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Abstract: Indoor farming requires scalable, reliable, and low-latency monitoring and control to
maintain optimal crop growth environmental conditions. Digital Twin (DT) technology offers a
promising paradigm for virtually representing and managing physical farming systems. However,
practical DT implementations for indoor agriculture often lack analytically grounded scalability
models for edge-orchestrated DT systems. This study presents DTFarming, a microservices-
based digital twin monitoring and control system for indoor farming deployed as a containerized
service orchestrated using Kubernetes. Message Queuing Telemetry Transport (MQTT) is em-
ployed for event-driven telemetry exchange. This study proposes an analytical scalability model
that relates sensor density to workload arrival rate, pod population, resource cost, memory satu-
ration, and Kubernetes scheduling pressure. Experimental validation across three load scenarios
(4, 20, and 100 sensors) confirms the predictive capability of the proposed model. The results in-
dicate that the telemetry throughput scales linearly with minimal CPU overhead (<25%). How-
ever, memory is the primary bottleneck, capping scalability at ~110 pods on an 8GB edge node.
This experimental saturation point aligns almost perfectly with our analytical model (/112
pods), exhibiting a deviation of less than 2%. As deployments approach this limit, Kubernetes
scheduling latency rises from 0.4 s to 2.1 s—a 5.25 times increase in the Scheduling Pressure
Index (SPI)—while network latency and packet loss remain negligible. These findings confirm
that orchestration overhead, memory constraints, dominates performance degradation rather
than communication limits. The close agreement between model predictions and measurements
confirms the model’s validity and offers practical guidance for sizing container-orchestrated DT
platforms on constrained edge nodes.

Keywords: Digital twin; Edge computing; Indoor farming; Internet of things (IoT); Microser-
vices

1. Introduction

Indoor farming represents a sustainable agricultural approach based on controlled-
environment agriculture (CEA), where environmental conditions are precisely regulated to op-
timize crop growth. However, achieving optimal productivity requires precise monitoring and
control of environmental parameters such as temperature, humidity, CO4 levels, and light in-
tensity. Digitalization can improve these systems through better monitoring, data analysis, and
decision support.

The Internet of Things (IoT), along with cloud and edge computing systems, enables seam-
less communication among software platforms and diverse physical entities in digital agriculture
(Pylianidis et al., 2021). To address performance, Kristiani et al. (2021) utilized microservices
to reduce latency, while others optimized cloud-edge interactions through event-driven architec-
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tures, such as MQTT, to minimize resource consumption and improve data exchange efficiency.
Alam et al. (2018) architecturally established this approach, and Li et al. (2023a) refined it for
lightweight deployment in constrained environments. Kubernetes-based architectures have been
employed for real-time decision-making and predictive modeling (Fakeye et al., 2024). These
technologies are now prevalent across agricultural domains: intelligent irrigation leveraging sen-
sor feedback (Boursianis et al., 2021), climate control in vertical farms (Li et al., 2023b), and
soil monitoring (Gopalakrishnan et al., 2021). Furthermore, recent research has pivoted toward
Digital Twins (DT), emphasizing maturity through model-based systems engineering (Madni
et al., 2019) and novel architectures specifically for smart farming (Pylianidis et al., 2021).

Kubernetes (K8s) is a widely adopted orchestration platform that automates deployment,
scaling, and management of containerized applications (Bohm & Wirtz, 2021). Kubernetes
is a large platform; hence, it has complexities and resource consumption. However, lightweight
alternatives have emerged, including MicroK8s and K3s, which are optimized for edge computing
and IoT applications (Kjorveziroski & Filiposka, 2022). KubeEdge (KubeEdge, 2024) is an
innovation around microservices at the edge.

Another study (Koziolek & Eskandani, 2023) benchmarked different Kubernetes distribu-
tions and found that k3s and kOs generally exhibit lower control-plane overhead and faster
orchestration responsiveness. However, (Bohm & Wirtz, 2021) suggested that MicroK8s exhib-
ited higher resource consumption and longer operation times. This study (Usman et al., 2024)
evaluated full-fledged Kubernetes, K3s, and MicroK8s for serverless edge workloads. MicroK8s
includes a complete Kubernetes environment with built-in features, such as DNS, storage, and
monitoring, making it a more self-contained distribution than K3s (Usman et al., 2024). Mi-
croK8s performs better on Ubuntu-based systems due to its optimized integration with the
ecosystem of Canonical.

A recent study focusing on the iEC 61499 toward microservice architectures in distributed
control systems represents a paradigm shift in industrial automation. Dai et al. (2023) demon-
strated that orchestration methods and deployment procedures for OT-IT achieve significant
performance improvements. Their work established containerized function blocks.

