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Design of a Single Kalman Filter
based on Partial Detections

for Automatic Flower Counting Purposes
D.J.M. Bos, W. Houtman, and M.J.G. van de Molengraft

Abstract—In the agriculture sector, the number of flowers
of a plant is one of the features which is taken into account
for their classifications. In order to count all flowers of a
plant, different viewpoints of the plant are required. Using an
image collection system which rotates the plant, a single RGB
camera is used to capture the different viewpoints of the plant.
Detection software is then used to detect the flowers in the images.
However, missing detections due to, for example, occlusions or
fragmentations, can result in incorrect counting. Multi Target
Tracking (MTT), a combination of model-based object tracking
and data association, can be used to avoid incorrect counting.
Especially the tracking part is used to deal with occlusions. In
this work a proof of concept of an improved tracking method
for automatic flower counting is considered. Using a model of
the complete plant, the tracking part of a MTT algorithm is
improved. The model is chosen to represent the complete plant,
such that state information of some flowers can be used to
estimate the state of other flowers, e.g. in case of occlusions,
which result in more accurate tracking.
Index Terms—flower counting, machine vision, Multiple Target
Tacking, Extended Kalman Filter

I. INTRODUCTION

Although the number of employees in the agricultural
sector has abated significantly over the years, the demand
of products out of this sector keeps growing. In Europe,
the agricultural labor force decreased form 29.9 to 20.4
millions employees between 2005 and 2016, this decrease
is a reduction of 31.7% [1] Although this reduction, the
labour costs for greenhouses and nurseries are still a large
part of the expenditure [2]. In general, working conditions
in the agricultural sector are monotonous, harsh and often in
an unpleasant climate condition. These working conditions
result in labour shortage [3]. All above are the key drivers for
advance automation systems in the agricultural sector. The
main advantage of automation is that it decreased the need of
human assistance.

Several tasks in this sector have been automated
successfully [4]. An example is automated harvesting of
apples with robots [5]. Robotic systems in the agricultural
sector mostly operate in unstructured environments; these
systems have to deal with environment disturbances, for
instance, with weather temperature and light. In comparison
with the industrial sector where robotic systems often operate
in closed structured environments. For instance, in the
production of televisions where tasks must be performed in
exactly the same way every-time. Furthermore, the target

product in the agricultural sector have many variabilities,
such as, size and colors. The automation system has to be
robust to all these variations, which increases the complexity.

An important part in automation is achieved by vision
systems [4]. Traditional manual tasks such as counting,
inspecting, and grading are time-consuming tasks which often
yields inaccurate results and is an expensive process. For
these tasks vision automation is faster, more consistent and
cost saving in comparison to doing these tasks manually [6].
In Eindhoven a company called Aris [7] is specialized in
vision applications in the agricultural sector. Aris develops,
installs, and gives service for advanced computer vision
systems within the agricultural sector. For example, the
detection software of Aris that classifies the Phalaenopsis
plants, which are a variety of the Orchids family. Figure 1
shows a Phalaenopsis plant in the detection software of Aris.

Fig. 1. Image of a phalaenopsis plant in the detection software of Aris

Although Aris has a lot of experience with computer vision,
some tasks are still challenging. The main challenge of
the detection software is the accurate counting of flowers
of a Phaleanopsis plant. The price of a Phaleanopsis plant
is partly determined by the number of buds and flowers
of the plant. Because of this price indication, Phalenopsis
nurseries are interested in these numbers. The current
approach has different viewpoints of the plant in a fixed
amount of images, also called frames. These viewpoints are
necessary because all flowers cannot be detected from a
single viewpoint as flowers overlap and occlude each other.
However, the detection software does not take into account
the inter-image correspondence of flowers and buds. This
means that knowledge of which flowers are detected in
the previous frames is not used in order to determine the
number of flowers in the next frame which can result in
double counting. Data association algorithms aim to solve
these problems by associating measurements to targets, for
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example flowers. Furthermore, data association algorithms
consider multi-frame matching based on observations and
tracked objects [8]. If it is known which measurement
belongs to which flower, double counting can be avoided.
This work is a proof of concept of an improved tracking
method for automatic flower counting. This improved method
is demonstrated with experimental data. This paper focuses
on the tracking part of a Multi Target Tracking algorithm
combining several associations.
The remainder of this paper is organized as follows; Section II
describes the related work and the contributions of this work.
After this, the proposed method is described in Section III.
Next, in Section IV, simulations which are done to validate
the model are discussed. Section V provides experiment
results of the improved tracking algorithm. Lastly, Section VI
discusses the conclusions and the recommendations.

II. RELATED WORK

This section discusses advantages and disadvantages of ex-
isting detection methods and tracking algorithms for automatic
flower counting purposes. Furthermore, the possible improve-
ments to improve automatic flower counting are discussed.
Finally, the contributions of this paper are described.

A. Detection methods

In literature, the main focus for automatic flower counting
in the agricultural sector is on improving the detection
algorithms. The number of flowers in these kind of
algorithms are often based on detections in a single image.
For instance in [9], where an algorithm is developed for
automatic counting of flowers. In this algorithm the k-means
method is used which clusters the objects on image based
euclidean distances and colors. This method results in three
segmented images, one with flower regions, one image with
buds regions, and one with a segmented background image.
Thereafter, an optimum global threshold technique is used
which separates the flowers from the background. Finally,
the flowers are marked with circles using circular Hough
transformation. The number of circles is the number of
the estimated number of flowers. Although the author [9]
mentioned that the developed algorithm results in correct
counting of the flowers, occluded flowers are not taken into
account because only a single viewpoint of the plant is used.
Another method for counting agricultural objects is Deep
Neural Networks (DNN) [10]. This method, however, does
not use multiple viewpoints for the counting process which
means it can not deal with occlusions. The main disadvantage
of Neural Networks is their black box nature. If the Neural
network predicts something else than expected, it is hard to
understand what caused this wrong prediction which almost
makes debugging impossible.
The detection and counting of citrus fruits using image
processing [11], instead of method [9] and [10], does
take overlaps into account. In this process the watershed
segmentation algorithm is used to create markers. These
markers are connected blobs of pixels within the objects
to detect. In order to remove noise from the image, a

lower bound is added on the number of pixels of a bold.
Furthermore, an upper bound is used which had effect of
rejecting of the citrus particles where overlapping occurs.
Between the algorithm and manual counting is obtained a
correlation coefficient R2 of 0.93. This coefficient indicates
that the algorithm is quite accurate compared to manual
counting. A correlation coefficient R2 = 1 means full
matching an R2 = 0 means no matching with the manual
counting. Unfortunately, also by this method only a single
viewpoint is applied.

In the above methods several problems occur which
can be improved in order to improve the count accuracy. A
problem is double counting of flowers, which are detected
multiple times. The methods does not take into account which
flowers are seen in the previous frames. Another problem
is that some detections are labeled as flower which do not
correspond to a flower, also called false positives. In addition,
flowers which are not detected but being visible in a frame are
called false negatives. Also flower merge is a problem, where
multiple flowers overlap each other which are detected as one.
On the other side, fragmentation errors occurs which means
that several parts of a flower are detected, for example, one
flower is detected as two small flowers. These problems can
be solved with a Multiple Target Tracking (MTT) algorithms
which could result in more accurate flower counting. The
MTT algorithms [12] can deal with occlusions, overlaps,
missed detections, double counting, and false positives.

