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Noise Estimation of Remote Sensing Reflectance
Using a Segmentation Approach Suitable for

Optically Shallow Waters
Stephen Sagar, Vittorio E. Brando, and Malcolm Sambridge

Abstract—This paper outlines a methodology for the estima-
tion of the environmental noise equivalent reflectance in aquatic
remote sensing imagery using an object-based segmentation ap-
proach. Noise characteristics of remote sensing imagery directly
influence the accuracy of estimated environmental variables and
provide a framework for a range of sensitivity, sensor specifi-
cation, and algorithm design studies. The proposed method en-
ables estimation of the noise equivalent reflectance covariance
of remote sensing imagery through homogeneity characterization
using image segmentation. The method is first tested on a synthetic
data set with known noise characteristics and is successful in
estimating the noise equivalent reflectance under a range of seg-
mentation structures. Testing on a Portable Hyperspectral Imager
for Low-Light Spectroscopy (PHILLS) hyperspectral image in a
coral reef environment shows the method to produce comparable
noise equivalent reflectance estimates in an optically shallow water
environment to those previously derived in optically deep water.
This method is of benefit in aquatic studies where homogenous
regions of optically deep water were previously required for image
noise estimation. The ability of the method to characterize the
covariance of an image is of significant benefit when developing
probabilistic inversion techniques for remote sensing.

Index Terms—Aquatic remote sensing, image segmentation,
noise covariance.
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I. INTRODUCTION

THE ability to assess the noise characteristics of remote
sensing imagery is an important step in establishing its

capabilities and limitations in an operational and scientific
context. Following Scales and Snieder [1], noise can be defined
as “that part of the data that we do not expect the model to
explain”, by which we capture the deterministic components
of the data in addition to noise characteristics that must be
modeled as stochastic processes. Noise characteristics that en-
compass the full sensor-atmosphere-target system in the remote
sensing imagery processing chain defined by Schott [2] are
an important component in sensitivity analysis and inversion
studies [3], [5]–[8], [14], [29], quantifying the theoretical levels
of information that can be extracted from a given system
and image. Accurate characterization of noise is essential in
inversion methods, which propagate uncertainty estimates to
parameter retrievals [4], [11], [13], [17], provide confidence or
reliability indicators on estimated parameters [18], or require a
balance of the relative influence of data and prior information
in Bayesian style cost functions [9], [10], [12]. The importance
of noise is also highlighted in studies that extend sensitivity
analysis to encompass implications for algorithm and sensor
design. Hedley et al. [5] use sensor noise properties to assess
the capabilities of a full remote sensing system to accurately
discriminate benthic classes in coral reef environments under
a range of environmental and acquisition conditions. Alterna-
tively, noise characteristics of a particular system can be used
to optimize algorithm design for specific applications, such as
water quality assessment [17], [20].

One such measure commonly used in aquatic applications
(which is the focus of this paper) is the environmental noise
equivalent reflectance difference (NEΔR). Incorporated in this
measure is the signal to noise of the instrument, scene-specific
influences resulting from atmospheric variability, the air–water
interface, and refractions of diffuse and direct sky and sunlight
[6], [17]. This target-level independent measure is in contrast
to the commonly evaluated sensor-level signal-to-noise ratio
(SNR) [29], [30]. In this paper, the NEΔR is considered as a
property of the subsurface remote sensing reflectance rrs, sr

−1,
defined as Lu/Ed, where Lu is the upwelling radiance and Ed

is the downwelling irradiance evaluated just below the water
surface.

Techniques for the estimation of NEΔR have largely focused
on the derivation of a NEΔR spectra with a standard deviation
(SD) value assigned to each image band [16], [21], [22]. These
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are based on the definition of image noise as additive with a
zero mean and Gaussian distribution [23]. Importantly, these
methods assume independence of the noise estimates between
bands as they do not account for any spectral correlation of
the image-based NEΔR. This issue is particularly relevant
when considering remote sensing data in a Bayesian inver-
sion context, where an accurate representation of noise in the
multidimensional space of the problem (spectral in this case)
is crucial to the successful implementation of many sampling
algorithms [8], [24].

