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Abstract
More frequent and stronger flood hazards in the last two decades have caused
considerable environmental and socio-economic losses in many regions of the
Amazon basin. It is therefore critical to advance predictions for flood levels, with
adequate lead times, to provide more effective and earlier warnings to safeguard
lives and livelihoods. Water-level variations in large, low-lying, free-flowing river
systems in the Amazon basin, such as the Negro River, follow large-scale precipitation anomalies. This offers an opportunity to predict maximum water levels using observed antecedent rainfall. This study aims to investigate possible
improvements in the performance and extension of the lead time of existing
operational statistical forecasts for annual maximum water level of the Negro
River at Manaus, occurring between May and July. We develop forecast models
using multiple linear regression methods, to produce forecasts that can be issued
in March, February and January. Potential predictors include antecedent catchment rainfall and water levels, large-scale modes of climate variability and the
long-term linear trend in water levels. Our statistical models gain one month of
lead time against existing models for same skill level, but are only moderately
better than existing models at similar lead times. All models lose performance
at longer lead times, as expected. However, our forecast models can issue skilful
operational forecasts in March or earlier. We show the forecasts for the Negro
River maximum water level at Manaus for 2020 and 2021.
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INTRODUCTION

The Amazon is the largest river basin in the world, draining about one-sixth of global freshwater to the ocean (Callède et al., 2010). It is also one of the few remaining networks of free-flowing large rivers on Earth (Grill et al.,
2019). The Amazonian floodplains have been long settled
and used by indigenous populations, as the plains provide
essential ecosystem services and natural resources for agriculture, fishing, livestock rearing and forest management
for subsidence and trade (Junk et al., 2014). Most settlements and cities in the Amazon basin have been built along
the large rivers, which provide water for domestic use and
irrigation, an important network for transport and recently
are increasingly used for hydro-power production. Water
evaporated from the Amazon Basin provides freshwater to
other parts of South America through moisture transport
and eventual precipitation (Drumond et al., 2014).
Variations in the annual hydrological cycle over the
Amazon result from the complex dynamics of the climate system, at interannual (e.g. Xavier et al., 2010) or
decadal (e.g. Marengo, 2004) time scales. Variations in
rainfall patterns, and thus river discharge, are strongly
influenced by sea surface temperature (SST) anomalies
in either Equatorial Pacific (e.g. Jiménez-Muñoz et al.,
2016) or the tropical Atlantic (e.g. Espinoza et al., 2014),
or in both (e.g. Barichivich et al., 2018). The detailed processes that influence hydrological oscillations are summarized in Betts et al. (2009), Costa et al. (2009), Marengo
et al. (2009) and Nobre et al. (2009). Extreme droughts
and floods in the Amazon are caused by atmospheric circulation anomalies that drive deficient or excessive rainfall and late or early onsets of the rainy seasons (Espinoza
et al., 2014; Marengo et al., 2012, 2013). Over the last two
decades, the hydrograph amplitude of some Amazonian
rivers, between the wet and dry seasons, has increased significantly (Gloor et al., 2013), related to changes in climate
(Barichivich et al., 2018) and catchment land use (Dias
et al., 2015). Future projections suggest further increases in
mean and maximum river discharge for large river basins
in western Amazonia (Sorribas et al., 2016), however, with
large uncertainties related to regional variability and landuse changes.
Natural disasters have gained attention as one of the
main challenges global society faces. The 2030 Agenda
for Sustainable Development recognized the urgent need
for action and set objectives and targets aimed at disaster

risk reduction. Forecasting and early warning systems (e.g.
CPRM’s Negro River Flood Warning system for Manaus;
Maciel et al., 2020) are essential to generate and communicate information to effectively prepare for natural disasters, especially for managing high-risk regions (Pappenberger et al., 2015). Flood pulse is a naturally occurring
phenomenon for the Amazon rivers, which is important
for regional ecology (Junk et al., 2011) and supports the
local population’s socio-economic activities such as fisheries, forestry and transport (Langill and Abizaid, 2020).
However, extreme flood events in the Amazonian rivers
endanger human lives, properties and infrastructure (e.g.
transport and energy systems; Marengo and Espinoza,
2016). For example, the 2012 extreme flood event damaged
neighbourhoods, businesses, roads, bridges, ports etc., and
affected more than 29,000 people in Manaus (Marengo
et al., 2013). Floods also cost billions in damages to local
communities and the Brazilian government (Dolman et al.,
2018), lead to loss of lives and livelihoods and force people
to evacuate their residences (Schöngart and Junk, 2007).
In urban areas, floods increase disease risk, as people suffer prolonged exposure to water contaminated by sewage,
industrial and domestic waste due to the lack of basic sanitation and sewage treatment. In rural regions, severe flood
events cause losses of crops and livestock.
Recent extreme floods (2009, 2012, 2013, 2014, 2015, 2019
and 2021) have affected hundreds of thousands of people in urban and rural regions of the Amazon Basin,
who mostly live along large rivers or in the várzea floodplains (Junk et al., 2011), resulting in major social problems, economic losses and impacts on regional ecosystems (Gloor et al., 2015). Under-developed rural regions
(Marengo et al., 2013), increased rural–urban migration
(Guedes et al., 2009) and unplanned growth of urban areas
has led to deficient infrastructure, inadequate social and
health services, pollution, developments in flood hazard
areas (Santos et al., 2017; Dolman et al., 2018; Mansur et al.,
2018), which significantly exacerbate flood risk. Studies
have devised methods for flood probability and risk mapping for the Amazon region (Lima et al., 2015; de Andrade
et al., 2017). However, most towns in the Amazon Basin still
lack integrated flood risk management plans and effective
actions to assess the implications of the changes in risk and
develop disaster preparation, response, recovery and mitigation strategies (Dolman et al., 2018). The severe impacts
of recent extremes have revealed the need for timely, economically sustainable and socially acceptable actions, such
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as risk assessments, management of human settlements in
flood-prone areas and the introduction of early warning
systems. A skilful flood forecasting system, at seasonal lead
times, is an important component of the flood risk management actions to improve preparedness to extreme events.
Large Amazonian rivers tend to have annual, predictable high-amplitude flood pulses (Junk et al., 2011), due
to the seasonality of precipitation in their large catchments
(Salati and Marques, 1984). Most Amazonian floodplains
become inundated from January–March (Papa et al., 2010),
from which the water drains into the river systems slowly
over the following months (de Paiva et al., 2013). Most of
the rivers in the Amazon network reach flood levels during May–July and low levels during September–November,
with variations in the average timing of peak/low discharge across the Amazon basin (Junk et al., 2011). The
large drainage basins integrate precipitation variability;
the river valley topography and wetlands attenuate and
delay the flood wave. In the Central Amazon region, the
maximum water level coincides with the beginning of the
dry season, as the water needs 2–3 months to flow the several hundred kilometres from the headwaters to this region
(Schöngart and Junk, 2007). Thus, interannual variability
in the maximum water levels, in these free-flowing rivers,
results from rainfall variability over the catchment regions
in the months prior to the peak water level. Such regularity and temporal predictability enables statistical seasonal
forecast models to predict the magnitude of hydrological
peak water levels, which have high interannual variation
(Schöngart and Junk, 2007).
Rainfall over the Amazon region is modulated by the
South Atlantic Convergence Zone (e.g. Carvalho et al.,
2011), which in turn is modulated seasonally by largescale climate variability in the Atlantic (e.g. Yoon and
Zeng, 2010; Gloor et al., 2013) and Pacific (e.g. Fu et al.,
2001; Liebmann and Marengo, 2001). These teleconnections between large-scale modes of climate variability and
Amazonian rainfall ultimately influence Amazon river
discharge (Richey et al., 1989), and thus offer additional
potential predictability for Amazon basin terrestrial water
(De Linage et al., 2014). Studies such as Towner et al.
(2020) show that the floods in Amazon can be attributed to
large-scale coupled ocean–atmosphere modes of variability. Thus, statistical seasonal forecast models using stateof-the-art gridded rainfall datasets, in addition to other predictors such as the large-scale modes of variability, may
improve flood forecasts compared to existing forecasts.
Currently, the Brazilian Geological Survey (CPRM) uses
simple statistical models to forecast maximum water level
for the Negro River at Manaus (Figure 1a) at seasonal lead
times (earliest at end of March and latest at end of May;
Maciel et al., 2020). More complex dynamical hydrological
models, such as the Global Flood Awareness System

