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in which the extraction of the useful information from 
the satellite imagery is critical and needs some expertise 
(Aplin 2006; Kavzoglu 2009; Khatami et al. 2016; Wang 
et al. 2023). The classification of the satellite imagery is 
the most practical and widely-used way for extracting such 
information. Supervised classification is the most typical 
way among the other methods in classification techniques 
however there are many factors impacting the classification 
accuracy (Foody and Mathur 2004a, b; Lu and Weng 2007; 
Kavzoglu and Colkesen 2009; Ramezan et al. 2021; Moraes 
et al. 2024).

In recent years, a number of advanced machine learning 
models such as kernel extreme learning machines (KELM), 
light gradient boosting machines (LightGBM) and extreme 
gradient boosting (XGBoost) are properly applied for the 
remote sensing image classification however there are still 
several uncertainties and major challenges in supervised 
learning process, that needs to be diligently investigated, 
for acquiring the accurate classification (Foody and Mathur 
2006; Lu and Weng 2007; Kavzoglu 2009; Paheding et al. 

Introduction

Ongoing advancements in sensor technology and artificial 
intelligence have fundamentally transformed Earth obser-
vation practices and catalyzed significant breakthroughs in 
Earth observation. The satellite images have been used for 
many environmental and socio-economic applications rang-
ing from agricultural monitoring to land cover/use mapping, 
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Abstract
The training data plays a pivotal role in the accuracy of a machine learning (ML) model in remote sensing. In this case, the 
set size and purity of the training data have a large influence in classification accuracy. The purpose of this experimental 
research is to investigate the impact of the different training set size on supervised machine learning classifiers for the 
agricultural land cover classification in remote sensing. The training set size for each class was incrementally increased at 
the following intervals: 1%, 5%, 10%, 20%, 30%, 40%, and 50% in our experiment. The remaining 50% of the full ground 
truth data was used for evaluating the model’s accuracy. The test site is situated in Bafra Plain, Samsun, Turkey and the 
agricultural land cover classification was held using multispectral Sentinel-2 imagery with four ML models, namely Sup-
port Vector Machines (SVM), Random Forest (RF), Light Gradient Boosting Machines (LightGBM), and Kernel Extreme 
Learning Machines (KELM). The experimental results demonstrated that the highest classification accuracy was achieved 
by LightGBM (89.93%), and followed by RF (86.49%), KELM (78.38%) and SVM (72.49%). The classification accura-
cies of tree-based methods (RF and LightGBM) increased as the training set size grew, however, kernel-based methods 
(KELM and SVM) exhibited unstable results as the size of the training dataset varied. Furthermore, our findings high-
light that each machine learning model demonstrates different sensitivity to variations in training set size with respect to 
agricultural land cover classification.
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2024). This is essentially due to the darkness in how super-
vised learning algorithm reacts to input features and the cor-
responding training data representing the ground labels to 
make a correct decision. In such cases, the quality (purity, 
size and composition) of the training data and its harmoni-
zation to a machine learning model directly influence the 
accuracy of the final classification (Foody and Mathur 2006; 
Ramezan et al. 2021; Weitkamp and Karimi 2023; Moraes 
et al. 2024). The resolution and dimension of the input 
imagery, intra-class spectral heterogeneity and the design 
of the training data (set size, purity and selection strategy) 
can potentially change the way of how learning algorithm 
defines the decision boundary or surface that separates the 
classes in the feature space. Among these uncertainties, the 
set size of the training data has the highest influence in clas-
sification accuracy (Ramezan et al. 2021; Hermosilla et al. 
2022; Moraes et al. 2024). As a rule of thumb (a heuristic 
approach), some of the previous literature in remote sensing 
defines the sample size in training set as a function of the 
data dimension and recommends the usage of 10-30p cases 
for a single class in training dataset, where p denotes the 
feature numbers (Foody and Mathur 2004a, b; Foody et al. 
2006; Kavzoglu 2009; Moraes et al. 2024).

Typically, the larger training dataset could derive higher 
classification performance compared to those obtained from 
the smaller training set, but nevertheless it’s highly depen-
dent upon the characteristic of the algorithm and the way of 
how an adopted model define the optimal decision (separat-
ing) boundary (Foody and Mathur 2004a, b, 2006; Maxwell 
et al. 2018; Ramezan et al. 2021). The collecting the ground 
truth sample is time-consuming, costly and needs some 
expertise hence researchers try to develop more practical 
machine learning models that practically require the less 
number of training samples for more accurate classification. 
Therefore, the larger training dataset might yield lower clas-
sification performance compared to smaller training set in 
some particular cases, contrary to what is conventionally 
and practically expected (Foody and Mathur 2006; Kavzo-
glu 2009; Ramezan et al. 2021; Amarsaikhan et al. 2024; 
Moraes et al. 2024). For instance, support vector machines 
(SVM) has been used many times in hyperspectral remote 
sensing over the last three decades because of having a good 
generalization capability and tackling the high dimensional-
ity problem, which leads to achieve a desired level of per-
formance (Mountrakis et al. 2011; Belgiu and Drăguţ 2016; 
Maxwell et al. 2018; Colkesen and Ozturk 2022; Amar-
saikhan et al. 2024). However, some other classifiers such 
as artificial neural networks (ANNs) require a large number 
of samples to train the neural networks and determine the 
class boundaries. For ANNs, a limited number of training 
sample is inadequate to characterize the all classes (Kavzo-
glu 2009; Foody et al. 2016; Song et al. 2019; Gütter et al. 

