
Florida State University Libraries
Electronic Theses, Treatises and Dissertations  The Graduate School

2017

Designing Time Efficient Real Time
Hardware in the Loop Simulation Using
Input Profile Temporal Compression
Sourindu Chatterjee

Follow this and additional works at the DigiNole: FSU's Digital Repository. For more information, please contact lib-ir@fsu.edu

http://diginole.lib.fsu.edu/
mailto:lib-ir@fsu.edu


FLORIDA STATE UNIVERSITY 

 

COLLEGE OF ENGINEERING 

 

 

 

 

 

 

DESIGNING TIME EFFICIENT REAL TIME HARDWARE IN THE LOOP  

 

SIMULATION USING INPUT PROFILE TEMPORAL COMPRESSION 

 

 

 

 

 

 

 

 

By 

 

SOURINDU CHATTERJEE 

 

 

 

 

 

 

A Thesis submitted to the 

Department of Electrical and Computer Engineering 

in partial fulfillment of the 

requirements for the degree of  

Master of Science 

 

 

 

 

 

 

2017 



ii 

Sourindu Chatterjee defended this thesis on November 15, 2017. 

The members of the supervisory committee were: 

 

   

   

 Omar Faruque 

 Professor Co-Directing Thesis 

 

 Mischa Steurer  

  Professor Co-Directing Thesis 

 

 Hui Li 

 Committee Member 

 

 

 

 

The Graduate School has verified and approved the above-named committee members, and 

certifies that the thesis has been approved in accordance with university requirements.  

  



iii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Dedicated to the memories of my Grandfather 

Shri Sukumar Chatterjee (1931-2017) 

  



iv 

ACKNOWLEDGMENTS 
 

Firstly, I would like to thank Dr. Mischa Steurer for being my research advisor and for accepting 

me as a member of his research team at Center for Advanced Power Systems (CAPS), Florida 

State University (FSU). I would also like to convey my gratitude for my academic advisor Dr. 

Omar Faruque for guiding me in academic and research work. I would also like to thank Dr. Hui 

Li for being a member of my supervisory committee. It has been a fantastic experience to be part 

of the highest quality research work conducted by Dr. Steurer. I have greatly benefited from his 

vast experience in academic and research publication. 

 

This thesis would not have been possible without the endless support and guidance from Mike 

Sloderbeck, Dr. Karl Schoder and Isaac Leonard. I am indebted to Dr. Harsha Ravindra for helping 

me in conducting research and preparing this manuscript. I would like to convey my sincere 

gratitude towards Dr. Mark Stannovich for assisting both in the technical and academic endeavors. 

A special thanks go out to James Langston for helping through numerous technical hurdles that I 

faced during my research work. I would also like to thank all my colleagues and friends at CAPS 

and FSU for being a part of my journey. 

 

Lastly, I would like to convey my respect and gratitude towards my parents and my whole family 

for helping me chase my dreams and supporting me throughout graduate school.  



v 

TABLE OF CONTENTS 

 

 

List of Tables ................................................................................................................................ vii 

List of Figures .............................................................................................................................. viii 

Abbreviations ...................................................................................................................................x 

Abstract ......................................................................................................................................... xii 

 

CHAPTER 1 INTRODUCTION .....................................................................................................1 

1.1 Motivation ……………………………………………………………………………..2 

1.2 Thesis Statement ……………………………………………………………………..6 

1.3 Literature Review ……………………………………………………………………..6 

 

CHAPTER 2 METHODOLOGY…………………………………………………………………9 

2.1 Design of Simulation Experiments……………………………………………………9 

2.2 Extrema Detection…………………………………………………………………....11 

2.3 Dynamic Programming………………………………………………………………13 

2.4 1/0 Knapsack Problem..................................................................................................14 

 

CHAPTER 3 INPUT PROFILE TIME COMPRESSION MODULE…………………………18 

3.1 IPTC Module with HIL Evaluation Framework ...………………...…………………18 

3.1.1 Input Profiles: Electrical Load, Photovoltaic Generation….……………………..18 

3.1.2 Hardware in the Loop Testbed ….…………………….…………………………22 

3.2 IPTC Module Implementation ……………………...………………………..….......25 

3.2.1 Normalizing and Screening ….…………………………………………………..27 

3.2.2 Determining Importance & Creating Sections of Interest (SoI)………………….29 



vi 

3.2.3 Selecting optimal group of SoI and Merging …………………………………....31 

3.2.4 Experimental Design using RTIPs ……………………………………………....35 

 

CHAPTER 4 SIMULATION WITH IPTC MODULE AND RESULTS …………………..…...39 

4.1 Case Study: IEEE 7 Node Test System ….…...……………………………………....39 

4.1.1 RTDS Model …………………………………………………………………….39 

4.1.2 Volt Var Control Scheme …..…………………………………………………....45 

4.2 Application of IPTC on Real-Time Load Input Profiles………….…...……...………47 

4.3 Simulation Results………………………………………………………………........51 

4.3.1 Simulation with Compressed and Uncompressed Load Input Profile  ………..…51 

4.3.2 IPTC Module Validation ……………..……..…………………………………...54 

 

CHAPTER 5 CONCLUSION AND FUTURE WORK.………………………………….…….. 62 

 

REFERENCES …………………………………………………………….…………..……….. 64 

 

BIOGRAPHICAL SKETCH …………………………………………………………….……... 69  



vii 

LIST OF TABLES 

 

 
Table 1: 1/0 Knapsack Valuation Substructure …………………………...............................…...16 

 

Table 2: RTDS Parameter Description …………………………………................................…..43 

 

Table 3: IPTC Validation Metrics……………………. ………………………………………….44 

 

Table 4: FREEDM HIL Testbed Simulation Interfaces ………………………………………….45 

 

Table 5: IPTC Module/ Volt-Var Performance Metrics …………………...………………..........54 

 

Table 6: Performance Metric Comparison (R=0, Branch) …...….………….……..…….…..…...58 

 

Table 7: Performance Metric Comparison (R=1, Radial) …...…………..…………………..…...61 

 

 

 

 

 

  



viii 

LIST OF FIGURES 

 

 
Figure 1: Demand Profile Showing Different Frequency Cycles …………………………………3 

Figure 2: Design of Simulation Experiment for HILS ……..……………………………….……10 

Figure 3: Extrema Detection Algorithm ………………………………………………………....12 

Figure 4: Real-Time Load Profile Spanning 12 Days ……………………….….………………..19 

Figure 5: Real-Time PV Profile for Different Month of the Year 2013 …………………………..20 

Figure 6: The Demand “Duck Curve” for 31st March …………………………………………….21 

Figure 7: FREEDM HIL Framework …………………………………………………………….23 

Figure 8: IPTC Module Overview ……………………………………………………………….26 

Figure 9: Rescaled and Re-Centered Load Profile for a Day ……………………………………..27 

Figure 10: Importance of Each Extrema Point ….………………………………….………….....29 

Figure 11: Sliding Window of 3 Extrema Points Forming SoI ………………….……………......30 

Figure 12: Radioactive Knapsack Problem …………………………………….………………...32 

Figure 13: Selected SoIs to be Merged ……………………………………….…….………….....32 

Figure 14: Merged SoIs (Discrete Merging) ……………………………………………………..33 

Figure 15: Merged SoIs (Non - Discrete Merging) ……………………………….………….…..34 

Figure 16: Original SoIs Merged ………………………………………………………………...35 

Figure 17: R and P Sampled Using OLHS ……………………………………………………….36 

Figure 18: Mean Power for Weekday vs R and P ………………………………..……………….37 

Figure 19: Total Energy for Weekday vs R and P ………………………………..………………38 

Figure 20: RSCAD model of FREEDM IEEE 7 Node Test Feeder System ……………………...40 

Figure 21: Block Diagram of Load SST ………………………………………………………….41 

Figure 22: CHIL Simulation Architecture with VVC for IPTC ……………………………….....42 

Figure 23: Control Flow of VVC Optimization Scheme …………………………………………46 

Figure 24: SoIs Selected for Weekend Profile (R, P = 0)……………….………………………...47 

Figure 25: Uncompressed and Compressed Profile for Weekend (R, P = 0)……..........................48 

Figure 26: SoIs Selected for Weekday1 Profile (R, P = 0) …………..……………………………49 

Figure 27: Uncompressed and Compressed Profile for Weekday1 (R, P = 0) ……...…………….49 

Figure 28: SoIs Selected for Weekday2 Profile (R, P = 0) ………………………………………..50 

Figure 29: Uncompressed and Compressed Profile for Weekday2 (R, P = 0) ……...…….………50 



ix 

Figure 30: Simulated Uncompressed Load Input Profiles at 7 Nodes …………………………....52 

Figure 31: Simulated Compressed Load Input Profiles at 7 Nodes ………………………………53 

Figure 32: Compressed, Un-compressed Total “System Load” (R = 0, Branch) …………....……55 

Figure 33: Compressed, Un-compressed Total “Power Loss” (R = 0, Branch) ……………..........56 

Figure 34: Compressed, Un-compressed “Nodal Volt @ SST 5” (R = 0, Branch) ….…………....57 

Figure 35: Compressed, Un-compressed Total “System Load” (R = 1, Radial) ……….........……59 

Figure 36: Compressed, Un-compressed Total “Power Loss” (R = 1, Radial) …………………...59 

Figure 37: Compressed, Un-compressed “Nodal Volt @ SST 7” (R = 1, Radial) ….….…............60 

 

  



x 

ABBREVIATIONS 
 

CAISO California Independent System Operator 

CAPS Centre for Advanced Power Systems 

CHIL Controller Hardware-in-the-Loop 

DESD Distributed Energy Storage Devices 

DGI Distributed Grid Intelligence 

DoSE Design of Simulation Experiments 

DP Dynamic Programming 

DPFE Dynamic Programming Functional Equation  

DRER Distributed Renewable Energy Resource 

EIP Environmental Input Profiles 

EI Energy Internet 

FPGA  Field-programmable gate array  

FREEDM Future Renewable Electric Energy Delivery and Management 

GTFPGA  Giga-Transceiver Field Programmable Gate Array  

HIL Hardware-in-the-loop 

HILS Hardware-in-the-loop Simulation 

HIL-TB Hardware-in-the-loop Test Bed 

IoT Internet of Things 

IPTC Input Profile Time Compression  

KPS Knapsack Problem 

LHS Latin Hypercube Sampling 

MSE Mean Square Error 

OLHS Orthogonal Latin Hypercube Sampling 

PCIe Peripheral Component Interconnect Express 

PV Photovoltaic 

RTDS Real-Time Digital Simulator 

RT-HIL Real-Time Hardware in the Loop 

RTIP Real-Time Input Profile 

RTP Real-Time Profile 



xi 

RTPC  Real-Time Profile Compression 

RTS Real Time Simulation 

S.D Standard Deviation 

SCL Smart Controllable Load 

SIL System-in-Loop 

SoI Section of Interest 

SST Solid State Transformers 

TCP /IP Transmission Control Protocol/Internet Protocol 

UD Uniform Design 

UDP User Datagram Protocol 

VVC Volt-Var Control 

  



xii 

ABSTRACT 

 

The modern day smart grid technology relies heavily on data acquisition and analysis. A 

distributed controller governs smart microgrid functions with one or more renewable sources and 

smart controllable loads. This sort of intelligent, scalable system is the primary drive for the Energy 

Internet (EI). Hence, in modern-day power systems engineering to analyze, understand and make 

efficient system design choices that capture robustness and scalability, Hardware in the Loop 

(HIL) simulations are required. Real-Time Simulations (RTS) is the state of the art technology 

thrusting the capstone of innovation for this industry. As engineers, we can model, simulate and 

validate smart grids operations more rapidly, robustly and reliably using RTS. With enough 

smaller time step for the simulation, the boundary between the real and the simulated systems 

slowly vanishes. It also enables the system to be simulated as Controller Hardware in the Loop 

(CHIL) or Power Hardware in the Loop (PHIL) setups, evolving and imitating the real physical 

world. The HIL (Hardware in the Loop) setup also enables a real data source or sink to be in the 

system to form the loop of exchange between the simulated system and real-world hardware which 

is most often a control hardware. The implementation of such a setup is made possible at Center 

for Advanced Power Systems (CAPS), named as Hardware in the Loop Test-Bed (HIL-TB). This 

evaluation architecture provides a systematic solution to HIL simulations. Now the sampling time 

for real-world sensors is generally in the order of microseconds, enabling this collected data to 

emulate the cyber-physical domain accurately. Thus, the challenge previously was to address the 

throughput of real-world input data into the simulated system efficiently and correctly. The quality 

of the Design of Simulation (DoS) using the real world data in the form of Real Time Input Profile 

