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Abstract: Accurate long-term snow-covered-area mapping is essential for climate change studies
and water resource management. The NOAA AVHRR/2 provides a unique data source for longterm, large-spatial-scale monitoring of snow-covered areas at a daily scale. However, the value of
AVHRR/2 in mapping snow-covered areas is limited, due to its lack of a shortwave infrared band
for snow/cloud discrimination. We simulated the reflectance in the 3.75 µm mid-infrared band
with a radiative transfer model and then developed three fractional-snow-cover retrieval algorithms
for AVHRR/2 imagery at 1 km and 5 km resolutions. These algorithms are based on the multiple
endmember spectral mixture analysis algorithm (MESMA), snow index (SI) algorithm, and nonsnow/snow two endmember model (TEM) algorithm. Evaluation and comparison of these algorithms
were performed using 313 scenarios that referenced snow-cover maps from Landsat-5/TM imagery
at 30 m resolution. For all the evaluation data, the MESMA algorithm outperformed the other two
algorithms, with an overall accuracy of 0.84 (0.85) and an RMSE of 0.23 (0.21) at the 1 km (5 km) scale.
Regarding the effect of land cover type, we found that the three AVHRR/2 fractional-snow-cover
retrieval algorithms have good accuracy in bare land, grassland, and Himalayan areas; however,
the accuracy decreases in forest areas due to the shading of snow by the canopy. Regarding the
topographic effect, the accuracy evaluation indices showed a decreasing and then increasing trend as
the elevation increased. The accuracy was worst in the 4000–5000 m range, which was due to the
severe snow fragmentation in the High Mountain Asia region; the early AVHRR/2 sensors could not
effectively monitor the snow cover in this region. In this study, by increasing the number of bands of
AVHRR/2 1 km data for fractional-snow-cover retrieval, a good foundation for subsequent long time
series kilometre- resolution snow-cover monitoring has been laid.
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1. Introduction
Snow cover is the most active element of the cryosphere, and its distribution and
change are important for the study of global climate change and the surface energy balance [1–3]. Snow cover has high albedo and low thermal conductivity and is therefore
a critical component of surface energy balance and global climate change feedback [4].
Snow cover is an important indicator of climate change because it covers a wide area and
is sensitive to temperature [5]. Approximately one third of the Earth’s land surface is
covered with snow and glacier, while approximately one sixth of the population depends
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on snow and glacier for survival [6,7]. Therefore, methods for realizing the long time series
monitoring of snow cover are particularly important.
Remote sensing allows for observations over long time periods and at large scales;
it is an important technical tool for snow-cover monitoring. Snow has unique spectral
characteristics in the visible and shortwave infrared bands that are easily distinguishable
from other land features [8–10]. Using these spectral properties, the snow-covered area
(SCA) can be effectively identified using multispectral sensors on board satellites, such
as the Thematic Mapper (TM) on board Landsat–5, the Advanced Very High Resolution
Radiometer (AVHRR) on board the National Oceanic and Atmospheric Administration
(NOAA) satellites, and the Moderate Resolution Imaging Spectroradiometer (MODIS) on
board Terra and Aqua [11,12]. Using these excellent sensors combined with the normalized
difference snow index (NDSI), binary snow cover can be effectively estimated [13]. However, due to the high altitude and strong heterogeneity, the snow in High Mountain Asia
region is thin and fragmented, which results in large errors when using only binary snowcover estimation. Therefore, it is particularly important to obtain subpixel snow-cover
information, known as fractional snow cover (FSC).
Scholars have conducted in-depth studies on fractional snow cover using several of
the sensors mentioned above. These studies can be broadly classified as using the snow
index algorithm [13,14], snow/no-snow reflectance interpolation algorithm [15], SCAmod
algorithm [16,17], mixed pixel decomposition algorithm [18–21], and machine learning
