A Distributed Data Component for the Open Modeling
Interface

T. Bulatewicz®*, D. Andresen?®, S. Auvenshine®, J. Peterson®, D. R.
Steward®

Kansas State University, Manhattan, KS, 66502, USA
?Dept. of Computing and Information Sciences

bDept. of Civil Engineering
¢Dept. of Agricultural Economics

Abstract

Data management is a fundamental part of environmental modeling and
simulation. This is particularly true for the types of interdisciplinary, in-
terconnected models required to address water resources challenges faced by
society, such as our case study of a depleting aquifer in an agriculturally im-
portant area. Model input data are often obtained from online data services
and output data uploaded to them for purposes such as storage or distri-
bution. Enabling linked models to directly communicate with such services
can simplify this process. We have developed an Open Modeling Interface
(OpenMI) data component that retrieves input data for model components
from standards-based web services and delivers output data to them. The

adoption of standards for both model component input-output interfaces
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and web service application programming interfaces make it possible for the
component to be reconfigured for use with different linked models and vari-
ous web services. The data component employs three techniques tailored to
the unique design of the OpenMI that enable efficient operation: caching,
prefetching, and buffering, making it capable of scaling to large numbers of
simultaneous simulations executing on a computational grid. In this work we
present the design of the component, an evaluation of its performance, and a
case study demonstrating how it can be incorporated into modeling studies.
The results of the performance study indicate that it is capable of scaling
to large numbers of simulations (tested up to 1000) incurring no delay when
delivering data and an average delay of 0.3 to 3.78 s per time step when
retrieving data. The techniques of caching and prefetching were effective in
reducing or eliminating this delay in cases in which simulations used identical
input data or when data could be retrieved from the web services before it

was requested by a model component.

Keywords: OpenMI, Data management, Web services, Integrated modeling

1. Introduction

Data management is a fundamental part of environmental modeling and
simulation. Within the context of integrated environmental modeling, the
input data required by a set of computer models is typically collected from a
variety of sources and assembled into a set of input files that are deployed with
the model programs to a desktop computer or to a compute cluster composed
of high-performance computers connected via a fast network. These sources

often include several different online (i.e. Internet-connected) data reposito-
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ries provided by various government, academic, and private agencies. The
data typically varies spatially and temporally and may be consumed from
input files by a model once during initialization or throughout the execution
of a simulation. The output data from computer models follow the reverse
path as the output files are collected and aggregated before being uploaded
to online services. These services may provide the means to archive data,
publish data publicly, share data within and across institutions, or analyze
and visualize data.

Linked (or coupled) models are composed of independent models that
cooperate to collectively perform simulations where each model consumes a
set of input files and produces a set of output files. The preparation of these
sets of input files (including the retrieval of data from online sources) and
the processing of the output files sets (including the delivery of data to on-
line services) is typically performed manually or through ad-hoc automation
techniques such as scripting. This may require a substantial effort in devel-
oping and configuring the necessary software and scripts for both processing
the model-specific input and output files and for communicating with online
services, both of which may require changes or additional software develop-
ment each time the integrated model is changed (e.g. adding or removing
models) or the online services it relies on.

Enabling linked models to directly communicate with online services can
simplify the management of model data by avoiding the intermediary use of
data files and obviating the need for manual data processing tasks and ad-
hoc scripting. Through the adoption of standards, in both model component

input-output interfaces and web service application programming interfaces,
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general-purpose data components can facilitate the exchange of data between
model components and web services. It is advantageous to place such web
service functionality into data components rather than directly into model
components because it allows for more efficient operation (e.g. avoiding du-
plicate data retrieval by different components) and minimizes the software
complexity of the model components.

We have developed a distributed data component that conforms to the
Open Modeling Interface (OpenMI) (Gregersen et al., 2007) that both pro-
vides input data to model components retrieved from standards-based web
services and delivers model output data to such services on each time step.
By operating on a time step basis, the data component enables model com-
ponents to consume input data, such as measurement data from sensor net-
works, and distribute output data in real-time. This also supports compu-
tational steering scenarios in which model output is monitored and inputs
are manipulated as necessary as a simulation is being performed. The data
component employs three techniques tailored to the unique design of the
OpenMI that enable efficient operation: caching, buffering, and prefetching.
This work unifies our previous efforts (Bulatewicz and Andresen, 2011, 2012)
and includes improvements to the software design that achieve a significant
increase in scalability. It also provides an integral part of an interdisci-
plinary modeling study in which we are integrating models of groundwater,
economic decision making, and crop production to investigate the impact
of policy on irrigated agricultural systems. The following sections position
this work within the context of existing research and introduce the aspects

of the OpenMI relevant to understanding the design and implementation of
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the data component. We then present the design of the data component in
Section 2, an evaluation of its performance in Section 3, and a demonstration

of how it may be incorporated into an integrated modeling study in Section

4.

1.1. Related work

This work lies at the intersection of component-based modeling, web ser-
vices, and grid computing. The synergy between web services and modeling
and simulation was recognized quickly as web standards emerged (Chan-
drasekaran et al., 2002). Web services can provide a means for both re-
motely controlling the execution of computer models running on servers or
computational grids (Castronova et al., 2013a; Goodall et al., 2011; Horak
et al., 2008; Pullen et al., 2005) and enabling desktop or grid-based models
to exchange input and output data with online services. In the latter case
an online service may be composed of a suite of Internet applications and/or
a collection of databases.

One class of online services that is well-suited for exchanging data with
computer models is workflow management systems which are frameworks
to setup, execute, and monitor scientific workflows composed of web ser-
vices, such as Taverna (Hull et al., 2006) and VisTrails (Bavoil et al., 2005).
Such systems could provide workflows that pre-process or post-process model
data or conduct simulations whose input or output data is utilized by mod-
els. Another class of online services are data-centric and provide data stor-
age (e.g. archiving) and retrieval (e.g. public access or sharing within or
across institutions). Examples include the Integrated Rule-Oriented Data

System (iRODS) (Rajasekar et al., 2006) which is a file-based distributed
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data storage system, the Consortium of Universities for the Advancement of
Hydrologic Science, Inc. (CUAHSI) Hydrologic Information System (HIS)
(Maidment, 2008; Tarboton et al., 2009) which facilitates the management
of hydrologic data, Globus Online (Globus Online, 2013) which provides on-
line managed data storage based on GridE'TP (Globus Toolkit, 2013), and
HDF5WS (Shasharina et al., 2006) which provides access to HDF5 data files.
Web services provide a means for these online application and data ser-
vices to achieve interoperability with one another and with client applications
running on desktop computers and compute clusters. Standards for web ser-
vices and the data encodings they use make it possible for independent ap-
plications to interpret exchanged data in a meaningful way. In the context
of environmental modeling in which data is spatial-temporal in nature, the
standards published by the Open Geospatial Consortium (OGC) for location-
based information and services are of particular relevance. For example, the
Web Feature Service (WFS) Standard (Vretanos, 2010) defines how geospa-
tial data may be accessed from a web service and utilizes the Geographic
Markup Language (GML) (Portele, 2007) Standard. Within the domain of
hydrology, the CUAHSI HIS WaterOneFlow web service Application Pro-
gramming Interface (J. S. Horsburgh and Whitenack, 2009) defines how time
series hydrological observations data may be accessed and utilizes the Water
Markup Language (WaterML) encoding standard (Zaslavsky et al., 2007).
The fundamental data model upon which these services and encodings are
based (consisting of quantities, times, and locations) is generally compatible
with the data model employed by the OpenMI for the exchange of data be-

tween components making interoperability between services and components
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possible (Castronova et al., 2013b). Several OpenMI components have been
developed that retrieve time series data from WFS web services (OpenMI
Association, 2010). In a related work, Castronova et al. (2013b) enabled a
desktop application to retrieve input data from WaterOneFlow web services
and store them in a local database which could then be accessed by model
components via a general-purpose data-access component.

