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Abstract

The article presents the development of a multi-zone temperature control model in an In-
ternet of Things (IoT) environment, designed for the cold chain of pharmaceutical products
transported by sea. The model is based on the Elephant Herding Optimization (EHO)
algorithm, which is used to regulate cooling modes in three independent temperature zones.
The study is designed as a simulation-based proof-of-concept rather than as a full-scale
experimental validation on an industrial refrigerated container. The proposed framework
evaluates whether an EHO-based controller can generate spatially differentiated cooling
decisions under synthetic but controlled disturbance scenarios. The variability of sensor
readings reflects conditions typical of long-distance maritime transport. These include
transitions across different climate zones, changes in solar exposure, and local differences in
thermal load. The simulation results indicate that EHO maintains the temperature within
the target range required for pharmaceutical cargo, i.e., 0-8 °C. The algorithm responds
effectively to local disturbances and to asymmetry between zones. The proposed model
provides a basis for further research on autonomous monitoring and control methods in
IoT-based cold chain systems; however, validation using measurements from real refriger-
ated containers, physical heat-transfer modelling, refrigeration-unit response delays, and
IoT communication disturbances remains necessary before operational deployment.

Keywords: cold chain; Internet of Things (IoT); temperature control; multi-zone control
model; pharmaceutical transport; maritime logistics; nature-inspired metaheuristics;
Elephant Herding Optimization (EHO); real-time monitoring systems; simulation modelling

1. Introduction

Maintaining stable environmental parameters in the cold chain is a condition for
preserving the quality integrity of sensitive cargo. This includes both finished medicinal
products and active pharmaceutical ingredients (APIs) transported between seaports, tem-
porarily stored in terminal infrastructure, and handled during transshipment operations.
The complexity of modern, multi-node logistics networks means that temperature, humid-
ity, and exposure time must be monitored continuously at the levels of transport, storage,
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and port handling. This gives the analysed problem a clear systemic and technological
dimension within global goods flows [1].

With the increasing complexity of global transport networks, especially in maritime
logistics, the need for continuous supervision of environmental parameters becomes not
only a technically demanding task but also an important managerial problem. The simul-
taneous observation, analysis, and interpretation of data generated by IoT infrastructure
reveal the scale of challenges associated with temperature fluctuations between zones, their
operational causes, and their consequences for the integrity of sensitive cargo [2].

The Internet of Things architecture used in monitoring and control systems is charac-
terised by a high degree of distribution and by functional diversity across its individual
layers. These layers include sensor networks, data processing methods, and the use of
cloud-based technologies and resources. Such solutions operate in environments where
network load, the dynamics of information flows, and environmental conditions change
continuously over time [3]. For this reason, maintaining measurement stability and con-
tinuity of data transmission becomes one of the main design challenges, especially in
applications that require supervision of parameters directly related to product quality.

In the cold chain of pharmaceutical products, the role of IoT solutions extends beyond
the mere recording of temperature. Sensors placed in different parts of the cargo space
reveal the heterogeneity of thermal conditions. This heterogeneity results from differences
in insulation, thermal load, and exposure to external factors characteristic of maritime
transport. As a result, maintaining stable environmental parameters is no longer only a
matter of controlling a single measurement point. It becomes a regulation problem in a
multi-zone system, in which each zone responds differently to the same ambient conditions.
This complexity means that traditional control methods, based on simple thresholds or
deterministic relationships, have a limited ability to adapt to dynamic temperature changes
observed in operational practice. For this reason, the literature increasingly proposes
approaches based on nature-inspired algorithms. Such methods are capable of operating
under incomplete information, local disturbances, and variable data streams derived from
the analysis of the surrounding environment [4].

Metaheuristics of this type not only represent relationships between multiple compo-
nents of a system but also enable control decisions to be adjusted in real time on the basis
of changing measurement data. In the pharmaceutical cold chain, where the acceptable
temperature range is narrow and deviations have a direct impact on cargo quality, the need
for such solutions is particularly evident. However, despite the growing number of studies
on IoT in logistics, there remains a clear research gap in the area of multi-zone temperature
control that simultaneously accounts for the operational characteristics of maritime trans-
port. Existing studies only to a limited extent address the problem of spatially differentiated
thermal conditions in refrigerated containers, where each zone may require a separate
regulatory response. This gap concerns both the algorithmic layer, related to the selection
and adaptation of the control mechanism, and the operational layer, related to the practical
interpretation of sensor data in a dynamic transport environment. Filling this gap requires
an approach that combines simulation modelling with adaptive decision-making methods.
In response to this need, this article proposes a multi-zone temperature control model
based on IoT infrastructure and the Elephant Herding Optimization algorithm. The model
enables dynamic regulation of environmental parameters in the cold chain of pharmaceuti-
cal products. The importance of such solutions becomes particularly visible in the context
of developing smart port concepts, where the integration of intelligent sensors, wireless
networks, and analytical systems provides a basis for advanced container monitoring and
improved safety of transport conditions [5].
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Recent maritime-logistics studies also show that data-driven and optimization-based
approaches are increasingly used to support complex port and shipping operations. Yu et al.
proposed a method combining graph theory and time-series analysis for fine-grained traffic-
flow prediction in port areas, demonstrating the relevance of spatio-temporal modelling for
maritime decision support [6]. In another study, Yu et al. developed an optimization-based
framework for global LNG shipping-network management aimed at reducing emissions,
showing the importance of optimization methods in large-scale maritime transport sys-
tems [7]. Although these studies address different operational problems, they confirm
the growing role of analytical and optimization-based methods in maritime logistics. The
present work extends this general direction to the more specific problem of adaptive
temperature control in the pharmaceutical cold chain.

The main contributions of this study are as follows. First, the article formulates a
simulation-based multi-zone control problem for pharmaceutical cold-chain transport in
a maritime logistics context, where thermal conditions differ between container zones.
Second, it adapts the Elephant Herding Optimization algorithm to a discrete control space
consisting of three cooling modes: Low, Medium, and High. Third, it introduces control
maps as an interpretive tool for analysing not only temperature trajectories but also the
spatial and temporal structure of cooling-mode decisions. Fourth, it provides a quantitative
self-made simulation framework for assessing temperature-limit violations, cooling-mode
switching, and the distribution of control actions across zones. These contributions should
be interpreted as a proof-of-concept for adaptive IoT-based cold-chain control, not as a
replacement for physical validation on a real refrigerated container.

2. Nature-Inspired Algorithms

The use of computational methods in IoT environments, especially in systems that
require continuous responses to changing operational conditions, leads to the adoption
of approaches capable of functioning under incomplete information, local disturbances,
and dynamic data structures. Over the last two decades, methods inspired by processes
observed in nature have played a particularly important role in this area. These algo-
rithms refer to biological, social, and physical phenomena, treating them as models for
solution search. They are applied wherever deterministic approaches fail because of system
complexity, variability, or the absence of precise analytical relationships [8].

Metaheuristics now form a broad class of optimization methods developed at the
intersection of computer science, applied mathematics, and the natural sciences. They share
the use of processes observed in nature, including population dynamics, collective animal
behaviour, and physical phenomena, as heuristic models for searching complex decision
spaces [9-12]. Nature-inspired algorithms are therefore suited to large, heterogeneous, and
dynamic solution spaces, where conventional optimization techniques face computational
limitations [13-17].

In the metaheuristic approach, the aim is not to reproduce biological phenomena
literally, but to use their structural properties, especially adaptation mechanisms, to build
procedures for the iterative improvement of solutions in complex decision spaces. These
algorithms combine randomness, diversification, and gradual intensification of the search.
This enables them to address problems that lack clear analytical models. For this reason,
metaheuristics have become widely used in tasks requiring the exploration of multidi-
mensional and dynamic decision spaces. Their interdisciplinary design also supports
adaptation to a broad range of applications, from robotics and data analysis to logistics and
cyber—physical systems [18-26].

Contemporary metaheuristics are among the main computational approaches used in
systems operating under variable and partly uncertain environmental conditions. Their
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design allows exploration and adaptive exploitation of decision spaces to be balanced,
supporting both global and local search. This property is particularly relevant in IoT
environments, where data arrive as streams and control parameters must be updated
continuously. In logistics, especially in the cold chain, metaheuristics provide a framework
for formulating control decisions when complete physical models are unavailable or when
existing models do not allow precise analysis of multi-zone systems. Population-based
algorithms are especially relevant in this context, as they can represent the dynamics of
distributed systems and adapt the behaviour of individual solutions to local disturbances
and changing operating conditions. One such algorithm is Elephant Herding Optimization,
whose properties make it a justified candidate for controlling environmental parameters in
IoT infrastructure [27,28].

