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An Adaptive Snow Identification Algorithm in the
Forests of Northeast China

Xiaoyan Wang

Abstract—Northeast China is one of the primary snow-covered
regions, and its forest coverage is over 40 %. Forest snow identifica-
tion is usually a challenging problem, and the SNOMAP algorithm
tends to underestimate the amount of snow cover in forest regions
for the lower normalized difference snow index. In this article, an
improved method of the snow-cover identification based on the
Landsat operational land imager is proposed. One improvement
includes using the normalized difference forest snow index (NDFSI)
to discriminate between snow-covered and snow-free forests. The
threshold value of the NDFSI in different forest types is set accord-
ing to the normalized difference vegetation index. On the other
hand, the sun elevation is very low in winter in Northeast China
with high latitude; as a result, the snow in shadow areas is usually
classified as liquid water for its low near-infrared reflectance in
the current SNOMAP algorithm. Then, another improvement is
introducing the land surface temperature, which is retrieved from
the thermal infrared band to distinguish liquid water from snow
in shadow areas. We applied this improved method to evaluate
forest areas in the Daxinganling, Xiaoxinganling, and Changbai
Mountain areas in different seasons. The total classification accu-
racy reached 97.5%, and the pixels that introduce omission error
and commission error were mainly distributed in areas of dense
forest shadows. This improved method retains the computational
simplicity and effectiveness of the SNOMAP algorithm in nonforest
areas and improves the underestimation of snow cover in forest
regions and shadow areas.

Index Terms—TForest, normalized difference snow index (NDSI),
Northeast China, remote sensing, snow cover.

1. INTRODUCTION

NOW cover is a critical component of the cryosphere and
S climate system, and it plays an important role in the global
energy balance and atmospheric circulation due to its high
albedo and low thermal conductivity [1], [2]. It is necessary
to accurately assess seasonal snow cover for understanding the
present and future climate, water cycle, and ecological changes
[3]-[11]. At present, several snow-cover area estimation algo-
rithms based on remote sensing have been developed, such as
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spectral mixture analysis [12]-[15], linear models of snow-cover
reflectance [16]-[18], and artificial neural networks [19], [20].
Although a broad variety of remotely sensed datasets and ad-
vanced snow-cover monitoring methods are available, the spatial
and temporal distributions of snow cover in forest regions remain
poorly understood [21]-[24].

SNOMAP is a popular binary snow/nonsnow mapping algo-
rithm for thematic mapper (TM), operation land imager (OLI),
advanced very high-resolution radiometer (AVHRR), and mod-
erate resolution imaging spectroradiometer (MODIS) images,
in which the normalized difference snow index (NDSI) plays a
key role in detecting snow cover [25]-[27]. The high reflectance
in the visible spectrum compared with that in the midinfrared
portion of the spectrum yields high NDSI values for snow
compared with other surface materials. For snow in forest areas,
sensors receive a mixed spectrum from snow and the forest
crown. Therefore, the NDSI, which was proposed based on the
spectral characteristics of snow in open areas, will not effec-
tively distinguish snow-covered forests from snow-free forests
[17].

Some studies have focused on snow-cover mapping in forest
areas, but the accuracy of the results requires further verifi-
cation. Klein et al. [28] proposed an additional criteria test
that incorporated NDSI and normalized difference vegetation
index (NDVI) values to classify snow-covered forest pixels.
However, the field boundaries of NDSI-NDVI values are not
very clear in Northeast China due to the complexity of the
forest. Adjusting the NDSI threshold downward would permit
more snow in forests to be mapped as snow, but in doing so,
nonsnow pixels may also be mapped as snow. A snow-cover
mapping method for forests, which is called SnowFrac, is a linear
spectral hybrid model based on snow cover, trees, and snow-free
ground to estimate the snow-cover area in forest regions [29],
[30]. The operation of this model requires high-precision forest
cover maps as prior knowledge. In the model of mapping the
fraction of snow-covered area in the boreal zone (SCAmod),
the fraction of snow cover (FSC) is a function of the satellite
observation reflectance of a single band, and the test results
for all watersheds in Finland with NOAA/AVHRR data showed
that the model can effectively estimate FSC in forest areas [31].
Czyzowska-Wisniewski et al. [32] developed the Landsat TM
FSC estimation method based on an artificial neural network
(ANN); the network uses up to 15 input parameters, such as the
reflectance of six bands, slope, aspect, and shade. The accuracy
of this algorithm is high in a small region, but it is not suitable for
snow identification in large-area forests due to its complexity.
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According to the spectral difference between snow-covered
and snow-free forest areas, an index named the normalized
difference forest snow index (NDFSI), defined as NDFSI =
(Pnir — Pswir)/ (Pnir + Pswir)» Was proposed for snow identifi-
cation in the upper Heihe River basin (UHRB) [33]. Combined
with a classification map, the overall accuracy of snow mapping
in forest regions can reach 93.92% with this method. A snow
mapping algorithm based on a combined multi-index technique
that combines the NDSI, NDFSI, and NDVI was developed and
applied to the mountainous forested areas of northern Xinjiang,
China [34]. In that application, the NDVI was added to prevent
dense vegetation with high NDFSI values from being classified
incorrectly as snow in forest areas. In forest regions, the total
accuracy of snow-cover mapping during the snowmelt period
was 93.2%. During the full snow-covered period, the method
based on the multi-index technique detected 94.5% of the snow
in forest regions. The dominant forest type in these two study
areas is evergreen coniferous forests.

