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Abstract

This thesis presents an investigation into detection, classi�cation and tracking of occlu-

ded motorcycles from urban tra�c scenes. The �nal aim is to develop an accurate system

that allows automatic detection and tracking of motorcycles, which are the most frequent

vulnerable user of urban tra�c in emerging countries. Operators of urban tra�c surveillance

system could enhance the monitoring of this users and even prevent the high accidentally

rate that they represent. Initially, a Motorcycle classi�er for urban scenarios is implemented

using a pre-trained convolutional neural network for feature extraction. Motorcycles and

cars are classi�ed by using the extracted features from a CNN network, and classi�ed using

an SVM. The strategy is evaluated in an urban tra�c dataset, achieving a 99.4 % accuracy

working with three classes, and 99.3 % accuracy with �ve classes.

Given the good classi�cation results, we move to detection and classi�cations of vehicles in

a urban dataset. A hybrid strategy, which combines GMM for object detection and use of

CNN for feature extraction and posterior classi�cation, is �rst considered. Then, a two stage

detector as Faster R-CNN is used for object detection and classi�cation. The pre-trained

Faster R-CNN model achieves an F1 score of 68 % outperforming the hybrid model, which

achieves 58 %.

Based in the good results obtained by a two stage detector as Faster R-CNN, we propose

EspiNet, which is a more compact network able to detect and classify motorcycles under

high occlusion in congested urban tra�c environments. The method detects and classify mo-

torcycles even under camera movements, objects overlapping and stationary objects. Due to

the absence of urban annotated motorcycle datasets, we introduce a new dataset of 7500 and

10,000 annotated images, captured under real tra�c scenes, using a drone mounted camera.

The proposed model achieves an F1 Score of 95.3 % with an AP of 89.32 %. Overcoming the

results of state of the art detectors trained end to end in the introduced Urban Motorbike

Dataset (UMD). For benchmark proposes, we compare with a single stage detector such as

Yolo v3 and two stage detectors as Faster R-CNN (VGG16 based).

The proposed model is used to improve tracking, in a Multiple Object Tracking imple-

mentation based on a Markov Decision Process, and in a Deep Learning MOT tracking

mechanism. The detection results with a high con�dence hypothesis, improve the tracking

processes achieving a Multiple Object Tracking Accuracy (MOTA) of 86.1 % and 87.6 %

respectively, overcoming the state of the art results presented in tracking benchmarks as the

used in KITTI dataset. The thesis concludes with a critical analysis of the presented work

and a general outlook for future research proposes.

Resumen

Esta tesis presenta una investigaci�on sobre la detecci�on, clasi�caci�on y seguimiento de mo-



x

tocicletas en escenarios de tr�a�co urbano con un alto nivel de oclusi�on. El objetivo �nal es

poder desarrollar un sistema preciso que permita la detecci�on y el seguimiento autom�atico

de motocicletas, que resultan ser los usuarios m�as vulnerables, constantemente expuestos a

accidentes en el tr�a�co urbano en los pa��ses emergentes. Los operadores de los sistemas de

vigilancia de tr�a�co urbano podr��an mejorar el monitoreo de estos usuarios e incluso evitar

la alta tasa de accidentalidad que presentan.

Inicialmente, se implementa un clasi�cador de motocicletas en escenarios urbanos utilizando

un modelo de red neuronal convolucional pre-entrenada, usada para la extracci�on de carac-

ter��sticas. Este modelo clasi�ca motocicletas, autom�oviles y el entorno urbano utilizando las

caracter��sticas extra��das de la red CNN y evaluadas por una m�aquina de soporte vectorial

(SVM). La estrategia se eval�ua en un conjunto de datos de tr�a�co urbano, logrando un

99.4 % de precisi�on, con un dataset constituido por tres clases y 99.3 % de precisi�on cuando

el dataset es ampliado a cinco clases.

Dados los buenos resultados de clasi�caci�on, nos enfocamos despu�es en la detecci�on y cla-

si�caci�on de veh��culos en un conjunto de datos urbano. En primera instancia, se compara

una estrategia h��brida que combina GMM para la detecci�on de objetos y el uso de CNN

para la extracci�on de caracter��sticas, evaluadas para su posterior clasi�caci�on. En segunda

instancia, se utiliza un detector de dos etapas denominado Faster R-CNN, que es usado para

la detecci�on y clasi�caci�on de objetos. El modelo pre-entrenado de Faster R-CNN alcanza

un puntaje de F1 de 68 % superando al modelo h��brido, que s�olo logra el 58 %.

Basados en los buenos resultados obtenidos por el detector de dos etapas (Faster R-CNN),

desarrollamos \EspiNet", que es una red compacta capaz de detectar y clasi�car motocicle-

tas en imagenes con alto nivel de oclusi�on en entornos de tr�a�co urbano congestionados. El

m�etodo detecta y clasi�ca las motocicletas incluso en imagenes capturadas con movimientos

de c�amara, objetos superpuestos y objetos estacionarios. Debido a a que al fecha de esta

investigaci�on, no exist��an conjuntos de datos de motocicletas en entornos urbanos debida-

mente anotadas, presentamos un nuevo conjunto de 7500 y 10,000 im�agenes, capturadas en

escenas de tr�a�co urbano real, utilizando una c�amara montada en un dron y que han sido

debidamente anotadas para la generaci�on de Ground Truth. Aplicada sobre este conjunto

de datos, EspiNet alcanza un puntaje de F1 de 95.3 % con una Precision Promedio (AP) de

89.32 %. Este modelo, supera los resultados de detectores estado del arte, que han sido en-

trenados en su totalidad para esta investigaci�on utilizando el conjunto de datos mencionado

. A manera de referencia, se utilizan dos ejemplos de detectores estado del arte, de etapa

�unica como Yolo v3 y detectores de dos etapas como Faster R-CNN (basado en VGG16).

Finalmente, el modelo propuesto se utiliza para mejorar el seguimiento (tracking), en una

implementaci�on de Seguimiento Multi Objeto basada en un Proceso de Decisi�on de Markov

y una implementaci�on de MOT basada en deep learning. Los resultados de detecci�on, con

una hip�otesis de alta con�anza (proveidos por EspiNet), mejoran notablemente el proceso de

seguimiento, logrando una Precisi�on de seguimiento de objetos m�ultiples (MOTA) de 86.1 %

y 87.6 % respectivamente, superando los resultados en el estado del arte, presentados por
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ejemplo en el benchmark de seguimiento utilizando el conjunto de datos KITTI. La tesis

concluye con un an�alisis cr��tico del trabajo presentado y una perspectiva general para un

trabajo futuro de investigaci�on.

Keywords: Object detection, motorcycle detection, motorcycle tracking, multiple ob-

ject tracking, object detection under high level of occlusion, object tracking under high

level of occlusion, Deep Learning, Convolutional Neural Networks, Faster R-CNN)
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1. Introduction

1.1. Motivation: Motorcycles as Vulnerable Road Users
(VRU)

The concentration of the worlds population in cities is increasing year by year. It is calculated
that 53 % of the population currently lives in urban areas and by 2050 this number will grow
to 67 %. Nowadays, 64 % of people travel within urban environments and is expected that
by 2050 the amount of kilometers traveled will increase by 300 % [26].
Emerging countries face the additional challenge of highly populated urban areas with inade-
quate and insu�cient urban infrastructure [27]. For this reason, their mobility strategies in-
clude e�orts to stimulate eco-friendlier modes such as public transport, walking, cycling, etc.
However, people's limited �nancial resources and the relative ease to obtain driving licenses,
e.g. for motorcycles smaller than 200 c.c., have resulted in a signi�cant increase in this kind
of vehicle (Figure1-1). Furthermore, there have been adverse consequences in public health,
particularly in Latin-America, where fatal casualties involving motorcycles account for 45 %
of (all) tra�c accidents [28], and huge impact in the environmental due to the particle emis-
sion of this vehicle (P.M. 2.5). Other emerging regions as the Middle East report for example
that 63 % of tra�c accidents involve VRUs, of which 32 % corresponds just to motorcyclists
[29].
Robinson [30] describes the importance of multimodal transport implementation with accu-
rate detection systems in countries such as the USA. It highlights the importance of cyclists
as bicycles are an alternative, e�cient, economical, clean and environmentally friendly mode
of transport, with an increasing number of users, but also an increasing number of incidents.

The U.S. Congress de�ned an initiative that favors the use of bicycles, particularly in the
state of California. However, increased use requires additional measures to prevent accidents.
According to the World Health Organization (WHO) in 2015 the rate of VRUs involved in
fatalities in tra�c accidents represented more than 49 % [31]. \Vulnerable road user" is a term
coined to refer to tra�c actors more exposed to risk, mainly because there is no external
shield to protect them. Pedestrians, cyclists and motorcyclists are accordingly considered
\ vulnerable since they bene�t from little or no external protective devices that would absorb
energy in a collision" [32].
The annual report Tra�c Accidents of the Andean Community 2007-2016 [33], reports acci-
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Figure 1-1 .: Motorcycles as part of tra�c jams. Note the over
owing into the BRT dedica-
ted lane and the overall congestion. Photo taken from [1]

dent rates for Bolivia, Colombia, Ecuador and Per�u and for year 2017, 347.642 accidents were
documented, from which 88 % corresponds to urban occurrences. Colombia represents the
57.35 % of the total tra�c accidentally rate. In Colombia in 2017, 46,869 transport accidents
were reported, of which 6,754, (14.41 %) ended with deaths. Although for 2017 deaths due
to transport accidents were reduced by 7.23 % compared to 2016, these numbers are high
compared to world statistics.[34]
Colombian road users most a�ected by tra�c accidents are motorcyclists, representing
49.82 % of the reported deaths and 56.36 % of the victims reported injured. Of the total
drivers, motorcyclists represented 78.81 % of the dead and 80.51 % of the injured; its passen-
gers were 50.69 % and 48.99 %, respectively.[34]
The total amount of vehicles registered in Colombia for 2018 2Q is 14.070.075 from which
57.37 % corresponds to Motorcycles [35], from this 76.64 % corresponds to a street sport
segment which is used as a transport means for most of the population. 59 % of P.M. 5
particle emission are produced by land transportation in Colombia, from which 40 % co-
rresponds to motorcycles, generating environmental contingency in cities as Medellin (Area
Metropolitana).
Therefore, it is important to implement techniques or strategies that allow detecting and
tracking motorcycles to reduce accidents, optimizing and improving urban tra�c manage-
ment. \ Of all the entities in the class of vulnerable road users (VRUs), pedestrians, bicyclists
and motorcyclists are the most likely to su�er severe injuries and death if they are involved
in a collision with an automobile."[36]. The use of Intelligent Transportation Systems (ITS),
and video analysis in particular, could be one way of dealing with the issues a�ecting mo-
torcycles in the urban context, specially in emerging countries, where where they constitute
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an important means of transport.

1.2. Previous Works

1.2.1. Computer vision techniques for urban tra�c analysis

Buch et al. [2] make a di�erentiation between two methods used to develop image-based traf-
�c analysis systems. The top-down approach which previously groups together the pixels,
once the objects in the foreground have been detected and properly classi�ed and tracked
(Figure 1-2). This method is based on a previous image treatment: foreground segmentation,
which consists of segmentation and identi�cation of the object that is to be individualized
for subsequent monitoring. To do this the following methods are described: Frame Di�eren-
tiation, Background Subtraction, Mixed Gaussian Models (GMM), Graph Cutting, Shadow
Removal and Segmentation Based in objects. After this, the \top-down" model concentrates
on obtaining features, di�erentiating between features based on regions and features based
on contours, giving examples of di�erent approaches for each category. Next, it is necessary
to implement the classi�cation process, for which di�erent machine learning techniques are
used. Error estimation is used to determine the e�ectiveness of the classi�ers, when it is
used supervised learning algorithms, di�erent distance measurement are used (Euclidean,
Manhatan, Mahalanobis, Bhattacharyya and Chi-square) to calculate similarity.
As mentioned by Buch et al. [2] it is important to implement techniques for dimensionality
reduction to �nd lower dimensional representation, preserving as much information possible
of the original data. Techniques ranging from principal component analysis (PCA), indepen-
dent component analysis (ICA), linear discriminant analysis (LDA) and other techniques as:
isomap, maximum variance unfolding, PCA kernel, di�usion maps, local linear embedding
(LLE), Laplacian eigenmaps, Hessian LLE , local tangent space analysis, locally linear coor-
dination (LLC) and manifold charting. For classi�cation, techniques involving unsupervised
learning as k-means clustering, hierarchical clustering and visual dictionaries (Bag of Words),
and with better results, techniques referenced in di�erent studies that include Nearest neigh-
bor classi�er, SVMs, and probabilistic frameworks: Bayesian framework with Markov chains
and Monte Carlo sampling (MCMC).
The second method described by Buch et al.[2] is de�ned as the \Bottom-up" approach
(Figure 1-2). In this schemes, local sections of the image are extracted and classi�ed as a
speci�c part of a class previously determined by training. Then, the identi�ed parts are com-
bined into class-based objects through a voting process. In these systems, advanced tracking
strategies have been established as [37], allowing tracking in spatio-temporal domain, pro-
ducing directly a object trajectory, instead of performing a object detection analysis frame
by frame. This type of analysis demands the establishment of interest descriptors points
(keypoints), which are positions of the image from which the local characteristics are extrac-
ted. Di�erent types of descriptors include: based on basic sections (patches), implementing
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Figure 1-2 .: General scheme of computer vision systems architectures for the analysis of
urban tra�c. Extended of [2]

algorithms such as SIFT (Scale Invariant Feature Transformation) ([38]), SURF (speeded-up
robust features) ([39]), Histograms of Gradients (HOG) [40], other types of descriptors are
also implemented such as boundary fragment model (BFM), local interest-point features,
Chamfer distance for Codebook fragments, Canny Edge detector for border fragments and
gradient location and orientation histogram (GLOH). To obtain better results, techniques
to improve the performance of classi�ers, along with techniques for the discovery of descrip-
tors are used. Among them, Boosting technique and more speci�cally the AdaBoost that
was originally speci�ed in [41]. After having determined a good selection of descriptors it is
necessary to model their spatial relationship, shape techniques (explicit shape) that model
the spatial relationship between the detected parts are used. There exists other techniques
oriented to vehicle surveillance, among these k-fans, ISM (implicit-shape model) and the
use of so-called alphabets. There is also proposed techniques for classifying objects without
specifying the structure of the form, as Bag of Words and the recognition of objects by using



1.2 Previous Works 5

hierarchies.
Next it is necessary to implement tracking, which is used to measure the displacements
(paths) of vehicles. As established by Buch et al. [2] the tracking process can be developed
in two steps: 1) Foreground regions or object features are extracted from each frame of the
video, and then 2) the data association that provides correspondence between the regions
of the consecutive frames is made. It is necessary to implement temporary constraints of
consistency to avoid confusion in tracking and to smooth out possible noisy outputs in
the positions of the detectors. The principal movement models and possible associations of
data based on predictive models used in tra�c applications are: The Kalman �lter, particle
�ltering (PF), space-time Markov random �elds (S-T MRF), graph correspondence and event
cones.

1.2.2. Deep Learning and Vehicle Detection

Deep learning (DL) methods have produced a revolution in the �eld of computer vision.
For pattern recognition the techniques have shown robustness in classi�cations tasks, being
able to deal with di�erent ranges of transformations or distortions as noise, scale, rotation,
displacement, illuminance variance, etc. [42]. In object recognition, feature representation
obtained from DL often outperforms popular features such as LBP, SURF, HOG [43, 4,
14]. Chapter 2 describes howdeep learning theory(DL) applied to image processing is the
current dominant computer vision theory especially in tasks such as image recognition. For
vehicle detection, several works using Deep Learning in vehicle detection are reported in the
literature. Earlier approaches relied on 2D Deep Belief Networks (2D-DBN) [44], learning
features by means of this architecture and using a pre-training sparse �ltering process [45] or
Hybrid architectures (HDNN) which overcome the issue of the single scale extraction features
of traditional DNNs [46]. Color as a discriminative feature is used in [47] and [48]. There
are also pre-training schemes [49] that obtain competitive results even with low resolution
images and implementable in real time as in [50]. More recently, detection and classi�cation
of multiples classes is performed using integrated models as Fast R-CNN and faster R-CNN
[21, 51, 52, 5, 25, 16]. Reports exist of methods able to recognize vehicle make and models
(MMR) [53, 54], re-identi�cation architectures for security urban surveillance [55, 56, 57],
strategies using DBN [44, 58, 59, 60] that work with relatively few labelled data and models
that are able to classify even the pose or orientation of the vehicle [52, 61, 62]. Generally most
of the detection and classi�cations models are implemented using di�erent CNN architectures
such as Ca�eNet [63, 64], GoogLeNet [65], and VGGNet [16] used in [53]. AlexNet [4] is used
by Su et al. [48] in conjunction with GoogleNet [65] and NIN (Network in Network) [66].
In chapter 2 a detailed review describes the principal works related to motorcycle and bicycle
detection and tracking, giving a complete description study from a taxonomic point of view.
From the above, it is clear that the problem of detection and tracking motorcycles in urban
environments requires special attention and is not a simple topic. The di�erent strategies
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addressed and described by the authors leave open an important opportunity as a research
topic.

1.3. Problem Statement

As the previous works shows, the main challenges in the development of analysis and video
surveillance systems in urban areas are related to the tra�c density conditions, the variable
orientation of vehicle intersections, the diversity of points of view that cameras have in the
infrastructure installed and the conditions of operation of them. The density of tra�c usually
generates problems of occlusion so that methods originally developed for highway scenarios
[67, 68, 69] would not necessarily be e�ective in urban areas. The literature contains very few
examples of vehicular tra�c analysis during di�cult lighting conditions [70, 71] and during
night time ([72, 73, 74].

Additionally, the majority of researches have been oriented towards general vehicular de-
tection, but not to speci�cally detection and tracking of motorcycles. For applications that
manage urban tra�c it is important to identify the types of vehicles, as addressed by resear-
ches such as [75, 76, 77] where detection and classi�cation systems are combined. Moreover,
it is crucial to implement the prediction of the di�erent classi�ers in tracking, improving the
results as shown in [78, 79]. The 3DHOG algorithm [80] is an appearance-based classi�er,
which incorporates prediction (using a Kalman �lter) for tracking the detected vehicles. This
process improves the classi�cation results.

From the above described, the following research questions arise:

Is it possible to exploit the spatio temporal information of video detection scenarios and
incorporate it into the representation of reality in a detection and tracking system? Taking
advantage of this spatial relationship, can the use of features identi�ed in the detection and
monitoring of motorcycles be exploited ?, Thanks to this additional information can a robust
mechanism of classi�cation and tracking of motorcycles in urban environments be achieved?
Is it possible to propose a system that allows the deployment of a robust detection and
tracking mechanism of motorcycles on video captures with images that show a high level of
occlusion?

In this work a mechanism of detection and monitoring of motorcycles in urban tra�c envi-
ronments is proposed, using monocular video sequences, under conditions of occlusion of the
objects to be detected.
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1.4. Objectives

1.4.1. General Objective

To design a detection, classi�cation and tracking method for Motorcycles using video se-
quences with a high level of occlusions captured in urban environments.

1.4.2. Speci�c Objectives

To propose a motorcycle classi�cation model that allows di�erentiating this type of
objects in urban environments.

