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Image based plant phenotyping plays a vital role in productive and sustainable agri-
culture. It is used to record plant growth, chlorophyll fluorescence, yield, width and tall-
ness of plants and leaf area, frequently and accurately. Among these characteristics, plant
growth is an important characteristic to be analyzed, which directly depends on leaf
count. Taking benign conditions of quick advancement in computer vision and image
processing algorithms, a new method is proposed to extract the leaves from complex
background and to count the number of leaves. The proposed method has two stages. In
the first stage, leaf region is separated from the background, using graph based method.
In the second stage, leaves are counted by using Circular Hough Transform (CHT). The
proposed method is experimented with Leaf Segmentation Challenge (LSC) benchmark
datasets. The proposed method achieves the Dice score of 93.2% and FBD of 94.3%,
which are higher when compared with the existing recent relevant methods.

Keywords: plant phenotyping, leaf extraction, clustering, circular hough transform, leaf
count

1. INTRODUCTION

Plants are the pivotal source of food, fuel, efc. So the researchers along with breed-
ing industry are making great efforts to continue agriculture for a long period without
any interruptions. Plant phenotyping is a key element in addressing rural necessities
without bounds, one of which is expanding crop yield that requires a tremendous amount
of research. Image based plant phenotyping is used to predict crop yield by analyzing the
plant traits. Many methods have been proposed for the specific acquisition scenarios and
the controlled experimental design. Few attempts have been made to create automated
software applications for analyzing the plant images. In achieving the goal of increasing
the throughput of non-destructive plant phenotyping, different computer vision and im-
aging techniques are proposed.

A pivotal measure of research is committed to plant phenotyping that comprises re-
search in the field of leaf segmentation, leaf counting, identifying ailments in plants, and
examining the growth and development of a plant by analyzing the plant images. The
image based plant phenotyping is used to analyze the characteristics of plant growth and
development, for estimating the crop yield. Plant growth depends on the total number of
leaves [1], hence the leaf count measurement will be used for assessing the plant growth.

The plant images may contain numerous leaves, branches, stems, and other objects
in the background which meddle with the procedure. The leaf region must be isolated
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from the image, in order to count the leaves accurately. In this paper, a new method
based on graph is proposed to extract the leaves from the background, with minimum
manual interaction and to count the number of leaves.

2. LITERATURE SURVEY

Nowadays, plant phenotyping takes place in the green house, the controlled labora-
tory environment, or in the field. Many researchers have contributed to plant phenotyp-
ing. Manuel Grand-Brochier et al. [2] portrayed the studies, in view of various segmen-
tation methods applied for extracting tree leaves from natural images. Y. J. Huang et al.
[3] presented an approach for identifying plant species automatically. Several leaf seg-
mentation systems [4] use shapes as the feature, for segmentation. Few systems use
depth or infrared information [5] for segmentation. Xiaodong Tang et al. [6] developed
an algorithm for extracting the leaves, from the images with complex background.

Yin et al. [7] used Chamfer derived energy function to match the available seg-
mented leaf templates, with unseen data for arabidopsis leaf segmentation and tracking.
Dellen ef al. [8] used a graph-based method to segment and track leaves of tobacco
plants. Aksoy et al. [9] derived superparametric clustering to track the leaves over time.
De Vylder et al. [10] used active contour to segment and track the leaves of arabidopsis.
Wei-Zheng Shen et al. [11] developed an automated counting soybean leaf aphids sys-
tem based on computer vision technology. Miao Jiang and Yi Lin [12] proposed a multi-
step method for the recognition of individual deciduous trees in leaf-off aerial ultrahigh
spatial resolution remotely sensed (UHSRRS) imagery. Cerutti et al. [13] proposed a
parametric active polygon model. The drawbacks of these methods are (i) the require-
ment of large labeled datasets and prior training; (ii) incapable of handling occlusions;
(iii) requirement of post processing for complete plant segmentation.

Wu and Nevatia [14] proposed a method for multiple and partially occluded objects
detection and segmentation. Rosette Tracker software [15] is an open source tool to
quantify the genotype effects. gPb-owt-ucm [16] is a segmentation method that depends
on contour detection and spectral clustering. Maximal Similarity Based Region Merging
(MSRM) [17] is an interactive segmentation approach, in which super-pixel segmenta-
tion is fused based on region merging framework.

