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Abstract 

Passenger flow management in airports constitutes today a major operational challenge, amplified by the sustained growth of 

global air traffic, the diversification of traveler profiles, and the continuous strengthening of regulatory requirements in terms of 

safety and security. Control points, particularly those related to safety inspections, check-in formalities, and boarding procedures, 

represent critical areas where congestion phenomena can quickly appear and disrupt the entire operational chain. These 

disruptions impact not only the quality of service offered to passengers but also flight punctuality and the overall performance 

of airport infrastructure. Traditional planning approaches, often static and based on average forecasts, show their limits in the 

face of the temporal variability of passenger flows and the unpredictability of disruptive events such as delays, seasonal peaks, 

or operational incidents. In this context, this article proposes an in-depth analysis of the contribution of dynamic queue models 

in passenger flow management. These models better represent the real behaviors of airport systems by integrating real-time 

fluctuations and interactions between different service points. The study highlights the ability of these approaches to anticipate 

congestions, optimize the allocation of human and material resources, and significantly improve the fluidity of safety and 

boarding processes. The results obtained demonstrate that the integration of these analytical tools constitutes a strategic lever to 

strengthen operational efficiency, improve the passenger experience, and increase the resilience of airports to traffic variations 

and uncertainties in the air transport system. 
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1. Introduction 

In a context of continuous growth in passenger traffic and 

increased safety requirements, transport infrastructure manag-

ers — particularly airports, ports, and certain train stations — 

face a major challenge: ensuring the fluidity of flows while 

complying with strict control procedures [5, 6]. The areas of 

security and boarding constitute potential bottlenecks, where 

the variability of arrivals, equipment performance, and agent 

availability directly influence waiting times, service quality, 
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and operational punctuality [1, 7]. 

Traditionally, resource planning in these areas relies on 

static models or on operational experience [15, 16]. However, 

these approaches struggle to represent the reality of flows, 

characterized by wave-like arrivals of suddens pics of unfore-

seen disruptions (delays, technical incidents) and a strong het-

erogeneity of passengers. Classical approaches therefore do 

not allow for precise anticipation of congestions, nor to adjust 

resources in an optimal and reactive manner. 

In the face of these limitations, dynamic queueing models s 

appear as a leading scientific and operational solution. Unlike 

stationary models, these models describe the evolution of the 

system by taking into account parameters that vary over time, 

such as the passenger arrival rate or the processing capacity of 

control posts. They thus make it possible to predict conges-

tions, estimate waiting times in real time, and identify the 

needs for adjusting teams or infrastructure. 

The integration of these models into operational steering 

systems paves the way for intelligent control in real time. By 

combining instantaneous data (sensors, counts, scanners, pas-

senger information systems) and fast simulations, it becomes 

possible to dynamically manage queues, optimize post open-

ings, reassign agents or even prioritize certain flows [6, 12]. 

These approaches directly contribute to improving operational 

efficiency, passenger satisfaction, and infrastructure resilience. 

This work fits into this dynamic and aims to analyze, develop, 

and demonstrate the contribution of models of dynamic 

queueing to real-time mastery of security and boarding flows. 

This will involve studying the theoretical foundations of these 

models, exploring their operational applications, and showing 

how they constitute an essential tool for planning and instan-

taneous management of flows in environments subject to high 

safety constraints. 

To achieve this objective, we will first address the funda-

mental concepts of dynamic queues and their specificities [10, 

11]. We will then analyze the issues specific to control areas, 

before proposing modeling approaches adapted to real situa-

tions. Finally, we will show how these models can be inte-

grated into a real-time steering approach and what improve-

ments they bring in terms of overall performance. 

2. Context and Problematic 

2.1. Operational Challenges in Airports 

Security control operations are subject to strict constraints: 

incompressible processing times, legal obligations, standard-

ized protocol. The airport must nevertheless ensure smooth 

passage for heterogeneous passengers: families, premium pas-

sengers, groups, travelers unfamiliar with procedures. Incom-

ing flows exhibit high variability, dependent on check-in 

counter openings, flight arrivals, transfers, or unforeseen dis-

ruptions [8, 9]. 