2022; Paheding et al. 2024). When the classification model 
reached the optimal number in training set to achieve the 
desired level of accuracy, the abundant data could cause 
the overfitting problem in learning process, which can lead 
to poor performance (low accuracy) of the classification 
model (Kavzoglu 2009; Ouma et al. 2023; Amarsaikhan et 
al. 2024; Moraes et al. 2024). Under these circumstances, 
how much training dataset that algorithm practically needs 
are still unclear to correctly represent each class. In fact, 
the training stage (quality and set size of training data) is of 
crucial on the classification accuracy regardless of a classifi-
cation method itself (Foody and Mathur 2006; Amarsaikhan 
et al. 2024; Paheding et al. 2024).

The current literature focusing on the relationship 
between varying training set size and its impact on clas-
sification accuracy provides only limited understanding of 
these matters. Most of the previous researches questioned 
that point with conventional machine learning methods 
such as SVM, RF and ANN for remote sensing image 
classification.

For example, Song et al. (2012) analyzed the effects of 
training set size for land cover classification using SVM 
and two different ANN algorithms. They concluded that 
SVM is more robust to a small training set size while this 
small set size is insufficient for ANN learning in terms of 
classification performance. Li et al. (2014) compared the 
classification performances of the two unsupervised and 
13 supervised classification algorithms. They performed 
classification based upon different size of training sets and 
concluded that Classification and Regression Trees (CART) 
based algorithms except for random forests (RF) and Ada-
boost are highly affected by the training sample size. Mil-
lard and Richardson (2015) evaluated the sampling strategy 
and sample size of the training data for random forest clas-
sification. Their results demonstrated that RF is eminently 
sensitive to the training sample size and larger sample size 
should lead to higher accuracy. Shang et al. (2018) investi-
gated the impacts of training sample size on the classifica-
tion accuracies of the four ML models in an urban fringe 
area. The classification accuracy of all models except the 
naive Bayes (NB) increases when the training sample size is 
increased in their experimental study. Ramezan et al. (2021) 
assessed the classification accuracy of six machine learn-
ing models in response to different size of training samples 
ranging from a large to a very small sample size. Their 
results suggest that the classification accuracy of different 
models varies depending on the training set size. Phinzi et 
al. (2023) explored the effects of the varying sizes of train-
ing sample on land use/cover classification using RF. They 
reached to a conclusion that to increase the size of training 
sample leads to a considerable increase on overall accuracy.
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It is obviously seen from the aforementioned papers 
that increasing the size of training samples might lead to 
an increase on overall accuracy in some cases, especially 
for tree-based methods, and the training data size has an 
influence on overall accuracy of supervised classifiers. 
The relationship between the set size of training data and 
its influence on the accuracy was assessed by conventional 
and commonly used ML methods such as SVM, RF, ANN 
and MLC in above papers. Recently the gradient boosting 
algorithms such as XGBoost, LightGBM and kernel based 
methods such as KELM have been extensively used for 
the classification of remote sensing images however their 
response and sensitivity to the varying set size of training 
data in terms of classification accuracy have not been fully 
explored and comparatively investigated yet. Hence, such 
analysis and experiments have to be explored with the more 
recently-introduced methods such as KELM and LightGBM 
to understand their characteristics and their sensitivity to the 
training sample size. As far as we are aware, there are not 
any studies yet that have assessed the relationship between 
training set size and its influence on classification accuracy 
by using KELM or LightGBM models for agricultural land 
cover classification.

Therefore, this paper aims to investigate the impact of 
the different training set size on supervised machine learn-
ing classifiers for the agricultural land cover classification 
in remote sensing. For this purpose, seven different sce-
narios on training set size were employed: 1%, 5%, 10%, 
20%, 30%, 40%, and 50%. The remaining 50% of the full 
ground truth data was used for assessing the model accu-
racy. In our experimental research, four machine learning 
models (KELM, LightGBM, RF and SVM) were tested for 
the agricultural land cover classification in Bafra, Türkiye. 
Specifically, the particular focus of this research is to assess 
and track how supervised machine learning classifiers react 
up to different scenarios of varying training set sizes in the 
context of agricultural land cover classification.

