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More than one-third of Earth’s landmass is drained by rivers that seasonally freeze 
over. Ice transforms the hydrologic1,2, ecologic3,4, climatic5 and socio-economic6–8 
functions of river corridors. Although river ice extent has been shown to be declining 
in many regions of the world1, the seasonality, historical change and predicted future 
changes in river ice extent and duration have not yet been quantified globally. 
Previous studies of river ice, which suggested that declines in extent and duration 
could be attributed to warming temperatures9,10, were based on data from sparse 
locations. Furthermore, existing projections of future ice extent are based solely on 
the location of the 0-°C isotherm11. Here, using satellite observations, we show that 
the global extent of river ice is declining, and we project a mean decrease in seasonal 
ice duration of 6.10 ± 0.08 days per 1-°C increase in global mean surface air 
temperature. We tracked the extent of river ice using over 400,000 clear-sky Landsat 
images spanning 1984–2018 and observed a mean decline of 2.5 percentage points 
globally in the past three decades. To project future changes in river ice extent, we 
developed an observationally calibrated and validated model, based on temperature 
and season, which reduced the mean bias by 87 per cent compared with the 0-degree-
Celsius isotherm approach. We applied this model to future climate projections for 
2080–2100: compared with 2009–2029, the average river ice duration declines by 
16.7 days under Representative Concentration Pathway (RCP) 8.5, whereas under RCP 
4.5 it declines on average by 7.3 days. Our results show that, globally, river ice is 
measurably declining and will continue to decline linearly with projected increases in 
surface air temperature towards the end of this century.

River ice, which is widespread at middle to high latitudes and eleva-
tions12,13, regulates many aspects of river functions. For example, river 
ice contributes to the seasonal ice road network, which serves remote 
Arctic communities14. During the spring melt, ice-jam floods cost about 
US$300 million in 2017 in North America alone7. Although disruptive to 
humans, ice-jam flooding has an ecologically beneficial role, distribut-
ing fresh water, sediments and nutrients to riparian ecosystems4. River 
ice is also thought to regulate greenhouse gas emissions from rivers 
to the atmosphere by seasonally blocking an estimated 87,000 km2 
of stream surface5.

Despite the wide-ranging importance of river ice, knowledge of 
its global extent and change is extremely limited. Three studies have 
investigated historical river ice extent in the Northern Hemisphere: 
the first15 estimated changes in river ice phenology from 1979 to 2009 
with a physically based model; the second12 estimated that 56% of rivers 
were affected by ice cover, using the 0-°C surface air temperature (SAT) 
isotherm as a proxy for river ice; and the third study10 found consistent 
trends of later surface water freeze-up (5.7 days later per 100 years) and 
earlier break-up (6.3 days earlier per 100 years) based on long-term 
records of ice occurrence from 5 rivers and 21 lakes. Various rates of 
changes have been observed from local to regional records1,9,16,17, but 
extrapolating these observations globally is challenging because of 
poor spatial coverage and, more importantly, the spatially heteroge-
neous nature of ice dynamics revealed by evaluations of ice break-up 

dates along river profiles18,19. Moreover, trends from in situ observations 
are inconsistent owing to differences in the definitions of phenologi-
cal dates, changes in instrumentation and the selection of study sites 
and analysis periods9. Of the few studies that have predicted future 
changes in river ice extent, most have been based on simple ice–SAT 
relationships derived from in situ records and conducted at regional 
scales11,20. To accurately project future changes in river ice extent at 
the global scale, a robust and comprehensive understanding of the 
relationship between climate and ice extent is required21.

In this study, we present a global, multitemporal river ice extent 
dataset, based on 407,880 satellite images from 34 years of observa-
tions from the Landsat 5–8 missions (1984–2018). Analysis reveals 
patterns of change in global river ice cover and enables the develop-
ment and validation of a simple, yet highly predictive, empirical model 
of river ice extent. Applying the model to future climate projections, 
we forecast end-of-century changes in the global extent and seasonal 
duration of river ice cover.

To construct a global multitemporal river ice extent dataset, we first 
identified 7.5 million river centreline locations observable by Landsat 
with a width ≥90 m and a water occurrence ≥90% (refs. 22,23), largely cor-
responding to rivers with stream order ≥3 (ref. 24). To calculate river ice 
extent, we then extracted snow/ice conditions from the quality band of 
Landsat images on the Google Earth Engine25 platform. Snow/ice in the 
quality band was classified by the US Geological Survey using the Fmask 

https://doi.org/10.1038/s41586-019-1848-1

Received: 31 December 2018

Accepted: 16 October 2019

Published online: 1 January 2020

1Department of Geological Sciences, University of North Carolina at Chapel Hill, Chapel Hill, NC, USA. 2Department of Geography, Texas A&M University, College Station, TX, USA.  
*e-mail: yangxiao@live.unc.edu

https://doi.org/10.1038/s41586-019-1848-1
mailto:yangxiao@live.unc.edu


lowest latitudes in continental regions with high topographies, such 
as the Rocky Mountains in North America and the Tibetan Plateau in 
Asia. Conversely, less ice was detected over relatively high latitudes in  
Western Europe and the Pacific Northwest of the United States, prob-
ably because of the influence of nearby ice-free oceans.

