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Abstract: Traffic state estimation represents one of the important ingredients for
traffic prediction and forecasting. The work presented in this paper deals with the
estimation of traffic state variables (density and speed), using the so called Super-
Twisting Sliding Mode Observer (STSM). Several numerical simulations, using
simulated and real data, show the relevance of the proposed approach. In addition,
a comparative study with the Extended Kalman Filter (EKF) is carried-out. The
comparison indices concern convergence and stability, dynamic performance and
robustness. The design of the two observers is achieved using a nonlinear second
order traffic flow model in the same highway traffic and geometric conditions.

Keywords: Super-twisting sliding mode observer, extended Kalman filter, traffic
flow model.

1. Introduction

Real-Time highway traffic management and development of Intelligent
Transportation Systems (ITS) remain an important area of intensive research in
order to mitigate the daily problem of congestion and ensure safe and less polluting
transportation of goods and people. One of the prerequisites for continuous
prediction is an efficient estimation of the real-time traffic conditions, using only a
limited amount of data.
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Currently, traffic data is usually obtained via a set of sensors, such as inductive
loop detectors which provide occupancy rate and traffic mean speed measurements
from which other macroscopic quantities can be derived when accurate vehicle
length is available. These macroscopic quantities include vehicles density (number
of vehicles per unit length of highway), mean speed (unit length of highway per unit
of time) and flow. The high cost of installation and maintenance of a large number
of sensors and the fact that the sets of data provided by the existing detectors are
often incomplete and noisy, tempted many researchers to develop traffic control
methods and algorithms based on state estimation techniques [1]. The main solution
of such problems requires reconstruction of the missing traffic states. The works
referred to state and/or parameters estimations, using sliding mode technique, are
few. In Kohan [2] proposed a robust first order sliding mode observer to estimate
the traffic state variables (density and mean speed) in a freeway section. It suffered
from chattering phenomena. In [3] the authors used a sliding mode observer to
estimate the state variables of a second order traffic flow model in a freeway
section. The authors have not found more works using a variable structure observer
in highway traffic domains. On the contrary, they are well studied in the industry
sector, for example, in robotics [4-6], in electrical engineering [7, 8] or in chemical
reactors [9]. Notice that the widely used traffic state estimations methods are
stemming from Kalman filtering techniques. In this context, in Knapp [10]
developed a method based on time series of speed and flow data from a set of
sensors in order to generate vehicles counts. These crude estimates are then filtered
using Kalman filter. In [11] it was shown how the Cell Transmission Model (CTM)
can be included in the general Extended Kalman Filtering (EKF) framework, and
the capability of the combined CTM-EKF model to capture (rapid) changes of
important modeling parameters like capacity. In [12] an improved mixture of
Kalman filter algorithm was proposed, which is based on sequential Monte Carlo
method to solve the difficult problem of interference on a switching state-space
model with an unobserved discrete state. In [1] the authors used a Mixture of
Kalman Filtering (MKF) algorithm on the switching-mode traffic model. The
estimator is able to provide the estimated vehicle densities at unmeasured locations,
as well as the congestion states (free-flow or congested), which are not directly
observed. In [13] a real-time estimation of the complete traffic state in freeway
stretches is developed, based on an extended Kalman filter. In [14] the performance
of the extended Kalman filter and the unscented Kalman filter for state estimation
are compared. Generally, the extended Kalman filters are more adapted when the
set of measurements and model uncertainties are assumed to be white noise with
normal distributions. In practice this assumption is valid only for traffic
measurements, and the uncertainties involved in the model equations, such as
disturbances and modeling errors cannot be simply regarded as white noise.
Moreover, several difficulties are still persistent with respect to the tuning, the
numerical analysis and the sensitivity to perturbations. In [2] a short comparison
between the first order sliding mode observer and EKF was achieved. Generally,
the first order sliding mode observer was labeled better with respect to EKF.

142



This paper focuses on the closed-loop full order observer techniques and tries
to give comprehensive comparison of them, including a super-twisting sliding mode
observer and an extended Kalman filter. It aims at giving a thorough evaluation of
STSM observer and EKF from several aspects, including state estimation
(convergence and stability), dynamic performance, parameter and noise sensitivity,
and complexity. The simulation and experimental results, as well as theory analysis
are presented to give a comprehensive comparison of them.

