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Abstract Snow density is of paramount importance in water resource management, snow avalanche
warning, and climate change research. However, the lack of competent methods for long-term and vast-scale
snow density mapping persists due to the intricate spatiotemporal dependencies inherent in snow density,
resulting in scarce and inaccurate snow density products. To address this challenge, a spatiotemporal random
forest (STRF) model is constructed by leveraging in-situ measurements, multisource remote sensing, and
reanalysis data. It tackles the spatiotemporal dependencies in snow density arising from its inherent
heterogeneity and the relations involving snow density and nonlinearly connected meteorological, terrain,
vegetation, and snow-related factors. The effectiveness of the model is substantiated through rigorous validation
methods, including random, temporal, and spatial block cross-validations as well as independent validation,
apparently surpassing ERA5-Land snow density. The estimated snow density is also demonstrated to be able to
improve existing snow water equivalent data set using fixed snow density. Utilizing the proposed model, a data
set of daily 25-km snow density from 1980 to 2018 is constructed for stable snow cover areas in China, which
holds significant potential for research and applications in the realm of snow hydrology.

Plain Language Summary Snow density plays a crucial role in managing water resources and
issuing snow avalanche warnings. Snow density exhibits great spatiotemporal dependent structure due to its
spatiotemporal heterogeneity and its relations with various influencing factors, which pose challenges to
mapping long-term and large-scale snow density. This leads to a scarcity of accurate snow density products. To
tackle this issue, we develope a spatiotemporal random forest (STRF) model by combining ground
measurements, remote sensing sources, and reanalysis data. Notably, our model shows impressive results
apparently outperforming the ERAS5-Land snow density data set. Our estimated snow density can also enhance
existing snow water equivalent data set that rely on fixed snow density. Using our model, we produce a data set
of daily 25-km snow density from 1980 to 2018 for stable snow cover areas in China. This data set holds
significant potential for research and practical applications in the field of snow hydrology.

1. Introduction

Snow density serves as a pivotal parameter in the snowpack, impacting its thermal, mechanical, and optical
characteristics. It plays a prominent role in substantial snow-related studies and applications, such as water
resource management, snow avalanche warning, and weather and climate forecasting (Wang et al., 2023). Snow
density exhibits morbid spatiotemporal heterogeneity, which manifests across various stages of snow evolution
(McCreight & Small, 2014; Yang et al., 2019). However, in many snow-related studied and applications, snow
density is often treated as a fixed value due to limited knowledge about its distribution, especially for snow water
equivalent (SWE) estimation, which highly influences the accuracy of SWE products obtained through passive
microwave remote sensing (Yang, Jiang & Lemmetyinen et al., 2020; Yang, Jiang & Luojus et al., 2020; Zar-
emehrjardy et al., 2021). A recent study revealed that dynamic snow density obtained by simple interpolation
techniques could improve the accuracy of SWE products by 16% (Venildinen et al., 2023). Accordingly, a
comprehensive understanding of dynamics snow density is urgent for advancing insights into hydrological
processes (Gao, Li, Zhang & Chen et al., 2022; Gao, Li, Zhang & Zeng et al., 2022).

Ground station observations are considered as the most convenient and accurate method for obtaining snow
density, and are frequently utilized to investigate the spatiotemporal distribution of snow density (Hao
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etal., 2021). However, these ground observations usually succumb to scarce and unbalanced station distributions,
rendering it impractical to obtain large-scale spatiotemporal snow density data. An alternative approach involves
deriving consecutive snow density using physical models, such as SNOWPACK (Lehning et al., 2002), Crocus
(Durand et al., 1999), and ASNOW (Fontrodona-Bach et al., 2023). These models can effectively simulate diverse
snow variables including snow density. However, due to their high complexity and the need for a large volume of
atmospheric forcing, these models become time-consuming and computationally expensive when applied to vast-
scale snow density mapping (Raleigh & Small, 2017).

Other studies usually invert snow density based on microwave remote sensing. For example, Li et al. (2022)
inverted dry snow density based on C-band synthetic aperture radar data (R = 0.868), which considers both snow
ground interface scattering and volume scattering. Gao et al. (2023) employed Soil Moisture Ocean Salinity
satellite radiometer observations and considered the forest influence to estimate snow density. However, despite
these efforts, there are currently no available snow density products derived from remote sensing measurements
owing to the multiparameter morbid inversion problem (Gao, Li, Zhang & Chen et al., 2022; Gao, Li, Zhang &
Zeng et al., 2022). Besides, current studies usually use statistical models to estimate snow density by incorpo-
rating climatic and snow-related variables, such as linear regression model (Valt et al., 2018), Bayesian model
(Bruland et al., 2015; Sturm et al., 2010), and artificial neural network model (Broxton et al., 2019). Despite the
potential for these statistical models to extrapolate snow density, their accuracy has proven unsatisfactory due to
the neglect of spatiotemporal dependent structure inherent in snow density.

