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Abstract

In this paper we present steps towards the automatic dateativul-
nerable road users in video. Such a system can e.g. be useduat®matic
blind spot camera for trucks. The aim of the system is to aatwmally
warn the driver when the algorithm detects vulnerable rosaerauin the
camera images. Such an application implies severe time erfidrmance
constraints on the vision system, which introduce sevédrallenges that
need to be tackled. In this paper we described a first steprdsveach an
intelligent detection system. We compare two differentgstdan tracking
algorithms that we developed and implemented, with resfiethe de-
tection results and the applicability towards real-timefgrenance. Both
algorithms start from the same appearance-based peded#tector, and
are based on a tracking-by-detection approach. The firstitigh uses the
appearance-based detector in a Kalman filter motion modehdwork.
The second algorithm uses the probablistic detection trésw particle
filter framework, to enable the use of multiple tracking hyasis. We
recorded two datasets: one with a standard camera from axgneghicle
and one recorded with a real blind-spot camera. At the momeitiation
of the algorithms is performed on the first dataset. To aehieal-time
performance we implemented part of the appearance-basiesgtpan de-
tector onto dedicated GPU hardware using OpenCL. The speedults
that we achieved will also be discussed.

1 Introduction

This paper addresses the problem of the blind-spot zondvewavith trucks.
According to a report of the European Commission [2006],01&&sualities are



Figure 1. Vulnerable road users are a very diverse class.

caused every year because of this blind spot zone. Resd@oals shat the in-
troduction of the blind spot mirror, obliged by law in the Eldee 2003, did not
decrease the number of casualities. Therefore we aim tdafesr active vision
system which warns the driver based on camera images fromdégpot cam-
era. Existing active systems on the market today (e.g.sdiig sensors) cannot
detect the difference between vulnerable road users atci@igects. They gen-
erate false alarms and become annoying to the truck driveth&\Weve that a vi-
sion system can tackle these problems. Vulnerable road hearever are a very
diverse object class. Besides pedestrians, we also needdct@.g. bicyclists,
children, wheelchair users and mopeds. So our detectidaraysas to deal with
multi-class, multi-view and multi-pose object trackingésfigure 1). Since the
field of view of the camera covers the blind spot area on the sidhe truck, a
camera image with a highly dynamic background is generakédrefore stan-
dard computer vision techniques, such as background stibtmar background
modeling, cannot be used here. Other challenges include#i¢ime character
of the application. Only limited time is available to detéa¢ vulnerable road
users. This contradicts with the need for a high precisiahracall rate. In this
paper we present work towards such a fully automatic vubiier@ad user detec-
tion system. We propose two pedestrian tracking algoritffamd compare them
based on their accuracy, and on their speed of executiorh &@gorithms start
from an appearance-based detector which is based on theaappboy Felzen-
szwalb et al. [2008]. They proposed a multi-part HOG modeir @ain motiva-
tion for this choice is based on the work of Enzweiler and @ay2009], who
stated that this HOG model outperforms other state-ofattieletection systems
such as the wavelet-based AdaBoost cascade [Viola and, BRI, combined
shape-texture models and neural networks.

The first pedestrian tracking algorithm is based on a tragkiyrdetection
Kalman framework. Pedestrians are detected in a singleeframd using our
motion model the next position is estimated. Based on thimated next po-
sition in the consecutive frame, another appearance-tietedtion is done. If
a match is found our tracker is updated. The second pedestigarithm uses
a multi-hypothesis approach: the probabilistic outcoméhefdetector is inte-
grated into a particle framework. In consecutive framess@esis calculated
for each particle. Based on this score the particles areigénesl. To achieve
real-time performance, we implemented part of the FelszalirHOG detector
on a GPU architecture.

The paper is structured as follows: in section 2 related woricerning this
topic is given. Section 3 give an in-depth overview of the fweviously men-



tioned algorithms that we developed. Section 4 describesxqaerimental setup
and the comparison results of our two algorithms. In sediove describe the
results of our HOG detector implementation in OpenCL on citeéid GPU hard-
ware. In section 6 we conclude this paper by giving some fiealarks and a
look on future work on this research topic.

