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Abstract

Advanced automotive vehicles are based on the real-time fusion of
an increasing number of automotive sensors. For precise fusion of
different sensors, measurements need to be synchronized both tempo-
rally and spatially. This thesis aims to design a hardware temporal
synchronization block as part of the PRISTINE[ 1] systolic array accel-
erator project for multi-sensor data fusion. In this process, we study
and address several temporal sensor synchronization issues that are
characteristic of the considered system as well as any other typical
sensor fusion system. First and foremost, we handle the problem
of estimating the actual time of sensor measurement by exploring
well-known filtering techniques such as Kalman, mean and median
filters. A suitable filter is selected for implementation based on the
statistical characteristics of the observed sensor cycle times, the com-
plexity of the filters and the quality of obtained estimates. Next, we
address the issue of reconstructing incoming sensor data streams ac-
cording to the estimated sensor measurement times while maintaining
minimal latency and synchronization error by employing an adaptive
stream buffering technique utilized in distributed multimedia systems.
An analysis of the effects of the stream synchronization algorithm’s
parameters on buffering latency and synchronization error was pre-
sented. Finally, the above synchronization solution was efficiently im-
plemented on hardware by making certain modifications and design
decisions to the algorithm. A method to evaluate the whole temporal
synchronization process is proposed and the obtained results on real
sensor data are presented.
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Abstract

Advanced automotive vehicles are based on the real-time fusion of an increasing number
of automotive sensors. For precise fusion of different sensors, measurements need to
be synchronized both temporally and spatially. This thesis aims to design a hardware
temporal synchronization block as part of the PRISTINE]] systolic array accelerator
project for multi-sensor data fusion. In this process, we study and address several
temporal sensor synchronization issues that are characteristic of the considered system
as well as any other typical sensor fusion system. First and foremost, we handle the
problem of estimating the actual time of sensor measurement by exploring well-known
filtering techniques such as Kalman, mean and median filters. A suitable filter is
selected for implementation based on the statistical characteristics of the observed
sensor cycle times, the complexity of the filters and the quality of obtained estimates.
Next, we address the issue of reconstructing incoming sensor data streams according
to the estimated sensor measurement times while maintaining minimal latency and
synchronization error by employing an adaptive stream buffering technique utilized in
distributed multimedia systems. An analysis of the effects of the stream synchronization
algorithm’s parameters on buffering latency and synchronization error was presented.
Finally, the overall synchronization solution was efficiently implemented on hardware
by making certain modifications and design decisions to the algorithm. A method
to evaluate the whole temporal synchronization process is proposed and the obtained
results on real sensor data are presented.
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Introduction

1.1 Problem Background

Over the last decade, research in the area of autonomous vehicle technologies has ad-
vanced at a significant pace. To invariably describe the complete range of autonomous
driving features, the SAE has defined 6 levels of driving automation based on the
amount of intervention and attentiveness required from the driver [3]. An overview
of these levels is shown in Figure 1.1. An important milestone in these levels is the
shift from levels SAE-2 to SAE-3 on-wards, where the vehicle is fully responsible for
environmental perception and the driver no longer has to observe the surrounding en-
vironment. In addition, at higher levels of automation, the vehicle is required to be
fail-operational, as it is responsible for handling safety-critical functions as well.

For on-road vehicles ’ E Human driver E Automated system

Steeringand  Monitoring Fallback when Automated
acceleration/ of driving  automation  systemisin
deceleration environment fails control

NO ‘. ‘. ‘. N/A
\. ~, SOME
N

DRIVER
ASSISTANCE

DRIVING
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Human driver
monitors the road

00000600
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DRIVING
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DRIVING
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CONDITIONAL
AUTOMATION
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AUTOMATION

SOME
DRIVING

FULL
AUTOMATION

Automated driving system
monitors the road

Figure 1.1: SAE Levels of Automation [2]

Environmental perception for automated driving requires a robust and reliable fu-
sion of sensor measurements that may be supplementary or complementary. A great
extent of research has been done in the field of sensor fusion to merge the coverage of
different sensors in time and space and to exploit the redundancies in complementary
sensor measurements.

Some of the commonly used sensor fusion modalities are namely, spatial, temporal,



and complementary sensor fusion. Spatial fusion combines the coverage areas of indi-
vidual sensors to offer either a 360-degree coverage of the surrounding environment or
substantial coverage around the vehicle, or both. Temporal fusion integrates the results
of several sensor readings to create a history and make it easier to forecast the status of
the environment in the future. Complementary sensor fusion combines measurements
having complementary capabilities such as reliability, resolution, etc., to make sure the
system is fail-operational.

A crucial step that needs to be done precisely before sensor data fusion is the
sensor data association. Data association is a method to associate the right pair of
the measurements from two or more sensor sources to achieve optimal sensor fusion
result [1]. In general, data association includes temporal and spatial synchronization
of sensor measurements. Temporal synchronization involves providing reliable relative
timing information to maintain the same temporal relationships between the sensor
measurements. With this, the sensor inputs can be provided coherently from the same
instant or period. On the other hand, spatial synchronization involves ensuring that
the fields of view of the different sensors coincide or match.

This thesis aims to provide a solution to the problem of temporal synchronization of
Radar and Lidar measurements. Further, this solution is realized on FPGA hardware
as a part of a systolic array accelerator for multi-sensor data fusion.

1.2 Motivation

Advanced automotive vehicles are based on the real-time fusion of an increasing number
of automotive sensors. For precise aggregation or fusion of measurements from different
sensors, all the measurements must point to the same ground reality. To achieve this,
the sensor measurements need to be time-aligned /synchronized in the same manner
as they were initially recorded by the sources. Figure 1.2 shows the disassociation
between measurements from two sensors, both providing 10 frames per second, if they
are aligned based on their frame numbers, i.e., first-in-first-out manner upon arrival.
Incorrect alignment of different sensor measurements leads to wrong position or velocity
calculations of target objects, thereby leading to poor data fusion performance. This
can cause serious consequences in time-critical situations like pre-crash and emergency
braking conditions [5, 6]. Thus, even the best sensor fusion algorithm will result in
sub-par results without precise time synchronization of sensor measurements. Overall,
the issue of time synchronization of sensor data is crucial in the implementation of
multi-sensor fusion systems and has to be handled first and foremost in its design.
Present-day automotive sensors can be widely categorised based on their capabil-
ity to be externally triggered to produce measurements at required times and their
on-sensor measurement timestamping capabilities. Sensors without external trigger ca-
pabilities, commonly known as free-running sensors, continuously produce sensor data
at varying intervals of time. These sensors can overall be regarded as independent
subsystems with separate clocks and unreliable time periods between measurements.
In case these sensors do not provide measurement timestamps, the arrival times of the
sensor data is the only timing information that is available to the application. Ar-
rival times do not best represent the original timing relationships between the sensor
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Figure 1.2: Sensor Data Disassociation.

measurements since, different sensors capture measurements at different rates, perform
different pre-processing steps and transmit measurements through various hardware
interfaces. All these factors add an unknown jittering latency to the arrival times of
these measurements at the acquisition system. Also, sensors can have different initial
startup times, which again impacts the timing alignment of the measurements. These
unknown latencies and jitters can add up to considerable delay values, very soon, and
hence can lead to the improper association of sensor measurements if it were to be
aligned with respect to their arrival times.

Similarly, in the case of externally trigger-able sensors where no sensor timestamps
are provided, the trigger time of the sensor may not be reliable enough to be used
as actual measurement capture time since there is still a possibility of a variable delay
between the trigger time and the actual capture time. Further, an additional mechanism
needs to be employed by the application to generate the trigger signals for the sensors.
Also, sensors with time reliable externally trigger capabilities can be very expensive and
cannot be a viable option for many applications where multiple sensors are required.
Lack of on-sensor timestamps and unreliable timing information of sensor measurements
motivates the need to solve the problem of accurate estimation of the actual time of
sensor measurement.

In the case of sensors with timestamping capability, it is to be noted that sensors
have their own clocks and time references and hence, the time references of different
sensors need to be matched before the timestamps can be used. These sensors are often
expensive and there is still a need to synchronize arriving jittery sensor data streams
according to the measurement timestamps at the acquisition end of the application
system.

In addition to synchronizing sensor data streams according to the true sample time
of measurements, real-time multi-sensor fusion systems are also required to keep in line
with its real-time constraints and altogether ensure minimal latency. As these systems
are time-critical, the overall system’s worst-case latency is of significant importance.



Overall, the above-mentioned requirements and challenges motivate the need to design
temporal synchronization solutions for advanced multi-sensor fusion systems with real-
time requirements.

1.3

Aim and Scope

This thesis aims to design a hardware temporal synchronization block as part of the
PRISTINE systolic array accelerator project for multi-sensor data fusion. This thesis
addresses several temporal sensor synchronization issues that are characteristic of the
considered accelerator system as well as any other typical sensor fusion system. They
are as follows :

1.4

Handle the problem of estimating the actual time of sensor measurement.

Ensure synchronization of incoming sensor streams with minimal latency and
synchronization error while tolerating uncertain arrivals of sensor data.

Efficient implementation of the synchronization solution on hardware.

Develop a methodology to evaluate the performance of the temporal synchroniza-
tion solution on real world data.

Thesis Outline

This thesis report is structured as follows.

Chapter 2 presents a brief description of PRYSTINE’s [6] systolic array demon-
strator platform. Further, the problem of temporal asynchrony between the sensor
data is formally modeled.

In Chapter 3, a few filtering techniques in the literature are reviewed for the
estimation of the true sensor measurement cycle time. In addition, a method to
extract timestamps of sensor measurements is explained.

In Chapter 4, existing works in the field of data stream synchronization is pre-
sented. Further, a detailed explanation of the implemented stream synchroniza-
tion is given.

In Chapter 5, an experiment to verify the timestamp estimation and stream syn-
chronization is developed. Results of timestamp estimation and data stream syn-
chronization algorithm are presented and analyzed.

Chapter 6 presents the details of the hardware implementation of the synchroniza-
tion solution. Further, the implemented hardware is evaluated and the results are
presented.

Finally in Chapter 7, Conclusions, potential improvements and the continuation
of the work is outlined.



System Description and
Problem Modelling

2.1 Overview

In this chapter, a brief description of PRYSTINE’s [I] systolic array demonstrator
platform is presented. Further, the problem of temporal asynchrony between the sensor
data is formally modeled. With the formal model defined, it is easier to understand the
requirements of the problem and to precisely formulate algorithms for synchronization.

2.2 Systolic Array Accelerator : Architecture

The systolic array accelerator is a hardware accelerator architecture designed for en-
vironment perception based on multi-sensor data fusion application. The accelerator
itself is realised using FPGA hardware. Figure 2.1 shows the FPGA architecture of the
systolic array demonstrator. The main components of the demonstrator are described
below:

FPGA
\ Sensor
Controllers
Radar |
/ \\) i‘)
o
m
AXI
c
T~ 2 Stream )
Lidar > N Systolic Array
C
/ E
g
@
//7
Camera

Figure 2.1: FPGA architecture of the Systolic Array demonstrator.