The spatiotemporal dependent structure inherent in snow density encompasses its spatiotemporal heterogeneity
and its relations with influencing factors. Snow density is sensitive to temporal variation owing to climatic
variation (Jonas et al., 2009; Svoma, 2011), and has abundant spatial variation caused by the interaction with
variables, such as topography, land cover, radiation, and wind (Elder et al., 1998; Griinewald et al., 2010).
Moreover, snow density and its influencing factors exhibit complex relations that display spatiotemporal het-
erogeneity and are hardly stationary (Dai & Che, 2011). These spatiotemporal heterogeneities in snow density and
their relations with influencing factors collectively create the spatiotemporal dependent structure inherent in snow
density. It is essential to carefully consider this structure in statistical models to avoid violating the assumption of
independence and the potential for overfitting, especially for extrapolations (Roberts et al., 2017). Although
spatiotemporal interpolation methods hold the potential to depict spatiotemporal heterogeneity of snow density,
such as kriging interpolation and inverse distance interpolation (Goovaerts, 1997; Shepard, 1968), they are unable
to figure out the nonlinear relations between snow density and influencing factors. In addition, since the observed
values are involved in inference, interpolation methods fail to achieve long-term mapping when the temporal
range of the observed samples is limited.

The typical statistical solution to address this problem involves applying suitable parametric models that explain
the respective dependent structure, such as spatial or temporal autoregressive models and phylogenetic least
squared regression. For example, Wang et al. (2023) made progress in mapping snow density by considering the
spatiotemporal dependent structure inherent in snow density based on the geographically and temporally
weighted neural network (GTWNN). However, the GTWNN model is an interpolation model, which achieves
inferencing unobserved snow density by exploring the spatiotemporal similarity between the unobserved site and
its nearby observed samples. Hence, the observed samples are directly involved in the inference process. This
leads to two defects: (a) the inference performance would highly depend on the distribution of observed samples,
where the sparse distribution would result in inferior inference performance; (b) the GTWNN model is not able to
achieve snow density inference when there are no observed samples, where the GTWNN model can only obtain
snow density maps from 2013 to 2018 in China because of the limited observation conditions, and snow density
maps outside these years could not be obtained by GTWNN model.

Current approaches are limited by complexity or structural problems as well as challenges from the spatiotem-
poral dependent structure inherent in snow density, which leads to rare and unsatisfactory performance of snow
density data. The only three available reanalysis snow density data sets are provided by the European Center for
Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System, including European Reanalysis
(ERA)-Interim, ERAS, and ERAS5-Land, which have varying degrees of estimation errors in China (Gao, Li,
Zhang & Chen et al., 2022; Gao, Li, Zhang & Zeng et al., 2022) and hardly meet the needs of hydrological
applications.
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In this study, we aim to establish a spatiotemporal model capable of producing extensive and long-term snow
density maps by capturing the complex relations between snow density and its various influencing factors. The
ensemble learning approach Random Forests (RF) (Breiman, 2001) with strong adaptability and nonlinear
processing capacity even in multi-collinearity situations is introduced to spatiotemporally extrapolate snow
density. In addition, diverse spatiotemporal covariates derived from influencing factors and spatiotemporal in-
formation are imbedded in the model to address the spatiotemporal dependent structure inherent in snow density.
The main objectives are (a) to construct an RF model for estimating dynamic snow density by handling the
nonlinear relations derived from snow density with its influencing factors, (b) to propose effective spatiotemporal
covariates for characterizing the spatiotemporal dependent structure inherent in snow density, and (c) to derive
daily snow density product from 1980 to 2018 using the proposed model to better assess the spatiotemporal
patterns of snow density across China.

2. Materials and Methods
2.1. Ground Observation

Snow shows strong spatiotemporal heterogeneity in China, with abundant snow concentrated in three stable snow
cover areas, including Xinjiang (XJ), Northeast-Inner Mongolia (NIM), and the Qinghai-Tibetan Plateau (QTP)
snow cover areas (Huang et al., 2016). The three areas cover 27% of the snow cover areas of the country in winter,
according to the multiyear average data. The snow cover over the three areas is located on different land cover
types and has unique climatology distinguished from each other, which leads to distinct snow characteristics and
therefore poses R? a great challenge to snow density estimation.

NIM has diverse and uneven land cover types, where forest, grassland, and cropland are dominant. Forest
coverage accounts for 40% of NIM and often has relatively deep snow, which is a large source of uncertainty for
snow variable estimation (Che et al., 2016). The southern and northern parts of XJ are mainly grassland, while the
central part is mainly desert, baer land, and mountains (Ran et al., 2012). Relatively thick snow cover and complex
mountains are mainly distributed in northern XJ with the highest annual average snow depth among the three
stable snow cover areas (Huang et al., 2019; Yang, Jiang & Luojus et al., 2020; Yang, Jiang & Lemmetyinen
et al., 2020). QTP is characterized by complex terrain with an average elevation above 4,000 m and a relatively
minimum annual snow depth of approximately 5 cm (Dai et al., 2018). The spatial distribution of snow cover in
QTP highly depends upon the complicated terrains and available moisture sources (Pu et al., 2007; Pu &
Xu, 2009).

