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Abstract: Various plant species had disappeared and many are on the verge of 
disappearing. Our economy highly depends on agricultural productivity. Plants 
play an important role in the agriculture field. Plant’s leaf segmentation has 
become an important task in the agricultural fields. In the leaf segmentation 
process, a few generalised steps are followed such as leaf image acquisition, 
leaf image pre-processing, feature extraction and leaf image segmentation. It is 
important to identify and differentiate various features from a noisy 
background. Feature extraction is the intermediary step to identify the features 
in leaves such as leaf area, leaf colour, leaf texture, etc. There are various 
techniques used for both feature extraction as well as segmentation of leaves 
like edge detection technique, K-means clustering techniques, artificial neural 
network-based techniques, etc. This paper presents a review of some methods 
used for the segmentation of leaf based on the available literature. 
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1 Introduction 

Plants are used as food. Our Indian economy mainly depends upon agriculture. Many 
plant species had disappeared and many are at the verge of disappearing (Darshana et al., 
2015). Many computerised systems had developed for both classifications as well as for 
identification of plants. To identify the plant it is important to know its characteristics and 
its leaf structure. Morphological structures are the same for the different leaves. There are 
different features present in each leaf. It is important to identify and differentiate the 
features of leaves by segmenting the leaf from its background. Leaf segmentation is the 
process of dividing a leaf image into small segments. Segmentation process should be 
done in a way so that important features present in the leaf can be extracted without 
changing the morphological appearance. Traditionally, the leaf segmentation task was 
carried out by the experts that consume a large amount of time. In the automatic leaf 
segmentation approach, the leaf is closely monitored through digital cameras or time of 
flight (ToF) cameras to extract the phenotypic characteristics of each leaf. The phenotype 
of the plant describes the features of the plant that can be seen through naked eyes such 
as the height of the leaf, margin, shape, colour of leaf, etc. By examining the phenotypic 
characteristics of a plant it would be easy to examine different symptoms of the plant 
diseases (Darshana et al., 2015). There are various techniques used for the segmentation 
of leaf, i.e., artificial neural network (ANN) (Minervini et al., 2016) histogram colour 
space (Barbedo, 2016), etc. 

Leaf Segmentation has to deal with various difficulties as in the case of the 
illumination conditions where leaf images can contain the shadow of the dark and light 
areas that occurred due to different lighting conditions. Feature extraction and leaf 
segmentation algorithm should be developed in a way that automatically removes the 
unwanted shadows from the leaf image. In manual segmentation, leaf growth and leaf 
area were detected by an individual. Many biologists grow plants of Arabidopsis and 
tobacco plant and record their phenotypic traits manually. Many experts had agreed that 
due to lacking of automatic algorithm it was very difficult to extract the finely grained 
data from the different dataset as there is a requirement of a large amount of time and 
good concentration for recording and tracking of the leaf area and leaf growth of a plant. 

Now a day, many algorithms had developed for the measurement of the plant features 
of any leaf size (Singh et al., 2016). In the case of the rosette plant (An et al., 2016), plant 
projected leaf area (PLA) is considered as a good approximation for the plant size. As 
plants are dynamic in nature and every day it grows and their properties change most of 
the time during their growth and it is difficult to keep an eye on it. Therefore a method or 
technique should be developed for the automatic monitoring and segmentation of the leaf. 

Leaf segmentation is performed with a few objectives such as to count the number of 
leaves in a plant as some leaves are overlapped (Minervini et al., 2016), to detect 
chlorophyll pigment in each leaf (Alenya et al., 2012), to calculate the rosette area and 
leaf length (An et al., 2016), to detect different colour spots in the affected area of leaf 
(Barbedo, 2016), etc. 
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Table 1 The methodologies adopted in literature for the monitoring of leaf segmentation 
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Table 1 The methodologies adopted in literature for the monitoring of leaf segmentation 
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Various methods (Arnal Barbedo, 2013) like the Otsu method (Ozturk, 2017) which is 
simple to implement, k-means clustering (Valliammal and Geethalakshmi, 2012) which 
helps in the detection of the homogenous data in the leaf image, neural network which 
helps in feature extraction from the segmented leaf which includes training of machine. A 
test image is an input to the machine to evaluate whether it is able to identify the 
appropriate class based on the features of the test image or not. Table 1 demonstrates 
methodologies adopted in literature for monitoring of leaf. 

