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ABSTRACT 

 
 
 
An implementation of a complete High-Resolution Radar Data Processing System 
is performed, including Clustering, Gating, measurement-to-track association and 
track filtering algorithms. For the last mentioned, various schemes are 
implemented, such as a classic α-β Filter and a debiasing compensation Kalman 
Filter. A useful Detection Matrix Simulation tool is developed to test the overall 
system performance. In addition, the system is tested using real radar data. 
Subsequently, a method to initialize Kalman Filter in Cartesian Coordinates, using 
a α-β Filter in Polar Coordinates is proposed, proving to be useful when there are 
targets in the Radar FOV with initial acceleration or that have a high measurement 
error due to their distance to the Radar. Finally, based on results obtained in tests, 
parameter adjustment is perform to optimize the system performance.  
 
Key Words: Blobs, Clustering, Coordinate System, Gating, High-Resolution 
Radar, Kalman Filter, Monte-Carlo, Multi-Target Tracking, Nearest Neighbor, 
Radar Detection Matrix, Singer dynamic Model, Tracks, Track-While-Scan, α-β 
Filter. 
 
 
RESUMEN 

 
 
 
Se realiza la implementación de una cadena de procesado de datos para un Radar 
de Alta Resolución, el cual incluye etapas de agrupamiento de detecciones, 
enventanado, asociación de medidas a pistas y filtros de seguimiento. Para estos 
últimos, varios esquemas de diseño fueron implementados, tales como el clásico 
Filtro α-β y un Filtro de Kalman con compensación de error sesgado de medida. 
Una útil herramienta de simulación de matrices de detección es desarrollada para 
probar el comportamiento del sistema en general. Luego, se propone un método 
para inicializar un Filtro de Kalman en Coordenadas Cartesianas, usando un Filtro 
α-β en Coordenadas Polares, el cual demuestra ser de utilidad cuando hay 
blancos en el campo de visón del Radar con aceleración inicial o con altos errores 
de medición debido a su distancia respecto al Radar. Finalmente, se efectúa un 
ajuste de parámetros para optimizar el comportamiento del sistema, en base a 
resultados obtenidos de las pruebas realizadas. 
 
Palabras Clave: Agrupamiento de detecciones, Algoritmo del vecino más próximo 

(NN), Blobs, Enventanado, Filtro de Kalman, Filtro α-β, Matriz de detecciones 

Radar, Modelo Dinámico de Singer, Monte-Carlo, Pistas, Radar de Alta 

Resolución, Seguimiento de Múltiples Blancos, Sistema de coordenadas, TWS. 
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1 INTRODUCTION 
 

 

 

 

The present document is the report of the Radar Systems: technologies, 
equipment and design- Master´s Degree Final Project, being developed in 
Universidad Politécnica de Madrid (UPM), as a part of a TOT & TOK project 
between Colombia and Spain.  

It consists of a development of a complete Data Processing System for a High 
Resolution Primary Radar, an essential element of every modern surveillance 
Radar. This system's main goal is to obtain information about detections produced 
in the Radar Field of View, process them and then generate a set of tracks that 
represent targets that move through this area. Doing so, the features of a Radar 
increase remarkably, providing the operator with precise information, such as 
position, direction, identification and classification of targets, allowing, for example, 
the protection of critical infrastructure.  

 The project objectives are descripted bellow: 

• Design and development with Matlab® of a Data Processing System for a 
High Resolution Primary Radar (HRR), including a Clustering phase and a 
Tracking System module.  

• Development of a simulation interface to verify the accurate performance 
of the Data Processing System. 

• Optimization and selection of the System parameters based on simulated 
and real Data. 

To accomplish those objectives, a research on Radar Processing techniques was 
performed. Chapter 2 presents the design of each of the modules that compose 
the implemented system, with the references consulted to design the system. The 
implemented HR Data Processing system is composed by the following modules: 

 Clustering Module. 

 Gating Module 

 Measurement-to-track Module 

 Track Maintenance Module 

 Track Filtering Module 

Tests and analysis of the performance of the modules mentioned above, based on 
simulation, are shown in Chapter 3, which also includes tests of the whole system, 
using simulated and real data. In Chapter 4 the optimization made to improve the 
system performance is presented, where a method to initialize a Kalman filter using 
an α-β Filter is proposed. Finally conclusions based on the obtained results are 
presented in Chapter 0.  
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2 DESIGN OF THE HIGH-RESOLUTION RADAR DATA PROCESSING 
SYSTEM 

 

 

 

The objective of a data processing system, commonly known as target tracking is 
to collect sensor data from the radar field of view (FOV), process this information 
to obtain a longer-term data of the elements, such as target’s velocity, future 
predicted position, trajectory or target classification.  

Two schemes of target tracking can be distinguished. The first, where there is only 
a single target of interest (Single-Target Tracking, STT), and the other, where a 
surveillance is interested in tracking multiple targets (Multiple-Target Tracking, 
MTT). More information about Target Tracking fundamentals is available in 
Chapter 1 of [1] and Chapter 19 of [2]. The implemented system corresponds to a 
MTT supposing a High-Resolution 2D Track-While-Scan Surveillance Radar, 
conceived for ground targets, such as walking/running people or moving vehicles.  

Figure 2-1 shows a general scheme of a High-Resolution (HR) data processing 
system. A previous Sensor Data Processing System generates a Range VS 
Azimuth detection matrix, which is processed by the Clustering Module, described 
in Section 2.1, obtaining a list of location in Polar Coordinates of the detected 
elements, called blobs. This term is specifically used for HR Radars, but its concept 
is similar to a plot in common radar terminology. On the other hand, the 
Observation-to-Track Association Module described in Section 2.3, using a 
Nearest Neighbor algorithm, links the current blobs, with the predicted tracks which 
are the output of the Track Filtering Module. For this module, 3 different tracking 
filters were implemented, and are presented in Section 2.5. To reduce the 
computation complexity of Observation-to-Track Association Module, the Gating 
Module (Section 2.2) computes a normalized distance between all the currents 
blobs and predicted tracks, discarding distances that overpass a maximum value. 
Finally, the Track Maintenance Module, explained in Section 2.4 manages the 
current tracks, performing functions of track initialization, confirmation and deletion, 
based on a track score.  

 

 
Figure 2-1. HR Radar Data Processing System general scheme 

 

2.1  Clustering Module 

This module has as its main objective to gather detections of the same target 
obtained from a previous Sensor Signal processing, and then, represent them as 



  

4 
 

a single point in Polar Coordinates called blob. As mentioned in the introduction 
chapter, the term blob is specifically used for HR Radars, but its concept is similar 
to a plot in common radar terminology.  

The Clustering algorithm is a necessary process in HR Radars, where a high range 
resolution causes that a target spreads in several detections across the range axis, 
in contrast to conventional radars, where the range resolution is larger than the 
target extension in range. Furthermore, those algorithms usually apply a sliding-
window detector, as described in [3]. 

There are several clustering algorithms that implement different methodologies. 
One of these methodologies implements the use of clustering windows. The 
clustering algorithm that was implemented in the clustering module was developed 
based on a clustering window.  Section 2.1.1 describes how this algorithm is 
implemented [4]. 

An algorithm that served as reference and provided an idea about how to 
implement clustering windows is called Recursive Pixel Finding (RPF) algorithm. 
The RPF algorithm recursively scans every pixel of the cluster in a local area and 
identifies the cluster boundaries. This process is similar to a pixel labeling 
procedure [5]. In most cases, the window size is defined taking as reference 
parameters as the resolution of the radar, the typical size of the targets and radar 
detection probability. 

There are other types of clustering algorithms that implement different 
methodologies. For example, there are algorithms that implement a Segments 
Detection (DS) methodology, where a segment can be defined as a region of one 
azimuth resolution cell extent covered by a set of contiguous cells in range with a 
positive detection [6], [4]. 

Usually, all clustering algorithms implemented in HR radars perform after the 
clustering, a filtering process to discard all different blobs that are formed by a 
single detection or a few number of detections (fewer detections than those 
generated by the typical target size defined according to a specific scenery) in 
order to avoid blobs generated by false alarms. 

To have a better understanding of the clustering algorithm, it is important to define 
how the input and output information should be. The input clustering module 
information is related to detections that have been generated after the signal 
processing. For ease of algorithm design and implementation, it was determined 
that input information, should come, in form of a matrix and two vectors. The matrix 
is called "Radar Detection Matrix", and those vectors are called "Range Sampling 
Vector" and "Azimuth Sampling Vector". 

The Radar Detection matrix is a 3-dimensional array that stores information about 
detections generated in each antenna scan. Each element stored in this matrix 
represents a radar-sampling cell. If the stored data is a 1, it means that the signal 
processing subsystem, has declared a detection in that cell, but if the stored data 
is 0, it means no detection. The rows of this matrix refer to the range and its 
columns refer to azimuth.  
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Figure 2-2 Radar Detection Matrix – (Range x Azimuth x Scan) 

 
Figure 2-3 Radar Detection Matrix – Graphic Representation (Range x Azimuth x 1) 

Azimuth and Range Sampling vectors are 1-dimension vectors that store 
information of range and azimuth position of each cell relative to the radar location 
(which is the point 0,0). Each element stored on these vectors, is calculated taking 
a predetermined sampling value as reference, subsequently with those vectors the 
coordinate axes for the blob matrix are established. This blob matrix is the 
clustering module output. 

 
Figure 2-4 Azimuth and Range Sampling Vectors 

After the algorithm is implemented, the output is a matrix that stores information 
related to the different blobs that have been generated. On this basis, we can say 
that if the clustering process is properly done, the number of blobs generated is 
ideally equal to the number of targets located in the operational area. 
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2.1.1  Clustering Algorithm 

The clustering algorithm as mentioned above implements a procedure that allows 
extracting the information stored in the Radar Detection Matrix to generate a matrix 
of blobs through the use of clustering windows. The following explains in detail this 
algorithm. 

Step 1. In this step, all different cells that compose the radar detection matrix are 
checked from left to right (Azimuth Axis (θ)) and top-down (Range Axis (R)). 

 
Figure 2-5 Checking Cell Movement 

Step 2. In this step, it is analyzed in each cell if there are detections or not. (If the 
cell has a 1, it indicates that there is detection, if the cell has a 0, it indicates that 
there is not detection). When a cell under examination, has a 1 (detection found), 
it is applied around this cell a clustering window with a specific size m x n, taking 
this cell as the window center. The m parameter value makes reference to the 
number of range cells that compose the window and the n parameter value makes 
reference to the number of cells that compose the window in azimuth-axis. Those 
parameters were defined to be adjustable. In addition, during the field test, the 
adequate value will be defined according to a specific operational scenario. 

Subsequently, the axis coordinates (R, θ) of this cell are extracted. This information 
is stored in a matrix called "Clustering Auxiliary Matrix", then, the value inside the 
cell under test is changed from 1 to 0, in order to avoid considering this detection 
again. 

 
Figure 2-6 Detection Checking and Range and Azimuth Coordinates Extraction 

 

Step 3. In this step, a recursively scan to all cells located within the window is 
made. Once it is found a 1 inside of a determined cell, the procedure described in 
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the step 2 is applied again. The process described in step 2, is repeated until all 
cells within the window are checked and does not find any 1 values inside any of 
them. It is important to mention that in this step, window size and edges validation 
processes are performed to avoid possible errors in the algorithm implementation. 

 
Figure 2-7 Clustering Window Location 

 
Figure 2-8 Clustering Process Flow  
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Step 4. In this step, the points (Range points and Azimuth points) stored in the 
"Clustering Aux Matrix" are taken, then, an arithmetic mean is applied to calculate 
a center of mass (centroid). 

 

 

𝜽𝑪𝒆𝒏𝒕𝒓𝒐𝒊𝒅 = 
∑ 𝜽𝒊

𝒏𝑫𝒆𝒕𝒆𝒄𝒕𝒊𝒐𝒏𝒔
𝒊=𝟏

𝒏𝑫𝒆𝒕𝒆𝒄𝒕𝒊𝒐𝒏𝒔

𝒓𝑪𝒆𝒏𝒕𝒓𝒐𝒊𝒅 = 
∑ 𝒓𝒊

𝒏𝑫𝒆𝒕𝒆𝒄𝒕𝒊𝒐𝒏𝒔
𝒊=𝟏

𝒏𝑫𝒆𝒕𝒆𝒄𝒕𝒊𝒐𝒏𝒔

 
(2-1) 

 

The result of these calculations corresponds to the polar position (Range and 
Azimuth) of the centroid for each specific group of detections that correspond to 
specific target. This information along with other additional information as the scan 
number where these detections have been generated, the number of detections 
that form a specific detection group as well as other information that may be useful 
for subsequent processing steps, are stored in the matrix of blobs. 

 

 
Figure 2-9 Centroid Calculation and Storage  

 

Step 5. In this step, the Radar Detection Matrix cells checking process (step 1) 
continues until find another 1 inside a cell. When a 1 is found, the steps 2 and 3 
are applied one more time. At the end of this process, a matrix of blobs will be 
generated with the following stored information: 

 

Matrix of Blobs = [Scan Number, Range Position, Azimuth Position, Detection 
Count, Blob_ID] 
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Figure 2-10 Detection Checking Re-Start 

 

Step 6. In this step, a filtering process of possible false alarms is made. Those 
blobs with a number of detections less than a predefined minimum number of 
detections are discarded and deleted from the matrix of blobs because it is highly 
possible that these blobs may correspond to false alarms. This step allows deleting 
those blobs generated by false alarms in order to achieve to a greater extend that 
the number of blobs in the matrix corresponds to the number of real targets in the 
operation scenario. The predefined minimum number of detections will be adjusted 
in the clustering module field test. 

Step 7. In this step, a transformation process to the centroid’s coordinates of each 
target, stored in the Matrix of Blobs, is applied in order to store its actual range in 
meters and azimuth in degrees. This process is made through the implementation 
of the Range and Azimuth Sampling Vectors. At the end of this step, it has as result 
a Matrix of Blobs, where information about Range and Azimuth for any Blob, is 
stored in meters and degrees respectively. 

  

2.2  Gating Module 

Currently, according to many authors, in many data processing systems the 
manner in which observations are actually chosen to update the track depends on 
the data association method but most data association methods need a previous 
gating process in order to reduce later computation [1]. 

Based on the above, in this project was implemented between clustering and 
association module, a module called "Gating Module". The main objective of this 
module is to determine which blobs can be associated with each specific track, 
through implementing an algorithm that applies a determinate gating technique. 
This process seeks to define which blobs generated within a determinate scan, are 
inside the region defined for a track generated in previous scans and thus, the 
system can perform in the subsequent module the association between blobs and 
tracks. This association process is necessary to update tracks and perform its 
filtering. 

