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Bathymetry Retrieval from Hyperspectral
Remote Sensing Data in
Optical-Shallow Water
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Abstract—1In this paper, an algorithm for estimating shallow-
water depth from hyperspectral data is proposed. This method-
ology is based on the different responses of shallow-water
reflectance on depth and substrate type. Two parameters—
similarity coefficient and Pearson correlation coefficient—are
introduced to describe the different types of responses, and a
linear logarithm ratio model is established. Using Hyperion data
over the coastal regions of O’Ahu Island and Saint Thomas
Island, the retrieved bathymetry is compared with the airborne
LIDAR data. The validation results show that the proposed
method has good performance, and the root mean square error
is less than 1.5 m over shallow water (shallower than 20 m).

Index Terms— Bathymetry, Hyperion, hyperspectral, LIDAR,
remote sensing.

I. INTRODUCTION

ATHYMETRIC measurement of shallow water is of

fundamental importance to coastal benthic environment
research and resource management. The conventional bathy-
metric survey approach is to use ship-sounding techniques,
which can provide high-precision data but is costly and
inefficient [1]. With the development of optical remote sensing
techniques, these techniques can provide quantitative informa-
tion on shallow water and benthic habitats quickly and at low
cost [2]. The potential to apply optical remote sensing to derive
shallow-water depths has been discussed for more than three
decades, and several case studies have demonstrated its utility
[31-(8].

Since the first use of aerial photography over clear shallow
water, many practical algorithms have been proposed. Most
of these algorithms are applied to high-resolution multispectral
data, such as Landsat/TM [9], POT/HRYV [10], or IKNOS [11].
These algorithms can be categorized into two groups: empir-
ical approaches and semi-analytical models. Based on the
fundamental principle that the radiation attenuation varies with

Manuscript received September 3, 2012; revised December 27, 2012;
accepted February 15, 2013. Date of publication March 28, 2013; date of
current version December 12, 2013. This work was supported by Chinese
Public Science and Technology Research Funds Projects of Ocean under Grant
201005009 and Grant 201005011. (Corresponding author: X. Yang.)

The authors are with the State Key Laboratory of Remote Sensing
Science, Jointly Sponsored by the Institute of Remote Sensing Applications
of Chinese Academy of Sciences and Beijing Normal University, Beijing
100101, China (e-mail: mashengl987@ gmail.com; taozui8421@163.com;
yangxf@irsa.ac.cn; yuyang@irsa.ac.cn; youme_zx@163.com; lizw@irsa.
ac.cn).

Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TGRS.2013.2248372

wavelength as it penetrates the water column, many empirical
methods have been constructed [1], [3], [5], [9], [12], [13].
Because too many coefficients in these methods need to be
calibrated individually for different water conditions, they are
not easily implemented in different areas, and the accuracy of
estimated depth is influenced by complex benthic types [7].
To solve this problem, Stumpf er al. [4] developed a semi-
analytical model that established a linear relationship between
the ratio of water depth and the reflectance of green and blue
bands. Although this method has only two parameters and
is more robust, these parameters also need to be calibrated
with field data for different water areas. Many studies have
also noted that shallow-water bathymetry is difficult to derive
accurately over high-albedo substrates with the ratio of green
and blue bands [14]-[16].

The booming developments of hyperspectral remote sens-
ing techniques, especially the great improvements in the
signal-to-noise ratio (SNR) of hyperspectral data, have caught
researchers’ attention and their interest in applying hyper-
spectral techniques to bathymetric mapping. A neural net-
work method was used by Sandidge and Holyer to derive
bathymetry from Airborne Visible/Infrared Imaging Spectrom-
eter (AVIRIS) imagery of Florida water [17]. To extract the
optical water properties, bottom reflectance and water depth
simultaneously, Lee ef al. [18] presented a semi-analytical
model that can be applied to Hyperion [19], [20], and AVIRIS
[7] data. An algorithm similar to Lee’s with simpler assump-
tions was proposed by Adler-Golden et al. [21]. Several
studies have used or extended Lee’s model to clear waters
[22]-[25], and a spectrum-matching and look-up-table
methodology has been developed and proven applicable to
retrieve water depth [26]. All these successful study cases
have indicated the advantages of hyperspectral data in clear
shallow-water bathymetric estimation.

