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ABSTRACT

The Asymmetric Cell Transmission model can be used to sim-
ulate traffic flows in freeway sections. The model is specified
by fundamental diagram parameters- determined from manli
data, and on-ramp and off-ramp flows. The mainline flow/dgnsi
data are efficiently archived and readily available, but thenp
flow data are generally found missing. This paper presents an
imputation technique based on iterative learning contmbe-
termine these flows. The imputation technique is appliedeseq
tially on all the segments of the freeway, and the ramp flows,
which minimize the error between the model calculated densi
ties/flows and measurements are investigated. The sjahilid
convergence of the density and flow errors using the imprtati
updates is also presented. Finally an example is shownus-ill
trate its use in a practical scenario.

1 INTRODUCTION

Traffic flow simulations using models provide cheap and timab
tools to study the operation of a freeway. These models can be
used to study benefits of different improvement stratedies |
ramp metering and demand management. First order models,
especially the Cell transmission models (CTM) [1] are used f
quently to simulate traffic flows and design control straegi
The asymmetric cell transmission model [2] is a modified ver-
sion of the CTM, particularly suited to simulating trafficvite

in freeways. CTMSIM [3] is an interative tool in Matlab which
simulates the freeway operation using the ACTM.
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Traffic flow simulations using the ACTM requires the freeway
model to be specified with parameters and inputs. The essen-
tial parameters include the fundamental diagram for the-fre
way sections while the inputs are typically on-ramp flows and
off-ramp flows/split ratios. The model is specified / calilech

to re-create the basic operation of the freeway observedign a
particular day. The veracity of the model/simulation taghe

is usually established by good conformation of differentisi
lated quantities (E.g. Flows and speeds) with the measwatd d
California freeways are equipped with loop detector basgd-v

cle detector stations, which record flow, velocity and oangy
data at their location. PeMS [4] is an online archival toaltth
stores these data. The fundamental diagram can be spedfied u
ing the flow and density measurements from the mainline vds
(positioned along the freeway). The onramp flows and offramp
flows are specified by the flow data obtained from the ramp de-
tector data, if available. Ramp flow data is typically founidsa

ing over some segments and sometimes even over entirakritic
sections of the freeway. Thus, in order to specify a simoati
model, imputation (estimation) of these ramp flows gain impo
tance.

Traditionally, short term prediction/imputation of misgi data

in loop detectors has been investigated using various iggbs
like time series analysis [5] and Kalman filters [6]. Recgntl
Chen et.al [7] have used a linear regression based impuofatin
cedures to successfully predict missing data in freewaylinai
loop detector stations over long periods. This method canno
be applied to impute missing data in on-ramp or off-ramp ve-
hicle detector stations, since we cannot guarantee a high-co

lation of data between neighboring ramp loop detectorasiati



Hence, model based imputation procedures are required-to de
termine missing ramp flow data. In [8, 9], ramp flow imputation
algorithms have been proposed using the Link Node Cell Frans
mission model. [10] proposes an imputation algorithm usimegy
ACTM. Though these algorithms have been successfully egpli
for ramp flow imputation, no proof of stability/convergenise
currently available for these algorithms.

This paper introduces a new iterative learning based adapti
identification of the ramp flows using the ACTM. A rigorous-sta
bility/convergence proof of the proposed algorithm is preed
using a Lyapunov functional approach. The proof is construc
tive in that it points to a number of significant additions and
modifications that must be introduced to the algorithm prtes

in [10] in order to satisfy the conditions imposed by the #tab
ity/convergence analysis, which in turn enhance the perémce

of the algorithm. Section 2 contains a short review of the ACT
used for freeway corridor simulation. Section 3 preseradriin
putation algorithm used for determining ramp flows. Sec#on
analyzes the stability and convergence of the imputatioagr
dure. Finally, Section 5 demonstrates the imputation algor
on data from a small section of the I-210W freeway in the Los
Angeles area.

