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Abstract

:

The nature of hydrological seasonality over the Himalayan Glaciated Region (HGR) is complex due to varied precipitation patterns. The present study attempts to exemplify the spatio-temporal variation of hydrological mass over the HGR using time-variable gravity from the Gravity Recovery and Climate Experiment (GRACE) satellite for the period of 2002–2016 on seasonal and interannual timescales. The mass signal derived from GRACE data is decomposed using empirical orthogonal functions (EOFs), allowing us to identify the three broad divisions of HGR, i.e., western, central, and eastern, based on the seasonal mass gain or loss that corresponds to prevailing climatic changes. Further, causative relationships between climatic variables and the EOF decomposed signals are explored using the Granger causality algorithm. It appears that a causal relationship exists between total precipitation and total water storage from GRACE. EOF modes also indicate certain regional anomalies such as the Karakoram mass gain, which represents ongoing snow accumulation. Our causality result suggests that the excessive snowfall in 2005–2008 has initiated this mass gain. However, as our results indicate, despite the dampening of snowfall rates after 2008, mass has been steadily increasing in the Karakorum, which is attributed to the flattening of the temperature anomaly curve and subsequent lower melting after 2008.
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1. Introduction


The Himalaya holds one of the major concentrations of glaciers outside the poles [1]. These glaciers are a significant water source for major river basins such as the Ganga, Brahmaputra, Indus, Yangtze, Irrawaddy, etc. The melt-water released from them into the river basins during summer months maintains a healthy base flow and also serves as a major source of fresh water supply during the non-monsoon months for the millions of people living in these river basins. For these reasons, the monitoring of Himalayan glaciers is vital, as variations in melting or accumulation of these glaciers may lead to increased river flows, unseasonal flooding, overall sea-level rise [2], or drying-up of rivers. However, inaccessibility and difficult terrain make in situ observations difficult to install and maintain, so only a few glaciers have been monitored for more than a decade. The Himalayan region has diverse climatic regimes ranging from humid sub-tropical to cold semi-arid type. Spatially and temporally sparse records may not suffice in a scenario where the seasonality of accumulation/ablation, and consequently, the nature and magnitude of response to perturbation, varies [3,4]. Satellite-based methods, both optical and non-optical (e.g., [4,5]), having lengthier records, need to be monitored in such a situation. Optical satellite-based methods are used to estimate volume through mapping of the extent of the glacier and its thickness [6], but, in a few instances, persistent cloud cover may skew the results of seasonal snow cover extents [7,8]. This is particularly true for summer-accumulation type glaciers, where accumulation and ablation are not clearly demarcated [9]. It may be difficult to detect fragmented and isolated ice mass loss by the optical method, especially if the region falls in shadow or has an area less than image resolution [10]. A non-optical satellite method is mass derived from satellite gravity from Gravity Recovery and Climate Experiment (GRACE) and is a more direct means of calculating the mass balance. However, the spatial resolution is insufficient to independently monitor small regions [5,7], though it can provide a synoptic view of mass variability.



Various hydrological components such as groundwater, surface water, snow, and ice, as well as tectonic causes contribute a major part of surface/subsurface mass changes over time [11]. Hydrological mass exchange inside solid earth, its interaction with the atmosphere, and variation in this process over time can be amalgamated through time-varying gravity measurements/temporal gravity [12]. For a large glaciated region, seasonal mass accumulation and ablation is the largest contributor to the change in the basin/region wide temporal gravity field apart from smaller hydrological signals and tectonic signals, if any. We focus on spatio-temporal mass variability from time-varying GRACE satellite gravity data over the Himalayan Glaciated Region (HGR). It is likely that GRACE signals over the narrow HGR are influenced by signals from the non-glacial regions due to spatial smoothing of GRACE data [13]. It is possible to de-convolute the GRACE signal over HGR to separate out possible causative factors for variance and enable the differentiation of the glaciological signal from the surrounding hydrological and extraneous signals. Analyses are carried out over HGR as a whole and then a smaller sub-region of the western Himalaya. Empirical orthogonal functions (EOFs) are calculated and the resultant spatio-temporal patterns are compared with different hydrological factors such as rainfall, snowfall, and temperature to arrive at the glacial component of the total gravity signal. EOF analyses are often applied for localization of spatiotemporal signal, as well as being used as an alternative technique to enhance the GRACE signals [11,14,15]. However, EOFs are also used to de-convolute a signal into its components, as exemplified by de-Viron et al. (2006, 2008) [11,14] to separate the tectonic part from the total GRACE gravity anomaly. Establishing a cause-and-effect relationship between temporal gravity components and climatic variables such as precipitation, river discharges, snow accumulation, and temperature is an important part of the analysis. We utilized the Granger type of causality proposed by Granger (1969) [16], based on the definition proposed by Weiner (1956) [17], to establish the relationships between correlating variables. Initially meant for econometrics, this method is finding increasing application in hydrologic and climatologic attribution studies [18].




