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The development of integrated service robots in indoor environments requires reliable and 

smooth path tracking. This paper presents a vision-based autonomous navigation system 

for an Ackermann-steered mobile robot, combining Canny Edge Detection and Hough 

Transform for trajectory estimation with a Model Predictive Control (MPC) steering 

controller. The vision module extracts the road angle and lateral deviation, which are 

mapped into MPC states (heading error and lateral error) using a kinematic bicycle model. 

The MPC is implemented in discrete time with explicit constraints on steering angle (± 

40°) and optimized over a finite prediction horizon (N = 10, Ts = 0.10 s). Experiments 

were conducted on a custom track containing straight segments, moderate curves, and 

sharp turns. The results show stable tracking on straight paths (road angle −1.49° with 

15.29 px deviation) and smooth turning on moderate and sharp curves with steering 

commands within the calibrated safe servo range. Additionally, an angle-smoothing 

mechanism mitigates vision noise under high lighting, preventing excessive oscillations. 

These findings indicate that integrating computer vision with constrained MPC yields 

adaptive and safe steering control suitable for indoor autonomous service robots. 

Moreover, this approach aligns with Sustainable Development Goals (SDGs), particularly 

SDG 9, SDG 11, and SDG 8. 
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1. INTRODUCTION

In the last two decades, the development of mobile robot 

technology has shown a very rapid surge [1, 2]. This is in line 

with technological advances in the fields of mechatronics, 

digital visual processing (computer vision), and adaptive 

control systems with artificial intelligence. Mobile robots have 

been widely applied in various sectors, from manufacturing, 

agriculture, to logistics and autonomous transportation, and 

even surveillance in areas that are dangerous or difficult for 

humans to reach. The ability of robots to move independently 

in various conditions makes it an increasingly important 

technology to be developed, both for large industrial needs and 

more flexible and economical miniature applications. This 

autonomous movement capability does not only depend on 

actuators or sensors, but also requires an intelligent control 

system that is able to adapt to environmental changes in real-

time. 

In addition, the rapid advancement of autonomous mobile 

robot technology also supports several Sustainable 

Development Goals (SDGs), particularly SDG 9 (Industry, 

Innovation, and Infrastructure) through technological 

innovation in intelligent systems, SDG 11 (Sustainable Cities 

and Communities) by enabling smart and efficient robotic 

mobility for urban environments, and SDG 8 (Decent Work 

and Economic Growth) by enhancing productivity, 

automation, and safety in industrial and logistics sectors. 

In mobile robot systems, autonomous movement relies on 

the integration of three key components: environmental 

perception, decision-making, and motion control. The 

perception process is the first step, where the robot observes 

and understands its surroundings and identifies the path it must 

take using sensors such as cameras. Next, decision-making 

analyzes sensor data and determines the appropriate action 

based on the information obtained. Finally, the motion control 

system implements these decisions into actual actuator 

movements, such as adjusting the robot's speed or direction. 

These three components must work in concert to ensure the 

robot can move according to the path it will take, including 

dealing with sudden route changes. 

A one-way road with various kinds of turns, such as elbow 

turns with an angle of 90°, curved turns with an angle of 110° 

to 130°, and sharp turns with an angle of 50° to 70°. Roads like 

this are easily found on toll roads, logistics routes in 

warehouses, and automated goods delivery systems [3, 4]. 

Although it looks simple, this curved path requires high 
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accuracy in path tracking and robot direction control. Small 

errors in interpreting directions can cause the robot to deviate 

from the path or even fail to complete its task. The main 

problem of this research is how the robot can recognize and 

follow the path with the center in the middle of the path and 

not make mistakes in maneuvering, as well as adjust the 

direction of the robot's turns precisely. 

In mobile robot systems, autonomous movement relies on 

the integration of three key components: environmental 

perception, decision-making, and motion control. The 

perception process is the first step, where the robot observes 

and understands its surroundings and identifies the path it must 

take using sensors such as cameras. Next, decision-making 

analyzes sensor data and determines the appropriate action 

based on the information obtained. Finally, the motion control 

system implements these decisions into actual actuator 

movements, such as adjusting the robot's speed or direction. 

These three components must work in concert to ensure the 

robot can move according to the path it will take, including 

dealing with sudden route changes. 

A one-way road with various kinds of turns, such as elbow 

turns with an angle of 90°, curved turns with an angle of 110° 

to 130°, and sharp turns with an angle of 50° to 70°. Roads like 

this are easily found on toll roads, logistics routes in 

warehouses, and automated goods delivery systems [3, 4]. 

Although it looks simple, this curved path requires high 

accuracy in path tracking and robot direction control. Small 

errors in interpreting directions can cause the robot to deviate 

from the path or even fail to complete its task. The main 

problem of this research is how the robot can recognize and 

follow the path with the center in the middle of the path and 

not make mistakes in maneuvering, as well as adjust the 

direction of the robot's turns precisely. 