To determine the appropriate Arti�cial Intelligence technique through a comparative
analysis for the implementation of a vehicle detection and classi�cation mechanism in
urban environments.

To develop a mechanism to detect and classify motorcycles in urban environments
captured in video with a high level of occlusions.

To implement a tracking mechanism for motorcycles in urban environments captured
on video with a high level of occlusions.

1.5. Contribution

A comprehensive review of computer vision technology for motorcycle and bicycles detection
is presented in chapter 2. The main gaps identi�ed in literature are �rstly the relatively scarce
works related to motorcycle detection and classi�cation, additionally most of the works used
engineered features for classi�cation, relating the quality of classi�cation to the quality to the
features de�ned. It is also found that most of the approaches are techniques based on motion
detection, and few using object detection based on deep learning strategies that are producing
impressive results for object detection. This section will introduce the contributions of the
thesis in respect to literature gaps found an the problem de�nition of section 1.6.
The issue of high dependency on engineering features for motorcycle classi�cation is ad-
dressed in chapter 3 resulting in the contribution of using an already trained architecture
(AlexNet) for motorcycle feature extraction. Even though the technique of feature extrac-
tion is already known, its novelty is to apply if for the classi�cation of motorcycles on urban
scenarios. Features extracted by means of an already trained network, are used to feed a
linear SVM for motorcycles classi�cation in urban scenarios.
For chapter 4 the contribution is related to the comparative study of two deep learning stra-
tegies used for vehicle classi�cation, one of this using object detection based on background
subtraction (GMM models [81, 40]) in conjunction with a CNN already trained for feature



8 1 Introduction

extraction and classi�cation. Detailed metrics allows to compare the two models, giving in-
dications to possible improvements of the other analyzed CNN model studied (faster r-cnn),
which can be used for motorcycle detection.
For chapter 5 the contribution is two fold: Firstly two annotated urban datasets for mo-
torcycles are de�ned. A new motorcycle Urban Dataset with up to 10,000 annotated images
and with more than 56,000 annotated motorcycles is introduced, which allows to train deep
learning models, and also to compare the di�erent researches for urban motorcycle detec-
tion. The dataset is made publicly available1. There is also created a more compact Urban
dataset obtainned from six CCTV cameras of the Secretar��a de Movilidad de Medell��n. In
this dataset 5000 images contains 21,625 annotated motorcycles with 817 di�erents tracks.
This dataset trains the proposed model to be used in CCTV cameras for urban surveillance
analysis.
A second and maybe most relevant contribution is the proposal of a new model for motorcy-
cle detection (EspiNet) inspired in Faster R-CNN. The model is able to detect and classify
motorcycles under urban occluded scenarios with a low angle of capture and a moving ca-
mera. The model outperforms two of the state of the art models used for detection, in a fair
comparison, where all models where trained end to end.
Finally the contribution in chapter 6 describe the importance of high quality detection
in order to implement multiple object tracking (MOT). By means of the Online Multi-
Object Tracking by Decision Making algorithm proposed by Xiang et al.[10], we evaluate the
detection of EspiNet (chapter 5) and show also best MOT results in comparison with state of
the art models Faster R-CNN (based on VGG16) [25] and YOLO [24]. These evaluations are
also done, by implementing the DeepSort tracker [82], showing the importance of a accurate
detection in this type of trackers.
In summary the central contribution is the proposal of a two stage motorcycles detector
model inspired on Faster R-CNN call EspiNet. The model outperforms state of the art
algorithms, which are representative of the two deep learning object detection methods,
Faster-RCNN (based on VGG16) for two stage detectors, and Yolo V.3 for single stage
methods. Those detection results are used to improve multiple object tracking results of the
state of the art MOT trackers.

1.6. Scope and Outline

This thesis focuses on video analysis for detection and tracking of motorcycles, under a high
degree of occlusions typical in urban environment. To address the occlusion conditions of the
urban environment, the low angle of video capture, and the possible changes and position
of the angle of view, it is necessary to develop algorithms to detect and classify motorcycles
under this exigent conditions. This provides additional challenges than the traditional ap-

1http://videodatasets.org/
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proaches for motorcycles detection had faced, which will be described in more detail in the
literature review.
Literature relevant to the detection of bicycles and motorcycles in urban tra�c using video
analysis is reviewed in chapter 2. This literature review allows to propose the general frame-
work used throughout the thesis, described in section 2.8, and also describes the important
emergence of Deep Learning in the �eld of Computer Vision, showing impressive results in
the video analytic for tra�c management.
In chapter 3, motorcycle classi�cation is �rst addressed by using a transfer learning strategy
from a robust Convolutional Neural Network (CNN) architecture (AlexNet) used for feature
extraction in combination with a linear SVM. However this classi�cation approach does
not involve the previous process of locating the object in a complex image (detection). In
chapter 4 we compare the use of motion estimation (motion silhouettes) in conjunction with
the chapter 3 model against a deep learning model (Faster R-CNN) for vehicle detection and
classi�cation. In motion estimation models, the classi�cations relies on the binary silhouettes
which can be severely a�ected by the camera movement, overlapping objects (occlusion),
shadows, and so on. The performance of the two methods is evaluated with precise metrics,
showing an important improvement in detection and classi�cation achieving by the deep
learning model.
Starting from the improved results obtained in the comparative evaluation of chapter 4, in
chapter 5 a novel deep learning architecture (EspiNet) inspired in Faster R-CNN model is
proposed. The architecture is able to classify motorcycles under occluded scenarios and on
video sequences capture from a low angle and subject to di�erent kind of movements. In
order to train and evaluate the proposed model a Urban motorcycle Dataset (section 5.2)
is also produced, which is made public available for research proposes. This dataset is also
used for training the state of the art models used for comparative proposes.
The important results obtained by EspiNet model (chapter 5) on motorcycling detection are
used for improving multiple object tracking (MOT). In chapter 6 an illustrative taxonomy on
tracking is explained, which allow to understand the challenges that MOT tracking imposes.
In section 6.4 the detection of the three previously compared models (chapter 5) are compared
again by using state of the art algorithms: Online Multi-Object Tracking (MOT) by Decision
Making and a Deep learning based Multiple Object Tracker: DeepSort.
The thesis concludes with chapter 7 with a critical analysis of the proposed model and des-
cription for future work. Additionally some Deep Learning foundation theory and principles
of single and two stage detection algorithms are presented in the appendix (A).
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2.1. Introduction

This chapter is specially oriented to review detection and tracking of motorcycles and cyclist
since vision-based pedestrian detection has been extensively investigated during the last
years: complete surveys can be studied at [83], for ADAS (Advanced Driver Assistance
Systems) in [84] and a ten-year compilation of pedestrian detection works in [85]. On the
other hand, very limited work has been undertaken on motorcycles and cyclists, even though
approaches share similar techniques as for pedestrians.
Because most researchers working on VRUs tend to follow a somewhat well-established
pipeline of processes common in object detection, classi�cation and tracking, in this chapter
we will consider relevant work in the main sub-areas of such pipeline (Figure2-1).:

Detection : Where a hypothesis generation (HG) is de�ned, and encompasses three
main aspects:

ˆ Feature extraction

ˆ Segmentation

ˆ Localization.

Classi�cation or hypothesis veri�cation (HV).

Tracking

It is also important to evaluate the performance of the studied algorithms under occlusion
conditions which are frequent in congested urban tra�c conditions, and where detection,
classi�cation and tracking is more critical for tra�c control centers. Thus, when comparing
algorithms, where possible we comment on whether they account for clutter.
Finally, in recent years there have been new approaches based on what are called deep
learning methods that therefore deserve a special attention. The most applied technique for
detection is known as Convolutional Neural Networks (CNN), so detection of two wheelers
is especially considered. In the �nal section, we describe the main challenges that bicyclist
and motorcyclist detection faces, listing some of the public datasets available for this type
of research and the performance measures used to evaluate algorithms, ending by pointing
out some topics that are still open for further research in this �eld.
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Figure 2-1 .: Traditional Sequence of activities used for VRU detection and tracking

2.2. Hypothesis Generation

For detection, this task refers to the identi�cation of features used to detect and discriminate
objects. The task of selecting the correct features has been crucial for accurate system
performance. Generally, features can be divided into two categories: appearance features
based on shape, color and texture and motion features using dynamic characteristics, both
to separate road users from the background. As described later, deep learning methods can
overcome the dependency on manually choosing what image features to use.
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2.2.1. Bicycles Hypothesis Generation

Many authors agree that bicycle detection is challenging due to the many changes in their
appearance according to camera viewpoint, so feature selection is a hard task.

1) Methods based on appearance features:Visual information obtained from objects include
color, texture or shape. As a �rst approximation based on shape features, Rogers et al. [86]
implement a model to detect bicycles using the circular Hough transform in moving objects.
This method is prone to errors since it generates many false positives in congested scenarios
and detection fails for a�ne or projective transformations. Shape bicycle detection for side
view is proposed, based on elliptical models for wheels, in [87] and the triangular shapes for
bicycle frames [88]. The strategy is based more on human perceptual models rather than
training, using edge detection (Sobel and Canny), deformable part-based models (DPM) in
[87] and classi�cation of features in [88], to detect wheel pairs and frames. Nevertheless,
these approaches are not applicable to congested scenarios.

Due to the sensitivity to illumination changes and object size variance it is necessary to
implement techniques for feature extraction based on a combination of color and texture
as HOG features, which are extracted by �rst applying edge operators over the image and
then discretizing and bucketing the orientations of the edge intensities into a histogram
achieving some spatial and illumination invariance. In this way, Cho et al. [36] takes into
account the non-rigidity of bicycles observed from multiples perspectives (3) and proposed
a part{based model, based on Felzenszwalb et al. [89] de�ning features with a variation of
HOG (using PCA to reduce data dimensionality), nevertheless this model is only limited to
3 points, restricting its application. Meanwhile, in [90] they use the same approach, treating
the bicycle rider as a non-rigid object and analyzing by means of multiple view detectors:
frontal, rear, and right/left side view. For each view, integral HOG features are used to
train the classi�er. Multiple-view detectors are useful on board Autonomous systems, but
di�cult to implement on city surveillance cameras. The use of HOG is extended in the
work of Lit et al. [91], where they propose a HOG-LP (Light HOG, and Pyramid sampling),
speeding up HOG feature extraction and extracting additional global features in di�erent
scale spaces. Meanwhile and based on a sliding-windows strategy, Tian and Lauer in [92, 93]
use HOG features, extracted from a training set divided in eight orientations, scaling each
image to an aspect ratio for each orientation. It is not clear how good this strategy is for
dealing with di�erent object sizes. Drory et al. [94] proposed an approach for estimating
the projected frontal surface area (pFSA) of cyclists, based on shape analysis, minimizing
an energy function which describes the surface area (Active Contours), which is a di�cult
approach for detection under occlusion conditions. To de�ne the initial contour, the approach
uses DPM on HOG features.

Computer-generated 3-D models of bicycles can be used for detection by appearance mat-
ching. Liebelt and Schmid [95] describe an approach for multi-view object class detection,
based on combining a 2-D appearance model with an external 3-D geometry. The approach
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takes a 2-D representation of the object, from di�erent viewpoints, and each image is anno-
tated using a bounding box. Then, each annotated bounding box is subdivided into a grid,
where each part of the grid represents an object part. In the next step, a pyramid detector
is used in the entire grid where for each part region that is covered by each viewpoint many
spatial pyramidal detectors are trained.
Due to the complexity of bicycle detection, some authors combine multiple features to solve
all problems such as occlusion, background clutter and variations in orientation, illumina-
tion. For instance Hu et al. [96] de�ned an approach to classify cars and cyclists in urban
environments, using a dense feature extractor and a cascade classi�er. To deal with intra-
class variance, a subcategorization method is proposed exploiting the high density of features
used, which includes visual features (HOG, ACF, LUV color channel), geometrical features
(3D orientation, aspect ratio, truncation level and occlusion index), and spectral cluste-
ring to generate a prede�ned number of clusters on a speci�c feature space. Nevertheless,
the centroid estimation of clusters is empirically de�ned for each application. Furthermore,
Gonz�ales et al [97] integrate data from RGB images and depth maps. Hypothesis generation
is based on HOG and LBP descriptors. The multimodal con�guration extracts information
from RGB and depth modalities, combined at feature level (early fusion) or at decision level
(late fusion). The system integrates a multi-view model that separates n-views for combining
them in a �nal ensemble. However, depth is not easily obtainable in conventional CCTV.
2) Methods based on Motion features:Using spatio-temporal information for detection is the
most common characteristic of interest, since when a vehicle is \moving" it can be related
to tra�c counts, infringements, etc. Motion detection aims to separate moving foreground
objects from the static background.
For bicycle HG, Ponte et al. [98] propose an approach to count cyclists and determine cyclist
travel speed from video. Objects are detected through background subtraction, based on the
frame di�erencing technique of Heikkil•a and Silv�en [99], features used later for classi�cation,
are usually small regions of high local contrast that are grouped based on spatial proximity
and common motion. This technique has a problem when objects are close to each other
if they share the same speed and their shape are similar. Meanwhile, Shahraki et al. [100]
propose a cyclist counting method following the methodology of \detect-track-count". They
start with motion based detection using GMM (Gaussian Mixture Models) [40] and then
appearance-based classi�cation using HOG, complemented with Multi Scale Local Binary
Patterns (MLBP) to overcome the multiscale problem. It is not clear if the 5 gaussians
selected for modelling each pixel are enough for dealing with sudden changes in illumination,
neither the explicit algorithm used for GMM is described.

2.2.2. Moytorcycles Hypothesis Generation

Due to the dynamics, speed and maneuverability of motorcycles, most of the works rely
on methods based on motion features using background subtraction, nevertheless there are
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some approaches that use appearance features for hypothesis generation (HG).
1) Methods based on appearance features:Le and Huynh [101] proposed an integrated method
for counting and detecting motorcycles, extracting features with Gabor �lters and using
random forest to generate a density map via an indirect counting method. Meanwhile, Dahiya
et al. [102] and Singh et al. [103], compares three di�erent appearance features obtained
from foreground detection: HOG, SIFT and LBP, showing best discrimination with HOG
features, which are used both for motorcycling detection and for helmet presence. Thai et
al. [104] choose the use of local features that are invariant to a�ne transformations, scaling,
and rotation or illumination changes, with a variation of SIFT [38]: DSIFT (Dense Scale
Invariant Feature Transform) [105], which main di�erence is that the features are generated
in a uniform way based on a dense mesh of places where scale and orientation are �xed.
However, these three detector examples do not incorporate spatial relationships between key
points. For this, the authors adopt [106] a technique of pyramidal space kernel for feature
extraction. The method relies heavily on images captured from a top view angle which
constrains the �eld of view of the surveillance camera.
Hough Transform based helmet and headlight detection is used by Mukhtar and Tang [107] to
generate ROIs, which then are used for HOG feature extraction. Computing the di�erence of
the sum of pixels within rectangles in a given image patch, Haar-like features allow real-time
performance, for this Shuo and Choi [108] report a system used to improve vehicle driving
safety detecting motorcycles. As HG they rely on Haar-like features, even though these
features do not correlate under di�erent view angles, making it impractical for surveillance
scenarios. Using interest point descriptors, Muzammel et al. [109] implement HG using Harris
corners which are points uniformly sampled in a salience detector for a motorcycle vision-
based rear-end collision detection system. Nevertheless, this procedure could be sensitive to
what is known as the \aperture problem".
Illumination variances can be removed by edge detection, and binary edges can provide
normalized input for feature descriptors. So, the Sobel operator has been used [110] to design
collision avoidance systems, detecting rear view of motorcycles, by de�ning initial hypotheses
of possible objects from shadows, wheels and vertical edges [111] and using template matching
[112]. Nevertheless, these systems are not suitable for CCTV surveillance due to a restricted
distance and view angle (motorcycle rear view).
Combining multiple features is also used to improve motorcycle detection, Silva et al. [113]
proposed a methodology for helmet use detection on highways scenarios by determining
which objects appear to be moving using a calibration stage and for HG, extracting their
features by SURF, HAAR, HOG, Fourier and K-means descriptors.
Computer generated 3-D models are also used for motorcycle detection by appearance mat-
ching. Messelodi et al. [3] extend detection and classi�cation of vehicles in urban intersections
[114], achieving discrimination between bicycles and motorcycles. For Hypothesis Generation
(HG), at the end of the model-based classi�cation phase, an object descriptor stores features
to decide which view is selected to analyze the image. Two di�erent contexts are identi�ed
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based on the movement direction of the vehicle with respect to the axis orthogonal to the
ground plane. Small angles describe front or rear view of the vehicle appearing in the image.
Otherwise, the image represents a lateral view of the vehicle (Figure2-2). In a front view,
the wheel section will determine a comparative criterion between the whole of the object
with respect to the thickness of the rim, distinguishing between bicycle and motorcycle. The
algorithm is not evaluated under congested scenarios were occlusions could a�ect the feature
extraction process. Meanwhile Buch et al. [115] use a 3-D wire model to discriminate urban
users between bus/lorry, van, car/taxi, motorcycle/bicycle and pedestrian. The approach
does not implement reasoning about the movement of the vehicles and does not deal with
occlusions as each silhouette is associated with a single vehicle.

Figure 2-2 .: Side View: The luminance of the region inside the wheels of a bicycle is more
similar to the background, with respect to the same region of a motorcycle.
Based on the parameters extracted the two wheels are used as criteria for
classi�cation. Image taken from [3]

2) Methods based on Motion features:For motorcycles detection spatio-temporal informa-
tion is the most frequently technique used to identify moving objects in the scene, further
analysis is required to discriminate precisely this vehicle type. In the work of Chiu et al.
[116] and extended by Ku et al. [117] HG starts from background subtraction, dealing with
possible overlaps with other vehicles and implementing an additional segmentation method
to detect and separate motorcycles in the scene. This method may fail in congested sce-
narios, where stationary objects might be missed. The systems rely on helmet presence to
implement search methods. Nevertheless, when people do not wear helmets it makes them
more vulnerable, so it is even more important to detect them. Answering to this situation,
Chiverton [118] shows a method for detecting motorcycle riders who do not necessarily use
helmets. This practice is frequent in many parts of the world where regulatory policies are
not so restrictive or well-respected. For HG, the system involves conventional foreground
extraction and component labeling, along with operations to reduce noise and to add pixels
to detected regions. Nevertheless, it is not clear if they can deal with overlapping objects
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(tra�c congestion) detected as a single blob. After this, a motorcycle object is obtained, and
over this region, a search is done for the area that corresponds to the rider head.

Kanhere et al. [119] exploit data collected during rally events where the number of motorcy-
cles is generally large. For HG, the approach uses the following steps: A manual \six clicks"
camera calibration, de�ning three lines parallel to the image projection. Then background
subtraction without using GMM-based methods where dynamical lighting conditions can
be managed. Finally features are identi�ed using the estimated height and the local slope
(in real world coordinates) projected from foreground blobs, and grouped by region growth.
This features correspond to typical vehicle dimensions which depend on camera calibration.
It is not clear if these features can be identi�ed robustly under heavy tra�c congestion.

