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ECV Lake Ice Cover
Measurement uncertainty 10%
Stability 1% per decade
Spatial resolution 300 m
Temporal resolution Daily

ECV Lake Ice Thickness
Measurement uncertainty 1-2 cm
Stability N/A
Spatial resolution 100 m
Temporal resolution Monthly

Lake Ice Cover and Lake Ice Thickness: 
GCOS Requirements

GCOS-200, 2016. The Global Observing System for Climate: Implementation Needs.



Lake Ice Cover and Lake Ice Thickness: 
Climate Community Requirements
Parameter Application Horizontal 

Resolution
Observing 

Cycle
Precision Accuracy Stability

Lake Ice Cover Trend 
monitoring

200 m Weekly 10% 10% 1%/decade

Seasonal / 
decadal 
forecasting

10 / 25 km Daily 10% 10% 1%/decade

Reanalyses 10 / 25 km Daily 10% 10% 1%/decade
Lake Ice 
Thickness

Trend 
monitoring

< 200 m Weekly 5 cm 5 cm

Seasonal / 
decadal 
forecasting

10 / 25 km Weekly

10 cm 10 cm

Reanalyses 10 / 25 km Daily 10 cm 10 cm

Table adapted from: CMUG CCI+, 2020. Deliverable 1.1: Climate Community Requirements, v2.2, 9 November 2020. 



Passive Microwave 
Retrieval of Lake Ice 
Cover (LIC)
• Focus has been on the development of 

retrieval algorithms for the determination of 
dates associated with ice phenology rather 
than LIC (extent or concentration)

• Frequencies: ~19 and ~37 GHz

• Polarization: H

• Algorithms: threshold-based tracking 
evolution of brightness temperature (TB) 
over time and moving t test method

• Variables: freeze onset/ice-on/complete 
freeze over; melt onset/ice-off/water clear of 
ice; ice cover duration



Source: Kang, K-K., C. R. Duguay, and S. E. L. Howell, 2012. Estimating ice phenology on large northern lakes from AMSR-E: Algorithm development and 
application to Great Bear Lake and Great Slave Lake, Canada. The Cryosphere, 6: 235-254.

Lake Ice Cover (LIC)
- AMSR-E 18.7 GHz H-pol 
- 10-km grid
- Threshold-based algorithm tracking 

evolution of TB over time

244 K.-K. Kang et al.: Estimating ice phenology on large northern lakes from AMSR-E

Fig. 5. Melt-onset (MO), ice-off, melt-duration, and ice-cover-duration (ICD) on average (2002–2009) for GBL (left panel) and GSL (right
panel). Legend is day of year.

The Cryosphere, 6, 235–254, 2012 www.the-cryosphere.net/6/235/2012/

Ice cover duration (ICD) (average 2002-2009) for Great Bear Lake (left) 
and Great Slave Lake (right). Confidence regions drawn with an outer 
buffer zone of 10 km to exclude land contamination (red areas).



Lake Ice Cover (LIC)
- AMSR-E/2 36.5 GHz H-pol 
- 5-km grid
- Moving t test method

Maps showing trends for 71 lakes 
Ice cover duration (left)
Water clear of ice (centre)
Complete freeze over (right)

Source: Du, J., J. S. Kimball, C.R. Duguay, Y. Kim, and J. Watts, 2017. Satellite microwave assessment of Northern Hemisphere lake ice phenology from 2002 to 
2015. The Cryosphere, 11: 47–63.

58 J. Du et al.: Satellite microwave assessment of Northern Hemisphere lake ice phenology

Figure 5. Changing trends of (a) ice cover duration (ICDe), (b) wa-
ter clear of ice (WCI) dates, and (c) complete freeze over (CFO)
dates of 71 lakes for the period 2002–2015. Lake changing trends
are shown by bar symbols whose heights are proportional to the
trend magnitudes; the significant trend lakes are marked by yellow
stars, while purple triangles denote lakes where no trend was de-
tected (rate of change is ⇠ 0.0 day year�1).

