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A Nondestructive Leaf Area Index Estimation
Method for Greenhouse Tomato Crops

Mian Wei∗

m.wei@student.tue.nl

Abstract—This project develops a nondestructive leaf area index (LAI) estimation method: using two cameras from top view to
generate a stereo pair of binocular images, obtaining the disparity map for the pair of stereo images, gives us the three dimensional
(3D) coordinates information of each pixel. The next step is to calculate visible leaf area index (vLAI) from the disparity map, finally,
deriving LAI from vLAI by the empirical equation. The tomato crops used in experiments are synthetic 3D crop models, which are built
in Blender (computer graphics software). Basing on this LAI estimation, we propose to combine the 3D coordinate information with leaf
instance segmentation for a further LAI estimation. The 3D coordinate information can be obtained from the disparity map. For the
leaves instance segmentation, we attempt to use mask region-based convolutional neural network. Towards this result, in this research,
a training data set is built.

Index Terms—Tomato Crops,Leaf Area Index, Disparity Map

F

1 INTRODUCTION

The Netherlands is the world’s second largest edible veg-
etables exporter; its total horticulture value was 82.4 billion
euros in 2015 according to [30]. However, there is still room
for improvement, in [30] the Dutch government presents its
aims to achieve a circular economy by 2050, which means
producing more foods using less raw materials, and reusing
the residual production as much as possible. The data in
[1] shows that tomato crop yields account for 18% of the
total vegetable yield, therefore, optimizing its cultivation
may bring a circular economy closer.

One method is to apply optimal automatic greenhouse
control system to tomato crop cultivation. This method is
applying optimal automatic control strategies to tomato
crop cultivation, aside from light and temperature control,
it is labour-saving. An optimal greenhouse control efficient
for a specific model according to [29], which means it has
to use corresponding control strategies for different growth
stages.

The growth stages can be determined as a specific
tomato crops model because the tomato crop growth can be
modeled as the accumulation and partitioning of biomass
according to [10]. More specifically, the biomass is accumu-
lated by the product of photosynthesis, which is mainly cal-
culated by the interception of light by the leaves, and stored
in the buffer according to [29]. The biomass is partitioned to
organs, e.g. leaf, fruit, stem, and root.

Common tomato crop models are presented in [19]; those
models encompass the procedures of biomass accumulation
and partitioning. These models can be represented in the
form of state-space representation as presented in [18], in
which the states are the weight of organs. We can measure
the tomato crop organs status to determine the model. By
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determine the specific model, we may achieve to infer the
growth stages.

Fig. 1. Photo from the top of the canopy in greenhouse [2]

A leaf is a crucial organ of tomato crops; it plays an es-
sential role in the accumulation and partitioning of biomass.
The leaf biomass estimation for tomato crops is subjected to
some requirements and constraints, which originate from
the commercial greenhouse production such as [2] in Fig.1.
Before we present the constraints and requirements, we
show how tomato crops grow in the greenhouse.

In the greenhouse, tomato crops are arranged compactly
and they grow in the vertical direction, which is presented in
Fig.2: the stem of the tomato crops is attached on a suspen-
sion line and suspended vertically. The grower can adjust
the height of the crop by moving this suspension line, which
is presented in Fig.3. There is a cultivation height range
for greenhouse tomato crops: once the top canopy reaches
above the highest growth height, the grower will lengthen
the suspension line. Hence the entire crop goes down, and
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the bottom parts are under the lowest growth height, this
part of leaves and fruits will be harvested. Therefore, the
constraints are: the tomato crops are grown compactly in
both horizontal and vertical directions, which lead to a high
leaf density and insufficient space for implement estimation
equipment.

Fig. 2. Tomato crops arrangement in greenhouse

Fig. 3. Tomato crops before and after harvest

The economic efficiency for the commercial greenhouse
production is important. Hence, the leaf biomass estimation
methods should be labor-saving and time-saving. Also,
to avoid damage tomato crops and impair economic effi-
ciency, the estimation methods should be nondestructive.
Therefore, for the commercial greenhouse production, the
leaf biomass estimation requirements are: nondestructive,
economical and easy to implement;

To quantify the leaf biomass in the greenhouse. We
use the leaf area index (LAI), which is the total one-sided
leaf area per [W/m2] ground surface area in [32]. The leaf
biomass is related to LAI and specific leaf area (SLA), SLA
is the ratio of leaf area to biomass; the biomass of leaf per
[W/m2] ground surface is equal LAI

SLA , where SLA is as-
sumed to be 2.66 ·10−5[m2{leaf}mg−1{CH2O}] according
to [13].