Daily ground snow depth and snow pressure observations of 233 stations from China Meteorological Admin-
istration are gathered to calculate snow density (g/cm3) and SWE (mm) (Figure 1). These observations span three
stable snow cover areas and cover the period from 2013 to 2018. A total of 12,868 ground snow density samples
are collected to train and validate the proposed model, in which 90% samples from 47.5% stations and the sample
numbers of 43% stations are lower than 20, indicating the high spatial heterogeneity of station distribution and
challenge for spatial modeling. In addition, a total of 474 samples from 147 snow pits of snow measurement route
and 10 snow stations from 2017 to 2018 are used for independent validation, which are collected from the Na-
tional Cryosphere Desert Data Center (http://www.ncdc.ac.cn/portal/). Given that the intensive ground obser-
vations primarily occur from September to May of the next year (snow season), we concentrate on snow density
estimation during the snow season.

2.2. Remote Sensing and Reanalysis Data

Multisource remote sensing and reanalysis data are used to calculate five categories of features incorporated into
the model, accounting for the spatiotemporal structure in snow density, for a total of 36 features, as shown in
Table 1. The selection of each category of input features is informed by insights from previous studies and the
specific reasons for employing these features are elucidated as follows.

The snow-related features encompass snow depth, snow cover duration (SCD), snow cover onset date (SCOD),
snow cover end date (SCED), snow cover extent (SCE), snow density (SDE), temperature of snow layer (TSL),
accumulated snowmelt (SM) and snowfall (SF), sourced from three data sources. Snow density tends to increase
with snow age and snow depth, driven by the processes of metamorphism and compaction (Bormann et al., 2013).
The passive microware remote sensing snow depth data (CSWE) (Jiang et al., 2022) is consequently used as a key
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Figure 1. Meteorological stations, snow pits, and snow stations in the stable snow cover areas of China.
variable for estimating snow density. The SCOD, SCED, and SCD are computed from Advanced Very High
Resolution Radiometer (AVHRR) SCE data (Hao et al., 2021; Wang et al., 2022). These features account for the
effect of snow duration, with SCE reflecting the basic distribution of snow. Additionally, SDE, snowmelt,
snowfall, and TSL are extracted from ERAS5-Land data set (Mufioz-Sabater et al., 2021), which is the fifth product
generated by the ECMWF to provide consecutive land variables. Among three available snow density products,
ERAS5-Land snow density has been validated to be relatively more effective (Gao, Li, Zhang & Chen et al., 2022;
Gao, Li, Zhang & Zeng et al., 2022) and is thus used to provide the basic spatiotemporal patterns of snow density
for estimation. TSL is a critical factor to indicate snowmelt. According to daily snowmelt and snowfall data, SF
and SM are calculated to represent the effect of snow accumulation and snowmelt.
Table 1
Summary of the Input Features for the Model
Category Source Feature Number
Snow-related CSWE Snow depth 9
AVHRR SCE SCD, SCOD, SCED, and SCE
ERAS-Land SDE, TSL, SF, and SM
Meteorology CMFD Temp, Prec, RH, WS, SP, Srad, and Lrad 7
Vegetation ERAS-Land HVI and LVI 2
Time DOY and Snow-DOY (D1, D2) 3
Geo-space DEM Geo-space distance (North, East, West, South, and Center) 15
Mean and standard deviation of topological features (elevation, slope, aspect, PC, and TPI)
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Meteorological features, including wind speed (WS), air temperature (2-m) (Temp), relative humidity (RH),
precipitation (Prec), surface pressure (SP), downward shortwave radiation (Srad), and uplink longwave radiation
(Lrad), are involved in the model. These features are sourced from China Regional Surface Meteorological
Element Driven Data set (CMFD) (He et al., 2020). They serve to denote the environment of falling snow and
radiation receiving and generally determine the fresh snow density and snow evolution process.

The vegetation data (leaf area index of high vegetation (HVI) and that of low vegetation (LVI)) come from ERAS-
Land data set. HVI and LVI play a crucial role in understanding the impact of surface type. Surface types are of
significance to snow density estimation due to its effects of mass, delivery, wind, and radiation (Bonner
et al., 2022; Clark et al., 2011). The mass effect caused by canopy interception loss leads to a decrease in the
amount of snow, typically resulting in low densification rates and low-density snow (Storck et al., 2002). The
delivery effect denotes the process that snow or snowmelt is trapped and delivered to the underlying snowpack
(Winstral & Marks, 2014). The wind effect arises from wind packing, which refers to the reduction of wind speed
caused by forest impediment and bring about a higher snow density than open space. The radiation effect can
change snow density by dominating snow layer temperature and freeze-thaw cycles (Essery et al., 2008). The
diverse surface types result in different effects of mass, delivery, wind, and radiation.

Considering that snow density exhibits intense temporal heterogeneity and snow-season cycle, the temporal
features in our model include not only the day of the year (DOY) but also Snow-DOY. As snow is considered as a
three-phase substance constituting ice, liquid water, and air, snow season usually is divided into snow accu-
mulation and snowmelt periods. The accumulation period contains the processes of compaction and meta-
morphism, which characterizes the interaction of snowfalls and typically indicates low liquid water and low snow
density. The snowmelt period consists of warming, ripening, and output processes, often manifested by higher
liquid water and higher snow density (Colombo et al., 2023). These temporal characteristics of snow density have
apparent similarity in every snow season, Snow-DOY is thus proposed to depict snow-season cycle, which in-
cludes D1 and D2 obtained by calculating the temporal distances from a certain day to SCOD and SCED,
respectively, as shown in Equations 1 and 2.