Northeast China is one of the primary snow-covered regions
in China, and the forest coverage is over 40% [35]. The forests
are mainly distributed in the Daxinganling, Xiaoxinganling, and
Changbai Mountain areas. The forest types include evergreen
coniferous forests and deciduous forests. Understanding the
distribution and the melting trends of forest snow cover can
provide guidance for agriculture and forest management in
Northeast China. Landsat data at a resolution of 30 m are usually
used to validate MODIS snow products [36]-[39]; however,
the Landsat snow mapping results based on the SNOMAP
algorithm are unreliable in forest regions. In this study, we
selected typical forest areas from the Landsat OLI images of
Northeast China, analyzed the spectral characteristics of these
areas and the distribution of reflectivity index values for different
forest types in different seasons, and developed a high-accuracy
snow identification algorithm suitable for the forest areas of
Northeast China. This algorithm adds some rules to identify
snow in forest areas without detracting from the simplicity and
effectiveness of the SNOMAP algorithm in nonforest areas.

The rest of this article is organized as follows. Section II
describes the study area and the datasets used in this article.
Section III presents the methodology, and the experimental
results are given in Section IV. Finally, Section V concludes
this article.

II. STUDY AREA AND DATA

The study area is located in Northeast China, and the sites
represent a seasonally snow-covered boreal forest. In this area,
snow is usually from the end of November to the middle of
March and the snow cover is rather homogenous. The forest
coverage is over 40% in the study area, and Daxinganling,
Xiaoxinganling, and Changbai Mountains are the main forest
cover areas. Daxinganling is in the northern part of Northeast
China, which has a cold climate. The dominant forest types in
Daxinganling are deciduous species such as larch and birch.
Xiaoxinganling and Changbai Mountains are located in warmer
areas than Daxinganling, and the forest types are mainly temper-
ate coniferous and broad-leaved mixed forests. The dominant
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forests in Xiaoxinganling and Changbai Mountains are ever-
green species such as Korean pine, spruce, and fir, and there are
some deciduous broad-leaved forests with Mongolian oak and
birch [40]. Rich snow cover and forest diversity make Northeast
China an ideal region for forest snow research. The study area
is shown in Fig. 1.

The OLI images used in this study and descriptions of the real
scenes are listed in Table I. These images were acquired under
clear sky conditions in different seasons, including at fully snow-
covered, partially snow-covered, and snow-free times. Images
1-3 are of the Daxinganling area (L1 in Fig. 1). Images 46 are
of the Xiaoxinganling area (L2 in Fig. 1). Image 7 (L3 in Fig. 1)
and Image 8 (L4 in Fig. 1) are of the Changbai Mountain areas. A
GaoFen-1B Panchromatic Multispectral Sensor (GF-1B PMS)
image with a 2-m spatial resolution, which was acquired on
December 22, 2018, is used to verify the accuracy of the snow
identification results for the Image 7. High spatial resolution
Google Earth image was acquired on January 31, 2019, and
it will provide more detailed evaluation of snow identification
results for the Image 8.

III. SPECTRAL CHARACTERISTICS OF THE FORESTS
IN NORTHEAST CHINA

The regions of interest (ROIs) ROIl and ROI2 are chosen
to analyze the spectral characteristics of forest areas with and
without snow. The locations of ROIl and ROI2 are shown
in Fig. 1. ROI1 encompasses 40090 pixels and is located in
the Daxinganling area. The typical forest type in ROI1 is the
deciduous conifer forest. ROI2 includes 49 284 pixels and is
located in the Xiaoxinganling area. The typical forest type in
ROI2 is evergreen coniferous forest. Fig. 2 shows the typical
snow-covered forest landscapes of ROI1 and ROI2.

