
World	Scientific	Research	Journal	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 Volume	10	Issue	6,	2024	

ISSN:	2472‐3703	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 DOI:	10.6911/WSRJ.202406_10(6).0013	

100 

Research	on	Land	Use	Classification	of	Remote	Sensing	Data	
Based	on	Random	Forest	Algorithm	

Hangyu Zhu1, a, Chengyu Yao1, b, Caiyun Yang1, Xiaoying Mei1 
1The Third Surveying and Mapping Institute of Guizhou province, Guiyang, 550004, China 

a591752968@qq.com, b958095594@qq.com	

Abstract	

This	 study	 conducted	 land	 cover	 classification	 in	 the	 Liupanshui	 area	 of	 Guizhou	
Province,	China,	using	the	Google	Earth	Engine	(GEE)	platform	and	the	Random	Forest	
(RF)	 algorithm.	 By	 processing	 and	 analyzing	 Sentinel‐2	multispectral	 imagery	 data,	
combined	with	feature	extraction	and	classification	model	training,	rapid	and	accurate	
extraction	of	farmland	was	achieved.	The	study	first	preprocessed	and	sliced	Sentinel‐2	
images	using	 the	GEE	platform,	 then	constructed	a	sample	dataset	 including	spectral,	
texture,	and	shape	 features,	and	utilized	 the	RF	algorithm	 for	 farmland	classification.	
The	results	indicate	that	the	farmland	extraction	method	based	on	the	GEE	platform	and	
RF	algorithm	can	achieve	rapid	extraction	and	monitoring	of	farmland	over	large	areas	
while	maintaining	high	accuracy.	This	 research	provides	new	 ideas	and	methods	 for	
farmland	monitoring	 and	management	using	 remote	 sensing	 technology,	which	 is	of	
great	significance	 for	promoting	agricultural	sustainable	development	and	protecting	
land	resources.	
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1. INTRODUCTION	

With the continuous growth of the global population and rapid economic development, the 
protection and utilization of farmland resources have become essential guarantees for national 
food security and sustainable development [1,2]. Traditional land use classification methods 
require substantial manpower and resources. In contrast, satellite remote sensing technology, 
as a non-contact, all-weather, and large-scale information acquisition method, has been widely 
used in farmland resource monitoring and management [3,4]. In recent years, significant 
progress has been made in farmland extraction research based on satellite remote sensing 
technology, but it still faces many challenges. 

In China, many scholars have conducted research on farmland extraction using remote 
sensing imagery data. However, traditional methods based on single-temporal imagery suffer 
from low accuracy, time-consuming processes, and the inability to achieve large-scale 
monitoring. Internationally, some researchers have used multi-temporal remote sensing 
imagery data and machine learning algorithms such as Support Vector Machine and Artificial 
Neural Networks to study farmland extraction, achieving certain results [5-8]. However, these 
methods often require a large number of training samples and specialized knowledge, and they 
face challenges such as high computational complexity and slow processing speeds when 
dealing with large-scale data [5]. 

To overcome the limitations of traditional farmland extraction methods, the combination of 
the Google Earth Engine (GEE) platform and the Random Forest (RF) algorithm has become a 
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research hotspot [5]. The GEE platform has the capability to efficiently process large-scale 
remote sensing data, enabling rapid acquisition and processing of multi-temporal and multi-
source heterogeneous remote sensing imagery data, thereby providing powerful technical 
support for farmland extraction research. The RF algorithm, as an ensemble learning method, 
has strong nonlinear fitting capabilities and high classification accuracy. It also exhibits good 
adaptability to high-dimensional data, gradually becoming one of the preferred algorithms for 
remote sensing image classification [9]. Compared to traditional single-temporal image 
classification methods, the farmland extraction method based on the GEE platform and RF 
algorithm can better utilize multi-temporal remote sensing imagery data, thereby improving 
the accuracy and efficiency of farmland extraction. Therefore, this study aims to explore the 
applicability of the farmland extraction method based on the GEE platform and RF algorithm in 
different regions and at different time scales, and to verify and evaluate its accuracy, providing 
scientific basis and technical support for farmland resource monitoring and management. 

