 21, while the principal evaluation objectives are summarised in Table 23.

Data Feature Dataset Model Model Performance Coaching Statistical Operational
Acquisition Extraction Partitioning Training Validation Assessment Evaluation Analysis Assessment
[ = - ()
- P |z - &D > b [o2] b C‘)/ > @ > -
] Q Y = Y
Collection of Extraction of Split dataset into Train machine Validate models Evaluate Assess quality Conduct Evaluate system
shooter data behavioural, Training / learning models using validation predictive and reliability of statistical tests effectiveness,
from NDA spatial, temporal Validation / on the training set; tune performance generated to determine usability and
Indoor and performance Test sets set hyperparameters on the test set coaching significance and operational
Marksmanship features and prevent i iabili itability in real
Simulation overfitting training context
Centre
A T
RS SRR e A e R S —— ;

Fig. 21: Experimental Validation Framework

Table 23: Experimental Validation Objectives

Objective Description

Skill Classification Evaluate classification accuracy

Error Detection Assess behavioural deficiency identification
Coaching Reliability Validate recommendation quality

Skill Prediction Evaluate performance forecasting

Model Comparison Compare learning algorithms

Operational Assessment Assess deployment suitability

As shown in Table 23, the validation programme assessed both technical performance and operational applicability.

7.1 Experimental Environment

Experimental evaluation was conducted using a fully instrumented indoor marksmanship simulator comprising weapon-
tracking sensors, laser-based hit-detection systems, high-speed cameras, and training-management software. The
experimental arrangement is illustrated in Fig. 22, while the hardware configuration is summarised in Table 24.

Citation: Imam, A. S., Rabiu, Y., Wubila, M. U,, Musa, A., & Baballe, M. A. (2026). Machine Learning-Based Shooter Performance Page 120
Assessment and Intelligent Coaching in Indoor Marksmanship Training Simulators. In ICON Journal of Engineering applications of
artificial intelligence (Vol. 2, Number 6, pp. 98-137). https://doi.org/10.5281/zenodo.20668114



| Shooter Position l

v

| Weapon Tracking Sensors |

v

| Laser-Based Simulator |

v

| Target Projection Screen |

v

I High-Speed Camera Array |

v

| AI Workstation |

v

/ = Instructor Control Station

Fig. 22: Experimental Setup at the NDA Indoor Marksmanship Simulation Centre.

Table 24: Experimental Hardware Configuration

Component Specification
High-Speed Cameras 240 fps CMOS
Processor Intel Core 19

GPU NVIDIA RTX 4070
RAM 64 GB

Storage 2 TB SSD

Weapon Tracking Laser-Based
Trigger Sensors Hall-Effect

Display System Full-HD Projection

The configuration shown in Table 24 provided sufficient computational resources for real-time behavioural analysis and
machine-learning inference.

7.2 Participants and Dataset Generation
A total of 180 participants comprising military personnel, cadets and trainees with varying levels of marksmanship

experience were recruited. Participant characteristics are summarised in Table 25.

Table 25: Participant Characteristics

Component Specification
Total Participants 180

Novice 48

Basic 42
Intermediate 38

Advanced 30

Expert 22

Average Age 28.6 Years
Male 156

Female 24

Behavioural data were collected over a six-month period. During each training session, the system continuously recorded
aiming behaviour, trigger events, weapon motion, shot outcomes, and engagement timing information. The resulting
dataset characteristics are presented in Table 26.

Table 26: Dataset Characteristics

Parameter Value
Participants 180
Training Sessions 5,200

Total Shots 260,000
Behavioural Features 32

Video Frames 18.6 Million
Skill Classes 5

Data Collection Period 6 Months
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To minimise overfitting and ensure model generalisation, the dataset was partitioned as shown in Table 27.

Table 27: Dataset Partitioning
Dataset Percentage
Training 70%
Validation 15%
Testing 15%

The dataset characteristics presented in Tables 25-27 provided sufficient diversity and statistical power for robust model
development and evaluation.

7.3 Model Training Procedure

All machine-learning models were trained using identical datasets to ensure fair comparison. Hyperparameter optimisation
employed grid search combined with five-fold cross-validation. The training workflow is illustrated in Fig. 23, while the
selected training parameters are summarised in Table 28.

