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Abstract of Dissertation 

Variable Rate PEV Charging Using Machine Learning and Optimization Techniques 

By 

Theron Smith 

Doctor OF Philosophy in Mechanical and Aerospace Engineering 

University of California, Irvine, 2020 

Professor Gregory Washington, Chair 

Limited Fossil fuels and regulations to improve air quality are creating unprecedented 

changes in transportation, influencing customers to purchase zero-emission vehicles (ZEVs) 

instead of traditional internal combustion engine vehicles. California's Governor Brown issued 

Executive Order B-16-2012 to lower the greenhouse gas emissions due to transportation and 

promote ZEVs in California, setting a goal of reaching 1.5 million ZEVs in California by 2025. 

ZEVs are classified as plug-in electric vehicles (PEVs), battery electric vehicles (BEVs), and fuel 

cell electric vehicles (FCEVs). However, PEVs and BEV's draw power from the grid, and as these 

vehicles become more prevalent, multiple studies have demonstrated that they will increase the 

electric load and overwhelm the grid. 

In this study, three new protocols, Machine Learning Valley-Filling (MLVF), Selected 

Rate Valley-Filling (SRVF), and  Rate and Interval Valley-Filling (RIVF), are presented to 

enhance PEV charging at the local power level while minimizing the effects of uncontrolled plug-

in vehicle (PEV) charging. The goal is to create algorithms that are computationally fast, operate 



xiv 

 

in real-time, scalable, satisfy customer needs, reduce transformer loss of life, and contribute to 

smart transportation. 

SRVF and RIVF  are proposed to investigate how variable rate charging can affect PEV 

charging profiles.  SRVF evaluates many charging options and determines the best charging rate 

for a vehicle, while RIVF utilizes many rates to create a charging profile for a vehicle. Both 

algorithms can charge vehicles in sections by selecting intervals to charge in.  SRVF is a simpler 

algorithm than RIVF, and an evaluation will be conducted to determine if RIVF’s additional 

advantages are necessary by quantitively showing the difference in the results.  

Machine Learning Valley-Filling (MLVF), a neural network and is trained on processed 

data that determine the best interval to begin charging a vehicle at a constant rate, given its charge 

needs and dwell time. MLVF is used to investigate if machine learning can be used in valley-filling 

applications, as it has not yet been demonstrated. The purpose of this study is to investigate if a 

neural network algorithm can learn to identify when to begin charging a PEV by distinguishing 

low and high demand sections in the forecasted baseload. 

The results demonstrate that SRVF  and RIVF have the ability to reduce the absolute 

maximum peak power reached amongst all transformers, average maximum peak power reached 

peak power by each transformer, and average load during charging caused by uncontrolled 

charging up to 51.72%, 25.14%, and 88.51%, respectively. In addition, this study indicates that a 

neural network algorithm can indeed identify low and high demand sections in the forecasted 

baseload and learn when to begin charging electric vehicles to decrease demand loads. MLVF 

achieves a Micro-Averaged F1-Score, a classifier's overall accuracy, of 92.84% of selecting the 

correct timeslot to initiate charging. 



 

 

1. Introduction 

Fossil fuel depletion, demand for higher energy efficiency, and regulations to reduce 

greenhouse gas emissions are changing modern transportation, propelling plug-in electric vehicles 

(PEVs) forward [1]. A PEV uses electricity from an external source to charge a battery that 

provides power to drive the vehicle [2]. Advances in renewable energy and natural gas combined-

cycle power plants have enhanced power generation, allowing PEVs to operate more efficiently, 

well to wheel, than traditional internal combustion engine vehicles [3]. As a result, PEVs have 

gained popularity, significantly receiving public acceptance and adoption [4]. Despite this, 

multiple studies have demonstrated that increased PEV adoption will negatively impact the electric 

load by intensifying existing peaks and creating new peaks, ultimately overwhelming the grid [5] 

[6]. Large loads from PEV charging have been proven to have great impacts on residential 

distribution transformers, causing loss of life [7] [8] [9] [10] [11]. In particular, Razeghi et al. show 

that uncontrolled charging can increase the loss of life percentage of a 24-hour period above 

2000% [8].  

