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ABSTRACT: Connected vehicles operating in V2X-enabled intelligent transportation systems often perform repetitive
trajectory tracking in repeated tasks. In practical applications, traffic conditions, communication quality, and sensing
accuracy may vary from trial to trial. These variations induce time-varying dynamics across repeated runs and reduce
the effectiveness of iterative learning control (ILC) schemes when fixed or inaccurately identified models are used. To
address this issue, this paper proposes a parameter-estimation-based ILC framework for connected vehicles. Parameter
estimation is integrated with a norm-optimal ILC design through an expectation-maximization strategy. The time-
varying model parameters and the learning input are updated iteratively. By exploiting the estimated parameter
information at each trial, the proposed method improves tracking performance under random noise and trial-varying
operating conditions. Convergence properties are analyzed for both noise-free and noisy cases. Comparative results
demonstrate improved tracking accuracy and convergence performance over several benchmark methods.
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1 Introduction

Iterative learning control (ILC) is a learning-based control method for systems that perform repetitive
tasks over a finite operation interval. Instead of relying only on feedback within a single run, ILC uses the
input and tracking-error information obtained from previous trials to update the control signal for the next
trial. Through this trial-to-trial correction mechanism, the output trajectory can be gradually improved. With
the development of connected vehicles and vehicle-to-everything (V2X)-enabled intelligent transportation
systems, repeated trajectory-tracking operations are increasingly involved in infrastructure-assisted driving,
connected automated navigation, and cooperative transportation applications [I-3]. These application
scenarios provide a suitable background for applying ILC to connected vehicle trajectory tracking.

Connected vehicle systems often operate under conditions that change with traffic flow, surrounding
vehicle behavior, communication quality, and sensing accuracy. These factors may modify the effective
system dynamics from one repeated run to another. Therefore, compared with time-invariant systems,
connected vehicle trajectory tracking requires additional attention to model variation and parameter
uncertainty. When the parameters related to vehicle motion and tracking behavior are not accurately
known in advance, parameter estimation becomes an important tool for preserving control accuracy in
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dynamic transportation environments. Existing studies on parameter adaptation, collaborative perception,
infrastructure-assisted vehicle operation, and lightweight traffic-scene detection have also indicated that
the performance of networked transportation systems is closely related to real-time state acquisition and
environment information [4-7].

Control and optimization of connected and automated vehicles have been widely studied under different
traffic scenarios. For mixed traffic and infrastructure-constrained environments, trajectory planning and
energy-efficient operation have received considerable attention. The work in [8] studied trajectory planning
for connected and autonomous vehicles at freeway work zones under mixed traffic conditions. Eco-driving
of connected autonomous vehicles in urban traffic networks with manually driven vehicle interactions was
investigated in [9]. Platoon trajectory generation and distributed optimization for connected and automated
vehicles were further considered in [10,11]. Recent studies have also considered resource allocation, vehicular
edge computing, federated learning, and Aol-energy optimization in IoV and C-V2X-enabled networks
[12-14]. These studies show that traffic, communication, computation, and sensing factors can strongly affect
connected vehicle operation. However, most of the above works focus on planning, coordination, resource
allocation, or energy optimization, while the trial-to-trial learning problem under varying system parameters
is not their main concern.

ILC has also been extended to various time-varying and non-repetitive control problems. Related
results include path-following control with trial-varying motion profiles, path-following performance opti-
mization, event-triggered model-free adaptive learning, fuzzy adaptive consensus learning, and monotone
convergence improvement with time-varying learning gains [15-17]. In addition, maximum-likelihood
and auxiliary-model-based estimation methods have been developed for noisy, multivariate, nonlin-
ear, and missing-data systems, which provides useful methodological support for parameter refinement
under uncertain observations [18,19]. Machine-learning-based ILC, extreme-learning-machine-assisted ILC,
parameter-estimation-based ILC, and indirect reference update frameworks have also been developed to
reduce model mismatch and enhance tracking performance in non-repetitive time-varying systems [20-22].
Nevertheless, these methods are not specifically designed for connected vehicles affected simultaneously by
traffic variation, communication fluctuation, and sensing uncertainty.

Motivated by the above observations, this work investigates repetitive trajectory tracking of connected
vehicles under trial-varying traffic and communication conditions. The key difficulty lies in the mismatch
between the actual time-varying system and the model used in the ILC update. If such mismatch exceeds
the robustness range of a conventional fixed-model ILC scheme, tracking performance may deteriorate in
networked transportation tasks. To address this problem, an expectation maximization (EM) estimation
strategy is introduced into the learning process. The estimated time-varying parameters are used to update
the lifted system representation, and the learning input is then computed based on the updated model
information. Comparative studies are conducted to verity the effectiveness of the proposed method.

The main contributions of this work are summarized as follows:

(1) A parameter-estimation-based ILC framework is developed for repetitive trajectory tracking of
connected vehicles under trial-varying traffic and communication conditions. Different from fixed-
model ILC schemes, the proposed method updates the control input according to estimated
time-varying parameters.

(2) AnEM strategy is integrated into a norm-optimal ILC framework to realize iterative model refinement
and learning-input adjustment. This design improves the adaptability of the controller to model
mismatch and operating-condition variations.
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(3) Convergence properties are established for both noise-free and noisy cases. Comparative results verify
that the proposed method improves tracking accuracy and convergence performance in connected
vehicle trajectory-tracking tasks.

