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Abstract: Flood modeling and forecasting are key to managing and preparing for extreme flood events. 
Hydrological flood forecasting aims to predict the system response to different input changes with minimum 
uncertainties. In that sense, streamflow Data Assimilation (DA) seeks to combine errors between hydrological 
model and water discharge observations through the update of model states. This paper aims to assess a sub-
daily flood forecast system in a basin of the Peruvian Tropical Andes using two sequential data assimilation 
algorithms called the Ensemble Kalman Filter (EnKF) and the Particle Filter (PF). The study was conducted in 
the Vilcanota River basin during the rainiest months in 2022 to assess recent potential river floods. This basin 
is in the southern Peruvian Andes and was selected because it is continually affected by river floods such as 
occurred in 2010. For this purpose, the lumped GR4H rainfall-runoff model was run forward with 100 ensemble 
members using two different Satellite Precipitation sources (IMERG-E' and GSMaP-NRT'). Also, four DA 
experiments (IMERG-E'+EnKF, IMERG-E'+PF, GSMaP-NRT'+EnKF, and GSMaP-NRT'+PF) were conducted by 
assimilating real-time hourly discharges at the Pisac stream gauge station to examine the improvement of 
forecast accuracy for lead times of 1—24 hours. Results display good forecast performances during the first 10 
hours, especially for the GSMaP'+EnKF scheme. Finally, this work benchmarks the application of streamflow 
DA in and Andean basin of Peru with sparse data availability and will support the development of more 
accurate climate services in Peru through hydrologic ensemble predictions. 

Keywords: streamflow data assimilation; flood forecasting; tropical andes; satellite precipitation products; 
gr4h model 

 

1. Introduction 

Floods triggered by extreme rainfall lead the rank of natural disasters in the Tropical Andes [1,2] 
causing huge damage to people’s lives and health, agricultural and systems production, economy, 
public and private infrastructure, etc. [3–5]. Thus, flood modeling and forecasting are key to 
managing and preparing for extreme flood events, and also are valuable for timely flood warnings 
and emergency responses [6,7]. In that sense, the Andean population of Peru is highly prone and 
vulnerable to a large suite of extreme hydrometeorological events [8,9] such as higher rainfall rates 
in the eastern Andean/western Amazon transition [10] and bigger water discharges from highlands 
to Andes foothills [11]. For instance, extreme rainfalls and the subsequent floods that occurred in the 
austral summer of 2010 in Cusco (southern Peruvian Andes) caused US$ 250 million in losses [12] 
and evidence the crucial necessity for an accurate operational flood forecasting system [13]. 

Hydrological forecasting aims to predict the system response from different input changes [14] 
through processes of simplification that introduce uncertainties because of the limited system 
knowledge [15,16]. Forecasting uncertainties may evolve due to measurement errors [17,18], input 
errors [19], structural errors [20], parameter estimation errors [21], and simulation errors [22]. In that 
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sense, Data Assimilation (DA) seeks the combinations of observation and model errors through the 
update of model states [23]. 

To deal with that point, the following main steps are identified: a) design of the DA experiment 
scheme, b) quantification of model errors in the hydrological system, and c) application of the chosen 
DA algorithms into the Open Loop (OL) model. In the first case, data assimilation provides an 
effective way to integrate observation information. For example, real-time in situ measurements are 
increasingly being used to improve the estimations of forecast models via data assimilation 
techniques, and in many cases are readily available for operational systems [24–28]. Hence, satellite 
remote sensing of soil moisture observations [29] and snow cover data [30] has been also integrated 
into assimilation frameworks in hydrological DA applications. Secondly, error quantification is a key 
process in DA applications. Modeling uncertainties in rainfall, states, and discharge may have a 
significant impact on results [31,32], even more than the selection of the DA algorithm [33]. Finally, 
sequential assimilation of observation in the model with the Ensemble Kalman Filter (EnKF) and the 
Particle Filter (PF) is widely for probabilistic hydrologic predictions and skillful operational flood 
forecast systems [34–37]. 

Despite the advancements in streamflow DA worldwide in the last decade, the number of 
ensemble flood forecasting in South America is still emerging as highlighted by [37,38]. Most DA 
experiments have been applied in snow-dominated basins in the extratropical Andes using observed 
discharges [38,39] and remote sensing of snow cover [40]; or incorporating satellite altimetry in the 
great Amazon basin [41–44]. 