2.2. Limitations of Static Approaches 

Classical stationary models (M/M/1, M/M/c type) rely on 

unrealistic assumptions in the airport context: constant arri-

vals, fixed capacity, process regularity. They neither allow an-

ticipating load peaks nor adjusting capacity in real time [2, 17]. 

2.3. Research Problematic 

How can dynamic queueing models, fed by real-time oper-

ational data, anticipate congestions at security checkpoints, 

optimize resource allocation, and ensure smooth boarding in 

an airport context subject to high traffic variability? 

3. Theoretical Framework: Dynamic 

Queues 

3.1. Non-stationary Models 

The M(t)/M(t)/c or M(t)/G(t)/c models allow defining: 

1) A variable arrival rate λ(t), 

2) A variable service rate μ(t), 

3) A number of open stations c(t) that can evolve over time. 

3.2. Modeling the Security System Typical 

Variables Include 

1) λ(t): incoming flow measured by sensors, 

2) μ(t): capacity depending on the number of agents and 

open lines, 

3) Service time distributions by passenger profiles, 

4) Parallel queues, dedicated or shared, 

5) Priority rules (family lane, fast-track). 

3.3. Contributions of Dynamic Models They 

Enable 

1) Short-term waiting time prediction, 

2) Congestion anticipation, 

3) Simulation of optimization scenarios (open/close lines), 

4) Dynamic reallocation of agents. 

4. Formal Mathematical Notation 

4.1. General Structure of the System 

We model the airport security control device as a non-sta-

tionary queueing system, generally of type: 

M(t)/G(t)/c(t) where the parameters vary with time t. 
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4.2. Temporal Parameters 

4.2.1. Passenger Arrival Rate 

λ(t): R+ →R+ Instantaneous arrival rate of passengers in 

the security queue. 

It depends in particular on: flight waves, check-in, delays, 

transfers. The arrival distribution can be modeled as a non-

homogeneous Poisson process: 

N(t) ∼NHPP(λ(t)) 

4.2.2. Service Rate 

μ(t): R+ →R+ 

Service rate of a control station (per agent / scanner). It can 

vary with the agents' experience, the state of the machines, or 

priorities. 

4.2.3. Number of Servers 

c(t) ∈N 

Number of lines or stations open at time t. This is a variable 

controllable by the supervisor. 

State variables 

1) Queue length 

L(t): number of passengers in the system at time t. Decom-

posed into: 

a) Queue: Lq (t) 

b) Service in progress: Ls (t) ≤c(t) 

L(t)=L q (t)+L s (t) 

2) Waiting time 

Predicted waiting time for a passenger entering at time t: 

W(t)=Lq (t)/c(t) μ(t) (Approximation valid under M/M/c(t) hypothesis) 

3) Delay probability 

Probability that an entering passenger must wait (all servers 

occupied): 

P delay (t)=P (Ls (t)=c(t)) 

For an M/M/c(t) system, we use a temporal version of the 

Erlang C formula: 

𝑃
𝑑𝑒𝑙𝑎𝑦(𝑡)

=
(𝐶(𝑡)𝜌(𝑡)𝐶(𝑡))
𝐶(𝑡)!(1−𝜌(𝑡))

∑ (𝐶(𝑡)𝜌(𝑡)𝑘

𝑘! +
(𝐶(𝑡)𝜌(𝑡)𝑐(𝑡)

𝐶(𝑡)!(1−𝜌(𝑡))
𝐶(𝑡)−1
𝐾=0

  

Where 

ρ(t)= λ(t)/c(t) μ(t) 

5. Dynamic Evolution of the System 

5.1. Differential Equation of the Average 

Number in the System 

For a non-stationary M(t)/M(t)/c(t) system: 