Comparing observed river ice cover between 2008–2018 and 
1984–1994, we detected a monthly global decline ranging from 0.3 to 
4.3 percentage points (Fig. 1b; note that the percentage point change 
and the percentage change are different—that is, moving from 10% 
to 7.5% would be a 2.5 percentage point change, but a 25% change). 
The magnitude of decline was lower during July–September, when 
river ice is least prevalent. The majority of the changes in the northern 
mid- to high latitudes are towards less river ice cover, with the greatest 
declines around the Tibetan Plateau, eastern Europe and Alaska. The 
monthly river ice change was calculated wherever data were available 
for both decades (see Extended Data Figs. 1, 2), accounting for 47–75% 
of the global rivers successfully observed by Landsat, depending on 
the month.

The observed decline in river ice is likely to continue with predicted 
global warming. By matching the river ice extent dataset with a 30-day 
prior mean SAT from the ERA5 climate reanalysis dataset28, we dem-
onstrate that river ice extent can be accurately represented, based on 
temperature and season, by a logistic regression model (Fig. 2a; root-
mean-square error, RMSE: 13.8 percentage points; mean bias (MBS), 
0.6 percentage points). Within the critical temperature range (−10 °C to 
10 °C) for ice–water transition, our model reduced the RMSE by 30% and 
MBS by 87% compared with the 0-°C-isotherm model (Fig. 2b). Using 
this model, we also found that, as suggested by a previous regional 
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Fig. 1 | Extent of river ice from 1984 to 2018. a, Map of mean river ice extent (in 
terms of ice-covered length percentage) for the winter season—boreal winter 
(December, January and February) for the Northern Hemisphere and austral 
winter (June, July and August) for the Southern Hemisphere. The bar plot shows 
the monthly percentage of ice-covered rivers globally. The percentage of 
studied rivers observed successfully by Landsat is shown in parentheses.  

algorithm26, which labels each pixel as clear, water, cloud, cloud shadow 
or snow/ice. To reduce the volume of data, we aggregated pixel-level 
snow/ice conditions into the percentage of total river length covered 
by ice, or river ice extent, for each Landsat image. To our knowledge, 
the result constitutes the first global multitemporal quantification of 
river ice extent.

The main source of uncertainty in the river ice extent dataset comes 
from the classification error of snow/ice in Fmask. Although the spec-
tral method for classifying snow/ice was adapted from other optical 
sensors that have been validated27, the snow/ice classification in Fmask 
has not previously been systematically evaluated for Landsat images. 
By comparing Fmask-derived river ice extent to in situ river ice records 
in Alaska (from the US National Weather Service) and Canada (from 
the Water Survey of Canada), we estimated the overall accuracy of 
the Fmask-derived river ice extent to be 0.94 (P ≤ 0.001; see details 
in Methods).

Using the global river ice extent dataset, we calculated large-
scale river ice coverage and estimated its recent changes. Globally, 
we esti-mated a maximum ice extent of 56% for the 94% of rivers 
that were successfully observed in March (Fig. 1a). The distribution 
of river ice was strongly asymmetric between hemispheres. In the 
Northern Hemi-sphere, where other studies have estimated the 
maximum extent of river ice, we found that 66% of the observed 
river length in March was ice-covered, about 18% higher than 
previous estimates12 (note that 4% of the targeted rivers were not 
successfully observed in March owing to insufficient data). In the 
Southern Hemisphere, river ice was detected only in New Zealand, 
the southern tip of the Andes in South America and the 
southernmost part of Australia. River ice was found at the 

b, Map of changing river ice conditions between 1984–1994 and 2008–2018. 
Changes were calculated at a 5° × 5° tile scale instead of at the Landsat tile scale 
used in a to increase data availability. The bar plot shows the monthly river ice 
change with the percentage of studied rivers successfully observed by Landsat 
in parentheses. In both maps, the black area denotes either insufficient data or 
a lack of Landsat-observable rivers.



correlation analysis29, SAT is a stronger control during break-up than 
during freeze-up.

Applying this river ice model to future SAT data for the end of the 
century (2080–2100) from the CESM climate model (under RCP 8.5)30, 
we found that, compared with a 2009–2029 reference period (chosen 
to centre around the present year), monthly declines in global river 
ice extent ranged from 9 to 66% (0.4–9.3 percentage points) (Fig. 3 
shows the changes for the Northern Hemisphere). We found a simi-
lar pattern for RCP 4.5, with a smaller magnitude of change (globally 
0.2–3.2 percentage points, corresponding to a 4–35% decline, Extended 
Data Figs. 3, 4).