In this context, flood forecasting in the Peruvian Tropical Andes is a challenging task due to a) 
the inaccessibility to remote areas with complex topography, b) the limited in-situ 
hydrometeorological network due to restricted funds, c) large amount of stations with short records 
(e.g. mostly of pluviometric automatic records begin on 2016) and huge number of missing values, 
and d) the raising uncertainties of model inputs related to the data-scarcity. Some studies in the 
Vilcanota River basin dealt with these issues by assessing near-real-time satellite precipitation 
products for rainfall-runoff modeling at sub-daily timesteps [45], constraining structural errors in 
conceptual hydrological models [45], and incorporating vegetation remote sensing into model 
calibration strategies [46]. Hence, the improvement of accurate flood forecasts in a real-time 
hydrological system is still a pending task. 

This paper aims the assess streamflow DA in a basin of the Tropical Andes of Peru using the 
EnKF and PF algorithms to assimilate real-time discharge observations into a sub-daily lumped flood 
forecasting system based on the GR4H model and driven by satellites-gauges merged rainfall 
estimations. We conduct the streamflow DA experiments in the Vilcanota River basin to compare 
streamflow forecast accuracy from 1 to 24 hours using the EnKF and PF. 

2. Materials and Methods 

2.1. Study Area 

The study area comprises the Vilcanota River basin located in the southeastern Tropical Andes 
of Peru. This basin plays a key role in the economic-tourism activity of Cusco and was affected by 
extreme floods in 2010. For this work, we select a basin area delineated upstream of the Pisac 
fluviometric station (see Figure 1). The drainage area of the basin is approximately 6900 km2, 
spanning from 2959 m.a.s.l to 6268 m.a.s.l. Also, we defined a regular domain between latitudes 12.9 
ºS — 14.8 ºS and longitudes 70.6 ºW — 72.7 ºW to download and merge satellite-based precipitation 
and pluviometric station observations in the study area. 
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Figure 1. The Vilcanota river basin at Pisac gauge station located in the southern Peruvian Tropical 
Andes. The available pluviometric network in the study domain is shown as orange triangles. 

The Vilcanota basin has a predominant pluvial regimen, with a smaller glacial/snow melting 
contribution to the total runoff volume. Figure 2 displays the seasonal behavior of the main 
hydroclimatic variables from September to August. Precipitation follows an unimodal distribution 
with rainfall rates ranging from 120 mm/month to 150 mm/month during the austral summer 
(December — March) and mean air temperature varies from 6 °C to 11 °C. Monthly discharges span 
from 20 m3/s to 140 m3/s, with peak flows often occurring in January and February. 
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Figure 2. Seasonal variation (1981 — 2010) of mean areal precipitation, monthly streamflows, and 
mean air temperature in the Vilcanota River basin at Pisac stream gauge station. 

Hourly discharge and rainfall records were collected from one fluviometric and 12 pluviometric 
gauge stations from 1st January 2017 to 31st July 2022. Stations owns to the National Service of 
Meteorology and Hydrology of Peru (SENAMHI). Gauge’s locations are displayed in Figure 1 and 
summarized in Table 1. Also, near-real-time Satellite Precipitation Products (SPPs) from the 
Integrated Multi-satellite Retrievals for GPM - Early Run (IMERG-E) and the Global Satellite 
Mapping of Precipitation (GSMaP-NRT) were chosen for this study. These SPPs have 5 hours of 
latency for UTC-5 with a spatial and temporal resolution of 0.1º (~10 km) and 0.5 hours, respectively. 
The process of merging SPPs and rain gauge information for the Vilcanota basin (IMERG-E’ and 
GSMaP-NRT’) is described in detail by [45]. Additionally, hourly potential evapotranspiration was 
estimated based on the gridded evapotranspiration data set developed for Peru, called PISCOpe [47]. 

Table 1. Selected gauges with hourly records in the study domain. 

Type Station Abrev. 
Longitude 

[ºW] 
Latitude 

[ºS] 
Elevation 
[m.a.s.l.] 

Fluviometric Pisac PIS 71.84 13.43 2791.65 

Pluviometric 

Acjanaco Gore AGR 71.62 13.20 3466.11 
Calca CAL 71.96 13.33 2921.24 

Casaccancha CAS 72.30 13.99 4033.16 
Huayllabamba HUA 72.45 13.27 2976.55 
Intihuatana M INM 72.56 13.17 1778.23 
Machupicchu MAC 72.55 13.18 2399.80 