A. Reflection Characteristics of Forests With
and Without Snow

Fig. 3 shows the reflection spectrum curves of different forests
with and without snow. The red lines are drawn based on ROI1
in the Image 3 (fully snow covered) and Image 1 (without snow).
The blue lines are drawn based on ROI2 in the Image 6 (fully
snow covered) and Image 4 (without snow). Fig. 3 shows the
following trends.

1) In winter, if it is snow-free, deciduous forests exhibit
spectral characteristics that are more like soil than veg-
etation, and evergreen coniferous forests exhibit obvious
spectral characteristics of vegetation. Additionally, the
visible band reflectance of deciduous forests is higher than
that of evergreen coniferous forests.

2) When a forest is covered with snow, the reflectance in
the visible and near-infrared (NIR) bands will increased,
including for both evergreen and deciduous forests. More-
over, the shortwave infrared (SWIR) reflectance will de-
crease because of the high reflectance of snow in the
visible/NIR bands and the high absorption in the SWIR
band.

3) Deciduous forests have higher transmittance than ever-
green coniferous forests, and the reflectance in visible
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Fig. 2.
December 30, 2018, and (b) ROI2, acquired on January 10, 2018.

Typical snow-covered forest landscapes of (a) ROII, acquired on

bands is higher for deciduous forests than for evergreen
forests, whether the area is snow free or snow covered.

4) An interesting finding is that the reflectance in the NIR
band is the same in these two forest types both with snow
and without snow.

Land cover map of Northeast China and OLI images used in the experiments.

B. Reflection Indexes of Forests With and Without Snow

In open areas, the NDSI was built to discriminate be-
tween snow and other surface cover and between snow and
clouds. However, it does not discriminate between snow-
covered and snow-free forest areas. The NDFSI, defined as
(Pnir — Pswir)/ (Pnir + Pswir)> can capture the increase in NIR
reflectance and decrease in SWIR reflectance and was success-
fully used as a snow detector for the Qinghai spruce forest area
of the UHRB [33] and the Siberian spruce forest area in northern
Xinjiang, China [34]. These two forests are both evergreen
coniferous forests.

Northeast China includes abundant forest resources, including
deciduous forests, evergreen coniferous forests, and mixed
forests. Fig. 4(a) and (b) shows the NDFSI histograms of
ROI1 and ROI2 with and without snow. Whether the forest
is a deciduous forest or an evergreen coniferous forest, the
distribution of NDFSI values obviously differs between
forest with and without snow. Therefore, it is possible to
distinguish snow-covered and snow-free forest areas by setting
an appropriate NDFSI threshold value.
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TABLE I
LANDSAT OLI IMAGES USED IN THE SNOW IDENTIFICATION EXPERIMENTS
Date (year/
Image Path/row month/day) Snow coverage
1 2017/09/21 no snow cover
122/025 i
2 (L1 in Fig. 1) 2017/10/23 partially snow covered
3 2018/12/29 fully snow covered
4 2018/10/07 no snow cover
117/027 i
5 (L2 in Fig. 1) 2018/03/29 partially snow covered
6 2018/01/24 fully snow covered
116/030 i
7 (L3 in Fig, 1) 2018/12/19 partially snow covered
115/030 .
8 (L4 in Fig. 1) 2019/01/29 partially snow covered
GF-1B 2018/12/22 partially snow covered, used to evaluate the snow
identification result of Image 7
Google 2019/01/31 partially snow _cove‘red, used to evaluate the snow
earth identification result of Image 8
0.3 T T | T T
——evergreen forest without snow
—*—evergreen forest with snow
0.25 ——deciduous forest without snow |
—*—deciduous forest with snow
0.2
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Fig. 3. Forests reflectance of ROI1 and ROI2 in OLI images with and without snow.

However, the NDFSI threshold values are different for these
two forest types. In evergreen coniferous forests, the NDFSI
threshold value is 0.4, as shown in Fig. 4(a), which is consistent
with the value used in previous studies of the Qinghai spruce
forest in the UHRB [33] and Siberian spruce forest in northern
Xinjiang, China [34]. In deciduous forest areas, the NDFSI

threshold value is 0.2, as shown in Fig. 4(b). Therefore, setting
the NDFSI threshold value to distinguish snow in forests is
challenging when accurate land cover map is not available to
provide auxiliary data.

