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Abstract

This paper addresses an important and practical
problem in computer vision — qualitative object de-
tection/recognition. In particular, it discusses the
problem of qualitative building detection in aerial
images. The approach we propose in the paper,
due to its independence of 3D site models. and/or
camera pose/calibration information, complements
the model based approaches in the literature in the
sense that it exploits the linquistic context in solv-
ing for the problem of qualitative building detection,
and uses this contextual information extensively to
guide the process of detecting buildings in the image
domain. A knowledge supervised perceptual group-
ing algorithm based on the input linquistic context
is presented, and is shown to be reasonably robust in
experiments using RADIUS model board images.

1 Introduction

This paper addresses an important and practical
problem in computer vision — qualitative object
detection/recognition. In particular, it discusses the
problem of qualitative building detection in aerial
images. :
Building detection in aerial images is an impor-
tant yet difficult problem. Solutions to this problem
find many application domains such as cartography,
intelligence analysis, surveillance monitoring, and
target recognition. Due to its practical interests,
there have been several attempts to solve this prob-
lem [5, 6, 13, 12, 19]. Recently, with the progress
of the RADIUS program [1], several more success-
ful building detection systems have been developed.
Some of these may be found in [11, 3, 4, 9, 14, 7].
All of these approaches assume that there are site
models available for interpretation of the 2D images.
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In recent research in image understanding and
computer vision, context information has received
more and more focused attention [18, 17, 16]. Unlike
most existing building detection algorithms, which
detect buildings based on site models, the algorithm
proposed in this paper is different in the sense that
it exploits the linquistic context in solving for the
problem of qualitative building detection, and uses
this contextual information extensively to guide the
process of detecting buildings in the image domain;
it is completely independent of any 3D site mod-
els and/or camera pose and calibration information.
While model based building detection is certainly
important, and has found many application scenar-
ios (e.g. model supported exploitation [1]), there
are circumstances where 3D site models may not be
available. Moreover, people may only be interested
in approximate segmentation of building areas in 2D
images based on qualitative annotation, rather than
precise delineation of the building boundaries, or
reconstruction of the precise 3D building wireframe
models. A typical scenario is as follows. An im-
age analyst (IA) annotates a set of images which do
not have corresponding 3D site models. The anno-
tation consists of a brief text or speech regarding a
region of interest in an image to identify targets (e.g.
buildings), and to describe any available function-
alities of those targets, such as what this building is
used for, what facilities this building may have, etc.
A typical description is shown in Fig. 1. A building

~ detection system is then expected to locate where

the mentioned buildings are in the image, roughly
segment out those buildings in the image, and mark
them with any annotated functionality information.
The next time when this IA or other IAs retrieve the
image, this information may be used to either up-
date the annotation of this image, or serve as “site
folders” (background information) for annotation of
other related images. Since annotation through IAs’
speech or text typically can only be expected to pro-
vide qualitative information (e.g. a description of



rectangular buildings as opposed to a precise, geo-
metric description of the buildings, which may not
be available at this point to the IAs), the building
detection system described here constructs models
(used to detect buildings) based purely on qualita-
tive information.

Qualitative building detection has two implica-
tions. First, there is no precise and/or quantitative
building models; rather, the model available is qual-
itative (we call it generic model). Second, building
detection here refers to approximate segmentation
of the building area in an image, disregarding any
“details” of the building boundaries (e.g. a build-
ing may have some tiny protrusion or indention).
Since these “details” normally cannot be substanti-
ated in a qualitative description (e.g. a rectangular
building with a tiny protrusion on one side is still
called a rectangular building), the qualitative build-
ing detection proposed in this paper ignores all these
“details”.

The kernel of our qualitative building detection
algorithm is based on knowledge supervised per-
ceptual grouping. Perceptual grouping has been
extensively used in grouping spatial data into se-
mantically meaningful entities [10, 15]. A typical
recent work is using Bayesian networks by Sarkar
and Boyer [15]. In particular, the techniques of per-
ceptual grouping have been widely used in building
detection [13, 7]. Jaynes et al [7] used graph theory
in perceptual grouping. Mohan and Nevatia [13]
explored stereo images for perceptual grouping and
used a constraint satisfaction network in the process
of perceptual grouping. Unlike the previous work,
here we use perceptual grouping in a single image,
and conduct the grouping by constantly exploring
context of tokens in the raw image.