The kernel-based method described by Wettle et al. [22]
is an extension of the pixel growing approach developed by
Dekker and Peters [16]. Here, the SD of each band is derived by
sampling over an expanding number of pixels (by increasing a
square kernel size) in a homogenous region of the image until a
first asymptotic SD level is reached. Assuming the homogeneity
of the sampled region, these SD values are taken as a NEΔR
estimate, under the assumption that any spectral variation in
the sampling region can be attributed to environmental noise.
Both methods require a homogenous sampling area of sufficient
size to allow robust SD estimates. Guo and Dou [25] implement
a semivariogram approach modified from Curran and Dungan
[26], which limits adverse effects of any heterogeneity of
the sampling area. However, they recognize the need for an
automated location tool, such as that used by Wettle et al. [22],
to minimize the errors introduced by spatial variability.

This kind of methodology has been applied in previous
optically shallow water studies, defined by a quantifiable con-
tribution of the substratum to the subsurface reflectance signal
of the water body [4], [18], [19]. However, estimation in these
studies has been made over optically deep water, where a
homogenous signal can be assumed and a bandwise SD for the
entire image can be estimated. The obvious restriction in these
cases is then the availability of a suitable deep-water area in the
same image as the shallow-water study area. Furthermore, the
spatial features of wave-induced sunglint in deep-water areas
can compromise the spectral homogeneity requirements of a
sample area. These glint features can be considered determinis-
tic components of the noise and can be modeled and corrected
for by image “de-glinting” [4], [27], although there remains
conjecture on the suitability of this process in shallow-water
areas where a negligible near-infrared signal cannot be assumed
[28]. Hence, we wish to avoid these features in both shallow and
deep study areas and focus on the elements of the noise that can
be stochastically modeled, such as the pixel-to-pixel variations
of the environmental noise components.

We propose a method that takes advantage of image-based
segmentation to define homogenous object segments in a re-
mote sensing data set. By identifying the segments with the
highest homogeneity, we show how an ensemble of residuals
can be extracted that can be used to estimate the NEΔR co-
variance matrix from a highly heterogeneous optically shallow
environment.

Homogeneity testing of segments used in our method shares
some similarities with the approach developed by Gao [29],
modified for an ocean color sensitivity study by Hu et al. [30].
In this paper, the authors assess the homogeneity of number of
small pixel kernels to develop SD histograms for the estimation

of the sensor SNR. Their technique is applied specifically
to optically deep water and focused on the image invariant
estimation of a sensor SNR spectrum. In contrast, we apply a
segmentation approach to allow estimation of the image-based
NEΔR covariance in an optically shallow environment.

Sections II and III describe the foundation of our method
and descriptions of the synthetic test data and airborne hyper-
spectral data to which it is applied. Section IV outlines the
results of our method application, including in the airborne
hyperspectral study, a comparison of the results derived over
a shallow section of the image to those obtained using a pixel
growing technique in deep water. This paper is concluded
with a discussion of the two case studies. The importance of
a covariance noise matrix, which allows implementation of
Bayesian style inversion methods for remote sensing data, is
emphasized.

II. METHOD

The covariance noise matrix C has an important role in
Bayesian style Markov chain Monte Carlo inversion methods,
such as the Metropolis–Hastings algorithm [31], [32]. In these
methods, the sampling is controlled by the likelihood p(d|m),
which is the probability of obtaining the data d from the model
m. For normally distributed correlated noise, it is given by

p(d|m) =
1

[(2π)N |C|]
1
2

exp

(
−1

2
eTC−1e

)
(1)

where N is the number of data observations, and e is an
N -vector of data error residuals calculated from the observed
and predicted data. In the case of a pixel in remote sensing data,
C is a square data covariance matrix of dimension (B ×B),
where B is the number of spectral bands. If the data noise is
bandwise uncorrelated, C will then be diagonal. A common
determination of C is via the analysis of the error residuals [34]

C =
1

N

N∑
i=1

rijr
T
ij (2)

where N is the number of data observations (pixels), and rij
is a vector of data error residuals of size B. To evaluate the
noise residuals in remote sensing data, we must determine their
deviation from a “true” spectra. In this manner, we use the
theory behind the pixel growing techniques described earlier
[16], [22]. Critically, we make the same assumption that a
homogenous region of pixels is available with stationary zero
mean Gaussian noise. Therefore, the mean (or median) band
values for a homogenous grouping of pixels (or segment)
represent the “true” values from which the noise residuals rij
can be determined for the ith pixel in the segment

rij = xj − dij (3)

where given a number of bands B, xj is the mean value for band
j(j = 1, . . . , B) determined from all pixels in the segment, and
dij is the value of band j for the pixel i in the segment.