In segmentation via 3D histogram (Seg 3D) method [18], 3D histogram cubes are
used for supervised foreground/background segmentation. Seg 3D method uses leaf
centre points, leaf split points, distance map and skeleton for finding the individual leaf.
In Simple Linear Iterative Clustering (SLIC) superpixels segmentation (Seg SLIC)
method [18], SLIC superpixel is used for segmentation. This method does not require
training. To extract the whole plant, superpixel over-segmentation in L*a*b color space
is done using SLIC. In the superpixel space, simple seeded region growing is used for
foreground extraction. This method uses distance map, superpixels and watershed trans-
form for identifying the individual leaves.

Leaf segmentation with Chamfer matching (Seg chamfer) method [18] is originally
applied in plant fluorescence videos for segmenting and tracking leaves. This method
involves in generation and matching of set of templates with different shapes, scales, and
orientations to find the individual leaves. The leaf segmentation with watersheds (Seg_
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watershed) method [18] comprises two stages: In the first stage, plant is segmented from
the background using supervised classification along with neural network. In second
stage, individual leaf is identified by applying watershed method on Euclidean distance
map of the resulting plant mask image of the plant segmentation stage.

In Seg chamfer method, segmentation accuracy depends on the number of tem-
plates created. More templates have to be created, if there is a large difference in shape
and size of leaves which is very difficult. In Seg_watershed method, the dataset is trained.
The throughput of the system directly depends on the training. Therefore, proper training
has to be done in order to get more segmentation accuracy. In Seg SLIC method, the
accuracy depends on the selection of superpixels. To overcome these drawbacks of the
systems, a new method has been developed using graph based approach and circular
hough transform (CHT).

3. PROPOSED WORK

The proposed method is designed carefully to work automatically with minimum
user interaction without affecting the generalization of the method and accuracy. Fig. 1
shows the steps involved in extracting the leaves from background and counting the total
number of leaves. The proposed method consists of two steps: Leaf extraction and leaf
count.

Input image > Conversion of RGB to HSV,
L*a*b and YUV images
A 4
Leaf count < Leaf extraction

Fig. 1. Process of leaf extraction and leaf counting.

3.1 Leaf Extraction

Leaf extraction (segmentation) is an essential step for plant leaf classification, plant
species identification, automatic feature extraction, efc. Leaf extraction is an exigent
problem, when the background images are complex in nature. Leaves of different plants
show various shapes and structures. Few plant species have compound leaves and a few
others have clustered leaves (e.g., Pine). Region based or edge based segmentation
methods are difficult to use in extracting the leaves having complex boundaries. Color
based pixel wise method performs better than these methods. Recent methods for leaf
recognition [19] rely on the Expectation-Maximization (EM) algorithm for separating the
background and foreground pixels. Regardless of their efficiency, robustness to reflec-
tions and shadows are not assured which leads to incorrect boundaries. In this paper, the
proposed work uses graph based method to extract the leaves from complex background.
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In the proposed graph based method, HSV, L*a*b and YUV color spaces are used to
calculate the edge cost of the graph. There are two phases in the proposed graph based
leaf extraction: (i) Graph construction and (ii) Leaf segmentation.

(A) Graph construction

A graph G = (V, E) is constructed (shown in Fig. 2) for the given image, where v; €
V denotes the pixels of the image and an edge (v; v;) € £ connects the pixels v; and v;.
There are two types of edges: (i) edges connecting a pair of neighboring pixels and (ii)
edges connecting terminal (source or sink) and a pixel. All the edges in the graph are
assigned to a weight or cost. In this proposed work, the edge weights or edge costs (wy;
w;; and w;,) are calculated as follows:

Let

On = {X: T min <X < Ty max) (D
O = {X: T5 min X < 75 max) (2)
Oy = {X: T min X < Ty maxs (3)
Of = {X: o min X < Ty max} (4)

be the parameters used in the graph construction, whose values are discussed in section 5.

©)

i

_Jtrue, when H(v,) €O, AS(v,) €O AY(v,) €0,
false, otherwise

where H(v;), S(v;), Y(v;) and (v,) are the ‘H’, *S’, ‘Y’ and “*a’ values of pixel v; in the
HSV, YUV and L*a*b color spaces.

0, ifT; is true
w, = RS (6)
’ 1, otherwise

where T; is the edge cost prediction parameter for pixel v; (designated as the intermediate
node of the graph), wy; is the edge cost between source node ‘s’ and intermediate node v;.

0, if T, AT, is true
i = (7

1, otherwise

where T;and 7; are the edge cost prediction parameters for pixels v; and v;, w; is the edge
cost between intermediate neighboring nodes v; and v;.