This paper is organized as follows. The next sec-
tion briefly introduces the qualitative input to this
building detection system. Then a knowledge su-
pervised perceptual grouping technique based on
generic models is presented. Finally, the algorithm
is followed by experiments and conclusions.

2 Knowledge Supervised Per-
ceptual Grouping (KSPG)

Given a generic model and a qualitative view-
ing direction, qualitative building detection is
based on knowledge supervised perceptual grouping
(KSPG). There are three levels for this grouping.
Given a raw image, a line-finding algorithm is ap-
plied to the raw image to obtain a token image, in
which each token is a line segment composed of a

This image depicts the Buffalo
Development and Manufacturing Complex.
In the western half of Area Delta

is the Baird Research Institute.

It consists of four buildings.

Label the leftmost long rectangular
building as Kelly Laboratory.

Label the large two-storied building
as the Headquarters building.

Label the L-shaped building as the
Operations Center.

Label the small square building as
the Communications Center.

Figure 1: Example speech as qualitative input to
the building detector.

set of connected edge pixels in the same direction.
Due to the generic imperfection of line-finding al-
gorithms, and the fact that there is always “noise”
in an image such as shadows, the tokens need to be
grouped to form a semantically correct segmenta-
tion. In order to give a correct building detection,
perceptual grouping has to be applied to detect all
the semantically correct lines (i.e. building image
boundaries), and ignore all the “noisy” lines such
as those cultural and textural lines inside the build-
ing boundaries, and the shadow lines. The result of
this detection is called the label image. The diffi-
culty of perceptual grouping relies on the fact that
it is difficult to make a decision about whether or
not to group two tokens together, or to discard a to-
ken when in grouping, if perceptual grouping is only
performed at the token level. This decision can only
be correctly made if appropriate context knowledge
is provided. Our system exploits two sources of con-
text knowledge.

One is from the qualitative parameters extracted
from the description of the linquistic input to
the building detection system. This information
contains qualitative description of building shapes
which gives the generic model for perceptual group-
ing (e.g. rectangular, L-shaped, etc.), qualitative
viewing directions (e.g. nadir view, oblique view,
etc.; the default is nadir view in our system.), num-
ber of stories (e.g. two-story), and shadow informa-
tion (e.g. yes/no shadow; the default is yes). Other
qualitative information may also be used as input,
such as qualitative description of the location (e.g.
this building is located in the southwest corner), but
it is not necessary. To give an example about how
KSPG works, if the input parameters are rectan-



gular and nadir-view, KSPG searches for' a rect-
angle; if the input parameters are rectangular and
oblique-view, KSPG searches for a non-orthogonal
parallelogram.

The other source of context knowledge comes di-
rectly from the raw image itself. The raw image
provides rich contextual information, which may be
used to guide perceptual grouping. For example,
assume that there are two line tokens lying in ap-
proximately the same direction with a small gap
between them. They may be two parts of the same
physical line representing the same cultural bound-
ary, or they may represent two separate cultural
boundaries. Merging them together based only on
proximity at the token level may lead to wrong de-
cision and incorrect result. Consequently, the con-
textual information in the raw image should be con-
stantly consulted in every step when tokens need to
be merged or to be discarded in perceptual group-
ing. This process of going back to check the context
of tokens in the raw image in perceptual grouping is
called reinvestigation in this paper. We believe that
reinvestigation is necessary in perceptual grouping.

2.1 Reinvestigation

Reinvestigation is the essential part of KSPG.
There are two types of reinvestigation. One is called
longitudinal merge and extension. Fig. 2 shows how
it works. Fig. 2(a) shows two tokens lying in the
same direction separated by a close gap. We as-
sume that if they belong to the same physical line,
the intensity values of the pixels at the interior sides
of the two tokens and the gap should possess contin-
uous and consistent statistical properties, as shown
in Fig. 2(b); on the other hand, if they represent two
different physical lines, there should be a discontinu-
ous and inconsistent change of statistical properties
of intensity values in the gap between the two to-
kens, as shown in Fig. 2(c). The statistical proper-
ties may be defined in various forms. In this imple-
mentation of the system, we use the median filtered
intensity values along a line constantly aside the to-
kens. This figure shows the rationale of longitudinal
merge. Similarly, the same idea applies to longitu-
dinal extension where a token may be extended as
far as the actual physical line this token represents
ends.