The challenge in this scenario is designing a control system 

that can adjust the robot's turning direction in real time, 

especially for one-way paths. Complexity increases when 

using the Ackermann mechanism. Steering, as found in most 

four-wheeled vehicles. Unlike the differential drive system, 

which allows direction to be controlled through differences in 

wheel speed, the Ackermann steering system relies on 

adjusting the angles of the two front wheels. As a result, robots 

with this system are non - holonomic, meaning their direction 

and position cannot be freely changed and must follow a 

specific path. Therefore, a more complex control system and 

more precise trajectory planning are required to ensure stable 

and smooth turning maneuvers. 

Research by Wicaksono et al. [5] analyzes the effectiveness 

of the canny method Edge Detection in detecting road 

markings in images with various environmental conditions 

such as sunny day, rainy day, sunny night, and rainy night. 

This approach begins with a series of image pre-processing 

techniques, including grayscale conversion, adaptive 

thresholding, and noise reduction using several filters such as 

Median Blur, Bilateral Filter, and Non-local Means Blur. This 

study proves that the effectiveness of edge detection is highly 

dependent on the pre-processing method used, and suggests 

dynamic adjustment to environmental conditions to produce 

accurate and optimal road marking detection. 

Research by Mwitta and Rains [6] developed an 

autonomous navigation system for an Ackermann-steered 

robot using the integration of stereo cameras and GPS. Path 

detection was performed using FCN-based semantic 

segmentation, followed by Canny Edge Detection to extract 

path boundaries, which were then fitted with second-order 

polynomials. Directional control used Pure Pursuit based on 

the Ackermann kinematics model. The system demonstrated 

an average lateral deviation of 4.8 cm (visual) and 9.5 cm 

(combined GPS- visual), proving the effectiveness of the 

visual approach and model-based control for precision 

navigation in narrow and curved terrain. 

Jian et al. [7] proposed a safe navigation method for mobile 

robots in dynamic environments using a Model Predictive 

Control (MPC) approach combined with Dynamic Control 

Barrier Function (D-CBF). Real-world and simulation test 

results show that this method can avoid various moving 

obstacles precisely and stably, with a minimum safe distance 

of 0.828 m to the obstacle, as well as better reaction time and 

speed variation compared to other baseline methods such as 

regular MPC and MPC-CBF. These findings strengthen the 

effectiveness of MPC as an adaptive and safe predictive 

control method for unstructured and complex environments. 

The previous research described above can support this 

study in addressing the existing problems. This study will 

design a robot with an Ackermann steering configuration 

capable of maneuvering well, meaning the robot can turn 

according to the road markings it will pass. Then, it will utilize 

a combination of deep learning through a camera installed on 

the robot and predictive control using the MPC approach. This 

system is designed to recognize paths from camera detection 

results, determine the trajectory direction, and calculate the 

steering angle accurately. The process begins with image 

processing using the Canny Edge Detection and Hough 

Transform methods to determine the position and direction of 

the trajectory. The direction parameters (heading angle) and 

trajectory deviation are then sent wirelessly via WiFi to the 

ESP32 microcontroller. In the microcontroller, these 

parameters become input for the MPC, which will produce a 

control signal in the form of a servo steering angle based on 

the Ackermann steering principle. 

The use of MPC in this study was chosen because of its 

ability to plan short-term trajectories based on current 

conditions and future predictions. MPC is able to take into 

account physical limits such as maximum steering angle, 

speed limits, and non- holonomic characteristics of the vehicle 

[8-15]. Unlike PID control, which only responds to current 

errors, MPC is able to minimize the control cost function with 

a mathematical approach, resulting in more optimal control 

decisions. This capability is very important in facing the 

challenges of the Ackermann steering system, which is highly 

dependent on the precision of the turning angle and position 

relative to the lane. 

This study hypothesizes that the integration of a camera-

based path recognition system with MPC on an Ackermann 

steering robot can improve the accuracy, stability, and 

adaptability of robot motion control. Evaluation is carried out 

based on quantitative parameters such as Root Mean Square 

Error (RMSE) against the reference path, steering angle error 

against the ideal direction, and system response time in 

adjusting direction changes. The success of this system is 

expected to contribute to the development of autonomous 

control systems in the future. 

 

 

2. METHOD 
 

This research focuses on the development of control 

systems for robots. Mobile that uses the Ackermann steering 

mechanism with a black line field that has 3 types of turns, 
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namely curved with an angle of 110° to 130°, elbow with an 

angle of 90°, and sharp with an angle of 50° to 70°. The robot 

control system uses MPC; this system aims to increase the 

accuracy of controlling the robot's direction on the track. 

 

2.1 Model Predictive Control 

 

MPC is an optimal control method used to control dynamic 

systems by predicting the future response of the system and 

calculating optimal control actions based on these predictions. 

MPC takes into account predictions of future system dynamics 

and uses a system model to calculate controls that can 

minimize the cost function [16]. 

