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Highlights 

●​ The Langtang region receives 57-78% of its annual precipitation as rainfall and 22-43% 
as snowfall. 

●​ June, July, and August receive the most precipitation as rainfall. 
●​ Rainfall-snowfall transition temperature occurs at 1.47°C. 
●​ Rainfall fraction has an increasing trend: annual daytime (+0.17% per year), annual 

nighttime (0.10% per year), and all timestamps except winter nights. 
●​ Changepoints in rainfall fraction occurred during 1990-2000. 

Abstract​
Mountain studies worldwide have documented increases in rainfall fraction as an impact of 
climate change. Most mountain systems show an increasing trend in rainfall fraction due to 
shifting snow precipitation to rain. In Nepal, which occupies an 800 km-long belt of the Hindu 
Kush Himalaya, the precipitation phase trend is not well known. This study conducts a 
precipitation phase study in the Langtang region and investigates the response of snowfall and 
rainfall to recent climate variation and change. The study uses 40 years (1979-2018) of 
bias-corrected WFDEI climate reanalysis data and applies a physically based psychrometric 
energy-balance model to partition precipitation into rainfall and snowfall. The study identifies 
points of statistically significant changes in trends using the Exponential Weighted Average, 
Mann-Kendall test, Sen's slope estimator, and changepoint analysis. Changepoint detection was 
conducted using Pettitt's method. In addition, the study estimates transient temperature for 
rainfall-snowfall transition using logistic mapping. The results show that the rainfall fraction has 
been increasing for all timestamps (annual, seasonal, monthly) except winter nights, with 
changepoints occurring between 1990-2000. Post-monsoon months (October and November) 
showed the greatest annual increase in daytime rainfall fraction at 0.34% and 0.27%, 
respectively. Winter months exhibited the least changes, with no significant increase in rainfall, 
particularly at night. The transient temperature for rainfall-snowfall transition was identified at 
1.47°C. Future research should extend this methodology across the broader Himalayan region to 
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develop region-specific precipitation phase models, incorporate high-resolution climate 
projections to assess future changes in snow-rain ratios, and investigate the cascading impacts of 
changing precipitation phases on glacier mass balance, streamflow timing, and downstream 
water security. 

Keywords: Rainfall Fraction, Precipitation phase change, Climate change, Langtang 

Introduction​
Snowfall and rainfall in mountainous regions play a vital role in freshwater availability for both 
upland and lowland communities. Snow precipitation contributes to glacial ice formation, which 
becomes a crucial freshwater source downstream. Rainfall infiltrates the soil and replenishes 
groundwater, benefiting both high-altitude and lowland areas (Pavlovskii et al., 2018; Smerdon 
et al., 2009). The infiltrated rain in the mountains travels subsurface to the plains, enhancing 
groundwater security (Markovich et al., 2019; Smerdon et al., 2009). In addition to their role in 
freshwater availability, snow and rain are integral to the energy balance (Ma et al., 2018). During 
winter, snowfall increases surface albedo, reducing the surface energy budget and maintaining 
cold winter temperatures in the mountains (Déry & Brown, 2007; Negi et al., 2017). Conversely, 
summer rainfall absorbs solar radiation, increasing the energy budget and supporting a suitable 
summer mountain climate (Bhattacharya et al., 2011). 

In recent decades, precipitation patterns in cryospheric environments have changed due to 
climate change (Carrasco & Cordero, 2020; Feng & Hu, 2007; Kapnick et al., 2014; Z. Li et al., 
2020; Serquet et al., 2011a; Su et al., 2022; Vignon et al., 2021; Viste & Sorteberg, 2015). 
Warming in these regions is 2-5 times higher than in lowland areas (IPCC, 2021), leading to 
more precipitation occurring as rain and reducing snowfall fraction. In the Himalayas, this 
change has resulted in fewer snowfall days and a decline in snowfall fraction (Y. Li et al., 2020; 
Viste & Sorteberg, 2015). Recent studies across the Hindu Kush Himalaya have documented 
significant alterations in precipitation dynamics. Kumar et al. (2024) found substantial increases 
in extreme precipitation events in the Himalayan foothills, while Thayyen and Dimri (2024) 
reported accelerated glacier retreat driven by rising temperatures and shifting precipitation 
patterns. Sun et al. (2022) demonstrated that incorporating relative humidity substantially 
improves precipitation phase discrimination accuracy in High Mountain Asia, reducing 
classification errors by up to 15% compared to temperature-only methods. Similarly, Rahman et 
al. (2024) observed declining snow cover extent across the Nepal Himalaya, attributing these 
changes to elevation-dependent warming and altered precipitation regimes. Singh et al. (2021) 
further highlighted that precipitation variability in the Himalayan headwaters has intensified over 
recent decades, with implications for downstream water availability and flood risk. 

Similar trends have been recorded in the European Alps (Serquet et al., 2011a), the Tibetan 
Plateau (Deng et al., 2017; J. Wang et al., 2016), and the Northern United States (Feng & Hu, 
2007; Knowles et al., 2006). However, some cryospheric regions, such as the Karakoram in Asia 
(Kapnick et al., 2014), Western North America (Feng & Hu, 2007), and Antarctica (Carrasco & 
Cordero, 2020; Vignon et al., 2021), show an increasing trend in snowfall fraction despite 
warming. This anomaly is attributed to climate change-induced increases in winter precipitation 
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rather than changes in snowfall fraction (Carrasco & Cordero, 2020; Kapnick et al., 2014; Su et 
al., 2022; Vignon et al., 2021). 