B. Multiple Target Tracking algorithms

MTT is a combination of model-based object tracking and
data association. Model-based object tracking models are able
to track and predict the location of objects in small time steps
based on measurements. For example, the location of a flower
in image one, can be predicted and transformed to a position
in image two, using multiple images of a plant with different
viewpoints. The main task of the data association part of the
MTT is to deal with association problem in a probabilistic
manner while considering uncertainties [13]. It has to assign
the correct allocation to a certain measurement, for example,
measurement 1 belongs to flower 3 and measurement 2 to
flower 2.
A study performed by [14] gives a proof of concept for
using a MTT algorithm for counting agricultural sub-objects,
such as flowers. In order to get multiple view points of a
plant, multiple consecutive images are taken, while the plant
is being rotated. The plant rotates with a constant velocity
such that the angle between two images is constant. After all
images of the plant with different viewpoints are collected
an iterative process starts. In this process a particle filter and
ellipse fitting routine on the measurements are used. Finally,
the algorithm select the most probable trajectory for each
flower. This algorithm results in correct count percentage
of 94%. The algorithm can also deal with occlusions and
overlaps. This study shows that MTT algortihms can increase
the accuracy on correct counting. In this proof of concept,
however, the maximum number of flowers of a plant was
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seven. Thus, no conclusions can be drawn on plants that have
large amounts of flowers. Namely, more flowers increase the
probability of occlusions and overlaps which make correct
counting more challenging. Furthermore, the image span
is 360 degrees which allows the collection system to take
images of all the required viewpoints; however, this range is
not always available by counting collecting systems in the
agricultural sector.
In order to get an overview of the MTT algorithms which
can be used in automatic flower counting, several MTT
algorithms are compared.

The Global Nearest Neighbour (GNN) [15] algorithm
endeavors to find and propagate the most likely hypothesis at
each image frame. The best match of a measurement to track
is the measurement with the smallest distance to the track.
A disadvantage of this approach is that the GNN algorithm
makes decisions based on the current image frame alone.
Therefore, this approach makes irretrievable assignments that
cannot adapt due to the collect measurements of the following
images.

The Probabilistic Data Association Filter (PDAF) [16] al-
gorithm uses Bayesian information to determine the measure-
ment origin uncertainty. If the state and the output equations
are non-linear, then PDAF is based on the Extended Kalman
Filter (EKF) instead of a Kalman Filter (KF) [17]. The
advantage of the PDAF compared to the GNN is that the PDAF
algorithm considers all measurements of the current frame in
the track update and past information is approximated in the
form of a Gaussian posterior. However, the PDAF can only
handle data association for single objects. Therefore, PDAF is
not suitable as data association algorithm for automatic flower
counting.

The Joint Probabilistic Data Association Filter (JPDAF) [16]
is an extension of the PDAF. The main difference between
them is that the JPDAF can can manage the association of
multiple objects. Because the total number of objects must be
known in advance, the JPDAF is not suitable for the flower
counting problem.

Another class of MTT algorithms is the Multipe Hypotheses
Tracking (MHT) [18]. The MHT is branched into two
approaches, the Hypothesis Oriented MHT (HOMHT) and
the Track Oriented MHT (TOMHT). The goal of a MHT
algorithm is to resolve of arising ambiguities, such as overlap
and occlusions of objects, based on later evidence. The
HOMHT creates a tree of hypotheses which it maintains
and propagates, utilizing the measurement sets. The highest
probability hypothesis probably represents the best association
of the objects to be tracked. All the possible hypothesis are
stored in memory which could result in in memory storage
problems. In order to prevent this problem, gating and pruning
techniques can be used to decrease the number of hypothesis.
The gating procedure is to eliminate unlikely measurements
from the track pairs, by assigning measurements to existing
tracks. Pruning techniques like the N-scan back algorithm
only keep the branches of the MHT tree with the highest
probability and prune the rest of the branches. With the
TOMHT the existing track will be cloned and each clone

will be updated with a measurement within the gate region
of this track. The gating region is the area of track where
the measurement must be inside for a possible association.
This algorithm could be suitable solution for the counting
problem. However, it requires more computational power than
the HOMHT approach. Because in the TOMHT each EKF
and cloned EKF gets a measurement update. A more detailed,
than the summary above, comparison of MTT algorithms and
their features can be found in Appendix A.

Based on [19] and the features of the MTT algorithms,
the HOMHT is a suitable approach for the automatic
counting problem. The study [19] proposed a method for
solving the flower counting problem. In this method a
model-based object tracking algorithm is developed and the
HOMHT of [12] is applied for the data association problem.
The proposed method in [19] is robust to plants having
up to 7 flowers with correct counting of 92.3% over 39
plants. Despite this robustness, the performance decreases
when the number of flowers of a plant is more than 7.
Because the model-based object tracking algorithm is based
on modeling flowers individually, the expectation is that a
tracking algorithm based on modelling of a complete plant
leads to a more accurate flower tracking. The reason for
this expectation is that combined flower information can
be used to determine the positions of the flowers in the
three-dimensional space.

C. Contributions

As mentioned in the previous section, the belief is that a
tracking mechanism for a complete plant, that is robust to
occlusions, has more accurate tracking compared to tracking
flowers individually as in [19].

The contributions proposed in this paper are:
• A proof of concept model based estimator that combines

multiple relative flower locations to improve occluded
flower tracking.

• A model which describes the full plant based on the
detections of individual flowers and is applicable to data
association algorithm

• An improved model-based algorithm for flower count-
ing purposes which explicitly takes uncertainties into
account. The improved algorithm takes into account the
combined coupling of the flowers. Furthermore, the set-
ting of the initial conditions has been improved by adding
knowledge of the system and the plant.

This proposed model-based algorithm is experimentally vali-
dated using real plant measurements.

III. METHODS

In this section, the methods applied are described. First,
a brief overview of the global counting system structure is
given. Secondly, the general approach is elaborated, where
the assumed collection system, task of the MTT algorithm,
and the proposed improvement on the model-based algorithm
are explained. The geometric model is described in the next
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subsection. Additionally, the dynamic model, used in the
model-based algorithm is discussed. At the end of this section,
the model-based algorithm is explained with the calculations
of the required initial settings.

A. Global overview counting system structure

In order to count all flowers Nf of a plant, the following
counting system structure is applied, as shown in Figure 2.
An image collection system captures the images of the plant
with different viewpoints (Block 1). With this information,
detection software is able to detect the flowers (Block 2),
the MTT algorithm is required for counting and tracking the
flowers (Block 3+4). The focus of this paper is on the tracking
part.

Detectioncollection
system

Image

software

Data
association

Tracking

1. 2. 3.

4.

MTT algorithm

Nf

Fig. 2. Global flower counting system structure

B. General approach

The general approach assumes that plants rotate while
translating on a conveyor belt to capture images with a
single camera, as represented in Figure 3. Furthermore, it is
assumed that each flower is detected at least once by detection
software because when a flower is never detected the MTT
algorithm cannot takes this flower into account. The center
of the detected flowers is the input for the MTT algorithm.
This center point, however, is subject to detection errors and
measurement noise.

