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he 21st century electric power grid 
is transforming with an unprecedented 
increase in demand and increase in new 
technologies. in the united states energy 
independence and security Act of 2007, 

title Xiii sets the tenets for modernizing the electricity grid 
through what is known as the “smart grid initiative.” this 
initiative calls for increased design, deployment, and inte-
gration of distributed energy resources, smart technologies 

and appliances, and advanced storage devices. the deploy-
ment of these new technologies requires rethinking and 
re-engineering the traditional boundaries between differ-
ent electric power system domains (Figure 1).

historically, the analysis and operation of electric power sys-
tems has used isolated subdomain tools for the transmission 
grid and wholesale markets, the distribution grid, and end users. 
each tool models one subdomain well, but makes engineered 
simplifications of the other subdomains with which it interacts. 
As more smart grid technologies [e.g., distributed photovoltaics 
(pVs), electric vehicles, and solid-state transformers] are integrat-
ed into distribution grids, static distribution simulations and 
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simple large-area time-series models of loads in transmission 
simulations are no longer sufficient for performing modeling 
and analysis. the integration of these new technologies and 
their control algorithms into the existing grid require complex 
control methods and extensive testing, and, at large enough 
deployment, they will have an impact outside of the distribu-
tion system, with visibility into the transmission grid and 
wholesale market. By using tools that only model one domain, 
the complex interactions between the new smart grid distribu-
tion system and the bulk power network are lost, and their 
impact on the grid may be understated. this necessitates the 
use of cosimulation tools—multiple tools, each modeling a sin-
gle domain in detail, that interact while running simultaneously.

the future electric grid is emerging at the intersection of 
the physical networks, electric markets, and the end user. to 
enable the cosimulation of the transmission grid, distribu-
tion grid, wholesale and retail markets, and end users, we 
have been extensively developing open source open source 
tools in a combined effort between south dakota state uni-
versity, colorado state university, and the u.s. national 
renewable energy laboratory (nrel). specifically, we have 
been developing tools to model and control distributed 
energy resources in gridlAB-d, an agent-based distribution 
system simulator, coordinated at the transmission system 

level, including ac power flow and wholesale markets. the 
three tools presented in this article are 

xx the data exchange Model (dex.py)—a combined top-
down and bottom-up end-user load profile and power 
network model creation tool
xx Bus.py—a communication interface for communicat-
ing with gridlAB-d and controlling distributed energy 
resources during gridlAB-d’s execution (links to the 
open-source code for the tools can be found at http://
www.engr.colostate.edu/sgra/)
xx the integrated grid Modeling system (igMs)—a high-
performance computing (hpc)-enabled independent 
system operator (iso) to appliance-scale electric 
power system modeling cosimulation platform.

the tools exist at two stages in the cosimulation pro-
cess: 1) network creation and population and 2) during 
simulation run time. in stage 1, we generate the physical 
power networks at the transmission level for use in MAt-
power and at the distribution level for use in gridlAB-d. 
As a part of this process, we populate the distribution-level 
feeders with extensive end-user assets and load profiles 
for large-scale distribution-level simulations using dex.py.

we developed a communication framework for facilitating 
the cosimulation during run time in stage 2). the framework, 
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Figure 1. Individual domains in the electric power system and their interactions. (Figure courtesy of Julieta Giraldez, NREL.)
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called Bus.py, is a software transmission bus interface for use 
in smart grid cosimulation studies. An abstract interface is 
provided in python that includes interprocess communica-
tion to the distribution simulator gridlAB-d. the principle of 
Bus.py is a flexible, easy-to-use interface to enable the cosim-
ulation of electric power system tools. As use cases, Bus.py 
enables bidirectional power flow studies resulting from 
increased distributed energy resources (Figure 2) and allows 
the study of the physical responses on distribution feeders 
and wholesale and retail markets from a multitude of cus-
tomer home energy management systems (heMss) and 
other smart grid technologies (Figure 3). each tool is described 
in detail, with case studies demonstrating the usefulness of 
cosimulation. By enabling a variety of scenarios that cross tra-
ditional electric power system domain boundaries, cosimula-
tion will enable the rapid design and development of the 
technologies required for the future power grid.

