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Abstract

Preliminary work by the authors made use of the so-called\Man-
hattan world" assumption about the scenestatistics of city and
indoor scenes.This assumption stated that sudc sceneswere built
on a cartesian grid which led to regularities in the image edgegra-
dient statistics. In this paper we explore the general applicability
of this assumption and show that, surprisingly, it holds in a large
variety of lessstructured environments including rural scenes.This
enablesus, from a singleimage, to determine the orientation of the
viewer relative to the scenestructure and alsoto detect target ob-
jects which are not aligned with the grid. These inferencesare
performed using a Bayesian model with probability distributions
(e.g. on the image gradient statistics) learnt from real data.

1 Intro duction

In recert years, there has beengrowing interest in the statistics of natural images
(seeHuang and Mumford [4] for a recen review). Our focus, howewer, is on the
discovery of scenestatistics which are useful for solving visual inference problems.
For example, in related work [5] we have analyzed the statistics of Iter responses
on and o edgesand hencederived e ectiv e edgedetectors.

In this paper we present results on statistical regularities of the image gradient
responsesas a function of the global scenestructure. This builds on preliminary
work [2] on city and indoor scenes.This work obsened that such scenesare based
on a cartesiancoordinate systemwhich puts (probabilistic) constraints on the image
gradient statistics.

Our current work shaws that this so-called\Manhattan world" assumption about
the scenestatistics appliesfar more generallythan urban scenes.Many rural scenes
cortain su cien t structure on the distribution of edgego provide a natural cartesian
referenceframe for the viewer. The viewers' orientation relative to this frame can
be determined by Bayesianinference. In addition, certain structures in the scene
stand out by being unaligned to this natural referenceframe. In our theory sud



structures appear as\outlier" edgeswhich makesit easierto detect them. Informal
evidencethat human obseners use a form of the Manhattan world assumption is
provided by the Ames room illusion, see gure (6), where the obseners appear
to erroneously make this assumption, thereby grotesquely distorting the sizes of
objects in the room.

2 Previous Work and Three- Dimensional Geometry

Our preliminary work on city sceneswas preserted in [2]. There is related work in
computer vision for the detection of vanishing points in 3-d sceneg[1], [6] (which
proceedsthrough the stagesof edgedetection, grouping by Hough transforms, and
nally the estimation of the geometry).

We refer the reader to [3] for details on the geometry of the Manhattan world
and report only the main results here. Briey, we calculate expressionsfor the
orientations of x;y;z lines imaged under perspective projection in terms of the
orientation of the camerarelativeto the x; y; z axes. The cameraorientation relative
to the xyz axis system may be speci ed by three Euler angles: the azimuth (or
compassangle , corresponding to rotation about the z axis, the elevation above

the xy plane, and the twist about the camera'sline of sight. Weuse™ = (; ; )
to denote all three Euler anglesof the cameraorientation. Our previous work [2]
assumedthat the elewvation and twist were both zerowhich turned out to be invalid
for many of the imagespresened in this paper.

We can then compute the normal orientation of lines parallel to the x;y;z axes,
measuredin the image plane, asa function of Im coordinates (u; v) and the camera
orientation = We expressthe results in terms of orthogonal unit cameraaxesa, B
and €, which are aligned to the body of the cameraand are determined by = For
x lines (seeFigure 1, left panel) we havetan x = (uck + f ax)=(vex + f by), where
x is the normal orientation of the x line at Im coordinates (u; v) and f is the focal
length of the camera. Similarly, tan y = (uc, + f ay)=(vc, + f by) for y lines and
tan ; = (uc, + faz)=(vc, + fb,) for z lines. In the next section will seehow to
relate the normal orientation of an object boundary (such asx; y; z lines) at a point
(u; v) to the magnitude and direction of the image gradient at that location.
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Figure 1: (Left) Geometry of an x line projected onto (u;v) image plane. is the
normal orientation of the line in the image. (Right) Histogram of edgeorientation
error (displayed modulo 180 ). Obserwe the strong peak at 0 , indicating that
the image gradient direction at an edgeis usually very closeto the true normal
orientation of the edge.

3 Pon and Py s: Characterizing Edges Statistically

Sincewe do not know wherethe x; y; z lines are in the image, we have to infer their
locations and orientations from image gradient information. This inferenceis done



using a purely local statistical model of edges.A key elemer of our approad is that
it allows the model to infer cameraorientation without having to group pixels into
X;¥;z lines. Most grouping proceduresrely on the use of binary edge maps which
often make premature decisionsbasedon too little information. The poor quality
of some of the images{ underexposed and overexposed{ makes edge detection
particularly dicult, aswell asthe fact that someof the imageslack x;y;z lines
that are long enoughto group reliably.