Hyperparameter
imisati Perfi
Dataset [ Preprocessing —» Normalisation —» Training [ Validation Op.llmlsatlon > Testing SOOI,
(Grid Search + Evaluation
5-Fold CV)

Fig. 23: Machine-Learning Training Workflow

Table 28: Training Hyperparameters

Parameter Value
Optimiser Adam
Learning Rate 0.001
Batch Size 64
Epochs 100

Dropout Rate 0.30
Weight Decay 0.0001
Cross-Validation 5-Fold

The selected hyperparameters provided a balance between model convergence, computational efficiency, and resistance to
overfitting.

7.4 Performance Evaluation Metrics

Classifier performance was evaluated using accuracy, precision, recall, and Fl-score. The evaluation framework is
illustrated in Fig. 24.

Confusion Matri .
= = Performance Metrics

Ground-Truth Predicted TP FP e Accuracy
Labels ’—b Labels —> ' o Bietisten

(Actual Classes) (Predicted Classes) FN TN

e Recall
(TP: True Positive, FP: False Positive,
FN: False Negative, TN: True Negative) * Fl-score
Fig. 24: Classification Evaluation Framework
Classification accuracy was computed as:
TP +TN
Accuracy = (30)

TP+TN+FP+FN
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Precision was defined as:

Precision = e 31
recision = TP + FP 31
Recall was computed as:
Recall = i 32
T TP Y EN (32)

The F1-score was calculated as:

F1=2

Precision X Recall
( ) (33)

Precision + Recall

These metrics provide a balanced assessment of classifier effectiveness under multi-class classification conditions.

7.5 Coaching Evaluation Metrics
Because coaching effectiveness represents a major contribution of this work, additional metrics were introduced. The
principal coaching-performance measures are summarised in Table 29.

Table 29: Coaching Evaluation Metrics

Metric Description

CRI Coaching Reliability Index

IAI Instructor Agreement Index

PIR Performance Improvement Rate
Recommendation Precision Correct recommendation ratio
Recommendation Recall Relevant recommendation detection

Performance Improvement Rate (PIR) was computed as:

Sp—S;
PIR = ~———x 100 (34)

L

where S; and Sy denote the initial and final performance scores, respectively. Instructor Agreement Index (IAI) was
calculated as:

IAI—Na 35
= (35)

-
where N, denotes recommendations accepted by instructors and N, represents recommendations reviewed.

7.6 Statistical Validation

To ensure statistical rigour, results are reported using means, standard deviations, and 95% confidence intervals.
Confidence intervals were computed as:

Cl =%+ 196 (%) (36)

where X is the sample mean, o is the standard deviation, and nis the sample size. Statistical significance was assessed using
paired t-tests with:

p < 0.05 37)

Furthermore, to assess repeatability and robustness, all machine-learning experiments were repeated ten times using
different random initialisations and stratified dataset partitions. The reported results correspond to the mean performance
across these runs, while standard deviations and 95% confidence intervals are provided to quantify experimental variability.
The methodology described in Figs. 21-24 and Tables 23-29 provides a rigorous basis for evaluating classification
performance, coaching effectiveness, skill-prediction capability, and operational suitability. The combination of large-scale
behavioural datasets, controlled experimental conditions, systematic model training, and statistical validation ensures that
the reported results are reliable, reproducible, and operationally meaningful.
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8. Results and Discussion

Experimental validation was conducted using the independent testing dataset described in Section 7 to evaluate skill
classification, machine-learning performance, coaching effectiveness, skill-progression prediction, training improvement,
and operational acceptance. The results demonstrate the effectiveness of integrating computer vision, behavioural analytics,
ensemble machine learning, and adaptive coaching within a unified intelligent marksmanship training framework.

To ensure statistical reliability, all reported performance metrics were obtained from ten independent experimental runs
using different random seeds and stratified train—validation—test partitions. Results are presented as mean values
accompanied by standard deviations and 95% confidence intervals. The relatively small standard deviations and narrow
confidence intervals indicate stable and repeatable model performance across repeated evaluations. This demonstrates that
the reported classification accuracy, coaching reliability, and prediction performance were not obtained from a single
favourable experiment but were consistently achieved under varying training conditions.

8.1 Skill Classification Performance

The primary objective of the proposed framework is accurate classification of shooter proficiency levels. Performance was
evaluated using an independent testing dataset comprising previously unseen behavioural samples. The results are
presented in Table 30.

