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The delineation of tea gardens from high resolution digital 

orthoimages using mean-shift and supervised machine learning 

methods 

Rize district is an important tea production site in Turkey, which is known for 

high quality tea. Determining the temporal changes is very crucial from the 

viewpoint of agricultural management and protection of tea areas. In addition, 

delineation of tea gardens using photogrammetric evaluation techniques for a 

single orthoimage takes approximately 8 hours of labour work, which is both 

costly and time-consuming process. To overcome these issues, a method is 

proposed for demarcation of tea gardens from high-resolution orthoimages. In 

this paper, a hierarchical object-based segmentation using mean-shift (MS) and 

supervised machine learning methods are investigated for delineation of tea 

gardens. First, the mean-shift algorithm was applied to partition the images into 

homogeneous segments (objects) and then from each segment, various spectral, 

spatial and textural features were extracted. Finally, four most widely used 

supervised machine learning classifiers, support vector machine (SVM), artificial 

neural network (ANN), Random Forest (RF), and Decision Trees (DTs), were 

selected for classification of objects into tea gardens and other types of trees. 

Photogrammetrically evaluated tea garden borders were taken as reference data to 

evaluate the performance of the proposed methods. The experiments showed that 

all selected supervised classifiers were effective for delineation of the tea gardens 

from high-resolution images. 

Keywords: tea garden extraction; mean-shift segmentation; support vector 

machine; artificial neural network; decision trees; random forest; 

1. Introduction 

The advent of high spatial resolution imaging technology has made it possible to 

perform detailed image analysis even at fine level with good accuracy. Although, high 

resolution multispectral images encompass an in-depth land surface reflectance 

information, yet, they also induce several problems such as, inter-class spectral 
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similarity and intra-class spatial variability etc. (Camps-Valls and Bruzzone 2005). 

Generally, object-based feature descriptors are more effective for remote sensing data 

analysis compared to the individual pixel-based counterpart (Costa, Foody, and Boyd 

2018). Therefore, object-based approaches have widely been used in last few decades 

for analysis of high resolution images (Thomas Blaschke et al. 2014). The rationale of 

this approach is to group individual pixels into meaningful objects based on some 

similarity metric (Pham, Brabyn, and Ashraf 2016). This representation allows 

extraction of additional information which is not possible with pixel-based approaches, 

such as contextual, structural and textural features (T. Blaschke 2010). The raw pixels 

are transformed into an object-based representation by using segmentation techniques. 

Image segmentation is the basis of object-based image analysis (OBIA). Various 

methods have been proposed in literature for segmentation of raw pixels into 

meaningful objects. For instance, (Pipaud and Lehmkuhl 2017) proposed an object-

based method by using mean-shift  and SVM for classification of alluvial fans. The final 

output was obtained by applying a fuzzy membership on SVM classification result. 

Similarly, (Su et al. 2015) employed mean-shift for extraction of crop lands from high 

resolution images. In (Qin 2014) mean-shift vector-based shape features (MSVSF) were 

derived for classification of high resolution images. MSVSF is considered as a shape 

descriptor for spectrally homogeneous local regions. Adaptive mean-shift algorithm and 

SVM classifier are proposed for delineation of objects from hyperspectral images in 

(Huang and Zhang 2008). Mean-shift segmentation and maximum likelihood classifier 

are used for classification of six different crops in (Ozdarici Ok and Akyurek 2012). 

 Combining OBIA with supervised machine learning (ML) approaches offer 

enormous potential for remote sensing applications, such as tea / hazelnut tree 

delineation (Dihkan et al. 2013; Akar and Güngör 2015; Jamil, Bayram, and Seker 

Acc
ep

te
d 

M
an

us
cr

ipt



2019), extraction of green space areas from Pleiades-1A images (Zylshal et al. 2016), 

vegetation classification (Street 2010), land cover classification (Qian et al. 2015), 

buildings and tree species extraction (Zarea and Mohammadzadeh 2015), etc. Similarly, 

in (Pal and Mather 2005) the performance of multi-class SVMs is compared with 

maximum likelihood and ANN classifiers for remote sensing data classification. (Sasaki 

et al. 2012) employed DTs for classification of land cover classes and dominant trees 

from LiDAR data.  In the context of high resolution image classification, ML methods 

have produced significantly optimal results (Jamil and Bayram 2018). Further details 

about widely used supervised machine learning classifiers for classification of remote 

sensing data can be found in (Maxwell, Warner, and Fang 2018). 

