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The object of this research is agricultural land in 
highland areas that have the potential to be planted with 
garlic. The main problem solved is the difficulty of iden-
tifying and selecting optimal land for planting garlic effi-
ciently and objectively, especially in large and geograph-
ically complex areas. Special focus is given to data and 
spatial parameters that affect land welfare. In addition, 
planting garlic can be a promising business opportuni-
ty, especially in areas that have environmental condi-
tions that support its growth. However, garlic production 
in Indonesia is often unable to meet market demand, 
resulting in dependence on imports. This is a common 
problem that can increase the price of garlic on the mar-
ket. This study aims to increase crop yields and resource 
utilization efficiency, but also provide adaptive solutions 
to climate challenges and support national food secu-
rity by using principal component analysis (PCA) and 
K-means. Researchers use principal component analy-
sis (PCA) to reduce data dimensions or simplify complex 
input variables such as altitude, rainfall, temperature, 
soil type, and others-without losing important infor-
mation. After that, the K-means clustering algorithm 
was used to group the areas into several land suitability 
classes based on the results of the dimension reduction 
from PCA. The PCA and K-Means methods help in data-
based decision making for more efficient agricultural 
land development. The clustering results can be used by 
farmers, governments, and agribusiness companies to 
determine the most suitable locations for planting garlic. 
The results of the spatial study of garlic cultivation land 
using PCA and K-means successfully determined spatial 
land by conducting a classification test with a test accu-
racy using Inerta of 0.49% and using the Silhouette Score 
test of 0.89%
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1. Introduction

Garlic (Allium sativum) is one of the high-value horticul-
tural commodities that plays an important role in the lives of 
Indonesians, both as a basic ingredient in cooking and in the 
health sector. Along with population growth and increasing 
national consumption needs [1]. In areas such as Berastagi, 
determining the right land is crucial to improving produc-
tivity and efficiency in cultivation. However, commonly used 
land selection methods still rely on statistical maps, manual 
assessments, or general advice that often does not take into 
account the spatial diversity of land characteristics. There-
fore, a computation-based approach is needed that can man-
age and analyze large-scale spatial data more effectively [2].

Garlic (Allium sativum L.) is one of the horticultural com-
modities that has strategic value in Indonesia due to its role 
as a staple food and main spice in cooking. Unfortunately, 
Indonesia’s dependence on garlic imports is still very high, 
reaching around 94% of national demand. This situation 
poses a major challenge to national food security and leads to 
price instability due to supply fluctuations and unpredictable 
weather conditions [3].

Optimizing the spatial selection of garlic cultivation areas is 
crucial, not only to enhance productivity but also as a founda-

tion for formulating more targeted agricultural policies. This is 
the key to the success of a sustainable self-sufficiency program, 
by integrating technical, economic, and social dimensions into 
the national garlic commodity development strategy [4].

Within this framework, principal component analy-
sis (PCA) and K-means Clustering offer promising approach-
es for analyzing and grouping regions based on the spatial 
suitability of land characteristics. PCA is useful for reducing 
the number of variables determining land suitability, while 
K-means enables the grouping of regions into specific cat-
egories based on their suitability levels. The use of spatial 
technology and statistical methods allows the identification 
of potential land to be conducted in a more objective, system-
atic, and efficient manner [5].

Therefore, efforts to increase garlic productivity are 
very important. Garlic plants require certain environmental 
conditions to grow optimally, such as an altitude of 600–
1200 meters above sea level, cool temperatures (10–25°C), 
loose soil texture, neutral to slightly alkaline soil pH, and 
sufficient but not excessive water availability. With these 
special requirements, selecting the right land is the key to 
successful cultivation. However, manual and subjective land 
mapping is often unable to provide accurate and efficient 
recommendations [6].
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are still issues related to the model’s generalizability under 
varying field conditions, such as irregular clove shapes, re-
maining skin, and the complexity of integrating the system 
with diverse planting machines. Additionally, technical chal-
lenges in synchronizing image recognition with mechanical 
actuation in the field limit widespread application.

Paper [17] develops a land suitability classification system 
for garlic cultivation using the Spatial ID3 algorithm in the 
form of a web application. This system can visualize land 
suitability maps and recommend varieties based on region. 
However, this model cannot predict regions with conditions 
not represented in the training data, especially in microeco-
systems not covered by available spatial data. The complexity 
and cost of collecting large-scale data also pose challenges for 
national-level implementation.

