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ABSTRACT OF THE DISSERTATION 

Data Driven State Estimation in Distribution Systems 

by 

 

Zhiyuan Cao 

 

Doctor of Philosophy in Mechanical Engineering 

University of California, Los Angeles, 2020 

Professor Rajit Gadh, Chair 

 

Increasing penetration of distributed energy resources (DERs) and electric vehicle (EV) charging 

load has brought intermittency into the distribution systems. Specially, power generation from the 

onsite renewable energy sources such as solar photo-voltaic is known to be intermittent. Together 

with variable EV charging loads that are highly dependent on user behavior, bi-directional power 

flows can be introduced into the distribution networks that results in unclear power flow direction, 

which may violate grid operating constraints such as voltage constraints and current magnitude 

constraints. Hence, it is necessary to study and implement distribution system state estimation 

(DSSE) as it provides voltage, current, and power information of every single element in the 

distribution system, and further enables examination of the operating constraints that help maintain 

the system in a normal operating status.  



iii 

 

Unlike transmission systems that are well-monitored with measurement redundancy, distribution 

systems are usually characterized by measurement scarcity and rely on pseudo-measurements 

modeled from historical data. Traditional pseudo-measurement methods assume static load 

profiles and fail to address the impact of DERs and EV charging penetration as a dynamic process. 

This dissertation proposed a pseudo-measurement modeling method at phase-level using user-

level data to model the change of load profiles due to this penetration. Numerical analysis using 

real-world EV charging load, residential load, commercial load, and solar generation data 

demonstrates the merits of the proposed pseudo-measurement modeling method. 

Moreover, state estimation is aimed at enabling real-time applications for grid operations and 

therefore a fast runtime is desirable. However, distribution systems also have unbalanced phases 

and a larger network size compared to their transmission counterparts, resulting in undesirable 

runtime efficiency. In this dissertation, a two-step DSSE framework is proposed. First, a surrogate 

model is developed to generate a fast-yet-coarse prediction of the system states. Second, this state 

surrogate is further fed into the state estimator as the initial state values to improve the state 

estimation runtime efficiency. Deep neural networks (DNNs) and long short-term memory 

(LSTM) networks are proposed to model the states, and autoencoder networks are further 

introduced to compress the input so that the proposed networks are trainable on large distribution 

systems. The proposed methods are tested on IEEE 123-bus system and showed that the runtime 

of DSSE is reduced by 73%. The proposed methods are further tested on IEEE 8500-node 

benchmark system with an 83% DSSE runtime reduction. 

Finally, this dissertation introduces the development of a measurement system infrastructure with 

power quality analyzer (PQA) and micro phasor measurement unit (PMU) systems. The data 

collected are used in numerical studies mentioned above. We further introduce a monitoring 
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application based on the measurement infrastructure and conclude the lessons learned from the 

implementation of the systems.  
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1 Introduction 

In this chapter, the background of this dissertation is briefly introduced. This introduction presents 

the motivations, and shows the state-of-the-art of the studied research topics through literature 

review, summarizes the key contributions, and finally gives the overall structure of this dissertation. 

At the beginning of each chapter, a more detailed introduction to that chapter is presented. 

1.1 Background and Motivations 

The distribution grids are going through rapid changes from less intelligent, unidirectional power 

flow and bulk generation to smart, bidirectional power flow and distributed generation thanks to 

the recent advancement on communications [1], sensing [2] and control [3]. DERs are deployed 

as on-site generations and smart meters are installed to allow two-way real-time communications 

between utilities and customers [4]; emerging EV load drastically changes the way customers 

interact with the grid; smart grid features such as demand response are being offered by an 

increasing number of utilities [5] [6] [7].  

Specifically, onsite renewable energies such as solar and wind generations are gaining popularities 

in distribution systems over the past 10 years. For instance, Figure 1-1 shows that the solar 

generation in California has grown for more than 10-folds over the past 10 years [8]. And currently 

20.7% of the energy is generated by solar [9]. In the meanwhile, we also see that there are already 

8 states committing to 100% carbon-free electricity in the next 10-20 years [10], which is not just 

about solar generation, but also renewable energies in other forms such as wind power.  

One characteristic of the renewable energies is that the generation from these energy sources can 

fluctuate frequently from zero to rated power. For instance, Figure 1-2 shows the solar generation 
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on a cloudy day and on non-cloudy day. From the figure, it can be concluded that the solar 

generation on a cloudy day is especially unstable compared to non-cloudy days. This kind of 

behavior, as the penetration keeps increasing, can cause bi-directional power flows in part of the 

distribution network and results in unclear power flow directions and potential violations of 

operating constraints [11]. 

 

Figure 1-1 Solar generation in California over the past 10 years. 

 

Figure 1-2 Solar generation in a cloudy day v.s. a non-cloudy day. 
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On the other hand, the number of EVs are also growing rapidly. There are currently over 668, 000 

EVs in California as of 2020 [12]. And for United States, the number of EVs is forecasted to be 

more than 3 million by 2028 [13]. Compared to the U.S average load size of 30 kWh per day, and 

the average peak consumption of 5 kW [14], the load pressure introduced by uncoordinated EV 

charging is enormous and has a considerable impact on the distribution grids. For California, the 

EV charging would consumes 10.5% of the generation if charged simultaneously, assuming all 

EVs charged at the rate of 7 kW using the common Lv. 2 charger. Because EV charging are usually 

stochastic, it increases the unclearness of the distribution system with increasing onsite renewable 

generations. 

This unclearness in distribution system states calls for state estimation because state estimation 

outputs current, voltage and power information for every single element in the network and 

provides power flow directions. It allows examination of whether any operating constraint is being 

violated and maintain the system in the normal operating status through corrective measures. 

Hence, the penetration of onsite renewable generations and flexible EV charging load in 

distribution system motivates the study and implementation of state estimation in distribution 

systems [15]. 

1.2 Literature Review 

1.2.1 History and Definition 

The idea of state estimation was first introduced in [16] [17] [18] around 1970s to identify the 

current operating state of the power systems. The introduction of state estimation leads to the 

establishment of energy management systems (EMS) and broadens the capability of SCADA 

systems. State estimation provides accurate real-time information of the system, based on which 

important control and planning tasks such as contingency analysis applications can be reliably 
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deployed to analyze contingencies and examine if any operating constraints are violated, and 

determines if any corrective measure is required [19]. Other applications based on state estimation 

include optimal power flows and bad data detection and analysis [20] [21].  

One definition of state estimation can be found in [22], in which state estimation is defined as the 

process to determine the optimal estimate for the system states, which is usually the complex bus 

voltages of the power systems. The input of the state estimation includes network topology 

information such as bus connectivity, distance between buses, and whether the three-phase system 

are connected with Wye or Delta connections. Another type of input for state estimation is the 

available measurements including voltage, current, power flow, and power injection readings from 

SCADA systems, direct reading of the states from PMUs, and load generation and consumption 

readings from smart meters. Figure 1-3 summarizes the input measurements available for state 

estimation and applications that are based on state estimation. 

Traditionally, state estimation is studied in the setting of transmission networks. The weighted 

least square (WLS) algorithm is one of the most widely used algorithm to solve for state estimation. 

 

Figure 1-3 State estimation inputs and subsequent applications based on state estimation. 
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The WLS algorithm aims to minimize the square difference between estimated values and the state 

values calculated from measurements, with the advantages of straightforwardness of 

implementation, high estimation accuracy, and relatively good convergence [19].  

1.2.1 Distribution System State Estimation 

Distribution systems are fundamentally different from transmission grids. First, distribution 

networks usually have high R/X ratio and short-lines, which can lead to ill-conditioned matrices 

and poor convergence when WLS-based methods are applied [23]. Moreover, unlike transmission 

grids, where the three phases are usually balanced, distribution networks often have unbalanced 

phases. As a result, when developing the measurement functions for distribution networks, the 3-

phases needed to be modeled together to consider the interaction between phases, thus increasing 

the size of the matrices and further computation burden. What is worse, distribution systems have 

many more buses than transmission networks, which also increases the computation burden. 

Finally, unlike well-monitored transmission networks, distribution grids often experience a low 

availability of real-time measurements such that measurement redundancy, a critical assumption 

in the WLS-based state estimation setting, is not satisfied [24]. As a result, while state estimation 

is well-developed in transmission systems, a simple migration of the methods developed in 

transmission systems does not solve the problem at the distribution level. 

To this end, many research focuses have been placed in distribution system state estimation 

(DSSE). And the aforementioned characteristics of distribution systems greatly shaped the 

research focuses of DSSE. Research on solving the three-phase state estimation problem can be 

traced back to the 1990s [25]. Earlier works mainly focused on the development of state estimation 

algorithms that can be applied in distribution systems, which essential involves developing 3-phase 

measurement functions for distribution systems and adapting WLS-based approach to distribution 
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systems in limited scenarios where convergence can be achieved. In [26], the authors proposed a 

DSSE method assuming there are measurements at the leaves of the system, given the distribution 

system usually have a radial structure, and utilized only these measurements to solve for state 

estimation. Authors in [27] adopted the WLS approach with explicit discussion of how to develop 

3-phase measurement functions for state estimation, and further showed that when the rank of the 

Jacobean matrix equals to the number of measurements, the system is observable.  In [28], the 

authors proposed a similar WLS based approach that use Newton’s method to solve for state 

estimation. 

During 2000s, many approaches for DSSE has been developed. In [29], the forward/backward 

sweep approach that utilize the radial structure is proposed. The method involves first updating 

bus voltage using the forward sweep. It is then followed by a backward sweep that updates the 

current injections and current flows and then iterates over. Authors in [30] further discuss the 

forward/backward sweep method and validated it through IEEE benchmark systems. In [31], the 

authors compared WLS formulation using Newton’s method and forward/backward sweep method. 

The results show that WLS based method is more complicated and difficult to implement and takes 

longer iteration time because of the computation involved in each round. But WLS-based method 

is also more robust against bad data because of data redundancy. 

Moreover, one heated research topic on state estimation is the usage of PMUs. One advantage of 

PMUs is that PMUs provide direct measurements of the system states [32]. For a system that is 

completely measured by PMUs, the state space equations become linear, and the solution of state 

estimation becomes readily obtainable. Another advantage of PMUs is that PMUs have high 

accuracy. However, PMUs are expensive [33], and therefore, a distribution system could only 

afford a few PMUs. PMU placements are often studied in order to optimally utilize the few 
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available PMUs in a power system. In [34], a PMU placement study with consideration of different 

contingencies such as measurement losses and line outages are considered. Hajian et al. proposed 

a PMU placement solution based on binary particle swarm optimization to maintain network 

observability in [35]. 

Another approach is the branch-current method, which use branch currents instead of bus voltages 

as the state variables. The authors in [36] showed that when branch currents are used as the state 

variables, the measurements and state variables of different phases are zero for the branch power 

measurements, current measurements, power injection measurements, and can be approximately 

treated as zero for voltage measurements. In [37], the authors discussed the performance of branch-

current method with limited amount of voltage measurements. The authors in [38] applied branch-

current method with consideration of distributed generations, and further examined four 

distributed generations models including PQ model (real and reactive power measurements), PV 

model (real power & voltage measurements), PI model (real power and current measurements) 

and PQV (real/reactive and voltage measurement). 

Turning to DSSE research of recent years, we can conclude that the focus of the DSSE research 

has been shifting towards the implementation challenges of DSSE. The first challenge that we 

identified is the low measurement availability in distribution systems. One proposed solution is 

the metering placement. In [39], the author proposed a metering placement scheme based on 

ordinal optimization that first reduces the search space of the solution. Then the algorithm samples 

potential solution and evaluates their objective loss to determine the optimal solution. The 

sampling strategy ensures that the reduced search space contains at least one solution within the 

top 100% with a probability level. The authors in [40] first formulated the problem with nonlinear 

constraints, which is introduced by inversion of the gain matrix. They further relaxed the nonlinear 
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part of the gain matrix, so the problem becomes a mix-integer linear programming problem that 

was solved through CPLEX. 

However, the metering placement solution does not directly overcome the issue of low 

measurement availability in distribution systems, but provides a solution for planning purpose. 

Hence, pseudo-measurement modeling that directly tackles the issue of low measurement 

availability has been proposed. In [41], the authors used Gaussian mixture models (GMM) to 

model the pseudo-measurements by determining how many Gaussian components and the 

mean/variance of each component. The authors in [42]  proposed to use neural network to generate 

pseudo-measurements with the input being the power flow measurements at substation level. In 

[43], the authors proposed to use K-means clustering and first clustered load profiles into different 

clusters. Then they used the previous 32 measurements to determine which center the current 

missing value is closest to and used the value of that center as the pseudo-measurements. The 

authors in [44] took a similar clustering approach. But instead of clustering the measurement series, 

they clustered individual users. The load consumption pseudo-measurement is generated by 

assigning an unknown user to its closest known user, and the pseudo-measurement of an unknown 

user is estimated by estimating the average consumption multiplied by the point rescaled pattern 

of the known user. In [45], the authors first split the data into 4 chunks, and developed 4 models 

based on the 4 chunks of data and use a game-theoretic approach to iteratively update the weight 

of each model for combing the prediction of the 4 models as the final output. The model that is 

used by the authors is called the support relevance machine. 

Another challenge is that state estimation in distribution system also suffers from slow runtime 

efficiency. To enable real-time applications (1-60s) [46] such as contingency analysis that are 

based on the results of the state  estimation, it is important for DSSE algorithms to have a fast 
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runtime efficiency. As a result, dynamic state estimation (DSE), or forecasted-aided state 

estimation that models the time-varying nature of the system has gained much attention. DSE 

involves a state prediction step using system information at time k to predict system states at time 

k+1, which allows identification of topological changes and other anomalies and performing 

security analysis in advance [47]. It is then followed by a state estimation step, or state filtering, 

where the measurements of time k+1 are fed into a state estimator to solve for state values at that 

time point. Fan and Wehbe proposed an extended Kalman Filter based algorithm to estimate states 

and parameters of a classic generator model using model decoupling technique [48]. This work is 

further extended in [49], where a modified extended Kalman Filter based DSE is proposed with 

consideration of cases where the voltage measurement is not available. In [50], the authors validate 

the performance of the unscented Kalman filter against multiple IEEE benchmark systems and 

discussed the effect of measurement conditions. Authors in [51] proposed a DSE method using 

unscented Kalman Filter and studied a fourth-generation model to estimate the state of the single-

machine system. The same method is further extended to the multiple-machine system in [52]. In 

[53], the authors discussed the effect of false data injection attacks on extended Kalman filter based 

DSE scheme. 

1.3 Contributions 

First and foremost, existing literature on pseudo-measurement modeling often build model on the 

phase level that utilize phase-level consumption data. This dissertation proposes a phase-level 

pseudo-measurement model by aggregating user-level metering data to generate pseudo-

measurements that can be utilized by state estimation solvers. Modeling at phase-level ensures the 

runtime efficiency of the pseudo-measurement generation while using user-level data enables 

incorporating user-related information into the pseudo-measurement model to improve the 
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accuracy of the pseudo-measurement. Further, real-world metering data that includes solar 

generations, EV charging load, commercial building load, and residential load are used to evaluate 

the performance of the proposed method. 

Second, previous literature on pseudo-measurement modeling does not consider the effect of DERs 

and EV charging penetrations as a dynamic behavior. This dissertation proposed to study the effect 

of load profiles changes introduced by newly installed DERs and EV chargers on the performance 

of pseudo-measurement modeling through adding new DERs and EV charging profiles into part 

of the dataset to simulate the real-world scenario where installation of new DER generations and 

EV loads can happen any time during the year. The dissertation further showed the proposed 

pseudo-measurement modeling method is robust against these load profile changes through 

introduction of the user-level features and modeling training techniques. 

Third, existing dynamic state estimation approach treats the state prediction and state estimation 

phase as two separate steps, using the state prediction results for some applications and the state 

estimation results for others. This does not directly address the problem of low runtime efficiency. 

This dissertation hence proposed a DSSE scheme based on surrogate modeling to improve the 

runtime efficiency of DSSE. A surrogate model is built when the original problem is challenging 

to solve, or its computational efficiency is undesirable. In the dissertation, the proposed scheme 

takes the state prediction results from the surrogate model as the initial values of the state 

estimation solver, thus significantly reduce the runtime of state estimation. The proposed method 

is verified by multiple IEEE benchmark test systems. 

Finally, there is a lack of consideration of large distribution systems in existing literatures on 

addressing the runtime efficiency of DSSE. In this dissertation, a scalable state surrogate modeling 

approach is proposed to provide a forecast of the system states for large distribution systems. The 
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approach is verified using multiple IEEE benchmark systems including the IEEE 8500-node 

system, currently the largest IEEE distribution benchmark system available. 

The contributions of this dissertation can be summarized as follows. 

• Proposed a pseudo-measurement modeling method that provides accurate pseudo-

measurements to enable distribution system state estimation in a low measurement availability 

environment. 

• Proposed a method to study robustness against load profile changes introduced by 

installation of new renewable generations and EV chargers in distribution systems to analyze the 

impact of DERs/EVs penetration as a dynamic behavior on state estimation. 

• Proposed a scalable state surrogate method for predicting the states of distribution systems 

for large distribution systems. 

• Proposed a distribution system state estimation scheme to significantly improve the 

runtime efficiency of state estimation process, allowing real-time application that are based on 

state estimation to be deployed. 

1.4 Dissertation Organizations 

The reminder of this dissertation is organized as follows. 

Chapter 2 develops the pseudo-measurement models based on user-level load data. We start with 

formulating the pseudo-measurement modeling as a regression problem and propose the gradient-

boosting tree method to model the pseudo-measurements. The proposed method is verified through 

numerical studies using real-world data, including solar generation, EV charging load, commercial 

building load, and residential load. First, we introduce the preprocessing steps of the raw data. We 
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then examine the performance of the pseudo-measurement in terms of prediction accuracy, 

consistency, and robustness against load profile changes. Change of load profiles is common in 

distribution systems nowadays with the vast installation of DERs and EVs. Hence, it becomes 

increasingly important to study such a topic when modeling pseudo-measurement. Chapter 2 is 

based on the work published in [54]. 

Chapter 3 studies the computation efficiency of DSSE. We start by introducing surrogate modeling 

and propose two different formulations. The surrogate model is first treated as a regression 

problem modeled by DNNs, and then a time-series problem modeled by LSTM networks. We 

compare the difference between these two formulations. The quality of surrogate values as initial 

values of the state estimation solver is then validated through numerical studies on IEEE 

benchmark systems. Chapter 3 is primarily adapted from the work published in [55] and [56]. 

Chapter 4 introduces the distribution system state estimation based on pseudo-measurement and 

surrogate modeling. To perform DSSE, it is necessary to understand the network structure of the 

system, the configurations of buses and lines, as well as the available input measurements. We 

start by introducing the various physical models and configurations involved in building up the 

distribution system networks. We then further describe the ladder iterative approach, the algorithm 

used in solving DSSE. After that, we introduce the pseudo-measurement based DSSE framework 

and surrogate model based DSSE framework. The proposed frameworks are verified using 

multiple IEEE benchmark systems. We incorporate the results from Chapter 2 and 3 to examine 

how pseudo-measurement models and surrogate models affect DSSE. This chapter is primarily 

based on the work from [54], [55] and [56]. 

In Chapter 5, the effect of input data quality on the accuracy of pseudo-measurement is studied. 

Specifically, this chapter covers missing data, data granularity, and measurement misalignment. 
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Missing data is a common topic in data collection and data mining. Meanwhile, following the 

advancement of sensing and communication technologies, a finer grain of data is becoming 

available and is carrying more information about the system. On the other hand, research often 

assumes measurements from different sources to be perfectly aligned. This chapter demonstrates 

the effect of measurement misalignment on pseudo-measurement generations with numerical 

studies. Chapter 5 is based on the work published in [54]. 

In Chapter 6, the design and implementation of the PQA and a micro-PMU system are described. 