Gaussian Mixture Models (GMM) [120] is the most used technique for foreground extrac-
tion. It consists on temporally modelling each pixel of the image as a mixture of two or
more Gaussians, updating the distributions according to the temporal pixel changes. Wa-
ranusast [121] automatically detects motorcycles and riders who wear or not helmets. For
HG, the approach uses moving object detection, using GMM for background subtraction
and applying morphological closing to the resulting binary images. To reduce computational
burden, only one instance of the frame sequence is captured in front of the camera, this
also allows determination of the direction of the moving object. This technique works on

uid tra�c conditions, with no overlapping of vehicles where blob detection does not merge
objects. Meanwhile Dupuis et al. [122] present an image segmentation strategy applied to
motorcycle counting. For HG, �rst background subtraction is applied using GMM and a
shadow removal strategy. Nevertheless, this method could fail with static tra�c conditions,
where objects tend to be interpreted as background. Then the foreground blobs are re�ned
through Laplacian densities, dealing with di�erent types of shadow in the scene. Thereafter,
simple features such as area, width and height are employed for discriminating motorcycles
from other vehicles. Rashidan et al. [123] develop a model based on a fuzzy neural network
(FNN) which is implemented to classify common moving objects in street scenes that in-
clude motorcycles, pedestrians, and cars. For HG it uses a method of adaptive background
subtraction for detecting moving objects based on GMM (not mentioning how to deal with
occlusion and overlapping objects), and foreground moving object features in terms of spa-
tial and temporal attributes. Spatial properties are based on a criterion of \compactness"
(ratio between area and square perimeter) and height to width ratio. Temporal attributes
are obtained from optical 
ow, working only with the central point of the detected objects
to reduce computational burden.

Traditional GMM has been improved to deal with shadow detection, and lighting changes.
Chen et al. [124] proposed a vehicle (including motorcycles) detection and tracking system
from a roadside CCTV in urban tra�c. Foreground extraction uses a process of background
learning, where the system reduces unwanted motions associated to camera motion or wa-
ving trees, and progressive and sudden changes in illumination. Multi-Dimensional Gaussian
Kernel density Transform (MDGKT) has been used to deal with unwanted motions and an
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extension of GMM called Self Adaptive GMM [125] to continuously update the parameters
of a GMM. It can also detect the object shadows based on the chromaticity value of a mo-
ving pixel detected as a foreground. Nevertheless, the method still has problems in detecting
overlapping objects moving at similar speeds. Meanwhile Dahiya et al. [102] and Singh et al.
[103] implement for HG an approach which relies on adaptive background modelling based
on GMM to separate moving objects. Authors claim that a modi�ed version deals with dif-
ferent lighting conditions, but it is not clear how to determine dynamical parameters such
as the learning rate, the lighting threshold or the number of Gaussians employed.

Without describing the detection process, Sutikno et al. [126] report a classi�cation process
of motorcyclists wearing or not helmet, from images captured on the highway using a back-
propagation neural network. It is not clear how the architecture of the network is de�ned.
The HG corresponds to the training process using only 150 images previously segmented,
being unclear if this is enough for generalization.

Duan et al. [111] monitored the back of vehicles and motorcycles supported by a Lane
Change Assistant (LCA). Implementing a multi-resolution technique to achieve real-time
performance, deployed on an Integrated Memory Array Processor (IMAP). For HG, the
method involves obstacle detection using optical 
ow and prior knowledge using data from
the detection of previous vehicles during the day that include symmetry, color, shadows,
geometric characteristics (corners, horizontal and vertical edges) and texture. It is not clear
how prior data is extensively representative for all possible detections. The initial hypotheses
of possible objects are obtained from shadows, wheels and vertical edges. As shadows are
usually a�ected by illumination, the ROI position is adjusted based on grayscale symmetry.
The main issue with the method is related to dealing with congested scenes with three or
more objects overlapping, or reduced light conditions.

2.3. Hypothesis Veri�cation

Hypothesis veri�cation (HV) is the process of classifying the detected objects. Sometimes
the problem is considered as a binary classi�cation exercise between the object to identify
and the background. In other cases, the classes are de�ned explicitly and the discrimination
task is to determine which class a detected object belongs to. In the following, di�erent
techniques are discussed applied to bicycles and motorcycles.

Classi�ers can be divided in two categories, discriminative and generative classi�ers. Discri-
minative classi�ers are the most reported in literature, this classi�ers learn the decision boun-
dary between two classes (generally object vs no object). Meanwhile generative classi�ers,
learn the underlying class distribution detected, being less common for vehicle detection.
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2.3.1. Bicycles Hypothesis Veri�cation

1) Discriminative classi�ers: Discriminative approaches including arti�cial neural networks
(ANNs), support vector machines (SVMs), boosting, and conditional random �elds (CRFs)
treat bicycles or motorcycles classi�cation problem as binary classi�cation: vehicle or non-
vehicle.

SVM implements classi�cation using linear decision hyperplanes in the feature space. During
training, the hyperplanes are calculated to maximize the separation of the training data with
di�erent labels [127]. Vectors where the hyperplane lie are called support vectors. Cho et al.
[36] implements the Hypothesis Veri�cation (HV) process taking into account the deformable
part-based model which de�nes the data useful to perform classi�cation. It works by means
of a mixture model of multiple viewpoints and used for a latent SVM training process. It
compares against a bounding boxed ground truth, but since it has no label for parts, the
location of parts is treated as latent variables and the entire classi�cation task is implemented
as an optimization problem with two sets of variables. Although the authors used a DPM
approach, they did not exploit it in congested scenarios were the deformable part model could
be useful for detection challenges. Meanwhile, Lit et al. in [91] use an SVM as a classi�er
in HV, reaching a 85.42 % detection rate, however, the algorithm is not suitable for real
time application, forcing to continue researching in �nding an optimal feature selector, as
well as a more precise cyclist detector, that could work with any viewing direction. Drory
et al. [94], uses a SVM trained to learn object class speci�c models which later are used
to search the object in the new image. The DPM implementation, based on HOG features
uses adaptive contours together with a statistical shape model for cyclists. Evaluation on the
\cyclists-in-natura" dataset, which contains images during cyclist road races. The authors
suggest an extension of the framework using 
exible mixture of parts, to exploit the spatial
relationship of the detected parts and to make it useful in urban scenarios. Shahraki et al.
[100] use features which are used with an SVM classi�er. A trained set of bicycles is obtained
from ObjectNet3D, MIT, ImageNet, and VOC. They only use bikes without riders to avoid
confusion with pedestrians making it impractical for riding scenarios.

Hu et al. [96] use a version of AdaBoost [41] as a strong classi�er and decision trees for weak
learners. The model is trained on the \moderate" subset of 1098 cyclist from the KITTI
dataset. Best results for cyclist detection are obtained with 4 subcategories for cyclists, with
a depth of 4 decision trees and using a combination of s-LBP and ACF features. Authors
do not explain in detail the de�nition of the centroids for the clusters intra-class evaluation
and the normalization methods for the di�erent kind of features used.

Improving classi�cation results Cho et al. [36] combines SVM and AdaBoost. The HV process
uses the frontal, rear, and right/left side view of the rider for classi�cation. For each view, an
SVM is trained and real time is achieved with Integral HOG for features and a coarse-to-�ne
cascade approach by using an AdaBoost classi�er. Nevertheless, the limited view angles used
restricts the applicability of the model on surveillance scenarios.
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Ponte et al. [98] implement HV using 10,000 images of cyclists and 10,000 other random
images as a training set. A classi�er is constructed based on region covariance as features
[128] and a node cascade classi�er[129] for categorization, nevertheless the system is retrai-
ned with misclassi�ed examples which could lead to over�tting. Results in some evaluations
overestimate the real amount of cyclist detected, the authors reported that it is mainly due
to changes in illumination, neither being able to deal with highly congested or occluded
scenarios. Meanwhile Tian and Lauer [92, 93] implement a cascade of classi�ers, combining
decision forests and SVM. The decision forest classi�ers deal with speci�c spatial and orien-
tation bin values from a HOG vector while the classi�cation in the SVM is done with the
whole HOG vector. To reduce the computational burden of eigth di�erent classi�ers it is
necessary to implement a geometric ROI strategy based on camera calibration. Training is
done using the KITTI database [130]. The evaluations are done in an ad-hoc video sequence
over 45,000 images (1312 x 1082 pixels), and compared with a DPM algorithm [89] achieving
0.09 seconds per image (almost real time), outperforming the DPM classi�er according to
his PR curve. As per [36], the authors could have reported a more precise measurement such
as F1-score for easier comparison. With a mixed strategy Gonzales et al [97], combine two
models for bicycle classi�cation: 1) a linear SVM, which uses HOG, LBP or HOGLBP des-
criptors, 2) a patch-based random forest of local experts, used to generate di�erent object
con�guration later assembled for �nal classi�cation. They evaluate on the KITTI dataset
which provides synchronized images and LIDAR data. Best results in cyclist classi�cation
occur when using motion, RGB and depth with the random forest classi�er.

Zaki et al. [131] uses K-nearest neighbors algorithm (k-NN) based on the trajectories obtained
from tracking, then the size of the occupied region is used to determine the class of the object.
Ultimately, classi�cation success depends on the quality of the tracker. A tra�c intersection
is selected for evaluation in Shanghai, where 173 non-motorized bike trajectories and 412
motorized bike trajectories are selected. Classi�cation features consist in speed, cadence
frequency and acceleration autocorrelation. Nevertheless, it is not clear how e�ective this
method is for individual object detection.

2) Geometric Approaches:Besides classi�ers, geometric approaches deal with classi�cation as
an optimization problem, where geometrical constrains of the object are used for identi�ca-
tion or for matching the 3-D computerized models with a 2-D image representation. Liebelt
and Schmid [95] learn a 3-D geometry while the spatial pyramidal detectors are trained,
simultaneously using synthetic object 3-D CAD models. A mapping is established between
the 3-D geometry and the local 2-D image representation. This procedure requires bounding
box annotations, and viewpoint annotations in the 2-D images used for training. As a result,
an approximate 3-D pose estimation is generated and an evaluation score for 3-D geometric
consistency of 2-D part detections is obtained. The models used for validation were limited
to 3-D Object Category datasets with only cars and bicycles [132]. This strategy could fa-
ce problems under congested scenarios and with a more realistic model e.g. with riders on
bicycles. Meanwhile Eldesokey et al. [87] exploit the ability of DPM to construct 
exible
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models for objects of interest. With a detailed arc selection method for ellipsis construction,
the method is evaluated on the Tsinghua-Daimler Cyclist Detection Benchmark Dataset
(TDCB) [133] and compared with state of the art ellipse detection methods outperforming
them. Moreover Lin and Young [88], perform HV based on the orientation of the cycle frame
triangle candidates, which de�nes a geometric relationship between the frame (two triangles)
and the wheels (ellipses). Computational time is reduced using eight constrains on the rela-
tions between ellipses and triangles. The main disadvantage of the method is that it cannot
be implemented with front and rear views, or under occlusion.

2.3.2. Moytorcycles Hypothesis Veri�cation

Strategies used for hypothesis veri�cation (classi�cation) are similar to the ones used in
bicycles detection.
1) Discriminative classi�ers: SVMs (with linear an non-linear kernels) have proved popular.
Mukhtar and Tang [107] uses the extracted HOG features of motorcycles and non-motorcycle
to fed a lineal SVM for its training and evaluation. No overlapping motorcycles were analy-
zed. Meanwhile Duan et al. [111] implement a binary SVM classi�cation by hierarchies, �rst
between vehicles and not vehicles, then on vehicle category, it tries to di�erentiate between
motorcycles and not motorcycles. A coarse-�ne search strategy is used for template mat-
ching process. The SVM and template matching achieved better time performance once it is
deployed on an Integrated Memory Array Processor (IMAP) architecture. They do not ex-
plain clearly how the detection rate (DR) metric is de�ned, and revealing issues dealing with
occlusion and under special weather condition as rainy, cloudy, night time scenes. Moreover
di�erent histograms obtained from head regions (identi�ed by their brightness characteristics
due to helmets) are extracted by Chiverton [118] and fed into a linear SVM for classi�cation.
Nevertheless, it is not clear how the method deals with the detection of two occupants in a
single motorcycle, nor is tested in congested scenarios. Chen et al. [124] implement vehicle
detection, extending the work of Chen and Ellis [125]. They train an SVM classi�er with
synthetic data. After this, a feature vector of 202 elements is built comprising the measure-
ment based features (MBF) and intensity pyramid-based HOG (IPHOG). The best results
obtained corresponds to an SVM trained with MBF+IPHOG, under di�erent illumination
and weather conditions. The combination of MBF + IPHOG requires high computational
resources, which are not evaluated on parallel or GPU architectures. An on board camera
is studied by Shuo and Choi [108], who use SVM as a classi�er, instead of AdaBoost as the
authors claim it might lead to over�tting. No occlusion analysis is reported. The method fails
to detect motorcycles, shows high misdetections rate on pedestrians (50 %) while just 3.51 %
on vehicles. SVM kernel comparison is done by Dahiya et al. [102] and Singh et al. [103]
using sigmoid (MLP) and radial basis function (RBF) and evaluating three types of features
(HOG, SIFT and LBP) to arrive at best hyper-plane results. This binary classi�cation is
performed for motorcycles and for helmet presence. Best results were obtained using HOG
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as a feature with a linear kernel.
The main drawbacks are the reliance on background subtraction and lack of robustness
against occlusions in congested tra�c scenes. SVMs are also used in conjunction with 3D-
Models: Messelodi et al. [3] use models of vehicles compared against a set of 3-D de�nitions.
The 3-D classi�er considers, for each view of the object in motion, the best correspondence
with each 3-D model, presented along di�erent directions in the ground plane. If a model
corresponds to a single vehicle category, classi�cation is direct; otherwise, specialized clas-
si�ers are applied to determine the correct class. For that, an SVM classi�er models the
di�erence between motorcycles and bicycles. Training is cross-validated through two sets of
vehicles views, obtained from di�erent tra�c scenes. Results are reported, using their own
dataset, not publicly available. Le and Huynh [101] uses Random Forest to generate the map
of features, then a SVM is used to classi�ed the di�erent parts of the motorcycle, and by
means of a sliding windows process, those sub-windows containing classi�ed parts are shifted
towards the approximated objects centroids by using the pre-trained partial least squares
regressor. They report results on a video dataset recorded from a top-down view point of a
cross road at rush hour, with high occlusion between bikes.
Neural networks (NN) are also used for motorcycle classi�cation even though their training
features requires many parameters to tune and may not converge to a local optimum. Nevert-
heless, results on Deep Learning architectures are raising the interest of research community
(see section V). Sutikno et al. [126] validate the hypothesis by using a neural network already
trained with backpropagation, working with just 30 images restricted to the head area of
motorcyclist. No details are provided about the stopping criteria for learning, with over�tting
implications, nor on their object detection step. Silva et al. [113] implement helmet detec-
tion using ROI de�nition and circular Hough transform in combination with HOG to feed
a Multi-Layer Perceptron (MLP) for �nal classi�cation. The dataset used for training and
evaluation corresponds to a highway scenario with no congestion nor occlusion and under
good weather and light conditions.
Fuzzy logic approaches are also used in motorcycle classi�cation. Rashidan et al. [123] use an
Adaptive Neuro-Fuzzy Inference System (ANFIS) classi�er, based on the �rst-order Takagi-
Sugeno-Kang (TSK) method, the classi�er comprises �ve di�erent layers, with three input
nodes, 27 rules of TSK and one output variable trained for each class. Results are obtained
from three di�erent sequences captured during daytime with no information on occlusion
or congestion scenarios. The system is evaluated against other two methods on KOGS-
IAKS 1 dataset, achieving improved comparative results for motorcycles and cars. However,
the sequences used for comparative proposes contain at most only 1034 frames, having only
three motorcycles for detection.
k-NN is used Waranusast [121] with three features to discriminate motorcycles: Area of
the bounding rectangle, aspect ratio of the bounding rectangle and standard deviation of
hue around blob center. Helmet detection is performed locating the head or heads of the

1http://i21www.ira.uka.de/image_sequences/
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occupants by geometrical calculations and extracting nine features of the head region, and
performing KNN again for classi�cation. Experiments were conducted in an ad-hoc dataset
(not described). The model relies highly on the quality of the background subtraction for
motorcycle and head detection, which is not considered on occluded or overlapping detection
scenarios.

Decision trees are used by Dupuis et al. [122] posing a multiple class classi�cation problem,
between noise, motorcycles and other vehicles. The training set includes 1135 vehicles, where
shadows appear from weak to strong for di�erent times of the day. For classi�cation, all blobs
are manually labeled and fed to a decision tree (pruned to reduce over�tting) to obtain the
classi�cation rules. Nevertheless, these rules are speci�c to a given camera resolution, lens
focal length, and camera position.

2) Geometric Approaches:The strategy proposed by Chie et al. [116] and extended by Ku et
al. [117] starts after the identi�cation of moving objects, labeling connected components to
generate bounding boxes. Next, the system determines if there is a helmet in the analyzed
object. The technique works by counting potential helmets, but leaves questions as what
would happen if the vehicle has a passenger (two helmets in the same bike). From the appro-
ximate sizes that a motorcycle can have, the system detects if the motorcycle is overlapping
another object, using criteria of length, width, and pixel proportion, as proposed in [134].
The method additionally analyzes possible occlusion scenarios and proposes �ve di�erent
kinds of object superposition that can be solved through segmentation. Meanwhile Buch et
al. [115] implement classi�cation projecting detection to the 3D wire frames models. The
model may fail under congested scenarios where overlapping detection could occur. Preci-
sion results on vehicles classi�cation drops performance in classi�cation of vulnerable users
(bicycles and pedestrians), mainly due to their similar size. The 3D wire model does not
provide su�cient discrimination between bicycles and motorcycles.

Matching techniques are used in conjunction with tracking, for instance Kanhere et al. [119]
aims to classify motorcycles in cluttered scenarios. Classi�cation starts once an object is
tracked for �ve consecutive frames. The foreground mask is compared by means of a trans-
formation matrix against real world parameters. To identify the vehicles, a correspondence
and coincidence (matching) process is applied. The data used corresponds to more than 2000
vehicles, �lmed during a rally in two locations of Mertye Beach (South Carolina). It is not
clear how the measurement strategy based on camera calibration allows distinguishing more
than one or three vehicles detected as a single blob by background subtraction.

3) Other approaches:Some work does not use classi�ers. Muzammel et al. [109] design a
method to detect and avoid collisions with motorcycles by combining Sobel edge detected
road lines, and computing the Hough transform (used to detect straight lines) in conjun-
ction with Harris corners to detect vehicles footprint. No learning algorithm is implemented.
Nong et al. [112] use a bounding box for classi�cation, which is constructed based on width
localization of the edge that corresponds to the lower part and upper part of the vehicle.
The bounding box size and ratio correspond to a parameter de�ned by the system, and it
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is not dynamically de�ned. Although the authors report work with di�erent resolutions it
is not clear why poor results are obtained with higher resolution images. No clear results of
performance are reported nor about the characteristics of the dataset used.

2.4. Tracking

In its simplest de�nition, tracking can be understood as estimating the trajectory of an object
in the image plane as it moves around a scene [8, 135] ant it involves locating the target in
next video frames after it has been recognized and classi�ed by the HV step. It is used to
predict vehicle positions in subsequent frames, match vehicles between adjacent frames, and
ultimately obtain the trajectory and location of each vehicle for each frame. Some techniques
are used to extract vehicles' dynamic attributes, including velocity, direction of movement,
and vehicle trajectories. Most vehicle tracking algorithms follow one basic principle: vehicles
in two adjacent frames are the same if the spatial distance is small.
According to Yilmaz et al. [8], object tracking can be classi�ed as point tracking, kernel based
tracking and silhouette based tracking. Point trackers involve detection in every frame; while
geometric area or kernel based tracking or contours-based tracking require detection only
when the object �rst appears in the scene. What follows are some of the tracking techniques
applied for bicycles and motorcycles.