We divided the global landmass into zones defined by ice duration: 
ice-free (duration < 5 days), intermittent (5 days ≤ duration < 15 days), 
0.5–3 months, 3–6 months and >6 months (Fig. 4a). We found substan-
tial areal decline for regions with ice duration of >6 months and a gen-
eral shift of zones with shorter ice duration to higher latitudes. Across 
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Fig. 2 | Modelling river ice extent. a, Logistic regression model (lines) 
constructed from the relationship between river ice extent and 30-day prior 
mean SAT, with the period encompassing break-up (August–January) and 
freeze-up (February–July) treated separately. b, Comparison of river ice models 
by mean bias and RMSE.
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example, shortening ice durations will force the transition from land-
based winter transportation to waterways in the high latitudes, where 
a recent study suggests a 14% reduction in the land area accessible by 
winter roads by mid-century6. The loss of river ice will also substantially 
alter ways of living for residents of ice-affected regions in terms of the 
cultural ecosystem services that ice provides8. Finally, our results dem-
onstrate that, globally, the mean duration and maximum extent of river 
ice vary approximately linearly with mean SAT for the studied range of 
warming. Knowing these linear rates of change enables us to quickly 
and accurately estimate the changes in river ice extent and duration 
caused by future climate change, allowing more accurate propagation 
of its influence on the socio-economic, hydrologic, biogeochemical 
and ecological processes of the global river system.
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the studied rivers, between 2009–2029 and 2080–2100, we estimated 
an average rate of decline in river ice duration of 23.5 days per century 
globally under RCP 8.5, with ice duration declining most severely in the 
Rocky Mountains, the northeastern United States, eastern Europe and 
the Tibetan Plateau (Fig. 4b). As expected, the decline in river ice dura-
tion under RCP 4.5 is less severe—the average decline in duration glob-
ally is 10.3 days per century, a rate slightly greater than that estimated 
for the twentieth-century Northern Hemisphere10 (see Extended Data 
Fig. 5). Application of the river ice model to SAT from two other model 
simulations from the Coupled Model Intercomparison Project Phase 5 
(CMIP5) shows a similar magnitude of change (see Methods). We also 
estimated the sensitivity of global river ice change to the increase in 
global mean SAT and found that for each 1 °C increase in global mean 
SAT, mean ice duration is projected to decrease by 6.10 ± 0.08 days 
(Fig. 4c), and the percentage of rivers affected by ice is projected to 
decrease by 1.48 ± 0.03 percentage points (Extended Data Fig. 6).

There are three primary implications of this study. First, our results 
reveal that more than half of Earth’s rivers are covered by ice during the 
winter months, signifying a wider influence of river ice than previous 
estimates. As river ice is thought to impede the emission of green-
house gases normally released by rivers5, this upward revision implies 
a stronger seasonal signature in greenhouse gas emissions from the 
global river network. Second, projected future declines in river ice 
extent will transform the functions of Earth’s ice-affected rivers. 
For 

observable rivers. b, Map of changes in river ice duration between 2009–2029 
and 2080–2100. c, The relationship between global mean river ice duration and 
the changes in global mean SAT.
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Methods

Data
Multiple datasets have been used in this study, each of which is 
described in detail below:

1. Global River Widths from Landsat (GRWL)22

2. JRC surface water occurrence23

3. Quality band Fmask26 classifications of the Landsat collection 1
tier 1 images

4. ECMWF ERA528 surface temperature
5. NEX-GDDP climate projection SAT data30

GRWL22, or Global River Widths from Landsat, is a global river data-
base that contains 58 million river centreline locations and widths. We 
used the GRWL Vector Product V01.01 (dataset link: https://zenodo.
org/record/1297434#.W8JkshNKh24). Specifically, we used the fol-
lowing properties:

• Geometry (location): expressed as point geometry with latitude
and longitude in EPSG:4326 projection.

• width_m: used to identify rivers with a width of more than 90 m.
• lake_flag: indicate whether or not a centreline belongs to a river or 

a lake or reservoir.
• nchannel: number of channels. GRWL tends to trace the overall river 

centre in multichannel or braided rivers, which sometimes overlaps 
with islands. We only used single channel rivers (by setting nchannel = 1) 
in our study to avoid extracting ice status over the non-water areas.

Global surface water occurrence map23 contains a raster map at 30 m 
spatial resolution with pixel values ranging from 0 to 100, indicating 
the percentage of times when water was detected at its location in the 
Landsat record. The map layer was constructed by classifying water 
and non-water for each of the global monthly mosaic images from 
Landsat 5, 7 and 8 between March 1984 and October 2015 (inclusive).

Fmask26 is a classification algorithm designed for Landsat images to 
classify each pixel into five different categories (clear, water, snow/ice, 
cloud, cloud shadow). It is competent at classifying cloud and cloud 
shadow, and its classification results have been incorporated into the 
quality band for all Landsat collection 1 tier 1 images.

