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Abstract 

 

Leaf venation is one biometric feature of leaves that 

have an important role in growth processes of the plant, 

and to determine the relationship of the plant physiology 

and the environment in which plants grow. At every 

different environment, plants have different types of leaf 

venation. It can be seen from the level of the leaf vein 

density. In this study, the feature of leaf vein density was 

used to identify the leaves based on venation type. The 

venation density features obtained from segmentation, 

vein detection, and density feature extraction of leaf 

venation. Identification of the venation type was made 

using the artificial neural network (ANN). The results of 

this study indicate that the proposed method can classify 

the leaf correctly image based on the venation type. On 

the dataset with 324 samples, the accuracy of 82.71% 

was obtained. This shows that the leaf vein density 

features allow use as a plant identifier. 

 

Keywords: leaf vein density, vein detection, density 
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1. Introduction 

 

Plant morphology or phytomorphology is the study of 

form and structure of plant [1]. It is useful to identify 

plants visually, so an enormous diversity of plants can be 

identified, classified, and given a proper name for each 

group formed. Plant morphology does not just describe 

the shape and structure of plants, but also to determine 

the function of each part in the life of the plant, then also 

be able to know where the origin and composition of the 

body formed [2]. Morphology information is necessary 

for the comprehension of life cycles, geographical and 

ecological distribution, evolution, conservation status, as 

well as species delimitation [3]. 

 The plants can be identified using their body 

structures such as leaves, flowers, and fruit. Among 

these parts, the leaf is widely used for plant identification 

because typically this data most abundant collected by 

botanists and easy to get in the field study [4]. Although 

flower and fruit have proved very useful for botany and 

paleobotany, certainly there are situations in which these 

organs are not available for study [5]. Also, the leaf is an 

organ that plays a significant role in environmental 

adaptation [6]. The leaf has main features that 

distinguish each type of crop, among others shape, vein 

structure (venation), color and state of the surface of the 

leaves [7]. Among the features, the leaf venation has a 

unique diversity that can describe in detail the 

characteristics of the plant, although some plant species 

do not show the clear pattern of venation [8]. The 

networks of leaf venation provide an integrative linkage 

between plant form, function, and climate, including 

temperature, precipitation, and water availability, 

because water transport in leaf underlies variation of 

plant growth [9]. 

 Related to plant growth, the leaf venation has a 

critical role. Plant growth will experience a water loss 

during transpiration. Transpiration needs water supply 

provided by the leaf venation. If the growth rate and 

water loss rate of plants depend on the environment, only 

a few leaf venation types with a certain density that can 

survive in environment differently [9]. In fact, in most of 

the plants that have been investigated (including 

deciduous trees, evergreen trees, bushes, and herbs), the 

leaves under the sun has venation density higher than in 

the shade [10] [11]. The most important factor 

influencing venation density is water [10]. The result of 

observation stated that the venation density in dry 

habitats is higher than the plants in mesic habitat [12]. 

Thus, to determine the relationship of climate and a plant 

physiology, measurement of the leaf vein density is 

required. Density is one of the key traits of leaf venation 

because it is directly associated with vein function [11]. 

 In leaf venation, there are six types of venation, 

which is acrodromous, actinodromous, campylo-

dromous, palinac-tinodromous, parallelodromous and 

pinnate [13]. To identify each type of venation can do by 

utilizing the leaf vein density features. The density 

features divided into two, based on measured traits and 

derived traits of leaf venation [14]. These features can 

obtain through the extraction of leaf venation features. 

 A wide variety of methods has been applied to the 

extraction of the vein networks, although arguably with 

limited success thus far. Rahmadhani and Herdiyeni, 

performed the shape and vein extraction on plant leaf 

images using Fourier and B-Spline modeling [7]. 

However, the segmentation results only until secondary 

venation, and many parts of venation were not 

segmented, so the accuracy is not good. Furthermore, 

Salima et al. have managed to improve the venation 

segmentation using Hessian matrix, which implements 
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vesselness measure based on the eigenvalues of the 

Hessian matrix. Vesselness of this measure commonly 

used for vessel segmentation of human organs [15]. The 

results obtained, the system can perform segmentation 

up to tertiary venation. Other studies, Plotze and Bruno 

have done a biometric feature extraction on the plant, 

i.e., on the leaf venation. The features that extracted 

from the leaf venation structure is distances, length, and 

angle [16]. The results of Ambarwari et al. showed that 

leaf venation features can be used to classify the 

venation type [17]. 