The issue arises from customers generally arriving home and plugging-in their vehicles at 

the same time. In turn, producing a large electric load that current infrastructure was not designed 

for, causing residential distribution transformers to operate above their rated limits and decrease 

their lifespan [8]. This concern led to the development of "smart charging" protocols that shift 

PEV charging based on grid loads and the vehicle's owner's needs [12]. Generally, valley-filling 

is a strategy used to smart charge vehicles by shifting electric charging to hours where the demand 

on the electric grid is lowest and fills "valleys" in the load curve [13] [14]. 
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2. Algorithm Formulation 

 Selected Rate Valley-Filling & Rate Interval Valley-Filling 

2.1.1. Literature Review 

Several valley-filling algorithms [13] [14] [15] [16] [17] [18] have been produced, 

achieving impressive results; however, these algorithms solve a “global” valley filling problem 

and do not optimize at the distribution transformer level. Global solvers find solutions that are best 

for the grid; however, individual transformers may not be optimized. Ramos Muñoz et al. [19] 

expands the grid valley-filling algorithm in [18], by solving the problem and additionally verifying 

no transformer limits stated in [20] are violated at the local level. However, transformer life can 

be extended further if all profiles are optimized at the transformer level, not only when limits are 

violated. 

Shao et al. [21] evaluate the impacts of charging PEVs on residential distribution networks 

using staggering and household load reduction control strategies. Staggering allows vehicles to 

charge only when the current load is below a specific value, and household load reduction defers 

non-critical loads, like water heaters or clothes dryers, to charge a vehicle. Clement et al. [1] [22] 

utilizes stochastic programming to forecast household loads to address residential charging by 

minimizing the power losses and maximizing the main grid load factor by using quadratic and 

dynamic programming. Similarly, Deilami et al. [23] also resolve uncontrolled charging by 

minimizing power losses; however, maximum sensitivities selection (MSS) optimization is 

applied for real-time functionality.  

In another study, Singh et al. [24] apply fuzzy logic controllers at a distribution substation 

level and EV charging stations. The controller at the substation level determines the total amount 
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of power for all connected charging stations, and the controller at the charging station level 

determines the amount of power each charging station receives. This approach demonstrates it can 

valley-fill, peak-shave, and flatten load profiles; however, it is under the assumption that vehicle 

to gas (V2G) is used. Geng et al. [4] present a two-stage charging control (TSCC) that also relies 

on V2G, bi-directional sharing of electricity between the power grid and PEVs. V2G transforms 

vehicles into power storage systems, allowing them to return electricity back to the grid [25]. 

TSCC uses the Pontryagin’s minimum principle in the first stage to derive the optimal charging 

power for all PEVS and fuzzy logic control in the second stage to allocate power to the vehicles.  

Unfortunately, Bishop et al. [26] shows that V2G bulk energy and ancillary services cause 

additional wear on a PEV battery, accelerating the frequency of replacement 

Met et al. [27] introduce an algorithm that uses iterative quadratic programming to 

determine a vehicle’s optimal charging profile by minimizing the difference between an optimal 

load and the baseload. This method is effective but does not operate in real-time. In addition, as 

the range of possible rates increases, the solution space to this optimization problem increases 

rapidly, increasing computational cost greatly. Gong et al. [28] [29] utilize this concept to produce 

the “Average Transformer Load Strategy,” however, their strategy is implemented by subtracting 

the base load from the objective value, producing near-optimal results.  

An algorithm, Continuously Varying Valley Filling (CVVF), was developed and evaluated 

to be a strategic method to reduce peaks from PEV charging at the distribution level. This study 

extends the analysis of Zhang et al.[18]  and Ramos Muñoz et al. [19] and focuses on enhancing 

PEV charging at the local power level by developing a centralized real-time valley-filling strategy 

to avoid excess damage to distribution transformers from uncontrolled charging peaks. The 

objective of this study is similar to Q. Gong et al.[29],  produce a control strategy that enables 
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PEVs charging and minimizes transformer damage. In addition, this study will consider varying 

PEV charging rates, which is not presented in Zhang et al. [18]  and Muñoz et al. [19].   

CVVF is a real-time valley-filling algorithm with a fuzzy logic decision mechanism [30]. 

CVVF produces a valley-fill effect by reducing high peaks caused by uncontrolled charging by 

monitoring when transformers are operating near the load limit. The fuzzy logic decision 

mechanism is used to determine the output rate that a PEV shall receive when charging, which 

may be any value between 1.9 and 7.2 kW.  

Fuzzy logic is used to determine the rate CCVF delivers to vehicles because of its 

inheritability to tolerate the concept of partial truth, where the truth value may range between 

completely true and completely false, much like the range of the rates administered to charging 

vehicles [31] [32]. This allows CVVF to administer rates ranging from 1.9 to 7.2 kW in a 

continuous spectrum based on the needs of vehicles and baseload values. Fuzzy logic provides a 

formal methodology for representing and implementing a human’s heuristic knowledge to control 

a system [31] [32]. There are four main components to fuzzy logic: fuzzification, rule-base, 

inference mechanism, and defuzzification. Fuzzification converts inputs to fuzzy sets, the 

inference mechanism uses fuzzy rules from the rule-base to interpret the meaning from the input, 

and defuzzification converts the interpretation back into a real number. A more in-depth and 

detailed discussion of fuzzy logic control can be found in Passino and Yurkovich [31] and 

Belohlavek and Klir [32]. 

