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Abstract

Detecting moving pedestrians and vehicles with
foreground segmentation algorithms is problematic
during fluctuating lighting conditions. Edge-based
approaches are more robust to lighting than the
conventional intensity-based ones. The issue with
edge-based approaches though is segmenting the
internal foreground areas. In this work a strategy
is developed to detect complete foreground areas.
Firstly, edge-extraction is performed at multiple-
scales which increases the initial area detected.
To complete the detection of object areas, edge-
motion-history-images are introduced. The final
segmentation is achieved with a region growing
algorithm in the edge-motion-history-image. Ex-
amples are shown of the successful extraction of
foreground objects through changing lighting con-
ditions.

I ntroduction

regions of foreground objects is difficult. The three exist-
ing edge-based approacH&avis and Sharma, 200BJaved

et al, 2004,[Yokoyama and Poggio, 20Dpresent different
techniques to fill-in in internal object areas, however ag-ad
quate solution is still elusive.

The aim of this work is use an edge-based foreground seg-
mentation to detect whole foreground areas without crgatin
information that is not directly available in the input inesg
The first stage of the proposed method is to increase the ar-
eas initially detected by using relative-intensity inf@tion
at multiple scales. This, as will be seen, is not enough to
detect complete foreground areas, and therefore the second
stage of the approach is to introduce edge-motion-history-
images as a means to complete the segmentation. Motion
history images (MHI) were developed by Davis and Bobick
in [Davis and Bobick, 1997for intensity images, and this
paper presents a novel application to edge images. The final
stage of the approach is a region growing algorithm designed
to select only internal foreground areas and not seledirtgai
areas of motion history behind moving objects.

This paper will first discuss the related work, and then in-
troduce the unique solution with results showing succéssfu

Foreground segmentation is an active area of research Withs%gmentation of moving pedestrians and vehicles.

primary application of detecting moving pedestrians and ve

hicles using static surveillance cameras. Foregroundsegm 2 Related Work

tation algorithms should be ideally unaffected by fluctogti

lighting, but this is a difficult problem.

on models of raw intensity measuremet®ccardi, 2004
and are susceptible to error in fluctuating lighting. AnyImage intensity measurements are a fusion of illumination
change in pixel intensity can either be from changes indight sourcel, object reflectanc® and camera sensitivi@, over

ing or changes in object reflectance, and it is not feasible tdght wavelength\:

competently differentiate between the two causes of iitiens
changes, using only one pixel. There are recent foreground

segmentation emerginfDavis and Sharma, 20Qflaved
et al, 2004,[Yokoyama and Poggio, 20D%vhich are not
intensity-based but instead are edge-based. Edges aredleri ongih gistribution the intensity formation equation slifigs
from relative-intensity information, which has the advage
of being intrinsically robust to uniform lighting changes.

Foreground segmentation approaches are traditionallydbas

Traditional foreground segmentation approaches are basé intensity measurements, and PiccéRiccardi, 200#pro-

vides a survey of the predominant intensity-based teclasiqu

I(p) = | LVRA)SA)AA @

_lgnoring the sensitivity of the photo-receptors and theavav

to:
I(p) =LR )

Although edge-based foreground segmentation can reli-

ably detect the boundaries of objects, detecting the dentra
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(c) Background pixel intensity vs time.

ground segmentation.

(d) Erroneous output of intensity-based fore-

Assuming a static camera, a change in intensity will be due
to either a change in the object reflectater a change in
the illumination sourcé. The factor of interest is the object
reflectanceR, considering the task of detecting foreground
objects. However obtaining direct observationdRdfom |
during fluctuating lightingd- is problematic. This can be seen
in Figure 1, showing a typical change due to a cloud cover,
where the two camera images were 40 seconds apart in the
video sequence. However the plot of the intensity of pixel in
tensity from the road through the 40 second sequence shows a
drastic change in intensity of 30 percent. Understandably a
intensity-based foreground extraction will create falsted-
tions due to such lighting changes. This can be seen in the
output of an intensity-based algorithm where both sunshine
and a person are detected. To avoid this problem more and
more complex adaptive background models have been intro-
duced, but fundamentally any intensity-based approadh wil
suseptible to errors such as seen in Figure 1.