 This paper focuses on identifying the venation type 

of leaf using venation density features. The leaf image 

data used in this study obtained from the Computational 

Intelligence Laboratory, Bogor Agricultural University. 

The leaf images were extracted using Hessian matrix 

[15]. Venation detection and feature extraction of leaf 

vein density used the method from Plotze and Bruno 

[16]. For identification of the type of leaf venation, the 

technique used is the artificial neural network (ANN). 

 

2. Methods 

 

The method developed has been applied directly to the 

identification of plant leaves. The leaf image data are 

used as much as 324 images of leaves that have been 

classified by venation type with the number of sample 

image that different. Each leaf venation type consists of 

96 images of acrodromous, 37 images of actinodromous, 

50 images of parallelodromous and 141 images of 

pinnate. The sample image data of leaf is obtained from 

the Computational Intelligence Laboratory, Bogor 

Agricultural University. Figure 1 shows a sample of each 

venation type from some species used in the 

experiments. 

 
(a) (b) (c) (d) 

  
  

(e) (f) (g) (h) 

    
 

Figure 1. Sample of each venation type from some 

species. Acrodromous: (a) clidemia hirta, (b) randong 

tangkal; Actinodromous: (c) morus alba, (d) akar 

bilawan; Parallelodromous: (e) congkok, (f) rotan; 

Pinnate: (g) aegle marmelos, (h) eupatorium riparium. 

 

 The leaf images obtained from the Computational 

Intelligence Laboratory taken using a digital camera and 

a scanner with a resolution of 300 dpi. The experiments 

divided into four steps: segmentation, vein detection, 

density feature extraction and pattern recognition (neural 

network). 

 

Segmentation 

Segmentation is the operation of partitioning data into 

parts, or into separate objects [18]. Image segmentation 

is the process of separating the image into several parts 

homogeneous and extracts the parts into objects to be 

observed so that the region of interest found [19]. 

 

 
Figure 2. Segmentation process on leaf image data 

 

 Figure 2 is a segmentation process on leaf image 

data. In the leaf image data, segmentation divided into 

two, namely leaf shape (using thresholding, to obtain 

projected leaf area) and leaf venation using Hessian 

matrix [15]. The result of segmentation process in the 

form of binary image data. The threshold value applied 

to each of leaf image is different because each image of 

leaves has color intensity levels and image quality that 

difference. Figure 3 presents a sample of each venation 

type of several species after segmentation. 

 
(a) (b) (c) (d) 

  
  

(e) (f) (g) (h) 

    

 

Figure 3. Venation structure of the samples. 

Acrodromous: (a) clidemia hirta, (b) randong tangkal; 

Actinodromous: (c) morus alba, (d) akar bilawan; 

Parallelodromous: (e) congkok, (f) rotan; 

Pinnate: (g) aegle marmelos, (h) eupatorium riparium 
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Vein Detection 

From the binary image data of segmentation result of 

leaf venation was determined the branch-point and end-

point. These points stored in the form of coordinate 

values (x, y). Then will create a segment (length of 

venation), which consists of two pairs of points. 

 

 

Figure 4. Leaf structure feature extraction: bifurcations 

(branch-point), extreme point (end-point), and 

intermediary. 

 

 The main idea to determine the branching point and 

ending point, ie when a pixel has only one or two 

neighboring pixels, then this pixel is the ending point. If 

a pixel has three or more neighboring pixels, then this 

pixel is a branching point [16]. 

 

 
Figure 5. Determination of bifurcation pixels: 

(a) pixel p is not bifurcation A(p) ≤ 2; 

(b) pixel p is bifurcation A(p) > 2 

 

 Figure 5 illustrates bifurcation (branch-point) pixels 

in the structure of the leaf venation. The extreme point 

(end-point) concept can be understood as the last pixel of 

the ramification structure (represent the end of 

ramification). The intermediary pixel can be understood 

as all the points that do not belong to the bifurcation and 

extreme points or the simple is dots that connecting the 

bifurcation with an extreme point [16]. 