Our work complements these efforts in two ways. First, our data compo-
nent is not only capable of retrieving data from web services but delivering
data to them as well. Second, the data component is not limited to use
on desktop computers but may also be used on high-performance compute
clusters. The prototype implementation is compatible with WaterOneFlow
web services and is being extended to support additional standards. In our
previous work (Bulatewicz and Andresen, 2011, 2012) we developed indepen-
dent components for retrieving data from web services and delivering data
to them. This work unifies our earlier efforts into a single component and
includes fundamental changes to the software design to scale to significantly

higher numbers of simultaneously executing simulations.

1.2. The Open Modeling Interface

The Open Modeling Interface (OpenMI) Standard (Gregersen et al., 2007)
defines how software components may exchange spatial-temporal data with
one another and coordinate their execution. Components that possess the ca-
pabilities defined by the interface can be linked together and exchange data,
typically on each time step, as they carry out simulations. These capabilities
are implemented as functions (specifically, object methods and properties)

within the source code of a component that either provide descriptive infor-

7



134

135

136

137

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

mation about the component (such as its inputs and outputs) or support its
execution (such as performing initialization or exchanging data).

Each input and output is formalized as an exchange item that describes
the properties of a domain quantity such as its name, units, and spatial dis-
tribution. The way in which a quantity is spatially distributed is formalized
as an element set that is composed of a list of elements each of which has a
textual identifier, spatial shape (point, line, or polygon) and geographic co-
ordinates. When configuring a linked model, called a composition, a scientist
uses a visual software tool (the OpenMI Configuration Editor application -
OmiEd) to choose a set of components and assign each input exchange item
of a component to an output exchange item of another component. These
assignments are called links and there may be multiple links between two
components and may be in the same or opposite directions. At runtime a
component requests data from other components along each input link, typ-
ically before performing each time step. The request is made by calling the
GetValues function of each linked component specifying a date and time at
which the data is needed, as illustrated in Fig. 1. The GetValues function
returns a list of real numbers called a value set where each number represents
the state of the quantity at the requested point in time at a different spatial
location. As such, each call to GetValues may be considered to be a request
for the state of a quantity at a point in time for a list of spatial locations and
the response to be the list of numbers returned.

In addition to facilitating the exchange of data between components, the
GetValues function provides implicit coordinated execution of components

at runtime. The execution of a linked model is initiated when one of the
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Figure 1: Lists of real numbers called value sets are exchanged between model components.

components begins executing. On each time step the component invokes
GetValues on each component linked to it to obtain all the necessary input
value sets for the time step, pausing its execution during each invocation.
When GetValues is invoked on a component, it executes as many time steps
as necessary to advance to the requested point in simulation time and returns
a value set corresponding to that time. Thus a component only executes time
steps on-demand in response to the invocation of its GetValues function by
another component and may itself invoke GetValues on other components
prior to performing each of its time steps. In this way components take turns
executing and pull data from one another until the initiating component’s
simulation is completed.

Components are typically model programs that consume input data and

produce simulated output data, but they can serve other purposes as well.
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Examples include data conversion or transformation, data visualization, ac-
cess to databases, and access to online data services as in the case of our

data component.

2. Methods

2.1. Owverview

The purpose of the data component is to serve as an intermediary between
online data services and model components, both providing model input data
retrieved from web services and delivering model output data to web services.

The design of the data component was guided by the following requirements:

1. To be general-purpose
2. To minimize the runtime of a simulation

3. To be scalable

Our design balances these three competing objectives making the data com-
ponent broadly applicable and suitable for use on both desktop computers
and compute clusters.

The first requirement of the data component is that it is general-purpose
such that its inputs and outputs can be defined, and redefined, by a scientist
as necessary for different sets of model components. The input and output
exchange items of the data component reflect the quantities exposed by a
web service: any quantities that a web service can provide or accept can
be configured as exchange items of the data component. This is possible
because the OpenMI defines the way in which data is exchanged between

software components and web service standards define the way in which data

10
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is exchanged with online services. Together these standards make it possible
for the data component to serve as a data relay between model components
and web services.

The data component is configured (via a file) by specifying the list of
input and output quantities that a web service can provide and accept, along
with the element set definition of each and the web service URL and type.
These quantities become available as input and output exchange items when
the data component is added to a composition in the OmiEd application and
can be linked to model components in the same way that links are added
between model components.

The second requirement of the data component is that it minimizes its
impact on the runtime of a simulation, ideally causing no increase. If a data
component was to call a web service after each request received from a model
component to either obtain input data or send output data, the simulation
would be paused during the web service call (due to the synchronous execu-
tion of components) and increase the runtime of a simulation. This increase
in runtime can be reduced or eliminated by decoupling the calls to the web
services from the requests made by the model components. In order to de-
couple the web service calls from the model component requests, the data
component must have the ability to temporarily store model input and out-
put data in a data store. Rather than the data component call a web service
in response to each request for input data from a model component, it first
checks to see if the data is already available in the data store. If it is, then it
can be returned to the model component immediately, and if not, it can then

be requested from a web service. There are two cases in which the data may
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already be available in the data store: (1) the data was previously requested
by a model component, and (2) the data was retrieved from a web service
ahead-of-time. We refer to the prior as caching and the latter as prefetching
and these techniques can reduce, and in some cases eliminate, the increase in
runtime due to the web service calls. In addition to minimizing the runtime,
caching also minimizes the amount of data downloaded from the web services
because each input is only retrieved once. The data store is shared among all
simulations executing across a compute cluster to maximize the reusability
of the cached data. With respect to sending output data, rather than call a
web service in response to each request from a model component, the data
component immediately stores the output data in the data store and sends
it at a later time. We refer to this as buffering and it eliminates the increase
in runtime otherwise due to sending output data to web services.

The third requirement of the data component is that it is scalable such
that many simulations, each containing an instance of the data component,
may execute concurrently across a compute cluster with minimal impact to
the runtime of the simulations. To these ends we employed two strategies:
(1) maximize network efficiency when sending data to web services, and (2)
separate the data component software into two tiers.

