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Abstract  Article Info 

Decision Support Systems (DSS) in smart farming require 

methodologies capable of representing the holistic complexity of 

agricultural ecosystems. This study proposes a DSS framework 

based on unsupervised machine learning, specifically K-Means 

clustering, to automatically segment land profiles using IoT sensor 

records. The dataset consists of 500 global sensor data points 

covering seven essential environmental variables: soil moisture, 

pH, temperature, rainfall, humidity, sunlight duration, and the 

NDVI index. Through Principal Component Analysis (PCA) for 

dimensionality reduction and Silhouette Score evaluation, the 

system successfully identified and mapped seven land profiles 

with distinct microclimatic characteristics. Cross-tabulation 

analysis further demonstrates the principal novelty of this DSS, 

namely its ability to classify land into "Safe Zones" (Clusters 0, 3, 

and 4), which are characterized by Mild disease status and are 

suitable for Soybean, Cotton, and Maize, as well as "High-Risk 

Zones" (Clusters 1, 2, 5, and 6), which consistently correspond to 

Severe disease status. These findings indicate that a DSS based on 

environmental clustering is substantially more effective for crop 

selection recommendations and disease prevention than 

conventional predictive approaches. Ultimately, this framework 

provides farmers with actionable insights to optimize productivity 

and minimize agricultural risk. 
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Introduction 

The adoption of the Internet of Things (IoT) in agriculture has enabled the continuous generation 

of sensor-based time-series data, which serves as the basis for the development of smart farming 

systems (Lestari et al., 2026)(Choudhary et al., 2025). Environmental variables such as soil 

moisture, air temperature, and vegetation indices including NDVI can now be monitored in real 

time to support smart farming practices (Wa ode denada mar ella et al., 2026)(Fathollahi et al., 

2024). However, the abundance of such data is often not matched by the system’s capacity to 

convert raw information into agronomic policies that are easily understood by field practitioners 

(Pratiwi et al., 2021). For this reason, a Decision Support System (DSS) is needed to uncover hidden 
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patterns within the complex interactions among environmental variables without depending on 

crop yield labels, which are inherently influenced by multiple factors. 

Most recent agricultural decision-support studies still rely heavily on supervised learning 

to predict crop yields in absolute terms (Jabed & Azmi Murad, 2024). This approach has an 

important limitation because crop yield is influenced by genetic characteristics and local 

microclimatic conditions that are often not captured by macro-scale IoT sensors (Nurwarsito et al., 

2024)(Iriyanta et al., 2023). A significant research gap therefore remains in the use of IoT sensor 

data alone, without yield as a target variable, to gain a better understanding of dynamic land 

suitability (Syam et al., 2024). Specifically, the gaps in previous research regarding IoT-based 

clustering in smart farming are characterized by the scarcity of studies that leverage unsupervised 

learning to segment real-time environmental data for decision support. While traditional clustering 

methods often rely on static historical datasets or soil composition, there is a lack of frameworks 

that utilize continuous IoT sensor streams to dynamically identify land profiles and their direct 

correlation with crop health, specifically disease susceptibility. The main novelty of this research 

compared to conventional agricultural DSS is the transition from a supervised, yield-centric 

prediction model to an unsupervised clustering framework. Unlike traditional approaches that 

depend on historical yield labels to train algorithms, this study leverages pure IoT sensor data to 

autonomously discover land profiles and directly map these environmental patterns to crop 

disease susceptibility, providing a robust alternative that functions independently of complex 

yield-influencing variables. 

This study addresses the identified gap by proposing a decision support system 

framework based on unsupervised learning (Akhiril Anwar Harahap et al., 2023)(Noviardi & 

Rosda Syelly, 2026). Rather than estimating crop yields, the system automatically segments land 

profiles to map interactions among sensor parameters and directly associate them with crop 

disease risk. To implement this approach, the problem-solving procedure follows a structured 

pipeline: first, Principal Component Analysis (PCA) is applied to reduce the dimensionality of the 

complex IoT variables and minimize multicollinearity; second, K-Means Clustering is used to 

group the land profiles; and finally, cross-tabulation analysis is conducted to empirically verify the 

relationship between the resulting clusters, crop types, and disease severity. 