Studies document changes in the precipitation phase using rainfall or snowfall fraction relative to 
total precipitation (Berghuijs et al., 2014; Harder & Pomeroy, 2013; Serquet et al., 2011b). The 
rainfall ratio measures the fraction of rainfall relative to total precipitation (rain + snow), while 
the snowfall ratio measures the fraction of snowfall relative to total precipitation. Most phase 
change studies are temperature-based (Berghuijs et al., 2014; Deng et al., 2017; Ding et al., 
2014), considering only the surface temperature of a falling hydrometeor. However, atmospheric 
variables such as humidity and wind also play a significant role (Feiccabrino et al., 2015; 
Thériault et al., 2006). For example, when a snowflake falls, the temperature lapse rate 
influences its heat content, while wind and humidity determine its time in the air and latent heat 
transfer (Yuter et al., 2006). These factors collectively determine the net energy of the snowflake, 
influencing whether it remains solid or melts into rain upon reaching the ground. The rain-snow 
boundary temperature is location-specific and does not always occur at 0°C (Auer, 1978; Dai, 
2008; Froidurot et al., 2014). It can range from -1°C (Ye et al., 2013) to greater than 4.5°C 
(Jennings et al., 2018). 

Despite growing recognition of precipitation phase changes globally, critical knowledge gaps 
remain for the Nepal Himalaya. Most existing studies in this region have focused on total 
precipitation trends or temperature changes, with limited attention to how these changes affect 
the partitioning between rain and snow. This knowledge gap is particularly problematic given the 
region's dependence on snowmelt-fed water resources and the increasing frequency of 
climate-related hazards. The Langtang region, specifically, lacks systematic precipitation phase 
analysis despite its importance as a representative glacierized catchment in the central Himalaya. 

This research contributes to understanding how climate change affects location-specific snowfall 
patterns in the Nepal Himalaya. The primary innovation of this study lies in applying a 
physically based psychrometric energy-balance method to quantify precipitation phase changes 
in the Langtang region, moving beyond simple temperature-threshold approaches that dominate 
current understanding. By incorporating temperature, humidity, and wind dynamics, this 
approach provides more accurate phase discrimination and enables identification of the actual 
rain-snow transition temperature for this specific location. The findings have important practical 
applications: improved predictions of snow-related hazards such as avalanches, glacial lake 
outburst floods, and landslides, as well as more accurate water resource management. The study 
is particularly relevant for hydrological modeling in the Langtang region, where previous models 
have typically assumed a rain-snow threshold temperature of 0°C, an assumption that may 
introduce systematic biases. By providing empirical estimates of the actual rain-snow boundary 
temperature through physics-informed knowledge, this study offers a more accurate baseline for 
future hydrological research. Furthermore, understanding precipitation phase trends is essential 
for local communities and water resource managers who depend on predictable seasonal water 
availability from snowmelt and rainfall. 
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Precipitation phase studies are scarce in the Langtang region. The precipitation gauge at 
Langtang station does not differentiate between rain and snow, collecting all precipitation as rain. 
Therefore, this study employs a precipitation phase study, partitioning precipitation using a 
physically based psychrometric method. To address the limitations of in-situ data, bias-corrected 
climate reanalysis data are used. 

The study's objectives are to segregate total precipitation into rain and snow based on a 
psychrometric method, to analyze annual, seasonal, and monthly trends in rainfall fraction since 
1979, and to estimate the rain-snow surface boundary temperature based on hydrometeor 
temperature. This study area was selected based on several key factors: the availability of 
comprehensive meteorological data, the presence of ground stations for data calibration and 
validation, and its significance as a major trekking destination in the Himalayas. Understanding 
the changing precipitation dynamics in this region is important given the high volume of trekkers 
and mountaineers who traverse the area annually, making accurate hazard assessment critical for 
both visitor safety and local community resilience. The Langtang valley also serves as a 
representative site for glacierized catchments in the central Himalaya, making findings from this 
location relevant for understanding broader regional patterns. 

Methods 

I.​ Study area 

The Langtang region is located in central Nepal and serves as a natural divide, separating the 
eastern Himalaya-Karakoram-Hindukush (HKH) region from the central HKH (Zhou et al., 
2017). Geographically, the basin extends longitudinally from 85° 31′ East to 85° 48′ East and 
latitudinally from 28° 8′ North to 28° 23′ North (Figure 1). It covers a total area of 353.9 km² 
(Thapa et al., 2021), with an altitudinal range from 3,662 meters above sea level (masl) in the 
Langtang Valley to 7,180 masl at Lirung Peak (Thapa et al., 2020). The basin has an average 
topographical slope of 26.7 degrees and a mean annual temperature of 3.5°C (Pradhananga et al., 
2014). Geologically, it belongs to the Higher Himalayan Sequence and is primarily composed of 
granite, gneiss, and schist (Khanal et al., 2015). 