L, if 7, is false
w, = . (8)
0, otherwise

where w;, is the edge cost between intermediate node v; and sink node ‘#°.
Egs. (1)-(8) are used to construct the graph for segmenting the leaf region of the
given plant image.
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(B) Leaf segmentation

After constructing the graph of the plant image (as shown in Fig. 2), a graph based
algorithm (Algorithm 1) is used to find the walk efficiently for segmenting the leaf re-
gion from the background. The walk starting from the source node for segmenting the
leaf region may be a closed walk or open walk. Two search trees (S and 7) are built, one
from the source node(s) and the other from the sink node (#), for detecting the leaf region
and non-leaf region respectively. The nodes in the search trees S and T represent the leaf
region and the non-leaf region of the plant image respectively. In the proposed method,
these trees are reused for segmentation without starting from the source node or sink
node, when there is an existence of equal weighted adjacent edges connecting the inter-
nal nodes (except source and sink).

The nodes present in the search tree S can be either “leaf border” or “leaf non
border” nodes. In the search tree S, the leaf border nodes represent the leaf boundary,
while the leaf non border nodes represent the internal leaf region. The leaf border
nodes explore neighbor edges and make the neighbor nodes to a leaf border node of the
corresponding search trees.

Similarly, the search tree 7 has two types of nodes: “non_leaf border” node and
“non_leaf non_border” node, which represent the boundary of the background (non-leaf)
and the background internal region. The nodes in search tree S represent the leaf region
and the nodes in search tree T represent the non-leaf region. As soon as all adjacent
nodes of a given leaf border node are explored, the leaf border node becomes leaf
non_border node. A walk is found, when a leaf border node in the search tree S detects
an adjacent node that belongs to the search tree 7. The algorithm1 describes the graph
based leaf segmentation.

Fig. 2. Efficient Graph based approach for leaf segmentation.

Algorithm 1: Graph based leaf segmentation

1: procedure SEGMENT_LEAF (Constructed Graph G)
// Input image is resized to equal number of rows and columns.
2: s=Source node
3: t=Sink node
4: y; = intermediate node
5: wy; = edge cost between source node ‘s’ and intermediate node v;.
6: w1, = edge costs between intermediate neighboring nodes v;; and v;.
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7: w;i+1= edge costs between intermediate neighboring nodes v; and v;.;.
8: w;,=edge cost between intermediate node v; and sink node ‘¢’.

9: n=number of rows x columns of the image.

10:  Leaf region= { }

11:  Non_Leaf region= { }

12:  if (w;;=0)

13: Leaf border node = v,

14: Leaf region = Leaf regionu {v,}

15:  else

16: Non_leaf node = v,

17:  endif

18:  fori=2ton-1

19: if (wi1,=0)

20: Wiit1 = Wi T Wil

21: end if

22: if (w;;+1=0)

23: if (wi1,=0)

24: Leaf border node = v,

25: Leaf region = Leaf regionu {v;, v}
26: else

27: Non_Leaf region =Non_Leaf regionu {v;;}
28: Wiit1=0

29: end if

30: end if

31:  end for

32: end procedure

3.2 Leaf Count

In this phase, all leaves in the image should be identified. For each leaf, the objects
other than leaves like branches, stems, efc. must be removed. These steps can be done by
using opening morphological operation [20]. As a result, the regions of leaves are ex-
tracted from the plant images. Since the leaves in Arabidopsis dataset are mostly round
in nature, Circular Hough Transform (CHT) [20-23] is used for counting the leaves.

CHT identifies the circular patterns in the image. It is easy to show that there is a
common intersection point for the curves corresponding to collinear points. This inter-
section point characterizes the line passing through these collinear points. This portrays
that the problem of finding the collinear points becomes the problem of finding the con-
current curves. Thus, CHT becomes the modified versions of Hough Transform. In CHT,
feature points in the image space are transformed to accumulated votes in a parameter
space. Then, for all combinations of parameters, votes are collected in an accumulator
array (3D_H_Array(xy, yo, 7)) for each feature point. The array elements, which have
highest number of votes, denote the presence of circle.

The CHT algorithm has two stages. The first stage involves in identifying the center
(c) of the circle, while the second stage involves in identifying the radius of the circle
using histogram. There is a constraint that the normal vectors to boundary of the circle
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must intersect at the center of the circle. This is used to locate the center of the circle.
These normal directions can be found by edge detection operators. Most of these lines
intersect at certain point, whose coordinates acts as the coordinates of circle center.

