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Diffusion-Driven Hybrid Unknown Input
Observer for Vehicle Dynamics Estimation

Cheng Tian, Graduate Student Member, IEEE, Anh-Tu Nguyen, Senior Member, IEEE, Edward Chung,
and Hailong Huang, Senior Member, IEEE

Abstract—Vehicle sideslip angle (or lateral speed) and
steering angle are essential variables for autonomous vehi-
cle control and active safety systems. Existing estimation
methods often depend on deterministic models or neu-
ral networks for mapping, which restricts their ability to
capture vehicle dynamics distributions in complex driving
conditions. This study introduces a diffusion-driven hybrid
estimation framework to achieve real-time estimation of
lateral speed and steering angle. The nonlinear vehicle dy-
namics model is represented as a linear parameter-varying
(LPV) model. A score-based diffusion model is embedded
into an LPV unknown input observer (UIO) to capture the
multi-modal distribution of dynamics modeling uncertainty
under different state-space model (SSM) parameters with-
out retraining. The model uncertainty prediction sequences
from the diffusion model are asynchronously generated to
ensure real-time performance. Furthermore, we construct
an end-to-end-based hybrid observer incorporating a fully-
connected neural network as an expert model to identify
model uncertainty for diffusion model training. Based on
Lyapunov stability theory, the /., gain performance can be
guaranteed to minimize the impacts of uncertainty approx-
imation errors and improve the estimation quality. Experi-
mental results obtained from a real-world test track demon-
strate the consistent effectiveness of the proposed frame-
work across various driving scenarios and different SSM
parameters, especially in extreme driving scenarios outside
the training data distribution. The implementation code is
available at https://github.com/tiancheng007/Diffusion-UIO.

Index Terms—Nonlinear observers, diffusion model,
sideslip angle estimation, steering angle estimation, vehi-
cle dynamics, vehicle state estimation.

[. INTRODUCTION

RECISE knowledge of vehicle dynamic states is essential
for achieving driving safety and comfort objectives, espe-
cially in autonomous driving systems. This knowledge serves
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as critical information in system fault detection and diagnosis,
planning and control, and active safety systems [1], [2].

The vehicle sideslip angle is defined as the arctangent
of lateral speed divided by longitudinal speed. The vehicle
sideslip angle represents a crucial indicator of vehicle han-
dling and lateral stability [3]. The Electronic Stability Control
(ESC) module provides longitudinal speed with ease, making
the estimation of the sideslip angle directly linked to the
estimation of lateral speed [4]. However, existing commercial
sensors for directly measuring vehicle lateral speed, such
as the ground optical flow-based Correvit S-Motion sensor
and high-precision dual-antenna Global Navigation Satellite
System (GNSS), cannot be widely adopted on mass-produced
platforms due to cost reasons. While the sideslip angle mainly
relies on lateral speed, the steering angle directly controls the
vehicle direction and significantly influences vehicle lateral
dynamics. The steering angle also serves as a fundamental
input for autonomous vehicle motion planning module, tra-
jectory tracking control module, and ESC systems. Typically,
high-precision steering angle sensors based on absolute rotary
encoders are considered fragile. While the steering angle
can be measured using cost-effective analog sensors, these
measurements are susceptible to conversion errors that may
generate inaccurate signals [5]. Hence, alternative approaches
for estimating steering angle and vehicle lateral speed hold
significant value for autonomous driving systems.

Over the past two decades, vehicle lateral speed estimation
using cost-effective onboard sensors has attracted widespread
interest among researchers, including model-based, purely
data-driven, and hybrid approaches [6]. Methods based on
Kalman filters (KF) have been extensively applied in both
industry and academia as state-of-the-art model-based estima-
tion techniques. Estimators based on Unscented Kalman Filters
(UKF) [7], [8] and Cubature Kalman Filters (CKF) [9], [10]
typically achieve superior estimation accuracy when vehicle
dynamics exhibit strong time-varying nonlinearity. Alternative
model-based nonlinear observers have gained attention in
recent years for their theoretical stability analysis [11]. These
mainly include H-infinity observers [12], Takagi-Sugeno (TS)
fuzzy unknown input observers [4], and switched TS observers
[13]. Model-based methods typically require accurate knowl-
edge of the physical system. However, precise modeling under
complex driving conditions poses significant challenges.

Data-driven methods primarily utilize measurements from
onboard sensors as inputs to neural networks, which then
perform deterministic mapping to obtain estimation results.
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The universal approximation capability of neural networks
enables data-driven estimation methods to perform well under
nonlinear operating conditions [14], [15]. To capture the
temporal characteristics inherent in vehicle dynamics, vari-
ous recurrent neural network (RNN) architectures have been
extensively explored for data-driven lateral velocity estima-
tion. Ghosh et al. [16] and Kong et al. [17] utilized long
short-term memory (LSTM)-based models to capture temporal
dependencies. In [18], gated recurrent units (GRUs) were
applied in an end-to-end framework for mapping raw sensor
data to lateral velocity estimates. A time-delay neural network
architecture was introduced in [19], using principal component
analysis for input selection and Kalman filtering for enhanced
output smoothing. Recent research has also developed hybrid
networks combining lightweight Inception V3 networks with
deep LSTM regression to jointly estimate tire-road friction
and sideslip angle with real-time capabilities on embedded
hardware [20]. However, data-driven estimation methods ex-
hibit limited explainability and cannot adequately guarantee
generalization capabilities. For example, data-driven methods
may experience performance degradation in out-of-distribution
scenarios, including driving conditions with limited training
data or previously unseen driving conditions [21].

Hybrid methods combine physical system knowledge with
the powerful fitting capabilities of neural networks [22]. These
approaches aim to constrain the neural network learning pro-
cess with physical knowledge to further enhance estimation
accuracy and generalization. In [23], a feedforward neural
network was embedded into a reduced-order fuzzy observer
to approximate unmodeled dynamics. Experimental results
demonstrated that the proposed hybrid method exhibits sig-
nificant advantages over model-based methods. Additionally,
approaches based on Bayesian filters that utilize neural net-
works to provide pseudo-measurements for these filters have
also been reported. In [6], a convolutional neural network
(CNN) was combined with a UKF to estimate the sideslip
angle through end-to-end training. Zhang et al. [24] designed
an estimation scheme that integrates LSTM neural networks
with an adaptive Kalman filter. Wang et al. [25] explored
the potential of the KalmanNet architecture [26] for lateral
velocity estimation. In [27], ridge regression methods were
utilized to establish linear relationships between sensor in-
formation and vehicle states. Then the ridge regression was
combined with an LSTM network with a dual-stage attention
mechanism to capture residual dynamic characteristics. The
above hybrid methods have demonstrated their advantages in
estimation accuracy via field tests within the training data
distribution.