The plants move with a constant translation and rotation
speed. The rotation speed is not measured by the collection
system. Although the speed is constant, several factors can
affect the speed. For example, the belt can be worn or become
wet. Also, variable loads of plants can have influence on
the assumed constant rotation speed. Typically, if the rotation
speed is not affected by these factors the collection system
can capture images with a span of at least 210 [degrees] with
equidistant steps; However, the steps can deviate 1 to 2 degrees
per step. The automatic counting algorithm has to be robust
to these uncertainties.

The MTT algorithm for the automatic flowers counting has
to determine which flowers of the consecutive images match
with each other. In Figure 4, a schematic view is depicted
of the task of the MTT algorithm. The dotted lines show the
movement of the flowers to follow in the two-dimensional
space of the images, the flowers are depicted by the green, red
and blue squares. The algorithm has to figure out the inter-
image correspondences of the flowers i.e., finding the dotted
lines.

Fig. 3. Schematic view of the image collection system where images are
captured by a single camera in different viewpoints

1 2 3 k

k [frame number]

Fig. 4. Schematic view of the task of MTT algorithms which is tracking of
multiple targets, such as flowers. The flowers are denoted with color squares
and the dotted lines represent inter-image correspondence of the flowers

The proposed method estimates the positions of the flowers
that belong to the initial frame. The potcenter of plant rotates
relative to the camera. This relative rotation allows the collec-
tion system to be modeled as if the camera rotates around the
center, instead of the real rotation the plant in the collection
system, visualized in Figure 3. The reason for this modeling
approach is to use the information of how the flowers are lo-
cated with respect to each other in the three-dimensional space.
This information can be applied to predict the location of the
flowers in the image plane and to estimate the total number of
flowers. The state describes the positions of all the detected
flowers that belong to the initial frame in the three-dimensional
space. The state also describes the common angular velocity
of the flowers instead of each flower separately as in [19]. The
advantage of this method is that if a flower has no detection
at some frame, other flower information and detections can be
used to improve the estimation of the states to detect flowers
and their positions, a single camera captures k number of
frames with different viewpoints of the plant, as shown in the
schematic representation in Figure 5. In this representation,
for the sake of simplicity, the plant only has one flower with
the position shown by the green dot. This position of this
flower is unknown and has to be estimated and is described
by the error covariance of Flower 1. At the first frame, the
flower is detected for the first time. The modeled position of
the camera that belongs to the first frame is denoted with blue
in the Figure. The model-based algorithm estimates the initial
positions of the flowers in the three-dimensional space based
on a mathematical model and the associated detections by the
data association algorithm. However, initially no association
is possible because no estimation of the flower in the three-
dimensional space available based on previous detections.
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Therefore, if a flower is detected for the first time, in this
case denoted with a blue cross, the initial estimate is uncertain
because no depth information is available. This uncertainty is
represented by the blue dotted ellipse in the top-view of Figure
5. Using this estimation at frame 1, the position of the flower at
the next frame in the two dimensional space is predicted. The
data association assigns each measurement point to an existing
track of flower, or creates a new track, or the measurement was
a false positive. The uncertainties of the associated detection,
the red dotted ellips, is fused with the previous uncertainties.
This fusion results in a decreasing of the uncertainties of the
estimated initial position, shown by the intersecting gray area
in Figure 5. These outlined uncertainties do not exactly match
reality. The proposed method is a recursive process and stops
after the last frame k is applied in the MTT algorithm that
then has an overview of estimated initial flower positions and
an estimation of the total number of flowers Nf .

1 2 3 k-1 k

k

k-1

k-2

3

2

1

Image frames, two-dimensional space

Camera

Potcenter

Unknown initial position

Top view, collection system

Detection of flower 1
Detection of flower 1

on image 1
Error covariance of flower 1

Virtual image plane 1

Detection of flower 1
on image 1

Error covariance of flower 1

Virtual image plane 2

Legend

Nf

Combined error covariance
of flower 1

of flower 1

Fig. 5. Schematic view of the representation of the proposed method. With
the detection and association software, the flowers are detected in the image
frames. The associated detections are applied to update the estimate initial
positions of the flowers in the three-dimensional space. The figure is an
example of a plant with one flower where a single camera rotates relative
to the potcenter of the plant

C. Geometric model

In order to estimate the state, which are the initial positions
of the flowers, and predict the location of each flower at
each frame, a geometric model is required. In Figure 6, the
schematic view of the top and side view of the collection
system are shown. This figure visualizes the movement of a
flower while the images are taken in the vision system. The
translation displacement of the conveyor belt is not included
in the model because the region of interest is moved based
on the velocity of the conveyor belt.The resulting translation
displacement of the plant in the image frames is calculated
based on the measured moved pot centers on the frames by
the Aris software. The difference between the measured pot
centers are applied to overlaying the region of interest of the
frames. Due to high accuracy of these pot center measurements

ω

λ

r

C ′ C

B

A

x+

Virtual image plane

xpk

B′

y+

λDD′

F ′

ω

y+

z+

Virtual image plane

A

Top view

Side view

F

zpk

Optical-axis

Optic
al-a

xis

φ

Fig. 6. Drawing of the top and side view of the collection system

the translation is not included in the model. The current
position of flower fl number n that belongs to the current
frame k, in Figure 6 denoted as B′, can be calculated by
using the rotation matrix as in,

xflnkyflnk
zflnk

 =

T︷ ︸︸ ︷cos(ωkk) −sin(ωkk) 0
sin(ωkk) cos(ωkk) 0

0 0 1

x0flnky0flnk
z0flnk

 (1)

where k in {0, 1, ..,K} is the image frame number and K the
total number of frames of a plant, ωk is the estimated angular
velocity, x0flnk , y0flnk and z0flnk are the estimated initial
positions of a flower. The current positions xflnk , yflnk and
zflnk represent the current position of a flower in a three-
dimensional Cartesian coordinate system with y-axis pointing
towards the camera. The radius r represents the distance
between the pot center (C0,0) and the position of a flower
(B′xflnk ,zflnk ,yflnk

), see Figure 6. In the ideal model zk=z0
because the flowers rotate around the z-axis. Furthermore, the
angular velocity ω is the rotation step between the consecutive
frames captured from the camera.

In order to convert real world coordinates of a flower to pixel
coordinates a virtual image plane can be applied, as shown in
Figure 6. On this plane the measurements are projected with
a distance λ to the camera. The virtual image plane is a two-
dimensional plane and is located on the x-axis and z-axis
of the three-dimensional space and the z-axis is aligned on
the center of the flowerpot, denoted with C in the top view
of Figure 6. The camera is perpendicular to the virtual image
plane with a constant distance λ which can be measured in
centimeters and can be converted to pixels based on the camera
characteristics. With this transformation, the projection on the
virtual image plane corresponds to the real image captured by
the camera. Detected flowers in the virtual image coordinates
(xPflnk , zPflnk ) is a projection of the flower in the real world
with (xflnk , zflnk , yflnk). However, the real world coordinates
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are unknown and can be located anywhere on the optical axes,
referred to as no depth perception [20]. For example, consider
the detected point B, the 3d coordinates of this point could be
B′. Despite, the no depth perception, the relationship between
projected coordinates and the corresponding real coordinates
can be used since a trajectory in three-dimensional space
results in a trajectory on the virtual image plane. For example,
the relationship between the real coordinates B and projected
coordinates B′ is represented with two triangles A,B,C,and
A,B′, C ′ which have the same angle at A, denoted with φ
in Figure 6. The relationship between the real and projected
coordinates is as follows

xk
xpk

=
yk + λ

λ
, (2)

where λ is the distance form the camera to the virtual
image plane. Using similar principles, the following relation
is derived from the side view