The second stage can be considered similar to one dimensional Hough Transform.
The radius of the circle can be identified by finding histogram for 5= (x — x)* + (v — yo)*
where (xo, 1) are the coordinates of the circle center (c) identified in the first stage of the
algorithm. The largest peak in the & histogram acts as the radius of the circle.

The outcomes of the leaf extraction phase serves as the input for leaf counting phase.
Convert this extracted leaf region into binary image. Apply CHT on this binary image.
Individual leaves are recognized, based on the circular portion of the leaves. The total
number of leaves is given by counting the leaf center.

The following steps are used in counting the number of leaves.

Step 1: Convert the extracted RGB colour leaf image to grayscale leaf image.
Step 2: Find the normal vectors (vy, v, ..., v,) to boundary of each leaf.
Step 3: c(x¢, yo)¢—maximum number of vectors (vy, vy, ..., v,) intersect at particular point.
Step 4: Find the histogram for 5= (x — xo)* + (v — o)
Step 5: r<histogram_peak (5= (x — xo)* + (v — yo)*)
Step 6: Create 3D Hough array 3D _H_Array(xy, yo, 7)-
Step 7: Apply edge detection operator (Canny [24]) to detect edges.
Step 8: For each pixel in the image
If (pixel=edge pixel) then
Increment the corresponding elements in the Hough array 3D _H_Array(xy,
Yo, T )
End If
End For
Step 9: Find highest count in elements of 3D _H_Array(xo, vo, 7).
Step 10: Coordinates of center of the circles (c(xo, yo)) in the image<—Coordinates with
the highest count in 3D_H_ Array(xy, yo, 7).
Step 11: Leaf count<—count(c(xy, 1))

As a result of these two phases, identifying leaf region and counting the number of
leaves in plant images are done automatically with minimum user interaction.

4. DATASET DESCRIPTION

The datasets (A1, A2, A3) used in our experiment to evaluate the proposed work
are the benchmark datasets [25] for Leaf segmentation challenge, which are the images
of group of plants arranged in trays. The datasets A1 and A2 consist of time-lapse and
top-view images of many Arabidopsis which are arranged in trays. As per the researchers
[25], these images were captured only during day time for 3 weeks in every 6 hour for
dataset A1, and for 7weeks in every 20min for dataset A2 using a 7 MP Canon Power-
Shot SD1000 camera. The raw images (3108x2324 pixels, pixel resolution of ~0.167mm)
acquired were saved as uncompressed (TIFF) files, and encoded using the PNG file for-
mat lossless compression standard. A3 consist of images of tobacco plants.
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Al offers a complex and changing background. A2 offers a simpler scene. A3 has
high image resolution. There are 128 (500x530 pixels), 31 (530x565 pixels), and 27
(2448x2048 pixels) images for A1, A2, and A3 respectively. A variety of plant images at
various growth stages are included in the datasets. A1, A2, and A3 consist of images of
isolated plants and group of plants. The images in the datasets vary in resolution, scene
complexity and fidelity. Due to the different scene complexities and the presence of plant
objects, the datasets provide many challenges with respect to analysis. Images corre-
sponding to different challenging situations are included in the datasets.

In Al and A2, the presence of irrigation water in tray causes reflections. When the
plant grows, the overlapping of leaves occurs, which results in leaf occlusions. There are
changes in sizes and shapes from one time to another, due to nasty movements of leaves.
In A3, apart from nasty movement changes, the leaf shapes are different due to various
treatments. One of the treatments includes high and low illumination condition. Under
high illumination condition, plants become more compact with overlapping and partly
wrinkled leaves. Under low illumination condition, leaves become large and round.

In A1 dataset, Arabidopsis images have complex and changing background, which
produce more complication in plant segmentation. The changing and complex back-
ground scene includes slightly out of focus scene which appears blurring, and a few im-
ages contain external objects like markers or tape. The presence of moss on the soil in
certain pots or having yellowish dry soil increases the complication in segmentation. The
A2 dataset images show simpler scene with sharper focus, more uniform background and
without moss. However, it includes different phenotypes mutants of Arabidopsis related
to rosette plant size and different appearances in terms of leaf shape and size. The to-
bacco images in A3 dataset have high resolution, which produces computational com-
plexity. The factors like leaf colour variation, shadows, self-occlusion, and leaf hairs
make the scene even more complex.

