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Abstract— This paper describes a modular tracking system rate low, since false positives decrease the driver’s trust in the
designed to improve the performance of a pedestrian detector. system.
The tracking system consists of two modules, dabeler and a ) ) ]
predictor. The former associates a tracking identifier to each ~ Vision based detection systems can exploit temporal corre-
pedestrian, keeping memory of the past history; this is achieved lation and enforce the processing of the current frame with the
by merging the detector and predictor outputs combined with  regylts of the previous frames. In fact, by taking into account
gata about vehicle motion. The predictor, basically a Kalman o qata obtained in the past history it is possible to strengthen
ilter, estimates the new pedestrian position by observing his L S
previous movements. Its output helps the labeler to improve the the decisions on the current frame. If a pedestrian is detected
match between the pedestrians detected in the new frame andin one single frame over a sequence of several frames it is
those observed in the previous shots (feedback). If a pedestrian isprobably a false positive; on the other hand, if a detection
occluded by some obstacle for a short while, the system continuesgccurred continuously in a sequence and disappears abruptly

tracking its movement using motion parameters. Moreover, it o yhe orrent image, then the detector is probably producing
is able to reassign the same tracking ID in case the occlusion

disappears in a short time. This behavior helps to correct @ Wrong result.
temporary mis-recognitions that occur when .the. detector fails. The tracking technique uses data about past detections
chlu?;isotﬁn;o;‘j"ziaﬁznpﬁgf;ﬁs?ngs‘r'ggul?s_quam'tat've performance(such as size and position of the target) ar_1d the detection
output in the current scene, and predicts, with small errors,
|. INTRODUCTION where a pedestrian will be in the future frame. This allows to
) S . follow targets even if in the next frame the detector fails the
Obstacle detection and classification in road scenes is Q@Rognition. Moreover, the system is capable of filtering out

of the most challenging tasks in the artificial vision fieldgy rious recognitions, reducing the number of false positives.
In recent years, several researches have been focused on the

detection of pedestrians, because of the great impact on roaffl€@surements obtained using vision sensors are affected by
safety. intrinsic errors due to quantization. These errors depend on the
Recent works on pedestrian detection using far infra-réistance of the observed object. Using past measurements, the
(FIR) images achieved promising results, thanks to the specRi€cision of the estimated target distance can be increased.
appearance of human beings in the FIR domain: effectiveThis work presents a modular tracking system that enforces
algorithms have been proposed [1], [2], [3], [4] to deteahe pedestrian detector under development at the Artificial
people in this domain. However, pedestrians can appear\iision and Intelligent System Laboratory of the University
a wide variety of clothings, postures, and sizes, therefore eusinParma in collaboration with Volkswagen AG. The work
sophisticated detectors turn out to fail in some cases. Detectisnbased on a previously developed system able to detect
can be affected by three major types of errors: pedestrians in front of a moving vehicle and to measure
(i) pedestrians may be unrecognized in some frames duethigir distance [5]. The proposed tracking system integrates
noise or unusual dresses or postures, the use of off-the-shelf additional sensors, mounted on current
(i) complex scenarios featuring objects resembling the héemmon vehicles, to obtain a better estimation of ego-motion
man shape may lead to false detections, parameters.

(ili) the pedestrian is detected but some parameters (e.9. siz§ectionil presents an overview on the state of the art about
or distance) are erroneously estimated by the algorithmgcking for pedestrian detectors. Sectith describes the
To improve the robustness of pedestrian recognition, sggstem structure. Results obtained comparing with the original
system should avoid missing critical targets and correcttietector performance are discussed in sectibnSectionV
measure the target parameters. It is of paramount importancedotains some final considerations regarding the overall system
achieve high detection rates while keeping the false detectioehavior and the guidelines for future developments.
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[l. STATE OF THE ART The predictor is a module that implements techniques to

] ) ] ) estimate the future position of each target through the obser-
Several studies presented in the literature describe systq§on of the evolution of its position.

for pedestrians tracking in video sequences taken by cameras
mounted on a vehicle [3], [4]. Some of them use single @&. Labeler

stereo[2] infrared cameras as source. Classic tracking tech=|.he labeler gets from the detector a list of bounding boxes

niques are ”S?d in some of these systems. In_ [6] a Kal%rﬂmd in the current frame. For each new bounding box the
based tracker Is used as a source to locate moving Pedesm?e[bseler estimates the overlapping with all the boxes found
f‘ metan-sh|ftdr?r:athod IS tus.ed. to f|r_1t<_j the exact position of t']ﬁ the previous frame: if the overlapping area is larger than
arget around the a posterion position. a threshold, which decreases with the obstacle distance, an