algorithms [22–27]. The snow index algorithm uses NDSI and fractional snow cover to
establish a linear relationship. Its simplicity and efficiency have led to its adoption by
MOD10A1 V5 [28,29]. However, this empirical relation algorithm is difficult to apply to
different global land surfaces due to the complex changes in land cover types, the physical
properties of snow cover, imaging geometric relations, and other factors [30]. The snow/nosnow reflectance interpolation algorithm [15] estimates fractional snow cover by linear
interpolation between non-snow signals and pure snow signals. However, the accuracy is
limited due to less dependent spectral information. The SCAmod algorithm [16,17,31] is
designed for forested areas and introduces transmittance to compensate for the effect of
the canopy. However, no-snow, pure snow reflectance, and canopy transmittance need to
be calculated separately. The mixed pixel decomposition algorithm uses snow, soil/rock,
and vegetation (with shadows) to perform a linear spectral mixture analysis of multiband
reflectance. This algorithm has a solid physical foundation, but the computational efficiency
is relatively low [20]. Machine learning algorithms use artificial neural network technology
to express the linear and nonlinear relationships between multiband reflectance and snow
cover under different ground and observation conditions. The algorithm is more accurate,
but it relies on training datasets, which are less generalizable and cannot be extended to
large regions.
NOAA/AVHRR has accumulated nearly 40 years of data and has been the only
means of continuously monitoring snow cover on a large scale and over long periods
of time. However, the AVHRR sensor bands are few and slightly coarse in resolution,
especially the early AVHRR/2, which lacks the 1.6 µm band needed for distinguishing
cloud and snow. This has led to relatively few snow studies being conducted, even
though scholars know that the sensor data are valuable. Existing snow-cover products
based on AVHRR data are binary; for example, the Japan Aerospace Exploration Agency
(JAXA) recently issued the Northern Hemisphere long-term snow-cover extent (SCE)
product JASMES [32], and Hao produced China’s long-term snow-cover extent (SCE)
product NIEER [33]. Although many scholars have investigated fractional snow cover
using AVHRR data, most of these studies remain at the algorithmic level. Slater [15]
used AVHRR observations to estimate fractional snow cover using the difference in NDVI
values between snow and non-snow areas in winter. Metsamaki [16,31] used a model of
snow reflectance in forest areas, which was an improvement over the linear interpolation
algorithm. Zhu [34] improved an automatic endmember extraction algorithm proposed
by Shi [35], based on MODIS reflectivity imagery, and applied it to AVHRR/2 1 km data.
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impact of global warming, strengthening the research on High Mountain Asia snow cover
and its surrounding areas is of great significance.
2.2. Advanced Very High Resolution Radiometer (AVHRR) Data
The data used in this study were acquired from an AVHRR sensor carried on board
the NOAA series of meteorological satellites. The AVHRR sensors of the NOAA series
satellites have been continuously conducting Earth observation missions since the launch
of the TIROS-N satellite in 1979. The original satellite resolution for AVHRR data is 1 km,
and these data are received and stored by satellite ground receiving stations around the
world. NOAA resamples the data to 5 km to simplify data transmission, then following a
series of pre-processing steps, the AVH09C1 5 km data are obtained. Subsequent studies
that use AVHRR are based on 5 km data. The AVHRR sensor used in this study is an
early generation 2 sensor named AVHRR/2. To evaluate the scale effects on the three
fractional-snow-cover retrieval algorithms, both 1 km and 5 km resolution data are used in
this study. The 1 km resolution data are the top-of-atmosphere (TOA) reflectivity data, and
the 5 km resolution data are the surface reflectivity (SR) data. The three time periods for
the data are November 1992 to March 1993, October 1995 to February 1996, and October
1996 to February 1997. The waveband settings are shown in Table 1 below.
Table 1. AVHRR/2 characteristics.
Band Number

