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Abstract

Multi-object tracking (MOT) is based on the detection of several objects in individual frames at
different time instants and then its association across time, obtaining the trajectory of each object.
MOT in videos is an important problem in computer vision which has wide applications in various
video analysis scenarios, such as visual surveillance, sports analysis, robot navigation, biology,. . .

This thesis considers MOT applied into a biological scenario, more precisely the analysis of plants
root systems. A collection of frames is provided by one single line-scan camera that acquire images
periodically. Each image depicts the root of a plant at a given time instant. To ease the detection of
the root tips in each image, the plants have been sprayed with water, so that water drops accumulate
on each root tip, making their localization easier. Our main purpose is to define a MOT system to
track the growing of plant roots, defining the path/trajectory of each root until the plant is com-
pletely developed. Our contributions, briefly explained below, are all related to the exploitation of
the shortest path obtained for every node in the image in a graph-based framework.

The implementation of MOT can be decomposed in two separate phases. On one hand, a detec-
tion phase is implemented, where our main objective is to detect the extremity of each root. The best
approach is to define a graph in which we can implement the Dijkstra algorithm for the definition
of the shortest path to every node on the image. The graph describes the connectivity of the pixels
of the images provided, where each white pixel is considered a node. The extremities of the roots
are localized through the analysis of the shortest paths, where each extremity corresponds to a local
maxima in a small neighborhood.

The second phase of the MOT, consist in the association of the detections across time to define
the shape of each root. A track is obtained for each extremity, measuring how each root has evolved
during its growth period. Due to the low number of miss-detections per frame, we can use a tracking
algorithm defined over a small time window, because every drop is present in almost all frames. The
best algorithm that suits our necessities is the Hungarian algorithm, which performance is based on
the definition of a cost-matrix that defines the relation of detections between consecutive frames. For
the definition of the cost-matrix we have defined two different scenarios:

— Forward cost. Definition of a Gaussian distribution that predicts the position of a drop in a
future frame, given its position in the current frame.

— Backward cost. The cost is based on the distance between a past detection and the shortest
path connecting a current detection to the source. This cost matrix is referred to as a backward
cost, because the distance is measured from detections in the current frame to detections in
the past ones.
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Chapter 1

Introduction and Motivation

1.1 Context and Scope

Nowadays, in many rich and poor nations, plants are cultivated in nutrient-poor soils and/or un-
der conditions of water deficit. In these conditions, soil resource acquisition is a limitation to crop
production. Due to the fact that water and nutrients are coil resources, their capture is likely to
be determined by the way plants develop their roots in the soil profile and throughout the season.
By improving genetically the root system architecture, it could improve crop resource capture. This
relies on the identification of the genetic determinism of root growth and development, which, in
turn, requires the phenotyping of massive numbers of plant root systems.

In this context, the plant community is constantly developing new tools to observe and describe
root system architecture. Many of them are image-based. The information collected from phenotyp-
ing platforms and image analysis will allow the identification of the genes involved in the control of
root elongation rate, root angles, root branching dynamics,. .. This can be used by breeding compan-
ies to develop more rapidly new varieties that could better cope with soil limitations. [I]

In this project, a multi-object tracking (MOT) system has been defined to analyze the develop-
ment of root systems. Our priority is to track the behavior of root extremities across time, to collect
all the information required to assess the genetic improvement of the root system architecture that
define plants. It is based on the detection of the root tips in individual frames at different time
instants and their association across time, obtaining the trajectory of each root tip.

1.2 Acquisition System

For the design and validation of the algorithm, we have used three datasets provided by Professor
Xavier Draye (FEarth and Life Institute - Agronomy Université Catholique de Louvain). Each dataset
consists in a collection of high resolution 2D images (15300 x 4096) provided by one single line-
scan camera that acquires images periodically, every 2 hours during 3 weeks, along with a backlight
configuration. The combination of these two elements provide high contrasted images that are not
influenced by the external radiation, which simplifies greatly the image analysis process. However,
due to the fact that a line-scan camera reads from top-to-bottom and from bottom-to-top, the col-
lection of images generated are going to be alternatively inverted. As a result, some pre-processing
steps (e.g mirroring the images) have to be done to ensure that all the images are equally oriented
to guarantee an accurate identification of the root trajectories (Figure . Fach image from the
sequence depicts the root of a plant at a given time instant for the reconstruction of root trajectories.



The platform that supports all the plants has been created to favor a non-invasive imaging of root
systems growing in aeroponic conditions. However, it uses a structure to support the development of
the roots, which is going to be present on every image. Therefore, some post-processing steps have
to be done to ensure that the roots tips/drops are not detected on this area. In addition, to ease
the detection of the root tips in each image, the plants have been sprayed with water, so that water
drops accumulate on each root tip, making their localization easier. Figure shows the platform,
the plants disposal, the line-scan camera, and structure where the root system is developed.

1.3 Organization and Contribution of the thesis

The thesis is organized as follows. Root tips/drops detection and classification, along with their
practical implementation in Section The detection relies on k-shortest paths computation over
a graph that connects adjacent root pixels. Then, an in-depth description of the methodology and
algorithm used to perform the root tips/drops tracking is provided in Section The association
of drops/tips across time builds on the Hungarian algorithm with appropriate cost metrics. Two
scenarios are presented, where two different cost matrices are defined: one based on a growing
prediction model (forward cost), and another based on the distance between previous tips and the
current tip shortest path (backward cost). An experimental validation is presented in Section
Finally, Section [5| concludes the thesis with some comments and further work notations.



Original Image Rotate + Mirror Image

Figure 1.1: On the left, the original image, which has been taken from bottom-
to-top. On the right, the original image rotated and mirrored.



Figure 1.2: (a) Collection of plants under study. (b) and (d) platform and scan-line camera used
to the study of root systems growing in aeroponic conditions. (c) and (f) support structure for the
development of the root system. (e) scan-line camera.



Chapter 2

Root tips/drops detection and
classification

In this chapter, we explain the process to detect root tips/drops, and classify them into primary,
seminal or branching roots. To detect the root tips, we primarily observe that a tip/drop is localized
at the end of a root. This way, if we calculate the distances between the origin of the root and
any root pixel, we can observe that the tip always corresponds to the maximum distance. The
classification of the detections is based on the length of the shortest-paths connecting the root tips
to the source, and the analysis of the amount of nodes shared between paths. These two features
make the differentiation between roots possible, due to the fact that primary roots are the longest
ones and along with seminal roots they born from the source. Whereas branches are the shortest
type of roots and they are born from other roots.

2.1 Root tips/drops detection

The detection of each root tip/drop is based on the segmentation of the root pixels. Given the
highly contrasted images provided by the acquisition set-up, the foreground pixels can be identified
effectively by thresholding the captured image (see Figure . In the following, the image I denotes
a binary image, in which a pixel is set to one when the corresponding pixel in the input image is
above the threshold, and to 0 elsewhere. We introduce another image M, to identify the foreground
pixels that are part of the rigid structure supporting the plant while it is growing. M is derived by
registering, using a rigid translation, a background reference image (captured before the root starts
growing) with the observed image, based on the minimization of the Sum-of-Squares distance (SSD)
[3]. Pixels of the foreground I that are part of (or very close to) the registered reference image are
set to one in M.

To detect root tips, we consider two features that are specific to tips:

— Feature 1: localization within the root. The main property of a tip/drop is that it is located
at the end of a root, which means that each tip/drop is located at a locally maximum distance
from the origin. This feature can be exploited to identify a subset of root tips candidates;

— Feature 2: neighborhood of a tip/drop. A root tip/drop is characterized by the fact that in its
close surroundings it has no other root tips/drops underneath. This second feature is effective in
extracting actual root tips from the set of candidates identified based on the locally-maximum
distance criteria.

In practice, the first feature is exploited through the implementation of the Dijkstra algorithm
[2]. Therefore, we have to describe a graph that defines the connectivity of the white pixels (equal



(2) (b) (c)

Figure 2.1: From left to right. (a) Original image, (b) original image thresholded
(I), and (c) background reference image.

to root pixels) of the image. The construction of the graph G = (V, E, W) assign a node to each
white pixel from the image I(i,7), 0 <i < H, 0 < j < W. We define the set of vertices V' to be
the set of root pixels, i.e. V = {(i,7)|I(i,7) = 1}. We also introduce the line and column indexing
functions i(v) and j(v), that are the row and the column indexes respectively of the node v € I.
A 4-connected pixels neighborhood N, has been adopted to define the edges E in the graph for all
foreground pixels. For the pixels that belongs to the horizontal areas in the mask M, a 2-connected
pixels vertical connectivity is considered to avoid the root support structure serving as shortcuts
when connecting some roots to the source (see illustration in Figure . Finally, W is defined as
the weight of each edge, where a unitary weight has been adopted for all edges.

Given G, the Dijkstra algorithm is used to compute the shortest distance between each node of



Figure 2.2: On the left, obtention of shortest paths without using a 2-connected
pixels vertical connectivity along the horizontal areas in the mask M. On the
right, obtention of shortest paths using a 2-connected pixels vertical connectivity
along the horizontal areas in the mask M. As we can appreciate, the limitation
of a 2-connected pixels vertical connectivity allows a higher accuracy on the
definition of the shortest paths that defines each root.

the graph and the source node s. The source node is selected manually, corresponding to the origin
of the root system. All distances are stored in a column vector d, where d(v) is the distance from the
source s to the node v. All the nodes involved in each shortest path are stored in the vector P, where
P(v) is the shortest sequence of nodes between the source s and the node v. This way, if we create
a new image (based on the original one) that stores in each white pixel the distance to reach the
source node s we can analyze which nodes are maximum within a 8-connected nodes neighborhood
Ng. Therefore, the image H(i,j) is created, where each pixel is going to store the distance to s:
H(i(v),j(v)) = d(v) = |P(v)],{i(v),j(v)} € V. Afterwards, we are going to look for local maxima
within the neighborhood N, to detect tips/drops candidates C:

C = {v € Glv = argmaxd(n), H(i(v)+1,j) =0}, Vj€ [j(v) —1,j(v)+1]
n€ENg(v),v

As shown in Figure some false root tips/drops candidates are produced by: the structure that
supports the plant (yellow), the base where roots are born (cyan), or roots asperity (blue). Table
introduces a number of rules to remove the false-positive cases. The set of drops D is obtained by



removing false-positives from C.