ERA528 is a reanalysis product that incorporates historical records of 
land surface and atmospheric variables into the latest modelling frame-
work to produce a global, gridded dataset at 31 km spatial resolution. 
So far, ERA5 is available from 1979 at hourly or monthly temporal steps. 
We accessed the dataset from the European Centre for Medium-Range 
Weather Forecasts (ECMWF) website. We first downloaded the hourly 
global SAT variable (t2m) from 1 March 1984 to 31 December 2018 at 
a 6 h intervals (0:00, 6:00, 12:00, 18:00). We then calculated the daily 
mean SAT by averaging these four hourly values. Finally, we calculated 
the time series of mean 30-day prior temperature and spatially joined 
it to each of the Landsat-derived river ice observations.

NEX-GDDP, or the NASA Earth Exchange Global Daily Downscaled 
Climate Projections30, is spatially downscaled to 0.25º × 0.25º from a 
collection of lower-resolution climate projection results developed 
under the CMIP5 framework. The entire collection contains model 
output from 21 climate models, each with RCP 4.5 and RCP 8.5 for daily 
minimum SAT, maximum SAT and precipitation. We calculated the daily 
mean SAT separately for both RCPs by taking the mean of the minimum 
and maximum SAT for three models—CESM1-BGC, GFDL-ESM2M and 
MIROC-ESM. We then calculated the daily 30-day prior mean SAT, which 
was then used to predict future river ice extent.

Calculating the historical river ice cover dataset
Processing GRWL for river ice cover calculation. GRWL contains  
approximately 58 million river centreline points globally, each in-
cluding a width value. In multichannel or braided rivers, GRWL com-
putes an effective centreline, the total flow width, and the number of 
channels at each centreline point. As these effective centrelines do 
not necessarily trace the actual river channels, we only used single 

channel GRWL centreline points (nchannels = 1, around 80% of rivers 
are single channel). Moreover, lakes and reservoirs are part of many 
river networks in GRWL, and the centrelines over these features are 
flagged. We only used non-lake centerline points in GRWL to limit the 
calculation of ice conditions to rivers, as ice dynamics may be different 
over lakes and reservoirs. Finally, while GRWL represents our latest 
knowledge of global river location and width, it is a static dataset, mak-
ing it suboptimal for capturing ice condition on rivers over the 34 year 
period, during which varying degrees of morphological changes could  
occur. To alleviate this problem, we used only GRWL centreline points 
where surface water occurrence based on a previous study23 is 90% or 
above, ensuring that the detected ice conditions for these points were 
from water surfaces. After all three filters are applied, our final river ice 
cover dataset used approximately 7.5 million GRWL centreline points, 
constituting around 271,599 km of river length. This subset of GRWL 
largely corresponds to Strahler–Horton stream orders greater than 3.

Constructing the global river ice cover dataset. The acquisition of 
the Landsat Fmask classification (cloud, cloud shadow and snow/ice) 
was conducted on the Google Earth Engine platform25 for all single-
channel GRWL river centreline points with water occurrence ≥90%. 
Specifically, we extracted the total number of centreline pixels, as well 
as the number of pixels covered by snow/ice, cloud and cloud shadow, 
for all images from Landsat TM, ETM+ and OLI sensors, ranging from 
March 1984 to December 2018. Then the per-image river ice fraction 
(Priver_ice) and cloud fraction (Pcloud/shadow) were calculated using the fol-
lowing formula:

P N N N N_ = /( − − )river ice snow/ice total cloud shadow

P N N N= ( + )/cloud/shadow cloud shadow total

where Ntotal, Ncloud, Nshadow and Nsnow/ice denote the number of the total, 
cloud, cloud shadow and snow or ice pixels from a particular image. 
In total, we processed 841,365 Landsat images, covering 1984–2018. 
Calculating the per-image ice extent directly on Google Earth Engine 
greatly reduces the size of the dataset at no observable cost in terms 
of the details of the river ice extent required for this study.

Cleaning the river ice dataset. We systematically excluded some 
river ice data before calculating and modelling historical changes. To 
increase the stability of the river ice fraction calculation, we excluded 
river ice data from images for which: (1) Pcloud/shadow is greater than 25%; 
(2) Ntotal ≤ 333 (around 10 km length of river); and (3) the percentage of 
river pixels affected by topographic shadow exceeds 5%. This filtering 
reduces the data volume from 841,365 to 407,880 images.

Calculating global historical monthly mean river ice extent. We esti-
mated global monthly mean river ice extent through two levels of spatial 
aggregation. For each month, we first calculated mean river ice extent for 
each WRS-2 tile (WRS, Worldwide Reference System) using all available 
Landsat-derived river ice extent observations across 34 years. Then we 
estimated the mean global river ice extent by calculating the weighted 
mean of the tile-level data. We estimated the weight for this aggregation 
by multiplying the length of studied rivers in the tile by the extent of over-
lap between the current tile and its neighbouring tiles. Specifically, we 
estimated the percentage of studied rivers for each WRS-2 tile using the 
total number of river centreline points intersecting the corresponding 
tile; we then estimated the degree of tile overlap (denoted by r) by calcu-
lating the proportion of non-overlapping area out of the total tile area.

