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[1] In this study we prove the feasibility of the advanced very high resolution radiometer
(AVHRR) and Moderate Resolution Imaging Spectroradiometer sea surface temperature
algorithms to derive operational lake surface water temperature (LSWT). A validation
study covering 2 years was done using data from the AVHRR on NOAA 12, 15, 16,
and 17, the MODIS on TERRA, and AQUA and with different method-ingested in situ
data from different sized lakes. Best results were found for NOAA 16 nighttime data at
Lake Geneva (bias of 0.18 K and standard deviation of 0.73 K) and TERRA
nighttime data at Lake Constance (satellite-buoy bias of �0.08 K and standard deviation
of 0.92 K). For all sensor families an overall scatter ranging from 0.9 to 1.6 K was found.
Bias of MODIS is larger, �1.73 to 1.9 K, than the one of the AVHRR (�0.28 to 1.5 K).
The current orbital configuration of the platforms used revealed the diurnal evolution
of the lake surface temperature amplitude from space. The damped mixing found for a
typical calm and clear-sky regime is different from open ocean conditions. As the main
error source, we found undetected cloudy pixel. Furthermore, the physical difference
between skin and bulk temperature, especially its relation to the diurnal thermocline, solar
insolation, and wind stress contributes to the bias and scatter within the match-up data
set. The data sets have been validated to allow further application for LSWT climatology
and assimilation into numerical weather prediction models.
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1. Introduction

[2] The temperature cycle for different continental water
bodies in the alpine region of Europe is not well docu-
mented. Only a few in situ measurements at points and time
of opportunity are available. Hence they cannot account for
the spatial distribution of the temperature pattern within a
lake. Lake surface water temperature (LSWT) itself has a
strong influence on the entire lacustrine ecosystem [e.g.,
Arnell et al., 1996, and references therein]. It reflects
meteorological and climatological forcing more than any
other physical lake parameter and is strongly related to the
mean temperature of the upper stratum which plays an
important role in lake biology [Livingstone and Dokulil,
2001]. LSWT maps can be useful for understanding
processes such as wind related upwelling events [Mortimer,
1952; Monismith, 1985, 1986; Imberger and Patterson,

1990] and surface water transport patterns [Strub and
Powell, 1986, 1987]. Furthermore, such data could be
implemented in near realtime for the assimilation into
numerical weather prediction and for LSWT climatology.
The use of thermal data for estimation of sea surface
temperature (SST) is a common operational application of
satellite sensors, such as the advanced very high resolution
radiometer (AVHRR) on the US National Oceanic and
Atmospheric Administration (NOAA) polar orbiting satel-
lites. On the other hand, the Moderate Resolution Imaging
Spectroradiometer (MODIS) on board the TERRA and
AQUA platforms represents the latest generation of the
imaging spectrometers able to retrieve SST. A recent review
of the use of infrared satellite data to derive sea surface
temperature is discussed by Emery et al. [2001].
[3] The split window approach has been widely estab-

lished to convert observed radiances to LSWT. The two
thermal bands of the electromagnetic spectrum covered by
the AVHRR have different water vapor absorption proper-
ties. This difference is used as a proxy for the water vapor
content of the atmosphere and applied in a real radiative
transfer based correction. Channel radiances are trans-
formed through the use of the Planck function to units of
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temperature, then compared to a priori temperatures mea-
sured at the surface. This comparison yields coefficients
which, when applied to the global AVHRR data, give
estimates of sea surface temperature with a nominal accu-
racy of 0.3 K or better depending on the different sensors
carried by the different satellite platform [Li et al., 2001;
Kearns et al., 2000]. The accuracy requirement strongly
depends on the different applications, i.e., relatively low
absolute accuracy is required as long as high relative
accuracy is achieved for front, motion and edge detection
and feature tracking. The proposed processing chain pro-
vides a relative accuracy of 0.2 K, which can be related to
sensor noise and calibration uncertainties [Goodrum et al.,
2000]. Numerical weather prediction, fisheries, coastal
management and most other applications of water surface
temperatures data require absolute accuracies around 0.5 K
for individual measurements at a spatial resolution of 0.5–
10 km and with revisit times of two to four observations per
day [Hussey, 1985; Walton et al., 1998a]. The feasibility of
the AVHRR SST algorithms for the determination of con-
tinental water body surface temperature has been shown for
the Great Lakes [Schwab et al., 1999; Li et al., 2001;
Schwab et al., 1992] and Canadian Lakes [Bussières et
al., 2001] in North America, Africa [Wooster et al., 2001]
and Continental Europe [Thiemann and Schiller, 2003]. For
the Great Lakes, several studies for different sensors carried
by the different platforms estimate a bias of 1.0–1.5 K and a
standard deviation of about 1.0 K when compared to buoy
data.
[4] The surface thermal structure of a water body raises

several questions. The LSWT, as the SST, represents the
temperature of an extremely thin layer on the lake surface,
since infrared waves are emitted from no deeper than about
the top 500mm of the water body, while the penetration
depths for the two thermal bands of MODIS and AVHRR
are around 10–11 mm [Donlon et al., 2002]. This skin layer
is the molecular boundary between a turbulent water surface
and a turbulent atmosphere. Hence this molecular layer is
responsible for the transfer of heat and momentum between
the water body and the boundary layer of the atmosphere.
Traditional SST estimation has concentrated on the bulk
temperature which is known to be different from the skin
temperature. This difference is called the skin effect, which
has been widely discussed by Robinson et al. [1984],
Schluessel et al. [1987, 1990], Cornillon and Stramma
[1998], and Hook et al. [2003] and recently reviewed by
Emery et al. [2001], Minnett [2003], and Robinson and
Donlon [2003]: observational studies clearly demonstrated
the existence of this skin layer at a water body surface.
Overall bulk-skin temperature differences have mean values
of 0.3 K with a root mean square error (RMS) variability of
up to 0.4 K, while the instantaneous values are dependent
on the heating/cooling and surface wind speed [Katsaros,
1977; Katsaros et al., 1977; Soloviev and Schlussel, 1997;
Fairall et al., 1996; Wick et al., 1996; Murray et al., 2000;
Hasse and Smith, 1997].
[5] During the day, in clear sky and calm conditions,

thermal stratification of the top 5 to 50 cm will occur. Once
the source of insolation is removed, this thermocline is
rapidly eroded at night. Although most SST algorithms are
defined in a way to represent the bulk temperature, a clear
diurnal cycle of the SST is still evident. Wind stress

additionally stirs down the heat absorbed in the top surface
layer; that is, the surface may not or warm only by a small
amount during the day. The properties and evolution of the
diurnal thermocline with respect to thermal imager is well
documented [Ignatov and Gutman, 1999; Minnett, 2003;
Gentemann et al., 2003].
[6] There are a number of consequences for SST and

