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Abstract

Integration of power electronic converter-based distributed energy resources (DERs) in 

electric power distribution networks is growing exponentially with the recent interest in re

ducing carbon emissions from fossil fuel-based generation. As the contribution of renewable 

energy sources in the DER mix continues to increase, so does the incorporation of battery 

energy storage systems and other controllable loads to compensate for the high variability 

and uncertainty in the generation from renewable DERs and grid demand. Strategies for 

increasing the contribution of renewable energy sources and using reserves to accommodate 

for variations and uncertainty in generation and load include distributed optimal power flow 

(OPF) methods and improved forecasting. This work proposes a co-optimization of power 

flow and flexibility reserves, executed on a private blockchain for security, solved using a 

parameterized deterministic method based on semi-distributed architecture and alternat

ing direction method of multipliers (ADMM) based distributed architecture that addresses 

uncertainty and enhances the flexibility of the distribution network. However, ADMM guar

antees convergence only for strictly convex problems and hence a relax-and-fix heuristic 

algorithm is proposed in co-ordination with ADMM to solve the OPF problem, which is 

non-convex in nature. Also, an accurate short-term load forecasting algorithm is essential 

to reduce the uncertainty in the dispatch results using the OPF algorithm. In this work, 

a short-term residential load forecasting algorithm is proposed using a two-stage stacked 

long short-term memory network-based recurrent neural network and Hampel filter to ad

dress this issue. All the proposed algorithms are tested using different case studies. Results 

demonstrate that the proposed algorithms reduce the impact of uncertainty in the distribu

tion network, automate scheduling flexibility reserve and minimize its cost, reduce the OPF 

execution time using a distributed architecture, and produce residential load forecast with a 

significantly lower prediction error.
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Chapter 1. Introduction and Summary of Algorithms and Models

The growing interest in a carbon-free decentralized electric grid has led to a change in the 

power system generation resource mix from large synchronous generators to the power elec

tronic converter based renewable distributed energy resources (DERs) and battery energy 

storage systems (BESS) [1; 2]. The DERs are defined as any resource on the distribution 

system that produces electricity and is not otherwise included in the formal NERC definition 

of a bulk power system (BPS) [3]. The increase in the DER penetration in the distribution 

network has transformed it into an active energy source, and hence it causes unanticipated 

power flows at the transmission-distribution (T-D) interface. Also, the intermittent char

acteristics of renewable DERs causes ramping and power balance challenges for the system 

operators who do not have control or observability of the DERs within the BPS. As a result, 

studying and solving the power flow analysis in the distribution network incorporating a 

large amount of power electronic converter (PEC)-based sources has become a significant 

concern for electrical engineers and utilities.

State-of-the-art optimal power flow (OPF) methods are required for converter-dominated 

distribution networks to optimally schedule PEC-based DERs and maximize the reliability 

of the power distribution network. Several centralized and distributed OPF algorithms 

and methodologies for distribution networks with integrated DERs and BESS are well- 

documented in the literature [4; 5; 6; 7; 8; 9; 10; 11; 12; 13; 14; 15; 16; 17; 18; 19; 20; 21; 22; 

23; 24; 25; 26; 27; 28; 29; 30]. However, the OPF algorithms discussed in the literature do 

not address the issue of non-convexity introduced by epistemic and aleatory uncertainties 

in DER and load forecasts and BESS mixed-integer constraints. Also, the distributed OPF 

algorithms discussed in the literature are based on dual decomposition method, auxiliary 

variable method, and alternating direction method of multipliers (ADMM) which converge 

for strictly convex problems. The authors of [31] proposed a methodology to solve the non- 

convex OPF problem in a distributed manner in real-time using ADMM; however, they have 
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presented results for 9 and 18 bus systems and have not discussed scalability or algorithm 

convergence for larger systems.

The primary goal of this work is to solve the OPF problem for converter dominated 

distribution networks using a methodology that is computationally feasible and addresses 

all the issues discussed above. This goal is achieved through the following proposed OPF 

algorithms and variable DER and load forecasting models:

1. Parameterized Deterministic Look-ahead (DLA) Policy with Flexibility Met

rics: This algorithm solves the non-convex OPF problem for converter dominated 

distribution network in a semi-distributed manner.

2. Sharing ADMM (S-ADMM) and Smart Contract-Based Framework: This 

algorithm bids for flexibility reserves and minimizes their cost of scheduling.

3. Distributed Consensus-Based ADMM (DC-ADMM) and Relax-and-Fix (RF) 

Heuristics Algorithm: These algorithms allow for convergence of the distributed 

non-convex OPF problem for converter dominated distribution networks. The epis- 

temic and aleatory uncertainties are not included in the distributed algorithm in this 

work and will be addressed in future work.

4. Recurrent Neural Network-Based Short-Term Load Forecasting Model: This 

model can be trained faster with less data and deployed to edge devices for a large 

number of consumers.

1.1 Converter Dominated Distribution Networks

In recent times PEC-based DERs are being integrated within the distribution system in 

support of low-carbon technologies and modernization of the power grid. As a result, the 

power system has changed from the classical model, where the demand dictates the pattern 

of generation and fully dispatchable generators were able to follow the changes in the demand 
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[32]. So the PECs will play a key role in the operation of the power system. The various 

types of PEC-based DERs located within the boundaries of distribution networks are [3]:

1. Distribution Generation (DG): Any generation unit or multiple generation units 

operated by either the distribution utility or a private entity.

2. Behind the Meter Generation (BTMG): The generation unit or multiple gener

ation units at a single location, of any nameplate size, on the customer's side of the 

utility meter that serve all or part of the customer's electricity demand.

3. Energy Storage (ES): An energy storage device or multiple devices at a single 

location on either the distribution utility side or the customer side of the meter.

Along with PEC-based DERs, electric vehicles and PEC-based smart controllable loads 

are also integrated with the distribution network, which are included in the demand side 

management (DSM) resources. The DSM activities may not behave as the DERs, but 

they can impact the power flow at the T-D interface. The systemic representation of a 

PEC-dominated distribution network is shown in Figure 1.1. The reliable operation of 

a PEC-dominated distribution network is not only defined by satisfying the operational 

constraints but also the system states. The system state of a PEC-dominated distribution 

network is frequently altered due to the epistemic and aleatory uncertainties introduced by 

the variable DERs and load, and their respective forecast models. The epistemic and aleatory 

uncertainties and their impact on the reliable operation of a PEC-dominated distribution 

network is briefly discussed in the following subsection.

1.2 Uncertainty in PEC-Dominated Distribution Networks

Uncertainty in engineered systems is unavoidable and various sources of uncertainty exist, 

which are generally categorized as aleatory or epistemic [33; 34]. Aleatory uncertainty is an 

irreducible uncertainty, which is due to the inherent randomness in the system. Epistemic 

uncertainty is a reducible uncertainty, which exists due to statistical calculation or modeling

3



Figure 1.1: Systemic representation of a power electronic converter dominated distribution 
network with the transmission-distribution interface.
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errors. In the context of a PEC-dominated distribution network, the sources of both of these 

uncertainties are as follows:

1. Failure of components and the repair process in a power distribution network.

2. Uncertainty in the load forecast arising due to the randomness in human activities and 

decisions.

3. Uncertainty in the variable DER generation forecast due to the intermittent charac

teristics of the weather.

4. Inaccuracy in the measurement, collection, and processing of data used to reduce the 

power grid parameter model and forecast error.

5. DER generation and load forecast errors resulting from the selection of sub-optimal 

parameters or statistical calculations.

Categorization of each of these uncertainty sources and their impact on the operation of 

a PEC-dominated distribution network are discussed in the next subsection.

1.2.1 Aleatory Uncertainty in PEC-Dominated Distribution Networks

The load and variable DER generation forecast or prediction is based on the feature 

vector extracted from the available dataset. However, these features may not be sufficient 

enough to make an accurate prediction. Additional features exist that would enable the 

model to improve the prediction but are unobserved. These unobserved features are called 

latent variables [35]. The latent variables may also be entirely random (e.g., deviation in 

the consumer's energy consumption due to a temporary random event), which introduces 

uncertainty in the forecast and is irreducible, irrespective of the availability of a large amount 

of training data. The issue of irreducible or aleatory uncertainty in this work for the OPF 

problem in PEC-dominated distribution networks is addressed by probability theory and is 
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explained in the next chapter. The aleatory uncertainty arising due to distribution network 

equipment or component failures is not in the scope of this work.

1.2.2 Epistemic Uncertainty in PEC-Dominated Distribution Networks

In the conventional OPF problem, the variable DER and load forecast models are con

sidered deterministic, and the epistemic uncertainty arising from the lack of data and sub- 

optimal models is not explicitly considered. In this work, the epistemic uncertainty is directly 

estimated by predicting the generalization error between the forecast and measured data. 

This epistemic uncertainty estimation evolves over time with advances in knowledge and the 

availability of more information.

1.2.3 Aleatory and Epistemic Uncertainty in PEC-Dominated Distribution Networks and 

its Relation to Reliability and Flexibility

In PEC-dominated distribution networks, due to the growing share of intermittent and 

uncertain variable DERs and controllable loads, it is essential to assess the aleatory and epis- 

temic uncertainty since it will inevitably affect the reliable operation of a power distribution 

network. The reliability of a power distribution network is defined as the degree to which the 

system can withstand unexpected events and deliver the electricity to the customers without 

degradation in the performance [36; 37]. The reliability of a PEC-dominated distribution 

network can be improved by operational flexibility that helps to maintain the balance of 

active power supply and demand [38]. There are many different sources of system flexibil

ity: 1) shorter scheduling intervals, 2) demand-side management, 3) energy storage, and 4) 

scheduling flexibility reserves [39]. In this work, aleatory and epistemic uncertainty is quan

tified to tabulate the flexibility metrics, which are incorporated in the optimal power flow 

problem to schedule flexibility reserves in advance for reliable operation of PEC-dominated 

distribution networks.
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1.3 Flexibility Metrics and Reserves

The need for flexibility reserves depends on the area generation mix, forecasting accuracy, 

scheduling and market design, and demand response program. Some areas may have low 

penetration of variable DERs and controllable loads, so flexibility may not be a significant 

issue. However, in PEC-dominated distribution networks with high penetration of variable 

DERs and controllable loads, there is a corresponding need to quantify the flexibility require

ments [38]. In this work, the flexibility requirements are tabulated based on the prevailing 

uncertainty in the generation from variable DERs and are used to schedule flexibility reserves 

(either conventional resources or energy storage).

The reserve sharing between the balancing authority (BA) areas is considered for flex

ibility reserve requirements because the total reserve requirements of all the BA areas is 

less than the sum of the individual BA area reserve requirements [40]. The scheduling and 

minimizing of the cost of flexibility reserves for all the BA areas participating in the reserve 

sharing are computed in a distributed manner. The cost of providing the flexibility reserves 

is obtained by bidding for reserve scheduling using the smart contract functionality. The 

smart contract is explained in detail in the following subsection.

1.4 Blockchain and Smart Contract

PEC-dominated distribution networks are a new infrastructure that facilitates an inter

face for behind-the-meter variable DER generation units, small distribution scale variable 

DERs and energy storage, and controllable loads while balancing supply and demand. Also, 

behind the meter generation units and energy storage causes the bidirectional flow of power 

in the network, and because of their limited observability and controllability, centralized 

control and communication solutions reach their limits. As a result there is a demand for a 

distributed solution with an interconnected hardware system, which requires a secure peer- 

to-peer data and information exchange [41]. This functionality is provided by a distributed 

ledger technology called the blockchain. The blockchain network consists of a series of blocks
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Figure 1.2: Ethereum blockchain state.

representing the committed transactions with the initial block termed as the genesis block. 

In this work, a private Ethereum blockchain network is used [42] for distributed optimization 

in converter dominated distribution networks.

1.4.1 Ethereum Blockchain Network

A blockchain is a cryptographically secure state machine which has a single canonical 

instance and is responsible for all the transactions being created in the system with its state 

being shared and open to everyone [43]. Ethereum blockchain is one such transaction-based 

state machine. The Ethereum network begins with a ”genesis state”, which is analogous 

to the blank state before any transactions have happened on the network. The Ethereum 

network transitions to the next state after the transactions are executed and approved as 

shown in Figure 1.2. Each state of the Ethereum network has multiple transactions and 

they are grouped together in a block, which is chained to its previous block through a 

cryptographic hash. For these transactions to be approved and transition to the next state, 

the transactions must go through a validation process called mining. For mining, as soon as 

the transaction takes place, a mathematical problem is given to all the nodes or users in the 

blockchain network to solve. The first one to solve it gets rewarded. Once the solution is 

found, all the other nodes or users in the blockchain network will validate the decrypted value 

and then add it to the blockchain to validate the transaction. The components involved in 
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the execution of transactions on the Ethereum network are accounts, transaction execution, 

blocks, gas & fees, and mining.

1. Accounts: The two types of accounts that exists on the Ethereum network are:

(a) Externally owned accounts: These accounts are controlled by a private key, 

and the owner of the private key has the ability to send ether and data or trigger 

a smart contract. The smart contract is explained in the next subsection.

(b) Contract account: These accounts have their own code and are controlled by 

the code. Contract accounts cannot initiate transactions on their own.

2. Transactions: For every account to execute a transaction on the Ethereum network, 

it needs to pay a specific fee. The fee is measured in gas, and the gas price is the 

amount of ether an account is willing to pay on every unit of gas used and measured in 

“gwei”. A sender or account owner sets a gas limit and gas price for each transaction. 

If the account does not provide enough gas or runs out of gas during a transaction, 

the transaction is considered invalid, and any state changes that occurred are reversed. 

The gas price of the transaction is rewarded to the miner, and hence the higher the gas 

price set by the account owner for a transaction, the more likely that the miners will 

select it. The purpose of these fees is to protect the network from malicious hackers 

who could disrupt the network by executing an infinite loop within a transaction since 

Ethereum is susceptible to the halting problem [44].

Transactions on the Ethereum network are of two types, message and data transfer or 

contract creation, and both of these transactions consists of the following components 

[45]:

(a) nonce: The number of transactions sent by the sender.

(b) maxFeePerGas: The maximum amount of gas willing to be paid for the trans

action.
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(c) gasLimit: The maximum amount of gas the user is willing to pay for executing 

the transaction.

(d) to: This is the address of the recipient. In the case of contract creation, this does 

not yet exist.

(e) value: The amount of Wei or ETH to transfer from sender to recipient.

3. Blocks: The blocks are the batch of transactions with a hash of the parent or previous 

block in the chain. To preserve the transaction history, blocks are strictly ordered and 

the transactions within the blocks are strictly ordered as well. The block consists of 

the following details:

(a) timestamp: The time when the block was mined.

(b) blockNumber: The length of the blockchain in blocks.

(c) baseFeePerGas: The minimum fee per gas required for a transaction to be 

included in the block.

(d) difficulty: The effort required to mine the block.

(e) mixHash: The unique identifier for the block.

(f ) parentHash: The unique identifier for the previous block in the chain.

(g) transactions: The transactions included in the block.

(h) nonce: A hash that, when combined with mixHash, proves that the block has 

gone through proof of work.

Ethereum is a protocol and hence there can be multiple independent private networks con

forming to this protocol that do not interact with each other. In this work the private 

Ethereum network is used to deploy smart contracts for data exchange and processing to 

execute distributed optimization in PEC-dominated distribution networks. In the following 

subsection smart contracts, which are a type Ethereum account that runs on the Ethereum 

blockchain network, are discussed.
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1.4.2 Smart Contract

A smart contract is a computer program that resides at a specific address and runs on 

the Ethereum blockchain network. The user accounts can access the network with a smart 

contract by submitting transactions that execute a function defined on the smart contract. 

Smart contracts can define rules like a regular contract and are based on IFTTT (IF-THIS- 

THEN-THAT) logic [46]. Anyone can create a smart contract and deploy it to the network. 

The language widely used to develop smart contracts is Solidity [47].

1.5 Load Forecasting

Synchronous generator-based power plants in conventional power systems can easily ad

just their power output as the electricity demand fluctuates. However, in PEC-dominated 

distribution networks, due to the increase in the integration of variable DERs and control

lable loads, the accuracy in the load forecast is of utmost importance for optimal scheduling 

of generation resources to meet the demand. Detailed load forecasting algorithms can help 

reduce the epistemic and aleatory uncertainties in the distribution network and optimize en

ergy consumption from variable DERs, economic dispatch, load flow analysis, scheduling of 

spinning and non-spinning reserves, and demand response [48]. Load forecasting algorithms 

can be categorized into three categories: 1) very short-term load forecasting, 2) short-term 

load forecasting, 3) medium-term load forecasting, and 4) long-term load forecasting [49; 50]. 

In this work, only short-term load forecasting is considered for optimal day-ahead scheduling 

of generation sources.

The short-term load forecasting techniques can be classified into parametric and non

parametric methods. The major disadvantage of parametric techniques like linear regression 

and auto-regressive integrated moving average (ARIMA) is that they do not include the 

underlying energy consumption patterns. Several artificial intelligence learning-based load 

forecasting algorithms have been developed to overcome this drawback. An extensive re

view of learning-based algorithms with their corresponding advantages and disadvantages 
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is presented in [50]. The hybrid convolutional neural network (CNN) and long-short term 

memory (LSTM) deep learning-based short-term load forecasting are proposed in [51; 52]. 

The authors of [53] have proposed a hybrid load forecasting algorithm in which the dataset 

is decomposed into low and high-frequency components using an ensemble empirical mode 

decomposition algorithm. The low-frequency components are forecast using multivariable 

linear regression, and high-frequency components are predicted by training a LSTM recur

rent neural network (RNN). However, in [54; 55; 56] the authors have decomposed the dataset 

into low and high-frequency components using the discrete wavelet transform to forecast the 

load using deep learning. Instead of decomposing the dataset into low and high-frequency 

components, the authors of [57] have trained the LSTM for load forecasting by decomposing 

the dataset into a simpler data series based on consumption trends or patterns and seasonal

ity. Datasets with similar trends or patterns are aggregated using clustering analysis in [58] 

to train neural networks for load forecasting. For the deep learning-based short-term load 

forecasting algorithms discussed in the literature above, the dominant factor is the availabil

ity of an intact dataset. However, the issue of missing values in the dataset is not considered 

in the above literature and is carefully addressed in [59]. Also, these algorithms are trained 

on historical aggregated load datasets, which average the consumption pattern and ignore 

the individual consumer peak load transients and the uncertainty in the consumer's energy 

consumption trend in the future.

