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Avrticle History: Abstract — Vision-based Forward Collision Warning System (FCWS) is a
promising assist feature in a car to alleviate road accidents and make
Received roads safer. In practice, it is exceptionally hard to accurately and
14 Sep 2019 efficiently develop an algorithm for FCWS application due to the
o complexity of steps involved in FCWS. For FCWS application, multiple
Received in steps are involved namely vehicle detection, target vehicle verification and
revised form time-to-collision (TTC). These involve an elaborated FCWS pipeline using
1 Dec 2019 . S . .
classical computer vision methods which limits the robustness of the
Accepted overall system and limits the scalability of the algorithm. Deep neural
2 Dec 2019 network (DNN) has shown unprecedented performance for the task of
vision-based object detection which opens the possibility to be explored as
Available online an effective perceptive tool for automotive application. In this paper, a
1 Jan 2020 DNN based single-shot vehicle detection and ego-lane estimation

architecture is presented. This architecture allows simultaneous detection
of vehicles and estimation of ego-lanes in a single-shot. SSD-MobileNetv2
architecture was used as a backbone network to achieve this. Traffic ego-
lanes in this paper were defined as semantic regression points. We
collected and labelled 59,068 images of ego-lane datasets and trained the
feature extractor architecture MobileNetv2 to estimate where the ego-
lanes are in an image. Once the feature extractor is trained for ego-lane
estimation the meta-architecture single-shot detector (SSD) was then
trained to detect vehicles. Our experimental results show that this method
achieves real-time performance with test results of 88% total precision on
the CULane dataset and 91% on our dataset for ego-lane estimation.
Moreover, we achieve a 63.7% mAP for vehicle detection on our dataset.
The proposed architecture shows that an elaborate pipeline of multiple
steps to develop an algorithm for the FCWS application is eliminated. The
proposed method achieves real-time at 60 fps performance on standard PC
running on Nvidia GTX1080 proving its potential to run on an embedded
device for FCWS.

Keywords: Deep learning, Forward Collision Warning System (FCWS), ego-lane
estimation, fine-tuning, feature extractor architecture, meta-architecture
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1.0 INTRODUCTION

Lack of attention by drivers is identified as the cause for 80% of driver-related accidents (Cui
et al., 2010). With recent advances in technology, many applications in Advanced Driver
Assistance Systems (ADAS) are implemented in cars to assist drivers to ensure safety. With
the advance in low-cost camera and the surmounting pressure from the new car assessment
safety rating program to push car manufacturers to continuously improve the safety ratings of
their cars (Dabral et al., 2014), manufacturers look towards the potentials of low-cost cameras
to achieve what high-end sensors can achieve. Therefore, many manufacturers opt for vision-
based ADAS for its cost-effectiveness.

For object detection, most existing systems still use traditional computer vision
approaches such as Cascaded Haar-like feature detection (Viola & Jones, 2001), HOG-SVM
(Dalal & Triggs, 2005) and Hough transform-based line detection (Ballard, 1981). However,
such models are susceptible to environmental noises such as adverse lighting conditions,
viewpoint changes, and partial occlusion. This is due to the fact these traditional methods
depend on lower level features that are based mostly but not strictly on edges, corners,
symmetries and histograms gradients.

Deep neural networks (DNN) based methods have achieved unprecedented performance
in solving several computer vision problems involving image classification and object
detection which could become a key enabler for highly accurate and robust ADAS applications.
The key benefit of DNN, as opposed to traditional methods for classification and detection, is
because they can extract appropriate features for the tasks. Following the breakthrough of
AlexNet (Krizhevsky et al., 2017) architecture that led to the popularity that shows DNN
performs better than their traditional approach; the increasing number of researches focused on
using DNN for object detection tasks. This led to numerous successful DNN object detection
architecture with high performances.

DNN based object detection architectures such as R-CNN (Girshick et al., 2014), SSD
(Liu et al., 2016), and YOLO (Redmon et al., 2016) are an extension of classification based
DNN. The end goal is concerned with giving object localization that involves drawing a
bounding box around one or multiple objects of multiple classes. The extension architecture
for object detection is called meta-architecture. Meta-architecture is usually built on top of the
pre-trained classification model, which is sometimes called feature extractor architecture. This
brings an end-to-end solution for object detection.