Optimization and Control Methods in Cold-Chain Temperature Regulation

Temperature regulation in cold-chain systems can be approached using several classes
of methods. The simplest group includes threshold-based controllers, in which the cooling
mode is changed when the measured temperature exceeds predefined limits. Such methods
are easy to implement and computationally inexpensive, but they may generate frequent
switching and do not explicitly account for spatial heterogeneity inside a container. PID
controllers are widely used in industrial regulation tasks and can provide smooth control
when a reliable dynamic model or well-tuned feedback loop is available. However, tuning
becomes more difficult when the object is spatially heterogeneous and when each zone
responds differently to external disturbances.

Model predictive control (MPC) is a more advanced approach because it can opti-
mize future control actions under constraints. In the context of refrigerated containers,
MPC would require a sufficiently accurate thermal model, including heat transfer, airflow,
cargo load, actuator dynamics, and response delays. This is a strong advantage when
such a model is available, but it also increases modelling effort and computational re-
quirements. Population-based metaheuristics, including genetic algorithms (GA), particle
swarm optimization (PSO), ant colony optimization (ACO), and EHO, provide an alterna-
tive when the decision space is discrete, nonlinear, or only partly described by analytical
relationships [29-34].

In this study, EHO was selected because it combines local exploitation within clans
with global exploration through the migration mechanism. This structure is suitable for
a multi-zone control problem in which individual zones may require different corrective
actions. The purpose of using EHO is not to claim general superiority over PID, MPC,
PSO, GA, or ACO, but to test whether its population-based search mechanism can produce
spatially differentiated cooling decisions in a discrete IoT-based simulation environment. A
systematic comparison (Table 1) with these methods is therefore identified as a necessary
direction for further work.

Table 1. Qualitative comparison of selected control and optimization methods for cold-chain temper-
ature regulation.

Method

Main Advantage Main Limitation in the Present Problem

Threshold-based control

May cause frequent switching and does not

imple, £ impl T ; .
Simple, fast, easy to implement optimize multi-zone decisions

Smooth feedback control for Requires careful tuning and is less direct for
PID . . .

well-tuned systems discrete multi-zone decisions
MPC Handles constraints and prediction =~ Requires a reliable physical model and

horizon higher computational effort
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Table 1. Cont.
Method Main Advantage Main Limitation in the Present Problem
GA Flexible search in discrete spaces May require many evaluations and
parameter tuning
PSO Efficient population-based search .Orlgme.ally continuous; discrete adaptation
is required
ACO Useful for combinatorial decisions Less direct for continuous thermal-state
feedback
Combines clan-based exploitation Requires discretization, parameter setting,
EHO Lo . 1
and migration-based exploration and benchmark validation

3. Application of the Modified Elephant Herding Algorithm in an IoT
Environment for the Cold Chain

3.1. Fundamentals of the Elephant Herding Optimization (EHO) Algorithm

The Elephant Herding Optimization (EHO) algorithm, proposed by Wang, Deb, and
Coelho, belongs to the group of population-based optimization methods inspired by the
social structures of elephants [21]. In natural conditions, elephant herds form stable
matriarchal clans, in which movement dynamics are guided by an experienced female.
Individuals within a clan tend to gather around the leader, whereas adult males leave the
herd and move independently, exploring new areas of the environment. This concept was
translated into two coexisting computational mechanisms: local search performed within
clans and global exploration carried out by males.

In the simulation configuration used in this study, the EHO population consisted
of three clans, with five individuals in each clan. Thus, the total population size was
15 candidate solutions. Each individual encoded three decision variables corresponding
to the cooling modes in the three container zones. The maximum number of internal
optimization iterations at each decision step was set to 50. The movement coefficient was
implemented as a bounded random perturbation in the interval [—0.1, 0.1] for each decision
dimension. The stopping criterion was therefore the completion of the predefined number
of iterations. These values were selected to keep the computational burden low while
maintaining a sufficient number of candidate solutions for a three-dimensional discrete
control problem.

In the classical version of EHO, the population is divided into K clans. In each clan, a
leader is identified as the best individual. The position of each elephant within the clan is
updated by moving it towards the local optimum represented by the matriarch:

X =X 4o (XE, - XE) (1)

where X!, denotes the position of the matriarch, Xf denotes the position of an individual,
and « is a coefficient defining the intensity of movement towards the leader. This mecha-
nism is responsible for exploitation, understood as the refinement of promising regions of
the solution space. It is complemented by the male migration rule, which generates new
points in the space of feasible solutions according to the following model:

X;'H_l = Xipin +7 % (Xmax* Xmin) (2)

where 7 is a random variable, while X,,;,, and X, define the boundaries of the search
space. This mechanism performs an exploratory function, enabling the algorithm to move
beyond local extrema.
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The operation of the classical EHO can be presented in the following simplified scheme:
Pseudocode—classical version of EHO

1.  Initialization of the population and division into clans.
Evaluation of the quality of all individuals.
3. For each clan:

— Identification of the matriarch;
- Update of the positions of females and young males;
- Migration of adult males.

4. Elitist preservation of the best solution.
5. Continuation of iterations until the stopping condition is met.

The EHO mechanism combines intensification and exploration, which enables it to
search decision spaces with a large number of dimensions and a discontinuous structure. In
this study, the classical version of the algorithm serves as the starting point for developing
a variant adapted to multi-zone temperature control in an IoT environment.

3.2. Multi-Zone Temperature Control Model in IoT Infrastructure

The study used synthetic temperature data generated on the basis of a model assuming
nonlinear and asynchronous temperature changes in each zone. These data reflect typical
operating conditions encountered during maritime transport, including transitions across
different climate zones, the impact of solar radiation, and differences in insulation between
zones. The synthetic sequences include both slow upward or downward temperature
trends and sudden low-amplitude jumps. These represent random disturbances observed
in real IoT systems. The use of synthetic data made it possible to fully control the range
and character of environmental disturbances. It also enabled the algorithm to be evaluated
across a broad spectrum of scenarios, without limitations resulting from the availability of
measurement data.

The model developed in this study reflects the conditions inside a refrigerated con-
tainer used in the cold chain of pharmaceutical products. The cargo space was divided into
three independent temperature zones. Each zone responds differently to environmental
changes resulting from differences in insulation, local heat sources, solar radiation, and
external conditions typical of maritime transport. A network of virtual IoT sensors was
placed in each zone. These sensors continuously transmit temperature data, which provide
the basis for control decisions.

The three-zone structure was defined as an abstract spatial partition of the container
cargo space. Zone 0 represents the front part of the container, located closer to the re-
frigeration unit. Zone 1 represents the central cargo area, and Zone 2 represents the
door-side area, which is typically more exposed to thermal disturbances caused by weaker
insulation and door operations. This partition is a simplified representation used for simu-
lation purposes; it does not reproduce the full airflow structure of a specific commercial
refrigerated container.

The spatial layout of the three zones and the sensor distribution are illustrated in
Scheme 1 below. Four virtual temperature sensors were assigned to each zone (50-53
in Zone 0, S4-57 in Zone 1, and S8-511 in Zone 2), giving twelve sensors in total. The
zone-level temperature used by the controller was calculated as the arithmetic mean of the
readings from the four sensors in each zone, as defined in Equation (X).
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Scheme 1. Schematic representation of the three-zone temperature-control model and virtual sensor
layout used in the simulation.

Zone 0 is located closest to the refrigeration unit (front), Zone 1 represents the central
cargo area, and Zone 2 is located on the door side. Four virtual temperature sensors
(S0-53, 54-57, S8-511) are assigned to each zone. The dashed arrow indicates the assumed
direction of cold airflow. The spatial partition is a simplified simulation construct and does
not represent the airflow geometry of a specific commercial refrigerated container.

Twelve virtual temperature sensors were assigned to the container, with four sensors
per zone. The zone-level temperature used by the controller was calculated as the arithmetic
mean of the readings from sensors assigned to a given zone:

Ti(t) = lzje&. Tii(t), i=1,2,3 3)

i
where Tj;(t) is the reading of sensor j assigned to zone i, S; is the set of sensors in zone
i, and n; = |S;| is the number of sensors in that zone. In the present simulation, n; = 4
for each zone. This aggregation method was selected because the aim of the study was to
analyse zone-level control decisions rather than local sensor-level heat-transfer phenomena.