Spectral Range (µm)

Central Wavelength
(µm)

Spatial Resolution
(km)

1
2
3
4
5

0.55–0.68
0.725–1.1
3.55–3.93
10.3–11.3
11.5–12.5

0.615
0.912
3.75
10.80
12.00

1/5
1/5
1
1/5
1/5

The 1 km resolution data of AVHRR/2 used in this study are the L1b-level data
acquired and pre-processed by the National Satellite Meteorological Center of the China
Meteorological Administration (http://data.nsmc.org.cn/(accessed on 5 March 2022)).
The dataset contains top-of-atmosphere (TOA) reflectivity data in the 1 and 2 bands and
brightness temperature data in the 3, 4, and 5 bands. Due to the lack of reflectivity data in
the 3.75 µm band, the radiative transfer model combined with the brightness temperature
of the 3 and 4 bands is used to estimate the reflectivity of the 3.75 µm band. Additionally,
this study uses the FLAASH atmospheric correction plug-in of the ENVI software from
ERSI to obtain the surface reflectance data for each reflectance band.
The 5 km resolution data of AVHRR/2 used in this study were taken from the
AVH09C1 surface reflectance value product produced by NASA’s Long-Term Data Record
team (https://ladsweb.modaps.eosdis.nasa.gov/ (accessed on 17 May 2021)). The latest
version of AVH09C1 is V5, which employs subsequent atmospheric correction, satellite
drift correction, and sensor radiation correction. The product has a spatial resolution of
5 km and a temporal resolution of 1 day. It contains surface reflectivity data in the 1, 2, and
3 bands and brightness temperature data in the 3, 4, and 5 bands and the QA band.
2.3. Landsat 4/5 Thematic Mapper (TM) Data
The Landsat 5 satellite, launched in 1984 by the United States, carries two main sensors:
the Multispectral Scanner (MSS) and the Thematic Mapper (TM). Landsat 5’s satellite data
have undergone a rigorous calibration process. The TM sensor passively senses solar
radiation reflected from the Earth’s surface and radiated thermal radiation; it has seven
bands covering a range of wavelengths from the visible to the infrared. Table 2 shows the
settings of the Landsat-5/TM band. Landsat-5/TM data have a spatial resolution of 30 m
and a temporal resolution of 16 days. Landsat-5/TM data are produced by the US Geological
Survey (USGS) and are available for free download worldwide (https://Earthexplorer.usgs.
gov (accessed on 5 March 2022)). The Landsat-5/TM atmospherically corrected surface
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reflectance product is used in this study. The Landsat-5/TM fractional snow cover is
calculated using the MESMA algorithm and is used as “ground truth” data to validate
the AVHRR/2 fractional-snow-cover retrieval results. The total number of Landsat 5/TM
images used for validation in this study was 313 scenes.
Table 2. Landsat-5/TM characteristics.
Band Number

Spectral Range (µm)

Central Wavelength
(µm)

Spatial Resolution
(km)