98.7 %. Differences between the LIP and GLRIPD results
can be attributed to several factors. First, each database has
a different definition of lake ice conditions; lake ice cover-
age determined by satellite microwave sensors is dependent
on ice thickness, which may vary from the ice detection ap-
proach used by on-site observers or observed from optical
sensors. According to the literature (Hall et al., 1981), lake
ice thickness and Tb are linearly related for multiple frequen-
cies (from 5 to 37 GHz). The reported maximum microwave
penetration depths of fresh lake ice at 37 GHz range from
0.70 to 1.4 m, depending on ice temperatures (Chang et al.,
1997; Surdyk, 2002; Kang et al., 2014). This implies that
the formation of thin ice, resulting in relatively small Tb in-
creases, may not be detectable using the defined Tb thresh-
olds in the LIP algorithm. Differences between the LIP and
GLRIPD results may also reflect spatial inconsistencies in
lake observation area between the ground-based lakeshore
observations and the coarser satellite footprint. Thus, the lake
area observed on-site may not completely overlap with the
AMSR-E/2 lake pixel used for the LIP classification. The
GLRIPD also does not provide explicit descriptions of lake
ice status for the period between the first date when the water
body was completely ice covered and the date when the last
ice breakup occurred; thus, short-term events such as tem-
porary ice melting or formation may not be recorded in the
GLRIPD. For example, though identified as ice covered in
the GLRIPD, Lake Oulujarvi was more likely to have thawed
on 9 January 2007 since the low Tb (178.7 K) observation is
more characteristic of open water emissions (Fig. 2b). The
satellite Tb observations at 36.5 GHz are also affected by
other factors than surface freeze-up/breakup transitions, in-
cluding changes in atmosphere water vapor and cloud liquid
water (e.g., Sect. 2.2). For example, the LIP detected ice-
on conditions for Lake Haukivesi Finland in mid-summer
(30 July 2004) (Fig. 2c), which is likely incorrect and may
be due to increased atmosphere water vapor concentrations
under warm summer conditions, resulting in a large Tb in-
crease similar to a seasonal freeze-up event.

In the lake-based comparisons for the 12 lakes examined,
including GSL and GBL, the LIP results show strong cor-
respondence with the CIS product for both CFO and WCI
dates and similar high correlations with the IMS results for
WCI dates; however, the LIP WCI (CFO) dates differ by ap-
proximately 7 (6) days from the CIS and 2 (1) days from the
IMS. These differences are attributed to the different sensor
spatial/temporal resolutions and retrieval methods associated
with the different products. As described in Sect. 2.1.3, the
CIS product is derived for individual lakes from visual inter-
pretation of imagery from optical and SAR sensors and has
a ±1-week accuracy due to the weekly product reporting.
Both CIS and IMS products rely partially on observations
from optical sensors such as AVHRR and their accuracy is
influenced by adverse weather conditions, including the pres-
ence of cloud cover. IMS-derived lake ice products have been
widely used in monitoring global climate change (Duguay et

The Cryosphere, 11, 47–63, 2017 www.the-cryosphere.net/11/47/2017/
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Retrieval of Lake Ice 
Thickness (LIT)

• Frequency: ~19 GHz

• Polarization: V

• Algorithms: empirical equations 
established from relation between TB and 
simulated LIT from 1-D thermodynamic 
ice model

• Variable: lake ice thickness



Source: Kang, K.-K., C.R. Duguay, S.E. Howell, C.P. Derksen, and R.E.J. Kelly, 2010. Sensitivity of AMSR-E brightness temperatures to the seasonal evolution of 
lake ice thickness. IEEE Geoscience and Remote Sensing Letters, 7(4): 751-755.

Lake Ice Thickness (LIT)
- AMSR-E 6.9, 10.7 and 18.7 GHz H/V-pol
- Best relation between LIT and TB at 18.7 

GHz V-pol

754 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 7, NO. 4, OCTOBER 2010

TABLE II
COEFFICIENT OF DETERMINATION (R2) AND REGRESSION SLOPE OF RELATION BETWEEN TB AND ICE THICKNESS FOR COLD WINTER (2003–2004),

WARM WINTER (2005–2006), AND AVERAGE CONDITIONS (2002–2007) FOR SAMPLING FOOTPRINTS AT GBL_D (DELINE), GSL_Y
(YELLOWKNIFE), AND GSL_H (HAY RIVER). REGRESSION SLOPES (IN KELVINS PER CENTIMETER) ARE IN BRACKETS

Fig. 3. Boxplots of R2 values between simulated ice thickness (with 40-m
mixing depth and 25% snow cover scenario) and brightness temperature at
6.9, 10.7, and 18.7 GHz from the sampled AMSR-E footprints shown in Fig. 1
(averaged over five winter seasons, 2002–2007), showing the (center lines) me-
dian, the (boxes) first- and third-quartile ranges, and the (whiskers) maximum
and minimum limits.