Therefore, the ultimate goal of this thesis is to develop
a feasible LAI estimation method. which should meet the
constraints and requirements.

In Section 2, we present and discuss the related LAI
estimation methods, and the notion of visible LAI (vLAI)

is introduced. In Section 3, we discuss the greenhouse
tomato crops systems and the observability of a system
with LAI estimation, then propose LAI estimation methods.
In Section 4 the new method is applied to synthetic tomato
crops built in Blender [5], and we obtain the vLAI. Section
5 shows derivation of LAI from vLAI, and the data set for
leaf instance segmentation. Section 6 presents conclusion
and recommendation.

2 RELATED WORKS

This section gives a review of related works. Section 2.1
shows the categories of existing LAI estimation methods.
Section 2.2 presents and discusses some related indirect non-
contact LAI estimation methods. Section 2.3 presents and
discusses a method with contact. In Section 2.4 we propose
a method that satisfies our requirements and constraints.

2.1 Common LAI Estimation Methods Categories
According to the review in [15], state-of-the-art LAI es-

timation methods can be divided into two categories: direct
and indirect methods.

Direct methods are not applicable to greenhouse culti-
vation, because these methods mainly determining the LAI
by collecting foliage and using destructive measurements,
which are extremely time-consuming and inconvenient ac-
cording to [15], [17].

Indirect methods are nondestructive; those methods
mainly infer the LAI from observation of crop variable, these
methods are more convenient and economical than direct
methods. Indirect methods can be divided into two parts:
indirect contact LAI measurement methods and indirect
non-contact methods.

2.2 Indirect Non-contact LAI Estimation Methods
Most indirect non-contact methods use optical instru-

ments to estimate LAI, and they are applied to specific
cultivation conditions.

One method presented in [25] applies hemispherical
canopy photography on forest LAI estimation, which is
suitable for trees with low leaf density. This method im-
plements hemispherical camera below trees and calculates
the canopy area from images, which is easy to implement
and economical, so it satisfies our requirements. However,
this method is not applicable to greenhouse tomato crops
cultivation, due to the constraint of high leaf density.

For tomato crops cultivation, a method was presented in
[6], [9] that measures LAI by the radiation intercepted (RI)
by the crop:

RI =
[
1− e(k∗LAI)

]
(1)

where k is the extinction coefficient of the canopy. And the
RI can be calculated by:

RI =

[
1− PARbelow

PARabove

]
(2)

where PAR is the percentage of photosynthetically active
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radiation below and above the crop canopy., which can be
estimated by implement instruments below and above the
canopy. This method is economical and easy for low crops
but requires strict measurement conditions (at noon and on
completely cloudless days).

A similar method developed by [7], [8], [17] is mainly
inferring LAI from the percentage of ground cover (PGC).
The authors use a commercial digital camera to take an
image from the top of the canopy. This image is processed to
obtain measurements. However, as Fig.1 shows, the tomato
crop growth both in the horizontal and vertical directions,
and the PGC estimation depends on the leaf density on
horizontal. Therefore, there exists a threshold of the PGC, as
the tomato crop growth both in the horizontal and vertical
directions. More specifically, once a certain threshold of PGC
horizontally is achieved, even the LAI increasing with the
increase of tomato crops growth, PGC almost invariant,
hence, the LAI cannot be inferred from PGC anymore. There
is an exponential correlation between PGC and LAI [8].

The method shown in [22] solves the problem that LAI
cannot be observed in the situation of greenhouse crops.
The authors took images from three different views: top,
side, and oblique angle views. The tomato crop is rotated
while taking images from the side and oblique views and
measured the area respectively. The LAI is obtained by the
regression formula: plugging areas of each view into the
second order polynomial. This method applies to high crops
but it does not meet the requirements, because the rotating
second and third views are not easy to implement on
the high leaf density situation and commercial greenhouse
cultivation.

