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Abstract. Inspired by alarming statistics of deaths and injuries in car accidents, this
work presents the development of vehicles detection method, which is part of an
Advanced Driving Assistance System. A computer vision software capable to
interpret real-time events on roads, that can identify vehicles based on Support
Vector Machine, was presented and evaluated by adopting two distinct techniques
for features extraction. Comparisons between two feature extraction techniques
(Invariant Features Transform and Histogram of Oriented Gradients) were
presented, and promising results in terms of vehicles identification accuracy were
obtained when a frame scan technique was integrated to the system.

1 Introduction

Injuries caused by road accidents increased more than 21% in the last twenty years,
reaching the alarming number of 1.4 million deaths in 2013. All high-income countries
have a reducing death rate in this period, while the majority of low-income countries
having increased deaths [1]. A considerable amount of death rate reduction in high-
income countries could be attributed to recently proposed vehicles security systems, as
stability control system, which help to prevent more than 8,000 deaths in Europe
between 2001 and 2008 [2].

While driving, the possibility of predicting events a few seconds before they
happen can be the difference between life and death. More advanced systems are
integrating technologies in order to provide safety, and concepts of Artificial
Intelligence are being associated with a wide range of sensors to assist drivers to predict
and avoid accidents [3-5]. Recently, cameras are being used to capture frames, while
Machine Learning algorithms, such as deep learning and ensembles methods, are being
adopted to detect obstacles, other vehicles, and pedestrians [6-8].

One of the main cited problem relate to previously mentioned systems is the
feature extraction. In this way, this work presents two different feature extraction
techniques, where the goal is to teach a system to recognize and to classify a vehicle
inside a frame. Based on previous works on the area [6-8], Support Vector Machine
(SVM) was chosen as machine learning strategy [9]. This classifier has already
performed effective in binary identification applications [6,7].

The next section of this work presents an overview about SVM applied to feature
extraction. Section 2 also describes the feature extraction techniques adopted in this
work: i) Scaled Invariant Feature Transform associated with clustered histograms; and
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ii) Histogram of Oriented Gradients. Section 3 reports the scanning procedure
developed to reduce the computational effort of the algorithm, and Section 4 shows the
results of SVM when it is associated with feature extraction techniques. Finally, Section
5 presents the conclusion of this work and addresses possibilities for future researches.

2  Feature Extraction Associated with Support Vector Machine

SVM was originally proposed in [9], and adopts support vectors on boundaries of two
groups in order to determine the optimal hyperplane. Furthermore, SVM can improve
the accuracy of classification and has already proved its potential in classification and
pattern recognition [6]. The optimal hyperplane d is determined in training as:
d(x) =XTY,+b (1)

where X represents support vector, Y feature of the object, i dimension for data, and b
represents bias. In the context of this work, a geometric interpretation of features
available in vehicles as dimensions in a hyper-space will be considered. This
assumption was considered because the classification performed by SVM represents a
hyperplane capable to separate samples. In the sequence, two strategies for feature
extraction are presented.

2.1 Scaled invariant feature transform and clustered histograms

Scaled Invariant Feature Transform (SIFT) is a powerful technique used to extract scale
invariant features from images [10]. The number of features extracted may vary
between images (due to differences in contrast, hue, and illumination). By considering
the identification of locations in image scale space that are invariant with respect to
small distortions (image translation, scaling, rotation, and reduced noise), SIFT selects
key locations at maxima and minima of a difference of Gaussian function applied in
scale space. This procedure is computed by building an image pyramid with resampling
between each level, where two passes of the 1D Gaussian function (as the 2D Gaussian
function is separable) in the horizontal and vertical directions will detect and
characterize both maxima and minima:
90 = e 2" @
V2no

where the x is the input signal to be filtered, (in this case pixels) and o refers to the
Gaussian bases width (or standard deviation). Nevertheless, by following the
parameters defined in [10] (o, = V2, octaves = 3, and levels = 3), the number of
dimensions in the feature-space will always be 128. In this way, every image submitted
to the SIFT extraction procedure will result in a numeric matrix with 128 x N elements,
where N may be any integer subjected to the previous mentioned image characteristics.

To characterize the image at each key location, the smoothed image A at each
level of the pyramid is processed to extract image gradients and orientations. At each
pixel, Aij, the image gradient magnitude, L; ; , and orientation, R; ;, are computed using
pixel differences:

Li;= \/(Ai,j - Ai+1,j)2 + (4 — Ai,j+1)2 3)
Ri,j = atanZ(Ai‘j —_ Ai+1,j'Ai,j+1 —_ Ai,j) (4)
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To integrate SIFT with SVM, uniformity in the input data is required. This
procedure could be achieved by clustering all features extracted from all the images on
the training database (in this work K-means method was adopted for clustering [11]).
The number of clusters may vary, and based on previous tests, 40 clusters were
assumed. More clusters will increase considerably the computational effort, and
substantial improvements on the performance will not be achieved.

Each cluster of features can be understood as a word in a bag of words, but the
useful information are the centroid coordinates of each cluster that are stored for later
usage. By considering the centroid of each cluster, it is possible to re-extract SIFT
features from training image samples, and classify each one of the N final features as
being part of one of the stored clusters. This can be understood by assuming that, at the
end of the procedure, each one of the N SIFT features extracted are labeled with one of
the words defined in the bag of words.