Zk

Zpk

=
yk + λ

λ
. (3)

For the model-based algorithm a dynamic model is required.
As mentioned in Section III-B, the collection system is mod-
elled such that the camera rotates and the plant stands still.
This modeling choice achieves that the initial conditions are
constant over the frames represented by the identity matrix.
The size of the states depends on the number of associated
flowers N from frame 1 to frame k. The state transition matrix
from the geometric model is represented as,

f =



ωk

x0fl1k
y0fl1k
z0fl1k

:
:

x0flNk
y0flNk
z0flNk


=


1 0 .. 0
0 1 0 :

:
... . . . :

0 .. .. 1





ωk−1
x0fl1k−1

y0fl1k−1

z0fl1k−1

:
:

x0flNk−1

y0flNk−1

z0flNk−1


, (4)

where the states consist of the initial flower positions and
the estimated common average angular velocity ωk. Using (1-
4) the output equation, which describes the relation between
projected coordinates and three-dimensional coordinates, is
formulated by

h =



xPflnk
zPflnk

:
:

xPflNk
zPflNk

 =



xflnk

1+
yflnk
λzflnk

1+
yflnk
λ

:
:

xflNk

1+
yflNk
λzflNk

1+
yflNk
λ


. (5)

Here, xPflnk and zflnk are the pixel coordinates in the virtual
image of flower fl number n in frame k. The geometric model
is used to perform model-based tracking.

D. Model-based tracking algorithm

In order to estimate the states of the flowers and predict
output in the image frame, the model-based algorithm EKF
is applied. The EKF is used to perform the tracking part
as shown in Figure 2 using the geometric model explained
in previous section. This is used because it can deal with
the non-linearity in the output equations of the collection
system, as in (5). Furthermore, known information such as
the maximum radius of a flower, measurement noise and
the initial depth guess can be used to initialize the EKF.
The EKF combines predicted states with the measured
states to calculate the state estimate. The state estimation
is not optimal because the system is linearized using the
Jacobian, so the states are an approximation. The predicted
states are calculated using the dynamic model (4) and the
output equations (5). The predictions will be used in the
data association algorithm of the MTT. The EKF consists
of a time update and a measurement update, which keeps
recursively repeating until the associated detection of the last
image frame k comes in. The time update makes predictions
of the current states based on the previous states. Thereafter,
in the measurement update a correction of the predicted states
is based on the associated detections in the current frame k
and the predicted output. The size of the states of the plant
increases as new flowers of the plant are detected. The EKF
has to expand his matrices to deal with the new detected
flowers. Furthermore, a flower might not be measured in every
frame, the solution has to be robust against this problem. The
proposed model-based EKF that solves these problems, is
referred to as the combined EKF.

The applied formulas of the EKF [17] and extensions
are described below.

Time update/Prediction step
The projected states are updated using (4), no input is
supplied hence uk = 0

x̂k|k−1 = f(x̂k−1|k−1, uk = 0). (6)

The projected error covariance is computed by

Pk|k−1 = AjkPk−1|k−1A
T
jk

+Qk, (7)

where Ajk = ∂f
∂x (x̂k−1|k−1, uk = 0) is the Jacobian of the

non-linear function (4), at the current state estimate. However,
in the proposed method A = I so Ak = Ajk . Pk−1|k−1 is
the error covariance of the previous estimate state. Notation
x̂a|b and Pa|b represents the estimated states x and the error
covariance P respectively at time a given observations up to
and including at time b ≤ a. The size of the process noise
matrix Qk depends on the total number of associated flowers
N form frame 1 to frame k.

Qk =

[
σ2
Qω

0

0 diag([ΨFln ... ΨFlN ])

]
(8)

where σ2
Qω

is the process variance on the angular velocity of
the plant and ΨFln= diag([σ2

Qxfl
σ2
Qyfl

σ2
Qzfl

]) represents
the process noise on the x, y, z state of flower n.
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Measurement Update
The Kalman gain is used to perform the state and error
covariance update

Kk = Pk|k−1H
T
jk
S−1k , (9)

where Hjk = ∂h
∂x (x̂k|k−1, uk = 0) is the Jacobian of the

non-linear funcion h, Equation (5), about the current state
estimate, Pk−1 the updated error covariance of the previous
estimate state, and Sk = HjkPk|k−1H

T
jk

+Rk is the innovation
covariance matrix. Rk = diag([ΥFl1 ... ΥFlN ] where ΥFln=
diag([σ2

RXPfl
σ2
RZPfl

]). The updated state estimate is then
calculated by

x̂k = x̂k|k−1 +Kkỹk, (10)

where ỹk = zk − h(x̂k|k−1, 0) is the innovation with zk
the measurement vector with associated detections. The error
covariance is updated by solving

Pk|k = (I −KkHjk)Pk|k−1. (11)

If the EKF gets new associated flowers of the data association
algorithm then the initial estimated states and initial error
covariance settings of this flower are required. These settings
affect the convergence rate with which the estimated state
will converge towards the real value. In general, the smaller
the initial error covariance, the faster the EKF converges.
However, a too small initial error covariance may result in
inconsistency. Inconsistency means that the EKF will never
converge towards the real flower coordinates. The settings are
determined by means of knowledge of the system, such as,
the maximum possible radius Rd distance of a flower with
respect to the potcenter and the collinear line of the camera
position and the detected xp coordinate of a new associated
flower. The intersection points between the collinear line and
the circle based on Rd can be calculated. Assume that every
flower has a certain unknown radius smaller or equal then
Rd. The collinear line has exactly two contact points with
the circle, which are in fact the two limits of the flower. If
the initial estimated state is placed exactly between these
two contact points, the solution will converge properly to
either real position. If the initial estimate is placed close to
the contact point 1, the EKF may converge slowly if the real
position is located at contact point 2. Therefore the midpoint
is used as initial estimate because the EKF will on average
converge the fastest. Using this principle, it is assumed
that the uncertainty is within the two intersection points
shown in Figure 7. Finally, the initial estimated state and
error covariance have to be converted to the initial frame in
three-dimensional space. Creating the error covariance can be
seperated in two scenario’s. The first scenario is initialisation
of the error covariance of flowers detected in the first frame.
The second scenario is expanding the error covariance if new
flowers are detected after the first frame.

1. Initial error covariance matrix P at initial frame:

Pk=0|k=0 =

[
σ2
Pω

0

0 diag([ΦFl1 ... ΦFlN ])

]
, (12)

where σ2
Pω

is the initial error variance on the angular
velocity of the plant and Φfl= diag([σ2

Pxfln
σ2
Pyfl

σ2
Pzfl

])
is the initial error covariance on the x, y, z state of the
corresponding flower. The variance on the x state is based on
the distance d between the intersection points which results
in σ2

Pxfl
= (d/2)2. The center of the error covariance ΦFln

is equal to the midpoint of the two intersection points and
the ΦFln is aligned with with the collinear line between the
camera and the xp coordinate of flower as shown in Figure 7.