The R2 values are slightly higher at vertical polarization for
the 18.7-GHz frequency and at horizontal polarization for the
10.7-GHz frequency. Contrary to the results obtained by
Hall et al. in 1981 with airborne measurements, the relation be-
tween TB and ice thickness is weaker, although still significant
(p < 0.05), at a lower frequency (6.9 GHz).

Two factors may explain this discrepancy. First, the footprint
at 6.9 GHz (75 km ! 43 km) is larger than that at 10.7 GHz
and even more than that at 18.7 GHz (27 km ! 16 km), hence
encompassing a larger area on GBL and GSL. The lake ice
model provides a single value of ice thickness over the large
footprint on any day, while the TB values from AMSR-E are
influenced by the spatial variability in ice thickness, which is
known to vary across lakes. Therefore, the larger footprint at
6.9 GHz may include a greater range of ice thicknesses than that
given by the ice model. A second factor that may also explain
the lower R2 values at 6.9 GHz is that the footprints of the
three sites may somewhat be influenced by land contamination,
although every effort was made to exclude such an effect.
Nonetheless, the strong relations found at 10.7 and 18.7 GHz
are very promising for future investigations on the estimation
of lake ice thickness from AMSR-E.

Fig. 4. Linear regression plots between simulated lake ice thickness and
brightness temperature at 6.9, 10.7, and 18.7 GHz for GBL_D (Deline), GSL_Y
(Yellowknife), and GSL_H (Hay River) for a cold winter (2003–2004) and a
warm winter (2005–2006). The values (n) in parentheses indicate the number
of paired ice thickness and TB observations.

2) Cold Winter (2003–2004) Versus Warm Winter (2005–
2006): Although a strong relation was found to exist between
TB and ice thickness when the data from all sites and years are
grouped together, it is also worth examining how this relation
differs, if at all, when comparing a cold winter with a warm
winter. Table II and Fig. 4 reveal that the interannual variability
of climate affects ice growth and, thus, both the strength of the
relation between TB and ice thickness and, to a lesser extent,
the slope of the relation between the two variables. Three
specific observations can be drawn from Table II regarding the
R2 values. First, the strength of the relation is weaker (i.e.,
smaller R2 values) for the warmer winter compared to the
colder winter. This is particularly evident with the January 2004
and January 2006 temperatures at the GSL sites (Table I), where

Relation between ice thickness derived from lake ice model and 
TB (five winter seasons, 2002–2007)



Source: Kang, K.-K., C. R. Duguay, J. Lemmetyinen, and Y. Gel, 2014. Estimation of ice thickness on large northern lakes from AMSR-E brightness temperature 
measurements. Remote Sensing of Environment, 150: 1-19.

Lake Ice Thickness (LIT)
- AMSR-E 18.7 GHz V-pol 
- 10-km grid
- Empirical equations
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that combines GBL and GSL into a single equation (ICTGlobal) and one
for each GBL (ICTGBL) and GSL (ICTGSL):

ICTGlobal ! 3:25" TB–680:262 #9$

ICTGBL ! 3:53" TB–737:929 #10$

ICTGSL ! 2:83" TB–586:305: #11$

Eqs. (9)–(11) (signi!cance at p b 0.05)were developed by averaging
TB values of the same Julian day for the seven ice seasons (lower panels
of Fig. 9), thereby reducing the oscillatory behavior of brightness tem-
peratures observed in each individual year due to air temperature vari-
ability (upper panels of Fig. 9), and averaging TB value reduces the
variance in estimated ice thickness (lower panels of Fig. 9). The reason
for having three separate equations is due to the fact that the slope of
the relation between TB and simulated ice thickness with CLIMo is dif-
ferent for GBL than for GSL due to differences in regional weather (the
middle and right lower panels of Fig. 9). Combining data from both
lakes (ICTGlobal) results in a slope of 3.25 cm per Kelvin. Eq. (9) may
therefore be more applicable for a !rst prediction of ice thickness on
other large lakes found at high latitudes where no previous equations
have been developed, while Eqs. (10) and (11) present a re!nement
for the speci!c lakes.