There are different types of gating techniques that can be implemented. One of 
these techniques implements rectangular regions as the observation area. This 
technique is known as "Rectangular Gate Technique" which, as mentioned in [2], 
is one of the simplest techniques to implement. For this particular project, to design 
the algorithm, a gating technique called "Ellipsoidal Gates Technique" was taken 
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as reference. This approach implements the use of ellipsoidal regions as 
observation area. [1] 

To get a better understanding of the gating algorithm, it is important to define the 
input and output information. The input information that enters into the gating 
module, are a set of matrices. One of them is the matrix of blobs that has been 
generated in the previous module (module clustering) and the other one is the 
matrix of tracks, which will be generated in a subsequent module (tracking module). 
The output information is a matrix that containing information related to the 
distances between blobs and tracks that meet the threshold condition, defined 
according to the gating technique that was taken as reference. 

 

2.2.1 Gating Algorithm 

To design the algorithm, a gating technique that implements the use of ellipsoidal 
regions was taken as reference. The most important parameter in the algorithm 
was defined according with this technique. This parameter is called "Track-Blob 
Distance Threshold”. This threshold allows one to filter those distances between 
tracks and blobs whose value is greater than this one. This distance is performed 
using the Mahalanobis Distance in order to weight equally the differences in range 
and azimuth [4] [7].  

The following equation describes the Mahalanobis Distance for uncorrelated 
variables: 

 
𝑑2 = 

(𝑟𝑇𝑟𝑎𝑐𝑘 − 𝑟𝐵𝑙𝑜𝑏)
2

𝜎𝑟
2

+ 
(𝜃𝑇𝑟𝑎𝑐𝑘 − 𝜃𝐵𝑙𝑜𝑏)

2

𝜎𝜃
2

 
(2-2) 

As the above equation shows, the Mahalanobis Distance uses the Azimuth and 
Range measurement error (𝜎𝑟, 𝜎𝜃) respectively, to weigh all azimuth and range 
differences. In other words, it gives a weight to the azimuth and range differences 
in accordance to the uncertainty of the measurement. It is important to add that if 
the measurement error in both components is the same so the normalized 
covariance matrix is the identity, this distance coincides with the Euclidean 
distance. 

In the gating process this concept is important to understand and keep in mind 
because in radar systems measurement errors are usually different for each 
variable [4]. 

The Gating Algorithm allows one to define those blobs that are located inside the 
observation region of a determined track. Each step involves in this algorithm will 
be mentioned in detail below. 

Step 1. In this first step, the radar scan number is verified. If the radar scan number 
is 1, an empty gating matrix is generated for the gating module. This is because 
until that moment only blobs have been generated and there are not any track 
generated. If the radar scan number is greater than 1, step 2 is implemented. 

 

Step 2. In this step, the distance (Mahalanobis Distance) between tracks and blobs 
is calculated implementing (2-2) taking those tracks generated and stored in the 
matrix of tracks and the new blobs generated and stored in the matrix of blobs. 
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Figure 2-11 Track-Blob normalized distance 

 

All results obtained of each calculated distances, are stored in the matrix of gating. 
To storage this information, a storage-relationship between Track-Blob was 
defined, through a matrix row-column encoding. That was made to facilitate to next 
modules to extract this information in an organized and easy way. 

 
Figure 2-12 Matrix of gating  

Besides this step, an additional process was implemented. In this process it is 
made an adjustment to the value of the difference between the blob and track 
azimuth angles. This adjustment is made because there are positions of the blobs 
and tracks inside the operation area, where, although the blob is located inside the 
observation area of the track, after calculate the distance, the result has a big 
magnitude. This indicates that blob is far from the track and this one is not inside 
the track observation area, which represents an error. This problem is caused 
because the azimuth axis is cyclically represented between 0 and 360 degrees. 

The following example demonstrates the issue mentioned before. A target has a 
movement from an azimuth position close to 350 degrees and is moving with 
direction to 0 degrees point over azimuth axis. This target generates blobs with 
azimuth coordinates with magnitude values near to 360 before the 0 degrees point. 
After passing through the point 0 degrees, blobs with azimuth coordinates 
magnitude values near 0 are generated. If the equation is applied directly, the result 
obtained will have a big magnitude value. That result shows that new blobs 
generated after target passed 0 degrees point would not be associated to the track 
generated before passing the same point, when, they should have a relationship, 
so the process would not be made correctly. 

 
Figure 2-13 Track-Blob Azimuth adjustment Issue Example 
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To solve this issue, a critical angle was defined around the axis 0. This one 
provides a reference area to implement a determined adjustment process.  

 
Figure 2-14 Critical Angle 

These adjustment processes are defined according to the positional relationship 
between Track and Blob. The following are the cases where this adjustment is 
made. 

Case 1.Track Azimuth > (360-Critical Angle) and Blob Azimuth < Critical Angle. 

 In this case the normalized distance is computed as follows: 

 

 
𝑑2 = 

(𝑟𝑇𝑟𝑎𝑐𝑘 − 𝑟𝐵𝑙𝑜𝑏)
2

𝜎𝑟
2

+ 
(360 + (𝜃𝑇𝑟𝑎𝑐𝑘 − 𝜃𝐵𝑙𝑜𝑏))

2

𝜎𝜃
2

 
(2-3) 

 
Figure 2-15 Case 1. Track – Blob Location 

Case 2. Track Azimuth < Critical Angle and Blob Azimuth > (360-Critical Angle) 

Here, the normalized distance is calculated as: 

 

  
𝒅𝟐 = 

(𝒓𝑻𝒓𝒂𝒄𝒌 − 𝒓𝑩𝒍𝒐𝒃)
𝟐

𝝈𝒓
𝟐

+ 
(𝟑𝟔𝟎 − (𝜽𝑻𝒓𝒂𝒄𝒌 − 𝜽𝑩𝒍𝒐𝒃))

𝟐

𝝈𝜽
𝟐

 
(2-4) 
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Figure 2-16 Track – Blob Location 

 

Step 3. In this step, a filtering process is implemented. All distances stored in the 
gating matrix are compared with the "Track-to-Blob Distance Threshold". The 
values below this threshold are left the same in the array. On the other hand, the 
values above the threshold are modified. They are changed for a value called 
"DExterior" which has a magnitude of the square threshold value. This is 
implemented to facilitate future processes as "Track Management Process", which 
will be performed in later modules. 

 

2.3 Observation-to-Track Association Module 

Within the data processing chain implemented in this project, the association 
process Track - Blob, is perhaps the heart of it. If the association between the blob 
generated by a specific target in the previous stages of the data processing and its 
track generated by a sequence of blobs in earlier scans is successful, the 
subsequent tracking process, which has as goal to estimate and predict trajectories 
for all targets inside the operating scenario, is going to be performed correctly. 
Additionally, it is possible to generate alarms for any collision or hostile and 
unexpected behavior of any target inside the operating scenario [4]  

To have a better understanding about the module performance, it is important to 
mention which the inputs and outputs are. The input information is that stored in 
the matrix of gating, matrix of blobs and matrix of tracks. The output module 
information is stored in the matrix of association. 

To implement the association module, first, it was necessary to analyze those most 
common operation scenarios. As a result of this analysis, were defined 4 possible 
cases, where, this module implements a specific data process to ensure the correct 
performance of the system. 

Case 1. This one occurs, when, there is not any blob or track to process. This one 
usually occurs in the first radar scan or those scan, where, there is not any target 
in the operation scenario. In this case, the association process is not implemented. 

Case 2.This one occurs in particular radar scan, when, there are blobs generated, 
and there are not tracks. In this case, the association process is not implemented. 

Case 3.This one occurs in particular radar scan, when, there are tracks, and there 
are not blobs generated. In this case, the association process is not implemented. 
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Case 4. This one occurs in a particular radar scan, when, there are blobs and 
tracks. In this case, the association process is implemented. 

Finally, to perform the blob-to-track association, a typical algorithm denominated 
the Nearest Neighbor is implemented, and is described below. 

 

2.3.1 Nearest Neighbor Algorithm (NN) 

This algorithm, briefly described in [2] and [8], implements a simple methodology 
of association. This one associates a particular track with a determinate blob that 
meets two non-mutually exclusive conditions. The first condition is that the blob 
should be inside the track observation area. The second condition is that this 
determined blob should be the closest blob to the track. Based on this, there is a 
Track-Blob relationship 1 to N. That means that a blob can be associate with 
multiple tracks but a track cannot be associated with multiple blobs. 

 
Figure 2-17 Nearest Neighbor Algorithm (NN) 

 

2.4  Track Maintenance Module 

A MTT system (commonly known as Track-While-Scan System, TWS) should keep 
information of a considerable number of targets; every time a new object appears 
in the radar FOV a track should be formed, but the detected element could be 
either a real target or a false alarm due for example by noise or clutter, and that is 
why a track must be confirmed after a certainly number of scans. In addition, a 
target that disappears from the FOV should not be tracked anymore. This is the 
main purpose of the Track maintenance module and, as mentioned by Blackman 
and Popoli [1], it refers to the functions of track initiation, confirmation and deletion, 
which are made based on a score given to each track. The next sections describe 
how these functions are implemented. 

 

2.4.1 Score Function 

The output of the Observation-to-Track Association Module,-described in Section 
2.3- consists of a list with the relation between the current blobs and tracks. There 
are 3 possible classes of associations: 

1) There is a new blob associated to a current track. 
2) A new blob doesn’t have a related track. 
3) A formed track doesn’t have an associated blob. 
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The score function works as follows: every time 2) occurs, a new track is initialized, 
and a score of 0 is assigned to it. When 1) takes place, the track’s score is 
incremented by 1. Finally, if 3) happens, the score of that track is decreased by 1. 
If after several scans, the track has associated blobs, its score will increase until a 
maximum value, which is needed for the track deletion function described in 
section 2.4.3. (2-5) describes the operation made to actualize the score of each 
track: 

 𝒔𝒄𝒐𝒓𝒆𝒏 = 𝐦𝐢𝐧 (𝒔𝒄𝒐𝒓𝒆𝒏−𝟏 + (𝟏 − 𝟐 × (𝑵𝒐𝒏 𝑨𝒔𝒔𝒐𝒄𝒊𝒂𝒕𝒆𝒅 𝑩𝒍𝒐𝒃)),𝐦𝐚𝐱 𝒔𝒄𝒐𝒓𝒆) (2-5) 

Where the term Non Associated Blob refers to a logical operation, which value is 
1 when the track does not have an associated blob and 0, otherwise. 

The track confirmation, and deletion functions are done based on the tracks’ score 
and are described below. 

 

2.4.2  Track confirmation 

Besides the score value assigned to each track, and in order to evaluate it in a 
simpler way, the tracks are classified between: tentative or active. The first time a 
new blob becomes a track, it becomes a tentative track -there is not enough 
information to assure whether it is effectively a real target or not-, and it must take 
some radar scans with associated blobs to the track in mention to be confirmed 
and become an active track. When the score of a tentative track surpass a value, 
denominated tentative-to-active threshold, it will become an active track. The 
distinction between tentative and active tracks is useful for the visualization tasks 
of the radar and even to optimize some characteristics of the MTT system. The 
Track Confirmation function is implemented as shown in (2-6) 

 𝒊 𝒇 𝒔𝒄𝒐𝒓𝒆 > 𝑻𝒆𝒏𝒕𝒂𝒕𝒊𝒗𝒆 − 𝒕𝒐 − 𝒂𝒄𝒕𝒊𝒗𝒆 𝑻𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅 𝒕𝒉𝒆𝒏 𝑻𝒓𝒂𝒄𝒌 𝒕𝒚𝒑𝒆 = 𝑨𝒄𝒕𝒊𝒗𝒆 (2-6) 

   

2.4.3 Track deletion 

A track that remains in the FOV will consequently increase its score. Some cases 
the score will decrease due to misassociation and probability of detection, but if 
the tracking is performed accurately and the target is detected in every scan, the 
score will increase continuously, and even will reach the maximum score, 
mentioned in section 2.4.1. But if the target is no longer in the FOV, its score will 
drop scan by scan. This target should not be tracked anymore which means that 
the track should be deleted. To do so, a track-deletion score threshold is applied, 
and when a track reaches this threshold, it is erased and therefore, no tracking will 
be performed on it. Track deletion is also useful to delete tentative track that were 
generated by false alarms.  

An example of a track’s cycle of life is shown in Figure 2-18 for a Maximum Score 
of 10, a Tentative-to-Active threshold of 1 and a deletion value of 0. These values 
must be selected to secure a correct operation of the MTT system. In Section 4.2.2 
it is shown how these parameters are chosen based on test made with simulated 
and real data, which are presented in Chapter 3 
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Figure 2-18. A track’s cycle of life 

 

2.5 Track Filtering Module 

Track filtering refers to the process of estimating the kinematic estates of a track 
(for example position, velocity and acceleration) based on measurements (blobs) 
assigned to the track in the association process. Once the estimations are made, 
they are used to predict where the target’s measurement will be on next scan. An 
accurate track filter will get an estimation error (the difference between the real 
target location and its estimate) close to zero -at least this error should be better 
than the measurement error-. Furthermore, the prediction of the tracks’ next state 
should allow the association algorithm to relate its corresponding blob. 

There are two groups of filtering techniques. The first perform a parametric 
estimation, supposing a perfect model and using multiple scan data. Least squares 
and maximum likehood are examples of those techniques and more information 
related with them can be found in [1], [2] and [9]. The other group used stochastic 
estimation, and is widely used in tracking, because they consider an imperfect 
model (being able to handle target random maneuvering) and also, are executed 
in a recursive manner, considering only the present measured data to perform the 
estimation. The algorithms implemented here correspond to the second group and 
are described in the following sections. 

There are several notations used in the literature to define the kinematic estates, 
its measurements and estimates. Chapter 1 of [10] provides a list with the more 
commonly used notation. In order to help the understanding, Table 2-1 shows the 
notation used in the present work.  