However, in most existing studies, the measurement of the
steering angle is assumed to be continuously available. This
strong assumption may not be realistic due to the fragility
of absolute rotary encoders and conversion errors in low-cost
analog sensors. Inaccurate steering angle signals can severely
impact vehicle handling and stability control, potentially caus-
ing lane deviations in autonomous vehicles during steering
angle sensor faults. Existing steering angle estimation methods
mostly focus on model-based estimation schemes. Consider-
ing time-varying longitudinal vehicle speed, joint estimation

methods for steering angle and sideslip angle based on TS
fuzzy models were proposed in [4], [5] with performance val-
idated under smooth driving conditions. KF-based estimation
techniques are also widely used for vehicle steering angle
estimation. For agricultural autonomous vehicles, an adaptive
KF with lever-arm compensation was developed based on
GNSS and MEMS gyroscope to achieve accurate steering
angle estimation [28]. A similar study was also reported in
[29]. Zhang et al. [30] proposed a KF for estimating the
front wheel steering angle using yaw rate, lateral acceleration,
and steering motor current. Jeong et al. [31] introduced an
EKF approach to identify functioning steering angle sensors
in dual-redundancy EPS systems. To reduce cumulative errors
in estimation, Lee et al. [32] developed a finite memory non-
recursive observer for estimating the front wheel angle. The
above studies mainly examine model-based estimators that
perform well under nominal conditions. However, they share
key limitations: dependence on accurate system models, poor
performance during aggressive maneuvers, and often reliance
on GNSS. Evidence on robustness under model mismatch,
GNSS-denied scenarios, and diverse driving maneuvers is still
limited.

Despite significant contributions in vehicle lateral speed
or steering angle estimation, research on the simultaneous
estimation remains quite limited. Simultaneous estimation of
steering angle and lateral speed can enhance robustness of the
estimator due to their coupled dynamic relationship. Given the
benefits of the hybrid estimation framework in estimating ve-
hicle sideslip angle by combining physical knowledge and data
learning, the hybrid framework offers a promising approach in
vehicle dynamics estimation. However, the neural networks in-
troduced in existing hybrid frameworks typically only perform
deterministic mapping. These learning-based modules struggle
to adequately capture the distribution differences in vehicle
dynamic characteristics caused by varying model parameters
across different vehicle types. This limitation may lead to se-
vere performance degradation when model parameters exhibit
significant mismatch. Moreover, the computational costs of
existing hybrid methods are rarely reported, and the additional
computational burden introduced by learning-based modules
embedded in existing hybrid frameworks deserves further
investigation.

To overcome the drawbacks of existing methods, this paper
introduces a diffusion-driven hybrid framework to simultane-
ously estimate vehicle lateral speed and steering angle from
only onboard available measurements. As depicted in Fig.
1, the estimation process using solely a model-based LPV
unknown input observer (UIO) is first performed as the prior
estimation. The available measurements v,,r together with
these prior model-based estimates 9, 53 are stacked into G.
A short-horizon sequence of G forms the condition sequence
S, which serves as the condition input to the embedded
diffusion model. Then the diffusion model outputs the predic-
tion sequence D, i.e., a short-horizon sequence of modeling
uncertainty estimation I'. The prediction sequence is obtained
by a reverse diffusion process: starting from Gaussian noise
and iteratively denoising while being conditioned on S. To
meet real-time performance, the prediction sequence D is
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Proposed diffusion-driven estimation framework.

updated in an asynchronous loop, whereas the observer runs
at the sensor rate and consumes the corresponding I' at each
time step. Specifically, the main contributions of this work are
as follows.

1) A diffusion model-enhanced hybrid framework is proposed
for real-time estimation of vehicle lateral speed and steer-
ing angle from the measurements of cost-effective onboard
sensors. Distinguished from the existing hybrid frame-
work using deterministic mapping [23], [27], our proposed
diffusion-driven hybrid framework efficiently captures the
conditional probability distribution of unmodeled vehi-
cle dynamics across various state-space model parameters
without extensive retraining.

2) We present a pioneering application of diffusion models
for real-time vehicle dynamics state estimation. The im-
plementation code of this study is accessible to facilitate
the research on diffusion-based estimation approaches.

3) The diffusion model’s training labels are approximated via
local optimization using an end-to-end expert model with
an embedded fully-connected neural network (FNN).

4) Based on Lyapunov stability theory, the disturbance caused
by the approximation error of the diffusion model is
minimized by means of an ¢, gain under linear matrix
inequality (LMI) constraints. The performance of the pro-
posed scheme is validated with the test data collected from
a real-world test track.

Notation: I is the identity matrix with appropriate dimensions.
“x” denotes the symmetry term. For a matrix X, XT is its
Moore-Penrose pseudo-inverse, X T is its transpose, X > 0
means that X is symmetric positive definite. We denote Z,
as non-negative integers and Z,, = {1,2,...,n} C Z,. For
a vector z, ||z|| = Vo Tz and ||z||,, = supy>g ||zk]|. For a
scalar a, a is its lower bound, and a is its uppEr bound.

TABLE |
VEHICLE NOMENCLATURE
Parameter Description
m (kg) Vehicle mass
ly (m) Distance from front axle to gravity center

I (m) Distance from rear axle to gravity center

I, (kgm?) Moment of inertia about the z axis
Cr (N /rad)  Tire cornering stiffness (front tires)
C, (N/rad)  Tire cornering stiffness (rear tires)
vz (m/s) Longitudinal speed

vy (m/s) Lateral speed

r (rad/s) Yaw rate of the vehicle body

0y (rad) Steering angle of the front wheel

Il. VEHICLE MODELING AND PROBLEM FORMULATION

The vehicle modeling and formulated estimation problem
with the unknown input are presented in this section. The
vehicle nomenclature is summarized in TABLE 1.

A. Vehicle Model

The single-track vehicle lateral dynamics model with the
linear tire model is considered in this paper under the small
angles assumption, which can be described as follows [3]:

2C+6 2(Cl,. — Cyl -2(C C,
by = WJ;fJr ( ffZ:;Ux(er )Uy—rvm
:2Cflf5f " 2(Cply — Cflf)’l)y — 2(Cfl?c + C’Tlf)r
I, Lv,

)

Note that the linear tire model is effective within the linear
region of lateral tire dynamics. The linear model can signifi-
cantly differ from actual tire dynamics under aggressive driv-
ing with high lateral accelerations [3]. Considering modeling
uncertainties, the following state-space model of the vehicle
system can be obtained from (1):

& = A(vg)x + Dd + Wuw, 5

Y= Cu, 2)
where z = [vy, 7]" is defined as the vehicle state vector, y =
is the measurement vector, d = d¢ is the unknown input, w
denotes the modeling uncertainties, including uncertain tire
dynamics. The dimensions of the state vector, measurement
vector, and unknown input vector are n, = 2, n, = 1,
ng = 1, respectively. Note that the lateral speed v, cannot
be directly measured in a mass-produced vehicle, while r and
v, are measurable. However, it is acceptable to measure the
lateral speed using expensive sensors (e.g., non-contact optical
sensors or high-precision GNSS) during the production stage
as reference values. The state-space matrices are given by

 2(Cr+Cy) 2(Cpl,—Cly)
Ave) = z(crl:ﬁvcmfzf) _2(0?;';1&13)1’
VeI, Vel (3)
20¢ 2041
W =TI, xn,, C=1[0 1], D= [ =i Iff}
m 5
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Based on the Euler’s discretization method, the discrete-time
form of the state-space model (2) with a sampling time Ts =
0.01 s can be expressed as

= Agxr + Dady, + Wawy,
Yk = kara

Th+1

“4)

where zj, denotes the value of any signal z taken at the instant
k, Ag =TsA(vy) + I, Dg=TsD and Wy =T, W.