We can summarize the contributions of this paper as follows:

e Application of the most recent and robust algorithm of sliding mode
technique (STSM) which is related to Variable Structure Systems (VSS) theory.

e The simulations are conducted, using real and fictive data. A control system
is used to verify the stability of the two observer algorithms.

o Application of some indices in order to conduct a comparative study
between the proposed algorithm and the extended Kalman Filter.

The paper is organized as follows: Section Il recalls the used macroscopic
model (METANET). Section Il presents the design algorithms for the two
observers. Section IV introduces the traffic control algorithm. Section V provides
numerical simulation for a sample network. Section VI concludes the paper and
outlines some tracks for future developments.

2. Macroscopic traffic flow model

The first macroscopic model was developed in [15] and [16] which are based on the
conservation law:

1) %p(x, t) + :—xq(x, t) =g(x,t),

where p(x,t), q(x,t) and g(x,t) are the traffic density in veh/km per lanes, the
traffic volume in veh/h and the ramp generation term in veh/h per 1 km,
respectively.

Equation (1) is supplied by (x,t) = p(x, t)v(x, t)B, where v(x, t) is the mean
speed and g is the number of lanes. The mean speed v(x, t) and the traffic density
p(x,t) are related by a so called fundamental diagram, v(x,t) = V.(p(x,t)). One
of the most widely used forms of such a function is due to May [17]

@) Ve(pCe, 1) = veexp (-1 (22)"),

a\ pPc
where a is a parameter, v¢is the free-flow speed and p. represents the critical

density. Such fundamental diagram allows identifying of the free flow and
congested zones (Fig. 1).

Since the first order macroscopic model is based on a static relationship
between the main traffic variables, it presents several drawbacks, such as the
inability to describe the dynamics of the traffic behavior. In this context, the second
order models seem to be more adapted. One of these models is the Payne’s model
[18]. In this section we present a second order traffic flow model proposed in
[19, 20]. This model represents a freeway network as a directed graph whose links
are associated with a stretch in the freeway network. Each link in the graph
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corresponds to a stretch that has uniform characteristics. In the model, the m-th link
of a freeway is divided into » segments. For each link m and segment i, the state
variables of the traffic as described above are expressed as the average density, the
mean speed and flow (Fig. 2). The studied freeway segment is then described by the
following ordinary differential equations for each segment :

q
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Fig. 1. Fundamental diagram
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Fig. 2. Freeway example

@) Akt D) = pik) + 3 (dima () + 1) = sk = i) v (),
(4) vi(k + 1) = vy(k) + = (Ve(p)) (k) — v, (k) +
nT (pl+1(k) pi(k)) 8 qo,_, (k)vi(k)
—17 k) (vi_,(k) —v;(k)) — =

O ® @) = i L+ ¢
where rl (k) and s;(k) are the on- ramp and off-ramp flows, respectively; 7, n, k
and & are the model parameters; L; is the length of the segment i; the last term is
used if there is an on-ramp in the segment to account for the speed drop caused by
the merging phenomena; q,,_, is calculated as follows [21]:
(k) + 2oz ® 01 1(k) ]

S

011

5) Go,_, (k) = min ,
Qi (), Qi (222

Pm;~Pc
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where Qmny, is the on-ramp capacity, p,, is the maximum (jam) density of the
segment, 7, (k) € [0; 1] is the on-ramp metering rate. w,,_, (k) is the queue length
at segment i~1. w,, (k) = 0if i > 1, T is the time step,

(6) Wou_y (k +1) = wo,_, (k) + Ty (do,_, (k) = go,_, ().

3. Observer design

3.1. Super-twisting sliding mode observer

The sliding mode technique is related to the Variable Structure Systems (VSS)
theory. It is essentially based on the resolution of differential equations with a
discontinuous right hand side which is introduced in [22]. Historically, the twisting
mode algorithm is the first 2nd order sliding mode algorithm known [23]. It features
are twisting around the origin of the 2nd order sliding plane. The trajectories
perform an infinite number of rotations while converging in finite time to the origin
[24]. In the super-twisting algorithm the trajectories on the 2nd order sliding plane
are also characterized by twisting around the origin, see Fig. 3.

