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Abstract: The integration of Case-Based Reasoning (CBR) with Internet of Things (IoT) technologies
are proposed for enhancing decision-making efficiency in agricultural practices. The proposed
conceptual model (CBRIoT) leverages IoT devices such as soil moisture sensors, weather stations,
and drones to collect real-time environmental data, which is then processed, stored, and integrated
into a central knowledge base. The CBR system retrieves similar past cases based on new IoT data,
offering personalized recommendations for agricultural interventions, such as irrigation, pest
control, and disease management. A real-time feedback loop allows dynamic adaptation of
recommendations, responding to changing conditions like weather shifts or pest infestations. The
system’s performance is evaluated across various datasets (Agriculture-Vision, Extended
Agriculture-Vision, Smart Agriculture, and others), demonstrating that the CBRIoT model
outperforms traditional models in terms of decision-making efficiency, processing time, and
scalability. The results show that the CBRIoT model significantly improves decision-making accuracy
and processing time compared to Vegetation Index Models (VIM), Machine Learning-Based
Classification (MLBC), Geostatistical Models (GM), and Rule-Based Decision Support Systems
(RBDSS). The system continuously updates its knowledge base through new data and interventions,
leading to a self-improving decision support system that enhances agricultural practices over time.
The CBR+loT approach provides a scalable and efficient solution for modernizing agriculture,
offering actionable insights to farmers and contributing to better resource management and crop
yields.

Keywords: case-based reasoning; Internet of Things; agricultural decision support; real-time data
integration; personalized recommendations; smart agriculture

1. Introduction

Agricultural productivity is facing increasing challenges due to climate variability, soil
degradation, water scarcity, and the rising global demand for food [1]. Farmers and agricultural
experts rely heavily on remote sensing technologies to monitor crop health, predict yields, and
manage resources efficiently. However, the effectiveness of traditional remote sensing methods is
often limited by issues such as data overload, lack of real-time adaptability, and the inability to
translate raw data into actionable insights [2]. For instance, while satellite imagery and drone-based
sensing provide detailed spectral and spatial data, interpreting these data accurately requires
advanced analytical techniques that many farmers and agricultural stakeholders lack access to.
Additionally, the complexity of environmental factors —including unpredictable weather patterns,
pest infestations, and disease outbreaks—further complicates decision-making [3]. Delayed or
inaccurate responses to these challenges result in substantial economic losses, reduced crop yields,
and unsustainable farming practices. As a result, there is an urgent need for more adaptive,
intelligent, and real-time decision-support systems in agricultural remote sensing.
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Several traditional models have been developed to address these challenges in agricultural
remote sensing. While these models provide valuable insights, they each have inherent limitations in
adaptability, accuracy, and real-time decision-making. The four major approaches are used in this
research. Vegetation Index Models (e.g., NDVI, EVI), the Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index (EVI) are widely used to assess plant health by analyzing
spectral reflectance from satellite or drone images. These indices help identify stressed crops, monitor
drought conditions, and estimate biomass production. However, they struggle to provide accurate
results under variable atmospheric conditions, such as cloud cover or changes in soil moisture.
Additionally, they often fail to consider other crucial environmental factors such as soil nutrients and
pest infestations. Machine Learning-Based Classification, techniques like Support Vector Machines
(SVM), Random Forest, and Convolutional Neural Networks (CNNs) have been used to classify crop
types, detect plant diseases, and predict yields. While these models offer improved accuracy over
traditional statistical methods, they require extensive labeled datasets for training. Furthermore, they
are often computationally expensive and may struggle with generalization, especially when applied
to diverse geographical regions with different soil and climate conditions. Geostatistical Models (e.g.,
Kriging, Spatial Interpolation), these models analyze spatial variability in soil properties,
temperature, and crop health by interpolating data across different locations. While they are effective
for localized analysis, they lack the ability to process real-time updates and adapt dynamically to
changing environmental conditions. Their accuracy is also limited by data sparsity, as interpolations
rely heavily on the quality and distribution of sample points. Rule-Based Decision Support Systems
(DSS), many agricultural monitoring systems rely on predefined rules and thresholds to provide
recommendations for irrigation, fertilization, and pest control. These systems work well in stable
environments but struggle to adapt when unexpected conditions arise. Since rule-based systems do
not learn from past cases, they require frequent manual updates and may not be effective in handling
complex, non-linear interactions between multiple environmental variables.

While these traditional models have contributed significantly to agricultural remote sensing,
they lack the adaptability and real-time learning capabilities needed to optimize decision-making
under rapidly changing conditions (Table 1).

Table 1. Traditional Methods.

Vegetation Index
Models (VIM) [4]

reflectance from satellite

or drone images to

assess plant health.

Model Description Strengths Limitations
Effective for
detecting stressed | Struggles with
crops, drought variable atmospheric
Analyze spectral conditions, and conditions (e.g., cloud

biomass cover, soil moisture).
production.
Widely used in

o Does not account for
precision

agriculture due to

its simplicity.

soil nutrients and pest

infestations.

Machine Learning-
Based Classification
(MLBO) [5]

Uses Al algorithms to
classify crop types,
detect plant diseases,

and predict yields.

Higher accuracy
than traditional
statistical

methods.

Requires extensive
labeled datasets for

training.
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Computationally
Can identify expensive and
complex patterns | struggles with
in large datasets. | generalization across
different regions.
Effective for
Limited ability to
localized analysis )
) process real-time
Analyzes spatial of soil and crop
o o updates.
Geostatistical Models | variability in soil conditions.
(GM) [6] properties, temperature, Accuracy depends on
Useful for
and crop health. ) the quality and
mapping and o
) ) distribution of sample
interpolation. )
data points.
Easy to Struggles to adapt to
implement and unexpected
Uses predefined rules . o
. interpret. conditions.
Rule-Based Decision and thresholds for
L o Works well in
Support Systems irrigation, fertilization, bl Requires frequent
stable
(RBDSS) [7] and pest control ) manual updates and
environments
recommendations. does not learn from
with known
past cases.
patterns.

