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Abstract—In the face of climate change, population growth,
and resource scarcity, sustainable agriculture requires intel-
ligent, adaptive, and transparent technologies. Permaculture
offers a resilient model rooted in ecological principles, but
its integration with digital systems remains limited. To sup-
port decision-making in sustainable agriculture, this paper
proposes a Cyber-Physical System (CPS) architecture that
integrates machine learning with local explainability for in-
telligent crop recommendation in permaculture contexts. The
system processes environmental features such as soil nutrients,
temperature, pH, and rainfall to predict suitable crops, while
ensuring transparency through local explainability methods. We
evaluated three classification models: Decision Tree, Random
Forest, and Multi-Layer Perceptron, using a curated dataset
of 2,200 labeled crop instances. The Random Forest model
achieves the highest accuracy (99.55%) and is selected for
further interpretability analysis. Local post-hoc explanations
address explainability by highlighting feature-level contribu-
tions for each prediction, allowing human users to understand
and validate AI-driven suggestions. The system architecture and
experimental results do not include real-world CPS deployment;
however, they illustrate how explainable AI can support deci-
sions based on ecological principles in smart permaculture. This
work contributes to the design of transparent, trustworthy, and
domain-aware Al systems for sustainable agriculture.

I. INTRODUCTION

Global agriculture is under increasing pressure from pop-
ulation growth, climate change, and the urgent demand
for sustainable food production. According to the United
Nations, the world’s population is expected to reach nearly
9.3 billion by 2050, requiring a 70% increase in food produc-
tion to meet demand [1]. However, conventional agricultural
practices pose a significant threat to long-term environmental
resilience, as they often rely on intensive resource use and
contribute to soil degradation, water scarcity, and biodiversity
loss [2]. Permaculture offers a promising alternative. Based

1Unité de Dynamique et Structure des Matériaux Moléculaires
(UDSMM), Univ. Littoral Cote d’Opale, Calais, France. Emails:
mohamed.el-bakkari@etu.univ-littoral.fr
nicolas.waldhoff@eilco-ulco.fr

2Laboratoire d’Informatique Signal et Image (LISIC),
Univ. Littoral Cote d’Opale, Calais, France. Emails:
mohammad.choaib@etu.univ-littoral.fr
mourad.bounefa@univ-littoral.fr

3Laboratory of Complex Cyber-Physical ~Systems (LCCPS),
ENSAM, Hassan II  University, Casablanca, Morocco. Emails:

nabila.rabbah@univh2c.ma
mohamed.elbakkaril-etu@etu.univh2c.ma
abdelwahed.touati@univh2c.ma

4Department of Electronics and Physics,Hadat,Lebanon. Emails:
mohammad.choaib@ul.edu.lb

on the principles of ecological balance and self-regeneration,
permaculture promotes sustainable agriculture by mimicking
natural ecosystems, conserving water, improving soil health,
and supporting biodiversity [3]. Studies have demonstrated its
potential to reduce environmental impacts and improve soil
fertility [4]. Nonetheless, traditional permaculture practices
face limitations in scalability, real-time monitoring, and
resource optimization. Emerging technologies such as the
Internet of Things (IoT) and Artificial Intelligence (Al) offer
transformative opportunities to improve permaculture. IoT
sensors enable continuous monitoring of environmental vari-
ables such as soil nutrients, pH, temperature, and humidity,
while Al can optimize crop selection and resource alloca-
tion. A Cyber-Physical System (CPS) framework provides
the infrastructure to integrate these technologies through
coordinated sensing, data processing, and actuation [5]. In
addition, Explainable AI (XAI) ensures that Al-driven deci-
sions remain interpretable, increasing transparency and trust
in system outputs [6].

