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(PMSMs). The system integrates real-time traffic sign recognition with
advanced control strategies to improve speed regulation, energy efficiency,
and ride comfort. A lightweight YOLOvV10-S model is trained to accurately
and quickly detect speed limit signs under diverse conditions. The detected
speed is used as a reference input for a fuzzy PI controller designed using
two approaches: a Linear Quadratic Regulator (LQR) and a robust Hoo
strategy based on a Linear Integral Lyapunov Function (LILF) via Linear
Matrix Inequalities (LMI). Simulation results highlight that the YOLOv10-
S model achieves high accuracy with low detection losses and strong mAP
scores across loU thresholds (0.5-0.95). The proposed control system
demonstrates clear advantages over traditional PID and LQR controllers.
The LILF-based controller achieves a rise time of 5 ms, zero overshoot,
zero steady-state error, and complete rejection of load-induced vibrations.
Meanwhile, the LQR controller ensures energy-efficient operation with a 9
ms rise time and reduced current consumption. By integrating deep
learning perception with robust control techniques, this system enables
autonomous vehicles to dynamically adapt to traffic regulations, resulting
in more accurate speed tracking, smoother driving, and lower energy
consumption, key benefits for real-world electric mobility.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

The transportation sector plays a fundamental role in human life. It facilitates the movement of
people and goods at local, national, and international levels. However, it presents significant
challenges, such as safety, environmental impact, and urban congestion [1]. According to the World
Health Organization (WHO), it is estimated that approximately 1.19 million people will die in 2023
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as a result of road accidents [2]. In light of this alarming statistic, it becomes evident that traditional
longitudinal control of vehicles, which relies solely on driver input to manage speed and braking, has
significant limitations. These systems are heavily dependent on human perception and reaction time,
making them vulnerable to errors, especially in complex or rapidly changing traffic conditions. As a
result, there is an increasing need to adopt intelligent longitudinal control systems that utilize real-
time data, automation, and adaptive algorithms. These advanced systems can assist or even take over
certain driving functions, leading to improved safety, better traffic efficiency, and a reduction in
accident rates.

In this context, thanks to advancements in artificial intelligence, autonomous vehicles (AVs),
aim to improve urban sustainability and safety by interacting seamlessly with infrastructure and the
environment [3]. Indeed, recent advancements in machine vision and deep learning (DL) algorithms,
particularly convolutional neural networks (CNNs), play a crucial role in diverse domains, from
agriculture to transportation [4]—[6]. These algorithms are credited with the emergence and evolution
of autonomous vehicles. CNN-based object detectors, such as You Only Look Once (YOLO) [7], SSD
[8], Cascade R-CNN [9], Faster R-CNN [10], and Fast R-CNN [11], have shown exceptional
capability in detecting and recognizing traffic signs in self-driving mode. These signs are
indispensable for real-time decision-making, ensuring the safety and reliability of autonomous
vehicles in dynamic and unpredictable environments [ 12]-[14].

Among the available object detection technologies, YOLO stands out for its real-time
responsiveness and accuracy, making it a cornerstone of modern autonomous systems. Notably, ten
iterations of the YOLO algorithm—ranging from YOLOvl to YOLOvIO [15]-[23]—have
successively enhanced performance metrics, providing robust and efficient solutions to complex
detection tasks. Traffic sign detection, as a use case of object detection, mirrors the challenges tackled
in other domains, such as insect counting in agriculture, where CNNs have similarly proven to be
optimal solutions [14]. In the transportation sector, region proposal-based and regression methods
remain dominant strategies, yet YOLO’s ability to process information with both precision and speed
has led to its widespread adoption. This progress underscores the vital role of robust object detection
models in addressing global challenges such as road safety and urban mobility. Leaders in this space
must recognize that the accurate identification and interpretation of objects within a scene are not just
technical requirements but foundational enablers for building smarter and safer transportation
systems.

Nevertheless, the transportation of the future must be integrated into a global environmental
framework focused on enhancing energy efficiency and combating climate change by reducing
greenhouse gas emissions [24]. The integrity of AV in the future transport system must be aligned
with contemporary autonomous and electric structures [25]. The dual-function of the motor as it
pertains to vehicle motion predetermines that engine as the central focus distinguishing an internal
combustion vehicle from an electric vehicle. But there are electric machines that belong to the class
of electric motors, and there is quite a difference in performance based on control strategies employed.
Permanent Magnet Synchronous Motors are considered the most popular class of motors for electric
vehicles due to their high efficiency, good power density, high torque-to-inertia ratio, and volume-to-
weight ratio. Besides, slip-less configurations make these motors very effective in speed control and
load variations compared to other motor types [26]—[28]. Challenges in respect of safety and energy
management, though, remain to delay the integration of these vehicles into sustainable mobility.

The field of electrical machine control has developed considerably over these last decades.
Several control techniques, such as Predictive Control (MPC) [29], Direct Torque Control (DTC) [30],
[31], Direct Flux Orientation Control (DFOC) [32], Fuzzy Logic Control [33], [34], Sliding Mode
Control (SMC), etc. [35] have been developed to reduce periodic torque ripples in polyphase
machines, which in turn lead to speed oscillations and may damage the machine.