LSWT measurements. First depending on their depth, the
diurnal warming may not be detected by bulk temperature
measurements, whereas radiometric measurements, such as
taken from satellites, always detect it. Daytime LSWT data
sets from satellite may then not represent the upper mixed
layer temperature, depending on a possible existing diurnal
thermocline, and its gradient. Second, at night, the differ-
ence between LSWT and the mixed upper layer temperature
can be become as small as 0.17 K at higher winds [Donlon
et al., 2002]. On the other hand, there is a cooling trend at
low wind speeds on clear night conditions because of
outgoing longwave radiation from the water body, which
takes place at the very top of the surface. The magnitude of
cooling is larger during nighttime, but cool skin is also
present most of the time during daytime, since the amount
of solar absorption within the skin layer is small. Finally,
daytime horizontal distribution patterns can depend more on
wind speed and directions than on lake dynamics and heat
distribution in the upper water body. Recent results show
that the skin effect is less variable than previously expected
[Donlon et al., 2002].
[7] The possibility of errors are far greater for instruments

that view the surface off-nadir since the emissivity of the
water decreases and exhibits a greater range with increasing
view angle. For off-nadir views, changes in water emissivity
are more affected by wind speed [Wu and Smith, 1997].
Other possible sources of additional errors in the radiomet-
ric determination of LSWT are georeferencing errors, sensor
noise, calibration errors, Sun glint, trace gas absorption, and
episodic variations in aerosol absorption due to volcanic
eruptions and blown out terrigenous dust [Cracknell, 1997;
Brown and Minnett, 1999].
[8] In this study, our aim is to prove for the first time the

feasibility of the AVHRR and MODIS sensors on different
platforms to derive LSWT for Alpine lakes of various size.
Globally valid SST algorithms/products are extensively
compared with conventional in situ bulk temperature mea-
surements. Widely used lake temperature records ingested
by different methods including a thermistor chain, moored
buoy and measurements from a fixed pylon have been taken
into account. The direct relation of remotely ingested
temperatures with limnological established data sets in such
an extent is a novelty. The accuracy determined would be
valid for a wide variety of meteorological conditions and the
different turbulent regimes found in water bodies. New
scientific insight will be given in the diurnal evolution of
the skin temperature observed from space, making for the
first time use of the specific orbital configuration of the
NOAA satellites and MODIS carrying platforms. These
findings will have possible implications on the assessment
of satellite derived LSWT for limnological application and
contribute to the future discussions on radiative measure-
ments of water surface temperatures. Lakes located consid-
erably above sea level are also useful to evaluate the
performance of existing SST algorithms. Since there is less
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water vapor in the atmosphere at higher elevations, the
radiation received by the satellite sensor is less affected than
the radiation from water bodies at lower elevations [Hook et
al., 2003].
[9] The following six sections describe the in situ data

sets, starting with preprocessing of the AVHRR and MODIS
data (chapter 2) and proceeding with the implementation of
the SST algorithms used for the operational LSWT calcu-
lation from AVHRR (chapter 3). An evaluation of the
proposed algorithms and a validation are performed in
chapter 4. This is followed by a discussion of error sources
(chapter 5) and by a concluding section (chapter 6) describ-
ing the overall performance of the operational algorithms.

2. In Situ Observations and Data Processing

2.1. Site Location and Characteristics

[10] Regional validation needs a higher temporal resolu-
tion than global applications, where match-ups are made
within 4h considering the diurnal warming effect [Boehm et
al., 1991; Hawkins et al., 1993]. Three lakes located at the
northwestern rim of the European Alps offer in situ data
with a temporal resolution of at least 60 min (Figures 1, 2,
and 3 and Table 1) and meet with the recommendation by

Minnett [1991] that validation measurements should be
made within ±2h of the satellite overpass. The two largest
waterbodies, Lake Geneva (Figure 1) and Lake Constance
(Figure 2), have both a monomictic mixing regime and are
mesotrophic. Water budget and lake levels reflect the
seasonality of the alpine climate which retains snow during
the winter. The lake levels are maximum in early summer
and minimum during winter.
[11] Lake Geneva is the largest lake in the Alpine region.

The Rhône River discharges at the eastern tip and flows
southward from the west end of the lake to the Mediterra-
nean Sea. The lake is deep and has a comparatively large
water volume for its surface area (Table 1). The drainage
basin is fairly large, including about half of the Valais and
Bernese Alps. The in situ water temperature is recorded by
the Swiss Federal Institute of Technology (Lausanne) at the
north shore of the lake near Buchillon on a pylon located
100 m offshore (46.4584�N/6.3996�E) over a water depth of
3–4 m near the vicinity of Buchillion (point P1 in Figure 1).
The pylon is equipped with meteorological sensors (e.g.,
wind speed and shortwave net radiation) and a water
temperature probe measuring at approximately 1 m depth.
The data is sampled to hourly averages. A continuous data
set from 31 January 2002 to 12 December 2003 is available.
This station is representative of the shallow littoral water
body, which has a temperature regime different from the
open water [Fer et al., 2001, 2002].
[12] Lake Constance is the second largest European

Alpine lake. It is divided into two parts, the deep upper
lake (maximum depth: 252 m) including the fjord-like Lake
Ueberlingen and the shallow lower lake. The Rhine River
originating from the Alps flows into the lake at its southeast
end and flows out from the west end. A thermistor chain at a
moored buoy 1000 m offshore (47.7605�N/9.1315�E;
depth, 46 m) in Lake Ueberlingen measures the water
temperature at a depth of 0.9 m sampled within 20 min
intervals (point P2 in Figure 2). The data set for 2002–2003
has gaps for the periods 24 March 2002 to 28 May 2002, 12
to 27 August 2002, and 7 to 28 April 2003.
[13] Lake Mond (Figure 3) in the eastern part of Alps is

about 175 times smaller than Lake Geneva and with its
surface area of 14 km2 and a length of 12 km, is at the limit
for the spatial resolution of the AVHRR sensor. Surrounded
by two high mountain ranges, it represents a typical Alpine

Figure 1. Geographic map of Lake Geneva, showing the
locations of the in situ measurement (P1, depth 3–4 m) and
the corresponding LSWT pixel (P11, depth 122 m).

Figure 2. Geographic map of Lake Constance, showing
the locations of the in situ measurement (P2, depth 46 m)
and the corresponding LSWT pixel (P22, depth 70 m).

Figure 3. Geographic map of Lake Mond (left), showing
the location of the in situ measurement and LSWT pixel
(P3, depth 48 m).

C12014 OESCH ET AL.: LSWT DERIVED FROM AVHRR AND MODIS

3 of 17

C12014



Lake. It is oligo-mesotrophic and discharges into a small
river. The catchment area mostly consists of an Alpine
environment of forest and grassland. A moored buoy
approximately 1000 m offshore at point P3 in Figure 3
(47.8374�N/13.3686�E; depth, 48 m) measures the water
temperature at 1 m depth using a Yellow Springs Multi-
sonde 6920. The data sampling is done in 60 min intervals.
The data set 2002–2003 is continuously available except
for a data gap from 25 January 2002 to 16 May 2002.
[14] As can be seen in Figures 1 and 2, P1 and P2 are

located relatively close to the shore. Because of the spatial
resolution of the sensors used in this study, the corre-
sponding satellite image pixel of P1 and P2 can partly
include land surface information. This can significantly alter
the radiometric signal of the water surface. During night-
time, because of the greater heat storage capacity of a water
body, land contamination can imply a cooling effect, while
during daytime the opposite can be the case. For both sensor
products, different land masks where used to flag possible
land contaminated pixels. The land mask applied on the
AVHRR LSWT is based on the global self-consistent
hierarchical high-resolution shoreline database (GSHHRS)
[Wessel and Smith, 1996]. In addition to the GSHHRS, a
shore buffer zone with size of one pixel has been flagged.
The land discrimination scheme in the MODIS SST product
being more stringent, no additional buffer zone was applied.
Therefore, for the validation process, we chose P11
(46.4439�N/6.3996�E; depth , 125 m) and P22
(47.6841�N/9.2384�E; depth, 70 m) as the closest
corresponding pure water pixels for P1 and P2. Since the
properties of the water bodies at P11 and P22 are different
from P1 and P2, one can assume that because of internal
seiches, there might exist significant temperature differ-
ences between the in situ and LSWT pixel locations.
However, the validation of AVHRR at P1 and P2, ignoring
the buffer zone, showed similar results as at the
corresponding P11 and P22 location. The number of coin-
cident data points was smaller and the bias and scatter
slightly higher, since the nearshore data (P1, P2) are more
affected by land contamination. Therefore we choose in this
study to use LSWT pixel location P11 as substitute for P1,
respectively P22 for P2.

