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Abstract: With the high resolution of optical data and the lack of weather effects of passive
microwave data, we developed an algorithm to map daily cloud-free fractional snow cover
(FSC) based on the Moderate Resolution Imaging Spectroradiometer (MODIS) standard
daily FSC product, the Advanced Microwave Scanning Radiometer (AMSR2) snow water
equivalent (SWE) product and digital elevation data. We then used the algorithm to produce
a daily cloud-free FSC product with a resolution of 500 m for regions in China. In addition,
we produced a high-resolution FSC map using a Landsat 8 Operational Land Imager (OLI)
image as a true value to test the accuracy of the cloud-free FSC product developed in this
study. The analysis results show that the daily cloud-free FSC product developed in this
study can completely remove clouds and effectively improve the accuracy of snow area
monitoring. Compared to the true value, the mean absolute error of our product is 0.20, and
its root mean square error is 0.29. Thus, the synthesized product in this study can improve
the accuracy of snow area monitoring, and the obtained snow area data can be used as
reliable input parameters for hydrological and climate models. The land cover type and
terrain factors are the main factors that limit the accuracy of the daily cloud-free FSC product
developed in this study. These limitations can be further improved by improving the
accuracy of the MODIS standard snow product for complicated underlying surfaces.
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1. Introduction

Snow cover is an important component of land cover and plays a key role in balancing global energy
and water resources because of its high albedo and thermal storage properties [1-3]. The spatial
distribution of snow cover is a significant input factor in hydrological and climate models for mountain
areas and seasonally snow-covered areas [4,5]. Because China covers a large territory, snow-covered
areas are widespread in geographic space. Three main seasonally snow-covered areas are northern
Xinjiang, northeastern Inner Mongolia, and the Tibetan Plateau [6—8]. Thus, precisely obtaining
snow-covered area information via remote sensing is vitally important in understanding climate
variations, performing water circulation and water resource investigations, and predicting and preventing
snow-related disasters in China.

Because remote sensing is characterized by a number of advantages, including large-scale, fast,
periodic, multi-scale, multi-spectrum, multi-temporal, and low-cost investigations, remote sensing is
widely used in snow cover monitoring [9]. Since the launch of television infrared observation satellites
(TIROS)-1 in 1960, with the capability to monitor snow cover, dozens of satellites have been used to
monitor snow cover and have played an important role in it. Such snow cover products include Landsat
and SPOT [10], AVHRR [11], VEGETATION [12], MODIS [13], SMMR, SSM/I [14,15] and
AMSR-E [16]. The Moderate Resolution Imaging Spectroradiometer (MODIS) aboard the Terra and
Aqua satellites features moderate spatial resolution, high spectral resolution, and high temporal
resolution characteristics. The Terra satellite passes the equator at 10:30 am, while the Aqua satellite
passes the equator at 1:30 pm. The MODIS aboard can acquire two observations in the daytime. Thus,
MODIS is widely used in snow area monitoring [17-19]. However, optical sensors are easily affected
by clouds because clouds prevent land information from being received by the optical sensors [20]. In
addition, clouds and snow have quite similar optical characteristics in the visible and far infrared wave
bands, making it difficult to distinguish one from another using this spectral range [9,21]. Although,
many studies have shown that the daily MODIS snow products are characterized by high snow
classification accuracy under clear sky condition in the Northern hemisphere [22-27]. The cloud
contamination limited its capability for monitoring the snow-covered area. Therefore, removing the
clouds and recovering the ground information for the cloud-contaminated images is often necessary in
snow monitoring and other applications. Cloud pixels can be removed by similar pixel replacement
guided with a spatio-temporal Markov random fields model [28], multi temporal dictionary learning [29],
and also can refer to the multi-temporal regression analysis method used for recovering the missing
pixels for Landsat ETM+ SLC-off imagery [30]. Studies on the cloud-removal algorithms of the current
MODIS snow products mainly focus on binary snow products [31-38], and the methods include
multi-day composited algorithms [34,35], algorithms based on snow water equivalent products obtained
by microwave sensors [36,37], and the Snow line (SNOWL) algorithm, in which cloud pixels are
re-classified based on characteristics of the snow cover spatial distribution [38]. However, multi-day
composited algorithms can eliminate most cloud contaminations, but sacrifice the temporal resolution.
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Furthermore, a direct composite of MODIS and passive microwave snow products can completely
eliminate the cloud, but reduce the accuracy of snow classification because of the low spatial resolution
of the passive microwave snow products. SNOWL cloudless algorithm uses the reclassification approach
whereby cloud pixels can be divided into snow, no-snow (land), and partial snow. However, the partial
snow has some uncertainties, so it is hard to analyze the snow-covered area effectively [39,40].