The three recent edge-based pad&avis and Sharma,
2004[Javeckt al., 2009 Yokoyama and Poggio, 20D&void
such dramatic errors during fluctuating lighting, becawlgee
information is intrinsically robust to global lighting lels.
Most edge-filters consider neighbourhoods of pixels, bstt ju
two pixels can be use@@ndb) to illustrate the robustness to
lighting levels of an edge imagE;

E(p) = I(2) —1(b)| ®3)
E(p) = |LaRa — LoRy| (4)

Assuming uniform lighting;L; = Ly, the edge image will
have the lighting invariant property of being zero in arefs o
homogenous object reflectance;

E<p>={§0”Ra‘Rb ©

if Ra # Ry

Changes irg, from zero to non-zero values, can therefore
be attributed to a foreground object, with certainty that th
change is not due to lighting levels. Relative-intensity oz
liably detect the edge of objects, the challenge is to défect
internal object areas. Each of the existing edge-based tech
niques provide a different meansftt-in foreground areas.
Javedet al. [Javedet al, 2009 propose to combine
edge and intensity-based segmentation, by rejectingsitgen
segments that do not have edges at the boundary. However
Javedet al. state this approach is not valid in situations
such as Figure 1, where large areas are falsely detectegl usin
intensity-based techniques. Therefore they suggesttages
a bounding-box formed by connected edge segments. This
solution would lead to large false detections when a large
shadow edge appears, as in Figure 1.

Figure 1: Example images of a bay where trucks load/unload Yokoyama and PoggidYokoyama and Poggio, 2005
items. The two camera images were taken 40 seconds apagkesent an approach of clustering detected edge pixelg usin
A plot is shown of intensity vs time of a background pixel similarity in optical flow vectors, and selecting foregraiar-
marked by a cross in the camera images. The erroneouss by forming a convex hull around the clustered edges. The

output of an intensity-based foreground segmentatiorsis al

shown, where both lighting changes and a pedestrian are de-

tected.



clustermg phase is acknowledged in their work to be inapprc Traditional Median Cucchiara etal. Multiple Temporal Scales

priate for cluttered scenes. Also the clustering would bigelva Iy Lo Iy
only for rigid objects, because an object such as a walking ht I, T I,
man would provide a range of different optical flow vectors. L, Ly L,

Davis and SharmgDavis and Sharma, 20p@levelop an » » L,

edge-based foreground segmentation approach using ed
extracted from visible and thermal imagery. The methoc
Davis and Sharma proposefit-in foreground object areas
is one of clustering edge components using the k-means ¢
gorithm. A significant issue for the k-means algorithm igtha
the number of objects presefit, needs to be known before
clustering. Davis and Sharma finish the process by closin
clustered edges using an A* search algorithm. Which wouls
be troubled by objects with internal contours.

Another edge-based image Segmentation approach is p|reduce the storage and processing cost. However with a sin-
sented by Smith et al]Smithet al, 2004 which does notuse gle temporal scale, frame— 100 holds as much weight as
a background model. In their method edges are extracted arftRmet —10. This paper introduces a background model with
motion models for each edge are assigned using Expectatioficreasing time scales. The background mdgjedt pixelp,
Maximization. Edges are then clustered, layered and sect timet is calculated as:
mented, considering the estimated motion model, using a m X
probabilistic approach. B(xy) = %M (7)

The edge-based segmentation approaches discussed above , . . ) ,
all attempt to cluster edge pixels into distinct objectsjoh WhereEy is the input edge image at tinkemis the number
is very difficult at the pixel-level. Furthermore foregralin of distinct images to include in the model and in this work
areas are created without directly available informatiotne M= 7 @nd therefore frame— 128 is the furthest image into
image indicating the presence of a foreground object. the past that is mcorpprated. In the backg_round model the

framest — 1 tot — 8 will have the same weight as frames

3 Edge-based Background Model t—16 tot — 128. This model places greater importance of
events nearer in the past, whilst still incorporating esewer

Thg bagkground mod-el describes th_e edges of the St"?‘tion""!éVIong period. Figure 2 illustrates this technique. To atbél
objects in the scene, it enables moving foreground objects tmemory cost of storing 128 full images, onyimages are

be detected. It is learnt using a temporal-filter from miugtip stored at any time. The edge imagEs, used to calculate

time-§cales. The initial foregrounq area detected is smed B are only temporally approximate and updated only every
by using a multi-resolution pyramid background model. 2(k-1) frames. as follows:

3.1 EdgeFilter
. . , E_oxn — B _x (8)
The first stage of forming the background model is to com- _
pute edge imagé, from the input intensity imagds using This reduces the memory overhead of image storage. The

I|—5 Il—S(l Il—l()

Im Il-é(] Il—32
I, L7 Lo
Il—S I|»80 Il—IZX

Figure 2: Traditionally temporal median filters store a det o
n previous sequential images.