The basin is a snow- and glacier-dominated region, with glaciers covering 46% of its total area 
(Immerzeel et al., 2012), accounting for approximately 110 km² (Thapa et al., 2020). It contains a 
total of 24 glaciers (Chaulagain, 2009), with peak discharge occurring in July and August 
(Pradhananga et al., 2014). Similarly, snow and ice melt also reach their maximum during this 
period (Pradhananga et al., 2014). Combined with Indian monsoonal rainfall, the melting of 
glaciers, snow, and ice contributes to peak river flow during these months (Kayastha et al., 
2005). During winter, glacier melt and discharge remain minimal due to the freezing mean 
temperature of -3.6°C (Kayastha et al., 2005). Rainfall also reaches its lowest levels during this 
period (Immerzeel et al., 2012), and river discharge remains at a minimum, sustained primarily 
by base flow from groundwater and a constant but reduced melting rate (Immerzeel et al., 2019). 
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The basin's precipitation regime is highly seasonal. The monsoon season 
(June–September)accounts for 77% of the total annual precipitation due to the influence of the 
Indian monsoon winds (Immerzeel et al., 2012). These winds transport moist air from the Bay of 
Bengal, leading to daily precipitation (Hamal et al., 2020). During this time, temperatures also 
reach their highest levels, making the monsoon period both the warmest and wettest of the year 
(Bookhagen & Burbank, 2010; Ragettli et al., 2016). Following the monsoon, precipitation 
volume decreases while its frequency declines, marking the onset of the post-monsoon season 
(October–November) (Immerzeel et al., 2012). During winter (December–February) and the 
pre-monsoon season (March–May), precipitation remains low, influenced by western 
disturbances originating from the Arabian Sea (Bookhagen & Burbank, 2010; Hamal et al., 2020; 
Ragettli et al., 2016). 

Figure 1:Geographical map of the Langtang Glacier region. Adapted from Bhattarai et al. 
(2017) 

 

II.​ Data collection 
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The study used the WATCH Forcing Data (WFDEI) methodology applied to ERA-Interim 
reanalysis data climate reanalysis datasets (Weedon et al., 2011; Weedon et al., 2014), for its high 
accuracy in climate estimates in the HKH region (Khan et al., 2017). WFDEI also has higher 
accuracy in precipitation estimates than other reanalysis datasets (Bhattarai et al., 2020; Dahri et 
al., 2021; Li et al., 2013). WFDEI provides the global (land only) meteorological datasets from 
1979 to 2018, at 0.5° × 0.5° latitude-longitude grid at hourly resolution. 

We used ERA5 reanalysis data and in-situ observations from Kyanjing meteorological station 
(Latitude: 28°13′00″N, Longitude: 85°35′00″E, Altitude: 3817 m) archived in Pradhananga et al. 
(2024). Before conducting our analysis, we evaluated the reanalysis data quality at the Kyanjing 
location by calculating descriptive statistics (RMSE, bias, correlation coefficient) between the 
ERA5 grid cell values and station observations. This validation step confirmed adequate 
agreement between reanalysis and observed data (RMSE = 2.1°C for temperature, correlation 
coefficient = 0.89 for precipitation), providing confidence in using the reanalysis product for 
subsequent analysis. 

Following validation, we applied quantile mapping bias correction specifically for the station 
location time series. Quantile mapping adjusts the distribution of reanalysis data to match the 
observed distribution at each quantile, thereby correcting systematic biases across the full range 
of values. This method is effective for precipitation data, which exhibits non-linear biases. It is 
important to emphasize that this study presents a point-based analysis at the Kyanjing station 
location only. We do not extrapolate the bias correction or findings to the entire ERA5 grid cell 
(approximately 0.25° resolution, approximately 770 km² at this latitude) or the broader 110 km² 
Langtang region. The single-station approach is a recognized limitation in high-mountain 
environments where dense station networks are unavailable. However, station-based analyses 
remain valuable for understanding local precipitation phase dynamics and for validating 
reanalysis products in data-sparse regions. Our results are strictly representative of conditions at 
the Kyanjing station and its immediate vicinity, and regional extrapolation would require 
additional ground observations or spatially distributed validation. 

III.​ Psychrometric energy balance method 

The psychrometric energy balance method is a physically based approach that integrates 
temperature, humidity, and wind to estimate the precipitation phase. It is based on the principle 
that several microphysical processes determine the phase of a falling hydrometeor. For instance, 
energy fluxes occur between the saturated surface of a falling hydrometeor and the surrounding 
unsaturated air (Stewart, 1992), requiring latent heat transfer to be incorporated for accurate 
phase estimation. Compared to simple temperature-threshold methods, this approach accounts 
for full thermodynamic effects, making it a more robust method. 

The first step in determining the precipitation phase is to evaluate the mass and energy exchange 
between the hydrometeor and the surrounding air. This exchange process accounts for the rate of 
mass change due to sublimation or melting, where the Sherwood and Nusselt numbers describe 
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turbulent exchange effects, water vapor density in air and at the hydrometeor surface capture the 
sensible and latent heat fluxes affecting the hydrometeor (Harder & Pomeroy, 2013). 

Once the mass change rate is determined, we calculate the equilibrium temperature of the falling 
hydrometeor. This temperature determines whether it remains solid (snow) if the temperature is 
at or below 0°C, melts into rain if the temperature exceeds 0°C, or becomes mixed precipitation. 
This calculation shows that the phase of precipitation is controlled by both temperature and 
humidity. The energy available for phase change determines whether a hydrometeor melts or 
remains frozen as it falls through the atmosphere (Harder & Pomeroy, 2013). 

In the study, the psychrometric energy model was calculated using the CRHMr package (Shook, 
2021) in R (version 4.1.2). The phaseCorrect function inside the CRHMr package takes in hourly 
time series data for temperature, wind, relative humidity, and precipitation as inputs and 
partitions the precipitation into snow or rain based on the hydrometeor temperature. Detailed 
mathematical formulations of the mass and energy exchange equations are provided in Equation 
1(Harder & Pomeroy, 2013). 

