
Self-driving Car Problem
Tran Quoc Truong* (truongtqse173295@fpt.edu.vn)a,1, and Tang Quang Hieu (hieutq10@fe.edu.vn)b,2

aStudent, University; bMentor, University

Professor: Responsible for the experiment

Abstract—The main challenges of self-driving cars are detecting traffic
signs, semantically segmenting lanes, and developing algorithms to
control the car. In our study, we will approach the basic ways to build
a self-driving car. We use Unity, a game development platform, to
simulate the virtual environment, including shadows, snow, stop lines,
lane marking, and various objects such as rocks, leaves, and obstacles
like other cars on the road. Along the roadside, it has grass, trees, and
traffic signs. The method we use to detect traffic signs is color filters to
crop the traffic sign image and the YOLOv8 Classifier model to classify,
and the data we use is provided by VIA dataset v1.0 including over
18k images of 7 classes: stop, left, right, straight, no_left, no_right, and
unknown. Secondly, to semantic segment the lane, we choose YOLOv8
Segmentation, which is fast enough to run in real-time, and the data
we use is provided by the VIA dataset v1.0 including approximately
8k images and 1,5k self-labeled images from that virtual environment,
using augmentation to increase to 3k images. In the controller phase, we
use the DIP algorithm to steer the car into themiddle of the lane and rely
on the traffic sign when the lane is available. And the result is the car
finished the simulation in time without any trouble. In conclusion, we
can build your self-driving car with only basic methods and algorithms.

Keywords—Mathematics for AI, Neural Networks, Self-driving
Car...

1. Introduction

A autonomous vehicles, in general, and in particular self-
driving cars, can "sense" their surroundings and operate

independently without any human intervention. In terms of
technology, self-driving cars apply the most advanced models
such as edge computing, IoT, and especially Artificial Intelli-
gence (AI), thereby not only stopping at collecting data with
sensors. , self-driving cars can also observe and learn from
situations, make their own decisions when participating in
traffic, or even predict actions and risks. Data needs to be
processed on-site to make immediate decisions, while still en-
suring safety and accuracy. Regardless of Internet connection,
optimal autonomous vehicles can also effectively communi-
cate with other vehicles to collect more complete and detailed
real-time environmental information.
The Society of Automotive Engineers (SAE) currently de-

fines 6 levels of driving automation ranging from Level 0 (fully
manual) to Level 5 (fully autonomous). These levels have been
adopted by the U.S. Department of Transportation. [5]
Levels of driving automation:
_ Level 0 - No automation: Manual control. The human
performs all driving tasks (steering, acceleration, brak-
ing, etc, ...).

_ Level 1 - Driver assistance: The vehicle features a single
automated system (e.g it monitors speed through cruise
control).

_ Level 2 - Partial automation: ADAS. The vehicle can
perform steering and acceleration. The human still
monitors all tasks and can take control at any time.

_ Level 3 - Conditional automation: Environmental de-
tection capabilities. The vehicle can performmost driv-
ing tasks, but human override is still required.

_ Level 4 - High automation: The vehicle performs all
driving tasks under specific circumstances. Geofencing
is required. Human override is still an option.

_ Level 5 - Full automation: The vehicle performs all driv-
ing tasks under all conditions. Zero human attention
or interaction is required.

Autonomous cars rely on sensors, actuators, complex algo-
rithms, machine learning systems, and powerful processors to
execute software. Autonomous cars create andmaintain amap
of their surroundings based on a variety of sensors situated
in different parts of the vehicle. Radar sensors monitor the
position of nearby vehicles. Video cameras detect traffic lights,
read road signs, track other vehicles, and look for pedestrians.
Lidar (light detection and ranging) sensors bounce pulses of
light off the car’s surroundings to measure distances, detect
road edges, and identify lane markings. Ultrasonic sensors in
the wheels detect curbs and other vehicles when parking. So-
phisticated software then processes all this sensory input, plots
a path, and sends instructions to the car’s actuators, which
control acceleration, braking, and steering. Hard-coded rules,
obstacle avoidance algorithms, predictivemodeling, and object
recognition help the software follow traffic rules and navigate
obstacles.
But in our study, we will approach the basic ways to build a