In this paper, a new method that can estimate clear shallow-
water depth (0-30 m) from hyperspectral data is proposed.
The basis of the method is the different spectral responses
on changes of benthic and water depth. Two parameters were
introduced in the model to describe the different responses.
Using the Hyperion data collected over the coastal regions
of O’Ahu Island and Saint Thomas Island as examples, the
ability of this method to estimate bathymetry is presented. The
result is compared with airborne LIDAR bathymetry data to
assess the accuracy. The theory of the method is discussed in
Section II, and a description of the data processing is given in
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Section III. Detailed information of the experimental results
and validation is described in Section IV. A discussion and
conclusion is given in Section V.

II. METHODOLOGY

According to Beer’s Law, light decreases exponentially in
water as the depth increases [5]. On the basis of this principle,
Lyzenga (1978) showed that the observed reflectance R,, could
be expressed by depth and bottom albedo as

Ry = (Ad — Rxo) exp(—g2) + R (D

where R is the water column reflectance if the water were
optically deep, Ay is the bottom albedo, z is the depth, and g
is a function of the diffuse attenuation coefficients for both
downwelling and upwelling light [4]. This relationship shows
that the changes of observed reflectance mainly come from
the variation of depth and bottom albedo, while the water’s
optical properties are assumed to be uniform. As reflected in
the spectrum, whether the depth or benthic type changes, the
spectrum from 480 to 610 nm varies obviously [15].

According to Holden et al. [27]-[29], the response types
of spectral curves (from 480 to 610 nm) on bottom type and
water depth are different. When the water depth is fixed and
the bottom type varies, the shape of the spectrum will change.
If the bottom status stays the same and the water depth varies,
the values of the spectrum will change but the shape will have
little difference. If the response types can be distinguished and
the influence of bottom albedo on the observed spectrum is
removed, the remaining changes will all be caused by water-
depth variation.

Among the processing technologies of hyperspectral data,
the Pearson correlation coefficient (CC) and similarity coeffi-
cient (SC) have been used to describe the matching degrees
of spectrum curves. However, the former has the advantage
of using correlation functions to detect similarities in spectral
shapes [30]. The SC is the cosine form of the spectral angle
and is used as a measurement of the difference between
two spectrum vectors. Using the two parameters to depict
the changes of spectral shapes and the gross variation of
the spectrum vector, a method to derive bathymetry data is
established as follows.

1) The spectrum of reflectance over the water area where
the depth is close to 0 m is taken as a reference spectrum
(0-0.15 m). The reference spectrum Ry is derived by
averaging the spectrum data of these pixels, which are
located by in situ bathymetry data. The spectrum of other
similar water areas, where the water depth is close to
zero, can also be used as a reference spectrum.

2) After obtaining the reference spectrum, the CC and SC
of pixel i can be defined as follows:

N _ _
> (Ri,j — Ri)(Ro,j — Ro)
=

N . N _
\/'21 (Ri,j — Ri)? Zl (Ro,j — Ro)?
]: —

J

+1

CC(i) =

)
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Fig. 1. Locations of Hyperion data used in this paper. The solid, dashed,
and gray boxes represent the three Hyperion data imaged areas.

N
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In (2) and (3), N is the number of all bands between 480
and 610 nm. R; ; is the spectral reflectance of band j
of pixel i, Ro,; is the reference spectral reflectance
of band j, and R;(Ry) is the average of all bands of
R; i (Ro,;). In these two formulas, a constant is added
to ensure that the values are always positive.