2. METHODS	
2.1. Study	Area	Overview	

The study area is located in Liuzhi Special District, Liupanshui City, western Guizhou Province, 
China. It is situated on the northeast edge of the Guizhou Basin, adjacent to Guiyang City to the 
east, Zunyi City to the south, Tongren City to the west, and Qiannan Prefecture to the north. The 
region enjoys a superior geographical location and is one of the important agricultural 
production bases in Guizhou Province. The study area belongs to a typical subtropical monsoon 
climate zone, characterized by distinct four seasons. The summers are hot and rainy, while the 
winters are cold and dry, with mild and comfortable weather in spring and autumn. The average 
annual temperature ranges from 15 to 20 degrees Celsius. The study area is located in a karst 
landform area, characterized by complex and diverse terrain, including mountains, hills, and 
basins. The average annual precipitation in the study area is around 800 millimeters, mainly 
concentrated in the summer, with less rainfall in spring and autumn. The region has a high forest 
coverage rate, and there are extensive grasslands in the mountainous areas, making it a typical 
ecological agricultural area. Agriculture is the pillar industry of the study area, with abundant 
arable land resources. The main crops cultivated include rice, wheat, and maize. Therefore, 
accurate farmland classification is of great significance for achieving precision agriculture, 
rational utilization of land resources, and ensuring food security. 

 

 

Figure	1. Location map of the study area 
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2.2. Data	Sources	

Sentinel-2 is an Earth observation satellite launched by the European Space Agency in 2015, 
equipped with the Multi-Spectral Instrument (MSI) consisting of 13 spectral bands covering 
visible, infrared, and near-infrared wavelengths [10]. The multispectral observation capabilities 
of Sentinel-2 data enable it to provide rich surface information with high classification accuracy. 
Sentinel-2 data possesses several key parameters, including a large number of spectral bands, 
high spatial resolution, short revisit period, global coverage, and open data policy. These 
characteristics endow Sentinel-2 data with significant utility in land cover classification. Firstly, 
the multispectral data offer abundant spectral information, facilitating the discrimination of 
different land cover types based on their spectral characteristics. Secondly, the high spatial 
resolution enables the detection of detailed surface features, particularly useful for identifying 
small-scale land cover characteristics. Furthermore, the short revisit period allows for the 
acquisition of surface information under different seasonal and lighting conditions, facilitating 
the monitoring of seasonal and dynamic changes in land cover. 

 
Figure	2.	Remote Sensing Image of the Study Area Data Source 

2.3. Data	Processing	Method	

Firstly, we accessed the Sentinel-2 image dataset using the Google Earth Engine (GEE) 
platform, selecting the study area and time range of interest to acquire the necessary Sentinel-
2 image data. Subsequently, we conducted preprocessing of the Sentinel-2 image data on the 
GEE platform. The main processing steps included atmospheric correction, radiometric 
correction, mosaicking, and image clipping, aiming to eliminate atmospheric disturbances and 
differences in surface reflectance within the images, thereby enhancing data quality and 
usability. Additionally, utilizing the image slicing function provided by the GEE platform, we 
partitioned the preprocessed Sentinel-2 image data into smaller tiles. Slicing the image data 
helps improve processing efficiency and reduce memory consumption. Next, we employed 
image processing functions and statistical analysis tools provided by the GEE platform to extract 
features relevant to land use classification from the preprocessed Sentinel-2 image data. These 
features mainly comprised spectral, texture, and shape characteristics. Lastly, we utilized the 
map annotation tool or feature extraction algorithms provided by the GEE platform to annotate 
the image data, determining the land use types for each pixel. The annotated data were then 
used to train the land use classification model. 