2.3 Indirect contact LAI Estimation Methods
Normally, the indirect contact methods are not consid-

ered in greenhouse tomato crops cultivation; we show one
here because it inspires our LAI estimation research. The
method presented by [3] shows the feasibility of building a
three dimensional (3D) structural virtual model of a tomato
crop, then the LAI is obtained. The authors use a net to cover
the tomato crop, the measurement points for estimation are
attached to the net. The 3D information is measured by the
location of each measurement point. However, this method
does not meet the requirements and constraints. Moreover,
determining the 3D location of each measurement point is
time and labor consuming. This method shows it is possible
to build a 3D structural virtual model, from which we can
infer the LAI.

This method is time-consuming and labor-consuming, it
is not easy to repeat as the tomato crop grows. If we can find
a method that easy to repeat as the tomato crop grows, we
can build a series 3D structural virtual model of a tomato
crop. Using these virtual models, we can not only estimate
LAI but also track the tomato crop growth for research, e.g.,
structural tomato crops modeling.

2.4 Proposed Method
Today, an LAI estimation method meeting our require-

ments and constraints has not been found; existing methods
[3], [6]–[9], [17], [22] do not work in greenhouse tomato
crops cultivation. To develop a required LAI estimation

method for tomato crops, this research implements binocu-
lar cameras on the top view of the tomato crops, as is shown
in Fig.4. It will obtain a disparity map that encompasses
depth information. The binocular images solve the PGC
threshold caused by vertical growth in [8] [17] and oblique
camera placement problem [22].

Fig. 4. Binocular cameras estimation on tomato crops

3 NEW LAI ESTIMATION METHODS

This section presents and discusses the state space
model for tomato crop research, and the observability of
Vanthoor’s Tomato Crop model with an ideal observer. Then
an LAI estimation strategy scheme is proposed. In Section
3.1 a generic state space model for tomato crop is presented
and discussed; Section 3.2 researches the observability of the
tomato crop model with an ideal observer; In Section 3.3 an
LAI estimation strategy is proposed.

3.1 Model Description
A. State Space Model for Tomato Crop

There exist many tomato crop growth models [13], [14],
[26], [29], etc. To standardize the research to tomato crop,
in [18] the authors introduce a generic state space system,
which describes the tomato crop growth process by func-
tions (3).

 ẋA
ẋ1

ẋ2

ẋ3

 =


p(·)− gr(·)−

∑3
i=1 gi(·)

g1(·)−m1(·)− h1(·)
g2(·)−m2(·)− h2(·)
g3(·)−m3(·)

 (3)

where xA is the biomass of buffer, x1 is the biomass
of fruit, x2 is the biomass of leaf and x3 is the biomass of
stem and root. p(·)1 represents the photosynthesis process,
the product of photosynthesis is temporarily stored in the
biomass buffer xA. gr(·) represents the assimilates used

1. the · is used to denote a placeholder for arguments of the preceding
function
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for growth respiration process. g1(·) represents biomass
partition to fruit x1; g2(·) represents the process of biomass
partition to leaf x2; g3(·) represents biomass partition to
stem and root x3. m1(·), m2(·), and m3(·) represent the
maintenance respiration of the fruit, leaf, and stem and root,
respectively. h1(·) is the harvest of fruits and h2(·) is leaf
pruning.

For the right-hand side of system (3), the expressions in
(·) can depend on the model selection and growth stage.
For selecting a model for our observability research, a
requirement is that: in this model, the biomass of the crop
should be divided into different functional organs (leaves,
fruits, and stem and root). Therefore, the model can be
applied to predict the fresh fruit yield of the tomato crop.
The tomato crop model in [29] satisfies this requirement.
Hence, Vanthoor’s tomato crop model is selected. With
regard to the growth stage, e.g., according to [29], the
leaf pruning process h2(·) = 0 when x2 < xmax2 holds,
xmax2 is the maximum value of leaf biomass, otherwise
h2(·) = x2 − xmax2 .