é
4

)Y

Fig. 3. Super-twisting algorithm phase trajectory

3.1.1. Short overview of the observer

The sliding mode technique has been used for the observer's design in many
applications [25-27]. Let us consider a SISO nonlinear system:

x1 - xZ

5(2 = x3
) Xp-1= Xn '
Xn = (X1, e, X0)

y =X

where x =[xy, ..., x,]T € R™ is the state vector, y = x; € R is the output vector.
The super twisting algorithm based on the step-by-step sliding mode observers is
designed as follows:
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) 1
Xy = X+ Alelzsign(e;)
Jsz = 1 sign(e,)

. 1
X, = E1[X3 + A3 lez|2sign(e;)]

X¥; = E;m,sign(ey)
< X3 = E5[%4 + A3 |es|2sign(es)]
JLcn—l = Ep_3 Ty_; sign(e,_3)
) 1
Xn-1 = En_a[Xn + 144 |en—1|251gn(en—1)]
Xpn = Ep_Ty_qsign(en_q)
) N 1
X = En_1[0 + A, |ey|2sign(ey)]
N 6 = n—1 Tn Sign(ey,)

where e; = %; — %; for i = 1, ...,n, with %, = x; and [%, 0]T = [%,, X,, ..., %, 0]T

is the output of the observer. For i = 1,...,n — 1, the scalar functions E; is defined
as:E; =1if |ej| = |X; — x| < &, forall j < i else E;=0; where ¢ is a small positive
constant. The observer gains A; and m; are positive scalars. The convergence of the
state observation error is obtained in n — 1 steps and in finite time. The sliding
mode differentiator of order 2 (super twisting algorithm) is given in its general form
by [28] (Fig. 4).

Fig. 4. Structure of the super twisting algorithm

1
®) &m:{ﬂ%)=%+ﬁﬂﬁm@Mﬁ%,hﬁﬁ>Q
y1 = mysign(e;)
where, 4, and 7, are positive tuning parameters of the differentiator whose output is
v, and y; is the output of the observer. Applying the exact differentiator to system
(7) when n = 2, one obtains:

) X =%+ A1|e1|%51gn(31)'
(10) X, = mysign(ey),
(11) %, = 0+ Ale;Psign(ey),
(12) 6 = m,sign(ey).
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The convergence of the observation error is obtained in one step in finite time.
Another feature of the differentiators, Equation (8), is the fact that the output does
not depend directly on discontinuous functions but on an integrator output.
Therefore, high frequency chattering is attenuated [29]. Both properties are
important, since the switching function can be obtained in a continuous way without
delays [30]. See [26, 27, 30-34] for more details and discussions.

3.1.2. Traffic state estimation

Consider the following freeway segments shown in Fig. 5. Using the relationship
between the three aggregated variables (flow q, density p (For simulation purpose,
the occupancy rate T, which is provided by the loop-detector, is transformed in
term of traffic density thanks to the following expression: To= 100 (L + Ly)p
[35]. Ly and L, are the lengths of the loop detector and the vehicle length
respectively.) and the mean speed

(13) viqi(x, t) = p;(x, v; (x, 1),
st St.2 St.3
L, L;
N LA B Vo .
e q1 1+ q, +— Ps
Ve b1 P>
Measured
r occupancy
Control Estimated
Algorithm <] occupancy

Fig. 5. Freeway segments example

The output vector is y = [y; y,]T = [p, v,]T. The studied freeway section
(Fig. 5) can be described by the following equations:

(14) prlk +1) = p (k) + 2 (e () +7(0) = p1 ()va (),
(15) palk +1) = p(k) + 2 (p1 (w1 (k) = p2 (v, (),
(16) vy (k +1) = vy (k) + = (Ve (o) (k) — v, (k) +

T L T () =) 8 ge(R)m(k)
* Ly & (k)(ve(k) & (k)) Ly pi(k) + K Li(p1(k) + 1)

(17) vy (k + 1) = v, (k) + = (Velp2) (k) — v, (k) +

TS n Ts (ps(k) — P2 (k))
+ (00 - vy (0) - 5

where: p, (k) and v, (k) are assumed to be known; V,(k)p; (k) are given thanks to
May’s fundamental diagram; ps(k) is the density of the last segment, if p, (k) < p.
then ps(k) = p,(k), if not ps(k) = p.; q.(k) and v,(k) are state variables
measured thanks to the loop detector located at St. 3; g.(k) and v, (k) (measured at
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sensor St. 1) are external measured inputs (Fig. 5). Let us assume that the loop
detector located at St. 2 is broken down. The main objective is then to estimate the
state variables p; (k) and v, (k) which are of important use for the control system
from the measured states provided by station St. 3.