Network utilization is inefficient when the amount of data being sent is
small enough that the network latency is comparable to the transmission time
of the data (i.e. the duration of time and amount of data exchanged at the
network transport layer for establishing the connection and for sending the
data are similar). To ensure that the network bandwidth is used efficiently

when sending model output data to web services, the data component sends
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a sufficient amount of data in each web service call. With respect to retriev-
ing data, which consists of values that each represent a quantity at a point
in time for a location, the data component could request groups of values in
each web service call for spans along any of these three dimensions in each
web service call. At one extreme it could make a web service call for each
individual value, and at the other extreme it could make a single web service
call to obtain all the input values required for a complete simulation. In the
prior case the network utilization may be inefficient due to the small data
size of a single value, and in the latter case the execution of a simulation
would be delayed until the data is retrieved and may require storing a large
amount of data for the lifetime of the simulation (in addition it would pro-
hibit both real-time online data access during the simulation and the ability
to utilize multi-threaded and multi-hosted web services). Efficient network
utilization can be balanced with real-time data access by requesting groups
of values in each web service call (essentially coalescing what would otherwise
be multiple requests into a single request). Values could be grouped by time,
quantity, and/or location, depending on the capabilities of a web service. In
addition, grouping by time would require the data component to be capable
of predicting the simulation times at which model components will request
data and grouping by quantity would only be possible in cases in which the
data component is providing multiple quantities to one or more model com-
ponents that are sourced from a single web service and requested for the
same points in simulation time. We designed the data component such that
requests are grouped by location (when supported by the web service) and

left grouping by time and quantity to be addressed in future work due to the
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additional complexity.

The data component software is organized into two tiers that separate
the management of the data store and communication with web services
from the interactions between the components within a composition. This is
a more scalable design than our previous work (in which there was a single
tier) because the management of the data store requires considerable com-
puter resources (memory, processor, and network) yet accessing the data
for providing input data to model components and collecting output data
requires few resources. Without separating them, the resource demands of
the data store are imposed on each data component thus increasing the re-
source demands of every simulation. By separating them, the amount of
resources dedicated to the management of the data store can be managed
separately from those required by the individual simulations. The number of
data managers that manage the data store can be increased or decreased in-
dependently from, and as necessary to support, the number of simultaneous
simulations.

An overview of the system is illustrated in Fig. 2. Compositions of linked
components perform simulations on the nodes of a cluster. Each composition
includes a data component (labeled DC in the figure) whose input and/or
output exchange items are linked to model components. Model components
request input from data components (by invoking GetValues) for a quantity
at a specific time and element set in the same way as from other model com-
ponents. The data component in turn requests the input data from a data
manager which may obtain the data from the data store or retrieve it from

a web service to fulfill the request. Each time a model component produces
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Figure 2: System overview. Arrows indicate the movement of data.

output data (in response to a GetValues request from another model com-
ponent) the data component is notified. When notified, the data component
obtains a copy of the output data (by invoking GetValues on the model com-
ponent) and sends them to a data manager which stores the data for eventual

delivery to a web service.

2.2. The data store

Data managers are responsible for both communicating with web services
and managing the storage of model input and output data in the data store.

We implemented a set of software modules that provide the functionality

15
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to communicate with web services and utilized an existing software for the
data store functionality. The data store is a key-value store, which is a non-
relational database in which related data is aggregated together and stored
as an entry that is accessed via a unique identifier. We chose to utilize a
key-value store because storing data in this way achieves high performance
when scaling horizontally (i.e. increasing the number of compute nodes to
allow for higher capacity) because the data can be efficiently sharded and
replicated across compute nodes (i.e. each node stores a subset and/or copy
of the entries).

The data operations that may be performed on a key-value store include
inserting entries, accessing entries, and removing entries, typically referred
to as put, get, and remove. These operations rely on a unique key to be
associated with each entry when inserted into the store and is subsequently
used to locate the entry for access or removal. Locating entries based on
their key is very efficient, while iterating or searching through all the entries
is not, thus the way in which data is aggregated into entries dictates the
way in which it may be efficiently accessed and thus the overall performance
of a key-value store. The structure of the data exchanged between both
components and between the data component and web services is a value set
that consists of a list of real numbers that represent the state of a quantity
at a point in time over a set of locations. As the value set is the unit of
aggregation of data exchanged, storing each value set as an entry in the key-
value store aligns with the way in which the data is accessed by the data
component.

Aggregating data as value sets is not the only possibility, as it would
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also be possible to aggregate data into larger units such as groups of value
sets, or into smaller units such as the individual values that make up a value
set (as in Bulatewicz and Andresen (2011)). Storing individual values as
entries in the key-value store simplifies the process of assembling value sets
ad-hoc from entries in the key-value store as they are requested by model
components (to avoid the need to call a web service to obtain them) thus
maximizing the reusability and the effectiveness of the cache and resulting in
no storage of duplicate data. This also results in higher memory usage per
entry as each entry incurs a constant overhead (approximately 260 B) that
is approximately the data size of a single value resulting in 50% of memory
usage being overhead, and greater processor and network usage as each entry
must be inserted and removed from the key-value store individually. Storing
value sets as entries in the key-value store (as in Bulatewicz and Andresen
(2012)) minimizes overhead in terms of memory, processor, and network, but
introduces the possibility of storing duplicate data in the key-value store in
the case that the values stored in two value sets intersect and requires a
more complex process to assemble value sets ad-hoc (see Section 2.3.1). In
our earlier work we found that the overhead of storing individual values as
entries limited the scalability of the system and thus in this work we designed
the data component to store value sets as entries in the key-value store.
Each entry in the key-value store is a variably-sized object consisting of a
quantity identifier (string), timestamp (string), element set identifier (string),
scenario identifier (string), a delivery flag (boolean), array of values (double
precision), and value count (long), that are serialized into an array of bytes.

The keys used to access the entries in the store are strings formed by the

17



354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

concatenation of the entry’s quantity identifier, element set identifier, times-
tamp, and scenario identifier, for example: TemperatureSewardCounty2013-01-
01T12:00:00S01. Using keys of this form guarantees uniqueness and makes it
possible to efficiently lookup a value set from the key-value store for a spe-
cific quantity, time, and element set, for a particular scenario identifier. The
scenario identifier provides a way to partition, version, and identify value
sets that are created by different linked models or instances thereof. For
example, when executing several instances of a linked model, each instance
may be assigned a unique scenario identifier so that the input and output
value sets of each are distinct. The delivery flag indicates whether the value
set is pending delivery to a web service.

When a value set is delivered to a web service, additional information
must be provided that indicates the locations the the values represent. This
information is not stored inside the entries in the key-value store because
all the value sets for a particular element set would result in the storage
of duplicate data. As element sets are static during a simulation run there
is typically a high ratio of value sets to element sets, so the entries only
store the element set identifier and the actual element set information is
stored separately in the data store. In this way a data store can lookup the
complete element set information for any value set before delivering it to a
web service.

A number of different key-value store database systems could be utilized
as the data store, such as Memcached (Memcached, 2013) or Cassandra (Cas-
sandra, 2013). We chose to utilize the Hazelcast distributed data platform

(Ozturk, 2010) because in our previous work we found it to be highly effi-
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cient and require minimal configuration. Hazelcast is a clustering, scalable,
in-memory data platform that is implemented in Java and distributed as
a shared library that we compiled into the data manager program. When
the data manager is started it creates an instance of the Hazelcast platform
peer that runs as a set of threads inside the data manager process. Instances
within different data manager processes dynamically form a cluster by discov-
ering one another via multicast and communicating via TCP/IP. Instances
thus join and leave the cluster as data manager processes are started and
stopped. Each instance has a local memory that is logically organized into
one or more global hashmap data structures whose entries are distributed
across the instances of a cluster and it is these distributed hashmaps that
make up the data store. The instance running within a data manager is
self-contained and the software modules within the data manager may only
put, get, and remove entries (i.e. value sets) to and from the data store as
illustrated in Fig. 3.

