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Responses to Reviewer #1 

Point #1 

A good and interesting manuscript about the evaluation of streamflow simulations based on different 

reservoir operations and irrigation management. The manuscript is well written, and the scientific topic 

is valid. The watershed-scale SWAT irrigation studies are limited in the scientific community. To me, it is 

necessary to include more publications like this manuscript in the peer-reviewed journals. 

 

Response:  We much appreciate the positive comments and provide responses to each comment 

in the following. 

 

Point #2 

Line 74: please include a space between “ca.” and “30%” 

 

Response: We added the missing space.  

 

Point #3 

Line 96: please indicate the unit for the location information 

 

Response: We revised the location information and added the missing unit as follows:  

45.98 ~47.60° N, 121.53~119.20° W. 

 

Point #4 

Line 97: please use the SI unit for temperature 

 

Response: We converted the unit of the winter temperature to Celsius.  

 

Point #5 

Line 98: please include a space between “675” and “mm” 

Response: We added the missing space in this line.  
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 Point #6 

Line 101: please revise the citation 

Response: We corrected the typo.  

 

Point #7 

Line 177: please remove the additional period 

Response: We removed the extra period. 

 

Point #8 

Line 178: missing space between citations 

Response: We added the missing space here.  

 

Point #9 

As for the reservoir operations in this study, is there any observed reservoir release data available in the 

watershed? The observed data may be used as the SWAT model input. 

Response: One reason we adopted RiverWare to simulate water release from reservoirs is that 

observational water release data from reservoirs are not readily available. In addition, RiverWare 

has been used to provide guidance for reservoir operations at multiple temporal scales in the 

study area (https://wa.water.usgs.gov/projects/yakimawarsmp/warsmp/riverware.htm), and water 

release calculated by RiverWare is used to determine water discharge from reservoirs.  

We agree that using actual water release from reservoirs as model input will contribute to 

improving streamflow simulations. We added following contents to the section 4.3 of the 

manuscript to highlight importance of including observed reservoir release in future streamflow 

modeling.  

 

“To better investigate hydrological consequences of water management, future studies should 

further constrain uncertainties in streamflow simulations by incorporating additional reservoir 

management and irrigation information. Including of observed reservoir release will help 

improve model representations water discharge from reservoirs.” 

 

Point #10 

To me, there is no meaning to compare SWAT simulated ET (no calibration against  actual ET) with 

MODIS ET according to the algorithm of Mu et al. (2011). Both of them cannot be treated as observed 

https://wa.water.usgs.gov/projects/yakimawarsmp/warsmp/riverware.htm
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actual ET, which means they both have substantial uncertainties. For your information, MODIS ET is the 

maximum crop ET requirement. In some cases, the producers do not have enough water to meet that. 

Response:  Thank you for your suggestion and we acknowledge that there are intrinsic 

uncertainties in the MODIS ET product.  We removed the comparison of MODIS ET 

magnitudes with model simulations in Figure 9, and move the evaluation of ET interannual 

variability to the supplementary material.  

 

Figure 9 Comparison of ET simulations for cropland during 2000-2009 under the R2 and R2S1scenarios 

 

We also updated description of this figure as follows: 

“We further compared simulated annual ET in the R2S1 and R2 scenarios (Figure 9). We 

observed low cropland ET in the R2 scenario relative to the R2S scenario. Specifically, when 

irrigation was included in our simulation, SWAT ET estimates increased by ca. 85%. The 

comparison demonstrated that inclusion of irrigation schemes achieved better estimates of water 

losses during irrigation, and contributed to enhancing streamflow simulations (Figure 6). In 

addition to magnitude, the irrigation scenario (R2S1) also simulated well interannual variability of 

ET, as evidenced by the high coefficient of determination in the scatter plot against ET estimates 

based on remote sensing data (Supplementary Material Figure S2).” 

 



4 
 

Point #11 

It will be more interesting if the authors can distinguish the irrigated and dryland agricultural land uses in 

the watershed. Hope this suggestion may help in your future studies. 

Response: We agree with the reviewer that more irrigation information should be included in our 

future work to constrain uncertainties in this work. We added following information to section 

4.3 to highlight this point.  

“…..incorporating additional reservoir management and irrigation information. …. In addition, 

model representation of water use for irrigation should be improved in the future. Note that 

model performances of the R2S1 scenario were not substantially improved relative to the R2 

scenario. The irrigation operation scheme that used surface water as the single source may have 

introduced uncertainties to streamflow simulations, since groundwater is also an important water 

source for irrigation, particularly in dry years in the YRB. Future simulations need to incorporate 

explicit irrigation information about irrigated areas, the source, amount, and timing of 

groundwater withdrawals into hydrologic modeling to better simulate agricultural hydrology”
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Responses to Reviewer #2 

 

Point #1 

General comment This manuscript used SWAT and RiverWare models to study the impacts of 

management activities such as reservoir operation and irrigation on streamflow. Human impacts on 

hydrology are important and interesting, and study of them is also very challenging due to the 

randomness and uncertainty of human activities. Thus, the study could be a good contribution to this 

field and the methods are reasonable. 

However, there are some issues that need to be addressed. 

Response:  Thank you for your valuable comments.  We have revised the manuscript according 

to each of the comments.  

 

Point #2 

Specific comments 1. L20-21: may not be necessary  

Response: We removed this sentence from the Abstract 

 

Point #3 

The last paragraph of Introduction 

needs to be rephrased. L83-85: you may want to delete this as it is better to see it after you described 

your results. L81: ‘this study aimed to : : :’ and ‘Objective (1)’ are nearly the same, you may want to 

delete one. L87-90: it is unexpected to see SWAT and RiverWare as the authors did not mention how and 

what method they used before. 

Response:  Thank you for the suggestions. We agree with the reviewer that this part is a bit 

redundant. As a result, we removed the sentence in lines 83-85. We improved the sentence in 

line 81 to avoid repetition:  

In addition, we move the introduction of the SWAT and RiverWare model to Conclusion.  

Here is the revised paragraph:  

 

“In recognition of the challenges in modeling hydrology in heavily managed watersheds, 

this study investigated impacts of water management on streamflow modeling in the YRB. Using 

the YRB as a testbed, we evaluated streamflow simulations with different model representations 
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of management activities. Objectives of this study are to (1) examine how different representations 

of reservoir operations influence watershed streamflow simulations, and (2) assess impacts of 

cropland irrigation on watershed hydrology. Methods and findings derived from this study hold 

the promise to provide valuable information for improving hydrologic modeling in intensively 

managed basins across the globe.” 

 

Point #4 

L209: What are Ens and r? What are R in Figures?  

Response: Thank you for the suggestions. Ens and R are  Nash–Sutcliffe  efficiency coefficient 

and correlation coefficient, respectively. We introduce these two metrics in the last sentence 

section 2.3 (line 173-175) as follows:  

“We used Nash–Sutcliffe efficiency coefficient (Ens) (Nash and Sutcliffe, 1970) and 

correlation coefficient (R) (Legates and McCabe, 1999) as the metrics to evaluate model 

performance.” 

 

Point #5 

3.1 and 3.2 are results about sensitivity and performance. They should describe the results with numbers. 

Similarly, 3.3 and 3.4 lack numbers to support their statement. I would suggest use a few important 

numbers when necessary. 

Response: Thank you for the valuable suggestions, we added more quantitative information 

about our findings in sections 3.1, 3.2, 3.3, and 3.4. Specifically, we added the T and  P values of 

the selected parameters in the sensitivity analysis. 

Table S2 Parameter sensitivity under various scenarios. 

Parameters Description T and P values for parameter sensitivity1,2 

R0 R1 R2 R2S1 R2S2 

SFTMP Snowfall 

temperature (°C) 
-8.06  
(0.00) 

-15.08  
(0.00) 

-12.18  
(0.00) 

-1.03  
(0.31) 

-9.32  
(0.00) 

CN2 Initial SCS runoff 

curve number for 

moisture condition 

-10.75  
(0.00) 

-17.76  
(0.00) 

-15.25  
(0.00) 

-22.50  
(0.00) 

-11.22  
(0.00) 

SMFMX Maximum melt 

rate for snow 

during year (occurs 

on summer 

-4.89  
(0.00) 

-6.72  
(0.00) 

-2.54  
(0.01) 

-0.32  
(0.75) 

-3.47  
(0.00) 
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solstice) (mm 

H2O/°C/day) 

SMTMP Snow melt base 

temperature (°C) 
4.28  
(0.00) 

11.45  
(0.00) 

7.91  
(0.00) 

0.76  
(0.45) 

4.43  
(0.00) 

CH_N2 Manning's "n" 

value for the main 

channel 

3.22  
(0.00) 

1.69  
(0.09) 

2.70  
(0.01) 

-0.73  
(0.47) 

1.16  
(0.25) 

SMFMN Minimum melt rate 

for snow during the 

year (occurs on 

winter solstice) 

(mm H2O/°C/day) 

-1.19  
(0.23) 

-1.97  
(0.05) 

-0.10  
(0.92) 

-0.87  
(0.38) 

-0.77  
(0.44) 

SLSUBBSN Average slope 

length (m) 
5.04  
(0.00) 

5.54  
(0.00) 

3.32  
(0.00) 

8.65  
(0.00) 

4.85  
(0.00) 

CH_N1 Manning's "n" 

value for the 

tributary channels 

-0.18  
(0.86) 

0.44  
(0.66) 

0.72  
(0.47) 

-0.45  
(0.65) 

-0.06  
(0.95) 

SOL_K Saturated hydraulic 

conductivity 

(mm/hr) 

-2.63  
(0.01) 

-1.98  
(0.05) 

-2.49  
(0.01) 

-8.57  
(0.00) 

-2.57  
(0.01) 

GW_REVA

P 

Groundwater 

"revap" coefficient 
-1.21  
(0.23) 

-1.19  
(0.23) 

1.34  
(0.18) 

1.34  
(0.18) 

-0.80  
(0.43) 

CANMX Maximum canopy 

storage (mm H2O) 
0.05  
(0.96) 

-0.31  
(0.75) 

0.69  
(0.49) 

-0.06  
(0.95) 

-0.01  
(0.99) 

HRU_SLP Average slope 

steepness (m/m) 
-0.87  
(0.38) 

-2.17  
(0.03) 

-0.25  
(0.80) 

-4.60  
(0.00) 

-0.46  
(0.65) 

RES_K Hydraulic 

conductivity of the 

reservoir bottom 

(mm/hr) 

-1.46  
(0.14) 

2.14  
(0.03) 

0.11  
(0.91) 

5.33  
(0.00) 

0.15  
(0.88) 

GW_DELA

Y 

Groundwater delay 

(days) 
-1.45  
(0.15) 

-0.51  
(0.61) 

0.71  
(0.47) 

-0.25  
(0.81) 