1. Sensors

The system employs three sensors namely, Radar, Lidar, and Camera. All the employed
sensors are free-running sensors and hence, cannot be externally triggered and are
required to be directly interfaced either with a computer system or a FPGA platform.
An account of the properties of the sensors are presented below:



e Radar: Radar sensors measure the distance and velocity of an object by transmit-
ting a high-frequency electromagnetic signal and observing the object’s reflection
of these waves. More precisely, the distance to the object is calculated using
the round-about time of the signal and the radial velocity is estimated using the
frequency shift of the reflected signal.

The Radar sensor employed in this system is produced by RFBeam (Switzer-
land) and, is based on an NXP Radar chipset (MR3003) and a specialized MCU
(S32R274) to perform onboard Radar signal processing. The sensor has an Ether-
net interface and can produce and transmit measurements at a rate of 10 frames
per second. The sensor provides no guarantees on a constant sampling period
of the sensor measurements and also, no timestamps for the actual time of mea-
surement capture are provided. Hence, the exact capture/sampling times of the
measurements are unknown and cannot be directly derived from sensor’s sampling
period.

e Lidar: Similar to the Radar approach, Lidar sensors measure the distance of a
target object by emitting light pulses and observing the reflected pulse. Further,
Lidar sensors produce a 3D map of the surrounding environment by integrating
many such precise distance measurements. These maps not only give information
on the object’s position but also aids in the detection and identification of the
object.

The Lidar sensor used in this system is a solid-state Lidar produced by Hypersen
Technologies Ltd (China). The sensor can operate in two different settings: single
shot and continuous modes. The sensor produces and transmits measurements
through a serial USB interface at a rate of 10 frames per second and 30 frames
per second in a single shot and continuous mode, respectively. Similar to Radar,
the considered Lidar sensor does not ensure reliable sampling periods or provide
any information on the measurement capture time.

e Camera: The camera used in this system is an industrial camera sensor (mvBlue-
COUGAR) produced by Matrix Vision GmbH. This camera sensor can be pro-
grammed to be externally triggered or to operate in free-running mode. In free-
running mode, it can produce high-resolution images at the rate of 10 frames
per second. It has a gigabit ethernet interface and can also perform several on-
chip operations such as Flat field correction, color correction, etc. on the image
to reduce the load of the host system. In addition, the camera sensor provides
timestamps of image capture which can be used synchronization purposes.

A summary of the sensor properties is presented in Table 2.1.

2. Sensor Controllers

The purpose of the sensor controllers is to configure and read the respective sensors’
incoming data. The controllers are to be designed based on the individual sensor’s
bus interface and controllers for some interfaces such as ethernet, SPI, etc. are readily
available as IP blocks.



Table 2.1: Summary of Sensor Properties

Sensor  Interface Rate Size (bytes/measurement)
Radar  Ethernet 10 fps 262144 (raw samples)

Lidar USB 10 fps 153600 (Depth map + Point Could)
Camera Ethernet 10 fps -

3. Synchronization Block

The synchronization block has to work alongside the sensor controllers to maintain
the original temporal relationships between the sensor measurements. Considering the
non-availability of actual sensor measurement times in the case of our Radar and Lidar
sensors, the synchronization block is responsible for both estimating the actual mea-
surement times and synchronization of independent sensor data streams. The output of
this block would be AMBA AXI4 streams of sensor measurements which are provided
as fusion input.

4. The Systolic Array

In this system, Convolutional Neural Networks (CNN) is used for performing sensor
data fusion. The synchronized input streams from different sensors are applied as
input features in the CNN and are merged in different layers of the CNN to produce
desired fusion outputs. A systolic array-based computational unit is implemented for
computing CNNs since it is proven to be fast and energy-efficient.

2.3 Events

To formulate the problem formally, we first define all the events occurring in the system.
An event is essentially an occurrence of something at a particular place and time. Let
us consider a section of the Systolic array accelerator which includes the sensors (Radar
and Lidar) and the sensor data acquisition system. Figure 2.2 shows a detailed block
diagram along with all the events that are essential for our problem formation. The
different events that are defined, are listed in Table 2.2.

With our knowledge of the working of the system, we can say that the events
(el,e2,e3) and (e4, b, e6) occur in a sequence. With this, we can assume the existence
of two processes with the process defined as a sequence of events, namely,

Radar acquisition process (P%) - (el => €2 => €3)
Lidar acquisition process (PY) - (e4 => eb => ¢6)

The superscript R and L denote the Radar and Lidar sensors, respectively and
this representation is used throughout this report. The acquisition processes P and
P occur asynchronously and are independent of each other. It is to be noted that we
cannot make any inference on the relationships between the events of the two processes,
since, depending on the sensor sampling rate and the initial start offset between the
sensors, the order can change during run time.



[61, Tnllzea]

[e3, T,
AquisitionSystem

le4, Te,] e6, Tk ]

Figure 2.2: System Block diagram with Events and Timestamps.

Table 2.2: System Events and its corresponding Timestamps.

Events Timestamps
el Radar measurement TR
e2 Radar measurement transmitted onto the communication link Tk
e3 Arrival of Radar frame at acquisition system Tk
e4 Lidar measurement TL .
eb Lidar measurement transmitted onto the communication link Tk
e6 Arrival of Lidar frame at acquisition system TL

2.4 Timestamps

With the events defined, we now introduce the notion of time associated with them.
For every event, a timestamp is assigned which represents the point in time at which
the event occurred. The events and their corresponding timestamps are listed in Table
2.2.

It is to be noted that the considered Radar and Lidar sensors do not have clocks or
any other mechanism to record the times of their events. However, at the acquisition
system, the arrival times of Radar and Lidar frames (T'%_ and T ) are assigned by a
common clock and hence there exists a shared timeline for the arrivals making it easier

to compare the arrival times of the two streams.

Overall, in the considered system, none of the above timestamps except for arrival
times at the acquisition system (7% and TZ ) can be measured/observed. A pretty
straightforward solution to this issue would be to connect external clocks to record
the event timestamps. However, this solution is both expensive and unreliable since
the triggering of an event cannot be observed accurately from external clocks due to

distortions introduced by the interconnecting cables.



2.5 Sources of Delay and Delay Variability factors

From the moment the sensors capture the measurements to the point they arrive at
the acquisition system, the sensor data stream is subjected to various delays. These
delays are unpredictable and their magnitudes have no definite bounds, leading to
vastly varying arrival latencies. For automotive applications with safety and real-time
requirements, these delays are detrimental to their reliability and dependability. In
addition, delays are different for each sensor data stream resulting in data of different
sensors belonging to completely different periods of time being given as input to the
fusion algorithm. A good understanding of the nature of the delays along with the
source of delay variability factors is essential to formulate an efficient synchronization
algorithm. Some of the significant delays in the considered system are as follows:

e Processing delays: Pre-processing delays are delays that are incurred on the
sensors for modifying/processing the raw sensor measurements. It includes delays
due to on-sensor chip pre-processing steps and packetization of sensor measure-
ments into appropriate format transmission. With respect to our model, the
sensor stream is subjected to these delays between events el and e2 in Radar, and
between e4 and eb events in the Lidar sensor system.

e Communication delays: Communication delay is the delay experienced by the
sensor data during its transfer from the sensor to the acquisition system. Depend-
ing on the size of the measurements, a single sensor measurement can be broken
down into several packets/frames. The delays due to queuing of these frames at
the communication interface, the physical transmission of the frames onto the
communication link, and the actual propagation of the sensor measurement to
the destination, all constitute communication delays. Concerning our model, the
sensor stream is subjected to these delays between events e2 and e3 in Radar, and
between e5 and e6 events in the Lidar sensor system.

e Data acquisition delays: It includes delays at the receiving end of the com-
munication link at the acquisition system such as queuing and de-packetization
delays of the arriving frames. In our model, these delays occur during e3 and e6
events of the Radar and Lidar processes, respectively.

All the delay factors listed above depend on the properties of the sensors and the
acquisition system such as, (7) the type of sensor pre-processing performed, performance
specifications of the processing units; (ii) the communication protocol employed and
the specifications of the communication link (e.g., bandwidth). In addition, these delays
are associated with some form of variability or jitter. This may be caused due to several
factors such as network jitters, jitters in processing times due to heating of processing
hardware, etc.

We now define the term Measurement Latency, which refers to the overall latency
experienced by the k' sensor measurement from capture at sensor to its arrival at the
acquisition system. Measurement Latency (A7, Ar}) is given by,

mea (21)



Measurement latency is essentially an abstraction of all the delays and their associ-
ated delay variabilities that a sensor measurement is subjected to and hence, can also
be modelled as:

N
ATER] =" df + Gjiger K]
i=1
o (2.2)
AT =" dF + Sjivser[K]
i=1

where 0, [k] denotes the jitters in delays for k" sensor measurement and, d¥ and dF
(1 =1,2,..NorM) represent the mean of their respective sensor specific delays due to
N or M delay factors.

2.6 Sensor Data Model

Before we model the synchronization problem, a description of the components of the
sensor data stream is presented. The entire sensor data stream model can be described
using the following terms:

e Data Frame: A Data frame refers to a single information unit that is transmitted
by the sensor through the communication link. We denote the k™ frame of Radar
and Lidar streams as f{* and fF, respectively. A single measurement captured
by the sensor at a point in time can be transmitted as several data frames. The
number of data frames per measurement is based on the sensor measurement size
and the communication protocol employed. We denote k* measurement of Radar
and Lidar streams as m# and m¥, respectively.

e Data Stream: A Data Stream is essentially a sequence of data frames trans-
mitted by the same sensor over time. We denote the data streams by Radar and
Lidar as s and s, respectively.

e Synchronization reference: Synchronization reference is either a data frame
or data stream that other data frames or data streams need to be synchronized
against.

2.7 Problem Model

With events, timestamps, and delays of the system defined, we now mathematically
formulate the problem. On the top level, we aim to provide the sensor data streams
to the systolic array while maintaining the same temporal relationships between the
measurements in which they were originally recorded. We define two types of temporal
relations in our model:

1. Intra-Stream relations: Intra-Stream relation refers to the temporal relation-
ship between the frames belonging to the same stream. More precisely, we consider
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the Intra-Stream relation as the time difference between events of two consecu-
tive sensor measurements captured by the same sensor. Equations 2.3, 2.4 and 2.5
gives the Intra-Stream temporal relation between [k — 1] and k™ sensor measure-
ments during capture, on arrival at acquisition system and after synchronization,
respectively.

A%;M—Lm:ifw—ﬂ%w—ﬂ (2.3)
ATE [k — 1,k =Tk [k] — T, [k — 1]

mea

AT;LiT[k: — 1Lk = T’j [K] — Ta?«[’f —1 (2.4)
ATE [k =1,k = TE [k] - T= [k — 1]

arr

ATO?[/C — 1Lk = TJLZt[k] - T(foLtVf —1 (2.5)
ATy k= 1K) = T, [k] = o[k — 1]

out out

In the board sense, Intra-Stream temporal relations essentially expresses the sen-
sor’s cycle time. Hence, for simplicity, Tineq[k — 1, k] and Ty,..[k — 1, k] are also
referred to as true and observed measurement cycle times, respectively.

