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mtansey@usbr.gov; jlu@usbr.gov    9 

3   University of California, School of Engineering, 5200 North lake Road, Merced, CA 95343; nquinn@uc- 10 
merced.edu  11 

   12 
* Correspondence: nwquinn@lbl.gov; Tel: 510-612-8802 13 

Abstract: Model selection for water quality forecasting depends on many factors including analyst ex- 14 
pertise and cost, stakeholder involvement and expected performance. Water quality forecasting in arid 15 
river basins is especially challenging given the importance of protecting beneficial uses in these envi- 16 
ronments and the livelihood of agricultural communities. In the agriculture-dominated San Joaquin 17 
River Basin (SJRB) of California Real-Time Salinity Management (RTSM) is a state-sanctioned program 18 
that helps to maximize allowable salt export while protecting existing SJRB beneficial uses of water 19 
supply. The RTSM strategy supplants the federal Total Maximum Daily Load (TMDL) approach that 20 
could impose fines associated with exceedances of monthly and annual salt load allocations of up to $1 21 
million per year based on average year hydrology and salt load export limits. The essential components 22 
of the current program include the establishment of telemetered sensor networks, a web-based infor- 23 
mation system for sharing data, a basin-scale salt load assimilative capacity forecasting model and in- 24 
stitutional entities tasked with performing weekly forecasts of SJR salt assimilative capacity and sched- 25 
uling west-side drainage export of salt loads. Web-based information portals have been developed to 26 
share model input data and salt assimilative capacity forecasts together with increasing stakeholder 27 
awareness and involvement in water quality resource management activities in the SJRB. Two model- 28 
ing approaches have been developed simultaneously. The first relies on a statistical analysis of the re- 29 
lationship between flow and salt concentration at three compliance monitoring sites and the use of 30 
these regression relationships for forecasting. The second salt load forecasting approach is a customized 31 
application of the Watershed Analysis Risk Management Framework (WARMF) watershed water qual- 32 
ity simulation model that has been configured to estimate daily river salt assimilative capacity and to 33 
provide decision support for real-time salinity management at the watershed level. Analysis of the 34 
results from both model-based forecasting approaches over a period of five years show that the regres- 35 
sion-based forecasting model, run daily Monday to Friday each week, provided marginally better per- 36 
formance. However, the regression-based forecasting model assumes the same general relationship be- 37 
tween flow and salinity which breaks down during extreme weather events such as droughts when 38 
water allocation cutbacks among stakeholders are not evenly distributed across the Basin. A recent test 39 
case shows the utility of both models in dealing with an exceedance event at one compliance monitor- 40 
ing site recently introduced in 2020. 41 

Keywords: water quality forecasting; decision support; WARMF; regression model; salinity; 42 
irrigated agriculture; stakeholder involvement. 43 
 44 
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1. Introduction 46 
Water quality forecasting in arid river basins is especially challenging given the im- 47 

portance of protecting beneficial uses in these environments and the livelihood of agricul- 48 
tural communities. Model selection for water quality forecasting depends on many factors 49 
including analyst expertise and cost, stakeholder involvement and expected performance. 50 
An American Society of Civil Engineers (ASCE) Task Committee was convened within the 51 
Environmental Water Research Institute (ASCE, 2021) to document the state of the practice 52 
in the use of water quality models that addresses selection, data collection and organization, 53 
calibration, and independent testing to define uncertainty and to envisage both the state of 54 
the art and future development. This paper draws on this effort focusing specifically on two 55 
distinctly different approaches to involving stakeholders in salinity management in the 56 
highly regulated San Joaquin River Basin (SJRB) in California, dominated by agricultural and 57 
managed wetland return flows.  58 

Management of salinity in the United States and around the world is typically per- 59 
formed through environmental regulation. In the United States the federal Environmental 60 
Protection Agency (USEPA) uses the concept of a Total Maximum Daily Load (TMDL) to 61 
establish safe and sustainable pollutant concentrations in receiving waters and pollutant load 62 
assimilative capacity to help guide stakeholder determine pollutant load reduction strategies. 63 
The TMDL goal for salt loading to impaired waterbody [1][2] can be defined as: 64 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = ∑𝑊𝑊𝑊𝑊𝑊𝑊 +∑𝐿𝐿𝐿𝐿 +𝑀𝑀𝑀𝑀𝑀𝑀 + 𝑅𝑅𝑅𝑅           (1) 65 
Where, 𝑊𝑊𝑊𝑊𝑊𝑊 is the waste load allocation for each point source of salt load and 𝐿𝐿𝐿𝐿 is 66 

the salt load allocation for non-point sources and the 𝑀𝑀𝑀𝑀𝑀𝑀 is the margin of safety selected 67 
that accounts for measurement and analytical uncertainty. The 𝑅𝑅𝑅𝑅 is a reserve capacity that 68 
is seldom used in California applications but that could be used to account for future antici- 69 
pated loading from both point sources and non-point sources. Possible examples are future 70 
climate change, population growth, land use and land cover changes, sea-level rise and en- 71 
vironmental policy initiatives.  72 

Models are commonly used in the development of TMDLs and to assess their impact 73 
under a range of environmental conditions [2][3][4][5][6][7][8]. Models can range in complex- 74 
ity from simple salinity mass balances, that may use simple regression equations to relate 75 
salinity to flow and other water quality parameters, to comprehensive, physically-based hy- 76 
drologic and water quality models [3][9] that attempt to simulate important processes. These 77 
models may be used at various phases of TMDL development and implementation including 78 
(a) the assessment of the level of impairment and the impacts of existing best management 79 
practices on the water quality; (b) the evaluation and comparison of load reduction strategies; 80 
(c) the computation of TMDL uncertainty and Margin of Safety (MOS) [10]; (d) as decision 81 
support tools [11], [12], [13] and (e) for real-time or near-real-time forecasting after imple- 82 
menting a TMDL [14][15][16]. This paper compares the performance of two modeling tech- 83 
niques used in near real-time forecasting of compliance with salinity objectives in the San 84 
Joaquin River Basin (SJRB) in California. 85 

2. Background 86 
The San Joaquin River (SJR) drains approximately 8.7 million acres (4 million ha) of Cal- 87 

ifornia’s San Joaquin Valley including 1.4 million acres (0.64 million ha) of agricultural land 88 
(Figure 1). The SJRB is bounded by the Sierra Nevada Mountains on the east, the Coast Range 89 
mountains on the west, the Sacramento – San Joaquin Delta to the north, and the closed Tu- 90 
lare Lake Basin on the south. The Coast Range mountains are relatively recent in geologic 91 
history and formed of an uplifted seabed whose sedimentary constitution is naturally high 92 
in salinity including trace elements such as selenium, boron and molybdenum. [17][18][19]. 93 
Additional salt is imported to the Basin from large state and federal water pumping facilities 94 
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in the Sacramento – San Joaquin Delta. These facilities replace water supply that was diverted 95 
from the SJR to irrigate farmland in the southern part of the San Joaquin Valley in the 1960’s 96 
[17] and provide more than 47% of the salts imported to the SJRB. For this reason, as the main 97 
purveyor of irrigation water supply the federal government is considered a stakeholder in 98 
actions to manage salinity impairments in the SJR. 99 

Since the 1940s, prior to the diversion of the SJR south to irrigate farmland in the Kern 100 
and Tulare Basins, mean annual salinity concentrations in the SJR measured at the Vernalis 101 
monitoring station have more than doubled. The monitoring station at Vernalis is the most 102 
downstream station not impacted by tidal flows in the Sacramento – San Joaquin Delta (Fig- 103 
ure 1). West-side SJRB sources that include agricultural surface and subsurface drainage and 104 
surface drainage from seasonally managed wetlands that comprise the 140,000 acres (64,000 105 
ha) Grasslands Ecological Area discharge through Mud and Salt Sloughs and accounted for 106 
more than 37% of the salt loading to the SJR for the period 2000-2009 (Figure 1). Several 107 
smaller, ephemeral streams including Hospital, Ingram, Del Puerto, Orestimba and Los 108 
Banos Creeks contribute an additional 30% to SJR salt loads [13]. The major tributaries to the 109 
SJR, the Stanislaus, Tuolumne, and Merced Rivers, drain the east side of the SJRB and are the 110 
major source of dilution flow and salt load assimilative capacity to the SJR (Figure 1).   111 

Water quality data collected by the Central Valley Regional Water Quality Control 112 
Board (CVRWQCB) staff since 1985 indicate that the 30-day running average electrical con- 113 
ductivity (EC) water quality objectives of 1,000 µS/cm in the non-irrigation season and 700 114 
µS/cm in the irrigation season (April 1 – August 31) have been routinely exceeded at the 115 
Vernalis compliance monitoring station, especially prior to 2005 [12][13]. The non-irrigation 116 
season salinity objective was exceeded 11 percent of the time and the irrigation season salin- 117 
ity objective was exceeded 49 percent of the time during the period 1986-1998 [13]. This rate 118 
of exceedance occurred even though releases were made from New Melones Reservoir on 119 
the Stanislaus River to help meet salinity objectives at Vernalis [12]. 120 

The SJR TMDL for salinity had several objectives namely (a) to identify and quantify the 121 
sources of salt loading to the SJR; (b) determine the load reductions necessary to achieve at- 122 
tainment of applicable water quality objectives in order to protect beneficial uses of SJR water 123 
supply; and (c) to allocate salt loads to the various sources and source areas within the wa- 124 
tershed which, once implemented, would result in attainment of applicable water quality 125 
objectives [13][14]. Figure 1 shows the seven source areas identified by the CVRWQCB that 126 
each were assigned annual and monthly salinity load objectives, modified to account for wet, 127 
normal, dry and critically dry water year classifications. However. realization of these objec- 128 
tives using a 10% low flow hydrology to account for critically low flow conditions over a 73 129 
year historical flow record, in lieu of the standard MOS, produced a TMDL where the base 130 
load allocations were overly conservative.  131 