2.4. Random	Forest	Method	

Random Forest (RF) is an ensemble learning method based on decision trees, consisting of 
multiple decision trees, each constructed from randomly selected training samples and 
features[11]. In the construction process of each decision tree, RF randomly selects a certain 
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number of samples with replacement from the original training samples, and then uses these 
samples to build the decision tree. Meanwhile, during the node splitting process of the decision 
tree, RF also randomly selects a certain number of features as candidate features to reduce the 
model's variance and improve its generalization ability. The classification process of RF 
determines the final classification result by voting from multiple decision trees. For a new 
sample, each decision tree in RF classifies it, and then the final classification of the sample is 
determined based on the voting results. Generally, the final classification result of the sample is 
determined by majority voting. RF has excellent generalization ability, can handle large-scale 
data and high-dimensional feature data, and most importantly, it can provide an assessment of 
the importance of output features, making it particularly suitable for classification problems 
involving complex land cover types[12]. 

2.5. Accuracy	Evaluation	Indices	

To evaluate the land cover classification results, a confusion matrix was used to statistically 
analyze the predicted results and actual results of each classification. Overall accuracy (OA), 
Kappa coefficient, producer's accuracy, and user's accuracy were used as evaluation indicators 
[8]. Producer's accuracy indicates the probability that the ground truth reference data of a 
certain category is correctly classified. User's accuracy represents the proportion of test points 
falling on a certain category on the classification map that are correctly classified as that 
category. The formulas for OA and Kappa coefficient are as follows: 
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where xii represents the number of correctly classified samples in each class. N is the total 

number of samples. Po is the sum of correctly classified samples for each class divided by the 
total number of samples, which is the overall classification accuracy.	Pe is the sum of the product 
of the number of true occurrences for each class and the sum of predicted occurrences for each 
class, divided by the square of the total number of classes. 

3. RESULTS	AND	ANALYSIS	
3.1. Sample	selection	and	model	training	

The dataset for this study was collected and processed on the Google Earth Engine (GEE) 
platform. The quality of the dataset directly affects the accuracy of supervised classification, and 
high-quality sample points significantly improve classification accuracy. In this study, sample 
points were selected to cover all land cover types within the study area and were evenly 
distributed spatially. Moreover, the sample classification fully complied with the requirements 
of "Classification of Land Use Status" (GB/T 21010 — 2017), focusing on the actual 
characteristics of the study area, mainly including arable land, forest land, water bodies, and 
urban-rural industrial and residential land. A total of 1000 sample points were collected, 
including 400 arable land points, 200 water body points, 200 urban-rural industrial and 
residential land points, and 200 forest land points. 

To ensure the representativeness and diversity of the samples, a window size of 5x5 pixels 
was used. Around each sample point, a certain number of negative samples were randomly 
selected and integrated into the samples. Subsequently, feature extraction was performed on 
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the extracted sample windows, including spectral features, texture features, and shape features. 
The spectral features of the samples were statistically analyzed based on the average pixel 
values of each band within the sample window. In addition, vegetation indices (NDVI, DVI, EVI) 
and soil indices (SAVI) were added as feature bands to the Sentinel-2 satellite images. Finally, 
using the annotated sample dataset on the GEE platform, an RF classification model was trained. 
During the model training process, optimization methods such as cross-validation were 
employed to improve classification accuracy and generalization ability. In this process, 70% of 
the samples were used for training, and 30% were used for validation. It is worth noting that, 
to highlight the superiority of the RF algorithm, this study conducted comparative analysis 
using the maximum likelihood method and Mahalanobis distance method. 