2.2. AVHRR Data

[15] The data presented in this paper uses observations
from the five channel AVHRR/2 (NOAA 12) and the six
channel AVHRR/3 (NOAA 15, 16, and 17) instruments on
board the NOAA polar satellites. The instruments measure
reflected and emitted radiance in the following bands:
0.58–0.68 mm (channel 1), 0.725–1.10 mm (channel 2),
1.57–1.64 mm (channel 3a on AVHRR/3), 3.55–3.93 mm
(channel 3b on AVHRR/3 and channel 3 on AVHRR/2),

10.3–11.3 mm (channel 4), and 11.5–12.5 mm (channel 5).
The nominal instrument spatial resolution is 1.1 km.
[16] The orbital configuration of the NOAA polar satel-

lites has been discussed in depth by Rao [1990], Price
[1991], Kidwell [1998], and Goodrum et al. [2000] and
recently by Ignatov et al. [2004] covering the NOAA
satellites as well as TERRA and AQUA carrying MODIS.
The orbits of these sensor platforms have been chosen
primarily to provide a globally uniform surface coverage
for cross scanning radiometers on board: the few daily
measurements are approximately distributed uniformly over
daytime and done at the same local time day after day. Such
an orbital configuration provides a consistence scene illu-
mination (for the solar reflectance channels) or time seg-
ment of the diurnal cycle (for the thermal channels). These
requirements are met by setting up two NOAA satellites in
different types of near-circular, Sun-synchronous (inclina-
tion 99�) orbits. The afternoon satellites except NOAA 16
cover northbound (ascending) passes with a nominal local
equator crossing time (EQX) of �1330, and �0130 for the
descending part of the orbit, respectively. The ‘‘morning’’
satellites prior to NOAA 17 have been launched into a
descending (southbound) orbit with an EQX of �0730.
Local evening node passes across the equator at �1930. In
this study we take advantage of the fact that the actual EQX
changes during satellite lifetime. The afternoon satellites
tend to drift toward an evening EQX, while the morning
platforms shift toward earlier hours. Together with the fact
that some of the platforms have now been in orbit for up to
12 years, this results in complex coverage pattern (Figures 4
and 5). NOAA 12 has slipped back within about 12 years
into an early morning/evening orbit with an EQX �0430/
1630. The AVHRR/2 on this platform is still fully functional
at the time of writing. NOAA 15, the first morning satellite

Table 1. Morphological Properties of Alpine Lakes Covered in This Study

Lake
Latitude
Center

Longitude
Center

Altitude,
masl

Max Depth,
m

Volume,
106 m3

Surface,
106 m2

Catchment,
106 m2

Geneva 46.33�N 6.67�E 372 310 88900 584 7975
Constance 47.67�N 9.33�E 400 252 48530 539 10900
Mond 47.83�N 13.38�E 481 68 510 14 247

Figure 4. Acquisition date and time of all AVHRR data
(total: 5480) for 2002–2003 used in this study, covering
40.5�–50�N and 0–17�E.
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with the AVHRR/3 on board, lost since his launch in spring
1998 about 40 min (current EQX �0650/1650). The deg-
radation of the NOAA 15 AVHRR/3 is substantial but the
thermal data is still useful. A modified afternoon orbit with
an EQX �1400 (northbound node) was chosen for NOAA
16. A special technical effort was made to stabilize the
orbits of satellites carrying the AVHRR/3, so the EQX of
NOAA 16 did not change significantly within the 3 years
since launch. Nevertheless, the AVHRR/3 scan motor
started to become erroneous on 18 September 2003. The
last gap for a uniform daily coverage was closed by setting
NOAA 17 into a new midmorning orbit with an EQX of
�1000.
[17] The orbits of NOAA 16 and 17 are quite similar to

those of TERRA (EQX �1030) and AQUA (EQX �1330).
This offers the possibility of incorporating the MODIS SST
products for the analysis of the diurnal development of
LSWT and comparison with the AVHRR LSWT product.
The satellite passes available for the different days are
shown in Figures 4 and 5.
[18] The high-resolution picture transmission (HRPT)

data are ingested and converted to Level 1b format at the
receiving station located in Bern, Switzerland (46.9283�N/
7.4781�E). Thermal calibration of the AVHRR/2 data
accounts for the sensor nonlinearity, which is necessary
when using LSWT data derived from different sensor plat-
forms. It is achieved at the time of post processing and
includes measurement of internal target temperature, calcu-
lation of target radiance, internal reflections and emissions
as discussed by Rao et al. [1993] and suggested by Walton
et al. [1998b]. This radiance-based correction procedure
results in a single correction algorithm applicable over the
entire range of AVHRR operating temperatures, represent-
ing a significant improvement over the use of numerous
tables to lookup temperature corrections. Walton et al.
[1998b] report that the accuracy for the AVHRR/2 thermal
channels are of 0.1–0.2 K. The AVHRR/3 are calibrated
according to Section 7.1.2.4 in [Goodrum et al., 2000]. The
AVHRR/3 calibration also takes the nonlinearity behavior
of the sensor into account.
[19] In addition to a precise external time, we used a

feature matching algorithm to achieve subpixel accuracy of
the geolocation. This is necessary for mapping LSWT of

small lakes with a spatial extent of a few tenths of square
kilometers. The rectification process is carried out by using
piecewise linear mapping functions throughout the whole
image. Input and output images are partitioned into patches
defined by closest grid points. An affine transformation
function is evaluated at every pixel on the output image by
using three closest georeferenced points on the grid and
their respective image coordinates.
[20] An orthorectification of the imagery is essential in an

Alpine region to overcome the displacement errors intro-
duced by the topography. An automated procedure that uses
a terrain model based on the GTOPO30 was developed and
implemented. For the rectified image, a cloud mask is
derived using the Cloud and Surface Parameter Retrieval
(CASPR) algorithm [Key, 2002]. The algorithm quality has
been proofed by Di Vittorio and Emery [2002]. The cloud
mask includes also cloud shadow pixels. It was determined
using a combination of geometric and optical constraints,
derived from the pixel-by-pixel cross-track geometry of the
scene and image analysis methods adapted from Simpson
and Stitt [1998]. The resulting data set is subset to the
Alpine region from 0�–17�E and 40.5�–50�N.