2. Study Area and Datasets


2.1. Study Area


The Himalaya extends from the eastern syntaxis to the western syntaxis, comprising Hindukush, Karakoram, Kashmir Himalaya, Garhwal and Kumaon, Nepal, and the eastern Himalaya. The region extends from 69°E to 95°E and from 27°N to 37°N. It is 200–400 km wide and ~1500 m long, constituting parallel ranges which have varied climate, with an elevation ranging between 1000 m and 8000 m. It ranges on the Köppen scale from humid subtropical forest to alpine grassland to cold desert depending on the distribution of the precipitation mechanism and intensity. The lower ranges have a humid subtropical type of climate (Köppen Classification, [19], Figure 1b), the higher ranges are of alpine and tundra type, while regions like Karakoram, which receive less precipitation, are cold desert type. Generally, the lower-altitude eastern Himalayan regions are wetter. The influence of westerly–winter precipitation is dominant in the northwest and decreases towards the east and south, the majority of it being solid precipitation. The southwest summer monsoon shows maximum influence over the eastern part, and its intensity decreases westwards and northwards (Figure 1a). Köppen classification of climate in the Himalayan mountain ranges, extends from alpine grass land to cold desert and, humid sub-tropical climate in the lower reaches. Distribution of precipitation intensity influences the climate type, the lower altitude eastern Himalaya are wet, and at the western end, Karakoram ranges are cold desert type, in tune with the precipitation intensity (Figure 1).



There are approximately over 9000 Himalayan glaciers according to the inventory by the Geological Survey of India; although, other surveys project different numbers [20]. This is the largest concentration of glaciers outside the poles, with an average height of 4000 m above sea level and higher. The climatic conditions of these glaciers vary among different regions. Some recent studies indicate that the stability of western glaciers is mostly due to a higher percentage of solid precipitation and lower temperatures [3,4,6]. Figure 2 shows the GRACE-derived mass trend over HGR and surrounding regions. The Himalaya boundary and the traditional divisions and glacier locations within the Himalaya are plotted over the maps. For the present study, we consider the region bounded by the red line in Figure 2, which is larger than the Indian Himalaya boundary. This boundary is considered because glaciers lying outside the traditional boundaries contribute to the water budget of the Himalayan rivers.




2.2. Dataset


2.2.1. Time-Varying Gravity


Variation in the seasonal hydrological mass in response to accumulation and ablation patterns is estimated through time-variable gravity data. For regions with discontinuous glacier systems, this method could be more promising than methods based on satellite imagery, albeit with a compromise on spatial resolution [4]. Estimates in time-varying gravity are obtained for the period from January 2003 to December 2016 from the CSR RL 05 mascon solution in equivalent water height (EWH) format. The solutions are obtained from CSR (http://www.csr.utexas.edu/grace) at 0.5° grid spacing and at approximately a 30-day time interval [21]. The mascon solution is considered to have a better signal-to-noise ratio because it applies prior constraints while processing, and regularization constrains for this computation are derived from GRACE information only. Additional scaling, filtering as in the earlier CSR release, is not applied here, so the solutions are not biased towards a particular application and also, they do not have a visible stripe, as seen in the spherical harmonic (SH) solutions. The mascon solutions are corrected for Glacial Isostatic Adjustment (GIA) according to the model given by A et al. (2013) [22]. The algorithm is a 3-D visco-elastic model which incorporates past ice loading histories from ICE-5G [23] and 3D in-homogeneous visco-elastic response of the earth’s surface. These mascon solutions are suitable to monitor land ice mass changes [22]. GIA in HGR and its surrounding areas is very minimal, in the order of 1 mm/year, and has a negligible effect on mason solution, especially at the time scales (mostly seasonal) dealt with in this paper. Effect of GIA on the contemporary mass changes of the study area from each of the models and CSR solutions is discussed in detail in Supplementary Figure S1.




2.2.2. Climatic Variables


Climate data: Solid precipitation in the form of snowfall over the study area, air temperature, and ground snow cover in water equivalents (SWE) provided by the Global Land Data Assimilation System (GLDAS) is used in the present study. The data used are the 0.25° × 0.25° monthly outputs from Version 2.1 GLDAS NOAH 10 model, in area density units, i.e., kgm−2 for snowfall and SWE, and temperature in Kelvin. It is a global land surface parameter data assimilation system, which provides more reliable satellite—ground-truth-model hybrid data. The NOAH model is a land surface model (LSM) developed especially for climatology research and data assimilation systems [24]. The latest 2.1 version of the model uses observation-based climate forcing from MODIS, while being consistent with older versions of data. The monthly data are averaged from 3-h estimates and presented in area density units. Snowfall and SWE is converted to depth per grid in cm, i.e., equivalent to GRACE data units and gridded to 0.5° resolution.



Liquid precipitation: The TRMM Multi-Satellite Precipitation Analysis (TMPA 3B43 V7) data, available as monthly accumulated and gridded rainfall at 0.25° grid, are used in this study. It is a combined estimate of parameters from satellite data gathered by TRMM and ground truth data gathered by CAMS global gridded rain gauge data, and a global rain gauge product produced by the Global Precipitation Climatology Centre (GPCC) (http://disc.sci.gsfc.nasa.gov/precipitation/documentation/), which gives the best estimate of precipitation rate for each month, based on 3 hourly averages in mm/h units [25]. This particular product of TRMM is a combination of TRMM and other satellite data, along with in situ rain gauge measurement, and has the least Root Mean Square error when compared to available in situ data. which is further referred to in the document as ‘rainfall’.



EOFs of snowfall, rainfall, SWE, and seasonality are calculated from the data in cm/grid format. A normalized format of the cm/grid data is used for correlation and causality analysis. GRACE data is used as-is for EOF and seasonality calculation, and normalized for correlation and causality analysis.