. Inter-Stream relations: Inter-Stream relations refers to the temporal relation-
ship between corresponding frames belonging to different streams. In our for-
mulation, we consider the Inter-Stream relation as the delay difference between
events of two corresponding sensor measurements captured by different sensors.
Equations 2.6, 2.7 and 2.8 gives the Inter-Stream temporal relation between be-
tween k" Radar and Lidar measurements during capture of said measurements,
on arrival at acquisition system and after synchronization, respectively.

ATnlféi [k] = Trlrfea[k] - Trﬁea[k] (26)
ATREE) = TR ] - T2, K @7)
AT, k] = Ty [K] = Ty [K] (2.8)

The above defined temporal relations are illustrated in Figure 2.3.
Now, consider the Figure 2.4 and Figure 2.5 in which a shared timeline of Radar

and Lidar acquisition processes (P¥ and PL) for two consecutive measurements is
illustrated. In these timing models, T,., and T,,. denote the sensor measurement
time and the arrival time at the acquisition system, respectively. T,,; represents the
time at which the sensor measurement needs to be outputted to maintain temporal
synchronization.
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Figure 2.4: Intra-Stream timing model.
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Figure 2.5: Inter-Stream timing model.

To meet our aim of temporal synchronization, we need to achieve the following:

1. Intra-Stream Synchronization: To output sensor measurements to the systolic
array while maintaining the same Intra-Stream temporal relationships in which
they were originally recorded. The following condition must hold for Intra-Stream
Synchronization:

ATE

out

ATE

out

[k —1,k] = ATE [k— 1,k s
[k —1,k] = ATE [k — 1, k] (2.9)

mea

2. Inter-Stream Synchronization: To output sensor measurements to the systolic
array while maintaining the same Inter-Stream temporal relationships in which
they were originally recorded. The following condition must hold for Inter-Stream
Synchronization:

ATEE k) = ATRE (k] (2.10)

out mea

However, due to the jitter component of the delay factors, disturbances are intro-
duced into the temporal relationships of sensor measurements as they arrive at the
acquisition system. Thus, we can expect,

ATR [k -1 k:] 7£ ATmRea[k -1, k]

arr

ATE: [k —1,k) # ATE [k —1,K]

arr

(2.11)

and

13



AT # ATRE (2.12)

arr mea

From Equations 2.1, 2.2 and 2.4, we can also represent AT [k —1,k] as,

arr

N N
ATS, k=1, K] = (T [K]+Y  df05iter K]) = (Tica k=14 _ df*+05iser [k—1]) (2.13)
i=1 1=1

We can now view ATH

[k — 1, k] as a noisy/distributed version of AT;. [k — 1, k].

mea [

ATE [k —1,k] = ATE [k — 1, k] + Sjister[K] — Ojister[k — 1] (2.14)

arr mea

where djiyer [k] s assumed to be zero-mean white noise. Mean Sensor specific delay

( le\il d?) can be ignored in our model since it is a constant factor and does not affect
the relative temporal relations.

With this, a straightforward solution to satisfy the Intra-Stream and Inter-Stream
synchronization conditions of Equations 2.9 and 2.10 will be to re-construct the sensor
data streams at the acquisition system by buffering accordingly to compensate for the
effect of jitters on each sensor measurement.

Unfortunately, in our concerned system, the solution is quite challenging since T

arr

and TL  are the only timing information available. We formulate the solution to our

synchronization problem into the following steps:

1. Estimation of Intra temporal relations (actual sensor cycle times) during capture
of sensor measurements (AT [k—1,k], ATL [k—1,k]) from the observed tempo-

mea mea

ral relations (observed cycle times) on arrival at acquisition system (ATE [k—1, K],

ATE [k — 1,k]). The resulting estimates are denoted by ATE [k — 1,k] and

ATE [k —1,k].

2. Extract Timestamps of measurement capture at sensors (Tﬁea, T,’;;ea) from tem-
poral relation estimates (ATE [k —1,k], ATE [k — 1,k]).

mea mea

3. Re-constructing the sensor data streams according to the extracted Timestamps
of measurement capture (T2 . T ) by stream buffering, to meet the Intra and

mea?’ mea

Inter-Stream synchronization conditions (Equations 2.9 and 2.10)

Steps 1 and 2 are further explained in the Chapter 3 and Step 3 is detailed in
Chapter 4.

2.8 Summary

In this chapter, a description of the Systolic Array demonstrator and the involved
sensors was given. We first define relevant events occurring in the system and associate
timestamps with each of these events. With this, we look in to the possible sources
of delay and delay variability factors affecting the incoming sensor streams. Further,
we define the temporal relations between measurements, both within and across data
streams and formulate the conditions for intra-stream and inter-stream synchronization.
Finally, we come up with a three step solution to our synchronization problem:

14



1. Estimate sensors’ measurement cycle times, 2. Extract measurement timestamps
from cycle time estimates and 3. Re-construct the sensor streams according to original
measurement timestamps by stream buffering techniques.
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Timestamping Sensor
Measurements

3.1 Overview

In this chapter, a few filtering techniques in the literature are reviewed for the estimation
of sensor cycle times (AT,,eq[k — 1, k]) during measurement capture. Further, based on
the characteristics of arrival sensor cycle times (AT,,..[k — 1,k]) and the complexity of
the filtering technique, an appropriate technique is selected for implementation. With
the obtained estimates (AT ,eq[k — 1, k]), a simple method to extract the timestamps
of sensor measurement capture is also presented.

3.2 Related Works: Timestamping Sensor Measurements

Quite a few approaches have been proposed previously to address the issue of times-
tamping sensor measurements in free-running sensor network systems for synchroniza-
tion applications. Earlier, in less advanced multi-sensor systems, the timestamp of the
sensor data on arrival at the acquisition system was used as the true time of measure-
ment for fusion applications|7]. This approach completely overlooks the possibility that
the sensor data may be subjected to delays and jitters during transmission and acqui-
sition, causing asynchrony between the measurements. In [8], a software timestamping
approach which aims to improve the timestamps quality by reducing delays and jitters
during acquisition, is proposed. However,the the sensor data is still timestamped af-
ter its arrival at the acquisition system and the data is still subjected to transmission
delays and jitters. Hence, these solutions are not suitable for time critical applications
where timing misalignment cannot be ignored.

A popular approach is to employ hardware based timestamping for sensor measure-
ments. In [9], a hardware device is used to attach a timestamp to each and every sensor
data frame, before it is transmitted to the acquisition system through the communica-
tion link. The hardware device in [J] even has an embedded GPS receiver to get precise
UTC (Universal Time Coordinate) times for timestamping. However, this approach
cannot be applied to all senors as it may require the sensors to be programmable and
to also have special interfaces. Similar GPS receiver based hardware devices have been
used for the synchronization of externally triggered sensors, where the device precisely
triggers the sensors at the right instances [10][11].

For free running asynchronous sensors systems without external synchronization
support, the only timestamping that can be done, is at the acquisition system after
the arrival of the sensor data frames. Approaches presented in [0], [5] and [12] utilise
these arrival times to estimate the true sensor measurement times. All these solutions
are software timestamping based on linear Kalman filters to essentially filter out delay
jitters from arrival times while preserving the effect of the internal sensor clock drift
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in the true measurement times. However, the estimation procedures in these solutions
are software based and are not designed for real-time applications.

3.3 Filters

The purpose of filtering is to extract the essential information from data while ignor-
ing the noise. Our first problem of extracting/estimating the true temporal relations
between sensor measurements (AT },..[k — 1, k]) from jittery arrival times can be solved
by well-known filtering techniques such as Kalman filters, mean filters, median filters.
The theory behind these filters are detailed below:

3.3.1 Kalman Filter

Kalman Filter [13] is one of the most common estimation methods to quickly estimate
the true value of a state when the measured values of the state over time are uncertain
with random errors and variations. Essentially, the Kalman filter is an iterative math
process that keeps calculating new estimates of the state until the variations in the
estimate become less i.e., as estimates become closer to the true value. Over the years,
Kalman filters have been used in various applications for prediction and tracking tasks
[11]. The standard Kalman Filter in state-space form is explained below:

Assume we want to estimate a variable within a process of the form,

Trr1 = Poy + wy, (31)

where, x, is the state vector of the process at time k;
® is the state transition matrix of the process;
wy, is process zero-mean white noise.

Observation of this variable can be modelled as,
2k = Hl’k + Uk (32)

where z; is the measurement of x at time k;
H is the transition matrix from state space to measurement space.
v 18 the measurement noise which is zero-mean white noise.

The standard linear Kalman filter is overall a mean squared error minimizer. How-
ever, for the kalman filter to be optimal, the system errors should follow Gaussian
distributions. Co-variance matrices of wy and v are given by:

Q = Elww!] (3.3)

R = Elvv] (3.4)

2 makes up for the inherent error in the theoretical model of the system and R makes
up for errors in the measurement. A good estimate of () is needed.
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Error Co-variance matrix is given by :

where Z}, is the estimate of xy.
Co-variances matrices give a feel of how fat the data is distributed from the average.
With this, the standard recursive Kalman filter algorithm is as follows:

1. Kalman Gain Calculation: Kalman Gain (K¢) is calculated by comparing on
the errors in the estimate and of that in the measurements and is given by:

B P.pH

 HP.,pHT+ R
The value of K determines the weight put on estimates or the measurement.
Larger values of K implies measurements are accurate and that the estimates

are unstable whereas smaller K values imply stable estimates and inaccurate
measurements.

Keg (3.6)

As the kalman algorithm proceeds, K becomes smaller and smaller indicating
that the estimates are getting closer to the true values. Smaller K values also
ensures that the estimates are not disturbed by the measured values as their error
is higher than our estimates, at this point.

2. Update new estimate: The new estimate is updated by combining the mea-
surement value and the old estimate while taking Kalman gain value into consid-
eration.

.’fk = Sl,’];p -+ Kg[Zk - H%];p] (37)

where z;p is the prior estimate of 2. In the first iteration, the value of zpp is
chosen accordingly based on the knowledge of the system.

3. Update error co-variance: Error co-variance is given by Equation 5.5. An up-
date equation for error co-variance is formulated by substituting the new estimate
from Equation 5.7 in Equation 5.5 . The resulting equation is as follows :

P, = (I — KgH)Pyp (3.8)

4. New state prediction: With the estimate of the variable (7;) now known, the
next state is predicted based on the physical state model as follows :

I];p = (I){L‘];_l (39)

In addition, the error co-variance matrix needs to be projected into the next time
interval to complete the recursion and is given below :

Pip = ®P, 197 +Q (3.10)
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3.3.2 Mean Filter

Mean Filter or Average Filter is a windowed linear filter that essentially smoothens the
given input signal [15]. The mean filter works by replacing each element of the signal
with the mean of the N past neighbouring signal elements. This idea is illustrated in
Figure 3.1. The value N, also known as window size, is an important parameter that
needs to be decided according to the needs of the application.

Overall, the mean filter makes sure that the filtered value is representative of N
signal values with reduced variation between them. The Mean Filter can successfully
remove Gaussian noise from the signal and is also computationally simple. However,
random big spikes in signal data can significantly affect the Mean filter’s output values.

3.3.3 Median Filter

Median Filter is a non-linear windowed filter that replaces each element of the signal
with the median value of the past N signal elements. The working of a Median Filter
is illustrated in Figure 3.1.

