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Abstract. Recent years have seen a rapid advancement in new energy vehicle technology, which
has increased consumer demand for autonomous driving systems. However, current self-driving
cars still face many technical barriers. Obstacle detection and obstacle trajectory prediction in
dynamic environments is one of the main difficulties of the technique. To improve self-driving
cars' capacity for route planning and decision-making in dynamic contexts, this thesis proposes
an obstacle identification and trajectory prediction model that combines a gated recurrent unit
(GRU) network with a three-dimensional convolutional neural network (3D CNN). The
integrated framework utilises the feature recognition capability of 3D CNN and the prediction
capability of GRU to accurately predict dynamic obstacles, thereby improving the performance
of the model in various types of environments (e.g., visual SLAM). Experimental results based
on publicly available datasets (e.g., KITTI and Argoverse) show that the proposed method has
significant advantages in dynamic obstacle identification and prediction as well as overall model
operation efficiency. The findings show that the integrated framework is useful and successful
in advancing the creation of self-driving automobiles.

Keywords: Gated Recurrent Units, 3D Convolutional Neural Network, Obstacle recognition,
Simultaneous Localization and Mapping.

1. Introduction
Recent years have seen a tremendous increase in the market need for sophisticated autonomous driving
systems due to the development of new energy vehicles. However, current self-driving cars still face
many technical challenges, among which obstacle detection and trajectory prediction in dynamic
environments is one of the main difficulties. Recent years have seen a rapid development of deep
learning techniques, which have shown significant promise in several disciplines such massive language
modeling and computer vision. Yao et al.'s multimodal deep learning framework achieved a
technological breakthrough and opened up new research areas [1]. In addition, many novel network
models [2] provide new ideas and methods for obstacle recognition and trajectory prediction in
intelligent driving systems. The following are a few popular deep learning techniques for intelligent
driving systems' obstacle detection and trajectory prediction.

In recent years, the technology of autonomous driving systems has advanced rapidly due to the
development of various machine learning and deep learning approaches. Convolutional neural networks
(CNN) are a key component of computer vision and image processing, and they are extensively utilized
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in self-driving systems. Through CNN, the vehicle can recognize the features of the road and obstacles
captured by the camera in real time, significantly improving the environmental awareness of
autonomous vehicles. This year's research on CNN focuses on how to optimize the architecture and
algorithm of CNN, and improve the accuracy and speed of image recognition [3]. Recurrent neural
networks (RNN) and their improved versions, Long Short-Term Memory (LSTM), work incredibly well
when building temporal models. While LSTM uses a gating mechanism to address the gradient
disappearance issue with regular RNNs, RNN is capable of capturing order dependence in time series
data. The main applications of these technologies in autonomous driving are trajectory prediction and
behavior analysis [4]. To handle complicated driving scenarios, researchers are attempting to increase
these models' processing speed and forecast accuracy [5].

These are some additional deep learning techniques that are essential to autonomous vehicle systems.
Reinforcement Learning (RL) and Deep Reinforcement Learning (DRL) technologies improve the
adaptiveness of the autonomous driving system in terms of control and decision-making through a
mechanism of trial and error and strategy optimization. Current research focuses include how to
efficiently train RL models in high and dynamic environments, and how to combine deep learning
techniques to enhance the processing power of the models [6]. Simultaneous Localization and Mapping
(SLAM) technology also plays a crucial part in autonomous driving. Multimodal sensor fusion
technology significantly improves the sensing accuracy and robustness of autonomous driving systems
in complex environments by integrating data from different sensors [7]. SLAM integrates this data to
enable real-time positioning and mapping of vehicles in unknown environments. Researchers are
continuously optimizing SLAM algorithms to improve their robustness and accuracy in dynamic and
complex environments [8].

To improve self-driving cars' ability to recognize obstacles in real time and anticipate their course in
changing conditions, this paper proposes an obstacle recognition and trajectory prediction model that
combines a GRU network with a 3D CNN. The model makes use of the advantages of GRU in time-
series data prediction and the potent feature identification power of 3D CNN to precisely detect and
predict the course of dynamic obstacles, thereby improving the performance of the autonomous driving
system in different complex environments. For example, in the application of visual SLAM
(simultaneous localisation and map building) technology, the integrated framework is able to process
real-time sensory data more efficiently, providing more accurate environmental maps and localisation
information.