In the adopted approach, the cooling system is assumed to offer a set of discrete
operating modes corresponding to different levels of heat exchange intensity. These modes
can be changed independently for each zone, allowing flexible control under conditions
of spatial temperature asymmetry. Sensor readings are updated at time steps At, which
represent successive decision points of the algorithm. At each step, the system must
determine the cooling intensity for each zone in order to maintain the temperature within
the 0-8 °C range, while avoiding an excessive number of abrupt changes in operating mode.

Temperature variability in the model results from two main categories of factors:
environmental influences and local disturbances. Changes in ambient temperature, as-
sociated with the container passing through different climate zones, affect the cooling
system through the container’s insulating shell. This leads to gradual heating or cooling of
individual zones. The dynamics of these processes are nonlinear and difficult to represent
unambiguously in a classical analytical model. These phenomena are consistent with the
behaviour of real monitoring systems and reflect the operational limitations faced by cold
chain operators in maritime logistics.

The resulting multi-zone control architecture requires an approach capable of operating
under variable, partly uncertain conditions and under delayed thermal responses. This
provides a natural justification for the use of metaheuristics, including the proposed variant
of the EHO algorithm.

Synthetic Temperature-Data Generation Model

The simulation used synthetic temperature sequences in order to test the control
algorithm under reproducible and controllable disturbance conditions. The generated data
were not calibrated using measurements from a specific refrigerated container. Instead, they
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were designed to reproduce general qualitative features of maritime cold-chain transport:
gradual thermal drift, asynchronous zone behaviour, and occasional local disturbances.

For each zone, the temperature state was updated at discrete time steps according to
the following simplified model:

Ti(t + At) = clipyg g (Ti(t) + di(t) — c(xi(t)) + €i(t) + qi(t)) 4)

here T;(t) is the temperature in zone (i), (d;(t)) represents slow environmental drift, c(x;(t))
is the cooling effect associated with the selected cooling mode, ¢;(t) is a random low-
amplitude disturbance, and g;(t) is an occasional impulse disturbance. The operator
clip 0,8] (+) tricts simulated values to the admissible pharmaceutical cold-chain range used
in this study.

The stochastic component was implemented as follows:

gi(t) ~ U(-0.5,0.5) )
and, with probability p; = 0.05, an additional impulse disturbance was generated:
qi(t) ~ U(-15,1.5) (6)
The cooling mode was represented by three discrete levels:

cr, x; =0 Low,
c(xj) =4 cm, x;=1 Medium, ¢ < cpy < ¢y (7)
cy, xj =2 High,

In the simplified implementation used for the reported simulation, the control logic
selected High mode when the zone temperature exceeded 6 °C, Medium mode when the
temperature was between 3 °C and 6 °C, and Low mode otherwise. This threshold mapping
was used as the operational discretization layer for generating interpretable cooling-mode
sequences. The EHO mechanism was used to search candidate control settings and to
represent local adaptive decision-making in the three-zone space. This simplification is
now explicitly stated because the model does not yet include a full physical heat-transfer
equation or actuator-delay dynamics.

3.3. Solution Representation and Structure of the Search Space

In the proposed control model, each individual in the EHO population represents a set
of regulatory decisions concerning the cooling intensity in the three container zones. This
division reflects the actual thermal structure of refrigerated containers, where a persistent
temperature gradient can be observed. The lowest values usually occur in the front section,
located near the refrigeration unit. The middle zone is characterised by the greatest
stability, whereas the largest temperature deviations are recorded near the doors, which
constitute the weakest insulation point. Including this heterogeneity in the model structure
allows operating conditions to be represented more accurately and enables a more precise
assessment of the control algorithm. The representation was adopted in the form of a
discrete vector:

x = [x1,x2, x3] 8)

where each component describes the cooling mode in the corresponding zone. The set of
admissible values is defined as follows:

x €{0,1,2}, i=1,23. 9)
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where 0 = Low, 1 = Medium, 2 = High.

This structure enables the direct representation of the system’s spatial heterogeneity.
It also ensures consistency with real control mechanisms used in refrigerated containers
during maritime transport, temporary terminal storage, and transshipment operations.

3.4. Objective Function for Temperature Control in a Cold Chain Container

The objective of the control process is to maintain the temperature in each container
zone within the required range of 0-8 °C, while limiting an excessive number of cooling
mode switches. The objective function must therefore account for both deviation from the
target temperature and the stability of regulatory actions. This is justified by the specific
requirements of pharmaceutical transport. Excessively frequent changes in cooling intensity
may lead to system instability, increased energy consumption, and greater exposure to
thermal risk.

At each decision step, the controller receives the vector of current zone temperatures:

T(t) = [Tu(t), Ta(t), T(1)] (10)

For each candidate control vector, the algorithm estimates a one-step-ahead tempera-
ture response:
Ti(t + At | (1)) = Ti(t) +di(t) — yx; + (1) (11)

where di(t) denotes the estimated local thermal drift, yx; denotes the cooling effect assigned
to the selected mode x;, and €;(t) represents the expected local disturbance term. The
cooling effect satisfies vy < y; < 7v», corresponding to Low, Medium, and High cooling
intensity, respectively. This one-step response model allows different candidate control
vectors to produce different predicted temperatures and therefore prevents the objective
function from degenerating into a switching-only criterion.

The corresponding vector of control decisions is defined as:

x(t) = [x1(t), x2(t), x3(t)], xi(t) €0,1,2 (12)

The value of the objective function was then defined as the sum of a predicted
temperature-limit violation component and a switching penalty:

F(x(t)) = wE(t+ At | x(t)) + waS(t) (13)

The predicted temperature component is calculated as:

E(t+At|x(t)) = ):le [max (0, T;(t + At | x;(t)) — 8) + max(0, —T;(t + At | x;(t)))] (14)

Thus, a candidate solution is penalized only if its predicted next-step temperature
violates the admissible interval. This formulation explicitly links the decision vector (x(t))
with the expected thermal state at f + At.

(1) Temperature component

The temperature deviation from the admissible range is formalized as:
3
E(t) =Y ., (max(0, T;(t) — 8) + max(0, —T;(t))) (15)

where T;(t) denotes the temperature in zone i at time ¢. The component E(t) takes a positive
value only when the temperature exceeds the admissible range of 0-8 °C. Values within this
interval are not penalized, which allows the algorithm to focus on actual thermal deviations
rather than on natural fluctuations inside the acceptable range.
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(2) Stabilizing component

The second part of the objective function limits the abruptness of changes in cooling modes:

St = YO Jxi(t) — xi(t — AB)]. (16)

In the reported simulation, the weights were set to prioritize temperature safety over
switching minimization. The temperature violation term therefore acts as the primary
criterion, whereas the switching term is used to avoid unnecessary abrupt changes in
cooling mode.

The values of w; and w; should be treated as simulation parameters. In the baseline
scenario, wy > wy was assumed so that maintaining the admissible temperature range had
priority over reducing switching frequency.

The value of S(t) increases when the cooling mode changes in a given zone. Since
the modes are encoded as ordered discrete levels, the component penalizes not only the
occurrence of a switch, but also its magnitude. A transition from Low to Medium is
therefore less penalized than a direct transition from Low to High. In practice, this supports
the stabilization of control actions and reduces abrupt changes in cooling intensity, which
is consistent with the behaviour expected in real refrigeration systems. Excessive switching
may reduce operational stability and lead to temperature oscillations.

3.5. Formal Description of the EHO Modification

In the proposed model, EHO is used as a mechanism for selecting discrete control
decisions (x(t)) for the three zones on the basis of current sensor data. The modification
consists of three elements: (i) adapting the search space to a discrete form, (ii) evaluating
candidate decisions using a one-step temperature-response model, and (iii) incorporating
a switching penalty to reduce abrupt changes in cooling modes. In practice, after the
positions of individuals are updated according to the clan mechanism, the continuous
solutions are projected onto the space of admissible decisions:

xi(t) = Ilfg1,0) (xi (1)), (17)

where ;i(t) denotes the value generated by the EHO update rules, and Il 1, is the
projection operator that maps this value to the nearest admissible discrete level. Then, the
value of F(x(t)) is calculated for each individual, and the best solution in the population
determines the vector of control decisions for the given time iteration.

