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Abstract: This paper proposes an Operational Live Simulation Platform (OLSP) for small fitness centers that integrates occupancy 

sensing, energy monitoring, and booking data into a real-time operational digital twin. The platform combines gradient boosting demand 

forecasting, multi-objective optimization, and model predictive control to improve scheduling, facility utilization, and energy efficiency 

while preserving user privacy through edge processing and aggregated analytics. The proposed framework aims to reduce congestion, 

lower HVAC energy consumption, and enhance trainee satisfaction. A pilot evaluation strategy based on operational, energy, technical, 

and user experience indicators is presented for validation in a small family gym environment. Results are expected to demonstrate 

meaningful improvements in operational performance, energy management, and overall trainee experience. Specifically, the platform is 

projected to reduce peak congestion by 15-20%, lower HVAC energy by 10–15%, and improve trainee Net Promoter Score (NPS) by 0.3 to 

0.5 points. Privacy is preserved through edge processing and aggregated metrics only. 
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1. Introduction 
 

The global fitness industry serves 184 million members 

across 205,000 clubs [1]. Small independent gyms (<1000 

m²) account for 68% of facilities but generate only 32% of 

total revenue due to operational inefficiencies [2]. These 

micro-gyms face the following challenges: 

 
Challenge Impact Typical Metrics 

Peak congestion 

(6–9 PM) 
Trainee churn +25% 120% capacity 

Energy waste 

(HVAC/lights) 
Operating costs +40% 18 kWh/m²/year 

Manual scheduling Class conflicts +15% 72% adherence 

 

Existing solutions focus on large chains (e.g., Planet Fitness 

IoT dashboards) or athlete performance (e.g., Catapult GPS) 

[3]. This neglects small gyms’ challenges, such as privacy 

requirements (women/family zones), coach availability, and 

manual processes. 

 

OLSP Innovation: A privacy-first platform providing: 

• Live simulation dashboard with zone heatmaps (green 

<50%, yellow 50–80%, red >80% occupancy) 

• AI recommendations for class rescheduling (±45 min), 

equipment relocation, and HVAC setpoints 

• Predictive controls pre-cooling high-demand zones, 

lighting setbacks during lulls 

• User experience (UX) optimization balancing wait times, 

travel distances, and noise density 

 

Contributions: 

• Conceptual architecture integrating multimodal gym data 

with edge AI 

• Algorithmic framework (forecasting + optimization + 

MPC) 

• KPI framework and A/B evaluation protocol for small 

gym deployments 

• Privacy framework for sensitive environments (women-

only zones) 

 

2. Background and Related Work 
 

2.1 AI in Sports and Gym Operations 

 

Systematic reviews identify three levels of AI maturity in 

sports: monitoring (wearables), analysis (video/pose 

estimation), and decision-support (personalization and injury 

prediction) [4]. However, gym applications lag behind: 

 
Domain State-of-Art Gap for Small Gyms 

Personalization 
Catapult/Stats Bomb 

(pro teams) 

Cost-prohibitive;  

privacy concerns 

Injury 

Prevention 

ML on IMU data 

 (85% AUC) 

Individual focus;  

ignores facility load 

Facility 

Management 

RFID check-ins 

(Equinox) 

No occupancy-energy 

integration 

 

2.2 Operational Simulation Frameworks 

 

Digital Twin Coaching surveys establish core components 

applicable to gyms: sensor ecosystem → data fusion → 

simulation → feedback loops [5]. Industrial digital twins 

(Siemens MindSphere) optimize factories through real-time 

models, while gyms require adaptation for human flows and 

privacy. 

 

2.3 Smart Building Energy Management 

 

Gym-specific energy studies show that treadmills generate 

0.3 kWh/session, which can be recovered via kinetic energy 

systems [6]. Nonetheless, HVAC remains the dominant 

source of energy consumption, accounting for nearly 65% of 

usage. Additionally, Model Predictive Control (MPC) 

reduces commercial building energy consumption by 12–

18% using occupancy forecasts [7]. However, gym adaptation 

is needed for class schedules. The identified research gap is 
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that no integrated platform simultaneously addresses the 

small gym triad: operations, energy management, and trainee 

experience with adequate privacy guarantees. 

 

3. Problem Statement and Research Questions 
 

Core Problem: Small gyms lack data-driven visibility into 

interactions between occupancy, energy, and booking 

interactions, forcing reactive decision-making. As a result, 

this amplifies issues related to peak congestion, energy waste, 

and poor trainee experience. 

 

Research Questions: 

• RQ1: What edge-secure data architecture fuses minute-

level occupancy, sub-metered energy, and booking 

streams for live simulation? 

• RQ2: Which ML/optimization algorithms minimize 

congestion-energy costs while preserving UX (wait ≤3 

min, density <2/m²)? 

• RQ3: What KPIs and A/B protocols validate OLSP 

improvements in real deployments? 