The median filter is more effective in removing noise due to large spikes as the
median value is not affected by these random spikes in the signal. However, Median
Filters are computationally intensive.

8 | 101 [ 79 | 44 | 67 | 39 | 56 | 17 | 29 [ 93

A

Neighbourhood values = (84,101, 79, 44, 67)

Mean = 75

Median = 79

8 | 101 | 79 | 44 | 67 | 39 | 56 | 17 | 29 [ 93

A

Neighbourhood values = (101, 79,44, 67, 39)

Mean = 66

Median = 67

Figure 3.1: Working of Mean and Median Filters.
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3.4 Estimation of true cycle times

In our considered system, sensor data frames are timestamped on arrival at the acqui-
sition system. Based on the nature of jitter/noise in the cycle time obtained from the
arrival timestamps(AT,,.[k — 1, k]), appropriate estimation techniques to estimate the
true measurement cycle times is chosen for analysis. Figure 3.2 and Figure 3.3 show the
observed measurement cycle times from arrival timestamps of Radar and Lidar sensors,
respectively.

We now characterize the observed measurement cycle times using statistical
measures. A population size of 5000 sensor measurement observations is used for
calculation of the following statistical measures. The mean and the variance values
of the observed measurement cycle times of Radar and Lidar sensors are summarized
in Table 3.1. Overall, we observe a higher variance in the case of the observed Radar
cycle times compared to that of Lidar cycle times.

Radar

101.00
100.75 A
100.50 1
100.25 A

100.00 1 | |

99.75 1

ATR [k-1K] (in ms)

99.50 1

99.25 4

99. DD T T T T T T
o 20 40 (] 80 100

Frame number [k}

Figure 3.2: Observed Radar cycle times ATE [k — 1,k] over 100 measurements.

Lidar

11
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: Th(kakia ks
£ 1094
=
~
= 108 1
=

107 4 ll |

mﬁ T T T T T T

0 20 40 A0 a0 100

Frame number (k)

Figure 3.3: Observed Lidar cycle times ATZ. [k — 1, k] over 100 measurements.
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Figure 3.5: Density plot of AT [k —1,k] for 5000 measurements.

Table 3.1: Mean and Variance of the observed Radar and Lidar measurement cycle times.

Mean (ms) | Variance (ms?)
[k —1,k] 99.998 2.25
k—1,k | 109.315 0.96157

ATE

arr

ATEL

arr

To have a good approximation of the probability density function of the observed
measurement cycle times, a histogram of the observations is plotted ( Figures 3.4 and
3.5 ). From the general trend of the observed Radar cycle times and its histogram plot,
we can observe that the AT [k — 1, k] values alternate between an average high and
low value of 100.59ms and 99.40ms. In addition, we observe a Gaussian-like spread
with variances of 0.00045ms? and 0.00046ms? about the points 100.59ms and 99.40ms,
respectively. With regards to the observed Lidar cycle times, we observe a Gaussian-
like spread of AT [k —1, k] values about the mean value of 109.315ms with a long left

tail.

22



Since, the histogram/density plots do not show the order of the observations, we
cannot make inferences on recurring or time-dependent patterns of jitter or noise in
the cycle time observations. However, it is possible for certain sensors to have cycle
times with drift due to temperature variation of the quartz in the sensors. Hence, it
is essential to check and identify trends and periodic patterns in the jitter, if any, to
obtain better estimates of the true cycle times. A plot of the cycle time observations
over time would make periodic patterns obvious. Additionally, plots of rolling-mean
and rolling-variance of the observations over time would show if there is presence of
drift in the statistical measures of mean and variance over time.

101.00

— ATR [k-1,k]

arr!

100.75 1 —— Rolling Mean(W=150)

100.50 A
100.25 A
100.00 A

99.75 A

0T 5,LK-1,K] (IN MS)
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99.25 A

0 1000 2000 3000 4000 5000
Frame number (k)

Figure 3.6: Observed Radar cycle times ATE [k — 1, k] and corresponding Rolling-mean.

Rolling Variance (Radar) (W=199)
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Figure 3.7: Rolling-Variance over observed Radar cycle times AT [k — 1, k].

From Figure 3.6 and Figure 3.7, we can see that there is no significant drift or
trend in the observed Radar measurement cycle times as well as its rolling mean and
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variance over time. Similar observations are seen in Figure 3.8 and Figure 3.9 for Lidar
measurement cycle times. From the above plots, it can be visually proved that the time
series of observed cycle times is time stationary and hence, drift need not be modelled
for estimation of true cycle times. This eliminates the need to use a Kalman Filter in
our system. Therefore, a simple estimator such as mean or median filter would suffice
to obtain good cycle time estimates. The results of cycle time estimates obtained from
mean and median filters are presented in Chapter 5.
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Figure 3.8: observed Lidar cycle times ATL. [k —1, k] values and corresponding Rolling-mean.
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Figure 3.9: Rolling-Variance over observed Lidar cycle times AT% [k — 1, k] values.
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3.5 Timestamp Extraction from True cycle time estimates

The goal here is to extract a good approximation of the time of measurement capture
Tmea[k:] from the estimated true measurement cycle times AT}cq [k —1,k] .

Consider the k — 1 sensor measurement with arrival time T,,..[k — 1]. With
AT e [k — 1, k] known, an estimate of T,;Lea[k:] can simply be obtained as,

~

Trnealk] = Tore[k — 1] + AT pealk — 1, k] (3.11)

Subsequent measurement capture timestamps can be obtained by continuing to add
cycle time estimated to previous measurement capture timestamps. For instance, the
arrival time of the first sensor measurement at the acquisition system is considered as a
baseline and any arbitrary measurement capture timestamp 7},.,[k] can be calculated
as follows,

A

Tnea[l] = Tarr[1] (3.12)

A ~

mea,[k] - Tmea[k - 1] + Afmea[k - 17 k]
. R LI 3.13
Tmea [k] = Tmea[l] + Z AYﬁmea [TL - 17 TL] ( )

n=2

The timestamps extracted from the above method can be inaccurate during the
following two scenarios and has to be corrected accordingly.

1. Calculated measurement timestamp greater than its corresponding
arrival timestamp, i.e., Ty,eqlk] > Tior[k]: In this case, T).q|k] estimate is
considered inaccurate or invalid since it would mean that the measurement is
captured at the sensor at a time, later than its arrival at the acquisition system.
Hence, Tyneq|k] estimate is corrected as

~

Tmea [k] = Tarr [k] (314)

since, in this scenario, T,,..[k] is closer to the true measurement capture timestamp.
An illustration of this case is shown in Figure 3.10.

2. Lost Sensor Measurement: In case of lost sensor measurement during trans-
mission from sensor to the acquisition system, the timestamp of the next mea-
surement capture can be wrongly associated to the lost measurement’s timestamp.
This is illustrated in Figure 3.11.

To handle this situation, measurement losses need to be detected. We can expect
the observed cycle time after a lost measurement to be larger than the usual cycle
times. With this, an upper bound on the observed cycle time is set such that cycle
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Figure 3.11: Timestamp Correction when a Measurement is lost.

times longer than the upper bound indicate a lost measurement and not included

in the filtering process.
ATy [k — 1, k] > upper Bound
The Tmea[k] estimate for the measurement is then set as

Tmea [k] = Tarr [k]

Overall, the timestamps extracted by the above method along with the corrections
can be considered as the true timestamp of sensor measurement capture, as long as the

cycle time estimates are sufficiently accurate.
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3.6 Summary

In this chapter, we first present the existing timestamping techniques in sensor based
systems. Since our sensors do not have any external trigger or other support for times-
tamping, we look into well known filtering techniques such as Kalman filters, Mean
filters and Median filters for estimating true sensor measurement cycle times from
observed cycle times. Next we characterized the observed sensor cycle times using sta-
tistical measures and looked for any time-dependent drifts in the data. Overall, we
did not observe any prominent drifts, thereby eliminating the need to use a Kalman
filter in our system. Finally, we present a simple method to extract the timestamps of
measurement capture from cycle time estimates obtained by the filters.
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Data Stream Synchronization

4.1 Overview

In this chapter, we look into the problem of re-constructing sensor data streams ac-
cording to the estimated timestamps of measurement capture (T.%,,, 7%, ). The main
objective here is to ensure that the incoming sensor data is streamed out in real-time
while maintaining time synchronization. First, existing solutions to the problem of
data stream synchronization are explored. Further, the implemented data stream syn-

chronization algorithm for our system is explained in detail.

4.2 Related Works: Data Stream Synchronization

The problem of synchronizing streams of data has been extensively investigated in the
area of distributed multimedia systems. These systems usually consist of a number of
sources which transmit different media streams to a receiver, which presents or plays
out the streams as an unit. In some cases, the streams can have well-defined temporal
relationships between them, and hence, would require some form of synchronization
solutions to ensure the streams to played out while maintaining the expected temporal
relationships. A classical example of this scenario is the famous ’lip-sync’ problem
[16, 17], where audio and video streams need to be accurately synchronized during
playout.

Numerous approaches to the execution of multimedia synchronization scenarios are
available and the choice of the solution is usually based on the application and network
characteristics. Broadly, the problem of multimedia synchronization can be classified
based on several factors such as location, real-time requirement of streams, type of
synchronization (within or between streams), purpose of the synchronization protocol
and availability of timing and network information.

Based on the real-time requirement of the stream play out, synchronization tech-
niques are classified as live or synthetic. The former deals with synchronizing live
data streams in real-time whereas the later deals with stored media frames[18]. In this
section, only live synchronization solutions are presented, as they are relevant to our
problem.

Media synchronization is viewed as an end-to-end challenge [19] and hence based on
the flexibility of application system, the issues can be addressed either on the source
[20] or receiver [21, 22] side or even both [23, 21]. On the source side, a common
solution employed is that of attaching timestamps and sequence numbers to the trans-
mitting frames [21, 22]. This timing information can be very useful at the receiver
to calculate the play-out times of the frames. Other source-side techniques mainly
consists of changing the properties of the media streams. In some cases, the sources
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can interleave streams into a single stream before transmission as in [25, 26]. This
solution succeeds in eliminating the need for inter-stream synchronization, however,
intra-stream synchronization still needs to be addressed. In [27] and [20], the source
changes the transmission rate of the streams depending on the feedback received from
the receiver on the network conditions to overall prevent asynchrony. On the receiver
side, buffering techniques are commonly employed to temporarily store the frames be-
fore play out. The main purpose of buffering is to smooth-en out the effects of varying
network jitter of frames within and between streams. The buffering time can either
be static based on a maximum jitter value or can be made to vary depending on the
network delays [28] and the available buffer size [22]. Other receiver-side techniques
consist of dropping late arriving frames [23] or older frames during buffer full conditions
[28]. The dropped frames are either left empty or is interpolated [22].