CVVF focuses on reducing peaks from PEV charging because lower peaks will reduce 

stress caused by large amounts of PEV charging, thereby improving transformer lifetime [8] [18] 

while helping to maintain the distribution system. However, this algorithm requires continuous 
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monitoring to ensure the set load limit is adequate, allowing all vehicles to reach full charge. 

Moreover, if it is determined that the load limit value is no longer sufficient, an analysis must be 

conducted to determine the new load limit value.   

To extend the work of CVVF, two new protocols, Selected Rate Valley-Filling (SRVF) 

and  Rate Interval Valley-Filling (RIVF), are proposed. The purpose of this study is to further 

investigate how variable rate charging can affect charging profiles. These algorithms will expand 

upon CVVF by eliminating the need for a load limit and continuous monitoring and will reduce 

the average load during charging greater. In this analysis, it is assumed a controller is attached to 

transformers at the distribution level and strategically varies the charging rate to vehicles that can 

accept multiple charging rates. Both algorithms will have the following attributes:  

1. Provide charging rates between 0 kW and 11.5 kW 

2. Search for the best charging intervals to minimize the average load during charging  

3. 15-minute time intervals  

2.1.2. Methodology 

The charging strategies specified in this study are described below. Each algorithm 

provides charge to vehicles incrementally by selecting time intervals to charge. SRVF evaluates 

many charging options and determines the best charging rate for a vehicle, while RIVF utilizes 

multiple rates to create a charging profile for a vehicle.  SRVF is an inherently simpler algorithm 

than RIVF; however, the results are compared to determine if the additional variability in charging 

rates in RIVF is beneficial.  

Machine Learning Valley-Filling (MLVF), a neural network and is trained on processed 

data that determine the best interval to begin charging a vehicle at a constant rate, given its charge 
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needs and dwell time. MLVF is used to investigate whether machine learning can be used in valley-

filling applications, as it has not yet been demonstrated. 

Razeghi et al. demonstrate that as the transformer load factor, a ratio of the observed load 

to the rated limit, increases, the winding hot spot temperature (HST) increases [8]. IEEE C57.91 

standard recommends equation 1 to calculate the aging acceleration factor, illustrating that higher 

HST values increase the aging acceleration factor (AAF) [20]. 

AAF = exp (
15000

383
−

15000

𝜃𝐻𝑆𝑇 + 273
) (1) 

 

For each time step, AAF is calculated and used to determine the equivalent aging factor, 

EAF, shown using equation 2. 

 

EAF = ∑AAFi∆ti

N

i=1

∑∆ti

N

i=1

⁄   

 

(2) 

 

Loss of life percentage, shown in equation 3, is then determined by multiplying EAF by 

the number of operational hours and divided by normal insulation life, typically chosen to be 

180,000 h.  

 

LOL% =  EAF × ∑∆ti

N

i=1

×
100

180000
 (3) 

 

This work aims to reduce the loss of life percentage of the transformer by focusing on the 

reduction of HST.  It will be achieved by decreasing the average transformer load during charging, 

which reduces the observed load and the load factor, therefore decreasing HST. The reduction in 

the average transformer load during charging produced by uncontrolled charging will be used to 
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evaluate the performance of both algorithms, and from here on will be referred to the average 

transformer load during uncontrolled charging.  Table 1 describes the metrics used to evaluate the 

algorithms performance ability to reduce average transformer load during charging. 

Table 1: Algorithm comparison chart 

Improvement Percentage Interpretation 

𝑥 < −5 Significantly Not Better 

−5 ≤ 𝑥 < 0 Not Better 

0 ≤ 𝑥 <  5 Better 

5 < 𝑥 Significantly Better 

 

In addition, two other parameters, the reduction in the absolute maximum peak power 

reached amongst all transformers and the reduction of the average maximum peak power reached 

by each transformer, are recorded for data purposes but are not used to evaluate the algorithms. 

In both algorithms, it is assumed that the aggregator has access to PEV information using 

smart metering technology and the forecasted baseload, L, and for each vehicle i, the arrival time, 

𝑎𝑖, dwell time, 𝑑𝑖, requested charge, 𝑟𝑖, and current charge, 𝑐𝑖 are known. In addition, when vehicle 

i  plugs-in,  L is averaged into 0.25-hour intervals for the duration of 𝑑𝑖, to create a localized 

baseload for a vehicle i, 𝐿𝑖 . The length of 𝐿𝑖, creates 𝑘𝑖, representing the amount of time intervals 

vehicle i can charge in.  