The other type of reinvestigation is called lateral
support. This applies to the scenario of complet-
ing a building hypothesis with one missing token.
For example, three sides of a rectangular building
rooftop have been found with the fourth side ab-
sent in the token image. Lateral support refers to

the process of searching and verifying the existence
of the token corresponding to this missing side in
the raw image. Again, similar statistical analysis is
used to find the missing token in order to complete
the building hypothesis.

2.2 Preprocessing

Before applying KSPG, some preprocessing is nec-
essary in order to obtain an initial token set and
token image, and to roughly locate where the build-
ing is in the image. There are three major steps of
preprocessing:

e Token Extraction: A line finder is applied to
the raw image to obtain an initial extraction of
line tokens in this image. The result is an ab-
stract token set, and a token image which shows
all the detected tokens in an image plane. We
use UMass Fast Line Finder [8] and have ported
this line finder to our system with a new graph-
ical interface developed by ourselves. Fig. 4
shows part of RADIUS M7 image with line to-
kens superimposed on it by application of this
line finder.

e Histogram Analysis and Dominant To-
ken Set Determination: A histogram anal-
ysis is conducted based on normalized token
lengths of the whole token set w.r.t. the orien-
tation of each token. Each token is normalized
in terms of its length by the longest token of
the whole token set, and is put into a bucket
corresponding to its orientation. Fig. 6 shows
this histogram of the token set in Fig. 4. After
this histogram is obtained, all the tokens cor-
responding to the global peak of the histogram
are taken out to form a token subset, called
a dominant token set, and each token in the
dominant token set is called a dominant token.

e Reference Point Set: As explained in the
next subsection, the hypothesis generation and
verification of KSPG assumes a known interior
point of a building candidate. Thus, as the last
step of the preprocessing, a reference point set
is generated such that some of the points in this
set are located inside the building boundaries
that need to be detected. In order to generate
this reference point set, each line token is rep-
resented as a mass point with the normalized
length as its mass and the midpoint as its loca-
tion. Then a nearest-neighbor based clustering
algorithm [2] is used to obtain a final distribu-
tion of the mass cluster centers in the image.



For those images containing man-made build-
ings, building scenes are often filled with long
line tokens, and therefore the clustered mass
centers normally fall inside the building bound-
aries.

2.3 Hypothesis Generation and Ver-
ification

Given a reference point, the process of hypothesis
generation and verification of KSPG is conducted
through the following three major steps:

¢ Distance Map Construction: The perpen-
dicular distance from a reference point to each
dominant token is calculated and associated
with this token. Then all dominant tokens at
the both sides of the reference point are sorted
in terms of their distance to this reference
point. The spatial layout of the sorted dom-
inant tokens and the reference point is called a
distance map as illustrated in Fig. 7.

e Longitudinal Merge and Extension: To-
kens with similar distances to the reference
point may be merged together to form a longer
and more complete line token if they represent
the same physical boundary line, or may be dis-
carded if they do not represent the same build-
ing boundary, based on reinvestigation analysis
(see Section 2.1). Similarly, a single line token
may be extended in both directions as far as
it can as long as there is contextual support,
as explained in Section 2.1. The distance map
is dynamically updated in the process of longi-
tudinal merge and extension. This step com-
pletes detection of all the potential dominant
boundary tokens of a building delineation.

e Dynamic Matching: The distance map is
dynamically searched to match against the
generic model. The dynamic matching pro-
cess is a repetition of hypothesis generation and
verification. A candidate token set is defined
as those dominant tokens that may match the
generic model. For example, a candidate token
set of a rectangular model is any two domi-
nant tokens at the both side of the reference
point with similar lengthes. A hypothesis is
generated when a candidate token set is found.
The hypothesis is verified if there is contextual
lateral support (see Section 2.1). A candidate
is said to be walid if the hypothesis is veri-
fied. Note that there may be more than one
valid candidates when the whole distance map