Different approaches are needed to solve to inter and intra stream synchronization
problems. For intra-stream synchronization, techniques that aim at reducing the effects
of jitter are needed. This includes receiver buffering techniques [28, 29, 30] to smooth
out the effects of jitter or delay variabilities. For inter-stream synchronization, normally,
master/slave techniques are used, where one stream is set as a master or reference and
the rest as slave streams [29, 30]. Based on the level of asynchorny of streams at a
certain point in time, the bottleneck stream, i.e., the stream affected by the most delay
is chosen as the master or reference. Overall, the idea here is to adapt the play out rates
of slave streams to maintain the correct temporal relations with the master stream.
Some proposals that involve dynamic switching of master and slave streams during
run-time are also available [29]. However, it is necessary to first remove the effects of
network jitter by establishing intra-stream synchronization between the frames before
applying inter-stream techniques [19].

Moreover, the complexity of the synchronization solutions majorly depend on the
nature of the timing of media frames (as in periodic or non-periodic) and network
information such as bounds on network delays and jitters. If the nature of frame
generation is non-periodic then timestamps of frame generation from the source side is
compared with the arrival timestamps at the receiver to estimate jitter and buffer the
frames accordingly [31]. On the other hand, for periodic streams, arrival period at the
receiver can be compared with the period of the stream to estimate jitters and also,
inter-stream sync becomes less complex than the non-periodic case.

In certain systems, assumptions can be made on the network delays and jitter based
on the network characteristics. If exact bounds on network jitters are known then
constant delay buffers at the receiver would suffice to ensure both inter and intra-stream
synchronization. Also, there is no need for timing information such as timestamps from
the source side. However, if the maximum bound on jitters is too high, then the frames
need to buffer for a longer time, leading to larger buffering latencies. In such cases,
a tolerable synchronization error value is set and the frames are buffered accordingly,
for lesser time. Overall, this leads to a trade off between the quality and latency of
the synchronization algorithm. In most applications, an exact bound on system jitters
cannot be assumed to be known, as it can vary significantly from time to time.

To overcome the trade off problem between latency and quality of synchronization,
adaptive control based solutions are proposed in [29] and [30]. These solutions con-
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sists of a control algorithm which keeps the latency and quality at check by changing
the buffering delays during run-time according to the current jitter conditions while
maintaining a pre-set minimum latency and synchronization error. Ideally the control
algorithm makes sure that the buffering delays are large enough to compensate for the
effects of jitter and stay within tolerable synchronization error but not too large, to
keep the latency minimum.

4.3 Implemented Algorithm

The algorithm that we have chosen to implement are based on solutions presented in
[29], [30] and [32]. These algorithms ensure live intra and inter stream synchronization
in real-time by employing control-based adaptive buffering techniques. With the Tnea
estimates and 7T, available, the algorithm accomplishes synchronization by comparing
and equalising end-to-end delays of each sensor measurement from its capture at the
sensor to its arrival at the acquisition system. Equalization of end-to-end delays is
carried out by piecewise adjustment of stream buffering times at output while meeting
a set Quality of Service (QoS) factors along with a minimal overall latency.

The considered QoS parameters are discussed below :

1. Maximum Intra-stream phase distortion (A¢f, ~Ae¢L. 3. Intra-stream
phase distortion (Intra-SPD) is the difference between the end-to-end delays of
two consecutive sensor measurements of the same sensor stream. A maximum
allowable bound on Intra SPD ( maz.A¢E, ., maz.A¢k, ) is set for each sensor
and if the arrival of an incoming sensor measurement does not fall within the
max.A¢;nio bound, then the frame is considered to have arrived too late to ef-
fectively buffer out a synchronized stream and thus, discarded. The equation for
Intra-SPD is given by:

A¢§Ltra[k7 k— 1] = |D§1d—t0—end[k] - Dgld—to—end[k - 1” (41)
where Dna—to-enalk] is the end-to-end delay of thr k& sensor measurement and is
given by, X

Dend—to—end[k] = Torr [k] — Thnea [k] (42)

2. Maximum Inter-stream phase distortion (A¢/”

o). Inter-stream phase dis-
tortion (Inter-SPD) is the difference between the end-to-end delays of two adjacent
sensor measurements belonging to different sensor data streams. Here, ”adjacent
sensor measurements” refer to measurements that have been most closely cap-
tured by two different sensors. A maximum allowable bound on Inter-SPD (
max.AgbZRn’ér ) is set and any frame arriving beyond this bound is discarded. The

equation for Inter-SPD is given by:
A¢R7L [k] = |DR [k] - DeLnd—to—end[k” (43)

intra end—to—end
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where Depg—to—enalk] is the end-to-end delay of thr k" sensor data frame and is
given by,

~

Dendftofend[k] = Tarr [k] - Tmea [k] (44>

Overall, Intra-SPD and Inter-SPD quantifies the disruption in intra and inter-stream
relationships.

The Synchronization Algorithm can be divided into two schemes focusing on Intra-
Stream and Inter-Stream Synchronization. On the top level, Intra-Stream Synchroniza-
tion is first established by adaptive buffering and then Inter-Stream Synchronization
is ensured by maintained the buffering alignment of different streams. Each of these
schemes are discussed in detail below

4.3.1 Intra-Stream Synchronization Scheme

Intra-Stream Synchronization is solved by adaptive buffering to equalise end-to-end de-
lays of sensor measurements. It occurs in two steps for every data stream independently.
The steps are explained below :

1. Output Time Decision: In this step, the output time of the each sensor mea-
surement ( Ty, ) is decided. A virtual clock-timer is employed at the receiver end
on the acquisition system and the sensor measurements are streamed out with
respect to the it’s timeline. The virtual timer can be set-backed or advanced,
thereby controlling the buffering times at the receiver end.

We define three output events wait, nowait and discard where the sensor mea-
surement is buffered, streamed out immediately and discarded, respectively. The
output event is decided by comparing the time of arrival of the sensor measure-
ment at the acquisition system as recorded by the virtual timer and the estimated
time its capture (Ty,e,). The virtual timer is initialised to the arrival time of the
first sensor data frame and then it is made to start. With the virtual timer value
at current time defined as T,; , the conditions for each of the output events are
as follows:

(a) wait case: If the arrival time of the incoming sensor measurement as recorded
by the virtual timer is lesser than the estimated measurement capture time,
then it is implied that the current measurement arrived earlier compared to
the previous sensor measurement and hence, the it needs to be buffered. The
wait case condition for sensor measurement k that has currently arrived, is
given by : R

Tt < Thnealk] (4.5)

In this case, the sensor measurement is buffered until the virtual timer is
reaches the value of T),..[k]. The buffering time is given by:

~

buf ferTime = Thealk] — Ton (4.6)

(b) nowait case: The incoming sensor measurement is considered to have arrived
late if its arrival time as recorded by the virtual timer is larger than the
estimated measurement capture time.
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In the situation where the data frame arrives late, the sensor measurement is
either streamed out immediately at T, or discarded, depending on whether
or not its arrival time falls within the bound of maximum Intra-SPD. The
nowait case condition for a currently arrived sensor measurement can be

written as:
Tvt Z Tmea[k] (47)
and
T, < Tmea[k] + mazx. Adintra (4.8)

(c) discard case: The incoming sensor measurement is discarded if its arrival
is late and its arrival time does not fall within the bounds of the maximum
Intra-SPD. The above condition is given by:

Tvt > Tmea + max'A¢intra (49)

Figure 4.1 summarizes the three output event conditions on a timeline.

Arrival of
sensor
measurement

wait nowait discard

A

Tmea K] Tmea [k] + maz. Adintra tz’me
Figure 4.1: Output event conditions on a timeline.

2. Adaptive Control Algorithm for Buffering: An adaptive control algorithm is
employed to keep the synchronization error versus buffering time latency trade-off
in check.

The control algorithm keeps a count of the occurrences of each of the output
events (wait, nowait and discard). At any point in time, the count values of
the wait, nowait and discard events represent the arrival distributions of the
sensor measurements. Hence, based on the count values and certain pre-set count
thresholds, the algorithm determines whether the sensor measurements are being
under or over buffered in general, over the past window of time. Synchronization
errors and buffer time latency results for different count thresholds values are
presented in Chapter 5. Furthermore, the algorithm setbacks or advances the
virtual timer depending on under-buffer and over-buffer conditions, accordingly.
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e Under-Buffer case: The sensor stream is considered to be under-buffering
if the counts of nowait and discard events are greater than their upper
threshold values.

nowait_cnt > T_NOWAIT (4.10)
or
discard-cnt > T_DISCARD (4.11)

During nowait and discard output events synchronization errors are intro-
duced since the measurements are not streamed out according to the T},
values. If under-buffering conditions are met, it implies that the number of
measurements with synchronization errors are more and hence, the virtual
timer is set-back to ensure higher buffering times and to cut back on nowait
and discard counts. The set-back displacement A~ is given by :

wait_cnt

T_WAIT
where, A,,., is the maximum shift value appropriate for the application.
Further, the count values of nowait and discard events are set to 0.
Overall, if the control algorithm determines that the sensor measurements
have been under-buffering, then the virtual timer value is setback by A~
value, thereby increasing the buffering times of future frames.

Tvt - Tvt — A" (413)

e Over-Buffer case: The sensor stream is considered to be over-buffering if
the count of wait output event is greater than its upper threshold and nowait
and discard counts are well below a set lower threshold (value below half of
upper threshold).

Am=(1- (4.12)

) max

wait_cnt > T_WAIT (4.14)

and
nowatt_cnt < LT_NOWAIT

discard_cnt < LT_DISCARD

If over-buffering conditions are met, it implies that the stream is buffering at
a slow rate resulting in larger buffer time latency. In this case, the virtual
timer is advanced by a factor AT, given by:

(4.15)

nowatt_cnt
T_NOWAIT
where, A, is the maximum shift value appropriate for the application.
Further, the count value of wait event is set to 0.

Overall, if the control algorithm determines that the sensor measurements
have been over buffering, then the virtual timer value is advanced by A™
value, thereby reducing the buffering times of the future frames.

Ty =Ty + AT (4.17)

At =(1- (4.16)

) max
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4.3.2 Inter-Stream Synchronization Scheme

As explained earlier, intra-stream synchronization is established by equalising end-to-
end delays, thereby, ensuring that the offset between the virtual arrival time and the
measurement capture time of the sensor measurement is corrected. In a similar fashion,
inter-stream synchronization is established by further buffering sensor measurements
in order to align the virtual timers of the two streams.

Firstly, a reference sensor stream is selected. The reference stream is the stream
whose measurement frames experience larger delays among the considered sensor
streams and can be easily identified as the stream with the smallest virtual timer
value. This is because, considering the larger end-to-end delays, the control algorithm
would have initiated set-back calibrations to the stream. Initially, any arbitrary sensor
stream can be set as the reference stream.

Let’s denote the virtual timer value of the reference stream, at any point in time
by Tr¢/ and the virtual timer value of the follower stream as T/, Overall, the idea is
to set-back the virtual timer of the follower stream if the offset between the streams is
more than our set tolerable bounds of inter-SPD. In addition, we also have to account
for the intra-SPD of individual streams as we still want to maintain the intra-stream
synchronization. We can write the inter-stream offset condition as follows :

T — 17 < max A¢THTN — max_of (max. A¢  max.A¢l! ) (4.18)

inter intra)’ intra

The above inter-stream stream offset condition is checked every time a set-back
or advance calibration is performed on the reference stream. If the condition is not
satisfied, then the follower stream is set back. In addition, any advance displacements
of the follower stream is cancelled to match with the slower buffering rates of the
reference stream. The setback displacement value is taken as the offset between the
virtual timers of the two streams.