In this chapter, the architecture of the measurement platform is articulated with a detailed 

description of both hardware and software involved. Chapter 6 further presents an application 

based on the measurement platform. 

Finally, conclusions are drawn, and potential future works are proposed in Chapter 7.  
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2 Pseudo-measurement Modeling for Distribution System State Estimation 

In this chapter, we first describe a problem formulation of the pseudo-measurement modeling. This 

is a critical area of study, as distribution systems often face a lack of real-time measurements, and 

DSSE relies heavily on pseudo-measurements. Hence the accuracy of pseudo-measurement 

modeling has great impacts on the performance of DSSE. 

2.1 Introduction 

While state estimation is well-developed in transmission systems, a simple migration does not 

solve the problem at the distribution level. One reason is that there is often a lack of real-time 

measurements in the distribution grids. In most of the existing systems, SCADA readings are only 

available at the substation level [57].  

Much research focus has been placed to fill the gap of inadequate measurements. Pseudo-

measurements modeled from historical data are often applied. Earlier load-forecasting-based 

approaches gave attention to statistical methods, such as similar-day or auto-regression [58] [59] 

[60]. For these methods, measurements from previous time-points and time-related information 

such as weekend/weekday are often used [61] [62]. Other researchers attempt to model pseudo-

measurement using probability density models. In [63], the authors proposed to use Weibull 

distribution to model consumer billing data. Seppala [64] suggested log-normal distribution for 

load measurements. Common probability distributions for modeling load profiles, including 

Weibull, normal, log-normal, and beta distributions are compared in [65] and [66]. An improved 

load profile model based on beta distribution is proposed in [67]. 

More recently, the advancement in computing power has enabled more complicated methods. 

Singh et al. applied the Gaussian mixture model (GMM) to model the load profile and to generate 



15 

 

pseudo-measurements for each bus [68]. Gerbec et al. [69] proposed a load profile modeling 

method based on probabilistic neural networks. Authors in [70] built artificial neural networks 

(ANNs) to produce pseudo-measurements of the whole system by using measurements of 

substation power-flows as input. In [71], the authors developed a frequency-based clustering 

method for load pattern recognition. 

Most pseudo-measurement approaches are based on historical data at phase-level that come with 

a delay from several days to a month [72], whereas user-level data are barely used. With the 

implementation of advanced metering infrastructure (AMI), user-level data at an interval of 5 

minutes to 1 hour with near real-time accessibility are becoming available [73], and meters with 

higher reporting rates are expected. Such an advancement brings new opportunities to pseudo-

measurement modeling as user-level data carries more information than phase-level load profiles. 

On the other hand, the accuracy of state estimation results on a single set of load inputs is often 

used to assess the performance of a DSSE method in previous research. However, state estimation 

is designed to be an ongoing process, and therefore consistency of its performance over time and 

over different load profiles should be further studied. 

Finally, because of the invasion of DERs such as solar and wind, as well as emerging load like EV 

charging, load profiles at the phase-level are undergoing rapid changes. Methods based on 

historical data may fail to accommodate such changes, which results in poor state estimation 

performance. Hence, robustness against phase-level load profile changes also requires more 

attention. 

Together with many papers not cited, existing papers have made sound contributions to pseudo-

measurement modeling by utilizing bus-level load profiles. However, research either failed to 
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address the rapid-changing nature of nowadays distribution system load profiles as a result of 

DERs and EV load, or did not capture user-level dynamics through data with finer granularity. 

Furthermore, existing literature often focuses on accuracy based on a single snapshot of the load 

profile, which failed to capture the quality of pseudo-measurements generation as a continuous 

process. Hence, pseudo-measurement modeling with DERs and EV charging penetration needs to 

be reexamined, and evaluation of pseudo-measurement modeling needs to be further studied in 

detail. 

This chapter studies pseudo-measurement modeling in distribution systems through the 

aggregation of user-level data, including solar generation, EV charging, commercial, and 

residential load data. The gradient-boosting tree (GBT) method is proposed to model pseudo-

measurement with considerations of load-profile changes. Pseudo-measurement models are 

developed at phase-level by aggregating user-level data. This allows studies of state estimation 

robustness against load profile changes by introducing new user-level load data into the phase-

level load profile. In this chapter, robustness is defined as achieving high accuracy and consistency 

pseudo-measurement modeling results against phase-level load profile changes. 

The major contributions of this chapter are threefold. To begin with, this chapter describes a 

pseudo-measurement modeling method using user-level data and demonstrates its practicality in 

terms of performance and speed. Second, to validate the proposed pseudo-measurement model, 

this chapter uses real solar generation, EV charging, commercial, and residential load data to 

evaluate the performance of the proposed methods and compares the results to two benchmark 

studies [68] [70]. Finally, to the best of the author’s knowledge, this chapter presents the first 

research on pseudo-measurement modeling robustness against load profile changes through 

numerical analysis. 
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The remainder of this chapter is organized as follows. Section 2.2 describes the problem 

formulation of the pseudo-measurement modeling problem. Section 2.3 introduces the GBT 

method for pseudo-measurement modeling in detail. It is followed by a thorough numerical study 

in Section 2.4. Finally, Section 2.5 concludes the chapter. 

2.2 Problem Formulation 

Pseudo-measurement modeling refers to making predictions of a measurement point in the future 

time-point given the information available at the current time point. It can be mathematically 

expressed as follows. 

 �̂�𝑡+1 = 𝑓(𝑥𝑡) (2-1) 

where �̂�𝑡+1  is the pseudo-measurement estimated at the next time-point 𝑡 + 1 that we want to 

predict;  𝑓(⋅) is the prediction function; 𝑥𝑡 is the information (features) we know at time-point 𝑡. 

Depending on the situation, �̂�𝑡+1 could be load measurements at each bus, voltage measurements 

at each bus other than the substation-level bus, power injection measurements at each bus, power 

flow measurements between two busses, etc. On the other hand, 𝑥𝑡 can contain information such 

as various types of historical measurements, information of each bus and the users under that bus, 

time-related information like time-of-day and day-of-week when that measurement is captured, 

etc. Exactly what information is included depends on the model being used. For instance, load 

distribution is used in [68]. In [70], a set of real power flows is used. For the GBT model used in 

this paper, this is further discussed in Section 2.3. Finally, the prediction function 𝑓(⋅) can take 

any form, and we use GBT to approximate this prediction function, the detail of which is also 

discussed in Section 2.3. 
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The pseudo-measurement modeling problem can be formulated as follows. Given a set of 𝑚 

information record at time 𝑡, 

𝑋 = {𝑥𝑡
(𝑖)

∈ ℝ𝑛|𝑖 = 1,2, … , 𝑚}, 

and a set of 𝑚 measurements at time 𝑡 + 1 

𝑌 = {𝑦𝑡+1
(𝑖)

∈ ℝ|𝑖 = 1,2, … , 𝑚}, 

where 𝑖  represents the instance number in the set, we aim to minimize the loss between the actual 

measurements 𝑦𝑡+1
(𝑖)

 and the estimated pseudo-measurement �̂�𝑡+1
(𝑖)

 generated from the pseudo-

measurement model, which can be expressed as follows. 

  
ℒ = min ∑ 𝑙(𝑦𝑡+1

(𝑖)
, �̂�𝑡+1

(𝑖)
)

𝑚

𝑖=1

,  

        = min ∑ 𝑙(𝑦𝑡+1
(𝑖)

, 𝑓(𝑥𝑡
(𝑖)

))

𝑚

𝑖=1

, 

(2-2) 

where 𝑙(⋅) is an arbitrary loss function. In this chapter, we used the square loss. 

2.3 Pseudo-measurement Model Based on Gradient Boosting Tree 

In this section, we first introduce the theoretical basis of the gradient boosting tree model. It is then 

followed by an introduction of approaches used to optimize the performance of the pseudo-

measurement model. 

2.3.1 Theoretical Basis of Gradient Boosting Tree 

To be self-contained, we start introducing the formulation of a single decision tree model. For a 

decision tree model, it comprises two states. First, a growing stage involves splitting input data 

into multiple buckets repetitively to increase the purity of each bucket. Let us denote a tree 𝑇, and 
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the set of its leaves 𝐽 = {𝑗1, 𝑗2, ⋯ , 𝑗𝑟 , ⋯ }, where 𝑗𝑟 represents the 𝑟-th leaf in tree 𝑇. The splitting 

processing can be formulated as 

 min ∑ 𝑃(𝑗𝑟)

𝑗𝑟∈𝐽

, 
(2-3) 

where 𝑃(⋅) is some purity function. One measure of purity is information entropy [74]. For leaf 𝑗𝑟, 

the entropy  

 𝑃(𝑗𝑟) = − ∑ 𝑝𝑎 log2 𝑝𝑎

𝛼∈𝑗𝑟

, 
(2-4) 

where 𝑝𝑎 is the is the proportion of value 𝑎 in leaf 𝑗𝑟. Other purity functions such as Gini index  

[75] and gain ratio [76] are also commonly seen. Break criteria such as depth-limit can be applied 

to stop the tree growing process. At the end of tree growth, the 𝑖-th record of 𝑋, 𝑥𝑡
(𝑖)

 is placed into 

one of the leaf set 𝑗𝑟. And that concludes the first phase of the decision tree algorithm. 

The second phase of the decision tree algorithm aims to optimize leaf weight 𝜔𝑗𝑟
, and all records 

𝑥𝑡𝑖
 in this set share the same weight. Let 𝐽 be the set of leaves of tree 𝑇, the objective function in 

Equation (2-2) can be rewritten as  

 ℒ = ∑ ∑ 𝑙(𝑦𝑡+1
(𝑖)

, 𝜔𝑗𝑟
).

𝑖∈𝑗𝑟𝑗𝑟∈𝐽

  
(2-5) 

Using optimization algorithms such as Newton’s method, a single decision tree can be trained [74]. 

A gradient boosting tree model is a decision tree model with two main variations.  Boosting implies 

that instead of building one tree, a number of trees are built, and the final prediction is a sum of all 

the tree models. Figure 2-1 presents an illustration of such boosting technique. On the other hand, 

gradient refers to the usage of second-order approximation to quickly optimize the objective 

function [77] [78]. 
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In boosting tree models, we are generating multiple trees sequentially. Hence during each iteration, 

output of a tree is added to existing estimation of 𝑦𝑡+1
(𝑖)

. As a result, the objective function in 

Equation (2-3) at the 𝑘-th iteration can be rewritten as 

 ℒ (𝑘) = ∑ ∑ 𝑙
𝑖∈𝑗𝑟𝑗𝑟∈𝐽

(𝑦𝑡+1
(𝑖)

,  �̂�(𝑘−1)
(𝑖)

+ 𝜔𝑗𝑟

(𝑘)
). (2-6) 

Finally, to optimize the runtime efficiency of GBT, a second-order approximation to the loss 

function is applied, and Equation (2-6) can be further rewritten as 

 
ℒ (𝑘) ≈ ∑ ∑ [𝑙(𝑦𝑡+1

(𝑖)
,  �̂�(𝑘−1)

(𝑖)
) + 𝑔𝑖

𝑖∈𝑗𝑟𝑗𝑟∈𝐽
𝜔𝑗𝑟

(𝑘)
+

1

2
ℎ𝑖(𝜔𝑗𝑟

(𝑘)
)

2

], (2-7) 

where  

𝑔𝑖 =
𝜕𝑙 (𝑦𝑡+1

(𝑖)
, �̂�(𝑘−1)

(𝑖)
) 

𝜕�̂�(𝑘−1)
(𝑖)

, 

 

Figure 2-1 Illustration of tree boosting. 
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and 

ℎ𝑖 =
𝜕2𝑙 (𝑦𝑡+1

(𝑖)
, �̂�(𝑘−1)

(𝑖)
) 

𝜕(�̂�(𝑘−1)
(𝑖)

)2
. 

To this end, pseudo-measurement can be modeled by gradient boosting tree method.  

2.3.2 Pseudo-measurement Modeling Using GBT method 

Figure 2-2 presents the architecture of the proposed pseudo-measurement model based on GBT. 

We start modeling using user-level load data. Loadc-1 represents the first commercial building user, 

and similarly Loadr-2 represents the second residential user. The user-level load data are first being 

extracted to generate features used for modeling – the columns of 𝑋. Although not presented in 

the figure, the measurements 𝑦𝑡+1
(𝑖)

 are defined as the net power consumption of that phase of a bus 

that is the summation of the consumption and generation of all the users under that phase of a bus. 

And one model is built for each phase of a bus. For instance, Model634_a stands for the pseudo-

measurement model for phase 𝑎 for bus 634 in the IEEE 13-bus system.  

The following features are extracted from the raw data. 

• Historical measurements contain load information from previous time-points. We used 

10 measurements from previous time-points. That is to say that at time 𝑡𝑖 , historical 

measurements of the load consumption at time 𝑡𝑖−1, 𝑡𝑖−2, … 𝑡𝑖−10 are used. The historical 

measurements are used as a baseline for the pseudo-measurement model. Without 

historical measurements the model makes predictions of pseudo-measurements that can 

either be too large, or too small, thus increasing the variance of the prediction errors. 
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• Time-relevant features include information related to the time the pseudo-measurement 

is being generated. A total of 12 features are used that include time-of-day (hour and 

minutes), day-of-week, month, whether it is a weekday or weekend, etc. The time-relevant 

features help the model to learn seasonality. For instance, solar generation usually peaks at 

noon. At each phase of a bus, this becomes a decrease in net energy consumption. With the 

hour-of-day feature, the pattern of solar generation can be properly captured by the pseudo-

measurement model. 

• User-aggregated features relate to load measurement data aggregated over time and user 

statistics. A total of 20 features are used that include min/max load of each user-type over 

 

Figure 2-2 The proposed pseudo-measurement model architecture. 
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hour-of-day, the average load of each user-type over weekday/weekend. Aside from that, 

the number of users for each type of load is also included in the model. The user-aggregate 

features are extracted to help improve the robustness of the pseudo-measurement model. 

For example, the average solar generation over time-of-day is calculated by bucketing solar 

generation measurements based on the time the measurements are gathered, and compute 

the in-bucket average. When new PV stations are installed, the in-bucket average is 

increased, and thus this change can be captured by the model to know that there should be 

more PV generation that is further reflected in the pseudo-measurement predictions. 

2.3.3 Training of Pseudo-measurement Models 

Several approaches are applied to prevent overfitting and improve the generalization-ability of the 

model. As a result, the robustness of the model against load profile changes is improved. We 

summarize the techniques used below, as well as the specifications used.  

• Depth-limitation: There are several ways to stops the tree from further growing, including 

adding a depth limit to a tree, specifying the maximum number of leaves in the tree, or 

specifying a minimum number of samples required per leaf. We used the depth limit 

because the search space for this parameter is smaller than that of the other two methods, 

and thus more computationally efficient to optimize. 

• Regularization: One of the main issues of tree-based method is its high learning ability 

toward the training set that the model often times overfits. Regularization helps reduce such 

an effect by smoothing the weights of leaves that are learned. It is incorporated into the 

objective function in the following manner. 
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 ℒ = min ∑ 𝑙(

𝑖

𝑦𝑡+1
(𝑖)

, �̂�𝑡+1
(𝑖)

) + ∑ Ω(𝑓𝑗)

𝑗

  
(2-8) 

where  

 
Ω(𝑓𝑗) = 𝛾𝑠 +

1

2
𝜆 ∑ 𝜔𝑟

2

𝑠

𝑟=1

. (2-9) 

In the expression, 𝑠 is the number of leaves in the tree and 𝜔𝑟 correspond to the 𝑟-th leaf 

of the tree. 𝛾 and 𝜆 are two parameters that are tuned to change the level of regularization. 

• Row/column-sampling: Instead of using the full dataset to train each tree, we use a 

sampled subset of the records and available features. This increases the diversity of trained 

trees, as each time the single decision tree is trained by a slightly different dataset, thereby 

increasing the generalization-ability of the model. Another advantage of using 

row/column-sampling is that it reduces the size of the training set, which brings 

computation efficiency improvement in model training. 

• Cross-validation and early stopping: Boosting in tree models equals to training more 

trees. However, it is unknown how many trees are desired, as there is no standard mapping 

between the number of trees and the model performance. We applied a combination of 

cross-validation and early stopping. A 5-fold cross-validation is implemented, which 

 

Figure 2-3 Illustration of cross-validation. 

 

 

 

The entire training set

Training

Validation

Iteration 1

2

3

4

5



25 

 

illustrated in Figure 2-3. During each iteration, the subsampled training set is split in a way 

that 80% of the data are used for training, and 20% for validation. The validation set is 

used to apply early stopping. During each round of tree boosting, we examine the loss of 

the validation set. The training is then stopped when the validation set loss stops decreasing. 

The depth and regularization coefficients are acquired using hyperparameter tuning. In other words, 

we tested a wide range of parameters and the ones with the best performance are used. Specifically, 

we took the grid search approach. The search range for tree depth is set to 𝐷 = {3, 4, 5, 6, 7, 8}, 

Γ = {0.5, 1, 1.5, 3, 5, 10} and Λ = {0.5, 1, 1.5, 3, 5, 10}. The grid search algorithm is summarized 

in Algorithm 2-1. 

In the algorithm, 𝑋𝑡𝑟𝑛, 𝑌𝑡𝑟𝑛 refers to the features and targets of the train dataset and 𝑋𝑡𝑠𝑡, 𝑌𝑡𝑠𝑡 refers 

to that of the test dataset; f(𝑋𝑡𝑟𝑛, Ytrn|di, 𝛾j, λk) refers to the GBT model that is trained by 𝑋𝑡𝑟𝑛,

𝑌𝑡𝑟𝑛 and parametrized by di, 𝛾𝑗 , λk. Finally, the parameters are selected such that the error of the 

test dataset is minimized. As a result, the depth limit for the GBTs is set to 4. And for the pseudo-

measurement models used in this dissertation, 𝛾 = 1, and 𝜆 = 3. 

2.4 Results and Analysis 

This section demonstrates the performance of the proposed pseudo-measurement modeling 

approach by comparing it with two benchmark methods proposed in [68] and [70]. The two 

benchmarks are referred to as GMM and ANN, respectively. The two benchmarks are selected 

Algorithm 2-1 – Grid search parameter optimization 

1: for 𝑑𝑖 ∈ 𝐷: 

2:    for 𝜎𝑗 ∈ 𝛴: 

3:        for 𝜆𝑘 ∈ 𝛬: 

4:            Train with parameter 𝑑𝑖 , 𝜎𝑖 , 𝜆𝑖 to acquire model 𝑓(𝑋𝑡𝑟𝑛, 𝑌𝑡𝑟𝑛|𝑑𝑖, 𝛾𝑗 , 𝜆𝑘). 

5:            Record Error 𝑒𝑖,𝑗,𝑘 = 𝑙(𝑌𝑡𝑠𝑡, 𝑓(𝑋𝑡𝑠𝑡|𝑑𝑖, 𝛾𝑗 , 𝜆𝑘)). 

6:𝑑, 𝛾, 𝜆 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑖,𝑗,𝑘 𝑒𝑖,𝑗,𝑘. 
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because both methods are fairly recent and demonstrate good performance. Specifically, in [79], 

the predecessor of [68] , GMM outperforms several methods implemented by the author, including 

normal, log-normal, Beta, Gamma distribution models. In terms of the model performance, 

accuracy, consistency, and robustness of each method are compared. Accuracy relates to small 

pseudo-measurement generation errors. Consistency focuses on the variance of pseudo-

measurement generation errors over different time-points and different load profile settings. 

Finally, robustness considers the ability to generate high accuracy results when experiencing load 

profile changes. Our method is labeled as GBT. We start this section with the introduction of the 

user-level load data that are being used for numerical analysis. It is followed by an introduction of 

the experimental setup in detail. Then, the performance of each method is presented and discussed.  

