









































































































































































































































































































































CHAPTER 4. DISTRIBUTED DATA FUSION CONTROL 83

4.1 Decision Mechanism

Choosing to get some specific information from one of the nearest nodes rather than
from the information source itself introduces new decisions to be made, like, for
example, which of the several available nodes the information should be requested
from. For instance, nodes may request node, to provide information originating from
node;, but this may not be the most optimal decision. The communication channel
from nodey to nodez may not accommodate the required data rate that removes, at
least temporarily, nodes from the possible node candidate list. What is important to
note is that in such a case, the optimal configuration is not achievable by a single
decision or solution, but is actually a multi-stage process where to each state of the
system corresponds the optimal (or more precisely, the most optimal taking into
account the information available at the requesting node) action that can be taken

in the given state.

4.2 Data Lookup

When discussing the decision making process, we assumed that the information re-
garding the availability of the required information among the nodes is known. In
fact, one of the fundamental problems that has to be addressed in order to apply

the aforementioned decision process is in identifying all the nodes that possess the
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required information. The distributed data fusion architecture does not include any
centralized control and consists of the nodes that are decentralized, potentially unreli-
able and heterogenous. Locating content in such system becomes therefore a complex
task. Nodes may join, leave or become inaccessible, but this should not affect the
operation of the total distributed system. One solution would be to use one of the
available distributed lookup protocols to efficiently identify the nodes that store the
desired data. For this purpose we define a space of the keys K. To each node in the
distributed system assigned is a key n; € K. We use a hash function h to map any
particular source of information into the space K as well. For example, each sensor
will be identified by a corresponding key s; € K. What is important to note is that
the number of keys that a platform possesses equals the total number of sources of
information it has, including the ones originating from the platform and the ones
that a platform receives from others. The idea is then to assign each node to keep
information about the identity of the information sources, values of the hash function
of which lie in a certain proximity to the platform’s key n;. The resulting structure
is called Distributed Hash Table (DHT). Several architectures of DHTs have been
proposed: Chord [87], CAN [76], Kademlia [64], Tapestry [99] among others. Fig-
ure 4.3 demonstrates a node look-up process in the Chord DHT architecture [87].
The shortest available look-up time is O(logN), where N is total number of the data

sources in the distributed system.
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Figure 4.3: Key lookup in Chord.

4.3 MDP Based Multisensor Fusion for Multitar-

get Tracking

The current section presents a solution for controlling the information flow between
the platforms. The tracking data exchanged among those platforms can be of the
following types: tracks, tracklets, or Associated Measurement Reports (AMRs). Sub-
sequently, the tracking data that are passed between platforms are processed in a
distributed data fusion process. We would like to engage an MDP based decision
mechanism, similar. to the one used to control UAVs’ movement, to provide each
platform with the required data for the distributed data fusion process while reduc-

ing redundancy in the information flow in the overall system. We will express below
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Figure 4.4: Fusion control MDP scheme.

the components of the MDP for information flow control in terms of the parameters
of the optimization problem that we are facing. Here, the multisensor fusion problem
for multitarget tracking is mapped into a collection of corresponding MDP problems,
each one being solved by the corresponding node. Each node will have a correspond-
ing set of MDP parameters S, A, P, R reflecting the optimization problem this node
needs to solve. Figure 4.4 shows the fusion control scheme in which a separate MDP
is designated to each active track. A pseudo code for a fusion control algorithm is

shown in Figure 4.5.

4.3.1 Set of States: S

The state of a node has the general structure depicted in Table 4.1. Each field takes
one or more bits of digital information which are enumerated in the table. Below we

describe the elements of the table:

e Original node: This field specifies the node from which the sought information
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function FusionControl
1. Initialization: Set initial parameters
2. Policy Calculation:

(a) Update list of initial and confirm tracks - 7

(b) FortrC T
If (NoPolicySet(tr) Or ReachedPolicyUpdate(r))
ChangePolicy:
i. Calculate updated TransitionProbabilityMatrix P
ii. Calculate updated RewardFunction R
iii. Calculate MDP policy 7,

3. Data fusion control:
For each track tr request data from sources defined by a.(s)

Figure 4.5: Fusion Control algorithm.

originates.

e Supplying node: This field specifies all the nodes that currently receive the

information originating from the Original node.

o Data avatlable: This field indicates whether the requested data from one of the

Supplying nodes is currently arriving and available.

e Refusals: This field contains the total number of refusals from the corresponding

Supplying node.
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Table 4.1: General structure of the node states

Original Supplying | Status Data | Bit #
node node bit
plat form, | plat form,; | Data avail. | 0 0
Refusals 1 1
0 2
plat form,s | Data avail. | 1 3
Refusals 1 4
0 5
plat form,s | Data avail. | 1 6
Refusals 0 7
0 8
plat form,s | plat form,, | Data avail. | 1 9
Refusals 0 10
1 11
plat formys | Data avail. | 1 12
Refusals 0 13
0 i4
plat form,g | Data avail. | 0 15
Refusals 1 16
0 17

88
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4.3.2 Set of Actions: A

The set A contains all the possible actions that a node can take in order to specify
the requested information sources in its next step of decision making. In our case,
we have n + 1 different actions in the set, expressing a request for information from
any of the n nodes posessing the required information and an additional action of not
requesting information at all. It should be noted that one of the existing trade-offs is
requesting information from more than one source. That increases the probability of
a positive outcome (the requested source providing the requested information) but at
the same time increases the overall network load which may have a negative impact
on the requesting platform itself. Generally, it is acceptable in certain cases to request
information from more than one source taking into account the relative unreliability
of available sources. Obviously, when there is a large number of information sources,
the policy of requesting information from multiple sources may be potentially harmful

to both the whole distributed data fusion network and the requesting node itself.

4.3.3 Transition Probabilities: P

The transition probability matrix specifies the probability P(sty1]s:, a¢) of transition
to a specific state s;41, provided the transition is done from another state s, while
performing a certain action a;. The platform requesting data from other platforms has

information regarding the holders of the required information as well as the knowledge
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of other circumstances that may influence successful reception of this information —
for example, distributed network channels capacity, current load of the mentioned
channels, the load of the nodes that have to supply information. Also, a specific node
requesting information may have a priority rating index that may be different for
various nodes.

For example, under the assumption that all other parameters such as network
channels load, etc., are equal, platform; will have a higher chance to receive the
required information from a certain node only because that node has higher priority
rating index for plat form;. Other factors may also influence the probability P — for
example, weather conditions at a certain node that may influence its chances to suc-
cessfully transmit the requested information, hardware reliability, survival probability
among many others. Also, a node may be able to learn empirically the character-
istics of other nodes and, thereby, adjust transition probabilities [86, 85]. All such
information is eventually translated into the transition probability matrix. We can
gee this process as a mapping of all the relevant features of the external world into

the transition probability matrix described above.

4.3.4 Real-valued Reward Function on States: R

The vector R contains the values of the immediate rewards associated to being in a

certain state. Similar to the reward function for the UAV movement control MDP, we



use information based objective function based on the Fisher information measure:

J = Jlog|L(kik)| = 3 log| Fy(klk) ™| (41)

where P;(k|k) is the posterior covariance matrix of the state vector corresponding to

target j at time k. It is expressed as follows:
Pi(klk)™ = Py(klk — 1)1 + Y;(k) (4.2)

where P;(kjk —1)7! is the predicted state information (inverse of the state prediction

covariance matrix) and Y;(k) is the new information that is given by:
Y;(k) = H(k,s,5) R(k,s,5) " H(k, s, ]) (4.3)

where H(k, s, j) is the measurement matrix and R(k, s, 7) is the measurement covari-
ance matrix at the time step k& corresponding to the sensor s from which the incoming
measurement has originated and target j. Then, the expected updated information

I;(k|k) can be expressed as follows:

1;(k|k) = I;(k — 1|k) + H(k, s, 5) R(k,s,3)" H(k, 5, j) (4.4)
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The reward associated with a measurement arriving from a remote sensor s af-
ter being successfully associated with one of the tracks of the platform is therefore
expressed as the expected information gain corresponding to sensor from which the
measurements originated. If there are N, AMR’s arriving from the same remote sen-
sor s which are associated with the tracks of the receiving platform, then the expected

information gain is given by

Ns(k)
Tn,(k,s) = Z log |5 3 (k| k)] — log |1;(k[k — 1)] (4.5)

where I;(k|k — 1) is the predicted information matrix and I, ;(k|k) is the updated

information matrix corresponding to target j.