 

Density Feature Extraction 

Density is one of the key traits of leaf venation because 

it is directly associated with venation function [11]. Leaf 

vein density (LVD), defined as the total length of 

venation per unit area [20]. Illustration of the features of 

the leaf vein density shown in Figure 6. 

 

 
Figure 6. The illustration of leaves venation density 

features 

 

 The leaf vein density can be calculated by 

measuring the traits of leaf venation in Table 1, and the 

derivative traits of leaf venation on Table 2 [14]. 

 

Table 1. Measured traits of leaf venation 

Venation Traits Symbol Unit 

Total skeleton length L mm 

Projected leaf area A mm
2
 

No. of branching points NBP  

No. of ending points NEP  

 

Table 2. Derived traits of leaf venation 

Venation Traits Symbol Definition 

Leaf vein density Dv = L/A 

Branching point density DBP = NBP/A 

Ending point density DEP = NEP/A 

 

 Total skeleton length represented by the length of 

the segment as a whole. Projected leaf area represented 

by the number of pixels of the leaf shape (segmentation 

using thresholding). The number of branching points 

represented by the number of blue pixels and the number 

of ending points represented by the number of red pixels. 

Density feature of leaf venation obtained as much as 8, 

which is total skeleton length, projected leaf area, 

number of branching points, number of end points, leaf 

vein density, branch point density, end point density, and 

the number of segments. 

 

Multilayer Perceptron 

Pattern recognition technique used is an artificial neural 

network (ANN). The main characteristics of an ANN are 

the ability to learn the nonlinear complex relations of 

input/output, the sequentially training procedures, and 

the adaptation of ANN in accordance with the incoming 

data [16]. 

 One of the families that are often used in ANN for 

classification is a feed-forward network, called a 

multilayer perceptron (MLP). A multilayer perceptron 

(MLP) is a model that maps sets of input data onto a set 

bifurcation 

extreme point 

intermediary 
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of appropriate outputs. An MLP consists of multiple 

layers of nodes on a directed graph, with each layer fully 

connected to the next one node. Except for the input 

nodes, each node is a neuron (or processing element) 

with a nonlinear activation function. MLP utilizes a 

supervised learning technique called back-propagation 

for training the network [21]. Figure 7 illustrates an MLP 

with an input layer (density feature of leaf venation), a 

hidden layer and an output layer (the type of leaf 

venation). 

 

  

  

  

  

  

Acrodromous

Parallelodromous

Actinodromous

Pinnate

End point density

Branch point density

Leaf vein density

End point

Branch point

Total skeleton length

Projected leaf area

 

Figure 7. Multilayer Perceptron (MLP) structure to 

classify type of leaf venation 

 

 The performance and the efficiency of MLP of the 

ANN can be measured by error ratio value. This 

calculation is based on the difference between the results 

achieved algorithms with expected results. One way that 

is more commonly used is the Mean Square Error (MSE) 

[16]. Equation (1) defines the Mean Square Error. 

 

 

 

where j represents the neurons of the output layer, t is the 

output obtained and y the desired output of the neural 

network. 

 

3. Results and Analysis 

 

The image data obtained from the Computational 

Intelligence Laboratory as many as 324 and grouped by 

the venation type, venation type acrodromous consists of 

96 images, actinodromous consists of 37 images, 

parallelodromous consists of 50 images, and pinnate 

consists of 141 images. Each type of leaf venation also 

consists of a different species. Acrodromous consists of 

8 species of leaf, actinodromous consists of 10 species of 

leaf, parallelodromous consists of 2 species of leaf, and 

pinnate consists of 28 species of leaf. 

 Previously the leaf images in the segmenting and 

extracted, thus obtained seven features include the 

projected leaf area, total skeleton length, end point, 

branch point, leaf vein density, branch point density and 

end point density. 

