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Abstract

Fog computing has emerged as a promising paradigm for meeting the low-latency,
high-bandwidth needs of Smart City applications close to data sources. However, existing
placement strategies often struggle to jointly optimize timely task completion, efficient
resource usage and reduced energy cost. This paper proposes a multi-objective PathFinder
Algorithm (PFA) that balances makespan, Fog resource utilization and end-to-end latency in
a unified framework. Extensive simulations in iFogSim?2 use four baselines, Random, BF-SA,
PEAPM and POAPM, evaluated on makespan, power consumption and task guarantee ratio
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(TGR). The results show that the PFA-based method outperforms the compared approaches
across varying Fog network sizes, improving power conservation and overall performance.
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1. Introduction

The rapid evolution of Internet of Things (IoT) technologies has
driven the emergence of fog computing [1], [2], [22], a paradigm that
brings computation, storage and communication closer to IoI' devices at
the network edge [3]. This proximity reduces latency, conserves bandwidth
and improves processing of the large data volumes generated by smart
cities, healthcare and industrial automation. In real-time environments,
fog computing still faces scalability, latency, resource-constraint and
energy-consumption challenges, together with the Fog Application/
Service Placement Problem (FAPP).

FAPP [5], [6] concerns how application services should be assigned to
available fog nodes so as to improve systems, shorten response times,
control data flow and keep data close to users despite each node’s fixed
resource limits. Efficient deployment requires positioning services so that
the CPU, memory and storage of each fog node are used to the fullest.
Figure 1 shows two applications whose services are placed on four fog
nodes. Fog nodes are physical or virtual devices at the network edge able
to process, store and transmit data; services (ovals) are the tasks that make
up an application; and arrows indicate dependencies between services,
which are deployed across nodes according to criteria such as latency,
node capacity and network traffic.
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Figure 1

Service distribution across fog nodes for optimal application performance [7]
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1.1 Meta-heuristics for FAPP

Optimization algorithms [8] find the best solution from a set of
feasible ones with respect to a criterion. Meta-heuristics [9] are optimization
algorithms designed for problems too hard to solve exactly in reasonable
time; they escape local optima and explore the search space broadly.
Common examples are Genetic Algorithms (GA) [10], Simulated
Annealing (SA) [11], Ant Colony Optimization (ACO) [12] and Particle
Swarm Optimization (PSO) [13]. For FAPP [5], meta-heuristics can find the
best nodes for services while meeting several goals at once: low latency,
high throughput and fair distribution of tasks. This study develops a new
optimization approach for application placement in fog environments
with the following objectives: (i) to study the placement problem and
outline a meta-heuristic model that uses multiple optimization criteria; (ii)
to design a meta-heuristic algorithm tailored to the multi-objective nature
of the problem; and (iii) to validate the algorithm empirically against
existing methods using several performance metrics.

2. Literature Review

Modern fog computing demands multi-objective optimization
(MOO) to manage tasks and distribute resources across distributed
systems, balancing opposing goals such as faster response, lower power
demand and better resource use. Improved versions of Grey Wolf
Optimization (GWO) [15] and PSO [16] address such problems, and
nature-inspired algorithms handle multiple targets in unstable, changing
digital environments [17]. Hybrid methods are also explored: combining
GA and PSO gives good results for fog task scheduling in big-data projects
[18], supported by GA-based service placement [10] and by genetic
placement that exploits complex network features [20]. Alwabel and Swain
[21] place application modules on fog and cloud platforms to meet service
deadlines while reducing power use. Fog computing is poised to change
how data-driven applications are deployed at the network edge, yet
comprehensive solutions to its implementation challenges are still needed;
multi-objective optimization with newer meta-heuristics is a promising
direction for FAPP.

3. Proposed Work

The PathFinder Algorithm (PFA) uses three objectives, makespan, fog
utilization and latency, because together they capture the core performance
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trade-offs in fog environments. Makespan ensures the whole workload
finishes in the shortest time; fog utilization measures how well distributed
resources are used, minimizing idle capacity and improving cost-
effectiveness; and latency reflects the real-time responsiveness of edge
and IoT services.

3.1 PathFinder Algorithm

PFA iteratively refines a population of candidate solutions, each a
mapping of application modules to fog devices, with the aims of (i)
minimizing makespan, (ii) maximizing fog device utilization and (iii)
minimizing end-to-end latency. A population of random or heuristic
assignments is initialized, and each solution is evaluated by the makespan
across all modules, the total or average device utilization, and the
communication plus processing latency. In each iteration PFA ranks the
solutions, identifies one or more best (often non-dominated) solutions,
and partially moves every other solution toward them.

