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Abstract
Heavy-duty vehicles (HDVs) contribute to over 30% of CO2 emissions despite rep-
resenting only 4% of the vehicles on the road in the European Union. To address
this imbalance, eco-driving strategies have been developed to improve the energy
efficiency of HDVs and reduce their environmental impact. This thesis focuses on a
specific scenario in which an ego HDV follows a leading vehicle (another HDV or a
passenger car). By analyzing the longitudinal dynamics of the leading vehicle using
its speed measurements and road slope information from the onboard digital map,
the goal is to accurately estimate the leading vehicle’s future speed trajectory. Com-
bined with a predictive energy management controller onboard the ego vehicle, the
system can optimize acceleration and deceleration to minimize braking events and
maintain a safe inter-vehicle distance, thereby reducing overall fuel consumption.

To achieve this, a learning-based observer–predictor architecture is proposed. The
observer filters noisy speed measurements and fuses them with road slope data to
estimate the leading vehicle’s maximum power capability in real time. The predictor
then uses this estimate, along with future slope information within the horizon, to
generate the future speed trajectory of the leading vehicle. This speed prediction
is used by the ego vehicle’s predictive controller to follow the leading vehicle with
reduced air drag, enabling energy-efficient and safe following behavior.

The development and validation of the framework were carried out in MATLAB.
Performance was evaluated using both simulation and real-world data from recorded
driving cycles. The results demonstrate that the proposed structure can predict the
leading vehicle’s speed trajectory with good accuracy and has the potential to en-
able significant improvements in energy efficiency and overall system performance.
The main contribution of this thesis is the development of a learning-based ob-
server–predictor structure that can predict the leading vehicle’s future speed trajec-
tory to help the ego vehicle plan its own speed in a more energy-efficient manner.

Keywords: predictive energy management, leading vehicle speed prediction, observer
and predictor design, eco-driving
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

ACC Adaptive Cruise Control
ANN Artificial Neural Network
DRL Deep Reinforcement Learning
GPR Gaussian Process Regression
GR Gear Ratio
HDV Heavy-duty Vehicles
ICE Internal Combustion Engine
IQR Inter-Quartile-Range
LP Linear Programming
LV Leading Vehicle
ML Machine Learning
MMSE Minimum Mean Square Error
MPC Model Predictive Control
MSE Mean Square Error
NN Neural Network
PSD Power Spectral Density
V2V Vehicle-to-Vehicle
VAR Vector Autoregressive
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i,j Indices for speed cluster or speed measurement
t Index for time step
s Traveled distance along road centerline
ζ Spatial look-ahead coordinate along the route

Sets

B Set of admissible values for coefficient vector b
Z Set of selected measurement points
D Set of all measurement points

Parameters

∆t Time discretization step (time interval)
∆v Speed discretization step (speed interval)
dv Velocity-bin width used for observations
W Sliding-window length for online training/estimation
mL Mass of the leading vehicle
cLd Aerodynamic drag coefficient of the leading vehicle
cLr Rolling resistance coefficient of the leading vehicle
ALf Frontal area of the leading vehicle
g Gravitational acceleration (9.81 m/s2)
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ρa Air density
PL max Maximum engine power of the leading vehicle
acomfort Comfort-constrained acceleration parameter
th min Minimum time headway required by the controller
vlimit(ζ) Legal/map speed limit
vmin(s), vmax(s) Road speed limits from digital map
Nc Number of speed clusters used in observer
H Prediction horizon length
µ Mean of measurement noise
σ Standard deviation of measurement noise
Gi Gear ratio in gear i

ηi Drivetrain efficiency in gear i

rw Effective wheel radius
ωe Engine angular speed
ne Engine speed (rpm)

Variables

vL(s) Speed of the leading vehicle at distance s

aL(s) Acceleration of the leading vehicle at distance s

ṽL Measured (noisy) speed of the leading vehicle
ãL Calculated acceleration of the leading vehicle using speed
f̃Lf Estimated force-to-mass ratio of the leading vehicle
ṽLsel Selected useful speed measurement of the leading vehicle
f̃Lfsel Selected useful calculated force-to-mass ratio of the leading vehicle
d̃L(s) Cumulative distance s

α̃L(s) Road slope angle at distance s

b Coefficient vector for leading vehicle force-to-mass model
φ Regressor vector for observer linear model
ϕ(vL) Integrated regressor vector over speed interval
f̃Lsupj Maximum force-to-mass ratio in j-th speed cluster
ṽLsupj Corresponding speed value in j-th cluster
v̂L(ζ) Predicted future speed trajectory of the leading vehicle
âL(ζ) Predicted acceleration trajectory of the leading vehicle
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δL(ζ) Overspeed classification result (binary indicator)
FLw Wheel traction force of the leading vehicle
FLw max Maximum wheel traction force of the leading vehicle
FLbrk Braking force of the leading vehicle
Froll Rolling resistance force of the leading vehicle
FLair Aerodynamic drag acting on the longitudinal dynamics
Fg Gravitational force of the leading vehicle
Fα Composite of gravitational and rolling forces of leading vehicle
Ev Kinetic energy of the leading vehicle
vset Ego vehicle set speed reference
vref, tref Reference speed and time trajectory for MPC
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1
Introduction

This chapter presents the background, related work, problem statement, and scope
of the thesis, explaining the motivations and objectives of the research.

1.1 Background

Road freight transportation plays a crucial role in global logistics but is also a
major contributor to CO2 emissions and fuel consumption [1]. Heavy-duty Vehicles,
while representing less than 5% of the global vehicle ownership, are responsible for
more than 25% of on-road CO2 emissions globally in 2020 [2]. In the European
Union, HDVs represent only 4% of the total fleet but are responsible for 30% of CO2
emissions [3]. Over time, the projected contribution of HDVs to on-road emissions
in the EU will grow from the current one-third to roughly 40% by 2020 and 45% by
2030 [4].
To address this issue and meet sustainability goals, there is a growing need to im-
prove the energy efficiency of HDVs. While much effort on hardware improvements
has been made to minimize energy losses, an attractive, hardware-independent al-
ternative is to apply "Eco-driving" technology. It is found that eco-driving is a
relatively low-cost and immediate measure to reduce fuel consumption and emis-
sions. The major factors influencing fuel consumption and emissions that a driver
has control over are acceleration/deceleration, driving speed, route choice, and idling
[5]. Eco-driving strategies typically adjust vehicle speed based on road topography
[6]. For instance, slowing down before a steep descent and then disengaging the
clutch to "free-roll" throughout the downhill segment converts potential energy at
the hilltop into kinetic energy, thereby minimizing brake usage and energy loss [7].
Another key tactic is maintaining a close following distance behind a leading HDV
to reduce aerodynamic drag on the ego vehicle. Relevant research has shown that by
forming a platoon and optimizing the energy management strategy with techniques
such as model predictive control, energy efficiency can be improved by up to 10% in
highway driving simulations [8].
Eco-driving strategies that minimize the following distance can reduce aerodynamic
drag and improve fuel economy. Still, they also increase the likelihood of rear-end
collisions when the lead vehicle brakes abruptly, which requires more frequent brak-
ing and potentially increases fuel consumption. Mitigating these safety risks requires
ego vehicle access to the leading HDV’s future accurate speed plan via reliable V2X
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1. Introduction

communication. However, accurately obtaining such a speed plan is difficult due to
the surrounding traffic conditions, and the behavior of the human driver is inher-
ently unpredictable [9]. Even when a future speed plan exists, V2X links may suffer
from latency, packet loss, or complete outages, either due to technical limitations or
simply low adoption rates in certain regions.

1.2 Previous Work
By adopting a robust speed prediction method, vehicles can effectively maintain
energy efficiency even in scenarios lacking direct communication, as illustrated in
Figure 1.1. In such cases, the future speed trajectory of the leading vehicle remains
unknown and must be estimated in real-time. Existing research on leading vehicle
prediction generally falls into three categories.
The first category assumes the leading vehicle maintains a constant speed throughout
the prediction horizon [10]. While simple, this approach is inadequate for heavy-
duty vehicles (HDVs) operating in hilly terrains, where vehicle mass and limited
engine power result in significant speed variations.
The second category applies data-driven, learning-based approaches such as Vector
Autoregressive (VAR) models [11] and Deep Reinforcement Learning (DRL) [12].
These methods rely on large amounts of historical data to infer future trajectories
and often achieve higher accuracy in controlled or well-sampled scenarios. However,
such methods pose several challenges. First, they demand substantial computa-
tional resources and are sensitive to training coverage. In particular, generalization
in online settings can be poor. If a specific driver or vehicle type is not present in
the training data or simulation domain, prediction performance may degrade sig-
nificantly. Second, these approaches often lack physical interpretability, making it
difficult to validate, verify, or integrate with existing safety or control modules.
The third category consists of physics-based modeling approaches, which predict
the leading vehicle’s speed profile based on estimated engine power and road gra-
dient [13]. More recent developments in this direction propose stochastic, chance-
constrained observers that learn a probability distribution over vehicle acceleration
or power capability from sensor measurements [14]. These approaches offer better
theoretical guarantees and can be integrated with eco-driving controllers to yield
modest energy savings. However, they also face critical limitations. Most notably,
they often assume uniform probability over the feasible acceleration set, which does
not reflect real driving behavior. Moreover, they are highly sensitive to noise and
cannot easily distinguish between reliable and misleading observations. As a re-
sult, their predictive performance deteriorates in complex terrain, especially during
downhill coasting or variable driver behavior.
This thesis builds upon the physics-based framework by incorporating machine
learning modules into both the observer and the predictor. Instead of treating all
measurements equally, the proposed system actively evaluates the likelihood that a
given observation is informative or "useful" for prediction. This improves robustness
against noise and enhances adaptability to context. By learning from real-world
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1. Introduction

data in an online fashion, the method aims to more accurately model the underly-
ing distribution of driver actions and environmental influences. The resulting speed
predictions are then used by the eco-driving controller to support energy-efficient
driving, even in the absence of explicit inter-vehicle communication.

Ego HDV Leading HDV

Figure 1.1: Ego HDV follows a leading HDV in hilly terrain (adapted from [13]).

1.3 Problem Statement
The goal of this thesis is to create an integrated, learning-based observer-predictor
structure that delivers highly accurate forecasts of a leading Heavy-duty Vehicle’s
future speed trajectory on hilly roads when no V2V communication is available. The
predicted trajectory will be combined with an existing predictive energy manage-
ment controller to cut fuel consumption while maintaining a safe following distance.
In this structure, the observer must infer, in real-time and from noisy measurements,
the leading HDV’s maximum acceleration capabilities on uphill segments. The re-
sulting estimate is then provided to the predictor, which, together with forthcoming
road-slope information, generates a reliable forecast of the leading vehicle’s future
speed profile.
Based on the objectives, the research is structured around the following questions:

• Data filtering - Which filtering approach best suppresses sensor measure-
ment noise in the observed vehicle speed signal without distorting its dynamic
characteristics?

• Observer design - How can machine learning techniques be embedded within
a physics-based observer to estimate the leading vehicle’s maximum accelera-
tion capability with high accuracy and robustness?

• Trajectory prediction - How can the estimated maximum acceleration ca-
pability and road-slope preview be fused to predict the leading vehicle’s future
speed trajectory across the look-ahead horizon?

• Real-time implementation - What update logic and computational archi-
tecture ensure that the observer-predictor loop runs within the timing con-
straints of an automotive electronic control unit?

• Performance and evaluation - To what extent does the proposed method
improve the accuracy and robustness of leading vehicle speed prediction, rel-
ative to baseline strategies, in both simulation and real-world driving data?

3



1. Introduction

1.4 Scope and Limitations
This thesis develops an observer–predictor structure that requires only two in-
puts—measured speed and a preview of upcoming road slope—to estimate a leading
vehicle’s dynamic properties. Hence, the method is agnostic to vehicle class (passen-
ger car or heavy-duty vehicle); the only operational difference lies in the applicable
highway speed limit.
Key assumptions and boundaries are as follows:

• Sensor noise and residual error: Measured speed signals always contain
noise. While the filtering and learning-enhanced observer aims to suppress
disturbances, perfect accuracy is unattainable. Residual estimation error will
persist, and in practice, the ACC system’s selected “leading” vehicle deter-
mines which target is observed and predicted.

• Terrain focus: The observer infers the leading vehicle’s maximum accel-
eration capability, which concentrates on uphill segments. Real-world uphill
platooning is relatively rare, so real driving-cycle logs will serve for preliminary
validation, but controlled simulation data, where slope and traffic conditions
can be held constant, will be used for final performance evaluation.

• Dynamic modeling simplifications: Only longitudinal dynamics are mod-
eled; lateral motions (e.g., lane changes or cornering) are excluded. Environ-
mental factors such as weather, road-surface variability, and tire–road friction
fluctuations are assumed constant. The road-slope preview is drawn from an
ideal, onboard digital map and is treated as noise-free.

• Evaluation constraints: Due to time and resource limitations, no on-road
heavy-duty vehicle field tests will be conducted. All validation will rely on
Volvo’s simulation platform and existing logged datasets from real truck driv-
ing cycles. The available driving-cycle logs were collected from ICE trucks
rather than electric trucks, which is expected to have a minor effect on the
powertrain modeling.

