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Abstract. The Global Precipitation Measurement (GPM) mission aims to provide global measurements of precipitation with

a temporal resolution of three hours in order to allow close monitoring of the global hydrological cycle. To achieve global

coverage at such high temporal resolution, GPM combines observations from a constellation of passive microwave (PMW)

sensors. The Goddard Profiling Algorithm (GPROF) is the operational retrieval for precipitation and hydrometeor profiles

from these sensors.5

Aiming to investigate the effect of the retrieval algorithm on the accuracy of the PMW precipitation retrieval, we present

two neural network based, probabilistic implementations of GPROF: GPROF-NN 1D, which processes individual pixels just

as the current GPROF algorithm, and GPROF-NN 3D, which employs a convolutional neural network to incorporate structural

information into the retrieval. To isolate the impact of the retrieval method from any issues in the training data, the GPROF

and GPROF-NN algorithms are evaluated on a separate test set that has the same statistical properties as the data used for the10

training of the GPROF-NN algorithms and the development of the current GPROF algorithm. Comparison of GPROF and the

GPROF-NN 1D algorithm shows that by replacing GPROF with an identical neural network based retrieval the accuracy of the

retrieved surface precipitation from the GPM Microwave Imager (GMI) can be improved by 10 to 25% in terms of absolute

error, root mean squared error and symmetric mean absolute percentage error. Comparable improvements are observed for the

retrieved hydrometeor profiles and their column integrals. The improvements are consistent spatially as well as with respect to15

different surface types. The effective resolution in along track direction of the retrieved surface precipitation fields is increased

from 23 km to 14 km. Similar, additional improvements are found for the GPROF-NN 3D retrieval over the performance of the

GPROF-NN 1D retrieval, showing the added benefits of incorporating structural information into the retrieval. The effective

resolution in along-track direction of the GPROF-NN 3D algorithm is reduced to 13.5 km, which is the upper limit imposed

by the along track separation of consecutive scan lines. Comparable improvements are found also when the algorithms are20

applied to synthetic observations from the cross track scanning Microwave Humidity Sounder (MHS) sensor. Application of the

retrieval algorithm to real observations from the GMI and MHS sensors of Hurricane Harvey suggest that these improvements

can be expect to carry over to operational application.

The novel GPROF-NN algorithms presented here were designed to be functionally equivalent to the current implementation,

which enables the neural network approach to replace the current Bayesian scheme in a future update. Despite their superior25
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retrieval accuracy, the single CPU core runtime required for the operational processing of an orbit of observations is lower than

that of GPROF. The GPROF-NN algorithms thus promise to be a simple and cost efficient way to improve the accuracy of the

PMW precipitation retrievals of the GPM constellation and thus help improve the monitoring of the global hydrological cycle.

1 Introduction

The Goddard Profiling Algorithm (GPROF, Kummerow et al. (2015)) is the operational precipitation retrieval algorithm for the30

passive microwave (PMW) observations from the constellation of satellites of the Global Precipitation Measurement (GPM,

Hou et al. (2014)) mission, whose objective is to provide consistent global measurements of precipitation at a temporal reso-

lution of 3 hours. In addition to being used directly by meteorologists and climate scientists, the precipitation that is retrieved

using GPROF serves as input for GPM level 3 retrieval products. The algorithm thus constitutes an essential component of the

system of global observations that enables monitoring of the hydrological cycle for the benefit of science and society.35

The development of GPROF was originally motivated by the Tropical Rainfall Measurement Mission (TRMM, Simpson

et al. (1996)), the precursor of the GPM mission, and thus dates back almost 30 years (Kummerow and Giglio, 1994b, c). Due

to the conceptual and computational complexity of simulating PMW observations of clouds and precipitation, the algorithm

was and remains based on a retrieval database consisting of observations and corresponding profiles of hydrometeors and

precipitation rates. Nonetheless, the algorithm has undergone several updates since its conception: Methodologically, the most40

fundamental modification was the introduction of the Bayesian retrieval scheme in Kummerow et al. (1996), which is used in

the algorithm until today. Following this, algorithm updates were mostly focused on improving the retrieval database and the

incorporation of ancillary data into the retrieval. While the first version of GPROF still used hand crafted hydrometeor profiles

to generate the retrieval database, these were soon replaced by profiles from a meso-scale weather model (Kummerow et al.,

1996). An important improvement was the replacement of the model-derived database by an observationally-generated database45

for the GPROF 2010 algorithm (Kummerow et al., 2011, 2015), which helped reduce errors caused by misrepresentation of

atmospheric states in the database. The 2014 version of GPROF (Kummerow et al., 2015) introduced the first fully-parametric

version of the algorithm, which was designed to be applicable to all sensors of the GPM constellation. This version of GPROF

became the operational PMW precipitation retrieval of the GPM mission.

This study focuses on the computational method that is used to produce the retrieval results from the retrieval database50

used by GPROF. Since its introduction in Kummerow et al. (1996), the currently used Bayesian method has not received much

consideration, mainly because the database and the incorporation of ancillary data were deemed to be more relevant for improv-

ing the accuracy of the retrieval. However, two disadvantages of the current retrieval method have become apparent with the

introduction of the much larger, observationally-generated retrieval databases into the algorithm (Elsaesser and Kummerow,

2015): Firstly, the retrieval database must be compressed into self-similar clusters to make calculation of the retrieval results55

sufficiently fast. This lossy compression may limit the extent to which the current algorithm can benefit from the size and

representativeness of observationally generated retrieval databases. This is expected to affect retrievals of high rain rates in par-

ticular due to their scarcity in the retrieval database. Secondly, the accuracy of the retrieval results depends on the uncertainties
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assigned to the database observations. Since there is no principled way to calculate these uncertainties, they need to be tuned

heuristically for each sensor.60

This study investigates the benefits of using the GPROF retrieval database to train a neural network to retrieve precipitation

and hydrometeor profiles. Since the retrieval database has grown to a size of several hundred million entries it is perfectly

suited for the application of deep neural networks, which scale very well to large amounts of data and are capable of learning

complex relationships from them. In addition to this, a neural network based implementation has the advantage of allowing

the integration of spatial information into the retrieval, which is not as easily feasible with the current method. This study thus65

aims to answer the following two questions:

1. Can a deep learning based retrieval method with identical inputs improve the accuracy of retrieved surface precipitation

and vertical hydrometeor profiles?

2. Can the incorporation of spatial information into the retrieval help to improve the retrievals?

To answer these questions, this study presents two novel, neural network based implementations of the GPROF algorithm:70

GPROF-NN 1D: This algorithm uses a fully-connected neural network to retrieve single column hydrometeor profiles and

rain rates based on the observed brightness temperature vector. Its inputs and outputs are thus identical to those of the

standard GPROF algorithm.

GPROF-NN 3D: This algorithm extends the GPROF-NN 1D algorithm by incorporating spatial information into the retrieval.

It produces the same output as GPROF and GPROF-NN 1D but processes all observations simultaneously, thus allowing75

the algorithm to combine information from pixels across the swath.