During the binary snow mapping, this algorithm assumes that all pixels are pure and that a pixel
corresponds to one object type. The land types are divided into snow areas and snow free areas; this
extremely simplified treatment is one of the primary causes of the low accuracy associated with the
monitoring of snow-covered areas. Because a number of climate and hydrological models require
increasingly precise snow-covered area input parameters [41], the traditional binary snow cover mapping
cannot satisfy the current demand. Sub-pixel snow mapping can overcome the low-accuracy limitations
in monitoring regional snow-covered areas, and represent the gradual changes in snow cover in each
pixel more accurately than the binary snow cover map [42]. A few researchers have recently studied the
algorithm of the MODIS fractional snow cover (FSC) product using the linear spectrum decomposition
method and have proposed a new sub-pixel snow classification algorithm based on mixed pixel
decomposition [42,43]. Although these algorithms can improve the accuracy of snow cover mapping to
a certain degree, the process involves the identification of image purity and the calculation of component
ratios in each pixel using the least square method in the algorithms, which results in a large number of
calculations and therefore cannot be applied to the mapping of in situ snow cover area ratios. In the
versions of the MODIS snow cover products released by the NASA National Snow and Ice Data Center
(NSIDC) that are newer than V005, FSC maps are included in the MODIS daily snow cover maps, in
addition to the snow-covered binary maps. The FSC product was built based on the statistical model
developed by Salomonson (2004) [44]. However, similar to the algorithm of the MODIS binary snow
cover product, the model algorithm was developed in snow-covered areas in Alaska, Canada and Russia
and therefore represents different types of snow cover, including glaciers, flat snow cover and taiga
forest snow cover. Snow covers large areas to great depths in these countries. In contrast, in China, snow
depth is quite shallow and spatially dispersed, which is quite different from the snow cover in the model’s
regions. Thus, the model requires further tests to verify whether this model can be applied to snow cover
studies in China. Furthermore, this product is strongly affected by clouds and therefore cannot effectively
predict regional and global snow-covered areas. Tang et al. [45] proposed a cloud-removal method based
on the cubic spline function interpolation method for the Tibetan Plateau area. This method, however,
needs to fit a function curve and cannot be applied to complicated and variable weather conditions. Thus,
this method can only be applied to snow cover monitoring at certain regional scales.

Based on the MODIS binary snow-removal algorithm, Terra\MODIS and Aqua\MODIS daily FSC
products, the AMSR2 snow water equivalent product (based on passive microwave data), terrain data,
and the combined advantages of different cloud-removal algorithms, we aim to develop an automatic
daily cloud-free FSC mapping algorithm, produce a daily cloud-free FSC product for regions in China,
and test the accuracy of the developed product by comparing it to the FSC map produced by
Landsat 8 data.
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2. Data
2.1. MODIS FSC Product

MODIS daily snow products MOD10A1 and MYDI10AT1 of VOOS include 20 tiles used for regions of
China during November 2013 to February 2014. The data are from the NSIDC and have a spatial
resolution of 500 m. The original data were in HDF format, the projection is sin-map projection, and the
version used in this study is V005. These MODIS products include snow-covered area (SCA), snow
albedo (SA), FSC and quality assessment (QA). The coding values of FSC are as follows: 0—100 are
fractional snow cover; 22 night; 225 land; 237 mainland water body; 239 sea; and 250 cloud, and 200,
201, 254, and 255 represent missing data or meaningless data [9]. The format and coordinates of the
original HDF-EOS MODIS data were converted and the images were merged using the MODIS
Reprojection Tool (MRT) software [46]. The image files were converted to the GeoTIFF format, the
projection was converted to the ellipsoid WGS84 geographic coordinates, and the nearest neighbor
method was adopted for re-sampling. The MODIS FSC data for regions in China were obtained by
cropping images in ArcGIS 10.1.