Table 30: Skill Classification Performance of the Proposed Hybrid Framework

Metric Mean £ SD (%) 95% CI (%)
Accuracy 97.1£0.8 96.6-97.6
Precision 96.5+0.9 95.9-97.1
Recall 96.2+1.0 95.6-96.8
F1-Score 96.3+0.9 95.7-96.9
AUC 98.1+0.6 97.7-98.5

The proposed framework achieved excellent classification performance across all evaluation metrics, indicating reliable
discrimination among the five proficiency levels. The high AUC value further confirms strong class separability. Class-
specific results are summarised in Table 31.

Table 31: Class-Specific Classification Accuracy

Class Accuracy (%)
Novice 97.8
Basic 96.4

Intermediate  95.9
Advanced 96.8
Expert 98.2

The corresponding performance comparison is illustrated in Fig. 25. Classification accuracy remained consistently high
across all classes, with expert shooters achieving the highest accuracy because of their more stable behavioural patterns.
Slightly lower performance was observed for intermediate shooters due to behavioural overlap with neighbouring
proficiency levels.
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Fig. 25: Classification Performance Metrics of the Proposed Framework
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8.2 Comparative Evaluation of Machine-Learning Models
To evaluate the contribution of individual learning models, comparative experiments were conducted using each model
independently. The results are presented in Table 32 and the comparative results are illustrated in Fig. 26.

Table 32: Comparison of Evaluated Machine-Learning Models

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Random Forest 93.7 93.0 92.8 92.9
CNN 94.8 94.1 93.9 94.0
LSTM 95.4 95.0 94.8 94.9
XGBoost 96.2 95.8 95.6 95.7
Transformer 96.8 96.1 95.9 96.0
Proposed Hybrid 97.1 96.5 96.2 96.3

To determine whether the observed performance differences between models were statistically significant, paired t-tests
were conducted using the classification accuracies obtained from five-fold cross-validation. The proposed Hybrid Model
significantly outperformed the best individual model (Transformer) with a mean accuracy improvement of 1.9% (p=0.012).
These results confirm that the performance gain achieved through ensemble fusion was statistically significant at the 95%
confidence level.
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Fig. 26: Comparative Performance of Evaluated Machine-Learning Models.

The proposed hybrid framework achieved the highest classification accuracy, demonstrating the benefit of combining
spatial, temporal and ensemble-learning capabilities. The Ensemble Improvement Factor (EIF) is defined as:

Acc i
EJF = ——_Hybrid (38)
ACCBestSingle
Substituting the measured values:
EIF = — =1.003
96.8 (39)

Although numerically modest, this improvement is significant because it is achieved over an already highly accurate
Transformer baseline.

8.3 Coaching Recommendation Performance

The principal novelty of the proposed framework lies in its ability to generate intelligent coaching recommendations.

Coaching effectiveness was evaluated through expert-instructor validation and trainee performance analysis. The results
are summarised in Table 33 and illustrated in Fig. 27.
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Table 33: Intelligent Coaching Performance

Metric Mean+SD 95% CI
CRI 0.92+0.03 0.90-0.94
IAI 0.91+0.04 0.89-0.93

Recommendation Precision 0.93 +0.03 0.91-0.95
Recommendation Recall 0.90+0.04 0.88-0.92
Recommendation F1-Score  0.915+0.03 0.896-0.934

As shown in Table 33 and Fig. 27, the proposed coaching engine achieved high reliability and strong agreement with expert
instructors. The consistently high precision, recall, and F1-score confirm the effectiveness of the framework in generating
accurate and operationally useful coaching recommendations. Statistical analysis revealed that shooters who received Al-
generated coaching recommendations achieved significantly greater performance improvement than those assessed using
conventional instructor-only feedback (p=0.003). The results indicate that intelligent coaching contributed positively to
shooter development and accelerated skill acquisition.
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Fig. 27: Intelligent Coaching Performance Metrics

The high CRI and IAI values indicate strong agreement between automated recommendations and expert instructor
assessments. The Recommendation Effectiveness Score (RES) is computed as:

CRI + IAI
RES = R — (40)
Substituting the measured values:
0.92 + 0.91
RES = — = 0.915 41)

The resulting value confirms the operational usefulness of the proposed coaching engine.