The instances balance the entries in the data store such that they are
evenly distributed among the instances executing on a cluster and each in-
stance has approximately the same number of entries in its local memory. For
each entry stored in an instance there is a backup copy of the entry stored in
a different instance somewhere in the cluster in case an instance fails. When
instances leave a cluster its entries are migrated to and distributed among
the remaining instances. Each instance optionally persists the entries of its
local memory to a file between executions.

The Hazelcast platform supports native clients that may access the data

store managed by the cluster of instances. A client connects to an instance
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movement.

and that instance executes put, get, and remove operations on the data store
on behalf of the client. As clients do not participate in the storage or man-
agement of the entries in the data store, they require few computer resources
and many clients may connect to a single instance. The native client shared
library is compiled into the data component and runs as a set of threads
inside the process in which the data component is running, similar to how
the instances run within the data manager processes. Similarly, the data
component’s engine (which implements the OpenMI and handles the config-
uration file) has limited interaction with the client and may only instruct
the client to connect and disconnect with an instance and put, get, or re-

move entries. The client is otherwise isolated from the engine and the client
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threads maintain a direct and persistent network connection to the instance
threads. The data component communicates with the data manager through
the Hazelcast client-instance connection using two request queues managed
by the instance. The component inserts both requests to retrieve value sets
from web services and requests to store value sets in the data store into these

queues and the data manager and its software modules process the requests.

2.3. Prouviding input data to models
2.3.1. Caching

During the execution of a composition, several model components within
a single composition may request identical value sets from a data component.
In addition, model components in independently executing compositions on
different cluster nodes may request the same value sets from different data
components. In both cases it is advantageous for the data components to
cache the value sets that they retrieve from the web services and to share
those value sets across all the data components that are executing simulta-
neously in different compositions across a cluster. It is also advantageous for
the cached value sets to be persisted between executions as the same value
sets may be needed on subsequent executions of a composition.

When GetValues is invoked by a model component on a data component,
the data component checks to see if the requested value set exists in the data
store by creating the appropriate key and then performing a get operation
on the data store using the key. If the data component successfully retrieves
the value set from the data store then it is returned to the model component
and the execution of the composition continues. If the value set is not in the

data store then the data component inserts the key into the request queue.
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After the insertion is completed, the data component periodically checks the
data store until the value set is available (during which the execution of the
composition is paused). The data component relies on the retrieval module
inside the data manager to obtain the requested value set from a web service
and insert it into the data store.

The retrieval module waits for a request to be inserted into the request
queue. When a request is inserted by a data component, it is removed by
the data manager provided that the amount of data in the local data store
has not reached the maximum limit (as configured in the data component).
The request queue may only hold a single request at-a-time and causes data
components to wait if they attempt to insert a request when there is already
a request in the queue. This prevents the data manager from becoming
overwhelmed with requests. The data store is checked for the requested value
set in case it was already retrieved while the data component was waiting to
insert the request. If it is not, the retrieval module attempts to assemble the
requested value set from other value sets that are already in the data store.

The element set of a requested value set may intersect with the element
sets of other value sets in the data store. As such, it may be possible to
assemble the requested value set by extracting the necessary values from
other value sets already in the data store whose element sets intersect with
the element set of the requested value set. This maximizes the reusability of
the cached data and minimizes the number of web service calls.

The algorithm given in Fig. 4 is utilized by the retrieval module to as-
semble value sets in such a way as to minimize the number of get operations

performed on the data store. Each element of each element set is compared to
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for each ( value v in request_value_set)
for each (element_set s )
for each (elementeins)
if (v.element=¢)
list.add( e, s)

for each ( element_set s in list)
key = create_key(request_quantity, request_time, s)
value_set = data_store.get( key )
if ( value_set is not null )
for each ( value v in value_set )
for each ( element e in request_element_set)
if (v.element=¢)
result_value_set.add( v)

return result

Figure 4: Algorithm for assembling value sets.

the requested element set to determine whether the elements in the requested
element set exist in other element sets. If all the elements in the requested
element set can be found in other element sets, then the value set map is
checked for each source element set to see if a value set for the requested
time exists. If it does then the required values are collected from it. If all the
values in the requested value set are found then the assembled value set is
inserted as a new entry into the data store. This requires one get operation
per source element set. In the case of a requested value set whose element
set is a subset of another element set whose data is in the value set map, it
would require one get operation to obtain the necessary data to assemble the
value set. The maximum number of get operations that may be necessary is
equal to the size of the value set being requested, which occurs in the case

that each value is sourced from a different element set.
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Figure 5: Sequence diagram of interactions involved in providing data from web services.

If a value set cannot be assembled from the values already in the data
store, a web service call task is created for the request and added to a thread
pool. Each task generates the appropriate web service request XML, calls
the web service, and then parses the response into a value set that is inserted
into the data store, as shown in Fig. 5. Multiple web service calls are issued
simultaneously in a pipelined fashion to take advantage of multi-core and
multi-host web services. The retrieval module limits the number of simulta-
neous web service calls to the number of connected data components. This
limit is necessary because data components may request value sets ahead-of-
time (prefetch) which could result in the creation of so many threads that

the system resources become exhausted.

2.3.2. Prefetching
The simulation of physical processes (especially those for which the OpenMI

was initially designed) typically involve the calculation of output quantities
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over a simulation time period. A component typically steps forward through
simulation time requesting value sets from the data component on each step.
To avoid causing a model component to wait for a value set while the data
component is retrieving it from a web service, the data component retrieves
value sets before they are requested, a technique called prefetching.

Throughout the execution of a composition the components are at approx-
imately the same point in simulation time. This is because each component
typically requires input data from the other components that reflect its cur-
rent simulation time, causing those components to advance to the same point
in simulation time. For this reason, all components should be prefetched to
the same future point in simulation time.

Prefetching relies on knowledge of what data will be needed before it is
requested. It is not possible for the data component to obtain this informa-
tion directly from model components, as the OpenMI does not support this
functionality. The data component predicts what value sets will be requested
in the future by observing what value sets have been requested in the past.
Components that use a fixed-length time step request data from the data
component at fixed intervals making it possible to identify these components
and determine the length of their time steps. In such cases the data com-
ponent can accurately predict the value sets that will be requested in the
future. It is more difficult for the data component to predict the data needs
of components that use a variable-length time step and is not addressed in
this work. The data component prefetches all links to a common future point
in simulation time (number of Julian days) given by: ¢t = min{p+1¢, e} where

p is the earliest time to which all links have been prefetched, 7 is the longest

25



517

518

519

520

521

522

523

524

525

526

527

528

529

530

Data Component

Model Engine Hazelcast Web
Component : 9 Client Service
i Teeeans Fommommne e O : 4 i
1 1 1 1 1 1 1
1DataChanged event! ' ! ' ' |
1 1 1 1 1 1 1
| GetValues | | | | | |
~ i i i i i i
return(value set) 1 | | | | |
> put(value set) i | | i i
put(value set) ! ! ! !
1 move(value set) i i
______________________________________________________________________ OO FUSUUSNUOS SANTUVUNURVRN NUS
1 1 1
1 1 1
1, 1 1
) [} 1
1 1
1 1
|
1
1

Figure 6: Sequence diagram of interactions involved in delivering data to web services.

request interval (i.e. longest time step) across all links, and e is the ending

time of the composition.