2.3. MODIS Data

[21] The Moderate Resolution Imaging Spectroradiometer
(MODIS) was developed as the keystone instrument on the
Earth Observing System (EOS) AM-1 (Terra, EQX �1030)
and EOS PM-1 (Aqua, EQX �1330) platforms for global
studies including ocean processes [Salomonson et al., 1989;
King et al., 1995; Esaias et al., 1998]. Two bands are
imaged at a nominal resolution of 250 m at nadir, with five
bands at 500 m and at the remaining 29 bands at 1000 m.
Three bands of 1000 m resolution at thermal infrared
wavelengths (channel 20, 3.6–3.8 mm; channel 31, 10.8–
11.3 mm; and channel 32, 11.8–12.3 mm) are used for SST
observations [Esaias et al., 1998; Brown and Minnett,
1999]. In this study we used the SST data products from
the two last thermal bands, since the channels spectral
resolution and algorithm concept is similar to the AVHRR
LSWT described above. The MODIS SST algorithm as
described by [Brown and Minnett [1999] is based on the
nonlinear AVHRR Pathfinder SST method [Kilpatrick et al.,
2001]. The final thermal infrared algorithm (10–12 mm) for
day and night was formulated as:

MODISSST ¼ C1þ C2 T31ð Þ þ C3 T32� T31ð Þ
� SSTguess
� �

þ C4 Secq� 1ð Þ T32� T31ð Þ ð1Þ

where T31 and T32 are channel 31 and 32 brightness
temperature (BT), SSTguess is the first guess SST and Sec is
the secant of the satellite zenith angle (q). Unlike the
AVHRR SST algorithm, the MODIS SST distinguishes
between high and low atmospheric water vapor content by
using two pairs of coefficients sets (C1–C4), depending on
the BT difference of channel 31 and channel 32. During
daytime, Reynolds weekly OI SST [Reynolds and Smith,
1994] are used as SSTguess and the midinfrared SST product
during nighttime, respectively. A stringent cloud screening
was done during the MODIS SST derivation procedure. A
spatial coherence test was carried out in 3 � 3 pixel arrays
using the 678 nm surface reflectance channel during

Figure 5. Acquisition date and time of all MODIS EO-1
(TERRA) and EO-2 (AQUA) data (total: 4995) for
2002–2003 used in this study, covering 40.5�–50�N and
0–17�E.
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daytime and thermal channels at nighttime. Finally, the
retrieved SST were tested against Reynolds weekly OI SST
and rejected if the discrepancy was greater than 6 K.
[22] Comparisons of MODIS TERRA SSTs and collo-

cated skin SST measurements from the Marine Atmo-
spheric Emitted Radiance Interferometer (MAERI) led to
an additional empirical correction [Minnett et al., 2001].
However, Minnett et al. [2002] showed that the MODIS
SSTs are comparable in accuracy to the AVHRR Path-
finder SST fields.
[23] In this study we used MODIS TERRA and AQUA

Sea Surface Temperature Products 5-Min L2 Swath 1 km
(MOD28L2 and MYD28L2) data of the years 2002 and
2003. The data were provided by the NASA/Goddard Earth
Sciences Distributed Active Archive Center (GES DAAC)
at http://daac.gsfc.nasa.gov/. The MODIS SST products
were available in their third release (Collection 4). Those
data sets are considered as validated products in a mature
stage. All data sets covering the area of 0�–17�E and
40.5�–50�N were subset and stitched together to a
latitude/longitude grid with the same dimension as the
AVHRR data sets. The data available for the different days
are shown in Figure 5.

3. Implementation of the AVHRR LSWT Method

[24] The different water vapor absorption properties of
the two thermal bands of the AVHRR are used to correct for
the effects of the atmosphere on the observations of the
infrared signal emitted by the surface. A slight but not
negligible distortion of the infrared channels in this spec-
trum is due to absorption of water vapor. The split window
technique utilizes the difference between channel 4 and
channel 5 to correct this effect: the temperature difference
between these two channels is proportional to the amount of
water vapor in the atmosphere because infrared radiation
undergoes a stronger absorption because of atmospheric
moisture within channel 5 than within channel 4. Another
advantage of the split window approach is the fact that it
takes the varying atmospheric path length variations with
the satellite viewing angle into account. The SST method
ensures that the mean SST temperatures can be compared
with bulk temperatures [Barton and Prata, 1995; Wick and
Bates, 2002]. Two algorithms based on the split window
theory are commonly used for water surface temperature
derivation. The multichannel SST (MCSST) algorithm
was developed and used operationally at NOAA/NESDIS
(National Environmental Satellite Data and Information
Service) in the early eighties on the basis of the work by
McClain et al. [1985]. This algorithm assumes that there is a
linear relationship between the difference of the satellite
brightness temperatures and bulk temperature and the dif-
ference of satellite measurements in the split window
channels. Coefficients B2 and B3 in equation (3) were
found to be slightly nonlinear, having a dependency on
both atmospheric water vapor and the brightness tempera-
ture itself, particularity in dry polar and moist tropical
regions. Considering rather a nonlinear term, an operational
nonlinear SST (NLSST) algorithm for the NOAA polar
orbiting satellites was implemented in 1991, resulting in less
scatter when comparing satellite SST against drifting buoy
data [Walton, 1988; Walton et al., 1998a]. For both algo-

rithms, coefficients are routinely obtained for the operational
sensor platforms by performing a regression using a match-
up database of satellite retrievals and buoy data. Unfortu-
nately, after a sensor platform is no longer operational no
updates are available. The NLSST uses the MCSST as a first
estimate of sea surface temperature for the nonlinear term of
the equation.
[25] For night and day passes, different coefficients for

the equations are applied, which are provided by NOAA/
NESDIS as described by Walton et al. [1998a]. The coef-
ficients are independent of season, geographic location or
atmospheric moisture content. Adjustments are necessary if
spacecraft instrument calibration change or background
aerosol content in the stratosphere is affected by volcanic
eruptions.
[26] When applying this method to continental water-

bodies, such as the North American Great Lakes, the
accuracy of LSWT estimation shows a bias of 0.5 K or
better depending on the different sensors of the different
satellite platform [Schwab et al., 1999; Li et al., 2001].
The root mean square error (RMS) ranges from 1.1 to
1.7 K.
[27] The form of the LSWT retrieval algorithms used in

this paper has been developed by Walton et al. [1998a] and
applied by Li et al. [2001] as:

NLSST ¼ A1 T11ð Þ þ A2 T11� T12ð Þ MCSSTð Þ
þ A3 T11� T12ð Þ Secq� 1ð Þ � A4 ð2Þ

MCSST ¼ B1 T11ð Þ þ B2 T11� T12ð Þ
þ B3 T11� T12ð Þ Secq� 1ð Þ � B4 ð3Þ

T11 and T12 are channel 4 and 5 temperatures in Kelvin;
Secq is the secant of the satellite zenith angle q; NLSST and
MCSST are the nonlinear and linear multichannel SST,
respectively, in degrees Celsius; A1–A4 and B1–B4 are the
coefficients according to NESDIS. The valid range of the
NLSST approach ranges from �5� to 30�C.
[28] The equations used in this paper differ from the

global SST equations in the following aspects: on the one
hand we used the MCSST value in the nonlinear term rather
than an a priori SST estimate obtained from an analysis of
past satellite SST data. This means that there is somewhat
more noise in the LSWT observations. The value of the a
priori SST or the MCSST is constrained to the range 0�C to
30�C. On the other hand, the NLSST split window equation
is used here rather than the triple window equation (employ-
ing all three infrared channels) which is used in the global
operation.
[29] To maintain high accuracy of LSWT algorithm, pixel

viewed with a satellite zenith angle greater than 53� are
omitted, since a larger atmospheric path length leads to
greater attenuation of surface emitted radiance.
[30] Day (Sun zenith less than 75�) and night (Sun zenith

greater than 75�) algorithms have been implemented in this
study.
[31] As described above, possible land contaminated

LSWT pixels and a one-pixel wide buffer zone were
flagged. A threshold scheme is used to mask out cloud
contaminated pixel, which are not detected by CASPR.
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During daytime, a gross infrared test and visible cloud
threshold test is performed: pixels with channel 4 temper-
atures lower than �5�C or a corrected albedo (albedo value
divided by the cosine of the solar zenith angle) greater than
ten percent are considered as cloud contaminated. The gross
infrared (IR) test is also used for night satellite imagery
together with a test for low stratus clouds: The difference
obtained when subtracting channel 3 temperature from
channel 5 temperature must be less than or equal to
�0.6 K. Finally, as Schwab et al. [1999] suggested, pixels
with a standard deviation greater than 3 K computed of the
neighboring pixels and pixels completely surrounded by
nonvalid data are rejected.