2.4.1 Introduction of Datasets 

We aim to use user-level data with different load types to carry out the numerical studies in the 

context that is similar to today’s distribution systems. Aside from that, to measure the 

consistency and robustness of models over time, a minimum of one year of data is preferred for 

the training set to learn full seasonality of the data, and another full year of data can be used for 

evaluation. With these considerations in mind, we managed to collect residential, commercial, 

electric vehicle supply equipment (EVSE) load data, and solar generation data through both 

online open data sources and through our own implementation of metering systems. The first 

two types are common in distribution networks, while the latter two are expanding quickly in 

distribution systems. A summary is covered as follows.  
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• Residential: The Smart Grid, Smart City project initiated by the Australia Government [80] 

published an open dataset with 13,734 residential load profiles with half-hourly frequency. 

Several steps of data cleansing are performed on this enormous dataset. First of all, the user 

load profiles that have less than two years of data are filtered out. Further, user load profiles 

that have more than 500 missing values per year are also excluded. This results in 766 valid 

user profiles. Finally, the missing data are filled by time-point averages. That is to say, for 

instance, if there is a missing value at 5:00 a.m., then such a missing value is filled with 

the average values of all the records at 5:00 a.m. A typical residential load profile is shown 

in Figure 2-4. 

• Commercial: Commercial load data is acquired from Cornell Electrical and Mechanical 

Control System (EMCS) portal and is sampled every 15 minutes [81]. To match the lower 

data frequency of the residential data, the commercial data is down-sampled to half-hourly 

frequency. A cleansing procedure similar to the residential load profiles gives a total of 90 

commercial load datasets. A typical commercial load profile is shown in Figure 2-5. 

 

Figure 2-4 Typical residential load profile. 
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• EV charging: EVSE data is collected from UCLA SMERC [82] in part of the 

LADWP/DOE - Smart Grid Regional Demonstration Project and the California Energy 

Commission - Demonstration of PEV Smart Charging and Storage Supporting Grid 

Operational Needs Project. Data came with several frequencies, including 1-minute, 5-

 

Figure 2-6 Typical EV charging load profile. 

 

 

Figure 2-5 Typical commercial load profile. 
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minute, and 15-minute. All data are also down-sampled to half-hourly frequency. Similarly, 

records with more than 500 missing values per year are filtered out. This gives 40 EVSE 

profiles. A typical EV charging load profile is shown in Figure 2-6.  

• Solar generation: Solar generation data is acquired from UCLA SMERC [83] in part of 

the LADWP/DOE - Smart Grid Regional Demonstration Project and the California Energy 

Commission - Demonstration of PEV Smart Charging and Storage Supporting Grid 

Operational Needs Project, as well as the power quality analyzer (PQA) that is further 

introduced in Chapter 6. There are also several frequencies in terms of solar generation 

data, including 1-second, 1-minute, and 10-minute. We took the 10-minute data and further 

down-sampled the data to half-hourly frequency to match the lowest frequency data of the 

residential profiles. After a similar data cleansing procedure, 3 solar generation profiles are 

extracted. A typical Solar generation load profile is shown in Figure 2-7. 

 

Figure 2-7 Typical PV generation load profile. 
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2.4.2 Experimental Setup 

The entire experiment is implemented with Python and runs on a single machine with Intel i7-

7700 3.6GHz CPU and 64 GB RAM. The neural network that is used as one of the two benchmarks 

is build based on [84] and trained on an Nvidia 1080 GPU. The experiment is performed based on 

the context of the IEEE 13- and 123-bus radial test feeder [85]. A diagram of the 13-bus system is 

shown in Figure 2-8. As the primary focus of this chapter is on pseudo-measurement modeling of 

each phase of a bus, minor modifications on the 13-bus system diagram are made. In particular, 

the in-line transformer between 633 and 634 is removed, and the breaker between 671 and 692 is 

closed. 

The GBT model is built based on [86], an open source distributed gradient boosting library. To 

incorporate measurement uncertainty of the raw measurements, Gaussian noise is added to all the 

load data introduced in the previous section before we feed them into the models. The noise level 

is set to 1% since all data collected are metering data. Each phase of a bus is appointed with a 

number of users to build up the load profile on the phase-level. The IEEE 13-bus user setting is 

shown in Table 2-1.  

 

Figure 2-8 IEEE 13-bus radial test feeder. 
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Table 2-1 Number of users in each phase of a bus in IEEE 13-bus system. 

Bus Residential Commercial EV Solar 

634_a 12 2 0 1 

634_b 8 1 0 1 

634_c 6 3 1 1 

645_b 12 1 0 0 

646_b 13 1 6 0 

652_c 10 1 1 0 

671_a 20 2 3 1 

671_b 28 3 3 1 

671_c 18 4 0 1 

675_a 30 1 2 0 

675_b 7 1 1 0 

675_c 10 3 1 0 

692_c 9 1 5 0 

611_c 15 4 1 0 

     

As an example, for bus 634 at phase a, we first parse this configuration table and samples 12 users 

out of 766 valid ones and retrieves their load data. Then a similar process is performed on other 

load types. Because we only had three solar profiles available, in order to produce enough solar 

profiles for modeling, each time we randomly sample 2 solar generation profiles and combine 

them with the following equation 

 𝑆𝑛𝑒𝑤 = 𝜎𝑆1 + (1 − 𝜎)𝑆2,  (2-10) 

where 𝑆1,  𝑆2  are solar generation profiles that are being sampled; 𝜎~𝑈(0, 1)  is the merging 

coefficient; 𝑆𝑛𝑒𝑤 is the new solar profile that are actually used in modeling. Finally, all load data 

are summed up, and features are extracted, as explained in Section 2.3.2. Because the average load 

of each user within the same load type is very similar, the different number of users between phases 

indicates an unbalanced three-phase distribution system. Aside from that, because all datasets used 

in the study come with only real power, a unique power factor (PF) is specified for each phase of 

a bus so that the reactive power can be computed, as illustrated in Table 2-2. In the table, the blanks 

correspond to the phase of buses that has no load or generation. 
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Aside from the pseudo-measurements, a voltage reading at the substation level is used. This 

reading is assumed to be perfectly measured. Generally speaking, substations are well-monitored 

with a remote terminal unit (RTU), which provides reading with high accuracy.  

The two years of data are split evenly, with the first year of data used in the training phase, and the 

second-year evaluation phase. For pseudo-measurement modeling, the training phase involves 

training GBT models, and the evaluation phase relates to generating pseudo-measurement for state 

estimation application. Because all data are on half-hourly frequency, a total of 17520 state 

estimation records are produced. The 50/50 train/test split is not common but ensures that data 

with different time-relevant features are sampled exactly once to reduce the sampling bias in terms 

of seasonality.  

2.4.3 Case Study 

2.4.3.1 Basic Use Case 

In the basic use case, no modification on the load profile is made. That is to say that if phase a of 

bus 634 has 1 solar generation system during the training phase, it has the same solar generation 

system during the evaluation phase.  

Table 2-2 Power factors in each phase of a bus in IEEE 13-bus system. 

Node Ph-1 Ph-2 Ph-3 

634 0.95 0.98 0.95 

645  0.95  

646  0.9  

652   0.95 

671 0.92 0.92 0.96 

675 0.96 0.98 0.99 

692   0.98 

611   0.96 
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In terms of accuracy, three common metrics, mean absolute error (MAE), mean absolute 

percentage error (MAPE) and root mean square error (RMSE) are used for evaluation. A definition 

of the error terms is shown as follows. 

 
𝑀𝐴𝐸 =

1

𝑛
∑|𝑣𝑖 − 𝑣𝑖|

𝑛

𝑖=1

, 
(2-11) 

 
𝑀𝐴𝑃𝐸 =

1

𝑛
∑

|𝑣𝑖 − 𝑣𝑖|

𝑣𝑖

𝑛

𝑖=1

, (2-12) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑣𝑖 − 𝑣𝑖)2

𝑛

𝑖=1

, (2-13) 

where 𝑣𝑖 is the prediction value and 𝑣𝑖 is the true value. 

 

Figure 2-9 Prediction accuracy by phase of each bus in terms of MAE. 
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Figure 2-9 and Figure 2-10 show the MAEs and MAPEs of the pseudo-measurement modeling 

results. In Figure 2-9, a more significant error is observed in all 3 phases of bus 671 as well as 

phase a of bus 675. This matches the user configurations presented in Table 2-1. As those phases 

contain more users, a more substantial raw error in prediction is expected. On the other hand, the 

MAPE does not show an obvious positive relationship against the number of users in that phase. 

A comparison of the three methods on different metrics is further shown in Table 2-3. From the 

table, it is obvious that the proposed GBT-based pseudo-measurement modeling method has the 

best accuracy. 

 

Figure 2-10 Prediction accuracy by phase of each bus in terms of MAPE. 

 
Table 2-3 Comparison of pseudo-measurement accuracy on three 

metrics on 13-bus system. 

 GMM ANN GBT 

MAE (kW) 17.62 13.82 6.38 

RMSE (kW) 24.30 18.01 8.54 

MAPE 10.9% 9.39% 4.33% 

 

Table 2-4 Comparison of pseudo-measurement accuracy on three 

metrics on 123-bus system. 

 GMM ANN GBT 

MAE (kW) 12.50 12.59 5.09 

RMSE (kW) 17.27 16.74 6.90 

MAPE 14.50% 15.19% 6.51% 
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The proposed method is further demonstrated on IEEE 123-bus test feeder. Table 2-4 shows an 

accuracy comparison of the pseudo-measurement models. The results are similar to the case of 

IEEE 13-bus system. 

We further tabulate the average percentage error and standard deviation of the three methods in 

Table 2-5. Several observations can be made from this table. To start with, the two benchmarks 

have a constant and clear positive bias. As most load profiles have long hours of valleys during 

the night, models that failed to learn such patterns will produce a large number of observations 

that are greater than the true value. This results in the positive bias observed. On the other hand, 

bias from GBT is much smaller, indicating patterns of data at different time-points are correctly 

learned. 

Table 2-5 Average and standard deviation of percentage error of different methods. 

 GMM ANN GBT 

 mean std mean std mean std 

634_a -3.00% 11.90% -1.60% 12.10% -0.60% 4.40% 

634_b 0.50% 17.50% 4.30% 15.30% 0.00% 4.70% 

634_c 6.40% 17.20% 3.30% 14.60% 0.60% 4.80% 

645_b 5.00% 13.00% 0.30% 14.10% 0.80% 5.40% 

646_b 3.30% 19.10% 2.90% 18.30% 0.20% 5.00% 

652_c 6.90% 17.00% 4.30% 16.20% 0.60% 4.20% 

671_a 3.00% 10.00% 1.30% 12.50% 0.30% 3.10% 

671_b 6.00% 12.00% 2.60% 13.30% 0.70% 3.40% 

671_c 3.80% 12.50% 3.70% 12.50% 0.20% 3.40% 

675_a 6.80% 11.80% 4.90% 12.60% 0.60% 3.20% 

675_b 6.30% 20.90% 4.50% 18.40% 0.60% 5.50% 

675_c 4.20% 15.10% 10.70% 14.00% 0.40% 4.50% 

692_c -0.30% 16.50% -2.10% 17.20% -0.20% 5.10% 

611_c 2.20% 11.40% 1.50% 15.10% 0.30% 4.40% 

mean 3.60% 14.70% 2.90% 14.70% 0.30% 4.40% 

std 2.90% 3.20% 3.00% 2.10% 0.40% 0.80% 
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The consistency of a method can be analyzed with two aspects from Table 2-5 – consistency over 

time of a load profile and consistency over different load profiles. First, it can be concluded from 

each phase’s standard deviation that GBT has a higher consistency over time. Secondly, from the 

mean and standard deviation of error mean and error standard deviation over all 14 phases shown 

at the bottom of the table, it can be concluded that GBT is more consistent among different phase 

of each bus. Because each phase has a different number of users of various load types, this implies 

that GBT is more stable over different load profiles. 

Based on the analysis of the accuracy and consistency of pseudo measurement results, it can be 

concluded that the modeling of pseudo-measurement, depending on the model applied, can be 

biased with different level of variances. Hence, instead of treating pseudo-measurements as a 

Gaussian random variable with zero mean and constant variance [87], care must be taken to 

properly model such values. 

2.4.3.2 Robustness Against Change of Load Profiles 

To analyze robustness, load profiles are moderately modified. For instance, there are 5 EVSE load 

profiles for phase 𝑎 of bus 634 during the training phase, and 3 additional profiles are added during 

the evaluation phase, resulting in 8 of such chargers in total. In this manner, historical data in the 

first year does not correctly represent the second year’s load profile. If a pseudo-measurement 

modeling method is not robust against such changes, then a performance decline is expected. In 

this section, robustness is measured by comparing results with and without load profile changes in 

terms of accuracy and consistency. Specifically, solar generation and EVSE load are added to 

selected buses and phases. This is because nowadays, vast installation of such solar panels and EV 

charging devices has become a common scene. On the other hand, a drastic change in residential 

and commercial load profiles (which might involve some reconstruction of buildings) does not 
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happen very often. In this section, we indicate basic case with a subscript "N" and the case that 

changes have been made with a subscript “Y". To start with, Table 2-6 displays drops in pseudo-

measurement accuracy at phase level. It is calculated by 

accuracy drop = MAPEY - MAPEN. 

It can be observed that some phases are barely affected. This can be explained by three reasons. 

First, a moderate amount of EVSE profiles are added to the second year, which takes up a small 

portion of the total load. Second, the utilization rate of some EV charging devices is relatively low 

compared to, say, solar generation that are usually active for more than 12 hours a day. Finally, 

the errors are averaged from 17,520 sample points that contain many points during the night when 

the energy consumption is low.  

On the other hand, because a new PV generation profile is added to bus 634 and 671, these two 

buses are heavily affected. For GMM and ANN benchmark methods, 10%-13% more error is 

introduced. And for the proposed GBT method, we see an increase of error by 1-2.5%. Hence, it 

Table 2-6 Pseudo-measurement accuracy drop in terms of MAPE. 

 GMM ANN GBT 

634_a 6.71% 5.63% 1.34% 

634_b 10.65% 10.32% 2.40% 

634_c 13.62% 11.40% 2.48% 

645_b 0.00% 0.00% 0.00% 

646_b 0.00% 0.11% 0.02% 

652_c 0.07% 0.05% 0.00% 

671_a 1.30% 0.88% 0.29% 

671_b 1.59% 1.46% 0.26% 

671_c 1.57% 1.15% 0.19% 

675_a 0.02% 0.04% 0.00% 

675_b 0.05% 0.09% 0.01% 

675_c 0.02% 0.14% 0.00% 

692_c 0.00% 0.01% 0.00% 

611_c 0.04% 0.07% 0.00% 
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can be concluded that pseudo-measurement can suffer from load profile changes. In this case, new 

PV stations are installed. Among the three methods, the proposed pseudo-measurement modeling 

suffers the least from such load profile changes.   

2.4.3.3 Modeling at Different System Level 

In this section, we further discuss the topic of developing models at different system levels. The 

method proposed in [70] used ANN to build 2 models (one for real power and one for reactive 

power) on the system level. The GBT method used in this paper creates one model for each phase, 

resulting in 14 models for the IEEE13-bus system (other phases are known from zero-injection 

assumption).  

Because of the availability of user-level data, models can be built at the user-level. This means 

more than 500 models for the IEEE-13 bus system. Table 2-7 presents the time required for training 

at each modeling level (GBT method with the same parameters is used for by-phase and by-user 

model) based on IEEE 13- and 123-bus systems. From the table, it can be observed that if by-user 

modeling were to be applied on the IEEE-123 radial test feeder, it would require a training time of 

more than 20 hours. In practice, this might still be acceptable for two reasons. First, the training of 

models is online. Second, the time is estimated based on a single machine, and the training process 

can be significantly accelerated with clusters. Hence, modeling at the user-level is practical in 

terms of computation resources and speed. 

Table 2-7 Time used for training models at different system level. 

Method Single model IEEE-13 IEEE-123 

by-system 17 sec 17 sec 17 sec 

by-phase 16 sec 224 sec 0.5 hours 

by-user 16 sec 2.37 hours 22.2 hours 
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However, accuracy becomes an issue when modeling at the user-level. Because the behavior of 

each user is stochastic, it becomes more difficult for a model to learn the load pattern from a single 

user. On the other hand, modeling at phase-level suffers less from this stochasticity, for it is 

neutralized by combining multiple users. A simple comparison of the modeling accuracy on 30 

users can be found in Table 2-8. This gives support to our approach, as modeling at phase-level 

requires a moderate cost and results in a good performance. 

Finally, modeling at a different level also affects the correlation of errors, as shown in Table 2-9. 

Since one model is built for each load on the phase-level modeling, errors are uncorrelated. On the 

other hand, errors from system-level modeling are highly correlated. For the proposed GBT 

method, when there is bad data in one of the load profiles, the error introduced by that profile will 

only affect the model based on that load profile, and will not propagate into other models. 

To sum up, in this section, we examine three different aspects of modeling at different system 

levels, and they are the computation efficiency, accuracy, and error correlations. By comparing 

our proposed method at phase-level to models developed at user-level and system-level, we show 

that the proposed phase-level modeling method is the most cost-efficient method out of the three. 

Table 2-8 Accuracy performance of models at different system level. 

Method MAE MAPE 

by-phase 1.5 kW 5.00% 

by-user 4.6 kW 15.40% 

 

Table 2-9 Average correlation of errors at different system level. 

Method average correlation 

by-phase 0.0006 

by-system 0.7081 
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2.5 Summary 

In this chapter, we have proposed a pseudo-measurement modeling method that accounts for the 

inadequacy of measurement data in the distribution systems by modeling phase-level load profiles 

from the aggregation of user-level data. The main advantage of the proposed approach, compared 

to models based on bus-level load profiles, is that gradient boosting tree models are developed 

based on user-level metering data with the extraction of user-level information to generate pseudo-

measurements that are robust against load profile changes. Although the training of GBT models 

can be time-consuming, it can be accomplished offline as it only requires historical data. Through 

numerical studies on the IEEE 13- and 123-bus test feeder and comparison to 2 benchmarks (GMM 

and ANN), we have shown that such modeling method brings improvements to pseudo-

measurement generations in terms of accuracy and consistency. Numerical results have further 

demonstrated that our method achieves high robustness against load profile changes. This is of 

critical importance in the context of increasing DER penetrations and EV charging load in 

distribution systems. The effect of pseudo-measurement on state estimation is further studied in 

chapter 4. 

One characteristic of the distribution systems is that distribution systems often experience frequent 

topology changes. The proposed pseudo-measurement modeling method is robust against such 

frequent topology changes, as models are built on phase-level. A strategy can be applied where we 

first train one model for each phase for all the buses in the system. When applied in real-time, 

depending on the topology, a subset of the models that belongs to the current active buses can be 

used to generate pseudo-measurements. 

In this chapter, we considered the effect of a moderate amount of PV generations and EV loads. 

Future research can focus on pseudo-measurement modeling in the context of heavy PV 
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penetrations, such as a system with 80% of the energy powered by PV stations, and a system with 

heavy EV charging loads. As the primary source of power shift from traditional synchronous 

machine to DERs, more changes to the load profiles are expected and needs to be further studied.  
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3 Surrogate Modeling for Distribution System State Estimation 

In this chapter, we first describe two problem formulations of the surrogate modeling for state 

estimation. Then we develop two different models based on these two formulations. We further 

explain the critical differences between the two models and discuss their performance based on 

numerical studies. 

3.1 Introduction 

Power systems are designed to be operated and controlled in steady-state conditions. Traditional 

synchronous generators and corresponding controlling schemes are designed and implemented 

under this philosophy. However, due to the stochastic variations in demands and generations, 

power systems almost never operate in steady-state conditions. In distribution systems, this is 

further aggravated by the increasing penetration of DERs and EV charging load. Smart grid 

features such as DR and DSM also introduce complex controlling scheme that brings additional 

dynamics into distribution systems.  

In addressing the fast-changing nature of the distribution systems, dynamic state estimation (DSE), 

or forecast-aided state estimation (FAST) has been proposed and is attracting increasing attention 

in recent years. DSE composes of a state forecasting step and a state estimation step. At time 𝑡, 

information is gathered for the state model, and a forecast is made for the state variable at time 

𝑡 + 1. The forecasted state is further used for preliminary contingency analysis for grid operations. 