 

This equation shows that: 

●​ dm​/dt is the mass change rate of the hydrometeor. 
●​ Sh and Nu are the Sherwood and Nusselt numbers, which describe turbulent exchange 

effects. 
●​ rTa represents water vapor density in air 
●​ rsat(Ts) represents density at the hydrometer surface 

●​ captures the sensible and latent heat fluxes affecting the hydrometeor​
 

IV.​ Data analysis 

Statistical trend detection and changepoint analysis were performed to identify temporal patterns 
in the precipitation phase. These methods have been widely applied in climate studies and are 
well-documented in the literature (Kendall, 1975; Sen, 1974; Pettitt, 1979). The specific 
implementations used in this study are described below. 

a.​ Mann-Kendall’s (MK) trend test​
 

The Mann-Kendall test is a non-parametric method for detecting monotonic trends in time series 
data (Kendall, 1975). It evaluates concordance and discordance pairs in the time series to 
calculate test statistics. Concordance pairs represent all pairs that have positive slopes, while 
discordance pairs represent pairs with negative slopes. Higher values for the test statistic indicate 
a greater monotonic trend. The null hypothesis assumes no monotonic trend exists in the time 
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series, while the alternative hypothesis assumes a trend exists. In this study, the test was 
calculated for exponential weighted average values using the mk.test function inside the "trend" 
package in R at a 5% confidence interval. 

b.​ Sen slope estimator ​
 

Sen's slope estimator provides a way to measure the trend magnitude based on real observational 
data (Sen, 1974). It is a non-parametric method that calculates the median rate of change, making 
it a reliable measure for data that do not follow a normal distribution (Grech & Calleja, 2018). A 
positive slope indicates an increasing trend in the time-series data, while a negative slope 
represents a decreasing trend. In this study, Sen's slope was computed using the "sen.slope" 
function from the "trend" package in R. 

c.​ Changepoint detection ​
 

Changepoint analysis is a statistical technique used to detect structural changes in time-series 
data, where a shift in statistical properties such as mean and variance occurs at an unknown time 
point (Wambui et al., 2015). If a changepoint exists at a time in a series, then the statistical 
properties of the segment before that time differ from those after (Killick et al., 2012). In this 
study, Pettitt's method (Pettitt, 1979) was used to identify a single changepoint in the time series. 
Pettitt's method assumes that a changepoint corresponds to a shift in the distribution of the data. 
This method has been widely applied in climate data analysis due to its high sensitivity to abrupt 
changes in time-series trends (Kang & Yusof, 2012; Wijngaard et al., 2003). Its effectiveness has 
been demonstrated in various climate studies (Ogungbenro & Morakinyo, 2014; Shahid et al., 
2018; M. Wang et al., 2019). 
 

d.​ Logistic regression mapping​
 

Logistic regression was applied to determine the temperature at which precipitation has an equal 
probability of occurring as either rain or snow, which is the phase transition temperature. This 
method models the relationship between hydrometeor temperature (explanatory variable) and 
precipitation phase (binary response: rain equals 1, snow equals 0). The logistic function 
transforms binary outcomes into probabilities. The phase transition temperature occurs when the 
probability of rain equals the probability of snow at 0.5, which corresponds to the log-odds ratio 
being zero. This temperature represents the critical threshold where precipitation shifts from 
predominantly snow to predominantly rain. 

Logistic regression is widely used for estimating phase transition temperatures because it 
effectively handles the probabilistic nature of precipitation phase changes (Froidurot et al., 2014; 
Pavlovskii et al., 2018). Unlike simple temperature thresholds, this approach accounts for the 
gradual transition zone where both rain and snow can occur. In this study, we applied logistic 
regression to the relationship between hydrometeor temperature (calculated from the 
psychrometric energy balance model) and the observed precipitation phase (rain versus snow) to 
identify the temperature at which the probabilities of rainfall and snowfall are equal. 
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Results 

a.​ Temporal Patterns of Climate Variables (1979–2018) 

The long-term climatology at the study site exhibits pronounced seasonal cycles and notable 
interannual variability across all key meteorological variables (Figure 2). Daily air temperature 
shows a clear and repeatable seasonal pattern (Figure 2a), with values increasing steadily from 
winter to summer and decreasing thereafter. The 40-year mean temperature reaches a maximum 
of approximately 7 °C in mid-July and a minimum of about −12 °C in January. Individual yearly 
temperature traces closely follow the climatological mean, indicating a consistent seasonal 
progression, while larger deviations are primarily observed during the winter months. 

Relative humidity and wind speed display contrasting seasonal characteristics (Figures 2b and 
2c). Relative humidity remains relatively uniform, generally ranging between 60% and 75% 
during the first half of the year, before increasing sharply in July when values frequently 
approach saturation. Wind speed shows an opposing pattern, with higher mean values during 
winter and spring (approximately 2.0 m s⁻¹) and a gradual decline toward late summer and 
autumn, reaching a minimum of around 1.3 m s⁻¹ in October. This seasonal reduction in wind 
speed suggests more stable atmospheric conditions during the late summer and early autumn 
period. 

Precipitation exhibits a highly variable temporal structure characterized by low mean daily 
values and episodic high-intensity events (Figure 2d). The 40-year mean daily precipitation 
generally remains below 10 mm day⁻¹; however, substantial interannual variability is evident, 
particularly during the summer months (July–August). During this period, extreme daily 
precipitation events exceeding 75 mm day⁻¹ are observed. These results indicate that while 
typical daily precipitation amounts are relatively low, the region experiences occasional intense 
precipitation events during the warm season. 
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Figure 2. Annual climatology (1979–2018) for (a) temperature, (b) relative humidity, (c) wind 
speed, and (d) precipitation. Faded lines represent individual years; the solid line indicates the 
long-term mean. 

 

b.​ Trend test for climatic variables 

Among the variables integrated into the psychrometric energy model, temperature exhibited the 
most pronounced and statistically significant upward trend, with an annual increase of 0.022°C. 
While relative humidity also showed a positive Sen’s slope of 0.018% per year, this trend did not 
reach statistical significance (p = 0.1225). Similarly, precipitation lacked a significant long-term 
trend (p = 0.666), although a weak positive association was noted via Kendall’s tau (tau = 0.048). 