3

F I G U R E 1 (a) The Negro River and surrounding rivers (blue
lines) and catchment areas (regions bounded by black lines)
contributing to the river water level at Manaus (yellow circle; 3.14◦ S,
60.03◦ W), along with the elevation (shaded; m) of the region. As
demarcated in the figure: the Negro River basin is the northernmost
basin; the Solimões River basin is the central basin; and the Madeira
River basin is the southernmost basin. (b) Hydrograph climatology
(over 1903–2019 period) with daily mean (black solid line) and
standard deviation (hatched area), and maximum and minimum
(dashed lines) water levels (m) for the Negro River at Manaus over
the annual cycle along with the 29 m flood emergency threshold
(red dotted line)

(Emerton et al., 2018), provide daily river streamflow forecasts, but they are usually skilful at the subseasonal and
regional scales (Towner et al., 2019). Annual maximum
flood level is a more flood impact related variable than
streamflow, as flood events are extreme cases of maximum
water level; this is forecasted operationally by CPRM for
Manaus. Linear regression approaches have been used to
develop reliable operational forecasts of the maximum
water level for Manaus issued in March (Maciel et al., 2020;
Schöngart and Junk, 2007, 2020), further improved by

4

CHEVUTURI et al.

F I G U R E 2 Observed annual mean (black solid line), maxima (blue solid line), minima (red solid line) and amplitude (cyan bars) of
Negro River water level (m) for 1903–2019. Annual maximum, mean and minimum water levels use the left-hand axis; amplitude uses the
right-hand axis. Months (numbers) of occurrence for each year’s maximum and minimum are shown next to their respective peaks and
troughs. Amplitude does not have a value for 1903, as it is calculated as current year’s maximum minus the previous year’s minimum. The
thresholds for extreme flood (⩾29 m; blue dotted line), drought (⩽15 m; red dotted line) and amplitude (⩾13 m; cyan dotted line) are shown as
horizontal lines

integrating teleconnections from large-scale climate
parameters (Schöngart and Junk, 2020). However, existing
statistical models do not use antecedent catchment rainfall
as a predictor.
The main objective of this study is to develop and
evaluate statistical seasonal forecast models for annual
maximum water level for Negro River at Manaus, using
a multiple linear regression approach. We investigate the
possibility of improving existing statistical forecasts, using
observed antecedent rainfall as a predictor and leveraging
the teleconnections from large-scale modes of variability
represented by climate indices, to develop a model that
can be implemented operationally at the current earliest
forecast date (March; which is three months prior to the
average timing of the maximum water level around June;
Figure 1b). If this method is successful for Manaus, it
should be further tested to develop statistical forecast
models for other location in the Amazon basin. We also
examine the potential to extend the lead time by constructing models for forecasts issued in February or January.
Longer lead times (i.e. forecasts issued before March)
would allow additional preparation time for high-impact
floods that are likely to affect large regions (Lima et al.,
2015). Using the forecast models developed in this study,
an operational prediction service can be implemented for
Manaus by the local hydrological services.
The article is organized as follows: The data used are
introduced in Section 2; the relationships between annual
maximum water levels and the potential set of predictors are in Section 3; the approach for the statistical

model development is in Section 4; the model validation is
described in Section 5; and Section 6 concludes this study.

