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Abstract. Geospatial information analysts are interested in spatial con-
figurations of objects in satellite imagery and, more importantly, the
ability to search a large-scale database of satellite images using spatial
configurations as the query mechanism. In this paper we present a new
method to model spatial relationships among sets of three or more ob-
jects in satellite images for scene indexing and retrieval by generating
discrete spatial signatures. The proposed method is highly insensitive
to scaling, rotation, and translation of the spatial configuration. Addi-
tionally, the method is efficient for use in real-time applications, such as
online satellite image retrievals. Moreover, the number of objects in a
spatial configuration has minimal effect on the efficiency of the method.

1 Introduction

Satellite images are playing an important role in many applications, such as envi-
ronmental study and homeland security. For example, in the context of geospatial
intelligence, query methods that provide selections of objects in a query image
and retrieve images with similar spatial relationship among objects will greatly
assist analysts to have deeper understanding of relevant geospatial information.

Traditional approaches in spatial indexing of image objects normally partition
images into several bounding rectangles or spheres to describe the locations of the
extracted objects. This approach includes R-tree [1], R+-tree, R∗-tree [2], and
bounding spheres SS-tree [3]. These indexing methods are designed specifically
for the purpose of localizing objects of interest in an image when the locations
of the extracted objects are invariant to scaling, translation, or rotation.

In addition to the traditional spatial indexing approaches, many CBIR re-
searchers have made significant contributions to the modeling of spatial rela-
tionships for image retrieval [4][5][6]. The SaFe system developed by Smith and
Chang [4] applied a 2-D string approach [7] to capture spatial relations, e.g.,
adjacency, nearness, overlap, and surround. Shyu and Matsakis [8] applied his-
togram of forces [9] to model spatial relationships between lesions and anatomi-
cal landmarks on medical images. A domain-independent technique presented by
Natsev et al. [10] uses sliding windows within an image to capture the relation-
ship among neighboring objects and extracts signatures from it. This method
may not be robust enough to identify the variety of inter-object relationships
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found in the geospatial domain because the sliding window technique may suffer
from sensitivity to rotation. In [11], Matsakis et al. provide a method to deter-
mine affinity applied to a spatial object configuration to produce another view
of the configurations.

Recently, many prominent content-based image retrieval (CBIR) approaches
for satellite image databases have been implemented with certain degrees of
success. The work presented by Datcu et al. [12] shows the results of breaking
an image into regions for the purpose of classification, but not for the anal-
ysis of inter-object relationships. While, such techniques are useful for being
able to identify general classes of inter-object relationships, they lack the ability
to search for many specific relationships within geospatial imagery. A pair-wise,
single-object, query-by-shape method, defined by Dell’Acqua [13], uses the point
diffusion technique for efficient object comparisons in remote sensing images. Ad-
ditionally, the work presented by Prasher and Zhou [14] highlights an efficient
scheme for encoding the spatial relationships of objects. The paper demonstrates
sensitivity to object translation and rotation. Bian and Xie [15] use geographic
properties to model global object dependence. However, none of the aforemen-
tioned approaches address the issue of modeling multi-object spatial relation-
ships to provide query methods that allow users to select a set of objects from
a satellite image and retrieve database images with similar spatial configura-
tion. In this paper, we provide a method to extract spatial information that
is highly insensitive to rotation, scaling, and translation of configuration, with
applicability in an efficient indexing structure for fast online retrievals.

This paper is organized as follows. In Section 2 we briefly review the con-
cepts of modeling the spatial relationship between two objects using histogram
of forces, then detail our method of extending this to n − tuple object configu-
rations for spatial signature extraction. We provide results from experiments on
collections of real satellite image object sets in Section 3. Finally, we offer some
insights and future discussions in Section 4 along with our concluding remarks.

2 Generating Spatial Features of Multiple Objects

In this paper, we operate under the assumption that relevant objects can suc-
cessfully be extracted from image scenes. The extraction and grouping of objects
into configurations may be fully automated, require a human-in-the-loop, or be
manually performed. This section details the concepts used to generate a spatial
signature of an object configuration by extending the pair-wise determination of
spatial relationships through application of histogram of forces.

