International Journal of Advances in Intelligent Informatics

Vol. 10, No. 1, February 2024, pp. 148-158

ISSN 2442-6571
148

An automated learning method of semantic segmentation /)
for train autonomous driving environment understanding s

Yang Wang ©', Yihao Chen *?, Hao Yuan **, Cheng Wu %

@Soochow University, Suzhou, 215000, China

120214246032 @stu.suda.edu.cn; 2 20204246013 @stu.suda.edu.cn; 3 20205246017 @stu.suda.edu.cn; * cwu@suda.edu.cn

* corresponding author

ARTICLE INFO

Article history

Received August 2, 2023

Revised November 14, 2023
Accepted January 14, 2023
Available online February 29, 2024

Selected paper from The 2023 6th
International Symposium on
Advanced Intelligent Informatics
(SAIN'23), Yogyakarta (Virtually),
September 21, 2023,
http://sain.ijain.org/2023/. Peer-
reviewed by SAIN'23 Scientific
Committee and Editorial Team of
LAIN journal.

Keywords

ABSTRACT

One of the major reasons for the explosion of autonomous driving in recent
years is the great development of computer vision. As one of the most
fundamental and challenging problems in autonomous driving,
environment understanding has been widely studied. It determines whether
the entire in-vehicle system can effectively identify vehicles' surrounding
objects and correctly plan paths. Semantic segmentation is the most
important means of environment understanding among the many image
recognition algorithms used in autonomous driving. However, the success
of semantic segmentation models is highly dependent on human expertise
in data preparation and hyperparameter optimization, and the tedious
training process is repeated over and over for each new scene. Automated
machine learning (AutoML) is a research area for this problem that aims
to automate the development of end-to-end ML models. In this paper, we
propose an automatic learning method for semantic segmentation based on
reinforcement learning (RL), which can realize the automatic selection of
training data and guide automatic training of semantic segmentation. The
results show that our scheme converges faster and has higher accuracy than
researchers manually training semantic segmentation models while

Automated machine learning requiring no human involvement.

Semantic segmentation
Reinforcement learning
Autonomous driving
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1. Introduction

Autonomous driving is one of the internationally recognized future development directions and
focuses of attention. At present, many countries have taken autonomous driving technology as a key
development direction in the transportation field and have made strategic arrangements. High-level
autonomous driving has gradually evolved from the technology research stage to the product
implementation stage. However, with the occurrence of numerous accidents, public concerns about
safety have been increasing. This is also one of the difficulties that impede the development of
autonomous driving [1]—[3]. A comprehensive analysis of various accident cases shows that misjudgment
of the surrounding environment is the main cause of the disaster. Due to the uncertainty of the driving
scene, there may be a large deviation in the judgment of the image recognition algorithm for the
unknown external environment. Among the many image recognition algorithms used in autonomous
driving, semantic segmentation is the most important means of environmental understanding. It enables
pixel-level image classification and separates different objects so that machines can understand their
semantics. It is especially important for autonomous driving systems to accurately grasp information
about the surrounding environment [4], [5]. The improvement of the semantic segmentation model
detection effect is irreplaceable for reducing hidden dangers and ensuring the safety of autonomous
driving.
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In the field of autonomous driving, autonomous driving in rail transit is currently the most used.
Compared with road traffic, rail transit trains have independent tracks and the scene is relatively simple.
However, unpredictable abandoned objects, people, trains, etc. may also appear [6], [7]. Once an accident
occurs, the social impact is extremely severe. This requires the train to be able to realize perception and
understanding of the environment in the track ahead, which also needs to rely on semantic segmentation
and other image recognition algorithms.

The mainstream semantic segmentation process roughly includes the following steps [8]—[11]: first,
data collection and labeling are performed for the scene to be segmented, then the segmentation network
is trained by labeled data, and after a certain period of training, the network parameters are updated to
make it converge. Finally, the converged model is used for inference. It is worth noting that the accuracy
of the model after convergence may not always makes people satisfied, especially when it is migrated to
a completely new scene. Therefore, the model training process in most cases also requires researchers to
continuously analyze the model training effect and adjust the model parameters based on experience
until the model meets the requirements.