This paper presents the design and evaluation of XCrop-
Sys, a cyber-physical system (CPS) architecture customized
for smart permaculture that integrates real-time environmen-
tal sensing, machine learning, and explainable Al (XAI) to
align crop recommendations with ecological principles. Our
contributions include:

e A novel CPS framework combining sensing, machine
learning, and human-in-the-loop interaction for perma-
culture decision support.

o Implementation of local interpretability using LIME to
generate transparent, human-readable Al explanations
that foster farmers understanding and trust.

o Validation through model comparisons on real-world
data, demonstrating the 99.55% accuracy of the random
forest and the practical value of feature-level explana-
tions.

e« A modular, scalable design adaptable to resource-
constrained environments, enhanced by a user-guided
interface.

By addressing both technical performance and operational
transparency, the system advances sustainable agriculture
through interpretable Al-driven insights while maintaining
adaptability to diverse agricultural contexts.

The rest of the paper is structured as follows: Section II
reviews related work on permaculture, CPS, and explainable



Al Section III describes the proposed CPS architecture. Sec-
tion IV presents experimental results and model evaluation.
Section V discusses local explainability and system insights.
Finally, Section VI concludes the paper and outlines future
work.

II. BACKGROUND AND LITERATURE REVIEW

The integration of the Internet of Things (IoT), Artificial
Intelligence (AI), and Cyber-Physical Systems (CPS) has
significantly advanced agricultural productivity and preci-
sion. However, applying these technologies in permaculture,
an ecologically centered approach to agriculture, remains
underexplored. This section provides a brief overview of the
core concepts behind permaculture, IoT, Al in agriculture,
CPS frameworks, and the role of Explainable Al (XAI).

A. Permaculture and Its Principles

Permaculture is a design philosophy based on ethics and
ecological systems thinking. It emphasizes sustainability,
biodiversity, and soil regeneration by mimicking natural
ecosystems to create long-term resilience. David Holmgren’s
twelve principles provide a framework for developing low-
input, regenerative agricultural systems[7]. Unlike modern
precision agriculture, which often relies on synthetic inputs
and monocultures, permaculture promotes integrated, decen-
tralized solutions. While its benefits are well documented,
the manual and analog nature of traditional permaculture
practices limits scalability, automation, and data-driven opti-
mization. Though permaculture has a sound ecological base,
its conventional practices do not involve automation and
integration of data. Newer technologies like IoT overcome
this drawback.

B. IoT Architecture in Agriculture

IoT enables real-time environmental monitoring through
interconnected sensors that track soil moisture, temperature,
pH, nutrient levels, and crop health[8]. Its architecture
generally consists of three layers:

o The perception layer: which collects raw data through
field sensors.

o The network layer: which transmits data through tech-
nologies such as Wi-Fi, Zigbee, and LoRa.

o The application layer: where data is processed to
enable automation and decision making.

IoT enables smart irrigation, disease prediction, and yield op-
timization. However, infrastructure limitations, energy con-
straints, and lack of internet connectivity can challenge the
implementation in rural or off-grid permaculture systems.
While IoT systems facilitate data collection, machine learn-
ing unleashes the actual value of such data to drive predictive
analytics and smart decision-making.

C. Machine Learning in Agriculture

Machine learning (ML) provides powerful tools for an-
alyzing complex agricultural data and making predictive
decisions. ML algorithms support applications such as crop

classification, yield prediction, disease detection, and ir-
rigation scheduling [9]. Techniques range from supervised
learning (e.g., labeled crop data) to reinforcement learning
(e.g., adaptive irrigation). These approaches help reduce
uncertainty, improve efficiency, and minimize resource waste
in data-rich environments [10]. There are key types of ML
in agriculture:

D. Explainable Al (XAI) in Agriculture

Although AI models can offer high predictive accuracy,
their black-box nature limits user trust, especially among
stakeholders in ecological or smallholder agriculture. Ex-
plainable Al (XAI) addresses this by revealing the reasoning
behind AI outputs. Recent frameworks such as IoT-AID
demonstrate how local and conversational explainability can
improve user trust and interaction in CPS environments [11].
Tools such as SHAP and LIME identify and visualise the
influence of input features on predictions, helping users to
understand and validate decisions [6].In agriculture, XAI has
been applied to yield prediction, disease diagnosis, and crop
recommendation. Its relevance is particularly important in
sustainable contexts, where ethical transparency and human
trust are essential [12].