Following work by Konishi et al [5], we determine probabilities Po,(Ey) and
Pot 1 (Ey) for the probabilities of the image gradient magnitude E at position t
in the image conditioned on whetherwe are on or o0 an edge Thesedistributions
qguantify the tendency for the image gradient to be high on object boundaries and
low o them, seeFigure 2. They were learned by Konishi et al for the Sowerby
image databasewhich contains one hundred presegmeted images.
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Figure 2: Po ¢ (y) (left) and Pon(y)(right), the empirical histograms of edge re-

sponseso and on edges,respectively. Here the responsey = | is quartized to

take 20 valuesand is shown on the horizontal axis. Note that the peak of Pyt (Y)
occurs at a lower edgeresponsethan the peak of Py, (y).

We extend the work of Konishi et al by putting probability distributions on how
accurately the image gradient direction estimatesthe true normal direction of the
edge. Thesewere learned for this dataset by measuringthe true orientations of the
edgesand comparing them to those estimated from the image gradierts.

This givesus distributions on the magnitude and direction of the intensity gradient

Pon(Eyj );Poit (Ey), whereEy = (Ey; ), isthe true normal orientation of the
edge,and  is the gradient direction measuredat point & = (u;v). We make a

factorization assumptionthat Pon(Eyj ) = Pon(E4)Pang ( ) and Py (Ey) =
Potf (Ex)U( ). Pang (1) (with argumert evaluated modulo 2 and normalized to
1 over the range O to 2 ) is basedon experimental data, seeFigure 1 (right), and
is peaked about 0 and . In practice, we use a simple box-shaped function to
model the distribution: Payg( )= (1 )=4 if iswithin angle ofOor ,and
=(2 4 ) otherwise (i.e. the chance of an angular error greater than is ).
In our experiments = 0:1and = 4 for indoors and 6 outdoors. By cortrast,
U(:) = 1=2 is the uniform distribution.

4 Bayesian Mo del

We deviseda Bayesian model which combines knowledge of the three-dimensional
geometry of the Manhattan world with statistical knowledgeof edgesn images. The
model assumeghat, while the majorit y of pixels in the image cornvey no information
about cameraorientation, most of the pixels with high edgeresponsesarise from
the presenceof x; y; z lines in the three-dimensionalscene.An important feature of
the Bayesianmodel is that it does not force us to decide prematurely which pixels



are on and o an object boundary (or whether an on pixel is due to Xx;y; or z), but
allows us to sum over all possibleinterpretations of each pixel.

The image data E, at a single pixel & is explained by one of v e models my:
mg = 1;2; 3meanthe data is generatedby an edgedueto anx; y; z line, respectively,
in the scene;my = 4 meansthe data is generatedby an outlier edge(not due to an
X;y;z line); and my = 5 meansthe pixel is 0 -edge. The prior probability P(my)
of eadh of the edgemodels was estimated empirically to be 0:02; 0:02; 0:02; 0:04; 0:9
formg = 1;2;:::;5.

Using the factorization assumption mertioned before, we assumethe probability of

the image data E, hastwo factors, onefor the magnitude of the edgestrength and
another for the edgedirection:

P(Egjmy; 7 tt) = P(Eujmy)P( wjmy; 7 t) (1)

where P(Ey4jmy) equals Pyt (Ey) if my = 5 or Pon(Ey) if my 6 5. Also,
P( wimy; 7 tt) equalsPang ( (Timg; ) if mg = 1;2;30r U( ) if mg = 4;5.
Here (7;my;t)) is the predicted normal orientation of lines determined by the
equationtan , = (ucy+fayx)=(vee+fb) for xlines,tan y = (ucy+fay)=(ve,+
fby) fory lines,and tan , = (uc, + f a,)=(vc, + f ;) for z lines.

In summary, the edgestrength probability is modeled by P,, for models 1 through
4 and by Py ¢ for model 5. For models 1,2 and 3 the edgeorientation is modeled by
a distribution which is peaked about the appropriate orientation of an x;y;z line
predicted by the cameraorientation at pixel location t; for models 4 and 5 the edge
orientation is assumedto be uniformly distributed from O through 2 .

Rather than decideon a particular model at ead pixel, we marginalize over all v e
possiblemodels (i.e. creating a mixture model):

X
P(Euwj™:t) = P(Eujmy; ~; )P (my) 2

my=1

Now, to combine evidenceover all pixels in the image, denoted by f E,g, we assume
that the image data is conditionally independert acrossall pixels, given the camera

orientation T v
P(fEwgi™) = P(Es™:8) 3

(Although the conditional independenceassumption neglectsthe coupling of gra-
dients at neighboring pixels, it is a useful approximation that makes the model
computationallydractable.) Thus the posterior distribution on the cameraorienta-

tion is givenby ", P(Eyj™;t)P (7 =Z whereZ is a normalization factor and P (7}
is a uniform prior on the cameraorientation.

To nd the MAP (maximum a posterior) estimate, our algorithm maximizes the
log poste-

P P
rior term log[P(fEwgj™)P()] = logP () + log[ . P(Euimey; ~;t)P(my)]
numerically by searding over a quantized set of compassdirections ~ in a certain

range. For details on this procedure,aswell ascoarse-to- ne techniquesfor speeding
up the seard, see[3].