2.4.1. Bicycles Tracking

Bicycles tracking demands a signi�cant e�ort because their trajectories are more di�cult to
predict than those for other vehicles.
1) Kalman Filter Tracking: is a Point Tracker also known as linear quadratic estimation.
This algorithm uses a series of measurements observed over time, containing noise and other
inaccuracies, and produces estimates of unknown variables that tend to be more precise
than those based on a single measurement alone. The Kalman �lter can make full use of
the historical information and reduce the search range of the image, to signi�cantly improve
system processing speed. It shows better tracking accuracy and stability when the vehicle
motion and light conditions change or overlapped by other objects, which may cause tracking
failure. However, the algorithm performance on large motor vehicle tracking is not entirely
satisfactory due to linearity assumption and normally distributed noise characteristics. The
extended Kalman �lter can deal with nonlinear models and is used by Cho et al. [36] to
estimate the position and velocity of bicycles. Only one sequence of 107 frames including just
one bicycle is evaluated and non-quanti�able results are reported (only graphical comparison
on trajectory and velocity estimation). Results could be reported in terms of single hypothesis
tracking (see performance measures).
2) Lucas Kanade Method (KLT) [136] is a widely used di�erential method for optical 
ow
estimation. It assumes that the 
ow is constant in a local neighborhood of the pixel under
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consideration and solves the basic optical 
ow equations for all the pixels in that neighbor-
hood, by the least squares criterion. It is used by Cho et al. [137], to detect and track people
riding bicycles. They implement the method on multiple patches, using a Harris Corners
[138] detection on the bounded box resulting from the detection process, then corners are
used as features for the tracking process. A spectral clustering algorithm is used to deal
with the set of patches. The tracking mechanism deeply relies on the detection strategy and
cannot handle the occlusions that are frequent under congested scenarios. Zaki et al. [131]
implement a method of classi�cation of two wheelers based on feature extraction from tra-
jectories obtained by the KLT tracking mechanism. Feature-based tracking avoids tracking
the moving objects as single bodies, but instead traces distinct features (e.g. Harris corners)
of the moving object. There is an ad-hoc threshold criterion to assign an object to a group
of features corresponding to spatial proximity or dynamical behavior. Since no descriptive
physical features are used for classi�cation, and tracking is based on speed, pedaling process
and acceleration pro�les, the tracker misclassi�es e-bikes due to their higher speeds. There
is no comparison with other classi�cation or tracking methods, neither the tracking results
are quanti�ed. This method relies heavily on a previous camera calibration step to capture
real world measurements, something that can limit its use for real CCTV. Finally Ponte et
al. [98] implement tracking as part of the object classi�cation strategy by extracting ima-
ge regions where cyclists are detected and using a history of previous cyclist detections to
determine whether the cyclist detected in the current frame has been detected before (and
hence counted). This method can fail when objects are close to each other e.g. if they share
the same speed or their shape are similar, leading to counting errors.

3) Kernel Tracking: Kernel tracking is usually performed from the detection of a moving
object, which is represented by a embryonic object region, from one frame to the next. Object
motion is usually in the form of parametric motion such as translation, conformal, a�ne, etc.
These algorithms diverge in terms of the representation used, the number of objects tracked,
and the method used for estimating object motion. In real-time, representation of objects
using geometric shape is common, but one of the restrictions is that parts of the objects
may be left outside of the de�ned shape while portions of the background may exist inside.
This can be detected in rigid and non-rigid objects. Di�erent authors use di�erent types of
tracking techniques. For example, Shahraki et al. [100] use a Kernelized Correlation Filter
(KCF) Tracker, combining multidimensional features and kernels for learning the adequate
�lter for target objects. The correspondence between detections and tracks is solved by the
Hungarian algorithm. The counting system relies on establishing the similarity of cyclist
trajectories and Path of Interest (POIs), working with a Longest Common Subsequence
(LCSS) as semantic similarity method. The tracking performance outperforms Kalman �lter
results, achieving 70 % of mostly tracked trajectories. Counting results method achieves an
average of 79.5 %. Meanwhile, Tian and Lauer [139] extend the KCF-based (KCF - Kernelized
Correlation Filter) tracker to deal with occlusion, by searching the visible points by optical

ow (KLT) in a historical record and comparing the new object dimension while adapting the
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number and the size of the part �lters according to the current appearance [139] the object.
The trackers report 81 % of area under the curve (AUC) on severe occlusions examples, in
a manually labeled dataset of 4 hours of video (1200 x 712 pixels). It would be useful to
carry out evaluation using more standard measures for tracking and over a public dataset
as KITTI on the \hard" examples category.

Table 2-1 describes the main algorithms used for detection and tracking of bicycles. The
cluttering (occlusion) factor is de�ned based on the KITTI Vision Benchmark suite [130] as
(values in brackets are Maximum Truncation): Low: Fully visible (15 %). Medium: Partly
occluded (30 %). High: Di�cult to see (50 %).

Algorithms
and Ref.

Features
Cluttering/
Oclussion

Classi�er Classi�er Dataset Performance

Deformable
part Model [36]

HOG+PCA Low Latent SVM
Extended Kalman

Filter EKF
PASCAL VOC datasets

+ Proprietary data
0.577 PR

Curve For detection

Ellipse Based [87] DPM Low
N/A (Arc +

Ellipse groping)
N/A TDCB[133] 0.78 F1-score

Geometrical
relationship [88]

Sobel + Canny
Edge

Low Bicycle model N/A

Caltech 256
CBCL Street scenes

cityscapes
ImageNet
VOC2012

0.89 F1-score
0.57 F1-score
0.47 F1-score
0.47 F1-score
0.56 F1-score

Shape based object
detection [89]

HOG +
Gabor Filtering

Low SVM N/A Proprietary data
Average

Accuracy 0.76
Complementary

Detection +
Tracking [137]

HOG Low
SVM +

Adaboost
Multiple patch-based
Lucas-Kanade tracker

Proprietary data +
INRIA data Set for
negative examples

Hit Rate 0.65
FP 0.11

HOG-LP [91]
Light

Pyramid HOG
N/A SVM N/A Proprietary data

0.85 Detection Rate
FPR 0.08

Cascade
Detector [92]

HOG All
Decision

Forest + SVM
N/A KITTI [130] ROC results

Cyclist pFSA [94] HOG + DPM High SVM N/A Proprietary data
0.96 Precision

0.83 Recall
3-D Geometric

Model [95]
Texture + Color Medium K-Means N/A

CAR and
BICYCLE [132]

0.80 performance
recognition

Fast detection
of multiple
objects [96]

Visual +
Geometrical

Features
All AdaBoost N/A KITTI [130]

AP 58.72 - Easy
AP 46.03 - Moderate

AP 40.58 - Hard

Multicue [97] HOG + LBP All
SVM + Random

Forest
N/A KITTI [130]

mAP 52.97 - Easy
mAP 42.61 - Moderate

mAP 37.42 - Hard

Cyclist counting [98]
High Contrast

local region
Low

Cascade of
Covariance
Features

As part of the
classi�cation strategy

Proprietary data 0.56 - 0.82 Recall

Counting by
trajectory [100]

HOG+MLBP Medium SVM
Kernelized
Correlation

Filter (KCF)

ObjectNet3D, MIT,
ImageNet, VOC +
Proprietary data

0.98 AUC

Bike type
Classi�cation[131]

Tracking
features

Medium
k-nearest
neighbors

(KNN)

(KLT)
Feature-based

tracking
Proprietary data

0.93 of correct
classi�cation

Tracking
VRU [140]

Pyramid HOG High SVM
Kernelized
Correlation

Filter (KCF)
Proprietary data 0.81 AUC

Table 2-1 .: Bicycles Detection and Tracking Algorithms
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2.4.2. Motorcycles Tracking

Tracking motorcycles is similar to the procedure done for bicycles, but the literature shows
other interesting approaches.

1) Kalman Filter Tracking: Chiverton [118] proposes a tracking system with correspondence
analysis, that identi�es a distance function between centers of gravity of regions detected in
di�erent frames. If this function fails, it de�nes two other alternative functions: by photo-
metric information comparison and a movement estimation based on the Kalman �lter. The
method also implements a \track propagation" strategy designed to deal with occlusion and
sporadic errors, where each track identi�ed as disjointed is included in a set of unconnected
trace objects. These objects tracks are propagated and tested to determine if any of these
unconnected tracks made object tracking. Unconnected intersected tracks are fused to form a
new and unique disjointed track, which includes the information of the original track and the
information of track propagation. It is not clear how this technique could manage multiple
parallel tracks or tracks that cross each other that can occur in cluttered scenes. Meanwhile
Chen et al. [124], starts from a binary object mask used to perform region tracking, taking
multiple instances of the same vehicle each of them independently classi�ed. Tracking is done
using a Kalman �lter, based on centroid location and velocity. For each frame, a class label
is computed and the �nal label for the track is assigned on a voting scheme, considering
the entire track for decision. There are no speci�c tracking results since it is used for class
labelling proposes. Kalman �lter is also used by Dupuis et al. [122], tracking �lter blobs
detected in frames sequences. The reported results are obtained on highways under various
tra�c and lighting conditions, but these experiments use proprietary and unpublished data
and may fail under urban dense tra�c conditions.

2) Lucas Kanade Method (KLT): Used by Mohamed and Saunier [140], implementing a
multi-level motion pattern learning (MLMP) framework for trajectory behavior analysis on
video surveillance cameras. This work is based on an open source tool for video tra�c analysis
[141]. Nevertheless, the number of trajectories used to represent a single object could fail
under congested scenarios or using a di�erent angle of camera (not necessary orthogonal to
the objects).

3) Other methods:. Messelodi et al. [3] implement two strategies for tracking: frame di�eren-
cing step, which is robust and accurate, but has a signi�cant computation load. Therefore,
a more e�cient method is applied in intermediate frames, by tracking a set of small regions
that are more easily identi�able in the subsequent frames (edges or corners). The correspon-
dences between these regions between two successive images provide information of object
movements. The method is not able to deal with overlapping, or occluded objects frequently
seen in urban tra�c scenarios. Chiu et al. [116] (extended by Ku et al. [117]) use the helmet
center of mass as a reference point, and velocity and displacement force for prediction of
the point corresponding to the motorcycle in the tracking process in ad-hoc created dataset
(not speci�cations provided). When evaluated in low illumination conditions (rainy, cloudy,
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etc.) results decreases to 80 %. For speed evaluation, results achieved a precision of +/-5
km/hr., compared with LIDAR, or laser speed detection systems. The system relies on a
\multi-helmet detection method" when two motorcycles are overlapping. However, it is not
clear how it may deal with passengers. In Duan et al. [111] the tracking process is also used
to improve detection (detection by tracking). For each object detected, a tracker is initia-
lized and it creates a monitoring window according to the size and position of the object.
When a new frame is processed, the tracking mechanism is adapted to the size and position
of the tracking window based on its movement estimation [142]. The tracking system can
predict the position of an object, according to its speed and historical position, forcing to
use a location technique. Tracking performance is not evaluated with a speci�c metric, nor
evaluated under occluded scenes. Finally, Shuo and Choi [108] perform tracking based on a
list of target objects and the criteria for matching is based on histograms, which could fail if
there are overlapping detections, even more when the proposed system is created on board
of a vehicle.
Table 2-2 describes the principal algorithms used for detection and tracking of motorcycles.

2.5. Deep Learning

Deep learning (DL) methods have produced a revolution in the �eld of computer vision.
For pattern recognition the techniques have shown robustness in classi�cations tasks, being
able to deal with di�erent ranges of transformations or distortions as noise, scale, rotation,
displacement, illuminance variance, etc. [42]. In object recognition, feature representation
obtained from DL often outperforms popular features such as LBP, SURF, HOG [43, 4, 14].
Recent advances on DL achieve object detection in an image implementing two general
components, the region proposal step and the classi�cation step. Faster R-CNN [25] is one
of the most popular architecture for vehicle detection (but this �eld moves rapidly). This
architecture is the evolution of R-CNN [20] and Fast R-CNN [21], combining features of a
fully convolutional network to perform both region proposals and object detection.
Most of the following deep learning approaches for bicycles and motorcycles detection are
reported taking in to account the region proposal step and the classi�cation step.

2.5.1. Deep Learning for Bicycles Detection

A uni�ed multi-scale deep convolutional neural network (MS- CNN) is created by Cai et
al. [144] for fast object detection. The region proposal is implemented by a Multi-scale
Object Proposal Network, which uses a single scale input, exploiting feature maps of several
resolutions to detect objects at di�erent scales. Applying a set of templates at intermediate
network layers achieves a set of variable receptive �eld sizes, which can cover a large range of
object sizes. The classi�cation step is implemented by an object detection subnetwork, where
an ROI pooling network is �rst used to extract features, which are doubled in resolution by
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Algorithms
and Ref.

Features
Cluttering/
Oclussion

Classi�er Classi�er Dataset Performance

Counting and
detecting

motorcycles [101]

Gabor +
Random Forest

High SVM N/A
Proprietary

data
(Top View)

0.9 +/- 0.09
Accuracy

Helmet
Detection
[102, 103]

HOG,
SIFT, LBP

Low SVM N/A Property data

0.98 Accuracy on
Motorcycle detection

0.93 Accuracy on
Helmet detection

BoVW for
motorcycle

Detection [104]

SIFT, DSIFT,
SURF,P-SIFT,

P-SURF
High

BoVW +
SVM

(RBF kernel)

Blob Tracking
for detection

Proprietary data
0.94 F-Score

using SURF+
spatial pyramid kernel

HOG for
motorcycle [107]

Hough for Circular
shapes + HOG

Low SVM N/A Proprietary data 0.96 detection rate

Distance alert
system [108]

Haar-like features Low SVM
Covariance
Tracking

Proprietary data
FP:3/FN:15 Pedestrian
FP:0/FN:0 Motorcycles

FP:24/FN:28 Cars

Collision
Alert [109]

Harris corners Low N/A N/A
Proprietary
data { LISA
[135] iRoads

TPR
0.954 LISA-dense
0.95 LISA-Urban

Real Time on
Road Vehicle

Detection [111]

symmetry, color,
shadow, geometric.
feat. and texture +

wheels contour

Low SVM Tracking Window [14] Proprietary data
0.9173 Average
Detection Rate

Edge
tracking [112]

Geometrical
Features

Low N/A
Not clearly

speci�ed
Proprietary data Not clearly reported

Helmet
Detection [113]

HOG + CHT Low
Random Forest +

MLP
N/A Proprietary data

0.97 Accuracy
for vehicle detection

0.91 for Helmet
Detection

SCOCA v2 [3]
3-D Models +

Multiple Features
Low Non-Linear SVM

Kalman predictive
�ltering technique

Proprietary data
Successful classi�cation

rate of 0.967

3-D Models [115]
IM Image

measured Features
Low

Measured dimensions
(Implies Camera

Calibration)

Kalman Filter
used for vehicle

labelling

i-LIDS
datasets

Recall 0.87
Precision 0.85

Chiu et al.[116]
and Ku et al.[117]

visual length,
visual width, pixel

ratio, and helmet shape
High

Connected
Component
Labeling [4]

Velocity and
displacement

Proprietary data
Successful detection

0.96 Day
0.80 Night

Helmet
presence [118]

HOG Derived
from head zone

Low Lineal SVM
Correspondence

analysis and
Kalman �lters

Proprietary data

Helmet detection
Accuracy 0.96

Helmet classi�cation
0.85

Motorcycle
Detection During

Special Events [119]
Stable Features Medium

Measured
dimensions

(Implies Camera
Calibration)

Correspondence
and matching

Proprietary data
0.04 Error rate Vehicles

0.06 Error rate Motorcycles

Helmet
detection [121]

Geometrical Features Low
K-Nearest

Neighbor (KNN)
N/A Proprietary data

Correct detection rates:
0.84 near lane
0.68 far lane

0.74 both lanes
Overhead Real

Time motorcycle
Counting [122]

area, height, width Low Decision tree
Blob Tracking
for detection

Proprietary data
0.058 WEA

(Weighted Absolut Error)

NeuroFuzzy
detector[123]]

Spatial and
Temporalattributes

Low
Fuzzy neural

network (FNN)
N/A

Proprietary data
+ KOGS-IAKS

0.86 Pedestrian
0.88 Motorcycles

0.91 Cars
AutoVDCS
Multi-shape

Descriptor Vehicle
[124, 143]

MBF+IPHOG
Measurement Based
Feature + intensity
pyramid-based HOG

Low SVM Kalman Filter
Proprietary

data + Synthetic
Data (Training)

DR 0.96
0.01 FP - 0.05 FN

Class. accuracy 0.94.

Helmet detection [126] Neural weights Low MLP N/A Property data 0.86 Accuracy Rate

Table 2-2 .: Motorcycle Detection and Tracking Algorithms

a deconvolution layer, achieving input up-sampling increasing detection rate. The metric
used for evaluation is based on KITTI, evaluated as matched results higher than 50 % of
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Intersection over Union (IoU) in pedestrian and cyclist objects.

Specially oriented to object detection for autonomous vehicle and advanced driver assistance
systems, Kim et al. [145] proposed a detector based on SSD: Single Shot MultiBox Detector
[83] architecture, which consists on a base classi�cation network (in their case the VGGNet
network [16]) for Region Proposal suitable for multiple scales. Some of the convolutional
�lters are used to produce class scores and to determine the bounding box position. Finally,
non-maximum suppression is adopted to eliminate redundant detections. To improve detec-
tion rates on pedestrians and cyclists, the authors tune the SSD model using compensation
of aspect ratios and data augmentation. The model outperforms detection results of YOLO
[146] and the original SSD model. No further improvements are reported compared to SSD,
and no useful information about object location and object dynamic is exploited.

A fusion of LIDAR data and a deep learning-based computer vision algorithm to detect
non-motorized road user is reported by Kim and Ghosh in [147]. The data is fused in a
Fast R-CNN [21] model. The regions proposed are complemented by the 3D LIDAR data
detection to construct a fused vector which is fed on to the CNN model to extract features.
Finally, a fully connected layer provides the class probability score and object's location from
a bounding-box regressor. The reported low accuracy of the method make it impractical for
deployment. The main issue with the dataset comes with the unbalanced classes, which
might explain the �nal poor results. Aggregated Channel Features (ACF), Deformable Part
Models (DPM) and Region-based Convolutional Neural Networks with Fast R-CNN (FRCN)
framework are benchmarked by Li et al. [133], introducing a method called Stereo Proposal-
based Fast R-CNN (SP-FRCN) to detect cyclists based on stereo proposals. To deal with
high intra class variance of bicycles, they divide positive examples under three sub classes
according to height/width radio. For region proposal the SP-FRCN method uses stereo
data based on the sixtel representation [135], that narrows down the number of proposals
according to depth information. They created a Tsinghua-Daimler Cyclist Benchmark, which
is divided according to the PASCAL criteria (easy, moderate and hard). When evaluated
on proposal methods, stereo proposal method achieves better results than edge boxes and
selective search, reducing the number of bounding boxes. This con�rms the usefulness of
stereo information for cyclist detection, but that is di�cult to obtain for CCTV surveillance
scenarios

Li et al. [148] present a uni�ed framework for concurrent pedestrian and cyclist detection,
which includes a novel detection proposal method (termed UB-MPR) to output a set of
object candidates, a discriminative deep model based on Fast R-CNN for classi�cation and
localization, and a speci�c post-processing step to further improve detection performance.
Upper body candidates where pedestrians or cyclists may appear are detected by ACF, in
an optimized setting by localization regression. Complementing each upper body candidate,
multiple potential regions (MPR) that may cover the whole pedestrian or cyclist instance
are generated, obtaining the required parameters by a genetic algorithm. Instead of using se-
lective search or region proposal network, the method relies on UB-MPR to extract relevant
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proposals. These regions are input to a Faster R-CNN model to get classi�cation probabi-
lities and object localizations. Finally, a post-processing procedure based on non-maximal
suppression (NMS) for the UB-MPR method is deployed to improve detection performance.
The method is also evaluated in \Tsinghua-Daimler Cyclist Benchmark" [133], and demands
high computational resources, mainly because it employs 10 di�erent channels for ACF, ma-
king it yet impractical for real time deployment.