 
Table	1. Sample Point Attributes 

Land Cover Classes Training Samples Validation Samples Total Samples 
Hamlet 140 60 200 

Plowland 280 120 400 
Forest land 140 60 200 

Lake 140 60 200 
Total 700 300 1000 

3.2. 	 Comparison	of	Model	Classification	Accuracy	

To highlight the advantages of different methods in land use classification, the maximum 
likelihood method, Mahalanobis distance method, and RF algorithm were used for land use 
classification, and the results are shown in the figures below. To further quantitatively evaluate 
the classification accuracy of different methods, the overall accuracy and Kappa coefficient 
were used to evaluate the accuracy of land use classification in the study area, as shown in Table 
2. It can be seen that the overall accuracy of the RF algorithm is 97.40%, and the Kappa 
coefficient is 0.96. The overall accuracies of the maximum likelihood method and Mahalanobis 
distance method are 91.35% and 92.72%, respectively, with Kappa coefficients of 0.84 and 0.89, 
respectively. Therefore, the RF algorithm can achieve better classification accuracy compared 
to the other two methods and produce more accurate classification results. Finally, from the 
classification results of different land use types, it is shown that the classification accuracy of 
water bodies and urban-rural industrial and mining residential areas is high, while farmland is 
prone to be confused with forest land. However, RF can better overcome this issue, further 
highlighting its superior ability in land use classification. 

 

 

Figure	3.	Classification results obtained by different methods in the study area. 
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Table	2 Analysis of image land use classification accuracy 
Evaluation index Maximum 

likelihood method 
Mahalanobis distance 

method 
Random forest 

algorithm 
Overall accuracy (%) 91.35% 92.72% 97.40% 

Kappa coefficient 0.84 0.89 0.96 

3.3. Land	Use	Situation	in	the	Study	Area	

Based on the land use classification results, we further analyzed the land use situation in the 
study area and proposed future development strategies. The study area consists of 27.24% 
farmland and 31.78% forest land. Therefore, ecological protection is a key aspect in the 
development of the area while promoting economic growth. The main measures include 
strengthening the protection of forest ecosystems, promoting the rational utilization of forest 
resources, developing industries such as eco-tourism and forest-based economies, and 
enhancing the economic and ecological benefits of forest land. In addition, efforts should be 
made to protect basic farmland, establish a sound farmland protection system, and ensure 
stable farmland quality and quantity. It is essential to promote the conservation and intensive 
use of farmland resources, implement land improvement and precision agriculture 
technologies to improve farmland utilization efficiency and output. Furthermore, adjusting 
agricultural structure, optimizing crop planting layout, reducing the area of inefficient farmland, 
and increasing the proportion of grain and cash crop planting are necessary steps. Developing 
modern agricultural industries, promoting the transformation and upgrading of agricultural 
production, enhancing agricultural scientific and technological innovation, and improving 
agricultural production efficiency and competitiveness are also important. Ultimately, 
promoting the sustainable development of forest and farmland areas in the study area is crucial 
to achieving the unity of ecological, economic, and social benefits. 

 

 

Figure	4. Proportion of Different Land Use Types in the Study Area. 

4. CONCLUTION	
This study successfully achieved rapid extraction and classification of farmland in the Sixpan 

Township of Guizhou Province, China, using the Google Earth Engine (GEE) platform and the 
Random Forest (RF) algorithm. The main conclusions drawn are as follows: 

(1) The GEE platform combined with the RF algorithm enables efficient and accurate 
extraction of farmland over large areas. Compared to traditional methods, the processing 
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workflow on the GEE platform is more efficient and convenient, significantly improving the 
efficiency and accuracy of farmland extraction. 

(2) The RF algorithm demonstrates high classification accuracy and stability in farmland 
extraction. By fully utilizing data information, this algorithm effectively overcomes image noise 
and the interference of complex land cover, thereby improving the precision and robustness of 
farmland extraction. 

(3) Finally, a preliminary analysis and assessment of the distribution and utilization of 
farmland resources in the study area were conducted, providing important references for land 
resource management and agricultural production planning. Monitoring and analyzing changes 
in farmland help in timely detection of dynamic changes and problems in farmland resources, 
thereby providing scientific basis and decision-making support for the protection of farmland 
resources and the promotion of sustainable agricultural development. 
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