CHAPTER 4

ANN ASSISTED WATER RESOURCES MODELING
STREAM-AQUIFER INTERACTION MODELING
Stream-aquifer interaction is the fundamental camepbto address river basin conjunctive
use modeling, for rivers that are hydraulically wected to a phreatic aquifer. Simplified
stream-aquifer response models are generally iocatgd into river basin models [e.g.,
Dai and Labadie 2001 and Kansas Hydrologic-Insbital Model (Burkhalter 1997)], but
they fail to adequately capture the complex dynaeamd spatial characteristics of the
system response (Fredericks et al. 1998). Annatime methodology for modeling
stream-aquifer interactions at the river basin esgéal presented that integrates artificial
neural networks (ANN), geographical information teys (GIS) and regional-scale
MODFLOW-MT3DMS groundwater modeling. The methodplois based on the
development of dynamic, spatially dependent refatigps between basin scale measurable
system characteristics, which directly or indirgdtigger aquifer stresses, and the stream-
aquifer interaction. GIS provides the framework foanaging and preprocessing the
extensive spatio-temporal database required fddihgi the dataset used to explore and
derive the relationships. An ANN is used to extréloe relationships between the
explanatory variables and the stream-aquifer iotema, with MATLAB™ (MathWorks,
Inc) providing the foundation for training, valite and analyzing the ANN. A calibrated

regional-scale finite difference groundwater mg#i¢ODFLOW) and the associated water
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quality model (MT3DMS) are used to represent straguifer interaction in both historical

system operations and simulated management altersat

The methodology is designed and implemented taobpled with the river basin network
flow model Geo-MODSIM. The coupling is rooted iretlinkage of geo-referenced system
features and characteristics to geo-referenced basin network flow model objects.
Complex stream-aquifer interactions are embodidtertrained ANN, which is embedded
in Geo-MODSIM for providing accurate water quantigd quality conjunctive surface
and groundwater modeling. The methodology presemteein is aimed to the construction
of a robust and realistic river basin scale denisiaking support tool. The Lower
Arkansas Valley in Colorado, from Pueblo Resertwithe Colorado-Kansas State Line, is

used to illustrate the method and demonstratedtenpal of its application.

Regional Scale Groundwater Modeling

The Department of Civil and environmental Enginegrat Colorado State University has
been conducting research in the Lower ArkansasrRiedined from Pueblo Reservoir to
the Colorado-Kansas State Line, for many yearse&et al. 2006). Figure 4.1 shows the
location of the current (upstream) and in-progggresindwater modeled areas, where the

upstream modeled area is approximately one-fodrtineoLower Arkansas River Valley.
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Figure 4.1- Regional-scale groundwater modeledsarea

Management alternatives were engineered and moaeldte regional-scale to mitigate
salinity and waterlogging problems and sustaincaditire in the area (Burkhalter 2005).
Management alternatives included combinations qtiifar recharge reduction, canal
seepage reduction, groundwater pumping increasej aanb-surface drainage
improvements. Burkhalter (2005) modeled the l@send 38 alternatives including: (1)
nine scenarios of aquifer recharge reduction frO& 1o 90%, (2) seepage reduction levels
of 50%, 70% and 90%; (3) 90% seepage reduction 284 of the irrigation canals length,
(4) canal lining scenarios of 90% seepage reduatiddolbrook, Ft. Lyon, Rocky Ford,
Catlin, Otero and Highline canals, (5) drainage rompment scenarios with tile drains
installed in selected fields at spacing of 50m, 73@0m, and 150m, (6) groundwater
pumping increases of 25%, 50%, 100%, and 200%gdimbinations of recharge reduction
and seepage reduction of 30%-50%, 50%-90%, and08®-&spectively, (8) recharge
reduction and drainage improvement of 30%-100m,-50%, and 80%-50m respectively,

(9) combination of seepage reduction and drainaggeavements of 50%-100m and 90%-
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50m respectively, and (10) combination of rechargguction, seepage reduction and
drainage improvement of 30%-50%-100m, 50%-90%-5@mg 80%-90-50m. This

transient model is an important resource for urideding stream-aquifer interaction and
evaluating the aquifer response to salinity rentemtisstrategies in the basin (Burkhalter

and Gates 2005; Burkhalter and Gates 2006).

Approach

The methodology developed herein learns from theildd regional groundwater
modeling effort to model the stream-aquifer intdcac at a larger-scale (i.e., the basin
scale). The ANNs have been demonstrated as a fubweol to describe complex
relationships between sets of explanatory varialled observed data (Rogers 1992;
Maskey et al. 2000; Govindaraju and Ramachandr®)200n particular, Bowers and
Shedrow (2000), Sandhu et al. (1999), and Parkad. é2007) have successfully applied
ANNSs to predict combined effects of the river-aguikystem. Detailed modeling of
groundwater basins requires an extensive set ¢éraysharacteristics that are pertinent to
the specific modeled area. Many of these chailatitsrare not available at basin scale, or
in adequate resolution to be reliable. Therefdraditional groundwater modeling
parameters cannot be used for the ultimate gobhsin scale modeling. However, there
are events that indirectly influence stream-aquiféeraction such as precipitation, canal
diversion, river flow, etc. Combining the occurcerof these events together provides are
indicators of not only the temporal, but the spayestem states. A methodology is needed
to define explanatory variables that adequatelyessmt system state changes to provide
guidance in predicting stream-aquifer interactidie selected explanatory variables must

be available (i.e., measurable) at basin scale ifitovative methodology proposed herein
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predicts stream-aquifer interactions using an ANNicl is trained with current and
previous basin-wide-measurable system states. ANi¢ is trained using (1) a detailed
well-calibrated quantity and quality groundwaterdalorepresenting the regional response
of the aquifer (i.e., river return flows, river defioons and salt loads to the river) and (2)
basin-wide quantifiable system state variables.e ANN training (“learning”) process
develops dynamic relationships between the inpudsoatputs as embodied in the training
data set that captures the complex nonlinear digatiatributed stream-aquifer response to
system stresses. The relationships learned b4NiNecan be used to prescribe the stream-
aquifer interaction in areas where detailed growatdwmodeling is not available. GIS is
used in building the ANN training and testing datasas spatially grouped by area-buffers.
The ANN output variables are queried using fReer GeoDSS Geo-MODFLOW

extension.

The developed ANN can be spatially linked with theface basin scale model (Geo-
MODSIM) for efficient and practical conjunctive usgdeling. In addition, embedding
the ANN within river basin decision support toolsrgnates the computational burden of

directly incorporating realistic numerical finitéfdrence models.