2.1.2.1. Selected Rate Valley-Filling Methodology 

SRVF evaluates all possible charging rates for a vehicle and determines the best rate and 

time intervals to charge to minimize the demand load during charging intervals. Figure 3 provides 

a visual illustration of SRVF, depicting the process flow of the algorithm.  When vehicle i plugs-

in, the rate vector, �̅�𝑖, of length 𝑘𝑖  is created, shown in equation 4. Each element in �̅�𝑖 is a fraction 
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where 𝑟𝑖 is divided by the row number, j. These elements represent all the possible constant rates 

that vehicle i can use to charge to its’ requested amount of energy.  

 

�̅�i= [

Ri,1

Ri,2

⋮
Ri,ki

], where Ri,j =
ri

j
 (4) 

 

The localized baseload, 𝐿𝑖 , is sorted in ascending order, creating a vector, 𝑆𝑖. The 

optimization variable in this strategy is the delivered charging rate (power) and the time intervals 

it is applied to, simplifying to the row number, j, within �̅�𝑖. The objective function, described by 

equations 5 and 6, determines which 𝑅𝑖,𝑗 produces the lowest average load during charging for 

vehicle i.  

min
1

j
∑(Si(m) + Ri,j)

j

m=1

 (5) 

  

Figure 1: SRVF flow chart. 
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Subject to 

 

Ri,j ≤ 11.5 
 

(6) 

 

The j that satisfies equations 5 and 6 is referred to as 𝑗∗. The charging profile for vehicle 

i, 𝐶𝑃𝑖, is created using equation 7, by adding 𝑅𝑖,𝑗∗  to the timeslots in 𝐿𝑖, indexed by the 

corresponding indices of 𝑆𝑖(1: 𝑗∗). 

 CPi = Li(Si(1: j∗)) + Ri,j∗ (7) 

 

2.1.2.2. Rate Interval Valley-Filling Methodology 

RIVF will evaluate all possible rates a vehicle can receive and determine the best rate a 

vehicle should charge at per time interval to minimize the average transformer load during 

charging. Figure 2 provides a visual illustration of RIVF, depicting the process flow of the 

algorithm. The algorithm will utilize a concept from [27], minimizing the difference between the 

optimal load and the actual load.  
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When vehicle i plugs-in, the average baseload value over vehicle i’s dwell time, 𝐴𝑖 , is 

calculated by averaging 𝐿𝑖, shown in equation 8. In addition, the fixed charger load, 𝐹𝑖, is 

determined by dividing 𝑟𝑖 by 𝑘𝑖, shown in equation 9. 

Ai =
𝟏

ki
∑ Li(m)

ki

𝐦=𝟏

 (8) 

Fi =
ri

ki
 (9) 

  

𝐶𝑃𝑖 for  vehicle i is initialized, using equation 10, by creating a row vector of zeros, of length 𝑘𝑖.  

CPi = zeros (1 × # of available charging intervals) (10) 

 

𝐴𝑖 and 𝐹𝑖 are added together in equation 11 to form the optimal load, 𝑂𝑖, for vehicle i. 

Figure 2: RIVF flow chart. 
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Oi = Fi + Ai  (11) 

 

The localized baseload, 𝐿𝑖 , is subtracted from 𝑂𝑖, to determine, 𝐶𝑖, the charging intervals in 

equation 12. In time intervals where 𝑂𝑖 is larger than 𝐿𝑖, the corresponding intervals in 𝐶𝑖  are 

positive, indicating where charging should occur. If an element in 𝐶𝑖 is negative, the element is 

bounded to zero. 

Ci = Oi − Li  (12) 

 

A while loop is used in equation 13 to incrementally add 0.1 kW to the charging rates in 

𝐶𝑃𝑖. The index of the maximum value of 𝐶𝑖 is selected, adding 0.1 kW to the same indexed interval 

in 𝐶𝑃𝑖 and 𝐿𝑖. The process is repeated until 𝐶𝑃𝑖 satisfies 𝑟𝑖, and is represented by equation 10.  

While sum(CPi × 0.025 h)  < ri 

                                                      t = index(max(Ci)) 

CPi(t) = CPi  + 0.1 

Li(t) = Li  + 0.1 

 

(13) 

 

 Machine Learning Valley-Filling  

2.2.1. Literature Review 

In previous studies, valley-filling has been performed using many different methods which 

include but are not limited to: linear programming [15], [18], [33], [34], [35], [36] dynamic 

programming [22], [37], quadratic programming [22], Stochastic programming [1], [38], particle 

swarm optimization and genetic algorithms [39], [40], maximum sensitivity selection [23], [41] 

Nash equilibrium [16], and fuzzy logic [4], [24], [41]. All these methods rely on complex 

optimization, iterative programming, or lengthy calculations for implementation. In contrast, 
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machine learning, a technique used to develop mathematical models of data by identifying patterns 

through generalization and inference, has been shown to perform similarly to the listed methods 

while requiring less computational power once trained. However, machine learning has not been 

extensively explored in valley-fill algorithms.  