5. RESULTS AND DISCUSSIONS

In this research, LSC benchmark datasets A1, A2, A3 and whole tray plant images
with varying complexities have been used for experimentation. The proposed method is
implemented in Matlab (release 2012b) on a laptop equipped with Intel Core 2 Duo pro-
cessor, 2.0 GHz speed and maximum of 4 GB memory, running on 32-bit Windows op-
erating system. On average, each image of Al and A2 datasets takes approximately 2
seconds and approximately 10 seconds for each image of A3 dataset. The time complex-
ity of the proposed algorithm is O(n) where ‘n’ is the number of rows x columns of the
image.

In the existing works, the authors have used different metrics to evaluate the per-
formance of their works. The metrics used are (i) Foreground—Background Dice (FBD%)
to evaluate extracted plant delineation with respect to ground truth; (ii) Difference in
Count (DiC) to find the difference in number of leaves between algorithm’s result and
ground truth; (iii) Absolute value of DiC (|DiC)); (iv) Dice score (Dice%), which is given
in Eq. (9) used to measure the spatial overlap between algorithmic result and ground
truth; (v) Precision, given in Eq. (10) used to find the fraction of segmented image pixels
that matches with the ground truth; (vi) Recall, given in Eq. (11), used to find the frac-
tion of ground-truth pixels present in the segmentation image and (vii) Jaccard, given in
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Eq. (12), used to measure the spatial overlap between algorithmic result and ground truth.

dice(%) = ((2xTP)+(2xTP)+FP+FN))x100 )
precision(%) = (TP+(TP+FP))x100 (10)
recall(%) = (TP+(TP+FN))x100 (11)
Jjaccard(%) = (TP+(TP)+FP+FN))x100 (12)

where True Positive (TP), False Positive (FP) and False Negative (FN) represent the
number of correctly identified leaf pixels, number of falsely identified leaf pixels and the
number of unidentified leaf pixels, respectively.

In the paper [18], FBD% is used to measure the segmentation accuracy and DiC is
used to find the leaf count accuracy. But, the authors in the research works [15, 16] have
used Dice, Precision, Recall and Jaccard to measure the segmentation accuracy. So, dif-
ferent metrics have been used to measure the segmentation accuracy. In the proposed
work, all these metrics are used to evaluate the performance.

The performance of the proposed method is influenced by H component and S
component of HSV image, Y component of YUV image and *a component of L*a*b
image. H, Y and *a are used to identify the green leaf region. S component of HSV im-
age is used to differentiate the leaf region from the reflection of light in the tray. In our
experimentation, for all datasets (A1, A2, and A3), a common parameter value is used
for H, S, Y and *a. The values of the parameters used in Egs. (1)-(4) for constructing the
graph are chosen empirically. For datasets Al, A2, and A3, the normalized parameter
value for H (Zy min= 0.2, Ty yax = 0.4), for S (Zs yin= 0.3, s yor = 1) and the un-nor-
malized parameter value for Y (Zy ,un = 75, Ty max = 255), for *a (7, yax = 108, T yyox =
128) are chosen. Tuned parameter values for A and Y have also been used in our experi-
mentation for individual dataset to improve the accuracy. The tuned parameter values for
H are (Ty min= 0.2, Tt max = 0.4), (Tt min=0.17, Tpf ypar = 0.4) and (Zp1 in= 0.2, Ty yyax =
0.4) for A1, A2, and A3 datasets respectively. The tuned parameter values for Y are
(Ty min = 85, Ty max = 255), (Ty yin = 65, Ty o = 255) and (Ty i = 25, Ty yax = 255) for
Al, A2, and A3 datasets respectively. Fig.3 shows the tuned parameter values used in the
experiment will increase the accuracy of leaf extraction phase. Therefore, the tuned pa-
rameter values are preferred to extract the leaf region from the background. The figures
(Figs. 4-11) show the experimental results on plant images with varying complexities.

100
95
20
85
80
73
70
63
60
33
50
45
40

mCommaon parameter

FBD %

B Tuned parameter

a1l AZ A3
Dataset
Fig. 3. The dataset-FBD% graph obtained for different parameters: Common parameter and tuned
parameter.
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Original image Leaf extraction Leaf identification
Fig. 4. Identification of Leaves in a plant image from dataset A1.

Original image Leaf extraction Leaf identification
Fig. 5. Identification of Leaves in a plant image from dataset A1l.

Original image Leaf extraction Leaf identification
Fig. 6. Identification of Leaves in a plant image from dataset A1.

