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ABSTRACT 

 
Shallots are one of the horticultural commodities that have fluctuating prices. Market integration occurs horizontally 

but not vertically due to poor information systems at the producer and consumer levels. This study aimed to estimate 
the area of shallot land quickly using the rapid classification of croplands method. The research was conducted in Merek 
District, Karo Regency, North Sumatra. Primary data obtained from survey activities were processed using the Google 
Earth Engine platform. Classification and regression trees (CART) and random forest (RF) algorithms were used to 
classify land cover as onion and non-onion classes. The shallot land area based on this method was 74.4 hectares, with 
an area accuracy of 95% (RF) and 24% (CART) and a location accuracy of 92% (CART and RF). The rapid classification of 
croplands method can estimate land area quickly. It helps stakeholders who need information on shallot production 
projections and can be developed to improve the vertical market integration information system (market integration 
between producers and consumers). Some areas for improvement of this method are limited access and resolution, 
inability to describe up to the level of garden bunds, and the condition of the area covered by clouds, which will affect 
the accuracy of the results. 
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INTRODUCTION 

 
Fluctuations in strategic food prices are believed to be 

one of the triggers for inflation (Firdaus 2021). Based on 
the law of supply and demand, prices are formed based 
on the balance of available quantities with requested 
quantities. Uncontrolled price fluctuations are closely 
related to unstable supply conditions (Serra and Gil 
2013). As part of strategic food commodities, horticulture 
has characteristics different from those of major food 
commodities such as rice, corn, and soybeans. Shallots, 
garlic, and cayenne pepper commodities are 
commodities that have experienced an increase in price 
variability at a time when rice, beef, and eggs have 
experienced a decrease in price variability during the 
COVID-19 pandemic (Firdaus 2021). Price fluctuations 

are closely related to the balance of supply and demand 
for a commodity. Horticulture has different characteristics 
from food and plantation commodities. Generally, 
horticultural products are consumed in fresh conditions, 
so post-harvest handling differs from food commodities 
or plantations. The shelf life of food crops and plantations 
can be extended by regulating the moisture content 
(Aspari et al. 2023; Rahayu et al. 2014). Meanwhile, 
horticultural commodities must maintain freshness or 
moisture content until they reach consumers. This 
condition makes this commodity perishable, impacting 
the high post-harvest handling cost (Samad 2016). In 
addition, the relatively short shelf life makes the price 
drop drastically when there is an excess of stock, and 
vice versa; the price increases when there is a shortage 
of stock. 

Shallots are a commodity that has a broader range of 
consumers than cayenne pepper. Based on 
(BPS2023b), the consumption of shallots in North 
Sumatra reaches 0.294 kg per capita/month. In 
comparison, garlic reaches 0.151 kg per capita/month, 
cayenne pepper reaches 0,160 kg per capita/month, and 
red chili reaches 3.6 ounces per capita/per month. 
Shallot consumption ranked first nationally, with a 
consumption rate of 0.235 kg per capita/month. 
Meanwhile, garlic, cayenne pepper, and red chili were 
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0.163, 0.180, and 0.170 kg per capita/month (BPS 
2023a). 

One of the efforts to improve the price balance is to 
make accurate and fast estimates of production and 
demand. Projected land area is one of the critical 
indicators in estimating production. The accuracy of land 
projections will also improve coordination between 
farmers as producers and traders as a trade route to the 
end user (Septiana et al. 2017). Supply chain 
performance needs to be improved through partnerships, 
collaboration, institutional strengthening, and the 
availability of information systems, especially during the 
off-season. This available information is needed faster to 
avoid mistakes in the decision on the number of orders 
and the arrival time of shallots from outside the region. 

One of the methods that can consider the estimated 
area of agricultural land is remote sensing. This method 
has been widely used in food crop commodities to 
determine the estimated harvest area, rice growth phase 
area, and productivity based on the Normalized 
Difference Vegetation Index (NDVI) recorded by 
satellites (Marsuhandi et al. 2020; Musfiza et al. 2023; 
Permatasari et al. 2021). In addition to using an index 
such as the NDVI, the Rapid Classification of Croplands 
uses all the bands in a image to classify land cover (Flood 
2013). Estimating land area in horticultural commodities 
using remote sensing still needs to be done because 
farmers cultivate horticulture not in one large expanse. 
Based on this description, this study aims to provide an 
alternative method of estimating the area of shallots 
using remote sensing. The research results are expected 
to help the government develop a strategy to stabilize the 
price of shallots. 