For the automatic segmentation of leaf, feature extraction methods were adopted for 
leaf images (Ozturk, 2017) and sensitivity, specificity and accuracy were computed for 
the validation of different methods. The sensitivity, specificity, and accuracy were 
reported as 99.6%, 92.4%, and 99.31% respectively. The advantage of using feature 
extraction methods is that accuracy does not change when features are increased. As 
features are increased the processing load also increases which is a demerit of feature 
extraction methods. Some rosette plant’s leaves, pothus leaves were used for the 
segmentation process and regressive functions (Minervini et al., 2016) were evaluated. 
For this various machine learning algorithms (Singh et al., 2016) were used and 
segmentation accuracy was calculated, i.e., 67% of images contain no leaf counting error. 
Leaf counting is difficult as some leaves are overlapped and can cause hindrance in leaf 
count. Probing technique was 90% successful in case of the anthurium white, 85% 
successful in case of the anthurium red and 70% in case of pothus and time of flight 
camera used has succeeded in probing of about 82%. 

The ToF camera (Alenya et al., 2012) was used for monitoring of leaf. The results 
were obtained more accurate with ToF camera as it provided the detail information about 
the leaf growth and chlorophyll pigment in the leaf, etc. ToF camera has one 
disadvantage as it has low resolution and its noisy depth measurement is increased when 
the process is of short range. Some other features were also seen such as Tar spots, brown 
spots (Darshana et al., 2015), the area of the diseased leaf, the percentage of the infected 
area. Entropy (Zhao et al., 2015) was calculated in each leaf image with is calculated as 
the uncertainty in the information of the source image and information redundancy 
between the images. In some leaf images, firstly orthophoto is generated and then image 
rendering method (An et al., 2016) (photorealistic and non-photo realistic image from 2D 
or 3D image) was used for the pre-processing of leaf image. High performance 
computing (HPC) uses 6–8 minutes to detect spots and require 2 minutes to extract the 
traits in the leaf image. Thermal cameras were also used for monitoring and tracking of 
leaf, the advantage of using thermal cameras is that it does not need light to capture high 
contrast images and can monitor plants in darkness also. For the segmentation process 
some techniques were used such as chamber matching (Fahlgren et al., 2015), local 
search method (Yin et al., 2018) and leaf tracking algorithm for solving the optimisation 
problem present in each leaf that mainly depends on the template transformation. Water 
shed approach (Viaud et al., 2017) is also used in some leaf segmentation process and 
then features were extracted, various leaves were discarded because the values obtained 
by the sigmoid function were less than the threshold. In some cases leaf image is 
converted into greyscale representation and histogram peak (Barbedo, 2016) is developed 
and concluded that greater the height of the peak, healthier the leaf and if peak is small 
then symptoms of disease is present on leaf and 83% cases the technique used was 
capable of detecting the disease symptoms. In some cases, feature extraction phase is 
used to detect leaf centre points and multi split points (Scharr et al., 2016) for the 
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corresponding leaf segmentation. From the leaf segmentation process, it was concluded 
that larger the leaf count lesser will be the segmentation accuracy. 

In some leaf images SVM algorithm (Singh et al., 2016) used for detecting the stress 
level in leaf through machine learning technique (Singh et al., 2016). The method used 
was biomass accumulation, blue outliner on the boundary of leaf to see the response of 
Setaria plants. Plant CV (Fahlgren et al., 2015) was used to calculate the growth of the 
plant and it was found that S. virdis showed more growth than S. italian and shortage of 
water can lead to incorrect results. An automatic method was developed which 
automatically identify the leaf and this automatic method was k-means, Chan-Vese 
algorithm (Raji and Thyagharajan, 2015), etc. It was found that Chan-Vese algorithm 
provides good result for both single as well as the bunch of leaves. The only disadvantage 
of Chan-Vese algorithm is this algorithm provides less information about the shape of the 
leaf. 

2 Material and methods 

Material and methods include the techniques to be used for the segmentation of leaf. 
There are different steps as listed in Figure 1. Leaf image acquisition means the image is 
taken from which source, i.e., images taken from camera or through the video. Leaf 
image pre-processing involves removal of the noise from the leaf image which may be in 
the form of dust, distortion, etc. After the removal of noise from image, thereafter 
features are extracted from the leaf and segmentation process is applied, i.e., image is 
divided into small region which is done by applying various methods such as k-means 
(Valliammal and Geethalakshmi, 2012; Baghel and Jain, 2016), ANN (Singh et al., 
2016), threshold segmentation (Zhao et al., 2015), etc. 