The regulation of vehicles through control over motor management that would be represented by
the PMSM is lucidly declared to be of utmost use in ensuring by any means the stabilization and safety
essential for the vehicle concerned under uneven road conditions. The sinusoidal control method for
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PMSM motors is a simple approach where the supply voltage vector is 90 degrees offset from the
rotor flux axis. This method reduces torque ripple and allows precise shaft control [36]—[39].
However, the assumption of a constant angle between the voltage vector and rotor flux limits
maximum torque due to phase discrepancies between current and voltage. The Field Oriented Control
(FOC) method delivers better results; however, it has the drawback of requiring continuous
measurement of motor currents and adjustment of the supply voltage to control both the torque and
flux [40]. Another problem discussed in the literature is the discrepancy between the actual PWM
voltage and the voltage command generated by the controller. This difference can be modeled by a
zero-order hold (ZOH) [41]. However, at high speeds, essential in electric vehicle applications, the
ZOH effect can lead to a phase delay on the actual voltage [39], [42], [43]. MPC (Model Predictive
Control) is an effective method for high-speed drive systems, particularly in traction drive
applications. It predicts the optimal voltage vector by using a discrete-time model to minimize a cost
function across seven voltage vectors from the inverter. However, its performance is sensitive to the
choice of model and parameter variations, such as changes in stator resistance due to temperature
fluctuations [44], [45]. As the FOC, MPC control technique depends on sequential motor phase
current measurements and fail if a measurement element malfunctions [46]. The proportional—
integral-derivative (PID) controller have a great importance in industry due to their effective balance
of simplicity and performance, and it is resilient and stable across a wide range [33]. Proportional—
integral (PI), kind of PID, controllers are widely used in control systems to regulate a process variable,
such as the speed or position of a motor. The PI controller has two parameters: the proportional gain
(Kp) and the integral gain (Ki), which determine the response of the controller [46], [47]. Indeed,
setting the PI controller parameters is key for optimum motor performance. To achieve precise
monitoring of the rotational speed with minimal ripple in the low-speed and high-torque operations of
the five-phase machine, the PI controller is used in [48], [49]. In [50], nonlinear adjustments of the PI
controller are used to achieve fast response and low overshoot, while Fractional-Order PI controllers
have shown promise in PMSM drive applications [51].

A PI controller based on fuzzy logic has been employed for robust stability and rapid response
times in electric vehicle powertrain control [52]. Although the advantages mentioned earlier are
noteworthy, conventional PID controllers require a linear model, which cannot guarantee robustness
against uncertainties due to the significant nonlinear dynamics of the PMSM motor.

This study makes two main contributions. The first is the generation of a speed profile to be
followed by an autonomous electric vehicle. This profile is constructed based on the detection and
classification of speed limit signs using the YOLOv10 image processing algorithm, which is
recognized for its reliability under real-world traffic conditions. After the detection of each speed limit
sign, the value indicated on the sign is transmitted to the control mechanism. This value serves as a
speed reference that the vehicle’s motor must follow. The second contribution of this study is the
development of a fuzzy PI controller (Fuzzy-PI) to ensure precise tracking of this reference by the
motor. The calculation of the PI controller parameters is based on two distinct approaches. The first
approach reformulates the problem as an LQR (Linear Quadratic Regulator) control problem. The
second approach reformulates the problem in terms of Linear Matrix Inequalities (LMI), combining
the Heo control technique with a Lyapunov function of the LILF.

The remainder of this paper is structured as follows: Section 2 describes the AV system, its
overall configuration, and the methodology adopted. Section 3 presents the YOLOv10 algorithm
employed for detecting and classifying traffic speed signs. Section 4 focuses on the Fuzzy T-S
modeling of the PMSM. Section 5 discusses the design and development of a Fuzzy-PI controller,
using both LQR and Heo approaches, to control the PMSM under target operating conditions. Section
6 presents the results of the proposed algorithm and the control strategies. Finally, Section 7 concludes
the paper.
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2. Methodology

The system operates as follows: while the vehicle is in motion, an onboard camera captures real-
time images of the road. These images are analyzed by an algorithm based on YOLOv10, designed to
detect and recognize speed limit signs. The speed indicated on the signs is then compared to the
vehicle's current speed. In case of a discrepancy, a Fuzzy-PI controller adjusts the engine inputs to
automatically align the vehicle's speed with the detected speed limit. Fig. 1 illustrates the proposed

control strategy.
Camera /ﬁ
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Vehicle velocity
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Fig. 1. The proposed control strategy method

Specifically, the parameters of the Fuzzy-PI, represented by the gain matrix K = [Kp Kj], is
determined by reformulating the control problem as an optimization task based on optimal control and
the Hoo method:

e In the LQR-based approach, the gain matrix K is computed offline by solving the algebraic
Riccati equation, as detailed in Corollary 1 (Section 5.1).

e In the Hoo method, the gain matrix is also computed offline, but through the solution of a set of
Linear Matrix Inequalities (LMIs), as explained in Corollary 2 (Section 5.2).

Remark. The article focuses on detecting speed limit signs to adjust the vehicle's longitudinal speed.
This detection allows for controlling the engine based on the displayed speed limits. Other traffic signs
related to direction are not covered, as they affect steering angle rather than speed management. The
main goal is to ensure the vehicle follows the reference speed set by these signs.

3. Object Detection

Convolutional Neural Networks (CNNs) are models particularly effective for processing spatially
structured data, such as images. Unlike Multilayer Perceptron (MLPs), which use fully connected
layers, CNNs use convolutional layers to extract local features from images. Each convolutional layer
performs a convolution operation, enabling the detection of specific patterns in the image. While many
popular CNNs end with fully connected layers, convolution remains central to their function. YOLO
(You Look Only Once) is an algorithm based on deep neural networks with real-time object detection
capabilities. This state-of-the-art technology is widely available, mainly due to its speed and precision.

Its quick and accurate detection has enabled YOLO to become one of the most commonly utilized
approaches in computer vision. Here, the traffic sign provides a visual guide to communicate road
conditions, potential hazards, and other pertinent details for safe navigation on the road [53]. YOLO,
meanwhile, is a convolutional neural network-based object detection algorithm that has been
specifically designed [54]. The algorithm has been selected based on its competitiveness with other
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DL-based methods with regard to processing speed on GPUs, high performance with respect to
relevant measures, and simple architecture [55]-[57].

3.1. YOLOv10 Model

The YOLOvV10 model, representing the latest step forward in the line of the YOLO series,
proposes an improved architecture facilitating better detection capabilities. The architecture of
YOLOV10, as shown in Fig. 2, consists of a structured combination of backbone, neck, and head
modules.

Input Backbone Neck Head Output

Fig. 2. YOLOV10 architecture: Backbone, neck, and head components for object detection

The backbone uses layers such as Convolution-BatchNorm-Silu (CBS) and Pyramid Spatial
Attention (PSA) modules to extract salient features from input images, while the neck fuses multi-
scale features into one through up sampling and concatenation to enhance detection of objects of
different sizes. The head then produces the detection output at three scales, optimizing object detection
for both small objects and those with more complex appearances. YOLOv10 offers several variants,
each designed to balance speed and accuracy to suit various use cases. Table 1 provides a performance
comparison across these YOLOv10 models, ranging from the lightweight YOLOv10-N to the high
performance YOLOv10-X.