-1.60  
(0.11) 

EVRSV Lake evaporation 

coefficient 
-0.60  
(0.55) 

3.36  
(0.00) 

0.66  
(0.51) 

1.37  
(0.17) 

-0.49  
(0.63) 

TIMP Snow pack 

temperature lag 

factor 

-0.02  
(0.98) 

-0.04  
(0.97) 

-0.73  
(0.46) 

-0.06  
(0.95) 

-0.10  
(0.92) 

ESCO Soil evaporation 

compensation 

coefficient 

-0.11  
(0.91) 

 

-1.82  
(0.07) 

-0.13  
(0.90) 

-0.95  
(0.34) 

0.11  
(0.91) 

GWQMN Threshold water 

level in the shallow 

aquifer for the base 

flow (mm) 

0.26  
(0.79) 

 

0.47  
(0.64) 

-0.82  
(0.41) 

-0.89  
(0.38) 

0.02  
(0.99) 

PLAPS Precipitation lapse 

rate (mm H2O/km) 
-0.33       
(0.74) 

-5.01  
(0.00) 

-2.70  
(0.01) 

-2.54  
(0.01) 

-0.89  
(0.38) 

OV_N Manning's "n" 

value for overland 

flow 

-2.51  
(0.01) 

0.42  
(0.67) 

0.44  
(0.66) 

1.53  
(0.13) 

-2.11  
(0.04) 

REVAPMN Threshold depth of 

water in the 

shallow aquifer for 

"revap" to occur 

(mm) 

0.08  
(0.94) 

-0.23  
(0.81) 

0.57  
(0.57) 

0.56  
(0.58) 

-0.03  
(0.98) 
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SOL_AWC Available water 

capacity of the soil 

layer (mm 

H2O/mm soil) 

0.00  
(1.00) 

-1.89  
(0.06) 

-0.10  
(0.92) 

-0.35  
(0.72) 

0.63  
(0.53) 

NDTARGR Number of days to 

reach target storage 

from current 

reservoir storage 

-1.27  
(0.21) 

0.44  
(0.66) 

1.48  
(0.14) 

2.48  
(0.01) 

-0.46  
(0.65) 

ALPHA_B

F 

Baseflow alpha 

factor (1/day) 
0.37  

(0.71) 
-0.47  
(0.64) 

1.10  
(0.27) 

1.70  
(0.09) 

0.59  
(0.55) 

SOL_Z Depth from soil 

surface to the 

bottom of the layer 

(mm) 

3.89  
(0.00) 

2.43  
(0.01) 

2.40  
(0.02) 

4.75  
(0.00) 

3.87  
(0.00) 

TLAPS Temperature lapse 

rate (°C/km) 
-0.44  
(0.66) 

8.91  
(0.00) 

1.25  
(0.21) 

3.02  
(0.00) 

0.21  
(0.83) 

SURLAG Surface runoff lag 

coefficient 
-0.53  
(0.60) 

-0.03  
(0.98) 

0.11  
(0.91) 

0.18  
(0.85) 

-1.35  
(0.18) 

EPCO  Plant uptake 

compensation 

factor 

1.56  
(0.12) 

1.34  
(0.18) 

-2.29  
(0.02) 

0.66  
(0.51) 

1.14  
(0.25) 

1,  Format the T and P values is: T (P) 

2,  For P values less than 0.01, we use “0.00” in the above table.   

 

In section 3.2, we added a table to summary all evaluation metrics for the four selected 

subbasins.  

 

Table  S1. SWAT performances in the five scenarios during the calibration and validation period 

Metrics 

 

Scenarios 

Calibration validation 

Ens R Ens R 

R0 

Site 67 0.204 0.532 -0.480 0.297 

Site 99 0.377 0.620 -0.093 0.452 

Site 160 0.229 0.479 0.013 0.498 

Site 171 0.216 0.469 0.519 0.590 

R1 

Site 67 0.249 0.501 0.288 0.538 

Site 99 0.281 0.557 0.276 0.543 

Site 160 0.440 0.671 0.245 0.503 

Site 171 0.427 0.666 0.326 0.578 

R2 

Site 67 0.311 0.560 0.312 0.589 

Site 99 0.298 0.585 0.322 0.575 

Site 160 0.404 0.648 0.246 0.511 

Site 171 0.360 0.653 0.318 0.575 

R2S1 

Site 67 0.372 0.631 0.221 0.531 

Site 99 0.423 0.664 0.228 0.506 

Site 160 0.282 0.534 0.213 0.512 

Site 171 0.280 0.536 0.291 0.576 



9 
 

R2S2 

Site 67 0.094 0.362 -0.451 0.595 

Site 99 0.074 0.388 -0.874 0.429 

Site 160 0.343 0.613 -0.883 0.252 

Site 171 0.364 0.618 -0.148 0.368 
Ens and R are Nash–Sutcliffe efficiency coefficient and correlation coefficient, respectively 

 

In sections 3.3 and 3.4, we compared averages in water fluxes (ET and streamflow) to show 

differences among the scenarios.  

 

Point #6 

The quality of Figures 6 and 7 can be improved.  

Response: We improved the two figures by changing the dashed lines of model simulations to 

solid lines: 

 

Figure 6 
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Figure 7 

 

 

Point #7 

There is a grammar issue for Caption of Figure 5. 

Response: we improved the caption as follows:  

“Figure 5 Monthly and annual ET simulated under reservoir operation only scenarios (R0, R1, 

and R2). “
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Responses to Reviewer #3 

 

Point #1 

This paper discussed an important topic with respect to current water management issues. With 

increases in extreme climate events, the role of reservoir is critical to maintain stable water resource at 

the watershed level. In addition, irrigation impacts on overall water budget are highly recognized. This 

paper considered the two issues at the same time. The authors well wrote down the importance and 

necessity of the paper. I have a few minor comments to clarify some results.  

Response:  Thank you very much for the valuable comments. We revised this work accordingly 

and addressed each point of your comments.  

 

Point #2 

Line 98. Use the same unit for precipitation and snowfall.  

Response: We change the unit for snowfall to millimeter (mm) to make it consistent with that of 

precipitation. 

 

Point #3 

Line 99: Delete a comma (“,”) after cropland 

Response: we removed the duplicated comma.  

 

Point #4 

Line 101. Change “(Malek et al., 2016)” to “the study by Malek et al. (2016)”  

Response: We revised this sentence accordingly. 

 

Point #5 

Line 165. Crop Data Layer to Cropland Data Layer  

Response: We revised the name of the dataset  
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Point #6 

Line 172. What thresholds were used to define HRUs?  

Response: We used thresholds of 20%, 10%, and 10% for land use, soil types, and slopes in 

defining HRUs.  

We added the following sentence to explain how HRUs were defined:  

“When defining hydrologic response units (HRUs), we used thresholds of 20%, 10%, and 10% for land use types, 

soil classes, and slop groups, respectively.” 

 

Point #7 

6. Line 173. Please more elaborate MODIS ET and how to apply it to your simulation?  

Response: We further introduced how MODIS ET data were derived as follows: 

“To evaluate SWAT ET simulations, we compiled the annual Moderate Resolution Imaging 

Spectroradiometer (MODIS) evapotranspiration (ET) data for the study area. The MODIS ET 

data were produced using the Penman– Monteith equation and remotely sensed land cover/ Leaf 

Area Index (LAI) information, with a spatial resolution of 1 km (Mu et al., 2011).” 

Since reviewer #1 had concerns about uncertainties in MODIS ET data, we removed comparison 

of MODIS ET with the R2 and R2S1 scenario in figure 9, and moved the scatter plot of MODIS 

ET with R2S1 simulation to the supplementary material.    

 

Point #8 

Line 199. Please make a table that compares model performance measures of different scenarios  

Response: We added the following table to the supplementary material to compare the 

performances of SWAT under different scenarios:  

Table  S2. SWAT performances in the five scenarios during the calibration and validation period 

Metrics 

 

Scenarios 

Calibration validation 

Ens R Ens R 

R0 

Site 67 0.204 0.532 -0.480 0.297 

Site 99 0.377 0.620 -0.093 0.452 

Site 160 0.229 0.479 0.013 0.498 

Site 171 0.216 0.469 0.519 0.590 

R1 

Site 67 0.249 0.501 0.288 0.538 

Site 99 0.281 0.557 0.276 0.543 

Site 160 0.440 0.671 0.245 0.503 

Site 171 0.427 0.666 0.326 0.578 

Site 67 0.311 0.560 0.312 0.589 
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R2 
Site 99 0.298 0.585 0.322 0.575 

Site 160 0.404 0.648 0.246 0.511 

Site 171 0.360 0.653 0.318 0.575 

R2S1 

Site 67 0.372 0.631 0.221 0.531 

Site 99 0.423 0.664 0.228 0.506 

Site 160 0.282 0.534 0.213 0.512 

Site 171 0.280 0.536 0.291 0.576 

R2S2 

Site 67 0.094 0.362 -0.451 0.595 

Site 99 0.074 0.388 -0.874 0.429 

Site 160 0.343 0.613 -0.883 0.252 

Site 171 0.364 0.618 -0.148 0.368 
Ens and R are Nash–Sutcliffe efficiency coefficient and correlation coefficient, respectively 

 

Point #9 

Line 213. Do you explain why R0 ET is greater than R1 and R2 from Oct. to Mar.?  

Response: ET under the R1 and R2 scenarios was higher during the growing seasons than the 

baseline scenario (R0) because of the higher reservoir surface areas in R1 and R2 scenarios. To 

match the streamflow observations, the R1 and R2 scenarios simulated lower soil water during 

Oct to Mar in the next year than that of the R0 scenario. As a result, ET was higher during this 

period in R0 scenario than the other two scenarios.  

However, since soil water under the three scenarios were not evaluated against field 

observations, seasonal ET variability from the left plot of figure 5 was not sufficiently justified. 

The key information we want to show here is the difference of annual ET among R0, R1, and 

R2. As a result, we move the monthly ET comparison in Figure 5 to the supplementary material.  

 

Point #10 

Line 216. in R1 -> for R1   

Response: We changed the wording accordingly.  

 

Point #11 

Line 228 (Figure 8). Do you know why ET from R2S2 was higher before April and lower from 

May to October relative to ET from R2S1? 

Response: Thank you for the comments. Due to the insufficient water supply for irrigation by 

groundwater, the R2S2 scenario (surface water for irrigation) added less water to soil than the 

R2S1 scenario, and resulting lower ET during May-Oct than simulations using surface water as 

sources for irrigation. During January – April, the R2S1 scenario had lower ET than R2S2 

because of the more litter on soil surface due to better crop growth in the previous year. We 
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acknowledge that seasonal patterns of ET among these scenarios should be further investigated 

in the future.  