 Feature information collected is used as input data 

on ANN. ANN trained using back propagation 

algorithms and topology 7×5×4 (7 neurons in the input 

layer, 5 neurons the hidden layer, and 4 neurons in the 

output layer). The parameter value of learning rate is 0.3, 

momentum 0.2, training time 500, and the validation 

threshold 20. For validation the correct/incorrect data, 

use k-fold cross validation. Dataset (324 data) was 

divided into 10 (k=10) fold, each iteration will be 

training and testing (1 fold for testing and k-1 for 

training). 

 From the results of the classification, gained an 

average of 82.71% correctly classified by type of leaf 

venation. Among the four venation types, the 

actinodromous type who earn less good accuracy results. 

Almost half of the data types actinodromous 

misclassified, ie on acrodromous and pinnate. This is 

due to the characteristics of the pattern of leaf venation 

between acrodromous, actinodromous, and pinnate 

almost the same (can be seen in Figure 3 (a, b) for the 

type acrodromous, Figure 3 (c, d) for the type 

actinodromous, and Figure 3 (g, h) for the type pinnate). 

The results of the classification are shown in a confusion 

matrix, as shown in Table 3. 

 

Table 3. The results of venation type classification using 

density features of leaf venation 

Vein 

Type 
1 2 3 4 Accuracy Error 

1 89 3 0 4 92.71 7.29 

2 8 21 0 8 56.76 43.24 

3 0 0 46 4 92.00 8.00 

4 3 2 10 126 89.36 10.64 

    µ 82.71 17.29 
1=Acrodromous; 2=Actinodromous; 3=Parallelodromous; 4=Pinnate 

 

 From the confusion matrix in Table 3, data is 

classified correctly represented diagonally. The column 

Accuracy and Error is the percentage of correct and 

incorrect data is classified. The resulting classification 

(for k=1 to k=10) by comparing the value of MSE at the 

time of data testing shown in Table 4. The average of 

error ratio obtained in the test is 0.23462. Table 4 shows 

the average accuracy obtained ANN in classifying 

images leaf based on the venation type, for a value of k = 

1 to k = 10 is 86.30. 

 Overall, the proposed method successfully 

collecting the leaf venation features based on density 

levels, given the importance of the leaf vein density 

feature to identify the characteristics of the leaves like 

the leaf vein density. By knowing the characteristics of 

the leaf venation based on its density, it can be estimated 

the location or the distribution of the growing of the 

plant species. Although the number of samples used to 

train the ANN was not high (not all types of venation), 

k-fold cross validation is applied to improve the 

efficiency of experiments. 
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Table 4. The results of venation type classification using 

density features of leaf venation 

k Accuracy Error MSE 

1 91.67 8.33 0.1899 

2 85.19 14.81 0.2497 

3 85.19 14.81 0.2407 

4 83.95 16.05 0.2487 

5 86.11 13.89 0.2322 

6 86.42 13.58 0.2345 

7 84.26 15.74 0.2411 

8 85.49 14.51 0.2444 

9 87.65 12.35 0.2301 

10 87.04 12.96 0.2349 

µ 86.30 13.70 0.23462 

 

 

4. Conclusion 

 

Information about plant morphology, especially the 

leaves is important to be learned, remember leaf is one 

of the plant organs needed for the survival. Through the 

leaves, botanists were able to identify the characteristics 

of the plant such as climate and physiology of the plant. 

One of the characteristics of the leaves that store such 

information is the leaf venation, where each leaf has a 

venation type different. 

 This research has identified the type of venation 

leaves, using a feature density of leaf venation. As for 

the features that extracted is the leaf vein density of as 

much as seven and an artificial neural network is used to 

classify the leaves based on the venation type. This 

method has applied to four types of leaf venation, with a 

variety of species on each of venation type different (8 

species of acrodromous, 10 species of actinodromous, 2 

species of parallelodromous, and 28 species of pinnate). 

 Using dataset as much as 324 samples, the 

proposed methodology is able to correctly classify as 

much as 82.71%. This indicates that the computer vision 

technique and machine learning can be applied to 

identify the characteristics of a plant, by its leaf 

venation. Although the results are good enough, the 

addition of other features allows improving the result of 

accuracy. As for the other features of leaf venation, the 

author got from the papers reference include the distance 

between the end point with the branch point, the angle 

formed by each pair of branch venation, and the length 

of each branch of leaf venation. 
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