Conversely, wind speed demonstrated a highly significant declining trend (tau = -0.5076, p < 
0.001). Notably, the Pettitt changepoint analysis suggests that a regime shift for all primary 
climatic variables occurred between 1990 and 2000 (Figure 3), marking a transition period for 
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the local climate state.​
 

 
Figure 3: Figure 2: Annual trends of climatic variables (1979–2018). Panels show (a) air 
temperature, (b) relative humidity, (c) wind speed, and (d) total precipitation. Solid lines 
represent the 5-year moving average, and dashed red lines indicate the Theil-Sen trend. 
Significance is denoted as p < 0.001, p < 0.05, or ns (non-significant). 

 

1.​   Results from the psychrometric model 

 

a.​ Snow and rain precipitations 

The seasonal distribution of precipitation shows distinct patterns, with rainfall predominating 
during the monsoon period (July–September) and snowfall occurring primarily from late winter 
through May (Figure 4). Mixed-phase precipitation is largely confined to the transitional periods 
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preceding and following the monsoon, whereas mid-winter months (November–December) 
experience minimal precipitation and negligible snowfall (Figure 5). Volumetric analysis 
indicates that rainfall is the dominant contributor to the annual water balance, accounting for 
57–78% of total precipitation, while snowfall contributes 22–43%. Total annual precipitation 
remains within an approximate 1200 mm range, with snowfall consistently contributing less than 
500 mm (Figure 5). 

Figure 4. Seasonal cycle of daily precipitation phase (1979–2018). Blue boxes indicate 
snowfall, orange boxes indicate rainfall, and white areas represent dry months with no 
precipitation. 
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Figure 5: Cumulative annual precipitation for both rainfall and snowfall. The total annual 
precipitation remains within approximately 1200 mm. Snowfall contributes less than 500 mm 
to the total precipitation, indicating a lower proportion relative to rainfall. 

 

b.​ Monthly rainfall ratio characteristics  

The monthly distribution of precipitation phases is represented using a rainfall fraction gradient, 
where values of 0 (blue) and 1 (deep red) correspond to exclusive snowfall and rainfall, 
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respectively (Figure 6). During the peak winter months of January and February, the basin 
remains predominantly within the snowfall regime, with rainfall fractions approaching zero. 
Pre-monsoon and early monsoon months (May–June) exhibit high phase heterogeneity, with a 
mixture of solid, liquid, and intermediate mixed-phase precipitation. Transitional months, 
including October and November, display pronounced interannual variability, particularly in the 
frequency and density of rainfall events over the 40-year record. These spatial-temporal patterns 
indicate that mid-monsoon conditions are dominated by rainfall, while transitional seasons 
represent the primary periods for shifts in precipitation phase. 

 

 
Figure 6. Monthly rainfall fraction gradient (0 = snowfall, 1 = rainfall) over 40 years. Winter 
months (Jan–Feb) are dominated by snowfall, May–June show mixed-phase precipitation, and 
transitional months (Oct–Nov) exhibit high interannual variability. 

 

c.​ Boundary temperature for rain/snow transition  

The logistic regression analysis applied to hydrometeor temperature identified a probability of 
0.5 for both rain and snow at 1.47°C. This result indicates that at this temperature, precipitation 
has an equal likelihood of occurring as either rain or snow. As shown in Figure 7, a sharp phase 
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transition is observed between 0°C and 3°C, where precipitation shifts between rainfall and 
snowfall. 

Figure 7 provides a descriptive representation of seasonal variations and their relationship with 
rainfall and snowfall. During the monsoon months (June–September), precipitation 
predominantly falls as rain, as indicated by its concentration in the rainfall-dominated region 
(probability 1 region in the graph). The phase transition between rain and snow primarily occurs 
during the pre-monsoon months (March–May), highlighting a critical period of 
temperature-driven precipitation changes. 

Figure 8 illustrates the distribution of rain and snow concerning surface temperature. The results 
indicate that all rainfall events occurred at temperatures above 0°C, while snowfall was observed 
in close proximity to the identified phase transition temperature of 1.47°C. This pattern 
highlights the influence of temperature on precipitation type, with a boundary between rainfall 
and snowfall occurring between 0 and 5°C. 

To evaluate model significance, a statistical test was conducted incorporating temperature and 
relative humidity. The results (Table 1) indicate that temperature and relative humidity are 
statistically significant predictors of precipitation phase in the Langtang region. Wind, which was 
not used in the model, showed an insignificant effect. 

 

Table 1: Test statistics for logistic mapping 
 Estimate std. Error Z value P value 

(Intercept) -19.766061 1.114538 -17.735 <2e-16 *** 
Temp 2.786350 0.119064 23.402 <2e-16 *** 
Rh 0.183061 0.009604 19.061 <2e-16 *** 
Wind -0.093516 0.230818 -0.405 0.685 
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Figure 7: Seasonal distribution of precipitation represented using a logistic plot. Data points 
with x-axis values lower than 1.47 indicate a higher probability of snowfall, whereas values 
greater than 1.47 suggest a higher likelihood of rainfall. 
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Figure 8: Probability density distribution of precipitation phases as a function of surface 
temperature. The plot illustrates the thermal partitioning between snowfall (orange) and 
rainfall (blue). The dashed vertical red line indicates the identified rain-snow transition 
temperature, where the probabilities of both phases are equal. 