2 ASYMMETRIC CELL TRANSMISSION MODEL

This section presents a short summary of the ACTM [2]. The
freeway is specified as a sequence of segments, each with a on-
ramp near the beginning of the section and an off-ramp near th
end of the section. Figure 1 shows the freeway divided kto
sections or cells, where vehicles move from left to rightuBad-

ary conditions can be specified in different ways. Vehiclas c
be specified to enter the freeway through an on-ramp while the
downstream end is assumed to be in free-flow (BC-1). Another
variation of BC-1 assumes the downstream to be in free-flow,
while the upstream flow is directly fed into the freeway ttghu

a queue. Density of the cells upstream of the first section and
downstream of the last section can also be specified as tmelbou
ary conditions for simulation (BC-2). While BC-2 is appr@ie

to simulate the base scenario, BC-1 is preferred for sinmulat
especially under ramp control, since the control stratemally
modifies the densities at the boundaries. It must be noted tha
BC-1 places restrictions on the freeway sections chosesirfor
ulation, since the beginning and end of the freeway secfion s
ulated should always be in free-flow. Table 1 lists the model
variables and parameters. Each section of the freeway is cha
acterized by a fundamental diagram (Figure 2) which spacifie
its traffic flow characteristics. The section length are absd in

the fundamental diagram parameters for convenience.

The ACTM is a time and space discretization of the Lighthill-
Whitham-Richards (LWR) equation. Thus the ACTM can also
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Figure 1. FREEWAY WITH N SECTIONS.
Symbol Name Units
F maximum flow (capacity) of section veh/period
Vi free flow speed of section section/period
Wi congestion wave speed of section section/period
n’ critical density of sectiom veh/section
niJ jam density of section veh/section
fi(k) flow from sectioni to i+ 1 at periodk veh/period
s(k),ri(k)  off-ramp, on-ramp flow in sectionat period veh/period

k
ni (k) number of vehicles in sectiarat periodk veh/section
Q(k) number of vehicles in the input queue to sec- veh

tion 1 at periock
fin(K) input flow at upstream queue at peribd veh/period

Table 1. MODEL VARIABLES AND PARAMETERS.
R
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Figure 2.  FUNDAMENTAL DIAGRAM OF SECTION i

be represented as a continuous time spatially discretizzten

as presented here. Also, the general model can be specitied wi
off-ramp flows or off-ramp split ratios. We will consider thier-

sion with off-ramp flows, as these flows can also be converted
easily to split ratios. Also, we will consider the variatiohBC-1
where the upstream flow is directly fed into the freeway tigtou

a queue.



The following equations describe the model.

fi(k) = fia(k) — fi(k) +ri(k) —s(k), 1<i<N
fi(k) = min(vini (K) — s (K), Wi 427y — nisa(K),F)  1<i<N
fn(K) = min(wnnn (k) — su(k), Fn)

fo(k) = min(wa[nf —na (k)],Q(K) + fin(K))

Q(k+1) = Q(K) + fin(k) — fo(k) 1)

When density boundary conditionsyg(andny 1) are specified,
the model is specified as

ni (k) = fi—a(k) — fi(k) +
fi (k) = min(vini(k) —

1<i<N
ni+1(K)], F)

ri(k) —si(k)

s (K), Wi [n 4 —

1<i<N

(2)

wherewy 1 and nf\,H are the congestion wave speed and jam
density of the cell directly following the boundary. The flow
fi(k) is said to be in free-flow if

vini (k) — si(k) < minwi a7, 3 —niza(K)], F] (3)

and otherwise it is in congestion. With respect to each cecti
the in flow (from upstream) can be either in free-flow or in con-
gestion and the out flow (to downstream section) can also-be ei
ther in congestion/freeflow. In each of the four cases, tinsitie

whereK; (1,k) andKs(t,k) represent periodic, time dependent
kernel functions with period’, which is also the period of the
process considered. Some typical kernel functions inchre
impulse or a gaussian window centered at tkmé&lernel func-

tion width is chosen with respect to the degree of smoothness
expected from the imputed profile. A short kernel window (eg.
an impulse function) will lead to noisy estimations as corapa

to a kernel with a large window.
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IMPUTATION PARAMETERS AND CELL DEFINITIONS
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Figure 3.

The structure of the ACTM allows us to decouple the estinmatio
of ramp flows. The imputation is carried out section by sectio
sequentially, starting from the most upstream section *.eEeo
timation of sectiori ramp flows, we consider the immediate up-
stream section— 1 and the immediate downstream secfiesl.

The upstream (downstream) section is specified with the sub-
scriptup (dn). Figure 3 shows the parameters and measurement
data used for imputation of ramp flows in sectioffhe upstream
boundary conditions includes the upstream density, fureaaah
diagram parameters as well as the off-ramp fyy. The impu-
tation proceeds sequentially from upstream to downstrean a

and the flow equations can be combined to a single update equa-eithers , or its estimate is available. Since all the parameters
tion. Thus the model can also be represented using a four modeand variables carry the subscripfor clarity, we drop it in the

model.