Marcapata Gore MAR 70.90 13.50 1792.76 
Qorihuayrachina QOR 72.43 13.22 2517.25 

Salcca SAL 71.23 14.17 3920.10 
San Pablo SPB 72.62 13.03 1228.11 

Santo Tomas STM 72.10 14.45 3665.48 
Sicuani SIC 71.24 14.24 3534.95 

2.2. Parsimonious Sub-daily Hydrological Modeling 

The GR4H model [48] is the hourly adaptation of the GR4J model [49] with four parameters (X1, 
X2, X3, and X4). The model structure is illustrated in Figure 3. In this model, hourly precipitation and 
potential evapotranspiration are considered to determine the net precipitation (Pn) and 
evapotranspiration (En), respectively. Part of Pn is lost in the storage reservoir of the soil (Ps), while 
the remaining amount forms the effective precipitation (Pt = Pn - Ps). The soil moisture content (S), 
with a maximum value of X1, decreases due to percolation (Perc). Subsequently, Pt is routed at the 
basin outlet as follows: 10% is routed through a single unit hydrograph with a base time equal to X4, 
and the remaining 90% is routed through a unit hydrograph and a nonlinear reservoir (R) with a 
maximum capacity of X3. Additionally, a loss function (F), denoted by parameter X2, is applied to 
both flows to represent the subsurface exchange (loss or gain in the system). 

The lumped GR4H models were forced using the merged IMERG-E’/GSMaP-NRT’ data and 
PISCOpe dataset at the basin scale. Models were calibrated and validated using observed hourly 
discharges at Pisac station. Calibration was conducted from the 00:00 hours of the 1st of January 2017 
to the 23:00 hours of the 31st of August 2020. The first 1200 values were chosen for model warm-up. 
Model validation was from 00:00 hours on the 1st of September 2020 to 23:00 hours on the 31st of July 
2022. 

Model parameters were calibrated with the Shuffled Complex Evolutionary (SCE-UA) algorithm 
[50] using the objective function (Fobj) proposed by [28] and shown in equation 1. 
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𝐹௢௕௝ = 0.25 ∗ 𝐹௟௢௚ேௌா + 0.25 ∗ 𝐹஻௢௫ேௌா + 0.25 ∗ 𝐹௄ீா + 0.25 ∗ 𝐹஻ூ஺ௌ  ; (1)

Fobj is the arithmetic average of the logarithmic Nash Sutcliffe Efficiency (logNSE), the Box-Cox 
transformed Nash Sutcliffe Efficiency (BoxNSE), the Kling-Gupta Efficiency (KGE), and the BIAS. 
Details of the selected statistical metrics and their equations are summarized in Table 2. 

Table 2. Statistical metrics and their corresponding equations used for evaluating the hydrological 
performance of the GR4H model. 

Statistical 
Metric 

Equation 
Min, 
Max, 

Optimal 
Emphasis 

Logarithmic 
Nash-

Sutcliffe 
Efficiency 
(logNSE) 

[-] 

  𝑙𝑜𝑔𝑁𝑆𝐸 = 1 − ∑ ൫log(𝑄𝑠𝑖𝑚௧) − log(𝑄𝑜𝑏𝑠௧)൯2௡௧ୀ1∑ ൫𝑙𝑜𝑔(𝑄𝑜𝑏𝑠௧) − 𝑙𝑜𝑔(𝑄)തതതതതതതതത𝑜𝑏𝑠൯2௡௧ୀ1

 -∞,1,1 
Low 
flows 

Nash-
Sutcliffe 

Efficiency 
with Box-

Cox 
transformati

on 
(BoxNSE) 

[-] 

  

BoxNSE = 1 − ∑ ൫𝑄𝑠𝑖𝑚′௧ − 𝑄𝑜𝑏𝑠′௧൯2௡௧ୀ1∑ ൫𝑄𝑜𝑏𝑠′௧ − 𝑄′𝑜𝑏𝑠തതതതതതതത൯2௡௧ୀ1

 

𝑄′ = (𝑄 + 1)ఊ − 1𝛾  

-∞,1,1 
Middle 
flows 

Kling-Gupta 
Efficiency 

(KGE) 
[-] 

  

𝐾𝐺𝐸 = 1 − ඥ(𝑟 − 1)ଶ + (𝛼 − 1)ଶ + (𝛽 − 1)ଶ 𝑟
= ∑ [(𝑄𝑠𝑖𝑚௧ − 𝑄ത𝑠𝑖𝑚)(𝑄𝑜𝑏𝑠௧ − 𝑄ത𝑜𝑏𝑠)]௡௧ୀଵඥ∑ (𝑄𝑠𝑖𝑚௧ − 𝑄ത𝑠𝑖𝑚)ଶ௡௧ୀଵ ඥ∑ (𝑄𝑜𝑏𝑠௧ − 𝑄ത𝑜𝑏𝑠)ଶ௡௧ୀଵ𝛼 = 𝜎௦௜௠𝜎௢௕௦ ;  𝛽 = 𝜇௦௜௠𝜇௢௕௦  

-∞,1,1 
Variance 
and high 

flows. 