A DT framework (Grieves, 2019) enables real-time simulation and decision-making through
a virtual representation of physical systems. DT enables the decoupling of physical flows from
planning and control, allowing farmers to remotely manage operations based on near real-time
digital information (Verdouw et al., 2021). The DT approach has evolved, with Tao et al. (2019)
proposing a five-stage framework for DT maturity in industrial contexts, which was later ex-
tended by Jeong et al. (2022), who mapped specific technology elements to each implementation
stage. This work addresses the first three stages, namely, virtualization, synchronization, and
modeling simulation, as identified in Nasirahmadi and Hensel (2022).

Table 1 Comparison of Kubernetes edge-orchestrated studies

Study The Digital Edge The Orchestration- Analysis of Memory-
Twin in Kubernetes analytical Layer Scalability Saturation
Agriculture  deployment Scalability Metrics Phase Prediction
Model
(Pylianidis et al., 2021) v X X X X X
(Nasirahmadi & Hensel, v X X X X X
2022)
(Verdouw et al., 2021) v X X X X X
(Fakeye et al., 2024) v v X X X X
(Pan et al., 2022) X v X X X X
(Bohm & Wirtz, 2021) X v X v X X
(Koziolek & Eskandani, 2023) X v X v X X
(Usman et al., 2024) X v X v X X
(Dai et al., 2023) X v X v X X

Table 1 shows that prior studies can be grouped into three areas. The first area focuses
on agricultural DT concepts, data integration, and farm-level decision support, where works
such as Verdouw et al. (2021), Nasirahmadi and Hensel (2022), and Pylianidis et al. (2021)
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clarify DT roles in smart farming but do not quantify orchestration layer scalability or edge
container density. The second area evaluates lightweight Kubernetes distributions for edge com-
puting. Studies comparing MicroK8s, K3s, kOs, MicroShift, and other Kubernetes variants focus
mainly on control-plane throughput, resource footprint, latency, and general platform suitability
rather than DT-agent container density modeling. For example, Koziolek and Eskandani (2023)
reported that k3s and kOs show slightly higher control-plane throughput, whereas MicroShift
shows strong data-plane throughput, but their study is not framed around Digital Twin density
or memory-bound saturation. Similarly, recent comparative studies by Pan et al. (2022) and
Usman et al. (2024) evaluated resource consumption, latency, throughput, and security across
lightweight Kubernetes variants but did not derive a DT agent predictive density model. The
third area investigates containerized IoT or industrial microservices; however, orchestration is
generally treated as an implementation layer rather than a measurable scalability constraint. For
instance, Dai et al. (2023) investigated microservice orchestration for industrial IoT edge sys-
tems, while Fakeye et al. (2024) discussed distributed DT service deployment and containerized
orchestration frameworks without modeling orchestration-layer saturation behavior. None of
the reviewed studies derive a memory-bound predictive density model for containerized Digital
Twin agents deployed on resource-constrained edge nodes.

Therefore, the gap addressed in this study is not the absence of DT architectures or Kuber-
netes benchmarks but the lack of an orchestration-centric model that links DT agent container
density, memory saturation, and scheduling latency on constrained edge nodes. The central
hypothesis comprises two coupled claims: (i) under resource-constrained edge conditions, in-
creasing DT agent container density induces approximately linear growth in cumulative mem-
ory consumption because each containerized agent carries a near-constant per-pod memory cost;
and (ii) as memory utilization approaches the node’s saturation threshold, the Kubernetes or-
chestration layer—rather than the network or CPU sub-system—becomes the dominant source
of end-to-end responsiveness degradation, producing a nonlinear rise in scheduling latency that
marks the transition from a nominal to a saturation-limited phase.

This study employs deterministic telemetry generation to isolate orchestration effects,
thereby minimizing stochastic variability on the input side. This controlled design enables the
nonlinear scheduling latency growth to be attributed to intrinsic resource contention within the
Kubernetes control plane rather than to burst-driven traffic fluctuations. The resulting model
characterizes the internal orchestration constraints governing the density scaling of DT.

This study is conducted within the broader development of the DTFarming platform (Lubis
et al., 2024), a microservices-based digital twin system for indoor precision farming deployed
on edge infrastructure. The microservices architecture is adopted to support modularity and
distributed control evolution, enabling the systematical evaluation of density-driven scalability
behavior in resource-constrained environments.