 
 

METHODS 
 

Research Site 
The study was conducted in October 2023 in Merek 

District, Karo Regency. The location was chosen 

because Karo Regency has the second-highest 
contribution to shallot production in North Sumatra after 
Simalungun Regency, covering 25.21% (BPS 2023c). In 
addition, Karo Regency is relatively closer to Medan City 
as the destination for shallot marketing than Simalungun 
Regency. 
 
Procedure  

The survey was employed to obtain primary data in 
the form of coordinates for shallot cultivation in Merek 
District in November 2023. The data consisted of two 
classifications: the shallot group, which was the 
coordinate point that represents the area/expanse of 
shallot cultivation, and the non-shallot group, which was 
the coordinate point that represents the non-shallot area 
(housing, forest, other crops, other than shallots, roads). 
The survey emphasized commodities cultivated by 
horticultural farmers in Merek District; the survey results 
were obtained from 13 non-shallot locations and 12 
shallot locations. The non-shallot classification, which 
consists of housing, roads, and forests, was carried out 
directly through the Google Earth engine because it is 
easy to identify. The final sample consisted of 100 points 
and 10 polygons for class 0 (shallots) and 33 points and 
50 polygons for class 1 (non-shallots). 

The primary data was then processed using the Rapid 
Classification of Croplands (Bofana et al. 2020) with the 
help of the Google Earth Engine (GEE) platform. This 
study's programming command (syntax) adopted 
programming in the GEE community. The data 
processing process in this study was conducted in stages 
(Figure 1). 

In the first stage, secondary data in the form of a map 
of the administrative boundaries of Merek District was 
included in the GEE as an Area of Interest (AOI), which 
functions as the limit of the algorithm calculation process. 
Second, satellite imagery and visuals were obtained by 
accessing sentinel-2 data in the GEE platform. Spectral 
bands were used to obtain clear images and as a 
classification input using medoid (a multidimensional 
median) (Flood 2013). Third, input of the training and 

 

Figure 1  Land cover classification methodology (Loukika et al. 2021). 
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validation data in the form of coordinate points and 
accompanying information, information 0 for the shallot 
area, and 1 for the non-shallot area. Fourth, classification 
used 2 algorithms: classification and regression trees 
(CART) and random forest (RF). CART is a binary 
classification tree that provides decisions based on 
logical scenarios, while RF includes multiple decision 
trees to determine classifications (Loukika et al. 2021). 
Fifth, calculated the area of classification results. 

The results from the GEE process are then verified in 
the field to determine the level of accuracy by comparing 
the yield of the shallot land area with information from 
field extension workers. The level of accuracy was 
obtained by comparing the difference between the 
prediction of the land area of GEE yields and the report 
on the area of shallots of agricultural extension workers 
(Marsuhandi et al. 2020). 
 

Area accuracy = (1 −
| Area as predicted by GEE−Area according to the extension workers|

Area according to the extension workers
 ) 𝑥 100     (1) 

 
Another accuracy was determined by verification of 

the GEE point with the actual plant conditions in the field 
(Mulyaqin et al. 2022): 
 

Area accuracy = 
Total of the true verified location

Total of the verified location
 𝑥 100%..........................(2) 

 
 

RESULTS AND DISCUSSION 
 

Merek District is at an altitude of 920–16.20 m above 
sea level and has an area of 125 km2, contributing the 
most to the production of shallots in Karo Regency. 
Based on data from (BPS Karo 2023), the shallot harvest 
area in 2022 was 412 hectares, 43% of the total shallot 

harvest area in Karo Regency, which amounted to 943 
hectares. Not only shallots, but Merek District also 
contributes to the production of other vegetables such as 
curly chili (13%), cayenne pepper (12%), potatoes (15%), 
cabbage (15%), napa cabbage (10%), tomatoes (17%), 
and carrots (5%). 

Google Earth Engine (GEE) is a cloud-based 
geospatial platform that conducts environmental analysis 
and monitoring on a large scale (Figure 2). It can be 
accessed for free with the support of machine learning 
and processors owned by Google. GEEs can pull image 
archives from satellites, process them, and help analyze 
them by merging the bands they belong to (Tamiminia et 
al. 2020). 
 