2.1 Histogram of Forces

The histogram of forces, introduced by Matsakis and Wendling [9, 16], is a
method for computing the spatial relationship between a pair of objects. A
collection of parallel directional lines is conceptually rotated 360◦ through an
image. Along each angle, Θ, parallel lines may cross the two objects, designated
as referent and argument, to form longitudinal segments. The histogram of forces
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Fig. 1. Histogram of Forces: For each angle, Θ, longitudinal raster segments of referent
and argument objects are used to measure force between a pair of objects. (a) two
objects with maximal forces when Θ = 226◦, (b) scaled-down objects, (c) after 90◦

rotation of the original objects, no force accumulated at 226◦, (d) histogram of forces
for (a)-(c)

is calculated by rotating around the centroid of the referent object, and measur-
ing forces between the argument and referent. A measure of forces is calculated
between the two objects from segments of the two objects which occupy the same
parallel line. All of the parallel lines together provide the response for the given
Θ component of the histogram of forces. Figure 1(a), depicts two objects that
have a distinct spatial relationship, namely the rectangle is above and to the
right of the other object. The resulting histogram of forces, Fig 1(d), peeks at
angle Θ equal to 226◦. The histogram peeks when the longitudinal segments ex-
ert maximal force. As the angle Θ changes, less of the parallel lines pass through
both objects, thereby decreasing the intensity of response in the force histogram.
A notable property of a normalized histogram of force is scaling invariance. This
quality is demonstrated by the overlapping response peaked at 226◦ from Fig
1(a) and 1(b) depicted in Fig 1(d). Readers are encouraged to examine [16] for
detailed treatment of the histogram of forces.

2.2 Multiple Object Configuration Problem

The spatial relationship between any two objects can be efficiently represented
by histogram of forces. However, representing configurations of n objects using
pair-wise spatial relationships introduces scalability concerns from an informa-
tion indexing perspective. To extend histogram of forces to configurations of
more than two objects, there are a few important considerations. The first issue
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to address for multiple object configurations is representing the spatial rela-
tionship independent of the number of objects. Some approaches, such as [17],
encode the relationship between every pair of objects. However, as the number
of objects in the spatial configuration increases, the lack of scalability becomes
evident. For example, when comparing two k-object configurations k(k − 1)/2
histograms are used to represent each configuration. Correlating sets of his-
tograms between k-object configurations becomes a significant computational
task equivalent to graph matching. Applying pair-wise histogram of forces is
complicated by the possibility that an object may be the referent object during
one analysis, but the argument object in a subsequent analysis. The second, and
perhaps more challenging issue is to automatically generate signatures which are
approximately rotationally invariant. Such signatures should be indexable and
searchable without human intervention. Consider again Fig. 1(a) and 1(c); if this
image was rotated any significant amount, such as 90◦, the spatial relationship
has an entirely new representation in the histogram of forces, depicted in Fig
1(d). Preferably, for a given spatial configuration of objects the signature gener-
ated should be approximately equal in the spatial feature space for any rotation,
scaling, or translation.

One could possibly extend the F-signature concept proposed by Wending et al.
[18] to obtain features from the union of multiple objects by computing histogram
of forces from a set of objects to themselves. However, to our knowledge, there is
still no automatic algorithm to make the F-signature indexable and searchable
without rotating the signatures in increments of a certain angle during each com-
parison. At this moment, such a signature is still inapplicable to real-time large-
scale satellite image database retrievals for spatial configuration queries.

2.3 Extraction of Spatial Signatures

Our approach to model spatial configurations for multiple objects is to develop
spatial signatures which are insensitive to rotation, translation, and scaling. We
devised a method to use a synthetic reference object to obtain a spatial signa-
ture that is unaffected by the ordered consideration of objects. This object is
placed outside of the configuration, allowing it to simultaneously capture spatial
features relative to each member of the spatial configuration. Given a reference
object, A, and the spatial relationships to members of an object configuration,
a portion of the spatial information describing the intra-object relationships is
encoded. To maintain order invariance, we conceptually treat all members of the
spatial configuration as a single disjoint object. This leads to a force histogram
from the reference object that spans no more than 180◦. If a fixed image position
is utilized for the synthetic reference object position, configuration rotation and
translation both drastically affect the spatial signature. To obtain a rotation
insensitive feature set, we must simply place the reference object in a position
relative to the spatial configuration. A natural approach to this task is the appli-
cation of principal component analysis. In the case of our spatial configurations
of image objects, we treat each pixel position that is a member of an object
as a sample point in 2D space. This allows the calculation of the centroid of