The primary contributions are fourfold: (i) the formulation of an analytical scalability model
relating sensor density to workload rate, pod population, per-agent resource cost, cumulative
memory consumption, and scheduling latency; (ii) the proposal of the Scheduling Pressure Index
(SPI), a normalized metric quantifying orchestration-layer stress under increasing DT density;
(iii) the identification and experimental confirmation of two scalability phases—nominal linear
growth and saturation—through deployments with 4, 20, and 100 sensors; and (iv) a latency
decomposition demonstrating that orchestration delay dominates network latency at high den-
sity, suggesting that orchestration-layer memory pressure may dominate scalability constraints
within the evaluated deployment regime in IoT-driven DT systems.

2. Methods

The proposed DTFarming architecture integrates farming physical devices (sensors and
actuators), edge computing devices (ESP32, Arduino, Raspberry Pi, etc.), cloud infrastructure
(Kubernetes, Storage, etc.), and other software such as monitoring tools (Prometheus, Grafana),
MongoDB No-SQL database, MQTT event-driven messaging. The architecture enables seamless
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communication across layers through MQTT and HTTP REST protocols (Turnip et al., 2023).
Furthermore, Figure 1 illustrates the key components of the DTFarming system.

This model shows how physical indoor farming is regulated with the DTFarming software
in terms of monitoring and control. The monitoring system gathers environmental data and
refines it using estimator models to improve accuracy. Observation data are crucial to continue
with control processing so that DTFarming could dictate optimal control of the agriculture
environment based on the control model and knowledge base.
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Figure 1 (a) DTFarming component model and (b) physical environment

The communication model typically employs protocols such as HT'TP, SOAP, COAP, and
MQTT, with HT'TP Rest being the most widely adopted for its ease of use and standardization,
facilitating high levels of adoption.

Figure 2 illustrates the DT model showing how physical devices, such as sensors or actuators,
are represented in a containerized service, referred to as DT container agents. These containers
are unified through a master hub known as Digital Twin Central (DTC), which serves as the
interface to other modules/components or provides access to the user or presentation layer (Lubis
et al., 2024).

Sensor Broker is a middleware service for unifying sensor data formats. It adopts an adapter
pattern (Burns & Oppenheimer, 2016) to standardize the communication and data format from
the physical devices. The broker acts as an intermediary between physical devices, service
agents, and other system components. It utilizes both HTTP and MQTT protocols for data
exchange (Turnip et al., 2023).

MongoDB is a document-oriented database system optimized for internet of Things ap-
plications, particularly those generating time-series data. Historical sensor readings are stored
for subsequent analysis, control operations, and front-end visualization. Each component runs
independently in a containerized service, enabling dynamic scalability and isolated execution
and interservice communication through the HT'TP and MQTT protocols.

Figure 3 shows the sequence diagram to provide a visual representation of the interactions
among the system components. The master service orchestrates sensor and control agents, en-
sures data consistency, and manages interactions with persistent data storage. It also mediates
data retrieval from the storage system for the frontend layer. The MQTT Service manages com-
munications between sensor agents and the master service using a publish-subscribe architecture,
ensuring reliable, event-driven data exchange (Gupta et al., 2018).



International Journal of Technology 17(4) 1263-1282 (2026) 1267

Sensors Actuators

(CO2, Lights, (CO2 Imaging
Temperature, Injector, (Camera)
Humidity) Liglns‘.ans)

—f—
Microcontroller
(ESP32 board. WIFI
Module, HTTP module,
Sensor/Actuator Library,
Camera Library)

T \ \ Functional Layer | Time U [ Volume U | Energy Ij ‘ Optimation U
IDT-Broker-Agent Sub-Sgstem N o~

DT-Broker- DT-Broker- DT-Broker-
Sensor Actuator Image

Application Layer DTFarming — Digital Twin for Smart Farming

- -
Model Layer Computer U‘ Object U TnfraRed D EnvurnnmU Growth U
Vision iti Model ent Model Model

Data
Transformation

Communication Stateful Event-driven Realtime
Layer Protocol Protocol Protocol

Board Control (Micro Controller, Computing Nodes, Data Network) I]

Data Semantic D Data Estimator D

Service

DT-Con!roI-}

Vs 2
D el D Physical Layer l Sensors u‘muamrs D| Fields m Crops U| Tools U

() (b)
Figure 2 (a) DTFarming Runtime Architecture (b) Conceptual Layered Architecture

Device Broker Sensor Control Master Messaging | | Persistent Control ‘ Visual ‘ Frontend ‘
Board Service Agent Agent Service Service System System System ‘
! Register _ | i |
Register S User Interaction *
Register Initiate Tnitiate | [€ :
nitiate
Control . :
Sensor Agent User
Regi Registered Agent : Interaction
<eglstered <« F = < Store logical data __ Data ]
3 Store logical dat
Device Data * tore logica ]“] > User
I [ : Interaction
. Control
Data Publish 1 . B
Data Subscribe
el e T
« Control Slgm\{ Data Subscribe
b= i le--
Data Store
User Interaction
- : : ; L >