3. Methodology


The objective of this paper is to decipher the contemporary glacier signal of GRACE data in Himalaya. Analysis of statistical modes, the culmination of statistical decomposition of the GRACE time series over this region, for physical significance is proposed as a method to accomplish this objective. Hypothesis: Lagged correlation between statistical modes and climatology variables is an indicator of causality, which is treated as a precursor to causality, and this hypothesis is tested with Granger causality analysis. Cause–effect, and thereby physical significance of a statistical mode, is established only when lagged correlation and Granger-causality both necessarily exist.



3.1. Statistical Decomposition: EOF


Time-variable gravity reflects the sum total of all the mass changes occurring due to time-dependent change in surface processes. At a given time, more than one process actively contributes to the gravity anomaly. Our objective is to separate each of these variables across space and time, analyze them, and separate out the part of the signal related to glacial mass change. EOF analysis is a prevalent technique for understanding the statistical pattern of spatio-temporal data, which was introduced to earth sciences by Lorentz (see Randal, Empirical orthogonal functions [26]). The basic principle of EOF is to decompose a centered stochastic process into a combination of linear orthogonal functions, also called basis functions, which are infinite for the continuous case, and finite and dimensionality-bound for the discrete case. EOFs of mass signal from the time-variable GRACE gravity field for the period 2002–2016 over the entire Himalaya is calculated. Data are first arranged as a spatio-temporal matrix, centered and detrended following the Toumazou and Cretaux (2001) [27] algorithm, and are decomposed into their constituent basis function, representing this spatio-temporal pattern as follows:


   D 1  = d   λ , ϕ , t    



(1)




where    D 1    is the pre-processed data matrix, i.e., an M-dimensional vector of time series N, and is centered, then the EOFs calculated for this set are the eigenvectors of its covariance matrix   X =  D 1   D 1 T    or    D 1 T   D 1   . The eigen vectors of X, and thereby    D 1  ,   is defined as follows:


  X =    μ k   e k   



(2)




which is equal to


  d   λ , ϕ , t   =     ∑  k   μ k    λ , θ    e k   t   



(3)




μ is the EOF explaining variation along the spatial dimension, and  e , the principal component (PC), explains variation along the temporal dimension. The eigen value of each eigenvector is the variance explained [28]. They are independent, mutually orthogonal basis functions and occur in associated pairs and in descending order of precedence; each such pair is called as a mode further in this paper. Modes occurring first having higher contribution variation are called lower modes and those occurring later with lower contribution to variation are called higher modes. Interpretation of each of these modes in terms of physical variables is possible [29].



Singular value decomposition (SVD) algorithm of MATLAB is employed for the calculation of eigen vectors, and is defined as


  S V D   d   λ , ϕ , t     =    μ k  ψ  e k   



(4)




where  ψ  is a vector, each of whose elements is the variance accounted for in the corresponding mode. The letter ‘k’ represents the number of total basis functions calculated and k = min (N,M). In SVD, each new calculated basis function is orthogonal to the previous one, and no transformation is required. Mutually uncorrelated orthogonal modes are possible only for a Gaussian process [27], and since the gravitational field is a multivariate Gaussian, independence of the modes is assured.



Post-processing of modes consists of scaling, normalization, and truncation of modes. Only those with a maximum contribution, significantly different from zero, i.e., upwards of 1%, are retained, and the rest are attributed to noise and truncated. The uniqueness of each mode in the SVD method ensures that a simple scree test is enough to truncate the modes. The eigen value corresponding to each mode is plotted in decreasing order; the plot resembles a cliff. All modes above the cliff bottom which contribute >1% of variance are retained and analyzed. In this paper, we discuss only those modes which we were able to interpret in terms of hydrology and glaciology.




3.2. Granger Causality


Granger causality is a statistical method developed by Granger (1969) [16] for testing and conforming directional causative relationships between variables, and it is used as a confirmation for correlation hypothesis. Henceforth, Granger causality refers to this method of causality quantification. The principle is based on persistence and predictability as necessary conditions, which means that if X and Y show persistent lagged correlation, then one variable can be predicted using the other. Granger causality can be stated as: ‘If X causes Y, the error of predicting future values of Y in a universe devoid of X is higher compared to a universe including X’. For a variable X to Granger-cause Y, a lagged correlation between X and Y is a prerequisite. Calculating causality is based on disproving the null hypothesis that X does not Granger-cause Y. A vector auto-regressive (VAR) model of Y using both X and Y and only Y is formulated, and F-statistic is calculated for these models. Let Y1 and Y2 be VAR models of Y at a lag L, where L is the maximum lag at which correlation exists between X and Y


  Y 1 = f   X , L   + f   Y , L    



(5)






  Y 2 = f   Y , L    



(6)







A series of Y1 and Y2 models between lags [0, L] are constructed, and the most robust pair of models, say (Y1′ and Y2′), are selected based Bayesian Information criteria.


  F =   E S S     Y  1 ′  ,   Y  2 ′      E S S     Y  2 ′       



(7)







X is considered to cause Y if the F-statistic is greater than a critical value α. This relationship is unidirectional when lag between the variables exists, and there is a possibility for bidirectional causality or the existence of a feedback mechanism when there is no lag. This method is being applied increasingly to climatic studies, where attributing changes to climatic variables is necessary [18]. Mohkov et al. (2011) [30] used this method to establish bidirectional coupling between the El Niño Southern Oscillation (ENSO) and the strength of the Indian monsoon, while Kaufman et al. (2007) [31] investigated the effect of urbanization on precipitation.