Study area and data

Study area

The study (160km2) site is situated in Bafra Plain, Sam-
sun, Turkey (35° 47’-35° 58’ E, 41° 39’ 41° 37’ N) (Fig. 1). 
It is placed in the largest deltas of Turkey. It has a rich 

Fig. 1  Study area, Bafra, Samsun, Turkey
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methods to determine the classes of land assets, to define 
the exact boundaries in accordance with these classes, and 
to pay agricultural subsidies accurately through an infor-
mation system with cross-checks and field checks (Inan et 
al. 2010). IACS benefits from the latest technology such as 
remote sensing, geographical information systems (GIS), 
and geo-databases to monitor agricultural land use and ver-
ify eligibility for the subsidies. In this context, “Land Parcel 
Identification System (LPIS)” is used to register agricultural 
lands (JRC-2001). LPIS is one of the vital components of 
the IACS and is a geographical database containing ref-
erence parcels where agricultural parcels are declared for 
area-based support (Harvolk et al. 2014).

A number of different approaches based on the farmer’s 
block, the cadastral parcel, and an agricultural parcel and 
the physical block have been analyzed in European Union 
countries. The LPIS in the European Union consists of vari-
ous sorts of reference parcels such as agricultural parcel, 
farmer block, physical block or the combination there of 
chosen by each Member State (national or regional) (Şimşek 
2023) (See Fig. 2).

In Turkey, because of the country’s large scale and het-
erogeneity of agricultural landscapes, the physical block was 
preferred as a reference parcel. The physical block refers 
to a ‘production block’ and it was prepared by the national 
administration. In this manner, the physical block refers to 
the smallest spatial unit of an agricultural activity (Şimşek 
and Durduran 2023). In the establishment of physical block 
boundaries; continuous vegetation pattern and continuous 
land cover (arable land, grassland, continuous vegetation) 
are accepted as valid boundaries. Physical blocks were 
divided into 3 according to their degree of permanence. 
Permanent boundaries; with high degree of permanence; 
transport networks, artificial surface, water, forest, trees, 
permanent land boundaries. Relatively permanent boundar-
ies; farm roads, in-parcel roads, grass strips. The boundaries 
most likely to change; boundaries between agricultural par-
cels belonging to different and the same crop types.

biodiversity due to the favorable climate, and sea, lake, 
marsh, swamp, grassland, pasture and, agricultural areas. 
The Bafra Plain, where the Kızılırmak flows into the sea, 
is located in the delta plain and the wetlands formed by the 
alluvium it carries. As the Bafra Plain has a very large wet-
land ecosystem and fertile soils, rice is grown in large areas 
of the region. Approximately the 10% of the rice production 
in Turkey comes from this region. (Akay et al. 2017)

Satellite data

Sentinel-2 satellites are passive remote sensing satellites 
launched by the European Space Agency (ESA). Each 
image has a number of thirteen spectral bands of varying 
spatial resolutions (10, 20, and 60 m) and a 5-days temporal 
resolution. The details for the spectral channels of the Senti-
nel-2 imagery are provided in Table 1.

The Sentinel-2 imagery was acquired as a Top-of-Atmo-
sphere (TOA) reflectance Level-1 C product and processed 
via SEN2COR (2.12 version used, released on September 
23 of 2024) for generating Sentinel-2 Level 2 A product. 
Level-2 A products provide atmospherically and terrain cor-
rected surface reflectance (Bottom of Atmosphere (BOA)) 
data which can be used for vegetation analysis and land 
cover classification. All bands except B1-B9-B10 were 
incorporated for the classification process as these three 
bands are mainly used for atmospheric corrections and 
cloud screening.

The acquisition date of the Sentinel-2 imagery is 10th of 
September, 2022.

Land parcel identification system (LPIS) and physical 
block concept

The Integrated Administration and Control System (IACS) 
is a system by the European Union (EU) to manage and con-
trol agricultural subsidies under the Common Agricultural 
Policy (CAP). The purpose of this system is to use scientific 

Band number Band description Central wavelength (µm) Resolution (m)
B1 Coastol aerosol 0.443 60
B2 Blue 0.490 10
B3 Green 0.560 10
B4 Red 0.665 10
B5 Vegetation Red Edge 0.705 20
B6 Vegetation Red Edge 0.740 20
B7 Vegetation Red Edge 0.783 20
B8 Near Infrared 0.842 10
B8a Vegetation Red Edge 0.865 20
B9 Water vapour 0.945 60
B10 SWIR - Cirrus 1.375 60
B11 SWIR 1.610 20
B12 SWIR 2.190 20

Table 1  Sentinel-2 spectral 
channels
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data were selected as training data (Table 3) and the pixels 
corresponding to 50% of the reference data were selected as 
test data and used in the classification study.