2

DATA

Capitania dos Portos (Port Authority) has measured the
daily Negro River water level (stage) at the Manaus harbour station (ID: 14990000) since September 1902 (Maciel
et al., 2020; Schöngart and Junk, 2007). The location of
Manaus (3.14◦ S, 60.03◦ W) and the associated river network
and catchments, along with the climatology of the annual
hydrological cycle of Negro River at Manaus is shown
in Figure 1. Figure 2 shows the interannual variability of
maximum, mean, minimum water levels, and the yearly
amplitude (current year maximum minus previous year
minimum); along with the years exceeding the thresholds
for severe flood (⩾29 m), extreme hydrological drought
(⩽15 m) and high annual amplitudes (⩾13 m). An emergency situation is declared by the government for water
levels at Manaus ⩾29 m. The annual maximum (peak)
water level is during May–July (MJJ; Figure 1b), with most
occurrences in June (Figure 2). In this study, we calculate
the historical (1903–2020) annual maximum water level,
from the daily data, which is our predictand.
The observed antecedent rainfall in the catchment
upstream of Manaus is an important potential source of
predictability for water levels. We use two rainfall datasets
to determine the observed lagged relationships between
catchment rainfall and the maximum water levels in
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Manaus: CHIRPS (Climate Hazards Group InfraRed Precipitation with Station) version 2.0 (Funk et al., 2015) at
0.05◦ resolution, available from 1981 to present; and GPCC
(Global Precipitation Climatology Centre) version 2018,
available from 1891 to 2016, and version 6 available from
2017 to 2019 (Schneider et al., 2017) at 1.0◦ resolution. Both
rainfall datasets have similar rainfall climatology and interannual variability for South America (not shown).
We consider the three basins of the Negro, Solimões and
Madeira Rivers (Figure 1a) as the upstream catchment for
the Negro River. The Negro and Solimões Rivers show similar annual cycles with average timing of annual maximum
water level in June (Schöngart and Junk, 2020) because
the water level in the Negro River at Manaus is strongly
influenced by the backwater effect from the Solimões River
(Meade et al., 1991), as the confluence of two rivers is very
close to Manaus. Although the hydrograph of the Madeira
River shows a maximum water level earlier than that for
the Negro River (Junk et al., 2011), it still influences the
water levels measured in Manaus; strong floods of the
Madeira River in 2014 caused severe floods in Manaus
due to the backwater effect (Schöngart and Junk, 2020).
The 2014 flood at Manaus was not caused by the backwater effect from the Solimões River, as the cities upstream
of Manaus on the banks of the Solimões River were not
affected by flood in that year.
Rainfall patterns in the Amazon region are substantially
influenced by SST anomalies in the Equatorial Pacific and
the tropical Atlantic (see Section 1). These teleconnections
offer additional sources of predictability for Amazon Basin
water levels. As the water-level data are available from
1903 onward, we use three indices of large-scale climate
variability, available over the same period. The Southern
Oscillation Index (SOI) is a meteorological index based
on the difference in atmospheric pressure between Darwin (Australia) and Tahiti in the Pacific Ocean, available
from 1876 (Ropelewski and Jones, 1987). The SOI is one
of the indices which measures the large-scale fluctuations
over the tropical Pacific, and thus the conditions associated with the El Niño–Southern Oscillation (ENSO). The
Interdecadal Pacific Oscillation (IPO) index can be identified using the tripole index (Henley et al., 2015), which
is based on the difference between the SST anomalies
over the central equatorial, the Northwest and the Southwest Pacific. As the name suggests, the IPO describes the
multi-decadal climate variability over the Pacific Basin; its
phases may persist for 20–30 years. The IPO index is calculated with SSTs from ERSST version 5 and is available
from 1854. The Atlantic Multidecadal Oscillation (AMO)
index is calculated from the detrended weighted average
of the North Atlantic SSTs (Enfield et al., 2001). The AMO
index describes the natural variability of the North Atlantic
Ocean and has a period of 60–80 years. The AMO dataset
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is calculated from Kaplan SST dataset and is available from
1856 onwards.
CPRM has issued forecasts for Manaus in March
(CPRM-March), April (CPRM-April) and May (CPRMMay) since 1989 (Maciel et al., 2020). The CPRM models
are based on the simple linear regression of historical
annual maximum water level against the water levels for
the last day of the month in which the forecast is issued
(Level_31Mar, Level_30Apr, Level_31May, respectively).
Another seasonal forecasting model for Manaus was developed collaboratively by Instituto Nacional de Pesquisas da
Amazonia (INPA) and Max-Planck Society (Schöngart and
Junk, 2007). This model uses multiple linear regressions
of maximum water level against historic mean water level
in February and the SOI of February to forecast annual
maximum water level issued in March. This model was
updated (INPA-March) to forecast annual maximum
water levels using Niño3.4 SST anomalies for December–
February (Niño3.4_DJF), the SOI for November–January
(SOI_NDJ), the Pacific decadal oscillation for February
(PDO_Feb), the previous year’s minimum water level
(Pmin) and the 7 March water level (Level_7Mar) at
Manaus (Schöngart and Junk, 2020). It is important to
note that the CPRM forecasts are issued at the end of the
month of the forecast (March, April and May), whereas
the INPA forecasts are issued by the first week of March.
We evaluate the forecasts from the statistical models
developed in this study against the existing CPRM (March,
April and May) and INPA (March) forecasts. This allows
us to not only compare the performance of the models,
we develop for Manaus, against the operational forecasts,
but it also allows us to evaluate our method. We also
evaluated our models against benchmark persistence and
climatological forecasts, calculated as the previous years’
observed maximum water level and climatological mean
of maximum water level from 1903 up to the previous year,
respectively.

3

POTENTIAL PREDICTORS

In this section, we discuss the lagged relationship between
annual maximum water level at Manaus and a set of potential predictors, including antecedent catchment rainfall,
antecedent water level at Manaus and large-scale modes
of climate variability. This discussion will identify the predictors that can be used to forecast maximum water level
at Manaus using the multiple linear regression method.
First, we determine the observed lagged relationships
between catchment rainfall and the maximum water level
in Manaus, using gridded rainfall datasets, which will
establish the typical delay between rainfall and peak waterlevel season. To identify the most useful areas of the
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F I G U R E 3 Correlation coefficient (shaded) between annual maximum water level and antecedent CHIRPS rainfall at each grid point
from the previous year’s (a) November and (b) December and the current year’s (c) January, (d) February and (e) March over 1982–2019.
Stippling shows regions with correlations significant at the 5% level. Similar to (a–e), (f–j) is with antecedent GPCC rainfall over 1904–2019,
(k–o) is with CHIRPS rainfall for negative IPO phases only, (p–t) is with CHIRPS rainfall for neutral IPO phases only and (u–y) is with
CHIRPS rainfall for positive IPO phases only. The regions bounded by blue lines shows the basins for the Negro, Solimões and Madeira Rivers

catchment for water-level prediction, we correlate monthly
rainfall (from CHIRPS and GPCC) at each grid point for
the months preceding the peak water-level season with
the maximum water level (Figure 3a–j). The regions with
positive and statistically significant correlations (at the 5%
level) include the upstream basin areas of the three river
basins (Negro, Solimões and Madeira). Although the Manaus station measures the water level for Negro River, the