2.2. AMSR?2 Snow Water Equivalent (SWE) Product

The Advanced Microwave Scanning Radiometer 2 (AMSR2) aboard the GCOM-W1 satellite,
launched by the Japan Aerospace Exploration Agency (JAXA) on 18 May 2012, is greatly improved
relative to the AMSR-E version. Its spatial resolution was increased (10 km) and a new frequency
(7.3 GHz) was added, resulting in seven frequencies from 6.9-89 GHz. Two dataset from ascending
(13:00 PM) and descending (1:30 AM) orbit were included each day. Three levels exist in the AMSR2
product, and snow water equivalent is the second layer of the second level of the snow-depth product.
The snow water equivalent (SWE) numerical coding values are as follows: positive values are snow
water equivalents and —32761 to —32768 are data errors. The AMSR2 SWE data that temporally coincide
with the MODIS FSC data are used in this study. The AMSR2 SWE data feature the GeoTIFF format,
a 10 km spatial resolution and ellipsoid WGS84 geographic coordinates. The data were obtained from
the GCOM-W1 data service website. The AMSR2 SWE data of descending orbit for the regions in China
were selected by cropping the AMSR2 SWE images in ArcGIS 10.1 software.

2.3. Landsat 8 OLI Data

The Operational Land Imager (OLI) aboard the Landsat 8§ satellite, launched successfully by NASA
on 11 February 2013, has nine wave bands. The spatial resolution of eight of the wave bands is 30 m,
and the panchromatic band is 15 m (Table 1). The data were downloaded from the US Geological Survey
(USGS) and Geospatial Data Cloud for free. We chose seven Landsat 8 OLI images in different regions
on the same day to represent different snow cover type regions in China. For instance, the forest regions
(L1, L2 and L3), cropland region (L4, L5 and L6), and alpine grassland regions (L7, L8 and L9) are
"true values" to test the accuracy of the cloud-free FSC product developed in this study. The parameters
of the data are listed in Table 2.
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Table 1. Spectral bands of the Landsat 8 OLI.

Band No. Band Bandwidth (um) Spatial Resolution (m) Radiometric Resolution (bit)
1 Coastal aerosol 0.433-0.453 30 12
2 Blue 0.450-0.515 30 12
3 Green 0.525-0.600 30 12
4 Red 0.630-0.680 30 12
5 Near Infrared 0.845-0.885 30 12
6 SWIR 1 1.560-1.660 30 12
7 SWIR 2 2.100-2.300 30 12
8 Panchromatic 0.500-0.680 15 12
9 Cirrus 1.360-1.390 30 12

Table 2. Information on the Landsat 8 OLI data from January 16, 2014.

Number Date Main Land Cover Types  Strip Number  Line Number Cloud (%)
L1 16 January 2014 Shrublands and Forest 122 23 3.18
L2 16 January 2014 Shrublands and Forest 122 24 6.10
L3 16 January 2014 Shrublands and Forest 122 26 8.55
L4 26 December 2014 Cropland 119 27 3.07
L5 5 February 2014 Cropland 118 28 9.10
L6 16 January 2014 Cropland 122 40 4.81
L7 16 January 2014 Grasslands 138 33 4.48
L8 16 January 2014 Grasslands 138 34 6.62
L9 16 January 2014 Grasslands 138 36 5.04

2.4. IGBP Land Cover Type Product

The Internal Geosphere-Biosphere Program (IGBP) land cover type data are one of the classification
products that use different strategies to extract land cover characteristics from MODIS/MCD12Q1
(V005) with a resolution of 500 m [47]. The IGBP divides land cover into 17 types, including 11 natural
vegetation types, three land use and land mosaic types and three vegetation-free land types [48]. We
re-classified the land cover types defined by IGBP into six types—water, shrublands and forest,
grasslands, croplands, urban areas, and snow and ice—to analyze the effects of different land cover types
on the accuracy of snow classification (Figure 1).