Notation: R" denotes the n-dimensional real vector space, and R™*" denotes the set of m x n real
matrices. The inner product is denoted by (-, -), and the induced norm is denoted by | - | in a Hilbert space.

2 Problem Statement

This section establishes the modeling basis of the considered trajectory-tracking problem. The discrete-
time time-varying dynamics are first introduced, followed by the parameter-estimation setting and the
corresponding ILC tracking objective.

2.1 Time-Varying System Dynamics

The connected-vehicle tracking process is described by the following discrete-time linear time-varying
model with stochastic perturbations:

{xk(t+1)=§0txk(t)+0tuk(t)+w 6))

i (t) = dexp(t) +v, te[0,N]

where k denotes the trial index and ¢ denotes the sampling instant within one trial. The vector x;(t) € R"
is the vehicle state vector, which describes the tracking-related motion states of the connected vehicle. The
vector uy(t) € R’ is the control input applied to the vehicle motion system, and y(t) € R™ is the measured
output used for trajectory-tracking evaluation. The matrix ¢, e R"*" is the time-varying state-transition
matrix, 6, € R™¢ is the time-varying input matrix, and ¢, € R"™*" is the time-varying output matrix. The
process disturbance w € R" and the measurement noise v € R™ describe the state perturbation and sensing
uncertainty, respectively. They are modeled as w ~ N(0, W;) and v ~ N(0, V;), where W; e R"*" and V; €
R™™ are the corresponding covariance matrices. The initial state prior is given by x(0) ~ N(x(0), P(0)),
with x(0) and P(0) known.

For the repeated tracking task, the initial state is reset to x;(0) = x¢ at the beginning of each trial, as
commonly required in ILC formulations. According to the lifted representation in [23], the input-output
relation of the above system can be written as

Vi :Gkuk+dk+sk. (2)

In the lifted representation, G; denotes the lifted input-output operator that maps the stacked input
sequence uy to the stacked output sequence yj over the finite trial horizon. The term dj denotes the lifted
bias term generated by the initial state and the time-varying state-transition dynamics. The term &; denotes
the lifted noise or disturbance term, which collects the effects of process disturbance and measurement noise
over one trial.

Because the model parameters vary with the sampling instant and may also change from trial to trial,
the lifted operators Gy and dj are not fixed. Following the construction in [24,25], they are given by

$160 0 .. 0
$29100 $201 e 0
Gk - : : : R (3)
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where ¢n0On_; # 0 is required for controllability. The main lifted variables in the above representation have
the following dimensions: Gy € RMNXN g, e R™N and g € R™V.

The stacked input and output vectors over one trial are defined as
ug = [ur(0), ug (1), -, up (N =1)]" e RPN, (6)
yk:[yk(1)>yk(2)a,)/k(N)]TE]RMN (7)

The weighted norms used in the subsequent ILC design are introduced as
[l =< o >p=u" Ru [[y1[ =< 3,y >q= y" Qy» (8)

where R € RN*N and Q € R™V*"N are symmetric positive definite weighting matrices.

2.2 Time-Varying Parameter Estimation for Connected Vehicle Tracking

In the considered connected-vehicle tracking problem, the relevant model parameters may change with
traffic conditions, communication quality, and sensing accuracy. Parameter estimation is therefore intro-
duced to update the model information by using data collected during repeated trials. These trial-varying
effects may otherwise lead to model mismatch and reduce the effectiveness of learning control.

The estimation errors between the true and estimated parameter matrices are denoted by
loe=@ell == (|00 =6l =6, ([ =il = 1. )

Assumption 1: In repetitive trajectory-tracking tasks of connected vehicles under trial-varying traffic and
communication conditions, the system dynamics change smoothly along the trials. The errors x, ¢ and 1 are
non-negative and sufficiently small so that lim x = 0, klim ¢=0and lim 1 =0.

In connected vehicle trajectory-tracking tasks, discrepancies commonly exist between the true param-
eter values and their estimates due to traffic variation, communication fluctuation, perception uncertainty,
and vehicle operating condition changes. The engineering rationale of Assumption 1 is that the considered
repetitive tracking task is performed on the same or similar route segment within a limited operating
range. Therefore, the vehicle motion characteristics, communication quality, and sensing conditions usually
vary gradually from one trial to the next rather than changing abruptly. The small-error condition reflects
the availability of repeated input-output data for parameter refinement, while the convergence of x, ¢,
and ¢ represents the ideal case in which the estimation mechanism progressively reduces the model
mismatch during iterative learning. This assumption does not require identical traffic and communication
conditions in all trials, but requires their variations to be sufficiently smooth and estimable for the proposed
learning framework.
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2.3 ILC Task Description for Connected Vehicle Trajectory Tracking

For the repetitive connected-vehicle tracking task, the role of ILC is to improve the control input over
repeated executions by using the tracking information obtained in previous trials. A general trial-to-trial
update can be expressed as

ugs1 = F(ug, er), (10)

where the next input is adjusted according to the historical input and the current tracking error.