Bias 
(BIAS) 

[%] 

  𝐵𝐼𝐴𝑆 = ቈmax ቆQഥ 𝑠𝑖𝑚
Qഥ 𝑜𝑏𝑠 , Qഥ 𝑜𝑏𝑠

Qഥ𝑠𝑖𝑚ቇ − 1቉2

 
0,+ ∞,0 

Average 
trend of 

simulated 
flows 

Qobs: correspond to observed discharges; Qsim: correspond to simulated discharges. 
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Figure 3. Structure of the parsimonious GR4H model [32]. 

2.3. Design of Streamflow Data Assimilation Experiments 

The sequential assimilation technique is well known for operational flood forecasting systems 
and is structured by adding normally distributed perturbations to the forcing vector [51]. Figure 4 
illustrates the general framework for streamflow DA in the Vilcanota River basin that starts with the 
quantification of model errors, runs the Open Loop model, and finishes with the application of DA 
algorithms. 

To design stream DA experiments in this study, two Open Loop (OL) models were run forward 
using 100 ensemble members of precipitations and potential evapotranspiration data. Both OL 
schemes have the same potential evapotranspiration series from the PISCOpe dataset but differ in 
precipitation inputs. Thus, OL models are called IMERG-E’+OL and GSMaP-NRT’+OL, depending 
on the precipitation source used. 

Also, we conducted four sequential DA experiments using the Ensemble Kalman Filter (EnKF) 
and the Particle Filter (PF) algorithms. The main difference between both algorithms is how they 
recursively generate an approximation to the probability distributions of the prognostic variables. 
EnKF assumes a Gaussian prior distribution for Kalman Gain and analysis states [31]. Hence, PF 
updates importance weights according to the likelihood value of particles and observations, 
removing samples with negligible weights and replicating samples with large weights to avoid filter 
degeneracy [35]. 

Same as OL experiments, we denominated experiments based on the precipitation source and 
algorithm chosen, so the IMERG-E’+EnKF and IMERG-E’+PF setups were run using IMERG-E’ 
inputs, while GSMaP-NRT’+EnKF and GSMaP-NRT’+PF used the GSMaP-NRT’ data. 

These DA experiments were applied using an hourly adaptation of the R source code from the 
airGRdatassim package [52]. 
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Figure 4. Streamflow Data Assimilation framework in the Vilcanota River basin. 

2.4. Quantification of Model Errors 

An ensemble of model realizations was generated to reflect the uncertainty in the catchment 
model. Rainfall (P) and evapotranspiration (E) inputs and basin soil moisture (S) were perturbed to 
generate an ensemble of model states and discharge predictions (Q). Also, the observed discharge 
was perturbed to represent the observation error. Similar to [31], parameters and structural errors 
were assumed to be accumulated in soil moisture. 

Ensemble meteorological inputs were generated by perturbing rainfall and evapotranspiration 
with multiplicative stochastic noise φp applied at each hourly time step, according to the 
methodology proposed by [35] and presented in equations 2 and 3. Also, like [52], random 
perturbations are provided by a first-order autoregressive model to guarantee temporal correlation 
of the time-variant forcings. The fractional error parameter was set to 0.65 and temporal 
decorrelations lengths were defined as 5 hours for rainfall and 3 hours for potential 
evapotranspiration based on an autocorrelation analysis. 𝑝′ = 𝑝𝜑௣,             ; (2)

𝜑௣ = ൫1 − 𝜀௣൯ + 2𝑢௣𝜀௣,     ; (3)

where up is a uniform random number, such that φp is a realization from a uniform distribution 
ranging from 1-εp to 1+εp. 

Basin soil moisture state (S) can be perturbed through normally distributed null-mean noise at 
each assimilation time step after the analysis procedure following the approach of [53]. This 
perturbation was truncated by the upper (X1) and lower (zero) bounds of soil moisture. 

According to [35], errors in discharges are mainly from measurement of water level and 
uncertainties in rating curves. Here we use a normal distribution with a zero-valued mean and a 
variance (σobs2) for describing the measurement noise and parameterizing it as a function of the 
discharge observation (Qobs) and presented in equation 4. 𝜎௢௕௦ଶ = (𝜀௢௕௦𝑄௢௕௦)2    ; (4)
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Following the approach proposed by [32,35,39], the error parameter εobs was set to 0.1, the 
quantile 10 (Q10) was used as the minimum threshold to prevent underestimated error variances in 
the case of low discharges, and the variance was evaluated proportionally to Q102 for values below 
Q10. 