Then at time 𝑡 + 1, a normal state estimation flow is executed to acquire the state variables [88]. 

Traditionally, DSE is developed based on the state-space model under the Kalman filter framework. 

Farantatos [89] linearized DSE through PMU data. In [90], the authors used data from PMUs and 

relays for monitoring and control at substation level. The linearization approaches work well in 
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systems that have low level of nonlinearity. On the other hand, derivative-free based approaches 

are also proposed. In [91], the authors proposed a decentralized unscented Kalman Filter that does 

not require local signals, which significantly improves the computation efficiency. To further 

improve the performance of the decentralized method, Zhao [92] incorporated the measurement 

correlations of the PMUs. 

Meanwhile, under the assumption of the quasi-steady state assumption, the state transmission 

model is assumed to be linear. Many researchers developed DSE by taking advantage of this quasi-

steady state assumption. Da Silva et al. [93] proposed a DSE framework based on the combination 

of exponential smoothing and standard Kalman filter. This work is further extended in [94], where 

bad data processing is considered. Zhao et al. [95] proposed a DSE framework with consideration 

of using an auto-regressive model to capture the stochasticity of the DERs. Moreover, DSE based 

on shallow neural networks (NN) is also proposed [96] [97] [98]. The main advantage of NN-

based methods is that such methods do not require the quasi-state assumption. 

However, shallow NNs have limited scalability [99] and face computational efficiency and 

accuracy challenges when applied to large-scale distribution systems. On the other hand, recent 

years have witnessed the development of deeps neural networks in multiple fields of research as 

well as in real-world applications [100] [101] [102] thanks to the advancement of hardware, 

development of software infrastructure as well as high-level libraries, and the increasing capability 

to collect, store, and analyze data. DNNs can take many forms [103], such as plain deep neural 

networks, convolutional neural networks, recurrent neural networks, etc. The development of 

DNNs has injected a new perspective into some of the traditional problems. 

State estimation are designed to support real-time applications and hence a low state estimation 

runtime is preferred. However, distribution systems can have many more buses and thus there is a 
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heavier computation burden for DSSE. What is worse, distribution systems are having unbalanced 

phases which requires DSSE algorithms to model three phases together to take phase-wise 

interactions into consideration, which further aggravates the situation. The introduction of DSE 

indirectly solve the issue as the predicted states generated in the prediction step of DSE can be 

used in preliminary analysis. However, together with many papers not cited, what we could 

conclude form the previous research is that, first, the actual runtime efficiency is not improved 

with the state prediction step introduced by DSE scheme, and second, there is a lack of focus on 

large distribution systems. 

In this context, we propose a DSSE scheme with a scalable state forecasting method as a surrogate 

model. The surrogate model has been widely used in various domains, such as aircraft design and 

antenna design [104]. A surrogate model is built when the original problem is challenging to solve, 

or computational efficiency is low. The surrogate model provides a suboptimal result of the 

original problem while being significantly cheaper in terms of resource cost.  

This chapter studies the surrogate modeling of DSSE through two different problem formulations. 

The first formulation treats the surrogate problem as a regression problem and the second a time-

series problem. The DNN is proposed to model the surrogate problem under the regression setting, 

and the LSTM network is proposed to model the surrogate problem under the time-series setting.  

The major contributions of this chapter are twofold. To begin with, unlike under the usual DSE 

framework where state prediction and state estimation are two separate steps, and the prediction 

step is performed for in-advanced contingency analysis, this chapter proposed to model state 

prediction as a surrogate model to initialize state vectors of the state estimation step for 

computation efficiency, making it an integral part to DSSE. Further, this chapter describes two 

different formulations of the surrogate modeling problem, proposed a DNN and an LSTM network 
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for each formulation, and further demonstrates its practicality in terms of performance and speed 

by evaluating the method against the largest IEEE distribution test feeder that is currently available. 

The remainder of this chapter is organized as follows. Section 3.2 describes the problem 

formulation of the surrogate model for DSSE. Section 3.3 introduces the DNN model for state 

surrogates. In Section 3.4, state surrogates with the LSTM model is described. It is followed by a 

thorough numerical study based on IEEE 123-bus and 8500-node benchmark systems in Section 

3.5. Finally, Section 3.6 concludes this chapter. 

3.2 Problem Formulation 

The idea of applying the surrogates to DSSE is illustrated in Figure 3-1. Traditionally the state 

vector is initialized to a unit vector. Because a surrogate model can provide a suboptimal result to 

the original problem with a minimal computation cost, the results from a surrogate model can be 

used to initialize the state vector to the vicinity of the converged states, thereby reducing the cost 

of iterations. 

 

Figure 3-1 Illustration of applying the surrogate model to DSSE. 
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Based on this idea, we propose the following DSSE architecture, summarized in Figure 3-2. It 

consists of a surrogate model – the state surrogate, and a state estimator. At time 𝑘, given the 

information of the previous states, the surrogate model first provides a coarse but fast estimate of 

the state variables, denoted as �̂�𝑘 . This coarse estimate is further used to initialize the state 

estimator. Together with the measurements 𝑧𝑘, the state estimator provides a refined estimate of 

the system states 𝑥𝑘. Depending on the problem formulation, the type of information from the 

previous states can be different.  

The first formulation is to treat the state surrogate problem as a regression problem. It can be 

mathematically summarized as follows. 

 𝑥𝑘 = 𝑔(𝑧𝑘, 𝑒𝑘), (3-1) 

where 𝑘 is the time index; 𝑥𝑘 ∈ ℝ𝑞 is the state vector; 𝑧𝑘 ∈ ℝ𝑝 is the measurement vector, and 𝑒𝑘 

is the measurement noise. 𝑝, 𝑞 are the dimensions of the measurement vector and state vector, 

respectively. The mapping function 𝑔(⋅) is learned through data. Distribution systems often face 

a lack of measurement redundancy. In another word, the size of the measurement vector is often 

 

Figure 3-2 Architecture of the proposed method. 
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much smaller than that of the state vector, i.e., 𝑝 < 𝑞 . As a result, taking 𝑧𝑘  as the input 

significantly lowers the complexity of function 𝑔(⋅).  

In practice, the noise term 𝑒𝑘 is hidden in the measurement 𝑧𝑘, and 𝑔(𝑧𝑘, 𝑒𝑘) is an estimate of the 

true states 𝑥𝑘. Hence the model is rewritten as  

 �̃�𝑘 = 𝑔(𝑧𝑘
′ ), (3-2) 

where �̃�𝑘 is the predicted state vector and 𝑧𝑘
′  is the corrupted measurement vector. 

Another formulation is to treat the state surrogate problem as a time-series problem. Its 

mathematical formulation is summarized as follows. 

 𝑥𝑘 = 𝑔(𝑥𝑘−1, 𝑥𝑘−2, … , 𝑥𝑘−𝐾, 𝑒𝑘), (3-3) 

where 𝐾 is the number of time steps we look back; 𝑔(⋅) is a mapping from previous 𝐾  state 

variables to the current state variable. With the quasi-steady state assumptions, this formulation 

can be reduced to 

 𝑥𝑘 = 𝐴𝑘𝑥𝑘−1 + 𝑒𝑘, (3-4) 

where 𝐴𝑘 is the state transition matrix. This simplified formulation is used in [105]. However, the 

quasi-steady state assumption may fail to hold in modern distribution networks with heavy DER 

penetrations and EV charging. 

The formulation displayed in Equation (3-1) and Equation (3-3)  has some similarities. First of all, 

neither of the formulations directly assumes an explicit form of the relationship between current 

state variable and previous state information, but attempts to learn such a mapping 𝑔(⋅) from data, 

thus providing flexibility in the surrogate modeling. More importantly, the quasi-steady state 

assumption is not required in both settings.  
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On the other hand, when comparing Equation (3-3) and Equation (3-1), the former incorporates 𝐾 

states from previous time-points to learn the temporal correlations of previous states, whereas the 

latter only contains information of the measurement of current time-point. Hence the formulation 

shown in Equation (3-3) is capable of learning the temporal correlations of the system state 

information. However, since 𝐾 previous states are used as input for formulation in Equation (3-3), 

the size of the input grows significantly with the system size and can impact surrogate model’s 

computational efficiency. Section 3.4 describes how we overcome this challenge. For formulation 

in Equation (3-1), since information of one previous state is incorporated, the scalability of the 

method following the growth of the distribution systems is less of an issue. 

For both of the formulations, the aim is to find the surrogate function 𝑔(⋅) through data. In other 

words, given a set of 𝑁 historical states 𝑌 = {𝑥𝑘,1, 𝑥𝑘,2, … , 𝑥𝑘,𝑁} and its previous state information 

𝑋 = {𝑣𝑘,1, 𝑣𝑘,2, … , 𝑣𝑘,𝑁}, the goal is to approximate 𝑔(⋅) such that the sum of square loss is 

minimized. This can be expressed as follows. 

 

ℒ = min ∑ || 𝑥𝑘,𝑖 − 𝑔(𝑣𝑘,𝑖, 𝑒𝑘)||2
2 

𝑁

𝑖=1

, (3-5) 

where for formulation (3-1), the previous state information is the previous measurements, i.e., 

𝑣𝑘,𝑖 = 𝑧𝑘,𝑖 , and for formulation (3-3), the previous state information is the previous 𝐾  state 

variables, i.e., 𝑣𝑘,𝑖 = {𝑥𝑘−1,𝑖, 𝑥𝑘−2,𝑖, … , 𝑥𝑘−𝐾,𝑖}. 

3.3 State Surrogate through Deep Neural Networks 

3.3.1 Deep Neural Network Model 

Figure 3-3 presents the DNN structure for the state prediction task. The number of hidden layers 

is determined by the size of the distribution system and is treated as a hyper-parameter that requires 
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to be tuned in practice. The DNN structure alternatives between fully connected (FC) layers and 

Rectified Linear Units (ReLU) activation layers. Activation layers are used to introduce non-

linearity to the network, and each ReLU has the same number of neurons as its previous FC layer. 

ReLU is commonly used for it yields better performance compared to other activation functions 

[106]  [107]. From the figure, it can be seen that we used a pyramid DNN structure, where the first 

hidden layer of the DNN structure has a relatively small number of neurons, and the number keeps 

increasing with the number of the hidden layers. The hidden layer 𝑙 > 3 so that the DNN has 

enough capacity (number of weight parameters) to learn the mapping between the input 

measurements and output states. 

In practice, distribution systems have different availabilities of measurement devices. Hence the 

input of the DNNs, measurements 𝑧𝑘, may include the sub-station level voltage, power injection, 

 

Figure 3-3 An illustration of the architecture of the proposed DNN model. 
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and real and reactive power flow measurements between buses. Moreover, as the advanced 

metering infrastructure becomes increasingly available, the bus-level load measurements can be 

acquired through a summation of these individual meters. The inputs measurements that are used 

for training are further discussed in Section 3.5. On the other hand, the states vector 𝑥𝑘 of a bus is 

defined as the three-phase voltage magnitudes and phase angles. Hence, for a three-phase bus we 

need to predict a total of six values – three voltage magnitudes and three phase angles. 

3.3.2 Deep Neural Network Training 

To be self-contained, we further describe how the proposed DNN model for state surrogate is 

trained. With a set of corrupted measurement vectors 𝑋 = {𝑧𝑘,1
′ , 𝑧𝑘,2

′ , … , 𝑧𝑘,𝑁
′ } and its previous state 

information 𝑌 = {𝑥𝑘,1, 𝑥𝑘,2, … , 𝑥𝑘,𝑁} , the DNN model for state surrogate can be acquired by 

minimize the loss ℒ as follows. 

 

ℒ = min
𝑤

∑ || 𝑥𝑘,𝑖 − 𝑔(𝑧𝑘,𝑖
′ )||2

2

𝑁

𝑖=1

, (3-6) 

where 𝑖 denotes the instance of the training data, and 𝑤 is the weight parameters of that network. 

The training of DNN essentially involves initializing and optimizing 𝑤 with respect to (3-6). In 

this chapter, we initialize all weights by drawing samples from a normal distribution with zero-

mean, and the standard deviation is set to be 0.07. Normal initialization helps DNN avoid gradient 

vanishing/exploding during the training that results in divergence of the loss function. 

Several algorithms have been proposed to search 𝑤 that optimize Equation (3-6). The stochastic 

gradient descent (SGD) [108] is the most often used optimizer. However, SGD uses a fixed 

learning rate, which leads to a long computation time in DNN with many hidden layers 𝑙. Instead, 
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we used the Adaptive moment estimation (Adam) [109] optimizer. Adam updates the learning rate 

automatically as the training goes on so as to achieve faster computation speed.  

The Adam optimizer aim to iteratively update the weight parameters 𝑤. During iteration 𝑡, we first 

compute the first and second moment 𝑚𝑡 and 𝑣𝑡 with 

 𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)ℎ𝑡, 

𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)ℎ𝑡
2, 

(3-7) 

where ℎ𝑡 and ℎ𝑡
2 are the sum of gradients and Hessian of the loss function 𝐿(⋅) at iteration 𝑡. 𝛽1 

and 𝛽2 are two hyper-parameters that controls the pace of the optimization. To initialize, we set 

𝑚𝑡 = 𝑣𝑡 = 0. Then we compute the bias-corrected estimate of the first and second moment as 

 �̂�𝑡 =
𝑚𝑡

1 − 𝛽1
𝑡, 

𝑣𝑡 =
𝑣𝑡

1 − 𝛽2
𝑡. 

(3-8) 

Finally, the parameters 𝑤 are updated through 

 
𝑤𝑡 = 𝑤𝑡−1 − 𝛼

�̂�𝑡

√𝑣𝑡 + 𝜖
, (3-9) 

where 𝜖 = 10−8 is applied to avoid division by zero. The Adam optimization does not change the 

learning rate directly during the training, but controls the training speed with the two moments 𝑚𝑡 

and 𝑣𝑡 The training continues until the weight parameters 𝑤 converge. 

3.4 State Surrogates through Long-short-term Memory Networks 

3.4.1 LSTM model 

For the second formulation in Equation (3-3), we propose the long-short-term memory (LSTM) 

networks [110] [111] to model the mapping function 𝑔(⋅) . LSTM belongs to the family of 
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recurrent neural networks (RNNs), which can use their internal states (memory) to process 

sequential inputs, thus capable of learning temporal correlations.  

Figure 3-4 presents a single LSTM block. Externally, an LSTM block takes the memory cell states 

𝑐𝑡−1 and the intermediate output ℎ𝑡−1 from previous time index, and subsequent input 𝑥𝑡 of the 

current time index as the input of the block. Internally, an LSTM block contains three gates to 

maintain states. These are the forget gate 𝑓𝑡, the input gate from the element-wise product of 𝑖𝑡 

and 𝑔𝑡, and the output gate 𝑜𝑡. Finally, the hidden output ℎ𝑡 and memory cell state 𝑐𝑡 are fed to 

the LSTM block of the next time index. The gates and outputs are updated with the following 

equations. 

 𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑥𝑡 + 𝑊𝑓ℎℎ𝑡−1 + 𝑏𝑓), 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑥𝑡 + 𝑊𝑖ℎℎ𝑡−1 + 𝑏𝑖), 

𝑔𝑡 = 𝜏(𝑊𝑔𝑥𝑥𝑡 + 𝑊𝑔ℎℎ𝑡−1 + 𝑏𝑔), 

(3-10) 

 

Figure 3-4 Structure of a single LSTM block. 
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𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑥𝑡 + 𝑊𝑜ℎℎ𝑡−1 + 𝑏𝑜), 

𝑐𝑡 = 𝑔𝑡𝑖𝑡 + 𝑐𝑡−1𝑓𝑡, 

ℎ𝑡 = 𝜙(𝑐𝑡)𝑜𝑡, 

where 𝑊𝑓𝑥, 𝑊𝑓ℎ, 𝑊𝑖𝑥, 𝑊𝑖ℎ, 𝑊𝑔𝑥, 𝑊𝑔ℎ, 𝑊𝑜𝑥, 𝑊𝑜ℎ  are weight matrices and 𝑏𝑓 , 𝑏𝑖, 𝑏𝑔, 𝑏𝑜  are bias 

vectors; 𝜎 and 𝜙 represents the sigmoid and tanh activation functions that can be mathematically 

expressed as follows. 

 
𝜎(𝑥) =

𝑒𝑥

𝑒𝑥 + 1
, 

𝜙(𝑥) =
𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
. 

(3-11) 

The LSTM networks are sensitive to the magnitude of inputs. Therefore, we rescaled the input 

before feeding the input into the LSTM networks. After rescaling, the minimum and maximum 

values of the input are 0 and 1, respectively. This rescale transformation can be expressed as 

follows.  

 
𝑋𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑 =

𝑋 − min(𝑋)

max(𝑋) − min (𝑋)
. (3-12) 

In LSTM, we attempt to find the weights 𝑊 =  {𝑊𝑓𝑥, 𝑊𝑓ℎ, 𝑊𝑖𝑥, 𝑊𝑖ℎ, 𝑊𝑔𝑥, 𝑊𝑔ℎ, 𝑊𝑜𝑥, 𝑊𝑜ℎ}  and 

biases 𝐵 = {𝑏𝑓 , 𝑏𝑖, 𝑏𝑔, 𝑏𝑜} such that Equation (3-3) is minimized, i.e., 

 

min
{𝑊,𝐵}

ℒ = ∑ ||𝑥𝑘,𝑖 − 𝑔(𝑥𝑘−1,𝑖, … , 𝑥𝑘−𝐾,𝑖)||2
2 .

𝑁

𝑖=1

 (3-13) 

Similar to state surrogate using DNN model, we train the LSTM network using Adam optimization. 
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3.4.2 Dimension Compression Through Autoencoder 

Recall that we attempt to use 𝐾 previous states {𝑥𝑘−1, 𝑥𝑘−2, … , 𝑥𝑘−𝐾} to provide a surrogate of 

𝑥𝑘 ∈ ℝ𝑛. Several factors determine the size of an LSTM network. The length of the input sequence 

𝐾 determines how many steps we look backward and equals to the number of LSTM blocks within 

a layer. This is a parameter that can be tuned to optimize the performance of the model. More 

importantly, the dimension of the state variable 𝑝 determines the size of the weight matrices and 

biases. The dimension of state variables 𝑝 is determined by the distribution system and is a fixed 

number in a given system. In a distribution system with many buses, the 𝑝 is also large, which 

demands an LSTM network with increased complexity. Such a large network can have poor 

computational efficiency and even may not be trained because of limited computation resources. 

To overcome the challenge of large 𝑝 and oversized LSTM networks, we utilize the autoencoder 

to compress the dimension of system states 𝑥𝑘 and used the encoded state vector 𝑥𝑘
′  as the input 

of the LSTM networks. 

An autoencoder is a type of fully connected neural network used to learn data encoding in an 

unsupervised manner. Figure 3-5 displays the concept figure of the proposed autoencoder network, 

 

Figure 3-5 The structure of the proposed autoencoder. 
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including an encoder, a decoder, and the embedded vector. The input and output of an autoencoder 

are both a set of 𝑀  state variables 𝑍 = {𝑥𝑘,1, 𝑥𝑘,2, … , 𝑥𝑘,𝑀}. The encoded state vector, or the 

embedded vector, is acquired by evaluating the encoder network. And the embedded vector can 

be reversed transformed back to the original state vector using the decoder network. 

With the autoencoder network, we attempt to minimize the following loss function. 

 

min
{W′,B′}

ℒ′ = ∑ ||𝑥𝑘,𝑖 − ℎ(𝑥𝑘,𝑖)||2
2 ,

𝑀

𝑖=1

 (3-14) 

where ℎ(⋅) is the compression function and is approximated with the autoencoder; 𝑊′, 𝐵′ are the 

weights and biases of the autoencoder network. In this chapter, a 7-layer autoencoder is 

implemented with the number of neurons in each layer displayed in Table 3-1. The encoder 

network corresponds to layer 1-3 and decoder 5-7. The number of neurons in those six layers are 

fixed. Layer 4 corresponds to the embedded vector layer, and the number of neurons 𝑞 in that layer 

is treated as a parameter that is optimized for different test systems. Similar to the LSTM network, 

we rescaled the input and output of the autoencoder to have a minimum value of 0 and a maximum 

value of 1.  