ArL = (T — T — (maz. AgTHI" — maz_of (max. ALY maz. Al )

inter inter intra’ intra

(4.19)

fell — pfell _ A~

wnter

(4.20)

4.4 Summary

This chapter focuses on the problem of re-constructing incoming sensor streams accord-
ing to the true measurement capture times. This problem has been investigated in the
area of distributed multimedia systems and relevant existing solutions are presented.
Finally, details of the implemented adaptive buffering based solution which keeps the
latency and synchronization error under check even during considerable delay variation
is given.
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Experimental Results and
Analysis

5.1 Overview

In this chapter, the proposed experimental setup for the evaluation of temporal syn-
chronization of Radar and Lidar is detailed. The results of Timestamp extraction from
cycle time estimates by Mean and Median filters are presented and analyzed. Further,
the results and analysis of the implemented data stream synchronization algorithm are
shown.

5.2 Evaluation setup

For our synchronization evaluation experiments, the sensor data acquisition and arrival
timestamping was performed on a Windows10 based laptop with a 1Gb network inter-
face. The Radar data stream comes from an Ethernet port and, the arrival timestamps
for the measurements are generated after the measurement is read from the TCP/IP
socket. Similarly, the Lidar data stream comes from a serial port and, the arrival times-
tamps are generated after reading each data measurement from the serial port. The
time resolution of the timestamps is 1ns and stored as a 64bit unsigned integers.

To verify the accuracy of the temporal synchronization solution, a moving Meccano
contraption, as shown in Figure 5.1 was set up to be used as a common target object
for both Radar and Lidar sensors. The Meccano contraption consists of a clear and
distinguishable common target (twin plates) which revolves around a fixed axis at a
constant speed. This setup ensures that the position measurements obtained by both
Radar and Lidar are distinguishable for comparison and that the spatial error in the
position measurement is negligible. Thus, the differences in the positions of the common
target observed from Radar and Lidar sensors are solely due to the temporal errors

Figure 5.2 and Figure 5.3 show the captured Radar image and Lidar point cloud of
the Meccano setup. The position of the revolving plates can be clearly observed from
both the Radar image as well as the Lidar point cloud. To verify the synchronization,
the observed positions of the revolving plates by both the sensors are compared at
the output of the synchronization unit. If temporal synchronization is fairly accurate,
we should observe synchronized target positions after the synchronization algorithm.
Overall, this setup though simple and inexpensive is effective and sufficient enough to
evaluate the correctness of the temporal synchronization solution.

37



Figure 5.1: Meccano Contraption for Evaluation
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Figure 5.2: Radar Data of the Meccano contraption.
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Figure 5.3: Lidar Data of the Meccano contraption.

5.3 Timestamp Estimation: Results and Analysis

In this section, the results of true cycle time estimates (ATp,eq[k-1,k]) from observed
cycle times (AT,,..[k — 1,k]) is presented and analysed. Figure 5.4 and Figure 5.6
shows the Radar’s true cycle time estimates (AT2 _[k-1,k]) by Mean and Median filters
of different Window sizes (W), respectively. Similarly, Figure 5.5 and Figure 5.7 shows
the Lidar’s true cycle time estimates (AT [k-1k]) by Mean and Median filters of
different Window sizes (W), respectively. The observed cycle times (ATy,., [k — 1, k]) is
also presented in the colour grey for comparison in the above graphs. We can notice
from Figure 5.4 that the observed cycle time of the Radar sensor (grey plot-line) shows
a repeating pattern of alternating between an average high and a low value of 100.59ms
and 99.40ms, respectively. Regarding the observed Lidar cycle times, we can see from
Figure 5.5 that cycle times varies considerably over nearly 2ms, which is on account of

several delay factors such as transmission, pre-processing etc.

In the Mean filter case, the variations in cycle times are considered extraneous
disturbances in the data and minimised in both Radar and Lidar estimates (Figure
5.4 and Figure 5.5). This is characteristic of Mean filtering since if enough points
are chosen, the noise is reduced by summing to its own (nearly) zero average value
[33]. Further, we can observe that the estimates obtained from larger window sizes
approximately follows the absolute mean value of the observed arrival cycle time of the
sensor which, was calculated over different sets of timestamps collected over different
periods of time. Hence, we can expect a Mean filter with a smaller window size to give
better estimates in the case of localized time-dependent variations in the actual cycle
times.
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Figure 5.4: Estimated Radar (ATR  [k-1k]) cycle times obtained by Mean filter of different
window sizes.
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Figure 5.5: Estimated Lidar (AT, ,[k-1,k]) cycle times obtained by Mean filter of different
window sizes.

In the Median filter case, we observe that the Radar’s estimates obtained are not
devoid of the repeating pattern of disturbance we see in it’s observed cycle times (Figure
5.6). We can expect this behaviour because the Median filter is not very effective in
removing high spatial frequency details, which correspond to finer details in the signal
[341]. However, the estimated Lidar cycle times obtained by Median filter as in Figure
5.7, is more robust compared to that obtained by the Mean filter. This is because an
atypical point in the data does not significantly affect the median value, resulting in
stable cycle time estimates with minimal influence of unrepresentative data points.
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Figure 5.6: Estimated Radar (AT [k-1k]) cycle times obtained by Median filter of different
window sizes.
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Figure 5.7: Estimated Lidar (AT%, [k-1,k]) cycle times obtained by Median filter of different
window sizes.

5.3.1 Estimator Selection

While selecting an appropriate estimator for a system, several factors need to be con-
sidered. These factors include the quality of the estimates, the complexity which cor-
responds to the latency of the estimator and the hardware resources required for the
realization of the estimation solution.

With regards to hardware implementation, we can expect the Median filter to be
more expensive and complex to realize since a sorting operation is required for input
every data point. Table 5.1 shows the hardware utilization of the two filters with
different Window sizes on ZYNQ ZC702 Platform. Mean Filters with window sizes
which are powers of 2, were also considered to eliminate the need for a DSP block for
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division. As expected, we can see that the resource requirement of Median filters is
higher than Mean filters of comparable window size.

Table 5.1: Resource Utilization of Filters.

Component | Window Size | LUTs | Registers | DSP
16 378 569 0
20 296 642 1
32 438 858 0
Mean filter 50 567 1183 1
100 1019 2084 1
128 1401 2588 0
9 462 443 0
Median filter 19 1072 624 0
59 2240 1345 0

The quality of the estimates can be formulated as the error in the estimates, given
by:
Cest = |Tmea - Tmeal (51)

where Tmea and T,,., refer to the estimated and the true measurement cycle times,
respectively. However, T,,., values remain unknown. Hence, in practice, we need
different ways to check the quality and correctness of the estimates.

e In some systems, certain assumptions on the nature of the true measurement
cycle times (7},e,) can be made based on our prior knowledge on the sensors and
the acquisition systems. With the nature of T},., known, one can check if these
assumptions are valid for the estimates as well.

e To better evaluate the estimates, the final synchronisation results can be analysed
for different estimators. Since the final data association between sensors depend
on the quality of the estimated timestamps, one can comment on the correctness
of the estimates by analyzing the association between sensor measurements.

For our estimates’ quality evaluation, sensor measurements of the Meccano target at
two orientations were selected by visually examining the Radar and Lidar images. The
orientations correspond to the target at the closest and farthest point from the sensors
during every rotation and are denoted by Pfont and Pyer, respectively. For the sake of
simplicity, we refer to these target orientations as synchronization events. Figure 5.8
and Figure 5.9 shows a graph of Radar and Lidar measurements of the considered two
target positions plotted against their arrival and synchronization output timestamps,
respectively. Overall, the plots in Figure 5.8 and Figure 5.9 show the correctness of our
synchronization solution.

It is to be noted that a Radar and a Lidar measurement corresponding to the same
rotation and orientation (Ppront Or Pher) may not physically point to the same exact
target position on the ground. This is because the sensors have different capture rates
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Figure 5.8: Synchronization Event measurements plotted against Arrival Timestamps before
Synchronization.
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Figure 5.9: Synchronization Event measurements plotted against Output Timestamps after
Synchronization.

and the target’s closest and farthest position as captured by different sensors need not
be the same position on the ground. Hence, we cannot expect AT, (fi’tL [n] to be exactly
zero. However, if the timestamp estimates are of sufficient accuracy, we should still
expect Radar and Lidar measurements of the same orientation and rotation closely
associated after synchronisation. More precisely, we need to expect their inter-stream
temporal relations at the output (AT:F[n]) to be smaller values and preferably less
than approximately half the average cycle time of the sensors to prevent wrong associ-
ation with another sensor measurement. Figure 5.10 shows the Inter-stream temporal
relation between synchronization event measurements on arrival (ATL[n]) at the ac-

quisition system. ATL[n] values around 100ms and above indicate that the arriving

measurements are wrongly associated by more than a sensor clock period.

Inter-stream temporal relation values (AT.%"[n]) between the Radar and Lidar mea-
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surements corresponding to the synchronization event for different combinations of es-
timators are presented in Figure 5.11, Figure 5.12, Figure 5.13 and Figure 5.14 and the
average AToF[n] values are tabulated in Table 5.2.

We can conclude from the Figure 5.15 and the average AT [n] values that the esti-
mates from the Mean filter for Radar and Median filter for Lidar result in better sensor
data association. Also, we observe that with changes in window sizes, the ATk [n]
values vary only slightly. To further verify the accuracy of the estimates obtained from
different window sizes, a more sophisticated evaluation setup with exact target position
extraction from sensor measurements is required. With this, sensor measurements of
exact same target positions can be compared and expect AToﬁ’tL [n] value to be zero.
Based on the trade-off between the hardware utilization and the accuracy of the es-
timates, a suitable window size is selected. Currently for our system, the employed
evaluation method is considered adequate to verify the correctness of the synchroniza-
tion algorithm. However, this evaluation method is not sufficient to obtain the exact
errors in the estimates. Finally, for our hardware implementation, Mean and Median
filter configurations with the least hardware resource requirement is selected.
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Figure 5.10: Inter-stream temporal relation between synchronization event measurements
with respect to arrival times.
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Figure 5.11: Inter-stream temporal relation between synchronization event measurements at
output using Radar-Mean filter(W=16) timestamp estimates.
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Figure 5.12: Inter-stream temporal relation between synchronization event measurements at
output using Radar-Mean filter(W=16) timestamp estimates.
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Figure 5.13: Inter-stream temporal relation between synchronization event measurements at
output using Radar-Median filter(W=9) timestamp estimates.
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Figure 5.14: Inter-stream temporal relation between synchronization event measurements at
output using Radar-Median filter(W=9) timestamp estimates.
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Figure 5.15: Inter-stream temporal relation between synchronization event measurements
with different estimators.