r A A A= ( − )/t i t

where At is the area of WRS-2 tile and Ai is the area of the intersection 
between two tiles.

https://zenodo.org/record/1297434#.W8JkshNKh24
https://zenodo.org/record/1297434#.W8JkshNKh24


The monthly weighted mean river ice extent is shown in the bar chart 
accompanying Fig. 1a. For each month, we also estimated the percent-
age of studied rivers actually captured by our satellite records. To esti-
mate this monthly spatial coverage for each month, we divided the area 
of the union of all observed WRS-2 tiles for that month—representing 
the length of rivers observed—by the area of the union of all of the WRS-2 
tiles intersecting our studied rivers. This coverage percentage was 
reported in the bar chart in Fig. 1a. Note that it is necessary to calculate 
the union of the tiles before the total covered area as there is overlap 
between neighbouring tiles.

Calculating historical changes in river ice extent
We assessed historical changes in river ice extent by calculating the dif-
ference in mean monthly river ice cover between two decades: March 
1984–March 1994 and December 2008–December 2018—the starting 
and ending months were chosen to maximize the gap between the two 
decades. To compensate for the scarcity of Landsat records from the 
earlier decade and from high-latitude regions, the historical analy-
sis—both the monthly statistics and the aggregated global map—was 
carried out by aggregating river ice data from the WRS-2 tile (roughly 
1° × 1° at the Equator) to a 5° × 5° tile.

Calculating the global map of historical changes in river ice. To 
produce the map of the change in historical river ice extent for each 
month (Fig. 1b), we calculated the difference in mean river ice extent 
for each 5° × 5° tile. For each month, we kept only the tiles that con-
tained at least five river ice observations for each of the two decades 
under comparison. The global map was then calculated by averaging 
all available monthly difference values for each tile. Monthly maps of 
the decadal difference in river ice extent can be found in Extended Data 
Fig. 2, which shows the temporal pattern of the change and the spatial 
coverage of the river ice record.

Calculating global historical changes in monthly mean river ice 
extent. To estimate the global monthly difference in river ice extent 
for each month, we calculated the difference in mean river ice extent 
for 5° × 5° tiles with at least five river ice observations for each decade. 
The monthly difference was then calculated by averaging the mean dif-
ference value from all available tiles, whereas the value of the observed 
percentage of rivers was estimated by taking the ratio between the total 
area of the available 5° × 5° tiles and the total area of all of the global 
5° × 5° tiles that intersecting studied rivers. These statistics are shown 
in the bar chart in Fig. 1b.

Quantifying Landsat spatial and temporal sampling patterns. The 
aggregation done here to calculate historical changes in river ice could 
cause unintended systematic bias owing to the potential biases in the 
sampling time (within each month) and location (within each tile) be-
tween the two decades. We conducted the following two assessments 
to show that (1) both the sampling date for each month and sampling 
location for each 5° × 5° tile were small compared with their respective 
range of possible values (mean sampling time difference: −0.115 days 
and standard deviation: 3.4 days; mean sampling location difference: 
0.012° and standard deviation: 0.41°) and (2) there was no correlation 
between the difference in sampling and the difference in the river ice 
extent, both in time and location (Pearson correlation coefficient rtem-

poral = −0.04 and rspatial = 0.07). The results of these two assessments can 
be found in Extended Data Fig. 7.

Modelling river ice cover
Building the river ice cover model. After exploring the relationship 
between river ice extent and its corresponding 30-day prior mean 
SAT, we chose logistic regression to model their relationship. Logistic 
regression assumes a linear relationship between the logarithm of 
the odds of a phenomenon (ice) and the predictors (the 30-day prior 

mean SAT (SAT30) and a categorical predictor we designated PERIOD), 
which our data follow. We used the following equations to model the 
river ice extent.

N N P Podds(ice) = / = _ /(1 − _ )snow/ice water river ice river ice

a b clog(odds(ice)) = SAT + SAT × PERIOD +30 30

The PERIOD predictor divides the data into two periods encompass-
ing freeze-up (August–January = 0) and break-up (February–July = 1). 
The rationale for adding the PERIOD predictor is based on the differ-
ent control strengths of temperature over ice processes between the 
freeze-up and breakup periods—a pattern suggested from analysis of 
in situ records in Canada29.

We applied the regression model to the Landsat-derived river ice 
extent and ERA5-derived SAT30. The parameters were estimated as 
a = −0.32, b = −0.05 and c = −0.82. Using the model, we were able to 
compare the strength of the control that SAT30 exerts on ice dynamics: 
we estimated that SAT30 control over break-up is stronger than that over 
freeze-up as b is negative. The entire dataset was used to assess the 
skill of the logistic model and the 0-°C-isotherm model (see Fig. 2b).