In this paper, the research validates the significant advantages of the proposed method for dynamic
obstacle recognition and prediction through experiments on publicly available datasets such as KITTI
and Argoverse. The system outperforms existing approaches not just in terms of identification and
prediction accuracy but also in terms of total model operating efficiency, as demonstrated by
experimental results. These results imply that a realistic and efficient approach that can strongly promote
the advancement of autonomous driving technology is an obstacle recognition and trajectory prediction
model that combines GRU with 3D CNN.

After that, this paper will go into great length on the suggested model's technical specifications,
experimental design, and result analysis. It will also go over the possibility of using this model in the
autonomous driving space.

2. Methodology

2.1. Overview

The technology aims to integrate GRU and 3D CNN methods for effective obstacle identification and
trajectory prediction in self-driving cars. The technique addresses crucial elements like obstacle and
object identification to raise the autonomy and security of self-driving cars. Figure 1 illustrates a
summary of the flow of the model:
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Figure 1. General flow diagram for the model.

In general, the techniques described in this work are used through time series modeling, dynamic
obstacle trajectory prediction, object recognition and feature extraction, and data processing. After
selecting the dataset's data at random for processing, 3D CNN is used to extract spatiotemporal
characteristics for object and obstacle recognition from environmental image sequences. In order to
precisely identify barriers in real time, the model learns from various objects in the environment and
extracts their properties. The trajectory and behavior of the dynamic obstacles are then modeled by the
GRU model using the 3D CNN extracted feature sequences as input. By learning past data, the GRU
can forecast the movement trajectory of obstacles, hence reducing the probability of collision in the
ensuing path planning system. Through the above process, the model can realize the obstacle
identification and trajectory prediction in the self-driving system, improve the identification efficiency
of the system, lower the operational risk and offer a helpful resource for future technical advancements
in the area of self-driving automobiles.

2.2. D Convolutional Neural Network

An extension of the conventional 2D CNN, the 3D CNN is a deep learning model that excels in
processing 3D data, such as video and medical pictures. 3D CNN is able to record the temporal and
spatial properties of the data since it can perform convolutional operations in both temporal and spatial
dimensions. It is extensively employed in the domains of behavioral recognition, medical image analysis,
video analysis, and so on. It is capable of efficiently extracting and utilizing multi-dimensional data to
enhance the model's accuracy [9]. The primary distinction between 2D and 3D CNN is the size and
convolved nature of the data being processed. 2D CNN processes two-dimensional data (e.g., still
images) with a convolution kernel that slides only in a two-dimensional plane and convolves only in the
spatial dimension. Whereas 3D CNN processes three-dimensional data, its convolution kernel slides in
three-dimensional space, not only in the spatial dimension, but also in the temporal dimension, thus
capturing both spatial as well as temporal dynamic information. This allows 3D CNN to perform better
in dynamic environments where temporal variations need to be taken into account, such as video
classification and action recognition. As shown in Figure 2 and Figure 3, the two pictures show the 3D
convolution process and the model structure of 3D CNN.
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Figure 2. Diagrammatic representation of the 3D convolution process.[10]
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Figure 3. The 3DCNN model's structure [10].
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Three popular 3D CNN formulations and their varying interpretations are listed below [11].
Yi,j,k = %21 Z=1 f=1Xi+m,j+n,k+l ’ Wm,nl (D
Y; j i+ Provide the feature map's value at the specified place (i, j, k)
X: Input feature map
W: Convolutional kernel with three dimensions M, N and L
M YN_ >k, : summing over all elements of the convolution kernel
Xiym,j+ni+1: the value of the local region of the input feature map that matches the convolution
kernel

Winni: Weights of the convolution kernel at positions (m, n, ).

_ M N L
Yi.j.k - mm=1 mn=1 ml=1Xi+m,j+n,k+l 2)

Y; j k: values for the feature map's output at those locations (i, j, k)
Xiym,j+nk+1: Put the volume's components in at (i+m, j+n, k+1) places.
max: Maximum pooling operation that takes the maximum value in a local region.
m,n,l: indicates the width, height, and depth dimensions of the convolution kernel index.
M, N, L: describes the convolution kernel's width, height, and depth dimensions.
Yije = f(zle Zzl f=1Xi+m,j+n,k+l W + D) (3)
Y; j k: Output values for the feature map at those places (i, j, k)
Xiym,j+nk+1: the value of the local region of the input feature map that matches the convolution
kernel

Wi i the value of the input feature map's local region matching the convolution kernel
b: biased phrase
f: activation mechanism

M_,YN_ ¥, : summing over all elements of the convolution kernel
M, N, L: describes the convolution kernel's width, height, and depth dimensions.