False-Positive Case

Removal Technique

A drop is localized as part of the structure that sup-
ports the root system.

All points within the structure defined in the mask
M are removed. In addition, two small windows are
defined at the bottom of the structure to remove
all the points that belong to a drop that has been
detected in this area.

A drop is localized as part of the base where roots
are born.

A template of the base B is created. Then the col-
lection of white pixel coordinates that belongs to the
base B are removed.

A drop is localized as part of the root.

A large rectangular window is considered to analyze
the pixels that are below a certain node. This pro-
cedure allows the differentiation between false and
true tips since a real tip does not have white pixels
underneath.

Table 2.1: False-positive cases, and the solution adopted to differentiate them

from true positives.

Figure 2.3: Selection of root tips among root pixels with locally maximal distance
to the source. The image shows the base where roots born, the structure that
supports the plant, and the root system with the complete set of root tips/drops
detected (blue + cyan + green + yellow). As we can observe all false-positive
cases (part of the structure (yellow), part of the base (cyan), and part of the root
(blue)) have been removed, remaining only real root tips cases (green).




2.2 Root tip/drop classification

After the detection of all the tips/drops, we have to classify them into three types (Figure ):

— Primary root. It is the longest root and it grows from the origin point. The tip/drop associated
with it is always located in a position that forms an angle of 75 - 110 degrees with respect to
the horizontal line located in the source point.

— Seminal roots. These roots are shorter than the primary root. They grow from the origin point
too.

— Branches roots. Branches are born from other roots, which means that they do not grow from
the origin point. They are shorter than primary and seminals roots.
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Figure 2.4: On the left, differentiation between detections that belongs to the
primary root (blue), seminal roots (green), and branches roots (yellow). On the
right, the paths corresponding to each detection.

From the previous section we obtained all the possible drops per image D, and the paths
followed to reach them P (after the execution of the Dijkstra algorithm). Before the beginning of the
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classification process, we sort the drops in descending order based on the length of the shortest path
to the source node. As a result, we obtain Dy. This way, the first drop is going to be always the
furthest one from s (source node), which usually corresponds to the primary root. To ensure that
the first drop belongs to the primary root, we check that the angle with respect to the horizontal
line located in the source point is between 75 - 110 degrees (Figure . The path that belongs to
this primary root is going to be denoted as «, and its length is defined as |a|. On the other hand, if
this condition is not achieved, the root is classified as a seminal root, which path is denoted as j.

Once the longest root is classified as a primary or a seminal root, we proceed with the classification
of the rest of the drops/tips. The main difference between a seminal and a branch is the place they
were born, from the origin or another root respectively. As a result, if one root was born from
another one, they are going to share a high percentage of their shortest path to the source node.
This way, we should identify the intersection node between paths, and the percentage of nodes that
they shared. To do so we take as a first reference the path of the primary path classified (« or ), and
we compare it with the path corresponding to the next drop in Dy. This comparison can be easily
achieved from the difference between both paths, denoted as S, where z = {« or (£}, depending
on the classification of the longest root. When we compute this difference, we can observe that if
both paths are equal we obtain a value equal to 0. As a result we can identify easily the intersection
between both paths. However, an intersection can lead to two different situations: a crossroad, where
the amount of nodes shared is small and both paths get separated later on, and a merge, where the
amount of nodes shared is high in comparison with the total length of the path.

Sy =Pi)\z =4 0  if merge/crossroad
# 0 if different paths
z = {a or §}

Where P is the collection of paths for each drop and v; is the corresponding drop from Dj,. Therefore,
P(v;) is the shortest path of the drop v;. As we mentioned before, if S, is equal to zero, it means that
a intersection node between both paths has been encountered. To distinguish between a seminal or
a branch, we should differentiate the type of intersection: crossroad or merge. To do so, we analyze
Sz as a whole, and not node by node. We have to find the furthest position in S,, that accomplish
that all the nodes until that position [0...k] are equal to zero. This means that all the nodes until &
have been used by both paths.

k* = argmax k
k

s.tz S(i) =0
i=0

Then we analyze how far is k from the origin. Therefore, if more than the 50% of the path is shared,
we will consider that the tip/drop is a branch, which path is denoted as 7. Otherwise it will be a
seminal, which path is denoted as £.

> k¥ P(v;) € v (Branch root)
< k* P(v;) € B (Seminal root)

|P(v;)] % 0,5 = {

In next iterations, we are going to compare the next drops in Dj; with the paths stored in «, and
B, since branches can be originated from primary and seminal roots. Algorithm [I] describes the
classification procedure.

11
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input : D, P
output: Classification between «, 3, and ~

Initialization: a = {}, B ={},v={};

Dy, < SortDescendingOrder (D, P);

/* We analyze the furthest node to initialize the process
v < Dr(1);

p < P(v);

angle < angleDirection(v);

if (angle > 75) and (angle < 110) then

*/

‘ a1 p; // Classified as a primary root

else

‘ B1 < p; // Classified as a seminal root

end

fori=2...|Dy| do

v < Dp(i);

p <« P(v);

So — (a—p);

Sg < (B —p);

ko < findMazy(Sy);

kg < findMaxy(Sg);

if (ko < |p| x0,5) or kg < |p|x0,5) then

else

end
end

‘ Bi 1 // Classified as a seminal root

‘ Vi D // Classified as a branch root

Algorithm 1: Classification algorithm.

12




2.3 Practical implementation

In this section, we explain the algorithm and methods used to achieve a successful detection and
classification of roots. As we mentioned in Section we should guarantee that all the images are
equally oriented. Therefore, we rotate and mirror the inverted frames. In addition, we crop the
images to ensure that we perform the detection only in the desired area (area below the horizontal
plane), avoiding then possible errors, having a final resolution of 8902 x 2741 pixels. Afterwards, we
threshold and normalize the frames to obtain high resolution binary images. This way, we simplify
the detection problem into a binary classification problem. As a result, the detection of drops, and
the separation between background and foreground is more accurate.

Furthermore, we implement a subsampling process because the amount of data collected per
image is very high, increasing then the computational cost of the analysis of the images, making it
infeasible. We have created two different resolutions, based on the size of the super-pixel defined:
10x10 and 5x5. In both cases to ensure the connectivity of the pixels, if the super-pixel defined
has any white pixel in the border, the whole pixel is going to be considered as white. The aim of
distinguishing between two resolutions is that in one case, the image can be analyzed as a whole
(10x10), with the cost of a lower resolution. While in the other case (5x5) the image has to be
divided into pieces, increasing the computational cost, but it allows us to ensure the reliability of the
detections obtained on the low resolution images (10x10). In Table[2.2] we defined the final resolution
of the cropped image in low resolution and high resolution.

Final frame size
Super-pixel size 10x10 (low resolution) 887 x 231
Super-pixel size 5x5 (high resolution) 1773 x 541

Table 2.2: Final resolution depending on the size of the super-pixel.

Low Resolution Analysis

The detection algorithm for the low resolution image is summarized in Algorithm

High Resolution Analysis

The implementation of the high resolution analysis is quite similar to the previous low resolution
analysis, but we can find the following differences:

— Due to the fact that the size of the image is still too big to be processed as a whole, we have
to divide the image into pieces T of 150 rows. The union of all pieces is equal to the original
image I = Ufil T,. At each piece, we implement the Dijkstra algorithm, but to take into
account in each one the distance from s, we have to defined a virtual node s, that is going to
be connected to all the nodes that belongs to the first row of the current piece. This first row
is going to be the last row from the previous piece T,_1. This way, we can link all the pieces
having the distance of all the nodes to the source s. Each piece, T);, is going to be defined as
follows:

T Last row previous piece T(;_ 1)
N Current piece T},

xr
T, = 1(i,§), i € [(x x 150) + 1, (150 x x) + 150] and z = [0, X = H/150]

13



input : Super high resolution image
output: Localization of the drops in the low resolution image
1 if image upside-down then
2 Rotate and Mirror the image;
3 Crop the image;
4 else
5 ‘ Crop the image;
6 end
7 Image thresholding;
8 Image normalization;
9 Subsample the image (super-pixel of size 10x10): I;
10 Construction of the graph G;
11 Definition of the source node and execution Dijkstra algorithm: d ;
12 Assign to each white-pixel (node) the distance to the source node: H;
13 Search for local maxima and remove false-positive detections: D and P;
14 Root type classification: «, 5, and ~.

Algorithm 2: Detection algorithm for low resolution images

— At each iteration, we create a new piece T, with the same size as the original piece (we remove
the additional row from the previous piece), where each white pixel is going to store the distance
to s (T"(i(v),j(v)) = d(v),i,j € V, where V is the collection of nodes per piece). Finally, all
pieces are concatenated having one single image equivalent to the image H in the previous
analysis, but with a higher resolution (H = |, T}).

— In the high resolution case, to make the differentiation between the three types of roots, we
have to do an additional step despite the process describe for the differentiation between drops.
In this additional step, we unify the paths across pieces to obtain the whole path from the
source node to the drop/tip root. This process is explained in detail in Appendix

The detection algorithm for the high resolution image is summarized in Algorithm

Resolution Selection

After the implementation of both resolutions, we have to select one to execute the tracking process.
In Figure we can observe the time and number of drops collected in the high and low resolution
cases. Both graphs are strongly related, due to the fact that the amount of time required to analyze
each image increases when the amount of drops per image increases. However, we can observe that
the time required for the low resolution case is always lower. The worst case shows a difference of
30 seconds approximately. On the other hand, we can observe that the amount of drops detected
in the high resolution case is exponentially higher. The main reason is that the amount of branches
detected is better with a higher resolution, due to the proximity between this kind of roots (Figure
. In the low resolution case some of the branches are mixed and their detection is worst.

Due to this results, we have selected the high resolution option to continue in the following
chapters. This decision is made based on the fact that the amount of drops detected is higher at the
expense of a higher execution time, but this increase of time is low in comparison of the advantages
that we have with a higher accuracy on the detection of tips/drops.

