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Abstract
Precision agriculture and efficient environmental management depend on the dependability of sensor-based

monitoring systems in soil and climatic applications. The upkeep and long-term dependability of the sensors
producing this data have received little attention, despite the widespread use of machine learning (ML) for
agronomic parameter estimation. A scalable and interpretable machine learning system for environmental
sensor monitoring, diagnostics, and predictive maintenance is presented in this paper. The system can identify
both sudden sensor failures and slow performance deterioration by combining time-series forecasting models
with unsupervised anomaly detection methods. Through the use of SHAP and LIME, interpretability is
integrated, allowing for clear and understandable diagnostics. With lightweight models appropriate for edge
devices in low-resource contexts, the suggested architecture facilitates deployment in dispersed environments
via edge-cloud integration. The system's efficacy in problem detection, data quality preservation, and
actionable insights is demonstrated by experimental findings using real-world sensor datasets and generated
degradation scenarios. An important step toward independent and reliable environmental monitoring systems
is represented by this research.

Keywords: Precision agriculture, Soil sensors, Predictive maintenance, Edge computing, Interpretable
machine learning, Anomaly detection.

1. Introduction

Modern agriculture's adoption of sensor-based of agronomic decisions and reduce output.

technologies has created new opportunities for
precision farming, where data-driven insights
maximize crop health monitoring, fertilization, and
irrigation. The foundation of these systems are soil
sensors, which measure variables including electrical
conductivity, temperature, pH, and moisture.
However, the lifetime and dependability of these
sensors become crucial as agricultural operations
depend more and more on continuous sensor data.
Environmental stress, sensor drift, physical damage,
and aging are some of the factors that might cause
inaccurate readings, which can impair the precision
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Agronomic results have been modeled using a variety
of machine learning (ML) techniques, but the upkeep
and condition of the sensors themselves have
received little attention. Particularly in contexts with
limited resources and remote locations, conventional
monitoring systems frequently fail to identify early
indicators of sensor deterioration. Furthermore,
existing solutions are not appropriate for locations
with sporadic access because they are usually cloud-
dependent and centralized. A scalable and
interpretable machine learning system is presented in
this paper to facilitate real-time soil sensor
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monitoring and predictive maintenance in precision
agriculture. Unsupervised anomaly detection and
time-series forecasting algorithms are combined to
enable the system to detect both abrupt failures and
slow sensor deterioration. Explainability tools like
SHAP and LIME are incorporated into the
framework to improve usability and trust, enabling
farmers and agronomists to comprehend the
reasoning behind anomaly alarms. The architecture
makes use of lightweight models that can be deployed
on edge devices and coordinate with cloud-based
analytics to provide scalable performance and quite
low latency decision-making. Through the use of
intelligent,  autonomous, and  interpretable
maintenance techniques, our effort seeks to close a
significant gap in precision agriculture and pave the
road for more sustainable and reliable digital
agricultural systems.