Each vector rij for the N pixels in the segment can be then
substituted into (2) to produce the C matrix of dimension B×B.
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To this point, the method differs little from the pixel growing
technique. Indeed, the residuals could be determined from the
best determined kernel size described in Wettle et al. [22] and a
covariance matrix calculated using (2) from which the diagonal
will be equivalent to the NEΔR spectra determined by pixel
growing.

The method proposed in this paper acquires the ensemble
of noise residuals by assuming that environmental noise is not
only additive but also uncorrelated and uncoupled to signal
magnitude [4], [16], [22]. In the literature, it is common for
the single deep-water derived NEΔR estimate to be assumed
and adopted as invariant for the full image [4], [18], [19], [22],
[33]. Therefore, noise residuals from one homogenous region
will be of the same distribution as noise residuals from any
other region of the same degree of homogeneity, regardless of
the magnitude of the signals in the respective regions. Hence,
the residual vectors used in the final calculation of C [see (2)]
can be derived from a user-defined number of homogenous
regions, combined to form the full ensemble of pixel-based
noise residuals. It is important to note that the assumption
of additive noise independent of signal may not hold true
over bright high-reflectance targets, and hence, as stated by
Wettle et al. [22], this methodology is primarily designed for
low-radiance targets such as the aquatic applications covered in
this paper.

Definition of homogenous segments was completed using
object-based segmentation software eCognition, which pro-
duces multiscale image segments by taking into account a
weighted criterion based on the homogeneity of the “color”
and “shape” of the segment [35]. In remote sensing analysis,
color is defined as the spectral signature of the data recorded
in each pixel. Shape is further split into two subcriteria,
i.e., smoothness and compactness, which evaluate the relative
length and structure of the object. Finally, the user can select
a scale parameter to reflect the image environment being in-
terpreted. Formula underlying these criteria can be found in
Hofmann et al. [36], as well as in the documentation for the
eCognition software [35].

Segmentation of the data in our process is strongly weighted
toward the “color” criteria in order to produce as spectrally ho-
mogenous regions as possible, although as with many software-
based object-based segmentation packages, there remains a
degree of user-specified subjectivity and iterative estimation,
particularly in terms of scale parameters used for segmenta-
tion. In a previous work, Gao et al. [37] estimate a noise
spectrum from hyperspectral imagery based on object seeking
segmentation using all segments (above a size threshold) in
the subsequent algorithm. Thus, the segmentation procedure
itself is key to the final noise estimation [38]. In this paper, we
develop a methodology that attempts to deal with this degree of
subjectivity in the segmentation results.

Segmentation results are assessed in two steps. First, we
calculate the SD Sj of each band j(j = 1, . . . , B) for each
segment

Sj =

N∑
i=1

(√
1

N
(xij − xj)2

)
(4)

where N is the number of pixels in the segment, xij is the
value of band j in pixel i, and xj is the mean of band j for
all pixels N . An average SD over all bands is then calculated
for each segment, providing an initial ranking of the level of
homogeneity of all segments

Save =

B∑
j=1

Sj

B
. (5)

Next, we exclude pixels within segments that contain ex-
treme outlying values to ensure that the ensemble consists
of normally distributed residuals. This is done by identifying
outliers in the error residuals calculated for each band/pixel in
a segment using a modified z-score proposed by Iglewicz and
Hoaglin [39]

Mij =
0.6745(xij − x̄j)

median (|xij − x̄j |)
(6)

where xij is the value of band j in pixel i, and x̄j is the median
of band j from all pixels in the segment. This formulation is
less susceptible to extreme values in the tails of the residual
distribution then the standard z-score or mean-based indicators
to detect outliers. Iglewicz and Hoaglin [39] suggest an Mi

threshold of 3.5 to flag potential outliers under a normality
distribution assumption.