DI = |SCOD — DOY]| (1)

D2 = |SCED — DOY]| 2)

Generally, as snow density has strong spatial heterogeneity, the geo-space features including Geo-space distance
and fine topological features are adopted to enhance the spatial expression of the model. It has been agreed that
snow density increases with latitude and has strong relations with longitude (Zhong et al., 2014, 2021). Different
from previous studies that using the simple longitude and latitude with a sudden value change occurs between
180°W and 180°E longitude (Hu et al., 2021), Geo-space distance North, East, West, South, and Center are
incorporated in the RF model to better distinguish spatial differences and consequently express the spatial het-
erogeneity of snow density. The Geo-space distance denotes the five Haversine distances of one point to the
northernmost (North), easternmost (East), westernmost (West), southernmost (South), and center (Center) of the
study area.

The accumulation and melt of snow are heavily influenced by local terrain, which highly affects the distribution of
snow density (Sturm & Wagner, 2010; Trujillo et al., 2007). Elevation is used as the key indicator of snow
accumulation and melt (Anderton et al., 2004). The aspect, slope, and profile curvature (PC) influence the
redistribution and the radiation absorbed of snow (Wetlaufer et al., 2016). Besides, topographic position index
(TPI) is used to refer to the height gradient information of a pixel compared to surrounding pixels and thus
explains the redistributive impact of wind on snow (Meloche et al., 2022; Revuelto et al., 2014), as shown in
Equation 3

TPI = int(dem — mean(dem,annulus,irad,orad)) 3)

where int refers integer, mean refers average, irad refers the inner radius of annulus, and orad refers the outer
radius of annulus.
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These topological features are obtained from the Shuttle Radar Topography Mission Digital Elevation Model
(DEM) with 90-m resolution. Particularly, we first calculate topological variables at a resolution of 90 m and then
compute the mean and standard deviation of each variable within the range of 25 km, to explicitly explain the
relief. Regarding data processing, all the gridded data are resampled to the same spatiotemporal resolution (daily,
25 km).

2.3. STRF Model

Random forest (RF) is an ensemble learning technique that utilizes numerous decision trees for supervised
classification and regression tasks based on the relations between independent and dependent variables (Brei-
man, 2001; Prasad et al., 2006). Compared with other regression tree approaches, RF can handle complex
nonlinear relations and predict unbiased estimates without overfitting to the training data set, even for small
sample sizes (Zhang et al., 2021). Hence, with the advantages of handling strong nonlinear relations and being
highly robust, RF is chosen as a suitable model to deal with remote sensing data and high-dimensional feature
spaces for snow density estimation. Furthermore, the spatiotemporal features embedded to RF model to construct
a spatiotemporal RF (STRF) model without updates in RF machine learning structure. The STRF model can
express the spatiotemporal dependent structure inherent in snow density, which is shown in Figure 2.

First, we obtain values of the above-mentioned features as the input data and the in-situ snow density as the target
data to train STRF model. Second, the STRF model is trained to obtain the optimal model. There are four pa-
rameters to be specified by grid search and cross-validation: (a) the number of employed trees (fixed at 440); (b)
the maximum depth of regression trees (fixed at 23); (c) the minimum number of samples to split per node (fixed
at 10); and (d) the maximum number of features to build regression trees (max_features) (fixed at 7). The number
of features to build trees is usually 1/3 of the total number of variables. Another choice is to set the max_features
as sqrt (the number of input features) or log2 (the number of input features) (~7) because low max_features is
beneficial for increasing randomness, reducing overfitting, and accelerating training speed. Third, the trained
optimal STRF model is employed with gridded covariates to estimate daily snow density for China from 1980 to
2018.

2.4. Validation Method

The K-fold cross-validation strategy, capable of alleviating the problem of overfitting and obtaining a more robust
model, is used to train and validate the model. The spatiotemporal patterns of snow density are so complicated that
the unbalanced observations in our study are insufficient for encompassing snow density characteristics. To
address this, the K-fold cross-validation strategy is used to incorporate more samples in model training.
Accordingly, several complimentary validation methods should be used to gain insights from multiple
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Figure 3. Feature importance (a) and parameter sensitivity (b) of the STRF model.
perspectives due to the difficulty of guaranteeing independence and stationarity in spatial variables (Stock, 2022).
Therefore, both random 10-fold cross-validation, temporal block cross-validation, spatial block cross-validation,
and independent validation strategies are utilized to fully evaluate the performance of model by using three
statistical indicators, including fitting coefficient (R?), root mean square error (RMSE, g/cm?), and the mean
absolute error (MAE, g/cm3).
The random 10-fold cross-validation strategy is conducted to randomly divide samples into 10 folds, one for
model validation in turn and the others for model fitting based on the principle of K-fold cross-validation
technique (Rodriguez et al., 2010). The temporal block cross-validation strategy is equal to 6-folds cross-
validation, which divides samples by year, 1 year for model validation in turn and the others for model fitting.
The 6 validation results are summarized to evaluate model performance and to provide perspectives on the
temporal prediction of the model. It is noted that the temporal block cross-validation could help demonstrate the
effectiveness of the estimated snow density from 1980 to 2018 considering that the in-situ observations only cover
the years from 2013 to 2018. The spatial block cross-validation strategy divides samples by station and can
provide perspectives on the spatial prediction of the model.
3. Results
3.1. Snow Density Estimation Accuracy
3.1.1. Overall Accuracy
The feature analysis is first investigated by feature importance and feature sensitivity to understand the impacts of
the covariates on the trained STRF model, as shown in Figure 3. The feature importance is ranked by the mean
decrease accuracy, making random forest physically interpretable for model construction (Breiman, 2001).
The snow-related variables are dominant with the highest overall importance of 35.8% (Figure 3a), within which
ERAS-Land snow density is the most important because it provides a first guess in snow density for estimation.
SUN ET AL. 7 of 18
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Table 2 The collective importance of spatial covariates and temporal terms accounts