Table 1. Performance comparison of YOLOv10 model variants across different metrics

Model Test Size Params FLOPs APval Latency

YOLOv10-N 640 23M 6.7G  385% 1.84ms
YOLOv10-S 640 72M 216G 463%  249ms
YOLOv10-M 640 154 M 591G 51.1% 4.74ms
YOLOv10-B 640 19.1 M 525G 525%  5.74ms
YOLOv10-L 640 244 M 532G 532% 728 ms
YOLOv10-X 640 295 M 544G 544% 10.70 ms

Each variant comes with its own distinct concoction of parameters and computational
requirements, measured in FLOPs, which essentially indicate the total number of operations
(multiplications, additions, etc.) that a model performs for a single inference pass. Another parameter
that reflects some performance indexes is APval (the Average Precision on the Validation set), which
balances precision and recall of the model against the unseen validation data evaluation. For instance,
YOLOV10-N accomplishes 38.5% APval performance with low latency, featuring a mere 2.3 million
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parameters and 6.7 GFLOPs (Billion Floating Point Operations) or rather, billions of operations, best
suited for real-time applications on hardware with scarce resources. Conversely, the most powerful
variant, YOLOv10-X, achieves an APval of 54.4% and has a latency of 10.70 ms, making it well-
suited for scenarios demanding very high precision. The different configurations highly depict the
vocal adaptability of YOLOv10 as an effective facilitator for meeting varying object detection
requirements ranging from ultra-fast executions to super accurate detections.

3.2. Dataset

For training and validation of YOLOvV10 model, the traffic sign detection model used data
gathered from multiple sources. We captured photos in real world street environments and also
collected images from online sources, using databases and search engines such as [PM Images,
Google, and Bing. All images were then standardized to a resolution of 640x640 pixels for
consistency. Fig. 3 shows a sample of this data.

Fig. 3. Validation sample images used for training and validation of the speed limit traffic sign detection
model

The image preprocessing stage for training deep learning models highlighted the critical role of
image annotation. This process involves extracting key features from images and assigning
appropriate labels based on predefined inputs, providing the labeled data essential for supervised
learning tasks. In this study, the Makesense online platform was used for image annotation, as shown
in Fig. 4, streamlining the process and enhancing labeling accuracy, thereby improving the overall
quality and effectiveness of the training dataset for the deep learning model.

2 0.506059 0.375035 0.176823 0.306138

(a) The annotated image (b) The TXT document

Fig. 4. Image annotation in the Makesense platform
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Additionally, the datasets were divided into training and validation sets with an 80:20 ratio (80%
for training and 20% for validation), as outlined in Table 2.

Table 2. Data for traffic signs detection model

S‘Tee.‘: Sto 20 30 40 50 60 70 80 9 100 120

Data mi p km/h km/h km/h km/h km/h km/h km/h km/h km/h km/h
Train 80 72 88 84 65 100 71 98 107 66 60
Validation 21 18 23 22 17 25 18 25 27 17 16
Total 101 90 111 106 82 125 89 123 134 83 76

4. Motor Modeling and Control

The main difference between an internal combustion engine vehicle (ICEV) and an electric
vehicle (EV) lies in the type of motor used, which varies depending on the energy source. Indeed,
ICEVs run on fuel, while EVs are powered by electric batteries. However, the motor plays a crucial
role in converting energy in EVs. This process takes place directly within the motor, an electric
machine that transforms electrical energy into mechanical energy, with an intermediate phase that uses
magnetic energy. This phase generates a rotating magnetic field, typical of alternating current
machines. Fig. 5 shows the main powertrain components of an EV.

Fig. 5. The electric vehicle drive train

According to the fundamental principle of dynamics, the following formulas apply:

dVx
mW = _Fx (13)
dw,
Iy —dtw =—T, +1F, (1b)

Where m, W, and J,, denote respectively the vehicle mass, the wheel angular velocity and the inertia
of the vehicle, while V, is the longitudinal velocity of the vehicle, T}, is braking torque and F, denotes
the longitudinal friction force. It's obvious that the force F, is a natural by-product of the torque
generated by the electric motor.

The (1a) and (1b) leads to the following relationship between the vehicle's longitudinal velocity
and the motor's angular velocity:

Ty 2)
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This equation illustrates that the motor is the source of longitudinal control for the EV. However,
different types of electric motors are used in electric vehicles EVs, and their performance largely
depends on the control strategy implemented.

4.1. Overview of Propulsion Machines in EVs

The performance of electric vehicles directly results from the performance of the motor, which
is determined by the torque-speed and power-speed characteristics of the traction motor as shown in
Fig. 6.

Peak
Torque

Constant Torque Zone

Torque

Torque

(N/m) Power

Constant Power Zone "
Maximum

Speed

v

Speed (rpm)

Fig. 6. Torque-speed and power-speed characteristics of the traction motor [58]

At low speeds, it is crucial to ensure smooth acceleration and good climbing performance, which
requires maximum and constant torque. The maximum speed is determined by the constant power
zone, where torque is minimal [58]. Therefore, to achieve optimal performance from an electric
vehicle motor, it is essential to find a balance between acceleration capabilities and a wide range of
speeds within this constant power zone. Against this backdrop, different types of motors are used in
electric vehicles, such as brushed direct current (DC) motors, brushless direct current (BLDC) motors,
synchronous reluctance motors (SynRM), switched reluctance motors (SRM), induction motors (IM),
and permanent magnet synchronous motors (PMSM). Table 3 summarizes the main selection criteria
for a motor in electric propulsion applications.

Table 3. Electric motor criteria

actors . . Fault Overload Power Speed Torque Control Noise
Cost Size  Efficiency . . . PR
Moten tolerance capacity density range ripple simplicity level

BLDC Y v v vv Y v vv IS Y Y
SynRM v v VY IS Y Y s VIS v Y
SRM Y vV VY IS Vv v Y v v v

M IS Y v s IS v vv IS Y Y
PMSM v IS IS IS Y IS vv VIS Y Y

These include efficiency, maximum torque, size, speed range, cost, power density, technical
maturity, reliability, and [59]-[61]. These motors have been examined and compared. To properly
rank these motors, a score is assigned to each criterion, ranging from one check (v), which
corresponds to a very low rating, to five checks (v'v'v'VV), which corresponds to a very high rating.