A method able to identify subcategories in the Region Proposal component is presented by
Xiang et al. [149]. Introducing sub category information is useful to enhance region proposal,
object detection and even object pose estimation. A subcategory convolutional (conv) layer
is introduced in the RPN, where each �lter is trained for subcategory detection. Resulting
heat maps describe the presence of certain subcategories at a speci�c location and scale.
With this information, the RPN can generate proposals as con�dent subcategory detections.
The original Fast R-CNN model is modi�ed to receive the sub-category information, using
3D Voxel Patterns (3DVPs) [150], claiming to be able to jointly detect the object, estima-
te its 3D pose, segment its boundary and estimate its occluded or truncated regions. To
deal with multiple scales, the RPN module and CNN module are modi�ed to receive ima-
ge pyramids as inputs, introducing a feature extrapolating layer, which extrapolates image
pyramid generating feature maps for scales that are not covered. The subcategory identi�-
cation (pose estimation), sacri�ces performance and accuracy compared with pure detection
of Faster-RCNN results.

Ren et al. [151] report a state of the art object detector and localizer by using a Recurrent
Rolling Convolution (RRC) Architecture. The architecture corresponds to a single stage
detector which concurrently implements the region proposal and detection. The RRC is a
recurrent process that aggregates relevant features for detection with each iteration. These
features respond to context information and are relevant for occluded or incomplete objects.
The learning process is guided by a separate loss function on each RRC, assuring progress in
each iteration importing gradually relevant features. The resulting features maps are \deep
in context" since RRC can be executed on multiple iterations. The model has a broader scope
since there are no restriction of bounding boxes proposed and outperforms other single stage
detector like SSD [22] and YOLO [146] making more accurate proposals (IoU >50 %) for
occluded and incomplete object detections. The method is ranking �rst on KITTI's cyclist
moderate dataset at the time of writing, making it the state of the art single stage detector.
Nevertheless, the memory recurrent architecture demands are not fully studied in the context
of object detection and its impact on detection performance.

A model for detecting objects in 3D point clouds using convolutional neural networks (CNNs)
is proposed by Engelcke et al. [152]. Exploiting the sparsity of typical points clouds in 3D
representations, based on Vote3D [153] which is a feature- centric voting algorithm. The
model de�nes sparse convolutional layers based on voting and uses L1 regularization for an
e�cient processing of the sparse nature of 3D points. Evaluated on KITTI dataset using
both point clouds and images, the model outperforms state-of-the-art approaches purely
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based on laser data, implemented on CPU architecture, ignoring the advantages o�ered by
GPU architecture for convolutional �lters. However, the 3D cloud information is di�cult to
obtain for urban surveillance scenarios.

2.5.2. Deep learning for Motorcycle Detection

Deep Learning is also applied to motorcycles detection. Huynh et al. [154] implement a
CNN for motorcycle detection using only 5 convolutional layers, the last convolutional layer
with depth of four which split the negative class in three di�erent classes, making easy to
the network to learn from the dataset, given that the negative class will encompass many
di�erent features di�cult to group in one single class. Redundant detection are eliminated by
non-max suppression, the model achieves F1-score of 81 % in video dataset recorded from a
top view, which reduces signi�cantly the occlusion of objects. Vishnu et al. [155] implement
detection of motorcyclists without helmet in videos using a convolutional neural network for
surveillance video sequences. As in Dahiya et al. [102], the approach uses the same method
for background subtraction. The bounding box for object detection is provided by the GMM
model, there is no special consideration for overlapping moving objects that can move at the
same speed and could be mixed in the detection. The moving objects are resized to a �xed
size to be fed to the CNN model. No special strategy as pyramids is used to deal with varying
resolution. The CNN model discriminates the detected moving objects as motorcycles or not
motorcycles, extracting discriminative features from the CNN model and used to perform
classi�cation. Finally, the recognition of motorcyclist without a helmet is done by cropping
the region of the motorcyclist head (which may be highly dependent on the perspective
view), and fed to another CNN model which performs binary classi�cation, according to
the features trained from motorcyclist heads. Experiments were conducted on two created
datasets, IITH Helmet 1: which correspond to a less occluded dataset, and IITH Helmet
2: captured on Indian urban tra�c. Results were compared against HOG-SVM, achieving
an accuracy of 99.24 % on IITH Helmet 1 (HOG=98.88 %) and 91.81 % on IITH Helmet
2 (HOG=81.84 %). Unfortunately, at the time of writing this dataset is not yet public.
Meanwhile, Raj et al [156] also implement Helmet violations by using DL. The motorcycle
detector incorporating a linear SVM for histograms of oriented gradient (HOG) feature
vector classi�cation. It is not clear how the system identify the motorcycle neither the region
expected to contain the rider's head, which is passed to a CNN for helmet and no-helmet
classi�cation. Helmet violations are further processed for location of the license plate using
a Haar cascade detector, which is further segmented in order to identify characters using a
OCR system. Authors reports 98 % on validation accuracy and 97.22 % on test accuracy.
In an automated vehicle recognition using Deep CNNs, Adu-Gyam� et al [157], classify
motorcycles according to the USA Federal Higway Administration (FHWA) scheme. The
system is decoupled in localization by means of selective search [19] and classi�cation by using
a CNN architecture of 5 convolutional layers. The systems reports 100 % precision and 89 %
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recall with only 16 motorcycles to detect in a monitored highway without any occlusion for
motorcycle class. Without implementing localization neither detection, Espinosa et al.[158]
propose the implementation of a motorcycle classi�cation scheme in urban scenarios by using
AlexNet [4] CNNs for feature extraction. Features extracted by means of the CNN model
are then classi�ed by a lineal SVM. The system is evaluated in a reduced ad-hoc test set,
achieving 100 % of accuracy in motorcycles class.
Table 2-3 describes the principal deep learning algorithms used for detection of bicycles and
motorcycles.

Algorithms
and Ref.

Preprocessing and/or
Characteristics

Cluttering/
Oclussion

DL Strategy Dataset Performance

SP-FRCN [133]
Stereo-Proposal based

Fast R-CNN
Low Based on Fast-RCNN

Tsinghua-Daimler
Cyclist Benchmark [133]

AP 0.89

MS- CNN [16]
Multi-scale Object
Proposal Network

All Based on Fast-RCNN KITTI [130]
Recall 0.84 easy

Recall 0.75 moderate
Recall 66.07 hard

On-road Object
detection [145]

Based Network (VGGNet)
+ Auxiliary Network

All
Based on SSD:

Single Shot MultiBox
Detector [22]

KITTI [130]
AP 0.59 easy

AP 0.60 moderate
AP 0.59 hard

Optical + Lidar [147]
Fast-RCNN +
LIDAR data

All Based on Fast-RCNN KITTI [130]
AP 0.52 easy

AP 0.52 moderate
AP 0.51 hard

UB-MPR [148]
ACF + MPR

(For dealing with occlusion)
Low Based on Fast-RCNN

Tsinghua-Daimler
Cyclist Benchmark [133]

AP 0.82 easy
AP 0.73 moderate

AP 0.62 hard

Subcategory CNN
[149]

Fast R-CNN modi�ed to
receive 3D Voxel Patterns

(Able to identify orientation)
All Based on Fast-RCNN KITTI [130]

AP 0.75 easy
AP 0.59 moderate

AP 0.55 hard

RRC [151] Features learned from context All
Single stage detector

as SSD or YOLO
KITTI [130] mAP 76.47 moderate

Vote3Deep [152]
Sparse convolutional layers

and L1 regularization
All

Convolutional layers
+ Vote3D [153]

KITTI [130]
AP 0.80 easy

AP 0.68 moderate
AP 0.63 hard

Urban motorcycle
detection [154]

Scaling + Non-max suppression Medium CNN Proprietary 0.81 F1-Score

Helmet detection
using DL [155]

GMM Background Subtraction +
CNN for features and classi�cation

(motorcycles and Helmet)
Low

CNN Based
on AlexNet [4]

Proprietary
Accuracy 0.99 IITH Helmet 1
Accuracy 0.91 IITH Helmet 2

Helmet violation
by using DL [156]

HOG+SVM, CNN and Haar
Cascade + Segmented OCR

Low AlexNet + LeNet Proprietary
Validation Accuracy 0.98

Test Accuracy 0.97
DCNN for vehicle
classi�cation [157]

Selective Search Low
Selective Search

+ CNN
Proprietary

100 Precision
0.89 Recall

Motorcycle
classi�cation [158]

Pre-segmented images Low
Feature extraction

by AlexNet + SVM
Proprietary

100 Accuracy
(motorcycles)

Table 2-3 .: Deep learning Applied to Cyclist and motorcycle Detection

2.5.3. Deep Visual Tracking

Due to the impressive results thanks to their success on automatic feature extraction via
multi-layer nonlinear transformations, deep learning strategies improves the observation mo-
del that depicts the appearance information of the tracked object and veri�espredictions in
each frame. Li et al. [159] describes a complete review with experimental comparison of dif-
ferent deep learning trackers, with important conclusions including that the usage of CNNs
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model could signi�cantly improve the tracking performance, and deep visual trackers using
end-to-end networks usually perform better than the trackers merely using feature extraction
networks.
Gunawan and Jatmiko [160] develop a Geometric Deep Particle Filter (GDPF) for motorcycle
tracking, which is based on particular �lter approach looking for improve the transition model
of the tracker, and implementing a stacked denoising autoenconder (SDAE)[161] as a deep
learning observation model. Eventhough the success implementation of the tracker in other
domains, it fails to track motorcycles in a ad-hoc video dataset, mainly due to the object hard
maneuvering for what it is proposed to implement multiple-model particle �lter (MMPF).
Meanwhile, Feichtenhofer et al. [162] develop a tracker based on R-FCN [163] object detection
framework which is fully convolutional up to region classi�cation and regression, and is
extended for multi-frame detection and tracking. The model is evaluated on ImageNet object
detection from video dataset [164] achieving mAP of 68.8 on bicycles and 79.8 on Motorcycles.
Foroozandeh [165] implements a cyclist tracking with Kernelized Correlation Filter based
Multi-Object Tracker (KCF MOT) over YOLO[146] as a base detector. The system is tested
in ad-hoc Nevada dataset with 8300 frames with annotated cyclists, obtaining 82 % of cyclist
trajectories correctly tracked.

2.6. Dataset and Performance Measures

There is no consensus in the metrics neither the dataset used for the researches for bicycle
or motorcycle detection. Which made di�cult to compare the results and to evaluate with
fair criteria the di�erent strategies used for detection and/or tracking.

2.6.1. Datasets

Realistic (manually annotated, long, varied tra�c and weather conditions, etc.) public data-
sets are still a necessity to assess and compare detection and tracking algorithms proposed
by authors. Generally, researchers develop their own version of data and perform the analysis
on it, giving results that are just valid in the data prepared. Datasets are also required for
training.
There have been some e�orts to produce useful public datasets. Bileschi et al. [166] describe
the CBCL StreetScenes database which corresponds to more than 8,000 images of resolution
1280 x 960 pixels. 3,547 of them were labeled and includes categories as car, pedestrian,
bicycle, building, tree, road, sky, sidewalk, and store. The Penn-Fudan dataset is introduced
in [79] which includes pedestrian, bike, human riding bike, umbrella and car object classes,
taken from scenes around campus and urban streets, and has the segmented ground truth
of the di�erent classes. In [130] Geiger et al. propose the KITTI dataset consisting of videos
captured from a car navigating German streets, under good weather conditions. This data
set comprises 389 stereo images and optical 
ow image pairs, 39.2 km length of stereo visual
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odometry sequences, and more than 200k 3-D object annotations captured in congested sce-
narios (up to 15 cars and 30 pedestrians are visible per image), providing 3-D bounding boxes
for object classes such as cars, vans, trucks, pedestrians, cyclists and trams. There is an in-
teresting benchmark for other road users, available online at: www.cvlibs.net/datasets/kitti.

There is also the highly cited PASCAL 2 Visual Object Classes Challenge 2012 (VOC2012)
[167], recorded from a stationary vehicle, and popular for bicycle detection. It includes 20
di�erent classes, containing bicycles, cars, and motorcycles. For 3-D detection algorithms,
there is also 174 motorcycle instances with di�erent poses (12-16). The train/val data has
11,530 images containing 27,450 ROI annotated objects and 6,929 segmentations. This data-
set is generally used for training purposes, to train both for cars and bicycles. Some authors
complement the set to reduce over�tting and increase the generalization capabilities of the
classi�er as in [168]. Cho et al. [90] made available a public dataset for tracking purposes,
consisting of 6 video sequences, intending to capture the motion perceived in an ego vehicle.
Kocamaz et al. [169] introduce Ped-Bike dataset, consisting of 50 hours of video which has
a total of 5 million frames, containing only 10 hours of labeled data. The labeled ground
truths include approximately 49,000 cyclist samples (111 di�erent cyclists), all recorded from
di�erent viewpoints, weather, and illumination conditions.

CityScapes Dataset [170] comprises a set of stereo video sequences captured in streets from
50 di�erent cities (mostly in Germany). 5,000 of these images have high quality pixel-level
annotations; meanwhile 20,000 additional images have coarse annotations. The images were
recorded during several months (spring, summer, fall) during daytime and under good and
medium weather conditions.

For motorcycles detection and classi�cation, and in some cases tracking, most authors present
results working with their own datasets that are seldom made public as in [102, 103, 104,
108, 111, 112, 113, 3, 116, 118, 119, 121, 122, 123, 124, 126] and [143]. This is signi�cant
problem to compare results.

For cyclist detection there is the Tsinghua-Daimler Cyclist Detection Benchmark Dataset
(TDCB) [133], of approximately 6 hours of vehicle-mounted stereo video high resolution
images (2048 x 1024). 14,674 frames were annotated from more than 5 million images for a
total of 32,361 labeled cyclists, pedestrians, tri-cyclists and motor-cyclists. This dataset is,
unfortunately, of limited use for testing approaches that need to work with existing CCTV.

For deep learning strategies, mainly used in CNNs, there is the Caltech 256 [171] dataset
that contains 30,608 images distributed in 256 di�erent categories with at least 798 images of
motorcycles 261 x 154 pixels but only in lateral views, which is a signi�cant issue since the set
explicitly avoids object rotation and di�erent angles of view. Other datasets already described
and used in DL are [130, 170, 172, 173, 174] and [175], which all share the property of have
larger amounts of annotated data for training, but are not related to urban environments
scenarios.
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2.6.2. Performance Measures

For classi�cation and tracking, there are di�erent strategies to measure the performance
obtained when evaluating algorithms. For this, it is important to di�erentiate between de-
tection, classi�cation and tracking measures.

Classi�cation Measures

Classi�cation algorithms are typically evaluated through a confusion matrix [176] where,
for unbalanced classes, is more precise to use F1 score that could be extended as explained
by Chen et al. [124] to deal with multiples classes. Metrics normally used for classi�cation
evaluation are normalized: recall(REC), precision(PRE) and (F1) :

PRE =
TP

TP + FP
(2-1)

REC =
TP

TP + FN
(2-2)

F 1 =
2 � REC � PRE
REC + PRE

(2-3)

For sliding windows, used to detect objects, researchers have used False Positives Per Window
(FPPW) versus 1-Recall (FalseNeg/TruePos+FalseNeg) to generate the metric Detection
Error Tradeo� (DET) [177]. The x- and y-axes are non-linearly scaled (using standard normal
deviates or just by logarithmic transformation), which generates curves that are more linear
than ROC curves, and exploit most of the image area to highlight the di�erences. Also for
detection Bileschi et al. in [166] use crop-wise detection measure, pixel-wise detection, and
box-wise detection measure, where an A object is considered to match with a baselineB
object (ground truth) if area A \ B=A [ B > � , being � a parameter that evaluates how
closeA and B should match. The default value is� = 1=2. This measure is also known
as Intersection over Union (IoU) or Jaccard coe�cient. Taking in to account the above
overlapping criteria, Everingham, et al. [178] proposes mAP (mean Average Precision) for
the Pascal Visual Object Classes Challenge (VOC).

mAP =
1

jQR j

X

q2 QR

AP (q) (2-4)

WhereQR is the set of image queries and q is the speci�c query. It is computed by averaging
the precision values on the precision-recall curve where the recall is in the range [0; 0;1; :::; 1]
(e.g. average of 11 precision values). To be more precise, they consider a slightly corrected
PR curve, where for each curve point (p; r), if there is a di�erent curve point (p0; r 0) such
that p0 > p and r 0 > = r , it replaces p with maximump0 of those points.
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For object counting, the Grid Average Mean absolute Error (GAME) [173] simultaneously
considers the object count and the location estimated for the objects. It subdivides the image
in 4 non-overlapping regions, and computes theMAE in each of these sub regions.

GAME (L) =
1
N

�
NX

n=1

(
4X

l=1

jel
n � gtln j) (2-5)

Tracking Measures

For single tracking algorithms Wu et al. [179], proposeOPE (One-time Pass Evaluation),
which is initialized from the ground truth position of the �rst frame and the average precision
or success rate is evaluated. Since the algorithm could be sensitive to initialization in the �rst
frame, and most algorithms do not have re-initialization mechanisms, the authors propose
two other metrics. Temporary robustness evaluation (TRE), where the evaluation starts
from di�erent initialization frame and Spatial Robustness Evaluation (SRE), where di�erent
objects states with di�erent shift or scaling of the ground truth are generated.
Dealing with Multiple Objects Tracking (MOT) Bernardin and Stiefelhagen [180] proposed
the CLEAR MOT metrics :
The multiple object tracking precision (MOTP):

MOTP =
P

i; td i
tP

t; Ct
(2-6)

Corresponds to the total error in matched object-hypothesis pairs over all frames, averaged
by the total number of matches found.
The multiple object tracking accuracy (MOTA):

MOTA = 1 �
P

t (mt + fp t + mmet )P
t gt

(2-7)

where mt ; fp t and mmet are the number of misses, of false positives, and of mismatches,
respectively, for timet.
More recently Wen et al. [175] explain the importance of considering object detection and
tracking jointly in MOT evaluation. For instance, they proposed PR-MOTA which is a
three-dimensional curve characterizing the relation between object detection performance
(precision and recall) and object tracking performance (MOTA).