Projecting river ice cover at the end of the century. We projected 
future river ice extent by applying the river ice model to the future SAT 
data produced by CMIP5 climate projections. We used SAT30 outputs 
from CESM1-BGC, GFDL-ESM2M and MIROC-ESM climate simulations 
under both RCP 4.5 and RCP 8.5 to estimate future river ice extent and 
duration up to the end of the century. These models were chosen to ac-
count for potential trend biases in predicted temperature. In a similar 
way to evaluating the sensitivity of a model, which is common in the 
climate modelling community31, we calculated the mean global SAT dif-
ference between the periods 2006–2036 and 2069–2099 for 21 models 
included in the CMIP5 ensemble and selected three models to represent 
the variabilities in relative temperature change (see Extended Data 
Fig. 8a). Projected future declines in river ice extent and duration are 
summarized in Extended Data Fig. 8b. To project future ice conditions, 
we calculated daily river ice extent throughout the periods 2009–2029 
and 2080–2100, from which we then calculated, (1) monthly mean river 
ice extent and the difference between the two periods (Fig. 3, Extended 
Data Figs. 3, 4); (2) mean river ice duration (Fig. 4, Extended Data Fig. 5). 
The summary future changes in river ice extent and duration reported 
here were calculated by aggregating the values from the corresponding 
map of change at the locations of studied rivers.

Estimating the relationship between river ice condition and global 
mean surface temperature. For each year between 2009 and 2099, 
we estimated percentage of ice-affected rivers and the mean ice dura-
tion across the globe. The annual percentage of ice-affected rivers was 
derived by calculating the annual mean river ice extent for each studied 
river location, then flagging it as ice-affected if the mean value exceeded 
0.041—15 days of effective ice cover over 365 days. The annual dura-
tion for each river location was estimated by counting the number of  
days when projected river ice extent exceeded 50%. The annual global 
mean surface temperature was then computed by averaging the daily 
mean SAT temperature across the year and then aggregating across 
the globe.

Sources of errors
Errors in a global dataset—especially one that quantifies highly dynamic 
Earth surface processes—are often unavoidable. Through building 
the historical river ice dataset, modelling the river ice processes and 
predicting future river ice conditions, we have identified three major 
sources of errors: errors from misclassifications in Fmask, errors in 
SAT values in the ERA5 dataset and errors in the projections of future 
river ice condition.



Qualitative evaluation of Fmask snow/ice classification. To quali-
tatively assess the accuracy of the Fmask snow/ice classification, we 
randomly selected—stratified sampling by temperature range and 
observed river ice cover—160 images for visual evaluation. We found 
that snow/ice classification is adversely affected in the following  
situations (from the most to the least frequent):

• Commission error in classifying turbid water as snow/ice—found
mostly over the Yellow River in China and Amu Darya in Turkmenistan. 
Less frequently found over the Red River, Arkansas River and Missouri 
River in the United States.

• Commission error in classifying cloud as snow/ice—no strong spatial
pattern found for this type of error.

• Omission error in classifying topographically shaded snow/ice 
as water.

• Omission error in classifying thin ice as water—this type of error is 
rare and mostly observed on still portions of rivers (such as reservoirs 
and lakes, which are not used in this analysis).

Evaluating Landsat-derived river ice extent. We use the US Geological 
Survey’s quality band snow/ice classification to derived river ice extent. 
The snow/ice classification is calculated using Fmask26. Fmask classifies 
each pixel of the Landsat image into one of five classes. Although Fmask 
is considered the most accurate31 cloud classification algorithm for 
Landsat images, its snow/ice classification has not been evaluated for 
accuracy. Here we used in situ reported river ice conditions to evaluate 
the accuracy of river ice extent calculated using Fmask.

Although direct in situ river ice records are scarce, we were able to 
obtain the river ice status for the state of Alaska, United States, from the 
archive of the National Weather Service (NWS). We also inferred river ice 
conditions using the backwater flag that accompanies the daily gauge 
flow records from Water Survey of Canada (WSC). The backwater flag 
was used in previous studies as strong indicator of ice conditions32.

In the following, we first explain our approach to extracting and 
cleaning the in situ datasets. We then introduce our method for cal-
culating the river ice extent from Landsat images and matching it to 
the in situ observations. Finally, we show the results of the evaluations.
NWS river ice observations. We obtained historical records for 485 
stations in Alaska from S. Lindsey at the Alaska-Pacific River Forecast 
Center. We encountered two challenges in using this dataset for evalua-
tion. First, the files we obtained, while containing ice observations and 
station descriptions, do not contain the geolocations of these stations. 
Fortunately, the station description often followed the ‘river_name_at/
near_location_name’ naming convention (for example, ‘Yukon River 
at Beaver’). We were able to manually identify 177 stations that have 
both freeze-up and break-up information for at least one water year, 
115 of which we successfully georeferenced and 13 of which we eventu-
ally used for evaluation after excluding sites that either are close to a 
river that is too small for Landsat to observe or did not have records 
that temporally overlapped with the Landsat observation. Second, 
NWS reported multiple thresholds that indicate various ice conditions 
during both the freeze-up and break-up periods. However, there were 
varying amounts of missing data for these dates. For example, while 
the NWS directly reported freeze-up date, the majority of the values 
in this field were missing data, which rendered it of very limited value. 
Instead, we used the first ice date as the dates of ice onset and ‘breakup’ 
as the date of ice-off.
WSC flag. The WSC includes flags in its daily discharge data that indicate 
the state of flow conditions. Among these flags, the backwater flag or ‘B’ 
flag is used to indicate ice conditions32. In our evaluation, we followed 
existing practice, treating dates with B flags as dates of river ice cover.
Matching in situ ice coverage with Landsat-derived ice coverage. After 
merging the geolocations of the NWS stations and the WSC stations, 
we calculated the river ice conditions for these locations according 
to Fmask classifications. Specifically, for each in situ location, we 

