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Abstract. The rivers of High Mountain Asia provide freshwater to around 1.9 billion people. However, precipitation, the main

driver of river flow, is still poorly understood due to limited in situ measurements in this area. Existing tools to interpolate these

measurements or downscale and bias-correct precipitation models have several limitations. To overcome these challenges,

this paper uses a probabilistic machine learning approach called Multi-Fidelity Gaussian Processes (MFGPs) to downscale

ERA5 climate reanalysis. The method is first validated by downscaling ERA5 precipitation data over data-rich Europe and5

then data-sparse upper Beas and Sutlej River basins in the Himalayas. We find that MFGPs are simpler to implement and

more applicable to smaller datasets than other state-of-the-art machine learning methods. MFGPs are also able to quantify and

narrow the uncertainty associated with the precipitation estimates, which is especially needed over ungauged areas, and can be

used to estimate the likelihood of extreme events that lead to floods or droughts. Over the upper Beas and Sutlej River basins,

the precipitation estimates from the MFGP model are similar to or more accurate than available gridded precipitation products10

(APHRODITE, TRMM, CRU TS, bias-corrected WRF). The MFGP model and APHRODITE annual mean precipitation esti-

mates generally agree with each other for this region with the MFGP model predicting slightly higher average precipitation and

variance. However, more significant spatial deviations between the MFGP model and APHRODITE over this region appear

during the summer monsoon. The MFGP model also presents a more effective resolution, generating more structure at finer

spatial scales than ERA5 and APHRODITE. MFGP precipitation estimates for the upper Beas and Sutlej basins between 198015

and 2012 at a 0.0625° resolution (approx. 7 km) are jointly published with this paper.

1 Introduction

High Mountain Asia underpins the water security of around 1.9 billion people, supplying them with fresh water for agriculture,

energy, industry and domestic usage via Asia’s largest rivers (Wester et al., 2019; Immerzeel et al., 2020; Orr et al., 2022).

In this area, precipitation drives river flow either directly through rain or, indirectly, by depositing snow reserves that are20

eventually released through glacier and snow melt (Immerzeel et al., 2020). Precipitation over High Mountain Asia is mainly

influenced by two large scale atmospheric patterns: the Indian Summer Monsoon and Western Disturbances, which dominate
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in the boreal winter (Bookhagen and Burbank, 2010; Palazzi et al., 2013; Dimri et al., 2015). On a local scale, precipitation

over High Mountain Asia is characterised by large variances across relatively small distances of 1 to 10km due to the region's

complex topography (Anders et al., 2006; Bookhagen and Burbank, 2006; Karki et al., 2017; Bookhagen and Burbank, 2010;25

Sigdel and Ma, 2017; Orr et al., 2017; Bannister et al., 2019). However, the spatiotemporal distribution of precipitation in this

area is comparatively poorly understood (Singh et al., 2015; Dahri et al., 2021a; Orr et al., 2022).

Knowledge of precipitation patterns in High Mountain Asia is principally constrained by limited observations. Only a small

number ofin situ precipitation observations exist in this region, with most gauge stations placed in unrepresentative locations

(below 2000m a.s.l.) (Winiger et al., 2005; Salzmann et al., 2014; Immerzeel et al., 2015; Duan et al., 2015; Bhardwaj et al.,30

2017; Krishnan et al., 2019). Indirect observations through satellites are available but struggle to capture the distribution differ-

ences between valleys and ridges, as well as short-lived extreme events. Furthermore, satellites often confuse precipitation with

ice and snow at the surface level. This leads to remote sensing products generally underestimating precipitation in mountain-

ous areas (Yin et al., 2008; Andermann et al., 2011). These obstacles mean that many physical relationships, such as between

precipitation rates and elevation, are not well understood in High Mountain Asia (Dahri et al., 2016). This in turn adversely35

affects tools to interpolate or combine precipitation measurements to create gridded precipitation products (Meng et al., 2014;

Bhardwaj et al., 2017; Hussain et al., 2017; Ji et al., 2020). As a result, interpolation-based products such as APHRODITE

(Yatagai et al., 2012) tend to underestimate precipitation at high altitudes (Immerzeel et al., 2015; Li et al., 2017). Furthermore,

such gridded products often have no uncertainty estimates.

In addition to interpolation-based products, outputs from regional climate models (RCMs) can also be used to estimate pre-40

cipitation over High Mountain Asia (Maussion et al., 2014; Norris et al., 2017, 2019; Orr et al., 2017; Norris et al., 2020).

However, these physical models are computationally expensive, lack error estimates, generate large model-dependent uncer-

tainty (Hawkins and Sutton, 2009), and are generally not well-optimised for mountainous regions (Cannon et al., 2017; Norris

et al., 2017, 2019; Orr et al., 2017). For example, the ensemble of RCMs from the Coordinated Regional Climate Downscal-

ing Experiment (CORDEX) for South Asia regularly overestimates historical precipitation over High Mountain Asia by over45

100% for both winter and summer (Sanjay et al., 2017). RCM precipitation outputs therefore typically need to be bias-corrected

before use in this region (Maussion et al., 2014; Collier and Immerzeel, 2015; Bannister et al., 2019; Potter et al., 2022).