2.4. Delwering output data to web services

The input exchange items of the data component may be linked to one or
more model components within a composition. At initialization, the data
component registers to be notified via a DataChanged event whenever a
model component produces an output value set along any of its input links,
which is typically raised after each time step. When the data component
receives this notification it invokes the GetValues function on the model
component to obtain a copy of the value set as shown in Fig. 6. The data
component instructs the Hazelcast client to insert the value set into data
queue within the Hazelcast instance that the client is connected to. This
queue can only hold a single value set at-a-time so if a value set is in the

queue, then additional insert attempts will wait until the value set is re-
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moved, causing the data component to wait, and in turn causing the model
component to wait. The queue serves as a gate to prevent too much data
from being inserted into the data store, which would be possible if the client
inserted value sets directly into the data store. Whenever a value set is added
to the queue, the data manager checks if there is available space in the local
data store and if so moves the value set into the data store and sets a flag
within the value set that indicates it is pending delivery to a web service.
The amount of memory dedicated to the local data store is configurable via
the data store configuration file and must be equivalent among all connected
data stores (as required by Hazelcast).

The delivery module periodically searches the local data store for value
sets pending delivery and if there is a sufficient amount of data to be sent
such that network resources will be utilized efficiently then the value sets are
sent to the appropriate web service. The amount of data that is sent in each
web service call is configured in the data store as a number of bytes, called
the delivery size. The data component estimates the number of value sets
to include in each web service call by estimating the the size of an encoded
value set (as XML) via a constant per-value multiplier specific to each web
service.

The following algorithm is used by the delivery manager. The delivery
thread periodically iterates over the entries in the local data store and checks
whether each entry is pending delivery. If an entry is pending delivery it is
copied into a priority queue and flagged as no longer needing delivery in
the data store. The priority queue orders the value sets by earliest creation

date first. After iterating through all the entries in the local data store
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and updating the priority queue, the priority queue for each web service
is checked to determine whether there are a sufficient number of value sets
whose encoded size is greater than the delivery size. If so, a sufficient number
of value sets are removed from the priority queue to meet the delivery size
and a thread pool task is created that serializes the value sets into the XML
encoding used by the web service and calls the web service. The process
repeats until both the simulation is completed and the number of entries
delivered is equal to or greater than the number of entries inserted into the
local buffer. The latter ensures that each data component delivers a fair
share of the entries and that only data components with excess capacity
deliver more entries then they collect.

The delivery size provides a means for both the regulation of network
efficiency and the control of the delay between the collection of a value set
and its delivery to a web service. The delivery manager attempts to remove
enough value sets from the buffer to meet the delivery size before sending
them in a single web service call. This may cause entries to remain in the
buffer for extended periods of time. This may be acceptable in cases in which
the data is being archived, but in cases where the data is consumed as the
simulation is being carried out it may be necessary to minimize the duration
that an entry may reside in the buffer before it is delivered, at the expense
of efficient network utilization. By setting the delivery size to 0, value sets
are sent individually as quickly as possible. Note that the delivery module
does not attempt to send more value sets than necessary to meet the delivery
size because this would require additional parameterization of a maximum,

since data may be inserted into the data store at a rate that is faster than
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the delivery module is able to remove it, preventing the delivery of data.
The amount of memory available to the data store is finite and once
exhausted the operation of the data store will pause, since it relies on the
ability to store data. The effectiveness of the cache increases with the amount
of data in the cache, so it is beneficial to allow the data store to be filled as
much as possible without impeding the basic operation of the data store. For
these reasons a thread within the data manager periodically checks the local
buffer and if the data size is greater than 90% of the maximum size, then
an eviction is performed. The least accessed 15% of the entries are removed
from the buffer that (1) have been sent, or (2) been accessed at least once,
or (3) have been downloaded and cached. This prevents cached data, which
may or may not be used in the future, from preventing data retrieval from
web services or collection from components. In the case that the data store
is mostly full of unsent data, downloaded data is purged leaving only the
unsent data and if no memory is available, a request will remain in the data
queue blocking data components from adding more data requests. As data is
delivered to the web services sent data will be purged and data components

will again be able to insert requests into the data queue.

3. Performance study

To evaluate the scalability and efficiency of the data component we mea-
sured a set of performance metrics for varying numbers of linked models

simultaneously executing across a compute cluster.
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Figure 7: The composition used in the performance study. Arrows indicate the direction

of data transfer between the components.

3.1. Baseline configuration

We created a composition that includes a data component linked to two
model components such that the data component provides input to a con-
sumer component and collects output from a producer component as illus-
trated in Fig. 7. The producer and consumer components serve as placehold-
ers for model components and although they are capable of accepting and
providing exchange items and advancing through simulation time, they do
not perform any calculations but rather pause for 1 second on each time step,
which we refer to as the time step calculation time. They discard the data
they receive as input and produce constant-valued data as output. We con-
figured the components to advance their simulation time by one day on each
time step and configured the composition for a time horizon of 7 months,
thus each component performs 212 time steps in each simulation. We empir-
ically determined that using a higher number of time steps does not impact

the performance results. The components exchange value sets corresponding
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to an element set of 1000 elements as this value is a reasonable number of
grid cells for environmental models and is small enough to allow for a large
number of value sets to be stored in the data store for performance eval-
uation. We configured the data component to deliver the output from the
producer component to a web service hosted within the compute cluster and
provide input to the consumer from the service. The data component thus
provides 212 value sets to the consumer component and collects 212 value
sets from the producer component during the execution of a single instance
of the composition, which we refer to as a simulation.

A simulation begins when the trigger invokes GetValues on the consumer
component for its starting simulation time. The consumer component in turn
calls GetValues on both the producer component (which advances its time)
and data component which return the requested value sets to the consumer
component which then advances its time. The generation of the value set by
the producer raises a DataChanged event which causes the data component
to call GetValues on the producer component to obtain the new data. The
trigger repeatedly invokes GetValues on the consumer until the simulation
time of the consumer reaches the configured end time. We refer to the du-
ration of time that an instance of the composition spends executing as the
simulation runtime. As the components perform time steps sequentially and
pause for 1 second on each step the simulation runtime of the baseline config-
uration would be 424 seconds if the data component and exchanges between
the components incur zero time.

We executed the simulations on an onsite Linux-based Beowulf compute

cluster for the performance study. To limit variability in the results due
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to differences between the hardware specifications of the compute nodes we
utilized a single class of machines that had dual 8-core Intel Xeon E5-2690
processors with 64 GB of memory and were connected via gigabit Ethernet.
A virtualized Windows-based server with a 4-core 2.7 GHz processor and 8
GB of memory hosted the web services and was connected to the compute
nodes via gigabit Ethernet.

Access to the cluster nodes is provided via a job scheduler (Sun Grid En-
gine) to which requests are made for resources (number of processor cores,
amount of memory, and maximum runtime) and when they become available
a set of scripts provision the nodes as necessary and then execute a set of
simulations. The job scheduler executed each set of simulations on multiple
nodes utilizing an average of approximately 5 cores on each node. We config-
ured the job scheduler to reserve one core for each data manager and one core
for every 4 simulations. Scheduling several simulations on each core made it
possible to execute a greater number of simulations than there were cores.
We verified that collocating several simulations on a single core did not affect
the performance results in our experimental configuration (likely because the
producer and consumer components require few computer resources).