Based on the above process, academia and industry generally agree that there are two major problems
in the current semantic segmentation technology: (1) Collection and cleaning of training data. Data
determines the upper limit of machine learning, and high-quality training data is crucial for the training
of semantic segmentation networks. However, the collection of data is often a time-consuming and
laborious work. Meanwhile, the collected data inevitably have duplication, broken and errors. How to
efficiently deal with these problematic data is one of the difficulties in improving data quality. (2)
Automated training of the model. The current model evaluation, parameter adjustment, and model re-
training all rely on the expertise of professionals. There is a lack of an objective and convenient automated
training method that enables those with little relevant knowledge to train high-quality models.

In response to the above problems, we have conduct multifaceted researches and found that this
problem is similar to those studied by Automated Machine Learning (AutoML). AutoML is the
intersection of the two disciplines of automation and machine learning. It generally refers to an
implementation that automates one or more stages of the process of machine learning without manual
participation [12], [13]. In order to use machine learning techniques and achieve good performance,
researchers usually need to be deeply involved in the entire process of model building. However, with
the widespread application of deep learning and increasingly complex neural networks being proposed,
even experts require significant resources and time to create well-performing models. The purpose of
AutoML is to free people from these machine learning applications, get rid of the above-mentioned
tedious model design and optimization process, and achieve true machine learning. The most critical
and time-consuming step of machine learning is model training, which usually involves optimization
methods.

Optimization methods focus on optimizing the hyperparameters used for training. Popular methods
include Grid Search (GS) [14], Random Search (RS) [15] and Bayesian Optimization (BO) [16], [17].
GS divides the search space into regular intervals and selects the best execution point after evaluating all
points, while RS selects the best point from a set of randomly selected points, and BO builds a
probabilistic model mapping from hyperparameters to the validation probabilistic model mapping from
hyperparameters to evaluation metrics on the set, which well balances exploration and exploitation.In
addition, Gradient-based Optimization (GO) [18]-[20] uses gradient information to optimize
hyperparameters and significantly improve the efficiency of HPO. Maclaurin [21] et al. proposed the
reversible-dynamics memory-tape method, which efficiently handles thousands of hyperparameters
through gradient information. To further improve efficiency, Pedregosa [22] used approximate gradient
information instead of real gradients to optimize continuous hyperparameters. Chandra [23] proposed a
final gradient-based optimizer that not only optimizes regular hyperparameters (such as learning rate)
but also optimizes hyperparameters of the optimizer (such as moment coefficients of the Adam optimizer

[24]).
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Over the past few years, a large number of algorithms and systems have emerged and verified the
feasibility of using automated machine learning methods. Thus we hope to adopt the idea of automated
machine learning to solve the challenges faced by the environment understanding.

Automated learning for semantic segmentation is necessary and has achieved many results. Zhang
[25] pointed out that manually designing and tuning parameters of semantic segmentation networks
requires a lot of expert work, and it is difficult to find a balance between speed and performance for some
real-time applications such as autonomous driving. Therefore, he proposed a customizable architecture
search method to automatically generate lightweight networks with specific constraints. This is the first
attempt in the direction of automatic network architecture generation for semantic segmentation.
Nekrasov [26] pointed out that since manually designing networks is tedious and difficult to handle,
automated design of neural network architectures for specific tasks is a very promising route. He used
an RNN controller to cyclically output network structure and operations of each layer for semantic
segmentation, with specialized modifications for compact semantic segmentation and the inclusion of
auxiliary units to speed up search and training. Liu [27] proposed a network-level search space containing
many popular designs and developed a formulation allowing gradient-based architectural search. Kim
[28] applied NASNet, an AutoML reinforcement learning algorithm, to Deep U-Net network to
improve image semantic segmentation performance. Chen [29] proposed a decoupled, fine-grained delay
regularization method to address the problem of crashing semantic segmentation models designed
automatically using NAS and better achieves a balance between high accuracy and low delay. Yang et al.
[30] introduced automated semantic segmentation to the medical field by proposing a composite
structure for dense labeling in which a custom 3D fully convolutional network explores spatial intensity
concurrency of the initial labeling, and RNN encodes spatial orderliness to counteract boundary
ambiguity, resulting in significant refinement. It allows simultaneous segmentation of multiple
anatomical structures with clinical significance, such as fetus. It can be seen that automated learning of
semantic segmentation is becoming a very important and practical research direction.