However, developing Forward Collision Warning System (FCWS) requires a vehicle
detection model and ego-lane estimation model which are two separate tasks that are not
practical for real applications in embedded advanced driver assistance systems (ADAS). The
core bottleneck in such methods is that deep neural network (DNN) was trained for each task
and combined in a late fusion manner. Moreover, although DNN constitutes the highest
performing models for vehicle detection and ego-lane estimation, it is also known for data
hungriness and computational complexity. Therefore, we propose a unified DNN based single-
shot vehicle detection and ego-lane estimation architecture which allows both tasks to be
performed simultaneously in a single shot.

Breakthrough in DNN brought opportunities to bring detection models to be
implemented in vision-based ADAS application for secondary safety or crash protection
technologies to deliver large life savings. Among the potential benefits of high accuracy object
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detections in ADAS are collision avoidance systems such as FCWS, reverse collision warning
system, adaptive cruise control and emergency brake assist. Although many of these systems
have been developed using high-end sensors, a breakthrough on vision-based detection using
DNN with high accuracy detection has opened up opportunities for cheaper replacement
possibilities without compromising performance.

2.0 METHODOLOGY
2.1 Related Works
2.1.1 Ego-lane detection

The lane that the host-vehicle is driving on is called the ego-lane. Identifying the ego-lane
allows the FCW system to understand where the other vehicles detected on a frame is
positioned relative to the host-car. This is important because the vehicle that is directly in front
of the host-car is the vehicle that is most likely to be in a course to a collision. Moreover,
understanding the characteristic of the ego-lane allows the estimation of the trajectory of the
host-car is headed to and therefore a prediction model can be performed as to which target
vehicle the host-car is likely to collide in consecutive time steps.

To define the host car's ego-lane, literature has shown there is a lot of methods to achieve
that. Using the classical method of image processing, it is possible to segment out the lane lines
using edge features and colour thresholding method (Li et al., 2018). Lane-lines are then
created by grouping them based on their regions (Chen et al., 2018). The line fitting method
can be used to group regions and used to generate and define a lane line.

Recent works have proposed deep learning-based methods to solve lane line
segmentation. Lane-line detection is made possible using a semantic segmentation architecture
which works by using a base Convolutional Neural Network (CNN) feature extractor (also
known as an encoder) and then connecting the encoder to an up-sampling neural network (also
known as a decoder) to output the segmentation mask (Lee et al., 2017).

Aside from using DNN based model to output a segmentation mask, a CNN feature
extractor is also known to be able to extract micro features in an image. Micro-feature such as
the features on a human face can be extracted to perform human age and emotion predictions
(Levi & Hassncer, 2015). John et al. (2015) showed that it is possible to use CNN to extract
lane features and train a decision tree model to make predictions to where the current lane is.

2.1.2 Vehicle detection

Sivaraman & Trivedi (2013) summarized some early works in traditional vision-based vehicle
detection. In general, it is possible to achieve vehicle detection by both the monocular vision
method and stereo vision method. This paper will focus on the study of monocular vision
methods. Studies for vehicle detection using monocular vision has shown that this was
generally achieved by either evaluating the characteristics of the frames’ appearances
(Niknejad et al., 2012; Sun et al., 2006; Lin et al., 2012) or the frames’ motions (Alonso et al.,
2008; Jazayeri et al., 2011).
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To achieve detections by appearances means to use general image features like edges,
corners, and symmetry that best represent the vehicle. Some study also uses robust feature sets
to allow classification and detection of vehicles. Robust feature sets are extracted and are
trained with a machine learning model that analyses these features used for classification (Joh
et al., 2016).

2.1.3 Deep Neural Network (DNN)

Using the traditional method for vision-based detection images goes through two phases. The
first phase is the feature extraction method. During this phase, hand-engineered algorithms are
applied such as HOG and Harr-like features. to quantify the contents of an image based on a
component of the image we want to encode (i.e., shape, color, texture). At the second phase,
given these features extracted, these are then used to train our classifier and evaluate it.
However, when building the Convolutional Neural Network, we can skip handcrafting a feature
extracting step. The reason for this is because CNN models are end-to-end trainable models.