The TMDL already recognized a consumptive use allocation to account for irrigation 132 
evapotranspiration of applied water, a Delta Mendota Canal supply relaxation load for salt 133 
imported with water supply deliveries to the west-side of the SJRB, a SJR supply water re- 134 
laxation for salts diverted from the SJR and an allocation to the federal agency for actions 135 
related to mitigation of salts imported by the agency in irrigation water supply. The USBR 136 
was assigned responsibility for 47 percent of the salt load discharged to the SJR [13].  137 
 138 
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 139 
Figure 1 - Major subareas within the SJRB that drain to the SJR as defined in the salinity 140 
TMDL [13} Reach 83 shown in the figure is the reach for which water quality (salinity) is 141 
regulated through the recognition of three compliance monitoring stations at Crows Land- 142 
ing, Maze Road bridge and Vernalis. The most salient feature of the SJRB is that drainage 143 
from sources to the west of the SJR are elevated in salinity by virtue of native salts in alluvial 144 
sediments deposited from the coastal range mountains west of the Valley floor and the im- 145 
portation of irrigation water supply from the Sacramento-San Joaquin Delta that also are salt- 146 
impacted. Tributary inflow from watersheds to the east of the SJR are of high quality, derived 147 
from Sierra-Nevada mountain snowmelt and irrigated agriculture from soils derived from 148 
the eroded granitic sediments. Real-time management is essentially a scheduling activity – 149 
coordinating salt load assimilative capacity consumed by westside saline drainage with salt 150 
load assimilative capacity supplied by east-side reservoir releases along the major tributaries. 151 
 152 
 153 

 154 

Nigel Quinn
Note that all figures and tables in this paper are government agency work product and hence are not subject to copyright.
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Analysis conducted by CVRWQCB staff showed that stakeholder adherence to these 155 
salt load limits would result in salt accumulation in the watershed and long-term degrada- 156 
tion of both ground and surface waters. Continuation of existing drainage practices could 157 
result in average annual fines of over $300,000 in each of the subareas (Table 1) assuming a 158 
fine schedule of $5,000 per day for each month the load allocation for each subarea was ex- 159 
ceeded [20]. These fines would be borne largely by agricultural water district stakeholders 160 
some of whom are those adversely impacted by elevated EC in the SJR primarily along Reach 161 
83 (Figure 1). Agriculture is the primary beneficial use impaired by salinity in the SJRB rec- 162 
ognized in the SJRB Plan [13][14]. To overcome the constraints imposed by the conservative 163 
salinity load limits imposed by the TMDL, the CVRWQCB made provision for an additional 164 
real-time salt load allocation in-lieu of the fixed base load allocation to maximize salt export 165 
from the SJRB while still meeting water quality objectives [14]. The real-time load allocation 166 
would apply any time salt load assimilative capacity was available in the SJR. 167 

 168 
Table 1- Hypothetical SJR daily salt discharge exceedance fees by subarea (10-year period 169 
2001-2012) using an assumed $5,000/day fine for exceedance of the 30-day running average 170 
mean EC objective [20]. 171 

LSJR Salt Discharge Exceedence Fees by TMDL Subarea for a 10 year period 2001-2012 
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Oct 0 0 0 0 

 Nov 90 60 0 0 

 Dec 124 248 0 0 

 Jan 186 0 310 0 

 Feb 28 196 0 0 

 Mar 0 279 0 0 

 Apr 28 56 42 14 

 VAMP 0 0 30 30 

 May 0 0 51 17 

 Jun 30 30 210 90 

 Jul 0 0 248 91 

 Aug 0 0 248 31 

 Sep 0 0 0 0 

  Total days of exceedences 486 869 1139 273 

   $5,000 per day penalty $5,000 $5,000 $5,000 $5,000 

  Total penalties $2,430,000 $4,345,000 $5,695,000 $1,365,000 

   Years calculated 8 10 10 3 

   Average penalty per year $303,750  $434,500  $569,500  $455,000  

  Acres of agriculture 118,000 353,000 187,000 201,000 

  Average penalty per acre $2.57 $1.23 $3.05 $2.26      
 172 

 173 
3. Real-time salinity management 174 
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The USBR provides water to westside agricultural and wetland resource contractors via 175 
the Delta-Mendota Canal (DMC). The USBR’s water rights under which the USBR delivers 176 
water to the SJRB were amended to require that the USBR meet the 1995 Bay Delta Plan Sa- 177 
linity objectives at Vernalis, which are equivalent to the numeric targets established by the 178 
salinity TMDL [13]. An upstream salinity objective at the Crows Landing Bridge compliance 179 
monitoring site was ratified in 2017 to protect riparian diverters downstream of Crows Land- 180 
ing and upstream of the Vernalis compliance monitoring site [21]. The Control Program re- 181 
quires the USBR to meet DMC salt load allocations or provide dilution flows to create addi- 182 
tional assimilative capacity for salt in the LSJR equivalent to DMC salt loads in excess of their 183 
allocation. The Control Program includes an innovative provision that provides relief from 184 
the restrictive salinity load restrictions imposed by the salinity TMDL and codified in the 185 
Basin Water Quality Control Plan. This provision states that “Participation in a Regional 186 
Board approved real-time management program (RTMP) and attainment of salinity and bo- 187 
ron water quality objectives will constitute compliance with this control program [21]. Par- 188 
ticipation in the RTMP was designed to promote cooperation and data sharing between en- 189 
tities, effectively replacing a costly salt load-based regulatory program with a more cost-ef- 190 
fective, stakeholder driven program that permitted full use of the SJR assimilative capacity 191 
for salt [21][14][15]. Participation in the RTMP also included the development and use of a 192 
water quality forecasting model to provide stakeholder decision support and allow stake- 193 
holders sufficient time to address anticipated violations of the 30-day running average EC at 194 
compliance monitoring stations along the SJR [14]. The WARMF model was chosen for this 195 
task [22][23][24]. Compliance became the collective responsibility of SJRB stakeholders in- 196 
cluding the USBR.  197 

The RTMP strategy increases potential management flexibility for agricultural, wetland 198 
and municipal dischargers to the SJR and provides an opportunity to maximize salt load 199 
export from the Basin without exceeding environmental objectives – however it assumes a 200 
level of coordination and cooperation amongst stakeholders that does not currently exist. The 201 
core elements of this Program have led to: (a) the development of a basin-scale, sensor net- 202 
work to collect real-time monitoring of flow and salinity data; (b) an information dissemina- 203 
tion system for effective sharing of data among basin stakeholders; (c) a need for continual 204 
calibration of the WARMF hydrology and salinity model of in the SJR and its contributing 205 
watersheds to improve the accuracy of forecasting and daily assessment of SJR assimilative 206 
capacity; (d) the creation and funding of stakeholder institutional entities responsible for co- 207 
ordinating salinity management actions and ensuring compliance with SJR salinity objec- 208 
tives; and (e) continued oversight and sanction of the CVRWQCB [14][15][16]. 209 

 210 
3.1 WARMF water quality simulation model  211 

The San Joaquin River Basin SJRB application of the public-domain, Watershed Analysis 212 
Risk Management Framework (WARMF) model [14][24] was developed in 2004 by Systech 213 
Water Resources Inc. as a TMDL decision support tool. The first application of the model was 214 
to assess options for control of episodes of dissolved oxygen deficit in the SJR Deep Water 215 
Ship Channel. [23][24][25]. The SJRB WARMF model application is a physically based, data 216 
intensive watershed model that simulates the hydrologic, chemical, and physical processes 217 
in the SJR and contributing waterbodies (Figure 2). The model was derived from the SJRIO 218 
(San Joaquin River Input-Output) model [26][27]. The model was updated and reconfigured 219 
as a salinity forecasting tool in 2014 [24][14] as the USBR’s contribution to stakeholder-led 220 
real-time salinity management activities. The WARMF model application simulates flow and 221 
water quality in surface water diversions, groundwater pumping, and irrigation water sup- 222 
ply, while keeping track of crop evapotranspiration, seepage, and irrigation surface and sub- 223 
surface return flows [25] Delineation of land catchments in WARMF conforms to both irriga- 224 
tion and drainage district boundaries and natural catchments, allowing the model to track 225 
salt loads from their points of diversion in delivery canals back to the SJR [25]. 226 

The data-intensive WARMF model is supplied with daily meteorology, diversion flows, 227 
and measured flow and electric conductivity (EC) at the upstream model boundaries [23][25]. 228 
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The current upstream model boundaries are at gages where flow and EC are measured con- 229 
tinuously in the SJR and along its major tributaries including the Merced River, Tuolumne 230 
River and Stanislaus River. Real-time data, tributary reservoir release forecasts, and meteor- 231 
ology forecasts are collected and imported into WARMF using an automated process con- 232 
sisting of custom scripts and web scraping tools that interact with agency web portals for 233 
hydrology and water quality monitoring [25][28]. WARMF model data acquisition accesses 234 
seven agency web portals and is accomplished as a separate data acquisition and pre-pro- 235 
cessing routine 236 