(RTIP), improves, affects the quality of response of the real-time cyber-physical system 

simulation. Thus great care needs to be taken to prepare, prune and project the RTIPs to improve 

and enhance the system performance evaluation index. To solve this problem, partially successful 

attempts have been made in the direction of machine learning by using methods like clustering and 

regression to characterize large input profiles or by breaking them into subsections using fixed 

length sliding window techniques. These classic methods then perform data analysis on those sub-

pieces to distinguish among a variety of input profiles and assign an index. These sub-profiles or 

sections would be then loaded into the simulation as environmental input to represent the physical 

system in the HIL simulations. This traditional procedure is observed to be arbitrary because 
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clustering algorithms and metrics for methods like regression or classification are user-defined and 

there exists no standard practice to deal with huge input profiles. There have also been confusions 

regarding the size of the sliding window to create subsections, subsection joining logic, etc. Thus, 

to address this issue, the primary focus of this study is to present a systematic, controlled, reliable 

procedure to explore, screen, crop large input profiles and then to compress the same by selecting 

sections with most relative importance using a modified version of “knapsack” dynamic 

programming algorithm. This compression primarily aims to shrink down the total simulation time 

without much loss of information. The latter part of this study focuses towards response driven 

performance evaluation of the HIL simulations. This is ensured by targeted compression of 

original input profile based on the certain requirement of the simulation. This approach ensures 

that the control algorithm (CHIL simulations) or any other system operator is driven in a specific 

direction in the simulation response space by effectively sampling the input parameters space. The 

fully automated HIL-TB evaluation framework aided with Input Profile Time Compression (IPTC) 

module delivers a fast-convergent validation for the performance evaluation with relatively similar 

system response. In this study, the IPTC module has been applied to seven load profiles to 

compress their temporal length by a third. The case study used for the simulation with these RTIPs 

is the Future Renewable Electric Energy Delivery and Management (FREEDM) IEEE seven node 

system. The test results show great coherence between the uncompressed and compressed response 

and validate the performance of the IPTC module applied to real-world HIL simulations. Thus, it 

can conclude that the functionality of the IPTC module is validated by the quality of simulation 

response gained out of the compressed simulation as compared to uncompressed simulation. In 

future, endeavors can be made in this path by expanding the functionality of this compression 

module to not only identifying and managing important sections based on some initial assumption 

about the objective of the control application but also providing cognitive, autonomous 

understanding of the behavior of the controls and using that knowledge accomplishing 

compression of large input profiles.      
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CHAPTER 1 

INTRODUCTION 

 

Real-Time Simulation (RTS) is a new paradigm in modern day systems engineering. The sole 

purpose of the real-time simulation is to ensure interface between the real and simulated world. 

Most popular and widely used category of RTS is the Hardware in the Loop (HIL) domain. In 

modern Controller Hardware in the Loop (CHIL) simulations, maintaining close accord between 

the simulated system and the real world physical system, of which the simulation model is an 

abstraction, is of paramount importance. Thus, most of the time before deployment, the system 

needs to be rigorously tested with real life, physically possible, pertinent and viable operating 

conditions. This is achieved by simulating the system with real-world, time series profiles that are 

collected from the physical location where the system needs to be deployed. The choice of such 

RTIPs can vary between load/demand profiles or photovoltaic generation profiles. The sampling 

of these RTIPs is often measured at around 2 Hertz or even less. These profiles vary in size, shape 

and underlying structure. Thus, for long-term analysis, a whole year long data is used. RTS time 

step largely ranges between 25-50s. This time step is also dependent on the controller hardware 

sampling time or power hardware data exchange rate. There exists a hard constraint around 

simulation time step as simulation time step should be reasonably smaller compared to the real-

world hardware time step.  Thus, there exists a constraint on the HIL simulation barring them to 

be simulated slower than the physical hardware sampling rate. This principle ensures that the 

whole purpose of the Real-Time Hardware in the Loop (RT-HIL) simulation is satisfied by 

emulating a real-world scenario to the interfaced controller or power hardware. As discussed 

earlier this emulating and fabrication of cyber-physical interface is largely dependent on the input 

parameter space constituted by the Thus, there is a need for an efficient way of compressing the 

input time series profiles while capturing the most relevant information. This compression should 

be able to handle the load profiles and the PV profiles robustly as it would be immensely 

resourceful for the system to enable shorter period of the simulation run. The only way for this 

compression to work efficiently for a shorter period with being able to gain similar results as 

compared to uncompressed simulation is by enabling screening of optimal substructure from the 

RTIPs. As the simulation is run for a shorter period with lower energy consumption than the non-
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compressed simulations this setup is also very economically successful. The focus of this work is 

primarily in this area so that it can be ensured that a compression module can oversee a targeted 

analysis, screening, and resurrection of compressed input profiles. The Input Profile Time 

Compression (IPTC) module can be incorporated as a part of the Future Renewable Electric 

Energy Delivery and Management (FREEDM) HILTB automated evaluation framework, which 

will together aid, support and capitalize on the best capabilities of the evaluation framework. 

 

1.1 Motivation 

 

The HIL simulation plays a quintessential role in assessing the problems in power systems 

engineering and drawing out the efficient solution of the same. Within this paradigm, there is a 

bifurcation between real-time simulations and non-real-time simulations. Typically, Non Real-

Time simulation presents the solution of the problem in as less time as possible without optimizing 

the solution for best performance. This is done because for non-real-time simulation the simulation 

platform provides a best possible approximation to the real-world systems and as a result, the 

overall performance of the system is less robust when compared to Real-Time simulations. The 

length of RT simulation time step is usually set very small to make the simulation relatable and 

comparable to real-world time. Thus, for example, every 1s passed in the simulation time 1 s 

will pass in the real physical world time. This feature helps in many ways to understand the 

dynamic behavior of the simulated system by presenting a real world like a cyber-physical 

emulation of the physical environment. In the era of smart technologies, every component of 

renewable generation such as PV inverters, solar arrays to Solid State Transformer (SST) as smart 

distribution feeders is equipped with high power computational platforms running control 

algorithms. Thus, to make efficient, reliable, and abundant use of the present infrastructure, 

engineers need to evaluate the system performance in RTS domain where all these smart 

equipment can be interfaced by HIL-TB setups. Henceforth the performance credibility of smart 

power system infrastructure heavily relies on HIL simulations providing thrust by optimal 

simulation setups. As power generation, transmission, distribution is slowly shifting towards 

autonomous and highly data-oriented enabling technologies called the Internet of Things (IoT), 

complexity in the analytical behavior of the systems are on the rise. It is thus becoming very much 

essential to simulate this smart system using RTS with real-time input profiles. The usage of real-
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world input profiles helps in maintaining a close resemblance to the physical world. The selection 

and experimental setup of the input load profiles or PV profiles help engineers to understand the 

time domain dynamic and robust characteristics of the simulated system correctly and reliably. 

Now as the time step in RTS becomes smaller the boundary between physical and cyber-physical 

worlds slowly vanishes and simulations tend to behave like real-world processes. To validate the 

performance of a typical control scheme the power system components are usually simulated in 

real-time with a time step smaller or equal to 50 s. To ensure that RT-HIL simulations deliver 

prolific, accurate and reliable response, choice of Environmental Input Profiles (EIPs) are of 

immense importance. As mentioned earlier, the backbone of any good RTS is it’s the input 

parameters space of which large sections are EIPs. This idea of emphasizing the design based on 

RTIPs has become the standard for modern-day Design of Computer Simulations (DoCS), where 

efficient, relevant and rightly engineered input profile selection is paramount for the efficient, 

economical and trustworthy response to the simulation. Different load and PV profiles are fed into 

the simulation to study the behavior the of the cyber-physical system subjected to the influence of 

real-world dynamic hardware. Figure 1 shows different cycles of underlying frequencies that exist 

in a typical demand profile. This profile is about 30 days long and consists of daily, weekly and 

monthly periodic cycles of the load.  

 

 

 

Figure 1: Demand Profile Showing Different Frequency Cycles 

Monthly Cycle

Weekly Cycle Weekday Cycle

Weekend Cycle
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Figure 1 shows that there exists common redundant and cyclic patterns in long-term load profiles. 

So to compress such long-term input profiles attention have to be given on the details of selecting 

or discarding certain sections or characteristics from the existing profile. Also the compression can 

provide targeted selection by giving prominence to certain sub-structure as compared to others. 

Thus, efficient simulations using these type of EIPs have become increasingly difficult with 

traditional simulation design techniques. Difficulty arises because of the presence of a lot of 

redundant cyclic patterns in these EIPs and simulating the whole profile reciprocates similar cycles 

in response to the simulation. To eradicate such repetitions and reproduction of useful information, 

methods like sliding window, clustering or use of traditional methods from Design of Computer 

Experiments (DoCE) have been extensively used. Similar approaches like Latin Hyper Cube 

Sampling, Central Composite Designs are extensively studied and implemented for input profiles 

in [1]. In that study input profiles are characterized by an irradiance metric and manual grouping 

is achieved by clustering similar time series profiles to form a numerical equivalence or magnitude 

which is used for defining the same. An extensive study and implementation of Machine learning 

technique like Self organizing maps are also used to index and group together different PV profiles. 

Now the shortcoming of such approaches is that these characterizations are not always accurate 

and response obtained are not always useful. These traditional methods rather presents redundant 

and non-specific input parameter space. As evident from the above-mentioned study which uses 

various custom defined metric for classification and development of profile indexes, whole process 

of DoCE becomes arbitrary. Another very interesting shortcoming of this approach is that the 

temporal length of these EIPs obtained after screening is typically in the order of days sampled 

mostly in steps of 1 second. Hence it becomes resourcefully, computationally and economically 

very expensive to perform HIL simulations with multiple experimental levels of such EIPs with 

different profile magnitudes. There had to be a better and efficient solution to this problem which 

is presented in this thesis. In this study, authors have presented a comprehensive, efficient and 

systematic way of compressing such RTIPs without losing much information of the operating 

condition. The key factor is the selection of specific state information and leaving out the less 

important keeping in check the temporal length. This approach is adopted to ensure that certain 

important portions from the original profile can be selected so that the performance evaluation for 

the RTS gains more credibility, accuracy and reliability. This methodology of shrinking the 

temporal space without losing relevant information has not been studied earlier for compressing 
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RTIPs for HIL simulations. This technique ensures less usage of computational, economical and 

temporal resource to get relatively similar performance response from the compressed simulation 

as compared to the uncompressed hardware in the loop simulation (HILS). Also while designing 

HIL RTS comprising of a lot of RTIPs instead of single-valued parameter, DoCE features is almost 

always overlooked. The traditional use of DoE methods like Latin Hypercube Sampling on RTIPs 

is not possible which greatly curtails elaborate and controlled setup of input parameter space. Thus 

the latter half of this study is focused towards more targeted screening and compression of RTIPs. 

This approach is primarily thrust so that RTIPs can be shrunk, pruned and presented to emulate 

adversarial operating conditions in the RTS. This sort of targeted search over the environmental 

input parameter space brings out interesting response from the connected real-world hardware. 

The development and implementation of IPTC module is studied and presented in this thesis as an 

extension to the classical Design of Simulation Experiments (DoSE). This is because in this work 

instead of classifying, grouping and selecting EIPs based on a set temporal length and arbitrary 

metric, a fully automated procedure for compressing RTIPs is provided.  The application of IPTC 

module on HIL-TB for performance evaluation of FREEDM 7 node power systems with Volt-Var 

Control (VVC) scheme is the sole purpose of this study. The primary vision for this research work 

is to decouple the numeric evaluation of the RTP from its characterization metrics and provide 

temporal compression of the EIPs. Also, the HIL-TB information exchange loop is currently a 

fully automated process, efforts have been made to make this evaluation framework a fully 

automated process. Thus, IPTC module would provide a useful pathway for achieving complete 

automation by providing targeted compression on RTIPs which makes most of the simulation 

design space. With the advent of IPTC on RTIPs the HIL-TB framework can be used to 

automatically solve an optimization problem for determining the working boundaries of the 

subjected control algorithm [2]. Thus, the development, deployment of IPTC module is paramount 

for fully utilizing the HIL-TB controls evaluation framework and understanding the input 

parameters space composed of the EIPs. As mentioned previously, modern day smart grid 

engineering relies heavily on a data-oriented framework. To evaluate the performance of such a 

system RTIPs constituted of load and PV profiles should be given most priority while doing DoSE 

for RT HILS. Thus, studying, evolving and implementing a systematic, scientific and secure 

procedure to make efficient use of such information for better analyzing and performance 

evaluation is the need of the present era in systems engineering. 
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1.2 Thesis Statement 

 

The input profile (load or PV), which is subjected as an input parameter to the RTS can be shrunk 

or compressed in temporal dimension to reduce the amount of simulation time required to gain 

similarly relative simulation response. The focus of this study is to develop a systematic and 

controlled temporal compression technique on real-time input profiles and demonstrate its 

usefulness as an enhancement to the HIL-TB to provide a time efficient solution towards 

performance evaluation of control schemes using the systematic capturing of the response of the 

available input parameter space. This study aims at verifying the postulation that with compressed 

time simulation using the IPTC module in conjunction with HIL-TB testbed it would be possible 

to achieve similar system performance as compared to the uncompressed simulation. 