The retrieval performance of the two GPROF-NN implementations is assessed on a held-out part of the retrieval database

and compared to that of the upcoming version of GPROF. This new version of GPROF will be designated as GPROF 2021

or GPROF V7 in the GPM processing system (NASA, 2021). The retrieval performance is assessed for two sensors of the

GPM constellation: The GPM Microwave Imager (GMI) and the Microwave Humidity Sounder (MHS, Bonsignori (2007)). In80

addition to this, a case study is presented that compares the retrieved surface precipitation from overpasses of the two sensors

over Hurricane Harvey.

2 Data and methods

This section introduces the retrieval database that is used by the GPROF algorithm and serves as training data for the GPROF-

NN algorithms. This is followed by a description of the current implementation of GPROF as well as the implementation of85

the GPROF-NN retrievals.
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Table 1. Retrieval quantities in the retrieval database

Retrieval variable Unit Type

Surface precipitation mm h−1 Scalar

Convective precipitation mm h−1 Scalar

Cloud water path kg m−2 Scalar

Rain water path kg m−2 Scalar

Ice water path kg m−2 Scalar

Cloud water content g m−3 Profile

Rain water content g m−3 Profile

Snow water content g m−3 Profile

Latent heating K h−1 Profile

2.1 The retrieval database

The GPROF retrieval database consists of pairs of retrieval inputs paired with corresponding retrieval outputs. The retrieval

inputs of GPROF consist of PMW observations and ancillary data, while the outputs consist of the values of the retrieved

variables. For simplicity, we refer to these pairs as ’database profiles’ or simply ’profiles’ due to them being derived from or90

corresponding to specific vertical profiles of atmospheric variables. GPROF’s retrieval outputs include surface precipitation,

profiles and path integrals of rain, snow and cloud water as well as latent heating profiles. A listing of all retrieval targets and

corresponding units is provided in Tab. 1.

Values of the retrieval targets for the database of GPROF 2021 are derived from one year (October 2018 to September 2019)

of retrieved hydrometeor profiles from the GPM combined product (Grecu et al., 2016). This data is complemented with surface95

precipitation from the currently operational Microwave Integrated Retrieval System (Boukabara et al., 2011) that adds light

precipitation in areas where no echo is detected by the GPM Dual-Frequency Precipitation Radar. Observations over sea-ice

and snow-covered surfaces are handled separately. For sea-ice, precipitation is derived from the ERA5 reanalysis (Hersbach

et al., 2020). For snow-covered surfaces, precipitation is derived from five years of co-locations with gauge-corrected radar

observations from the Multi-Radar Multi-Sensor (MRMS, Smith et al., 2016) product.100

The retrieval targets are then combined with observations from each of the sensors of the GPM constellation: For GMI, this

is done by remapping and averaging the retrieval outputs to the footprint of GMI’s 18.7 GHz channel. Since co-locations with

other sensors of the constellation are rare or not available at all, observations for these sensors are simulated and the footprint

averaging is adapted to the expected sensor resolution.

The ancillary data that serve as additional retrieval inputs are derived from reanalysis datasets. They consist of two meter105

temperature (T2m), total column water vapor (TCWV), a surface type as well as an air lifting index (ALI) that encodes infor-

mation on atmospheric convergence in mountainous areas. The ancillary data for the databases used in this study were derived

from the ERA5 reanalysis (Hersbach et al., 2020).
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2.2 The GPROF algorithm

The current implementation of GPROF retrieves precipitation and hydrometeor profiles by resampling the profiles in the110

database based on the similarity of the observations to the input observations. In order to limit the amount of profiles to

search through, the database is split up into bins with respect to the ancillary data. In addition to this, the profiles in each bin

are clustered to further limit the number of profiles that need to be processed. An illustration of these steps and the Bayesian

retrieval scheme, all of which will be explained in more detail below, is provided in Fig. 1.

T2m

TCWV
Surface type

Airlifting index

(a) Stratified database (b) Clustering (c) Bayesian retrieval scheme

Figure 1. Components of the GPROF retrieval algorithm. Panel (a) illustrates the binning of the database with respect to the ancillary data

consisting of two meter temperature (T2m), total column water vapor (TCWV), surface type and airlifting index. Panel (b) illustrates the

clustering of each database bin into self-similar clusters with the size of the markers representing the number of profiles in each cluster. Panel

(c) illustrates the Bayesian scheme that is used to approximate the posterior distribution of the retrieval, which corresponds to the filled curve

to the right, by weighting the samples in the database.

The binning of the profiles in the database is performed with respect to all ancillary variables, that is T2m, TCWV, surface115

type and airlifting index (Fig. 1 (a)). The binning is hard in the sense that only profiles from the single bin corresponding to the

ancillary data are considered in the retrieval. The exception to this rule are the edges of the database with respect to T2m and

TCWV for which the profiles are combined with those from neighboring bins until at least 2000 profiles are found. To further

limit the amount of data to process during the retrieval, the profiles in each database bin are clustered into self-similar clusters

and only the mean of the observations and retrieval targets as well as the number of observations is retained (Fig. 1 (b)).120

The binning and clustering of the database is performed offline, i.e. during the algorithm development. To retrieve precipita-

tion from the binned database GPROF employs the following Bayesian retrieval scheme.

Given a vector of observations y and corresponding ancillary data, the retrieval first uses the ancillary data to select the

corresponding database bin. Let (y1,x1,n1), . . . ,(yN ,xN ,nN ) denote the profile clusters in that database bin with yi and xi

the centroids of the observation and state vector in the ith cluster and ni the number of profiles in the cluster. Assuming that125

the un-clustered profiles in the database bin are distributed according to the true a priori distribution p(x), i.e. the climatology

of the atmospheric state x corresponding to the given bin, the expected value of x with respect to the posterior distribution
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p(x|y) can be approximated using
∫

x

xp(x|y) dx =
∫

x

x
p(y|x)p(x)

p(y)
dx≈

∑
inip(y|xi)xi∑
i p(y|xi)

. (1)

The conditional probability p(y|xi) of the input observation y given atmospheric state xi is taken as the probability of the130

deviations of y from the observations yi corresponding to the state xi to be caused by the random error in the observations,

which is assumed to be unbiased and Gaussian:

p(y|xi) =
ni√

2πdet(S−1)
exp

{
−1

2
(y−yi)TS−1(y−yi)

}
(2)

where S is a diagonal covariance matrix. The observation error represents sensor noise as well as other causes of deviations of

real observation from the observations in the database, such as calibration errors or modeling errors. It should be noted here,135

that the assumption of Gaussian errors with state independent, diagonal covariance matrix is made for simplicity but likely

insufficient to accurately describe modeling errors that are state dependent and correlated between channels. As illustrated in

Fig 1 (c), Eq. 1 corresponds to a resampling of the states in the database with case-specific weights calculated using Eq. 2. This

approach can be extended to approximate the probability density function of the posterior distribution or to derive probabilities

of certain characteristics of the a posteriori state such as the presence of precipitation in a given observation.140

2.3 The GPROF-NN algorithms

The principal objective guiding the design of the GPROF-NN algorithms was to develop a neural network retrieval that pro-

vides the exact same output as GPROF so that it can potentially replace the current implementation in a future update. GPROF

produces several outputs that are probabilistic: A probability of precipitation as well as the mode and terciles of the posterior

distribution of precipitation. An implementation based on standard regression neural networks would not provide any princi-145

pled way to produce these probabilistic outputs due to incompatibility of deterministic regression with the Bayesian retrieval

formulation used in GPROF. To overcome this limitation, the implementation of the GPROF-NN retrievals is based on quan-

tile regression neural networks (QRNNs). As has been shown in Pfreundschuh et al. (2018), when trained on a dataset that

is distributed according to the a priori distribution of a Bayesian retrieval, QRNNs learn to predict quantiles of the posterior

distribution. They thus provide a simple and efficient way to reconcile neural network retrievals with the Bayesian framework150

that is applied in GPROF.