 

d. Trends in rainfall ratio​
​
The Mann-Kendall test indicated statistically significant increasing trends in rainfall fraction 
across multiple temporal scales. Results are organized by annual, seasonal, and monthly 
timescales to provide a comprehensive understanding of precipitation phase changes.​
 
a.​ Annual Trends 

​
The change in annual rainfall fraction was statistically significant, with an increasing trend of 
0.13% per year. Both daytime and nighttime rainfall fractions exhibited statistically significant 
rising trends, with annual rates of +0.17% and 0.10% per year, respectively. Pettitt's test analysis 
identified changepoints in 1995 for daytime rainfall and in 1994 for nighttime rainfall. 

The Mann-Kendall test indicated a statistically significant increasing trend in daytime rainfall 
ratios across all seasons. The post-monsoon daytime rainfall fraction exhibited the highest annual 
increase at 0.47%, followed by post-monsoon nighttime rainfall at 0.16%. For nighttime rainfall, 
all seasons except winter showed statistically significant changes, with the post-monsoon season 
having the highest annual increase at 0.16%. Changepoints were detected across all seasons 
between 1990 and 2000, except for the daytime monsoon season, where a changepoint was 
observed in 2005 (Table 2). 

 

Table 2:  Seasonal rainfall fraction trend 

Season Day/night Sen's slope P value Changepoint 
Location 

Monsoon Day 0.0005 3.909e-05 1998 
Monsoon Night 0.0009 0.00431 1994 
Winter Day 2.5e-06 0.01789 1993 
Winter Night NA NA NA 
Pre-monsoon Day  0.0012 0.01396 1994 
Pre-monsoon Night 0.0008 0.0081 1994 
Post monsoon Day 0.0047 9.036e-06 2005 
Post monsoon Night 0.0016 2.344e-05 1994 

 

b.​ Monthly Trends 

Most months exhibited a statistically significant change in rainfall fraction. For daytime, October 
and November showed the greatest increase, with annual rates of 0.34% and 0.27%, respectively. 
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In contrast, January (a winter month) and July (the peak monsoon month) did not display 
statistically significant changes. For nighttime rainfall, August and October demonstrated the 
highest annual increases, at 0.20% and 0.19%, respectively. However, January, February, and 
June did not show statistically significant changes at the 5% confidence interval. Across all 
months, the changepoint year for both daytime and nighttime rainfall occurred between 1990 and 
2000. The combined annual, seasonal, and monthly trend statistics, including p-values, are 
presented in Table 3. 

 

Table 3: Monthwise precipitation phase trend 

Month Sen's Slope 
Daytime P-value Change 

Year  
Sen's Slope  
Nighttime P- value Change 

Year 
January 0.0000 0.632 1990 NA  NA  NA 
February 0.0000 0.011 1993 NA  NA  NA 
March 0.0004 0.019 1994 2.85E-06 0.00063 1994 
April 0.0017 0.019 2000 5.68E-05 0.03919 1995 
May 0.0005 0.322 1995 0.0015 0.01072 1995 
June 0.0005 0.002 1998 0.0013 0.09114 1998 
July 0.0002 0.06 1997 0.0006 0.02766 1997 
August 0.0009 3.02e-09 1996 0.002 7.83E-08 2000 
September 0.0003 0.019 1994 0.0003 7.77E-07 1989 
October 0.0034 0.002 1992 0.0019 1.90E-05 1998 
November 0.0027 0.001 1996 7.77E-07 6.71E-05 1998 
December 0.0000 0.04 1998 NA  NA  NA 

 

 

Discussion  

a.​ Logistic Mapping and Precipitation Phase Transition 

Logistic regression mapping identified a half-point temperature of 1.47°C, indicating a 50% 
probability of precipitation occurring as either rain or snow. Changepoint analysis revealed major 
shifts in rainfall fraction between 1990 and 2000. Trend analysis indicated statistically significant 
annual changes in temperature (0.02°C, p < 0.05), relative humidity (0.027, p < 0.05), and wind 
speed (-0.40 m/s, p < 0.05). Similarly, rainfall fraction exhibited statistically significant changes 
across all timescales, including annual, seasonal, monthly, daily, and nighttime variations. 

The half-point estimation using logistic regression identified a rain-snow boundary temperature 
of 1.47°C. Jennings et al. (2018) reported a similar finding, with a half-point temperature 
exceeding 0.8°C for the HKH region. However, the half-point temperature in Langtang is 
significantly lower than that of the study done in the adjacent Tibetan Plateau, which exceeds 
4°C (Jennings et al., 2018). This discrepancy can be attributed to differences in relative humidity 
between the regions. The physical mechanism underlying this relationship involves the latent 
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heat exchange during phase transitions. When relative humidity is high, as in Langtang with 
average values above 70%, the air-hydrometeor vapor pressure gradient is reduced, limiting 
evaporative cooling of falling precipitation particles. This reduced cooling allows hydrometeors 
to retain more sensible heat, causing the phase transition to occur at lower air temperatures 
compared to drier environments. In contrast, the Tibetan Plateau exhibits lower relative humidity, 
around 50% (You et al., 2015), creating a larger vapor pressure deficit. Under these conditions, 
enhanced evaporative cooling of falling snowflakes draws heat from the particles, allowing them 
to remain frozen even at higher air temperatures, thus elevating the transition temperature 
threshold. Humidity strongly influences precipitation phase transitions because when relative 
humidity crosses a critical threshold, the balance between sensible and latent heat fluxes shifts, 
determining whether precipitation predominantly falls as either rain or snow (Matsuo et al., 
1981). 