In this study, an object-based method for segmentation using mean-shift 

followed by supervised classifiers is investigated for delineation of tea-gardens from 

high resolution digital orthoimages. Mean-shift algorithm was used as basis for object-

based segmentation while the performance of fours relatively mature supervised 

classifiers  namely, SVM, ANN, RF and DTs, were investigated to classify the objects 

into tea gardens and other types of trees. As a secondary objective, further experiments 

were performed to find the minimum amount of training data size required to train the 

classifiers (SVM, ANN, RF and DTs). It is also shown that for SVM, RBF kernel 

performed better than polynomial kernel on all images. Similarly, for ANN, sigmoid 

activation function produced slightly more accurate results in terms of overall accuracy 

than tanh activation function.  

2. Methodology 

The schematic diagram of the proposed method is shown in Figure 1. The main steps 

are: 1) NDVI extraction 2) mean-shift segmentation 3) morphological processing 4) 
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feature extraction 5) classification. In the following sections, each step is described in 

details. 

Figure 1 

2.1  Study Area 

Turkey is one of the major consumer and producer of tea, therefore, tea garden 

extraction is useful to estimate the extent and distribution of tea gardens. Rize district 

was selected as the study area which is located in northeast of Turkey near the eastern 

Black Sea coast. Most of the area is covered with forest and agricultural land. Figure 2 

a) shows map of Turkey and location of Rize district on the map while b) shows a 

sample orthoimage of the area in RGB colour space and c) shows its reference data 

where white pixels indicate delineated tea gardens.  

2.2  Dataset 

Flights were made on March 27-28, 2013 in the Rize district to obtain images using an 

UltraCamX digital aerial camera. The multispectral images obtained had four spectral 

bands namely: red, green, blue and near infrared. The acquisition of images and creation 

of reference orthoimages was done by EMI Group Inc. Turkey. For this study, ten 

digital orthoimages were used, which were obtained from different geographic locations 

from Rize district. Table 1 summarizes the technical specification of the aerial camera 

system used to capture the images.  

The photogrammetrically evaluated tea garden border were transformed to binary 

images, where white pixels represented the delineated tea gardens and black pixels 

represent the background (Figure 1). These images were then used as reference data for 

accuracy assessment of the proposed method. Since supervised machine learning 
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approaches require data from all potential classes, therefore, to train the classifiers, two 

classes were defined: tea garden and other trees. Training objects for each class were 

selected from randomly selected five images while for testing rest of the objects from 

all ten images were considered. 

Figure 2 

2.3 Normalize Difference Vegetation Index (NDVI) Extraction 

The tea garden extraction step was carried in two stages: first the vegetation areas were 

obtained by eliminating the non-vegetation areas. In the second step, the vegetation 

areas were further classified into tea gardens and other types of trees by applying ANN 

and SVM classifiers.  

For the first step, NDVI index (Tucker 1979) was calculated from the original digital 

orthoimages. It is obtained by taking ratio of difference and sum of red (R) and near 

infrared (NIR) band of the images. Mathematically,  

𝑁𝐷𝑉𝐼 =  
(𝑁𝐼𝑅 − 𝑅)

(𝑁𝐼𝑅 + 𝑅)
 (1) 

 

The output values of NDVI are in the range [-1, +1]. Higher values indicate 

stronger vegetation while lower values indicate lack or absence of vegetation. Since, the 

tea gardens and other types of vegetation assumed to have NDVI values greater than 

zero, so NDVI values were filtered and only values greater than 0.2 were retained while 

other values were discarded. As it can be seen in Figure 3 that there is overlap in NDVI 

profile between tea gardens and other trees, however, the profiles for tea garden have 

low variations compared to other trees. In other words, tea gardens provided consistent 

spectral information which produced more consistent homogeneous segments when 

mean-shift algorithm was applied on it.  

Figure 3 
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2.4  Mean Shift Segmentation  

Image segmentation is the prerequisite of object-based image analysis (OBIA). The idea 

is to accumulate individual pixels into groups of homogeneous regions called objects 

(segments) based on their spectral similarity with their neighbouring pixels. This 

provides more meaningful representation of the image objects and analysis can be 

relatively easy to perform (Pedram Ghamisi et al. 2017). In this paper, mean shift 

algorithm was employed as basis for object-based image segmentation.  

