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Maximum image depth by edge selection
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Abstract Inferring depth from single images is important
for general scene understanding, re ning of 3D databases,
image retrieval and 3DTV. In this paper, we present a novel
approach for computing maximum depth from a single, or-

dinary image, by nding the corresponding vanishing point

location. Due to many factors in general images which ob- :
struct the process, such as clutter, occlusion and textures e ek

we do not employ line detection for this purpose, but rely orFig. 1 The last suppeby Leonardo da Vinci, creating an illusion of
all image gradients instead. Eliminating irrelevant data i 9ePth-

several steps, we perform the selection of edges induced h
geometry and useful for depth estimation. We evaluate th
performance of the detector on a large and diverse datag
of video frames. Thereby, we demonstrate the usefulneg
of our approach in many scenarios and in the presence G
large foreground obstructions. Developing criteria t@ce]
the image if it does not contain any depth, we are able tq

distinguish between the “depth' and “no-depth' cases with (@) (b)
80% accuracy, while still maintaining a good precision inFig. 2 (a) A typical photograph, illustrating the scarcity of edge-sup
determining the maximum-depth location. port (b) for depth estimation.

Keywords image depth scene geometryanishing point

. creation of depth in a picture. A vanishing point was formu-
edge selection p p gp

lated by Alhazen, a mathematician from Irag, around 1020.
He described it as a scienti ¢ observation, designating it
rightfully as a consequence of image formation. It took four

Animage is in essence a representation of the scene with tjisindred more years before the Renaissance architect Brunel
depth taken out. What remains are image structures whidffSChi introduced the vanishing point to create the illosio
reveal what the depth of the original scene has been. It tooRf depth in a painting. It was an instant success and imme-
quite a while before artists gured out the laws behind thediately adopted by his fellow painters, as demonstrated in
Figure 1.
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and Lowe, 2007) for databases such as Google Earth arftiRelated work
Microsoft Virtual Earth. Moreover, a sense of depth in the
scene, even when it is approximate, is of great help in imag#any solutions to the problem of general geometry estima-
retrieval (Snoek and Worring, 2005) or in the recognition oftion have been proposed in the pastMnltiple View Ge-
object types, where weighing by depth in the bag of wordometry(Hartley and Zisserman, 2004), the authors assume
approach (Sivic and Zisserman, 2003) may help to distinmultiple images, such that many relevant structures are de-
guish context from foreground, and hence improve perfortermined from point correspondences. Criminisi et al. {Cri
mance. minisi et al, 1999) describe single view metrology, where
Hoiem et al. (Hoiem et al, 2007) approach depth in ameasurements rely solely on scene landmarks. These meth-
single image by following the slant of panels. And we haveods use calibrated cameras and derive exact depth measure-
followed the integral approach in Nedévet al, 2010 by ments from the image. In contrast, we attempt to obtain only
describing the global spatial layout in one model, selecte@ rough sketch of image depth for ordinary images. We use a
from a limited set of stages. From these approaches it is clegeneral dataset, without any knowledge of camera or scene
that estimating depth from a single image is a dif cult prob- parameters.
lem. In this paper, we take the alternative approach of accu- For vanishing point estimation, multiple approaches rely
mulating the evidence of lines, aiming to improve on recenbn Gaussian sphere representation (Barnard, 1983; Gollins
works on geometry which followed a similar path (Rother,1990; Brillaut-O'Mahony, 1991). Recently, isecka and Zhang
2002; Keseclka and Zhang, 2002; Yu et al, 2008; Hedau et al,(Kosecka and Zhang, 2002) have proposed a robust system
2009; Kong et al, 2009). using an EM-algorithm, under the assumption that detected
The main contribution of this paper is an extended scherlige segments align with principal world directions. Akter
for edge selection, increasing considerably the robustnegatives to Gaussian sphere representations include uséng t
of current research. In the past, signi cant performance irfHough space (Quan and Mohr, 1989; Tuytelaars etal, 1997),
vanishing point detection has been achieved either on a fe@s well as treating all pairwise intersections of line segisie
hand-picked images, or on a large dataset of clear road in{Rother, 2002). These methods are reliable, but use sparse
ages, integrating scene knowledge into the method. We coline representations based on connected edge components.
sider the estimation of depth in a large, general set of imin addition, they have been demonstrated to work only on a
ages, randomly selected from television frames covering Eew examples with little clutter and a clear vanishing point
variety of topics (Smeaton et al, 2006). Such task implie3Ve aim for a robust and general algorithm applicable to ev-
that knowledge about the scene cannot be integrated a prigifyday images. Therefore, we rely on all directed gradients
in the approach. In addition, our goal implies that criteriawhich are relevant, thus avoiding the issues posed by fore-
are needed to evaluate when there is no depth present in tBeound occlusions.
image. Finally, the most dif cult part of such an approachis  Applying the Manhattan world assumption to general
to achieve robustness. As an example, in Figure 2, no molienages, Coughlan and Yuille have successfully used gradi-
than 5% of all edges support the perception of depth. A fevent statistics to estimate camera orientation in a scenegiGo
edges of the house (and not the strongest ones!), in comban and Yuille, 1999). Their work was followed by Denis
nation with the imaginary lines connecting the cars, lead tet al, 2008, in which estimates were made on a sparse set of
a proper estimation of depth. The cars and the house do netiges instead of dense gradient maps. However, these algo-
have much in common, neither as structures nor visually, yaithms learned Bayesian models of edge pro les, which will
their edges must be combined to nd the location of max-not be suf ciently robust in general video frames, when the
imum depth. Nevertheless, the sparse edges are suf cientlystimation is affected by clutter. Consequently, we linit-o
powerful for humans to estimate depth and the point of maxselves to the use of gradients in a purely bottom-up fashion,
imum depth immediately. In fact, for general images, sucldiscarding noisy evidence in subsequent stages.
a small amount of reliable edges is common. This rules out  |n recent developments, deriving absolute depth from a
the use of straightforward edge-voting approaches (Coughsingle image has become feasible due to heavier reliance on
lan and Yuille, 1999), as they require a much larger percenimachine learning (Torralba and Oliva, 2002; Saxena et al,
age of relevant edges to be visible in the end result. 2005). Hoiem and colleagues (Hoiem et al, 2005) proposed
The core of our approach is to rst identify properties of a piece-wise planar scene model, in which relative depth
edges to select the ones which are indeed supporting dep#mnd the orientations of major surfaces are being inferred.
Then, as in other approaches, we focus on those intersectiipiem's work has been followed by several other researchers
lines which give the most likely candidate for the point of who learned depth information assuming the simpli ed scene
maximum depth. As the scene is dominated by signals frormodel (Nedowt et al, 2007; Liu et al, 2008; Hedau et al,
upright structures, occlusions and random textures, tee r 2009). These works learn scene geometry from visual fea-
task is the most challenging. tures with varying degrees of success, impressive neverthe