Short-term probabilistic load forecasting algorithms are proposed in [60; 61; 62; 63; 64] 

that use Bayesian models or Monte Carlo simulations to address the uncertainty in the 

energy consumption pattern. The residential level load forecasting algorithms to handle 

the variability and transients in the individual consumer's energy consumption pattern are 

proposed in [65; 66; 67; 68; 69; 70]. Along with variability, the uncertainty in the residential 

energy consumption prediction is addressed by probabilistic models in [71; 72; 73]. The 

authors of [74] have proposed to forecast the short-term residential load at the edge using 

federated learning and edge computing. The ma jor technical limitation of federated learning 
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is the communication overhead. It can be observed in the results that the communication 

overhead for federated and centralized learning is almost similar, and it increases with the 

increase in the number of nodes. This limitation is important to address as energy companies 

and utilities acquire the non-private energy consumption data for billing customers, making 

control decisions, and for medium and long-term planning decisions. So the global forecasting 

model can be updated using this data, and hence sending the weights of the updated local 

models to update the global model as discussed in [74] is futile. Also, updating the global 

model from a select number of locally trained models would compromise the accuracy of the 

model since the consumption pattern of each consumer is very different. Another drawback 

ofthis work is that the authors eliminate the outliers, consumption below 0.6 kWh and above

3.6 kWh, denoting it as an error in the data acquisition by smart meters. It is possible that 

those outliers are not because of errors but the usage of medium to heavy duty appliances for 

a short period. This work proposes decomposing the residential load time-series data into 

two time-series, baseload and outlier pattern time-series. The baseload pattern is reasonably 

similar for each residential customer. Hence, the trained model can be deployed on a large 

scale, and reasonably accurate results can be obtained by transfer learning. The outlier 

pattern will be different for each customer. It will depend on the usage of medium to heavy 

duty appliances, and the forecasting model can be trained separately for each consumer on 

edge devices. Both baseload and outlier load pattern forecasting models are recurrent neural 

network based LSTM models.

1.6 Levels and Types of Power Flow Optimization Algorithms

Control systems for power grids are divided into three levels: 1) central control center, 2) 

regional control center, and 3) grid-edge, where remote terminal units and edge devices are 

located [75]. Centralized power flow optimization is implemented at the central control cen

ter, semi-distributed optimization is implemented at the primary substation or feeder level, 

and fully distributed optimization is implemented by coordinating secondary equipment like 
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remote terminal units (RTUs) and other edge devices or controllers as shown in Figure 1.3. 

In this work, for the semi-distributed optimization, power flow decisions are implemented at 

the regional control center and the information is shared with the central control center for 

flexibility reserve sharing. The methodology for semi-distributed optimization is explained 

in detail in the following subsection.

Figure 1.3: Representation of a power grid showing three levels of control with optimization: 
central optimization, semi-distributed optimization, and distributed optimization.

1.7 Methodology for Semi-Distributed Stochastic Optimization

The integration of variable DERs and PEC-based controllable loads within the distribu

tion feeder makes the power flow uncertain and stochastic. Several stochastic optimization 

algorithms based on stochastic programming and deterministic models have been proposed 

in the literature. However, stochastic programming is computationally intensive since it at

14



tempts to obtain the best results by simulating different scenarios n, and hence it is n times 

larger than the deterministic approach.

The main focus of stochastic optimization algorithms in the literature is to obtain the 

best solution under uncertainty and randomness rather than efficiently quantifying the uncer

tainty. Hence there is a need to extend the research on coalescence of stochastic optimization 

and uncertainty quantification [76]. In this work, aleatory and epistemic uncertainties in the 

PEC-dominated power distribution network [77] are quantified and used to tabulate the tun

able parameters. These tunable parameters are introduced in the deterministic look-ahead 

models to handle uncertainty and are an effective alternative to stochastic programming.

1.7.1 Parameterized Deterministic Look-ahead Model

The sequential decision problem can be represented as [decision, information, decision, 

information, ...] [76; 78]. The OPF problem in the PEC-dominated distribution network 

is a sequential decision problem since new information about the variable DER and load 

forecast and network constraints is available at each interval after the decision is reached. 

The decisions for the OPF problem can be easily determined by developing a determinis

tic look-ahead model. However, the deterministic look-ahead model ignores the evolving 

forecasts and also the uncertainty in the forecasts and generates erroneous decisions. The 

tunable parameters are augmented in the deterministic look-ahead model to address this 

issue. These parameters are tuned by quantifying the uncertainty, tabulating the forecast 

errors, and solving the optimization problem at each time step. The parameterized deter

ministic look-ahead modeling framework for the sequential decision problem adopted in this 

work consists of the following elements: state variables (S ), decision variables (x), exogenous 

information variables (E ), uncertainty analysis, transition function, ob jective function, and 

tunable parameters.

1. State Variables: The state variable represents the state of the system at time t 

that provides information necessary to determine the future output (decision) [79; 80]. 
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Quantitatively, it is defined as the minimum set of variables S (0) that are specified 

at an initial time t = 0, which together with the decision variables and exogenous 

information determine the the state of the system S (t) at any future time t > 0. 

The initial state S (0) may include any deterministic input parameters that do not 

change over time, initial values of the parameters that change over time, and rolling 

forecasts. The state of the system S (t) for t > 0 contains the information about the 

parameters (variables) that change or evolve over time or information that enter the 

system exogenously.

2. Decision Variables: The decision variables in this work are denoted by x. The 

initial set of decision variables are the power distribution network model and network 

infrastructure and capacity. The subsequent decisions x(t) made thereafter for time 

t > 0 are the scheduling of resources and reserves in the distribution network for 

optimal power flow. These decisions made for time t > 0 are bound by the constraints.

3. Exogenous Information Variables: The exogenous information variables represent 

the information that occurs external to the system and can be modeled or measured 

[81]. This information can either be dependent or independent of the state of the 

system S (t) or decision x(t).

4. Uncertainty Analysis: The uncertainties in the system can be broadly classified 

into two categories: epistemic and aleatory. They can be further categorized as obser

vational errors, exogenous uncertainty, prognostic uncertainty, inferential uncertainty, 

experimental variability, model uncertainty, transitional uncertainty, control or im

plementation uncertainty, communication errors, algorithmic uncertainty, goal uncer

tainty, and political or regulatory uncertainty [82]. In this work we consider exogenous 

forecast for the variable DERs and load, which might be updated at each time step. 

The residual error between the actual or expected generation and the forecast is termed 

as prognostic uncertainty and modeled or predicted using the learning based autore
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gressive neural networks [83; 84]. The predicted residual error is then used to correct 

the variable DER and load forecast. Another source of uncertainty in the forecast is 

the randomness in the weather pattern or human behavior and varies at each time 

step. This type of uncertainty is termed as aleatory or exogenous uncertainty. It is 

uncorrelated to the other time steps and is addressed in this work by tabulating the 

prediction interval using probability distribution.

5. Transition Function: The transition function is viewed as mapping of the system 

from one state to another based on the available information and decisions. The 

transition of the system from one state to another is represented as
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However, complex systems like power distribution networks have indiscernible exoge

nous information like changes in generation from variable DERs and energy demand 

due to variations in the weather. In such systems the transition to the state S(t + 1) is 

dependent on the available exogenous information E(t + 1) and the decisions are made 

based on the state of the system at time t + 1.

6. Ob jective Function: The ob jective function attempts to either maximize the reward 

or minimize the loss. The objective function to minimize the loss over time in a 

deterministic model is defined as

The objective function to minimize the loss for the look-ahead model (t > t, t' = 

t + 1, t + 2, . . . , t + T) incurred due to the decision x(t) taken at time t based on the 

state of the system S(t) can be represented as



where T = 24h in this work.

The methodology discussed above is to address the stochasticity introduced in the power 

distribution network by variable DERs and PEC-based controllable loads. The problem 

continues to grow due to increase in the penetration of these resources. Hence there is 

a dire need for flexibility reserves to improve the system's flexibility and reliability. The 

smart contract and sharing alternating direction method of multipliers (S-ADMM) based 

framework to minimize the cost of scheduling flexibility reserves is proposed in this work. 

The S-ADMM and smart contract methodology is explained in the following subsection and 

its implementation in chapter 2. .

1.7.2 Sharing Alternating Direction Method of Multipliers (S-ADMM)

The augmented Lagrangian method proposed in early 1970 is used for solving constrained 

optimization problems like the OPF problem by relaxing the constraints and augmenting the 

penalty term in the objective function. The dual decomposition method presented in [85] 

decomposes the global optimization problem into sub-problems and minimizes or maximizes 

the ob jective over the local dual variables and dual Lagrangian function. The sub-problems 

are connected to each other through the dual variables. The alternating direction method of 

multipliers (ADMM) is a combination of the augmented Lagrangian and dual decomposition 

methods.

The general ADMM algorithm solves for the strictly convex problem in the form,
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where x ∈ Rn and f and C are convex [86]. The problem can be rewritten in the form,

where g is the indicator function of C . The augmented Lagrangian function with the penalty 

parameter and the scaled dual variable is given by

where u is the dual variable and ρ is the penalty parameter. The algorithm steps for the 

general form ADMM are shown in Table 1.1. The primal and dual residuals are rk and sk ,

respectively. epri > 0 and edual > 0 are the primal and dual feasibility tolerances for the

algorithm termination, respectively.

Table 1.1: General ADMM procedure.

Algorithm 1: General ADMM procedure

8. end

A special case of the ADMM is the sharing (S-ADMM) problem, which is defined in 

eq. (1.7) where xi ∈ Rn, fi is the local cost function for subsystem i, and g is the shared

objective.
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Convergence analysis of the S-ADMM is presented in [87]. If the shared ob jective g is an in

dicator function of set 0, the problem becomes an optimal exchange problem. In the optimal 

exchange problem, the components represented by the variable xi are exchanged between 

the participating N subsystems until the cost function of each subsystem is minimized. The 

optimal exchange problem is defined as

where iN=0 xi = 0 is the equilibrium constraint that balances for the commodity being

exchanged between the subsystems. The algorithm steps for solving the exchange problem 

using generic S-ADMM are shown in Table 1.2. xk is the average of all the variables xi.

Table 1.2: S-ADMM algorithm for optimal sharing.

1.7.3 Smart Contract and Blockchain-Based Bidding

The traditional rule-based bidding or e-bidding system can be broadly classified into 2 

types: 1) public bidding and 2) sealed bidding. English and Dutch auctions are examples 

of public bidding, whereas first-price and second-price sealed bid auctions are examples of 

sealed bidding [88]. Also, the bidding system can either be forward, a single seller and 
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multiple buyers, or reverse, a single buyer and multiple sellers [89]. In this work a reverse 

sealed bidding auction for flexibility reserve scheduling is proposed.

In the previous chapter, the operation of the Ethereum network was described and how 

smart contracts can be deployed on the Ethereum network and triggered to perform assigned 

tasks. This section will explain how it can be employed to perform a reverse sealed bidding 

auction. The algorithm flowchart is explained in Table 1.3. A description of the methodology 

used for distributed optimization is presented in the following subsection.

Table 1.3: Algorithm for blockchain and smart contract based reverse sealed bid auction.

Algorithm 3: Blockchain and smart contract framework for reverse sealed bid auction

1. Initiate the auction if the smart contract is triggered by the buyer's node address 
and the transaction is validated.

2. The potential sellers are informed ”the auction is open” and are provided with all 
the information about the auction.

3. The seller submits the information as requested by the buyer.

4. if the seller's input meet the buyer's requirements then

5. The seller's transaction is approved and added to the blockchain.

6. else

7. Reject participation of the seller.

8. Notify the qualified sellers that they are eligible to bid.

9. if the bid is submitted from the qualified seller's node address before the deadline, 
then

10. The bid is added to the blockchain as a valid transaction.

11. else

12. The bid is rejected.

13. if time > deadline then

14. Notify the sellers that the bidding is closed and announce the winners.

15. end
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1.8 Methodology for Distributed Optimization

In the previous subsection, methods for semi-distributed optimization in power distri

bution networks were discussed. This subsection presents a brief explanation about algo

rithms used for distributed optimization in power distribution networks, including distributed 

consensus-based ADMM and blockchain.

1.8.1 Distributed Consensus-Based ADMM (DC-ADMM)

Let us assume that the system under study is an uni-directed graph represented as

:= (N, ε), where N := {0,1, 2..., n} is the set of nodes and ε is the set of edges connecting 

these nodes in the network. The optimization problem is divided into N parts with the global 

variable x defined as

22

where x ∈ Rn and the local objective functions fi for each node i are strictly convex. The 

shared global variable is split into local variables xi and the optimization problem with 

separate objective functions for each node is defined as

where each of the local variables xi is a component of the global variable z ∈ Rn. Let zi 

represent the component of the global variable corresponding to the local variable xi. The 

general form consensus problem can now be rewritten as



where ui ∈ Rn is the dual variable. The ADMM algorithm steps for solving the general 

consensus problem defined by eq. (1.12) are shown in Table 1.4. m in line 6 is the number 

of global variable components corresponding to the local variables. In this consensus-based 

optimization procedure, the global variable component of the local variable xi is transmitted 

by each node to the central aggregator to execute the global variable update step.

Table 1.4: General consensus ADMM procedure.

A version of the consensus ADMM optimization algorithm where copies of the local 

coupling variables are transmitted to the neighboring nodes instead of the central aggregator 

is proposed in this work and is termed as the distributed consensus-based ADMM (DC- 

ADMM). The augmented Lagrangian function to solve the problem defined in eq. (1.9) 

using DC-ADMM is defined as
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The augmented Lagrangian function for the problem represented by eq. (1.11) is given by



where xj is the copy of the local variable of neighboring node j at node i. The neighboring 

nodes of node i are j ∈ Ai or j ∈ Ci , where Ai are the neighboring parent nodes and Ci are 

neighboring children nodes.

The steps to solve the optimization problem using the scaled form of the DC-ADMM are 

presented in Table 1.5. ρ1 and ρ2 are penalty parameters, uji and uij are dual variables, and 

et°o is the tolerance value of the residual. The DC-ADMM method guarantees convergence 

only for strictly convex problems. However, variable DERs and energy storage systems 

introduce binary variables in the optimization problem, making the problem mixed-integer 

and nonconvex and the convergence of those problems when solved using DC-ADMM is not 

guaranteed. We propose a relax and fix heuristic algorithm to solve mixed integer non convex 

problem, which is explained in the following subsection.

Table 1.5: DC-ADMM procedure.
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1.8.2 DC-ADMM with Relax and Fix Heuristic Algorithm

The Lagrangian relaxation of the problem defined in eq. (1.11) with binary variables 

xb ∈ {0, 1} ⊂ xi is given by

The binary variables in the above problem are modified to the constant values using the 

relax-and-fix (RF) heuristic algorithm, making the optimization problem convex for which 

the convergence is guaranteed using the DC-ADMM.

The RF algorithm in this work is initialized with the set of binary variables xb, the 

number of binary variables to be chosen xbn, and the execution time limit or iteration limit 

α. Firstly, all the binary variables xb in the problem are relaxed to take any value between 

0 and 1. The set of some variables xbn are then enforced to be binary variables that are fixed 

and the rest of the variables are kept relaxed. The optimization problem is then solved using 

the DC-ADMM until it reaches the iteration limit. The variables xbn are than fixed to xbn,f ix 

and a new set of variables are enforced to be binary variables and the process is repeated until 

all the binary variables are fixed, therefore xb = xb,fix and the DC-ADMM converges with 

an optimal solution. The algorithm steps for the DC-ADMM and RF heuristic algorithm 

are presented in Table 1.6.

1.9 Timeseries Data Acquisition and Disaggregation

The long-short term memory (LSTM) based recurrent neural network (RNN) model, a 

class of artificial neural networks, is developed and trained for short-term residential load 

forecasting in this work. The artificial neural network's performance depends on data acqui

sition and preprocessing, which is explained in the following subsections.
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Table 1.6: DC-ADMM and RF heuristic algorithm procedure.

Algorithm 6: DC-ADMM + RF procedure
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1.9.1 Data Acquisition

The four main methods of acquiring data are: 1) collecting new data, 2) converting 

or transforming legacy data, 3) sharing or exchanging data, and 4) purchasing data [90]. 

For this work, the new residential energy consumption data is collected using a WiFi-based 

IotaWatt™ energy monitoring system installed at a residence in Fairbanks, Alaska. The res

idential energy consumption (load) is tabulated from the voltage and current measurements 

acquired using a voltage transformer (VT) and current transformers (CT), respectively. The 

important step in collecting new data is the conversion of analog data from the sensors 

(VT and CT) to the digital format. This is done via an ESP32-based [91] analog to digital 

converter in the IotaWatt™ energy monitor. The data is stored in the timeseries database 

influxDB with a resolution of 10 seconds.

1.9.2 Data Preprocessing

The residential load data used to train the LSTM model for short-term load forecasting 

is down-sampled from 10 second to 10 minute resolution. The residential load data sample 

for a one month period from April 16, 2021 to May 15, 2021 is shown in Figure 1.4. From

Figure 1.4: 10 minute resolution one month residential load data sample.

Figure 1.4 it can be observed that certain data values that are significantly different in 

magnitude from the other values in the data sample. These data values are termed outliers.
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If the outliers are not frequent, their impact can be mitigated by removing or changing the 

outlier values or data binning. However, in the load dataset, the outliers are frequent and 

non-periodic and occur when consumers use medium to heavy-duty electrical appliances. 

Hence, in this work, the load dataset is disaggregated into baseload and outlier time series 

data using a Hampel filter [92]. The disaggregated data is then used to train two LSTM 

models for residential load forecasting and is presented in Chapter 4.