4. Validation

4.1. Results AVHRR

[32] The performance of the MCSST and NLSST algo-
rithms were tested for NOAA 12, 15, 16, and 17 in the time
period of 2002 and 2003 for all three lakes. From the 5480
ingested data files (Figure 4), a total of 1838 match-ups for
MCSST and 1856 for NLSST were available (Lake Geneva,
547/548; Lake Constance, 774/778; and Lake Mond,
517/530). At all in situ locations and for each satellite pass
the corresponding pixel LSWT was compared to the in situ
temperature closest to the satellite overpass, not exceeding a
time difference of 30 min. The scatterplots of LSWT versus
in situ measurement for the different algorithms are given in
Figure 6 for Lake Geneva, Figure 7 for Lake Constance, and
Figure 8 for Lake Mond. The statistical results (satellite-
buoy bias, standard deviation (s) and the squared correla-
tion coefficient (r2), the number of match-ups and the RMS
error of the regression LSWT on in situ temperature are
shown Figures 6–8.
[33] For the various data sets corresponding to different

locations, sensors and algorithms, LSWT data outside the
range of ±2 standard deviations was flagged, and removed
from the match-up database. Within the 2 sigma interval,
over 95 percent of the data can be found, assuming a
normal distribution. Significant differences between the in
situ measurement and the LSWT can occur for several
reasons. (a) Sub pixel cloud contamination has often a cold
bias effect. (b) LSWT within a pixel can vary several
degrees, particularly nearshore and in smaller lakes. This
can be related to thermal fronts and other circulation
processes related to lake physics. (c) The AVHRR LSWT
data with a warm bias has different sources. As described
by Khattak et al. [1991], Sun glint can introduce a bias up
to 2 K. For several warm biased outliers of NOAA 12 and
15 day passes, Sun glint could be identified over the water
bodies.
[34] After the exclusion of the match-ups beyond ±2 stan-

dard deviations, the remaining data set totals (MCSST/
NLSST) were 515/518 for Lake Geneva, 733/735 for Lake
Constance and 459/498 for Lake Mond. Using this method
to remove outliers, we excluded only about 6% of the
original match-up database.
[35] As a more general result we can state for Figures 6,

7, and 8 that we have a larger amount of match-ups covering
higher summer temperatures, which tend to have a warmer
LSWT bias. Likewise, another accumulation of coincident
data can be found for lower winter temperatures, where we

can observe a cool bias, compared to the 1:1 line. For the
nighttime match-up, the warm offset of the LSWT is smaller
as are also the scatter and bias when compared to daytime.
Considering the outliers, more warm outliers were found
during hours of daylight and more cold outliers during
nighttime. In this study, the smallest bias and scatter were
found for the NOAA 16 for Lake Geneva MCSST nighttime
with 0.18 and 0.73 K, respectively. The performance of the
LSWT can be examined with respect to the following
criteria: day/night algorithm, in situ measurement/lake and
satellite number.
4.1.1. Performance of the Different Algorithms
and Sensors
[36] The linear SST equation (MCSST) yields a slightly

better overall accuracy than the nonlinear algorithm
(NLSST), as can be seen in Figures 6, 7, and 8. Especially
during daytime, the MCSST has a lower bias than NLSST
for all sensors in all three lakes (overall MCSST/NLSST
day bias: 1.21 K/1.92 K). This fact has also been observed
for the Great Lakes by Li et al. [2001]. For nighttime data,
MCSST showed better results. The only exception is for
Lake Mond, where the bias was quite high with an overall
better performance of the NLSST. For both algorithms, the
standard deviation was with 1.35 K (MCSST) and 1.34 K
(NLSST) about the same, whereas the bias of the MCSST
was with 0.55 K lower than for the nonlinear approach
(1.16 K).
[37] The best overall achievement of the different satel-

lites sensors was found for NOAA 16 with an average bias
of 0.24 K and standard deviation of 1.48 K for the MCSST
algorithm. As can be seen in Figures 6–8, NOAA 12
showed generally a larger offset (average up to 2 K). The
MCSST/NLSST coefficients of NOAA 12 have not been
updated since 1994 and might therefore be out of date.
Furthermore, the EQX of NOAA 12 shifted over the years
of operation to twilight phases of the day, where the remote
sensing of LSWT is done at low Sun angles conditions.
Since only day or nighttime coefficients were available, the
correction introduced to the brightness temperature can
yield the higher bias observed in Figures 6–8. Additionally,
the cloud masking during dawn is more susceptible to omit
cloud pixel than for large Sun zenith angles or at nighttime
respectively. This results in a larger match-up database for
NOAA 12 day/night data, with larger standard deviation
and bias.
[38] The warm bias of the LSWT for the higher daytime

temperatures can be observed for the NLSST as well as for
the MCSST algorithm. This is due to the formation of a
shallow diurnal layer, which results in the skin temperature
appearing to be warm. Relative to the temperature just
below the surface, the LSWT is still cool, but compared
to the deeper bulk temperature it appears to be warmer.
During nighttime the warm bias diminishes especially for
the MCSST data for Lake Constance, where it becomes
marginal. At Lake Mond, the bias becomes negative at
nighttime for all sensors using the linear term, and only for
the nonlinear data set for N12 and erved for all AVHRR
data except N15 during nighttime. At all locations, the night
algorithm has a smaller bias (MCSST, �0.4 K and NLSST,
0.4 K) and standard deviation (1.1 K) than the
corresponding daytime method (bias: 1.2 K (MCSST)/
1.9 K (NLSST), standard deviation: 1.5 K).
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4.1.2. Performance at the Different in Situ Locations
[39] Waterbody size, method and location of measuring

station are different for each lake, and so are the statistical
parameters of the match-up database. The surface or volume
of the water body seems to have more influence than the
measurement method. The Lake Mond and the Constance in
situ data set are taken at moorings with different statistical
results. On the other hand, the result from Lake Geneva is
similar to the one from Lake Constance, while taken at a
pelagic location below a pylon. Lake Geneva and Lake
Constance data sets have both an average bias of 1.1 K and
a standard deviation of 1 K. Even if the overall average
number of match-ups for Lake Geneva and Lake Mond was

with 64 the same, the results are somewhat different.
Surface temperature gradients within a pixel are more
pronounced, since the same pixel could encompass the
littoral and deepest point of Lake Mond. Therefore the scale
of the processes leading to the temperature variation is
below the spatial resolution of the AVHRR. A thermal front
within a pixel can lead to a significant difference between
the temperature sampled for this area and the actual in situ
measurement.
4.1.3. Dependence on Meteorological, Atmospherical
and Orbital Parameters
[40] For Lake Geneva, in situ shortwave net radiation,