B. Vanthoor’s Tomato Crop Model

Substitution of Vanthoor’s tomato crop model [29] in
system (3) yields:

ẋAẋ1

ẋ2

ẋ3

=

p(xA, x2, u)−gr(xA, x2, T )−

∑3
i=1 gi(·)

g1(xA, T )−m1(x1, T )− h1(x1)
g2(xA, T )−m2(x2, T )− h2(x2)
g3(xA, T )−m3(x3, T )

+ν(t) (4)

where ν(t) is the process noise, because modeling cannot
perfectly model the real tomato crops, there always exist
an error with unknown term ν(t). In here p(·) is a function
of xA, x2 and greenhouse inputs u, where u encompasses
instantaneous temperature: T , outside global radiation: R
and CO2−concentration of the greenhouse air: CO2. The
expression of p(·) is:

p(·)= 3·10−2

1+e(5·10
−4{xA−2·104}) ·

J·(0.67·CO2−Γ)
4·(0.67·CO2+2Γ) ·(

0.67·CO2−Γ
0.67·CO2

) (5)

where J is the electron transport rate, J is a nonlinear
function about x2 and R, the detail expression can be found
in [29] equation (9.14). The Γ is theCO2 compensation point,
it is a function of T , and the detail expression can be found
in [29] equation (9.23).

The rest of process expressions such as g1(xA, T ) can
be found in [29] as well. According to the expression (5)
and complete expression in [29], system (4) is nonlinear
with respect to both state function f(x) and input function
g(x, u)

ẋ = f(x) + g(x, u) (6)

where x is the state vector, hence, system (4) is a nonlinear
non-affine system. To research the feasibility of inferring all
states from other states estimation, we should consider the
observability of system (4).

3.2 Observability research
Because tomato crop model systems cannot perfect pre-

form as the real tomato system. Therefore, there always exist
process noise ν(t), which will cause an error between model
states and real tomato crops. To avoid the accumulation of
process noise ν(t), we can apply an output measurement
to improve the performance of tomato crop systems. And
in this system (4), there exist a state xA, which is unable
to be measured directly, which means xA is an internal
state, so the observability research is necessary for tomato
crop systems. The observability of a system shows how well
the internal states can be inferred from a particular set of
measurements [16].

For the nonlinear non-affine system (4), the observability
cannot be analyzed directly by using nonlinear observability
theory in [21], due to the non-affine input part g(x, u).
According to [11], one method is covert the nonlinear non-
affine system into an affine nonlinear system, then research
the observability. We use a simple method presented by [11]:
introducing new states xu =

∫ t
0
vudt, xu is a new states

group relevant to inputs u ( the greenhouse inputs R, CO2

and T ), vu is the differential of each input, which is obtained
by measurements of difference within small time interval
(the selection of time interval depends on the measurement
frequency of corresponding sensors in greenhouse, e.g., 5
minutes may be suitable).

Adding these 3 new states in system (3), we obtain
system (7):

ẋA
ẋ1

ẋ2

ẋ3

ẋT
ẋCO2

ẋR


=



p(xA,x2,u)−gr(xA,x2,T )−
∑3
i=1 gi(·)

g1(xA, T )−m1(x1, T )− h1(x1)
g2(xA, T )−m2(x2, T )− h2(x2)
g3(xA, T )−m3(x3, T )
vT
vCO2

vR


+ν(t) (7)

Then the observability property of the system (7) is
analyzed by checking the rank condition:

rank(A) = rank


∂

∂x


y(x)
Lfy(x)
· · ·
Lkfy(x)
· · ·
L7
fy(x)



 (8)

where k = 0, 1, 2 · · · 7, A represents the matrix right-hand
inside the parenthesis, the matrix A should be full rank
according to [21], here Lkfy(x) is Lie bracket.

Next, consider the measurements selection: the inputs
states xT , xCO2

and xR are known; hypothesis organ states
x1, x2 and x3 may possible to be measured by estimation.
The biomass stored in the buffer xA cannot be observed
directly, but it may be derived by integral of state space
function from the known input states, estimation of organs
states, and the initial state of xA. The initial state of xA is
solely based on LAI according to [29].