water level itself is influenced by the water level from
nearby rivers (pre-dominantly Solimões, and to a lesser
extent Madeira) in the network (see Section 2).
We define rainfall masks to create area-mean rainfall
based on the correlation maps (Figure 3). The rainfall
masks are grid points within the three basins at which
the correlation between rainfall and maximum water level
is positive and statistically significant at the 5% level
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F I G U R E 4 Correlation coefficient (shaded) between the annual maximum water level at Manaus and indices from large-scale models of
climate variability (SOI, IPO, AMO); monthly mean water level at Manaus (Level); monthly mean rainfall (CHIRPS-NoMask, GPCC-NoMask,
CHIRPS-Mask, CHIRPS-IPO, GPCC-IPO) for all the months in the previous year and January to March in the current year, and for the NDJF,
NDJ and ND season-mean (ND from the previous year and JF from the current year; labels are shown in red). CHIRPS-NoMask and
GPCC-NoMask are rainfall averaged over all three catchment regions from Figure 1a; CHIRPS-Mask and GPCC-Mask are rainfall averaged
over the ‘unconditional’ masks from Figure 3a–j; CHIRPS-IPO and GPCC-IPO are rainfall averaged over the IPO-conditioned masks from
Figure 3k–y. The correlations are calculated over the period of 1904–2019 for all indices, except for the CHIRPS indices, which are calculated
over 1982–2019. Correlations statistically significant at the 5% level are designated with a ‘x’ sign

(stippled regions within the basin boundaries in Figure 3).
The rainfall masks are computed for each month of the preceding year and from January to March for the current year
(15 months; only five months shown in Figure 3). Correlations between regional-mean CHIRPS or GPCC rainfall
over the masked regions (CHIRPS-Mask and GPCC-Mask)
against the maximum water level, for each of the 15 months
are higher than correlations for the ‘non-masked’ areamean rainfall of the three catchment regions (CHIRPSNoMask and GPCC-NoMask), as expected (Figure 4). The
rainfall, from both CHIRPS and GPCC, in November–
February (NDJF), preceding the flood season (MJJ), is
strongly related to the maximum water level. Thus we use
the masked rainfall over NDJF (Rain_NDJF) as one of the
input predictors. We obtained similar masks and correlations when we used a 10% significance level.
Historical water levels at Manaus are input variables
for the existing INPA and CPRM forecast models (Schöngart and Junk, 2007), with CPRM models only using
water levels in their simple regression models. Thus,
antecedent water level can be an important predictor for
any statistical model forecasting maximum water level. As
with antecedent rainfall, we compare the monthly-mean
water level (Level) at Manaus against maximum water
level for the same 15 months (Figure 4). The monthly
(December–March) and seasonal-mean water levels for

NDJF (Level_NDJF) have statistically significant correlations with the maximum water level, thus we retain
Level_NDJF as a potential predictor for the forecast model.
Although the previous year’s minimum water level (Pmin)
at Manaus is not significantly correlated with the maximum water level (r = −0.05 over 1904–2019), Schöngart
and Junk (2020) found that this variable is an important
predictor for their model, and thus we include Pmin as a
potential predictor.
The annual average and maximum water level at Manaus show increasing linear trends (Figure 2). Marengo and
Espinoza (2016) discuss in detail the seasonal floods and
droughts in the Amazon region. The significant increase
in very severe floods over the Amazon region is characterized by the significant increase of maximum water levels
over recent decades (e.g. Barichivich et al., 2018; Schöngart
and Junk, 2020), which has been linked to an intensified
hydrological cycle (e.g. Gloor et al., 2013) due to a stronger
Walker circulation associated with warming of the tropical Atlantic and cooling over the east tropical Pacific (e.g.
Barichivich et al., 2018; Wang et al., 2018). The increasing
trend in the extreme flood events suggests that the linear
trend of maximum water levels may also play an important role in forecasting maximum water level at Manaus.
Thus, we also consider the year of the forecast (Year) as a
potential predictor for our forecast models.
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Pacific Ocean indices have successfully been used for
forecasting maximum water levels at Manaus by INPA
(Schöngart and Junk, 2007, 2020). The two Pacific Ocean
indices (SOI and IPO) show strong correlations against
the annual maximum water level from July of the previous year to April of the current year, but with opposite signs (Figure 4). The SOI index correlation with maximum water levels indicates the well-known relationship
of severe floods during La Niña years and lower maximum
water level in El Niño years (Marengo and Espinoza, 2016).
We use the seasonal-mean (NDJF) indices for SOI and IPO
as input predictors as they show strong correlations with
maximum water level. The Atlantic Ocean index (AMO)
does not show a strong relationship with the maximum
water level at seasonal timescale (NDJF). A case study of
2014 flood event at Manaus, influenced by the backwater effect from the Madeira River, has been attributed to
the anomalous moisture transport over the Amazon basin
from the Atlantic, with variability in Atlantic SST gradients
as the main driver (Espinoza et al., 2014). Further, Atlantic
SSTs have strong impacts on the annual minimum water
level in Manaus (Schöngart and Junk, 2020). Thus, we use
the AMO index as a potential predictor.
We use season-mean (NDJF) predictors of antecedent
rainfall, water level and large-scale indices, for developing
a model that can issue forecasts in March. To extend the
forecast lead time, by constructing models that could operationally issue forecasts in February or January, we can
only use seasonal-mean predictors for November–January
(NDJ) or November–December (ND), respectively. The
sign of the correlations between maximum water level and
different seasonal-mean predictors (NDJF, NDJ and ND)
remain the same, but the correlations weaken from NDJF
to NDJ to ND in all predictors (Figure 4).