We further apply dropouts to reduce overfitting of the autoencoder network, which is illustrated in 

Figure 3-6. During the training of the models, some neurons are dropped, and those neurons do 

Table 3-1 Number of neurons in the autoencoder network. 

Hidden layer # neurons 

1 256 

2 128 

3 64 

4 𝑞 

5 64 

6 128 

7 256 
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not contribute to the forward pass of the neural network. In this chapter, we applied a random drop 

out mechanics, which means for each layer, the probability of the neuron being dropped out can 

be expressed as  

 
𝑝 =

1

𝑛
 (3-15) 

where 𝑝 is the drop out probability and 𝑛 is the number of neurons in that layer. Drop out helps 

the networks to not over-rely on one or several neurons, but attempt to activate all neurons in the 

layer. However, dropout is only applied during the training phase of the network. When the 

network is trained and used for evaluation, all neurons are active. 

3.4.3 The LSTM Based Surrogate Framework 

The LSTM based state surrogate framework is presented in Figure 3-7 and further summarized 

as follows.  

• The input is fed into the encoder network and output the embedded state vector. 

 

Figure 3-6 The proposed autoencoder network with drop out. Neurons that are dropped out 

are marked black. 

 

 

Encoder Embedded 
Vector

Decoder

input output
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• The LSTM network takes the embedded vector as input and performs a forward pass to 

generate LSTM output. The forward pass involves multiple LSTM layers and one fully 

connected layer.  

• The LSTM output is fed into the decoder network and outputs the surrogates of the actual 

states. As discussed earlier, we rescale the input to the autoencoder/ LSTM network such  

that the minimum and maximum values are 0 and 1, respectively. And we further reversely 

scaled the output back to its original space. These procedures are not presented in the figure. 

3.5 Results and Analysis 

In this section, we present an experimental analysis of our proposed surrogate modeling scheme. 

We first introduce the experimental design. Then we evaluate the performance of the proposed 

DNN and LSTM networks for state surrogates. 

3.5.1 Experimental setup 

We utilize the same set of data introduced in Section 2.4.1. All data span 2 years. To train the DNN 

and LSTM networks, a full year of data (year 1) containing 17520 records is used. Meanwhile, the 

test set contains 3000 records that are randomly sampled from year 2. Hence the train and test data 

have no overlap. The test data is further processed with mean shifting explained as follows. 

Figure 3-8 shows the distribution of the load data for some phases of a bus. What stands out in this 

figure is that, for most of the comparisons, the distribution of the train set (year 1) bears a great 

resemblance to the distribution of the test set (year 2), but appears to be shifted towards the right. 

This is concept drift, which means that the statistical properties of the test dataset differ from the 

training dataset, causing predictions to become less accurate.  
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Figure 3-7 Architecture of the proposed LSTM-based surrogate. 
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Figure 3-9 gives a more intuitive view of the effect of the concept drift. Essentially, the prediction 

model learns the mapping g between 𝑧 and 𝑥 using the training dataset. Because of the concept 

drift, the mapping learned from the train dataset partially covers the mapping of the test dataset. 

As a result, the model performs poorly on the part of test dataset that is not covered by the learned 

mapping. To tackle this issue, we proposed the mean-shifting technique, which is further 

summarized as below. 

• For each input 𝑣 ∈ ℝ𝑚×1, compute the mean �̅�𝑡𝑟𝑎𝑖𝑛 and �̅�𝑡𝑒𝑠𝑡, respectively. 

• Compute the difference of the two means �̅�𝑑𝑖𝑓𝑓 = �̅�𝑡𝑟𝑎𝑖𝑛 − �̅�𝑡𝑒𝑠𝑡. 

 

Figure 3-8 Load distribution between train (year 1) and test (year 2) dataset. 
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• Compute the new test input 𝑣𝑡𝑒𝑠𝑡𝑛𝑒𝑤
= 𝑣𝑡𝑒𝑠𝑡 + �̅�𝑑𝑖𝑓𝑓. 

• Use the new test input 𝑣𝑡𝑒𝑠𝑡𝑛𝑒𝑤
 for evaluation. 

The true states of the system are computed using the datasets described above. A 3% Gaussian 

noise is added after acquiring the ground truth to simulate noises of the physical measurements. 

 

Figure 3-10 One-line diagram of the IEEE 123-bus system. 

 

 

Figure 3-9 An illustration of the concept drift. 
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The corrupted measurements are used for training DNNs and LSTM models and working as 

surrogates for state estimation. 

The experiment is carried out on the IEEE 123-bus test feeders as well as the 8500-node test feeder. 

Figure 3-10 shows a one-line diagram of the 123-bus network. The three-phase system is 

unbalanced and realized with the following method. A number of users are first assigned to each 

bus. The bus-level load is combined from the individual load data. Table 3-2 shows the number of 

residential users and the maximum load in kW of bus 46-50 in the 123-bus system. The blanks 

mean that there is no load for that phase of a bus. The table demonstrates that the test systems have 

unbalanced phases.  

The experiment is implemented with Python and runs on a single machine with an Intel i7-7700 

3.6GHz CPU and 64 GB RAM. The DNNs and LSTM networks are implemented using MXNet 

[112] and are trained on a Nvidia 1080 GPU with 8 GB memory. 

Some of the parameters are different for the two test systems. The depth of the LSTM networks 

refers to the number of LSTM layers used in the model and is set to be 3 and 5 for the 123-bus and 

8500-node systems, respectively. Moreover, the embedded vector width is the length of the 

Table 3-2 Number of residential users and maximum load (kW) in 

selected buses. 

Phase a b c 

Bus Users Load Users Load Users Load 

46 2 6.30     
47 3 9.5 4 12.9 3 11.8 

48 7 21.1 7 24.2 7 21 

49 3 9.2 7 22.3 5 19.7 

50     4 12.7 
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encoded state variable after being processed by the encoder network of the autoencoder. This 

parameter is set to be 20 and 30 for the 123-bus and 8500-node systems, respectively. 

Other settings are the same for both the DNNs and the LSTM networks. The two decay parameters 

for Adam optimization algorithm are set to be  𝛽1 = 0.99 and 𝛽2 = 0.999. The batch size is set to 

𝑛𝑏𝑎𝑡𝑐ℎ = 64. Both LSTM networks are set to train for epoch 𝑒 = 500. We further applied early 

stopping with the patience set to 20 epochs. To evaluate results, we examine the voltage 

magnitudes (per-unit) errors and angles (degree) errors. The root mean square error (RMSE) is 

used. The DNN structures for each IEEE test system are presented in Table 3-3.  

In light of performance comparison, we implement a shallow NN and a gradient boosting tree 

(GBT) model as the baselines. The shallow NN is based on a recent study [113], where the input 

of the networks is the available measurements of the system, such as metering data and substation-

level voltage readings. For the shallow NN, the number of neurons in the hidden layers are 920 

and 8080 for 123-bus and 8500-node test systems, respectively. The NN baseline shares the same 

parameters used in LSTM networks training. On the other hand, the GBT model is a common 

approach used for regression and is shown to outperform several traditional regression methods 

[86]. Because of the nature of GBT models, we build one model for each output channel. For 

instance, four models are built for a two-phase bus, as there are two voltage magnitude channels 

and two phase angle channels. The GBT model is implemented through LightGBM [114]. 

Table 3-3 DNN structures for different test feeders. 

System 123-bus 8500-node 

Input Size 190 2276 

Hidden layer 𝑙 10 14 

Output Size 494 15108 

 



63 

 

3.5.2 Case Study 

The voltage magnitude and angle RMSEs for LSTM/DNN/GBT/NN are presented in Table 3-4, 

with the best results marked bold. Several observations can be made from this table. First of all, 

the results show that the proposed LSTM-based surrogate model achieves the best performance of 

the four different methods. LSTM networks perform better than traditional NNs because LSTM 

networks are capable of capturing temporal correlations of consecutive measurements.  

Moreover, the multi-layer LSTM networks with compressed input sizes have better scalability in 

approximating state surrogate function 𝑔(⋅)  compared to shallow networks. This better 

approximation ability is especially significant on the 8500-node test feeder. Second, DNN is 

slightly outperformed by LSTM and GBT, showing that the plain deep networks are not the 

optimal solution for the problem of state surrogate modeling. Finally, it can be observed that 

shallow NN performs significantly worse than the other three methods, showing that shallow 

networks are limited when modeling complicated nonlinear relationships, especially when the 

dimensions of the input and output are large.  

Table 3-4 State surrogate RMSE on voltage magnitudes and angles. 

 Method 123-bus 8500-node 

Magnitude 

RMSE (p.u.) 

LSTM 𝟕. 𝟔𝟐 × 𝟏𝟎−𝟒 𝟑. 𝟓𝟒 × 𝟏𝟎−𝟒 

DNN 7.73 × 10−4 1.00 × 10−3 

GBT 7.96 × 10−4 3.95 × 10−4 

NN 1.33 × 10−3 1.63 × 10−2 

Angle 

RMSE (degree) 

LSTM 𝟑. 𝟐𝟎 × 𝟏𝟎−𝟐 𝟏. 𝟓𝟔 × 𝟏𝟎−𝟐 

DNN 5.29 × 10−2 8.66 × 10−2 

GBT 4.87 × 10−2 2.38 × 10−2 

NN 7.36 × 10−2 6.86 × 10−1 
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We further plot the ground truth and the surrogate results of LSTM/GBT/NN in Figure 3-12 for 

bus 11 phase a of the 123- bus system, and Figure 3-11 for bus 459 phase b of the 8500-node test 

case. In each figure, 10 test instances are randomly selected. The visualizations agree with the 

 

Figure 3-12 Surrogate results and the true values of voltage magnitudes 

and angles of bus 11 phase a of the 123-bus system. 

 

 

Figure 3-11 Surrogate results and the true values of voltage magnitudes 

and angles of bus 459 phase b of the 8500-node system. 
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results reported previously, showing that our proposed LSTM networks deliver the best 

performance.   

Furthermore, we present an analysis of the computation time of training surrogate models and 

generating surrogates. The training time gives an idea of how much resources we need to expend. 

The training time might look trivial when the model is trained only once. However, in practice, 

models are often retrained to gain the best performance, and the training cost can become 

significant if the model is retrained, say, daily [101]. On the other hand, the time of generating 

surrogates is crucial because the surrogate values are fed to the subsequent state estimation 

procedure. Hence a small time-cost is preferred. In Table 3-5, a comparison of the time cost is 

presented, with the best results made bold.  

From the table, we see that the training/surrogate time of the proposed LSTM method is the least 

among the four methods for both of the test systems. The training/surrogate time hardly increases 

as the size of the system increases. Because we applied autoencoder to reduce the dimension of 

the inputs of the LSTM network, the size of the networks is significantly reduced. Therefore, time 

efficiency is preserved when the system size increases.  

Table 3-5 Training and surrogate time of each method. 

Metric Method 123-bus 8500-node 

Training LSTM 9.4 min 11.1 min 

 DNN 10.0 min 23.8 min 

 GBT 27 min 80.00 hr 

 NN 12.0 min 20.1 min 

Surrogate LSTM 0.39 ms 0.40 ms 

 DNN 0.40 ms 0.51 ms 

 GBT 84.1 ms 2140 ms 

 NN 0.52 ms 1.32 ms 
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Meanwhile, the time costs for DNN and shallow NN are slightly worse than that of LSTM. On the 

other hand, we see that the time cost of GBT models increases significantly as the size of the 

system increases. This is because unlike neural network models that are capable of modeling 

multiple channels at the same time, GBT is designed to model only one channel for regression 

problems. Hence, for each output channel, one single GBT model needs to be trained. For the 123-

bus system, that means 494 models and 8500-node system 15108 models. The massive number of 

models built for GBT caused it to have significant training and inference time. The results show 

that our proposed LSTM and DNN surrogate modeling can be applied to systems at any scale, but 

demonstrates a clear benefit when applied to large-scale distribution systems.   

Finally, we compare the results of the LSTM model with/without autoencoder using the 8500-

node test case. Table 3-6 shows the RMSEs and the training/surrogate time of the LSTM models. 

To acquire the results, we had to reduce the batch size to 8 to avoid GPU memory overflow. The 

RMSE results without autoencoder are significantly worse than with autoencoder. This is because 

the LSTM networks without autoencoder are relatively small and do not have enough capacity to 

learn the data when the input size is significant. One option to improve the results without 

autoencoder is to increase the size of the LSTM networks by adding more LSTM layers and 

increase the size of the hidden variable ℎ. However, this is not viable due to hardware limitations, 

as with the current model we are already facing memory overflow errors. The results demonstrate 

Table 3-6 Results of the LSTM networks with/without 

autoencoder 

Metric With Without 

Voltage RMSE 3.54 × 10−4 5.21 × 10−3 

Angle RMSE 1.56 × 10−2 2.04 × 10−1 

Training time 11.1 min 27.4 min 

Surrogate time 0.40 ms 1.67 ms 
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that dimension compression with autoencoder not only improves the computational efficiency and 

performance of the LSTM networks but also decreases the size of the LSTM network so that it is 

not limited by hardware or computation resources, allowing the proposed method to be applied to 

large-scale distribution systems. 

3.6 Summary 

In this chapter, we have proposed a scalable distribution systems state estimation scheme using 

surrogate modeling. DNN and LSTM networks are built to take previous states as inputs and output 

the surrogate, a rough estimate of the current states. We have further compressed the input of the 

LSTM networks with autoencoders. The proposed two models are tested based on IEEE 123-bus 

and 8500-node test feeders. Results are compared with another two benchmarks, the GBT model 

and the shallow NN model. Experimental results show that LSTM networks with the autoencoder 

compression can generate surrogates of system states with the best accuracy among the two 

proposed methods and the two benchmarks.  

For future research, one topic worth further discussing is the effect of load profile changes on 

surrogate modeling. In this chapter, EV charging load and PV generation are considered in 

modeling the distribution systems but assumes no changes are introduced in the numerical studies. 

Nowadays, the installation of EVs and DERs are common and would introduce changes in the load 

profiles. Therefore, it is important to examine whether the proposed method can achieve high 

accuracy under this real-world scenario. 
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4 DSSE Based on Pseudo-measurement Model and Surrogate Model 

In this chapter, we describe the three-phase DSSE algorithm based on pseudo-measurement model 

and surrogate model. One of the most significant differences between distribution systems and 

transmission systems is that distribution systems have unbalanced phases, which implies that in 

DSSE, each phase needs to be modeled. 

4.1 Introduction 

State estimation has been a backbone application for transmission systems. It utilizes real and 

reactive power injection, voltage, and current measurements and phase angles collected from 

SCADA system and PMUs, working as an estimator between raw measurements and system states 

[19]. In recent years, increasing penetration of DERs has brought attention to distribution 

management systems (DMS). The uncertainties introduced by DERs requires to be regulated by 

DMS. Such management relies on highly reliable measurements provided by state estimations. 

While state estimation is well-developed in transmission systems, a simple migration does not 

solve the problem at the distribution level. Due to the properties of distribution systems such as 

high R/X ratio, short-line and unbalanced phases, the traditional weighted least square (WLS) 

based methods tend to have poor convergence when applied at the distribution level [23]. As a 

result, applying state estimation into distribution systems is creating new challenges. Much of the 

research on DSSE has focused on proposing new iterative algorithms to acquire DSSE solutions.  

Heuristic approaches are gaining popularity in recent years. In [87], a hybrid particle swarm 

optimization is implemented to solve the three-phase state estimation problem. A method based 

on ordinal optimization is applied in [115]. Both [87] and [115] utilized heuristic algorithms and 
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it is reported in their work that heuristic algorithms are capable of achieving a higher accuracy but 

are low on computational efficiency.  

Meanwhile, three-phase state estimation based on PMUs is also gaining much attention because 

PMUs provide direct measurements of the state (voltage readings and angles). With PMU 

measurements, the state space equations become linear and phases are decoupled. Hence the 

complexity involved in three-phase DSSE is bypassed by PMUs. In [116], a method based on a 

few micro-PMUs using compressive sensing is implemented. Melo et al. [117] present a PMU 

based state estimation method with special consideration of harmonic monitoring. In [118], a 

distributed state estimation scheme is proposed, in which area with RTU measurements is solved 

with nonlinear equations and area with PMU measurements is solved with linear equations. 

Because PMUs are usually expensive, PMU placement is also studied in distribution networks. In 

[119], a placement method is introduced with a focus on DG output power. 

Together with many works not cited, existing papers have made sound contributions to solving the 

DSSE problem. However, existing research either simplified DSSE by assuming balanced phases 

in distribution systems, or took advantage of PMU measurements that are far from available in 

distribution grids. Moreover, existing research failed to consider the scalability of DSSE, and 

algorithms are often verified with IEEE benchmark systems that have 10-100 buses. However, 

large distribution systems can have thousands of buses and are rarely addressed in the existing 

research. Hence, three-phase DSSE with realistic measurement settings and scalability to large 

distribution systems needs to be revisited in detail. 

This chapter studies DSSE with unbalanced phases settings with the incorporation of pseudo-

measurement generation introduced in Chapter 2 and state surrogate introduced in Chapter 3. The 

proposed DSSE framework utilizes voltage readings at the substation level from SCADA systems 
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and pseudo-measurement models to provide bus-level load measurements. A three-phase DSSE 

approached is proposed based on these available measurements. To validate the proposed method, 

numerical studies are performed on IEEE 13-bus, 123-bus, 8500-node benchmark systems. 

The major contributions of this chapter are threefold. To start with, we proposed a three-phase 

DSSE framework based on pseudo-measurement modeling to solve the problem of data scarcity 

in distribution systems. Second, we proposed a scalable three-phase DSSE framework based on 

surrogate modeling. Finally, we further validate both of the proposed frameworks with IEEE 13-

bus, 123-bus, and 8500-node test systems using real-world residential load, commercial load, EV 

charging load, and PV generation data.  

This reminder of this chapter is organized as follows. Section 4.2 describes the DSSE problem 

formulation. Section 4.3 describes the network models and configurations necessary to perform 

DSSE. It is followed by Section 4.4 that further develops the ladder iterative approach to solve for 

DSSE. The system architecture of DSSE based on the pseudo-measurement model and based on 

surrogate modeling are presented in Section 4.5. Numerical studies are performed in Section 4.6 

and finally, Section 4.7 summarizes the chapter. 

4.2 Problem Formulation 

4.2.1 State Estimation Problem Formulation 

In a power system, whether it is a transmission or a distribution system, the state space model with 

additive white noise can be expressed as 

 𝑧𝑘 = 𝑓(𝑥𝑘) + 𝜔𝑘 (4-1) 

where 𝑥𝑘 ∈  𝑅𝑛 is the state vector;  𝑧𝑘 ∈  𝑅𝑚 is the measurement vector; 𝑓(⋅) is the vector-valued 

measurement function; 𝑘  is the time index; 𝜔𝑘  is the measurement noise. In general, real 
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measurements include the sub-station level bus voltage magnitudes and angles, PMU readings, 

and smart meters. And pseudo-measurements include predictions of real measurements based on 

historical data such as historical energy consumption average in a given period. 

In a three-phase distribution system, the power injection measurements of bus 𝑖  can be 

mathematically expressed as in Equation (4-2) and (4-3). Equation (4-4) and (4-5) further shows 

the power flow measurements from bus 𝑗 to bus 𝑖. 