1.5 Thesis Structure Overview
Following this introduction, Chapter 2 establishes the theoretical groundwork by
summarizing the fundamental concept and theory of this thesis. Chapter 3 then
frames the research problem, describing the observer–predictor system architecture
and the objectives it must fulfill. Chapter 4 explains the proposed methodol-
ogy in detail, covering the design of the noise-robust observer, the physics-informed
predictor, and their real-time integration. Chapter 5 presents results from simula-
tions and logged driving cycles, assessing accuracy and benchmarking the approach
against existing techniques. Chapter 6 interprets these findings, discusses limi-
tations, and possible failing cases. Finally, Chapter 7 concludes the thesis, sum-
marizing the main contributions and outlining directions for future research and
development.

4



2
Theoretical Background

This chapter reviews the fundamental theoretical concepts and models related to this
thesis, including vehicle longitudinal dynamics, powertrain modeling, data filtering,
anomaly removal techniques, machine learning approaches, and convex optimization
problems.

2.1 Leading Vehicle Longitudinal Dynamics
This section derives the distance domain model for the longitudinal motion of the
leading vehicle by taking into account traction, braking, aerodynamic drag, rolling
resistance, and gravitational forces. Specifically, an expression for the acceleration
is derived as a function of wheel force, brake force, road slope, and air drag, setting
the stage for parameter identification in later chapters.

𝛼

𝐹𝐿𝑏𝑟𝑘

𝐹𝐿𝑎𝑖𝑟

𝐹𝐿𝑤

𝐹𝑟𝑜𝑙𝑙

𝐹𝑔

Figure 2.1: The force analysis of the leading HDV’s longitudinal dynamics

Only the forces acting along the vehicle’s longitudinal axis are considered, as lateral
effects are neglected in this thesis. Let s denote the traveled distance along the road
center-line, vL(s) the speed of the leading vehicle (LV), and mL its mass. Adopting
the distance domain (so that d( · )

dt
= vL

d( · )
ds

), the energy balance reads

dEv(s)
ds

= FLw(s) + FLbrk(s) − Fα(s) − FLair(s) (2.1)

where the kinetic energy is Ev(s) = 1
2mLv2

L(s). Each term in Equation (2.1) repre-
sents a physical contributor to the longitudinal dynamics and is detailed below.

5



2. Theoretical Background

(i) Wheel force FLw: This is the net traction delivered to the tire by the power-train
after accounting for drivetrain efficiency. It is positive when propelling the LV and
zero during free-rolling.
(ii) Brake force FLbrk: Produced by the service brakes, it is always opposed to
the direction of travel. Following the sign convention in Equation (2.1), FLbrk < 0
implies mechanical energy removal.
(iii) Gravitational and rolling forces Fα: A road segment of slope angle αL(s)
introduces the composite force

Fα(s) = mL g
[
sin αL(s) + cLr cos αL(s)

]
(2.2)

where g = 9.81 m/s2 and cLr is the rolling-resistance coefficient, assumed constant.
(iv) Aerodynamic drag FLair: Assuming incompressible flow, the quadratic air
drag is

FLair(s) = 1
2 ρa cLd ALf v2

L(s) (2.3)

with ρa the air density, cLd the drag coefficient, and ALf the frontal area of the LV.

Differentiating Ev and substituting into Equation (2.1) yields the distance-domain
acceleration model

aL(s) = FLw(s) + FLbrk(s) − FLair(s)
mL

− g
[
sin αL(s) + cLr cos αL(s)

]
(2.4)

where aL(s) = dvL

ds
vL is the derivative of speed with respect to distance.

When the LV accelerates at full throttle and the brakes are released FLbrk(s) = 0,
the wheel force equals its envelope FLwmax(vL). Assuming FLw(s) = FLwmax(vL), we
define the maximum wheel force as

FLwmax(vL) = FL0 + PL max

vL(s) (2.5)

where FL0 is a constant traction force term used for curve fitting and PL max the
engine’s maximum delivered power; both are unknown to the ego vehicle and will
be identified by the observer. Substituting FLwmax into Equation (2.4) gives

aL(s) =
FLwmax(vL) − 1

2ρacLdALfv2
L(s)

mL

− g
[
sin αL(s) + cLr cos αL(s)

]
(2.6)

2.2 Vehicle Model
The leading vehicle is modeled as a point mass with the powertrain illustrated in
Figure 2.2. The driving cycle logs and simulation logs in this thesis are collected
using an ICE truck. However, since the longitudinal dynamics apply to all vehicles
regardless of powertrain type, the analysis is also valid for battery electric vehicles.
The only slight difference is the modeling of the ICE and electric motor, which
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2. Theoretical Background

Figure 2.2: The assumed powertrain configuration of the leading vehicle.

will be elaborated on in the next chapter. The maximum wheel force is defined
in Equation 2.5, which directly represents the maximum power produced by the
powertrain. Therefore, the energy losses occurring in the conversion from the ICE
or electric motor to the actual wheel force are not considered in this thesis.

2.3 Model Simplification for HDVs with ICE
Previous research in this field focused on HDV with electric motors, where a constant-
torque region at low speed necessitates a nonzero bias term [13], which holds maxi-
mum wheel force to follow Equation (2.5) strictly. In this thesis, research would be
generic for HDV with all types of engines, but evaluation is implemented on HDVs
with ICE, whose torque–speed characteristic lacks such a plateau [15]. This dif-
ference motivates simplifying the Vehicle Dynamics model to reduce computational
complexity.

Inner approximation of engine torque limit
In this study, the conditions in which the engine operates at maximum power (blue
marker in Figure 2.3) and the torque produced under these conditions (red marker
in Figure 2.3) are considered. Two models are implemented to fit the ICE torque
data:

T (ω) = a + b

ω
, a ≥ 0, b > 0, (a, b) = arg min

a,b≥0

∑
i

[
T (ωi) − (a + b

ωi
)
]2

(2.7)

T (ω) = b

ω
, b > 0, b = arg min

b>0

∑
i

[
T (ωi) − b

ωi

]2
(2.8)

Fitting results show that model (2.8) attains residuals statistically indistinguishable
from model (2.7), with the estimated bias term a in model (2.7) approaching zero.
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Figure 2.3: Engine specification [24]

Wheel Force–Speed Mapping
Using the fitted torque curve Te(ωe), wheel force for gear i is computed by

Fw,i(ωe) = Te(ωe) Gi ηi

rw

(2.9)

and vehicle speed by
vi = ωe

Gi

rw, ωe = 2π

60 ne (2.10)

Figure 2.4 compares the force–speed curves (60 - 120 km/h) obtained from mod-
els (2.7) and (2.8) across gears 9–12 of the engine used in simulation.

Figure 2.4: Approximation results using simplified model 2.8

In this way, the maximum wheel force can be simplified from 2.5 to:

FLwmax(vL) = PL max

vL(s) (2.11)
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2. Theoretical Background

These observations confirm that the constant term a is unnecessary for the ICE
approximation. Since all the available data logs were recorded with ICE trucks,
the results of this thesis will be analyzed without the constant term. However, for
electric trucks, the constant term can still be included in the modeling. Omitting a
reduces the parameter estimation to a single scalar b, which provides the following
benefits for subsequent convex optimization: faster solver convergence and reduced
computational complexity.

2.4 Data Filtering
Analysis of multiple sensor measurements and corresponding ground truth values
from available datasets indicates that the measurement noise follows a zero-mean
Gaussian white noise distribution. Noise statistics, including mean and standard
deviation, can be reliably estimated. Under these conditions, the Wiener filter
provides the optimal linear solution for signal denoising in the sense of minimum
mean square error (MMSE) [16].

Wiener Filter for Speed Measurement Denoising
In this thesis, the Wiener filter considers a measured signal y(t) that is modeled as
the sum of the true signal x(t) and additive noise n(t):

y(t) = x(t) + n(t) (2.12)

Where n(t) is zero-mean white Gaussian noise with known power spectral density
Sn(f), and x(t) is the underlying noise-free signal.
To design a linear time-invariant filter H(f) that minimizes the expected squared
estimation error:

min
H(f)

E
[
|x(t) − x̂(t)|2

]
(2.13)

The signal is transformed into the frequency domain via the Fourier transform. Let
f denote the frequency variable, and let Y (f) = F{y(t)}, X(f) = F{x(t)}, and
N(f) = F{n(t)} denote the Fourier transforms of the measured signal, true signal,
and noise, respectively.
The optimal Wiener filter in the frequency domain is given by:

H(f) = Sx(f)
Sx(f) + Sn(f) (2.14)

where:
• Sx(f) = E[|X(f)|2]: Power spectral density (PSD) of the true signal;
• Sn(f) = E[|N(f)|2]: PSD of the noise.

The filtered estimate X̂(f) = H(f) ·Y (f) attenuates frequencies dominated by noise
while preserving signal-rich components. Finally, the denoised time-domain signal
x̂(t) is obtained by the inverse Fourier transform of X̂(f).
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2. Theoretical Background

According to classical estimation theory, the Wiener filter achieves the minimum
MSE among all linear estimators, provided that the signal and noise are stationary
and their spectral characteristics are known.

2.5 Anomaly Removal Techniques

Anomaly detection methods are widely used in the banking, insurance, and stock
trading industries to identify fraudulent activities. In the context of leading vehicle
speed measurements, noise is introduced due to sensor inaccuracies and other exter-
nal factors, and this noise persists even after applying a Wiener filter. Consequently,
when calculating the maximum acceleration capability of the leading vehicle based
on these speed measurements, it is necessary to remove anomalous data points to
uncover the true underlying behavior. This requires incorporating anomaly removal
techniques into the analysis process. This section summarizes the commonly used
anomaly detection approaches and selects a certain method to apply to the leading
vehicle speed measurement data.

2.5.1 Parametric Statistical Method
Z-score For approximately Gaussian data, the two-sided Z-score:

zi = xi − µ

σ
(2.15)

Where µ and σ are the sample mean and standard deviation, measures the deviation
of each observation xi. Points with |zi| > 3 (or another user-defined threshold) are
flagged as anomalies because they sit far away from the majority of the data.

IQR The inter-quartile-range (IQR) [17] rule is widely used for quick anomaly
screening, relies only on sample quartiles, and therefore makes no distributional
assumptions. For a univariate sample {xi}, let Q1 and Q3 denote the first and third
quartiles; the inter-quartile range is

IQR = Q3 − Q1

Quartiles divide a sorted dataset into four equal parts; Q1 marks the 25th percentile,
and Q3 marks the 75th percentile. Observations lying outside the fence

[
Q1 − 1.5 IQR, Q3 + 1.5 IQR

]
are flagged as mild outliers, while those beyond Q1−3 IQR or Q3+3 IQR are deemed
extreme. Because the calculation involves only sorting and simple arithmetic, it is
computationally trivial and well-suited for on-board, real-time anomaly removal in
speed-sensor data streams.

10



2. Theoretical Background

2.5.2 Unsupervised Learning Method
K-means clustering K-means [18] is one of the most popular clustering meth-
ods, it partitions an unlabeled data set into K clusters by iteratively assigning each
point to the nearest centroid (measured with Euclidean distance) and recomputing
centroids. In an anomaly-detection setting, points that lie beyond a chosen dis-
tance threshold from their closest centroid—or that end up in a very small cluster
when K = 2 — are treated as outliers. The method is computationally light and
parameter-sparse (only K), which has the potential to be used in real-time on-board
for leading vehicle maximum force-to-mass ratio computation.

Isolation Forest Isolation Forest [19] builds many random isolation trees that
keep splitting a small, randomly chosen subset of the data. Normal points look
similar to many others and end up deep in the trees, while anomalies are “few and
different” and are isolated after only a handful of splits. The algorithm simply
converts the average path length h(x) needed to isolate a point into an anomaly
score

s(x) = 1 − h(x)
hmax

so values of s(x) close to 1 indicate likely outliers. Isolation Forest is fast, requires
only two settings (subsample size and number of trees), and makes no assumptions
about the data distribution, which makes it well suited for real-time sensor streams.

2.5.3 Gaussian Process Regression
Gaussian Process Regression (GPR) is a non-parametric Bayesian method that mod-
els a distribution over functions, making it especially effective for noisy time-series
data like leading vehicle speed measurements. A key strength of GPR is its ability
to quantify predictive uncertainty, providing not just a mean estimate of a signal
but also a variance that reflects confidence. This feature is crucial for distinguishing
true anomalies from normal fluctuations caused by sparse data or sensor noise.
Let the latent (noise-free) speed signal be f(x). The prior can be written as:

f(x) ∼ GP
(
m(x), k(x, x′)

)
where m(x) = E[f(x)] (set to zero after de-meaning) and k is a kernel function(for
example the squared-exponential) encoding input similarity. Given n observations
at times x = [x1, . . . , xn], the corresponding outputs f = [f(x1), . . . , f(xn)]⊤ follow:

f ∼ N (0, K), Kij = k(xi, xj)

Assuming Gaussian measurement noise ε ∼ N (0, σ2
n), the observed speeds y = f +ε

are distributed as:
y ∼ N (0, K + σ2

nI)
For a new time point x∗ define

k∗ = [k(x1, x∗), . . . , k(xn, x∗)]⊤, k∗∗ = k(x∗, x∗)
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The posterior predictive distribution is:

µ∗ = k⊤
∗

(
K + σ2

nI
)−1

y, σ2
∗ = k∗∗ − k⊤

∗

(
K + σ2

nI
)−1

k∗ (2.16)

The posterior mean µ∗ gives a smooth estimate of the true speed, while the variance
σ2

∗ measures uncertainty. Anomalies are flagged based on standardized residuals:

ri = | yi − µi |
σi

Values exceeding a defined threshold (e.g. ri > 3) are considered anomalies. This
thresholding adapts naturally to the data: since σi increases in regions with fewer or
more uncertain observations, the method avoids over-flagging edge points or sparse
intervals, making it well-suitable for anomaly removal.