Therefore, according to Table 3, due to their excellent efficiency, higher torque, and
established production and control procedures, PMSMs have an edge over their competitors and
are the most common type of electric motor used in EVs [61]—[63]. This is clearly demonstrated in
Table 4 below, which presents the different manufacturers of commercial electric vehicles in
chronological order [58].

Elhoussein Elouardi (Intelligent Longitudinal Control for PMSM-Based Autonomous Vehicles Using YOLOv10-S
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Table 4. Commercial electric vehicle historical database.
Motor Type (Abbreviation) Estimated Market Example Vehicle Brands
Share Worldwide
Permanent Magnet Synchronous AC 40 - 50% Tesla, Audi, Hyundai, Allez,
Motors (PMSM) Volkswagen, Mercedes-Benz, Gué,
Porsche, Volvo, MG...
Variable Reluctance AC Motors (VRM) 10% - 20% Nissan, MONDE
Brushed DC Motors/Permanent Magnet 5% - 10% Renault
Synchronous Motors (DCB/PMSM)
Brushless DC Motors (BLDC) 20- 30% BMW
Synchronous Reluctance Motors (SRM) 5% - 10% Chevrolet
Permanent Magnet Synchronous AC - Jaguar
Motors/Brushless DC Motors
(PMSM/BLDC)

In 2025, 60 to 70% of electric vehicles will use PMSM motors. Well-known companies such as
Porsche, Hyundai, and BMW have been using PMSM motors for over a decade. Tesla, which only
used induction motors until 2015-2016 [64], has recently shifted towards using PMSM motors in
models such as the Model 3 and Model Y. Although Audi and Mercedes have traditionally opted for
induction motors [65], [66]. They are beginning to shift towards the use of PMSM motors in certain
models. For example, Audi offers models such as the Audi e-tron GT and Audi RS e-tron GT equipped
with PMSM motors, while Mercedes has developed models like the Mercedes EQC, Mercedes EQS,
and Mercedes EQB. These reasons encourage us to take an interest in the control of this type of engine
in this work.

4.2. PMSM Motor Modeling

The purpose of this subsection is to describe the dynamics of the PMSM. The expression for the
d-q components of the voltage circulating in the stator of the PMSM machine can be described as
follows [62]:

di
V, = Rl +qu—;’ +W, Lyig + W, ¢

; 3)
. dig .
Vd :Rsld +Ld% —VVTLq lq
Where V, , V,; are dg-fram voltage, izand iy are dq-frame currents, Ry is winding resistance, Lg, Lq
are dg-frame inductance's, ¢,, is flux linkage established by PMSM and W, is electrical rotor rotation
speed. Moreover, using the fundamental principle of dynamics, the mechanical equation governing
the operation of the PMSM can be written as follows:

dw, —-B 31,3, n,Cy

ac g T g 4 g @
Where ] denotes the inertia of the motor. The electromagnetic torque C, generated by PMSM motor
is given by:

T By
e_np dt n, r ®)

Where B is the damping coefficient, ] is the inertia coefficient, n,, is the number of magnetic poles
and C, is the load torque. Moreover, Ce can be written as [62]:

3
% [¢miq + (Lq - Ld)iqid] (6)

In a PMSM motor with surface-mounted magnets (where L, = Lg), this leads to:

Ce =
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3n
Ce = — = bmiq (7)

4.3. Takagi-Sugeno Fuzzy Modeling

Consider a nonlinear system represented by:

x—=flxu)=0 (8)

Using the T-S fuzzy representation [67], this system can be expressed as follows:

£(0) = ) hi(O(EDIA; x(©) + Biu(®) ©)
i=1

Where the remise variable 6(t), is bounded by a maximum and minimum value ™" <6(t) <™,
which allows it to be written as follows:

0(t) =1,(6(1)) 6™™ + 2,(0) 6™ (10)
A1(0(t)) and A,(6(t)) are defined as follows:

gmax _ g
/11(9(1,“)) = gmax _ 971(1tu)1
; (la)
o(t) — omin

/12(9(1‘.)) = gmax _ Qmin

Where Y2, 2;(8(t)) =1 and 0 < ;(8(t) < 1, i = 1,2. The weighting functions h;(6(t)) represented
as follows:

hi(6()) = ﬂ (12)
i-1 i(0()
And satisfy the following convexity conditions:
T
Ehi(a(t)) —1and 0 < h(8(t) <1, i=1,r (13)
i=1

The T-S fuzzy representation is well known for dealing with nonlinearities arising from complex
systems such as the PMSM model [62], [68].

5. Control Strategy

The main objective of this section is to develop a control strategy that enables the vehicle to track
a desired longitudinal reference speed profile, denoted as V4, detected by the YOLOv10 algorithm. It
is known that the longitudinal speed of a vehicle, denoted as Vx, is a function of the rotational speed
of its engine, denoted as W,. Under certain driving conditions, the longitudinal speed can be
considered proportional to the engine's rotational speed. This proportional relationship is valid under
specific assumptions, including the presence of a direct transmission or a constant gear ratio (as is
often the case with automatic gearboxes), a wheel slip value < 0.2, an engine operating steadily within
its optimal range of revolutions per minute, and negligible mechanical and aerodynamic losses. In
such conditions, the vehicle’s speed is directly influenced by the engine speed, the transmission ratio,
and the radius of the wheels. The relationship between the vehicle’s longitudinal speed and the
engine’s rotational speed can be expressed as Vx = K - W,, where K = R - k, R is the wheel radius, and

Elhoussein Elouardi (Intelligent Longitudinal Control for PMSM-Based Autonomous Vehicles Using YOLOv10-S
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k is the overall gear ratio. The key idea is to regulate the engine, represented by PMSM, so that it
rotates with an angular speed W, , which corresponds to the reference speed V, .

The structure of the proposed fuzzy controller is shown in Fig. 7 and is given as follows:

— Z INCAD K; Ec(t)

2
= > ) kv, X0
s=1

Fig. 7. Structure of the proposed fuzzy controller strategy

2 t
u®=—2mmwnkﬂw+&JXm—mﬂﬂ (14)
S5=1 0

The LQR and Heo approaches are used to calculate the parameters of the proposed Fuzzy-PI controller
(14).