To determine observability, a suitable output has to be
chosen, which represents the output of the nondestructive
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measurement. Based on the tomato crop cultivation knowl-
edge, assume the fruit state x1 can be measured by manual,
and leaf state x2 measured by LAI estimation, and assume
the stem and root state x3 can be measured. Consider the
system (3), we find the x1 only exist in the equation of ẋ1,
and also x3 only exist in the equation of ẋ3. And without x2,
we cannot obtain the internal state xA. Therefore the output
measurement should contain these terms. Here, we show a
simple measurement y(x), namely structural biomass.

y(x) =

 x1

x2

x3

 (9)

Checking the rank condition of system (7) with output
(9) in (8), we obtain:

0 1 1 1 0 0 0
∂φ1xA

∂xA

∂φ1x1

∂x1

∂φ1x2

∂x2

∂φ1x3

∂x3

∂φ1xT

∂xT

∂φ1xCO2

∂xCO2

∂φ1xR

∂xR

...
∂φnxA

∂xA

∂φnx1

∂x1

∂φnx2

∂x2

∂φnx3

∂x3

∂φnxT

∂xT

∂φnxCO2

∂xCO2

∂φnxR

∂xR

...
∂φ6xA

∂xA

∂φ6x1

∂x1

∂φ6x2

∂x2

∂φ6x3

∂x3

∂φ6xT

∂xT

∂φ6xCO2

∂xCO2

∂φ6xR

∂xR


(10)

where n = 1, 2, 3 · · · 6. For the second row of (10) we have
following equations

φ1xA
= g1(·) + g2(·) + g3(·)

φ1x1
= m1(·) + h1(·)

φ1x2
= m2(·) + h2(·)

φ1x3
= m3(·)

φ1xT
= m2(·) + h2(·)

φ1xCO2
= m2(·) + h2(·)

φ1xR
= m2(·) + h2(·)

(11)

where g1(·) represents biomass partition to fruit same as
before system (3), other parameters are also same as in
system (3), the detail expression can be found in [29].

To determine the full rank condition of the matrix (10),
each row should be checked, then we will know in which
condition this matrix is full rank and in which not. The first
row is constants, and we finished to check the second row.

Basing on the parameters relationship of (4), we can
infer: to avoid all terms in column of ∂φnxX

∂xA
= 0, φ1xA

6= 0 is
a prerequisite, hence, some conditions have to be satisfied.

First is the buffer state xA 6= 0, according to the hy-
pothesis in [29], the buffer is never totally empty, which
means xA is nonzero. More specifically, xA > CMin

Buf should
hold, where CMin

Buf is the minimum amount of biomass,
and assumed CMin

Buf is 5% of CMax
Buf , CMax

Buf is the maxi-
mum biomass buffer capacity. Second, due to the growth
inhibition, the following condition should be hold in the
same time: the instantaneous temperature should maintain
in range around 12◦C to 28◦C and 24 hour mean canopy
temperature should maintain in the range around 16◦C to
23◦C according to the Figure.3.3 in [29].

The observability research of system (7) with measure-
ment y(x) shows the constraints of this system, e.g., the
instantaneous and canopy temperature ranges and the state
xA range. These constraints can be used for design auto-
matic greenhouse control. Therefore the completely observ-
ability rank condition check should be completed in the
future.

The above observability research is based on the mea-
surement y(x), which assume the biomass of leaf, fruit, and
stem and root can be measured by certain methods. With
regard to biomass of leaf, however, there do not exist perfect
measurements methods. Hence we will develop a measure-
ment strategy for the biomass of leaf by LAI estimation.

3.3 LAI Estimation Strategy

In the last subsection, as we have mentioned in Subsec-
tion 3.2 we found the biomass of leaf is crucial for tomato
crop system observability. Therefore, in this Subsection, we
will propose a measurement for the biomass of leaf. As we
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have mentioned in Section 1, the biomass of leaf can be
calculated by:

x2 =
LAI

SLA
(12)

where SLA is the specific leaf area. Hence we can obtain the
state x2 from LAI estimation. We propose an LAI estimation
research scheme as shown in Fig.5.