MPC is very effective for applications involving physical 

constraints and system limitations, and can optimize 

performance under dynamic and uncertain conditions. In the 

context of autonomous robots with Ackermann steering, MPC 

is used to predict and control the robot's steering angle to 

maintain a desired path with high precision [17, 18]. The steps 

for implementing MPC on a mobile robot with Ackermann 

steering are as follows: 

a. Cost Function MPC 

MPC works by minimizing a cost function that includes two 

main components: position error and steering angle control. 

Function commonly used in MPC in Eq. (1). 

 

J = ∑  

n−1

i=0

(‖x(k + i ∣ k) − xref(k + i)‖Q
2 + ‖u(k + i)‖R

2  (1) 

 

where: 

J: cost function, 

N: prediction horizon, 

x(k + i|k): Predict the state at step k+i based on information 

step k, 

xref(k + i)= reference value for the state at step k+i, 

u(k + i): control prediction at step k+i, 

Q: output cost function error weight, 

R: input cost function weight. 

The objective function in MPC is to minimize the error 

between the predicted vehicle position and orientation and the 

desired (reference) destination, as well as the control penalty 

𝛿 (𝑘). The objective function 𝐽 can be written as Eq. (2). 

 

J = ∑  

n−1

i=0

[(x(k + i) − xref)
TQ(x(k + i) − xref)

+ (y(k + i) − yref)
TQ(y(k + i) − yref)

+ (θ(k + i) − θref)
TQ(θ(k + i) − θref)] 

(2) 

 

where, x(k + i), y(k + i), θ(k + i)= predicted state at step 𝑘 + 

𝑖 xref, yref, θref = condition reference. 

b. System Constraints 

MPC also takes into account the physical constraints of the 

system, such as the maximum steering angle (δ max) and the 

robot's speed (vmax) to prevent the robot from straying from 

the desired path. These constraints are incorporated into the 

MPC equations to ensure that the resulting solution does not 

violate the robot's physical constraints. 

c. Prediction and Control 

The MPC predicts the system several steps into the future 

(time horizon) and calculates the optimal control based on the 

robot's dynamic model. The calculated control is the steering 

angle δ that will be applied to the robot to reach the desired 

position. At each time step, the MPC updates the prediction 

and calculates the optimal steering angle based on the robot's 

current state and detected path conditions. 

d. Implementation on Robot 

After the MPC calculates the optimal steering angle, it sends 

this command to the servo motors controlling the robot's front 

wheels. This process is repeated at regular intervals to adapt 

the robot to changes in the path or changing environmental 

conditions. 

e. Testing and Evaluation 

After the MPC implementation, testing was conducted to 

evaluate the system's performance in accurately following 

paths. The evaluation was based on parameters such as the root 

mean square error (RMSE) between the robot's path and the 

reference path. Steering angle error to the ideal direction, and 

response time to changes in direction on a curved track. 

 

2.1.1 Discrete prediction model and state definition 

In this study, the Ackermann vehicle is approximated using 

a kinematic bicycle model with wheelbase L. The robot is 

controlled by the steering angle δ (rad) at a constant forward 

speed v (m/s). The states used in MPC are the lateral tracking 

error e_y and the heading error e_ψ with respect to the detected 

trajectory centerline. 

The continuous-time error dynamics are written as: 

 

ė_y = v·sin(e_ψ) 

 

ė_ψ = (v/L)·tan(δ) − ψ_̇ref 

 

where, ψ_ref is the desired heading (trajectory direction) and 

ψ̇_ref is its rate of change. In this work, ψ_ref is obtained 

directly from the vision-based road angle and ψ_̇ref is assumed 

to be small within one sampling period. 

By discretizing with sampling time T_s using forward 

Euler, the prediction model becomes: 

 

e_y(k+1) = e_y(k) + v·T_s·sin(e_ψ(k)) 

 

e_ψ(k+1) = e_ψ(k) + (v·T_s/L)·tan(δ(k)) 

 

This discrete model is used to predict the future error states 

over the prediction horizon N. 

 

2.1.2 Vision-to-state mapping (canny–hough output interface) 

Trajectory detection provides two outputs every frame: (1) 

road angle θ_road (deg) from the dominant Hough line, and 

(2) lateral deviation d_px (px) between the image center and 

the detected trajectory centerline. The image coordinate is 

defined with x-axis horizontal (positive to the right) and y-axis 

vertical (positive downward). 

The desired heading ψ_ref is defined as ψ_ref = θ_road 

(converted to radians). The robot heading ψ is assumed aligned 

with the camera optical axis. Therefore, the heading error is 

approximated as: 

 

e_ψ ≈ −ψ_ref 

 

The lateral error is obtained from d_px by a pixel-to-meter 

scaling factor s (m/px): 

 

e_y = s·d_px 

 

The scaling factor s is determined from the known track 

width in the image at the Region of Interest (ROI) and is kept 

constant during experiments. This mapping allows the vision 
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module to provide the MPC with physically meaningful state 

variables. 

