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Energy-Efficient Task Allocation for Smart Traffic
Signal Control in Edge-Cloud Hierarchies
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Abstract—In smart traffic signal control, large-scale urban
road networks increasingly rely on distributed sensing, commu-
nication, and computation resources deployed at intersections,
roadside facilities, and remote cloud platforms. These heteroge-
neous resources must collaboratively process massive numbers
of delay-sensitive and computation-intensive tasks under strin-
gent energy and security requirements. This work investigates
energy-minimized task allocation in a three-tier cloud-edge-device
architecture that includes field traffic signal controllers, roadside
computing units, and a centralized cloud data center. A dual-
mode optimization model is formulated that integrates a general
unconstrained offloading mode with a security-aware offloading
mode, where highly sensitive tasks are forced to remain local.
The objective is to minimize total energy consumption by jointly
modeling computation latency, communication latency, dynamic
processing energy, and transmission energy, while respecting
resource capacity and delay bounds. To efficiently search this
non-convex, constrained solution space, an adaptive constraint-
enhanced metaheuristic algorithm is developed, incorporating
dynamic penalty adjustment, hybrid early termination, adap-
tive population regulation, and pruning strategies for infeasible
solutions. Experimental results on large-scale synthetic traffic
workloads demonstrate that the proposed algorithm achieves
lower energy consumption and faster convergence than several
representative metaheuristic baselines, and can be effectively
applied to resource scheduling in smart traffic control systems.

Key Words—Cloud–edge–device collaboration, dual-mode of-
floading, energy optimization, intelligent traffic control.

I. INTRODUCTION

THE deep integration of information technology with
urban governance has established the Internet of Things

(IoT) as a cornerstone for smart cities [1]. By densely intercon-
necting networks of sensing nodes, intelligent terminals, and
computational resources distributed throughout urban environ-
ments, IoT constructs an intelligent neural network capable of
dynamically sensing, transmitting, and processing information
[2], transforming traditional paradigms towards data-driven
fine-grained governance and real-time response [3].

With explosive growth in sensing devices and evolving
computing paradigms, data processing complexity in smart
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city applications is increasing exponentially [4]. Particularly in
critical domains like traffic guidance, environmental monitor-
ing, and emergency response. Terminal devices face significant
computational pressure when handling massive data volumes.
However, large-scale terminal deployments are constrained
by limited computational resources and unstable energy con-
sumption, hindering efficient execution of complex tasks [5]
and causing substantial energy wastage [6]. Computation
offloading technology [7–9] provides a core solution: By
deploying edge computing infrastructure at key urban nodes
integrated with cloud data centers, computation-intensive tasks
can be intelligently distributed across terminal-edge-cloud
hierarchies [10]. However, offloading involves wide-area data
transmission, introducing non-negligible communication over-
head in delay and bandwidth [11]. The central challenge is
thus dynamically determining optimal offloading locations for
computational tasks based on their characteristics and real-
time system states under resource constraints [12].

Motivated by this, we design a computation offloading
strategy within a three-tier cloud-edge-device architecture to
minimize energy consumption while guaranteeing delay re-
quirements and security constraints [13, 14]. We first construct
an intelligent traffic-light-controlled architecture with multiple
edge nodes and terminals [15]. Next, we formulate an energy
minimization problem incorporating device processing capa-
bilities and transmission overheads [16]. Finally, we propose
an enhanced plant-inspired metaheuristic, referred to as the
IVY algorithm [17], and further extend it into the Adaptive
Constraint Enhanced IVY (ACE-IVY) algorithm, featuring
key innovations: Levy flight-inspired dynamic penalty opti-
mization, adaptive population size scaling for varying task
volumes, a hybrid early stopping mechanism for computational
economy, and an alpha-beta pruning-like strategy for efficiency
[18]. Unlike conventional metaheuristics that employ static
penalties and fixed population sizes, ACE-IVY integrates dy-
namic penalty adjustment and adaptive population regulation
to enhance feasibility handling and search efficiency under
constrained cloud–edge optimization scenarios. Experimental
results demonstrate ACE-IVY’s efficacy in enhancing system
performance within our architecture. The main contributions
of this work are as follows:

• We establish an integrated traffic signal system architec-
ture that supports both general offloading and security-
aware constrained offloading.

• We formulate a constrained optimization model that
jointly considers computation latency, communication
overhead, energy consumption, resource limits, and task-
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level security requirements.
• We develop an adaptive constraint-enhanced IVY al-

gorithm with dynamic penalty adjustment, population
scaling, early stopping, and pruning strategies, achieving
improved convergence and energy efficiency.

Sections are organized as follows: Section II reviews the
related research on cloud–edge task offloading, constrained
metaheuristic optimization, and adaptive constraint-handling
techniques. Section III introduces the intelligent traffic signal
architecture and establishes the latency, energy, and constraint
models that form the basis of the optimization problem. Sec-
tion IV describes the proposed ACE-IVY algorithm in detail,
including its adaptive mechanisms, pruning strategies, and
experimental evaluation under large-scale cloud-edge-terminal
workloads. Section V concludes the paper and outlines po-
tential extensions toward learning-driven offloading strategies
and broader cyber-physical applications.