 Section 2.5.1describes the implementation of the α-β filter (a filter that suppose 
constant velocity), while section 2.5.2 shows the implementation of two different 
Kalman filters, one based on a classic measurement conversion and the other 
based on a more accurate conversion when the track is far away from the radar. 
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Table 2-1 Notation used in this document 

Notation Description 

𝑋𝑘 Kinematic state vector at time 𝑡𝑘 

𝑍𝑘 Measurement at time 𝑡𝑘 

𝑋𝑘|𝑗 State estimate at 𝑡𝑘 given measurements trough 𝑡𝑗 

𝑋𝑘|𝑘 Filtered estate estimated 

𝑋𝑘|𝑘−1 One-step prediction estimate 

𝑟, 𝜃;  𝑥, 𝑦 
Symbols used to describe the position in Polar and 
Cartesian coordinates 

�̇�, �̇�;  �̇�,  �̇� Derivate of the target’s position (velocity) 

𝑟𝑚, 𝜃𝑚; 𝑥𝑚, 𝑦𝑚 Measured values 

𝑟𝑒 , 𝜃𝑒; 𝑥𝑒 , 𝑦𝑒 Estimated values 

𝑟𝑝, 𝜃𝑝; 𝑥𝑝, 𝑦𝑝 Predicted values 
 
 

2.5.1 α-β Filter 

The α-β filter is a constant-gain recursive filter which considers constant velocity 
motion. It is essentially a weighting function between the target’s measurement 
and its predicted value. The choice of the gains will give more importance to the 
measurement or the predicted values. Brookner [11] describes the α-β filter in a 
heuristic manner, useful to understand its behavior. The implemented α-β filter 
uses directly Polar coordinates, which correspond to the radar measurements. The 
kinematic state vector is: 

 𝑿𝒌 = [

𝒓
𝜽
�̇�
�̇�

] (2-7) 

 

The α-β filter is executed in two stages. The first will estimate the track kinematic 
state and is called the filtering equation (2-8). The other stage predicts the target’s 
next state and is known as the prediction equation. The matrix representation of 
the α-β filter equations are presented below: 

Filtering equation 

 𝑿𝒌|𝒌 = 𝑿𝒌|𝒌−𝟏 +

[
 
 
 
 
 
𝜶𝒓
𝜶𝜽

𝜷𝒓

𝑻
𝜷𝜽

𝑻 ]
 
 
 
 
 

(𝒁𝒌 − 𝑯𝑿𝒌|𝒌−𝟏) (2-8) 

Where,  

 𝒁𝒌 = [
𝒓𝒎

𝜽𝒎
] (2-9) 

is the measurement vector, and 

 𝑯 = [
𝟏
𝟎

𝟎
𝟏

𝟎
𝟎

𝟎
𝟎
] (2-10) 
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is the measurement sensitivity matrix (Here, it is supposed that only Range and 
azimuth position is available). 

 

Prediction Equation 

 𝑿𝒌+𝟏|𝒌 = 𝚽𝑿𝒌|𝒌 (2-11) 

 
Where Φ is the transition matrix and is given by: 
 

 𝚽 = [

𝟏 𝟎 𝑻 𝟎
𝟎 𝟏 𝟎 𝑻
𝟎
𝟎

𝟎
𝟎

𝟏
𝟎

𝟎
𝟏

] (2-12) 

 
𝑇, is the sampling time, in seconds, and is related to the radar’s frequency of 
rotation by: 

 
𝑻 =

𝟔𝟎

𝛀(𝒓. 𝒑.𝒎)
 

(2-13) 

The expression 𝒁𝒌 − 𝑯𝑿𝒌|𝒌−𝟏 in (2-8) is commonly known as the innovation and is 

the difference between the measured and the predicted values. The closer they 

are, the lower is this quantity. The innovation is multiplied by the filter gains (𝛼𝑟, 
𝛽𝑟

𝑇
 

for range and 𝛼𝜃, 
𝛽𝜃

𝑇
 for azimuth), and depending on how large this parameters are, 

more weight will have the innovation on the track’s estimation. Hence, 𝛼 and 𝛽 are 
the filter parameters and the selection of its values will define the filter performance. 
The Benedict-Borner filter, as described in [11]  and [12], is an α-β filter that 
minimize the transient error, and is done by choosing a relation between the filter 
parameters, given by: 

 
𝜷 =

𝜶𝟐

𝟐 − 𝜶
 (2-14) 

To obtain the filter parameters, (2-14) is typically used combined with a criterion 
that minimizes the lag error. To implement this technique, it is necessary to know 
radar parameters such as measurement error and the target expected maximum 
acceleration, which sometimes is information not available.  The method used in 
the present implementation is to tune the filter by varying α, obtaining β from (2-14), 
using simulated or real data and observing how the estimation error varies. Chapter 
3 shows some results of this method.  

From (2-8) it can be inferred that to estimate a track position, it is needed to have 
a previous prediction of the target state. Being 𝑘 = 0, the first radar scan a target 
is detected and a blob is obtained, there is not enough information about the target 
to perform the filter. Actually, the filter can only be used at 𝑘 = 2, and a preliminary 
initialization needs to be made, and is described in the equations below: 

 

 𝒓𝒆(𝟎), 𝒓𝒑(𝟎) = 𝒓𝒎(𝟎)

�̇�𝒆(𝟎), �̇�𝒑(𝟎) = 𝟎
 

(2-15) 
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𝒓𝒆(𝟏) = 𝒓𝒎(𝟏)

�̇�𝒆(𝟏) = �̇�𝒑(𝟏) =
𝒓𝒎(𝟏) − 𝒓𝒎(𝟎)

𝑻
𝒓𝒑(𝟏) = 𝒓𝒆(𝟏) + �̇�𝒆(𝟏)𝑻

 
(2-16) 

 

(2-15) and (2-16) describe the procedure implemented to initialize the radar track 
in range, for azimuth the same operations are performed.  

Other aspect to be considered is the one related with the first predictions made, 
which are no trusting enough. Therefore is convenient to bring more importance to 
the measurements for the first scans, which implies that the filter gains have to 

vary in function of 𝑘. This procedure is described in [13] and is shown below: 

 
𝜶𝒌 = 𝒎𝒂𝒙{

𝟐(𝟐𝒌 + 𝟏)

(𝒌 + 𝟏)(𝒌 + 𝟐)
, 𝜶}

𝜷𝒌 = 𝒎𝒂𝒙 {
𝟔

(𝒌 + 𝟏)(𝒌 + 𝟐)
, 𝜷}

 
(2-17) 

Finally, similarly to the gating module in Section 2.2, a last point that was included 
in the design is an issue related with the discontinuity in azimuth presented in Polar 
coordinates. Let´s suppose a target is moving in an azimuth angle close to 0°, its 
measured value is 0.5° and its prediction is 359.5°. The obtained innovation 𝐼𝜃 is -
360°, when actually should be 1°. If this issue is not prevented, it may produce a 
bad behavior of the tracking system. To handle this possible event, a critical region 
is demarcated by the angles between ∓𝜃𝑐, as shown in Figure 2-19. Tracks with 
measured angles falling in this region are treated according to an implemented 
algorithm described in (2-18). Tracks too closed to the radar might have a similar 
problem estimating the range, but this situation is unusual, therefore, a prevention 
algorithm is not needed  

 

 

𝒊𝒇(𝜽𝒎 < 𝜽𝒄)𝒂𝒏𝒅 (𝜽𝒑 > 𝟑𝟔𝟎° − 𝜽𝒄) 

𝒕𝒉𝒆𝒏 𝑰𝜽 = 𝜽𝒎 − 𝜽𝒑 + 𝟑𝟔𝟎°

         

 𝒆𝒍𝒔𝒆, 𝒊𝒇(𝜽𝒎 > 𝟑𝟔𝟎° − 𝜽𝒄)𝒂𝒏𝒅(𝜽𝒑 < 𝜽𝒄)

𝒕𝒉𝒆𝒏 𝑰𝜽 = 𝜽𝒎 − 𝜽𝒑 − 𝟑𝟔𝟎°

𝒆𝒍𝒔𝒆, 𝑰𝜽 = 𝜽𝒎 − 𝜽𝒑 

 

          

 
(2-18) 

 
Figure 2-19. Critical region for α-β Filter  
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2.5.2 Kalman Filter 

Published by Kalman [14] in 1960, the Kalman filter (KF) is a recursive method that 
minimizes the linear-quadratic estimation error.  Since its discovery, the KF has 
been subject of several researches and applications, in fields such as process 
control, flood prediction, tracking, navigation, etc. [10]. Welch and Bishop [15] 
introduce the KF in a comprehensive way, useful to get to know how it works.  

 

The process to be estimated is represented by the following difference equations: 

 𝑿𝒌 = 𝝓𝑿𝒌−𝟏 + 𝑾𝒌

𝒁𝒌 = 𝑯𝑿𝒌 + 𝑽𝒌
 

(2-19) 

Where 𝑉𝑘 represents the measurement noise which has a normal probability 
distribution described by its covariance matrix 𝑅, and 𝑊𝑘 represents the 
randomness of the target dynamic, and is defined by an assumed known 
covariance 𝑄. The estimation done by the KF (or any kind of estimator) is described 
by 

 
𝒆𝒌 = 𝑿𝒌 − 𝑿𝒌|𝒌 (2-20) 

Which is called the estimation error, defines the filer performance and is defined 

by 𝑃, the estimation covariance matrix: 

 
𝑷 = 𝑬[𝒆𝒌𝒆𝒌′] (2-21) 

The KF minimizes (2-21) by computing a gain 𝐾𝑘, in contrast to the α-β filter whose 
gains have fixed values  

Similar to the α-β filter, the KF is divided in a filtering step, where an estimation is 
made based on the target’s measurement and a previous state prediction. In the 
second step, the estimation is used to predict the target state on the next sample. 
The implemented KF are based on the operations shown below: 

Filtering Step 

 𝑲𝒌 = 𝑷𝒌|𝒌−𝟏𝑯′[𝑯𝑷𝒌|𝒌−𝟏𝑯
′ + 𝑹𝒌]

−𝟏
  (2-22) 

 𝑿𝒌|𝒌 = 𝑿𝒌|𝒌−𝟏 + 𝑲𝑲[𝒁𝒌 − 𝑯𝑿𝒌|𝒌−𝟏]  (2-23) 

 𝑷𝒌|𝒌 = [𝑰 − 𝑲𝒌𝑯]𝑷𝒌|𝒌−𝟏[𝑰 − 𝑲𝒌𝑯]′ + 𝑲𝒌𝑹𝒌𝑲𝒌′  (2-24) 

Prediction Step 

 𝑿𝒌+𝟏|𝒌 = 𝚽𝑿𝒌|𝒌 (2-25) 

 𝑷𝒌+𝟏|𝒌 = 𝚽𝑷𝒌|𝒌𝚽
′ + 𝑸 (2-26) 

As discussed by Blackman and Popoli [1], an issue related to tracking in polar 
coordinates is that nonlinearities may arise in azimuth, even if the target presents 
linear dynamics. Therefore, for the present implementation, Cartesian coordinates 
are used, which have the advantage of allowing the use of linear target dynamic 
models. There are two strategies to use Cartesian coordinates, the first is to 
process the measurements directly and use an Extended Kalman Filter, which 
applies a linearization to the measurement model. Doing so, a significant 
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estimation error may occur. The second strategy is to first convert the 
measurements to Cartesian coordinates, and then apply a Linear Kalman Filter. 
This option is used in the present work and corresponds to the previously defined 
(2-22) through (2-26) equations.  

Once chosen the approach to be implemented, the next step is to define each of 
the terms in (2-22) through (2-26), which are shown below: 

 

The kinematic state vector, in Cartesian coordinates, 

 

 
𝑿𝒌 = [

𝒙
𝒚
�̇�
�̇�

] 
(2-27) 

 

The Sensitivity matrix, 

 
𝑯 = [

𝟏
𝟎

𝟎
𝟏

𝟎
𝟎

𝟎
𝟎
] 

(2-28) 

 

The state-transition matrix, 

 
𝚽 = [

𝟏 𝟎 𝑻 𝟎
𝟎 𝟏 𝟎 𝑻
𝟎
𝟎

𝟎
𝟎

𝟏
𝟎

𝟎
𝟏

] 
(2-29) 

The measurement vector,  

 
𝒁𝒌 = [

𝒙𝒎

𝒚𝒎
] 

(2-30) 

The measurement covariance matrix, 

 
𝑹𝒌 = [

𝝈𝒙
𝟐 𝝈𝒙𝒚

𝟐

𝝈𝒙𝒚
𝟐 𝝈𝒚

𝟐 ] 
(2-31) 

As mentioned above, this approach is based on a preliminary measurement 
conversion, which means that the error in polar coordinates is propagated to the 
Cartesian coordinates. The classical coordinate conversion is shown below: 

 𝒙𝒎 = 𝒓𝒎𝒄𝒐𝒔𝜽𝒎

𝒚𝒎 = 𝒓𝒎𝒔𝒊𝒏𝜽𝒎
 

(2-32) 

The error propagation due to (2-32) is [1]: 

 

 

𝝈𝒙
𝟐 = 𝝈𝒓

𝟐𝒄𝒐𝒔𝟐𝜽𝒎 + 𝝈𝜽
𝟐𝒓𝒎

𝟐 𝒔𝒊𝒏𝟐𝜽𝒎

𝝈𝒚
𝟐 = 𝝈𝒓

𝟐𝒔𝒊𝒏𝟐𝜽𝒎 + 𝝈𝜽
𝟐𝒓𝒎

𝟐 𝒄𝒐𝒔𝟐𝜽𝒎

𝝈𝒙𝒚
𝟐 =

𝟏

𝟐
𝒔𝒊𝒏𝟐𝜽𝒎[𝝈𝒓

𝟐 − 𝝈𝜽
𝟐𝒓𝒎

𝟐 ]

 
(2-33) 
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Where 𝜎𝑟 and 𝜎𝑚 correspond to the measurement errors in range and azimuth, 

respectively. Note that the last term in the expressions to define 𝜎𝑥
2 and 𝜎𝑦

2 have a 

greater significance than the first terms (assuming 𝜎𝑟 is small), therefore, those 
terms can be ignored. 

According to Bar-Shalom and Lerro [16], due to certain levels of cross-range 
measurement error (𝑟𝑚𝜎𝑟), the mean of the error is significant and a debiasing 
compensation is required.  