less given the dif culty of the task. The method proposeddetection process, a starting point in many depth estimatio
here, on the other hand, relies on low-level gradients witho approaches (e.g. Rother, 2002;4¢gla and Zhang, 2002).
learning the statistics. Our work is similar to Yu et al, 2008 Therefore, in our algorithm, gradient detection is follalve
which achieves remarkable results on indoor scenes staity steps of Itering out unwanted information, rather than
ing from low-level gradients. In contrast to the reference by binarization based on edge intensity.
however, we do not assume strong Manhattan structures or Given that image lines can be fragmented at arbitrary
directions corresponding to the Cartesian frame, but g@tem places due to occlusion, another standard procedure, pamel
to be robust to general images with many foreground obgrouping of edges into line segments, is intrinsically linre
structions. able. To circumvent this problem, we propose that segments
Recently, there has also been a renewed interest in thand line length do not play a role in the approach. Rather,
stereo-vision community for reconstructing simple 3D mod-all gradients supporting a certain direction, albeit disco
els of the scene, relying on Manhattan world assumptionaected, should be accumulated. In the proposed approach,
(Furukawa et al, 2009a,b). Contrary to these successful aghis is done by accumulation on a pixel-by-pixel, rathentha
proaches, we infer the rough geometry from single, ordinaryn a line segment basis.
images, available in abundance on the Internet or in other | addition, it is important to note that line intensity does
collections. not in uence the computation of depth. The most prominent
Most of the above methods are usually illustrated on &dges in an ordinary picture are usually related to changes
constrained dataset. They either use images with little cluin man-made structures, made to be salient (e.g. advertise-
ter and occlusion, or strongly rely on Manhattan structuresnents, decorations, stylings, etc.). On the other hand, lin
and principal world directions, or both - when evaluatedear structures informative about depth are often less con-
on a few examples only. In contrast, the authors of Kongspicuous, as they are related to folds in buildings, edges of
etal, 2009 evaluate the method on one thousand road imagegeets and similar structures. This excludes the use @f edg
and achieve impressive and accurate results, unbeaten Ritensity for determining the location of maximum depth,
state-of-the-art. Their dataset mostly contains nort@lat, put rather calls for a voting-based approach.
straight, countryside roads and the model has adaptedtto tha g a consequence, in developing a method for detection

restriction where straight lines prevail. Since we aim for ayy maximum-depth locations in arbitrary images, we pose
general applicability of the method on random television im e following demands on the algorithm:

ages, including cluttered cityscapes and indoor scenes, we

startour method from a different perspective, sifting tiio (a) to be robust against accidental occlusions in the eld of
all edge pixels to arrive at the set of relevant ones. view of any kind:

~ The success of many methods above rests in part on thgy 14 pe independent of intensity and illumination changes
implicit observation that long lines are more likely to garr in the image;

depth information than short ones. Respecting these metiiz 15 classify edge pixels into relevant vs. irrelevant for
ods, which have made considerable progress, it is clear from depth estimation: and

the example in Figure 2 that real data poses new challeng?a) to decide when the image shows no depth, and therefore
for depth estimation. An essential element in our approach * o< o maximum-depth location.
therefore has to be to rely on linear evidence on a pixel ba-

sis and not to employ lines as connected components. We . .
. . In this paper, we propose a new method for computation
do aim to employ elongated line strucures, but for general

. ._of maximum-depth location, which attempts to satisfy the

images such an approach cannot rely on the length of line o

. . above criteria. The novelty of the method can be summa-

segments, as they can be broken at arbitrary locations. This .

. . _ rized as follows:
design choice makes the method robust to noise and occlu-

sion. — To detect directed image structures, we propose novel,

very elongated, oriented Gaussian lters.
3 Our approach — To discriminate between edges induced by perspective
effects and those unrelated to scene depth, we succes-
Accurately determining 3D scene geometry from a single sively lter out the evidence not supporting a point of
image has proven to be a very dif cult problem. Although ~ maximum depth.
bottom-up algorithms have been formulated for computa- — To make the method robust to occlusion at arbitrary po-
tion of many relevant scene structures (Hartley and Zisser- sitions, we count the local support of an elongated struc-
man, 2004), these approaches are ill-posed in a general set- ture point by point. Relying on all directed gradients,
ting. This is mainly due to many occlusions and object clut- our approach does not require edge detection or group-
ter that appear in ordinary images, which obstruct the edge ing steps.
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Fig. 3 A block diagram, showing different steps of our approach.