Image classification

In this section, basic principles of the machine learning mod-
els (SVM, RF, LightGBM and KELM) performed in this 
research study are provided with the parameter setting. The 
classification process is performed in Python environment.

Random forest

The Random Forest (RF) has been commonly preferred for 
the classification and regression problems. RF, which is an 
ensemble classifier, uses multiple decision trees and is the 
improved version of bagging (bootstrap aggregating) which 
splits per node by using the best split among the variables 
(Pal 2005; Gislason et al. 2006). However, the input vari-
ables (i.e., a subset of predictors) are randomly chosen for 
building the trees in RF. After the training process, the deci-
sion for assigning each unknown sample to a specific class 
is made based upon the majority voting of the ensemble 
(Rodriguez-Galiano et al. 2012; Akar and Güngör 2015).

The RF algorithm utilizes CART to generate the decision 
trees, where uses a criterion (e.g. Gini index) to perform the 
splitting tree nodes. The Gini index can be written as
∑ ∑

j �= i (f (Ci, T ) / |T |) (f (Cj, T ) / |T |) ,

where T denotes the training set, Ci represent the class for a 
random pixel and f (Ci, T ) / |T |  is the probability for class 
Ci (Pal 2005; Akar and Güngör 2015).

For the utilization of the RF model, two model param-
eters were needed to be tuned by the user. These param-
eters are the number of trees to grow (N) and number of 
variables (mtry) for splitting at each node (Pal 2005; 

Within the scope of LPIS, Photointerpretation and 
Digitization Guideline were created without digitizing the 
physical blocks. As part of the Ministry of Agriculture and 
Forestry’s IACS project, physical blocks were drawn, land 
cover classes were determined and LPIS was created on a 
national scale using the Digitization Guideline as a refer-
ence on 1/5000 scaled aerial photographs in 30 m spatial 
resolution and satellite images from 2016. LPIS classes are 
split into two categories which are agricultural and non-
agricultural lands and those cover twenty-four subcategories 
(Fig. 3). In Fig. 3, blue color represents agricultural land, 
light blue color represents farmer’s block (arable lands, 
permanent tree crops, mixed agricultural areas, grasslands 
etc.) and yellow represent physical blocks (arable land, rice 
fields, greenhouses, tea, hazelnuts, vineyards, olives etc.), 
based on the LPIS, Photointerpretation and Digitization 
Guideline.

Creating ground truth data from LPIS

IACS and LPIS data enables us to study in a nation-wide 
scale for the land use change in the spatial and tempo-
ral domain (Tomlinson et al. 2018). In this experimental 
research, the physical blocks created by LPIS were utilized 
as a reference data. As rice fields cover the majority areas 
in the test site, they were generated as a separate class from 
agricultural land. Due to there are no shrub land, tree crops 
and greenhouses classes within the study area, they are not 
included in the classification process (Table 2).

Physical blocks are in polygon type and vector format, 
and polygons with an area of less than 5000 m2 were not 
incorporated into classification. As an initial processing, 
the vector data was converted to a raster format and 10 m 
negative buffer was performed for each class in raster data. 
Through that way, the noise and border pixels are primarily 
removed (Fig. 4).

Table  3 shows the number of polygons and pixels for 
each class included in the classification study. The pixels 
corresponding to 1-5-10-20-30-40-50% of the reference 

Fig. 2  Summarize the concept of land parcel identification system
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learning algorithms is about the tree growth strategy (Ustuner 
and Balik Sanli 2019; McCarty et al. 2020; Jafarzadeh et al. 
2021). LightGBM grows trees leaf-wise (i.e., vertically), 
while other ensemble learning algorithms which grow trees 
in level-wise (i.e., horizontally) (Ke et al.  2017; Liu et al. 
2017). This is the main factor of the LightGBM’s superb 
performance in reducing the computation time and memory 
utilization (Ke et al. 2017; McCarty et al. 2020; Chen et al. 
2021).

The GBDT is commonly used in machine learning 
and can achieve high prediction accuracy; however, it’s 

Millard and Richardson 2015). In our experiment, the user-
defined parameters were set to 800 and 5 for N and mtry, 
respectively.