In this Chapter, we have described our main contribution to the multi-object tracking problem,
which is the exploitation of the shortest path obtained for every node in the image in a graph-based

14
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input : Super high resolution image
output: Localization of the drops in the low resolution image

if image upside-down then
Rotate and Mirror the image;
Crop the image;
else
‘ Crop the image;
end
Image thresholding;
Image normalization;
Subsample the image (super-pixel of size 5x5): I;
Divide the image into pieces (X pieces): Ty;
Construction of the graph of the first piece (z = 0): Go;
Definition of the source node s and execution Dijkstra algorithm dy;
Assign to each white-pixel (node) of the piece the distance to the source node, and store
the piece in a cell: T{;
forzr=1.. Xdo
Add to the piece the last row of the previous piece (x — 1);
Definition of a virtual node s,, and construction of the graph: G;
Execution Dijkstra algorithm d;
Assign to each white-pixel (node) of the piece the distance to the source node, and
store the piece in a cell: T7;
end
Union of all pieces (where each white-pixel represent its distance to the source node) in a
single matrix, generating the final image: H;
Search for local maxima and remove false-positive detections: D;
Unification paths through pieces: P;
Root type classification: «, £, and ~

Algorithm 3: Detection algorithm for high resolution images

15
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Figure 2.5: On the left, we can observe the time required to execute the detec-
tion and classification code for both cases high resolution (complete) and low
resolution (pieces). On the right, we can observe the amount of drops detected
in both cases high resolution (complete) and low resolution (pieces).

framework. In this first step, we have computed the shortest path to every node (white pixel) in the
image through the description of a graph that describes the connectivity of the pixels of the image.
The shortest paths have been computed via the implementation of the Dijkstra algorithm. Then
we have used the two main features that characterized tip roots (localization within a root and its
neighborhood) to detect them. Finally, we have classified all the detections (primary, seminal, and
branches) based on the analysis of the intersection between the shortest paths.
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Figure 2.6: On the left, we can observe the low resolution case where the amount
of branches (yellow) detected is lower. On the right, we can observe the high
resolution case where the detection of branches is more accurate.
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Chapter 3

Root tips/drops tracking

3.1 Objectives and priors

In this Chapter, we describe the tracking process as the association of each classified detection across
time to obtain the track of every root tip. Figure[3.I] shows an example of the solution to the tracking
problem. To do so we have used the Hungarian algorithm to associate detections across time based on
the definition of two different cost matrices. Each cost matrix is defined in a different scenario, with
the aim to analyze and compare the performance of two different approaches to the same problem.
The first scenario defines a forward cost, based on the definition of a Gaussian distribution where
we link nodes from previous frames to nodes in the current frame. The second scenario defines a
backward cost, based on the minimum distance between nodes from previous frames to the paths of
the nodes of the current frame.

Formally, a track L is defined to be a collection of chained detections, i.e., L = (v, v?, ... ,U‘L‘) ,
|L| being the length of the track. Notice that the chain is ordered in time such that t,1 < t,2 <--- <
t,iz;. We describe an algorithm based on the fact that the position of the tips/drops has a slight
variation between frames, and the number of missed detections is very low. This property allow us
to use a method that works with pair of consecutive frames, rather than a long time window. As a
consequence, we do not need to bridge long gaps (long periods without detections). An example of
an algorithm that works over long time windows is the one described in [§], which solve the tracking
problem using the k-shortest paths algorithm. It is based on the definition of a probabilistic occupancy
map, that is a set of probabilities of presence of objects at a discrete set of locations at each time
step independently. However, in our case, for the association of detections between frames we are
going to use the Hungarian algorithm [4], [5].

The tracking process is based on the exploitation of two main priors:
— A growing model to predict the position in future frames from past frames (forward cost);

— A path consistency criterion to check that previous tips are not far from the shortest-path
computed from the current tip (backward cost).

3.2 Tracking Formalism

For the application of the Hungarian algorithm to our problem, we have to describe two main
elements: the entities that we are going to associate, and the cost defined to associate those entities.
In our case, we associate detected drops at different time instants. As a result, we match detections
at time t (rows of the cost matrix), with detections that belongs to previous frames at time (¢ — z)

18



Figure 3.1: Each color represents the set of detections along time that correspond
to a (fraction of) seminal root.

(columns of the cost matrix). Due to the small amount of missed detection between consecutive
frames the variable x is going to be equal to 1.

3.2.1 Hungarian Algorithm

The classical solution to the assignment problem is given by the Hungarian or Kuhn-Munkres al-
gorithm, originally proposed by H. W. Kuhn in 1955 [6] and refined by J. Munkres in 1957 [7]. The
Hungarian algorithm, is a combinatorial optimization algorithm that solve the matching problem
between detections. The best way to understand the Hungarian algorithm is through a simple ex-
ample (Table , where we want to assign three jobs to three different people at the lower cost.
We define a cost matrix C, where the element in the i-th row and j-th column represents the cost of
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assigning the j-th job to the i-th worker. We have to find an assignment of the jobs to the workers
that minimizes the cost.

Job 1 | Job2 | Job 3
Person 1 $2 $3 $3
Person 2 | $3 $2 $3
Person 3 $3 $3 $2

Table 3.1: General Hungarian Algorithm example. The association problem
solution is represented in green, where the lower-cost is reached.

After the implementation of the Hungarian algorithm, we can observe that we have obtained the
minimum cost ($ 6) when we assigned the job 1 to person 1, job 2 to person 2, and job 3 to person
3. The definition of the cost matrix C is crucial to the correct behavior of the Hungarian algorithm.

Table shows a example of the Hungarian algorithm applied to our tracking problem. We want
to associate the detections from time ¢t (V' = {v}, v}, v§,vi}) with the detections from the previous

frame (t — 1) (V1 = {vitil),vétfl),vétil),vyfl), vétil)}) at the minimum cost.

(1
vgt_l) vét_l) vét_l) Uit—l) Uét—l)
vf | inf 1 inf inf inf
¢ vy | inf inf inf 1 inf
vk 1 inf inf inf inf
vi | inf inf inf inf inf

Table 3.2: Hungarian Algorithm example applied to our tracking problem. The
association problem solution is represented in green, where the lower-cost is
reached.

When we implement the Hungarian algorithm, the lower-cost (3) is obtained when the node v}

is associated with the node vét_l), the node v} is associated with the node vit_l), the node v} is

associated with the node vgt_l), and the node v} is not associated with any previous drop. This way,
frame by frame, we can create the tracks that defines the growth of the plant at every time instant.
In the case v}, the drop cannot be linked with drops from previous frames, it could be for example
a new detection on the sequence of images.

Initially, we have the drops from the whole dataset stored in D, but, as we can observe in the
example, to implement the Hungarian algorithm we have to distinguish at each iteration between
two sets of drops. The collection of drops that belong to the current frame, denoted as Cy, and
the collection of drops that belong to previous frames, denoted as S;_;). Therefore, the Hungarian
problem consists in the association between C}, and S;_1), both sets extracted from D. In Table
we distinguish C; and S(;_y) as:

t—1)  (t=1) (t=1) (¢t=1) (t—1
Ct:{vli’ ,Uéa vév Ui} S(t—l) :{/U§ )7,05 )avi(’, )7v4(1 )71)5() )}
When we run the Hungarian algorithm, we have as a result a 1 x |C;| vector A. Each element a;
contains the index of S(;_1) that has been associated with the i-th detection of C;. In relation with

the example above, A = {2 4,1,0}, which means that v} is associated with the node v(tfl), the
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node v} is associated with the node v(t_l), etc. These set of associated nodes are stored to create
frame-by-frame every track 17" = {S(;_1), Ct}, which are stored in M.

However, if a; = 0, it means that the i-th drop of the current frame C} has not been associated
with any drop from the previous frame. All the nodes from S;;_;) that have not been associated,
along with all nodes from C}, are added into S; in the next iteration to try to associate them in the
following iterations until a certain time threshold 7. Therefore, if the node is associated in t < 7
then the node is added into its corresponding track 7'. On the contrary, a new track will be created.

The algorithm is going to iterate N times, which corresponds to the amount of frames in the
dataset. Adding new nodes to the tracks is based on the search of nodes from S;_;) in M. We
search these nodes because they are equal to the nodes in C in the previous iteration (S; = C;_1)).
This overlapping allows the iterative creation of the tracks. Figure [3.2] shows a simple example of
how each track is created along time.

Detection 1 | Detection 2 | Detection 3 | Detection 4

Track 1 (t;x) (ty) = (t;x) (t,)

Track 2 (t-x) (t) = (tyx) (t;) =

Figure 3.2: Each line represents a different track, where every rectangle represent
each detection within the track. Each color represents the nodes added to each
track in each time instant. As we can observe the nodes added at every t,
corresponds to the time (t-x) in the following iteration.

3.2.2 Cost Matrix

The power of the Hungarian algorithm is based on the definition of the cost matrix. It is very
important to define a cost matrix that support the correct association between detected drops. The
behavior of the Hungarian algorithm is analyzed based on the two priors mentioned at the beginning
of this Chapter. Two scenarios are defined:

— Scenario 1: Forward cost. Definition of a Gaussian distribution that predicts the position of a
drop in a future frame, given its position in the current frame.

— Scenario 2: Backward cost. The cost is based on the distance between a past detection and
the shortest path connecting a current detection to the source. This cost matrix is referred to
as a backward cost, because the distance is measured from detections in the current frame to
detections in the past ones.

Scenario 1

The first scenario described is based on a model that predicts a detection in the future. First of all,
we have analyzed the behavior of the Hungarian algorithm when we implement an isotropic distri-
bution, which is performed with no information a priori. Afterwards, we have analyzed the model
based on the definition of an anisotropic distribution to account for the fact that the root is expected
to grow in a specific direction, known a priori from the shortest path orientation at current root tip.
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input : D, N
output: M

1 Initialization: T = {};
2 fort=1...N do

3 Si-1) ¢ D(t —1);
4 Ct — D(t);

5 A+ HungarianAlgorithm(S(t_1), Ch);
6 for j=1...]A| do
7

8

9

if A(j) equal to 0 then
t' < getTime(S—1));
if (t —t¢') > 7 then
10 | T S (AG));
11 else
12 | St [Se—1)(AG))];
13 end
14 else
15 | T [Ci(4), S—1y(A()));
16 end
17 end
18 M+ T,
19 end

Algorithm 4: Tracks creation algorithm.

