
This is the response letter to Reviewers’ comments on the manuscript hess-2019-288 

“Variational Assimilation of Streamflow Observations in Improving Monthly Streamflow 

Forecasting”. The reveiwer’s concerns are shown in red boxes and the author’s responses are 

presented in blue colors. 

 

 

 

 

 

 



 

Response: The motivation of the study here is to validate the gain in the performance of a distributed 
LSM such as VIC due to application of VAR DA using point-measured streamflow data. In another study 
we have published recently (Mazrooei and Sankarasubramanian, 2019), we used EnKF sequential DA to 
correct the state variables of a simpler lumped watershed model, again using observed streamflow data, 
and evaluate the DA-aided forecasts/simulations. So to our best knowledge, this is the first study using 
downstream streamflow observations to implement VAR-DA in an LSM. It is certainly true that DA is of 
interest both in lumped and distributed models, with the latter presenting more of a challenge due to 
their complexity. Since studies have already considered VAR-DA for lumped models (e.g., Seo et al., 
2003; Seo et al., 2009), thus we did not consider VAR-DA application for a lumped model for our 
analyses. Further, the proposed “k multiplier” approach could work in principle on the lumped 
watershed models too. 

Mazrooei, Amirhossein, and A. Sankarasubramanian. "Improving monthly streamflow forecasts through assimilation of 

observed streamflow for rainfall-dominated basins across the CONUS." Journal of Hydrology 575 (2019): 704-715. 

Seo, Dong-Jun, Victor Koren, and Neftali Cajina. "Real-time variational assimilation of hydrologic and hydrometeorological data 

into operational hydrologic forecasting." Journal of Hydrometeorology 4.3 (2003): 627-641. 

Seo, Dong-Jun, et al. "Automatic state updating for operational streamflow forecasting via variational data assimilation." 

Journal of Hydrology 367.3-4 (2009): 255-275. 

 

Accordingly, the introduction of the manuscript has undergone a major revision to better address the 
mentioned points. A comparison between the old version and the new version is presented below 
where the eliminated text is highlighted in red and the added text is highlighted in green:  

 

 

 



 

  



 

Response: If the distributed streamflow observations were available across the watershed, then the VAR 
framework could be performed for each station within the basin.  We have added additional discussion 
regarding this. One approach would be to consider the constant multiplier as a spatial distribution with 
the ‘K’ to be correlated across space. A simplistic approach is to allow the “K” to vary based on the 
distance between streamflow observations. Alternately, this fits within a Bayesian framework by 
assuming a prior distribution on ‘K’, which could be used to update “K” simultaneously across the space 
to obtain the posterior distribution of the constant multiplier across the watershed that maximizes the 
joint likelihood of streamflow observations across the watershed.  We have added these future 
opportunities under the discussion section on page 17. 

  

 

 

Response: This is true, in the presence of a high bias in the predicted flows, DA application is more 
successful in improving the prediction skill, i.e. a better calibrated model decreases the positive role of 
VAR DA. Our previous studies have shown that calibrating models based on flow conditions tends to 
improve the model performance (Li and Sankar, 2012; Yapo et al., 1996). If we improve the model 
calibration, certainly it will reduce the role of VAR-DA.  It’s also possible to apply a VIC model that has 
multiple parameter sets that optimize performance in different hydrologic regimes.  In the VAR context, 
adjustments could be sought in simulations produced by each parameter set to potentially achieve 
higher performance than using just one parameter set.  This approach is similar in some regards to a 
joint state/parameter estimation, which can be effected within EnKF and Particle Filter based methods.  

The following is now added to the discussion section: 



 

- Li, Weihua, and A. Sankarasubramanian. "Reducing hydrologic model uncertainty in monthly streamflow predictions using 

multimodel combination." Water Resources Research 48.12 (2012). 

- Yapo, Patrice O., Hoshin Vijai Gupta, and Soroosh Sorooshian. "Automatic calibration of conceptual rainfall-runoff models: 

sensitivity to calibration data." Journal of Hydrology 181.1-4 (1996): 23-48. 

 

 

Response: The perturbation setup should add slight noise to the data, and this approach is adopted from 
Burgers et al 1998. Here we consider 0.05% variance of streamflow observations for perturbation 
purposes based on the uncertainties in the stage-discharge relationship (Herschy 1994). This is already 
explained in the draft Page7 Line23. Also this is in line with our other hydrologic DA study recently 
published (Mazrooei and Sankarasubramanian, 2019) 

- Burgers, Gerrit, Peter Jan van Leeuwen, and Geir Evensen. "Analysis scheme in the ensemble Kalman filter." Monthly weather 

review 126.6 (1998): 1719-1724. 

- Herschy, Reg. "The analysis of uncertainties in the stage-discharge relation." Flow Measurement and Instrumentation5.3 

(1994): 188-190. 
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observed streamflow for rainfall-dominated basins across the CONUS." Journal of Hydrology 575 (2019): 704-715. 

 

 

Response: The VIC LSM is calibrated for the Tar River basin over a 40-year period from 1951-1990 
through estimating Nash-Sutcliffe Efficiency (NSE) by comparing the mean monthly simulated 
streamflows and the USGS #02083500 gauge observed monthly flows. The calibration is performed by 
manually adjusting the standard soil parameters of VIC model that control infiltration (i.e., Variable 
infiltration curve parameter “b_infilt” [0.00001,0.4] ), and runoff and subsurface flows (i.e., Ws:  fraction 
of maximum soil moisture where non-linear baseflow occurs [0.5,1] ,Dsmax: maximum velocity of 
baseflow [0,inf] ,Ds: Fraction of Dsmax where non-linear baseflow begins [0,1], depth: Soil depth of 
second and third layers [0,inf]). This calibration process is similar to what Sinha and Arumugam 2013 
have done using VIC model over another river basin. 



- Sinha, T., and A. Sankarasubramanian. "Role of climate forecasts and initial conditions in developing streamflow and soil 

moisture forecasts in a rainfall–runoff regime." Hydrology and Earth System Sciences 17.2 (2013): 721-733. 

 

 

Response: This information is fully given in the paper P.7 L.14. Nstate is equal to 804 , all the number of 
soil moisture elements in 3 soil layers over 268 sub-grids of the 40 grid cells covering Tar basin. and Nobs 
is the number of data points used within the assimilation window. Further, the following highlights are 
now added to the manuscript:  

 

 

 

Response:  The Tar river basin that is selected as our case study is categorized as a relatively small river 
basin. One limitation of this study is the application of our methodology in larger river basins. Since we 
are using downstream observed streamflow data in correcting the initial conditions of a distributed 
hydrologic model and taking into account that streamflow is an integrated product of all the physical 
processes over a basin with different time lags , thus selecting a larger river basin with a longer 
concentration time may result in a different behavior of VAR-DA and  declined skill in VAR-aided 
forecasts/simulations is expected. In these conditions, multiple streamflow observations could be 
considered with spatially varying ‘K’ multiplier for implementing the VAR-DA framework. This is now 
added to the discussion section on page 17 and 18: 

 



 

 

Thank you for your review and constructive feedback! 