 

2.1.3 MPC formulation, parameters, and constraints 

At each sampling instant k, the MPC solves an optimization 

problem to minimize the tracking error and control effort: 

 

min_{δ(·)} J = Σ_{i=1..N} ( x̂(k+i|k) − x_ref )ᵀ Q ( x̂(k+i|k) 

− x_ref ) + Σ_{i=0..M−1} δ(k+i|k)ᵀ R δ(k+i|k) 

 

with x = [e_y, e_ψ]ᵀ and x_ref = [0, 0]ᵀ. The control sequence 

is constrained by the steering limits: 

 

δ_min ≤ δ(k+i|k) ≤ δ_max 

 

In the implemented prototype, δ is limited to ±40° to prevent 

mechanical saturation of the steering linkage. The MPC is 

executed with the following parameters: sampling time T_s = 

0.10 s, prediction horizon N = 10, control horizon M = 3, Q = 

diag([1.0, 0.5]), and R = 0.1. A quadratic programming (QP) 

solver is used to compute the optimal δ sequence; only the first 

control input δ(k|k) is applied to the servo (receding horizon 

principle). 

 

2.1.4 Baseline controllers and evaluation metrics 

To objectively evaluate the benefits of MPC, two baseline 

controllers are considered: (i) a proportional steering 

controller (P-controller) that maps e_ψ and e_y into δ, and (ii) 

a Pure Pursuit controller using the detected lane centerline as 

a reference. All controllers are tested on the same track 

scenarios and at the same constant speed. 

Tracking performance is evaluated from logged data over a 

full lap using Mean Absolute Error (MAE), Root Mean Square 

Error (RMSE), and maximum deviation: 

 

MAE = (1/T) Σ |e_y(t)|, RMSE = sqrt( (1/T) Σ e_y(t)^2 ), 

e_y,max = max |e_y(t)| 

 

Control smoothness is evaluated by the steering rate Δδ = 

δ(k) − δ(k−1) and its standard deviation. These metrics are 

reported in the Results section to support quantitative 

comparison. 

 

2.2 Canny Edge Detection 

 

Canny Edge Detection aims to identify significant changes 

in image intensity that indicate the boundaries or edges of 

objects in the image. These edges are areas where large 

changes in pixel intensity occur, often marking the boundary 

between an object and its background. The theory behind this 

method is that these edges provide important information 

about the structure and shape of objects in the image [19-27]. 

Canny Edge Detection works through a series of steps 

designed to provide smooth and accurate edge detection. Here 

are the main steps involved: 

a. Refinement 

The first step in the canny algorithm is image smoothing to 

reduce any noise that may be present in the image, which could 

interfere with edge detection. To this end, a Gaussian filter is 

used to smooth or smooth the image. Gaussian smoothing 

works by giving more weight to pixels closer to the center and 

decreasing it towards the edges, resulting in a smoothing effect 

that effectively reduces noise. The smoothing effect is 

calculated using Eq. (3). 

G(x, y) =
1

2πσ2
e
−
x2+y2

2σ2  (3) 

 

Information: 

1. G(x,y): Gaussian value at coordinates (x,y). 

2. σ: Parameter that controls the level of image smoothing. 

b. Gradient Calculation 

After the image is smoothed, the next step is to calculate the 

image intensity gradient at each pixel. This gradient describes 

the rate of change in image intensity, which indicates the 

presence of edges. To calculate the gradient, the Sobel 

operator is used, which applies convolution to the image to 

obtain the gradient components in the horizontal (Gx) and 

vertical (Gy) directions. The gradient is calculated by Eq. (4). 

 

Gx =
𝜕I

𝜕x
, Gx =

𝜕I

𝜕y
 (4) 

 

Information: 

1. I = Input image. 

2. Gx = image gradient in horizontal direction. 

3. Gy = image gradient in the vertical direction. 

Total gradient G is calculated using Eq. (5). 

 

G = √Gx
2 + Gy

2 (5) 

 

where, G is the gradient magnitude, which indicates the 

magnitude of the intensity change at each point. The direction 

of the gradient θ is calculated by Eq. (6). The direction of this 

gradient provides information about the orientation of the 

detected edge. 

 

θ = atan2(Gy, Gx) (6) 

 

c. Non - Maximum Suppression 

This process is done by comparing the gradient value at 

each pixel with the gradient values at the surrounding pixels 

along the gradient direction θ. If the gradient value at a pixel 

is not greater than the gradient value at its neighboring pixel, 

then the pixel is considered not to be part of the edge and is 

removed. 

d. Thresholding with Hysteresis 

Pixels with gradient values greater than the high threshold 

are considered strong edges. Pixels with gradient values 

smaller than the low threshold are considered non-edges. 