Based on the system model in (1), the control input for the next trial is determined by solving the
following norm-optimal learning problem:

Ukq1 = argmin{”)/d = Gt —djs — 5k+1||%2 + ||u - uk”%{}a (11)

u

which produces the input sequence {uj}xs>o together with the corresponding tracking-error sequence
{ex } k0. The reference output is represented by y,, and the tracking error in the k" trial is given by

ek = Ya— Vk» (12)
ya = Gaug +dg, (13)

where G, and d; are given by
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29100 $,20,
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The desired learning result is that the input sequence approaches the ideal input u,; and the tracking
error converges to zero, namely

lim uy = uy, klim er=¢e" =0. (16)

k—o0

3 Parameter Estimation Solution

This section constructs the parameter-estimation component used in the proposed learning framework.
The purpose is to obtain updated model information for connected vehicle trajectory tracking when traffic
conditions, communication quality, and sensing measurements vary across trials. To support the subsequent
estimation procedure, several probabilistic assumptions are introduced and then used to formulate the
unified parameter update.

Although the proposed framework considers random noise, practical connected vehicle environments
may involve stronger uncertainty sources, including communication interruptions, degraded sensing quality,
and incomplete state observations. These factors may weaken the normality and Markov-type assumptions
used in the estimator. In such situations, extended state observers or adaptive covariance-update mechanisms
may be needed to improve estimation reliability.



6 Comput Mater Contin. 2026;89(1):62

Assumption 2: Conditional observation independence assumption: once the current hidden state is specified,
the observation at the current sampling instant is independent of other hidden states and past or future
observations, i.e.,

Pe(B)xk(1: N), ye(1: £ =1), yi(8+1:N)) = p(y () xi(2)).

Assumption 3: First-order homogeneous Markov assumption: the current hidden state is determined by the
immediately preceding hidden state rather than by the complete state-observation history, i.e.,

plor(B)xx (12t =1), yr(1:t =1)) = p(ax (£)[xx (£ = 1)).

In repetitive trajectory-tracking tasks of connected vehicles, Assumption 2 is reasonable because the
measured output at a given sampling instant is mainly determined by the current vehicle state and the
local sensing or V2X measurement noise. Once the hidden state x;(t) is given, previous and future
measurements influence the current observation only indirectly through state estimation. Therefore, the
conditional independence structure provides a practical approximation for the observation process in the
proposed estimation framework.

Assumption 3 follows from the discrete-time vehicle-motion model used in trajectory tracking. Under
a sufficiently small sampling period, the current hidden state is mainly determined by the previous state, the
applied control input, and the time-varying model parameters. Traffic variation, communication fluctuation,
packet loss, and sensing uncertainty are incorporated into the time-varying parameters, disturbance term,
or measurement noise rather than being modeled as long-memory processes. This Markov-type description
is commonly used for finite-horizon vehicle control and enables recursive parameter estimation through
Kalman-filter-based likelihood evaluation.

If severe traffic interactions, long communication outages, or unmodeled history-dependent distur-
bances dominate the system behavior, Assumptions 2 and 3 may only hold approximately. In such cases, the
parameter estimates may fail to converge to their true values, and the ILC input may not fully compensate
for the trial-varying dynamics. This limitation motivates the future use of extended observers or adaptive
covariance-updating strategies for more complex connected-vehicle environments.

To describe the estimation process in a unified form, the time-varying parameter set is defined as

0, = {Sl’t,et,‘bt}) (17)

where ¢;, 0, and ¢, denote the state, input, and output time-varying matrices, respectively. The correspond-
ing estimate at the rth EM iteration is denoted by @Er) = {¢§’), 95’), Afr)}. Given the input-output data

collected from the kth trial, the posterior distribution of the unified parameter set can be factorized as

P(Oyk(1: N),up(0: N=1)) o< p(yx(1: N)|ug(0: N-1),0,)p(0,), (18)

where p(®,) is the prior distribution of the parameter set. The likelihood term can be evaluated recursively
by the Kalman filter as

PR N)Jug(0: N =1),0,) = T p(yie (Dlye(L: i - 1), (0: -1, ©,). (19)

i=1

This unified representation enables the state-transition, input, and output matrices to be updated in the
same iterative estimation process instead of being treated separately.
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Based on the above probabilistic description, the parameter update is obtained through a maximum-
likelihood estimation procedure.

Theorem 1: The expectation maximization (EM) algorithm in [5] is applied to obtain the unified parameter-
estimation sequence @Er) and find the optimal estimate 7. The update at the (r +1)th EM iteration is given
by

N
o - argmax ), B o1y, e o1y, 0 108 POR(E) (D (i =1), ©0)]. (20)
t i=1

Here, the expectation is taken with respect to the posterior distribution of the hidden state under the current
parameter estimate @Er). The updated parameter set @EHI) contains the estimates of ¢, 0, and ¢, which are
then used to construct the lifted operators required by the ILC update.

Proof: The proof is provided in Appendix A. O

Under certain conditions on the likelihood-related functions L(®¢, @ﬁr) )and H(®y, C:*)ET) ), the conver-
gence value ©* of the unified parameter-estimation sequence obtained by Algorithm 1 is a stable point.