For the definition of the cost matrix C' we have to translate the probabilities obtained from the
distribution mentioned above into costs. Therefore, we use a function C = f(P), based on the fact
that higher probabilities should provide lower costs. The function selected is f(P) = (—log,, P)'/",
which tends to infinity when the probability P is too low.

Figure shows several examples for different values of n = {1,2,4,6}. As we can observe, the
lower is n, for small values of P, the higher is f(P). As a consequence a small difference in P can
produce a big difference in f(P). This behavior will have a big impact on the implementation of the
Hungarian algorithm, because it could lead to a bad association between detections. If we select a
value of n = 2,6, it provides big and small differences respectively, which is going to induce an error
during the association process. If the difference is too small, the Hungarian algorithm can choose
both detections indifferently because it is not going to have a big impact in the final cost. On the
other hand, if the difference is too big, the Hungarian algorithm could choose the incorrect detection
because if the other detection is chosen it is going to have a big impact on the final cost. This is why
we should select carefully the value of n. For example, n = 4, provides a good behavior because it
provides a difference sufficiently big when small probabilities are close. In addition, to avoid possible
errors we set a certain threshold p, which is going to saturate the function f(P) when the probability
is below p. Therefore, if P < p, then f(P) = f(p).

As we mentioned before, we defined two distributions: one isotropic, and the other anisotropic.
The isotropic distribution reflects that the future position of the tip should remain close to the current
one. It is defined without a previous knowledge of the position of the drop in the future, so we do
not predict where the drop at time (¢ — x) is at time ¢. Therefore, we define a isotropic Gaussian
distribution characterized by the fact that the probability distribution is equal in all directions. Its
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Figure 3.3: Up, we can observe the function f(P) = (—log;q P)Y/", for several
values of n = {1,2,4,6}. The lower is n, for small values of P, the higher is f(P).
As a consequence a small difference in P can produce a big difference in f(P).
Down, we can observe in the case n = 4 how the function f(P) is saturated for
a certain set of probabilities up to a threshold p.

mathematical expression is:

: 2 : 2
(t—z) __ 2\ _ _ (i — Mz‘,(t—:c)) (j— ,uj,(t—x))
P = 04—y, 07) = T ( 207t 202 )
Where pi—py = [1i,(t—a) 1 (t—2)] = [vgtfx),vj(t*m)] is the mean, and it established the origin of the

gaussian distribution at the location of the drop at time (t —x); and o2 is the variance that measures
how far a set is spread out from the mean at time (¢ — x). The variance of the distribution is equal

in both directions o2 = 2.

i — 95

On the other hand, for the definition of the anisotropic distribution (Figure [3.4]), we use some
information a priori to predict where the drop at (t — ) is going to be at time ¢. This prediction
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is done based on the knowledge of the shortest path orientation u at current root tip. If P(v) =
{p1,p2, ... ,p(L,l),pL} is the set of nodes that shape the path that corresponds to the node v, and
L is the length of the path. We can obtain the orientation of the shortest path u and the predicted
node v, as:

d =p-25) — DL U= 0 vp =pr — (& XU Xs)

Where d defines the line where the predicted node is going to be, z defines how far in time we are from
the current node (t—x), and s is the growing rate of the root. The growing rate value is obtained from

n
the mean of a set of n distances calculated from nodes of consecutive frames: s = % > d(vt) oh).
i=1

Once we have calculated the predicted node, we can implement the anisotropic Gaussian distribution
centered around this node (Figure 3.7)). The mathematical expression of the anisotropic Gaussian
distribution is:

1 (i — i) | (G —py)?
¢ 2 i j
P(v, =0 |p,07) = G- exrp — ( 557 + 552 )
i J

003 —

Figure 3.4: Anisotropic Gaussian distribution centered around zero (u = [0, 0])
and variance o2 = [2, 6].

Where p1 = [p, pt5] = [vp,i, vp ;] is the mean, and it established the origin of the gaussian distri-
bution in the position of the predicted node; and o2 = [JZZ, 0]2] is the variance that measures how far
a set is spread out from the mean at time t. Each component of the variance is defined based on two
distances (Figure , and they are multiplied by a factor /z depending on how far the predicted
point v, is from the current frame (¢ — x). This factor is applied over o? to take into account the
fact that the further the original node used to define the predicted node v, is from ¢, the higher is

the uncertainty.

On one hand, JJZ = O'JQ«* x is based on the distance that links the predicted node with the cut-off
point (A = [a;, a;]) between the direction line and the perpendicular line that includes the drop from

the previous frame (green distance in Figure : dq(vp, A) = \/(Up77; —a;)? + (vp; — a;)%. On the
other hand, 0? = 02*/x is based on the distance that links perpendicularly the drop from the previous
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Figure 3.5: On the left, we can observe the prediction node v, in red, and the
nodes at time (¢ — z) and ¢ in green and blue respectively. On the right, a
representation of the distances defined to describe o2 = [02, 032»]. Where o7 is the
orthogonal distance in the y-axis in magenta, and JJZ is the direction distance in
the x-axis in green. A (clear-blue) is the cut-off point between the direction line

and the perpendicular line that includes the drop from the previous frame

The final value of 0% = [0, JJZ-] is calculated as the variance of the distribution obtained for a set

of n absolute distances calculated from nodes of consecutive frames (Figure [3.6]).

To guarantee that the gaussian distribution and the drops from the current frame are expressed
in the same reference system we have to perform an additional step. We have to rotate all the drops
from the current frames V' = {v{,v}, ...} around the predicted drop v, (Figure[3.7). The rotation
of the drops is performed as follows:

_ |cos(0) —sen(6)
k= [sen(@) cos(6)

V* = (R x ([Vi', V] = [vp,i> vp,i])) + [Up,is vp]

Where R is the rotation matrix, and V* is the collection of nodes rotated (clockwise) an angle 6
(angle between the horizontal axis and the line that describes the orientation of the shortest path).
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Figure 3.6: Histograms computed for z = 1 to obtain the parameters that defines
the anisotropic gaussian distribution o2 = [07, 0]2-]. Where o7 corresponds to the
orthogonal line, and sz to the direction line.

Clockwise™® '
Rotation

Figure 3.7: On the left, rotation 6 degrees of the drop from the current frame v*
(blue) around the predicted drop v, (red). On the right, the anisotropic Gaussian
distribution is plotted centered around the predicted node v,, where its mean is

= [Up,i, vp ] and its variance is 02 = [0, 02].

J

Scenario 2

The second scenario is described to study the association problem with nodes from previous frames
(backward approach). The cost is based on the distance between a past detection and the shortest
path connecting a current detection to the source. This cost matrix is referred as a backward cost,
because the distance is measured from detections in the current frame to detections in the past ones.
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For the definition of the cost matrix C' we have to translate the distances obtained into costs.
Therefore, we use a function C' = f(d), based on the fact that higher distances should provide higher
costs. The function selected is f(d) = d9, which tends to infinity when the distance d increases.
Figure shows several examples for different values of g = {2,3,4,6}. As we can observe, the
higher is g, for high values of d, the higher is f(d). As a consequence if g is too high, a small
difference in d (for high values of d) can produce a big difference in f(d). This behavior will have a
big impact on the implementation of the Hungarian algorithm, because it could lead to a bad asso-
ciation between detections. Therefore, we should select carefully the value of g. For example, g = 4,
provides a good behavior because it provides a difference sufficiently big when high distances are close.

700
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Figure 3.8: We can observe the function f(d) = d9, for several values of g =
{2,3,4,6}. The higher is g, for high values of d, the higher is f(d).

As we mentioned, this scenario is based on the distance from the nodes from previous frames to
the shortest path P(v') of a node v in the current frame t. Where P(v!) = {p1, pa, ... s P(L—1),PL} 18
the set of nodes that shape the path that corresponds to the node v?, and L is the length of the path.
We do not calculate the distance to all the nodes in P(v'), we have limited the amount of analyzed
nodes to the ones closer to the current drop v'. This way, given a certain threshold 7', we only take
into account the nodes P(vt) = {Pt=1ys -+ Pr—1),pL} from the shortest path (Figure . The
distances are stored in a N x K matrix S, where s, , corresponds to the distance from the s-th nodes
in the frame at time (¢t — x) to the k-th node that belongs to the shortest path.

P(Ut) = {p(L—T)a s 7p(L—1)7pL}a b= [pl,p]]

S(n.k) = A=) py) = [0~ g + 0 7) — pig)? i
Then, we obtain for each row the minimum distance to the node v°,

d;; = argmin S(n, k), i€ {V(t—l‘)}7 j=1...N
k
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:

Figure 3.9: We can observe in green the node from the current frame, in red the
set of nodes extracted from the shortest path connecting the node in green to
the source, and in blue the node from the previous frame. In this example, the
distance of the node from the previous frame to the path is equal to zero, due to
the fact that the blue node belongs to the path.

Finally, the cost matrix C is defined as follows: C(i,j) = f(di;) = df ;-

In this Chapter, we have described how we exploit our main contribution to the multi-object
tracking problem (shortest paths). The tracking process is based on the utilization of the Hun-
garian algorithm, which minimize the association cost between detections of consecutive frames.
This method can be used because the number of missed detections is very low. As a consequence,
we do not need to bridge long gaps (long periods without detections). The power of the Hungarian
algorithm lie on the definition of a cost matrix. We have defined two different scenarios where two
different cost matrices are described. On one hand, a forward cost based on a model that predicts a
detection in the future, trough a anisotropic gaussian distribution. On the other hand, a backward
cost based on the distance between a past detection and the shortest path connecting a current
detection to the source.
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Chapter 4

Validation

4.1 Evaluation Metrics

In this Chapter we are going to assess the correctness of the multi-object tracker described by quan-
tifying its performance. Some evaluation methods, such as [10], compute errors at each frame and
then aggregate them along time. Two quantities are defined: Multiple Object Tracking Precision
(MOTP) and Multiple Object Tracking Accuracy (MOTA). MOTP measures the trackers ability
to localize a target, whereas M OT A measures the number of errors committed by the tracker during
tracking.