To overcome the limitations of traditional models, integrating Case-Based Reasoning (CBR) with
the Internet of Things (IoT) presents a more effective and adaptive approach to agricultural remote
sensing. CBR is a problem-solving methodology that retrieves solutions from past cases to address
new but similar problems. By continuously learning from previous agricultural scenarios, CBR
enables intelligent decision-making based on real-world experiences rather than rigid rules or static
models. The integration of IoT enhances this capability by providing real-time data from various
sources, such as soil moisture sensors, weather stations, drones, and satellite imagery. These IoT-
enabled devices continuously collect and transmit environmental data, allowing the CBR system to
compare current conditions with past cases and recommend the most effective solutions. Unlike
machine learning models that require extensive labeled datasets, CBR can make accurate predictions
even with limited historical data by leveraging similarity-based retrieval techniques. For example, if
a farmer encounters a disease outbreak in a specific crop, the CBR system can analyze past cases
where similar conditions occurred and suggest the most effective interventions based on previous
successful treatments. Similarly, for irrigation management, the system can adjust water distribution
based on real-time soil moisture readings and past cases of optimal water usage. This dynamic and
context-aware approach ensures that recommendations are always aligned with actual field
conditions, making it superior to traditional rule-based or static decision models. The advantages of
combining CBR with IoT are shown below;

1. Real-time adaptability — The system continuously updates its knowledge base with new cases,

improving its accuracy over time.

2. Reduced data dependency — Unlike machine learning models that require large training datasets,
CBR can function effectively with limited historical data.

3. Personalized recommendations — Farmers receive tailored advice based on past cases that closely

match their specific conditions.
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4. Scalability and automation — IoT integration enables automated data collection and analysis,
reducing the need for manual monitoring.

By integrating CBR with IoT, agricultural remote sensing systems become more intelligent,

context-aware, and responsive, ultimately leading to improved crop management, higher yields, and

more sustainable farming practices.

Research Questions

To guide the development and evaluation of this approach, the following research questions are
proposed;

1. How can Case-Based Reasoning (CBR) enhance decision-making in agricultural remote sensing?

2. What are the key advantages of integrating IoT with CBR for real-time monitoring and adaptive
learning?

3. How does the hybrid CBR and IoT approach compare to traditional models in terms of accuracy,
efficiency, and scalability?

4. What are the practical implementation challenges of deploying CBR and IoT in real-world
agricultural settings?

The primary objective of this research is to develop a novel agricultural remote sensing
framework that integrates Case-Based Reasoning (CBR) with the Internet of Things (IoT). This
framework aims to enhance real-time decision-making, improve agricultural resource management,
and provide adaptive solutions to challenges such as crop disease detection, yield prediction, and
irrigation management.

1. Designing a CBR system capable of retrieving and adapting past agricultural cases to new
situations.

2. Integrating real-time IoT sensor data to enhance the accuracy and relevance of CBR-driven
recommendations.

3. Comparing the performance of the CBR + IoT approach with traditional models across multiple
agricultural scenarios.

4. Evaluating the practical feasibility and scalability of implementing this framework in different
farming environments.

This research contributes to the advancement of smart agriculture and agricultural remote
sensing in several key ways;

1. Innovative Framework Development - Introducing a novel CBR + IoT framework that
dynamically adapts to changing agricultural conditions, surpassing the limitations of traditional
static models.

2. Improved Decision-Making — Enhancing the accuracy and efficiency of crop monitoring, disease
detection, and resource allocation through an intelligent, case-based decision-support system.

3. Real-World Applicability — Providing a practical, scalable solution that can be implemented
across diverse agricultural landscapes, benefiting farmers and agricultural stakeholders.

4. Data-Driven Adaptability — Leveraging loT-generated real-time data to refine case retrieval and
adaptation processes, ensuring continuous learning and optimization.

5. Sustainable Agriculture — Supporting more efficient water use, precise fertilization, and early
disease intervention, leading to improved sustainability and reduced environmental impact.

By bridging the gap between data-driven insights and actionable agricultural strategies, this

research aims to revolutionize agricultural remote sensing through adaptive intelligence and real-
time decision-making.
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2. Related Work

2.1. Remote Sensing Technologies in Agriculture

Remote sensing technologies in agriculture have revolutionized the way farmers monitor and
manage their crops [8]. These technologies enable the collection of detailed spatial and temporal data
on crop health, soil conditions, and environmental factors through the use of satellites, drones, and
other aerial platforms. Remote sensing provides valuable insights into a variety of agricultural
variables, such as vegetation indices, soil moisture, temperature, and nutrient levels. This information
is critical for precision agriculture, which aims to optimize resource use, increase crop yields, and
reduce environmental impact. As a result, farmers are able to make informed decisions about
irrigation, fertilization, pest control, and disease management, leading to more sustainable farming
practices [9].

One of the most widely used remote sensing techniques in agriculture is the use of vegetation
indices (VIs), such as the Normalized Difference Vegetation Index (NDVI). NDVI allows for the
assessment of plant health by analyzing the reflectance of light in specific wavelengths, such as
infrared and red bands. By measuring the difference between these wavelengths, NDVI can indicate
the level of chlorophyll in plants, which is directly related to their health and productivity. Remote
sensing platforms like satellites and drones equipped with multispectral cameras capture the
necessary data for calculating NDVI and other vegetation indices, enabling farmers to detect early
signs of stress, disease, or nutrient deficiencies before they become visible to the naked eye [10].

In addition to vegetation indices, remote sensing technologies can also provide real-time data
on soil properties and weather conditions. Soil moisture, temperature, and salinity can be monitored
using ground-based sensors and remote sensing devices, providing valuable information for
irrigation management. For example, thermal infrared imaging can identify temperature variations
in soil, which is essential for assessing the heat stress on crops. This data, when combined with
weather forecasts and climate models, enables farmers to optimize irrigation schedules, reduce water
waste, and improve crop yields. Moreover, remote sensing technologies can track changes in
environmental conditions such as rainfall, temperature fluctuations, and pest migration patterns,
helping farmers make more informed decisions about pest and disease management [11].

Remote sensing in agriculture faces several challenges, including data overload, interpretation
complexity, and high costs [12]. While remote sensing platforms can provide vast amounts of data,
processing and analyzing this data require advanced computational resources and expertise, which
many farmers may lack. Moreover, real-time adaptability remains a challenge, as weather patterns,
pest outbreaks, and other environmental factors can change rapidly, requiring continuous updates
to the data and decision-making processes. To overcome these challenges, researchers are
increasingly integrating remote sensing technologies with artificial intelligence (AI), machine
learning, and Case-Based Reasoning (CBR) systems. These approaches allow for the automated
analysis of large datasets, translating raw data into actionable insights that can be used to guide
farming practices in a more efficient and timely manner.

