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ABSTRACT
Lake water clarity as measured by Secchi disk transparency (SDT) is a cost-effective measure of water quality. However, in regions where there are thousands of lakes, sampling even a small proportion of those lakes for SDT year after year is cost prohibitive.
Remote sensing has the potential to be a powerful tool for assessing lake clarity over large spatial scales. The overall objective of
our study was to examine whether Landsat-7 ETM+ could be used to measure water clarity across a large range of lakes. Our specific objectives were to: 1) develop a regression model to estimate SDT from Landsat data calibrated using 93 lakes in Michigan,
U.S.A., and to 2) examine how the distribution of SDT across the 93 calibration lakes influenced the model. Our calibration dataset
included a large number of lakes with a wide range of SDT values that captured the summer statewide distribution of SDT values in
Michigan. Our regression model had a much lower r2 value than previously published studies conducted on smaller datasets. To examine the importance of the distribution of calibration data, we simulated a calibration dataset with a different SDT distribution by
sub-sampling the original dataset to match the distribution of previous studies. The sub-sampled dataset had a much higher percentage of lakes with shallow water clarity, and the resulting regression model had a much higher r2 value than our original model. Our
study shows that the use of Landsat to measure water clarity is sensitive to the distribution of water clarity used in the calibration
set.
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1. INTRODUCTION
Inland lakes provide an important recreational,
commercial and aesthetic resource to the public. Thus, it
is important to monitor the quality of these lakes. This
monitoring often includes measuring water clarity using
an inexpensive Secchi disk. Although more sophisticated measurement techniques exist, Secchi disk transparency (SDT) remains an effective coarse measure of
water clarity.
Despite the ease of obtaining SDT data, collecting it
on large numbers of lakes can be costly and challenging
for monitoring agencies. Within the post-glaciated
northern states of the United States of America, several
states contain a large number of lakes, often on the order of thousands. These lakes are important to the economy of the states as these resources are a valuable
source of water, commercial and sports fisheries, and
recreation. Routine lake monitoring is important to
measure changes in water quality so effective management decisions can made.
To expand monitoring programs for lakes, many
state agencies have developed citizen-volunteer lake
monitoring programs for collecting SDT. These pro-

grams have allowed data collection over larger regions
than is possible through local and state agencies alone.
Many studies have shown that the quality of volunteer
collected data is comparable to data collected by professional monitoring personnel with no statistical difference in summer averages of SDT between volunteer and
professional measurements (Heiskary et al. 1994; Kerr
et al. 1994; Obrecht et al. 1998; Canfield et al. 2002).
However, extending volunteer collection programs to
thousands of lakes, on a statewide level, is still costly
and logistically prohibitive. Thus, new approaches are
still required to collect SDT on large numbers of lakes.
Satellite remote sensing using Landsat Thematic
Mapper (TM) has been explored in several studies as a
method of reducing the cost and labor of sampling water
clarity in the field (Khorram & Cheshire 1985; Lathrop
1992; Kloiber et al. 2000; Dewider & Khedr 2001). One
of the strengths of remote sensing techniques is in its
ability to provide spatial measurements of features
across large areas that are typically not possible with in
situ sampling. In addition, sensors such as Landsat provide an excellent tool to examine changes over time because this imagery has been collected over large areas
of the earth's surface for several decades. To date, Landsat has been used extensively for land-based studies
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Fig. 1. The study area within Path 21 of the Landsat Worldwide Reference System-2 (WRS) in Michigan, USA. The three
individual scene rows within Path 21 used in this study are designated as R29, R30, and R31. All images are from the same
acquisition date, 28 August 2001.