4.4 Distributed Tracking Algorithms Implement-

ing MDP-Based Data Fusion System

In this section, we present three distributed data fusion algorithms — associated
measurement fusion, tracklet fusion and track-to-track fusion — to be applied with

the MDP-based data fusion system.
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4.4.1 Associated Measurements Fusion

In this architecture, the measurements, which are associated with the local tracks, are
transmitted. Although the sensors may generate a large number of measurements,
particularly in a dense clutter environment, only a few of them are associated with
tracks and transmitted. Also, if the positions, measurement covariance and measure-
ment matrix of all sensors connected to the distributed fusion network are available
to each platform, then the corresponding quanti- ties are not required to be com-
municated. Since the measurements are considered to be independent of the state
dynamics, this architecture requires much less computation. When using associated
measurements fusion each platform performs the following steps: associating (either
local or received from another platform) measurements with the current tracks and
updating the tracks using the associated measurements. If the associated measure-
ments originated from the same platform they are transmitted to other platforms

using the communication policy described above.

4.4.2 Track-to-track Fusion

In this algorithm, we assume that the trackers on all the platforms start with the
same information about tracks at time ty,. The tracks are updated by local trackers
on each platform using the measurements received from the sensors on that platform

up to time t;. At this time the local tracks are broadcasted and each local tracker
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updates its tracks using the information received from the other local trackers. Since
the tracks in the local trackers are started with the same initial information and
the targets go through the same noisy transformation process the tracks obtained by
different local trackers are correlated. The computation of the exact cross-covariance
matrices in a track-to- track fusion system would hugely increase either computation
or communication load [84]. This work uses the approximation proposed in [9, 29]. It
assumes that at the time of computation of the cross-covariances between local tracks
the covariances of all of the local tracks have already reached the steady state. The
terms of the the cross-covariance matrix P* for a one dimensional tracking problem

with state consisting of position and velocity [z z], are found as

Py = pij\/Pary; 3 € {1,2} (4.6)

where p{; and p¥; denote elements i,j of covariance matrices P! and P* belonging to
a certain track originating from platforms [ and k; p;; are unknown cross-correlation
coefficients. There were proposed a number of ways to calculate cross-correlation
coefficients [29, 9]. We used the following values of cross-correlation coefficients pro-
posed in {9]: p11 = 0.15,015 = 0.25,p93 = 0.70. For a 2-D tracking problem with the

target state given by [z & y ¢], the approximate cross-covariance matrix used in this
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work is given by

pi(l,x pi(2,a: 0 0

X X
PX _ p21,ac p22,1: 0 O (47>

0 0 Pﬁ,y pf?,y

0 0 p;l,y p§2,y ]

When using track-to-track fusion each platform performs the following steps: asso-
ciating new measurements to the local tracks and updating them, periodically com-
municating the tracks to the other local trackers, computing the approximate cross-
covariance matrices between tracks, associating the received tracks to local tracks,
fusing the tracks received from the other trackers with the local tracks.

Denoting the mth track from platform i by 77, and the corresponding state and co-
variances by 2%, and P}, respectively, for a track set {1}, T3,, ..., T } the maximum

likelihood estimate of the fused track states is given by
x{* = (E'P;'E)E'Pg'zs (4.8)

where S is the track set {14, 73,.... T8}, E =1, L, .., In,] isnn, X n, matrix

and n, is the dimention of the state vector. Matrices Zg and Pg are given by (4.9)
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and (4.10), respectively,

1
Tk
Is =
n
:Ek:n
r
1 1,2 1,n
P Pkl‘k2 Pkl,kn
2,1 2 2,n
B szJq P .. Pkg,kn
Ps =
n,1 7,2 n
Pkmk1 Pkmk2 Y S

The covariance matrix of the fused track is given by

Pgused — (E/PSTlE)Vl

4.4.3 Tracklet Fusion

-

(4.9)

(4.10)

(4.11)

As tracklets are track data not cross-correlated with the common information among

the platforms, for the data fusion purposes they can be treated like measurements

and be associated to tracks of other platforms. That solves the problem of data

synchronization typical to track-to-track fusion considered above. Since not all the



correlation among the versions of the same track maintained by several platforms
can be removed, such an approach is only reliable when dealing with targets having
small maneuvering index. There were proposed a number of methods for calculating
tracklets {41, 42]. In this thesis, we use an algorithm in which a tracklet is the state
of a track decorrelated with the state of the same target at the time when the last
tracklet was transmitted. For this decorrelation operation the older state requires to
be predicted to the time of the more recent one. For tracklet computation, the state
of the corresponding track must be observable from the measurements received after
the last communication of a tracklet corresponding to the track. That is, at least two
measurements are required if the target state vector contains the position and the
velocity. Assuming that the last tracklet was transmitted at the time k, the track
was last updated at time step k+1i, and there are enough measurements between time
step k& and time step k + n, the tracklet and the corresponding covariance matrix at
time step k + n are given according to [35] by (4.12) and (4.13), respectively. That

is,

ri(k+n) = &k+nlk)+ P{k+nlk)[P(k +nlk)

— Plk+nlk+ 0] 2k +nlk +i) — 2(k 4+ nlk)) (4.12)
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P(k+n) = P(k+nlk)P(k+nlk)— P(k+nlk+14)]" Pk + n|k)

—~ Pk +nlk) (4.13)

When using tracklet fusion, each platform performs the following steps: associat-
ing new measurements to the local tracks and updating latter, periodically computing
the tracklets and communicating them to other platforms, associating the received
tracklets to local tracks using 2-D association ([15]) and finally fusing the received

tracklets with the local tracks.

4.5 Simulation Results

In this section, we present and discuss the simulated scenarios and the results achieved
using two test cases. The first one will apply the suggested approach on three different
data fusion methods, namely, associated measurements fusion, track-to-track fusion
and tracklets fusion comparing their performance, computational and communication

load. The second test-case will present an internal analysis of the decision mechanism.
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Figure 4.6: The sensors and platforms connectivity scheme in a cluster.
4.5.1 Simulation Results: Test-case A

The following test-case will demonstrate MDP based distributed data fusion approach
on an example of associated measurement distributed data fusion system. The sim-
ulated system consists of a cluster, which contains 3 platforms and 5 sensors. Each
sensor belongs to a specific platform associated with a corresponding tracker. Sensors
1 and 2 are connected to tracker,, sensors 3 and 4 to trackers and sensor 5 is con-
nected to trackers;. The sensors and platforms connectivity scheme of the cluster is
shown in Figure 4.6. The solid lines designate local communication channels between
each of the sensors and the corresponding tracker. These communication channels are
assumed dedicated and reliable due to relatively short distance between the sensors
and the corresponding tracker. The dashed lines designate communication channels
connecting different platforms (trackers} of the cluster. A platform requesting data
from another platform is not guaranteed to receive them due to various reasons such as
overloaded communication channels, low priority of the requesting platform, etc. The

sensors are located at z% = [65,155]", [80,140], [10,—65)', [30, —40)', [—80,20] km,
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respectively. The original measurements are obtained from the sensor s in the form

z=[r(k,s,7) 0(k,s,7)] (4.14)

where r(k, s, j) and 6(k, s, j) are the range and the azimuth angle of the target j sup-
plied by sensor s at time t;, respectively. The measurement vector is assumed to con-
tain independent additive Gaussian noise. The sensor s range r and bearing O stan-
dard deviations are [0f, o] = [40, 2.5], (35, 2], [52.5, 3.5], [30, 2.5], [45, 4.5] (in m,
mrad, respectively). The sampling intervals of the sensors are 2.5, 3.5, 2, 3, 1.55, re-
spectively. The false alarms are uniformly distributed in the coverage areas of the sen-
sors with the number of false alarms Poisson distributed with means of 40,40,100,50,50,
respectively. The simulation included two closely spaced targets. The scenario of the
two target movements includes several constant velocity stages interleaved with co-
ordinated turn maneuvers performed at rates |w| = 4 °/s. The initial positions of
the targets are [€;,7;] = [5,68.6] km, [5,69.1] km, respectively, and the initial targets
velocity is 300 m/s. The Figure 4.7 shows the coverage areas of the sensors and the
target trajectories. In the simulation, measurements associated with existing tracks,
or AMRs, are transmitted between the platforms controlled by internal MDP pro-
cesses. The transmitted measurements are naturally independent of the tracks of the
corresponding platforms. The track maintenance is performed by a 2-D measurement-

to-track association, performed by the Auction algorithm [15], and track update is
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Figure 4.7: Test-case A. Coverage area of the sensors and targets trajectory
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performed using a Kalman filter. A white noise acceleration model is assumed for the
targets with process noise standard deviation o, of 15 m/s*. The state of the target