B. Estimation Problem Statement

Two time-varying parameters (i.e., v, and 1/v,) in the
defined LPV vehicle system model (4) need to be considered.
Based on the physical vehicle system limitations under normal
driving scenarios, the measurable vehicle longitudinal speed
can be bounded as follows [4]:

Vg € [V, U, ®)

where v, = 5 m/s, v, = 30 m/s. We represent the time-varying
parameter space such that it is encompassed by a convex hull
formed with three vertices [33]. Consequently, the following
polytopic LPV vehicle model can be formulated from (4):

Ny

Tryr = Y hi(ve k) Agik + Dady + T + Waey, ©
i=1
Yk = ka»
where n,, = 3 is the number of vertices in defined polytopic

LPV system, 'y, = [Aka,AfQ,k}T is the estimation of
modeling uncertainties by data-driven methods (e.g., FNN or
proposed diffusion model), €, is the approximation error of
the modeling uncertainty. Note that Wywy, = I'y, + Wyey, and
€r 1s assumed to be bounded in amplitude. For ¢ € Z3, the
local matrices Aq; are given by

Ag1=A(v,,1/v,),
Ad,2 - (U;m 1/UL) ’ (7)
Ags=A(0s,1/0,).

The membership functions h; (v, %) can be defined as [33]

Vg Uy Uy 1(UCE7’€) V. k
/v, 1/0, 1/0, hg(v%k) = 1/Ux,k . (8
1 1 1 hs (v k) 1

Note that the membership functions h;(v, x) satisfy the fol-
lowing convex sum property:

Ogh Urk

}:h Vo) = 1. ©)

Let S be the set of membership functions that satisfy (9),
we have

h = [hl(vz,k), hg(’()x’k), ceey

hy = [hl(vx,k-i-l), ho (Vg fi1)s e

hnv (/Ucc,k)]—r )
T
hnv (Ux,k’-I—l)} y

where h, hy € J2. It is also important to note that the vehicle
model (6) verifies the following rank conditions:

Dy
0

(10)

rank(CDy) = rank(Dy), rank {I”’CX,"” ] = ng + ng.

(1)

Remark 1: Note that a standard notation is used in LPV
framework in (10). A is the vector of n,, membership functions,
which depend on the value of the longitudinal speed taken at
instant k, and h, is the vector of the same n, membership
functions, which depend on the value of the longitudinal speed
taken at instant (k 4 1). Since the membership functions at
instant k or instant (k + 1) must verify (9), it is clear that
both h and h, belong to 7. The theoretical foundation for
adopting the form of membership functions h;(v; k) is based
on the Barycentric coordinates. The relation (8) verifies such
Barycentric coordinates.

This paper aims to develop a robust estimation algorithm
for the following vehicle dynamics estimation problem.

Problem 1: Design a hybrid LPV UIO to simultaneously
estimate the lateral speed v, and the steering angle ¢y, where
the modeling uncertainty distribution under different SSM
parameters is approximated by the designed diffusion model.

[1l. DIFFUSION-DRIVEN HYBRID LPV UIO DESIGN

This section first presents the design process of an LPV
UIO with a guaranteed /. gain performance. Then, the details
on modeling uncertainty learning via the designed diffusion
model are described.

A. LMI-Based LPV UIO Deisgn

To simultaneously estimate the vehicle lateral speed and
steering angle, the following LPV UIO is considered:

Crpr = Ay + M (h) ™" L (h) (y, — Cix)
Tr = Cp + Qui (12)
dp—1 = (CDy) (yx — CPp_1)
where
[(M(h) L)) = hi(ven) [Mi L], (13)
=1
and &y = Ag(h)@g + T, with Ag(h) = 327 hiver)Adi-

The observer gain matrices M(h), A € R"**™= and L(h),
Q € R"*"v are to be designed with

A+QC =1, ADy=0. (14)

Remark 2: The unknown input decoupling constraints in
(14) should be satisfied to decouple the influence of unknown
input on state estimation error. For the bounded ranges of
model uncertainty I';, and model error €, in (6), I';, and ¢, are
physically bounded due to the physical limations of the vehicle
sytem. However, one of the major interests of the proposed
method is that we do not require explicitly their bounds for
theoretical developments while we can rigorously ensure the
estimation performance via ¢, gain performance. This is not
the case with many estimation methods [34], [35].

Consider the state estimation error e, = xy — 2. Then, the
error dynamics can be defined from (6) and (12) as

Chr1 = (AAd (h) — M (h)"" L (h) C) ex + AWaep. (15)
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The estimation error of the unknown input can be defined as
pr = di — di. Since & = Ay (h) T + 'y + Wyep, then it
follows that

Pr = Czk —di = (CDd)TC(Ad (h) er + dek)- (16)

The vector of estimation errors can be formulated as follows:

€L I 0
o= { i } - [(CDd)TCAd (h) (CDa)few,| s 17
where &, = [e, EHT.
The following lemmas are useful to design the proposed
LPV UIO.
Lemma 1 (see [36]): Consider the membership function-
dependent inequality

Ny Ny Ny

Enihe = Y D hi(va )i (Ve k)b (ve k1) Zij0 = 0,

i=1 j=1I=1

(18)
where E;;; are the symmetric matrices of appropriate dimen-
sions that are linearily dependent on the unknown decision
variables, 4, j,! € Z,, . The inequality (18) holds if

Eiil b O, i,l S Inv;

2 - o ., 319
—— S+ Ei +Eu -0, i,4,l€l,,, i#].
Ny — 1

Lemma 2 (see [37]): Let the matrices A and B given
with appropriate dimensions. Then, there exists a matrix X
satisfying X A = B if and only if BA! A = B. Moreover, the
general solution of XA = B can be written as

X =BA +Y(I - AAD), (20)

where ) is an arbitrary matrix with appropriate dimensions.

The following theorem provides sufficient LMI conditions
to ensure the global uniform ¢, stability of the state error
system (15).