 

1.3 Literature Review 

 

Recently, extrema based feature analysis of time series have gained popularity due to the robust 

approach to deal with various real-life distortions and noises in the non-compressed data. Ease of 

representation, efficient usage of storage for real-time communication and computational 

inexpensiveness have helped extrema based compression gain much popularity in recent times. In 

[3] authors applied a slightly modified algorithm than their previous work in [4] to real-time series 

datasets. Their work presented in [4] showcases that the compression algorithm takes linear time 

to operate for large enough input profile. Their procedure for retrieval is based on searching for 

similar patterns of a profile in compressed representation within other similar compressed time 

series. It also contributes to the study of trade-offs between speed and accuracy of similarity 

matching by providing hooks to manipulate the control of the same. In that endeavor, they have 

successfully pointed out the effectiveness of the compression and retrieval process for various 

types of time series datasets like stock charts, meteorological data, and electroencephalograms. A 

detailed description of the procedure has been provided in their study. They have developed 

methods to identify the similarity between different time series data to demonstrate the 

effectiveness of their working principal on compressed data. However, the downside to their work 

is that it does not incorporate the relative compression of temporal information as compared to the 

magnitude dimension. As mentioned earlier later, authors in [3] makes use of the most important 
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extrema of a profile for fast lossy compression using an algorithm that helps in identifying the 

significant extrema by considering their spatial importance relative to another extremum. The same 

concept of importance levels can be used to index a database of time series by identifying their 

major minima and maxima, which also allows for fast retrieval of series like a given pattern. In 

their research work, they have compressed time series information for beneficial high-volume 

transmission and real-time post-processing. This sort of methodology is very useful as it 

compresses raw information into a fewer number of data points with minimal computation. Thus, 

they have compressed the information that needs to be exchanged or maintained by reducing the 

number of data points that are part of original time series. The problem of screening important 

extrema is preceded by filtering and subsequent thresholding process which is primarily chosen 

based on intuition. In [5] authors have optimized this filtering technique by training the time series 

data model to maximize the dynamic robustness of the extracted extrema features. More precisely, 

they have optimized the coefficients of the linear pre-processing filter which have intern helped 

their screening process. They have made this possible by defining exclusive features of robustness, 

uniqueness, and cardinality which aids in identifying the different design choices that are available 

in each step of the feature generation process. This approach in tackling the problem then boils 

down to a simple eigenvalue problem that has a tractable solution. The results of their experiments 

confirm the belief of several others working on similar projects which rely on intuitive selection 

and filtering methods and reveals significant practical benefits in the accuracy of retrieval of 

similar extrema patterns. This encoding techniques help in customizing or enhancing extrema 

based feature extraction and selection for different pattern recognition tasks. They compared their 

algorithm with the state-of-the-art subsequence matching technique in time series databases and 

have got good results. Apart from the references taken from methods mentioned above researchers 

have investigated other alternative ways for compressing time of RTIPs in this study. In [6], 

authors have identified “landmark points,” to help compress time which included local minima 

and maxima. In [7] authors used the endpoints of best-fit line segments for the same purpose. In 

[8], the discretization of time series data with the help of subsections of straight line segments 

applied to time series data has been studied. In [9 - 12] authors have made use of lowercase 

alphabets as a feature for quantization in time series compression is prevalent. They also have used 

subsequence string matching to be used in compression. However, these techniques cannot be 

applied to all types of time series since quantization level; power is bounded. Although the 
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compression rate is quite high validation is not performed on many datasets. In [13 - 17] authors 

have used Fourier transformation method in time series data collected from various fields of 

research. However, this technique has several disadvantages. For example, it leads to important 

information loss, and it does not work well for erratic series. In [18, 19] authors have used Haar 

wavelet transforms whereas in [20] author has used Chebyshev polynomial expansion. In [21] 

authors used change points which essentially changes the trends of a time series and leads to lossy 

compressions. In [22] authors have applied Euclidean distance to compare feature vectors 

containing color, texture, and shape of video data to find similarity in pattern amongst dataset. 

This technique proves to be effective when features are expressed in same units of scale but does 

not work for combining disparate features. Another distance metric like Minkowski distance, if 

implemented correctly might have been more effective on their current result as the dimension of 

all the features is not similar in [23]. The property of indexing time series by using local extrema 

and segments between consecutive extrema has been investigated by authors in [24 - 26]. They 

proposed a retrieval technique based on a multi-level abstraction in the hierarchy of features. 

However, they have not elaborated a way to compress the temporal dimension without losing much 

information on the magnitude scale. In [27] authors have used grid structures in the time series 

data but their results show that grid performance is almost the same as exhaustive search. In [28] 

authors have described the various algorithm used for dynamic programming. They have focused 

primarily on the development of the mathematical models and provided a strong foundation for 

the process. Two novel algorithms are proposed in [29] for achieving an exact solution to dynamic 

problem-based solution for knapsack problem. In [30] authors have provided a strong account of 

similarity-based grouping algorithm called ‘packing problem’. Thus, there exist many references 

in the literature on the application of various compression techniques and algorithms on time series 

compression, but very little relevance is found in the domain of input profile compression for 

saving simulation time. Thus, in this study a technique that borrows the best from all the 

implementations mentioned above is presented. Primary focus is implementing compression of 

time series profiles without losing much information on the operating state represented in the 

RTIPs.  
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CHAPTER 2 

METHODOLOGY 

 

The methods and techniques used for the development of the IPTC module are described in this 

chapter. Section 2.1. gives an overview of the Design of Simulation (DoS). An overview of the 

simulation architecture that is used for the development and validation of the IPTC module is also 

described. Section 2.2 to section 2.4 is used to give the readers an account of the different 

techniques used for implementing the IPTC module. In this section, a study of the basic techniques 

and methods is presented. This study is supported by combining a modified version of the 

techniques described to implement a pseudo-lossy compression of time without losing much 

relevant information in the magnitude. Thus, these methods have paved the way for the 

development of the IPTC module. In later chapter, these methods are modified and refurbished 

with novel approaches to develop, derive and provide a unique solution for the targeted 

compression of real-time input profile applied in the HILS domain. 

 

2.1 Design of Simulation Experiments 

 

The prevalent use of model-based engineering design is mainly because of the fact that the actual 

data from a physical system is not always available before the fabrication of the system. Although 

the development of the prototype requires some of the decisions about the simulation model to be 

granted before it is physically built. It is almost impossible or extremely financially expensive as 

well as time-consuming to reverse a vital decision in the development stage. Another important 

factor that necessitates the use of computer models is that the actual testing of the system might be 

expensive, time-consuming or even harmful and prohibitive [31]. These models provide valuable 

insights into the time domain dynamic phenomena that remains unavailable otherwise due to 

measurement limitations or one of the reasons stated above. While computer models help in 

developing a virtual emulation of the real physical environment, they fail mainly in accumulating 

and intelligently managing experimental data both for input and output for the system. This is 

primarily due to excessive overhead for input and output processing capabilities. This downside is 

rapidly increased when the virtual system is simulated for optimality or probabilistic analysis. In 
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recent times, these issues have been addressed successfully by providing quality control over input 

parameter space. This has led to increase in demands for computer experiments. A double loop 

procedure has been proposed in [32] to enhance the DoCE for HIL simulations. In Figure 2, it can 

be observed that the onus is on the experimental setup by using a quality sampling of the input 

parameter space. For the fast and coherent response of the HILS, complete analysis and 

management of the input parameter space composed of input parameters and RTIPs is required.  

 

 

 
Figure 2: Design of Simulation Experiment for HILS 

 

 

Further, let’s discuss the various types of design technique used in simulation engineering. The 

simplest one is a full factorial design using which the experimenter can estimate the main response 

effects as well as the effects due to the interaction between the different input factors. The main 

disadvantage of this method is that the number of runs for this type of design increases 

exponentially as the number of factors increases making this method costly and time-consuming. 

When there are too many factors, a sparsity of effects is noticed in which case the response is 

confounded with very few effects whose interactions are significant. This principle is not very high 

holding because a lapse in post-processing knowledge of the model and the response leads to 

failure in segregation or identification of significant effects from the non-significant ones. This 

type of problem also arises while using other optimal design techniques. In such cases, space-
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filling designs provide an alternative to arrive at the best metamodel for the simulation. A major 

advantage of these space filling designs is in their ability to generate efficient simulation data by 

having tight control over the experimental input parameter space. The definition of efficient data, 

as explained by authors in [32], is that set of input sample points that capture the maximum amount 

of information available between input and output of the simulation. Some types of space filling 

designs include Latin Hypercube Sampling (LHS) and its variations, optimal LHS, Uniform 

Design (UD) and central composite design. These designs perform well for estimation of the 

overall mean and for choosing an appropriate approximating model [33]. In this study, special 

focus on optimal LHS method is given which ensures that the input factors are not repeated in the 

experimental design space. OLHS is used for internal parameterization of Input Profile Time 

Compression (IPTC) module. Both the LHS and UD based models are derived from the overall 

mean model which is not generally used general practice, but it provides the simplest way to 

illustrate the theory behind all of the experimental input parameter sampling. 

 

2.2 Extrema Detection 

 

Data compression has gained much importance in past few years due to the advent of computation 

capability and better communication network supporting huge amounts of data. To handle this 

enormous amount of fine-grained time-series data various processes for compression are 

employed. One of the most influential techniques of recent times is the extrema detection or peak 

detection technique. Extrema detection is based on a simple concept of selecting peaks comprised 

of both maxima and minima from the input time series data. Thus, it selects a few points and 

neglects others which can be defined as lossy compression. The procedure explained by the authors 

in [34] is applied to input time series data keeping the quality of data selected after applying this 

technique similar to the original data. The types of data or time series profiles that are used include 

load profiles, PV profiles, stock profile and different forecasting profiles. In [35] authors have 

explained that lossy compression based techniques cannot be applied to all types of data as there 

exists a differential at runtime performance, and there remains no way of estimating the quality of 

the process. In Figure 3, a simple extrema detection algorithm is explained. An array of data D of 

size L is fed into the system. Then the algorithm detects the extrema data points based on the 

position of the data points relative to other surrounding data points. This approach only selects 
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those data points as extremes which are unique in spatial coherence from both directions. Array A 

consists of the magnitude of the extrema points, and array P consists of the position of the detected 

extrema points. 

 

 
Figure 3: Extrema Detection Algorithm 

 

 

The IPTC module derived and developed in this study is of immense importance as it provides a 

systematic, secure and sound way of maintaining highest quality during compression of RTIPs. 

The losses gained using IPTC module are tolerable to a certain extent for many analytical and real-

time applications like smart grid simulations as well as applications like pictures, video and audio 

reproduction. This postulation is further supported by the methods provided in [36]. Other lossless 

techniques established so far are based on the reduction of statistical redundancy of the data, but 

their goal is not data compression. Thus, during the implementation of IPTC module, specialized 

algorithms have been developed with the less computational requirement for data measured at the 

very lower interval. Unlike previous endeavors these algorithms help in dealing with redundancies 



13 

as well as providing highest quality temporal compression. The performance of the compression 

also depends on the quality requirements of the specific application. Another data reduction 

technique is the fixed-width compression, but in this study, a modified version of the counterpart 

of the fixed-width compression is developed by using a concept of Section of Interest (SoI). The 

compression ratio is sometimes defined as the number of output segments over the number of input 

segments but in this study special prejudice have been taken in extending this definition to be the 

ratio between the temporal length of the input and output SoIs. This metric is further used largely 

as an important parameter in IPTC module internal parameterization.  