wind speed and air temperature at 7 m were available and

Figure 6. Lake Geneva: Scatterplots of satellite LSWT at P11 versus in situ bulk temperature
measurements (2002–2003) at P1 for NOAA 12, 15, 16, and 17. For each sensor the (top) MCSST and
(bottom) NLSST for day and night are plotted. Data flagged with diamonds differ from the match-up
database by more than ±2 s (dotted line) and were considered as outliers and not incorporated into the
statistical analysis. The solid line represents the fitted linear relationship of the match-up database without
outliers; the dashed line indicates the 1:1 line.
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plotted against the temperature difference between MCSST
and in situ data (Figure 9). The scatterplots found for the
nonlinear approach are similar and not shown here.
The warm daytime bias correlates (r2 = 0.17, significant
to the 1% level) with the shortwave net radiation (Figure 9a).
With increasing solar irradiation, the MCSST resulted in up
to 2 K warmer temperatures than the in situ measurements.
The absorbed shortwave radiation in the upper 1 m of the
water body is responsible for the evolution of the diurnal
thermocline. This tends to make the skin surface warmer
than bulk temperature measured during the day. The cooling
skin effect is smaller than the increase in temperature in the
epilimnion during daytime, while at nighttime this diurnal

signal is significantly lower and the effect of the cool skin
becomes important. A mean diurnal temperature gradient
and the skin effect are implicitly incorporated into the
AVHRR LSWT retrieval. Since high wind speed events
occur relatively seldom, data was binned to 0.5 m s�1

intervals (Figure 9b).
[41] The influence of wind speed is noticeable even if the

occurrence and the maximum wind speeds are not compa-
rable to those over the open ocean. A squared correlation
coefficient of 0.38 was found for the mean binned wind
speed data and the AVHRR MCSST–bulk temperature
(Figure 9b). In addition to the high shortwave net radiation
condition, low wind speed during the daytime has the effect

Figure 7. Lake Constance: Scatterplots of satellite LSWT at P22 versus in situ bulk temperature
measurements (2002–2003) at P2 for NOAA 12, 15, 16, and 17. For each sensor the (top) MCSST and
(bottom) NLSST for day and night are plotted. Data flagged with diamonds differ from the match-up
database by more than ±2 s (dotted line) and were considered as outliers and not incorporated into the
statistical analysis. The solid line represents the fitted linear relationship of the match-up database without
outliers; the dashed line indicates the 1:1 line.
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of not mixing the uppermost layer of the water column,
enabling strong gradients to build up over the course of a
day. Under such conditions the difference between the bulk
temperature and the skin temperature can exceed 2 K
because of the fact that the skin and surface layer undergoes
a diurnal decoupling from the bulk temperature. With
increasing wind speed, a reduction of the difference be-
tween LSWT and bulk temperatures was observed since the
reduced diurnal warming weakens the building up of a
diurnal thermocline. These dependences and consequences
of local solar time and wind speed are similar to those
discussed by Minnett et al. [2001] and Minnett [2003] over
the ocean. The impact of wind speed and shortwave net

radiation becomes apparent for a four day cloud free period
in August 2003 at the Lake Geneva in situ measurement
(Figure 10). While the bulk temperature (upper graph, solid
line) increased about 1 K over three days, the daily LSWT
amplitude (including both MODIS flag 2 and AVHRR
MCSST data) grows as well as the difference between the
satellite derived LSWT measurements and bulk tempera-
ture. Insolation (Figure 10 (bottom), dashed line) was
present with about the same amplitude for each of those
4 days, whereas wind speed reached 5 m s�1 only on
1 August 2003. The bias between satellite and in situ data
was low during the first day and night. Later on, reduced
mixing of the surface layer with water body underneath due

Figure 8. Lake Mond: Scatterplots of satellite LSWT at P3 versus in situ bulk temperature
measurements (2002–2003) at P3 for NOAA 12, 15, 16, and 17. For each sensor, the (top) MCSST and
(bottom) NLSST for day and night are plotted. Data flagged with diamonds differ from the match-up
database by more than ±2 s (dotted line) and were considered as outliers and not incorporated into the
statistical analysis. The solid line represents the fitted linear relationship of the match-up database without
outliers; the dashed line indicates the 1:1 line.
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to wind stress occurred, resulting in a diurnal warming of
the decoupled surface layer.
[42] The difference between air temperature at 7 m and

the water bulk temperature at 1 m depth was plotted against
the difference of the AVHRR LSWT–bulk temperature
(Figure 9c). This difference might be another estimate for
the quality of the derived LSWT since it directly affects the
skin temperature. This behavior was observed by Yokoyama
et al. [1993] for Mutsu Bay. Positive bias in LSWT appear
to match with more negative air-bulk temperature differ-
ences and large negative errors appear with larger air-bulk
temperature differences. Daytime LSWT has a warm bias,
especially when the lake water is warmer than the overlay-
ing air mass. In this condition, a thin uniform low-level fog
layer can be built up because of the temperature gradient at
the water-air boundary, undetected by the cloud mask
scheme. A similar effect was also observed in the Gulf of
Mexico, North and Southeast Coast of the US, without
showing a trend over the air-sea temperature range [Li et al.,
2001].
[43] A significant influence of the smaller atmospheric

water vapor content over Alpine lakes and therefore a

possible overcorrection by the SST algorithms was not
found. None of the three indicators of brightness tempera-
ture differences, total water vapor content and view angle
could be related to the MCSST LSWT–in situ bias for all
three test sites (Figure 11). In all three scatterplots of
Figure 11, nighttime LSWT data (diamonds) do show in
general a cool bias due to the skin effect, whereas the
opposite is the case for the daytime data (crosses), indicat-
ing the decoupling of the diurnal layer with skin layer on
top. The general cool bias during nighttime (Figure 11) is
more pronounced since, compared to Figures 6–8, differ-
ences are plotted regardless of the absolute temperature
measurements.The results for the NLSST match-up data-
base are similar.
[44] The relation of the channel 4 minus channel 5

brightness temperature difference can be correlated to the
atmospheric absorption of the infrared radiation, as men-
tioned by Walton et al. [1998a]. On Figure 11a we can see
no correlation between the AVHRR LSWT minus bulk
temperatures over the entire range of the channel 4 and
channel 5 differences. We can therefore assume that the
algorithms used here retrieve the LSWT without interfer-
ence from the atmospheric transmittance. The somewhat
higher differences between channel 4 and channel 5 are
related for instance to high very thin cirrus clouds, which
are hard to detect by the cloud masking; pervasive, they
depress the individual channel measurements only slightly
but can increase the channel 4 minus 5 temperature signif-
icantly [Prabhakara et al., 1988]. The difference is higher
especially for daytime data, where the heating of the lake
surface tends to increase the difference between the two
thermal channels of the AVHRR. This occurs particularly at
moist atmospheric conditions, since radiance emitted from
water bodies in the channel 4 spectral range is absorbed less
by the atmospheric water vapor than radiance is emitted in
the channel 5. Consequently, the channel 4 temperature
responds more strongly to a change in surface temperature
than does channel 5 [Li et al., 2001].