In this paper, our contribution is to propose an automated learning method for semantic
segmentation for understanding autonomous driving environments. It innovatively uses RL to automate
data selection, which avoids the huge cost of data collection and cleaning by researchers. Meanwhile,
this method can be combined with generic semantic segmentation models. The agent judges training
degree of the model and adjusts training set accordingly to guide automatic training of the model.

The focus of this study is to design AutoML methods for semantic segmentation of autonomous
driving, aiming to solve difficulties in acquiring training data and automating model training. The
structure is as follows: Section 2 we present our proposed automated learning method for semantic
segmentation in detail; Section 3 presents experiments and results analysis; Section 4 concludes our

paper.

2. Method
2.1. Method Framework

The main modules include automatic data collection and identification on the vehicle side, server-
side model training, model evaluation, training set adjustment and retraining, and final model
deployment and update. The framework supports end-to-end AutoML that maps vehicle driving scenes
to semantic segmentation results. Reinforcement learning algorithm is used as key classifiers for data
collection and dataset adjustment throughout the pipeline. The reinforcement learning agent is able to
select training data based on the level of model training, eliminate worthless data, focus on increasing
proportion of incorrectly segmented data, and guide the model to perform automatic training to achieve

higher accuracy.

In this scenario, we define external environment as the image set which has been segmented using
trained model. The agent interacts with environment (this segmented dataset) and selects images that
are valuable for re-training. In each round of semantic segmentation model training, since parameters of
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the model are not the same, the filtered valuable images should be different. The agent has the ability
to explore the dynamic filtering criteria self-learningly and adaptively.

2.2. Model Composition

The interaction of an agent with the environment is modeled using a markov decision process. This
model consists of a quintet M=(S,A,p,r,%). S is the state space and s, €S denotes the state of the agent
at moment t; A is the action space and a, €A denotes the action taken by the agent at moment t;
p(se1lspa) € (0,1)is the state transfer probability of the agent taking action a, in state s, to state s, ;
the reward function r,; denotes the reward obtained by taking action a, in state s;; o €[0,1] is the
discount factor. When in any state s, S, performing an action 4, €4 will cause the environment to
enter a new state s, with transfer probability p(s.,|s;,a.) and give a reward r,,;.

Considering complex state space of data selection, the reinforcement learning model used in this
paper is DQN [31], [32]. DQN uses a neural network to replace Q-Table, where the network inputs
states and each possible action has a separate output unit giving its predicted value. All feasible action
values under the state can be given through a forward pass calculation. It avoids the dimension explosion

brought by using Q-Table.

For simplicity, we make a streaming assumption that unlabeled data arrives as a stream. As each piece
of data arrives, the agent must decide the action to take, i.e. whether that data is retained for retraining.
The state s, includes the candidate data being considered for retention or deletion and the data left after
processing at time steps 1,~,# — 1. The vector space S is defined as an N-dimensional space, and the
vector ¢(s,) is used to represent the state at moment t. Each dimension stores the data x retained after
selection by the agent, where the 1,7,V —1 dimensions represent the data retained after previous
processing and the Nth dimension represents the candidate data being processed. In particular,
considering that reinforcement learning receives information from segmented images, as shown in Fig.
1, each image contains a small amount of information, but the storage cost of preserving the images is
high. Therefore, we add a preprocessing module to quantify value of segmented images. For each
segmented image, the mechanism first performs an initial scoring with a score scale of 1 to 100. The
worse the segmentation, the higher the score, representing that the image is more valuable for model
training. It converts stored images into more intuitive scores, which will make it easier for machines to
perform calculations.

(b)

Fig. 1. Semantic segmentation of images

Correspondingly, the action space A is a set consisting of N kinds of actions, that is, 4 =<
aj,ay, “;an>, which correspond to the replacement of 1 to N-1 dimensional data with candidate data and
whether to discard it.