— To be independent of illumination changes in the imagePre-processing.Our dataset consists of television frames from
we rely on a just noticeable intensity difference insteadvarious international channels, in which the pictorialadat
of line intensityper se is often distorted in several ways. Beside compression ar-

tifacts common in other datasets, our frames may contain
As a further novelty, in order to achieve general appli-pjack bars around the image, as well as superimposed chan-
Cablllty of the methOd, we detect cases when there is no Iq-le| |Ogos and subtitles. For this reason, a humber of pre-
cation of maximum depth in the image. By analyzing theprocessing steps are applied in a completely automatic man-
distribution of potential candidates for maXimUm-depth lo ner, which remove the uninformative image parts. Dark bor-
cation, we reject cases when no depth is shown. Finally, tgers (within 8% of black) are rst removed around the im-
demonstrate the usefulness of our approaCh, we evaluate tage Upper image corners are then checked for the pres-
proposed method on a large and diverse dataset of geneg@lce of channel logos, whereas the bottom of the image is
television frames. inspected for subtitles. In both cases, the detection is per
formed in the gradient domain. Namely, if gradient histogra
of the relevant region is shifted towards very strong edges,
4 The method the graphics are likely to be present, and their contriloutio

o to the gradient map is removed.
In edge-based depth estimation, there are many sources of

potential error which the algorithm needs to circumvent. Na .
mely, for everyday natural images, typically less than 5% of+-1 Elongated structure detection

all edges contribute to the location of maximum depth (Se%upport for the location of maximum image depth clearly
Figure 2). The remaining large majority of edges belongs t?ests in longer lines. However, since we want to circumvent

one of the following classes: occlusion problems, we do not put any weight on line length.

— subscripts, logos and other graphics overlaid on the im‘_l'herefore,_ln the case pf arbitrarily broken lines, we accu-
mulate their support using elongated lters. Such lterg ar

age in case of television frames; _ -
— short line segments or individual edges resulting frommbus’t to occlusion, yet they possess the possibility to em-

occlusion, without belonging to any large directed struc-ploy the advantages of conngcted line segm.ents. )
ture: We use elongated Gaussian lters to obtain gradient maps

— noise lines caused by artifacts of JPEG compression an\'(’fith prominent directed structures. The general case of an
the broadcasting process; anisotropic Gaussian 2D lter at arbitrary orientatignis

— many small gradients emphasized by the light (from abo%\ﬁ?n by:

— random textures, generated by trees, soil, grass, crowds,;s,;q(U;V) =
and alike, accidentally coinciding in direction with lines

towards the vanishing point. piiexp }u—z pi—exp }V—Z ;@)
2psy 2s?2 2psy 252
Although dealing mostly with Manhattan structures, De- i
nis et al. (Denis et al, 2008) have already shown that sparsghere U - cosg sing X ; (2)
edge models lead to more accurate geometry estimation. We v sihg cosq Yy

follow the same approach and deal with the above interwith the u-axis in the direction ofy, and thev-axis orthogo-
fering factors in the subsequent order, signi cantly reduc nal toq.

ing the input data. Apart from all these steps implement- A decomposition of the above anisotropic Iter into a
ing the selection of edges, it is also important to select theomputationally more convenient set of bases has been pro-
scale of observation to achieve optimal directional disperposed in Geusebroek et al, 2003. Filtering in two dimensions
sion. Finally, all edge evidence is accumulated and classis achieved by a sequence of two Gaussian 1D ltering op-
ed. The processing pipeline of the approach is illustratederations in non-orthogonal directions: one alongtfexis,

by the block diagram of Figure 3. followed by another along the linte= xcosj + ysinj :
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Fig. 4 Motivation to use just noticeable noise removal in Section 4pA(histogram (top) and a probability distribution functidoftom) over
all pixels of the winning directiorg, for a completely black television frame. Note the anomalousoresp forq = 0. For a random television
frame (b), the correspondinghistogram and pdf are shown in (c). The dominancg ef 0 is illustrated in (d), where the positions in the image
are lit where the horizontal response wins over other direstidhis occurs frequently in every other line, and in palicin homogeneous
image regions, indicating that it is a consequence of intertade) The histogram and pdf under (c), after interlacing komiogeneous region
corrections. All graphs show bins fgr2 f 0; p=32; :::; 31p=32g, with theiry-axes equally scaled.

Osy;svig(XY) = As we aim for broad applicability of the method, we can-
) ( 5 ) not avoid facing the problem. The effect of interlacing sall
piiexp 1x° pi—exp 1t : (3 for camera-speci c remedies, and the effect of JPEG coding
2psx 2s? 2ps;j 2 5/2 blocks is speci ¢ to the broadcaster. In general, no such in-

formation is available. Therefore, we reduce the effedhén t
outcome by removing all pixels where the maximum gradi-
Sx= g . 4) ent response is less than just noticeable on a televisiaa. Th
s2co@q+ s2sirfq just-noticeable-difference (JND) at a pixgd;y), has been
q established as maximally 40 times greater than the corre-
1 . sponding intensity levdl(x;y) (Barten, 1999), leading to a
Sj = —— s2cofq+ sZsirfq; 5 P ’ : )
d sinj v arsi q ©) ratio threshold j,g = 2:5%. Therefore, we discard an edge
from further computation when

with corresponding 1D lter parameters:
SuSv

sZcogq+ slsirfq. )
(s¢ s?2)cosgsing’ Es. (XY)