In order to reduce the high computational cost of thgsgociation is established between the two bounding boxes,
detection due to image analysis, some systems follow h a specific probability.

target in each frame using the predictions given by tracking-l-he generation of associations is performed in the 2D

and perform a new detection only when needed or every ﬁxﬁ'ﬂage. The use of the 3D space has been avoided because
number of frames; motion estimation parameters are necessagy uncertainty of measures made by a monocular vision
to minimize Kalman filter errors. In [7] sensors available iR, qiom increases with the distance. When the detector locates
off-the-shelf vehicles are integrated with a laserscanner andraeqestrian, the estimation of its baseline (the bounding box
FIR camera in order to enforce both ego-motion and obstagfiiom) can shift by few pixels across different frames, and
distance estimation. for far distances an offest of a few pixels corresponds to a
In this paper a new modular approach that combines Kalmggly meters. If this erroneous detection was used as input
filter prediction with past history analysis is presented. Thg, 5 3D |abeler, it would have been necessary to associate
contribute of this work is the introduction of a complete systepunding boxes that are even a few meters far apart in the 3D
integrating all the leading edge technologies in the field Qforid. There are obviously a number of cases in which this
pedestrians detection for vehicular applications. assumption leads to a wrong behavior. Labeler associations
A high performance detector produces a list of pedestriaffist rely on a robust distance estimation; this could be
in both image and 3D world coordinates. A prediction modulgptained for example by integrating a radar sensor in the
that uses Kalman filter and the previous overall system outpiyfstem.
generates a second list with the expected new position ancht this step a tracking label is assigned to each bounding
size for each pedestrian of the previous frame. Using thgy. If no association with the previous frame is found, the
two lists and a convenient set of rules, each pedestriancigndidate is classified as a new entry, but it is not immedi-
associated to a unique label or tracking identifier. Moreov%[te|y fed to the output as a pedestrian. To do that it must
data acquired from sensors installed on off-the-shelf vehiclegmain in the tracker loop for a given number of frames
such as odometers and inertial sensors, are used to correcWh@ipartite graph is generated to maintain associations, as
Kalman filter prediction error due to vehicle motion. This kinghown in figure2. Each class of the graph is the set of
of ego motion correction, based on measurements from Otlﬂ)@unding boxes found in a frame by the detector. Arcs are
sensors is more robust than any estimation made using Vvisiqsed to represent associations. For each arc an association
value is computed. Each new bounding box can be associated
Ill. SYSTEM STRUCTURE with at most all bounding boxes in the previous frame. This

) association is based on the assumption that a pedestrian does
The system is composed of three modules, as shownpg: move significantly in the image between two frames; this

figure 1. The pedestrian detector [8] is the module thak particularly true at the frame rates reached by real time
analyzes data coming from the FIR camera mounted on fhgpjications (at least 10 fps) if the vehicle goes up to 40 km/h
front bumper of the vehicle. It is based on a multl-resolutlog|Ong a straight way. The next step is the analysis of the
localization of warm symmetrical objects with specific sizgggociations already decided in order to preserve the same
and aspect ratio; the multi-resolution approach allows to detggbe| for new occurrences of the same objects. To achieve
both close and far pedestrians. A match against a settffs a time window of several frames (defined as parameter
3D models encoding human shape’s morphological and th@yring the initialization) describing the detector result and
mal characteristics is used as a validation process t0 remeNg corresponding associations between bounding boxes for
false positives. The detector output is a list of bounding boxggch frame, is maintained in memory. An example of this
In image cooerates, each containing a pedestrian. ~trellis structure is depicted in figurg, where a series of
The labeler is the central module that performs associatiofgéir frames and the relative associations between bounding
and high-level tasks such as obstacle motion interpretationplixes are defined. For each new bounding box that has to
keeps track of bounding boxes found in a certain number pg produced in output (i.e. having a lifetime of at least one

of past frames. Bounding boxes detected in the current fragg:le) an association tree is generated. The trellis is visited
are compared to those found in the last M frames and with

predictions made in the past by the predictor. 10ne in the current implementation.
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Fig. 1. The system structure. The labeler takes as input the pedestrian detection output, inertial data and the prediction about future position of past results.
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Fig. 2. Trellis maintained inside the labeler. Each node represents a boundfig 3. - Example of binary tree obtained from trellis during the assignment
box with its associated label. Each column represents bounding boxes fo@hdode ‘5’ label.
in a frame. The rightmost column is the last detected frame.