2 Related work

An extensive amount of research on object detection is avail Two well-
know approaches are the Viola and Jones [2001] object dmteithmework,
and the HOG model approach as introduced by Felzenszwalb[20@8]. Vi-
ola and Jones use the response of Haar-wavelets as weaifienlasputs for
AdaBoost, which combines them into one or more strong dlassi This results
into an extremely rapid object detection framework. Liemlad Maydt [2002]
extended this idea by introducing tilted Haar-waveletdesd. Messom and Bar-
czak [2006] further generalized this concept into genestated Haar-wavelet
features. Felszenzwalb et al introduced a new approachdswaject detection.
They extended the idea of Dalal and Triggs [2005], which us®grams of the
orientation of the gradient (HOG) as object model, with a4pased model. Ac-
cording to Enzweiler and Gavrila [2009], the Wavelet-AdaBbcombination is
fast to calculate with medium accuracy, while the HOG modfgrs excellent
accuracy results at the cost of the high calculation conifygiekherefore we used
the HOG approach as our initial detector, and tackle the coatipnal complex-
ity by an implementation into dedicated GPU architecturené&rning pedes-
trian tracking frameworks, most of them are based on a fixeddraund [Viola
et al., 2005, Seitner and Hanbury, 2006], use a multi-caset# [Gavrila and
Munder, 2007] or cannot be used in multi-pedestrian sibmati WWe want to de-
velop a real-time monocular system which can detect padastirom a moving
camera. To achieve this, we use two model estimation teaksiga Kalman
filter [Kalman, 1960] and a particle filter [Arulampalam et,&002]. EXxist-
ing tracking frameworks based on particle filters often usgke target models
which are fast to calculate, for example color distribusigNummiaro et al.,
2002]. These techniques are only suitable in situationls mihimal occlusion,
and when the appearance of the object only slightly changesintroduce the
use of a very robust appearance-based pedestrian detatgmnithm as an in-
put for a particle filter framework. This results in reliattecking even in harsh
conditions.

3 Algorithms

In orde to achieve high recall and precision rates, bothrélguos that we devel-
oped rely on the same initial appearance-based pedesgtantin algorithm.
Therefore we will briefly explain this approach, followed the two algorithms
that we developed.



Figure2: The HOG model of a pedestrian. Left: root filter, middle: daters,
right: prior estimation of the position of the parts.
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3.1 Initial HOG pedestrian detector

As initial pedestrian detector we use the object detectigorahm from Felzen-
szwalb et al. [2010b,c]. Their model consists of a root filgart filters and a
prior estimation of the position of the different parts widspect to the root fil-
ter. This generic approach can be used to detect a wide yafiebjects, given
enough input images to train the HOG model. Figure 2 show$ith& model
of a pedestrian. After the model is constructed, objectatiete is performed
by building a scale-space pyramid of the input image to ipocate scale in-
variance. For each scale the HOG feature is calculated. i@medomputes the
response of the root filter together with the transformefdaase of the different
parts, which is calculated at twice the spatial resolutibthe root filter itself.
This approach leads to a very robust object detector. Tha thaadvantage of
this detector is its computational complexity. Since onedseto look for ob-
jects at each scale and position for both the root filter arddifferent parts,
detection is a time-consuming step. Recently the authapgsed a new de-
tection object cascade [Felzenszwalb et al., 2010a]. Tha m™ea is that one
first looks for a weaker model and if this passes the modelristeed with more
information, thus enabeling fast rejection. This is somavgimilar to the Haar-
wavelet/AdaBoost object detection cascade.

3.2 Kalman Tracking-by-detection framework

The first algorithm we developed is a tracking-by-detectramework using a
Kalman motion model. It works as follows. An initial searaygion is defined
in an image, where one expects that pedestrians enter the.frin this search
region we run the pedestrian cascaded HOG model. If a p&atessrfound,
the centroid of this detection is calculated, and a Kalmaerfinotion model is
instantiated. Using the motion model, the estimated pwsif the next centroid
is calculated. Around this estimated position a circulajiae, of which the
radius depends on the scale of the detection, is defined. clwte closer to
the horizon are given a smaller radius. Finally the new $esegion in which
we need to look for a detection in the consecutive frame isutalled. In the
case of multiple pedestrian detections overlapping se@gions are combined
to reduce computation time. To further increase robustwesstroduced some