This compensation should be done for the following conditions: 

 𝒓𝒎𝝈𝜽
𝟐

𝝈𝒓
< 𝟎. 𝟒, 𝝈𝜽 < 𝟎. 𝟒 𝒓𝒂𝒅 ≈ 𝟐𝟑° 

(2-34) 

To implement the debiasing compensation, the measurement conversion is 

 
𝒙𝒎 = 𝒓𝒎𝒄𝒐𝒔𝜽𝒎 − 𝒓𝒎𝒄𝒐𝒔𝜽𝒎 (𝒆𝝈𝜽

𝟐
− 𝒆

𝝈𝜽
𝟐

𝟐
⁄

)

𝒚𝒎 = 𝒓𝒎𝒔𝒊𝒏𝜽𝒎 − 𝒓𝒎𝒔𝒊𝒏𝜽𝒎 (𝒆𝝈𝜽
𝟐
− 𝒆

𝝈𝜽
𝟐

𝟐
⁄

)

 
(2-35) 

And the error covariance quantities become 

 
𝝈𝒙

𝟐 = 𝒆−𝟐𝝈𝜽
𝟐
[𝒓𝒎

𝟐 (𝒄𝟏𝒄𝒐𝒔𝟐𝜽𝒎 + 𝒄𝟐𝒔𝒊𝒏
𝟐𝜽𝒎) + 𝝈𝒓

𝟐(𝒄𝟑𝒄𝒐𝒔𝟐𝜽𝒎 + 𝒄𝟒𝒔𝒊𝒏
𝟐𝜽𝒎)]

𝝈𝒚
𝟐 = 𝒆𝝈𝜽[𝒓𝒎

𝟐 (𝒄𝟏𝒔𝒊𝒏
𝟐𝜽𝒎 + 𝒄𝟐𝒄𝒐𝒔𝟐𝜽𝒎) + 𝝈𝒓

𝟐(𝒄𝟑𝒔𝒊𝒏
𝟐𝜽𝒎 + 𝒄𝟒𝒄𝒐𝒔𝟐𝜽𝒎)]

𝝈𝒙𝒚
𝟐 = 𝒔𝒊𝒏𝜽𝒎𝒄𝒐𝒔𝜽𝒎𝒆−𝟒𝝈𝜽

𝟐
{𝝈𝒓

𝟐 + [𝒓𝒎
𝟐 + 𝝈𝒓

𝟐] [𝟏 − 𝒆𝝈𝜽
𝟐
]}

 
(2-36) 

  

Where,  

 

𝒄𝟏 = 𝒄𝒐𝒔𝒉𝟐𝝈𝜽
𝟐 − 𝒄𝒐𝒔𝒉𝝈𝜽

𝟐

𝒄𝟐 = 𝒔𝒊𝒏𝒉𝟐𝝈𝜽
𝟐 − 𝒔𝒊𝒏𝒉𝝈𝜽

𝟐

   𝒄𝟑 = 𝟐𝒄𝒐𝒔𝒉𝟐𝝈𝜽
𝟐 − 𝒄𝒐𝒔𝒉𝝈𝜽

𝟐

   𝒄𝟒 = 𝟐𝒔𝒊𝒏𝒉𝟐𝝈𝜽
𝟐 − 𝒔𝒊𝒏𝒉𝝈𝜽

𝟐

 
(2-37) 

Both the classical and de debiasing compensation measurement conversions are 
implemented. A comparison of them is performed in 3.1.2 

The last term to be defined in the KF equations corresponds to the process noise 

covariance 𝑄. This term describes the uncertainty in state estimation due to target 
dynamics. [1] and [2] described the most typical target dynamic models used in 
tracking. From those, the Singer model for approximately constant velocity is 
chosen and its corresponding 𝑄 is shown in (2-38). The Singer model is used to 
simulate target dynamics and is describe with more detail in 3.1.1. 

 
𝑸 = 𝟐𝝈𝒎

𝟐 𝝉𝒎

[
 
 
 
 
 
 
 
 
𝑻𝟑

𝟑
𝟎

𝑻𝟐

𝟐
𝟎

𝟎
𝑻𝟑

𝟑
𝟎

𝑻𝟐

𝟐
𝑻𝟐

𝟐
𝟎 𝑻 𝟎

𝟎
𝑻𝟐

𝟐
𝟎 𝑻 ]

 
 
 
 
 
 
 
 

 
(2-38) 

Where 𝜏𝑚 is the target maneuvering constant and 𝜎𝑚 is the target acceleration 
standard deviation. 
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Similarly to the α-β filter, it is necessary to perform an initialization prior to apply 
the KF. (2-39) and (2-40) show the initialization for 𝑥, being equivalent for 𝑦. 

 𝒙𝒆(𝟎), 𝒙𝒑(𝟎) = 𝒙𝒎(𝟎)

�̇�𝒆(𝟎), �̇�𝒑(𝟎) = 𝟎
 

(2-39) 

 
𝒙𝒆(𝟏) = 𝒙𝒎(𝟏)

�̇�𝒆(𝟏) = �̇�𝒑(𝟏) =
𝒙𝒎(𝟏) − 𝒙𝒎(𝟎)

𝑻
𝒙𝒑(𝟏) = 𝒙𝒆(𝟏) + �̇�𝒆(𝟏)𝑻

 
(2-40) 

Note that 𝑥𝑚and 𝑦𝑚 are obtained from (2-32). For the KF, it is also necessary to 
initialize the predicted estimation covariance matrix. To do so, the two-point 
differencing method, as mentioned by Bar-Shalom and Li [9], is used, and 
presented below: 

 
𝑷𝟏|𝟏 = 𝟐𝝈𝟐

[
 
 
 
 
 
 
 𝒑𝟏𝟏 𝒑𝟐𝟏

𝒑𝟏𝟏

𝑻

𝒑𝟏𝟐

𝑻

𝒑𝟐𝟏 𝒑𝟐𝟐

𝒑𝟏𝟐

𝑻

𝒑𝟐𝟐

𝑻
𝒑𝟏𝟏

𝑻

𝒑𝟏𝟐

𝑻

𝟐𝒑𝟏𝟏

𝑻𝟐

𝟐𝒑𝟏𝟐

𝑻𝟐

𝒑𝟏𝟐

𝑻

𝒑𝟐𝟐

𝑻

𝟐𝒑𝟏𝟐

𝑻𝟐

𝟐𝒑𝟐𝟐

𝑻𝟐 ]
 
 
 
 
 
 
 

 
(2-41) 

Where,  

 
𝒑𝟏𝟏 = 𝒓𝒎(𝟏)𝟐𝒔𝒊𝒏𝟐𝜽𝒎(𝟏)

𝒑𝟐𝟐 = 𝒓𝒎(𝟏)𝟐𝒄𝒐𝒔𝟐𝜽𝒎(𝟏)

𝒑𝟏𝟐 = 𝒑𝟐𝟏 = −𝒓𝒎(𝟏)𝟐𝒄𝒐𝒔𝜽𝒎(𝟏)𝒔𝒊𝒏𝜽𝒎(𝟏)

 
(2-42) 

Once 𝑃1|1 is obtained, 𝑃2|1 is computed using (2-26) 

Finally, one important feature of the KF is that it provides a convenient measure of 
the estimation error (𝜎𝑥𝑒

 and 𝜎𝑦𝑒
) through 𝑃𝑘|𝑘 [1].Those quantities may be used 

when computing the Mahalanobis distance (2-2) in the gating module. Those 
estimation errors are obtained in Cartesian coordinates, thus, it is necessary to 
make a conversion to Polar coordinates, which is performed by using the concept 
of error propagation [17], and the coordinate’s conversion (2-43). The error 
conversion is shown in (2-44) 

 

 
𝒓 = √𝒙𝟐 + 𝒚𝟐

𝜽 = 𝐭𝐚𝐧−𝟏
𝒚

𝒙

 (2-43) 

 

𝝈𝒓
𝟐
𝒆 =

𝒙𝒆
𝟐

𝒙𝒆
𝟐 + 𝒚𝒆

𝟐
𝝈𝒙𝒆

𝟐 +
𝒚𝒆

𝟐

𝒙𝒆
𝟐 + 𝒚𝒆

𝟐
𝝈𝒚𝒆

𝟐

𝝈𝜽
𝟐
𝒆

=
𝒚𝒆

𝟐

(𝒙𝒆
𝟐 + 𝒚𝒆

𝟐)
𝟐
𝝈𝒙𝒆

𝟐 +
𝒙𝒆

𝟐

(𝒙𝒆
𝟐 + 𝒚𝒆

𝟐)
𝟐
𝝈𝒚𝒆

𝟐

 
(2-44) 
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3 TEST AND ANALYSIS 
 

 

 

To validate and analyze the performance of each of the modules of the MTT 
System designed in Chapter 2, a series of tests are carried out. To make those 
tests in an easy, agile and effective way, it was developed a High-Resolution (HR) 
data processing tool using Matlab®. This data processing tool is described in 
Annex B.  

For the case of track filtering Module, a comparison of the different filters described 
in Section 2.5 are performed, by using Monte-Carlo runs and the Singer 
Maneuvering Model, to simulate different types of targets. Explanation of the tests 
and the obtained results are described in Section 3.1. Subsequently, a test to 
analyze the performance of the Track Maintenance Module is presented in Section 
3.2, simulating three targets appearing in the FOV. Later, the clustering module 
tests are described in Section 3.3, where targets with different characteristics and 
size are simulated, together with different values of false alarm probability. Due to 
the strong interaction of the gating and measurement-to-Track Modules with the 
other ones, their performance is analyzed in tests of the integrated system. 

Tests perform on the integrated system based on simulated data are presented in 
Section 3.4. To do those tests, a useful Detection Matrix generator is implemented, 
which is described in Section 3.4.1. Finally, as presented in Section 3.5, real data 
are used to validate the whole system performance. 

 

3.1 Track Filtering Module Tests 

A proper tracking algorithm should provide an accurate estimation of the target 
kinematic states (target’s position, velocity and possibly acceleration), which 
means a minimum error between the real and estimated values. At least, it should 
guarantee an estimated error lesser than the measured one. In addition, the 
tracking algorithm should have the ability to estimate target kinematics states even 
if a measurement is not available because detection is missed. This is a typical 
case of a Radar system, where usually the target’s velocity is not available or the 
obtained quantity is not accurate enough or too ambiguous (the target speed may 
be measured through the Doppler Effect but only the radial component, and it may 
be aliasing due to an elevated transmission frequency, a typical case of HR 
radars). 

On the other hand, as illustrated in Figure 3-1, the position error may be given in 
different quantities. As the radar measurements are obtained in polar coordinates, 
it is common to analyze the error in range and azimuth, but a convenient way to 
do so is to compute the absolute error,𝑒𝑎 as in (3-1). 
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Figure 3-1 Possible ways to describe position error 

 

 
𝒆𝒂 = √𝒆𝒙

𝟐 + 𝒆𝒚
𝟐 

(3-1) 

In the section 3.1.2, the implemented filters are analyzed and compared using 
simulated data, and the next section describes the target dynamics and 
measurement simulation algorithm used to perform the filter’s comparison. 

 

3.1.1 Target’s Dynamics Simulation Algorithm  

The purpose of making a simulation algorithm is to produce a complete tool useful 
to evaluate the implemented filters in conditions similar to real situations. To do so, 
the developed simulator provides: 

 Target’s random maneuver. 

 Gaussian measurement error. 

 Probability of detection. 

To simulate a target’s dynamic model with aleatory maneuvering, the Singer 
model [18] is used. This model assumes the acceleration is a random process 
defined by: 

 
𝒂(𝒌 + 𝟏) = 𝝆𝒎𝒂(𝒌) + √𝟏 − 𝝆𝒎

𝟐 𝝈𝒎𝒏(𝒌) (3-2) 

Where,  

 
𝝆𝒎 = 𝒆−𝑻/𝝉𝒎 (3-3) 

𝑛(𝑘) is a normal random variable, 𝜏𝑚 is the target maneuver time and describes 

how fast the target changes its maneuver, while 𝜎𝑚 is the target maneuver 
standard deviation and defines how large is the acceleration change. The Singer 
state equation is given by: 
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𝑿𝒌 =

[
 
 
 
 
 
𝒙𝒌

𝒚𝒌

�̇�𝒌

�̇�𝒌

�̈�𝒌

�̈�𝒌]
 
 
 
 
 

= 𝚽𝒔𝑿𝒌−𝟏 +

[
 
 
 
 
 
 

𝟎 𝟎
𝟎 𝟎
𝟎 𝟎
𝟎 𝟎

√𝟏 − 𝝆𝒎
𝟐 𝝈𝒎 𝟎

𝟎 √𝟏 − 𝝆𝒎
𝟐 𝝈𝒎]

 
 
 
 
 
 

[
𝒏𝒙(𝒌)
𝒏𝒚(𝒌)

] 
(3-4) 

Where,  

 
𝚽𝒔 =

[
 
 
 
 
 
 
 
 𝟏 𝟎 𝑻 𝟎 𝝉𝒎

𝟐 (−𝟏 + 
𝑻

𝝉𝒎

+ 𝝆
𝒎
) 𝟎

𝟎 𝟏 𝟎 𝑻 𝟎 𝝉𝒎
𝟐 (−𝟏 + 

𝑻

𝝉𝒎

+ 𝝆
𝒎
)

𝟎 𝟎 𝟏 𝟎 𝝉𝒎(𝟏 − 𝝆
𝒎

) 𝟎

𝟎 𝟎 𝟎 𝟏 𝟎 𝝉𝒎(𝟏 − 𝝆
𝒎

)

𝟎 𝟎 𝟎 𝟎 𝝆
𝒎

𝟎

𝟎 𝟎 𝟎 𝟎 𝟎 𝝆
𝒎 ]

 
 
 
 
 
 
 
 

 
(3-5) 

Once the model is run, by defining its initial states and maneuvering characteristics 

(𝜎𝑚, 𝜏𝑚) the target position is converted to Polar Coordinates, using (2-43). Next, 
Gaussian noise is added to the target position: 

 

 
𝒁𝒌 = [

𝒓𝒎(𝒌)
𝜽𝒎(𝒌)

] = [
𝒓(𝒌)
𝜽(𝒌)

] + [
𝝈𝒓 𝟎
𝟎 𝝈𝜽

] [
𝒏𝒓(𝒌)
𝒏𝜽(𝒌)

] (3-6) 

Where 𝜎𝑟 and 𝜎𝜃 are the measurement standard deviation, and 𝑛𝑟(𝑘) and 𝑛𝜃(𝑘) 
are unit normal distributed random variables (𝑁(0,1)). 

Finally, the target measurement are deleted if: 

 
𝒖(𝒌) > 𝑷𝒅 (3-7) 

Where 𝑢(𝑘) is a random variable with uniform distribution between 0 and 1, and 

𝑃𝑑   is the radar probability of detection.  

 

Figure 3-2 illustrates the simulation of three targets using the Singer maneuvering 

model for 𝑇=2s 𝜎𝑟=0.3m, 𝜎𝜃 = 1.5°and 𝑃𝑑=0.8. Target 1 is moving with a 
deterministic lineal trajectory (𝜏𝑚=2ms, 𝜎𝑚=0m/s2), target 2 represents a person 

maneuver (𝜏𝑚=10s, 𝜎𝑚=0.1m/s2) and target 3 resembles a vehicle maneuver 
(𝜏𝑚=25s, 𝜎𝑚=0.15m/s2) which has slower changes in trajectory than a person, but 
with larger acceleration deviation. All of the target have initial acceleration equals 
zero. The discontinuity in the target paths is due to the simulated missed 
detections. From target 1, it can be noticed that although it follows a lineal path in 
Cartesian Coordinates, there is some variation due to the measurement error  
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Figure 3-2 Target simulation using Singer maneuvering model 

 

3.1.2 Filter Performance Comparison Based on Simulation 

The results obtained using the Singer maneuvering model -discussed in the 
previous section- to examine the performance of the filters described in section 2.5 
are presented next. To recapitulate, the filters to be analyzed are: 

 α-β filter, using the Benedict-Borner criteria. 