1
2
3
4
5
6
7

0.45–0.52
0.52–0.60
0.63–0.69
0.76–0.90
1.55–1.75
10.4–12.5
2.08–2.35

0.48
0.56
0.66
0.83
1.65
11.45
2.20

30 m
30 m
30 m
30 m
30 m
120 m
30 m

2.4. Auxiliary Data
To better evaluate the accuracy of the three fractional-snow-cover retrieval algorithms
at different spatial scales, some auxiliary types of information such as elevation data,
surface classification data, and spectral library information regarding typical features are
also used in this study. The elevation data used in this study are Shuttle Radar Topography
Mission (SRTM) digital elevation model (DEM) data (http://srtm.csi.cgiar.org (accessed on
15 October 2021)) [38], which have a spatial resolution of 30 m and are mainly used to correct
for topographic effects on the fractional-snow-cover retrieval of Landsat-5/TM data. The
land use/land cover (LULC) data derived from the 30 m Thematic Mapper (TM) imagery
classification were downloaded from the Data Center for Resources and Environmental
Sciences, Chinese Academy of Sciences (http://www.resdc.cn/ (accessed on 15 October
2021)). Its land cover types were further reduced to six categories [39]. The accuracy of
fractional-snow-cover retrieval results under different land surfaces was classified and
evaluated according to the classification results. Spectral library information used in this study
was obtained from the Johns Hopkins University spectral library (http://speclib.jpl.nasa.gov
(accessed on 15 October 2021)) [40].
3. Methodology
3.1. Simulated 3.75 µm Band Reflectance of AVHRR/2 1 km Data
Compared to other land feature classes such as clouds, etc., snow has unique spectral
characteristics. Generally, snow exhibits a high reflectance in the visible band (0.6 µm) and
a low reflectance in the shortwave infrared band (1.6 µm) and mid-infrared band (3.75 µm),
resulting in its unique spectral characteristics. The 1.6 µm band is extremely important
for the current snow-cover discrimination algorithm because, together with the 0.6 µm
band, it typically forms the normalized difference snow index (NDSI), which can effectively
distinguish snow from other land types and clouds. However, the AVHRR/2 sensor carried
by the NOAA satellite lacks the 1.6 µm band, thereby negating the ability of the sensor to
directly use the NDSI index for the fractional-snow-cover retrieval algorithm.
The AVHRR/2 data do not contain the 1.6 µm band, which is commonly used in
fractional-snow-cover retrieval algorithms. Therefore, the mid-infrared band at 3.75 µm
was used in this study instead. The radiation in the mid-infrared 3.75 µm band contains the
target’s own emission and the reflection of solar radiation [41]. Hence, when calculating the
reflectivity of the 3.75 µm band, the calculations for the emitted and reflected radiation in
this band must be separated. In this study, we used the radiative transfer method to extract
the reflectance in the mid-infrared 3.75 µm band with reference to the 5 km resolution
product. The method mainly uses the brightness temperature of the 10.8 µm and 3.75 µm
bands to obtain the reflectance of the 3.75 µm band through the radiative transfer equation.
The specific calculation method is shown in Equations (1) and (2), where SR3.75 denotes
the spectral reflectance of the 3.75 µm band and BT10.8 and BT3.75 denote the brightness
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3.2. Snow Index (SI) Algorithm
3.2. Snow Index (SI) Algorithm
The snow index algorithm is used to establish a linear relationship between the snow
The snow index algorithm is used to establish a linear relationship between the snow
index and fractional snow cover throughout the sample area, and then the relationship is
index and fractional snow cover throughout the sample area, and then the relationship is
further applied to the whole research area. For example, Kaufman developed a retrieval
relationship for fractional snow cover based on reflectance in the 0.66 µm and 2.1 µm
bands [42]. Due to the limitations of NDSI for fractional-snow-cover retrieval in forested
areas and the fact that previous relational equations did not select training samples in the
High Mountain Asia region, Wang (2021) constructed a combination of Universal Ratio
Snow Index (URSI) and NDSI indices to develop a dynamic linear empirical relational
equation applicable to the Tibetan Plateau region [30]. Salomonson and Appel used MODIS
and Landsat ETM+ data to establish a regression relationship between MODIS NDSI values
and fractional snow cover and applied this relationship to the previous version of the
official MODIS fractional-snow-cover product [13,14].
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However, most of the existing studies are based on MODIS data and Landsat TM/ETM+/OLI
data, in which the lack of a 1.6 µm band in AVHRR/2 generation prevents the construction of
the traditional snow index form, resulting in difficulties in applying this method. In this
study, we constructed the snow index (SI) using the visible band and the 3.75 µm band of
AVHRR/2 and then selected sample areas to establish the linear relationship between SI
and fractional snow cover using Landsat-5/TM and AVHRR/2 data. The locations of the
sample areas are shown in Figure 1. Equation (3) shows the formula for calculating the
AVHRR/2 snow index. In this study, relationships were constructed using 1 km and 5 km
resolution data: Equation (4) is the empirical relationship equation constructed at the 1 km
scale, and Equation (5) is the empirical relationship equation constructed at the 5 km scale.
SI =

SRV IS − SR MIR
SRV IS + SR MIR

(3)

FSC = 1.95 × SI − 0.12

(4)