II. RELATED WORK

This section reviews the related work from two aspects, in-
cluding cloud-edge task offloading with energy-aware schedul-
ing, and constrained optimization methods.

A. Cloud–Edge Task Offloading and Energy-Aware Scheduling

Cloud–edge collaborative computing has become essen-
tial for delay-sensitive and computation-intensive applications
across Internet of Things (IoT), vehicular systems, and indus-
trial automation. As multiple edge nodes and cloud servers
jointly provide computing resources, an efficient scheduling
and offloading strategy must decide how tasks are distributed
across edge devices and cloud datacenters. The goal is to
satisfy heterogeneous Quality of Service (QoS) requirements
while minimizing system overheads such as latency and en-
ergy consumption. Several recent studies have focused on
improving task offloading efficiency under different network,
mobility, and resource conditions.

Zhang et al. [19] conduct a comprehensive survey on com-
putation offloading categorized by task types, demonstrating
that workload heterogeneity substantially affects scheduling
complexity and system performance. However, their study
mainly provides taxonomic insights without offering unified
optimization mechanisms suitable for highly dynamic cloud-
edge environments. Deep reinforcement learning is introduced
to support adaptive task offloading under uncertainties. Chen
et al. [20] propose a multi-agent DRL-based allocation frame-
work that jointly determines offloading and computational
resource decisions, showing significant gains in delay and
QoE. However, the approach relies on centralized training
and accurate environment observability, which limits its de-
ployment in real-world systems with partial information and
resource constraints.

Energy-aware task offloading under mobility and wireless
dynamics has also attracted attention. Li et al. [21] study
energy-efficient computation offloading in vehicular edge
computing with speed-adjustment mechanisms, revealing that
mobility-induced variations greatly complicate energy mini-
mization. However, their mobility modeling remains simplified

and does not represent heterogeneous industrial workloads or
multi-tenant edge environments. In industrial MEC systems,
Chi et al. [22] design ATOM, a two-stage hybrid matching
framework that improves delay performance and load bal-
ancing. However, ATOM primarily focuses on latency and
matching efficiency, offering limited treatment of joint latency-
energy optimization under bursty workloads. Existing work
demonstrates the importance of coordinated resource schedul-
ing across cloud and edge layers. However, many approaches
either rely on learning models with high computational over-
head or simplify system constraints excessively, making it
difficult to balance energy, latency, and feasibility in practical
deployments. These limitations motivate the development of
more flexible constrained optimization frameworks for cloud-
edge task scheduling.

B. Constrained Optimization for Cloud-Edge Systems
Cloud-edge task scheduling often leads to nonconvex, high-

dimensional constrained optimization problems involving la-
tency limits, energy budgets, and resource coupling. Meta-
heuristic optimization methods have therefore been widely
adopted due to their scalability and flexibility. Several stud-
ies analyze constraint-handling mechanisms and propose im-
proved optimization strategies suitable for complex con-
strained environments.

Liang et al. [23] provide a comprehensive survey on evo-
lutionary constrained multiobjective optimization (ECMO),
summarizing mainstream constraint-handling techniques such
as feasibility rules, stochastic ranking, penalty functions, and
multiobjective reformulation. They point out that constraint
handling frequently becomes the dominant bottleneck, and
many techniques depend heavily on manual parameter tuning,
reducing robustness across diverse constraint structures. To
enhance optimization efficiency, Ming et al. [24] propose a
multitasking constrained multiobjective optimization frame-
work that leverages knowledge transfer among related tasks.
However, the method requires carefully designed auxiliary
tasks, which may be difficult to construct in cloud-edge
systems with irregular or partially known constraints.

Li et al. [25] develop a competitive–cooperative evolu-
tionary framework that integrates multiple constraint-handling
operators and adaptively selects effective mechanisms based
on historical performance. Although such ensembles im-
prove robustness, they also introduce significant computa-
tional overhead, making them unsuitable for scenarios with
costly objective evaluations such as full-stack cloud-edge
simulations. Adaptive constraint-handling mechanisms have
also been investigated to dynamically balance feasibility pres-
sure and objective improvement. Ming et al. [26] propose a
decomposition-based constraint-handling technique that adap-
tively tunes reference points and feasibility pressure to enhance
convergence and feasible-solution exploration. Nevertheless,
its tight coupling with decomposition-based MOEAs reduces
applicability to single-objective or mixed-integer cloud-edge
scheduling problems.