2.2. Case-Based Reasoning in Agricultural Decision-Making

Case-Based Reasoning (CBR) is an Al technique that relies on the retrieval of past experiences
or cases to solve new problems [13]. In agricultural decision-making, CBR is an effective approach
for leveraging historical knowledge to address challenges such as pest control, irrigation scheduling,
crop management, and disease outbreaks. The fundamental concept behind CBR is that similar
problems in the past can offer insights and solutions for new, but similar, challenges. By storing past
cases with associated outcomes and contextual information, farmers and agricultural experts can
retrieve these cases and adapt them to current circumstances, leading to more informed and efficient
decision-making. In agriculture, where conditions are dynamic and diverse, CBR enables decision
support systems to work effectively in real-world environments [14].

In precision agriculture, CBR plays a crucial role in enabling data-driven, context-specific
decisions that optimize resource use and improve productivity. CBR systems in this domain can use
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remote sensing data, soil moisture levels, weather patterns, and crop health data to assess a situation
and find the most relevant past cases for comparison [15]. For example, CBR can help determine the
best irrigation practices for a particular field by drawing on previous cases where similar soil
moisture conditions were observed. This not only saves time but also reduces costs by preventing
over- or under-application of water, fertilizers, or pesticides. By learning from past experiences, CBR
helps farmers improve efficiency and sustainability in their operations, making precision agriculture
more accessible and practical [16].

CBR systems can be enhanced with real-time data, enabling more dynamic and adaptive
decision-making. By integrating data from IoT devices, sensors, drones, and satellite imagery, CBR
systems can update their case base with new observations and experiences [17]. This ensures that
decision support systems provide up-to-date and highly relevant recommendations based on current
agricultural conditions. For example, in the event of a sudden pest infestation or an unexpected
weather event, CBR systems can quickly retrieve cases with similar circumstances and offer solutions
that have proven effective in the past. This real-time adaptability significantly enhances decision-
making, as it allows farmers to respond promptly to emerging challenges, improving their ability to
prevent crop damage and maximize yields [18]. While CBR offers promising solutions for agricultural
decision-making, there are challenges in its widespread adoption. One of the key issues is the
availability and quality of historical data. Effective CBR requires a comprehensive and high-quality
case base that represents a variety of agricultural scenarios. However, collecting and maintaining
such a database can be resource-intensive and time-consuming [19]. Additionally, CBR systems rely
on expert knowledge to generate meaningful cases, which may not always be available or easily
transferable to different agricultural contexts. To overcome these challenges, there is a growing need
for collaboration between farmers, researchers, and technology developers to improve data sharing,
standardization, and the integration of diverse data sources. Moving forward, the combination of
CBR with advanced machine learning and big data analytics has the potential to create more robust
and intelligent systems capable of handling increasingly complex agricultural decision-making
processes [20].

3.3. Integration of Remote Sensing and Case-Based Reasoning for Precision Agriculture

The integration of remote sensing and Case-Based Reasoning (CBR) for precision agriculture
represents a significant advancement in agricultural decision-making [21]. Remote sensing
technologies, such as satellites, drones, and sensors, provide valuable data on crop health, soil
conditions, and environmental factors, while CBR enables the application of past experiences to guide
future decisions. By combining these two technologies, farmers can leverage historical case data to
interpret current remote sensing observations and make more accurate, context-specific decisions.
For instance, CBR can help analyze spectral reflectance data from satellites to determine whether a
particular crop is showing early signs of disease, and then retrieve similar past cases of disease
management to recommend the best course of action [22]. One of the main benefits of integrating
CBR with remote sensing in agriculture is the ability to handle complex, dynamic datasets. Remote
sensing platforms generate vast amounts of data that can be difficult to process and interpret
manually [23]. CBR allows farmers to build a knowledge base of previous cases and use it to identify
patterns in the data. For example, if a farmer receives a remote sensing alert indicating a decrease in
vegetation health, the CBR system can compare this observation with past cases of similar
environmental conditions and crop performance. By referencing past experiences, the system can
offer tailored recommendations for irrigation, fertilization, or pest control based on what worked
well in similar situations, reducing the risk of incorrect decisions [24].

Moreover, the combination of remote sensing and CBR enables real-time adaptability in
precision agriculture. Remote sensing systems can continuously monitor the status of crops and
environmental conditions, while CBR can quickly adapt to new data by referencing the most relevant
historical cases [25]. This adaptability is crucial in agriculture, where conditions can change rapidly
due to factors like weather events, pest outbreaks, or disease spread. For example, in the case of a
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sudden drought or pest infestation, CBR can pull up past cases where similar events occurred and
recommend rapid responses, such as adjusting irrigation schedules or deploying pest control
measures. This real-time feedback loop enhances the efficiency and timeliness of decisions,
improving overall crop management and resource utilization [26]. Finally, integrating remote sensing
and CBR can improve decision-making accuracy and sustainability in precision agriculture. By
automating the analysis of remote sensing data and utilizing past case knowledge, farmers are
empowered to make data-driven decisions that optimize resource use while minimizing waste and
environmental impact. For instance, by analyzing historical cases of nutrient deficiencies and
comparing them to real-time satellite imagery, CBR can recommend precise fertilizer application
schedules, reducing the risk of over-fertilization and runoff. This integration not only helps improve
crop yields but also promotes sustainable farming practices by encouraging more efficient use of
water, fertilizers, and pesticides.

3.4. Challenges and Opportunities in Agricultural Remote Sensing with Case-Based Reasoning

One of the primary challenges in integrating Case-Based Reasoning (CBR) with agricultural
remote sensing lies in the complexity and variability of agricultural environments [27]. Remote
sensing data, which is often derived from satellite imagery or drones, is subject to numerous
environmental factors such as cloud cover, atmospheric interference, and varying soil and crop
conditions. This can make the data noisy and inconsistent, complicating the retrieval and application
of relevant cases. Additionally, CBR systems require a comprehensive and diverse case database to
function effectively [28]. Building such a database for agriculture is challenging because of the
heterogeneity of agricultural practices, climate zones, and crop types, making it difficult to
accumulate a sufficient number of cases that accurately represent all possible agricultural scenarios.