FSC = 1.25 × SI − 0.05

(5)

where SI is the snow index of AVHRR/2, SRVIS is the reflectance in the visible band,
SRMIR is the reflectance in the mid-infrared band, and FSC is the fractional snow cover of
AVHRR/2.
3.3. Non-Snow/Snow Two Endmember Model (TEM) Algorithm
This method refers to the work of Wang [43] and Yang [44] on fractional-snow-cover
retrieval using the FY-2E/F VISSR sensor, using a non-snow/snow two-endmember model,
where the fractional snow cover is a linear interpolation of the snow endmember and
non-snow endmember in the visible wavelength band. Because the FY-2E/F VISSR sensor
has only one visible band, Wang also calculated the reflectivity of the mid-infrared band
using brightness temperatures in the mid-infrared band (3.5–4.0 µm) and the infrared band
(10.3–11.3 µm). Then, the fractional-snow-cover retrieval results of the FY-2E/F VISSR
sensor can be obtained by using the non-snow/snow two-endmember model algorithm.
The AVHRR/2 sensor band setting used in this study is similar to that of the FY-2E/F VISSR
sensor, with an additional near-infrared band, so there is no theoretical barrier to porting
this algorithm. The algorithm has the same selection rules for snow endmembers and nonsnow endmembers under different ground classes, except that the thresholds for each rule
are tailored according to the characteristics of the AVHRR/2 sensor. Table 3 below shows
the selection rules for snow and non-snow endmembers across AVHRR/2 categories.
Table 3. AVHRR/2 TEM algorithm endmember extraction rules.
Endmember

Rule for 1 km Data

Rule For 5 km Data

Full snow cover

SI > 0.70
RVIS > 0.2 for forest
RVIS > 0.25 for other land cover

SI > 0.75
RVIS > 0.5 for forest
RVIS > 0.6 for other land cover

Snow-free

SI < 0.50,
RVIS < 0.2 for grass and crop
RVIS < 0.25 for barren and forest

SI < 0.50,
RVIS < 0.5 for grass and crop
RVIS < 0.6 for barren and forest

3.4. Multiple Endmember Spectral Mixture Analysis Algorithm Based on the Automatic
Endmember Extraction (MESMA) Algorithm
Linear spectral mixing analysis is a commonly used spectral mixing model [45–47]
that is suitable for alpine areas with low vegetation cover and a large optical thickness of
snow [18,19]. The linear spectral mixture analysis model can be expressed by Equation (6),
where the number of endmembers is less than the number of bands, and the result is the
area ratio or abundance of each endmember via a least squares solution. In particular, to
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ensure the physical significance of the abundance, this ratio can be obtained using the fully
constrained least squares method [42], as shown in Equations (7) and (8).
N

Rλ =

∑ Fi Ri,λ + ε λ

(6)

i =1
N

∑ Fi = 1

(7)

Fi ≥ 0

(8)

i =1

where Fi is the area fraction of endmember i with reflectance Ri,λ at wavelength λ, N is the
number of endmembers, Rλ is the mixed pixel’s reflectance, and ελ is the residual error.
The MESMA method is a highly accurate method for estimating fractional snow cover
in MODIS [30,33,34], which selects vegetation and soil/rock endmembers from the spectral
database obtained from laboratory and field measurements and extracts snow endmembers
with different grain sizes and incident–observation geometries using radiative transfer
models. This algorithm uses the multi-endmember spectral mixture analysis method to
calculate the fractional snow cover, which has high precision but requires many computations. Shi [35] proposed an automatic endmember extraction algorithm based on MODIS
reflectivity images, which automatically selects endmembers from images using NDVI,
NDSI, and other indices. Zhu [34] improved this method by using typical or neighbouring
endmembers and solving them according to a two-endmember hybrid analysis model
to achieve faster, high-precision, automated fractional-snow-cover calculation. Since the
AVHRR/2 1 km data did not have reflectivity data in the 3.75 µm band, Zhu [30] could
use only the two-endmember hybrid analysis model. In this study, the 3.75 µm band
reflectance is calculated and combined with the reflectance of visible and near-infrared
bands to select three typical endmembers of snow, vegetation, and bare land. In this study,
various endmember extraction rules were adjusted for the characteristics of AVHRR/2 data
with different spatial resolutions, as shown in Table 4 below.
Table 4. AVHRR/2 MESMA algorithm endmember extraction rules.
Endmember