Paper [18] proposes a more efficient approach through 
the application of principal component analysis (PCA) for 
environmental data dimension reduction, as well as K-means 
Clustering for grouping regions based on characteristics rele-
vant to garlic cultivation. This approach is considered capable 
of addressing some of the issues in accurate and computa-
tionally efficient spatial classification.

Paper [19] shows that the integration of AI and IoT in 
modern hydroponic systems can improve the efficiency of 
nutrient management, irrigation, and disease detection. 
However, there are still challenges such as high initial costs, 
technical complexity, and low user skills in operating auto-
mated systems in real-time. Therefore, a modular system that 
is easy for farmers to use is needed.

Papers [20, 21] highlight the development of an IoT sen-
sor-based crop recommendation system and soil nutrient 
analysis. The weakness lies in the limited technological 
infrastructure in rural areas and the low digital literacy of 
farmers. The proposed solution is to simplify the system into 
a modular form and an offline-first mobile application based 
on low-cost devices, although this approach does not yet in-
clude full integration of IoT and AI.

Papers [22, 23] investigate the relationship between hab-
itat conditions and the content of bioactive compounds in 
Allium ursinum. The research shows that soil and climate 
factors significantly influence yield and compound content, 
but also reveals a mismatch between the optimal location for 
biomass yield and secondary metabolite content. Additional-
ly, there is no predictive spatial model available that can fully 
integrate all environmental parameters.

Therefore, the main unresolved issue emerging from the 
reviewed literature is the absence of a land selection classi-
fication model that can be used in garlic cultivation, which 
is lightweight, accurate, and adaptive, and implemented in 
real-time.

There are several limitations in the land selection optimi-
zation model for garlic cultivation using PCA and K-means ap-
proaches in spatial intelligence systems, including: limitations 
in representing heterogeneous environmental data, the mod-
el’s inability to capture local agronomic complexity, and the 
assumption of cluster homogeneity, which is inconsistent with 
the diversity of agroecosystems in the field. Additionally, this 
model remains static and does not consider temporal dynamics 
or integration with real-time data. These issues have prompted 
the current research to develop a more adaptive and contextual 
spatial intelligence system approach by integrating dimension 
reduction and spatial clustering methods into a framework 
capable of accommodating multi-source data, accounting 
for local ecological variability, and generating operationally 

Several studies have been conducted to solve the problem 
including in garlic cultivation, land characteristics are very 
important in cultivating land to achieve optimal garlic pro-
duction. Based on previous research [7], it is possible to state 
that most garlic cultivation is done in the highlands with an 
altitude greater than 700 m above sea level. The government 
is currently implementing a policy to expand garlic culti-
vation. An important part of this policy is the development 
of technology to monitor garlic production. To support the 
government to increase garlic productivity, machine learn-
ing technology is needed to determine the spatial location 
of highland land in cultivation that has an impact on crop 
production [8].

Therefore, the research topic of developing a spatial intel-
ligence-based land selection system with PCA and K-means 
approaches is very important to be studied further. This issue 
is not only practically relevant in the context of increasing na-
tional garlic production, but also in line with the development 
of science and technology in the field of precision agriculture. 
The application of PCA and K-means methods in spatial 
data-based systems has the potential to produce a more effi-
cient, objective, and accurate land selection process. Amidst 
the challenges of climate change and limited productive 
land, this approach is expected to make a real contribution to 
efforts to increase land efficiency, agricultural productivity, 
and strengthen national food security [9–12]. 

2. Literature review and problem statement

The use of artificial intelligence (AI) technology in 
agriculture has opened up great opportunities to improve 
efficiency and accuracy in the management of garlic horticul-
ture. However, various studies show that there are still signif-
icant challenges and shortcomings, both from a technical and 
implementation perspective.

Paper [13] discusses an IoT-based smart irrigation system 
and machine learning for garlic cultivation in Enrekang 
Regency, South Sulawesi. This system can measure soil mois-
ture, temperature, and air humidity in real-time, and provide 
high-accuracy irrigation recommendations using a random 
forest algorithm (94% accuracy, AUC 0.90). However, the 
main limitation identified is the lack of integration with pest 
detection systems, which are important for supporting irriga-
tion decisions that consider pesticide effectiveness.