5.1. LQR Approach

This subsection aims to develop the controller (14) for our PMSM system using LQR control.
This method is used to design an optimal controller for linear systems, aiming to minimize a cost
defined by an objective function. In our case, since the system is nonlinear, we first aim to bypass the
nonlinearity issue by using the T-S fuzzy representation. This approach allows the system to be
modeled as local linear subsystems, as explained in the previous section. Then, we seek to compute
the optimal sub-controller K for each local subsystem using the LQR control approach. Finally, the
global controller will be the sum of the sub-controllers K, weighted by membership functions, as
follows:

2
K= 2 h K, (15)
s=1

Where K, = [Kp; K;s] and hg, s = 1,2. satisfy the convexity conditions (13). Note that the controller
development carried out in this section assumes that the disturbance term Cr (due to the effect of load
torque) is neglected in (5).

Let e, represent the integral error between the desired and actual angular rotational speeds:
e = [ W, - w (16)
Consider the W, (t) remise variable, W,™" <W.,(t) <W,™*, By combining (3), (4), (7) and (14), and

according to the T-S fuzzy representation (9), where ( 8(t) = W,.(t) ), the PMSM model can be
expressed as follows:
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2
£(0) = ) W O)[4 () +Ba®)] = glow =0 (17)
i=1

Where, h; (W, (t) satisfies (13) and

x= [W, ig ig eJTandu= [V, V]T

R U
J 8/
W min 0
0 _LCI W, min _Rs
Ly T Ly
L0 0 0 1 4
B e
J 8/
_()bm _Rs _Ld
W max 0
0 T q M/rmax - s 0
d d
0 0 0 1
0 O
= 0
Bi =B= 1 1
° I
0 O
Let the following cost function J(x, u) be as:
1r*® r .
] = 3 [x"(t) Qx(t) +u’ (t) Ru(t)]dt (18)
0

Where Q > 0 and R > 0 are the weighting matrices of x(t) and u(t).
Corollary 1. The optimal sub-controller K; for each local subsystem i, can be obtained as K; =
R™B;"P, where P > 0 is the solution of the following equation:

ATP+ PA; — PRT'BTP+(Q =0 i=12. (19)

The Igr function in MATLAB’s Control System Toolbox easily solves the linear optimal control
problem by computing the solution to (19). This equation is derived from the proof below.

Proof 1: The approach presented in this section is based on the definition of the Hamiltonian of a
system. Indeed, the Hamiltonian allows modeling the system's evolution by incorporating both the
cost function and the constraints that must be satisfied during its evolution.

HExp) = 5 [ (0) Qx(0) +u"(8) Ru(®] + 7 g(x) 20)

Given (17), this Hamiltonian can be expressed as:
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1 2
HGp) = 51670 Qx(©) +uT (O Ru(@)] + o7 ) hi(W(O)[A; () +Bu(®)]
i=1
@

2
HGp) = ) bW () Hixp)
i=1

Where p(t) are the Lagrange multipliers, auxiliary variables that account for the constraints imposed
on the system's state evolution, such as its dynamics. These variables are crucial in the demonstration
of the optimal control approach. They are also referred to as the system's adjoint state vector and are
related to the state variables by the following linear equation:

p (t) = Px(t) (22)

The Pontryagin maximum principle consists of minimizing the system's Hamiltonian with respect to
its input u(t):

aHi(x' p)

) - 0 = Ru(t) + B;"p(t) (23)

From (23), u(t) can be expressed as follows:

u(t) = —R71B,"p 24)
By combining (24), (22), and (17):

2
%(0) = Y h [4x(0) — BRBPx(t)] (25)
i=1
A state-feedback control law is currently being identified as:

u(t) = Ks x(t) (26)
Where:

K, =—R7'B,"P (27)

The Lagrange multipliers p(t) follow a differential equation, called the adjoint equation:

d 0H;
P8 o = @+ A7 p @) (28)
The derivation of (22) leads to:
p(t) = Px(t) (29)

By substituting (25) into (29) and equating the result to (28):

—(Qx(®) + 4" P()x(1)) = P(£) A; x(t) — P(€)R™B;" P()x(t) (30)
Finally, we find:

AP+ PA —PRT'BTP+Q=0 i=12 @1
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5.2. Ho Controller

Let x = [W. iy i4] T, from (3), (4), (7) and (14) the following state-space representation can
be formulated:

__B m 0 0 0
W J 8/ w 1 -n, Cr
o e P i | I O il 11/ 2]
g | = Wi lllq | +|La + (32)
L Lq Lq Lq iq 1 |Wa 0
d ~L, —R, 0 — 0

o —w, Lq
Ly Lg

In compact form, (32) can be represented as:

[ O E0u0) -0 3
y(@©) = W, =[100]x(c) = C x(¢)
Where v(t) are distrubances of the system that can be represented by:
Cr
v(t) = [ = D¥(t) (34)

According to the T-S fuzzy representation (9), where m(t) remise variable (6(t) = W,.(t)), the system
(33) can be represented as follows:

2
% () = ) h(W ()[4 x() +Bau®) + DY ()]
i=1

2 (35)
y(O) = D hWO)C x(0)
i=1
Where
[ i —3n7’3¢m 0 ] [ j —3np3¢m 0 0 0
/ 8/ / 8/ 1 0
Al — _¢m _RS _—LdVVrmln ; Az — _¢m _RS ﬁmmax 'B — E
Lq Lq Lq Ly Ly Ly 0 1
—Lq ), min —Rs ~Lq ), max —Rs L.
| 0 W L, | |0 W L ¢
Bi =B and Di =D
5.2.1. Some Mathematical Lemmas
Lemma 1. [69]; Let X and Y denote two matrices with appropriate dimensions.
Xy + YT <, X"x + YTy (36)

Lemma 2. [70]; Consider a matrix Z;s; of appropriate dimensions, where {i, s, j} = 1...r. Under
these conditions, the following inequality holds: if Z;5; < 0, then

Elhoussein Elouardi (Intelligent Longitudinal Control for PMSM-Based Autonomous Vehicles Using YOLOv10-S
and a Fuzzy-PI Controller)



