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Automatic Urban Water-Body Detection and
Segmentation From Sparse ALSM Data via
Spatially Constrained Model-Driven Clustering
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Abstract—Identifying hydrological features is important for
urban planning and disaster assessment. Data spatial resolution
poses challenges in automatic processing. In this letter, we present
a novel spatially constrained model-driven clustering method that
automatically detects and delineates water bodies in an urban area
using airborne laser swath mapping (ALSM) data and imagery.
Our method analyzes the modality of the sparseness histogram
to decide the existence of water body, followed by clustering.
Using the sparseness, clusters are decided by selecting candidate
sites. In the iteration of clustering process, new sites are recruited
within a close spatial vicinity of the boundary sites. Experiments
were conducted using data sets from the city of New Orleans.
Our method demonstrated superior robustness regardless of the
density of ALSM sample and data discrepancy and very competitive accuracy in comparison with manual tracing, with an overall
accuracy above 98%.
Index Terms—Image segmentation, sparse matrices, unsupervised learning, urban areas.

I. I NTRODUCTION

H

YDROLOGICAL features are key components in predicting flood risks, determining water balance, and
estimating geomorphological changes [1]. Conventional approaches rely heavily on manual delineation, and the spatial
contour of hydrological region is then georeferenced with elevation description to derive properties of water region [2].
Airborne laser swath mapping (ALSM) provides superior
elevation precision, and research has been focused on classification and estimation of hydrological mass [3]. Challenges in
ALSM data include the low spatial resolution and insufficient
discriminative feature. After postprocessing, the average datapoint distance can be as much as 4 m [4], which makes the
water and land contact zone difficult to determine. Fig. 1 shows
a manually traced water body from ALSM data. Large errors
exist close to the boundaries and the regions with inconsistent
data. In addition, ALSM systems operate in the near-infrared
spectrum, and the absorption rates of water and asphalt are significantly higher than other ground features. Hence, ALSM by
itself cannot accurately delineate stream channels or shorelines
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Fig. 1. Superimposed ALSM data on imagery. The contours show manual
delineation of water body from ALSM data. (a) Discrepancy in different
modalities. (b) ALSM measures of water body are absence.

visible on photographic images, which motivates the integration
of other modalities.
Despite the advancement of using multimodal imagery, the
integration of ALSM with photographic imagery is hindered by
the discrepancies among data sets, including time delay in data
acquisition. The time lag causes seasonal changes to appear in
the collected data. As shown in Fig. 1(a), the reduction of water
exposes the lake bottom that is visible in the image, whereas
ALSM reports no such measures, which indicate possible water
body. In contrast, Fig. 1(b) shows significant laser returns from
water.
In this letter, we present a novel spatially constrained modeldriven clustering method that automatically detects and delineates water bodies in urban areas using ALSM data and
photographic imagery. Sparseness is computed from ALSM
data followed by modality analysis to detect water bodies.
Manually traced water bodies are used to construct a bank
of models. Clustering is then performed using ALSM and
photographic imagery. Sites are recruited within a spatial vicinity, and likelihood of the joint distribution is used for model
compliance.
The remainder of this letter is organized as follows: Section II
reviews the ALSM technology and the existing methods for
water-body segmentation. Section III presents our method in
detail. Section IV demonstrates and discusses the performance.
Section V summarizes our studies.
II. R ELATED W ORK
An ALSM system acquires data with irregularly spaced
monochromatic near-infrared laser pulse distributed in a
pseudorandom fashion. Conversely, photographic images are
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intensity values of radiation reflected from a contiguously
recorded surface. The differences between these modalities
cause complications for data fusion, and some recent studies
have quantitatively related ALSM and reflectance data sets [5],
[6]. Since the deployment of ALSM systems, research efforts
have been devoted to improve the classification. In ALSM data
sets, water is characterized as having low intensity values as
well as having a low range in elevation or a small deviation
from an average terrain model [7]. Brzank et al. proposed a
method to detect reliable water regions and expand them with
the use of elevation and intensity [8]. Local elevation minima
were extracted as potential seed zones of the searched water
areas followed by region growing. Fuzzy classifier was used
to label raw data points [9]. Discrepancies were detected and
corrected by comparing height differences between water and
nonwater points in a neighborhood.
The availability of multimodal data sets makes integration
of ALSM with imagery a favored approach. Mundt et al.
demonstrated improved classification accuracy by combining
images and elevation data [6]. However, disagreement in features extracted from different data sets exists. Antonarakis et al.
described a method that uses intensity and height data for classification [10]. Empirical thresholds were used. Matgen et al.
combined flood boundary information with high spatial resolution high-precision light detection and ranging data using multiple linear-regression analysis to allow continuous derivation of
remotely sensed water stages [11]. The information required in
these algorithms, however, is usually unavailable. In addition,
the discrepancy induced from time lag and user initialization
requires further investigation.
III. M ETHODOLOGY
A. Sparseness Metrics
0