By ranking the homogeneity of the segments and by testing
these segments under the assumption of a normal distribution,
we minimize errors introduced by the segmentation procedure
(allowing for an off-the-shelf package to be used). In this
context, errors refer to groups of pixels that may be incorpo-
rated into an otherwise homogenous segment as a result of the
segmentation scale, such as extended glint features or varied
benthic features, which are not part of the noise processes that
we wish to model stochastically.

To ensure noise estimation on the largest sample of residuals
possible, the ten most homogenous segments are selected,
under an increasing pixel-per-segment threshold, beginning at
100 and increasing in steps of 100. The resulting residual
ensemble sets, sized from min = (1000, 2000 . . .), are tested
under the modified z-score outlier test, and the largest ensemble
in which the percentage of outliers detected remains under 5%
is accepted. These homogenous segments, resulting in normally
distributed residuals rij , are used for final estimation of the
covariance matrix with tested residuals substituted into (2) to
produce the between-band covariance matrix C.

III. DATA

A. Synthetic Data With Known Correlated Noise

To test the ability of the method to accurately retrieve noise
characteristics, a synthetic test was constructed based on known
noise statistics. The synthetic data were developed to reflect an
optically shallow spatially heterogeneous environment in which
application of the kernel-based methods of Wettle et al. [22]
and Dekker and Peters [16] may encounter difficulties due to
their requirements of extended areas of homogeneity. A sub-
surface remote sensing reflectance rrs data set was constructed
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Fig. 1. Inputs for creation of the synthetic Heron Island data set from left: Bathymetry, CHL concentration, CDOM concentration, NAP concentration, and Q
substrate ratio.

using the parameterized semi-analytical radiative transfer
model detailed in Brando et al. [18] [see (7)], based on the
model developed by Lee et al. [40], [41]

rmodel
rs = f(CCHL, CCDOM, CNAP, H, qij) (7)

where CCHL is the concentration of chlorophyll-a, CCDOM is
the concentration of colored dissolved organic matter (CDOM),
CNAP is the concentration of non-algal particles (NAPs), H is
the water column depth, and qij is the proportion contribution
(qij and 1− qij) of any two substrates (in this case, coral
and sand) to the benthic reflectance. Specific inherent optical
properties of the water column and its constituents required
in the model of Brando et al. [18] were parameterized using
values obtained in the Heron Island (Great Barrier Reef, Qld.,
Australia) 2004 field work campaign detailed in Wettle [42] and
subsequent technical report by Wettle and Brando [43].

Initial spatial variability of the data set was represented using
an input bathymetry (H) layer from Heron Island derived by
Hedley et al. [44] using an adaptive lookup table approach from
high-resolution 1-m-pixel CASI imagery data. A subset of this
image was selected from a section of the lagoon with a variable
bathymetry, exhibiting features at various scales such as coral
bommies and ridges, channels, and shallow platforms. Based
on this subset, a study area was constructed of 287 182 pixels
with a depth range of 0.2–16.4 m over an area 511 m by 562 m.
Spatial variation of the remaining four parameters was reflected
by the layers shown in Fig. 1 using values within the range of
other studies using this model [18], [43]. Distribution of the q
substrate proportion was loosely correlated to the bathymetry
layer to create a higher proportion of sand at depth and a higher
proportion of coral in shallower areas.

Using the parameterized forward model of Brando et al. [18]
and the layers shown in Fig. 1, a synthetic rrs image data set
was constructed (see Fig. 2). Initial data were generated from
350–900 nm at 1-nm intervals and then reduced to four bands
using the spectral response filter of the multispectral QuickBird
sensor [15] (see Fig. 3).

Random correlated Gaussian noise was then added to each
band and pixel of the data set using a band-based SD of
0.002 sr−1 and a correlation matrix, as shown in Fig. 4.

B. Airborne Hyperspectral Data With Correlated Noise

We tested the algorithm on image data acquired from the
Ocean Portable Hyperspectral Imager for Low-Light Spec-

Fig. 2. Synthetic Heron Island subset rrs image data at representative Quick-
Bird spectral resolution. Example spectra shown for varied water column depth.

Fig. 3. QuickBird spectral response filter.