Algorithm: Multi-objective PFA for the application placement problem

Input: population size N, maximum iterations T_max, coefficients «, 3, 7y
(o and 7y balance exploitation and exploration).
Output: X_best and F(X_best).

1. Initialize X(0) = {X1(0), ..., X_N(0)}, where each X_i(0) randomly
assigns every module m_j € M to a device d_k € D.

2. Evaluate each X_i(0): F(X_i(0)) = (f1, f2, f3) (makespan, utilization,
latency).

3. Combine f1, f2, f3 into a single fitness(X_i); set t = 0.

4. While t < T_max: (a) rank X(t) by the multi-objective criteria; (b) let
X_best(t) be the best solution; (c) update every solution, X_i(t+1) =
PathFinderUpdate(X_i(t), X_best(t), o, B, 7v), using Eq. (1), where R(t)
is the random exploration operator; (d) t =t + 1.

5. End while; obtain the final solution, Eq. (2), and return X_best and
F(X_best).

Xt + 1) = X_i(t) + a - [X_best(t) — X_i(t)] + v - R(t) (1)

X_best = arg min [fitness(X)] 2)
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3.2 Experimental Setup

PFA was implemented in iFogSim2, a toolkit for modeling and
simulating fog and edge environments [18]. The number of fog nodes
ranged from 20 to 60, reflecting small to moderately sized fog infrastructures
[14], [18], and each simulation ran for 100-250 s of simulated time,
capturing transient and steady-state behavior [18] (Table 1). IoI-to-fog
latency was set to 10-15 ms and fog-to-cloud latency to 140-160 ms to
mimic geographical distance and network delay [3], [4], [6]. Service
modules had to complete within 350-750 ms, so the placement algorithm
had to balance data location against available computing power [6], [19],
[21]. IoT devices produced application traffic at one tuple every 3-7 s,
keeping the system active and forcing placement and migration decisions
[18].

Table 1
System parameters used for the simulation

Parameter Value
Simulation environment iFogSim2
Number of fog nodes 20-60
Simulation duration 100-250 s
IoT device to fog node latency 10-15 ms
Fog node to cloud latency 140-160 ms
Application service delivery deadline 350-750 ms
Application data receiving interval 3-7s
R
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Architecture of the proposed simulation
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In the setup of Figure 2, application components (sensors, monitors
and displays) are placed to optimize latency and bandwidth usage. Sensors
send data to nearby WiFi gateways for initial processing; depending on
the latency requirement, data is processed at the gateway or pushed to the
cloud for heavier computation. Monitors and displays use the processed
data. Distributing processing across network levels improves
responsiveness and energy efficiency, and reducing the distance data
travels for initial processing lowers the likelihood of bottlenecks.

4. Results and Discussion

Five placement strategies, Random, BF-SA, PEAPM, POAPM and the
proposed PFA, were benchmarked on three metrics: makespan, power
consumption and task guarantee ratio (TGR), for 20-60 fog nodes.

4.1 Makespan

Figure 3 shows that increasing the number of fog nodes from 20 to 60
lowers the makespan for all methods, since more nodes provide additional
distributed computing resources [6], [14], [17]. Performance gaps remain
between the methods, and the proposed approach consistently yields the
lowest makespan, showing more effective use of fog resources.

4.2 Power Consumption

Power consumption falls for all methods as nodes increase from 20 to
60, reflecting more balanced utilization and lower per-node load [7], [14],
[17], [21]. As Figure 4 shows, the proposed algorithm consumes less
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Makespan versus number of fog nodes.
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energy than Random and BF-SA and also saves more than PEAPM and
POAPM by reducing device overhead during module placement.
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Power (kW) versus number of fog nodes.

4.3 Task Guarantee Ratio (TGR)

Adding fog nodes raises the TGR of all models, meaning more tasks
finish before their deadlines. As shown in Figure 5, the proposed approach
keeps schedule performance strongest regardless of the number of nodes.
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Figure 5

Task guarantee ratio (TGR %) versus number of fog nodes.

5. Conclusion and Future Scope

This work presented a multi-objective PFA for task placement in fog
computing for smart city applications. By jointly optimizing makespan,
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fog utilization and latency, the approach outperforms four baselines,
Random, BF-SA, PEAPM and POAPM, in makespan, power consumption
and TGR in iFogSim?2 simulations, and it uses additional fog nodes more
effectively than competing strategies. The present study assumes stable
network connections throughout data transmission and does not consider
IoT devices leaving the network or changes in data flow. Future work
should adjust placement dynamically to live contextual changes and
address the protection of sensitive data in data-intensive smart city
systems.
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