self-driving car. We use Unity, a game development platform,
to simulate the virtual environment, including shadows, snow,
stop lines, lane marking, and various objects such as rocks,
leaves, and obstacles like other cars on the road. Along the
roadside, it has grass, trees, and traffic signs. The method we
use to detect traffic signs is color filters to crop the traffic sign
image and the YOLOv8 Classifier model to classify, and the
data we use is provided by VIA dataset v1.0 including over 18k
images of 7 classes: stop, left, right, straight, no_left, no_right,
and unknown. Secondly, to semantic segment the lane, we
choose YOLOv8 Segmentation, which is fast enough to run in
real-time, and the data we use is provided by the VIA dataset
v1.0 including approximately 8k images and 1,5k self-labeled
images from that virtual environment, using augmentation to
increase to 3k of images. In the controller phase, we use the
DIP algorithm to steer the car into the middle of the lane and
rely on the traffic sign when the lane is available.
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2. Methodology
2.1. Basic Theoretical Background.
1. Derivative in mathematics, is the rate of change

of a function concerning a variable. Derivatives are
fundamental to the solution of problems in calculus and
differential equations.

𝑓′(𝑥0) = lim
𝑥→𝑥0

𝑓(𝑥) − 𝑓(𝑥0)
𝑥 − 𝑥0

(1) Figure 1. Example of Derivative

2. Gradient Descent is an optimization algorithm for find-
ing a local minimum of a differentiable function. Gradi-
ent descent in machine learning is simply used to find
the values of a function’s parameters (coefficients) that
minimize a cost function as far as possible.
Gradient Descent Algorithm:
(a) Initialize Parameters: Start with initial values for

the parameters (weights) of the model.
(b) Compute Gradient: Calculate the gradient (1) of

the cost function concerning each parameter.
(c) Update Parameters: Adjust the parameters in the

opposite direction of the gradient to minimize the
cost function, using a fraction of the gradient scaled
by a learning rate.

(d) Repeat: Iterate steps 2 and 3 until convergence crite-
ria aremet, such as amaximumnumber of iterations
or when the change in the cost function becomes
negligible.

Figure 2. Example of Gradient Descent

3. The Chain Rule In differential calculus, the chain rule
is a formula used to find the derivative of a composite
function. If 𝐲 is a function of 𝐮 (y = 𝑓(𝑢)), and 𝐮 is a
function of 𝐱 (u = 𝑓(𝑥)), then the derivative of 𝐲 with
respect to 𝐱 can be found by multiplying the derivative of
𝐲 with respect to 𝐮 by the derivative of 𝐮 with respect to
𝐱.

𝑑𝑦
𝑑𝑥 = 𝑑𝑦

𝑑𝑢 ∗ 𝑑𝑢
𝑑𝑥 (2)

4. Activation Functions An Activation Function decides
whether a neuron should be activated or not. This means
that it will decide whether the neuron’s input to the net-
work is important or not in the process of prediction using
simpler mathematical operations.
(a) Why we should use Activation Functions:

i. Create the non-linear for the model.
ii. Keep the output values within a certain range.

(b) Some popular Activation Functions:
i. Sigmoid

𝑓(𝑥) = 1
1 + 𝑒−𝑥 (3)

ii. Tanh (Hyperbolic Tangent)

𝑓(𝑥) = 𝑒𝑥 − 𝑒−𝑥
𝑒𝑥 + 𝑒−𝑥 (4)

iii. ReLu(Rectified Linear Unit)

𝑓(𝑥) = max(0, 𝑥) (5)

iv. Softmax (commonly used in the output layer)

𝑓𝑖(𝑥) =
𝑒𝑥𝑖

∑𝐶
𝑗=1 𝑒

𝑥𝑗
(6)

5. PID algorithm The PID algorithm, or Proportional-
Integral-Derivative controller, is a control algorithm
widely used in engineering and automation. It contin-
uously adjusts control inputs based on the difference
between a desired setpoint and a measured process
variable.