The modified EHO procedure used for the multi-zone control problem can be summa-
rized as follows.

Pseudocode—modified EHO for multi-zone temperature control

1.  Define simulation parameters: number of zones, number of sensors, time horizon,
time step, temperature range, cooling modes, population size, number of clans, and
maximum number of iterations.

Initialize the temperature state of each zone and assign sensors to zones.

For each time step t:

Aggregate sensor readings into zone-level temperatures T;(t).

O N

Initialize the EHO population, where each individual represents a candidate vector
x(t) = [x1(), 22 (t), x3(1)).

Divide the population into clans.

For each EHO iteration:

Identify the best individual in each clan.

O N

Update non-best individuals using the clan-update mechanism.
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10. Apply the migration mechanism to selected individuals.

11.  Project continuous candidate values onto the discrete set 0, 1, 2.

12.  Evaluate each candidate using F(x(f)).

13.  Preserve the best candidate solution.

14.  Select the best vector x*(t) as the cooling-mode decision for the current time step.

15.  Update the simulated temperature state and store temperature values, cooling modes,
and performance indicators.

16. Continue until the full simulation horizon is completed.

3.6. Configuration of the Simulation Experiment and Organization of Input Data

The simulation experiment was designed to ensure comparability between successive
simulation runs and consistency in the structure of input data. Each run covered a time
horizon of 336 h, representing multi-day maritime transport, with a time step of At = 0.5 h.
This corresponded to 672 decision iterations, during which both temperature readings and
cooling mode decisions were recorded.

The baseline simulation used 672 time steps, corresponding to 336 h with a 0.5 h
sampling interval. The EHO configuration consisted of 3 clans, 5 individuals per clan, and
50 internal iterations per decision step. The total number of virtual sensors was 12, with
four sensors assigned to each zone. Cooling modes were encoded as 0 = Low, 1 = Medium,
and 2 = High. The reported example dataset contains the time stamp, zone temperatures,
selected cooling modes, sensor energy values, and sensor transmission frequencies for each
time step.

Because the present study is simulation-based, random disturbances affect the exact
temperature trajectories and switching sequences. For this reason, the results should be
interpreted in terms of aggregate behaviour and control patterns rather than as deterministic
predictions of a specific physical container. In the revised version, the selected simulation
cases are treated as illustrative examples, while the summary indicators are used to support
the conclusions quantitatively.

The model included three independent temperature zones, reflecting spatially differ-
entiated thermal conditions within the container cargo space. A network of virtual IoT
sensors was distributed across the zones, comprising twelve temperature sensors in total.
At each time step, sensor data were aggregated and used to evaluate the objective function
and update the control decisions generated by EHO.

The cooling system was represented as a set of discrete operating modes corresponding
to different levels of heat exchange intensity. Three control levels were adopted: Low,
Medium, and High. Each mode could be activated independently in each zone, which
allowed the model to capture local system responses to temperature variability and to
analyse the temporal dynamics of switching between cooling levels.

To assess the stability of the algorithm and its sensitivity to the stochastic character
of the population, multiple independent simulation runs were performed using the same
experimental configuration. Each run used the same input data structure, number of
sensors, time horizon, and definition of cooling modes. This made it possible to compare
temperature dynamics and control strategies directly across successive simulation runs.

4. Research Results and Simulation Analysis

The simulation experiments included a series of independent runs of the EHO algo-
rithm in a three-zone environment representing the conditions of temperature-sensitive
cargo transport. Each run covered a horizon of 336 h, with a time step of At = 0.5 h,
corresponding to 672 decision iterations. The same model structure was maintained in all
simulations: three independent temperature zones, twelve virtual IoT sensors in total, and
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three discrete operating modes of the cooling system: Low, Medium, and High. The results
were analysed at two levels. The first concerned temperature trajectories in individual
container zones, which made it possible to assess the dynamics of thermal changes over
time. The second concerned control maps, which present the sequences of control decisions
made by EHO. Combining these two types of data made it possible to assess not only
whether the temperature remained within the admissible range, but also how the algorithm
selected cooling intensity in response to local changes in conditions.

To reduce reliance on graphical interpretation alone, the revised analysis uses the
following quantitative indicators: mean temperature, standard deviation, minimum and
maximum temperature, percentage of time within the admissible range, number of cooling-
mode switches, share of Low/Medium/High operation, and total temperature violation
magnitude. The total violation magnitude is defined as:

V=Y.,Y [max(0,T;(t) — 8) +max(0, ~T;(t))] (18)

A lower value of V indicates better compliance with the pharmaceutical temperature
range. The number of mode switches is used as a proxy indicator of control stability, while
mode shares indicate whether stabilization was achieved through continuous high-intensity
cooling or through local corrective decisions.

4.1. Temperature Dynamics and Control Decisions

The analysis of time series indicates clear differences in temperature dynamics between
the zones. In most simulations, changes did not occur simultaneously in all parts of the
container. This confirms the asynchronous character of the system and the local response
of EHO to temperature deviations. The algorithm did not introduce a single common
correction for the entire cargo space. Instead, it differentiated control decisions according
to the conditions observed in each zone.

The zones exhibited different behavioural patterns. In some runs, zone 0 showed
a larger amplitude of variation, with transitions between extreme values. Zone 1 more
often exhibited phases of gradual temperature increase or decrease, indicating smoother
control dynamics. In selected simulations, zone 2 showed more stable trajectories, although
short-term instability episodes also occurred and required rapid correction of the cooling
mode. These differences support the adoption of a multi-zone system, as each part of the
container may require a different regulatory response.

The control maps show that switching between the Low, Medium, and High modes
was also local in character. In most cases, no sustained, simultaneous transition of all zones
to the highest cooling level was observed. The High mode appeared rather as a corrective
response in selected zones and in specific parts of the time horizon. This means that EHO
did not treat the container as a homogeneous thermal space, but selected cooling intensity
according to the local temperature trajectory.

4.2. Comparison of Trajectories Across Simulations

The comparison of successive simulations shows that the general operating pattern of
the system was repeatable, while local temperature trajectories and cooling mode sequences
differed between runs. Although the experimental configuration remained identical, indi-
vidual simulations varied in the timing of Medium and High mode activation, the duration
of stabilization periods, and the intensity of corrective actions. This variability results
from the stochastic nature of EHO and from the algorithm’s local response to changing
sensor data.

The most stable trajectories occurred when temperature changes were distributed
relatively evenly over time and cooling mode transitions took the form of short corrective
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interventions. By contrast, longer periods of operation in Low mode could be followed
by a temperature increase, requiring a transition to Medium or High mode. This did
not, however, indicate a global change in the control strategy. In most cases, increased
cooling intensity concerned only selected zones, which confirms the distributed character
of decisions made by EHO.

The results indicate that the proposed model makes it possible to analyze not only
temperature values, but also the structure of control decisions. This is important because,
in JoT-based systems, maintaining temperature within the required range does not by itself
explain how the control process operates. Only the combined analysis of temperature
trajectories and control maps makes it possible to determine whether stabilization results
from a uniform increase in cooling intensity or from locally differentiated system responses.

5. Simulation Runs

This section presents selected simulation runs that illustrate the behaviour of the pro-
posed multi-zone temperature control model. Each case includes descriptive temperature
statistics, the structure of cooling modes, temperature trajectories, and the corresponding
control map. The purpose of this section is to show how EHO adjusts cooling decisions in
response to local thermal conditions in individual container zones.

The detailed simulation runs presented below should be treated as representative
examples illustrating different operating conditions and control responses observed in the
proposed EHO-based multi-zone system.

The descriptive temperature statistics indicate differentiated dynamics across the
zones. The highest variability was recorded in Zone 1, where the standard deviation
reached o = 2.38 °C. Zone 2 showed a relatively lower standard deviation, o = 1.57 °C,
which suggests a more stable thermal trajectory in this simulation run.

The structure of cooling mode shares indicates the dominance of Low mode in Zone 0
and increased Medium mode activity in Zone 2. The number of switches suggests the local
character of EHO control decisions.