End-User and Power Network  
Modeling Using DEx.py
in the emerging smart grid, many new technologies are being 
introduced at the distribution-level. these new end-user 
assets, such as distributed pV solar, smart appliances, and 
smart heating, ventilation, and air-conditioning systems, may 
impact the transmission grid and wholesale market level 
unlike in the past. to properly determine the impact of these 
technologies and their controls on power system network and 
market operations, we need methods for populating distribu-
tion feeders with differing amounts of these technologies sto-
chastically while still maintaining a realistic aggregate load 
curve at the point of common coupling (pcc) with the trans-
mission level. to that end, we developed the dex.py in the pro-
gramming language python (Figure 4).

dex.py is a platform for creating a com-
bined transmission and distribution net-
work model, each in formats that are used 
by MAtpower and gridlAB-d, respective-
ly, given a customizable set of network 
input parameters. dex.py consists of two 
high-level steps: network creation and 
end-user load population. to facilitate 
ease-of-use, dex.py presents a graphical 
user interface ( Figure 5) for the creation of 
complex distribution topologies that form 
an input to gridlAB-d, each existing at a 
transmission bus interconnected by a 
transmission system modeled in MAt-
power. As an example, consider the roy 
Billinton test system shown in Figure 6. At 
each load bus, a distribution system mod-
eled in gridlAB-d with a matching peak 
and realistic end-user models must be 
generated using dex.py.

depending on the peak load at the 
pcc and the settings of the types of dis-
tribution feeders and transformers, dex.

py will generate a gridlAB-d distribution feeder with match-
ing residential loads connected to a set of load points 
(Figures 7 and 8). each transmission or subtransmission node 
can be expanded into a hierarchal distribution network of up 
to four levels. For each transmission node, the distribution hier-
archy consists of n feeders (level 1). each primary feeder will 
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Figure 4. DEx.py as a presimulation network and end-user model generator.
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have at least one subfeeder (level 2). each primary feeder and 
subfeeder consists of at least one load point, at level 3. each 
load point may consist of additional subload points (level 4). 
the upper bounds for the number of primary feeders, subfeed-
ers per primary feeder, load points per feeder, and additional 
subload points per load point per feeder for each transmission 
node are set by the user to create a new distribution topology.

the link between the primary feeders and subfeeders can 
be configured as an overhead line or an underground cable. 
the load points and subload points in the distribution 

topology represent the connection points for the low-voltage 
(lV) network where the residential loads are connected, as 
shown in Figure 8. the lV network consists of step-down dis-
tribution transformers, triplex nodes, and triplex lines for each 
of the three phases. the residential loads are connected at the 
end points of each phase of the lV network at distribution 
voltage level. At the time of writing, only residential homes are 
modeled in dex.py; however, we are working to add commer-
cial- and industrial-type loads as well. once the distribution 
system network is generated, the load profiles need to be gen-
erated for each of the newly attached homes. this leads to the 
second step of dex.py: end-user load population.

to split the total load at the pcc among individual house 
loads, we designed a combined top-down, bottom-up 
approach. First, the total bus load is split into the aggregate 
load of each individual house connected on a distribution 
network, using a stochastic approach (top down). one-dimen-
sional random walk theory is used to generate the load pro-
file for the residential loads that are distributed across a dis-
tribution feeder network. here, the load profile for each resi-
dential load is scaled from a time-varying system load at the 
transmission node and used as the input for the one-dimen-
sional random walk process. load curves for a small subset of 
the residential loads that populate a gridlAB-d feeder are 
presented in Figure 9. each house has a different, yet realistic, 
load curve; the ensemble sum of the residential load curves 
represents the load curve at the pcc.

to obtain the usage pattern of individual smart grid 
technologies at each household (bottom up), we use a 
method based on queueing theory. we model each house-
hold as an infinite capacity computing server with asset 
usage analogous to task arrivals. in the Mt/G/∞ queue, 
applications arrive nonhomogeneously with Markovian 
distribution (i.e., time-varying poisson process), generally 
distributed execution times, and infinite capacity. By 

Figure 5. A sample of the graphical user interface for DEx.py.
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varying the rate parameter of a poisson process, we can 
determine the usage pattern of individual smart grid tech-
nologies that sum to the aggregate house load. An example 
household load curve generated from this method is given 
in Figure 10. the combined top-down, bottom-up approach 
will ensure that hundreds of thousands of individual 
smart grid technologies will each operate in a way that 
match the desired system load behavior.