2.3. Gated Recirculation Unit (GRU)

GRU networks differ from LSTM networks due to their less complicated structure. GRU is a sort of
RNN architecture designed to handle short-term memory difficulties. GRU converts the input and
oblivion gates of the LSTM into a single update gate, resulting in a structural architecture that is more
straightforward. Additionally, GRU lacks a distinct unit state, in contrast to LSTM.

The update gate, reset gate, and current memory contents make up the three primary components of
the GRU unit. By employing these gates, the GRU may discern long-term dependencies within the
sequence by selectively updating and utilizing data from previous time steps. The GRU unit's structure
is shown in Figure 4.
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Figure 4. GRU unit structure
The following is a brief description of the GRU unit structure:
e Update the door:
ze = o(Welhe—p, xc] + by) 4)

How much historical data should be kept and integrated with the present input is decided by the
update gate. The output is produced by concatenating the prior hidden state with the current input using
a sigmoid activation function and a linear transformation.

e Reset the door:

1y = o(Welhe—p, x¢] + by) (%)

The reset gate establishes the threshold for erasing historical data. It uses the output of the previous
hidden state and the current input consecutively to calculate in a manner akin to an update gate.
e Current memory content:

he = tanh(Wy[rehe—;, x¢1) (6)

The current memory content is determined by the reset gate and the concatenation of the previous
concealed state with the current input; candidate activations are generated by a hyperbolic tangent
activation function.
¢ Final memory state:

he = (I = z)he—; + zchy (7

The final memory state is determined by the combination of the candidate activation and the previous
concealed state, and the update gate controls the proportion between the two.
e Qutput Gate:

or = 0,(Woht + by) (®)

Output gates control the information flow from the contents of the current memory to the output;
these gates are usually computed using a sigmoid activation function.

Compared to LSTM, GRU has the benefits of a simpler structure, more computational efficiency,
and a smaller memory demand. GRU reduces the parameters and computational steps and improves the
training speed by merging the input and forgetting gates into an update gate. Meanwhile, GRU can
provide similar performance to LSTM in many tasks, but is more efficient and suitable for application
scenarios with limited computational resources.
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3. Description of the experiment

3.1. Datasets

The study conducted in this paper largely uses the following two datasets for model training and

evaluation:

o A sizable dataset for assessing technology related to computer vision and autonomous driving is the
KITTI dataset. The Toyota Technological Institute and the Karlsruhe Institute of Technology
developed it. This dataset's data were gathered from real-world urban traffic situations. High-
resolution photos, LiDAR point clouds, GPS and IMU data, and 3D target labeling are all included
in the dataset. The KITTI dataset is widely used for research in visual perception, object detection,
tracking, stereo vision, depth estimation, and other tasks, and is a valuable asset in the realm of
driverless vehicles. The following links will allow you to obtain certain datasets and data items:
http://www.cvlibs.net/datasets/kitti

o Argo Al launched the Argoverse dataset, a big dataset devoted to research on autonomous driving.
It contains detailed sensor data and high-precision maps, and the dataset is designed to facilitate the
development of autonomous driving technology. The Argoverse dataset includes synchronised data
collected by multi-sensor platforms (e.g. cameras, LiDAR), 2D and 3D object annotations, trajectory
prediction, and lane centreline information. The Argoverse 3D tracking dataset and the Argoverse
motion prediction dataset comprise the two primary sections of the dataset. It is extensively utilized
in the creation and assessment of algorithms for perception, prediction, and planning in autonomous
driving. Specific data content and dataset downloads can be accessed at the links below:
https://www.argoverse.org

3.2. Experimental details
Two datasets are chosen for training in this work, and the training outcomes are as follows:

3.2.1. Data processing. In this paper, scenarios of autonomous vehicles functioning in various settings
are simulated and trained using multiple medium data types such as scene images, point cloud data, and
sensor data from KITTI and Argoverse.

3.2.2. Feature extraction and obstacle type recognition. In this work, the researchers recognize barrier
species and extract temporal information from image sequences using 3D CNN. Firstly, this model feeds
video or continuous frame data into the 3D CNN model, with each input containing multiple continuous
frames. A 3D convolutional kernel is applied in both temporal and spatial dimensions in order to extract
the spatial characteristics of each frame as well as the temporal aspects between frames. Multi-layer 3D
convolution and pooling operations progressively refine the high-level features, and finally the obstacle
classification is performed through a fully connected layer that outputs the probability of each obstacle
class using the Softmax function.

