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Retrieving precipitation over Brazil
A Quantile Regression Neural Networks approach
INGRID INGEMARSSON
Department of Space, Earth and Environment
Chalmers University of Technology

Abstract
Close and accurate monitoring of precipitation on a global scale is key to understand-
ing our future climate as well as our current weather. Geostationary weather satel-
lites, as opposed to other measuring methods, provide high-resolution information
covering large regions. The sensors carried can not, however, measure precipitation
directly but are restricted to capturing cloud top temperatures (in IR radiation).
Earlier work presents a range of models that aim to relate these geostationary ob-
servations to precipitation, including simple regression as well as more elaborate
machine learning techniques. In this thesis we aim at predicting a posterior distri-
bution instead of a single precipitation value for each set of cloud top temperatures.
To achieve this, we make use of Quantile Regression Neural Networks (QRNNs), a
supervised machine learning approach. The two main questions asked are as fol-
lows: Can this deep learning method be used to improve upon algorithms currently
in operation? and Can spatial information be used to improve the retrieval? The
models are trained on GOES-16 IR data over Brazil with a precipitation product
from the GPM Core Observatory. Our results on held-out test data show that it is
possible to model the precipitation distribution using a QRNN. Additionally, a 20%
decrease in mean squared error and a 25% decrease in mean absolute error is ob-
served on the test data when using the spatially aware model, which illustrates the
general performance improvement by utilizing the spatial information. The QRNN
models also show promising results on an independent rain gauge dataset where
they are compared against the currently-in-operation Hydro-Estimator. Here our
most promising QRNN shows a 30% decrease in mean squared error compared to
the present model.

Keywords: quantile regression, neural networks, CNN, precipitation, GPM, GOES
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1
Introduction

Precipitation plays a crucial role in the global hydrological cycle, which is closely
tied to Earth's climate system. With global warming, the hydrological cycle is ex-
pected to intensify, likely bringing increased extreme precipitation and risk of �oods
(Tabari 2020). It is of great importance for understanding our weather and climate
that accurate and high resolution monitoring of precipitation is achieved on a global
scale. In particular, a good temporal resolution is needed for nowcasting applica-
tions as well as studying the diurnal cycle.

The traditional way of measuring precipitation is by catching it in rain gauges,
which provide point measurements at ground level locations. This is considered the
most accurate method, but it su�ers from low spatial coverage in a global perspec-
tive. Kidd et al. (2017) estimate that the broadest reaching available dataset of rain
gauges represent less that 1% of the Earth's surface, and that the gauges themselves
would cover less than half a soccer pitch if they where gathered up in the same place.

An alternative ground-based measuring technique is weather radars, that sample
larger volumes than the rain gauges. But this method comes with other issues,
such as blind spots cased by limitations in monitoring at higher altitudes and lower
accuracy since the measurements are based on the back-scattered echo of the radar
signal (Tapiador et al. 2012). The problem of sparsity in remote areas and over
the ocean is also present for this method, with the addition of error sources such as
beam blockage (Kidd et al. 2017).

The third option is satellite remote sensing, where instruments that can measure
electromagnetic radiation are put in Earth orbit. The sensors can either bepassive,
detecting natural energy re�ected by or emitted from the object observed, oractive,
sending out radiation and measuring the re�ected or back-scattered signal returning
from the target (NASA 2021b). Depending on its frequency, the radiation interacts
with di�erent particles in the atmosphere. Microwave radiation interacts only with
the largest particles which are precipitation, while radiation in the visible and IR
range interacts with the smaller cloud droplets, causing those signals to saturate
further up in the clouds. Basically, this means microwave radiation can �look� into
clouds, while the visible and IR radiation is constricted to capture cloud top bright-
ness temperatures. Geostationary satellites �y in high orbit and provide good spatial
and temporal coverage, but can only carry visible and IR sensors due to antenna size
constraints. We can have active and microwave sensors with reasonable resolution
on low-�ying satellites, however this limits their spatial and temporal coverage.
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1. Introduction

The question is thus: Is it possible to obtain high quality precipitation retrievals
from geostationary observations? Previous e�orts have been made, building upon
the general idea that cold cloud tops imply large vertical cloud development, which
in turn would indicate more precipitation.

While all models require some ground-based or low orbit observations as a refer-
ence, the execution di�ers between them. To generalize, there is on one hand the
more traditional methods that use regression and threshold rules to capture this
relation. To mention a few well known, there is the GOES Precipitation Index
(Arkin and Meisner 1987), the Convective-Stratiform Technique (Adler and Negri
1988), the Autoestimator (Vicente et al. 1998) and the GOES multispectral rainfall
algorithm (Ba and Gruber 2001). On the other hand there is the machine learning
approach, and especially Arti�cial Neural Networks (ANNs), that have been on the
rise in recent years due to their ability to capture non-linear relations in large data.
In this work we have studied the use of the latter, and this will be further introduced
in section 3.3.