In state iteration, each time the agent performs an action, the environment needs to return
corresponding reward value to evaluate execution of action. It is clear that incorrectly segmented images
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are more valuable for subsequent training than correctly segmented images, so the model should be
encouraged to retain more of the poorly segmented data. The reward is defined as:

Scoreny—score;

r= Jmin(scorep,score;) (1)

where scorey refers to the N dimension score of s, , which is the score of the candidate data being
processed, and score; represents the score of the original data replaced by current candidate data.

In this method, we further design two neural networks (current Q network and target Q network)
containing three convolutional layers and a fully connected layer to approximate value function. The
input layer of this neural network has /V nodes corresponding to the N-dimensional data scores in the
state space, which represent the information of /N images obtained from the environment. Three
convolutional layers are hidden layers with forty nodes, and the output layer is connected behind them
to output the N-dimensional images that are retained in the final state. These are selected images with
poor segmentation, and the overall constitutes a reinforcement learning controller network. We design
neural network L2 loss function based on T'd error:

1) = Eaa, (B Dls.al - 0G5 ) | @

LOFE, . [6-06.0:0)) [-Eyu Ly, ] ®

where 0 refers to the set of parameters included in the neural network, y=r+o max Q(s,a;0),
a
E,, [v/[y]] is the expectation of variance of y.

Meanwhile, to make the network training more stable, we introduce an independent target network
parameterized by 6 . The structure, input and output of this network are exactly the same as the original
network to obtain a stable TD target. Its network parameter 6 is updated to the parameter § of the
DQN at intervals ¢. Thus the loss function is expressed as:

2
L(O) = Egqrs (r +ymax Q(s',a’;67) — Q(s, a; 9)) “4)

Its gradient is:

VolO)=E, [+ ymax (s.a70) Q(50:8)7,, 0520 5)

2.3.Training of Reinforcement Learning Models

In our proposed reinforcement learning model, the value function is approximated by a neural
network, so what we have to do is to train the neural network.

In each round of training, the state sy, the experience replay pool D, the current Q-network and the
target Q-network are first initialized. At each step, the agent uses the e-Greedy method to make current
replacement action a; according to the current state. The e-Greedy method selects the action with the
greatest value based on the prediction of the current Q@ network with probability 7—g, i.e.
a,=arg max Q(s,4;6), while randomly selecting an action a, from other actions as the current action with

probability &.

After executing the action a,, the instant reward r, is obtained, and the agent transfers to the state
s;.1- The agent past interaction experience ¢,=(s,,a,,7,,5,,1) Will be stored in the experience replay pool
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D,={e;,¢;}. At the same time, a batch of experiences {¢;, “¢;} is randomly selected from D, and the target
Q value Y, is calculated (when the MDP is not terminated) as follows:

yj =7 +ymaxQ(s’,a’07) ©
a

Gradient descent is used to update the Q network parameters, and the loss function is as described
above. The current Q network copies its own network parameters 6 to the target Q network § after
each ¢ rounds of training. During the process of training, with the iteration and update of network, it
gradually approaches the real value function.

2.4. Enable Data Selection and Guide Model Training

On the basis of the completed training model, the model is used to perform data selection. In each
round of selection, first, the state is initialized by segmented images and the N-dimensional state vector
is obtained. Then the images to be selected are continuously input, and the model gives rewards for
different replacement strategies according to the Q-network in this state, selects the behavior with the
highest reward as the current decision, and updates state vector after decision. The MDP transfers to
the next state, and so on until the MDP transfers to the termination state.We get the final remaining
images with higher value. This constitutes a complete MDP process. After going through all data
selection process, the system aggregates all segmented images retained by the MDP, and retrieves original
training data for the next targeted training of the semantic segmentation model.

3. Results and Discussion

In this section, training of reinforcement learning models, evaluation of reinforcement learning
model and performance evaluation of automated learning methods for semantic segmentation are
performed.

