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Common snow monitoring instruments based on hydrostatic pressure such as snow pillows are often influenced by various disturbing effects, which result in a reduced quality of the snow cover and snow water equivalent estimates. Such disturbing effects include energy transport into the snowpack, wind fields, and variations of snow properties within the snowpack (e.g., ice layers). Recently, it has been shown that Cosmic-Ray Neutron Probes (CRNP) are a promising technique to monitor snow pack development. CRNP can provide larger support and need lower maintenance compared to conventional sensors. These instruments are sensitive to the intensity of epithermal neutrons that are produced in the soil by cosmic radiation and are widely used to determine soil moisture in the upper decimeters of the ground. The application of CRNP for snow monitoring is based on the principle that snow water moderates the epithermal neutron intensity, which can be directly related to the snow water equivalent (SWE) of the snow pack. In this study, long-term CRNP measurements in the Pinios Hydrologic Observatory (PHO), Greece, were used to test different methods for converting neutron count rates to snow pack characteristics: (i) linear regression, (ii) standard N0-calibration function, (iii) a physically-based calibration approach, and (iv) thermal to epithermal neutron ratio. For this, a sonic sensor located near the CRNP was used to compare CRNP-derived snow pack dynamics with snow depth measurements. We found that the above-ground CRNP is well-suited for measurement of field scale SWE, which is in agreement with findings of other studies. The analysis of the accuracy of the four conversion methods showed that all methods were able to determine the mass of the snow pack during the snow events reasonably well. The N0-calibration function and the physically-based calibration function performed best and the thermal to epithermal neutron ratio performed worst. Furthermore, we found that SWE determination with above-ground CRNP can be affected by other influences (e.g., heavy rainfall). Nevertheless, CRNP-based SWE determination is a potential alternative to established method like snow depth-based SWE methods, as it provides SWE estimate for a much larger scales (12–18 ha).
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INTRODUCTION

Snow accumulation dynamics are an important indicator of climate change development as it can be used to investigate modifications in precipitation patterns as well as the occurrence of increasingly strong snowmelt events that are caused by rising global temperatures (Kripalani and Kulkarni, 1999; Earman et al., 2006). A recent study showed that snow accumulation is dramatically decreasing over Europe (Fontrodona Bach et al., 2018), which has strong implications for the availability of freshwater (Earman et al., 2006; Akyurek et al., 2011). Unfortunately, data on snow dynamics are still rare because they are difficult to collect and generally distributed over rather inhomogeneous data bases (Kripalani and Kulkarni, 1999; Sun et al., 2004; Deems et al., 2013). Monitoring of snow water equivalent (SWE) in mountainous environments is particularly challenging because snow distribution is strongly and non-linearly related to topographic features such as slope and aspect (Pimentel et al., 2015). Therefore, more information on snow accumulation and melting is needed in climate research, especially for mountainous regions (Fontrodona Bach et al., 2018).

Various devices measuring temporal dynamics of SWE are available, all of which have their strengths and limitations (Pirazzini et al., 2018). Commonly, these devices are based on the measurement of the mass or of the pressure of the overlying snow (e.g., snow cushions and snow scales). Therefore, they are sometimes not well-suited for mountainous regions since they require a large and flat surface for installation (Kinar and Pomeroy, 2015). More sophisticated devices include sub-snow GPSs and ground-penetrating radar (GPR) (Koch et al., 2019). The first method uses two GPS antennas placed below and above the snowpack. Since the GPS signal is affected by the snow cover, the difference between the signals received by the two instruments can be used to quantify SWE. However, the strength of the GPS signal may be limited in mountainous regions depending on slope and location (Koch et al., 2019). In the case of GPR, upward-facing systems are placed below the snowpack to obtain information about snow stratigraphy (Heilig et al., 2009) and snow depth (Schmid et al., 2014). With this technique, the penetration depth strongly depends on the measurement frequency of the GPR system. Generally, high frequency instruments result in higher resolution but are also affected by higher attenuation, thus resulting in reduced depth of penetration. It has long been recognized that airborne gamma radiation surveys with low-flying airplanes can be used to determine snow water equivalent (Peck et al., 1971; Lundberg et al., 2010; Kinar and Pomeroy, 2015). However, high costs and low repeat frequencies hamper the use of airborne techniques. More recently, aboveground gamma-ray scintillators have been suggested to continuously monitor snow pack development (Choquette et al., 2013). A detailed list of instruments for measuring snow properties and their strengths and limitations can be found in Pirazzini et al. (2018).

In the past decade, the Cosmic-Ray Neutron Probe (CRNP) method has emerged as a promising method to non-invasively monitor soil moisture. This method is based on cosmic background radiation and uses the inverse relationship between hydrogen content and cosmic-ray neutron intensity near the soil surface (Zreda et al., 2012). Worldwide, ~200 stationary CRNP have been installed since the introduction of the method in 2008 (Bogena et al., 2015; Andreasen et al., 2017a). Neutrons are sensitive to all sources of hydrogen at the land surface. Therefore, the CRNP method has the potential to measure not only soil moisture but SWE as well. This can be achieved, for example, with a CRNP placed below the snow cover (Kodama et al., 1979; Kodama, 1980; Gugerli et al., 2019). The buried CRNP records the intensity of downward-directed secondary cosmic radiation that penetrates the snow pack, thus providing a response area of up to a few square meters. Alternatively, the CRNP can be placed a few meters above the snow surface (Desilets et al., 2010; Sigouin and Si, 2016; Desilets, 2017; Schattan et al., 2017). As soon as the snowpack is formed, this becomes the dominant control on neutron intensity. Even in the case of small amounts of snow, the concentrated hydrogen layer effectively absorbs fast neutrons reflected from the ground (Desilets et al., 2010). For example, 1 cm of SWE can reduce the neutron count rate by ~10% depending on the soil moisture under the snow cover (Andreasen et al., 2017b). A CRNP placed above the snow cover is influenced by snow up to more than 150 m away from the sensor (Zweck et al., 2013), thus enabling the characterization of larger scale and heterogeneous snow cover dynamics (Desilets et al., 2010).