 

“We observed different seasonal patterns of ET under the five scenarios. How management 

activities affected water and energy exchanges between soil and the atmosphere should also be 

investigated in the future.” 

 

Point #12 

Line 234 (Figure 9). Like other results, compare monthly values since ET has high monthly variability.  

Response: We removed the MODIS ET in figure 9 since one reviewer had concerns about 

quality of this product.  

Actually, average monthly ET between the R2 and R2S1 scenarios were compared in figure 8. 

We further compared monthly ET during 2000-2010 as follows: 

 

Figure S2. Comparison of monthly ET under the R2 and R2S1 scenarios 

 

This figure was added to the supplementary material. We also added following con 

“Specifically, when irrigation was included in our simulation, SWAT ET estimates increased by 

ca. 85% at the annual scale. Monthly scale comparison showed that increases in ET mainly 

occurred in growing seasons (April to August, Figure S1).” 
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Point #13 

Line 260-261. Do you know any references to support the statement?  

Response: Thank you for the valuable suggestion. Here we were highlighting the more 

significant impacts of irrigation on ET than reservoir operations. To make it more specific and 

accurate, we revised this sentence as follows:  

“These results indicate that irrigation may have more pronounced impacts on ET through 

stimulating ET than reservoir operations in the study area.” 

 

Point #14 

Line 323. Change “ground water” to “groundwater” for consistency.  

Response: We changed the wording throughout the manuscript. 
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Responses to Reviewer #4 

 

Point #1 

The present work assesses the impact of (i) reservoir management and (ii) agriculturalwater withdrawn 

on the hydrologic behavior of the Yakima River Basin (YRB). The Authors provide a convincing and well 

documented motivation supporting the present study, due to the (not so well explored) role that 

reservoir management and agricultural activities could have on the hydrological dynamics. I think that 

the paper is worth for publication after some minor revisions. 

Response: Thank you for the valuable comments. We addressed each point of your suggestions 

and qauality of the work has been improved significantly  

 
 

Point #2 

Comment 1 The Authors consider 5 different scenario: R0 – the SWAT model is used to simulate the 

basins dynamics and neither the reservoirs management operations or the agricultural activities are 

included; R1 - the SWAT model is extended to consider reser- voirs management operations; R2 – the 

reservoirs management practice are modelled with RiverWare (which provide the flowrate downstream 

the each simulated reservoir according to with a set of management rules) which is then combined with 

SWAT; R2S2 – leverage on R2 including agricultural activities under the hypothesis that all the demand 

water comes from reservoirs and streams; R2S1 – is the counterpart of R2S2 in which the agricultural 

demand is satisfied by superficial aquifers. For each scenario ( I would rather say modelling 

scenario/choice) there is a calibration period and a validation period. Model performance metrics are the 

correlation coefficient r (note that in the figure is referred as R, please change it) and the Sutcliffe 

efficiency coefficient ENS. The Authors found a better model performance in the following order R2S1 > 

R2S2 > R2 > R1 > R0, leading to the conclusion that using RiverWare to model the reservoirs 

management and modelling the agricultural demands as satisfied by surface bodies is the best option. 

How does the Authors ensure that ensuing models ordering is not influenced by the fact that a better fit 

between model results and data (which is at the base of r and ENS metrics) is not an artefact of model 

flexibility/complexity (i.e., more parameters) rather than being a ‘true’ more realistic model? See e.g., “A 

primer for model selection: the decisive role of model complexity” by Hoge et al., 2018 

(https://doi.org/10.1002/2017WR021902) 

 

Response:  We think the reviewer pointed out a critical question around how to determine the 

robustness of a hydrologic/watershed model. Frankly speaking, we do not have the silver bullet, 

instead we are trying to use commonly accepted statistical metrics to measure the performance of 

different models, and rank those models scenarios/choices based on values of the metrics. We 

really appreciate that the reviewer point us to the recent publication “A primer for model 

https://doi.org/10.1002/2017WR021902
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selection: the decisive role of model complexity” by Hoge et al., 2018, which we believe is a 

milestone paper reviewing existing methods/criteria in model selection and laying out the 

fundamentals about the philosophy and critical aspect to be considered in model selection. We 

strongly agree that model complexity/flexibility should be a factor in model selection. In our 

case, we do not have reliable prior information about a model structure and associated 

parameters, making it difficult to give quantitatively factor in model complexity in model 

evaluation process. However, we think we should follow the conclusion drawn by Hoge et al. 

(2018) that “Regardless of which explicit or implicit approach is suitable and used for model 

selection, we want to emphasize that one should consider and report how the particular method 

interprets complexity and what this means for the model which is selected”.  

Accordingly, we added the following discussion in the manuscript to highlight the potential 

limitation of simply relying on one or multiple statistics to determine model performance. The 

model selection process deserve more robust methods or at least provide information about how 

model complexity is considered. 

 

“4.4 Caveats in model selection 

Among the multiple modeling scenarios, we found that linking RiverWare reservoir model with SWAT 

achieved better performance than those model structures that reply on simplified reservoir operations, as 

evidenced by relatively higher correlation coefficient and Ens. However, it is worth noting that these 

statistical metrics are calculated based on a limited set of hydrological variables (e.g. streamflow), but 

cannot guarantee other hydrological processes are well represented (Zhang et al. 2013). Therefore, we 

further used MODIS estimated ET and reported irrigation water demand data to justify the favorable 

performance of the combined SWAT-RiverWare watershed model configuration.  

Our model evaluation process follows the widely accepted procedures for model calibration and 

evaluation (Moriasi et al. 2007; Arnold et al. 2012). We also would like to point out that the complexity 

difference between the SWAT-RiverWare and other watershed model configurations was not explicitly 

considered in model evaluation. Previous research note that model complexity is an important factor in 

selecting the most robust model configuration that can fulfill a specific purpose. For example, Hӧge et al. 

(2018) reviewed existing methods and laid the foundation for a comprehensive framework for 

understanding the critical role of model complexity in model selection. The lack of reliable prior 

knowledge of the model structure and associated model parameters makes it difficult to directly consider 

model complexity here. However, the framework laid out by Hӧge et al. (2018) deserve further 

exploration in comparing the performance of different watershed model configurations in the future.” 

 

Höge, M., Wöhling, T. and Nowak, W., 2018. A primer for model selection: The decisive role of model 

complexity. Water Resources Research, 54(3), pp.1688-1715. 

Moriasi, D.N., Arnold, J.G., Van Liew, M.W., Bingner, R.L., Harmel, R.D. and Veith, T.L., 2007. Model evaluation 

guidelines for systematic quantification of accuracy in watershed simulations. Transactions of the ASABE, 50(3), 

pp.885-900. 
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Arnold, J.G., Moriasi, D.N., Gassman, P.W., Abbaspour, K.C., White, M.J., Srinivasan, R., Santhi, C., Harmel, 

R.D., Van Griensven, A., Van Liew, M.W. and Kannan, N., 2012. SWAT: Model use, calibration, and 

validation. Transactions of the ASABE, 55(4), pp.1491-1508. 

Zhang, X., Beeson, P., Link, R., Manowitz, D., Izaurralde, R.C., Sadeghi, A., Thomson, A.M., Sahajpal, R., 

Srinivasan, R. and Arnold, J.G., 2013. Efficient multi-objective calibration of a computationally intensive 

hydrologic model with parallel computing software in Python. Environmental modelling & software, 46, pp.208-

218. 

 
 

Point #3 

Comment 2 On top of the GSA results the Authors conclude that (line 187-189) : “In general, selected 

parameters demonstrated similar sensitives among all scenarios, particularly for the ten most sensitive 

parameters, indicating that the five scenarios captured critical processes regulating water cycling in the 

basin”. I would disagree with the second part of the sentence. The fact that in all the 5 scenarios the top 

10 most influential parameters are quite the same suggests a similarity in the 

behaviour/dynamics/functioning of the 5 models investigated (since for each of them the key parameters 

are the same), which does not ensure the fidelity with the true-world dynamics!  

Response:  Thank you for the comments. We agree with the reviewer that same key parameters 

among the scenarios does not necessarily mean that the simulations accurately represent water 

cycling in the real world. We improved this sentence as follows: 

  
“In general, selected parameters demonstrated similar sensitives among all scenarios, particularly 

for the ten most sensitive parameters, indicating snow melting (SMFMX, SFTMP and SMTMP),  

soil water dynamics (CN2, SOL_k, and SOL_Z), and water routing (CH_N2 and SLSUBBSN) 

are critical for water cycling in the basin.” 

 

Point #4 

Furthermore, this result seems to contradict in part the relevance of having different modelling strategies 

for the reservoirs management and/or the agricultural activities, since the 5 model results are mainly 

ruled by the adopted representation of common processes, like the moisture conditions (parameter CN2 

is always the most important one) or snow melt process/parameters (see Line 190, with 5 parameters 

occupying the 2nd -6th places). As a matter of fact, the joint inspection of Fig. 3-6 does not reveal a 

dramatic change in the r and Ens values. It is also true that starting from the 7th position parameters 

associated with reservoir management and agricultural activities alternate as importance. I would 

appreciate a more detailed description of the GSA methodology (how it is possible to vary a parameter, 

and so test its sensitivity on the model outputs, related with the reservoirs, e.g., the RES_K, if the 

reservoirs are not included in R0? The same for agricultural activities related parameters).  

Response:  We agree with the reviewer that although the reservoir and irrigation related 

parameters play more important roles in scenarios simulating management activities, soil 



19 
 

moisture and snow melting related parameters may still play dominant roles. We add following 

sentences to section: 

“Note that although inclusion of management activities altered the sensitivity of reservoir and irrigation 

related parameter, snow melting and soil water dynamics may still play the fundamental role in water 

cycling, as evidenced by the high sensitivity of CN2 and SFTMP.” 

 

We added following description of the sensitivity analysis to the supplementary material:  
 

“According to Abbaspour et al., (2017), SWAT sensitivity analysis is to find the influential 

parameters in the model. In the above sensitivity analysis, we held all other parameters 

unchanged while modifying one specific parameter to identify how this parameter affect 

streamflow simulation. In the sensitivity analysis, model simulations were run hundreds of times 

to quantify how model output is affected by changes in each parameter. Specifically, the 

sensitivity analysis uses a multiple regression approach to quantify sensitivity of each parameter: 

Ob = α+∑βibi 

In the above equation Ob is the objective function value (r-squared, Ens etc.), α is the regression 

constant, and β is the coefficient of parameters, and b refers to a specific parameter (Abbaspour 

et al., 2017). In the analysis, the t-test is employed to identify the relative significance of each 

parameter.  ” 

 

Abbaspour, K., Vaghefi, S. and Srinivasan, R.: A Guideline for Successful Calibration and 
Uncertainty Analysis for Soil and Water Assessment: A Review of Papers from the 2016 
International SWAT Conference, Water, 10(1), 6, doi:10.3390/w10010006, 2017. 