The components are implemented in the C# programming language based
on the OpenMI 1.4 software development kit and were executed using the
OmiEd application (via the command line). We chose version 1.4 of the
OpenMI because the model components in our case study rely on libraries
based on this version (Bulatewicz et al., 2013; Castronova and Goodall, 2010)
although we are actively developing an implementation of the data compo-

nent for version 2.0 of the OpenMI as well. The data manager is imple-
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mented in the Java programming language because this is the language that
Hazelcast is implemented in. The web service is implemented in the PHP
programming language and is hosted by the Apache HTTP server. We de-
veloped a custom REST-based web service and minimal XML data encoding
to avoid any bias that a more complex encoding may have on the results.
The web service parses the XML in each request and returns constant-valued
data in its response.

The delivery size that maximizes throughput when data is sent from the
data store to the web service is dependent on several factors including net-
work latency, available bandwidth, and software performance. We conducted
a series of measurements to empirically determine an appropriate delivery size
for our experimental configuration. We found that the maximum throughput
between a benchmark application and the web service was 47 MB/s when at
least 50 MB of data was sent. As the XML serialization of a 1000-element
value set requires 49 KB, the data store would have to send 1498 value sets
in each web service call to achieve maximum throughput. If value sets were
collected at a rate of 1 per second then they would be delivered every 25
minutes. To increase the rate at which value sets were delivered to the web
service while still maintaining good network efficiency we decided to use a
delivery size of 11 MB which achieves 50% of the maximum network through-

put.

3.2. Scalability

To verify that the design of the data component and data manager are ef-
ficient and capable of high performance when there are large numbers of data

components we measured the average simulation runtime for varying numbers
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of simulations and data managers. Each simulation used a unique scenario
identifier so that its input and output value sets were distinct. The results are
presented in Fig. 8 (top). For a given number of data managers, the average
simulation runtime increased as the number of simulations increased. This is
because the data component pauses a simulation while it is waiting for the
data manager to process its requests. When all simulations were supported
by a single data manager the rate at which the average simulation runtime
increased was most closely described by the function 0.0003 x (n!®) where n
is the number of simulations (R? = 0.996). In the case of 4 data managers
the rate at which the runtime increased was most closely described by the
function 0.4 x %091 (R? = (.994). Based on these functions we expect the
average simulation runtime to increase at a greater rate when there are more
than 1000 simulations.

The number of data managers supporting the simulations had a varying
impact on the average simulation runtime. Increasing the number of data
managers from 1 to 4 significantly reduced the average simulation runtime,
while increasing further to 8 only resulted in a small reduction for higher
numbers of simulations. Increasing the number of data managers further to
16 slightly increased the average simulation runtime due to the additional
overhead incurred by the management of the distributed data store. We
therefore estimate that the ideal ratio for our experimental configuration
was approximately 1 data manager per 250 simulations.

The duration of time between when a value set is collected by a data
component and when it is delivered to the web service, the delivery time,

is a function of (1) the rate at which value sets are collected by the data
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Figure 8: Scalability results.

35



718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

components connected to a data manager, (2) the size of the value sets,
and (3) the delivery size that the data manager is configured to use. For our
experimental configuration the size of a value set with 1000 elements encoded
in XML was 49 KB and the delivery size was 11 MB, so the data manager only
sent data to the web service when it found 230 unsent value sets in its local
data store. For low numbers of simulations the rate at which value sets were
collected and added to the data store was low, resulting in the data manager
delaying the sending of the data, as shown in Fig. 8 (bottom-left). Higher
numbers of data managers amplified this effect, further reducing the rate at
which value sets were added to each data manager and further increasing the
delivery time. For high numbers of simulations, the delivery time was low due
to the faster rate at which value sets were collected by data components and
added to the data store which ensured there was always a sufficient number
of unsent value sets. In this case the delivery time increased slightly as the
number of simulations increased because greater numbers of value sets in the
data store increased the search time for locating unsent value sets.

The average number of operations per second (put, get, and remove) per-
formed by Hazelcast on the hashmap that stores the value sets increased
with the number of compositions as shown in Fig. 8 (bottom-right). The
maximum number of operations per second reached in our experimental con-
figuration was approximately 50000 when a single data manager was used

and was significantly less for greater numbers of data managers.

3.3. Caching

To investigate the effect of caching on the performance of the data compo-

nent we executed 16 simulations connected to a single data manager and ad-
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justed the baseline configuration in two ways that facilitate caching. Caching
is most effective in reducing the average simulation runtime when (1) the in-
put value sets needed by the simulations are in the data store prior to when
they are requested, and (2) the time required to retrieve a value set from a
web service is non-zero. We therefore configured the simulations such that
one simulation was executed before the others and the web service waited
3 s before responding to each request (the web service response time) for
a value set. We refer to the time required to retrieve a value set from a
web service, including the time spent generating the request, calling the web
service, and processing the response, as the retrieval time. We measured
the average simulation runtime and amount of data retrieved from the web
service for both the baseline and alternate configurations with and without
caching (Fig. 9). For the “caching” scenario we assigned a common scenario
identifier to all the simulations causing them to all request identical input
data and in the “no caching” scenario we assigned different identifiers caus-
ing each to request distinct input data. The average simulation runtime for
the alternate configuration in the “no caching” scenario was approximately
2.5 times higher than in the baseline configuration due to the additional 3
s delay incurred for each of the 212 web service requests to retrieve data.
For the baseline configuration the average simulation runtime was similar in
both the “caching” and “no caching” scenarios because the retrieval time
was very low. For the alternate configuration, however, the average simu-
lation runtime in the “caching” scenario was 59.8% lower than in the “no
caching” scenario because the retrieval time was higher (approximately 3 s).

In both configurations the amount of data retrieved from the web service in
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Figure 9: Caching results.

the “caching” scenario was 93.8% lower than in the “no caching” scenario be-
cause the simulations requested identical input data and thus only 1/16th the
amount of data had to be retrieved from the web service. Thus the reduction
in the average simulation runtime afforded by caching is dependent upon the
magnitude of the retrieval time, while the reduction in the amount of data
transferred is a function of the size of the value set. In general, the amount
by which the average simulation runtime can be reduced is the percentage of

the runtime that is due to the retrieval of the data (i.e. the retrieval time).

3.4. Prefetching

To investigate the effect that prefetching has on the performance of the
data component we enabled the prefetching feature and measured the average
runtime for 16 and 256 simulations connected to a single data manager where
the simulations were configured such that the time step calculation time and

web service response time were the same (2 s). This allows for the retrieval
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Figure 10: Prefetching results.

of a value set (which involves generating the request, calling the web service,
and processing the response) to take place while the components (producer
and consumer) are calculating their time steps. The results of the alter-
nate configuration as compared to the baseline configuration are presented
in Fig. 10. In all cases, prefetching reduced the average simulation runtime
because some portion of the data retrieval was performed during the time
step calculation rather than waiting until each time step was calculated be-
fore requesting the data. In the baseline configuration with 16 simulations,
prefetching resulted in a small decrease in the average simulation runtime
(3.4%) because the retrieval time was small and hence only a small amount
of time was saved by performing the retrieval during the time step calcula-
tion. In the alternate configuration with 16 simulations, prefetching resulted
in a large decrease in the runtime (43.0%) because the retrieval time was

high (due to the increased web service response time) and thus a significant
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amount of time was saved by performing the retrieval during the time step
calculation. In the case of 256 simulations, the reduction in the average sim-
ulation runtime was less in both configurations due to the number of prefetch
failures that were a result of the data component’s prioritization of requests
for data over requests for prefetching data.