2.6 Machine Learning
Machine learning (ML) provides data-driven techniques for learning predictive mod-
els from observations without explicit programming. Supervised learning, which in-
fers a mapping from inputs to known outputs, is employed in this thesis using three
foundational methods: linear regression for continuous estimation, logistic regres-
sion for binary classification, and artificial neural networks for capturing nonlinear
relationships.

2.6.1 Linear Regression
Linear regression models a continuous output y as a weighted sum of input features
x = [x1, . . . , xp]⊤:

ŷ = β0 +
p∑

j=1
βjxj (2.17)

And estimates parameters by minimizing the mean squared error:

β = arg min
β

n∑
i=1

(
yi − β0 −

p∑
j=1

βjxij

)2
(2.18)

Closed-form solutions exist via the normal equations, making linear regression a
simple yet powerful baseline for regression tasks.

2.6.2 Logistic Regression
Logistic regression adapts linear modeling to binary outcomes by linking input fea-
tures to class probability through the logistic (sigmoid) function:

p(x) = 1
1 + exp

(
−[β0 + ∑p

j=1 βjxj]
) (2.19)
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with β fitted by maximizing the log-likelihood:

β = arg max
β

n∑
i=1

[
yi ln p(xi) + (1 − yi) ln(1 − p(xi))

]
(2.20)

Logistic regression yields probabilistic outputs and interpretable coefficients, suitable
for classification tasks.

2.6.3 Neural Network

𝑥1

𝑥2
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ℎ2

𝑦

𝑤11

𝑤12

𝑤21

𝑤22

𝑤1
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𝑏1

𝑏2

Figure 2.5: Simple sketch of a basic architecture of a neural network

Artificial neural networks (ANNs) are layered, trainable models that learn complex,
nonlinear mappings between inputs and outputs by emulating the weighted connec-
tions of biological neurons. In a feed-forward network of depth L, an input vector
x ∈ Rd0 is propagated through successive affine transformations and element-wise
nonlinearities,

xℓ = σ
(
Wℓxℓ−1 + bℓ

)
, ℓ = 1, . . . , L (2.21)

where Wℓ ∈ Rdℓ×dℓ−1 and bℓ ∈ Rdℓ are the weights and biases, and σ(·) is the acti-
vation function, which in this thesis is the tangent sigmoid function. With at least
one hidden layer and a non-polynomial activation, such networks form a universal
function approximation.

Learning mechanism Given labeled samples {(x(i), y(i))}N
i=1, the trainable pa-

rameters of the network are defined as θ = {θℓ}L
ℓ=1, where θℓ = {Wℓ, bℓ} denotes the

weights and biases of the ℓ-th layer. These parameters are obtained by minimizing
a differentiable loss function, such as cross-entropy for classification. Gradients ∇θL
are computed efficiently via back-propagation [20] and updated using stochastic gra-
dient descent or an adaptive variant such as Adam; regularization techniques (e.g.,
Dropout, weight decay, early stopping) are applied to mitigate overfitting.

Probabilistic output For binary decisions, the final layer reduces to a single
logistic unit p̂ = σ(w⊤xL−1 + b), providing a probability p̂ ∈ (0, 1) that the input
belongs to the positive class. Multi-class tasks employ a softmax function to yield
a probability vector that sums to one. A threshold (e.g. p̂ > 0.9) is chosen in
this thesis to convert this soft decision into a crisp label, thereby enabling the re-
moval of anomalies - unwanted data points. Such probabilistic outputs have proved
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valuable in vehicular applications ranging from fuel-consumption prediction [21] to
driving-power forecasting [22].
Because ANNs capture the nonlinear interplay between vehicle speed, road gra-
dient, and engine state, they outperform linear models such as logistic regression
when detecting operating points of special interest—here, those associated with high
power demand. Their flexibility and real-time inference speed—assuming a moder-
ate network size (i.e., limited depth L and layer width dℓ)—make them attractive
for on-board use in the observer–predictor framework developed later in this thesis.

2.7 Convex Optimization Problem
Convex optimization provides the mathematical backbone for estimating the leading
vehicle’s maximum force–to–mass ratio. A (finite-dimensional) optimization prob-
lem is convex when both the objective and all inequality constraints are convex
functions, while the equality constraints are affine. The standard form of a convex
optimization problem reads

minimize
x∈Rn

f(x)

subject to gi(x) ≤ 0, i = 1, . . . , m

Ax = b

(2.22)

where
• f : Rn →R is a convex cost function;
• gi : Rn →R, i = 1, . . . , m are convex inequality functions;
• Ax = b collects all affine equality constraints.

Key properties follow immediately from convexity: any local minimizer is globally
optimal, and efficient interior-point or active-set solvers are guaranteed to converge
to this optimum.
If f and every gi are affine, the problem reduces to a linear programming (LP)

minimize
x∈Rn

cTx + d

subject to Gx ≤ h

Ax = b

(2.23)

whose feasible set is a polyhedron and whose solution algorithms (simplex, barrier
methods) enjoy polynomial or even near-linear complexity in practice.
The estimation of the maximum force-to-mass ratio ultimately leads to a linear
programming problem because the observer is formulated with a linear objective
(least absolute deviation) and polyhedral constraints derived from measured speed
limit bounds and HDV’s physical properties. Hence, all guarantees of strictly con-
vex optimization—existence of a unique global optimum and availability of fast
solvers—apply directly, making the approach both robust and computationally effi-
cient for on-board implementation.
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3
System Architecture Overview

This chapter presents the overall system architecture used in this thesis, detailing
the module of the observer and predictor of the leading vehicle and the information
flow between them.

𝑣𝑠𝑒𝑡 𝑣𝑟𝑒𝑓, 𝑡𝑟𝑒𝑓

𝑎𝐿𝑚𝑎𝑥(∙)

𝐹𝑤 , 𝐹𝑏𝑟𝑘

෤𝑣, ǁ𝑡

෤𝑣𝐿, ෥α𝐿

𝑣𝐿, 𝑡𝐿

Figure 3.1: System architecture overview [13].

Figure 3.1 sketches the closed-loop structure adopted in this thesis, which is adapted
from the eco-driving framework proposed in [13]. The signal flow proceeds from
top to bottom and from left to right; solid lines denote on-board measurements or
computed signals, while dashed lines indicate information retrieved from an onboard
digital map or cloud-accessible map database.

Topographic and traffic information An electronic horizon module supplies
future road-slope data α(s) and speed limits vmin(s), vmax(s) for the look-ahead hori-
zon. These previews are broadcast to both the ego reference predictor and, via the
dashed arrow, to the leading vehicle observer block.

Leading vehicle observer A substantial part of this thesis focuses on the leading
vehicle observer module. From noisy speed measurements ṽL(s) and their filtered
derivative ãL(s), together with the previewed road slope, the observer estimates the
leading vehicle’s maximum acceleration capability where the unknown parameters
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such as (PL max, cLdALf )/mL are identified online by solving a convex linear pro-
gramming problem. Robust data pre-treatment removes measurement spikes and
inaccuracies with polynomial fitting and Z-score filtering, or by directly selecting
points that operate at maximum power via a pre-trained neural network. The re-
maining samples are clustered in speed space to keep computational and memory
demands low.

Leading vehicle predictor The other key focus of this thesis is the leading
vehicle predictor module. Using the freshly estimated aL max(·), it constructs the
leading vehicle’s future speed profile (vL(ζ|s), tL(ζ|s)) over the horizon ζ ∈ [s, s+H],
based on the minimum of the legal speed limit and a comfort-bounded acceleration
profile along the slope preview. An online learning approach is integrated to handle
real-world uncertainties and deviations from ideal engine power used, enhancing the
accuracy and robustness of the prediction.

Model Predictive Controller (MPC) The MPC receives three sets of informa-
tion: the road-aware ego reference (vref , tref), the leading vehicle’s trajectory (vL, tL),
and the ego vehicle’s current state (ṽ, t̃). At every preset time or distance interval,
it solves a receding-horizon optimal control problem that minimizes a weighted sum
of fuel rate, ride comfort, and slack variables while satisfying:

• longitudinal dynamics
• road-speed limits
• actuator bounds Fw min ≤ Fw ≤ Fw max and Fbrk ≤ 0
• a safety headway constraint t(ζ|s) ≥ tL(ζ|s) + th min

The optimizer outputs wheel traction Fw and brake force Fbrk, which are applied
to the powertrain (“System” block). Measured ego speed ṽ and time t̃ close the
feedback loop.

Information flow and hierarchy Two prediction loops run in parallel: one cen-
tered on the unknown leading vehicle (observer + predictor) and one centered on the
ego vehicle (reference predictor). The MPC sits at the junction of these loops, blend-
ing their outputs to generate a fuel-optimal yet safe speed plan. By estimating the
leading vehicle’s maximum acceleration capability rather than assuming constant
speed, the architecture anticipates speed losses on hills, allowing the ego vehicle to
pre-adjust its velocity, avoid unnecessary braking, and exploit aerodynamic drag
reduction — thereby achieving the desired eco-driving strategy.
This architecture forms the baseline on which the subsequent chapters build. Chap-
ter 4 details the design of the learning-based leading vehicle observer and predictor,
and Chapter 5 presents their accuracies and potential impact on energy efficiency.

16



4
Learning-based

Observer-Predictor Structure
Design

This chapter introduces a learning-based observer–predictor structure designed to
estimate and forecast the speed trajectory of a leading vehicle using onboard sensors
and a look-ahead digital map. The architecture combines a modular observer for
real-time parameter estimation with an adaptive predictor that accounts for road
conditions and driving behavior. By integrating data-driven filters and online learn-
ing techniques, the system improves accuracy and adaptability in dynamic highway
environments. The overall design emphasizes computational efficiency and suitabil-
ity for real-world deployment.

4.1 High-level Architecture Overview

Real time data flow
Speed, Road slope

Leading vehicle observer
Start / Receive new frame

Online Optimizer

Update sliding window

Apply wiener filter

Neural NetworkPolynomial Fitting

Anomaly removal module

Leading vehicle predictor

Start / Receive new frame

Online Predictor

Update sliding window

Online Learning Model

Record past frame

Future speed
trajectory

Figure 4.1: High-level architecture of the learning-based observer-predictor struc-
ture

Figure 4.1 summarizes the real-time Learning-based Observer-Predictor Struc-
ture. The system processes real-time data collected by the onboard sensors, which
measure the speed of the leading vehicle and receive slope preview information from
the onboard computer. These two inputs are fed into the system.
First, the data is passed to the leading vehicle observer. Within the observer, the
data is stored in a data buffer, which keeps track of the leading vehicle’s object ID.
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If the ID of the leading vehicle changes, the newly received data will not be stored
in the same buffer. This ensures that the buffer only retains information relevant to
estimating the current leading vehicle.
A sliding window mechanism is employed to manage the amount of data stored in the
buffer. As more data accumulates, solving the polynomial fitting problem becomes
more time-consuming and requires more memory. The sliding window controls the
buffer size, ensuring that the system processes a manageable and relevant subset of
the data.
Once the data buffer contains sufficient continuous measurements from the same
leading vehicle, the data is passed to the Polynomial Fitting Filter. The Neural
Network Filter depends on the output coefficient b from the Polyfit Filter to
perform its prediction. Therefore, the Polyfit Filter, which uses a statistical and
robust approach, runs before the neural network, which typically provides more
precise results. These two filters operate sequentially.
Each filter produces suitable "speed, force-to-mass ratio" pairs, which are then passed
to the online optimizer. The term "force-to-mass ratio" will be introduced in more
detail in Chapter 4.2. The optimizer formulates a convex optimization problem
based on these inputs and solves it to determine the final parameter b. This param-
eter reflects the maximum acceleration capability of the leading vehicle. The result
is then forwarded to the leading vehicle predictor, where the future speed trajectory
of the leading vehicle is estimated and generated.
The leading vehicle predictor module receives the estimated maximum acceleration
capacity and real-time kinematic data of the leading vehicle from the observer. It
initially computes a baseline future speed trajectory under the assumption that
the leading vehicle operates at its maximum acceleration. To address deviations
caused by real-world factors, such as downhill segments or variable driver behavior,
historical data are continuously recorded and used to update an online regression
model. This model learns to correct acceleration estimates over time, enabling the
generation of a refined and more reliable prediction of the leading vehicle’s future
speed trajectory.