label that assumes the larger value will be assigned to the

backwards to build the tree. The tree related to the boundibgunding box under examination.
box labeled with number ‘5’ in the trellis of figur2is shown To obtain a reliable output and filter out spurious recogni-
in figure 3. tions, the labeler assumes a pedestrian has been found only

The tracking label for the bounding box in the root node iwhen it has been detected in two consecutive frames. It
generated as follows: a temporary new label is assigned to thigo tries to avoid false negatives: when the detector fails a
root node. Then, a set of possible labels is populated visitingcognition, there is a pedestrian present in the past that is not
the whole tree. In this set, the label that will substitute that @ssociated with any bounding box in the current frame. When
the root node is selected as the one with the highest associatlua situation happens, the labeler inserts a bounding box in the
index A, if it overcomes a threshold. This index is computegosition given by the prediction filter for the current frame, and

as follows: classifies it as a lost detection, as explained in the following.
1) Lost detections:The detection phase is sometimes af-

M—1NLi i fected by discontinuities: in urban traffic scenes, for instance,

AL= izl ]Zopj(L)e 1) pedestrians can be occluded for a few frames by other objects,

such as cars or other people. Furthermore, the detector itself
whereN_; is the number of bounding boxes of the i-th levebometimes fails to recognize a pedestrian in a single frame.
of the tree with label L, andpj(L) is the corresponding To avoid a discontinuous recognition, the labeler considers
association probability. not only bounding boxes found in the current frame by the
As an example, the bounding box temporary labeled as ‘Bétector, but also those that were detected in the past, labeling
can assume the label ‘1’, ‘2’ or ‘3". For each node of the treéhem aslost detections
a value, that depends on the association probability betweer\ lost detection is a pedestrian generated in the loop
the two considered bounding boxes, is computed. This valobemposed by the labeler and predictor; its presence is not
decreases exponentially as a function of the difference betwaemfirmed by image analysis, and its position is determined
the current frame timestamp and that containing the considet®sd a prediction: for these reasons, it should be somehow
bounding box. The frame timestamp, related to all boundirdistinguished from a pedestrian actually found in the image.
boxes in a certain frame, is maintained in the trellis. Thieost detection life-time is the time spent by such a bounding
computed value associated to each tree node depends alsbaain the loop. Probably, a lost detection is re-associated, at
lost detection life-time which is defined below. The probabilitthe following cycle, to a bounding box found by the detector.
of the label associated to the node can finally be updated. Tihehis happens, it becomes a pedestrian, that will have the
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same label of the lost detection, like depicted in figdre plane coordinates. The 2D to 3D mapping process computes

In the opposite case, it survives in the loop, withouhe distance of a pedestrian from the camera analyzing the
confirmation from the detector, for a time that depends drase of each bounding box. Therefore, for the optical flow
his previous detection probability. This probability decreasespmputation to work properly, all bounding boxes’ bottom
as the corresponding pedestrian is not detected in the flitrits should be accurately positioned, otherwise the distance
lowing images, under a decreasing exponential law. Whé&nom the camera is not correctly evaluated. This causes a
the detection probability becomes too low, the lost detectiowong 3D mapping and, finally, erroneous associations.
vanishes, because the corresponding pedestrian is not detectddie main contribution to the apparent movements in the
anymore, and this means it really disappeared from the sceimeage is due to the rotation, therefore the translation is
Furthermore, it would be very unreliable to determine theeglected; the perspective effect due to translation, in fact,
position of a pedestrian using many predictions not confirmeldes not significantly affect associations.
by any detection.

