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Abstract
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The goal of this work is to estimate the spatial extents
of complex geospatial objects such as high schools and golf
courses. Gazetteers are deficient in that they currently specify the spatial extents of these objects using a single latitude/longitude point. We propose a framework that uses
readily available high resolution overhead imagery to estimate the boundaries of known object instances in order
to update the gazetteers. Key to our approach is a hierarchical object model with three levels. The lowest level
characterizes an object using local invariant features; an
intermediate, latent level characterizes the land-use/landcover (LULC) classes that constitute an object; and, the top
level models an object as a distribution over these classes.
We evaluate our approach using a manually labeled
ground truth dataset of four object types: high schools, golf
courses, mobile home parks, and Costco shopping centers.
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Figure 1. The goal of this work is to estimate the spatial extent of
complex geospatial objects. Gazetteers are deficient in that they
currently specify the spatial extents of objects using only a single
latitude/longitude point as shown on the left for this high school.
We propose a method to estimate the true spatial extent from such
a point using a hierarchical object model. The results of our technique, indicated on the right by the union of the red regions, can
then be used to update the gazetteer.

challenging problem. It also provides a constrained setting
in which to develop and evaluate the object models before
tackling the more challenging problem of detecting novel
object instances.
Our work is motivated by the fact that current gazetteers,
geographic dictionaries of what-is-where on the surface
of the Earth, are deficient in that the spatial extents of
the archived objects are limited to a single point, a latitude/longitude pair. While the systems include provisions
for storing at least a bounding box representation, this information has simply never been acquired or computed. As the
development team of the University of California at Santa
Barbara Alexandria Digital Library (ADL) gazetteer points
out [13], “for a digital library application, the spatial extent of the feature, either approximately with a bounding
box or more accurately with a polygonal representation,
is better, but there are no large sets of gazetteer data with
spatial extents.” They go on to state that “establishing the
standards that will enable the sharing of gazetteer data will
help harvest data from many sources, but ultimately deriving spatial locations and extents from digital mapping products and other sources automatically will be needed.” Our
work in this paper does just as the ADL gazetteer development teams proposes: we leverage readily available high
resolution overhead imagery to estimate the spatial extents
of known object instances with minimal user supervision.
We propose a novel hierarchical geospatial object model

1. Introduction
Advances in technology continue to increase our ability
to capture and store overhead imagery such as that taken
from satellite or aerial platforms. While this data has great
potential to benefit society, our ability to analyze this imagery has not scaled proportionally and so automated methods for extracting useful information are needed. Significant progress has been made over the last several decades
in automating the analysis of overhead imagery but the bottleneck to realizing the true value of this data remains the
need for manual inspection which is time intensive.
The work in this paper represents a step towards the automated analysis of high resolution overhead imagery, in
particular for the detection of complex geospatial objects
that are composed of multiple land-use/land-cover (LULC)
classes such as high schools and golf courses. We focus
here though on the preliminary problem of estimating the
spatial extents of known object instances using a novel hierarchical geospatial object model. Computing the spatial footprints of known objects is itself an important and
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with three levels. At the lowest level, local invariant features are used to represent the pixel level information in the
image. A latent intermediate level characterizes tiled image regions using a set of LULC classes. Finally, the top
level represents the geospatial objects as distributions over
the underlying LULC classes.
We demonstrate our approach using a manually labeled
ground truth dataset containing four object types: high
schools, golf courses, mobile home parks, and Costco shopping centers. This dataset is created from license-free aerial
orthoimagery obtained from the United States Geological
Survey (USGS) National Map and will be made publicly
available to other researchers. To our knowledge, it is the
first dataset of its kind that can be openly distributed.
The salient aspects of our work are as follows:
• A image based solution that addresses a significant deficiency in current gazetteers.
• A novel hierarchical model with a latent LULC level.
• A framework which leverages image and non-image
data to update the gazetteers. This framework requires
very few labeled training images.
• A manually labeled ground truth dataset which will be
made publicly available to other researchers1 .