In reference to PEV charging, machine learning has been used for load forecasting. Panahi 

et al. have shown that an artificial neural network is capable of predicting the arrival time of PEVs 

with high accuracy, the distance a vehicle travels, and transformer load profiles [42]. Li et al. 

conducted a study by comparing five machine learning algorithms and has shown that a 

convolutional neural network (CNN) integrated with the Niche Immune Lion logarithm (NILA) is 

a promising technique for short-term load forecasting of EV charging stations [43]. Zhu et al. also 

conducted a comprehensive comparative study using six algorithms applied to three scenarios and 

determined that a long-short-term memory (LSTM) model is superior to the other methods and is 

competent to forecast short-term PEV charging loads [44]. Muzaffar et al. [45] complete a similar 

comparison study and show LSTM can model and forecast transformer loads well, aligning with 

the results from  Zhu et al. [44].  Muzaffar et al. and  Zhu et al. did not include a CNN in their 

comparison.  

Beyond load forecasting, machine learning has been used as a reinforcement tool for learning 

an optimum cost-reducing charging policy from a batch of transition samples and making cost-

reducing charging decisions in new situations [46].  Majidpour et al. compared four algorithms in 

an analysis to discover the best algorithm for predicting the expected charging finishing time at 

the charging station for use as a cellphone application. The analysis shows the Nearest Neighbor 

algorithm (k Nearest Neighbor with k=1) performs best [47]. Yi et al. have shown that it is possible 
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to estimate residential EV charging load profiles using historical residential charging behavior data 

and kernel density estimation [48].  

The numerous optimization techniques referenced early have shown great valley-filling 

capabilities using forecasted baseloads. In addition, the previously mentioned studies demonstrate 

that machine learning can enhance load forecasting and predict the completion time for vehicle 

charging, which improves how well optimization techniques can valley-fill. However, this requires 

two separate algorithms to work together; the machine learning algorithm creates the enhanced 

forecasted load, which is given to the optimization algorithm to schedule PEV charging. A 

machine learning algorithm can condense this process by using inputs that describe the baseload 

and vehicle to load forecast and schedule PEV charging simultaneously, potentially decreasing 

computational cost and increasing effectiveness. Before this is considered, the capacity of utilizing 

machine learning to valley-fill needs to be studied as it has not been assessed or defined.  

 This study explores how machine learning can improve PEV charging by investigating 

whether a machine learning algorithm can identify valleys in a forecasted load and charge vehicles 

as a preliminary effort to use machine learning to load forecast and scheduling PEV in the same 

instance. This study will apply a neural network algorithm and examine its capabilities of learning 

how to identify when to begin charging a PEV by distinguishing between low and high demand 

sections in the forecasted baseload. Furthermore, the goal is to create an algorithm that is 

computationally fast, operates in real-time, scalable, satisfies customer needs, reduces transformer 

loss of life, and contributes to smart transportation. These goals provide motivation to investigate 

machine learning for this application because of its robust capabilities to reproduce and model 

nonlinear processes. A classification algorithm, Machine Learning Valley-Filling (MLVF), is 

proposed, and it will be trained to identify the best interval to begin charging a vehicle, given the 
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vehicle's charge needs, dwell time, and the forecasted baseload. It is assumed that a PEV can accept 

any charging rate between 0 and 11.5 kW, and the maximum charging capacity of a charging 

station is 11.5 kW. Additionally, it is assumed that charging will occur using a constant selected 

rate and is delivered continuously until the vehicle reaches the desired charge level or is unplugged. 

2.2.2. Methodology 

This study presents a machine learning algorithm, Machine Learning Valley-Filling 

(MLVF), to determine the best time to begin charging vehicles based on their need and the 

forecasted baseload values. In practice, users would connect their vehicle to a smart charger and 

provide their vehicle's dwelling time and requested charge. The algorithm is embedded in a smart 

charger and utilizes the user's inputs and the forecasted baseload to determine when to charge the 

vehicle. The smart charger is connected to a central distribution transformer and receives real-time 

updates of the forecasted baseload. 