How can a DSS model based on K-Means clustering be developed to group agricultural 

land profiles using IoT sensor data and identify crop disease distribution patterns within each 

cluster? This study aims to classify land profile characteristics into several clusters based on IoT 

sensor parameters through PCA and K-Means, as well as to examine the relationship between the 

resulting land profiles, crop dominance, and disease severity as the foundation for DSS 

recommendations. 

Ultimately, this research aims to produce a robust DSS model that classifies land into 

actionable "Safe" and "High-Risk" zones. The practical value of this system lies in equipping 

farmers with accurate, data-driven insights for making better crop selection decisions and 

preventing disease at an early stage, thereby reducing agricultural losses and minimizing resource 

inefficiency. 

  

Method 

This study employs a computational quantitative approach and utilizes an unsupervised machine 

learning-based Knowledge Discovery in Databases (KDD) framework (Shu & Ye, 2023)(Yu et al., 

2024). The KDD framework was selected because it offers a systematic method for extracting 

implicit, previously unknown, and potentially valuable insights from large volumes of IoT data. 

 Data processing was carried out computationally in 2024. The data were obtained from a 

secondary source, specifically a global agronomic repository available in the Kaggle dataset. This 
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dataset includes 500 farm observation points collected from various regions around the world. The 

population consists of all sensor log records contained in the dataset. As the primary inputs for the 

DSS, seven continuous environmental variables were selected as features: soil_moisture_%, 

soil_pH, temperature_C, rainfall_mm, humidity_%, sunlight_hours, and NDVI_index (Arif et al., 

2024). Seven environmental variables were selected as the primary features for the DSS because 

they comprehensively represent the critical biotic and abiotic factors that directly influence plant 

physiological processes and disease development. By encompassing soil conditions (moisture and 

pH), atmospheric parameters (temperature, rainfall, humidity, and sunlight), and vegetation health 

(NDVI), these variables provide a holistic environmental fingerprint necessary to accurately 

distinguish between land profiles without relying on yield data. In contrast, the categorical 

variables, namely crop type and disease status, were intentionally excluded from the clustering 

stage to preserve the unsupervised nature of the model and were instead used in the post-

clustering cross-tabulation analysis. 

 
Figure 1. Flowchart of Research Stages 

 

 The procedure in this study, as shown in Figure 1, is presented chronologically and 

consists of five structured stages. First, pre-processing involves removing identification variables 

such as farm_id, timestamps, and coordinates, followed by data standardization using 

StandardScaler to ensure that all environmental features are given equal weight. Second, 
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dimensionality reduction is performed by applying Principal Component Analysis (PCA) to 

transform the seven variables into two principal components, thereby reducing multicollinearity 

while preserving as much variance as possible (Sari, 2023). Third, the optimal number of clusters is 

determined by identifying the best k through the Silhouette Score method (Putri Vania & Betha 

Nurina Sari, 2023). Fourth, K-Means clustering is applied to group the data based on the optimal k 

value obtained in the previous step (Nugroho & Adhinata, 2022). Fifth, DSS formulation is 

conducted through cross-tabulation analysis to examine the relationship between the resulting 

clusters and the categorical variables, thereby generating decision rules (Giatma Dwijuna Ahadi & 

Chintyana, 2025). 

 To measure, test, and evaluate the model’s results, its predictive performance will be 

rigorously assessed using Root Mean Square Error (RMSE) to quantify the magnitude of absolute 

error in Kg/ha, and the R-Squared (R2) metric to determine the proportion of variance in rice yield 

explained by the model. These evaluation metrics will be computed after inverse transformation to 

preserve real-world interpretability, and the outcomes will be compared with baseline historical 

averages to statistically confirm the added value of the multivariate exogenous features and the 

LSTM architecture. 
 