Model Accuracies Comparison Among Nonlinear and Linear Models

for 32.7% and 8.4% of overall importance, respectively, highlighting

important roles played by spatiotemporal covariates in the model and

RF XGBoost LGBM MLR Bayesian o i o K
emphasizing the necessity of considering the spatiotemporal dependent
MAE 0.024 0.025 0.024 0.039 0.038 structure inherent in snow density. Meteorological and vegetation features
RMSE 0.036 0.038 0.037 0.056 0.054 also play important roles, especially HVIL, LVI, and surface pressure.
2
R 0642 0621 0.636 0.178 0.184 The parameter sensitivity analysis between snow density and covariates re-
flects the model's robustness to features and identify the sensitive parameters
(Figure 3b). The parameter analysis is based on the extended Fourier amplitude sensitivity test (EFAST) algo-
rithm, which considers the variance of the model input caused by the input parameters and the interaction among
the parameters (Gao, Li, Zhang & Chen et al., 2022; Gao, Li, Zhang & Zeng et al., 2022). The ERA5-Land snow
density is the primary sensitive factors of 0.427, followed by South, SCS, and HVIL.
We evaluated the performance of the commonly used models on the same data and random 10-folds cross-
validation strategy to demonstrate the effectiveness of RF in estimating snow density, including extreme
gradient boost (XGBoost), light gradient boosting machine (LGBM), linear regression model (MLR), and
Bayesian model. The results in Table 2 show that the accuracies of nonlinear models (RF, XGBoost, LGBM) all
surpass those of linear models (MLR and Bayesian model), indicating the importance of depicting nonlinear
relations between snow density and spatiotemporal variables. Since the strategies of randomly selecting features
and sampling with dropout enable RF to handle high-dimensional, redundant features and reduce overfitting, the
RF achieves the best performance with R? of 0.642, followed by LGBM with R? of 0.636.
The estimated snow density from the STRF model is compared to ERAS-Land snow density to further
demonstrate its effectiveness. The results show that the STRF snow density attains apparently higher accuracy
with an improved regression line (Figure 4). The STRF snow density based on random cross-validation attains the
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Figure 4. Accuracies of the STRF model indicated by (a) random 10-folds cross-validation and (b) temporal block cross-validation, (c) spatial block cross-validation,
(d) independent validation, and (e) the ERAS-Land snow density data.
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Figure 5. Accuracies of the STRF model based on random 10-folds cross-validation and temporal block cross-validation in three snow cover areas, in which N refers to

the number of samples.

highest overall accuracy (R* = 0.642, MAE = 0.024 g/cm®, and RMSE = 0.036 g/cm®), declaring that 64.2% of
daily snow density fluctuations can be explained by STRF model (Figure 4a). The accuracy of STRF snow density
based on temporal block cross-validation demonstrates the effectiveness of temporal prediction with an R? of
0.326, and the majority of the points are clustered along the trend line with a slope of 1.0 (Figure 4b). The STRF
snow density based on spatial cross-validation demonstrates the potential of spatial prediction with an R of 0.148
under imbalanced distribution of observation numbers among the stations (Figure 4c). The accuracy of STRF
snow density based on independent validation demonstrates the robustness of STRF model with an R? of 0.385
(Figure 4d). The accuracies of temporal and spatial block cross-validation (Figures 4b and 4c) are lower than that
of random cross-validation (Figure 4a), which can be attributed to the training samples in temporal/spatial block
cross-validation not containing the samples of predicting year/station while the training samples in random cross-
validation cover all years/stations. Compared with the ERA5-Land snow density, the accuracy of STRF snow
density increases the R* from 0.034 to 0.642. These results collectively affirm the effectiveness of the model, as
validation results show that STRF model could handle the weak-correlated covariates well and the embedded
covariates depict spatiotemporal dependent structure inherent in snow density.

3.1.2. Accuracies at Different Snow Cover Areas

The diverse precipitation and temperature conditions as well as terrain and underlying surface lead to distin-
guished snow characteristics in different snow cover areas. Therefore, the accuracies of estimated snow density
from the STRF model are evaluated at different snow cover areas, including NIM, XJ, and QTP.