Modeling Multi-object Spatial Relationships 251

the spatial configuration. Given the centroid and the pixel samples, a covariance
matrix (Σ) can be computed. Knowing that our spatial configurations always
exist in the simple 2D coordinate plane, the eigenvalues and first eigenvector are

λ =
tr(Σ) ± √

tr(Σ)2 − 4 ∗ det(Σ)
2

(1)

e1 =
(
1,

−σ01

σ11 − λmax

)
(2)

where tr(Σ) and det(Σ) are the trace and determinant of the covariance ma-
trix, respectively. Equation (2) represents the direction of the principal axis of
the spatial configuration, in (y,x) order, where σ01 and σ11 are elements of Σ,
and λmax is the larger eigenvalue from (1). We position our rotation invariant
reference object along this principal axis. The distance along the axis is deter-
mined by finding the radius of the smallest circle positioned at the configuration
centroid and bounding the entire configuration. Figure 2 shows the placement
of our reference object, A, outside the bounding circle.

In (2), the y component is always fixed to a positive value. This causes a
reference object to rotate through a 180◦ arc along the bounding circle when
the configuration rotates. To achieve full 360◦ rotational invariance, two refer-
ence objects must be used and the resultant features merged. Figure 2 depicts
the placement of the dual reference objects. We construct our spatial signatures
by calculating the histogram of forces, H+y and H−y, for each reference object
against the object configuration. The histogram generated from each reference
object is then aligned to the principal axis of the configuration. After this align-
ment, two windows up to 180◦, W+y and W−y, centered at the principal axis are
constructed from H+y and H−y. Each W is partitioned into F bins, and each
bin generates a feature value which is the average response from H over that
bin. In our experiments, we chose an F value of 20. This results in each feature

Fig. 2. Multi-Object Spatial Modeling: Three objects are shown with their centroid
and principal axis, e1. Two reference objects are placed outside the bounding circle
along e1, equidistant from the centroid
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being an average response across 8◦. From both reference objects we compute
2 ∗F histogram response features for a spatial configuration. To ensure that the
features are rotationally insensitive, we order each bin, i ∈ [1, F ], from W+y and
W−y, such that

S[i] = max{W+y[i],W−y[i]} (3)
S[i + F ] = min{W+y[i],W−y[i]} (4)

where S is the spatial signature from the object configuration and W+y[i] and
W−y[i] represent bin i in from W+y and W−y, respectively. As a final step, the
spatial signature, S[i], is normalized to [0, 1], and a final feature is added to
represent density of the objects within our earlier defined bounding circle.

(a) (b) (c)

(d) (e) (f)

Fig. 3. Rotation Insensitive Multi-Object Spatial Modeling: (a) represents an original
panchromatic IKONOS image; (b) the spatial configuration of interest, extracted from
(a); (c) the spatial signature extracted from (b); (d) the panchromatic image rotated
90◦ clock-wise; (e) the spatial configuration of interest, extracted from (d); (f) a surface
plot of the spatial signatures generated as the configuration is rotated through 360◦

3 Experimental Results

The algorithms presented above were applied to sets of objects identified from
several scenes of satellite imagery at 1-m resolution. From these images, groups
of three and four objects were analyzed using our presented algorithm, yielding
features representing spatial relationships among objects for more than 10,000
groups of objects. Although the number of configurations analyzed may be very
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Table 1. Average Recall of Rotated Configurations: Ten object configurations were
rotated between 0 and 360 degrees at 5 degree increments for a total of 720 sets. The
values shown indicate the average recall at rank n in the results. Recall at rank n is
calculated as the percent of the expected configurations correctly returned in the top
n results. Recall of Scaled Configurations: Ten object configurations were scaled to
ten different image sizes for a total of 100 sets. The values shown indicate the recall at
rank n in the results

Recall
%

Rank 1 2 3 4 5 10

Rotation 82 91 97 98 98 100

Scale 82 97 99 100 - -

large, the time required to extract features from a configuration is well under
one second for a 256x256 pixel image on a typical Pentium 4 computer.