The sparseness Ω is defined as the l norm of the nonzero
element count [12]: Ω = x0 = #{i, xi = 0}, where x is a
signal vector and i denotes a component. This metric, however,
is not practical for measuring the sparseness of ALSM data
points due to the irregular space between data points. Three
alternative metrics are proposed as follows.
1) Window-Based Sparseness: By embedding data points v
into a 2-D matrix X, elements with no corresponding ALSM
measures are assigned a void value ∅. Let W(p,q) denote a w ×
w window centered at (p, q). The sparseness Ω(p, q)W is the
normalized count of the nonvoid elements in W(p,q)


# (i, j)X(i, j) = ∅, X(i, j) ∈ W(p,q)
(1)
ΩW (p, q) =
w2 − 1
where ΩW ∈ [0, 1]. The mapping from the matrix to the irregular data cloud can be achieved with a lookup table.
2) kNN-Based Sparseness: An alternative sparseness can be
formulated as an inverse function of the distance to the k nearest
neighbors (kNN) ΩN
1
D
(A(p,
q), A(i, j))
(i,j)

ΩN (p, q) = 

(2)

where A(i, j) is one of the k neighbors. The range of ΩN is in
[1/D, 1], where D is the farthest distance of two data points.

Fig. 2.

Sparseness histograms of regions with and without water body.

3) TIN-Based Sparseness: An alternative distance-based
sparseness is based on triangulated irregular network (TIN)
model. The total distance to the connected data points in the
TIN model to represent the sparseness ΩT is formulated as
follows:
ΩT (p, q) = 

l
(i,j) D (A(p, q), A(i, j))

(3)

where A(p, q) and A(i, j) share an edge of a triangle and l is
the degree of A(p, q).
B. Water-Body Detection Using Modality Analysis
A histogram of sparseness is computed from ALSM data set.
Fig. 2 shows typical sparseness histograms for a region with
significant amount of water body (left column) and one without
water body (right column). For regions that contain significant
amount of hydrological features, the histograms show bimodal
distributions (as highlighted with arrows in the plots). The
left mode in the bimodal distribution is originated from high
absorption areas, which implies possible significant water body.
The magnitude of the mode indicates the size of the highabsorption areas.
The likelihood of a unimodal distribution can be evaluated
with coefficient of bimodality b [13]
b=

γ2 + 1
β+

3(n−1)2
(n−2)(n−3)

(4)

where 
γ is the skewness and an estimator
of γ is given as γ =

(1/n) i=1 n(xi − x̄)3 /((1/n) ni=1 (xi − x̄)2 )3/2 , and β is
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the kurtosis 
and an estimator of β is given as β = ni=1 (xi −
x̄)4 /((1/n) i=1 n(xi − x̄)2 )2 − 3. n denotes the number of
samples, and x̄ denotes the mean. Values of b that are less
than 0.555 indicate a unimodal distribution with heavy tails;
otherwise, it is a bimodal or multimodal distribution.
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9:
if DM aha (Gνi , Mνi ) > L then
10:
Continue to the next νi
11:
end if
12: end for
13: W (s) ← 1, ∀si ∈ Mνi
14: end for