The QRNN approach can be generalized to predict a sequence of quantiles, which can be used to reconstruct the cumulative

distribution function (CDF) of the a posteriori distribution of any scalar retrieval quantity. Since the distribution of a scalar

variable is fully described by its CDF, the predicted CDF can be used to derive any relevant statistic of the a posteriori distribu-

tion. For the GPROF-NN retrievals, the predicted CDF is used to derive most likely and mean surface precipitation (the latter155

of which is identical to the solution that would have been obtained with common mean squared error regression), the terciles

of the posterior distribution as well the probability of precipitation. An illustration the principle of the GPROF-NN retrievals

is provided in Fig. 2: The retrieval employs a neural network to predict for each input pixel a vector of values. The elements
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of this vector correspond to a sequence of quantiles of the a posteriori distribution. These quantiles are used to reconstruct a

piece-wise linear approximation of the CDF of the distribution from which the final retrieval outputs are derived.160

Neural
network

Ancillary data
Input

concat.

Output Posterior CDF

Observations

||

Figure 2. The basic principle of the implementation of the GPROF-NN retrievals. A Bayesian solution of the retrieval is obtained by

predicting, for each input pixel, a sequence of quantiles of the a posteriori distribution that is used to reconstruct its CDF. The predicted CDF

is then used to derive the scalar retrieval results.

2.3.1 Training objectives

A neural network can be trained to predict a quantile x̂τ of a given conditional distribution by training it to minimize the

quantile (or pinball) loss function Lτ corresponding to the quantile fraction τ (Koenker and Hallock, 2001):

Lτ (x̂τ ,x) = (τ − Ix≤x̂τ )(x− x̂τ ), (3)

where x̂τ is the predicted quantile, x is the reference value from the training data and Ix≤x̂ is the indicator function taking the165

value 1 when the condition x≤ x̂ is true and 0 otherwise.

This principle can be extended to a sequence of quantiles corresponding to quantile fractions τ1, . . . , τN by minimizing the

mean of the loss functions corresponding to each quantile fraction:

Lτ1,...,τN (x̂,x) =
1
N

N∑

i=0

Lτi(x̂i,x) (4)

where x̂i is the ith component of the vector of predicted quantiles x̂. The GPROF-NN retrievals use this loss function with 128170

equally spaced quantiles ranging from τ1 = 0.001 to τ128 = 0.999 for all scalar retrieval variables.

A difficulty with predicting quantiles of precipitation is that that lower quantiles may become degenerate due to the high

probability of no precipitation. For example, it is impossible to predict empirical quantiles with 0< τ < 0.5 for a pixel with

50 % probability of precipitation. To allow monitoring of the ability of the network to correctly predict retrieval uncertainty up

to the degeneracy induced by non-raining pixels, we replace rain rates of non-raining pixels with random values from a log-175

uniform distribution that are smaller than the smallest rain rate in the training data. During the retrieval, predicted precipitation

7

https://doi.org/10.5194/amt-2022-15
Preprint. Discussion started: 6 April 2022
c© Author(s) 2022. CC BY 4.0 License.



rates that are smaller than this threshold are set to zero. The threshold is chosen as 10−4 mm h−1 and thus has negligible

impact on mean or accumulated precipitation.

An additional advantage of the application of the quantile loss function is that the training can be performed on transformed

retrieval outputs without changing the statistical properties of the network predictions given that the transformation function is180

strictly monotonic. The training of all scalar, non-negative retrieval quantities uses a log-linear transformation function of the

form

f(x) =





log(x) if x < 1

x+ 1 if otherwise.
(5)

In addition to avoiding the prediction of negative values, we found this to slightly increase retrieval accuracy for quantities that

vary by multiple orders of magnitude, which precipitation rates and hydrometeor concentrations typically do.185

For hydrometeor profiles, the retrieval is implemented in a slightly different manner. To reduce the number of network

outputs, the posterior mean of hydrometeor profiles is predicted directly using mean squared error regression. Since the output

of GPROF contains only the posterior mean of the hydrometeor concentrations, it was deemed unnecessary to predict their

full posterior distribution at each level using quantile regression. To avoid the prediction of negative concentrations ReLU

activation functions are applied to the network outputs corresponding to hydrometeor concentrations.190

2.3.2 GPROF-NN 1D

The GPROF-NN 1D algorithm was designed to be fully identical to the current GPROF algorithm. This means it not only

produces the same outputs, but it also uses the same inputs, namely PMW observations from a single pixel together with the

corresponding ancillary data.

The neural network architecture used for the GPROF-NN 1D retrieval is illustrated in Fig. 3. A single network is trained to195

predict all retrieval variables (c.f. Tab. 1) using the training objectives described in Sec. 2.3.1. The network consists of a shared

body and a separate head for each retrieved variable. Body and heads are built-up of blocks consisting of a fully-connected

layer followed by layer normalization (Ba et al., 2016) and GELU (Hendrycks and Gimpel, 2016) activation functions. During

development we have experimented with different numbers of blocks in body (Nb) and each of the heads (Nh) but found only

marginal impact on the retrieval performance and settled for a configuration with Nb = 6 and Hh = 4.200

The GPROF-NN 1D network is trained by simultaneously minimizing the sum of the losses of all retrieval variables. The

training is performed over 70 epochs using the Adam optimizer (Kingma and Ba, 2014) with an initial learning rate of 5 ·10−4

and a cosine annealing learning rate schedule (Loshchilov and Hutter, 2016). Warm restarts are performed after 10, 30 and 50

epochs.
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Figure 3. Illustration of the neural network architecture used in the GPROF-NN 1D algorithm. The network consists of a common body

and one head for each retrieval variable. Each block in body and head consists of fully-connected layer, layer norm and GELU activation

function.

2.3.3 GPROF-NN 3D205

The GPROF-NN 3D retrieval extends the GPROF and GPROF-NN 1D algorithms by incorporating structural information into

the retrieval. To achieve this, the GPROF-NN 3D algorithm employs a convolutional neural network (CNN) that performs the

retrieval for all pixels in the swath simultaneously.