calculated the Fmask-derived river ice extent for GRWL rivers (nchan-
nel = 1; lake_flag = 0; width_mean ≥ 90 m) located within a 1,500-m radius 
of the gauge.

To evaluate the Landsat-derived ice coverage against the in situ 
records, we matched the datasets spatially (to the 1,500 m proximity 
of each station) and temporally (to the same day). The same-day tem-
poral matching was straightforward for WSC records, as they reported 
daily ice conditions. However, as the NWS reported only dates of ice-on 
and ice-off, we treated dates that fell between an ice-on date and the 
following ice-off date as ice-covered dates, and those that fell between 
an ice-off and the following ice-on date as ice-free dates. In total, we 
matched 18,930 pairs (NWS-Alaska: 515 pairs over 13 sites; WSC: 18,415 
pairs over 139 sites) of in situ and Landsat-derived river ice observation 
for our evaluation.
Evaluating Landsat-derived river ice coverage. When comparing the 
Landsat-derived river ice coverage to that reported from the field, we 
first converted the continuous values (0–100%) to a binary ice condi-
tion using a threshold of 50%—ice coverage ≥50% is classified as ‘ice-
covered’ and <50% is classified as ‘ice-free’. The 50% threshold was 
chosen as we found that that threshold choice had little impact on the 
final evaluation. Then we calculated the accuracy, sensitivity and 
specificity by constructing a confusion matrix using the in situ reported 
ice condition as a reference and the Landsat-derived ice state as the 
observation. Overall, Landsat-derived river ice coverage was highly 
consistent with the in situ reports (accuracy = 0.94, sensitivity = 0.91, 
specificity = 0.96, Extended Data Fig. 9). When the analysis was broken 
down into monthly evaluations, accuracy was highest during summer 
months ( June–August: mean accuracy: 0.98) and lower during the 
remaining months, with no particular seasonal pattern (accuracy: 
0.8–1.0 with mean accuracy 0.91, Extended Data Fig. 9b). Reduced 
accuracy occurred during months when river ice was present and was 
attributed to: (1) complicated reflectance returns due to dynamic tran-
sition between ice and water; (2) increased turbidity accompanying ice 
break-up; (3) the difference in scale between the Landsat-derived ice 
condition (averaging across a 1,500-m radius) and the in situ records 
(scale unknown, see examples in Extended Data Fig. 9c); and (4) errors 
in the in situ records. Notably, the accuracy derived from the observation-
based NWS ice conditions (overall accuracy: 0.97) was generally higher 
than that from the WSC (overall accuracy: 0.94) (see also Extended Data 
Fig. 9b). The fact that the ice condition from the WSC was inferred, instead 
of observed, could have contributed to this discrepancy.

Comparison with in situ river ice records also showed no system-
atic differences among Landsat sensors. Accuracy was similar across 
data from Landsat 5 (TM), Landsat 7 (ETM+) and Landsat 8 (OLI) (see 
Extended Data Table 1). It is worth noting that Landsat 8 has an extra 
flag for cirrus clouds, which could potentially improve the quality of 
ice data by better excluding cloud-affected observations. However, 
we decided not to use this flag, as its inclusion could potentially cause 
varying data quality between sensors, which then could compromise 
the detection of historical river ice change.

Human influence on river ice. Human activities that affect rivers—such 
as river engineering and water pollution—tend to systematically and 
permanently alter the river morphology, as well as the thermal and 
physical properties of the flow. River ice regimes affected by these influ-
ences cannot be explained by the changes in SAT alone. In one previous 
study, human activity was found to affect the river ice regime to a much 
greater degree than climate variation along two highly regulated river 
reaches in Europe33. While we acknowledge the contribution of these 
non-climatic factors, quantification of their effects globally exceeds the 
scope of this study. Nonetheless, interpretation of our results in rivers/
regions that are known to be heavily engineered requires extra caution.

Although direct anthropogenic influence on river ice regimes should 
be considered when interpreting both in situ and remotely sensed 
data, interpreting remotely sensed data requires extra consideration 



of the sensitivity of the classification algorithms to anthropogenic 
influence. Otherwise, there is a risk of falsely attributing changes in 
river ice to changing climate. For example, for the lower Yellow River, 
our detection of great historical river ice decline is likely to be largely 
due to the combined effect of changes in water turbidity—mostly owing 
to recent damming upstream—and the tendency for Fmask to falsely 
classify turbid water as snow/ice.