E. Cyber-Physical Systems (CPS) in Smart Farming

CPS combines physical components (sensors, actuators)
with computational control to enable intelligent automation.
In agriculture, CPS architectures provide real-time monitor-
ing and control for processes such as irrigation, fertilization,
and pest management[5]. By providing a feedback loop
between environmental sensing and system response, CPS
improves precision and reduces waste. While CPS has been
widely studied in industrial and large-scale agriculture, its
adaptation to ecological systems such as permaculture is still
limited. Recent surveys like [13] highlight the need for trust,
explainability, and human-centered design in CPS architec-
tures for agriculture, particularly in uncertain or resource-
scarce situations. This paper addresses this gap by proposing
a CPS architecture designed for intelligent permaculture
systems. Additionally, recent studies explore intelligent CPS
design using large language models to guide sensor selection
and context-aware optimization [14]. Although IoT, machine
learning, explainable AI, and CPS are individually impactful,
their combined application in permaculture systems remains
underexplored. Table I summarizes the strengths and current
limitations of each technology in this context.

Although some studies have been carried out on CPS and
XAI in agriculture, they are limited to industrial or high-
tech environments. None of these systems is suitable for eco-
logical approaches like permaculture that demand low-cost,
adaptable, and interpretable systems. The majority of XAI
systems focus on yield or disease prediction without much
regard for explainable crop suggestions. To bridge these
gaps, we present XCropSys: an interpretable, modular cyber-
physical system for permaculture that integrates decision-
making with human intervention and local interpretability.
The adoption of digital technologies in agriculture has



TABLE I

ROLE AND LIMITATIONS OF KEY TECHNOLOGIES IN PERMACULTURE

Technology Role in Limitation in
Agriculture Permaculture
Context
IoT Enables Often depends
continuous on stable power
sensing (e.g., and connectivity,

Machine Learning (ML)

Explainable AI (XAI)

Cyber-Physical Systems
(CPS)

moisture, pH,
temp, light) and
supports
real-time
environmental
monitoring for
informed
decisions.

Provides models
for crop
prediction,
irrigation
planning, and
disease detection
using algorithms
like Random
Forest or deep
learning.
Enhances
transparency
using tools like
SHAP and
LIME to show
how features
influence model
outputs.

Automates
processes via
sensor-actuator
feedback loops
for irrigation,
fertilization, or
pest control.

making
deployment
difficult in
off-grid or
decentralized
permaculture
systems.

Needs large,
labeled datasets
and may lack
interpretability,
limiting trust in
low-tech,
community-
driven
contexts.

Rarely applied
to small-scale or
ecological
systems;
interpretability
is often
overlooked in
practical
deployments.

Most CPS
models are built
for industrial
farms; few adapt
to low-energy,
modular, and
user-centered
ecological
settings.

achieved considerable improvements in productivity, automa-
tion, and real-time decision-making. Their application in
ecological farming systems like permaculture, however, is
still limited. Current CPS and Al solutions are typically
designed for monocultural, large-scale setups with stable
infrastructure and homogeneous crop cycles. Such systems
tend to emphasize efficiency and control but pay less atten-
tion to transparency, flexibility, and energy efficiency factors
that are paramount in sustainable, decentralized agricultural
settings.

Also, explainability is a secondary consideration in the
majority of smart agriculture applications, where accuracy is
preferred to interpretability. In permaculture, though, where
decisions must underpin long-term environmental goals and
local knowledge, black-box models are deficient. Farmers
and stakeholders require not only predictions but also an
understandable justification for the predictions.