Furthermore, Li et al. [27] introduce a task-clone-based
multitasking optimization framework that decomposes com-
plex constrained multiobjective problems into multiple cloned
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tasks to enhance parallel constraint exploration. However,
cloning increases search dimensionality and computational
cost, potentially limiting scalability under strict time and
energy budgets in cloud-edge systems. In summary, existing
metaheuristic and adaptive constraint-handling methods pro-
vide valuable foundations for solving constrained cloud-edge
optimization problems. However, they often suffer from high
computational complexity, limited adaptability, or weak scal-
ability under strong constraints. These observations motivate
the development of the ACE-IVY framework, which integrates
adaptive constraint enhancement and dynamic population man-
agement tailored specifically for energy-aware task offloading.

III. PROBLEM PRESENTATION

To optimize the cost-minimization problem, Fig. 1 illustrates
an intelligent traffic control system with cloud–edge–device
collaboration. This architecture connects Traffic Signal Units
(TSUs) to Roadside Units (RSUs), where each RSU may serve
multiple TSUs. The Cloud Data Center (CDC) coordinates
all RSUs, establishing bidirectional communication between
TSUs, RSUs, and the CDC. The system contains 𝑁 RSUs and
𝑀 TSUs, all with limited computational capacity. The model
supports two distinct task allocation strategies: Unconstrained
Offloading for general tasks, and Security-constrained Offload-
ing for operations requiring enhanced security measures.

In the Unconstrained Offloading mode, the computational
tasks of a single TSU can be allocated in arbitrary proportions.
To represent task offloading to the TSU, RSU, or CDC, three
variables 𝛼𝑖 ,𝛽𝑖 𝑗 ,𝛾𝑖 are introduced, 𝛼𝑖 denotes the proportion
of tasks computed locally on the TSU 𝑖. 𝛽𝑖 𝑗 denotes the
proportion of TSU 𝑖’s tasks offloaded to the RSU 𝑗 for
computation. 𝛾𝑖 denotes the proportion of TSU 𝑖’s tasks
offloaded to the CDC for computation. For any TSU, its total
computational task allocation must satisfy,the sum of local and
offloaded portions cannot exceed one, i.e.,

𝛼𝑖+
∑𝑁

𝑗=1 𝛽𝑖 𝑗+𝛾𝑖⩽1 (1)

In the Security-aware Offloading mode, to ensure the secu-
rity of computational tasks, a safety threshold 𝔰 is introduced.
When the safety requirement coefficient of TSU 𝑖’s task
exceeds this safety threshold 𝔰, then 𝛼𝑖 = 1, meaning the task
must be entirely executed locally on the TSU 𝑖.

A. Latency Model

The latency of this cloud-edge-device collaborative architec-
ture consists of three components related to the TSU, RSU,
and CDC, respectively.

1) Latency of TSUs: Let L𝑖 represent the local execution
latency of computational tasks on the TSU 𝑖. It is given by:

L𝑖=𝛼𝑖

(
𝑇𝑖

𝑉𝑖

)
(2)

where 𝑇𝑖 denotes the required computational workload for
TSU 𝑖’s tasks, for example the number of task operations;
and 𝑉𝑖 denotes the computational speed of its processing unit,
such as tasks completed per unit time by the CPU.
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Fig. 1. Architecture of the cloud-edge-device collaborative
traffic signal control system, illustrating task generation,

communication links, and computation modules.

2) Latency of RSUs: Let E′
𝑖 𝑗

represent the execution time
of tasks offloaded to the RSU 𝑗 , and let 𝜈 𝑗 denote the
computational speed of the processor in the RSU 𝑗 . i.e.,

E′𝑖 𝑗=𝛽𝑖 𝑗
(
𝑇𝑖

𝜈 𝑗

)
(3)

Let E′′
𝑖 𝑗

represent the transmission latency between the TSU
𝑖 and RSU 𝑗 . it is obtained as:

E′′𝑖 𝑗=𝛽𝑖 𝑗

(
𝐷𝑖 𝑗

ˆ𝑆𝑖 𝑗

)
+𝛽𝑖 𝑗

(
𝐷𝑖 𝑗

ˇ𝑆𝑖 𝑗

)
(4)

where the first term corresponds to the downlink transmission
latency from RSU to TSU, and the second term corresponds
to the uplink transmission latency from TSU to RSU. 𝐷𝑖 𝑗 and
𝐷𝑖 𝑗 represents the downlink and uplink data size transmitted
from RSU 𝑗 to TSU 𝑖 and from TSU 𝑖 to RSU 𝑗 . Let ˆ𝑆𝑖 𝑗
and ˇ𝑆𝑖 𝑗 represent the downlink and uplink transmission rates
respectively. The calculation formula for ˆ𝑆𝑖 𝑗 is as follows:

ˆ𝑆𝑖 𝑗= log2

{
1+

ˆ𝑆𝑁𝑅𝑖 𝑗 ( ˆ𝜂𝑖 𝑗 )
𝜇𝑖 𝑗

}
(5)

ˇ𝑆𝑖 𝑗= log2

{
1+

ˇ𝑆𝑁𝑅𝑖 𝑗 ( ˇ𝜂𝑖 𝑗 )
𝜇𝑖 𝑗

}
(6)

where ˆ𝑆𝑁𝑅𝑖 𝑗 represents the uplink channel signal-to-noise
ratio, and ˇ𝑆𝑁𝑅𝑖 𝑗 represents the downlink channel signal-to-
noise ratio. ˆ𝜂𝑖 𝑗 denotes the uplink data loss coefficient, while
ˇ𝜂𝑖 𝑗 denotes the downlink data loss coefficient. 𝜇𝑖 𝑗 indicates the

uplink channel occupancy rate, and 𝜇𝑖 𝑗 indicates the downlink
channel occupancy rate.