Light gradient boosting machines

The LightGBM algorithm is the enhanced version of the 
Gradient Boosting Decision Tree algorithm (GBDT), and 
getting popular due to offering superior performance with 
respect to other ensemble learning algorithms. What makes 
LightGBM special and distinct from other tree-based 

Fig. 3  LPIS classes in Turkey
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of nodes in each layer, and number of hidden layers etc.) 
(Benediktsson et al. 1990; Paola and Schowengerdt 1995; 
Kavzoglu and Mather 2003; Kavzoglu 2009). This method 
relies on iterative gradient descent training, wherein the 
error is back-propagated from output layer into input layer. 
There was also reported in many studies that network train-
ing parameters are of a great impact on the trained network 
performance and the learning algorithm. During the training 
stage of the backpropagation algorithm, it could encounter 
the local minima and might result in over-train. Another 
important drawback for back-propagation algorithm is 
its slow convergence rate (Pal 2009; Kavzoglu 2009). In 
order to overcome these challenges, Huang et al. (2006) 
introduced the single-hidden layer feed-forward neural net-
works (SLFN) model known as extreme learning machines 
(ELM), where input weights and biases are assigned at ran-
dom. ELM generates the hidden node parameters randomly 
rather than iterative process, which makes the learning quite 
fast (Pal 2009; Kavzoglu 2009; Pal et al. 2013; Chen et al. 
2014). In their research, Huang et al. (2006) highlighted that 
ELM outperformed the backpropagation neural network and 
does not need the tuning of the input weights, unlike con-
ventional backpropagation algorithm. Within the last three 
decades, SVM and RF are the most preferred ML meth-
ods for the classification of remote sensing images. SVM, 
which is a kernel-based learning classifier, has been exten-
sively preferred in hyperspectral image classification due to 
tackling the high dimensionality problem, which leads to 
achieve high classification performance (Foody and Mathur 
2004a, b; Bazi and Melgani 2006; Chen et al. 2014).

The idea of utilizing the kernel functions attracted many 
researchers to develop the kernel-based approaches since 
kernels can map the data from input space into feature space 
(i.e. high dimensional space) (Pal et al. 2013). For this goal, 
Huang et al. (2012) introduced the kernel extreme learn-
ing machines (KELM) for classification. ELM exploits the 
smallest norm least squares for the adjustment of the input 
weights. In this step, the randomized assignment of the 
input weights and bias are held, which results in a signifi-
cant change in the accuracy with the use of the same number 
of hidden nodes (Pal et al. 2013; Chen et al. 2014). To tackle 
this problem, Huang et al. (2012) modified the ELM hidden 
layer through a kernel function and proposed the use of ker-
nels in ELM structure, and hence the need of randomness in 
assigning the weights are thereby eliminated. SVM needs to 
satisfy the Mercer’s theorem however ELM does not need 
to meet such a condition. Thus, KELM can provide a cohe-
sive solution for multiclass classification problems (Pal et 
al. 2013; Chen et al. 2014; Ergul and Bilgin 2020).

There are two different parameters to be tuned for KELM, 
which are kernel bandwidth γ and penalty parameter C. 

time-consuming and computationally complex. LightGBM 
could address the issues encountered by GBDT with its two 
new functionalities: Gradient-based One-Side Sampling 
(GOSS) and Exclusive Feature Bundling (EFB) (Ke et al. 
2017; Candido et al. 2021; Chen et al. 2021). GOSS is a new 
sampling approach that down samples the data instances 
based on the gradients of the loss function. It keeps instances 
of large gradients and then remove the instances with small 
gradients by random. GOSS uses a subset of the data based 
on the magnitude of these gradients. And EFB is primar-
ily designed for reducing the feature dimension (i.e., num-
ber of features) and bundles the continuous (e.g. exclusive) 
features into a single feature (Ke et al. 2017; Ustuner and 
Balik Sanli 2019; Chen et al. 2021). This step reduces the 
computational complexity and hence accelerates the train-
ing process of the model. Hyper parameters of LightGBM 
are provided in Table 4.

Kernel extreme learning machines

The neural network classifiers have been extensively uti-
lized in remote sensing since the 1990s. Among the dif-
ferent learning strategies, the back-propagation algorithm, 
proposed by Rumelhart et al. (1986), is the most preferred 
neural network model in remote sensing however there are 
crucial stages in model tuning and structural design of the 
backpropagation neural classifiers to maximize the perfor-
mance (i.e., tuning of learning rate, momentum, number 

Table 2  LPIS class grouping for land cover classification
Proposed 
LC classes

Original LC class Code and name of land cover

Arable land Land cover type A0 A0-arable land
Land cover type A1 A1-arable with scaltered trees
Land cover type A3 A3-mixed agricultural area
Land cover type G0 G0-grassland > %90

Rice Land cover type A2 A2-rice field
Grassland Land cover type B0 B0-bare areas > %75

Land cover type G5 G5-grassland cover %50–90 
Bare soil %10–50

Land cover type G6 G6-grassland cover %25–50 
Bare soil %50–75

Forest Land cover type G3 G3-grassland cover %50–90 
Woody veg. %10–50

Land cover type G4 G4-grassland cover %25–50 
Woody veg. %50–75

Land cover type F0 F0-forest/woodland/shru-
bland > %75

Artificial 
surface

Land cover type N0 N0-artificial non-built up 
areas

Land cover type R0 R0-linear built up areas
Land cover type U0 U0-artificial built up areas

Water Land cover type M0 M0-wetland vegetation
Land cover type W0 W0-water standing
Land cover type W1 W1-water flowing

1 3
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These parameters were set to 0.1 and 500 for γ and C, 
respectively.