We convolve the image with elongated Gaussian Itersl(JxT < ljnd; @)
at Ng = 32 orientations. The spectral space is sampled at
Ns = 4 octave intervals appropriate to the size of image§Nhere E.
in our datasets, 2 f 0:25;0:5; 1; 2g pixels. The elongation !
factor is 9, leading to very elongated lters, with a maxi- s ste
mum kernel span of 12 108 pixels. Note that the recur-
sive implementation of the anisotropic Gaussian lter from
Geusebroek et al, 2003 leads to the computation time that is
independent of Iter size. 4.3 Directedness enhancement

In the sequel, we drop symbag ands,, for clarity, and ) ] ] .
uses | to indicate a speci ¢ sefsy; sy) of related Iter scale AN effect hindering the approach of using a maximum over
parameters. The resulting Itered image stack is denoted bfifferent orientations is a homogeneous surface with sheer
Es;q(6y); i = LuiNs;i= 1 Ng. _|gh'Fn|ng (gsually from above). ThIS |r_1troducesagen'Ft;f5I.

ing intensity eld and many points with a small gradient in

the direction perpendicular to the light. Naturally, theésr-
respective of depth directionality or location of maximum

As we measure information with unusually elongated gra-depth' As a remedy, we remove all pixels without the pro-

dient lters in many directions, with video frames we face noun.ced gradient qweACt'on' )

dif culties due to the nature of the broadcasted signal. &or . First we normalizéss; (x y) by the median value ovey,
speci cally, we have to discard the in uence of interlacing Es; (xY):

of the odd and even scan lines, as well as of JPEG compres- Esj (xy)

sion coding into 8 8 pixel blocks (Suthaharan et al, 2005). Es;(%Y) = E. (xy) ©)

A combined effect of these broadcasting artifacts on elon- :

gated gradient Iters and responses induced by dominating From literature on naturalimage statistics it is well known
Manhattan structures (Denis et al, 2008) is illustratedga F  that visual images exhibit statistical regularities. lotfan-

ure 4. tegration over gradient statistics of individual scendamgs

and intercept  tan =

n (0]
(xy)= mqax Esjiq (X Y)ji= 15Ny (8)

p results in a much sparser stagkq (x;y), as il-
lustrated by the histogram in Figure 4.e.

4.2 Noise removal



results in the integrated Weibull distribution (Huang andrivt  follow Grigorescu et al, 2003 and use the same weighting

ford, 1999; Geusebroek and Smeulders, 2005): functionws, (x;y):
£(r) g Jn° (10) 1
N= ———e ; oy = v -
Zggb G é WSj(X! y) kH(DOGSjle DOGSJ(X! y) ’ (13)
wherem b and g represent the center, width and peakness
of the distribution, respectively, whereass the gradient 7= Z z O o (14)
response® denotes the Gamma function). This distribution 0;  otherwise

is characterized by a long tail, such that very small gradien ) N .
are found close to the mean. After the normalization ste;\?Nherek'kl denotgs théy no.rm and DOGJ (xy) is the dif-
rence of Gaussians function:

above, we t the Weibull function to the overall gradient €

distribution, using a maximum likelihood estimator (MLE). 2oy2 2oy?
The corresponding standard deviatis given by: DoGs, (x;y) = 1 e 2(4s?) 5 1 Je X (15)
s 2p 4s? PS;j
s=  b2G 1+ 1 n¥; m=bG 1+ 1 (11)
g g

Therefore, we disregard all edges for which Anisotropic inhibition. Here, an inhibition term is computed
for every orientationg separately, as a convolution of the

Esjg(Xy) < & (12)  Gaussian respongg ;g (X;y) with the weighting function:

whereEs .4 (X y) denotes the gradient magnitude of a Iter

A ) = .
at scalesj, andes is the response at a distansérom the ts;:q(XY) = Es;igq Ws; (XY) (16)
mean. The directedness step results in further reduction of
data in stackEs ;¢ (X Y)- The inhibition is performed by eliminating all edge pixels
where
4.4 Lateral inhibition
H Esig(xy) atsq(xy) =0; (17)

In ordinary, cluttered images, it is crucial to distingulss

tween lter responses originating from scene structures anwhere factora controls the strength of the surround sup-
those being the result of texture and noise. The same is trygession.

for our task, where only discontinuities due to perspective

effects should count. Isotropic inhibition. In case of isotropic surround suppres-
Biological visual systems routinely employ several formssion, the inhibition term is independent of orientation Xva

of lateral inhibition techniques when locally sampling thejmyum Gaussian response over all orientations is used, given

environment (e.g. Blakemore and Tobin, 1972). Grigoresciy, Equation 8. The isotropic inhibition term is computed

etal. (Grigorescu et al, 2003) propose a similar, non-@dabs 35 the convolution of the maximum energy map with the
receptive eld inhibition, for edge detection in computeér v wejighting function:

sion. Their method involves two types of response suppre-
sion. In anisotropic inhibition, the Iterresponseissuppsed .| ..., _ ¢ .

by other neighboring responses of the same orientatiot Sugsj ()= Es; ws; () (18)
a mechanism preserves only single directed lines, while sup.. . . .
pressing identically oriented response elds. This is aale Similarly to above, we discard locations where

in our task as it further reduces the effects of slowly vary-

ing illumination and shaded areas. In isotropic inhibitiath ~ H Es;(Xy) at'sj(x;y) =0 (19)
orientations equally contribute to suppression and thet mos

prominent response is chosen if it wins over the neighbor- \y,e implement the method by closely following Grig-
ing responses. This technique avoids responses originatinyescy et al, 2003, except for using elongated Gaussian I-
from texture, favoring isolated directed lines; it alsofg®el (o5 instead of Gabor ones. We apply both types of suppres-
us eliminate the evidence unrelated to perspective effects gy, at all scales, setting parameteto the medium value

~ For any given image poinfx;y), the suppression term f 1.5 \wjith the lateral inhibition step, this,q (x;y) stack
is computed in a ring-like area around the central eld. Wejs made additionally sparse at each scale.