Fig. 4. Correlation matrix used to apply random Gaussian 0.002 sr−1 noise
to the rrs synthetic data.

troscopy (PHILLS) sensor [46] over Lee Stocking Island (LSI)
in The Bahamas (see Fig. 5). This data set is described in detail
in Dekker et al. [19], with the geometric, radiometric, and atmo-
spheric processing applied to the data outlined in Mobley et al.
[45]. For comparison to the kernel-based NEΔR spectra derived
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Fig. 5. LSI PHILLS study area: Polygon defining the optically shallow section
used for noise estimation.

Fig. 6. Segmentation of synthetic data: Illustration of the effect of scale on
the size of derived segments. (a) Scale 5. (b) Scale 9.

by Dekker et al. [19], we adopt the specifications of the data set
used in the kernel-based estimation of 83 bands, ∼5 nm wide
between 402.4 and 800.4 nm.

In the LSI study area, we define an optically shallow sub-
section of the image (0 to ∼11 m depth) (see Fig. 5) based
on a combination of the acoustic validation data and derived
results detailed in Dekker et al. [19]. This is in contrast to the
optically deep section in the northeast of study area image in
which the kernel-based method of Wettle et al. [22] was used
for estimation of the spectral NEΔR [19].

C. Segmentation

We completed three segmentations of the synthetic data using
a range of scale values in the eCognition process. These settings
constrain the size and structure of the image object segments, as
the process optimizes the homogeneity of the object segments
created under these constraints. It can clearly be seen that an
increase in the scale value produces segmentation with larger
object segments, with an accompanying increase in heterogene-
ity in some of these segments (see Fig. 6). Hence, a degree of
user input and subjectivity is required in this process, and it
is through this variation that we are examining the influence
of these subjective segmentation parameter choices on the final
estimation of the NEΔR for the data set.

To select the ten segments for evaluation, the iterative size
threshold and outlier testing process determined a size threshold

Fig. 7. Influence of the lower and upper scale limits on the segmentation of
LSI PHILLS data shown over a small subset of the study area. (Left) Scale 3.
(Right) Scale 7.

Fig. 8. Estimated Heron Island NEΔR covariance matrices: Comparison
between original applied covariance and estimates made from segmentation
scale variations.

of 500 pixels per segment for each scale segmentation, resulting
in an ensemble of > 5000 pixels for each noise estimate.

To examine the sensitivity of noise estimation to the segmen-
tation procedure as applied to a real data set, the LSI data were
also segmented under a number of scale regimes, ranging from
scale 3 to 7 (see Fig. 7). Object segments were then ranked,
tested, and extracted as in the synthetic study, with a threshold
of 100 pixels per segment reached for each of the segmentation
scales before the residual ensemble produced > 5% outliers. In
order to compare and contrast the deep-water kernel NEΔR of
Dekker et al. [19] and our estimation made in the shallow-water
region, segments were also extracted and residuals calculated
for the eastern deep-water area of the LSI data.

IV. RESULTS

A. Synthetic Study

For each segmentation scale in the synthetic data test, we
were able to analyze a ten-segment ensemble based on a
minimum segment size of 500 pixels after outlier testing. The
resulting NEΔR covariance matrices are shown in Fig. 8, in
comparison to the treatment covariance matrix, which was
applied to the original data.
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Fig. 9. LSI PHILLS NEΔR covariance matrices: Estimated at four scaling
levels in the (a)–(d) optically shallow study area in comparison to (e) deep-
water estimation.

In these results, we see no noticeable effect of the segmen-
tation scale increase on the accuracy of the derived covariance
matrices, with a close estimation of the original NEΔR covari-
ance matrix across all three scales.

B. PHILLS Case Study

After the segment size threshold and outlier testing, residual
ensembles for each segmentation scale of the PHILLS data
were restricted to segments of a minimum of 100 pixels. A
comparison of the covariance matrix C estimated from these
four scales of segmentation and their respective top ten segment
residuals are shown in Fig. 9. These estimates, having been
drawn from the optically shallow areas of the data, can then
be compared to the matrix estimated using the segmentation in
the deep-water region of the study area [see Fig. 9(e)].