Figure 3. PID Diagram

PID controllers consist of three terms:
(a) Proportional (𝐾𝑝): Reacts proportionally to the cur-

rent error signal.
(b) Integral (𝐿𝑖): Integrates the error signal over time to

eliminate steady-state error.
(c) Derivative (𝐾𝑑): Dampens system response by react-

ing to the rate of change of the error signal.

𝑢(𝑡) = 𝐾𝑝𝑒(𝑡) + 𝐾𝑖 ∫
𝑡

0
𝑒(𝜏) 𝑑𝜏 + 𝐾𝑑

𝑑𝑒(𝑡)
𝑑𝑡 (7)
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2.2. Advanced Theoretical Background.
1. Neural Network A neural network is a machine learn-

ing program, or model, that makes decisions like the hu-
man brain, by using processes that mimic the way biolog-
ical neurons work together to identify phenomena, weigh
options, and arrive at conclusions. [7]

Figure 4. Example of Neural Network

How Neural Network work!

(a) Training
Step 1: Set the input/output data into the in-

put/output layer.
Step 2: Determine how many hidden layers and

their nodes are.
Step 3: Initialize random 𝑤𝑖 (weight value) for

each node, commonly using Normal Dis-
tribution (Gaussian Distribution) to pick
value.

Step 4: Initialize random 𝑏𝑖 (weight value) for
each node, commonly equal to 0.

Step 5: Use Back-Propagation (Chain rule 2) to
fit the model 𝑤𝑖 , 𝑏𝑖 .

(b) Prediction: Use forward propagation to calcu-
late the output values relying on 𝑤 (weight) and
𝑏 (bias) belonging to each node, which are pre-
trained.

2. Convolutional Layers are a key part of Convolutional
Neural Networks (CNNs), which are widely used in com-
puter vision and image processing. These layers perform
a mathematical operation called convolution on their in-
put.
In convolution, a small filter (also called a kernel or filter,
commonly (3x3) or (5x5)) is moved across the input data.
At each position, the filter multiplies its values element-
wise with the corresponding values in the input and sums
them up to produce a single value in the output, creating
what’s called a feature map.

Figure 5. Example of Convolution

3. DeConvolution is totally opposite process from Convo-
lution. It is also known as Transposed Convolution.
In DeConvolution, the Feature map gets converted into
an Image. Converting Convoluted image into Original
Image is DeConvolution.
Convolution adds up the information spread in various
pixels to one pixel, whereas DeConvolution spreads the
information present in one pixel to various pixels.

Figure 6. Example of Deconvolution

4. Pooling Layers are an essential component of Convolu-
tional Neural Networks (CNNs). These layers are used to
reduce the size of the input data while keeping important
information...
Specifically, pooling layers typically perform a simple ag-
gregation operation such as taking the maximum value
(max pooling) or computing the average value (average
pooling) from small regions of the feature map generated
by convolutional layers.

Figure 7. Example of Pooling

5. Unpooling layers, the opposed to pooling layers, are
the process of undoing the pooling operation, where
the original spatial dimensions of the data are restored,
typically in order to recover the spatial information lost
during pooling.
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Figure 8. Example of Unpooling

2.3. Deep Learning Models Architecture.

1. CNN (Convolution Neural Network) A convolutional
neural network (CNN) is a category of machine learning
model, a type of deep learning algorithm well suited to
analyzing visual data. CNNs, sometimes called convents,
use principles from linear algebra, particularly convolu-
tion operations, to extract features and identify patterns
within images. Although CNNs are predominantly used
to process images, they can also be adapted for audio and
other signal data.
- In an image classifier, CNN can split into two sets of
layers, the first set is extracting features, including con-
volutional layers, and pooling layers (which will be intro-
duced later on), and the last set is fully connected layers,
which are a traditional neural network. [2]

Figure 9. Example of CNN

(a) Extracting features:

- Convolutional Layers.
- Pooling Layers.