Mean shift is a nonparametric gradient estimation algorithm that is extremely 

versatile and can be used for applications like mode seeking, clustering, image 

segmentation, visual object tracking, and space analysis (Cheng 1995). Although it was 

first introduced by (Fukunaga and Hostetler 1975), however, it received more attention 

in the computer vision community when (Comaniciu and Meer 2002) proved the 

convergence of the mean shift procedure towards a stationary point, thus enabled to find 

the mode of the density function. The idea is to consider the feature space as a 

probability density function (PDF), where the dense regions corresponds to the local 

maxima (mode) of the underlying PDF (Comaniciu and Meer 2002). According 

to(Comaniciu and Meer 2002) fundamental mathematical formulation of mean shift 

method are given below: 

Given 𝑛 ∈ 𝑅𝑑 data points represented by 𝑥𝑖  , 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1,2, … 𝑛, then the 

kernel density estimation function can be written as  

𝑓(𝑥) =  
𝑐

𝑛𝑑𝑑
 ∑ 𝐾 (

𝑥 − 𝑥𝑖

ℎ
)

𝑛

𝑖=1

 (2) 

Where 𝐾(𝑥) is the kernel function, which provides a measure of correlation 

between the data point, 𝑥𝑖 is the data centre, h is the bandwidth parameter, and c is the 
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normalization constant. Suppose, 𝑥𝑠 be spatial domain and  𝑥𝑟 be the range domain of 

the image, then the multivariate kernel can be modelled as: 

 

𝑓(𝑥) =  
𝑐

𝑛ℎ𝑠

2ℎ𝑟
𝑝

𝑑𝑑
 ∑ 𝐾 (‖

𝑥𝑠 − 𝑥𝑠𝑖

ℎ𝑠
‖

2

+  ‖
𝑥𝑟 − 𝑥𝑟𝑖

ℎ𝑟
‖

2

)

𝑛

𝑖=1

 (3) 

Where ℎ𝑠 and ℎ𝑟  represent bandwidths of spectral and spatial domains 

respectively while p is the number of bands in the multispectral image. Further details 

about mathematical formulation of mean shift can be found in (Comaniciu and Meer 

2002) 

Mean shift algorithm was applied on the NDVI image as the objective was to 

identify one of the vegetation types, i.e. tea gardens. The bandwidth parameters of the 

algorithm were empirically calculated by running it on the input images and visualizing 

the segmentation results. It was observed that smaller values for ℎ𝑟 were sensitive to 

noise and resulted in substantial number of small segments. On the other side, larger 

values tend to ignore small but important gradient information which resulted in 

merging small segments (Qin 2014). Similarly, large values for ℎ𝑠 mere increased the 

computational complexity as it covered larger area, and vice versa.  It is interesting to 

note that ℎ𝑠 was less sensitive than ℎ𝑟 for segmentation of images. 

From implementation point of view, apart from bandwidth, two more parameters 

were required: number of iterations and minimum segment size. The former indicates 

the number of times mean shift algorithm is repeated on the input image, while the later 

parameter indicates a threshold on the size of the segments. Segments smaller than this 

threshold were merged with neighbouring segments. For this study, the number of 

iterations were set to one while the minimum segment size was set to fifty for all 

images. For implementation, Emgu CV library  and C# were used. Figure 4 shows the 

impact of the bandwidth selection on the mean shift segmentation for varying values of 
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(ℎ𝑠 , ℎ𝑟 ). For current study, the bandwidth parameter with values (5,5) produced optimal 

results on the used dataset.  

2.5 Morphological Processing 

The mean-shift resulted in an object-based representation of image. Since, the candidate 

tea garden objects were relatively larger compared to other vegetation object such as 

individual trees, small grassy areas, etc., therefore, morphological processing and 

geometrical constraints were applied to remove such objects from the processed images.  

Figure 4 

Morphological processing is a nonlinear operation that can be used to analyse 

the spatial relationship between neighbouring pixels (Gu et al. 2016). Structural 

information can be extracted by selecting a special element called structuring element 

(SE) with known shape and size. The size of SE was empirically calculated (5x5). The 

two fundaments morphological operations (dilation and erosion) were used in this study 

to remove small objects smaller than the selected SE and fill holes within objects. 