 � =
1
2

Z

c
	( p; r)ds (2-8)

where c is the PR curve, and 	( p; r) is the MOTA value corresponding to the precisionp
and recall r on the PR curve. It is noted that although there is rich set of metrics, di�erent
researchers use di�erent sets, making it complicated to compare works.
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2.7. Discussion

This section will discuss the main challenges in motorcycle and bicycle detection. Future
research directions are given in section 2.8 in relation to this thesis.
The research topic of VRU as bicycles and motorcycles detection and tracking is still quite
open due to the di�erent aspects that should be considered to perform such tasks.
As each category analyzed (bicycles and motorcycles) has a di�erent appearance, the tech-
niques used for features selection, must de�ne (possibly di�erent) feature(s) with su�cient
discriminative power to facilitate the classi�cation task. Deep learning (DL) feature repre-
sentation provides an alternative over traditional features such as LBP, SURF, HOG, and
is starting to show good results in the most recent object recognition challenges [43, 4, 14].
For bicycles detection best results using traditional features [96] achieves AP of 46.03 %
on moderate category of KITTI [130] dataset, while DL features in [152] reaches an AP of
67.88 %.
For bicycles and motorcycles, important advances are found in the literature related to
feature-classi�er-based detection, however, many of the articles discussed here are not quite
suitable for real-time video surveillance scenarios, given the sliding windows strategy, which
is time-consuming. In some implementations, GPU techniques are used to accelerate the
computation, nevertheless it is necessary to implement strategies that take advantage of
the perspective of the scene (e.g. camera calibration), allowing to establish ROIs, reducing
the analyzed region which increases the performance of the proposed algorithms. Meanwhile
DL for vehicle detection, exploits parallel architectures and in successful implementations it
performs both region proposals and object detection [25, 21, 5, 51, 52], with nearly real-time
implementations.

2.7.1. Challenges

Bicycle and motorcycle hypothesis generation face the challenge of having strong changes in
appearance according to the camera viewpoints. HOG features and its variations are mainly
used, treating the object as a non-rigid entity and implementing part-based techniques for
modeling the problem [137]. These multiple view-based detectors are successful mainly in
on-board autonomous systems but are not implemented for CCTV-based urban surveillance.
The literature reports few studies regarding motorcycle detection, given the complexity of
the analyzed objects. Sometimes this complexity is treated by means of shadow information,
but the described algorithms in [111, 181] may fail during night time or poor illumination
conditions. Even though appearance features have been successfully applied to other types of
vehicles, for motorcyclists this kind of feature has problems mainly due to the small size area
to detect, making it di�cult to measure symmetry properties and to establish an adequate
ROI. The same happens with color, corner, edges and texture features, which are a�ected
by illuminations conditions and distance to the camera. Some of the algorithms use features



38 2 Review

extracted from the rider's helmet establishing relationships between vehicle and rider [118],
but failing to consider real-world situations, for instance when the vehicle carries more than
one passenger or when riders do not wear helmet protection (but see the work of Silva et al.
[113]).
There is still very limited literature dealing with all range of weather and illuminations
conditions. Generally, the research is framed to speci�c regulations and geographic regions.
The main technical challenge in bicycles and motorcycles detection is related to real-world
scenarios of tra�c congestion where occlusions could be frequent. In bicycle detection only
one third of the analyzed algorithms work with some level of occlusion, this capability drops
in motorcycle detection to only 10 % of the studied algorithms. Besides the strategies descri-
bed above, there are some uses of 3-D models in scenarios where it is necessary to perform
classi�cation of vehicles in urban areas, which demands a previous camera calibration step
for better results [3, 114, 115, 182]. There are few researches [183] reported of DL working
with 3-D models for vehicle detection, improving the results of previous point cloud based
detection approaches. Nevertheless, the DL algorithms for motorcycle and bicycle detection
studied are able to work in some occluded scenarios as the described for the KITTI dataset
[130], and they are outperforming traditional methods.
To compare the di�erent algorithms proposed in the literature is also a very di�cult challen-
ge, mainly due to the lack of universal ground truths to perform a fair benchmark. E�orts
similar to ImageNet [43, 4], PASCAL 2 [178], Caltech [171], but related to VRU in urban
scenarios, are needed to improve the research community results, establishing benchmarks.
Such data is also very useful for training supervised learning algorithms. Most of the trai-
ning sets of the algorithms described so far are not representative enough for the di�erent
urban contexts, unlike e�orts as KITTI dataset [130], Tsinghua-Daimler Cyclist Benchmark
[133], Cars dataset [172], VeRi-776 dataset [184], TRANCOS [173], CompCars dataset [174],
CityScapes Dataset [170], where di�erentiable features could be extracted and learned for
classi�ers.

2.8. Future Research and Thesis Outline

A comprehensive review for computer vision technology for motorcycle and bicycles detection
was presented in this chapter. One interesting �nding is that there exists relatively little
literature on bicycles and motorcycles detection. The di�erent works are done in relatively
simple environments (mainly highway) and the algorithms reported are notoriously di�cult
to apply in data di�erent from their original reports.
Future research in motorcycle and bicycle detection, would need to look at how to deal
robustly with detection problems such as shadows, rapidly changing illumination conditions,
clutter (an important issue in emerging countries) and di�erent vehicle poses. Motorcycling
detection needs to consider that in many places helmets are not worn, making drivers even
more vulnerable. The same is even truer for bicycles where many riders do not use helmets.
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It is important to address occlusions by nearby vehicles, adverse illumination conditions
(night, cloudy, very rainy), which could be overcome by including descriptors based on pat-
terns and shapes. Another recommendation for dealing e�ciently with occlusions is the use
of part-based detectors, such as DPM, which could �nd spatial relationship of features since
it uses high resolution HOG part �lters and deformable models and also help dealing with
occlusion. In chapter 3 the use of CNN as a feature extractor for motorcycle classi�cation
is introduced, as an alternative to traditional features as HOG or SURF. The results show
accuracy close to 100 %.
The di�erent works cited in this paper point to the need to improve VRU tracking strategies
in realistic congested scenarios. Although motion-based methods are e�ective for tracking
moving objects, they demand important computational resources and involve analysis of
various previous frames for an object can be detected. They may fail to detect objects
with slow relative motion and are also sensitive to camera movement. A comparative study
between the use of object motion detection by background subtraction vs. the use of deep
learning strategies for object detection and classi�cation is presented in chapter 4, with
results that guided the proposal of the new model for motorcycle detection and classi�cation
of chapter 5.
Deep Learning theory has demonstrated to be useful in the �eld of vehicle detection. There
is yet little work on DL applied to the detection of bicycles or motorcycles. The principal
advantage of this theory (applied to object detection) lies in their ability to learn richer
invariant features via multiple nonlinear transformations. Two main architectures describe
the di�erent models of DL, two stage detectors, describing in detail regions proposal and
detection modules, and evolving from R-CNN, Fast R-CNN, and Faster R-CNN reaching
even pixel level segmentation in Mask R-CNN[185]. The model created in Chapter 5 for
motorcycles detection is based on Faster R-CNN, and overcome the results of YOLO[146]
which corresponds to single stage detector as SSD[22] and a two stage detector as Faster
R-CNN (vgg16 based), considered state of the art detectors.
It is also worth to mention that e�orts can be oriented towards improving the algorithms
computational cost, suggesting the use of parallel architectures for the task of training and
extraction of characteristics from the model. The use of GPU architectures is crucial in the
performance results described in chapters 3, 4 and 5.
Traditional Surveillance infrastructure captures video sequences where occlusions by nearby
vehicles, or other urban objects inhibit the the detection and classi�cation capabilities of
traditional techniques reported by authors. The model introduced Chapter 5 deal with severe
occlusions, detecting motorcycles in urban scenarios on video sequences captured by a moving
camera.
Since Deep Learning architectures demand large amounts of examples to be able to achieve
acceptable results, and at the same time, the main issue for vehicles detection exercises still
being the importance of having realistic public datasets to allow researchers to benchmark
di�erent algorithms, validating the results in a structured and common way, in section 5.2 the
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motorcycle dataset is introduced, captured a video sequence for public use, which contain
images taken with a Phantom 4® drone, with an HD camera under windy conditions,
containing 41,040 to 56,975 ROI annotated objects. To our knowledge this Urban motorcycles
Dataset corresponds to the �rst public available with 10.000 frames annotated, and as all deep
learning models, was very important to de�ne and train the EspiNet architecture described
in Chapter 5.
For classi�cation and tracking, there are di�erent strategies to measure the performance ob-
tained when evaluating algorithms. For this, it is important to di�erentiate between detec-
tion, classi�cation and tracking measures. In Chapter 6 a comparative scenario is presented
where results of detection of the models EspiNet, YOLO v3 and Faster R-CNN (vgg16 ba-
sed) are used to improve the multiple object tracking results of a state of the art algorithm.
A neutral metric is used for comparative purposes.
For further deep learning concepts and foundations Appendix A provides the necessary
information to support the di�erent contributions made by this research.



3. Motorcycle Classi�cation in Urban
Scenarios using Convolutional Neural
Networks for Feature Extraction

3.1. Introduction

This chapter addresses classi�cation of motorcycles in Urban scenarios, by using a CNN
model for feature extraction. As described in chapter 2, until now most motorcycle video
detection systems are implemented using conventional feature extraction techniques such as
3D models [3, 115], vehicle dimensions [116, 117, 122], symmetry, color, shadow, geometrical
features and texture and even wheel contours [111]. Other works report the use of stable
features [119], HOG for evaluation of helmet presence [118, 113], variations of HOG [143, 124]
and the use of SIFT, DSIFT and SURF [104].
On the other hand, deep learning theory (DL) applied to image processing has been a
breakthrough in computer vision especially in tasks such as image recognition. Since 2010
an annual image recognition challenge known as the ImageNet Large-Scale Visual Recog-
nition Competition (ILSVRC) [186] has been established, showing impressive results, even
overcoming human classi�cation skills. Given these results, DL is a promising technology for
vehicle recognition on Intelligent Transportation Systems (ITS).
Deep learning strategies are successfully implemented for vehicle detection as 2D deep belief
network (2D-DBN) [44], appearance-based vehicle type classi�cation method [45], hybrid
architecture (HDNN) which overcomes the issue of the single scale extraction features in
DNNs [46], also color based features [47], convolutional binary classi�er (CNNB) [49], and
working on low-resolution images in [50].
Nevertheless, as far as we know, there are no reports of DL strategies used for motorcycle
classi�cation, nor on the use of CNNs already trained for feature extraction to perform
vehicle discrimination.
This chapter shows the use of an already trained CNN network for the task of classifying
motorcycles images, �rst applied to static images and then extended to evaluate ambiguous
images. The chapter is organized as follows: section 3.2 gives a brief explanation of the ad-
vantage of the use of an CNN already-trained network for feature extraction. Section 3.3
shows the classi�cation task, describing the advantages of using GPU architectures to acce-
lerate the entire process. Section 3.4 shows the results of applying the strategy on di�erent
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kind of images. Section 3.5 summarizes the proposed approach and explains why this chapter
provides a crucial input for the later proposed model, EspiNet (chapter 5).

3.2. Pre-training CNN

Since training Convolutional Neural Networks (CNN) is a di�cult and time-consuming pro-
cess, in this work we start with a CNN already trained on a large dataset, and then adapted
to the current problem. A pre-trained network can be used for two purposes:

Feature extraction: where a CNN is used to extract features from data (in this case
images) and then use the learned features to train a di�erent classi�er, e.g., a support
vector machine (SVM)[127]. (This is the approach of this chapter).

Transfer learning: Where a network already trained on a big dataset is retrained in the
last few layers on a more compact data set.

The importance of using features from an already trained CNN network was highlighted in
the work of Razavian et al. in [187], where they showed that generic descriptors extracted
from convolutional neural networks are very powerful. This work uses the OverFed [188]
network to tackle a di�erent recognition task and object classi�cation. Moreover, they report
superior results compared to state-of-the-art algorithms.

3.3. Motorcycle Classi�cation Approach

In this section, vehicles are classi�ed on two categories: motorcycles and cars. The clas-
si�er is constructed using a multiclass linear SVM trained with features obtained from a
pre-trained CNN. Those features have been extracted for a set of 80 images per category,
including the \urbTree" category created from the urban tra�c environment. This approach
to image category classi�cation is based on the work published by Matlab in \Image cate-
gory classi�cation using deep learning" [189] and follows the standard practice of training
an o�-the-shelf classi�er, using features extracted from images. The di�erence here is that
features are extracted using a pre-trained CNN instead of using conventional image features
such as HOG or SURF. The classi�er trained using CNN features provides close to 100 %
accuracy, which is higher than the accuracy achieved using methods such as Bag of Features
and SURF.
The sets of images categories have been created corresponding to images of motorcycles, cars
and urban environment related objects (\urbTree"). The images were taken from di�erent
angles and perspectives in urban tra�c in Medellin City (Colombia). One example of each
category and a selection of the two sets can be observed in Figure3-1.:
Using the selected images, a pre-trained CNN model is used for feature extraction. Pre-
trained networks have gained popularity. Most of these have been trained on the ImageNet
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Figure 3-1 .: Three categories for classi�cation, and examples of cars and motorcycles

dataset [63]. We implement the classi�cation by using the pre-trained network "AlexNet",
from MatConvNet [43, 190].

The architecture of "AlexNet"has 23 layers. Integrating 5 convolution layers, 5 ReLu layers
(Recti�ed units), 2 layers for normalization, 3 pooling layers, 3 fully connected layers, one
probabilistic layer with softmax units and �nally a classi�cation layer ending in 100 neurons
for 1000 categories (Figure3-2).

The �rst layer is con�gured according to the dimensions of the input. This network is con�-
gured to receive images of 227Ö 227 pixels, with RGB channels. That is 227Ö 227Ö 3. The
�rst layer de�nes the input dimensions. Each CNN has a di�erent input size requirements.
The one used in this work (.A lexNet") requires image input that is 227Ö 227Ö 3.

The intermediate layers make up the bulk of the CNN. These are a series of convolutional
layers, interspersed with recti�ed linear units (ReLU) and max-pooling layers [4]. Following
these layers are 3 fully-connected layers.

The �nal layer is the classi�cation layer and its properties depend on the classi�cation task.
Originally, the loaded CNN model was trained to solve a 1000-way classi�cation problem,
thus the classi�cation layer has 1000 classes to identify. For this work, the AlexNet network is
only used to classify three categories. This pre-trained network was used to learn motorcycles
and cars features obtained from the extended dataset, with 80 images per category and 80
examples of the class \urbTree" created from the urban environment. At the end, the total
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Figure 3-2 .: Alex Net Architecture. \ An illustration of the architecture of our CNN,
explicitly showing the delineation of responsibilities between the two
GPUs. One GPU runs the layer-parts at the top of the �gure whi-
le the other runs the layer-parts at the bottom. The GPUs communi-
cate only at certain layers. The network's input is 150,528-dimensional,
and the number of neurons in the network's remaining layers is given by
253,440{186,624{64,896{64,896{43,264{4096{4096{1000." [4]

number of examples is 240.

A simple pre-processing step is done to prepare the analyzed images on an RGB 227Ö 227
pixels. If the images come in grayscale, the gray channel is replicated emulating the RGB
channel requirement. There is not a preservation of the aspect ratio, nevertheless, the car
and motorcycles classes are de�ned in the above resolution.

To avoid over�tting, the created data set is split into training and validation data. 30 %
of images are used as training data (72 images), and the remaining 70 % (168 images), for
validation. The split selection is randomized to avoid biasing the results. Since each layer of
a CNN produces a response, or activation, the task is to identify which layer recovers more
informative features. As mentioned in [14], there are only a few layers within a CNN that
can be used for image feature extraction. This work shows that the �rst layers of the network
capture basic image features, such as edges, corners or blobs. Zeiler and Fergus [14] explain
the power of convolution, and the information that can be found on each single layer of a
given CNN network, from this it is understandable why the features extracted from deeper
layers of a CNN are suitable for image recognition. Figure3-3 shows a representation of the
�rst convolutional layer weights.

One of the strengths of these networks is the ability to combine \primitive" features as we
go deep in the architecture, structuring high-level image features which involve more com-
plexity. Figure 3-4 shows the architecture of AlexNet and the convolutional layers locations.
Meanwhile �gures 3-5, 3-6 and 3-7 show the features extracted in each single convolutional
layer, once the trained set is passed throughout the network for feature extraction.
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Figure 3-3 .: First Convolutional Layer Weights

Figure 3-4 .: AlexNet convolutional layers location

These high-level features, which have more information, are used on a recognition task, since
they enclose a richer image representation [191].
For this work, the layer before the classi�cation was selected to extract the features (Figure
3-8). This corresponds to the fully connected layer 7 (fc7).
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Figure 3-5 .: Training examples features in Convolutional layers 1 and 2

Figure 3-6 .: Training examples features in Convolutional layers 3 and 4

To extract the features, the training set is propagated through the network up to a speci�c
layer, extracting activation responses to create a training set of features, which is used later
for classi�cation.
The activation process implies taking the end fully connected layer (fc7) and to evaluate
every single training example through the network. In this case as result we have a vector
of features with dimension 4096Ö 72, corresponding to the activation obtained with every
single example (24 examples per category) propagated through the network, up to this fully
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Figure 3-7 .: Training examples features in Convolutional layer 5

connected layer.
The complete model of AlexNet can be represented by the equation:

ŷ = f (ul ); with ul = w lx l � 1 + bl (3-1)

Where l is the correspond layer evaluation. For the last layerl = 8, and f (ul ) function

correspond to a sotfmaxf (zi ) =
exp(zi )P
i exp(zi )

function which produces a distribution over the

1000 class labels. The initial input image will correspond tox0. As mentioned in A.3.1 for
a two dimensional imageI of i � j as input, and a two dimensional kernelK of m � n, the
convolution operations is:

S(i; j ) = ( I � K )( i; j ) =
X

m

X

n

I (i + m; j + n)K (m; n) (3-2)

Feature maps are generally computed as:
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j

1

A ; (3-3)

See section A.3.1 for details.

3.3.1. GPU Use

Results in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [186] have
shown a dramatic improvement not just since the adoption of DL architectures, but also
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Figure 3-8 .: Training features are obtained from the fully connected layer (lying before the
classi�cation layer). Then the features are fed to a Linear SVM classi�er.

with implementation on GPU architectures, speeding up processing time and performance .

Because neural networks are created from large numbers of identical neurons, and the pa-
rameters that need to be learned in the convolutional layers (where the �lters are located)
are highly parallel by nature, this parallelism can be exploited by GPUs, which provide a
signi�cant speed-up over CPU-only training. In a benchmarking using cuDNN with a CAF-
FE [63] neural network package, more than a 10-fold speed-up is obtained when training
the \reference Imagenet" DNN model on an NVIDIA Tesla K40 GPU, compared to an Intel
IvyBridge CPU [192].

In this work, the capabilities of CUDA GPU GeForce GT 750M are used for the features
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extraction. The time employed for the feature extraction is 1.95 seconds for 72 training
examples (24 for each category) and using 4096 parameters of the fully connected layer.
Using just CPU processing the time employed was 3.08 seconds.