We construct the convolutional layers and then present the raw input data (pixels) to the
network. A learning algorithm will then teach these networks through backpropagation to learn
suitable filters inside its layers that can be used to discriminate and classify object classes. This
yield learned representations of data with multiple layers of abstraction. The output of the
network is then a probability distribution over class labels (Krizhevsky et al., 2017). One of the
notable aspects of using CNNSs is that instead of carefully designing highly tuned hand-crafted
features, the network learns the discriminative features by modelling the data distribution of
the input in an end-to-end manner.

2.2 System Design

In this sub-section, the overall architecture and training of the architecture of the single-shot
vehicle detection and ego-lane estimation architecture will be discussed. Furthermore, dataset
collection and processing to be used for the training, validation, and testing will be discussed
as well.

2.2.1 Data collection and annotation

For the ego-lane estimation architecture training dataset, we first define individual ego-lane as
a regression problem. Concretely, given an image as an input matrix, the DNN needs to predict
the x-coordinate for a given y-coordinate. As depicted in Figure 1, we define a fixed step along
the y-coordinate and the last layer of DNN will be trained to estimate a corresponding x-
coordinate.

To achieve a DNN architecture that outputs both vehicle detections and ego-lane
estimations in a single shot, suitable datasets need to be prepared for training. For those reasons
we can resort to the following options to collect datasets to achieve our desired outcome:

i.  Open-source dataset: CULane Dataset (Sandler et al., 2018)
ii. Hand-labelled dataset: Malaysian own dataset

For vehicle detection, we hand-labelled images collected from a dashcam. We use the
augmentation approach to increase the number of data and add variations in the dataset. Types
of augmentation include flipping, raining effect, glaring warping, and random box occlusion.
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Figure 1: Ego-lane defined as a point regression problem
2.2.2 Dataset statistics

In this section, we provide the statistics of our proposed dataset for single-shot detection
and ego-lane estimation tasks (Table 1 and 2). In summary, we manually collected and labelled
~4k frames for the ego-lane dataset and a total of ~1.6k vehicle detection dataset.

Table 1: Ego-lane dataset stats

Ego-lane Dataset Stats

Dataset Tvpe Training Set Test Set
yp (Number of Frames)  (Number of Frames)
CULane Original training dataset 21,819 8,934
CULane Au_gr_nented original 128,329 14,258
training set
Malaysian Dataset Original hand-labelled set 4,000 800
Malaysian Dataset Augmented of original 59,068 14,767

Table 2: Vehicle detection dataset stats

Vehicle Detection Dataset Stats

Dataset Type Training Set  Test Set
Malaysian Dataset ~ Dashcam recording - original 1,607 402
Malaysian Dataset ~ Dashcam recording - augmented 2,894 724

2.3 Neural Network
2.3.1 Architecture

To achieve constructing single-shot vehicle detection and ego-lane estimation architecture we
must choose a meta-architecture and a corresponding feature extractor architecture (Figure 2).
In this paper, we use a pre-trained MobileNetv2 (Sandler et al., 2018) as our backbone model
for meta-architecture due to its trade-off performance between accuracy and efficiency.
Development of the single-shot vehicle detection and ego-lane estimation architecture will
proceed with the following steps sequentially:
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1. We train a feature extractor architecture to predict where the ego-lanes are on an
image. This is a supervised learning approach that can be achieved by training a pre-
trained DNN feature extractor architecture based on thousands of lane labelled

datasets.

2. We then train a detection meta-architecture utilizing the already ego-lane trained
feature extractor architecture to train for vehicle car detection. This again is a
supervised learning approach based on thousands of vehicles labelled datasets.
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Figure 2: Overall single-shot vehicle detection and ego-lane estimation pipeline

2.3.2 Ego-lane estimation architecture

Feature extractor architectures as discussed are the DNN models that are trained with thousands
of images to classify multiple objects, usually hundreds of objects. These feature extractor
models can be used as a standalone architecture to classify objects in an image. Since these
architectures had been trained on thousands of datasets to classify hundreds of classes, they are
known to have learned several discriminative features critical to identifying the trained object.