 

2.3 Dynamic Programming 

 

Dynamic Programming (DP) is an optimization method for splitting a large optimization problem 

into smaller subproblems with the considerably lower computational requirement as explained in 

[37]. This method is also known as a dynamic optimization which defines, derives and drives a set 

of strategic approaches used towards solving a complex problem by breaking it up into smaller 

pieces. The two key features of a DP are a) Presence of optimal substructure and b) Overlapping 

subproblem. If these two features exist in a typical problem, then the solution of that problem can 

be computed by using the DP approach. The primary rule for DP in operation is to find and store 

the solution to sub-problems which is eventually used to compute the optimal global solution for 

the whole problem. This enables building up the solution using a bottom-up approach where the 

solution to every smaller sub-problem constitutes the solution of the larger and more complex 

problem. The top-down approach in solving with dynamic programming is through recursion and 

memorization, where results are of smaller sub-problems are computed and stored in the memory 

with proper indexing so that when the similar computation is required, the results are fetched from 

the memory instead of further computation. DP techniques are very popular and are widely used 

in computer programming and mathematics in general. As mentioned earlier defining pillars of 

DP is firstly the presence of Optimal Substructure and secondly the existence of Overlapping 

Subproblem. Optimal Substructure signifies the presence of computationally lesser expensive 

subproblem where the global solution of the whole problem has a unique solution. Overlapping 

nature of these Subproblems suggests that the solution of one subsection would apply to another 

layer of subproblem. The recursive approach ensures that once the global solution is structured 
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around the smaller local solutions, results are computed are memorized and reused repeatedly. The 

bottom-up approach, on the other hand, uses a more systematic approach where the solution to 

each subproblem is computed, and then the global convergence is achieved by repetitive 

computation of locally optimal solution. Thus, the system of solution proves to be more productive 

in less amount of computational time. Hence, by the very definition of DP, we can understand that 

it is computationally less expensive as compared to other types of optimization problems like 

divide-and-conquer explained by authors in [38]. In [39], authors have outlined, that for DP 

approach to be efficient, smaller subproblems needs to be in perfect ordering with overlapping 

sections. Efficiency is achieved by correctly identifying this subproblem in the correct order and 

solving them in the right precedence. Hence to have further control over the creating of 

subproblems, DP problem is derived, defined and deemed based on a set of the non-linear recursive 

equation called the Dynamic Programming Functional Equation (DPFE) as explained by authors 

in [40]. Defining a problem by DPFE is traditionally the prevalent technique used while solving 

problems using DP. After formulation of such DPFE, it is conventional to relax, relate and resolve 

the equation and its constraints based on the specific requirement of the problem that needs to be 

solved. In modern day, the computational domain used in solving through DP approach derives 

and dissolves into a special combinatorial optimization scenario, which is the case for 0/1 

Knapsack Problem (KPS).  

 

2.4 The 1-0 Knapsack Problem 

 

In the original 0-1 knapsack problem, various objects belonging to particular groups are subjected 

to the combinatorial optimization leading to the selection of a variable subset. The key agenda is 

to choose a subset of such objects from the original group such that the combination of objects 

chosen holds maximum value, keeping in bounds the constraint on the total weight of the objects 

in the selected subset. In some variations of knapsack problem, there exists a limit on the number 

of objects that can be chosen in the subset as explained by authors in [41]. Hence this is a 

combinatorial optimization problem where the best possible solutions are unique and have some 

factors partially common according to proximate optimality theorem explained by the authors in 

[42]. For 0-1 knapsack problem, the partial common structure in the best solution assigns lower 

weights to objects with higher values. The assignment is done using an efficiency measurement 
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technique that locates the trade-off between profit and trade. This technique is applied in addition 

to the original concept of size reduction to most important items from all the data available as 

explained by the authors in [43]. A practical example of 0-1 KPS problem can be as follows: 

There are N items and 1 knapsack with capacity I, where each item j ∈ {1, .. , n} has a value 𝑣𝑗  

with weight 𝑤𝑗. Let there be a parameter 𝑥0,1 which describes the state of the item that is 1 if 

chosen and 0 if not chosen in optimal solution. As explained earlier, the objective is to constitute 

a fractional group from the original group of all items such that the total profit of the selected items 

is maximized and the total capacity does not exceed the capacity of the knapsack. Therefore, the 

problem breaks down to: 

 

Maximize,    ∑ 𝑣𝑗𝑥𝑗 ……………………………… . (1)
𝑛
𝑗=1  

 

Such that,   ∑ 𝑤𝑖𝑥𝑖
𝑛
𝑗=1 ≤ 𝐼………………………… . (2)  

 

    𝑥𝑗 ∈ {0,1} for j ∈  {1, . . . , N}…………(3)   

 

One of the efficient approaches to solving the knapsack problem is by using dynamic 

programming. There exist some other approaches like tighter bounds algorithm. As discussed in 

the previous section that dynamic programming is a technique applied towards solving problems 

involving solutions satisfying recurrence relations and overlapping subproblems. Thus, it helps in 

solving each of the smaller layers of subproblems and recording solutions separately rather than 

overwriting the results. This principle can be observed as a modification of the bottom-up approach 

which is explained by the authors in [44]. In this study, a special case of KP is used, and the 

solution is obtained by implementation of the DP algorithm. Developing a recurrence relation that 

links the optimal solution of the problem to a series of smaller sub-solutions is the key to efficient 

outcomes. As discussed in the previous sections, the presence of an optimal solution of the 0-1 

problem is very important to reduce the overhead of the computational time. The presence of 

optimal solution guarantees that each item will either be present or be absent from the globally 

optimized solution. Thus, in order to find out the optimal solution, a valuation table is created in 

the traditional DP solutions. In the valuation table, total valuation for each subset of items within 

the constraint weight is computed and stored as numerical values in each cell. Then a backtracking 
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algorithm traverses with a bottoms-up approach to find the optimal solution. Let's consider such a 

valuation table as T [i ≤ N, j ≤ C] with N total number of items and the total capacity constraint of 

the knapsack is considered C. The weight of each 𝑖𝑡ℎ item is 𝑤𝑖 and the value is considered to be 

𝑣𝑖. Hence, the optimal solution for such a valuation table would be equal to T [N,C]. Now dividing 

the total number of items N into two subsets i items, two subsets are obtained. One subset that will 

not have the 𝑖𝑡ℎ item and another subset that will have the 𝑖𝑡ℎ  item. The following pseudocode 

helps in understanding the recurrence relation. 

 

If j < 𝑤𝑖 then Table [i, j] ←Table [i-1, j]   𝑖𝑡ℎ  item taken 

Else Table [i, j] ← max {Table [i-1, j]}  𝑖𝑡ℎ  item not taken  

And 

𝑣𝑖 + Table [i-1, j – 𝑣𝑖]     Using 𝑖𝑡ℎ item  

 

Thus the main aim is to find Table [N, Capacity] which gives the maximum value for the subset, 

after being fully satisfied on the cumulative weight constraint. Then the backtracking takes into 

account all the items that contributed to the optimal maximum value and selects the subset of items. 

This process is further highlighted in Table 1. In the example described below, there exists a group 

of four items [A B C D], total target weight is considered 7, items weight are [1 3 4 5] & items 

values are taken as [1 4 5 7].  

 

 

TABLE 1: 1/0 Knapsack Valuation Substructure 

Item Item 

Weight 

Total Weight of Knapsack Item 

Value 

0 1 2 3 4 5 6 7 

A 1 0 1 1 1 1 1 1 1 1 

B 3 0 1 1 4 5 5 5 5 4 

C 4 0 1 1 4 5 6 6 9 5 

D 5 0 1 1 4 5 7 8 9 7 
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Now after the total valuation table is formed, the backtracking algorithm starts backtracking by 

walking along the path of the maximum value. Thus, items B and C which is highlighted are 

selected for the best possible value of 9 that can be accommodated into the Knapsack with the 

weight limitation of 7. In this approach, storage and use of optimal subsolutions are demonstrated 

using values and weights. Hence this technique of combinatorial optimization is later reused and 

further enhanced for selection of specific Section of Interest (SoI) from the uncompressed input 

profile. Each SoI is either included or discarded from the optimal solution by virtue of its individual 

value as SoIndex, and the individual weight which is the temporal length of the SoI. In this study, 

an useful modification to the existing KP is instantiated to ensure that if consecutive SoIs are 

selected their cumulative but overlapping weight does not affect the global optimal solution. This 

ensures that maximum SoIs are selected irrespective of their spatial coherence but by virtue of 

their global importance. 
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CHAPTER 3 

INPUT PROFILE TIME COMPRESSION MODULE 

 

The methods and techniques discussed in the previous chapters are implemented in this chapter 

for the development of the Input Profile Time Compression (IPTC) module. IPTC module is built 

on principal foundations of robustness and dynamicity. The IPTC presents a systematic and 

targeted approach towards compression of RTIPs and presents a unique procedure for handling 

this process. The IPTC module is presented in this study as a concomitance of the FREEDM 

HILTB framework developed at CAPS FSU for evaluation of VVC in the FREEDM IEEE 7 node 

distribution system. The sole purpose of this study is to compress the simulation time without 

losing much relevant information and gaining useful simulation response. 

 

3.1 IPTC Module with HIL Evaluation Framework 

 

The efficiency of any simulation framework is largely increased by a right and efficient sampling 

of the available input parameter space. This postulation primarily holds true because RTIPs 

contains a lot of redundant and repetitive cycles, which when pushed as input to the simulated 

system provides a lot of useless repetitive simulation response. Thus, to avoid this scenario and 

provide useful and systematic control over the input parameter space of the HILS, IPTC module 

play a quintessential role. In the next two subsections, the relative importance of the real-time input 

profile and the HILTB is elaborately discussed. 

 

3.1.1 Input Profiles: Electrical Load, Photovoltaic Generation 

 

Typically load or PV profile is a representation of the electrical power consumption or generation 

by a system composed of an interconnected distribution network. This representation is done by 

graphing or storing, demand/electrical load or PV induced power over time. The information might 

be representative of a single distributor or a group of feeders supplying service mains. As 

mentioned earlier in modern-day power system engineering, load profile analysis is a useful tool 

for efficiently and economically managing load requirements in urban and suburban areas. For 
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demand response management and efficient grid operation, variability in the load profiles needs 

to be analyzed as described by the authors in [45]. To manage an electrical distribution, an overall 

analysis of electric power consumption pattern is fundamentally essential. By analyzing the data, 

commercial utility agencies can predict future demand requirements and prepare bids for real-time 

retail energy markets. Also, this helps in finding a possible solution to distribution system losses 

and minimizing overall system operating cost. Thus, the primary vision for this study is to 

incorporate real-world input profile as an input to the Controller Hardware in the Loop (CHIL) 

evaluation framework. The emphasis is put on the effect of temporal compression on these RTIPs 

to identify the important time domain dynamic behavior of the control application. In Figure 4, 

shown below a typical load profile for a California based commercial building for about 12 days 

is graphed. The information reveals that there exists much redundant information in the load profile 

and temporal compression can be a useful way to enhance the response DoSE using this profile. 

 

 

 
Figure 4: Real-Time Load Profile Spanning 12 Days 

 

 

The targeted compression of the redundant input parameter space is very beneficial in achieving 

accurate and faster evaluation of control application. Thus, with targeted compression of the 

RTIPs, the HILTB has extensive control over the subset of the environmental input parameter 

space getting used in the simulation. This enabling technology paves the way for better 

understanding of the experimental response in light of the niche, targeted input parameter space in 
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the form RTIPs. This emphasis on the choice and characteristics of the RTIPs used in HILS is of 

utmost importance for best evaluation performance. Similarly, Photovoltaic generation (PV) 

profiles are of immense use, as it captures the effect of the distributed real-life PV generation unit 

inside the simulated system. In Figure 5 shown below, a real PV profile sampled at 1 Hz for all 

the months of the year 2013. This profile captures the electrical power generated from the solar 

irradiance. The structure of the PV profiles is typical due to its direct dependency on the time of 

the day. 

 

   

 
Figure 5: Real-Time PV Profile for Different Month of the Year 2013 

(Collected from CAISO) 

 

 

Thus, the representation the renewable generation capability of a power plant or a Microgrid is an 

important input factor in the RTS dealing with similar systems. It is essential to identify and 

understand the renewable generation and predict in advance the net output for a given period. This 

analysis and predictions help cut cost and makes efficient use of storage units. In the modern era, 

the use of solar or wind energy in forms of renewable generation contributed to a substantial 

amount of the total energy demand. Thus, incorporation such time domain dynamics into the 

cyber-physical system is of immense importance for the proper analysis using HILS. The 

efficiency of such incorporation heavily relies on the quality of physically sampled PV profiles 
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and real-world load/demand profiles. The DoSE using compact cyber-physical parametrization by 

incorporating compressed real-world load and PV profiles is of immense importance. Compressing 

similar RTIPs systematically, precisely and targetted using IPTC module is the sole purpose of 

this study. Figure 6 below shows the “duck” curve composed of the demand data collected by 

California Independent System Operator (CAISO) for the state of California. The figure shows the 

danger of high ramp requirements during the peak hours and risk of overgeneration during sag 

hour of the day. This kind of real-world dynamic behavior is of immense importance in 

understanding the functionality of the control application in a real-world setting.  

 

 

 
Figure 6: The Demand “Duck Curve” for 31st March 

(Collected from CAISO) 

 

 

Thus the while doing DoSE preference is on similar RTIPs capturing high ramp rates. Now to 

understand the effect of a typical control application on RTS using HILTB would be extremely 

difficult and time-consuming without temporal compression of RTIPs. The compression of such 

RTIPs using IPTC module can also be used to capture certain specific characteristics from the 

overall data. Hence in order to analyze the control strategy and system performance RTS of the 
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system under proper operating condition provided by these real worlds input profiles is crucial. 