The network architecture for the GPROF-NN 3D algorithm, illustrated in Fig. 4, consists of an asymmetric encoder-decoder

structure followed by a separate head for each retrieved variable. The stages of the en- and decoder are built up of what we210

refer to here as Xception blocks (Fig. 4 (a)) because they are based on the Xception architecture introduced in Chollet (2017).

Each block consists of two depthwise separable convolutions with a kernel size of 3 followed by group normalization layers

with 32 groups and GELU activation functions. The first block in each stage of the encoder additionally contains a 3× 3 max-

pooling layer with a stride of 2 following the first 3×3 convolution layer. Each downsampling block in the encoder is followed

by N = 4 standard Xception blocks. The stages of the decoder consist of a bi-linear upsampling layer followed by a single215

Xception block. The network architecture was chosen with the aim of maximizing the depth and width of the network while

keeping the time required for processing an orbit low. Symmetric padding is performed before all convolution operations with

a kernel size larger than one in order to conserve the input size.

The fully-convolutional network architecture employed by the GPROF-NN 3D retrieval enables the model to process inputs

of arbitrary sizes. This allows processing of a whole orbit of observations as a single input, thus omitting the need for splitting220

up the observations into overlapping tiles to avoid edge effects.
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Figure 4. The neural network architecture of the GPROF-NN 3D retrieval. Illustration (a) displays the structure of the Xception blocks

(Chollet, 2017) that form the building blocks of the GPROF-NN 3D model. An Xception block consists of two depthwise separable convo-

lutions followed by a group normalization layer and a GELU activation function. Illustration (b) shows how the Xception blocks are used in

an asymmetric encoder-decoder structure that forms the body of the network. Output from the body is combined with the ancillary data to

form the inputs to the separate heads that predict the retrieval results for each of the retrieved variables.

Due the special structure of the GPROF retrieval database, it was necessary to adapt the training scheme for the GPROF-NN

3D retrieval. For the most part, the retrieval database contains values for the retrieved variables only at the 20 central pixels

of the GMI swath, as illustrated by the light stripe in Fig. 5 (a). This means that, although the network predicts the retrieved

variables at all pixels in the swath, the loss can be calculated only where the values of the retrieval variables are known. In225

addition to this, the viewing geometry of PMW sensors breaks the translational symmetry that is common for digital images

and constitutes one of the inductive biases of CNNs (Goodfellow et al., 2016). This is because the distance between pixels, as

well as their orientation, varies across the swath of the sensor. An illustration of this is provided in Fig. 5 for the conical viewing

geometry of GMI. When displayed on a uniform grid, similar shapes appear differently depending on their position across the

swath. To account for this in the training, training samples are transformed to simulate the effect of seeing a given scene at230

different locations across the GMI swath. These transformations are applied randomly when a training sample is loaded thus
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Figure 5. The effect of GMIs conical viewing geometry on observed features. Panel (a) displays geolocated observations of the 10.6 GHz

channel. Grey squares mark equilaterals with a side length of 200km oriented along the swath. The highlighted stripe located at the swath

center marks the region where the values of the retrieved variables are known. Panel (b) shows the same observations viewed as an image

on a uniform grid. Panel (c) shows six synthetically generated training inputs based on two input regions marked in Panel (b). The first row

shows three synthetic samples that simulate the effect of viewing the input in region A at a different position across the GMI swath. The

second row shows the corresponding transformations for the input in region B.

ensuring that the network rarely or never sees a training scene from the same perspective. The transformations were furthermore

designed to ensure that the relative location of the pixels at which values of retrieval variables are known varies across the full

width of the swath instead of always being located at its center. Examples of transformed inputs are displayed in Fig. 5 (c).

2.3.4 Extension to other sensors235

The GPROF retrieval for GMI is special because GMI is the only sensor for which the retrieval inputs used in the database

correspond to real observations. For the other sensors of the GPM constellation, the observations used to construct the retrieval

database are simulated. For conically scanning sensors a single simulation is performed for each profile in the database. For

cross track scanning sensors several simulations are performed for each profile covering the range of viewing angles of the

sensor.240

Since the databases for other sensors are based on simulations, it is not guaranteed that the distribution of brightness temper-

atures in the database matches those of real observations. The simulated observations are therefore corrected using a surface

type and total column water vapor dependent correction that matches the quantiles of the conditional distributions of simulated

and real observations. The GPROF algorithm uses a slightly different correction that distinguishes only 3 different surface

types, while the GPROF-NN algorithms use a correction with all 18 surface types. This is because the correction used by245

GPROF was found to be too crude over land surfaces leading to artifacts in the neural network results.
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The training of the GPROF-NN 3D algorithm for other sensors than GMI is further complicated by the fact that the retrieval

database for these sensors contains simulated observations only at the central pixels of the GMI swath (the highlighted pixels in

Fig. 5 (a)). To obtain two-dimensional training scenes that are sufficiently wide to train a CNN, we make use of an intermediate

CNN based model to ’retrieve’ simulated brightness temperatures across the full GMI swath. The extended simulated brightness250

temperatures are then remapped from the GMI viewing geometry to the viewing geometry of the target sensor. While this

approach is certainly not ideal with respect to the realism of the generated scenes, it was the simplest and currently only

feasible way to extend the GPROF-NN 3D retrieval to other sensors than GMI using only currently available data from the

GPROF database.

3 Results255

The first part of this section presents the evaluation GPROF and the GPROF-NN algorithms on a held-out test data set. The

test data set consists of observations from the first three days of every month from the retrieval database. It should be noted

that we have deliberately limited this evaluation to data from the retrieval database in order to isolate the effect of the retrieval

algorithm from that of the database. We conclude this section with a case study of overpasses of Hurricane Harvey. These

results are based on real observations and thus provide an indication to what extent the performance on the retrieval database260

can be expected to generalize to real observations.

3.1 Precipitation and water columns

As described in Tab. 1, the scalar variables retrieved by GPROF are surface and convective precipitation as well as the column-

integrated concentrations of cloud droplets, rain and snow, denoted as cloud water path (CWP), rain water path (RWP) and ice

water path (IWP), respectively. Scatter plots of the retrieval results for these five quantities are displayed in Fig. 6 for GMI and265

Fig. 7 for MHS. The frequencies in all plots have been normalized column-wise to ensure that results for high reference values

remain visible.

For surface precipitation retrieved by GMI, consistent improvements in retrieval accuracy are observed between the GPROF

and GPROF-NN 1D as well as GPROF-NN 1D and GPROF-NN 3D. The improvements are most pronounced for very small

rain rates between 10−2 and 10−1 mm h−1 but are consistent across the full range of displayed values. The comparably bad270

performance of GPROF for small precipitation values is likely due to the tuning of the assigned uncertainties to yield good

results for larger rain rates that are more relevant for rainfall accumulation.