8.4 Ablation Study of the Hybrid Framework

To quantify the contribution of individual learning components to overall system performance, an ablation study was
conducted. Starting from the baseline CNN model, additional learning modules were progressively incorporated and the
resulting classification accuracy was evaluated. The results are presented in Table 34.
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Table 34: Ablation Analysis of the Proposed Hybrid Framework

Configuration Accuracy (%)
CNN Only 94.8
CNN + LSTM 95.6
CNN + Transformer 96.2
CNN + LSTM + Transformer 96.7
Full Hybrid (CNN + LSTM + Transformer + RF + XGBoost) 97.1

As shown in Table 34, the CNN model alone achieved an accuracy of 94.8%, demonstrating the effectiveness of spatial
behavioural feature extraction. Incorporating the LSTM module increased accuracy to 95.6%, confirming the importance
of temporal behavioural modelling. Replacing the LSTM with the Transformer yielded a higher accuracy of 96.2%,
indicating improved capture of long-range behavioural dependencies. Combining CNN, LSTM, and Transformer modules
further improved performance to 96.7%, highlighting the complementary nature of spatial, temporal, and attention-based
learning. The highest performance was achieved by the full hybrid architecture, which incorporated Random Forest and
XGBoost classifiers within the ensemble fusion framework, producing a final accuracy of 97.1%.

The ablation results demonstrate that each component contributes positively to overall system performance and validate
the effectiveness of the proposed multi-model architecture for shooter-performance assessment and intelligent coaching.

8.5 Skill Progression Prediction

Predictive analytics enables proactive intervention before performance deficiencies become significant. Prediction
performance was evaluated using accuracy, RMSE, MAE, and correlation analysis. The results are summarised in Table
35 and illustrated in Fig. 28.

Table 35: Skill Progression Prediction Results

Metric Value
Prediction Accuracy (%) 93.4
RMSE 0.084
MAE 0.071
Correlation Coefficient ~ 0.94

The prediction accuracy achieved by the proposed framework was significantly higher than baseline Random
Forest prediction models (p=0.018), demonstrating the benefit of incorporating temporal behavioural features
and ensemble learning into skill-progression forecasting.
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Fig. 28: Actual versus Predicted Skill Progression
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The high correlation coefficient indicates strong agreement between predicted and observed skill progression, while the
low RMSE and MAE values demonstrate accurate forecasting capability. The Skill Prediction Reliability Index (SPRI) is
defined as:

SPRI =1 — RMSE (42)

Substituting the measured value:

SPRI =1-0.084 = 0916 (43)
The resulting reliability value confirms strong predictive performance.

8.6 Training Effectiveness Assessment
To evaluate operational effectiveness, trainee performance improvements obtained using the intelligent coaching

framework were compared with those achieved through conventional instructor-led training. The comparison is illustrated
in Fig. 29.
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The results indicate substantially greater improvement among trainees who received Al-assisted coaching. The
Performance Improvement Rate (PIR) is computed as:

pir =220~ 142 100 44
S 142 44
PIR = 73.2% (45)

The substantial improvement demonstrates the benefit of continuous behavioural monitoring, immediate corrective
feedback, personalised coaching, and adaptive training management.

8.7 Operational User Assessment
Operational acceptance was evaluated using questionnaires administered to both trainees and instructors. The results are
summarised in Table 36 and illustrated in Fig. 30.
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Table 36: Operational User Assessment Results

Criterion Mean = SD 95% CI

Ease of Use 45+043 4.44-4.56
Coaching Quality 4.7+0.35 4.65-4.75
Feedback Clarity 4.6 £0.39 4.54-4.66
Training Effectiveness 4.8 +0.31 4.75-4.85
Overall Satisfaction 4.7+ 0.37 4.64-4.76

As shown in Table 36 and Fig. 30, user acceptance was consistently high across all evaluation criteria. Training
effectiveness received the highest rating, followed by coaching quality and overall satisfaction. The narrow confidence
intervals indicate strong agreement among participants regarding the usefulness and effectiveness of the proposed
intelligent coaching system.
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Fig. 30: User Acceptance Assessment.

Overall, the results presented in Tables 30-36 and Figs. 25-30 demonstrate that the proposed framework achieves accurate
skill classification, reliable coaching recommendations, effective performance prediction, significant training
improvements, and strong user acceptance. The results reported in Tables 30—34 represent averages obtained from ten
independent experimental runs using different random seeds and stratified dataset partitions. The small standard deviations
and narrow 95% confidence intervals indicate that the framework produced stable, repeatable, and robust performance
across repeated evaluations. Consequently, the high classification accuracy, coaching reliability, and prediction capability
were not the result of a single favourable experiment but were consistently achieved under varying conditions. Furthermore,
statistical analysis confirmed that the observed improvements were significant rather than attributable to random variation.
Significant differences were observed between the proposed Hybrid Model and the individual machine-learning models (p
< 0.05), as well as between Al-assisted coaching and conventional assessment approaches (p < 0.05). These findings
provide strong evidence of the effectiveness and operational suitability of the proposed intelligent coaching framework for
military marksmanship training.