4.2 Leading Vehicle Observer Design
The detailed design of the learning-based leading vehicle observer is illustrated in
Figure 4.2. From the longitudinal modeling in Section 2.1, the maximum-power
acceleration of the leading vehicle is:

aL max(s) =
FLwmax(vL) − 1

2ρacLdALfv2
L(s)

mL

− g
[
sin αL(s) + cLr cos αL(s)

]
(4.1)

vL(s) is obtained from vehicle sensor readings, and the road-slope preview αL(s) is
known from the onboard digital map. Moreover, since the main application focuses
on highway driving scenarios under normal weather conditions, the rolling resistance
term cLr is considered constant. Therefore, the bracketed gravity–rolling term is
treated as a known disturbance. Removing it from the current equation yields the
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Real time data flow
Speed, Road slope

Leading vehicle observer
Start / Receive new frame

Online Optimizer

Update sliding window

Apply wiener filter

Anomaly removal module

Polynomial Fitting

Physical range filter

Physical outlier removal

Iterative robust Polyfit

Fitted anomaly removal

Neural Network

Assemble raw features

Feature normalization

Neural net inference

Adaptive thresholding

High-prob selector

Calculate 

Confidence-based switch
(If NN confidence > 90%)

Figure 4.2: The overview of the learning-based observer-predictor structure

19



4. Learning-based Observer-Predictor Structure Design

maximum force-to-mass ratio:

fLmax(b, vL) =
PL max
vL(s) − 1

2 ρa cLd ALf v2
L(s)

mL

= φ⊤(vL) b (4.2)

with

φ(vL) =
 v−1

L (s)
−v2

L(s)

 (4.3)

and

b =
 PL max

mL

ρa cLd ALf

2 mL

 (4.4)

Hence, all measurements enter linearly through the regressor φ(vL), while the un-
known vehicle parameters are stacked in b.
The system will get leading vehicle speed measurements and the future road slope
profile. The dataset is described as follows:

D =
{(

ṽ
(1)
L , α̃

(1)
L

)
, . . . ,

(
ṽ

(i)
L , α̃

(i)
L

)}
(4.5)

Where the speed sensor is corrupted by Gaussian noise:

ṽL = vL + e, e ∼ N (0, σ2) (4.6)

Thus, the leading vehicle’s maximum acceleration becomes:

aL max(ṽL) = fL max(b, ṽL) − g
(

sin α̃L(s) + cLr cos α̃L(s)
)

(4.7)

The filtered force-to-mass ratio used by the observer is:

f̃Lf (s) = ãLf (s) + g
(

sin α̃L(s) + cLr cos α̃L(s)
)

(4.8)

Using the filtered force-to-mass ratio f̃Lf , calculated from the leading vehicle’s speed
measurements and future slope preview, the information is passed to both the Poly-
nomial fitting filter and the neural network-based filter. These two filters each
identify the point at which the truck is likely operating at maximum power. The
selected data is then fed into the optimization problem to estimate the leading ve-
hicle’s maximum acceleration capability.

4.2.1 Wiener Filter Design
Let ṽL(t) denote the raw speed measurements of the lead vehicle, and vL(t) the
corresponding ground truth values (obtained from high-resolution reference sensors
or post-processed data). To construct a Wiener filter tailored to this application,
the noise characteristics are estimated using the difference:

e(t) = ṽL(t) − vL(t) (4.9)

This estimation error is assumed to primarily reflect the additive sensor noise.
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Power Spectral Density Estimation

The noise power spectral density Sn(f) is computed using Welch’s method [25]:

Sn(f) = P [e(t)] = P [ṽL(t) − vL(t)] (4.10)

Similarly, the PSD of the noisy signal is estimated as:

SṽL
(f) = P [ṽL(t)] (4.11)

Assuming signal and noise are uncorrelated, the clean signal’s PSD is approximated
as:

SvL
(f) ≈ SṽL

(f) − Sn(f) (4.12)

Filter Computation and Application

The Wiener filter in the frequency domain is:

H(f) = SvL
(f)

SvL
(f) + Sn(f) (4.13)

This frequency-domain filter is applied pointwise to the FFT of the noisy signal:

V̂L(f) = H(f) · ṼL(f)

Where ṼL(f) = F{ṽL(t)}, and the filtered signal is recovered by inverse FFT:

ṽLf (t) = F−1
[
V̂L(f)

]
Implementation Details

In practice, the FFT is computed using a segment length of 1024 samples with 50%
overlap and a Hanning window. The data is sampled at 10Hz, and the resulting
filter H(f) is applied to the full speed signal. The output ṽLf (t) exhibits signifi-
cantly reduced high-frequency noise while preserving the overall shape and temporal
structure of the original trajectory.
This tailored Wiener filter implementation enables reliable speed signal denoising
in the presence of stationary Gaussian noise, which is critical for accurate observer
design in the following components.

4.2.2 Polynomial Fitting Filter
As described in Section 2.5, the polynomial fitting filter employs a polynomial fitting
approach combined with the Z-score method to eliminate anomalous data points.
It takes as input the filtered leading vehicle speed measurements and the calculated
force-to-mass ratio f̃Lf . Within the filter, these inputs first pass through a physical
range filter. Although the speed measurements have already been processed using
a Wiener filter to suppress Gaussian noise, some nonlinear components remain and
can result in unrealistic f̃Lf values. These residual nonlinearities may arise from
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sensor imperfections, unmodeled transient dynamics, or the nonlinear nature of the
force-to-mass computation itself, which can amplify small variations when dividing
or multiplying filtered signals. To address this, the filter imposes bounds on the
acceptable range of f̃Lf based on physical constraints, such as vehicle mass and
engine power, which must conform to known reasonable limits. This establishes a
physically meaningful range for the force-to-mass ratio. Additionally, during the
later stages of the optimization process, only speed values between 25 km/h and 85
km/h are considered, providing further constraints on the dataset. Consequently,
the newly computed "speed–force-to-mass ratio" pairs are filtered to ensure data
robustness.
Once the data pairs have been further filtered to ensure physical feasibility, an iter-
ative polynomial fitting process is performed. In this step, a third-order polynomial
p(v) is defined to model the relationship between vehicle speed and the force-to-mass
ratio. The system repeatedly fits p(v) to the filtered data, computes the residuals,
and excludes any data points whose residuals exceed one standard deviation from the
mean. This process continues for up to five iterations or until no additional anoma-
lies are identified. After the loop concludes, all data points flagged as anomalies are
permanently removed from the dataset. The resulting cleaned dataset, consisting
of the final selected data pairs ṽLPolyfit and f̃LfPolyfit, is then passed to the online
optimization routine.

4.2.3 Neural-Network-based Filter
The neural-network-based filter follows a different approach from the polynomial
fitting filter, which takes a more data-driven path. Rather than removing all anoma-
lies from the dataset, the neural network directly selects data points that it deems
most likely to represent moments when the leading vehicle is operating at maximum
power.
The network is trained offline using a relatively small ego vehicle dataset, as the ego
vehicle records whether its engine is delivering maximum torque—information not
available for the leading vehicle. This labeled dataset serves as the basis for model
training.

Input features For every time step, a five-dimensional feature vector is built:

x =
[
ṽn

L, α̃n
L, b̂n

1, b̂n
2, f̃n

Lf

]⊤
(4.14)

where

• ṽn
L = ṽL − µv

σv

is the normalized leading vehicle speed measurement.

• α̃n
L = α̃L − µα

σα

is the normalized road slope.

• b̂n
1 = b̂1 − µb1

σb1

and b̂n
2 = log10 b̂2 − µb2

σb2

are the normalized elements of the pre-

liminary b̂ vector from the polynomial fitting filter. The second component
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spans several orders of magnitude, hence the base-10 log is taken before nor-
malization.

• f̃n
Lf = f̃Lf − µf

σf

is a physics-inspired helper feature, with

f̃Lf = b̂1

vL

− b̂2v
2
L (4.15)

All statistics (µ and σ) are computed from the training partition only, and reused
at inference time.

Network architecture A compact fully-connected multilayer perceptron is em-
ployed:

Layer Size Activation
Input 5 –
Hidden 1 15 tansig
Hidden 2 15 tansig
Hidden 3 15 tansig
Hidden 4 15 tansig
Hidden 5 15 tansig
Hidden 6 15 tansig
Output 1 logsig

With five inputs and the layer widths above, the model contains

Nparam =
7∑

l=1

(
nl (nl−1 + 1)

)
= 1306

trainable weights and biases—small enough to avoid overfitting yet expressive enough
to capture the operating envelope.

Training data Five real driving logs are used (two Euro cycles and three Brazil
cycles), covering trucks of 35t–75t. In total, roughly N ≈90000 labeled samples were
obtained. The data are randomly split into 70% training and 30% testing. Each
sample is labeled.

y =

1, if Peng ≥ 0.9Pmax

0, otherwise
where Peng is the measured engine power of the ego vehicle, available offline. Because
the positive class is very sparse, we initially bias the output neuron with log(p/(1−p))
(p = positive ratio in the training set) and add an ℓ2 regularizer (λ = 0.1).

Optimization Training uses the scaled conjugate-gradient algorithm (trainscg)
for at most 1500 epochs. The loss is the usual binary cross-entropy

L = − 1
N

N∑
i=1

[
yi log pi + (1 − yi) log(1 − pi)

]
.
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From probability to decision Let p(k) ∈ (0, 1) be the network output at sample
k. The set of valid indices detected at the threshold τ is denoted by Iτ , and its size
by N(τ) :

Iτ =
{
k | p(k) ≥ τ

}
with N(τ) = |Iτ |

A very conservative starting threshold τ0 = 1 is adopted and gradually relaxed in
fixed steps.

τj+1 = τj − ∆τ, ∆τ = 10−5

until at least
N(τj) ≥ Nmin = 5

High-confidence samples have been found. The resulting threshold τ⋆ is then frozen
and the corresponding indices Iτ⋆ define the final set of “maximum-power” observa-
tions (

ṽL NN, f̃Lf NN
)

This adaptive rule guarantees a minimum of five reliable data pairs while keeping the
threshold as high as possible, thus maintaining a strict quality filter with negligible
onboard computational cost.
In summary, the neural network filter brings actual engine-status knowledge into
the observer with only ∼ 1.3 k parameters and negligible on-board cost, yet it
significantly reduces the number of wrongly accepted samples compared with the
purely statistical baseline.

4.2.4 Optimization Problem Formulation
After obtaining the selected "speed–force-to-mass ratio" pairs, each representing a
data point where the leading vehicle is considered to be operating at maximum
power, the coefficient vector b, which contains the unknown parameters of the lead-
ing vehicle, can be identified. This is achieved by minimizing the integral of the
force to mass ratio over all data points within the interval [xL(s0), xL(s)], under the
assumption that the leading vehicle is delivering a force consistent with f̃Lf (ζ) for
all ζ ∈ [xL(s0), xL(s)]. In other words, the optimization problem finds the solution
that minimizes the area under the fitted curve φ⊤

(
ṽLf

)
b, while ensuring it remains

above all the selected "speed–force-to-mass ratio" pairs. The estimation problem can
be formulated as a linear programming (LP) problem:

min
b

∫ xL(s)

xL(s0)
φ⊤

(
ṽLf (ζ)

)
b dζ

s.t. φ⊤
(
ṽLf (ζ)

)
b ≥ f̃Lf (ζ), ∀ ζ ∈ [xL(s0), xL(s)]

b ∈ B

(4.16)

Here, ṽLf (ζ) denotes the measured and filtered leading vehicle speed, and f̃Lf (ζ)
represents the calculated force-to-mass ratio, both obtained from either the polyno-
mial fitting filter or the neural network filter. The set B defines a convex polytope
representing the admissible values of the coefficient vector b. The formulated linear
programming problem (Equation 4.16) is designed to be both computationally and
memory efficient, enabling real-time implementation on onboard systems.
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4.2.4.1 Discard irrelevant data points

As stated previously in Section 4.2.1, the speed measurements are passed through a
Wiener filter to suppress Gaussian noise. The high computational efficiency allows
the filter to reduce noise while preserving the underlying signal pattern. After
applying the filter, the data can be further refined using the following steps:

Highway-driving scenario constraint Since the majority of the project’s ap-
plication will be focused on the high-way driving scenario, a safe assumption is that
the vehicle’s speed will be mainly limited in a certain range [vL min, vL max], with
vL min > 0, and typically vL min = 25km/h, vL max = 85km/h. If the speed drops
under the vL min, it is considered as the outside disturbances that cause the massive
speed drop instead of the limited leading vehicle’s maximum power capability.

Range of interest B The force-to-mass ratio defined in this project essentially
represents the power capability of the leading vehicle. And due to the design of
HDV’s engine and the limitation applied to the mass value. Together with the
aerodynamic drag and the frontal area of the leading HDV, all these values have
to fall into a reasonable range, and as a result, the convex polytope B will pose a
further constraint on the values of the force-to-mass ratio:

φ⊤ (ṽLf ) bmin ≤ fL max (b, vLf ) ≤ φ⊤ (ṽLf ) bmax (4.17)

where:
bmin =

[
PL min
mL max

ρacLdALf

2mL max

]⊤
,

bmax =
[

PL max
mL min

ρacLdALf

2mL min

]⊤ (4.18)

Which defines the upper and lower bounds of the final fitted coefficient vector b.
Data points outside these limits are considered outliers and are discarded. An
illustration of the range of interest is shown in Figure 4.3.

Road slope value constraint Data discarding based on road slope ensures that
only measurements in which the lead vehicle can sustain its set cruising speed are
retained; when a vehicle encounters an incline, the engine must overcome a gravita-
tional component.

Fg = mg
(
sin α + cLr cos α

)
where m is vehicle mass, g is gravitational acceleration and cLr is the rolling-
resistance coefficient. The traction force required at set speed vset is

Freq = ϕT
(
vset

)
b

where ϕ(vset) ∈ Rn is the vector of speed-dependent resistance coefficients and b
the vehicle resistance parameter. Defining the worst-case traction demand with
parameter bmin (corresponding to minimum engine power and maximum vehicle
mass), the minimum critical slope αL min is obtained by solving

ϕT
(
vset

)
bmin − g

(
sin αL min + cLr cos αL min

)
= 0
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Figure 4.3: Filtered speed measurements within the 25 km/h to 85 km/h range
are shown as blue dotted points. The black curve shows the fitted f̃L max. The
range of interest B is illustrated as the gray area; data points outside this region are
considered outliers and are discarded. The red dashed lines denote the segmentation
of speed intervals, and the green filled circles indicate the maximum measured force-
to-mass ratio within each interval.