The latency related to RSUs is calculated as follows:

E𝑖 𝑗=E′𝑖 𝑗+E′′𝑖 𝑗 (7)

3) Latency of CDC: Let C′
𝑖

represent the execution time of
tasks offloaded to the CDC, and 𝜐 denote the computational
speed of the CDC’s CPU. Then:

C′𝑖=𝛾𝑖
(
𝑇𝑖

𝜐

)
(8)
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Therefore, The total time C𝑖 of processing associated with
CDC can be expressed as: C𝑖 = C′𝑖 +C′′𝑖 , where C′′

𝑖
represents

the transmission latency between the TSU 𝑖 and the CDC.
Finally, the total time 𝐿𝑖 to complete a task on the TSU 𝑖

is the maximum value between the computation time of the
offloaded portion and the local computation time, i.e.,

𝐿𝑖=max
L𝑖 ,

𝑁∑︁
𝑗=1
E𝑖 𝑗 , C𝑖

 (9)

Additionally, 𝐿𝑖 must be less than the task’s time constraint
𝜗𝑖 , i.e., 𝐿𝑖 < 𝜗𝑖

B. Energy Consumption Modeling

1) System-Level Energy Decomposition: The total energy
consumption in a cloud-edge computing system is decomposed
into: 𝐸s=𝐸c+𝐸t, where 𝐸c denotes the dynamic computational
energy from processing units, and 𝐸t represents the energy
consumed in data transmission across networks.

2) Dynamic Computational Energy Model: Dynamic com-
putational energy originates from hardware switching activ-
ities: 𝐸c=𝐶e·𝑉2

d · 𝑓 ·𝑁 ·𝑡, where 𝐶e is the effective switching
capacitance by pF, 𝑉d is the supply voltage by V, 𝑓 is the
processor frequency by Hz, 𝑁 is the number of switching
transistors, and 𝑡 is the computation time by s.

From the perspective of task allocation ratios (𝑥, 𝑦, 𝑧), the
dynamic energy of task 𝑖 is:

𝐸c,𝑖=
∑︁

node∈𝑆𝑢
𝛼n·𝜔𝑖 ·𝑟n,𝑖 (10)

where𝑆𝑢={𝑇𝑆𝑈, 𝑅𝑆𝑈,𝐶𝐷𝐶}, 𝛼n is the energy coefficient for
node type, 𝜔𝑖 is the computational demand of task 𝑖, and 𝑟n,𝑖
is the allocation ratio for node and task 𝑖.

3) Transmission Energy Model: The total transmission
energy is given by: 𝐸t=𝐸tx+𝐸rx, where 𝐸tx is the energy
consumption at the sender, and 𝐸rx is the energy consumption
at the receiver.

The sender energy model is: 𝐸tx= (𝑃0+𝑘 ·𝑑𝜂 ·𝐵) ·𝐵/𝑅, with
𝑃0 as the static power consumption of the transmitter circuit
measured by Watt, 𝑘 as the amplifier coefficient related to
transmitter device characteristics, 𝑑 as the distance between
sender and receiver measured by meter, 𝜂 as the path loss
exponent, 𝐵 as the amount of data transmitted (bit), and 𝑅

as the data transmission rate (bit/second).The receiver energy
model is: 𝐸rx=(𝑃a+𝑃p)·𝐵/𝑅, with 𝑃a and 𝑃p measured by
Watt, as the power consumption of the receiver amplifier and
processing circuit measured by Watt.

C. Integrated Model

1) Objective Function: Minimizing Total Energy: The goal
is to minimize energy via optimal task allocation using the
parameters defined in the latency model:

𝑓 (𝑥)=min

[
𝑁∑︁
𝑖=1

𝐴𝑖+
𝑁∑︁
𝑖=1

𝐵𝑖

]
(11)

where

𝐴𝑖=
©­«𝛼𝑖 ·𝜖TSU+

𝑀∑︁
𝑗=1

𝛽𝑖 𝑗 ·𝜖RSU+𝛾𝑖 ·𝜖CDC
ª®¬ ·𝜔𝑖

𝐵𝑖=
©­«

𝑀∑︁
𝑗=1

𝛽𝑖 𝑗 ·𝜏RSU+𝛾𝑖 ·𝜏CDC
ª®¬ ·𝑆𝑖 ,

and 𝛼𝑖 denotes the proportion of tasks computed locally on
TSU 𝑖, 0≤𝛼𝑖≤1, 𝛽𝑖 𝑗 denotes the proportion of TSU 𝑖’s tasks
offloaded to RSU 𝑗 , 0≤𝛽𝑖 𝑗≤1, and 𝛾𝑖 denotes the proportion of
TSU 𝑖’s tasks offloaded to CDC, 0≤𝛾𝑖≤1. Here, 𝜖TSU/RSU/CDC
denotes the computational energy per unit task for each node
type, 𝜏RSU/CDC is the transmission energy per unit data, and
𝑆𝑖 is the data size of task 𝑖.