Several studies already showed the potential of CRNP for snow pack monitoring. For example, a time series of SWE derived from fast neutron intensity corresponded well to snow measurements obtained within the detector footprint and to nearby snow depth measurements (Sigouin and Si, 2016). In a subsequent study, Schattan et al. (2017) determined non-linear regression functions to link both snow depth and SWE to fast neutron intensity. As in the case of all SWE monitoring methods, the CRNP technique has its limitations as well. First, the CRNP method cannot differentiate SWE dynamics from soil moisture dynamics. Second, there is a limited range of SWE that can be detected with the CRNP method. Based on neutron transport modeling, Desilets (2017) suggested that the upper limit should be about 100–150 mm SWE. For an alpine site with high neutron counts rates (>5,000 counts per hour), Schattan et al. (2017) found empirical evidence that the fast neutron intensity measured above the snow cover still shows snow-induced signals up to 600 mm SWE. However, the uncertainty of the CRNP measurements of snow height and SWE increased strongly with increasing snow cover, such that acceptable uncertainty was achieved up to 300 mm SWE only. According to Schattan et al. (2019), the footprint of the CRNP is anisotropic and affected by the spatial distribution of liquid water and snow as well as by the topography of the nearby mountains. Nevertheless, they found that the CRNP is able to accurately estimate SWE without prior knowledge about snow density profiles or other spatial anomalies when the snow cover is closed.

The studies mentioned above converted neutron intensity measurements to SWE with different approaches, including empirical linear regression functions (Sigouin and Si, 2016), a recalibrated version of the standard N0-calibration function (Schattan et al., 2017) and a more physically based approach by Desilets (2017). However, to date, there is no consensus on which method is best suited to convert neutron intensity data into SWE. In addition, these studies applied the conversion methods mostly to single snow events and not continuously over a period of several years.

The aim of this paper is to evaluate the accuracy of the CRNP method for measuring SWE dynamics at a test site situated in the Pinios Hydrologic Observatory (PHO)—central Greece. To this end, four different methods to convert neutron count rates to snow pack dynamics are tested based on a long-term time series of CRNP measurements (~3 years).



PINIOS HYDROLOGIC OBSERVATORY - THE CS3 TEST SITE

The experimental test site CS3 investigated in this study is part of the PHO, which covers an area of ~45 km2 and is located at the eastern boundary of the Pinios River Basin in the municipality of Agia, Greece (Figure 1). The Pinios river basin is one of the most productive agricultural areas in the country and irrigation practices are responsible for more than 80% of the total fresh water consumption, leading to overuse of groundwater (Pisinaras et al., 2018). The mountain ranges framing the basin are responsible for the majority of groundwater recharge of the aquifer systems (Panagopoulos et al., 2015). Therefore, an accurate assessment of precipitation as rainfall and snow is important for efficient and sustainable water management, in particular with regard to the impacts of climate change (Panagopoulos et al., 2016). In order to support these efforts, the mGROWA model (Herrmann et al., 2015) has recently been applied in the Pinios river basin (Panagopoulos et al., 2018). First analyses of simulation results and associated uncertainties revealed a lack of continuously available climatic data including snowpack data for model calibration purposes, which was the main motivation to establish the Pinios Hydrologic Observatory (Pisinaras et al., 2018).


[image: Figure 1]
FIGURE 1. Overview of the study area showing: (A) the extension of the Pinios River Basin, (B) the extension and topography of the Pinios Hydrologic Observatory, (C) a drone image of the CS3 test site and the footprint area of the CRNP with the locations of the gravimetric samples, and (D) the locations of the SoilNet stations.


The CS3 test site was established in April 2017 at an elevation of 1,031 m (Figure 2) on a south-facing slope that ranges between 5° and 25°. The soil was classified as a lithic leptosol with varying rock content depending on the slope inclination and occasionally bare rock outcrops. Approximately 90% of the site is covered by medium to high Mediterranean scrubland (Phrygana) and 10% by grass and herbs. The CS3 site is characterized by Mediterranean climate with dry and hot summers, and precipitation concentrated in winter. Due to the high altitude, significant amounts of winter precipitation occur as snow even though snow cover often exists only for a few days.


[image: Figure 2]
FIGURE 2. The CS3 test site during installation in spring 2017 (Left) and in the winter period on November 30, 2018 (Right).