Both validation results indicate that the NIM presents the best accuracy, successively followed by the XJ and
QTP. The NIM achieves the highest R? of 0.673 based on random cross-validation (Figure 5a), with less complex
topography and intermediate snow accumulation and the most abundant samples. In XJ, STRF snow density
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Figure 6. Accuracies of the STRF model at different temporal scales. (a) The yearly accuracy based on temporal block cross-validation, and (b) the accuracy in different
seasons and months based on random cross-validation, in which N refers to the number of samples.

presents excellent performance with R? of 0.591 and 0.284 with the most snow accumulation and sound samples
(Figures 5b and 5e). The QTP has the relatively lower accuracy with R? of 0.512 and 0.228 (Figures 5c and 5f),
which is mainly because the snow density varies dramatically in the QTP with complicated topology, varied
climate regimes, and synoptic forcing. It is noted that there are sparse and uneven stations over the QTP with only
943 samples, partly leading to the limited regional representativeness of observations in the QTP.

3.1.3. Accuracies at Different Temporal Scales

The temporal block cross-validation accuracies in different years are evaluated to reveal the temporal prediction
ability of STRF model (Figure 6a). In general, daily snow density estimates derived from STRF model agree well
with in-situ snow density measurements among different years (R*> = 0.226-0.470, MAE = 0.029-0.042 g/cm?,
and RMSE = 0.041-0.064 g/cm®). The fluctuating performance of STRF model in different years is partly
attributed to the varied data volume and snow conditions.

The random cross-validation accuracies at seasonal and monthly scales are determined to present the difference of
model performance within a year (Figure 6b). The snow season is categorized into three periods considering the
characteristics of snow season (Ke et al., 2016): snow accumulation period (Sep.—Nov.), the snow stable period
(Dec.—Feb. of the next year), and the snowmelt period (Mar.—May). At seasonal scale, the STRF snow density
shows the highest accuracy during the snow stable period, reaching an R? of 0.720, in which January has the
highest R? of 0.735, the lowest MAE of 0.018 g/cm®, and RMSE of 0.028 g/cm®. This is because snow state
remains stable and relatively adequate observations during the snow stable period. Contrary to snow stable period,
the other two periods have relatively rapid changes in snow, more observation errors, and fewer observations,
resulting in inferior model performance, particularly in the months of October, April, and May.

3.1.4. Optimizing SWE Products With Estimated Snow Density

One of the critical purposes of producing dynamic snow density data is to improve SWE products with a fixed
snow density. Therefore, the comparisons between original SWE product and optimized SWE with dynamic snow
density (STRF and ERA5-Land snow density) are conducted to further demonstrate the effectiveness of STRF
model. We select CSWE and GlobSnow SWE products because they have higher accuracies and spatiotemporal
continuity according to the evaluations in existing studies (Jiang et al., 2022; Luojus et al., 2021). Accordingly,
these two products are derived from snow depth estimation based on passive microwave remote sensing and a
fixed snow density (CSWE of 0.18 g/cm® and GlobSnow SWE of 0.24 g/cm?). The corresponding snow depths of
the two SWE products are acquired and then multiplied by STRF or ERA5-Land snow density to obtain optimized
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Figure 7. Accuracies of the original and optimized SWE products over China. (a) Original GlobSnow SWE, (b) optimized GlobSnow SWE with ERAS5-Land snow
density, (c) optimized GlobSnow SWE with STRF snow density, (d) original CSWE, (e) optimized CSWE with ERAS5-Land snow density, and (f) optimized CSWE

with STRF snow density.

SWE. In particular, STRF snow density based on temporal block cross-validation is used to further certify the
temporal prediction ability of STRF model.

The accuracies of original and optimized SWE products are summarized in Figure 7, based on in-situ SWE
observations. The optimized SWE with STRF snow density achieves the best accuracy, as the overestimation of
GlobSnow SWE is obviously reduced and the R is increased from 0.21 to 0.31, the R of CSWE is increased from
0.55 to 0.64 and data are more concentrated on the 1:1 line. Although ERA5-Land snow density presents relative
low accuracy (Figure 4), it still makes marginal contribution to improving SWE, revealing that using a constant
snow density would undermine the accuracy of SWE and further demonstrating the importance of mapping the
spatiotemporal distribution of snow density.

3.2. Snow Density Mapping

We produced the daily snow density data for snow-covered areas in China from 1980 to 2018 by applying the
STRF model to gridded covariates, which is further masked by the AVHRR SCE data and CSWE to focus on
snow pixels (Hao et al., 2021; Jiang et al., 2022). The data set is openly available in China Qinghai Tibet Plateau
Scientific Data Center. (https://data.tpdc.ac.cn/zh-hans/data/81b5030e-828c-4271-baa7-66729b7ff1ae).

3.2.1. Spatiotemporal Distribution of Snow Density

The mean values of multiyear snow density are calculated for the entire snow season and different snow periods to
assess the spatiotemporal distribution of snow density in stable snow cover areas in China, as shown in Figure 8.
The average annual snow density shows that the QTP has the highest snow density above 0.162 g/cm?, followed
by XJ above 0.158 g/cm’.