Pixels with gradient values between these two thresholds are 

considered weak edges, which are only retained if they are 

connected to a strong edge. 

e. Edge Tracking by Hysteresis 

Pixels that are considered weak edges and are connected to 

strong edges are retained. This process ensures that only 

significant and relevant edges are retained, while edges that 

are not connected to strong edges are removed. This process 

helps reduce interference or noise that can be introduced into 

edge detection. 

 

2.3 Hough Transform 

 

Hough Transform is a technique used in image processing 

to detect certain geometric shapes in images, especially to 

detect straight lines. This technique was introduced by Paul 

Hough in 1962 and is used to detect objects in images that are 

not explicitly defined in image space. One of the main 
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applications of the Hough Transform is in the recognition of 

lines or other geometric shapes, such as circles, in images. The 

Hough Transform converts the usual image space (Cartesian 

space) into a parameter space, where each point in the image 

is represented as geometric parameters (such as angles and line 

lengths), leading to a representation that is easier to process 

[28-30]. In 2D image processing, the Hough Transform 

focuses on line detection, which can be described by Eq. (7). 

 

ρ = xcos⁡(θ) + ysin⁡(θ) (7) 

 

Information: 

1. ρ is the shortest distance from the point to the origin of 

coordinates (the detected line), 

2. θ is the angle between the line and the x-axis, 

3. x and y are the coordinates of a point in image space. 

A line in image space cannot be represented by a single 

coordinate pair (x, y) because a line is a two-dimensional 

concept that requires two parameters to define it, namely ρ and 

θ. Therefore, the Hough Transform uses this parameter space 

to detect lines in an image by converting the image into a 

parameter space that is easier to analyze. The steps in the 

Hough Transform for Line Detection are as follows: 

a. Transformation of Image Points to Parameter Space 

b. Sound Collection in Parameter Space (Accumulator 

Array) 

c. Determination of the Edges of the Most Common Lines 

d. Convert Back to Image Space 

 

2.4 Block diagram 

 

The block diagram of this system, Figure 1 explains the 

workflow of the system to be designed. The system starts with 

a “Reference” that represents the robot’s position relative to 

the desired path in units of px, then the “MPC Controller” 

calculates the control signal un given to the “Plant” (mobile 

robot). The steering angle δn is obtained and produces the 

output of the robot’s x and y positions relative to the path. 

Then a check is carried out by the “Camera” which becomes 

feedback to measure the actual position of the vehicle, and the 

results are used by the MPC to adjust the control signal so that 

the vehicle remains at the desired Reference, namely the 0 px 

angle. 

 

 
 

Figure 1. System block diagram 

 

This mobile robot is equipped with an Ackermann 

mechanism steering controlled by MPC based on the results of 

trajectory detection using a camera and the Canny Edge 

Detection algorithm. This system was built with an integrated 

approach between a computer, an ESP32 microcontroller, and 

drive and steering actuators, as shown in Figure 2. 

 

2.5 Flowchart 

 

In designing this system, there are several flowcharts as 

algorithms for how the system will work, as explained below: 

a. System Flowchart 

Explained in the system flowchart Figure 3, there is a 

declaration of variables to be used consisting of "Trajectory 

Image = CL", "Road Angle = SJ", and "Steering Angle = δ ". 

After the variable declaration, there is "INPUT (CL)", where 

the camera takes real-time recordings. The trajectory image 

that has been detected by the camera is immediately processed 

in "Line Detection", where this process will search for road 

boundaries and update the angle of change of the road. After 

the angle of change of the road is obtained, the angle of the 

road will be processed by "MPC" to predict how many degrees 

the steering angle will change so that the mobile robot does 

not leave the track. Then we get "OUTPUT (δ)" which will 

direct the robot to stay on its path, and the system is complete. 

 

 
 

Figure 2. Input process output 

 

b. Line Detection Flowchart 

The system in digital image processing, where the camera 

detects the road and is processed in the line detection flowchart 

Figure 4. The system starts from the declaration of the 

variables "Edge Image = CE", and "Road Angle = SJ". 

Followed by "Image Pre-processing" where the image of the 

path will be improved image quality and remove noise in the 

image. After that the image will be processed in "Canny Edge 

Detection", where the road image will be taken only the edge 

of the road to determine the boundaries and shape of the path. 