non-image data sources to improve remote sensed image
understanding. Using satellite or aerial imagery to maintain road networks has always held great appeal but automatically extracting roads is a challenging task. An obvious way to improve road extraction, at least for known
roads, is to use existing vectorized road networks as seeds
[32, 2, 11]. Researchers have also incorporated other information to improve road extraction, such as using digital
surface models to account for gaps between road segments
due to shadows [4]. Automated building extraction is another appealing use of remote sensed imagery. Agouris et
al. [1] propose a SpatioTemporal Gazetteer that incorporates aerial imagery as well as existing vector datasets of extracted outlines and thematic datasets (building blueprints,
building usage records) to automatically detect changes to
the spatial footprints of buildings using template matching.
Finally, the remote sensing community has begun to realize the potential of local invariant features for image analysis especially in high resolution imagery. A number of
methods have been developed to perform image matching
for registration [15, 9, 18, 10, 29] and change detection
[14, 27]. Closer to the work presented in this paper, researchers have investigated local features for detection and
classification. Sirmacek and Unsalan [22, 23, 24] use local
features to detect buildings and urban areas in 1m resolution IKONOS imagery. Xu et al. [30] compare quantized
color and texture features with local features for classifying 0.25m resolution aerial image regions into four LULC
classes. Chen et al. [8] also compare local features with
standard color and texture features to classify 0.5m Digital Globe imagery into 19 LULC classes. Skurikhin [26]
investigates attention based saliency detection to perform
local feature based classification of 0.5m resolution Digital
Globe and Google Earth imagery into anthropogenic or natural regions. Gleason et al. [12] and Vatsavai et al. [28]
use quantized local features to detect complex geospatial
objects such as nuclear and coal power plants in 1m resolution Digital Globe imagery. Ozdemir and Aksoy [20] investigate graph-based spatial arrangements of quantized local
features to classify 1m resolution Ikonos imagery into eight
LULC classes. And, Bordes and Prinet [6] investigate spatial correlograms of quantized local features to classify high
resolution Digital Globe imagery into eight LULC classes.

2. Related Work
While we are not aware of similar work on modeling
widely varying geospatial objects composed of multiple
LULC classes, aspects of our work are related to the following research areas in computer vision and remote sensing.
First, there has been significant effort and success in object recognition in standard (non-overhead) imagery by the
computer vision community over the last decade particularly using local invariant features. An overview of this
work is beyond the scope of this paper but a good survey
can be found in [21].
Another related area is combining image and non-image
data to improve image understanding. (In our case, the
gazetteer records are the non-image data.) In particular,
computer vision researchers have exploited various forms
of meta-data associated with image collections to learn visual object models. Berg et al. [5] data mine a large collection of captioned images of faces from online news sources
to train a recognition system for commonly occurring people. Barnard et al. [3] develop an object recognizer using
10,000 images of works of art along with associated free
text which varies greatly from physical description to interpretation and mood. And, Li et al. [16] turn the search
paradigm around by using search results from the Google
image search engine to learn visual models for a variety of
object categories.
Researchers working in the geographic information sciences have likewise proposed a number of ways to leverage
1 The

3. Approach Overview
An overview of the proposed approach is shown in figure
2. First, gazetteers are queried for object instances, for example all high schools in a geographic region such as a city.
The point locations of these objects are then used to retrieve
high resolution images from online repositories. The spatial extents of the objects are manually labeled in a small
subset of the images to form a training set which is used
to learn the object models. The model is used to estimate
the spatial extents of the objects in the target images. Fi-

dataset is available at http://vision.ucmerced.edu/datasets.
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Figure 2. An overview of our proposed approach for estimating the spatial extents of geospatial objects.

nally, the gazetteers are updated with the spatial extents of
the originally queried objects.

level 3

3.1. Data Sources - Gazetteers
Gazetteers are geographic dictionaries that record whatis-where on the surface of the Earth. We utilize two
gazetteers in this work. First GeoNames2 , an online worldwide gazetteer compiled from several dozen sources including other gazetteers such as the USGS Geographic Names
Information System. It contains over 7.5 million features
(objects) categorized into nine top-level classes which are
further subcategorized into 645 feature codes. All the data
is accessible free of charge through a number of webservices as well as a daily database export. The GeoNames
web interface allows fuzzy search using geographic names,
locations, features codes, and feature classes. Queries to
GeoNames return a single latitude/longitude point as the
spatial extent of an object.
We also treat Google Maps as a gazetteer in that it allows
us to perform location-based searches for geospatial objects
such as Costco shopping centers. We further use the Google
Maps Geocoding API3 to translate the street addresses provided by Google Maps into latitude/longitude points.
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x
x
x

x
x

x

x
x
x

x

x

x

x

x

x

x
x

x

x

x
x

x
x

x

x

x x

x

x x

level 1

x

Figure 3. The three levels of our hierarchical model. Level 1 represents the object using quantized SIFT features shown here as x’s.
BOVW histograms are computed for image tiles and SVM classifiers are used to assign LULC labels to the tiles in level 2. The
distribution of the LULC classes in level 3 constitutes the final
object model.

sizes of sample objects. A single size is picked for each object type and then fixed for all the retrievals. Note that the
gazetteer point does not always fall inside the object due to
data collection, geo-registration, or other errors.