3.3.2. Classi�cation Stage

For the classi�cation process, a multiclass SVM classi�er is trained using the image features
obtained from the CNN. Given the length of the feature vector (4096), the fast stochastic
gradient descent solver was used as training algorithm. Note that the classi�er is trained
with only 72 examples (24 per category).
For each class, we de�ne a binary classi�er, using a one-vs-all scheme:

m��n
w;b;�

1
2

jjwjj 2 + C
MX

k=1

�k

s:t: yk(wT � (x i ; y) + b) � 1 � �k; �k � 0; 8k;

(3-4)

With kernel mapping � (x i ; y) = xT y, because a linear kernel is used. The assigned class
corresponds to the classi�er which maximizes m�axi yk(wT � (x i ; y)+ b). The stochastic gradient
descend algorithm is described by w = w� � � � wJ (w; x(i ) ; y(i ))
Once the classi�er is trained, it is used to classify the validation set, which corresponds
to the remaining 168 examples (56 by category). Classi�er accuracy is evaluated now with
the features obtained on this set. Figure3-9 shows the results represented by a confusion
matrix. The classi�er only mismatches a car example, giving it a \Motorcycle" label. The
mean accuracy obtained is 99.40 %.
To evaluate the predictive performance, cross validation process was implemented. Working
with bins of 10 examples and evaluating in two strategies: 90 % for training examples and
10 % of evaluation with 100 % of accuracy. After swapping the sets with 10 % for training
and 90 % for evaluation, the mean accuracy obtained was 99.31 %.
When features are obtained from images of other classes (e.g. laptops, lamps, etc.), this
features extracted using the CNN network will cause a drop of accuracy in the model if
there is no re-training of the SVM. Experiments shows a accuracy drop up to 67 %.

3.4. Experiments and Result

Given the behaviour obtained, the set is extended to deal with other two categories already
presented in the Caltech dataset, this extension is made to evaluate the possible ambiguous
features that can be obtained in the experiment (Figure3-10).
With this extension, the classi�cation task includes �ve di�erent categories, including two
very related ones: cars and motorcycles extracted from the urban tra�c. This images are



50
3 Motorcycle Classi�cation in Urban Scenarios using Convolutional Neural Networks for

Feature Extraction

Figure 3-9 .: Confusion Matrix of the experiments. (Class 1=Cars. 2 = Motorcycles. 3 =
urbTree)

Figure 3-10 .: Experiment Set extension. (Class 1=Cars, Class 2 = Motorcycles, Class 3 =
urbTree, Class 4=Car side, Class 5=Motorcycles side )

obtained from side views and are already collected in the Caltech dataset. The training set
corresponds to 24 examples for each category, the validation set on 56 examples for each
category as well. The results are shown in the confusion matrix (Figure3-11). In this case
the classi�er mismatches two \urbTree" examples, giving it the label of cars from the side.
The mean accuracy obtained is 0.9929 (99.3
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Figure 3-11 .: Confusion Matrix of the extended experiments. (Class 1=Cars 2 = Motorcy-
cles. 3 = urbTree 4 = cars side 5 = Motorcycles side)

Evaluating the classi�er with a di�erent set of images, the results can be sorted in decreasing
order of con�dence, orP(yi =xi ) . The results describe the evaluation or con�dence given to
each class. (Figure3-12 and Figure 3-13) Note the evaluation in ambiguity situations as in
Figure 3-14).
When the classi�er is evaluated on a complete unrelated image the result describe a lower
con�dence on each class as is shown on Figure3-15.

3.5. Summary

This chapter has presented the implementation of a motorcycle classi�cation scheme in urban
scenarios using CNNs for feature extraction. The strategy takes already trained CNNs trained
with millions of examples and being able to classify 1000 categories and uses its feature
extraction capabilities to train a linear SVM for classifying three di�erent classes. The feature
extraction strategy is evaluated on di�erent types of images, showing interesting results
related to the classi�cation con�dence reached. The remaining of this thesis is dedicated to a
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Figure 3-12 .: Classi�cation results. (Source: Internet) (Car 83 % Motorcycle 49 % UbTree
50 %)

Figure 3-13 .: Classi�cation results. (Source: Internet) (Car 78.5 % Motorcycle 63.1 % urb-
Tree 30 %)

detection and classi�cation model for motorcycles in urban environments. The next chapter
will explore deep learning models for detection and comparing it with traditional methods
as motion detection in videos. This evaluation will allow us to propose a novel method for
motorcycle detection even under high occlusion urban environments.
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Figure 3-14 .: Classi�cation results. (Source: Google Street View) (Car 61 % Motorcycle
85 % urbTree 31 %)

Figure 3-15 .: Unrelated Image. (Lena - Source: Internet) (Car 34 % Motorcycle 21 % urb-
Tree 32 %)



4. Vehicle Detection using Alex Net and
Faster R-CNN Deep Learning Models:
a Comparative Study

4.1. Introduction

In this chapter we compare the results of a CNN used for feature extraction and a CNN
integrated model network, both used for the task of classifying vehicles in video sequences.
Currently tra�c management is supported by urban tra�c analysis. Traditionally, vehicle
counting and road density evaluations are done with inductive loop sensors and increa-
singly with video information. Nevertheless, as established for motorcycles and bicycles de-
tection and tracking in chapter 2, video detection faces di�erent challenges due to changes
in illumination conditions and high vehicle densities with frequent occlusions. Most video
detection systems are based on appearance features or motion features. Appearance features
[193, 194, 80, 195] such as shape, color, edge maps and texture, are used to detect vehi-
cles even in stationary positions. Other works are based on HOG (Histogram of Oriented
Gradients) and some variations of it [124, 143]. Motion features are obtained based on the
dynamics of tra�c movement. Such methods are generally based on background subtraction
[196], use of frame di�erence [197], Kalman �lter [114], optical 
ow [198, 199], etc. For a
detailed survey of traditional vehicle detection methods please see [200].
Chapter 2 describes howdeep learning theory(DL) applied to image processing is the current
dominant computer vision theory especially in tasks such as image recognition. For vehicle
detection, several works using Deep Learning in vehicle detection are reported in the litera-
ture. Earlier approaches relied on 2D Deep Belief Networks (2D-DBN) [44], learning features
by means of this architecture and using a pre-training sparse �ltering process [45] or Hybrid
architectures (HDNN) which overcome the issue of the single scale extraction features of tra-
ditional DNNs [46]. Color as a discriminative feature is used in [47] and [48]. There are also
pre-training schemes [49] that obtain competitive results even with low resolution images and
implementable in real time as in [50]. More recently, detection and classi�cation of multiples
classes is performed using models as Fast R-CNN and faster R-CNN [21, 51, 52, 5, 25, 16].
Reports exist of methods able to recognize vehicle make and models (MMR) [53, 54], re-
identi�cation architectures for security urban surveillance [55, 56, 57], strategies using DBN
[44, 58, 59, 60] that work with relatively few labelled data and models that are able to classify



4.2 Object Detection 55

even the pose or orientation of the vehicle [52, 61, 62]. Generally most of the detection and
classi�cations models are implemented using di�erent CNN architectures such as Ca�eNet
[63, 64], GoogLeNet [65], and VGGNet [16] used in [53]. AlexNet [4] is used by Su et al. [48]
in conjunction with GoogleNet [65] and NIN (Network in Network) [66].
Nevertheless, as far as we know, there are no comparative studies of DL strategies used
for vehicle classi�cation, nor on the use of CNNs already trained for feature extraction to
perform vehicle discrimination in video sequences.
The chapter is organized as follows: section 4.2 explains the relevance and implications of
the computer vision task of object detection, section 4.3 gives a brief explanation of the
architecture of the convolutional neural networks, explaining the advantage of the use of
an already-trained network for feature extraction and the bene�ts of the integrated CNN
model. Section 4.4 shows the classi�cation approaches, describing the characteristics of the
models built for the video detection task. Section 4.5 compares and explains the results of
the two approaches for vehicle classi�cation. Finally section 4.6 presents the conclusions and
explains the architecture adopted in the development of the EspiNet model (Chapter 5).

4.2. Object Detection

Object detection, in addition to classi�cation, implies localization of objects in the entire
image. When video sequences are analysed, spatio-temporal techniques such as Background
subtraction, or optical 
ow, allow to di�erentiate object movements, which once located are
further classi�ed. Static images lack this kind of information, and traditionally, the strategy
deploys a two-class classi�er (object vs non-object) in conjunction with a sliding window
search.

4.2.1. Sliding Windows Detectors

Sliding windows is a brute force approach for object detection, and consists on sliding a
window e.g. from left to right, and from up to down in the image extracting patches later
used for classi�cation (Figure4-1 ). To deal with changes in sizes, and aspect ratios, di�erent
window sizes and aspect ratios are used to identify the di�erent objects of the image.
The di�erent patches extracted by a sliding window are then warped and fed to a CNN
architecture such as AlexNet [13] and used to win the 2012 ILSVRC (ImageNet Large-Scale
Visual Recognition Challenge) [186]. Figure4-2 describes the process of a Sliding Windows
detector in Conjunction with a CNN network for vehicle detection and classi�cation.
Since the amount of windows needed to account for di�erent scales and aspect ratios could be
very large, it is necessary to use methods like non-maximal suppression to reduce redundant
candidates. So, object proposal algorithms have been created, with strategies as Branch &
Bound [201], to limit search using calibration information [202] or grouping adjacent pixels
merging them to �nd a blob region as in Selective Search [19] or using pre-de�ned windows
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Figure 4-1 .: Sliding Window for Vehicle Detection

Figure 4-2 .: Process of a sliding window detector

based on objects candidates as in Spatial Pyramid Pooling [203], or Edge boxes [204] (see
[205] for a complete comparison).

For this chapter we are going to compare two strategies of detection. In the �rst instance we
construct a model based on spatio-temporal techniques as Background subtraction (GMM)
for object detection in conjuntion with AlexNet for classi�cation. Additionaly we are going to
implement Faster R-CNN for vehicle detection and classi�cation, in this model, the detection
and classi�cation does not take any spatio temporal information into account to discriminate
the vehicles classes.
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4.3. CNN Architectures used

In this section, we describe the principal characteristics of the CNN AlexNet and the Faster
R-CNN networks used in this comparative study.

4.3.1. AlexNet

AlexNet is considered the pioneer work of CNN networks, even after the work of Yann LeCun
[13]. The AlexNet model was introduced in the paper titled \ImageNet Classi�cation with
Deep Convolutional Networks" [4], were the authors created a \large, deep convolutional
neural network", used to win the 2012 ILSVRC (ImageNet Large-Scale Visual Recognition
Challenge) [186]. The network was trained on ImageNet data, with over 15 million annotated
images from a total of over 22,000 categories.

The architecture of \AlexNet" has 23 layers, integrating 5 convolution layers, 5 ReLu layers
(Recti�ed units), 2 layers for normalization, 3 pooling layers, 3 fully connected layers, one
probabilistic layer with softmax units and �nally a classi�cation layer ending in 100 neurons
for 1000 categories. (Figure4-3).

Figure 4-3 .: Alex Net Architecture. [4]

The main characteristics of the network include the use of ReLU for the non-linearity fun-
ctions that decrease the training time as ReLUs are faster than the conventional tanh function
used in MLP. For training proposes, the authors used techniques such as data augmentation
consisting of horizontal re
ections, image translations or even patch extractions. Dropout
layers were also included to reduce the problems of vanishing gradient and over�tting. The
model was trained using batch stochastic gradient descent, using speci�c values for momen-
tum and weight decay. It took nearly six days for training using two GTX 580 GPUs.
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4.3.2. Faster R-CNN

The problem of object detection involves the detection of di�erent classes of objects in
each image. Traditionally, the strategy used was to deploy a two class classi�er (object
vs non-object) in conjunction with a sliding window search. The amount of all windows
scales and ratios returned could be huge, and then it was necessary to implement methods
like non-maximal suppression for reducing the redundant candidates. This was the origin
of object proposal algorithms, with strategies to limit search using calibration information
[202], Branch & Bound [201] grouping adjacent pixels merging them to �nd a blob region as
in Selective Search [19]. These methods also included pre de�ning windows based on objects
candidates as in Spatial Pyramid Pooling [203], or Edge boxes [204]. A valuable comparison
of such methods was done by Hosang et al [205]. The pre- �ltering strategy has been used
with positive results combining it with CNN networks for classi�cation as in R-CNN [20]
but employing too much time in the training process. To improve the training process time,
Fast R-CNN [21] was proposed that swaps the extracting strategy of detecting regions and
running CNN. A high resolution image is fed to the CNN network, the network produces
a high resolution convolutional feature map. The region proposal produces regions over the
feature map (conv5). The convolutional features of these regions are then fed in to fully
connected layers, with a linear classi�er and a bounding box linear regression module to
de�ne regions. This model continues slowly at test time. Faster R-CNN addressed this issue
by combining features of a fully convolutional network to perform both region proposals and
object detection. Since region proposals depended on features of the image that were already
calculated with the forward pass of the CNN (�rst step of classi�cation), the model reuses
the same CNN results for region proposals instead of running a separate selective search
algorithm. The region proposal network (RPN) shares convolutional layers with the object
detection network, then only one CNN needs to be trained and region proposals is calculated
almost for free. Then, additional convolutional layers are used to regress region bounds with
scores for object proposal at each location. The RPN works by moving a sliding window over
the CNN feature map and at each window, generating k potential bounding boxes and scores
associated for how good each of those boxes is expected to be. This k represents the common
aspect ratios that candidates to objects could �t, caller anchor boxes. For each anchor box,
the RPN outputs a bounding box and score per position in the image. This model improves
signi�cantly the speed and the object detection results.

Besides achieving the highest accuracy on both PASCAL VOC 2007 and 2012, Faster R-CNN
was the basis of more than 125 proposed entries in ImageNet detection and localization at
ILSVRC 2016 [206] and in the COCO challenge 2015 it was the foundation of the winners
in several categories [25]. Figure4-4 shows the network structure of the Faster R-CNN fra-
mework. Both the region proposal network and the object classi�er share fully convolutional
layers. These layers are trained jointly. The region proposal network behaves as an attention
director, determining the optimal bounding boxes across a wide range of scales and using
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nine candidate aspect ratios to be evaluated for object classi�cation. In other words, the
RPN tells the uni�ed network where to look.

Figure 4-4 .: Faster R-CNN network structure. Modi�ed from [5]
.

4.4. Detection and Classi�cation approaches

An initial ROI (region of interest) step is implemented, allowing the user to select the
precise area of analysis. This step optimizes performance and speeds up the processes of
detection and classi�cation, by reducing the area of analysis in the video sequences. Two
models, AlexNet and Faster R-CNN were used for vehicle detection and classi�cation in this
research.

4.4.1. AlexNet model

In the AlexNet model used in this work, object detection is performed based on background
subtraction, using a Gaussian Mixture Model (GMM) according to Zivkovic [81, 40]. Where
the background model using GMM at timet for a training set H T and with M components
is:

p̂(~xjH T ; BG + FG) =
MX

m=1

�̂ mN (~x; ~̂� m ; �̂ 2
m I ); (4-1)

Where~x is the RGB pixel, ~� 1:::~� M are the estimates of the means, ^� 2
1:::�̂ 2

M are the estimates
of the variances that describe the gaussian components, and ^� m are estimated mixing weights,
which are non negative and add up to one.
Once the objects are detected, these are classi�ed as vehicles on three categories: motorcycles,
cars or buses. Other possible objects detected are classi�ed as part of the urban environ-
ment (\urbTree"), any possible remaining detection is assigned to the \unknown" class. The
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classi�er is constructed using a multiclass linear SVM trained with features obtained from
a pre-trained CNN. Those features have been extracted for a set of 80 images per category,
including the \urbTree" category created from the urban tra�c environment. This approach
to image category classi�cation is based on the work described on Chapter 3 for Motorcycles
classi�cation and published in [158]. Here, we extend the categories to include the bus set.
The classi�er, trained using CNN features, provides close to 100 % accuracy, which is higher
than the accuracy achieved using methods such as Bag of Features and SURF. As in Chapter
3 and [158] the set of images categories has been created corresponding to images related to
motorcycles, cars, buses and urban environment related objects (\urbTree"). Those images
were obtained from di�erent angles and perspectives in urban tra�c in Medellin City (Co-
lombia). This dataset is made public upon request to the authors. Examples of each category
are shown in Figure4-5.

Figure 4-5 .: Examples of cars, motorcycles and buses.

Following the strategy described in [158] (section 3.3.2) by using the selected images, the pre-
trained CNN \AlexNet" network is used for feature extraction, this technique is described
in more detail by Razavian et al. in [187]. For this work, the AlexNet network is only used
to classify four categories. This pre-trained network was used to learn motorcycles, cars and
buses features obtained from the extended dataset, with 80 images per category and 80
examples of the class \urbTree" created from the urban environment. At the end, the total
number of examples is only 320.

Features are extracted from the training set, propagating images through the network up to
a speci�c fully connected layer (fc7), extracting activation responses to create a training set
of features, which is used later for classi�cation.

For classi�cation, as in [158] (section 3.3.2), a multiclass SVM classi�er is trained using the
image features obtained from the CNN. Since the length of the feature vector is 4096, a fast
stochastic gradient descent solver is used as training algorithm.

As in section 3.3.2 for each class, we de�ne a binary classi�er, using a one-vs-all scheme:
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(4-2)

With kernel mapping � (x i ; y) = xT y, because it is used as a linear kernel. The assigned
class corresponds to the classi�er which maximizes m�axi yk(wT � (x i ; y) + b). The stochastic
gradient descend algorithm is described by w = w� � � � wJ (w; x(i ) ; y(i ))
In this case the classi�er is trained with only 96 examples (24 per category). The validation
set, which corresponds to the remaining 224 examples (56 by category) is then classi�ed. The
classi�er accuracy is evaluated now with the features obtained on this set. Figure4-6 shows
the results as a confusion matrix. The classi�er mismatches three bus images classifying those
as cars; one car image is classi�ed as bus and another as a motorcycle. The mean accuracy
obtained is 0.978 (97.8

Figure 4-6 .: Confusion Matrix of the experiments (Class 1: Buses 2: Cars 3: Motorcycles 4:
urbTree)
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4.4.2. Faster R-CNN model

The Faster R-CNN [25] model is an object detection framework based on deep convolutional
neural networks, which includes two networks: a Region Proposal Network (RPN) and an
Object Detection Network. Both networks are trained by sharing convolutional layers to
obtain real time results. The model can be run based on two referenced CNN networks: ZF
Net [14] or VGG16 [16]. This model is available for download1.
In this research, we chose VGG16, which corresponds to the best performance results given
the network layer con�guration that the literature reports on the use of this architecture.
The VGG16 based model is pretrained with the ImageNet dataset. After downloading, both
networks (RPN and ODN) are retrained in the PASCAL VOC 2007 dataset (Figure4-7)
[6]. Based on the dataset used for retraining, the ODN is able to classify detections on 20
categories as follows:

Person: person

Animal: bird, cat, cow, dog, horse, sheep

Vehicle: aeroplane, bicycle, boat, bus, car, motorcycle, train

Indoor: bottle, chair, dining table, potted plant, sofa, tv/monitor

Figure 4-7 .: Examples of each category in PASCAL VOC 2007 dataset [6].

The loss function used by faster R-CNN, and further implementations details are described
in section A.5.1.
For this experiments all classes di�erent to bus, car or motorcycle, are renamed as \unk-
nown" to obtain comparative metrics for the results evaluation. As a preliminary step for
video detection and classi�cation, the user de�nes a ROI within which the detection and
classi�cation takes place.