7 is of the form

xI =27 ¥ y P} (4.15)

where z7 and 3’ are the z and y Cartesian coordinates of the target j and 47 and 7
its z and y velocity components, respectively. We convert the original measurements

obtained from the sensor s in the form

z=I[r(k,s,j) 0(k,s,5)] (4.16)

where r(k,s,j), 6(k,s,j) and 7(k,s,j) are the range and the azimuth angle of the
target j supplied by sensor s at time tj, respectively, to the measurement vector of

the form

zi =27 ) (4.17)

using the standard coordinate convertion [7]:

7/ =[rcos® 17sin O (4.18)
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The measurement covariance matrix R corresponding to the converted measurement

is given by [7]

R} RZ
Ry = (4.19)
R}/Q R%Z
The elements of Ry are
R = 720 sin*© + ¢?cos’© (4.20)
RY? = (02 —1r%})sin@cos® (4.21)
R? = r%%cos’© +02sin* O (4.22)

In the simulation two-point track initialization is applied [7].
Below we show the results obtained from applying the following three communi-

cation policies:

1. All the AMRs are shared among all the platforms. In this case, the associated
measurements obtained at one platform are transmitted to all other platforms

within the same cluster.

2. No information is shared among the platforms.

3. The process of information (AMRs) sharing at each platform is controlled by
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Figure 4.8: Position RMSE (left) and velocity RMSE (right) of target;, plat forms,
all AMRs shared.

the dedicated MDP. To each state of the platform corresponds an action of
requesting AMR from one or more sensors of the platform or not requesting

information at all.

Figure 4.8 shows the position and velocity RMSE of target; state estimation,
respectively, for the first policy when all the AMRs shared among the platforms. Fig-
ure 4.9 shows the position and velocity RMSE of target, state estimation, respectively,
for the second policy when no information is shared among the platforms. Tracking
data is available only for ¢ < 55 s after which the targets come out of the coverage
area of the sensors of plat form 3. Figure 4.10 shows the position and velocity RMSE
of target, state estimation, respectively, for the 3rd policy when the data fusion is

controlled by MDP.
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Figure 4.9: Position RMSE (left) and velocity RMSE (right) of targety, plat forms,
no information shared. Tracking data is available only for ¢ < 55 s after which the
targets come out of the coverage area of the sensors of the platform.
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Figure 4.10: Position RMSE (left) and velocity RMSE (right) of targety, plat forms,
MDP controlled fusion.
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Figure 4.11: Information gain of plat forms;.

Figure 4.11 shows the information gain of platforms for all the AMRs arriv-
ing from the sensors of platforms, and platform,. Figure 4.12 shows the inte-
grated information gain values obtained by integrating the values of the informa-
tion gain during the policy re-calculation stages during the following time intervals:
15, 15], [60,75], and [120,135] s. The MDP policy of plat form; was updated several
times during the simulation at the end of the policy re-calculation stages above.

Table 4.2 shows the time-averaged position and velocity RMSE in the targets
state estimation of the plat formg after 100 Monte Carlo runs. The performance with
no information sharing mode is the worst. The performance of the mode in which
all the AMRs are transmitted among all the sensors is the best. We can see that

the performance of the MDP controlled mode is much better that that of the first
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Figure 4.12: Information gain of platformg, integrated during policy re-calculation
stages.

Table 4.2: Performance metrics summary, test-case A

Communication | Position RMSE (m) | Velocity RMSE (m/s)
mode Target, | Targety | Targety Targets

All AMRs shared | 73.2 79.6 38.4 39.5

No AMRs shared | 382.1 300.3 90.8 79.0

MDP controlled 103.8 109.7 444 45.8

mode but still worse that that of the second mode. In MDP controlled mode the

maximal number of sensors that could transmit AMRs to plaf forms was restricted

to two sensors. We can see that the information flow in the system was reduced by

half, which in many cases may justify the reduction in performance. In many cases

the situation in which all the platforms transmit AMRs to all the other platforms

is infeasible. The performance may be increased though by increasing the maximal

allowed number of sensors transmitting remote AMRs to any given platform.
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4.5.2 Simulation Results: Test-case B

The following test-case will demonstrate internal analysis of the decision mechanism.
The simulation assumes a platform (node) that fuses tracking information originating
from both its local sensors and the sensors located on the remote node.

In the simulated test case, the platform designated as platformy; is in need of
tracking information originating from platform,. This information is requested by
additional platforms besides plat formy, so it is available from the following nodes:
plat form, (naturally), plat forms, and plat formy. 1t is the data lookup approach
described above that is responsible for locating all the nodes in the distributed sys-
tem possessing the required information. It should be noted that the information
that plat forms and plat formy receive from plat form, is downsampled at different
ratios, which means that though these nodes are closer to platforms, the quality of
information available from them is lower. Note that platform; range is also suffi-
cient for covering the region in question but at a relatively poor quality. Therefore,
plat form; is facing a decision problem regarding the choice it has to make, which
will be modeled by a Markov decision process.

Table 4.3 shows the sequence of states and actions resulted from calculating the
MDP policy and then executing it.

A single row of a table contains a step number, an MDP state and the action

that have been taken according to the optimal policy so found. The latter two are



CHAPTER 4. DISTRIBUTED DATA FUSION CONTROL 109

42000 [ i O Platform 3. IR :
: : : : : Platform 7
10000
8000 .’7;,;‘:.‘_;.‘ A P SR
~ i s : : Platform 4
£ ] co2 M . 1 :
>~ 5000 Do o
: : 3 :
Y NS :
4000 A
% Platform 1 :
3 : :
2000 ‘x_‘ : S
! :
0 i i :
0 1 2 3 4 5 5 7
X (m) x10

Figure 4.13: The target trajectory and the estimated track. platforms is in need of
tracking information originating from plat form, which is re-transmitted and available
from plat forms and plat form, as well.

Table 4.3: The sequence of states and actions

Frame | Current Act. | # | Current Act.
number | state state
000 000 000 | 100 | 12 | 010 100 000 | 010
100 000 000 | 100 [ 13 | 010 001 000 | 010
100 000 000 | 100 | 14 | 010 101 000 | 010
100 000 000 { 100 | 15 | 010 010 000 | 001
100 G060 000 | 100 | 16 | 010 010 100 | 001
100 000 000 | 100 | 17 | 010 010 100 | 001
001 000 000 | 100 | 18 | 010 010 100 | 001
010 000 000 | 100 | 19| 010 010 001 | 001
010 100 000 { 010 | 20 | 010 010 010 | 010
010 100 000 | 010 | 21 | 010 100 010 | 010
010 100 000 | 010 | 22| ...........
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Figure 4.14: RMSE metrics of data fusion at platforms.

specified in a binary format. The optimal policy for the node being in any feasible
state indicates the exact action it should take. The policy has been calculated with

discount factor v = 0.9 and error bound of value of state e = 0.1. Below we comment
lines of Table 4.3.

e Step 1. This state is the initial one. We can see that no information is being
received and no information is being requested at this state by the node. Ac-
cording to the policy, the action corresponding to this state 7*(s) = 100 that

tells that plat form, is requested to supply the information.
e Steps 2-6: plat form, supplies the required information and the resulting action
is to continue receiving information from it.

o Step 7: The resulting state indicates that plat form, either denied to supply the

information or the data have not arrived at the destination. Resulting action
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did not change and the current node still requests information from plat form,.

e Step 8: The requested information from plat f orm, is denied for the second time.
This time, according to the policy, the action corresponding to the current state

is to request information from plat forms.

e Steps 9-12: plat forms supplies the required information and the resulting ac-

tion is to continue receiving information from this node.

e Step 13: For the first time platforms denies the information. The resulting

action is the same.

e Step 14: Information from plat forms resumes and the action is the same.

e Step 15: plat forms refuses for the second time, though not in sequence. Then

plat form, is requested.

e Steps 16—18: Requested information from plat formg arrives, the action is the

same.

e Step 19: No data arrived from plat formy, action is the same.

o Step 20: No data arrived from plat formy for the second time, the action is to

request information from plat forms.

e Step 21: Data from plat formgs successfully arrived, refusal history of plat forms

is cleared, the action is to continue requesting information from plat forms;.
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Figure 4.13 shows the target trajectory and the estimated track resulting from
the data fusion process corresponding to steps 2—-12 described above. The scenario of
the target movement includes several constant velocity stages interleaved with coordi-
nated turn maneuvers performed at rates |w| = 1 °/s. The initial target position (€, 7]
is [6200, 0] m and the initial target velocity is 200 m/s. It is assumed that the sensor
measures the target range, bearing and range rate. As mentioned, platformsz is in
need of tracking information originating from plaf form,, which covers the marked
region in Figure 4.13. Both plat forms and plat form, receive AMRs from plat form,
though downsampled with different ratios: 4 for platforms; and 5 for platform,.
plat formy range is also sufficient for covering the region in question albeit at a rel-
atively poor quality. Its range and bearing standard deviations are o, = 450 m,
o = 0.02 °/s, respectively. platform, has similar characteristics with o, = 400 m,
ge = 0.02 ° /s, but because of its proximity to the target, the estimate resulting from
it is more precise.