Another significant challenge is the integration and standardization of data from various remote
sensing platforms. Agricultural remote sensing data comes from multiple sources, including
satellites, drones, and ground-based sensors, each with different formats, resolution, and temporal
frequency. CBR systems require consistent and structured data for accurate case retrieval and
decision-making. Harmonizing data from these different sources into a unified format that can be
used effectively by CBR models is a complex task. Furthermore, remote sensing data is often spatially
and temporally sparse, which can limit the effectiveness of CBR when making predictions or
recommendations based on real-time data [29].

There are significant opportunities for using CBR in precision agriculture. One of the major
advantages is that CBR can help farmers make context-specific, data-driven decisions based on
historical cases. For example, when confronted with a new pest infestation, CBR can retrieve past
cases from similar conditions and provide recommendations for control measures based on what has
worked in similar situations. This allows for more targeted interventions, reducing the need for
broad-spectrum pesticides and minimizing environmental impact. Furthermore, by continuously
updating the case base with new experiences and observations, CBR systems can improve over time,
becoming more precise and tailored to local agricultural conditions [30].

The future potential of integrating agricultural remote sensing with CBR is promising,
particularly with advancements in machine learning and big data analytics. Machine learning
algorithms can be used to improve case retrieval by automating the process of case base expansion
and ensuring that only the most relevant cases are considered. As more agricultural data becomes
available through IoT devices, cloud computing, and more frequent satellite imagery, CBR systems
can evolve into more adaptive decision support tools. These systems could not only recommend
solutions for current agricultural problems but also predict future issues based on historical trends
and emerging environmental patterns. Such developments hold the potential to greatly enhance
agricultural productivity and sustainability, providing farmers with real-time, actionable insights
that are highly tailored to their specific needs [31].
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3. Materials and Methods
3.1. Related Traditional Models

Vegetation Index Models (VIM) solve the challenges in agricultural productivity by providing a
method to analyze spectral reflectance from satellite or drone images to assess plant health. These
models, such as the Normalized Difference Vegetation Index (NDVI), can monitor plant vigor, stress
levels, and overall health in real-time. By tracking changes in vegetation indices over time, VIM helps
farmers and agricultural experts identify early signs of issues like water stress, nutrient deficiencies,
or disease outbreaks, enabling more proactive and informed decision-making. While satellite
imagery and drone-based sensing offer detailed data, VIM allows for the transformation of raw
spectral information into actionable insights that are easier to interpret and apply. This reduces the
need for complex data analysis, which can be a barrier for farmers lacking access to advanced
computational resources. The real-time adaptability of VIM enhances its utility, as farmers can track
changes in crop health and make timely adjustments to practices like irrigation or pest control,
thereby improving productivity and sustainability [32].

# Step 1: Collect multispectral image data (Red and NIR bands)
NIR = get_band_data("NIR")
Red = get_band_data("Red")

# Step 2: Calculate NDVI
NDVI = (NIR - Red) / (NIR + Red)

# Step 3: Classify vegetation health based on NDVI
if NDVI>=0.7:
health_status = "Healthy"
elif NDVI>=0.4:
health_status = "Moderate"
else:

health_status = "Stressed"

# Step 4: Monitor trends over time

historical NDVI =load_previous_NDVI_data()

if NDVI < threshold_for_alert and NDVI < historical NDVI:
trigger_alert("Irrigation/Pest Control Needed")

# Step 5: Provide Recommendations
if health_status == "Healthy":

recommendation = "Maintain current practices"
elif health_status == "Stressed":

recommendation = "Consider irrigation and pest control"

# Step 6: Output visualization and alerts
visualize_ndvi_map(NDVI)

send_alerts(recommendation)
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Machine Learning-Based Classification (MLBC) addresses the need for intelligent, adaptive
decision-making in agriculture by using Al algorithms to classify crop types, detect plant diseases,
and predict yields. Machine learning algorithms can analyze large datasets, such as satellite images,
sensor data, and historical yield records, to recognize patterns that human experts might miss. For
instance, MLBC can detect early signs of disease or pest infestation by classifying pixel-level
variations in imagery, which helps farmers take immediate actions to minimize damage.
Additionally, these models can predict future crop yields based on environmental factors, such as
weather patterns and soil conditions, enabling farmers to make better planning decisions. By
automating these processes, MLBC reduces the reliance on manual interpretation and provides real-
time, actionable insights that enhance decision-making. This not only improves agricultural
productivity but also helps mitigate the risks posed by climate variability, water scarcity, and other
environmental challenges. In combination with remote sensing, MLBC provides farmers with the
tools to interpret complex data more effectively, adapt to changing conditions, and optimize resource
use, ultimately contributing to more sustainable and resilient farming practices [33].

# Step 1: Collect and Preprocess Data
satellite_images = load_satellite_images()
sensor_data = load_sensor_data()

historical_data = load_historical_yield_data()

cleaned_images = preprocess_data(satellite_images)
cleaned_sensors = preprocess_data(sensor_data)

cleaned_historical = preprocess_data(historical_data)

# Step 2: Feature Extraction
features = combine_features(extract_features(cleaned_images),
extract_features(cleaned_sensors),

extract_features(cleaned_historical))

# Step 3: Train Model

model = train_model(features, labels)

# Step 4: Predict Crop Type, Disease, and Yield
new_data = get_new_input_data()

predictions = model.predict(extract_features(new_data))

# Step 5: Provide Alerts and Insights
if predictions['disease'] == 'Detected":

send_alert("Check for disease!")
else:

send_alert(f"Crop: {predictions|['crop_type']}, Predicted Yield: {predictions|'yield']}")

# Step 6: Update Model with Feedback
real_time_data = get_real_time_feedback()

update_model(model, real_time_data)
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Geostatistical Models (GM) provide a powerful approach to address agricultural challenges by
utilizing spatial statistics to model and analyze spatial variability in environmental and agricultural
data. These models take into account the inherent spatial relationships in soil properties, weather
conditions, and crop performance, offering insights into the distribution and patterns of variables like
soil moisture, temperature, and nutrient levels. GM uses techniques such as kriging to interpolate
spatial data, enabling accurate predictions about unmeasured locations based on nearby data points.
This ability to understand and predict spatial variability is crucial for optimizing resource
management, such as precise irrigation or fertilization, in areas with uneven soil quality or variable
climate conditions. Additionally, GM can help farmers and agricultural experts predict the spread of
diseases or pests, allowing for more targeted and effective interventions. By incorporating spatial
data into the decision-making process, GM provides more accurate and localized recommendations,
enhancing the efficiency of agricultural operations and improving overall productivity [34].