1.10 Summary and Organization of Subsequent Chapters

This dissertation has been written in manuscript form. Chapters 1 and 5 describe the 

dissertation's general introduction, employed algorithms, and overall conclusions. Chapter 2 

is an unpublished manuscript that presents the co-optimization of power flow and flexibility 

reserve using the semi-distributed parameterized deterministic method and blockchain. The 

authors intend to submit this manuscript for review and possible publication in the IEEE 

Transactions on Sustainable Energy. Chapter 3 combines a peer-reviewed journal and a con

ference paper on the distributed algorithm for power flow using blockchain and is published 

in IEEE Access and IEEE Greentech 2021, respectively. Chapter 4 is an accepted confer

ence paper and presents a residential level load forecasting algorithm for OPF. The paper is 

accepted for presentation at the IEEE PES General Meeting 2022.

The organization of all the chapters in shown in Figure 1.5. Chapter 2 presents the 

algorithm for semi-distributed OPF, which is further decomposed to distributed OPF in 

Chapter 3.
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Figure 1.5: Research flow and thesis organization.
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Chapter 2. Three-Stage Learning-Based Power Flow and Flexibility Reserve 

Co-Optimization for Converter Dominated Distribution Network Look-ahead Model using 

Blockchain and S-ADMM*

*C. Shah and R. W. Wies, ”Three-Stage Learning-Based Power Flow and Flexibility Reserve Co
Optimization for Converter Dominated Distribution Network Look-ahead Model using Blockchain and S- 
ADMM - part I & II,” in preparation for submission to IEEE Transactions on Sustainable Energy.

2.1 Abstract

The integration of power electronic converter (PEC)-based renewable distributed energy 

resources (DERs) and controllable loads in electric power grids is growing exponentially due 

to increased interest in reducing carbon emissions. However, the DER power output uncer

tainty limits their contribution to the overall system reliability. With the high penetration of 

these PEC-based DERs, the impact of variability in power generation on system reliability 

can no longer be neglected. Hence in this work, the new flexibility index “variation in gen

eration capacity (VIGC),” which tabulates the variation in generation capacity of variable 

DERs to the overall generation adequacy, is defined to schedule the flexibility reserve in 

advance. Also, the variation in DER generation and load, coupled with forecasting errors, 

introduces epistemic and aleatory uncertainty in the optimal power flow (OPF) problem and 

makes it stochastic and non-convex. This work proposes using a parameterized deterministic 

look-ahead (DLA) policy to solve this stochastic non-convex OPF problem in the first stage, 

which uses the parametric adjustment to the forecasts and energy storage constraints in the 

deterministic model. The blockchain network, smart contracts, and sharing alternating di

rection method of multipliers (S-ADMM) based distributed optimization are also employed 

to minimize the cost of scheduling the flexibility reserves in the second stage while shar

ing the reserves between multiple balancing authority (BA) areas. A smart contract-based 

bidding framework to procure flexibility reserves is also proposed. The algorithm is tested 

for 11-bus two BA area power system model. The results demonstrate that the proposed 

methods reduce the impact of uncertainty in the distribution network, minimize the cost of 
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flexibility reserves, and automate and secure the flexibility reserve bidding process through 

the use of smart contracts and a blockchain network.

2.2 Introduction

Environmental and climate change issues have led to higher penetrations of power elec

tronic converter (PEC)-based renewable distributed energy sources (DERs) in the power 

distribution network. By 2050, it is estimated that approximately 85% of energy will be 

delivered from renewable energy sources [1]. Along with the power grid, the electrification of 

the transportation system will cause a surge in demand for plug-in electric vehicles (EV) and 

a need for vehicle-to-grid (V2G) infrastructure [2]. The rapid growth in these PEC-based 

sources, unbalanced and nonlinear loads [3], and V2G infrastructure will bring new chal

lenges and issues to the traditional power flow in the distribution network [4; 5]. Studying 

and solving the power flow problem in distribution networks incorporating a large amount 

of PEC-based sources has become a significant concern for electrical engineers and utilities. 

The difficulty in predicting the net electric vehicle load and large forecasting error for PEC

based DERs can cause reliability issues leading to outages. Hence state-of-the-art optimal 

power flow (OPF) methods will be required for converter-dominated distribution networks to 

optimally schedule PEC-based DERs and maximize the reliability of the power distribution 

network.

Various methods have been developed to solve the OPF problem with a goal to opti

mize the system objective functions such as total generation cost, system loss, bus voltage 

deviation, emission of generating units, and load shedding while satisfying the operational 

and network constraints [5] as discussed in Chapter 1 of this dissertation. In this work, the 

parameterized deterministic look-ahead (DLA) methodology is proposed to make parametric 

adjustments to the forecast and energy storage constraints to handle epistemic uncertainty 

that arises due to the lack of knowledge of the system or model [6] and aleatory uncer

tainties that arise due to the unpredictable and random nature of the system while solving 
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the stochastic OPF problem in a semi-distributed manner. The semi-distributed OPF is 

executed at the primary substation or feeder level and is defined in [7]. Also, the binary 

variables in the energy storage constraints make the stochastic OPF problem non-convex.

One of the goals of solving the OPF problem in the existing literature is to maintain the 

reliability of the distribution network. The authors of [8; 9] discuss reliability assessment for 

power systems with DER penetration. The DERs are inefficient, inconsistent, and physically 

unreliable [10; 11], and hence there is a need to tabulate the variation in the generation from 

DERs for better scheduling of the flexible reserves to maintain system reliability. In this 

work, we define a flexibility metric “variation in generation capacity” (VIGC), to estimate 

the change in DER generation capacity, allowing us to determine the flexibility reserve 

required to meet the reliability targets and handle uncertainties. The authors of [12; 13] 

have developed a model to assess the flexibility reserves for the stochastic OPF problem. The 

limitations of the model in [12] are that it considers point forecasts and does not quantify 

uncertainties or tabulate flexibility metrics to schedule flexibility reserve. The work in [13] 

uses Bernstein polynomials to solve the day-ahead OPF problem with flexibility reserves, 

which is computationally intensive and takes around 30-45 minutes to converge for high 

fidelity models that captures more variability and uncertainty in the net load. Both of these 

issues are addressed in [14] by defining the uncertainty band and day-ahead MPC controller, 

but the authors of this work do not consider exogenous information that is available after the 

decision is reached since the day-ahead optimization and reserve scheduling is carried out at 

10 a.m. on the day before the 24-hour optimization period. However, due to variation and 

uncertainty in the power generation from DERs, there is a need to update the optimization 

criteria and reserve requirements at each time step [15].

Along with the frequent updates in the scheduling of flexibility reserves, minimizing 

the cost of reserves is also important. In this work both of these issues are addressed 

through reserve sharing and distributed optimization using the sharing alternating direction 

method of multipliers (S-ADMM), blockchain, and smart contract. The sharing of reserves 
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between the multiple balancing authority (BA) areas can reduce the total flexibility reserve 

requirements and also lower the system costs while maintaining the system reliability [16]. 

The S-ADMM in this work is used to minimize the cost of scheduling the flexibility reserves 

for all the BA areas sharing the reserves in a distributed manner. The BA areas will broadcast 

information about the flexible reserve requirements to the smart contract over the blockchain 

network, which is maintained by the reserve sharing entity (RSE). The cost and schedule 

of flexibility reserves based on the flexibility reserve requirements is obtained through smart 

contract based bidding. The basic smart contract based decentralized auction over the 

blockchain network is presented in [17].

The main objective of this research is to solve a three-stage co-optimization problem of 

power flow and flexibility reserves using the parameterized DLA method, blockchain, and S- 

ADMM as shown in Figure 2.1. The transmission network and voltage violation constraints 

are not considered for optimization in this work. The main contributions of this research 

work are as follows:

1. Solve the three-stage rolling horizon co-optimization problem for converter-dominated 

distribution networks with the objective of the first stage being the non-convex OPF, 

tabulating flexibility reserve metrics and smart-contract based flexibility reserve bid

ding in the second stage, and minimizing the cost of scheduling flexibility reserves in the 

third stage. The main goal of this work is to shed light on the operational implications 

of tabulating flexibility reserve requirements in a converter-dominated distribution net

work. The bid or offer to provide the flexibility reserves must be made more frequently 

as opposed to the current practice of bidding a day before the 24-hour operation period 

for reserve scheduling.

2. Propose a parameterized DLA algorithm to solve the non-convex lookahead OPF prob

lem that adapts as the new exogenous information about the forecast and network con

straints becomes available. It uses learning-based error correction, reducing the impact
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Figure 2.1: Three-stage power flow and flexibility reserve co-optimization algorithm block 
diagram.
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of epistemic uncertainty in the system. The algorithm also adds tunable parameters 

to the forecast and energy storage constraints to handle the aleatory uncertainties in 

the OPF problem.

3. Define the VIGC to estimate the probability of variation in DER generation for a pe

riod of high penetration of variable DERs. Incorporating VIGC in the OPF problem 

will help schedule alternative generation units or flexibility reserves in advance, since 

immediate scheduling of alternative generation units through real-time economic dis

patch (RTED) to compensate for inconsistency in DER power generation results in 

higher operation and maintenance costs.

4. Propose an Ethereum network smart contract-based bidding framework to schedule 

flexibility reserves that enables the BA areas to directly connect with the available 

generation resource bidders at each step. Additionally, to the best knowledge of the 

authors, the blockchain and smart contract framework to bid and schedule the flexibil

ity reserves and minimize its cost using S-ADMM based distributed architecture has 

never been proposed in the literature.

2.3 OPF Base Model and Flexibility Metrics

In this section, we develop the base model to solve the OPF problem for the converter 

dominated distribution network. The base model is composed of five elements: state vari

ables, decision variables, exogenous information variables, transition function, and objective 

function as described in this section. The flexibility metrics that are incorporated in the 

OPF problem are also explained in this section.

2.3.1 Distribution Network Model

The radial graph distributed network model := (N, ε), where N := {0,1, 2..., n} is 

the set of nodes and ε is the set of distribution lines connecting these nodes in the network. 
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N = 0 represents the root node, and the other nodes in N represent the branch nodes. For 

each node i, it has a unique parent node Ai and a set of children nodes Ci = [ji, j2, ... , jk]. 

For each line that connects node i to its parent node Ai, let zi = ri + jXi be the impedance 

of the line.

For each node i ∈ N, let Vi be the complex voltage, vi = |Vi|2, and si = pi+jqi be the net 

complex power injection. Let Ii be the complex current flowing from node i to parent node Ai, 

li = |Ii|2, and Si = Pi + jQi be the complex power flowing from node i to child node Ci. The 

set of network components at a particular node i are dispatchable synchronous generators, 

photovoltaic (PV) generation units, wind power generation units, customer-owned battery 

energy storage (BESS), ISO-owned BESS, transportable BESS, loads, and electric vehicles.

2.3.2 State Variables

The state variable provides all the information needed at time t from historical data to 

model the system forward from time t. The state variable is distinguished for the initial 

state S(0) and the dynamic state S(t) for t > 0. The initial state S(0) contains deterministic 

parameters and initial values of dynamic parameters, while the dynamic state S(t) contains 

all information that changes dynamically over time. The dynamic state S(t) to model the 

system at time t includes the following variables:

piy(t) - active power load demand and generation at time t

qil(t) - reactive power load demand at time t

Eicob (t) - energy in customer-owned BESS at time t

EiISOb(t) - energy in ISO-owned BESS at time t

piISOb-loss (t) - power loss in ISO-owned BESS at time t

qiISOb-cvt (t) - reactive power flow to/from ISO-owned BESS converter at time t

Eitb(t) - energy in transportable BESS at time t

ciFR(t) - flexible reserve cost of generator/BESS at time t

pgF (t) - maximum flexibility reserve available from generator i at time t 
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where y ∈ {load (l), electric vehicle load (evl), PV, wind}. The forecast for time t > t at 

time t is dynamic and changes over time and the variables are defined as

The initial state S(0) is

where fil(t),fiPV(t), and fiwind(t) are the initial load, PV,wind power, and electric vehicle load 

forecast, respectively, at time t = 0, Pig and Pig are the minimum and the maximum power 

generation from the thermal generation units, respectively, PgS is the maximum spinning 

reserve for a power generation unit, ηSR is the required percentage of spinning reserve from 

a thermal generation unit, Eib and Eib are the minimum and maximum energy available from 

BESS, respectively, Eibo in the initial available energy storage, and b ∈ {cob, ISOb, tb}. ηch 

and ηdch are the charging and discharging efficiency for the BESS, respectively. riISob is 

the internal resistance of the ISO-owned BESS, ricvt is the resistance of the corresponding 

converter, and sicvt is the maximum apparent power output of the ISO-owned BESS converter. 

cd is the degradation cost of the BESS whose optimal value is tabulated in [18]. α, β, γ are 

the initial fuel cost parameters for the thermal and diesel generating units.
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based on the forecast error prediction.

The state variable at time t is



2.3.3 Decision Variables

The decision variables describe the constraints that define what decisions the optimiza

tion problem can reach. The following are the decision variables for the optimization of 

power flow in the converter-dominated distribution network.

relaxation are
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prediction algorithm, where y ∈ {l, evl, P V , wind}.

The network constraints for the OPF problem with second-order cone program (SOCP)



where t = 1, 2, 3, . . . , T , and T = 24h. The net active and reactive power injection at a 

particular node i are given by 

where χgS (t) ∈ {0, 1} is mutually exclusive.

The mixed-integer linear customer owned BESS model, which is dependent on charge and 

discharge cycle efficiencies and ignores losses as well as the degradation has the following 

constraints
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The practical constraints for the thermal generators, including spinning reserve are



The ISO-integrated BESS is a viable and cost-effective solution to account for the vari

ability and uncertainty of loads and renewable energy resources in the power distribution 

network. But degradation and ohmic power losses in the BESS are inevitable. The ISO

owned BESS model incorporating ohmic power losses has the following constraints

The transportable BESS can be used as non-spinning reserve or storage to minimize the 

curtailment of renewable energy resources and load shedding, and its sizing and constraints 

are based on the criteria defined in [19; 20].

The EVs with the energy demand Eievl have the following constraints
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2.3.4 Exogenous Information

Exogenous information becomes available at each corresponding time period after a de

cision is reached. The exogenous variable can be modeled using probability distribution or 

the measured data. In this work the exogenous information is the deviation of the acquired 

or measured data from the forecast after the decision is reached. The exogenous variables 

are as follows:
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2.3.5 Transition Function

The transition function determines how the state variables in the model transition from 

the state S(t) to S(t + 1). The transition function is defined as follows:



where d(t) are the decision variables and E (t + 1) is the exogenous information. For certain 

variables, the data for S(t + 1) is measured or observed rather than computed. The variable 

instances where the data at time t + 1 is observed in this work are: pli(t + 1), pipv (t + 1), 

where Tp is the regular time interval when new forecast data is acquired and processed to 

solve the optimal power flow problem and y ∈ {l, evl, P V , wind}.

Figure 2.2: Evolution of renewable DER and load forecast and system state for time t' > t, 
therefore at time t + 1 as compared to time t for 24 hour period.

2.3.6 Modeling Forecast Error

Statistically, the forecast error is the deviation of the actual or measured value from the 

forecast value. It is important to tabulate the probability distribution of the forecast error 

to modify the original forecast. In this subsection, the wind, PV, and load forecast error are 

modelled.
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fW'n∙d(t + 1,t' ), fievl(t + 1,t' ). The evolution of the renewable DER and load forecast and 

system state for time t > t, therefore at time t + 1 as compared to time t for 24-hour period, 

is shown in Figure 2.2 and represented as follows:



where y ∈ {l, evl, P V , wind}.

2.3.7 Flexibility Metrics

In the past, power generation units transferred electrical energy through the transmission 

system and then to the customers through the distribution system, which created a distinct 

transmission-distribution (T-D) interface and enabled reliable operation of the power grid 

[22]. Also, due to the distinction between the transmission and the distribution networks, 

the reliability metrics and standards defined to evaluate the outage frequency, outage times, 

generation unit availability, and resource adequacy for reliable operation of the grid are only 

applicable to the transmission network unless equipment within the distribution network 

has a direct impact on grid reliability. However, in recent times there has been a significant 

increase in the penetration of variable and intermittent DERs at the distribution level, 

which has altered the power flow at the T-D interface [23]. Hence, it is imperative to 

equate traditional or other alternative reliability metrics to calculate generation and resource 

adequacy and capacity contribution of variable DERs such as PV and wind. Tabulating these 

reliability metrics will also help schedule flexibility reserve to address the imbalance caused

55

Modeling the probability distribution of forecast error is important to create a realistic 

behavior of the variable DER and load forecast. The absolute forecast error for the state of 

the system at time t + 1 can be represented as the difference between the forecast fiy (t, t) 

for time t made at time t and the actual DER generation or load at time t and is shown in 

eq. (2.11).

In this work an auto-regressive model is used to predict the forecast error [21]. The predicted 

forecast error is then used to correct the forecast as expressed in (2.12).



due to the variability and uncertainty of generation from variable DERs in the distribution 

network [24; 25; 26].

From a planning point of view the system might appear to have enough flexibility, but 

it cannot be accessed if operational aspects are not taken into account [27; 28]. Hence, the 

flexibility reserve requirements are tabulated in this work for future constrained operating 

conditions** to enhance operational reliability. The proposed procedure to tabulate the 

flexibility reserve requirements is as follows:

**The constrained operating conditions correspond to the operating hours where variable DERs are meet
ing a large portion of the demand, system load is expected to be low, or system ramp capability is nearing 
the required ramp rate [29].

†† The percentage can be changed based on the availability of flexible reserve to meet the largest change 
in generation.

1. Obtain the expected minimum load for time t' at time t, YL(t,t'), from fi(t.t') and 

fΓ,(t.t).

2. Tabulate the percentage of variable DER penetration for time t' at time t,

3. If YDER(t,t') < 20%††, then the system power balance can be maintained through 

available flexible reserve, else go to step 4.

4. YDER(t, t ) > 20%: Obtain information on the extreme weather situation for time t 

at time t, therefore excessive heat (αeh(t, t )) and extremely low (αlw(t, t )) or high 

winds (αhw(t, t )), that would affect the power generation from PV and wind and their 

occurrence probability of low, moderate, or high defined as αLP(t, t ), αMP(t, t ), and 

αHP(t, t ) ∈ {0, 1}, respectively [30].