Figure 4.14 shows the RMSE metrics out of the data fusion process after 300
Monte Carlo runs. During the first 120 scans corresponding to steps 2-6, plat formy
obtained the AMRs at the original sampling rate from plat form, and combined this
information with its own measurements. In the period between scans 120 and 170

(steps 7-8) no information arrived from plat form,, which resulted in steep precision
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drop because the estimation was done using measurements of plat formy itself only.
After scan 170 (steps 9-12) downsampled AMRs originating from plat form, began
to arrive from plat forms, which resulted in improved performance though worse than
the one corresponding to steps 2-6.

The decision process that has been simulated contained probability and reward
matrices of considerable dimensions. In the demonstrated example the dimensions
of P are 512 x 512 x 3. Dimensions of the reward matrix are 512 x 3. Using sparse
matrix presentation is therefore very effective, especially justified by the fact that a
considerable part of the transition probability and reward matrices were not popu-

lated.

4.5.3 Simulation Results: Test-case C

The following test-case will compare the performance of the approach among three
different data fusion methods, namely, associated measurements fusion, track-to-track
fusion and tracklets fusion.

The simulated cluster contains 5 platforms and 8 sensors. Each sensor belongs
to a specific platform associated with a corresponding tracker. Sensors 1 and 2 are
connected to trackery, sensors 3 and 4 to trackers, sensor 5 to trackers, sensors 6 and
7 to tracker, and sensor 8 is connected to trackers. The sensors are located at % =

(65, 155)', [80, 140}, [10, —65)", [30, —40]', [—80, 201", [—70, 130]', [~40, 150]", [20, 150]' km,
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respectively. As in the previous test-case, the original measurements are obtained
from the sensor s in the form [r(k,s,j) 6(k,s,j)|" where r(k,s,7) and 8(k, s, 7) are
the range and the azimuth angle of the target j supplied by sensor s at time ¢,
respectively. The sensor s range r and bearing © standard deviations are [¢3, o&] =

(40, 2.5], [35, 2], [52.5, 3.5], [30, 2.5], [45, 4.5], [52.5, 3.5], [52.5, 3.5, [45, 4.5] (in

m, mrad, respectively). The sampling intervals of the sensors are 2.5, 3.5, 2, 3, 1.5, 2, 2, 1.5,
respectively. The false alarms are uniformly distributed in the coverage areas of the

sensors with the number of false alarms Poisson distributed with means of 40, 40, 100, 50, 50, 40,
respectively. The simulation included two closely spaced targets with the same sce-

nario of the target movements as in the previous test-case. Figure 4.15 shows the

coverage areas of the sensors and the targets trajectory.

4.5.3.1 Associated Measurements Fusion

In this sub-section, we demonstrate the simulation results of distributed data fusion
system based on associated measurements fusion. Figure 4.16 shows the position
and velocity RMSE of target; state estimation, respectively, when all the AMRs are
shared among the platforms. Figure 4.17 shows the position and velocity RMSE
of target, state estimation, respectively, for the case when no information is shared
among the platforms. Figure 4.18 shows the position and velocity RMSE of target,

state estimation, respectively, for the case when the data fusion is controlled by MDP.



CHAPTER 4. DISTRIBUTED DATA FUSION CONTROL

Bensor 2

™

y (m)

_1 l 1 1
-8 -6 -4 -2 ¢ 2 4 6 8 10
X (m) x 10*

Figure 4.15: Test-case C. Coverage area of the sensors and targets trajectory. Eight
sensors belonging to five different platforms are present.
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Figure 4.16: Position RMSE (left) and velocity RMSE (right) of target;, platforms,
all AMRs shared, associated measurements fusion.
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Figure 4.17: Position RMSE (left) and velocity RMSE (right) of target:, plat forms,
no information shared, associated measurements fusion. Tracking data is available
only for £ < 105 s after which the targets come out of the coverage area of the sensors
of the platform.
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Figure 4.18: Position RMSE (left) and velocity RMSE (right) of target,, plat forms,
MDP controlled, associated measurements fusion.



Table 4.4: Performance metrics summary, associated measurements fusion

Communication Position RMSE (m) | Velocity RMSE (m/s)
mode Target, | Targety | Target; Targety
All AMRs shared 45.5 45.1 324 27.8
No AMRs shared 703.3 664.8 100.7 70.4
MDP controlled, 4 sources 65.5 62.1 35.1 34.9
MDP controlled, 2 sources 72.6 71.1 36.5 36.9
2 best sources 94.4 98.6 45.9 43.3

Table 4.4 shows the time-averaged position and velocity RMSE in the targets state
estimation of the after 100 Monte Carlo runs. The performance of the mode with no
information sharing is the worst. The performance of the mode in which all the AMRs
are transmitted among all the sensors is the best. We can see that the performance
of the MDP controlled mode is much better that that of the first mode but still worse
that that of the second mode. In MDP controlled mode the maximal number of
sensors that could transmit AMRs to plat formg was first restricted to two sensors
and then to four sensors. The information flow in the system was reduced, which in
many cases may justify the reduction in performance. In many cases the situation in
which all the platforms transmit AMRs to all the other platforms is infeasible. The
performance may be increased though by increasing the maximal allowed number of
sensors transmitting remote AMRs to any given platform.

Table 4.4 also includes the results of an additional simulation in which there were

always picked two sources having the best characteristics — sources number two and

six. The results were inferior to those of an MDP-based approach.
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Figure 4.19: Position RMSE (left) and velocity RMSE (right) of targets, platforms,
all tracks shared, track-to-track fusion.

4.5.3.2 Track-to-track Fusion

In this sub-section, we demonstrate the simulation results of distributed data fusion
system based on track-to-track fusion. Figure 4.19 shows the position and velocity
RMSE of target, state estimation, respectively, for the first policy when all the tracks
are shared among the platforms. Figure 4.20 shows the position and velocity RMSE
of target; state estimation, respectively, for the second policy when no information
is shared among the platforms. Figure 4.21 shows the position and velocity RMSE
of target; state estimation, respectively, for the third policy when the data fusion is
controlled by MDP.

Table 4.5 shows the time-averaged position and velocity RMSE in the targets state

estimation after 100 Monte Carlo runs.
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Figure 4.20: Position RMSE (left) and velocity RMSE (right) of target;, platforms,
no information shared, track-to-track fusion. Tracking data is available only for ¢ <
110 s after which the targets come out of the coverage area of the sensors of the
platform.
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Figure 4.21: Position RMSE (left) and velocity RMSE (right) of target;, plat forms,
MDP controlled, track-to-track fusion.
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Table 4.5: Performance metrics summary, track-to-track fusion

Communication | Position RMSE (m) | Velocity RMSE (m/s)
mode Target, | Targety | Targety Target,
All tracks shared | 268.2 272.6 60.8 65.9
No tracks shared | 993.2 814.5 121.7 103.0
MDP controlled 297.3 301.6 65.9 71.3

Table 4.6: Performance metrics summary, tracklet fusion

Communication | Position RMSE (m) | Velocity RMSE (m/s) |
mode Target; | Targets | Target; Targety

All tracks shared | 215.1 204.7 58.4 59.8

No tracks shared | 749.4 750.4 104.2 104.6

MDP controlled | 268.8 250.8 58.8 65.4

4.5.3.3 Tracklet Fusion

In this sub-section, we demonstrate the simulation results of distributed data fusion

system based on tracklet fusion. Figure 4.22 shows the position and velocity RMSE

of target; state estimation, respectively, for the first policy when all the tracklets are

shared among the platforms. Figure 4.23 shows the position and velocity RMSE of

target, state estimation, respectively, for the second policy when no information is

shared among the platforms. Figure 4.24 shows the position and velocity RMSE of

target, state estimation, respectively, for the third policy when the data fusion is

controlled by MDP.