Support vector machines

Support Vector Machines (SVM), based on statistical 
learning theory developed by Cortes and Vapnik (1995), 
was primarily designed as a linear binary classifier in two-
dimensional space by defining the optimum hyperplane 
with maximum margin (i.e. decision boundary). The SVM 
was commonly used for the classification and regression 

Table 3  Number of polygons and pixels for each classes
Class name Polygon number Total pixel number Train

1%
Train
5%

Train
10%

Train
20%

Train
30%

Train
40%

Train
50%

Testing
data

Arable land 761 482,916 4809 24,043 48,374 96,523 144,471 193,047 241,588 241,328
Artificial surface 1676 48,668 505 2468 4906 9845 14,517 19,435 23,992 24,676
Forest 129 81,817 762 4181 8136 16,550 24,718 32,756 40,975 40,842
Grassland 131 41,403 422 2142 4188 8094 12,241 16,477 20,643 20,760
Rice 574 431,987 4355 21,423 43,077 86,408 130,044 173,017 216,130 215,857
Water 61 31,927 334 1678 3190 6323 9624 12,755 16,031 15,896
Total 3332 1,118,718 11,187 55,935 111,871 223,743 335,615 447,487 559,359 559,359

Table 4  LightGBM parameters
Boosting type GOSS
Maximum depth 7
Number of leaves 800
Number of estimators 1500
Number of samples for constructing bins 350,000
Learning rate 0.2

Fig. 4  Ground truth data for study area
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Experimental results and discussion

In this section, the overall accuracies (OA) for the clas-
sification models are presented, based on varying training 
set size. Figure 5 displays the overall accuracies, which are 
derived from the error matrix (confusion matrix), for each 
classification method. The highest accuracy was received by 
the LightGBM (89.93%), followed by RF (86.49%), KELM 
(78.38%) and SVM (72.49%).

OA=
Number of correctly classified instances

Total Number of instances classified
� (1)

In this experimental research, the classification accuracy 
is increased with the increasing training set size, with an 
exception of KELM and SVM which have unstable results 
in changing the set size of the training data. The highest clas-
sification accuracies for LightGBM and RF were obtained 
with the 50% training set size while KELM and SVM 
received the highest accuracy with 10% and 20% training 
set size, respectively. The lowest classification accuracies 
for all methods, except SVM, were received by using the 
1% set size. The SVM produced the lowest classification 
accuracy by using the 40% set size (Fig. 5). The classified 
images are also depicted in Fig. 6.

problems in remote sensing and demonstrated outstanding 
performance in many applications, especially for the classi-
fication of hyperspectral images over the last three decades. 
In case of the two classes are not linearly separable in the 
input space, the SVM benefits the kernel trick by introducing 
the new variables (called slack variables) in SVM optimiza-
tion. Through the kernels, SVM transform the data points 
into higher dimensional space and hence turns to non-linear 
boundaries to linear ones in the higher dimensional space 
(Melgani and Bruzzone 2004; Foody and Mathur 2006; 
Kavzoglu and Colkesen 2009; Mountrakis et al. 2011).

The popularity of SVM in remote sensing/pattern recog-
nition comes from its great ability of handling small training 
dataset in producing higher classification accuracy com-
pared to conventional methods in image classification. This 
is because SVM only uses the support vectors (i.e. a subset 
of points that lie on the margin) to place the hyperplane with 
maximum margin (Kavzoglu and Colkesen 2009; Mountra-
kis et al. 2011). In our experiment, the linear kernel was 
used as a kernel function in SVM classification. There is 
one parameter (penalty parameter C) to be tuned for SVM, 
which was set to 300.

Fig. 5  Overall accuracies

 

1 3

Page 9 of 16      7 



Earth Science Informatics            (2025) 18:7 

water. Even though the KELM in terms of overall classifi-
cation accuracy is stable, the F-1 score for some particu-
lar class (water) demonstrates unsteady behavior. This led 
to the necessity for the careful selection of the training set 
size for agricultural land cover classification. Among the all 
classes, the artificial surface received the highest increase 
in F-1 score from 0.43 to 0.63. The F-1 score for forest 
class remained unchanged, which means there is no impact 
of changing set size on the classification of forest in our 
experimental research. However, the increase of the training 
set size might have led to a decline for some particular class. 
For instance, the water received a decline in F-1 score from 
0.61 to 0.56 by changing the training set size from 10 to 
50% (Fig. 9). The lowest F-1 scores for each class in KELM 
classification were received by the use of 1% training set 
size, with an exception of water class. Similar to LightGBM 
and RF, the forest and rice classes obtained the higher F-1 
scores among other classes in KELM classification (Fig. 9).