The reduction in the average simulation runtime possible by prefetching
is thus a function of the relative difference between the retrieval time and
the length of time between subsequent requests made to the data component
(i.e. the sum of the calculation times of all components for a time step). In
cases in which the retrieval time is less than the total amount of time the
components spend calculating a time step, the runtime of the simulation is
not affected by the web service calls and is masked by the time step calcula-
tion time (assuming the data manager does not reject the prefetch requests).
In general, the amount by which the average simulation runtime can be re-
duced is the percentage of the runtime that is due to the retrieval of the data
(i.e. the retrieval time). In cases in which the retrieval time is greater than
the time spent calculating time steps, the average simulation runtime will

increase proportionally according on the relative difference between them.

4. Case study: A groundwater sustainability challenge

To demonstrate how the data component may be incorporated into a
modeling study we present how we are utilizing it in an ongoing case study
to provide input data from an online database to the components of a linked

model executing on a desktop computer.
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Figure 11: Conceptualization of an irrigated agricultural system.

4.1. Study area

The communities of western Kansas in the Central Plains of the United
States have relied upon the availability of groundwater for irrigated agricul-
ture for 50 years (Fig. 11). The rate at which water is extracted from the
Ogallala Aquifer underlying the region has exceeded the rate at which it nat-
urally recharges resulting in a gradual decline in the volume of water stored
in the aquifer. In some areas it is no longer possible to extract water from
the aquifer due to the decreased saturated thickness, a trend that will con-
tinue to spread throughout the region unless agricultural practices transition
to sustainable rates of water consumption. As this transition impacts the
closely intertwined economy and ecology of the region it is essential that it
be guided by multidisciplinary integrated assessment.

We consider the relevant natural and human processes in this system
to be (1) the movement and volume of groundwater, (2) the choice of crop
planted, and (3) the growth of the plants. Building on previous experience in
integrated modeling for irrigated agriculture (Bulatewicz et al., 2010, 2013)

we have developed three new model components that simulate these processes
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and have created a prototype linked model integrating them.

4.2. Model components

The crop choice component is an iterative Positive Mathematical Pro-
gramming (PMP) model (Howitt, 1995) that simulates farmers allocation of
arable land to different crops. The model operates on an annual time step,
with each execution predicting farmers choices in a single growing season.
In addition to harvested crop prices and crop-specific costs of production,
the model accepts as inputs the current (county average) depth to water and
saturated thickness of the aquifer. Depth to water affects water extraction
costs, while saturated thickness affects the pumping rate of wells, which in
turn creates an upper bound on the annual extraction of irrigation water.
The model simulates land allocations as the solution to a constrained opti-
mization problem that represents farmers profit-maximizing mix of land uses,
given price conditions, water extraction costs, and the constraints on water
and land availability. The component has input exchange items for satu-
rated thickness and depth to water and output items for the predicted acres
planted to each crop (wheat, corn, sorghum, soybeans, and alfalfa). Details
on the model development, calibration, and data sources are in Clark (2008)
and Garay et al. (July 2010). The model is implemented in MATLAB and
interoperability with the OpenMI is provided by the Simple Script Wrapper
(Bulatewicz et al., 2013).

The groundwater model provides the groundwater elevation (head) as
a function of space and time. For this application, we have developed an
OpenMI component for the Hydrologic Response Function (HRF) approach
from Steward et al. (2009). Briefly, the aquifer is treated as a sloping base
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with rectangular cells used to gather pumped water-use within cells that
contain uniform aquifer properties Steward (2007). Our OpenMI code fully
implements the HRF equations and enables the drawdown associated with
pumping to be communicated with neighboring cells. This approach was
chosen as it has been shown to accurately reproduce the cones of depression
formed by groups of wells in the study area (Steward et al., 2009), and the
code executes much faster than other approaches based upon the Analytic
Element Method (Steward et al., 2008) and finite gridded domain approaches
(Steward and Allen, 2013). We also incorporated the groundwater added to
the domain through leakage from surface water identified by Ahring and
Steward (2012). This was accomplished by adding recharge to cells that
coincide with rivers and adjusting the recharge rates until groundwater sur-
faces matched observations (see Steward et al. (2009) for a discussion of these
recharge volumes). The component has an input exchange item for irrigated
water-use and output exchange items for saturated thickness and depth to
water. The model is implemented in Scilab and interoperability with the
OpenMI is provided by the Simple Script Wrapper.

The crop production component provides crop yield and irrigated water
use data as simulated by the Erosion-Productivity Impact Calculator (EPIC)
model (Williams, 1995). EPIC is a process-based generalized crop model that
simulates daily crop growth by predicting plant biomass through the simu-
lation of carbon fixation by photosynthesis, maintenance respiration, and
growth respiration. In a previous work (Bulatewicz et al., 2009) we enabled
this legacy model to work with OpenMI by creating a wrapper component

that executed the unmodified model program on-demand. For this new com-
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Figure 12: Component linkages. Data is transferred in the direction of the arrows.

ponent we took an alternative approach to model reuse in which we executed
the original model program for all combinations (2500) of the primary model
inputs of interest (soil, crop, management, weather) and created an index of
the model output data that the component utilizes to lookup and provide
the data to other model components. The input exchange items of the com-
ponent are acreage per crop, soil ID, and weather ID. The output items are
crop yield and irrigated water-use. The model operates on an annual time
step over a 2-dimensional grid and is implemented in C# using the Simple
Model Wrapper (Castronova and Goodall, 2010). We calibrated the model

for use in western Kansas in an earlier work (Bulatewicz et al., 2009).

4.8. Linked model design

There are a total of 14 links between the models as illustrated in Fig. 12.

The linked model prototype uses an element set consisting of a single ele-
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ment that represents Seward County in southwestern Kansas. At the start
of each year the crop production model requests the planted acreage of each
crop from the crop choice model and the soil and weather information from
the data component. The data component retrieves the data from an online
database and provides it to the crop production model. The crop choice
model requests the saturated thickness and depth to water from the ground-
water model for the previous year which in turn requests the irrigated water
use from the crop production model for that year. After receiving the re-
sponse the groundwater model calculates the new saturated thickness and
depth to water and provides them to the crop choice model which in turn
predicts the crop acreages and provides them to the crop production model.
The crop production model then calculates the crop yield and irrigated water-

use for the current year.