 

 

𝑃𝑖
𝑘 = 𝑉𝑖

𝑘 ∑ ∑ 𝑉𝑗
𝑙(𝐺𝑖𝑗

𝑘,𝑙cos (𝜃𝑖
𝑘 − 𝜃𝑗

𝑙)

𝑛

𝑗=1

+ 𝐵𝑖𝑗
𝑘,𝑙sin (𝜃𝑖

𝑘 − 𝜃𝑗
𝑙))

3

𝑙=1

,            (4-2) 

 

𝑄𝑖
𝑘 = 𝑉𝑖

𝑘 ∑ ∑ 𝑉𝑗
𝑙(𝐺𝑖𝑗

𝑘,𝑙sin (𝜃𝑖
𝑘 − 𝜃𝑗

𝑙)

𝑛

𝑗=1

+ 𝐵𝑖𝑗
𝑘,𝑙cos (𝜃𝑖

𝑘 − 𝜃𝑗
𝑙))

3

𝑙=1

,              (4-3) 

 

𝑃𝑖𝑗
𝑘 = 𝑉𝑖

𝑘 ∑ 𝑉𝑖
𝑙(𝐺𝑖𝑗

𝑘,𝑙 cos(𝜃𝑖
𝑘 − 𝜃𝑗

𝑙) + 𝐵𝑖𝑗
𝑘,𝑙 sin(𝜃𝑖

𝑘 − 𝜃𝑗
𝑙))

3

𝑙=1

− 𝑉𝑖
𝑘 ∑ 𝑉𝑗

𝑙(𝐺𝑖𝑗
𝑘,𝑙cos (𝜃𝑖

𝑘 − 𝜃𝑗
𝑙) + 𝐵𝑖𝑗

𝑘,𝑙sin (𝜃𝑖
𝑘 − 𝜃𝑗

𝑙))

3

𝑙=1

, 

(4-4) 

 

𝑄𝑖𝑗
𝑘 = −𝑉𝑖

𝑘 ∑ 𝑉𝑖
𝑙(𝐺𝑖𝑗

𝑘,𝑙 sin(𝜃𝑖
𝑘 − 𝜃𝑗

𝑙) + 𝐵𝑖𝑗
𝑘,𝑙 cos(𝜃𝑖

𝑘 − 𝜃𝑗
𝑙))

3

𝑙=1

− 𝑉𝑖
𝑘 ∑ 𝑉𝑗

𝑙(𝐺𝑖𝑗
𝑘,𝑙sin (𝜃𝑖

𝑘 − 𝜃𝑗
𝑙) + 𝐵𝑖𝑗

𝑘,𝑙cos (𝜃𝑖
𝑘 − 𝜃𝑗

𝑙))

3

𝑙=1

, 

(4-5) 

where 𝑃𝑖
𝑘 and 𝑄𝑖

𝑘 refer to the real and reactive power injection of bus 𝑖 phase 𝑘; 𝑃𝑖𝑗
𝑘  and 𝑄𝑖𝑗

𝑘  refer 

to the real and reactive power flow from bus 𝑗 to bus 𝑖 for phase 𝑘. 𝑉𝑖
𝑘 is the voltage magnitude of 

bus 𝑖 phase 𝑘; 𝐺𝑖𝑗
𝑘,𝑙

 and 𝐵𝑖𝑗
𝑘𝑙 are the (𝑘, 𝑙)-th element of the admittance matrix 𝐺𝑖𝑗 + 𝑗𝐵𝑖𝑗; 𝜃𝑖

𝑘 is the 

voltage phase angle of bus 𝑖 phase 𝑘; 
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As indicated by the Trigonometric functions involved, the measurement function 𝑓(⋅) is usually 

non-linear. Therefore, there is no algebraic solution to the proposed problem. In general, State 

estimation is solved numerically by first initializing the state vector. It is then followed by 

iteratively updating the state vector until it finally converges. 

4.3 Network Configuration and Physical Models 

This section introduces the exact models of the system components. As unbalanced distribution 

systems have asymmetric-network configurations and unbalanced load, it is essential to consider 

the exact models of the system components so that the DSSE problem could be properly solved. 

These models include information about line reactance and resistance, bus connectivity [120]. In 

this section, the line model, switch model, and load model are discussed. 

4.3.1 Line Model 

Lines that connect two buses in distribution systems can be either underground or overhead, and 

are single-, two-, or three-phase. In an unbalanced distribution system, voltage drop due to mutual 

coupling of the lines plays an important role in acquiring accurate state information. Hence it is 

important to model the distribution lines with care. The self- and mutual impedance of the 

distribution lines is modeled based on the modified Carson’s equation [121] as follows. 

 
𝑧𝑖𝑖 = 𝑟𝑖 + 0.095 + 𝑗0.121 (𝑙𝑛

1

𝐺𝑀𝑅𝑖
+ 7.934) Ω/mile, (4-6) 

 
𝑧𝑖𝑗 = 0.095 + 𝑗0.121 (𝑙𝑛

1

𝐷𝑖𝑗
+ 7.934) Ω/mile, 

(4-7) 

where 𝑧𝑖𝑖  is the self-impedance of distribution line 𝑖 ; 𝑧𝑖𝑗  is the mutual impedance between 

distribution line 𝑖 and line 𝑗; 𝑟𝑖 is the resistance of distribution line 𝑖 and 𝐺𝑀𝑅𝑖 is the geometric 

mean radius of line 𝑖; 𝐷𝑖𝑗 is the distance between line 𝑖 and line 𝑗. For a three-phase wire that has 
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𝑛 − 3 neutral wires, the resulting impedance matrix will be 𝑛 × 𝑛. However, for modeling of the 

lines, it is necessary to have 3 × 3 impedance matrix. Hence, we further apply the Kron’s reduction 

[120] as follows. 

 𝑍 = 𝑍𝑖𝑗 − 𝑍𝑖𝑛𝑍𝑛𝑛
−1𝑍𝑛𝑗 , (4-8) 

where 𝑍 is the final 3 × 3 impedance matrix; 𝑍𝑖𝑗 is the impedance matrix of the three-phase wires; 

𝑍𝑖𝑛 = 𝑍𝑛𝑗
𝑇  is the mutual impedance matrix between the three-phase wires and the neutral wires; 

𝑍𝑛𝑛 is the impedance of the neutral wires.  

4.3.2 Switch Model 

Switches are very commonly seen in distribution systems to change the topology of distribution 

networks for operation purposes. Switches are usually modeled as wires. When a switch is opened, 

it is modeled as a wire with zero admittance. When a switch is closed, it is modeled as a wire with 

zero impedance. In the meanwhile, some constraints are introduced together with the switch model. 

• When the switch between bus 𝑖 and 𝑗 is opened. Then the active and reactive power flows 

between bus 𝑖 and 𝑗 are zero, i.e., 

 𝑃𝑖𝑗
𝑘 = 0, 𝑘 = 1, 2, 3 

𝑄𝑖𝑗
𝑘 = 0, 𝑘 = 1, 2, 3 

(4-9) 

• When the switch between bus 𝑖 and 𝑗 is closed. Then the voltage magnitudes and voltage 

phase angles between bus 𝑖 and 𝑗 are equal, i.e., 

 𝑉𝑖
𝑘 = 𝑉𝑗

𝑘, 𝑘 = 1, 2, 3 

𝜃𝑖
𝑘 = 𝜃𝑗

𝑘, 𝑘 = 1, 2, 3 
(4-10) 
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4.3.3 Load Model 

The distribution load is generally unbalanced among the three phases and can have various 

connections, such as ungrounded delta-configuration and grounded wye-configuration. The load 

can also be one-phase, two-phase and three-phase. Using the load model, we are able to determine 

the line currents. There are three common ways to model the load [120] and can be described as 

follows.  

• Constant real and reactive power load: the load currents are determined by the constant 

load and the voltage as  

 
𝐼𝑛

𝐿 = (
𝑆𝑛

𝑉𝑛
)

∗

, (4-11) 

where 𝐼𝑛
𝐿 is the line-to-ground current of bus 𝑛; 𝑆𝑛 is the complex load; 𝑉𝑛 is the complex 

voltage. 

• Constant impedance load: the impedance is first determined by the assumed complex 

voltage and the specified complex power as  

 
𝑍𝑛 =

𝑉𝑛
2

𝑆𝑛
∗

, (4-12) 

where 𝑍𝑛 is the impedance vector of bus 𝑛. Then the load currents are further given by 

 
𝐼𝑛 =

𝑉𝑛

𝑍𝑛
, (4-13) 

• Constant current load: the load currents are initialized using Equation (4-11) and are held 

constant during the iterations. 



75 

 

4.4 Ladder Iterative Approach 

State estimation application aims to determine the most likely state of the system. This usually 

involves voltage amplitude and angle. We implemented the ladder iterative approach based on 

[17]. The ladder iterative approach only relies on substation level voltage measurement as well as 

bus-level load measurements, and hence can be used in distribution systems with only SCADA 

real-time measurements available, and the rest of the load measurements can be pseudo-

measurments. Traditional methods such as WLS-based state estimator depends on the inversion of 

the Jacobian matrix. Such operation often suffers from high condition number due to distribution 

system properties, such as short-line, high X/R ratio, and unbalanced phases. This makes 

convergence difficult. The ladder iterative approach involves no matrix derivative and therefore is 

free from such a restriction. Given the line models introduced in Section 4.3.1, the current and 

voltage relationship between two connected bus 𝑚 and 𝑛 can be expressed as follows. 

 𝑉𝑛 = 𝐴𝑚𝑛𝑉𝑚 + 𝐵𝑚𝑛𝐼𝑚, (4-14) 

 𝐼𝑛 = 𝐶𝑚𝑛𝑉𝑚 + 𝐷𝑚𝑛𝐼𝑚, (4-15) 

where 𝑉𝑛, 𝑉𝑚, 𝐼𝑛, 𝐼𝑚 ∈ ℝ3×1 ; 𝐴𝑚𝑛, 𝐵𝑚𝑛, 𝐶𝑚𝑛, 𝐷𝑚𝑛  are coefficient matrices that are defined as 

follows. 

 
𝐴𝑚𝑛 = 𝑈 +

1

2
𝑍𝑚𝑛𝑌𝑚𝑛, (4-16) 

 𝐵𝑚𝑛 = 𝑍𝑚𝑛, (4-17) 

 
𝐶𝑚𝑛 = 𝑌𝑚𝑛 +

1

4
𝑌𝑚𝑛𝑍𝑚𝑛𝑌𝑚𝑛, (4-18) 

 
𝐷𝑚𝑛 = 𝑈 +

1

2
𝑌𝑚𝑛𝑍𝑚𝑛, (4-19) 
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where 𝑈 ∈ ℝ3×3 is the identity matrix; 𝑍𝑚𝑛,  𝑌𝑚𝑛 ∈ ℝ3×3 are impedance matrix and admittance 

matrix, respectively.  From (4-14) to (4-19),  a Cartesian representation is used, and all values are 

in complex space. 

The proposed ladder iterative approach involves two routines that are based on the physical models 

introduced in Section 4.3, and one convergence criteria. First, a forward prorogation updates the 

line-to-ground voltage of each bus. Second, a backward prorogation updates the line current 

between buses. Finally, convergence is reached when the voltage mismatch between two iterations 

is smaller than a tolerance. 

We implement a custom tree data structure to represent the network structure. Compared to the 

traditional adjacency matrix representation of the system network, the tree-based representation 

reduced the number of inferences required on finding neighbors. Each bus is represented as a tree-

node. For a tree 𝑇 , consider a node 𝑣  such that 𝑣 ∈ 𝑇 . Fields of 𝑣  that is used in following 

algorithm tabulations are listed as follows. 

• 𝐶𝑣: the set of children of node 𝑣. 

• 𝑝𝑣: the parent of 𝑣. 

• 𝑉𝑣𝑐𝑢𝑟𝑟
: the bus voltage of node 𝑣 of the current iteration. 

• 𝑉𝑣𝑝𝑟𝑒𝑣
: the bus voltage of node 𝑣 of the previous iteration. 

• 𝐼𝑣: the load current of node 𝑣. 

• 𝐼𝑐𝑣
: a sum of currents flows from all child nodes. 

Root of the tree 𝑇  is defined as the substation level bus. As such, the forward/backward 

propagation of ladder iterative approach can be implemented as breadth-first search (BFS) and 

depth-first search (DFS) respectively. The revised ladder iterative algorithm is tabulated in 
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Algorithm 4-1, and the core routines BFS and DFS are in Algorithm 4-2 and Algorithm 4-3, 

respectively. 

In the algorithm tabulations, 𝟏 ∈ 𝐶3×1 represents the initial voltage magnitude in the per-unit (p.u.) 

setting. The approach is based on radial networks. However, the ladder iterative approach can also 

be applied to weakly meshed feeders through the loop-flow technique [122] to reduce the system 

to a radial structure.  

Algorithm 4-1 - Ladder Iterative Approach 

initialization 𝑉𝑣𝑐𝑢𝑟𝑟
= 𝑉𝑣𝑝𝑟𝑒𝑣

= 𝟏, ∀ 𝑣 ∈ 𝑇; error 𝑒 = ∞.  

1: while 𝑒 > tolerance do 

2:     BFS () 

3:     DFS (root) 

4:     𝑒 = 𝑚𝑎𝑥
𝑣∈𝑇

||𝑉𝑣𝑐𝑢𝑟𝑟
− 𝑉𝑣𝑝𝑟𝑒𝑣

||2 

5:    𝑉𝑣𝑝𝑟𝑒𝑣
= 𝑉𝑣𝑐𝑢𝑟𝑟

, ∀𝑣 ∈ 𝑇. 

 

 

Algorithm 4-3 - DFS (node 𝑣) 

Initialization Parent 𝑝 = 𝑣 

1: if 𝐶𝑝 ≠ ∅ then 

2:     𝐼𝑝 = 𝑆𝑝/𝑉𝑝
̅̅ ̅̅ ̅̅ ̅ 

3:     𝐼𝐶𝑝
= 0 

4:     for child 𝑐 in 𝐶𝑝 do 

5:        DFS (node 𝑐) 

6:        𝐼𝑝𝑐 = 𝐼𝑐 + 𝐼𝑐𝑠𝑢𝑚
 

7:        𝐼𝐶 𝑝
= 𝐼𝐶 𝑝

+ 𝐼𝑝𝑐 

 

Algorithm 4-2 – BFS () 

initialization Set of parents for current iteration 𝑃𝑐𝑢𝑟𝑟 = {𝑟𝑜𝑜𝑡}; 

set of parents for next iteration 𝑃𝑛𝑒𝑥𝑡 = ∅. 
1: while 𝑃𝑐𝑢𝑟𝑟 ≠ ∅ do 

2:     for parent 𝑝 in 𝑃𝑐𝑢𝑟𝑟 do 

3:         for child 𝑐 in 𝐶𝑝 do 

4:             𝑉𝑐𝑐𝑢𝑟𝑟
= 𝐴𝑝𝑐𝑉𝑝𝑐𝑢𝑟𝑟

− 𝐵𝑝𝑐𝐼𝑝𝑐  

5:             𝑃𝑛𝑒𝑥𝑡 = {𝑐} ⋃𝑃𝑛𝑒𝑥𝑡 

6:         𝑃𝑐𝑢𝑟𝑟 = 𝑃𝑛𝑒𝑥𝑡 

7:         𝑃𝑛𝑒𝑥𝑡 = ∅. 
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4.5 System Architectures 

4.5.1 DSSE Based on Pseudo-measurement Modeling 

We first discuss how pseudo-measurement models are incorporated into DSSE. The architecture 

of the proposed DSSE based on pseudo-measurement modeling is shown in Figure 4-1. The 

architecture can be divided into two parts, the online part, and the offline part. The online and 

offline procedures are marked by dashed lines and solid lines, respectively. The GBT models are 

trained offline. This includes the initial processing of the historical data, feature extractions, and 

calculation of all the statistics that are further used for user-aggregated features. Once the models 

are trained, they are stored and ready to be used for the online procedures. On the other hand, the 

GBT model inference refers to the process of generating pseudo-measurements in real-time, which 

is an online process. The whole state estimation application is an online process that can be 

summarized as follows. 

• At time 𝑡 − 1, the next estimation time-point, measurements data of the previous time-

points are loaded into the model to be processed and features that are used in GBT models 

are extracted.  

• At time 𝑡 − 1, the pre-trained GBT models generate pseudo-measurements of each bus and 

feed them into state estimator.  

 

Figure 4-1 Architecture of DSSE based on pseudo-measurement modeling. 
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• At time 𝑡, the state estimator receives voltage reading from substation meters and pseudo-

measurements from GBT models, and perform state estimation using the ladder iterative 

approach.  

4.5.2 DSSE Based on Surrogate Modeling 

The architecture of DSSE based on surrogate modeling is shown in Figure 4-2. Similarly, there 

are the online phase and the offline phase. The development of the state surrogate models is an 

offline process that utilizes historical state and measurement information. For the online state 

estimation application, it can be further summarized as follows. 

• At time 𝑡, the next state estimation time-point, the input of the state surrogate model is first 

fed into the state surrogate model to generate the surrogate states. For the DNN model, the 

input is the measurement information of the current time-point. For the LSTM model, the 

input is the state information of the previous time-points. 

 

Figure 4-2 Architecture of DSSE based on surrogate modeling. 
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• At time 𝑡, the state estimator takes the available measurements and pseudo-measurements 

of the distribution system, and set the initial values of the state as the surrogated states, and 

perform state estimation using the ladder iterative approach. 

4.6 Results and Analysis 

In this section, we first describe the data and the necessary setup for the experiments. Then, a 

numerical study is presented. 

 

Figure 4-3 One-line diagram of the IEEE 8500-node system . 
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4.6.1 Experimental Setup 

For the numerical analysis, IEEE 13-bus, 123-bus, and 8500-nodes test feeders are used for 

validation of the proposed methods. In Figure 4-3, a one-line diagram of the 8500-node benchmark 

system is shown. The ladder iterative approach is implemented with Python and runs on a single 

machine with an Intel i7-7700 3.6GHz CPU and 64 GB RAM. The numerical study of this section 

is an extension based on Section 2.4 and Section 3.5. The benchmarks used to evaluate DSSE 

based on pseudo-measurement modeling are the ANN approach and the GMM approach. The 

benchmarks used to evaluate the DSSE based on surrogate modeling is the GBT approach and the 

shallow NN approach. To realize unbalanced load setting in distribution systems, we assign a 

different number of users to each phase of a bus. To evaluate results, we examine the voltage 

magnitudes (per-unit) errors and angles (degree) errors. RMSE, MAPE, and MAE are used.  

4.6.2 Performance of DSSE Based on Pseudo-measurement Modeling 

4.6.2.1 Basic Use Case 

We start showing our results on IEEE 13-bus system. The performance of state estimation using 

pseudo measurements from different sources is analyzed in several aspects. First, Figure 4-4 to 

Figure 4-6 show the true and estimated voltage of all three phases at time July 24th, 15:30. The 

figure shows that our load profiles built from the composition of users is appropriate, as each bus 

experienced a moderate voltage drop similar to the standard use case presented in [89].  

Second, on the accuracy of state estimation, MAPE on voltage magnitude and MAE on phase 

angle are used. The latter is because angle values of phase 𝑎 are very close to zero and division 

required by percentage error would introduce overflows. Moreover, RMSE are used for both 

magnitude and angle. Table 4-1 displays the comparison of accuracy between different methods. 
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Figure 4-5 Estimation of phase 𝑏 voltage magnitude on 07/24, 15:30. 

 

 

Figure 4-4 Estimation of phase 𝑎 voltage magnitude on 07/24, 15:30. 
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For IEEE 123-bus system, the accuracy of the three methods are shown in Table 4-2. 

Further, to visualize the overall consistency of state estimation results, care must be taken because 

of the amount of data involved (17520 × 13 × 3 =  683280). A distribution plot or histogram of 

 

Figure 4-6 Estimation of phase 𝑐 voltage magnitude on 07/24, 15:30. 

 

Table 4-1 Comparison of state-estimation accuracy on three metrics on 

13-bus system. 