Original image  Leaf extraction Leaf identification
Fig. 7. Identification of Leaves in a plant image from dataset A2.

Original image  Leaf extraction Leaf identification
Fig. 8. Identification of Leaves in a plant image from dataset A2.
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Original image Leaf extraction Leaf identification
Fig. 9. Identification of Leaves in a plant image from dataset A2.

Original image Leaf extraction  Leaf identification
Fig. 10. Identification of Leaves in a plant image from dataset A3.

Original image Leaf extraction  Leaf identification
Fig. 11. Identification of Leaves in a plant image from dataset A3.

The proposed method is compared with Seg SLIC method [18], Rosette Tracker
[15] tool and the existing segmentation algorithms [16, 17, 26, 27]. Table 1 shows the
comparison of proposed method with the Seg SLIC method. The proposed method
shows better performance than Seg SLIC method, in terms of both segmentation and
leaf counting accuracy. The proposed method achieves overall segmentation accuracy of
94.3%, which is higher than the Seg_SLIC method.

Table 1. Segmentation and Leaf counting results.
Method FBD % IDiC]| DiC
Seg SLIC (2016)
Al 94.6 (1.6) 3.8(2.0) -3.6 (2.4)
A2 87.5 (19.7) 2.5(L.5) -2.5(1.5)
A3 79.4 (34.5) 2.3(1.8) -2.3(1.9)
ALL 91.2(16.2) 3.4 (2.0) -3.2(2.2)
Proposed
Al 95.5 (3.1) 2.0(1.8) —0.9 (2.5)
A2 96.3 (2.3) 3.8(5.9) 1.2 (4.7)
A3 86.5(17.3) 2.4 (4.7) 0.8 (4.1)
ALL 94.3 (7.8) 2.4 (3.8) 0.3 (2.9)
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Table 2 shows the comparison of the proposed method with Hierarchical Image
Segmentation (gPb-owt-ucm) method [16] and Rosette Tracker [15]. Overall, the seg-
mentation accuracy (Dice-93.2%) of our proposed method is higher. The proposed
method shows less standard deviation (shown in bracket) compared to other methods,
implies that it performs equally well for most of the images in the dataset and thus main-
taining the robustness of the system.

Table 2. Segmentation results.
Accuracy (%)

Precision Recall Jaccard Dice
gPb-owt-ucm | 89.04(6.40) | 96.20(2.78) 85.86(5.49) 92.29(3.36)
Rosette Tracker | 88.86 (6.49)| 78.83 (24.37) | 71.20 (22.29) | 80.37 (22.57)

Proposed 93.7(2.09) | 92.8(2.54) | 87.3(1.15) | 93.2(0.66)

Method/Tool

The proposed method is also visually compared with different existing segmenta-
tion algorithms such as segmentation using contour detection and Hierarchical Image
Segmentation (gPb-owt-ucm) [16], Maximal Similarity Based Region Merging (MSRM)
[17], Cosegmentation via Submodular optimization on anisotropic diffusion (CoSand)
[26] and Saliency Detection method by combining Simple Priors (SDSP) [27]. The re-
sults are shown in Figs. 12 and 13.

The figures (Figs. 12 and 13) show that the proposed method shows high segmenta-
tion accuracy than these segmentation methods applied in plant phenotyping, for ex-
tracting the leaves from background. The proposed method is also compared with the
plant phenotyping tool ‘Rosette Tracker’ with tray images as input images, as shown in
Fig. 14. It is clearly visible from the figures (Figs. 13 and 14) that over segmentation
occur in Reference method, under segmentation occur in Rosette Tracker and the seg-
mentation result of the proposed method is closer to the ground truth image. The hue
map of the input image is also included in Figs. 12-14.

(a) (b) () (d (e) ® (2 ()

Fig. 12. Example segmentation results of various methods; (a) Original image; (b) Hue map; (c)
ground truth; (d) gPb-owt-ucm (2011); (¢) MSRM (2010); (f) CoSand (2011); (g) SDSP
(2013) and (h) proposed method.
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SR

(a) (b) () (d) (e)
Fig. 13. Example segmentation results of various methods; (a) Original i 1mage (b) Hue map; (c)
Reference; (d) Rosette Tracker; (e) Proposed method and (f) Ground truth.

(d (e)
Fig. 14. Example segmentation results of various methods; (a) Original image; (b) Hue map; (c)
Ground truth; (d) Rosette tracker and (e) Proposed method.