The CS3 test site is equipped with a fully autonomous climate station. A heated weighing precipitation gauge (Pluvio2, OTT Hydromet GmbH, Germany) was used to perform high precision monitoring of both liquid and solid precipitation. This system features an automated heating device that reliably keeps the orifice rim free of snow and ice during freezing temperatures. Other instruments of the climate station that were used in this study are: (i) an ultrasonic sensor (USH-8, Sommer GmbH & Co KG, Austria) mounted on a pole at 3 m height to observe snow depth, (ii) a weather multi-sensor (WXT520, Vaisala Oyj, Finland) measuring air temperature, wind speed and direction, atmospheric pressure, and relative air humidity, and (iii) a net radiometer (NR Lite2 net, Kipp & Zonen B.V., The Netherlands) measuring net radiation.

The soil moisture observation system established at CS3 comprises three wireless in-situ soil moisture stations (SoilNet, Forschungszentrum Jülich, Germany; Bogena et al., 2010) and one CRNP (CRS-2000/B, Hydroinnova LLC, Albuquerque, United States). Each SoilNet station consists of six SMT100 soil moisture/temperature sensors (Truebner GmbH, Germany), which are calibrated according to Bogena et al. (2017) and installed in pairs at 5, 20, and 50 cm depth. The SoilNet data are recorded and transmitted at 15-min intervals, while the CRNP records hourly neutron counts. The CRNP probe is equipped with two detector tubes that are filled with 10BF3 enriched gas to obtain high neutron absorption cross sections. When neutrons enter the detector tube, the detector gas absorbs part of the neutrons and generates electrical currents that are counted by a pulse module (Zreda et al., 2012). The thermal detector of the CRS 2000/B probe is sensitive to neutrons with a maximum energy of ~0.025 eV, whereas the moderated detector measures neutrons within the energy range from ~0.2 eV to 100 keV. The CRNP and one of the SoilNet stations are installed a few meters away from the climate station on a grassy clearing within a fence (Figure 2), whereas the other two SoilNet stations measure soil moisture beneath the surrounding scrubs (Figure 1). The quality-checked time series data measured by all the above mentioned sensors is publicly available via a sensor observation service at https://deos-id.org:8000/20.500.11952/DEOS/PHO.



METHODS


Neutron Intensity Correction

The ground level neutron intensity is affected by variations in barometric pressure, solar activity (incoming cosmic radiation), and atmospheric water vapor (Zreda et al., 2012). These unwanted fluctuations are addressed by applying a correction factor F(t):
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where Ncor is the corrected moderated neutron intensity in counts per hour (cph), and Nraw is the raw neutron intensity in cph. The correction factor F(t) can be decomposed into individual correction factors for barometric pressure (fbar), solar activity (fsol), and atmospheric humidity (fhum). The total correction factor is then (Andreasen et al., 2017b):
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Local measurements of atmospheric pressure and humidity were used to determine fbar and fhum whereas data from the neutron monitor at the Jungfraujoch were used to determine fsol (Zreda et al., 2012). The aim of these correction factors is to normalize the neutron counting rate to a number of reference conditions: the barometric reference pressure, the reference humidity, and the solar reference activity level. Following Zreda et al. (2008) and Bogena et al. (2013), a 24 h running average was applied to reduce the inherent noise of the hourly readings and reduce measurement uncertainty.



Conversion of Cosmic-Ray Neutrons to Soil Moisture

The corrected neutron intensity was converted to soil moisture using the standard N0-calibration function proposed by Desilets et al. (2010):
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where θ is the volumetric soil water content (m3/m3), ϱbd is the dry bulk density (g/cm3), N0 is the moderated neutron intensity over dry soil that needs to be calibrated using reference in-situ soil moisture data, and αi are fitting parameters (α0 = 0.0808, α1 = 0.372, and α2 = 0.115). Hydrogen stored in lattice water and organic matter was converted into gravimetric soil moisture equivalent (θoff) (g/g) according to Franz et al., 2012.



In-situ Soil Moisture and Snow Sampling

Neutrons originating closer to the neutron detector have a greater influence on the CRNP measurements (Zreda et al., 2008). Therefore, gravimetric samples collected within the CRNP footprint following sampling schemes suggested by Schrön et al. (2017) were used to calibrate the CRNP probe. Schrön et al. (2017) proposed that the calibration should be based on volumetric soil samples taken at 18 locations and at different radial distances from the neutron detector depending on the site wetness (i.e. 2–10, 25–65 and 85–160 m) and in 5 cm increments up to a depth of 30 cm. In this study, a total of 90 gravimetric soil samples were collected at 16 locations (from 0 to 30 cm depth in 5 cm increments) within the footprint of the CRNP at two dates. The irregular distribution of the sample locations shown in Figure 1 is due to the steep topography and challenging accessibility of the study area, especially in the eastern part of the CRNP footprint. Each sampling location was given equal weight for the calculation of the area-average volumetric soil moisture. Water content of the soil samples was determined by oven drying (24 h at 105°C), and used to calibrate the CRNP with respect to soil moisture measurements (see section Soil Moisture Derived From Epithermal Neutron Intensity).