(b) Fully Connected Layers: refers to the traditional
Neural Network (1). In these layers, the inputs con-
sist of extracted feature layers, which are flattened,
into 1 dimension, and the outputs are the classified
layers.

2. U-Net is a convolutional neural network that was devel-
oped for biomedical image segmentation at the Computer
Science Department of the University of Freiburg. The
network is based on a fully convolutional neural network
whose architecture was modified and extended to work
with fewer training images and to yield more precise seg-
mentation. Segmentation of a 512 × 512 image takes less
than a second on a modern GPU... [3]

Figure 10. U-net

It consists of a contracting path and an expansive path:

- The contracting path follows the typical architec-
ture of a convolutional network. It consists of the
repeated application of two 3x3 convolutions (un-
padded convolutions), each followed by a rectified
linear unit (ReLU) and a 2x2 max pooling operation
with stride 2 for downsampling. At each downsam-
pling step, we double the number of feature chan-
nels.

- Every step in the expansive path consists of an up-
sampling of the feature map followed by a 2x2 con-
volution (“up-convolution”) that halves the number
of feature channels, a concatenation with the corre-
spondingly cropped feature map from the contract-
ing path, and two 3x3 convolutions, each followed
by a ReLU. The cropping is necessary due to the loss
of border pixels in every convolution.

At the final layer, a 1x1 convolution is used to map each
64-component feature vector to the desired number of
classes. In total, the network has 23 convolutional layers.

3. FasterR-CNN is an object detectionmodel that improves
on Fast R-CNN [1] by utilising a region proposal network
(RPN) [4] with the CNN model [2].

Figure 11. Faster R-CNN is a single, unified network for object detection. The
RPN module serves as the ‘attention’ of this unified network.
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The RPN shares full-image convolutional features with
the detection network, enabling nearly cost-free region
proposals. It is a fully convolutional network that simul-
taneously predicts object bounds and objectness scores at
each position. The RPN is trained end-to-end to generate
high-quality region proposals, which are used by Fast R-
CNN for detection. RPN and Fast R-CNN aremerged into
a single network by sharing their convolutional features:
the RPN component tells the unified network where to
look.

Figure 12. Left: Region Proposal Network (RPN). Right: Example detections
using RPN proposals on PASCAL VOC 2007 test. Our method detects objects in

a wide range of scales and aspect ratios.

4. YOLOv8 YOLOv8 is the latest version of the YOLO ob-
ject detection model. This latest version has the same
architecture as its predecessors 6 but it introduces numer-
ous improvements compared to the earlier versions of
YOLO such as a new neural network architecture that
utilizes both Feature Pyramid Network (FPN) and Path
Aggregation Network (PAN) and a new labeling tool that
simplifies the annotation process. This labeling tool con-
tains several useful features like auto labeling, labeling
shortcuts, and customizable hotkeys. The combination
of these features makes it easier to annotate images for
training the model [8].
YOLOv8 uses an anchor-free model with a decoupled
head to independently process objectness, classification,
and regression tasks. This design allows each branch
to focus on its task and improves the model’s overall ac-
curacy. In the output layer of YOLOv8, they used the
sigmoid function as the activation function for the object-
ness score, representing the probability that the bounding
box contains an object. It uses the softmax function for
the class probabilities, representing the objects’ probabili-
ties belonging to each possible class. [9]
YOLOv8 uses CIoU [76] and DFL [114] loss functions for
bounding box loss and binary cross-entropy for classifi-
cation loss. These losses have improved object detection
performance, particularly when dealing with smaller ob-
jects.
YOLOv8 also provides a semantic segmentation model
called YOLOv8-Seg model. The backbone is a CSPDark-
net53 feature extractor, followed by a C2f module instead
of the traditional YOLO neck architecture. The C2f mod-
ule is followed by two segmentation heads, which learn
to predict the semantic segmentation masks for the input
image. Themodel has similar detection heads to YOLOv8,
consisting of five detectionmodules and a prediction layer.
The YOLOv8-Seg model has achieved state-of-the-art re-
sults on various object detection and semantic segmen-
tation benchmarks while maintaining high speed and