(Wilkie & Finn 1996), and less so for inland lake water
quality studies, which is primarily due to the spectral
band resolutions of the Landsat Thematic Mapper (TM)
sensors. Shorter wavelengths are scattered by the atmosphere and longer wavelengths are absorbed by clear
water, thus reducing the amount of spectral energy returned to the sensor for aquatic feature detection. Despite these potential limitations, Landsat has been used
successfully in aquatic studies for the remote sensing of
SDT, chlorophyll-a, and suspended sediments (Khorram
& Cheshire 1985; Lathrop 1992; Lathrop & Lillesand
1986).
For inland lakes, the relationship between remotely
sensed images and SDT has been examined through linear regression analysis of in-situ measurements of SDT
and spectral values from the sensor (Lillesand et al.
1983; Lathrop & Lillesand 1986; Kloiber &. 2002). Regression models developed for single water bodies using
a single image have resulted in high r2 values (0.80 –
0.90, p <0.05) (Lathrop & Lillesand 1986; Lavery et al.
1993; Giardino et al. 2001). These strong relationships
suggest that remote sensing may be useful for measuring SDT in a large number of lakes across larger spatial
scales. However, to apply these approaches to the regional scale, such as for the lakes of Michigan U.S.A.,
this approach must be tested where the spectral values
are obtained from multiple Landsat images and for a
wider diversity of lakes than is typically found in a single image. The objectives of our study were to deter-