3.2.3. Forecasting the trajectory of obstacles and time-series modeling. The goal of this experiment is
to anticipate obstacle trajectories and model time series using a model that combines a 3D CNN and a
GRU. To precisely forecast the paths of obstacles in dynamic situations, the model makes use of the
spatial feature extraction capabilities of 3D CNN and the time-series processing capabilities of GRU.

The model structure includes 3D CNN module and GRU module. Spatial features are extracted from
the input continuous frame image using the 3D CNN module. The input data is a series of image frames
that are preprocessed to form a 3D tensor (T represents the number of time steps, H and W stand for the
picture's width and height, and C stands for the number of channels. The resultis T x H x W x C). The
3D CNN module consists of three 3D convolutional layers and three 3D pooling layers. A ReLU
activation function comes after each convolutional layer. The specific structure is as follows:

Ist 3D convolutional layer: convolutional kernel size is 64x64x64x3;

Ist pooling layer: Step size is 2x2x2, and pooling window size is 2x2x2;
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2nd 3D convolutional layer: convolutional kernel size of 32 x 32 x 32 x 32;

2nd pooling layer: Step size is 2%2x2, and pooling window size is 2x2x2;

The 3rd 3D convolutional layer: convolutional kernel size of 16 x 16 % 16 x 64;

3rd pooling layer: Step size is 2x2x2, and pooling window size is 2x2x2;

The 4th 3D convolutional layer: convolutional kernel size of 8 x 8 x 8 x 128;

The output features of the convolutional layer are then passed to the fully connected layer 1, which
has an output dimension of 512, using the ReL U activation function once again after being split up into
one-dimensional vectors by a flatten layer. Lastly, the output dimension of the fully linked layer 2 and
the total number of output categories in the task are often equal.

The spatio-temporal feature sequences after performing 3D CNN processing are input into the GRU
model for temporal modelling and obstacle trajectory prediction. To model the time series properties,
the research input these feature vectors into the GRU module. It is made up of two GRU modules. The
ReLU activation function is used to activate the first entirely linked layer with an output size of 128.
The output dimension of the fully connected layer 2 is 256. The loss function and optimizer to be utilized
in the GRU model depend on the specific task. Typically, the optimizer selects the mean square error
loss function and employs Adam with a learning rate of 0.001.

3.2.4. Conclusion. The following procedures are involved in the entire experiment: data processing,

dynamic obstacle trajectory prediction, time series modeling, feature extraction, and obstacle species

identification. By utilizing these models, self-driving cars can effectively leverage deep learning

techniques and multimodal data to perform real-time obstacle recognition and trajectory prediction.
The following will explain the evaluation formulas in is experiment:

e Training time:

Training Time = Finish Time — Begin Time )
e Projected losses:
. _1¢N _ o2
Predict Loss = N21=1(yi v) (10)

N: sample size
y;: the I sample's actual value
y,: predicted value for sample i
(vi — ¥,)?: squared error for the i sample between the true and anticipated values
e Parameters:
Parameters = Number of Parameters (11D

3.3. Experimental results and analysis
The study's experimental findings will be analyzed, and this model will be compared with other existing
models to show the advantages and characteristics of this model.

Figure 5 shows the loss epoch curve and accuracy epoch curve for training and validation. It is evident
that the model has quickly trained to reach high accuracy and polar loss value.
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Figure 5. Loss epoch curves and accuracy epoch curves for training and validation

170



Proceedings of the 2nd International Conference on Machine Learning and Automation
DOI: 10.54254/2755-2721/101/20241012

In Table 1, Figure 6 and Figure 7, the performance of CNN-LSTM [12], UB-LSTM [13] and CNN-
BiLSTM [14] as well as 3D CNN-GRU models are compared using several datasets (KITTI, Argoverse)
in terms of training time, prediction loss, and parameters.

The term “parameters” refers to the quantity of parameters in the model. A simpler and more broadly
applicable model is typically associated with fewer parameters. Table 1 shows that the 3D CNN-GRU
model has very few parameters, suggesting that our approach is more efficient and has the potential to
be more widely applied.

The amount of time the model needs to finish each training cycle is called the training time. In
application scenarios of autonomous driving systems, shorter training times are crucial. The information
in the table shows that the 3D CNN-GRU model's training time on each dataset is noticeably less than
that of the other models, suggesting that our model can effectively increase training speed and is
appropriate for self-driving car applications in the real world.

The prediction loss indicates how well the obstacle recognition and trajectory prediction models work.
The capacity of the model to correctly identify and forecast the course of an obstacle is shown by a
smaller prediction loss. 3D CNN-GRU has a low prediction loss on both models, as demonstrated by
the information in Table 1, indicating that our model maintains a good recognition and prediction
accuracy even with the suggested reduction in training time.