Representation of system operating condition is carried out quite well by such real-world profiles, 

but the difficulty remains in simulating the whole profile at the same time along with the rest of 

the RTS. These traditional approaches have worked relatively well for non-real-time simulation, 

but for real-time simulation, the idea of complete profile simulation fails due to time and resource 

constraint. The simulation time can be compressed in spite of achieving similar system response 

by the usage of IPTC module. Also to analyze and control the original input parameter space 

constituted by different substructures of these RTIPs is it important to disassociate and analyze 

underlying features of these RTIPs. By compressing RTIPs with varied characteristics and 

different temporal sampling rate, there would be a proper control over the operational information 

that flows into RTS. This helps in reducing the simulation time by running only for a specific 

duration of time rather than simulating the whole input parameter space at the same time. Thus, in 

order to address these issues, IPTC module in conjunction with the FREEDM HILTB, provides 

scalable and tangible performance evaluation. The FREEDM HILTB controls evaluation 

framework provides a suitable interface, for incorporating the functionally of the IPTC module in 

compressing RTIPs, with the rest of the HILS.  

 

3.1.2 Hardware in the Loop Testbed 

 

The real-time HILS deals with three major areas: electric power system, control algorithms, and 

communication between different entities. These objects of modern day electrical engineering are 

enhanced with the introduction of Future Renewable Electric Energy Delivery and Management 

(FREEDM) system. A real-time evaluation framework that can incorporate control algorithms 

along with HIL testing capabilities is used for defining, development and demonstration of the 

FREEDM 7 node distribution system as described the authors in [46]. It is important to 

demonstrate the proper functioning of the embedded controllers as an integral part of the HIL 

system design. Also, the hard-rooted software approach for the implementation of the 

communication network as part of the testbed framework is also an important paradigm shift. The 

presence of real-world hardware in the communication loop represents a Controller Hardware in 

the Loop (CHIL) setup. This setup allows experiments and simulations to be carried out with 

differential sampling rate or time step between the RTS and external physical control hardware. 
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The Power-HIL and CHIL simulation can be performed on the HILTB. The evaluation framework 

is developed in such a way that it constituted by connecting certain power devices and control 

devices with the rest of the simulated system. The primary thrust of the FREEDM system, which 

is its flexibility on the integration of distributed generation and storage is forwarded shared and 

enhanced by the HILTB developed at CAPS. In Figure 7 below, an overview of the HILTB 

architecture is presented. As evident, the framework consists of a real-time communication 

interface for exchange of data during the runtime. The system also consists of several interfaces 

that are used for converting one form of information to another form. One the primary piece of the 

framework is the DoSE and analysis of simulation response. 

 

 
Figure 7: FREEDM HIL Framework 

 

 

The HILS are performed using a real-time simulation platform which is a parallel processing 

platform that is developed by Real-Time Digital Simulator (RTDS) Technologies. The capabilities 

of RTDS comes handy while implementing communication-based on TCP and PCIe protocols as 

it can be interfaced with the simulation platform with the help of GTFPGA interface through an 

optical fiber. The throughput for this hybrid interface is large enough to sustain communication at 

every time step of the RTS. Discrete-time step solver operates with time steps of typically around 

50 μs for network and controls components while it may simulate at typically around 2 μs for 

power electronic based converters with pulse width modulation based controls. One of the special 
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functionality of the RTDS system is that it halts anytime if the real-time deadline is not met. The 

software tool used in assisting the simulation, monitoring and debugging of a distributed 

communication network is OPNET as explained in details by authors in [47]. It is used in addition 

to HIL module for better performance evaluation and speedy execution of the distributed controller 

units. As mentioned earlier, FREEDM system heavily relies on the network communication 

infrastructure, as it is supported by a fast event-driven operating system called Distributed Grid 

Intelligence (DGI) which uses communication interfaces. Since, real-world hardware components 

can be used with HILTB, the working functionality of the evaluation framework emulates more 

realistic simulations of the control infrastructure. There exist two embedded computational 

platforms with the HILTB for implementation of real-time control algorithms. One of them is the 

Mamba x86 based on ARM-architecture, developed by Versalogic Corporation. The second 

computing platform is called the TS-7800 and is manufactured by Technologic Systems as 

described in [48]. There are two primary types of communication pathways provided in HILTB. 

One is the link between power-system simulation and the computing platforms while the other is 

between the computational platforms altogether. As shown in Figure 7 above, the energy link 

between the real-world hardware and the simulation platform runs through a real to the digital 

gateway. Optical fibers are used to establish communication between the internal and external 

devices. This is primarily because of the high bandwidth and throughput of optical fiber based 

communication. Components like digital-to-analog converters are used to perform HIL testing, via 

which data is exchanged from the simulator to computing platforms. In advanced control 

algorithms data is also interfaced using the digital input output interface of the RTS. This 

component of the HILTB is essential as a direct fiber optic link is not desirable by most computing 

platforms due to lack of optic fiber interfaces. Another reason that the fiber optical communication 

protocol is proprietary and is not readily available by other computational devices. In that case, an 

intermediate board or Giga-Transceiver Field Programmable Gate Array (GTFPGA), is provided 

by RTDS Technologies which is used for encoding the communication packets in and out the 

simulation platform. These platforms allow rapid development and implementation by supporting 

multiple Ethernet interfaces capable of transmitting TCP/IP and UDP protocols. As mentioned 

earlier the FREEDM system is associated with a distributed and autonomous operating system 

referred to as the DGI, which binds to individual components of the cyber-physical simulation to 

deliver smart, intelligent and scalable solutions. Thus these individual components the RTS 
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platform, custom communication interfaces, power system model, RTIPs, embedded platforms, 

DGIs, and of course the network simulator form the HILTB. As discussed before that the RTS set 

remains incomplete if proper input data is not provided, likewise the HIL-TB is half complete 

without the proper design of the experimental input parameter space. Thus the HILTB setup is 

used to interface the compressed RTIPs delivered by the IPTC module with rest of the RTS. A 

smart-grid oriented testbed is therefore developed for early detection of unpredictable and 

abnormal time domain behavior in an inexpensive and risk-free way that also saves simulation 

time and resource. Thus the time domain dynamic behavior of the smart grid system is studied 

with the help of HILTB and IPTC module for compression and targeted designing of the input 

parameter space. 

 

3.2 IPTC Module Implementation 

 

An overview of the implementation of IPTC module is presented in this section. IPTC module 

relies heavily on a simple assumption that every real-time input profile can be split up into sections 

consisting of no more than three points. The sections of three points are assigned a particular value 

based on the requirement of the compressed profile. Each of these clusters of three data points is 

also assigned a particular weight which is essentially the temporal length of these sections of three 

points. These sections of three points are then compared using combinatorial optimization to select 

the most valuable and viable subset from the original set of data points. Finally merging of selected 

sections is carried out after scrapping out original portions from the original uncompressed input 

profile. Also, the use and viability of experimental input parameter space design by using IPTC 

module are showcased in this section. Thus, the IPTC module is used for targeted compression of 

RTIPs using an experimental design. Figure 8 describes the main processes in a flowchart. The 

processes are explained in more details in the following subsequent sections. These processes are 

namely, 

• Normalization and Screening  

• Creating SoIs 

• Selecting Optimal subset of SoIs 

• Scrapping and Merging 

 



26 

 
Figure 8: IPTC Module Overview 
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3.2.1 Normalization and Screening 

 

The primary purpose of this section is to ensure that a minimum number of data points are selected 

from all the input data points of the time series profile. The screening is based on two key points 

a) extrema point and b) threshold. Thus, data is only selected by this module if it sits outside the 

threshold after being an extrema point. This phenomenon is achieved by firstly applying z-score 

normalization on both features (axes) of the time series profiles. This step is important as it ensures 

that a relative, shape-based representation of all the data points. It ensures that the data is projected 

over a two-dimensional uniform space so that the distance metric like the Euclidean distance can 

be used to measure the threshold between consecutive extrema points. Figure 9 below shows the 

extrema points detected based on the baseline removal and rescaling. First, the baseline of each 

axis is removed, and then both axes are rescaled based on the standard deviation of each of the 

axis respectively. The red circles represent the Euclidean threshold for each extrema point.  

 

  ( )    ( )     ( )̅̅ ̅̅ ̅̅ ̅ ………….. (4) 

  ( )    ( )    .  . (  ( )) ………….. (5) 

 

 
Figure 9: Rescaled and Re-Centered Load Profile for a Day 
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In equation 4,   ( ) represents time series profile at time  ,   ( )̅̅ ̅̅ ̅̅ ̅ represents mean of the time 

series representation. This equation is used for baseline removal and equation 5 is used for 

rescaling based on the respective standard deviations. Another important functionality at this stage 

is to determine the optimal threshold factor that can be used to control the amount of ‘Extrema’ 

points selected. This is termed as    , a initial value of 0.1 based on z-score standardization is 

found to be effective. This value is holding good because both the x and y axis (value and time) 

for the profile are rescaled and the resulting profile only varies from [  2 ∗  .  . (  ( )) to   2 ∗

 .  . (  ( ))]. As shown in Figure 9, the load profile rescaled and re-centered around 0 for Eth 0.1 

demonstrates the effectiveness of this technique quite well. If the number of extrema points are 

needed to be increased then the value of     has to be reduced, ideally by a factor of 2. Thus the 

use of the parameter     is to determine the number of extrema points to be selected for further 

processing in subsequent sections. Two other parameters P (peak) and R (ramp) are used to control 

the overview, feature and characteristics of, the generated profile. For demonstration purpose, 

these are set to the value of 0. The purpose of this parameter is to gain control over the targeted 

generation of profiles wherein during any subsequent run the structure and the characteristics of 

the compressed profile can be manipulated. The usage of these parameters are discussed in details 

in subsequent sections. The most important parameter in the beginning sections is the compressed 

profile target time    . This is not an independent parameter as it might be dependent on the total 

simulation time ℸ in case of multiple simulation runs. The IPTC module is assigned a target profile 

compression time    . Thus, in case of subsequent experimental trials the value of     can be 

changed to gain control over desired compressed profile time. Hence, the total simulation time and 

the total number of experimental trials Ν bears a true relation in case of good DoSE. If the total 

overhead time for setting up each simulation trial is set to be Ο. Then, by the virtue of DoSE the 

total simulation time can be defined by the equation 6. 

 

ℸ  Ν     Ο ………….. (6) 

 

Thus, this section samples the profiles to select maxima or minima points within the specific 

constraint of a threshold such that the total number of extrema points selected can contribute 

toward the target compression time. 
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3.2.2 Determining Importance & Creating Sections of Interest (SoI) 

 

At this stage of the procedure, a basic value is assigned to all the screened extrema data points. 

This value is achieved by calculating the spatial, relative prominence of each extrema point to its 

counter extrema point related to each other by virtue of spatial and structural coherence. The 

importance of each extrema point is defined as a minimum of the absolute distance between 

subsequent extrema points in the vertical axis. The distance metric a simple absolute difference 

between the values in terms of vertical magnitude is considered. In Figure 10 below the process of 

dynamic calculation of prominence or importance of each extrema point is demonstrated with red 

lines with numeric value at its edge specifying the magnitude. The global maxima have a value 

relative to two global minima on either side of the profile. 

 

 
Figure 10: Importance of Each Extrema Point 

 

 

Equation 7 helps in defining this parameter. In this equation   ( ) is the prominence of tth point 

where   𝜖 I, a subset of data points (extremas) chosen after the first screening. 

 

𝐼  𝑆 (𝑡)   min (|  (  1)     ( )|, |  ( )     (  1)|)   ………….. (7) 
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After the importance of each data point is calculated then a sliding window of three points is used 

to build what is defined as Section of Interest (SoI). After all the data points are merged to form 

SoI, the SoI importance index called SoIndex is calculated using the equation 8. Figure 11 

demonstrates the sliding window consisting of three consecutive extrema points which form a SoI 

(Section of Interest). The SoIs are composed of overlapping series of three extrema points as shown 

in Figure 11. Thus, in the following figure, it can be seen that there exists 5 SoIs composed of 7 

extrema points.  

 

 

 
Figure 11: Sliding Window of 3 Extrema Points Forming SoI 

 

 

In the above figure, it can be observed that some data points are termed as non-qualifying extremas 

because these extrema points have not satisfyied the extrema threshold condition. Since the SoIs 

are formed a value is then assigned to each SoI which is used in the later section to select some 

SoIs and discard others for the compression purpose. Parameter   𝐼𝑆𝑡 𝐼   is calculated based on 

the summation of every    𝐼   of each extremum point. Other key parameters that are calculated 

at this stage are the Peak Angle or   𝐼    𝐼  and the   𝐼 𝑥     index. The   𝐼    𝐼  index is 

calculated by numerically finding out the angle between the two vectors formed by three data 

points. This angle is scaled so that the variance between different   𝐼    𝐼  is maximized. The 

parameter   𝐼 𝑥     index is just the original magnitude of the vertical axis that is used as a 
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measure of the importance of the SoI. The parameters   and   discussed earlier are used at this 

stage while calculating the 𝑣     for each SoI in equation 9. The equation 8 defines the 𝑣     for 

each of the SoI. 