For convective precipitation, the results of GPROF deviate noticeably from the diagonal. The GPROF-NN 1D slightly

improves upon the results of GPROF. Although the mode of the distribution is still displaced from the diagonal, the GPROF-

NN 3D algorithm yields the best agreement with the reference data. For the path-integrated quantities, similar improvements275

between GPROF and GPROF-NN 1D as well as GPROF-NN 1D and GPROF-NN 3D are observed. Large cloud water path

values are underestimated by all retrievals which is likely because these values are associated with precipitation but difficult
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Figure 6. Scatter plots of scalar retrieval targets for the three retrieval algorithms for GMI. Rows display the results for the GPROF, GPROF-

NN 1D and GPROF-NN 3D algorithms, respectively. Columns display the results for different retrieval targets. Frequencies in the plots have

been normalized column-wise, i.e. per bin of the reference value.

to distinguish from it. Due to the lack of a cloud water path signal in raining profiles, all algorithms resort to predicting the

climatology in the presence of significant rain.

The results for MHS, displayed in Fig 7, paint a similar picture. Although the overall accuracy of the retrieval is lower, the280

GPROF-NN 1D retrieval consistently yields more accurate results than GPROF. Also here the GPROF-NN 3D retrieval yields

further, consistent improvements compared to the GPROF-NN 1D retrieval.

Quantitative measures of the retrieval accuracy for surface precipitation of the three retrieval algorithms are displayed in

Tab. 2 for GMI and Tab. 3 for MHS. Similar tables for the other retrieval quantities are provided in Tab. A1-A8 in the appendix.

Each table displays bias, mean absolute error (MAE), mean squared error (MSE) and the symmetric mean absolute percentage285

error (SMAPEt) for all test samples with a reference value that exceeds a quantity-specific threshold t. The error metrics

confirm the qualitative findings from Fig. 6 and 7: The neural network implementations outperform GPROF in terms of all

considered metrics. Moreover, the GPROF-NN 3D algorithm further improves upon the performance of the GPROF-NN 1D

algorithm. Although the errors are larger for MHS, the same tendency is observed.
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Figure 7. Like Fig. 6 but for MHS.

Table 2. Mean error metrics and estimated standard deviation for surface precipitation retrieved from GMI observations.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] −0.0040± 0.0001 −0.0024± 0.0001 −0.0006± 0.0001

MAE [mm h−1] 0.0785± 0.0001 0.0585± 0.0001 0.0444± 0.0001

MSE [mm h−1] 0.1830± 0.0001 0.1379± 0.0001 0.0983± 0.0001

SMAPE0.01 [%] 76.9023± 0.0138 69.5382± 0.0127 56.0040± 0.0181

Table 3. Mean error metrics and estimated standard deviation for surface precipitation retrieved from MHS observations.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] 0.0070± 0.0001 −0.0053± 0.0001 0.0017± 0.0002

MAE [mm h−1] 0.0948± 0.0001 0.0610± 0.0001 0.0524± 0.0002

MSE [mm h−1] 0.3078± 0.0002 0.2088± 0.0002 0.1373± 0.0002

SMAPE0.01 [%] 80.9690± 0.0192 70.1140± 0.0189 63.4292± 0.0414
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Figure 8. Bias, MSE, MAE and SMAPE0.01 of the retrieved surface precipitation w.r.t. surface type and retrieval algorithm. The results for

the GMI sensor are displayed in the first column, results for the MHS sensor in the second column. Error bars mark one standard deviation

around the mean calculated using bootstrap and thus quantify the uncertainty due to the random sampling of the test data.

Since the surface type has a considerable effect on the lower-frequency observations used in the retrieval, its impact on the290

retrieval of surface precipitation is assessed in Fig. 8. The figure displays bias, MSE, MAE and SMAPE for the most relevant

classes of surface types. Also, when different surface types are considered separately, the results of the surface precipitation

retrieval show the same pattern as the scatter plots in Fig. 6. The results of the GPROF-NN 1D retrieval are generally more

accurate than those of GPROF and the results of the GPROF-NN 3D algorithm are in turn more accurate than those of the

GPROF-NN 1D algorithm. These findings are mostly consistent across the considered surface types and both sensors. Excep-295

tions are the biases of the GPROF-NN 1D algorithm for GMI over vegetated surface and for MHS over snow, which are larger

than those of GPROF as well as the MSE of the GPROF-NN 3D algorithm for MHS over snow, which is slightly larger than

that of the GPROF-NN 1D retrieval. We suspect that this is caused by the relative scarcity of the observations in the retrieval

database.

Figure 9 displays the geographical distribution of bias, MSE and MAPE for GMI in 5 ◦× 5 ◦ boxes. As could be expected300

from the previous results, the magnitudes of the biases of GPROF are considerably larger than for the other two algorithms.
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Furthermore, GPROF exhibits consistent biases across geographical regions such as the Northwest Atlantic and Northwest

Pacific, which is less the case for the neural network algorithms. Although spatial distribution of the MSE mostly reflects the

global distribution of precipitation, a gradual decrease in MSE can be observed between the results of GPROF and GPROF-

NN 1D as well as GPROF-NN 1D and GPROF-NN 3D. More consistent patterns are visible in the SMAPE: The largest errors305

for all three retrievals occur over land surfaces, which likely reflects the decrease in information content due to the reduced

contrast in the lower frequency channels. Over Ocean, errors are generally higher in the sub-tropics and tropics compared to

higher latitudes. Although these patterns are observed in the results of all algorithms, a clear and globally consistent decrease

in SMAPE can be observed between the GPROF, GPROF-NN 1D and GPROF-NN 3D retrievals.

The corresponding results for MHS are provided in Fig. A1. Again, although the errors are slightly larger, the results are310

qualitatively similar.

Figure 9. Spatial distributions of bias (Column 1), MSE (Column 2) and SMAPE0.01 (Column 3) for the GPROF (Row 1), GPROF-NN 1D

(Row 2), GPROF-NN 3D (Row 3) algorithms for GMI in 5 ◦× 5 ◦ grid boxes.

3.1.1 Predicted retrieval uncertainties and probabilistic rain detection

In addition to quantitative precipitation estimates, GPROF produces estimates of the first and second tercile of the posterior

distribution of surface precipitation, which provide an uncertainty estimate for the retrieved mean surface precipitation, as well

as a probabilistic classification of pixels into raining and non-raining pixels based on an estimated probability of precipitation.315

Due to their probabilistic nature, similar results can be produced using GPROF-NN algorithms. From the predicted quantiles,

the terciles can be predicted by interpolating them to the fractions 1
3 and 2

3 , respectively. The probability of precipitation is
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Table 4. Calibration of the predicted terciles of the posterior distribution of surface precipitation for the three retrieval algorithms and the

GMI and MHS sensors.

Tercile Nominal
GMI MHS

GPROF GPROF-NN 1D GPROF-NN 3D GPROF GPROF-NN 1D GPROF-NN 3D

First 0.333 0.461 0.351 0.349 0.274 0.332 0.335

Second 0.667 0.514 0.652 0.654 0.480 0.663 0.659

calculated by using the predicted posterior distribution to calculate the probability of the retrieved surface precipitation to be

larger than the smallest non-zero rain rate in the training data.