A stronger noise correlation between spectral bands can be
identified between 400 and 600 nm in all estimations of C,
with the magnitude of the correlations slightly decreased in
the deep-water matrix estimation. Much of the correlated noise
observed in Fig. 9 occurs in the 450–550-nm region where
variability in depth or benthic composition will affect the local
homogeneity of these bands for remote sensing imagery in
optically shallow waters. An increase in covariance in this spec-
tral region is noted for scale 7 [see Fig. 9(d)] where the large
segments are likely to encompass more variability in the benthic
composition than the smaller scales [see Fig. 9(a)–(c)] or than
the optically deep-water segments [see Fig. 9(e)]. Visually,

this effect is evident in Fig. 7 where the large segments show
more variability in the true color composite. From these esti-
mated covariance matrices, we extract the NEΔR spectra esti-
mates for comparison to the kernel estimation spectra used in
Dekker et al. [19] (see Fig. 10).

Consistent with the covariance matrix estimates, the larger
scale segmentation (scale 7) generates a NEΔR spectrum
higher than those estimated by the other three smaller segmen-
tation scales. In comparison to the kernel-based estimation, a
marked decrease in the NEΔR estimate between ∼400 and
700 nm is observed in all segmentation-based spectra except the
scale 7 estimation. This suggests a possible deviation from the
normal distribution of residual assumption in this larger scale
segmentation. It could be considered that the glint present in the
LSI data [19] would contribute to an increased noise estimation
when using a kernel-based method as the method does not
allow isolation or removal of these glint affected features. By
estimating the NEΔR using the segmentation approach, glinted
features can be accounted for at both the segmentation and
outlier detection stages. We can illustrate this by examining the
deep-water segmentation derived NEΔR in comparison with
the kernel-based NEΔR derived in the same deep-water section
of the data. Comparison shows the deep segment-based NEΔR
to be of approximately the same magnitude as those estimated
in shallow waters and significantly lower than the deep-water
kernel-based spectra.

V. DISCUSSION

In the synthetic data case study, our method has shown to
be robust in dealing with a range of segmentation regimes, with
outlier testing enabling an accurate estimation of the NEΔR co-
variance, independent of the segmentation parameters chosen.
Extending the method to the LSI data example, there remains a
degree of threshold determination required by the user in terms
of the scale of segmentation in relation to the data source. As
the scale of the segmentation increases, and therefore the size of
the object segments created, the homogeneity of the segments
will be decreased to an extent where the normal distribution
of residuals assumption may become invalid and unable to be
accounted for using an outlier test. Hence, the NEΔR estimate
will increase at this point in correlation with the increase in
segmentation scale. This is shown in Fig. 10 in the increase of
the NEΔR spectra from the smaller scales (3–5) to the scale 7
estimation.

One of the primary drivers of segment homogeneity on a
pixel-to-pixel basis is the spatial variability of benthic composi-
tion and the scales on which this occurs. The noise correlations
observed in Fig. 9 show some variations across even the smaller
segmentation scales, as well as between shallow and deep
water, suggesting that the outlier detection process was not fully
able to account for this effect. Notwithstanding, the estimate
of NEΔR spectra (i.e., the diagonal of the covariance matrix)
is consistent between the smaller scales and the deep-water
estimate in Fig. 10, confirming the potential of the proposed
approach to estimate noise properties across optically shallow
and deep portions of the imagery. To mitigate against the extent
of variability from benthic composition, it is recommended
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Fig. 10. NEΔR spectra estimated for LSI PHILLS data: Comparison between shallow-water scale variations and deep-water estimations (segment and kernel based).

to use the smallest scale segmentation capable of producing
object segments of a sufficient number of pixels for meaningful
statistical properties to be obtained.

It is also worthwhile considering the nature of which ele-
ments of the data are being segmented in each of the test cases.
In the synthetic data, the only nondeterministic component of
the data is the random noise added; therefore, partitioning is
driven by the underlying subsurface remote sensing signal.
In the real data case, other elements become present such as
pixel–pixel air–water interface variations, glint features, and
residual artifacts from data processing. Some of these features
can often be corrected for deterministically (e.g., glint) and are
hence avoided with the segmentation; however, the underlying
pixel–pixel variation remains at all scales of segmentation, and
a segment will only ever be as homogenous as these underlying
processes. The influence of these added noise components in
the real data study is shown by the decrease in the minimum
size of the segments in the LSI study that are considered valid
after the outlier process (from 500 in the synthetic study to 100
in the real data study).