4.5 Natural scale selection Once all line entries have been created, intersections of
line pairs are computed. A maximum-depth eninstores

Structures of different sizes contribute to determining th the location, the parameters of lines that vote for it, ard th

location of maximum depth. In addition, edges at varyingcumulative support given by:

depths and with a broad range of blur are equally important o

for geometry estimation. In order to include the effect ofSvL = @ N(f)(Swan* Swan): = 0m  Gi* (29

each such structure, we sample the image at multiple scales. ~ (Imln)2L

This approach is also encountered in visual perception of ) ) ) ) )

primates, where receptive elds of neurons in the early vi-VNereL is the set of all line pairs voting for locatiod,

sual cortex span several size octaves (Hubel and Wiesé’f’,hereaﬁ(f) is the weighting function given by:

1968). However, using multiple scales leaves open the ques- ( L
tion of which one to rely on at a particular image location. a)= Novipes 2 0 23)
Elder and Zucker (Elder and Zucker, 1998) propose a 1, otherwise

method for local scale selection when using image gradients
based on the minimum reliable scale. Edge blur is modeledith Nstripesthe number of parallel stripes per image height.
by a Gaussian blurring kernel, widely used in depth-from-With h(f ), we compensate for the inherent bias of the algo-
defocus literature (e.g. Pentland, 1987): rithm to locations at in nity, resulting from parallel lirse

After all the candidate maximum-depth locations have

24 .
(Gats) been computed, the best one is chosen as:

255 : (20)

ks, (X;y) = 2ps?
b V = argmaSy (24)
v

wheresy, is the unknown blurring scale.

The authors' de nition of re!lab_mty implies that at the Neighboring candidate peaks, within distardeare com-
chosen and larger scales, the likelihood of error due to sen- . . . . .
. .~ bined using bilinear interpolation, ensuring for a smoo#xm
sor noise is below a pre-de ned tolerance level. The mini- .
imum of the smboport manifold.

mum reliable scale (x;y) for an edge is thus computed as

) . Wesetd= " (h=12)2+(w=12)2, whereh andw are im-
an in mum of a set of values: _ . . ) )
n o age height and width, respectively. This step results iedll
S(xy)= inf sj:Es q(Xy)> o(s)) (21) accumulation cells, corresponding to maximum-depth loca-
il . j, i i}

tions, as well as a manifold over these locationSgf .

wherec(s ) stands for a critical value function, i.e. the toler-
ance level. For a given level of sensor noise and Iter scalez1 7 Reiecti
the critical value function speci es the minimum gradient ™ €jection

response value that can be considered statistically teliab . . . .
If detection of maximum-depth is applied to a general col-

We establish the critical value function by computing,, ~ . : o o
y puting lection of images, it is also necessary to have a criterion fo

at all scales, allowed discrepancy from the expected Iter . . .
W ' pancy. e exp T%xcludmg those images which show no depth at all. We ob-
response, averaged over the 1315 images in our dataset. The

discrepancy is set to two times the standard deviation ar It serve t hat. In case of large fgregrognd obstruc.t 1ons, 'ma;b.s an
. o graphics in images, the distribution of gradient direcsion
response values, covering 95% of the distribution energy. - : L )
. . . X does not indicate a single, converging image location, but
This processing step results in a stack of imadgeéx; y),

. . . . rather many dispersed ones. As a consequence, the support
with a scale dimension projected to a naturally selectelésca . ; .
at every pixel manifold will be shallow and polymodal. Therefore, in order

to classify an image as not showing any depth, we analyze
the spatial distribution of maximum-depth supports. Speci
4.6 Support accumulation ically, if there are more than two peaks in the surface, or if

the extent of voted locations spans more tipapercent of
The accumulation step takes as an input a Itered image¢he image area, we exclude the image from further consid-
from the stack and stores the linear evidence it contains. Ureration. Note that this does not apply to frontal scene views
certainty due to image noise is accounted by processing sesth the vanishing point at horizontal in nity, since thegak
quential oriented stripes instead of single lines. We set thrithm will in that case effectively vote for locations on bot
width of the stripe to 6. A line | at orientationg; is stored sides of the image. In addition, we require that the dominant
with supportS; 4, equal to the number of pixels in the stripe. peak is supported by at least three distinct line directions
In other words, we count all the stripe pixels which have surfigure 5 shows some image examples and their correspond-
vived earlier processing steps. ing support manifolds.



Fig. 5 Basis for rejection when image shows no depth. Different imagestyrom our dataset (top row) and their corresponding supparifohds
(bottom row). Candidate locations have been quantizedargdd with cell size¥} 2: the innermost region corresponds to locations inside the
image, the middle layer to all real locations outside the image the outermost layer to in nity locations. (a)-(b) Sceneshvetclear maximum-
depth location. (c) A scene with the vanishing point at horiabim nity. (d) An anchor scene with no perspective. (e) A gnags frame.