Geometrical constraints were applied to eliminate small objects which were not 

removed by morphological operation such as small trees, and isolated green areas. To 

achieve this, threshold values were empirically obtained for width, height, and area of 

the bounding box for each candidate object by analysing the size of individual target 

objects in the segmented image.  

2.6 Feature Extraction and Selection 

Spectral, spatial and textural features were extracted from each object for classification. 

The spatial/spectral features were directly obtained from the spectral reflectance 

information while texture features were derived from grey-level co-occurrence matrix 

(GLCM). The GLCM was constructed for each object in the segmented image using 
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object’s bounding rectangle and then features were calculated.  

Initially, 25 features were considered for each object. 16 were spectral/spatial 

features, which include mean, standard deviation, minimum and maximum value for 

each object in all four bands. Similarly, from GLCM, 8 features were extracted, which 

include homogeneity, contrast, energy, correlation, local homogeneity, sum of entropy, 

cluster prominence, and cluster shade. Additionally, the NDVI value was also included 

in the feature vector.  

To obtain high classification accuracy, however, an optimal set of features 

needed to be selected by removing redundant or less informative ones (Chehata et al. 

2014). For this purpose, a search strategy and seperability criteria among features is 

required (Melgani and Bruzzone 2004). The former aims to reducing the original feature 

space to a lower dimensional space while retaining as much original information as 

possible. The later focuses on measuring the seperability among features using a 

statistical distance measure such as Bhattacharyya, Jeffries-Matusita (JM) distance etc. 

JM distance gradually saturates as it reaches optimal number of features (Dalponte et al. 

2013).  

This study employed a combination of sequential forward section algorithm and 

JM for feature selection which have been widely used for remote sensing applications. 

The feature selection approach resulted in selection of 13 optimal features from 25 

original features set. Table 2 summarizes the optimal features used in this study. These 

features are not highly correlated as the linear correlations are less than |r| ≤ 0.68 (see 

table 3 for correlation matrix). 

2.5 Image Classification 

ML methods have widely been used for remote sensing data classification (Jamil and 

Bayram 2018). In this study, four mostly widely used supervised classifiers were 
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selected: SVM,ANN, RF and DT. SVM is a nonparametric supervised classifier which 

was primarily designed to classify linearly separable data. However, to cope with non-

linearity of data, kernel methods can be applied. The objective is to transforms the data 

into a higher dimensional space where it is assumed to be linearly separable, then it 

constructs a hyperplane to classify data into respective classes. SVMs have shown their 

effectiveness and produced promising results even in presence of small training data for 

large scale data classification (Camps-Valls and Bruzzone 2005). For a detailed 

description about mathematical background of SVM, refer to (Melgani and Bruzzone 

2004). 

Similarly, ANN is another nonparametric supervised classifier. It can learn to 

classify complex nonlinearly separable data but, the computational complexity of 

training is relatively higher (Pedram Ghamisi et al. 2017). Several approaches based on 

ANNs have been proposed in literature, but the most commonly used approach is 

multilayer feed-forward perceptron (MLP) that contains many interconnected layers of 

neurons (Raczko and Zagajewski 2017). Further details about ANN can be found in 

(Civco 1993; Tucker 1979).  

DT is a non-parametric classifier. It consists of a root-nodes-branches-leaf 

flowchart that is created by splitting the data recursively using the highly informative 

attributes at each tree node. Since they are robust against noisy data, therefore, DTs 

have also been used widely for tree species extraction from remote sensing data, e.g. 

(Zhang and Hu 2012). 

RF is based on ensemble machine learning techniques which has proven to be 

very effective for classification of remote sensing data (Shukla et al. 2017). The RF 

classifier is similar to DT however, it is robust against deviation from normal 

distribution, and can be used for both classifications and regressions (Berhane et al. 
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2018). Since, RF uses different subsets of the same training dataset therefore, it avoids 

errors of bias and variance. Refer to (Belgiu and Drăguţ 2016) for further details about 

its application in remote sensing domain. 

The most commonly used one-against-all model of SVM was selected while 

both Gaussian and polynomial kernels were evaluated on our dataset. The values for 

regularization parameter (C), Gaussian kernel parameter 𝛾 and polynomial kernel 𝑑 

were determined by applying a grid search algorithm on a predefined range using ten-

fold cross validation. Similarly, for ANN sigmoid and tanh activation functions were 

selected and the optimal values for learning rate and momentum were also obtained by 

applying grid search algorithm. Similarly, the required parameters for each classifier 

were fine-tuned using validation dataset. MATLAB © environment and LIBSVM 

(Chang and Lin 2011) were used to perform all experiments.  