To simplify design, arranging the MLVF to accept the same number of inputs for all 

vehicles increases its robustness and limits complexity. The number of inputs associated with the 

user, the requested charge, and dwell time do not change from vehicle to vehicle; however, the 

length of the forecasted baseload does. To account for this, the baseload will be fixed in length and 

described to MVLF in discrete sections, regardless of the dwell time of the vehicle. This study will 

perform an analysis to determine what is the best-fixed length of time and duration of a section 

that should be used to describe the baseload as an input to MVLF. Two values will be considered 

for potential the fixed length of time that the baseload will be described in, 8 and 12 hours. Three 

values will be considered for the potential time duration that the baseload will be sectioned into, 

15, 30, and 60 minutes. These sections are represented as values that are found by sectioning the 

baseload into time-intervals and calculating the average of each interval.   
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Six cases, shown in Table 2, will be investigated to determine the best length of forecasted 

baseload and duration of the time intervals that should be used to describe the baseload as an input 

to MLVF.  These cases will assess MLVF's ability to select the correct charge initiation time and 

reduce the average load during charging. In each case, the time interval duration that is used is 

represented by the variable, (m). 

Table 2: Cases assessed in MLVF study    

Case 
Forecasted Baseload 

Length (Hours) 

Time Interval 

Duration (Minutes) 

# of 

Inputs 

# of Possible Output 

Classifications 

# of 

Outputs 

1 8 60 10 8 1 

2 8 30 18 16 1 

3 8 15 26 24 1 

4 12 60 14 12 1 

5 12 30 26 24 1 

6 12 15 50 48 1 

 

2.2.2.1. MLVF Training Data Construction  

The vehicle data, described in Section 3, contains 20295 data examples and is overlaid onto 

three transformer baseloads, producing a data set of 60,885 examples. In each example, vehicle i's 

arrival time, 𝑎𝑖, dwell time, 𝑑𝑖, requested charge, 𝑟𝑖, and forecasted baseload, L, are known. The 

raw dataset is organized in a matrix where the rows are data entries, and the columns are features 

of each data example. The raw dataset is processed and used to train and test MLVF. The first step 

of the processing procedure is finding the priority ratio, 𝑝𝑖, for each vehicle in the dataset shown 

in equation 14. The priority ratio is a relation between the needed charge and dwelling time; 

needing a significant amount of charge and having a small dwelling time creates high priority.  

𝑝𝑖 =
𝑟𝑖
𝑑𝑖

, where i = 1, 2, … 60,885 (14) 
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The priority ratio is compared to five hourly rates to determine the charging rate for each 

vehicle, Ri, is shown in Table 3.  

Table 3: The selected charging rate table 

Priority Ratio (𝑝𝑖) kW Charging Rate (𝑅𝑖) kW 

< 1.9 1.9 

< 3.3 3.3 

≥ 3.3 7.2 

≥ 7.2 9.6 

≥ 11.5 11.5 

The charging rate, 𝑅𝑖 , that is selected for vehicle i, using  Table 3, is divided by the 

requested charge to calculate the vehicle's charging time, Ci, shown in equation 15. 

Ci  =
𝑟𝑖
 𝑅𝑖 

 (15) 

 

Each vehicle's load, li, expressed by equation 16, is determined by multiplying Ci and Ri. 

This multiplication creates a rectangle that is Ri kilowatts, high, and Ci  hours, long. 

li = Ci  × Ri (16) 

 

All possible charging profiles, j, for the ith  vehicle are represented by L(t)i
j
. Equation 17 is 

used to find the maximum number of charging profiles, qi, for each vehicle i. The variable qi, is 

the number of times li can be shifted within the total dwelling period for vehicle i.  L(t)i
j
 is formed 

by analyzing vehicle i's plug-in time and shifting the charge initiation time by j time intervals.  

      𝑞i  =
Dwell Time𝑖 

 m minutes
− 

 Requested Charge𝑖

Ri  ×  m minutes
 (17) 

 

All the possible charging profiles in L(t)i
j
 are added to the baseload, B(t). For each vehicle 

i, the j that minimizes F in equation 18 is stored into the ith entry of the column vector, Y. This 

value will be used as the truth value to train the machine learning model. This optimization process 
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is simulating vehicle i's load, li, shifting along the total dwelling period for vehicle i and finding 

the start time that produces the lowest average load value. 

min F =  
1

N
∑B(t) + L(t)𝑖

j
 , where j =  0…𝑞𝑖 

N

t=0

 

 

(18) 

 

The portion of the baseload corresponding to the timespan of the profile within L(t)i
j
  that 

satisfies equation 18, the vehicle's dwell time, and requested charge are organized into a vector, 

Xi, shown in equation 19. The baseload is expressed by k number of elements, where k is the total 

length of the provided forecasted baseload divided by the length of the time intervals used in the 

analysis. Equation 20 sets the j value that minimized equation 18 to Yi. 

Xi =

[
 
 
 
 
 

Requested Charge
Dwell Time

Averaged Forecasted Baseload1

Averaged Forecasted Baseload2

⋮
Averaged Forecasted Baseloadk]

 
 
 
 
 
T

 (19) 

Yi = [Interval to begin charging] (20) 

 

After all the 60,885 examples have been evaluated, the final structure of the input and output 

datasets are represented by equations 21 and 22. 