The combination of real-time monitoring, simulation modeling and forecasting of SJR 237 
assimilative capacity has the potential to optimize use of available SJR salt assimilative ca- 238 
pacity, generated by releases of high quality Sierran water, which provides dilution to saline 239 
west-side agricultural and managed wetland return flows. However there needs to be coor- 240 
dination and sufficient lead time to allow entities being asked to change drainage practices 241 
or alter reservoir release patterns to be able to respond. Agricultural return flows and salt 242 
loads are highest during the summer irrigation season whereas return flows and salt loads 243 
from seasonally managed wetlands are highest during the spring months of March and April, 244 
when most seasonal wetland ponds are drained to promote establishment of moist soil plants 245 
and habitat for waterfowl [15]. These anticipated hydrologic patterns help to screen the array 246 
of practices on both the east and west sides of the Basin that will be most effective at manag- 247 
ing salinity. 248 

 249 

 250 
 251 

Figure 2 - Map of the SJRB represented as major contributing watersheds and TMDL subareas 252 
within the WARMF model. The WARMF model custom GIS interface allows further dis- 253 
aggregation of these subareas into small contributing drainages and allows the direct substi- 254 
tution of available monitoring data at the major outlets of these drainages for model-derived 255 
simulations of drainage flow and water quality. This is a unique feature that helps to enhance 256 
stakeholder confidence in the model when stakeholder supplied data is used in model-based 257 
forecasting. 258 

 259 
Given the uncertainty associated with estimates of salt assimilative capacity, the need 260 

for adequate lead time for stakeholders to adjust tributary inflow and drainage return flow 261 
schedules and the fact that most weather forecasts provided by news organizations rarely 262 

Nigel Quinn
Note that this image is generated by the model and is the highest resolution possible.  I included this image to show how the watershed shows up in the model interface.  Readers will recognize the colored areas from Figure 1. There is no need for the reader to do any more than this.
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extend beyond two weeks – a two week forecast period and one week hindcast period was 263 
chosen for the real-time salinity management program. The one week hindcast refers to the 264 
technique of beginning the simulation one week in arrears so that the first week of the fore- 265 
cast can be compared to observed flow and electrical conductivity (EC) data [22][16][14]. 266 
Model parameters affecting SJR and tributary inflow and water quality such as the partition- 267 
ing coefficients that allocate watershed runoff and deep percolation to groundwater can be 268 
adjusted to recalibrate the model during periods when model output and SJR observations 269 
diverge. This activity is infrequently performed due to the significant effort involved and the 270 
fact that the WARMF model has exhibited excellent performance for simulation of flow and 271 
EC along Reach 83 of the SJR. Simulated flow and EC are compared to measured data along 272 
the SJR for model calibration including drainage return flows from east and westside catch- 273 
ments and direct diversions from the SJR to riparian water districts. Although agricultural 274 
and managed wetland stakeholders have yet to fully embrace the model as a decision support 275 
tool both have concurred that the suggested two-week forecast and one-week hindcast peri- 276 
ods are a good compromise balancing the utility and credibility of the forecasts with the time 277 
stakeholders might need to adjust water management and drainage discharge operations.  278 

 279 
 280 

 281 
 282 

Figure 3 - A unique feature of the WARMF model is the availability of customized model 283 
outputs such as the “Gowdy” output (named after its developer) shown here. This depicts a 284 
Lagrangian view of the SJR at any point in time showing the major inflow to and diversions 285 
from the SJR approximately every ½ mile (800 m) along its main reach as well as the incre- 286 
mental flow and EC concentration from the origin at Lander Avenue to the EC compliance 287 
monitoring station at Vernalis [23][25]. 288 

 289 
The SJR WARMF model has a number of customized output visualization options de- 290 

signed to enhance user understanding of salinity fate and transport in the SJRB and the use 291 
of salt load assimilative capacity by river mile along the mainstem of the SJR [28]. The output 292 
visualization also allows users to estimate if and when the salinity concentration at the com- 293 
pliance monitoring sites will approach or exceed objectives. The model is also capable of 294 
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showing the impact of potential salinity management changes in the watershed designed to 295 
comply with regulatory limits (Figure 3). For example, the SJR WARMF model can simulate 296 
the effect of increased irrigation water diversions from the SJR into riparian water districts 297 
which has the effect of lowering salt loading in the SJR which may help to improve compli- 298 
ance with salinity concentration objectives [28].  299 

The SJR WARMF model has been improved and customized over the past 15 years with 300 
the USBR and research grant support as a watershed-based simulation tool for flow and sa- 301 
linity forecasting in the SJR [25][14]. Updating time series data inputs and maintaining model 302 
calibration is expensive and time consuming. This constraint has restricted the stakeholders’ 303 
pool and agency individuals able to run the model on a regular basis and has been an imped- 304 
iment for stakeholder entities such as the San Joaquin Valley Drainage Authority (SJDVA) to 305 
take over operation and maintenance of the model as a decision support tool. As a result, the 306 
USBR evaluated other approaches for providing flow and salinity forecasts of SJR at Vernalis 307 
and Crows Landing, the two salinity concentration compliance points for the TMDL. Alt- 308 
hough the WARMF model has been used for various decision support activities in the SJR 309 
for over 15 years, other less data intensive and more easily understood approaches may be 310 
better received by stakeholders [28]. 311 

 312 
3.2 ANN-based statistical models 313 

The USBR developed a statistical approach as an alternative to the physically-based SJR 314 
WARMF model for flow and salinity forecasting in the SJR. This approach was limited to the 315 
Vernalis, Crows Landing and Maze Road Bridge compliance monitoring stations (Figure 1) 316 
[29]. Two Artificial Neural Networks (ANN) based models a Recurrent ANN and an Auto- 317 
regressive ANN were identified as potential alternatives [30]. The most salient features of 318 
these ANN alternatives was that the underlying basis should be easy to understand and that 319 
they were independent of having a deep understanding Basin hydrology [29][30]. ANN and 320 
regression-based approaches have the advantage of ready automation and have the ad- 321 
vantage that daily flow forecasts are available online from the National Oceanic and Atmos- 322 
pheric Administration (NOAA) California River Forecast Center (RFC) providing the basis 323 
for SJR EC forecasts at the compliance monitoring stations. The significance of this work 324 
product is that daily bulletins from dam operators along the three major tributaries to the SJR 325 
are recognized in these forecasts.  326 

Under normal Basin hydrologic conditions there is sufficient salt load assimilative ca- 327 
pacity in the SJR when assessed as the 30-day running average EC.  Only in rare circum- 328 
stances, such as a prolonged drought, is action required to limit salt loading to the SJR, in 329 
particular at certain months of the year such as in the early spring during seasonal wetland 330 
drawdown. During these periods the more comprehensive WARMF model could be called 331 
upon to assist stakeholder management entities determine appropriate salt loading reduction 332 
by subarea within the Basin to avoid fines.  333 

Recurrent ANN models are statistical learning models that are used in machine learn- 334 
ing, inspired by biological neural networks such as in the human brain [30]. A number of 335 
ANN and recurrent neural network architectures with both short and long-term memory 336 
were developed and applied to the Vernalis compliance monitoring station using existing 337 
flow and salinity data resources. None of the ANN architectures or network hyper-parame- 338 
ters performed sufficiently well due to time-series water quality data limitations and the im- 339 
pact of random anthropogenic factors that can affect reservoir operations [29]. In conducting 340 
the analysis less than 5,000 observations were available, whereas most applications of this 341 
method typically require well over a million observations to be successful. An additional 342 
ANN-based model was investigated using the MATLAB machine learning toolbox using an 343 
embedded machine learning application called Autoregressive ANN that accommodated ex- 344 
ternal inputs. Although the Autoregressive ANN approach performed better in salinity fore- 345 
casts compared to Recurrent ANN model, the model salinity forecast performance was un- 346 
satisfactory [29]. Future work in the application of neural networks to flow and EC time- 347 
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series forecasting on the SJR may find more success in the use of Bayesian neural networks 348 
for capturing water quality forecast uncertainty. 349 

.  350 
3.3 Simple regression model 351 

Water agency analysts have long recognized the inverse relationship between flow and 352 
EC. This relationship was utilized for many years in applications of the previous USBR water 353 
supply allocation models for the federal service area within the San Joaquin Valley to esti- 354 
mate New Melones reservoir releases for water quality. However, the poor performance of 355 
these models for estimating EC at low flow conditions, based on simple regression relation- 356 
ships, was one of the reasons a data-driven flow and salinity mass balance approach was 357 
adopted for the state-federal California (Water Allocation) Simulation Model (CALSIM) 358 
model that replaced the previous models. A re-examination of the flow – EC relationship [29] 359 
suggested a new approach using the rate of change of salinity that was found to be approxi- 360 
mately proportional to the rate of change (or gradient) of the measured flow in the SJR. This 361 
new algorithm was not as susceptible to low flow conditions as the prior approach. 362 

 363 
The flow gradient was calculated as follows: 364 
Qgrad = (Qt - Q(t-1) ) /Q(t-1) 365 
where Qt is the flow at time t, and Q(t-1) is the flow at the previous time step.  366 
 367 
The salinity gradient was calculated in a similar fashion. Further analysis of daily flow 368 

and salinity data of the SJR at Vernalis for the period 2000 to 2018 showed that a clear linear 369 
regression relationship exists between flow and salinity gradients. After removing one per- 370 
cent of the outliers from the plot of flow and salinity gradients using daily data for the 2000 371 
to 2018 time period, the resulting regression equation of flow and salinity relationship at 372 
Vernalis became (Lu et al., 2019): 373 