3.  Experimental Results 

Experiments were conducted using a dataset containing ten high-resolution digital 

orthoimages to evaluate the effectiveness of the proposed method. Two main classes 

were defined for classification of vegetation areas: tea gardens and other trees. For all 

experiments, a balanced dataset was considered for both types of classes. 5 images were 

selected from geographically different regions to account for varying reflectance 

information for selection of training objects while rest of the objects from all ten images 

were used for testing. We employed ten-fold cross-validation to train the classifiers. 

The SVM classifier required tuning of three parameters: cost (C) for SVM, RBF 

kernel parameter gamma γ and polynomial kernel parameter degree (d). To obtain these 

parameters, an exhaustive grid search was performed in a predefined range: 𝐶 =

 [2−5, 2−3, … . 29], 𝛾 = [2−9, 2−7, … . . 23] and 𝑑 = [0,1, … .5]. It is also worth 
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mentioning here that the scaling of the features did not affect the classification accuracy 

of the classifier. Therefore, the features extracted were used without scaling for both 

training and testing phases. 

Similarly, ANN also required tuning of two parameters: momentum and learning 

rate. The learning rate was searched between 0.001 and 0.5 while momentum between 0 

and 0.9. The optimal values obtained were 0.1 and 0.8 for learning rate and momentum 

respectively.  Other parameters for ANN, also known as topological parameters, were 

fixed for all experiments as they are not usually data dependent. The number of 

iterations was set to 1000. A higher value made sure that the model will converged 

before reaching the limit for number of iterations during training. In addition, only one 

hidden layer with 200 neurons was used which was empirically calculated. Similarly, 

the number of neurons in the input layer were set according to the number of input 

features (13) while the number of output neurons were set to 2 (according to the number 

of output classes). Further, we experimented with two most widely used activation 

functions (sigmoid and tanh). 

RF required tuning of two parameters: the number of predictors (NP) and 

number of random trees (NT). To find the optimal RF model for classification, a range 

of values for both parameters were tested and evaluated: NP = 50:250 with a step size of 

50 and NT= 1:13 with a step size of 1. The optimal values selected for NP and NT were 

3 and 50 respectively.   

Similarly, for DT two parameters were fine-tuned: tree depth (TD) and 

Maximum Features (MF). TD, which represents the depth of the tree, was empirically 

calculated as 11 while MF, which represents the number of features to consider when 

performing a best split at each node, was set to 13 (all features).  
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The outputs obtained from the proposed method were compared with reference 

data using an area-based method. It was based on: true positives (TP), false positive 

(FP), false negatives (FN) and true negatives (TN) metrics. Quantitative information 

were obtained from these metrics using precision (P), recall (R), F-measure (FM), 

overall accuracy (OA) and Kappa coefficient (KC). For SVM, RBF kernel resulted in 

85.19% and 70.95% precision and recall respectively, while polynomial kernel 

produced 82.13% and 72.93% precision and recall respectively.  For ANN, precision 

and recall for sigmoid function were 87.86% and 84.52% respectively, while for tanh 

functions precision and recall were 83.50% and 84.52 % respectively. Similarly, RF 

classifier produced precision 87.90% and recall 86.66% while DT resulted in 83.25% 

precision and 79.50% recall. 

 Sometimes, these two measures are combined into a single measure called f-

measure, which is the harmonic mean of precision and recall. The f-measure produced 

for each method were, SVM (RBF: 77.05%, polynomical:76.99%) , ANN (sigmoid: 

87.36% and tanh:84.00%), RF : 87.21% and DT: 81.93%. The average OA and KC 

obtained for tea gardens using RBF were 84.53% and 82.71 % respectively. Similarly, 

the same metrics for polynomial kernel were 79.15% and 79.22% respectively. For 

ANN, sigmoid activation function produced slightly better results (KC: 0.86, OA: 

87.02%) compare to tanh function (KC:0.80, OA: 83.19%). The results of RF were 

similar to ANN (KC: 0.85, OA: 82.21%). DT produced KC and OA as 82.21% and 0.80 

respectively. Table 4 summarizes the overall results obtained for the proposed method 

to extract tea gardens from high-resolution digital orthoimages. 