 Classical Measure Conversion Singer Model Kalman Filter (C-SMKF) 

 Debiasing Compensation Measure Conversion Singer Model KF (D-SMKF) 

The filters above are compared based on its estimation performance, by computing 
the following statistics: 

 Range estimation error. 

 Azimuth estimation error. 

 Absolute estimation error, as defined in (3-1). 

 Velocity estimation error. 

Also, the running time, based on Matlab® Run and Time Tool, to compare the 
filters’ complexity.  

For the α-β filter the target velocity is estimated in polar coordinates, while for the 
singer model and the other filters, this information is obtained in Cartesian system.  

Applying the total derivative to the coordinate conversion: 

 
�̇� = �̇�𝒄𝒐𝒔𝜽 − 𝒓�̇�𝒔𝒊𝒏𝜽

�̇� = �̇�𝒔𝒊𝒏𝜽 + 𝒓�̇�𝒄𝒐𝒔𝜽
 (3-8) 

The velocity estimation error is computed as follows: 

 
𝒆𝑽 = √(�̇� − �̇�𝒆)

𝟐 + (�̇� − �̇�𝒆)
𝟐 (3-9) 

The executed target maneuvering simulations are shown in Table 3-1. The results 
are obtained by performing 10000 Monte-Carlo runs of 100 radar scans with 𝑇=2s,  
𝜎𝑟𝑚 =0.3m and 𝜎𝜃𝑚

=1.5°. 
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Table 3-1 Target maneuvering parameters and initial conditions for Singer Model. 

Simulation 
𝝉𝒎 

(s) 

𝝈𝒎 

(m/s2) 

𝒙𝟎 

(m) 

𝒚𝟎 

(m) 

�̇�𝟎 

(m/s) 

�̇�𝟎 

(m/s) 

�̈�𝟎 

(m/s2) 

�̈�𝟎 

(m/s2) 

𝑷𝑫 

% 

1 0.002 0 -100 30 1.6 -0.9 0 0 100 

2 0.002 0 -100 30 1.6 -0.9 0 0 80 

3 2000 0 -500 500 5 0 0.13 0 80 

4 10 0.05 100 100 1.2 0.6 0 0 80 

5 25 0.15 5000 -5000 -12 10 0 0 80 

 

Simulation 1 

This simulation recreates a target moving with constant velocity. No miss of 
detection is considered for this case (𝑃𝐷=1). The results are shown in Figure 3-3 
to Figure 3-6. From them, it can be inferred that the α-β filter does not make an 
accurate estimate from scan 20 to 50 approximately, which happens because, 
although the target has linear trajectory in Cartesian Coordinates (but not in polar 
ones, the angular and radial velocities are not constant), the angular velocity is not, 
being difficult for the filter to perform the estimation accurately. The D-SMKF is the 
one that has the best behavior, proving that the debiasing compensation has a 
positive effect on the filter performance. It is important to highlight that, besides the 
sector where the α-β filter doesn´t estimate accurately, the estimation error for the 
3 filters is better than the measurement error. The mean errors for the 100 scans 
is presented Table 3-2. 

Table 3-2 Mean estimation errors for simulation 1.  

Filter 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

α-β filter 1.035 0.320 1.857 0.402 

C-SMKF 0.993 0.292 1.995 0.696 

D-SMKF 0.931 0.235 1.820 0.512 
 

 
Figure 3-3 Range Error obtained in simulation 1 
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Figure 3-4 Azimuth Error for simulation 1. 

 
Figure 3-5. Absolute error for simulation 1. 

 

 
Figure 3-6 Velocity error for simulation 1. 
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Simulation 2 

This case is similar to the simulation 1, except by the probability of detection 

(𝑃𝐷=0.8), which is done to analyze how the filters handle the lack of measurements. 
In the Monte-Carlo runs, the missed detections are located in the same scan to 
facilitate the graphical analysis, but random error varies from one run to the other 
and scan by scan. The results are illustrated in Figure 3-7 to Figure 3-10. As it can 
be observed (on the peaks in the figures), the insertion of missed detection affect 
the filters’ performance. To give an example, for the C-SMKF, the mean range error 
increases from 0.292m to 0.420m. Table 3-3 summarizes the mean errors obtained 
in simulation 2, which can be compared to the ones obtained in simulation 1, 
presented in Table 3-2. 

Table 3-3 Mean Errors for simulation 2 

Filter 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

α-β filter 1.408 0.477 2.301 0.421 

C-SMKF 1.250 0.420 2.420 0.792 

D-SMKF 1.132 0.364 2.153 0.593 
 

 
Figure 3-7 Range Error obtained in simulation 2 

 
Figure 3-8 Azimuth error obtained in simulation 2. 
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Figure 3-9 Absolute distance error for simulation 2. 

 
Figure 3-10 Velocity error for simulation 2. 

 

Simulation 3 

Here, constant acceleration is simulated, assuming a target incrementing its speed 
from 18km/h to approximately 108km/h. Taking a look from Figure 3-11 to Figure 
3-14, an inaccurate behavior of both Kalman Filters can be perceived. At the 
beginning, due to the target acceleration, they are not able to perform a proper 
tracking, causing high estimation errors. This issue may affect the whole MTT 
system, because wrong predictions will cause that blobs cannot be associated 
properly to tracks.  

In spite of that, their behavior improves with time, having a better estimation than 
the α-β filter. Mean estimation errors are presented in Table 3-4, where a better 
overall performance of the α-β filter is highlighted. Section 4.1.1 describes a 
proposed method to improve the behavior of the D-SMKF when a target is 
accelerating. 
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Table 3-4 Mean errors for simulation 3 

Filter 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

α-β filter 0.879 2.849 19.303 3.341 

C-SMKF 1.136 8.871 25.424 5.091 

D-SMKF 1.191 12.056 30.502 5.854 

 
 

 

Figure 3-11 Range error for simulation 3. 

 
Figure 3-12 Azimuth Error for simulation 3. 
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Figure 3-13 Absolute error for simulation 3 

 
Figure 3-14 Velocity error for simulation 3 

Simulation 4 

For this experiment, the filters are tested by simulating a person random 
movement, and missed detections. From Figure 3-15 to Figure 3-18 can be noticed 
that the α-β filter doesn’t handle the target random maneuver properly. For this 
simulation, the D-SMKF has the best performance, specially estimating the 

absolute distance. In general, all the filters has a better 𝑒𝑎 than the measurement 
error. Mean estimation errors are presented in Table 3-5. 

 

Table 3-5 Mean Error for simulation 4  

Filter 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

α-β filter 0.851 0.522 3.306 0.584 

C-SMKF 0.809 0.484 3.134 0.508 

D-SMKF 0.803 0.295 3.044 0.462 
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Figure 3-15 Range error for simulation 4 

 

 
Figure 3-16 Azimuth error for simulation 4 

 
Figure 3-17 Absolute distance Error for simulation 4 
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Figure 3-18 Velocity Error for simulation 4. 

Simulation 5 

Here, a scenario where a vehicle is approximating the radar is simulated, which 

may be a typical situation for a surveillance system of a critical infrastructure. 

Similarly to the simulation 3, the Kalman filters have difficulties to track the target 

in the first scans, but the estimation error is unthinkable, reaching values higher 

than 7000m, in the case of the absolute error, 𝑒𝑎 ,.for the D-SMKF, as illustrated in 

Figure 3-21. Again after several scans, the Kalman filter are able to perform the 

estimation accurately, but the time to converge is very large due to the initial 

conditions, therefore, the mean errors are unconceivable, as can be seen in Table 

3-6. A technique to combine α-β filter and the D-SMKF to achieve a better overall 

estimation is proposed in Section 4.1.1 

Table 3-6 Mean error obtained in simulation 5. 

Filter 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

α-β filter 0.831 0.759 79.316 12.159 

C-SMKF 1.719 243.270 361.841 51.790 

D-SMKF 2.456 345.674 520.055 41.740 
 

 
 Figure 3-19 Range error for simulation 5 
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Figure 3-20 Azimuth error for simulation 5. 

 
Figure 3-21 Absolute distance error for Simulation 5 

 
Figure 3-22 Velocity error for simulation 5. 
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Running Time 

One important parameter to choose an algorithm is the plausibility of its 
implementation on an embedded system. A chosen platform may not be able to 
execute the algorithm in Real Time. Depending on the application, it is not possible 
or profitable to increment the processing system capability in order to achieve the 
Real Time for a developed algorithm although, for its performance, it is the suitable 
one. A MTT system should be able to track hundreds of target simultaneously, 
which means that the filter must be applied to each of the tracks, and if it is too 
complex, it may become the system bottleneck. 

The running time on Matlab® for each of the implemented filters is shown in Table 
3-7. The D-SMKF is about 1.75 times slower than the C-SMKF, and 7.8 times than 
the α-β filter. Section 4.1.2 shows a decreasing in the running time on the D-SMKF, 
by analyzing the KF equations.  

 

Table 3-7 Running time of the implemented filters on Matlab® 

Filter Running Time 

α-β filter 15.222µs 

C-SMKF 67.617 µs 
D-SMKF 118.642 µs 

 

3.2 Tracking Maintenance Module Test 

The objective of making a test for this module is to check for bugs in the code and 
also verify that the proposed algorithms, described in section 2.4, have a correct 
behavior. The Tracking Maintenance Module receives the output from the 
Observation-to-Track-Association Module, updates the track information, and then 
passes it to the Track Filtering Module. A situation where three targets appear in 
the radar FOV in a different time, during 150 radar scans is simulated, as shown 
in Table 3-8. 

To feed the module with adequate data and make a complete test, the Track 
Filtering Module is used to generate predicted tracks, and the output of the 
Observation-to-Track-Association Module is simulated, connecting the 
corresponding blob to the predicted track. Target maneuvering is simulated using 
the Singer model and missed detections and measurement error is added. Figure 
3-23 shows a simulation using the α-β filter, with 𝑃𝐷=0.9, 𝜎𝑟=0.28m and 𝜎𝜃=1°. A 
correct performance of both the track filtering and the track maintenance module 
can be noticed. As illustrated in Figure 3-24, target’s score increases every time 
there is an associated measurement to each track, and as the time passes, the 
score reaches the Maximum score, which is 10 for this example. When there is no 
more measurements associated to the track, the score decreases until the target 
is deleted, as is pointed in Figure 3-25. 

 

Table 3-8 Targets’ duration for Track Maintenance Module simulation test. 

Scan 1-25 25-40 41-100 101-125 126-140 141-150 

Target 1       

Target 2       

Target 3       
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Figure 3-23 Maintenance Module simulation test 

 

 
Figure 3-24 Score variation through time for simulated targets 

 

Figure 3-25 Example of a Track appearing and disappearing from the FOV 
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3.3 Clustering Module Test 

To ensure a proper clustering module operation, a testing protocol was 
implemented. This protocol was composed by specific tests that allow verifying 
different aspects about the module performance in determinate operational 
scenario. Next, it will be mentioned each point that composes that protocol and the 
results obtained in each one. 

3.3.1 Test 1. Association process checking in operational scenarios with 
false alarms. 

Objective: Verify, the association process performance in a determined operational 
scenario, changing Probability of False Alarm (PFA) and the minimum number of 
detections to filter. 

Description: First, a 3x3 window size was defined and set. In the next place, using 
the simulated data module, different types of operation scenarios were simulated. 
On each of these, were made changes in target parameters as: number, size, 
detection and location. Next, It was checked the system behavior and performance 
against false alarms. To recreate this, the PFA and Minimum Number of Detections 
Filter were varied. The following table shows all different configuration parameter 
values that were used into the test. 

Table 3-9 Configuration parameters values that were used into the test 

Target Parameters General Parameters 

Number 
of 

Targets  
Size  Detections PFA 

Minimum Number 
to Detections 

Filter 

Window 
Size 

 Scans  
Checked 

Scans  

3, 5, 7 

3 x 3  
6 x 6 
5 x 5  

10 x 10 
20 x 20 

Custom 
 

or 
 

Random 

1 x 10-3 
1 x 10-6 
1 x 10-9 

0 

1, 2, 3, 4, 5 3 x 3 10, 20, 30 5, 10, 25 

 

Results and analysis: Results obtained are shown in the following table: 

Table 3-10 Clustering test 1 results 

Scenario  PFA 

Minimum 
Number to 
Detections 

Filter 

Target 
Number 

Total 
Scans 

Checked 
Scan  

Expected 
Blobs  

Min. 
Generated 

Blobs  

Max. 
Generated 

Blobs  

Average 
Generated 

Blobs  

Average 
Extra 

Generate
d Blobs  

1 1x10-3 1 5 30 25 5 13 18 8 3 

2 1x10-3 2 5 30 25 5 8 16 7 2 

3 1x10-3 3 5 20 10 5 5 5 5 0 

4 1x10-3 4 5 20 10 5 5 5 5 0 

5 1x10-3 5 5 20 10 5 5 5 5 0 

6 1x10-6 1 3 30 25 3 3 4 3 0 

7 1x10-6 2 3 10 10 3 3 3 3 0 

8 1x10-6 3 3 10 10 3 3 3 3 0 

9 1x10-6 4 3 10 10 3 3 3 3 0 

10 1x10-6 5 3 10 10 3 3 3 3 0 

11 1x10-9 1 7 10 5 7 7 7 7 0 

12 1x10-9 2 7 10 5 7 7 7 7 0 

13 1x10-9 3 7 10 5 7 7 7 7 0 

14 1x10-9 4 7 10 5 7 7 7 7 0 

15 1x10-9 5 7 10 5 7 7 7 7 0 

16 0 1 5 10 5 5 5 5 5 0 

17 0 2 5 10 5 5 5 5 5 0 

18 0 3 5 10 5 5 5 5 5 0 

19 0 4 5 10 5 5 5 5 5 0 

20 0 5 5 10 5 5 5 5 5 0 
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 As Table 3-10 shows, the system works properly, when the number of blobs 
generated at a determined scenario and radar scan, are equal or very close to the 
number of targets defined in that one. Based on this principle, it was found that the 
clustering process works correctly for those scenarios where the False Alarm 
Probability and the Minimum Number of detection Filter are configured with typical 
operation radar values. 

It was also possible to determine that only those cases where the False Alarm 
Probability is greater than 1x10-3 and there is not a good filtering process (Minimum 
Number of detection Filter less or equal than 3 detections), it is possible that false 
alarms generate blobs that may affect the system behavior. Based on these 
results, we can conclude that to prevent that false alarms can affect the behavior 
of the system, the False Alarm Probability should be less than 1x10-6 and the 
Minimum Number of detections Filter greater than 3 detections. 