Table 4.6 shows the time-averaged position and velocity RMSE in the targets state

estimation of the plat forms after 100 Monte Carlo runs.
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Figure 4.22: Position RMSE (left) and velocity RMSE (right) of target,, plat forms,
all tracklets shared, tracklet fusion.
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Figure 4.23: Position RMSE (left) and velocity RMSE (right) of target,, plat forms,
no information shared, tracklet fusion. Tracking data is available only for £ < 110 s
after which the targets come out of the coverage area of the sensors of the platform.
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Figure 4.24: Position RMSE (left) and velocity RMSE (right) of target;, platforms,
MDP controlled, tracklet fusion.

4.6 Communication Data Rate and Computational

Load in Distributed Tracking Algorithms

The focus of this sub-section will be on the communication cost of the aforemen-
tioned data fusion types. One of the main advantages of network-centric approaches,
where the sensors may be located at significant distances from one another, versus
platform-centric one, where the sensors are located in close vicinity from one another,
is in achieving a higher precision and robustness by the separation of sensors located
on distinct platforms (8]. The sharing of tracking data results in tracking results that
are in general more complete, more accurate, and more timely than those obtained

in the case of a single sensor or a single platform. In many cases, sharing the data
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provides tracking information that is unavailable for many of the participating plat-
forms or may be obtained at significantly lower quality. One of the main barriers in
network-centric tracking is the transfer of tracking data from one platform to another
via a communication link capable of transferring the required volumes of informa-
tion. This communication load should be taken into consideration in the design of
the tracking system and cannot be ignored. As mentioned before, the task of provid-
ing tracking information from one platform to anther node may be infeasible because
of the limitations of the communication channel capacity. The decision mechanism,
presented in this thesis, provides each platform with the required data for the dis-
tributed data fusion process subject to the available channel capacities and reducing
redundancy in the information flow in the overall system. Below we will address the
communication requirements for each of the distributed data fusion approaches we
are using, namely, associated measurement fusion, tracklet fusion and track-to-track
fusion [65].

When associated measurement reports (AMR) arriving from other platforms as
well as from the local sensors are used to form a common tracking picture, the data

rate ¥ for a platform participating in the data exchange process is given by

-

]\/meas scan
\I"AMR = —‘_/‘—‘ndata (423)

680(17'1
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where dcqr is the tracking interval, Nyeqs/scan 15 the number of associated measure-
ments per scan and ng,;, is the allocated number of bits used by a system to transmit

the data between the platforms:

Ndata = Nmeas + Nmeas_ace + M number + Ngime (424)

Where Tneas, Mmeas.ace, Mnumber,ad Tiyme are the bit allocation numbers for a trans-
mitted measurement, its related accuracy information (unique components of a co-
variance matrix), track number, and the measurement’s time, respectively. The bit

allocation for AMR-based data consisting of range, bearing and elevation is

Nneas = Mrange T Mbearing + Nelevation (425)

Timeas_ace = Mr_ace T Mb_ace T+ Me_ace (426)

The resulting data rate is therefore

N, meas/scan
LIjAMR = 3 (nrange + Nbearing F Nelevation + Mr_ace
scan

+ M ace + Ne_ace + Npumber =+ ntime) (427)
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In the case of track-to-track fusion, the data rate is given by

N, sca:
\ytracklet = _ﬂeis/_c—n‘ndata (428)

686(171

For the state of the target of the form
x=[r tyy z 2 (4.29)

where z, y and 2 are the Cartesian coordinates of the target and &, ¢ and 2 are its

x, ¥ and z velocity components, respectively, ng., is given by

Ndata = 3npos ~+ 3Net + Nnumber

+ Nitime + 21nacc (430)

where ng4.. is the number of bits allocated for the 21 unique elements of the state

covariance matrix. The resulting data rate is given by

N, meas/scan
\Ijtrack2track __e_/_C(3 npos + 3 Nyel + Mpumber + Ntime + 21 nacc) (431)

6560.’”,

The data rate in the case of track-to-track fusion is similar to the track-to-track
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Table 4.7: Communication and computational load
| Fusion method/Metrics | W (bit/s) | teomp (5) | €x ruse (m) |

AMR fusion, all tracks shared 587.8 14.2 45.3
AMR fusion, no tracks shared 0 9.7 684.0
AMR fusion, MDP controlled 310.4 13.6 63.8
Track fusion, all tracks shared 645.6 10.9 270.4
Track fusion, no tracks shared 0 9.3 903.8
Track fusion, MDP controlled 338.9 13.8 299.4
Tracklet fusion, all tracks shared 645.6 9.2 209.9
Tracklet fusion, no tracks shared 0 8.5 749.9
Tracklet fusion, MDP controlled 338.9 13.1 259.8

one and is given by

Nmeas/scan _ \I}tracthrack 4.32
Ndata = N ( ’ )
meas/tracklet

\ tracklet 5 N
scantYmeas/tracklet

where Npeqs/trackier 1S the measurements number per one tracklet. The resulting data

rate is given by

N, meas/scan

\I}tracklet (3 Npos +3 Nyel + Npumber T Ntime + 21 naccx4-33)

6scanNmeas/tracklet

4.6.0.4 Communication and Computational Load Results

Table 4.7 and Table 4.8 show the resulting communication and computational load
results for each of the distributed data fusion approaches.
The tables features different metrics for the data fusion methods used — data

rate ¥ for a platform participating in the data exchange process, computation time
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Table 4.8: Communication and computational load derivatives

L Fusion method/Metrics { \IIEX RMSEJ \I}tcomp 1 tcompex RMSE f‘l’éx Rz‘WSEtcomp ]
AMR fusion, all tracks shared 2.6-10* |8.3-10° 6.4-10° 3.7-10°
AMR fusion, no tracks shared 0 0 6.6-10° 0
AMR fusion, MDP controlled 1.9.10* | 4.2-10° 8.7 - 102 2.7-10°
Track fusion, all tracks shared 1.7-10° | 7.0-10° 2.9.10° 1.9.10°
Track fusion, no tracks shared 0 0 8.4-10% 0
Track fusion, MDP controlled 1.0-10° | 4.6-10° 41108 1.4-10°

Tracklet fusion, all tracks shared | 1.3-10° | 5.9.10% 1.9.10° 1.2-10°8
Tracklet fusion, no tracks shared 0 0 6.4-103 0
Tracklet fusion, MDP controlled | 8.8-10% | 4.4.103 3.4-10% 1.1-108

teomp for the overall simulated time of 200 s, and averaged position RMSE ¢x ruse.
Also, the table contains the combinations of the metrics above, for example the prod-
uct of required computation time and required data rate — Wi;mp. For all of the
metrics and their combinations the higher range means less favorable results, which
makes the comparison easier. The lowest data rate was achieved when using MDP
based associated measurements data fusion, followed by MDP-based track-to-track
or tracklet data fusion simulations. The highest one was registered during track-to-
track or tracklet based data fusion simulations when all the data were shared, both
of which used the same time interval between data transmissions — 10 s. In terms
of computation time, the best results were achieved when using tracklet based data
fusion method when no data were shared among the platforms. The highest com-
putation time resulted in the track-to-track MDP-based data fusion simulation. The
best accuracy was achieved when using AMR data fusion sharing all the information,

closely followed by MDP-based AMR data fusion results. The worst accuracy was
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achieved in track-to-track data fusion simulation when no data were shared among
the platforms. The best Ve, pysg metrics was achieved when using MDP based
associated measurements data fusion and the worst when using track-to-track data
fusion when all the data were shared among the platforms. In summary, associated
measurements with MDP-based data fusion yielded the best results in the majority
of the metrics categories and track-to-track data fusion with all tracks shared gave
the worst results in most of them. That could be explained in part by the need
to transmit the elements of covariance matrix combined with the fact that as the
computation of the exact cross-covariance matrices in a track-to-track fusion system
would hugely increase either computation load, approximation techniques are used
used to compute them. Similar reasons can be stated for the tracklet data fusion as
both covariance matrices need to be transmitted. Also, due to the common process
noise between the tracks, not all correlations between the various versions of the same
track, maintained by different local trackers, can be removed by using the tracklets.
Therefore, this algorithm is only an approximation and it is reliable only for targets

with small maneuvering index.