Figure 3 Sequence diagram of the DTFarming component

2.1 Definition of model performance metrics

To quantitatively evaluate the scalability and efficiency of the proposed DTFarming system,
a set of metrics covering orchestration behavior, resource utilization, and network performance
is defined. Based on the workload, resource, and scheduling models defined in Eqgs. (1)—(12),
the DTFarming system’s scalability behavior can be summarized as follows.

As the number of sensors increases, the message arrival rate grows linearly, leading to a
proportional increase in the number of containerized DT agent pods. While the per-agent CPU
cost remains approximately constant, the cumulative memory consumption grows linearly with
Ns, eventually approaching the memory saturation threshold.

Once memory pressure increases beyond this threshold, Kubernetes scheduling latency rises
sharply, as reflected by an increase in the scheduling pressure index. This transition marks the
shift of the system from a nominal operating phase to a saturation-limited phase. Therefore,
under peak load conditions, end-to-end DT responsiveness is dominated by orchestration delays
rather than network latency.

Kubernetes scheduling latency measures the orchestration layer’s responsiveness when de-
ploying DT agents. The elapsed time between a pod creation request and the pod reaching the
running state is defined as follows:
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Ts = trunning — tereated (1)

Where fcreated is the timestamp when the pod specification is submitted to the Kubernetes
API server, and trunning is the timestamp when the pod transitions to the running phase.
The average scheduling latency for a given scenario is computed as follows:

Ts = - Ts,i (2)

where Ny is the number of scheduled pods during the experiment.

SPI is defined as the ratio of the mean scheduling latency at density Ng relative to the
baseline scenario (4 sensor containers). Kubernetes scheduling pressure index (SPI) is denoted
as follows:

SPI(Ns) = TS(T]S\gvi) Y (3)

Standard error:

SDe

SEe = 222
e ,—Ne

Event-level 95% CI:

Clysye = Ts £+ t0.975.Ne—1 - SFe

where

Ns is the number of sensor containers (and therefore DT agent pods);

Ts(Ns) is the average scheduling latency under the load;

Ts(Ns = 4) is the baseline scheduling latency (in this case, 4 sensor containers are used as
the baseline);

t0_9751|\|e_1 ~ 1.96.

The SPI metric is motivated by prior Kubernetes orchestration-performance literature,
where scheduler efficiency and system saturation are commonly assessed through latency,
throughput, resource utilization, interference, and workload responsiveness metrics. Existing
surveys show that Kubernetes scheduling studies frequently evaluate resource utilization, la-
tency reduction, load balancing, autoscaling behavior, and application-level performance as core
scheduling objectives (Senjab et al., 2023). More recent orchestration studies further demon-
strate that established low-level metrics, such as scheduling latency for quantifying co-located
workload interference (Li et al., 2023b) and end-to-end user-perceived latency for latency-aware
service placement at the edge, can be used to derive higher-level indicators (Centofanti et al.,
2023). Similarly, lightweight Kubernetes benchmarking studies compare MicroK8s, k3s, k0s, and
MicroShift using CPU and memory utilization, pod creation throughput, pod creation latency,
deployment /pod operation latency, and data-plane throughput/latency, showing that orches-
tration performance is multidimensional and may differ between control-plane and data-plane
behavior (Kjorveziroski & Filiposka, 2022; Koziolek & Eskandani, 2023). Based on this foun-
dation, SPI is introduced not as a replacement for established Kubernetes metrics but as a
normalized orchestration-pressure indicator that expresses scheduling amplification relative to a
baseline Digital Twin deployment, especially under increasing DT-agent container density where
resource saturation and pod scheduling delay jointly influence edge scalability.