Commonly in previous works, the models consider the retrieval problem as the task
of estimating a scalar quantity from the given observations, disregarding the under-
lying uncertainties in the prediction. In this thesis, we ask instead: Is it possible
to learn a mapping from the observations to aprobability distribution over possible
precipitation rates to account for those uncertainties?

In order to do this, we study the use of Quantile Regression Neural Network,
suggested for application to the general retrieval problem by Pfreundschuh et al.
(2018). This thesis was conducted in collaboration with the National Institute for
Space Research (INPE) in Brazil who have provided us with supplementary data
and guidance for studying the geographic region of Brazil. To build a dataset that
covers this region, we collect precipitation rate measurements from the GPM Core
Observatory, and IR input data from the GOES-16 geostationary satellite.

2



2
Data

The data collection and processing played a large role in this thesis, and this chapter
gives an introduction to the sources used (section 2.1) and a step-wise description
of the dataset construction (section 2.2).

2.1 Sources

This section presents an overview of the raw data: The input in section 2.1.1, the
ground truth in section 2.1.2 and an independent validation dataset consisting of rain
gauge measurements in section 2.1.3. The Hydro-Estimator (HE) is also included in
section 2.1.4 of this chapter since it was received as a precipitation product ready
to use from INPE.

2.1.1 GOES-16: Input data

GOES-16 is a weather satellite in geostationary orbit, that delivers high spatial and
temporal resolution measurements over the Western Hemisphere1. Figure 2.1 shows
the coverage of the GOES-16 satellite and an example image.

The main instrument on-board of the GOES-16 is the Advanced Baseline Imager
(ABI). It is a passive imaging radiometer with sixteen channels in the visible to IR
range designed to observe Earth's surface, atmosphere and cloud cover by measuring
emitted and re�ected radiation. The ABI can not measure precipitation directly,
but the high resolution and good coverage motivates making the e�ort of trying to
derive a prediction from its measurements. In this work, we limit ourselves to only
using IR bands to exclude the day and night di�erences in the visible radiation2.

2.1.2 GPM: Ground truth data

As ground truth precipitation rate we will use the 2BCMB product (Olson 2017),
which is derived by combining measurements from the Microwave Imager (GMI) and
the Dual-frequency Precipitation Radar (DPR). These sensors are found on-board of
the GPM Core Observatory, which is the main satellite in the Global Precipitation

1Temporal resolution of 5-15 minutes and spatial resolutions of 0.5, 1.0 or 2.0 km at nadir
(NOAA/NASA 2021).

2Also, channel 12 is discarded due to its main focus on ozone. Thus, the channels to be used
for this thesis are 8-11 and 13-16.
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2. Data

Figure 2.1: Left: GOES-16 satellite geostationary view of Earth. Right: Example
of geocolor image captured by the ABI instrument on-board of GOES-16 (image
source CIRA/NOAA, GOES Image Viewer(2021)).

Measurement (GPM) constellation. The combined precipitation product is devel-
oped to provide highly accurate measurements to be set as a reference standard for
other constellation sensors and hence improve measurements globally. This quality
makes it suitable as ground truth also for this task. Validation against the Global
Precipitation Climatology Project (GPCP) shows good agreement in the tropics and
midlatitudes (Grecu et al. 2016).

Figure 2.2: Earth in GOES-16 geostationary perspective (left) and in plate carrée
projection (right), both overlayed with one 2BCMB data swath.

The Core Observatory �ies at a 65 degrees inclination to the equator in a non-sun-
synchronous circular orbit which takes about 1.5 hours to complete. As the Earth
rotates, the GPM Core Observatory orbit is shifted and the surface is successively
covered by its swath. Figure 2.2 shows an example of a swath corresponding to one
2BCMB orbit granulate.
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2.1.3 Rain gauges: Reference data

A dataset of hourly rain gauge measurements from December 2020 provided by
INPE is to be used as an independent reference for evaluation. As opposed to the
training data, the rain gauges give a more direct measure in the sense that it cap-
tures rain that certainly has fallen rather than measuring it from a distance which
entails retrieval uncertainties. Thus, comparing our estimates to gauge data is a
way of checking how well the predictions correspond to 'real' rain.