Fig. 4(c) shows that when forests are covered with snow, the
NDVI value in evergreen coniferous forests (>0.3) is higher than
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that in deciduous larch forests (<0.2). Therefore, it is feasible
to set the NDFSI threshold value according to the NDVI.

C. Methodology of Snow Identification in Forest Areas

As noted in Section III-B, the NDFSI is an effective index
for detecting snow in both deciduous and evergreen coniferous

0.8 1

0.6

0.4
NDVI in snow covered deciduous and evergreen coniferous forest
(c)

Distributions of the NDFSI and NDVI in forests with snow and without snow.

forests, and the NDFSI threshold value is different in these two
forest types and can be set based on the NDVI. Thus, an improved
snow identification method is proposed for Northeast China,
which has high forest coverage. This method is based on the
SNOMAP algorithm, and some improvements have been made
for forest regions and shade areas. The flowchart of the algorithm
is shown in Fig. 5.
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Flow chart of the snow identification algorithm.

According to SNOMAP, the NDSI threshold is set to
0.4, with NIR>0.11. The NIR threshold is set to exclude
liquid water that may also have high NDSI values. In
forest regions at high latitudes, the large solar zenith angle
creates shadows in winter. Snow in forest shadow areas
usually has a high NDSI value, but the NIR reflectance
may be low so that it is recognized mistakenly as liquid
water. In the improved algorithm, a temperature mask is
added. For pixels with NDSI>0.4, if 7<0 °C, they will
be classified as snow even if with NIR<0.11, that is snow
2 in Fig. 5. Here, T is the temperature, which is retrieved
from the thermal infrared band of the OLI.

Pixels with NDSI<0.4 must be further evaluated to de-
termine whether they are snow in forest areas. Here, the
NDFSI index is used for further evaluation. Wang er al.
noted that dense vegetation in summer is usually with a
high NDVI and a high NDFSI [34], so the pixels with
NDVI >0.6 are recognized as snow free. Whether an open
area or a forest area, the NDSI is always greater than 0O
when an area is covered with snow. Therefore, only the

- Snow in deciduous forest

pixels with NDSI>0 and NDVI<0.6 are included in the
identification process.

3) According to Fig. 4(c), the threshold value of the NDVI is
set to be 0.25. For pixels with NDVI values greater than
0.25, the threshold of the NDFSI is set to 0.4 to determine
if there is snow in evergreen coniferous forest areas. When
the NDVI value is less than 0.25, the NDFSI is set to 0.2
to distinguish snow-covered deciduous forest from snow-
free forest.

IV. RESULTS

To acquirethe actual snow cover extent for the entire area is not
possible, either through fieldobservations or aerial photography,
so two simplifying assumptions are made. In Daxinganling and
Xiaoxinganling area, the snow cover is assumed to be 100% in
the winter scenes (Images 3 and 6) and 0% for the early autumn
scenes (Images 1 and 4). These assumptions are consistent with
the local meteorological data and were visually confirmed. With
these two assumptions, a quantitative evaluation of the accuracy



WANG et al.: ADAPTIVE SNOW IDENTIFICATION ALGORITHM IN THE FORESTS OF NORTHEAST CHINA

121°E 122°E

122°E

121°E
©

Fig. 6.

5217

121°E 122°E

50°N

(d)

snow 3 snow 4

OLI Images (combined with the NIR, red, and green bands) and snow identification results. (a) OLI Image 2, acquired on October 23, 2017. (b) OLI

Image 3, acquired on December 29, 2018. (c) Snow identification result of Image 2. (d) Snow identification result of the Image 3.

of the modified snow-cover mapping algorithm is possible. The
experiment was performed based on images with partial snow
cover (Images 2 and 5), and the validation of the results was
based on visual interpretation. The snow identification results
for the Image 7 were validated with a GF-1B PMS image
(with 2-m spatial resolution) that was acquired at nearly the
same time as the Image 7. Google Earth Image with very high
spatial resolution will give more detailed evaluation of snow
identification results for the Image 8.

A. Experiment With the Images in the Daxinganling Area

The improved snow identification method was implemented
to investigate OLI images (Images 1-3) in the Daxinganling
area. Image 1 was acquired in September, and there was no
snow. The pixels classified as snow account for only 0.005% of
all pixels; that is, the commission error is close to 0.