�̅� = [

X1

X2

⋮
X60,885

] (21) 
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�̅� = [

𝑌1

𝑌2

⋮
𝑌60,885

] (22) 

 

The Z-score, equation 23, is used to standardize each column within �̅�. Z-score 

standardization removes the mean, 𝜇, and scales to unit variance, 𝜎, making data normally 

distributed. 

Z-score(�̅�) =  
(�̅�−𝜇)

𝜎
 

(23) 

 

2.2.2.2. MLVF Neural Network Construction  

To create MLVF, data is administered to the algorithm in three sets, training, validation, 

and testing. The 60,885 examples are divided into sets by designating 80% of the data for design 

and 20% for testing. Then, the design data is divided again, allocating 80% for training and 20% 

for validation. This results in 64% for training, 16% for validating, and 20% for testing, translating 

to 38,961 training, 9,747 validation, and 12,177 testing examples.  

Training data is the initial set of data that is given to the algorithm, allowing the model to 

develop correlations. Validation data is used to assess how well the training data trained the 

algorithm. After each iteration of training, validation data is inserted into the trained model, and 

the output is compared to the true output associated with the validation point. The model continues 

to fit to the training data until the validation accuracy does not increase for 25 consecutive 

iterations. After training is complete, MVLF's network weights are equated to the weights from 

iteration with the highest validation accuracy, and the algorithm is fully constructed Ref. [49].  
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A brief description of neural networks is provided here for clarity; a more detailed 

explanation can be found in Ref. [49]. A MLVF is composed of six layers, an input, three hidden, 

a softmax, and an output layer Ref. [49]. The process begins by importing inputs, x, into the nodes 

of the input layer of the neural network. The inputs are then multiplied by a vector of weights, 

θ, and are sent to the nodes in the hidden layer, shown in equation 24.  

𝑧 = θ𝑇𝑥 (24) 

  

Each node makes a hypothesis of what its output should be using the information it received 

from the previous node using an activation function, g(z), shown in equation 25.  

H = g(z) = (θT𝑥) (25) 

 

There are three hidden layers, each layer using the rectified linear unit, ReLU, activation 

function represented in equation 26. The output produced by the hypothesis of nodes in the first 

layer becomes the input to the nodes in the second layer. The process continues until the final 

hidden layer is evaluated, with the hypothesis of each node in the final hidden layer being sent to 

the nodes in layer 5, the SoftMax layer.  

𝑔(θ𝑇𝑥) = max (0, θ𝑇𝑥). (26) 
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The SoftMax layer uses the SoftMax activation function, represented by equation 27. This function 

outputs a vector that represents the probability distributions of each potential starting interval being 

correct. 

𝑆(𝑦𝑖) =
𝑦𝑖

∑𝑒𝑦𝑗
 (27) 

 

The interval with the highest probability is then selected as the charge initiation interval. 

𝑦 = max (𝑆(𝑦𝑖)) (28) 

 

MLVF learns patterns within data through a process called backpropagation. The algorithm 

processes many iterations trying to optimize a cost function, J(θ), which is expressed by the cross-

entropy function shown in equation 29. 

J(θ) =
−1

𝑚
∑  [ 𝑦𝑖𝑚

𝑖=1 log(𝐻𝑖) + (1 − 𝑦𝑖)log (1 − 𝐻𝑖))] (29) 

 

Y is the desired value or truth, and during each iteration, steepest descent is used to modify 

θ, shown in equation 30, making H come closer to the desired value. As stated earlier, a more 

detailed explanation of neural networks can be found in Ref. [49]. 

𝜃𝑗 ≔ 𝜃𝑗−∝
𝜕

𝜕𝜃𝑗
J(θ) (30) 
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A final illustration of the MLVF is shown in Figure 3. The network varies per case because 

there are k+3 inputs, where k is the total length of the provided forecasted baseload divided by the 

time intervals.   

 

Figure 3: Neural Network Illustration. 

 Transformer Loss of Life Model 

The classical thermal model in IEEE C57.91 [20] will be used to further compare the 

algorithms presented in this study by estimating the winding hottest-spot temperature and 

transformer loss of life that occur using these algorithms. Equation 31 is used to calculate the 

winding hot spot temperature, 𝜃𝐻𝑆𝑇. 

𝜃𝐻𝑆𝑇 = 𝜃𝐴𝑀𝐵 + ∆𝜃𝑂𝑖𝑙 + ∆𝜃𝐻𝑆𝑇 (31) 

 

The temperature rise of the oil over ambient, ∆𝜃𝑂𝑖𝑙, for each time interval can be determined 

using equations 32-34. 