4. Results


EOF modes of GRACE data are analyzed and compared with the climatic variables, namely, total precipitation, snowfall, and temperature, to arrive at a physical interpretation for these modes. Here, we discuss the modes which have a significant covariance, i.e., >1%, and correlate with climatic and hydrologic variables within the boundary of Himalaya discussed earlier. These results are used to form broad climatic divisions in the Himalaya.



4.1. Seasonality


Spatio-temporal variation contributed by the first mode, constituting 71% of the variation in temporal gravity for the Himalaya, is shown in Figure 3a. The spatial part shows a gradual change in the sign and intensity of the amplitude from west to east. The western end is positive, and the eastern end is negative. The grid-wise cross-correlation of this mode with rainfall and snowfall are presented in Figure 3b,c. The data are corrected for autocorrelation effect, using the first difference and second difference of the normalized data before correlation is calculated. The correlograms (Figure 3b,c) show gradual change in the correlation of mode 1 of GRACE data with snowfall in the western region to rainfall in the eastern region. For a small part in the central area (between [75°E, 31°N] and [85°E, 26°N]) both snowfall and precipitation correlate partially with mass changes. Using this correlation result, we demarcate HGR into three broad regions depending on the dominant correlating variable, i.e., western (snowfall dominant), eastern (rainfall dominant), and central zone (which does not show a definitive relationship with snowfall and rainfall, but is rather a transition zone where two precipitation mechanisms are at play). A red line, shown in Figure 3b,c, marks the boundaries of the demarcated regions. The lagged correlation of area averaged time series of each of these regions with area averaged climatology is also calculated, where the climatology is ‘x’ variable, and the mode is ‘y’ variable. The results of this computation are shown in Figure 3d,e. Maximum correlation occurs at lags −1 and −2 months for ‘West’ and ‘East’, respectively, which implies that ‘x’ variable leads the ‘y’ variable, a precursor of a cause–effect relationship. A correlation of 0.75 at lag −1 is noticed in the eastern part, where rainfall dominates (Figure 3d), and correlation in the western part of the region in which snowfall dominates, is 0.62 at lag −1 (Figure 3e). Granger causality for mode 1, with the correlating climatic variables, i.e., rainfall and snowfall, for each of the regions demarcated in Figure 3b,c is calculated and tabulated in Table 1.



For the calculation, the mode is considered as Y variable, and climatology is the X variable in Equations (4)–(6). For the western region, F-statistic of mode vs. snowfall is above critical value, and for eastern region, F-statistic of mode vs. rainfall is above the critical value. For the central region, the F-statistics of mode vs. rainfall and mode vs. snowfall are greater than their respective critical values.



Monthly averages for the study period, i.e., seasonality of these divisions from GRACE gravity and climatic variables, i.e., rainfall and snowfall, are calculated, and are expected to show distinctly different variability for the three regions. Distinct accumulation–ablation patterns can be discerned from the GRACE seasonality graph (Figure 4a), i.e., post-monsoon-accumulation/summer-ablation type in the eastern Himalaya; a mixed type, i.e., post-monsoon- and winter-accumulation/summer-ablation type in the central Himalaya; and summer- and early-monsoon-accumulation/winter-ablation type in the western Himalaya. Climatic variables (Figure 4b) emphasize the distinctive accumulation mechanisms at play across the Himalaya. The western region shows a snowfall-specific accumulation occurring in February to March and picking up again post-monsoon, with a negligible monsoon rainfall compared to winter snow precipitation. The central region shows two distinct accumulation seasons, winter snowfall precipitation and monsoon rainfall. For the eastern region, rainfall and snowfall seasons are close together, and the resulting hydrological and glaciological accumulation manifests as a single summer-accumulation/winter-ablation season.




4.2. Interannual Variability


We analyze the spatial variation of the interannual part of the GRACE time series and its climatic connection at an interannual scale. The seasonal-removed time-series for each grid was calculated by fitting and removing the seasonal sinusoid, and the EOF of this timeseries is calculated and correlated with climatic variables. The 1st EOF mode of this data shows 84% of variability (Figure 5a), and appears to reflect the trend of mass change as captured by GRACE across the Himalaya (Figure 2). This mode shows that the western part of the Himalaya has been gaining mass at different rates during the study period, and the central and eastern parts have been losing mass at nearly the same rate. Rapid mass gain has occurred in the western Himalaya for 2003–2007 and again for 2009–2010, and thereafter, a stable mass change with a very small gain. The association with climatic signals with this mass change pattern was investigated, and a good correlation 0.7 at 0 Lag with ground snow cover is found (Figure 5b). The specific mechanism for the mass change pattern in the western Himalaya is discussed in Section 4.3.