Rule For 1 Km Data

Rule For 5 Km Data

Snow

NDSI > 0.8 & NDVI < 0.05 & RVIS > 0.35

NDSI > 0.8 & NDVI < 0.2 & RVIS > 0.65

Vegetation

NDSI < 0.5 & NDVI > 0.1

NDSI < 0.2 & NDVI > 0.15

Bare land

NDSI < 0.3 & −0.15 < NDVI < 0

NDSI < 0.3 & −0.15 < NDVI < 0.1

3.5. Evaluation Metrics
To quantitatively evaluate the accuracy of the three fractional-snow-cover retrieval
algorithms at various spatial scales, in this study, we first aggregated the Landsat-5/TM
fractional-snow-cover retrieval results based on the MESMA algorithm at a 30 m resolution
to the corresponding spatial scales. Then, we selected three evaluation metrics: the overall
accuracy (OA), the root mean square error (RMSE), and the coefficient of determination
(R2 ), to evaluate the accuracy of the three fractional-snow-cover retrieval algorithms at
different scales. The evaluation metrics are defined as follows:
OA =
s
RMSE =
R2 =

TP + TN
TP + TN + FP + FN

(9)

1
( FSC AV HRR/2 − FSCLandsat−5/TM )2
N∑
N

(10)

[∑ ( FSC AV HRR/2 − FSC AV HRR/2 )( FSCLandsat−5/TM − FSCLandsat−5/TM )]2
2

∑ ( FSC AV HRR/2 − FSC AV HRR/2 ) ∑ ( FSCLandsat−5/TM − FSCLandsat−5/TM )

2

(11)
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where TP indicates true positives, TN indicates true negatives, FP indicates false positives,
FN indicates false negatives, FSCAVHRR/2 indicates the fractional snow cover derived
from the AVHRR/2 data, and FSCLandsat-5/TM similarly indicates the fractional snow cover
derived from the Landsat-5/TM data.
4. Results
To quantitatively evaluate the accuracy of the three AVHRR/2 fractional-snow-cover
retrieval algorithms at different spatial scales, a total of 313 Landsat-5 images were selected
as “ground truth” in this study for validation during the three winters. To better verify the
accuracy of the three AVHRR/2 fractional-snow-cover retrieval algorithms, the selection
rules for Landsat-5 images were as follows. QA marks of Landsat-5 images were used
to select cloud cover less than 10%. According to the retrieval results, images with a
snow-cover area accounting for more than 30% of the whole image were retained. To better
evaluate the sensitivity of the three AVHRR/2 fractional-snow-cover retrieval algorithms to
the surface types, we quantitatively evaluated the four surface type categories: bare ground,
grassland, forest, and Himalayan region. Additionally, the results of the 1 km fractionalsnow-cover retrieval were aggregated to the 5 km scale to investigate the influence of the
observed scale on the fractional-snow-cover retrieval algorithm.
4.1. Results and Evaluation in High Mountain Asia
As clouds identified in the QA index of AVHRR/2 5 km data would be overestimated [34], the MESMA and TEM algorithms could not select effective snow endmembers.
Therefore, Hao’s [33] cloud identification algorithm and relevant thresholds were selected
for cloud identification. In addition, there is no corresponding cloud identification product
for AVHHRR/2 1 km data, so the cloud identification algorithm and relevant thresholds of
Zhu [34] were selected for cloud identification. To better reflect the spatial distribution of
Remote Sens. 2022, 14,the
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Figure 3a shows the false colour image synthesized from AVHRR/2 1 km data in
bands 1, 2, and 3. The spatially uniform and bright white areas are water clouds, the spatially uneven and turquoise areas are snow or ice clouds, the green areas are vegetationcovered areas, and the grey or brown areas are bare ground areas. The red areas in Figure
3b–d are the areas identified as clouds. By comparing these figures with Figure 3a, we can
see that the cloud identification algorithm can effectively identify water clouds and some
ice clouds. By further analysing the fractional-snow-cover retrieval results in Figure 3b–
d, we find that the MESMA algorithm retrieval result in Figure 3b contains more spatial
details than the SI algorithm retrieval result in Figure 3c. Although the retrieval result of
the TEM algorithm represented in Figure 3d contains more spatial details than the retrieval result of the MESMA algorithm, the TEM algorithm is affected by satellite orbital