After the edge of the road is known, it will be processed again 

using the "Hough Transform", in this process, the image will 

be drawn a straight line to determine the change in the angle 

of the road. After both are obtained, namely the edge boundary 

and the angle of the road, the results will be filtered and 

combined. To reduce the occurrence of unwanted detection, it 

is continued with conditioning, namely, whether the edge is 

detected. If the edge of the path is not detected, the system is 

restarted from "INPUT (CL)". And if the edge of the path is 

detected, then "OUTPUT (SJ)" is obtained, and the line 

detection process is complete. 

c. Canny Edge Detection Flowchart 

Figure 5 shows the flowchart of Canny edge detection, 

starting with the declaration of the variable “Citra Edge = CE”, 

followed by image smoothing using a Gaussian filter to reduce 

noise. Next, “Computing Gradient” is used to obtain the edge 

direction. After that, the non-maximum Suppression is 

performed to preserve edge peaks, followed by “Double 

Threshold” to identify strong and weak edges. Weak edges 

connected to strong edges are preserved. The result is a clear 

edge image, and the process is complete. 

d. Hough Transformation Flowchart 

The Hough Transform is used to detect geometric shapes, 

such as straight lines, in the image of Figure 6. The process 

begins with the declaration of the variable “Citra Edge = CE” 
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and continues with “INPUT (CE)”, then transforms the points 

in the image into a parameter space, where each line in the 

image is represented by two parameters: the line length (r) and 

the angle (θ), which describes the orientation of the line. Next, 

accumulation is carried out using an accumulator array to 

calculate the contribution of each point to these parameters, 

which are used to determine the existing lines. The lines with 

the highest contribution are considered as detected lines. The 

detected line information is then returned to the image space 

to be drawn, and the process is complete. 

 

 
 

Figure 31. System flowchart 

 

 
 

Figure 4. Flowchart line detection 

 

e. Flowchart MPC 

Figure 7 shows the MPC flowchart, the system starts from 

the declaration of the variables “Road Angle = SJ”, and 

“Steering Angle = δ”, then there is “INPUT (SJ)” and 

calculates the objective function that measures how far the 

current system condition is from the desired reference 

condition. The objective function is then optimized to 

determine the optimal control, and then the “OUTPUT (δ)” is 

obtained, which will later be used by the servo motor as the 

Ackermann angle driver. Steering and the process are 

complete. 

 

 
 

Figure 5. Flowchart edge detection 

 

 

2.6 Tool design 

 

The mobile robot design in this study was made to resemble 

a four-wheeled vehicle in general, which uses an Ackermann 

steering mechanism. Steering. This design was chosen because 

it fits the characteristics of the robot, which will be designed 

to maneuver stably on curved paths. The robot's main structure 

uses acrylic, chosen for its sufficient strength to support all 

components. 

 

 
 

Figure 6. Hough Transform flowchart 
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Figure 7. Flowchart Model Predictive Control (MPC) 

 

The robot has four wheels, with the two front wheels 

serving as steering wheels and the two rear wheels serving as 

driving wheels. The Ackermann steering mechanism is 

controlled using a single servo motor connected to the two 

front wheels via a linkage system as shown in Figure 8. For 

forward movement, a single DC motor mounted on the axle is 

used. The gears transmit motor power to the rear wheels. This 

system allows the robot to perform turning maneuvers at 

angles adjusted automatically through MPC. 

 

 
 

Figure 8. Robot component parts 

The overall dimensions of the robot are 25 cm long, 15 cm 

wide, and 17 cm high, which are adjusted to be sufficient for 

testing in an indoor environment while still representing a 

small four-wheeled vehicle. The design of the mobile robot is 

shown in Figure 9. 

 

 
 

Figure 9. Robot dimensions 

 

Visually, the robot's view direction consists of a front view 

in Figure 10. You can see the camera facing forward and the 

servo drive, half of the body of which is under the car, and 2 

LEDs located on the front of the robot to light the way if 

needed. 

Rear view of Figure 11 shows 1 yellow button to set the 

robot's condition to be ready or not ready, and 1 red switch, 

which will be used as a switch. Supply from the battery.  

The side view in Figure 12 shows two wheels, namely the 

front wheel and the rear wheel, which are 15 cm apart. The 

camera orientation is slightly tilted downwards 

 

2.7 Road terrain 

 

The terrain to be used is a testbed printed on a banner. The 

road width is 20 cm. This testbed has 2 colors, consisting of 

black as the main road area and white as the testbed 

background. This testbed has several types of turns consisting 

of curved turns with an angle of 110° to 130°, T-turns with an 

angle of 90, and sharp turns with an angle of 30° to 50°. This 

design was created in software. Corel draw as shown in Figure 

13. 

 

 
 

Figure 10. Front view 
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Figure 11. Rear view 

 

 
 

Figure 12. Side view 

 

 
 

Figure 13. Road terrain 

 

2.8 Electronic circuits 

 

Electronic circuits on mobile, this robot is designed to 

connect all the main components so that the system can work 

properly. The ESP32 microcontroller acts as a control center 

that receives angle data from the computer via a WiFi network, 

then controls the robot's movement based on that data. The 

servo motor is connected to the ESP32 and is used to control 

the turning angle of the front wheels (Ackermann steering). A 

DC motor at the rear is used to move the robot forward. The 

DC motor is controlled through a motor driver, which is also 

connected to the ESP32. The electronic circuit is made using 

Fritzing software, as shown in Figure 14. 

