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Abstract. We address the problem of vehicle detection and tracking for traffic
monitoring in Smart City applications. We introduce a novel approach for vehicle tracking by simultaneous detection and viewpoint estimation. An Extended
Kalman Filter (EKF) is adapted to describe the vehicle’s motion when not only
the pose of the object is measured, but also its viewpoint with respect to the camera. Specifically, we enhance the motion model with observations of the vehicle
viewpoint jointly extracted by the detection step. The approach is evaluated on
a novel and challenging dataset with different video sequences recorded at urban environments, which is released with the paper. Our experimental validation
confirms that the integration of an EKF with both detections and viewpoint estimations results beneficial.
Keywords: vehicle tracking, vehicle detection, tracking by detection, viewpoint
estimation, Smart City
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Introduction

Within the context of Smart Cities, there are several relevant applications which need a
robust system for detecting and tracking the vehicles in the scene. Some examples are
vehicle speed estimation [1] or illegal parking detection [2].
In a vehicle tracking application, a fundamental part of the pipeline is the object
detection step. However, we want to argue that it is also beneficial to incorporate to the
tracking model the observation of the object’s viewpoint. Can we recover this information jointly during the detection step? How can we efficiently integrate these pose
observations into the tracking approach? These are just two of the questions we want to
answer with this work.
Object class detection and recognition in images and videos has been a very popular research theme over the last years (e.g. [3,4,5,6,7]). That is, the objective of all
these works has been to estimate the bounding boxes in the images in order to localize
object of interest within them. Although it is a much less researched area, some recent
works propose to deal with the problem of estimating the viewpoint of the objects (e.g.
[8,9,10,11,12]). We do believe that this viewpoint observation can be beneficial for a
tracking model. For instance, if we humans look at the car shown in Figure 1, we are
able to infer its pose, and consequently to predict a logical direction for its movement.
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Fig. 1. We humans are able not only to detect an object, but also to estimate its viewpoint or
orientation. Furthermore, we are able to use this semantic information to estimate a logical direction for the movement of the object of interest. For instance, if a car is observed under a frontal
orientation, we will predict that it will move towards the camera position.

In this paper we propose a novel approach for vehicle tracking, using the Extended
Kalman Filter (EKF), which is able to simultaneously integrate into the motion model
both the position and the viewpoint of the object observed. The approach is evaluated
on a novel and challenging dataset with three video sequences recorded at urban environments. We publicly release the dataset, with the ground truth annotations, to provide
a common framework for evaluating the performance of vehicle detection and tracking
systems within the context of smart city applications.
The paper is structured as follows. In Section 2 we review related work. Section 3
introduces a detailed description of the tracking system. Section 4 presents experimental
results and Section 5 concludes the paper.
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Related work

The tracking-by-detection approach has become very popular recently [13,14,15]. A
common problem of most of this type of works is that the bounding boxes are not adequate to constrain the object motion sufficiently. This really complicates the estimation
of a robust trajectory. On the other hand, following the tracking-by-detection philosophy one is able to work in complex scenes and to provide automatic reinitialization by
continuous application of an object detector.
For the tracker, we use an EKF [16]. Other approaches have been proposed, like the
color based Mean-Shift[17] and Cam-Shift[18]. They are lightweight and robust, but in
a traffic urban scene, typically crowded with vehicles, they are not the best choice.
Some model-based tracking approaches use a 3D model, of a particular target object, in order to estimate its precise pose [19,20]. However, it is hard to run them in
complex outdoor settings where many different objects are present.
This paper builds on state-of-the-art object detection and viewpoint estimation approaches and leverages recent work in this area [11,7]. Specifically, we propose to learn
a system for simultaneous detection and viewpoint estimation, following a similar learning strategy to the one introduced in [11], but using the ground-HOG detector [7]. This
system is further integrated into the dynamic motion model of an EKF, which is used to
track the vehicles in the scene.
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Tracking by detection and viewpoint estimation

