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Abstract. Automated driving is an inevitable trend in future transportation, it is
also one of the eminent achievements in the matter of artificial intelligence.
Deep learning produces a significant contribution to the progression of auto-
matic driving. In this paper, our goal is to primarily deal with the issue of
vehicle-related scene understanding using deep learning. To the best of our
knowledge, this is the first time that we utilize our traffic environment as an
object for scene understanding based on deep learning. Moreover, automatic
scene segmentation and object detection are joined for traffic scene under-
standing. The techniques based on deep learning dramatically decrease human
manipulations. Furthermore, the datasets in this paper consist of a large amount
of our collected traffic images. Meanwhile, the performance of our algorithms is
verified by the experiential results.
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1 Introduction

With the development of artificial intelligence, autonomous vehicles have already been
associated with the field of computer vision. Due to complex traffic environment, the
capability of traffic scene understanding has become a significant indicator of auton-
omous vehicles.

Scene understanding is a process of cognizing and inferring the environment based
on spatial perception [1]. In vehicle-related scene understanding, a scene is the envi-
ronment in which the vehicle is currently located including location, person, focus,
event, and relationships between them. Scene understanding mainly includes object
detection and recognition, semantic segmentation, toplogical relationship exploration
and discovery between objects.

Scene information in a video is extremely dense which has great discrepancy and
complexity. Recently, owing to the development of deep learning, the use of scene
understanding can significantly ameliorate the performance of video analysis, which is
a method of using machine perception [2].

In addition, deep learning has an active merit that a myriad of pretrained networks
and public datasets have provided benefits for training numerous traffic scenes [19-21].
For vehicle-related scenes, in order to understand the objects, scenes, and events in a
video, deep neural networks emulate high-level abstraction from the visual data and

© Springer Nature Singapore Pte Ltd. 2020
M. Cree et al. (Eds.): ACPR 2019 Workshops, CCIS 1180, pp. 61-73, 2020.
https://doi.org/10.1007/978-981-15-3651-9_7



62 X. Liu et al.

encode them using a robust representation [3]. Therefore, deep learning methods have
unique advantages in the field of vehicle-related scene understanding.

For an example, the end-to-end nature of deep learning is one of such advantages,
which achieves faster and universal information processing than traditional methods
under the premise of a particularly accurate recognition of specific scenes. For
autonomous vehicle that demands to understand the information in complex traffic
scene, the method of deep learning can effectively satisfy the accuracy and real-time
requirements [4].

Automated driving using deep learning is not mature yet to understand visual objects
in complex traffic scenes due to the diversities of global traffic rules and transportation
facilities [22]. Currently, it is difficult to apply all traffic scenes using only a single
algorithm [5]. The two essential branches of scene understanding give us inspirations,
object recognition identifies all objects of a predefined category on the image and posi-
tions through a bounding box. Semantic segmentation operates at a fine scale, its purpose
is to segment images and associate each region with class labels [6]. Albeit these are two
similar tasks, few studies currently merged the two categories of work together.

In this paper, automatic image segmentation and vehicle detection for vehicle-
related scene understanding are developed using deep learning so as to reduce human
workload. The datasets in this paper provide a great deal of traffic scenes. Simulta-
neously, adjustments and ameliorations have been implemented with the proposed
neural network for scene understanding.

In this paper, literature review will be provided in Sect. 2, our methodology is
shown in Sect. 3, the experimental results will be demonstrated in Sect. 4, our con-
clusion will be drawn in Sect. 5.