Uncertainties in ERA5 SAT. Because it was released very recently, there 
is no spatially comprehensive evaluation of SAT in ERA5, so its overall 
accuracy remains unknown. However, from studies that evaluated 
this parameter regionally, ERA5 has outperformed other reanalysis 
datasets and can accurately represent the magnitude and variability 
of near-surface air temperature over Antarctica34.

Spatial scale mismatch between temperature dataset and river size. 
When attaching the ERA5 temperature data (spatial resolution of approxi-
mately 30 km) to our river ice extent dataset and modelling river ice based on 
the merged dataset, as well as predicting future river ice extent with temper-
ature data from NEX-GDDP (spatial resolution 0.25°), we implicitly assumed 
that temperature for a grid cell is representative of that experienced by the 
river in it. This assumption could result in bias when mixing temperatures 
from land and water pixels, especially when large topographic variability ex-
ists in the grid cell, as rivers tend to flow along topographic low areas, and el-
evation greatly affects temperature. The degree of this inherent systematic 
bias may be reduced in the future with the development of more advanced  
reanalysis datasets.

Data availability
The global river ice dataset can be accessed at https://doi.org/10.5281/
zenodo.3372709. The in situ and Landsat-derived river ice records for 

evaluating ice classification can be accessed at https://doi.org/10.5281/
zenodo.3372754.

Code availability
The code used to acquire, analyse and visualize the dataset can be 
accessed online at the project’s GitHub page (https://github.com/
seanyx/global-river-ice-dataset-from-Landsat). The river ice model 
and all figures in the paper (including the extended data figures) were 
made using R statistical software (http://www.R-project.org/).
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Extended Data Fig. 1 | Data availability between two historical decades. 
 a, Data availability map for the decades 1984–1994 and 2008–2018 based on 
the river ice extent dataset. Black indicates no data or no studied river.  
b, Percentage of successful river ice observations for each month of each 

decade. The percentage was calculated by taking the ratio between the number 
of observations used in the historical analysis and the total number of Landsat 
river observations when no filters (cloud, topographic shadow and river 
length) were applied.
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Extended Data Fig. 2 | Monthly maps of the changes in river ice extent between 1984–1994 and 2008–2018. Black indicates no data or no studied river.



Extended Data Fig. 3 | Modelled average monthly river ice difference between 2009–2029 and 2080–2100 using CESM SAT output (RCP 4.5). The percentage 
point change over the Northern Hemisphere is listed under the month, with the percentage change in parentheses.



Extended Data Fig. 4 | Modelled average monthly river ice difference 
between 2009–2029 and 2080–2100 using CESM SAT. a, Model output under 
RCP 8.5. b, Model output under RCP 4.5. Only the months that showed obvious 

changes in percentage points (June, July and and August) were mapped. The 
percentage point changes and percentage changes over the Southern 
Hemisphere are listed in the tables on the right.



Extended Data Fig. 5 | Modelled ice duration zones between 2009–2029 and 2080–2100 using CESM modelled SAT. a, The Northern Hemisphere under RCP 
4.5. b, c, The Southern Hemisphere under RCP 8.5 (b) and RCP 4.5 (c). Areas showing obvious changes are marked by red rectangles.



Extended Data Fig. 6 | Sensitivity of the changes in annual maximum river ice extent to the changes in global mean SAT. The sensitivity was assessed for three 
models (CESM1-BGC, GFDL-ESM2M and MIROC-ESM).



Extended Data Fig. 7 | Landsat sampling difference between the historical 
period 1984–1994 and 2008–2018. a, Distribution of the temporal sampling 
difference within each month. b, Temporal sampling difference and its 

relationship with the difference in the ice extent. c, Distribution of the spatial 
sampling difference within the 5° × 5° tiles. d, Spatial sampling difference and 
its relationship with the difference in the ice extent.



Extended Data Fig. 8 | Summary of river ice duration decline based on 
temperature outputs from three CMIP5 models. a, Difference in the global 
mean SAT across 21 CMIP5 models between 2006–2036 and 2069–2099. The 

three models used to assess future river ice change are marked with red 
rectangles. b, Decline in global mean river ice duration between 2009–2029 
and 2080–2100 for the three selected models.



Extended Data Fig. 9 | Evaluating Landsat-derived river ice conditions 
against in situ river ice records. a, The accuracy of Landsat-derived river ice 
extents when evaluated against in situ reports of river ice condition. b, Monthly 
evaluation of Landsat-derived river ice estimates. c, Examples of differences in 

definition between remotely sensed and ground-based ice conditions. The 
GRWL centrelines are shown in images c2 and c4 to indicate the river. Satellite 
images courtesy of the US Geological Survey.



Extended Data Table 1 | Fmask-derived river ice evaluation across Landsat missions