e SHAP - SHapley Additive exPlanations

e LIME - Local Interpretable Model-agnostic

Explanations
e GSM - Global
communications

2. Related Work
The integration of machine learning (ML) and sensor
technologies in environmental and agricultural
monitoring has witnessed significant progress in
recent years, particularly for soil parameter
estimation, nutrient analysis, and moisture modeling.
The current body of literature highlights both the
evolution of methodologies and the broadening of
applications in soil and climate monitoring.
Triantakonstantis and Karakostas [1] demonstrated
the efficacy of combining remote sensing data and
ML algorithms to enhance Soil Organic Carbon
(SOC) prediction, reinforcing the importance of
scalable models in climate change mitigation. Similar
approaches were adopted by studies that utilize
Google Earth Engine and satellite imagery to
generate 100-cm depth soil moisture datasets at high
spatial resolution using machine learning [4]. ML has
also been integrated into loT-enabled systems to
perform real-time soil nutrient monitoring and crop
recommendation, facilitating precision agriculture
and optimizing input usage [2]. These systems often
employ low-power, long-range communication
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protocols and signal strength estimations through
deep learning, as seen in LoRa-based designs for soil
humidity sensing [13]. Interpretable and physically-
consistent ML models are increasingly emphasized.
For instance, researchers proposed data-driven
hydrological models with high interpretability to
forecast soil moisture effectively [3] [16].
Furthermore, global datasets generated from in-situ
sensor measurements trained via ML have
demonstrated their relevance in large-scale
hydrologic modeling and climate research [10]. On
the environmental monitoring front, reviews have
addressed the integration of sensor networks and ML
to enhance monitoring granularity and efficiency
[6][5]. These works stress the necessity for
interpretable ML to ensure trust in sparsely
distributed sensor systems [12], a concern echoed in
broader geoscientific modeling [16]. In the
agricultural domain, UAV hyperspectral imagery
coupled with ML has proven to be an effective tool
in evaluating soil nutrient composition [15], and
agroecosystem models have begun incorporating ML
to improve scalability and decision support [14].
Techniques have also emerged to estimate soil matric
potential using ML with fewer field sensors, aiming
to optimize irrigation strategies [17]. Additionally,
comprehensive surveys [7][8] consolidate the role of
ML and remote sensing in soil and water
conservation, showcasing improved predictive
accuracy and resource management capabilities. The
development of high-resolution, daily soil moisture
maps using ML [19] has provided critical inputs for
precision agriculture and irrigation scheduling.
Lastly, several studies [9] [18] have presented Al-
powered systems capable of monitoring soil health,
predicting crop yields, and supporting sustainable
farming practices through accurate resource
recommendation engines. Collectively, these works
provide a robust foundation and technological
roadmap for the design of interpretable, scalable, and
sensor-integrated ML systems for soil and
environmental monitoring, directly supporting the
objectives of this research This research advances the
field by addressing a critical gap overlooked in prior
work: the reliability and maintenance of sensor
networks in precision agriculture. While most
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existing approaches focus on estimating agronomic
variables, this work introduces a novel, interpretable
machine learning framework specifically designed to
detect, diagnose, and predict sensor failures such as
drift, spikes, and stuck readings. Through the
integration  of  time-series  forecasting and
unsupervised anomaly detection, combined with
SHAP and LIME for transparency, the framework
ensures sensor trustworthiness over time. Moreover,
its scalable edge—cloud architecture allows real-time
deployment across diverse and resource-constrained
agricultural  environments a  capability not
demonstrated in earlier research.

3. Methodology
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3.1.System Architecture

The proposed system adopts a modular and scalable
edge—cloud architecture designed for real-time
predictive maintenance of soil sensors deployed in
precision agriculture. The architecture ensures low-
latency detection, interpretability, and operational
sustainability in both resource-rich and resource-
constrained agricultural environments. The system is
composed of five key players: Sensor Layer, Edge
Computing Layer, Communication Layer, Cloud
Analytics Layer, and Dashboard Layer, as detailed
below in Table 1

Table 1 System Architecture Components

Layer Function

Key Technologies

Sensor Layer

Real-time acquisition of soil moisture and
temperature data

Capacitive Moisture Sensor,
DS18B20

Edge Layer

Local preprocessing and lightweight anomaly

ESP32, Raspberry Pi, TinyML

detection
Communication Transmits data and anomaly flags to cloud Wi-Fi, GSM (SIM800L), LoRa,
Layer infrastructure MQTT, HTTP
Cloud Laver Central model retraining, interpretability Firebase, AWS, Flask, LSTM,
y analysis, and storage SHAP, LIME

Dashboard Layer

Visualizes sensor data, alerts, and diagnostics
for decision-making

Streamlit, Dash, Plotly, React

3.2.Data Acquisition and Preprocessing

A real-time soil monitoring setup was developed
using capacitive moisture sensors and digital
temperature sensors, integrated with ESP32-based
edge devices. The system was deployed in a
controlled agricultural environment, where it
captured soil moisture and temperature readings at
fixed 10-minute intervals. To support robust anomaly
detection and predictive maintenance, the raw sensor
data was extended with engineered time-series
features:

e Moisture_Diff: The first-order difference in
moisture values to detect abrupt changes or
stagnation.

e Temperature_Diff: The rate of temperature
variation to capture lagging or stuck sensor
behavior.
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3.3.Machine Learning Framework
The proposed machine learning framework is
designed to detect and predict sensor failures—such
as drift, spikes, and stuck values—in real time,
thereby enabling proactive maintenance of soil sensor
networks. The framework adopts a hybrid approach
that combines supervised classification, time-series
forecasting, and unsupervised anomaly detection,
with model components distributed across both edge
and cloud layers. These models are selected for their
robustness, interpretability, and compatibility with
deployment constraints in agricultural settings.The
following features are used to train and infer from the
models:

e Moisture: Raw soil moisture reading

e Temperature: Raw soil temperature reading
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e Moisture_Diff: First-order
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All features are standardized using Z-score

moisture normalization to ensure consistency and performance
e Temperature_Diff: First-order difference of across models.
temperature
Table 2 Machine Learning Frameworks
Model Type Purpose
LSTM (Long Short-Term . . : Predict expected sensor values based on historical
Time-Series Forecasting
Memory) patterns.
GRU (Gated Recurrent . . . Alternative to LSTM for efficient sequential
. Time-Series Forecasting .
Unit) modeling.
. Unsupervised Anomaly Identify anomalies in multivariate data without
Isolation Forest .
Detection labels.
Autoencoder Unsuperwsed_ Anomaly Detect complex deviations by reconstructing
Detection normal patterns.