2 Literature Review

In this paper, we explain the reasons why the characteristics of deep learning play an
essential role in scene understanding and why high-quality scene understanding models
are often achieved through deep learning. First, the layer-by-layer processing of deep
learning enables the model to better express the information in the current traffic scene.
By simulating the structure of human brain and its gradual cognitive process, deep
learning models obtain higher-level expressions through a linear or nonlinear combi-
nation. Therefore, deep learning enables the models to analyze complex traffic scenes, it
has a hierarchical structure for information proceeding similar to our human brain, pro-
gressively extracts internal features and sufficient model complexity. These character-
istics of deep learning enable the proposed model to understand the high-level semantics
of traffic scenes (traffic event analysis, logical relationships of objects in traffic scenes).
Currently, deep learning can accurately segment lanes to understand road conditions in
the scene [7, 19-23]. It is also possible to predict overtaking, lane changing, and braking
events by dynamically detecting the positional relationship between the two vehicles [8].

Secondly, the end-to-end characteristic of deep learning has also made an extraor-
dinary contribution to the development of scene understanding. As the number of
vehicles globally increases, the complexity of traffic scenes continues rising. Therefore,
autonomous vehicles have higher demands in terms of real-time performance. The model
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of traffic scene understanding based on deep learning utilizes the end-to-end process to
optimize all tasks (vehicle detection, pedestrian detection, path planning, etc.). For
example, an end-to-end vehicle controller can detect obstacles in the scene and navigate
them accurately following the curved lanes [9].

Thirdly, deep learning algorithms have strong versatility [10]. Faced with the tasks
involved in scene understanding, deep learning models do not require redesigning new
algorithms for each task like traditional algorithms. Currently, each deep learning
algorithm is suitable for a variety of scene understanding. For example, Faster R-CNN
model achieves excellent results such as vehicle detection, pedestrian detection, and
lane detection.

Finally, deep learning models have active mobility. A mature scheme of autono-
mous vehicle must contain a large number of functionalities related to scene under-
standing which utilizes human experience to train a scene so as to understand the scene
from scratch. Deep learning models learn neural network parameters from one task and
can transfer them very well to another. For example, the deep learning parameters and
knowledge learned based on ImageNet dataset can achieve superior results in scene
understanding by using other datasets [11].

In this paper, the understanding of vehicle-related scenes is implemented in con-
junction with a deep learning-based vehicle detector and a semantic segmenter. Com-
pared with other machine learning methods, deep neural networks can improve the
accuracy by increasing the amount of training data and introducing sophisticated
methods to betterment efficacy and accuracy [12]. Additionally, deep learning naturally
is an end-to-end model, because the visual data is imported directly to the input layer, the
well-trained network can export excellent outcomes. Finally, the underlying concepts
and techniques using deep learning are universally transferable. Hence, deep learning
can be much adaptive to various datasets for vehicle-related scene understanding.

3 Methodology

In order to deeply discover the merits of deep learning in vehicle-related scene
understanding, we detail a computable method in this section based on deep learning
for semantic segmentation and vehicle detection.

3.1 Vehicle-Related Scene Understanding

For the understanding of vehicle-related scene, a high-performance model is not only to
detect and identify single isolated object, but also to understand advanced semantics in
the vehicle-related scenes. Therefore, we make full use of deep learning to simulate the
characteristics of our human brain. The high-level semantics in complex traffic scenes
are employed through layer-by-layer processing and a stepwise abstraction of the
feature map.

If we use a hierarchical system to emulate human cognition of the scenes, the entire
human cognitive process of information needs to be carried out through several levels.
At a lower level, our humans extract visual and auditory information as basic features,
which is similar to the idea of extracting concepts from the scene and forming the basic
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layer of the ontology; at a higher level, our human brain unifies these features and
makes judgement from these features. At the highest level, our human can obtain the
implicit semantics of the information through reasoning, which confirms to semantic
expression and semantic understanding [13].

Therefore, in vehicle-related scene understanding, the positional relationship
between objects in a scene is very useful for understanding the high-level semantics. It is
also one of the necessary steps to use deep learning to analyze traffic scenes. The end-to-
end nature of deep learning allows the model to handle multiple tasks. Deep learning
models can complete multiple progressive tasks, the results of the previous task are used
as an aid to the later. In order to explore the vehicle-related scene more deeply, we explore
positional relationship of the objects in the scene for semantic segmentation.