 

  𝐼   𝑥    𝐼𝑆𝑡 𝐼   ∗   𝐼𝐸𝑥𝑡𝑀   ∗   𝐼𝑆ℎ  𝐼𝑛   ………………(8) 

        𝐼   𝑥 ∗     𝐼   𝑥 ∗     𝐼   𝑥𝑃  ………………(9) 

  𝑖      𝐼𝑇𝑖𝐷𝑖   ………………(10) 

 

Thus, a value is assigned to each SoI, and also a cost for each section in terms of temporal length 

is assigned. The 𝑤 𝑖   , in this case, is the magnitude difference of time for each SoI. Thus, this 

module delivers a set of 𝑣      and a 𝑤 𝑖     associated with every SoI. 

 

3.2.3 Selecting optimal group of SoI and Merging 

 

This module helps in selecting a subset of SoIs from the original group of SoIs to form a 

representative optimal set of the whole input time series profile. As shown in Figure 8 the 

parameters used in this stage are target compressed time length    .  As discussed previously each 

SoI is assigned a 𝑤 𝑖    which is equal to the temporal length of the whole SoI of three points 

and also a “radio-active” weight of half section temporal length. As shown is Figure 12 the radio-

active weight for each SoI is useful when consecutive SoIs are selected by the solution of the KP. 

SoI`s values and weigths are fed to the knapsack problem along with the target compression time 

tar to give an optimal solution by creating a sub- group of highly valued SoIs with minimal 

cumulative time. The dynamic programming algorithm used runs with pseudo-polynomial time 

for positive value and positive time. The best solution for such combinatorial optimization is 

achieved by a modified version of 1-0 Knapsack problem as shown in Figure 12. As evident from 

Figure 12 that when the KP selects a group of SoIs where there exists spatially consecutive 

sections, the  𝑤 𝑖    of the former SoI is reduced to the temporal distance between first two 

extrema points. This is implemented to ensure that the unnessassary overlapping of the SoIs 

doesnot affect the cumulative length of all the selected SoIs.  
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Figure 12: Radioactive Knapsack Problem 

 

 

Figure 13 shows the set of SoI selected to be merged with both R and P set equal to 0. The sections 

in blue are portions of selected SoIs, and the rest of the black curve is the set of uncompressed 

SoIs. It can be observed from the figure that the selection of SoIs is based on the assumption that 

high transient portions of RTIPs are useful in evaluating control performance. The sections with 

high and low ramps are ignored intentionally. A Later section describes in details the manipulation 

of parameter R and P delivering different characteristics of the compressed profile and eventually 

designing input profile experimental parameter space. 

 

 

 
Figure 13: Selected SoIs to be Merged 
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Thus, we get a subset of SoIs selected to be used in the scrapping and merging algorithm. The 

scrapping algorithm screens all the data points from the original input profile corresponding to the 

selected SoIs. The next and the final step towards profile compression is to merge the selected 

subset of SoIs. The merging algorithm has three primary options for the buffer time between each 

nonconsecutive paths of selected SoIs. They are buffer-time equal to, a) predefined fixed time 

length (usually time step of the original time series), b) no buffer (equal to 0) and lastly c) based 

on the highest and lowest possible ramp for the magnitude difference of the corresponding SoI. 

This merging algorithm removes redundant regions which are the overlapping lengths between 

two immediate SoI and then knits the remaining SoI by applying a section of maximum up and 

down the ramp. The idea of stitching the selected SoIs together presents a pseudo-continuous 

operating condition shift to the system simulation. This idea helps in maintain a close resemblance 

to physically possible operating conditions by providing paths of extra time region between now-

continuous SoIs. Also, the response for the transformation between regions is an important 

observation that helps in understanding the behavior of the control application. 

 

 

 
Figure 14: Merged SoIs (Discrete Merging)  
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As shown in Figure 14 above, the SoI marked earlier in Figure 13 are merged together discretely 

to form a continuous patch of the original input profile. This stitching together ensures that no 

extra time is wasted is simulating the discontinuous SoIs separately, but there is a downside to this 

approach. The performance of the HIL-TB simulation takes into consideration this high-frequency 

shift in the operating point, which is then translated down the response of the experiment. Thus 

this approach is not ideal and certainly not abiding by the constraint of the real physical world 

system. Thus, to curb out this issue of an unrealistic shift in the operating condition a better strategy 

is formulated. In Figure 15 below, it is evident that the joining subsections are not high-frequency 

transients and are comparatively having a gentler rise and falls. This joining section is calibrated 

based on the highest ramp and damp of the whole input profile. This approach is adopted to ensure 

that the real-world constraint of the cyber-physical system is always maintained and the response 

space is not affected by the unrealistic input.  

 

 
Figure 15: Merged SoIs (Non - Discrete Merging)  

 

 

In Figure 16 below gives an overview of the final output of the IPTC module. In this case, the 

original scrapped SoIs are merged together based on a buffered time of 60 seconds, which is the 

time step of the original in profile as described in [49]. This Buffered-Time parameter can be 

varied depending on the desired compression outcomes from the IPTC module. 
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Figure 16: Original SoIs Merged 

 

 

Also in Figure 16 the ultimate step of IPTC module, which is scrapping back the original portions 

of the RTIP, this is done to maximize the information gain and capture for useful operating 

conditions. Thus this technique in conjunction with targeted designing of simulation experiment 

using input parameterization discussed next provides automated performance evaluation using the 

FREEDM HILTB with the real world RTIPs. 

 

3.2.4 Experimental Design using RTIPs 

 

As discussed earlier, traditional space filling techniques work well with single-valued parameters 

which varies over a specified range. It can understand that control over experimental design using 

time series profile is not possible. In this study, a technique for experimental designing with RTIPs 

is presented as a secondary outcome from the compression using IPTC module. The targeting or 

manipulating parameters Ramp (R) and Peak (P) play a quintessential role in defining the 

characteristics feature of the compressed profile. Thus, the application of these two parameters is 

extended by using them as a secondary interface for experimental sampling by using traditional 

space filling techniques like LHS. In Figure 17 below a traditional experimental sampling of both 

the parameters R and P varying between -1 to 1 is done for 200 data points. The OLHS is used for 

creating the shown experimental design space. 
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Figure 17: R and P Sampled Using OLHS 

 

 

As discussed earlier, this parameter affects the original value of each SoI such that the resultant 

values create preference of some characteristics of the original profile over others. This is done by 

reformulates a value vector for the set of original SoI. The range of variation of both the parameters 

is between -1 to +1. The parameters R is increased in the positive domain to select high and low 

ramping regions from the original input profile. If the parameter R is set to +1, then the highest 

ramp regions are selected through the IPTC module. Similarly, if the parameter R is set to -1 then 

all the flat regions are selected from the original input profile. The variation of the parameter R is 

independent of the variation of the parameter P, but both variations provide a cumulative effect on 

the selection of different regions by using the compression module. Thus, playing with these two 

parameters would provide a relative, realistic and non-redundant sampling of the whole 

environmental input parameter space for RTIPs. Figure 18 below shows a comparative study of 

Average Power and Figure 19 Total Energy for a typical weekend profile compressed to almost 

1/3rd the original temporal length. 
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Figure 18: Mean Power for Weekday vs R and P 

 

 

It can observe in Figure 18, that there exists very prominent bulge and dips at P and R close to 

+1,0 and -1,0 respectively. It should be noted that R is not equal to 0 at the bulge and dip regions. 

The average power for the typical weekday varies proportionally with varying R and P. In Figure 

19 below, total energy for a typical weekday is showcased. It can be observed that there exist high 

peaks around R and P both close to 1. The bulgy region in bright yellow continues till P becomes 

almost close to -1. There is a very sharp dip in total energy around the P equal to -1 and R equal 

to 0. This also shows the proportional increase in total energy with a corresponding increase in R 

and P. Thus it is evident from these drawings that both the parameter P and parameter R has equal 

prominence and influence over the experimental design space. This comparative understanding 

provides a useful basis for analyzing different characteristics of the experimental input parameter 

space. This provides selective, smooth and sound designing of input parameter space by defining 

the characteristics of real-time input profiles by changing or manipulating the parameter R and P 

as and when required with IPTC module. 
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Figure 19: Total Energy for Weekday vs R and P 

 

 

Thus the usefulness of the IPTC module implementation has been provided in light of targeted 

compression of the input profile. With IPTC module RTIPs can be compressed in the time domain 

to provide a targeted or optimized compressed input profile within a set temporal length. Now this 

targeted compression is used in the evaluation of real control algorithms by providing a speedy, 

reliable and optimized response for the simulated system in the specified input parameter space. 

The characterization of RTIPs is very important in understanding the behavior of the control 

algorithm in HILS in predicting and analyzing its behavior in real-world scenarios.   
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CHAPTER 4 

SIMULATION WITH IPTC MODULE AND RESULTS 

 

In this study, IPTC module has been used in conjunction with the FREEDM HILTB controls 

evaluation framework to provide validation of its functioning. The system for simulation study is 

the ‘FREEDM IEEE 7 node test feeder system’. The control algorithm used is the Volt-Var 

Optimization control scheme developed at NSCU. In section 4.1 simulation and control platform 

setup is explained and in section 4.2 effects of simulated input profiles compressed using IPTC 

module is shown and finally, in section 4.3 results of the simulation are discussed and analyzed. 

 

4.1 Case Study: IEEE 7 Node Test System 

 

In this study, Real-Time Simulation Platform uses the IEEE 7 Node Test Feeder system as a case 

study. The RTS platform is RTDS system in CAPS. A modified version of IEEE 7 Node Test 

Feeder System is modeled using RSCAD for RTDS. The VVC scheme used in this study, to 

emulate the control input to the simulation is developed by Yue Shi from NCSU as her master `s 

dissertation as discussed in [50]. This control application is running as four separate processes on 

a Single Board Computer (SBC) and is communicating with the simulation platform through the 

HIL-TB interface.   

 

4.1.1 RTDS Model 

 

The System model developed at CAPS is a relaxed version of the original IEEE 7 node system a 

shown below in Figure 20. The system consists of a three-phase power source (at 69 kV) with a 

step-down transformer to power the distribution system at 12.47 kV. The system also has 8 line 

sections modeled to control and manipulate the line impedance between each SSTs. Seven load 

SSTs are modeled in the system as current source injection at 12.47 kV level. Figure 21 shows the 

block diagram implementation of load SST. Each SST has provisions to model Distributed 

Renewable Energy Resource (DRERs), Distributed Energy Storage Devices (DESDs), and Smart 

Controllable Loads (SCL) as discussed by authors in [51]. Loads are modeled in such way that 

they remain constant power type as long as the voltage is within set bounds of 0.8 ≥ V ≤ 1.1 p.u. 
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but changes to constant impedance type once the voltage is out of bounds. Fault Isolation Devices 

(FIDs) shown in Figure 20 can be configured such that the system can be operated as a ring, radial 

or any branched structure. The majority of case studies conducted in this study are based on a 

branched system structure with FID 5 being OPEN while a few are based on a radial structure with 

FID 8 being OPEN and rest CLOSED. The primary objective of the simulated system is to present 

real-world environment for the control application to operate on. The VVC scheme is enabled on 

Distributed Grid Intelligence (DGI) operating system. The DGI system is hosted on the SBC 

(Mamba5) developed by Versalogic Corporation. The system is operated by four separate DGI 

control processes or nodes, one master, and three slaves. Each of these processes is enabled on a 

single Mamba board and uses the internal communication of the SBC to establish secure 

communication among each other. 

 

 

 
Figure 20: RSCAD Model of FREEDM IEEE 7 Node Test Feeder System 
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Figure 21: Block Diagram of Load SST 

 

 

As mentioned previously, Figure 21 showcases the robust and dynamic design of the Load SSTs 

modeled in the RTDS system. This approach enables multiple types of input profiles to be fed into 

HILS for the purpose of emulating real-world operating condition inside the simulated system. 

The types of input profiles can be used for this purpose includes load, PV and storage profiles. So 

the SSTs then combine the information supplied into the system by these profiles and computes 

the appropriate current to be injected into the simulated system based on their cumulative effect. 

In Figure 22, the author has presented an overview of the communication or information network 

that exists between the DGI processes hosted externally on the SBC and the simulated system 

running on the RTDS platform. The communication architecture shown below supports the 

bidirectional information exchange between the external controllers, control application hosted 

externally on the Mamba board and the simulation platform with very fewer transmission delays 

and jitters. This efficiency is possible because the intercommunication between the simulation 

platform and the control application is established by using three different types of interfaces. The 

interfaces that is used to exchange information between the RTDS and the Linux Server are fiber 

optics protocol and PCIe bus protocol whereas the interface used for communication between the 

Linux Server and the SBC is the TCP/IP protocol over the Ethernet. Thus, providing highest 

quality interlinks required for designing efficient and reliable HILS. Hence it should be noted that 

HILS infrastructure used for the case study is an instantiation of the HILTB evaluation framework 

as described in the earlier sections. 