 

 

Point #5 

Furthermore, is the employed GSA able to provide a quantification of the global sensitivity of each 

parameter and not just their ranking (e.g., could be that CN2 is dominating the process and the others 

parameters induce just very small variations in the output) 

Response: Thank you for the valuable suggestions. We added T and P values to the selected 

parameters in the sensitivity analysis to the supplementary material  

 

Table S2 Parameter sensitivity under various scenarios. 

Parameters Description T and P values for parameter sensitivity1,2 

R0 R1 R2 R2S1 R2S2 
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SFTMP Snowfall 

temperature (°C) 
-8.06  
(0.00) 

-15.08  
(0.00) 

-12.18  
(0.00) 

-1.03  
(0.31) 

-9.32  
(0.00) 

CN2 Initial SCS runoff 

curve number for 

moisture condition 

-10.75  
(0.00) 

-17.76  
(0.00) 

-15.25  
(0.00) 

-22.50  
(0.00) 

-11.22  
(0.00) 

SMFMX Maximum melt 

rate for snow 

during year (occurs 

on summer 

solstice) (mm 

H2O/°C/day) 

-4.89  
(0.00) 

-6.72  
(0.00) 

-2.54  
(0.01) 

-0.32  
(0.75) 

-3.47  
(0.00) 

SMTMP Snow melt base 

temperature (°C) 
4.28  
(0.00) 

11.45  
(0.00) 

7.91  
(0.00) 

0.76  
(0.45) 

4.43  
(0.00) 

CH_N2 Manning's "n" 

value for the main 

channel 

3.22  
(0.00) 

1.69  
(0.09) 

2.70  
(0.01) 

-0.73  
(0.47) 

1.16  
(0.25) 

SMFMN Minimum melt rate 

for snow during the 

year (occurs on 

winter solstice) 

(mm H2O/°C/day) 

-1.19  
(0.23) 

-1.97  
(0.05) 

-0.10  
(0.92) 

-0.87  
(0.38) 

-0.77  
(0.44) 

SLSUBBSN Average slope 

length (m) 
5.04  
(0.00) 

5.54  
(0.00) 

3.32  
(0.00) 

8.65  
(0.00) 

4.85  
(0.00) 

CH_N1 Manning's "n" 

value for the 

tributary channels 

-0.18  
(0.86) 

0.44  
(0.66) 

0.72  
(0.47) 

-0.45  
(0.65) 

-0.06  
(0.95) 

SOL_K Saturated hydraulic 

conductivity 

(mm/hr) 

-2.63  
(0.01) 

-1.98  
(0.05) 

-2.49  
(0.01) 

-8.57  
(0.00) 

-2.57  
(0.01) 

GW_REVA

P 

Groundwater 

"revap" coefficient 
-1.21  
(0.23) 

-1.19  
(0.23) 

1.34  
(0.18) 

1.34  
(0.18) 

-0.80  
(0.43) 

CANMX Maximum canopy 

storage (mm H2O) 
0.05  
(0.96) 

-0.31  
(0.75) 

0.69  
(0.49) 

-0.06  
(0.95) 

-0.01  
(0.99) 

HRU_SLP Average slope 

steepness (m/m) 
-0.87  
(0.38) 

-2.17  
(0.03) 

-0.25  
(0.80) 

-4.60  
(0.00) 

-0.46  
(0.65) 

RES_K Hydraulic 

conductivity of the 

reservoir bottom 

(mm/hr) 

-1.46  
(0.14) 

2.14  
(0.03) 

0.11  
(0.91) 

5.33  
(0.00) 

0.15  
(0.88) 

GW_DELA

Y 

Groundwater delay 

(days) 
-1.45  
(0.15) 

-0.51  
(0.61) 

0.71  
(0.47) 

-0.25  
(0.81) 

-1.60  
(0.11) 

EVRSV Lake evaporation 

coefficient 
-0.60  
(0.55) 

3.36  
(0.00) 

0.66  
(0.51) 

1.37  
(0.17) 

-0.49  
(0.63) 

TIMP Snow pack 

temperature lag 

factor 

-0.02  
(0.98) 

-0.04  
(0.97) 

-0.73  
(0.46) 

-0.06  
(0.95) 

-0.10  
(0.92) 

ESCO Soil evaporation 

compensation 

coefficient 

-0.11  
(0.91) 

 

-1.82  
(0.07) 

-0.13  
(0.90) 

-0.95  
(0.34) 

0.11  
(0.91) 

GWQMN Threshold water 

level in the shallow 

aquifer for the base 

flow (mm) 

0.26  
(0.79) 

 

0.47  
(0.64) 

-0.82  
(0.41) 

-0.89  
(0.38) 

0.02  
(0.99) 
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PLAPS Precipitation lapse 

rate (mm H2O/km) 
-0.33       
(0.74) 

-5.01  
(0.00) 

-2.70  
(0.01) 

-2.54  
(0.01) 

-0.89  
(0.38) 

OV_N Manning's "n" 

value for overland 

flow 

-2.51  
(0.01) 

0.42  
(0.67) 

0.44  
(0.66) 

1.53  
(0.13) 

-2.11  
(0.04) 

REVAPMN Threshold depth of 

water in the 

shallow aquifer for 

"revap" to occur 

(mm) 

0.08  
(0.94) 

-0.23  
(0.81) 

0.57  
(0.57) 

0.56  
(0.58) 

-0.03  
(0.98) 

SOL_AWC Available water 

capacity of the soil 

layer (mm 

H2O/mm soil) 

0.00  
(1.00) 

-1.89  
(0.06) 

-0.10  
(0.92) 

-0.35  
(0.72) 

0.63  
(0.53) 

NDTARGR Number of days to 

reach target storage 

from current 

reservoir storage 

-1.27  
(0.21) 

0.44  
(0.66) 

1.48  
(0.14) 

2.48  
(0.01) 

-0.46  
(0.65) 

ALPHA_B

F 

Baseflow alpha 

factor (1/day) 
0.37  

(0.71) 
-0.47  
(0.64) 

1.10  
(0.27) 

1.70  
(0.09) 

0.59  
(0.55) 

SOL_Z Depth from soil 

surface to the 

bottom of the layer 

(mm) 

3.89  
(0.00) 

2.43  
(0.01) 

2.40  
(0.02) 

4.75  
(0.00) 

3.87  
(0.00) 

TLAPS Temperature lapse 

rate (°C/km) 
-0.44  
(0.66) 

8.91  
(0.00) 

1.25  
(0.21) 

3.02  
(0.00) 

0.21  
(0.83) 

SURLAG Surface runoff lag 

coefficient 
-0.53  
(0.60) 

-0.03  
(0.98) 

0.11  
(0.91) 

0.18  
(0.85) 

-1.35  
(0.18) 

EPCO  Plant uptake 

compensation 

factor 

1.56  
(0.12) 

1.34  
(0.18) 

-2.29  
(0.02) 

0.66  
(0.51) 

1.14  
(0.25) 

1,  format the T and P values is   T (P) 

2,  For P values less than 0.01, we use “0.00” in the above table.   

 

Point #6 

Comment 3 Caption of Fig. 2, note that should be ‘ baseline simulation does NOT consider management 

activities’. 

Response: We corrected this mistake. 

 

Point #7 

Comment 4 Line 279. “Management schemes developed and evaluated in this study will be transferable 

and applicable to future SWAT and other watershed models applications for investigating water cycling 

that is influenced by reservoir operations and water withdrawal for irrigation across broader spatial 

scales” Which are the developed schemes? It was my understanding that the Authors employed SWAT 

and RiverWare without any modification to them. 
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Response:  Although we did not develop new algorithms, this study combined the widely used 

watershed model (SWAT) with the reservoir management model (RiverWare) in investigating 

management impacts on streamflow simulations, and set an example for future application of the 

two models to better investigate hydrology in managed watershed. We agree with the reviewer 

that it is necessary to make the statement more specific and accurate:  

“Management schemes employed and evaluated in this study will be transferable and applicable to future SWAT 

and other watershed models applications for investigating water cycling that is influenced by reservoir operations 

and water withdrawal for irrigation across broader spatial scales.” 

 
 

Point #8 

Comment 5 Eq. (1): Vnet seems to me like the water volume after one day, being Vstored the water 

stored at the beginning of the day. Please clarify that Vflowout is the focus of the diverse management 

schemes. Eq. (4): Vflowout has been already used to indicate a volume in Eq. (1), please modify the 

notation in order to avoid confusion. 

 

Response: Thank you for the valuable suggestions. We use   

flowoutswat
V

_    and flowoutRiverWare
V

_   in equations 4 and 5 to avoid confusion with 

variables in equation 1  
 
 
 

Point #9 

Comment 6 Line 207: delete water after release. 

Response:  We deleted the second ‘water’.  

 

Point #10 

Comment 7 Line 321-323: “The irrigation operation scheme that used surface water as the single source 

may have introduced uncertainties to streamflow simulations, since ground water is also an important 

water source for irrigation, particularly in dry years in the YRB”. The choice of using surface water as the 

single source for the irrigation surely introduce (increasing, by e.g., lack of knowledge on some 

parameter, or reducing, e.g., by inserting salient dynamics in the model) uncertainties to streamflow, but 

I think that in the context of the sentence this choice has to be seen as a ‘bias’ to the streamflow 

simulations, i.e., streamflow are biased by having choice to consider only surface water bodies. 

Response: Thank you for the valuable suggestions and we improved this sentence as follows:  

“Streamflow simulations are biased by considering only surface water bodies since groundwater 

is also an important water source for irrigation, particularly in dry years in the YRB” 
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Point #11 

Caption of Fig. 6: is it R2S1 based on SWAT or RiverWare? 