efficiency.
YOLOv8 can be run from the command line interface
(CLI), or it can also be installed as a PIP package. In ad-
dition, it comes with multiple integrations for labeling,
training, and deploying.
Evaluated on MS COCO dataset test-dev 2017, YOLOv8x
achieved an AP of 53.9% with an image size of 640 pix-
els (compared to 50.7% of YOLOv5 on the same input
size) with a speed of 280 FPS on an NVIDIA A100 and
TensorRT.

Figure 13. YOLOv8 Architecture. The architecture uses a modified
CSPDarknet53 backbone. The C2f module replaces the CSPLayer used in

YOLOv5. A spatial pyramid pooling fast (SPPF) layer accelerates computation
by pooling features into a fixed-size map. Each convolution has batch

normalization and SiLU activation. The head is decoupled to process objectness,
classification, and regression tasks independently

2.4. Traffic Signs Detection. Traffic sign detection is a cru-
cial aspect of self-driving cars as it provides the algorithm with
the information necessary to follow road safety rules. In this
phase, we use VIA dataset v1.0 including over 18k images
of 7 classes: stop, left, right, straight, no_left, no_right, and
unknown. To detect the signs, we use the filter color to cut
the images, which may contain the traffic signs, and use the
YOLOv8 Classifier model to classify them.
1. Traffic Sign Cropping Algorithm:
Step 1: Filter the images by the color of the sign.
Step 2: Get bounding boxes of the sign from the mask (the

filtered images).
Step 3: Filter the bounding boxes to remove those that are

too small, too big, or have a height-to-width ratio
that is too large.

Step 4: Merge the intersecting bounding boxes to reduce
them to a single bounding box for the model.

Step 5: Repeat step 3 to get the final bounding boxes.
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2. Traffic Sign Classification:

(a) Data Preprocessing:
- Data validation: Despite of provided from VIA
dataset v1.0, we have to check the image from
each class to make sure that the image is in the
correct class.

- Data splitting: we split data into 2 sets, training
set (80%) and validation set (20%).

- Data Augmentation: the augmentation meth-
ods we use to increase images in the training
set are:
+ Brightness: ±10%.
+ Zoom: ±10%.
+ Rotation: ±15◦.
+ Width shift: ±20%.
+ Height shift: ±20%.
+ Channel shift: ±50%.

(b) Setup Model:
- Model: YOLOv8 Classifier.
- Image size: 32px.
- Batch size: 64.
- Epoch: 100.

(c) Training: After setting up the model and augment-
ing data, we conduct training.

2.5. Lane Segmentation. Lane segmentation is a crucial part
of autonomous vehicles, enabling them to perceive lanes and
navigate within them similar to traffic signs detection. In this
phase, we use the dataset provided by VIA dataset v1.0 includ-
ing approximately 8k images and 1,5k self-labeled images. To
segment the lane, we use YOLOv8 Segmentation, which is fast
enough to run in real time.
1. Data Preprocessing:

- Data labeling: the data we get from the Car Simulate
Environment, and we use a pre-trained Segment
Anything Model (SAM) to label data. After that, we
check and label manually.

- Data validation: Despite of provided from VIA
dataset v1.0, we have to check the image from each
labeled in the right ways.

- Data splitting: we split data into 2 sets, training set
(80%) and validation set (20%).

- Data Augmentation: the augmentation methods we
use to increase images in the training set are:
+ Brightness: ±10%.
+ Flip: Horizontal
+ Zoom: ±10%.
+ Rotation: ±15◦.

2. Setup Model:

- Model: YOLOv8 Segmentation.
- Image size: 640px.
- Batch size: 64.
- Epoch: 100.