For the implementation of the multi-object tracking evaluation protocol, we need at hand (i)
tracker outputs or hypotheses, (ii) a set of ground-truth objects, and (iii) a measure of distance
between the estimated and actual state of the target. Let Oy = {01 .. om} be the collection of
tips/drops ground-truth in each frame. The analysis is done every 10 frames. The i-th tip/drop ob-
ject 0; = (I;, z;) has a label [; and a location z;. Similarly, Gy = {g1 ...gn} represent the hypothesis
output by the tracker in each frame. The i-th hypothesis g; = (I}, z;) has a label estimate [}, and a
location z;.

The correspondence between a tip/drop object o; and a hypothesis h; is based on the calculation
of the Euclidean distance d; ; between them. The association should not be made if their distance
exceeds a certain threshold T. In the following, we refer to correspondences as valid if d; ; < T'. The
object-hypothesis mapping is stored in the M; = {(0;,¢;)} matrix. If a correspondence (0;, gi) is
made that contradicts a mapping (0;, gj) in M;_1, replace (0;, g;) with (0;, gx) in M;. Count this as
a mismatch error and let mm; be the number of mismatch errors for frame ¢.

Some other variables are defined to evaluate the performance of the algorithm:
— Number of matches found at each time instant (¢;).

— Number of false-positive detections (fp;). All remaining hypothesis that are not linked to any
object are considered false-positives.

— Number of miss-detections (m;). All remaining objects that are not linked to any hypothesis
are considered misses.

— Number of objects present at time instant (g;).
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This way, MOTP and MOTA expressions are as follows:
Zi,t di,t

tCt

MOTP =

>oe(my + for +mmy)

MOTA=1-
Ztgt

The MOTA can be seen as composed of 3 error ratios: the ratio of misses in the sequence,
computed over the total number of objects present in all frames, the ratio of false positives, and the
ratio of mismatches.

L ﬁ:thpt W:Etmmt
>t Gt >t Gt >t 9t

m =

4.2 Evaluation Metrics Results

The proposed algorithm has been evaluated on three datasets, whose general properties are described
in Table provided by the acquisition system described in section The detection and clas-
sification process, along with the scenarios within the tracking process have been implemented on
Matlab running on a 1,7 GHz Intel Core i7, with a 8 GB RAM. In addition, for the implementation
of the Hungarian algorithm it has been used the algorithm provided in [9].

Average number of frames 147
Resolution of frames [pixeles| | 15300 x 4096
Average time between frames 2 hours

Table 4.1: Properties of the dataset

The running time of the algorithm for each phase is shown in Table

Detection and Classification Phase | 2,6299 x 10%s (43,72 min)
Tracking Phase (Forward Case) 2242741 s (3,73 min)
Tracking Phase (Backward Case) 27,6927 s (0,46 min)

Table 4.2: Running time of each phase of the algorithm.

The first phase of the algorithm is the detection and classification of all the tips/drops in three
types of roots (primary, seminals and branches). In Figure we can observe all the detections
classified in each dataset.

The tracking process is performed in two different scenarios based on the definition of two differ-
ent costs: forward and backward costs. In Figures and we present the tracking solution
of the first dataset for each root type.

To evaluate the results obtained in the Figures presented, we have implemented the evaluation

protocol defined in the previous section. In Table we analyze globally the performance of the
algorithm, and in Table 4.4l we analyze the performance of the algorithm for each root type. We make
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(a) Dataset 1 (b) Dataset 2 (c) Dataset 3

Figure 4.1: Classification of all the detections in each dataset: primary (blue),
seminals (green), and branches (yellow).

this differentiation to evaluate on one hand the performance of the tracking process by analyzing all
tracks simultaneously, and on the other hand the performance of the classification process by analyz-
ing each root type independently. In both tables we analyze the performance of the algorithm in the
case of the forward and backward costs. In addition, to have a better measurement of the accuracy
of the algorithm, we have filled the gaps of each track (frames without detections) by interpolating
these values from detections of previous and future frames within the track. The results of the metric
obtained for each time instant for each dataset are in Appendix [C]

Dataset 1 is the one with the best results due to the definition of its root system, which makes
a good differentiation between primary and seminals, and the space between branches is enough to
detect them correctly. On the other hand, the disposition of the roots in Dataset 2 and 3 makes its
analysis more difficult. In Dataset 3 most of the seminal roots are merged and the space between
seminals and branches is very small, which leads to some errors during the classification and tracking
process. In Appendix [C] we can observe a set of Figures that shows the tracking solution for each
Dataset.

As can be seen, in all the datasets, the tracker is very precise at estimating locations (average
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Figure 4.2: Dataset 1. On the left. (a) Tracking of primary root (scenario 1).
On the right (b) Tracking of primary root (scenario 2). Each color represent
different tracks, and each node of the track belongs to a different time instant.

Dataset | Scenario | MOTP m fp mm | MOTA
1 Forward | 1,7788 | 2423 % | 4,29% | 9,51 % | 61,96%
Backward | 1,7067 | 10,74 % | 7,06% | 13,8 % | 68,4%

5 Forward | 0,4165 | 22,75 % | 7,78% | 14,97% | 54,49%
Backward | 0,3525 | 17,37% | 22,16% | 13,17% | 47,31%

3 Forward | 0,2814 | 17,67% | 10,34% | 19,83% | 52,16%
Backward | 0,333 8,3% | 20,96% | 18,78% | 51,97%

Table 4.3: Evaluation metric results for the tracking problem: MOTP, misses
(m), false-positives (fp), miss-matches (mm), and MOT A.

error < 0,8114). The high percentage of missed-detections (m) is due to the fact that nodes that
are very close to the structure supporting the root system or very close between each other are not
detected. This error is specially notorious when the amount of branches start to increase (last frames
of the sequence), where the tracking problem is more complex due to the small space between roots
and the occlusions between them. Some false-positive (fp) errors are produced because they are not
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(a) Scenario 1 Seminal Roots  (b) Scenario 2 Seminal Roots

Figure 4.3: Dataset 1. On the left (a) Tracking of seminal roots (scenario 1).
On the right (b) Tracking of seminal roots (scenario 2). Each color represent
different tracks, and each node of the track belongs to a different time instant.

included in the ground-truth. The definition of the ground-truth is a difficult task because some roots
have a high amount of crossroads with other roots (specially in the case of branches). This produces
some difficulties during the labelling of each track, and some errors may occur. Finally, we can also
find miss-match (mm) errors, which are produced meanly for two reasons: crossroad/merges between
roots, and gaps that has not been bridge between frames. This errors produce splits within the tracks.

In the seminal case most of the false-positive (fp) cases presented are due to the miss-classification
between seminal and branches, which is specially notorious in Dataset 3 with a percentage of 90—95%.
This occurs because in some occasions branches are longer than expected, and they are miss-classified
as seminals. In addition, as we mentioned before, the creation of the ground-truth is a difficult task
and in the branches case some nodes are missing. As a result, the errors in the classification process

increase the percentage the false-positives and miss-detections (m), because these nodes are not being
taken into account in its corresponding root type analysis.

On the other hand, regarding the association problem between nodes, we can observe in the for-
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(a) Scenario 1 Branches Roots (b) Scenario 2 Branches Roots

Figure 4.4: Dataset 1. On the left (a), tracking of branches roots (scenario 1).
On the right (b), tracking of branches roots (scenario 2). Each color represent
different tracks.

ward scenario a high dependency on the growth speed s of the roots. It predicts the position of the
future node based on s. Therefore if the speed growth has a high variance between consecutive frames,
it is going to lead to miss-match errors (mm) because the nodes cannot be associated. This can be
shown for example in Figure (b,d), where the track of the Primary root in Dataset 2 is split in two.

Moreover, we can also observe the sensitivity of each tracking scenario to the relative displace-
ment of the roots between frames. In the forward scenario, the predicted node is allocated based on
the orientation of the root. As a result, if a root from future frames suffer a high displacement, the
positions of the nodes that belong to this root are going to be far from the predicted node and the
probability calculated is going to be almost zero. In the backward scenario, if the displacement of a
root is too big between consecutive frames, the distance between the nodes from previous frames and
the shortest path of a node from the current frame is going to be high. Therefore if the displacement
of roots between consecutive frames is too high, it is going to lead to miss-match errors (mm) for
both scenarios.
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Dataset | Scenario | Root type | MOTP m fp mim MOTA
Primary 2,619 0% 0% 0% 100%
Forward Seminals 2,0636 | 15,64% | 59,38% | 6,25% 18,75%
, Branches | 1,7148 | 31,8% | 3,89% | 7,01% | 57,24%
Primary 2,619 0 % 0% 0% 100%
Backward | Seminals | 2,0636 | 15,61% | 40,62% | 15,62% | 28,12%
Branches 1,6589 | 15,19% | 8,48% 15,19% | 64,66%
Primary 0,3194 0% 0% 14,29 % | 85,71%
Forward Seminal 0 30% 35% 15% 20%
9 Branches 0,5050 | 28,57% 10% 13,57% | 47,86%
Primary | 0,3194 0% 0% 42,86 % | 57,14%
Backward | Seminal 0 30% 30% 20% 20%
Branches 0,4128 | 21,43% | 27,14% | 21,43% | 42,14%
Primary 0 14,29% | 14,29% | 14,29% | 57,14%
Forward Seminal 0 18,18% | 95,45% | 9,09% | -22,73%
3 Branches 0,3005 25% 16,67% | 8,33% 50%
Primary 0 14,29% 0% 2857% | 57,14%
Backward | Seminal 0 18,18% | 90,91% | 13,64% | -22,73%
Branches 0,3766 17% 23% 16% 44%

Table 4.4: Evaluation metric results for the tracking problem for each root type:
MOTP, misses (), false-positives (fp), miss-matches (mm), and MOT A.

However, the backward scenario is more sensitive to this kind of errors. This behavior is due to
the functions selected in each scenario to obtain the cost matrices. In the forward scenario we have
used f(P) = (—log;y P)"/", while in the backward scenario we have used f(d) = d9. In scenario
2, when the distance d is higher than expected, and we raised it to the power of n we make this
value bigger. As a result, the cost is going to be too high to perform the association properly. On
the contrary, in the forward scenario when we have a low probability, due to the saturation of the
function selected despite having a extremely low (almost zero) probability, the cost obtained is going
to be high but not high enough to produce an error during the association process. This can be
shown for example in the tracking of the Primary root in Dataset 2 (Figure [4.5(a,c)).