2.5. Evaluation of Model Forecast 

We assess forecast performance during February and March 2022 for lead times from 1 to 24 
hours. For this procedure, the updated (a posteriori) states of the GR4H model (S, R, HU1, and HU2) 
were taken as the baseline for flow forecasting from 1 to 24 hours. Here we use Nash-Sutcliffe 
Efficiency (NSE) and Bias (BIAS) to evaluate the mean ensemble forecast, the Mean of Ensemble Root 
Mean Squared Error (MRMSE), and the Continuous Ranked Probability Skill Score (CRPSS) to 
examine the ensemble spread. Details of statistical metrics and their equations are summarized in 
Table 3. 

Table 3. Statistical metrics and their respective equation used for evaluating forecasts. 

Statistical Metric Equation 

Nash-Sutcliffe 
Efficiency 

(NSE) 
[-] 

NSE = 1 − ∑ (ொ௙௖௦௧೟ିொ௢௕௦೟)2೙೟స1∑ (ொ௢௕௦೟ିொത௢௕௦)2೙೟స1
  

Bias (BIAS) 
[m3/s] 

BIAS = 1௡ ∑ (𝑄𝑓𝑐𝑠𝑡௧ − 𝑄𝑜𝑏𝑠௧)௡௧ୀ1   

Mean of Ensemble 
Root Mean Squared 

Error 
(MRMSE) 

[m3/s] 

𝑀𝑅𝑀𝑆𝐸 = 1௡ ∑ ට1ி ∑ (𝑄௝𝑓𝑐𝑠𝑡௧ − 𝑄𝑜𝑏𝑠௧)2ி௧ୀ1
௡௧ୀ1   

Continuous Ranked 
Probability Skill Score 

(CRPSS) 
[-] 

𝐶𝑅𝑃𝑆 = 1𝑛 ෍ න൫𝐹𝑓𝑐𝑠𝑡௧(𝑄) − 𝐹𝑜𝑏𝑠௧(𝑄)൯2𝑑𝑄

ି
௡௧ୀ1

 

𝐹𝑜𝑏𝑠௧(𝑄) =  ൜0    (𝑄 <  𝑄𝑜𝑏𝑠௧) 
1    (𝑄 ≥  𝑄𝑜𝑏𝑠௧) 

 𝐶𝑅𝑃𝑆𝑆 = 1 − ฀฀฀฀஼ோ௉ௌ฀฀
 

Qobs: correspond to observed hourly discharges; Qfcst: correspond to forecasted discharges at different lead 
times. CRPS is the Continuous Ranked Probability Score, and OL corresponds to the Open Loop model. 

3. Results 

3.1. Model Calibration and Validation 

Model parameters were calibrated for both precipitation sources (IMERG-E’ and GSMaP-NR’). 
Overall, the conceptual soil moisture (S) has a maximum capacity (x1) of 972 mm and the conceptual 
slow routing storage (R) has a reference capacity (x3) of 136 mm. The calibration process gives good 
results in terms of mass balance (BIAS), variance (KGE), and flow representation (logNSE, BoxNSE). 
The summary of statistical metrics selected for calibration, validation, and total period performance 
evaluation is shown in Table 4. 
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Table 4. Model performance metrics during calibration and validation periods. 

Statistic Metric 
Calibration Validation 

IMERG-E' 
GSMaP-

NRT' 
IMERG-E' 

GSMaP-
NRT' 

logNSE 0.875 0.792 0.878 0.786 
BoxNSE 0.883 0.831 0.878 0.819 

KGE 0.912 0.871 0.869 0.789 
BIAS 0.003 0.003 0.016 0.029 

Figure 5 displays the comparison between observed and simulated hourly discharges at the 
Pisac gauge station (basin outlet). Figure 5a-b shows flow series (2017 – 2022) during the calibration 
and validation periods. Two different mean-areal precipitation inputs over the Vilcanota basin are 
shown in gray bars above their respective hydrographs. Observed discharge is present as blue lines 
and simulated discharges are plotted in green (IMERG-E') and magenta (GSMaP-NRT') lines. The 
dashed red box corresponds to the rainiest months in 2022 (February and March) selected for the 
streamflow DA assessment. 

During the calibration and validation steps in Figure 5a-b, the parsimonious GR4H model 
represents the high variability of discharges at hourly time step. Hence, peak flows are often 
underestimated during the wet period which increases positive BIAS. In terms of statistical metrics 
(Table 4), simulations perform slightly better (logNSE, BoxNSE, and KGE higher than 0.85) when 
GR4H model is forced with IMERG-E' than GSMaP-NRT', even during model validation. 