2.5. SRTM Digital Elevation Model (DEM)

The SRTM DEM (V004) data are from the National Map Seamless Data Distribution Systems
(http://seamless.usgs.gov/) and were measured by NASA and the National Imagery and Mapping
Agency (NIMA) of the US Department of Defense. The present DEM data for regions of China have a
90 m resolution. Previous studies showed that the data accuracy in the vertical direction is less than 16
m [49]. We re-sampled the original DEM data by using the nearest neighbor interpolation method and
obtained a digital elevation model with a 500 m spatial resolution.
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Figure 1. Spatial distribution of land cover types in China.
3. Methodology
3.1. OLI Snow Mapping

By adopting the SNOWMAP algorithm [50], we calibrated the radiometer, corrected atmosphere
based on ENVI/flaash model and calculated NDSI using the third and sixth bands in OLI images. The
set threshold value is 0.4. The calculation equation is as follows:

NDSI = (Band 3 — Band 6)/(Band 3 + Band 6) (1)

Next, we set Band 5 to >0.11 to remove the water body interference, thereby producing a binary snow
classification map with a 30 m resolution. The cloud pixels were interpreted and masked by artificial
visual interpretation. Then, by using the Pixel Aggregate tool, we performed elevation calculations and
obtained an FSC image with a 500 m resolution [44]. Take the OLI image of the test area L9 as an
example (Figure 2), the produced binary and FSC snow maps show a very well agreement with the snow
distribution in true color composite image. Which indicate that the OLI FSC snow map can be as the
ground truth to validate the MODIS snow products due to its higher spatial resolution [23,43,44].
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Figure 2. True color composite image (a), binary snow map (b) and fractional snow map (c¢)
of OLI on 16 January 2014 in Tibetan Plateau.

3.2. Cloud Removal Algorithm
3.2.1. Daily Composite

Because clouds are mobile, the quantities of cloud in the daily snow products MOD10A1 and
MYDI10AT1 differ. Thus, we combined the MODIS/Terra and MODIS/Aqua daily FSC products given
by MOD10A1 and MYDI10AT1. The combination rule is shown in Table 3.

Table 3. Rules for compositing MOD10A1 and MYD10A1.

MOD10A1 MYDI10A1 Code Values
Code Values 0-100 225 237 239 250 200\201\254\255 *
0-100 (Snow) (MOD +MYD) x 0.5 MOD MOD MOD MOD MOD
225 (Land) MYD 225 225 225 225 225
237 (Inland water) MYD 237 237 237 237 237
239 (Ocean) MYD 239 239 239 239 239
250 (Cloud) MYD 225 237 239 250 250
200\201\254\255 * MYD 225 237 239 250 200\201\254\255

* The values 200, 201, 254 and 255 represent missing data, no decision, detector saturated and fill, respectively.
3.2.2. Adjacent Temporal Composite

Because snow cover can remain for relatively long durations on land, we merged the combined data
above with the data before and after that day. If a pixel is cloudy and has snow cover on the days before
and after, the mean FSC is calculated for the day before and the day after to replace the cloudy pixel on
the specified day. If the pixel is bare land on the days before and after, the cloudy pixel is replaced with
land; otherwise, the cloudy pixel remains the same.

3.2.3. Snow Line Algorithm (SNOWL)

The SNOWL process re-classifies labeled cloud pixels by using elevation data and the characteristics
of the snow cover spatial distribution, which can only divide most part of the cloud pixels into snow and
snow-free categories [38]. To reduce error, we first re-divided the regions in China into 34 sub-regions
based on digital elevation model, then calculate the mean elevations of all the snow pixels and land
pixels to get the information of snow line of different sub-regions, and then relabeled cloud pixels in
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different sub-regions based on the SNOWL algorithm. The distinguishing rules are as follows: (a) If a
cloud pixel elevation is less than or equal to the mean land elevation in the corresponding region, this
pixel is defined as land with a value of 0. (b) If a cloud pixel elevation is greater than or equal to the
mean snow elevation in the corresponding region, this pixel is defined as snow with a value of 300. (c)
If a cloud pixel elevation is between the mean land elevation and the mean snow elevation in the
corresponding region, the value of the pixel remains the same.

3.2.4. Composite with AMSR2 SWE

To eliminate the strip gaps in the AMSR2 SWE product, we used the day before and after composite
method to fill in missing data with maximum values and then used the nearest neighbor interpolation
method to re-sample the composite gap-free product at a 500 m resolution, in agreement with the spatial
resolution of the MODIS snow product. Then, we analyzed the re-sampled data from the SWE product
in Section 3.2.3 using local grid calculations. If the SWE value is 0, the corresponding cloud pixel is
classified as land with a value of 0; if the SWE value is higher than 0, the corresponding cloud pixel is
classified as snow with a value of 300.