Theorem I: If there exist matrices P; € R™=*"= gatisfying
P; = 0, A, Q satisfying the condition (14), M; € R"=*"=
L; € R"™>™_ and positive scalars p < 1, A, u, then the
global uniform /., stability of system (15) can be guaranteed
with a minimal v = \/\ 4 p by solving following LMI-based
optimization problem:

min (A + p) subject to (21a)
\I/“‘l =0 (21b)
2
ﬁ‘l’m + Wi+ W -0 (21¢)
P; * * *
Onyxn i, xn * *
=X1e 2 XNe -
Inwxnw On, xny Inwxnw * =0
(CDy)'CAg; (CDg)TCWy Onyxng  Inyxn,
(21d)

for 7,7,1 € 1,,,1 # j, where the quantity ¥;;; is given by

(1-p)P; * *
OnIan pAInIX’nI *
MiNA; = L,C - MAWy M+ M] - P,

W, =

Algorithm 1 LPV UIO Design with ¢, gain performance

Input: LPV system (6)

Output: LPV UIO (12) with the global uniform /., stability
of error system (15)

1: if rank condition (11) is verified then

2 Compute observer gain matrices A, 2 with (25)

3 Solve LMI conditions (21) to get M; and L;

4:  Obtain M(h) and L(h) from (13)

5. Construct LPV UIO as (12)

6

7

8:

. else
Not applicable for the target problem
end if

Proof. To compute A and €2, we rewrite (14) in the following
compact form:

A q [I Dd}_[l 0.

c 0 (22)

Based on the rank condition (11), the solution of (22) exists.
Then, we denote

I D
A:[O Od],B:[I 0, x=[A Q] @3

Applying Lemma 2 with (23), A and Q2 can be calculated by

C 0 o
I DI Dy
+y<1—[0 OHC 0])’

where ) is an arbitrary matrix with appropriate dimensions.
Selecting Y = 0, the explicit solutions of A, () are given by

o= oL B

A=1—Dg(CDy)TC, Q= Dy(CDy)'. (25)
Applying Lemma 1, it follows from (21b) and (21c) that
(1-p)P(h) * .
0 pAI * =0,
M(h)AA(h)—L(h)C M ((h)AWy A (h,hy)
(26)

where .# (h,hy) = M(h) + M (k)" — P(hy). Since
P(hy) = 0, it implies that M (h) + M (h)" = 0. Thus,
we can conclude that M (k)™ " exists. Following similar
arguments as in the proof of [33, Theorem 1], we can prove
that conditions (26) and (21d) ensure the global uniform /.,
stability of system (15) with the following f,-gain perfor-
mance:

lim sup||é|| < 7llelle.. - 27)
k— o0

Note that the performance level v = /A + p is minimized
to attenuate the peak-to-peak disturbance effect of 5 on the
estimation errors. O

The design process of proposed LPV UIO is summarized
in Algorithm 1.
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B. Diffusion-Based Modeling Uncertainty Learning

In this work, the powerful data distribution learning capabil-
ity of diffusion models is leveraged in vehicle state estimation
problems. The denoising process of the designed diffusion
model is conditioned on the available measurements v, r
and the prior estimates {)é” ,5}” output by the model-based
LPV UIO (Section III-A). Specifically, the diffusion model is
designed to generatively learn the data distribution of modeling
uncertainties in the vehicle dynamic model when there is a
mismatch between the assumed SSM parameters and real-
world data. The details are presented below.

1) Training Dataset Generation via End-to-End Manner:
To ensure real-time estimation performance of the proposed
diffusion-driven observer, we formulate the prediction of T'
as an asynchronous sequence generation problem. For a time
window of length N, the condition sequence & and the
uncertainty prediction sequence D are defined as follows:

S=[Gk-nt1, Gk}, D=k, ,Tren-1], (28)
T

where G, = {v%k,rk,ﬁé‘?k,c?%kA} . Note that while D =

[Tk, -+, Tkyn—1] is generated asynchronously at time step

k, the uncertainty prediction 'y, at the current time step

(k 4+ p) can be extracted from D in real time.

Considering (12), the lumped modeling uncertainties can
simultaneously affect the estimation accuracy of both state
variables and unknown inputs. Therefore, rather than em-
ploying inverse dynamics for a direct solution, we propose
embedding a fully-connected neural network (FNN) into the
LPV UIO designed in Section III-A. This FNN-based UIO
serves as an expert model to approximate the lumped modeling
uncertainties in an end-to-end manner, which can generate
labeled data for subsequent diffusion model training. The
Truncated Backpropagation Through Time (TBPTT) algorithm
[26] is adopted to optimize this expert model. The training
process utilizes the following loss function:

1 M T
L:Emp(@) = m Zl Z
j=1k=1

where M is the number of sequences of the training dataset, T’
is the training sequence length, Jg = {@? k75?k—1} denotes
the lateral speed and front wheel steering angle estimated by
the expert model with trainable parameters ©, respectively, and
1 denotes the corresponding training label. Note that the inputs
for the embedded feedforward neural network are available
measurements v,, 7. The framework of the expert model is
summarized in Fig. 2.

2
)

(29)

199719’

TABLE I

SSM PARAMETERS OF LPV UIO FOR EXPERT MODEL TRAINING
Parameter Description 100% 85% 110%
m (kg) Vehicle mass 1077 91545 1184.7
Iy (m) Distance from front axle to gravity center 1.08 1.08 1.08
[, (m) Distance from rear axle to gravity center  1.24 1.24 1.24
L. (kgm?) Moment of inertia about the z axis 1442 1225.7 1586.2
Cy (N/rad) Tire cornering stiffness (front tires) 47135 47135 47135
C, (N/rad) Tire cornering stiffness (rear tires) 56636 56636 56636

v, (m/s)

250 (b) ] 85% (c)
[1130% 150
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Fig. 3. End-to-end approximated modeling uncertainty distribution un-
der zigzag driving maneuver. (a) Longitudinal speed, (b) Distribution of
A f1, (c) Distribution of A fs.

To enable the diffusion model to capture the conditional
distribution of uncertainties p(D|S) under different SSM pa-
rameters in training data, a proportional scaling strategy is
applied to both m and I, in the nominal vehicle model
considering the frequent variations in vehicle load. Expert
models optimized via (29) are separately trained to approxi-
mate lumped modeling uncertainties under various scale levels.
Fig. 3 illustrates the lumped modeling uncertainty distributions
under varying scale levels of SSM parameters approximated
by the trained expert model. The longitudinal vehicle speed
varies dynamically from 4.7 m/s to 19 m/s as depicted in Fig.
3(a). The modeling uncertainties exhibit distinct multi-modal
characteristics under different vehicle system parameters.

Remark 3: Given the design parameter range for the Citroén
C1 test vehicle’s load level (curb weight 805 kg and gross
weight 1190 kg, i.e., 74.7% to 110.5% of nominal vehicle
mass), the SSM parameters m and I, are scaled by 85% and
110% for the expert model training. A dedicated expert model
is trained for each target scaling factor combination (i.e.,
85% and 110% scale level). Note that although explicit labels
for modeling uncertainty output by FNN in Fig. 2 are un-
available, the end-to-end training framework enables implicit
learning of uncertainty patterns through indirect optimization.
The collected real-world data is considered to contain only
operating data corresponding to the nominal SSM parameters.
SSM parameters of the model-based LPV UIO for the expert
model training are specified in TABLE II. Further explanation
is detailed in the implementation details of Section IV-A.
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2) Training (Forward Diffusion Process): We denote x( as
the training label of the uncertainty prediction sequence D.
The forward diffusion process can be described as the original
data sample xg is gradually added with Gaussian noise in K
steps according to a variance schedule ; to form xg, - , xk.
Finally, i is approximately pure Gaussian noise. Based on
the additivity of the Gaussian distribution, a noised sample can
be directly calculated by the following closed-form equation:

Ty = \/ero + /1 — e,

where 7, = [['_,(1 — B;) is a function of decreasing

noise schedule, ¢, ~ N (0,I) is a random noise sample,
te{1,2,..., K}, K is the number of forward diffusion steps.