Chapter 5

A Distributed
Multisensor-Multitarget Tracking
Testbed for Sensor Management

and Data Fusion

5.1 SYSTEM DESCRIPTION

Being a distributed Data Fusion System (DFS) emulator, the testbed is composed of
one or more of Data Fusion Centers (DFC) which may reside on distinct computer

systems, together forming a common emulating system interconnected via a network.

129
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Figure 5.1: Testbed block diagram.

A DFC thus presents one of the main elements which compose the emulated system

and interconnection which define its final architecture.

Fig. 5.1 shows the block

diagram of the testbed as well as interaction between its main modules. A DFC

consists of the four main operational modules: Simulator, Tracker, Resource Manager,

Tracking Performance Evaluator, and three auxiliary ones: System Manager, Human-

Machine Interface (HMI), and Utilities module.
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5.1.1 System design principles

The system is compounded in Object Oriented (OQO) form. It consists of separated
blocks with maximal independent functionality and minimal data flow between these
blocks. The system is flexible in reference to further changes of its components at later
stages without substantial system reorganization. Many of the system components
are simulated in either simplified or a full form, in reference to the fullness of physical
phenomena simulation. For example, probability of target detection may be defined as
a sensor parameter or calculated taking into account target size, environment specific,
sensor operational regimes, etc. Target parameters and trajectories are also defined by
different ways: with fixed route points or leg kinematic model. The system supports
joint work of different Data Fusion Centers, processing output data of various sensors,

with arbitrary sensor to DFC and DFC-to-DFC inter-connections.

5.1.2 Human-Machine Interface (HMI) Module

The description of the testbed is started from auxiliary modules as they are the
interface between the user and the testbed itself. The HMI module is responsible

for definition of system work scenario and results visualization. It includes Scenario

Generator (3G) and DFC Connection Module.
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Figure 5.2: Scenario View Mode.

5.1.2.1 Scenario Generator

The Scenario Generator is built by using the “Lego” principle. This user-friendly
interface allows creating scenarios from different elements, in a way similar to how it
is done in the popular game. Elements of each type (routes, radar-emitters, sensors,
targets, environments, etc.) are created first, then the scenarios which consist of these
elements are created. A desired item is added into a created component (for example,
to insert a route description to a certain target) by simply dragging the item using
the mouse. Those operations cause the corresponding changes in Simulative Scenario
Components Tree storage, which is a database reflecting the current user settings

regarding various scenarios and all their components which have been defined by a
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user so far. Fig. 5.2 shows Scenario View Mode, where on the right side all the various
elements of the defined scenarios and their components are defined, whereas on the
left side we can see the graphical representation of the chosen scenarios including the

trajectories of all the targets and sensors.

5.2 Peer-to-Peer Implementation of Data Flow for

Network-Centric Architecture Simulation

As shown in Fig. 5.1, the testbed implements a decentralized multisensor tracking and
fusion architecture. Each DFC thus represents one of the nodes which can interchange
information with other DFC nodes. The information can be measurements or tracks.
Each DFC acts independently and has its tracker to process the measurement data
information which is obtained from the sensors pertaining to the specific DFC. Also,
each DFC is actually an independent standalone instance of a testbed application
running on the same or remote computer. One of the DFC nodes, depicted in Fig. 5.1,
is defined as a main DFC node which designates that it is the node belonging to the
current testbed application instance. There can be created an arbitrary configuration
of DFC connections using graphic interface of the DFC Connection Module. In a
specific testbed application, a specific desired data fusion configuration should be

first defined. Fig. 5.3 shows an example of a possible data flow configuration between
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Figure 5.3: DFC Connections View.

different data fusion centers. DFC “C”, which is the DFC of the current node (main
DFC center), should receive track data from DFC “A” and DFC “B”. Both DFC “A”
and DFC “B” designate remote DFCs running as standalone testbed applications on
the same or remote locations. A specific tracker type as well as the scenario to be run
on the main DFC should be selected. After that, a connection with remote stations,
where DFC “A” and DFC “B” are running, should be established.

The communication scheme of testbed instances can be classified as peer-to-peer
type to distinguish it from the client-server model, where one can identify a fixed
division into clients and servers. In our case, every testbed instance can communicate
with any other testbed. When considering a specific one-direction communication
channel between two testbeds, then it is convenient to see it as a client-server type
connection. Each testbed contains both server and client mechanisms in order to
be able to receive information from the multiple clients (server side) and to send

information to multiple servers (client side).
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5.2.0.2 Server side

As mentioned, though the overall communication scheme is peer-to-peer, as micro
level we consider each instance of data transfer between two testbeds as client-server
connection. The server waits for the incoming client calls. When the incoming client
call is received and accepted, the server thread will not start the communication with
this client. Instead, it will create a new thread and will pass the client connection to
this thread letting the communication between the server and this new client become
the full-time job for this newly created thread. Then the server will wait for another
potential incoming communication. By doing so, the server can handle multiple

clients. Each DFC has the following properties, as shown in Fig. 5.4:

e Name.

o [P address.

e Port number.

5.2.0.3 Client side

The part of a particular testbed mechanism that is responsible to transmitting the
relevant tracking data to remote testbed or testbeds is called client. Each client
contains two tables - "New connections” and ”Established connections”. ”New con-

nections” table contains the parameters (IP address and the port number) of the



CHAPTER 5. SENSOR MANAGEMENT AND DATA FUSION TESTBED 136

DFC Properties
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Figure 5.4: DFC connection properties.

remote DFC connection to which should be established. After the successful con-
nection with the remote DFC, the responsibility for maintaining the connection is
transferred to the ” Established connections” table, and the corresponding record in

the ”New connections” table is cleaned.

5.2.0.4 Time synchronization

Each testbed has its own local time which is to be synchronized with the rest of
the testbeds participating in the peer-to-peer communication. The example of the

synchronization scheme between two testbed instances is as follows:

e Both testbeds equalize the simulation speed.

e Round-trip-time (RTT) of data communication is measured.



CHAPTER 5. SENSOR MANAGEMENT AND DATA FUSION TESTBED 137

e If the local time difference between two testbeds is within a pre-defined thresh-
old, taking into account the measured RT'T, data transfer is initiated. Otherwise

the following steps are taken:

— The testbed with more advanced local time will pause.

— The testbed where the local time lags behind will run and notify the other

one ahead of time before both local times are equalized.

In case of more than two testbeds, all the testbeds are paused and continue running
after testbeds that lag behind in time equalize their local time with them according

to the scheme above.

5.2.1 Simulator module

The Simulator module provides simulation of defined scenarios of a given DFC, gen-
erating measurements based on simulative sensors, targets, target emitters, and other
elements of the scenario. The module also simulates different physical phenomena of
environments in which the simulation takes place, affecting signal propagation. The

scenario simulation consists of the following components:

o Target Scenario simulation

e Sensor Scenario simulation

o FEnuvironment Scenario simulation
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The simulation process is organized as follows. Initially, upon receiving the simula-
tion scenario, the following actions are performed: sensors and targets are generated,
corresponding routes are transformed into target and sensor trajectories, defined en-
vironment regions are transformed into the internal format. Further, each simulation

step, the following actions are performed:

e For each target a current target location and emissions are calculated.

e Each sensor’s current state is evaluated and the lists of targets, which can be

detected by this sensor, are obtained.

e For each target, which can be detected by this sensor, the signal on the sensor
input (including noise and interference accompanying the signal) is evaluated,
taking into account the current sensor and emitter parameters, and current

environment conditions on the signal path.

e For each signal received by this sensor, the detection occurrence is randomly
generated depending on the signal characteristics, noise level and sensor param-

eters. If the detection occurs, corresponding measurements are generated.

e For each sensor, the false alarms, arising due to clutter, internal sensor noise,

as well as other reasons, are generated.