Extra Trees Classifier

Supervised Classification

Classify data points as normal or anomalous
based on engineered features.

3.4. Training, Labeling and Deployment Strategy
The supervised models were trained using labeled
field data, which included expert-annotated instances
of normal behavior and known anomaly types (drift,
spike, stuck). Class balancing techniques were
applied to mitigate the impact of label imbalance.

e Edge Inference: Lightweight, real-time
anomaly detection is performed on
microcontrollers  (e.g., ESP32) using

optimized models such as quantized Isolation
Forests or simple rule-based drift detectors.

e Cloud Inference: More complex models
(e.g., LSTM, Autoencoder) are deployed in
the cloud to support periodic model
retraining, deeper diagnostics, and integration
with interpretability tools such as SHAP and
LIME.

The framework’s effectiveness is evaluated using:

e Precision, Recall, and F1-Score for fault
detection accuracy

e Time-to-Failure (TTF) estimation metrics

e Model interpretability, assessed through
feature attribution analysis and visualization.

This machine learning framework enhances the
operational reliability of precision agriculture
systems by ensuring the early detection of sensor
degradation, promoting proactive maintenance, and
supporting trust through explainable ML decisions.
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3.5. Programming Tools
The entire machine learning framework was
implemented in Python 3.10 using libraries such as
Scikit-learn, TensorFlow, SHAP, and LIME. Time-
series data from soil moisture and temperature
sensors were preprocessed using Pandas and NumPy,
with engineered features like temporal gradients to
enhance anomaly detection. Models including
Isolation Forest, LSTM, and Extra Trees Classifier
were trained and evaluated offline. Interpretability
was achieved through SHAP for global insights and
LIME for instance-level explanations. For real-time
deployment, lightweight models were converted
using TensorFlow Lite and deployed on ESP32
microcontrollers using MicroPython and TinyML
4. EDGE-Cloud Integration
As shown in figure 1 the proposed system adopts a
hybrid Edge—Cloud architecture to enable real-time
predictive maintenance of soil sensors. Sensor data is
first processed on ESP32-based edge devices, which
perform noise filtering, feature extraction, and
lightweight anomaly detection using models like
Isolation Forests. This reduces latency and minimizes
data transmission. Processed data is then sent to the
cloud via MQTT, HTTP, or LoRa protocols, where
advanced models such as LSTM and Auto encoders
handle deeper analysis, retraining, and fault
classification. SHAP and LIME are used to provide
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interpretability, and results are visualized through a
dashboard that offers real-time monitoring and
maintenance insights. This integration balances
efficiency at the edge with computational depth in the
cloud, making it suitable for distributed agricultural
deployments.

Sensor Layer
Moisture Sensor  Temperature Sensor

Edge Computing Layer
Data Acquisition (10-min) I Noise Filtering I Feature Extraction I Moisture_Diff, Temp_Daff)
Lightweight ML Inference (e.g., Isolation Forest) I Local Anomaly Flagging

l (MQTT/HTTP/ LoRa)

Communieation Layer
Transmit Raw + Flagged Data [ Ensure Low Power Usage

l

Cloud Analyties Layer

Data Storage (Firebase/InfluxDB) I Model Retraining (LSTM, Autoencoder, ETC)
Anomaly Diagnosis & Classification I SHAP & LIME Interpretability 1 TTF Estimation

|

Dashboard & Decision Interface
Real-Time Visualization 1 Fault Type Identification I Maintenance Recommendation
Historical Trend Analysis

Figure 1 Edge-Cloud Integration

5. Results and Discussion

Anomaly Detection with Evaluation Metrics

501 — Soil Moisture
X Detected Anomaly

B —~ | (ﬂ-~»w
| I

0 100 200 300 400 500
Time

Figure 2 Anomaly Detection with Soil Moisture
Time-Series

Figure 2 presents time-series analysis of soil moisture
with detected anomalies marked in red. The baseline
data remains stable around 30%, while significant
deviations—such as sudden spikes (~50%), abrupt
drops (~10%), and repeated fluctuations—are
flagged as anomalies. These patterns correspond to
potential sensor issues like signal overshoot, probe
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disconnection, or drift due to environmental stress or
corrosion. The detection model effectively captures
both transient and sustained abnormal behaviors,
demonstrating strong capability for real-time fault
identification in sensor data streams. (Figure 3)