Table 5.2: Average AT [n] values for different combinations of Estimators.

out
Estimator Average AT"I'[n] values
Radar Lidar (in ms)
none none ATHFn] = 52.709
Mean (W = 16) | Mean (W = 16) 43.342
Mean (W = 16) | Mean (W = 50) 44.711
Mean (W = 16) | Median (W ) 27.390
Mean (W = 16) | Median (W = 59) 28.742
Median (W =9) | Mean (W = 16) 47.042
Median (W = 9) | Mean (W = 50) 47.685
Median (W = 9) | Median (W = 9) 37.997
Median (W = 9) | Median (W = 59) 37.802

5.4 Data Stream Synchronization: Results and Analysis

The objective of data stream synchronization is to ensure that the arriving sensor
streams are streamed out according to their true measurement capture rate. Assuming
that there is no error e,y in the measurement timestamp estimates, we define a data
stream synchronization error term for corresponding measurements belonging to two
streams as,

cass k] = |AT k] — AT, [K]| (5:2)

mea out

In our algorithm, the error eys[k] for buffered sensor measurements is zero since
buffering time is set according to the original relationships between the measurements.
Therefore, the error in stream synchronization is solely due to the measurements which
are streamed out immediately due to late arrival. Another evaluating factor to consider
is the number of measurements with nowait and discard events at output.

First, consider the algorithm’s QoS parameters mazr.A¢;nia and mazr.Adiier.
These parameters indicate the worst case delay difference between measurements be-
yond which the measurement can either be deemed unusable and discarded or the offset
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between the streams is corrected. This is illustrated in Figure 5.16, Figure 5.17 and
Figure 5.18 for Radar and Lidar measurements. A fixed threshold to discard measure-
ments can result in severe measurement loss, if there were to be an increase in variation
of measurement latency during run-time. On the other hand, if a large threshold to
tolerate measurement latency variations is chosen, then the measurements either have
to buffer for longer periods of time or have shorter buffer periods at an expense of
higher synchronization error (eg4ss). Though the implemented algorithm overcomes the
drawback of fixed threshold by adaptive reference(virtual) timer offsetting, it is still nec-
essary to choose appropriate QoS parameters based on typical delay variations of the
incoming data stream. Based on the Intra-SPD and Inter-SPD plots of the Radar and
Lidar sensors, values of maz.A¢R, . max.A¢k, . and maz. A¢lL  are set to 0.8ms,
1Ims and 2ms, respectively.
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Figure 5.16: Intra-SPD values of Radar mea-Figure 5.17: Intra-SPD values of Lidar mea-
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Figure 5.18: Measurement latency (Tarr[k] — Tmealk]) of corresponding Radar and Lidar
measurements.

The implemented data streaming algorithm is flexible and can be tuned to work
within a tolerable buffering latency and synchronization error egss bound, even with
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considerable measurement latency variations. For instance, a sophisticated sensor fu-
sion system can tolerate higher levels of synchronization errors but may require the
measurements at a faster rate. On the other hand, certain fusion algorithms could
required an access to one or two previous measurements. The tuning of the algorithm
according to the needs of the sensor fusion application can be done by setting the
T_WAIT, T_.NOWAIT and T_DISCARD thresholds of the adaptive buffer control algorithm.
These three output event thresholds are determined as an allowable number of each
event’s occurrence over a maximum event counting window(W). Overall, ratios of the
events (Ruyait © Rnowait © Raiscara) are selected as deemed fit for the application system
and then multiplied by window size W to obtain the output event thresholds.

To analyse the effect of T_WAIT, T_.NOWAIT and T_DISCARD thresholds, results of
buffering latency and synchronization error (eqss) values with varying buffer control
configurations were recorded for 5000 arrivals of sensor measurements. We set the
maximum calibrating factor A,,., to the average delay variation observed in the stream
(Avgerage Intra-SPD), which is 0.6ms and 0.3ms for Radar and Lidar streams, respec-
tively. This ensures a smooth offsetting of timer reference. Some of the main inferences
of the results are presented below :

1. Effect of Window size (W): Window Size (W) signifies the sensitivity of the
buffer control algorithm, determining the frequency of advance or setback shift
of the streams. This is proved by the trend in Figure 5.19 which shows the total
number of setback and advance calibrations on the stream for varying window
sizes. The ratio of the output events (Ryait : Ruowait © Raiscara) Was kept constant
and set as (7:2:1). Further, we observed that the window size (W) did not have
significant impact on the number of wait, nowait and discard events. (Figure
5.20). No noticeable trend in buffering latency or eyss was observed, however, we
cannot expect robust results from smaller window sizes as they may fluctuate the
buffering process over even smaller changes in the arrival delay.
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Figure 5.19: Effect of window size (W) on no. of calibrations.
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Figure 5.20: Effect of window size (W) on no. of output events.

2. Effect of Output event thresholds: Keeping window size W = 100, the total
number of wait, nowait and discard events for different (Ryait : Ruowait : Raiscard)
values are presented in Table 5.3. We observe a direct correlation between the
corresponding thresholds and the observed number of events. However, it is to
be noted that the set threshold do not hard guarantee the same ratio of events at
output.

Figure 5.21 and Figure 5.22 shows the box plots of buffering latency and syn-
chronization error (egss) for different output event ratios, respectively. We can
observe that with a relatively higher T_WAIT value, buffering latency increases
and synchronization error decreases. We can expect this behaviour because the
buffer control algorithm will frequently hit the under-buffer condition due to lower
T_NOWAIT and T_DISCARD values and hence, increases buffering latency by setting
back the virtual timer. Overall, the increase in buffering time also ensures lower
synchronisation errors. Conversely, we observe that with lower T_WAIT values
synchronisation errors increase and buffering time decreases due to setting of
over-buffering condition leading to advance calibration of virtual timer.

Table 5.3: Output event counts for different threshold ratios.

Ruyait : Rnowait © Raiscard | watt | nowait | discard
1:7:2 739 4239 21
2:6:2 1807 3188 4
3:5:2 2196 2800 3
4:4:2 2424 2572 3
5:4:1 2098 2897 4
6:3:1 2647 2348 4
7:2:1 3548 1148 3
8:1:1 4296 700 3
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Figure 5.22: Effect of output event thresholds on synchronization error.

Based on the analysis presented above, the parameters can be selected based on
the application’s design goal. The most optimal (T_WAIT,T NOWAIT,T DISCARD) con-
figuration in terms of latency and synchronization error is (500,400, 100) with average
buffering latency of 0.32ms and synchronization error of 0.316ms.

5.5 Summary

In this chapter, we develop an experimental methodology to evaluate the performance
of our entire synchronization solution on real world sensor streams. A meccano con-
traption was setup and used as a common target object for both Radar and Lidar
sensors. The position of the target as observed by the sensors are compared at output
to verify the temporal synchronization process. An analysis of the final result with dif-
ferent filters for timestamp estimation is performed and a process to select the optimal
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estimator based on resource requirement and quality of estimates is detailed. Overall,
a Mean filter (W=16) for Radar and a Median filter for Lidar (W=9) were selected for
our considered sensors.

Further, a detailed analysis on the implemented data stream synchronization al-
gorithm is presented. The trends of synchronization error and buffering latency for
different buffer control parameters is plotted and their effects on latency and synchro-
nization error are summarized. With this, the right control parameters can be selected
based on the application’s latency and synchronization error requirement.
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Hardware Implementation

6.1 Overview

In this chapter, the hardware implementation of the synchronisation solution is detailed.
Further, the functionality and FPGA utilisation of each component and the full design
is presented.

6.2 Full Design: Description

Figure 6.1 shows a simplified block diagram of the implemented synchronization solu-
tion. Overall, the design consists of a buffer in which the incoming sensor data is stored
and eventually streamed out according to the decision of the synchronization block.

First, the arrival time of the incoming measurement is recorded by the Timer block.
In addition, the Timer block is also responsible for the virtual clock-timer functional-
ity. Next, the true timestamp (7,e,) is estimated from the arrival timestamp in the
TS_Estimator block. With true timestamp now known, the Output_Decision block
decides on the output stream-out time of the measurement. Based on the decision,
the sensor measurement is streamed out as AXI streams. The buffer control conditions
i.e., over-buffer and under-buffer cases are checked and appropriate setback or advance
commands on the virtual timer, if necessary, are given by the Buffer_control block.
The Inter_stream Sync block takes care of communications between the streams and
overall ensures inter-stream synchronization.

The timestamps are recorded as 64-bit unsigned integers, which is a standard for
sensor measurement timestamps. A precision of 30ns is used so that drift due to sensor
clock, if present can be taken into account. The design is fully parameterized and thus,
the bit-widths of timestamps, if required, can be changed accordingly.

6.3 Components

1. TS_Estimator: The TS_Estimator unit estimates the true cycle time of the
incoming sensor measurements by means of a filter based estimator. Two versions
of the TS Estimator block with Mean filter and Median filter, respectively was
implemented. Further, this unit is responsible for generating the estimated
measurement timestamps by adding up cycle time estimates and employing
correction methods (Section 3.5) during exceptions like packet loss. Overall, the
estimated measurement timestamp is available 2 clock cycle after the arrival of
the sensor measurement, since it requires the sensor cycle time as observed by
the Timer unit.
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Figure 6.1: Block diagram of the implemented synchronization solution.
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The architecture of the mean filter consists of a data array with length of the
window size(W) of the filter and an accumulator which adds the incoming data
and subtracts the outgoing data. The division by W operation is straightforward
if its value is a power of 2. If not, it is implemented as a multiplication by a

constant (W) operation.

Similarly, the median filter is implemented as a data array of length equal to the
Window size (W) of the filter and a comparison network to insert the incoming
data into a sorted array. The median value is then selected as the value at the
middle of data array.

The filters operate on the arriving cycle times, whose values are in range of hun-
dreds of milliseconds. Hence, smaller bit-widths can be used to represent the
filter input data. In the implemented design, 18-bit filter input was used. This
greatly reduces resource utilization as well as the filter latency as the complexity
of the adder circuit in Mean filter and the comparison circuit in Median filter are
reduced.

. Output Decision: The Output_Decision unit compares the arrival timestamps
and the estimated true timestamp values to decide whether the measurements are
to buffered, streamed or to be discarded, according to the Output decision equa-
tions in Section 4.3.1 . In addition, it calculates the buffering time and updates
the wait, nowait and discard counters which is a basic addition operation.Its
implementation is simple, consisting of adders and muxes.

The decision of wait, nowait and discard and the buffering time is calculated
by the next clock cycle after the availability of the estimated measurement times-
tamps from the TS_Estimator block. It is to be noted that the buffering time
value is corrected for the latency of the TS Estimator block and its own latency
of 1 clock cycle. In addition, it also considers the latency of streaming out sensor
measurements.

. Timer: The Timer unit is basic timer with options of setback and advance cali-
brations. Essentially, it functions as the virtual clock-timer T,;. It considers the
appropriate flag signals set by the Buffer Control and Inter _stream Sync units
and carries out setback and advance operations accordingly.

The clock frequency for the timer depends on the timestamps’ precision required
for synchronization. In our system, 30ns precision is used.

. Buffer Control: The Buffer Control unit is responsible for checking the under
and over buffer conditions and accordingly calculate the setback and advance shift
factors (A~ and A™). These factors are given to the Timer unit in order to carry
out setback or advance calibration the Virtual clock-timer. In addition, it sends
signals to the Output_Decision block to reset the corresponding output event
counters.
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To ensure minimal latency an to reduce hardware utilization, certain optimizations
were considered in the calculations of the shift factors (A~ and A™). Consider
the Equation for A~ calculation :

wait_cnt

A™ = (1 Latent
T_WAIT

)Amam (61)

(a) If TWAIT and A,,,, values can be chosen as powers of 2, then the multiply-
divide operations reduces to several shift operations. However, this may give
very few choices to select T_-WAIT and A, values from.