56



where δ is the temperature coefficient (negative in sign) of the installed PV modules, 

which is the percentage decrease in the energy production per degree increase in tem

perature above 25 ◦C or 77 ◦F . It is assumed to be same for all installed PV systems 

in the distribution network for this work. TPVpanel(t, t') is the temperature forecast 

of the PV panels for time t' at time t and Top is the tested operating temperature 

of the PV panels [31]. The negative value of VIGCDER(t,t') means a reduction in 

power generation from variable DERs as compared to the forecast and is exogenous 

information.

6. The flexibility reserve pFR(t, t') that needs to be scheduled for time t' at time t is given 

by
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5. Tabulate the change in generation, VIGCDER(t, t'), of variable DER for time t' at time 

t as described for PV and wind generation units in eq. (2.15).

2.3.8 Objective Function

The cost function of the thermal and diesel generation at bus i is given by



The degradation cost function of the BESS in [32] is incorporated into the OPF ob jective 

function and is given by
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where xi (t) represents all the decision variables.

The ob jective function of the model that will choose the best policy to minimize the 

use of thermal and diesel generation while considering the BESS degradation costs and also 

minimize the cost of scheduling the flexible reserve is given by

2.4 Parameterized Deterministic Look-ahead Policy

The look-ahead model for the power flow optimization developed in this work has vari

ables indexed by time t at which the decision is reached and time t', which is the period 

within the look-ahead horizon. The variables for the look-ahead horizon are labeled with 

a ~. Now, the look-ahead optimization problem over the horizon T can be solved using a 

direct look-ahead policy. Direct look-ahead-based policies are categorized into DLA policies 

and stochastic look-ahead policies. The stochastic look-ahead policy is hard to compute, and



hence the DLA policy is most commonly used to solve a look-ahead model, which assumes 

that the optimization problem is deterministic. It also treats the forecast variables as latent 

variables, therefore, the forecast is not updated when there is a transition from time t to 

t + 1 in the look-ahead model.

2.4.1 Deterministic Look-ahead Model

The DLA policy Xπ(S(t)) for the OPF problem can be represented as a mixed-integer 

problem as follows:

2.4.2 Parameterized Deterministic Look-ahead Model

The deterministic look-ahead model discussed in the previous subsection incorporates 

the methodology to address DER and load forecast error, but it will only reduce epistemic 

uncertainty and does not account for the unexpected or aleatory uncertainties. The aleatory 

uncertainty in the power distribution network is mainly due to the random human behavior 

in consuming energy, irregularities in weather patterns, and faults in the system and cannot 

be reduced. In this work, parametric terms are appended to the existing constraints to 
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The constraints for xi(t,t) ∀ t' = t + 1,....,T are (2.3a)-(2.8d) but labeled with a ~. 

However, the constraints for xi(t,t') to which the tunable parameters will be added are as 

follows:



handle aleatory uncertainty. The methods used to model aleatory uncertainty are based on 

the probability distribution. The probability distribution of the DER and load forecast error 

is assumed to be a normal distribution in this work. The prediction interval within which 

the uncertainty is expected to lie with a specified probability is given by 

where y ∈ {P V, wind, load}, τ is the previous 24-hour horizon, κ is the % prediction interval 

multiplier, σ is the standard deviation of the residuals, and t = t + 1 since the prediction 

interval for uncertainty will be augmented in the constraints for only one time-step ahead. 

The minimum and maximum operators, θiy(t, t ) and θiy(t, t ), respectively, in the tunable 

parameter prediction interval will make the constraints non-convex and the constraints are 

relaxed by auxiliary binary variables χiAD(t, t ) and χiAD(t, t ). The change in the constraints 

in eq. (2.22) with tunable parameters is represented by
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2.5 S-ADMM and Blockchain-Based Optimization for Flexibility Reserve Scheduling

The power flow estimates and the flexibility reserve requirements for each feeder in the 

BA areas participating in reserve sharing are obtained using the framework discussed in the 

previous sections and are broadcast to the smart contract maintained by the reserve sharing 

entity (RSE). The ob jective function to minimize the cost of scheduling flexibility reserves 

for each BA area and the shared cost for all BA areas participating in reserve sharing is as 

follows:
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where CFR(t,t') is the cost of flexibility reserve from generation unit i in BA area j for time 

t' > t at time t and pFji (t, t') is the flexibility reserve scheduled from generation unit i in BA 

area j for time t' > t at time t. Nb are the number of BA areas and Ng are the number of 

generation units. The optimization problem is subject to the following constraints.

where pFRj(t, t') is the maximum flexible reserve requirement of BA area j for time t' > t to 

be scheduled at time t and p?Fji (t,t') is the maximum flexible reserve available from generation 

unit i of BA area j for time t' > t at time t.

The problem defined in eq. (2.26) can be solved in a distributed manner using ADMM 

and is an optimal sharing problem where each BA area will schedule the generation unit 

pFji(t,t'), ∀j ∈ RNb, ∀i ∈ Rn with an objective to minimize the local cost function given by



The problem defined in eq. (2.26) is solved iteratively using S-ADMM as 

where xj is the local variable of BA area j with xj = [PgF ]∀i = 0, 1, . .., NG and zj is the 

global variable representation of local variable xj. Each BA area will execute the x-update 

independently and send xjk+1 to the smart contract on the blockchain network. The virtual 

aggregator (smart contract) gathers xjk+1 from all the BA areas and tabulates zk+1. The 

zjk+1 are broadcast to the local controllers in BA areas for the U-update Ujk+1 and the next 

x-update iteration. The algorithm continues until jN=b1 xj = 0.

The available generation units capacity PgF and their price CiFR(t, t ) to provide flexibil

ity reserves are procured through the offer-based market. A smart contract based bidding 

framework is proposed in this work to procure the flexibility reserves as shown in Figure 2.3.

The rules for pre-qualification to provide flexibility reserves as mentioned in the pre

approval step at the far left in Figure 2.3 are as follows:

1. Generation resources, synchronized or not synchronized to the system, must be able 

to provide power within 30 minutes [15].
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2. Generation resources must be located within the BA areas that are participating in 

reserve sharing.

3. Generation resources, such as nuclear, wind, and solar PV units, and behind the meter 

or distribution scale batteries that cannot provide flexibility reserves for an entire hour, 

cannot reliably provide flexibility reserve obligations in real-time and must be excluded.

Figure 2.4: Exchange of information between BA areas for distributed optimization to min
imize the cost of scheduling flexibility reserves.

The generation resources that fulfill all the above requirements are eligible to submit 

the bid to provide flexibility reserves. Demand response can also be a part of bidding 

and scheduling flexibility reserves but is not included in this work. Each BA area would 

have different bylaws and criteria, and the proposed algorithm and smart contract can be 

updated accordingly. The overall procedure to obtain flexibility reserve requirements from 

OPF, flexibility reserve bidding, and minimize the cost of scheduling flexibility reserves is 

presented in Figure 2.4 and Table 2.1.
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Table 2.1: Three-stage OPF and flexibility reserve optimization procedure
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2.6 Case Study

In this section testing the proposed methodology is discussed for BA areas with PEC- 

dominated distribution networks. The modeling of the BA area and the details about the 

variable DERs, residential loads including electric vehicles, and BESS are also presented in 

this section.

The proposed algorithm is tested using the 11-bus two BA area power system model 

[33; 34] and is modified based on the requirements for this work as shown in Figure 2.5. The 

IEEE 123-bus test distribution feeder is considered in both the BA areas of the 11-bus power 

system network for the T-D interface. The IEEE 123-bus test distribution feeder consists of 

114 branch buses and is modified to a balanced network [35]. The nominal operating voltage 

of the test feeder is 4.16 kV. The distribution feeder system model for both of the BA areas 

is presented in the following subsection.

2.6.1 BA Area Distribution Feeder Model

The power distribution feeder in BA area 1 consists of 114 branch buses and is based 

on the load profile aggregation (LPA) algorithm defined in [36], with each bus consisting of 

approximately eight houses with a peak load of 4 kW/house. Each house has roof-top solar 

PV, a customer owned BESS, and an electric vehicle. Wind and solar PV farms and ISO 

owned BESS are also integrated at some of the buses in the distribution network.

2.6.1.1 Residential Load Model

The residential load at bus i at time t in the distribution network is represented as 8xpli(t) 

and 8xqil(t). The load forecast at bus i for time t at time t is given by 8xfil(t, t ). The actual 

energy consumption and load data is obtained using the IoTaWatt WiFi energy monitor [37] 

installed at a residence in Fairbanks, AK. The load forecast data is obtained using the long 

short-term memory (LSTM) based residential load forecasting algorithm and is trained using
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Figure 2.5: One line diagram of two BA area test network with each area based on the IEEE 
123-bus test distribution feeder.
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the historical data collected by the IoTaWatt energy meter. The epistemic uncertainties in 

the load are addressed by predicting the error between the load forecast data and the actual 

monitored load data and using it to correct the load forecast. The aleatory uncertainty, 

which arises due to the variation in the consumer's energy consumption pattern and cannot 

be determined beforehand, is addressed by a parameterized variable in the OPF constraints.

2.6.1.2 Residential PV Data

Residential rooftop PV is installed on all the houses in the distribution network, and their 

rating is 5 kW. Suniva OPT270-60-4-1B0 PV panels are considered in this work with a peak 

power output of 251 W, and 20 such panels are installed at each house. The PV generation 

forecast at bus i for time t at time t is represented by the state variable 8xfpv (t,t'). The 

PV generation forecast is obtained by training the LSTM based recurrent neural network 

model [38] using historical data from the Suniva OPT270-60-4-1B0 mono facial PV panels 

installed at a Fairbanks, AK test site [39].

2.6.1.3 Wind Farm Data

A wind farm with three Aeronautica AW 250 kW wind turbines with 30 m diameter 

rotors is considered at bus 85 in the distribution network in this work. The wind power 

forecast data 3xfiwind(t,t') is obtained using the historical wind speed data logged by the 

sensors and acquisition control unit installed north of Fairbanks, AK [40]. The historical 

wind speed data is converted to wind turbine power data by curve fitting the Aeronautica 

AW 250 wind turbine power curve as shown in Figure 2.6 and eq. (2.30). The historical wind 

power data is now used to train the LSTM model [41] and obtain the forecast.
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Figure 2.6: Aeronautica AW 250 power (solid) and fitted (dotted) curve.

2.6.1.4 Customer-Owned BESS

A customer-owned BESS is considered at all the residential loads with roof-top PV in 

this work. The maximum power rating of the customer-owned BESS is 5 kW with 4 hours 

of storage. The usable capacity is considered between 20% to 80% of the total storage 

capacity of the BESS. The available storage for each time step is updated as per the following 

constraint

2.6.1.5 ISO-Owned BESS

The ISO-owned BESS is installed at the same bus as the wind farm to provide support 

to the grid because of the intermittent characteristics of the wind turbine generation system. 

Another ISO-owned BESS is considered at bus 39 in this work. The maximum power rating 

of each BESS is 250 kW with 3 hours of storage capacity. The usable capacity is considered 

between 20% to 80% of the total storage capacity of the BESS. The available storage for 

each time step is updated as per the following constraint.
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2.7 Simulation Results

The parameterized OPF problem and flexibility reserve scheduling and bidding simulation 

results are presented in the following subsections.

2.7.1 OPF Simulation Results

A 24-hour ahead parameterized OPF problem for operating time period from t = 0 on 

August 17, 2021 at 0:00h to t = T on August 17, 2021 at 23:00h is solved on August 17, 

2021 at 0:00h, to reach decisions based on the present state of the system. The load fil(t, t ) 
and PV power forecast fipv (t, t ) data for each bus and wind power forecast fiwind(t, t ) data 

for the 24-hour ahead operating period on August 17, 2021 at 0:00h are shown in Figure 2.7.

Figure 2.7: (a) Load and PV power forecast for August 17, 2021 and (b) Wind power forecast 
for August 17, 2021.
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In order to reduce the impact of aleatory uncertainty, the tunable parameters θiy (t) are added 

to the constraints for the first operating hour, and the OPF problem in eq. (2.21) is solved 

for the 24-hour period.

On August 17, 2021 at 1:00h, the exogenous information about the actual load consump

tion and generation from PV and wind turbines for the previous operating hour is used to 

calculate the actual residual error using eq. (2.11). It is an input to the autoregression model 

presented in eq. (2.33) and is used to predict the residual error for the operating hour on 

August 17, 2021, from 1:00h to 2:00h. The OPF problem is solved for the 24-hour ahead 

period from August 17, 2021 at 1:00h to August 18, 2021 at 0:00h. The results for the rolling 

24-hour ahead OPF problem from August 17, 2021 at 0:00h to August 18, 2021 at 4:00h are 

presented in Figure 2.8.

It can be observed from the results in Figure 2.8 that the electric vehicle load is scheduled 

to charge during the hours when the power from PV and wind generation units is abundantly 

available. Also, fewer charge-discharge cycles of ISO-owned BESS are observed due to the
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The information about the residual error for load, PV, and wind turbine power for the 

previous 24-hour period from August 16, 2021 at 0:00h to August 16, 2021 at 23:00h is 

used to predict the residual error for August 17, 2021 at 0:00h. The residual error eiy (t) 

is predicted by the trained auto-regression model that takes actual residual error from the 

previous 24-hour period and is represented by

where ε(t) is the white noise, τ = 24h for this work, ϕ1,ϕ2,... ,ϕτ are the hyperparameters 

of the autoregressive model, and y ∈ {load, P V, wind}. The predicted residual error is then 

used to correct the forecast as follows:



Figure 2.8: Rolling OPF results from August 17, 2021 at 0:00h to August 18, 2021 at 4:00h.

battery degradation cost function augmented in the objective of the OPF problem.

The schedule for the BESS (piISOb(t) and picob(t)) and the generator units on the trans

mission side pig (t) includes the additional requirements predicted by the tunable parameters 

θiy (t) to address the aleatory uncertainties prevailing in the network. The minimum and the 

maximum values of the interval for θiy (t) is tabulated based on the 95% prediction interval. 

The optimal value of θiy (t) added to the forecast along with the minimum and maximum 

value and the actual measurements during the first four hours of operation are shown in 

Figure 2.9. The values of theta for the 95% prediction interval are shown in Table. 2.2. The 

results in Figure 2.9a and Table. 2.2 show that the actual load consumption lies between the 

95% prediction interval of the load forecast. Also, the generation units or BESS are sched

uled in advance for additional load demand presented by θl (t) in the results. As a result, 

no additional generation would be needed during the real-time dispatch if the actual load is 

more than the forecast, just like hour 2:00 in Figure 2.9a. Similarly, the results of Figure 2.9b 

and Table. 2.2 show that except for hours 1:00 and 3:00, the wind power generation is within 

the 95% prediction interval and above the tunable parameter value θwind(t). Hence, if the
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Figure 2.9: (a) Load forecast with tunable parameter and actual load measurements for four 
hours of operation on August 17, 2021 and (b) Wind power generation forecast with tunable 
parameter and actual measurements for four hours of operation on August 17, 2021.
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Table 2.2: Tunable parameters for load and wind power generation for August 17, 2021 in 
(kW).

[Hour] θl(t) θl (t) θl (t) θwind(t) θwind(t) θwind(t)

0:00 15.51 -15.51 15.51 -25.39 -25.39 25.39

1:00 15.49 -17.21 17.21 -5.57 -8.56 8.56

2:00 14.85 -14.85 14.85 -14.96 -14.96 14.96

3:00 16.14 -16.14 16.14 -24.91 -24.91 24.91

4:00 18.72 -19.51 19.51 -6.12 -6.12 6.12

tunable parameters are not added to the OPF problem to address the issue of aleatory uncer

tainty, scheduling additional generation during the real-time dispatch for power balance due 

to an increase in the load and a drop in the wind power generation would incur additional 

costs. These costs would be significant in larger grids. No results are presented for the PV 

generation unit because its power output from 0:00h to 4:00h is zero.

2.7.2 Flexibility Reserve Scheduling and Bidding Results

Once the OPF results are available for the 24-hour period at 0:00h on August 17, 2021, 

the algorithm tabulates the penetration percentage of DER for each hour as follows: 

where t' ≥ t.

The DER penetration is tabulated at the end of each operating hour. The DER pene

tration percentage from August 17, 2021 at 0:00h to August 18, 2021 at 4:00h is shown in 

Figure 2.10. The algorithm will now obtain information about the weather events such as 

excessive heat, extremely low winds, and extremely high winds during the operating hours 

from August 17, 2021 at 0:00h to August 17, 2021 at 23:00h and their probability of occur

rence. The synthetic event data to test the algorithm is available at [42]. The total flexibility
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Figure 2.10: Percentage penetration of DERs from August 17, 2021 at 0:00h to August 18, 
2021 at 4:00h.

Figure 2.11: Flexibility reserve requirement for BA1 area.

reserve requirement is then tabulated based on the available data. At the end of the operat

ing hour, the flexibility reserve requirement is tabulated for the 24-hour period in a rolling 

manner. The total flexibility reserve requirement from August 17, 2021 at 0:00h to August 

18, 2021 at 4:00h is shown in Figure 2.11. The flexibility reserve requirements for both of 

the BA areas are the same in this work. Before the start of each operating hour, both of 

the BA areas participating in reserve sharing broadcast the flexibility reserve requirements 

to the smart contract on the blockchain network, which invokes the smart bidding contract, 

and the generation unit owner receives notification for bidding along with the deadline. The 

bidding is active for only those hours for which there is an increase in the flexibility re

serve requirements as compared to the previous operating hour, or flexibility reserves have 

previously not been scheduled.

The bids submitted by the generation unit owner for the 24-hour ahead period, starting 

at 0:00h on August 17, 2021, are an input to the S-ADMM algorithm to minimize the cost
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Figure 2.12: (a) Capacity of generators to provide flexibility reserve on August 17, 2021 and 
(b) Bid price submitted by generation unit owners to provide flexibility reserve on August 
17, 2021.