Results and Discussions 

The presentation of the data begins with the clustering optimization results, where the 

Silhouette Score analysis confirms that k=7 is the optimal number for segmenting the IoT sensor 

data. The factor that led to k=7 being selected as the optimal number of clusters is that it yielded 

the highest average Silhouette Score compared to other k values, indicating that the data points 

within each cluster are very close to each other (cohesive) while being distinctly far from points in 

other clusters (separated). This quantitative validation ensures that the seven clusters represent the 

most natural and statistically significant grouping of the complex environmental variables without 

forcing arbitrary divisions. 

 
Figure 2. PCA Mapping Visualization 

 

The effectiveness of the dimensionality reduction technique is clearly shown in Figure 2, 

where the PCA visualization reveals distinct boundaries among the seven land profile clusters 

with minimal overlap. This visual result strongly suggests that the combination of seven sensor 

parameters creates a unique environmental “fingerprint”.  
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Table 1. Sensor Centroid Characteristics of 7 Land Profiles 

Cluster 
Soil Moisture 

(%) 
Temp (°C) 

Rainfall 

(mm) 

Humidity 

(%) 

Sunlight 

(hrs) 
NDVI 

0 23,34 24,12 133,01 77,42 8,6 0,75 

1 22,97 27,11 139,51 50,33 5,97 0,68 

2 31,6 23,31 108,42 73,72 6,4 0,42 

3 35,66 25,01 206,57 53,07 8,4 0,55 

4 33,24 20,08 237,06 68,88 6 0,77 

5 25,81 28,33 247,38 75,41 6,79 0,55 

6 15,2 24,49 196,87 61,25 7,02 0,55 

 

To provide a quantitative explanation of these profiles, Table 1 presents the centroid 

output of the algorithm, which describes the average environmental conditions for each cluster. 

The interpretation of Table 1 is highly plausible because it reflects the complex inverse 

relationships among the variables; for example, Land Profile 4 shows the highest rainfall (237.06 

mm) together with the lowest temperature (20.08°C) and the highest NDVI value (0.77). In contrast, 

Land Profile 6 indicates a critical agronomic irregularity: although rainfall remains relatively high 

(196.87 mm), soil moisture is extremely low (15.20%). This pattern suggests sandy soil conditions 

with excessive drainage, which is consistent with the theoretical explanation (Yonce Melyanus 

Killa et al., 2024) and demonstrates that the clustering results are not only statistically valid but 

also agronomically meaningful. 

 
Figure 3. The Average Crop Yield 

Although Figure 3 offers an initial explanation by presenting a bar chart of the average 

crop yield across clusters along with the dominant crop types, the main scientific contribution of 

this study is more clearly demonstrated through the cross-tabulation analysis in Table 2. This table 

is essential to the interpretation because it shifts attention from simple productivity values to the 

underlying relationship between environmental profiles and disease susceptibility.  

 
Table 2. DSS Recommendations: Cross-Tabulation Analysis of Land, Crops, and Diseases 

Cluster 
Average Yield 

(kg/ha) 

Dominant 

Crop 

Dominant Disease 

Status 
Land Area 

DSS Zone 

Classification 

0 4117,48 Soybean Mild 61 Safe Zone 

3 3976,18 Cotton Mild 79 Safe Zone 

4 3839,39 Maize Mild 65 Safe Zone 

1 4189,38 Cotton Severe 70 Risk Zone 

2 4161,77 Maize Severe 74 Risk Zone 
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5 3990,25 Cotton Severe 69 Risk Zone 

6 3964,18 Maize Moderate 82 Risk Zone 

 

The discussion and analysis of Table 2 are directly aligned with the research objective, as 

they reveal an important novelty by successfully classifying the land into two distinct policy 

categories based on disease risk. The "Safe Zones" (Clusters 0, 3, and 4) are consistently associated 

with Mild disease status. The data reasonably indicate that Profile 0, which is marked by a balance 

of high humidity (77.42%) and optimal sunlight (8.60 hours), provides a suitable environment for 

Soybean, while Clusters 3 and 4 support the disease resistance of Cotton and Maize. This 

interpretation is highly consistent with the findings and supports the view (YUNI RESTI et al., 

2022) that the balance between light exposure and humidity is a key indicator of crop resilience. In 

contrast, the "High-Risk Zones" (Clusters 1, 2, 5, and 6) offer a clear explanation of crop-land 

mismatch conditions. Land Profile 1, with high temperature (27.11°C), low humidity (50.33%), and 

low NDVI (0.68), logically creates environmental stress that leads to Severe disease in Cotton. 