International Journal of Robotics and Control Systems
Vol. 5, No. 6, 2025, pp. 2889-2917

iiizm <0 (37)

i=1s=1j=1

ISSN 2775-2658 2903

Lemma 3. [62]; Let Q, R and S be matrices of appropriate dimensions with Q = QT and R = RT,
The following expressions hold:

o

* R

R<O0

<0 e {Q — STR1§ <0 (38)

5.2.2. Stability Analysis Using Line Integral Lyapunov Function (LILF)

Typically, the Lyapunov quadratic (QLF) approach is employed to achieve stability analysis and
stabilization for Takagi—Sugeno fuzzy models derived from linear or bilinear matrix inequality
conditions. The (QLF) function involving finding a common matrix P = PT > 0 that satisfies the
constraints for each subsystem of the fuzzy set, which can be a very hard task and can lead to a
conservative and time-consuming solution [71], [72]. The (LILF) function is defined as the integral
of a scalar function along a trajectory of the system [73]. This technique is based on the analysis of
the local stability for each system and, subsequently, the global function will be a fuzzy intersection
between all these local functions [74], which leads to less restrictive stability conditions.

Consider the following LILF function:

V(x(t) =2 f(P)de (39)

r(0;x)
Rhee et al. [73] demonstrate that (39) is a Lyapunov Function if the following condition is verified
0fm(x) _ 0fn(x)
0x,, 0x,,

Where f(x(t)) = Xi_; h;j(e))H;x(t) > 0; function of x(t), H;x(t) = (HO+ Xi_, h;(e) )D)x(t).

forn+=m,{nm}={12..n} (40)

The diagonal elements are different according to the fuzzy sets in the premise parts of the fuzzy rules
[73].

0 hlZ h12 hln dlli 00..0

HO = HOT = * 0 h23 h2n ; D: = * dzzl 0..0
* * t * * . :

* ok 0 * % dnni

The Analysis Based on Quadratic Lyapunov Function (QLF) can therefore be considered as a special
form of Line Integral Lyapunov Function (LILF) [73].

Let's consider the Hoo performance related to the tracking error e (t):

Jm et (t) ec(H)dt <2 waT(t) ) dt (41)
0 0

In order to design the controller (14) for the closed-loop T-S fuzzy model system (35), the Lyapunov
function (39) and Hoo approach (41) will be used. The controller gains will be derived by solving the
LIMs conditions presented in Corollary 2.

Corollary 2. Ifthere are symmetric positive definite matrices X, Yy, Kg, and scalars y> 0, can satisfy
the following inequalities:
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* —yl 0 <0
* * —1
Where:
5. = A X i’ - B "B Yy = 42
*:isj = A4, ]+X]Al - BLYSj - YS] Bl ) YS] —KSX] ( )

Then the system (35) is stable asymptotically and the Hyperformances (41) are guaranteed with
attenuation level y2.

Where X; and Yy (thus Ks = Y;; X j_l) can be easily obtained by solving (42).

x
Proof 2: Let's denote X = [ e ] the augmented state, from (35) and (16) the following augmented
[

system is obtained:

2

2
(6) = 2 hihs [(A, — BK,)x + Dé(t) | 43)

i=1s=1

Where:

el S -[2)o-I 2]

M=[100]; K; = [KPS KIS]; JOR [M;r’d]

To achieve these goals, the H,, performance related to the tracking error e, (41), combined with the
derivative of (39), is considered:

V() + e (1) ec(t) —y?E()TE() < 0 (44)

This inequality leads to the following expression by incorporating the T-S fuzzy model structure:

2 2 2 Rahshy RO BR(E) + 2(0) PR + 210 MTM () — PEOTE0 <045

i=1s=1j=1
In the rest of this demonstration, to simplify writing, we adopt the following notation:
PHITEDHS
i=1s=1j=1 i,5,j=1

Substituting the expression of £(t) in (43), (45) become:

Z hisj [[(A, — BK;) + DE®)]™ Pi2(t) + 2(¢t) Pi[(A, — BK;)x + DE(D) ] 6)
i,s,j=1
] +REOMTM 2(t) — y2E(O)TER)] < 0

By applying Lemma 1, (46) can be expressed as follows:
Z hiss2(O" |(A, = BK:)"P; + By (A — BK,) + y*RDTDR + MM |2() < 0 (49,
i,s,j=1

Post-and pre-multiply X;, (where X; = Pj_l and Yy; = KsX;), the inequality (47) can be expressed as:
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A X, +X A" - BY,; — Y;"B + y*DTD + X;MTMX; < 0; {i,s,j} = {1,2} (48)

Using Schur’s complement, lemma.3, LMI conditions (42) are obtained.

6. Simulations, Results and Discussion
6.1. Simulation Framework for Self-Driving Car Systems

The primary goal of this experiment is to simulate the operational workflow of self-driving cars
by integrating object detection and control mechanisms. The detection model is implemented using
Visual Studio Code, where it processes images from a designated data folder to identify speed signals.
In this setup, detected speed values are stored in a JSON file, and corresponding images with detected
signals are saved in the separate detect folder. Simultaneously, the last perceived speed in the JSON
file is read by MATLAB Simulink to perform control tasks, mimicking real-time decision-making
procedures in autonomous vehicles. This setup demonstrates the seamless interaction between
advanced detection algorithms and control systems, underscoring their importance in developing
reliable self-driving technologies. Fig. 8 illustrates the experimental setup, showing the integration of
the YOLOvV1O detection model, Visual Studio Code, and MATLAB Simulink to create a
comprehensive simulation framework for self-driving cars.

\ | Project Folder i

S E i S — .\

'-“”“ 1
JSON

Detect U J |

\ )

<) MATLAB 4\
Visual Studio Code SIMULINK

Fig. 8. Integration of YOLOvV10 detection model with MATLAB Simulink for autonomous vehicle
simulation

6.2. Training Environment and Evaluation Indexes

A crucial step in the training process was the completion of the labeling phase for both the
training and validation datasets, ensuring accurate annotations for traffic signs. The YOLOv10-S
model, selected for its balanced performance in speed and accuracy, was then trained using Google
Colab. Training was conducted on an NVIDIA Tesla T4 GPU with 16 GB memory, supported by
CUDA version 12.2 and driver version 535.104.05. During training, images were resized to a standard
640*640 resolution to optimize processing. Class information, including class names and total count,
was recorded in a data.yaml file for easy reference across training and validation sets, with the dataset
split into 80% for training and 20% for validation. The training was conducted over 300 epochs for
the model to learn the critical features of traffic signs in an appropriate manner.