75



of scheduling the flexibility reserves and are shown in Figure 2.12. The optimal cost of 

providing flexibility reserves for 30 minutes for BA1 and BA2 for August 17, 2021, from 

0:00h to 23:00h using S-ADMM is shown in Table 2.3 and is compared with the centralized 

algorithm. The results in Table 2.3 show that there is a difference in the cost of scheduling 

flexibility reserves for BA1 and BA2 during certain hours. Still, the total cost for the 24

hour period is almost similar because the algorithm also minimizes the overall cost for all of 

the BA areas participating in reserve sharing along with the individual BA area cost. The 

generators scheduled to provide flexibility reserves using the centralized algorithm and the 

proposed distributed S-ADMM algorithm for areas BA1 and BA2 are shown in Figure 2.13.

Table 2.3: Cost of scheduling flexibility reserve for August 17, 2021.

Hour
Centralized S-ADMM

BA1 ($) BA2 ($) BA1 ($) BA2 ($)

0:00 0.61 0.61 0.61 0.61

1:00 4.38 4.62 4.49 4.49

2:00 0.6 0.6 0.6 0.6

3:00 0.54 0.55 0.54 0.54

4:00 0.53 0.49 0.51 0.51

5:00 0.62 0.6 0.62 0.61

6:00 0 0 0 0

7:00 1.12 1.06 1.09 1.09

8:00 1.25 1.16 1.21 1.2

9:00 1.26 1.16 1.21 1.21

10:00 2.04 1.75 1.95 1.87

11:00 0.96 1.1 1.02 1.02

12:00 1.66 1.75 1.65 1.58

13:00 1.944 2.21 2.11 2.02

14:00 2.75 2.93 2.57 3.17

15:00 2.31 2.35 2.04 2.31

16:00 2.01 2.32 2.45 2.36

17:00 4.4 3.88 4.43 3.87

18:00 3.23 3.07 3.1 3.28

19:00 1.42 1.42 1.42 1.42

20:00 0.89 0.89 0.89 0.89

21:00 0 0 0 0

22:00 0 0 0 0

23:00 1.00 1.01 1.02 0.98

Total 35.55 35.5 35.53 35.66
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Figure 2.13: (a) BA1 area flexibility reserve schedule generated using centralized optimiza
tion algorithm and (b) BA1 area flexibility reserve schedule generated using proposed dis
tributed S-ADMM optimization algorithm.(c) BA2 area flexibility reserve schedule generated 
using centralized optimization algorithm and (d) BA2 area flexibility reserve schedule gen
erated using proposed distributed S-ADMM optimization algorithm for August 17, 2021 at 
0:00 hour.
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The smart contract broadcast the flexibility reserve schedule to the winning generation unit 

owners and the bidding process ends. This process repeats before the start of each operating 

hour.

2.7.2.1 Reserve Sharing Comparative Analysis

In the scenario described in the previous section, if areas BA1 and BA2 are not partic

ipating in reserve sharing and generators g1, g6, and g9 are available to provide flexibility 

reserves for BA2, then the average hourly cost of providing flexibility reserves for 30 min

utes within an operating hour is approximately $1.62. However, from Table 2.3 the average 

hourly cost of providing flexibility reserves for 30 minutes within an operating hour for the 

BA2 area with reserve sharing is $1.48. Hence, the difference in annual costs of providing 

flexibility reserves with and without reserve sharing for the BA2 area is approximately $1200. 

This does not seem significant since the system's peak load considered in this work is 1200 

kW or 1.2 MW. However, for a system with a much larger load than the system considered 

in this work, for example, a system with a peak load of 1200 MW, the difference would be 

approximately $1.2M .

2.7.3 Computation Details and Convergence Results

The first stage OPF algorithm is simulated in a Python based open-source modeling 

language, Pyomo. The smart contracts are developed using Solidity and executed on a 

private Ethereum network. The S-ADMM algorithm to minimize the cost of scheduling 

flexibility reserves is simulated using the Python based open-source optimization module 

CVXPY. The simulations for each BA area's OPF, x-update, and u-update step of the 

S-ADMM algorithm are executed in parallel using the Python multithreading library. A 

Windows 10 workstation with a 3.6 GHz 11th generation Intel® Core i7 processor and 64- 

GB RAM is used for simulation. The computation time and the solver used for each stage 

are presented in Table 2.4.
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Table 2.4: Algorithm computation time and solver

Stage Solver Time

Stage-1 Stochastic OPF Gurobi ≈25 seconds

Flexibility reserve bidding - 10 minutes (variable)

S-ADMM with blockchain Gurobi ≈5-6 minutes

S-ADMM without blockchain Gurobi ≈4-5 seconds

The results in Table 2.4 show the blockchain causes latency in executing the S-ADMM 

algorithm because the miners validate and endorse all the data broadcast to the blockchain 

network, and the participants have to reach a consensus before the block of data is added 

to the network. However, validation ensures no alteration or malicious data injection in the 

network. Also, in this work, a private blockchain network is used in which only the known or 

selective miners can verify the transactions, further enhancing the data security and access 

control.

The penalty parameter ρ for S-ADMM was initialized to a value of0.05. The value ofρ is 

updated by 5% at each iteration. The algorithm converges when there is equilibrium in the 

variables that are shared between the BA areas. The convergence results of the proposed 

S-ADMM algorithm to minimize the cost of scheduling flexibility reserves are shown in 

Figure 2.14. The algorithm converges in 8 iterations and the residual error during the last 

iteration as explained in subsection 1.7.2 is 4.2e - 4.

Figure 2.14: Residual for the S-ADMM algorithm.
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2.8 Conclusion

The three-stage co-optimization of power flow and flexibility reserves proposed in this 

work is tested for the 11-bus two BA area network. The following conclusions can be drawn 

from the results presented in this work. The OPF results show that the actual load is below 

the forecast load with tunable parameters. The actual wind power generation is also above 

the wind power forecast with tunable parameters for all the operating hours. Thus quantify

ing uncertainty by forecast error correction and optimizing tunable parameters reduces the 

need for immediate scheduling of generation resources during real-time economic dispatch. 

Secondly, the added flexibility metrics enhance the optimization process by determining and 

tabulating the requirements for flexibility reserves during each operating hour with high vari

able DER penetration and help to improve the reliability of the network. The blockchain and 

smart contract-based framework to bid for flexibility reserves ensures only eligible generation 

unit owners submit bids. The smart contract broadcasts bid information directly to the BA 

areas to minimize the local cost of scheduling flexibility reserves and exchanges non-private 

information with other BA areas to minimize the overall cost using S-ADMM. The results 

obtained using S-ADMM are comparable to centralized optimization algorithm results. The 

calculations presented in Section 2.7.2.1 show that reserve sharing reduces the cost of flexi

bility reserves. Lastly, the proposed algorithm takes only a few minutes to execute, including 

the bidding process from the computational results. Hence the proposed algorithm can be 

executed before each operating hour to update the decisions after the exogenous information 

is available.
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Chapter 3. Distributed ADMM using Private Blockchain for Power Flow Optimization in 

Distribution Network with Coupled and Mixed-Integer Constraints

3.1 Abstract

The optimization problem for scheduling distributed energy resources (DERs) and bat

tery energy storage systems (BESS) integrated with the power grid is important to minimize 

energy consumption from conventional sources in response to demand. Historically, this op

timization problem has been solved in a centralized manner, limiting the size of the problem 

that can be solved and creating a high communication overhead because all the data is trans

ferred to the central controller. These limitations are addressed by the proposed distributed 

consensus-based alternating direction method of multiplier (DC-ADMM) optimization al

gorithm, which decomposes the optimization problem into subproblems with private cost 

functions and constraints. The distribution feeder is partitioned into low coupling subnet

works or regions, which solves the private subproblem locally and exchanges information 

with the neighboring regions to reach consensus. The relaxation strategy is employed for 

mixed-integer and coupled constraints introduced in the optimal power flow (OPF) problem 

by stationary and transportable BESS because DC-ADMM convergence is only guaranteed 

for strictly convex problems. The information exchange and synchronization between sub

networks or regions are vital for distributed optimization. In this work, both of these aspects 

are addressed by the blockchain network. The smart contract deployed on the blockchain 

network acts as a mediator for secure data exchange and synchronization in distributed 

computation. The effectiveness of the blockchain-based distributed optimization problem is 

tested for a 0.5-MW laboratory microgrid for one hour-ahead and day-ahead for the IEEE 

123-bus and EPRI J1 test feeders, and results are compared with a centralized solution.

*C. Shah, J. King and R. W. Wies, "Distributed ADMM Using Private Blockchain for Power Flow 
Optimization in Distribution Network With Coupled and Mixed-Integer Constraints,” in IEEE Access, vol.
9, pp. 46560-46572, 2021.
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3.2 Introduction

Power distribution networks are being reshaped by the integration of distributed energy 

resources (DERs) and battery energy storage systems (BESS) [1]. These DERs, when used 

intelligently, can reduce our dependence on conventional energy resources and thereby de

crease the generation cost to meet the demand [2]. However, A centralized approach to 

solve the OPF problem in power distribution networks with a large number of integrated 

DERs and BESS is computationally challenging and exhibits poor scalability. A distributed 

optimization algorithm can address this challenge.

Several distributed optimization algorithms have been adapted and/or developed in re

cent years to solve the OPF problem, which decomposes the central problem into local 

subproblems. The algorithm in [3] is based on a dual decomposition method and in [4; 5] 

on the auxiliary variable method. The alternating direction method of multiplier (ADMM), 

which is simultaneously general and scalable, is exploited in most of the recent research 

work to solve the OPF problem in a distributed fashion. The ADMM algorithm in [6; 7] 

solves the OPF problem, exchanging voltage information between the neighboring regions; 

however, DERs and BESS are not integrated into the test network. A full-scale distributed 

OPF is implemented using ADMM in [8; 9; 10; 11; 12; 13] in which participating nodes or 

controllers exchange information with the system or virtual aggregator to solve for the global 

update. The OPF problem with nonconvex feasible sets in [14; 15; 16; 17; 18] is solved using 

a decentralized algorithm in which a specific node communicates only with its adjacent nodes 

with no central or virtual aggregator. The authors in [16] discuss about the computation 

time and convergence of the algorithm and have not addressed the impacts and uncertainties 

of DER and energy storage integration, which is resolved in [17]. The algorithm proposed 

in [18] exchanges voltage and phase angle information with the neighboring microgrids to 

reach consensus and does not consider the impact of energy storage integration or consensus 

on active and reactive power flow between the interconnected microgrids.
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In all the published work mentioned above, the microgrids or the distribution network 

partitions are considered static. In this work, the power distribution network is partitioned 

dynamically based on our previous work presented in [19]. The OPF problem for the dis

tribution network partitioned into subnetworks is separable in which each subnetwork has a 

private cost function and private constraints. The need for a central or virtual aggregator 

to solve the separable distributed OPF problem is eliminated by implementing the dis

tributed consensus based alternating direction method of multipliers (DC-ADMM) proposed 

in [20; 21; 22]. The DC-ADMM converges only for strictly convex problems. The mutually 

exclusive charging and discharging status of BESS introduces mixed-integer constraints to 

the OPF problem. The relax-and-fix (RF) heuristic algorithm discussed in [23; 24; 25; 26] 

is employed for mixed-integer constraints that can be handled by DC-ADMM. The issue 

of DER and load curtailment is tackled by transportable BESS. The constraints for trans

portable BESS are coupled, which are decomposed, relaxed, and augmented into the objec

tive function. The optimal route scheduling and connection stations for transportable BESS 

are already discussed in [27] and [28], respectively, and are not in the scope of this work. 

The blockchain-based technology is employed for direct and reliable exchange of information 

between the participating nodes or assets by establishing a secure and tamper-proof digital 

platform [29; 30]. The blockchain has been used in [12] to store the optimal schedule and to 

make automatic and secure payments.

The information exchange between the neighboring regions or nodes is essential to solve 

the distributed optimization problem as shown in Figure 3.1. As discussed in [31], there 

are two kinds of communications infrastructure for information exchange: 1) centralized in

frastructure and 2) distributed infrastructure. The supervisory control and data acquisition 

(SCADA) system is an example of centralized infrastructure, where local devices or remote 

terminal units (RTUs) send the data to the central controller and cannot exchange informa

tion among each other. The limitation of a centralized infrastructure is that a fault in the 

central controller can halt the entire network. With the recent developments in internet of 
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things (IoT) technology, the local controllers and RTUs can communicate with each other

[32] and are an example of a distributed communication infrastructure.

Figure 3.1: Schematic of data exchange between local controllers to solve distributed opti
mization.

The main objective of this research work is to implement an offline DC-ADMM OPF 

problem on a blockchain platform. The main contributions of this research work are as 

follows:

1. A day-ahead dispatch strategy for a dynamically partitioned power distribution net

work using a DC-ADMM OPF algorithm is presented.

2. A DC-ADMM and RF heuristic algorithm to solve the OPF problem with mixed- 

integer and coupled BESS constraints is proposed.

3. The proposed DC-ADMM-based OPF algorithm utilizes the blockchain network and 

smart contract to broadcast information to the neighboring subnetworks, enable syn

chronization between the local controllers of the subnetworks, and schedule trans

portable BESS to curb DER and load curtailment. The virtual aggregator or the 

global update is not needed in the proposed approach. Advanced distribution man

agement systems could deploy smart contracts in existing utility grids.
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4. The proposed DC-ADMM-based OPF algorithm is tested for the Alaska Center for

Energy and Power (ACEP) 0.5-MW Power System Integration (PSI) Laboratory Mi-

crogrid [33] and IEEE 123-bus and EPRI J1 test feeders for scalability.

3.3 OPF Problem Formulation for Converter Dominated Distribution Network

In this section, we define an OPF problem for the power distribution network. The 

distribution network includes a substation node, renewable energy resources, customer-owned 

BESS, ISO-owned BESS, mobile BESS, fixed loads, and shapeable loads.

3.3.1 Distribution Network Model

The radial graph distributed network model := (N, ε), where N := {0,1, 2..., n} is 

the set of nodes and ε is the set of distribution lines connecting these nodes in the network. 

N = 0 is the root node, and the other nodes in N are the branch nodes. For each node i, it 

has a unique parent node Ai and a set of children nodes Ci = [ji, j2, . . . , jk] [8]. For each line 

that connects node i to its parent node Ai, let zi = ri + jxi be the impedance of the line.

For each node i ∈ N, let Vi be the complex voltage, vi = |Vi|2 , and si = pi + jqi be the 

net complex power injection. Let Ii be the complex current flowing from node i to parent 

node Ai, li = |Ii|2 , and Si = Pi + jQi be the complex power flowing from node i to child 

node Ci. The branch flow model for this radial network is given by 

where t = 1, 2, 3, . . . , T , and T = 24h.
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3.3.2 Distribution Network Constraints

The set of network components at a particular node i for time t is denoted as: 

pig(t) - Dispatchable synchronous generators (DSG) or substation active power 

pipv(t) - Photovoltaic (PV) generator unit active power 

piwind(t) - Wind turbine active power 

picob-ch(t) - customer-owned BESS (charging) active power 

picob-dch(t) - customer-owned BESS (discharging) active power 

piISOb-ch(t) - ΓSO-owned BESS (charging) active power 

piISOb-dch(t) - ΓSO-owned BESS (discharging) active power 

ptb-ch(t) - Transportable BESS (charging) active power 

ptb-dch(t) - Transportable BESS (discharging) active power 

pifl(t) - Fixed load 

pievl(t) - Electric vehicle (EV) load 

qig(t) - Diesel generator or substation reactive power 

qifl(t) - Fixed load (reactive)

pi,pi - Minimum and maximum power generation or consumption, respectively.

The net active and reactive power injection at a particular node i is given by

3.3.2.1 Dispatchable Synchronous Generators (DSG)

The practical constraints for dispatchable synchronous generators (DSG), including spin

ning reserve and prohibited operating zones, are defined in this subsection [34]. The power 

output and ramp rate constraints are
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where pig and pig are the minimum and maximum generation limits of DSG at bus i, respec

tively, and DRi and U RI are down-ramp-rate and up-ramp-rate limits of all online DSG 

units, respectively. The spinning reserve constraints for DSG units on (N - ω ) buses are 

where pSR (t) is the distribution network spinning reserve requirement, ηSR is the required 

percentage of spinning reserve, pSi is the spinning reserve contribution of the DSG unit on 

bus i, and pS~i is the maximum spinning reserve contribution of the DSG unit on bus i.

3.3.2.2 Customer-Owned BESS

The customer-owned BESS model considered in this research work is based on the dis

patch strategy that maximizes battery utilization. The mixed-integer linear BESS model, 

which is dependent on charge and discharge cycle efficiencies and ignores losses as well as 

the degradation defined in [35], has the following constraints.
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3.3.2.3 ISO-owned BESS

The ISO-integrated BESS is a viable and cost-effective solution to account for the vari

ability and uncertainty of loads and renewable energy resources in the power distribution 

network. But degradation and ohmic power losses in the BESS are inevitable. The BESS 

model incorporating ohmic power losses is defined as
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where χiISOb-ch (t), χiISOb-dch (t) ∈ {0,1} is mutually exclusive, i ∈ N, t = 0,1,2,...,T - 1, 

and T = 24h. EiISOb and EiISOb are the minimum and maximum capacities of the BESS, 

respectively. piI SOb-loss(t) is the ohmic power loss of the BESS, rieq = rib + ricvt is the sum 

of battery energy storage and associated converter resistance, and sicvt is the maximum 

apparent output power of the converter. The degradation cost function of the BESS in [36] 

is incorporated into the optimal power flow ob jective function and is given by: 

where a1, a2, a3 ∈ RnpX 1 are plane parameters of np triangles from the convex hull, EiISOb(t) 

is the state of energy of ISO-owned BESS at time t, and cd is the degradation cost of the 

BESS whose optimal value is tabulated in [37].

3.3.2.4 Wind Power Generation

The operational constraint for wind power is given by eq. (3.7), where piwind ( t) is the 

actual utilization of the wind power and piwind ( t) is the available wind power at time t based 

on the forecast.