trieval result of the MESMA algorithm, the TEM algorithm is affected by satellite orbita
splicing, resulting in a certain degree of underestimation in some areas.
Figure 4a shows the false colour image synthesized from AVHRR/2 5 km data in
bands 1, 2, and 3. By comparing Figures 3a and 4a, we find that there are more spliced
tracks, which also lead to poorer cloud discrimination results in Figure 4b–d. In addition
of 17 i.e., the
by further considering Figure 4b–d, the same conclusion as Figure 3b–d is10found,
retrieval result of the MESMA algorithm is better.
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Figure 4. Comparison of the results from the three fractional-snow cover algorithms on the 5 km
scale for High Mountain Asia (25 January 1993): (a) the false colour image of AVHRR/2 Bands 1, 2,
and 3; (b) FSC from AVHRR/2 using the MESMA algorithm; (c) FSC from AVHRR/2 using the SI
algorithm; (d) FSC from AVHRR/2 using the TEM algorithm.

Figure 3a shows the false colour image synthesized from AVHRR/2 1 km data in bands
1, 2, and 3. The spatially uniform and bright white areas are water clouds, the spatially
uneven and turquoise areas are snow or ice clouds, the green areas are vegetation-covered
areas, and the grey or brown areas are bare ground areas. The red areas in Figure 3b–d
are the areas identified as clouds. By comparing these figures with Figure 3a, we can see
that the cloud identification algorithm can effectively identify water clouds and some ice
clouds. By further analysing the fractional-snow-cover retrieval results in Figure 3b–d, we
find that the MESMA algorithm retrieval result in Figure 3b contains more spatial details
than the SI algorithm retrieval result in Figure 3c. Although the retrieval result of the TEM
algorithm represented in Figure 3d contains more spatial details than the retrieval result of
the MESMA algorithm, the TEM algorithm is affected by satellite orbital splicing, resulting
in a certain degree of underestimation in some areas.
Figure 4a shows the false colour image synthesized from AVHRR/2 5 km data in
bands 1, 2, and 3. By comparing Figures 3a and 4a, we find that there are more spliced
tracks, which also lead to poorer cloud discrimination results in Figure 4b–d. In addition,
by further considering Figure 4b–d, the same conclusion as Figure 3b–d is found, i.e., the
retrieval result of the MESMA algorithm is better.
Due to the limited observation width of AVHRR/2, at least two tracks of images are
needed to cover the entire High Mountain Asia region. However, due to the different transit
times of the images from different tracks, there are obvious stitching seams and different
brightness values between the left and right sides of the images after stitching, although
the radiation is normalized. This also leads to a significant difference in the retrieval results
between the left and right sides of the stitching gap for the TEM algorithm, which relies on
single-band reflectivity, as shown in Figures 3d and 4d.
Figure 5 shows the comparison of the accuracy evaluation (OA, RMSE, R2 ) results
for the three AVHRR/2 fractional-snow-cover retrieval algorithms at the 1 km and 5 km
scales. As seen from Figure 5a,b, the MESMA algorithm has the best median RMSE at
both the 1 km and 5 km scales, reaching 0.24 at 1 km and 0.22 at 5 km. Additionally, there
are fewer outliers and generally lower values at the 1 km scale. The RMSE at the 5 km
scale is better than that at the 1 km scale, which is due to the reduction of errors in coarse
resolution caused by geo-positioning bias. According to the comparison results for the R2
indices in Figure 5c,d, the MESMA algorithm is the best at both observation scales, and
this algorithm is significantly superior to the other two algorithms at the 1 km scale. A
similar conclusion can be drawn by comparing the OA metrics in Figure 5e,f. The MESMA
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in Figure 5c,d, the MESMA algorithm is the best at both observation scales, and this algo
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conclusion can be drawn by comparing the OA metrics in Figure 5e,f. The MESMA algo
rithm outperforms the other two algorithms and can achieve a value of 0.85 at the 1 km
algorithmscale.
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km scale.
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Snow cover impacted by different surface types presents different characteristics; fo
example, snow cover under forest cover decreases in reflectance due to the shading i
forests, which leads to underestimation of snow cover in the region when this is not con
sidered. To quantitatively analyse the accuracy of the three AVHRR/2 fractional-snow
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snow recognition accuracy decreases to a certain extent as the elevation increases [36]. In