In the whole snow season (Figure 8a), the areas with high snow density are generally distributed in mountainous
areas and northern QTP. During snow accumulation period (Figure 8b), three snow cover areas have an average
snow density of 0.157 g/cm®, with the average snow density in NIM being significantly lower than that in the
other two areas. This could be because the deeper snow depth with higher overlying snow mass pressure and
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Figure 8. Spatiotemporal distribution of the mean annual snow density in entire snow season and different snow periods.

higher wind pressure and thus the larger snow density in XJ and mountains of QTP (Yang, Jiang & Lemmetyinen
et al., 2020; Yang, Jiang & Luojus et al., 2020). In snow stable period (Figure 8c) with suitable temperature
conditions for snow storage, the average snow density increases to 0.157 g/cm?>, particularly in mountainous areas
where the highest snow density exceeds 0.18 g/cm’. After entering snow melting period (Figure 8d) with suf-
ficient spring water vapor and low temperature favoring snow melting and refreezing, the average snow density
increases to 0.165 g/cm®, particularly in XJ.

3.2.2. Temporal Change in Snow Density

The annual changing trends for the snow season and different snow periods are calculated in Figure 9 using the
Mann—Kendall trend test. Additionally, the monthly changes in different snow cover areas are calculated to reflect
temporal change of snow density within a year, as shown in Figure 11. The monthly or yearly average snow
density are derived by exclusively considering snow-pixels while disregarding non-snow pixels, ensuring min-
imal impact on the results.

Overall, the annual snow density in snow season and different periods mainly show significant decreasing trends,
especially in northern NIM and eastern QTP (Figure 9). Snow depth significantly changes snow density through
gravity compaction. The annual snow depth of China from 1980 to 2018 shows a slightly decreasing trends (Jiang
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Figure 9. Spatial distribution of multiyear average snow density changing trends based on the Mann—Kendall trend test, with a significance level exceeding 95%.

et al., 2022), which is in line with our result of decreasing snow density. In the entire snow season (Figure 9a), the
annual snow density gradually decreases with a slope of —0.778 g/(cm’® year) x10™* and mostly appears in NIM
with a slope of —1.09 g/(cm?® year) x10™%. In contrast, the snow density shows an average increasing trend in NIM
but an average decreasing trend in XJ and QTP in the snow accumulation period (Figure 9b). The change trend of
annual snow density remains decreasing except for XJ during snow stable and melt periods (Figures 9c and 9d).

We further analyze the annual ERAS-Land snow density changing trends in snow season and different periods to
reveal the reliability of STRF snow density changing trends (Figure 10). The ERA5-Land snow density mainly
shows a significant decreasing trend from 1980 to 2018, which is consistent with STRF snow density. The
difference is that ERAS5 shows a significantly larger downward trend than the STRF trend, especially in the snow
melt period (Figure 10d). Considering that ERAS-Land underestimate snow density over time (Gao, Li, Zhang &
Chen et al., 2022; Gao, Li, Zhang & Zeng et al., 2022), STRF snow density with a decrease slope of —0.778 g/
(cm?® year) x10™* appears more reliable than ERA5-Land with a decrease slope of —1.330 g/(cm’ year) x10™%.

At monthly scale, the change in snow density decreases from Sep. to the valley point in Dec. and then increases
until May in the next year (Figure 11). The snow density decreases in snow accumulation period, which may be
mainly attributed to frequent input of new snowfalls over the top of snowpacks with a very low snow density of
approximately 0.05 g/cm® and partly attributed to deep frost development. With the snow accumulation, the
temperature of lowest snow layer is higher than that of upper layer and these temperature gradient leads to
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Figure 10. Spatial distribution of multiyear average ERAS5-Land snow density changing trends based on the Mann—Kendall trend test, with a significance level
exceeding 95%.

sintering phenomenon, finally forming deep frost and decreasing snow density (Seppild, 1990). During snow
stable periods, snow density rises due to the compaction and densification of snow. During the prophase of snow
melt period, snow depth decreases with snow melts, and snow density gradually increases due to meltwater
percolation (Colombo et al., 2023).

4. Discussion

Long-term and vast-scale snow density data are desperately needed for hydrological research and water man-
agement. However, ground measurements and remote sensing inversion are limited to large-scale snow density
mapping (Elder et al., 1998; Gao, Li, Zhang & Chen et al., 2022; Gao, Li, Zhang & Zeng et al., 2022; Sturm
et al., 2010), while physical models are governed by atmospheric forcing and statistical models, which may lack
some modules to exactly match the measurements (Mizukami & Perica, 2008). The spatiotemporal dependent
structure embedded in snow density is derived from spatiotemporal heterogeneity of snow density and nonlinear
relations with covariates, being hardly interpreted by linear models. The proposed STRF model not only absorbs
spatiotemporal covariates capable of depicting spatiotemporal dependent structure inherent in snow density, but
also has the ability to handle nonlinear relations and extrapolate spatiotemporally, conducive to constructing
accurate snow density, as proven by validations (see Figures 4-7).
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Figure 11. The monthly average snow density in different snow cover areas.

density and fit in-situ snow density, which shows great interpolation ability
because of the inputting of snow density observation data (Wang et al., 2023).
Considering the limited observation conditions, the GTWNN model are not
able to obtain snow density maps outside these years. Accordingly, to derive
| , | , long-term snow density across China, the STRF model is proposed to estimate

T T T
Nov. Dec. Jan. Feb. Mar. Apr. May

snow density out range of in-situ series in the past periods. Apart from the
essential difference, the STRF model integrates stronger ensemble learning
model RF and more diverse covariates, providing environmental features for
the nonlinear relations and particular spatiotemporal features for spatiotemporal heterogeneity of snow density,
respectively. Although STRF does not have the assistance of inputting of in-situ snow density in inferencing
procedure, it also achieves comparable accuracy (R> = 0.642) compared with GTWNN model (R? = 0.531)
(Wang et al., 2023). More importantly, considering the essential differences between STRF and GTWNN, the
STRF method can obtain long-term snow density data under limited observation conditions.