Figure 9. Lake Geneva: Scatterplots of the MCSST
derived LSWT at P11 minus bulk temperature measure-
ments (2002–2003) at P1 versus local meteorological
parameters at the in situ station for NOAA 12, 15, 16,
and 17. (a) Shortwave net radiation binned wind speed.
(b) Wind speed binned to 0.5 m s�1; crosses mark the mean
value and the vertical bar the standard deviation. (c) Air
temperature at 7 m minus bulk water temperature, where
daytime data are denoted as crosses and nighttime data are
denoted as diamonds.

Figure 10. Impact of wind speed and shortwave net
radiation for Lake Geneva at Buchillion 1 to 4 August 2003.
(top) Bulk temperature at P1 (solid line) and diurnal
amplitude of the LSWT at P11 as derived by the different
sensors (AVHRR MCSST, MODIS flag 2). (bottom)
Shortwave net radiation (dashed line) and wind speed
(solid line) over the same period.
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[45] Furthermore, it could be proved that the performance
of the split window method used is independent of the water
vapor content of the atmosphere derived from the
corresponding grid cell of the limited area atmospheric
prediction model Local Model of the Consortium for
Small-Scale Modeling [Doms and Schättler, 2002; Schraff
and Hess, 2003] with the horizontal resolution of 7 km �
7 km (Figure 11b). Atmospheric path length of the infrared
signal could not be related to the bias (Figure 11c). The
NOAA/NESDIS SST coefficients are independent of the
satellite zenith angle over the whole range from 0–53�.

4.2. MODIS Results

[46] The performance of the MODIS SST products with
quality flag 1 (questionable) and 2 (probably cloud) were
tested for the Lake Geneva and the Lake Constance in situ
measurement. As for AVHRR, match-ups were derived for
the MODIS SST data where an in situ measurement within
30 min was available. The total MODIS SST match-up
database was of the size of 1068 (Lake Geneva: 576 Lake
Constance: 492). The number of match-ups flagged with
quality 0 (good) was less than 30 for all algorithms for Lake

Constance and most for Lake Geneva, so flag 0 data was
disregarded in this study.
[47] For Lake Mond, only flag 2 (probably cloudy)

nighttime data was available and therefore not taken into
account in this study. Scatterplots of the match-up database
for day and night passes for TERRA (EO-1) and AQUA
(EO-2) are shown in Figure 12 for Lake Geneva and
Figure 13 for Lake Constance.
[48] The validation results are dependent on the EO

platform algorithm, the quality flag and the lake. For

Figure 11. Scatterplots of the MCSST derived LSWT at
minus bulk temperature measurements (2002–2003) versus
parameters representing the atmospheric water vapor
content at the Lake Geneva, Constance, and Mond in situ
stations for NOAA 12, 15, 16, and 17. Daytime data are
denoted as crosses, and nighttime data are denoted as
diamonds. (a) Channel 4 minus channel 5 calibrated
brightness temperature. (b) Total water vapor content
according to the LocalModel output. (c) Satellite zenith
angle.

Figure 12. Lake Geneva: Scatterplots of MODIS SST at
P11 versus in situ bulk temperature measurements (2002–
2003) at P1 for EO-1 (TERRA) and EO-2 (AQUA). For
each sensor (top) flag 1 and (bottom) flag 2 data set for day
and night are plotted. The solid line represents the fitted
linear relationship of the match-up database; the dashed line
indicates the 1:1 line.
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Lake Constance in situ measurements, only a few numb-
ers of corresponding MODIS SST pixel were available.
For the TERRA day product with flag 1, only 18 match-
ups were found, for the AQUA product only 4. These
data points are plotted for the sake of completeness but
not taken into the account into the statistical analysis
following below.

[49] As summarized in Figures 12 and 13, daytime
MODIS SST flag 2 showed a bias ranging from 0.8–1.9 K
and a standard deviation from 0.6–1.1 K. TERRA generally
performs better than AQUA. During nighttime, for the
match-up data sets at points P11 and P22 of TERRA SST
(bias: -0.73–0.45 K, standard deviation: 0.6–1.5 K) is
better than during daytime while nocturnal AQUA SST
has a cold bias (bias: �2.27 to �0.11 K, standard deviation:
1.9–2.9 K). For nighttime AQUA SST cold outliers for
flag 1 and 2 are more frequent than for nighttime TERRA
SST or daytime AQUA SST. The outliers can be related to
undiscriminated cloud pixels which introduce a colder bias
into the nighttime AQUA SST match-up database. Night-
time cold bias is eliminated by daytime warm bias, so far for
AQUA an overall bias as low as 0.01 K and a standard
deviation of 1.51 K for flag 1 and 0.21 K/1.52 K for flag 2
can be found. A bias around 1.2 K during daytime and a
somewhat smaller cold bias at night can be expected, while
they are larger for AQUA derived data sets.
[50] The number of match-ups for MODIS was larger for

Lake Geneva than for Lake Constance. For Lake Geneva,
an offset similar to the AVHRR data was found for the
daytime data for both platforms and quality flags but not for
Lake Constance. For the MODIS daytime match-up data at
Lake Geneva, the same effects, such as surface layer
decoupling, seem to be present like in the AVHRR data.
For the match-up in the strait of Ueberlingen in Lake
Constance, the overheating of the surface during daytime
was not present. For the deep water location in Lake
Constance, the overheating of the surface during daytime
was not present. We assume that this particular effect is
removed by the stringent MODIS SST processing scheme
as discussed above. This results in the smaller match-up
database and an overall smaller offset and scatter for Lake
Constance compared to Lake Geneva data set (�0.23 K/
1.17 K versus 0.92 K/1.26 K).
[51] The most extreme outliers, assumed to be induced by

clouds, show cold biased satellite data. These are mainly
present in the night TERRA and AQUA flagged 2 (probably
cloudy) data for Lake Constance and to a smaller extent for
the Lake Geneva match-up set. For quality flag 1 data this
effect was partly visible in the night AQUA data.
[52] The statistics reveal no overall significant differences

between the two different flagged data sets: the overall
biases for flag 1 and 2 data are with 1.1 K/1.3 K (day) and
�0.5 K/�0.6 K (night) and standard deviation are 0.7 K/
0.9 K (day) and 1.7 K/1.8 K (night). The use of flag 2 data
would result in a larger match-up database: however, in this
study, the additional possible cloud contamination did not
significantly increase the errors. A significant difference in
the performance of the day and night algorithm was not
found; only the somewhat larger overall bias/scatter of the
nighttime date due to the nondiscriminated clouds was
found.
[53] Using probably cloud contaminated MODIS SST

flag 2 match-up data (flag 2) at Lake Geneva, we made
scatterplots to investigate the sources of errors (Figure 14).
The warm bias of the MODIS SST during daytime becomes
visible when plotted against the shortwave net radiation
(Figure 14 compared with Figure 10). The gain is similar to
the one found for the AVHRR data in Figure 9 but cold
outliers during night do contribute even more to the error

Figure 13. Lake Constance: Scatterplots of MODIS SST
at P22 versus in situ bulk temperature measurements
(2002–2003) at P2 for EO-1 (TERRA) and EO-2 (AQUA).
For each sensor (a) flag 1 and (b) flag 2 data set for day and
night are plotted. The solid line represents the fitted linear
relationship of the match-up database, and the dashed line
indicates the 1:1 line. The flag 1 day plots are shown for the
sake of completeness but disregarded in the overall
statistical analysis.
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(Figure 14a). An influence of wind stress is not visible in
the MODIS data. We assume that the more sophisticated
MODIS SST processing scheme removed such data. The
relation of the air-bulk temperature difference to the MODIS
SST–in situ bulk temperature was found to show the same
pattern as for the AVHRR data because of the same effects
(Figure 14c). Finally, as for the AVHRR, no dependence
from water vapor was found (Figure 14d).