3.3.2.5 PV Power Generation

The operational constraint for the PV power generating unit is given by eq. (3.8), where 

piPV (t) is the actual utilization of the PV power and piPV (t) is the available PV power at 

time t based on the forecast.
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3.3.2.6 Transportable BESS

Transportable BESS can be used as non-spinning reserve, and its sizing is based on the 

criteria defined in [38] and [39]. The transportable BESS is also scheduled to minimize 

the curtailment of renewable energy resources and load shedding. The mixed-integer linear 

model of transportable BESS is considered in this research with the following operation and 

scheduling constraints.

3.3.2.7 Electric Vehicle Load

Electric vehicles (EVs) with energy demand Eievl have the following constraints.
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where the electric vehicle must be charged between ti,start and ti,stop . The EV batteries are 

only considered as load while charging and are not considered for grid operations in this 

research work because of degradation and reduction in their life cycle.

3.3.2.8 Network Constraints and SOCP Relaxation

The thermal generator cost at the substation node is typically represented by a quadratic 

fuel cost function given by eq. (3.11), where α, β , and γ are the coefficients of the quadratic 

fuel cost function.
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The OPF problem aims at minimizing the thermal generation and battery degradation

cost sub ject to branch flow equations and local DER constraints and is formulated as

The quadratic equality constraint in eq. (3.1d) makes the above OPF problem nonconvex

and it can be relaxed to a convex problem by SOCP relaxation of eq. (3.1d) given by

The binary variables in constraints eq. (3.4c)-(3.4d) and eq. (3.5g)-(3.5h) make OPF a mixed- 

integer problem and its relaxation is explained in the next section.



3.4 Distributed Solution for OPF Problem

In this section, the distributed optimization algorithm based on consensus ADMM is 

presented to solve the OPF problem. First, the power distribution network is partitioned 

into several sub-networks or regions. After that, the general form DC-ADMM is described 

and then applied to solve the OPF problem. Once the solution method is established, the 

algorithm is implemented on the blockchain network.

3.4.1 Power Distribution Network Partition

The power distribution network is initially partitioned by unnormalized spectral clus

tering analysis. Once the initial partitions are formed, the power distribution network is 

re-partitioned using the iterative vertex migration algorithm [19]. After the optimal parti

tions are achieved, the OPF problem is decomposed as explained in the next subsection.

3.4.1.1 Unnormalized Spectral Clustering

The power distribution network is presented as an unidirected graph = (N, ε) with N 

= {0, 1, 2, 3, . . . , n} as a set of buses or vertices and ε as a set of branches or edges. The 

graph is assumed to be weighted and hence weighted adjacency matrix W = (w∙j)∙,j=1,2,.....,n,

weight w∙j ≥ 0 [40]. The weighted adjacency matrix W for the power distribution network 

is tabulated from the admittance matrix Y as

The admittance matrix Y represents how tightly the buses are connected to each other. If 

the buses are not connected then the admittance is zero (Y∙j = 0). Now, the degree of a
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vertex vi is defined as

The degree matrix D is the diagonal matrix with degrees di defined in (3.15) on the diagonal.

The unnormalized graph Laplacian (L) is defined as

L=D-W (3.16)

The eigenvectors and eigenvalues of the Laplacian matrix L are tabulated by the following

equation

L has n non-negative, real-valued eigenvalues 0 = λ1 ≤ λ2 ≤ ... ≤ λn . The last step of the 

unnormalized spectral clustering method is to extract the cluster of buses using the k-means 

algorithm. The k number of clusters can be derived by supplying eigenvectors corresponding 

to the first k + 1 smallest eignenvalues, thereby generating the k-area partitioning Πk of the 

power distribution network.

3.4.1.2 Power Balance Ratio

The resiliency of the real power grid is primarily dependent on the capacity of the power 

generation to satisfy the demand. The power balance ratio (PBR) is defined as the ratio of 

total load demand to the overall power generation capacity of the grid eq. (3.18).
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where (PL)i is the average hourly load at bus i, (PGE )i is the total power generation ca

pacity and available energy storage at bus i, and n is the total number of buses in a power 

distribution network.



The day ahead PBR prediction of each initial power distribution network partition or 

sub-network with time resolution of one hour can be calculated from eq. (3.18) and is given 

by

where PLi(t) is the average hourly load forecast at time t and PGEi(t) is the total power 

generation forecast for DERs and available energy storage at time t.

3.4.1.3 Iterative Vertex Migration

The power distribution network is a dynamic graph in which the characteristics of the 

vertices (buses) can change over time based on load and generation forecast. Let Π(t) be 

the set of power distribution network partitions at time t comprised of the vertices or buses 

N. Πx(t) ∈ Π(t) is an individual partition x such that Πx(t) ∩ Πy(t) = ϕ for x = y.

At time t = 0, the power distribution network is loaded with the initial partition Πo such 

that each bus in the network has an assigned partition. On each iteration at time t > 0 

after the initial partitioning, each vertex or bus will either remain in the current partition or 

migrate to a neighboring partition based on the set of predefined objectives. The objectives 

that need to be satisfied are:

1. Balanced computational load among the local controller of all the partitions.

2. Minimized coupling between the partitions.

3. Minimized difference between the PBR of each partition PBRx and the entire network

PBRsys

The power distribution network partitioning is said to be computationally balanced if
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where ν (Πx(t)) is the number of vertices or buses in the partition Πx (t), ε is the user- 

defined imbalance tolerance, and k is the total number of partitions of the power distribution 

network. To achieve balanced partitioning, quota-based vertex or bus migration is carried 

out allowing only a limited number of vertices or buses to be migrated from the overloaded 

partition Πx(t) to the neighboring underloaded ones Πy (t) and is given by 

νmax(Πx(t)) is the maximum number of vertices or buses that each partition can have and 

is calculated by ∑x=1 ζ(Πχ(ί:)). The negative value of Q(Πy(t)) means the partition is under

loaded.

The algorithm, while migrating the number of vertices or buses q from Πx(t) to Πy(t), 

will attempt to minimize the difference between the PBR of each overloaded or underloaded 

partition and the entire network and is defined by eq. (3.23)-(3.27). The algorithm will 

iterate until all the partitions are balanced, thereby satisfying eq. (3.20).
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3.4.1.4 Resiliency

There are numerous definitions of resiliency for power distribution networks. But the 

resiliency as a function of time duration of an event and the number of loads affected by an 

event defined in [41] is considered in this research work. The resiliency metric to capture 

these two factors in power distribution network partitions for the forecasted weather or load 

surge event of duration 103s is defined in Figure 3.2, where A is the variable that stores the 

resilience value R. The measured resilience metric, R, will indicate how well the system is 

prepared for an upcoming event.

Figure 3.2: The resiliency metric for the power distribution network partitions affected by 
the forecasted event of duration 103s.

To calculate the resilience metric of the system, the fraction of the load F L in a power 

distribution network partition that is unaffected by the forecasted event is given by

where b ∈ {0, 1} is a binary variable that indicates whether an event happened or not and 

FL is the fraction of unaffected load by the event. The minimum and maximum values of A' 

during an event for each hour will be 4.6 and 12.6, corresponding to all ofthe load or none of 
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The second step is to compute the unscaled resiliency metric A' for an event that lasts for 

τ seconds. The equation to compute A' is



the load affected, respectively [42]. The scaled resilience metric A corresponds to the values 

of unscaled resilience metric A' as shown in TABLE 3.1. If there is no event forecasted, the 

resilience metric A will be forced to 0.

Table 3.1: Resilience Metrics

A' 4.60-5.48 5.49-6.36 6.37-7.24 7.25-8.13 8.14-9.02 9.03-9.9 9.10-10.78 10.79-11.66 11.67-12.60

A
1 2 3 4 5 6 7 8 9

Low Resilience Moderate Resilience High Resilience

3.4.1.5 Power Distribution Network Partition Algorithm Implementation

The power distribution grid is partitioned initially by the unnormalized spectral clustering 

algorithm. Once the initial partitions are assigned to the local controllers, the re-partitioning 

vertex migration algorithm is executed to make the day-ahead partition prediction with a 

time resolution of one hour and is updated every hour. The algorithmic flowchart and steps 

are presented in Figure 3.3 and Table 3.2 below. Once the day-ahead prediction is made by 

the algorithm, the vertices or buses are actually migrated to the new partition as shown in 

Figure 3.4. The migration of the vertices or buses is performed only once at the end of each 

hour. After the power distribution network is partitioned, the OPF problem is solved in a 

distributed manner where the local controller solves the local problem for each subnetwork 

and coordinates with the neighboring subnetworks to solve for the global update.

3.4.2 DC-ADMM + Relax and Fix (RF) Heuristics Algorithm for OPF Problem

To solve the distributed OPF problem, the distribution network is partitioned into several 

subnetworks or regions, as explained in section 3.4.1. Now the OPF problem for the entire 

distribution network is reformulated to solve using DC-ADMM based method so that each 

region needs to solve its local subproblem in each iteration. The local subproblem has its
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Figure 3.3: Flow diagram of power distribution network partitions and their corresponding 
local controllers.
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Table 3.2: Day-ahead power distribution network partition algorithm.

Algorithm: Day ahead power distribution network partition prediction

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

Start

Obtain the admittance matrix Y of the network at t = 0.

Obtain the initial partitions using spectral clustering.

Calculate the day-ahead PBR of the entire network using eq. (3.19).

For t ≤ T = 24h

if Algorithm identifies a partition pair then:

Obtain the number of buses and the PBR of both the partitions 
ν(Πx(t)) & ν(Πy(t)) in a partition pair and go to Step 9.

else:

Calculate the resiliency of each partition and go to Step 14.

if both the partitions in the pair satisfy eq. (3.20) OR one partition satisfies 
eq. (3.20) and the other partition is overloaded or underloaded with PBR 
equivalent to the network, then:

Go to step 5 for a new partition pair.

else:

Calculate the number of buses as
quota[x][y] = max{0, min{Q(Πx(t)), -Q(Πy(t))}} to be migrated from 
partition Πx(t) to Πy(t).

Migrate buses to the new partition and then update the partitions and go to 
Step 9. If both partitions are either overloaded or underloaded go to Step 5.

t=t+1

Go to Step 4.

End
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Figure 3.4: (a) Initial partition generated by spectral clustering analysis, (b) algorithm 
prediction to migrate boundary vertex or bus (bus 7 in partition 1) to the new partition 
(partition 3), and (c) updated partitions after vertex or bus migration.

own ob jective function and set of constraints and is formulated for a particular region i as

s.t.(3.1a) - (3.1d),(3.2a) - (3.2b),(3.3a) - (3.3f),(3.4a) - (3.4e)

(3.5a) - (3.5i),(3.7),(3.8),(3.9a) - (3.9f),(3.10a) - (3.10d),(3.13) (3.31)

The local variables to solve the subproblem formulated in (3.30) for a particular region 

and are not shared over the network. All the variables and constraints defined above are 

local except the constraints (3.1a)-(3.1d), (3.9a), and (3.9b). The equation in (3.9a) and 

(3.9b) is decomposed for a particular region i as

where pitb-ch (t) and pitb-dch (t) are the local representation of the global variables ptb-ch (t) and 

ptb-dch (t), respectively, for a region i. The constraints (3.1a)-(3.1d), (3.32), and (3.33) are 

augmented in the ob jective function of the problem in (3.30) and solved iteratively as
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regions as shown in Figure 3.5.

Figure 3.5: Information exchange between neighboring subnetworks or regions in power 
distribution network.

The subproblem for region i defined in (3.34) contains four binary variables χicob-ch, 

χiISOb-ch, χicob-dch, and χiISOb-dch for charging and discharging status, respectively, of the 

customer-owned and ISO-owned BESS. Initially, all four variables are relaxed and allowed 

to take any value between 0 and 1. This converts the subproblems into convex quadratic 

problems, which are solved until the acceptable tolerance of ϵ is achieved. After that, the 

variables for charging mode, χicob-ch and χiISOb-ch, are enforced to be the binary variables, 

and the OPF problem is solved until the tolerance ϵ is achieved or reaches the iteration limit.
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If the algorithm reaches the iteration limit with no feasible binary solution, the values of 

ρ1 and ρ2 are updated by 5% to warm start the OPF subproblem. In the last step, all the 

binary variables are fixed based on the condition in (3.37), and the OPF problem is solved 

until it converges.

The DC-ADMM and RF algorithm flowchart is shown in Figure 3.6.

Figure 3.6: DC-ADMM and RF algorithm flowchart.

3.4.3 DC-ADMM + RF OPF Algorithm Implementation on Blockchain Network

A private Ethereum blockchain network is used to implement the distributed OPF al

gorithm for the distribution network in this research work, and the block diagram is shown 

in Figure 3.7. The go-ethereum client (geth) is used to run a full Ethereum node. Each
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Figure 3.7: Ethereum blockchain network architecture for distributed OPF.

node or user on the Ethereum network is assigned a personal account defined by a private 

and public key. Their address indexes these accounts Π derived from the public key. There 

are two types of Ethereum accounts: 1) externally owned accounts (EOAs) and 2) contracts 

accounts. The EOA is controlled by a private key and can transfer ether or trigger a contract 

code. The contract account has its own code and is controlled by that code. The nodes or 

users interact with the Ethereum network by sending a transaction from an account using a 

web3 object that connects to a JSON-RPC server [43].

Upon establishing the Ethereum network to implement the DC-ADMM + RF for the 

OPF problem, an externally owned account indexed by address Πi is set up for every region 

i in the distribution network. The contracts account indexed by address Ψ is set up for the 

control center that deploys the smart contract (modeled in Solidity [44]) to the network. 

The address Ψ is shared with all subnetworks or regions i in the network to communicate 

with the smart contract.
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3.5 Case Study

In this section, we discuss validating the centralized and proposed DC-ADMM + RF 

OPF algorithms using results from a 0.5-MW laboratory microgrid at the Alaska Center for 

ENewrgy and Power (ACEP) Power System Integration (PSI) Laboratory with four control 

nodes and implementing the same for the IEEE 123-bus and EPRI J1 test feeder systems.

3.5.1 ACEP PSI Laboratory Microgrid

The ACEP PSI lab operates on the same scale as one of Alaska's village power systems 

and can be modified for individual test scenarios. The PSI lab infrastructure includes a 

320-kW diesel generator, a 100-kW wind emulator, a 540-VDC/1000 A-hr lead-acid battery, 

a 312-kVA inverter, and two 250-kW programmable load banks. The one-line diagram of 

the ACEP PSI lab is available in [33].

3.5.2 IEEE 123-Bus Test Network

The IEEE 123-bus test feeder used in this study consists of 114 branch buses and is 

partitioned into four regions, as shown in Figure 3.8. The test feeder is also modified to 

a balanced network [45]. The nominal operating voltage of the test feeder is 4.16 kV. The 

DC-ADMM + RF optimization algorithm in (3.34) and Figure 3.6 is implemented for the 

partitioned IEEE 123-bus test feeder, where each region solves its local subproblem and 

exchanges information with the neighboring regions.

Region 1 is a root or reference bus, either a substation or thermal/diesel generator with 

a quadratic fuel cost function. Other regions consist of branch nodes with a deterministic 

load profile, rooftop PV, wind farm, electric vehicle load, customer-owned BESS, ISO-owned 

BESS, and transportable BESS. The shapeable loads and customer-owned BESS at each 

node are half of the peak residential load. The storage capacity of customer-owned BESS is 

6 hours. The ISO-owned BESS has a peak power of 150 kW with a storage capacity of 4 

hours. ISO-owned BESS are considered on bus 39 and 85. The transportable BESS has a
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Figure 3.8: IEEE 123-bus test feeder partitioned into 4 subnetworks or regions for distributed 
OPF.

peak power rating of 1,000 kW with a storage capacity of 2 hours.

The PECAN STREET project residential load data set from January 1 to June 30, 2017, 

is used in this research work [46]. The capacity of the rooftop PV installed at each house on 

branch nodes is 6 kW. The hourly 2017 NSRDB solar data [47] from January 1 to June 30, 

2017, is used for the rooftop PV. The wind farm is integrated with the network at bus 85. 

The wind farm consists of 6 wind turbines rated at 235 kW, each with a pole height of 35 

m. The hourly NREL Flatirons Campus data for a wind turbine from January 1 to January 

30, 2017, is used for this work [48].

3.5.3 EPRI J1 Feeder

The EPRI J1 test feeder has 3,434 buses, which serves approximately 1,300 residential,

commercial, and light industrial customers via 58 miles of 12.47 kV primary line [49]. The
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Figure 3.9: EPRI J1 test feeder partitioned into 7 subnetworks or regions for distributed 
OPF.

feeder is modified to a balanced three-phase network and is partitioned into seven regions as 

shown in Figure 3.9 for this work. Region 1 is a substation, whereas other regions consist 

of branch nodes with residential, commercial, and light industrial load, residential rooftop 

PV, customer-owned large PV system, wind farms, electric vehicle loads, customer-owned 

BESS, ISO-owned BESS, and transportable BESS. The peak load of the entire feeder is 

approximately 6 MW. The shapeable load at each node with residential load is half the 

peak load. The 1.7-MW customer-owned PV system already exists on the feeder. Rooftop 

PV and customer-owned BESS rated 50% of each residential load's daily consumption are 

also considered in this research work. The storage capacity of customer-owned BESS is 6 

hours. The hourly June 2012 solar data from EPRI [49] is used for PV. Two wind farms 

are integrated with the network, each consisting of 9 wind turbines. Each wind turbine is 

rated at 235 kW with a pole height of 35 m as in the IEEE 123-bus test feeder system. The 

hourly NREL Flatirons Campus data for a wind turbine from June 1 to June 30, 2012, is 

used for this work [48]. Four ISO-owned BESS rated with peak power 1,000-kW and storage 
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capacity of 2 hours is also integrated with the network. The transportable BESS has a peak 

power rating of 1,000 kW with a storage capacity of 2 hours.

3.6 Results

3.6.1 ACEP PSI Laboratory

An hour-ahead centralized OPF algorithm was tested in the 0.5-MW ACEP PSI labo

ratory. The real-time control strategy used in the laboratory is based on spinning reserve 

control (SRC). The SRC maintains the loading on the diesel-electric generator between the 

minimum and maximum set points using the inverter to compensate for over or under loading 

conditions. The OPF algorithms were simulated for 1 hour with a time step of 2.5 minutes. 