The CPU use quantifies the processing overhead introduced by the DT agents and core
services. For a service i, CPU usage is measured in millepores (mCPU) and averaged over the
experiment duration 7":

T

CPU; =
0

Uj (t)dt (4)
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where uj(t) denotes instantaneous CPU usage reported by Kubernetes metrics.
Memory use captures each service’s runtime memory footprint. For service j, average
memory usage is defined as follows:

1 B3
T o
where mj(t) represents the resident memory consumption at time ¢.

The network throughput evaluates the MQTT-based communication capacity between DT

agents and the master service. It is defined as the number of successfully delivered messages per
second:

MEM; = m; (t) dt (5)

N
Throughput = Tm (6)

where Ny, is the total number of MQTT messages received during the time interval T.
End-to-end message latency L is measured as follows:

L= trecv — tsend (7)
The packet loss rate is defined as
Nsent — Nreceived

Nsent

where Nsent and Nyeceived denote the number of messages transmitted and received success-
fully, respectively.
Number of container pods running in the cluster consuming physical resources:

PLR = x 100% (8)

Np = Ns + Ny + Nm + Ng + No 9)

where:

Ns : sensor agent pods
Ny : broker pods

Npm @ master service pods
Ny : database pods

Ny : observability pods

The Per-Agent Resource Cost Model:

1

Si=1

1
Ccpu - F CPU|

Si=1

Threshold of Memory Saturation

* . 1
Nmax _ total — Mbase’
s =

Cmem

(11)

where:

Miotar : available RAM

Mpase : OS 4+ Kubernetes overhead

DT responsiveness latency is defined as follows:

Lpt = Lnet + Lproc + Lsched (12)

where:
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Lnet : telemetry transmission delay (measured through timestamps / broker)

Lproc : processing + persistence time at the broker/master/DB

L sched : Orchestration delay when new pods are created

This study emphasizes lyet and Lscheg @S dominant contributors to responsiveness in elastic,
edge-deployed DTFarming microservices.

Based on the observed system behavior, two scaling phases are identi ed:

() a nominal phase (Ns 20), where resource usage and scheduling latency increase ap-
proximately linearly with the sensor count; and

(i) a saturation phase (Ns 80), where memory constraints dominate and the scheduling
latency increases nonlinearly.

2.2 Architectural Model

The DTFarming platform adopts a microservice architecture that decouples physical control
from virtual orchestration across three planes: physical, orchestration, and application. Con-
tainerized digital twin agent mirrors each physical sensor i, forming a device-twin isomorphism
that provides strong fault isolation and independent lifecycle management. State consistency is
maintained through event-sourced synchronization, where telemetry is published through MQTT
and re ected in agent shadow states. The orchestration plane leverages the Kubernetes reconcil-
iation loop for self-healing and elastic scaling, automatically restores failed agents, and enables
dynamic service discovery. The architecture separates data and control planes to ensure low
latency: high-rate telemetry ows directly to the time-series backend, while con guration and
scaling operations are handled asynchronously through the Kubernetes API.

Architectural framework DTFarming is divided into three layers: the sensor-actuator, edge
data center, and the User Application (Figure 4):

" Sensor-Actuator Layer: Consists of physical ESP32 microcontroller nodes interfacing
with environmental sensors (DHT22, BH-1750, and MH-Z19B) and actuators. These
nodes operate as "Device Twins," publishing state changes through MQTT.

" Edge Data Center: The core logic resides on a MicroK8s cluster hosted on a Rasp-
berry Pi 5. This layer hosts the Digital Twin Central (DTC) services, which act as the
orchestration hub.

" Service Layer: MongoDB handles data persistence for time-series storage, while
Prometheus and Grafana provide real-time metrics database and visualization.

3. Results and Discussion

The implementation of physical hardware at the edge node uses a Raspberry Pi 5 (8GB
RAM, Quad-core Cortex-A76), chosen for its capacity to handle container orchestration over-
head. The sensor nodes employ ESP32-S3 modules connected through Wi-Fi. Communication
follows an event-driven architecture.

MQTT is used for data exchange for low-latency telemetry and HTTP REST for state
management and user commands. Table 2 shows a sample of the broker adapter REST API
endpoint while Table 3 presents the standardized data formats for sensor measurements and
control commands, ensuring consistency across DTFarming components. The Sensor Broker
serves as an adapter middleware that normalizes heterogeneous sensor data into a standardized
JSON format before transmission.

In this research, the sensor board uses an ESP32 module with three types of sensors in a
customized board. Sensor board speci cations, including the ESP32 board for the microcon-
troller device, three attached sensors devices: DHT22, BH-1750, and MH-Z19B, are shown in
Figure 5(b) and Table 5.



International Journal of Technology 17(4) 1263-1282 (2026)

1271

@)
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Figure 4 (a) DTFarming sub-system architecture and (b) block ow diagram

Table 2 Sample of Broker APl Endpoint

Endpoint Method Description

/api/sensor/data POST Accepts sensor readings in any format.
/api/sensor/data/latest GET  Fetches the most recent sensor data.
/api/sensor/fsensor _idg GET Retrieves sensor-speci ¢ data.
/api/actuator/command POST Control command to an actuator.

/api/actuator/factuator _idg/status  GET  Retrieves actuator status.
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