ANN Development
Spatial 1V ariable Grouping

Aquifer responses can vary significantly, even imithroximate locations or contiguous
cells. When stream-aquifer interaction is analyoedr larger areas, some of the local
variability is smoothed, resulting in increaseddictability.  Return flow volumes and

concentrations are modeled in aggregated areaexteatd to the adjacent alluvial irrigated

valley around the main stream (i.e., the ArkansasrR These areas groupings are created
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from 15-km river segments in an attempt to maint@amparable predictions per unit
length. The boundary of each grouping area folldassthe most part, the sub-watershed
boundary created from the most downstream poitiiefiver segment. Figure 4.2 shows
the stream-aquifer interface modeling grouping @readhe Lower Arkansas Valley. The
grouping areas are sequentially numbered from egustr(east of Pueblo Reservoir) to
downstream (Colorado-Kansas State Line). ArcHydots were used to delineate the sub-

watersheds to guide the grouping areas boundamitaef (see Appendix Il -Sream-

Aquifer Interaction Grouping Areas for details).
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Figure 4.2 — Stream-Aquifer Modeling Grouping Ar@@ashe Lower Arkansas River
Valley

Since the aquifer responds to stresses as a foraftaistance from the stress, it is expected
that more proximate stresses have more impact @radifer response. The Arkansas
River is expected to be the most influential sysedement for the aquifer in the grouping
area. Figure 4.3 shows an example of flow direstim MODFLOW groundwater
modeled cells in the Arkansas Valley regional-scadelel. In this example, the influence
of the main stream (Arkansas River cells) on growatdr flow direction in the vicinity of

the river (including areas close to the tributavidgere arrows are parallel to the tributaries)
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is clearly evident. In contrast, for cells fatliem the river, the direction of the flow is
toward the tributaries. The canal lines (solid tiglue) seem to have less influence on the
direction of the groundwater flow, although cartabe will likely have a significant impact

on the magnitude of flows in/out of the aquifer.
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Figure 4.3 — MODFLOW Groundwater flow direction exale

Surface water bodies in the system also play aroitapt role in the groundwater flow
direction. Figure 4.4 shows another example ofdinection of the groundwater model
cells, where it is evident that surface water st&on with the aquifer influences the

groundwater flow direction.
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Figure 4.4 — Groundwater flow direction example

From the previous analysis, it can be inferred gagsses located in close vicinity to the
main stream will have the most significant effeats stream-aquifer interaction. In the
case of tributary stream-aquifer interface modelstgesses farther away from the main
stream will play a more important role than in thmain stream-aquifer interaction

modeling. The spatial relevance of system statngbs is incorporated by grouping
variables according to the locations where theyuonccFor this purpose, area-buffers
surrounding the stream are created using increfnleatfer zones along the main stream
segment. The first area-buffer extends 3 km aabtnaest of the stream, while the second
area-buffer extends 6 km east and west of thednest-buffer external boundary. Figure
4.5 illustrate the area-buffers for the groupingaarin the groundwater modeled region.
The stream-aquifer interface for the main riverldsated in the first buffer, whereas

tributary stream-aquifer interactions can occuany of the area-buffers.
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Figure 4.5 — Buffer-Areas for variable aggregatiingide the stream-aquifer modeling
grouping areas

Explanatory 1 ariables

The explanatory variables are designed to capheeystem state and provide the ANN
with pertinent information about the current statel magnitude of change with respect to
previous states in order to predict aquifer reflows and salt loadings to the surface water

system.

Explanatory variables are aggregated by groupiegsaand depending on the nature of the
explanatory variable further sub-divided by are#fdyu Explanatory variables aggregated
per grouping area include (1) average main strelavaton from sea level, (2) stream
length in the grouping area, (3) tributary streamgths in the grouping area, and (4) the
average system stream flow in the grouping areae éxplanatory variables summarized
per area-buffer in the grouping areas include YErage terrain elevation with respect to
the main stream elevation, (2) lengths of the san@) canal average elevations with
respect to the average main stream elevation,réfsaof water bodies in the area buffer,

(5) average elevation of the water bodies with eespo the main stream elevation, (6)
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extent of irrigated fields, (7) average diversicer frrigated area for fields in the area-
buffer, (8) the number of active pumping wells, {&al groundwater pumped volume, (10)
total precipitation over the area-buffer, (11) ager canal seepage in the area-buffer, and
(12) average aquifer recharge in the area-buffeecomputed for a canal irrigating land in
the area-buffer as a fraction of water availablehtoarea-buffer fields. Intensity indicator
variables for potential changes in the modelingvafious management scenarios are
included as explanatory variables. Variables mitlhg percentage of increase pumping
from the baseline and drainage intensity are coetptdr each grouping-area. Variables
reflecting seepage reduction from the baselinep@ndentage of recharge reduced from the
baseline are calculated for each area-buffer asetibn of the corresponding overlying
canals and irrigated fields in the area-buffersppéndix | describes the explanatory

variables in detall includinBiver GeoDSS database keywords and processing methods.

Training in Passes

As discussed previously, explanatory variables #r&t dependent on Geo-MODSIM
simulations can create instability in the predietidgf the training values significantly differ
from the simulation values. The aforementionedhing technique attempts to alleviate
this effect. All the scenarios to be includedhe training are executed in Geo-MODSIM
prior the first training as an initial approximatian order to mimic all important model
conditions, such as scenario demands, seepageseaed/oir storage. In the baseline
network calibration, theéRiver GeoDSS provides gains and losses to closely match the
measured flows that bring flows in the system alésea conjunctive use simulation flow.
The ANN training dataset is then generated usiegritial set of Geo-MODSIM results.

Using the trained ANN, a new execution of the GeOID&EIM networks is performed that
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allocates water according to the new system camditi including the ANN predicted
stream-aquifer interaction. The explanatory vdeslior the ANN are computed based on
the first MODSIM run in order to lessen the impaaotthe predictions. A second ANN
training session can then take place using the neasint MODSIM results to build the
new training dataset. Figure 4.6 shows the se@uesed to train the ANN in several

passes or sequences.
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Figure 4.6 — ANN training in passes diagram

Using this iterative process between the ANN tragreindRiver GeoDSS simulation, it is
possible to refine the explanatory variable datasetmore accurately capture the
complexity of the system model. In the futurestimethod can provide a valuable
contribution to refine the groundwater model byvilong a better representation of spatial
and temporal water availability, especially forrsameos where no historical measurements

are available.
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Training Dataset

The ANN training dataset is created using a setoofs that (1) extract the spatially
dependent variables from the GIS spatial datali@3equery baseline and management
alternative Geo-MODSIM results for the modeling elegient variables, and (3) summarize

temporal-varied variables from the time serieslulzga per modeling time step.

Geo-Processing Tools

A set of tools have been implemented in VB.NET gdiSRI-ArcObjects to geo-process
and extract explanatory variables aggregated bypyng area or area-buffers. These tools
are packed under a user interface (Figure 4.7);wisi accessed from thver GeoDSS

o]
toolbar using the buttc N |

The data management interface allows system elenefiite associated with the name of
representing feature class (from the availablehim ArcMag™ project). The system
elements defined in the data management tool ieclutgated fields, pumping wells,
canals lines, the Digital Elevation Model (DEM), tetlabodies, the main stream and the
grouping areas. In addition, the data managenmetface allows selection of file paths
and file names for the time series database, tkeigiation database, water quality

database, and the ANN buffers and training datasets
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Figure 4.7 — Geo-tool user interface for ANN tramidataset processing in
ArcMap™

Spatial Precipitation Tool
The precipitation tab (Figure 4.7) gives access to a tool for geimgraa database with

tabular precipitation summarized per area-buffel per time step. This tool summarizes
precipitation based on a set of precipitation rastaps, which are the result of processed

NEXRAD data or raster maps generated from pointswmes precipitation, using River

GeoDSS tool ( £ ) to generate raster maps from National WeraGBervice (NWS) and
Colorado Agricultural Meteorological network (CoAgh stations (Figure 4.8). The
raster maps folder location is specified in theadatinagement interface. The generated
raster files are named with user defined prefixtgdaanagement interface) and the

simulation time step start date.
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Figure 4.8 -River GeoDSS climate raster maps from point-based data gewoerati
interface

ANN Input Generation Tool
The ANN Input Generation tool processes the available spatio-temporal dadastores the

summaries in a database referred adtiffers database (assigned in the Data Management
interface). The user specifies the number of brggers and the base size of the buffer,
i.e., the first buffer (Figure 4.9). These paramefre used in the grouping area polygons
to create the area-buffers and generate a seppbausummary tables and processed GIS

feature classes for the creation of the ANN trajrdataset.