2) Vehicle motion estimationThe most limiting constraint ) i )
of tracking methods for vehicular applications concerns the ve- 1€ System should be able to continue the tracking even if
hicle movements. In fact, when the vehicle moves, particulafje detector fails the recognition for few frames; thus, some
along a bend, an object may appear in two consecutive franpigdictions of each pedestrian’s future movements should
in completely different positions, so that bounding boxe@e madg. Prediction filters perform this task by means of
referring to the same pedestrian can have no overlapping. THgservation of the past movements: at each frame, the input
prediction filter cannot produce right estimations, because tﬂ%the filter IS t_he posmop of each .pedestrla.n. fO‘%”d by the
apparent movement in the image plane is irregular and detector, while its output is the predicted position in the next
unpredictable. To cope with this problem, additional informdl@Me; Of course, the output becomes accurate when a few
tion is supplied as input to the labeler for every processd@mes have been analyzed. The predictor works in the 2D
frame: velocity and yaw-rate. These data come from sensgf@9€ plane domain, and its target is the central point of

commonly available on current production vehicles, and ata€ Pottom of each bounding box. Also a three dimensional

gathered through the CAN bus. By knowing car movemené?proaCh was gttempted, but it gave worse results. This i,s
and then also camera movements, it is possible to estim3ffause the distance of a pedestrian from the camera is
how the scene will change in the next frame; this way tHedlculated observing the position of the lower limit of the
labeler can associate bounding boxes correctly, even if th%?/und'ng box:_at dlstan_ces_ of35m, a plxel_corresp_onds to5m
are in different parts of the image. and the resulting longitudinal coordinate is very inaccurate,
The vehicle trajectory can be locally seen as an arc, who%'élqhmt suitable to kljlektracked. h hi blem: th
radius is infinite if the route is straight; this movement is _cr€ aré two well-known ap-proac es to this problem: the
the composition of a translation and a rotation occurrin -B-yfilter and the Kalman filter; both were applied, since the
at the same time. For simplicity sake, the two movemen stem is modular, and it is very easy to substitute one with

are considered separately. As a starting point, knowing tﬁgother. Their behavior automatically adjusts to the acquisition

velocity, yaw-rate and time T elapsed between the currdigriod, because calculated velocity and acceleration are those

frame and the previous one, the space driven by the car ween two sqbsequent frames. . .
its rotation can be calculated. ) a-B-y filter: This filter represents the simplest solution.

To evaluate the effect of rotation, the rotation angiat) It is a one-step ahead predictor that expresses the expected

is related to camera parameters by dividing it by the camegS1tion Xp of a pedestnaq in terms of the cprresppndmg
Emoothed positiorxs, velocity vs and acceleratioras, like

B. Motion Prediction

aperture angle; then, to compute how this ratio affects objec

movements in the image, it is multiplied by the image widtl ollows, [9]: 1
in pixel, IW: ot Xp(k+1) = xs(K) + Tvs(k) + >T2a5(K), (3)
d=Zw. @) 2
a wherek denotes a generic discrete time instant, and T is the

The numberd then represents the movement of all objectgeriod between two subsequent frames. There is also a similar
in the image plane, expressed in pixels, regardless of theftuation for the predicted velocity:

distance; positive valueg corrggpond to translatiolns to the right, Vp(k-+1) = vs(K) + Tas(K). 4)
because the yaw-rate is positive when the vehicle turns left.

Such a calculation contains some approximations, but it Tie smoothed parameters are calculated as weighted sum of
very fast to be performed, and an error of few pixels does n@stimates and evaluation erro (k) —Xp(k)), called innova-

significantly affect the performance of the labeler. tion:

' The second movement analyzed is the trqnslation. To take xs(k) = Xp(K) +a (Xo(K) — Xp(K)) (5)
into account the optical flow, each bounding box in the B

image plane is mapped into 3D coordinates, and then it is vs(k) = vp(k)+T(x0(k)—xp(k)) (6)
translated according to the distance covered by the vehicle. y

The translated bounding box is finally remapped in 2D image as(k) = as(k—1)+ 53 (Xo(k) = xp(K)), (7
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(b)

Fig. 4. Example of lost detection: in (a) the pedestrian is visible and a correct recognition occurs. In (b) the camera is occluded and the labeler generates a
lost detection. In (c) the pedestrian reappears and it takes the same label it had in (a).

wherex, is the observed (measured) position. The weightireg matrix such that:

factors, a, B and vy, have effects on the filter reactions to

discontinuities of the target position, and should be chosen z(k) = Hx(k) +v(k), (14)
according to stability conditions, [10]. The approach of this

wherev is the measurement noise. By applying these equa-
kind of predictor is one- dmenqonal, S0 two filters should bt ions, the Kalman filter is able to predict the most probable
used to track each pedestrian in the image plane.

future state vector, that is future position, velocity and accel-
2) Kalman filter: This prediction technique is more sophi So

ration.
ticated, and needs a model of the observed system, deflne
by some vector_s anql matrlces,_[_ll]. The _state vector use_d is IV. RESULTS
composed by six variables: position, velocity and acceleration . _
in the horizontal and vertical directions of the image plane, An example of the output provided by the tracking system

therefore it is a constant acceleration filter. The state veci§rdisplayed in figureés. Both a perspective view and bird-eye
is: view of the scene are given.