We present a new approach to address the problem of vehicle tracking via simultaneous detection and viewpoint estimation of the target objects. Essentially, ours is a
tracking-by-detection approach which incorporates the observations of the viewpoint
of the objects into the EKF motion model. This way, by adequately parameterizing the
scene, an object detection can be accompanied by a viewpoint, which is subsequently
associated to an orientation of the movement (see Figure 1).
For the tracking system, we decided to use the EKF [16]. A simple motion model
considering just the position and the speed of the vehicles using a Kalman Filter (KF)
is enough in some cases. To enhance its performance, we use the discrete and nonlinear version of the KF, i.e. the EKF, with the Ackermann steering model [21] for
vehicle’s non-holonomic motion. One of its main disadvantage is that, as the EKF is a
Taylor’s linearized version of the KF, it quickly diverges if the process is not perfectly
modeled, or if we are not able to get measures in a certain interval. We try to avoid
these limitations using the pose recovered from the detector to estimate the orientation
of the object movement. In order to track vehicles in crowded scenes, where occlusions
are one of the main problems to deal with, the EKF, with an adequate motion model,
results very convenient, specially if we compare it with other tracking approaches based
in color features (e.g. [18,17]).
We start briefly describing the object detection and viewpoint estimation step in
Section 3.1. Then, we offer a detailed description of how we integrate these observations
into the object tracking pipeline (Section 3.2).
3.1

Vehicle detection and pose observation

The basis for a tracking-by-detection and viewpoint estimation approach are the object
detections, which are defined as follows,
(i)

(i)

(i)

(i)

dt = [xt , yt , θt ]T ,
(i)

(i)

(1)
(i)

where, (xt , yt ) encodes the 2D position of the object, and θt corresponds to the
estimation of the viewpoint, for an object i at time stamp t. For the sake of clarity, we
shall mostly omit the superscript i in the following.
Inspired by [11], we propose to to learn a set of viewpoint vehicle detectors for four
particular viewpoints: frontal, rear, left and right. Instead of using the Deformable Part
Model [6], we use the HOG based model described in [7]. Specifically, for learning the
set of detectors we follow the next approach. We learn a HOG template for each viewpoint independently. Each template is refined using the hard negatives, as described in
[3]. Because the objective is to provide a precise viewpoint estimation, when training
for a particular pose (e.g. frontal), the negative examples may be extracted from images
with the same object class but from the opposite viewpoint (e.g. rear). During detection, and in order to combine all the outputs for the different viewpoints into a single
detection response, we follow a bounding box based non-maximum-suppression step
on the individual outputs. This way, the object detection step is able to feed the tracking
motion model with object detections like dt .
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Fig. 2. Ackermann Steering model [21]

3.2

Vehicle Tracking

We define a measurement vector z t ∈ R3 as z t = [xt , yt , θt ]T , and we assume that the
tracking process has a state vector xt ∈ R6 as xt = [xt , yt , θt , vt , φt , at ]T , where: xt
and yt encode the position of the object in the image (i.e. the center of the bounding
box), θt defines the orientation of the movement, φt is the steering angle, and vt and
at are the linear speed and the tangential acceleration, respectively. This formulation
corresponds to the Ackermann steering model for cars [21]. See Figure 2 for a graphical
representation of the dynamic model.
We use an EKF in combination with this dynamic model to describe the motion of
the vehicles. The EKF is a recursive Bayesian filter which iteratively repeats two steps
at each frame: first, it estimates the object state x−
t by applying the dynamic model to
the previous state xt−1 ; second, it updates the resulting state to the corrected state xt
for the current frame by fusing it with the new observation dt .
According to the dynamic model proposed, we define the following state transition
function f : R6 → R6 as
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Note that L is the distance between the axles of the car, we fixed it to the value of
3.2 m.
We follow a hypothesize-and-verify framework for the proposed tracker. Each vehicle trajectory hypothesis is defined as H (i) = [D(i) , A(i) ], where D(i) denotes its
supporting detections, and A(i) is the appearance model for the vehicle. For A(i) , we
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choose an (8 × 8 × 8)-bin color histogram in HSV space. As in [15], given a bounding
box via the detector, we do not directly compute the histogram for all its pixels. Instead,
we preprocess the image within this detection window. Rejecting the portion of the
bounding box that is not vehicle is extremely important in order to be able to perform
a good matching from one frame to another. Also, we must be resistant to small color
variations produced by illumination changes. In order to accentuate the pixels located
at the center, we process the image inside each bounding box using a Gaussian kernel
to weight each pixel at position x and y as follows,