 374 
ECgrad = -0.5396* Qgrad + 0.0038 375 
or 376 
〖(EC)t  -〖EC(t-1))/〖EC)(t-1) ]=  - 0.5396*(Qt - Q(t-1))/Q(t-1)+0.0038 377 
 378 
Using this relationship, the salinity forecast (measured as EC) at time step t can be de- 379 

termined as follows: 380 
〖EC]t =〖EC] (t-1)  - [ 0.5396 * (Qt - Q(t-1))/Q(t-1) + 0.0038] *〖EC](t-1) 381 
 382 
This equation was initially applied to daily Vernalis flow and salinity data (Figure 4) for 383 

the period 2000 to 2018 to generate six-day model-based forecasts that were compared to 384 
historical data. The correlation coefficients for the relationship between the six-day forecasted 385 
salinity and observed flow ranged from 0.8780 to 0.9787. The same regression method was 386 
then applied to the upstream Crows Landing compliance monitoring station, resulting in the 387 
following equation for forecasting the SJR salinity concentration downstream of that location. 388 

〖EC]t =〖EC](t-1) + [ - 0.4413 * (Qt - Q(t-1))/Q(t-1) + 0.0036] *〖EC](t-1) 389 
The correlation coefficients of the relationship of observed flow and the six-day fore- 390 

casted salinity concentration ranged from 0.9831 to 0.9154 over the 6-day forecast lead times. 391 
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 392 

Figure 4 - Flow and EC observations at Vernalis compliance monitoring station on the SJR 393 
for the period 2000 to 2018. 394 

 395 
4. Comparison of the SJR WARMF and Regression model applications 396 

A comparison of the SJR WARMF and Regression models was undertaken to evaluate 397 
the performance of the models for water quality forecasting. This evaluation initially com- 398 
pared differences between forecasted and observed water quality measured as EC at the 399 
monitoring station located at Vernalis (Figure 4). Similar analyses were performed in Excel 400 
using an algorithm that computed the difference (∆) between the daily forecasted (FC) and 401 
observed (OBS) EC (∆ = FC – OBS) starting on the forecast day (FC Day+0) and each consec- 402 
utive day within the lead forecast time of 14 days (FC Day+14). The analyses were conducted 403 
with observations and forecasts made between February 22, 2018 and May 22, 2020. During 404 
this period, a total of 820 EC observations were measured. However, for all the forecast lead 405 
times considerably fewer forecasts were actually made. In the case of the Regression model, 406 
the number of forecasts ranged from 399 for forecasts of less than 6 days (FC Day+6) down 407 
to 347 forecasts for lead times of 7 days or more (FC+7 to FC+14). Forecasts were made only 408 
on regular workdays and were not conducted on certain days due to personnel availability 409 
and periods of downtime in the monitoring system. Forecasts for days 11 through 15 were 410 
simply repeats of the FC+10 forecast given that the California River Forecast Center (RFC) 411 
does not extend its daily forecasts, used by the WARMF and Regression models, past 10 days.   412 

In the case of the WARMF model, there were even fewer forecasts throughout the eval- 413 
uation period. The greater personnel time commitment to make WARMF model forecasts 414 
limited the forecast frequency to once per week, usually on a Monday. There were 131 fore- 415 
casts for lead times from FC+0 to FC+7 and fewer forecasts for greater lead times. Table 2 416 
presents the frequency count and statistics (mean and standard deviation) for the observa- 417 
tions and model forecasts in the initial comparison of results produced by the Regression and 418 
WARMF models. Table 2 also confirms that the Regression model forecasts were made ap- 419 
proximately 3 times more often than those for the WARMF model. 420 

In general, the Regression model forecasts had mean EC predictions that are approxi- 421 
mately equal to the mean EC of the observations but increased to above the observation’s 422 
mean EC after FC Day+5 through the end of the forecast period. The WARMF model had 423 
slightly lower mean forecast EC values until FC Day+4 after which they increased throughout 424 
the remainder of the forecast period. The observed EC, Regression and WARMF forecast 425 
mean EC values were compared in Figure 5 at each of the forecast lead times. 426 

 427 

Nigel Quinn
There will be a delay of about 1 week involved to go back and make this adjustment. The second author is not available at present. Please consider leaving as is. I actually prefer the use of a comma that makes the table more readable.  
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Table 2 - Statistics of Observed (OBS) and Forecasted (FC) EC (µS/cm) for the Regression and 428 
WARMF models made between February 22, 2018 and May 22, 2020 by lead time. 429 

 430 

Regression Model EC Data WARMF Model EC Data 

 Count Mean Std Dev  Count Mean Std Dev 

OBS Day+0 
399 

397 224 OBS Day+0 
131 

401 235 

FC Day+0 397 223 FC Day+0 384 192 

OBS Day+1 
399 

395 224 OBS Day+1 
131 

383 214 

FC Day +1 397 225 FC Day +1 381 182 

OBS Day+2 
399 

393 224 OBS Day+2 
131 

376 211 

FC Day +2 394 225 FC Day +2 375 178 

OBS Day+3 
399 

393 225 OBS Day+3 
131 

377 208 

FC Day +3 393 225 FC Day +3 374 182 

OBS Day+4 
399 

394 223 OBS Day+4 
131 

374 209 

FC Day +4 393 226 FC Day +4 372 183 

OBS Day+5 
399 

393 222 OBS Day+5 
131 

370 207 

FC Day+5 394 224 FC Day+5 375 187 

OBS Day+6 
398 

391 219 OBS Day+6 
131 

371 201 

FC Day+6 395 222 FC Day+6 380 190 

OBS Day+7 
347 

394 218 OBS Day+7 
131 

373 204 

FC Day+7 400 218 FC Day+7 387 194 

OBS Day+8 
347 

393 217 OBS Day+8 
129 

370 203 

FC Day+8 402 220 FC Day+8 390 200 

OBS Day+9 
347 

392 218 OBS Day+9 
129 

366 202 

FC Day+9 405 223 FC Day+9 391 204 

OBS Day+10 
347 

395 222 OBS Day+10 
128 

366 204 

FC Day+10 408 225 FC Day+10 393 208 

OBS Day+11 
347 

398 224 OBS Day+11 
128 

366 207 

FC Day+11 408 225 FC Day+11 393 211 

OBS Day+12 
347 

397 223 OBS Day+12 
126 

363 203 

FC Day+12 408 225 FC Day+12 395 213 

OBS Day+13 347 397 225 OBS Day+13 
126 

363 204 

FC Day+13  408 225 FC Day+13 395 214 

OBS Day+14 
347 

398 229 OBS Day+14 
124 

370 209 

FC Day+14 408 224 FC Day+14 399 214 
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 431 
Figure 5 - Means of the Observed (OBS) EC and Forecast (FC) EC for the Regression and 432 
WARMF Models for all forecast lead times between February 22, 2018 and May 22, 2020 433 

 434 
A comparison of the mean of differences between forecasted EC and observed EC for both 435 
Regression and WARMF models is shown in Table 3. For both models, the mean of the dif- 436 
ferences between forecasted EC minus observed EC was computed for the period between 437 
February 22, 2018, and May 22, 2020. For the Regression model, the differences were small (≤ 438 
+5) for until ∆ Day+6. The mean EC differences increase to maximum of 15 µS/cm at ∆ Day+9. 439 
From ∆ Day+10 to the end of the forecast period, the mean EC differences decrease slightly 440 
to a value of 12 µS/cm. For the WARMF model, the mean of the EC differences were small, 441 
decreasing from +1 to -3 at ∆ Day+3. From ∆ Day+4 to ∆ Day+12, the mean of the EC differ- 442 
ences increases consistently reaching a peak value of +33 µS/cm at ∆ Day+12 after which there 443 
is a slight decrease to 30 µS/cm at the end of the forecast period. These results are illustrated 444 
in Figure 6. 445 

 446 
Table 3 - Comparison of Mean Differences (∆) between Forecasted EC and Observed EC 447 
(µS/cm) for all model forecasts made between February 22, 2018 and May 22, 2020. 448 

 449 
Regression Model EC Differences WARMF Model EC Differences 

 Count Mean ∆ Std Dev ∆  Count Mean ∆ Std Dev ∆ 

∆ Day+0 398 0 14 ∆ Day+0 131 1 78 

∆  Day+1 397 2 37 ∆  Day+1 131 -2 85 

∆  Day+2 396 2 48 ∆  Day+2 131 -1 92 

∆  Day+3 395 1 57 ∆  Day+3 131 -3 86 

∆  Day+4 394 1 69 ∆  Day+4 130 -2 100 

∆  Day+5 394 3 80 ∆  Day+5 130 5 105 

∆  Day+6 393 5 86 ∆  Day+6 130 9 108 

∆  Day+7 341 7 91 ∆  Day+7 130 14 115 

∆  Day+8 340 12 103 ∆  Day+8 128 20 122 
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∆  Day+9 339 15 116 ∆  Day+9 128 25 134 

∆  Day+10 338 15 131 ∆  Day+10 127 27 142 

∆  Day+11 337 13 144 ∆  Day+11 126 27 151 

∆  Day+12 337 14 153 ∆  Day+12 124 33 164 

∆  Day+13 337 14 163 ∆  Day+13 124 33 173 

∆  Day+14 336 12 171 ∆  Day+14 122 30 179 

 450 

 451 
Figure 6 - Comparison of mean differences in forecasted EC and observed EC for the Regres- 452 
sion and WARMF Models for the period between February 22, 2018 and May 22, 2020. 453 