Let g(k), p(k) and ©(k), D(k) are the estimated values of p,(k), p,(k), and
v1(k), v, (k) respectively. Then the observer errors are defined as: e, (k) = p(k) —
p(k) and e, (k) = v(k) — ©(k). The proposed observer (called super-twisting) has
the form

(18)  palk+ 1) = () + 2 (7 ()71 () = pa(k)v2 (1)) + 2,, (K),
where p; (k) and z,, (k) are of the form:

(19) p1(k) = m, (k)sign(py (k) — pz(K)),
(20) 2p,(K) = Apaey P2 (k) — 2 (K2 sign(p; (k) — 5, (K)).
For the speed estimation 7, (k), U, (k) the observer reads:
(21) 9, (k + 1) = D, (k) + = (Ve(p2) (k) — 9, (K)) +
Ts - ~ nTs (ps(k) — P2 (k))

+ L_lvz (k)(v1(k) ) (k)) - L, 0, (k) + 1 + 2y, (k),
(22) 71 (k) = m, (k)sign (v (k) — D2(K)),
(23) 2y, (k) = Ay [v2(k) — D2 (K) 2 sign (v, (k) — D, (K)).

3.2, Extended Kalman filter

The Kalman filter is a recursive state estimator capable of use of multi-input, multi-
output systems with noisy measurement data and process noise. It uses the plant’s
input and output measurements together with a state-space model of the system to
give optimal estimation of the system states. The filter is optimal in the sense that
the state estimates are based on a performance criterion that minimizes the mean-
square error, defined as the difference between the actual and estimated states. The
extended Kalman filter is a direct extension of the standard Kalman algorithm to the
nonlinear system case. In particular, the Kalman gain X is computed on the basis of
the linearized system at the estimated state X [36]. In our case, EKF is used to
estimate the state variables (the mean speed and density) of the traffic flow
simulation results.

3.2.1. Short overview on the observer

EKF algorithm is shown in Fig. 6. The state prediction, state covariance prediction,
Kalman gain calculation, state covariance update and state estimation update are
given in the next equations:
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Prediction [ Update

X i X }-HI

1|
State estima-
tion update

Covariancel calculations

Initiali

Fig. 6. EKF algorithm

(24) Xi = (%)

(25) Pt = AP AT + Q,

(26) Kis1 = P{Hi o1 (Riyr + Hepa PEHE )7L,
(27) Py = (1 - Kk+1Hk+1)PI:-'

(28) Bier = 8+ Kiwr (Yias — h(E3,0)),

where H is the observation matrix, 4 is the transition matrix, both are Jacobian
matrices; h is the matrix of estimated values for the measured variables; f is the
matrix of state equations; R is the measurement noise covariance; Q is the process
noise covariance; K is the Kalman gain, and P is the estimation error covariance;

oh | &
(29) Hye =2 IRE,

f . ~
(30) A =551 Ry,

3.2.2. Traffic state estimation

Herein we consider the same freeway segments shown in Fig. 5. It is the same
section used by the Super-Twisting Sliding Mode (STSM) observer which let us
compare these two observers. At first, the initial condition for the state variables
X(0) and for P(0) matrix must be introduced. According to the quantity of the
noise in the measurement and process data, R and Q should be tuned, respectively,
to produce the satisfied result,

(31) X(0) =[p(0) v1(0) py(0) v (O]T,

(32) P(0) = diag[P,,(0) B, (0) P, (0) P, (0)]
R,, 0

(33) R=|0" o ]
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Q, 0 0 0
0 :[ 0 Q, 0 0 ]
0 0 QPz 0
[ 0 0 0 QVZJ

A and H are Jacobian matrices, constructed as follows:
001 Opr dpn )
0p1 vy 0p2 vy

(34)

v, o, o, v,

apy 0w, dp, O,
(35) A= ,

9p2 p> 9p2 9p2

apy  ov,  dp, Ov,

v, v, v, v,

lopy  ovy  9p,  Owy

0 0 a%
(36) H= ,
dh
0 O a0,
where
(37) prlk +1) = pr (k) + 2 (e () +7(0) = p1 ()va (),
(38) palk +1) = p(k) + 2 (p1 (w1 (k) = p2 (v, (),
(39) vy (k +1) = vy (k) + = (Ve (o) (k) — v, (k) +
T ~ T (p2(K) = p1(K) 8 qo(k)vs (k)
* Ly . (k)(ve(k) . (k)) 7Ly p1(k) +x Li(p1 (k) + 1)’
(40) vy (k + 1) = v (k) + = (Ve(p2) (k) — v, (k) +
Ts n Ts (ps(k) — P2 (k))
+sz(k>(v1(k> —v,(k)) = - RPN T