To assess the accuracy of the uncertainty estimates from GPROF and the GPROF-NN algorithms, Tab. 4 lists the calibration,320

i.e. the frequency with which each predicted tercile was larger than the true surface precipitation. The evaluation of the results

for the GPROF-NN algorithms was performed with the replacement of non-raining values described in Sec. 2.3.1, which

allows to account for degenerate quantiles. Since no such mechanism is available for GPROF it is not possible to evaluate the

calibration of the predicted terciles without their effect. At least partially because of this, the calibration of GPROF deviates

from the nominal frequencies. For the GPROF-NN algorithms, however, both algorithms yield frequencies that are close to the325

expected frequencies of 1
3 and 2

3 , respectively.
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Figure 10. Calibration (Panel (a)) and receiver-operating characteristic (ROC, Panel(b)) for the predicted probability of precipitation.

The quality of the raining/non-raining classification is assessed in Fig. 10, which displays the calibration of the predicted

probability and the receiver-operating characteristic (ROC) curve. The predicted probabilities are fairly well calibrated for

all algorithms and sensors. Nonetheless, the GPROF-NN algorithms yield results that are slightly closer to the diagonal. The

results for the ROC curves are analogous: The GPROF-NN 1D algorithm yields better precipitation detection than GPROF330

and the GPROF-NN 3D retrieval in turn yields slightly better performance than the 1D version. In terms of classification skill,

worse performance is achieved for GMI than for MHS by all algorithms, but again the relative performance of the retrievals is

the same.
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3.1.2 Effective resolution

Next, we aim to assess the impact of the retrieval method on the effective resolution of the retrieved precipitation fields that335

is important in hydrologic applications. For this, we adopt the approach from Guilloteau et al. (2017), who have studied the

effective resolution of the previous version of GPROF for the GMI and the TRMM Microwave Imager sensors. A 1-dimensional

Haar wavelet decomposition in along-track direction over all 128 pixel long sequences in the test data is performed to calculate

the effective resolution. We do not consider observations for different surface types separately. Following, Guilloteau et al.

(2017) we examine energy spectra as well as correlation coefficients and Nash-Sutcliffe (NS) efficiency of the coefficients of340

the wavelet decomposition for the reference and retrieved surface precipitation. The results are displayed in Fig. 11.
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Figure 11. Spatial variability of retrieved and reference fields. Panel (a) shows the average of the total energy defined as the sum of the

squared wavelet coefficient at different length scales for the reference and retrieved surface precipitation fields. Panel (b) shows the correlation

coefficient between the coefficients of the reference and the retrieved precipitation field. Panel (c) shows the corresponding Nash-Sutcliffe

efficiency.

An obvious difference to the results from Guilloteau et al. (2017) is that the energy spectra of the reference precipitation field

is not monotonically decreasing. The reason for this is that the reference precipitation field in the retrieval database is smoothed

using an averaging filter adapted to the footprint size of the respective sensor. For GMI, the GPROF-NN 3D algorithm has the

highest variability in the retrieved precipitation field, followed by the GPROF-NN 1D algorithm and GPROF. However, for345

all retrievals the variability remains lower than that of the reference field. In terms of correlation of the wavelet coefficients at

different scales (Panel (b)), the GPROF-NN 3D algorithm exhibits the highest correlation with the coefficients of the reference

field, again followed by the GPROF-NN 1D algorithm and GPROF. The same pattern is observed for the NS efficiency. In

terms of effective resolution, defined following Guilloteau et al. (2017) as the smallest scale at which the NS efficiency exceeds

0.5, the GPROF-NN 3D algorithm for the GMI sensor achieves a resolution solution of 13.5 km, which is the distance between350

consecutive pixels in along-track direction and thus the smallest spatial scale that can be resolved in this analysis. The effective

resolutions for the GPROF-NN 1D algorithm is 14.1 km and for GPROF 23.1 km.

For MHS, the effective resolutions of GPROF and GPROF-NN 1D with 128 km and 95 km, respectively, is significantly

higher than for GMI. Since the resolution is averaged over the viewing angles of the cross track scanner and because of its
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generally lower sensitivity to precipitation, a certain degradation of the resolution was expected. Despite this, the GPROF-NN355

3D algorithm achieves a resolution of 24.4 km, which is close to that of GPROF for GMI.

3.1.3 Profile retrieval variables

In addition to precipitation fields and path-integrated hydrometeor concentrations, GPROF retrieves concentration profiles of

rain, snow and cloud water. The retrieval database also contains latent heating rates as target variable but there is currently no

plan to include them in the operational output of GPROF 2021. For this study, latent heating rates were nonetheless included360

in the output of the GPROF-NN retrievals to investigate the feasibility of the retrieval.

The error statistics for the profile retrievals are displayed in Fig. 12. For GMI, the results are qualitatively similar to those

observed for the scalar retrieval variables: The GPROF-NN 1D retrieval has slightly lower biases than than GPROF with the

GPROF-NN 3D algorithm yielding the lowest biases. Similar patterns are observed for MSE and for SMAPE throughout most

of the atmosphere. For rain and snow water content the SMAPE of the GPROF-NN 3D retrieval increases and even exceeds365

that of GPROF-NN 1D at the topmost levels where the hydrometeors are present. This is presumably due the scarcity of profiles

with hydrometeors at these altitudes, leading to decreased accuracy for the more complex neural network model employed by

the GPROF-NN 3D algorithm.

The results for MHS are again mostly similar to those of GMI. A noticeable difference, however, is that the biases of

the GPROF-NN retrievals are slightly larger than those of GPROF. This is somewhat surprising considering that there is a370

noticeable decrease for GMI. This indicates that those biases are due to the absolute sensitivity of the sensor rather than the

retrieval method.

3.2 Case study: Hurricane Harvey

All of the results presented above were based on a test dataset with the same statistics as the retrieval database. While for GMI

the observations can be expected to be consistent with those in the database, this is not necessarily the case for sensors for which375

the retrieval database contains mostly simulated observations. While a comprehensive analysis of the retrieval performance on

real observations is outside the scope of this study, this section presents retrieval results from two overpasses over Hurricane

Harvey to provide an indication as to whether the performance characteristics of the retrieval algorithm can be expected to

carry over to real observations.