Evaluation of the spatial configurations extracted by our approach is a very
subjective task. To address this issue, the queries selected for evaluation were
morphed from their original configuration using object scaling, rotation and
translation. For a given query using a morphed configuration, we expect the
original configuration as the top ranked result. To demonstrate that our approach
has the ability to detect a wide variety of spatial relationships among objects,
we require an equally varied set of test data for evaluation. For example, some
of the relationships include linear configurations, triangular layouts, L-shaped
patterns, etc.

The first test seeks to verify the claim that the algorithm presented is in-
sensitive to rotation. This is measured by generating test queries resulting from
rotating several selected sets of objects. Ten object sets were chosen and each
was rotated between 0 and 360 degrees at 5 degree intervals. The resulting con-
figurations were then analyzed using our algorithm and used as a query in our
indexing system. The results shown in Table 1 validate the claim that the pre-
sented method is insensitive to rotation. Theoretically, we expect spatial sig-
natures to be rotationally invariant, however, due to the raster arrangement of
image pixels, small variations occur. In our collection many arrangements have
high similarity in spatial configuration; from our observations, in queries where
the expected configuration was not returned at rank one, configurations with
highly similar configurations were returned.

The second experiment serves to confirm the scaling insensitivity of the al-
gorithm. In this experiment, the image dimensions were varied from 100x100 to
1000x1000 pixels. Again, each of these resulting images was analyzed and fed
into our information retrieval system as a query. Once again, the results shown
in Table 1 validate the claim that the algorithm is scale insensitive. Figure 4(a)
and (b) depicts a single object configuration at two scales. As seen in the surface
plot in Fig. 4(c), the spatial signature is nearly identical at each scale analyzed
for this configuration.

The final experiment translated a single object of the configuration by varying
distances. These translations are performed to evaluate the robustness of our
approach with regard to subtle changes in spatial configuration. In this test,
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(a) (b) (c)

Fig. 4. Scale Insensitive Multi-Object Spatial Modeling: (a) A spatial configuration
of five objects scaled to 100x100 pixels, (b) original 256x256 pixel image, and (c) the
surface plot of the spatial signature across 10 image sizes from 100x100 to 1000x1000
pixel image scenes

only one object is translated at a time – this is due to the fact that translating
multiple objects at the same time in different directions may dramatically alter
the spatial relationships among the objects. Again, at this stage ten sets of
objects were used for evaluation. In the first iteration of this stage, each object
is translated a distance of two pixels; distance is measured by the Manhattan
distance measure. This is repeated a total of ten times for a total number of
30 morphed configurations. For the next iteration, the distance of translation is
increased by two pixels, continuing up to a total displacement of 20 pixels. This
increase in translation distance allows for the similarity of signature generated to
be analyzed as the original spatial configuration becomes increasingly distorted.
As the amount of object displacement increases, the difference of the spatial

(a) (b)

Fig. 5. Precision of Object Translated Configurations: Ten object configurations were
morphed by translating a single object by a variable displacement. The degree of dis-
placement varied from 2 to 20 pixels. The numbers shown indicate the precision at
rank 1 and rank 3. (a) Precision plots of three object configurations as a single object
of the configuration is displaced by increasing amounts, (b) the equivalent evaluation
of four object configurations
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signature between the original and morphed configuration increases. This trend
is depicted in Fig. 5.

4 Discussion and Conclusion

We propose a method for extracting signatures which represent spatial con-
figurations of multiple objects. Our method is efficient and robust, making it
applicable for real-time retrieval systems. The efficiency of our algorithm is not
bound by the number of objects which compose the spatial configuration. We
achieve a high degree of insensitivity to rotation of the spatial configuration due
to our use of the principal components to place reference objects. As the features
of our spatial signature are derived from the histogram of forces, they inherit
an image scaling invariance property as well. It is noteworthy to mention that
as number of objects in the configuration increases, the effect of translating a
single object decreases, as shown in Fig 5. Since our spatial signature is a dis-
crete feature vector, we plan to apply the Entropy Balanced Statistical k-d tree
[19]. This will allow very large data sets of spatial configurations to be indexed
for real-time satellite image retrievals. Further research will explore coupling
object-based information with our spatial signatures to further refine searches.
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