Paper [14] presents a systematic review of 43 studies 
on IoT-based smart irrigation systems that incorporate ad-
vanced machine learning models. The study concludes that 
such systems can improve water use efficiency by up to 50%. 
However, several major challenges were identified, such as 
suboptimal integration of data from various sources, limited 
network connectivity in remote agricultural areas, and scal-
ability constraints for widespread implementation.

Paper [15] develops an Arduino-based solar-powered 
automatic irrigation system for garlic cultivation in lowland 
areas, achieving water efficiency of 46%. While this system 
shows promise in terms of energy and water efficiency, 
significant weaknesses include the lack of real-time interop-
erability of microclimate data and minimal integration with 
other agronomic factors, such as pest management and fer-
tilization.

Paper [16] develops a method for recognizing the ori-
entation of garlic cloves based on image contours and deep 
learning. Although recognition accuracy exceeds 98%, there 
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interpretable outputs to support decision-making in the devel-
opment of sustainable garlic cultivation.

3. The aim and objectives of the study

The objective of this study is to develop a model for 
selecting garlic growing areas through a machine learning 
classification approach using PCA and K-Means. To achieve 
this aim, the following objectives are accomplished:

– to preprocess spatial data of highland areas as the main 
spatial variable using principal component analysis (PCA) 
and K-means;

– to evaluate the contribution of principal component 
analysis (PCA) and K-means clustering in identifying garlic 
cultivation areas by measuring the accuracy and stability of 
clustering results based on spatial data variation;

– to visualize and improve the effectiveness of the spatial 
soil clustering model by proposing an approach to refine the 
PCA and K-means parameters, as well as evaluating metrics 
such as precision, recall, F1-score, and representative spatial 
visualization.

4. Materials and methods

4. 1. Object and hypothesis of the study
This study focuses on the spatial characteristics of high-

land areas for garlic cultivation, which are used to develop 
and evaluate a model for selecting garlic farming areas. The 
main hypothesis is that the combination approach between 
principal component analysis (PCA) and K-means clustering 
in a spatial intelligence system is able to optimize the se-
lection of garlic cultivation land by increasing the accuracy 
of land suitability based on environmental variables, and 
producing spatial information that can be used practically to 
support agronomic decisions in various regions. This study 
assumes that the characteristics of garlic cultivation land 
can be effectively represented through a combination of land 
variables reduced using principal component analysis (PCA), 
and that areas with similar characteristics can be accurately 
identified using K-means clustering. In addition, it is as-
sumed that this approach, when implemented in a spatial 
intelligence system, is able to produce agronomically relevant 
land classifications and is operationally useful in sustainable 
garlic cultivation planning.

4. 2. Datasets
The dataset used in this research will be divided into two, 

namely training data and testing data. For the training pro-
cess, the data used consists of valid data obtained from soil 
spatial data in Berastagi. The data used by the author uses 
garlic cultivation criteria. Table 1 of this study shows data on 
land characteristics.

The algorithms used in the research are principal compo-
nent analysis (PCA) and K-means. In this context, the K-means 
clustering algorithm has been widely recognized as a basic 
method in spatial segmentation for land selection. However, 
limitations in handling high-dimensional data and the presence 
of redundant information often lead to unrepresentative cluster-
ing results. Therefore, the principal component analysis (PCA) 
approach is applied as a preprocessing technique to reduce 
the dimensionality of the data without significant information 
loss. Thus, the integration of PCA and K-means in an ensemble 

method enables the improvement of potential land zone clas-
sification accuracy as well as efficiency in processing complex 
spatial data. The combination of these two methods is realized 
within the framework of a spatial intelligent system, which 
serves as a geospatial data-based analytics platform to support 
decision-making in garlic cultivation. Thus, this research aims 
to provide a systematic solution to the challenge of cultivation 
land selection, while offering theoretical contributions in the 
development of multidimensional analytical methods that can 
be widely applied in the precision agriculture sector.

Table 1

Soil spatial characteristics data

Characteristics of garlic 
growing requirements

Cluster ID
1 2 3 Outline

1 Temperature 24 24–25 24 24
2 Rainfall 300–350 300–400 300–350 250–350

3 Elevation Low Rather 
low Low Low

4 Soil depth In In In Very 
deep

5 Soil texture Fine Medium Fine Fine

6 Relief Slightly 
sloping Steep Slightly 

steep Flat

4. 3. Principal component analysis (PCA)
Principal component analysis (PCA) is a dimension 

reduction technique used in data analysis and machine 
learning to transform high-dimensional datasets into lower 
dimensions while retaining as much variation in the data as 
possible. PCA works by finding principal components, which 
are linear combinations of the original variables that have the 
greatest variance [24, 25].