General | Export AMM Input/Output  AMM Input Generation | 4| #

Buffer-®reas Options

[12 I 1T .

Mumbeer of Buffers
[ Incremental
(¥ Buffer-treas clipped with surface drainage area

~

Cratabasze for AMN Input

Figure 4.9 — ANN training dataset preprocessingriate

MODSIM Inputs Tool
This tool uses MODSIM output files to extract thedal related explanatory variables.

This tool allows using in the ANN training datasesults of complexRiver GeoDSS

modeling, including water rights allocation, cadibon flows, temporal and spatial water
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availability and accurate modeling of scenariosetielent variables such as local inflows

(vertical drainage scenario), diversions, seepadesgen predicted return flows.

Geo-MODFLOW in ANN Training
Geo-MODFLOW tools are used to build the ANN tragidataset. The geo-referenced

grid cells are geo-processed (clipped) to providegroups of cells included in the analysis
of each of the grouping areas. The geo-procesgaglts include cells per area-buffer
(BGridCells feature class) and MODFLOW river cells classifigdgoouping area for both
the main stream and the tributariB&iver Cells XX feature class). These processed feature
classes are stored in theffers database. The variables included in the traidatgset are:

(1) total volume returned to the main stream aiiitaries, (2) total salt returned to the
main stream and the tributaries, (3) calculatedcentration of the return flows, (4)
grouping area aquifer recharge, (5) grouping atwaging and corresponding salt load, (6)
simulated drained volume and corresponding satt, laad (7) the area-buffer based canal
seepage. Details on these MODFLOW modeled vasade provided in Appendix | —

MODFLOW-MT3DMS Variables for ANN Training.

Export ANN Input\Output Tool
The Export ANN Input/Output tool uses thebuffers database support tables and GIS

processed feature classes to generate datasetsnpuiis and outputs for all simulation
time steps and all modeled management alternatiVes.user specifies the type of data to
be included in the dataset (i.e., input or out@iagland the type of output (i.e., quantity or
quality), as well as the type of grouping areasttude. Although explanatory variables
for simulation grouping areas can be generatedesoay lack modeled output variables.

Figure 4.10 shows the user interface for the ANRhing dataset generation. TRever
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GeoDSS Simulation Scenario Manager is used to displagfegoeferences for the scenarios
to be used for training, including the MODFLOW filecations and characteristics of

alternatives for pumping increase, recharge reolnictseepage reduction and drainage
density. The tool generates an MS-Access datatmagaining the ANN training dataset;

details on the generated database structure amd féyppendix | —ANN Training

Database.

General  Export ANN InputfQutput | NN Input Generation I Frecipitation I bezsages I

AN M InputfOutput File
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AN InputfOutput File
Table Hame: IANN_Inputl:lutput_tlriginal

I_ kdodeled Grouping Mreas I_ Use ALL Scenarios

_ncwve v | Generate Dataset I

I_ Simulation Grouping Arezs

[ Seenarios
T Active Scenario

[ -

Scenario General

Figure 4.10 — ANN training dataset generation usterface

ANN Database Management Utility
This tool filters and processes the dataset gesgbtay the geo-processing tools to create

files for ANN MATLAB training andRiver GeoDSS simulation.

The ANN Database Management utility adds four variables to the dataset, makiingm
available for the ANN training. The variables otuced are: (INETRetFlow_CalcArk
and NETRetFlow_CalcTrib that use the MODFLOW output variables to comphte riet

volume from the aquifer to the river and to théutaries, respectively, where a negative
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sign indicates water leaving the aquifer, BchReduction, which uses the user defined
baseline to compute reduction in recharge to themng areas, and (JeepReduction
that computes, per area-buffer, the seepage reduftom the user-defined baseline

scenario.

This tool implements two MS-Access user interfac&se first one (Figure 4.11) allows
data grouping, filtering the initial time stepse(j. excluding them from training) and
applying factors to the dataset variables to fatdi the training. In addition, this user
interface allows splitting the dataset into grobpsed on the month number for separated
ANN training under different seasonal conditionsg(eirrigation and non-irrigation).
Experimentation on the ANN stream-aquifer inte@ttmodeling showed insignificant
improvement when training the ANN for irrigatingcanon-irrigating seasons; therefore, a
single period was selected for this study and AN split option is not available in the

River GeoDSS

The second interface (Figure 4.12) allows selecbbrthe training dataset generation
parameters, including (1) the grouping areas famimng and testing, (2) explanatory
variables, (3) output variables to be predictedh®yANN, (4) previous time step variables
and number of previous time steps to be includedach explanatory variable set; (5)
dataset generation options, and (6) naming coroehtior the output files. Explanatory
variables with “_” indicate that they will be incled for all the area-buffers specified in the
preferences. This interface processing engineemehts an algorithm that includes

input/output variables from previous time stepsitoulate a recurrent effect that allows the

neural net to capture time-varying patterns. Altjio the feedback is static, and it will not
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change during training based on the actual outpst&,would in a Jordan network (Jordan
1990). The advantage of having the outputs indudethe inputs is that the training
dataset can be randomly extracted from the enétasdt. This utility exports a group of
text files for MATLAB ANN training andRiver GeoDSS simulation support; the files

names and description are available in Appendix ANN Training Dataset Files

Description.
[ Ty
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Input Data Grouping  [DatalD [ StartMaonth [EndrManth
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_ EdiTable | DrainSaltload 1000
QUTPUTQuality Trib 1ooa
METRetFlow_Calchrk 1233486
METRetFlow_CalcTrib 1233456

Exclude Initial Mo, of Time Steps [0
B Single Daka Type. Diatall =

Baseline DatalD 140

PAMMN InpukQuEbpuk Eables Generation : |

Figure 4.11 — ANN training dataset pre-processitigrface
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Figure 4.12 — ANN training dataset preferencesiate

MODSIM Reservoir Operation in the Arkansas River System

Explanatory variables such as the flow and divergitom the Geo-MODSIM modeling)

play an important role in the set of explanatoryialdes. In addition, the reservoir
operation rules are important for water allocagmal, consequently, in the Geo-MODSIM
flow calculation. Two reservoir operating rulesrevémplemented to generate the ANN

training datasets. The first one sets the targetsistorical levels for Pueblo and John
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Martin Reservoirs. The second operating rule vsssrvoir layers with incremental costs
to balance storage water between the two reservaisng historical reservoir levels as
targets prevents storage of water above the hasldavels, but will satisfy historical water

rights and river compact requirements by releasstigrage water if needed and
replenishing it as soon as possible. The reserayer balancing approach uses
incremental costs in the user-defined reservoierayo dictate the allocation of water in
the reservoir system. Calibration of layer balagooperating rules includes setting the
reservoir layer costs to match as close as posgiblaistorical levels in the reservoir, so
that system flows in the baseline network with tayalancing operating rules are close to
the baseline flows with the first operating rulBifference in MODSIM simulations are

noticeable in the scenario simulations where “fregiter can be stored in the reservoirs

rather than released down the system.

The sets of baseline and scenario MODSIM runs &mheoperating rule are used to
generate two separate ANN training datasets. Tdiasdt generated with the set of
MODSIM runs using the historical level as reservtargets is referred to herein as
Dataset_ A and the dataset generated with reservoir layesnbalg is referred to as

Dataset_B.