 GMM ANN GBT 

Magnitude MAPE 0.125% 0.084% 0.040% 

Angle MAE (degree) 0.0400 0.0302 0.0132 

Magnitude RMSE (p.u.) 0.0021 0.0012 0.0006 

Angle RMSE (degree) 0.0601 0.0425 0.0185 

 

Table 4-2 Comparison of state-estimation accuracy on three metrics on 

123-bus system. 

 GMM ANN GBT 

Magnitude MAPE 0.178% 0.076% 0.048% 

Angle MAE (degree) 0.0442 0.0258 0.0141 

Magnitude RMSE (p.u.) 0.0026 0.0010 0.0006 

Angle RMSE (degree) 0.0639 0.0341 0.0191 
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this amount of data may be difficult to analyze. Here, a variation of the boxplot for large datasets 

named letter-value plot is used [123] [124]. As such, Figure 4-7 and Figure 4-8 show the error 

distribution of voltage magnitude and angle, respectively. The letter-value plots are characterized 

by percentiles. Each box in the figure displays a certain percentile of records. The middle box 

contains 50% of the data, while the middle line indicates the medium value. Percentile is halved 

for each box as it moves towards the tail and outliers are represented by diamond signs. For 

 

Figure 4-7 Voltage percentage error distribution. 

 

Figure 4-8 Angle error distribution. 
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instance, the second box on both sides contains 12.5% of the data, and the third includes 6.25%. 

From the figure, it is evident that state estimation using GBT demonstrates a higher estimation 

consistency with small variance (thinner boxes).  

 

Figure 4-9 Maximum magnitude absolute percentage errors at different time steps. 

 

Figure 4-10 Maximum angle absolute errors at different time steps. 
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In addition, a visualization of maximum error on state estimation performance over time is given 

in Figure 4-9 and Figure 4-10. These two figures show the maximum errors among all 3 phases of 

13 buses for 100 sampled points. These points are sampled every 88 hours (17520/2/100 =  88). 

Again, it can be observed that GBT results in a higher accuracy (smaller error) and consistency 

(fewer spikes). The performance of our method is comparable to the results reported in [115]. 

 

Figure 4-11 Average voltage MAPE over half-hourly periods. 

 

Figure 4-12 Average angle MAE over half-hourly periods. 
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Finally, we conclude our consistency discussion with the effect of time-of-day on state estimation 

performance. Figure 4-11 and Figure 4-12 show the voltage MAPE and angle MAE by time-of-

day. This is followed by the average load profile displayed in Figure 4-13. It can be concluded that 

the performance of state estimation with pseudo-measurements follows the size of the load as time 

varies. This is a unique characteristic of state estimation application using pseudo-measurements. 

Because errors tend to be more significant as load increases. As a result, state estimation errors 

also increase. On the other hand, since monitoring devices have a stable noise ratio that does not 

depend on time, state estimation based on physical measurements might be free of such fluctuation 

during the day. That being said, it can still be concluded that GBT suffers less from this time-of-

day change when compared to the two benchmarks. 

4.6.2.2 Robustness with a Change of Load Profile 

Similar to Section 2.4.3.2, robustness of DSSE based on load profile changes is studied. Table 4-3 

shows a comparison of voltage magnitude MAPE and angle RMSE on IEEE 13-bus system. 

Because of the amount of data being averaged from, the difference is not very obvious. That being 

 

Figure 4-13 Variation of average daily load of phase c bus 692. 
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said, it can still be observed that the proposed GBT method suffers the least among the three 

methods.  

Table 4-4 shows the change of state estimation performance with the introduction of load profile 

changes on IEEE 123-bus system. It can be observed that GBT suffers less compared to the two 

benchmarks. The results are similar to the case of IEEE 13-bus system. 

4.6.3 Performance of DSSE Based on Surrogate Modeling 

In this section, we examine the effect of applying LSTM/DNN/GBT/NN networks as surrogates 

for state estimation. Table 4-5 compares the time cost of solving state estimation with/without 

surrogates. The results with surrogates are the sum of generating surrogates and solving state 

estimation. On the other hand, the results without surrogates are acquired by setting the initial 

system states to unit vectors and run the ladder iterative method. 

Table 4-3 Comparison of state estimation performance with/out 

change of load profile on 13-bus system. 

 Change Mag. MAPE Ang. RMSE 

GMM N 0.113% 0.0581 

 Y 0.131% 0.0611 

ANN N 0.084% 0.0425 

 Y 0.096% 0.0481 

GBT N 0.040% 0.0185 

 Y 0.049% 0.0211 

 

Table 4-4 Comparison of state estimation performance with/out 

change of load profile on 123-bus system. 

 Change Mag. MAPE Ang. RMSE 

GMM N 0.178% 0.0639 

 Y 0.276% 0.0907 

ANN N 0.076% 0.0341 

 Y 0.207% 0.0780 

GBT N 0.048% 0.0191 

 Y 0.067% 0.0257 
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From the results, it can be concluded that the time cost of state estimation with LSTM and DNN 

surrogates is significantly less than without a surrogate. Shallow NN surrogates have a similar 

effect, but is outperformed by LSTM and DNN networks as the accuracy of the surrogates from 

LSTM and DNN is superior to that of shallow NN. This effect is more obvious on the 8500-node 

system, which has much larger network size compared to the 123-bus system. Moreover, GBT is 

outperformed by state estimation without a surrogate because it takes too much time for GBT to 

produce the surrogate even though the accuracy of its surrogate is similar to DNN and LSTM 

networks. When comparing the two proposed methods, we can further see that LSTM performs 

better than DNN because the surrogate accuracy generated by LSTM is slightly better than DNN. 

Finally, the results show that the proposed surrogate-based state estimation with DNN and LSTM 

networks is applicable to largescale distribution systems such as the 8500-node test system used 

in this chapter. This is because time cost on the part of generating surrogates barely increases due 

to how surrogate models are developed and, therefore, can be treated as a fixed cost. On the other 

hand, the time cost on solving the state estimation increase significantly as the size of the system 

increases. Therefore, the larger the system, the more time saving can be achieved by using DNN 

and LSTM networks as surrogates. 

Table 4-5 State estimation time cost with/without a surrogate model. 

 123-bus 8500-node 

No surrogate 35.6 ms 646 ms 

With LSTM 9.4 ms 107 ms 

With DNN 10.4 ms 118 ms 

With GBT 95.2 ms 2273 ms 

With NN 13.1 ms 380 ms 
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4.7 Summary 

In this chapter, we introduced the ladder iterative DSSE solver based on the distribution network 

configurations and physical models, by taking advantage of the radial nature of the distribution 

systems. Using this solver, we have proposed two DSSE frameworks. The first framework is DSSE 

based on the pseudo-measurement modeling, and the second framework is DSSE based on the 

surrogate model. The DSSE based on pseudo-measurement framework aims to deal with the lack 

of real-time measurement issue in distribution systems, and the DSSE based on the surrogate 

modeling framework aims to solve the low runtime issue with consideration of scalability. We 

validated our proposed frameworks through thorough case studies on IEEE 13-bus, 123-bus, and 

8500-node systems using user-level metering data from various sources including residential load, 

commercial building load, EVSE charging load, and solar generations. The proposed methods have 

sought an appealing path of combining the thrusts of traditional approach with data-driven methods, 

and shed light on future real-time, large-scale distribution system state estimation. 

DSSE is a heatedly studied research topic, and new estimators are being proposed and tested by 

many researchers. The two frameworks introduced in this chapter are model-agnostic, i.e., the 

modeling of pseudo-measurement and surrogate are both decoupled from state estimator, and 

could be combined with other estimators to achieve the same effect. Hence, further research is 

needed to see the performance of the proposed frameworks being integrated into different state 

estimators.  
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5 Missing Data and Data Quality 

In the previous chapters, pseudo-measurement models for DSSE is evaluated at a frequency 

governed by the data source available and assumes that data are perfectly collected. Although there 

are also missing data in the raw data, we impute the missing values and treat the imputed values 

as true values. For the simulation studies, measurement noise is the only contamination introduced. 

However, missing data is quite common in real-world data collection and archiving systems. Aside 

from that, issues such as data misalignment also make an impact on DSSE when considering 

pseudo-measurement modeling. Unlike surrogate models and DSSE, pseudo-measurement models 

are directly affected by data quality. This chapter seeks to answer whether missing data and several 

factors of data quality affects the accuracy of pseudo-measurement generation and how data 

quality affects predictions. 

5.1 Introduction 

Nowadays, many topics of research are based on numerical studies that often assume either perfect 

knowledge of the data sources, or model data error as white noise – Gaussian distribution with 

zero means and fixed variance. In real-world, data are often corrupted in many ways. For instance, 

missing data is very commonly seen. Another common data corruption is the misaligned 

timestamp on data. For instance, two data points from two meters are supposed to be stamped with 

14:40 as the time-of-day information. However, the first data point is correctly stamped while the 

second data point is collected and stamped on 14:41, thus creating some misalignment in data. 

Thus, it is necessary to study data quality and its effect. 

Missing data as a research topic is widely studied in different domains. However, whether missing 

data is studied in the field of general data mining [125] [126], or in the field of social of medical 

research [127] [128], the main focus of missing data research is its imputation [129] [130]. 
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Traditional machine learning techniques such as linear regression [131] [132], Naïve Bayes [133] 

[134], k-nearest neighbor [135] [136], and principal component analysis [137] [138] are studied. 

Recent years also witnessed missing value imputation using methods that are more 

computationally intensive. Kang proposed an imputation method based on locally linear 

reconstruction that improves the prediction performance of supervised learning [139]. In [140], 

the authors used decision trees to identify segments of dataset that the data within the same segment 

have high similarity and feature correlation. The missing data is further imputed using the 

similarity and correlation score. Silva et al. developed an automated data imputation framework 

based on neural networks [141]. 

On the other hand, data granularity is being studied in the field of energy and power systems. In 

[142], Eibl and Engel studied the issue of data privacy against data granularity. They showed that 

a coarser granularity of data helps reduce the chance that the appliance usage information being 

inferred. Feuerriegel et al. discussed the effect of data granularity on DR systems. In [143], the 

authors showed that finer granularity for renewable generation and electricity demands help 

capture the intermittency of renewable generation, thus leading to an estimation of renewable 

capacity with higher accuracy. 

Together with many works not cited, different aspects of data quality, such as missing data, the 

granularity of data, and misalignment of data, are either studied in a general setting and are not 

directly related to power systems, or are studied in the field of power systems, but not directly 

related to pseudo-measurement generations. Hence, it is necessary to revisit the data sources used 

in this dissertation and discuss how different aspects of data quality impact pseudo-measurement 

generation.  
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This chapter studies the effect of data on pseudo-measurement modeling, as pseudo-measurement 

modeling directly used raw metering data from various sources. We consider four different missing 

data imputation methods and examine how missing data with different imputation methods affect 

the performance of pseudo-measurement generations. We further examine what finer grain of data 

brings to pseudo-measurement model performance. Finally, we look at how data misalignment 

affects pseudo-measurement modeling. 

The major contributions of this chapter are threefold. To begin with, this chapter studies missing 

data and its imputation in the context of power systems. Second, to the best of the author’s 

knowledge, this chapter presents the first research on data granularity and its impact on pseudo-

measurement modeling. Finally, this chapter proposed a method to model data misalignment of 

the metering data and studied its impact, which is also a topic rarely touched in numerical studies. 

The remainder of this chapter is organized as follows. Section 5.2 discusses the impact of missing 

data and its imputation. Section 5.3 presents a study of data granularity. In Section 5.4, data 

misalignment is studied. Finally, Section 5.5 concludes this chapter.  

5.2 Missing Data 

Missing data is very often seen in real-world datasets. Missing data can be attributed to several 

reasons. To begin with, data package loss can appear during communication from the measurement 

device to the server. It is also possible that data loss happens during the process that data are stored 

in database systems. In this section, we study the effect of missing data and its imputation on 

pseudo-measurement and DSSE application using the residential load data, commercial data, EV 

charging load data, and PV generation data, as introduced in Section 2.4.  
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Several common methods of data imputation are compared in this section. The first method is the 

mean imputation [144], or naïve average. This means that the missing values are filled by the 

average over all the available measurements in the dataset. The mean imputation has the advantage 

of simplicity, but takes little advantage of the information that lies in the dataset.  

Since we know that load consumption curves express some level of pattern during the day, we 

further propose to impute missing data using a time-point average. That is to say, if there is a 

missing value at time 12:30, then that missing value is filled by the average of all the data with a 

time-of-day at 12:30. The raw data presented in Section 2.4 are originally filled by time-point 

average. Imputing by the time-point average is also a very naïve approach. 

We further compare several common approaches based on machine learning techniques. First, we 

study imputation using linear regression based on historical measurements. For instance, if there 

is a missing value at time 𝑡, then the input of the linear regression model comes from measurement 

values of {𝑡 − 1, 𝑡 − 2, … 𝑡 − 𝑇}. This is because during the application phase, when the models 

are running online, if a missing value appears, all the information a model has is from the past. 

Hence, when using machine learning models to impute the missing values, we only utilize the 

information that happened prior to the missing values. Linear regression assumes a linear 

relationship between the input and the output. 

Finally, we used random forest to impute missing data. Random forests are nonlinear models. Both 

the linear regression model and the random forest model are developed using Scikit Learn [145]. 

For the linear regression, intercepts of the model are allowed. On the other hand, for the random 

forests model, the number of decision trees in the model is set to be 50. In this section, the number 

of previous measurements used to impute the missing values 𝑇  is set to 10. The experiment 

procedures can be summarized as follows. 
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• User-level load data are first randomly selected from the available load profiles. 

• Similar to previous experiments, the 2-year load data are separated into training data and 

test data, with each dataset having one full year of data.  

• Each data entry is treated as a missing value separately to construct the missing dataset. 

The training dataset is used to train the linear regression and random forest models. And 

the evaluation is further performed on the test dataset. 

• This procedure is repeated 100 times. That is to say, 100 different user-level load profiles 

are used. 

For evaluation, we first evaluate the performance of each method on imputing missing values. 

Then, we further evaluate how the imputed data affects the pseudo-measurement generation. In 

this section, RMSE is used to evaluate the results. 

Table 5-1 shows the average RMSE of the four proposed missing value imputation methods over 

100 user-level load profiles. Several conclusions can be drawn from the table. First, the naïve 

average method is the worst of the four methods used. This result is expected as the naïve average 

approach utilizes little information from the data. Moreover, the time-point average used in 

previous chapters for raw data preprocessing, performs slightly better than the naïve average. 

Because the time-point average method utilizes the information that power consumptions and 

generations have periodic patterns. However, the time-point average is still significantly worse 

Table 5-1 Accuracy of different missing value imputation methods. 

Method Average RMSE (kW) 

Naïve average 0.597 

Time-point average 0.512 

Linear regression 0.374 

Random Forest 0.384 
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than both of the machine learning based approaches. Hence it can be concluded that the time-point 

of the missing data provides some information of its value, but the information provided is limited.  

Further, we see that the random forest approach is slightly worse than the linear regression. This 

is counterintuitive as the random forest approach has more flexibility in terms of modeling. 

However, if we also examine the training error, we see that the training error of linear regression 

is 0.380, whereas the training error of the random forest is 0.138. This indicates that although 

random forest model did learn better than linear regression in data imputation, it also suffers 

significantly more from over-fitting. Hence, linear regression is the best of the four methods in 

terms of missing data imputation accuracy. We further tabulate the standard deviation of RMSE 

of the four methods for the 100 runs, as shown in Table 5-2. The results are similar to the RMSE 

averages. 

We further examine the effect of different missing value imputation on pseudo-measurement 

generation using linear regression as the imputation method. The level of missing values is set to 

be 1%, 2%, 5%, 10% and 20% of the entire dataset, and the values are imputed using linear 

regression. The experiment is performed on the phase 𝑎 of bus 634 of the IEEE 13-bus test system. 

The results are tabulated in Table 5-3. From the table, it can be concluded that the effect of missing 

data on the accuracy of the proposed pseudo-measurement is negligible when the level of missing 

value is low. When the level of missing value is high, the RMSE does increase slightly. However, 

Table 5-2 Standard deviation of different missing value imputation methods. 

Method RMSE std. (kW) 

Naïve average 0.799 

Time-point average 0.655 

Linear regression 0.324 

Random Forest 0.328 
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when a system has 10% or 20% of its measurement missing, it becomes a priority to examine the 

entire measurement system from the measurement device to the data storage system and find out 

the cause of missing data. Hence, it can be concluded that our proposed pseudo-measurement 

method is robust against missing values.  

5.3 Granularity of Data 

The granularity of data refers to the data collection frequency. The higher the frequency the data 

are collected, the finer the grain of the data. In the previous chapters, we utilized residential load 

data, commercial load data, EV charging load data, and PV generation data from different sources 

with different frequencies. To perform numerical analysis, we down-sampled all data to the lowest 

data frequency, which is half an hour per sample. This collection frequency is relatively low as 

modern monitoring devices such as smart meters, and power quality meters are capable of 

providing a higher sampling rate, provided that a proper communication network is available.  

In this section, we explore what data with finer grain can bring to the pseudo-measurement 

modeling. This is demonstrated using the residential load dataset from [146]. The dataset contains 

114 single families with more than 2 years of data. Data gathered during 2015 has a 15-minute 

interval, and data from 2016 comes with a 1-minute interval.  

Table 5-3 Different levels of missing value on pseudo-

measurment modeling accuracy. 

 RMSE (kW) 

No missing value 6.812 

1% missing 6.816 

2% missing 6.817 

5% missing 6.857 

10% missing 6.922 

20% missing 7.077 
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To perform numerical analysis on the effect of data granularity, we model data gathered during 

2015 and during 2016 separately. Since there is only one year of data for each model, for each of 

the dataset, we took the first 9 months of data as the training dataset and data from the last three 

months as the test dataset. This is approximately a 75/25 train test split. From there, we build two 

GBT models using the same experimental environments as introduced in Section 2.4. To evaluate 

the results, MAE and MAPE are used, and the time cost of training each model is also included. 

Table 5-4 shows the performance comparison of the two models with different data granularity. 

Several observations can be made from the table. First, a significant accuracy improvement has 

been made by using data with a finer grain. This is because user-level load profiles are stochastic 

and finer data granularity helps captures more of that stochasticity. Hence it can be concluded that 

pseudo-measurement generations can be improved by data collection systems with higher 

collection frequency.  

However, the accuracy improvement does not come for free. From the training time of the two 

models, it can be seen that the time spent on training 1-minute data is around 10-fold of the time 

used for 15-minute data. This is because the amount of data involved in training is significantly 

higher. For the 1-minite data, the number of records in training is 1 × 60 × 24 × 30 × 9 =

388800, whereas for the 15-minute data, the number of records in training is 4 × 24 × 30 × 9 =

25920 . This experiment gives an idea of the trade-off one needs to make between model 

performance and computation cost. 

Table 5-4 Comparison of performance with different granularity. 

Frequency MAE MAPE Training time 

per 15 min. 22.86 kW 5.46% 10.5 sec 

per 1 min. 4.12 kW 1.23% 2 mins 
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5.4 Data Misalignment 

This section further discusses the effect of data misalignment. Measurement misalignment is a 

common issue faced in any physical data acquisition system. To model such an effect, we assumed 

that the load values change linearly between the two time-points. As such, the measurement 

misalignment is modeled using the following expression.  

 
𝐿𝑚𝑖𝑠

𝑡 = 𝐿𝑡 +
(𝐿𝑡 − 𝐿𝑡−1)

𝑝
∗ max(0, 𝑠) 

                   +
(𝐿𝑡+1 − 𝐿𝑡)

𝑝
∗ min(0, 𝑠) 

(5-1) 

where 𝐿𝑡 is the true load value of time 𝑡, and 𝑝 is the time-interval between two measurements; 

𝑠~𝑁(0, 𝜎) is a Gaussian variable with zero mean and its variance 𝜎 is used to control the severity 

of data misalignment.  

The experiment is carried out using the residential load data, commercial load data, EV charging 

load data, and PV generation data, as described in Section 2.4. We first run the experiment without 

any tweak of the data. Then we introduce measurement misalignment using Equation (5-1), and 

further run experiments using the misaligned data. The experiments are performed on the phase-

level load data and the phase-level load profiles are randomly sampled 100 times. 