Algorithm 1: Unified time-varying parameter estimation for connected vehicle tracking

Input: Input-output data {uy (i), yx (i) }¥,, initial state value x(0), noise covariance matrices W; and V,
initial covariance P(0), initial parameter estimate @EO), convergence tolerance gy, and maximum EM
iteration number 7p,y.
Output: Estimated parameter set ©F = {¢*, §*, $*} and the corresponding lifted operators Gy, dy, and &.
1: Initialize r = 0 and é)§°) = {¢§°), éﬁo), gﬁfo)}.
2: repeat
3:  E-step: use the Kalman filter recursion to compute the posterior distribution of the hidden state
based on {u (i), yx (i)}, and @gr).
4:  M-step: update the unified parameter set @YH) by maximizing the expected complete-data
log-likelihood in (20).
Setr=r+1
until H@Er) - @ﬁ"l) | < Opm OF 7 = Fmayx
Set ©F = é)ﬁ’) and construct Gy, dy, and ¢ using ¢*, 8%, and ¢
return @?, Gy, dy, and ¢.

The ILC framework proposed in Section 4 provides the input and observation data required by Algo-
rithm 1, while Algorithm 1 supplies the unified estimates of ¢, 8, and ¢, for constructing the lifted operators
Gk, di, and €. In this way, the parameter estimation mechanism and the ILC framework are integrated to
support connected vehicle trajectory tracking under trial-varying traffic and communication conditions.

4 ILC Design Framework

This section develops the learning-control design based on the time-varying parameter estimates
obtained in Section 3. The control update is first derived from a norm-optimal learning criterion, and the
implementation procedure and convergence conditions are then presented.
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4.1 Implementation of the Proposed Framework

The following cost function is introduced to determine the control input for the next trial:

Tisr = llexsllgy + lurer — el (21)

where ey, is obtained from the tracking-error definition in (12).

Theorem 2: For the time-varying system in (1), minimizing the performance index in (21) leads to the learning
update

uge1 = Lyuig + LeE(q.¢)» (22)

where Ly, L., and E(g  are defined by

Ly = (R+G;,QGia) (R + G, QGy),

L.=(R+ GkT+1QGk+1)_1GkT+1Q’

E(q,) = ex — Adj — Agy,

Ady = diyy — dis Agg = g4y — . (23)

with Ady = dyy1 — di and Aey = e,y — €k representing the variations of the lifted bias term and the lifted
noise/disturbance term between two consecutive trials, respectively. Since dy, dy1, €k, exs1 € R™Y, it follows
that Ady, Aeg € R™ and E4 .y € R™Y.

Proof: The optimality condition of (11) is obtained by differentiating the quadratic performance index with
respect to uy; under the weighted norm definition in (8). This gives

R(ugs1 — tr) = Gy Q(ya = Grartigsr — disr — €k41)- (24)

Using the tracking-error relation in (12) and the lifted system representation, the reference signal can
be written as y; = Gruy + di + €k + e. Substituting this relation into (11) gives the following equality:

(R + GkT+1QGk+1)uk+1
= (R+ G{1QG)uk + G, QE(4.). (25)

Because Q and R are symmetric positive definite matrices, R + GkTHQGkH is invertible. Solving
the above equation yields the update law in (22) with L, = (R + GkT+1QGk+1)‘1GkT+1Q, and the proof is
completed. O

4.2 Algorithm Description

Algorithm 2 summarizes the proposed iterative learning procedure. It combines the parameter-
estimation result generated by Algorithm 1 with the learning update in (22) to compute the control input for
each new trial.

At each iteration, the estimated time-varying parameters are used to construct the lifted terms d; and
&x. The input uj; is then computed from (22) and applied to the system model in (1). After the system output
Yk+1 s obtained, the tracking error ey, is calculated and stored for the next learning update. This process is
repeated until the maximum trial number ky,,y is reached.
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In Algorithm 2, T denotes the sampling time, N denotes the number of sampling instants in each trial,
and kp,,x denotes the maximum number of repeated trials. The initial lifted operators dy and ¢ are the initial

values of d; and ¢, constructed from the lifted representation in Eqgs. (4) and (5) at the initial trial.

Algorithm 2: ILC for connected vehicle trajectory tracking

Input: Desired reference trajectory y,, initial input u,, sampling time T, number of sampling instants N,
maximum trial number kp,,x, weighting matrices Q and R, and initial lifted operators dj and &.
Output: Learned input sequence {uy } and tracking-error sequence {ey }.
Set k = 0 and apply u, to system (1).
Record the output y, and compute the initial tracking error eg = y; — yo.
for k =0,1, -+, kpax — 1 do
Estimate the time-varying parameter set @ using Algorithm 1.
Construct the lifted operators Gy, di, and &, according to the estimated parameters.
Compute 1, according to the ILC update law (22).
Apply up to system (1), record yi.;, and compute exiy = ¥g — V1.
end for
return {u; } and {e; }.

O e Ny

4.3 Convergence Analysis

The convergence property of Algorithm 2 is analyzed under two situations. The first situation considers
the noise-free system, while the second one includes stochastic disturbance. This separation is adopted
because the convergence mechanism of ILC differs when the repeated process is affected by noise.

a. Analysis for Noise-free Systems

The following lemma is used before deriving the noise-free convergence result.