Which yields the closed-form

αL min = sin−1

 ϕT (vset) bmin
g

− cLr

√
1 −

(
ϕT (vset) bmin

g

)2
+ c2

Lr

1 + c2
Lr


Measurements with local slope αi > αL min are discarded to prevent speed deficits
due to insufficient engine power from biasing subsequent analysis.

4.2.4.2 Change of independent variable

To significantly reduce computational complexity, the independent variable is changed
from distance ζ to speed vL. Consequently, the linear programming (LP) problem
is equivalently reformulated as:

min
b

∫ vL max

vL min
φ⊤(vL)b dvL

s.t. φ⊤(vL)b ≥ FL(vL), ∀vL ∈ [vL min, vL max]
bmin ≤ b ≤ bmax

(4.19)

where
ζ ∈ Z ⊆ [xL(s0), xL(s)]

FL(vL) =
{

f̃Lf (ζ) | ṽLf (ζ) ∈ [vL, vL + dv], ζ ∈ Z
} (4.20)

which represents the measurements of the filtered force-to-mass ratio within a small
speed interval [vL, vL + dv]. The integral of the objective function can be evaluated
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analytically, resulting in: ∫ vL max

vL min
φ⊤(vL) b dvL = ϕ⊤ b (4.21)

with
ϕ =

[
ln

(
vL max
vL min

)
, −v3

L max−v3
L min

3

]⊤
(4.22)

Next, as observed in Figure 4.3, the continuous speed interval [vL min, vL max] is dis-
cretized into Nc clusters, each with a width of ∆v. The set of measurements asso-
ciated with the j-th speed cluster is therefore given by:

FLj =
{

f̃Lf (ζ) | ṽLf (ζ) ∈ [vL min + (j − 1)∆v, vL min + j∆v], ζ ∈ Z
}

(4.23)

Moreover, instead of imposing constraints on all measurement data pairs, it is suf-
ficient to ensure that the maximum force-to-mass ratio points in each speed cluster
satisfy the constraints, since the LP problem aims to identify the maximum force-
to-mass ratio of the leading vehicle. This information is particularly useful for
subsequent speed trajectory prediction in the upcoming leading vehicle predictor.
Therefore, the speed range is partitioned into clusters, and in each cluster, only the
supremum is retained:

f̃Lf max j = max
{

f̃Lf (ζ) : ṽLf (ζ) ∈ cluster j
}

(4.24)

with the corresponding speed denoted as ṽLf max j. The maximum force-to-mass ratio
points can be identified in Figure 4.3, shown as large green points. The LP problem
can then be further reduced to:

min
b

ϕ⊤ b

s.t. φ⊤
(
ṽLf max j

)
b ≥ f̃Lf max j, j = 1, . . . , Nc

b ∈ B

(4.25)

where ϕ is the analytical integration of φ over the interval [vL min, vL max], and Nc

is the number of clusters. The final LP problem only requires storing Nc pairs of
ṽLf max j, f̃Lf max j, which is significantly fewer than what is required in the formu-
lation from Equation 4.19. This greatly reduces the computational and memory
demands, making the algorithm suitable for real-time onboard prediction.

4.2.4.3 Additional constraints on the LP problem

The formulations in Equation (4.25) apply two types of limits: (i) the cluster–supremum
requirement and (ii) the convex polytope B. To ensure that the fitted curve remains
physically realistic across the whole speed range, two further shape constraints are
imposed on the first and second derivatives of the model.
Bounded first derivative: The slope of the curve:

f ′(v) = −b1

v2 − 2 b2 v
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Figure 4.4: The output of the optimization problem is the fitted black curve, which
represents the estimated maximum force-to-mass ratio. This curve is defined by the
coefficient vector b, calculated using the LP problem described in Equation 4.25.
The true maximum power capability of the leading vehicle is represented by the
blue curve, which closely follows the black curve. The green hollow points indicate
anomalies that were removed after applying the polynomial fitting filter.

quantifies how fast the available force decays with speed. By substituting the ex-
treme admissible parameters

(
b1 max, b2 max

)
and

(
b1 min, b2 min

)
. The linear inequal-

ity constraint on the first derivative can be obtained as follows:

f ′
low(v) ≤ f ′(v) ≤ f ′

up(v) ∀v ∈ [vL min, vL max] (4.26)

where
f ′

low(v) = −b1 max

v2 − 2b2 maxv

f ′
up(v) = −b1 min

v2 − 2b2 minv

(4.27)

The constraint prevents the fitted f̃L max curve from dropping too slowly or too
steeply, thus guaranteeing a reasonable deceleration profile.
Convexity (non-negative second derivative): The second derivative of the
fitted function is given by

f ′′(v) = 2b1

v3 − 2b2 (4.28)

which results from differentiating the model f(v) = b1
v

− b2v
2. Physically, convexity

(f ′′(v) ≥ 0) means that as the vehicle speed increases, the available acceleration
decreases at an accelerating rate.

−b1 + b2 v3
i ≤ 0 (4.29)

If convexity is not enforced, the fitted curve may exhibit non-physical behavior, such
as bending downward, implying that aerodynamic drag decreases at higher speeds,
which contradicts basic vehicle physics. More generally, without such constraints,
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the fitted function could deviate arbitrarily and produce unrealistic trends. To
ensure physical feasibility and model stability, the condition f ′′(v) ≥ 0 is imposed
across the full speed interval.

Complete four-constraint LP problem Collecting the new rows (4.26)–(4.29)
together with the existing constraints lead to the final linear programming problem:

min
b

ϕ⊤ b

s.t. φ⊤
(
ṽLf max j

)
b ≥ f̃Lf max j, j = 1, . . . , Nc

bmin ≤ b ≤ bmax

f ′
low(v) ≤ f ′(v) ≤ f ′

up(v), ∀v ∈ [vL min, vL max]
−b1 + b2 v3 ≤ 0

(4.30)

29



4. Learning-based Observer-Predictor Structure Design

4.3 Leading Vehicle Predictor Design

This section introduces a modular framework for predicting the future speed of
the leading vehicle. Based on a model-driven baseline method, two learning-based
enhancements are proposed to improve adaptability and robustness in the presence
of uncertainty, such as driver variability and road slope-induced behavior.

4.3.1 Baseline Method

The baseline predictor follows the general principle established in prior work on
non-communicative eco-driving scenarios, where the leading vehicle’s future plan is
unknown. In [13], the leading HDV is assumed to aim for maintaining the legal speed
limit vmax, but may fail to do so on uphill segments due to limited engine power.
Consequently, a model-based predictor is used to estimate future speed based on the
available power capability and road gradient. The predictor selects the minimum
between setting cruise control speed and the integrated acceleration profile, using
the estimated aLmax as input. This setup has shown effective fuel savings when used
in model predictive control frameworks, without relying on explicit communication
between vehicles.

4.3.1.1 Overview of Existing Approach

Since the leading HDV’s future driving plan is unknown, the baseline model assumes
that the vehicle attempts to maintain a predefined cruise control speed, denoted as
vmax. This value typically corresponds to the road speed limit or a slightly lower
setting defined by the driver. In the absence of active braking, the vehicle is expected
to maintain or attempt to reach this cruising speed whenever feasible.
When facing uphill segments, the HDV may be unable to maintain vmax due to
limited engine power. In such cases, the vehicle is assumed to accelerate at the
maximum available engine rate aLmax.
With estimation from observer b̂, speed measurement ṽL(s), slope information α̃L(s)
and distance record d̃L(s) , aLmax can be calculated based on equation:

aLmax(s) =
FLwmax(ṽL) − 1

2ρacLdALfv2
L(s)

mL

− g
[
sin α̃L(s) + cLr cos α̃L(s)

]
(4.31)

The predicted speed is then computed as the minimum of:
• the cruise control speed vmax(ζ | s)
• the speed derived by integrating the available acceleration from the last ob-

served speed.
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Formally, the speed prediction is given by:

v̂L(ζ | s) = min
{

vmax(ζ | s),

ṽL(s) +
∫ ζ

ζL(s)
min

{
acomfort

vL(p | s) ,
aLmax(s)
vL(p | s)

}
dp

}
,

∀ ζ ∈
(
x̃L(s), s + H

] (4.32)

Where:
• v̂L(ζ | s): predicted speed of the leading vehicle at position ζ, given observation

time s;
• ṽL(s): observed speed at the last known position x̃L;
• ζL(s): current position of the leading vehicle;
• acomfort: a predefined constant limiting acceleration for comfort; (in this model,

it is fixed constant);
• aLmax(s): maximum vehicle acceleration available at position s;
• H: prediction horizon in spatial coordinates.

4.3.1.2 Workflow

𝑎𝐿𝑚𝑎𝑥(∙)

෤𝑣𝐿 𝑠
෥α𝐿 𝑠 + 1 , … ෥α𝐿 𝑠 + 𝐻
෨d𝐿 𝑠 + 1 , … ෨d𝐿 𝑠 + 𝐻

𝑎𝐿𝑚𝑎𝑥 ∙ ,
𝑣𝑠𝑒𝑡

ො𝑣𝐿 𝑠 + 1 , … ො𝑣𝐿 𝑠 + 𝐻

ො𝑣𝐿 𝑎𝐿𝑚𝑎𝑥

min(𝑣𝑠𝑒𝑡, ො𝑣𝐿 )

Figure 4.5: The overview of the Baseline Predictor Structure: forecasting leading-
vehicle speed by integrating maximum engine acceleration, constant comfort accel-
eration, and fixed cruise/speed-limit constraint.

4.3.1.3 Limitations

The baseline predictor assumes that the leading vehicle always operates at maximum
engine power when not constrained by road limits. However, in real-world driving,
especially during downhill coasting or partial throttle, the vehicle often deviates
from this assumption, leading to over-conservative speed predictions.
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Additionally, the cruise speed vmax used as a limit in the model is a static driver-
defined value or a system setting (usually close to the speed limit), which does not
adapt to context or driving behavior. Moreover, the comfort acceleration acomfort is
implemented as a constant parameter and, in practice, has little effect in constraining
the final prediction due to the dominance of the engine limit. The model also lacks
the ability to account for driver-specific variability or contextual factors such as
traffic or braking, which limits its generalization in varied environments.

Improvement To overcome these limitations, two online learning-based enhance-
ments were introduced:

1. Overspeed classification module: Dynamically adjusts the speed limit
using data-driven decisions.

2. Acceleration regression module: Learns the vehicle’s behavior in real time.

4.3.2 Integrated with Online Overspeed Classification

4.3.2.1 Motivation

While the baseline method limits predicted speed using a fixed value vset, logged
data indicates that the leading vehicle may exceed this speed, especially when tran-
sitioning from uphill to downhill. This occurs due to momentum and gravity and is
highly dependent on vehicle mass. These overspeed events are difficult to capture
with rule-based models.
Empirical investigation of the feature distribution—specifically vehicle speed, road
slope, and lookahead horizon—reveals complex nonlinear patterns and high variabil-
ity in overspeed occurrences. These characteristics motivate the use of a machine
learning-based classification method. A logistic regression model is selected due
to its interpretability and suitability for online inference, enabling the predictor
to adaptively detect and respond to overspeed cases with improved flexibility and
accuracy.

4.3.2.2 Workflow

1) Future speed prediction The baseline speed update rule is modified to ac-
count for overspeed classification:

v̂L(ζ | s) = min
{

v̂max(ζ | s),

ṽL(s) +
∫ ζ

ζL(s)
min

{
acomfort

vL(p | s) ,
aLmax(s)
vL(p | s)

}
dp

}
,

∀ ζ ∈
(
x̃L(s), s + H

] (4.33)

v̂max(ζ | s) =

vlimit(ζ | s), if classified as overspeed δ̂ = 1

vset(ζ | s), otherwise δ̂ = 0
(4.34)

Where:
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• v̂max(ζ | s): future possible maximum speed (to be predicted);
• vset(ζ | s): fixed cruise control speed;
• vlimit(ζ | s): legal road speed limit;

• δ̂: binary decision variable.

2) Online Classifier Training To identify cases of overspeed, a logistic regression
classifier is used on historical data in a sliding window of size W . For each time s,
the feature vector is:

x(s, h) =

 v(s)
α(s + h)

h

 and δ(s, h) =

1, v(s + h) > vset

0, otherwise.

where v(s) is the current speed, α(s + h) is the previewed slope h steps ahead. The
predicted probability is:

p̂(s, h) = 1
1 + exp(−β⊤x(s, h))

where β is the learned parameter vector. If p̂ > 0.5, the predictor lifts the constraint
from vset to vlimit.
Model training minimizes the negative log-likelihood over available labeled samples.
This model will repeat the prediction over the horizon to get a vector of decision
variables δ̂(s + 1), ...δ̂(s + H).