C. Spatially Constrained Model-Driven Clustering
We use site s(x, y) to represent a data sample at spatial coordinates (x, y) in the feature space of ALSM data
set and imagery. The idea of our clustering method is that
the feature vectors (i.e., sites) in a closed water region are
homogeneous with small variations. Using manually delineated water bodies, feature distributions can be modeled and
used to guide automatic segmentation. In our method, multivariate Gaussian functions are used as the model function
G(s; Σ, μ) = (1/T ) exp(−1/2(s − μ) Σ−1 (s − μ)), where Σ
is the covariance matrix and μ is the mean vector. With
manually traced water bodies in the training data, a model
bank G, G = {G1 , G2 , . . . , GN }, is created. Each model Gi
represents a distinct water body. Mahalanobis distance [14] is
used to evaluate the divergence between models DM = ((x̄ −
ȳ)T Σ−1 (x̄ − ȳ))1/2 , where x̄ and ȳ are the mean vectors of the
two distributions. Similar models are joined with parameters
computed using samples from all regions that were used to
derive these models.
In segmentation, our method starts with seed sites with
minimum sparseness values ν. The centroids and clusters are
assumed independent, and sites in a close spatial vicinity are
selected. The selected group of sites are the members of that
seed and is denoted with Mνi


Mνi = sj D(sj , sb = νi ) < d, sj = arg min G(sj )
(5)
sj

where sb denotes sites on the boundary of the cluster Mνi .
The distance d ensures spatial continuity. At initialization, the
seed site νi is the only boundary site. The boundary sites of
M satisfy the following conditions: sb ∈ Mνi and ∃s ∈ Mνi ,
such that D(sb , s) < 2. Function G(sj ) is the likelihood of sj .
A model G is selected for νi if Mνi exhibits the greatest joint
likelihood

Algorithm 2 Efficient search for nearest neighbors
1: INPUT: Gridded ALSM X, window size s0 , and k
2: OUTPUT: SN
3: for all elements in X do
4: s ← s0
5: if X(i, j)
= 1 then
6:
while ws < k do
7:
s←2×s
8:
end while
9:
for all L(p, q) ∈ ws do
10:
if D(i,j),(p,q) = φ then
11:
D(i,j),(p,q) = Dist(X(i, j), X(p, q))
12:
end if
13:
end for
14:
SN (i, j) = (1/k)D(i,j),(p,q)
15: end if
16: end for

IV. E XPERIMENTS AND D ISCUSSION
A. Experimental Data
We used ALSM data set and Digital Ortho Quarter Quads imagery acquired in New Orleans [4]. The specifications of ALSM
data include field of view: 40◦ , overlap: 30%, acquisition
height: 8000 ft, sample spacing: 4 m, vertical accuracy: 0.5–1 ft,
and horizontal accuracy: 3–6 ft. The image is projected to the
Universal Transverse Mercator 15 North American Datum 83
coordinate. Each pixel is 1 m × 1 m. The ALSM data and
imagery are tiled in quarter quadrangle (QQ). Each QQ covers
an area of 43 km2 and contains about 8.5 million data points,
i.e., the average point density is about one point per 5 m2 .

Gνi = arg max L(G, Mνi ) = arg max G(νi )Πqi=p G(si ). (6)
G

G

The divergence of Mνi to the model Gνi is verified in every
iteration using DM , and the iteration terminates when the
divergence exceeds a threshold. Algorithm 1 summarizes our
method.