αx,y = e

(x−xc )2
( w )2
δ

+

(y−yc )2
( h )2
δ

,

(3)

where w and h are respectively the width and the height of the bounding box where
the histogram is computed, xc and yc encode the center of the bounding box, and δ
is an empirical constant with a value of 2. Finally, we compute the histogram in HSV
color space only for those weighted pixels inside an ellipse fitted to the bounding box.
This final step allows us to ignore portions of the image located at the corners that are
typically asphalt. Figure 3 graphically shows how the preprocessing pipeline works.

(a)

(b)

(c)

Fig. 3. Preprocessing of the detection window before computing its histogram. a) Original image.
b) Image weighted with a Gaussian kernel. c) Image masked with an ellipse.

(i)

Every time a new observation dt is added to a trajectory, we update the appearance
(i)
(i)
model as follows, A(i) = at , where at encodes the appearance of the new measure. If
there is no measure available, the appearance model is updated using the last estimation.
For the data association step, we measure the similarity of an object and its hypothesis
using the Bhattacharyya distance [22] between the histograms,
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Results

4.1

Experimental setup

We have tested our approach in the novel GRAM Road-Traffic Monitoring (GRAMRTM) dataset. It consists of 3 challenging video sequences, recorded under different
conditions and with different platforms. The first video, called M-30 (7520 frames), has
been recorded in a sunny day with a Nikon Coolpix L20 camera, with a resolution of
640 × 480 @30 fps. The video was scaled to 2000 × 1200. The second sequence, called
M-30-HD (9390 frames), has been recorded in the same place but during a cloudy
day, and with a high resolution camera: a Nikon DX3100 at 1280 × 720 @30 fps.
In this case, the video was scaled at 2980 × 1788. The third video sequence, called
Urban1 (23435 frames), has been recorded in a busy intersection with a low-quality
traffic camera with a resolution of 480 × 320 @25fps. This video was also scaled to
2980 × 1788. Figure 4 shows some examples of the images provided in the dataset.
All the vehicles in the GRAM- RTM dataset have been manually annotated using the
tool described in [23]. The following categories are provided: car, truck, van, and
big-truck. The total number of different objects in each sequence is: 256 for M-30,
235 for M-30-HD and 237 for Urban1. Note that we provide a unique identifier for
each vehicle. All the annotations included in the GRAM-RTM were created in an XML
format PASCAL VOC compatible [24]. The vehicles that appear within the red areas
shown in the second row of Figure 4 have not been annotated, hence any detection in
these areas must be discarded before the experimental evaluation. We publicly release
the GRAM-RTM dataset3 , including the images, the annotations, and a set of tools for
accessing and managing the database. Our aim is to establish a new benchmark for
evaluating vehicle tracking and road- traffic monitoring algorithms within the context
of Smart City applications.
For establishing further fair comparisons, we encourage to use for training the systems any data except the provided sequences. The test data provided with these sequences must be used strictly for reporting of results alone - it must not be used in any
way to train or tune systems, for example by running multiple parameter choices and
reporting the best results obtained.
We define two evaluation metrics. First, for detection, we propose to use the Average
Precision (AP), which is the standard metric used in the object detection competition
of the last PASCAL VOC challenges [24]. For the evaluation of the tracking, inspired
by [25], we propose to use the AP and precision/recall curves too. That is, for each
estimated bounding box given by the tracking ROIT , we measure its overlap with the
ground truth bounding box provided ROIG . An estimation is considered valid if it is
over a threshold τ ,
area(ROIT ∩ ROIG )
>τ.
area(ROIT ∪ ROIG )

(5)