4.8 lllustration of processing steps 5 Experiments

The effect of processing steps, described in previous se&1 Dataset

tions, has been back-projected for ve image examples in

Figure 6. Black boxes indicate regions where the algorithnf\S 0ur goal is to apply the method to general video frames,
found subtitles or logos. The rst row in the gure shows We evaluate the proposed detector both in the detection and

original images. Second- fth rows show the effect of the the classi cation tasks. For that purpose, we have used 1315
various processing steps in Sections 4.2-4.4, for eacheof ttkeyframes of the 2006 TRECVID video benchmark (Smeaton
four scales. The color code for rows 2 to 5 is as follows: dartt @, 2006). This benchmark provides nearly 170 hours of
red - edges removed by just noticeable difference threshold€Ws channel videos in English, Chinese and Arabic. The
bright red - edges without a dominant gradient directionX€yframes are MPEG-1 compressed images of 33 pix-
dark yellow - removed by anisotropic suppression; brighlels in size, containing a wide variety of complex scenes.
yellow - removed by isotropic suppression; dark blue - pix-
els for which no reliable scale could be found; bright blue -5.2 Evaluation scheme
pixels for which a smaller reliable scale is found; and green
- edges for which the current scale is chosen as the minih the detection task, we apply the method to all 1315 im-
mum reliable one. Back-projection of scale selection, withages in our dataset. Figures 6-8 show some representative
brighter red denoting higher selected scales, is givendn thqualitative results.
sixth row. The seventh row contains original frames over-  For classi cation purposes, due to manual annotation,
laid with the superset of remaining edges originating fromwe randomly choose 240 frames from the above set. We as-
all scales. Surface plots in the eighth row show the supposign rejections to such images as shown in Figure 5.d and
manifolds. Finally, in the ninth row are given the original 5.e. As we are in this task mostly interested in rough sense
frames superimposed with detector results. In these imagesf depth, obtained from maximum-depth location, the an-
line directions contributing to the maximum-depth locatio notations are projected to the grid introduced in Figure 5.
are shown in green, whereas the location itself is indicatetlamely, all locations inside the image are quantized int on
by the white cross (surrounded by a rectangle for easier viswf the grid cells of size] 2 pixels, whereas real VP loca-
alization). Red dots show neighboring VP peaks which werdions outside of the image are assigned to a layer of such
interpolated in the nal result. cells around the image, based on the minimum distance. For
locations at in nity, the rotation angle is stored and used i
As can be seen from Figure 6, subsequent edge selegya|uation. Regardless of the actual location of maximum
tion steps remove signi cant numbers of edge pixels, caryepth, the annotation stores the directionality of indress
rying gradients irrelevant for depth estimation. The remai depth.
ing subset of pixels is quite small, and it mostly contains |, order to provide experimental comparison for our de-
relevg_nt edges, regardless of clutter or dif cult ilumfita  (octor we have applied several state-of-the-art vanigpiint
conditions. approaches to our data. The methods are: (1) Rother's algo-
rithm (Rother, 2002), (2) Hedau et al. method (Hedau et al,
2009), and (3) Kong et al. approach for road detection (Kong



Fig. 6 The succession of gradient selection and evidence accumulatios (Sections 4.2-4.7) to yield only depth-supporting edges! in the
computation of maximum-depth locatidBest viewed in color.
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@) (b) (© (d) (e)

® @ (h) 0] 0]
Fig. 7 Results of the detector on some images from our dataset. First riginal frames. Second row: detection results. Note that thectiat is
in many cases not in uenced by vegetation textures or cluiest viewed in color.

et al, 2009). In order to provide a fair comparison, we haveurns some result. Therefore, to be faithful to the purpdse o
subjected these algorithms to the evaluation scheme abouwhe method, no rejection was considered here.
rounding off their detections to obtain only the rough indi-  The state-of-the-art algorithms above have been designed
cation of depth. with a different goal in mind, and do not consider any sort
We implemented the Rother algorithm using Hough grougf-classi cation of the output. However, we believe that by
ing for line detection. It should be noted that the approacHairly presenting the results, an insight into strengthd an
as cited here is an extension of algorithm in Rother, 2002weaknesses of all the individual algorithms can be obtained
As the author aims to nd the best matching vanishing point
triplet of Manhattan structures, assumed to be presemg the6 Results
is no need for rejection criteria in the method. That leawes u
with two options during classi cation. One is to set the re- The proposed algorithm has been applied to the whole dataset
jection score to 0% and treat all returned detections ad,vali and detection results overlaid in images.
even if full vanishing point triplets are not found. The athe  Figure 7 shows some results on arbitrarily chosen frames.
alternative is to treat as rejected those cases where k@ss thin presenting the results, we attempt to illustrate theetgri
three points of the triplet have been found. In that case, thef the dataset and demonstrate cases which require differen
correct location is assigned when either of the three isdountreatment in terms of depth estimation. From Figure 7, it can
to be correct. This gives a result in favor of the cited methoche seen that the detector is able to correctly compute the lo-
and it is the one we have included in Results. cation of maximum depth even with widely varying scene
The same choices were made in case of algorithm biflumination (all images except 7.d and 7.h), lots of clut-
Hedau et al. which can be considered a combination of agter and distracting edge directions (all except 7.d and 7.i)
proaches in Keecla and Zhang, 2002 and Rother, 2002, ex-as well as when little information about geometry is avail-
tended with alternative voting and search schemes. In thisble in the scene (7.b-c, 7.e-h). Last two results (7.iHaye
case, we had no choice regarding classi cation, as we havieeen obtained on images showing fronto-parallel views of
had no access to the original code. Therefore, we follow théhe scene, having vanishing points at in nity. These detec-
second option from above, as reported in Results. tions illustrate the abundance of structures the deteetor ¢
The method by Kong et al. assumes the presence of iely on in that case. In Figure 7.j this enables the deteotor t
single vanishing point at maximum depth, and always reavoid the interference of clutter.
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Average classification performance based on rejection parameter p

ook ‘ Using all true positives ‘

Using correct locations only

0.8

0.7F

0.6

K
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0.4F

Average performance

0.3F

0.2

0.1F

Rejection parameter

(c) (d) Fig. 9 The effect of the rejection parametpron the average classi-
Fig. 8 Some failures of the detector. Red lines correspond to the seccation performance of our method. The graph effectively shaiet
ond best result. best results are obtained when the support manifold is unimodtéal, w

a peak con ned to a very small image area.

correct | incorrect

. . rejected
location | location

0.8 | = Using all true positives
—— Using correct locations only

present| 43.1% 37.3% | 19.6%

not
present

20.0% 80.0%

Table 1 Performance of the maximum-depth detector on a randomly
chosen set of 240 video frames from our collection. The propoked a
gorithm is able to distinguish between depth and no-depth caitles
80% accuracy.