2. Adding the initial error covariance of newly associated
flowers for k > 0 to the existing error covariance:

Pk−1|k−1 =

[
Pk−1|k−1 0

0 diag([ΦRFln ... ΦRFlN ])

]
,

(13)

where Pk−1|k−1 is the error variance of the previous frame
k − 1 and ΦRFln ... ΦRFlN are the newly added initial error
covariances. ΦRFln is constructed in the same way as in (12),
however, here the new initial error covariances have to be
converted to the initial frame k = 0.
The rotation of the error covariance to the initial frame is
achieved with the following equation,

ΦRFln = T (φR)ΦFlnT
T (φR), (14)

where T (φR) is the rotation matrix (1) and φR the angle to
the initial frame.
Figure 7 represents an example for the determination of the
initial estimated states and initial error covariance of a new
associated flower. The potcenter is marked with a black dot
and the flower must be inside the gray circle which is the area
with the maximum flower distance R = 250 [mm].
At Figure 7a, a new flower detection xp = −32 [mm] and
zp = 200 [mm] at frame k = 5 is plotted on the x-
axis with y = 0 denoted by a red-cross. The midpoint and
the corresponding error covariance are illustrated by the red
circle marker and the red dotted ellipse respectively. The
parameters that are applied for this error covariance are,
σ2
Pxfln

= 202, σ2
Pyfln

= (d/2)2 as explained by Equation
(13), and σ2

Pzfln
= 202. Subsequently, the error covariance is

aligned with the collinear line, the line of the camera to xp,
and the center is equal to the midpoint. The rotation direction
of the plant is clockwise, the midpoint and the error covariance
are transformed to the initial frame. This transformation results
in the initial estimated state and error covariance of the new
associated flower that belongs to frame k = 0. This initial
estimated state is marked by blue circle and the corresponding
initial error covariance with a blue dotted elliptical.
Figure 7b shows the determination of the initial state and error
covariance of a new associated flower with image coordinates
xp = 180 [mm] and zp = 200 [mm]. In comparison with the
new associated flower in Figure 7a, the xp = 180 is further
away from the potcenter and closer to the gray circle which
result in a smaller initial error covariance.
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(a) xp = −32 [mm] (b) xp = 180 [mm]

Fig. 7. Top view collection system. Determination of the initial error
covariance determination of detected new flowers

IV. SIMULATION

In this section the model of the combined EKF is validated
and compared with the previous method. This previous
method [19] uses single EKFs per flower instead one
combined EKF for each flower. This previous method is
referred to as the old EKF method.

With the simulation it has been tested whether the combined
EKF is able to improve the estimations compared to the old
method with several EKFs for each flower. The expectation
is that the combined EKF improves the estimations especially
when several flower detections are missing. This is expected
because the predicted state of the flower with a missing
detection can update the estimation based on the detections
of the other flowers. If an unknown disturbance affects
the system, such as slip which is caused for example
by the conveyor belt being wet, it has an effect on each
measured flower. If the normal EKF misses detections when
disturbances occur, tracking performance will decrease,
while the combined EKF does only need at least one
measurement. Furthermore, another important aspect is the
size of error covariance which is used by the association
algorithm. However, the EKF is required to be consistent and
non-conservative. Consistent means that the error between
the estimations of the EKF and Ground Truths (GTs) is
95% within 2σ bound of the error covariance. If the EKF is
inconsistent the EKF cannot track the real values correctly.
Non-conservative means that the error covariance is not too
large as this would lead to slow convergence.
The simulation that is performed uses three simulated flowers
with different initial positions in the three-dimensional space.
The initial settings of the simulation are listed in Table I. For
both the combined EKF and the single EKFs, similar settings
proposed by [19] are used. Furthermore, measurement noise
is present of which the simulated deviation observed for
the flower data. Besides the noise, the angular velocity is
disturbed as represented in Figure 9a. After 8 frames a

Fig. 8. Projected measurement detections with noise in the virtual image
plane. The numbers indicate which frames the GT belongs to.

disturbance with a harmonic is present to represent slip and
errors during plant rotation.

TABLE I
OVERVIEW OF INITIAL PARAMETERS OF THE SIMULATION

GT of initial positions [mm]
Flower 1 x = 103 y = −118 z = −118
Flower 2 x = −77 y = −51 z = 308
Flower 3 x = −71 y = 61 z = 257

Initial states

x0 = xp y0 = 0 z0 = zp
ω = 0.2
[rad/frame]

Initial error covariance matrix P [pixels]
σ2
Pxfl

=

202

σ2
Pyfl

=

2502

σ2
Pxfl

=

202
σPω =
0.022

Process noise matrix Q [pixels]
σ2
Qxfl

=

52

σ2
Qyfl

=

52

σ2
Qzfl

=

102
σPω =
0.022

Measurement noise matrix R [pixels]
σ2
RxPfl

= 60 σ2
RzPfl

= 100

The simulated projected associated detections in the virtual
image plane for the EKFs are shown in Figure 8. As can
been seen in this Figure, several detections are missing, in
particular for Flower 1. Namely, this flower has no detections
from frame 8 to 17. These missing detections of Flower
1 simulate a flower which is being occluded while being
rotated. Here, differences in the estimated state and error
covariance are expected between the old EKFs and the
combined EKF because the combined EKF can use detections
of other flowers. In order to compare the results of the old
EKFs with the combined EKF, the similar settings for the
process noise matrix Q, measurement noise matrix R, and
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initial error covariance P matrix for each flower are used as in
[19]. Furthermore, the rotation of the initial error covariance
of a new detected flower, as described in Section III-D, is
not applied in the simulations to be able to compare both
results. The resulting estimated positions of the flowers
that belong to the initial frame and the estimated angular
velocity is represented in Figure 9. As can be seen in the
figure, the estimated positions of each flower approaches the
ground truth; however, they have an error of few millimeters.
The ground truth can never be estimated exactly due to the
linearization in the EKF and the measurement noise. Figure
11 shows the GT trajectories of the flowers which rotates
counterclockwise around the potcenter (x = 0, y = 0), the
estimated states of the flowers by the old EKFs, and the
results of the estimated states of the flowers by the combined
EKF are converted to the positions that belong to the current
frame k. Furthermore, the error covariance of the old EKF
and the combined EKF of Flower 1 are plotted on three
different locations in this figure. The first location is at the
estimated state of Flower 1 based on the initial frame where
the error covariance of both filters are equal, the largest green
plotted ellipse is of the combined EKF and is plotted over
the ellipse of the old EKF of Flower 1. The second location
of the error covariances is the estimated states of Flower
1 at k = 12. As can be seen, the error covariance of the
combined EKF is smaller than the error covariance of the old
EKF for Flower 1, represented with the green and red ellipse
respectively. The difference between the error covariance of
the filters can be explained due to the missing detections
from Frame 8 to 18 and the fact that the combined EKF can
update the states based on the detection of the other flowers.
The cross-correlations between the flowers in the combined

Fig. 11. The Ground Truth, estimation of set of single EKFs (old method),
and the estimation by the combined EKF converted to the current frame k,
of the three flowers in the three-dimensional space

EKF provide a smaller error covariance in comparisons with
the old EKF method which does not take cross-correlations
into account. Especially the cross-correlations corresponding
the common angular velocity play an important role. Missing
these cross-correlations in the model of the old EKF causes
the error covariance to become even greater when detections
are missing of a flower at several frames. The error covaraince
of the estimated position of Flower 1 at Frame 17 is reduced
with 96% with the combined EKF compared with the old
EKF. The Euclidean errors which are the 2-norm between
the estimations and GTs of both methods are compared at

(a) Estimated common angular velocity (b) Estimated states x0 (c) Estimated states y0 (d) Estimated states z0

Fig. 9. Estimated states by the combined EKF which consist of an estimated common angular velocity and the estimated positions of the flowers that belongs
to the initial frame.