3) Referring to the Stumpf et al. model and the natural
logarithmic relationship between water depth z and
observed reflectance R,,, the water depth z of pixel i is

estimated by the natural logarithmic ratio between SC
and CC as follows:

SC(i) = + 1. 3)

In(nSC(i))
In(nCC(i)
where k; is a tunable constant to scale the ratio to
depth, n is a fixed constant that ensures the natural
logarithms remain positive for every condition, and ko
is the offset. In the expression, the influence of bottom
type is removed via the ratio between SC and CC.

z(i) = ki ko “4)

III. DATA PROCESSING
A. Hyperspectral Remote Sensing Data Preparation

In this paper, three Hyperion data over the coast of O’ Ahu,
Hawaii, and Saint Thomas Island (Fig. 1) were applied to
demonstrate the proposed algorithm. Hyperion is a hyperspec-
tral sensor on board NASAs EO-1 platform that can provide
hyperspectral imagery with 220 spectral bands (from 430 to
2400 nm) with a 30-m resolution (for nadir viewing) [31].
Although the SNR of the Hyperion data is not as good as
SeaWiFS or MODIS, its spectral and spatial characteristics
are significantly better. Therefore, these data are more suited
to the coastal water and coral reef environment research [19].
The three Hyperion images used here are the L1GST data
downloaded from the U.S. Geological Survey (USGS) website.
The RGB true-color composition images are shown in Fig. 2,
from which we can determine that the benthic habitat of these
areas is complex.

To use our method on these data, many preprocessing
steps are required. First, these images were subset to 155
bands from 430 to 2400 nm by removing corrupted bands,
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Fig. 4. Scatter plots of the ratio of the natural logarithm for SC and CC

versus LIDAR data shown in Fig. 3(a).

and they were converted to absolute radiance images using
the calibration parameters. Then, the modified normalized
difference water index (MNDWI) [32] was applied to extract

the water region, and a MODTRAN-4-based atmospheric
correction algorithm [33] was used on each pixel to create
reflectance images. Then, sun glint correction was applied to
these data following the method presented by Tiit Kutser [34].
After applying the above process, the images can be used to
perform our water depth retrieval method.

B. Bathymetry Data Preparation

The in situ bathymetry data used in this research were
collected by the airborne LIDAR. The locations of these data
are shown in Fig. 1, and the bathymetry data are shown in
Fig. 3. The data shown in Fig. 3(a) and (b) were collected in
the year 2000 using the Scanning Hydrographic Operational
Airborne Lidar Survey (SHOALS) instrument. The surveys
were compiled by the U.S. Naval Oceanographic Office, U.S.
Geological Service, and U.S. Army Corps of Engineers, Hon-
olulu District. The average distance between the irregularly
spaced, nongridded SHOALS data points was 4 m. We used
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Fig. 5.  Water depth distribution maps derived from the Hyperion data using the model proposed in the paper. The lines in these maps are isobaths with
10-m intervals. (a)—(c) are derived from data shown in Fig. 2(a)—(c) respectively.
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Fig. 6. Comparison of the retrieved depths of the region (shown in Fig. 5) versus the LIDAR depths (shown in Fig. 3). (a)—(c) was derived by comparison
with model retrieved result shown in Fig. 5(a)—(c) and field data shown in Fig. 3(a)—(c), respectively. The density color scale represents the percentage of
total data within a 0.25 m bin size.