3. Training: After setting up the model and augmenting
data, we conduct training.

2.6. Self-driving Cars Controller Algorithms. Self-driving
Cars Controller Algorithms with Lane Segmentation and Traf-
fic Signs Detection are the foundation of Self-driving cars,
which make decisions about what have to do like turn left
when seeing a left sign or stop when seeing a stop sign. Self-
driving Cars Controller Algorithms take the Lane Segmenta-
tion phase and Traffic Signs Detection phase outputs as input
and use the algorithm to steer and accelerate.

Figure 14. Workflow of Self-driving Car

Algorithm 1 Self-Driving Car Algorithm
function get_midpoint_lane(𝑚𝑎𝑠𝑘)

𝑏𝑖𝑟𝑑𝑣𝑖𝑒𝑤_𝑚𝑎𝑠𝑘 ← 𝑏𝑖𝑟𝑑𝑣𝑖𝑒𝑤_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑚𝑎𝑠𝑘)
𝑡𝑟𝑎𝑛𝑠_𝑚𝑎𝑠𝑘 ← 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑏𝑖𝑟𝑑𝑣𝑖𝑒𝑤_𝑚𝑎𝑠𝑘)
𝑚𝑖𝑑_𝑝𝑜𝑖𝑛𝑡 ← 𝑔𝑒𝑡_𝑚𝑖𝑑𝑝𝑜𝑖𝑛𝑡(𝑡𝑟𝑎𝑛𝑠_𝑚𝑎𝑠𝑘)
return𝑚𝑖𝑑_𝑝𝑜𝑖𝑛𝑡

end function

functionmain()
𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑒𝑑_𝑚𝑎𝑠𝑘 ← 𝑙𝑎𝑛𝑒_𝑠𝑒𝑔𝑚𝑒𝑛𝑡()
𝑚𝑖𝑑𝑝𝑜𝑖𝑛𝑡 ← 𝑔𝑒𝑡_𝑚𝑖𝑑𝑝𝑜𝑖𝑛𝑡_𝑙𝑎𝑛𝑒(𝑠𝑒𝑔𝑚𝑒𝑛𝑡𝑒𝑑_𝑚𝑎𝑠𝑘)

𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 ← 𝑠𝑡𝑟𝑎𝑖𝑔ℎ𝑡
𝑐𝑢𝑟𝑟_𝑠𝑖𝑔𝑛𝑎𝑙, 𝑐𝑜𝑛𝑓_𝑠𝑖𝑔𝑛𝑎𝑙 ← 𝑡𝑟𝑎𝑓𝑓𝑖𝑐_𝑠𝑖𝑔𝑛_𝑑𝑒𝑡𝑒𝑐𝑡()

if 𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 ≠ 𝑐𝑢𝑟𝑟_𝑠𝑖𝑔𝑛𝑎𝑙 then
if 𝑐𝑜𝑛𝑓_𝑠𝑖𝑔𝑛𝑎𝑙 ≥ 0.95 then

𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 ← 𝑐𝑢𝑟𝑟_𝑠𝑖𝑔𝑛𝑎𝑙
end if

end if

if 𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 = 𝑠𝑡𝑟𝑎𝑖𝑔ℎ𝑡 then
Go straight #Use midpoint and PID() algorithm [6]

else if 𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 = 𝑙𝑒𝑓𝑡 and 𝑖𝑠_𝑙𝑒𝑓𝑡_𝑙𝑎𝑛𝑒() then
Turn Left
𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 ← 𝑠𝑡𝑟𝑎𝑖𝑔ℎ𝑡

else if 𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 = 𝑟𝑖𝑔ℎ𝑡 and 𝑖𝑠_𝑟𝑖𝑔ℎ𝑡_𝑙𝑎𝑛𝑒() then
Turn Right
𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 ← 𝑠𝑡𝑟𝑎𝑖𝑔ℎ𝑡

else if 𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 = 𝑠𝑡𝑜𝑝 and 𝑖𝑠_𝑠𝑡𝑜𝑝_𝑙𝑖𝑛𝑒() then
Stop
𝑙𝑎𝑠𝑡_𝑠𝑖𝑔𝑛𝑎𝑙 ← 𝑠𝑡𝑟𝑎𝑖𝑔ℎ𝑡

end if
end function
𝑚𝑎𝑖𝑛()
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3. Results and Discussion