Control of Distributed Energy Resources  
in GridLAB-D Using Bus.py
once the network and end-user models have been gener-
ated, the next step in the cosimulation is to enable com-
munication between the tools, in this case MAtpower and 
gridlAB-d. Bus.py is an abstract software transmission bus 
interface that facilitates the cosimulation of tools, e.g., 
customer heMss and the distribution feeder. the fine-
grained modeling of the distribution system in gridlAB-d 
makes it an ideal tool to perform smart grid technology 
studies at the distribution level. Bus.py leverages the fine-
grained modeling and interprocess communication of 
gridlAB-d to enable a myriad of future-grid scenarios.

the name Bus.py derives from the fact that its purpose is 
to emulate a transmission-level bus. to accomplish this goal, 
an abstract interface is provided in python that includes inter-
process communication to the distribution simulator grid-
lAB-d. to facilitate interactive simulation, gridlAB-d currently 
provides a hypertext transfer protocol (http) server for inter-
process communication. other implementations provided by 
the Bus.py interface are a constant load bus, time-series load 
bus, and resistance-based load bus (where a thévenin equiva-
lent resistance is used in conjunction with ohm’s law to deter-
mine the load at a bus). this section focuses on our imple-
mentation of our Bus.py interface with gridlAB-d.

the guiding principle of Bus.py is a flexible and easy-to-use 
interface to enable the cosimulation of electric power system 
tools. pseudocode that describes the operation of Bus.py with 
a generic cosimulator (e.g., microgrid controller, heMs control-
ler) is presented in Figure 11. Bus.py has four main functions: 
load_bus, start_bus, transaction, and stop_bus.

the load_bus function reads from a bus input file all 
relevant parameters for Bus.py to be used during the cosimu-
lation process. the input file will specify which type of bus 
will be modeled (e.g., a gridlAB-d bus), simulation time infor-
mation (i.e., start time, stop time, and time step), and any 
other relevant parameters for that bus type. the input file 
is specified using the Javascript object notation, an easy-
to-read set of key-value pair strings. Load_bus will 
return a Bus object to be used for the cosimulation. once 
a Bus object is loaded and the cosimulator is initialized, 
start_bus will commence the bus cosimulation envi-
ronment. in the case of a gridlAB-d bus, this will initiate 
a gridlAB-d simulator process and start its http server 
for interprocess communication with the Bus.py interface.

After the cosimulation environment is commenced 
with start_bus, the main simulation loop begins. 
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each iteration of the loop represents one time step in 
the simulation. the basic order of operations at time 
step t is: 1) obtain the inputs to the Bus for time step t 
from the cosimulator, 2) perform a transaction with 
Bus, and 3) process the outputs of Bus using the cosim-
ulator. the transaction function passes the inputs to 
the Bus, steps time forward, and returns the specified 
outputs. For gridlAB-d, this will 1) send key-value pairs 
(e.g., customer1.load = 10 kw) to gridlAB-d using http, 
2) step gridlAB-d forward one simulation time step, 
and 3) request and return the gridlAB-d simulated out-
put (e.g., substation power). the single transaction 
function simplifies the communication with gridlAB-d 
to present a powerful cosimulation tool.

After the stop time of the simulation is reached, the sim-
ulation loop will end. the stop_bus function will stop any 
associated processes/files used by the Bus object (e.g., stop 
the gridlAB-d process in the case of a gridlAB-d bus). once 
the main simulation loop ends and Bus is stopped, it may 
be useful to perform postprocessing with the cosimulator, 
such as visualization of the time-series output.

Putting It All Together: IGMS
igMs is an hpc-enabled cosimulation environment that 
focuses on bulk power market and technical operation 
impacts of distributed energy resources developed at nrel. 
specifically, igMs simulates thousands of individual distribu-
tion systems under the purview of an iso with detailed mar-
ket operation and automatic generator control (Agc)-level 
reserve deployment. the thousands of distribution systems 
are simulated using gridlAB-d and interfaced using the Bus.
py tool to the bulk power level, simulated using a combina-
tion of MAtpower and Flexible energy scheduling tool for 
integration of Variable generation (FestiV), a model of the 
bulk power market with an accurate day-ahead and real-time 
unit commitment and economic dispatch model, including 
Agc control. the igMs hierarchical framework, presented in 
Figure 12, mirrors the structure of the power grid with a set of 
integrated bulk-level models interacting with thousands of 
distribution feeder models. initial studies using igMs hint at 
the need for cosimulation to determine the potential impacts 
and interaction of increasingly widespread distributed energy 
resources with the bulk power system.