3 IMPUTATION ALGORITHM

The imputation algorithm presented in this section is based
the ACTM. Typically, mainline flow and density profiles are

available from PeMS. Ramp flows are imputed such that the den-

sity and flow profiles with the estimated ramp data match the ac

following equations.

Traffic datanyp(k), n(k), nan(K), sup(k) and fgn(k) and ramp
flows r(k) and s(k) are assumed to be periodic with period
T = 24hours These assumptions are not restrictive, as the free-
way is observed to be in free flow, with low densities at midhhig
Thus, unknown on-ramp and/or off-ramp flows are estimated in
directly by estimating their respective influence coeffitsec;
and c; using a repetitive adaptive learning algorithm [11, 12],
which runs continuously cycling through the 24 hour traffdtad

tual measurements from the freeway. The procedure has been

extended from the adaptive iterative identification teghmpide-
scribed in [11,12]. It is assumed that the density and ranwp flo
profile is 24 hour periodic, and the on-ramp and off-ramp flows
are represented as a convolution of a kernel on a constant per
odic ramp parameter (influence) vector.

(4)

/KerCr /KSTkCS

For each section, the imputation procedure assumes ipgial
timates for the ramp parameter functiofysafidcs. These es-
timates are then adapted so that the model calculated densi-
ties match with the density profile recorded in the vehicle de
tector station. LeP represent Plant (i.e the actual system de-
scribed using the ACTM) whilé/ represent the Model, calcu-
lated using the estimates. The model variables and the astm
are represented with ai,f etc.) and the errors with a™(e.g.
fi(k) = n(k) — A(k), wheren(k) is the section’s measured number
of vehicles andh(k) is the number of vehicles generated by the
model at instank). The actual variables are represented without



any accent. Table 2 presents the various modes considettes in
imputation where

Wgn(K) = min (m,w) (5)

is introduced in order to absorb the capacity flow into thegem
tion mode.The modes considered here only refer to the flow con
ditions downstream (i.e out of the section consideredR i-eF
andP —C correspond to free-flow and congested flow conditions
downstream respectively.

Symbol  Condition

P-F fan(K) < Wan(K) [N, — Nan(K)]
P-C fan(k) = Wan(k)[ng, — Nan(k)]
M—F  VA(K) —§(K) < Wan(K) [}, — nan(K)]
M—C  Vi(k) —$(K) > Wan(K) [N}, — Nan(K)]

Table 2. PLANT AND MODEL MODES.

The mode dependent adaptation laws for the parameterstat eac
step are given by

(a) P-F ,M-F (plant and model are both in free-flow downstream)

ér (Ta k)
&(t.K)

= G1K, (1, K)A(K)
—GoKs(T,K) fan(K)

(6)

(b) P-C , M-C (plant and model are both in congestion down-
stream)

& (T,k) = G1K; (1, K)Ai(k)

&(1,K) = —GiKs(T, K)i(K) ()

(c) P-C , M-F (plant is in congestion and model is in free flow
downstream)

Casdi) fi(k) >0

& (1,K) = G1K; (T, K)fi(K)

(LK) = —~GaK(T K)K) — Gok(r, 1 o]
Casdii) fi(k) <0

& (T,k) = G1K; (1, K)Ai(k)

Cs(T,K) = —G2Ks(T,K) fan(K) (8)

(d) P-F , M-C (plant is in free flow and model is in congestion
downstream)

Caséi) filk) <0
& (1,K) = G1K, (T, K)fi(K)
&s(1,K) = —G1Ks(T, K)A(K) — GoKs(T, K) fn(K)

Casdii) filk) >0
& (1,K) = G1K, (T, K)fi(K)
&s(T,k) = —GoKs(T, k) fgn(K) (9)

whereG's are user defined positive gains.The model density up-
date at each steps is given by

A(k) = n(k) —A(k)

Ak) = fu — fg+F(k) — 8(k) — afi(k) (10)
fu = min(nyp(k)Vup — Sup(K), Fup, w(n’ — (K)))

fa = min(A(k)v — &(k), Wan(k) (ngn — Nan(K)))

P(k) = /O Ke (1,K)6 (1, K)dT

(k) = /OT Ko(T,K)Es(T, K)dT

fan(k) = fan(k) — (n(k)v—§(k)) (11)

The parametea in (10) is chosen so as to make the error equa-
tions asymptotically stable. In the update equations,amgr
flows are always updated to decrease the density error, aroa he
the update are proportional to the current density erroe dff
ramp flows are either adapted using the the density errangter
with gain G1) and/or downstream flow error (terms with gain
Gy), depending on the mode. This ensures that the downstream
flow error also decreases during the imputation.