Finally, by the comparison of both Tables we can observe that in general terms the forward
scenario has a better performance, but it is not far from the performance of the backward scenario.
The accuracy of each method depends on the properties of the dataset under study, we must take
into account how it evolves along time to use one scenario or another due to the drawbacks of each
scenario. If we analyze in detail each root type we can observe that in the case of primary roots the
performance is better in the forward scenario, because the horizontal displacement of the primary
root is higher than in the case of seminal and branches roots, which results in a lower accuracy in
the backward scenario. In the case of seminal and branches roots the performance of each scenario
varies, as it was mentioned before, based on the disposition and evolution of the roots within the
dataset.

4.3 Confidence Metric

In the previous Section, we have analyzed the correctness of the multi-object tracker described by
quantifying its performance. Now we want to evaluate the confidence/reliability of the constructed
tracks, which is going to be measured separately in the case of primary and seminals roots, and
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branches roots due to the different features that characterize each type. We have defined the following

cues to asses the reliability of the tracks:

— Time. In the initial frames the accuracy of the tracking process is really high, but it decreases
when the branches start growing due to the higher complexity of the disposition of the roots.
The reliability of constructed tracks until a certain time instant 7 is higher. Figure [4.6] and
Table [4.5] shows how the error ratio evolve across time.

ty | to | t3 | ta | t5 | te | t7 | ts | to | 10 | 11 | t12
Scenariol | 0 | 0 | O 0] 0 2 7 | 11 | 38 | 49
Scenario2 | 0 | 0 | O 0O|l0|1]0]|10]| 121 31 | 46

Table 4.5: Dataset 1. Error ratio at every time instant. The analysis is performed
over every root type and scenario.

— Length. Formally, a track L is defined to be a collection of chained detections, i.e., L =

(12

v Ue, L v'L‘) , |L| being the length of the track. In the case of primary and seminal roots,
they are long roots, which means that short tracks tends to be unreliable. As a result, a long
track is more likely to be a correct track. On the contrary, in the branches case, they are short
roots, which means that long tracks tends to be unreliable. As a result, a short track is more

likely to be a correct track. This behavior can be seen in Figure [£.7]

— Association ambiguity. The uncertainty of an association can be described based on the exist-
ence of a cost of an alternative association that is close to the cost of the selected association.
Hence, the uncertainty can be measured by comparing the real cost of the association between
two nodes [vy,, vy] (solution of the Hungarian algorithm), and the smallest cost of the associ-
ation between the nodes [vy,, vg], where k # n. For example, given the cost matrix in Table
we want to associate the detections from time ¢ (V¢ = {v}, v}, v4, v }) with the detections from

the previous frame (t — 1) (V1D = {vgt_l), Uét_l), v:(,,t_l), vit_l),vét_l)}) at the minimum cost.

(t-1)
vgt—l) Uét—l) vét—l) Uit—l) vét—l)
vt inf 1 inf inf inf
¢ vh | inf inf 1 inf
vl 1 inf inf inf 4
vf | inf inf inf inf inf

Table 4.6: Hungarian Algorithm example. The association solution is represented
in green, where the lower-cost is reached. Then we can see in red the cost that
is close to the green case it is corresponding line, and in yellow the ones that are

far.

(t=1)

From the table above we can observe, that the node v} is associated with v; ’, which cost

is very close to the cost of the node v,

(t—1)

and v

. If we compute the difference between both costs

we are going to obtain a small value, which means that vétil)

t—1
fl ) are very close to v5.

This means that there are certain ambiguity in their association. On the contrary, the node

(t—1)

vk is associated with vy~ ’, which is far from the cost of v

(t—

5

1)

. If we compute the difference

(t=1)

between both costs we are going to obtain a high value, which means that vy is far from v.
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This means that there are not any uncertainty in the association. Formally, this computation
is expressed as follows:

d; = |Cm,n - Cm,k‘, where k # n

Given a certain track L;, the collection of cost differences is D; = {di,da, ... }. If the difference
is low it means that the costs are similar because a different node (vg) is close to the node
under study (v,,). Therefore there is some ambiguity on the association problem. To measure
the uncertainty of the track we are going to look for the minimum value of these differences,
which is given by d* = argmin D;.

In this Chapter we have described the evaluation protocol to asses the correctness of the algorithm
proposed based on two different quantities: MOTA and MOTP. Where the MOTA is the sum of three
different error ratios that takes into account the number of miss-detections, false-positive, and miss-
matches errors, and MOTP measures the accuracy of the position of the detections. During the
evaluation of the algorithm, we have observed some drawbacks in both scenarios: dependency of the
forward cost scenario on the growth speed, and dependency of the backward cost scenario on the
horizontal displacement of the roots. In addition, we have also described some cues to determine if
a track is reliable. These cues are the time, length of the tracks, and ambiguity of the association
between detections based on minimum difference among costs within a track. The analysis of these
features are done separately on one hand for primary and seminals roots, and on the other hand for
branches roots due to the different characteristics between them.

37



(a) BC: not associated. (b) FC: associated. (c) BC: not associated. (d) FC: not associated.

Figure 4.5: In this set of images we can observe the two main errors that leads
to miss-match errors in both scenarios (BC - Backwards Cost, and FC- Forward
Cost). The images belongs to Dataset 2. (a) Fusion of two consecutive frames. In
this case the backward cost cannot associate the detections due to the horizontal
displacement, while the forward cost can make the association as shown in (b).
In the second image (b), we can observe in green the node at time (¢ — z), in red
the predicted node at time ¢, and in blue the real node at time ¢. (c) shows again
the fusion of two consecutive frames, but in this case we can observe that the
speed growth has vary a lot from one frame to another. As a result, as we can
observe in (d) the association in the forward case cannot be done, but it is not
achieved neither in the backward case because it suffers also from a horizontal
displacement.
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Figure 4.6: Tracking errors along time in both scenarios. At time T' = 9 the amount of
errors start increasing, reaching the maximum at the end of the sequence of frames. Each

time instant is separated 10 frames.
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Primary and Seminal Roots 15 Branches Roots

10 ||n 1

Number of tracks

(LML
50
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Length of the track Length of the track

Figure 4.7: For the construction of the graphs it has been taken 60 samples from each
dataset (180 samples in total). On the left, the histogram shows in green the amount
of primary and seminal tracks that are correct depending on its length, and in red the
amount of incorrect cases. As we can observe, when the length increases the amount of
errors decreases. On the right, the histogram shows in green the amount of branches tracks
that are correct depending on its length, and in red the amount of incorrect cases. We can
appreciate that when the length increases the amount of error increases too.
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Primary and Seminal Roots Branches Roots
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Figure 4.8: For the construction of the graphs it has been taken 60 samples from each
dataset in the forward case (180 samples in total). On the left, the histogram shows in
green the amount of primary and seminal tracks that are correct depending on the minimum
cost difference, and in red the amount of incorrect cases. On the right, the histogram shows
in green the amount of branches tracks that are correct depending on the minimum cost
difference, and in red the amount of incorrect cases. We can appreciate that in both cases
the errors are concentrated in a small range of costs. This set of costs defines the tracks
that have nodes which association have some uncertainty due to the fact that it has other
nodes almost at the same distance as the one being associated with.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

Multi-object tracking (MOT) is an important issue in computer vision. It has numerous applications
in multiple disciplines such as player tracking in sport analysis, people tracking in surveillance, root
detection in biology, crack evolution in material science,. ..

We focused on detection-based multi-object tracking approach in a biological scenario for the
tracking of the extremities of roots plants to describe their root system architecture. In such ap-
proach, our priority is to track the behavior of root extremities across time, to collect all the inform-
ation required to assess the genetic improvement of the root system architecture that define plants.
It is based on the detection of the root tips in individual frames at different time instants and their
association across time, obtaining the trajectory of each root tip.

In this thesis, we have addressed the MOT problem in two well-defined phases. First of all, a
detection and classification phase described in Chapter 2] based on a shortest path framework using
a graph-based formalism. In this first step, we compute the shortest path to every node (white pixel)
in the image through the description of a graph that describes the connectivity of the pixels. The
shortest paths are computed via the implementation of the Dijkstra algorithm. Then we use the
two main features that characterized a root tip (localization within a root and its neighborhood) to
detect them. Finally, we classify all the detections between primary, seminal and branches roots.

The second phase of the MOT problem, described in Chapter [3] is based on the link between
all the detection at different time instants. To do so we use an algorithm based on a small time
window, the Hungarian algorithm, due to the fact that almost all tips are present along the complete
sequence without disappearing for long periods. Furthermore, we have analyzed the performance of
the Hungarian algorithm over two different scenarios, based on the definition of two different cost
matrices:

— Forward cost, where we have defined a Gaussian distribution that predicts the position of a
drop in a future frame, given its position in the current frame.

— Backward cost, where the cost is based on the distance between a past detection and the
shortest path connecting a current detection to the source. This cost matrix is referred to as
a backward cost, because the distance is measured from detections in the current frame to
detections in the past ones.

As we can observe we have exploited our main contribution, the shortest paths, in detection,
classification and tracking phases:
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Identification of the tips/drops candidates.

Classification of the tips/drops based on their paths.

Definition of the forward cost, based on the prediction on a node, which direction is obtained
from its shortest path.

— Definition of the backward cost, based on the distance of nodes from previous frames to the
path of the node in the current frame.

As we can observe the calculation of the shortest paths brings several advantage in both phases,
allowing us not only to detect the extremities of the roots, but to track them also. In addition,
thanks to the calculation of the k-shortest paths, we can extract some additional information needed
to perform the genetic improvement of the root architecture, which is our main goal. Some of this
information is for example, the root angles, root direction, localization of intersection points between
roots,. ..

5.2 Future Work

In this Section we are going to mention some of the improvements that can be applied on the pro-
posed algorithm.

On the one hand, on the detection and classification phase new features can be considered to
reduce the errors produce during the classification process. One of these features is for example
the diameter of the root. In addition, the running time used to implement this first stage of the
algorithm can be decreased by reducing the amount of data used by subsampling the image. A
trade-off between time and number of detections should be found.