 454 
The forecast standard deviation is a measure of the dispersion of the forecast EC predic- 455 

tions around the mean EC value. Larger standard deviations imply a wider range of forecast 456 
predictions of EC and/or differences between forecasted EC values and observed EC. Figure 457 
7 presents the standard deviations of the EC observations and EC forecasts for both models 458 
(Figure 7a) as well as the standard deviations of the EC differences between the forecasts 459 
minus observations (Figure 8b) over the forecast period. As illustrated, the standard devia- 460 
tions of the Regression model EC forecasts closely approximate the standard deviations of 461 
the EC observations at all lead times. In contrast, the standard deviations of the WARMF 462 
model EC forecasts are consistently less than standard deviations of the EC observations until 463 
lead time day 8 as shown in Figure 7a. The maximum difference (33 µS/cm) between forecast 464 
and observation standard deviations occurs at lead time day 2. In Figure 7b, the standard 465 
deviation of the differences between the EC forecasts minus EC observations for both models 466 
increase consistently with lead time indicating increasing uncertainty in the EC forecasts. 467 
Additionally, the WARMF model has consistently greater standard deviations in EC differ- 468 
ences relative to the Regression model. 469 
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 470 

 471 
Figure 7(a,b). Comparison of the standard deviations of forecasted EC and observed EC and 472 
standard deviations of differences between EC forecasts and EC observations for the Regres- 473 
sion and WARMF Models by lead time in the period between February 22, 2018 and May 22, 474 
2020. 475 

An additional evaluation was performed to determine the extent to which model bias 476 
affects the mean of differences between the forecasts and observations. For example, the 477 
models could forecast values significantly greater than the observations, however a few large 478 
underestimates could potentially offset the positive bias and make the model appear to show 479 
better performance. In order to examine this effect, forecasts which were greater than the 480 
corresponding observations were examined separately from those in which the forecasts 481 
were less than the corresponding observations. After this sorting into positive (forecast >= 482 
observation) and negative (forecast < observation) bias groups, the means of the EC differ- 483 
ences (forecast – observation) over the study period were calculated for each forecast lead 484 
time. Figures 8 and 9 illustrate comparisons of the Regression and WARMF models for the 485 
positive and negative bias results, respectively. For the positive bias differences, the Regres- 486 
sion Model has lower differences at all lead times than the WARMF model. 487 
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 488 
Figure 8 - Comparison of means of forecasted EC and observed EC for the Regression and 489 
WARMF Models for the period between February 22, 2018 and May 22, 2020.  Data censored 490 
to include only over (positive) predictions. 491 

 492 
Figure 9 - Comparison of means of forecasted and observed EC for the Regression and 493 
WARMF Models for the period between February 22, 2018 and May 22, 2020.  Data censored 494 
to include only under (negative) -predictions. 495 
 496 

For the negative bias differences, the Regression Model has lower negative mean differ- 497 
ences than the WARMF model from ∆ Day+0 to ∆ Day+11 after which both models have 498 
nearly equal EC differences. 499 

Another aspect of the potential bias introduced by these forecasting methods is how 500 
frequently do the overpredictions (positive) or underpredictions (negative) of mean differ- 501 
ences in EC occur as a function of forecast lead times. For instance, the mean EC forecast bias 502 
could be overly influenced by a small number of very large EC discrepancies - either positive 503 
or negative. Figure 10 compares the percentages of positive bias differences in EC for both 504 
models. 505 
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 506 

 507 
Figure 10 - Comparison of the Percentages of higher (Positive Bias) EC Forecasts for the Re- 508 
gression and WARMF models for the period between February 22, 2018 and May 22, 2020.  509 

 510 
As illustrated above, both the Regression and WARMF models exhibit a slight positive 511 

EC forecast bias. The Regression Model exhibits a higher frequency (65%) of positive EC fore- 512 
cast bias differences on ∆ Day+0 for the period between February 22, 2018 and May 22, 2020.   513 
From ∆ Day+1 to ∆ Day+4, the Regression Model has a neutral EC forecast bias frequency of 514 
approximately 50%. From ∆ Day+5 to ∆ Day+8, the Regression model EC forecast bias be- 515 
comes increasingly positive reaching a maximum of 60% before declining gradually to 55% 516 
by ∆ Day+14. The WARMF Model exhibits a gradually increasing positive EC forecast bias 517 
from 53% on ∆ Day+0 to 58% on ∆ Day+6. Subsequently, the EC forecast bias declines slightly 518 
to ∆ Day+9. 519 

In summary, the results of the model comparison analyses indicate that the Regression 520 
Model EC forecasts were closer to the overall mean of the EC observations than the WARMF 521 
model forecasted EC (Figure 5). As illustrated by Figure 7, the Regression Model provided 522 
EC forecasts with mean differences of less than or equal to 5 µS/cm for the first 7 days (∆ 523 
Day+0 to ∆ Day+6). In comparison, the WARMF model provided EC forecasts with mean 524 
differences of less than or equal to 5 µS/cm for only 5 days (∆ Day+0 to ∆ Day+4). Based on 525 
these measures of performance, the Regression Model provided EC forecasts with reduced 526 
error relative to the WARMF model especially for the period from ∆ Day+4 to ∆ Day+6.  527 

The standard deviations of Regression model EC forecasts closely approximated the 528 
standard deviations EC observations at all lead times. In contrast, the standard deviations of 529 
the WARMF model EC forecasts were consistently less than the corresponding standard de- 530 
viations of the EC observations at lead time less than day 8 (Figure 7a). For both models, the 531 
standard deviation of EC forecast differences steadily increased with forecast lead time, as 532 
expected, while the WARMF model had higher standard deviations of EC than the Regres- 533 
sion Model throughout the forecast period (Figure 7b). 534 

When the EC forecasts were separated into those with overestimate (positive) and un- 535 
derestimate (negative) biases, the mean differences between the EC forecasts and observa- 536 
tions were seen to increase predictably with forecast lead times. For both the positive and 537 
negative forecast EC mean differences, the Regression Model performed better than the 538 
WARMF model for lead times from ∆ Day+0 to ∆ Day+10. From ∆ Day+12 to ∆ Day+14, the 539 
performance of both models was approximately the same.  540 

As illustrated in Figure 10, both models have slightly positive EC forecast biases. With 541 
the exception of the high over-prediction (positive) bias (65%) for the Regression Model EC 542 
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on ∆ Day+0, the Regression Model predictions were relatively unbiased between ∆ Day+1 to 543 
∆ Day+4 and subsequently remained slightly positively biased throughout the remainder of 544 
the forecast period. The WARMF Model made consistently greater over-predictions (positive 545 
biases in EC) than the Regression Model. 546 

It is also important to note that the Regression model EC and WARMF model EC results 547 
were originally based on different forecasted flows. Up until mid-2020 the WARMF model 548 
used prior water year operations forecast for the 14-day flow forecast along the three major 549 
eastside tributaries. From July 2020 onward the WARMF model has been using the same flow 550 
forecasts as the Regression model which come directly from the NOAA California-Nevada 551 
River Forecast Center. The analyst who makes these daily forecasts is in regular communica- 552 
tion with reservoir operators at Modesto Irrigation District, Merced Irrigation District and 553 
the USBR Central Valley Operations Office who control releases and provide regular bulle- 554 
tins of changes in release schedules. Hence any differences between the models are no longer 555 
a function of the flow release forecasts but rather the WARMF model’s watershed simulation 556 
and prior knowledge of diversions and drainage inflow along each tributary research and 557 
along the mainstem of the SJR.  558 

 559 
5. Time Series Comparisons of the WARMF and Regression Models 560 

The preceding analysis focused on comparisons of mean EC values and differences be- 561 
tween model-predicted EC and observations for the Regression and WARMF models for var- 562 
ious forecast lead times. In this section, time series comparisons of the EC predicted by each 563 
model compared to EC observations for the same time period were made for selected lead 564 
times. As shown on Figure 11, both models have relatively small mean EC differences at 565 
forecast lead times of less ∆ Day+4.  From ∆ Day+5 to ∆ Day+8 mean differences increased. 566 
After ∆ Day+9, the EC predictions of both models reached a relatively constant plateau. Fig- 567 
ure 11 also shows a comparison of Regression model EC forecasts and observations at ∆ 568 
Day+4, ∆ Day+8 and ∆ Day+12. As illustrated, there was a good match between observations 569 
and forecasts. However, as the forecast lead time increased the differences between model 570 
forecast of EC and observations also increased. This relationship between model EC forecasts 571 
and observations can be quantified using the root mean square error (RMSE) statistic which 572 
increases from 69.4 at ∆ Day+4 to 103 at ∆ Day+8 to 154 at ∆ Day+12. Figure 12 shows a similar 573 
relationship between model EC forecasts and observations for the WARMF model. In this 574 
case the RMSE increases from 99.8 at ∆ Day+4 to 123 at ∆ Day+8 to 166 at ∆ Day+12. As illus- 575 
trated by the figures and RMSE values, the Regression Model performed somewhat better 576 
than the WARMF model in predicting EC for similar lead times.  577 
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 579 

 580 

 581 
Figure 11 - Comparison of Regression model forecasts and observations of EC at various lead 582 
times for the period between February 22, 2018 and May 22, 2020 583 
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 586 

 587 
Figure 12 - Comparison of WARMF model forecasts and observations of EC at various 588 

lead times for the period between February 22, 2018 and May 22, 2020 589 
 590 

6. Statistical Analyses 591 
The prior analysis focused on comparisons between model EC forecasts for the regres- 592 

sion and WARMF models and how the differences between model predictions and observa- 593 
tions change over time for forecast lead times ranging from ∆ Day+0 to ∆ Day+14. Corre- 594 
spondence between model EC forecasts and EC observations exhibited significant variability. 595 
In general, as expected, the differences between model predictions of EC and observations 596 
increase with forecast lead time. Consequently, the question arises up to what lead time can 597 
the model forecasts of EC be considered reasonably reliable. In this section, a statistical ap- 598 
proach to comparing the means of the observations and model EC forecasts is described. 599 