Moreover, an in-situ SWE sampling was conducted at January 7, 2020 during snowmelt conditions. At this time, it was estimated that roughly ~40% of the footprint area was covered with a heterogeneous snow cover in response to the small-scale spatial interplay of vegetation, snowdrift, and variations of melting rates. In an attempt to obtain a more rigorous estimate of the geometry of the snow patches, daily satellite images with a resolution of 3 m (Planet Lab Germany GmbH, Berlin, Germany) were acquired for the 8th and 9th of January (not shown). However, the estimation of snow distribution from satellite data was not possible due to: (i) the image resolution of 3 m which was not able to capture the geometry of small meter-scale snow patches, (ii) the early acquisition time of the images (i.e., 7 a.m.) which reduced illumination, and (iii) the presence of scrubland vegetation which covered the underlying snow. In the SWE sampling campaign, samples were collected at the same locations as during soil sampling in case these were covered with snow. Measured snow depth varied between 6 and 20 cm with an average of 10.83 cm. The corresponding SWE was estimated by weighing the molten snow, which resulted in a SWE range between 11 and 45 mm with an average of 21.63 mm (see also Figure 5). However, in view of the fact that the ground was not completely covered with snow, these values should be considered with caution.



Determination of Snow Water Equivalent Using Cosmic-Ray Neutrons

In this study, we investigate three different approaches to convert measured epithermal neutron intensities to SWE: a linear regression function, the standard N0-calibration function, and a more physically-based model proposed by Desilets (2017). In addition, the thermal to epithermal neutron ratio was considered for SWE estimation.


Linear Regression Function

The linear regression function approach proposed by Sigouin and Si (2016) is based on the assumption that the corrected neutron intensities are linearly related to the SWE surrounding the CRNP. In their study, such a linear regression provided accurate estimates of average SWE within the CRNP footprint. However, Sigouin and Si (2016) found differences in intercepts when using different calibration data sets. Furthermore, overestimation of SWE was observed in the presence of considerable snowmelt as well as increased soil moisture in the first centimeters of soil. However, they found that substantial melt and soil moisture increases were necessary before SWE overestimation occurred, and they also noted that this effect can be well-isolated when continuous measurements of soil moisture are available.



Standard N0-Calibration Function

Schattan et al. (2017) related in-situ measurements of SWE to epithermal neutron intensity using the standard N0-calibration originally developed for relating neutron counts to soil moisture (Equation 3, Desilets et al., 2010). To this end, the coefficients α0, α1, and α2 were recalibrated in addition to N0 using continuous point-scale SWE measurements from an automatic weather station as well as several spatially distributed SWE maps obtained with terrestrial laser scanning. It was found that the sensitivity of this approach decreased with increasing SWE with a depth limit of ~300 mm (Schattan et al., 2017). N0 corresponds to the neutron intensity for dry soil, i.e., without water and snow cover. Therefore, the N0 value resulting from the soil moisture calibration should not need to be recalibrated for the SWE application. Therefore, we only calibrated the coefficients α0, α1, and α2 in this study. An advantage of fixing N0 is the lower degree of freedom in calibration, which makes it easier to transfer the calibration function to other locations.



Physically-Based Calibration Function (Desilets, 2017)

With increasing snow cover, the neutron count rate reaches a constant value for an infinite snow depth (Nsnow) and does not drop to zero. Assuming that the neutron attenuation by water (Λ) is linear, the dependence of neutrons on SWE can be formulated as a first order differential equation (Desilets, 2017):
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After integration, this results in Desilets (2017):
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where C is an integration constant. Assuming that the neutron count rate in the absence of snow cover (SWE = 0) is controlled by the soil water content (N = NSWC), C is given by Desilets (2017):
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The combination of Equations (5) and (6) results in the following expression for SWE as a function of N:
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Using neutron modeling, Desilets (2017) found an approximate value of Λ = 4.8 cm. Furthermore, Desilets (2017) suggested that Nsnow could be calculated from N0 using:
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Thermal to Epithermal Neutron Ratio

The incoming cosmic radiation is dominated by fast neutrons that are moderated to epithermal neutrons (>1 eV) and thermal neutrons (<1 eV) as they travel and interact with air nuclei, vegetation, and soil (Zreda et al., 2012; Köhli et al., 2015). Andreasen et al. (2016) demonstrated the different physical response of thermal and epithermal neutrons and found that the moderation of epithermal neutrons is high in the soil and low in the air. They also observed that the decrease in thermal neutron intensity is proportional to the height above the ground surface (i.e., the source of thermal neutrons). Desilets et al. (2010) suggested that the neutron energy spectrum might also contain information on the spatial pattern of land surface water. Subsequently, the thermal to epithermal neutron ratio was used to determine aboveground biomass (e.g., Tian et al., 2016; Jakobi et al., 2018). Here, we explore whether the neutron ratio can also be used to predict SWE.



Neutron Signal Separation

For the simultaneous estimation of several variables exclusively from neutron intensity measurements, the time- and space-dependent effects on the measured neutron intensity need to be separated. For this, several studies identified benefits of combining measurements of bare and moderated neutron detectors (Desilets et al., 2010; Tian et al., 2016; Andreasen et al., 2017b; Jakobi et al., 2018). For instance, the ratio between thermal and fast neutrons can be used to distinguish snow events from rain events as shown by Desilets et al. (2010). In their study, it was also shown that snow events are typically characterized by a rapid increase in thermal neutron intensity with the first 1–3 cm of snow followed by a rapid decrease, whereas epithermal neutron intensity decreases monotonically with increasing snow depth. This finding is in accordance with results from neutron modeling of snow cover effects (Zweck et al., 2013). Desilets et al. (2010) also found that changes in the spatial distribution of the snow cover produced a hysteresis loop in the thermal and epithermal neutron intensity.