ANN Training

Basin-scale stream-aquifer interaction modelingdsieved with two independent ANNS.
The ANN training characteristics and relevant emgtary variables for stream-aquifer
interaction modeling of the Arkansas River verdsdributaries are significantly different.
Therefore, an ANN for each type of training is iemplented to accurately model the system

water conjunctive use. This separated traininggss gives the ability to better filter the
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dataset, thereby improving performance by trainingd predicting over more
homogeneous input\output cases. For both the AdsaRiver ANN and the tributaries

ANN the explanatory variables are spatially grogmg area-buffers in Figure 4.5.

Grouping areas (6 and 11) located near the edgiee @froundwater modeled area require
special handling since if only the modeled areaassidered, it results in explanatory
variables values of smaller magnitude due to thallemnumber of features considered,
rather than if the entire area were taken into aato Predictions per unit length in

grouping areas 6 and 11 are assumed to remaimasitoilthe modeled values per unit
length, which includes only a portion of these giiag areas. Therefore, the ANN training
dataset is built assuming that explanatory vargahbe the entire grouping areas 6 and 11
(including no modeled areas) will produce the saeselts per unit length of stream as the
values calculated in each modeled area. Usingathypsoach all the grouping areas for
training will have a common ground for comparisanterms of their river lengths and

area-buffer extents.

Both Dataset A andDataset B are used to train ANNs for the basin-scale stragmifer
interaction modeling. Each of the datasets proslddéNs that attempt to predict the same
phenomena, thereby giving an indication of the iigitg of the predictions to changes in

the MODSIM-reliant explanatory variables.

The training dataset for the ANN that models threash-aquifer interaction is prepared
using the preferences displayed in Figure 4.11HerANN Database Management Utility,
including (1) all months in a single group, (2) actbr of 1000 applied to the ANN

predicted salt load related variables [i.e., satads to the Arkansas River
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(OUTPUTQualityArk), salt loads to the tributarie®(TPUTQualityTrib), and salt loads in

drained wateirainSaltLoad)] to reduce their magnitude on the ANN trainingd43) a
factor of 1233.486 to convert the computed netrnefiows (NETRetFlow_Calc) from n?

to acre-ft.

Custom MATLAB Training Tools
A set of customized tools were developed usingMAELAB © neural network Toolbox

libraries. These tools allow importing the trapnidatasets, selecting training parameters,
preparing the data, training and testing the ANN® training process begins by browsing
for the ANN Database Management utility exportéekfi A set of dialogs allows the user
to select options for the ANN training. The uselested options include scaling type,
training/testing/validation groups to be generatkd,size of the training dataset, the type

of network, the network structure, and the trainpagameters.

The Training Tool uses the training dataset crehyethe Database Management Tool (the
testing dataset is used later for simulation peréorce analysis). This training dataset is
divided in training, testing and validation grougscording to the user preferences. The
testing/validation groups are used for the backapgagion ANNs to avoid overtraining.
These groups consist of training cases that argnmesented to the ANN for training but
rather used for stopping the process when oveitiais detected. If later in the training
process the user selects a type of network that dokerequire the testing and validation

groups, these cases are merged back with thengasaises.
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ANN Explanatory Variables Automatic Scaling
The pre-processing algorithm automatically seldisveen two scaling methods: (1)

Min/Max scaling MnMx) and (2) Standard Deviatio&t¢l) scaling.

In MnMXx scaling, the explanatory variables are scaleddxtwl and 1 using the following
transformation equation:
(pi - minp)

pn, =2* ——— -1
(max, - min,)

wheremin, = the minimum of explanatory variabeandmax, = the maximum value for

the explanatory variable

The Sd scaling transforms the data so that its mearaisdda standard deviation of 1 using

the following equation to transform the variables:

(p; - mean,)

stdp

pn; =
wherepn; = the transformed valu@; = the explanatory variable valuggan, = the mean

of the explanatory variable andstd, = the standard deviation of the explanatory végiab

P.

The MnMx scaling option is used for explanatory variabldgemw the mean value of the
MnMx transformed data falls between 0.25 and -0.2%ratise,Xd scaling is used. This
rule attempts to maintain a symmetrical spreadhefscaled data around the O value. In an
attempt to reduce the effect of errors in the nesitime step explanatory variables during

simulation, a tighter interval of -0.1 and 0.1 sed for assignindgyinMx scaling to these
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variables, resulting in &d scaling in almost all cases. The output variablesalways

scaled using thBInMx method.

ANN Training Dataset Size
The combination of about 130 weekly time stepgHerbaseline and 36 scenarios produces

a very large dataset for training. Training an AWith large dataset becomes impractical
or impossible due to computing limitations. Theref the custom ANN training tool
allows the user to randomly select a specified remalh cases for training (Figure 4.13).

The remaining training cases are added to the ipeaface testing dataset.

)| Training Dataset size g -

hilaimum Mumber of training-Yalidation datasets
2500

[ L], ”Cancel |

Figure 4.13 — MATLAB ANN training tool dataset simser-dialog

Neural Nets Types and Training Preferences
Four types of neural nets are implemented in theTM#B training tool: (1) feed-forward

backpropagation, (2) Elman backpropagation newthark, (3) Generalized Regression

Neural Net (GRNN) and (4) Radial Basis Neural NRBKIN).

Backpropagation type networks use a training methlbdt relies on sequential
improvement of weights and biases to minimize sri@tween the predicted and observed
values; therefore, the minimization result is acfion of the initial parameters condition.
A backpropagation training event is difficult topreduce, since the initial training

parameters are randomly selected, and the tramight require many trials to acquire the
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desired performance. The developed training tool

B AN traini... (=) 0 B3|

Mumber of training sessions
g

implements a sequential training process in whianyn

training events in several sessions are carriedvwotlt the

umber of training terations . .
a0 best performance training selected per sessiajure 4.14

haie. Mumber of hidden neurons shows the wuser preferences interface for the
15

[ o l [ — l backpropagation sequential tool. For each traiewvent,

Figure 4.14 — Backpropagation  th€ algorithm selects a random number of neuropsdu
Neural Net Training Dialog
the user specified maximum); in addition, it chantjee
MATLAB training method (i.e., traincgf, traincglyatnscg, traingdx, trainbfg and trainim),
and randomly selects the layers transfer functype i.e., purelin, tansig and logsig). A

weighted performance function is used to selecbtst trained network per session. The

performance function includes training and validiatmean squared errors (MSE), which
are combined using a factor of 0.3 and 0.7, resm#gt The performance functionf() is

computed as:

f, = 03IMSE, + 07 IM<E, 4.1)

where MSEr = training dataset mean squared error BI&E, = validation dataset mean
squared error. The training process stores theradaorks for all the training sessions,
which are available for comparison and analysigi@custom MATLAB post-processing
tools. In the feed-forward network training, additl options are available to the user
such as: training stopping methods and types okar&t structure. The training tool
implements three MATLAB training stopping methoBsurly stopping, Regularization and
Bayesian regularization. The user can select ftaim types of feed-forward neural

network architectures: Feed forward or Cascadedmdw
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The Elman Network training follows the backpropawyattraining procedures described
above, but is significantly more difficult and timeonsuming than the other

backpropagation networks. Therefore, traininggricted to smaller number of sessions.