PCA is used to:
1. Reduce data dimension without losing too much infor-

mation.
2. Eliminate redundancy in the dataset (multicollinearity).
3. Simplify data visualization in 2D or 3D.
4. Improve the efficiency of machine learning models by 

reducing the number of features.
As for the principal component analysis (PCA) formula, 

PCA consists of several main steps:
1. Data standardization. Data must be normalized to have 

a mean of 0 and a variance of 1 as shown in formula (1)

   ,xX µ
σ

′ −= 					     (1)

with x – original value of the feature;
– μ – average features;
– σ – standard deviation of features.
2. Forming the covariance matrix. The covariance matrix 

is calculated to understand the relationship between the fea-
tures. The equation in the formula shown is

'1  ,
1

tC X X
m −

′= 				    (2)

with X – the standardized data matrix, C – the covariance 
matrix. 

3. Determination of eigenvalues and eigenvectors. Eigen-
values indicate the amount of variance explained by each 
eigenvector.
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4. Selecting principal components. It is possible to sort the 
eigenvalues from largest to smallest and select the k eigenvec-
tors with the largest eigenvalues to form the k transformation 
matrix.

5. Data transformation to new dimensions. It is possible 
to project the data to the new space with. The equation in the 
formula shown is

,pca KX X V′= 					     (3)

with Vk – data in a new dimension;
K – matrix of selected eigenvectors.
With these steps, PCA helps to reduce the dimensionality 

of the dataset without losing significant information.

4. 4. K-means
K-means is a clustering algorithm used to group data into 

K clusters based on similarity of features [26]. The algorithm 
works by dividing a set of data into K different clusters, where 
each data point will be assigned to the cluster with the closest 
centroid. K-Means is often used in data exploration, customer 
segmentation, image clustering, and various other machine 
learning applications. The algorithm is iterative based and 
seeks an optimal solution by minimizing the variance within 
each cluster. The main process of K-means involves several 
steps, which are described as follows [5, 6]:

1. Determining the number of clusters (K). Determina-
tion of the desired number of clusters K.

2. Centroid initialization. Randomly selection of K points 
as the initial centroid of the dataset.

3. Calculating the distance of each point to the centroid. 
The distance between each point and each centroid is calcu-
lated using the distance formula Euclidean. The equation in 
the formula shown is

( ) ( )2

1

,    ,
n

im jm
m

d Xi Cj X C
=

= −∑ 			   (4)

with d(Xi, Cj) – the distance between data point Xi and cen-
troid Cj;

Xim – to m feature value of the data point Xi;
Cjm – feature value of the centroid Cj; Check this please;
N – number of features in the dataset
4. Clustering data to the closest cluster.
Each data point is assigned to the cluster with the closest 

centroid based on the distance calculation.
5. Updating the centroid.
Once all points are clustered, a new centroid is calculated 

as the average of all points in the cluster. The equation in the 
formula shown is

1

1 ,
jN

j i
ij

C X
N =

= ∑ 				   (5)

where Cj – new centroid for the cluster j;
Nj – number of data in the cluster j;
Xi – data points in the cluster.
6. Repeating the process until convergence. This process 

is repeated until the centroid no longer changes or the change 
is very small (convergent). 

7. Evaluation of clusterization results. After clustering is 
complete, an evaluation is performed using Silhouette Score or 
WCSS (Within-Cluster Sum of Squares) to assess the quality 
of the clusters formed. The equation in the formula shown is:

( )2

1 1

  ,
jNK

i j
j i

WCSS X C
= =

−=∑∑ 			   (6)

where WCSS – total squared distance in one cluster;
K – number of clusters;
Nj – number of points in the cluster j;
Xi – points in the cluster;
Cj – centroid Dari cluster j.
K-means is an effective clustering method in grouping 

data based on similarity. The selection of the optimal number 
of K clusters is usually done by the Inertia or Silhouette Score 
method. This algorithm is widely used in data analysis and 
machine learning to identify patterns in large data.