These shortcomings call for a new category of CPS design:

one that is modular, interpretable, resource-conscious, and
permaculture-friendly. The next section introduces XCrop-
Sys, a cyber-physical system that integrates IoT sensing,
machine learning, and explainable AI within a human-in-
the-loop setting streamlined for sustainable farming.

III. PROPOSED CPS ARCHITECTURE FOR SMART
PERMACULTURE

To address the limitations of traditional permaculture
systems in terms of monitoring, scalability, and transparency,
we propose a Cyber-Physical System (CPS) architecture
designed for ecological agriculture. Our system integrates
real-time environmental sensing, wireless communication,
machine learning, and explainable Al (XAI) to enhance
decision-making in sustainable farming environments.

The architecture is structured into four layers, as illustrated
in Fig. 1:

o Perception Layer: This layer includes soil and climate
sensors (temperature, humidity, pH, NPK) as well as
actuators like irrigation valves. These components are
deployed directly in the permaculture environment to
collect key data and respond to system recommenda-
tions [15].

o Communication Layer: Data collected from sensors
is transmitted using low-power wireless protocols such
as LoRaWAN, Zigbee, or Wi-Fi. This layer ensures the
reliable transfer of sensor data and system commands
in rural or low-infrastructure environments.

o Processing and Intelligence Layer: A Random Forest
model processes real-time data and recommends suit-
able crops based on environmental features. This model
is coupled with LIME (Local Interpretable Model-
agnostic Explanations), which provides local, human-
readable explanations of each recommendation [16].
The system also includes data storage for real-time and
historical records.

o User Interface Layer: The final layer displays the sys-
tem’s recommendations and corresponding explanations
to the user (e.g., a farmer) via mobile or dashboard
interface. The farmer is kept in the decision-making
loop through interpretable suggestions and feedback
options [17].

This layered CPS enables transparency, interpretability,
and user engagement while supporting the ecological ethics
of permaculture. To demonstrate the practical applicabil-
ity of the proposed CPS architecture, a prototype system
has been simulated and evaluated using a real agricultural
dataset. The system workflow includes data acquisition, pre-
processing, model training, prediction, and visualization of
interpretability. The next section details the dataset, machine
learning models, and evaluation metrics used to validate
the performance and interpretability of the system. This
architecture is modular and scalable, allowing for adaptation
to different permaculture setups and climates. The inclusion
of explicable Al enhances transparency and supports human-
centered decision-making, which is critical in ecological
systems. Furthermore, the feedback loop between user input
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and environmental conditions allows the system to continu-
ously learn and adapt, ensuring long-term sustainability and
resilience.

IV. EXPERIMENTAL SETUP AND RESULTS

To evaluate the proposed CPS architecture, we conducted
experiments using the publicly available Crop Recommenda-
tion Dataset from Kaggle. The dataset includes 2,200 labeled
samples with features such as nitrogen (N), phosphorus (P),
potassium (K), temperature, humidity, pH, and rainfall, and
a corresponding crop label. Preprocessing steps involved
checking for missing values, normalizing feature ranges, and
splitting the data into 80% training and 20% testing sets
using stratified sampling. Three supervised machine learning
models were trained and compared: Decision Tree (DT),
Random Forest (RF), and Multi-Layer Perceptron (MLP).
Hyperparameters were optimized through cross-validation.

TABLE 11
MODEL PERFORMANCE COMPARISON

Model Accuracy Precision Recall Fl-score
Decision Tree 97.95% 0.980 0.980 0.979
Random Forest 99.55% 0.996 0.995 0.995
MLP Classifier 98.64% 0.986 0.986 0.986

Among the three models, the Random Forest model
achieved the best performance across all metrics,
justifying its integration into the CPS for real-time
crop recommendations. To interpret model predictions, we
analyzed feature importance and applied LIME (Local
Interpretable Model-agnostic Explanations) as a post-
hoc explainability method. As shown in Fig. 2, rainfall,
humidity, and potassium levels emerged as the most
significant predictors, aligning with established domain
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Fig. 2. Feature importance derived from the Random Forest model,
highlighting key predictors such as rainfall, humidity, and potassium.