Response: It is from RiverWare. We corrected this mistake as follows:  

 

“Figure 6. Calibration and validation results under the R2S1 scenario (RiverWare for reservoir operation 

and surface water as the water source for irrigation)” 
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 10 
Abstract.  Water management substantially alters natural regimes of streamflow through modifying retention time and water exchanges 11 

among different components of the terrestrial water cycle. Accurate simulation of water cycling in intensively managed watersheds, such as the 12 

Yakima River Basin (YRB) in the Pacific Northwest of the U.S., faces challenges in reliably characterizing influences of management 13 

practices (e.g., reservoir operation and cropland irrigation) on the watershed hydrology. Using the Soil and Water Assessment Tool (SWAT) 14 

model, we evaluated streamflow simulations in the YRB based on different reservoir operation and irrigation schemes. Simulated streamflow 15 

with the reservoir operation scheme optimized by the RiverWare model better reproduced measured streamflow than the simulation using 16 

default SWAT reservoir operation scheme. Scenarios with irrigation practices demonstrated higher water losses through evapotranspiration 17 

(ET), and matched benchmark data better than the scenario that only considered reservoir operations. Results of this study highlight the 18 

importance of reliably representing reservoir operations and irrigation management for credible modeling of watershed hydrology. Both 19 

SWAT and RiverWare are community-based and have been widely tested and applied for reservoir operations and agricultural watershed 20 

modeling in regions across the globe. As such, tThe methods and findings presented here hold the promise to apply to other intensively 21 

managed watersheds to enhance water resources assessment.  22 

 23 

Keywords: Reservoir operation; Irrigation; Managed watershed; RiverWare; SWAT 24 

 25 

1. Introduction 26 

Ever-intensifying human activities have profoundly affected terrestrial water cycling across the globe (Jackson et al., 2001), 27 

particularly at the watershed scale (Vörösmarty and Sahagian, 2000;Yang et al., 2015;Yang et al., 2014). Water management 28 

substantially alters natural regimes of streamflow through modifying retention time and water exchanges among different 29 
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components of the terrestrial water cycle (Haddeland et al., 2007). Hydrologic consequences of management activities should 30 

be explicitly investigated for effective water resource management (Siebert et al., 2010), especially for watersheds striving to 31 

maintain sustainable water supply for multiple users. Accurate simulation of water cycling in intensively managed watersheds 32 

faces challenges in reliably characterizing influences of management practices (e.g., reservoir operations and cropland 33 

irrigation) on the hydrologic cycling (Wada et al., 2017). Explicit analyses of how model representations of water 34 

impoundments and withdrawals would affect hydrologic modeling are needed to advance knowledge of water cycling in 35 

managed watersheds. 36 

Construction of dams and reservoirs has substantial influences on the magnitude and variability of downstream runoff 37 

(Lu and Siew, 2006;Vicente-Serrano et al., 2017). For example, reservoir operations reduced 9% - 25% of summer runoff to 38 

the Pacific Ocean in western U.S. and Mexico (Haddeland et al., 2007). In heavily dammed regions, reduction of streamflow 39 

following dam construction even reached 100% (Graf, 1999). Reserv areaoir operations affect the temporal variability of 40 

streamflow at multiple temporal scales in different regions across the globe (Huang et al., 2015;Zajac et al., 2017). Regulated 41 

streamflow from reservoirs to downstream areas contributes to attenuating flood peaks and volumes, but could increase 42 

baseflow in dry seasons (Batalla et al., 2004). 43 

Reliable representation of reservoir operations in hydrological models is critical for credible simulation of water 44 

cycling (Coerver et al., 2018). To characterize impacts of reservoir operations on watershed hydrology, multiple methods have 45 

been developed to simulate reservoir releases. These models include mathematical tools which optimize water release for 46 

achieving management objectives, simulation models which consider physical processes of water cycling in reservoirs to allow 47 

users to evaluate impacts of different management alternatives on reservoir storages and releases, and a combination of these 48 

two types of models for reservoir planning and management (Branets et al., 2009;Dogrul et al., 2016;Yeh, 1985). Among these 49 

models, the RiverWare model and models developed based on RiverWare consider both management policies and physical 50 

processes (Zagona et al., 2001), and have proven capability of simulating reservoir storages and downstream flows. However, 51 

how reservoir operations affect watershed hydrology is still not explicitly examined. 52 

In addition to reservoir operations, cropland irrigation also affects watershed hydrology. Water withdrawal for 53 

irrigation has been widely adopted to increase crop production in arid and semi-arid regions. Water redistribution through 54 

irrigation enhances water and energy fluxes between soils and the atmosphere (Rost et al., 2008;Sacks et al., 2009), and results 55 

in elevated water loss through evapotranspiration (Hao et al., 2015;Malek et al., 2017;Polo and Losada, 2016), and depletion 56 

of water resources (Aeschbach-Hertig and Gleeson, 2012)  in different regions of the world. To better simulate impacts of 57 

irrigation, numerical models have been developed to quantify water fluxes among soils, vegetation, and water bodies induced 58 

by irrigation (Leng et al., 2013;Santhi et al., 2005). Impacts of irrigation on watershed hydrology should be further evaluated 59 

to application of this tool for effective management of water resources in basins with competing demands for water.  60 
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The Soil and Water Assessment Tool (SWAT) has been widely used to simulate water cycle dynamics in response to 61 

management practices across the watershed and regional scales (Arnold et al., 1998). Previous studies indicated that the default 62 

SWAT reservoir operation scheme  which simulates water release based on target storages may either overestimate reservoir 63 

storages in no-flood seasons (Lv et al., 2016), or underestimate water releases when actual reservoir storages are lower than 64 

target storages (Wu and Chen, 2012). SWAT simulates water withdrawal for irrigation from different water sources (e.g., 65 

reservoirs, streams, and groundwater aquifers). Multiple efforts have employed SWAT to evaluate impacts of different 66 

irrigation practices on watershed hydrology (Ahmadzadeh et al., 2016;Chen et al., 2017;Maier and Dietrich, 2016), and 67 

emphasized the importance of balancing water supply and irrigation demands in hydrologic simulations. However, applicability 68 

of SWAT in watersheds with interacting reservoir operations and irrigation has not been well studied, and thus deserves further 69 

investigation to inform effective water resource management. 70 

The Yakima River Basin (YRB) in the Pacific Northwest of the U.S. has been regulated for regional hydropower, 71 

flood control, fishery, crop cultivation, and drinking water supply. Water supply for irrigation is one of the most important 72 

water resource management objectives in the YRB (USBR, 2012). The Yakima River Reservoir system supplies water to 73 

180,000 hectares of cropland through the operation of five reservoirs which store ca. 30% of the mean annual runoff of the 74 

basin (Vano et al., 2010). Reservoir operations and cropland irrigation in the YRB altered historical streamflow regimes, 75 

resulted in severe low flow, and elevated flow events. Since the 1990s, increasing demands for irrigation, municipal water 76 

consumption, and critical environmental flow for conserving wildlife habitats in the context of climate change have challenged 77 

water resource management in the basin. Thus, there is an urgent need to reliably simulate water cycling in the basin to provide 78 

a solid basis for policy formulation and management actions which strive to achieve a balance among water demands for 79 

different purposes (Poff et al., 2003). 80 

In recognition of the challenges in modeling hydrology in heavily managed watersheds, this study aimed to explore 81 

how different schemes of reservoir operations and irrigationinvestigated  impacts of water management on affect streamflow 82 

modeling in the YRB. Using the YRB as a testbed, we evaluated streamflow simulations with different model representations 83 

of management activities. The knowledge discovered through our numerical experiments is expected to help understand 84 

uncertainties in water cycling simulations resulted from water management representations in hydrological models. 85 

Specifically, oObjectives of this study are to (1) examine how different representations of reservoir operations influence 86 

watershed streamflow simulations, and (2) assess impacts of cropland irrigation on watershed hydrology. Both SWAT and 87 

RiverWare are community models that have been widely tested and applied in diverse regions across the globe, as evidenced 88 

by the numerous peer-reviewed publications in the fields of reservoir operation 89 

(https://www.colorado.edu/cadswes/publications/journal-articles) and watershed modeling 90 

(https://www.card.iastate.edu/swat_articles/). Therefore, mMethods and findings derived from this study hold the promise to 91 

provide valuable information for improving hydrologic modeling in intensively managed basins across the globe. 92 
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2. Materials and methods 93 

2.1. Study area 94 

 95 

[Figure 1] 96 

The Yakima River Basin (Figure 1) is located in central Washington, U.S. (N45.98 ~47.60° N, W121.53~119.20° W). The 97 

basin has a semi-arid climate with a Mediterranean precipitation pattern. Winters are cold, with a mean temperature of 28.5-98 

2.1 °FC. Annual average precipitation is ca. 675 mm, with an average snowfall of 21.7 inches (55.1 cm)550 mm, occurring 99 

mainly in December and January. Rangeland, forest, and cropland,  are the primary land uses in the basin, and cover 36%, 100 

33%, and 28% of the study area (Vaccaro and Olsen, 2007), respectively. Dams were built throughout the basin for the irrigated 101 

agriculture. There are five big reservoirs in the YRB, including Keechelus, Kachess, Cle Elum, Bumping, and Rimrock (Figure 102 

1). (Malek et al., 2016) reported that the YRB experienced major droughts in 20% of the years between 1980 and 2010, and 103 

the frequency may double in the future. It is expected that the increasing competition for water from multiple users, especially 104 

for irrigation, fishery, and wildlife habitats, may escalate in the coming decades (Miles et al., 2000).  105 

2.2. Management Schemes in SWAT and RiverWare model 106 

2.2.1. Reservoir operation schemes 107 

 108 

[Table 1] 109 

Settings of the five reservoirs, including locations, height, storage capacity, operating purpose, and surface area were compiled 110 

and added to SWAT input files (Table 1). We use three scenarios (R0, R1, and R2) to evaluate reservoir operation simulations 111 

in the YRB. Scenario R0 does not simulate reservoir operations and we use it as a baseline scenario. Scenario R1 uses the 112 

SWAT model’s built-in reservoir management schemes which specifies monthly target volumes for managed reservoirs 113 

(Neitsch et al., 2011). Under the R2 scenario, the SWAT model uses reservoir releases calculated by the RiverWare model as 114 

the outflow from these reservoirs to downstream reaches. 115 

The SWAT model calculates water balance for a reservoir on a daily scale as follows: 116 

seepVevapVpcpVflowoutVflowinVstoredVnetV                                    (1) 117 

where Vnet is net volume changes of a reservoir on a given day (m3 water); Vstored is the water stored in a reservoir at the 118 

beginning of a day (m3 water); Vflowin is the water entering a reservoir in one day (m3 water); Vflowout is the amount of water 119 

release to downstream reaches of a reservoir  (m3 water); Vpcp is the amount of water falling to a reservoir in one day (m3 120 



5 

 

water); Vevap is the water loss through evaporation from a reservoir (m3 water); Vseep is the amount of water loss through 121 

seepage in a reservoir (m3 water). 122 

Under the R1 scenario, the target release approach calculates reservoir storage using the following equations: 123 

emVtV arg , if endfldmonmonbegfldmon ,,                                       (2) 124 

 prVemV
FC

SW

prVtV 



















2

1,min1

arg , if begfldmonmon ,  or endfldmonmon ,        (3) 125 

where argtV  is the target reservoir storage of a given day (m3 water); emV  is the volume of reservoir for filling to the 126 

emergency spillway (m3 water ); mon  is the month of the year; begfldmon ,  is the beginning month of a flood season;127 

endfldmon ,  is the ending month of the flood season; prV  is the reservoir volume when filled to the principal spillway (m3 128 

water); SW  is average soil water content (mm) on a given day, and FC  is field capacity (mm).  129 