 

Figure 5. (a-b) Comparison of simulated (IMERG-E’ and GSMaP-NRT’) and observed hourly flow 
series at Pisac stream gauge station during 2017 - 2022. The Red dashed box represents the rainiest 
months in 2022. (c-d) Scatter plots between observed and simulated discharges for the rainiest months 
in 2022. 

Overall, Figure 5c-d shows scatter plots between observed and simulated values for February 
and March 2022. Simple Linear Regression model (SLR) for IMERG-E’ (green) and GSMaP-RT’ 
(magenta) simulations and Pearson Correlation are presented in the figures. Results here evidence 
that good calibration and validation skills do not always guarantee a good representation of 
discharges in short periods such as February and March 2022. The lower SRL’s slope values and 
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Pearson correlation coefficients (R<0.50) indicate the subestimation and high dispersion of observed 
discharges, respectively; and are drastically noted for the GSMaP-NRT’ driven model. 

3.2. Estimation of Model Uncertainties in Streamflow Data Assimilation 

Figure 6 shows simulation results for the streamflow DA experiments, where blue lines 
correspond to hourly discharge observations, black lines represent OL model runs, green (magenta) 
lines display ensemble means streamflow simulations for IMERG-E’ (GSMaO-NRT’), and the 
ensemble spreads are shown as gray bounds. 

The Root Mean Squared Error (RMSE) values in Figure 6 quantify errors between simulated and 
observed discharges. In terms of RMSE, lower values indicate that IMERG-E’+OL (61.25 m3/s) 
simulations perform better than GSMaP-NRT’+OL (71.76 m3/s). However, after the application of DA 
algorithms (EnKF or PF), GSMaP-NRT’ driven experiments performed better than IMERG-E’ ones. 
Thus, the reduction of RMSE values is preliminary evidence of the benefits of streamflow DA to 
decrease model uncertainties in the Vilcanota basin. Concerning the algorithms used, the EnKF has 
a better performance than PF. For instance, the GSMaP-NRT'+EnKF scheme has the lowest RMSE 
value (17.35 m3/s). Hence, for an ensemble size of 100 members, the ensemble spreads in PF 
experiments are thinner than EnKF. 

 

Figure 6. Comparison between observed and simulated hourly flow series during February and 
March 2022 at the Pisac stream gauge station for (a) IMERG-E’+EnKF, (b) IMERG-E’+KF, (c) GSMaP-
NRT’+EnKF, and (d) GSMaP-NRT’+PF experiments. 

Uncertainties in the state variable S from the production reservoir, as a proxy of Soil Moisture 
(SM), are illustrated in Figure 7. Ensemble means is present as green (magenta) for IMERG-E’ 
(GSMaP-NRT’) driven experiment, and ensemble spreads are shown as gray bounds. Results display 
huge differences in the SM behavior in all schemes. For instance, SM varies from a minimum value 
of 192 mm (IMERG-E’+PF, Figure 7b) to a maximum value of 545 mm (GSMaP-NRT’+EnKF, Figure 
7c). 
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Overall, SM is higher in GSMA-NRT’ driven experiments than IMERG-E’. Furthermore, similar 
to streamflow results shown in Figure 6d-g, uncertainty bounds are wider in EnKF schemes than in 
PF, independent of the forcing source used. Also, in all cases, ensemble means in Figure 7 tend to 
increase from February to March, with a higher SM rate in GSMaP-NRT’ experiments (Figure 7c-d). 

 

Figure 7. Uncertainty in simulated soil moisture (S) from GR4H model in the Vilcanota basin during 
February and March 2022 for (a) IMERG-E’+EnKF, (b) IMERG-E’+KF, (c) GSMaP-NRT’+EnKF, and 
(d) GSMaP-NRT’+PF experiments. 

3.3. Forecasting Performance Assessment 

Figure 8 illustrates the forecasting performance after streamflow data assimilation for the 
lumped hydrological system in the Vilcanota River basin at Pisac stream gauge station using the 
conceptual GR4H model forced with IMERG-E’ and GSMaP-NRT’. 

Initially, Figure 8a-b shows performance skills for ensemble means flow predictions. In terms of 
the NSE, the GSMaP-NRT’+EnKF setup has the best performance. NSE values are higher than 0.50 
during the first 8 hours, while the remaining schemes exceed this threshold just in the first 5 hours. 
Furthermore, NSE values in this experiment are always higher than the other ones. Note here that 
Open Loop models have lower values (NSE < 0) and improve drastically with the application of 
streamflow DA. Concerning BIAS, negative values are found in all cases, except for the Open Loop 
model in IMERG-E’, suggesting that forecasted discharges underestimate observations. Also, is 
observed that negative BIAS values decrease (see the increasing pattern in the plot) during the first 4 
hours of forecast and then increase until the 24 hours (decreasing pattern). This increment of negative 
BIAS is more notable in GSMaP-NRT’ experiments compared to IMERG-E’ ones. 