 

3.3.2 Test 2. Clustering process checking in operational scenarios to define 
an appropriate clustering window size  

Objective: Verify, the clustering process behavior and performance in many 
operational scenarios with a variation in target parameters as: number, size, 
detection and location, and in specific system parameters such as: Probability of 
False Alarm and Minimum Number to Detections Filter, to define an appropriate 
clustering window size. 

Description: This test was divided into 2 specific tests in which were used the 
simulated data module; different types of operation scenarios were simulated.  On 
each scenario, changes were made in target parameters as: number, size, 
detection and location, and in specific system parameters such as: Probability of 
False Alarm and Minimum Number to Detections Filter. 

Table 3-11 Test 2 parameters 

Target Parameters General Parameters 

Targets 
Number 

Size  Detections PFA 

Minimum 
Number 

to 
Detection

s Filter 

Total 
Scans 

Checked 
Scan  

PD 
Square 
Window 

Size -  

Rectangular 
Window 

Size - 

2, 3, 5 
or 6 

3x3  
6x6 
5x5  

10x1
0 

Custom 
or 

Random 
1x10-9 4 20 10 

0.5-
0.9 

3x 3 
4x4 
5x5  

10x10 

2x3 
3x2  
3x4 
5x2 

 
 

In the first test, called Test A, it was checked the possible effects caused by 
changes in targets size and the Probability of Detection (low and high). In the 
second test, called Test B, was checked each possible effect generated by 
variations into distance between targets (Close and far) and changes in the 
Probability of Detection (Low and High value). Next, in both tests, the system 
behavior and performance were checked for many window sizes values. 
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Test A - Results and analysis: 

 
Figure 3-26 Results for Large Target Size and High Probability of Detection 

 

 

Figure 3-27 Results for Large Target Size and Low Probability of Detection 

 

 

Figure 3-28 Results for Small Target Size and High Probability of Detection 

 



  

43 
 

 
Figure 3-29 Results for Small Target Size and Low Probability of Detection 

 

As can be seen in the previous figures, for scenarios with high probability of 
detection (85% and higher), regardless of window size, it was found that the system 
has an adequate performance and operation, indicating that the grouping process 
is implemented successfully. 

On the other hand, in scenarios with low probability of detection (50-85%) and 
targets large size, were found cases (Cases 1, 2, 3, 5, 6, 7, 8 shown in the Figure 
3-29), where it was possible to check that after association process many blobs for 
a single target were generated. This behavior happens because detections from a 
specific target are separated from each other so, when it is implemented small 
clustering windows, these detections are not grouped in the same cluster, but they 
are grouped in several different clusters. 

Based on the results obtained, we can conclude that it is important to ensure that 
the radar system implements a high probability of detection. On this way, it is 
possible to prevent in the clustering process that several blobs for a single target 
are generated t, in those sceneries with large size targets. 

 

Test B - Results and analysis 

 

 

Figure 3-30 Targets’ location – Close Distance 
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Figure 3-31 Targets’ location – Long Distance 

 

 
Figure 3-32 Targets separated by a long distance 

 

 
Figure 3-33 Closed Targets 
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As can be seen in the previous figures, for scenarios where targets are close 
between them and also oversized windows are implemented, there is an issue with 
the clustering process, where those targets are grouped into a single blob. Also, 
there are other cases where this issue happens. In those, although targets are at 
a typical distance of operation, if a large window is implemented, those targets are 
grouped into a single blob. Based on the above, it can be concluded that to prevent 
that this problem occurs, it is a good practice implement small sized and square 
shape clustering windows. 

 

3.4 System Integration Test Based on Simulated Data 

To perform a complete test of the overall implemented system, a simulation tool 
that generates detection matrices is elaborated. Some of its features are presented 
in Section 3.4.1 and based on it, two complex scenarios are simulated. Results 
and analysis are presented in Section 3.4.2 

 

3.4.1 Simulated Data Module - Radar Detection Matrix Generator 

To make sure that the overall system, and the modules have a correct interaction 
with each other, an additional module is implemented. This module is called the 
Simulated Data Module - Radar Detection Matrix Generator. The main goal of this 
module is to generate a Radar Detection Matrix that represents a specific operation 
scenario. Its features could be customized by users through the Simulation Data 
Module GUI. Those features are mentioned below: 

Matrix size: 1024 X 1024 X Radar Scan Number, with a sampling in range of 0.3m 

and in azimuth of 360°/10240.351°.  

Target Categories: a total of 8 static and 8 dynamic targets can be simulated, each 
dynamic target with a specific number of scan duration, and their movement is 
divided in two groups; 

 Movement in Polar axes: Targets moving an indicated number of cells per 
scan (which may be configured) across the range or the azimuth axis, in 
both directions. Some simulated targets with movement in polar axis are 
shown in Figure 3-34 a) 
 

 Singer Maneuvering Model: Targets with constant velocity, constant 
acceleration, random movement simulating person or vehicles maneuvers. 
The initial velocity in Cartesian Coordinates may be configured. 
Measurement noise is added. Figure 3-34 b) shows some targets simulated 
using the Singer Model. 
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Figure 3-34 Example of simulated target dynamics. a) Polar-axis movement b) Singer Model 

For both groups of targets, the initial position may be configured 
independently.  

Target Size and detection distribution: For this, two types or targets are generated. 
The first with a fixed size (5 X 5) with user configurable detection, the other one, 
with custom size and simulating missed detections (scan by scan) with a 
configurable PD. Figure 3-35 shows some examples of simulated targets. Custom 
size targets with PD are circled in red, while targets with fixed size and custom 
missed detections are circled in green.  

 

 
Figure 3-35 Example of simulated target size and detection distribution 

 

Probability of False Alarm. False alarms are added to the simulation scan by scan 
generating a matrix of 1024 X 1024 with uniform-distributed random numbers 
between 0 and 1, and those numbers less than a configurable PFA are declared 
detection (by assigning a 1 to the correspondent cell). 

The implementation of this tool has been very useful to test the integrated system, 
as will be described next. 
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3.4.2 Simulated Scenarios 

Based on the detection matrix generator described in the previous section, two 
different kinds of scenarios are simulated to test the whole system performance, 
which includes the clustering, gating, association, track maintenance and filtering 
modules: the first one with constant velocity targets and the other one, mixing 
targets with movement in polar coordinates and random maneuvering. A total of 8 
moving targets are simulated, in conjunction with 8 static targets. Results are 
shown below, varying the tracking filter to compare its performance. 

Scenario 1 

Here 8 targets with constant velocity in Cartesian Coordinates are simulated. The 
same simulation is applied to the α-β filter and to the D-SMKF, which were the 
filters with better performance in section 3.1.2. Comparing Figure 3-36 and Figure 
3-37, it can be noticed that the α-β filter cannot perform the tracking accurately, 
due to the nonlinearities in azimuth and range, due to target’s proximity (circled in 
red), in spite of targets’ constant velocity. The nonlinearities are larger when the 
target is closed to the radar. Annex A presents some summarized results of the 
simulated scenarios. In both cases, the total number of created tracks was 21, 
which should be 16 (one per target in the simulated scenario).The exceeding tracks 
are redundant, and are product of misassociations, as can be analyzed from Table 
A- 1, in Scan 3, where 5 blobs are not associated to their correspondent tracks, 
therefore, 5 new tracks are created. In the case of D-SMKF, most of the tracks 
stand for 49 scans, as must be, because the number of simulated scans is 50, and 
only information of active targets is summarized. The scenario was simulated with 
false alarms, but the clustering declares a blob only if the grouped detections 
surpass a minimum value, which is 3 for this simulation. 

 

Figure 3-36 MTT on scenario 1, using α-β filter 
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Figure 3-37 MTT for scenario 1, using D-SMKF 

 

Scenario 2 

In this case, 2 types of targets are simulated, one with movement in polar 
coordinates, and the other using the Singer model described in section 3.1.1. The 
complexity of this scenario is useful to analyze various aspects of the integrated 
algorithm.  

Just as happened with scenario 1, marked in the red circled area shown in Figure 
3-38 the α-β filter can’t track some of the targets. As illustrated in Figure 3-39, a 
target with constant angular velocity has nonlinear behavior in Cartesian 
Coordinates. In fact, for the D-SMKF, it was necessary to modify the range 

standard deviation, 𝜎𝑟 -used in the gating module to compute the normalized 
distance and in the KF when computing the measurement covariance matrix- from 
0.3m (used value for the range measurement noise simulation) to 1m, in order to 
accomplish an accurate tracking (shown in Figure 3-40). The result for both values 
of  𝜎𝑟 is presented in Figure 3.41, in polar coordinates. By incrementing 𝜎𝑟, more 
tolerance is giving to the difference between the measured and the predicted 
values, when calculating the normalized distance, allowing a correct association. 

More discussion about the selection of  𝜎𝑟 is presented in Section 4.2.3. 

However the change in  𝜎𝑟 induced an incorrect behavior in a particular situation, 
caused by a moving target that passes close to a large static target, thus, just one 
blob in the clustering algorithm was created, with as shown in Figure 3.41, for 

 𝜎𝑟 =0.3m the moving track is not associated with the created blob, but the 
prediction is executed accurately. In contrast, for  𝜎𝑟 =1m, the track is associated 
to the blob, causing a bad prediction, and therefore, another track is initialized in 

subsequent scans. What happens here, is that by incrementing  𝜎𝑟, targets with 
range centroid not far enough from the predicted track may be associated.  

A summary of the tracks, and the associations made on each scan is presented in 
Annex A. As can be seen in Table A- 7, 20 tracks were created using the α-β filter, 
while 22 for the D-SMKF. Some of them are redundant tracks. 
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Figure 3-38 MTT on scenario 2, using α-β Filter, Range VS Azimuth view. 

 

 
Figure 3-39 MTT on scenario 2, using α-β Filter, Polar Coordinates Plot. 

 

 
Figure 3-40 MTT on scenario 2, using D-SMKF, Range VS Azimuth View 
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Figure 3-41 MTT on scenario 2, using D-SMKF, Polar Coordinates Plot. 

a) Using 𝝈𝒎𝒓
=0.3m. b) Using  𝝈𝒎𝒓

=1m 

 

 
Figure 3-42 Effects of varying 𝝈𝒓𝒎. a) Using 𝝈𝒎𝒓=0.3m. b) Using  𝝈𝒎𝒓=1m 

 

3.5 System Integration Test based on Real Data. 

The purpose of this test is to analyze the system behavior on real data, and make 
changes in the system parameters, in order to improve the system performance. 
To do so, data from a 35 GHz High-Resolution Radar is used. The radar is not 
rotating, and Doppler processing is performed in azimuth, hence, only 4 azimuth 
cells of 0.5° resolution are available, while 300 cells of 0.5m resolution in range are 
available. In the radar FOV, two persons are moving across the range coordinate. 
There are some trees in the FOV, located far from the two waking persons. To 
visualize the movement easily, the detection matrix is concatenated in azimuth 
every scan. The test is performed using both the α-β filter and the D-SMKF. 
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Figure 2-1 shows the system performance, using the α-β filter. Due to the lack of 
enough azimuth cells, the minimum number of gathered detections to confirm a 
blob is 1. Some situations where the system was not capable to perform the 
tracking are circled in red. This is due to missed detection, abrupt changes in path 
and because the individuals walk so close to each other and just one blob for both 
of them is created. However, the overall performance is accurate. A total of 10 
active tracks are created (not including the tracks related to the trees) as shown in 
the track summary in Table 3-12. 

In the case of the test with the D-SMKF, 13 tracks were created as can be revised 
in Table 3-13. In fact, the system had more situations where it wasn’t capable to 
accomplish the tracking than the α-β filter, caused by the same reasons but abrupt 
changes (circled in green) as shown in Figure 3-44. However, because of the lack 
of rotation, and the individuals are moving just across the range axis, the used real 
data are not considered enough to measure properly the filters performance. It can 
be concluded, though, that the α-β filter has a better behavior in range tracking.  

 

Table 3-12 Track summary for Integration test on Real Data, using α-β filter 

Track 
Number 
of Scans 

Mean 
Velocity 

Initial r Initial  Final r Final  

3 200 0.13 38.50 11.00 22.94 10.79 

10 191 0.16 44.50 10.50 22.94 10.79 

28 44 0.28 26.00 10.33 49.90 10.83 

45 88 0.15 46.36 10.57 22.94 10.79 

56 66 0.14 37.50 10.46 22.94 10.79 

77 2 0.28 29.50 10.50 29.00 11.00 

84 40 0.03 27.70 10.50 26.21 10.38 

86 33 0.06 25.17 10.67 26.20 10.38 

95 2 0.50 26.50 10.25 27.50 10.00 

98 2 1.13 26.50 10.25 28.75 10.00 

 

 
Figure 3-43 System test based on real data, using the α-β filter 
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Figure 3-44 System test based on real data, using the D-SMKF 

 

Table 3-13 Track summary for Integration test on Real Data, using D-SMKF 

Track 
Number 

of Scans 

Mean 

Velocity 
Initial r Initial  Final r Final  

3 43 1.07 38.50 11.00 31.50 5.20 

9 191 0.46 44.50 10.50 22.69 12.58 

24 158 0.41 29.06 10.67 22.69 12.58 

26 131 0.38 24.17 10.72 22.69 12.58 

33 2 16.83 31.83 10.63 28.17 10.78 

55 66 0.79 37.50 10.46 22.69 12.58 

59 57 0.87 36.50 10.00 22.69 12.58 

63 51 0.92 36.00 10.50 22.69 12.58 

81 2 14.89 29.50 10.50 29.00 11.02 

88 40 0.83 27.70 10.50 26.40 10.83 

90 32 0.93 26.00 10.50 26.40 10.83 

101 13 2.15 26.50 10.25 26.41 10.83 

104 10 2.79 26.50 10.25 26.43 10.84 

 

  



  

53 
 

4 OPTIMIZATION 
 

 

 

Based on the results obtained from the tests described in the previous chapter, a 
series of procedures are done in order to improve the system overall performance. 
Section 4.1 describes a proposed method to initialize the D-SMKF and a reduction 
of its running time. In Section 4.2, an adjustment of parameters to improve the 
system performance is shown, focusing the tracking filters and the gating module. 
  

4.1 Improvement of the tracking filter algorithm 

This section focus on improving the performance of the D-SMKF, which provided 
interesting results in the tests made in section 3.1.2, but has some undesired 
behaviors when trying to track a target with initial acceleration or when the target 
appears from a consider long distance. In addition, this filter presents a mayor 
complexity of implementation, compared to the other filters under analysis.  

A proposed method to suppress the elevated estimation error in the cases 
mentioned above is described next, while a reduction in the algorithm is presented 
in Section 4.1.2. 
 

4.1.1 Performance improvement for the D-SMKF 

Although the D-SMKF presented a better performance in most of the cases studied 
in 3.1.2, a misbehavior -detected in simulations 3 and 5 of the mentioned section- 
occurred when target presented some characteristics, such as initial acceleration 
or long distance from the radar. Those target dynamics are typical in surveillance 
systems, and a proper estimation should be performed. 