With the target volume is determined, the reservoir outflow ( flowoutswatV _ , m3/day) in default SWAT for a given 130 

day is calculated as follows:  131 

arg

arg
_

tND

tVstoredV

flowoutswatV


                                                          (4) 132 

where storedV  is the volume of water stored in the reservoir on a given day; and argtND  is the number of days required for 133 

the reservoir to reach the target storage. 134 

Under the R2 scenario, outflow from a reservoir is calculated based on the estimated daily release provided by the 135 

RiverWare model as follows: 136 

outqflowoutRiverWarV  86400_                                                       (5) 137 

where flowoutRiverWareV _  is the volume of water flowing out of a reservoir in one day (m3) and outq  is the outflow 138 

rate estimated by RiverWare (m3/s). 139 
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RiverWare simulates operations and scheduling of reservoir management objectives, including hydropower 140 

production, flood control, and irrigation (Zagona et al., 2001). RiverWare can model a variety of physical processes for 141 

reservoirs with computational time steps ranging from one hour to one year. In RiverWare simulations, the solver is based on 142 

operating rules or operating policies that provide instructions for operation decisions such as reservoir releases (Zagona et al., 143 

2001). The rules are strictly prioritized, with high priority rules requiring that reservoir release should not be less than the 144 

minimum flow for downstream reaches; whereas a low priority rule requires that reservoir storage should fit a seasonal guide 145 

curve value. Conflicts are resolved by giving higher priority rules precedence. This model has been applied to the YRB to 146 

simulate outflow from the reservoirs (USBR, 2012). 147 

2.2.2. Irrigation representation in the SWAT model 148 

SWAT irrigation schemes consider multiple water sources including reservoirs, streams, shallow aquifers, and sources outside 149 

the watershed. Irrigation can be triggered by a water stress threshold (a fraction of potential plant growth). In SWAT, water 150 

stress is simulated as a function of actual and potential plant transpiration: 151 

tE

actualupw

tE

acttE
wstr  1

,
1                                                (6) 152 

where wstr   is the water stress; tE  is the potential plant transpiration (mm/day); acttE ,  is the actual amount of transpiration 153 

(mm/day) and actualupw  is the total plant water uptake (mm/day). The plant water uptake is a function of the maximum plant 154 

transpiration, a water-use distribution parameter, the depth of the soil layer and the depth of plant root. In the SWAT auto 155 

irrigation algorithm, irrigation is applied when the water stress factor falls below a predefined threshold. Irrigation will increase 156 

soil moisture to field capacity, if irrigation water sources could provide enough water. We conducted two additional simulations 157 

by assuming that irrigation water was withdrawn from reservoirs and streams (R2S1), or groundwater (R2S2), based on the 158 

simulations with RiverWare reservoir schemes (R2). 159 

2.3. Model setup, sensitivity analyses, and simulations 160 

 161 

[Table 2] 162 

 163 

We used a plethora of geospatial datasets to parameterize and drive hydrological simulations in the YRB (Table 2). Topography 164 

information was derived from U.S. Geological Survey (USGS) National Elevation Dataset (NED) (https://lta.cr.usgs.gov/NED) 165 

with a spatial resolution of 30 meters. The U.S. Department of Agriculture (USDA) Cropland Data Layer (CDL) 166 
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(https://nassgeodata.gmu.edu/CropScape/) with a spatial resolution of 30 meters was used to obtain land covers including 167 

shrubland, forestland, grassland, developed land and barren land, cultivated land and orchard in the YRB (Figure 1).  We 168 

derived daily climate data for the period of 1980-2012 from North America Land Data Assimilation System (NLDAS) 169 

(https://ldas.gsfc.nasa.gov/nldas/NLDAS2forcing.php). In addition, we obtained nitrogen and phosphorus fertilizer application 170 

rates (USDA-ERS, 2018), tillage intensity (CTIC, 2008 ), and planting and harvesting (USDA, 2010) for crop management. 171 

When defining hydrologic response units (HRUs), we used thresholds of 20%, 10%, and 10% for land use types, soil classes, 172 

and slop groups, respectively. The SWAT model divides the YRB into 181 subbasins and 1950 hydrologic response units 173 

(HRUs). Streamflow simulations in four subbasins (Figure 1) with long-term observations were explicitly examined to evaluate 174 

how different schemes affected model performances. To evaluate SWAT ET simulations, We alsowe collected compiled the 175 

annual Moderate Resolution Imaging Spectroradiometer (MODIS) evapotranspiration (ET) data for the study area.  The 176 

MODIS ET data were produced using the Penman-Monteith equation and remotely sensed land cover/ Leaf Area Index (LAI) 177 

information, with a spatial resolution of 1 km to evaluate SWAT ET simulations (Mu et al., 2011).  178 

 We quantified parameter sensitivities with a global sensitivity method described by (Abbaspour et al., 2017), which 179 

employs model runs driven by randomly sampled parameter sets, a multi-regression approach, and a T-test to identify and rank 180 

sensitive parameters.. Sensitivity analysis for SWAT simulations in the YRB is computationally expensive. For each scenario, 181 

we spent about three weeks to run SWAT 10000 times (Zhang et al., 2009a;Zhang et al., 2009b) to understand parameter 182 

sensitivity and minimize the discrepancy between simulations and observations under different scenarios. We used the Nash–183 

Sutcliffe efficiency coefficient (Ens) (Nash and Sutcliffe, 1970) and correlation coefficient (rR) (Legates and McCabe, 1999) 184 

as the metrics to evaluate model performance.  185 

3. Results 186 

3.1.  Parameter sensitivity under different scenarios 187 

 188 

[Table 3] 189 

 190 

Table 3 shows the ranking of parameter sensitivity under different scenarios. In general, selected parameters demonstrated 191 

similar sensitives among all scenarios, particularly for the ten most sensitive parameters, indicating snow melting (SMFMX, 192 

SFTMP and SMTMP), soil water dynamics (CN2, SOL_k, and SOL_Z), and water routing (CH_N2 and SLSUBBSN) are 193 

critical for water cycling in the basin (Tables 3 and S1). In general, selected parameters demonstrated similar sensitives among 194 

all scenarios, particularly for the ten most sensitive parameters, indicating that the five scenarios captured critical processes 195 

regulating water cycling in the basin. For all scenarios, the most sensitive parameters are CN2 and the snow factors, including 196 

SFTMP, SMTMP, SMFMX, SMFMN, and TIMP, indicating that snowmelt is the key hydrological process in the YRB. SWAT 197 
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uses the Soil Conservation Service curve number method (SCS-CN) to predict runoff. As a result, parameter CN2 affects the 198 

partition of water between surface runoff and infiltration, and has significant impacts on streamflow estimates. We also 199 

observed that sensitivities of several parameters were different among the five scenarios. Specifically, parameters relevant to 200 

reservoir operations or irrigation management, including the RES_K and NDTARGR, played key important roles in simulations 201 

with reservoir operations. The differences could be attributed to the inclusion of reservoir operation and irrigation schemes, 202 

and further suggest that significant impacts of the management activities on water cycling should be considered in hydrologic 203 

modeling. Note that although the inclusion of management activities altered the sensitivity of reservoir and irrigation related 204 

parameter, snow melting and soil water dynamics may still play the fundamental role in water cycling, as evidenced by the 205 

high sensitivity of CN2 and SFTMP.   206 

3.2. Streamflow simulations under different reservoir operation scenarios (R0, R1, and R2) 207 

 208 

[Figure 2] 209 

 [Figure 3] 210 

[Figure 4] 211 

Without considering impacts of reservoir operations and water withdrawals on water cycling, the R0 scenario demonstrated 212 

poor performance in streamflow simulations (Figure 2, Table S2). Streamflow simulations in R1 and R2 were significantly 213 

improved when reservoir operation schemes were added to SWAT, which further confirmed the importance of considering 214 

reservoir operations in hydrologic modeling in the YRB. Note that reservoirs either increase or reduce streamflow, as reservoirs 215 

could increase water release water in dry seasons, or retain upstream water for flood control in wet seasons. In addition, 216 

streamflow simulated in the R2 scenario (average correlation coefficient of 0.59) showed a better agreement with measured 217 

flow than that of the R1 scenario (average correlation coefficient of 0.57). R2 exhibits better Ens and r in three of the four 218 

subbasins than R1 (Table S2), indicating that reservoir outflow estimated by RiverWare more accurately simulated water 219 

releases than the default reservoir operation scheme in SWAT. The streamflow simulations in subbasins 67 and 99 were more 220 

sensitive to the different reservoir schemes, as evidenced by greater improvements in the Ens and r R values than those of the 221 

other two downstream subbasins (Figures 3 and 4).  222 

[Figure 5] 223 

We also compared ET simulations of the YRB under the three scenarios (R0, R1, and R2). Specifically, monthly ET 224 

of the R0 scenario was lower than the other two scenarios (Figure 5). ET estimates increased in May and June, but decreased 225 

in winter forin R1 and R2 simulations (Figure S1). In addition, annual ET increased by 7.83% and 8.05% for R1 and R2 226 
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simulations relative to the R0 simulation, respectively (Figure 5). The changes could be attributed to increased evaporation 227 

from reservoirs. 228 

3.3. Streamflow and ET simulations under the two irrigation operation scenarios (R2S1 and R2S2) 229 

3.3.1. Streamflow and ET 230 

 231 

                                                                                  [Figure 6] 232 

[Figure 7] 233 

Settings of scenario R2S1, which used reservoirs and streams as water sources for irrigation, are consistent with the actual 234 

irrigation practices in the YRB where surface water is the primary irrigation water source (Figure 6). For the R2S2 scenario, 235 

shallow groundwater was assumed to be the water source for irrigation (Figure 7). Consequently, streamflow simulations under 236 

the scenario R2S1 matched observations better than that in R2S2. Compared with the R2 scenario, the simulated flow decreased 237 

by 24.87% and 31.29% in R2S1 and R2S2, respectively.  238 

[Figure 8] 239 

ET is an important component of terrestrial water cycling and this variable is used in the calculation of irrigation 240 

demand in SWAT simulations. Figure 8 compares simulated monthly ET of the irrigation scenarios (R2S1 and R2S2) with the 241 

RiverWare reservoir operation scenario (R2) which did not consider irrigation. The mean monthly ET rates of the irrigation 242 

scenarios (R2S1 and R2S2) were significantly higher (85% and 63% for R2S1 and R2S2, respectively) than simulations without 243 

irrigation, particularly during March-July, when irrigation was applied to support crop growth. 244 

[Figure 9] 245 

We further compared the simulated annual ET in the R2S1 and R2 scenarios, and evaluated model simulations against 246 

the MODIS ET data (Figure 9). We observed substantially underestimated low cropland ET in the R2 scenario relative to the 247 