The simulator has tracking information extrapolation capability which is auto-

matically provided for the cases when the time which it takes to a sensor or a group
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of sensors to provide a new portion of measurements is greater than the maximal
time after which either true tracking information or extrapolated results should be
obtained in order to update the system’s database and output the tracking data to
the screen or other output channels. Trackers which may be used in a system might

already have that capability but in case they have not, the testbed provides it.

5.2.1.1 Target Scenario generation

Target Scenario generation includes calculation of the location and kinematic param-
eters for each target as well as emission and reflection parameters. It consists of a
target list and of a list of Target Scenarios. Each of the targets includes Target Type,
Route (or trajectory) and optionally the list of Emitters, corresponding to the partic-
ular target. Target Scenario generation is also responsible for determining emitters’
instant states according to their operational scenario. 7Target Scenario generation
includes route generation, which produces a route according to its parameters and
calculates the target kinematic parameters (velocity, acceleration, climb rate, etc.)
for the given time instant. It includes generation of the leg list. A route thus consists
of a sequence of items composed in such a way that the end of the previous leg serves

as a start for the current leg. Three different types of routes may be defined:

¢ Fixed-point (FP) route, consisting of FP legs

¢ Fixed-kinematic (FK) route, consisting of FK legs.
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e Stationary route, designating a non-moving object.

FP Leg calculation

FP leg kinematic parameters at a given time instant are calculated based on its
given parameters as well as the kinematic parameters at the end of the previous leg.
(Xa, Yy, Zo) and (X4, Y3, Z;) denote the leg start and end point coordinates
respectively, and V and V; denote the corresponding target speed values at the
start and end of the leg respectively. At the first stage, the trajectory calculation is

decomposed into 3 sequential parts:
e Calculating a curved line, a part of the total horizontal trajectory
e Straight-line segment with constant target acceleration
e Straight-line segment with constant target velocity

At the second stage, the target trajectory in z axis is evaluated, which is divided

into 4 sequential segments:
e Vertical acceleration

Constant climb rate

Vertical deceleration

Zero climb rate
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First stage

The first segment end point coordinates are calculated as

Xu = [(Xe-X)V1-7= (Yo -Yi|]VI-7"+X; (5.1)

Y = [(Xo—Xv— (Yo—Y)VI-¥V1- ¥ +Y (5.2)

where (X¢, Y¢) are the turn center coordinates, v = —%6. R and p are the turn
radius and the distance between the turn center and the current leg end point
respectively. 0 is equal to 1 for the right turn and -1 for the left one. R = %3? where
a, is the target normal acceleration defined for z-y plane. Based on the R value and
the coordinates of the left and right turn centers, a decision is made whether the
turn is the right or left one. The target direction angle at the leg end point is given

by

YN[ - YC m

= arctan ————— — —
14 Xy —Xo 2

5 (5.3)

The time of the target arrival to the first segment’s end point is given by

({1 — @0)d + 2w)mod2r

Gn

sz'rst = VE] (54)



CHAPTER 5. SENSOR MANAGEMENT AND DATA FUSION TESTBED 142

where g is the target direction angle at the leg start point defined for z-y plane. g
is defined as the angle between X axis and the velocity vector projection to z-y
plane.

The length of the second and the third segments (when the target is moving on a

straight line) is given by

Siine = V(Xm— X1)2+ (Y ~ Y1)? (5.5)

The second segment length is calculated as

T2
Ssecond = ‘/E)Tsecond + a__s;&o_n_d (56)

where a = a;sgn(V; — V;) is the target tangential acceleration, and Tyecong = L2

sgn() is the sign function which returns 1 for positive numbers, —1 for negative, and

zero for zero.

The third segment duration is calculated as Tipirg = S“"f‘}?s cend and the total leg
duration is given by Tieg - Tfirst + Tsecond -+ T;bhird
Second stage

Let us denote by H the required altitude change. The vertical acceleration is given



CHAPTER 5. SENSOR MANAGEMENT AND DATA FUSION TESTBED 143

a, = min(kV,, Gumaez)sgn(H) (5.7)

where k is the vertical acceleration coefficient, @, i1 the maximal vertical
acceleration, and V, is the target climb rate. Then the maximal target climb rate is

calculated as

E)‘J‘z—ﬂﬂ)sg'rz(H) (5.8)

Vtzmam = mzn(‘/z 3 9

The segments of the vertical target trajectory are obtained as follows. In the first
segment (vertical acceleration segment), vertical acceleration is equal to a,, thus the

segment duration is equal to

min(Vy, Va,H)

Tzaccel (59>
||
In the second segment (constant climb rate segment) the climb rate is equal to
Vimaz, and the segment duration is given by
H
_ |H] (5.10)

Tzacce - A - T cee
: min(V,,va. H) zaccel

In the third segment (vertical deceleration segment), the vertical acceleration is
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equal to —a, and naturally, the segment duration is equal to the first segment
duration Taecer-
In the fourth segment (zero climb rate segment) the climb rate and the vertical

acceleration are both equal to zero, the segment duration is equal

Tierorate = TZeg - ZTzaccel - Tclimbconst (511)

FK Leg calculation

The kinematic model of the target j in FK leg modeling is given by

XL, = FiX{+ ] (5.12)

F ,z is the state transition matrix, I/i is the process noise of target j and Q% is its
covariance matrix. The target motion can follow different kinematic models, among
those white noise acceleration model, Wiener process acceleration model, and
coordinated turn model. We assume motion in z-y plane and in 2 axis to be
independent. A choice is given between a number of models for both z-y plane and
z axis. There exist a set of the following models for z-y plane movement which have

been implemented:

1. Discrete white noise acceleration model:

2. Discrete Wiener process acceleration model:
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3. Coordinated turn model

Discrete white noise acceleration model and discrete Wiener process acceleration

model were implemented for the motion along the z axis.

5.2.1.2 Sensor Scenario

The Sensor Scenario contains a list of sensors, which have different physical principles
and performance regimes. Based on the Target Scenario, environment conditions and
the Resource Management module commands, the sensors generate simulative mea-
surements, which are the input for the further Tracker processing. The measurement

generation is performed based on the following factors:
e Parameters of the signal, received by a sensor

e The sensor type and parameters, characterizing the sensor operational ability

5.2.1.3 Environment Scenario Simmulation

Environment Scenario simulates physical parameters of the area under surveillance.
Complex of physical phenomena affect initiation and propagation of signals, which
could be detected by sensors of different constructions and types. Environment pa-
rameters are defined for the whole scenario and for particular areas. The Environment
Scenario contains a list of special areas with particular properties. A proper definition

of environment areas and their parameters allows simulating an impact of different
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Figure 5.5: Environmental Regions Definition.
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artificial and nature sources on overall system noise or propagation losses like built
areas, roads, seacoast etc. Fnuvironment Scenario calculates a signal emission, which
is received by a given sensor from a given target body or target equipment taking
into consideration environment properties, which affect the signal propagation. The

following features can be simulated:

o Weather conditions

e Sea conditions

e Zones with specific propagation losses for radar, acoustic and heating emission

e (Clutter zones

Proper definition of environment parameters and areas allows simulating effects of dif-
ferent artificial and nature sources on additional noise or propagation losses. Fig. 5.5
demonstrates defining Fnvironmental Region. Environmental Region is in its turn a
part of the Environmental Scenario which together with Target Scenario and Sensor

Scenario form a Stmulation Scenario.

5.2.2 Tracker Module

The Tracker Module analyzes sensor measurements and presents the results graph-
ically in Real Time Mode, reflecting the dynamics of observed targets. The main

purpose of this module is to create and support the dynamic picture of moving and
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Figure 5.6: IMM/Assignment tracker sim-Figure 5.7: Particle Filter tracker simula-
ulation, one sensor and nine targets tion, 8 IR sensors and two targets

stationary targets based on the measurements, arriving from the different sensors and
external information sources. The tracker module is realized as a dynamic library,
which may be selected from the available tracker realizations and connected to the
testbed “on-the-fly”. Thus a library of trackers is maintained, all of them having
a unified interface with the testbed and ability to be dynamically connected to it.
Currently there are two implemented trackers in the library - the IMM/Assignment
tracker, and the Particle Filter (PF) tracker. Fig. 5.6 shows simulation, involving
IMM/Assignment tracker, where there is one sensor (a radar) and nine targets. The
small window in the middle of the main simulation screen gives an opportunity to in-
dependently view an arbitrary part of the monitored area. Fig. 5.7 shows simulation,

involving the PF tracker, with 8 Infra Red (IR) sensors and two targets. Fig. 5.8



CHAPTER 5. SENSOR MANAGEMENT AND DATA FUSION TESTBED 149

e wiglk

o e oo e s Obece s

- 2 e g — | Speck 1000 SRERN

Figure 5.8: Data fusion screenshot. Pink dots designate measurements. Yellow line
designates true target trajectory. Purple lines designate tracks from two different
sensors. Cyan line designates the fused track.

shows data fusion screenshot. Pink dots designate measurements. Yellow line desig-
nates true target trajectory. Purple lines designate tracks from two different sensors.
Cyan line designates the fused track. 2 — D track-to-track association using auction

algorithm is employed.