A. Tomato Crops Preparation

In this research, using images that take from real
greenhouse tomato crops may be a better choice, but the
ground truth is difficult to obtain. Therefore, we consider
the feasibility of using synthetic tomato crops. According to
[4], the authors implement a synthetic method on Capsicum
annuum (sweet or bell pepper), building a synthetic crop
model in Blender [5], and verify the similarity between
synthetic crops images and empirical images by semantic
image segmentation. Hence, we use synthetic tomato crops
to generate the experimental data. Build the synthetic
tomato crop model as Fig.6 in Blender, and obtain the
binocular images from top views by rendering images as
Fig.7

Fig. 6. Synthetic tomato crop in blender

Fig. 7. Binocular images: left and right

B. vLAI Estimation

In the greenhouse tomato cultivation, due to high leaf
density, a large part of leaves are occluded, the LAI is hard
to estimate directly. Hence we first measure the vLAI by
the binocular images method proposed in Section 2.4, then
measure the LAI. In Section 2.4 we implement binocular
cameras to obtain the stereo pairs images. Then use the
Stereo Block Matching algorithm in Python [24] to obtain
the disparity maps; this algorithm is relatively fast and easy
to implement. For a future experiment on real crops estima-
tion, one may consider attempting more precise disparity
algorithms, such as Stereo Computer Graphics [20]).

A visualization of the disparity between binocular im-
ages in Matlab, shows in Figure: 8. The disparity is shown
based on binocular image-left, the Fig.8 shows different
leaves layers are clear to distinguish.

Disparity Map

0

10

20

30

40

50

60

Fig. 8. Disparity map of visible leaves under light strength of 10 [W/m2]

Next,the disparity maps with cameras calibration pa-
rameters are combined, we obtain the 3D coordinate infor-
mation of each pixel, hence the corresponding real area of
each pixel can be calculated, the vLAI is calculated by the
sum of pixel area.

Now we propose two methods for LAI estimation
basing on the vLAI estimation result, a block diagram
presenting both is in Fig.5.

C. Method 1 of LAI Estimation

Method 1 obtains LAI by using the empirical equation
between vLAI and LAI according to [8]

vLAI = (1− e−k·LAI) (13)

where k is the extinction coefficient of the canopy for PAR,
here k = 0.7 according to [29]. We can calculate LAI by
substitute vLAI in to the equation (13), this can bu represent
by:

LAI =
ln(1− vLAI)

−k
(14)

D. Method 2 of LAI Estimation

Method 2 is based on building a virtual tomato crop
before obtaining the LAI. It’s objective is to combine the
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3D coordinate information of visible leaves from vLAI mea-
surement and state-of-the art instance segmentation method
[12]; then basing on structural plant modeling knowledge,
e.g., [31], to build the virtual tomato crop.

Because we use a synthetic tomato crop to generate
images and train the algorithm, and the ultimate goal of de-
velop a real greenhouse LAI estimation method. Hence, the
similarity between virtual and real tomato crop should be
considered. And the possibility of applying the algorithm,
which is trained by synthetic tomato crop, on real tomato
crops.

Based on literature on image segmentation, a Convolu-
tional Neural Networks (CNNs) is considered. The theory
of CNNs is widely applied in image analysis, and shows
potential for mapping to the 3D model from given 2D
images. In [27] researchers have researched into 3D shape
recognition by a group of 2D views sketches and showed
the potential of the application of CNNs application. In [23]
a method is presented with synthetic images and limited
real images which come from different views, it proved
the possibility of training an eligible CNNs using both real
images and images generated by synthetic 3D models.

Apart from the influence of synthetic images, we also
should consider the influence of binocular views. In [28]
the feasibility of multiple view points estimation has been
demonstrated by combining render-based image synthesis
and CNNs. Researcher in [33] applies a simplified pulse-
coupled neural network (PCNN) for tomato crops images
segmentation at night, which shows a good performance
on tomato localization. The PCNN, however, not meet our
requirement for leaf instance segmentation. In summary, the
CNNs is an applicable method for our leaves image instance
segmentation research. We choose the mask region-based
convolutional neural network (Mask R-CNN) [12] in this
research, because this method shows reliable application
over many fields, such as pedestrian instance segmentation

There is a relative research in [4], the authors build
synthetic Capsicum annuum in Blender, and shows the
performance similarity of virtual plants and real plants.
The authors apply semantic segmentation to verify the
similarity, which is sufficient for their research. However,
in our research semantic segmentation is insufficient, our
requirement is determine the region and distinguish each
leaf. Therefore the instance segmentation is chosen in this
research.

In this research, we attempt to build a training data set
for Mask R-CNN. With this data set we can training a leaf
instance segmentation by Mask R-CNN.