Here we treat ego-lane estimation as a point regression problem. The aim here is that
given fixed y-coordinate values in an image the network will be trained to estimate the x-
coordinate values of where the lane is. The overall training of point regression architecture is

depicted in Figure 3.
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To achieve ego-lane estimation as point regression problem we pre-process ego-lane
dataset such that the labels are the x-coordinates of a given fixed y-coordinate. Since
MobileNetv2 by design is a 224x224 input architecture we first pre-process dataset to a size of
224x224. For fixed y-coordinates, we choose a y-coordinate at every tenth-pixel step and then
label where the x-coordinate at that fixed y-coordinate lies on. Referring to Figure 4, dotted
horizontal lines show the tenth pixels steps from along the y-axis. At each step, the output is
the x-axis coordinate value that the ego-lane DNN model must predict. Therefore, the dataset
for this purpose should be labelled as such that the dataset should first be resized to 224x224
and then the labels are the x-axis of every step along the y-axis.

2.3.3 Vehicle detection

We chose the Single Shot Detector (SSD) meta-architecture for objection. We utilize the
lightweight architecture SSD-Mobilenetv2 for the development of DNN architecture for which
SSD meta-architecture will be trained on top of the already trained ego-lane feature extractor
architecture for vehicle detections.
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Figure 4: Overall single-shot vehicle detection and ego-lane estimation using MobileNetv2

3.0 RESULTS
3.1 Experimental setup

The implementation and training of our proposed algorithm were done on an Alienware R6
whereas speed performances were tested on multiple platforms, namely Alienware R6, HP
ENVY 13-AH0042TX and Lenovo Y510P where the specifications are shown in Table 3.

67



© Journal of the Society of Automotive Engineers Malaysia js o E —

www.jsaem.saemalaysia.org.my

Table 3: Devices specifications to be used to run real-time test

No. Platform Hardware Used

1 Alienware R6 GPU
e i7 7" gen Intel CPU
e Nvidia GTX 1080 8GB
¢ RAM 16GB

2 HP ENVY 13-AH0042T X GPU
e 17 8" gen Intel CPU
¢ Nvidia GeForce MX150 2GB
e RAM8GB

3 Lenovo Y510P CPU
e Intel i7 4" gen
e RAM8GB

3.2 Evaluation Metrics

For ego-lane estimations, the output estimation of the ego-lane estimation model will be
evaluated against the ground truth. A script was written to compute the estimation performance
by calculating the average precisions of the ego-lane estimation as compared with the ground
truth.

TPRk TPLk

. +
Total Average precision = Y7_, TERk+FP R"z TPLk+FPLk (1)

For vehicle detections, output detection of the vehicle detection model will be evaluated
against the ground truth dataset. An evaluation script was used to compute the estimation
performance by calculating the mAP of the detections.

3.3 Ego-lane Estimation Results

In order to truly evaluate the performance of DNN models, evaluating the models’ result
against the test dataset are necessary. This is because the evaluation done on a test dataset is
done on a dataset that the model has not seen during training. This will enable us to understand
how well the training of the model performs to generalize its intended tasks. For ego-lane
estimation, we evaluate based on the CULane test dataset and compare results based on the
results presented by (Pan et al., 2018). Moreover, we evaluate the ego-lane estimation model
trained on the Malaysian dataset against our Malaysian test dataset (Table 4).

Table 4: Total accuracy comparison based on CULane test dataset

Architecture Total Accuracy
Baseline+SCNN 90.6%
ResNet-101 90.2%
Mobilenetv2 (CULane dataset) — point regression (ours) 88.39%
ResNet-50 87.4%
MRFNet 86.3%
DenseCRF 81.3%
ReNet 83.3%
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3.4 VVehicle Detection Results

The vehicle detection DNN model will be evaluated against the test dataset prepared from our
Malaysian test dataset. Firstly, we evaluated the SSD+MobileNetVV2 model trained on the raw
Malaysian vehicle detection dataset. Secondly, we evaluated the SSD+MobileNetV2 model
trained on the augmented Malaysian vehicle detection dataset. We will discuss the effects of
data augmentation have on the performance of the DNN model. Finally, we train a better
variant of the SSD based model known as the SSD+InceptionV2 model for object detection
with our vehicle detection dataset. This will present to us how far off our SSD+MobileNetV2
vehicle detection model is from the better model.