The application of statistical testing methods for comparing the two models requires 600 
that careful consideration be given to the underlying assumptions made in the analysis. A 601 
preliminary decision is what statistical property should be tested. For the statistical analysis, 602 
a comparison of observation and forecast means was selected following the prior analysis 603 
based on the fact that mean salinity load, the product of the mean concentration (EC) and the 604 
mean flow, is the parameter of primary interest. 605 

In general, most environmental data does not follow a normal distribution, as will be 606 
demonstrated for the observed EC monitoring data presented in this study. This fact has im- 607 
portant impacts on the statistical tests that can be employed to test the equivalence of the 608 
observation and forecast EC mean values. The classical t-test statistic assumes the data are 609 
normally distributed. If they are not normally distributed, it might be possible to transform 610 
the data (eg. using logarithmic transformations) so that, when plotted, they appear normally 611 
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distributed. Such transformations can sometimes complicate the interpretation of the results. 612 
Non-parametric methods, that do not assume the data are normally distributed, are tests on 613 
the median values of the sampled data and therefore are not appropriate for this study. An- 614 
other approach is the use of a permutation test. This method employs large numbers of sto- 615 
chastically generated realizations based on the underlying data to obtain a reasonably normal 616 
distribution of values. This is the statistical analysis approach chosen for this study. 617 

The application of these methods was accomplished with the use of the R-commander 618 
software platform (R version 3.5.3). R is public domain software available under the "Great 619 
Truth" Copyright (C) 2019 The R Foundation for Statistical Computing. Also employed in the 620 
analysis were several R scripts developed by Practical Statistics Inc. and made available 621 
through their Applied Environmental Statistics courses. The statistical methods deployed in 622 
the analysis that follows were chosen based on their relative accessibility and the perception 623 
that these could be easily explained to program participants and interested stakeholders.  624 
Given the differences in the ways each of the models has been deployed for forecasting (one 625 
run daily and the other weekly) it was thought necessary to address these potential biases 626 
through the use of standard, well recognized methods.  These included:  627 
 628 
1. Visual examination of the observed EC data and Regression and WARMF model EC fore- 629 

casts at selected forecast lead times using boxplot graphical output.  630 
2. Statistical testing of the normality of the observed EC data and model EC forecasts using 631 

the Shapiro-Wilkes test at selected forecast lead times. 632 
3. Statistical testing to determine whether the observed EC data and model EC forecasts have 633 

similar variances using the Fligner-Killeen test at selected forecast lead times. 634 
4. Scatterplots of the output from the Regression and WARMF model forecasts data at se- 635 

lected forecast lead times. 636 
5. Developing linear models using a forecast response variable and observation explanatory 637 

variable and computing the adjusted R-squared as an indicator of model goodness-of-fit 638 
at selected forecast lead times. 639 

6. Matched pair permutation testing to evaluate the whether the means of the observed EC 640 
and model forecast EC are statistically significant at the selected forecast lead times. 641 

 642 
The results of these analyses are presented for selected lead times of ∆ Day+12 repre- 643 

senting the late forecast period. The boxplots showing the results of the Regression (Figure 644 
13a) and WARMF (Figure 13b) model forecast EC comparisons with the observed data EC. 645 
Boxplots are visual tools that can be used to indicate whether the data are normally distrib- 646 
uted. If the distribution is normal, the boxplot would be divided into equal (blue) areas by 647 
the median (black line) and the data range represented by the dashed line would have equal 648 
lengths on the top and bottom of the box. As illustrated, these conditions are not met by the 649 
EC observations and EC forecasts for either model. The Shapiro-Wilkes test is a statistical test 650 
used to evaluate whether data are normally distributed. Commonly, a p-value of less than 651 
0.05 is considered indicative of a non-normal distribution. As shown on Figure 13, the p- 652 
values are considerably less than 0.05 confirming the boxplot interpretation. At forecast lead 653 
time ∆ Day+12, the boxplots in Figure 14 suggest that neither the observed EC or model fore- 654 
cast EC are normally distributed but have similar variances as indicated by the Fligner- 655 
Killeen p-values being greater than 0.05 . 656 
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 658 
Figure 13a,b - Boxplots of observed EC and forecast EC by the Regression(a) and WARMF(b) 659 
models are shown for forecast lead time ∆ Day+12. Fligner-Killeen variance p values are 660 
0.6244 and 0.2703 for the Regression and WARMF models respectively. 661 

 662 
Scatterplots of observed EC data and both Regression and WARMF model models EC 663 

forecasts are shown in Figures 14a and 14b respectively with their linear regression plots 664 
superimposed. The Regression model EC forecasts shows slightly less scatter around the 665 
“best fit” regression line than the WARMF model EC forecasts. However, neither model 666 
shows a high R-squared coefficient indicating poor fit. 667 

(a) 

(b) 
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 669 
Figure 14a,b. - Calculated linear regression relationship (solid blue line) for the Regression 670 
(14a) and WARMF (14b) models together with a scatterplot of the underlying observed EC 671 
data and model forecast EC for lead time ∆ Day+12. 672 

 673 
Figure 15 shows the histograms and p-values associated with the matched pair permu- 674 

tation test for both Regression (15a) and WARMF (15b) model EC forecasts for forecast lead 675 
time ∆ Day+12. The results of the matched pair permutation test indicate that neither the 676 
Regression model nor WARMF model EC forecasts are good representations of the observed 677 
EC values at lead day ∆ Day+12. The Regression model EC has a p-value of slightly greater 678 
than 0.05 (0.1021) while the WARMF model EC has a p-value is slightly less than 0.05 (0.0283). 679 
 680 

(a) 

(b) 
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 682 

 683 
 684 
Figure 15a,b - Histograms of the mean differences between observed EC and model forecast 685 
EC for the Regression (15a)and WARMF (15b) models for model forecast lead time ∆ Day+12. 686 

 687 
In addition to the selected lead times presented above, adjusted R-squared and matched 688 

pair permutation tests were computed for EC predictions from both Regression and WARMF 689 
models for all EC forecast lead times from ∆ Day+0 to ∆ Day+14. Figure 15a,b shows the ad- 690 
justed R-squared values for both models. As illustrated, the Regression model has higher 691 
adjusted R-squared values than the WARMF model throughout the forecast period indicat- 692 
ing a better goodness-of-fit. However, it is also worth noting that the adjusted R-squared 693 
values for both models decline progressively over the forecast period indicating a declining 694 
goodness-of-fit at longer lead times.  695 

The results of the matched pair permutation tests comparing the mean of the observed 696 
EC and forecast EC for both regression and WARMF models are shown in Figure 16. 697 

(a) 

(b) 
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 700 
Figure 16 - Adjusted R-squared values for the Regression and WARMF models for all EC 701 
forecast lead times. 702 
 703 

The results of the statistical analyses are summarized as follows. 704 
• Visual analysis and statistical tests indicate that although both observed EC and model 705 

forecast EC are not normally distributed their variances are sufficiently similar to validate 706 
the use of the matched pair permutation test to test whether the mean of the EC observa- 707 
tions and model EC forecasts are statistically similar. 708 

• The Regression model has consistently higher adjusted R-squared values than the 709 
WARMF model at all lead times indicating it has a relatively better goodness-of-fit. 710 

• The matched pair permutation testing suggests that both models can make reasonably 711 
good EC forecasts out to about 7 days. 712 

 713 
6.1 Discussion of Model Evaluations 714 

Qualitative and quantitative comparisons of the performance of the WARMF and Regres- 715 
sion models for forecasting EC at the compliance monitoring station at Vernalis were made to 716 
assess the utility of both models. The simple evaluation of the Regression and WARMF fore- 717 
casting models comparing the differences between the observed salinity and the model-based 718 
forecasts of EC at the Vernalis compliance monitoring station between February 22, 2018 and 719 
May 22, 2020 suggested that the Regression Model EC forecasts were generally closer to the 720 
overall mean of the observations than the WARMF model EC forecasts (previously shown in 721 
Figure 5). Although a total of 820 EC observations were made at the Vernalis monitoring station 722 
fewer forecasts were made due to personnel availability and occasionally data validity issues. 723 
The WARMF model EC forecasts were made on the Monday of each week owing to the greater 724 
amount of time required to assemble model time series input data and complete each forecast 725 
and associated personnel constraints – hence forecasting frequency was roughly three times 726 
higher in the case of the Regression model (previously shown in Table 2). 727 

The results of the model performance comparison was shown in Figure 6, the Regression 728 
Model provides EC forecasts with mean differences of less than or equal to 5 µS/cm for the first 729 
7 days (∆ Day+0 to ∆ Day+6). Alternately, the WARMF model provides EC forecasts with mean 730 
differences of less than or equal to 5 µS/cm for only 5 days (∆ Day+0 to ∆ Day+4). Based on 731 
these measures of performance, the Regression Model provides EC forecasts with reduced er- 732 
ror relative to the WARMF model for the period from ∆ Day+4 to ∆ Day+6.  733 

Forecast EC standard deviation, a measure of the dispersion of the EC forecasts or EC 734 
forecast differences around the mean EC value, showed that Regression model EC forecasts 735 
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closely approximated of the EC observations at all lead times. The standard deviations of the 736 
WARMF model EC forecasts were consistently less than standard deviations of the EC obser- 737 
vations until lead time day+8. The standard deviation of forecast EC differences steadily in- 738 
creased with forecast lead time for both models with the WARMF model EC forecasts exhibit- 739 
ing greater values of standard deviation than the Regression model throughout the forecast 740 
period (previously shown in Figure 7ab). 741 