Average performance

Limitations of the detectorFigure 8 shows some limitations Al After After After After
. . . . gradients noise removal dir. enhanc. lat. inhibition nat. scale sel.
of our method. It is sometimes misled by the predominance
of horizontal lines (8.a), or vertical ones (8.b), by theeslg Fig. 10 Average classi coation performance after adding each process-
originating from foreground gures (8.c) or by unsuccessfu "9 Step: forp xed at 5%. Note that the performance increases af-
. ter adding each processing step, except in case of the diresteene
attempts to remove subtitles (8.d). hancement step.

6.1 Robustness test On the other hand, Figure 10 shows the effect of the

In this section, we present quantitative results of ouratete ~ various edge ltering steps on detector performance. Ia thi

on the classi cation task. The detector has been applied t&sk, the rejection parametewas xed at 5%. When scale-

the dataset of 240 images, arbitrarily selected from theebo selection was not employed, other steps used a single scale

collection of frames (and not due to the suitability for dept Sv = 1 pixels. On average, the directedness enhancement

assessment). The confusion matrix for this case is given iftep does not seem to add much value to the algorithm. We

Table 1. Our approach achieves impressive overall result§Pserve that this occurs because gradients to be removed

detecting that the image contains depth in 80% of the casefright red pixels in Figure 5) are, in most cases, already

and rejecting it with the same accuracy. In addition, a goodpart of the irrelevant set in the rst processing step (dadk r

localization of the point at maximum depth is obtained.  in Figure 5). However, analysis shows that in some particu-
In the classi cation task, the trade-off between detestor' 1ar cases (e.g. fourth example in Figure 5), this step adsoun

precision and its rejection capability is regulated by the for many distracting edges. Therefore, this step is kegten t

parameter (see Section 4.7). To produce Tabjevias setto  Pipeline nevertheless.

5% in the algorithm. The effect of the rejection parameter on

the classi cation performance is shown in Figure 9. For thai6.2 Comparison to state of the art

purpose, the value gf was rst set to 95%, then decreased

in steps of 15% until 5%, the point where best performanc&he proposed method is compared to three state-of-the-art

is obtained. A zoom-in to the graph fer< 5% shows that approaches. Qualitative results of the various vanishaigtp

average performance levels in this area both in terms of alletectors are shown in Figure 11. For this purpose, some im-

true positives, as well as correct detections only. ages already presented above have been used. In addition,
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(@ (b) (©) (d) (e)
Fig. 11 Results of different vanishing point detectors on some images fine above gures. First row (magenta markers) = Rother, 2002nskco
row (yellow) = Hedau et al, 2009; third row (red) = Kong et &08. Although none of the approaches was designed for geresas involving
clutter, the method of Hedau et al. indeed represents an impravieover Rother's algorithm, whereas the method of Kong et amseo be
misled by the absence of the sky region and the clearly outlinedstBest viewed in color.

correct | incorrect| . correct | incorrect| . correct | incorrect| . correct | incorrect| .
j ) rejected . B rejected _ ) rejected _ ) rejected
location| location location| location location| location location| location

present | 43.1% | 37.3% | 19.6% 41.9% | 41.9% | 16.2% 36.8% | 30.5% | 32.6% 13.5% | 86.5% | 0.0%

not

20.0% 80.0% 65.9% 34.1% 44.9% 55.1% 100.0% 0.0%
present

(a) Our method (b) Rother, 2002 (c) Hedau et al, 2009 (d) Korag, 009

Table 2 Performance of state-of-the-art vanishing point detectorsunvideo frames.

for visualization purposes, we chose those samples whicallow for a fair comparison, if we follow the same proce-

have a clear vanishing point inside the image. We have plotdure for our method, we achieve a performance of 57% cor-

ted all detections which were found inside the image; in caseect, an additional 14% over the single-point approach. In

all vanishing point locations were far outside the image (i. that case, also the rejection rate improves to 85%. For com-

farther tharw=4 orh=4), a + ! 'signis overlaid. Figure 11 pleteness, we note the results with Rother's approach when

effectively demonstrates the dif culty of our dataset. all detections are treated as valid, even when full vangshin
Table 2 shows confusion matrices of state-of-the-art metpint triplets are not found. In such a setting, a correct de-

ods, obtained in the above classi cation task (the one cortection rate for Rother's method is increased to 57.1%, but

responding to our method is replicated for easier reading)it the expense of a false positive rate of 100%.