Instead of training a neural network as a noise predictor, the
proposed diffusion-based approximator is equivalently trained
by minimizing the following MSE loss between the denoised
sample and the initial sample:

(30)

Lp) =Eeuno1),te[1,K] zo~a(zo) | [Tw (1, S, 1) — z0]]?,
(€29)
where x,, denotes a neural denoiser with trainable parameters
1, q(xg) is the given training data distribution. Note that the
aim of the neural denoiser is to remove the noise in a noised
sample z; to predict the original sample 2.

3) Online Inference (Reverse Diffusion Process): The aim
of the reverse diffusion process is to solve an implicit or-
dinary differential equation (ODE) trajectory from a random
Gaussian noise sample back to the target data sample (i.e.,
the uncertainty prediction sequence D) using a trained neu-
ral denoiser x, under given conditional inputs. In classical
diffusion model architectures, the first-order Euler method is
typically employed to solve the implicit ODE in the reverse
diffusion process. However, the sampling accuracy of the
first-order Euler method depends on the use of small step
sizes. Therefore, we adopt the second-order Heun method
[38] to ensure high sample quality with a low number of
inference sampling steps. Compared to the Euler method, the
Heun method enhances solution accuracy by combining the
prediction step and the correction step. Given total inference
time steps 7, let 2,1 ~ A(0,I) be the initial input noise. The
sample update steps based on the second-order Heun method
can be expressed as follows:

di = —t; - fy (35,8, 1), (32a)
By =&+ (tis — 1) - d;, (32b)
di=—tiy - fs (#)_1,8,tim1), (32¢)
i1 = &+ (d}- n &;) (tio—1;) /2, (32d)

where fs = (zy (&, S, ;) — &;) /t? is the score function that
provides gradient information of the target data distribution,
#}_, is the priori estimate based on Euler method. To use
relatively short step sizes at low noise levels, ¢; is designed
as the nonlinear time step schedule from [38], which can be

defined as

J— ) — 1/_0‘ L 1/a 1/.04 “
ti U(tl) (Umm + -1 (Umax Umm)) ’ (33)

Algorithm 2 Diffusion-Driven Hybrid LPV UIO

Require: Denoiser z,, observer gains M(h), L(h), A, Q
Initialise: Condition sequence S = (), prediction sequence
D=0, sequence index p = 0, Inf_Task time step ¢, = 0
Olltpllt! QA)y_’k, 5f,k—1
1: while measurements vy, j, r; are not None do
2:  Obtain sensor measurements vy j, 7, current step k
Update condition sequence S < vy , 7%
Update 4, 6%, _, using (12) by setting ', = 0
M §M

Update condition sequence S <— 0}, 074

3

4

5

6: if not Computing then
7 Inf Task = StartReverseDiffusion(z) using (32)
8 Set Computing = TRUE, ¢, = 0

9

: end if
10:  if Computing and IsTaskComplete(Inf_Task) then
11: Update D < Zg, p < tp
12: Set Computing = FALSE
13:  end if

14:  Update T'y, + D[p]
15: Update tp <t + 1, p—p+1
16: if k> N then

17: Update 0, 4, 071 using (12)

18:  else

19: Update i1, < 02, 0701 < 01,
20:  end if

21: end while

where i € {7 —1,---,0}, @ = 7. Opnax, Omin are predefined
maximum and minimum noise levels, respectively.

Cascaded integration of diffusion models into estimation
systems can reduce sampling frequencies. To address this,
we implement a parallel integration of the diffusion model as
detailed in Algorithm 2, allowing for asynchronous generation
suitable for real-time operation.

Remark 4: The implementation process of the diffusion-
driven hybrid LPV UIO is summarized as follows: Training:
Based on the end-to-end training framework in Fig. 2, we first
use collected real-world vehicle data to train two expert models
at 85% and 110% scale levels of SSM parameters. The trained
expert models are then used for inference on the training set
to generate training labels for the designed diffusion model at
85% and 110% scale levels, respectively. Subsequently, the
diffusion model is trained via (31). Online inference: As
shown in Algorithm 2, the model-based LPV UIO first outputs
prior estimates based on available measurements (line 4).
Then, the measurements and prior estimates are concatenated
as conditional input for the designed diffusion model (line 3,
5). When the diffusion model is not in reverse diffusion pro-
cess, it invokes StartReverseDiffusion asynchronously (lines
6-9). Temporal synchronization is ensured through buffer
D, which stores time-indexed diffusion outputs. When the
diffusion model is in inference mode, the required uncertainty
prediction at current time step can be retrieved from the buffer
of prediction sequence D via sequence index p (line 14-
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Fig. 4. Experimental facilities and test track. (a) Test vehicle, (b) Gyrovia
test track in France, (c) Data acquisition system.

15), which can guarantee correct temporal alignment despite
asynchronous computation. This buffered asynchronous mech-
anism balances real-time requirements with diffusion-based
enhancement.

IV. EXPERIMENTAL RESULTS

To demonstrate the effectiveness of the proposed frame-
work, this section presents the experimental results performed
on the Gyrovia test track shown in Figs. 4(a) and 4(b).
The Gyrovia test track features a variety of winding routes,
straight sections, a roundabout with four access points, and
multiple junctions. The test track is developed on two routes
with approximately 850 m, including turns with varying radii.
The curvature ranges from 0 to 0.1 m™!, facilitating testing
from straight-line driving to sharp cornering [39]. This design
allows for a comprehensive evaluation of vehicle dynamics
behavior in diverse driving scenarios.

A. Experimental Setup

The experimental data were acquired using the facilities
illustrated in Fig. 4(c). The test vehicle is installed with a high-
precision integrated positioning system (Racelogic VBOX III),
which incorporates a dual-antenna GPS enhanced with RTK
correction, a 6-degree-of-freedom inertial measurement unit
(IMU), and a fusion module that synthesizes measurements
from both the IMU and the dual-antenna GPS. These signals
are sampled at 100 Hz by the dSpace MicroAutobox II and
transmitted via a CAN bus with the captured variables includ-
ing 05, vy, vy, and 7. To rigorously assess the performance of
the proposed framework under varying conditions, the INSA
autonomous vehicle executed a series of maneuvers on the test
track.

1) Implementation Details: In this study, we simulated
different degrees of mismatch with the actual vehicle system
by scaling the nominal vehicle parameters m and I,.