RESULTS


Precipitation and Neutron Data

Figure 3 shows the continuous measurements of temperature as well as liquid and solid precipitation at the CS3 site from April 3, 2017 to January 13, 2020. The average air temperature during this period was 12.8°C and ranged from −9.6°C to 35.1°C. The total precipitation was 3,187 mm, of which 330 mm occurred during freezing conditions indicating snowfall. In total, 11 snow events that produced a measurable snow cover occurred during the study period (gray areas in Figure 3). During the snow events from January 12, 2018 to January 19, 2018, the operation of the climate station was interrupted several times due to problems with the power supply.
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FIGURE 3. Precipitation, air temperature, snow depth, epithermal neutron and thermal neutron intensity, neutron ratio, vertically and horizontally weighted average in-situ soil moisture (SoilNet), and calibrated CRNP soil moisture from April 3, 2017 to January 13, 2020. The vertically and horizontally weighted average soil moisture from the two calibration campaigns are shown with green dots. The RMSE between soil moisture obtained from CRNP and SoilNet for the whole period and excluding snow events are also shown.


During the investigated period, the average uncorrected epithermal and thermal neutron intensities were 2,946 and 1,457 cph, respectively. These relatively high values are due to the high elevation of the CS3 site (1,031 m) and the increase in cosmic radiation with altitude (Andreasen et al., 2017a). The measurement uncertainty in neutron counts follows Poisson counting statistics. Therefore, the expected standard deviation for a count rate of N is N0.5 (Zreda et al., 2012). As a consequence, the high elevation of the test site approximately doubled the sensitivity of the neutron detectors compared to identical detectors at sea level. Figure 3 shows the epithermal intensity corrected for atmospheric pressure, air humidity, and solar activity and the thermal neutron intensity corrected for atmospheric pressure and air humidity. Due to these corrections, the average epithermal and thermal neutron intensities were reduced to 1,201 and 651 cph, respectively. Generally, snow events led to a significant reduction of both epithermal and thermal neutron intensity, although a stronger reduction was apparent in the case of epithermal neutrons. Consequently, the neutron ratio increased during snow cover periods.

To obtain a better understanding of the interdependency of snow cover, soil moisture, and neutron intensities at different energy levels, a single snow event was investigated in detail. Figure 4 shows the temporal evolution of the most pronounced snowpack during the investigated period that lasted from December 31, 2018 to January 23, 2019. Several snowfall events in the beginning of this period resulted in a total SWE of 109.2 mm with a snow depth of more than 600 mm (Figure 4B). The steep increase in snow depth during the first snowfall event had a strong impact on the neutron signals, especially on the epithermal neutron intensity and the neutron ratio (Figure 4C). After January 6, 2019, the snow depth decreased steadily due to continuous changes in snowpack density, snowmelt, and evaposublimation (Herrero and Polo, 2016). Soil temperature at 5 cm depth was above 0°C during the whole period (data not shown). This led to a continuous low-rate melting at the interface between soil and snowpack, which explains the slowly increasing soil moisture obtained with the in-situ soil moisture sensors (Figure 4B). In the middle and toward the end of the investigated period, liquid precipitation occurred during non-freezing conditions leading to fast soil moisture responses (Figure 4B). Correspondingly, the epithermal neutron intensity decreased and the neutron ratio increased. Warmer conditions with air temperatures above 8°C during daytime led to intense snow melt between January 17 and 21, 2020. During melt, the liquid water storage capacity of the snowpack was exceeded, and this resulted in significant downward percolation as indicated by consecutive peaks in the in-situ soil moisture measurements. The accelerated snowmelt is reflected in a pronounced increase in epithermal neutron intensity and a corresponding decrease in the neutron ratio. In contrast, measured snow depth (point based measurements) did not show an accelerated decline. This discrepancy is attributed to the spatial heterogeneity of the snowpack in the footprint of the CRNP.


[image: Figure 4]
FIGURE 4. Time series of: (A) precipitation and air temperature, (B) snow depth and vertically and horizontally weighted in-situ soil moisture measured with SoilNet, and (C) epithermal and thermal neutron count rates (24-h moving averages) and the neutron ratio. Note that the thermal neutron intensity is multiplied by two for illustrative purposes.




Soil Moisture Derived From Epithermal Neutron Intensity

In this study, we used the in-situ thermogravimetric reference data from the two calibration campaigns for the conversion of measured epithermal neutron intensity to soil moisture. This was achieved by calibrating the N0 parameter of Equation (3) as suggested by Zreda et al. (2012). For this, we considered an average bulk density of 1.21 g/cm3 and a soil water equivalent of 0.058 mm for soil organic matter and lattice water together. This resulted in an estimated N0 of 1,889 cph. Figure 3 shows the soil moisture derived from epithermal neutron intensity compared to the weighted mean soil moisture measured by the three SoilNet stations and using the horizontal and vertical weighing approaches proposed by Schrön et al. (2017). The CRNP and measured soil moisture time series correspond well, except for the expected mismatches in periods where a snow cover is present. In these periods, the CRNP method strongly overestimated soil moisture due to the strong attenuation of epithermal neutrons by the snow cover. The root-mean-square error (RMSE) between the soil moisture obtained from CRNP and the in-situ measurements is relatively high (RMSE = 0.069 m3/m3). However, the RMSE decreased to 0.023 m3/m3 when the snow events were excluded, which is well within the range reported by other studies (e.g., Franz et al., 2012; Baatz et al., 2014, 2015; Iwema et al., 2015).