Fig. 10 presents a comparison between ice thickness predicted
with the global (top panel) and regional (lower panel) regression
equations and in situ measurements from a limited number of sites
and years (described earlier in Section 3.1.3). Results from the appli-
cation of regional equations to GBL and GSL show slightly better
estimates (RMSE = 17.21 cm, MBE = 1.44 cm, and dr = 0.70) as ex-
pected, than using the global equation (RMSE = 18.94 cm, MBE =
5.67 cm, and dr = 0.68). In both cases the equations over-predict ice
thicknesses, although the issue of AMSR-E footprint size versus
limited-area in situ sampling must be kept in mind when interpreting
these results.

Since in situmeasurements of ice thickness are limited for the period
of study (n= 93), a second veri!cation of the performance of the linear
regression equations was performed where AMSR-E TB measurements
on all dates over the seven ice seasons (2002–2009) from the three
sampling footprints on GBL and GSL were randomly selected 7 times
with 70% training pixels to develop predictive equations of ice thickness
from TB (7 equations for each of GBL_D, GSL_Y and GSL_H, not shown)
and the remaining 30% of pixels used for evaluation (see details in
Section 3.3). This was also veri!ed using the out-of-sample approach
where six years of TB measurements were used to develop the predic-
tive equations (seven equations for each of GBL_D, GSL_Y and GSL_H,
not shown) and the seventh year used for evaluation (repeated seven
times by changing the out-of-sample year from Year 1 to Year 7). Re-
sults from this evaluation are reported in Table 4 as the median
values of the statistics calculated from the 7 random selections of
70% training/30% validation (top portion of table) and seventh out-
of-sample year strategy (bottom portion of table) for GBL_D, GSL-Y,
and GSL_H. The index of agreement (dr) indicates that the linear re-
gression equations perform very well at predicting ice thickness on
both GBL and GSL with dr = 0.41–0.53 (70%/30% strategy) and dr =
0.69–0.79 (out-of-sample strategy). The MBE (!0.37–3.90 cm) and
RMSE (15.55–17.27 cm) values are slightly larger for predictions using
the 70% training/30% validation approach. A better performance is
achieved with ice thickness predictions from out-of-sample years
(MBE: 1.04–2.63 cm, RMSE: 12.68–17.21 cm). The above results justify
the use of simple linear regression equations for mapping ice thickness
on GBL and GSL.

Fig. 11 presents the constructed 95% upper/lower prediction bounds
along with the estimated (regression !tted) and proxies for true ice

thickness in 70%/30% cross validation and out-of-sample prediction
(6 years/7th year) cross-validation. There exist some deviations be-
tween the !tted and proxy ice thickness, which is likely due to somede-
terministic errors or bias, and the proxy for true ice thickness typically
falls within the constructed Prediction Intervals for almost all ranges
of brightness temperatures in all three spatial locations. The out-of-
sample predictions in lower brightness temperatures are outside of
the upper 95% bound. Therefore, we can conclude that the ice thickness

Fig. 10. Comparison between estimated ice thicknesses from linear regression equations
applied to AMSR-E 18.7 GHz V-pol TB and in-situ measurements for Great Bear Lake
(!ve measurements in 2007, in red) and Great Slave Lake (Back Bay, 2002–2009, in
black). The top panel shows results using the global equation (GBL and GSL combined)
and the lower panel using two regional equations (GBL and GSL separately).

Table 4
Comparison of ice thickness from regression-based on 18.7 GHz V-pol TB and independent
estimates from CLIMo for GBL_D, GSL_Y, and GSL_H sites (2002–2009). The upper section
of the table presents average statistical indices calculated from training/validation (70%/
30%) while the lower section shows those from out-of-sample prediction (6 years/7th
year).

GBL_D GSL_Y GSL_H

18.7V 18.7V 18.7V

TB 70%/30%
RMSE (m) 17.27 15.55 15.95
MBE (m) !0.37 3.90 1.74
dr 0.53 0.53 0.41

6 years/7th
RMSE (m) 17.21 12.68 15.77
MBE (m) 1.54 1.04 2.63
dr 0.74 0.79 0.69

14 K.-K. Kang et al. / Remote Sensing of Environment 150 (2014) 1–19
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Using paired daily AMSR-E TB measurements and simulated ice
thickness obtained with CLIMo for three sampling sites, simple linear
regression-based ice thickness prediction equations were developed
with the purpose of producing monthly lake ice thickness maps be-
tween ice-on andmelt-onset dates. Overall, the estimated lake ice thick-
nesswas found to be thicker by 5–10 cmonGBL compared to GSL. Since
the general ice growth rate on GSL is slower than on GBL, due to the in-
!uences of meteorological controls (mostly air temperature), regional
equations were proposed that are speci"c to the two lakes. These equa-
tions provide slightly better estimates of ice thickness compared to the
global equation when compared against in situ measurements.