Figure 1 utilizes topological relationships to correlate the classes in scene under-
standing. According to prior knowledge, visual objects such as trees and buildings
should normally appear on both sides of the road. Bus lanes are usually drawn on the
road. Most vehicles only travel on the road and do not appear on trees or in the sky. The
sky is always above all objects, this is the fact that it never changes.

The relationship in the topological map plays a decisive role in scene understanding
based on deep learning. According to the topological relationship between objects in
the scene, the model can be used to clarify the object positions in the traffic scene. Deep
neural network, as a typical ANN model, can achieve more human-like cognition by
learning the logical relationship between objects. Moreover, the topological map
constrains the range of the output, reduces the output of unrealistic scene, thereby
improves the accuracy of scene understanding.

Building
Tree

¢ 1

| |

Fig. 1. The topological relationships in the scene
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3.2 Methodology of Vehicle-Related Scene Understanding Model

65

Our model learns parameters by minimizing the value of the loss function. In order to
optimize the extremely complex nonconvex function of convolutional neural networks,
deep learning models typically exploit feedforward operations to abstract scene
information, utilize stochastic gradient descent (SGD), error backpropagation, and

chain rules to update the parameters of the model [14].

In the process of feedforward propagation, assume that input x, output y, and the

cost J(8) are given, the gradient during backward propagation is [3J(@9) [15]

J(0) = E|[ly £ (x,0)]
According to the chain rules, if 4 = g(k),z = f(g(k)) = f(h) then,

dz _dzdy
dk  dhdx  ©

The loss function of SGD is J(0) = L(fy(k;), k), (ki, h;) are samples i = 1,..

regard to 6 in

01(0) _
80 0

If o is a learn rate, we can construct the weight decay function as
Or 41 =0, — o VoJi(0)

In summary, we can describe the SGD algorithm in Fig. 2.

(1)

(2)

., m with

(3)

Algorithm 1 Stochastic Gradient Descent Algorithm.

Input:
Learn rate, a;
Parameter, 6;
Training set (k;, h;) with m training samples, i=1,...,m;
Output:
while / #m do
Calculating gradient estimate: VyJ(0) = + %V,) 3, L(fo(k:), hi):

Weight update: 0 « 0 — aV,.J;(0):

end while

Fig. 2. The algorithm of stochastic gradient descent (SGD)

3.3 Methodology of Semantic Segmentation

We apply a combination of VGG19 and SegNet as a semantic segmentation model and
employ our datasets to train and test the model, our dataset consists of 91 images as
shown in Fig. 3. This paper reflects each image at a 50% probability level through data
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Fig. 3. The dataset of semantic segmentation

augmentation. The translation is performed in the unit of pixels from the horizontal and
vertical directions, the translation is randomly selected from the continuous uniform
distribution within the interval [—10, 10].

The structure of our neural network proposed in this paper utilizes a combination of
encoders and decoders to produce feature maps of images. The encoder of SegNet
includes convolutional layer, batch normalization, ReLU activation, and max pooling.
Max pooling is used for reducing the size of feature maps. Even though the object
boundary in the image may be blurred during the operation of max pooling, the pooling
is indeed the best way to reduce the size of the feature maps. For reducing the feature
map size while retaining the complete boundary information, SegNet extracts boundary
information from the feature maps before performing the downsampling. During the
decoding process, the upsampling operation of the decoder preserves the size of the
original input. The max pooling memory index stored in each encoder map is used for
upsampling the feature map. The last decoder is connected to the softmax classifier so
as to assign the label of each class for the image [16].

Assume « is an array received from the upper layer, a; is the k-th element in the
array, and i is the total number of the array [17]

exp(a)
> explar) ®)

This paper created a SegNet network whose weight was initialized from the VGG-
19 network. The additional layer required for semantic segmentation replaces the last
pooling layer.