(a) Error of Flower 1 (b) Error of Flower 2 (c) Error of Flower 3 (d) Error sum of all flowers

Fig. 10. Euclidean norm plots of the ground truth vs the estimated states by the old EKF and the Combined EKF
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each frame k for every flower as shown in Figure 10. As
can be seen, at Flower 1 and 2, the initial error is equal
because the same initial positions are used. For Flower 3,
the initial position for the combined EKF is rotated back to
k=1, leading to a different initial values. The error of the old
method increases drastically when flowers have no detections
as shown in Figure 10a.

V. EXPERIMENTAL RESULTS

In order to validate the proposed model-based tracking
method, the combined EKF is tested with real data of a plant.
Firstly, this section describes the image collection systems
which collect the images for Phalaenopsis plants and the
detection software of the company Aris which are used with
the experiments. Finally, the result of the experiments are
discussed.

A. The image collection systems

Aris has developed an in-line and an off-line image col-
lection system, as shown in Figure 12. The in-line systems
can typically be found in production lines of customers and
the off-line system is for testing purposes. Using these image
collection systems, it is possible to make images from different
viewpoints.
A static camera [21] takes series of two-dimensional images
of the plant, while the plant is translating and rotating on the
conveyor belt. In the camera box, a blue background is present
for the segmentation of a plant by the detection algorithm.
While the plant rotates 210 [degrees] around its vertical axis,
a camera makes 19 images at a fixed frequency of 13 1

3 [Hz].
A constant rotational velocity ω is assumed. However, factors
such as wear of the conveyor belt, slip, or a variable load may
influence the actual rotational velocity.
The off-line image collection system is for testing proposes
and is a suitable setup for the development of the Phalaenopsis
detection software. The turntable captures series of 2D images
with a static camera [22] while the plant rotates. There is no
rotation limitation span on this system and it consists of a blue
background for the segmentation part. Aris has experimental
data available of Phalaenopsis plants on the turntable, using
an image span of 360 [degrees]. The actual angular velocity
of the turntable is tracked using an angular encoder.

B. Detection software

After the images are collected, the Aris software attempts
to detects center of the flowers. The software uses these
detections in order to estimate the number of flowers. In order
to achieve these detection, the following steps are executed
within the detection software. The first step to achieve flower
detection is to segment the image into the blue background
label, plant label and flower label. Then, using the Local
Binary Pattern (LBP) [23] algorithm the front views of the
flowers are computed, as shown in the blue boxes provided in
Figure 13. Using the information about which flowers are in
the front, and using Blob detection [24], the other flowers are
detected. These flowers are indicated by the yellow circles in

(a) In-line collection system:
Conveyor belt

(b) Off-line collection system:
Turntable

Fig. 12. In-line and off-line image collection systems. At the conveyor belt
(a), images are taken as the plant translates and rotates along the conveyor
belt. At the turntable (b), images are taken as the plant rotates along the
rotating plane.

the figure. The centers of the detection are collected and then
can be used by the MTT counting algorithm, as represented
in Figure 2.

Fig. 13. Detection software of Aris; Flower front view detection with LBP
(blue boxes); Flower detection with Blob detection (yellow circles). The red
markers are the GTs and the yellow numbers at the detected flowers represent
the manual associations.

C. Experiment with real data

In order to compare the combined EKFs with the single EKF
method for each flower, measurement data of a Phealenopis
plant with 10 flowers is considered, since previous approaches
had difficulty with these numbers. The predicted outputs of
EKFs are compared with the GTs in the image. These GTs
are determined manually.
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An in-line collection system has captured 19 images of
the plant for for use in the detection software of Aris. The
detection software creates the data file with the positions
of the detected flowers in the image. However, these
positions have a standard deviation of 5 [mm]. The manually
determined GTs, indicated by the red markers in Figure 13,
are used to compare the predicted outputs of both EKFs. The
EKFs are tested without a data association algorithm and
the association of the flowers is done manually. The yellow
numbers in Figure 13 represent the associations of a frame.
The settings of the old EKF method are described in Table
I. For the combined EKF, the rotated flower function (14)
with Rd = 256.5 [mm] is used to expand the state vector
and the error covariance matrix if new flowers are detected,
as described in Section III-D. The flowers which are not
detected at the initial frame are Flower 9 and Flower 10. The
first detection of Flower 9 is at Frame 4 and Flower 10 is
detected for the first time in Frame 7.

The Euclidean distance error of each flower, i.e. the
distance between the predicted outputs of the EKFs, and
the GTs projected on the virtual image plane, are shown in
Appendix B. Furthermore, the 2-norm of the error covariance
of the (xflnk , zflnk , yflnk) states of each flower is visualized.
The maximum Euclidean norm error of each flower of the
plant, as well as the RMSE value (15) are provided in Table
II. The RMSE values are calculated with the equation,

RMSE =
1

L

L∑
l=1

|zlkreal − h
l(x̂k|k−1)|, (15)

where L is the total number of detections of a flower, zlkreal is
the projected GT at frame k, and hl(x̂k|k−1) is the predicted
output based on the estimated states.
The table shows that the both the Euclidean norm as well
as the RMSE value are reduced when the combined EFK is
used. For both, the largest reduction is achieved for Flower
9. Here, the maximum Euclidean norm and RMSE value are
decreased by 73 and 78 percent respectively. For this flower,
the Euclidean norm between the predicted output and the GT is
shown in Figure 14a. The 2-norm of the error covariance of the
(xflnk , zflnk , yflnk) states of Flower 9 is illustrated in Figure
14b. This Figure shows that the error covariance of states of
Flower 9 is reduced with 98.09% at Frame 18. As can be seen
in the figure, the 2-norm of the error covariance of Flower 9
by the old EKF increases after a number of successive frames
without detection of this flower, whereas the combined EFK
keeps the error covariance low. The combined EKF manages
to properly track Flower 9 with only three measurements,
whereas the old EFK seems unable to do so. Furthermore,
the RMSE for each flower is lower than the old method even
though the initial norm of P is larger of the combined EKF as
shown in Figure 15. In addition, the maximum errors of the
old EKF are larger because only information of one flower is
used. If the single EKFs have no detections, the error increases.
Similarly, if the single EKFs get a noisy measurement, the
predicted position varies more compared to the combined
EKF. Furthermore, Figure 15 shows that the 2-norm of error

TABLE II
RESULTS OF THE OLD EKF AND COMBINED EKF

Maximum Euclidean
norm [mm] RMSE [mm]

Old EKF Combined
EKF Old EKF Combined

EKF
Flower 1 42.58 11.29 11.68 5.33
Flower 2 19.50 16.42 11.13 5.64
Flower 3 30.27 23.09 13.85 7.00
Flower 4 31.81 13.85 13.91 5.34
Flower 5 20.01 9.23 7.70 5.05
Flower 6 22.06 9.23 8.17 4.54
Flower 7 27.19 10.26 9.44 4.41
Flower 8 15.90 4.62 9.34 2.57
Flower 9 63.10 16.42 46.17 10.00
Flower10 28.22 18.47 12.36 7.86

covariance of the combined EKF is smaller because the cross
correlations are used when flowers have no detections. The
initial error covariance is larger because the maximum flower
radius Rd = 256.5 [mm] is used based on typical size of the
applied plant. In Table II, the average Euclidean norm error of
all flowers (ARMSE) is reduced with 59.8% by the combined
EKF.