 

 
 

Figure 14. Electronic circuits 

 

2.9 Ackermann steering kinematic model 

 

The kinematic model of the robot in Figure 15 is used to 

predict the future position and orientation of the robot. The 

kinematic model of the robot is written in the form of 

equations of motion that depend on the speed and steering 

angle of the robot in Eq. (8). 

 

Tan(δ) =
L

R
 (8) 

 

Information: 

a. δ: turning angle, 

b. L: distance between front axles and rear (wheelbase), 

c. W: wheelbase width (track) width), 

d. R: turning radius from the center of the turn to the 

center point of the vehicle. 

e. ICR: Instantaneous Center of Rotation 

 

 
 

Figure 15. Ackermann steering kinematic model [31-34] 
 

 

3. RESULTS AND DISCUSSION 
 

3.1 Robot specifications 

 

The selection of these components is based on the system 
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requirements for running an autonomous robot, where the 

robot must be able to detect trajectories and perform precise 

turning maneuvers using the Ackermann steering mechanism. 

Furthermore, these specifications are adjusted to support the 

computation and actuator responses required by the MPC 

method. A brief list of the main components used in this robot 

can be seen in Table 1. 

 

Table 1. Robot specifications 

 

No. Component 
Type / 

Model 
Information 

1 Servo Motor 
Servo 

MG996R 
Steering Actuator 

2 DC motor 
JGA25 130 

RPM 
Prime Mover 

3 
Motorcycle 

Driver 

BTS7960 

Module 
DC Motor Controller 

4 Encoder Magnetic 
Measuring wheel 

speed 

5 Camera 
Logitech 

C270 720p 
Image Input 

6 Microcontroller 
ESP32 

DevKit V1 

Control and 

Communication Unit 

7 Battery LiPo 3S 12V Key Resources 

 

3.2 Ackermann steering mechanic 

 

The Ackermann steering mechanism on this robot is 

designed to ensure maneuver stability when the robot turns. 

This system is realized by using one servo motor Figure 16(a) 

as the main actuator that drives both front wheels through a 

mechanical linkage system (steering linkage) Figure 16(b). 

 

3.3 Axle mechanic 

 

The axle mechanism on this robot functions as the main 

power transmission system that converts the rotational energy 

from the DC motor into linear motion on the rear wheels 

(Figure 17). Based on the design that has been realized, this 

drive system uses a Rear Wheel Drive (RWD) configuration 

with one centralized drive motor. 

 

 
(a) 

 
(b) 

 

Figure 16. (a) Bottom view of the Ackermann steering 

mechanism, (b) Top view of the Ackermann steering 

mechanism 

 
 

Figure 17. Axle mechanism 

 

3.4 Electronic circuits 

 

The electronic circuit is the core of the robot control system 

in Figure 18, connecting the processing, sensors, and 

actuators. The entire robot's electrical system is centered on 

the ESP32 microcontroller, which is responsible for managing 

the flow of data and control signals. 

 

 
 

Figure 18. Electronic circuits 

 

3.5 Robot physics 

 

The robot's physical structure is designed to resemble the 

structure of a conventional four-wheeled vehicle to 

accommodate the Ackermann steering mechanism. The 

robot's main structure is constructed using acrylic. This 

material was chosen based on its lightweight characteristics 

yet has sufficient strength to support all electronic 

components, batteries, and drive motors. Physically, the 

robot's body can be seen in Figure 19. 

 

 
 

Figure 19. Robot physics 
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3.6 Servo motor calibration 

 

Servo calibration was performed (Figure 20) to map the 

MPC steering output δ (deg) into a safe servo command range. 

The center position (straight motion) was identified, and the 

left/right mechanical limits were measured to avoid linkage 

saturation. These calibrated limits are used as the steering 

constraints (δ_min, δ_max) in the MPC implementation. 

 

 
 

Figure 20. Servo motor calibration 

 

3.7 Encoder sensor calibration 

 

Encoder calibration was conducted to convert pulse counts 

into wheel speed v (m/s) in Figure 21. The pulses-per-

revolution value was identified and combined with wheel 

diameter to obtain a speed conversion factor. The resulting 

speed estimate is used as a fixed parameter during the 

experiments. 

 

3.8 Camera calibration 

 

In Figure 22, the camera tilt angle was adjusted to ensure a 

consistent ROI covering the lane ahead. This calibration 

improves the robustness of edge detection and the accuracy of 

θ_road and d_px estimation under varying lighting. 