To examine the effect where individual model bias affected the mean of differences be- 742 
tween the observed EC and the model forecasted EC, EC forecast values that were higher than 743 
the measured EC were examined separately from those for which the EC forecast values were 744 
lower than the corresponding EC observations. Figures 9 and 10 showed comparisons of the 745 
positive and negative bias EC results for the Regression and WARMF models, respectively. For 746 
the positive bias differences in EC, the Regression Model had smaller differences at all lead 747 
times than the WARMF model. For the negative bias differences in EC, the Regression Model 748 
had smaller negative mean differences than the WARMF model. For both the positive and neg- 749 
ative bias forecast mean differences in EC, the Regression Model performed better than the 750 
WARMF model for lead times from ∆ Day+0 to ∆ Day+10. From ∆ Day+12 to ∆ Day+14, the 751 
performance of both model EC forecasts was approximately the same. 752 

Visual inspection of the forecast EC time series results did not reveal any particular sea- 753 
sonal influence on the results. The RMSE between the observed EC data and model EC forecasts 754 
was also calculated as a function of forecast EC lead time. These results revealed that RMSE 755 
increased with EC forecast lead time indicating a decrease in the reliability of model forecasts. 756 
The Regression model showed consistently lower RMSE values compared to the WARMF 757 
model. The California Nevada River Forecast Center has typically run its published forecasts 758 
out only 10 days. As previously discussed, fourteen days has been considered by technical an- 759 
alysts associated with the Real-Time Salinity Management Program to be a minimum period 760 
that would reasonably allow agricultural and wetland managers time to make adjustments to 761 
salt load export to the SJR.  762 

Visual analysis and statistical tests suggested that neither the observed EC data or the 763 
model EC forecasts were normally distributed whereas the variances were sufficiently similar 764 
to validate the use of the matched pair permutation test, used to test whether the mean of the 765 
observed EC and model EC forecasts are statistically similar. The Regression model showed 766 
better goodness-of-fit relative to the WARMF model (Figure 16) as assessed by the R-squared 767 
coefficient The matched pair permutation tests indicated that both Regression and WARMF 768 
models provided reasonable forecasts extending out to about 7 days, - not quite long enough 769 
to satisfy the goal of 14 days suggested for agricultural and wetlands stakeholder operations. 770 

The prior analyses were based using the full data set of all available daily observation EC 771 
data - model forecast EC paired values for both the Regression and WARMF models. However, 772 
the Regression model EC forecasts were made about three times more frequently than the 773 
WARMF model EC forecasts over the past 2 years (Table 3). Comparisons of the concurrent 774 
day EC forecast results with those made with the full data set suggested that the results of the 775 
analysis were similar. For both cases, the WARMF model EC forecasts were consistently lower 776 
than those the Regression model and also lower than the observed data (comparing Figure 5 777 
with Figure 16). The standard deviations of differences between forecasts and observations for 778 
the WARMF model EC forecasts for both the full and concurrent data sets were greater than 779 
those for the Regression model at all forecast lead times. 780 

In general, the Regression model performed better than the WARMF model for EC fore- 781 
casting periods for up to one week. 782 

 783 
7. Case study: Forecasts of EC exceedances during Spring 2021 784 

During February 2021 an opportunity arose to compare the forecasting capability of both 785 
models in real-time during a time period where the trend in the 30-day running average EC 786 
at two of the three SJR compliance monitoring stations suggested potential future exceedance 787 
of EC objectives. California is in the second year of a severe drought and water shortages in 788 
the State’s reservoirs have resulted in severe curtailment of surface deliveries to some 789 
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farmers. Federal contractors with junior water rights in the SJRB, south of the Delta, may 790 
receive no surface water deliveries at all during the 2021 irrigation season. The central prem- 791 
ise of the real-time salinity management program remains that coordinated actions on the 792 
part of stakeholders can optimize the use of SJR assimilative capacity preventing violations 793 
of water quality objectives.   794 

The real-time water quality management program was initiated during a time when the 795 
Vernalis station was the only compliance monitoring station for salinity along the SJR. Dur- 796 
ing 2020 two additional water quality stations were added for salinity management in the 797 
lower SJR – Reach 83. This action, that was subsequently introduced as an amendment to the 798 
Basin Water Quality Control Plan ostensibly places limits on the degradation of water quality 799 
(EC) of riparian diversions into Patterson and West Stanislaus Irrigation Districts. Although 800 
it is unclear what enforcement actions might follow non-compliance with the new 1,550 801 
µS/cm salinity objective for Reach 83 – the current WARMF model and the USBR's Regression 802 
model were extended to supply 14-day forecasts of EC and salt load assimilative capacity at 803 
these stations. The Basin Plan amendment provided some compliance relief for various se- 804 
quences of wet, dry and critically dry years where the 30-day running average EC limit was 805 
raised using a weighting schema. Unfortunately, the formula does not provide any means to 806 
avoid the EC objective for the current water year. 807 

The USBR's obligation under a Management Agency Agreement (MAA) signed with the 808 
CRWQCB (the State regulator) is to meet the 30-day rolling average EC objectives at the Ver- 809 
nalis, Crows Landing and Maze Road Bridge, the current compliance monitoring sites for 810 
EC. These objectives are ostensibly to provide suitable water quality for riparian agricultural 811 
diversions along the mainstem of the SJR and in the Delta. The premise was that stakeholders 812 
would help to sustain water quality improvements in the SJR with the help of the USBR- 813 
funded cyberinfrastructure by scheduling drainage salt loads from west-side sources to co- 814 
incide with dilution flows generated from eastside sources so as not to exceed the salt load 815 
assimilative capacity of the SJR, estimated at each of these stations.  816 

In late February 2021, as watershed inflow to the SJR subsided after a series of rainfall 817 
events - both the WARMF and Regression forecasting models suggested a slowly increasing 818 
trend in the daily and 30-day running average EC (Figures 17 and 18) that might exceed the 819 
various compliance monitoring station EC objectives at Crows Landing and Maze Road (EC 820 
30-day running average objectives of 1,550 uS.cm) and at Vernalis which was transitioning 821 
from the winter 30 day running average EC objective of 1,000 µS/cm to the irrigation season 822 
objective of 700 µS/cm. Note that the irrigation season objective applies after April 30 (when 823 
30 days have elapsed). The weekly WARMF model forecast (green background) suggested 824 
on 2/22/21 that the 30-day running average EC threshold of 1,550 µS/cm at Crows Landing 825 
could be exceeded on March 6, 2021 (Figure 18a) whereas the Vernalis site stlll showed salt 826 
load assimilative capacity (Figure 17a).  The USBR had been making regular adjustments of 827 
New Melones reservoir releases to maintain compliance with EC objectives at Vernalis as 828 
required under the MAA. The Regression model (blue background) that was run on the same 829 
Monday February 22 (Figure 18b) – suggested an occurrence of the same exceedance event 830 
although the date of the exceedance was predicted one day earlier. In order to lower the 30- 831 
day running average EC at Crows Landing – westside return flows upstream of Crows Land- 832 
ing would need to fall below the 1,550 µS/cm criterion.  833 

WARMF and Regression model forecasts made on April 26 were much closer in their 834 
predictions (Figures 18c, 18d) and neither suggested that 30-day running average would drop 835 
below the zero line – indicating continuing exceedance and lack of SJR salt load assimilative 836 
capacity (SLAC) (Figures 18e, 18f). The forecasts made by the models on 6/1/21 show that the 837 
daily mean EC dropped below the objective on 5/19/21 and continued to drive the 30-day 838 
rolling average downward until it dropped below the 1,550 µS/cm objective and transitioned 839 
into positive territory on 5/28/2021 (Figures 19a, 19b).  840 

 841 
 842 
 843 
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 890 
Figure 17 - Comparison of daily WARMF and Regression model forecasts for EC at the 891 
Vernalis compliance monitoring station on 2/22/21 (a,b); 4/26/21 (c,d,e,f); and 6/01/21 (g,h). 892 
Graphs (e,f) show the 30-day running average EC forecast on 4/26/21 relative to the 30- 893 
day running average EC compliance objective.  894 
Conversion of flow in cfs to m3/sec: 100 cfs = 2.83 m3/sec. 895 
 896 
 897 
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 945 
Figure 18 - Comparison of daily WARMF and Regression model forecasts for EC at the 946 
Crows Landing compliance monitoring station on 2/22/21 (a,b); 4/26/21 (c,d,e,f); and 947 
6/01/21 (g,h). Graphs (e,f) show the 30-day running average EC forecast on 4/26/21 relative 948 
to the the 30-day running average EC compliance objective.  949 
Conversion of flow in cfs to m3/sec: 100 cfs = 2.83 m3/sec. 950 
 951 
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Conversion of flow in cfs to m3/sec: 100 cfs = 2.83 m3/sec. 952 
 953 

This transition is also shown in Figure 19c. Figure 19c, which was produced on 6/1/2021, 954 
correctly predicted the transition to positive salt load assimilative capacity on 5/26/2021. This 955 
plot also shows the proportion of the salt load contributed by the combination of Mud and 956 
Salt Slough relative to the total salt load measured at the Crows Landing compliance moni- 957 
toring station. At this time of year, the majority of the salt load in these Sloughs is seasonal 958 
wetland drainage which typically has an EC in excess of 1,500 µS/cm.     959 