1https://github.com/ShaoqingRen/faster_rcnn
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4.5. Experiments and Results

We selected a video sequence of a real urban environment took in Medell��n Colombia, over a
secondary street of two lanes. The sequence consists of 1812 RGB frames (640x480), during
daylight and good weather conditions. The sequence includes 36 di�erent cars to detect
(including sedan, VAN or taxis), 7 motorcycles and 1 Bus, which is the class assigned to a
detected truck.
An XML-coded ground truth was obtained by means of the ViPER [207] tool for annotation
and is used to compare the results of the two models. We use the performance metrics
reported in [208]. These metrics have been extended to take into account the multiclass
nature of the experiment.
The evaluations for Faster R-CNN are performed based on the NMS threshold parameter,
used to reduce the redundancy on proposed regions. This threshold corresponds to the IoU
overlap of the proposed regions. Results described in Table4-1 and Figure 4-8, show that
decreasing the IoU threshold criteria increases the correct detection rate in total and for each
class analyzed, but at the same time increases the False Alarm Rate. Best results correspond
to an NMS threshold of 0.6 with a F1-Score of 0.76.

NMS
Threshold

CDR
CDR/
Bikes

CDR/
Cars

CDR/
Buses

DFR FAR PR RC F1

0.30 0.75 0.26 0.83 0.33 0.25 0.38 0.62 0.75 0.68

0.40 0.73 0.21 0.81 0.32 0.27 0.31 0.69 0.73 0.71

0.50 0.72 0.18 0.80 0.33 0.28 0.22 0.78 0.72 0.75

0.60 0.70 0.13 0.78 0.29 0.30 0.16 0.84 0.700.76

0.70 0.65 0.09 0.74 0.23 0.35 0.13 0.87 0.65 0.75

0.80 0.61 0.06 0.70 0.07 0.39 0.10 0.90 0.61 0.73

Table 4-1 .: Rates of Faster R-CNN results. NMS (non maximal suppression) { CDR: Co-
rrect detection rate, Bikes: CDR for motorcycles, Cars: CDR for cars, Bus: CDR
for buses or trucks. DFR: Detection Failure Rate. FAR: False Alarm Rate. PR:
Precision. RC: Recall. F1:F1-Score.

Meanwhile, working with the AlexNet classi�er in conjunction with the GMM background
subtraction, results are obtained in terms of the parameters of the background subtraction
algorithm. First, the history parameter is evaluated against a �xed Mahalanobis distance of
128. History corresponds to the number of frames (LoH) that constitutes the training set for
the background model. The best results obtained are for a history of 500 frames (F1=0.57).
Fixing this number, we then proceed to change the Mahalanobis distance parameter (Tg).
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Figure 4-8 .: Faster R-CNN Rates results.

This parameter is a threshold for the squared Mahalanobis distance that helps decide when a
sample is close to the existing components. A smaller Tg value generates more components.
A higher Tg value may result in a small number of components but they can grow too large.
The best result are obtained with LoH of 500, and Tg of 20, achieving a CDR of 0.66 with
a FAR of 0.32.

Figure 4-9 .: Alex Net Rates Results.
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LoH CDR
CDR/
Bikes

CDR/
Cars

CDR/
Buses

DFR FAR MR PR RC F1

100 0.32 0.45 0.29 0.24 0.66 0.43 0.02 0.57 0.34 0.41

200 0.46 0.60 0.41 0.47 0.51 0.36 0.02 0.64 0.49 0.54

300 0.50 0.57 0.45 0.68 0.47 0.33 0.01 0.67 0.53 0.57

400 0.51 0.53 0.46 0.68 0.46 0.36 0.01 0.64 0.54 0.57

500 0.52 0.53 0.47 0.66 0.44 0.36 0.01 0.64 0.560.58

600 0.51 0.51 0.47 0.67 0.45 0.38 0.01 0.62 0.55 0.56

Table 4-2 .: Rates of AlexNet+GMM. LoH (Length of History) { CDR: Correct detection
rate, Bikes: CDR for motorcycles, Cars: CDR for cars, Bus: CDR for buses or
trucks. DFR: Detection Failure Rate. FAR: False Alarm Rate. MR: Merge Rate.
PR: Precision. RC: Recall. F1:F1-Score.

Tg CDR
CDR/
Bikes

CDR/
Cars

CDR/
Buses

DFR FAR MR PR RC F1

16 0.64 0.50 0.66 0.22 0.36 0.42 0.08 0.58 0.64 0.61

20 0.66 0.50 0.68 0.24 0.33 0.38 0.08 0.62 0.67 0.64

32 0.68 0.53 0.69 0.29 0.31 0.33 0.07 0.67 0.69 0.67

40 0.67 0.53 0.67 0.32 0.32 0.31 0.06 0.69 0.680.68

48 0.66 0.54 0.65 0.37 0.33 0.31 0.06 0.69 0.67 0.67

64 0.64 0.55 0.62 0.45 0.35 0.30 0.05 0.70 0.65 0.66

Table 4-3 .: Rates of AlexNet+GMM. Tg (Mahalanobis distance) { CDR: Correct detection
rate, Bikes: CDR for motorcycles, Cars: CDR for cars, Bus: CDR for buses or
trucks. DFR: Detection Failure Rate. FAR: False Alarm Rate. MR: Merge Rate.
PR: Precision. RC: Recall. F1:F1-Score.

The results obtained show that Faster R-CNN outperforms AlexNet+GMM model, not only
in the correct detection rate obtained while producing less false detections, but also in the
time spent in the analysis. Both model were analyzed on a Windows 10 Machine with a
core i7 7th generation 4.7 Ghz, and 32 GB of RAM, using an Nvidia Titan X (Pascal)
1531Mhz GPU, achieving close to real time in Faster R-CNN model (40ms per frame) while
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AlexNet+GMM took almost 100ms per frame.

4.6. Summary

This chapter has compared the performance of two deep learning models for vehicle detection
and classi�cation in urban video sequences. Although the AlexNet model is used for feature
extraction in an ad-hoc set of examples oriented to urban scnearios, the pre-trained Faster
R-CNN model achieves better results in correct detections according to F1-score measure. It
is important to remark that the Faster R-CNN model does not use any dynamic attributes
for vehicle detection whereas GMM background subtraction used in AlexNet model. In fact,
as the merge rates (MR) result shows, GMM background subtraction still has issues with
stationary vehicles and occluded scenarios. In Faster R-CNN, the RPN component results
could be improved providing some urban context information as restriction size of the regions.
In the next chapter 5 we improve the results of the RPN component of the Faster R-CNN
model enriching it with tra�c context information, and improve the classi�cation component
with the de�nition of a new Deep Learning model (EspiNet). The detection results are later
used as seed for improve tracking implementations (Chapter 6).



5. EspiNet - A new model based on
Faster R-CNN for detection and
classi�cation of Motorcycles under
occluded urban Scenarios

5.1. Introduction

As we proved in chapter 4 traditional methods for object detection using background subtrac-
tion techniques as GMM [81, 40] are very sensitive to camera movements, objects overlapping
and stationary objects. For this reason this chapter introduces \EspiNet", a Deep Learning
Convolutional Neural Network model based on Faster-RCNN for occluded motorcycle de-
tection and classi�cation on urban environments. The model is evaluated and compared in
occluded scenarios where more than 60 % of the vehicles present a degree of occlusion. For
training and evaluation, we introduce a new dataset of 7500 and 10,000 annotated images,
captured under real tra�c scenes, using a drone mounted camera. Several tests were carried
out to design the network, achieving promising results of 89.32 % in average precision (AP),
even with the high number of occluded motorcycles, the low angle of capture and the moving
camera. The model is also evaluated on low occlusions datasets, reaching results of up to
92 % in AP. The proposed network architecture overcomes state of the art YOLO and Faster
R-CNN (VGG16 based) models sets for the same task.
This chapter is organized as follows: section 5.2 introduces the annotated motorcycles da-
taset created for this research. Section 5.3 describes the initial proposed model inspired on
Faster-RCNN and shows the initial results. Section 5.4 shows the improved model Espi-
Net, describing also the improvements results obtained on di�erent kind of datasets. Finally,
section 5.5 presents the conclusions around the proposed model.

5.2. The motorcycle urban dataset

Occluded scenarios are frequent on urban tra�c analysis (Figure5-1). Vehicle detection,
under this condition has been studied by many authors, benchmarking their results mainly
using the KITTI dataset [130] which unfortunately lacks a motorcycle category.
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Figure 5-1 .: Original Dataset Image vs Annotated Image. Note some relatively small object
size and the occlusions between motorcycles and other vehicles

For this reason, we captured a video sequence dataset for public use, which contains images
taken with a Phantom 4® drone, with an HD camera under windy conditions, which a�ected
the image stabilizer capabilities. Images were resized to 640 x 364 pixels, containing 41,040
to 56,975 ROI annotated objects, with a minimal height size set to 25 pixels. 60 % of the
annotated data corresponds to occluded motorcycles. Objects partially occluded with height
less than 25 pixels were not annotated.
The dataset was annotated by means of the Viper [207] annotation tool. The ground truth
generated is speci�ed in an XML �le which describes the class, frames covered by the object,
Name, Id, height and and width of the bbox surrounding the object. Table5-1 describes the
dataset. The dataset is available on the internet1.

Dataset Classes Objects
Minimal

Vertical Size
Occlusion

Level
Format

MotorBikes7,500 1 221 25 > 60 % XML (Viper �le)

MotorBikes10,000 1 317 25 > 60 % XML (Viper �le)

Table 5-1 .: Details of the Urban Motorbike Dataset

5.3. Initial CNN model inspired on Faster R-CNN

The initial proposed model is inspired on Faster R-CNN. The network is designed using
Matlab and is based on [209]. The model can detect motorcycles in occluded urban scenarios.
A single CNN architecture has to be able to detect objects and at the same time classify them
as motorcycles or not motorcycles. The region proposal mechanism uses the same CNN, so
this architecture makes region proposals as part of the CNN training and prediction steps.

1http://videodatasets.org/



5.3 Initial CNN model inspired on Faster R-CNN 69

Figure 5-2 .: 10.000 Dataset. Note the higher level of occlusion between motorcycles and
other vehicles

When the CNN is only used for classi�cation, the input size is typically the size of the
training images, but since in this model it is necessary to implement detection, smaller
sections of the image have to be analysed. The input size must be similar in size to the
smallest object in the data set. In this dataset the minimal annotation height size is 25, so
the input size is de�ned as [32 32 3], to leave some pixels around the object. The input layer
also implements zero centre normalization, controls the gradients and to unify the learning
rate in the backpropagation training process.
The CNN model has two blocks of convolutional layers, followed by ReLU (recti�ed linear
units), and pooling layers. The �rst convolutional layer includes 64 �lters of [3 3], which
deal with the three image channels and capture the basic primitive features. The second
convolutional layer incorporates 32 �lters structuring high-level image features. These high-
level features are used on the recognition task, since they have a richer image representation
[191]. This two-layer con�guration is also used for the region proposal network (RPN). This is
followed by a max ROI pooling layer with a grid of 15 x 15 pixels which can cover the minimal
size of the detected objects. This layer reduces the spatial size of the extracted feature map
and removes redundant spatial information. Traditional CNN architectures as AlexNet [4]
may have more convolutional layers followed by max pooling layers, mainly oriented to cover
more complexity in features. The proposed model with just two convolution layers, learns
features with apparently su�cient discriminative attributes to di�erentiate even occluded
motorcycles from the background and other objects. It is important to avoid down-sampling
of the data prematurely, keeping the number of pooling layers low, avoiding discarding image
information that is useful for learning. The �nal layer corresponds to a fully connected (FC)
layer of 64 output neurons, which combines all the features learned by the previous layers
identifying the larger patterns. This layer is recti�ed by the �nal ReLU. Finally, the last fully
connected layer combines the features to classify the images, generating outputs to valuate
if a given input corresponds to motorcycles or otherwise. Normalizing the output of the last
FC layer, the softmax layer quanti�es the con�dence of the last classi�cation layer, which
also computes the loss. Figure5-3 shows the described model.
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Figure 5-3 .: Initial Proposed CNN Model. This model is used for RPN and for classi�cation

The loss function de�ned for one image is:
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In this equation i is the index of an anchor in a mini-batch (which size is 512 using VGG-
16 as base CNN network - FigureA-19 ), pi is the predicted probability that the anchor
i is an object. The ground truth p�

i has label 1 if the anchor is positive, 0 is the anchor
is negative. t i represents the entire vector of 4 parametrized coordinates of the predicted
bounding box, wheret �

i is the gt coordinates vector associated with the positive anchor.
As a binary classi�cation problem the classi�cation lossL cls uses a logistic regression cost
function. Meanwhile for the bounding box regression lossL reg(t i ; t �

i ), the robust loss function
(smooth L1) is used.
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smoothL1(t i � t �
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in which

smoothL1(x) =

(
0;5x2 if jxj < 1

jxj � 0;5 otherwise;
(5-3)

In this bounding box regression, each coordinate is parameterized as follows

tx = ( x � xa)=wa; ty = ( y � ya)=ha

tw = log(w=wa); th = log(h=ha)

t �
x = ( x � � xa)=wa; t �

y = ( y� � ya)=ha

t �
w = log(w� =wa); t �

h = log(h� =ha)

(5-4)
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where x; y; w; and h corresponds to the box's center coordinates and its width and height.
Variablesx; xa; and x � corresponds to predicted box, anchor box, and ground-truth box res-
pectively (as well fory; w; h variables). This can be understood as a bounding-box regression
from an anchor box to the closest gt box. The bounding box coordinates are values [0 .. 1]
that are relative to a speci�c anchor. For example,tx denotes the coe�cient for x(center of
box). If tx is multiplied by wa and then addxa we get the predictedx. The rest of parameters
can be calculated in the same way.
As in faster R-CNN (see section A.5.1), training of the model involves four steps. The �rst two
steps train the Region Proposal Network (RPN) and the detection network, minimizing the
loss and obtaining the weights and biases. The �nal two steps combine the results of the pre-
trained networks, fusing the parameters of a single network for detection and classi�cation.
All the steps use Stochastic Gradient Descent with Momentum (SGDM) as the optimization
algorithm for training.

� l+1 = � l � � � E(� l ) + 
 (� l � � l � 1) (5-5)

wherel corresponds to iteration number,� > 0 is the learning rate,� is the parameter vector
(weights and biases) andE(� ) is the loss function. The stochastic component corresponds to
the evaluation of the gradient and the updates of parameters using a subset of the training
set (a minibatch). Each evaluation of the gradient using the mini-batch is an iteration. At
each iteration, the algorithm takes one step towards minimizing the loss function. The full
pass of the training algorithm over the entire training set using mini-batches is an epoch.
The momentum term 
 determines the contribution of the previous gradient step to the
current iteration, and is used to avoid oscillation along steepest descent to the optimum.
The learning rate of the two �rst steps is larger (1e-5 vs 1e-6) since the �rst layers require
faster convergence, while the last two involve �ne-tuning, as the network weights need to be
modi�ed more slowly. The number of epochs on each step is set to 60 (see table5-3). CNN
algorithms can demand many epochs used for the backpropagation algorithm to converge
on a combination of weights with an acceptable level of accuracy.
Especially for RPN training, images patches are extracted from the training data. Here it is
important to de�ne the positive and negative examples. Positive training samples are those
that overlap with the ground truth boxes by 0.6 to 1.0, measured by the bounding box
intersection over union metric (IoU). Negative training samples overlap by 0 to 0.3. Pyramid
scaling is also used to identify motorcycles of di�erent sizes (real and apparent) on the image.
To reduce over�tting, we employed in the �rst instance the 7500 examples Motorbikes Urban
Dataset (See section 5.2), which is split into training and validation data. 60 % of images are
used as training data (4500 images), and the remaining 40 % (3000 images), for validation.
The split selection is randomized to avoid biasing the results. Several tests were conducted
reducing the number of examples for training and validation (see section 5 for values and
results), nevertheless as it is expected in deep learning applications, the higher the examples
number, the better the �nal AP results.
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For this work we exploit the capabilities of an Nvidia Titan X (Pascal) 1531Mhz GPU,
running on a Windows 10 Machine with a core i7 7th generation 4.7 GHz, and 32 GB of
RAM. Due to the number of training examples (4500) and epochs con�gured, the model
took 32 hours for the trained process. Di�erent tests with less examples were also carried
out (see section 5 for values and results).

5.3.1. Initial Model Experiments and Results

First we train and evaluate the model with three di�erent datasets. First we use the dataset
of 300 images provided by a Matlab [209] example. Although this dataset only includes
cars, it is valid to train and evaluate the performance of the proposed model. This dataset
includes a maximum of 4 annotated cars per image (Figure5-4), which are not occluded by
any object. We achieve 81 % average precision (AP), while the example model reports only
60 % (Table5-2).

Figure 5-4 .: The MatLab dataset example, with a highest number of vehicles/image (4).
Note that there is no occlusion.

The second dataset (Las Vegas) corresponds to a video sequence of 1812 RGB frames
(640x480), during daylight and good weather conditions. This dataset is available upon
request from the authors. The sequence annotated 36 di�erent cars to detect (including se-
dan, van and taxis), 7 motorcycles and 1 Bus, which is the class assigned to a detected truck.
In this dataset the proposed model achieves 92 % AP for the motorcycle class (See Figure
5-5).
Finally, for dealing with occlusion we evaluate for the challenging Motorbike Urban Dataset
(also available from the authors), tuning the proposed model to obtain best result for detec-
tion and classi�cation. The di�erent modi�cations used to obtain better results are described
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Con�guration
Number of
Examples

Input
Layer

Middle
Layers

MaxPooling
Filters

1st Layer
Filters

2th Layer
FC Epochs

Learning
Rates

AP

1 300 32 2 (3, 'Stride',2) 32 32 64 5x [-5/-6] 0,4018

2 300 32 2 (3, 'Stride',2) 32 32 64 10 [-5/-6] 0,6043

3 300 25 2 (3, 'Stride',2) 32 32 64 40 [-5/-6] 0,6262

4 300 32 3 (3, 'Stride',2) 32 32 64 40 [-5/-6] 0,6272

5 300 32 2 (3, 'Stride',2) 32 32 64 20 [-5/-6] 0,6721

6 300 32 2 (3, 'Stride',2) 32 32 64 50 [-5/-6] 0,7120

7 300 32 2 (2, 'Stride',2) 32 32 64 40 [-5/-6] 0,7302

8 300 32 2 (3, 'Stride',2) 32 32 64 30 [-5/-6] 0,7374

9 300 32 2 (3, 'Stride',2) 32 64 64 40 [-5/-6] 0,7447

10 300 32 2 (3, 'Stride',2) 32 16 64 40 [-5/-6] 0,7520

11 300 32 2 (3, 'Stride',2) 32 16 64 40 [-5/-6] 0,7656

12 300 32 2 (3, 'Stride',2) 64 32 64 40 [-5/-6] 0.8110

Table 5-2 .: Di�erent con�guration of the model and Average Precision results (AP) on
Matlab Dataset.

Figure 5-5 .: Las Vegas dataset. Note the almost null occlusion of the annotated objects.

in Table 5-3. It is important to note the high level of occlusion that many of the annotated
objects presents. We achieve an AP of 75 % (Figure5-6).

We compared the model against AlexNet and Faster-RCNN based on VGG16. Evaluating the
dataset with AlexNet model complemented with GMM background subtraction only achieves
17 % AP, while Faster R-CNN based on VGG16 raises the AP to 23 %. It is important
to remark that AlexNet+GMM model exploits spatio-temporal information of the video
sequence using GMM background subtraction, which seems to have problems dealing with
occlusions, and overlapping objects, as well as with the movement of the camera (Figure
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