and
(41) X Ze=[p() vk pk) v(l]T,
(42) Xi=lpitk+1) vi(k+1) py(k+1) wy(k+ DI

4. Simulation results

For the comparison studies of the two observer (Super-twisting sliding mode STSM
and extended Kalman filter EKF), the theoretical results are illustrated by some
simulations. We consider the same example of the stretch depicted in Fig. 5, and we
assume that the loop detector at St. 2 is broken down. Thus, in order the control
system not be disrupted, the state variables (p, and v;) have been estimated from
the measured state variables (p, and v,) at St. 3. The origin and ramp traffic flow
used in the simulation are shown in Fig. 7. The model parameters are given in
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Table 1. For the simulation purpose, MATLAB programming language and
Simulink have been used.
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Fig. 7. Origin and ramp traffic flow used in the simulation: Main flow (upper line) and Ramp flow
(low line)

Table 1. Parameters of the model

Parameter Value Parameter | Value
Free-flow speed | 112 km/h n 0.2

Jam density 180 veh/km K 35 veh/km
Critical density | 35.86 veh/km | a 1.40

Ly, Ly 100 m T 28.08s

0 0.17 m/veh

As a control algorithm, ALINEA is used. It is a first feedback control used in
freeway traffic control [37, 38]. It is very well known by the highway traffic
community. Here, ALINEA is only used to check the stability and convergence of
the two observers (STSM and EKF).

4.1. Convergence and stability

In this section there is no parameter uncertainty. It is supposed that the model
reflects 100% the reality and no external noise is present. The STSM observer gains
arem, =02, m, =22x107%, 2, =9x 1073 and 4, = 1072, and Q, R, £ and
P(0) matrices of EKF are set as:
Q = diag[10™* 10~* 10~! 107!],R = 10~%diag[1 1],
£(0)=[8x10"3 104 8x1073 104]T,
P(0) = diag[10™* 10™* 10™* 1074].

In this section, in order to verify the degree of convergence of the two
observers, (the initial conditions of the state variables v and p of the model are
different with respect to the initial conditions of the state variables v and p) of the
observers. For the model p;, = 10 veh/km and v;, = 46.8 km/h. For the two
observers p;, = 8 veh/kmand v;, = 37.44 km/h. Fig. 8 shows a comparison
between the control value using the simulated data and the control value using
STSM and EKEF, respectively.

From this figure we can see that both observers converge rapidly and the
control values are quite stable and can steer the system without difficulty.
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Generally, one can note that the system with EKF is considerably more stable and

converges better with respect to STSM.
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Fig. 8. Comparison of the control value using: STSM observer and simulated values (top), EKF and
simulated values (bottom)

From these results, the convergence and stability of the two types of observers
in terms of density and mean speed are reasonably similar under the ideal
conditions of no model and parameter uncertainty, and no measurement noise

(Figs 9 and 10).
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Fig. 9. Section 1: Simulated and estimated
density, using STSM (top); simulated and
estimated density, using EKF (bottom)
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4.2. Performance

To investigate the efficiency of the proposed STSM observer and compare it to
EKF, it proves to be more informative to perform a number of experimental
scenarios and verify the observers performance in real-life conditions rather than
present simulation results. For this purpose we considered data collected on the
M42 motorway in the United Kingdom. The identified values for the parameters of
the system, given in Table 1, are used in the implementation of the observers. The
STSM observer gains are m, = 0.7, m, = 1073, 4, = 0.1, 4, = 1.7 x 1072, For
EKF, R and Q matrices were tuned to minimize the estimated error. It is initialized
at x and P(0) for all experiments;
Q =1073diag[103 1 1 1], R = 10~*diag[0.1 10],

£(0)=[25 96 25 96]T, P(0) =diag[10~* 10~* 10~* 107%].