2) Optimization Constraints: The optimization problem is
subject to the following constraints: Edge/Cloud nodes have
finite computation resources, expressed as:

𝑁∑︁
𝑖=1

©­«
𝑀∑︁
𝑗=1

𝛽𝑖 𝑗 ·𝜔𝑖
ª®¬≤𝐶RSU,

𝑁∑︁
𝑖=1
(𝛾𝑖 ·𝜔𝑖) ≤𝐶CDC (12)

where 𝐶RSU and 𝐶CDC denote the maximum computational
loads for RSUs and CDCs, respectively. For tasks with high
security requirements [28], if Sec𝑖 exceeds the threshold 𝔰,
then 𝛽𝑖 𝑗=0 and 𝛾𝑖=0.

IV. ADAPTIVE CONSTRAINT ENHANCED IVY
ALGORITHM (ACE-IVY)

ACE-IVY is proposed to solve the optimization problem in
edge computing environments. Four key improvements, adap-
tive constraint handling, early termination, parameter tuning,
and efficient constraint pruning, was promoted to enhance the
performance of the original IVY algorithm.

A. Initialization

The population ®𝐼 and growth rates Δ are initialized as:

𝐼𝑖=𝑙𝑏+(𝑢𝑏−𝑙𝑏)×rand(1, 𝑑) (13)

Δ𝑖=(0.1+0.2×rand(1, 𝑑))×(𝑢𝑏−𝑙𝑏) (14)

where i denotes individual in one iteration, 𝑙𝑏 and 𝑢𝑏 is
lower and upper bounds of each dimension, and 𝑑 denotes
the problem dimension.

B. Optimization Process

For each individual 𝑖 at iteration 𝑘:
1) Penalized fitness evaluation: :

𝑓raw (𝐼)=obj func(𝐼) (15)

violation(𝐼)=
∑︁
𝑘

max(0, 𝑔𝑘 (𝐼)) (positive deviation) (16)

𝑓p (𝐼)= 𝑓raw (𝐼)+𝑝(𝑘)×violation(𝐼) (17)

where 𝑓raw defines the original output of the object function,
𝑔𝑘 is the 𝑘-th constraint function, and 𝑝(𝑡) is the adaptive
penalty coefficient at iteration k. We explicitly formalize the
dynamic penalty adjustment mechanism to balance feasibility
enforcement and objective optimization.
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2) Adaptive penalty coefficient: :

𝑝(𝑡)=𝑝min+(𝑝max−𝑝min)×
(
1− 𝑘

𝐾𝑚𝑎𝑥

)𝛽
(18)

where 𝛽 controls the decay rate (higher values accelerate
penalty reduction), 𝐾𝑚𝑎𝑥 is the maximum iteration count, 𝑝min
is the minimum penalty, and 𝑝max is the maximum penalty.
Initial penalty 𝑝(0) = 𝑝max will converge to 𝑝min by the
increment of k, until 𝑘 = 𝐾𝑚𝑎𝑥 . This formulation enforces
strong constraint pressure in early iterations to rapidly guide
the population toward the feasible region, while gradually
relaxing the penalty to allow fine-grained energy optimization
once feasibility is largely satisfied.

3) Growth rate update with momentum: :

Δ𝑖=0.9×Δ𝑖+(1−0.9)×
(
rand2⊙N(0, I𝑑)

)
(19)

where N(0, I𝑑) denotes D-dimensional standard normal ran-
dom vector, simulating stochastic growth variations, and ⊙
denotes element-wise multiplication. The momentum term
simulates plant growth inertia.

4) Dynamic behavior threshold: :

𝛽𝑡=0.5+0.5×(𝑘/𝐾𝑚𝑎𝑥) (20)

where 𝛽𝑡 is the time-dependent threshold coefficient, increas-
ing from 0.5 to 1.0 during optimization.

𝜃𝑖=𝛽𝑡× 𝑓p (𝐼𝐵) (21)

where 𝜃𝑖 is the adaptive behavior selection threshold for
individual 𝑖, and 𝐼𝐵 is the best solution.

5) Neighbor selection: :

𝐼𝑛=

{
random better individual if available
𝐼𝐵 otherwise

(22)

“Better” defined by penalized fitness 𝑓p, where 𝐼𝐵 is the global
best solution, and 𝐼𝑛 is the relative neighborly individual.