The trajectories shown in Figure 1 confirm the asynchronous character of temperature
changes between the zones. Temperature responses are time-shifted, which indicates that
EHO adjusts cooling intensity locally rather than through a single global correction. The
highest variability is observed in Zone 1, while Zone 2 shows a more stable trajectory with
shorter episodes of abrupt change. Zone 0 exhibits periodic transitions between extreme
values, which is consistent with the dominance of Low mode and less frequent control
interventions presented in Tables 2 and 3. Overall, the results indicate distributed control,
in which each zone is regulated independently according to its local thermal conditions.

Temperature Changes Over Time

Temperature (°C)
&

Zone 0
— Zone 1
04 —— Zone 2

0 50 100 150 200 250 300 350
Time (Hours)

Figure 1. Temperature changes in the three container zones in simulation run 1.
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Table 2. Descriptive temperature statistics for simulation run 1 (time horizon: 336 h; Delta t = 0.5 h;

N = 672).
Zone Mean [°C] Std. Dev. [°C] Min [°C] Max [°C]
Zone 0 2.21 2.07 0.00 8.00
Zone 1 4.29 2.38 0.00 8.00
Zone 2 411 1.57 0.00 8.00

Table 3. Structure of cooling modes and number of mode switches in simulation run 1 (N = 672).

Zone Low (Time Medium High (Time Number of Mode
Share) (Time Share) Share) Switches

Zone 0 74.0% 17.3% 8.8% 20

Zone 1 36.0% 31.0% 33.0% 40

Zone 2 23.8% 65.0% 11.2% 72

The control map shows changes in the operating modes of the cooling system across
the three container zones over the full 336-h simulation horizon. The colours correspond to
three levels of cooling intensity: Low, Medium, and High. This visualization makes it pos-
sible to assess not only the share of individual modes, but also their temporal distribution
and the switching pattern between control levels. In Zone 0, Low mode clearly dominates,
which is consistent with Table 3, where its share reaches 74.0%. Short episodes of transition
to Medium and High indicate that EHO does not maintain a constant cooling intensity, but
applies local corrective responses. Zone 1 shows a more balanced distribution of the three
modes, which corresponds to the higher temperature variability reported in Table 2. In this
zone, longer periods of Low mode are accompanied by frequent transitions to Medium
and High, indicating more active regulation under variable local conditions. The highest
switching dynamics are observed in Zone 2, where the number of mode changes reaches
72. The dominance of Medium mode, supported by periodic transitions to High, suggests
more intensive but still locally adjusted regulation. The absence of simultaneous switching
across all zones confirms the distributed character of control. The system does not follow a
single global command for the entire container, but selects the cooling level separately for
each zone on the basis of its current thermal state. The control map therefore complements
the analysis of temperature trajectories. Figure 1 shows the thermal response of the system,
while Figure 2 Control Map 1 reveals the control decisions that produced the observed
temperature pattern. Taken together, both visualizations show that the proposed EHO
variant performs local and adaptive temperature regulation in a multi-zone environment,
without enforcing full synchronization of the cooling system.

The analysis of the trajectories shown in Figure 3 indicates a clearly asynchronous
pattern of temperature changes across the three container zones in simulation run 2. Zone
0 shows the largest amplitude fluctuations, with periods of rapid temperature increase in
the middle and final phases of the simulation. This suggests more frequent cooling mode
adjustments in response to local environmental disturbances. Zone 1 exhibits smoother
dynamics, with distinct phases of gradual cooling followed by renewed temperature
increase. This may be interpreted as an effect of the adaptive operation of the EHO clan
mechanism. Zone 2, by contrast, shows relatively higher short-term instability, visible
in numerous episodes of rapid temperature drops in the second half of the simulation
horizon. The asynchronous behaviour of the zones confirms the local response of the
algorithm to environmental disturbances and the absence of a globally imposed control

https:/ /doi.org/10.3390/ electronics15122703


https://doi.org/10.3390/electronics15122703

Electronics 2026, 15, 2703 15 of 31

strategy. This distributed mode of operation supports temperature stabilization over the
long simulation horizon.

Cooling Mode Changes Over Time for Each Zone

Cooling Mode
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Figure 2. Control Map 1. Temporal distribution of cooling modes in the three container zones in
simulation run 1.

Temperature Changes Over Time
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Figure 3. Temperature changes in the three container zones in simulation run 2, showing clear
trajectory asynchrony.

The control map presents the sequence of control decisions made by EHO in simulation
run 2. The switching pattern confirms the local character of control, as the zones do not
change operating modes simultaneously. In Zone 0, longer periods of Low mode are
interrupted by Medium segments and shorter High episodes. This indicates pointwise
increases in cooling intensity in response to local temperature rises.

Zone 1 in Figure 4. Control Map 2 shows a more variable control pattern, including
both longer Low-mode periods and sequences of transitions to Medium and High. Numer-
ous short switches are visible especially in the final part of the simulation horizon, which
may indicate greater sensitivity of this zone to local temperature deviations. Zone 2 shows
longer Low-mode segments in the initial and final phases, with clear activation of Medium
mode in the middle part of the run. Periodic transitions to High have a corrective character
and do not lead to sustained dominance of the highest cooling level.
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Cooling Mode Changes Over Time for Each Zone
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Figure 4. Control Map 2. Temporal distribution of cooling modes in the three container zones in
simulation run 2.

The absence of global switching synchronization confirms that EHO does not control
the container as a homogeneous thermal space. Control decisions are made separately for
each zone, according to its local temperature dynamics. The control map complements the
interpretation of Figure 3 by showing that the observed trajectory asynchrony results from
a distributed selection of cooling modes, rather than from random system instability.

The trajectories shown in Figure 5 indicate clearly differentiated temperature dynamics
across the three container zones in simulation run 3. Zone 2 reaches the highest temperature
values in the first half of the time horizon, with prolonged periods in the upper part of
the admissible range. This may indicate limited cooling intensity in the initial phase of
the simulation. In the later part, a gradual temperature decrease is observed, suggesting
adaptive adjustment of the EHO control strategy.

Temperature Changes Over Time

Temperature (°C)
IS

[ 50 100 150 200 250 300 350
Time (Hours)

Figure 5. Temperature changes in simulation run 3, with prolonged operation in the upper tempera-
ture range.

Zone 1 shows relatively low temperature values and a higher number of short-term
fluctuations. Episodes of rapid cooling below average values are followed by a gradual
return to a stable range. This may indicate local operation of the clan mechanism, leading
to more frequent cooling mode corrections in response to sensor data variability.
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The largest amplitude of change in the second half of the simulation is observed in
Zone 0, where a clear upward temperature trend and abrupt transitions between extreme
values occur. The absence of simultaneous synchronization between the zones confirms
the local character of control decisions. EHO does not enforce global changes in cooling
parameters, but adjusts regulation levels individually for each zone. This supports system
stabilization over the long simulation horizon and limits excessive mode switching.

The control map presents the sequence of control decisions made by EHO in simulation
run 3. In Zone 0, Low mode predominates, covering approximately 59% of the simulation
horizon, with a supplementary share of Medium mode and a clear but time-limited use
of High mode. This pattern indicates periodic intensification of cooling, especially in
the final part of the run, where longer segments of higher regulation levels are visible.
Zone 1 shows the most stable control profile. Low mode covers approximately 77% of its
operating time, while Medium mode appears mainly in the middle part of the horizon.
High mode occurs only incidentally. This means that, despite the observed temperature
fluctuations, the algorithm did not require prolonged activation of the highest cooling
intensity in this zone. The control decisions were closer to moderate corrections than
to abrupt interventions. A different pattern is observed in Zone 2, where High mode
dominates, covering approximately 56% of the simulation horizon. Medium mode accounts
for about 36%, while Low mode appears only in shorter segments. This distribution is
consistent with Figure 5, where Zone 2 remained for an extended period in the upper
part of the admissible temperature range. The control map therefore shows that EHO
responded to this situation by increasing cooling intensity, especially in the first and
middle parts of the simulation. The comparison of the three zones confirms the absence
of global synchronization. At the same time, one zone may remain in Low mode while
another requires High mode. This indicates that EHO performs local control adapted to
the differentiated thermal dynamics of individual container areas. Figure 6 Control Map
3 complements Figure 5 by showing that prolonged operation in the upper temperature
range does not lead to a uniform increase in cooling intensity across the whole system, but
to selective regulation of selected zones.

Cooling Mode Changes Over Time for Each Zone
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Figure 6. Control Map 3. Temporal distribution of cooling modes in the three container zones in
simulation run 3.