5. Optimization result of spatial problem of shallot 
cultivation with machine learning

5. 1. Implementing principal component analy-
sis (PCA) and K-means optimization

This research focuses on the highland locations of Berast-
agi and Kabanjahe. The researchers collected environmental 
data based on variables, temperature, rainfall, elevation, soil 
depth, drainage, soil texture, soil acidity, CEC, KB, and relief. 
Furthermore, spatial data in the form of latitude and longi-
tude. The collected data will be divided into two sets: one is 
used as training data, and the other is used as data for testing. 
The stages of the research methodology are shown in Fig. 1.

Fig. 1 illustrates the complete flow of the research meth-
odological stages, starting from data input to producing land 
suitability analysis. This process includes several main stages 
as follows:

– input data: the data used consists of soil spatial data 
and climate/weather data. This data is obtained from various 
sources such as satellite imagery, soil mapping, and weather 
station data;

– training and testing data: input data is then divided 
into two subsets, namely training data for the model training 
process and testing data for testing model performance. This 
division is important to ensure that the model built can be 
evaluated objectively;

– cleaning and labeling (initial pre-processing): training 
data undergoes a cleaning process, namely cleaning from 
noise, missing values, or outliers. The labeling process is used 
if there is a need for initial annotation in internal validation 
or semi-supervised learning (although this is an unsuper-
vised process in general);

– preprocessing – PCA (principal component analysis): 
covariance matrix is calculated to determine the relationship 
between variables.

Eigenvalue and eigenvector are calculated to find the princi-
pal components that represent the largest variation in the data.

PCA aims to reduce the dimensionality of the data, 
eliminate redundancy, and speed up the clustering process 
without losing important information;

– K-means clustering: K value is determined (e.g. through 
the elbow or silhouette method) to determine the optimal 
number of clusters.

The data is then classified into clusters based on the Euclide-
an distance between points and the cluster center. This produces 
groups of areas with similar suitability characteristics;

– Performance evaluation & analysis result: evaluation 
is carried out on the cluster results with accuracy, precision, 
and recall.
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5. 2. Evaluating the performance 
of principal component analysis 

Spatial classification of garlic culti-
vation land using Google Colab. Goo-
gle Colab is a cloud-based platform 
that allows users to perform data pro-
cessing and machine learning without 
having to install additional software. 
In this research, Google Colab is used 
to train clustering models to deter-
mine groups of garlic cultivation areas 
based on land characteristics using 
Principal component analysis (PCA) 
and K-means clustering. At this stage, 
data training is the process of training 
the model to recognize patterns in the 
dataset, so that it can be used to make 
decisions or perform classification. In 
this study, the author conducted test-
ing using Google Coolab as shown 
in Fig. 2.

The process in Fig. 2 shows the 
initial stage in building a K-means-
based spatial classification system. 
The initial dataset serves as a base 
model for forming clusters, while the 
new dataset represents the target ar-
eas to be mapped based on similar-
ities in environmental characteris-
tics. This step is very important for 
grouping areas into garlic cultivation 
land suitability zones, and the results 
will be visualized in a digital map 
using the Python library visualiza- 
tion.
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Fig. 1. Research methodology
 

 
  Fig. 2. Google Coolab training process
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5. 3. Visualization in modeling the spatial problem 
of shallot cultivation with machine learning

This study has a design or flow of spatial classification 
analysis of garlic cultivation with algorithms. principal 
component analysis (PCA) and K-means. At this stage the 
researcher starts by collecting initial data then cleaning the 
data and combining it into one dataset, the data that has 
been collected will be examined and this stage provides an 
analytical basis for a study by identifying potential problems 
in the data. The data in this study were obtained from BMKG 
datasets and farmers’ observation data. Here are the locations 
and garlic farmers. The author’s data collection in Berastagi 
City to see directly and communicate with farmers is shown 
in Fig. 3, 4.

Fig. 3. Garlic farmers

Fig. 4. Location of garlic farms

Fig. 3, 4 show a large and well-organized garlic farming 
area in the Berastagi area. The garlic plants are planted in 
parallel rows, indicating a well-organized farming system. 
The land looks fertile, with soil that supports the growth 
of garlic plants. The land is likely intensively managed by 
farmers to ensure optimal yields. Land conditions greatly 
affect garlic cultivation. Then in Table 2 is the data used to 
determine the cluster.