Relationship Between SWE and Snow Depth

The available snow depth measurements were converted to snow water equivalent (SWE) in order to perform a comparison with the estimates obtained with CRNP. Here, we used an empirical linear relationship to predict SWE from snow depth. Shook and Gray (1994) previously reported the following linear relationship:
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where D is snow depth (cm) and SWE is given in millimeters. Figure 5 shows the measured SWE obtained from the heated precipitation gauge, i.e., the accumulated precipitation readings, and the snow depth measurements. Based on our measurements, we found the following relationship:
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It can be seen that the linear function reported by Shook and Gray (1994) considerably overestimated SWE for our site, which is not surprising given the wide range of snow properties. The data from the SWE calibration campaign confirm the correctness of the site-specific regression function (Figure 5). Therefore, this regression is used in the following to derive dynamic changes in SWE from snow depth measurements obtained from the ultrasonic sensor.


[image: Figure 5]
FIGURE 5. SWE regression function derived from snow water equivalent (SWE) measured by the heated precipitation gauge (Pluvio), i.e., the accumulated precipitation readings, and the snow depth measured by the ultrasonic snow depth sensor. Results from the SWE validation campaign are also presented. In addition, the linear regression function proposed by Shook and Gray (1994) is shown.


Unfortunately, regular in-situ snow measurements during the winter periods were not possible at the site due to its remote location in a mountain range with limited accessibility during snow events. In addition, remote sensing data also did not provide reliable snow information for the test site (see section in-situ Soil Moisture and Snow Sampling). Therefore, we used the Pluvio precipitation gauge instead, because the heating of the gauging rim prevents the blocking of snow and thus ensures reliable SWE measurements. In a similar study, Boudala et al. (2014) compared snow measurements of the Pluvio with in-situ measurements and found that it underestimated the snow amount by only about 4%. Clearly, the use of an empirical relationship between SWE and snow depth implies that the snow density is relatively constant. This assumption may have led to an uncertainty in the estimated SWE data, as the snow density may have varied within and between snow events. Due to the long time series of 3 years and the large number of events during this period, different snow conditions were taken into account in this study. Nevertheless, we found a good agreement between CRNP and the snow height measurements suggesting that changes in snow density were not particularly strong, likely due to the relatively short duration of individual snow events (mostly <1 week). For these reasons, we believe that our validation approach is reliable enough to compare different snow conversion methods for CRNP.



Snow Water Equivalent Derived From Epithermal Neutron Intensity
 
Regression Analysis

We selected nine snow events with different amounts of snowfall that occurred during the study period (Figure 6). From these nine events, in-situ SWE values were determined from the precipitation measurements as described in section Relationship Between SWE and Snow Depth. For this analysis, only SWE values that occurred during the build-up phase of the snowpack were selected in order to exclude any possible influence of snowmelt, density changes in the snowpack, or evaposublimation (red circles in Figure 6).


[image: Figure 6]
FIGURE 6. Time series of precipitation and snow water equivalent derived from Equation (10), and the 20 snow depth observations selected for determining the relationship between SWE and CRNP measurements.


Figure 7A shows the relationship between the selected SWE observations (see Figure 6) and the epithermal neutron intensity measurements, and the fitted linear regression model. The coefficient of determination for the fitted model shows that ~95% of the SWE variability can be explained, which indicates that epithermal neutron intensity is an excellent predictor for SWE (RMSE = 7.48 mm). This is also confirmed by the close relationship between all SWE estimates derived from snow depth and CRNP measurements (Figure 7B), which resulted in an R2 of 0.852 and a RMSE of 8.22 mm.
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FIGURE 7. (A) Relationship between SWE derived from 20 snow depth measurements (also shown in Figure 6) and corresponding epithermal neutron measurements; (B) validation of regression function to obtain SWE from epithermal neutron intensity using SWE from all snow depth measurements; (C) relationship between SWE derived from 20 snow depths and corresponding neutron ratios; (D) validation of regression function to obtain SWE from neutron ratio using SWE from all snow depth measurements.


In contrast, the relationship between SWE and neutron ratio is not as good as in the case of epithermal neutron intensity (Figures 7C,D), as indicated by the lower R2 (0.82) and the higher RMSE (13.7 mm). This finding indicates that the neutron ratio is more sensitive to other influences than snow and thus a less robust predictor for SWE. Another explanation for this poorer performance could be the different measuring footprints for thermal and epithermal neutrons. Whereas, the footprint for epithermal neutrons ranges from 12 to 18 ha, the footprint for thermal neutrons covers a much smaller area. Preliminary neutron transport simulations indicate that thermal neutrons have a footprint with a radius of ~35 m at average ambient conditions (Markus Köhli, personal communication). Thus, the neutron ratio may be more strongly affected by spatial heterogeneity of the snow cover than the epithermal neutron intensity. This may explain the larger scatter between SWE derived from snow depth and neutron ratio shown in Figure 7D (R2 = 0.53, RMSE = 18.6 mm). This discrepancy in footprint size represents an even bigger challenge in mountainous areas due the higher spatial variability of snow covers in such environments (Schattan et al., 2019).