𝑎𝐿𝑚𝑎𝑥(∙)

෤𝑣𝐿 𝑠
෥α𝐿 𝑠 + 1 , … ෥α𝐿 𝑠 + 𝐻
෨d𝐿 𝑠 + 1 , … ෨d𝐿 𝑠 + 𝐻

𝑎𝐿𝑚𝑎𝑥 ∙ ,
𝑣𝑠𝑒𝑡 , 𝑣limit෤𝑣𝐿 𝑠 − W , … ෤𝑣𝐿 𝑠 − 1

෥α𝐿 𝑠 − 𝑊 , … ෥α𝐿 𝑠 − 1
෨d𝐿 𝑠 − 𝑊 , … ෨d𝐿 𝑠 − 1

ො𝑣𝐿 𝑠 + 1 , … ො𝑣𝐿 𝑠 + 𝐻

መ𝛿𝐿 𝑠 + 1 ,… መ𝛿𝐿 𝑠 + 𝐻

ො𝑣𝐿 𝑎𝐿𝑚𝑎𝑥

መ𝛿 × min 𝑣limit, ො𝑣𝐿 + 1 − መ𝛿 × min 𝑣𝑠𝑒𝑡, ො𝑣𝐿 

መ𝛿𝐿 = 1 𝑖𝑓 𝑜𝑣𝑒𝑟𝑠𝑝𝑒𝑒𝑑,
መ𝛿𝐿 = 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Figure 4.6: The overview of the Online Overspeed Classification Predictor Struc-
ture: real-time logistic regression on vehicle speed and road slope to dynamically
switch between set cruise speed and legal speed limit for speed forecasting.
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4. Learning-based Observer-Predictor Structure Design

4.3.3 Integrated with Online Acceleration Regression

4.3.3.1 Motivation

The baseline approach assumes a fixed value for the comfort acceleration acomfort,
which is used to cap the predicted acceleration in the interest of ride comfort. How-
ever, in real-world driving, this parameter effectively reflects the driver’s actual
acceleration behavior, which can vary significantly with context, terrain, and driv-
ing habits. Using a constant value fails to capture such variation and often leads to
either overly conservative or inaccurate predictions.
Analysis of logged driving data shows that the actual acceleration behavior is in-
fluenced by both the instantaneous vehicle speed and the upcoming road slope.
However, the relationship between these variables and the applied acceleration is
nonuniform and varies across situations. The distribution of observed acceleration
responses suggests that fixed-rule models cannot capture this variability effectively.
Therefore, instead of treating acomfort as a static constant, this method dynamically
estimates it using a regression model trained on recent data. The model predicts
the expected driver-induced acceleration based on past data, allowing the predictor
to better adapt to context-specific and driver-specific behavior.

4.3.3.2 Workflow

1) Online Model Training To capture recent driving behavior, a model is
trained using the historical data in a sliding window of size W .

• Record data: speed vL(t−W :t), slope αL(t−W :t), and cumulative distance dL(t−W :t).
• Compute time intervals and observed accelerations:

∆ti = Di+1 − Di

vi

, ai = vi+1 − vi

∆ti

, i = t − W, . . . , t − 1

• Fit a linear regression model with inputs and labels:

Xi = [vi, αi+1], yi = ai

âcomfort ≈ β0 + β1v + β2α

Then the model will repeat the prediction over the horizon to get a vector of
future comfort accelerations âcomfort(s + 1), ... âcomfort(s + H).

• The model can be replaced or extended by more expressive learners (e.g.,
CNNs, RNNs) to enhance adaptability for a dataset with more patterns.
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2) Parallel Speed Prediction

2.1) Learning-based prediction:

v̂L(learning)(ζ | s) = min

 vmax(ζ | s),

ṽL(s) +
∫ ζ

ζL(s)
min

{
âcomfort(s)
vL(p | s) ,

aLmax(s)
vL(p | s)

}
dp


(4.35)

Where:
• âcomfort(s): future possible comfort acceleration at position s (to be predicted);
• vlimit(ζ | s): legal road speed limit.

2.2) Model-based prediction (same as 4.3.1):

v̂L(Model)(ζ | s) = min
{

vmax(ζ | s),

ṽL(s) +
∫ ζ

ζL(s)
min

{
acomfort

vL(p | s) ,
aLmax(s)
vL(p | s)

}
dp

}
,

∀ ζ ∈
(
x̃L(s), s + H

] (4.36)

When the model-predicted speed is less than or equal to the set cruise speed, the
model is trusted; otherwise, the learning-based prediction is used.

2.3) Final fused prediction:

v̂L(ζ | s) =

v̂L(learning), otherwise

v̂L(Model), if v̂L(Model) ≤ vset(ζ)
(4.37)
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𝑎𝐿𝑚𝑎𝑥(∙)

෤𝑣𝐿 𝑠
෥α𝐿 𝑠 + 1 , … ෥α𝐿 𝑠 + 𝐻
෨d𝐿 𝑠 + 1 , … ෨d𝐿 𝑠 + 𝐻

𝑎𝐿𝑚𝑎𝑥 ∙ ,
𝑣𝑠𝑒𝑡෤𝑣𝐿 𝑠 − W , … ෤𝑣𝐿 𝑠 − 1

෥α𝐿 𝑠 − 𝑊 , … ෥α𝐿 𝑠 − 1
෨d𝐿 𝑠 − 𝑊 , … ෨d𝐿 𝑠 − 1

ො𝑣𝐿 𝑠 + 1 , … ො𝑣𝐿 𝑠 + 𝐻

෤𝑎𝐿 𝑠 − 𝑊 , … ෤𝑎𝐿 𝑠 − 1

ො𝑎𝑐𝑜𝑚𝑓𝑜𝑟𝑡 𝑠 + 1 ,… ො𝑎𝑐𝑜𝑚𝑓𝑜𝑟𝑡 𝑠 + 𝐻

ො𝑣𝐿 using  min( ො𝑎𝑐𝑜𝑚𝑓𝑜𝑟𝑡, 𝑎𝐿𝑚𝑎𝑥)

 

ො𝑣𝐿 𝑎𝐿𝑚𝑎𝑥

𝑖𝑓 ≤ 𝑣𝑠𝑒𝑡 ?
𝑡𝑟𝑢𝑒

+ +

Figure 4.7: The overview of the Online Acceleration Regression Predictor Struc-
ture: linear regression of comfort acceleration from historical data combined with
maximum engine acceleration and speed-limit constraints to produce adaptive speed
predictions
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5
Results

This chapter presents the evaluation of the proposed learning-based observer–predictor
structure through simulation and real-world driving data. The performance of the
observer and predictor components is assessed separately to provide a clear under-
standing of their contributions. Various anomaly removal techniques and observer
configurations are tested to identify the most accurate estimation strategy for the
leading vehicle’s parameters. The predictor’s accuracy is then benchmarked against
conventional baselines and two proposed learning-based enhancements under repre-
sentative driving cycles. Overall, the results demonstrate the structure’s accuracy
and effectiveness in various scenarios.

5.1 Evaluation metric and setup

The evaluation will be conducted in two stages, as the estimation of the leading
vehicle’s future speed trajectory is carried out using a learning-based observer and
predictor architecture. The performance of both components will be evaluated sep-
arately.
The performance of different anomaly removal techniques is evaluated, along with an
assessment of the observer’s accuracy by comparing the estimated coefficient b with
its true value. Then, the performance of the predictor is evaluated by comparing
the predicted speed trajectory with the actual speed trajectory.
Two types of data sources will be used for evaluation. The first data source comes
from Volvo’s internal simulation platform, where parameters such as vehicle mass
and driving cycles can be specified. The second source consists of real driving cycle
logs recorded during field tests conducted by Volvo.
When evaluating the observer, since the dynamics of the leading vehicle are unknown
in the real driving cycle data logs, the evaluation will be performed using the ego
vehicle. In this case, the ego vehicle’s speed is treated as the leading vehicle’s
speed, and the estimated results are compared with the known parameters of the
ego vehicle.
For the evaluation of the predictor, due to the assumption of a simple speed dynamics
profile for the leading vehicle in Volvo’s current simulation platform, two simulations
of the ego vehicle with different vehicle masses will be used. One will act as the
leading vehicle and the other as the ego vehicle.
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5. Results

Compared to the fast-changing conditions and unstable detections in real-world sce-
narios, the simulated data logs provide more stable and continuous signals, making
them suitable for the final demonstration of the predicted trajectory.

5.2 Anomaly removal techniques evaluation
Anomaly removal techniques play an important role in processing data after apply-
ing a Wiener filter to the speed measurements. The performance of the anomaly
removal method used directly affects the quality of the data fed into the optimiza-
tion problem, and therefore influences the final estimation of the leading vehicle’s
maximum acceleration capability. As introduced in Section 2.5, both parametric and
non-parametric statistical methods, as well as GPR, can be employed for anomaly
removal. An iterative GPR approach has been explored; however, the algorithm
requires a large amount of time, and testing has confirmed that it is not suitable for
real-time applications. Therefore, Gaussian Process Regression will not be consid-
ered in the subsequent evaluation steps.
In this thesis, three methods are explored: Isolation Forest, KNN clustering, and
recursive polynomial fitting based on the Z-score approach. The evaluation is con-
ducted using logs generated by Volvo’s internal simulation platform, along with real
logs recorded during field tests.

Test technique configuration All three anomaly removal techniques are im-
plemented in MATLAB R2021a and applied to the same pre-processed input, i.e.,
paired speed measurements and corresponding calculated force-to-mass ratios

(
ṽL, f̃Lf

)
,

which have already been denoised using a Wiener filter and limited to the physically
meaningful speed range defined in Section 4.2.4.1.

• Isolation Forest (IF): The feature vector
[
ṽL, f̃Lf

]⊤
was used to train an isola-

tion forest model with a contamination fraction of 0.25, meaning that at most
25% of the samples could be flagged as anomalies.

• KNN Clustering (KNN): A pairwise distance matrix was constructed for the
force-to-mass ratio only. For each point, the average distance to its k = 5
nearest neighbors was computed. A sample was declared an anomaly if the
average exceeded µ.

• Recursive polynomial fitting (Recursive Polyfit): A fourth-order polynomial
was iteratively fitted to the valid

(
ṽL, f̃Lf

)
pairs. After each fit, the residuals

were screened with a two-sided Z-score threshold of ±2σ. Detected outliers
were masked, and the procedure was repeated for up to three iterations or
until no new outliers appeared.

The above hyperparameters were selected based on multiple preliminary experiments
to ensure strong performance within each method’s respective category. Unless
otherwise noted, these parameters are kept constant throughout all experiments.
Anomalies identified by each method are removed from the dataset before solving
the optimization problem to generate the most accurate estimation of the leading
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vehicle’s maximum acceleration capability. The results are shown in Table B.1.

Table 5.1: Calculated vector b with different anomaly–removal techniques under
various driving-cycle logs (Refer to the appendix Table A.1 for a record of all results).

Driving cycle IF KNN Recursive Polyfit btrue

Simulated Logs

Log 1 (85t)

 3.86

5.68 × 10−5

  5.51

3.43 × 10−5

  4.23

3.43 × 10−5

  4.39

3.62 × 10−5


Log 4 (55t)

 5.82

3.43 × 10−5

  6.56

3.43 × 10−5

  7.22

3.43 × 10−5

  6.78

5.6 × 10−5


Real-world Logged Data

Log 10 (EU)

 7.73

5.24 × 10−5

  8.90

5.24 × 10−5

  8.67

5.24 × 10−5

  8.58

7.44 × 10−5


Log 12 (BRA)

 6.20

5.19 × 10−5

  13.99

5.19 × 10−5

  6.97

5.19 × 10−5

  5.17

6.08 × 10−5



Method performance evaluation To quantify how closely each anomaly re-
moval technique reproduces the ground truth vector btrue, two standard distance-
based metrics are computed over all 13 driving cycle logs:

• MAE (Mean Absolute Error): 1
N

∑N
i=1∥bi − bi,true∥2

• RMSE (Root Mean Square Error):
√

1
N

∑N
i=1∥bi − bi,true∥2

2

where ∥·∥2 is the Euclidean norm, and N = 13. Because the second element (air
drag) of each vector is roughly 105 times smaller than the first element, it is normal-
ized so that both elements contribute comparably to the final metric. The calculated
evaluation metrics are shown in Table 5.2.

Table 5.2: Accuracy of anomaly removal techniques after scaling the second ele-
ment of b by 105 (lower is better).

Method MAE RMSE
Isolation Forest (IF) 3.55 4.61
k-Nearest Neighbors (KNN) 4.98 6.05
Recursive Polyfit (RP) 3.25 4.29

Recursive Polyfit consistently achieves the lowest MAE and RMSE, indicating that
it removes anomalous measurement points most successfully and is more effective
than the other two alternatives. Isolation forest ranks second, while KNN is the
least accurate. Consequently, Recursive Polynomial Fitting is selected as the
anomaly removal technique for further analysis, offering the best overall accuracy
and robustness across both simulated and real-world driving cycles.
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5.3 Observer Accuracy
The learning-based observer aims to accurately estimate the acceleration capability
of the leading vehicle, which will be further used by the predictor to forecast the final
speed trajectory. The acceleration capability can be effectively represented by the
coefficient vector b, which contains all the unknown parameters such as the leading
vehicle’s mass, engine maximum power, etc. Therefore, the observer is evaluated by
comparing its estimate of b with the corresponding ground truth vector.
To benchmark the proposed observer, three alternative estimation strategies are
considered:

• NN without b: As described in the observer design, the feature vector used
by the neural network consists of four elements, one of which is the coeffi-
cient b obtained from the preliminary estimation by the polynomial fitting
filter. In this method, the same neural network is used but without including
the coefficient b in the feature vector. This serves as one of the comparison
baselines.

• Polynomial fitting: This method solely uses polynomial fitting to estimate
the coefficient b, without incorporating any machine learning techniques. It
relies purely on statistical characteristics to perform the prediction.