In summary, our semantic segmentation model takes advantage of the encoder-
decoder structure, which combines visual information with high-level features through
pooling to understand the surrounding scene in detail.

soft max (k) =
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3.4 Methodology of Vehicle Detection

Our vehicle detector is a Faster RCNN-based model as shown in Fig. 4, which uses
337 images from our traffic scenes as datasets as shown in Fig. 5. The size of the input
layer is 32 x 32 for better convolution operations. All convolutional layers of this
model use a 3 x 3 convolution kernel, we set the step size as 1. Moreover, in the
convolutional layer of the Faster R-CNN, all the convolutions are subject to one
padding expansion, resulting in an increase of 2 in length and width. This setup does
not change the size of the inputs and outputs.

Similarly, the convolution kernel size and step size of the pooling layer in the
model are both set to 2. Thus, the size of each matrix passing through the pooling layer
becomes one-half of the original. In other words, the convolutional layer and the ReLU
layer maintain the size of the feature maps, the pooling layer reduces the size of the
feature maps to 0.25.

Moreover, this model converts the collected proposals in the Rol Pooling layer into
7 x 7 proposal feature maps and sends them to the classification layer. Feature maps
are classified using the cross-entropy as a loss function in the classification layer.

By adjusting a series of network parameters, vehicle detector can better learn
semantics from shallow to deep and learn feature maps from abstract to specific.

Moreover, Faster R-CNN has two fully connected layers for classification and
regression, respectively. Similarly, the most usage of two loss functions is fine-tuning.
If i is assumed to be the index of an anchor in a mini-batch, p; is the probability that the
algorithm output, p; is the ground truthing label of the anchor 1, ¢; is a four-element
vector, which is bounded by the algorithm. The parameterized coordinates of the box #;
are the ground truthing box associated with a positive anchor [18],

Z i Lyeg (11,17 (6)

where L. (p;, p;™) is the logarithmic loss of the classification

({P:} {tl = Z Lcl? PnPl

reg

Lo (pi,p;) = —log[pi,p; + (L = p;) (1 — pi)] - (7)

The classification calculates logarithm loss for each anchor, which is summed and
divided by the total number of anchors N .
In the regression loss,

Les(t7) = R(: — 1) ®)

where R is defined as smooth L; and ¢ is 3, x = t; — 1,

0.5x* x 1/0? if |x|<1/c?
R = smoothL,(x) = 9)
|x| — 0.5 otherwise.
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For each anchor, we calculate L, (ti,ti*) and multiply it by p°, then sum and
multiply it by using a factor A/Ny,. p" has an object (+1) and no object (—1), which
means that only the foreground is used to calculate the cost, the background does not
calculate the loss. N,,, is the size of feature maps, A controls the weight for classifi-
cation and regression at a stable level.

® imageinput

®relu_2

® rpnBoxDeltas ® segionProposal ® rpnSoftmax

.

L ati ®r
of
'
L N

" ® fcBoxDelta
'

L] a LA a

Fig. 4. The network structure of vehicle detector

4 Results

We use deep learning to achieve scene understanding. In order to verify the advantages
of deep learning, we explore semantic segmentation and vehicle detection through
experiments. As shown in Fig. 6, visually, the model in the semantic segmentation is
satisfactory for the segmentation of buildings, sky, bus lane, and vehicles.

However, visual objects such as pedestrians, lanes, and trees are not accurate. This
paper uses IoU to measure the amount of overlap for each class. Taken the first
segmentation result in Fig. 6, the IoU of each category shows that the building IoU is
up to 89% with the highest accuracy among the 11 classes. At the same time, the
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proposed model scored higher accuracy on roads, sky, bus lane, and vehicles with 66%,
81%, 86%, and 66% respectively. However, the scores for segmentations of lane, tree,
and turning sign are lower. The reason why we get these results is that the objects in the
dataset lane and traffic sign are relatively smaller, the possibility of occurrence is rare.
In future, we will focus on collecting the visual data including lane, tree, and turning
sign images.