The high estimation error is caused by an inappropriate estimation of the initial 
covariance matrix, and, as mentioned by Bar-Shalom and Li [9], this error persists 
a long time, because it leads to a low filter gain, causing a low significance of new 
measurements on the target estimation in (2-23). 

To achieve a better initialization for the D-SMKF, a method is proposed, consisting 
in use the implemented α-β filter in the first scans, store the estimated track states, 
and then use them to compute an initial estimation covariance for the D-SMKF. 

The suggested method will be referred from now as α-βPKF (which stands for α-β 
Pulled Kalman Filter) and consists of the next steps: 

1. From 𝑘 = 0 to 𝑛 + 2, perform the α-β filter initialization as in (2-15) and 
(2-16). 

2. From 𝑘 = 2 to 𝑛 + 2 scans apply the α-β filter, convert the polar estimates 
(𝑟𝑒(𝑘), 𝜃(𝑘), �̇�𝑒(𝑘) and (𝑘)) to Cartesian coordinates (𝑥𝑒(𝑘), 𝑦𝑒(𝑘), �̇�𝑒(𝑘)) 
and �̇�𝑒(𝑘)) and store them. 

3. On 𝑘 = 𝑛 + 2, compute the covariance matrix of the 𝑛 + 1 stored 
estimates. 

4. Convert the last predicted values to Cartesian coordinates. 
5. Compute 𝑃𝑛+3|𝑛+2 using (2-26). 

6. Apply the D-SMKF at 𝑘 ≥ 𝑛 + 3 
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The choice of 𝑛 may vary the performance of the α-βPKF. Due to the need of store 
the Covariance matrix for each track, which is a 4x4 matrix, 𝑛 is conveniently 
chosen as 3. 

To evaluate the performance and consistency of the α-βPKF, simulations 3 and 5 
from section 3.1.2 are applied to it and compared to the α-β filter. The results for 
simulation 3 are presented from Figure 4-21 to Figure 4-4, while Figure 4-5 through 
Figure 4-8 show the results obtained on simulation 5. The Obtained mean 
estimation errors for both cases are presented in Table 4-1. As can be verified, the 
performance of the α-βPKF is much better than the obtained for the D-SMKF, and 
in most of the cases is better than the α-β Filter behavior. However, in the Figure 
4-5, it can be observed a better estimation of the target range performed by the α-
β Filter. 

 

 
Figure 4-1 Absolute distance error for the α-βPKF obtained on simulation 3 

 

 

 
Figure 4-2 Range error for the α-βPKF obtained on simulation 3 
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Figure 4-3 Azimuth error for the α-βPKF obtained on simulation 3 

 

 
Figure 4-4 Velocity error for the α-βPKF obtained on simulation 3 

 

 
Figure 4-5 Range error for the α-βPKF obtained on simulation 5. 
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Figure 4-6 Azimuth error for the α-βPKF obtained on simulation 5. 

 
Figure 4-7 Absolute distance error for the α-βPKF obtained on simulation 5. 

 
Figure 4-8  Velocity error for the α-βPKF obtained on simulation 5. 
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Table 4-1 Mean estimation errors for the α-βPKF obtained on simulation 3 and 5 

Simulation 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

3 0.754 0.765 14.757 1.807 

5 0.670 4.065 66.212 5.209 
 
 

4.1.2 Running Time Reduction for the D-SMKF 

In Section 3.1.2 the complexity of the implemented filters were measured based 
on their running time on Matlab®. The D-SMKF presented a larger execution time 
than the other implemented filters, thus, it may not be suitable for being executed 
in Real time on embedded systems where processing resources are limited. This 
section describes a series of procedures performed to decrease the running time 
if the D-SMKF, based on the analysis of the KF equations and some Matlab® tools. 

The KF equations require an elevated number of mathematical computation. 
Specifically, the Kalman gain computation (2-22) and estimation covariance 
filtering equation (2-24) require a series of complex matrix operation, such as 
multiplication, inversion, transposition, etc. However, reviewing some of the matrix 
characteristics, those calculations can be reduced: 

 Most of the elements of 𝐻, the sensitivity matrix (2-28), are zero, 
consequently, a multiplication effected on it, will obtain mostly zeros. 

 As mentioned in [11], the covariance matrix, 𝑃, is a positive-semidefinite 
matrix, and therefore: 

 
𝒑𝒊𝒋 = 𝒑𝒋𝒊 

(4-1) 

Instead of perform the whole matrix computation, to compute the Kalman gain, 
each of its elements is calculated as  

 

𝒌𝟏𝟏 =
𝒑𝒑𝟏𝟏

(𝒑𝒑𝟐𝟐
+ 𝒓𝟐𝟐) − 𝒑𝒑𝟏𝟐

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟐𝟏 =
𝒑𝒑𝟏𝟐

(𝒑𝒑𝟐𝟐
+ 𝒓𝟐𝟐) − 𝒑𝒑𝟐𝟐

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟑𝟏 =
𝒑𝒑𝟏𝟑

(𝒑𝒑𝟐𝟐
+ 𝒓𝟐𝟐) − 𝒑𝒑𝟐𝟑

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟒𝟏 =
𝒑𝒑𝟏𝟒

(𝒑𝒑𝟐𝟐
+ 𝒓𝟐𝟐) − 𝒑𝒑𝟐𝟑

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟏𝟐 =
𝒑𝒑𝟏𝟐

(𝒑𝒑𝟏𝟏
+ 𝒓𝟏𝟏) − 𝒑𝒑𝟏𝟏

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟐𝟐 =
𝒑𝒑𝟐𝟐

(𝒑𝒑𝟏𝟏
+ 𝒓𝟏𝟏) − 𝒑𝒑𝟏𝟐

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟑𝟐 =
𝒑𝒑𝟐𝟑

(𝒑𝒑𝟏𝟏
+ 𝒓𝟏𝟏) − 𝒑𝒑𝟏𝟑

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

𝒌𝟒𝟐 =
𝒑𝒑𝟐𝟒

(𝒑𝒑𝟏𝟏
+ 𝒓𝟏𝟏) − 𝒑𝒑𝟏𝟒

(𝒑𝒑𝟏𝟐
+ 𝒓𝟏𝟐)

𝑫𝒌

 
(4-2) 

Where 𝑝𝑝𝑖𝑗
 are the elements of the predicted estimation covariance matrix, 𝑃𝑘|𝑘−1, 

and,  
 

𝑫𝒌 = −𝒑𝒑𝟏𝟐
𝟐 − 𝟐𝒑𝒑𝟏𝟐

𝒓𝟏𝟐 − 𝒓𝟏𝟐
𝟐 + 𝒑𝒑𝟏𝟏

𝒑𝒑𝟐𝟐
+ 𝒑𝒑𝟏𝟏

𝒓𝟐𝟐 + 𝒑𝒑𝟐𝟐
𝒓𝟏𝟏 + 𝒓𝟏𝟏𝒓𝟐𝟐 (4-3) 

A similar procedure is performed on the computation of all the KF equations. It is 
not considered relevant to present each all the reduction made to the other KF 
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equations. The running time reduction for each of the KF equation is presented in 
Table 4-2, comparing them with the algorithm without reduction. 
 

Table 4-2 Time reduction for the KF equations 

Equation 
Original 

implementation 
Reduced 

implementation 

(2-22) 19.73µs 0.40µs 

(2-23) 4.19µs 0.19µs 

(2-24) 11.07µs 0.81µs 

(2-25) 2.04µs 1.54µs 

(2-26) 4.69µs 3.22 µs 
 

The running time of each of the equations was measured using the Matlab® 
Profiling tool, and executing the algorithms for 10000 Monte-Carlo runs, 100 radar 

scans and 𝑃𝐷=1. This tool allows the developer to measure the time each of the 
code lines takes to be executed, hence, it provides a method to detect which 
operations consume time the most, and then, find a way to reduce it. Indeed, 
profiler was used to reduce the execution time from other routines belonging to the 
D-SMKF, such as the measurement covariance matrix computation, described by 
(2-31), (2-36) and (2-37). Table 4-3 presents a comparison of the total running time 
for the original and the reduced implementation. 

 

Table 4-3 Running time comparison 

Implementation Running Time 

Original  120.3µs 

Reduced  28.0µs 
 

4.2 Parameter Adjustments 

4.2.1 Tracking Filters 

The parameters of any tracking filter should be selected in order to minimize the 
estimation errors, based on the Radar characteristics, mainly its measurement 
errors, and the expected target maneuvers in the field. From the simulations made 
in Section 3.1.2, the number 5 is of special interest, because it may be a typical 
and hazardous situation. A method to choose the filter parameters is done, using 
Monte-Carlo runs and varying the filter parameter, to observe how the filter 
performance behaves with those changes. The procedure is made on the α-β Filter 
and the α-βPKF, as is presented below 

α-β Filter  

The parameters to modify are 𝛼𝑟 and 𝛼𝜃. As mentioned by [1], there is not 
measurement error coupling when using polar coordinates, thus, the filtering in 
range and azimuth is decoupled, which means that changes in 𝛼𝑟 should not affect 
the azimuth estimation error and vice versa. A minimization of the mean Range 

estimation error is done by varying 𝛼𝑟 in steps of 0.1 with 𝛼𝜃=0.5, and executing 
1000 Monte-Carlo runs of the simulation 5 on each step. A similar procedure is 

done with the Azimuth error and 𝛼𝜃. Results are shown in Figure 4-9 and Figure 
4-10. As can be noticed, the Range error is minimum when 𝛼𝑟 is 1, which means 
that the estimation in range only depends of the measurement, which means that 
the predictions are never as accurate as the measurements, due to the low error 
in range used in the simulation (𝜎𝑟=0.3m). In the case of the mean Azimuth 
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estimation error, it minimum value is obtained for 𝛼𝜃.=0.2, which means that more 
significance is given to the predicted value.  

 

Figure 4-9 Mean Range Estimation Error VS 𝜶𝒓 for Simulation 5 

 

 
Figure 4-10 Mean Azimuth Estimation Error VS 𝜶𝜽 for Simulation 5 

 

α-βPKF 

The performance of a KF depends on the selection of the measurement and the 
process noise covariance matrices, 𝑅 and 𝑄, respectively. From (2-36) and (2-37), 
it can be noticed that 𝑅  depends on the measurement errors, 𝜎𝑟 and 𝜎𝜃, while as 

shown in (2-38), 𝑄 depends on 𝜏𝑚 and 𝜎𝑚. The simulation 5 is perform using 
𝜎𝑟=0.3m and 𝜎𝜃=1.5°, and as shown in Table 3-1, the vehicle movement was 

simulated using 𝜏𝑚 =0.3m and 𝜎𝑚=15m/s2. One may think that those values the 
estimation error is minimized. However, to observe the significance of each of them 
on the filter performance, Monte-Carlo runs are performed, similarly to the α-β 
Filter. While one of the parameters varies, the other ones are kept with their default 
value. Mean range and azimuth errors as a function of each parameter are shown 
from Figure 4-11 to Figure 4-14. From them it can be inferred: 

 Minimum significance in the variation of 𝜎𝑟on the filter performance. 

 The mean range estimation error is affected by 𝜎𝜃, with a minimum value 
for 𝜎𝜃 =0.25°. The minimum value for the mean azimuth error is obtained 

for 𝜎𝜃 =1° approximately. 
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 The increasing of 𝜏𝑚 make the mean range estimation error decreases. 
The mean azimuth error doesn’t change significantly for 𝜏𝑚>25s. 

 The mean range estimation error decreases with the increment of 𝜎𝑚, but 
the mean azimuth error has a minimum for 𝜎𝑚=0.2m/s2. 

Finally the mean absolute distance error as a function of 𝜎𝑚 is shown in Figure 
4-15 for a fixed values of 𝜎𝜃=0.75°, 𝜎𝑟=0.3m and 𝜏𝑚=50s. It can be noticed that 

this error is minimum for 𝜎𝑚=0.05m/s2.  

To compare the effectiveness of the optimization performed on the α-β Filter and 
the α-βPKF, the mean errors on simulation 5, after the optimization made are 
presented in Table 4-4. As can be noticed, both filters improve their performance, 
but the optimization made on α-β Filter was so much effective than the one done 
on the α-βPKF. The main reason of that is the low range measurement error used 
in the simulation, being the α-βPKF incapable to get a lower estimation error. 
 
 

 
Figure 4-11 Mean Range and Azimuth estimation errors VS 𝝈𝒓 

 

 
Figure 4-12 Mean Range and Azimuth estimation errors VS 𝝈𝜽 
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Figure 4-13 Mean Range and Azimuth estimation errors VS 𝝉𝒎 

 
Figure 4-14 Mean Range and Azimuth estimation errors VS 𝝈𝒎 

 

 
Figure 4-15 Mean absolute distance error VS 𝝈𝒎 

 

Table 4-4 Mean Errors for Simulation 5, optimizing parameters  

Filter 
𝒆𝜽 
(°) 

𝒆𝒓 
 (m)  

𝒆𝒂 
(m) 

𝒆𝑽 
(m/s) 

α-β filter 0.588 0.299 56.573 4.417 

α-βPKF 0.650 2.610 63.666 5.152 
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4.2.2 Tracking Maintenance Module 

This module has three parameters that may be modified: A tentative-to-active 
threshold, a deletion threshold and Maximum score. The first two parameters were 
defined from the beginning as 1 and -1, respectively. Those values proved to be 
accurate in the tests made in chapter 3. In the case of the Maximum score, the 
start value was 10, and was reduced to a value between 4 and 6, to procure a 
faster track deletion when target is no longer in the FOV.  

From the tests made in Sections 3.4 and 3.5, the appearing of redundant tracks 
due to misassociations was detected. These redundant tracks may decrease the 
MTT system capability and increase the execution time, processing repeated 
information. As mentioned in Chapter 1 of [8], a method to eliminate the redundant 
tracks is the NN approach, as described in Section 2.3, but executing a track-to-
track association. The normalized distance should be applied not only the 
estimated position but to the velocities. This computation is of high computational 
complexity and goes beyond the scope of the present project. 

 

4.2.3 Gating Module 

Essentially, the gating module consists of the computation of the normalized 

distance, described in (2-3). This equation has 𝜎𝑟
2 and 𝜎𝜃

2, the measurement noises 

variances as parameters. Also the normal distances that are greater that the Blob-
to-Track Distance Threshold, are discarded to compute the NN algorithm. 
Performing the tests in Chapter 3, two aspects of the normalized distance were 
noticed. 

 When a target appears for first time in the FOV (a first blob is obtained from 
it), the Tracking Module does not have enough information to estimate the 
target’s velocity, and therefore, the predicted target next state correspond to 
the measured position. If the target has a high velocity, the normalized 
distance will be greater than the Blob-to-Track Distance Threshold. 