is matched against the generic model. Some
of them may be semantically true candidates,
e.g. a two-storied building (such as one of the
buildings in Fig. 5) with the reference point
falling inside the second story building bound-
aries should return two candidates both being
semantically correct; some of them may be false
candidates, e.g. a rectangular building may
have a rectangular chimney on the rooftop, and
the reference point happens to be inside the
chimney boundaries; then both the chimney
boundaries and the building boundaries would
be returned as valid candidates, but the chim-
ney boundaries are clearly not the true candi-
dates. In general, a metric similarity function
is used to define the degree of matching be-
tween a valid candidate and the generic model,
and only those valid candidates with similarity
function values above a given threshold are con-
sidered as true candidates. For instance, paral-
lelism is used to measure the degree of match-
ing for rectangular generic model. By default,
the true candidate with the largest similarity
function value is returned as the final detection
result. In the case of multiple storied buildings,
however, candidates’ size information is further
considered and the outermost one is returned
as the final detection result. This is another
example to exemplify how qualitative contex-
tual knowledge (here the input of multi-storied
buildings) may be used to supervise the per-
ceptual grouping.

Note that KSPG detects buildings based on seg-
mentation in terms of generic models. If an image is
from nadir view or approximate nadir view, KSPG
returns the building boundaries; if the image is from
oblique view, KSPG may only detect the roofs of
the buildings, which is still considered as correct de-
tection, because the algorithm does not account for
the “height” dimension.

3 Experiments, Limitations,

and Evaluations

The whole system is implemented under the inter-
face shown in Fig. 3.

KSPG based qualitative building detection has
been extensively tested on RADIUS model board
images. Fig. 5 shows an example of the performance
of the system. Given the qualitative linquistic input
shown in Fig. 1, all the four buildings are detected
as shown in Fig. 5. Note that the long rectangular
building on the left and the two-storied rectangular



building on the right both have a little protrusion in
the right sides of their building boundaries. These
protrusions were not delineated as building bound-
aries because the qualitative building detection does
not account for these details.

Fig. 8 is the detection result of our system for
all the rectangular buildings in another RADIUS
model board image (M34). This time the quali-
tative input is only a rectangular model. We do
not even specify how many rectangular buildings
are in the image. Note that there are actually seven
rectangular buildings, and more importantly, those
seven rectangular buildings have gable roofs which
do not fit the generic rectangular model of a flat
roof that we have implemented. However, since the
view angle is not very oblique, the gable roofs are
not very obvious. We intentionally apply our build-
ing detection algorithm to this image to test the
robustness of the algorithm. Our system detected
five out of the seven rectangular buildings. Fig. 9
shows the initial line token extraction of the area
with four of the seven buildings. It can be seen that
the building boundary tokens of the two buildings
that failed to be detected do not satisfy the rect-
angular generic model well because the lateral to-
kens were not recognized as being parallel. On the
other hand, this experimental result shows that our
qualitative building detection algorithms works rea-
sonably robust in the cases where actual buildings
do not exactly fit the generic models. Also note
that the three parking areas were not detected as
buildings because our system assumes presence of
shadow context as a default parameter.

Due to the “qualitative” nature of KSPG de-
fined in the context of this paper, as well as the
different assumptions of KSPG as compared with
those of other algorithms, it is difficult to have an
objective performance comparison of KSPG with
others. Therefore, we use “self-evaluation” to show
the performance of KSPG. The “self-evaluation” is
characterized by the two statistics of detection rate
and false positives. The detection rate is defined
as the ratio of the total nubmer of detected build-
ings and the total number of the buildings that are
referred by the qualitative linquistic input over all
the images tested. The false positives are defined as
the ratio of the total number of buildings that are
incorrectly detected (i.e., the total number of the
reported buildings detected by the algorithm but
actually not real buildings) and the total number
of buildings that are referred by the qualitative lin-
quistic input over all the images tested.

Five RADIUS model board images are tested for
KSPG for certain building types (generic models).