Normally, for object detection performance evaluations in the PASCAL VOC challenge, τ = 0.5. In our tracking scenario, we propose to use a less restrictive threshold
3

http://agamenon.tsc.uah.es/Personales/rlopez/data/rtm/
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 4. GRAM Road-Traffic Monitoring dataset images. Row 1: Examples of images for the sequences: a) M-30, b) M-30-HD, c) Urban1. Row 2: Exclusion areas (in red). Vehicles within
these areas have not been annotated.

of 0.2 (for both the detection and tracking AP computations). This strategy has been
also considered within the context of object detection [26].
Note that with this new criterion, when a tracking systems is going to be evaluated,
we can consider the four cases represented in Figure 5. Basically, the AP is adequate for
measuring the four situations proposed. However, for penalizing the situation drawn in
Figure 5(d), we propose to also compare the different methods by providing the number
of vehicles counted during the sequence. We do believe that with these three evaluations
metrics, AP for detection, AP for tracking, and number of vehicles tracked, we provide
a rigorous benchmark.
Technical details. As it was described in Section 3.1, we train a multi-view detector
using the groundHOG [7]. We use the PASCAL VOC 2007 dataset [24] as training set to
learn four viewpoints for the category car: frontal, left, right and rear. The groundHOG
was parameterized with different values of HOG window and HOG descriptor for each
viewpoint. See Table 1 for all the details. Depending on the sequence, detections with
a score below a threshold are discarded: M-30 (0.3), M-30-HD (0.21) and Urban1
(0.17).
4.2

Results

Detection results. First, we analyze the results of our detector in order to provide a
baseline to establish further comparisons, specially with the tracking results. As it can
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(a)

(b)

(c)

(d)

Fig. 5. Tracking Evaluation cases: a) Detector and Tracker are correct. b) Detector fails and
Tracker is correct. c) Detector and Tracker fail (only one vehicle is counted). d) Detector and
Tracker fail (more than one vehicle is counted)
Frontal
Left
Rear
Right
HOG window (width, height) (145,107) (145,57) (145,107) (145,57)
HOG descriptor (width, height) (16,12) (16,6) (16,12) (16,6)
Table 1. groundHOG’s settings

be seen in Figure 6, with the thresholds considered in our detectors, we have a very
conservative approach where the number of false positives is under control. The recall
is low, and the precision is high, i.e. our system only provides very confident detections.
Note that within the context of smart cities and surveillance applications, it is important
to control the number of false positives. The Urban1 sequence is more challenging due
to the variation in viewpoint and scale of the objects within it. Furthermore, it seems
that our detector is able to deal with very different image resolutions and qualities.
Surprisingly, the best average precision was obtained in the most difficult sequence:
Urban1, with a value of 0.4872.
Tracking results. With the introduced benchmark, we can evaluate the tracking
precision of the proposed EKF with pose information. As a baseline, we also report
the results of a simple EKF, with the same dynamic model, but where the pose of the
object is not observed through the detector. We call this second approach EKF-NP (no
pose). Figure 7 shows the results obtained. In general, the EKF obtains higher APs
than the EKF-NP for all the sequences, which confirms our hypothesis: to observe the
orientation of the object during the detection step improves the tracking. This increment
is very relevant for both M-30 sequences. It is also relevant the increment of the recall
with respect to the detection curves (see Table 2), which confirms the benefits of using
the proposed tracking approaches. The robustness of the tracker relies on the video
quality due to the data association step. As resolution and quality decay, histograms of
close regions will be more similar and in that way, more incorrect matchings will be
performed, increasing the false positive ratio. This explains the false positive obtained
for the Urban 1 sequence. Finally, in Table 3 we show that our approach is the best
one counting the cars in the scene.
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Fig. 6. Precision/Recall curves for object detection: a) M-30, b) M-30-HD c) Urban1.
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Fig. 7. Precision/Recall curves for vehicle tracking: a) M-30, b) M-30-HD c) Urban1.
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Conclusion

We have proposed a novel approach for tracking vehicles. Using the EKF, our architecture is able to simultaneously integrate into the motion model both the detections
and the viewpoint estimations of the objects observed. Our experimental evaluation in
a novel and challenging dataset confirms that this semantic information is beneficial for
the tracking.
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