Dataset: The test vehicle conducted random smooth driving,
sharp turns, and an extreme zigzag driving scenario that in-
volved rapid lane changes and acceleration. The collected test
vehicle data was divided into a training set, an in-distribution
test set (random smooth driving, sharp turns), and an out-
of-distribution test set (extreme zigzag driving) with ratios
of 68%, 22%, and 10%, respectively. The expert model for
generating labels incorporates an FNN, which consists of three
hidden layers with 64, 512, and 64 neurons, respectively. The

Fig. 5. Statistical analysis of dataset. (a) Training set, (b) Out-of-
distribution test set.

input to this FNN is the available measurements at each time
step. The training set was first used for expert model training,
which includes random smooth driving and sharp turn driving
conditions. The in-distribution test set was used for model
validation during expert model training. Subsequently, expert
models were trained separately under embedded LPV UIO
at 85% and 110% scale levels of nominal SSM parameters.
The trained expert models were then used to generate training
labels for the diffusion model. For testing, we set scale levels
of SSM parameters m and I, at 75%, 100%, and 130% based
on the load range of the test vehicle. As presented in Fig.
5, the out-of-distribution test set differs significantly from the
distribution of the training set. The out-of-distribution test set
features higher longitudinal vehicle speeds, and the vehicle
dynamics exhibit strong nonlinear coupling characteristics.
Diffusion model: To demonstrate the superior performance
of our proposed framework, the neural denoiser x, is also
simply parameterized by a standard FNN with three hidden
layers of 256 neurons and Mish activation functions in each
layer. The diffusion step is encoded by a neural network
with two hidden layers of 128 neurons and Mish activation
functions in each layer. The encoded diffusion step, noised
sample, and condition sequence are then concatenated and
input into the neural denoiser. The neural denoiser x, is
trained using the Adam optimizer with an initial learning
rate of 2 x 10~* and a mini-batch size of 256. The number
of forward diffusion steps is set to ' = 1000. We set the
number of reverse diffusion steps to 7 = 10 for efficient online
inference. The time window length for both the condition
sequence and the prediction sequence is set to N = 15. The
YALMIP package [40] with SDPT3 solver is utilized to solve
the observer gains. The observer gains with ~,;, = 0.2275
under nominal parameters (100% scale level) are given by

Ly = [~1.6809,-0.0007] ", Ly = [~1.3221,-0.0004] ",

L B T _ [1.8200 0.1172
Ly = [~1.5748,-0.0013] T, M, = [0.0007 288'6321],
1.0105  0.1191 1 —1.2397
Mz = [0.0004 288.6321] A= [0 0 } ’

1.0105  0.1191 1.2397
Ms = [0.0004 288.6321] b= [ 1 ] '

2) Baseline Methods: To ensure a comprehensive evalua-
tion, we benchmarked the following estimators:
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o TS-UIO [4]: The TS fuzzy UIO is selected as the baseline
model-based method. The observer gains of TS-UIO
under different scale levels are specified in our code
repository. Note that [4] and [33] belong to the class
of model-based estimation approaches (not hybrid one),
which heavily depend on the reliability of the vehicle
model. Moreover, theoretically speaking, the basic model-
based component LPV UIO in this paper is a simplified
version (no unmeasured nonlinearities in [33]; and used
for different estimation contexts) of [4]. However, both
approaches utilize the same decoupling-based technique
for UIO design, leading to similar drawbacks.

o E2E-UIO (adapted from [23]): The designed LPV UIO
with an end-to-end approximator is selected as the base-
line hybrid method. Note that it also belongs to the class
of hybrid approaches combining model-based estimator
and NNs using deterministic mapping. The embedded
FNN in this expert model consists of three hidden layers
with 32, 64, and 16 neurons, respectively. E2E-UIO is
trained by Adam optimizer with an initial learning rate
of 1 x 1073 and a sequence length of 100. The embedded
LPV UIO shares the same observer gains as the proposed
diffusion-driven hybrid UIO.

« Diff-UIO: Proposed diffusion-driven hybrid LPV UIO.

3) Evaluation Metrics: For a comprehensive evaluation
of estimation accuracy and extreme error distribution, the
following evaluation metrics are selected.

RMSE: Root mean square error (RMSE) quantifies the
average magnitude of prediction errors by computing the
square root of the mean squared differences between predicted
and actual values. RMSE is expressed as

RMSE = (26 — 21)2, (34)

S|~
-

where, n is the number of data samples, 2 is the estimate
value at step k, and zj is the reference value at step k.
MAE: Mean absolute error (MAE) measures the average
absolute deviation between predicted and ground truth values.
Unlike RMSE, MAE treats all errors equally without ampli-
fying larger deviations. MAE is expressed as
1 n
MAE = — 2k — 2k (35)
- kz::l | |
AE9S: 95th percentile of absolute errors represents the
threshold below which 95% of all absolute errors fall. The
AE95 metric is selected to complement RMSE and MAE
by providing insight into the model’s performance in worst-
case scenarios. While RMSE and MAE are excellent measures
of central tendency and average error magnitude, they can
be affected by error distribution and may overlook large
outliers. AE95 provides the upper limit of errors for 95% of
predictions, which is essential for evaluating the reliability of
the model, especially in scenarios where significant errors can

have serious impacts. AE95 is expressed as
AE95 = Pos({|2x — 2k|}i=1), (36)

where, Py is the operation of calculating the 95th percentile.
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Fig. 6. Estimation of modeling uncertainty I';, = [Aflﬁk,AfQ,k]T
(130% scale level). (a) Test 1, (b) Test 3.

Processing

Fig. 7. Processing time of Diff-UIO under Test 3.

Remark 5: To demonstrate the estimation performance out
of the training data distribution, we excluded data from the
Test 3 zigzag extreme driving scenario when training the
E2E-UIO and Diff-UIO models. Additionally, due to page
limitations, only the estimation results at the 130% scale level
are presented graphically. The ranges of estimated modeling
uncertainty I'; in Test 1 and Test 3 are illustrated in Fig.
6. The reference value is approximated by the expert model.
We can observe that the range of the estimated modeling
uncertainty is bounded even in the out-of-distribution scenario
(Test 3). In addition to directly comparing the curves of the
estimation results, we also selected lateral acceleration a, as
the abscissa to graphically analyze d;var, vymAE Since tire
nonlinear characteristics significantly intensify as lateral accel-
eration a, increases. The variation patterns can demonstrate
the estimation performance under highly dynamic nonlinear
driving conditions. Such analysis is important for safety-
critical vehicle active safety and autonomous driving systems.
The quantitative estimation results for the 75%, 100%, and
130% scale levels are summarized in TABLE IV.