a standard operator: filter does require per-pixel processing of each ofrthigack-
ground images, however the processing is not as intensive in
S )J/icfn [1(i,]) = 1(xy)]| comparison with the updating steps of competing background

E(xy) = 2 ) models, such as the Gaussian mixture md@uffer and

. _ . Grimson, 2000
Wheren determines the size of the eglge ker.nel, In Fh's PAPE’ There are two stages to detect the foreground pixels. ¥irstl
n=1and therefore the edge kernel i 3. It is pQSS|bIe 0 3 setof binary images are calculated from thresholded sub-
use a larger nelghbqurhood to crea_te the edge Image, such ffdctions performed between the current edge image and the
5x 5, however in this paper edge-image pyramids are usegjge images in the background model. The subtraction de-
t_o incorporate different spatial scales, as discussed @ Setects those pixels with an edge value a threshidabove
tion 3.3. the background image value:

3.2 Temporal-Background-Filter

A temporal median filter is used to form the background true, if E((X,y) — Bm(X,y) > @
model, which essentially is a stored set of previous images. m(X,y) = ©)
Traditional median filters store every image in the sequence

which is expensive. Cucchiaed al. [Cucchiarzaet al., 2003 Through empirical experimenting to find an appropriate

propose to use a single temporal scale of every 10 frames threshold valueyp = 10 provided the best results. The next

false otherwise



Input images Edge images Detected foreground

Edge filter Foreground extraction
T - E(p)-B(p) >¥

Background Model

Figure 4: The input image is down-sampled recursively into

a multiple spatial scale pyramid. The pyramid is passed
through an edge-filter and foreground is extracted from each
level and then merged into a final high-resolution output im-

age.

is merged into one high-resolution output image. Examples
of the final merged output are shown in the right column of
Figure 3.

4 Region Growing with Motion History

Even with the use of multiple-scales described in the previo
section, there are still situations where there is not a derap
detection of objects. This can be seen in Figure 3, where
there are internal areas of the van that are not detecteér Oth
relative-intensity approaches attempt to detect full otoge-

Figure 3: Images showing the results of the edge-based bacRas by first clustering edges into an object. But clustesng i
ground modeling. Top: A moving van. Bottom: Person Problematic as stated by Yokoyama and Poddiokoyama
walking around a loading bay. Left: Raw video. Middle: and Poggio, 2005 In light of this clustering is not used
Foreground at the finest scale. Right: Multiple-spati@lsc in this paper, instead edge-motion-history-images am@-nt
foreground extraction merged together. Even with multiple duced as a basis for segmenting entire foreground regions.

scales not all of the object area is detected. Motion-History-Images (MHI) were developed by Davis
and Bobick[Davis and Bobick, 1997and are traditionally

intensity-based images. This paper presents a novel uge edg
information with MHI. Edge-MHI enables complete fore-
ground areas to be segmented while also being robust to
global lighting conditions.

stage is to calculate the final foreground imé&gey selecting
pixels with a majority of positives from the s&t

false otherwise 41 Edge-MHI
The Edge-MHI describes the history of the the edge fore-
. . ground extraction calculated as follows:
3.3 Multiple-Spatial-Scales

This section describes how to combine the extracted fore- FtMHl (%y) =
ground at multiple-scales. If only one scale is used there is MAX(O, Ft'\jTl (x,y)—1), if R(xy)= false
a lot of |_nternal foregrounpl area that is not detected, as see K, if R(x,y) = true
in the middle column of Figure 3. Multiple-scales are there-
fore used to increase the area of foreground segmented.  wherek is the number of frames to record the motion history.
A standard pyramid approach is adopted and can be seeninis dependant on a number of factors; the frame rate, the
Figure 4. It begins by recursively down-sampling each inpuimage resolution, the speed of the moving objects and the
edge image into a multiple spatial scale image pyramid. Thelistance the moving objects are from the camera. In this work
image-pyramid is passed through the edge filter (Equation &8 = 15 and was selected through experimentation. Examples
to form an edge-pyramid. A background-modelis recorded asf Edge-MHI can be seen in the left column of Figure 5. The
a set of edge-pyramids using the temporal filter described inletected object area with the edge-MHI, is noticeably more
Section 3.2. Foreground pixels are detected from eachilevel complete when compared with the straight edge extraction in
the pyramid using Equation 10. The final foreground pyramidrigure 3.