The first considered overpass is of the GPM Core Observatory over Hurricane Harvey and occurred on August 25, 2017380

at 11:50 UTC. Retrieved surface precipitation is displayed in Fig. 13. In addition to the retrieved surface precipitation from

GPROF and the GPROF-NN algorithms, the figure also displays the surface precipitation from the GPM combined product

averaged to the resolution of GMI’s 18.7 GHz channel. When considered at log-scale, obvious structural differences in the

retrieved precipitation are visible: The GPROF retrieval produces large areas of low precipitation that cover most of the scene,

which are not present in the combined retrieval. This is consistent with the overestimation of very small precipitation observed385

in Fig. 6. These artifacts are significantly reduced in the results of GPROF-NN 1D algorithm and even more so in the results of

the GPROF-NN 3D retrieval. When considered at linear scale, all three retrievals capture the global structure of the precipitation
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Figure 12. Error statistics of the retrieved profile variables. Columns show the errors for the different retrieved variables, whereas rows show

altitude averaged bias, RMSE and MAPE, respectively.
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Figure 13. Retrieved surface precipitation from the GPM combined product (Panels (a), (c)), the GPROF algorithm (Panels (b), (d)), and the

neural network versions GPROF-NN 1D (Panels (e), (g)) and GPROF-NN 3D (Panels (f), (h)) in and around Hurricane Harvey on 2017-08-

25 at 11:50:00 UTC. Panels (a), (b), (e), (f) display the precipitation on a logarithmic scale over an area spanning 2 000 km in zonal and

meridional directions. Panels (c), (d), (g), (f) display the surface precipitation on a linear color scale in an enlarged area spanning 500 km

around the Hurricane. The background shows 10.3 µm brightness temperatures from the GOES 16 observations closest to the overpass.

but tend to overestimate its magnitude compared to the combined retrieval. This effect is strongest for GPROF but is also

apparent for the neural network based retrievals. Nonetheless, both neural network based retrievals better reproduce the fine

scale structure that is visible in the results of the combined retrieval, which is inline with the analysis of the effective resolution390

of the retrievals.

Fig. 14 presents retrieved surface precipitation from an overpass of the MHS sensor on board the NOAA-18 satellite over

the same storm at 13:58 UTC. The figure also presents radar derived precipitation rates from NOAA’s MRMS product suite as

reference data. Similar as for GMI, GPROF predicts low precipitation rates across large parts of the scene and even in areas

that are cloud free. Albeit to a lesser degree, this seems to be an issue also for the GPROF-NN 1D algorithm. The GPROF-NN395

3D algorithm is even less affected by this issue and also yields better agreement with the MRMS precipitation rates over land.

For the higher rain rates in and around the Hurricane, the overall structure agrees well with the radar measurements. High

21

https://doi.org/10.5194/amt-2022-15
Preprint. Discussion started: 6 April 2022
c© Author(s) 2022. CC BY 4.0 License.



Figure 14. Surface precipitation retrieved from ground radar, (Panels (a), (c)), and MHS PMW observations using the GPROF algorithm

(Panels (b), (d)), and the neural network versions GPROF-NN 1D (Panels (e), (g)) and GPROF-NN 3D (Panels (f), (h)) in Hurricane Harvey

on 2017-08-25 at 13:58:00 UTC. Panels (a), (b), (e), (f) display the precipitation on a logarithmic scale over an area spanning 2 000 km in

zonal and meridional directions. Panels (c), (d), (g), (f) display the surface precipitation on a linear color scale in an enlarged area spanning

500 km around the Hurricane. In the background the closest true-color composite from GOES 16 is shown.

precipitation rates are strongly overestimated by GPROF. Results of the GPROF-NN algorithms are closer to the MRMS rain

rates, however, due to the distance of the observations from the coast it is not clear how reliable the ground radar measurements

are.400

3.3 Processing time

Another relevant question regarding the retrieval algorithm is the computational cost of processing the satellite observations.

Since GPROF is used operationally on PMW observations from a constellation of sensors spanning several decades of obser-

vations, the processing time must not be excessively high. Although neural networks are know to be efficient to evaluate, this

often assumes dedicated hardware, which is not yet available at the processing centers. We therefore evaluated the processing405
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time that is required for a retrieval of an orbit of observations using a single CPU core. The results are displayed in Fig. 15.

Despite their superior retrieval accuracy, the GPROF-NN algorithms are about twice as fast as GPROF for GMI and MHS.
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Figure 15. Single CPU core processing time for an orbit of observations for the three retrieval algorithms for GMI and MHS. Error bars

show the range of one standard deviation around the mean.

4 Discussion

This study presented two novel, neural network based implementations of the GPROF retrieval algorithm and evaluated their

performance for the GMI and MHS sensors against the current implementation.410

4.1 Retrieval performance

The evaluation of the GPROF-NN 1D algorithm against GPROF, showed that retrieval accuracy as well as effective resolution

can be improved simply by replacing the current retrieval method with a fully-connected neural network. Although both

GPROF and the GPROF-NN 1D algorithm are based on the same retrieval database and use the same information as retrieval

input, the neural network provides more accurate results. A potential explanation for this may lie in the way the two algorithms415

handle observation uncertainties, which were shown by Elsaesser and Kummerow (2015) to have a significant effect on the

retrieval accuracy. For GPROF, these uncertainties must be specified manually. Apart from sensor noise, observations from

other sensors than GMI are affected by modeling errors in the simulated observations, which are difficult to estimate and

unlikely to be well described by the assumed Gaussian error model. In addition to this, uncertainties are inflated to account

for the sparsity of the retrieval database and the effects of clustering. Since samples with low precipitation rates are generally420

better represented in the database, this likely makes the uncertainties too large for the retrieval of low precipitation rates, which

may explain the inferior performance of GPROF for low precipitation rates observed in Fig. 6 and Fig. 7. The neural network
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based algorithms infer observation errors directly from the data, and can thus handle arbitrary observation errors, given that

they are accurately represented in the training data.

Another advantage of the neural network retrievals that may explain the improved accuracy is that they scale more easily to425

large retrieval databases. While the GPROF algorithm requires compressing the retrieval database in a way that causes informa-

tion loss, the training of the neural networks uses the full database. However, even in the absence of clustering, Pfreundschuh

et al. (2018) provided empirical evidence that neural network based retrievals are less affected by the curse of dimensionality,

which means they yield more accurate results when limited data is available. Although the GPROF database is fairly large,

heavy precipitation events are likely still underrepresented, which may be exacerbated by the clustering performed by GPROF.430

In this context, it may also be worth pointing out that, since the database size influences only the training time of the GPROF-

NN algorithms, they can potentially be applied with even larger retrieval databases than the one currently used, which may

help to further improve the retrieval accuracy in the future.