6) Bio-inspired behavior selection: : 𝐼
′
𝑖

is updated as:{
𝐼𝑖+𝛼× (|N (0, I𝑑) |⊙(𝐼𝑛−𝐼𝑖)+N (0, I𝑑)⊙Δ𝑖) 𝑓p (𝐼𝑖)<𝜃𝑖
𝐼𝐵⊙ (rand(1, 𝑑)+𝛽𝑒×N(0, I𝑑)⊙Δ𝑖) otherwise

(23)
where 𝛼=0.1×(1−𝑘/𝐾𝑚𝑎𝑥) is the climbing coefficient that
decreases over time, 𝛽𝑒=0.2×(1+𝑘/𝐾𝑚𝑎𝑥) is the expansion
coefficient that increases over time, and ⊙ denotes element-
wise multiplication. Local search enhancement is adopted with
30% probability:

𝐼
′
𝑖=𝐼𝐵+0.05×(𝑢𝑏−𝑙𝑏)×N (0, I𝑑) (24)

7) Intelligent boundary handling: : 𝐼
′
𝑖

is updated as:

𝑙𝑏𝑑+0.8×(𝑙𝑏𝑑−𝐼
′
𝑖
) 𝐼

′
𝑖
<𝑙𝑏𝑑

𝑢𝑏𝑑−0.8×(𝐼 ′
𝑖
−𝑢𝑏𝑑) 𝐼

′
𝑖
>𝑢𝑏𝑑

𝑙𝑏𝑑+0.02×(𝑢𝑏𝑑−𝑙𝑏𝑑) ∥𝐼 ′
𝑖
−𝑙𝑏𝑑 ∥<0.05(𝑢𝑏𝑑−𝑙𝑏𝑑)

𝑢𝑏𝑑−0.02×(𝑢𝑏𝑑−𝑙𝑏𝑑) ∥𝐼
′
𝑖
−𝑢𝑏𝑑 ∥<0.05(𝑢𝑏𝑑−𝑙𝑏𝑑)

𝐼
′
𝑖

otherwise

(25)

where 𝑙𝑏𝑑 and 𝑢𝑏𝑑 are dimension-specific bounds.

8) Dynamic population management: :

𝛿=mean(std(𝐼, axis=0)) (26)

where 𝛿 is the population diversity metric.

Injection condition: 𝛿<0.1×mean(𝑢𝑏−𝑙𝑏) (27)

𝐼inj=𝐼𝐵+0.1×(𝑢𝑏−𝑙𝑏)×N (0, I𝑑) (28)

where 𝐼inj is the injected individual.

𝑛inj=max
(
1,

⌊
𝑛pop×0.1

⌋ )
(29)

where 𝑛inj is the number of individuals to inject.
Population resizing (applied every 100 iterations):

𝑛pop (𝑡)=𝑛pop (0)×
(
0.7+0.3×

(
1− 𝑘

𝐾𝑚𝑎𝑥

))
(30)

where 𝑛pop (𝑡) is the current population size.

𝑛pop (𝑡)≥𝑛min=20 for 𝑘>0.5𝐾𝑚𝑎𝑥 (31)

where 𝑛min is the minimum population size.
When downsizing, elite individuals are preserved based on
fitness ranking.

9) Hybrid early stopping: (𝑘=100):

Δ 𝑓=
| 𝑓𝑘− 𝑓𝑘−𝑥 |

max( | 𝑓𝑘 |, 10−8)
<10−4 (32)

where Δ 𝑓 is the relative fitness change over 𝑥 iterations.

𝜎𝑑𝑖𝑚=

√√√
1
𝑥

𝑘∑︁
𝑘′=𝑘−𝑥+1

(𝑥𝑑 (𝑘 ′)−𝑥𝑑)2<0.01 ∀𝑑𝑖𝑚 ∈ 𝑑 (33)

where 𝜎𝑑𝑖𝑚 is the parameter fluctuation for dimension 𝑑.

𝑅𝑠=
𝜎({ 𝑓𝑘−𝑥+1, . . . , 𝑓𝑘})
𝜇({ 𝑓𝑘−𝑥+1, . . . , 𝑓𝑘})

<10−6×(1+𝑘/𝐾𝑚𝑎𝑥) (34)

where 𝑅𝑠 is the relative standard deviation of recent best
fitness values. The process will be terminated if any condition
satisfied when 𝑡 > 0.7𝑇 .