The RBNN type networks are trained based on the use

AN traini... =) O [E3]

Mumber of training sessions
g

specified sum-squared error (SSE) goal and network

spread. Figure 4.15shows the user interface for the radial
hin. SPREAD parameter

15 basis ANN training. The custom training tool tsaithe

Mase. SPREAD et , ,

53; parsmEst user-defined number of networks between the maximum
Sum-souared error goal (35E) and minimumspread until the SSE goal is reached or

3

[ ok | [ Cancel ] more than 400 neurons are required in the traieient,

Figure4.15 — Radial Basis NN size found to be impractical for training and potidn
training preferences
generalization. The training sessions are theredtéor
further visualization and analysis. Use of variowetwork spreads results in different
separations of the neurons and consequently reqdiféerent numbers of neurons to

achieve the error goal. Parsimony in the numbenafrons required results in better

generalization capabilities of the ANN.

The Generalized Regression neural network (GRNIM)tigoe of radial basis network, but
is rather insensitive to trepread parameter, as with the RBNN. Since the rang@afagls
with good performance is small (1 to 4), the tnagnprocess becomes almost unique for
each set of training datasets. In this trainingepss, the user is only asked for shiesad
value. Commonly, the GRNN architecture results inetwork with larger numbers of

neurons than the regular radial basis network.
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Neural Network Selection

Neural Network selection involves training differdgpes of implemented ANNs using

several configurations and sizes of datasets irerotd observe and compare their
performance in training/verification, overall parftance (using the testing dataset) and
network structure complexity. The best ANNs are parad in detail by comparing

predictions for the baseline scenario at individgabuping areas. Finally, selective
screening is performed to observe return flow amcentration predictions for scenarios
compared with the baseline predictions. Theseigited differences are essential for

analysis of the management alternatives using i Bonjunctive use modeling.

The feed-forward ANN training is disadvantageousaose of the large number of training
events needed to achieve good performance. Hoedmérformances are highly variable
depending on the training event, which results wide range of prediction errors for the
best networks. Even though one-third of the ali@laases (8000+) are used for training,
prediction performance on the testing/validatiotadat was extremely poor, in most of the
cases. Based on the limited number of traininghvavperformed, the feed-forward NN

seem to lack the ability to predict this complexpbmenon.

The Elman recurrent network was not used for thimleling because the nature of the
training dataset is unsuitable for this type of ANNhe training cases were derived from
small sets (i.e., grouping areas and scenariof)rohological events, but these sets are not
all sequential. Since, the network training reloes the order in which the explanatory
variables are presented, combining cases fromreliftesets results in misinterpretation of

the training dataset.
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The GRNN prediction is limited by the size of thiairtiing dataset, with the maximum
number of training cases found to be less thanda@0to computer memory limitations.
The GRNN training produced ANNs with the numberhadden neurons equal to the
number of training datasets, which indicates thdy ¢he randomly selected cases will
influence the prediction.  The GRNN training épeatable and rapidly processed, with
acceptable overall performance but poor generalizat The ANN testing results show
smooth predictions but including large predictioroes in some cases. The differences
between the baseline and scenario predictions werensistent with the modeled

differences.

This experimentation with different ANN architeasr and configurations pointed to
selection of the radial basis neural network ag baged for the modeling based on
prediction performance and generalization capaslit Upon adequate combination of
parameters and error goals, the RBNN was able tiehibe process with a small number
of neurons, and produce predictions with the sreladierors. Although for some of the test
cases the correlation between the predicted ancthdueled values was low, the average
predictions seemed to have a relatively small epased on visual inspection of the
graphical results. In addition, differences bemvebe baseline and the management
scenario predictions produced the correct predictioange direction in most cases. In
many instances, the predicted differences havemdasi magnitude to the differences

between the modeled baseline and the correspontinggement scenarios.

Arkansas River Stream-Aquifer Interaction ANN
For these ANNSs, explanatory variables are gathéwad only the first area-buffer (i.e.,

closer to the Arkansas River). Figure 4.16 shdwgteferences used to generate the ANN
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training dataset that predicts Arkansas River straquifer interactions usinDataset_A.
Values from four previous time steps are usedendttaset to provide the ANN with time-
varying “memory” effects. The variables made reent are: (1) grouping area average
flows, (2) net return flows to the Arkansas Rived43) return flow concentrations. Notice
that the return flow output is normalized per léngt the main stream in the grouping area.
Figure 4.17 shows the preferences used to gertee#®NN training dataset for modeling
the interaction between the aquifer and the Arkaf@ger usingDataset B. In this case,
since only data from two previous time steps aedua the dataset, the increase in the
previous time steps included in the network “merhagn potentially magnify the error

propagation during simulation.

The networks used to model stream-aquifer interastin the Arkansas River basin are
trained using a random set of 2500 cases. Thalrbdsis ANN is trained fospreads
between 2 and 150 and a SSE error goal of 15. b&ékeperformance (Equation 4.1) was
achieved in both trainings usingsaread'=39. The ANN internal configuration is defined
in the training process based on the training patars (i.e.spread and error goal). The
training results in an internal configuration of hidden neurons for the ANN from
Dataset A (AllScen GWR v8BArk b) and 34 hidden neurons for the ANN from the

Dataset B (AllScen GWR_VBArk).

1 Best spread from a discrete search using the user-specified maximum, minimum spread and the number of training events.
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5 ANN_IOToMatlab : Form =23
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Figure 4.16 — ANN training dataset preferencegterArkansas River stream-aquifer
interaction modeling (Dataset_A)
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Figure 4.17 — ANN training dataset preferencesdi@nsas River stream- aquifer
interaction modeling (Dataset_B)

AllScen_ GWR_v8BArk_b Validation for Arkansas River Stream-Aquifer
Interaction

The training performance analysis report (Figur&8¥.is used to visualize the main
elements and statistics of an ANN training evenhis report belongs to a set of reports
generated by the custom ANN training tool. Thefgrarance analysis report includes plot
of predictions vs. modeled values in both the trgrand original scales and predictions
statistics in both training and testing\validatiokigure 4.18 shows the ANN training and

testing prediction performance of tAdScen GWR _VvBBArk b neural net to prescribe the
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return flow per unit length to the Arkansas Riv&he analysis shows the prediction
performance in both the randomly selected 2500itrgicases and the remaining 25000+
cases (testing\validation cases). The testingcéste biasm(e)= -0.002 acre-ft/km,
indicating that the prediction mean is close torttean modeled values. The testing root
mean squared error per wegk) = 7.2 acre-ft/km, which provides an indicationtbé
variability of the forecast errors. The noise-tgrsll ratios(e)/s(y)=0.002 indicates good
accuracy since a small amount of information hiddgrthe noise (i.es(e) much smaller
than the modeled data variangg)). In addition, the coefficients of correlatiét+0.96
and determinatiof®=0.92 during training and testing, indicate a gémecast and do not

show signs of overtraining.

Figure 4.19 shows the training and validation asialjor the Arkansas River return flow
concentrations as predicted by tAH Scen GWR vBBArk b ANN. The prediction
statistics indicate an unbiased and accurate pi@dionith a high coefficient of
determination of 0.99 and low noise-to-signal d@0D1. The root mean squared error

s(e)=48.5 mg/L.