VV0271.png VV0359.png VV0542.png

VV0813.png VV0938png W1036,0ng W1129.ng

W1131.png W1323png W1527.png W1743png

|
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Fig. 5. The dataset of vehicle detection

For each class, the accuracy is the ratio of correctly categorized pixels to the total
number of pixels in that class. The accuracy of sky detection is the highest among all
classes at 91%. Secondly, bus lane, road, lane, and building classes have achieved
satisfactory levels of accuracy 90%, 86%, 70%, and 81% respectively. Meanwhile, in
this paper we exploited IoU to measure the overlapping between the ground truth and
the detected regions, generated the results from the proposed model. The overlapping
rates of buildings, sky, and bus lane are 71%, 74%, and 76%, respectively. In contrast,
the accuracy and IoU of lane detection are worse than those of other classes, because
the labelled area is small, its occurrence is lower than other classes.

From the experimental results of vehicle detection, the detector can successfully
detect vehicles in multiple directions, sizes, and types under normal conditions, even
detect vehicles with only a half of the vehicle appeared in the imaging range.

However, if there is an interference in the detection environment, our detection
accuracy will be decreased. When a road tax sticker appears on the car windscreen, the
detector incorrectly detects the road tax sticker as a vehicle. On the other hand, the
detector can roughly detect the presence or absence of a vehicle in a particular area, but
the position of the label boxes is offset.



70 X. Liu et al.

This paper takes advantage of average precision to measure the accuracy of the
detector. Both precision and recall are based on an understanding and measure of
relevance. The best training result of average precision for this paper is 81%, which is
based on a 22-layer Faster R-CNN network.

Fig. 6. The segmentation results

The log-average miss rate of the detection results is compared to the ground truth,
which is adopted to measure the performance of the object detector in this paper, miss
rate decreases as the false positive per image (FPPI) grows, and the log-average miss
rate is 0.4.

In the vehicle identification, the test results were up to 81%, the average error rate
was as low as 0.4. As shown in Fig. 7, compared with several models and models of
different deep networks of the same class, this model is better in the control of the
position and size of the bounding box.

Table 1. Comparison of VGG16-SegNet and VGG19-SegNet in ToU

Class VGG16-SegNet IoU | VGG19-SegNet IoU
Sky 66% 74%
Building | 70% 1%
Buslane | 59% 76%
Road 59% 61%
Lane 50% 50%
Vehicle |67% 60%
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Fig. 7. Comparison of four models with the same image

In the semantic segmentation, multiple evaluation indicators are taken as the
metrics. We compare the network performance using VGG16 and VGG19 as the basic
models shown in Table 1, respectively. The results of IoU show that segmentation
results of VGG19 on Sky and Buslane are significantly higher than VGG16-SegNet.
VGG16 is higher than VGGI19 only in the segmentation result of the vehicle. After
measuring all the evaluation indicators in general, we choose VGG19 as the basic
model for our segmentation.

Through the exploration of vehicle detection and semantic segmentation, we find
that deep learning has a great positive effect on scene understanding which relies on a
layered processing mechanism and powerful transfer capabilities to improve the per-
formance of the model in scene understanding.

5 Conclusion

The goal of this paper is to achieve traffic scene understanding using deep learning
including semantic segmentation and vehicle detection. We fulfil each phase of the
paper such as dataset preprocessing, neural network design and training, model eval-
uation, resultant comparisons. This paper provides a large number of original images
and annotated images of our traffic environment for neural network computations,
including annotations for image segmentation and vehicle identification. Furthermore,
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SegNet shows high accuracy with small datasets. Faster R-CNN adopts two sets of
convolution units to achieve high-precision segmentation and recognition. In future, we
will use ensemble learning to integrate our experimental results together so as to get
better results [24-27].
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