Data Training and Validation as a Field Data Input 
Process 

Primary data in coordinate points of shallot and non-
shallot planting locations were included in the GEE as 
input variables. One location can produce 5 to 10 training 
points and 1 polygon. This was done at shallot planting 
locations with a class 0 code (green, Figure 3A) and non-
shallot locations with a class 1 code (yellow, Figure 3B). 
The training and validation data input variables were then 
processed in machine learning for class identification 
based on the index generated by merging bands in 
satellite images. 
 
Satellite Imagery and Land Cover Classification 

This study used images from the sentinel-2 satellite 
from October 2, 2023, to November 2, 2023, adjusting 
the data collection period in the field. The results of the 
cloud masking process from the sentinel-2 image set 
produced a mosaic image (Figure 4B). 

 

Figure 2 The location of the research (Merek District, Karo Regency) in the Google Earth Engine view. 
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Based on the bands in the sentinel-2 image, the 
classification was carried out using the CART algorithm 
(Figure 4C) and the RF algorithm (Figure 4D). Black 
indicates the non-onion classification (class 1), while 
orange indicates the onion classification (class 0). The 
accuracy validation generated by CART was 72.13%, 
while RF produced an accuracy validation of 71.33%. 
These values are slightly lower than the Phan et al. 
(2020) report, with a validation of 84.31% (RF). Phan et 
al. (2020) employed a more general classification with 
the division of agricultural classes, burned areas, open 
land, grasslands, mixed grasslands, settlements, forests, 
and water, while this study focuses on the division of 
specific commodity classes of shallots to non-shallot 
classes that have the potential to have the same 
characteristics in one agricultural class. The results of 
this study are closer to those of Zulkarnain and Marsisno 
(2022), who also estimate the land area of shallot 
commodities with an accuracy of 78.6% (CART). 
 

Test of Accuracy of Estimating the Area of Shallots 
Using GEE 

The accuracy test was carried out to evaluate the 
output of the estimated area of GEE shallots. This 
accuracy test consists of 2 stages: area accuracy and 
location accuracy. Area accuracy results in better 
accuracy obtained by RF than CART classification. 
Based on the extension workers' report, the area of 
shallot land in October 2023 was 71 hectares. 
Meanwhile, the estimated land area from the RF 
classification was 74.4 hectares or a difference of 3.4 
hectares (95% accuracy. Meanwhile, the CART 
classification produced an estimated 125 hectares of 
land area, with an accuracy of only 24%. 

The area accuracy decreased in November. The area 
of shallot land was 80 hectares. The RF classification 
estimated the area of shallot land to be 99.2 hectares 
(76% accuracy). The accuracy of the RF classification is 
still better than that of the CART classification, which 
estimates the area of shallots to be 155 hectares (6% 
accuracy). The CART classification in Figure 4C shows 

 
(a)                                                  (b) 

Figure 3 Data training (A) and data validation (B) based on field surveys. 

 

   
(a) Google Earth View             (b) S2 Mosaic                      (c) C. CART Classification           (d) RF Classification 

Figure 4 AOI display on GEE (A), sentinel-2 image processing results (B), CART algorithm classification results (C), and RF 
algorithm classification results (D). 
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that the shades and orange dots have a wider distribution 
than the RF classification (Figure 4D), showing that the 
RF is better than the CART classification. 

Based on the location accuracy test, the land area 
estimation method using the Rapid Classification of 
Croplands method produced an accuracy of 92% for both 
CART and RF. The exact location points mapped by GEE 
are 23 locations out of a total of 25 locations, as shown 

in Table 1. The two points the GEE wrongly predicted 
were cloud-covered areas, so they were not identified. It 
is a weakness of techniques that rely on image sources 
from satellite archives, especially in foggy highland 
areas. In addition, weather conditions will also affect the 
level of accuracy; the rainy season in many areas is 
covered with clouds. This weakness can be minimized by 
widening the time range of sentinel-2 datasets or using a 

Table 1 Accuracy test of GEE prediction results with actual conditions (ground checking November 2023). 