It has been agreed that the relations between snow density and covariates are weak-correlated and vary in different
time and space (L6pez-Moreno et al., 2013; Wang et al., 2023), posing great challenge to estimation but well
overcome by STRF model. The feature importance analysis (Figure 3) highlights the effectiveness of snow-
related and spatial covariates. We further compare the accuracies of models with different inputting data to
analyze the advantage of embedded covariates, as shown in Table 2. Generally, the accuracy reaches the best
when all features are involved, indicating that all the covariates play critical roles in model, especially for snow-
related and geo-space features (Table 3). After adding the snow-related features, the R? increased by 25.4%,
demonstrating the effectiveness of considering the snow process. As for Geo-space features, the invitation of
expression of spatial heterogeneity increases R* from 0.561 to 0.642.

Although the proposed STRF model presents outstanding performance, there are still uncertainties in the STRF
model, mainly coming from the data source and the RF structure. Observation error and uneven distribution of
stations both lead to the problem of a lack of station representation. Remote sensing and reanalysis data are
usually accompanied by structural errors, that is, pressure data with an R of only about 0.4 (He et al., 2020).
Although the RF model is powerful, it has apparent deficiencies from the demand of sufficient and balanced data,
as reflected in the analysis of model accuracy at different spatiotemporal scales. The number and characteristics of
samples vary in areas and thus bring about different learning performances of model, that is, 8,596 samples in
NIM area and 942 samples in QTP. The biggest problem of machine learning model is that it relies on existing
measurements, instead of physical laws. The model may be quite different in places not covered by in-situ sites,
such as mountains with rare snow density measurements.

In the future, more long-term observation stations should be incorporated to enable the model to fully learn the
temporal characteristics of snow density. Additionally, downscaling algorithms could be considered to increase
the spatiotemporal resolution of snow density products, together with the utilization of stronger machine learning
models, gradually improving the practicality and accuracy of snow density estimation.

5. Conclusions

The STRF model was proposed to map long-term and large-scale snow density in favor of in-situ mea-
surements, multisource remote sensing, and reanalysis data. The superiority of STRF model comes from
diverse covariates for addressing the spatiotemporal dependent structure inherent in snow density and strong
learning model RF for handling nonlinear and weak-correlated relations between snow density and its

Lil:il:l i\ccuracies With Different Input Features, Where w/o Means Without Inputting the Feature Into the Model

Features All w/o snow-related w/0 meteorology w/o vegetation w/o time w/o geo-space

MAE 0.024 0.029 0.023 0.024 0.024 0.027

RMSE 0.036 0.044 0.037 0.037 0.037 0.039

R? 0.642 0.479 0.634 0.626 0.630 0.561
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influencing factors. The embedded covariates are demonstrated to be conducive to snow density estimation,
especially the snow-related and geo-space covariates with collective importance of 35.8% and 32.7%,
emphasizing the magnitude of depicting snow evolution process and capturing spatial heterogeneity of snow
density. Based on random and temporal block cross-validation against in-situ data, the STRF model achieves
R? of 0.642, 0.326, MAEs of 0.024, 0.034 g/cm®, and RMSEs of 0.036, 0.050 g/cm®, exceeding ERA5-Land
snow density. The STRF model performance is also validated by the spatial block cross-validation and in-
dependent validation. In addition, the optimization with dynamic STRF snow density improves the accuracies
of CSWE and GlobSnow, increasing R from 0.55, 0.21 to 0.64, 0.31, respectively. With the benefit of STRF
model, a data set of daily 25-km snow density from 1980 to 2018 in stable snow cover areas of China is
produced, supporting us in obtaining the spatiotemporal patterns of snow density and probably assisting in
water resource management.

Data Availability Statement

Our research primarily utilizes three types of data: in-situ data, remote sensing data, and reanalysis data. Daily
measurements of snow depth and snow pressure are obtained from the China Meteorological Administration
(CMA), which should be authorized to redistribute. The remote sensing and reanalysis data utilized in our study
are sourced from open-access platforms. These include the Advanced Very High Resolution Radiometer
(AVHRR) SCE data (https://doi.org/10.11888/Snow.tpdc.271381), the passive microware remote sensing snow
depth data (http://www.doi.org/10.11922/sciencedb.j00076.00071), China Regional Surface Meteorological
Element Driven Data set (https://doi.org/10.6084/m9.figshare.c.4557599.v1), the Shuttle Radar Topography
Mission digital elevation model (http://www.dsac.cn/DataP), and the ECMWF ERAS5-Land hourly data set
(https://cds.climate.copernicus.eu).
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