4

MODEL DEVELOPMENT

To forecast maximum water level at Manaus, we use a multiple linear regression approach, through testing combination of potential predictors, as in Schöngart and Junk
(2007, 2020). Figure 5 shows a schematic for the model
development process. We first identify a subset of the
predictors described in Section 3 by different screening
regression approaches, to find the best fit for the training period, using the ordinary least-squares method. Using
this method, we derive the multiple linear regression equation (or the forecast model) for a specific subset of predictors. We then validate our forecast models against the existing operational forecasts.
We use the multiple linear regression method to develop
the equation for the predictand (or dependent variable,
i.e. annual maximum water level) using the predictors

FIGURE 5
process

Schematic showing the model development

(or independent variables). From the initial seven potential predictors, we filter a subset of predictors which provide the best fit (through ordinary least squares method)
with the observed data during the training period, using
screening regression approaches (forward selection and
backward elimination). The forward selection chooses the
potential predictors based on the strength of their linear
relationships to the predictand. For each iteration, we test
adding new potential predictors, and select the one that
provides the best possible fit over the training period. Backward elimination starts with the best possible fit using
all potential predictors, then removes one potential predictor each iteration to find the best combination of the
fewest possible potential predictors. The best fit in both
approaches is chosen on the basis of the highest adjusted
coefficient of determination (Adj-R2 ) and the lowest mean
squared error (MSE) over the training period. We consider
Adj-R2 rather than coefficient of determination (R2 ), as R2
always increases as more predictors are added, but AdjR2 only increases if a new predictor improves the model
by more than that would be expected by random chance.
The MSE is the sum of the squared errors divided by the
residual degrees of freedom (sample size minus number
of parameters minus 1). For assessing the models’ performance over the validation period (2005–2019), we use the
Pearson correlation coefficient (CC) and root mean square
error (RMSE) metrics.
Antecedent catchment rainfall is one of the most important predictors for maximum water level at Manaus, which
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has not been used directly in existing operational forecasts.
CHIRPS and GPCC masked rainfall for NDJF account for
approximately 81% and 76% variability in the annual maximum water levels, respectively, for the common period
of 1981–2019. The GPCC dataset is available from 1891
onwards, which provides a long training period for our
model, but as the dataset is often updated with a lag of
a month or more, it cannot be used for real-time forecasting. However, CHIRPS is available in near-real-time
(with approximately two-week lag), but is available only
from 1981 onwards, which provides a much shorter training period. As CHIRPS and GPCC rainfall are highly correlated, we train our models with GPCC masked rainfall
for the training period of 1904–2004, then validated our
models using CHIRPS masked rainfall for 2005–2019. We
use standardized seasonal-mean masked rainfall for both
datasets, to minimize the differences between datasets.
Our tests show that the standardization of input rainfall
does not change the CC between forecast and observed, but
reduces the RMSE of our forecast by ≈0.20 m.
While developing the rainfall based statistical models,
we performed sensitivity tests on the potential set of predictors and on our methods, to find the optimal approach.
For brevity, we briefly discuss, but do not show, the different approaches we tested before finding the method discussed in this section. The performance of our forecast
models was slightly poorer (but not significantly different)
when considering rainfall masks calculated at 10% significance level, or when using masks computed for seasonal
rainfall instead of for monthly rainfall. We also tested standardizing rainfall at grid point level, instead of standardizing the area-mean rainfall. We found that although the CC
does not change, over the validation period, the grid point
standardizing approach had substantially higher errors.

4.1

Forecasts issued in March

Operationally, the earliest current forecast for annual maximum flood levels at Manaus is issued in March. Thus,
we first focus on developing a multiple regression model
that can also be issued in March. Figure 4 shows that
most of the NDJF seasonal-mean indices show slightly
stronger correlations against maximum water level than
individual monthly-mean indices (see Section 3). Thus, we
use the seasonal-mean (NDJF) indices as input predictors
for our March forecast models, which thus, can provide
real-time forecasts by mid-March. For our initial pool of
potential predictors we consider the standardized NDJFmean antecedent masked rainfall (Rain_NDJF, GPCC in
the training period), water level (Level_NDJF) and largescale teleconnection indices (SOI_NDJF, IPO_NDJF and
AMO_NDJF), along with previous year’s minimum water
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level (Pmin) and the linear trend (Year). Please see Section 3 for the details about the potential predictor indices.
Rain_NDJF is the most important predictor for the maximum water level at Manaus. This is because in freeflowing river systems, such as the Negro River, the water
levels are a consequence of the integrated precipitation
anomalies over the large-scale catchment area (Junk et al.,
2011). The best fit model for the training period (1904–
2004) uses four predictors: GPCC_NDJF, Pmin, Year and
AMO_NDJF and has Adj-R2 of 0.53 (Figure 6a). The equation generated using these predictors is our first March
forecast model, named Rain-March. During the early years
of training period (up to 1930) there is underfitting of
the model, but after 1930, the calibration fit of the model
improves, which may be related to the sparse observations.
We test the same model for forecasting maximum water
level for the validation period (2005–2019), but now using
standardized NDJF-mean CHIRPS masked rainfall instead
of GPCC (Figure 7). Forecasting using CHIRPS masked
rainfall shows improved forecasts (CC = 0.93, RMSE =
0.36) against those using GPCC masked rainfall (CC = 0.87,
RMSE = 0.56) over the validation period.
Including the linear trend (Year) does not influence the
CC of the forecast during the validation period, but significantly reduces RMSE, which is associated with increasing
maximum water levels in the Negro River in recent years
(Barichivich et al., 2018). The AMO is included as a predictor, despite having a weak correlation against flood levels,
but not SOI or IPO, which have stronger correlations (Figure 4). SOI and IPO also show stronger correlations than
AMO with rainfall over the Amazon region (Flantua et al.,
2016). The updated INPA model, which does not use rainfall as input, includes Pacific SST indices as input predictors (Schöngart and Junk, 2020). This may suggest that the
influence of SOI and IPO in the current model is included
through the antecedent rainfall over the masked regions
itself; further including SOI and IPO as a further predictor
does not add additional value to the forecast model.
We examine the spread of the residuals from the training
period against the standardized predictors (GPCC_NDJF,
AMO and Pmin). We find that the forecast errors, during the training period, are less sensitive (smaller standard
deviation) to predictors when the predictors’ standardized
values are close to 0 (not shown). This suggests that positive or negative extremes of the predictors have large influences on the predictand (maximum water level). Forecast uncertainty of the model is calculated based on the
empirical distribution of residuals in the training period
(as in Lee et al., 2015); the error bars are calculated as
the mean of the residuals over the validation period (as in
Schöngart and Junk, 2020). Residuals for the Rain-March
model are normally distributed, except for in 1912 and 1926
(Figure 6b), which were years of severe drought and low
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F I G U R E 6 (a) Observed (black solid line) and the best fit or calibration (coloured lines) of annual maximum water level (m) for Manaus
over the training period (1904–2004) for our four models: Rain-March (blue dashed line), RIPO-March (cyan dashed line), Rain-February (red
dotted line) and Rain-January (magenta dotted line). The adjusted-R2 (Adj-R2 ) and mean square error (MSE) over the training period for each
model is provided in the legend. (b) Probability (%) distribution of the residuals (m; model minus observed) for the same best fit models
(coloured lines) as in (a) over the training period (1904–2004)