The dispatch plan for the diesel generator and BESS and wind and load profile used for 

testing is shown in Figure 3.10. The constraints for BESS to simulate the OPF problem 

for the ACEP PSI laboratory are based on ISO-owned BESS defined in (3.5a) to (3.5i). A 

comparison of the centralized and DC-ADMM + RF OPF dispatch plan for the ACEP PSI 

laboratory model with the laboratory test results is presented in Table 3.3 and Table 3.4.

Table 3.3: Electric energy generation or consumption over one hour for ACEP PSI laboratory.

OPF Type Diesel

Gen 

(kWh)

BESS

Charge 

(kWh)

BESS

Discharge

(kWh)

Wind

Gen 

(kWh)

Fixed

Load 

(kWh)

Centralized 101.356 5.517 14.482 46.183 156.5

DC-ADMM + RF 104.435 5.517 11.399 46.183 156.5

DC-ADMM + RF - Blockchain 104.435 5.517 11.399 46.183 156.5

ACEP PSI Lab Test Results 111.707 6.237 5.093 53.742 162.33

Table 3.4: Comparison of OPF algorithm dispatch plan with ACEP PSI laboratory test 
results.

Gen. Type Centralized OPF-Lab Test

Results (% Difference)

DC-ADMM OPF+RF- 

Lab Test Results 

(% Difference)

DC-ADMM+RF OPF with 

Blockchain-Lab Test Results 

(% Difference)

Diesel Generator 9.72 % 6.73 % 6.73 %

BESS Charging 12.25 % 12.25 % 12.25 %

BESS Discharging 95.93 % 76.47 % 76.47 %

Wind Generation 15.13 % 15.13 % 15.13 %

Fixed Load 3.65 % 3.65 % 3.65 %
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Figure 3.10: (a) ACEP PSI laboratory diesel generator dispatch plan, (b) ACEP PSI labo
ratory BESS dispatch plan, and (c) ACEP PSI laboratory wind and load profile.
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As observed in Figure 3.10, Table 3.3, and Table 3.4, the minimum generation from 

the diesel electric generator is 100 kW, which was set to prevent wet stacking in the diesel 

engine. The BESS discharges to the net load and charges from the excessive wind power. 

Also, there is a vast difference in the energy discharge from the BESS between the OPF 

algorithm dispatch plan and the laboratory test results. This difference is because for the 

first 30 minutes, the lab test was intentionally performed without employing any optimization 

strategy and only the diesel electric generator fed the loads while the BESS remained idle. 

The dispatch plan generated for the diesel generator and BESS is similar for DC-ADMM + 

RF with and without the blockchain network. Table 3.4 also shows the difference between 

the wind energy forecast and the actual wind generation.

3.6.2 IEEE 123-Bus and EPRI J1 Test Feeder

The centralized algorithm was tested using the IEEE 123-bus test feeder and the results 

are published in [35]. A comparison between the dispatch plan for the IEEE 123-bus test 

feeder generated using the centralized algorithm and DC-ADMM + RF with and without 

the blockchain network is shown in Figure 3.11 and Table 3.5.

Table 3.5: Comparison of DC-ADMM + RF OPF algorithm dispatch plan with centralized 
solution for IEEE 123-bus test feeder

Gen. Type Centralized 

ADMM+RF 

Difference)

OPF-DC-

OPF (%

Centralized 

ADMM+RF 

Blockchain (%

OPF-DC-

OPF with 

Difference)

DC-ADMM+RF OPF - 

DC-ADMM+RF OPF with 

Blockchain (% Difference)

DSG/Fuel Generator 9.34 % 7.188 % 1.3269 %

COB Charging 1.67487 % 0.7495 % 0.9322 %

COB Discharging 4.3636 % 2.4382 % 1.9735 %

ISOB Charging 1.5455 % 1.1854 % 0.3644 %

ISOB Discharging 2.7619 % 0.6631 % 2.1128 %

As observed from the results in Figure 3.11 and Table 3.5 for the IEEE 123-bus test feeder, 

the dispatch plans generated by DC-ADMM + RF with and without the communication 

over the blockchain network coincide with each other. The dispatch plan generated by the 

centralized algorithm is offset from the distributed algorithm, but the net generation or 

consumption over the 24-hour period is approximately similar. Hence, it is safe to assume
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Figure 3.11: IEEE 123-bus test feeder (a) Residential PV, wind farm, and residential load 
profile, (b) distributed synchronous generator dispatch, (c) customer-owned BESS (COB), 
independent system operator BESS (ISOB), transportable BESS (TB) dispatch, and (d) 
Electric vehicle load scheduling generated by centralized, DC-ADMM + RF algorithm with 
and without blockchain.
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Figure 3.12: Mutually exclusive charge and discharge cycles for customer-owned and ISO
owned BESS.

that the proposed DC-ADMM + RF OPF algorithm performance is comparable to the 

standard centralized OPF algorithm.

Figure 3.11(c) shows that the customer-owned BESS responds to the demand and charges 

from the excessive solar PV and wind power generation. The ISO-owned BESS remains idle 

during certain hours and only responds when necessary to reduce the charge-discharge cycle 

and minimize the degradation cost. As observed in Figure 3.11(a), there is a sudden rise 

in the wind power generation at hour 5, which charges the customer-owned and ISO-owned 

BESS. As a result, there is not enough energy storage available during the peak solar hours. 

The transportable BESS is scheduled to charge from excessive solar PV and wind generation, 

which reduces its curtailment. Also, the charging schedule of the EVs is generated for the 

peak solar PV and wind power generation hours.

The charge and discharge cycles for BESS are mutually exclusive, which makes the OPF 

problem mixed-integer. The proposed DC-ADMM + RF method in this paper solves the 

mixed-integer OPF problem. The mutually exclusive charge and discharge cycles of the 

customer-owned and ISO-owned BESS for IEEE 123-bus test system are shown in Fig

ure 3.12. The negative values of active power represent the discharge cycle.
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The algorithms are also tested for the EPRI J1 test feeder, and similar results were 

obtained. A comparison between the DC-ADMM + RF and centralized OPF results for the 

EPRI J1 test feeder is shown in Table 3.6.

Table 3.6: Comparison of DC-ADMM OPF algorithm dispatch plan with centralized solution 
for EPRI J1 test feeder

Gen. Type Centralized 

ADMM+RF 

Difference)

OPF-DC-

OPF (%

Centralized 

ADMM+RF 

Blockchain (%

OPF-DC-

OPF with 

Difference)

DC-ADMM OPF-DC- 

ADMM OPF with 

Blockchain (% Difference)

DSG/Fuel Generator 0.55 % 0.4832 % 1.0361 %

COB Charging 3.0212 % 0.3532 % 3.363 %

COB Discharging 1.1182 % 1.3366 % 2.44 %

ISOB Charging 5.595 % 5.535 % 0.062 %

ISOB Discharging 6.266 % 5.6113 % 0.6942 %

3.6.3 Computation Details

For the ACEP PSI laboratory, IEEE 123-bus, and EPRI J1 test feeder, the centralized 

OPF problem is simulated in a Python-based, open-source optimization modeling language, 

Pyomo, and the proposed distributed optimization algorithm is simulated using CVXPY.

The simulations are executed on a Windows 10 PC with a 3.40-GHz Intel Core i7 pro

cessor and 16-GB RAM. The solver used and computation time for each OPF algorithm 

simulation are listed in Table 3.7. For the DC-ADMM + RF OPF problem, the subproblem 

for each region is computed sequentially. As seen from Table 3.7, the computation time to 

solve the DC-ADMM + RF OPF problem is reduced compared to the centralized one for the 

IEEE 123-bus and the EPRI J1 test feeder. Hence, the algorithm is scalable and will be able 

to handle much larger systems where centralized OPF will be computationally intensive.

For the DC-ADMM + RF method employed on a blockchain network, the time taken to 

validate the transactions is approximately 125 seconds for the ACEP PSI laboratory model, 

625.2 seconds for the IEEE 123-bus, and 1,560 seconds for the EPRI J1 test system. The val

idation time is significantly high because each node transacts with the network sequentially. 

In practice on edge computing devices, these transactions would be performed in parallel, 
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which would decrease the execution time by a factor equivalent to the number of partitioned 

regions in the power distribution network.

Table 3.7: OPF algorithm computation time and solver

OPF Type

Centralized DC-ADMM +
RF

DC-ADMM +
RF -Blockchain

Solver Gurobi Gurobi Gurobi

Initial Computation Time for Step-1
DC-ADMM (seconds)

ACEP PSI Lab - 0.0035 0.0035

IEEE 123-bus Test Feeder - 0.22 0.22

EPRI J1 Test Feeder - 0.38 0.38

Number of Iterations for Step-1 DC-
ADMM

ACEP PSI Lab - 24 24

IEEE 123-Bus Test Feeder - 67 67

EPRI J1 Feeder - 99 99

Number of Iterations for Step-3 DC- 
ADMM+RF

ACEP PSI Lab - 5 6

IEEE 123-Bus Test Feeder - 18 18

EPRI J1 Feeder - 30 30

Total Computation Time for OPF 
(seconds)

ACEP PSI Lab 0.01199 1.9 1.9

IEEE 123-Bus Test Feeder 27.4 20.2 20.2

EPRI J1 Feeder 135.7 45.2 45.2

The penalty parameters ρ1 and ρ2 were initialized to a value of 3. The penalty parameters 

are updated by 5% if no feasible binary solution is obtained. The iteration limit to obtain 

the feasible binary solution to fix the binary variables is set to 30 and the tolerance value, 

etol = 1e — 4. The convergence results of DC-ADMM + RF algorithm for the IEEE 123-bus 

and the EPRI J1 test feeder are shown in Figure 3.13. The results show that the DC-ADMM 

OPF algorithm converges in 18 and 30 iterations for the IEEE 123-bus and the EPRI J1 test

feeders, respectively, after the binary variables are fixed.

Figure 3.13: Residue for IEEE 123-bus and EPRI J1 test feeder.

The algorithm is part of a resiliency application for fault-tolerant energy system (RAFTES), 

which is being developed to integrate with the open-source ADMS platform GridAPPS-D 

[50]. The GridAPPS-D platform will act as a contracts account and deploy and manage 
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the smart contract on the private Ethereum network. The algorithm will subscribe to the 

GridAPPS-D topic to receive the forecast data for the DERs integrated with the power grid.

3.7 Conclusion

A DC-ADMM + RF algorithm is proposed for the OPF problem with mixed-integer and 

coupled constraints for an adaptive partitioned power distribution network. The proposed 

algorithm successfully fixes the mixed-integer or binary variable, and the DC-ADMM con

verges for the OPF problem. The proposed algorithm demonstrates comparable results to 

scheduled diesel generation and pre-forecasted wind generation and BESS when tested using 

the 0.5-MW ACEP PSI laboratory microgrid. The results obtained for the IEEE 123-bus 

and EPRI J1 test feeder for the proposed algorithm are similar to the standard centralized 

algorithm and hence scalable. The computation time of DC-ADMM + RF algorithm is 

also reduced compared to the centralized OPF with comparable results. When implemented 

on the blockchain network, the proposed algorithm takes more time to validate the nodes, 

but it provides secure communication and synchronization between the subnetwork local 

controllers.

The proposed distributed algorithm in this research work is offline; therefore, its solution 

is applied to the physical grid only after it converges. In the future, there is a need to 

explore ways to reduce the computation time for distributed algorithms implemented on the 

blockchain network to be applied to real-time or online optimization and control.
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Chapter 4. A Novel Short-Term Residential Load Forecasting Methodology using 

Two-Stage Stacked Long Short-Term Memory (LSTM) and Hampel Filter*

*C. Shah and R. W. Wies, ”A Novel Short-Term Residential Load Forecasting Methodology using Two- 
Stage Stacked LSTM and Hampel Filter,” 2022 IEEE PES General Meeting.

4.1 Abstract

Various deep learning-based algorithms have been developed recently for accurate short

term residential load forecasts. The deep learning models in the literature are trained using a 

few years of data to learn patterns over all the seasons. The authors of some of the previous 

work have appended appliance level data to train for the outliers in the load data caused by 

the non-periodic usage of medium-duty appliances. These methodologies are data-intensive 

and challenging to implement for a large number of customers. Hence, this work proposes 

a novel technique of dis-aggregating the residential load data set into a base or general 

load pattern and a non-periodic outlier load pattern using a Hampel filter and training two 

stacked long short-term memory (LSTM) models. The proposed methodology also uses less 

data to train the LSTM model. The model achieved comparable results just by training 

over four months of residential load data. The model is trained using actual residential load 

data acquired using a WiFi energy monitor installed at one of the households in Fairbanks, 

Alaska.

4.2 Introduction

With the progress in technology and development of power electronic converter-based 

nonlinear loads [1], electric vehicle loads, and changes in the socio-economic standards, the 

uncertainty in residential load has increased. Also, residential load is about 22% of the total 

U.S. energy consumption based on 2020 data [2]. Hence accurate prediction of residential 

load is essential for power grid planning and optimal scheduling and dispatch of power. 

Residential load forecasting can be classified into short-term, mid-term, and long-term. This 

work will focus on short-term residential load forecasting (STRLF).
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Several STRLF algorithms have been proposed in the literature, and their review is 

presented in Chapter 1 of this work. As discussed in the literature, the high variance in 

the individual household load pattern is because each household has different types and 

levels of appliances with varying usage patterns for those appliances. The authors of [3] 

tested a single trained model for different datasets and presented that the model learns the 

general underlying pattern but does not do well with the outliers. The federated learning

based algorithm for STRLF on edge devices proposed in [4] also does not perform well for 

predicting the outliers. Also, the STRLF models proposed in the literature that are trained 

using the smart meter data or the appliance level load data cannot be deployed for a large 

number of customers because of the high variance in the individual household load pattern. 

This work addresses both of these issues by decomposing the dataset into the base load 

pattern and the non-stationary outlier pattern using a Hampel filter. Each household's 

base load pattern (e.g., usage of lights, HVAC, refrigerator, etc.) is approximately similar 

although the capacity will differ. In this work, two deep neural network models are trained, 

one for the base load pattern, which can be used for different households using transfer 

learning, and the second model for outliers which will be different for each household. As 

per the authors' knowledge, this technique for STRLF has not been proposed or discussed 

in the literature. The model is trained and tested using actual residential data collected by 

a IoTawatt™ energy monitoring system [5] installed at a household in Fairbanks, Alaska.

4.3 Short-Term Residential Load Forecasting Model Components

This section provides a brief overview of all the components involved in the development of 

a deep learning-based high fidelity model of STRLF. First, information about the residential 

load and load data monitoring system is presented. Second, the functionality of the Hampel 

filter is described. Finally, the stacked LSTM network-based recursive neural network (RNN) 

model is explained.
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4.3.1 Residential Load Data

The residential load data used to test the STRLF algorithm in this work is acquired 

using the IoTawatt™ energy monitoring system installed at the distribution sub-panel in a 

household in Fairbanks, Alaska [6]. The data is logged and saved to the time series database 

InfluxDB [7]. The resolution of the data is 10 seconds which is down sampled to 10 minutes 

for this work using a moving average filter. The load pattern from April 16, 2021 to May 

15, 2021 for the household under study is shown in Figure 4.1. The house has a residential

Figure 4.1: 10 minute resolution load data for a household in Alaska from April 16, 2021 to 
May 15, 2021.

sewage treatment plant manufactured by Lifewater engineering company [8] installed on the 

premises. The non-periodic outliers observed in the load pattern in Figure 4.1 are due to 

the operation of the residential sewage treatment plant.
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4.3.2 Hampel Filter

The class of nonlinear filters that have been used extensively for signal processing and 

data denoising are median-based filters [9; 10]. The standard median filter is designed by 

computing the median of the moving data window of time series data. However, the stan

dard median filter causes jitters and introduces significant distortion in the signal portion 

that needs to be retained. An improved filter called a Hampel filter based on the stan

dard median filter is used in this work. The Hampel filter is derived from the Hampel 

identifier which is tabulated from the median value of the time series data window wk = 

{xk-N/2,. . . ,xk,. ..,xk+N/2} and the median absolute deviation (MAD) ψk, where N is the 

window length. The observations that lie outside the median (mk) + threshold (τ ) * ψk 

value of the moving window are considered outliers. Hence the window length (N ) and the 

threshold value (τ ) are the two important parameters to detect the outliers using a Hampel 

identifier. The alteration in τ controls the number of outliers detected in the data using a 

Hampel identifier. The outliers in the time series data detected by the Hampel identifier is 

defined as
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The outliers detected by the Hampel identifier using eq. (4.1) are replaced by the rolling 

median values using the Hampel filter defined as

where yk is the output of the Hampel filter.



4.3.3 Uni- and Bi-directional Stacked LSTM Network

The RNN uses its internal memory loops to handle the sequential data. However, tra

ditional RNNs suffer from the vanishing gradient problem during the back propagation and 

hence are incapable of learning long-term dependencies [11]. This issue is addressed by the 

LSTM proposed in [12]. The basic structure of the LSTM used in this work is shown in 

Figure 4.2. The ft, it, and Ot are the forget, input, and output gate layers of the cell at time

Figure 4.2: LSTM architecture.

t. Initially, the forget gate layer decides what information is thrown out from the cell state. 

After that, the input gate layer decides what new information the cell stores, and then the 

old cell state Ct-1 is updated to the new cell state Ct. Finally, the output of the LSTM layer 

based on the cell state, which will be filtered by the rectified linear unit (ReLU) activation, 

is obtained by multiplying the cell state with the tanh activation function. The equations 

that explain the functional steps of the LSTM layer are as follows:
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where Wf , Wi, WC, and WO are the weight matrices mapping the hidden layer input to the 

three gates and the input cell state. The four bias vectors are bf, bi, bC, and bO. The output 

of the LSTM layer is denoted by ht. The bidirectional LSTM adds a hidden layer defined 

above that passes information in a backward direction to the same output [13]. The stacked 

LSTM is comprised of more than one uni-directional or bi-directional LSTM layer.