Ice thickness mapped on a monthly basis from January to April re-
vealed that, in addition to air temperature, lake depth and snow cover
on ice are likely two other key variables that in!uence ice growth rates

on different sections of GBL and GSL. Monthly estimates of ice thickness
determined for all ice seasons between 2002 and 2009 showed that
colder winter seasons (e.g. 2003–2004) display, as expected, higher ice
thickness than warmer winter seasons (e.g. 2005–2006). For ice season
2005–2006, in particular, the warmer fall conditions resulted in later
freeze-up (Kang et al., 2012), thus delaying ice growth in both lakes com-
pared to other ice seasons.

In conclusion, the AMSR-E ice thickness retrieval equations devel-
oped in this study offer the advantage over traditional in situ measure-
ments and 1-D ice model in that they can be applied to estimate ice
thickness at the pixel level on large northern lakes. This allows for the
analysis of intra-seasonal and inter-annual variability of ice thickness
on such lakes in response to weather conditions in different years. The
global and regional ice thickness regression equations proposed should

Fig. 13. Monthly AMSR-E-derived ice thickness maps (January to April) on average for Great Slave Lake using the global equation (left panels) and using the regional equation (right
panels). The legend is cm.
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What is the impact of varied ice 
and overlying snow properties on 
retrievals, particularly LIT?

Clear ice / grey ice with 
small bubbles

Clear ice with large 
bubble

Snow on ice

Slushing / snow ice

Snow ice

Clear ice

Ice with low and no snow

Pressure ridge
(2 m high, several km long)

Roughness at ice-water 
interface



Two ongoing studies on the use of data from 
altimetry missions (active and passive microwave)

• LIAM Project (Lake Ice from Altimetry Missions)
• Examination of the sensitivity of backscatter and TB measurements to LIT of 

varied ice and overlying snow properties, which are sources of uncertainty in 
retrievals

• Comparison between forward simulations and satellite observations
• 12 months (June 2020-June 2021)

• CCI+ Lakes (LIT option)
• Retrieval of LIT from waveforms and synergy backscatter/TB measurements
• 16 months (December 2020-April 2022)



Sensitivity of TB to LIT of varied ice and overlying snow 
properties: Forward simulations CLIMo ---> SMRT

• Emphasis on 18-37 GHz range 
for various scenarios of ice (snow 
ice, bubbles, roughness at ice-
water interface) and overlying 
snow (depth, density, wetness) 
properties using the combination 
of a one-dimensional 
thermodynamic lake ice model 
(CLIMo) and the Snow 
Microwave Radiative Transfer 
(SMRT) model

CLIMo: Duguay, C.R., G.M. Flato, M.O. Jeffries, P. Ménard, K. Morris, and W.R. Rouse, 2003.  Ice cover variability on shallow lakes at high latitudes: 
Model simulations and observations. Hydrological Processes, 17(17): 3465-3483.

SMRT: Picard, G., Sandells, M., Löwe, H., 2018. SMRT: An active-passive microwave radiative transfer model for snow with multiple microstructure and 
scattering formulations (v1.0). Geoscientific Model Development, 11: 2763–2788.



Forward simulations of TB at nadir and 55.5 deg. (V-pol)
Clear Ice Snow ice and clear ice • Simulations 

at a location 
on Great 
Slave Lake

• Snow ice 
thickness 
set at 10% 
of the total 
ice column

• 18.7 GHZ 
V-pol best 
choice for 
retrieval of 
LIT

Altimetry (nadir)               Altimetry (nadir)               CIMR (55.5o)               CIMR (55.5o)               
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• CIMR will permit generation of global 
LIC/LIT products at ≤ 5 km

• CIMR alone or in synergy with other 
satellite missions (e.g. Sentinel-3, 
CRISTAL) will help meet several of 
the requirements from GCOS and 
the climate community (CCI+ CMUG)

• Activities on LIC/LIT retrieval 
algorithms and prototype products, 
including uncertainty 
characterization, are needed in 
preparation for CIMR

LIT LIC

CIMR’s Contribution to Lake 
Ice Cover and Lake Ice 

Thickness



Thank you 
for your 
attention!

Contact: Claude Duguay
crduguay@uwaterloo.ca