Figure 3: Example tracking sequence using Kalman filter
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application specific constraints. Detections above theborand detections of
which the ratio of the bounding box is inconsistent with tkpexted scale in the
image are discarded. To track the pedestrians in subsefyaargs, we run the
HOG detector on the new search regions. If a centroid of agigde is found
in the previously calculated circular region they are matrand the Kalman
motion model is updated with this information. In the casenoftiple matches
we match the one that yields the smallest Euclidean distatfceo match is
found, the tracker is updated using the estimated positidgheoKalman filter.
If for multiple frames no match is found, the tracker is drsted. For each new
detection, a motion model is instantiated. Figure 3 showsxample of our
pedestrian tracker. More details can be found in Van Beeek §011].

Our Kalman model is based on a constant velocity motion moQeir ex-
periments yield that this is a valid choice. Our initial K@mmotion vector is
the opposite of the motion vector of the camera, since we sannae that the
walking speed is negligible compared to the speed of thetitself. As our
state vector the position and velocity vector is used:

{L‘k:[l’ Y Uz Uy}T (1)

Only the position is observable. The Kalman filter is impleneel with the
following time update equationt, = Az,_,. Herez, refers to thea priori
state estimate at timestép while z;, refers to thea posteriori state estimate at
timestepk. Since we use a constant motion model our process matrix A be-
comes:

(2)

OO O =
O O~ O
O = O
—_— o = O

The use of this Kalman filter framework allows for a near ré&ale imple-
mentation at very high accuracy, as we will show in section 4.

3.3 Probabilistic Particle-based framewor k

Using a Kalman filter we can only keep track of one specific liypsis. This
can be a disadvantage, especially in case of challengingpenvents. Since the



Figure 4: The likelihood of there being a person at that position inithage

HOG detector calculates a score which defines how high trextiet matches
the pedestrian model, we can use this score into a prokabitismework. This
allows multi-hypothesis tracking, thereby increasing #iteuracy. We used a
particle filter [Arulampalam et al., 2002] to implement tipiobabilistic frame-
work. Particle filters approximate the probability dengityctionp(xo.;|z1.) Of
the state vector using a weighted set of discrete samples:

p(zo:t|21) = Zwt 8w — x5) 3)

With normalized weights)_, w; = 1). The samples are drawn from &amn-
portance sampling distribution 7(x.|21.¢), and the importance weight are calcu-
lated using:

_ P(@oe| 1)
w(ajO:t) B 7T(370:t|21:t) @

In practice one uses the prior as importance density|z\”,, z,) = p(z|z",)
such that the weights are calculated using:

w = wl p(z|zl) (5)

Each sample, called a particle, is propagated using a spawifiion model.
When a new detection is found, the discrete sample set igegd@sed on the
observation and resampled. Each patrticle thus correlatesavspecific hypo-
thetical state. The weight of each particle indicates howartant the particle
Is. As motion model we used the same model as used for the Kdiftex im-
plementation. To reweight the sample set, we calculatedohn @article the like-
lihood of there being a person at that Iocat;z(mt|x(z)) using the HOG model
outcome. Figure 4 shows such a calculated likelihood heat fRmure 5 gives
a tracking sequence using the particle filter approach.dm#éxt section we will
discuss accuracy and speed results with this framework.



Figure 5. Example tracking sequence using Patrticle filter
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4 Experiments & Results

To evaluate our algorithms, we recorded two datasets. ielfitaset is recorded
from a moving vehicle with a standard camera, and consistaboit 2000
frames in which both pedestrians and bicyclists are visilblge second dataset
is recorded with a real blind-spot camera from a static tarak only pedestrians
are recorded, for a total of 10000 frames. Both datasetsiaided into short
sequences: the first dataset contains 12 sequences whdedtwed dataset con-
tains 7 sequences. The frame rates of both cameras equalsSl&i | resolution
of 6402480. Figure 6 shows the blind-spot camera that we used for ownskc
dataset. It has a viewing angel of 115 degrees, thus thetirgsuhages have a
high degree of distortion at the borders. Figure 7 gives ceraé of each of the
two datasets to get an idea of the camera position and distoitlote the large
distortion in the right image. At the moment evaluation & #igorithms is done
using the first dataset.