Remark 6: The implementation of all the above baseline
methods is based on the PyTorch deep learning framework. Us-
ing this framework, we evaluated the computational efficiency
of these baseline methods on a PC (Intel i5-13490 CPU, 32-
GB memory, NVIDIA RTX 4070 GPU). The results indicate
that the average processing time for TS-UIO is 2.14 ms, for
E2E-UIO is 2.01 ms, and for Diff-UIO is 1.68 ms, while the
average inference time for the designed diffusion model alone
is approximately 21 ms. Note that the model-based TS-UIO is
generally recognized for its significant advantage in terms of
computational complexity [6]. Python threading and NVIDIA
CUDA Streams are utilized to enable asynchronous processing
in our implementation of Algorithm 2. This implementation
effectively emphasizes the benefits of Diff-UIO regarding real-
time inference capability compared to the cascade structure.
As shown in Fig. 7, the worst-case latency of the proposed
Diff-UIO is about 5.60 ms, which is significantly faster than
the typical 10 ms control cycle [41] used in real vehicle control
systems. The two NVIDIA DRIVE AGX Orin units (508
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Fig. 8. Estimation results of Test 1: (a) Vehicle path, (b) Longitudinal
velocity v, (c) Lateral velocity v,, (d) Steering angle of the front wheel
5s, (€) MAE of vy, (f) MAE of &;. (Binsize=0.25m/s2, 130% SSM
parameters m, I, scaling).

TOPS) widely used in existing intelligent vehicles can provide
Al computing power comparable to our computing platform
(466 TOPS) used in this study, thereby meeting the real-time
computing requirements of embedded systems. For practical
deployment, computational efficiency can be further enhanced
through model quantization techniques.

B. Test 1: Smooth Driving Scenario

Fig. 8 presents the estimation results for Test 1, which
features a smooth driving scenario as illustrated by the vehicle
path in Fig. 8(a). The trajectory includes multiple turns and
a loop-like pattern with varying longitudinal velocity shown
in Fig. 8(b). As demonstrated in Figs. 8(c) and 8(d), all
estimation methods have comparable estimation performance
in this scenario. The zoom-in subplots in Figs. 8(c) and 8(d)
provide a detailed view of the estimation performance during
a critical period. In Fig. 8(c), the zoom-in subplot reveals that
the Diff-UIO method demonstrates superior tracking accuracy
for lateral velocity estimation compared to the E2E-UIO ap-
proach. The performance advantage of the Diff-UIO becomes
more evident in Figs. 8(e) and 8(f). The proposed Diff-
UIO consistently maintains lower estimation errors compared
to the baseline methods across different lateral acceleration
values. Moreover, the vyaggs in TABLE IV further supports

Longitudinal speed (m/s)

o o

v, (m/s)

'
N

o

o
)

6, (rad)

O pMar (rad) Yymae (III/S)

a, (m/s?)
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Fig. 9. Estimation results of Test 2: (a) Vehicle path, (b) Longitudinal
velocity v, (c) Lateral velocity vy, (d) Steering angle of the front wheel
5¢, (€) MAE of vy, (f) MAE of &;. (Binsize=0.25m/s2, 130% SSM
parameter m, I, scaling).

this observation by indicating an upper error bound that is
significantly lower than that of the baseline methods. The
results suggest that the proposed Diff-UIO offers satisfactory
estimation accuracy in normal driving conditions.

C. Test 2: Sharp Turns Scenario

For this scenario, the test vehicle executed a driving se-
quence consisting of two abrupt cornering maneuvers followed
by a period of smooth driving operation. As shown in Fig.
9(c), a distinct negative peak appears at approximately 15 s
at the sharpest part of the turn. In both cases, compared to
the baseline approach, the proposed Diff-UIO demonstrates
superior estimation performance over TS-UIO, particularly
during the most challenging moments of the sharp turn. This
performance advantage is further corroborated in Figs. 9(e)
and 9(f). Across the entire range of lateral acceleration, Diff-
UIO consistently maintains lower estimation errors than TS-
UIO. Although Diff-UIO and E2E-UIO show similar estimated
trajectories in Figs. 9(c) and 9(d), the lower v,ar and
drmag in TABLE IV indicate that the proposed Diff-UIO
achieves higher accuracy. This indicates that the diffusion-
driven approach offers enhanced robustness during demanding
maneuvers such as sharp turns.

D. Test 3: Extreme Driving Scenario (Out-of-Distribution)

This scenario features demanding lateral maneuvers charac-
terized by alternating steering inputs. As data from these pro-
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TABLE Ill
ABLATION STUDY ON DIFFUSION COMPONENT
Setting | LPV UIO | GMM | Diffusion Test 1: Smooth Driving Test 2: Sharp Turns Test 3: Extreme Driving
UyRMSE 5/RMSE VyAE9S 5/AE95 VyRMSE 5/RMSE VyAE9S 5/AE95 UyRMSE 5/RMSE VyAE9S 5/AE95
v 0.0878 0.0219 0.1419 0.0389 | 0.1232 0.0193 0.2789 0.0503 | 0.1001 0.0252 0.1970 0.0509
2 v v 0.0668 0.0169 0.1225 0.0343 | 0.1002 0.0155 0.2344  0.0420 | 0.0890 0.0222 0.1909 0.0442
3 v v 0.0404 0.0169 0.0711 0.0345 | 0.0652 0.0127 0.1327 0.0316 0.0776 0.0213 0.1589 0.0418
i [
— 006 @ ! I ]
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Fig. 10. Estimation results of Test 3 (out-of-distribution): (a) Ve-

hicle path, (b) Longitudinal velocity v., (c) Lateral velocity v,, (d)
Steering angle of the front wheel ¢, (e) MAE of vy, (f) MAE of dy.
(Binsize=0.25m/s?, 130% SSM parameter m, I, scaling).

nounced driving conditions were deliberately omitted from the
training dataset, the scenario serves as an out-of-distribution
test case.

As shown in Figs. 10(c) and 10(d), the vehicle per-
formed multiple significant lateral dynamic changes, partic-
ularly around the 10 s and 30 s where substantial variations
in lateral velocity and steering angle occur. Notably, in these
high-dynamic regions, the proposed Diff-UIO demonstrates
estimation results that more closely align with the reference
values. In contrast, TS-UIO exhibits clear underestimation
in certain peak regions, while E2E-UIO shows considerable
deviations in some intervals shown in the subplot of Fig. 10(c)
due to the limited generalization capability. Both v,rMsE

Fig. 11. Box plot of the absolute estimation error in Test 3 (|67 > 0.3
rad). (a) Error of steering angle |6 |, (b) Error of lateral speed |7y|.

and vyaggs for E2E-UIO in TABLE IV confirm the previous
observation. These values are even substantially larger than
those of TS-UIO. Figs. 10(e) and 10(f) further evaluate the
performance of each method from the perspective of lateral
acceleration. The probabilistic characteristics of the diffusion
model enable Diff-UIO to adapt to variations in vehicle
dynamics under different SSM parameter scaling levels. The
lower AE95 metrics for Diff-UIO in TABLE IV further
indicate that Diff-UIO maintains good estimation performance
even under worst-case conditions. Given that this test scenario
exceeds the training data distribution with 130% SSM param-
eter scaling, these results highlight the proposed Diff-UIO’s
superior generalization capability.

E. Ablation Study

An ablation study is conducted to evaluate the contribution
of the proposed diffusion component. We select Gaussian
mixture model (GMM) [42] as a baseline for the probabilistic
component to model the uncertainty distribution across differ-
ent scales of SSM parameters. GMM is a classical probabilistic
model that assumes data consists of a mixture of multiple
Gaussian distributions. The number of model components is
determined as 6 based on the Bayesian information criterion.
The GMM-based modeling shares the same training set and
conditional inputs with the diffusion component.