# Step 1: Collect and Preprocess Spatial Data
soil_data = load_soil_data()
weather_data = load_weather_data()

crop_data = load_crop_data()

# Step 2: Apply Spatial Interpolation (e.g., Kriging)
spatial_model = apply_kriging(soil_data, weather_data, crop_data)

# Step 3: Predict Unmeasured Locations

predictions = spatial model.predict(new_location)

# Step 4: Optimize Resource Management

if predictions['soil_moisture'] < threshold:
apply_irrigation(new_location)

if predictions[ nutrient_level'] < optimal:

apply_fertilization(new_location)

# Step 5: Disease/Pest Prediction
disease_risk = spatial_model.predict_disease_risk(new_location)
if disease_risk == 'High':

send_alert("Monitor for pests or diseases!")

# Step 6: Update Model with New Data

new_data = get_new_data()

update_spatial _model(spatial_model, new_data)

Rule-Based Decision Support Systems (RBDSS) provide a framework for translating complex
agricultural data into actionable recommendations through a set of predefined rules that guide
decision-making. These systems are based on expert knowledge and domain-specific rules that can
consider a wide range of factors such as crop type, soil health, weather patterns, and pest or disease
presence. RBDSS can automate decisions about irrigation scheduling, fertilization, pesticide
application, and crop management by using logical conditions (e.g., if soil moisture is below a certain
threshold, then irrigate). This simplifies decision-making for farmers by providing clear and
actionable guidance, especially in situations where real-time data is available from IoT devices or
remote sensing technologies. The major advantage of RBDSS is its ability to offer explainable
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decisions, where the reasoning behind the recommendations is clear, ensuring that farmers can trust
and understand the system’s outputs. By incorporating a dynamic set of rules that can be adjusted
based on ongoing data inputs, RBDSS can adapt to changing agricultural conditions, leading to
improved resource utilization, reduced environmental impact, and enhanced productivity [35].

# Step 1: Gather Real-Time Data

soil_moisture = get_soil_moisture()

weather_data = get_weather_data()

pest_detection = detect_pests()

# Step 2: Define Rules for Decision Making
if soil_moisture < threshold:
decision = "Irrigate"
elif weather_data['rain'] > 50:
decision = "Delay Irrigation"
elif pest_detection = 'High'":
decision = "Apply Pesticide"

# Step 3: Execute Decision

if decision == "Irrigate":
apply_irrigation()

elif decision = "Delay Irrigation":
schedule_irrigation()

elif decision == "Apply Pesticide":
apply_pesticide()

# Step 4: Provide Feedback to Farmer

explanation = f"Decision: {decision} - Based on soil moisture, weather, and pest data"

send_notification(explanation)

3.2. Conceptual Model: CBRIoT

The conceptual model provides an advanced and adaptive solution for agricultural remote
sensing. IoT devices such as soil moisture sensors, weather stations, drones, and satellites collect real-
time environmental data, which is processed and stored in a knowledge base. This data is then
compared with historical agricultural cases through CBR to identify similarities, allowing the system
to recommend the most effective solutions based on past experiences. Unlike traditional models, CBR
doesn’t require extensive labeled datasets. It can make accurate predictions with limited data by
leveraging similarity-based retrieval techniques. For example, if a farmer faces a disease outbreak,
the system recommends treatments based on past successful interventions for similar conditions.
Additionally, the system dynamically adjusts recommendations, such as irrigation strategies, based
on real-time data like soil moisture levels. This integration ensures real-time adaptability and
continuous learning, as the system updates its knowledge base with each new data input. It provides
personalized, actionable insights, helping farmers make informed decisions for crop management.
Over time, the system improves its accuracy, ensuring optimal, sustainable farming practices.

Phase I IoT Data Collection Layer

i) Sensors and Devices: IoT-enabled devices (soil moisture sensors, weather stations, drones,
satellites) continuously collect environmental data in real-time.
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ii) Types of Data Collected: Temperature, humidity, soil moisture, crop health, weather
forecasts, etc.

iii)Data Transmission: The collected data is transmitted in real-time to the central system for
analysis.

Phase 11 Data Integration and Preprocessing Layer

i) Data Fusion: Data from various IoT devices (sensors, drones, satellites) are integrated into a
unified system.

ii) Preprocessing: The raw data is cleaned, normalized, and processed to extract meaningful
features relevant to agricultural conditions.

iii) Storage: Processed data is stored in a knowledge base or case library for future retrieval
(historical data, case studies, etc.).

Phase 11l Case-Based Reasoning Layer

i) Case Library: A repository of past agricultural cases, where each case contains the scenario,
environmental conditions, and outcomes (e.g., disease outbreaks, irrigation strategies, pest control).

ii) Similarity Matching: When new data is received, CBR retrieves past cases that share
similarities with current conditions. It uses similarity-based retrieval techniques to compare new data
(real-time IoT input) with historical cases.

iii) Reasoning & Adaptation: CBR analyzes retrieved cases and adapts previous solutions to the
current situation. The reasoning process considers environmental factors, crop type, geographic
location, and past interventions that worked successfully.

iv) Decision Support: CBR provides personalized recommendations based on the most similar
past cases, such as irrigation adjustments, pest control actions, or disease management.

Phase IV Real-Time Feedback Loop

i) Real-Time Data Adjustment: As IoT devices continue to monitor conditions (e.g., soil moisture,
temperature), the system constantly updates its knowledge base with new data and revises its
recommendations.

ii) Dynamic Adaptation: Recommendations are adjusted dynamically based on real-time
conditions, allowing for immediate intervention if changes are detected (e.g., sudden weather shift,
pest infestation).

Phase V User Interface (Farmer Dashboard)

i) Personalized Recommendations: Farmers receive customized advice through a user-friendly
interface (e.g., mobile app, dashboard), which provides timely, actionable insights based on the latest
case analysis.

ii) Visualization of Conditions: Visual representation of real-time data (soil moisture, crop
health, etc.) alongside past case information helps farmers understand the context of the
recommendations.

iii) Actionable Alerts: The system sends alerts when conditions deviate from the expected norms,
prompting necessary actions (e.g., irrigation, pesticide application, fertilization).