Lemma 1: For any matrix A € R™*" satisfying

y(A) <1, (26)

where y(A) denotes the spectral radius of A, the matrix A is convergent. In addition, there exists at least one
matrix norm ||Al|s such that

lim |AJ% = 0. (27)

Proof: The proof is available in [26]. O

Theorem 3: If
IIL, — LeGkl| <y <1, (28)
and

(1= y)llex

, (29)
L=y +[|GrallllLll

IGauall +[|ea, k1l <

hold simultaneously, where e; .1 = dg — dy.1, then the tracking error converges.
Proof: The proof is given in Appendix B. O

b. Analysis for Noise-accompanied Systems
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For the noise-accompanied case, the update law in (22) is examined under additional convexity
and smoothness conditions. These conditions are used to establish a sufficient convergence result for the
tracking error.

The error-related function f(ex) is treated as a convex function, and the associated optimization
problem is assumed to satisfy the following boundedness and smoothness properties.

Assumption 4: Function f (e ) has a lower bound and the strongly convex coefficient is A, and E is the Lipschitz
constant.

The engineering rationale of Assumption 4 comes from the finite-horizon norm-optimal ILC formu-
lation. The tracking objective and input-variation penalty are constructed with positive definite weighting
matrices Q and R, so the corresponding optimization problem is lower bounded. In practical connected-
vehicle trajectory tracking, the reference trajectory, input signal, and measured output are all confined
to finite operating ranges. Under bounded time-varying parameter estimates, the gradient of the induced
error-related function is Lipschitz continuous, and the local strong convexity condition can be satisfied
around the admissible operating region. Therefore, Assumption 4 provides a tractable condition for
establishing contraction-type convergence in the noisy case. If abrupt model switching or severe non-
Gaussian disturbance occurs, this assumption may be weakened, and only local or practical convergence can
be expected.

The following theorem presents a sufficient condition for convergence in the presence of noise.

In the following theorem, p is evaluated under the induced Q-weighted matrix norm
lAlq = [Q72AQ7Y?|,. (30)

Let S,y = QY szHR‘leTHQI/ 2, Then Si,, is positive semidefinite because Q and R are symmetric
positive definite. If Sy, is positive definite on the considered tracking subspace, then
1

p =+ R G o = s Gl
min +

Therefore, 0 < p < 1 holds when Si,; is positive definite. Moreover, p < 2/(A + E) can be verified by
checking A in (Sk11) > max{0, (A + E)/2 — 1}. Hence, the required interval of p is imposed through a verifi-
able eigenvalue condition under the selected matrix norm, rather than being inferred only from invertibility.

Theorem 4: If the coefficients p and c satisfy

pe(O,min (1, 2 H)), (32)
A+E

and

ce(0,1), (33)

where p = | (I + GxuR'GL,,Q) Mg and c =1- 25’)3\, then the tracking error ey converges.

Proof: The proof is provided in Appendix C. O

5 Experimental Validation

This section validates the proposed method through a V2X-enabled connected vehicle trajectory-
tracking framework. The experimental architecture and task configuration are first described, followed by
parameter-estimation and tracking-performance comparisons.
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5.1 V2X-Enabled Experimental Architecture and Tracking Task

The validation architecture is shown in Fig. 1. The framework contains four main parts: the traffic
scenario, the V2X communication layer, the estimation and control layer, and the vehicle motion execution
layer. The roadside unit, ego vehicle, and communication network are combined with the parameter-
estimation and iterative-learning-control modules to reproduce connected-vehicle tracking tasks in repeated
trials. Traffic variation, communication delay, packet loss, and measurement noise are included in the
framework to emulate practical networked operating conditions. The estimated time-varying parameters are
transmitted to the learning controller, and the measured motion output is fed back to the estimation and
control modules through the sensing unit. In this way, a communication-in-the-loop closed-loop validation
structure is formed.

V2X
Communication
Layer ——__

E(d,e)=e,—Ad, —Ag,

N

Traffic Repeated Trials )|
Scenario

i - ~< L
Traffic Scenario g N Estimation & Control
-7 g J ) N
Roadside Unit s o i N7 \ AN
7 § clay \
/ N
B ) 5 // R aff__"is_______;q_; __________ | Estimation
- LI” Y i V2X Communication Layer | EM Update
— // : __»Delayed & Impaired—-/ 4o = a,gmaxﬁ >
=% . / | AL L7 4 izl ()
5 / Ego Vehicle I (4,.0,,9,) log p(y, (D%, ()| 4,)
! Learning Input Tterative Learning Control p(x0) 30).4")
| Update
I
| L, =(R+G[,06,,)" (R +G[,0G,) 4
! L =(R+G[.0G,.) L0 Motion
: Emulator
e T »
|
|
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I
|
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|

Trajectory Emulation :
|
|

Figure 1: V2X-enabled experimental architecture for connected vehicle trajectory tracking.

For hardware emulation, the motion execution layer is implemented on an experimental platform that
includes a gantry-type Cartesian motion mechanism, an industrial camera with a telecentric lens, a laser
galvanometer, a two-dimensional rotary stage, and a precision sliding stage. The platform serves as a planar
motion emulator for reproducing connected-vehicle trajectory-tracking behavior over repeated trials.

The feedback gains along the x-axis and y-axis are selected as 100 and —30, respectively. The discrete-
time model uses the sampling time T = 0.01 s. The open-loop transfer function is written as

_ 0.055z

G .
* z-1

(34)

The duration of one repeated trial is chosen as T' = 2. The desired reference trajectory y, is specified by

var = [-1L1], ya2 = [L1], yas = [2,0],
)’d4 = [la _1]: )’ds = [_1’ _1]a yd6 = [_2’ 0] (35)
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All algorithms were implemented in MATLAB under the same computational environment. The same
sampling time, reference trajectory, initial input, weighting matrices, noise setting, and trial number were
used for all compared methods to ensure a fair comparison. The maximum trial number was set to k., = 80.
Unless otherwise specified, the weighting matrices in the comparison study were selected as Q = 1,000,0001
andR =I.