4.3. Spatio-Temporal Variations in the Western Himalaya


As noted in Section 4.2, the western Himalaya shows a distinct increase in mass change pattern at an interannual scale. ‘Western Himalaya’ refers to the boundary demarcated in Figure 3b,c above 32° latitude. The EOF Mode1 of the western Himalaya at an interannual scale region accounts for 56% of the variability (Figure 6a). The regional differences are evident within the area, which showed up as a single unit in the earlier EOFs (Figure 3 and Figure 5). However, the major part of the area shows a mass increase, as against a small portion to the south, which shows a decrease. The time series and spatial pattern of Mode 1 for air temperature (Figure 6b) is similar to the time series of GRACE Mode 1 (Figure 6a), for the most part. The EOF of snow cover (SWE), has a cyclic trend up to the year 2014, and the spatial pattern shows high snow cover within Karakorum Himalaya. A steady mass gain, centered in the Karakorum region, is depicted, except for a few years where there was a slight mass loss. EOFs for this region indicate the Karakoram high anomaly, i.e., mass gain of the Hindukush and Karakoram glaciers, was initiated due to cumulative ground snow cover up to 2007.



The correlation between GRACE Mode 1 with SWE and temperature are 0.5 and 0.69, both at a zero lag (Table 2). It is also noticed that the F-value of causality analyses for both the climatic variables is greater than the critical value (Table 2), but the F-value for mode vs. air temperature is higher than that of mode vs. SWE.





5. Discussion


Summarizing the methodology, EOF, i.e., a statistical decomposition method for separating Gaussian data into its basis components of time variable gravity from GRACE, is calculated. The basic idea was to analyze the modes and pick-up glacial mass balance part of the signal using a combination of causality and correlation, in other words, assign a physical meaning to statistical modes.



5.1. A Summary of the EOF Analysis


Temporal changes in gravity over any region represent a sum total of changes in the physical process active in that region. In the Himalaya, the active physical processes are mostly on the surface, such as seasonal snowfall and snowmelt, glacier accumulation, and temporary surface water storage, and the source for them is precipitation.



At the outset, it was observed that spatially variable seasonality is found to be the dominant mode (Mode 1, Figure 3a), implying varied mass accumulation patterns across the Himalaya. In the variable represented by Mode 1, changes in the western part are opposite in sense to those in the eastern part, i.e., for time series of the variable represented by this mode, the western part will be negative when the rest is positive, and vice versa. Supposing this mode represents seasonal snow accumulation, then from Figure 3a we can infer that the western part is winter accumulation type and the east is summer accumulation type, with the central part having a transitional nature. Heterogeneity in correlating variables expressed in this mode is used to demarcate the Himalaya into three broad regions (Figure 3b,c), representing three different types of accumulation–ablation patterns occurring across the Himalaya. The 1st mode also represents snow accumulation and melt seasons depending on seasonal precipitation, as confirmed by grid-wise cross-correlation of this mode with rainfall and snowfall (Figure 3b,c). Causality and seasonality analysis from climatological variables also attest the heterogeneous accumulation–ablation patterns. The lagged correlation suggests that mode 1 represents total hydrological accumulation as a result of precipitation, i.e., both rainfall and snowfall, with the western part of the mode representing the seasonal snowpack. This lagged correlation of data also suggests a cause–effect relationship, which we confirm using Granger causality. However, such good correlation is also found between physically uncorrelated variables which have similar periodicity and are normalized to lie within the same range. This ambiguity is solved with Granger causality. Interpretation of the causality calculation is as follows: F-statistic is the measure of ‘if there is a significant relationship between two populations’; F-value above a critical value implies rejection of the null hypothesis that the populations are not related. Variables registering larger F-values cause mode 1 more than others. Thus, from Table 1 we see that, for the eastern part, rainfall is the causative factor for variance in time-variable gravity as its F-value is above the critical value, and snowfall is the causative factor in the western part. In the central region, both rainfall and snowfall register an F-value larger than the critical value, the F-value for snowfall being much larger than that for rainfall, establishing the mixed precipitation mechanism of the central region. Solid precipitation, i.e., snowfall, is dominant in the western region, and from the seasonality of the mode it can be seen that it is mostly winter precipitation, western disturbances being the main cause. Liquid precipitation, i.e., rainfall, is the dominating factor in the eastern end, the southwest summer monsoon being the source. The central region is a combination where both precipitation mechanisms are at play and their strengths differ from year to year, as evident from the correlation and seasonality analysis (Figure 3c and Figure 4). Hence the division made based on hydroclimatic nature (Figure 3b,c) is further supported by GRACE observations and demarcates HGR into three broad regions depending on the dominant correlating variable, i.e., western (snowfall dominant), eastern (rainfall dominant), and central zone (which does not show a definitive relationship with snowfall and rainfall, but is rather a transition zone where two precipitation mechanisms are at play). Thus, three varied climatic regimes for the Himalaya are established, and the boundaries of the climatic regions are demarcated. The behavior of glaciers in these regions would also differ in accordance with the dominant precipitation type in the region. The mass changes in the eastern region are due to liquid precipitation from summer monsoon; snow/ice storage in this region would be less than in the central and western regions, reflecting the precipitation pattern (Figure 3b,c and Figure 4, Table 1). This region is particularly vulnerable to extreme climatic events like cloudburst and drought, which cause more lasting impacts. The western Himalaya, with large snow accumulation, would respond more slowly to precipitation pattern perturbation, while the eastern region responds faster, and the central regions lie somewhere in between. In the central part, even though snowfall from monsoons could differ with change in precipitation intensity, it can be compensated by the advent of winter snow (Figure 4). Spatio-temporal variability at an interannual scale depicts the trend of mass change occurring in the Himalaya (Figure 5a) is really the variability of snow storage (Figure 5b), especially in the western and eastern parts. The spatial pattern in Figure 5a shows a significant negative signal in the central part, which has its origin outside the Himalaya, which is the influence of Ganga basin hydrology on the dynamics of the Himalaya. Owing to the differences in precipitation mechanisms, individual analysis of these three regions could give a better estimation of the glacial health of the Himalaya. The western region is dominated by westerly winds, and snowfall is the dominant mode of precipitation, mostly occurring from January to May (Figure 4). This season facilitates cumulative accumulation due to lower temperatures. Snowfall decreases southward and eastward, hence the shift to negative trends [32]. For the western region, we see an accelerated accumulation up to 2007, followed by a decrease up to 2008, and again accumulation up to 2010, stabilizing later. The remaining part registers accelerated depletion up to 2007, and accumulation from 2005 to 2008, stabilizing later. The entire Himalayan region shows stability after 2010 (Figure 3a). The western part is analyzed separately to further understand the dynamics.