On the other hand, GSMaP-NRT’+PF experiment seems to have a better performance than 
GSMaP-NRT’+EnKF for ensemble forecast skills present in Figure 8c-d. For example, the PF performs 
better than the EnKF algorithm in terms of the MRMSE, specifically in the GSMaP-NRT’-PF scheme. 
As was expected, MRMSE is worse when increasing lead times from 1 to 24 hours. Furthermore, 
similar to BIAS, inflection points are observed at 7-8 hours. In the case of the CRPSS, values decrease 
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slowly, especially after 9 - 10 hours. CRPSS values of GSMaP-NRT’ experiments are higher (0.65 – 
0.80) than IMERG-E’ schemes (0.21 – 0.54).  

In general, forecast skills are worse when lead times rise from 1 to 24 hours at the Pisac gauge 
station. Also, results demonstrate the benefits of streamflow DA applications compared to Open 
Loop models. Here we found that GSMaP-NRT’+EnKF setup performs better than the other schemes 
when evaluating the ensemble means predictions (NSE and BIAS). However, GSMaP-NRT’+PF has 
the best performance in ensemble evaluation (MRSME and CRPS) due to ensemble spreads having 
thin uncertainty bounds for PF experiments.  

 

Figure 8. Performance skills of hourly forecasted discharges from 1 to 24 hours of lead times at Pisac 
stream gauge station from February to March 2022. 

According to the previous assessment of forecast skills in Figure 8, we select the GSMaP-
NRT’+EnKF experiment to illustrate the contrast of observed and forecasted discharge times series 
during February and March 2022 at the Pisac stream gauge station. Figure 9 displays the comparison 
between observed (blue lines) and forecasted (magenta lines) hydrographs for lead times of 1, 3, 6, 
12, 18, and 24 hours. Also, ensemble spreads from an ensemble size of 100 members are shown as 
gray bands. 

As was noted in the figures, the forecasted discharges are continuously below the observed 
values. Moreover, this difference increases from lead times of 1 to 24 hours. Thus, as shown in Figure 
8, the forecast accuracy decreases when increasing lead times. Also, peak flows seem to be well 
represented until the lead time of 6 hours to then being subestimated from 12 hours in advance. For 
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example, the peak flow values during the middle of March 2022 for lead times of 18 (328 m3/s) and 
24 (302 m3/s) hours hugely subestimate the observed value (465 m3/s) at the Pisac gauge station.  

 

Figure 9. Comparison of observed and forecasted hourly flow series at Pisac station from February to 
March 2023, for lead times of 1, 3, 6, 12, 18, and 24 hours in the GSMaP-NRT’+EnKF experiment. 

Overall, the forecasting performance assessment examines skills for the ensemble means and 
spreads for lead times from 1 to 24 hours. Results show that GSMaP-NRT’ experiment performs better 
than IMERG-E’ in a lumped system, and the GSMaP-NRT’+EnKF scheme performs better than the 
other setups, at least for the first 10 hours of forecast. 

4. Discussion 

4.1. Limitations and Potential of Streamflow Data Assimilation in the Vilcanota River Basin 

The results show the potential to improve sub-daily streamflow forecast in the Vilcanota River 
basin by assimilating real-time observed discharges at the basin outlet. This work establishes the basis 
for hydrological streamflow predictions in an Andean basin of Peru. However, some important 
considerations are shown below:  

Ensemble spreads of EnKF experiments tend to be wider than PF ones as is displayed in 
streamflows (Figure 6) and soil moisture (Figure 7) simulations. This suggests that EnKF requires a 
bigger ensemble size than PF to deal with the same uncertainties’ sources. Here the GR4H model was 
run forward in time with 100 ensemble members according to similar studies in other domains [53]. 
Hence, [54] suggests that EnKF ensemble size influences streamflow DA and must be at least 500 
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members due to non-Gaussian forecast, but this process will increase the computational demands on 
operation systems, especially at sub-daily timesteps and operational models. In contrast, the PF 
algorithm is more flexible about ensemble size but a very small ensemble (e.g. 20, 40) increases filter 
degeneracy and reduces the number of successful runs [55,56]. Moreover, the PF and EnKF are 
inherently sequential algorithms that are easy to use in real-time forecasting applications because 
measurements are processed as they become available [56]. Recent studies in real-time flood 
forecasting are also incorporating new sequential DA techniques such as the Ensemble Transform 
Kalman Filter (ETKF) [57], the covariance resampling for PF [55], the disaggregated multi-level 
factorial hydrologic data assimilation (FHDA) [58], states updates trough backpropagation and deep 
learning models [59] that might be tested in future research. 