Furthermore, the statistical significance of differences between classifier results 

were computed using McNemar’s test with a 95% confidence interval. It is a 

nonparametric test based on the standardized normal test statistics, as defined below: 
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𝑍 =  
𝑓12 − 𝑓21

√𝑓12 + 𝑓21

 

where f12 is the number of samples correctly classified by classifier 1 but 

misclassified by classifier 2, and f21 is the number of samples misclassified by classifier 

1 but correctly classified by classifier 2 (Foody 2004). The difference in accuracy 

between the two classifiers is said to be statistically significant |Z| > 1.96. The sign of Z 

indicates whether classifier 1 is more accurate (Z>0) or vice versa (Z< 0) (Fauvel et al. 

2013). Table 5 summarizes the paired statistical significance t-test results for different 

classifiers. 

Additional experiments were performed to evaluate the minimum amount of 

training objects required to obtain good classification accuracy for each classifier. The 

amount of training data selected for each class (tea garden and other trees) was [5, 

50,100, 300,500, 800, 1000]. The OA obtained for each classifier using varying number 

of training data samples are shown in Figure 5. As expected, relatively smaller number 

of sample objects (<300) resulted in less OA, while increasing the number of training 

sample objects for each class tend to produce higher accuracy. However, increasing the 

number of sample objects beyond 300 did not show any significant change in the 

classification accuracy as shown in the Figure 5. For the current dataset, this value (300) 

served as a threshold for training the classifiers. 

Figure 6 (a) and (b) show a sample image and its reference data, (c) and (d) 

show the results obtained from SVM using RBF and polynomial kernel and (e) and (f) 

show the results obtained for ANN classifier with sigmoid and tanh activation functions 

respectively. 

Figure 5 
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4  Discussion and Conclusions 

In this study, we investigated an object-based method (mean shift) integrated with most 

widely used supervised machine learning approaches (SVM and ANN) for delineation 

of tea gardens from high resolution digital orthoimages. First, the image pixels were 

transformed into an object-based representation using mean-shift algorithm. Then, for 

each object, a set of textural and spatial/spectral features were extracted. Since, the 

efficiency of a supervised classifier is affected by the quality of features, therefore, a 

feature selection using forward sequential search was employed to select highly 

informative features. Finally, the optimal features were fed into SVM,ANN, RF and DT 

classifiers separately to generate classification maps for tea gardens and other types of 

trees. The results obtained on the data set confirmed the effectiveness of the proposed 

approach and achieved high classification accuracy, which is a valuable contribution for 

agricultural related task. The resulting classified images also contained some 

misclassifications. This is not unusual for remote sensing data classification due to 

similarity in textural and spectral information between two classes of interest.  

Figure 6 

As for many real applications, it is important to find the minimum amount of data 

required to train the classifiers. In this context, we performed several experiments to 

find the ideal amount of training objects required to training the classifiers, which could 

still produce optimal results. Although the overall response for both classifiers was 

relatively similar, yet after 300 training samples, the results were almost consistent and 

did not result in abrupt accuracy change. It indicates that, to get good classification 

results for current data, selection of 275 – 350 training samples is ideal size.  
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It is interesting to note that the RBF kernel produced higher overall accuracies 

compare to the polynomial kernel (~5.50%). In fact, higher polynomial degrees (3, 4, 5) 

not only produced unexpected low classification results but they were also costly in 

terms of processing time. Similarly, for ANN, sigmoid function resulted in higher 

classification accuracy compared to tanh activation function (~3.36%).  

It is also worth mentioning here that presence of recently cultivated tea gardens 

reduced the classification accuracy of both classifiers. Visually they look similar to bare 

land (Figure 7). However, the photogrammetric experts marked them as tea gardens 

during reference data creation. Since, this study focused to classify vegetation areas 

only, therefore, recently cultivated areas were misclassified. In Figure 7, an example of 

recently cultivated tea garden is shown with red polygon in (a), (b) shows the reference 

data which shows that the area has been marked as white (representing tea garden) and 

(c) shows that proposed method classified these areas as non-tea gardens.  

In future, we would like to extend the methodology for integration of higher 

spectral resolution image with LiDAR data for further improving the obtained results. 