4. Hierarchical Object Model
The three levels of the hierarchical model are shown in
figure 3. We now describe each of the levels in detail.

3.2. Data Sources - Image Repositories
4.1. Level 1 - Local Invariant Features

Our image-based spatial extent estimation is made possible by the availability of high resolution overhead imagery. We limit our study area to the US and use the
USGS National Map Seamless Data Server4 interface to automatically download imagery. This interface accepts spatial queries for a range of data collections including High
Resolution Orthoimagery of major US urban areas at 3inch, 6-inch, 1-foot, and 2.5-foot spatial resolutions, and the
US Department of Agriculture (USDA) National Agriculture Imagery Program imagery of the conterminous United
States at 1-meter or 2-meter spatial resolutions.
Images are retrieved from the National Map using a simple rectangular query region specified by its bounding latitude and longitude values. In our case, the single latitude/longitude point from the gazetteer serves as the center
of a region whose size is chosen to ensure that the retrieved
image contains the target object. This size is chosen empirically in the experiments below based on the observed

We use local invariant features to characterize the objects
at the lowest level of the hierarchy. These features are designed to be robust to image variations caused by geometric
image transformations such as scaling and rotation as well
as to photometric distortions caused by variation in illumination, etc. They have proven to be effective for a range of
computer vision applications.
Extracting local invariant features is a two-step process.
First, a detection step locates salient points that are identifiable under different viewing conditions. This process ideally locates the same regions in an object or scene regardless of viewpoint or illumination. Second, these locations
are described by a descriptor that is distinctive yet invariant
to viewpoint and illumination.
We choose David Lowe’s Scale Invariant Feature Transform (SIFT) [17] as our local invariant feature detector and
descriptor. The SIFT detector, like most local feature detectors, results in a large number of feature points. This
density is important for robustness but presents a representation challenge particularly since the SIFT descriptors have

2 http://www.geonames.org
3 http://code.google.com/apis/maps/documentation/geocoding
4 http://seamless.usgs.gov
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4.3. Level 3 - Object Model

128 dimensions. We adopt a standard bag-of-visual-words
(BOVW) [25] approach to summarize the descriptors by
quantizing and aggregating the features without regard to
their location. We first construct a visual dictionary by performing k-means clustering on a large number of SIFT features (from a dataset different from that used to train the
object models). This dictionary is then used to quantize
the individual SIFT points into “visual words” by simply
assigning the label of the closest cluster centroid. We aggregate the quantized features at the image tile level using a
BOVW histogram

The top level of our representation also models the objects as probability distributions over LULC classes. The
distributions corresponding to different object types can be
easily learned from one or more training samples. Given N
training samples encompassing a set of U blocks labeled at
level 2, we compute
P (object) =

1
|U|



P (blockj ) ,

(2)

blockj ∈U

where P (blockj ) is computed using equation 1 and |U| is
the cardinality of U.

BOV W = [t1 , t2 , . . . , tV ] ,
where tv is the number of occurrences of visual word v in
a tile and V is the dictionary size. The BOVW histogram is
normalized to have unit L1 norm to account for the difference in the number of interest points between tiles.
We use 256x256 pixel tiles in all the experiments below.

5. Spatial Extent Estimation
The primary goal of this paper is to estimate the spatial extent of known object instances. Again, in the context of our problem, the gazetteer provides a single latitude/longitude point for the object. This point is used to
download a target image T large enough to encompass the
object. An object model P (object) is then used to estimate
the spatial extent of the object as follows.
First, we extract and quantize SIFT features from the
target image using the same visual dictionary as in level
1 of the object model. We then compute the BOVW histograms for overlapping 256x256 pixel tiles and the multiclass SVM classifiers are used to to compute the LULC
class distributions for each of the tiles. The LULC class distributions are then computed for each 128x128 pixel block
using equation 1.
The problem now reduces to determining the contiguous
set of blocks that are most similar to the object model. We
simplify this search by 1) scoring overlapping square windows each containing a fixed number of blocks, 2) applying
a threshold to the scores, and 3) computing the final spatial
extent as the union of the selected windows.
Specifically, we slide a square window of size wxw
blocks over the image in increments of one block. For each
window location, we compute the probability distribution
of the window over the LULC classes:

1
P (blockj ) ,
(3)
P (window) = 2
w

4.2. Level 2 - Latent LULC Classes
An intermediate, latent level bridges the gap between the
low-level local invariant features and the high-level objects.
Specifically, LULC labels are assigned to image tiles using
support vector machines (SVMs).
We leverage our recent work [31] on LULC classification. In that work, we used a large ground truth dataset to
train SVM classifiers for a number of LULC classes. We
demonstrated that the BOVW histograms outperform color
histograms and texture features through extensive evaluation.
We use a one-against-all strategy to perform multi-class
SVM classification. We also use the probabilistic output
option of the LIBSVM package [7]. Specifically, for each
tile i in an image, we compute the probability distribution
over the M LULC classes as
P (tilei ) = [p1 , p2 , ..., pM ] ,
where pm corresponds to the probability that tile i is assigned to the mth class by the SVM classifiers. The SVM
classifiers take as input the BOVW
Mhistograms from level 1.
pm = 1.
We normalize P (tilei ) so that
In order to reduce the effect of tile (mis)alignment, we
perform the LULC labeling on tiles which overlap by 50
percent. Thus, each 128x128 pixel block appears in four
256x256 pixel tiles. We apply a smoothing mechanism to
the LULC class distribution at the block level
1
P (tilei ) ,
(1)
P (blockj ) =
4
where the sum is taken over the four tiles in which block j
appears.
To summarize, our final representation at level 2 in the
hierarchy is a probability distribution P (blockj ) over M
LULC classes for each 128x128 pixel block j.

blockj ∈window

where P (blockj ) is computed using equation 1. We then
compute the similarity between the window and the object
model D(window, object) using the intersection measure
D(window, object) =
M


min(P (window)[m], P (object)[m])) ,

(4)

where [m] indicates the mth component and M is the number of LULC classes. If D(window, object) is above a
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threshold θ, we label all the blocks in the window as belonging to the target object. (We discuss the setting of θ below.) Finally, after each window location has been visited,
we compute the spatial extent of the object as the union of
all the selected blocks.

Given a target image with ground truth spatial extent
Ltrue , and estimated spatial extent Lest (corresponding to
a specific setting of the window similarity threshold θ), we
compute the true location rate (TLR) as

|Lest Ltrue |
,
(5)
T LR =
|Ltrue |

6. Experimental Results
We demonstrate our approach using an evaluation
dataset consisting of four object types: high schools, golf
courses, mobile home parks, and Costco shopping centers.

and compute the false location rate (FLR) as

|Lest | − |Lest Ltrue |
F LR =
|Ltrue |

6.1. Dataset

(6)


where | · | indicates the area of a region in pixels and
indicates set intersection. TLR ranges from 0 to 100 percent
while FLR can exceed 100 percent.
We consider two cases of our problem. First, where
the ground truth spatial extent is a polygon. In this case,
Ltrue is the set of 128x128 pixel blocks contained within
the ground truth polygon (a block is considered to be inside
a polygon if the majority of its area is) and Lest is the set
of blocks computed in section 5. We also consider the case
where the ground truth spatial extent is a bounding box (derived from a the ground truth polygon). In this case, Lest is
the bounding box encompassing the set of blocks computed
in section 5.

We use the first stage of the framework in figure 2 to
identify the locations of target objects and their corresponding images. The GeoNames gazetteer is used to identify 44
high schools, 27 golf courses, and 23 mobile home parks,
and Google Maps is used to identify 18 Costco shopping
centers. The National Map Seamless Data Server is then
used to download 1-foot resolution orthoimagery using a
large query region to ensure the images contain the target
objects. The images are in the RGB colorspace.
A ground truth dataset is created by manually delineating the target objects using a polygon representation. This
labeling was done by undergraduates in our lab with no
knowledge of the proposed approach. We also compute the
rectangular, axis aligned bounding boxes of the target objects using the polygonal boundaries.
SIFT features are extracted from each of the images and
quantized using a visual dictionary consisting of 100 visual
words. In previous work [19], we showed that a dictionary
of this size represents a good balance between efficiency
and accuracy. A BOVW histogram is computed for overlapping 256x256 pixel tiles.
Tile-level LULC distributions are computed using a set
of SVMs corresponding to 18 LULC classes: agricultural,
airplane, baseball diamond, buildings, chaparral, dense residential, forest, freeway, golf course, harbor, intersection,
medium density residential, mobile home park, overpass,
parking lot, runway, sparse residential, and tennis courts.
Finally, block-level LULC distributions are computed using equation 1 and object-level distributions are computed
using equation 2.