10) Pruning strategies: Position update pruning:

𝐼𝑘+1
𝑖 =

{
𝐼
′
𝑖

𝑓p (𝐼
′
𝑖
)< 𝑓p (𝐼 𝑡𝑖 )

𝐼𝑘
𝑖

otherwise
(35)

where 𝐼𝑘
𝑖

denotes the current position of individual 𝑖 at
iteration 𝑘 , 𝐼

′
𝑖

represents the new candidate position generated
by behavior selection, 𝑓p is the penalized fitness function
defined in equation (17), and 𝐼𝑘+1

𝑖
is the accepted position

for the next iteration. This strategy accepts position updates
only when they improve the penalized fitness value. Diversity
injection pruning is performed as:

𝐼𝑘+1
𝐵 =

{
𝐼inj 𝑓p (𝐼inj)< 𝑓p (𝐼𝑘𝐵)
𝐼𝑘
𝐵

otherwise
(36)

where 𝐼𝑘
𝐵

is the current global best solution at iteration 𝑘 , 𝐼inj
represents the injected individual generated through diversity
enhancement as defined in equation (28), and 𝐼𝑘+1

𝐵
is the

updated global best solution. The global best solution is only
updated by this strategy when injected individuals demonstrate
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Algorithm 1 ACE-IVY Optimization Algorithm
Input: 𝑓 , 𝑔𝑘 , 𝑑, 𝑙𝑏, 𝑢𝑏, 𝐾𝑚𝑎𝑥 , 𝑛pop(0) , 𝑛min=20
Output: 𝐼𝐵, 𝑓best

1: Initialize 𝐼𝑖 and Δ𝑖 with (13)-(14)
2: Evaluate 𝑓p with (15)-(17)
3: 𝐼𝐵← 𝑓p, 𝑓best←min 𝑓p
4: for 𝑘=1 to 𝐾𝑚𝑎𝑥 do
5: Update 𝑝(𝑘) with (18)
6: Update Δ𝑖 with (19)
7: for each 𝑖 do
8: Calculate 𝜃𝑖 with (20)-(21)
9: Select 𝐼neighbor with (22)

10: Generate 𝐼
′
𝑖

with 30% probability local search with
(23)-(24)

11: Apply boundary handling with (25)
12: Evaluate 𝑓p (𝐼

′
𝑖
)

13: Apply position update pruning with (35)
14: end for
15: Update 𝐼𝐵 and 𝑓best if improved
16: if 𝑘 mod 100=0 then
17: Resize population with (30)-(31)
18: Compute 𝛿 with (26)
19: if (27) then
20: Inject 𝑛inj with (28)-(29)
21: Update 𝐼𝐵 with (36)
22: end if
23: end if
24: Record 𝑓best history and parameter history
25: if 𝑘>0.7𝐾𝑚𝑎𝑥 and 𝑘 mod 50=0 then
26: if (32) OR (33) OR (34) then
27: break {Early stopping}
28: end if
29: end if
30: end for
31: return 𝐼𝐵, 𝑓best

superior fitness. The complete ACE-IVY process is formalized
in Algorithm 1.

Let 𝐾𝑚𝑎𝑥 denote the maximum number of iterations, 𝑛pop
the population size, 𝑑 the problem dimension, and 𝑔𝑘 the set
of constraint functions as defined in Algorithm 1. At each
iteration 𝑘 , the algorithm performs population-wise operations
including growth update, behavior selection, boundary han-
dling, and pruning, each requiring O(𝑑) arithmetic operations
per individual. In addition, the evaluation of the penalized
fitness function 𝑓𝑝 involves computing the objective function
𝑓 and constraint violations 𝑔𝑘 , resulting in a per-individual
cost of O(𝑑 + |𝑔𝑘 |). Therefore, the dominant computational
cost per iteration is

O
(
𝑛pop · (𝑑 + |𝑔𝑘 |)

)
, (37)

and the overall time complexity of ACE-IVY is given by

O
(
𝐾𝑚𝑎𝑥 · 𝑛pop · (𝑑 + |𝑔𝑘 |)

)
. (38)

The proposed adaptive mechanisms, including dynamic
penalty adjustment, population resizing, diversity injection,

and early stopping, are triggered periodically or conditionally
and involve only lightweight scalar operations or partial pop-
ulation updates. As a result, their computational overhead is
negligible compared with the fitness evaluation step and does
not affect the overall asymptotic complexity. Consequently,
ACE-IVY exhibits the same time complexity order as the
original IVY algorithm.

C. Experimental Evaluation

This section presents the experimental setup and results for
evaluating ACE-IVY. The objective is to establish a repro-
ducible and transparent assessment framework. The evaluation
consists of seven components: (1) datasets and task generation,
(2) implementation details, (3) evaluation metrics, (4) baseline
algorithm comparison, (5) convergence analysis, (6) runtime
analysis, and (7) energy efficiency analysis under cloud-edge
task offloading scenarios.

1) Datasets and Task Generation: Since large-scale real-
world cloud-edge task offloading traces are not publicly avail-
able, synthetic task streams are generated following work-
load patterns inspired by traffic-oriented simulators such as
CityFlow. Task sizes 𝑆𝑖 , computational demand 𝑇𝑖 , and secu-
rity sensitivity 𝑆𝑒𝑐𝑖 are sampled within predefined parameter
ranges. Tasks with 𝑆𝑒𝑐𝑖 exceeding a security threshold remain
executed locally. The complete configuration is released with
the open-source implementation for full reproducibility.