External dynamics: Many earlier workers (e.g., [33]) have pointed out the influence of processes happening outside Himalayas on the GRACE gravity signal in Himalaya and the subsequent uncertainty in glaciological estimates. Region wide hydrological balance [34] considering the full GRACE signal do have a scope of contamination from non-hydrological/glaciological signals, given the uplift history of the region [35]. EOFs, as mentioned earlier, are orthogonal basis functions of the data, and each mode carries unique information in descending order of precedence, and hence each contributing variable to the total variance can be separated. Accordingly, it was hypothesized that lower modes will relate to processes happening inside the boundary and will be hydrological/glaciological signals of our study area, and higher modes will be the influence of external factors on Himalaya.



It is pertinent to mention that amplitude and time period of mass variability between tectonic and seasonal mass signals are considerably different. Tectonic signals (uplift) would be in the order of a few mm (~5 mm/year; in the higher Himalaya) which is comparatively very small to the seasonal and inter-annual signals of tens of cm of EWH. Further, along axis variation in the Himalayan uplift is small and can give rise to differences in the observed seasonal mass signals. The major influence could be from the continuous depletion of Terrestrial Water Storage in the Ganga basin [33]. External influences were defined based on the position of the center of anomaly in the spatial pattern of the EOF, i.e., if the center of the anomaly lies inside our boundary, the EOF pertains to dynamics within the Himalaya. Based on this assumption, the first mode (Figure 3) depicts the seasonal variation within the Himalaya, as a result of precipitation patterns within the Himalaya, at an interannual scale (Figure 5), there may still a small part of influence from the Ganga basin. However, considering the CSR mascon data [21] used and EOF analysis localizes the spatiotemporal signal [14], leakage of outside signals would be minimal. Moreover, EOF signal is validated with in situ glacier mass balance data (Figure 7) in the subsequent sections for assessment. Higher modes do contain information related to external influence over Himalaya. In the second, third, and fourth modes, the spatial patterns have anomaly centers outside our boundary, and the modes do not correlate with any climatic or hydrologic variables of the Himalaya, hence these modes could relate to the influence of various processes outside the Himalaya on the GRACE signal for the Himalaya. A detailed analysis of the higher modes is presented in Supplementary Figure S2.



GIA


Upliftment histories in the Tibet–Himalaya region are spatially varied [36], and southern Tibet has a higher rate of upliftment [37]. GRACE has been useful for understanding Tibet upliftment histories [38]. However, the current GIA models for Tibet, in the absence of ice loading histories, are calculated from mantle viscosity models [39,40,41]. GRACE CSR mascon data used in this study is already correct for GIA (using coefficients from A et al. 2013 [20]), but we have compared three widely extant GIA models against raw GRACE mascons (i.e., containing GIA) to gauge the effect of GIA on the total region. For this aim, an area comprising Tibet, the Himalaya, and the northern Indian plains is considered. All the three models show that the spatial variability in GIA for the current study area is on the order 0.5–1 mm/year, which is much less than the GRACE error limit. An EOF analysis of the GIA corrected vs. raw mascon data reveals no change in the data distribution of the major modes, implying the GIA effect on the climatic/hydrological/glaciological signals from the Himalaya is minimal and can be filtered using the EOF analysis. A detailed description of the GIA effect on this study area is presented in Supplementary Figure S1. Hence, the major mode does represent the mass changes occurring due to processes happening inside the Himalaya, as a result of climatic processes only.





5.2. Western Himalaya


The western region is distinct from the rest of the Himalaya in terms of glacier behavior. The glacial response to climatic changes is highly lagged or disharmonious with climatic changes in the Karakoram region, which Bhambri et al. (2016) [42] attribute to high concentrations of surge type glaciers, as surge activity interferes with response, whereas Gardelle at al. (2013) [43] attribute Karakorum mass gain to surging activity of glaciers. An average increase of 0.1% in the area of the Karakorum glaciers was reported, and individual glacier retreat is lower than that of rest of the Himalaya [44], and also more fragmentation of glaciers [43] was reported. A region wide mass balance study for Pamir Hindukush and Karakorum shows positive mass balance concentrated to the Karakorum region [43]. Higher amounts of NDSI (Normalized Difference Snow Index) were reported [45]. Kapnick et al. (2014) [46] reported positive temperature anomalies and non-significant snowfall gain in Karakorum, and resilience of seasonal cycles. Winter precipitation in the western Himalaya occurring, mainly due to westerly winds as a causative factor for mass changes in this region, has been established so far [47].