Image 2 [see Fig. 6(a)] was acquired at the end of autumn,
and some forest areas are covered with snow. The detected snow
was overlaid with Image 2, and the result [see Fig. 6(c)] visually
matches the OLI image.

In the Image 3 [see Fig. 6(b)], the forests are covered
with snow, and small snow-free areas are located along roads
and streets in urban areas. The snow identification result [see

Fig. 6(d)] is consistent with the real scene. In total, 2.78% of total
pixels in Fig. 6(d) do not contain snow, and most are distributed
along roads and streets in urban areas; these pixels are accurately
classified. Therefore, the omission error is far less than 2.78%.

B. Experiment With the Images in the Xiaoxinganling Area

The same method is used to evaluate the images of the
Xiaoxinganling area in different seasons. There is no snow in
the real scene of the Image 4, and only 0.07% of pixels are
classified as snow. For images with partial snow cover, the snow
identification result [see Fig. 7(c)] visually matches the Image 5
[see Fig. 7(a)]. Image 6 [see Fig. 7(b)] is almost entirely covered
with snow, and the snow mapping result is shown in Fig. 7(d).
The pixels recognized as no snow are mainly distributed along
city roads and in the shadowed areas of the evergreen coniferous
forest, and they account for 1.02% of the entire image. In this
case, the omission error is less than 1.02%.

C. Experiment With the Images in the Changbai
Mountain Areas

The forest in the Changbai Mountain areas is a mixed forest
of broad deciduous and Korean pine trees, and Fig. 8(a) shows
a typical forest scene. The OLI image (Image 7) acquired on
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Fig. 9. (a) OLI image of the Image 7 and GF-1B PMS image. (b) Magnification of the GF-1B in the position A. (c) Binary snow identification result in the
position A.

TABLE II
CONFUSION MATRIX

Ground Truth
Snow snow free total
Classification SNOwW 8554 97 8651
snow free 410 11314 11724
total 8964 11411 20375

Fig. 10.  (a) Overlap of snow 2 and Image 3. (b) Magnification of the OLI image of zone A. (c) Magnification of the OLI image with the snow 2 overlapping with
zone A.
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Fig. 11.  (a) Snow identification result of the Image 6. Real scene at (b) point A and (c) point B.

©




5220 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020
TABLE III
REFLECTANCE INDEXES AND SNOW IDENTIFICATION RESULTS
ROI  NDSI NDFSI  NDVI  Decision condition Classified result
R1 0.10 0.26 0.19 NDSI<0.4 Snow 4 (snow in deciduous forest)
NDVI<0.25 & NDFSI>0.20
R2 0.31 0.53 0.40 NDSI<0.4 Snow 3 (snow in evergreen coniferous forest)
NDVI>0.25 & NDFSI>0.20
R3 0.15 0.42 0.28 NDSI<0.4 Snow 3 (snow in evergreen coniferous forest)
NDVI>0.25 & NDFSI>0.20
R4 0.03 0.28 0.23 NDSI<0.4 Snow 4 (snow in deciduous forest)
NDVI<0.25 & NDFSI>0.20
RS -0.53 -0.12 0.26 NDSI<0 No Snow
R6 -0.04 0.43 0.56 NDSI<0 No snow
R7 -0.35 0.01 0.34 NDSI<0 No snow
RS -0.05 0.14 0.33 NDSI<0 No snow
128°56'E 129°0'E
7 Z
o0 o0
vy vy
& &
- -
Z Z
a4 a
& &
- <+
128°56'E 129°0'E
(a)
(b)
Fig. 12.  (a) Google Earth Image. (b) Typical ROIs.

December 19, 2018, is shown in Fig. 8(b). Fig. 8(c) shows the
overlapping detected snow and forest snow areas in the Image
7, which visually matches the OLI image. Snow in the forest
areas is correctly identified, and the algorithm does not introduce
commission errors in open areas. There is no obvious boundary
between snow in evergreen coniferous forest (snow 3) and snow
in deciduous forest (snow 4); which indicates that, the forest
type is mainly mixed forest in this area.

To further verify the snow identification accuracy, a GF-1B
PMS image with resolution of 2 m was chosen for quantitative
assessment. Fig. 9(a) shows the GF-1B PMS image, a magnifi-
cation of position A, and the binary snow identification results.
In Fig. 9(b), the distribution of snow is very clear in forested
areas, and Fig. 9(c) matches very well with Fig. 9(b).