F I G U R E 7 Observed (black solid line) and statistical forecasts (coloured lines) of annual maximum water level (m) for Manaus over the
validation period of 2005–2019. Statistical forecasts are the CHIRPS rainfall-based March forecast (Rain-March; blue dashed line),
IPO-conditioned CHIRPS rainfall-based March forecast (RIPO-March; cyan dashed line), CHIRPS rainfall-based February forecast
(Rain-February; red dashed line), CHIRPS rainfall-based January forecast (Rain-January; magenta dashed line), the operational CPRM March
forecast (CPRM-March; brown dotted line), CPRM April forecast (CPRM-April; maroon dotted line), CPRM May forecast (CPRM-May;
orange dotted line) and the INPA March forecast (INPA-March; green dotted line). Rain-March forecast mean error over the validation period
are shown as error bars (blue). The grey shading shows the forecast uncertainty of the Rain-March model; 5th –95th percentile spread (light
grey shading), 15th –85th percentile spread (grey shading) and 25th –75th percentile spread (dark grey shading)

flood levels (Figure 6a) associated with strong El Niño
events (Marengo and Espinoza, 2016) and to some extent
by Atlantic forcing (Williams et al., 2005). The original
INPA model also failed to predict the maximum water
level of Negro River for 1926 (Schöngart and Junk, 2007).
Using the residuals from all years including 1912 and 1926
generates an error spread (5th –95th percentile) of almost
±2 m above and below the forecast for the validation period
(not shown), which is not representative of forecast performance in most years. Thus, we remove the years 1912 and
1926 and then calculate the empirical distribution of resid-

uals to show the forecast uncertainty of the Rain-March
model for the validation period (Figure 7).

4.2

Using conditional rainfall masks

As discussed in Section 1, the rainfall over the Amazon
basin and thus Amazon river water levels are influenced by
large-scale coupled ocean–atmosphere modes of climate
variability. Seasonal forecasts show improved skill during
certain phases of large-scale modes of climate variability
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(ENSO) over tropical regions of South America (Coelho
et al., 2006). Based on this, we evaluate if rainfall–water
level correlations for different phases of the large-scale climate indices (AMO, SOI and IPO), can improve forecasts
of maximum water level at the same lead-time (March). In
Figure 3k–y, we show lagged correlations between CHIRPS
rainfall and maximum water level at Manaus for different IPO phases. The IPO phases are identified by quartiles: the upper quartile as positive IPO, the lower quartile
as negative IPO and the middle two quartiles as neutral
IPO. Our results are not sensitive to defining the phases
of IPO by terciles instead of quartiles (not shown). Using
these lagged correlations, we create rainfall masks for
each phase of IPO (Figure 3k–y) and use those to analyse the relationship between ‘IPO-conditioned’ masked
regional-mean rainfall (CHIRPS-IPO and GPCC-IPO) and
annual maximum water levels (Figure 4). Although the
IPO-conditional masked seasonal-mean rainfall has high
correlation with water levels, some months have few or
no grid points with statistically significant correlations at
the 5% level, which leads to a very small masked area (Figure 3k–y). Due to the small extent of the IPO-conditioned
mask, there may be concerns about the stability of our forecast model. Despite this, we present our results of using
the IPO-conditioned regional-mean rainfall as an alternate
method to forecast water level at Manaus, as it seems to
perform better than the model developed using unconditional rainfall masks. We discuss the implication of the
IPO-conditioned forecasts in Section 5.
To develop the model with IPO-conditioned regionalmean rainfall as input, we use the same method as for
the Rain-March model, but instead of using ‘unconditional’ rainfall masks (Figure 3a–j), we use ‘IPO phaseconditioned’ rainfall masks (Figure 3k–y) to calculate
the seasonal-mean rainfall (RIPO_NDJF) as one of the
potential predictors. The best fit model (named RIPOMarch) over the training period uses RIPO_NDJF, Year
and IPO_NDJF as predictors. The largest contribution
to prediction of variability comes from the IPO phaseconditioned standardized rainfall (RIPO_NDJF). Compared to Rain-March, RIPO-March model has improved fit
for the training period, especially for the extreme drought
years of 1912 and 1926 (Figure 6a). We also developed
statistical models based on SOI- and AMO-conditioned
rainfall masks. The best of these ‘conditional’ (SOI and
AMO) models are not significantly better than our original ‘unconditional’ (Rain-March) model.

4.3

Extending forecast lead times

To increase the lead time of the forecasts, we develop
two statistical models for issuing forecasts of annual max-
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imum water level in February (Rain-February) and January (Rain-January). We use the same method as for the
Rain-March model, but we use November–January mean
potential predictors (Rain_NDJ, Level_NDJ, SOI_NDJ,
IPO_NDJ and AMO_NDJ) for the Rain-February model,
and November–December mean (Rain_ND, Level_ND,
SOI_ND, IPO_ND and AMO_ND) for the Rain-January
model. We also include Pmin and Year as other potential predictors for both models. Rainfall, mean water level
and large-scale indices have statistically significant correlations with maximum water level for NDJ-mean and
ND-mean, but with lower magnitude than for NDJF-mean
(Figure 4, Section 3). We do not use months before November for the potential predictors for forecasts issued in
February and January, as the forecasts do not gain any
additional performance. We find that both models have a
good fit with the same subset of predictors as Rain-March
model (February: Adj-R2 = 0.44, MSE = 0.97; January: AdjR2 = 0.39, MSE = 1.05). But Rain-February has the best fit
with the combination of Rain_NDJ, AMO_NDJ and Year;
Rain-January has the best fit with Rain_ND, AMO_ND
and Pmin (Figure 6a). As expected, the statistical models
with longer lead times have a poorer fit than models at
shorter lead times (Figure 6a). We discuss forecast model
performance further in Section 5.