The performance of the model, YOLOvVI10-S, was examined with the help of a collection of
comprehensive metrics. These metrics included precision, recall, mean average precision on the
validation set (mAPval) at an Intersection over Union (IoU) threshold of 0.5, and mAPval across loU
thresholds from 0.5 to 0.95. The detection processing time was also recorded in order to measure the
efficiency of the model, which is required for real-time traffic board detection applications. This
assessment serves to guarantee that the YOLOv10-S model is capable of delivering accurate and
timely detection outcomes during practical deployments. Precision is about the positive predictions'
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accuracy, calculated as the ratio of correctly predicted positive samples to the number of all samples
predicted to be positive. The formula for precision is as follows:

TP
ision = ———— 50
Precision TP+ FP (50)

Recall, on the other hand, assesses the rate of correct predictions for all actual target instances, and its
formula is as follows:

Recall = —F (51)
e = TP Y FN

Where
e TP (True Positives): The number of positive examples correctly identified,

o FP (False Positives): The number of negative examples incorrectly classified as positive;
o FN (False Negatives): The number of positive examples incorrectly classified as negative;
e TN (True Negatives): The number of negative examples correctly classified as negative.

The computation formulas for mAPval 0.5 and mAPval 0.5:0.95 are given below:

1

AP = J P(R)dR (52)
0
N
MAP = ":Tlpl (53)

In the formulas, AP is derived by integrating the precision with respect to recall, whereas mAP
is the mean of all individual AP values obtained for each object class. These metrics give a proper
overall interpretation of the model performance regarding correct detection and classification of
objects, knowing about the accuracy and stability attained across various loUs. mAPval 0.5 stands for
mean Average Precision evaluated based on detections with confidence scores greater than 0.5,
computed using precision and recall at this threshold. The score thus demonstrates the model’s acumen
while operating at a fixed confidence threshold. Contrary to this, mAPval 0.5:0.95 determines average
precision at a series of confidence thresholds generated between 0.5 and 0.95, at an increment of 0.05.
Thus, with this quantity, one has a more standard sense of characterizing the model performance
across varying confidence levels, particularly for assessing the detection confidence under certain test
conditions.

The training and validation curves prototypes developed show the three distinct loss elements of
interest, box loss, classification loss, and deformable loss. Box loss quantifies the accuracy at which
the model localizes the center of each detected traffic sign so that the predicted bounding box
advantages suitably cover it. The aim of classification loss is to quantify how accurately each object
is classified within a given class. Deformable loss, introduced with the deformable convolution layer
in YOLOv10, measures errors specific to these layers, which enhance detection performance for
objects of various sizes and shapes. A lower dfl loss indicates better handling of deformations and
appearance variations, which is crucial for accurately detecting traffic signs from different viewing
angles and under diverse conditions.

As shown in Fig. 9, precision, recall, and mAP values significantly improve after the initial 150
epochs, with stability reached around 220 epochs. This steady performance suggests that the
YOLOVI10-S model effectively learns the essential features for traffic sign detection, achieving an
ideal balance between accuracy and efficiency for real-time applications.
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6.3. Control Strategy Results

The PMSM parameters shown in Table 5 are adopted to demonstrate the effectiveness of the
proposed control strategy. The developed controllers are compared with a PI controller [75], and an
approach based on QLF [62]. Table 6 summarizes the PI controller gains obtained using different
approaches. These gains were calculated by solving equations (19) and (42) in MATLAB, based on
the LQR-based method outlined in Corollary 1 and the LILF-based method described in Corollary 2.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
1.04
61 —eo— results
++==+ smooth 81 0.8
5| 151 .
44 6 0.6 1
31 0.4
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val/box_loss val/cls_loss val/dfl_loss metrics/mAP50(B) metrics/mAP50-95(B)
1.04
8- 0.8 1
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Fig. 9. Training and validation loss curves and performance metrics for YOLOv10-S model on traffic signs
detection

Table 5. PMSM and vehicle parameters [62]

Parameters Values
Stator resistance Rs = 2.875Q
Direct axis inductance Ld = 7.5 mH
Quadrature axis inductance Lq = 2.5 mH
Moment of inertia J =0.0008 Kg
Coefficient of friction f =10"* N.m.s/rad
Flux linkage established by the PMSM ¢m = 0.175 Wb
Maximum PMSM rotor speed Wme* = 1800 rpm
Minimum PMSM rotor speed Wmn = —1800 rpm
Number of magnetic poles n, =38

Table 6. Comparison of PID, LQR, QLF and LIFF controllers performs.

kP17 KP1T kP17
5.778019200496586 1.374677294448111 3.023868463991084 0.000000000000272 3.023868463991084 0.000000000000272 KP
= |11.758632188137721 2.433931532145648 =| 5.630585300187321 0.000000000000271 =| 5630585300187321 0.000000000000271 =38
6.427863135983328 14.384105977669797 —0.000000000000066 0.055762529323935 —0.000000000000066 0.055762529323935
_ 3.866412650413812 _ 1.645982546373085 _ 1.645982546373085 KI
KIT=100+03 | 1.023900205415057 KI1=10e+03 » [0.000000000000292 kIt =10e+03 + [0.000000000000292 =54
Kp2" Kkp2T Kp2T
5.778006348460579  — 1.374699072478540 3.023868463983574 0.000000000000272 3.023868463983574 0.000000000000272
=| 11.758617083347531 — 2.433984098025249 =| 5.630585300179471 0.000000000000271 =| 5.630585300179471 0.000000000000271
—6.427947045705971 14.384125144185177 —0.000000000000066 0.055762529323935 —0.000000000000066 0.055762529323935