AllScen_ GWR_v8Ark Validation for Arkansas River Stream-Aquifer Interaction
Figure 4.20 shows thallScen GWR _VvBArk return flow predictiorperformance analysis,

and Figure 4.21 displays thadlScen GWR V8Ark return flow concentration validation
analysis. The prediction performances of Akscen. GWR _v8Ark ANN is similar in all
aspects to théllScen GWR vBBArk b ANN. The return flow root mean squared error
s(€)=7.80 acre-ft/km and the return flow concentratis(®)=50.9 mg/L The major

difference is a more complex internal structuréhi@AllScen GWR_VBArk network. It is



believed that the main contributor to increasesamplexity is usage of fewer previous

time steps explanatory variables.
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Figure 4.18 — All_Scen_GWR_v8Ark_b ANN trainingtieg performance
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Figure 4.19 — All_Scen_GWR_v8BArk_b return flow centration training and
validation analysis
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Figure 4.20 — All_Scen_GWR_v8Ark ANN training\tegjiperformance analysis
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AMHM Training Performance :All_Scen_GWR_vBArk
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Figure 4.21 — Return Flow Concentration predictgd\b Scen_ GWR_v8Ark

Tributaries Stream-Aquifer Interaction ANN

For the tributary stream-aquifer interaction ANN® explanatory variables are gathered

from both available area-buffers to capture systemsses in areas far from the main stem

but important to describe return flows to the newrtributaries. The variables made
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recurrent are only the output variables: (1) natrreflow to the Arkansas River and (2)
return flow concentrations. The return flow outmtormalized per length of tributary
streams marked with an active return flow flaghe torresponding grouping area. Two
previous time steps of the return flows and theiaentrations are used to provide data on
time-varied influences. The training dataset edetugrouping area number 7 since it has a
tributary length less than one kilometer. In additcases having tributary stream lengths
or return flow concentrations equal to zero arduged from the training. Data filters are
also used in the testing dataset for realistic Etrmn performance measurements. These

filters are handled when simulating with these ANINtheRiver GeoDSS simulation tool.

ALL_Scen_ GWR_v8BTrib_c Validation for Tributaries Stream-Aquifer Interaction
Figure 4.12 shows the preferences for the generafithe ANN training datasets using the

Geo-MODSIM historical reservoir simulatiorDdtaset A). The return flow prediction
analysis shows good prediction ability of the ttdyy aquifer return flow (Figure 4.22).
The computed coefficients of determination &&0.97 andR?=0.98 in training and
validation respectively. The testing set mean ssl@rrors(e)=5.67 (acre-ft/knf) and
s(e)=2.38 acre-ft/km; the noise-to-signal ratio=0.088d the forecast bias shows a
negligible over-prediction m(e)=0.054 acre-ft/km. Figure 4.23 shows the
ALL_Scen GWR Vv8BTrib_c ANN return flow concentration prediction analysisThe
analysis show accurate predictions with high coieffits of determination d#=0.99 and

m(e)= -1.87 mg/L; with a prediction root mean squarereof s(€)=46.4 mg/L.
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analysis
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Figure 4.23 — All_Scen_GWR_v8Trib_c return flow centration prediction
performance analysis
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ALL_Scen_ GWR_v8Trib_a Validation for Tributaries Stream-Aquifer Interaction
This Neural Net is trained to predict the tribugaristream-aquifer interaction using

Dataset B. Figure 4.24 shows the preferences used to thédraining dataset for this

ANN.
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Figure 4.24 — ANN training dataset preferencesafprifer-tributary interaction
modeling with Dataset B

The ANN prediction performances are analyzed omifeig)4.25 and 4.26. The prediction
statistics show an accurate return flow predictisith R?=0.98 in both training and
validation; s(€)=2.18 acre-ft/km; the noise-to-signal ratio equal803 andm(e)= -0.09

acre-f/km. The return flow concentration resutse R*=0.98; m(e) =1.88 mg/L; and

s(€)=69.2 mg/L.
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Figure 4.25 — All_Scen_GWR_v8Trib_a return flowgintion performance analysis
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Figure 4.26 — All_Scen_GWR_v8Trib_a return flow centration prediction
performance analysis

ANN Performance Evaluation

The trained ANN performances are evaluated in ldetaithe baseline and some selected

management scenarios. A set of interactive MATLA#Rdx reports are implemented in
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the custom ANN training tool to compute and disptag predictions for analysis and
comparison with observed values (i.e., modeled eglin this case). This evaluation
consists of comparison of predicted and modeledieglfor both return flows and
concentrations at several detailed levels. Tisel@wvel is overall performance including all
simulated scenarios, along with the baseline, dnth@deled grouping areas. The next
level is performance evaluation for all groupingaa in the baseline scenario. The final
level includes prediction comparisons for eachvimlial grouping area. Appendix Il
presents the baseline detailed performance evaitutair the four trained ANNSs for stream-
aquifer interaction modeling and selected compagss®f the prediction for the

management alternatives as compared with the hagaiediction.

ANN-based Stream-Aquifer Modeling Analysis

The methodology for stream-aquifer interaction ntiode based on artificial neural
networks as introduced herein is demonstratedralsust alternative to traditional methods
such as the SDF method (Jenkins 1968) or MODRSPRoagipes (Maddock and Lacher
1991). Congruent with Suen and Eheart (2003)AHN type selection gave preference to
the radial basis networks to represent complexlenad In this study, the radial basis
ANN succeeded in modeling an extremely complex phwmnon with the simplest
network architecture, while performing exceptiopailell in the overall prediction of the
large number of testing cases, including the mamagé scenarios. The largest errors are
located at the initial time steps of the groundwaienulation where erratic behavior is
visible in the modeled values. The trained ANNs able to closely duplicate the
MODFLOW modeled return flows per grouping area #mel corresponding MT3DMS

modeled concentrations. Therefore, the trained AdH¥ be used to substitute the
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groundwater model in th&ver GeoDSS for conjunctive use modeling. The main
advantages of implementing the trained ANN inffher GeoDSS modeling system (often
referred to as “machine learning” approach) arg:tlig@ ANNs are able to predict return
flows and concentrations faster than a finite défeee model, (2) the predictions based on
this methodology avoid compromising the qualitytlué predictions with approximations;
e.g., linear superposition, as would be requiredsimplified groundwater modeling
methods (Glover 1974; Jenkins et al. 1972; Maddao# Lacher 1991), (3) its design
allows applying the learned relationships betweetesn state changes and stream-aquifer

system response in contiguous areas that lacketetzroundwater models.

Traditional coupling between groundwater and serfaater models for conjunctive use
modeling can be performed directly if the groundwanodel covers the basin modeled
area and all the simulated alternatives are modeldte groundwater model. This unique
approach can be used to substitute the MODFLOW-MIIS@roundwater models in their
coupling with MODSIM by not only replacing the gradwater model in the modeled area,
but also predicting stream-aquifer interactionsfét)areas where groundwater models are
unavailable, and (2) for management alternativésnotuded in the groundwater model.
This approach allows conjunctive use basin scaldetmay in the Lower Arkansas River

Valley, where detailed groundwater models are watl@ble for the entire basin.