While the parameter and model density update equations are
given in continuous time, the model is implemented in digcre
time with a small time step and small gains, so that the impu-
tation procedure as well as the model are stable. Typiché#y t
time stepAt is chosen such thaty,At < 1, wheréVmax > Vi

for i = 1..N andyvy; is the free flow speed at sectian The
adaptation is carried out for the entire density profile ipldt
times, so as to reduce the 24-hour errozﬂn( k) — (k)| and

k| fan(k) — fan(K)|. This procedure is repeated until both the
errors becomes insignificant (eg< 0.5% of Syn(k) and

< 05% of Skfan(k)) or stops decreasing (eg. change of
errors of < 0.5% of Jyn(k) and< 0.5% of 3y fyn(k)
across iterations)



4 STABILITY AND CONVERGENCE

In this section, we will study the stability and convergeatthe
density errors under the adaptation laws given in Sectiorh@.
error equations are given by

Ai(k) = fu(k) — fa(k) +F(k) — §Kk) — afi(k)
(k) = /0 T Ko (1K) (1K) dT

§(k) = /O T K. K& T KT

(12)

!

We will also show that the downstream flow converges in all the
modes.

The condition stated below will be used in the following leenm
and theorems.

Condition 4.1. For the system described in Figure 3, the fol-
lowing conditions apply:

(1) sup(k) = Sup(k) when the plant upstream is in free-flow.

(2) w(n? — n(k)) < min(Fup, Nup(K)Vup — &ip(K))) when the plant
upstream is in congestion.

Condition 4.1 guarantees that the upstream off ramp estmat
errorSip(K) = sup(k) — &up(K) is either zero or it does not affect
the upstream (input) flows in the current section. For the-fre
way described in Figure 1, this condition is easily achiefard
the first cell (i=1) and as it will later be shown by induction i
Theorem 4.2, it will apply to all cells.

Lemma 4.1. For the system described by Figure 3, given,n
Sip Ndn, fan, N and the fundamental diagram parameters for all

the cells, under Condition 4.%,(k) = fu(k) — fu(k) is given by
fu(k) = —Qwri(k) where0 < <1

Proof. Depending on the upstream flow condition in the model
and plant, the system falls into four modes.

Case (a) : Plant upstream (F), Model upstream (F)

fu(k) = min(Fup, Nup(K)Vup — sup(k)))
fu(k) = min(Fup, Nup(K)Vup — sup(k)))
(13)

Case (b) : Plant upstream (F), Model upstream (C)

fu(k) = min(Fup, Nup(k)vup — sup(k)))
fu(k) = w(n’ —A(k))

fuk) = —Qwitk)  0<Z<1
since
w(n’ —n(k)) > min(Fyp, nup(K)Vup — sup(k))) > w(n’ — (k)
(14)
Case (c) : Plant upstream (C), Model upstream (C)
fu(k) = w(n’ = n(k))
fu(k) = w(n’ —A(k))
fu(k) = —wii(k) (15)
Case (d) : Plant upstream (C), Model upstream (F)
fu(k) = w(n’ = n(k))
fu(k) = min(Fup, Nup(K)Vup — &up(K)))
fuk) = —qwiitk)  0<Z<1
since
w(n’ —n(k)) < min(Fyp, Nup(K)Vup — &up(K))) < w(n’ — (k)
(16)

Hencefy(k) = —Zwfi(k) where 0< Z < 1, i.e it is a stabilizing
term for the error equations.

Theorem 4.1. For the system described in Figure 3, givep,n
&p: Ndn, fan, N, and the fundamental diagram parameters, the
parameter updates laws in Section 3 stabilize the error &qua

(8) when Condition 4.1 applies. Moreovetks= §(k) when
the plant downstream is in free-flow amgin(n], — Ngn(k)) <
min(Fup, Nup(K)vup — &ip(K))) otherwise.