9. Operational Implications, Robustness and Limitations

The results presented in Section 8 demonstrate that the proposed intelligent coaching framework provides a practical and
scalable approach to simulator-based marksmanship training. Beyond achieving high classification accuracy and reliable
coaching recommendations, the framework offers important operational advantages, including objective performance
assessment, reduced instructor workload, adaptive learning support, and predictive analytics. This section evaluates the
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operational implications, robustness, scalability, and deployment considerations of the proposed framework and discusses
its principal limitations.

9.1 Operational Implications

The proposed framework transforms conventional score-based marksmanship assessment into a behaviour-centred learning
environment by integrating computer vision, behavioural analytics, ML and adaptive coaching within a unified
architecture. Unlike traditional training systems that primarily evaluate target-hit outcomes, the framework continuously
monitors weapon handling, aiming behaviour, trigger control, recoil recovery, and engagement effectiveness.
Consequently, instructors gain access to objective performance indicators that support evidence-based coaching and more
effective training management. The principal operational application areas are illustrated in Fig. 31, while the associated
benefits are summarised in Table 37.

Table 37: Operational Benefits of Intelligent Coaching

Benefit Operational Impact
Objective Assessment Reduced evaluator bias
Continuous Monitoring Enhanced training supervision
Personalised Feedback Faster skill acquisition
Adaptive Training Improved learning efficiency
Predictive Analytics Early intervention capability
Reduced Instructor Workload Improved scalability

Training Standardisation Consistent assessment

The framework enables objective identification of shooter deficiencies and supports personalised coaching, thereby
improving training effectiveness, standardisation, and resource utilisation.

9.2 Training Efficiency and Instructor Workload Reduction
One of the most significant operational advantages of the proposed framework is its ability to reduce instructor workload
through automated assessment and coaching support. The workload assessment results are presented in Table 38.

Table 38: Instructor Workload Assessment

Parameter Conventional Proposed Framework
Average Assessment Time  12.4 min 4.6 min

Trainees per Instructor 10 24

Feedback Generation Manual Automated
Performance Tracking Limited Continuous

Workload Reduction — 33.2%

The results indicate that assessment time was reduced by approximately 63%, enabling instructors to supervise more than
twice the number of trainees compared with conventional approaches. Automated feedback generation and continuous
performance tracking further improve training scalability and consistency. These capabilities are particularly valuable for
military recruit training establishments and large-scale security-force training programmes where instructor availability
may constrain training throughput.

9.3 Robustness Analysis

Robustness evaluation was conducted to assess framework performance under degraded operational conditions, including
feature loss, incomplete behavioural information, and sensor degradation. The classification results obtained under varying
feature-loss conditions are summarised in Table 39.

Table 39: Robustness Under Feature Degradation

Missing Features (%) Accuracy (%) F1-Score (%)
0 97.1 96.3
10 96.4 95.8
20 95.6 95.0
30 94.1 93.7
40 92.8 92.1

Performance degradation occurred gradually rather than catastrophically. Even when 40% of behavioural features were
unavailable, classification accuracy remained above 92%, demonstrating strong resilience to incomplete data. The
Robustness Index (RI) is defined as:

Citation: Imam, A. S., Rabiu, Y., Wubila, M. U,, Musa, A., & Baballe, M. A. (2026). Machine Learning-Based Shooter Performance Page 130
Assessment and Intelligent Coaching in Indoor Marksmanship Training Simulators. In ICON Journal of Engineering applications of
artificial intelligence (Vol. 2, Number 6, pp. 98-137). https://doi.org/10.5281/zenodo.20668114



_ Accdegraded

= (46)
Accbaseline
Using the worst-case degradation scenario:
R =28 _ 9956 47
971 “7)

The resulting value indicates that approximately 95.6% of baseline performance is preserved despite substantial
information loss. This graceful degradation demonstrates the suitability of the framework for deployment under imperfect
sensing conditions.

9.4 Scalability Assessment

Military training systems must support increasing trainee populations while maintaining assessment quality and
responsiveness. Consequently, scalability evaluation was conducted using progressively larger datasets. The results are
presented in Table 40.