When each extracted feature is labeled, it is possible to compute the number of
features classified inside each cluster, and build a histogram for this classification. This
histogram will always be 1 x M, where M is the number of clusters, which defines the
number of dimensions that the SVM will operate with. The complete procedure up to
SVM training can be verified in a flowchart showed in Figure 1. After feeding SVM
with the histogram, an answer to that sample must be given, since this is a supervised
machine learning technique.

Feature
—» | Image |[—| SIFT Matrix 5
Images 128 xN Q

SVM

Matrix Bag of §\
Features Words
SIFT K-Means Labeling Build
Features histogram
. o ,_‘,‘a.q
H b Sk
i oy .

128 x N
Fig. 1: SVM training process with histogram built on clustered SIFT features.

By storing all the clusters centroids, it is possible to rapidly classify new images
by extracting features, and then labeling images to later build the histogram. The SVM
will return a binary answer, and in this work, it will represent if a vehicle was identified
in the frame or not.

2.2 Histogram of oriented gradients

The Histogram of Oriented Gradients (HOG) is a technique that was originally applied
in the identification of human figures on image using linear SVM [12]. HOG algorithm
is described in the sequence, and the procedure to train the SVM with its features is
presented in Figure 2. In HOG, the size of the histogram depends only on the size of
the input images.
Step 1: Extract gradient vectors from the image and compute magnitude and angle
of them. In case of color images, consider just the highest magnitude gradient;
Step 2: Divide image in 16 x 16 pixels blocks with 50% of overlap;
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Step 3: Divide each block in 4 parts (named cells) with 8 x 8 pixels;

Step 4: Quantify orientation;

Step 5: Classify orientation according to vectors” magnitudes, where one
histogram is created for each block;

Step 6: Concatenate all histograms.

1x 1764

— | Image |—| RESIZE | == | image |=P| HOG |=——p

64 x 64
w xh /

Answers
101100.

SVM

Images

Fig. 2: SVM training process with HOG as feature extractor.

3 Scanning Procedure by Perspective Windows

To reduce the computational effort of the algorithm a scanning procedure was
implemented. This procedure was inspired by the effect of perspective lines produced
by the perspective of a camera installed in the front of a vehicle. Previous tests indicated
that 3 sets of 8 windows of perspective to each provides reasonable results.

The windows were expressed in a progressive manner, and only inside those
windows that the SVM is applied. Consequently, the scanning process became faster
and false positives (due to signs, trees, building or any other objects that might lead the
SVM to mistakes) will be ignored. Figure 3 shows the 24 windows (black squares) of
perspective.

4  Results

In order to test the two feature extraction techniques that were associated with SVM,
an image database was adopted (available at [13] with 6,600 images). For the HOG
technique, training processes were performed based on 64 x 64 pixel images. In this
way, the length of the histograms was set to 1764px.

At first, a ratio accuracy was calculated by using part the database for training and
other part for the test procedures. Table 1 shows two experimental results considering
SIFT extractor, while Table 2 shows the results when HOG algorithm is adopted. The
HOG approach reveals itself more accurate. The number of samples was reduced for
SIFT due to the expensive computationally. Using 800 samples to train the SVM by
HOG took less than 1 minute, while to train SVM by SIFT extraction took almost one
hour when 300 samples are taken into account. Considering consistent results for HOG,
this strategy was adopted in the next test, where an on-road perspective image using the
scanning strategy detailed in Section 3 was assumed. Figure 3 shows the results of
combining HOG with SVM trained with 6,600 images.
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Fig. 3: Vehicle identification with perspective window and SVM+HOG.

Experiment 1 (50% of known samples)
Training Positive Samples 50 False Positives 2
Training Negative Samples 50 False Negatives 0
Test Samples 10 Accuracy 80%
Clusters 100
Experiment 2 (0% of known samples)
Training Positive Samples 50 False Positives 10
Training Negative Samples 50 False Negatives 4
Test Samples 50 Accuracy 2%
Clusters 100

Table 1: Results for experiments with SIFT extractor.

Experiment 1 (100% of known samples)

Setup: Results:
Num. Training Samples 2,000 Accuracy 97.64%
Num. Test Samples 5,000
Experiment 2 (100% of known samples)
Setup: Results:
Num. Training Samples 100 Accuracy 96.00%
Num. Test Samples 800

Table 2: Results for experiments with HOG extractor.

Keeping HOG as the main feature extractor, different technics for classification
should be tested. In this case, the Random Forest (RF) algorithm [14] was considered.
It already showed some similar results when compared to SVM. When 30% of the
dataset was used for training (2197 images) and 70% of for testing (5127), RF showed
93.6% accuracy with 50 bagging trees, only 1.2% less accurate then SVM.
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5 Conclusion

This work presented two feature extraction techniques associated with SVM for
on-road vehicles detection. For real time applications, SVM associated with HOG
strategy showed promising results in terms of accuracy and computational effort. The
goal is to develop a useful and practical tool to serve as an Advanced Driver Assistance
System. Future researches will focus additional strategies for feature extraction, the
inclusion of multiple detection (pedestrians, signs, among others), and real time tests.
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