Our algorithms are implemented in Matlab and partially ifrCthis evalua-
tion results no OpenCL optimizations are used for the montemt the particle
filter we used 10 particles in our evaluation. The resultsamputed on an Intel
Xeon Quad Core with a clock speed of 3 GHz, using an unpawtlsingle-
threaded manner. When we run the standard Felszenzwalbtpadeletection
software as given by Felzenszwalb et al. [2010c] over aneeframe detection
time equals on average 1.17 seconds (0.86 FPS). Table 2 bhaspé¢ed results
of our tracking algorithms on the first data set, averaged allesequences in
that dataset. Table 1 shows accuracy results for the Kalrtanifhplementation
(Van Beeck et al. [2011]). We notice that our Kalman traclagprithm greatly
reduces the computation time because of the reduced sqzch, svhile main-
taining both high precision and recall rates. The partidterfimplementation
has the advantage that one can model both non-linear syatetnmson-gaussian
distributions. A disadvantage is that for each particle m@eds to recalculate its

Table 1: Accuracy results for Kalman Filter approach.

avg. fps| precision recall
seq. 1 9.57 0.76 0.92
seq. 2 8.97 0.95 0.93
seq. 3 9.47 0.95 0.8

average | 9.34 0.89 0.88




Table 2: Speed Results for both our algorithm implementations

Dataset 1
Average max. FP$ 12.6 FPS
Kalman Filter Approach | Average min. FPS 2.8 FPS

Average FPS 8.6 FPS
Average max. FP$ 0.25 FPS
Particle Filter Approach | Average min. FPS 0.11 FPS
Average FPS | 0.22 FPS

Figure 6: Our blind spot camera mounted on the test truck.
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weight. To maintain a reasonable complexity only simpleglierecalculations
can be used, such as color histograms. In our implementatamsed the HOG
model to recalculate the weights, to increase invariano@ject variations. This
however comes at the cost of high computational complexitych lead to low
frame rates, as can be seen in table 2. In the future we hopecteate the
computational time using the OpenCL implementation, arectlis particle filter
framework as our default detector.

5 Implementation

To achieve real-time execution times, we are developing@enQGL implemen-
tation for the Felzenszwalb star cascade object deteclgmmitom. In this sec-
tion we present the results of our ongoing work. The code veeisi®ased on
their implementation, no optimizations are performed \Whatfect the precision
of the results. To generate reliable statistics, we average timing over 100
runs. The GPU implementation is executed on a dedicated NVIBTX295
card. In table 3 the specifications of this card are given. CR& execution is
performed on a Intel core i7 870 processor with 2.93GHz.

In section 3 we gave a brief overview of how the object detecits done.
First a feature pyramid is built, and one search for the dljexxlel on each layer
of the pyramid. To construct this feature pyramid the soumtage is rescaled
multiple times, and a scale-space pyramid is constructede&ch image in the
resulting image pyramid, the HOG-features are calculatgeltion 5.1 details



Figure 7. Example frames from our datasets. Left: standard cameghtRieal
blind-spot camera
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the image rescaling step, while section 5.2 goes more deeytlye feature com-
putation step.

5.1 ImageRescaling

First, the image must be rescaled to build a scale-spacenmyrBhe scaling fac-
tor is 2'/™ wheren determines the number of layers in the pyramid. Each image
is rescaled from the original image, thus the rescalinggssds independent of
other images, which makes it parallelizable. Since thecounage is used mul-
tiple times, we put this in texture memory so we can profit frcexhing. The
source image is kept in integer format to minimize the datedfer to the GPU.
Because it is smaller, the number of pixels we can cacheasese Transfering
the image to the GPU takes approximatély.s. The rescaling of the image is
done in two steps. First we rescale in horizontal directadtgrwards in vertical
direction. In both steps the rescaling for each row (or columthe case of verti-
cal rescaling) is based on the same pixels. Thus, for eatd weacalculate two
arrays which define which pixels to use in a row/column anduese to rescale
all rows/columns in parallel. Figure 8 shows the timing parfance of our GPU
resize implementation. In the first scale no rescaling i$opered, hence this
is very fast. Because the size of the arrays decreases witimidige scale the
computational time also decreases, since less calcutatieed to be performed.
This is clearly visible for scales 2 to 10.