X — [ X V% oa Yy % a ]T7 @) The perspective view shows a shaded pounding box over-
lapped to each detected pedestrian. The distance and tracking
whereMT is the transpose of the matrM. The filter works label are also displayed. The tracker assigns a probability
in two steps called prediction and correction: the former trie4lue to each pedestrian. This value is used to control the
to evaluate the future state of the system, while the lattegdestrian alpha channel in the visualization of results: the
corrects the prediction using the measurement of some statere the detection probability is low, the more the bounding
variables. Kalman filter also takes into account the noise of thex looks transparent. Conversely, the distance of pedestrians
system, dynamically calculating the Kalman gain, a parametérused to control the visualization color. Distant pedestrians
used in the computation of the future state. The gain adie displayed in yellow and near pedestrians in red, and the
as a weight between measurement and past prediction. PROr changes accordingly to a law integrated into the display
prediction phase calculates the future state and the a pritction.
estimate error covariance, given by the following equations, The bird-eye view shows a map of the scene in front of the

respectively: vehicle as seen from above, like displayed in figbfe). For
each pedestrian a marker is displayed in correspondence to its
X (k+1) = AxK) (9) position.
P (k+1) = APKAT+Q, (10) The system has been tested on several sequences acquired

in different conditions of weather, scene, and environment.
whereP is the a posteriori estimate error covariance &d Tests have shown that the considered approach behaves well
is the process noise covariance. In the correction step, thigfth when the vehicle is still and moving, even along a bend.
parameters are evaluated: Kalman gaiik), a posteriori state This means that the ego-motion analysis performed using

estimatex(k) and a posteriori error covariance: CAN data gives good results, since the detector alone, on the
B T B 1 same sequence, failed most of times. Problems still remain

Kk) = P (KH" (HP (HT + R) (11)  when a pedestrian enters the scene running. In this case, even
x(k) = £ (K)+K(K) (z(k) —HX (K)) (12) when the vehicle is still, the recognition fails because correct

Pk} = (I1—K(KH)P (k) (13) associations cannot be made since the Kalman filter cannot be

appropriately trained. Moreover, camera pitch decreases the
in which R is the measurement noise covarianteis the overlapping between bounding boxes in subsequent frames,
identity matrix, z(k) is the vector of measurements aHdis this reducing the reliability of associations.
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pedestrians while the vehicle is driving along a bend. The ef-
fect of rotation is the most evident one, but another perspective
effect still exists when the vehicle is in motion along a straight
way. Thus, the labeler can be further improved by adding the
capability to analyze the effect of perspective when the vehicle
moves straight. In fact, even if the labeler works correctly also
without perspective motion analysis, this would lead to a more
robust pedestrian tracking. Another improvement regarding the
labeler concerns the capability of keeping the correct labels
when two or more pedestrians are occluded. For example,
if the trajectories of two pedestrians in the scene cross each
other, the labeler is not capable of keeping both labels during
the crossing, and at least one pedestrian is given a new label.
This happens because the future position of each pedestrian is
predicted one step ahead: at each frame, the filter predicts the
position only in the next one; on the other hand, a long term
prediction could correctly associate pedestrians even after their
trajectories crossed each other. Improvements will also involve
some code optimization, which can speed up the handling of

(b)

the structures used to keep memory of the past.
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Fig. 5. The perspective (a) and bird-eye (b) views.

(1]

Quantitative results have been assessed using a performanc
evaluation tool discussed in [12]. The integration of thg2]
tracking system improves the detection rate (+4%).

Time performance have been evaluated as well. The co
plete system (detector plus tracker) runs on a 2.8 GHz 1 GB
RAM Pentium 4 in an average time of about 80 ms. The
introduction of the tracker did not significantly affect the[4]
processing time.

V. CONCLUSIONS AND FURTHER DEVELOPMENTS
In this paper a new modular approach to the task o[fs]
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