LiDAR data can provide additional information, such as height, density etc., which is 

useful to distinguish between tea gardens and rest of trees. Moreover, automatic feature 

selection methods can be introduced to reduce the burden of manual feature extraction 

and selection. In addition, the current work did not take shadows into account. Their 

presence can increase the miss classification rate. Therefore, we will also develop a pre-

processing method that could reduce the impact of shadows from multispectral imagery. 

Figure 7 
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Table 1: Technical Specification of UltraCamX 

 

Parameter Name Value 

Ground Sample Distance 30 cm 

Capture Dates 13-03-2013 

Side Laps 30% 

End Laps 70% 

Flight Altitude 4200 m 

Sensor Type Aerial 

Radiometric resolution 8 bits 
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Table 2. Object-based spatial/spectral and textural features  

Feature Name Feature Description Number of features 

Mean  

Standard Deviation 

NDVI 

Mean value for each band 

SD for each band 

NDVI value 

4 

4 

1 

Homogeneity  

Contrast 

Energy 

Correlation 

GLCM texture features obtained for each 

object 
4 

 Total Features selected 13 

 

  

Acc
ep

te
d 

M
an

us
cr

ipt



Table 3 Correlation matrix of selected features.  

Features F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 

F2 0.24 
            

F3 0.47 0.61 
           

F4 0.56 0.63 0.53 
          

F5 0.24 0.17 0.20 -0.16 
         

F6 0.27 0.20 0.23 -0.19 0.58 
        

F7 0.34 0.26 0.28 -0.09 0.31 0.63 
       

F8 -0.09 -0.11 -0.10 -0.16 0.67 0.63 0.59 
      

F9 0.35 0.30 0.34 -0.13 0.43 0.47 0.51 -0.42 
     

F10 0.35 0.28 0.33 -0.15 0.43 0.38 0.68 0.60 -0.67 
    

F11 -0.05 0.03 -0.01 0.35 -0.69 -0.71 -0.69 -0.54 0.51 0.26 

   F12 0.39 0.36 0.39 -0.01 0.61 0.47 0.28 0.36 -0.44 -0.52 -0.09 
  

F13 0.05 0.11 0.09 0.28 -0.46 -0.45 -0.44 -0.44 0.38 -0.12 0.45 -0.32 
 

Note: F1 = Mean Red; F2=Mean Green; F3 =Mean Blue; F4 = Mean NIR; F5 =Standard Deviation Red; F6 = Standard Deviation 

Green; F7 = Standard Deviation Blue; F8 = Standard Deviation NIR; F9=Homogeneity; F10=Energy; F11=Contrast; 

F13=Correlation; 
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Table 4. Results obtained for extraction of tea gardens (%) 

Class Classifier Kernel Type P R FM OA KC 

Tea 

Fields 

SVM 
RBF 85.19 70.95 77.05 84.53 0.82 

Polynomial 82.13 72.93 76.99 79.15 0.79 

ANN 
Sigmoid 87.86 86.96 87.36 87.02 0.86 

Tanh 83.50 84.52 84.00 83.19 0.80 

RF - 87.90 86.66 87.21 86.66 0.85 

DT - 83.25 79.50 81.93 82.21 0.80 

 

  

Acc
ep

te
d 

M
an

us
cr

ipt



Table 5 McNemar’s statistical test to compare the classifiers with |z| > 1.96 at α= 0.05 

 SVM ANN RF DT 

SVM (RBF) N/A - - - 

ANN (Sig) 5.53 N/A - - 

RF 3.7926 1.66 N/A - 

DT 2.286 3.86 3.26 N/A 
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Figure 1. Scheme of the proposed method for tea garden extraction 
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Figure 2. a) Map of Turkey showing location of the study area (Rize district) b) A 

sample digital orthoimage c) Reference image for sample image, where white pixels 

represent tea gardens 
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Figure 3. NDVI profiles for sample classes 
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Figure 4. The impact of bandwidth (h_s, h_r) selection on segmentation of NDVI image 

using mean shift algorithm. 
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Figure 5. Analysing the effect of the training data size on the classification accuracy of 

the SVM and ANN classifier. 
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Figure 6. (a) A sample input image in RGB space, (b) Reference data for the sample 

image, The results obtained from each classifier (c) SVM (d) ANN (e)  RF (f) DT 
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Figure 7. (a) A sample of recently cultivated tea garden (b) reference data (c) results 

obtained from proposed method 
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