Climate reanalysis products offer an alternative for estimating precipitation by combining outputs from short-range forecast

models with observations through data assimilation. These products often struggle to accurately represent precipitation over

data-sparse areas or times, including High Mountain Asia (Dahri et al., 2016; Palazzi et al., 2013). ERA5 climate reanalysis50

(Hersbach et al., 2020), although generally exhibiting a wet bias for High Mountain Asia, provides relatively accurate precipi-

tation estimates in terms of amounts, seasonality, and variability, from daily to multi-annual scale compared to other reanalysis

and RCM products (Chen et al., 2021; Kumar et al., 2021).

Altogether, precipitation products over High Mountain Asia are often contradictory and lack consensus (Palazzi et al., 2013;

Bannister et al., 2019). These discrepancies further complicate our understanding and leave room for doubt in any given55
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prediction or estimate. As precipitation is the main driver of hydrological models (Meng et al., 2014; Remesan and Holman,

2015; Wulf et al., 2016), improving precipitation estimates is key to a better representation of the spatial and temporal dynamics

of hydrological processes. These improved estimates can in turn help us better understand, predict and mitigate extreme events

such as droughts, �oods and landslides (Ji et al., 2020; Dahri et al., 2021b; Schreiner-McGraw and Ajami, 2022). Present day

precipitation estimates also underpin the accuracy of future precipitation predictions (Panday et al., 2015; Sanjay et al., 2017).60

Traditional and state-of-the-art statistical downscaling techniques are used to address these problems but present their own

issues. For High Mountain Asia, downscaling models often assume simplistic relationships, e.g. a linear correlation between

precipitation and elevation, and focus on single basins (Dahri et al., 2016; Bannister et al., 2019; Libertino et al., 2018). New

research is making the most of machine learning tools to downscale precipitation products (Yadav et al., 2024; Gerlitz et al.,

2014), allowing researchers to model more complex spatiotemporal precipitation distributions and generate products over larger65

areas and longer time periods (Ahmed et al., 2020; Ning et al., 2016; Mei et al., 2020; Sun et al., 2022). These studies are also

using machine learning corrected precipitation directly as inputs to hydrological models (Sun et al., 2022; Xiang et al., 2024)

and applying machine learning methods to merge precipitation data from multiple sources to improve prediction robustness in

ungauged areas (Lyu and Yong, 2024; Xiang et al., 2024; Zhang et al., 2021).

However, these downscaling methods generally struggle to simultaneously solve the following problems: 1) capturing extreme70

values and spatiotemporal structure, 2) generalising to multiple locations, 3) predicting at arbitrary locations, 4) overcoming

gridding biases and 5) working effectively with sparse and `small' datasets (King et al., 2013; Maraun and Widmann, 2018;

Baño-Medina et al., 2020;?; Andersson et al., 2023). We propose Multi-Fidelity Gaussian Processes (MFGPs) as an alternative

to other statistical downscaling and bias-correction methods. Using MFGPs, precipitation data from multiple sources can

be combined to overcome these challenges and increase the accuracy and effective resolution of precipitation predictions75

over topographically complex areas, especially over ungauged locations. Most importantly, the probabilistic nature of MFGPs

provides a principled way of quantifying uncertainty and the likelihood of extreme precipitation events.

This study focuses on applying MFGPs to downscale ERA5 monthly precipitation estimates in the data-sparse upper Beas and

Sutlej River basins in the Himalayas. The Beas and Sutlej are two main tributaries of the Indus River. The study area, shown

in Figure 1, serves as a pilot study for High Mountain Asia. The paper is structured as follows. Gaussian Processes (GPs) and80

MFGPs are �rst introduced in Section 2. The methodology and datasets used are presented in Section 3. The MFGPs are then

evaluated by downscaling ERA5 precipitation, �rst over a data-rich region (Europe) and then over a subset of the upper Beas

and Sutlej basins, in Section 4. The MFGP framework is then applied to the whole of the upper Beas and Sutlej basins and

compared with precipitation dataset benchmarks including APHRODITE in Section 5. Finally, the limitations of this approach

and further work are discussed in Section 6.85
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Figure 1. Elevation map of the upper Beas and Sutlej River basins with gauge locations represented by white circles. The dashed line

represents the watershed boundaries, with the letter `B' denoting the upper Beas basin and `S' the upper Sutlej basin. Only three gauge

stations are located above 2000m. The inset shows the watersheds' location with respect to High Mountain Asia, with areas above 2000m

a.s.l. highlighted in purple.

2 Multi-Fidelity Gaussian Processes

2.1 Gaussian Processes

Consider the set of observationsx i ;yi with i = f 1; :::;N g, x i 2 RD andyi 2 R whereN is the number of data points and

D the number of observation dimensions. In this paper,x i represents a vector with the date, coordinates and elevation of the

observation andyi is its monthly precipitation value. These observations are generated by a functionf :90

yi = f (x i ) + � i (1)

where� i is the noise term and is assumed to be distributed normally with a mean of zero and standard deviation� n , i.e., � i �

N (0; � 2
n ). The functionf can be modelled with a Gaussian Process (GP). We refer the reader to Rasmussen et al. (2006) for an

introduction to GPs and follow their notation in this presentation. A GP is a stochastic process where any �nite collection of its

random variables is distributed according to a multivariate normal distribution. Similarly to a multivariate normal distribution,95

a GP is de�ned by a mean function� (x ; � � ) and covariance or kernel functionk(x ;x 0; � k ):

f (x ) � GP(� (x ; � � );k(x ;x 0; � k )) (2)
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