The trajectories shown in Figure 7 indicate strongly differentiated temperature dy-
namics across the three container zones in simulation run 4. Zone 0 shows clear phases
of maintaining temperature in the upper part of the admissible range during the initial
phase. These are followed by gradual decreases and periods of instability in the final part
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of the time horizon. This may indicate an initially stabilizing control strategy, followed by
increased adaptiveness later in the simulation.

Temperature Changes Over Time
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Figure 7. Temperature changes in simulation run 4, with episodes of abrupt corrections in the middle zone.

Zone 1 exhibits the highest short-term variability, visible in abrupt transitions between
extreme values. This includes episodes of rapid cooling around the middle part of the
simulation. Such behaviour suggests more intensive local adjustments of the cooling mode,
resulting from the response of EHO to dynamic changes in sensor data.

Zone 2 shows a clear upward temperature trend, especially in the second half of the
simulation horizon, where long periods close to the upper boundary of the admissible range
are observed. This may indicate a gradual shift in the control strategy towards increased
cooling intensity in response to accumulating temperature deviations. The absence of
synchronization between zones confirms the decentralized character of control decisions.
EHO does not impose a global change in the cooling system mode, but adjusts regulation
levels locally. This helps limit simultaneous system loads and supports temperature
stabilization over the long time horizon.

The control map shows a clearly differentiated pattern of control decisions made
by EHO across the three container zones in simulation run 4. In Zone 0, High mode
predominates, especially in the initial and middle parts of the simulation horizon. It
can be estimated to cover more than half of the operating time in this zone. Medium
mode appears mainly in the final part of the simulation, while Low mode occurs only
episodically. This distribution indicates a prolonged need for intensive cooling, consistent
with Figure 7, where Zone 0 periodically remained in the upper part of the admissible
temperature range. Zone 1 presents a more balanced but still dynamic control profile. Long
segments of High mode are visible in the initial and middle parts of the run, followed by
transitions to Medium and Low. The middle section is particularly important, as it contains
numerous switches between regulation levels. This pattern corresponds to the episodes of
abrupt correction identified in the temperature analysis and indicates an intensive local
system response to short-term variability in sensor data. In Zone 2, Low mode initially
predominates. Later in the simulation, however, there is a clear shift towards Medium and
High modes. The highest cooling level becomes dominant especially in the final phase
of the time horizon. This can be interpreted as a response to the increasing temperature
trend observed in this zone. The control map therefore shows a change in the regulatory
strategy: from limited intervention in the initial period to intensified cooling in the second
half of the simulation. The comparison of the three zones confirms the distributed character
of system operation. EHO does not impose simultaneous cooling mode changes across
the entire container. Instead, it differentiates decisions according to the local temperature
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trajectory. Figure 8 Control Map 4 complements Figure 7 by showing that the abrupt
correction episodes in the middle zone are not part of a global system response, but result
from local adjustment of the cooling level to the temporary dynamics of that zone.

Cooling Mode Changes Over Time for Each Zone
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Figure 8. Control Map 4. Temporal distribution of cooling modes in the three container zones in
simulation run 4.

The trajectories shown in Figure 9 indicate a clearly asynchronous pattern of tempera-
ture changes across the three container zones in simulation run 5. Zone 1 shows the highest
short-term instability, with numerous episodes of rapid cooling towards values close to
the lower boundary of the admissible temperature range. These episodes are particularly
visible in the middle and final phases of the simulation, suggesting intensive local responses
of EHO to dynamic changes in input data. Zone 0 presents a more wave-like trajectory,
with periods of gradual temperature increase interrupted by shorter stabilization phases.
In the second half of the simulation horizon, the amplitude of changes becomes more
pronounced, which suggests adaptive adjustment of the control strategy in response to
longer-term temperature deviations. Zone 2, in turn, is characterized by alternating phases
of temperature increase and decrease, including prolonged periods in the upper part of
the admissible range and short episodes of rapid drops that may result from temporary
cooling intensification. The absence of simultaneous changes across all zones confirms the
decentralized character of control decisions. EHO applies a local control strategy in which
individual zones respond independently to environmental variability. This supports the
limitation of excessive mode switching and contributes to temperature stabilization over
the long time horizon.

The control map indicates a strongly differentiated distribution of control decisions
across the three container zones. In Zone 0, Low, Medium, and High modes alternate over
time, with the highest concentration of higher cooling levels occurring in the middle part
of the simulation horizon. High mode appears there in longer blocks, suggesting a periodic
need for intensive regulation. In the final part of the simulation, the system returns to Low
mode, which may indicate stabilization of local thermal conditions.

Zone 1 is characterized by high variability in control decisions. High mode initially
predominates, followed by sequences of Medium mode and longer Low-mode segments.
This pattern corresponds to the episodes of rapid cooling described in Figure 9. It confirms
that EHO responded intensively in this zone, but did not maintain the highest cooling level
continuously. The decisions had a corrective character and were adjusted to short-term
temperature fluctuations.
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Temperature Changes Over Time
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Figure 9. Temperature changes in simulation run 5, with intensified short-term fluctuations.

In Zone 2, long periods of High mode are visible, especially in the middle part of the
run, interspersed with Medium and Low segments. This can be interpreted as a response
to temperature remaining in the upper part of the admissible range. At the same time,
short transitions to lower modes indicate that the algorithm did not lead to sustained
overloading of the cooling system, but graded the intensity of regulation according to
current conditions.

The comparison of the three zones confirms the absence of simultaneous control of the
entire container. Each zone shows a different switching rhythm, and periods of High-mode
operation do not permanently overlap across all system areas. Figure 10 Control Map 5
complements Figure 9 by showing that intensified short-term fluctuations do not result
from chaotic system operation, but from locally differentiated EHO decisions adapted to
the changing temperature dynamics in individual zones.

Cooling Mode Changes Over Time for Each Zone
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Figure 10. Control Map 5. Temporal distribution of cooling modes in the three container zones in
simulation run 5.

The trajectories shown in Figure 11 indicate strongly differentiated temperature dy-
namics across the three zones of the cooling system. Zone 0 maintains a relatively high
temperature level for a substantial part of the simulation horizon, with visible stabilization
periods in the upper part of the admissible range. This may indicate a limited number of
intensive control interventions.
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Temperature Changes Over Time
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Figure 11. Temperature changes in simulation run 6, with an elevated temperature level in Zone 0.

Zone 1 shows a more variable trajectory, including both episodes of deep cooling and
phases of gradual temperature increase. This remains consistent with the local control
character attributed to the EHO clan mechanism. The highest short-term instability is
observed in Zone 2, where abrupt transitions between low and high temperature values
occur, especially in the second half of the simulation.

The visible asynchrony between the zone trajectories suggests the absence of global
synchronization and confirms local control decision-making. The differences in amplitude
and fluctuation frequency indicate distributed cooling control, which allows the system to
respond adaptively to changing environmental conditions without enforcing simultaneous
changes across the entire system. This operating pattern may support long-term system
stability by limiting sudden, coordinated loads on the cooling system.

Figure 12 Control Map 6 indicates a clear asymmetry in control decisions between
the zones. In Zone 0, High mode predominates over a substantial part of the simulation
horizon, especially in its middle segment. Medium mode appears mainly in the initial
and final parts of the trajectory, while Low mode occurs only marginally. This pattern is
consistent with Figure 11, where Zone 0 maintained a relatively elevated temperature level
and therefore required more frequent activation of intensive cooling.

Cooling Mode Changes Over Time for Each Zone
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Figure 12. Control Map 6. Temporal distribution of cooling modes in the three container zones in
simulation run 6.
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Zone 1 shows a more differentiated control profile. Alternating segments of Low,
Medium, and High modes are visible, with the highest cooling intensity occurring mainly in
the middle part of the simulation. Longer Low-mode periods indicate, however, that EHO
did not maintain increased regulation continuously, but switched the system according to
local temperature dynamics. This corresponds to a trajectory that included both cooling
episodes and later phases of temperature increase.

In Zone 2, Low mode predominates, particularly in the first and middle parts of the
time horizon. In the final segment, however, a clear activation of High mode is visible,
preceded by periods of Medium-mode operation. This can be interpreted as a response to
increasing short-term instability and abrupt temperature transitions observed in this zone.
The regulation therefore takes the form of a delayed but intensive correction.