While regional differences are beyond the scope of this study, logistic regression results suggest 
that temperature and relative humidity are statistically significant predictors of precipitation 
phase. This finding aligns with phase transition studies conducted in other regions (Feiccabrino 
et al., 2015; Sun et al., 2022; Thériault et al., 2006). Conversely, wind speed was not found to be 
statistically significant. Given that the transient temperature in Langtang is close to freezing 
(1.47°C), wind may have a limited effect on the net energy balance of hydrometeors. At 
temperatures near 0°C, the energy required for phase change is relatively small, and the 
dominant controls shift to temperature and humidity rather than the mechanical turbulence 
induced by wind. Therefore, wind exerts minimal influence on phase transitions under the 
prevailing conditions in Langtang. 

b.​ Changepoint Analysis and Climate Variability 

Results from the changepoint analysis indicate shifts in climatic variables and rainfall ratios 
between 1990 and 2000. According to the IPCC (2021), rapid climate change has accelerated 
since 2000, which may explain the changepoint occurrence during the 1990s. The physical 
mechanism driving these changes involves elevation-dependent warming in high-mountain 
regions. Warming at high elevations occurs more rapidly than at lower elevations due to several 
interconnected processes. First, snow-albedo feedback plays a critical role: as temperatures rise, 
snow cover extent and duration decrease, reducing surface albedo and allowing more solar 
radiation to be absorbed by exposed darker surfaces such as rock and vegetation. This absorbed 
energy further warms the surface, creating a positive feedback loop that amplifies warming. 
Second, changes in atmospheric moisture content and cloud cover alter longwave radiation 
fluxes, with increased water vapor enhancing downward longwave radiation and contributing to 
surface warming. Third, reduced snow cover also decreases latent heat consumption from 
snowmelt, allowing more energy to go toward sensible heating of the surface and atmosphere. 

Additionally, the HKH region has experienced a warming phase since the 1970s, following a 
prolonged cooling period before 1970 (ICIMOD, 2019). Given the 30-year cycle of warming 
(ICIMOD, 2019), the warming trend may have peaked in the 1990s. Human activities contribute 
to these trends through greenhouse gas emissions that enhance the greenhouse effect, increasing 
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atmospheric temperatures globally and particularly in high-altitude regions where temperature 
responses are amplified. Furthermore, anthropogenic aerosols and black carbon deposition on 
snow surfaces reduce albedo, accelerating snowmelt and contributing to regional warming. All 
periods in which changepoints were detected exhibited increasing slopes, indicating the visible 
impacts of climate change on precipitation phase trends in Langtang. 

c.​ Precipitation Phase Characteristics 

Precipitation phase characteristics in Langtang reveal that the rainfall fraction is highest during 
the monsoon months (June, July, and August) and lowest during winter (December, January, and 
February). The higher rainfall fraction during the monsoon is attributed to elevated temperatures, 
which remain above the rain-snow boundary temperature. During the monsoon, warm, moist air 
masses from the Bay of Bengal dominate the region, bringing both high temperatures and 
abundant moisture. These conditions ensure that most precipitation falls as rain, even at 
relatively high elevations. Conversely, the lower rainfall fraction in winter is due to sparse 
precipitation and freezing temperatures, both of which reduce rainfall occurrence. In winter, the 
region is influenced by cold, dry continental air masses and occasional western disturbances, 
which bring limited precipitation that predominantly falls as snow due to sub-freezing 
temperatures. 

Rainfall dominates over snowfall in total precipitation, accounting for 57–78% of annual 
precipitation. Bonekamp et al. (2019) similarly reported dominant rainfall (58%) over snowfall, 
although their study used a 0°C threshold for phase partitioning in a glacial model. The use of 
different temperature thresholds may explain the observed differences in total rainfall 
contribution between their study and the present analysis. Simple temperature-threshold methods 
typically assume all precipitation falls as snow below 0°C and as rain above 0°C, ignoring the 
influence of humidity and wind on phase transitions. In contrast, the psychrometric 
energy-balance method used in this study accounts for the full thermodynamic environment, 
providing more accurate phase discrimination. This methodological difference can shift the 
estimated rainfall fraction by several percentage points, particularly during transitional seasons 
when temperatures hover near freezing and humidity variations are significant. 

d.​ Trends in Rainfall Fraction and Regional Comparisons 

Trend analysis identified statistically significant changes in rainfall fraction in Langtang. Except 
for winter nights, rainfall fraction exhibited an increasing trend across all timescales. These 
findings are consistent with precipitation phase studies conducted in Central Asia, particularly in 
China (Guo & Li, 2015; Y. Li et al., 2020). Studies on the Tian Shan Mountains (1960–2017) 
reported minimal phase changes at elevations above 3500 m. Given that Langtang is located at a 
similar altitude, the results align. However, direct inference remains uncertain due to localized 
climatic variations influencing phase determination. The vast heterogeneity in atmospheric 
components across regions makes direct comparisons challenging, and the limited availability of 
phase studies in Langtang underscores the need for further research to validate these findings. 

e.​ Winter Trends and Phase Change Limitations 
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During winter, the growth rate of rainfall fraction is the slowest, approaching zero when rounded 
to four decimal places. Notably, the winter nighttime rainfall fraction did not exhibit any 
significant changes. In winter, when temperatures remain well below freezing, a substantial 
temperature increase is required to induce a phase transition (Lang & Barros, 2004; Micu et al., 
2021). The physical explanation for this lies in the energy balance of falling hydrometeors. At 
temperatures substantially below 0°C (such as -10°C or lower), the sensible heat deficit that must 
be overcome to raise a snowflake to its melting point is large. A temperature increase of one or 
two degrees under such conditions provides insufficient energy to initiate melting, and the 
snowflake remains frozen throughout its descent. Additionally, winter conditions in Langtang are 
characterized by very low absolute humidity, which limits latent heat transfer from the 
surrounding air to falling hydrometeors, further preventing phase transitions. A study in the 
Rocky Mountains reached a similar conclusion, reporting no significant phase transition due to 
insufficient temperature rise (Feng & Hu, 2007). 