R2S scenarioMODIS ET. Specifically, Wwhen irrigation was included in our simulation, biases in SWAT ET estimates were 248 

reduced from 38% to 14%, compared with the MODIS ET dataincreased by ca. 85% at the annual scale. Monthly scale 249 

comparison showed that increases in ET mainly occurred in growing seasons (April to August, Figure S2). . The comparison 250 

demonstrated that inclusion of irrigation schemes achieved better estimates of water losses during irrigation, and contributed 251 

to enhancing streamflow simulations (Figure 6). In addition to magnitude, the irrigation scenario (R2S1) also simulated well 252 

interannual variability of ET, as evidenced by the high coefficient of determination in the scatter plot against MODIS ET 253 

estimates based on remote sensing data (Figure 9Supplementary Material Figure S3)). 254 
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3.3.2. Irrigation water consumption 255 

The mean annual irrigation depth for the irrigation scenarios of R2S1 and R2S2 was 480.66 mm/year and 228.46 mm/year, 256 

respectively. Under the R2S1 scenario, water for irrigation was provided by the five reservoirs in the corresponding subbasins; 257 

in subbasins without reservoirs, irrigation water was withdrawn from local streams. Average irrigation water was higher in the 258 

R2S1 scenario than that of R2S2. There are notable differences in irrigation depths for different crop species between the two 259 

irrigation scenarios. In general, the irrigation water consumption for all crops was higher in the R2S1 scenario than that of the 260 

R2S2 scenario.  261 

3.4. Management impacts on watershed hydrology 262 

As indicated by the improved Ens and r R values, streamflow simulations under scenarios simulating both reservoir operations 263 

and irrigation schemes (R2S1 and R2S2) are more comparable with observations than those of the baseline scenario (R0) which 264 

does not consider water management activities in the simulation. Reservoirs have contributed to streamflow increases in dry 265 

periods and streamflow reduction in wet seasons by regulating water storage and release. Compared with the baseline scenario 266 

(R0), we found reductions in simulated streamflow in the scenarios that consider reservoir and irrigation operations, indicating 267 

that water withdrawal for irrigation tends to reduce streamflow as a result of enhanced water loss through ET.  268 

ET in the composite scenarios (R2S1 and R2S2) was higher than the R0 scenario, which can be attributed to the 269 

elevated evaporation from reservoirs and irrigated cropland. Direct evaporation from reservoirs increased by 7% - 8% over the 270 

study period (1980s to 2010) due to improved simulation of reservoir surface areas in the R1 and R2 simulations relative to the 271 

R0 simulation. Irrigation practices led to more pronounced increases in ET in R2S1 and R2S2 simulations as compared with 272 

that of R2 (Figure 8). These results indicate that irrigation may have more pronounced impacts on water cyclingET through 273 

stimulating ET across the basin than reservoir operations in the study area. . 274 

4. Discussion 275 

4.1.  SWAT simulation of water cycling in response to management activities 276 

In recent decades, water users of the YRB passed the Yakima River Integrated Water Management Plan, which is a 277 

comprehensive agreement that advances water infrastructures and management (USBR, 2012). Enhanced hydrologic modeling 278 

provided by this study will provide valuable information for goals of the Integrated Plan, which requires accurate streamflow 279 

information to manage water resources to meet ecological objectives as well as to secure water supply for domestic uses.  280 

Although previous investigations highlighted the importance of irrigation and reservoir management to water balance 281 

and availability (Hillman et al., 2012;Malek et al., 2014), joint impacts of these two water management practices on watershed 282 

hydrology have not been fully understood. In recognition of this challenge, we enhanced SWAT representations of the two 283 

critical water management activities, including reservoir operations and irrigation, to constrain uncertainties in hydrologic 284 

simulations. We achieved improved model performances through including the two activities in the SWAT modeling 285 



11 

 

framework. The simulated streamflow was generally lower in simulations with management activities than the baseline 286 

simulation (R0). Without including reservoir management and irrigation, SWAT may overestimate streamflow due to the 287 

unreasonably estimated water loss through ET.  288 

Water management activities have altered natural hydrological cycling and posed challenges to reliable simulation of 289 

watershed hydrology. The YRB is a typical watershed that is regulated to support agricultural production. Maintaining 290 

sustainable water supply in basins like the YRB calls for sound understanding of hydrological impacts of management activities. 291 

Management schemes developed and evaluated in this study will be transferable and applicable to future SWAT and other 292 

watershed models applications for investigating water cycling that is influenced by reservoir operations and water withdrawal 293 

for irrigation across broader spatial scales. 294 

4.2. Water cycling under reservoir operation scenarios 295 

Reservoir operations have both direct and indirect impacts on streamflow. Water release from reservoirs directly affects the 296 

magnitude and variability of streamflow in downstream reaches. Dam and water diversion operations determine the amount 297 

and timing of water discharge to downstream river channels. As a result, reservoir operations may either attenuate flood peaks 298 

in wet seasons, or increase streamflow in dry years in compliance with minimum instream flow policies (Yoder et al., 2017). 299 

In addition, multiple hydrological processes, such as vertical flow in surface or subsurface waters, water routing, evaporation, 300 

precipitation and microclimate, are also responsive to reservoir operations (Lv et al., 2016). Our simulations suggested that 301 

reservoir operations altered both streamflow and ET in the YRB. 302 

Most precipitation in the YRB occurs in winter as snowfall. Snowpack serves as a water reservoir for spring and 303 

summer streamflow. Consequently, streamflow is high in spring but low in summer. As shown in Table 1, most of the reservoirs 304 

were built to support cropland irrigation. Presence of reservoirs positively contributed to water availability in dry periods. 305 

Water storage management in reservoirs is one adaptation strategy particularly applicable to snowmelt-dominant watersheds 306 

like the YRB which experiences water scarcity during the summer irrigation season (Yoder et al., 2017), and thus alters natural 307 

flow regimes. Without representing reservoir regulations, SWAT simulations failed to reasonably reconstruct temporal 308 

variability in streamflow (R0 scenario). Results of this study indicated that reservoir algorithms based on RiverWare (R2) were 309 

relatively more realistic compared with the default reservoir operation algorithms in SWAT (R1), as evidenced by the improved 310 

model performances. Enhanced model performances in the R1 and R2 scenarios further corroborated the significant impacts 311 

of reservoir operations on seasonal patterns of streamflow (Adam et al., 2007). 312 

Compared with the baseline scenario (R0), R1 and R2 simulations showed that the ET rates increased considerably 313 

from April to September due to reservoir operation. Direct evaporation from reservoirs increased under the R1 and R2 scenarios 314 

because of improved estimates of reservoir surface areas. Consideration of such an impact on ET in the R1 and R2 scenarios 315 

also contributed to enhanced model performances relative to the baseline scenario (R0).  316 
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4.3. Impacts of irrigation on water cycling 317 

Water withdrawal for irrigation has increased pressures on maintaining sustainable water resources in the YRB (Malek et al., 318 

2017). Insufficient water supply for agricultural production, drinking water supply, and environmental flows has raised 319 

concerns on the local economy and ecosystem integrity (Hillman et al., 2012). Due to the significant impacts on soil moisture 320 

and plant growth, the amount and timing of irrigation have influences on ET losses and watershed hydrology (Maier and 321 

Dietrich, 2016). As a result, the irrigation impacts on streamflow should be evaluated to provide reliable estimates of streamflow 322 

in basins like the YRB to help balance the water supplies and demands for effective water resource management. 323 

As reported in previous studies, most of the water for agricultural irrigation was provided by surface water and one-324 

third was from groundwater in the YRB (USBR, 2012). Under the R2S1 scenario, our assumption that irrigation water was 325 

from the reservoirs and streams generally agreed with the actual water uses for irrigation in the basin. The less satisfactory 326 

model performances in the R2S2 scenario may stem from the unrealistic assumption of water sources, irrigation efficiencies, 327 

and return flow of irrigation. In addition, SWAT simulates streamflow based on water balance among multiple water pools, 328 

including shallow groundwater which is recharged by subsurface runoff (Shadkam et al., 2016). Under the R2S2 scenario, 329 

water withdrawal from the shallow renewable groundwater was used in our simulation. This simplification did not consider 330 

water withdrawal from deep nonrenewable aquifers. As a result, water availability based on shallow groundwater for irrigation 331 

and ground water recharge, may have been unreasonably estimated, and partially contributed to unsatisfactory model 332 

performances under this scenario (R2S2). 333 

To better investigate hydrological consequences of water management, future studies should further constrain 334 

uncertainties in streamflow simulations by incorporating additional reservoir management and irrigation information. Including 335 

of observed reservoir release will help improve model representations water discharge from reservoirs. In addition, model 336 

representation of irrigation should be improved in the future. NNoote that model performances of the R2S1 scenario were not 337 

substantially improved relative to the R2 scenario. The irrigation operation scheme that used surface water as the single source 338 

may have introduced uncertainties to streamflow simulations, since ground water is also an important water source for irrigation, 339 

particularly in dry years in the YRB. Future simulations need to incorporate more explicit management irrigation information 340 

about irrigated areas, the source, amount, and timing of groundwater withdrawals into hydrologic modeling to better simulate 341 

agricultural hydrology. We observed different seasonal patterns of ET under the five scenarios. How management activities 342 

affected water and energy exchanges between soil and the atmosphere should also be investigated in the future.  343 

As most reservoirs were built for irrigation in the YRB, impacts of reservoirs should be assessed jointly with the 344 

accelerating development of irrigated agriculture in the basin. Presence of reservoirs positively contributed to water availability 345 

for irrigation, particularly for dry seasons. In general, the combination of reservoir operations and irrigation have reduced 346 

streamflow in the YRB when compared with the baseline scenario (R0). This is attributable to the large amounts of water loss 347 

through ET in irrigation and additional water storage in reservoirs.  348 
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4.4. Caveats in model selection 349 

Among the multiple modeling scenarios, we found that linking RiverWare reservoir model with SWAT achieved 350 

better performance than those model structures that reply on simplified reservoir operations, as evidenced by the relatively 351 

higher correlation coefficient and Ens. However, it is worth noting that these statistical metrics are calculated based on a limited 352 

set of hydrological variables (e.g. streamflow), but cannot guarantee other hydrological processes are well represented (Zhang 353 

et al. 2013). Therefore, we further used MODIS estimated ET and reported irrigation water demand data to justify the favorable 354 

performance of the combined SWAT-RiverWare watershed model configuration.  355 

Our model evaluation process follows the widely accepted procedures for model calibration and evaluation (Moriasi 356 

et al. 2007; Arnold et al. 2012). We also would like to point out that the complexity difference between the SWAT-RiverWare 357 

and other watershed model configurations was not explicitly considered in model evaluation. Previous research notes that 358 

model complexity is an important factor in selecting the most robust model configuration that can fulfill a specific purpose. 359 