3.2.5. Iterative Operation

On the basis of the gradual composite in the previous four steps, cloud pixels are almost completely
removed. However, in Sections 3.2.3 and 3.2.4, whether the FSC is unknown of those pure snow pixels
(value = 300) which need to be converted to FSCs by iterative calculations. The iterative calculations
replace the composite pure snow pixels on the specified day with the corresponding FSCs on the day
before and after. If a pixel is marked as 300, the FSC is calculated for the day before and the day after
to replace the pixel on the specified day, the mean FSC will instead of the pure snow pixel, and is
repeated until the pure snow pixels are completely converted to FSCs. Finally, a daily cloud-free FSC
product is formed with a 500 m resolution. The whole composite procedure is shown in Figure 3.

3.3. Validation

We use the high-resolution FSC map generated by the Landsat 8 OLI image as a true value to test the
accuracy of the cloud-free FSC product developed in this study. We performed statistical calculations
of the true value, the mean absolute error (MAE), root mean square error (RMSE), determination
coefficient (R?), and mean FSC between the two products, and we analyzed the accuracy of the
composite FSC product. The equations to calculate MAE, RMSE and R? are as follows:

1 N
MAE = WZ|FMODIS - FOLI| (2)
1
- Ly : ®)
RMSE = FZ(FMODIS _Fou)
1

2
[ZT: (F MODIS — F MODIS XF oLl — F OLI )}

R =— . (4)
le (F wopis — Fuoprs )2 ® Z (F oLr — E)z
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in which Fuopis is the FSC value in the composite cloud-free FSC map and Forr is the FSC value in the
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Figure 3. Flow chart for the daily cloud-free MODIS FSC product (The label from a—g
response to the same stages a—g in Figure 4).

4. Results
4.1. Effect of Cloud Removal

An example on 16 January 2014 is shown in Figure 4. The MODIS FSC standard product, MOD10A1
and MYDI10ATI are largely contaminated by cloud. For reference, the MOD10A1 cloud amount is
50.35%, and the MYDI10AT1 cloud amount is 47.61%. After merging the data from the morning and
afternoon, the daily composite product cloud amount is 39.97%. Following the SNOWL data process,
the cloud amount decreases to 3.05%, and 9.84% is re-classified as pure snow (300). Then, after
combination with AMSR2 data, the clouds are completely removed and pure snow (300) reaches 11.38%
(Figure 5). Figure 4 shows that the cloud-removal algorithm in this study can effectively remove cloud
contamination to obtain a daily cloud-free FSC product. Figure 5 shows the statistical results of the
MODIS cloud amounts in the morning and afternoon, and the degree of cloudiness decreased in different
composite steps during November 2013 to February 2014. During the composite process of the daily
cloud-free FSC product, cloud contamination is gradually removed, and the snow-covered area in the

map also gradually increases.
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Figure 4. Cloud cover map on 16 January 2014. (a) MOD10A1; (b) MYD10AT1; (¢) composite
morning and afternoon map; (d) day-before-and-after composite map; (¢) SNOWL with
cloud removed; (f) composite map with AMSR2; (g) daily cloud-free FSC product.
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Figure 5. Plots of mean snow and cloud amount ratios during the different composite stages
during November 2013 to February 2014. (a) MOD10A1; (b) MYDI10A1; (¢) morning and
afternoon composite map; (d) day-before-and-after composite map; (¢) SNOWL with cloud
removed; (f) composite map with AMSR2; (g) daily cloud-free FSC product.