Soil Moisture: Normal vs Anomaly Soi Temperature: Nomal vs Anomly

— e - - PR
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o I R S S S ot

=0 o =

Figure 3 Normal vs. Anomaly Plots for Soil
Moisture and Temperature

Figure 3 illustrates a comparative analysis of soil
moisture and temperature readings under normal and
anomalous conditions. Anomalies such as sudden
spikes, dropouts, and plateaus are clearly
distinguishable from the stable baseline. The model
accurately detects extreme events like sharp moisture
surges (~48%) and abrupt temperature deviations

Temperature Moisture
Temperature I' =l L
Moisture -4 4 11
0500 05 0500 05

SHAP interaction va

Moisture Temperature Anomaly_Type Health Score TTF_Days

@ 28.835845 28.141728 Normal 188 Nan
1 32e8.180614 28.871851 Normal 108 Hal
2 29.252917 20.100000 normal 108 Nan
2 2@.229581 20.857458 normal 1o Nan
4 3@.206088 28.843111 Normal 188 NalN
S 2.8.364089 28.812452 Normal 188 Nan
& 308.438753 13.978292 Normal 188 NalN
7 2@.333%85 19.972718 Normal 188 Nan
& 328.443061 19.931171 Normal 108 Hal
2 20.48171% 19.244624 normal 108 Nan

Figure 4 SHAP Interaction Plot
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(~40°C or ~14°C), indicating its effectiveness in
identifying various sensor failure modes. This
confirms the  framework’s  robustness in
differentiating between natural fluctuations and
sensor malfunctions, making it suitable for real-time
deployment in agricultural environments. Figure 4
displays the SHAP interaction plot for the anomaly
detection model, illustrating the contribution of each
feature to the model's output. The x-axis represents
SHAP interaction values, indicating how soil
temperature and moisture individually and jointly
influence the prediction. Moisture shows higher
SHAP interaction variance than temperature,
confirming its dominant role in model decisions. The
aligned output table supports this interpretation,
showing consistent health scores of 100 and
classification of all shown samples as ‘Normal’ with
no predicted Time-to-Failure (TTF). This
interpretability framework enables transparent
diagnostics and validates model behavior aligned
with domain expectations.

Local explanation for class Anomaly

Temperature > -0,04 I
Moisture_Diff <= -0.04 I

-0.03 < Temperature_Diff <= -0.00 4 I

Moisture = 0.25

T T T T T T T
0.00 005 010 015 020 025 030

Figure 5 SHAP Interaction Plot

Figure 5 presents a LIME-based local interpretability
explanation for an instance classified as an anomaly.
The plot identifies Moisture > 0.25 as the most
influential factor contributing positively to the
anomaly class, followed by Temperature > —0.04.
Conversely, negative moisture and temperature
differentials (e.g., Moisture Diff < -0.04) are
negatively correlated with the anomaly outcome.
This highlights the model’s sensitivity to both
absolute sensor values and sudden transitions. The
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local explanation offers instance-specific diagnostic
insights, enabling actionable field responses and
enhancing the trustworthiness of anomaly predictions
in operational settings.

Conclusion

For the purpose of predicting soil sensor maintenance
in precision agriculture, this study offers a thorough
machine learning framework that integrates time-
series forecasting, unsupervised anomaly detection,
and post hoc interpretability. While SHAP and LIME
offer clear, feature-level explanations for every
choice, improving model interpretability and
operational trust, the combination of Isolation Forest
and LSTM models allows for the identification of
both sudden and gradual sensor degradations. With
accompanying visual diagnostics verifying its
capacity to detect sensor failures including spikes,
signal drift, and flatline behaviors, the framework
achieves excellent precision (0.88) in real-world
anomaly identification. With cloud-based modules
managing model explanation, health scoring, and
long-term time-to-failure (TTF) estimation, the
modular architecture enables the real-time execution
of lightweight models on edge devices. For
agricultural settings with diverse sensor networks and
spotty connectivity, the edge—cloud deployment
pipeline  guarantees  scalability, fault-tolerant
monitoring, and low latency. The framework bridges
a crucial gap in existing precision agriculture systems
by combining anomaly classification with
interpretable diagnostics and hardware health
indicators. This enhances sensor data dependability
and facilitates proactive maintenance plans.
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