3.1. Experiment Preparation

This paper uses the camera data provided in the MRSI dataset [33] as a test scene to simulate
scenarios that may occur in autonomous driving. The MRSI dataset uses various sensing devices
mounted on the vehicle to record track scenes under different lighting and weather conditions, including
straight lines, curves, and turnouts during day, dusk, night, and rain. After data cleaning, MRSI has a
total of 5046 images for semantic segmentation.

There is no restriction on the choice of semantic segmentation network in this method, and this
paper uses BiSeNet [34], [35] as an example, which is a lightweight real-time semantic segmentation
model with a high level of comprehensive accuracy and speed.

3.2. Reinforcement Learning Model Evaluation

3.2.1. Training Effect

The training data is the segmented images output by BiSeNet. In the training, one round is taken
from the initial state of MDP to the termination state. The reinforcement learning model is evaluated
every 20 epochs of training. Five randomly selected data selection tasks are tested in each evaluation, and
the total reward of their outputs is calculated as the result of this model evaluation. Obviously, a higher
total reward indicates that more valuable training data are selected. The experimental results obtained
using 30,000 rounds of data selection training based on reinforcement learning are given in Fig. 2, where
the horizontal axis indicate the number of training rounds and the vertical axis indicate the cumulative
reward value of each round. This result demonstrates that reinforcement learning-based data selection
methods can effectively learn how to handle image selection tasks. At the beginning, the model effect
improves rapidly, and then gradually becomes flat. This indicates that the selection strategy is
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continuously optimized during the training process and the model performance gradually becomes
better.

Average Reward

o 106100 20600 30000
Number of Epoch

Fig. 2.Tterative process of reward for reinforcement learning model

3.2.2. Display of Data Selection

We use the trained reinforcement learning model for data selection. Fig. 3 shows a complete MDP
process. After 8 Steps, the poorer images are finally selected for subsequent training.From Fig. 3, we can
see that the final images filtered by agent from numbers 1 to 18 are 6, 7, 10, 12, 13, 14, 15, 16, 17, which
are obviously the worst segmented images.
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Fig. 3. An example of data selection based on reinforcement learning
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3.3. Automated Semantic Segmentation Learning Model

In addition to the above data selection model training process, our proposed automated systems
adaptively controling the training of semantic segmentation model is more important. In order to
visualize the effect of the automatic control system clearly, our model is compared with the original
BiSeNet model in terms of loss, iou and validation set accuracy.

In order to ensure that the initial training parameters are consistent, the semantic segmentation
network is first partially trained in the comparative experiments (corresponding to the overlapping part
of two lines in Fig. 4(a), and then both continue training on this basis separately. As shown in Fig. 4(a),
it can be seen that the proposed model in this paper has a significant improvement in convergence speed
compared with the original BiSeNet, and the model reaches convergence state in only 15 epoches from
the beginning of their respective training, while the original model is far from convergence at this time.
In contrast, the rate of convergence is increased by an average of 46\%. Meanwhile, as shown in Fig.
4(b) and Fig. 4(c), our model outperforms the original model in terms of iou and validation set accuracy
as well(0.91% and 0.83%). This shows that our model can greatly improve model training speed while
taking into account the accuracy, and can free researchers from the tedious training. The method
proposed in this article can realize automated training of autonomous driving semantic segmentation
models, effectively improve the model convergence speed, and have higher accuracy.
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4. Conclusion

In order to solve problems of difficulty in acquiring training data for semantic segmentation and
manual model training, this paper proposes an automated learning method for semantic segmentation
for autonomous driving environment understanding, and validates it in experiments. Our experimental
results demonstrate that: (1) The reinforcement learning mechanisms to achieve data selection has good
performance. The agent can continuously optimize selection strategy and finally achieve accurate data
selection; (2) We realize data selection and guide automatic training of semantic segmentation by training
the agent. Compared with the traditional method, using this method to train the semantic segmentation
model has a faster convergence speed and higher model accuracy. At the same time, we noticed that
although our model can effectively learn from training data, the effect may not be excellent when
generalized to unseen data, which may lead to a decrease in accuracy when encountering unknown
scenarios. In the future, We will work to improve this.
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