The trained ANNSs for the two reservoir operationsndt show significant differences in
predictions performance. It can be concluded wisatg more than two weeks of memory
only marginally improve, if any, the prediction fl@mance and can cause larger error-

accumulated effects on the simulation.
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Uncertainty Discussion

The developed ANN attempts to reproduce the MODFLRWWBDMS modeled stream-
aquifer interaction, and therefore inherits all thecertainty associated with the
groundwater model in predicting the stream-aquifégraction. Additional uncertainty is
introduced by the implemented methodology, with rien sources of uncertainty in the
ANN representation of the groundwater model be{aydiscrepancies between the values
calculated for the regional-scale groundwater moaletl the homologous variables
computed for ANN training (e.g., pumping, precipda, canal seepage, recharge), (2) the
spatial aggregation of variables and predictioB8¥ d{fferences in stresses due to shifts in
weekly time steps between MODSIM and MODFLOW-MT3DNgter the second year
of simulation there is a shift between stresses rasgonses), and (4) the ANN model
structure and error goals. Statistics on the tepocluded in Appendix Il give a sense of

the uncertainty associated with the ANN predictions

Non-Modeled Areas Prediction

In addition to uncertainty in the modeled area,itemtthl uncertainty is introduced while
using the learned relationships outside the groatelwnmodeled area. Since the ANN is
trained based on conditions that might be uniquetfie modeled area, such as aquifer
characteristics, the assumption for basin scalelicappn is that those unique
characteristics are not going to significantly aann the non-modeled area to as to
invalidate the predictions. Based on this asswnpthe uncertainty is potentially going to
increase with distance between the modeled are#hangrediction location. John Martin
Reservoir, located downstream of the groundwatetetedl region, could influence system
characteristics in the downstream area by incrgatsia prediction errors in this region.

Assessment of these errors is only possible ifetlage data available to compare against
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the prediction. Statistics could be derived remgvby individual grouping areas from
training and assessing the prediction errors. eéSthe modeled grouping areas are all
clustered together, however, the ultimate errorluag®n is only possible when the
calibrated transient model for the downstream dreeomes available. Analysis and
validation of the baseline predictions outside riinedeled area is performed using surface

water measurements in the Arkansas River basie swadleling presented in Chapter 7.

Limitations and Additional Thoughts

Since the ANN combines the effects of the explawyat@riables to predict the stream-
aquifer system response, these predictions ar@dibg the hydrologic conditions for
which the network was trained. In this case, tteugdwater modeling encompasses the
transition from an extremely wet period to a dperiod. Therefore, the predictions are
expected to behave in a similar fashion to thefaguesponse under these conditions. The
magnitude and sequence of the explanatory variabilkgictate, to some degree, the

prediction but it must be noted that the underlyperfavior was a wet-to-dry transition.

RESERVOIR WATER QUALITY TRANSPORT MODELING

Valerie (2001) analyzed the regional transport afew and dissolved constituents through
heavily regulated river systems, showing that tlstesn is influenced in varying extents by
the presence of reservoirs. Transport of chemtbatgigh heavily regulated river systems
is influenced by the interaction between the chagnef the inflowing water and processes
occurring within reservoirs. These processes a&teroiined by (1) reduced water

velocities and concomitant loss of sediment, (2 timing and extent of thermal

stratification, (3) advective transport characterssand the occurrence of density currents,

(4) the location of outflow portals, (5) hydrautietention times, and (6) biological activity
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within the reservoir (Thornton et al. 1990). Adulially, concentrations of dissolved
materials from evaporation is a major factor intoaliing salinity in reservoirs due to
increased residence time, temperature, and suafaeg especially in arid basins. Accurate
basin scale water quality modeling with in-lineee®irs requires the modeling of these
processes in the reservoir. Modeling the compiexgsses in the reservoir, using the most
up-to-date tools such as CE-QUAL-2E (Wells 2000byjuires a large number of input
variables and detailed information on the resersgatem that is not readily available. A
need for a simplified but robust approach is idettito assist the basin scale salinity

modeling efforts of this research project.

John Martin Reservoir Salt Transport Analysis

Salt transport in John Martin Reservoir is analykaded on available historical data from
November 1985 to October 2004. The two stationsiging water quality data on inflows
include ARKLASCO and PURLASCO, with the ARKJMRCOat#bn providing
continuous records for water quality of the reseraatflows. The ARKLASCO station is
located on the Arkansas River, and it records degalarly at constant time intervals,
whereas the PURLASCO station is located on the &oirg River and has intermittent
total dissolved solid samples. The TDS samplEdHRLASCO are used to fit an equation
to represent concentrations as a function of tbe fluring periods where no data are
available. The data indicate a wide range of comagons for a given flow (especially low
flows), with the best fit equation from the set tekted equations determined to be
logarithmic (Figure 4.27). Since this equation wssaan extremely low portion of the

variance as explained by flow, indication that ¢hekist additional factors that influence
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concentration measurements at the station. Fsd#rinonstration, the concentrations are

assumed to result from the fitted logarithmic emumat

Model: v2 = a + b*Log(v3)
y=(4245.14)+(-332.65)*log(x)
Proportion of variance accounted for: .38091255 R =.61718113
6000 T T T T T T
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Figure 4.27 — Flow vs. Concentration at PurgatBirer near Las Animas

Results from Valerie (2001) indicate that sitesated above the major reservoirs on the
Colorado River and the Rio Grande have differerdratteristic and distinct chemical
signatures, with passage through the reservoirfigadb merge and collapse these
individual signatures. Figure 4.28 shows a congpariof the combined salt load coming
into the reservoir from the Arkansas and Purgatéirgers and load coming out the
reservoir to the Arkansas River. This figure sh@anseasonal behavior, in which during
the irrigating season (peak flows), the salt magsased from the reservoir is greater than
the salt mass coming into the reservoir; converdtly salt mass conveyed downstream

during the non irrigation season is smaller than rtiass load entering the reservoir. In
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addition to the increased evaporation occurringnduthe summer months, it appears that
the high flow season increases the reservoir layring and therefore contributes higher
salt mass loadings downstream. The aggregatedahsali transport is summarized in
Figure 4.29, showing that the net salt mass emj#egving the reservoir changes from year
to year. Figure 4.30 shows that the addition tifteahe reservoir is correlated with the net

increase in storage (positiVetal Flowlin).
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Figure 4.28 — Salt transport in John Martin Reskervo

Analysis of salinity concentrations reveals a dédfé behavior than the salt loadings.
Salinity concentrations of the reservoir inflowsudiuate more than the outflow
concentration, indicating that the reservoir perfer a smoothing effect on the
concentrations. Figure 4.31 shows the ArkansdsPamgatoire inflows concentrations,
along with the John Martin Reservoir outflow corications. In general, the Purgatoire

concentrations are larger than the Arkansas coratemts, with corresponding averages of
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2608.08 mg/L and 2168.56 mg/L respectively. Cotregions of the outflows are less

variable and average 1861.83 mg/L, showing an dveduction in concentration for the

analyzed period.
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Figure 4.29 — Annual Salt Load In/Out John MartesBrvoir
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Figure 4.30 — John Martin net annual change iragiwiand salt mass
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Figure 4.31- John Martin Reservoir concentratio@ui

Concentrations at the outlet of the reservoir anesistently lower during the high flow
seasons, and inversely correlated to the saltigadi Observing the historical data, there is
a clear tendency for low concentrations to ocagintrafter a high flow season has began.
Low concentration values for the reservoir outflekew a strong lagged-relationship with

peak discharges (Figure 4.32), pointing to a sicgmit lagged correlation between them.
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Figure 4.32 — John Martin Reservoir outflow andaanriration

A cross-correlation analysis was performed betwthenmeasured variables at the inlets
and outlet of the reservoir. The reservoir rele@gRKIJMRCOSurfin) and the outflow
concentration QUTPUTINRiver) cross-correlation corroborated the observed gtron
correlation between these two variables (Figur8-AB The statistical analysis also
illustrated a strong autocorrelation of the resergatlet concentrations. The results show
significant correlations up to 15 lags (weeks) dase values higher than 0.7 up to the first

6 lags (Figure 4.33-B).
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Figure 4.33 — Outlet variables correlations

This analysis reiterates the necessity for mode$ialj transport through John Martin
Reservoir to better quantify water quality effeatsnanagement alternatives in the LARV

downstream of John Martin.
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Approach
An ANN-based approach is proposed to model salispart through John Martin

Reservoir, which avoids simplifications that wouldlax the data requirements and
modeling complexity. The ANN-based modeling apphoi rooted in measured reservoir
states, inputs and outputs by attempting to mdtehhtstorical overall results based on a
full range of processes occurring in the reservidie ANN model is designed to describe
average weekly output concentrations as a funafaime reservoir inputs (i.e., flow and
salinity loadings), reservoir releases and changestorage. The weekly explanatory
variables for the outlet concentrations are thevdland concentrations at the Arkansas and
Purgatoire Rivers near Las Animas (Colorado), tgirining and ending reservoir storage
for each simulated week, and the correspondingrveserelease. The explanatory
variables include selected previous week inputs @rtguts as time-varying “memory”,

taking advantage of the observed lagged correlatibocorrelation.