The detection rate is 76.5%, and the false posi-
tives are 2.9%. The low false positives are owing to
the reinvestigation technique employed in KSPG.
There are two main reasons that contribute to the
scenarios in which buildings fail to be detected.

e Low image quality: When an image quality
is low, many important line tokens may be
missed, and much noise may be present in the
token image returned by an line finder. Al-
though the reinvestigation technique has the
capability to “pick up” those line tokens that
were missed by the line finder, this capability
is limited under certain range of thresholds.
Moreover, the technique of reinvestigation is
based on the assumption that (at least part-afy
dominant tokens are present in the image. If a
dominant token is completely missed, which is
possible in a low quality image, the reinvesti-
gation technique does not work, and the corre-
sponding building may fail to be detected.

o Limitation of generic models: Generic models
that have been used in this system have limita-
tions in terms of their descriptive nature. Many
buildings may not exactly fall into any generic
models. Some buildings are even difficult to be
described by a generic model. Fig. 10 shows an
example. This is a rectangular building. How-
ever, it has two protrusions on the roof, and
even worse, one of the protrusions shares a wall
with the main body of the building. This shar-
ing of the wall prevents a whole side of the buid-
ing boundary from having a complete domi-
nant line token. Since the protrusion shares the
same wall with the main body, reinvestigation
is unable to “complete” the building bound-
ary based on the rectangle generic model (be-
cause there is no edge information at all with
the sharing part along the physical boundary).
On the other hand, since this protrusion is sig-
nificantly large, it cannot be ignored as a “de-
tail” in the qualitative building boundary de-
lineation. Hence, KSPG fails to detect this
building. This is the main reason why the de-
tection rate of KSPG is lower than those of
some reported systems in the literature. Note
that the difference here is that there is no quan-
titative models (e.g. 3D models) incorporated,
and thus, the input knowledge to the percep-
tual grouping has much less assumed informa-
tion in KSPG than those reported methods.

The first limitation may be overcome by further
relaxing certain assumptions imposed to our cur-
rent reinvestigation system, so that the capabilities



of reinvestigation may be further enhanced; e.g. to
remove the assumption that all the dominant tokens
need to be present. While this is doable and will
certainly improve the capability and performance of
‘this building detection system, the trade-off, how-
ever, is that the system would become more compli-
cated to implement. The second limitation is more
intrinsic due to the nature of this approach. As
indicated in the beginning of this paper, the main
purpose of this research is to show the capability
and the potential to exploit the linquistic contex-
tual information in vision applications. It should
be noted that although this approach is limited to
certain degree, in many applications, it is necessary
to apply this technique in building detection.

Overally speaking, like many other perceptual
grouping algorithms, the bottleneck of this algo-
rithm still relies on many thresholds, starting from
the line finder, to reinvestigation. However, KSPG
shows an alternative avenue towards building de-
tection in the scenario where no quantitative model
information is available. Experimental results show
that with the reasonable image quality, and with
simple building types (so the generic models may
be applied), KSPG performs reasonably well.

4 Conclusion

This paper has addressed an important, challeng-
ing, yet very realistic problem in computer vision
— qualitative target detection — with the appli-
cation to aerial image annotation. The application
scenarios we have proposed here is quite different
from those where most of the existing building de-
tection systems in the literature can apply, which
need quantitative models. We have investigated the
problem of qualitative building detection, and have
proposed an algorithm for approximately detecting
building boundaries in a 2D image based on quali-
tative linquistic context. The main contribution of
this work is to extensively exploit the contextual
information through the linquistic input and imple-
ment it in knowledge supervised perceptual group-
ing (KSPG). We have defined the two types of
context knowledge used in our system to guide this
particular application of perceptual grouping, and
have discussed the details of how the KSPG works.
Experimental results show that this proposed algo-
rithm works reasonably robust in RADIUS model
board images. Our current direction of research
includes to implement more sophisticated generic
building models, and to test our system with more
complicated building images.
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Figure 3: System interface. The upper window is
the image interpretation window where the detected
buildings, together with their annotations are over-
layed onto the original image, and the lower window
records the speech input.

Figure 4: An image of four buildings with initial
line tokens superimposed on it.
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Figure 5: Qualitative building detection result of

one RADIUS model board image.

£

g 6L T T T T T T T 3
3 sl :
< 4 =
E

g s} 1
8 2t -
L

é : W i
g 0 L L L

< 0 20 40 60 80 100 120 140 160

token orientation in degrees

Figure 6: Histogram of the initial token set in Fig. 4.
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Figure 7: A generic model and a distance map in
dynamic matching.

Figure 8: Detected rectangular buildings of image
M34.

Figure 9: Part of M34 image with initial line tokens
superimposed on it.

Figure 10: A building that is difficult to describe
by a generic model. (a) the original image (b) the
overlayed image with detected line tokens