For example, Hӧge et al. (2018) reviewed existing methods and laid the foundation for a comprehensive framework for 360 

understanding the critical role of model complexity in model selection. The lack of reliable prior knowledge of the model 361 

structure and associated model parameters makes it difficult to directly consider model complexity here. However, the 362 

framework laid out by Hӧge et al. (2018) deserve further exploration in comparing the performance of different watershed 363 

model configurations in the future. 364 

5. Conclusions 365 

Reservoir operations and irrigation have substantial impacts on water cycling globally. Hydrologic simulation in the managed 366 

basins faces challenges in reliably characterizing water management activities. This study assessed the hydrological impacts of 367 

reservoir systems and irrigation practices through numerical model experiments with SWAT. Reservoir operation 368 

representations by coupling the RiverWare model and SWAT significantly improved streamflow simulations. We achieved 369 

reasonable model performances in the scenario using reservoirs and streams as the water sources for irrigation, since these 370 

assumptions are consistent with the actual irrigation practices in the basin. Model simulations suggested that reservoir 371 

operations and irrigation water withdrawal generally reduced streamflow by enhancing water loss through ET in the study area. 372 

Results of this study demonstrated importance of incorporating water management activities into hydrologic modeling. Both 373 

SWAT and RiverWare are community models that have been widely tested and applied in diverse regions across the globe, as 374 

evidenced by the numerous peer-reviewed publications in the fields of reservoir operation 375 

(https://www.colorado.edu/cadswes/publications/journal‐articles) and watershed modeling 376 

(https://www.card.iastate.edu/swat_articles/). The knowledge discovered through our numerical experiments is 377 

expected to help understand uncertainties in water cycling simulations resulted from water management representations in 378 

hydrological models. 379 
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Methods and findings derived from this study are expected to help enhance future hydrologic modeling in managed 380 

watersheds with intensive reservoir and irrigation activities.  381 

 382 

 383 

The knowledge discovered through our numerical experiments is expected to help understand uncertainties in water cycling 384 

simulations resulted from water management representations in hydrological models. 385 

 386 

 387 
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Table 1 Reservoir information of the YRB’s five reservoirs (Locations are marked in Figure 1). 

Reservoir name River 
Completion 

year 

Dam 

height 

(m) 

Active 

Capacity 

(106 m3) 

Surface 

area 

(km2) 

Bumping Bumping River 1909 19 42 5.3 

Keechelus Yakima River 1916 39 195 12.8 

Kachess Kachess River 1911 35 295 18.6 

Cle Elum Cle Elum River 1932 50 539 19.5 

Rimrock Tieton River 1924 97 244 10.2 
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Table 2 Dataset used in the SWAT simulations. 

Data type 
Spatial/TemporoalTemp
oral Resolution/scale 

Data description 

Topography 30 m Elevation 

Land use 30 m Land use classifications 

Soils 1:250,000 Soil physical and chemical properties 

Weather  
Daily data in a one-eighth 

grid resolution 

Precipitation, maximum and minimum air 
temperature, relative humidity, wind speed, 
and solar radiation. 

Hydrological 
data 

Daily Streamflow 

Dam  N/A 
Locations, completion year, height, normal 
and maximal storage capacity, operating 
purpose, and surface area 
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Table 3 Parameter sensitivity analysis under various scenarios. 

VariablePara

meters 
Description 

Lower 

limit 

Upper 

limit 

3Parameter Sensitivity rank1 of five scenarios2 

modification R0 R1 R2 R2S1 R2S2 

SFTMPSFT
MP 

Snowfall temperature (°C) -20 20 
V 

2 2 2 14 2 

CN2CN2 

Initial SCS runoff curve 
number for moisture 
conditionSCS moisture 
condition II curve number 
for pervious areas 

-1.20.9 1.2 

 
R 

1 1 1 1 1 

SMFMXSMF
MX 

Maximum melt rate for 
snow during year (occurs on 
summer solstice) (mm 
H2O/°C/day) 

0 20 

 
V 

4 5 7 24 6 

SMTMP 
Snow melt base temperature 
(°C) 

-20 20 
 

V 
 

5 3 3 18 4 

CH_N2 
Manning's "n" value for the 
main channel 

0-0.01 0.30 
 

V 
 

7 16 5 19 11 

SMFMN 

Minimum melt rate for 
snow during the year 
(occurs on winter solstice) 
(mm H2O/°C/day°C) 

0 20 

 
V 

 
15 13 28 17 15 

SLSUBBSN Average slope length (m) 10 150 V 3 6 4 2 3 

CH_N1 
Manning's "n" value for the 
tributary channels 

0.01 30 
          
         V 23 23 17 22 25 

SOL_K 
Saturated hydraulic 
conductivity of the first 
layer (mm/hr) 

-0.8 0.8 
 

R 8 12 8 3 7 

GW_REVAP 
Groundwater "revap" 
coefficient 

0.02 0.20 
 

V 
14 18 12 13 14 

CANMX 
Maximum canopy storage 
(mm H2O) 

0 100 
 

V 
26 25 19 27 28 

HRU_SLP 
Average slope steepness 
(m/m) 

0 1 
 

V 
16 10 23 6 19 

RES_K 
Hydraulic conductivity of 
the reservoir bottom 
(mm/hr) 

0 1 
 

V 11 11 26 4 22 

GW_DELAY Groundwater delay (days) 0 500 V 12 19 18 25 9 

EVRSV Lake evaporation coefficient 0 1 
 

V 
 

17 8 20 12 18 

TIMP 
Snow pack temperature lag 
factor 

0 1 
 

V 27 27 16 28 24 
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ESCO 
Soil evaporation 
compensation coefficient 

0 1 
 

V 
24 15 24 15 23 

GWQMN 
Threshold water level in the 
shallow aquifer for the base 
flow (mm) 

0 5000 
 

22 20 15 16 27 

Table 3 
(continued) 

   
 

     

GWQMN 
Threshold water level in the 
shallow aquifer for the base 
flow (mm) 

0 5000 
 

V 22 20 15 16 27 

 
 
 
Table 4 (continued) 

   

 

    

PLAPS 
Precipitation lapse rate (mm 
H2O/km) 

-10 10 
R 

21 7 6 8 13 

OV_NPLAPS 
Manning's "n" value for 
overland flowPrecipitation 
lapse rate (mm H2O/km) 

0.01-
10 

3010 
V 

921 247 226 118 813 

REVAPMNO
V_N 

Threshold depth of water in 
the shallow aquifer for 
"revap" to occur 
(mm)Manning's "n" value 
for overland flow 

00.01 50030 

 
V 

259 2624 2122 2111 268 

SOL_AWCR
EVAPMN 

Available water capacity of 
the soil layer (mm H2O/mm 
soil)Threshold depth of 
water in the shallow aquifer 
for "revap" to occur (mm) 

00 1500 

 
V 

282
5 

1426 2721 2321 1626 

NDTARGRS
OL_AWC 

Number of days to reach 
target storage from current 
reservoir storageAvailable 
water capacity of the soil 
layer (mm H2O/mm soil) 

10 2001 

 
V 

132
8 

2214 1127 923 2016 

ALPHA_BF
NDTARGR 

Baseflow alpha factor 
(1/day)Number of days to 
reach target storage from 
current reservoir storage 

01 1200 

 
V 201

3 
2122 1411 109 1720 

SOL_ZALPH
A_BF 

Depth from soil surface to 
the bottom of the layer 
(mm)Baseflow alpha factor 
(days) 

-10 11 

 
R 

620 921 914 510 517 

TLAPSSOL_
Z 

Temperature lapse rate 
(°C/km)Depth from soil 
surface to the bottom of the 
layer (mm) 

-10-1 101 

R 

196 49 139 75 215 

SURLAGTL
APS 

Surface runoff lag 
coefficientTemperature 
lapse rate (°C/km) 

0.05-
10 

2410 
V 

181
9 

284 2513 267 1021 
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EPCOSURL
AG 

 Plant uptake compensation 
factorSurface runoff lag 
time 

00.05 124 
 

V 
101
8 

1728 1025 2026 1012 

EPCO 
 Plant uptake compensation 
factor 

0 1 
 

10 17 10 20 12 

1 The sensitive parameters were identified using the Global sensitivity analysis method (Abbaspour, 2007). 

2 R0 represents the scenario without any reservoir operations; R1 represents the scenario that used the target release approach 
for the simulation of reservoir outflow in the SWAT model; R2 represents the scenario that used the output of RiverWare 
model as the daily outflow of the five reservoirs in the SWAT model; R2S1 represents the scenario with irrigation operation 
that withdraws water from the reservoirs and streams based on the R2 scenario; R2S2 represents the scenario using 
groundwater as the water source for irrigation based on the R2 scenario.  

3 This column indicates how parameters were modified in calibration. V indicates that existing values were replaced with 
values in the provided range; R indicates relative changes in parameters by multiplying existing values with (1+ calibrated 
parameter values in the range). 
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Figure 1 Location and land use of the Yakima River Basin (67, 99, 160, and 171 are subbasins which were used for 
streamflow calibration and validation. BARL: Spring Barley; CORN: Corn; FRSD: Deciduous forest; FRSE: Evergreen 
forest;  FRST: Mixed forest; HAY: Hay; ORCD: Orchard; PAST: Pasture; POTA: Potato; RNGB: Range-bush; RNGE: 

Range-grasses; SWHT: Spring wheat; URHD: Residential-high Density; URLD: Residential-Low Density; URMD: 
Residential-Medium Density; WATER: Water; WETF: Wetland-forested; WETN: Wetland-non-forested; WWHT: Winter 

wheat).
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Figure 2 Calibration and validation results in four subbasins under the R0 scenario (baseline simulation does not consider 
management activities).
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Figure 3 Calibration and validation results under the R1 scenario (Default SWAT schemes for reservoir operations)
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Figure 4 Calibration and validation results under the R2 scenario (RiverWare for reservoir operations).  

Calibration  Validation  Calibration  Validation 

Calibration  Validation  Calibration  Validation 



30 

 

 

Figure 5 Monthly and aAnnual ET simulated under three scenarios only consider reservoir operations operation only 
scenarios (R0, R1, and R2). 

Formatted: Centered
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Figure 6 Calibration and validation results under the R2S1 scenario (RiverWare for reservoirDefault SWAT algorithms for 
reservoir operation and surface water as the water source for irrigation)
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Figure 7 Calibration and validation results under the R2S2 scenario (RiverWare for reservoir operation and ground water as 
the water source for irrigation)
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Figure 8 Monthly ET simulated under the irrigation operation scenarios (R2S1 and R2S2) relative to the reservoir operation-
only scenario (R2).
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Figure 9 Comparison of ET simulations for cropland during 2000-2009 under the R2 and R2S1scenarios with the Moderate 
Resolution Imaging Spectroradiometer (MODIS) ET.  
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