Latitude Longitude Remarks RF Conclusion CART Conclusion 

  3.012312°  98.537987° Cabbage 1 True 1 True 
  2.919230°  98.486790° Shallot 0 True 0 True 
  2.912340°  98.519500° Shallot 0 True 0 True 
  2.916260°  98.517670° Shallot  0 True 0 True 
  2.939010° 98.508330° Shallot  0 True 0 True 
  2.905250°  98.513330° Shallot  0 True 0 True 
  2.898220°  98.500940° Shallot  0 True 0 True 
  2.897640°  98.500770° Shallot 0 True 0 True 
  2.896630°  98.499390° Shallot  0 True 0 True 
  2.958620°  98.528440° Shallot  - False - False 
  2.926330°  98.524560° Shallot  0 True 0 True 
  2.921510°  98.491420° Tomato 1 True 1 True 
  2.974370°  98.538730° Orange 1 True 1 True 
  2.974740°  98.539300° Cabbage 1 True 1 True 
  2.963000°  98.535620° Cayenne pepper - False - False 
  2.952030° 98.522790° Cayenne pepper 1 True 1 True 
  2.952570°  98.522720° Cabbage 1 True 1 True 
  2.937120°  98.528420° Tomato 1 True 1 True 
  2.937290°  98.528560° Tomato 1 True 1 True 
  2.895720° 98.526520° Shallot 0 True 0 True 
  2.895680°  98.526540° Shallot 0 True 0 True 
  2.920260°  98.524670° Cayenne pepper 1 True 1 True 
  2.926480°  98.524580° Tomato 1 True 1 True 
  2.926500°  98.524820° Cabbage 1 True 1 True 
  2.921180°  98.507280° Potato 1 True 1 True 

 

 
a) Conditions of farm embankment on a scale of 1:50 m b) Classification of farm embankments on a scale of 1:50 m 

Figure 5  Classification of GEE on farm embankments on a scale of 1:50 m. 

 

(a) (b) 
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combination of sentinel-1A and sentinel-2A images (Putri 
et al. 2018). 

The accuracy of the location on the classification map 
was seen to weaken when zooming in with a scale of 1:50 
m. The classification was not appropriate for placing the 
shallots, especially regarding area boundaries/garden 
embankments. This is because sentinel-2 is included in 
the medium-resolution satellite (Devara and Wijayanto 
2021), so it lacks detail in small-scale images (Figure 5). 
This weakness can be overcome using high-resolution 
image data such as drone data (Sugara et al. 2022). 

The Rapid Classification of Croplands method allows 
for faster area estimation than the eye estimation 
method. The eye estimate is an estimate of the harvest 
area using the eye view so that it has a great chance of 
subjectivity (Rusono 2019). The Rapid Classification of 
Croplands process begins with collecting coordinate data 
and plant classification. Calculating the land area is 
carried out with the help of computers/machine learning. 
This method can analyze the commodity balance before 
making policies related to shortages or oversupply 
(Sinaga and Hastuti 2019). A more accurate land area 
estimate will improve the integration of the shallot market 
(Zaeniyah 2022; Zain et al. 2022). 

Estimating land area can also be done during 
outbreaks or disasters such as droughts and floods so 
that strategies can be carried out to mitigate climate 
anomalies (Limbong et al. 2020). The disadvantage of 
this method is that it requires sophisticated infrastructure, 
and data processing requires high specifications of 
computer devices, especially for a wider area (district or 
provincial level). In addition, in highland areas or during 
the dry season, many clouds will cover the area of 
interest. In principle, a clean image of clouds can be done 
by combining several images to improve areas covered 
by clouds (Papilaya 2022). The land area estimate 
requires a relatively short period to process the same 
conditions as the coordinate points from the field, so 
there are few options for clear images from clouds. 
 
 

CONCLUSION 

 
The Rapid Classification of Croplands method using 

the Google Earth Engine platform and image archive 
from Sentinel-2 can be an alternative method for 
determining the estimated area of shallot land. RF 
classification shows better accuracy than CART 
classification. The resulting accuracies were 72.13% 
(CART) and 71.33% (RF). The area accuracy was 95.2% 
(RF) and 24% (CART), and the location accuracies were 
92% (CART and RF). Some of the limitations of this 
method are limited access and resolution, inability to 
describe the level of plantation management, and the 

condition of the area covered by clouds, which will affect 
the accuracy of the results. The following research 
suggestion is to utilize drone technology in spatial data 
capture to reduce the limitations encountered in the use 
of sentinel-2 image archives. 
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