Rest of 
System

(12.47kV)

Current 
injection to 

grid

Load

VoltagePLL

Load SST

DG

Storage

Converter 
Current limits

Converter P/Q 
priority



42 

 

Figure 22: CHIL Simulation Architecture with VVC for IPTC 

 

 

As mentioned earlier, the design of simulation experiment by carefully screening, cropping and 

deriving input parameters is the key to efficient system simulation. This theory is even more 

essential for better design and development of HILS. The instantiation and emulation of real-world 

environment into the simulated system is achieved by using RTIPs representing real-world 

operating condition. The types of RTIPs used for the purpose of this study is load/demand profiles. 

Thus, two primary experimental trials are carried out for this study one with un-compressed load 

profile and another with compressed load profile. For each trial, simulation is run with and without 

the influence of VVC. The rest of the RTIPs like distributed renewable generation profile or the 

distributed storage profile are not enabled for this demonstration so that the effect of temporal 

compression of RTIPs using the IPTC module can be analyzed better with only one single 

category. Thus, this setup is designed to validate optimum compression performance from the 

IPTC module using load RTIPs. The simulation platform is fed real-time load profile information 

by using the RTDS recorder tool available in RSCAD environment. The main purpose of this 

demonstration is to ensure the capability of the IPTC module in providing significant, quantitative 

and qualitative insight into the effects of VVC scheme in the CHIL simulation using the HILTB 

evaluation framework. As mentioned earlier, ideally the IPTC would select, screen and merge SoIs 

from the original input profile such that the compressed profile, when simulated with HILTB, 

would deliver an accurate and relatively similar response to the uncompressed simulation. In this 
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study, a relationship between HILS with uncompressed RTIPs and compressed RTIPs is achieved 

as discussed in [52]. The FREEDM 7 node system is an ideal system to be simulated in the real-

time domain as it provides a suitable representation of a smart distribution network with many 

plug-play loads, DRES, DESS. The existence of such components inside the system simulation 

provides multiple interfaces for usage of RTIPs for emulation of real-world scenarios. Thus, this 

system model is ideal for understanding the real-time time-domain characteristics of the control 

application when subjected to change in system operating conditions. In Table 2 below, a brief 

description of different signals that are used in the RTDS model as well as their respective interface 

representation for communication with external control hardware is presented. 

 

 

TABLE 2: RTDS Parameter Description 

RSCAD Model Parameters Interface Signal   Description 

System Load loadsum3 Total Distribution System load across all 7 

nodes. 

Power Loss line loss Total Power loss across all SSTs.  

V@SSTI NIVrms Voltage level at SSTI or Node I. 

Qinj@SSTI QItoDGI Reactive power reference to be feedback to 

the external DGI system 

Load@SSTI AAUPreq Load / Demand at SSTI. This is the 

parameter that is used by the IPTC module 

(I vary from 1 to 7 for 7 different SSTs) 

 

 

These signals are used to formulate the performance metric for the validation of the IPTC module. 

The validation metric is prepared in such a way that the primary objective of the VVC scheme is 

highlighted in HILS with temporal compression of RTIPs. In Table 3 presented below a list of 

validation metrics along with their respective formula is presented. 
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TABLE 3: IPTC Validation Metrics 

Validation Metric Equations 

Average System Load 
 

Total Energy Loss 
 

Bus Voltage MSSE 
 

 

 

The HILTB evaluation framework is used by the VVC scheme to receive real and reactive power 

reference along with the nodal voltages from the simulated system. This intercommunication 

between the control platform, (mamba board) and the simulation platform (RTDS) is controlled 

and maintained by the HILTB framework. As mentioned earlier, the information exchanged 

between the two platforms travel through the three different communication interfaces, but due to 

the presence robust architecture of the HILTB, the data does not get tampered. In Table 4 below, 

the interfaces for different parameters that are being used by the HILTB is presented. In the SBC 

the DGI processes are executed in the form of nodal processes, where each one controls different 

groups of SSTs. The inter-network of communication between the different DGI processes is not 

controlled using the HILTB for this demonstration. The inter-nodal communication between each 

node is supported by the DGI itself. There exist four individual processes for each node namely 

master node, slave1 node, slave2 node and slave3 node. The master node receives required 

information and computes required metric and passes the information to the other slave nodes. The 

master node is only responsible for distributing useful information to the rest of the slaves for them 

to compute the individual reactive voltage set points. The primary task of the master node is to 

maintain inter-nodal network and to meet hard computational deadlines. Each slave node then 

processes the information and sends back the Q reference signal to the RTS. The VVC transmit 

back the reactive power references to system simulation to reduce power loss and maintain suitable 

operating condition within the power distribution system. Slave 1 controls SST1, slave 2 controls 

SST 2, 3 and 4 and slave 3 controls the SST 5, 6 and 7.  

∑          ( )𝑖

𝑖
 

∫        𝑤      ( )
𝑡

0

 

∑√(𝐵      12.47)2
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TABLE 4: FREEDM HIL Testbed Simulation Interfaces 

Systems Interface 

Description   

Simulation Signal 

Upstream 

Simulation Signal Downstream 

RTDS High-Speed 

Serial Protocol 

All Real Power Value (P) 

and all Reactive Power 

Values (Q) and all Nodal 

Voltages (V) 

All Reactive Power Reference, (Q) 

set points from the VVC  

FPGA 

Server 

PCIe Bus 

Protocol, 

TCP/IP over 

Ethernet – IP 

192.168.200.77   

All P and Q values to DGI 

master node operating in 

mamba 5 at port number 

23011 

Q commands for SST5, SST6, and 

SST7 from DGI slave 3 at port 

number 23014, 

Q commands for SST1 from DGI 

slave 2 at port number 23013, 

Q commands for SST2, SST3, and 

SST4 from DGI slave 1 at port 

number 23012 

DGI 

Master  

TCP/IP on 

localhost 

which is in this 

case mamba 5 

Calculated Gradient 

information to all the DGI 

slaves 

All Real Power Value (P) and all 

Reactive Power Values (Q) from 

the FPGA server on port 23011 

DGI 

slave 

TCP/IP over 

Ethernet 

All Reactive Power 

Reference, (Q) set points to 

the FPGA server on 

different ports 

Calculated Gradient information 

from the Master DGI 

 

 

4.1.2 Volt Var Control Scheme 

 

The working principle of the Volt-Var-Control (VVC) scheme implemented for this demonstration 

is very straightforward and direct. The main objective of the VVC system is maintaining nodal 

voltage magnitudes on the distribution feeder within permissible boundaries. The specified bounds 

for the controls are set at 1.1 to 0.8 p.u. This idea of controlling the voltage is important because 

the system may experience ‘over-voltage’ or ‘under-voltage’ condition due to light demand or 
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heavy demand respectively affecting the total power loss as discussed in [53]. Thus, the secondary 

goal of a VVC scheme is to ensure minimum line losses experienced in the overall system. This is 

expected as this reduces overall system operational cost. Equation 11 explains the optimization 

problem of the VVC. This equation defines the calculation of 𝑄𝑆𝑆𝑇 by individual DGI nodes. Here 

𝛽 is the optimal step size and ∇  is the computed gradient. 

 

𝑄𝑆𝑆𝑇(  1)  𝑄𝑆𝑆𝑇( )  ∇ . 𝛽 …… . . (11) 

 

The DGI master node operational scheme is described below in Figure 23. This control 

optimization is targeted towards generating optimized step size and then based on that an 

optimized gradient for the reactive power reference is calculated. As described in the above 

equation the step size and gradient is used to calculate the next reactive power reference by the 

DGI nodes for different SSTs. 

 

  

 
Figure 23: Control Flow of VVC Optimization Scheme  
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∇  
𝜕 
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  [

𝜕 

𝜕 
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 𝑘+1  𝑈𝑘  ∇ . 𝛽
∗ 

Send all  𝑘+! to VVO slaves 

   End 
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4.2 Application of IPTC on Real-Time Load Input Profiles  

 

The IPTC module is used to shrink the total simulation time by more than one-third of the un-

compressed simulation time. As described in the previous sections the sole purpose of this study 

is to present a technical, systematic and reliable way of performing HILS using IPTC enabling 

temporal compression of RTIPs. Thus, ensuring that the HILS using uncompressed and 

compressed input profiles provide a relatively similar response. Figure 24-29, shows the 

uncompressed and compressed load RTIPs emulated across 7 SSTs in the FREEDM IEEE 7 Node 

System. Figure 24, shows the SoIs selected for merging for a typical weekend load profile which 

gets fed into SST 7 handled by DGI slave 3. The portions marked in red are SoIs selected by the 

IPTC module to merge together after running the screening algorithm. The black portions represent 

the set of SoIs created after screening algorithm is executed on the original input profile. This 

temporal compression is done for R and P both set equal to 0 so that the shrunk profile constitutes 

regions and substructures with high transient characteristics instead of high ramp based features. 

 

 

   
Figure 24: SoIs Selected for Weekend Profile (R, P = 0) 

 

 

The dynamic and extremely robust behavior of the IPTC module is visible prominently by 

observing different compression examples available throughout this study. The use of IPTC 
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module for compressing RTIPs is further enhanced by targeted manipulation of experimental input 

space by screening factors R and P. In Figure 25, a comparison of uncompressed load profile along 

with the compressed load profile is provided. It is evident that the shape and structure coherence 

is kept intact for R and P equal 0. 

 

 

 
Figure 25: Uncompressed and Compressed Profile for Weekend (R, P = 0) 

 

 

Similarly, Figure 26 and 27 gives an overview of the uncompressed and compressed RTIP for SST 

3 which is handled by DGI slave 1. This load profile represents the load curve during a typical 

weekday in an urban setting. The presence of high transient portions all over the uncompressed 

input profile is evident from the sections marked in red in Figure 26. Hence the compressed profile 

shown in Figure 27 shows a great coherence in shape with the uncompressed load input profile. 

 

 



49 

 
Figure 26: SoIs Selected for Weekday1 Profile (R, P = 0) 

 

 

 
Figure 27: Uncompressed and Compressed Profile for Weekday1 (R, P = 0) 

 

 

As mentioned in previous sections the IPTC module works very robustly and dynamically with 

different RTIPs and prunes, prepares and presents the best possible compressed version of the 

same. Figure 28 and 29 gives an account of the different functioning of IPTC module. This load 

profile is set to be fed into the SST 5 controlled by DGI slave 3. These figures show the efficiency 
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of IPTC module is selecting SoIs based on their relative valuation index, SoIndex. In the later 

section, these RTIPs are simulated with the whole FREEDM HILTB making efficient HILS setup. 

 

 

   
Figure 28: SoIs Selected for Weekday2 Profile (R, P = 0) 

 

 

 
Figure 29: Uncompressed and Compressed Profile for Weekday2 (R, P = 0) 

 

 

Thus, it is evident that the compression with IPTC module while setting both R and P equal to 0 

gives good quality compression based on the transient based characteristics of the input profile. 
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4.3 Simulation Results 

 

The simulation of IEEE 7 Node Test System in FREEDM HIL Evaluation Framework revealed 

some very interesting, insightful and ingenious outcomes. The IPTC module is used to compresses 

real-time input load profiles to be fed to 7 SSTs. The compression shows a general relevance 

between the uncompressed and compressed real-time input load profile. Load RTIPs are prepared 

by sampling compressed and uncompressed RTIPs at an interval of 30 seconds. The system 

maximum load input is also scaled based on the allowable power rating for each SST which in the 

simulation model is set around 270 kW. 

 

4.3.1 Simulation with Compressed and Uncompressed Load Input Profile 

 

The RTIP load profiles generated by the IPTC module is further processed, prepared and presented 

before feeding it into the simulation. The time interval between the original and the compressed 

profiles is 60 seconds. The FREEDM DGI system hosting VVC, running on external hardware are 

sampling the simulated system at an interval of the 30 seconds, thus to match this constraint the 

RTIPs are interpolated, resampled and represented at an interval of 30 seconds. Another pruning 

operation that helps the RTIPs is the normalization based on the simulated system power rating. 