Table 2 contains the main environmental variables that 
affect land suitability for garlic cultivation:

– temperature (°C) and rainfall (mm): main climate pa-
rameters;

– elevation: indicates the land height (numerical code, 
possibly in zoning classification);

– soil depth and drainage: soil characteristics that are 
important for root growth and resistance to waterlogging;

– soil texture: indicates the type of soil (e.g. clay, sand, 
loam) that greatly affects water and nutrient retention.

Data preprocessing.
In the initial stage, preprocessing is collecting relevant 

data for garlic cultivation in the highlands. The required 
data include: temperature, rainfall, elevation, soil depth, soil 
texture and relief. Once the data is collected, the next step 
of principal component analysis (PCA) is used to reduce the 
dimensions of complex data into fewer principal components. 
The steps are calculation of the covariance matrix of the 
normalized data to understand the relationship between vari-
ables. Calculation of the eigenvalue and eigenvector of the 
covariance matrix to determine the principal components. 
Selection of a number of principal components that explain 
a sufficient percentage of the variance (for example, 80–90% 
of the total variance). Once the data has been reduced in 
dimension, the next step is segmentation using K-means 
clustering. This helps in grouping the cultivation areas based 
on environmental and agronomic characteristics. Once the 
clustering is complete, it is possible to analyze the results 
to understand the patterns and characteristics of each clus-
ter. After this, it is possible to visualize the analysis results 
using spatial maps to show the distribution of clusters and 
environmental characteristics. The next stage evaluates the 
performance using precision, recall, f1-score, inertia and 
silhouette score [27].

Table 3 is the data used to determine the cluster center point. 
This data consists of several features (variables) that represent 
characteristics This table is the basis for the cluster process.

Table 3 is the data from the principal component analy-
sis implementation process. In this process it is possible to 
reduce the number of features while maintaining the main 
information. The result is data with fewer features but still 
represents the characteristics of the garlic cultivation area. 
Furthermore, the data will be processed to cluster the region 
with K-Means. Furthermore, Tables 4, 5 are the results of 
data clustering and mapping based on location.

 

 
  

 

 
  

Table 2

Climate and soil condition dataset for land assessment

Temperature 
(C)

Rainfall 
(mm)

Elevation 
(m)

Soil depth 
(CM)

Drainage 
(SCORE)

Soil texture 
(SCORE)

Soil acidity 
(PH) KTK (CMOL/KG) KB (%) Relief 

(SCORE)

24 350 1 1 1 1 0 3 3 5
25 400 2 1 1 1 1 2 1 4
24 350 1 1 1 1 2 3 3 5
24 350 1 1 2 1 3 3 3 5
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Table 3

New data to be clustered

Karo
0 1 2 3 4 5 6 7 8 9

22 271 4 1 1 3 3 1 1 6
Simalungun 25 344 2 1 1 3 3 3 1 5

Samosir 29 232 2 1 1 4 2 3 5 2
Tapanuli Utara 23 387 4 1 1 2 2 1 1 6

Sibolga 25 160 1 1 1 2 3 3 1 2
Dairi 21 345 1 1 1 2 2 3 3 4

Humbahas 22 228 4 1 2 3 2 5 3 2

Table 4 presents input data from 7 districts, followed by the 
cluster results generated by the K-Means algorithm. The num-

bered columns (0–9) are representations of environmental and 
soil variables that have been normalized and used as features, 
including: temperature, rainfall, elevation, soil depth, drain-
age, soil texture, soil acidity, CEC, base saturation, relief, etc.

Table 5 simplifies the clustering result information:
– district name: administrative area analyzed;
– cluster: clustering result from K-Means model;
– district number: represents the district index or ID in 

the database or mapping system. Fig. 5 is North Sumatra 
Maps based on clustering results. This picture shows the 
results of the classification of areas in North Sumatra into 
three clusters: 

– cluster 0 (very suitable): marked in blue;
– cluster 1 (suitable): marked in green;
– cluster 2 (quite suitable): marked in orange. 

 

 
  

Fig. 5. Regional spatial cluster visualization results



Information technology

61

Each region such as North Tapanuli, Central Tapanuli, 
and Humbang Hasundutan is classified according to its 
characteristics in the relevant cluster. The geographical loca-
tion and spatial relationships between regions are also well 
depicted in this map.

Fig. 6 below is a map of North Sumatra province showing 
the results of regional clustering based on the level of suitabil-
ity. In general, this map divides the regions in North Sumatra 
into three groups (clusters) based on color: 

– light blue represents regions that are very suitable for 
certain criteria;

– purple indicates regions that are somewhat suitable;
– green indicates regions that are suitable. 