The dataset consists of 609 rain gauges speci�ed by state, station ID, altitude,
longitude and latitude, each with a corresponding series of timestamps (date, hour)
with precipitation measurements (mm) aggregated over the previous hour. This is
in contrast to the GPM measurements which are instantaneous. Figure 2.3 shows
the spatial distribution of the gauges.

Figure 2.3: Map of rain gauge positions from the dataset over Brazil. Color legend
corresponding to �ve regions.

An issue with comparing the gauge data with the models that are to be trained
on the satellite data is the di�erence in resolution. Where the gauges measure pre-
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cipitation on a very local scale of a decimetre (Kidd et al. 2017), the models give
estimates for a few kilometre. This might have the e�ect that precipitation systems
on a scale smaller than the prediction resolution appear smeared in the estimates
that present a lower precipitation rate on the whole. In addition to this we have the
di�erence in temporal resolution as mentioned above.

Note also that missing values occurs quite frequently in the rain gauge dataset,
meaning that not all gauges have available data at all timestamps. A visualization
of this can be found in �gure A.1 in appendix.

2.1.4 HE: Baseline model

The Hydro-Estimator (HE) (Sco�eld and Kuligowski 2003) is an algorithm that pro-
duces precipitation estimates based on a single IR channel input from the GOES
satellite. The HE is a later version of the Auto-Estimator developed by Vicente
et al. (1998) at NOAA. The algorithm (NOAA 2012) was later adapted to South
America conditions and used at the CPTEC/INPE in Brazil. The core of the model
is a power-law expression that relates the measured brightness temperatures to pre-
cipitation rates, and the estimates are returned in a 4 km regular grid.

A technique called Histogram Matching (HM) was applied by Siqueira and Vila
(2019) to adjust the HE estimates to better match the observed precipitation rates
from the radar instruments onboard of GPM and the Tropical Rainfall Measuring
Mission (TRMM), a precursor of the GPM. Di�erent adjustment lookup tables are
available based on season and region. As for the rain gauges the estimates will be
taken for December 2020, and thus the adjustments for October to December. Also,
the regional adjustments (north, northeast, south, southeast, centre-west) will be
applied for the corresponding gauges.

2.2 Processing

This section deals with the accessing, pre-processing and matching of the raw data
that is performed in order to create the main dataset. IfC; H; and W represents
number of channels, height and width, then the end result of this section is a set
of input tensors of dimensionC � H � W containing the GOES channels data that
corresponds to a tensor of dimensionH � W with the GPM precipitation rate at
the same time and location.

2.2.1 Region

The aim is to retrieve precipitation over Brazil, thus a region enclosing the country
is de�ned that will act as an outer limit for data collection. For convenience, the
region is chosen as a square in the view of the GOES-16 satellite, since this is the
grid coordinate system of the input. Figure 2.4 shows the region in the GOES-16
satellite view (left) and on a plate carrée projection map (right).
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Figure 2.4: Visualization of the region of interest in two di�erent coordinate frames,
the GOES-16 satellite view of Earth (left) and in the plate carrée projection (right).

2.2.2 Time period

Since this dataset will be constructed based on data from two satellites, it is neces-
sary for both of them to be in orbit for the whole time period considered. Because
the GOES-16 was the last of the two to become operational, on December 18, 2017,
this will be used as start time. Both satellites are still active, and are thus constantly
capturing new data which makes it possible to extend the dataset later on, but for
the purpose of this thesis the period end date was set to March 31, 2021.

2.2.3 Selection

The GPM data �les are collected from an online archive. In order to only download
the relevant data, i.e. the granulates that actually contain data on Brazil, an online
tool called Earth Data Search (Earthdata Searchn.d.) is used. With this tool one
can �lter out granulates that have no part of its swath inside a speci�ed region. The
remaining granulates extracted intersect the polygon shown in �gure 2.5).

2.2.4 Resampling

Due to the di�erent coordinate systems of the GPM granulates and the region in
the GOES system, the former is to be resampled. This is done by the nearest
neighbour method. To account for the discrepancy between the spatial resolution
of the GOES data (2 km at nadir) and the GPM data (5 km� 5 km), the GOES
data is aggregated to have a resolution of 4 km at nadir before the resampling of
the GPM data. The region (see section 2.2.1) consists of 1024� 1024 pixels in this
grid.

2.2.5 Cropping

Once a subset of granulates is selected, it is to be further slimmed down by removing
the granulate parts outside of the region presented in section 2.2.1. Now that the
data is matched into the same coordinate system it is straightforward to crop to the
region. But, in order to reduce �le sizes and possibly improve temporal matching
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