6.3. Experiments
We perform an extensive set of experiments where we
use each ground truth item to learn an object model and then
apply the model to estimate the spatial extents of objects in
the remaining images. That is, if we have N ground truth
instances of an object, we perform N -fold cross-validation
wherein each of the N instances is used to train a model
which is then applied to the remaining N − 1 images. We
perform this separately for the four object types.
We evaluate the effect of a number of design parameters
including the size of the window used in the spatial extent
estimation, and whether the ground truth spatial extent is a
polygon or bounding box.

6.4. Results
The threshold θ that is used to determine whether a window is sufficiently similar to the object model during the
estimation step is a key parameter. We therefore create
the equivalent of an ROC curve showing how TLR and
FLR vary as θ is decreased from 1 to 0. Based on these
curves, we pick and fix a value of θ for each object type that
achieves a good tradeoff between TLR and FLR. We then
compute the mean and standard deviation of TLR and FLR
over all trials in the N -fold cross-validation where N again
is the number of ground truth instance of an object type.
This is a total of (N )(N − 1) trials. We do this for each of
the four object types and for the different design parameter
settings. These results are summarized in table 1.

6.2. Evaluation
We quantitatively evaluate the results by computing two
values. First, how much of the true spatial extent is selected,
and second, how much of the estimated spatial extent does
not belong to the true spatial extent. We want the first to be
large and the second to be small. These values are similar
to true positive and false positive rates but it does not make
sense to compute the standard false positive rate since it is
sensitive to the size of the target images retrieved from the
gazetteers.
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The columns of this table indicate the size (in pixels) of
the window used in the spatial extent estimation. The top
section of results correspond to the case where the ground
truth spatial extent is a polygon and the estimated spatial
extent is the union of all windows determined to be similar
to the object model.
The bottom two sections of this table correspond to the
case where the ground truth spatial extent is a bounding box.
We show two subcases here. The first, termed BB all, corresponds to the case where the estimation step results in multiple disconnected regions (see figure 5(b) for example). We
here compute the final spatial extent estimation as the union
of the bounding boxes of the individual regions. In the second case, termed BB best, we apply a simple heuristic to
choose the region that is most similar to the model using
the intersection measure in equation 4.
Several trends can be observed in table 1. First, as the
window size increases, both TLR and FLR increase. This
makes sense as more blocks will be labeled as belonging to
the object. Unfortunately, FLR increases faster than TLR so
it is difficult to choose the optimal window size based purely
on these results. This is a subject for future investigation.
The other trend is that while both TLR and FLR are lower
for the cases where the ground truth is a bounding box, FLR
generally decreases faster than TLR. This shows that our
approach does better at estimating a bounding box spatial
extent that a more precise polygon. This makes sense but is
significant because most gazetteers only include provisions
for a bounding box representation (which is a fixed sized
representation versus a polygon representation which has
variable length).
Overall, our approach is shown to be effective especially
given that our models are trained using a single training image thus keeping user supervision very minimal. We typically are able to estimate more than fifty percent of the
true spatial extent with a false location estimation of smaller
than the area of the target object.
Finally, results for three samples of each object type are
shown in figures 4-7. In these results, the yellow polygons
indicate the ground-truth spatial extents and the union of
the red regions indicate the estimated spatial extents for the
empirically chosen threshold value θ.

the windowing step to readily reject background regions
that have high proportions of classes which do not appear
in the object. Such discrimination would not be possible
using binary single-class LULC classifiers (and then again,
would only be applicable to homogeneous objects).

8. Conclusion and Future Work
We presented a framework that leverages readily available high resolution overhead imagery to estimate the spatial extents of geospatial objects using a hierarchical model.
We demonstrated the approach using a challenging ground
truth dataset of four object types.
Future work on this problem includes automating the selection of the threshold parameter θ possibly based on the
expected sizes of the objects; exploring combining local invariant features with other low-level features such as color;
extending the object model to incorporate the spatial distribution of the LULC classes; and using the model to detect
novel object instances in newly acquired imagery.
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Figure 4. Three sample images of high schools. The yellow polygons indicate the manually delineated ground truth spatial extents. The
unions of the red regions indicate the estimated spatial extents.
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Figure 5. Three sample images of golf courses. The yellow polygons indicate the manually delineated ground truth spatial extents. The
unions of the red regions indicate the estimated spatial extents.
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Figure 6. Three sample images of mobile home parks. The yellow polygons indicate the manually delineated ground truth spatial extents.
The unions of the red regions indicate the estimated spatial extents.
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Figure 7. Three sample images of Costco shopping centers. The yellow polygons indicate the manually delineated ground truth spatial
extents. The unions of the red regions indicate the estimated spatial extents.
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