We also tested whether a multiple linear regression using both E and T/E leads to a better prediction of SWE from neutron counts. We found that the regression parameter for NR is significant at a 5% confidence level (p-value = 0.0354). However, multiple linear regression using E and NR was only minimally better compared to linear regression using E in terms of R2 (0.953 vs. 0.946). In addition, the multiple regression function showed a lower transferability compared to the simple regression function. Therefore, we decided to not consider multiple linear regression using E and NR as an option for converting neutron counts into SWE in this study.



N0-Calibration Function

As suggested by Schattan et al. (2017), we recalibrated the coefficients of the standard N0 calibration function using the selected SWE observations presented in Figure 6. N0 was fixed to the value found in the soil moisture calibration (1,889 cph). This resulted in α0 = 144.861, α1 = 0, and α2 = 243.172. Interestingly, the α1 parameter was zero and thus could be omitted. The corresponding calibration curve is presented in Figure 8A. Similar to the case of the linear regression function, the N0-function fits the calibration data well (R2 = 0.95, RMSE = 7.45). The validation with all SWE values also showed good results (R2 = 0.762, RMSE = 9.39). Thus, the performance of the N0-calibration function was somewhat lower than that of the linear regression method for the validation measurements.


[image: Figure 8]
FIGURE 8. (A) N0-calibration function fitted to 20 selected SWE values obtained from snow level measurements using Equation (10); (B) validation of the N0 calibration function using all SWE values.




Physically-Based Calibration Function

Figure 9 presents the application of the physical-based calibration function proposed by Desilets (2017) using the selected SWE values shown in Figure 6. As suggested by Desilets (2017), we used a value of 4.8 cm for the attenuation length (Λ). We calibrated the remaining two parameters (NSNOW = 824.37 and NSWC = 1133.69). As the summary statistics show, the quality of calibration with the Desilets function is very similar to the epithermal neutron linear regression function and the N0 calibration function (R2 = 0.916, RMSE = 9.89). However, the validation statistics (R2 = 0.81, RMSE = 7.98, Figure 9B) indicate that the physically based model was better able to reproduce all SWE values than the other conversion methods.
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FIGURE 9. (A) Physically-based model of Desilets (2017) fitted to 20 selected SWE values obtained from snow level measurements using Equation (10); (B) validation of the physically-based model using all SWE values.


Using neutron transport simulations, Desilets (2017) suggested that the value for NSNOW should be 24% of the value of N0 calibrated using in-situ soil moisture reference data. The parameter NSNOW represents a condition in which the snow completely absorbs all epithermal neutrons generated in the soil below the snow cover. Thus, the detected epithermal neutrons above the snow cover are assumed to be generated within the snow cover only. In this study, we fitted the value of NSNOW and found that NSNOW was 43.6% of N0. This may indicate that other sources of epithermal neutrons exist at the CS3 test site. The most likely candidate producing epithermal neutrons is high Mediterranean scrubland vegetation. Furthermore, due to the mountainous location with steep slopes, part of the ground in the footprint of the CRNP was not covered with snow and may thus have increased the amount of epithermal neutrons.




Comparison of SWE Methods

In this section, we investigate how well the four SWE conversion methods compare with the SWE derived from snow level measurements during the single snow event presented in section Precipitation and Neutron Data (Figure 4). In addition, it was investigated how well the conversion methods are able to indicate the onset and ending of snow events. To this end, the SWE conversion methods are applied continuously (i.e., for periods with and without snow coverage) for the three considered winter periods (2017/18, 2018/19, and 2019/20).


Event Scale

In order to explore how the different methods to estimate SWE from CRNP measurements are able to reproduce the SWE dynamics during a snow cover event, we now investigate a single snow event that took place during winter 2018/19 in more detail (Figure 10, see also Figure 4). In addition, we consider an event-based calibration of the conversion methods that is solely based on SWE data of this snow event. For this, only the first 6 days of SWE data were used to exclude any possible influence of rainfall, snowmelt, density changes in the snowpack, or evaposublimation.
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FIGURE 10. Comparison of two parameterizations of (B) the epithermal regression function, (C) the neutron ratio regression function, (D) the N0 function, and (E) the physically based model for a snow event in winter 2018/19. For the global calibration the 20 selected SWE reference values (Figure 6) were used and for the event calibration SWE data from the first 6 days of this snow event were used. Precipitation intensities for freezing and non-freezing conditions are also shown (A).


Figure 10 shows that the SWE dynamics derived from epithermal neutron intensity and the neutron ratio using the linear regression functions described above compared well with SWE derived from snow level measurements for the first 10 days prior to a strong rainfall event. The additional meteoric water increased the soil moisture content as indicated by the in-situ measurements (see also Figure 4), which may explain the SWE overestimation after the rainfall event (Figure 10B). The bias in the SWE estimates obtained from the neutron ratio regression function is more pronounced than the bias in the SWE estimates obtained from the epithermal neutron regression function. This indicates that the thermal and epithermal neutrons are differently affected by the thawing processes in the second half of the snow period. In addition, effects of the different footprint sizes of the epithermal and thermal neutron detectors have to be taken into consideration (see section Regression Analysis). A calibration of both regression functions using the SWE data of this specific snow event resulted in a marginally better RMSE in the case of the epithermal neutron regression and a slightly worse RMSE in the case of the neutron ratio regression function (Figures 10B,C). The event-scale SWE predictions for the N0-calibration function and the physically-based calibration function are presented in Figures 10D,E. Again, we also compared the global calibration with an event-based calibration. Both calibration functions were better able to reproduce the development of the snow pack than the linear regression functions with epithermal neutrons and the neutron ratio, as indicated by the calibration statistics. However, the SWE overestimation after the strong rainfall event on January 10, 2019 is more pronounced for these two approaches, especially in the case of the calibration function of Desilets (2017). This is related to the stronger non-linearity of these calibration functions. The event-based calibration reduced the SWE overestimation in case of the N0-calibration function (Figure 10D). In contrast, the event-based calibration of the physically-based model did not significantly improve the match with SWE obtained from snow depth (Figure 10E).