Table 4

New clustered data

Karo
0 1 2 3 4 5 6 7 8 9 Cluster

271 4 1 1 3 3 1 1 6 271 0
Simalungun 344 2 1 1 3 3 3 1 5 344 0

Samosir 232 2 1 1 4 2 3 5 2 232 3
Tapanuli 

Utara 387 4 1 1 2 2 1 1 6 387 1

Sibolga 160 1 1 1 2 3 3 1 2 160 3
Dairi 345 1 1 1 2 2 3 3 4 345 0

Humbahas 228 4 1 2 3 2 5 3 2 228 3

 
  

Fig. 6. Cluster visualization results based on color



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 3/2 ( 135 ) 2025

62

Table 5

Cluster results for mapping

Name Kabupaten Cluster Number Kabupaten

Karo 0 6
Simalungun 0 29

Samosir 3 27
Tapanuli Utara 1 32

Sibolga 3 12
Dairi 0 2

Humbahas 3 5

Each number on the map represents one district or city, 
and a complete description can be seen in the legend on the 
right side. This type of clustering is usually used to sup-
port data-based decision making, such as in development 
planning, resource management, or determining regional 
priorities.

Based on the test results of Fig. 4, 5 PCA and K-means 
identified that the dominant factors affecting garlic yield are 
altitude, average temperature, and soil moisture. Regions 
with altitudes of 1200–1500 mdpl, temperatures of 15–20°C, 
and soil moisture are optimal. The resulting spatial map 
helps farmers in determining the optimal location for garlic 
cultivation. PCA and K-Means are effective in identifying 
the main factors and clustering garlic cultivation zones in 
the highlands. The results of spatial testing of regional loca-
tion maps with cluster 0 stated that it is very suitable, spatial 
testing of regional location maps with cluster 3 is somewhat 
suitable and spatial testing of regional location maps with 
cluster 1 stated that it is suitable for the location of garlic 
cultivation land. The results of this study can be used to im-
prove production efficiency and as a basis for spatial-based 
cultivation decision making. Evaluation testing is shown 
in Tables 6, 7.

Table 6

Test results

Datasets Value K
Performance

Total dataset Accuracy Precision Recall

Soil 
spatial

3 1500 89 92 84
5 1500 89 90 90
9 1500 92 97 96

The test results from the dataset used and based on the K 
value of clusters 3, 5, and 9 where the K = 9 value has accura-
cy = 92%, precision = 97% and recall = 96%. The test results 
are quite good, but need to be further evaluated depending on 
the priority of precision or recall. 

Table 7

Test results

Datasets Value K
Performance

Total customers Inertia Silhouette score
Soil Spatial 3 1500 0.49 0.89

Based on Table 7, spatial research of garlic cultivation 
land using PCA and K-Means successfully determined spatial 
land by conducting classification testing with testing accura-
cy using Inertia of 0.49% and using Silhouette score testing 
of 0.89%.

6. Discussion of the results of optimizing the spatial 
problem of garlic cultivation with machine learning

The results of this study indicate that the spatial research 
system for garlic cultivation land using PCA and K-means 
has significantly better classification performance compared 
to the study. This system combines the PCA and K-means 
algorithms directly into a digital spatial platform. so that the 
clustering results are directly visualized as an interactive 
map of potential garlic areas. This improvement is related 
to the selection of improved features by performing a cluster 
process unlike the features in previous studies [16]. The test 
results shown in Table 6 are based on the K values of clus-
ters 3, 5, and 9, where the K value = 9 has accuracy = 92%, 
precision = 97% and recall = 96%. The results of determin-
ing spatial land by conducting a classification test with an 
accuracy test are shown in table 7 using Inerta of 0.49% and 
using the Silhouette Score test of 0.89%. This shows that the 
success of garlic cultivation spatially is greatly influenced by 
agroclimatic factors and the selection of features that produce 
garlic requires cold temperatures and good drainage, which 
are usually found in the highlands. Therefore, PCA not only 
organizes data, but also identifies the dominant factors in 
determining land availability. In contrast to previous stud-
ies [13], there are difficulties in adjusting irrigation systems 
based on atmospheric and soil variables that differ signifi-
cantly between regions, as well as high costs associated with 
installing and maintaining WSN sensors in larger or remote 
agricultural areas.