For individual recommendations, LIME was used to generate
explanations for the model’s decisions. Fig. 3 illustrates how
LIME identified high phosphorus, nitrogen, and humidity as
key features that led to the recommendation of banana. This
transparent output is integrated into the CPS interface to help
farmers understand the system’s decisions.
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The results confirm that the proposed system is both ac-
curate and explainable, enabling data-driven, yet transparent
decision-making for smart permaculture.

Figure 4 illustrates a real-world interaction cycle demon-
strating how the system supports explainable recommenda-
tions and responsiveness in a smart permaculture setting.
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Fig. 4. Use case workflow of the CPS system, illustrating the end-to-end
cycle from farmer input to explainable decision and automated actuation.

V. DISCUSSION AND PERSPECTIVES

The results demonstrate that the integration of machine
learning and explainable Al into a CPS framework can
support data-driven and ecologically sound decision-making
in smart permaculture systems. The Random Forest model,
combined with LIME explanations, not only provided high

classification accuracy but also provided explainability that
increased farmers’ confidence.

Explainability is critical in organic farming, where de-
cisions must be consistent with ethical and environmental
values. By using LIME to explain why a particular crop
is recommended, the system enables users to understand
and validate Al-driven suggestions. This encourages greater
adoption, especially in community-based and low-tech farm-
ing environments.

The system’s modular architecture makes it adaptable to
different climates and scales. The use of low-power IoT
communication protocols ensures that the solution can be
used in remote or off-grid areas, where permaculture is most
commonly practiced.

However, the accuracy of the model depends on the quality
and representativeness of the dataset. While the Kaggle
dataset is diverse, it may not cover all regional variations
or crop types. To address this, our future work will focus
on developing and deploying the proposed CPS system in
a physical environment to collect real-time, context-specific
agricultural data. This will allow us to validate the system
under real permaculture conditions and improve the adapt-
ability of the model. We also plan to explore alternative XAI
techniques, such as SHAP for more robust interpretability,
and to integrate renewable energy sources and multilingual
interfaces to improve usability and long-term sustainability.

While this work focuses on simulation and offline eval-
uation, the proposed CPS architecture is designed for fu-
ture deployment in real-world permaculture environments. A
custom-built prototype equipped with environmental sensors
(e.g., soil pH, NPK, and moisture), microcontrollers, and
LoRa-based transmission modules is currently under devel-
opment. The system will be integrated with a solar-powered
unit and a user interface optimized for low-literacy and
multilingual farmers. This deployment will validate model
performance under field conditions and support continuous
data collection to retrain and personalize recommendations.
In addition, user-centered design sessions will be conducted
to refine interface usability and confidence in Al explana-
tions. These developments aim to make XCropSys a fully
operational decision support platform for resilient, sustain-
able agriculture.

VI. CONCLUSIONS

This paper presented a novel CPS architecture designed for
smart permaculture that integrates IoT-based environmental
sensing, machine learning for crop recommendation, and
explainable Al to ensure transparency and trust. Using a
publicly available dataset, the Random Forest model demon-
strated high accuracy, and the integration of LIME enabled
clear, interpretable recommendations for farmers. The mod-
ular, energy-efficient design ensures adaptability to diverse
ecological and infrastructural contexts.

Our results show that the combination of CPS and XAI
offers a promising path towards intelligent, human-centered,
and sustainable agriculture. Future work will focus on de-
ploying the CPS in a real-world permaculture environment



to collect live sensor data, improve model adaptability, and
refine the user interface. Ultimately, this approach aims to
support resilient, data-driven agriculture based on ecological
principles.
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