Seasonal Scale

Figure 11 shows a comparison of the four CRNP-based methods to estimate SWE with the SWE derived from snow level measurements for the three winter seasons. The corresponding RMSE values for different periods are presented in Table 1. In most cases, all CRNP-based SWE conversion methods were able to determine the SWE during the snow events reasonably well (average RMSE of all methods = 7.69 mm) with the N0-calibration function performing best and the NR regression function performing worst. The RMSE values obtained here are similar to those found in previous studies of Rasmussen et al. (2012) and Sigouin and Si (2016), who reported RMSE values between 5.1 and 8.8 mm between SWE estimated from snow depth and from CRNP measurements.
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FIGURE 11. Comparison of the four CRNP-based methods to estimate SWE with the SWE derived from snow level measurements for the winter seasons 2017/18, 2018/19, and 2019/20. Precipitation intensities for freezing and non-freezing conditions are also shown.



Table 1. RMSE calculated between snow depth-derived and CRNP-derived SWE for different periods indicating the quality of CRNP-based SWE estimation using different conversion methods.

[image: Table 1]

When comparing snow depth-derived SWE with CRNP-derived SWE for the entire winter period (Figure 11, Table 1), the average RMSE of all methods increased to 12.36 mm. This indicates that the CRNP-based SWE determination is affected by other influences such as rainfall. This effect is particularly pronounced during a heavy rainfall event in mid-December 2019, when all CRNP-based conversion methods erroneously indicate a snow event, possibly due to partial occurrence of ponding water. The error in the SWE estimates obtained for the entire monitoring period (including summers) is even higher as indicated by the high RMSE in Table 1. Therefore, it is currently not recommended to use CRNP measurements as a stand-alone method for SWE determination. It is essential to use supporting information (e.g., air temperature, snow level measurements) to independently determine periods with snow. Time-lapse snow photography could also be beneficial (Parajka et al., 2012) for this purpose.

Another reason for the observed discrepancy between SWE estimates obtained from CRNP and snow depth measurements is the difference in measurement scale. While the CRNP measurements cover 12–18 ha, snow depth is only a point measurement. The impact of this scale difference becomes apparent for a snow event from late December to beginning of January 2019 (Figure 11), in which all CRNP-based conversion methods indicate a longer snow cover period than the snow depth-based SWE. It is likely that the snow under the snow depth sensor melted faster due to the influence of direct solar radiation, while the snow cover in the shadow of the shrubbery vegetation remained longer, which is detected by the CRNP-based conversion methods.





CONCLUSIONS

In our study, we found that the above-ground CRNP is well-suited for measurement of field scale SWE, which is in agreement with findings of other studies (e.g., Desilets et al., 2010; Rasmussen et al., 2012; Sigouin and Si, 2016; Schattan et al., 2017). We also demonstrated that all four methods to obtain SWE from CRNP measurements were able to determine snow pack dynamics reasonably well, with the N0-calibration function and the physically-based calibration function of Desilets (2017) performing best and the regression function using the neutron ratio performing worst. Furthermore, we showed that the above-ground CRNP can be used for continuous SWE determination. However, the CRNP-based SWE determination can be affected by other influences. Especially heavy rainfall can lead to erroneous indications of snow events due to the occurrence of ponding water. Nevertheless, CRNP-based SWE estimation is a potential alternative to established methods like snow depth-based SWE methods, as it provides SWE estimates for a much larger scale (12–18 ha). In view of the fact that the SWE methods based on snow depth measurement can also yield biased results (e.g., preferred snow cover melting due to the direct influence of solar radiation), we propose that the CRNP-based SWE estimation can lead to results that are more representative for larger areas and therefore better suited for regional studies.

According to Andreasen et al. (2017a), there are currently about 200 stationary CRNPs installed worldwide, often operated as regional networks in hydrological observatories (e.g., Bogena et al., 2018; Kiese et al., 2018; Liu et al., 2018) or in entire countries (Zreda et al., 2012; Hawdon et al., 2014; Evans et al., 2016). Some of the epithermal neutron time series of these CRNPs started already more than a decade ago. Therefore, we expect that the application of the presented SWE conversion methods to available CRNP data will be very useful for the investigation of changes in snow precipitation patterns as well as of increasingly severe snowmelt events caused by rising global temperatures. Future research should seek to further improve the accuracy of the CRNP-based SWE estimates as well as the characterization of onsets and endings of snow cover events e.g., with use of neutron transport modeling (e.g., Andreasen et al., 2017b; Schattan et al., 2019), as well as measurements of neutrons at different and multiple energy ranges.
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