(a) Euclidean norm of Flower 9

(18,61326.59)

(18,1171.71)

(b) 2-norm of the errror covariance of
the x, y, z states of Flower 9

Fig. 14. Results for Flower 9

(19,3451.78)

Fig. 15. The sum of the 2-norm of the error covariance of each flower

VI. CONCLUSIONS AND RECOMMENDATIONS

This work shows a proof concept of an improved model-
based tracking algorithm that is able to count flowers
more accurately. The model-based tracking algorithm, the
combined EKF, takes into account the correlations between
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the positions of the flowers. The combined EKF estimates
the states of the total plant instead of a single EKF for each
flower separately. This research shows that by explicitly
modelling the correlations between the flowers of a plant,
the accuracy of the estimation increases, especially when
detections of flowers are missing. The combined EKF can
update the estimation based on the detections of the other
flowers which results in a reduction of the Euclidean norm
error, which is the shortest distance between the GTs and
the predicted outputs. The combined EKF is tested with real
data of a plant which shows that the average euclidean norm
is reduced with 59.8%. Furthermore, taking the correlation
into account ensures that the error covariance does not
heavily increase when detections are missing, as opposed to
a tracking algorithm using single EKFs. This is expected to
increase the accuracy of the data association due to the lower
uncertainties in the estimations.

In the list below, a number of suggestions for future
research directions are discussed.
• Testing of improved model-based tracking algorithm with

a MTT algorithm. The improved model-based tracking
algorithm is only tested with manually associated flowers.
Furthermore, the effect of the improved tracking of the
flowers on counting accuracy could be investigated.

• If more accurate tracking is required then a higher order
Taylor expansion might be a possible solution. With this
method the Jacobians of the EKF will be replaced by the
higher order Taylor expansions.

• Further improvements could be made on the detection
software. The Blob detection could have a bias on the
center of the detected flowers. This bias is not modeled
and is currently included as measurement noise, which
results in larger gate regions. The detection software of
Aris has an average of 85% correct measurement points
which that the detection is in the center of the flower.
The detection may be improved, for example, with deep
learning.

• Lastly, the MTT could be improved by including proba-
bilities of occlusions in the MHT. An increase of flowers
will increase the probability of occlusions. Also the frame
number can be added to the MHT, increasing the number
of frames will decrease the probability of detecting a new
flower and increase the probability that the measurement
belongs to an exiting track.
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APPENDIX

A. MTT comparison

In this appendix different MTT algorithms are compared.
There are several algorithms to solve the data association
problem. This section gives an overview of several of the
most important ones. Based on the properties and assumptions
of the data association algorithm, the best match for the
automatic counting for flowers and buds is selected.

The Global Nearest Neighbour (GNN)
This method endeavors to find and to propagate the most
likely hypothesis at each image frame. The best match of a
measurement to track, within the track gating region of the
track, is the measurement with the smallest distance to the
track [15]. A disadvantage of this approach is that the GNN
algorithm makes decisions based on the current image frame
alone and therefore it makes irretrievable assignments, which
cannot adapt due to the collect measurements of the following
images. A second disadvantage of the GNN algorithm is
if two measurements have exactly the same distance to the
track, then the algorithm cannot choose which measurement
is the right one, see Figure 16.

M1

M2

T1

Track

Frame

gated1

d2

Fig. 16. If the distances d1 and d2 are equal, then the GNN cannot determine
which measurement M1 or M2 belongs to the track T1.

Referred to disadvantages of the GNN, the GNN algorithm
does not seem like a solution for this project.

The Probabilistic Data Association Filter (PDAF)
The PDAF algorithm used Bayesian information to determine
the measurement origin uncertainty. If the state and the output
equations are non-linear, then PDAF is based on Extended
Kalman Filter (EKF) instead of an Kalman Filter (KF). An
advantage the PDAF compared to the GNN, this algorithm
takes all measurements of the current frame into account in
the track update.

The following assumptions are needed with a PDAF, as
described in [16]:
1. Only one object can be tracked, whose states change in
time according to the equation:

x(k) = F (k−1)x(k−1)+v(k−1), where x ∈ Rn (16)

is the state of the object

The measurement equation:

z(k) = H(k)x(k) + w(k) (17)

where z ∈ Rn is the object-originated measurement v(k − 1)
and w(k − 1) are zero-mean mutually independent white
Gaussian noise sequence, F (k − 1) is the system matrix, and
H(k) is the output matrix. The covariances matrices of the
white Gaussian noise is known as Q(k − 1) and R(k − 1),
respectively.

2. The track has to be initialized [25].
3. The object past information, through time k − 1, is
approximated in the form Gaussian posterior:

p[x(k−1)|Zk−1] = N [x(k−1);x(k−1|k−1), P (k−1|k−1)],
(18)

where Z is the measurement data and P is the projected error
covariance.
4. In order to select the candidate measurements for
association to the object of interest, a measurement gate
region is set up around the predicted measurement.
5. If the object is detected and the corresponding measurement
fall into the gate region, then, no more than one of the
validated measurement can be target originated. So, only one
measurement can belongs to a track.
6. The object defections independently occur over time with
known probability.

Referred to assumption 1, The PDAF can handle data
association only for a single object. So, a PDAF is not a
suitable data association algorithm for this project.

The Joint Probabilistic Data Association Filter (JPDAF)
The JPDAP is a extension of the PDAF. The main difference
between them is that the JPDAF can follow multiple objects.

The following assumptions are needed with a JPDAF
[16]:
1. The number of objects to follow is known at the start
2. Suitable for linear and non-linear systems.
3. Measurements from one object can occur in the gate region
of neighboring objects, also called Persistent interference.
4. With an approximate statics of state estimates is the past
of the system summarized. The state estimates consist of
approximate means with covariances of each object.
5. All the objects to follow have a dynamic model and a
measurement model.
6. The states are Gaussian distributed

Based on assumption 1, a JPDAF cannot solve the flower
counting problem because the total number of objects, the
flower and buds, must be known in advance.
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The Hypothesis Oriented Multiple Hypothesis Tracking
(HOMHT)
This data association algorithm creates a tree of hypotheses.
The hypotheses consists of the measurements to tracks
associations with his probability on correctness.