a continuous curvature surface gridding algorithm to rasterize TABLE I
these SHOALS-LIDAR data. The data shown in Flg 3(0) ERROR DISTRIBUTION OF ESTIMATED DEPTHS VERSUS
were collected in the year 2011 using Fugro Airborne LIDAR. LIDAR DEPTHS WITH 5-m INTERVALS
The surveys were compiled for NOAAs NOS/NCCOS/CCMA Hyperion Data Water Depth (m) Bias (m) RMSE (m) Numbers
Biogeography Branch, the University of New Hampshire 0-5 0.02 0.58 8090
and the National Park Service. The data were gridded into 150‘_11(; 0(')231 (l)'(7)§ gigg
3 x 3 m. All these bathymetry data had been corrected  O’Ahu Island(a) 15-20 002 146 1184
to depths referenced to mean lower low water (MLLW) 20-25 _0.81 1.87 858
heights. The data were resampled to a resolution of 30 m and 25-30 —1.95 2.57 1263
were co-registered with the Hyperion data to compare them 0-5 0.22 0.62 23662
comnieny 2 I
0" Ahu Istand(b) 15-20 —0.16 099 1613
IV. RESULTS AND VALIDATION 20-25 ~1.13 1.73 257
A. Bathymetry Retrieval 25-30 —2.95 3.35 312
. . . ) 0-5 0.30 0.76 2043
To fit the coefficients in (4), the Hyperion data shown in 5-10 .0.03 0.99 1703
Fig. 2(a’) and .the bathymetric data shown in Fig. 3(a) were o . o = and 10-15 —0.27 0.97 2697
used. First, pixels where the depth was less than 0.15 m ;(5):5(5) _(1)4312 igg ijéi
were located according to the bathymetric data. Then, the 5530 ol S 7809

reflectance of every band of these pixels was averaged to
derive the reference spectrum from 480 to 610 nm (for Hype-
rion, the number of bands ranges from 7 to 19). Following pixel. The parameter # in (4) was taken as 1000 to ensure that
(2) and (3), the SC and CC values were calculated pixel by the logarithms of SC and CC would always be positive. In the



MA et al.: BATHYMETRY RETRIEVAL FROM HYPERSPECTRAL REMOTE SENSING DATA

1209

-157°56" -157°54 -157°52'  -157°50'  -157°48' -64°54'  -64°52
7 S ) & -
o [ag]
S > = =3 3
(o] (o}
d y E 3:
(o] (o]
> >
- - o on S -
3 3 N N
o o a ) %
[g\] (o\] v —
3 % % %o .
& & & s 2
S SR . BEE -64°54"  -64°52 o
-157°56' -157°54' -157°52'  -157°50' -157°48'  mland Inodata Tsobath(m)
. M >30m — )
0 5 10 15 20 25 30  — 30
@) ®) ©

Fig. 7.

Water depth distribution maps derived from the Hyperion data using Stumpf’s linear transform method. The lines in these maps are isobaths with

10-m intervals. (a)—(c) are derived from data shown in Fig. 2(a)—(c) respectively.
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Comparison of the retrieved depths using Stumpf’s method versus the LIDAR depths (shown in Fig. 3). (a)—(c) was derived by comparison with

Stumpf’s model retrieved result shown in Fig. 7(a)—(c) and field data shown in Fig. 3(a)—(c), respectively. The density color scale represents the percentage

of total data within a 0.25 m bin size.

end, using the logarithm ratio of SC and CC and the LIDAR
depth, the coefficients in (4) were calculated. The scatter plots
and the function are shown in Fig. 4. The high correlation
coefficient (0.987) and coefficient of determination (0.963)
indicated an almost perfect linear relationship. According to
the above processing, we obtained the new model as follows:

In(1000SC(i))
In(1000CC(i))

Taking the reference spectrum from the Hyperion data shown
in Fig. 2(a), the estimated bathymetry data were obtained
using (5). To maintain unity with the LIDAR data, —0.17,
—0.14, and —0.31 m corrections were applied to correct
for tides (the tide data came from NOAAs Tide Predictions
and XTide Tide Prediction Server websites). The retrieval
bathymetry results are shown in Fig. 5. The lines in these
maps are isobaths with 10-m intervals.