Since each pixel of the resulting image can be calculategjpeddently, we
could calculate all of these pixels in parallel. This is ddmyelaunching one
thread per destination pixel. In figure 10 the resulting wlalton time is given.
Because of the high degree of paralellism a large improvémearoticed over
the previous approach, and no CPU work has to be done in aglvitawvever,

Table 3

OpenCL version 1.0

CUDA cores 480 (240 per GPU)
compute units | 30

Clock frequency| 1242MHz

Global memory | 1792MB (896MB per GPU)
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Figure 8: GPU time needed to calculate pixels of a resized image oerdift
scales, using one thread per row/column.
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Figure 9: Number of elements in the arrays used to rescale the images.
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one can note that the improvement is not proportional tokesased number
of threads. There is still room for further improvement.

The goal of the implementation on GPU was to improve the tieeded by
the CPU to construct the image pyramid. Figure 11 shows tHe &fculation
time, compared with both GPU implementation times. Notlee lhuge differ-
ence in time performance: while the first GPU implementatequires only
about3.5ms per scale, the CPU consum&&ns per scale. To further reduce
the calculation time using the one pixel per thread impletiatém the GPU uses
only about400us. This illustrates the big time performance increase onegean
from a GPU implementation. The shape of the curve is simddoathe GPU.
One can see in figure 9 that going from scale 1 to scale 2 theokittee array
doubles. Therefore on GPU the calculation time is doubladZBU this is not
the case. This is due to the type of memory. On GPU the amoladagafsses to
global memory forms a bottleneck for speed where on CPU tiflisence is far
less noticable since more time is spent on calculation timamemory transfers.

5.2 Feature calculation

To construct the feature pyramid, we have to calculate th&Hgatures for each
image of the scale-space image pyramid. The calculatioheHOG features
consist of two parts: first a histogram of gradients is crebatend then these
gradients are used to calculate the feature values therigekilso implemented
this second part on GPU. The resulting feature pyramid stgef 32 layers, and
each thread calculates one value in each layer. The conyeaCRU versus GPU
timing results are given in figure 12. We can notice the desingacalculation

time with the size of the image we have to process. Here wemalBoe a huge
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Figure 10: GPU time needed to calculate pixels of a resizes image oerdift
scales, using one thread per pixel.
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Figure 11: CPU time versus GPU time needed to calculate pixels of agésiz
image for different scales.
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improvement of the GPU implementation over the CPU implaiten. These
results are calculated without taking into account the tmaeded to transfer
the histograms to GPU. The reason for this is that in a latpfementation we
will implement the whole feature pyramid calculation on G8Jonly the final

pyramid should be transfered back to host memory.

5.3 Conclusion on GPU implementation

Table 4 summarizes the timing results of our implementatiqrarts of the Fel-

szenzwalbs [Felzenszwalb et al., 2010a] algorithm on CRUGPU. As can be
seen, it is a work in progress, but the most computationathrisive parts show
a huge speedup when implemented on GPU. Since the layers st#fe-space
pyramid can be calculated independent of each other, weucethe GPU parts
in parallel. To make a fair comparison with the CPU impleraéioh, we also

keep the GPU implementation sequential.

Table 4: Summary of timing results for sequential calculation of &¢ales
CPU (ms) | GPU (ms)

35.519
Rescale 277.93 5316

Features 70.89 2.86
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Figure 12: CPU time versus GPU time needed to calculate the featuresf out
the histograms.
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6 Conclusion and Future Work

We presented the unique combination of a very robust appeaitaased detector
and two tracking frameworks: one based on a Kalman filter @ggr and one
based on a Particle filter. Experiments on self-recordeasg#$ show promising
results towards accuracy and speed measurements for theaKainplementa-
tion. Furthermore we presented our ongoing work on the implgation of this
appearance-based detector into dedicated GPU hardwéuethter speedup our
tracking algorithms. Future work involves the implemeioiaiof the remaining
parts of the algorithm in GPU, and the integration of this lenpentation into
our tracking frameworks.
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