(b) If TWAIT and A,,,, values are NOT powers of 2, then the division operation

can be replaced by multiplication of a constant . This is performed

1
T_WAIT
( Ama:{: )

in 2 steps:

Step 1: The divider is quantified as a fixed point number pre-computation.
The accuracy of the result depends on the number of bits used for quantifying
the divider.

Step 2: Only multiplication is performed, followed by right shift by number
of bits used for quantifying the divider.

Overall, with this method, the shift factor value calculation requires 1 Multi-
plication operation followed by a right shift operation. Since the clock period
is 30ns, a single cycle 18-bit multiplication operation would suffice both tim-
ing and resource wise. Multiple cycle higher radix multipliers can be used
in case of higher clock frequency since the Buffer Control unit runs in the
background i.e., in between the arrival of sensor measurements and hence,
does not add to the latency of synchronization decision.

5. Inter_stream Sync: The Inter_stream Sync unit is responsible setting calibra-
tion signals for the virtual timer based on inter-stream synchronization conditions
(Section 4.3.2). Further, it also set the reference stream by comparing the vir-
tual timers of different streams. Its implementation is straightforward consisting
mainly of adders and multiplexers.

6. Axi S: The Axi_S unit is responsible for reading sensor data from a buffer and
streaming it out as AXI streams based on the decision given by Output_Decision
unit. It also includes a timer to stream out the measurements at the right output
time.

The latency of streaming depends on the size of the sensors’ data block:

e Radar produces 262144 bytes of raw samples from a single receiver and is
represented as 16-bit integers. Hence, 16,384 clock cycles is required per raw
sample to stream out one radar measurement.

e Lidar produces 153600 bytes of data for (depth map + point cloud) and is
represented as 32-bit integers. Overall, 4800 clock cycles is needed to stream
out the Lidar measurement.
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The above streaming latency is taken into account in the calculation of mea-
surement buffering time. However, for the measurements that are streamed out
immediately (nowait case), this latency adds to the synchronization error egg;.

6.4 Evaluation

In the current system, the sensor interfaces to read the sensors directly by the FPGA
are not yet developed. Therefore, for the purpose of functional verification of the im-
plementation, the sensor measurements and the corresponding arrival times are stored
in a block memory. The measurements and its timestamps are taken as input according
to the arrival times, thus, emulating the arriving sensor measurements. Overall, the
functionality of the implemented hardware solution was verified by simulation.

Hardware Utilization

The synthesis results of the hardware implementation are based on the ZYNQ-7 ZC702
Evaluation Board. Resource utilization of various components of the implemented solu-
tion are presented in Table 6.1. The last row shows the total utilization of the FPGA’s
resources for the full design of our synchronization solution for two streams. Further, in
order to directly interface any sensor with the systolic array system, additional memory
to temporarily store incoming sensor measurements is required. Overall, to store/buffer
one set of Radar and Lidar measurement 415744 bytes of memory is necessary. Exact
memory requirements can only be determined based on the latency and past sensor
measurement requirements of the sensor fusion algorithm.

Table 6.1: Resource Utilization of various components in the considered platform.

Component LUTs | Registers | DSP
TS_Estimator (Mean filter (W = 16)) 378 569 0
TS_Estimator (Median filter (W = 9)) | 462 443 0

Output_Decision 186 88 0

Timer 233 136 0

Buffer_Control 52 4 1

Inter_stream_Sync 295 133 0

Axi_s 18 19 0

Full Design 2105 1639 2
(3.9%) (1.5%) (0.9%)

Latency

For an incoming sensor measurement, the latency of obtaining its output decision is
due to the Timer, TS Estimator and Output_Decision units, which adds up to 3 clock
cycles. Further, the latency of streaming out data depends on the data type of the
sensor measurements. Latency of 16,384 clock cycles and 4800 clock cycles are needed
to stream out one Radar and Lidar measurement, respectively. With clock period of
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30ns, we arrive at a total latency of 491610ns and 144090ns for each Radar and Lidar
measurement, respectively. The above delay is corrected for, in the calculation of the
buffering time and hence, has no impact on the buffered measurements. However, for
sensor measurements that are to be streamed out earlier than the above delay, it adds
to synchronization error (egss).

6.5 Summary

In this chapter, the details of the hardware implementation of our synchronization
solution is presented. Certain modifications were made to the algorithm for better
hardware implementation in terms of resources and latency. These include choosing the
right bit-width for cycle times, simplifying the calculations of timer calibration shift
values and the overall design of buffer control running in the background to ensure
least latency on the incoming sensor measurement. The entire design was verified by
simulation and synthesized on a FPGA board. Resource utilization and latency of the
solution on the considered platform was tabulated. Further, we correct the algorithm
to include this latency in the buffer time calculation of the measurement. However, this
latency adds to the synchronization error (e4s5) when the buffering time is less than
this latency.
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Conclusion

7.1 Conclusions

After the analysis of the results, we now revisit our initial key objectives of the thesis,
mentioned in Section 1.3 and conclude our findings.

1. Handle the problem of estimating the actual time of sensor measure-
ment: A Filter-based technique was employed to estimate the timestamp of sen-
sor measurement capture. First, true measurement cycle times of the sensors are
estimated from observed sensor cycle times (from arrival timestamps) by filtering
out the jitter. Well-known filtering techniques such as Kalman filters, mean filters
and median filters were considered. Based on the characteristics of observed cycle
times from arrival timestamps, the complexity of techniques and the quality of ob-
tained estimates, the appropriate filter was selected for implementation. Kalman
filter was ruled out since it is a complex filter for hardware implementation and
with no observed drift in the cycle times, a simple filter would be sufficient for the
task. Further, Mean and Median filters were evaluated for our considered sensors
in terms of resource utilization and final synchronization results (Section 5.3.1).
A Mean Filter(W=16) and a Median filter(W=9) were selected for estimating
Radar and Lidar cycle times, respectively. Finally, the actual time of sensor mea-
surement was obtained by simply adding up cycle time estimates and employing
corrections during exceptional cases like packet loss and a possible estimation er-
ror. Overall, the above approach can be used on all types of sensors as it does not
require any extra support like interfaces, timestamps or frame numbers from the
sensor side.

2. Ensure synchronization of incoming sensor streams with minimal
latency and synchronization error while tolerating uncertain arrivals of
sensor data: Several existing stream synchronization algorithms which address
the same problem in the area of distributed multimedia systems were considered.
Since there is a trade-off between between buffering latency and synchronization
error, an adaptive buffering technique is employed which consists of a control
algorithm which keeps latency and synchronization at check by changing the
buffering delays during run-time according to the delay jitter conditions. The
control algorithm can be tuned with the help of parameters to choose the right
levels of latency versus synchronization error, according to the needs of the
application. A detailed analysis on the effects of these control parameters on
buffering latency and synchronization error is presented.
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3. Efficient implementation of the synchronization solution on hardware:
Several modifications were made to the proposed synchronization solution for effi-
cient hardware implementation in terms of resource use and latency. Mean filters
with 2" window size values were considered to remove the division operation with-
out considerable change in the estimation error. Calculation of timer calibration
shift values were simplified to involve less number of operations. Bit-widths for
timestamps and sensor cycle times were selected with careful consideration of
required precision for minimum synchronization error and resource utilization.
Also, the entire solution was designed to keep the latency on the incoming sensor
measurement minimum. This was done by running the adaptive buffer control
algorithm in the background between sensor measurements arrivals. The entire
implementation for two streams requires 2105 LUTs, 1639 Registers and 2 DSPs.
Overall, the latency of obtaining the output decision (wait, nowait, discard) of a
sensor measurement is 3 clock cycles. Additionally, there is latency due to stream-
ing out of sensor data. With clock period of 30ns, total latency of 491610ns and
144090ns is experienced by Radar and Lidar measurements, respectively. This
latency is corrected for, in the calculation of the buffering time and hence as no
impact on the buffer measurements. However, for sensor that are to be streamed
out earlier than the above latency, it adds to the synchronization error (egss).

4. Develop a methodology to evaluate the performance of the temporal
synchronization solution on real world data: To verify the accuracy of the
temporal synchronization solution, a moving Meccano contraption (Figure 5.1)
was set up to be used as a common target object for both Radar and Lidar sensors.
This setup ensures that the position measurements obtained by both Radar and
Lidar are distinguishable for comparison and that the spatial error in the position
measurement is negligible. Thus, the differences in the positions of the common
target observed from Radar and Lidar sensors are solely due to the temporal
errors. However, for this thesis, exact position measurements were not extracted.
Certain orientations of the common target were selected visually and compared
at the output of synchronization. If the synchronization is sufficiently accurate,
we can expect Radar and Lidar measurements pointing to the same orientation to
have closer output times. Estimator selection for the sensor streams was also done
by observing the association of sensor measurements at output. However, since the
exact target positions were not extracted from the sensor measurements, the exact
error in the estimates could not be determined. Overall, this setup though simple
and inexpensive is effective and sufficient enough to evaluate the correctness of
the temporal synchronization solution.

7.2 Limitations

A few limitations of the thesis are listed below:

e The acquisition of sensor measurements, including arrival timestamping was done
on a machine with Windows10 OS, which does not guarantee real-time require-
ments and can introduce lot of uncertain delays. Hence, the observed cycle times
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7.3

used in our analysis are not representative of the cycle times observed when sen-
sor acquisition is done directly on hardware or on a Real-time operating system.
Additionally, there is a possibility that due to large operating system delays, we
do not observe a drift in the cycle times over time.

The implemented synchronization solution was verified for correctness by only ob-
serving close association between measurements. Since target position extraction
was not done, we could not verify if the exact original intra and inter temporal
relations were maintained at the output.

The synchronization solution wasn’t tested for long periods of sensor data, since
the association between measurements were manually confirmed by visual obser-
vation.

Future Works

Some interesting ideas to follow up as an extension to this thesis are listed below:

The implemented synchronization solution can be integrated to read sensor data
streams directly from the FPGA sensor controllers.

Precise error estimation can be done by exact position extraction of the target from
synchronization event measurements. Also, the solution needs to be evaluated for
longer periods of reliable sensor data, preferably acquired on a real-time operating
system or directly on hardware.

Further, performance analysis can be done on different sensors in the market. A
linear Kalman filter can be used to estimate true cycle times in sensors with jitter
and additive drift in cycle times.

The proposed synchronization solution can be evaluated based on the final sensor
fusion results. Additionally, an exploration can be performed to find tolerable
levels of temporal asynchrony for different sensor fusion algorithms. Specifically,
CNN data fusion algorithms for the PRYSTINE project.

The synchronization solution can be scaled to include more sensors. With respect
to the PRYSTINE project, Camera streams can be added.

The synchronization solution can be extended to be used for synchronizing several
sensors connected over a network and test the limits of the data stream synchro-
nization solution for extreme cases of network delays.
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