4 VLAI ESTIMATION

In this section, a visible leaf area estimation is applied to
calculate the vLAI from binocular images. In Section 4.1, the
synthetic model built in Blender is presented. In Section 4.2,
the disparity method is used to calculate the vLAI, and the
influence of light conditions is discussed.

4.1 Tomato Crops Preparation
The leaves that used for building virtual tomato crop,

such as Fig.9, are pruned from greenhouse [2], the pruning
height is at around the lowest growth height.

Fig. 9. Leaves sample from greenhouse [2]

The structure of the virtual tomato crop in Fig.6 is
arranged to imitate the greenhouse tomato crop. It is simple
and not based on any tomato crop structural model, because
the ultimate goal in this research is the feasibility of using
binocular images to get the vLAI rather than performance.

4.2 vLAI Estimation
The ground truth leaf area is calculated in Adobe Photo-

shop. The total leaf area ground truth is 148.68 [m2], which
is calculated by the ratio between green pixels and the
total amount of pixels in the each leaves image, e.g., in the
Fig.9. The visible leaf area ground truth is 84.23 [m2]. The
measurement of the visible part is obtained by eliminating
the overlap each layer leaves, then we count the ratio of
remaining pixels in each layer. The vLAI is calculated by the
ratio between visible leaf area and ground area, the ground
area is 160 [m2] in here.

Calculate the vLAI in Matlab under light strength range
from 0 to 20 [W/m2], we obtain the visible leaf area estima-
tion ynder different light strength in Table.3.3 and vLAI in
Fig.10. The vLAI estimation is steady under light strength
around 5 [W/m2] to 20, and the area is at around 78.63[m2],
which is smaller than ground truth 84.23 [m2]. That is
because the ground truth vLAI is obtained manually by
eliminating the invisible part; therefore, the margin between
visible and invisible part is distinct in Photoshop processing,
but which is indistinct in binocular images processing and
natural cultivation. Hence we may lose part of the area in
the experiment.
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Fig. 10. Relation between light strength and vLAI

For the insufficient light condition such as light strength
is 0 [W/m2] in Fig.10, the disparity method is lack of
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TABLE 1
Visible leaf area estimation under different light strength

Light strength [W/m2] 0 2 5 7 10 13 15 17 20
Visible leaf area [m2] 68.8 75.73 78.16 78.39 78.69 78.96 78.84 78.75 77.76

TABLE 2
LAI estimation under different light strength

Light strength [W/m2] 0 2 5 7 10 13 15 17 20
LAI 0.80 0.91 0.95 0.96 0.96 0.97 0.96 0.96 0.95
Relative error [%] 13.65 1.50 2.98 3.42 3.98 4.50 4.27 4.10 2.24

performance, but still works to some extent. The tomato
crop under 0 [W/m2] light strength is shown in Fig.11, and
the disparity map is shown in Fig.12. From which we can
see, the different height layers still distinct, but some detail
lost especially in the middle of the tomato crop. That is
because the texture and colour of leaves are lost in this area,
these pixels are totally dark due to insufficient light.

Fig. 11. Tomato crop under light strength 0 [W/m2]
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Fig. 12. Disparity map under light strength of 0 [W/m2]

We also researched a slightly overexposed condition,
which is the condition of light strength 20 [W/m2] in Fig.10.
The corresponding binocular images are shown in Fig.13,
the disparity map is shown in Fig.14. Comparing Fig.14
to the normal light disparity map Fig.8, we can see, some
details are overexposed to lost the texture and colour. The
disparity method, however, still works on this light condi-
tion, which is a possible light condition under greenhouse
cultivation.

In greenhouse cultivation, the overexposure problem is
common and should be considered, e.g, Fig.15 is taken from
the top view of tomato crops at noon with strong light.

5 LAI ESTIMATION

In this section, two methods are explored to calculate
LAI based on vLAI. In Section 5.1, the LAI is obtained by an

empirical equation. In Section 5.2, a training data set is built
for the method that combines 3D coordinate information
and instance segmentation.