On the other hand, on the tracking phase, several improvement can be done:

— In the first scenario the position of the predicted node can be improved in different ways. We
have observed a high dependency on the growth rate, due to the fact that this is a fixed value
calculated a priori it can induce some errors. This can be improved, by updating this value
iteratively frame-by-frame based on the analysis of previous frames. This way we can adapt
the growing rate to the growing stage of the plant. Furthermore, other parameters can be also
used to increase the accuracy of the position of the node, for example by taking into account
the action of gravity.

— During the implementation of both scenarios, we have observed the dependency on the hori-
zontal displacement of the roots, specially in the case of the primary root. Some models can
be developed to take into account this displacement to compensate it, avoiding errors in the
tracking process.

— Refinement of the cost definition, by adapting it to each root type.

— Definition of a new scenario where both cost matrices are combined, using simultaneously the
backward and forward cost.

— Post-processing techniques to link the tracks that have been split.
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Appendix A

Matlab Tips Detection and
Classification

In this appendix, we are going to describe some of the functions and methods used to implement the
detection and classification algorithm:

Rotation of the image 180 degrees: imrotate (im,180)
Mirror the image: f£liplr(im)
Crop the image: imcrop(im, [xmin ymin width height])

Identification of all the nodes in the subsampled image: the nodes of the image corresponds
to the pixels which values are equal to 1 (I(i,5) = 1), this could be done with the function
[i,j] = find(im_subsampled).

Identification of the nodes that belongs to the structure that supports the plant:
nodes_struct = find(ismember([i,j],struct_horizontal_nz,’rows’)), where the vari-
able struct_horizontal_nz corresponds to the coordinates that define the horizontal sections
of the structure.

Creation of the graph (G): to build this matrix we should firstly calculate the distance between
each node in the i-direction and j-direction with the [1 — norm:
o1 = val[y = di(v1,v2) = v} — V| + [v] —v3l.

To obtain the first and second terms of the sum in Matlab, we are going to apply the fol-
lowing functions respectively: i_dist = uint8(abs(bsxfun(@minus, i, i’))) and

j_dist = uint8(abs(bsxfun(@minus, j, j’))). Once we have the distance between all
nodes, we have to filter them to get only the nodes with a 4-connectivity (N,) as we can
see in Figure To achieve this, we are going to sum Ax + Ay:

<2 if 4 - connectivity

A Ay =
T+ Ay {22 rest

In Matlab is implemented as follows: graph = double((x_dist + y_dist) < 2).

In addition, when the roots cross the horizontal sections of the structure, it was stablished
that the connectivity should be 2-connectivity (Axz = 0, Ay = 1). To obtain the nodes that
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Figure A.1: Definition of the connectivity (black nodes) for adjacent nodes in
the image.

accomplish this constraint we are going to multiply the matrices where Az = 0 and Ay = 1,
the result is going to be a matrix where each element is equal to one when both conditions are
true (AND logical operation):

is_connectivity_2 = (x_dist(nodes_struct,:)==0).*(y_dist(nodes_struct,:)==1).
Then we are going to apply this changes to the graph:

graph(nodes_struct,:) = is_connectivity_2.

Finally, we should ensure that the diagonal of A(G) is equal to zero, and all the elements
different from 1s are equal to inf.

Implementation of the Dijkstra Algorithm with the Matlab function:
[dist, path,~] =
graphshortestpath(sparse(graph) ,source, ’Method’, ’Dijkstra’)

Creation of the distance image H (i(v), j(v)) = d(v): im_weighted(im_weighted == 1) = dist

Calculation of the angle between the horizontal line where the source node is located and the
first drop (primary/seminal). The equation that defines the angle between two lines is:
_1, vectjvects

a=cos  (—————
|vecty ||vects]

First of all we should define each line (y = ax + b), taking into a count that a line can be
defined by two points, we use the function polyfit (x_points, y_points,1) to obtain the
values [a,b]. Then, we create a vector based on each line, and perform the scalar product
between them with the function dot (vectl, wvect2). To obtain the module of each vector we
use the function module = sqrt(sum(vect.”2)). Finally, depending on the direction of the
root (vecty) the calculation of the angle varies as follows:

o= acos(scalar_prod/(mod_1*mod_2)) if ag <0
~ ]| pi - acos(scalar_prod/(mod_1*mod_2)) the rest

For the storage of each piece T}, we are going to use create a cell with the function cell, and we
are going to unified all the cells to form the final image H with the function cell2mat (cell).

For the high resolution paths unification we should analyze the pieces in decreasing order (from
X to 0), working on each piece from bottom-to-top for the detection of drops/tips roots. So first
of all, we should convert the coordinates of the drops/tips to check to which piece a drop/tip
belongs to. Once we detect the set of drops that belong to a piece, we track its path from the
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drop/tip node to the node on the first row of the piece (P,). Once we have located the position
where the tip/drop paths begins, we have to link it to with the next piece to know where do
we have to search to obtain the whole path through each piece. Then, we will add the last row
of the previous piece into the first row of the current piece to make the connection between
pieces.

T _ Last row previous piece T(x,l)
N Current piece T},

T

T, = I(i,§), i € [( x 150) + 1, (150 x x) 4+ 150] and z = [X = H/150...1]

This process is repeated until we reach the first piece, where the source node is located. Finally,
the union of all the paths tracked through the pieces defines the path from the source node to
the drop/tip root (P = X, Py).

To achieve the differentiation between drops into the three possible types of roots: primary
(longest root, it is the main root), seminals (they are not born from other roots) and branches
(shorter roots, those which emerge from the main or seminal roots), we are going to define a
matrix nodes_ main_ drops, which is going to store the primary root and seminal roots.

path; = {vl,vg, ...,UD}
nodes_main_drops = |pathy = {vi,vs,...,vp/,0,0,...}
pathi = {1)1,1)2, s Up?, 0, 0, }

This matrix is going to help us to identify if a root was born on the origin or it was originated
from another root. Therefore, we are going to analyze if a merge between paths has been
produced or not M. The length of the primary root is going to define the size of this matrix
(number of primary + seminal roots x length longest root (D)). This matrix is going to
be filled iteratively as follows:

o Firstly, we should obtain the difference between the length of the path of the first drop
(pathy = {v1,v2,...,up}), which corresponds to the length of the furthest node (primary
root), and the current drop, this value will define the padding that we should add to the
path of the current drop, being its length D" (path; = {v1,va,...,v},(k)}). Where D’ < D,
then apply the padding to path;. Creating then a new vector path; , which has the same
size (D) as path;. The aim of this process is the creation of two matrices of the same size.

In the vector path; the nodes are stored from the source to the drop (top-to-bottom),
which means that nq (k) is always going to be closest node to the source node. To detect a
merge or a crossroad between roots, we analyze the paths of the tips/drops from bottom-
to-top, so we flip this vector to analyze easily each case (path; = {v}),vpr_1,...,v1}).

o Then, we add the first drop to the matrix nodes main drops, due to the fact that the
first drop its always going to be a primary or a seminal root.

o Hereunder, we can perform the difference between both matrices. This way if we obtain a
zero, then it means that there is a coincidence between paths, which could correspond to
a merge or to a crossroad between roots. Therefore, we are going to analyze the following
values obtained from the difference between paths: if they are all zeros, it means that it
is a merge. However, we have considered a coincidence window of 8 nodes to decide if it
is a merge or not, because initially all roots are born from the same origin so they can
share some nodes. If the amount of share nodes is greater than 8, it means that its finally
a merge.
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o For the differentiation between seminal and branches, we analyze if two drops share more
or less than the 50 % of their paths. The drop is classified as a seminal drop if they share
less than the 50 %, on the contrary it will be classified as a branch drop. On the other
hand, if we find again non-zero values in the following values obtained from the difference
between paths, it means that what we found was just a crossroad between roots, and we
keep analyzing in case that there is a merge further on. If there is no more zero-values, or
there are not merges detected, the drop is classified as a seminal drop and it is added to
the matrix nodes__main__drops.
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Appendix B

Matlab Tips Tracking

In this appendix, we are going to describe some of the functions and methods used to implement the
tracking algorithm:

— Calculation of the bivariate gaussian distribution: mvnpdf (cost_matrix,mu,Sigma)
— Calculation of the euclidean distance between two set of coordinates: pdist2(X,Y)

— Calculation of the mean from a gaussian distribution: [mu, sigmal = normfit(data)
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Appendix C

Validation Results

In this appendix, we are going to analyze the results of the evaluation method at each time instant
(every 10 frames) in each dataset. As we described in Chapter |4/ the evaluation protocol used defines
the following variables to evaluate the performance of the algorithm:

— Number of matches found for time, ¢;.
— Number of objects present at time ¢, g;.

— Number of false- positives fp;: all remaining hypothesis that are not linked to any object are
considered false positives.

— Number of miss-detections my, all remaining objects that are not linked to any hypothesis are
considered misses.

— Number of mismatch errors mm;

C.1 Dataset 1

In Table we can observe the values obtained for the tracking problem globally, and in Table
we can observe the values obtained for the tracking problem on each root type.

C.2 Dataset 2

In Figures|[C.1] [C.2], and [C.3| we present the tracking solution of the second dataset for each root type.

In Table we can observe the values obtained for the tracking problem globally, and in Table
we can observe the values obtained for the tracking problem on each root type.

C.3 Dataset 3

In Figures[C.4] [D.1], and [C.6 we present the tracking solution of the third dataset for each root type.