5

MODEL VALIDATION

In this section we validate the forecasts from the four statistical forecast models (Rain-March, RIPO-March, RainFebruary and Rain-January) developed in this study (see
Section 4) and compare them against existing statistical forecasts (CPRM-March, CPRM-April, CPRM-May and
INPA-March). As discussed before, the CPRM forecasts are
issued at the end of the month, the INPA forecasts by the
first week of March; our rainfall-based forecasts can be
issued by the middle of the month (see Sections 2 and 3).
For the validation period, all of the observed values fall
within the 5th –95th percentile uncertainty bounds of RainMarch forecasts (Figure 7). The forecast uncertainty of the
Rain-March model mostly covers the observed flood levels
within the 25th –75th percentile uncertainty bounds, except
for 2012 and 2015. For 2015, CPRM-March model has lower
error. The INPA-March model exactly forecasts the 2012
observed value. Error bars for Rain-March forecasts are
narrower than the uncertainty bounds, as they are calculated over the validation period, but still cover the observed
values for most years. The IPO-conditioned forecast model
(RIPO-March) outperforms all the other models for most
years (Figure 7). For March forecasts, both the statistical
models using rainfall (Rain-March and RIPO-March)
have higher CC and lower RMSE than the existing
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Comparison of statistical forecasts for annual maximum water level at Manaus over the validation period of 2005–2019

Forecast
model

Model predictors

CC

CC
uncertainty

RMSE

RMSE
uncertainty

Forecast 2020
(Bias)

Forecast 2021
(Bias)

CPRM-May

Level_31May

0.97

0.95–0.99

0.17

0.12–0.22

28.60 (+0.08)

30.00 (−0.02)

CPRM-April

Level_30Apr

0.91

0.80–0.97

0.38

0.30–0.45

28.25 (−0.27)

30.00 (−0.02)

CPRM-March

Level_31Mar

0.87

0.71–0.95

0.48

0.41–0.55

28.30 (−0.22)

29.45 (−0.57)

INPA-March

Niño3.4_DJF,
SOI_NDJ,
PDO_Feb, Pmin,
Level_7Mar

0.88

0.69–0.96

0.39

0.27–0.50

28.48 (−0.04)

29.51 (−0.51)

Rain-March

Rain_NDJF, Year,
Pmin, AMO_NDJF

0.93

0.83–0.97

0.36

0.26–0.44

28.45 (−0.07)

29.38 (−0.64)

RIPO-March

Rain_NDJF, Year,
IPO_NDJF

0.96

0.90–0.98

0.29

0.22–0.36

28.52 (0.00)

29.11 (−0.91)

Rain-February

Rain_NDJ, Year,
AMO_NDJ

0.86

0.66–0.94

0.43

0.29–0.55

28.84 (+0.32)

29.45 (−0.57)

Rain-January

Rain_ND, Year, Pmin

0.81

0.56–0.93

0.51

0.33–0.66

29.37 (+0.85)

29.06 (−0.96)

Note: The forecasts compared are CPRM forecasts issued in May (CPRM-May), April (CPRM-April) and March (CPRM-March), INPA forecast issued in March
(INPA-March) and rainfall-based forecasts issued in March (Rain-March), February (Rain-February) and January (Rain-January) and IPO-conditioned rainfallbased forecast issued in March (RIPO-March). The forecasts are compared using correlation coefficient (CC) and its 5th –95th percentile (CC uncertainty range)
and root mean square error (RMSE) and its 5th –95th percentile (RMSE uncertainty range). The models’ operational forecasts and biases for the years 2020 and 2021
are also shown. Observed maximum water level at Manaus for 2020 was 28.52 m and for 2021 was 30.02 m.

CPRM-March and INPA-March forecasts (Table 1). Forecasts and bias for the year 2020 also paint a similar
picture (Table 1), where RIPO-March has the exactly the
correct forecast, whereas INPA-March and Rain-March
also show lower biases than CPRM-March. Although the
RIPO-March model offers the highest performance, the
small number of grid points included in the rainfall mask
(Figure 3k–y) raises concerns about the stability of the
model. This may be seen in the year 2021, which was an
extreme flood year, for which the RIPO-March model has
a relatively high bias. The small number of grid points in
the IPO-conditioned mask may cause the rainfall input
for RIPO-March model to poorly represent catchment
rainfall or have artificially high variability, which may
lead to very poor forecasts in some years. Due to this
uncertainty, the model based on IPO-conditioned rainfall
cannot be recommended for operational use without
further scientific analysis.
The statistical models with longer lead times (RainFebruary and Rain-January) have lower performance
and higher errors (Table 1). We also see a similar leadtime dependent loss in performance in CPRM forecasts
(CPRM-May to CPRM-March). The Rain-March and
RIPO-March models perform better than the CPRM
forecast in April, but the difference is small. We also
compared our models against benchmark persistence and
climatological forecasts (see Section 2) by calculating their
performance metrics (CC and RMSE) over the validation
period (2005–2019). Our models perform significantly