mine if Landsat-7 could be used to measure lake water
clarity across a large region of lakes using three Landsat
images, and to determine how the distribution of water
clarity across the calibration dataset affected the regression models.
2. METHODS
The state of Michigan has approximately 3,500
inland lakes >10 ha in surface area and many thousands
of smaller lakes. This study included 93 lakes in the
lower peninsula of Michigan (Fig. 1). The lakes were
distributed throughout an area of 94,350 km2, which
made up approximately 80% of the lower peninsula of
the state. The lakes ranged in surface area from 12 –
4,125 ha with a mean Secchi depth of 3.1 m between
July and August 2001.
Field observations of SDT data were obtained for
the 93 lakes from three sampling programs: (1) the
Michigan Citizens Lake Monitoring Program (CLMP),
(2) the Michigan Department of Environmental Quality's (MDEQ) Lake Water Quality Assessment (LWQA)
Monitoring Program, and (3) Michigan State University
(MSU). Lake were selected that: (1) were sampled from
late July through August to ensure samples were taken
during the summer stratified period; (2) had a surface
area of >10 ha within the lower peninsula of Michigan;
and (3) were sampled within +/-7 days of the satellite
imagery.
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Three Landsat-7 Enhanced Thematic Mapper Plus
(ETM+) scenes from August 28, 2001 from ground
track Path 21 (Worldwide Reference System-2) that
covered the lower peninsula of Michigan, U.S.A. (Fig.
1) were used in this study. Spectral digital number (DN)
values were extracted within the pelagic region of each
lake, which was identified by creating an area of interest
(AOI) using ERDAS Imagine version 8.4 image processing software. The pelagic region of each lake was defined as the area >4.5 m in depth. Bathymetric maps
were used to identify the 4.5 m depth contour within the
80 sample lakes for which maps were available. For the
13 lakes without bathymetric maps, AOIs were created
for each lake from groups of pixels within the center of
each lake, avoiding any shoreline or shallow areas to
ensure that each AOI would be free of reflections from
the lake bottom or submersed macrophytes. From each
lake AOI, the mean DN value was extracted for each
spectral band to use in all subsequent analyses. The AOI
sizes ranged from 8 to 1,012 pixels.
All statistical analyses were done using SYSTAT
(SPSS Software, Inc., 2001). Probability distribution
plots of SDT indicated that a natural log-transformation
was necessary for SDT. A linear regression model was
developed using the band ratio of ETM1/ETM3 as the
independent variable and the natural log of SDT as the
dependent variable. Previous studies found these regression variables to be the best predictor of SDT (Lathrop
1992; Pattiaratchi et al. 1994; Kloiber et al. 2000). Outliers and lakes having large leverages within the SDT
and Landsat datasets were removed from the final regression analysis, reducing the number of lakes for the
final analysis from 96 to 93.
To examine the role of lake SDT distribution in the
regression model, a second regression model was developed with a different SDT distribution based on a subsample of the complete dataset. We used a manual selection technique to create the subsampled dataset with
a similar SDT distribution as a previous study that
found a strong relationship between multiple lake SDT
values and Landsat spectral values (Kloiber et al. 2000).
To compare the regressions of the complete and subsampled datasets, a slope heterogeneity test and analysis
of covariance (ANCOVA) was used. An F-test was also
performed on the residual values to determine if there
was a significant difference between the variances of the
residuals of each dataset.
To compare the distribution of our study lakes to the
distribution of lake across the entire state of Michigan,
we compiled summer SDT data for Michigan lakes from
the US EPA Storage and Retrieval (STORET) database.
These data included 675 lakes (>20 ha) sampled during
the 1970's and 1980's. If multiple years of data were
available for a single lake, then the data were averaged
across sample years. Otherwise, the data represent average summer SDT values from biweekly samples in
June, July, and August.
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3. RESULTS
The regression of SDT and ETM1/ETM3 produced
an r2 of 0.43 (p <0.001; Fig. 2), which seemed low relative to similar studies. The 93 lakes used in our study
had a broad distribution of SDT, from 1 to 8 m. Thus to
examine the effects of SDT distribution on the model
results, we adjusted the SDT sample distribution to have
a mean Secchi depth of 1.8 meters and 47% of the lakes
having a SDT of <1.5 m. A similar sample distribution
yielded strong relationships between SDT and Landsat
data in Minnesota, U.S.A. (r2 = 0.83; Kloiber et al.
2000). The regression model for our subsampled dataset
had an r2 value of 0.82 (p <0.001; Fig. 3).
To compare our two regression models, we compared the slope of the regression using the complete
dataset (n-93) to the slope of the regression using the
subsampled dataset (n=17). The slopes were not significantly different (ANCOVA p = 0.247). However, examination of the residuals against their predicted values
shows that there is less variability in the residuals about
the mean for the subsampled dataset than in the complete dataset (Fig. 4). An F-test shows that there is a
significant probability that the residual variances in the
two datasets are statistically different (F = 2.86, p =
0.01).
4. DISCUSSION AND CONCLUSIONS
Our results show that the use of Landsat to measure
water clarity is sensitive to the distribution of water
clarity in the calibration dataset. Several previous studies have developed strong statistical relationships between a single Landsat image and water quality of a
single lake or water body. However, to date only
Kloiber et al. (2000) have examined this relationship on
a large scale, using 47 lakes within a 7,700 km2 area.
The results from Kloiber et al. (2000) show promise in
developing larger scale satellite-based water clarity
monitoring protocols using current sensors. However,
our study expands on this work by examining almost
twice the number of lakes, with a much wider range of
SDT in the calibration dataset. Our low r2 values, which
were lower than the Kloiber et al. (2000) study and single-lake studies (Lathrop 1992; Pattiarachi et al. 1994;
Cox et al. 1998), were likely a result of the SDT distribution of our calibration dataset.
Our original calibration dataset included a broad
range of SDT values, including deep SDT lakes. Lakes
with deeper SDT values return less signal reflectance
from algal turbidity in the water column to a remote
sensor and, thus, may not be well detected using current
sensors. In contrast, the Kloiber et al. (2000) study was
based on a cluster of lakes within the metropolitan area
of Minneapolis and St. Paul, Minnesota, USA, where
over 60% of the calibration lakes were eutrophic (Forsberg & Ryding 1980). Similarly, our subsampled dataset
included a large percentage of eutrophic lakes and
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Fig. 2. Regression of Landsat-7 ETM+ data (ratio of two bands,
ETM1 and ETM3) and field measured Secchi depth transparency (SDT; meters) for the 93 study lakes. The regression
model is ln(SDT) = 1.830 (ETM1/ETM3) - 2.976. The rmse residual value (standard error of estimate) has the same units as
the predicted ETM values and represents the standard deviation.
The dashed lines represent the 95% confidence interval.
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Fig. 3. Regression of Landsat-7 ETM+ data (ratio of two bands,
ETM1 and ETM3) and field measured SDT (meters) for our subsampled dataset. The regression model is ln(SDT) = 2.630
(ETM1/ETM3) - 5.009. The rmse residual value (standard error
of estimate) has the same units as the predicted ETM values and
represents the standard deviation. The dashed lines represent the
95% confidence interval.