Figs 11-14 show the estimation of the density and mean speed using the STSM
observer and the EKF, as well as the measured data from the detector stations 7 and
8, for the period between 6 a.m.-22 p.m. in October and November of 2008. Both
estimators describe the traffic density and mean speed with satisfactory accuracy.
EKF makes better estimations of the density and mean speed than STSM in both
stations.
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Fig. 11. Measured and estimated density using ~ Fig. 12. Measured and estimated mean speed
STSM. Section 1 (top), section 2 (bottom) using STSM. Section 1 (top), section 2
(bottom)
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Fig. 13. Measured and estimated density using Fig. 14. Measured and estimated mean speed
EKF. Section 1 (top), section 2 (bottom) using EKF. Section 1 (top), section 2 (bottom)

The accuracy of EKF’s performance depends significantly on the accuracy of
© and R matrices, as these matrices determine the Kalman gain Ky and the final
value of the estimation error covariance matrix. It must be noted that the time step
of the real data is 6 minutes which is relatively large. The accuracy of STSM can be
improved by decreasing the step time. Thus, if the time step is reduced, a better
result of STSM can be achieved. To quantify the difference in the performance, we
computed RMSD [39] for the estimated errors in density and the mean speed at
stations 7 and 8, which is a good measure of accuracy, defined as

(43) RMSD = \/@
n )

where: RMSD is the square root of the mean of the squares of the deviations; xj, is
the estimated value of the variable x for time k; x is the measured value; n is the
number of samples. Table 2 summarizes these results. While both estimators show
similar results, EKF provides smaller values for RSMD,, and RSMD,, than for
STSM.

Table 2. RMSD of density and mean speed for the two estimator

Estimator STSM EKF
121 5.46 2.84
Vo 474 2.5
D1 4 4.2
P2 3.7 2
pinveh/km, vin km/h
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4.3. Parameter sensitivity

Our model is time-varying. The values of its parameters cannot be fixed exactly.
Therefore, there is uncertainty with respect to the parameters and the accuracy of
the model. Here, to investigate the robustness, the sensitivity of the two estimators
with respect to the parameter variations is found. Consider the cost function

(44) U(®) = U,(9) + :—p U,(®),

where @ =[a T n v p. k 6], Uyand U,are the standard deviations of
the mean velocity error and density error, respectively, and o, and o, are the
standard deviations of the measured mean speed and density. Conceptually, the
simplest method to sensitivity analysis is to repeatedly vary one parameter at a time
while holding the others fixed. A sensitivity ranking can be obtained quickly by
increasing each parameter by a given percentage, while leaving all the others
constant and quantifying the change in the model output. This type of analysis has
been referred to as a “local” sensitivity analysis, since it addresses only sensitivity
relative to the point estimates chosen and not for the entire parameter distribution
[40]. The parameters of the model are changed about the nominal parameter set U,
defined in Table 1, one at a time within the range 0.8 ¢; < @; < 1.2 ¢; while all
other parameters are kept at their nominal (identified) values. Herein we consider
the normalized deviation in the cost function U from its nominal value, which is the
most direct and linear way to quantify the changes [2]:

U@)-U(®))

9 =
(45) % change 1

x 100.

In Fig. 15, the percentage of changes for each parameter are plotted, calculated by
that equation. Note that EKF is more sensitive to changes in v¢ 1, & and
Kk compared to STSM. In contrast, STSM is more sensitive to changes in n, p. and a
compared to EKF.

T -20% -10% 0 10% 20%

“o55% ~30% 0 30% 55% =

—40% -20% 0 20% 40%

T 20% -10% 0 10% 20%

Fig. 15. Parameter sensitivity, STSM “—”, EKF “- - -”
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5. Conclusion

This paper presents a comprehensive comparison of two kinds of observers: STSM
and EKF. The simulations are established with simulated and real data. The real
data are collected on M42 motorway in the United Kingdom. For the simulation, a
second order traffic flow model METANET has been used. The STSM, which
behaves like a full order observer, and the structure of EKF have been presented.
The following conclusions can be stated:

STSM can perform as well as EKF. The robustness of the STSM to external
noise can be guaranteed. In contrast, the EKF should be tuned with respect to the
external noise. It means that EKF is not robust with respect to the external noise, for
accurate values of the input and measurement noise covariance matrices Q and R
are required.

The performance of EKF in the sense of convergence and stability is better
than STSM when the covariance matrices (Q and R) are well tuned. STSM suffers
from the chattering behavior. However, STSM can steer satisfactorily the system.

STSM is the best choice compared to the EKF, since the estimation results are
comparable to EKF, especially, where a small time step is taken. It is much simpler
to implement, the dynamic performance can be altered and no knowledge of the
noise statistics is required.
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