Phase VI Learning and Knowledge Enhancement

i) Continuous Case Updating: As new interventions are applied and new data is collected, the
system continuously learns and adds new cases to the knowledge base, improving future decision-
making capabilities.

ii) Self-Improvement: Over time, the system enhances its performance by learning from real-
world successes and failures, ensuring more accurate predictions and better outcomes for future
agricultural challenges.
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Figure 1. The Proposed Model.

Algorithm

# Initialize the system

def initialize_system():
knowledge_base =load_knowledge_base() # Load the historical cases
while True:
# Collect real-time data from [oT devices
data = collect_IoT_data() # E.g., temperature, humidity, soil moisture, crop health
# Preprocess the data to remove noise and normalize

preprocessed_data = preprocess_data(data)

# Retrieve similar past cases based on current data

similar_cases = retrieve_similar_cases(preprocessed_data, knowledge_base)

# Adapt solutions based on past cases and current conditions

recommended_action = adapt_solution(similar_cases, preprocessed_data)

# Display personalized recommendations to farmer (e.g., mobile app, dashboard)

display_recommendations(recommended_action)

# Real-time updates based on continuous IoT data
if monitor_changes():
updated_data = collect_IoT_data() # Collect updated data from sensors
updated_recommendation = adapt_solution(similar_cases, updated_data) # Update
recommendations

send_alerts(updated_recommendation) # Send alerts if new actions are needed

# Update knowledge base with new cases and outcomes

update_knowledge_base(updated_data, updated_recommendation, knowledge_base)

# Pause for next cycle of monitoring

wait_for_next_cycle()
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Papers with Code provides a vast collection of datasets across various domains, including

agriculture, remote sensing, and Al-driven analytics. For agricultural applications, datasets like

Agriculture-Vision and Extended Agriculture-Vision offer large-scale aerial imagery for crop

classification and segmentation. Other datasets focus on IoT-based Smart Agriculture and Crop

Monitoring, open agricultural data reviews, and specific datasets like Single Point Corn Yield Data

for yield prediction. These datasets enable Case-Based Reasoning (CBR), geostatistical modeling, and

machine learning applications in precision farming, soil analysis, and crop health monitoring,

supporting Al-driven decision-making and predictive analytics for sustainable agriculture. Visit

https://paperswithcode.com/ for access [36].

Table 2. Dataset.

Dataset

Description

Relevance to Agricultural
Remote Sensing & AI Models

Agriculture-Vision (AV)

Large-scale aerial farmland
image dataset for semantic
segmentation of agricultural

patterns.

Supports CBR for case-based
segmentation, NDVI/EVI for
vegetation health analysis, and
ML-based classification for crop

type identification.

Extended Agriculture-
Vision (EAV)

Improved dataset with full-field
farmland imagery and 3TB of
high-resolution images across the
UsS.

Enables CBR-driven learning
from past cases, geostatistical
modeling for spatial variability,
and ML-based classification for

predictive analytics.

Smart Agriculture and

Crop Monitoring (SA)

Case study on using drones, IoT
sensors, and Al analytics for

agriculture.

Enhances real-time DSS, CBR for
adaptive decision-making, and
geostatistical models for soil

moisture interpolation.

A Systematic Review of

PRISMA systematic review of

Provides historical datasets for

CBR case retrieval, validates

farms.

Open Data in Open Data and Public Domain geostatistical models, and aids in
Agriculture (SR) data in agriculture. improving ML-based
classification accuracy.
Supports CBR-based yield
forecasting, ML-based
Weather, soil, and cultivation
Single Point Corn Yield classification of soil and crop
data for corn yield prediction in
Data (SP) types, and geostatistical
Sub-Sahara Africa.
interpolation for predicting
environmental impacts.
Enables CBR-driven disease
Agricultural dataset with images
detection, ML-based
ACFR Orchard Fruit and annotations of different
classification for fruit sorting,
Dataset (ACFR) fruits collected across Australian

and NDVI/EVI-based vegetation

health monitoring.
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3.4. Evaluations
Decision-Making Efficiency (Ey) [37]
1 Dcorrec
Eq = n i=1 ( t)i 1)

Dtotal
Measures the proportion of correct decisions made by the model across n test cases, where
Deorrect  represents the number of correct decisions and Dy, represents all decisions made.
Processing Time Per Decision (Tg,q) [38]

27.7'= T:
Tavg = lnl : 2)
Computes the average time required to process a single decision, where T; is the processing
time for each decision instance.
Scalability Index (Singex) [39]

Csys
Sinder = —205 3)
index
NgevicesXD

Evaluates how efficiently the system scales, where Cs,; is the computational cost, Ngepices i
the number of IoT devices, and D is the data volume processed.

Resource Utilization Efficiency (Rezs) [40]

Y
Repr =7 4)

Measures the efficiency of resource use, where Y represents agricultural yield or productivity
improvement, and I represents input resources such as water, fertilizers, and computational power.

These equations ensure a standardized evaluation for all models, allowing fair comparisons in
terms of decision-making accuracy, computational efficiency, scalability, and resource utilization.

The use of standardized evaluation metrics, as represented by those four, is crucial for ensuring
fair and reliable comparisons between different models in agricultural decision-making systems.
These metrics enable the comprehensive assessment of each model's performance based on key
aspects that impact real-world implementation, such as decision accuracy, processing speed, system
scalability, and resource efficiency. E; is essential for evaluating how well each model can make
correct decisions across various test cases. This measure allows for the comparison of model accuracy,
ensuring that models that provide more accurate decisions are recognized. The equation ensures that
decision-making quality is not judged by subjective measures but rather by quantifiable outcomes—
correct vs. total decisions. Tg,, addresses the time efficiency of each model, which is particularly
important in real-time decision-making systems. In agricultural systems where timely actions can
significantly affect productivity, minimizing decision-making time is vital. By calculating the average
time taken to process decisions, it provides insight into how fast each model can respond to dynamic
agricultural data. S;,4., evaluates a model's ability to handle increasing volumes of data as more IoT
devices are integrated into the system. In modern agriculture, where large amounts of data are
generated, scalability ensures that models can handle growth without degradation in performance.
R.rr measures the relationship between input resources and agricultural output, providing insight
into how well a model optimizes the use of available resources like water, fertilizers, and
computational power. Efficient resource utilization is especially critical in sustainable agriculture,
where minimizing waste and maximizing output is a priority. Together, these equations standardize
the evaluation process, ensuring a consistent framework for comparing models and facilitating the
identification of the most effective solutions for agricultural decision-making.