Also, is well known that the forecast accuracy is sensitive to each source of model uncertainty, 
which is likely to have a differing impact depending mainly on the choice of modeling error scheme 
and then on the selected DA algorithm. For modeling input errors we use two rainfall sources at basin 
scale (IMERG-E’ and GSMaP-NRT’) and a space-time correlation using a uniform distribution, so the 
random perturbations are provided by a first-order autoregressive model similar to [57]. In this case, 
autoregressive models similar to [59] were built for the rainiest months in 2022 due to the focus on 
improving the forecast accuracy of recent floods. Hence, the dry season might also be tested in future 
studies to examine model errors related to the uncertainties in low flow measurements and the 
contribution of groundwater (baseflow) to the surface runoff such as in [60]. Also, state perturbations 
were applied only for the production reservoir (S) related to the basin soil moisture following the 
methodology of [59] for DA in the GR4H model, but the remaining model states (R, UH1, and UH2) 
can also be updated thought EnKF and PF algorithms to assess the impact on hourly simulation such 
presented in [60] for the GR4J at a daily time step. In case of system output errors, the state-discharge 
rating curves at the Pisac stream gauge needs to be continuously adjusted to reduce observed 
streamflow error such as in [61], especially for low and high flows where streamflow are usually 
interpolated and extrapolated, respectively. Recently, a new LiDAR sensor has been installed for 
monitoring water levels such as in [62], and will support observational real-time flood monitoring. 

Furthermore, we note the limitation of lumped-model uncertainties assessments in a basin with 
an area of 6900 km2, especially for the local variability impact on the basin’s hydrology. Hence, we 
highlight the benefits of streamflow DA, in an Andean basin of Peru, to improve forecast accuracy 
using real-time discharges at the basin outlet. Future works will assess DA techniques in the semi-
distributed Vilcanota systems presented by [60] to prove if incorporating forcing spatialization, river 
routing, and soil moisture’s sub-basin spatialization in conceptual models, such as in [61], is more 
appropriate for Andean basins with sparse data availability. For instance, [62] suggests that 
hydrologic river routing such as the Muskingum method is subject to potentially significant errors 
from structural and parametric uncertainties. 

Finally, there is a pending task for generalize from particular experiments to the whole wide 
hydrological heterogeneity of the Peruvian Andes [63]. However, the case of the Vilcanota River basin 
with the four DA assimilation schemes tested here has distinctive features that can be expected to 
apply over a range of different basins in the Tropical Andes of Peru, that have the same data-scarcity 
issue [64]. Finally, the results presented here benchmark the use of EnKF and PF for real-time 
streamflow DA in the Peruvian Hydrology. 

5. Conclusions 

Real-time in situ measurements are increasingly being used to improve the estimations of 
models via data assimilation (DA) techniques. This study addresses the streamflow DA in the 
Vilcanota River basin and demonstrates the potential of improving sub-daily streamflow forecast at 
the Pisac stream gauge station. Two sequential algorithms were applied for assimilating real-time 
observed discharges during February and March 2022. Four DA experiments were computed in a 
lumped system using two different rainfall sources and a conceptual rainfall-runoff model. The 
satellite-based GSMaP-NRT product - merged with pluviometric stations - had the best performance 
for streamflow DA. Also, the GSMaP-NRT’+EnKF scheme shows the best improvement in forecast 
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accuracy, at least during the first 10 hours of lead time. Future research will examine the benefits of 
streamflow DA in semi-distributed systems to prove if increasing the spatialization of model forcing 
and states will increase the forecast accuracy at the basin outlet. 

Ongoing research contributes to the mitigation of hydrological hazards and constrain flood 
forecast uncertainties in the Vilcanota River basin. Moreover, the methodology and results reported 
here benchmark the application of streamflow DA in basins of the Peruvian Tropical Andes with the 
same sparse data availability and will support the development of more accurate climate services in 
Peru. Also, establish the basis for ensemble flood prediction applications instead of classic 
deterministic forecasts. Finally, this work highlights the necessity to improve hydrometeorological 
observations for a better understating of rainfall-runoff transformation and streamflow predictions 
in the Tropical Andes. 
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