Proof. Consider the Lyapunov functiondd (k) (and its time
derivative) given by

102, 1 T 2 1 /T 2
V(k) = 5f(k) +2—Gl/0 & (1,k) dr+2—Gl/0 &s(1,k)2dt

V (K) = A(K)(K) + /O T & (1B 2 (1, Kyt

T 1
+/O Cs(T,k) Gy “Cs(T,k)dt a7

We need to show that(k) is negative semi-definite, for the error
equations to be stable.



From lemma 4.1, we see th&f(k) = —{wfi(k) for some 0< { < In this casen(k)v — §(k) < Wan(n},,— Nan(k)) < n(k)v —s(k),

1, irrespective of the mode of the plant/model with respect t

upstream flow. Hence, the error equations can be simplified in . = e — 3 . .

four cases corresponding to the downstream flow. The foligwi fi(k) = —(Cw+ a)fi(k) — Wan(gn — nd”T(k)) +k)v — &(k)

equations show that(k) < 0 in all the four cases. +/ Ke (1,K)& (1, K)dT — / Ko(T,K)&s(T, K)dT
Jo

—(Qw+ a+ V)A(K) — Wgn(nd, — Nan(k)) + n(k)v — s(k)

(O PoF NP + / K (1, K)& (1, K)dt
JO
. T (@) fi(k)>0
fi(K) = —Qwii(Kk) — Vii(K) + /O K (T, K)& (1, K)dt
& (1,k) = —G1K, (T, k)A(K) & (1,k) = —G1K (1, k)fi(k)
&(T,K) = GoKs(T,K) fan(k) = —G2Ks(T,K)3(K) E4(T,K) = GiKe(T, K)A(K) + GoK (K )fdn(k) +2 | fan(k)|
X T
VW)Z-%a+V+<W>00‘+ﬁkL/ Ke (T k)G (T, k)T V(K) = —(a+Zw)fi(k)? <><d<én Nan(K)) — A(k)v
T k 5(k) — i 5(k
N(k)'/o Kr (T,K)& (T, k)dt—g—ié(k) <0 (18) +Séz)) inzk§l| n(az;( ¥~ AP0 + Ak
5, >f
(i) P-F, M-C
In this casen(k)v — s(k) < Wgn (N3, — Nan(k)) < A(K)v — §(K), (b) fi(k) <0
N . o G (1, k) = —GiKr (1, K)fi(K)
n(k) = _(ZW"’ a)n(k) - n(k)v+s(k) +de(ndn_ ndn(k)) CS(T ) _ GZKS(T k) fdn(k) >0
+ (k) —§(K) B Alsa, 0 > fi(k)v > §(k)
= —(Qw+a+V)A(k) — Ak)V+ 8(K) 4+ Wan(n3, — Nan(K)) V(K) = —(a-+ 2w+ V)A(K)2 — A (Fan(P — ngn )) (kv
1 +5(K) + AT — ASK) — AKF(K) + K fan(k) < 0
N (20)
(a) fi(k)<0

(iv) P-C, M-C

] T T
ﬁ(k):—ZWﬁ(k)—i—/o Kr(T,k)Cr(T,k)dT—/o Ks(T,K)Es(T,k)dT

i d
Nan(K))) 4 A(K)F(K) — A(k)S(k) — A(K)F(K) G (T,k) = —G1K; (T,K)fi(K)
&s(T,k) = G1Ks(T,K)fi(k)

G V(K) = —(a+qw)fi(k) + fi(k) /0 ! Kr (T,K)& (T, K)dT—
(b) fi(k) =0 A(k) /0 ' Ks(T, K)Es(T, K)dT — fi(K) /0 ! K (T,K)& (T, K)dT
& (1,K) = —G1K (T, K)(K) +fi(K) / ! Ks(T,K)&s(T,K)dT < 0 (21)
&(1,K) = GoKs(T, ) Fan(K) i

. . Gy . Therefore the Lyapunov functiovi(k) is bounded and decreas-
— Nan(k))) + A(k)F (k) — Ak)7(k) — G—ls(k) <0 (19) ing, and therebyn(k),& (t,k),& (T, (k)) are bounded.V (k) can
be expressed as a function ofk],& (1,k), €(t,k) and other
bounded terms in all the four cases listed above and thereéor
(i) P-C, M-F be shown to be bounded. Hence by Barbalats’ Iem}‘r@h) —0



ask — oo, AnalyzingV(k), we see thah = 0 at equilibrium.