Fig. 13. Tomato crop under light strength 20 [W/m2]
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Fig. 14. Disparity map under light strength of 20 [W/m2]

Fig. 15. Tomato crops under sunshine at noon

5.1 Method 1 of LAI Estimation
Method one is presented in Section 3.3.C, the LAI es-

timations and relative error to ground truth are presented
in Table.4.2. The ground truth LAI = 0.93. The result
shows,the relative error is small under the light, which
means this method is feasible for LAI estimation.
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5.2 Method 2 of LAI Estimation

In method 2, we build a data set for Mask R-CNNs
training. By training an eligible Mask R-CNN that achieve
instance segmentation on single leaf and leaf branch,
then we can combine the instance segmentation with
corresponding coordinates information, and may achieve to
build a virtual tomato model.

A. Training Data set Preparation

To train an eligible Mask R-CNN that recognize the leaf
from images, we do not need a complete tomato crop, Ran-
dom arrangement leaves in images is sufficient; a massive
training data set at least thousands of images is required.
Generate these images manually is feasible for this research,
but it is time-consuming and not appropriate for the goal
of the commercial application. Hence, we design a Python
program embedded in Blender to generate the data sets
automatically, by which can generate original images such
as in Fig.16 with random arrangement leaves and random
rotating angle based on a group of prepared leaves images.

Fig. 16. Random leaves images

The ground truth is crucial for training. Here we attempt
to generate corresponding ground truth label images of the
original images at the same time in Blender. To generate the
labelled images, we first divide the leaves and branches into
different objects in Blender, next label different components
by the different colours, shows an example in Fig.17. Use
red to label the branches of leaves; use blue to label the leaf
surface part; use green to label the cluster of leaves, more
specifically, only multiple leaves growing on the same main
branch will be labelled in green, the single leaf will not be
labelled in green, e.g., Fig.22

Then, randomly generate the original leaves, such as
Fig18. Next, generate the labelled components into different
layers but in the same location and rotation angles, and we
obtain the label images show in Fig.19, Fig.20, and Fig.21.
The sunshine light strength 10 [W/m2], and the objects in
different layers are invisible to other layers.

B. Discussion

This labelling method is fast and easy to implement,
however, it is only applicable to semantic segmentation. For

Fig. 17. Labelled different components by different colors

Fig. 18. Random leaves sample

Fig. 19. Leaves label

Fig. 20. Branches label

instance segmentation, the ground truth data set should be
labelled respectively, which means multiple leaves in one



MASTER THESIS M.WEI, EINDHOVEN UNIVERSITY OF TECHNOLOGY, MECHANICAL ENGINEERING 10

Fig. 21. Cluster leaves label

image should be labelled in different label files. To solve
this problem, we proposed two solutions. The first solution,
we still use the automatic original images, but label them
manually on label software, such as LabelMe. The second
solution, generate single leaf in one image, such as Fig.22.
The First solution is time-consuming, but may show better
performance on training; the second solution is easy to
obtain but may lack performance. Hence, use the second
solution for the first assumption training, then apply the
second solution as supplementary might be a better method.

Fig. 22. Single leaf with labels

6 CONCLUSION AND RECOMMENDATIONS

6.1 Conclusion

1. The core of this nondestructive LAI estimation re-
search is the 3D coordinate information by binocular im-
ages. With this method the height of each pixel is known
from this measurement, which solves the pixels height seg-
mentation difficulty of monocular images.

2. Also, the height information makes this method meet
the constraint of tomato crops grow in vertical. By knowing
the height of the tomato crop, the LAI estimation will not
subject to the exponential relationship between vLAI and
LAI.

3. This research explored the combination between com-
puter virtual 3D crop modelling and nondestructive LAI
estimation and instance segmentation. This showd the po-
tential and feasibility of using virtual crop in greenhouse
tomato crop research, and the application of instance seg-
mentation on automatic greenhouse control.

6.2 Recommendations
1. These vLAI and LAI method can be verified on real

greenhouse tomato crops, by building the ground truth
using destructive LAI estimation.

2. For the future research, one may improve and apply
the data set for instance segmentation to train a Mask R-
CNN, and combine the leaf instance segmentation with the
3D coordinate to rebuild the 3D virtual tomato crop. The
crossing of branches can be the record points to correct and
build a tracking model of growth tomato crops.

3. The completely observability condition check may be
required for the automatic greenhouse control system in the
future.
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