5.2 Parameter Estimation under Trial-Varying Traffic and Communication Conditions

Figs. 2—4 present the estimation results of the proposed mechanism under varying traffic, communi-
cation, and sensing conditions. The prior estimates show clear deviations from the ideal profiles, indicating
the influence of network-induced perturbations and operating-condition changes on the connected vehicle
model. After iterative estimation, the state, input, and output time-varying matrices move closer to their
corresponding ideal values. The local enlarged regions further show that the final estimates provide
improved local agreement, which indicates that the estimation module can capture the time-varying model
characteristics and provide useful model information for the following ILC update.

||—Ideal value
||---Prior estimate

_77.4«0...Fma} estlmat? | | | 166 168 17 _

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Figure 2: Estimation results of the state time-varying matrix ¢, under trial-varying traffic and communication
conditions.

0.5F =

& 8 ,
2H—Ideal value . A
& N g',«
51 ---Prior estimate o AR |
Y ne Fma‘l estlmat‘e ‘ | .07 075 08 0385 | VY | i
0 0.2 04 0.6 0.8 1 12 1.4 1.6 1.8 2

Figure 3: Estimation results of the input time-varying matrix 0, under trial-varying traffic and communication
conditions.
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'|—Ideal value

'|---Prior estimate

337+~ Final estimate
I

| 1.08 ll 1.12 1.14 ].\6
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Figure 4: Estimation results of the output time-varying matrix ¢, under trial-varying traffic and communication
conditions.

5.3 Tracking Performance under Trial-Varying Traffic and Communication Conditions

The tracking performance of the proposed method is tested over 80 repeated trials in the V2X-enabled
connected vehicle trajectory-tracking framework. Fig. 5 reports the mean absolute tracking error for different
weighting choices. In this comparison, R remains fixed, while Q is changed to examine how the weighting
selection affects convergence and disturbance sensitivity under traffic variation, communication fluctuation,
and sensing uncertainty. A larger Q usually leads to faster error reduction because the learning update gives
more weight to tracking accuracy. However, an overly aggressive tracking weight may also increase sensitivity
to network-induced mismatch and measurement perturbations. Therefore, the choice of Q should consider
both convergence speed and robustness.

10° T T T T T T T
Q=10,0001
—Q=50,000I
1 04 —Q=100,000I |
—Q=500,0001
—Q=1000,0001
1 02 i

Tracking Mean Absolute Error (mm)

1 1 1 1

1 1

0 10 20 30 40 50 60 70 80
ILC Trial Number, k

Figure 5: Mean absolute tracking-error curves for different weighting selections in the V2X-enabled connected vehicle
trajectory-tracking task.

With Q =1,000,0001 and R = I, the proposed method is further compared with several representative
baseline algorithms. In Fig. 6, ELM, ML, and BP denote the extreme learning machine, machine-learning-
based, and backpropagation-neural-network-based estimation mechanisms, respectively, while RL denotes
the reinforcement-learning-based adaptive control method. To make the comparison reproducible, the main
parameter settings of the comparison algorithms are summarized in Table 1. All methods use the same
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desired trajectory, sampling time, trial number, initial condition, and noise profile. For the ILC-based com-
parison methods, the same norm-optimal ILC update structure is adopted, while the parameter-estimation
module is replaced by the corresponding estimation mechanism.

10 T T T T T T T

PID control

Adaptive control based on RL

ILC based on ELM estimation mechanism
ILC based on ML estimation mechanism
ILC based on BP estimation mechanism
Proposed algorithm

Tracking Mean Absolute Error (mm)

0 10 20 30 40 50 60 70 80
ILC Trial Number, k

Figure 6: Comparison of tracking mean absolute errors under trial-varying traffic and communication conditions.

Table 1: Parameter settings of the comparison algorithms.

Algorithm Main Parameter Settings

The feedback gains in the x-axis and y-axis directions were chosen as 100 and
PID control -30, respectively. This method used the same desired trajectory and initial
condition, but did not include a trial-to-trial learning update.

The learning rate, discount factor, and exploration probability were set as

Adapti trol
aphive contro agrr = 0.01, yrr = 0.95, and gy, = 0.05, respectively. The reward function was

based on RL
defined according to the tracking error and the input variation.
The ELM estimator adopted a single hidden layer with 50 hidden neurons, a
ILC based on ELM . . L p . 5 Y . . _6
. sigmoid activation function, and the regularization coefficient 107°. The
estimation . . .
estimated parameters were then inserted into the same ILC update law.
Parameter regression was performed using the same input-output data. The
ILC based on ML . & . P %4 P . p. .
. regularization coefficient was chosen as 107%, and the resulting time-varying
estimation . . .
parameter estimates were used to build the lifted operators for the ILC update.
The BP neural network used one hidden layer with 20 neurons. The learning rate
ILC based on BP , -
. . was 0.01, the maximum number of training epochs was 500, and the
estimation

mean-square-error stopping tolerance was 107.