Figure 1 Steps required for leaf segmentation 

 

2.1 Leaf image acquisition 

Digital acquisitions mean digital encoding for the visual representation of an image 
which includes the interior structure of the image. It is broadly defined as the action of 
retrieving an image from a source usually hardware-based source so that image can be 
passed through whatever process needs to be worked afterward. There are different 
factors that are involved in the image acquisition, i.e., setting up a system for long terms 
and maintenance of hardware for growing plants and a device that can be camera which 
will capture different images of leaf and if not properly configured the visual defects can 
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be produced which complicate the process of segmentation. An improper setup may 
produce images of low quality which can’t be segmented using a deeper process also. 

The real-time acquisition usually involves the retrieving the image from the real 
source and creates a stream of files that can process automatically and are converted into 
a single format. Some the images are taken from the environment which contains noise 
such as the soil and the background regions such as the dark region and the shadows in 
the images. The dark region and shadows in the image may cause failure to segmentation 
process. In case of 3D images (Ozturk, 2017) series of plant leaf images were taken 
through different cameras aligned over to the leaf and ToF cameras are used for the 
record the measurements of the image. The camera emits infra light which calculates the 
distance between the emitted light and the light which is reflected back by the leaf. ToF 
camera has two drawbacks as the image captured is of low resolution and noisy depth 
measurements (Ozturk, 2017). There are two filters used within TOF camera, i.e., jump 
edge filter and an averaging filter to remove the noise and depth errors. 

A sensing system was set up where plants are grown and are monitored through 
camera sensors (Minervini et al., 2016) which will capture the images of the leaf 
containing features such as the growth of leaf, leaf area, etc. and these images were 
directly sent to the other computer system via a wireless connection. Environmental 
conditions were provided to the growing plants in the sensing system so that plants can 
grow as they grow in a natural environment. Some images were taken from Canon DSLR 
cameras and this camera has two flashes with diffusers to create an illumination 
condition. Colour dot system (An et al., 2016) was also used to track the growing period 
of the plant. Many images of the Arabidopsis thaliana were taken using the phenoscope 
which is an automatic phenotyping platform and from there 21 images are considered 
which is of different genotype and all other plants were grown in the same environment 
and some images are taken on 9th day after sowing. For evaluation, four genotypes were 
considered and some images are captured using the analogue digital cameras also which 
contain red luminous light so that pixels are clear and are stored in the computer memory 
(Arnal Barbedo, 2013) for further processing. 

2.2 Leaf image pre-processing 

Pre-processing method is used for low quality or low level images that involve the 
improvement of images and removes the unwanted distortion present in the image in 
order to enhance the image so that important features of the leaf image could be extracted 
for further processing. Figure 2 explained about the pre-processing steps, i.e., firstly 
plant’s image is converted into colour space then noise removal takes place, i.e., removal 
of dust or shadow which make the segmentation process easy, after the noise removal, 
image enhancement takes place like increasing the contrast, sharpness of leaf image so 
that surface spots are clear. 

There are three categories for the image pre-processing technique: 

a geometric transformations 

b pixel brightness transformation 

c image restoration. 
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Figure 2 Steps for pre-processing of plant’s image 

 

Geometric transformation involves the removal of the geometric distortion which had 
occurred during the capture of the image. Pixel brightness (Arnal Barbedo, 2016) of 
image means increasing the brightness of image so that leaf image is clear and it could be 
easy to see the features on the leaf surface and image restoration is the recovery of the 
image from a degraded version (noisy image or blurry image) to a high-resolution image 
for that it is important to have knowledge about the entire image. Before the  
pre-processing it is important to have knowledge about the image acquisition as if under 
which condition the image is captured, Knowledge about the general properties of the 
leaf image and knowledge about the features to be searched and the segmentation process 
techniques to be used. 

The images pre-processing include the removal of distortion from the image, dust 
from the leaf surface, removal of dark regions and shadows from the image which had 
occurred during image capturing and if image pre-processing is not done correctly can 
make segmentation process more complicated. As in case of 3D image acquisition 
(Alenya et al., 2012) more than two cameras were used to take a raw image. Image  
pre-processing was done for colour correction (Valliammal and Geethalakshmi, 2012) 
and to reduce image optical distortion. In the colour correction technique (Singh and 
Misra, 2017), a white balance operation is used to pre-process the raw image. Due to the 
lens distortion, the accuracy of the measurement of the leaf is reduced and if the leaves 
are overlapped then it is not possible to extract features from that different leaves so 
overlapped leaf should be rotated in a particular angle so that some features of the other 
leaves could be extracted. 