The test results at the 75% scale level are presented in
TABLE III. Specifically, compared to the baseline LPV UIO
(Setting 1), the proposed Diff-UIO (Setting 3) reduces vyrMSE
by 54% in Test 1 and achieves a significant 47% improvement
in Test 3. When compared to the GMM-based UIO (Setting
2), Setting 3 also demonstrates superior performance, with
vyrMSE improvements of 40% and 35% in Test 1 and Test 3,
respectively. Similar improvement trends can be also observed
for dfjrmse. By examining vyameos and drames, Setting 3
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TABLE IV
QUANTITATIVE ESTIMATION RESULTS OF TEST SCENARIOS

Test 1: Smooth Driving

Test 2: Sharp Turns Test 3: Extreme Driving (OOD)

Scale Metrics Diff-UIO E2E-UIO TS-UIO Diff-UIO E2E-UIO TS-UIO Diff-UIO E2E-UIO TS-UIO
100% wvyrmse(m/s) 0.0311 0.0428 0.0822 0.0538 0.0574 0.1191 0.0669 0.1187 0.0977
dsrMsE (rad) 0.0175 0.0170 0.0221 0.0134 0.0135 0.0196 0.0188 0.0212 0.0243
vyMAE(m/s) 0.0257 0.0372 0.0716 0.0447 0.0457 0.0901 0.0499 0.0934 0.0782
drMAE(rad) 0.0117 0.0125 0.0186 0.0087 0.0114 0.0115 0.0146 0.0181 0.0184
vy AE95(m/s) 0.0580 0.0732 0.1336 0.1016 0.1078 0.2608 0.1403 0.2390 0.1955
dfAEgs(rad) 0.0380 0.0345 0.0390 0.0307 0.0275 0.0511 0.0378 0.0380 0.0496
75% vyrMsSE(m/s)  0.0404 0.0528 0.0776 0.0652 0.0611 0.1139 0.0776 0.1044 0.0987
dsrMsE (rad) 0.0169 0.0159 0.0228 0.0127 0.0112 0.0201 0.0213 0.0202 0.0243
vyMAE (m/s) 0.0341 0.0443 0.0676 0.0520 0.0478 0.0867 0.0579 0.0774 0.0795
dsMAE(rad) 0.0125 0.0113 0.0192 0.0077 0.0080 0.0114 0.0166 0.0163 0.0184
vy AE95(m/s) 0.0711 0.0919 0.1278 0.1327 0.1279 0.2484 0.1589 0.2130 0.1931
dfAEgs(rad) 0.0345 0.0326 0.0401 0.0316 0.0262 0.0528 0.0418 0.0379 0.0496
130% vyrmse(m/s) 0.0239 0.0486 0.0884 0.0441 0.0727 0.1256 0.0860 0.1615 0.1175
0 srMsE (rad) 0.0200 0.0194 0.0215 0.0149 0.0186 0.0190 0.0171 0.0203 0.0228
vyMAE(m/s) 0.0188 0.0427 0.0773 0.0378 0.0595 0.0943 0.0649 0.1376 0.0921
drMAE(rad) 0.0133 0.0131 0.0180 0.0096 0.0153 0.0117 0.0134 0.0178 0.0172
vy AE95(m/s) 0.0470 0.0836 0.1422 0.0776 0.1379 0.2764 0.1853 0.3115 0.2386
dsAEgs(rad) 0.0432 0.0423 0.0379 0.0379 0.0406 0.0491 0.0342 0.0348 0.0474

OOD: Out-of-Distribution.

shows superior performance in capturing worst-case error
scenarios across all test conditions. As shown in Fig. 11,
model-based LPV UIO and Diff-UIO at scale level 75% are
compared in box plots for Test 3 conditioned on large steering
angles (|d¢| > 0.3 rad). Diff-UIO shows clearly lower medians
and much tighter interquartile ranges for both estimation errors
of steering angle and lateral speed, together with shorter upper
whiskers and fewer outliers. This indicates that not only are the
typical errors smaller, but the tail errors are also significantly
reduced when the small-angle assumption is not valid. These
results suggest that the proposed diffusion component is more
effective at capturing unmodeled vehicle dynamics.

F. Quantitative Results Analysis

TABLE IV presents the quantitative estimation results
across three driving scenarios under different scale conditions.
The diffusion model-based Diff-UIO consistently demon-
strates superior accuracy in most test cases.

At nominal scale (100%), Diff-UIO achieves lower vyrMsE
than both baselines in Test 1 (smooth driving). In Test 2
(sharp turns), despite reduced accuracy across all methods,
Diff-UIO maintains its advantage with 6 frvse approximately
28% lower than TS-UIO. Test 3 (extreme driving) highlights
Diff-UIO’s robustness in out-of-distribution conditions, where
it substantially outperforms both baseline methods. At 75%
scale, while E2E-UIO slightly outperforms Diff-UIO in Test
2, this can be attributed to the neural network’s learned
representations coincidentally aligning better with sharp-turn
dynamics under parameter downscaling. However, Diff-UIO
maintains a lower v, aggs in Test 3, indicating more consistent
overall performance. The 130% scale results further emphasize
Diff-UIO’s advantages, particularly in Test 3, where it achieves
vyRMSE approximately 47% lower than E2E-UIO and 27%
lower than TS-UIO. This superior performance under parame-
ter mismatch conditions demonstrates the effectiveness of the
diffusion model in capturing complex system dynamics.

In summary, Diff-UIO exhibits excellent generalization
across diverse scenarios and scale variations, particularly
excelling in out-of-distribution conditions. While E2E-UIO
shows competitive performance in specific cases and TS-
UIO requires no training data, neither matches Diff-UIO’s
robust performance in complex driving scenarios with SSM
parameter uncertainties.

V. CONCLUSION AND FUTURE WORK

This paper presents a novel diffusion-driven hybrid estima-
tion framework for real-time estimation of vehicle lateral speed
and steering angle. A diffusion model is incorporated into an
LPV UIO to effectively capture the dynamics modeling un-
certainty distribution under different SSM parameters without
retraining. To achieve real-time performance, we design an
asynchronous sampling strategy for the uncertainty prediction
sequences from the diffusion model. Additionally, we success-
fully identify and generate high-quality model uncertainty data
for diffusion model training through expert models based on an
end-to-end paradigm. Then the influence of model uncertainty
compensation errors is minimized via optimized (., gain
performance. The performance of the proposed method has
been validated through experiments with INSA autonomous
vehicles on a real-world test track. Experimental results
indicate that the proposed framework exhibits consistently
satisfactory performance across various driving scenarios and
different SSM parameters compared to existing model-based
and hybrid methods. Notably, in extreme driving scenarios
outside the training data distribution, the proposed method
maintains superior generalization performance. Future work
will focus on exploring applications in vehicle fault-tolerant
control under extreme driving conditions.
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