For SVM, there are some particular classes such as 
artificial surface and grassland which are completely mis-
classified for the training set size 1% and 10% however 
demonstrated sharp increase on F1-score for the 5% train-
ing set size from 0 to 0.22 for artificial surface and from 0 to 
0.42 for grassland (Fig. 10). Except the use of 5% training 
set size, the artificial surface is nearly misclassified (0%) in 
SVM classification and this led to receive low overall accu-
racy. The changing training set size has a remarkable impact 
on F1-score for all classes except rice. The F-1 scores for 
the rice class do not show any considerable change based 
on the training set size. The lowest F-1 scores for artificial 
surface, grassland and water were received by the use of 1% 
training set size in SVM classification. Besides, the lowest 
F1-scores for arable land and rice were received by the use 
of 40% training set size (Fig. 10). From these observations, 
it can be clearly seen that SVM is very sensitive to the train-
ing set size changes and each class of interest might react 
very differently from each other. The increase of the training 
set size from 30 to 40% might have led to a decline on F-1 
score for some particular class such as grassland and arable 
land. However, the increase of the training set size from 40 
to 50% might have led to an increase on F-1 score for some 
particular class such as water and arable land. Similar to 
other models employed, the forest and rice classes obtained 
the higher F-1 scores among other classes in SVM classifi-
cation (Fig. 10).

Discussion

Based on the observations presented above, it can be inferred 
that training set size has varying impacts and sensitivities 
on both overall accuracy and F-1 scores for agricultural 

In order to understand what classes led to increase or 
decrease in the overall accuracy, the class-based accura-
cies were assessed for each classification method. For this 
purpose, F1-score which is defined as the harmonic mean 
of the producer accuracy (PA) and user accuracy (UA) was 
calculated, in Eq. (2).

F1-score=2*
(PA*UA)
(PA+UA)� (2)

Generally speaking, the F1-scores for all classes in Light-
GBM classification were increased with different rates by 
increasing the set size. Among the all classes, the water 
received the highest increase in F-1 score from 0.59 to 0.84, 
followed by grassland from 0.65 to 0.85 by changing the 
training set size from 1 to 50% (Fig.  7). Rice and arable 
land have almost same upward trend to the increasing train-
ing set size. The most stable (i.e. small change in F1-score) 
class among the others is forest, which is only increased 
from 0.91 to 0.97. The F-1 score for the forest class remains 
unchanged by increase the training set size from 20 to 30%. 
The lowest F-1 scores for all classes in LightGBM classi-
fication were received by the use of 1% training set size 
(Fig.  7). The forest and rice classes obtained the highest 
F-1 scores among other classes in every training set size 
in LightGBM classification. The gradually increase of the 
training set size has a different impact and sensitivity on the 
F-1 score for each class.

Similar to LightGBM, the F1-scores for all classes in RF 
classification were increased with different rate by increas-
ing the set size. Among the all classes, the water received 
the highest increase in F-1 score from 0.56 to 0.77, followed 
by grassland from 0.65 to 0.80 and artificial surface from 
0.58 to 0.73 by changing the training set size from 1 to 50% 
(Fig.  8). Rice and arable land have almost same upward 
trend to the increasing training set size, in a similar way of 
LightGBM. The most stable (i.e. small change in F1-score) 
class among the others is forest, which is only increased 
from 0.90 to 0.95. The F-1 score for the forest class remains 
unchanged by increase the training set size from 30 to 40%. 
The lowest F-1 scores for all classes in RF classification 
were received by the use of 1% training set size (Fig. 8). 
The forest and rice classes obtained the highest F-1 scores 
among other classes in every training set size in RF classifi-
cation. Similar to LightGBM, the gradually increase of the 
training set size has a different impact and sensitivity on the 
F-1 score for each class in RF classification (Fig. 8).