4.2. Accuracy Test of the Daily Cloud-Free FSC Product

Since clouds are always changing in both position and extent, one place (or a group of pixels) which
is covered by cloud in the sometime is likely to be clear in the other time, and vice versa. We evaluated
the accuracy of the composite daily cloud-free FSC map based on the FSC image obtained from the
chosen cloud free Landsat 8 OLI. Only part of representative area as detail to show the effect of cloud
removal algorithm, the results are shown in Figure 6. The figure shows that the MODI0A1 and
MYDI10A1 images of the exhibition region are strongly affected by clouds on 16 January 2014.
Especially in the MYD10A1 image, the snow-covered area is almost completely blocked by clouds.
Based on the cloud-removal algorithm in this study, the resulting cloud-free FSC map agrees well with
the snow map given by Landsat 8 OLI, which demonstrates that the daily cloud-free FSC mapping
algorithm developed in this study is quite reliable. Figure 7 shows that both the MODI10A1 and
MYDI10A1 were influenced by cloud seriously. Clearly, the majority of the Chinese mainland was
covered by 50% cloudiness during November 2013 to February 2014. After cloud removal, the produced
daily cloud free FSC products improved the snow-covered area, obviously.
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Figure 6. Fractional snow cover map for 16 January 2014. (a) MOD10A1; (b) MYDI10ATL;
(¢) final composite snow map; (d) OLI snow map.
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Figure 7. The curves of snow and cloud cover area retrieved from MODI10A1, MYD10A1
and produced daily cloud free FSC products during November 2013 to February 2014
in China.
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Further accuracy analysis results are shown in Table 4. Table 4 compares our daily cloud-free FSC
product with the OLI FSC product under various land cover type conditions. The MAE and the RMSE
between the two are the lowest under the grassland covered condition are 0.04 and 0.13, respectively,
with the highest determination coefficient of 0.91. This is better than the results of Tang’s algorithm
conducted in Tibetan Plateau [45]. The accuracy under the shrublands and forest condition is not good,
and the two are not well correlated. The snow identification accuracy is always worse in shrublands and
forest area due to the influence of vegetation when using optical remote sensing [9,23,33]. The mean
absolute error and the RMSE of the cropland area are the highest, but the two are well correlated, with
the determination coefficient of 0.82. The overall mean absolute error and the RMSE are 0.20 and 0.29,
respectively. Also, the determination coefficient is 0.70. Figure 8 compares the FSC values given by
MODI10A1, MYDI10A1, the daily cloud-free FSC product and the OLI FSC product in different test
regions. The results show that the daily cloud-free FSC product improved the accuracy of snow-cover
area monitoring compared with MOD10A1 and MYDI10AL. In the grassland region, the obtained FSC
values generally agree with OLI snow map (the two values only differ by 0.45%), whereas in other regions,
the two results are quite different (the cropland region features the maximum difference of 12.31%).

Table 4. Error analysis of the produced daily cloud-free FSC products compared with OLI image.

Land Cover Types MAE RMSE R?
Shrublands and Forest 0.21 0.28 0.40
Grasslands 0.04 0.13 0.91
Croplands 0.32 0.46 0.82
Urban areas 0.22 0.32 0.65
Overall 0.20 0.29 0.70
100 _
O Daily cloud free FSC products
$ oLl
O MODIOAI
80} A MYDIOAL &

Shrublands and Forest ~ Grasslands Croplands Urban areas

Figure 8. The mean FSCs of the MOD10A1, MYDI0A1 and OLI image and the daily
cloud-free FSC mapping for different land cover types in the text area during November
2013 to February 2014.
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4.3. Error Analysis

Figures 9—11 show the effects of elevation, aspect, slope, and land roughness on the accuracy of the
produced daily cloud-free FSC product compared with Landsat 8 OLI snow map in shrublands and forest
(L1, L2 and L3), the cropland (L4, L5 and L6) and alpine grassland test regions (L7, L8 and L9),
respectively. The surface roughness was calculated by using the standard deviation of the elevation
values in a 3 x 3 pixels window [51]. Figure 9 shows that with increasing slope, land roughness and
elevation in the Northeast China forest region, the RMSE increases; in contrast, the effect of aspect is
not significant. Figure 10 shows that in the South China cropland region, the RMSE increases with
increasing slope and land roughness but decreases with increasing elevation. In contrast, the effects of
aspect exhibit no pattern. Figure 11 shows that in the alpine grassland region on the Tibetan Plateau, the
RMSE increases with increasing slope, land roughness and elevation, and the effect of aspect is
not significant.
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Figure 9. RMSE as a function of aspect, slope, roughness and elevation in shrublands and forest.
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5. Discussions

The general method for removing clouds in current optical remote sensing snow products is to
combine multi-day data. Using this process, clouds can be more effectively removed by increasing the
composite period while scarifying temporal resolution [31-33]. In addition, clouds can be completely
removed by directly incorporating microwave snow water equivalent data. However, due to the low
resolution of microwave data, this process results in a lower accuracy of the composite snow products.
In situations with large quantities of clouds, errors are much higher [36,37]. Thus, we developed this set
of cloud-removal algorithms primarily based on remote sensing data to combine the advantages of
different cloud-removal algorithms, which include microwave snow water equivalent data when it is
necessary to remove a large quantity of clouds. Our results show that the MODIS standard daily FSC
product is strongly affected by clouds. During November 2013 to February 2014, the averaged morning
and afternoon cloud amount in the MODIS snow product was approximately 50% for the studied regions
in China, and this product therefore cannot effectively calculate snow-covered areas. By removing
clouds using the cloud-removal method developed in this study, the cloud amount was sequentially
decreased, and after the data were combined with the AMSR2 snow water equivalent data, cloud pixels
were completely removed. Finally, a daily cloud-free FSC product for regions in China was obtained.