Likewise, Land Profile 2’s very low NDVI value (0.42) is directly associated with the highest 

disease severity in Maize. Overall, this analysis shows that the proposed DSS is capable of 

identifying hazardous environmental interactions that cannot be detected from yield values alone 

(Fathir et al., 2025)(Herfia Rhomadhona et al., 2021)(Fani Arinda et al., 2025). 

The contribution of real-time clustering to the development of smart farming systems lies 

in its ability to transform static land management into dynamic, responsive interventions. By 

continuously segmenting land based on live sensor data, the system enables immediate detection 

of environmental shifts—such as sudden moisture drops or temperature spikes—that signal 

emerging disease risks before visual symptoms appear, thereby facilitating proactive rather than 

reactive agricultural practices. Furthermore, the implications of this research for the development 

of AI-driven agricultural DSS are profound, as it demonstrates that unsupervised learning models 

can serve as a robust alternative to traditional supervised systems in data-scarce environments. 

This study establishes a framework where the DSS does not merely predict future yields but 

actively diagnoses current land health and suitability, paving the way for autonomous decision-

making systems that rely on environmental pattern recognition rather than extensive historical 

labeling. 

 

Conclusions 

This research successfully demonstrates that a Decision Support System (DSS) architecture based 

on unsupervised machine learning, specifically K-Means clustering, can map 500 land points into 

seven distinct microclimatic profiles using only seven IoT sensor parameters. The main findings 

indicate that patterns of environmental interaction are the key determinants of crop conditions, 

enabling the system to identify "Safe Zones" (Clusters 0, 3, and 4), which are resistant to severe 

disease, as well as "Risk Zones" (Clusters 1, 2, 5, and 6), which consistently correspond to severe 

disease status. The implications of using K-Means clustering for mapping agricultural land profiles 

are profound, as this approach allows for the objective segmentation of heterogeneous farmland 

into distinct management zones based on quantitative environmental similarities rather than 

arbitrary administrative boundaries. This granular mapping facilitates precision agriculture by 

enabling farmers to apply targeted inputs and specific crop varieties to each zone, optimizing 

resource allocation and minimizing waste while maximizing yield potential. The principal 

contribution of this study lies in the development of automatic, data-driven decision rules for 

disease risk mitigation, eliminating the need for predefined yield labels. The practical significance 

of these findings is substantial, as agricultural management can shift from reactive disease 

treatment to proactive, environment-based prevention by using sensor-driven zonal classifications 
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to improve crop selection and reduce agricultural losses. However, this study also has several 

limitations. First, the current clustering model is based on static cross-sectional data and has not yet 

captured temporal dynamics or real-time fluctuations in microclimatic conditions. Second, the 

model does not include underlying soil physical properties, such as texture or structure, which 

may help explain anomalies such as excessive drainage. These limitations open a clear direction for 

future research, which is recommended to develop a dynamic clustering-based DSS capable of 

updating land profiles in real time as hourly sensor data are received. The opportunities for further 

research using dynamic clustering and streaming IoT data are significant, particularly in enabling 

the system to capture temporal dependencies and evolutionary patterns in microclimatic 

conditions. By leveraging continuous data streams, future DSS frameworks can evolve into 

adaptive early-warning mechanisms that detect environmental drift and sudden changes, allowing 

for immediate agronomic interventions rather than relying on static, historical snapshots. 

Furthermore, future research is recommended to incorporate deeper soil physical attributes into 

the feature set. 
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