 

4. System Architecture 
 

Figure 1: OLSP Architecture 

 

Data Layer (20 sensors, $800 total): 

• Occupancy: 12×IR beams ($15ea), 8×pressure mats 

($40ea), BLE beacons ($5ea) 

• Energy: 4×CT clamps ($60ea) on HVAC/lighting circuits 

• Bookings: REST API (Mindbody/ClubReady integration) 

 

Processing Layer (Raspberry Pi 5, $120): 

Features = [zone_util(t), dwell_time(t), class_load(t), 

weather_temp(t), simultaneous_use_ratio(t)] 

Privacy Filter: Only Δcounts, never identities 

 

Live Simulation: HTML5 dashboard (Plotly.js), updates 

every 60s 

 

5. Methods 
 

5.1 Demand Forecasting (RQ1) 

 

Gradient Boosting (XGBoost) outperforms LSTM for gym 

data (sparse weekends, holidays) [8]: 

 

Inputs: Bookings(t-7:0), Occupancy(t-168:0), Weather(t:24), 

Holidays, DayOfWeek 

Output: P(Occupancy(t+1)|X) ∈ [0,1]^Zones 

Validation: 6mo historical data, MAE=2.1 persons/zone 

 

Holiday features boost accuracy by +18% during 

Ramadan/Eid. Note: all performance estimates presented in 

this section are projected values based on the proposed 

framework design and are not experimentally validated 

results. 

 

5.2 Congestion Optimization (RQ2) 

 

Multi-Objective GA (NSGA-II) [9]: 

min: PeakRatio + WaitTime + TravelDist 

s.t.: CoachAvailable, UserPrefs∈{±45min}, Capacity≥85% 

Shifts 2–3 classes/week, relocates 4–6 machines. Projected 

outcome: peak ratio 1.2 → 1.0. 

 

5.3 Energy MPC (RQ2) 

 

Zone MPC (Python-MPC, 5 min horizon) [7]: 

u* = argmin Σ(kWh(t:t+5)) + λ×ComfortPenalty 

s.t.: OccupancyForecast(t:t+5), SetpointLimits 

Pre-cools 30 min before peaks (projected −12% kWh), 

setbacks during lulls (projected −8%). 

 

5.4 UX Intelligence (RQ2) 

 

RL Agent (DQN): Balances crowding perception via proxy 

metrics (density/m², noise dB via mics) [10]. 

 

6. Evaluation Plan 
 

Pilot Site: 450 m² family gym (women 6–10 AM/6–9 PM, 

family 10 AM–6 PM), 6 mo baseline + 6 mo OLSP. 

 

Metric 
Baseline 

Target 
OLSP Target Measurement 

Operations Peak=120% <100% Zone occupancy ratio 

Energy 18 kWh/m² 15.3 kWh/m² Sub-metered usage 

Experience NPS=6.8 NPS≥7.1 
Post-visit surveys 

(n=200/month) 

Technical 95% uptime 98% uptime System logs 

 

A/B Design: 4 wk blocks (Control/OLSP), crossover, t-tests 

(α=0.05, power=0.8). 

 

7. Case Study (Hypothetical Results) 
 

Scenario: Tuesday 6 PM peak, women’s Zumba (18 enrolls) 

+ cardio spillover. Note: the following results are hypothetical 

and illustrative of expected platform behaviour; they are not 

experimentally validated outcomes. 

 

Pre-OLSP: Zone1=105%, Wait=4.2min, HVAC=3.2kW 

OLSP Rec: Shift Zumba→5:15PM, Move 2 

ellipticals→Zone3 

Post: Zone1=92%, Wait=2.1min, HVAC=2.7kW (-16%) 

UX: +0.4 NPS from density comfort 

Weekly: -14% peak ratio, -11% kWh, +18% class adherence 

Figure 2: Before/After Heatmap 

 

8. Ethical & Deployment Considerations 
 

Privacy is enhanced by processing edge-only raw counts with 

all aggregated data compliant with GDPR requirements. 

Trainees may opt out on a per-zone basis. Bias is mitigated 

through gender/day-time stratified validation. Interpretability 

supported through SHAP analysis. Deployment cost includes 

$2,500 for hardware (amortized over 18 months) and 

$99/month for the SaaS platform. This will yield an estimated 

ROI of three times through retention and churn reduction. 

Potential failure modes include sensor drift (weekly 

calibration) and cold-start (2 wk manual logging). 
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9. Limitations & Future Work 
 

Despite its effectiveness, the proposed OLSP system has 

several limitations and areas for development. First, the 

system is limited to a single-site validation. To address this, 

there is a need for multi-gym meta-learning to improve 

generalizability. Future improvements could also include 

wearable device integration to allow personalized load 

balancing. In addition, implementing federated learning 

across gym chains could allow collaborative model 

improvement. Lastly, incorporating biomechanical user 

experience through pose estimation could further enhance 

training. However, there must be careful consideration due to 

associated privacy trade-offs. 

 

10. Conclusion 
 

The proposed Operational Live Simulation Platform 

demonstrates the potential of privacy-preserving AI and 

digital twin technologies to improve operational planning, 

energy efficiency, and trainee experience in small fitness 

centers. By integrating occupancy sensing, forecasting, 

optimization, and predictive control, the framework offers a 

practical approach for addressing congestion and energy 

challenges. The estimated 15% operational efficiency 

improvement, 12% energy savings, and UX gains position the 

innovation as a potential solution to the challenges faced by 

micro-gyms. Future pilot implementations and multi-site 

evaluations are needed to validate the projected benefits and 

assess scalability across diverse gym environments. 
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