Fxy) = {true, if SMoTixy) > 5 (10)

(11)



4.2 Region Growing Algorithm

The area detected by the Edge-MHI is more complete, but
there are trails in the Edge-MHI left behind objects, which
need to be removed. Furthermore, there are areas surrgundin
the object due to the use of larger scales, that also need to
be removed to give an accurate high-resolution segmentatio
Examples of both these problems can be seen in Figure 5. A
seeded region growing algorithm is developed to discard the
unwanted areas and select the actual foreground areas.

A related edge-restricted growing method is proposed in
[Smithet al, 2004. The algorithm presented in this paper
restricts the growing at the fine-scale foreground edgessand
summarized as follows:

1. Distance transform on the Edge-MHI to find central pix-
els.

2. Breadth-first region growing in Edge-MHI, seeded from
pixels discovered in previous step. Stop growing when
restricted by fine-scale foreground pixels or the bound-
ary of the Edge-MHI. The middle column of Figure 5
shows examples of the regions grown.

3. Regions are selected as foreground when they have fgure 5: Examples of edge-MHI and the region growing pro-
significant count of boundary pixels that are either fine-C€ss. Top: A moving van. Bottom: Person walking around a

scale foreground pixels or neighbour previously selectedoading bay. Left: Edge-MHI, trails are left behind objects
regions. As defined in Equation 12. Middle: Region growing. Right: Final output, trails are re-

The grown regionsR, pass through a selection processmoved'

based on its boundary pixelB, to decide whether this re-

gionis an internal foreground region or a motion historyl.tra

The decision metric is the ratio between the count of boundimprovement of this algorithm over a traditional intensity
ary pixels that are deemed valid and those that are deemdwsed technique as shown in Figure 1. The trousers of the
invalid. A valid boundary pixelf,, is one that is a fine-scale pedestrian are a similar shade to the dirty concrete back-
foreground pixel or is a pixel belonging to a region that hasground. Usingp = 10 most of the pedestrian’s body is de-
previously passed the selection process. An invalid boynda tected, but the trousers are not. The sensitivity of theaextr
pixel, Bi, is one which is not a fine-scale foreground pixel ortion can be increased, by decreasing Equation 10, which

is a pixel belonging to a region that has previously failesl th will enable the full figure of the pedestrian to be detected.

selection process. The decision is made by a threghold However, this will also increase the potential for errospe
cially as the algorithm processes compressed video streams

(12) Furthermore, this may be considered a non-issue as it is bor-
background otherwise dering on a situation of camouflage.

i By
R— {foreground if o> H

During the experiments the threshald= 1 proved to select An_other issue that this algorithm dea!s With is quickly ap-
correct regions in most of the cases. The middle column oP€aring sharp shadows caused by buildings or other static
Figure 5 shows the decisions made by the selection proce&PI€CtS. These sharp shadows cause changes in relative-

and the right column shows regions that passed the proced8tensity and therefore will be detected by a edge-basel for

The final foreground extraction is in Figure 6. ground segmentation. However, the edge-motion-history im
ages and region growing approaches presented in this pa-
5 Discussion per will ignore static edges. Only shadows that are cast by

The algorithm is tested both . destri d moving objects will result in false detections. Shadows cas
hi T agon_ mis isﬁ on bo I_mﬁt\_”ng Pl'i es r_|al?sr€:\n Vet')y buildings are static and will not have motion history and
Icles during quick changes In Ighting. The quick chang€Sy,q rafore will not be segmented with the algorithm presgnte
were a result of moving cloud cover, when the sun goes fromn -
. . in this paper.
being totally blocked by clouds to being completely uncov-
ered within a space of around 30 seconds. When processing 640480 images at half-resolution the
In the third row of the examples in the Figure 6, the pedesentire algorithm presented in this paper functions at 20iz o

trian is detected without any false positives. This shoves tha 3.2GHz CPU.



6 Conclusion

This paper presents a foreground segmentation techniqu 24}
which uses edge information. Traditional foreground ex-
traction techniques are based on raw-intensity measutsmen §
which are sensitive to changes in lighting. Edge infornmatio
is derived from relative-intensity which is intrinsicaligbust

to global lighting levels.

The three previous edge-based techniqliavis and
Sharma, 200BJavedet al, 2004[ Yokoyama and Poggio,
2004, segment areas without direct information from the
images. The edge-based method in this paper can detect
complete foreground areas using information gathered from
multiple-scales and edge-motion-history-images.

The approach has the inherent insensitivity to uniform
lighting of an edge-based approach, with the ability to cete
large foreground areas and without creating informatiath an
avoiding the problematic clustering process. Another loleta
advantage is the robustness to static lighting-relateégdg
which is a result of only considering foreground as conrécte
areas of motion history.
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