4.4. Using the data component

To create the linked model we began by adding the 3 models to a new
composition using the OmiEd application and then added the appropriate
links between them. We then configured the data component by (1) defining
the necessary output exchange items, and (2) specifying the information
about the web service from which they should be retrieved. The exchange
items and web service information are defined within the data component’s
configuration file as shown in Fig. 13. The format of the configuration file
is based on that of the Simple Model Wrapper and was extended to include
web service information. The element set and quantity of each exchange
item (as well as the units information, not shown in the figure) is listed in

the configuration file as well as the type, URL, and list of quantities provided
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<Configuration>
<Exchangeltems>
<OutputExchangeltem>
<ElementSetID>Seward</ElementSetlD>
<Quantity><ID>WeatherStationID</ID></Quantity>
</OutputExchangeltem>
<OutputExchangeltem>
<ElementSetID>Seward</ElementSetiD>
<Quantity><ID>WeatherDatalD</ID></Quantity>
</OutputExchangeltem>
<OutputExchangeltem>
<ElementSetID>Seward</ElementSetiD>
<Quantity><ID>SoilTypelD</ID></Quantity>
</OutputExchangeltem>
</Exchangeltems>
<TimeHorizon>
<StartDateTime>2012-01-01T00:00:00</StartDate Time>
<EndDateTime>2040-08-01T00:00:00</EndDateTime>
<TimeStepInSeconds>86400</TimeStepInSeconds>
</TimeHorizon>
<WebServices>
<WebService>
<Type>WaterOneFlow</Type>
<Url>http://host/Baseline/Service_10.asmx</Ur>
<RetrievableQuantities>
<QuantitylD>WeatherStationD</QuantitylD>
<QuantitylD>WeatherDatalD</QuantitylD>
<QuantitylD>SoilTypelD</QuantitylD>
</RetrievableQuantities>
</WebService>
</WebServices>
</Configuration>

Figure 13: The data component configuration file (partial).
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and accepted by each web service. The quantity ID specified in each output
exchange item must appear in the list of RetrievableQuantities for one of the
web services and each input item must appear in the DeliverableQuantities
After creating the configuration file we added the data component to the
composition and added links from each of its output exchange items to the
appropriate input of the crop production component.

The URL specified in the configuration file is that of a CUAHSI HIS
WaterOneFlow web service that was hosted on a virtualized server that we
setup on the cluster network and was publicly accessible via the Internet.
The web service was connected to a SQL Server database that was also
hosted on the server and used the Observations Data Model (Horsburgh et al.,
2008), which is a relational data model for the storage and retrieval of time
series hydrologic observations and associated metadata. The data component
provides interoperability between the ODM /WaterOneFlow web service and
the OpenMI by mapping their respective data models to one another in a
similar way as Castronova et al. (2013b) (e.g. mapping quantities to variables
and sites to elements). Thus, the IDs of the elements within the element sets
of the input and output exchange items specified in the configuration file
must exist as sites in the database (mapped to SiteCode) and the quantity
IDs of the exchange items must exist as variables in the database (mapped
to VariableName). The WaterOneFlow web service returns data as time
series whereas exchanges between OpenMI components require space series,
so had there been multiple elements in the element set the data component
would have made multiple web service calls for each time step (one for each

element).
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Figure 14: Output from the linked model for 3 indicators.

The output of the linked model simulation for 3 indicators is shown in
Fig. 14 (does not include wheat data as it is not currently available in the crop
production component). The county-wide total crop yield and irrigated water
use varied from year to year according to the weather while the saturated

thickness of the aquifer decreased at a constant rate.

5. Conclusions

We have presented the design of a general-purpose data component for
the OpenMI, evaluated its performance, and demonstrated its application
in a modeling study. The data component can mitigate data management
challenges in modeling and simulation by serving as a bridge between model
components and online services minimizing the reliance on data files and
ad-hoc scripting. We adapted three techniques to the unique design of the
OpenMI to enable efficient operation: caching, prefetching, and buffering,
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Table 1: Summary of performance study results. (*estimated)

Technique  Improvement Dimension Cost Per Time Step
Caching 1% - 29% Time 0.14s-3.78s
Prefetching 3% - 43% Data 131 KB

Buffering* 5% - 33%

making it suitable for use on both desktop computers and high-performance
compute clusters.

The data component is added to a composition and linked to model com-
ponents in same way that model components are linked to one another. The
scientist configures, and re-configures the data component for the input and
output exchange items necessary for any given set of model components based
on the data available via web services. It relies on a data manager program
that communicates with web services and manages a distributed data store
shared across all the data managers executing on a compute cluster. The
data retrieved from web services is cached in the data store and the data
collected from model components is buffered in the data store before being
delivered to web services.

We evaluated the performance of the data component in terms of scal-
ability and the effectiveness of caching and prefetching in minimizing the
simulation runtime. The results are summarized in Table 1. The increase in
simulation runtime incurred by the data component (as compared to using
local data files) ranged from 0.14 s for 16 simulations to 3.78 s for 1000 simu-

lations for each time step. The data transferred to and from the web service
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was 131 KB per time step for a value set of 1000 values.

Caching can have a significant impact on the runtime of simulation in
some cases and little or no impact in other cases. We demonstrated this via
two configurations which resulted in a 1% to 29% reduction in the average
simulation runtime. This range only serves as an example of possible perfor-
mance, as the actual impact is a direct result of the retrieval time and the
number of times model components request identical data.

Prefetching can also have a significant impact on the runtime of a simula-
tion, but through different means than caching. Prefetching is only effective
when the time step processing time of a model component is comparable to
the retrieval time thus making it possible to overlap the model execution
with the retrieval of data. We demonstrated this via two configurations in
which the runtime was reduced by only 3% when there was no overlap and
43% when there was full overlap. In addition, prefetching is less effective
when a data manager is under high utilization.

Buffering always reduces the runtime of a simulation where the reduction
is directly proportional to the web service response time. Although the im-
pact of buffering on the simulation runtime cannot be measured empirically
(because buffering is inherent in the design of the data manager) its impact
can be estimated by adding the time spent sending the data on each time
step. For the experimental configuration, in which the model components
spend 2 s processing each time step, if the time spent sending data on each
time step was 0.1 s then the reduction in runtime due to buffering would
be 5% whereas if the time spent sending data was 1.0 s then the reduction

would be 33%.
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Based on the results of the performance study, it can be expected that the
simulation runtime will increase as the number of simulations is increased,
and that buffering always results in improved runtimes while caching and
prefetching may result in improvements depending upon the situation. Over-
all, the runtime overhead of the data component is primarily determined by
the web service response time and to a lesser degree the time step processing
time of the model components and the value set size (as the data transfer size
and parsing time are influenced by it). As the web service response time in-
creases, the runtime increase incurred by the data component becomes larger
while at the same time the benefit of buffering and the potential benefit of
caching and prefetching increase as well. In general, the percentage of the
runtime that is due to the web service calls is equivalent to the reduction that
would be achieved in cases in which caching and prefetching are effective.

We therefore conclude that the design of the data component meets the
three requirements identified in Section 2. Standards for web services make
it possible for the component to be configured and reconfigured as necessary
to meet the needs of different linked model configurations and different web
services. The increase in simulation runtime incurred by the data component
(as compared to using local data files) is reasonable and in some cases can be
eliminated by caching and prefetching data. The overall performance of the
data component is reasonable for large numbers of simultaneous simulations.

As the importance of data availability, interoperability, and transparency
continue to rise, so too does the need for software tools that facilitate these.
General-purpose tools that intelligently and efficiently provision, collect, and

deliver data will become an essential part of OpenMI linked models on desk-
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top computers and compute clusters alike and this work provides a starting

point for such tools.
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w0 Appendix A. Software availability

Software name: DataComponent
Developer: GRoWE/Kansas State University
Contact address: 234 Nichols Hall, Kansas State University,
Manhattan, KS, 66502, 785-532-6350
E-mail: tombz@ksu.edu
Year first available: 2013
1041 Hardware required: Architecture independent
Required software: Windows/Linux
Program language: C#
Program size: 2 MB
Availability: Download available under MIT License at:
http://code.google.com/p/data-component
Cost: Free
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