The FSC product obtained by the OLI sensor carried by the Landsat 8 satellite was used to test our
daily cloud-free FSC product. The test results show that in addition to the complete removal of clouds,
our product also effectively improves the accuracy of snow area monitoring. Compared to the OLI snow
cover map, the mean error of our daily cloud-free FSC product is 0.19, and the corresponding RMSE is
0.27. However, different land use types affect the accuracy of our product. The accuracy is highest in
the alpine grassland region and lowest in the forest region due to the effects of vegetation [18,49]. Due
to the heat island effect, snow melts relatively fast in urban regions. Additionally, the temporal difference
between MODIS and Landsat 8 results in large errors. The cropland test region studied here is mainly
located in South China with low snow quantities and high temperatures. Therefore, snow melts quickly
in this region, which leads to large errors.

In addition, terrain factors can also affect the accuracy of our daily cloud-free FSC product. We
compared the results of the produced daily cloud-free FSC product for different slopes, aspects, land
roughnesses and elevations by calculating the RMSE between the daily cloud-free FSC products and the
OLI snow map. The results show that with increasing slope, roughness and elevation, the RMSE also
increases; in contrast, the effect of aspect on the error is not significant. Hao et al. (2008) found that in
alpine areas such as Tibetan Plateau, the accuracy of snow classification is worse with the gradual
increase of altitude, mainly due to the serious snow fragmentation and terrain shadow. To improve the
accuracy of MODIS snow identification in the alpine areas, the moderate resolution of optical remote
sensing images must be first corrected for topography [52]. However, because landcover is used in
different ways in different regions, the associated effects are also variable, indicating that the accuracy
of snow information extraction is primarily affected by terrain factors. The different effects of land
surface parameters in different regions on the composite product are mainly caused by different
properties of snow in space and the terrain and climate conditions. There are three stable snow-covered
regions in China: northern Xinjiang, northeastern Inner Mongolia and the Tibetan Plateau snow-covered
area [4]. In contrast, snow occurs infrequently in South China and often in association with rain, which
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makes the snow melt quickly. Therefore, the capture of snowfall information and snow monitoring using
remote sensing data are difficult in this region. Additionally, snow monitoring in the forest region is also
a large problem. Although the snow monitoring accuracy can be improved by correcting the vegetation
index, the overall result is still not satisfying [9].

6. Conclusions

MODIS data are widely used in ecological, atmospheric and hydrological sensing areas because of
their high spatial and temporal resolution. Because optical sensors are strongly affected by clouds, an
effective statistical analysis of FSC cannot be realized based on snow cover products from optical
sensors. Combining these data with passive microwave data, which are unaffected by clouds, is an
effective way to improve the snow-covered area monitoring accuracy of the MODIS data. Based on the
MODIS standard daily FSC product released by NASA, we developed a daily cloud-free FSC mapping
algorithm by combining passive microwave data, the AMSR2 snow water equivalent product and digital
elevation data to construct a daily cloud-free FSC product for regions in China. We also tested the
accuracy of our daily cloud-free FSC product based on the higher accuracy snow map obtained from a
Landsat 8 OLI image.

To summarize, the accuracy of the daily cloud-free product obtained from this study is improved in
monitoring snow-covered area than that of the standard MODIS snow product (MODI0A1 and
MYDI10AT) compared with OLI FSC snow map, 20.6% and 10.2%, respectively. Furthermore, our
product completely removes the interference of clouds. The obtained snow area data can also be used as
reliable input parameters for certain hydrological and climate models. The composite product from this
study was developed based on existing products. The validation tests show that the snow area monitoring
accuracy of the standard MODIS product is not ideal in the forest and warm regions and needs to be
improved, which is also an effective way to improve the accuracy of our FSC product.
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