ANN Development

A training dataset is created from the weekly psso®y of the available measured data
using the fitted curve to represent concentratiarnthe Purgatoire River. The dataset is
created processing measured values for the weettgaa periods: (1) from 01/1980 to
03/05/1999, (2) from 03/05/1999 to 08/2003, andtii@d)weeks from 04/01/99 to 10/14/01
(weeks shifted from data group 2); the cases aggé#ld with a group identifier using the
field RetHydrolD. The first and second groups are to be used fdN Araining and
validation; the third group will test the NN penfieance on a shifted weekly data set to

observe sensibility to the weekly groping of valesb
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ANN Database Management Tool

A customized version of th&NN Database Management tool is implemented for John
Martin salt transport modeling. The MS-ACCESS ustarfaces are used to generate the
MATLAB ANN training/testing files. Figure 4.34 sha@athe preferences for building this
ANN training dataset. Three previous weeks of etutioncentrations, reservoir ending
storage and Arkansas flow entering the reservarused to simulate a recurrent effect
allowing the neural net to use time-varying patem the predictions. Using these
preferences, the Database Management Tool crdseset of files for MATLAB ANN

training.

ANN Training

Relationships between the explanatory variablesf@dutlet concentration were searched
training different types of ANN and performing muiariable regression analysis, with the
Elman NN producing the most robust and consistehog predictions. The network is
trained using a time-sorted dataset of 920 cas& @R the training dataset) and
tested/validated with the remaining 307 cases. THsting/validation dataset mainly
corresponds to cases in the second group of tlesetafflagged wittRetHydrolD = 2).
The training was performed using tRever GeoDSS custom MATLAB Training Tools
with 10 training sessions of 15 trainings eachr dach training event, the network is built
with a single hidden layer with random number ofineas (maximum 45 neurons) and
random transfer functions. For each session dbeesentative network is the one with best
combined performance (Equation 4.1). In agreemahtthe autocorrelation analysis, the
inclusion of previous outlet concentrations is dast@ted to positively influence the
predictions. The Elman Network training time ftvese sessions is much longer than

similar training of the standard feed forward ANNFrom all the sessions, the best
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combined performance ANN has 32 neurons and twasitanod transfer functions. Figure

4.35 shows the ANN performance during training desting/validation for the best

training event.
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Figure 4.34 — John Martin Reservoir salt transpdNN training dataset preferences
interface
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Figure 4.35 — ANN training and validation perforrnarsummary for the John Martin
Reservoir salt transport

The predictions show a coefficient of determinatdi®.93 and 0.92 in training and testing
respectively, with a testing prediction root megaased error of 58.5 mg/L, indicating a

good ability to predict the John Martin outlet centration. The predictions were tested in
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the same original test period with the modeled westkfted to observe the explanatory
variables sensibility. Figure 4.36 shows the MAB-Rased performance report in the
modeled weeks from 4/1/1999 and 10/14/2001. Theutsed coefficient of determination
(0.93) and the root mean squared error (58.16 mgdigate little sensitivity to variations
in the weekly-grouped explanatory variables. Agailon of the Elman ANN with the
generated training dataset combines the dynamabé&ek from the previous hidden layer
output (Elman ANN) with a static feedback from threvious outputs as included in the

training dataset (similar to a Jordan ANN (Jord@fq).

Reservoir Outlet Concentration Modeling Analysis

Most of the approaches reviewed in the literatugal dvith detailed hydrodynamic and
chemical reservoir modeling (Willey et al. 1996¢Biell and National Exposure Research
Laboratory (U.S.) 2001;). The newest tendenciegservoir modeling development point
to an increase in detail and dimensionality (Hamiland Schladow 1997). The input-
output mapping approach allows development of robosls for modeling the highly

complex processes in reservoirs, as demonstrati iapplication of ANNs management
of eutrophicacion in lakes (Karul et al. 1999;Walet al. 2001). The methodology
introduced herein to model reservoir outlet conegiuns provides a unique approach,
with the explanatory variables selected to mod#l tsansport appearing to provide the
ANN with sufficient information to mimic the histoal concentrations of the reservoir
releases. The model application to John Martin Regetransport modeling shows robust
predictions outside of the periods where the nauebhork was trained, giving confidence
in its application as predictor during managemernarios modeling (events not available

in the historical dataset).
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Figure 4.36 — John Martin Reservoir Outlet concaiin ANN prediction in testing

The developed model finds relationships betweesrves inputs, state and their outcome

in time, making the model utilization quick and tabie for integration in basin scale
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management decision tools. Although the ANN modeleloped with this methodology
are expected to be specific for the reservoir aeydeveloped for, it is believed that the
application of the methodology is suitable for modg other reservoirs and could be

extended to model other water quality parameters.

THE SIMULATION CHALLENGE

The ANN-based models introduced in this chapterevaaveloped with the idea of being
integrated into a comprehensive basin scale decsipport tool. Differences between the
training and simulation dataset are expected tecathe performance during simulation.
An anticipated challenge of this integration is tise of “imperfect” explanatory variables.
The training was performed with datasets that ugeasatory variables from “perfect”
previous predictions (prediction with no error). sAquential simulation with the trained
ANN will use explanatory variables with an implicgrror from previous predictions
uncertainty; in addition to the new uncertainty edldising this simulation dataset, the risk
is that the error accumulates making the deviatiothe recurrent explanatory variables to
grow incontrollable during the simulation progresgsulting in unrealistic ANN
predictions. In an attempt to minimize the disedssffect, the selection of the best ANN
to predict the modeled phenomena included testihgpesformance with sequential
previous outputs. Neural networks that showed hggimsitivity to the recurrent
explanatory variables error accumulation in sedaksimulation were discarded. The
number of previous time steps explanatory variales set to the minimum without
compromising performance. The rationale is that hore previous time step outputs

included the more uncertainty in the explanatonyaides.
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Another ANN simulation challenge deals with thetialirecurrent explanatory variables.
In the stream-aquifer modeling, the NNs will predeturn flow and concentration in areas
were there is not groundwater modeling availablé pariods outside the groundwater
modeled period. Therefore, in these cases ther@ar@re-existing output variables for
building the explanatory variables set. The restrexplanatory variables for the initial
time steps will influence the sequence of predigtiepace; therefore in simulation, setting
these variables could play a key roll in the susitgsmplementation of the stream-aquifer

interaction modeling.

Lastly, some explanatory variables might get adpisturing the basin scale simulation
causing discrepancies between the training andsithelation. ANN inputs variables

relying on flow, diversions, reservoir storage mighviate from their training counterpart.
This is another example of issues that ought tadu¥ess while incorporating these ANN

models in th&River GeoDSS modeling system.