5. Discussion

[54] Comparing all MODIS flag 2 and all AVHRR
MCSST derived LSWT yields a somewhat smaller bias
and scatter in the MODIS match-up data set. A drawback of

the TERRA/AQUA processing is the limited coverage of
the smaller lakes such as Lake Mond, due to the stringent
processing scheme. The relatively small amount of MODIS
flag 0 data in coastal and upwelling areas is a known
problem (http://modis-ocean.gsfc.nasa.gov/qual.html/terra/
knownprobs/knownprobs.V3.html). The use of lower-
quality data is recommended for these areas and, as shown
here, gives reasonable results. For the MODIS algorithm,
we observed at Lake Geneva and Lake Constance more cold
outliers during nighttime compared to daytime. This is
associated with a higher amount of possible cloud contam-
inated pixels. The differences of the AVHRR and in situ
data during daytime can be linked to the evolving diurnal
thermocline and decoupling of the surface layer.
[55] For Lake Geneva, MODIS flag 2 and the AVHRR

MCSST daytime match-up data set reveal a similar bias of
1.77 K (MODIS) and 1.36 K (AVHRR), while for the night
the MODIS data performed better with 0.1 K (AVHRR:
0.5 K). A bias of about 0.7 K (MODIS day) and �0.06 K
(AVHRR night) and about�1.2 K (night MODIS) and 1.3 K
(day AVHRR) was found for Lake Constance. The same
behavior was found for the scatter for both lakes, where the
minimum for both is around 0.9 K.
[56] The larger scatter in Lake Mond data is due to the

fact that since the lake is of small size AVHRR pixel
represent quite a heterogeneous area, whereupon for the
other lakes, the temperature within a pixel is more homo-
geneous. In addition, the satellite retrieved LSWT is the
average temperature within 1 km � 1 km, whereas the in
situ measurements are points.
[57] Because of the nearshore location of both in situ

measurements at Lake Mond and Lake Geneva, the number
of data sets in the AVHRR match-up database are smaller
than for Lake Constance. For the MODIS match-up, Lake
Geneva outnumbered Lake Constance. No impact on the
results was found concerning the different sampling rates
and technical configurations of the moorings. Moreover, the
different land mask in combination with the corresponding
processing scheme determines the number of match-ups.
[58] For both sensor platforms and all corresponding

algorithms, no trend related to water vapor was found and
their constancy over a wide range of possible atmospheric
water amounts demonstrated. All lakes are about 400 meter
above sea level and since the split window coefficients for
the different algorithms were derived at sea level, a warm
bias would be expected because of overcorrection of the
water vapor signal in the atmosphere. This problem could
not be discriminated in this study since influence of solar
insolation and wind speed (at least for the AVHRR data set)
introduce larger errors. For daytime data at higher LSWT, a
warm bias in the AVHRR data was found, which we relate
more to other effects like decoupling of the surface layer
(Figure 10), than to an overcorrection by the split window
algorithm. At low LSWT night data, a cold bias can be
expected not only for Lake Mond data. The evolution and
amplitude of the diurnal LSWT variation becomes evident
with the up to ten satellite passes a day available for this
study (Figure 10). The MODIS product seems to be less
susceptible to a pronounced temperature amplitude, since
the processing scheme omits extreme variations. Finally, the
surface renewal time as a function of wind speed controls
the mixing of the upper stratum and therefore the difference

Figure 14. Lake Geneva: Scatterplots of the MODIS flag 2
derived LSWT at P11 minus bulk temperature measure-
ments (2002–2003) at P1 versus local meteorological
parameters at the in situ station for EO-1 (TERRA) and
EO-2 (AQUA). (a) Shortwave net radiation. (b) Wind speed
binned to 0.5 m s�1; crosses mark the mean value and the
vertical bar the standard deviation. (c) Air-bulk temperature,
where daytime data are denoted as diamonds and nighttime
data are denoted as crosses. (d) Total water vapor content
according to the LocalModel output.
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between bulk and LSWT. At low wind speed situations, as
they often occur over alpine lakes, we have to expect a
larger difference.

6. Conclusion

[59] In this study, we ascertain the capability and limi-
tations of the various AVHRR and the two MODIS sensors
to derive LSWT for three lakes with an areal extent ranging
from 584 km2 to less than 14 km2, covering a time period of
2 years. The LSWT validation revealed that for AVHRR,
the MCSST algorithm is more accurate than the nonlinear
approach. This is could be expected, since the NLSST was
originally introduced to improve results in regions of high
water vapor. In general, daylight LSWT temperatures,
especially in summer, tend to have a warmer bias compared
to the in situ data. Whereas at night we observed a smaller
bias which becomes a cold bias at lower LSWTs especially
in the case of Lake Mond. For the NOAA operated
satellites, NOAA 16 MCSST night passes of Lake Geneva
give the best results (bias, 0.18 K and standard deviation,
0.73 K). The different accuracy results for the various
satellites with comparable sensors can be related to sensor
noise, except for the larger offset of NOAA 12: the MCSST/
NLSST coefficients cannot be considered operational and
might be out of date. The good results of the non opera-
tional NOAA 15 could be considered rather fortuitous; there
is even some potential to improve results for this sensor,
using more recent coefficients. For the MODIS product,
best results were found for TERRA nighttime data (bias,
�0.08 K and standard deviation, 0.92 K). We suggest to use
flag 2 data, since it includes most of the lake pixels, even if
they are probably cloud contaminated.
[60] Comparing the Lake Geneva and Lake Constance

data set of MODIS flag 2 and AVHRR MCSST similar
scatter was found, ranging from 0.9 to 1.6 K. The bias for
MODIS was within the range of �1.73–1.9 K, whereas for
AVHRR �0.28–1.5 K. This is about 0.6 K higher than the
results by Li et al. [2001] for the Great Lakes using the
AVHRR.
[61] Lake Mond with the size of 15 km2 is not covered by

any MODIS data set with a useful amount of data points.
Using AVHRR, we have to deal with a higher bias and
scatter compared to the other lakes.
[62] Since for nighttime data the effect of the diurnal

thermocline/decoupling of the top surface water is small,
such data gives more reliable results than daytime AVHRR
imagery.
[63] The consistent agreement of the proposed LSWT

retrieval scheme with different data sets well established
among the limnological community proves for the first time
the applicability of LSWT for lake studies. Concerning the
findings shown in this study, AVHRR becomes a powerful
tool for building up a lake climatology with its more than
20 years of coverage. Although larger errors are found
compared to open ocean retrievals, both MODIS and
AVHRR are well suited for near-realtime thermal lake
monitoring, or for assimilation into high-resolution numer-
ical weather prediction models. The spatial and temporal
coverage accounts for the lower absolute accuracy.
[64] A novelty shown in this study is the observation of

the diurnal lake water surface temperature amplitude by the

different sensors. For the first time, advantage has been
taken of the current orbital configuration of the NOAA
operated and MODIS platforms for the description of this
process. It could be clearly shown that the radiometrically
measured surface water temperature can be significantly
more strongly influenced by the prevailing regime than
by the underlying bulk temperature. The damped mixing
found for a typical calm day with clear sky regime is
different from open ocean conditions. These findings have
potentially interesting implication for the future of remote
sensing of water surface temperatures in lakes and open
ocean.
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