 

 
 

Figure 21. Encoder sensor calibration 

 

 
 

Figure 22. Camera calibration 

Table 2. Robot response data 

 
No Linta San's Condition Road Angle (°) X Deviation (px) MPC Angle (°) Smooth Angle (°) Servo 

1 Straight stable -1.49 15.29 0.00 -0.00 75 

2 Medium left turn -21.08 0.00 -25.00 -24.47 99 

3 Sharp left turn -32.10 100.08 -40.00 -39.32 114 

4 Sharp right turn 42.58 0.00 40.00 40.00 115 

5 Right medium turn 43.04 0.00 40.00 40.00 35 

6 High light conditions ±21–32 Varies On the road According to smoothing Varies 

3.9 Robot testing using the Model Predictive Control 

method 

 

In Table 2, robot response data for several representative 

conditions during testing the MPC control system on the 

Ackermann steering robot. In general, the test results show that 

the MPC implementation is capable of producing stable 

steering behavior in various track conditions, including 

straight segments, moderate turns, sharp turns, and conditions 

with large lateral deviations. 

In the straight road conditions of Figure 23, the road angle 

value is around 0° with slight variations due to image noise. 

The MPC responds by providing an MPC angle = 0° and a 

smooth angle = −0°, so that the robot maintains a stable 

direction of motion. A servo command value of around 75 

indicates that the servo is in the center position according to 

calibration, indicating that the control has operated in a steady-

state condition without oscillation. 

 
 

Figure 23. Straight road 

 

In the moderate turn in Figure 24, the road angle is detected 

at around ±20°–25°. The MPC produces an MPC angle close 
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to this value, but slightly smoothed by the angle smooth filter. 

As a result, the robot enters the turn with a smooth transition 

without jerking movements. This indicates that the weighting 

in the MPC objective function is able to balance the need to 

follow the road angle and the limitations of steering dynamics. 

In the sharp turn in Figure 25, the road angle reaches more 

than ±32° to ±43°, which is a critical condition for small robots 

with a limited turning radius. The MPC responds by 

generating a steering angle close to the maximum limit (±40°) 

but remains within the safe servo limits (35–115). Although 

there is a slight overshoot at the start of the maneuver, the 

smooth angle value dampens the sudden change so that the 

robot remains on track without going off track. This condition 

demonstrates the predictive ability of the MPC to anticipate 

changes in road angle several steps ahead. 

 

 
 

Figure 24. Moderate curving road 

 

 
 

Figure 25. Sharp turning road 

 

The condition with a large lateral deviation (row 3, 

deviation 100px) shows that the robot is still able to correct 

itself back towards the centerline. This demonstrates the 

superiority of MPC in optimizing not only orientation but also 

lateral position errors simultaneously. The robot's success in 

returning to the center of the lane under this condition 

demonstrates the effectiveness of the two-state lane steering 

approach (yaw error + lateral deviation). 

Furthermore, testing in a highly reflective area (row 6) 

demonstrates that the angular smoothing mechanism is able to 

prevent the servo response from following noisy line contour 

changes. This is important because uneven lighting is often a 

major challenge in vision-based systems. 

Overall, the test results show that the integration of Canny–

Hough-based line detection with the MPC algorithm results in 

adaptive, stable, and safe path tracking performance for the 

Ackermann steering mechanical system. The smooth steering 

response and the robot's ability to follow various types of turns 

indicate that the MPC parameter values used—including the 

prediction horizon, error penalty weighting, and control 

constraint limits—are in the optimal configuration for this 

trajectory scenario. 

 

 

4. CONCLUSIONS 

 

The test results show that the MPC algorithm is able to 

control the robot stably in various track conditions. On the 

straight segment, the measured road angle is only around 

−1.49° with a lateral deviation of 15.29 px, so that the MPC 

produces a steering command of 0.00° with a servo command 

of 75, which indicates the ideal steering position is at the 

center. On moderate turns, when the road angle reaches 

−21.08° and 43.04°, the MPC provides a correction of −25° to 

+40°, with a smooth angle at −24.47° and +40°, so that the 

robot is able to enter and exit turns without oscillation. 

For sharp turns, the road angle increased to −32.10° and 

+42.58°, with a deviation even reaching 100.08 px in one 

scenario. In this critical condition, the MPC was still able to 

provide a maximum correction angle of ±40°, which was still 

within the safe servo operating limits (35–115). The servo 

command value reached 114–115 in the most extreme turns, 

but did not cause mechanical saturation or loss of control. The 

robot was still able to follow the path and return to the center 

of the track within several prediction cycles. 

Furthermore, under high lighting conditions that produce 

reflections on the track surface, the road angle variation is in 

the range of ±21°–32°. MPC with smoothing is able to 

withstand sudden angular changes, maintaining the stability of 

the robot's motion so that steering commands do not follow 

image noise. Overall, MPC is proven to be able to maintain the 

robot's orientation and position simultaneously, follow the 

path with high precision, and produce smooth maneuvers in 

various degrees of turning and environmental conditions. 

With stable performance at angles up to ±43° and deviations 

reaching 100px, it can be concluded that the MPC parameter 

configuration, servo constraint limits, and Canny–Hough-

based line detection integration have worked optimally in 

producing a responsive and safe robot navigation system. 

These results confirm that MPC has great potential for 

application in service robots and indoor autonomous 

navigation systems that require precise maneuvers and 

adaptability to trajectory variations. 
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