6. CONCLUSION

A new graph based method for plant segmentation in image based phenotyping is
proposed. This method relies on the graph algorithm, color features and circular hough
transform. The experimentations are carried out and evaluated by using common param-
eter values as well as tuned parameter values. The proposed method is compared with
existing methods and tools. The proposed method achieves the Dice score of 93.2% (for
tray images), which is higher than the existing methods or tools and it also achieves the
FBD of 94.3% (for datasets A1, A2, A3), which is higher than the Seg SLIC method.

The proposed method can be commonly used to extract leaves not only in rosette
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plants but also in all plants having green leaves. Leaf counting procedure is applicable to
all the plants having round or elliptical shaped leaves. The overall efficiency of the pro-
posed method will show dramatic increase in leaf extraction and leaf counting, when the
leaves are green in colour and round in nature. The usage of this proposed method in
plant phenotyping can be increased in future, by converting our method as an open
source.

ACKNOWLEDGEMENT

The authors would like to thank Ministry of Human Resource and Development

(MHRD), India for providing support and fund for this research.

10.

REFERENCES

F. Orlando, M. Napoli, A. Marta, F. Natali, M. Mancini, C. Zanchi, and S. Orlandini,
“Growth and development responses of tobacco (Nicotiana tabacum L.) to changes
in physical and hydrological soil properties due to minimum tillage,” American
Journal of Plant Sciences, Vol. 2, 2011, pp.334-344.

M. Grand-Brochier, A. Vacavant, G. Cerutti, C. Kurtz, J. Weber, and L. Tougne,
“Tree leaves extraction in natural images: Comparative study of preprocessing tools
and segmentation methods,” IEEE Transactions on Image Processing, Vol. 24, 2015,
pp- 1549-1560.

. Y. J. Huang and F. F. Lee, “An automatic machine vision-guided grasping system

for phalaenopsis tissue culture plantlets,” Computers and Electronics in Agriculture,
Vol. 70, 2010, pp. 42-51.

. E. Donmez and P. V. Zadeh, “A modified graph based approach for leaf segmenta-

tion with GPGPU support,” in Proceedings of the 23rd Signal Processing and Com-
munications Applications Conference, 2015, pp. 1797-1800.

. Y. Chene, D. Rousseau, P. Lucidarme, J. Bertheloot, V. Caffier, P. Morel, E. Belin,

and F. Chapeau-Blondeau, “On the use of depth camera for 3D phenotyping of en-
tire plants,” Computers and Electronics in Agriculture, Vol. 82, 2012, pp. 122-127.

. X. Tang, M. Liu, H. Zhao, and W. Tao, “Leaf extraction from complicated back-

ground,” in Proceedings of the 2nd IEEE International Congress on Image and
Signal Processing, 2009, pp. 1-5.

. X. Yin, X. Liu, J. Chen, and D. M. Kramer, “Multi-leaf tracking from fluorescence

plant videos,” in Proceedings of IEEE International Conference on Image Pro-
cessing, 2014, pp. 408-412.

. B. Dellen, H. Scharr, and C. Torras, “Growth signatures of rosette plants from time-

lapse video,” IEEE/ACM Transactions on Computational Biology and Bioinformat-
ics, Vol. 12, 2015, pp. 1470-1478.

E. Aksoy, A. Abramov, F. Worgotter, H. Scharr, A. Fischbach, and B. Dellen,
“Modeling leaf growth of rosette plants using infrared stereo image sequences,”
Computers and Electronics in Agriculture, Vol. 110, 2015, pp. 78-90.

J. De Vylder, D. Ochoa, W. Philips, L. Chaerle, and D. VanDer Straeten, “Leaf
segmentation and tracking using probabilistic parametric active contours,” in Pro-



11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

GRAPH METHOD FOR IMAGE BASED PLANT PHENOTYPING 685

ceedings of the 5th International Conference on Computer Vision/Computer Gra-
phics Collaboration Techniques, 2011, pp. 75-85.

W. Z. Shen, C. L. Zhang, and Z. L. Chen, “Research on automatic counting soybean
leaf aphids system based on computer vision technology,” in Proceedings of IEEE
International Conference on Machine Learning and Cybernetics, Vol. 3, 2007, pp.
1635-1638.

M. Jiang and Y. Lin, “Individual deciduous tree recognition in leaf-off aerial ultra-
high spatial resolution remotely sensed imagery,” IEEE Geoscience And Remote
Sensing Letters, Vol. 10, 2013, pp. 38-42.