The use of multiscale segmentation enables statistical test-
ing of homogeneity over a larger sample of observations in
comparison to kernel restricted methods, particularly in areas
of high spatial variability. The irregular nature of the segments
allows adaptation to the spatial structure of the data; a higher
number of selected pixels then enable outlier testing and re-
moval without discarding the remaining data. Hu et al. [30]
apply a fixed window of 3 pixels × 3 pixels on an open ocean
environment, testing each window for homogeneity using a
maximum/minimum ratio threshold. The SD of each band in the
window is then calculated, and the SD histogram distribution
of all the individual windows is used to iteratively determine
the appropriate maximum/minimum threshold. In this method,
the SD estimate of each band is drawn from a small sample of
9 pixels, and any outliers in the window require the full sample
to be discarded.

It is important to note that, similar to Wettle et al. [22], our
method does not look to account for spatially correlated noise

such as striping, and a natural property of the segmentation
and outlier detection process is the avoidance of these features.
This property of our method can be extended to other spatial
features such as glint, which can be dealt with effectively in
deep-water areas where a kernel estimation may be forced into
encompassing the spectral variation caused by glinted features
into the NEΔR estimation. This is clearly shown in Fig. 10,
where the kernel-based estimation of NEΔR is higher than that
estimated using the segmentation method. The glint-induced
overestimation of NEΔR could have possible implications on
pixel-based inversion methods such as Brando et al. [18], where
one NEΔR for the entire image is used to characterize the noise
for each individual pixel, glinted or unglinted.

The ability of the method to extract an NEΔR estimate
in optically shallow water, comparable with that derived in
deep water is of significant practical benefit in aquatic studies
where optically deep water may not be available in the image
data. While the kernel-based methods do not explicitly rule out
estimation from these regions, the highly heterogeneous spatial
nature of these areas often means that a single square area of
sufficient size and homogeneity is not available. This feature
of our method is of potential benefit when considering aspects
of spatial correlation in the noise processes being examined.
As previously stated, we are working under a commonly used
assumption of an image invariant noise; however, it is acknowl-
edged that the pixel-to-pixel component of the NEΔR has the
potential to vary across an image, which would require more
sophisticated development of this kind of image-based noise es-
timators. If one were to look to account for this, we would con-
sider it a positive development to be able to estimate noise more
directly in the area in which further analysis is to be completed.

In application to the LSI study area, containing spatial vari-
ability of depth, substrate, and water column constituents, as
well as pixel-to-pixel components, we have produced NEΔR
estimates from an optically shallow region comparable with
those estimated from the deep-water areas of the data set.

A significant feature of our method is that it not only esti-
mates a spectral NEΔR but also characterizes the full noise
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covariance matrix of the data, including off-diagonal cross
covariances. Gao et al. [37] acknowledge and treat the band
spectral correlation in hyperspectral imagery using a multiple
linear regression; however, the noise estimate produced there-
after does not seek to estimate any remaining correlation of
noise. The estimation of noise as a spectral signature is common
to all the techniques assessed in a comparative study of noise
estimation by Gao et al. [47], including those of Gao [29]
and Gao et al. [37]. Moving to an estimate of spectral noise
covariance becomes particularly important in the application
of Bayesian inversion methods to remote sensing data, i.e., an
area that is much less explored than optimization style inver-
sion techniques. This is an important step in dealing with the
high-dimensional challenges of many remote sensing inversion
problems using a probabilistic approach.

VI. CONCLUSION

We have introduced a segmentation-based noise estimation
methodology that can successfully estimate the noise equivalent
reflectance spectra and noise covariance matrix from aquatic
remote sensing imagery over both optically deep and optically
shallow sites. The methodology has been shown to be insensi-
tive to the parameters used in the segmentation when applied
to a synthetic test data source. Extension to hyperspectral
data over an optically shallow coral reef site has identified a
minimal amount of user input required to relate the scale of the
segmentation to the input data source and to mitigate against
the inclusion of benthic substrate variability.

Estimation of the noise equivalent spectra and covariance
matrix has been completed in optically shallow water and glint-
affected regions of a hyperspectral airborne PHILLS data set,
with these results shown to be comparable to those estimated
using a commonly used kernel approach in optically deep water.
This represents a potentially significant practical benefit in
aquatic studies where optically deep water cannot be observed
or significant sunglint is present.
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