• Polyfit + NN Filter: As described in the observer design, this method
combines the polynomial fitting filter and the neural network filter. This is
the method used in the final system, and its output is fed into the leading
vehicle predictor.

It is worth mentioning that all the methods listed above filter the data pairs and
select the target sample points. All the final selected "speed-force-to-mass" ratio
pairs are then fed into the optimization problem, which outputs the final coefficient
vector b.

Test technique configuration All three evaluation methods are implemented
in MATLAB R2021a and applied to the same pre-processed input. Both neural
networks require a pretrained model, and the training details of these models are
provided in Section 4.2.3. The combination of Polyfit and neural network logic
follows the procedure used in observer design. The evaluation results are shown in
Table B.2.
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Table 5.3: Observer accuracies with different estimation methods under various
driving cycle logs (Refer to the appendix Table A.2 for a record of all results).

Driving cycle NN without b Polyfit Polyfit + NN btrue

Simulated Logs

Log 1 (75t)

 6.06

3.43 × 10−5

  4.53

3.43 × 10−5

  5.18

3.43 × 10−5

  4.97

4.11 × 10−5


Log 4 (35t)

 10.95

3.43 × 10−5

  10.45

3.43 × 10−5

  10.95

3.43 × 10−5

  10.66

8.81 × 10−5


Real-world Logged Data

Log 5

 7.83

5.74 × 10−5

  16.91

5.74 × 10−5

  12.70

3.45 × 10−4

  12.98

1.74 × 10−4


Log 6

 5.77

5.24 × 10−5

  10.64

5.24 × 10−5

  8.41

5.24 × 10−5

  8.58

7.43 × 10−5



Similar to the anomaly removal technique evaluations, the output of different ap-
proaches is assessed using MAE and RMSE. A total of N = 12 logs are used in the
experiments, and the second element of each vector is normalized so that both ele-
ments contribute comparably to the final metric. The calculated evaluation metrics
are shown in the Table 5.4.

Table 5.4: Observer accuracy comparison after scaling the second element of b by
105 (lower is better).

Method MAE RMSE
NN without b 12.37 15.90
Polynomial fitting 7.09 12.79
Polyfit + NN 6.92 11.13

After normalizing the scale of both elements, the combination of polynomial fit-
ting and neural network yields the lowest MAE and RMSE, outperforming both
standalone polynomial fitting and the neural network variant. The neural network
without the feature b performs the worst, as expected. However, the polynomial fit-
ting approach still delivers solid performance and does not lag significantly behind.
The improvement in the combined approach comes from the neural network’s ability
to identify data pairs with the highest probability of operating at maximum power,
which are then directly fed into the optimization step. For this reason, the Polyfit
+ NN approach is selected as the final structure of the learning-based observer.
The results also show that, when more real-world driving logs are included, the
error increases compared to the values in Table 5.2, which primarily uses simulation
logs. Therefore, in real-world implementation, noise still prevents the algorithm
from accurately estimating the vector b.
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5.4 Predictor Performance

To comprehensively evaluate the effectiveness of the proposed predictor workflows,
the following baseline methods and proposed enhancements are considered for com-
parison (All predictor inputs used are the outputs of the most performing observer):

Benchmark Approaches

• Benchmark 1 (Constant Speed Predictor): Assumes the leading vehicle
maintains a constant speed equal to its current value throughout the prediction
horizon. This method does not involve any observer or model.

• Benchmark 2 (Maximum Acceleration Predictor 4.3.1): Utilizes a
physics-based observer that assumes the leading vehicle always accelerates at
its maximum engine capacity, constrained by road slope and comfort bounds.

Proposed Approaches

• Proposed 1 (Overspeed Classification Predictor 4.3.2): Enhances the
baseline model by identifying downhill overspeed events using a logistic classi-
fier. When overspeed is predicted, the model lifts the fixed speed cap vset and
allows prediction up to the road speed limit to improve accuracy.

• Proposed 2 (Acceleration Regression Predictor 4.3.3): Trains an online
linear regression model using recent vehicle dynamics data to estimate accel-
eration under varying conditions. The final speed prediction is chosen from
either the learning-based or model-based result, depending on the scenario.

The aforementioned baselines and proposed methods are evaluated on two repre-
sentative driving cycles, DC-1 and DC-2, under identical total travel distance con-
straints. The comparative performance across these scenarios is illustrated in Figure
5.3 and Figure 5.6. These baselines represent widely adopted strategies in the eco-
driving domain and provide a meaningful benchmark for assessing the effectiveness
of the proposed learning-based predictors.

Evaluation Metrics for Predictor Performance

The following metrics and analysis strategies have been adopted to quantify accuracy
and performance gains:

• Prediction Accuracy:

– Root-Mean-Square Error (RMSE): For N trajectories each sampled at K
points over a prediction horizon,

RMSE =

√√√√√ 1
N K

N∑
i=1

K∑
j=1

(
vpred

ij − vtrue
ij

)2
,
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– Mean-Absolute Error (MAE):

MAE = 1
N K

N∑
i=1

K∑
j=1

∣∣∣vpred
ij − vtrue

ij

∣∣∣ ,

providing a robust average deviation measure.
– Mean-Absolute Percentage Error (MAPE):

MAPE = 100%
N K

N∑
i=1

K∑
j=1

∣∣∣∣∣∣v
pred
ij − vtrue

ij

vtrue
ij

∣∣∣∣∣∣ ,

normalizing errors by true speed for fair comparison across varying speed
levels.

• Improvement Rate: Improvement relative to the constant speed predictor
(benchmark 1) is defined as

ImproveRMSE = RMSE1 − RMSEm

RMSE1
× 100%,

with analogous expressions for MAE and MAPE. A positive value indicates
error reduction.

• Full-Cycle vs. Segment Comparison:

– Full-Cycle Evaluation: Metrics are computed over the entire set of pre-
diction instances (all N trajectories with K samples each across the pre-
diction horizon). This provides a comprehensive measure of average ac-
curacy and overall error reduction.

– Segment Evaluation: A critical sub-range of interest is isolated, and only
those trajectories whose start points lie within this segment (Nseg in-
stances) are evaluated. Recomputing RMSE, MAE, and MAPE on this
subset reveals method robustness under the most challenging road con-
ditions (e.g. sustained grade changes include both uphill and downhill
cases).

The outcomes of both full-cycle and segment evaluations are illustrated in Figures
5.4, 5.5, 5.7, 5.8 and detailed in Tables 5.5, 5.6, 5.7, 5.8.

Overview of Driving cycles Two representative driving cycles are selected for
validation and comparative analysis:

• DC-1: A relatively smooth terrain of approximately 90 km in length. The
road includes mild uphill and downhill sections with low slope angles, and the
elevation transitions are gradual. The cycle features moderate topographical
variation with infrequent slope switching, making it suitable for general eco-
driving evaluation.

• DC-2: A more challenging route of approximately 65 km in length. This
cycle contains steeper and more frequent changes in road slope, with rapid

43



5. Results

transitions between ascent and descent. It introduces stronger nonlinearity
in driving conditions and poses higher demands on prediction robustness and
model adaptability.
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Figure 5.1: The predicted speed of the leading HDV overview in DC-1.

Figure 5.2: The predicted speed of the leading HDV overview in DC-2.
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To enable detailed analysis, a 10 km segment with the most complex and represen-
tative topographic variation is selected from each driving cycle. These segments
present the most challenging prediction conditions, making them suitable for high-
lighting the differences among the tested methods.
For DC-1, the interval from 58 km to 68 km is chosen, as it includes both extended
uphill and downhill transitions with mild curvature.

Benchmark 1 Benchmark 2

Proposed approach 1 Proposed approach 2

Figure 5.3: Predicted and actual speed trajectory of the leading HDV over DC-1
in case 1-4
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Figure 5.4: RMSE of four approaches’ prediction over the full cycle in DC-1.

                                 

                

 

 

 

 

 

 

 
 
 
 

                                         

           

           

                   

                   

Figure 5.5: RMSE of four approaches’ prediction over the segment in DC-1.

Method RMSE Improve (%) MAE Improve (%) MAPE Improve (%)
Benchmark 1 2.6228 – 1.2684 – 7.0472 –
Benchmark 2 0.5722 78.18 0.2933 76.88 1.5705 77.72
Proposed 1 0.5062 80.70 0.2609 79.43 1.3864 80.33
Proposed 2 0.5423 79.32 0.2721 78.55 1.4876 78.89

Table 5.5: Global errors and improvement rates in DC-1.

Method RMSE Improve (%) MAE Improve (%) MAPE Improve (%)
Benchmark 1 1.4558 – 1.0639 – 4.7830 –
Benchmark 2 0.7565 48.03 0.4940 53.57 2.1477 55.10
Proposed 1 0.5404 62.88 0.3160 70.29 1.4270 70.17
Proposed 2 0.5392 62.96 0.3064 71.20 1.3601 71.57

Table 5.6: Segment errors and improvement rates in DC-1.
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For DC-2, the segment from 45 km to 55 km is used, featuring sharp slope changes,
frequent undulations, and abrupt transitions, posing significant challenges for tra-
jectory prediction.

Benchmark 1 Benchmark 2

Proposed approach 1 Proposed approach 2

Figure 5.6: Predicted and actual speed trajectory of the leading HDV over DC-2
in case 1-4.
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Figure 5.7: RMSE of four approaches’ prediction over the full cycle in DC-2.

                                 

                

 

 

 

 

 

  

 
 
 
 

                                         

           

           

                   

                   

Figure 5.8: RMSE of four approaches’ prediction over the segment in DC-2.

Method RMSE Improve (%) MAE Improve (%) MAPE Improve (%)
Benchmark 1 5.1276 – 3.6757 – 22.7680 –
Benchmark 2 1.3439 73.79 1.0365 71.80 7.0477 69.05
Proposed 1 1.0264 79.98 0.7863 78.61 4.9450 78.28
Proposed 2 1.2750 75.13 0.9027 75.44 6.5288 71.33

Table 5.7: Global errors and improvement rates in DC-2.

Method RMSE Improve (%) MAE Improve (%) MAPE Improve (%)
Benchmark 1 3.2990 – 2.4367 – 12.3510 –
Benchmark 2 0.9485 71.25 0.7759 68.16 3.7985 69.25
Proposed 1 0.8919 72.97 0.6721 72.42 3.3604 72.79
Proposed 2 0.7433 77.47 0.5358 78.01 2.7888 77.42

Table 5.8: Segment errors and improvement rates in DC-2.
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6
Discussion

This chapter discusses key insights, limitations, and practical considerations related
to the proposed observer–predictor design. It examines the convergence behavior of
the observer under different terrain conditions and analyzes the effectiveness of the
predictors across varying driving scenarios. Real-world challenges such as object ID
switching, sensor noise, and multimodal traffic behaviors are also explored to high-
light potential failure cases. The discussion aims to provide a balanced assessment
of the system’s robustness, adaptability, and applicability in realistic deployment
settings.

6.1 Observer Convergence

As illustrated in Section 2.1, the physical formulation of this problem is based on
the assumption that the leading vehicle operates at maximum power when going
uphill. Similar to what polynomial fitting and neural networks attempt to do, all
methods aim to determine when the leading vehicle is operating at maximum power.
Consequently, the corresponding "speed-force-to-mass" ratio pairs are applied to
calculate the vehicle’s maximum acceleration capability and, ultimately, to predict
the future speed profile.
This logic also raises a concern, which is evident in some of the simulation logs
and real driving cycle logs. If the route the heavy-duty vehicle travels on is too
flat or lacks significant fluctuations, the HDV rarely operates at maximum power.
In such cases, the designed observer-predictor structure struggles to estimate the
maximum power profile. Moreover, for the observer to make a meaningful initial
prediction, the leading vehicle must encounter at least one uphill segment. This
characteristic can also be seen in Figure 6.1. When there are several uphill sections
in the driving cycle, the estimation converges after the vehicle has passed at least
one uphill section. In conclusion, whether the observer can converge depends on the
presence of significant altitude changes in the driving cycle and the timing of the
first uphill segment.
That said, once the uphill driving measurements are fed into the observer, it can
converge relatively quickly, aided by the polynomial fitting filter and the neural
network-based identification. After convergence, the subsequently estimated vector
b may slightly deteriorate in performance compared to earlier estimations. This
is common, as newly introduced measurements can introduce uncertainties, poten-
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Figure 6.1: Evaluation of observer convergence.