G. Cerutti, L. Tougne, A. Vacavant, and D. Coquin, “A parametric active polygon
for leaf segmentation and shape estimation,” in Proceedings of the 7th International
Symposium on Visual Computing, Vol. 6938, 2011, pp. 202-213.

B. Wu and R. Nevatia, “Detection and segmentation of multiple, partially occluded
objects by grouping, merging, assigning part detection responses,” International
Journal of Computer Vision, Vol. 82,2009, pp. 185-204.

J. de Vylder, F. Vandenbussche, Y. Hu, W. Philips, and D. van der Straeten, “Ro-
sette tracker: an open source image analysis tool for automatic quantification of gen-
otype effects,” Plant Physiology, Vol. 160, 2012, pp. 1149-1159.

P. Arbelaez, M. Maire, C. Fowlkes, and J. Malik, “Contour detection and hierar-
chical image segmentation,” /EEE Transactions on Pattern Analysis and Machine
Intelligence Vol. 33, 2011, pp. 898-916.

J. Ning, L. Zhang, D. Zhang, and C. Wu, “Interactive image segmentation by maxi-
mal similarity based region merging,” Pattern Recognition, Vol. 43, 2010, pp. 445-
456.

H. Scharr, M. Minervini, A. P. French, C. Klukas, D. M. Kramer, X. Liu, I. Luengo,
J.-M. Pape, G. Polder, D. Vukadinovic, X. Yin, and S. A. Tsaftaris, “Leaf segmenta-
tion in plant phenotyping: a collation study,” Machine Vision and Applications, Vol.
27,2016, pp. 585-606.

J. V. Soares and D. W. Jacobs, “Efficient segmentation of leaves in semi-controlled
conditions,” Machine Vision and Applications, Vol. 24,2013, pp. 1623-1643.

J. lllingworth and J. Kittler, “The adaptive Hough transform,” IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol. PAMI-9, 1987, pp. 690-698.

M. Rizon, H. Yazid, P. Saad, A. Y. M. Shakaff, A. R. Saad, M. Sugisaka, S. Yaacob,
M. R. Mamat, and M. Karthigayan, “Object detection using circular hough trans-
form,” American Journal of Applied Sciences, Vol. 2, 2005, pp. 1606-1609.

K.-L. Chung and Y.-H. Huang, “A pruning-and-voting strategy to speed up the de-
tection for lines, circles, and ellipses,” Journal of Information Science and Engi-
neering, Vol. 24, 2008, pp. 503-520.

J.-F. Yang and S.-S. Hao, “Modified Hough transforms for object feature extrac-
tion,” Journal of Information Science and Engineering, Vol. 17,2001, pp. 133-145.
J. Canny, “A computational approach to edge detection,” IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol. PAMI-8, 1986, pp. 679-698.

H. Scharr, M. Minervini, A. Fischbach, and S. A. Tsaftaris, “Annotated image da-
tasets of rosette plants,” Technical Report, FZJ-2014-03837, Forschungszentrum
Jiilich, 2014.



686

26.

27.

J. PRAVEEN KUMAR AND S. DOMNIC

G. Kim , E. P. Xing , L. Fei-Fei, and T. Kanade, “Distributed cosegmentation via
submodular optimization on anisotropic diffusion,” in Proceedings of the 13th In-
ternational Conference on Computer Vision, 2011, pp. 169-176.

L. Zhang, Z. Gu, and H. Li, “SDSP: a novel saliency detection method by combining
simple priors,” in Proceedings of IEEE International Conference on Image Pro-
cessing, 2013, pp. 171-175.

J. Praveen Kumar received the B.Tech. (CSE) degree from
Amrita University, Coimbatore, India in 2009 and M.E (Software
Engineering) degree from Anna University, Tiruchirappalli, India,
in 2011. He is currently pursuing Ph.D. degree at National Institute
of Technology, Tiruchirappalli, India. His research interests in-
clude image processing and software testing.

S. Domnic received the B.Sc. and M.C.A degrees from Bha-
rathidasan University, Tiruchirappalli, India, in 1998 and 2001,
respectively, and the Ph.D. degree from Gandhigram Rural Uni-
versity, Dindigul, India, in 2008. He is currently an Assistant Pro-
fessor in the Department of Computer Applications, National In-
stitute of Technology at Tiruchirappalli, Tiruchirappalli. His cur-
rent research interests are data compression, image/video process-
sing, and information retrieval.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