Table 40: Scalability Assessment Results

Dataset Size Accuracy (%) Inference Time (ms)
50,000 Samples  96.8 12
100,000 Samples 97.0 15
200,000 Samples 97.1 18
300,000 Samples 97.0 21
500,000 Samples  96.9 26

The results demonstrate that classification performance remains remarkably stable as dataset size increases. Although
inference time rises moderately with data volume, the maximum latency of 26 ms remains suitable for real-time operation.
These findings indicate that the framework can support large-scale training environments involving thousands of trainees
and extensive historical performance records.

9.5 Cost—Benefit Assessment

An important consideration for deployment of intelligent coaching systems is the balance between implementation cost
and operational benefit. Unlike many commercial Al-based training solutions that require proprietary infrastructure, the
proposed framework can be implemented using commercially available sensors, standard computing hardware, and open-
source machine-learning frameworks. The comparative assessment is summarised in Table 41.

Table 41: Cost—Benefit Assessment

Factor Conventional Training Proposed Framework
Instructor Dependence ~ High Moderate

Assessment Automation  Limited Extensive
Performance Analytics  Limited Advanced

Adaptive Coaching No Yes

Scalability Moderate High

Data Retention Limited Comprehensive

As shown in Table 40, the proposed framework offers significant advantages in automation, analytics, adaptive coaching,
and scalability. Although initial infrastructure investment is required, the long-term operational benefits support its
adoption in military and law-enforcement training environments.

9.6 Limitations and Future Research

Despite the promising results achieved, several limitations should be acknowledged. First, validation was conducted at a
single facility, namely the Nigerian Defence Academy Indoor Marksmanship Simulation Centre. Although the dataset was
extensive, multi-centre validation involving additional military and law-enforcement organisations would improve
generalisability. Second, the present study focused exclusively on indoor simulation environments. While simulator-based
training provides controlled conditions and facilitates repeatable experimentation, future investigations should incorporate
live-fire training data to evaluate real-world transferability.

Third, the behavioural indicators utilised in this work were limited to weapon stability, trigger control, aim drift, shot
grouping, reaction time and engagement accuracy. Additional physiological measurements such as eye-tracking, heart-rate
variability, EEG, EMG and galvanic skin response may provide deeper insight into shooter performance and cognitive
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state. Finally, although the framework employs advanced ML techniques, future integration of Explainable Artificial
Intelligence (XAI), Digital Twins, Virtual Reality (VR), Mixed Reality (MR), and Augmented Reality (AR) technologies
may further improve coaching effectiveness and training realism.

The operational assessment presented in Tables 37—41 demonstrates that the proposed framework provides a practical,
scalable, and resilient approach to intelligent marksmanship coaching. High classification accuracy, reliable coaching
recommendations, strong robustness under degraded conditions, reduced instructor workload, and stable large-scale
performance collectively indicate its suitability for deployment in military academies, recruit training establishments, law-
enforcement institutions, and specialised training centres. Overall, the findings suggest that Al-enabled coaching systems
can enhance training effectiveness through objective assessment, personalised feedback, adaptive learning, and predictive
analytics while supporting more efficient utilisation of instructional resources.

10. Conclusion

This paper presented a machine learning-based shooter performance assessment and intelligent coaching framework for
indoor marksmanship training simulators. The framework integrates computer vision, behavioural analytics, ensemble
machine learning, and adaptive coaching to automatically assess shooter behaviour and provide personalised training
recommendations. By combining CNN, LSTM, Transformer, Random Forest, and XGBoost models within a unified
architecture, the framework supports skill classification, performance prediction, and intelligent coaching based on
objective behavioural indicators. Experimental validation conducted at the Nigerian Defence Academy Indoor
Marksmanship Simulation Centre demonstrated high classification accuracy, reliable coaching recommendation
generation, strong predictive capability, and improved training outcomes. The results showed that Al-assisted coaching
enhanced trainee performance while reducing instructor workload, confirming the effectiveness of the Intelligent Coaching
Recommendation Engine as a virtual training assistant. Furthermore, robustness and scalability evaluations demonstrated
that the framework maintained stable performance under degraded sensing conditions and increasing dataset sizes,
indicating suitability for large-scale deployment.

Overall, the findings demonstrate that intelligent coaching systems can enhance marksmanship training through objective
assessment, continuous monitoring, adaptive learning, and personalised feedback. The proposed framework provides a
practical and scalable solution for military academies, training institutions, law-enforcement agencies, and security
organisations seeking to improve training effectiveness and standardisation. Future work will focus on live-fire validation,
multi-centre evaluation, physiological sensing integration, Explainable Artificial Intelligence (XAI), digital twins, and
immersive virtual and augmented reality environments to further enhance coaching effectiveness and training realism.
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