Table 5 summarizes the results of training DNN architecture for vehicle detection. It is
noticed varying outcome happens when dataset increased by augmentation. Augmentation of
dataset adds more dataset with for training with little to no labelling cost. Therefore,
augmentation is always a preferred pre-processing method. SSD+Inceptionv2, on the other
hand, was evaluated which gives a ~10% more accuracy which is expected since the feature
extractor architecture allows more features to be captured and to further utilized for the meta-
architecture. Given that SSD+MobileNetv2 is still very lightweight in comparison to
SSD+InceptionV2.

Table 5: Performance comparison of vehicle detection model

Car Bike Truck MAP@0.5
Architecture Dataset AP@0.5 AP@05 AP@0.5 10U '
10U 10U 10U

Vehicle detection
SSD+MobileNetv2 dataset without 0.79885 0.36566  0.543969 0.569495
augmentation

Vehicle detection
SSD+MobileNetv2 dataset with 0.84352 0.35022  0.719649 0.637800
augmentation

Vehicle detection
SSD+Inceptionv2 dataset with 0.86426 0.57328 0.810133  0.749228
augmentation

3.5 Speed Performance

Finally, we test the real-time performance of the single-shot vehicle detection and ego-lane
estimation architecture on CPU and GPU computer devices. The results of the processing speed
are as in Table 6.

Table 6: Processing speed of our model SSD+MobileNetv2 and SSD+Inceptionv2 on various

platforms
Model SSD+MobileNetVV2 FPS ~ SSD+InceptionV2 FPS
Alienware R6 60 48
HP ENVY 13-AH0042TX 25 20
Lenovo Y510P 18 10
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4.0 CONCLUSION AND FUTURE WORKS

This research investigates the potential use of deep learning architecture that can
simultaneously do vehicle detection and ego-lane estimation in a single-shot. Pre-trained
feature extractor architecture trained on thousands of images to classify several categories can
be fine-tuned to make predictions of where traffic lanes are located on an image. A meta-
architecture to do object detection can then be trained based on the feature extractor architecture
trained on the ego-lane dataset. These methods had been proved to work for a single-shot
vehicle detection and ego-lane estimation architecture application by utilizing
SSD+MobileNetv2 architecture.

To sum up, it was found that the DNN model was able to be trained to estimate the
location of ego-lanes from a given image frame. To achieve this, we trained feature extractor
architecture MobileNetv2 to estimate ego-lane location by treating ego-lanes as a regression
problem. We’ve seen that our architecture and method of training the DNN architecture had
allowed us to achieve a single-shot output for both vehicle detection and ego-lane estimation.
This was achieved by first training the ego-lane architecture to successfully output a suitable
ego-lane estimation. Once that is achieved a vehicle detection meta-architecture is trained
based on the frozen weightage of the ego-lane trained feature extractor architecture.
Consequently, that results in allowing us to get simultaneous vehicle detection and ego-lane
estimation outputs.

Finally, results had shown that this method achieved real-time performance without
compromising the speed of the original SSD+MobileNetv2 making this architecture more
valuable for FCWS. This allows you to have two advantages for a single deep learning
architecture. While ego-lane estimation here still does not beat a more robust semantic
segmentation architecture as in the literature, this method serves as satisfactory use for FCWS
and can be extended for lane departure warning system. Some limitations and recommendation
of this project:

1. Use of the single-shot vehicle detection and ego-lane estimation architecture was
limited on a personal computer. Personal computer by default is equipped with high
specification hardware which is contrary to the reality of deploying it on an actual
car. Deploying it on an actual car makes sense if it is on an embedded hardware with
constrained resources. Automotive standards often have the highest standard to
follow so challenges are still plenty to realize deploying this project’s deep learning
algorithm to an automotive-grade embedded system.

2. Ego-lane estimation tested here are devoid of an influence created from any feedback
estimation. So often time it is seen that the ego-lane estimation displays on the output
screen to be jerky especially when scenes of the traffic lane changes. This can be
further improved by integrating the tracking mechanism or simply use the Kalman
filter to improve.

3. Ego-lane estimation as observed is very good when inferencing an image taken from
the same camera the dataset trained with was taken from. Although we have done a
lot of dataset augmentation further investigation can be made to further improve the
model to be able to learn variance in camera specification.
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