 The range measurement error, 𝜎𝑟, is very low, and the target range prediction 
usually is not as accurate as the measured range. This situation has a mayor 
importance when the target has a considerable high velocity. 

To solve the issues explained above, the track type (tentative or active) is used as 
follows: If the track is tentative, a bigger Blob-to-Track Distance Threshold than 
the used for active tracks. After analyzed various test made based on simulations, 
an active threshold, 𝑇ℎ𝑎𝑐𝑡𝑖𝑣𝑒, of 10 and a tentative threshold, 𝑇ℎ𝑡𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒,of 100 
presented accurate results. On the other hand, instead of use the simulated 
measured error, a larger value is given to 𝜎𝑟, thus, more tolerance in range is given 
to the compute the normalized distance. 

 

Figure 4-16 shows the results of the optimization made on the gating algorithm. A 
scenario with a target with an initial velocity of approximately 56 km/h and some 
static target is simulated, and the α-βPKF is used. Graphic a) shows the result of the 
tracking without changing parameters, while graphic b) shows the performance of the 

system with 𝜎𝑟=1m, 𝑇ℎ𝑎𝑐𝑡𝑖𝑣𝑒=10 and 𝑇ℎ𝑡𝑒𝑛𝑡𝑎𝑡𝑖𝑣𝑒=100. It can be observed that by 
doing the parameter adjustments, the target is tracked accurately. In fact, after 
doing several tests, it was found that for 𝜎𝑟=2m, it was possible to track targets 
with velocities up to 111 km/h, as shown in Figure 4-17 where two targets are 
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moving across the x axis with an initial velocity of 111.6 km/h, in opposite direction 
are successfully tracked (using the D-SMKF). 

 

 
Figure 4-16 Improvement of the Gating Module a) Initial Values b) Optimized values 

 

 
Figure 4-17 Tracking of two targets moving with a velocity of 111.6km/h 
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5 CONCLUSIONS 

 Selecting the coordinate system is an important decision to take when 
developing track filtering systems. Both Polar and Cartesian coordinates have 
advantages and disadvantages. The task of the developer is to enhance the 
first and make big efforts to diminish the second. 
 

 The use of robust simulation algorithms is a powerful tool to evaluate and 
improve a system’s performance, allowing analyzing situations hard to obtain 
using real data. 
 

 The use of high probability of detection and low probability of false alarm into 
the signal processing, and also selecting an appropriate clustering window 
size, considering specific system aspects as the range and azimuth resolution 
and aspects related with the operation scenario as the minimum and maximum 
size of targets, provides high assurance that the process of clustering will be 
executed correctly and minimizing errors that may arise. 
 

 A method to initialize a two-state-two-dimension Linear Kalman Filter in 
Cartesian Coordinates, using an α-β filter in Polar Coordinates is proposed, 
improving the system performance when accelerating and/or far away targets 
appearing in the FOV. 
 

 Analyzing the performed operations of an algorithm into different scenarios is 
an essential method to improve the algorithm execution time, making it more 
efficient and plausible to be implemented in embedded systems for Real Time 
Tasks.   
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ANNEXES 

A SIMULATED SCENARIOS SUMMARY 

The following tables shows of de different simulations made in 3.4.2 

 

Table A- 1 Track summary for scenario 1, using D-SMKF 

Track 
Number 
of Scans 

Mean 
Velocity 

Initial r Initial  Final r Final  

1 49 3.1 19.5 43.3 278.2 42.5 

2 49 3.0 26.4 135.9 267.2 129.7 

3 49 3.2 32.7 323.6 266.3 357.9 

4 49 0.8 37.1 177.0 37.0 177.0 

5 49 3.6 53.3 223.8 190.2 57.1 

6 49 1.2 60.3 70.7 60.3 70.7 

7 49 1.2 60.3 281.6 60.3 281.6 

8 49 1.9 91.0 184.0 91.1 184.0 

9 49 3.1 152.5 178.7 152.6 178.7 

10 49 3.7 180.3 70.7 180.4 70.7 

11 49 3.7 180.3 281.6 180.4 281.6 

12 49 6.5 197.4 88.6 80.4 192.2 

13 49 4.3 211.1 177.1 211.1 177.0 

14 49 6.6 209.1 317.8 70.0 228.7 

15 49 7.6 245.4 38.7 5.1 38.4 

16 49 8.0 249.6 135.7 31.1 303.5 

17 47 3.5 43.7 225.4 190.2 57.1 

18 47 1.3 60.3 281.6 60.3 281.6 

19 47 2.0 91.0 184.0 91.1 184.0 

20 47 3.8 180.3 281.6 180.4 281.6 

21 47 6.5 200.1 313.6 70.0 228.7 

 
Table A- 2 Association summary for scenario 1, using D-SMKF 

Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations 

1 16 0 0 26 0 0 21 

2 0 0 16 27 0 0 21 

3 5 5 11 28 0 0 21 

4 0 0 21 29 0 0 21 

5 0 5 16 30 0 0 21 

6 0 0 21 31 0 0 21 

7 0 0 21 32 0 0 21 

8 0 0 21 33 0 0 21 

9 0 0 21 34 0 0 21 

10 0 0 21 35 0 0 21 

11 0 0 21 36 0 0 21 

12 0 0 21 37 0 0 21 

13 0 0 21 38 0 0 21 

14 0 0 21 39 0 0 21 

15 0 0 21 40 0 0 21 

16 0 0 21 41 0 0 21 

17 0 0 21 42 0 0 21 

18 0 0 21 43 0 0 21 

19 0 0 21 44 0 0 21 

20 0 0 21 45 0 0 21 

21 0 0 21 46 0 0 21 
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Table A- 3 Track summary for scenario 1, using α-β Filter 

Track 
Number 

of Scans 

Mean 

Velocity 
Initial r Initial  Final r Final  

1 49 2.8 19.5 43.3 278.1 42.4 

2 49 2.6 26.4 135.9 267.1 130.2 

3 49 2.6 32.7 323.6 266.3 358.1 

4 49 0.0 37.1 177.0 37.0 177.0 

5 14 2.4 53.3 223.8 -5.0 144.2 

6 49 0.0 60.3 70.7 60.3 70.7 

7 49 0.0 60.3 281.6 60.3 281.6 

8 49 0.0 91.0 184.0 91.0 184.0 

9 49 0.0 152.5 178.7 152.6 178.7 

10 49 0.0 180.3 70.7 180.3 70.7 

11 49 0.0 180.3 281.6 180.3 281.6 

12 49 2.6 197.4 88.6 80.2 192.3 

13 49 0.0 211.1 177.1 211.0 177.0 

14 49 2.3 209.1 317.8 69.8 228.7 

15 49 2.8 245.4 38.7 5.3 39.0 

16 46 3.0 249.6 135.7 -9.5 180.2 

17 2 3.4 10.3 119.0 10.8 82.0 

18 36 2.6 17.2 86.6 190.1 57.1 

19 4 15.4 37.1 177.0 132.6 171.0 

20 2 4.0 9.6 269.6 12.3 309.0 

21 3 3.1 19.8 298.8 31.0 305.0 

 

Table A- 4 Association summary for scenario 1, using α-β Filter 

Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations 

1 16 0 0 26 0 0 16 

2 0 0 16 27 0 0 16 

3 0 0 16 28 0 0 16 

4 0 0 16 29 0 0 16 

5 0 0 16 30 0 0 16 

6 0 0 16 31 0 0 16 

7 0 0 16 32 0 0 16 

8 0 0 16 33 0 0 16 

9 0 0 16 34 0 0 16 

10 0 0 16 35 0 0 16 

11 0 0 16 36 0 0 16 

12 1 1 15 37 0 0 16 

13 0 1 16 38 0 0 16 

14 1 2 15 39 0 0 16 

15 0 2 16 40 0 0 16 

16 0 1 16 41 0 0 16 

17 0 0 16 42 0 0 16 

18 0 0 16 43 0 0 16 

19 0 0 16 44 1 1 15 

20 0 0 16 45 1 1 16 

21 0 0 16 46 0 1 17 
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Table A- 5 Track summary for scenario 2, using D-SMKF 

Track 
Number 

of Scans 

Mean 

Velocity 
Initial r Initial  Final r Final  

1 41 4.6 19.8 45.7 347.7 31.9 

2 39 4.9 33.0 313.3 342.3 301.4 

3 49 0.8 37.1 177.0 37.0 177.0 

4 49 1.1 46.5 70.3 60.3 70.7 

5 49 2.4 45.3 345.8 37.0 177.0 

6 49 1.2 60.3 70.7 60.3 70.7 

7 49 1.2 60.3 281.6 60.3 281.6 

8 49 2.7 75.3 143.6 75.3 228.0 

9 49 1.9 91.0 184.1 91.1 184.1 

10 49 3.1 152.6 178.7 152.6 178.8 

11 49 3.7 180.3 70.7 180.4 70.7 

12 49 3.7 180.3 281.6 180.4 281.6 

13 49 4.3 211.1 177.0 211.1 177.0 

14 35 13.5 202.8 316.1 382.7 199.0 

15 34 16.2 243.6 136.8 378.8 297.8 

16 49 21.2 271.0 11.7 272.1 348.1 

17 47 1.3 60.3 281.6 60.3 281.6 

18 47 2.0 91.0 184.0 91.1 184.1 

19 47 3.8 180.3 281.6 180.4 281.6 

20 33 13.3 183.0 310.8 382.7 199.0 

21 37 2.5 64.5 70.4 118.5 70.3 

22 23 4.6 45.3 163.0 45.5 8.4 

 

Table A- 6 Association summary for scenario 2, using D-SMKF 

Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations 

1 16 0 0 26 0 0 21 

2 0 0 16 27 1 0 21 

3 4 4 12 28 0 0 22 

4 0 0 20 29 0 0 22 

5 0 4 16 30 0 0 22 

6 0 0 20 31 0 0 22 

7 0 0 20 32 0 1 21 

8 0 0 20 33 0 3 19 

9 0 0 20 34 0 3 19 

10 0 0 20 35 0 3 19 

11 0 0 20 36 0 3 19 

12 0 0 20 37 0 3 18 

13 1 0 20 38 0 1 18 

14 0 0 21 39 0 2 17 

15 0 0 21 40 0 2 17 

16 0 0 21 41 0 2 17 

17 0 0 21 42 0 1 17 

18 0 0 21 43 0 1 17 

19 0 0 21 44 0 0 17 

20 0 0 21 45 0 0 17 

21 0 0 21 46 0 0 17 
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Table A- 7 Track summary for scenario 2, using α-β Filter 

Track 
Number 

of Scans 

Mean 

Velocity 
Initial r Initial  Final r Final  

1 41 4.3 19.8 45.7 345.8 36.4 

2 39 4.1 33.0 313.3 341.6 304.5 

3 49 0.0 37.1 177.0 37.0 177.0 

4 49 0.8 46.5 70.3 118.5 70.3 

5 49 1.5 45.3 345.8 37.0 177.0 

6 49 0.0 60.3 70.7 60.3 70.7 

7 49 0.0 60.3 281.6 60.3 281.6 

8 49 1.2 75.3 143.6 75.3 228.0 

9 49 0.0 91.0 184.1 91.0 184.1 

10 49 0.0 152.6 178.7 152.5 178.8 

11 49 0.0 180.3 70.7 180.3 70.7 

12 49 0.0 180.3 281.6 180.3 281.6 

13 49 0.0 211.1 177.0 211.0 177.0 

14 23 7.2 202.8 316.1 73.0 133.9 

15 23 7.6 243.6 136.8 53.9 312.8 

16 49 16.6 271.0 11.7 271.0 349.3 

17 2 8.2 79.2 235.2 68.7 245.1 

18 17 8.5 108.9 211.3 381.5 196.2 

19 15 12.0 101.7 259.1 376.8 302.6 

20 23 2.8 45.3 163.0 45.3 8.4 

 

Table A- 8 Association summary for scenario 2, using α-β Filter 

Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations Scan 

Non-

Associated 

Blobs 

Non-

Associated 

Tracks 

Associations 

1 16 0 0 26 0 0 21 

2 0 0 16 27 0 0 21 

3 5 5 11 28 0 0 21 

4 0 0 21 29 0 0 21 

5 0 5 16 30 0 0 21 

6 0 0 21 31 0 0 21 

7 0 0 21 32 0 0 21 

8 0 0 21 33 0 0 21 

9 0 0 21 34 0 0 21 

10 0 0 21 35 0 0 21 

11 0 0 21 36 0 0 21 

12 0 0 21 37 0 0 21 

13 0 0 21 38 0 0 21 

14 0 0 21 39 0 0 21 

15 0 0 21 40 0 0 21 

16 0 0 21 41 0 0 21 

17 0 0 21 42 0 0 21 

18 0 0 21 43 0 0 21 

19 0 0 21 44 0 0 21 

20 0 0 21 45 0 0 21 

21 0 0 21 46 0 0 21 
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B  HR RADAR DATA PROCESSING TOOL 

The tool developed in this project, unified within a single application all different 
modules that form part of the radar data processing system. As shown in Figure A- 
1, the application consists of three functional blocks that interact with each other. 

 

Figure A- 1  HR Radar Data Processing Tool 

 

The first functional block refers to the GUI Module. This block has as goal to make 
easy the way which user interacts with the functional block composed by all data 
process modules. Through the GUI, user can enter all different system input 
parameters and thus check data process behavior for different operational 
scenarios (real and simulated). Furthermore, using the GUI, it is possible to 
perform several procedures of verification, optimization and adjustment in an agile 
and effective way. The following figures show how the GUI looks like. 

 

 

Figure A- 2  System GUI Module – Principal GUI 
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Figure A- 3  System GUI Module – Simulation Module GUI 

The second functional block refers to data simulation module. This module has as 
main goal to generate a radar detection matrix that represents a specific 
operational scenario. , it is possible to generate a variety of matrices that allows to 
verify the behavior and performance of the entire data processing system. 

The third and most important functional block contains all modules that make up 
the architecture scheme of a High-Resolution (HR) data processing system. All 
those modules were described in previous sections. 
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ACRONYMS 

α-βPKF α-β Filter-Pulled Kalman Filter 

C-SMKF Classical Measure Conversion Singer Model Kalman Filter 

D-SMKF 
Debiasing Compensation Measure Conversion Singer Model Kalman 
Filter 

DS Segments Detection 

FOV Field of View 

GNN Global Nearest Neighbor 

GUI Graphical User Interface 

HR High-Resolution 

KF Kalman Filter 

MTT Multi-Target Tracking 

NN Nearest Neighbor 

PD Probability of Detection 

PFA Probability of False Alarm 

RPF Recursive Pixel Finding 

STT Single-Target Tracking 

TWS Track-While-Scan 

  

  

 