Figure 12 Control Map 6 confirms the absence of a uniform operating pattern for
the entire cooling system. While Zone 0 requires intensive cooling, Zone 2 remains in
Low mode for an extended period, and Zone 1 passes through sequences of intermediate
regulation. This means that EHO differentiates control decisions according to the local state
of each zone. Combined with Figure 11, the map shows that an elevated temperature level
in one part of the container does not lead to global cooling intensification, but to selective
adjustment of the operating mode.

The trajectories shown in Figure 13 indicate a clearly asynchronous pattern of tem-
perature changes between the zones of the cooling system. Zone 0 initially shows low
temperature values, followed by a gradual increase and stabilization in the upper part of
the admissible range. This suggests limited regulation intensity in the middle part of the
simulation horizon.
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Figure 13. Temperature changes in simulation run 7 with Zone 0 transitioning from low to high values.

Zone 1 exhibits more complex dynamics, including phases of abrupt cooling and later
periods of temperature increase. This remains consistent with the local decision-making
character of the EHO clan mechanism. Zone 2 shows greater short-term variability, with
visible episodes of rapid transitions between extreme temperature levels, especially in the
initial and final parts of the simulation.

The absence of simultaneous temperature changes across the three zones indicates
distributed cooling control, in which regulatory decisions are made locally without global
synchronization. Differences in the amplitude and frequency of temperature fluctuations
between zones may help limit sudden overloads of the cooling system and support its
stabilization over the long time horizon.

Figure 14 Control Map 7 presents the pattern of EHO control decisions corresponding
to the temperature trajectory in simulation run 7. In Zone 0, a transition is visible from lower

https:/ /doi.org/10.3390/ electronics15122703


https://doi.org/10.3390/electronics15122703

Electronics 2026, 15, 2703

23 of 31

regulation intensity in the initial part of the horizon to a higher share of Medium and High
modes later in the run. This distribution is consistent with Figure 13, where temperature
increases from low values to levels close to the upper boundary of the admissible range.
The algorithm does not respond with a single global correction, but gradually increases
cooling intensity in this zone.

Cooling Mode Changes Over Time for Each Zone

Cooling Mode
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315:00
300:00
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Figure 14. Control Map 7. Temporal distribution of cooling modes in the three container zones in
simulation run 7.

Zone 1 shows a more variable control profile. Switches between Low, Medium, and
High modes occur in several parts of the time horizon, indicating local correction of
temperature instability. This pattern corresponds to the phases of abrupt cooling and later
temperature increase described in the analysis of Figure 13. Regulation is not based on
continuous operation in High mode, but on sequences of corrections adjusted to the current
state of the zone.

Zone 2 shows the highest short-term variability in control decisions. Frequent transi-
tions between regulation levels, especially in the initial and final parts of the simulation,
indicate EHO responses to rapid temperature changes. High mode appears periodically as
a response to local deviations, while the presence of Low and Medium modes shows that
the system does not maintain maximum cooling intensity continuously.

Figure 14 Control Map 7 confirms the distributed character of system operation.
Each zone follows a different switching rhythm, and the temperature change in Zone 0
does not automatically increase cooling intensity across the entire container. Combined
with Figure 13, the map shows that EHO performs local adaptation of operating modes,
reducing the need for global synchronization and enabling selective responses to different
temperature trajectories in individual zones.

The trajectories shown in Figure 15 indicate clear differences in temperature dynamics
across the three zones of the cooling system. Zone 0 initially shows an elevated temperature
level, followed by a period of rapid cooling in the middle part of the simulation horizon
and a later phase of gradual stabilization.

Zone 1 exhibits relatively smooth dynamics, with long periods of temperature remain-
ing in the middle range and occasional transitions to higher values. This is consistent with
the local character of control attributed to the EHO clan mechanism. Zone 2 shows a more
unstable short-term trajectory, with numerous episodes of temperature drops towards the
lower boundary of the admissible range, followed by a gradual increase in the final phase
of the simulation.
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Temperature Changes Over Time
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Figure 15. Temperature changes in simulation run 8, with an episode of intensive cooling in the
middle phase.

The absence of simultaneous temperature changes across the zones indicates the
distributed character of control decisions. The asynchrony of the trajectories and the differ-
entiated amplitude of fluctuations suggest local adaptation of the cooling strategy. This
helps limit sudden coordinated loads on the system and supports temperature stabilization
over the long time horizon.

The control map shows a differentiated pattern of EHO control decisions in simulation
run 8. In Zone 0, long periods of High mode are visible in the initial part of the horizon,
followed by a transition to Low mode in the middle phase. This pattern corresponds well
to the intensive cooling episode described in Figure 15. After a period of high cooling
intensity, regulation is reduced, which may indicate a system response to the attainment of
lower temperature values.

Zone 1 is characterized by the largest share of Medium mode, particularly in the
middle part of the simulation. High mode appears mainly in the final segment of the
horizon, whereas Low mode occurs in shorter periods at the beginning and at selected later
points. This control profile corresponds to the smoother temperature dynamics, in which
EHO does not enforce continuous operation at the highest level, but uses intermediate
regulation as the dominant stabilization strategy.

In Zone 2, Low mode predominates and covers a substantial part of the simulation
horizon, especially in the middle section. At the same time, short transitions to Medium
and High are visible in the initial and final parts of the run. This indicates that, despite
short-term temperature instability, the algorithm applied primarily limited cooling intensity
in this zone, activating higher modes only as corrective actions.

Figure 16 Control Map 8 confirms the distributed character of regulation. While Zone
0 shifts from intensive cooling to Low mode, Zone 1 remains mainly under intermediate
regulation and Zone 2 operates predominantly in Low mode. This comparison shows
that EHO does not respond to the cooling episode by globally switching the entire system,
but differentiates decisions according to local temperature trajectories. Combined with
Figure 15, the map indicates that system stabilization results from selective zone regulation
rather than uniform control of the entire container.

The trajectories shown in Figure 17 indicate a clearly asynchronous pattern of temper-
ature changes across the three zones of the cooling system. Zone 0 initially shows elevated
temperature values, followed by a gradual decrease in the middle part of the simulation
horizon and a renewed increase in the final phase.
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Cooling Mode Changes Over Time for Each Zone
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Figure 16. Control Map 8. Temporal distribution of cooling modes in the three container zones in
simulation run 8.
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Figure 17. Temperature changes in simulation run 9, with a decreasing-then-increasing trend in Zone 0.

Zone 1 is characterized by pronounced dynamics, including periods of deep cooling
interspersed with gradual temperature increases. This remains consistent with the local
control character attributed to the EHO clan mechanism. Zone 2 shows relatively more
stable temperature values in the initial phase, followed by episodes of increased variability,
especially in the second half of the analysed time horizon.

The absence of simultaneous temperature changes across the zones confirms the dis-
tributed character of control decision-making. Differences in fluctuation amplitude and time
shifts between trajectories indicate local adaptation of the cooling strategy. This reduces the
need for global system synchronization and may support long-term operational stability.

The control map presents the pattern of EHO control decisions corresponding to the
temperature trajectory in simulation run 9. In Zone 0, a substantial share of High mode is
visible, especially in the initial and final parts of the time horizon. In the middle segment,
longer periods of Low and Medium modes appear. This distribution corresponds well
to the decreasing-then-increasing trend described in Figure 17: more intensive cooling
in the first phase leads to a temperature decrease, while the later increase in the share
of High mode reflects a response to rising temperature values in the final part of the
simulation. Zone 1 is characterized by a clear transition between regulation phases. Low
mode dominates in the first part of the run, followed by segments of Medium mode, while
the share of High mode increases in the final part. This indicates gradual intensification
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of control in response to changing local conditions. The pattern remains consistent with
the observed periods of cooling and later temperature increase. EHO does not maintain a
constant cooling intensity in this zone, but modifies the operating mode according to the
local temperature trajectory.

In Zone 2, an opposite regulation sequence is visible. Transitions between Medium
and High modes occur initially, followed by a longer period of Low mode, while the
share of High mode increases again in the final part. This profile indicates the corrective
character of control decisions. The algorithm responds to short-term deviations, but does
not maintain maximum cooling intensity continuously.

Figure 18 Control Map 9 confirms the asynchronous character of system operation.
Mode changes occur at different moments in individual zones, and periods of intensive
regulation do not cover the entire container simultaneously. Combined with Figure 17, the
map shows that the decreasing-then-increasing trend in Zone 0 does not result in a global
change in strategy, but remains part of local control adaptation performed by EHO.