(Continued)
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Table 1 (continued)

Algorithm Main Parameter Settings
The proposed method adopted the unified EM-based estimator with the
Proposed convergence tolerance 8gy = 107¢ and the maximum EM iteration number
algorithm Tmax = 50. The estimated parameter set ®; was used to construct Gy, di, and &
for the ILC update.

In addition to the tracking mean absolute error comparison, three quantitative indices are used to
further evaluate the compared algorithms. The single-trial computation time reflects the CPU time required
to complete one online control or learning update within a single trial. The convergence iteration number
reflects the number of learning trials required to reach a stable low-error region. The average computation
time evaluates the total online computational burden required to reach convergence. For methods that do not
show visible convergence within 80 repeated trials, the average computation time required for convergence
is marked by “-”. The quantitative comparison results are summarized in Table 2.

Table 2: Numerical comparison of benchmark methods under trial-varying traffic and communication conditions.

Algorithm Single-Trial Comp. Time (s) Conv. Iter. Avg. Computation Time (s)
PID control 0.002 >80 -
Adaptive control based on RL 0.015 >80 -
ILC based on ELM estimation 0.008 65 0.520
ILC based on ML estimation 0.006 60 0.360
ILC based on BP estimation 0.010 17 0.170
Proposed algorithm 0.007 35 0.245

In Table 2, >80 indicates that the corresponding method does not show visible convergence within 80
repeated trials, and “~” indicates that the average computation time required for convergence is not reported
because visible convergence is not achieved within the trial range. PID control has the lowest single-trial
computation time, but it does not show visible convergence within 80 trials. The RL-based adaptive control
method also fails to show visible convergence within 80 trials and requires a larger single-trial computation
time than PID control. The ELM- and ML-estimation-based ILC methods converge after 65 and 60 trials,
respectively, but require relatively larger average computation times. The BP-estimation-based ILC method
reaches convergence after 17 trials and requires an average computation time of 0.170 s. The proposed
algorithm converges after 35 trials with an average computation time of 0.245 s, indicating a moderate
online computational burden while maintaining stable learning performance under trial-varying traffic and
communication conditions.

Figs. 7 and 8 show the trajectory evolution under nominal and perturbed operating conditions, respec-
tively. Fig. 7 gives the result without network-induced disturbance. The output trajectory approaches the
desired trajectory y, as the number of trials increases. Fig. 8 gives the result with disturbance, which reflects
the combined influence of communication fluctuation and sensing noise in the V2X-enabled connected
vehicle scenario. The initial trial has a visible deviation from the desired trajectory. After repeated learning
updates, the trajectory moves toward y,;, showing that the proposed method can maintain acceptable
tracking performance under perturbed networked conditions.
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Figure 7: Tracking trajectories under nominal communication and sensing conditions.
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Figure 8: Tracking trajectories under perturbed communication and sensing conditions.

6 Conclusion and Future Work

This study has developed a parameter-estimation-based iterative learning control scheme for repet-
itive trajectory tracking of connected vehicles under trial-varying traffic and communication conditions.
The expectation-maximization estimation mechanism has been embedded into the ILC framework to
update the time-varying model information and the learning input during repeated trials. The proposed
design has addressed the influence of traffic variation, communication fluctuation, and sensing uncertainty
on tracking performance. Simulation results within the V2X-enabled validation framework have shown
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that the proposed method improves tracking precision and convergence behavior compared with the
benchmark algorithms.

Future research will focus on several extensions. Input constraints will be included to enhance practical
applicability. The robustness of the method under stronger model uncertainty, communication degradation,
and sensing disturbances will be further analyzed. In addition, performance optimization will be studied for
more complex V2X-enabled connected-vehicle trajectory-tracking scenarios.
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Appendix A Proof of Theorem 1

For consistency with the unified parameter-estimation framework in Section 3, the proof is rewritten by
using the unified parameter set ®; = {¢;, 0;, ¢, }. Let @ET) and @5“1) denote two consecutive EM estimates.
For notational compactness, define

Dr={yc(1:N),ux(0: N-1)}, Vi =pe(1:i=1), U =up(0:i—1). (A1)

The observed-data log-likelihood is written as

N
00;) = Y logp(yi(i) | Vi, U; ,©). (A2)

i=1

The posterior distribution of the hidden state under the current estimate is denoted by
4l (x(0)) = p(xi(i) | Dy 67). (43)

For continuous hidden states, the summation over x (i) can be replaced by the corresponding integral.

Then, the expected complete-data log-likelihood is defined as

N
1(0,6) = O (xe (i)
v ZIZ()q ¢ (Ad)

x log p(yk (i), xk (i) | uk(i - 1), ®;).
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The corresponding posterior-related term is defined as

N
H(©:,67) =) 3 4 (x(i))
! i=1 x;. (i) (A5)
X logp(xk(i) | Dk, ®t)-
According to the standard EM decomposition, the observed-data log-likelihood satisfies

0(0,) = L(0,,6{") - H(®,,6"). (A6)

Taking ®" " and ©!") in the above relation yields
(o) - (o)
= [£6,6(7) - L(6(",6(")]

- [HO™,6(7) - H(6(",6(")]. (A7)

From the M-step in Eq. (20), @5”1) maximizes the expected complete-data log-likelihood. Therefore,
L@, 60y (6", 60"y > 0. (A8)
Furthermore, by Jensen’s inequality [27],
H(O[™,6{") - H(6;",6[")

oo p(ui) | DO
> g8 (xi (i) log 4
() 4" (xe (i)

log Z p(xk(i) | Dk,®§'+”) =0. (A9)
xi ()

=

1

I
—

™M=

I
July

<

Combining the above two inequalities gives
2Oy — (6" > 0. (A10)

Thus, the observed-data log-likelihood is nondecreasing during the EM iterations. Under the regularity
and boundedness conditions of the EM procedure, the unified parameter-estimation sequence approaches
a stable point @7, Since @, contains ¢,, 8, and ¢,, the proof is consistent with the unified multi-parameter
estimation framework used in Theorem 1 and Algorithm 1.