3.1. Traffic Signs Detection.

1. Traffic Sign Cropping: After setting up the algorithm, this
algorithm can perform well and crop the image contain-
ing the traffic sign. After that, the algorithm can crop the
traffic sign perfectly. However, the drawback of the Traf-
fic Sign Cropping Algorithm is that the algorithm crops
the traffic sign by color, so it may not perform well in any
environment.

2. Traffic Sign Classifier: During the training phase, we use
variousmetrics tomeasure howwell themodel performed.
Based on the confusion matrix, which is normalized, we
can realize that the model is well-performed in all classes
except the right_class which has lower accuracy (≈ 91%)
than other classes, which are higher 97%. In the right
class, the model is highly confused with the left_class.
Therefore, to improve this problem, our approach involves
data of right_class but also left_class to enhance thewhole
model.

Figure 15. Confusion matrix normalized.

In the evaluation model process, we observe that the al-
gorithm can reduce the loss function smoothly after 50 it-
erations including the training and validation phase. The
classifier model performs with high accuracy (≈ 98%)
with top 1 and keeps it stable after 75 iterations. So that,
we can know that the classifier model is learning from
the data very well. As mentioned above, we can improve
the classifier model’s accuracy by collecting more data in
left_class and right_class, or simpler augmentation data
of both classes.

Figure 16. Result of the Classifier Model.

This is the result of the Traffic Sign Detection Algorithm
step-by-step

Figure 17. Traffic Sign Cropping
Step 1.

Figure 18. Traffic Sign Cropping
Step 3.

Figure 19. Traffic Sign Cropping
Step 2.

Figure 20. Traffic Sign Cropping
Step 4.

Figure 21. Traffic Sign Cropping Step 5.
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3.2. Lane Segmentation.With a large of data including pro-
vided and self-labeled, the segmentation model can perform
its task correctly. The segmentation model gives high accuracy
in the segmentation lanes (≈ 97%) and the background (100%).
So that, our self-driving car can "sense" the lane correctly.

Figure 22. Confusion matrix. Figure 23. Confusion matrix
normalized.

The provided results can give us the information that the loss
function in the training phase, in general, significantly reduced
after nearly 100 iterations, and that proves that the 100 epochs
may not be the most effective but optimal. In the validation
phase, the loss function’s fluctuations are more intense but
trending is going down through iterations. After that results,
we can state that the segmentationmodel is well-learned based
on the provided data.

Figure 24. Result of the Segmentation Model.

This is a result of the Lane Segmentation.

Figure 25. Original Image. Figure 26. Segmented Image.

3.3. Ability to Self-driving. Because the self-driving algo-
rithm is only tested in a simulated environment. Using Unity,
a game development platform, to simulate the virtual environ-
ment, including shadows, snow, stop lines, lane marking, and
various objects such as rocks, leaves, and obstacles like other
cars on the road. Along the roadside, it has grass, trees, and
traffic signs. Because completing the Traffic Signs Detection
task and the Lane Segmentation well, the self-driving algo-
rithm can perform very well, and it finished the race in 125.8s,
with full marks (5/5). Despite of completed well, we must
admit that the algorithms of the self-driving car project are
primitive and simple, and all of that leads to self-driving cars
only performing in some specific environments.

4. Conclusion
In the process of building self-driving cars, we have witnessed
remarkable advancements in technology and computer sci-
ence, which start from basic theories, advanced theories and
the last is deep learning models. However, this self-driving car
version can only perform in some specific environments. To
improve our project, we can collect more data and add more
sensors to have more information about objects or human sur-
roundings. Overall, your research contributes to a deep insight
into the self-driving car problem that helps you build one of
your own.
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