Cooling Mode Changes Over Time for Each Zone
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330:00
315:00
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Zones

Figure 18. Control Map 9. Temporal distribution of cooling modes in the three container zones in

simulation run 9.

The trajectories shown in Figure 19 indicate clearly differentiated temperature dynam-
ics across the three zones of the cooling system. Zone 0 is characterized by episodes of low
temperature values in the initial and middle parts of the simulation horizon, followed by a
gradual increase and greater variability in the final phase of the run. Zone 1 exhibits the
broadest amplitude fluctuations, including both phases of intensive cooling and periods
of elevated temperature, which is consistent with the local control character attributed
to the EHO clan mechanism. Zone 2, in turn, shows a trajectory with distinctly episodic
dynamics, in which phases of stabilization are interspersed with more abrupt transitions
between temperature levels. The absence of simultaneous temperature changes across
all zones confirms the distributed character of control decisions. The asynchrony of the
trajectories and the time shifts between temperature peaks indicate local adaptation of the
cooling strategy, which reduces the need for global synchronization of system operation
and may support long-term stability.

The control map presents a differentiated pattern of EHO control decisions in simula-
tion run 10. In Zone 0, Low mode dominates for a substantial part of the initial and middle
horizon, interrupted only by short transitions to Medium mode. A clear shift towards
higher cooling levels appears only in the final part of the run, including longer segments of
Medium and High modes. This pattern corresponds to the gradual temperature increase
and growing variability observed in the final phase of Figure 19.
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Temperature Changes Over Time
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Figure 19. Temperature changes in simulation run 10, with increasing variability in the final part of
the trajectory.

Zone 1 shows a more active regulation profile. Low mode predominates in the first
part of the run, while a longer High-mode phase is visible in the middle segment, supported
by transitions to Medium mode. This indicates intensified cooling in response to broad
temperature fluctuations. Later in the horizon, regulation returns to lower and intermediate
modes, suggesting a corrective rather than continuous use of the highest cooling intensity.

In Zone 2, the control pattern is episodic. Clear transitions between Low, Medium, and
High modes are visible, with Medium and High occurring more frequently in the middle
and final parts of the simulation. This distribution is consistent with Figure 19, where Zone
2 shows stabilization phases interspersed with more abrupt temperature transitions. EHO
therefore responds to local changes by temporarily increasing cooling intensity, without
maintaining the maximum operating level continuously.

Figure 20 Control Map 10 confirms the absence of global synchronization in control
decisions. Zone 0 remains in Low mode for an extended period, while Zone 1 undergoes a
phase of intensive cooling and Zone 2 shows sequences of shorter corrections. Combined
with Figure 19, the map shows that increasing variability in the final part of the trajectory
does not lead to a uniform response of the whole system, but to local differentiation of
operating modes by EHO.

Cooling Mode Changes Over Time for Each Zone

Cooling Mode
Low

m— Medium

= High

330:00
315:00
300:00
285:00
270:00
255:00 A
240:00
225:00
210:00 A
195:00
180:00 1
165:00
150:00
135:00 4
120:00
105:00 4

90:00

75:00

60:00

45:00

1500 I
15:00
0:00 ‘|

Zone 0 Zone 1 Zone 2

Time (Hours)

Figure 20. Control Map 10. Temporal distribution of cooling modes in the three container zones in
simulation run 10.
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6. Discussion and Conclusions

The simulation experiments made it possible to assess the modified EHO algorithm
as a mechanism for temperature regulation in a multi-zone IoT environment. The results
indicate that the proposed model does not operate as a uniform regulator of the entire
cargo space. Instead, it functions as a system of local control decisions made separately
for each container zone. This is important from the perspective of the cold chain, because
real thermal conditions inside a container are not homogeneous. Individual areas may
respond differently to solar radiation, insulation differences, their position relative to
the refrigeration unit, cargo space opening, and local environmental disturbances. The
analysis of temperature trajectories and the corresponding control maps confirmed the
asynchronous character of system operation. Across successive simulations, the zones
did not change temperature simultaneously, and cooling mode switches did not follow
a single global pattern. This means that EHO differentiated control decisions according
to local temperature trajectories rather than the averaged state of the entire container. In
practice, one zone could remain in Low mode while another required Medium or High
mode. This type of regulation is particularly important in multi-zone systems, as it reduces
the risk of the entire system overreacting to a disturbance occurring only in one area.
The results also show that decisions made by EHO were adaptive. In scenarios where
temperature remained in the upper part of the admissible range, the share of Medium and
High modes increased. In trajectories with episodes of rapid cooling, the algorithm reduced
cooling intensity by switching to Low mode or by applying shorter corrective actions. This
was especially visible in the control maps, which revealed the decision-making layer not
directly visible in the temperature plots alone. The combined interpretation of both types
of visualization showed that the observed temperature variability was not the result of
random system instability, but the consequence of locally differentiated control decisions.
An important result of the study is the confirmation that the multi-zone model can maintain
temperature within the required range of 0-8 °C without continuously applying the highest
cooling level in all zones. In the analysed trajectories, High mode most often appeared as a
corrective response or as a temporary form of regulation intensification, rather than as a
dominant global strategy. This means that the proposed control system may limit excessive
activation of the cooling system while preserving the ability to respond to local temperature
deviations. From the perspective of pharmaceutical transport, this is relevant both for
the stability of transport conditions and for limiting abrupt changes in the operation of
the technical system. At the interpretive level, the results indicate that the use of EHO in
an IoT environment may support a shift from simple temperature monitoring to control
based on local assessment of system state. In this model, sensors do not only perform a
recording function. Their readings become the basis for control decisions that are updated in
successive time steps and differentiated spatially. In this way, sensor data are transformed
into control signals, while the IoT system ceases to function solely as an observation
infrastructure. It becomes part of an active mechanism for maintaining the quality of
transport conditions.

It should be emphasized that the results are simulation-based. The input data were
generated synthetically in order to reproduce selected characteristics of maritime transport,
including changing environmental conditions, asynchronous zone behaviour, and local
temperature disturbances.

The model should therefore be interpreted as a computational proof-of-concept. It
does not claim to reproduce the complete thermodynamics of a refrigerated container, the
airflow generated by a specific refrigeration unit, the heat capacity and spatial arrangement
of a real pharmaceutical cargo, or actuator response delays. The results demonstrate the
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internal behaviour of the proposed control logic under controlled synthetic scenarios, but
they do not yet constitute operational validation.

This approach made it possible to control the experimental structure and analyse
algorithm behaviour across multiple comparable runs. At the same time, it constitutes a
limitation of the study. The model does not yet include the full physics of heat exchange
in a refrigerated container, actual response delays of the refrigeration unit, variability in
cargo load, or data transmission disturbances typical of IoT infrastructure under opera-
tional conditions. Further work should include validation of the model using data from
real temperature monitoring systems. It would be particularly important to extend the
experiments to include transmission delays, discontinuities in measurement signals, sensor
errors, and variable sensor density within the cargo space. It would also be justified to
compare EHO with other control and optimization algorithms, including threshold-based
approaches and selected population-based metaheuristics. This would make it possible
to determine whether the observed distributed control pattern results from the specific
properties of the algorithm or from the structure of the multi-zone regulation model itself.
The proposed concept provides a basis for further research on autonomous temperature
control systems in the cold chain. The main conclusion from the simulations concerns
not only the ability to maintain temperature within the admissible range, but also the
way in which the system achieves this result. EHO does not enforce uniform behaviour
across the entire container. Instead, it creates a distributed system of local responses. This
property may be particularly relevant in maritime transport of pharmaceutical products,
where thermal conditions change over time and quality risk often emerges locally before it
becomes visible at the level of the entire cargo unit.

The proposed model provides a simulation-based proof-of-concept for adaptive multi-
zone temperature control in an IoT-supported pharmaceutical cold-chain environment. The
results show that the EHO-based controller can generate spatially differentiated cooling
decisions and that temperature stabilization does not require permanent activation of the
highest cooling mode in all zones. The combined analysis of temperature trajectories,
control maps, switching counts, and cooling-mode shares indicates that regulation is
local and asynchronous rather than globally synchronized. This property is relevant
for maritime pharmaceutical transport, where thermal disturbances may occur locally
because of insulation differences, solar exposure, door-side effects, and heterogeneous
cargo-space conditions.
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