Appendix B Proof of Theorem 3

Consider the system dynamics without noise, then the update law becomes
Ugs1 = Lyug + L Eg, (All)
where E; = e; — Ady. Substituting (12) and (13) into E; gives

Eq=Gaug — Grug +dg — dip, (A12)
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where d; — dj; is written as ey k. The update law (All) converts to the following form
Ugr1 = (Ly = LeGi)ug + L Gaug + Leeg ki1, (A13)

in which L, and L, are the same as that in (22).

Take the norm for both sides of the above formula to give
luksi|l = [[(Lu = LeGy)uk + LeGatta + Leed ks (A14)
and the inequality with respect to ||uy1|| holds as follows:

lkall < NILu = Lo Gil[lluail[ + L e[| Gareall + [[Lelllea ol (AL5)

Induction on (Al5), there exists

[l < 1Ly = LeGell* 1ol

Ll LG (Al6)
e LGt + el ol
u e

By Lemma 1, if ||L,, — L.Gy|| < y < 1 holds, there exists

Jim L, - L.Gi|* =0, (A17)
then the inequality about |[u1]| turns into

1
[kl < m(llLellllGdudll + IILelllled,k1ll)- (A18)

On the basis of (12), the norm of error for (k + 1) trial satisfies
legll < 1Gattall + IGrunllnl + lew ol (A19)

The norm inequality with respect to u.; is substituted to obtain

(HGk+1IIHLeH
1-

llexs] < +1)([[Gaual| + |leak+1ll)- (A20)

If the inequality (29) satisfies, the convergence analysis is validated, which finishes the proof.

Appendix C Proof of Theorem 4

The error for the (k + 1)th trial can be written in another form by minimizing (21) with respect to uy;
as

ex1 = pex — pVfex)s (A21)

where p = |(I+ G R7'GY, Q)" q is evaluated under the induced Q-weighted norm and Vf(ex) =
AGkuk + Adk + Ask.

Define g(ex) = f(ex) —

Vg(ex) = Vf(ex) — Aek. (A22)

Ae

gek. Since f(ey) is differentiable, differentiating g(ey) gives
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From Assumption 4 and the properties of convex functions, g(ex) and h(ex) = 5%e/ ex — g(ex) are

convex. According to the co-coercivity property of differentiable convex functions with Lipschitz-continuous
gradients [28], the following inequality holds:

1

= 1Ve(x) - VeI’ (A23)

[Ve(x) - vgN] (x-y) 2
Substituting (A22) into the above inequality yields

[Vf(x) = V] (x=y) = Alx - y|?
(IVf ) = VDI + A% ]x - y]?)

[(Vf(x) = V() (x=»)]. (A24)

>
E-A
2A
-A

[m

Then, the following inequality is obtained:
[Vf(x) =V (x-y)

[97(x) - VF ()] + —

2 =
2+ A

1
=i lx = y[%. (A25)

In the next step, an error inequality is constructed to prove convergence. Since the desired error satisfies
e* =0, it follows from (A21) that

lecnl® =lpex = pe*|* =2pV f(ex) " (ex =€) + p* |V f (en)]”. (A26)

Using the inequality in (A25) with x = e and y = e™ gives

2p

lewr = pe” | < lpes = pe*|* = 52|V f (er)
2pEA .
e RO YO (A27)

If condition (32) is satisfied, the coefficient of | V f (e ) |* is non-positive. Therefore, the above inequality
becomes
2pEA

:+AHek—e*||2. (A28)

e = pe*|* <[lpex — pe|* -

The interval of p is justified under the induced Q-weighted norm defined in Section 4.3. Let
Sk = Q2GR ™G, Q% (A29)

Since Q and R are symmetric positive definite matrices, Sy, is positive semidefinite. When Si.; is
positive definite on the considered tracking subspace and satisfies Ain(Sk+1) > max{0, (A + E)/2 — 1}, one
has

p= H(I + Gk+1R_1GkT+1Q)_1HQ
1 (A30)

— ! IS )
= [(T+ Skan) Hz 1+ Amin(Skar)”
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Hence, p € (0,min(1,2/(A+E))) is obtained under the selected matrix norm rather than from
invertibility alone. Since p < 1, the preceding inequality can be further bounded as

2pEA)

* 12 * 12

ers1 — pe <|1- e,—e |°. A3l
lecer = pe™ < (1- 228 Y ek =€) (A3
wherec=1- Zfij\\ is defined. Together with condition (33), one has ¢ € (0, 1). Therefore, the tracking error

sequence { ey } is contractive in the noisy case, which completes the proof.
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