this study, the 313 scenes used to verify Landsat-5 images were divided into four catethis study, the 313 scenes used to verify Landsat-5 images were divided into four categogories according to altitude: 39 scenes from less than 3000 m, 25 scenes from 3000–4000 m,
ries according to altitude: 39 scenes from less than 3000 m, 25 scenes from 3000–4000 m,
108 scenes from 4000–5000 m, and 141 scenes from more than 5000 m. As mentioned previ108 scenes from 4000–5000 m, and 141 scenes from more than 5000 m. As mentioned previously, when selecting verification images, the set rule is that the proportion of snowcover area in the whole image should be more than 30%, and verification data are concentrated over three winters. In addition, the average altitude of High Mountain Asia is above
4000 m, so the altitude of the verification images is generally greater than 4000 m. The
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at the 5 km scale. However, comparing Figures 3a and 4a, we find that the quality of
15 of
AVHRR/2 observation data at the 1 km scale is better than that at the 5 km scale. To explore
the influence of the observation scale on the fractional-snow-cover retrieval algorithms
more reasonably, this study aggregates the snow cover results at the 1 km scale directly to
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also highlights the importance of high-resolution observations. The above results also
answer the question of whether the “upscaling followed by retrieval” approach is better
than the “retrieval followed by upscaling” approach, because the high-spatial-resolution
observations can capture more spatial details, and retrieval of the snow cover first can
better reflect these spatial details. If scaling is performed first, these spatial details will
be lost, and the estimation of the thin and fragmented snow for High Mountain Asia will
result in substantial errors.
6. Conclusions
AVHRR has accumulated valuable data for up to 40 years, making it an important tool
for long time series and large-scale snow monitoring. Since the early AVHRR/2 sensors
have only two reflectivity bands, it is difficult to carry out snow monitoring based on these
two bands, resulting in limited accuracy of the existing AVHRR/2 snow classification and
fractional-snow-cover retrieval algorithms. In this study, the reflectance in the 3.75 µm midinfrared band was simulated using a radiative transfer model, which is equivalent to adding
an observation to the AVHRR/2 sensor. Based on the reflectance information in three bands,
in this study, three fractional-snow-cover retrieval algorithms for the AVHRR/2 sensor were
developed. After the validation of high-spatial-resolution Landsat-5/TM images, it was
found that the MESMA algorithm outperformed the SI algorithm and the TEM algorithm
overall. This is because the MESMA algorithm combines the observed information from the
three bands, starting from the image where the snow retrieval is performed, and therefore
the results obtained are more reflective of the snow information in the image. In this study,
the effect of surface type on the snow retrieval algorithm was also investigated. The three
AVHRR/2 fractional-snow-cover retrieval algorithms had good accuracy for bare ground,
grassland, and Himalayan areas but were slightly less accurate in forested areas, due to the
shading of snow by the forest canopy. A follow-up study will be conducted for forested
areas to improve the overall accuracy of the MESMA algorithm. The average altitude of
High Mountain Asia is over 4000 m, and the terrain heterogeneity is strong, resulting in
thin and broken snow in this region. Classifying the altitude according to the gradient and
evaluating the accuracy according to the classification results demonstrated, based on the
results, that the accuracy evaluation of the three fractional-snow-cover retrieval algorithms
first decreased and then increased with increasing altitude, which is quite consistent with
the existing research. Through further analysis, it was found that the poor accuracy in the
range of 4000–5000 m was due to the severe snow fragmentation in this area; the early
AVHR/2 sensor could not effectively capture this snow feature due to its weak performance.
By studying the influence of scale effects on fractional-snow-cover retrieval algorithms, it
was found that high-spatial-resolution observations are important for snow monitoring,
and it can also be concluded that when performing snow-cover retrieval at different scales,
the best accuracy is achieved by first performing snow retrieval and then scale conversion.
The above research provides a good basis for the study of long-term and large-scale snow
monitoring in the High Mountain Asia region.
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