3.866400683189616
—1.023915547336438

1.645982546365042
0.000000000000292

1.645982546365042

KI2 =1.0e+ 03 * 0.000000000000292

Ki2=10e+03 +| KI2 =1.0e+03 «|

To evaluate the effectiveness and performance of the proposed control strategies, Fig. 10 presents
a comparative analysis of the vehicle's longitudinal speed tracking capability achieved with different
controllers. More specifically, the figure illustrates the tracking performance of the reference speed
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profile Vx using the proposed controllers, and compares the results with those obtained using a
controller based on QLF and a conventional PI controller. The comparison highlights the ability of
each control approach to track the desired velocity trajectory, with noticeable differences in
responsiveness, accuracy, static error, and robustness to external disturbances. This evaluation
provides valuable insights into the strengths and limitations of the proposed controllers relative to
established control techniques in terms of precision, stability, and dynamic performance.
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Fig. 10. Tracking longitudinal speed references V,"(Km. h™1)

Moreover, it is well known that external disturbances can significantly degrade system
performance and, in some cases, even lead to instability. To evaluate the robustness of the proposed
control approaches, a step-form load torque disturbance of Cr=20 N. m, as shown in Fig. 11, is applied
to the system at t=0.15s. For clarity, Table 7 compares the controllers' performance metrics.

-
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Fig. 11. Load torque profile (N.m)

Table 7. Comparison of PID, QLF and LIFF controllers performs

Performs type LIFF LQR LQF PID
Rise time (s) 1073 5 9 7 13
Overshoot % 0 0 0 24
Static error 0 0 0 0.25

Vibration Absent  Absent Absent Exist

Response to disturbances  Very fast  Fast Good  Good
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Fig. 10 and the performance metrics in Table 7 clearly indicate that the LIFF controller delivers
superior performance compared to all other methods. It demonstrates the fastest rise time (5 ms), zero
overshoot, high tracking precision, and complete suppression of vibrations. While the QLF controller
offers better rise time performance than the traditional LQR and PID controllers (7 ms for QLF, 9 ms
for LQR, and 13 ms for PID), it proves less effective than the LQR controller in handling external
disturbances.

It is important to note that the LQR controller is designed by considering an optimization trade-
off between two objectives: accurate tracking of the speed V,.*, associated with the state vector x(t)
and represented by the first term in equation (18), and minimizing energy consumption (current
consumption), represented by the second term involving the control input u(t). This balance is
particularly critical in the transient regime, and where the system's response to disturbances is most
significant. The PID controller shows the weakest performance overall, with the slowest rise time, the
highest static error (0.25), a 24% overshoot, and noticeable oscillations. Additionally, Its poor
disturbance rejection results in greater system vibrations under load changes.

According to the context of this work, which involves adopting small values of slip angle, the
engine must rotate at a specific angular speed, denoted as W, which corresponds to the reference
longitudinal speed of the vehicle, denoted as V,.*. Consequently, Fig. 12 shows that the angular speed
W, follows the same dynamics as the longitudinal speed V., but with a proportionality coefficient that
precedes it.
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Fig. 12. Tracking angular rotation speed references W*(Km. h™1)

Fig. 13 and Fig. 14 show that the LQR-based controller achieves the lowest current consumption
among all the control methods, in both the /q and Id components. This result aligns with the objective
function defined in (18), which prioritizes a balance between accurate reference tracking and minimal
power consumption, as previously discussed. The LIFF controller ranks second in terms of steady-
state current consumption, as clearly illustrated in Fig. 14. However, during the transient phase, its
faster response to the reference signal leads to higher current consumption compared to the other
controllers. Additionally, the LQR, LIFF, and QLF controllers generate smoother current profiles than
the traditional PI controller.

Fig. 15 shows the variation of the electromagnetic torque generated by the motor. According to
(7), these results are specifically related to the Iq component of the current, which has a direct impact
on torque production. Moreover, the presence of non-smooth current, containing high-frequency
harmonics, leads to abrupt fluctuations in the generated torque. These variations induce vibrations in
the motor, which are then transmitted to the vehicle, thereby increasing the overall vibration levels.
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Additionally, the application of this perturbation will force the motor to develop a more powerful
electromagnetic torque to compensate for the effect of this perturbation, and consequently to absorb
more current, which justifies the variation in the current components (Fig. 13 and Fig. 14) and torque
Fig. 15, at the moment of application of this perturbation.
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During autonomous vehicle (AV) operation in real-world conditions, an onboard camera
continuously captures images of the road. These images are processed in real time by a YOLOv10-
based algorithm, which detects and recognizes speed limit signs. The identified speed limit is then
compared with the vehicle’s current speed. If a mismatch is detected, a control system intervenes to
adjust the engine inputs, ensuring that the vehicle’s speed complies with the detected speed limit. To
perform this function effectively, the controller must dynamically respond to changes in the target
speed V.., adapting to varying speed commands. As a result, the engine must produce a torque suited
to each new driving condition. Fig. 16 illustrates a desired speed profile. The comparison shows that
all controllers are capable of accurately tracking the reference speed V,.*. However, the traditional PI
controller displays noticeable oscillations, as previously noted.
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Fig. 16. Tracking longitudinal speed references V, *(Km.h™1)

7. Conclusion

This research proposes a control strategy for autonomous vehicles, integrating advanced
methodologies in computer vision and control to enhance safety and operational performance. Based
on the YOLOV10 algorithm, the system enables accurate and real-time detection of speed limit signs,
thereby allowing for the effective definition of dynamic target speeds under realistic traffic conditions.
The integration of this perception layer with a fuzzy PI controller enables robust and smooth regulation
of the vehicle’s motor, modeled as a PMSM, without the need for local linearization or precise
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parameter estimation. To compute the fuzzy PI controller parameters, two approaches were employed.
In the first approach, the problem was formulated as an LQR problem, where the goal is to optimize
a cost function that ensures speed tracking while minimizing energy consumption. In the second
approach, an Hoo method combined with an LILF was used to formulate LMI constraints to be solved.

Simulation results validate the proposed approach, demonstrating its superiority over
conventional control methods in minimizing speed and torque ripples, while ensuring strong
disturbance rejection and high adaptability. This study provides a promising foundation for the
development of intelligent and efficient speed regulation systems for autonomous vehicles. Future
work will focus on investigating the impact of a leading vehicle’s presence, as in such scenarios the
velocity detected by YOLOv10 may not always meet safety requirements, requiring enhanced
perception and control strategies.
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