2.3 Feature extraction 

Feature extraction starts from measuring the data and deriving the values from the leaf 
image. When a dataset is very large then input data is transformed into its feature set. The 
feature set will contain all the relevant information about the image. Basically, feature 
extraction involves reducing the amount of pixel to describe a large amount of data and 
involves the combination of the pixel to describe data with sufficient accuracy. There are 
various techniques for the feature extraction such as dimensionality reduction, i.e., 
principal component analysis (Singh et al., 2016) and independent component analysis 
(Singh et al., 2016). Feature extraction involves the extraction of important features from 
the dataset. 
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2.3.1 Feature-based extraction 

Chlorophylls pigment and infrared intensity reflected by leaf were calculated after the 
pre-processing step from Anthurium red and Pothos plant leaf image and in maple leaf 
image features like leaf area contain tar spots and in case of sugarcane and rice leaf red 
spots and rust on the surface of leaf were detected during the feature extraction process. 
Thereafter in maple leaf, Anthurium red leaf, pothus plant leaf and sugarcane leaf 
feature-based segmentation process was applied. 

2.3.2 Knowledge-based extraction 

In Arabidopsis thaliana plant leaf images, leaf alignment, increase in leaf area were 
observed and by applied segmentation process it was concluded that when a threshold is 
increased, large tip-based errors are considered which contribute to the large landmark 
error and tracking inconsistency. In tobacco leaf image, from the shape of leaf boundaries 
and leaf counting and it was concluded that the segmentation process decreases with an 
increase in the leaf count because of high overlapping between the mature and young 
leaf. 

2.3.3 Performance-based extraction 

Setaria viridis (green millet), S. italica are the drought-tolerant crops where wild Setaria 
maintains efficient growth using water while domesticated Setaria uses less water usage 
for efficient growth. During water availability, S. viridis plants grow taller than the S. 
italica and S. viridis showed more growth of about 0.6 g/day than that of S. italica 
(Fahlgren et al., 2015). 

2.4 Leaf segmentation 

Leaf segmentation is the process of partitioning a leaf image into multiple segments that 
share similar attributes (like colour, texture) to making it more useful for the analysis and 
interpretations. Leaf segmentation is done in order after features extraction process in 
leaves like to calculate genotype trait, chlorophyll content, leaf area including infected 
area, etc. The segmentation process is the main step in the image analysis. Image 
segmentation is based upon two properties, i.e., similarity and dissimilarity. Similarity 
means dividing the image into different regions based on similar properties (Patil and 
Kumar, 2011). Discontinuity means dividing the image into different regions based on 
the intensity level of the image (Patil and Kumar, 2011). Discontinuity approach can be 
classified into three types such as the line detection, point detection, and edge detection 
approach. In edge detection is mainly used for segmenting the leaf images based on the 
local changes in the intensity. Edge detection is of three types (Kumar, 2012), i.e., step, 
roof and ramp edge. Step edge involves the changes between the two intensity levels over 
the distance of one pixel as in case of computer-generated images. Roof edge determines 
the thickness and sharpness of the leaf and ramp edges (Chaki et al., 2015) mainly seen 
when the change in the intensity of leaf images is not instantaneous. Line detection 
consists of convolution kernels (Chaki et al., 2015) which is used detect particular lines 
of a particular width and point detect is used to detect point features in an image and 
these features are extracted from the region where there is significant edge strength. 
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There are two main methods used for image segmentation such as the region based 
segmentation (Kamlapurkar, 2016) and clustering-based segmentation (Kamlapurkar, 
2016). Region-based segmentation leaf region is segmented based on the intensity 
information and this region is added to the existing region of the leaf and intensity 
information is taken from the input image which will be used for the region growing 
segmentation. In region merging segmentation (Kamlapurkar, 2016) the leaf image is 
divided into different blocks and these blocks are again sub-blocks and from the  
sub-blocks a seed point (centroid) is calculated (Singh et al., 2016). And this process 
repeated until no region is present in the neighbour. In region splitting, maximum and 
minimum intensity values of the leaf image are calculated and if these values are less 
than the threshold value of the leaf then leaf region is spat. Clustering-based 
segmentation (Valliammal and Geethalakshmi, 2012) includes mean shift segmentation 
and k-means segmentation (Baghel and Jain, 2016). In the means shift segmentation, 
every feature set in the leaf image is supposed to be a cluster set and radius is calculated 
for each dataset and from that radius a centre is made on the basis of the mean of data 
point and the process will continue till all the data points converges at a single centre and 
in case of k-means clustering (Valliammal and Geethalakshmi, 2012) the leaf image is 
divided into different clusters and one of the cluster will contain disease features (Larese 
et al., 2014). 