Study Limitations 

This study acknowledges several limitations that should be considered when interpreting the 
results. First, the analysis relies on a single meteorological station (Kyanjing) for bias correction 
and validation of reanalysis data. While this station-based approach is necessary given the 
scarcity of high-altitude observations in the Himalayas, it limits the spatial representativeness of 
our findings. The results are strictly valid for the Kyanjing station location and its immediate 
vicinity, and extrapolation to the broader 110 km² Langtang basin or the entire ERA5 grid cell 
would require additional ground observations or spatially distributed validation. Future studies 
should incorporate data from multiple stations across elevation gradients to better capture spatial 
variability in precipitation phase transitions. 

Second, the study period (1979–2018) is limited by the temporal availability of the WFDEI 
reanalysis dataset. While this 40-year period is sufficient to detect trends and changepoints, 
extending the analysis with more recent data would provide insights into whether the identified 
trends have continued, accelerated, or changed in recent years. Third, the psychrometric 
energy-balance method, while more sophisticated than simple temperature-threshold approaches, 
still represents a simplification of complex atmospheric processes. The method assumes uniform 
atmospheric conditions along the fall path of hydrometeors and does not account for processes 
such as riming, aggregation, or sublimation that can affect precipitation phase in complex terrain. 

Fourth, this study focuses exclusively on temporal trends and does not address spatial variability 
within the basin. The lack of spatial trend analysis limits our understanding of how precipitation 
phase changes vary with elevation, aspect, or topographic position within the study area. 
Implementing spatial trend analysis would require gridded bias-corrected data across the basin, 
which was beyond the scope of this point-based study but represents an important direction for 
future research. Finally, while the study identifies trends and changepoints, attribution of these 
changes specifically to anthropogenic climate change versus natural climate variability remains 
uncertain. Formal attribution studies using climate model ensembles would be needed to 
definitively separate these signals. 
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Conclusion 

The changes in rainfall fraction were statistically significant across all periods, except for winter 
nighttime. While winter months exhibited the slowest increasing trend, it remained statistically 
significant. The post-monsoon months, particularly October and November, showed the greatest 
changes in rainfall fraction, with annual increases of 0.34% and 0.27%, respectively. 

Key findings from the study are summarized as follows. Rainfall fraction has increased across all 
periods, except during peak winter, with the greatest increase observed in the post-monsoon 
daytime. Temperature, relative humidity, and wind speed exhibited statistically significant trends, 
with temperature and humidity increasing while wind speed decreased. In contrast, precipitation 
did not show a long-term increasing trend but followed a 30-year cyclic pattern, as confirmed by 
the autocorrelation plot. The phase boundary temperature was identified at 1.47°C, influenced 
primarily by temperature and relative humidity, representing a departure from the commonly 
assumed 0°C threshold in hydrological models. Significant increases in rainfall fraction were 
observed between 1990 and 2000, coinciding with documented acceleration in regional warming. 

These findings provide critical insights into the evolving precipitation phase dynamics in the 
Langtang region and have important implications for multiple stakeholders. For local 
communities and water resource managers, the documented shift from snow to rain has direct 
consequences for seasonal water availability. Increased rainfall during the post-monsoon period 
may alter the timing and magnitude of peak streamflow, affecting irrigation scheduling, 
hydropower generation, and municipal water supply planning. The reduction in snowfall fraction 
also implies decreased water storage in the seasonal snowpack, potentially reducing dry-season 
baseflows that communities depend on during critical periods. 

For hazard assessment and disaster risk reduction agencies, understanding precipitation phase 
trends is essential for improving early warning systems. The shift toward more rainfall, 
particularly during transitional seasons, may increase the frequency and magnitude of 
rain-on-snow events, which are known triggers for avalanches, glacial lake outburst floods, and 
landslides. Given that Langtang is a major trekking destination with thousands of annual visitors, 
accurate precipitation phase forecasting can enhance visitor safety and support tourism 
management decisions. 

For the scientific community, this study provides empirical evidence that the commonly assumed 
0°C rain-snow threshold in hydrological models introduces systematic biases in the Langtang 
region. Adopting the empirically derived 1.47°C threshold, along with the psychrometric 
energy-balance approach that accounts for humidity and wind effects, can improve the accuracy 
of glacio-hydrological models, climate impact assessments, and future water availability 
projections. The identified changepoint between 1990 and 2000 also provides a temporal 
benchmark for understanding when climate change impacts on precipitation phase became 
detectable in this region. 
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Future research directions should focus on extending this methodology across the broader 
Himalayan region to develop region-specific precipitation phase models that account for spatial 
variability in temperature, humidity, and topography. Incorporating high-resolution climate 
projections from the latest Coupled Model Intercomparison Project (CMIP) ensembles would 
enable assessment of future changes in snow-rain ratios under different emissions scenarios, 
providing crucial information for long-term adaptation planning. Additionally, investigating the 
cascading impacts of changing precipitation phases on glacier mass balance, streamflow timing, 
permafrost degradation, and downstream water security would provide a more comprehensive 
understanding of climate change impacts in High Mountain Asia. Finally, coupling precipitation 
phase studies with socio-economic assessments would help identify vulnerable communities and 
inform targeted adaptation strategies that address the intersection of climate change, water 
resources, and human well-being in the Himalayas. 
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