Best overall results are obtained by our method (average

classi cation accuracy of 80.2% when counting all true pos-g 3 Road dataset

itives, and 61.6% when counting only the correct detec)ions

considerably better than the alternative algorithm by leda|n addition to using TRECVID frames for evaluation, we

etal. (61.2% and 46.0%, respectively). compare the above four approaches on another dataset as
One thing to note about the results in Table 2 is that thevell. We used a dataset by Kong et al. (Kong et al, 2009),

results of Rother and Hedau et al. have been favorably incontaining 1003 general road images, although mostly re-

uenced by choosing the best of three possible results. Tatricted to ideal cases, always containing the sky regiah an
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Fig. 12 Comparison of different vanishing point methods on the roadséatan terms of pixel distance to the ground truth position. éaxéntage
of images as a function of distance to ground truth. Valueseaitiht of the vertical dashed line correspond to distancescatilans at in nity.
(b) Percentage of images as a function of distance to grouttd tncluding fractions of false negative classi cations (w8 to the right of the
second vertical dashed line). (c) Cumulative percentage ofémag a function of distance to ground truth, including iryriications and false
negatives. Compare to Figure 9 in Kong et al, 2009.
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Fig. 13 Results of different vanishing point detectors on some images fhe road dataset. First row = Rother, 2002; second row = Hedaly et
2009; third row = Kong et al, 2009; and fourth row = our methole Tgure demonstrates the ability of our method to work well ungsious
lighting conditions, in presence of large obstructions andénabsence of clearly delineated road lines. Neverthelessethetdr is sometimes
misled by vertical poles, even on open and clear roBdst viewed in color.

without clutter. For this comparison, we used the perforexact ground truth data for the dataset, we used the awailabl
mance evaluation proposed by Kong et al. road segmentations for this purpose. Namely, we took po-
In order to apply our method to the new dataset, we onlsition of the tip of the road region as the actual location of
had to adapt it slightly. Speci cally, since the original o maximum depth. This provided a good approximation to the
(Kong et al, 2009) resizes images to 24Q80 pixels, we ground truth.
used a set of scales starting with the next smaller spe: Figure 12 demonstrates the superiority of the method
0:125 pixels. In addition, given that road and dirt texturesby Kong et al. on the road dataset, in terms of precision as
were in this case useful, we decreased the effect of lateralell as recall. On the other hand, other methods, and espe-
inhibition by setting thea parameter to 0.5. cially (Hedau et al, 2009), do not have such good recall rates
The comparison of different vanishing point methods onOur method demonstrates satisfactory classi cation perfo
the road dataset is shown in Figure 12. As in Kong et almance, but not such a good precision. Speci cally, the bump
2009, the methods are compared based on pixel distance itothe graph around distances of 100-150 pixels is due to dis-
the ground truth position. Since we were unable to obtain th&racting directions such as vertical telephone poles.
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Some qualitative results on the road dataset are given iscene depth. Although camera orientation is recovered by
Figure 13. In addition to the above markers== sign is  detecting the fronto-parallel view of the scene, an interes
superimposed if the image is classi ed as a rejection. Alling question is how to determine depth discontinuities in
detectors fare well in case of clear images with visible roadhe image for that case. Following a piece-wise planar 3D
lines (a-b), and Kong's method is able to locate the end ofcene model, proposed in Hoiem et al, 2005 and Nédovi
the road under more dif cult conditions (c-d). On the otheret al, 2010, this boils down to discovering (near-)horiabnt
hand, methods of Rother and Hedau et al. are unreliablénes at which scene depfoblds These folds will in some
when they cannot determine the triplet of principal worldcases correspond to the horizon, but in some other cases re-
directions. Whereas our algorithm is often distracted by verlate to boundaries between the ground and upright surfaces.
tical poles (c-d), it is able to get around lots of distragtin An approach to solving this problem could be similar to the
information and clutter (e-f). method presented in Delage et al, 2006.

Another remaining question is how to deal with cases
showing two-point perspective, and having two locations of
maximum depth. Although our algorithm can account for

With this paper, we aim to present a novel approach folsuch cases when scene geometry is “concave', the problem

computing maximum depth from a single, ordinary image_anses with “convex' geometries. An extension of the method

We derive this information by detecting the location of thecon;idering again the digtributign of support peaks in the
corresponding vanishing point, in case one exists. Robusman'mld’ should be considered in this case.

ness to clutter and occlusions is achieved by relying on all In comparison to the state—of-the-arF in vanishing point
pixels with a distinctive gradient, instead of connectea detection, we evaluate our method relative to three other ap

segments. Namely, since very little edge information ttssul Proaches, on the dataset containing 1315 randomly selected
from geometry and actually contributes to nding the point|mages from general television (Smeaton et al, 2006). In ad-

of maximum depth, we eliminate distracting evidence in sevaition. the proposed detector is evaluated on an indepénden

eral steps. Thereby, we effectively achieve edge typeielassdataset introduced in Kong et al, 2009. Overall, the results

cation, keeping only edge samples relevant for depth estiSuggest that. th? method of Kong etal. (Kong etal, 2009) is
mation. vastly superior in case of road images. Results of the same

For the images shown in Figure 6, the percentage Olinethod on television frames indicate that it does not per-
remaining gradient pixels is small, ranging approximatelyform well in general scenes (for which it was not designed
from 7% to 25%, posing heavy demands on the edge sd0 work). On the other hand, the methods of Rother (Rother,

lection steps. We select edges by applying very eIongate%OOZ) and Hedau et al. (Hedau et al, 2009) are most reliable
and directed Iters for evidence enhancement of linearcstru When the presence of Manhattan structures allows for deter-

tures, unnoticeable noise removal, further enhancement gpination of principal world axes. The method proposed in
directedness, lateral inhibition for texture suppressiomd 1S Paper is the most robust one in cases that involve large
natural scale selection foreground obstructions and unexpected occlusions. Gur ap

The robustness of the proposed detector is illustrated off®ach outperforms state-of-the-art by a considerable mar

examples from a large and diverse video dataset. Resulf" oN general television frames, however still leavingmoo

demonstrate the usefulness of our approach in many sceng\?—r improvement of this dif cult problem.
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