The results from EOF and causality indicate that mass gain in Karakorum is due to glacier mass gain as a result of favorable temperatures, reflecting the conclusions from in situ data and model analysis by various workers stated above. Analyzing mass changes at an interannual scale gives us an idea of the long-term behavior of a particular region. From correlation and causality analysis of Mode 1 of the western region against climatic variables, it is understood that the lagged relationship between the mode, air temperature, and snowfall translated to cause and effect, yet air temperature has a bigger role in stabilizing mass, as seen from the F-statistics (Table 2). A moderately steady mass gain, centered in the Karakorum region, is depicted, except for a few years, where there was a slight mass loss. EOFs for this region indicate that the Karakoram high anomaly, i.e., mass gain of the Hindukush and Karakoram glaciers, was initiated due to cumulative ground snow cover up to 2007 as a result of high precipitation, depicted by the EOF of SWE. However, as the results indicate, in spite of the dampening of snow cover rates after 2008, mass has been steadily increasing; which is attributed to lowering and stabilizing of temperature in this region after 2008. The results imply that mass changes depicted by Mode1 (Figure 6a) are more a result of change in temperature than snowfall. On observing the time series (Figure 6), it is understood that the initial mass gain was triggered because of a higher snowfall, and sustained later due to the lower temperatures which inhibit melting.



In-situ vs GRACE: A common problem with in situ measurements as stated by each of the works referenced at the start of Section 5.2 is the lack of continuous measurements exceeding five years. Data from a few glaciers which have overlapping records with the GRACE time-period are compared, although they are not from the Karakorum region. Figure 7a depicts the glacier locations from Kulkarni and Karyakarte (2014), and Azam et al. (2016) [20,48], which are confined to the central Himalaya, plotted on interannual mode 1 spatial distribution (Figure 5b). The first interannual mode (Figure 5), i.e., convolution of the spatial and temporal parts of the mode from GRACE for the glacier locations, is compared with in situ observations from the papers. The compounded cumulative mass balance for all the glaciers from Kulkarni and Karyakarte (2014) [21], i.e., Gara, Gor Garang, Shaune Garang, Chota Sigri, Dokrani, Hamtah, and Chorabari, and cumulative yearly mass balance of Chhota Shigri, Azam et al. (2016) [48] are time series that are compared (Figure 7b). For both the cases (Figure 7b) it is seen that the general trend of in situ data and GRACE closely match, and in the case of Kulkarni and Karyakte (2014) [20], GRACE provides an extension to in situ mass balance calculation. This is in spite of GRACE averaging mass variation of the total grid area and having more information than the individual in situ point measurement. For the existing published in situ time series, the mode does represent actual glacier mass variation. By extension, it can be said that major mode of the GRACE EOF at interannual scale does provide an insight into spatial distribution of Glacier mass balance intensities. However more studies incorporating spatially extensive in situ data are called for.