Furthermore, the snow identification accuracy in forest areas
is evaluated by a confusion matrix using ground-truth ROIs.
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Table II shows the confusion matrix. According to Table II, the
total accuracy is 97.5%, and the Kappa coefficient is 0.95. The
commission and omission error of snow is 1.12% and 4.57%,
respectively.

V. DISCUSSION
A. Snow Identification in Forest Shadowed Areas

In this article, a temperature mask is added to avoid snow in
shadowed forest that is mistakenly classified as liquid water. In
Fig. 10(a), snow 2 overlaps to the Image 3, meaning that, the red
pixels are those with NDSI>0.4, NIR<0.11, and 7<0 °C. In the
magnification, those pixels are clearly located in the shadowed
forest area and snow-covered area. The statistical results show
that those red pixels account for 9.2%, and the mean values of the
NDSI, NIR reflectance, and land surface temperature (LST) is
0.70,0.05, and =25 C, respectively. According to the SNOMAP
without a temperature mask, those pixels will be classified as
liquid water. Thus, this improvement can effectively reduce the
snow omission error in shadowed forest regions at high latitudes.

B. Snow Identification in Different Forest Types

Fig. 11(a) is the snow identification results of the Image 6,
which shows that snow in nonforest areas (red pixels) can be
detected with the SNOMAP algorithm, and a large amount of
forest snow is detected by the improved algorithm in this article.
Snow in different forest types is detected with different NDFSI
and NDVI threshold values. Snow 3 in the flow chart is snow
in the evergreen coniferous forest, and snow 4 is snow in the
deciduous forest. After using the ENVI tool “clip the view to
Google Earth” to evaluate the snow identification result of the
Image 6, the results are consistent with the actual scene.

To further evaluate this improved algorithm, different forest
ROIs (R1-R8) are analyzed. Fig. 12 shows the Google Earth
Image acquired on January 31, 2019 and the magnification of
R1-R8. The distribution of snow and forest types in R1-R8
is very clear. Table III provides the corresponding reflectance
indexes of R1-R8 in the OLI Image 8 and the snow identification
results, and it shows that R1-R8 are all classified correctly
according the improved algorithm.

In this algorithm, besides NDSI threshold, NDFSI and NDVI
thresholds are needed to detect snow in different forest. How-
ever, too many thresholds increase the uncertainty of an al-
gorithm. This algorithm is effective in Northeast China; its
effectivity in other complex forest regions needs to be further
tested.

VI. CONCLUSION

Snow cover in forest areas will be underestimated based on the
SNOMAP algorithm. According to the spectrum characteristics
of different forests, an improved snow identification algorithm is
proposed and implemented to investigate the main forest regions
in Northeast China. In addition to detecting snow in open areas
with the NDSI, this algorithm combines the NDFSI and NDVI
to determine whether a forest area is covered with snow. The
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NDFSI threshold value is different for deciduous and evergreen
coniferous forests, and it can be set based on the NDVI value.

This improved method is used to analyze OLI images of the
Daxinganling, Xiaoxinganling, and Changbai Mountains. In the
winter images of the Daxinganling and Xiaoxinganling areas,
which are fully snow covered, the omission error is less than
1%. In the autumn images without snow, the commission error
is near 0. The snow identification results for the images with
partial snow cover visually match the OLI images. Finally, the
snow identification results for the Changbai Mountain areas are
verified using a GF-1B PMS image with a 2-m spatial resolution,
and the accuracy is as high as 97.5%. The Google Earth Image
provides more detailed evaluation for typical ROIs, and the
identification results are consistent with the real scene. The
pixels that introduce errors are mainly distributed in areas of
dense shadowed forest. Because of the low transmittance of the
dense evergreen coniferous forest, the reflectance is very low
in the corresponding shadow areas. Therefore, a small change
in the reflectance can cause the reflectance indexes to fluctuate
largely and introduce errors in the snow identification results.
This issue is a defect of optical remote sensing. Fortunately, the
proportion of these pixels is very small, and the total accuracy
is still high enough for most agriculture and forest management
applications.

In general, the improved snow identification method remains
effective for SNOMAP in open areas and increases the classifica-
tion accuracy in forest regions, regardless of whether the forestis
adeciduous, evergreen coniferous, or mixed forest. Furthermore,
this approach does not require a land cover map as auxiliary data;
therefore, it is a simple, effective snow identification method for
forest regions.
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