5 Exp erimen tal Results

This sectionpreseris results on the domainsfor which the viewer orientation relative
to the scenecan be detected using the Manhattan world assumption. In particular,
we demonstrate results for: (1) indoor and outdoor scenegas reported in [2]), (I1)
rural English road scenes,(I11) rural English elds, (IV) a painting of the French
courtryside, (V) a eld of broccoli in the American mid-west, (VI) the Amesroom,
and (VI1) ruins of the Parthenon (in Athens). The results shon strong success
for inference using the Manhattan world assumption even for domains in which
it might seemunlikely to apply. (Some examplesof failure are given in [3]. For
example,a helicopter in a hilly scenewherethe algorithm mistakenly interprets the
hill silhouettes as horizontal lines).

The rst setof imageswere of city and indoor scenedn San Franciscowith images
taken by the secondauthor [2]. We include four typical results, see gure 3, for
comparisonwith the results on other domains.
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Figure 3: Estimates of the camera orientation obtained by our algorithm for two
indoor sceneg(left) and two outdoor sceneg(right). The estimated orientations of

the x; y lines, derived for the estimated cameraorientation ~, are indicated by the
black line segmetts drawn on the input image. (The z line orientations have been
omitted for clarity.) At ead point on a subgrid two such segmeits are drawn { one
for x and onefor y. In the image on the far left, obsere how the x directions align
with the wall on the right hand side and with features parallel to this wall. The y
lines align with the wall on the left (and objects parallel to it).

We now extend this work to lessstructured scenesn the English countryside. Fig-
ure (4) shows two images of roads in rural scenesand two elds. Theseimages
come from the Sawerby database. The next three imageswere either downloaded
from the web or digitized (the painting). Theseare the mid-west broccoli eld, the
Parthenon ruins, and the painting of the French courtryside.

6 Detecting Objects in Manhattan world

We now considerapplying the Manhattan assumptionto the alternativ e problem of
detecting target objects in badkground clutter. To perform such a task e ectiv ely
requires modelling the properties of the badkground clutter in addition to those of
the target object. It hasrecertly beenappreciatedthat good statistical modelling
of the image badkground can improve the performance of target recognition [7].

The Manhattan world assumptiongivesan alternativ e way of probabilistically mod-
elling badkground clutter. The badkground clutter will correspond to the regular
structure of buildings and roads and its edgeswill be aligned to the Manhattan
grid. The target object, however, is assumedto be unaligned (at least, in part) to
this grid. Therefore many of the edgesof the target object will be assignel to model

4 by the algorithm. (Note the algorithm rst nds the MAP estimate = of the



Figure 4: Resultson rural imagesin England without strong Manhattan structure.
Samecorventions as before. Two imagesof roads in the countryside (left panels)
and two imagesof elds (right panel).

Figure 5: Results on an American mid-west broccoli eld, the ruins of the
Parthenon, and a digitized painting of the French courtryside.

compassorientation, seesection (4), and then estimatesthe model by doing MAP

of P(myjEy; ™~ ;d) to estimate my for eadh pixel #.) This enablesus to signi -
cartly simplify the detection task by removing all edgesin the imagesexceptthose
assignedto model 4.

The Ames room, see gure (6), is a geometrically distorted room which is con-
structed soasto give the falseimpressionthat it is built on a cartesian coordinate
frame when viewed from a special viewpoint. Human obseners assumethat the
room is indeed cartesian despite all other visual cuesto the contrary. This distorts
the apparert size of objects so that, for example, humansin di erent parts of the
room appearto have very di erent sizes.In fact, a human walking acrossthe room
will appear to change size dramatically. Our algorithm, like human obseners, in-
terprets the room as being cartesian and helpsidentify the humansin the room as
outlier edgeswhich are unaligned to the cartesian referencesystem.

7 Summary and Conclusions

We have demonstrated that the Manhattan world assumption applies to a range
of images, rural and otherwise, in addition to urban scenes. We demonstrated a
Bayesian model which usedthis assumption to infer the orientation of the viewer
relative to this referenceframe and which could also detect outlier edgeswhich are
unalignedto the referenceframe. A key elemen of this approad is the useof image
gradient statistics, learned from image datasets, which quartify the distribution of
the image gradient magnitude and direction on and o object boundaries. We
expect that there are many further image regularities of this type which can be
usedfor building e ectiv e arti cial vision systemsand which are possibly made use
of by biological vision systems.



Figure 6: Detecting peoplein Manhattan world. The left images(top and bottom)
show the estimated scenestructure. The right imagesshow that people stand out
asresidual edgeswhich are unaligned to the Manhattan grid. The Amesroom (top
panel) violatesthe Manhattan assumptionbut human obseners, and our algorithm,
interpret it asif it satis ed the assumptions. In fact, despite appearancesthe two
peoplein the Amesroom are really the samesize.
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