(a)  (b)    960 
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 983 
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 985 
 986 
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 988 
Figure 19 - Comparison of daily WARMF and Regression model forecasts for EC at the 989 
Crows Landing compliance monitoring station on 6/01/21. Figures (19a) and (19b) show 990 
the 30-day running average EC and forecast for 6/1/21. Figure 19(c) shows the SLAC at the 991 
Crows landing station. By early May wetland drainage no longer dominates Mud and Salt 992 
Sloughs and daily SLAC in the SJR increases. The 30-day running average SLAC crosses 993 
the zero line around May 28, 2021. Breaks in the plot are the result of temporary EC sensor 994 
malfunction at the Crows Landing station. 995 
Conversion of flow in cfs to m3/sec: 100 cfs = 2.83 m3/sec. 996 
 997 

8. Stakeholder response and coordination 998 
As previously noted, this event has provided the USBR with an opportunity to demon- 999 

strate the agency’s commitment to its obligations under the MAA, reminded stakeholders of 1000 
their role in the real-time program and exposed deficiencies in real-time response to periods 1001 
of water quality exceedance. During the second week of February, when it became clear 1002 
through the use of the forecast models that the salinity at both Vernalis and Crows Landing 1003 
stations was trending towards potential exceedance of the 30-day running average EC stake- 1004 
holders were notified directly. The likely date of exceedance was estimated to be March 5 1005 

(a) (b) 

(c ) 
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from WARMF and Regression model forecasts made on February 23, 2021. In order to pro- 1006 
vide stakeholders adequate time to perform remedial actions, the USBR analysts performing 1007 
the forecasts of SJR EC decided to directly engage with stakeholders in the SJRB rather than 1008 
rely on the USBR’s normal weekly posting of flow, EC and 30-day running average EC at the 1009 
three SJR compliance monitoring stations. Communication with stakeholders was primarily 1010 
by e-mail letter to east and westside agricultural stakeholder coalitions, directly impacted 1011 
water district, and representatives of the private, state and federal wetland entities. the San 1012 
Joaquin Valley Drainage Authority, Grassland Water District, Los Banos Wildlife Manage- 1013 
ment Area, Patterson and West Stanislaus Irrigation Districts, on the eastside Modesto and 1014 
Turlock irrigation districts and the East SJR Water Quality Coalition. A similar e-mail was 1015 
sent to the Regional Water Quality Control Board, the Basin regulator, that has the power to 1016 
set fines for water quality objective exceedances.  1017 

In retrospect the decision to directly engage with stakeholders with these EC forecasts 1018 
was both timely and prescient. Although anticipated by agency staff and water managers, 1019 
programmatic fish migration flows from east-side reservoirs, that started in mid-April, were 1020 
able to drive down the EC at Vernalis below the 700 µS/cm limit that came into effect on April 1021 
30. The Merced River is the only tributary to the SJR upstream of Crows Landing and sup- 1022 
plemental flows for fish migration were insufficient to prevent the EC at Crows landing from 1023 
exceeding objectives. During the period of exceedance at the Crows Landing compliance 1024 
monitoring there were opportunities to address the excess salt loading to the SJR. During the 1025 
initial period of exceedance had a stakeholder suggestion to raise the board elevation at the 1026 
San Luis Drain outlet been followed (the San Luis Drain is a previously used drainage canal 1027 
that conveys saline subsurface agricultural drainage to Mud Slough and the SJR) drainage 1028 
return flows could have been temporarily stored in the Drain for later release and would 1029 
have reduced salt loading by 100 tons (91 tonnes) per day.  This salt load withheld from the 1030 
SJR would have provided short-term relief and eliminated the deficit in SLAC for a few days. 1031 
Most inflow to the San Luis Drain is from seepage from adjacent agricultural lands and sea- 1032 
sonally flooded wetlands – the average EC of these inflows is about 2,500 µS/cm. However, 1033 
after the first days of exceedance the daily EC remained elevated above 1,550 µS/cm and the 1034 
30-day running average SLAC deficit climbed to a steady state load of approximately nega- 1035 
tive 1,000 tons (907 tonnes) per day.   1036 

Exceedance of the Crows Landing EC objective occurred during the wetland drawdown 1037 
period when the Grassland Water District and adjacent State and Federal refuges are drain- 1038 
ing ponded surface water to allow germination of swamp timothy, smartweed and water 1039 
grass food crops that serve overwintering waterfowl. Since the timing of this drawdown is 1040 
critical for swamp timothy production and the waterfowl that prefer this food source asking 1041 
wetlands to curtail drawdown during this period was viewed as unrealistic by wetland re- 1042 
source managers. 1043 

Procurement of additional dilution flow from the Merced Irrigation District was also 1044 
unrealistic given the prevailing drought conditions and anticipated water shortages during 1045 
the summer of 2021. In addition, some entity would have had to foot the bill for procurement 1046 
of any additional supply if supply were available. 1047 

The Regional Board has taken a “wait and see” approach to this first test of the real-time 1048 
water quality management system and the newly promulgated upstream EC objectives at 1049 
Crows Landing and Maze Road compliance monitoring stations.  There has been no discus- 1050 
sion of fines or allocation of penalties across subareas contributing salt load to the SJR from 1051 
the Regional Board. Another fact to consider is that included among the potential fine recip- 1052 
ients would be those riparian diverters located within the North-West side subarea that irri- 1053 
gate salt sensitive crops which beneficial use the upstream EC objective was promulgated to 1054 
protect. Penalizing stakeholders, who are potentially harmed by elevated EC in this reach of 1055 
the SJR, would be problematic. 1056 

At the time of writing the severe drought conditions in the Basin have reduced fore- 1057 
casted flow for June 10, 2021 at the Crows landing compliance monitoring station to under 1058 
100 cfs and daily EC is once again over the 1,550 threshold EC. The 30-day running average 1059 
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EC is climbing once again and may remain above the objective for the remainder of the irri- 1060 
gation season while drought mitigation actions are in force. 1061 

 1062 
 1063 

9. Summary and Conclusions 1064 
Real-time salinity management is a stakeholder and water agency sanctioned program that 1065 
helps to maximize allowable salt export from the agriculture-dominated SJRB. The essential 1066 
components of the current program that are now in place include the establishment of telem- 1067 
etered sensor networks, a web-based information system for sharing data, a basin-scale salt 1068 
load assimilative capacity forecasting model and institutional entities tasked with perform- 1069 
ing weekly forecasts of SJR SLAC and using these forecasts to improve scheduling of west- 1070 
side drainage salt load export and the dilution provided by east-side reservoir releases. Two 1071 
modeling approaches were developed simultaneously, in part to see if a higher level of au- 1072 
tomation could be introduced in developing SLAC forecasts and if the frequency of these 1073 
forecasts could be moved from weekly using the WARMF numerical simulation model to a 1074 
simpler flow-based regression modeling approach run daily. The Regression model relies on 1075 
a comprehensive statistical analysis of the relationship between flow and salt concentration 1076 
at three compliance monitoring sites. The WARMF watershed water quality simulation 1077 
model provided the conventional SLAC forecasting approach. The model is data driven and 1078 
although model data acquisition is almost fully automated there is still a need for user in- 1079 
volvement for simulation times that may take an hour or more. The results from both models 1080 
are migrated manually to Excel spreadsheets that are used to produce graphics that are 1081 
posted to the web daily in the case of the Regression model and weekly for the WARMF 1082 
model.  1083 

The first part of the paper has provided a comprehensive analysis of the model results 1084 
when used to make 14-day EC forecasts (daily and 30-day running average EC) and an esti- 1085 
mate of 14-day SJR SLAC. Analysis of the results from both model-based forecasting ap- 1086 
proaches over a period of five years show that the regression-based forecasting model, run 1087 
daily Monday to Friday each week, provided marginally better performance. However, the 1088 
regression-based forecasting model assumes the same general relationship between flow and 1089 
salinity which breaks down during extreme weather events such as droughts when water 1090 
allocation cutbacks among stakeholders are not evenly distributed across the Basin. The test 1091 
case described in part 6 of this study provides a good example of this potential occurrence. 1092 
The test case was also used to demonstrate the potential utility of both models in dealing 1093 
with an exceedance event at the Crows Landing compliance monitoring station. The year 1094 
2021 in California, one of the driest years on record, has provided a convenient laboratory to 1095 
test the robustness and reliability of the flow-EC relationship that the regression model relies 1096 
upon.  Contract water delivery cuts to USBR contractors are not applied equally during 1097 
times of water supply shortage – rather they are decided based on the seniority of contractor 1098 
recipient water rights.  1099 

The major conclusion drawn from the project to date is that a dual modeling approach 1100 
of using a simple Regression model for daily automated forecasting with weekly simulation 1101 
model runs using the WARMF model appears to be optimal. This hybrid approach provides 1102 
sufficient frequency of forecasts to allow stakeholders to make timely decisions (Regression 1103 
model) while using stakeholder data to eliminate model inconsistencies during periods of 1104 
unusual or extreme Basin hydrology. The use of the WARMF model in this dual modeling 1105 
approach also provides modelers with a tool to more fully understand the current state of 1106 
the system and to investigate unusual occurrences in Basin hydrology and water quality that 1107 
are only possible with a mechanistic model like the WARMF model.  1108 

In the future it would be desirable that the Regression and WARMF models are both 1109 
run daily which would eliminate some of the model comparison questions that were 1110 
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addressed in this study. Further automation of WARMF model data pre-processing steps 1111 
could be combined with similarly automated real-time data quality assurance routines – per- 1112 
haps enhanced with Machine Learning procedures to eliminate data gaps, remove sensor 1113 
drift and data spikes to improve model performance. the lack of a robust and customizable, 1114 
public domain real-time data quality assurance software tool remains the biggest remaining 1115 
impediment to water quality forecasting capabilities and if addressed could enhance stake- 1116 
holder confidence in this instance of model-based environmental decision support. 1117 
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