Algorithm 1 Spatially constrained model-driven clustering
1: INPUT: image I, seeds ν, and model bank G
2: OUTPUT: binary segmentation result W
3: W ← 0
4: for all νi ∈ ν do
5: Initialize Mνi using (5)
6: Select Gνi from G using (6)
7: for all sb ∈ M do
8:
Update Mνi using (5)

B. Efficient Implementation of kNN-based Sparseness
To efficiently identify the nearest neighbors, we constrain
our search to a window W. The window size doubles if the
number of points in this window is less than k. ALSM data is
gridded into a Boolean matrix, where one and zero denote a data
value and a void, respectively. Our algorithm is summarized
in Algorithm 2. An auxiliary matrix D is used to save pair
distances to avoid repeated computation.
C. Performance Analysis
1) Robustness Analysis: Fig. 3 shows two experimental results. Fig. 3(a) shows an area with a mixture of large water body
and asphalt rooftop. Two regions are highlighted with boxes
and numbered. Region 1 shows buildings with asphalt roofs
of which a zoomed-in view is shown on the corner showing
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TABLE I
C OMPUTATIONAL T IME ( IN S ECONDS ). SP: T IME ON S PARSENESS ;
CL: T IME ON C LUSTERING ; L ONG .: L ONGITUDE ; L AT.: L ATITUDE

TABLE II
ACCURACY, P RECISION , AND R ECALL OF O UR M ETHOD

Fig. 3. Exemplar delineation results. (a) and (c) the superimposed ALSM data
on images. (b) and (d) the segmentation results.

that very few ALSM data were collected. Region 2 shows
high variation in color for the water body. Both regions are
correctly classified, as shown in Fig. 3(b). Fig. 3(c) shows data
discrepancy, as highlighted in the box, and the zoomed-in view
is displayed on the corner. The density of ALSM data points in
the canal implies nonwater region, whereas the canal is clearly
shown in the photographic image. The result in Fig. 3(d) shows
correct classification.
2) Efficiency Analysis: Our method was implemented with
MATLAB 2007a in a PC with Intel Core 2 Duo 3-GHz CPU
and 2-GB memory. Table I lists the computational time of eight
test cases. The average time of five repetitions is reported, and
the times for sparseness computation and the clustering are
reported separately. The window-based metric is most efficient,
whereas the TIN-based metric takes the longest time. Large
variance exists in the time of TIN-based metric, which is due
to the degree of the graph. Computational time for clustering is
consistent.
3) Accuracy Analysis: We prepared three sets of reference
images by manually tracing on images by three specialists
independently, and the final reference images were aggregated
via averaging and thresholding at two. The absolute difference
between two delineations is normalized by the water-body size.
In our quantitative evaluation, human operators are mostly
consistent, and the variance is less than 1%. Our method was
evaluated using the accuracy (A), precision (P), and recall
(R): P = tp/tp + f p, and R = tp/tp + f n. Table II presents
the results for three sparseness metrics. The overall accuracy is
above 98%. However, the kNN-based method achieved slightly

Fig. 4.

Error rates of our methods and manual tracing with variance.

better results with the highest average recall value and the
smallest standard deviation.
Fig. 4 shows the error rates in comparison with manual
tracing. Due to time lag in data acquisition, data inconsistency
is inevitable. In addition, shadows in imagery cause significant
change of color. These factors contribute to misclassification,
which are the cases 2, 3, 7, and 8 in Fig. 4. Our automatic
method achieved competitive accuracy in comparison with
manual tracing.
V. C ONCLUSION
We have presented a novel spatially constrained modeldriven clustering method that automatically detects and
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delineates water bodies in urban area using ALSM data and
photographic imagery and three sparseness metrics. Experiments were conducted using data and imagery acquired in
the city of New Orleans. Our method demonstrated superior
robustness in both identifying and correctly segmenting water
bodies regardless of the low density of ALSM sample and
data discrepancy. The robustness of our algorithm stems from
the integration of multimodal information and employment
of water-body models. With respect to efficiency, windowbased metric takes significantly less time and, on average, the
TIN-based metric takes the longest time. Large variance exists
in the time expenses of TIN-based metric because many cluster
centroids are close to the boundary of the water body. Using
manual segmentation results from the three specialists, our
automatic method achieved improved and very competitive
accuracy (> 98%) consistently. The kNN-based method performed slightly better with the highest average recall value and
the smallest standard deviation.
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