tially reducing the effectiveness of anomaly removal filters. In summary, once the
necessary measurements are obtained, the learning-based observer converges quickly
after encountering an uphill, though some estimation deviation may occur due to
the influence of new data.
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6.2 Speed Prediction Performance
In both DC-1 and DC-2, the proposed learning-based predictors show clear improve-
ments over the baseline methods in terms of prediction accuracy and adaptability.
For DC-1, which features smoother terrain and relatively moderate slope changes,
the baseline methods perform reasonably but still exhibit limitations. As shown in
Figure 5.3, Benchmark 1 (constant speed assumption) fails to reflect the vehicle’s ac-
tual speed variation in uphill and downhill segments, especially between 62 km and
64 km. Benchmark 2, which uses the maximum engine acceleration, improves pre-
diction during uphill phases but tends to underestimate the speed during downhill
sections because it does not account for coasting or momentum. In contrast, Pro-
posed approach 1 improves the prediction during these downhill parts by identifying
overspeed cases and lifting the artificial speed cap. Proposed approach 2 further im-
proves prediction by learning acceleration patterns from recent data, resulting in
more accurate speed estimates over varying slopes.
For DC-2, where slope changes are more frequent and sharper, the baseline predic-
tors show significant mismatches. Benchmark 1 often overestimates speed during
uphill segments and underestimates during downhill runs. Benchmark 2 provides
more reasonable predictions in uphill cases but remains overly conservative during
descents. The proposed methods adapt better to these complex conditions. Pro-
posed approach 1 correctly adjusts speed limits when overspeed is likely, improving
downhill predictions. Proposed approach 2 learns the vehicle’s recent behavior in
real time and provides more consistent and accurate speed prediction throughout
the segment, even under rapid slope changes.
In summary, the proposed methods outperform the baselines by reducing prediction
errors in both simple and complex driving environments. Proposed approach 1 is es-
pecially useful for handling short-term downhill overspeed, while Proposed approach
2 provides overall better adaptability by capturing changing driving patterns.
The numerical results in Tables 5.5 - 5.8 confirm that both proposed learning-based
predictors deliver substantial accuracy gains over the two baseline methods in DC-1
and DC-2.
Overall, Proposed 1 excels at correcting short-term downhill overspeed, and Pro-
posed 2 demonstrates superior adaptability across both moderate and steep terrain.
The combined full-cycle and segment evaluations provide a comprehensive validation
of prediction accuracy and method robustness.
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6.3 ID Switching Cases
In real-world driving scenarios, the leading vehicle is unlikely to remain the same
throughout the entire driving cycle, unlike in a simulation environment. Therefore,
the designed leading vehicle speed prediction function is integrated with the Adap-
tive Cruise Control (ACC) system to better adapt to real-world conditions. The
prediction function itself is not responsible for selecting the leading vehicle; this
task is handled by the ACC system. This integration allows the prediction function
to work alongside the ACC system, enhancing safety in practical applications.
If the leading vehicle’s predicted speed is inaccurate, resulting in a dangerously short
following distance or other undesirable behavior, the ACC system will proactively
intervene by braking the ego vehicle to prevent a collision. Thus, the safety boundary
is primarily maintained by the ACC system, while the prediction function focuses
more on driving efficiency and energy management.
As described, the ACC system provides the prediction function with the leading
vehicle’s ID. Consequently, each speed measurement is associated with this object
ID. This allows for accurate estimation of different leading vehicles’ properties and
enables the reuse of previously stored estimation results if a vehicle reappears as the
leading vehicle after temporarily disappearing. Additionally, this stored information
can be uploaded to the cloud for future analysis, potentially accompanied by the
captured images from the camera. This data could serve as commercially valuable
information, as it may include estimates of maximum engine power and aerodynamic
characteristics of other trucks.

6.4 Failing Situations
Even though the proposed method demonstrates solid performance and relatively
accurate estimation of the leading vehicle’s future speed trajectory, there are still
certain scenarios where the method may fail and be unable to generate accurate and
reasonable estimations.

Noisy measurements The leading vehicle’s speed measurements are assumed to
follow a Gaussian distribution, based on the analysis of Volvo’s internal data. How-
ever, if the sensor does not function as expected or unforeseen circumstances occur,
the measurement noise may become significantly non-Gaussian. In such cases, the
anomaly removal module may fail to handle the noise effectively, leading to highly
inaccurate estimates of the maximum acceleration capability. These inaccurate es-
timates cannot be reliably used in the predictor.

No maximum power measurements As discussed in Section 6.1, the physical
formulation of the leading vehicle’s dynamics relies on the assumption that the
vehicle operates at maximum power. If, for any reason, the leading vehicle does not
operate at maximum power, the designed architecture will be unable to capture the
desired properties. Consequently, prediction will fail under these circumstances.
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Lack of continuous detection In real-world driving scenarios, the leading vehi-
cle may change frequently due to other vehicles cutting in or the ego vehicle over-
taking others. In such situations, the system can’t collect continuous measurements
from the same leading vehicle. The object ID may switch before enough data is
gathered to make a reliable prediction. Even if a short sequence of measurements is
successfully collected, it may not include any uphill segments, meaning the vehicle
never operates at maximum power. The need for consistent measurements from the
same leading vehicle, along with the requirement for an uphill scenario, makes it
difficult to validate the current approach using real-world driving logs. This is also
why the predictor’s performance is primarily evaluated using simulation logs, which
provide stable measurements and consistent leading vehicle behavior.

Multimodal driving scenarios in practice The predictors in this study lever-
age only speed and gradient information and do not incorporate real-world fac-
tors such as driver intent, road signage, traffic signals, weather conditions, or in-
teractions with other vehicles. In practice, these elements introduce multimodal
behavior—sudden braking, acceleration for green signals, lane changes or conges-
tion—which can degrade prediction accuracy. Consequently, on datasets capturing
complex, heterogeneous driving scenarios, performance gains may be substantially
lower than those reported here.

55



6. Discussion

56



7
Conclusion & Future Work

This chapter summarizes the main contributions and findings of the thesis, highlight-
ing the effectiveness of the proposed learning-based observer–predictor structure for
future speed estimation of non-communicating leading vehicles. It reflects on the
system’s performance in both simulated and real-world scenarios, and discusses how
its components contribute to improved accuracy and robustness. In addition, the
chapter outlines several directions for future work, including integration with on-
board controllers, real-world field testing, and the development of more advanced
learning models to enhance adaptability and performance in practical applications.

7.1 Conclusion
In this thesis, a learning-based observer-predictor structure was developed to esti-
mate the future speed trajectory of a leading vehicle in non-communicative highway
scenarios. The system is designed to support predictive energy management and
eco-driving strategies, particularly in hilly uphill areas where engine limitations and
elevation changes lead to significant speed variations of the leading vehicle, and also
in downhill areas where potential overspeed may occur.
The proposed observer leverages a hybrid approach that combines recursive poly-
nomial fitting with a neural network-based filter to estimate the leading vehicle’s
maximum acceleration capability from noisy speed measurements and road slope
data. This estimate is then utilized by the predictor module, which forecasts the
future speed profile of the leading vehicle. Two variants of the predictor were pro-
posed—one based on overspeed classification using logistic regression, and the other
based on online linear acceleration regression.
The results from both simulated and real-world driving logs show that the observer
achieves a high degree of accuracy in estimating the physical capabilities of the
leading vehicle. Among the anomaly removal methods considered, recursive polyno-
mial fitting delivered the most consistent performance, and the combined observer
structure (Polyfit + NN) provided the most robust estimation of the force-to-mass
vector.
In terms of speed prediction, both proposed predictor variants outperform baseline
methods in multiple scenarios. The overspeed classification predictor (Proposed 1)
excels in identifying and lifting unnecessary speed caps during downhill segments,
while the regression-based predictor (Proposed 2) provides better adaptability in
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rapidly changing driving environments by learning short-term behavior. Overall,
the integration of these components results in a more reliable and accurate speed
forecast. This improved output can be used in the eco-driving controller or other
ADAS functions, enabling energy-efficient and safer following behavior for the ego
HDV.
In conclusion, the learning-based observer–predictor structure developed in this the-
sis offers a promising and practical solution for predictive energy management in
HDVs, especially in the absence of vehicle-to-vehicle communication. The frame-
work successfully demonstrates how machine learning techniques can be combined
with physical models to overcome challenges posed by uncertainty, limited power,
and noisy real-world signals.

7.2 Future Work

7.2.1 Integration with Volvo’s Controller
Currently, the function operates independently of Volvo’s predictive energy manage-
ment system. From data input to output usage, the thesis code runs in isolation.
The evaluation metric is primarily based on the accuracy of predicting the leading
vehicle’s future speed. However, by integrating this function with Volvo’s predictive
energy management controller, the ego vehicle model could utilize the prediction
data to develop a more efficient eco-driving strategy. With this integration, the fuel
consumption of the ego vehicle can be monitored, and tests can be conducted to
evaluate whether the activated function contributes to fuel savings and improved
eco-driving performance.

7.2.2 In-Vehicle Test
Due to time and resource constraints, the outcome of this thesis has not been tested
on a real Volvo truck as an onboard function. All validations have been performed
using either simulation platforms or pre-recorded driving cycle logs. Therefore,
once the function is integrated with the current onboard systems, field tests are
recommended to evaluate the real-world performance of the proposed learning-based
observer-predictor structure.

7.2.3 Further development on learning model
Future developments will explore the integration of richer multimodal inputs (e.g.,
traffic flow, signal timing, meteorological data) and the design of hierarchical or
hybrid architectures that first classify driving context before applying specialized
speed prediction submodels. Personalized driver behavior modules and lightweight
online adaptation schemes will be investigated to enable real-time tuning of model
parameters. Finally, large-scale field validation on naturalistic driving data sets
will be performed spanning urban, suburban, and highway environments to assess
generalizability and robustness in diverse operational scenarios.
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A
Appendix 1 Simulation

Environment

The simulations were carried out using the following hardware and software config-
urations, as summarized in Table A.1.

Table A.1: Hardware and software configurations

Item Specification
CPU 12th Gen Intel(R) Core(TM) i7-12850HX (2.10 GHz)
RAM 32 GB
Software MATLAB R2021b
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B. Appendix 2 Simulation outputs of the Observer

Table B.1: Calculated vector b with different anomaly–removal techniques under
various driving-cycle logs

Driving cycle IF KNN Recursive Polyfit btrue

Simulated Logs

Log 1 (85t)

 3.86

5.68 × 10−5

  5.51

3.43 × 10−5

  4.23

3.43 × 10−5

  4.39

3.62 × 10−5


Log 2 (75t)

 4.39

3.43 × 10−5

  5.64

3.43 × 10−5

  4.87

3.43 × 10−5

  4.97

4.11 × 10−5


Log 3 (65t)

 5.05

3.43 × 10−5

  6.33

3.43 × 10−5

  5.55

3.43 × 10−5

  5.74

4.75 × 10−5


Log 4 (55t)

 5.82

3.43 × 10−5

  6.56

3.43 × 10−5

  7.22

3.43 × 10−5

  6.78

5.6 × 10−5


Log 5 (45t)

 6.94

3.43 × 10−5

  7.68

3.43 × 10−5

  8.50

3.43 × 10−5

  8.29

6.85 × 10−5


Log 6 (35t)

 8.70

3.43 × 10−5

  8.52

3.43 × 10−5

  10.98

3.43 × 10−5

  10.66

8.81 × 10−5


Log 7 (25t)

 9.09

3.43 × 10−5

  9.65

3.43 × 10−5

  12.22

3.43 × 10−5

  14.92

1.23 × 10−4


Real-world Logged Data

Log 10 (EU)

 7.73

5.24 × 10−5

  8.90

5.24 × 10−5

  8.67

5.24 × 10−5

  8.58

7.44 × 10−5


Log 11 (EU)

 8.71

5.51 × 10−5

  9.63

5.51 × 10−5

  9.71

5.24 × 10−5

  10.19

1.36 × 10−4


Log 12 (BRA)

 6.20

5.19 × 10−5

  13.99

5.19 × 10−5

  6.97

5.19 × 10−5

  5.17

6.08 × 10−5


Log 13 (BRA)

 6.32

5.09 × 10−5

  10.27

5.09 × 10−5

  6.39

5.09 × 10−5

  5.31

6.19 × 10−5


Log 14 (BRA)

 7.44

4.97 × 10−5

  15.56

4.97 × 10−5

  7.56

4.97 × 10−5

  5.47

6.04 × 10−5


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Table B.2: Observer accuracies with different estimation methods under various
driving cycle logs

Driving cycle NN without b Polyfit Polyfit + NN btrue

Simulated Logs

Log 1 (75t)

 6.06

3.43 × 10−5

  4.53

3.43 × 10−5

  5.18

3.43 × 10−5

  4.97

4.11 × 10−5


Log 2 (55t)

 5.96

3.43 × 10−5

  6.11

3.43 × 10−5

  6.30

3.43 × 10−5

  6.78

5.6 × 10−5


Log 3 (40t)

 9.13

3.43 × 10−5

  8.39

3.43 × 10−5

  9.54

3.43 × 10−5

  9.33

7.71 × 10−5


Log 4 (35t)

 10.95

3.43 × 10−5

  10.45

3.43 × 10−5

  10.95

3.43 × 10−5

  10.66

8.81 × 10−5


Real-world Logged Data

Log 5

 7.83

5.74 × 10−5

  16.91

5.74 × 10−5

  12.70

3.45 × 10−4

  12.98

1.74 × 10−4


Log 6

 5.77

5.24 × 10−5

  10.64

5.24 × 10−5

  8.41

5.24 × 10−5

  8.58

7.43 × 10−5


Log 7

 12.2

2.15 × 10−4

  9.37

9.85 × 10−5

  8.42

2.15 × 10−4

  8.84

5.08 × 10−4


Log 8

 16.65

4.26 × 10−5

  11.57

4.26 × 10−5

  7.39

4.26 × 10−5

  8.78

6.04 × 10−5


Log 9

 13.63

4.63 × 10−5

  11.31

4.63 × 10−5

  9.11

2.78 × 10−4

  10.21

1.14 × 10−4


Log 10

 8.73

3.05 × 10−4

  6.3

5.09 × 10−5

  5.14

5.09 × 10−5

  5.31

6.19 × 10−5


Log 11

 3.15

3.03 × 10−4

  6.52

5.05 × 10−5

  5.48

5.09 × 10−5

  5.16

5.92 × 10−5


Log 12

 12.5

2.97 × 10−4

  7.95

4.95 × 10−5

  5.73

4.95 × 10−5

  5.46

6.02 × 10−5


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