Table 1. A rather more intricate table with a brief description.

KITTI Argoverse
model Parameters( Epoch Prediction = Parameters( Epoch Prediction
M) time(ks) loss M) time(ks) loss
CNN-
LSTM 1.2 1.00 0.06 1.8 1.65 0.08
UB-LSTM 1.0 0.90 0.07 1.5 1.50 0.09
CNN-
BiLSTM 1.3 1.15 0.05 1.9 1.75 0.06
3D CNN-
GRU 0.8 0.70 0.04 1.2 1.30 0.05
KITTI
1.40 - - 0.10
g 120 A - 0.09
E 100 - 0.08
g ] - 0.07 o
2 5
= 0.80 1 - 0.06
2] 8
5 060 A - 0.05 5
5 3
g 040 A 0.04 E
S - 0.03
020 N B 002
000 T T T - 001
CNN-LSTM UB-LSTM CNN-BILSTM 3D CNN-GRU
Parameters(M) === Epoch time(ks) —eo— Prediction loss

Figure 6. Comparison of Parameters, Epoch time, Prediction loss of four models on KITTI dataset
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Figure 7. Comparison of Parameters, Epoch time, Prediction loss of four models on Argoverse dataset

4. Discussion

4.1. Summary of Strengths
This work proposes a GRU and 3D CNN obstacle recognition and trajectory prediction model that has
some noteworthy advantages:

High-precision recognition: because 3D CNN is used for feature extraction of image sequences, this
model is able to recognise obstacles efficiently even in complex dynamic environments. The
experiment's results show that the model's accuracy in identifying obstacles is far higher than that of
traditional methods.

Accurate Prediction: The GRU model can use historical data for time series prediction, thus
providing accurate prediction of the movement trajectory of obstacles. Combined with the feature
sequences extracted by the 3D CNN, the GRU can more accurately capture the behavioural patterns
of dynamic obstacles and accurately predict obstacle trajectories.

Efficient processing: the method proposed in this study excels in terms of efficiency of model runs.
The model maintains excellent accuracy while drastically reducing computing complexity and
speeding up model execution. This improvement is particularly important for autonomous driving
systems with high real-time requirements.

High generality: the model performs well on different types of datasets in the test results, proving its
generality and robustness in different environments.

4.2. limitations analysis
Although the present model has achieved some results in obstacle identification and trajectory prediction,
there are still some limitations:

Data dependency: The quantity and quality of training data have a major impact on the model's
performance. The model's ability to adjust to novel circumstances may be hampered by inadequate
or skewed training data.

Handling of complex environments: although the present model performs well in most cases, in
extremely complex environments (e.g., bad weather, nighttime, etc.), the degree of recognition and
prediction accuracy declines significantly.
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e Demand for computational resources: Despite the fact that this paper has maximized the model's
computational efficiency, the high computational complexity of 3D CNN and GRU itself means that
there is still a significant demand for computational resources in real-world applications, which could
make it difficult to use the model on autonomous driving systems.

4.3. Improvement programme
To address the above limitations, the following improvement options can be considered for future
research:

e Data Enhancement: boost the variety and richness of training data using data augmentation strategies
(e.g., data synthesis, data extension, etc.) to strengthen the model's capacity to generalize across
various contexts.

e Model optimisation: further optimise the structure of 3D CNNs and GRUs, and adopt lightweight
models (e.g. MobileNet, TinyGRU, etc.) in order to reduce the demand for computational resources
while maintaining high recognition and prediction accuracy.

e Multi-sensor fusion: fusing data from other sensors, such as LiDAR and millimetre-wave radar, with
vision data to build a more comprehensive environment perception model, which in turn improves
recognition and prediction capabilities in complex environments.

5. Conclusion

In this study, an obstacle recognition and trajectory prediction model combining 3D CNN and GRU is
proposed, and its ability to efficiently recognise obstacles and predict their trajectories in dynamic
environments is experimentally verified. The method has high operational efficiency and high versatility
while improving accuracy and precision. Despite limitations such as data dependency, complex
environment processing capability and computational resource requirements, the performance of the
model and its application prospects can be further enhanced by improvement schemes such as data
augmentation, model optimisation and multi-sensor fusion.

The experiment's findings highlight the value of an integrated framework that includes 3D CNNs
and GRUs in the development of autonomous driving technology since it can provide autonomous
driving systems with safer and more intelligent solutions. Future research will continue to explore more
efficient model structures and optimisation methods to facilitate the further development and application
of autonomous driving technologies.
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