better than the persistence (CC = −0.2, RMSE = 1.16) and
climatological (CC = 0.09, RMSE = 1.26) forecasts.
To compare the models’ performance fairly, we calculate distributions of model performance metrics (CC and
RMSE), using a bootstrapping approach, by randomly generating 10,000 samples, from the validation years, with
replacement. We show the 5th –95th percentiles of the distributions generated from bootstrapping (Table 1). The distributions of the CC are positively skewed, with overlaps
in the confidence intervals from different forecasts. The
performance of the rainfall-based models in March (RainMarch and RIPO-March) is similar to that of the CPRMApril model; the performance of Rain-February model is
similar to that of the INPA-March and CPRM-March models. We say similar performance, with high confidence,
only when at least 95% of the CC and RMSE distributions
of one model falls within the 5th –95th percentiles ranges of
another model’s CC and RMSE. Thus, we can say with high
confidence that our rainfall-based models gain a month of
lead-time against the existing models, for similar forecast
performance. There is also an overlap in the confidence
intervals for CC for Rain-March against existing March
models (CPRM-March and INPA-March) at the same leadtime, but only part (less than 75%) of the distributions overlap. This provides us with only moderate confidence that
the rainfall-based models improve on the existing models at the same lead time. It should be noted that even at
same lead-time there is a couple of weeks of difference
in the actual forecasting dates between the CPRM and
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rainfall-based models. The overlap between the distributions for the uncertainty range in RMSE is relatively lower
than that in CC, which suggests that there is higher confidence for the result that the rainfall-based models have
lower errors than the existing models at similar lead times.
The CPRM-May model outperforms all other models,
with only less than 40% of the distribution overlapping
between the CC uncertainty range of Rain-March. RIPOMarch has larger overlap (greater than 75%) with CC
uncertainty range of CPRM-May. It should be noted that
CPRM-May forecasts are issued on 31 May, as they use
water level for 31 May (Level_31May) as the predictor. As
the CPRM-May forecasts are issued very close to the time
of the actual flood, they are thus of less value for large-scale
anticipatory action and disaster preparation.
The existing operational models and the models developed in this study are relatively simple, but they can suffer from errors related to uncertainty of the linear relationships and predictors they rely on (Coe et al., 2002; Paiva
et al., 2012). There is uncertainty associated with the largescale climate indices, for example the SOI index correlation with ENSO is lower before 1950 than after, which
may be due errors in datasets and/or changes in their relationship (Bunge and Clarke, 2009). There is also considerable observational uncertainty in Amazonian rainfall (e.g.
Costa and Foley, 1998), but recent satellite-based products
have improved the representation of hydrological cycle
over the Amazon region (e.g. Chen et al., 2009). Dynamical
hydrological forecasting models have shown that meteorological input controls the accuracy of maximum river flow
(Towner et al., 2019) and using rainfall as input provides
skilful runoff forecasts (e.g. Zubieta et al., 2015). Thus,
antecedent rainfall offer an opportunity to develop skilful
seasonal statistical forecasts for water levels of free-flowing
rivers. Further, the models developed in this study benefit from the long training period and use of a different
dataset during the validation period, which avoids overfitting of the model and makes it more robust. However, nonstationarity of relationships between predictors and maximum water level strongly influences the statistical model
forecasts. This non-stationarity may be caused by changes
in the climate, land cover, land use or even the largescale ocean–atmosphere teleconnections (e.g. Lima et al.,
2015).

6

SUMMARY AND CONCLUSIONS

Extreme overbank flooding of the Amazon River and its
tributaries can cause considerable socio-economic losses
in tropical Brazil, which is relatively less developed and
highly vulnerable to floods. It is therefore critical to
advance the prediction of high water levels in the Ama-
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zon, to provide more effective and earlier warnings of
impending disasters to safeguard lives and livelihoods.
The Amazon basin hydrology and topography, with its
extensive river network and wetlands, provides a natural
delay between the seasonal rainfall and river water levels.
Thus, the Amazonian rivers present a regular hydrological
annual cycle. The hydrographs of low-lying large rivers in
the Amazon basin present a single annual flood event that
lasts for weeks to months. This regular monomodal floodpulse offers an opportunity to predict the peak water level
of the free-flowing river systems, months in advance, using
the antecedent catchment rainfall.
This study develops and validates statistical forecast
models for the annual maximum water level of the Negro
River at Manaus, with improved performance compared
to existing models, at the current earliest operational lead
time (March) or longer (February and January). A set of
potential predictors are identified that strongly influence
the water levels of the Negro River, including catchment
rainfall, large-scale teleconnection indices, the long-term
linear trend of water level and antecedent water levels.
We use observed gridded rainfall datasets (GPCC and
CHIRPS) to identify catchment rainfall based on ‘unconditional’ and ‘conditional’ masks. Using multiple linear
regression methods and screening regression approaches,
we identify the best fit model over the training period
(1904–2004) and validate and compare the models against
existing forecasts over 2005–2019.
Using the method summarized above, we develop four
statistical forecast models that have antecedent rainfall as
the most important predictor. The forecast models provide real-time forecasts, based on masked rainfall calculated from regions with high correlations with the maximum water level at Manaus. We develop three models,
increasing in lead time from March to February to January,
which use the ‘unconditional’ rainfall masks, and another
model for forecasts issued in March, which uses the IPOconditioned rainfall masks. As expected, the models lose
performance with increasing lead times. Our results show,
with high confidence (at the 95% level), that the rainfallbased models gain a month of lead-time against the existing models, for similar forecast performance. Our March
models also improve against existing models at the same
lead time, but with moderate confidence (at the 75% level).
None of the rainfall based statistical models were better than the operational forecasts (CPRM) issued in May.
But CPRM-May model has the benefit of two additional
months of input data and is of limited use for preparing
for floods in May–July. This is especially true for the years
exceeding the critical threshold of 29 m (at which state of
emergency is declared), as by May this threshold is usually already reached. One of the benefits of our statistical
models is that forecasts can be issued by the middle of the
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month, whereas the CPRM operational forecasts are issued
at the end of the month.
Large-scale changes to the land cover and land use
around the river network (e.g. Spracklen and GarciaCarreras, 2015) and any river management systems such
as dams (e.g. Timpe and Kaplan, 2017) affect the relationship between rainfall and river flow over the region.
Our method is not applicable to such rivers. However,
the method developed in this study could be applied to
develop statistical models for flood forecasts over other
free-flowing rivers in the Amazon basin with intact catchments. This method could also be applied to develop forecast models for hydrological droughts over the Amazon
basin, which also have severe impacts on the ecosystems
and socio-economy of the local regions. The forecast models developed in this study can be used for real-time forecast application, and have been tested retrospectively for
the years 2020 and 2021. For 2020, our March forecast
shows adequate performance. For 2021, all of the forecasts
underestimated the extreme event.
However, we should note that the efficacy of any skilful
flood forecast, for the local community, may be limited by
quality of the integrated flood management systems implemented, which include flood alert dissemination, flood
preparedness and impact mitigation measures. Other flood
characteristics (e.g. duration and timing), beyond flood levels, also influence the impacts of the Amazonian floods
(Langill and Abizaid, 2020). There is a strong correlation between the maximum water level and flood duration
for the severe flood years that exceed the 29 m threshold
(17 years on record). Further research may improve our
methods, not only for flood levels, but also for its timing
and duration, by exploring additional potential indicators
(e.g. upstream water levels) and other statistical regression
methods (e.g. advanced machine learning techniques).
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