5.2.3 Tracking Performance Metrics Module

This module receives the actual data regarding all the target and sensor locations
as well as the results from the Tracker module after a pre-defined number of Monte-
Carlo runs of a given scenario. It analyzes the provided information and evaluates

the quality of the Tracker module performance. The required performance evaluation
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method can be chosen from a list of available ones and its properties can be defined.

The following metrics are currently implemented [43]:

e Track Accuracy: At each time step, a 2D assignment is performed between true
targets and estimated tracks. Root mean sum squared error (RMSE) history in

position and velocity are calculated for the associated targets.

e Completeness History: This is the proportion of the targets that should be

tracked which are declared as tracks at each time in the scenario.

e Timeliness: Time at which a particular object that should be tracked has a

valid declared track.

Ambiguity:

— Redundant track mean ratio: the number of declared tracks that are
assignable to real objects that should be tracked, divided by the number

of declared valid tracks.

— Spurious track mean ration: the number of declared tracks that are unassignable
to real objects that should be tracked, divided by the number of declared

valid tracks.

e Track continuity:

— Mean cumulative swap of tracks: the cumulative number of swaps of tracks
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Figure 5.10: Simulation import/export menu options.

for particular objects and averaged across all objects by time ¢ into the

scenario.

— Mean cumulative broken tracks: the cumulative number of breaks of tracks
for particular objects and averaged across all objects by time ¢ into the

scenario.

Fig. 5.9 shows position RMSE for two particular targets.
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Figure 5.11: Simulation import dialog options: (a) Playback mode (b) Simulation
mode

5.2.4 External data support

The testbed employs an Extensible Markup Language (XML) standard for storing
its internal data and information exchange between different instances of the testbed.
The testbed uses XML for two different tasks. The first one is storing configuration
information, created objects and their relations in a database. The second task, is a
feature of importing and exporting simulation data of specific scenarios with ability
to import them to any particular testbed installations. Two modes are provided for

importing and exporting simulation data:

e Playback mode: in this mode all the data related to a specific simulation that
is stored as an external XML file is imported to allow exact repeat of this

simulation with consequent analysis of its performance.

e Simulation mode: in this mode tracking/measurement information of the recorded

simulation is fused in the current simulation, similar to how the track/measurement
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information arriving from another instance of the testbed is fused.



Chapter 6

Conclusions

In this thesis, we presented a solution for one of the main problems in network-centric
tracking — decentralized information sharing among the platforms participating in
the distributed data fusion. We proposed a Markov Decision Process based algorithm
for controlling the flow of information in a network-centric data fusion architecture.
The proposed decision process based algorithm for controlling the information flow in
a network-centric data fusion architecture utilizes the approach of using information
based objective function as one of the components in the formulated optimization
problem. We demonstrated that the approach led to a substantial reduction in data
flow volumes, which also incurred a certain price in terms of reduction in performance.
In order to minimize communication among the nodes, node lookup is performed

using a decentralized lookup substrate. A proposed decision mechanism provides the

154
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platforms, which are decentralized, heterogenous and potentially unreliable, with the
required data for the distributed data fusion process while reducing redundancy in the
information flow in the overall system. The node lookup is performed in O(log(N))
and the computational complexity of solving the MDP is P-complete, which shows
that the proposed method is computationally attractive for distributed data fusion
applications.

The work applied the suggested approach to three different data fusion methods,
namely, associated measurements fusion, track-to-track fusion and tracklet fusion. As
one of the main barriers in network-centric tracking is the transfer of tracking data
from one platform to another, the analysis included communication load of the three
data fusion methods. This communication load should be taken into consideration
in the design of the tracking system and cannot be ignored. As mentioned, the
task of providing tracking information from one platform to anther node may be
infeasible because of the limitations of the communication channel capacity. The
lowest data rate was achieved when using MDP based associated measurements data
fusion, followed by MDP-based track-to-track or tracklet data fusion simulations.
The highest one was registered during track-to-track or tracklet based data fusion
simulations when all the data were shared, both of which used the same time interval
between data transmissions. In terms of computation time, the best results were

achieved when using tracklet based data fusion method when no data were shared
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among the platforms. The highest computation time resulted in the track-to-track
MDP-based data fusion simulation. The best accuracy was achieved when using
AMR data fusion sharing all the information, closely followed by MDP-based AMR
data fusion results. The worst accuracy was achieved in track-to-track data fusion
simulation when no data were shared among the platforms. The best Ve, ruse
metrics was achieved when using MDP based associated measurements data fusion
and the worst when using track-to-track data fusion when all the data were shared
among the platforms. In summary, associated measurements with MDP-based data
fusion yielded the best results in the majority of the metrics categories and track-
to-track data fusion with all tracks shared gave the worst results in most of them.
That could be explained in part by the need to transmit the elements of covariance
matrix combined with the fact that as the computation of the exact cross-covariance
matrices in a track-to-track fusion system would hugely increase either computation
load, approximation techniques are used used to compute them. Similar reasons
can be stated for the tracklet data fusion as both covariance matrices need to be
transmitted. Also, due to the common process noise between the tracks, not all
correlations between the various versions of the same track, maintained by different
local trackers, can be removed by using the tracklets. Therefore, this algorithm is only
an approximation and it is reliable only for targets with small maneuvering index.

In this thesis, we also provided an efficient solution the problem of collaborative
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sensor management using Markov Decision Processes. We presented an altered ver-
sion of a classical Value Iteration algorithm to calculate the optimal policy for Markov
Decision Processes used to address the problem of collaborative sensor management
and data fusion for multitarget tracking. Dynamic Element Matching algorithms
were successfully used as a core element in the modified algorithm. A number of new
introduced performance metrics, such as Mean Opportunity Index, Maximal Oppor-
tunity Index and Area Coverage Index, verify the effectiveness of a policy, especially
for quantifying the impact of the modified DEM-based Value Iteration algorithm on
an MDP policy. The modified algorithm, applied to control a group of UAVs carrying
out surveillance over a region that included a number of moving targets, demonstrated
an average accuracy improvement expressed in approximately 20 percent reduction
in position RMSE of the targets under surveillance. State Coverage Index (SCI)
was increased by more than 30 percent. The proposed method demonstrated robust
performance while guaranteeing polynomial computational complexity resulting in
better detection of new targets. The authors also present multi-level hierarchy of
MDPs controlling each of the UAVs. Each level in the hierarchy solves a problem at
a different level of abstraction providing UAVs with ability to navigate with a higher
precision in a densely populated regions.

Also, we have presented a multisensor-tultitarget tracking testbed for large-scale

distributed scenarios. This tool gives an opportunity to research into various aspects
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of distributed tracking systems. Possible application areas are tracking algorithms,
performance evaluation methods, target movement models, sensor models, environ-
mental influence on tracking process, noise models pertaining to all the testbed ele-
ments, distributed data fusion architectures, security, actual tracking systems imple-

mentation, and many others.

6.1 Future Work

In this thesis, we use Markov Decision Processes as one of the tools for determining
the optimal policy of actions for sensor management and data fusion control. In some
cases, it may be desirable to recognize certain patterns (e.g. in target or sensor for-
mation or communication routing patterns) during decision process which may have
an impact on the decision process itself. In the future work we plan on incorporat-
ing recent advances in pattern recognition techniques, classification and co-operative
training for sensor management and information flow control.

Also, in part of the cases, some of the targets under surveillance are of higher
priority than the others. Target recognition and/or classification techniques, using
methods such as Observable operator models, Bayesian network, etc, may aid in
finding the optimal decision in that case. We also plan on incorporating adaptive and

decision level fusion in the decision process.
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Using image sensors together with GMTI radars for target surveillance is a possi-
ble direction in future work which can enhance target classification and recognition

capabilities.
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