Features of the HOMHT [18] :
1. The number of objects to follow do not to be known at the
start.
2. Suitable to track linear and non-linear systems.
3. Maintain hypotheses from frame to frame, hypotheses
consist of the probabilities of the measurements to tracks
pairing.
4. Takes all possible associations of the measurements sets of
unknown targets into account
5. All the possible solutions of the data association problem
will be enumerated, this means that the algorithm grows in
exponentially in time and memory
6. Consists of one tree with all the hypothesis information
7. Tree depth of the HOMHT is

N∑
k=1

Nnk, (19)

where N is the number of frames that is kept in the track
history also called the window size and nk is the number of
measurements in image frame k. The total created hypotheses
depend on the window size.

The feature 4 of the HOMHT can result in memory
storage problems, because all hypotheses with the possible
association have to store in memory. However, the gating
procedure and there are several pruning techniques, like the
N-scan-back algorithm that reduce memory storage.

The Track Oriented Multiple Hypothesis Tracking
TOMHT
With the TOMHT the existing track will be cloned and each
clone will be updated with a measurement within the gate
region of this track.

Features of the TOMHT [18]:
1. The number of objects to follow have not to be known at
the start.
2. Suitable to track linear and non-linear systems.
3. The number of objects to follow do not have to be known
at the start.
4. Maintains a set of tracks which are not compatible.
5. Consists of multiple trees for each track, the tree depth is
equal to the Window size N.

This algorithm is a suitable choice to solve the counting
problem. However, it requires more computational power
compared to the HOMHT.

The Particle filter
The particle filter [26] can be used to track flowers. A particle

represents a possible position of a flower. Each particle
has a likelihood weight assigned that represents the chance
that is the flower location. The main steps of this filter are
summarized below. The Bayesian rule is used to estimate the
particles Particle is, utilize Monto Carlo sampling, a recursive
Bayesian estimation.

P (X|Z) =
P (Z|X)P (X)∫

P (Z)dZ
, (20)

where P (X|Y ) is the posterior is the prior multiples the
likelihood P (X) multiples with the likelihood P (Y |X).
Where X is the state to interest, Z is the observation data.

Basic steps of a particle filter,
1. Initialisation step means put random particles on the image
plane
2. Prediction means creating of new particles based on the
prior distribution of the particles and the previous weights.
3. The weights are updated based on the measurement of the
image coordinates of the targets. The updated will be done
using the Bayesian estimation.
4. Remove partilces have a weight below a certain threshold.
5. Go back to step two until the end of the tracking process.

Features of the particle filter
1. Suitable for tracking linear and non-linear systems.
2. Suitable for non Gaussian distributions
3. High computational requirements
4. No dynamic model needed because a particle is only based
on probabilities.

In case of this project, where not every flower can be
constantly measured and new flowers can occur in a new
frame the particle filter has to be reinitialized. For example,
the particle filter has converged to one flower and a new
flower is measured in the consecutive frame. There will be
no particles left to track the second flower.
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Selected Data Association Algorithm

In this section the selected data association algorithm is
explained based on compared features.

The following features of the data association algorithms are
compared:

1) Robustness to the variations of the Phalaenopsis
plants.
The data association must be able to handle with the
natural variations between the Phalaenopsis plants. Nat-
ural variations of the Phalaenopsis plants like: different
size, different number of branches, different number of
flowers and buds, different colors, different patterns in
the flowers, etcetera, should not influence the accuracy
of the flower counting.

2) Tracking one object
Whether the data association algorithm is capable to
follow at least one object.

3) Tracking of multiple objects.
Whether the data association is capable to follow more
than one object.

4) Tracking more than one object with occlusions and
initialization of new targets
The data association must be able to deal with occlusions
of the targets and with the occurring of new targets.

5) Data associations based on all image frames
Whether the data association makes conclusions based
on all the image frames of a Phalaenopsis plant. Infor-
mation about flowers will be lost if the data association
is only based on current and previous frame.

6) Number of targets can be unknown at the start.
Because the number of targets can increase or decrease
in each image of the plant.

7) Computational effort.
The required computation power of the data association
algorithms is compared.

In Table III, the features of the data association algorithms
are compared. It shows that the HOMHT and TOHMT are
candidates for this project. Although, HOMHT needs less
computation power than the TOHMT. The reason for this is,
the TOHMT will do a measurement update in each (cloned)
track that are within the gate region. Thus the HOMHT, of the
compared data association algorithms, has the best properties
based on the required features.

TABLE III
COMPARISON OF DIFFERENT DATA ASSOCIATION ALGORITHMS, THE

CHECK-MARK (X) MEANS WHETHER THE DATA ASSOCIATION ALGORITHM
SATISFIES THE FEATURE AND THE GREEN ROW IS THE SELECTED DATA

ASSOCIATION ALGORITHM.

`````````Method
Feature 1. 2. 3. 4. 5. 6. 7.

GNN X X X X X Medium
PDAF X X Medium
JPDAF X X X Medium
HOMHT X X X X X X High
TOMHT X X X X X X Very high
Particle filter X X X X High

B. Results

In this Appendix the Euclidean norm error plots and the
2-norm of error covariance plots of each flower of a plant are
shown in Figure 17 and 18. The Euclidean norm error is the
shortest distance between the manual GT of a flower in the
projected virtual image plane and the predicted output of this
flower by the EKFs. The 2-norm of the error covariance is of
the x, y, z state of each flower.
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(a) Euclidean norm error of Flower 1

(19,211.07)

(b) 2-norm of the errror covariance of
the x, y, z states of Flower 1

(c) Euclidean norm error of Flower 2

(19,200.74)

(d) 2-norm of the errror covariance of
the x, y, z states of Flower 2

(e) Euclidean norm error of Flower 3

(19,213.86)

(f) 2-norm of the errror covariance of
the x, y, z states of Flower 3

(g) Euclidean norm error of Flower 4

(19,189.65)

(h) 2-norm of the errror covariance of
the x, y, z states of Flower 4

(i) Euclidean norm error of Flower 5

(19,179.8)

(j) 2-norm of the errror covariance of
the x, y, z states of Flower 5

(k) Euclidean norm error of Flower 6

(19,181.02)

(l) 2-norm of the errror covariance of
the x, y, z states of Flower 6

(m) Euclidean norm error of Flower 7

(19,177.65)

(n) 2-norm of the errror covariance of
the x, y, z states of Flower 7

(o) Euclidean norm error of Flower 8

(19,736.83)

(p) 2-norm of the errror covariance of
the x, y, z states of Flower 8

(q) Euclidean norm error of Flower 9

(19,995.57)

(r) 2-norm of the errror covariance of
the x, y, z states of Flower 9

(s) Euclidean norm error of Flower 10

(19,365.59)

(t) 2-norm of the errror covariance of
the x, y, z states of Flower 10

Fig. 17. Euclidean norm error plots and 2-norm error covariance plots
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(a) 2-norm of the errror covariance of
the x, y, z states of Flower 1

(b) 2-norm of the errror covariance of
the x, y, z states of Flower 2

(c) 2-norm of the errror covariance of
the x, y, z states of Flower 3

(d) 2-norm of the errror covariance of
the x, y, z states of Flower 4

(e) 2-norm of the errror covariance of
the x, y, z states of Flower 5

(f) 2-norm of the errror covariance of
the x, y, z states of Flower 6

(g) 2-norm of the errror covariance of
the x, y, z states of Flower 7

(h) 2-norm of the errror covariance of
the x, y, z states of Flower 10

Fig. 18. Zoomed in 2-norm error covariance plots
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