The main issue raised is the spatial heterogeneity of land 
which causes low efficiency and yields of garlic cultivation in 
several areas.

Fig. 5 is a map of North Sumatra based on the results of 
clustering. This image shows the results of grouping areas in 
North Sumatra into three clusters: 

– cluster 0 (very suitable): marked in blue;
– cluster 1 (suitable): marked in green;
– cluster 2 (quite suitable): marked in orange. 
Each region such as North Tapanuli, Central Tapanuli, 

and Humbang Hasundutan is classified based on its charac-
teristics in the relevant cluster. The geographical location and 
spatial relationships between regions are also well illustrated 
in this map.

Fig. 6 below is a map of North Sumatra Province showing 
the results of clustering areas based on the level of suitability. 
In general, this map divides areas in North Sumatra into 
three groups (clusters) based on color: 

– light blue is an area that is very suitable for certain 
criteria;

– purple indicates an area that is somewhat suitable;
– green indicates an area that is suitable. 
Each number on the map represents one district or city, 

and a complete description can be seen in the legend on the 
right side. This type of clustering is usually used to support 
data-based decision making, such as in development planning, 
resource management, or regional priority determination.

Using the PCA results, the K-means algorithm is applied 
to group the areas into 3 land suitability clusters:

– cluster 1: areas with cool temperatures, neutral pH, and 
high humidity – very suitable for garlic cultivation;

– cluster 2: areas with moderate temperatures, slightly 
acidic pH, and high rainfall – quite suitable;

– cluster 3: areas with high temperatures, too acidic or 
alkaline pH – not suitable. Mapping of the cluster results 
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shows that highland areas such as mountainous areas are 
included in Cluster 1 and are highly recommended as optimal 
locations.

Model evaluation based on K values of clusters 3, 5, 
and 9 where the K value = 9 has an accuracy of 92%, preci-
sion = 97% and recall = 96%. The test results are quite good, 
but need to be further evaluated depending on the priority of 
precision or recall, which indicates good cluster verification 
quality. Field validation of locations within clusters showed 
the best match between model results and actual high garlic 
productivity. These results support the overall objective of 
developing an accurate and practical garlic cultivation land 
selection system that is suitable for use in real-world agricul-
tural environments, especially the Berastagi highlands area.

Although the proposed approach has several advantages, 
this study is not without limitations that need to be consid-
ered. One of the main shortcomings is the high dependence 
on the quality and coverage of the spatial data used, such 
as elevation maps, soil types, rainfall, temperature, and soil 
acidity levels. If the data has low resolution, is not up-to-date, 
or does not cover other important variables, the accuracy of 
the analysis results using PCA and K-means will decrease 
and may deviate from the actual land conditions. On the 
other hand, PCA as a linear-based dimension reduction tech-
nique has limitations in revealing non-linear patterns that 
may exist between environmental variables. Therefore, this 
method is less than ideal if the relationship between data is 
complex and non-linear. To overcome this, future research is 
recommended to combine more adaptive approaches such as 
Kernel PCA, Autoencoder, or other deep learning methods 
that are better able to capture non-linear relationships. The 
direction of future development also needs to expand the 
scope of the model from merely land suitability analysis to a 
predictive system for cultivation productivity. By combining 
agroclimatic data, agricultural management factors, and 
predictive machine learning techniques, the system built 
can provide more comprehensive recommendations, not only 
from an ecological perspective, but also based on estimates of 
possible production results.

7. Conclusions

1. The test results from the dataset used and based on 
the K value of clusters 3, 5, and 9 where the K = 9 value has 
accuracy = 92%, precision = 97% and recall = 96%. The test 
results are quite good, but need to be evaluated further de-
pending on the priority of precision or recall.

2. The spatial research system of garlic cultivation land 
using PCA and K-means successfully determines the spatial 
land by conducting classification testing with testing accura-
cy using Inerta of 0.49% and using Silhouette Score testing 
of 0.89%.

3. PCA and K-means methods help in data-driven deci-
sion making for more efficient farmland development. The 
clustering results can be used by farmers, government, and 
agribusiness companies to determine the most suitable lo-
cation for garlic cultivation. This technology is also in line 
with the government’s goal of food self-sufficiency, thus 
supporting data and technology-based agriculture (smart 
farming). 
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