3 Result 

Various methods were reviewed for automatic leaf segmentation of plant. It was found 
that different methods show different efficiency and accuracy results based upon the 
features extraction and segmentation techniques. Methods were compared with other 
methods to compute other important features and success rate of different segmentation 
techniques. 

4 Discussion 

Itakura and Hosoi (2018) captured leaf images from Canon EOS M2 in a horizontal 
position. The objective was to extract a feature from the leaf and apply the segmentation 
method. 3D leaf images were pre-processed using Agisoft photo scan software and leaf 
area is the feature extracted. Water shed algorithm (Fahlgren et al., 2015) with attributes 
expanding method and with the simple projected method is applied for leaf segmentation. 
It was found that leaf segmentation success rate was 86.9%. Table 2 represents the few 
examples demonstrating the methods used against the generalised steps involved for leaf 
segmentation process. Singh and Misra (2017) acquire leaf images from a digital camera. 
Their objective was to detect different colour spots on the leaf surface and apply the 
segmentation method. Thereafter, smoothing filter (capture important patterns in data and 
leaving out the noise) and clipping method (the only important region is cropped) used 
for the pre-processing of the leaf image. Tactile texture and different colour spots on leaf 
surface are the features extracted from the leaf. A genetic algorithm was used to segment 
the cluster components of leaf image during the leaf segmentation. 
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Table 2 A few examples demonstrating the methods used against the generalised steps 
involved for the leaf segmentation process 
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Zhao et al. (2015) captured the plant’s leaf images from the camera or from already exist 
local database. The objective was to make a system for automatic plant identification. 
Top hat method was used for pre-processing of leaf images. Leaf colour and leaf texture 
were the features extracted from the leaf images, thereafter thresholding segmentation 
method was applied in which RGB (red, green, blue) colour space was converted into 
greyscale and for feature extraction different method were used such as PHOG (pyramid 
histogram of gradient) in which shape and appearance of local object within the image is 
described by intensity gradient distribution, colour HSV (hue, saturation, value) and 
wavelet. The system was trained with training and testing data to identify the plant’s leaf 
images and after training the system it was found that the system takes only 5 seconds to 
identify the plant. After training the identification accuracy was increased from 0.76 to 
0.89. Raji and Thyagharajan (2015) captured the leaf images from digital cameras or 
already existing local database. The main objective was to identify the best method for 
segmenting the leaves images from complex background Edge focusing algorithm 
(remove less relevant information from leaf image) and thresholding method were used 
for pre-processing of leaf images. Leaf colour, texture and leaf shape were the features 
extracted after the pre-processing step. Chan-Vese algorithm and K-means algorithm was 
used for the segmentation of herbal leaves based on the minimum energy states from the 
corresponding pixels. Chan-Vese algorithm worked well for thin leaf edge and thus 
required less time for execution. Rand index was calculated based on the segmentation 
process and it was found that leaf segmented through Chan-Vese algorithm had high 
value of rand index than leaf segmented through K-means algorithm (Valliammal and 
Geethalakshmi, 2012; Baghel and Jain, 2016). Thus segmentation efficiency was more in 
case of Chan-Vese algorithm than k-means clustering (Baghel and Jain, 2016). 

5 Conclusions 

This paper presents a review of the methods of automatic segmentation of plant leaves. 
The acquired images were pre-processed by using different methods such as clipping 
method, smoothing method, top hat method, edge focusing method, etc. and a number of 
features are extracted from them using different methods like SVM, machine learning 
algorithms, etc. The machine learning algorithms were used in various training methods 
to predict various stress level and to calculate leaf area in a different plant. SVM 
algorithms are also skilled at detecting drought stress also. With the leaf boundary and 
leaf structure information, photosynthetic efficiency can also be computed. Effective 
methods are used for segmentation of leaf under different lighting conditions as in this 
case, the artificial neural network is trained. It can be concluded by reviewing various 
methods that as the efficiency of methods increases then the accuracy of getting accurate 
results also increases and leaf segmentation accuracy decreases with larger leaf count. 
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