4. Results

Decision-making efficiency refers to how effectively each model can arrive at decisions based on
the given datasets. In Table 3, the "VIM" (Vegetation Index Models), "MLBC" (Machine Learning-
Based Classification), "GM" (Geostatistical Models), "RBDSS" (Rule-Based Decision Support
Systems), and "CBRIoT" (Case-Based Reasoning with IoT) are compared on several datasets: AV
(Agricultural Vegetation), EAV (Enhanced Agricultural Vegetation), SA (Soil Analysis), SR (Soil
Resources), SP (Soil Properties), and ACFR (Agricultural Crop and Fertility Resources). The values
in the table represent the efficiency of the decision-making process for each model.
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Table 3. Decision-Making Efficiency.
Dataset VIM MLBC GM RBDSS CBRIoT

AV 0.78 0.82 0.65 0.85 0.92
EAV 0.8 0.83 0.66 0.86 0.93
SA 0.76 0.81 0.64 0.84 0.91
SR 0.79 0.82 0.63 0.85 0.92
SP 0.77 0.8 0.62 0.83 0.9
ACFR 0.81 0.84 0.67 0.87 0.94

CBRIoT consistently outperforms the other models across all datasets. For example, in the AV
dataset, CBRIoT achieves a decision-making efficiency of 0.92, significantly higher than the other
models. This indicates that CBRIoT is the most effective at utilizing data to make accurate, reliable
decisions in real time, which is crucial for agricultural decision-making. Models like RBDSS, VIM,
and MLBC follow closely, but their efficiency scores are generally lower. GM, although a useful
model for spatial analysis, lags behind in terms of decision-making efficiency. This suggests that
while CBRIoT leverages IoT data to enhance real-time decisions, the other models focus on specific
data types or are more static in their decision-making approach.

Processing time per decision measures how quickly each model can process the available data
and generate actionable outcomes. In Table 4, the dataset values for each model reflect the time
required to make decisions based on the input data. Models like CBRIoT show the shortest processing
times, indicating that it can efficiently process data and generate decisions faster than the other
models. For example, in the AV dataset, CBRIoT takes only 0.85 units of time to make a decision,
significantly quicker than models like GM, which takes 2.3 units of time.

Table 4. Processing Time Per Decision.

Dataset VIM MLBC GM RBDSS CBRIoT
AV 1.25 1.1 2.3 1.05 0.85
EAV 1.22 1.08 2.35 1.02 0.83
SA 1.28 1.12 24 1.07 0.87
SR 1.24 1.09 2.38 1.04 0.84
SpP 1.27 1.11 245 1.06 0.86
ACFR 1.2 1.07 2.28 1.03 0.82

The short processing time in CBRIOT is largely attributed to its efficient handling of real-time
IoT data, which allows the model to make decisions faster without sacrificing the quality of its
outputs. On the other hand, models like GM, which rely on spatial data and statistical techniques,
tend to have longer processing times as they require more computational resources and time to
analyze complex datasets. RBDSS also has relatively short processing times, but not as low as CBRIoT.
This highlights the potential of CBRIoT to provide rapid decision-making support, which is vital in
agricultural environments where timely responses can improve productivity and minimize losses.

The scalability index reflects the ability of each model to perform efficiently as the dataset size
increases. Table 5 compares the scalability of VIM, MLBC, GM, RBDSS, and CBRIoT across different
datasets. CBRIoT consistently shows the highest scalability, with values close to 1 in all datasets, such
as 0.95 in the AV dataset. This suggests that CBRIoT is highly capable of handling large and complex
datasets without a significant loss in performance. Its strong scalability is due to its reliance on case-
based reasoning, which allows the model to adapt and process new information efficiently as the
amount of data grows.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.2029.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 May 2025

d0i:10.20944/preprints202505.2029.v1

17 of 23
Table 5. Scalability Index.
Dataset VIM MLBC GM RBDSS CBRIoT

AV 0.72 0.8 0.45 0.85 0.95
EAV 0.75 0.82 0.4 0.88 0.97
SA 0.7 0.78 0.42 0.83 0.94
SR 0.73 0.81 0.43 0.86 0.96
sp 0.71 0.79 0.41 0.84 0.93
ACFR 0.74 0.83 0.39 0.87 0.98

In contrast, GM shows lower scalability, particularly in datasets like EAV and ACFR, where its
values are around 0.4-0.45. This indicates that GM struggles with handling large datasets due to the
complexity of spatial data and the need for interpolation techniques, which can be computationally
intensive. RBDSS and VIM also show moderate scalability but still lag behind CBRIoT. MLBC
demonstrates good scalability, but it may require additional computational resources as the dataset
increases. Overall, CBRIoT stands out as the most scalable model, making it highly suitable for large-
scale agricultural applications where data volume and complexity continue to grow.

Resource utilization efficiency refers to how effectively each model uses computational
resources (such as memory and processing power) to deliver results. In Table 6, CBRIoT
demonstrates the highest resource utilization efficiency across all datasets. For example, in the AV
dataset, CBRIoT achieves a resource utilization efficiency of 0.95, indicating that it effectively utilizes
resources while delivering accurate decisions. This efficiency is crucial in agricultural applications,
where there may be limited access to high-end computational infrastructure, especially in rural areas.

In comparison, models like GM have lower resource utilization efficiency, with values as low as
0.35 in the ACFR dataset. GM’s reliance on spatial data and advanced techniques such as kriging
requires more memory and processing power, making it less efficient in utilizing resources. Similarly,
models like VIM and MLBC also show lower efficiency in comparison to CBRIoT. The ability of
CBRIoT to perform well in terms of resource efficiency means it can be deployed in real-time systems
that rely on IoT devices and sensors, making it a more practical choice for precision agriculture.
Efficient use of resources ensures that farmers can implement these systems without the need for
expensive infrastructure or excessive power consumption, further enhancing the accessibility and
practicality of CBRIoT in agricultural decision-making.

Table 6. Resource Utilization Efficiency.