Fig. 4. Scatter plots of the residuals for the complete and subsampled datasets against the predicted value. The dashed lines represent
the 95% confidence intervals.

yielded a comparable r2 value to the Kloiber et al.
(2000) study.
Our results suggest that to assess the usefulness of
Landsat for remote remote sensing of SDT, one must
consider the purpose of the model. If the purpose is to
focus on monitoring eutrophic lakes, for example, those
lakes in watersheds that have agricultural or urban development, then Landsat can be a very effective moni-

toring tool. However, if the goal is to examine SDT at a
statewide level, across thousands of lakes, a broader
range of inter-lake variability must be included in the
calibration dataset. Unfortunately, it also has to be recognized that the regression model will be more poorly
fitted to the data. Our complete dataset is representative
of the kind of model that would be needed to monitor all
the lakes of Michigan. The range of the SDT data in-
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Fig. 5. Histogram of the percent of lakes in each 0.5 m Secchi depth category from a statewide lake database (n = 675) and for our
93 study lakes (complete dataset).

cluded in our complete dataset model is comparable to
the range of SDT collected from a survey of 675 Michigan lakes (Fig. 5). Secchi disk transparency in Michigan
lakes ranges from 0.5 – 8.0 m, with a mean of 3.0 m.
The complete dataset used in our study captures this
range, from 0.9 – 7.6 m with a mean of 3.1 m.
There were several complications that arose during
our study. To use remote sensing for statewide assessments of water clarity, there still must be investment in
some statewide sampling efforts that coincide with satellite overflights. Although ground observations were
included in this study from a number of reliable sources,
available data on a large number of lakes were still hard
to find. For example, during this study, Michigan experienced a large number of days with high cloud cover
that resulted in few available cloud free scenes. This
made it difficult to match field SDT data across the state
to the satellite over flight of +/-7 days. In addition, we
experienced difficulties in creating a single regression
relationship that included images from multiple paths.
Further research is necessary to explore the effect of
path to path atmospheric variations. For example, within
the three contiguous Landsat scenes used in this study,
atmospheric corrections were not necessary for sampling SDT because the images were free from atmospheric haze and all of the images were taken on a single
date. However, atmospheric correction would have been
needed for multiple paths or multiple dates.
In conclusion, although a standard equation relating
Landsat data and water clarity over a large area can be
used to predict SDT, the sensitivity of the regression
model to the distribution of lake calibration data must
be taken into consideration. Further research is required

to determine the optimal ranges in which Secchi depth
can be predicted from Landsat data, the reliability of
predictive models in shallow as well as deep SDT lakes,
and the best regression estimates for regions with a wide
range of Secchi depth values. Remote sensing can play a
vital role in reducing the cost, labor, and time required
to monitor inland lake water clarity. It has the potential
to be used as a tool to develop statewide assessments
that are currently impossible using traditional field operations. However, caution should be used in assessing
water quality based solely on remotely sensed data. Current methods and sensors may be able to effectively
measure shallow SDT lakes, but may not do as well for
lakes with deeper SDT. Until such methods can be improved or better sensors are developed for aquatic applications, inland lake remote sensing will be most useful
as a supplement to existing volunteer and agency
monitoring programs, rather than as a replacement of
these programs.
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