The second important finding from this study is that by extending the retrieval to incorporate structural information, its

accuracy can be further improved by another 10 to 25 % compared to the GPROF-NN 1D retrieval at the same time as the435

effective resolution in along track direction is decreased to its lower limit of 13.5 km. The use of structural information for

precipitation retrievals is common practice in algorithms based on infrared observations (Sorooshian et al., 2000; Hong et al.,

2004) and the potential benefits of CNN based retrievals have been shown in Sadeghi et al. (2019). While basic structural

information has been used in earlier PMW precipitation retrieval algorithms, as e.g. by Kummerow and Giglio (1994a), we are

not aware of any other operational PMW algorithms that incorporate structural information using CNNs.440

As a concluding remark regarding the retrieval performance, it should also be noted that this study focused on the develop-

ment of a generic retrieval algorithm applicable to all sensors of the GPM constellation within the operational constraints of

the current GPROF retrieval. This means that the used neural network models were not optimized exhaustively and that the

performance of neural network based PMW precipitation retrievals can likely be improved further by dedicated tuning of the

architecture.445

4.2 Limitations

It is important to consider the limitations of the results presented in this study. We have deliberately limited the evaluation

of the retrieval accuracy to test data with the same statistical properties as the retrieval database. This was done to isolate the

effect of the retrieval method from potential aliasing effects that would be introduced by the use of external validation data. The

presented retrieval accuracy should therefore be interpreted as an upper bound on the accuracy that can be achieved with respect450

to external validation data. Since the GMI retrieval is trained using real observations, the performance on real observations can

be expected to be close to the results presented, which was confirmed by the results from the GMI overpass over Hurricane

Harvey (Fig. 13). For other sensors, however, the observations in the database can only be simulated and may significantly

from true observations. For the GPROF-NN 3D algorithm an additional neural network model was required to transform the

data from the retrieval database into a form that is amenable for training a CNN. Despite this, the retrieval results for the MHS455
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overpass of Hurricane Harvey actually indicated that the retrieval for MHS is improved by the GPROF-NN retrieval even on

real observation.

5 Conclusions

The results presented in this study clearly demonstrate the potential of a neural network based implementation of GPROF to

improve accuracy as well as the effective resolution of retrievals of precipitation and hydrometeor profiles. In addition to the460

benefits of simply replacing the current retrieval scheme with an identical neural network implementation, we found similar,

additional improvements by incorporating spatial information into the retrieval through the use of a CNN based implementa-

tion.

Although the results presented here cannot fully answer the question to what extent the improvements observed for the

GPROF-NN algorithms carry over to operational application of the retrievals, they show the extent to which the current im-465

plementation of GPROF would limit the retrieval accuracy given an ideal retrieval database. Since the retrieval method has an

impact comparable to the differences in retrieval accuracy between MHS and GMI, upgrading the retrieval to a neural network

based implementation has the potential of being a very cost efficient way to improve global measurements of precipitation with

the added advantage of being applicable even to historical observations.

The GPROF implementations presented in this study constitute a first step towards such an upgrade of GPROF. The next470

step will be to run the GPROF-NN retrievals along side GPROF 2021 for all sensors of the GPM constellation and to validate

the retrieval results against independent validation data. The Python based software package that implements the retrieval and

training framework is made available together with all trained models as free software (Pfreundschuh, 2022).

Although the effective improvements that will be achieved in operational use still remain to be investigated, we take the

results presented here as a promising indication of the potential of the GPROF-NN retrievals to improve PMW retrievals from475

the sensors of the GPM constellation. With this these algorithms may constitute a step towards improving our ability to measure

the global hydrological cycle and its changes in a warming climate.

Code availability. The implementation of the GPROF-NN retrievals is published is as free software online (Pfreundschuh, 2022).

Appendix A

A1480
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Figure A1. Like Fig. 9 but for MHS

Table A1. Like Tab. 2 but for convective precipitation.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] −0.0010± 0.0001 −0.0015± 0.0001 −0.0011± 0.0001

MAE [mm h−1] 0.0310± 0.0001 0.0239± 0.0001 0.0204± 0.0001

MSE [mm h−1] 0.1766± 0.0001 0.1298± 0.0001 0.0854± 0.0001

MAPE0.01 [%] 108.7784± 0.0391 107.1976± 0.0378 92.8343± 0.0542
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Table A2. Like Tab. 2 but for RWP.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] 0.0017± 0.0000 −0.0005± 0.0000 −0.0003± 0.0000

MAE [mm h−1] 0.0183± 0.0000 0.0127± 0.0000 0.0094± 0.0000

MSE [mm h−1] 0.0112± 0.0000 0.0086± 0.0000 0.0047± 0.0000

MAPE0.001 [%] 83.8520± 0.0287 69.6918± 0.0284 61.8979± 0.0315
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Table A3. Like Tab. 2 but for IWP.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] −0.0022± 0.0000 −0.0006± 0.0000 −0.0002± 0.0000

MAE [mm h−1] 0.0199± 0.0000 0.0123± 0.0000 0.0085± 0.0000

MSE [mm h−1] 0.0129± 0.0000 0.0123± 0.0000 0.0053± 0.0000

MAPE0.001 [%] 88.0565± 0.0312 67.3705± 0.0305 58.5831± 0.0334
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Table A4. Like Tab. 2 but for CWP.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] −0.0019± 0.0000 −0.0005± 0.0000 −0.0005± 0.0000

MAE [mm h−1] 0.0268± 0.0000 0.0157± 0.0000 0.0115± 0.0000

MSE [mm h−1] 0.0027± 0.0000 0.0015± 0.0000 0.0009± 0.0000

MAPE0.001 [%] 62.2267± 0.0100 36.6584± 0.0078 27.9016± 0.0087
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Table A5. Like Tab. 3 but for convective precipitation.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] 0.0072± 0.0001 −0.0033± 0.0001 0.0019± 0.0001

MAE [mm h−1] 0.0404± 0.0001 0.0280± 0.0001 0.0240± 0.0001

MSE [mm h−1] 0.2119± 0.0001 0.1417± 0.0001 0.0908± 0.0001

SMAPE0.01 [%] 109.8088± 0.0483 110.0042± 0.0506 95.5691± 0.1124
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Table A6. Like Tab. 3 but for RWP.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] 0.0038± 0.0000 −0.0012± 0.0000 0.0004± 0.0000

MAE [mm h−1] 0.0246± 0.0000 0.0145± 0.0000 0.0120± 0.0000

MSE [mm h−1] 0.0196± 0.0000 0.0126± 0.0000 0.0071± 0.0000

SMAPE0.001 [%] 91.8829± 0.0350 76.0732± 0.0349 73.0157± 0.0750

31

https://doi.org/10.5194/amt-2022-15
Preprint. Discussion started: 6 April 2022
c© Author(s) 2022. CC BY 4.0 License.



Table A7. Like Tab. 3 but for IWP.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] 0.0051± 0.0000 −0.0011± 0.0000 0.0015± 0.0001

MAE [mm h−1] 0.0290± 0.0000 0.0120± 0.0000 0.0114± 0.0001

MSE [mm h−1] 0.0270± 0.0001 0.0119± 0.0001 0.0078± 0.0001

SMAPE0.001 [%] 92.5347± 0.0364 74.4043± 0.0371 68.5830± 0.0760
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Table A8. Like Tab. 3 but for CWP.

Metric GPROF GPROF-NN 1D GPROF-NN 3D

Bias [mm h−1] 0.0051± 0.0000 −0.0003± 0.0000 −0.0003± 0.0000

MAE [mm h−1] 0.0299± 0.0000 0.0193± 0.0000 0.0156± 0.0000

MSE [mm h−1] 0.0033± 0.0000 0.0016± 0.0000 0.0012± 0.0000

SMAPE0.001 [%] 64.4350± 0.0137 46.5956± 0.0112 39.0331± 0.0238
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