Dataset VIM MLBC GM RBDSS CBRIoT
AV 0.68 0.75 0.4 0.82 0.95
EAV 0.7 0.77 0.38 0.85 0.97
SA 0.66 0.73 0.39 0.8 0.94
SR 0.69 0.76 0.37 0.83 0.96
spP 0.67 0.74 0.36 0.81 0.93
ACFR 0.71 0.78 0.35 0.86 0.98
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Figure 4. Comparison of Scalability Index.
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Figure 5. Comparison of Resource Utilization Efficiency.

5. Discussion

In exploring the integration of Case-Based Reasoning (CBR) and Internet of Things (IoT) in
agricultural remote sensing, the research questions (RQ) and research objectives (RO) provide a clear
framework for guiding the development, evaluation, and application of this approach. RQ(O)1, by
analyzing previous cases and applying them to current scenarios, CBR can assist in making context-
specific decisions in real-time. This enhances the precision of agricultural practices, including
irrigation, fertilization, pest control, and overall crop management. The key focus is on how CBR
adapts past knowledge to evolving conditions, improving the overall decision-making process in
agricultural operations. RQ(O)2, IoT technology allows for continuous monitoring of variables such
as soil moisture, temperature, and crop health, which can feed into a CBR system. This integration
facilitates adaptive learning, where the system can improve its decision-making over time based on
incoming real-time data. The primary objective is to assess how this hybrid approach enables timely,
context-aware decisions that can optimize agricultural practices and resource management,
improving both productivity and sustainability. RQ(O)3, Rule-Based Decision Support Systems
(RBDSS), and Geostatistical Models (GM). This includes assessing key factors like decision-making
accuracy, processing time per decision, and scalability to handle large datasets. Based on the
provided tables, it's evident that CBRIoT outperforms traditional models in these areas. This research
will aim to quantify these improvements, demonstrating how the hybrid system offers faster, more
accurate, and scalable solutions for precision agriculture, thereby encouraging its adoption for large-
scale agricultural applications. RQ(O)4, challenges could include issues related to data integration,
connectivity, sensor calibration, and maintaining real-time data streams in remote areas. Moreover,
farmers and agricultural stakeholders may face difficulties in adapting to these advanced
technologies, especially in regions with limited technological infrastructure. The aim is to understand
these barriers and propose solutions to facilitate the smooth integration of CBR-IoT systems into
agricultural operations. The findings will guide the development of practical, scalable systems that
can be widely adopted by farmers, contributing to improved resource utilization and increased
agricultural productivity. By addressing these research questions and objectives, the study aims to
advance the field of agricultural decision-making, providing a comprehensive evaluation of how
CBR, when integrated with IoT, can transform precision agriculture. The findings will offer valuable
insights into both the theoretical and practical aspects of using this technology to enhance agricultural
sustainability and productivity.
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6. Conclusions

In conclusion, the integration of CBR with IoT technologies presents a highly promising
approach to enhancing decision-making efficiency in agriculture. By leveraging real-time
environmental data from IoT devices such as soil moisture sensors, weather stations, and drones, this
model facilitates a dynamic, adaptive, and context-aware decision-making process that can
significantly improve agricultural practices. The CBR system's ability to retrieve and adapt solutions
from past agricultural cases, based on current environmental conditions, provides farmers with
personalized recommendations that are both timely and relevant. This ability to continuously update
the knowledge base with new data and interventions enhances the system’s capacity for long-term
learning, ensuring that the decision-making process becomes more accurate and effective over time.
The comparison of the CBRIoT model with traditional models such as Vegetation Index Models
(VIM), Machine Learning-Based Classification (MLBC), Geostatistical Models (GM), and Rule-Based
Decision Support Systems (RBDSS) demonstrates its superior performance across several key metrics,
including decision-making efficiency, processing time, and scalability. The model outperforms its
counterparts by providing more accurate decisions with reduced processing times, enabling farmers
to respond more quickly to changing conditions such as weather shifts, pest infestations, or crop
health issues. The scalability index also highlights the CBRIoT model’s potential to handle large-scale
agricultural data, making it a versatile tool for diverse farming contexts. As agriculture continues to
adopt digital technologies, the CBRIoT approach provides a robust framework for integrating
traditional knowledge with real-time data, fostering better decision-making and resource
management. The ability to dynamically adjust recommendations based on current conditions not
only enhances operational efficiency but also supports sustainable agricultural practices by
promoting efficient resource use. Furthermore, the continuous learning and self-improvement aspect
of the model ensures that the system becomes more refined with each decision cycle, ultimately
driving improved outcomes for crop management and overall farm productivity. By offering
actionable insights in a user-friendly interface, the CBRIoT system can empower farmers to make
informed, data-driven decisions that improve yields and reduce costs. This approach has the
potential to revolutionize the agricultural industry, enabling farmers to navigate the complexities of
modern agriculture with enhanced precision and efficiency. As this model continues to evolve and
adapt, it can play a significant role in addressing global food security challenges, ensuring that
agricultural systems are more resilient, sustainable, and capable of meeting the growing demands of
the world’s population.

Future work in the integration of CBR with IoT for agriculture holds significant potential for
further enhancement and expansion. One promising direction is the development of more advanced
data fusion techniques to integrate data from a wider variety of sources, such as satellite imagery,
soil sensors, and climate data, with greater accuracy and speed. This could enable a more
comprehensive understanding of agricultural conditions and improve the system’s predictive
capabilities. Additionally, expanding the scope of the case library by incorporating more diverse
agricultural scenarios from different regions and crop types will enhance the system’s adaptability
and applicability to various farming environments. Another area for development is the
incorporation of advanced machine learning algorithms, such as deep learning, to refine the
similarity matching process, enabling the system to identify even more subtle patterns in data and
improve the relevance of retrieved cases. Real-time data processing and predictive analytics could be
further optimized by integrating edge computing, allowing for faster data analysis and decision-
making at the point of collection, reducing reliance on centralized cloud processing. The user
interface can also be improved by adding more interactive and customizable features, providing
farmers with tailored insights and easier-to-understand visualizations. Lastly, there is room for
greater collaboration with agricultural research institutions to enhance the system’s knowledge base
with the latest scientific findings, fostering continuous learning and innovation in agricultural
practices. These advancements could lead to more intelligent, efficient, and scalable agricultural
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solutions that are better equipped to address global challenges such as climate change, resource
scarcity, and food security.
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