2(i) = 33.984 % —33.615. 5)

B. Validation

The estimated depths versus the LIDAR depths were plotted
for the data in Fig. 6. The plots were generated by binning

the estimated depths by the LIDAR depths. After removing
land and cloud pixels, 21927, 40487, and 21436 matched
pixels were left for the three cases. The root mean square
errors (RMSEs) of estimated depths versus LIDAR depths are
0.84, 0.93, and 1.87 m for the three images. The figure shows
that the new method is well behaved over these three water
areas. However, the accuracy of the third is not as good as the
first two. To find the reason for this result and to analyze the
stability of the method over different water depths, the bias
and RMSEs with intervals of 5 m of depth from 0 to 30 m
were calculated and are shown in Table I. The table shows that
the retrieval results of the three study areas have consistent
accuracy for shallow water (<= 20 m) but underestimated
the depth over deep water (> 20 m). Compared with the data
shown in Fig. 6(a) and (b), a much greater water depth appears
in Fig. 6(c), which reduced the overall accuracy. From the
table, the accuracies over the three areas are close to each
other when the depth is shallower than 20 m.

To further analyze the applicability of the proposed method,
the linear transform method presented by Stumpf et al. was
applied to the same data (Figs. 7 and 8). One-tenth of the
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LIDAR data were used to calibrate the coefficients of the linear
transform method for every image. Figs. 7 and 8 show obvious
noises, which were caused by the form of the linear transform
method. The method is constituted by the ratio of only two
bands. Additionally, the accuracy of the method is poor for
depths between 0 and 5 m because the ratio of the green and
blue bands is sensitive to the substrate type over the shallow
water [14], [16]. From these results, we can also find that both
our method and the linear transform method performed poorly
over deep water (> 20 m). Compared with the Stumpf et al.
method, our proposed method has the following advantages:
1) the coefficients in our model need to be calibrated only
once for the same hyperspectral sensor and similar water areas,
and 2) for very shallow water (< 5 m), the proposed method
performs better than the Stumpf ef al. method because it can
reduce the influence of the substrate type; and 3) the proposed
method can reduce the noise of the data rather than enhance
it, as the Stumpf et al. method does.

V. CONCLUSION

The error distribution of the proposed method is shown in
Fig. 9 to analyze the error source. In the figure, the absolute
error of the method increases with depth, and the systematic
bias appears over deep water (> 20 m). The light was hardly
detected by the sensor after attenuation through deep water.
In other words, the curve of the spectrum would vary slightly
with the increased depth in deep water, which caused the
systematic bias [4]. There are many outliers in some regions;
the marginal region of the coral reef body and the region with
exceptional data points appeared as stripes. Many factors may
have led to these errors. The LIDAR data were preprocessed
using a spatial averaging algorithm to ensure that its spatial
resolution was the same as the Hyperion data. Additionally,
the Hyperion data have an uncertainty of approximately 100 m
in the horizontal positional accuracy. During the process of
registering these data, many errors were generated. There are
stripe noises in the Hyperion data, which led to radiance

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 52, NO. 2, FEBRUARY 2014

error of these pixels and the bathymetry errors. According to
Lee et al. [35], 15% of the overall error for these processes
could be bathymetry errors.

An algorithm based on the water’s spectral characteristics
was developed to retrieve the bathymetry of clear, shallow
coastal water. Two parameters (SC and CC) were introduced
in the model to describe the changes of spectrum caused by
benthic and water reflectance, respectively. Although more
studies are needed to verify the robustness of the model,
three experimental results indicated that our proposed method
had a fairly good and robust performance over shallow water
(< 20 m). Compared with the similar linear transform method
proposed by Stumpf et al., our proposed method can better
overcome the influence of the substrate and the data noise. The
two coefficients in the method also need to be calibrated by
some field data, but they only need to be calibrated once for the
same sensor and similar water area. Because the water optical
properties were assumed to be uniform here, our method
may perform well only over clean water with uniform water
properties. Therefore, much more work will be performed to
verify and improve the thoughts presented in this paper.
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