For evaluation of the results, the effect of data misalignment on raw measurement is first examined. 

MAPE is used to assess the difference between the original load measurement 𝐿𝑡  and the 

Table 5-5 Effect of measurement misalignment on the load data. 

𝜎 Raw measurement MAPE 

1 sec 0.02% 

10 sec 0.18% 

60 sec 1.12% 

120 sec 2.39% 
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misaligned measurement 𝐿𝑚𝑖𝑠
𝑡 . Furthermore, we evaluate the effect of data misalignment on 

pseudo-measurement generations, comparing the RMSE of the pseudo-measurement model 

predictions.  

The results of data misalignments on the raw measurement are displayed in Table 5-5. From the 

table, several conclusions can be drawn. First, the effect of misalignment on the measurement itself 

is minimal when the misalignment is not severe. When the level of data misalignment is high, the 

measurement error can be up to more than 2%, which is not negligible.  

Table 5-6 further shows the effect of misalignment on pseudo-measurement RMSE. The results 

show that when the level of data misalignment is low, it has little impact on pseudo-measurement 

generations. When the level of data misalignment is high, the impact is observable. But instead of 

improving pseudo-measurement modeling, the data collection system should be reexamined to 

find out the causes of severe data misalignment when a constantly a 2-minute data misalignment 

is observed. 

5.5 Conclusion 

In this section, we discussed three topics related to data quality – missing data, data granularity, 

and data misalignment. For missing data, we introduced and discussed four different methods for 

imputation. Two are based on averaging from historical values, and two are based on machine 

learning techniques. We further studied these four methods based on numerical studies and 

Table 5-6 Effect of measurement misalignment on GBT performance. 

𝜎 Pseudo-measurement RMSE (kW) 

1 sec 7.3 

10 sec 7.56 

60 sec 7.67 

120 sec 7.81 
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concludes that linear regression is better than the random forest approach as random forest suffers 

from over-fitting. We further discussed data granularity, and showed that finer grain of data brings 

significant performance improvement to pseudo-measurement generations but is more 

computationally burdensome. Finally, we present a way to model data misalignment and 

demonstrate its effect on pseudo-measurement modeling, concluding that our proposed GBT 

method is robust against a moderate level of data misalignment. 

One thing we did not discuss is the usage of simulated data. We utilized simulated data in different 

case study when there is not enough real-world data. It remains an open question whether using 

only real-world data would change the performance of the proposed methods. However, based on 

our understanding of the learning theory, it is very difficult to determine whether the accuracy 

would be better or worse with only real-world data, as machine-learning models, despite all the 

efforts to understand them, are still black boxes that have no explicit form of mapping from inputs 

to outputs. As a result, without actually entering input to the models and examining the outputs, 

there is no clear answer. Hence, future research could focus on utilizing purely real-world data for 

a more rigorous study and compare the results to simulated data to learn the impact of simulated 

data.  
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6 Measurement Infrastructure Design and Implementation 

This chapter introduces the implementation of a measurement infrastructure with a PQA as well 

as a micro-PMU system. The advancement of metering systems is crucial to DSSE as distribution 

system often face measurement paucity. Implementation of these metering systems sheds light on 

massive implementation of advanced monitoring devices in distribution systems the future. 

Because the number of the measurement systems deployed is limited and cannot support online 

studies, the data collected from the systems are used for offline simulation studies discussed in the 

previous chapters. 

6.1 Introduction 

Researchers have been proposing to use smart meters and PMUs to provide measurements for 

DSSE. Alimardani et al. [147] proposed a DSSE method based on unsynchronized smart meter 

measurements. To handle the unsynchronized measurements, the authors adjust the measurement 

variance of each of the measurements based on its credibility. In [148], the authors proposed to 

have 20% of the buses covered by micro-PMU to improve the accuracy of the DSSE.  

Meanwhile, since most of the distribution systems do not have the luxury to implement enough 

measurement devices to cover the entire system at once, placements of these measurement devices 

are also studied. In [149], the authors introduced a meter placement approach based on ordinal 

optimization, which improves the computation efficiency and reduces the estimation errors in 

DSSE. Singh et al. [150] proposed a metering placement method and simplified it by transforming 

the problem into a probability bound reduction problem using two sided-Chebyshev inequality. 

However, none of the above researchers implement real smart meters or micro-PMUs for test and 

verification.  
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Together with many works not cited, most existing literature on DSSE using smart meters and 

PMUs is based on simulations. However, the proposed methods may fail to work under some 

unexpected circumstances, such as long response time of the systems, or limited communication 

availability. Von Meier et al. [151] are amongst those a few researchers that implemented micro-

PMU systems on substation level buses. This work is of great pioneer. However, as most of the 

dynamics are introduced by DERs and EV charging load, installation of metering systems on these 

individual devices to understand the devices and explore potential applications is still lacking. 

This chapter is concerned with the design and implementation a measurement infrastructure with 

a PQA as well as a micro-PMU system. The proposed platform aims to provide measurement for 

DSSE and explores potential applications based on the measurement systems. The contributions 

of this chapter are twofold. First, unlike most previous research that are based on simulations, this 

chapter introduced the design and implementation of the physical measurement systems on EV 

chargers and PV generation systems, which shed light on how metering systems need to be 

implemented at scale. Second, the system is remotely controllable, allowing it to receive and 

respond to remote control signals on how frequent data are collected. As a result, the proposed 

system can be used to test out many ideas mentioned in the above literature. 

The remainder of the chapter is organized as follows. Section 6.2 presents the system design and 

architecture of the measurement infrastructure. Section 6.3 further discusses the results and 

applications based on the measurement systems. Finally, Section 6.4 concludes the chapter. 

6.2 System Architecture 

We start by introducing the architecture of the infrastructure, as shown in Figure 6-1. In the figure, 

both the data flow and the control flow are shown. For the data flow, the measurement device first 
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takes the voltage and current measurements from the target load and perform onsite computations. 

For PQA, the onsite computation includes calculation of the energy consumed, active current 

frequency, voltage and current root mean square values. For the micro-PMU system, the 

computation results in the phase angle of the voltage.  

The data are then transmitted through a router with the 3G dongle attached, and are displayed in 

real-time. The data are also stored in database systems. For the smart meter system, the data are 

raw strings and therefore are concatenated and transmitted using HTTP POST protocol to a 

MySQL database. On the other hand, the micro-PMU data follows the 60255-118-1-2018- 

IEEE/IEC International Standard [152]. It is stored with a third-party archiving system named PI 

system [153]. The data are then retrieved from the MySQL/PI systems for data analysis and 

experiments. For the control flow, the control commands are sent from the real-time monitoring 

side to control primarily the data reporting rate of the measurement systems for different 

applications.  

 

Figure 6-1 The proposed smart meter / micro-PMU system architecture. 
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Figure 6-2 presents the hardware components of the CompactRIO-based system [154]. For both 

the PQA and the micro-PMU systems, the core components are the three-phase current and voltage 

module, through which the raw measurements are acquired. For the micro-PMU system, a GPS 

module is further included to acquire timestamps from the satellites. The CompactRIO hardware 

is powered by a DC supply. Finally, the data is transmitted through ethernet. 

 

Figure 6-2 Components of the PQA/micro-PMU hardware. 

 

 

Figure 6-3 data reporting logic (the server is depricated). 

 

Data string
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On the software side of the system, LabVIEW is used as the programing language for the smart 

metering system. Figure 6-3 presents the data reporting logic. Further, Figure 6-5 shows the 

monitoring interface of the PQA system.  

 

Figure 6-5 Real-time monitoring interface of the smart metering system. 

 

 

Figure 6-4 Outdoor installation of PQA and micro-PMU device on EV charging system. 
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6.3 Implementation Results 

Figure 6-4 shows the setup of the proposed micro-PMU and smart metering system for 

implementation. In the figure, a level-1 EV charger is served as the testbed. Aside from that, 

another monitoring box is installed in Santa Monica Civic Center Parking Structure that monitors 

the 120 kW PV system, as shown in Figure 6-6. In Figure 6-4, the voltage reading is directly 

captured by the input splitter, while the current reading is taken from a current sensor. The readings 

are fed into an analogy module to denoise and synchronize. It is further processed by the 

CompactRIO micro-controller for calculation of frequency, voltage and current root mean square 

values, phase angle, etc.  

6.3.1 Numerical Results 

Figure 6-7 shows the current values of the monitored PV system over one month. In the figure, 

only a single phase of the current is shown. This is because the other two phases demonstrate a 

similar pattern and therefore not presented. From the figure, it is also observable that the current 

values remained zero during the time between February 19th and February 27th. The monitoring 

systems was checked by the site-host every three to four weeks. As the real-time monitoring page 

 

Figure 6-6 Outdoor installation of PQA and micro-PMU device on PV system. 
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is not being continuously checked, it took nine days before we discovered that the PV inverter was 

down and not gathering any energy. 

Later on, it was discovered that the PV system experience inverter failures from time to time. To 

facilitate the PV system to continuously collect energy, and to help the measurement devices keep 

collecting data, we developed a PV data reporting system that reports the PV status on a daily basis, 

which is further introduced in Section 6.3.2. Figure 6-8 further shows a snapshot of the PMU 

measurements on the level-1 charger using the ePDC software visualization tool [155].  

We summarize the key lessons learned when implementing the PQA and the micro-PMU system. 

The first key lesson is that there could be many unexpected circumstances in terms of physical 

measurement systems. For the PV system, we observed that it may experience failures and requires 

a restart on the system. Another key lesson learned is that the communication infrastructure plays 

an essential role in data collections. For the micro-PMU implementation, we encountered two 

obstacles. The first one is the line of sight for the GPS module. For the GPS module to work, it 

 

Figure 6-7 Current value of the monitored PV system over one month. 
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has to have line of sight for at least 3 satellites to provide timestamps to the measurements. 

However, the PV system control room is an indoor environment. Hence a small hole is made 

through the wall of the control room and to allow the wire of the GPS module run through. This 

extra construction effect reflects that the communication infrastructure is not always readily 

available. Furthermore, when using 3G module to transmit data for micro-PMU, data loss was 

observed. Although the amount of data being transmitted by PMUs per second is far from the 

theoretical limits of 3G communication speed, the 3G network does not provide a stable 

communication environment for PMU to run in a stable manner.  

6.3.2 PV Status Reporting System 

As mentioned previously, the PV system we are monitoring suffers from inverter failures and 

requires a manual reboot. Although data are being collected and we have developed a monitoring 

tool for that meter, it is unlikely to have someone monitor the status of the PV system continuously. 

Moreover, we do not have direct access to the inverter and therefore cannot directly determine 

when a failure happens. To help the site hosts to know when the PV system is offline, we developed 

 

Figure 6-8 Snapshot of the PMU measurements. 
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a PV status reporting system that generates a summary of the PV harvest at the end of the day and 

notifies the site hosts through email. 

Figure 6-9 describes the process flow of the status reporting system. The report is generated on a 

daily basis. At 6:00 pm each day, the current and energy values of that data are first retrieved from 

the database. Since the metering data do not contain a direct signal of whether the PV system is 

operating under normal condition, what we could do is to infer its status through the amount of 

energy being harvested. From the historical data, it is concluded that when the PV system is offline, 

the total energy harvested is less than 0.1 kWh. It is not zero as there are measurement noises. 

when the PV is operated under normal conditions, the minimal energy harvested is 45 kWh. The 

 

Figure 6-9 Flowchart of the PV status reporting system. 
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threshold to determine if PV is running or being offline is set to 1 kWh. If the total energy harvest 

is greater than 1 kWh, then it is determined that the PV system could be potentially offline. An 

energy harvest report is generated and sent through the Google SMTP server using a Python based 

email module. And depends on whether the PV system is determined to be offline, different content 

is sent out. 

Figure 6-10 shows a screenshot of the PV summary email when PV system is functioning normally. 

At the time this email summary was generated, the data from the smart metering device are stored 

into two databases at a frequency of 5 minutes and 10 seconds, respectively. When the PV system 

is offline, a different email is sent to the site-hosts, as shown in Figure 6-11. In the figure, the email 

address is anonymized. From our record, between the period of January 9th, 2017 to May 11th, 2020, 

we have observed 5 instances of PV system going offline, on February 19th, 2017, May 5th, 2017, 

June 19th, 2018, April 21st, 2018, and January 2nd, 2019. Beside the first time the system went 

 

Figure 6-11 Energy harvest summary when PV system is offline. 

 

xxxxx@gmail.com

 
Figure 6-10 Energy harvest summary when PV system is functioning. 
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offline when the PV status reporting system is not developed, we managed to capture the rest 4 

instances of PV inverter failures and inform the site-hosts immediately to have the PV system 

rebooted the next morning. The PV status reporting system is an application that we developed 

based on the actual needs of the site-hosts. It is reported daily instead of in real-time as the site-

hosts have a response time of one day. The system can be further implemented at scale for multiple 

sites. 

6.4 Summary 

In this chapter, we have designed and implemented a measurement infrastructure with a PQA and 

a micro-PMU system that monitors and records energy consumption/generation of an EV charger 

and a PV generation system. Advanced measurement devices need to be deployed to facilitate the 

development of state estimation in distribution systems. This chapter demonstrates the practicality 

of implementing smart measuring devices that can generate measurements at high frequency and 

show the potential of massive implementation of these devices in the future for state estimation 

and other smart grid applications to manage distribution grids optimally. The data collected are 

used in simulation studies in Chapter 2-5. Moreover, in response to occasional PV offline, a daily 

reporting system is developed, and we manage to capture PV shutdowns in a timely manner, 

helping site-hosts improve energy harvesting efficiency. 

This chapter further summarizes some key lessons learned through the implementation of the 

monitoring systems. First, the target loads the measurement devices sit on may experience 

unexpected circumstances such as shutdowns. Without monitoring such a target load, the site-hosts 

may fail to realize the system's problem. Second, another common issue of measurement systems 

face is communication limitations, such as limited access to networks and limited speed of 
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transmission. Hence, it is important to examine the technologies available for the on-site 

monitoring devices to help the collection and transmission of the data.  
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7 Conclusion and Future Work 

With the fast penetration of renewable energy such as solar and wind, energy storage systems such 

as battery systems, massive EV charging load, distribution systems are transforming from a passive 

role into a more active role. The introductions of these on-site generations and dynamic loads bring 

opportunities to distribution systems operator for autonomy but also challenges. To facilitate this 

transformation of distribution systems, state estimation, a monitoring tool, is of a crucial role. State 

estimation provides accurate and timely information of the system for subsequent control 

applications such as contingency analysis, to guarantee distribution systems operate under normal 

conditions. On the other hand, two fundamental challenges need to be addressed for introducing 

state estimation into distribution systems. Firstly, unlike transmission systems that are well-

monitored with measurement redundancy, distribution systems often face a lack of real-time 

measurements and often rely on the low-accuracy pseudo-measurements. As a result, the problem 

of modeling pseudo-measurements has become a crucial research topic in distribution systems 

state estimation. Secondly, distribution systems are physically smaller than transmission systems. 

For instance, a distribution system could span the size of a university campus, where a transmission 

system may encompass several states. However, distribution systems often have a much greater 

number of buses compared to transmission systems, and therefore have a larger network size when 

modeling. The larger network size of distribution lowers the computation efficiency of state 

estimation solver. Hence, distribution system state estimation algorithms for faster convergence is 

also heatedly studied.  

In Chapter 2, this dissertation proposes a pseudo-measurement modeling method at the phase-level 

and is based on user-level data to overcome the challenge of measurement inadequacy. Three 

categories of features are extracted from raw user-level data, which includes historical 



115 

 

measurements, time-related information, and user-based aggregations, to serve as input 

information of the models. Gradient boosting tree is further built to model the pseudo-

measurements, and multiple training techniques, including cross-validation and row/column-

subsampling, are applied to ensure the trained model maintains high generality against load profile 

changes. Change of load profiles are common in today’s distribution systems and are, to the best 

of the author’s knowledge, first considered in modeling pseudo-measurements in this dissertation. 

Some examples for the change of load profiles include newly installed PV generations, or newly 

installed EV charging equipment, that are not captured by historical data. Numerical studies using 

commercial building load, residential load, EV charging load, and PV generations show the merits 

of the proposed method in terms of accuracy, consistency, and robustness against changes of load 

profiles.  

Chapter 3 addresses the issue of computation efficiency of state estimation when applied to large 

distribution systems. We propose the usage of state surrogates and use the surrogated states as the 

initial values for the distribution system state estimation solver. Based on two formulations, we 

propose deep neural networks and long short-term memory networks, respectively. Deep neural 

networks model state surrogates as a regression problem where the input data is the measurements, 

and output data is the state surrogates. The benefit of this formulation is that the input size is much 

smaller than output and the size of the deep neural networks is therefore reduced. On the other 

hand, long short-term memory networks model state surrogate as a time-series problem where the 

input is the previous states. The benefit of this formulation is that because states of multiple time-

steps are used as input, the temporal correlation is therefore modeled. However, the input size of 

this formulation is much larger than output and demands a size of the network too large to be 

trained. We further introduce dimension compression through autoencoders to overcome this 
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challenge. Numerical results show that both of the proposed models achieve high accuracy 

compared to well-established machine learning methods.  

Chapters 4 and 5 further extend the results from Chapters 2 and 3. In Chapter 4, we examine how 

pseudo-measurement models proposed in Chapter 2 and state surrogate models proposed in 

Chapter 3 affect distribution system state estimations. The ladder iterative method for distribution 

system state estimation is proposed as the state estimator to evaluate these effects. Numerical 

studies show that the proposed pseudo-measurement models in Chapter 2 result in estimated states 

with higher accuracy. On the other hand, the numerical studies further demonstrate the effect of 

the proposed state surrogates in Chapter 3, showing the computation time for IEEE 8500-node 

system, currently the largest IEEE benchmark system, is reduced by 83% with state surrogates.  

Chapter 5 further discusses three topics related to data quality. As today’s research on distribution 

system state estimation relies on simulations, it is important to discuss how different aspects of 

data quality may affect the result of modeling and state estimation. As pseudo-measurement 

modeling is the step that directly deal with raw data, it is used to investigate the effect of data 

quality. We studied the effect of missing data, the granularity of data, and misalignment of data. 

The results show that the proposed pseudo-measurement modeling is robust against a moderate 

level of missing data and data misalignment. The results further show that finer grain of data 

improves the accuracy of pseudo-measurement modeling. 

In Chapter 6, this dissertation further discusses the implementation of a measurement infrastructure 

with a PQA and a micro-PMU system. The two measurement systems demonstrate the practicality 

of providing high quality, high frequency measurements in the distribution systems. The 

implementations also shed light on massive implementations of smart measurement devices for 

state estimation in distribution systems and other monitoring and control applications in the future. 
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The proposed work in this dissertation can be beneficial to utility that manages distribution systems, 

especially the scheme that improves the runtime efficiency of DSSE, which enables A sooner 

contingency analysis which allows the utility to discover violation of operating constraints and 

perform preventative/corrective actions earlier. On the other hand, the proposed work can 

potentially benefits distribution systems at campus level as well, by allowing implementation of 

campus-wide optimal power flow planning, which reduces the operational cost of the campus. 

However, to realize these benefits, more rigorous tests on deployment of the proposed method in 

real physical systems are needed.  

Many research topics can be further explored based on this dissertation. To start with, distribution 

systems often have frequent topology changes. When modeling, this dissertation assumes that the 

topology of the target distribution system is static. Hence, further exploration can be made on how 

to incorporate topologies changes into pseudo-measurement models and state surrogate models. 

Moreover, the proposed pseudo-measurement model and state surrogate method are both model-

agnostic, which means that the proposed methods are not tied to the ladder iterative state estimation 

solver. Many research focuses have been placed on developing new distribution system state 

estimation algorithms, and further explorations can be made to combine the latest DSSE 

algorithms and the proposed pseudo-measurement and state surrogate frameworks.  
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