6. Conclusions


Diversity in mass change across the Himalaya is demonstrated using EOFs of GRACE temporal-gravity over the entire region. The spatio-temporal variance patterns over the Himalaya using EOFs of mass signal derived from GRACE temporal gravity, and variables causing the major part of the variance in mass are investigated using lagged correlation, and causal relationships are presented. We were able to show the spatial and temporal heterogeneity of seasonal accumulation–ablation patterns existing within the Himalaya. This heterogeneity is used to demarcate three regions of the Himalaya: Western, central, and eastern. The precipitation regimes and orientation of glaciers change from west to east, thereby affecting the mass balance regimes and trend. Precipitation in the Himalaya is mainly from the southwest summer monsoon, which is mostly liquid precipitation, i.e., rainfall, and western disturbances which are mostly solid precipitation i.e., snowfall [49]. The dominance of these two factors is spatially variable [32], ranging from westerly, i.e., winter, snowfall in the northwest, comprising Hindukush and Karakoram, to summer monsoon rainfall and snowfall in the eastern Himalaya, the central region being a transition zone between the two. Earlier workers like Kääb et al. (2012) and Bolch et al. (2012) [1,4], have considered demarcations across the Himalaya to facilitate analysis of changes in glacier status, climate changes, etc. Based on our analysis of time-variable gravity from GRACE and the evidence we have for the difference in precipitation regimes across the Himalaya (Figure 3, Table 1), the demarcation into three regions, i.e., western, central, and eastern is appropriate. The seasonality of these three divisions is examined. Monthly averages of these divisions from GRACE gravity and climatic variables, i.e., rainfall and snowfall, are calculated and plotted, and are expected to show distinctly different graphs for the three regions. Distinct accumulation–ablation patterns are seen for GRACE (Figure 4a), i.e., post-monsoon-accumulation/summer-ablation type in the eastern Himalaya; a mixed type, i.e., post-monsoon- and winter-accumulation/summer-ablation type in the central Himalaya; and summer- and early-monsoon-accumulation/winter-ablation type in the western Himalaya. Climatic variables (Figure 4b) emphasize the distinctive accumulation mechanisms at play across the Himalaya. The western region shows a snowfall-specific accumulation occurring in February to March and picking up again post-monsoon, with a negligible monsoon rainfall compared to winter snow precipitation. The central region shows two distinct accumulation seasons, winter snowfall precipitation and monsoon rainfall. For the eastern region, rainfall and snowfall seasons are close together, and the resulting hydrological and glaciological accumulation manifests as a single summer-accumulation/winter-ablation season. Tiwari et al. (2009) and Matsuo and Heiki (2010) [7,33] pointed out the influence of the Ganga basin low signal over the Himalaya for GRACE estimates. In spite of taking care to eliminate the grids nearer the Ganga basin from the study area, the effect of this signal (Supplementary Figure S2, Figure 5) is encountered in this work. EOF analysis effectively separates the contribution of external factors into a separate mode and, in this case, we are able to isolate uncontaminated parts of the signal and the variation solely depends on changes in snow and ice and are free from surrounding influence (Figure 3, Mode 1). Persistent questions, such as removing the influence of the Ganga basin low on the GRACE signal from the Himalaya, are thus addressed, and it’s similar to other studies carried out using EOF [11]. The GIA and tectonic uplift effects on surface mass changes in HGR is also too small to be a statistically significant factor in EOF analysis (Supplementary Figure S1) for the comparison of along axis variation. A causal relationship between modes of temporal gravity and climatic variables is proposed. At an interannual scale, GRACE mass changes reflect stored snow, which if coupled with optimum temperature, has the potential to become glacier ice. The western region registers a different pattern compared to the rest. EOFs for this region indicates the Karakoram high anomaly, i.e., mass gain of the Hindukush and Karakoram glaciers. This mass gain was initiated due to cumulative ground snow cover up to 2007 as a result of high precipitation, depicted by the EOF of SWE. However, as our results indicate, in spite of the dampening of snow cover rates after 2008, mass has been steadily increasing; this is attributed to the lowering and stabilizing of temperature in this region after 2008. Causality analysis indicates that SWE and, more so, air temperature play a role in mass change for this region. For glaciated regions like the western Himalaya, although snowfall is required to accumulate glacier mass, what stabilizes the ablation rates is lower temperatures, which facilitate storage of ice and conversion of fresh snow to glacier ice, as seen in the western Himalayan region. The non-monsoonal winter precipitation is considered to be a major source of mass anomalies [46]. The initial ground snow cover pre-2007 is sustained due to the lowering of temperatures and, post-2014, lowering snow cover does not lower the mass change in western Himalaya, as lower temperatures continue to sustain the snows and aid in converting it to glacial ice. The results for the western Himalaya reflect the results from various other studies in that region, especially for the Karakorum range.
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Figure 1. (a) Mean total precipitation for the period 2002–2017 (b) Köppen Climate classification from Kottek and others, 2006. Index for letters in the code: P = Polar, T = Tundra, D = Dry, w = winter, W = Warm, H = humid, h = hot, s = summer, c = cool, C = cold a = arid, d = desert, S = steppe. 
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Figure 2. GRACE (Gravity Recovery and Climate Experiment) mass trend over the Himalayan Glaciated Region (HGR) and the surrounding region. Glaciers are represented as white dots (data source: World Glacier Monitoring Service, Boulder, CO, USA), the Himalaya boundary in grey, and the modified boundary used in this paper in red. 
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Figure 3. Seasonal signal Mode 1 of Himalaya and its interpretation. (a) Empirical orthogonal functions (EOF) Mode 1 of Himalaya. (b) Grid-wise correlation of mode vs. rainfall. (c) Grid-wise correlation of mode vs. snowfall. (d,e) Cross correlations of the three regions demarcated and marked in red against rainfall and snowfall, respectively. 
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Figure 4. Seasonality of mass change across the western, central and eastern regions. Left panel (a) is the seasonality of GRACE data and right panel (b) is of rainfall (dotted line) and snowfall (dashed line). Rainfall and snowfall are in cm. In each panel (i, ii, iii) is the seasonality for west central and east Himalaya regions, as marked in Figure 3b,c. 
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Figure 5. Spatio-temporal variation of the interannual part of GRACE time series. (a) Timeseries of Mode 1 and snow cover in water equivalents (SWE). (b) Mode1 EOF spatial pattern. (c) Cross-correlation of Mode 1 against snowfall and SWE. 
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Figure 6. Analysis of mass variation in western Himalaya. (a) Mode 1 of GRACE; (b) Mode 1 of Table 1 of SWE (c). 






Figure 6. Analysis of mass variation in western Himalaya. (a) Mode 1 of GRACE; (b) Mode 1 of Table 1 of SWE (c).



[image: Remotesensing 13 00265 g006a][image: Remotesensing 13 00265 g006b][image: Remotesensing 13 00265 g006c]







[image: Remotesensing 13 00265 g007 550] 





Figure 7. Comparing GRACE with data with in situ observations. (a) Interannual Mode 1 with Glacier locations, Kulkarni et al. (2014) [20], marked in red and from Azam et al. (2016) [48] is in black circle. (b) Cumulative glacier mass balance from Kulakarni et al. (2014) and Azam and others (2016), versus GRACE interannual Mode 1 time series. Time series of Azam et al. (2016) is scaled to match other two time series, for ease of comparison. 
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Table 1. Causal relationships of Himalaya Mode 1.
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	F-Statistic
	Snowfall
	Critical Value
	Rainfall
	Critical Value





	East
	5.93
	17.48
	183.74
	17.48



	Central
	7.96
	6.79
	35.7275
	17.48



	West
	12.86
	5.49
	8.85
	17.48
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Table 2. Statistics of west Himalaya Mode 1 vs. climatic variables.
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	Correlation
	Lag
	F-Statistic
	Critical Value





	0.5
	0
	6.87
	3.9



	0.69
	0
	17.69
	3.9
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