Also, when Plant is in free-flowg(K) = 0 and when Plant is in
congestiom(k)v — §(k) > Wan(N3), — Nan(K)). This also implies
thatfqy = 0.

The results derived for the above system with density bound-
ary conditions also apply with other boundary conditionfie T
following theorem states the applicability of the sequanitn-
putation procedure described in Theorem 4.1 to a multisect
freeway.

Theorem 4.2. Forthe freeway described by Figure 1, given the
upstream & downstream boundary conditions, density,floa-me
surements and fundamental diagram parameters of all the sec
tions, we can impute the ramp flows sequentially from upstrea
to downstream section-wise using the update laws desciibed
Section 3. In all the sectionﬁxd =0andfj =0.

Proof. For the first section, since upstream boundary conditions
are given, the imputation ensuré_,sd = 0 andn; = 0, ands] sat-
isfies the Condition 4.1. We can see that for any sedtigiven
measurement data and upstream off-ramp flow estimateysatisf
ing Condition 4.1, the imputation algorithm ensuré,g =0,

fi, = 0 after imputation. Moreover, the imputed off-ramp flow,
which forms the upstream boundary condition for sectienl
satisfy Condition 4.1 by Theorem 4.1. This proves the th@ore
by induction.

5 EXAMPLES

The imputation algorithm is demonstrated with two examplies

the first example, artificial data is used to generate depsiy
files in a 1 section freeway with density boundary conditjons
with known on-ramp and off-ramp flows. Then these ramp flows
(assumed unknown) are imputed using the imputation alyarit
Figure 4 shows the result of the imputation. Both the flow and
the density have converged during the imputation. Howewer,
some time segments the on-ramp and the off-ramp values have
not converged to their true values. These segments comdspo
to the P-C M-C mode, and in this case, the ramp flows are not
individually observable. In fact, there are infinitely margm-
binations of on-ramp and off-ramp flows in the P-C M-C mode
corresponding to the observed density.

In the second example, a 9.8 mile highway section from 1-210W
was chosen. This freeway section was divided into 10 sextion
with 10 on-ramps and 7 off-ramps, out of which 6 on-ramps and
3 off-ramps were imputed. The imputed data was used to simu-
late the traffic flow in the entire freeway. The density, flovdan
velocity contours of the simulation are shown in Figure 5eTh
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Figure 4. Results of the Imputation with artificial data.

X-axis of the contours represent Postmiles, which measigre d
tance along the freeway, and the Y-axis represents the fithe o
day. The density and flow error of the simulation is 12.13 % and
13.29 % respectively. It was observed that in many sectitwes,
imputation stopped converging and the solutions showetfsig
cant errors in Flow and density. This implies that theretexi®
plausible ramp flows that correspond to the data availatieghw
indicate faulty mainline data/ramp data. This indicatesgbten-

tial use of the imputation algorithm in fault detection ininlae
data.

6 CONCLUSION

This paper describes an imputation algorithm based on the
ACTM, to estimate ramp flow data in freeways. The un-
known ramp flows are represented as a convolution of a known
time varying kernel function with a constant influence/paeter
function. Thus the imputation procedure was reduced te esti
mation of these constant influence functions. Parametesitepd
equations, based on iterative learning control technigqwese
presented. These parameter update stabilize the density er
equations and the density and flow error converge to 0. The
first example presented in Section 5 showed that the flow and
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Figure 5. Simulation results for [-210W.

density errors converge to zero. The second example #iiestr
the application of the algorithm in a small stretch of thelB®/
freeway. In this case, the flow and density errors converged t
non-zero values which were significant. Since the imputatio
algorithm, with correct measurements should lead to zem de
sity and flow errors, the non-zero errors after convergehow's
incorrect flow/density measurements. Thus the imputation p
cedure can be extended for detecting faults.

The algorithm presented in this paper results in zero deasi
flow errors (ideally) after imputation. In comparison, tHga
rithms presented in [10], [9] need not always result in zevarfl
errors. Also, the algorithm presented here can be used iy eas
identify faults in data as compared to the imputation aktoni
based on the Link Node CTM [9] since the imputation algorithm
is decoupled section-wise, enabling easy identificatotetion

of faulty segments.
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