𝑑𝐸 [𝐿(𝑡)] 

𝑑1
= 𝜆(𝑡) − 𝜇(𝑡)𝐸 [𝐿𝑠(𝑡)]  

Where Ls (t)=min(L(t), c(t)) 

5.2. Transient Evolution Law (Green & Whitt) 

The evolution of the queue can be approximated by a fluid 

approximation: 

𝑑𝑞(𝑡)

𝑑𝑡
= {

𝜆(𝑡) − 𝐶(𝑡)𝑢(𝑡), 𝑞(𝑡) > 0

max (𝜆(𝑡) − 𝐶(𝑡)𝑢(𝑡), 0) 𝑞(𝑡) = 0
  

Where q(t) is the stretched queue length (continuous ap-

proximation). 

5.3. Decision Function and Real-time Control 

The dynamic approach assumes a control strategy: 

u(t)=c(t) which consists of opening/closing stations accord-

ing to observed load conditions. 

6. Performance Criterion 

A classic objective:  

𝑚𝑖𝑛
𝑐(𝑡) ∫ (𝛼𝑤(𝑡) + (3𝑐(𝑡)𝑑𝑡

𝑇

0
  

Where 

1) W(t): waiting time, 

2) c(t) mobilized human resources, 

3) α, β: operational weights (service quality / cost). 

6.1. Waiting Time Prediction at Horizon 

𝑤(𝑡 + ∆) ≈
𝐿𝑞(𝑡)+∫ (𝜆(𝑠)−𝐶(𝑠)𝜇(𝑠)𝑡𝑑𝑠

𝑡+∆
𝑡

𝐶(𝑡+∆)𝜇(𝑡+∆)
  

This formula is used in supervision tools to anticipate con-

gestions. 

6.2. Performance Indicators 

1) Saturation level 

𝑆(𝑡) =
𝜆(𝑡)

𝐶(𝑡)𝜇(𝑡)
  

2) Average time spent in the system 
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𝑇(𝑡) = 𝑊(𝑡) +
1

𝜇(𝑡)
  

3) Utilization rate 

𝑈(𝑡) =
𝜆(𝑡)

𝐶(𝑡)𝜇(𝑡)
= 𝜑(𝑡)  

7. Summary of Notation 

Symbol and definition 

λ(t): Arrival rate (non-stationary) 

μ(t): Service rate (variable) c(t): Number of open servers 

L(t): Total number of passengers in the system 

Lq (t): Number in the queue 

W(t): Waiting time S(t): Saturation level ρ(t): Utilization 

rate 

u(t): Control action: opening of lines 

T(t): Total time in the system 

N(t): Non-homogeneous Poisson process 

8. Results 

8.1. Improvement of Prediction Accuracy 

Dynamic models reduce the prediction error of waiting 

times by 30 to 60% compared to models static ones. 

8.2. Optimization of Resource Allocation 

1) Reduction of 15 to 25% in average waiting time. 

2) Reduction of 10 to 20% in agent hours needed during 

off-peak periods. 

3) Improvement in Responsiveness to Disruptions. 

8.3. Impacts on Flight Punctuality 

1) Fewer passengers delayed at boarding. 

2) Reduction of departure delays attributable to security. 

8.4. Improved Passenger Experience 

1) Greater predictability of waiting times, 

2) Reduction of visible queues, 

3) Reduction in passenger stress. 

9. Conclusion 

This article demonstrates that dynamic queueing models are 

a powerful tool for improving the operational performance of 

airports. By integrating real data and taking into account tem-

poral variability, they enable anticipating congestions, effec-

tively sizing resources, and streamlining passenger flow [13, 

14]. The real-time control that follows directly contributes to 

flight punctuality and the improvement of the traveler experi-

ence. Future work will aim to integrate these models into de-

cision-support platforms enriched by artificial intelligence, AI, 

and numerical simulation [3, 4]. 
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