2) Implementation Details: All algorithms are implemented
in Python 3.10 and executed on an Intel Xeon Silver 4314
server-class CPU with 128GB RAM. A unified execution
protocol is adopted: Maximum iteration count: 𝐾𝑚𝑎𝑥 = 1000,
Initial population size: 𝑛𝑝𝑜𝑝 (0) = 80, lower bound 𝑛𝑚𝑖𝑛 = 20,
Dynamic penalty coefficient range: 𝑝𝑚𝑖𝑛 = 0.1, 𝑝𝑚𝑎𝑥 = 20,
Early-stop check interval: 50 iterations. Each experiment is
repeated for 10 runs, and the mean ± standard deviation is
reported.

3) Evaluation Metrics: The following quantitative metrics
are used:

• Energy consumption: 𝐸𝑠 = 𝐸𝑐 + 𝐸𝑡

• Average task latency: 𝐿𝑎𝑣𝑔 = 1
𝑁

∑
𝑖 𝐿𝑖

• Feasible task ratio:

𝑃 𝑓 𝑒𝑎𝑠𝑖𝑏𝑙𝑒 =
#{𝑖 | 𝐿𝑖 < 𝜗𝑖}

𝑁

• Convergence speed: iterations required to enter the 5%
deviation range of the best observed fitness

4) Baseline Comparison: To assess performance improve-
ments, ACE-IVY is compared against four metaheuristic opti-
mization approaches: the Original IVY, DE [29], APOA [30–
32], and GA [33], using the Rastrigin global optimization
benchmark. All experiments are repeated for 10 independent
runs to ensure statistical reliability.

5) Convergence Performance: Fig. 2 illustrates the conver-
gence behavior observed in the experiments. ACE-IVY shows
a steeper initial decrease, consistent with its adaptive penalty
and diversity preservation components, and demonstrates ef-
fective convergence across 10 independent runs.
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Fig. 2. Convergence comparison of different algorithms on
the Rastrigin benchmark. The horizontal axis denotes the

iteration number, and the vertical axis denotes the objective
value. Results are averaged over 10 independent runs.

Fig. 3. Runtime comparison of different algorithms. Bars
represent the mean runtime (seconds) over 10 independent

runs, and error bars indicate the standard deviation.

6) Runtime Efficiency: Fig. 3 presents the runtime compar-
ison across evaluated algorithms (results aggregated over 10
runs). Despite incorporating adaptive mechanisms, ACE-IVY
maintains competitive runtime relative to the original IVY.

7) Energy Efficiency in Cloud-Edge Offloading: To exam-
ine performance under cloud-edge offloading, three task scales
(0.5, 1.0, 2.0) and varying resource configurations with edge
nodes 𝑛 ∈ [1, 20] and local devices 𝑚 ∈ [1, 50] are evaluated.
Fig. 4 presents the resulting 3D energy distribution patterns.

It is worth noting that the experimental evaluation is con-
ducted using synthetic workloads due to the lack of pub-
licly available real-world cloud-edge task offloading traces
for traffic signal control systems with detailed energy and
security annotations. The synthetic tasks are generated follow-
ing workload patterns inspired by traffic-oriented simulators
such as CityFlow, which are commonly calibrated using real
traffic data and widely adopted in intelligent transportation
research. While this setup enables controlled and reproducible
evaluation, validating the proposed framework on real-world
deployments or simulator-based datasets calibrated with real
traffic traces remains an important direction for future work.

(a) Task Scale = 0.5

(b) Task Scale = 1.0

(c) Task Scale = 2.0

Fig. 4. 3D energy consumption of the cloud–edge system
using ACE-IVY under different task scales. The horizontal

axes denote the number of edge nodes and local devices, and
the vertical axis denotes total energy consumption (kWh).

Results are averaged over 10 independent runs.

V. CONCLUSIONS

The rapid evolution of IoT-enabled smart cities has in-
tensified computational demands for real-time traffic con-
trol, where resource-constrained field controllers must process
massive numbers of delay-sensitive tasks under strict energy
and latency requirements. This work constructs a dual-mode
offloading model and formulates a constrained optimization
problem that minimizes total energy consumption while satis-
fying resource capacity, delay bounds, and security constraints.
Building on this formulation, the adaptive constraint-enhanced
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ivy algorithm integrates dynamic penalty coefficients, hybrid
early stopping, adaptive population regulation, and pruning of
inferior or infeasible solutions. Experimental results on large-
scale synthetic traffic workloads demonstrate that the proposed
algorithm consistently achieves lower energy consumption
and competitive runtime compared with several representa-
tive metaheuristic baselines. These findings indicate that the
approach is well suited for practical deployment in smart
traffic signal systems and more general cloud–edge–device en-
vironments. In future work, we intend to couple the proposed
optimization framework with deep reinforcement learning for
adaptive edge selection, and to extend the modeling and
algorithmic ideas to other cyber–physical infrastructures such
as smart manufacturing and intelligent energy management.
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