The safe power rating for FREEDM IEEE 7 Node System is set to be 260 kW. Thus the maximum 

power for each individual RTIPs is scaled accordingly, so the maximum power never exceeds the 

rated capacity. In Figure 30 below the prepared uncompressed RTIP for all the nodes in the 

FREEDM IEEE 7 Node Test System is presented. The IPTC module independently processes 

RTIP assigned for each SSTs. Hence the seven compressed RTIPs are not of equal temporal length 

but within a specified margin of the target compression time. Hence the final length of all the 

compressed RTIPs is pruned based on the minimum temporal length among all the input load 

profiles. This technique also ensures that the final simulated profile is even more compact and 

makes the real-time HILS more temporally resourceful. Figure 31 below shows the compressed 

simulated load across at 7 SSTs. All loads have been rescaled according to the power rating of the 

SSTs. Thus the IPTC module has been successfully used for providing targeted compression of 

the load based RTIPs for HILS. 
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Figure 30: Simulated Uncompressed Load Input Profiles at 7 Nodes 
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Figure 31: Simulated Compressed Load Input Profiles at 7 Nodes 
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4.3.2 IPTC Module Validation 

 

The performance of the IPTC module in compressing RTIPs for HILS is efficient, comprehensive 

and excellent. This performance quality is achieved because the metrics formulated to compare 

responses between simulations with compressed and uncompressed RTIPs are carefully chosen to 

enhance the validation process. This choice is primarily influenced by the objective of the control 

scheme and characteristics of the simulated environment. Hence, by targeting the basic working 

agenda of the Volt-Var-Control scheme on the FREEDM IEEE 7 node system, fabrication of the 

performance validation metric is done. Performance metrics previously defined mathematically in 

Table 4 are explained elaborately in Table 5. These metrics are used to compare the system 

performance for HILS with both compressed, uncompressed RTIPs with VVC enabled as well as 

disabled. 

 

 

TABLE 5: IPTC Module/ Volt-Var Performance Metrics 

Metric Description 

Average System Load Mean of the total system load for simulated system. This metric captures the 

mean rate of change of the active component of energy that the simulated 

system has experienced. This metric is calculated by averaging the parameter 

“System Load”. 

Total Energy Loss This is the measure of the total energy lost in the simulated system. The VVC 

scheme is primarily affecting this metric by constantly manipulating the 

operating condition of the simulated system. This is measured by observing 

the area under the distribution of the system parameter “Power Loss”. 

Bus Voltage MSSE The mean of squared square-rooted error for the nodal voltages managed by 

the VVC scheme for 7 individual nodes. The target nodal voltage is around 

12.47 kVolts which is equal to 1 p.u. This is measured by observing the 

magnitude of the system parameter “V@SSTI” where I є 1-7. 

Uncompressed 

Simulation Time 

This is the time for which the simulation with the uncompressed RTIPs is 

performed 

Compressed Simulation 

Time 

This the temporal length across which the compressed RTIPs are simulated 

in HILS. 
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In this study, the simulated data is filtered using Hampel filter to removes the outliners; spikes 

caused sometimes due to unwanted respawning of the DGI master node. The Hampel filter is 

implemented by quantifying the S.D. of the unfiltered data and then for each data point, a sliding 

window of 100 data points on either side of the data point is used to compute the median within 

that window jointly consisting 201 points. Now if the unfiltered data point is more than three S.D. 

away from the median, then the point is replaced with the median calculated for that window. The 

validation comparison is carried out on the filtered data both for uncompressed and compressed 

system simulation. The simulated system parameter “System Load” for both the uncompressed 

and compressed RTIP for load across all the 7 nodes are shown in Figure 32. This metric gives an 

understanding of the overall shape of the total system load across the whole system. The total load 

recorded from simulating both the compressed and uncompressed profiles gives almost identical 

responses with or without running VVC. This is true because the operational characteristics of the 

VVC scheme do not affect the total system load.   

  

 

 

Figure 32: Compressed, Un-compressed Total “System Load” (R = 0, Branch) 
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The temporal compression of a load profile provides similar structure between the uncompressed 

and the compressed profile if the targeted compression parameters like R and P are not enabled. If 

the parameter P is set to 1, then all compressed load profile would have a mean value higher than 

the uncompressed load profile. In Figure 33 the total “Power Loss” for the simulated system with 

compressed and uncompressed RTIP is shown. The losses are almost identical with very little 

difference between the response of the VVC enabled and VVC disabled simulations. The similarity 

in simulation response can be observed between the simulations with uncompressed and 

compressed RTIPs.  

 

 

 
Figure 33: Compressed, Un-compressed Total “Power Loss” (R = 0, Branch) 

 

 

In Figure 34 shown below, the nodal voltage at SST 5 controlled by VVC via DGI slave 3 is 

shown. The voltage is further converted to per unit system with 12.47 KVs as the base voltage. 

This node is chosen for the demonstration because the system structure is branch based which 

renders the node 5 and 6 as the extreme nodes of the bus structure.  
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Figure 34: Compressed, Un-compressed “Nodal Volt @ SST 5” (R = 0, Branch) 

 

 

 

In Figure 34, the voltage response from the simulation with both the compressed and 

uncompressed load profile varies greatly depending on the state of the VVC application. As 

evident, the voltage level at SST 5 remains higher when the VVC is enabled and becomes lower 

when the VVC is disabled. This behavior is expected as the VVC control application’s objective 

is to maintain the nodal voltage within specified bounds. Thus, when the nodal voltage becomes 

lower, the VVC helps in maintaining it above the threshold. In the simulations shown in Figure 

34, compression configuration in the IPTC module is set such that both R and P is equal to 0. This 

setting is crucial for the IPTC module to deliver similar structured compressed input profile 

compared to uncompressed input profile. As these parameters affect the characteristics and 

substructure of the temporally compressed RTIPs, setting these equal to 0, screens portions of the 

uncompressed input profile that contain high transient behavior. Thus, delivering comparable 

structure between the uncompressed and compressed profile containing high transient waveforms.  
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Table 6 shown below gives a summary comparison of the metrics that are described in the previous 

sections. Results show a good agreement between the response of the simulations with compressed 

and uncompressed load RTIPs. 

 

 

TABLE 6: Performance Metric Comparison (R=0, Branch) 

Parameter Un-Compressed, 

Filtered RTIPs 

Simulated 

Compressed, 

Filtered RTIPs 

Simulated 

Metric Ratio 

VVC 

On 

VVC 

Off 

VVC 

On 

VVC 

Off 

VVC 

On 

VVC 

Off 

Simulation Time 

(Seconds) 

86400 30067 2.8736 

Average System Load 

(MW) 

1.19  1.36 N/A 

Total Energy Loss  (MJ) 12845 12829 4553 4465 2.8207 2.8733 

Bus Voltage MSSE (p.u.) 0.0053    

0.0085    

0.0106    

0.0117    

0.0072    

0.0061    

0.0040 

0.0073    

0.0107    

0.0130    

0.0141    

0.0093    

0.0081    

0.0059 

0.0057    

0.0093    

0.0117    

0.0128    

0.0080    

0.0068    

0.0043 

0.0083    

0.0122    

0.0147    

0.0160    

0.0107    

0.0094    

0.0067 

0.9231    

0.9127    

0.9115    

0.9104    

0.8983    

0.9077    

0.9339 

0.8756    

0.8789    

0.8819    

0.8824    

0.8668    

0.8702    

0.8754 

 

 

As the response metrics are calculated based on the functionality of the control application, which 

in this case study is the VVC scheme, the validation of the IPTC module in compressing input 

profiles temporally should show similar values between simulations with uncompressed and 

compressed input profile. As discussed earlier, the time-independent metric such as Average 

System Load shows similar values all the test scenarios. Whereas the time-dependent metric shows 

temporally relative response values between simulations with compressed and uncompressed 

RTIPs which in this case is a factor close to 3.  
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Figure 35: Compressed, Un-compressed Total “System Load” (R = 1, Radial) 

 

 

 

 
Figure 36: Compressed, Un-compressed Total “Power Loss” (R = 1, Radial) 
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As shown above, in Figure 35, the total system load is different between the uncompressed and 

compressed input profile. This is primarily because the internal configuration of the IPTC module 

is altered in this particular case by setting parameter R to 1 and the parameter P to 0 as before. This 

changes the preferential treatment of the IPTC module in processing different substructure from 

the uncompressed input profile. Thus, the sections with high ramp rates are chosen dynamically 

during the temporal compression. Figure 36 above, shows the total system loss which is also 

different between the response of the simulation with the compressed and uncompressed load input 

profile. The distribution system bus structure is to radial type by closing FID 5 and opening FID 

8. In Figure 37 shown below the nodal voltage at SST 7 is observed to have different characteristics 

between the simulations with VVC enabled and disabled.  

 

 

 

Figure 37: Compressed, Un-compressed “Nodal Volt @ SST 7” (R = 1, Radial) 

 

 

Figure 37 above, shows the nodal voltage at SST 7 changing characteristics based on the state of 

VVC application. There also exists great difference is shape between simulations with 

uncompressed and compressed input profile.  
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The Table 7 below shows the comparison summary for the uncompressed and compressed 

simulation. It can be observed that the time-independent metric, Average System Load varies very 

less between simulations with compressed and uncompressed RTIPs. This is primarily because the 

parameter R is set to equal to 1. This configuration forces the IPTC module to give preference to 

the high ramp regions over the high transient regions while temporally compressing the RTIPs. 

The type of compression lowers the average system load than the compressions executed with R 

set to 0. Metric ratio verifies that other time-independent metric shows similar response between 

a simulation with compressed and uncompressed RTIPs with both VVC enabled as well as 

disabled. 

 

 

TABLE 7: Performance Metric Comparison (R=1, Radial) 

Parameter Un-Compressed, 

Filtered RTIPs 

Simulated 

Compressed, 

Filtered RTIPs 

Simulated 

Metric Ratio 

VVC 

On 

VVC 

Off 

VVC 

On 

VVC 

Off 

VVC 

On 

VVC 

Off 

Simulation Time 86400 seconds 28620 seconds 3.01 

Average System Load 

MW 

1.0641 1.0992 N/A 

Total Energy Loss 

MJoule 

14834 14690 4957 4896 2.9920 2.9999 

Bus Voltage MSSE 

(Pu) 

0.0116    

0.0200    

0.0271    

0.0327    

0.0369    

0.0397    

0.0411 

0.0136    

0.0224    

0.0298    

0.0356    

0.0400    

0.0429    

0.0444 

0.0119    

0.0204    

0.0276    

0.0334    

0.0376    

0.0404    

0.0420 

0.0140    

0.0230    

0.0305    

0.0366    

0.0409    

0.0438    

0.0455 

0.9755    

0.9813    

0.9799    

0.9784    

0.9816    

0.9830    

0.9792 

0.9688    

0.9755    

0.9749    

0.9741    

0.9774    

0.9788    

0.9755 
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CHAPTER 5 

 

CONCLUSION AND FUTURE WORK 

 

A procedure for efficient, controlled and targeted compression of real-time input profiles is 

presented in this study. The usage of IPTC module has provided successful compression of RTIPs 

used as an input for the HILS. Results drawn from temporal compression of real-time input profile 

by the IPTC module in collaboration with the FREEDM HILTB evaluation framework shows 

some very significant outcomes. The simulated results with the FREEDM IEEE 7 node system, 

shows that the temporal compression of input demand profile can lead to comparable evaluation 

of control response. The idea that was postulated in the thesis statement is addressed as the quality 

of response that is gained from the compressed simulation holds similar characteristics to the 

response of the uncompressed simulations. The results show complete harmony between 

simulation fed by compressed and uncompressed RTIPs for time-independent performance 

validation metrics like Mean Power. In case of time-dependent metric like Total Energy, there 

exists a strong relationship in terms of compression ratio, between the simulation responses with 

the compressed and uncompressed input profiles. These similarity in simulation responses is 

expected as the purpose of this study is to demonstrate that temporal compression of RTIPs can 

not only be computationally and economically less expensive but also provides the capability to 

delivers highest quality response from compressed simulations. The use of IPTC module along 

with the HILTB can be further extended towards the targeted generation of experimental input 

parameter space using real-time input profiles. This approach can be considered an important leap 

towards complete automation of CHIL evaluation framework where the DoSE is developed, driven 

and deployed by targeted compression using IPTC module. This approach takes into account the 

initial assumptions implied towards the development of the IPTC module and provides temporal 

compression basis of those assumptions. In case of load profiles valuation of each SoI is based on 

the fact that the extrema peaks in the profile are important as these thresholds represents the limits 

of power that are supplied by or absorbed in the RTS as environmental input. The ramp-up in the 

profiles are an important measure of the rate of change of the demand or supply, and they must be 

adequately handled in order to maintain system harmony. Ramp-down is similarly important as 

excess supply or demand needs to dissipate or balanced to preserve and sustain working state of 
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the system. These initial assumptions are used in design of the IPTC module and have been proven 

to hold true and validated by the quality of results achieved from the HILS. Thus, as mentioned 

earlier the results showcases the possibility of achieving similar performance results from a Real-

Time Simulation using IPTC module. Future endeavors can be made in the direction of identifying 

the control response from the simulation of an uncompressed RTIP and then replicating a same 

number of control triggers in the compressed profile simulation by targeted compression of some 

specific subsections or features from the original input profile. This procedure can be further 

enhanced by training a model of the IPTC module, for a particular control scheme and system 

structure and then using the same model on a large number of input profile to identify the possible 

patches or subsections from the uncompressed profile that needs the most attention of the control 

application in fulfilling its desired objective. 
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