Case Studies
to showcase the usefulness of cosimulation, two case studies 
are presented, both using an aggregator-based residential 
demand-response program (given in Figure 13) and Bus.py 
interacting with gridlAB-d. on the right-hand side of Figure 
13 is the traditional power system and market structure 
depicting the iso to the distribution system operator (dso) 
for delivering electricity to the residential customer. the left-
hand side of Figure 13 summarizes the residential demand-
response program. the demand-response exchange (drX) is 
an ancillary market in a fully deregulated market structure 
that provides demand-response services to the iso. the 
aggregator is a for-profit market entity engaged in interacting 
with the customer and the bulk power market in a fully 
deregulated market structure. the aggregator coordinates a 
set of participating customers, each with a set of smart grid 
distributed energy resource assets, and brings the result (e.g., 
load reduction) to the drX for market exchange.

the first illustrative example involves peak-load minimiza-
tion through load shifting using Bus.py. the resulting substation 
apparent power throughout the simulation period is presented 
in Figure 14. Because the objective function in the optimization 
problem was peak reduction, the peak load between 3:00 and 
6:00 p.m. is shown in more detail in the inset of Figure 14. the 
solid blue line represents the baseline load of the system (i.e., 
the system load in the absence of the aggregator demand 

Figure 11. Bus.py pseudocode with an abstract cosimulator process.

  1: Bus = load_bus(input_file)
  2: cosimulator.initialize()
  3: Bus.start_bus()
  4: repeat
  5:      bus_inputs = cosimulator.optimize()
  6:      bus_outputs = Bus.transaction(bus_inputs)
  7:      cosimulator.process(bus_outputs)
  8: until Bus.finished
  9: Bus.stop_bus()
10: cosimulator.postprocess()
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response). the dashed green line represents the substation 
apparent power, in kilovolt-amperes, after the aggregator-based 
residential demand response was performed.  the peak system 
power at 5:15 p.m. was reduced by 19.2 kVA, the total schedula-
ble load available for demand response at that time. this corre-
sponds to a 2.5% decrease in peak system load, which aligns 
with the u.s. Federal energy regulatory commission expecta-
tions for demand response in the residential sector.

the second example involves total customer cost mini-
mization of the schedulable demand-response loads (i.e., 
smart appliances) in a time-of-use (tou) market, data used 
from duke energy in north carolina, using Bus.py. the 
resulting load of the controllable assets, which represents 
450 kwh of the distribution feeder load, throughout the sim-
ulation period is presented in Figure 15. the solid blue line 
represents the baseline schedulable loads of the customers. 
the dashed green line represents the customer schedulable 
loads, in kilowatts, after the aggregator-based residential 
demand response was performed while optimizing for the 
minimization of customer energy cost. the solid black curve 
shows the tou pricing used in the optimization, with the 
corresponding y-axis values on the right, in cents/kwh.

during the tou peak-pricing period, from 1:00 to 7:00 p.m. 
(hours 13 to 19), the total schedulable loads of all the custom-
ers were pushed off peak and resulted in a reduction from 
123 to 52 kwh. this makes sense because the only way to 
reduce customer cost in the tou pricing scheme is to move 
load from on peak to off peak. the reason that all schedulable 
load was not moved off peak is because of the customer-
defined comfort constraints. it is interesting to note the 
resulting rebound effect—the change in the consumption 
pattern of electricity from the changing cost of electricity—
that occurs on either side of the transition from off-peak to 
on-peak pricing at 1:00 p.m. and at 7:00 p.m.

Conclusions
As more smart grid technologies are implemented in the dis-
tribution system, the infeasibility of a single tool simulating 
different electric power system domains at a detailed level 
limits the ability to properly study and quantify their impacts. 
dex.py and Bus.py enable the dynamic integration of multi-
ple electric power system simulation tools, such as gridlAB-
d and MAtpower. the use of dex.py, Bus.py, and igMs 
enables the cosimulation of transmission and distribution 
systems, customer heMss and the distribution system, as 
well as many other use cases that cross traditional electric 
power system domain boundaries, leading to the rapid 
design and development of the technologies and controls 
required for the future electric power grid. work is ongoing to 
link dex.py, Bus.py, and the constituent simulation environ-
ments to demonstrate simulations of large systems represen-
tative of smart cities connect to the bulk electricity grid.
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