For KELM, to change the training set size has different 
impacts on F1-scores for each class. While the F1-score 
for some particular classes such as artificial surface was 
increasing by increasing set size, it was decreasing or 
remain unchanged for some other classes such as forest or 

1 3

    7   Page 10 of 16



Earth Science Informatics            (2025) 18:7 

Fig. 6  Classified images
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Fig. 8  F1-scores and training set size for RF

 

Fig. 7  F1-scores and training set size for LightGBM
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Fig. 10  F1-scores and training set size for SVM

 

Fig. 9  F1-scores and training set size for KELM
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Conclusion

This research investigates the impact of the different train-
ing set size on supervised machine learning classifiers for 
the agricultural land cover classification in remote sensing. 
The experimental results demonstrated that the highest clas-
sification accuracy was achieved by LightGBM (89.93%), 
and followed by RF (86.49%), KELM (78.38%) and SVM 
(72.49%). The classification accuracies of tree-based meth-
ods (RF and LightGBM) increased as the training set size 
grew, however, kernel-based methods (KELM and SVM) 
exhibited unstable results as the size of the training dataset 
varied. Typically, the main desire in training a supervised 
learning algorithm is to provide a fully representative sam-
ples for each class (i.e. a complete description for each class 
in feature space), which is practically achieved by a large 
training set. For instance, artificial neural networks require 
a large number of samples to train the neural networks and 
characterize the classes. When considered from this point 
of view, it was expected to have an upward trend in KELM 
classification accuracy similar to RF and LightGBM due to 
the fact that KELM is based on neural networks. However, 
the classification accuracy for KELM has not been increased 
when training set size grew. A likely explanation for this 
unforeseen outcome is that KELM, as a natural extension of 
ELM to kernel learning, benefits from the kernels to define 
the decision boundary separating the classes. The kernels 
in KELM possibly changed the way of how typical artifi-
cial neural networks models need a large number of training 
data samples.

Even though the changes in overall accuracy provide 
general overview of how the training set size impacts the 
image classification, it was necessary to understand what 
classes led to increase or decrease in the overall classifica-
tion accuracy. Based on the observations presented above, 
it can be inferred that training set size has varying impacts 
and sensitivities on both overall accuracy and F-1 scores 
for agricultural land cover classification in our experimen-
tal research, especially for some particular classes such as 
water or rice. For instance; while the F-1 score for the water 
class was increased in LightGBM and RF classification, 
there was a decline in KELM and an instability in SVM 
classifications; hence, the appropriate selection and design 
of the training set size are essential for accurate land cover 
classification.

To the best of our knowledge, this research investigated 
the impact of the training set size, for the first time, for 
KELM classification as well as compared its performance 
with LightGBM, RF and SVM for agricultural land cover 
classification. Owing to the changing structures of agricul-
tural land cover, it has been challenging to generalize the 
results. However, our experimental findings could provide a 

land cover classification in our experimental research. Each 
machine learning model applies different decision rule to 
distinguish a particular class from other classes even though 
same dataset and training data were employed. The learning 
strategy for each classification model may vary due to the 
differences in decision-making process depending upon the 
training data purity, set size, landscape heterogeneity and 
class-confusion. For instance, arable land and rice classes 
are sensitive to varying training data size for RF, SVM and 
LightGBM, however are not much sensitive (i.e. stable) for 
KELM when we checked the Figs. 7, 8, 9 and 10. Further-
more, they are very sensitive and demonstrated unstable 
results in SVM even though SVM is also a kernel-based 
method like KELM. The forest and rice classes obtained 
comparatively higher F-1 scores from other classes in each 
ML model. This might be because these two classes sim-
ply spectrally-separable from the other classes. In such a 
case, a basic ML model (i.e. clustering) can easily distin-
guish these classes from others and changing the training 
set size do not have much impact on F-1 score. This might 
be also explained by the nature of real-world data of land 
cover, which has a dynamic structure. In most cases, the 
larger training dataset could derive higher classification 
performance compared to those obtained from the smaller 
training set such as ANN. However, this is not correct in 
every condition because of the complexity and uncertainty 
in the supervised learning for remote sensing classification. 
For instance, the F-1 score for water class was increased in 
LightGBM and RF classification however it was decreased 
in KELM when training set size was increased from 1 to 
50%. Another interesting result is about the classification 
of artificial surface and grassland in SVM. There are some 
particular classes such as artificial surface and grassland 
which are completely misclassified in SVM for the training 
set size 1% and 10%, however demonstrated sharp increase 
on F1-score for the 5% training set size from 0 to 0.22 for 
artificial surface and from 0 to 0.42 for grassland (Fig. 10). 
Except the use of 5% training set size, the artificial surface 
is almost misclassified (0%) in SVM classification and this 
led to receive low overall accuracy.

F1-scores for all classes were increased in tree-based 
methods (LightGBM and RF) as the training set size grew, 
however this is not correct for KELM and SVM. This is 
because each classification method applies a different deci-
sion rule to separate the classes and each decision rule has a 
different sensitivity and response to any particular class due 
to their class purity and its adaptation to the learning algo-
rithm. These particular results clearly address the necessity 
of the careful and appropriate design of the training set size 
(i.e. complete description of the spectral response for each 
class) for accurate agricultural land cover classification.
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general idea and recommend further directions for design-
ing/planning the training set size and its sensitivity in KELM 
in terms of land cover classification.
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