4.4 Short-Term Residential Load Forecasting Algorithm Implementation

The architecture of the STRLF algorithm proposed in this work is shown in Figure 4.3 

for which the input residential load data is separated into the regular base load pattern and 

the outlier load pattern using the Hampel filter. The idea behind disaggregating the dataset 

is to train two models independently in two stages. In stage-1, the model trained over the 

base load pattern can be deployed for a large number of users just by transfer learning. 

However, for stage-2, the outlier load pattern will be different for all consumers based on the 

capacity and availability of the medium-heavy duty electrical appliances in the household. 

Hence only the stage-2 model will need to be trained separately for each consumer, but it 

can be trained faster and with less data since it only needs to be trained over one feature.

In stage-1, the input data features Xt-n, ..., Xt are first normalized in the range Xt-n,..., 

Xt ∈ [0, 1]. The normalized dataset is then split into 80% training data and 20% test data. 

The training data is then input to a stacked 3 layer uni-directional LSTM model for training. 

In stage-2, the input data features are normalized in the range Xt-n, ..., Xt ∈ [0, 10] before
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Figure 4.3: Architecture for the proposed short-term residential load forecasting algorithm.
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splitting into 80% training data and 20% test data. The training data is then input to 

a stacked 2-layer bi-directional LSTM model for training. The hyperparameter settings 

adopted in this work for stage-1 and stage-2 are presented in Table 4.1.

Table 4.1: Stage-1 and Stage-2 LSTM model hyperparameters.

Hyperparameters Stage-1 Stage-2

Neurons: Layer [1, 2, 3] [128, 64, 32] [128, 64, -]

Dropout: Layer [1, 2, 3] [0.4, 0.3. 0] [0.4 0.3, -]

Activation Function tanh - all layers ReLU - all layers

Optimizer Adaptive moment estimator (Adam) [14]

Learning Rate 0.001 0.001

Loss Function Mean Squared Error (MSE)

The bi-directional LSTM network can process the information in both forward and reverse 

time order, making it possible to look at and preserve the future context as well. The reason 

to use bi-directional LSTM in stage-2 is that the LSTM model can preserve information 

about when the consumer will use medium to heavy-duty electrical appliances in the future, 

and there will be an outlier in the residential load data.

4.5 Results

The STRLF model using the proposed methodology is trained using the 10-minute reso

lution four-month residential load data from April 16, 2021 to August 1, 2021. The training 

data was first dis-aggregated into the base load and outliers with the Hampel filter setting: 

N = 100 and τ = 6. The data preprocessing was done using a Scikit-learn library [15] and 

the model was trained using a TensorFlow-gpu package [16] on an nVIDIA® Geforce RTX 

3060 12GB dedicated GPU [17] in a Dell workstation with an Intel® i7-11700K 10 core 

CPU and 64GB RAM. The algorithm flowchart is shown in Figure 4.4. The day-ahead pre

diction results with 10-minute resolution, therefore for August 17, 2021, are presented. The 

comparison between the actual and the predicted residential base load pattern for stage-1 

is shown in Figure 4.5. The comparison between the outliers in the actual resisdential load 

data and the predicted residential load data in stage-2 is shown in Figure 4.6. The combined
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Figure 4.4: Two-stage load forecast algorithm flowchart.
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prediction results from stage-1 and stage-2 of the proposed methodology are then compared 

with the actual residential load data and the prediction results from the single LSTM model 

trained using the residential load dataset without removing or separating the outliers. The 

residential load dataset does not fit the Gaussian distribution, and hence the data is scaled 

to the new range [0, 10] using Scikit-learn MinMaxScaler rather than standardizing the data 

with the mean 0 and standard deviation 1 to train the LSTM model. The single deep learn

ing model consists of three LSTM layers with 128, 64, and 32 neurons. The model is trained 

using an ADAM optimizer with a 0.001 learning rate, mean squared error loss function, and 

10-minute resolution 4-month dataset. The comparison between the actual load, prediction 

with the single 3-layer LSTM model, and the prediction with the proposed model is shown 

in Figure 4.7 and Figure 4.8. Due to the scaling issue, the results in Figure 4.7 show a close 

comparison between the predicted results and the actual load data for the first 12 hours, 

and Figure 4.8 shows the comparison for the entire 24-hour period.

Figure 4.5: Actual base load versus the load predicted by the proposed algorithm in stage-1 
for August 17, 2021.

The root mean square error (RMSE) in watts and the mean absolute percentage error 

(MAPE) in % are shown in Table 4.2. From the results of the plots in Figure 4.5 through 

Figure 4.8 and Table 4.2, the proposed model predicts the base load pattern and the outlier 

load more accurately than the conventional methodology of training a single LSTM model
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Figure 4.6: Actual outlier load versus the prediction by the proposed algorithm in stage-2 
for August 17, 2021.

Figure 4.7: Nigh comparison of predicted results with the actual load data for August 17, 
2021.

Figure 4.8: 24-hour comparison of predicted results with the actual load data including the 
outlier load pattern for August 17, 2021.
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with a dataset including the outliers. Stage-1 and stage-2 of the proposed model are trained 

in 4.56 minutes and 7.59 minutes, respectively. Both the models were trained serially in this 

work. The single LSTM model trained over the dataset with the outliers took 7.83 minutes.

Table 4.2: Load Forecast Error Metrics

Model
Error Type

RMSE MAPE (%)

Proposed Model 296.64 12.31

Single LSTM model 792.43 28.53

4.6 Conclusion and Future Work

The STRLF is critical for optimal scheduling and dispatch with the increase in variable 

distributed energy resources in the power distribution network. The residential load pattern 

is different for each house, and it depends on the availability and usage of medium to heavy 

electrical appliances. Hence, a method of dis-aggregating the load data into the base load 

pattern and outlier load pattern is proposed, efficiently performed by the Hampel filter. The 

results demonstrate that the proposed method for STRLF outperforms the conventional 

method of training a single deep learning model using the data including the outliers, and 

the prediction MAPE using the proposed model is decreased by 56.85%. Also, using the 

proposed methodology, we demonstrate that a reasonably accurate STRLF model can be 

obtained just by training the model with four months of data.
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Chapter 5. Observations, Conclusion, and Future Work

The general results, observations, and conclusions of the research work presented in this 

dissertation from Chapters 2, 3, and 4 are discussed and summarized here.

5.1 Results and Observations

5.1.1 Results and Observations of Chapter 2

A three-stage co-optimization of power flow using the sharing alternating direction method 

of multipliers (S-ADMM) and flexibility reserves was proposed and implemented in Chapter 

2. The results were presented for a 13-bus two-area system with an IEEE 123-bus test feeder.

The OPF results in the first stage demonstrated that correcting forecast error at the 

end of each operating hour and adding tunable parameters θy, where y ∈ {l, evl, PV, wind}, 

reduced the impact of epistemic and aleatory uncertainty in the system. From the results 

in Figure 2.9 in Section 2.7, when adding the optimal value of tunable parameters to the 

corrected forecast as shown in eq. (5.1) below, the actual load consumption was below the 

predicted values and the actual wind generation was above the predicted value for most of 

the operating hours.
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The OPF results also showed that adding the degradation cost function for ISO-owned BESS 

in the ob jective function limited the number of charge-discharge cycles. However, the degra

dation cost function was specific to lithium-ion batteries and can be replaced based on the 

type of energy storage. The computation time of semi-distributed OPF was approximately 

25 seconds and was compared to the distributed OPF architecture in Chapter 3.

The distribution substation control center tabulates the flexibility reserve requirements 

based on the OPF results. The algorithm automated the scheduling of flexibility reserves 

using the Ethereum blockchain network before the start of each operating hour. Based 

on the algorithm's logic, the distributed apps on the Ethereum network allowed only pre-



approved generation unit owners to submit bids. Only a reserve sharing entity can access 

the submitted bids, making the bidding process secure and private.

The results in section 2.7.2 and 2.7.3 showed that reserve sharing and the proposed S- 

ADMM algorithm to minimize the cost of scheduling flexibility reserves saved approximately 

$1200 for the test system considered in this work. The proposed algorithm can save thousands 

to millions of dollars for flexibility reserves for systems that are a thousand times bigger than 

the test system.

Lastly, the S-ADMM algorithm converged in 7-8 iterations and took approximately 5 

seconds. However, when the data was exchanged using the blockchain network to execute 

S-ADMM, the algorithm took about 5 minutes to converge. The algorithm was implemented 

in parallel, and hence the execution time will be approximately similar for larger systems.

5.1.2 Results and Observations of Chapter 3

In Chapter 2, the OPF was executed in a semi-distributed manner, whereas in Chapter 3, 

it was solved using a distributed consensus alternating direction method of multipliers (DC- 

ADMM) based distributed architecture. The power distribution network was partitioned 

into subnetworks using an iterative vertex migration-based adaptive algorithm to implement 

the DC-ADMM based distributed OPF algorithm.

The subnetworks formed by the iterative vertex migration algorithm were balanced in 

terms of computational load and active power. The results of the resilience metrics showed 

that the subnetworks formed by the proposed algorithm were more resilient compared to the 

graph partitioning algorithm discussed in the literature.

The performance of the DC-ADMM with and without the blockchain network was verified 

using the simulation results but with the following key observations.

• From the OPF results, including the BESS degradation cost function in the objective 

reduced the number of the charge-discharge cycle as mentioned in subsection 5.1.1.
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• The scheduling of transportable BESS minimized the curtailment of renewable energy 

sources during peak generation hours.

• From the results shown in Figure 3.12 in section 3.6.2, the RF heuristic algorithm 

fixed the binary variables representing the BESS charge and discharge cycle making 

the OPF problem convex.

• The DC-ADMM and RF computation results showed that it reduced the OPF execu

tion time by 26.3% for the IEEE 123-bus and 66.7% for EPRI J1 test network.

• The blockchain validated all the data exchange transactions between the subnetworks 

to execute the DC-ADMM algorithm, making it secure; however, the algorithm took 

an additional 625.2 seconds for the IEEE 123-bus system and 1560 seconds for the 

EPRI J1 feeder to converge due to the validation step. The algorithm was executed 

sequentially in this work, but could be sped up by a factor equivalent to the number 

of partitioned regions in the power distribution network if executed in parallel.

5.1.3 Results and Observations of Chapter 4

Chapter 4 presented the two-stage stacked long short term memory (LSTM) and Ham

pel filter-based model to forecast short-term residential load (STRLF). The Hampel filter 

efficiently replaced the outlier data with the median values and thus dis-aggregated the load 

time series data into base-load time series data and outlier time series data. The value and 

number of outliers removed by the Hampel filter depend on the window length N and the 

threshold τ. The Hampel filter settings used for this work were N = 100 and τ = 6, and it 

replaced all of the data above the median value with the median value.

The forecast results using the proposed model showed that without the unnecessary bias 

added by the outlier data, the model trained with only four months of data produced a load 

forecast with the mean absolute prediction error (MAPE) of 12%. The proposed STRLF 

algorithm reduced MAPE by 56.85% compared to the single LSTM model.
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Thus within the studies and simulation results presented in Chapters 2 and 3, the concept 

and comparison of semi-distributed and distributed OPF was fully illustrated. The LSTM 

model to forecast load, which is essential for OPF implementation was also trained and 

validated using actual residential load data.

5.2 Conclusions

The conclusions for the work presented in the previous chapters are as follows.

5.2.1 Conclusions for Parameterized DLA Method for Optimal Power Flow (OPF)

Several conclusions can be drawn from the stochastic OPF problem solved using the 

parameterized deterministic method.

• Obtaining the exogenous information on actual load and generation measurements 

and using it to predict the residual error to correct the forecast reduces the epistemic 

uncertainty in the load and solar PV and wind generation forecast.

• The optimal value of tunable parameters obtained by solving the OPF problem reduces 

the impact of aleatory uncertainty and limits the need to schedule resources during 

real-time dispatch.

• The proposed algorithm takes approximately 25 seconds to execute, making it easy to 

compute at the end of each operating time-period after the exogenous information is 

available and update the OPF or dispatch decisions.

These results facilitate implementing the algorithm for real-world applications.

5.2.2 Conclusions for S-ADMM, Blockchain and Smart Contract based Flexibility Reserve 

Scheduling and Bidding

The sharing alternating direction method of multipliers (S-ADMM), blockchain, and 

smart contract framework proposed in Chapter 2 to schedule and minimize the cost of 

144



flexibility reserve resulted in the following conclusions.

• The flexibility metric “variation in generation capacity (VIGC)” tabulates the variation 

in the generation from DERs based on the probability of an event that would impact 

the generation. It aids in improving the schedule of flexibility reserves.

• The smart contract based bidding allows the reserve sharing entity to conduct the 

bidding process at the end of each operating hour or whenever required. Also, the 

smart contract only allows pre-approved generation unit owners to submit their bids, 

thereby eliminating the potential for fraudulent bids.

• The results show that reserve sharing between multiple balancing authority (BA) areas 

reduces the cost of flexibility reserves.

• The proposed S-ADMM algorithm minimizes the cost of scheduling flexibility reserves 

for each BA area participating in reserve sharing as well as the cumulative cost for all 

participating BA areas.

• The blockchain network enhances security in the information and data exchange while 

executing the S-ADMM algorithm but also adds latency.

The proposed framework can be extended for other ancillary services as well. The proposed 

framework automates the process of scheduling reserves while maintaining data privacy.

5.2.3 Conclusions for Blockchain based DC-ADMM and RF Heuristic Algorithm for Non- 

convex OPF

With the increase in the penetration of distributed resources, the demand for distributed 

control solutions has increased in the recent past, hence the need for distributed OPF solu

tions. Several conclusions can be drawn regarding the advantages and disadvantages of the 

proposed distributed OPF algorithm that can fuel future work and implementation.
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• Implementation of the proposed distributed OPF algorithm requires the distribution 

network to be partitioned into low-coupling subnetworks. The results show that parti

tioning of the distribution network using the vertex migration algorithm forms balanced 

partitions that aids in improving the synchronization between the local controllers.

• The vertex migration algorithm forms subnetworks that are more resilient and can 

operate in islanded mode if required.

• The OPF results show that incorporating the battery degradation cost function reduces 

the number of charge-discharge cycles of the BESS.

• Scheduling transportable BESS minimizes the curtailment of renewable energy re

sources during the peak generation period.

• The OPF problem with variable DERs and BESS is a non-convex problem. The 

DC-ADMM only converges for a strictly convex problem. The relax-and-fix heuristic 

algorithm fixes all the binary variables, making the problem convex and convergent.

• The OPF computation results show that the distributed algorithm is faster as compared 

to the centralized solution for larger systems.

• Communication over the blockchain network for information exchange to solve the 

OPF problem using DC-ADMM adds a significant amount of latency. Hence it can 

only be executed offline before the 24-hour operation period and apply the solution to 

the physical grid after it converges.

5.2.4 Conclusions for Short-Term Residential Load forecasting using Two-Stage Long Short

Term Memory (LSTM) and Hampel Filter

Residential level load forecasting is important for distributed optimization in power dis

tribution networks. The following conclusions can be drawn from the work implemented in 

Chapter 4.
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• The data needs to be normalized between 0 and 1 for better training of the LSTM- 

based recurrent neural network, which also improves the prediction accuracy of the 

model.

• The load forecast model can be trained with less data if the load dataset is dis

aggregated into base and outlier load data to train two separate LSTM models.

• From the load forecast results, the proposed model reduces the residential load forecast 

MAPE by 56.85% and accurately predicts the peak residential load during a 24-hour 

period as compared to the single LSTM model.

5.3 Future Work

A significant amount of work is presented in this dissertation for distributed optimization 

of power flow and scheduling of flexibility reserves using a blockchain network and smart 

contract architecture. The initial implementation of a short-term residential load forecasting 

algorithm is also presented. The following research work needs to be done or will be done in 

the future to implement the proposed algorithms to solve the distributed OPF problem in 

real-world distribution networks.

• The blockchain network adds latency in communication for distributed optimization 

due to transaction validation at each iteration. Research needs to be done to address 

this issue for online real-world implementation of distributed OPF using blockchain 

networks.

• For the short-term residential load forecasting model, prediction results for other house

holds using the model trained in this work will be determined and used to tune the 

model.

• The seasonal impacts on the developed model and the efficiency of transfer learning to 

address those impacts will also be investigated.
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• The implementation of the proposed algorithm on edge devices and data privacy also 

needs to be explored in the future.

5.4 Final Thoughts

Conventional power systems have most of their generation units integrated at the trans

mission system level, with the distribution system acting as a passive load resource. However, 

the increasing amounts of renewable energy-based DERs and energy storage integration at 

the distribution level are transforming the distribution network into an active source, altering 

the power flows at the transmission-distribution interface. At the lower penetration level, the 

impact of renewable energy-based DERs would be minor and insignificant. However, as the 

DER penetration level increases in the future, the impact of their uncertainty in generation 

can no longer be ignored for reliable power system operation. The OPF algorithm proposed 

in this work with uncertainty quantification and scheduling flexibility reserve would reduce 

the impact of uncertainty in the generation from DERs and enhance the flexibility of the 

network. Also, as the demand for flexibility reserves increases in the future with increasing 

DER penetration, flexibility metrics and reserve sharing would minimize the cost of reserves 

as presented in this work.

Given the transformation of distribution networks with DERs into active sources, data 

requirements and information exchange across the transmission-distribution interface is es

sential for optimal power flow. Centralized optimal power flow algorithms can become 

computationally intensive with all the components, data, and network constraints in the 

distribution network. Furthermore, centralized power flow algorithms consider DERs as ag

gregated negative loads. These issues can be solved by implementing the distributed OPF 

architecture proposed in this work, while also using a blockchain-based framework to make 

the data and information exchange more secure.

The short-term residential load forecasting methodology proposed in this work can be 

deployed on grid edge devices, and hence the information about the load forecast necessary 
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for distributed OPF can be obtained from the local edge devices rather than the central 

server. This can also help keep the consumer data private.

Distributed OPF algorithms that can handle uncertainty and non-convexity, short term 

load forecasting models with improved results and less data requirements, and the use of 

blockchain networks and smart contracts to automate the process of scheduling reserves 

based on the OPF results will be necessary in the high penetration renewable energy-based 

power distribution networks of the future.
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