In Table we can observe the values obtained for the tracking problem globally, and in Table
we can observe the values obtained for the tracking problem on each root type.
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Forward Scenario
t1 |t | t3 | t4 | t5 | T | E7 | ts | to | 10 | t11 | t12
Gt O| 1|13 |2 |44 )|14]41| 59 | 91 | 106
Ct O|1]|1]2]|2|4]4]|15]36| 47 | 61 | 76
my O/0(0|1]0|0|0]1 5 |12 1 30 | 30
for [OJ0olololo]o]ol1]2]2]6] 3
mms; | 0| 0]0]0]0]0 1|0 3 3 8 16
Backward Scenario
Gt O 1|13 ]|2|4]4]|14]41 59| 91 106
c O] 11|22 |4|4|15|40]| 56| 79 | 89
mg |0O]O0O(O0O| 100|011 | 1] 3 |12] 17
foe |OJ0olojlo|o][o]o]lO|T7[5]|6]5
mms; | 000|000 1|0 5 7 14 | 18

Table C.1: Dataset 1. Number of mis-detections (m;), false-positives (fp;), and
mis-matches (mmy) at every time instant. The analysis is performed over every
root type and scenario.
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Forward Scenario

‘tl‘t2‘t3‘t4‘t5‘t6‘t7‘t8‘t9 \tw\tn\tm

Primary Root
I o(1 (1|11 ]11]1 1 1 1 1
ct o(1 (1|11 ]11]1 1 1 1 1
my Oo,0j0|j0]0]O0OJO]O0]0O 0 0 0
for |OJOolofojofolo[o|lOo[ O] O] O
mm; | 00|00 0]0]0|0]|O0 0 0 0

Seminal Roots
gt 0O/0]0]|2]1|3|3]3]65 5 6 4
ct 0O/0j0|1]1|3|3]3]|65 5 3 3
my ojo0jo0|1j]0]0|O0O]O0]0O 0 3 1
foc J0Ololo[ofololo]Oo[2]4]8]5
mm; | 00|00, 0]0|1]0]|0 0 1 0

Branches Roots
gt 0O0/0]0|0]0]0]0]10]35| 53| 84]101
ct 0/0]0|0]0|0|0]|11]28)| 38| 51| 67
my 0O/0j0|0]O0O]O]O0O] 1] 7 /|15|33 | 34
foe [OJOololololo]ol1[2]1]47] 3
mm; | 00|00 |0[0]0| 0] 2 5 11

Backward Scenario

Primary Root
gt o(1 (1|1 ]1]11]1 1 1 1 1
ct o(1 (1|11 ]11]1 1 1 1 1
my ojo0jo0j0j0]O0OjO]O0]0O 0 0 0
for |0Jolofojofolo[o]lO[ O] O] O
mm; | 00| 0]0|0]0]0|0]|O0 0 0 0

Seminals Roots
gt 0O/0]0]|2]1|3|3]3]65 5 6 4
Ct 0O/0j0|1]1]3[3]3]|65 5 3 3
my 0Oo/,0j0|1]0]0]0]O07]0O 0 3 1
foc J0OJoloJoloJo[o]o|2]4] 4] 3
mm; | 0] 000|001 O0]1 0 3 0

Branches Roots
gt 0O0/0]0|0]0]0]0]10]35| 53| 84]101
ct 0O/0]0|0]0]|]0]0]|11]32]|46 | 70 | 83
my ojo0jo0ojojojojo}|1]3 7| 14| 18
foe fOJOolo]lo[o[o]Jo]o[ 75 7] 5
mm; | 00|00, 0]0]0|O0]|3 5 8 17

Table C.2: Dataset 1. Number of mis-detections (m;), false-positives (fp;), and
mis-matches (mmy) at every time instant. The analysis is performed over every
root type and scenario.

93



(b) Primary Root

(a) Primary Root

Figure C.1: Dataset 2. On the left. (a) Tracking of primary root (scenario 1).
On the right (b) Tracking of primary root (scenario 2). Each color represent
different tracks, and each node of the track belongs to a different time instant.
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(a) Scenario 1 Seminal Roots  (b) Scenario 2 Seminal Roots

Figure C.2: Dataset 2. On the left (a) Tracking of seminal roots (scenario 1).
On the right (b) Tracking of seminal roots (scenario 2). Each color represent
different tracks, and each node of the track belongs to a different time instant.
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(b) Scenario 2 Branches Roots

(a) Scenario 1 Branches Roots

Figure C.3: Dataset 2. On the left (a), tracking of branches roots (scenario 1).
On the right (b), tracking of branches roots (scenario 2). Each color represent
different tracks.

o6



Forward Scenario
t1 [ to | ts [ ta | t5 ] te | t7 | ts
Gt 0|13 | 4] 5 ]|30]|47 |77
ct 0|12 |4]5|23]40]| 54
my oO|o0|1|0]0]| 7] 7123
for |OJOJOol1]0]0]4]38
mm; | 0] 0 1710|221
Backward Scenario
Gt 0|1 (3|45 ]|30]|47 |77
ct 0|12 |4]5]|25]36]65
my 0O/0|1|0]0]| 5 |11]12
foe lOlOolo]o][o0o] 2]12]23
mm; | 010|111 1] 4]14

Table C.3: Dataset 2. Number of mis-detections (m;), false-positives (fp:), and
mis-matches (mm;) at every time instant.
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Forward Scenario
[ b [ | 1] dy | fo [ ] s
Primary Root
Gt o1 |1 |1]1]1 1 1
Ct Oj1 |1 |1|1]1 1 1
my 0Olo0ojo0o|j0]0O0]O0O]O0]0O
foe |0OJojo[o]lo]lo]oO]oO
mm; | 0] 00]0]0|0]|1]0
Seminal Roots
Gt 0102 |3]3|6]|3]3
ct 0O/0|1|3]3|3]2]|2
my oOo/0|1]0]0] 3|1 1
foo [OJOo[Oo]Oo[O]O0]|3]4
mm; | 00|01 |0]0|0]1
Branches Roots
Gt 00|00 1]|23]|43]|73
ct 0|00 |01 1]|17]|34]48
my 0O/0|0|0]0] 61925
for [OJO]O0Ol1]O0[2]4]T7
mm; | 0] 0000 0]| 1118
Backward Scenario
Primary Root
Gt Oj1 |1 |1|1]1 1 1
ct Oj1 |1 |1|1]1 1 1
my 0Olo0ojo0o|0]O0O]O0O]O0]0O
foe |0OJojo[o]lo]lo]oO]oO
mm; | 0] 0| 1]0]0]|1 110
Seminals Roots
Gt 0/0(2|3]3|]6]|3]3
ct Oj]0 133|322
my 0O/,0(1]0]0] 3|1 1
for [OJO[1]Oo][0]0O]2]4
mm; | 0001|101 1
Branches Roots
Gt 00|00 1]|23]43|73
ct 0/0|0|0]1]19]31]59
my 0O/0|0|0]0]| 4 ]12]14
foe [OJOJO[0o]o| 4 ]12]22
mms; | 000|000 2 |11

Table C.4: Dataset 2. Number of mis-detections (m;), false-positives (fp;), and
mis-matches (mmy) at every time instant. The analysis is performed over every
root type and scenario.

o8



(a) Primary Root (b) Primary Root

Figure C.4: Dataset 3. On the left. (a) Tracking of primary root (scenario 1).
(b) Tracking of primary root (scenario 2). Each color represent different tracks,
and each node of the track belongs to a different time instant.
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(a) Scenario 1 Seminal Roots  (b) Scenario 2 Seminal Roots

Figure C.5: Dataset 3. On the left (a) Tracking of seminal roots (scenario 1).
On the right (b) Tracking of seminal roots (scenario 2). Each color represent
different tracks, and each node of the track belongs to a different time instant.
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(a) Scenario 1 Branches Roots (b) Scenario 2 Branches Roots

Figure C.6: Dataset 3. On the left (a), tracking of branches roots (scenario 1).
On the right (b), tracking of branches roots (scenario 2). Each color represent
different tracks.
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Forward Scenario

t | ta | t3 | ta | t5 | 6 | t7 | ts | to
gt 02133 |6 ]|18]33|95 |72
ct 0|2 1|3 |5 |17]29|75]|59
my 0Oj0[2|01]11]4/|20]13
foe JOoJol1|1|1]1]1]5 |14
mms; | 0] 00| 1|10 |6 |11]27

Backward Scenario
gt 0|2 ]3|3|6|18]33|9 |72
ct 0|22 |3 |5 |18]30|88]| 62
my oOojoj1j0(0]0]1|T7]10
foe JOJo 1 |1]1]1]5]15]24
mms | 00| 1] 1]1 0 4 1111 25

Table C.5: Dataset 3. Number of mis-detections (m;), false-positives (fp;), and
mis-matches (mmy) at every time instant. The analysis is performed over every
root type and scenario.
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Forward Scenario

‘tl‘tZ‘ti%‘tél‘tS‘tG‘t7‘t8‘t9

Primary Root
gt oOoj1]0|1|1]1 1 1 1
ct oj1 1|1 |1]1 1 1 1
my ojo0oj1j]0l0]0]O0|O0]|O0
foe JOJO[1]oflo]loOo]O]o0O]1
mmg; | 00|01 ,0]0]0}|0]|O0

Seminal Roots
gt 0|1 (3|2 4|3 1]4]|3]|2
ct o112 ]|4]|2|3]|3]|2
my ojoj2j0(0|1]1/|0]|O0
foe [OJO[ 1103475
mmg; | 00100 1]0]0}1]0

Branches Roots
gt O] 0]0]|]0|0]14]26|91]|69
ct O] 0]0|0|0]11]19]64 |51
my 0| 0[2]|0|0]| 3] 7/|27]18
for JOJOJolo[1|1]1]5]14
mmg; | 000|000 ] 3| 8126

Backward Scenario

Primary Root
gt o110 1]1]1 1 1 1
ct oj1 1|1 |1]1 1 1 1
my oOojoj1j]0l0]0]O0]|O0]|O
foe [OJOJOJO]OlO]O]O]O
mms; | 0] 00| 1|0] 00| 0]1

Seminals Roots
gt 0| 113|243 ]4]|3]|2
ct o112 4]|2|3]3]|2
my 0|0 2]|00]1 11010
foe (OJO[1]0o]lO][3 ][5 ][7]4
mmg; | 00100 1]07]01}2]0

Branches Roots
gt O] 0]0|0|0]14]26|91]69
ct O] 0]0]|0|0]12]21|78]55
my 0|0} 2|0|0] 2|5 13|14
for JoJolo[1]1]1]5 1424
mmg | 0010|000 2| 7]23

Table C.6: Dataset 3. Number of mis-detections (m;), false-positives (fp;), and
mis-matches (mmy) at every time instant. The analysis is performed over every
root type and scenario.
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Appendix D

Dataset Comparison

In this appendix we are going to compare the collection of detections obtained with our algorithm,
and the collection of detections provided in the Dataset 1. In the following figures we can observed
the combination of both sets of detections.
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Figure D.1: We can observe in yellow the detections obtained with our algorithm,
in blue the detections provided in Dataset 1, and in green the exact matches
between both set of detections.
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