∆𝜃𝑂𝑖𝑙 = (∆𝜃𝑂𝑖𝑙,𝑈 − ∆𝜃𝑂𝑖𝑙,𝑖){1 − 𝑒𝑥𝑝(
−𝑡

𝜏𝑂𝑖𝑙
)} +∆𝜃𝑂𝑖𝑙,𝑖 

 
(32) 
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∆𝜃𝑂𝑖𝑙,𝑖 = (∆𝜃𝑂𝑖𝑙,𝑅) ×  (
𝐾𝑖

2𝑅 + 1

𝑅 + 1
)𝑛 

 

(33) 

  

∆𝜃𝑂𝑖𝑙,𝑈 = (∆𝜃𝑂𝑖𝑙,𝑅) ×  (
𝐾𝑈

2𝑅 + 1

𝑅 + 1
)𝑛 

 

(34) 

 

The hot spot temperature rise over the oil, ∆𝜃𝐻𝑆𝑇, for each time interval can be determined 

using equations 35-37. 

∆𝜃𝐻𝑆𝑇 = (∆𝜃𝐻𝑆𝑇,𝑈 − ∆𝜃𝐻𝑆𝑇,𝑖){1 − 𝑒𝑥𝑝(
−𝑡

𝜏𝑤
)} +∆𝜃𝐻𝑆𝑇,𝑖 

 
(35) 

  

∆𝜃𝐻𝑆𝑇,𝑖 = (∆𝜃𝐻𝑆𝑇,𝑅) × 𝐾𝑖
2𝑚 

 
(36) 

  
∆𝜃𝐻𝑆𝑇,𝑢 = (∆𝜃𝐻𝑆𝑇,𝑅) × 𝐾𝑢

2𝑚 

 
(37) 

 

Chun-Yao lee et al. [50] show that when the duration of the operation is short, the load 

difference between the initial and ultimate state can be neglected.  

𝐾 = 𝐾𝑖 = 𝐾𝑈  

This assumption simplifies the equation to calculate winding hot temperature to equation 38.  

 

 

𝜃𝐻𝑆𝑇 = 𝜃𝐴𝑀𝐵 + ∆𝜃𝑇𝑂,𝑅 ×  (
𝐾2𝑅 + 1

𝑅 + 1
)𝑛 + ∆𝜃𝐻,𝑅 × 𝐾2𝑚 

 
(38) 

 

The transformer parameters from Razegi et al. [8], shown in Table 4, will be used in this study as 

the values that correspond to a typical distribution transformer, producing equation 39. 

Table 4: Parameters of a typical transformer 

R 𝜏𝑂𝑖𝑙 𝜏𝑤 ∆𝜃𝑇𝑂,𝑅 ∆𝜃𝐻,𝑅 m n 

5 3h 5 min 55 ˚C 25 ˚C 0.8 0.8 
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𝜃𝐻𝑆𝑇 = 𝜃𝐴𝑀𝐵 + 55 ×  (
𝐾2(5) + 1

6
).8 + 25 × 𝐾1.6 

 
(39) 

 

The classical model does not include the behavior of oil in the cooling duct and does not 

estimate the winding hottest-spot temperature accurately in large overloading situations [20]. 

Table 5 will be used to determine which baseloads exceed the recommended limits of temperature 

and loading for a distribution transformer for this model. 

Table 5: Recommended limits of temperature 

and loading for a distribution transformer 

Oil temperature 120˚ C 

Winding hot spot temperature 200˚ C 

Short time loading (30 min or less) 300% 
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3. Transformer and PEV Data 

 Transformer Data 

The data used to obtain the baseloads for the simulations is measured from a 75-kW 

residential transformer located in Irvine, California, on three different days. The high and low 

temperatures of each day are shown in Table 6. The baseload is the load on the transformer before 

PEV charging is added. The measured 75 kW transformer serves 20 homes, with 8 of these homes 

having air conditioning. The size of these homes ranges from 1900 to 2900 square feet. The 

baseload transformer data used throughout this study did not include any electric vehicle charging. 

The transformer data has a sampling time of five minutes. This sampling time could exaggerate 

changes in the load.  

Table 6: High and low temperatures of each day 

Day Low High 

August 25th, 2014 21.1 C (70.0 F) 27.2 C (81.0 F) 

September 16th, 2014 25 C (77.0 F) 37.2 C (99.0 F) 

September 25, 2014 22.2 C (72.0 F) 31.1 C (88.0 F) 

 

The baseload data used in this study is recorded from midnight to midnight. To analyze 

overnight charging, each day's load profile is extended from 24 to 48 hours, and the middle region 

(12-36 hours) is examined, thereby creating an overnight interval spanning noon to noon. The 

transformer data used in this study is the same as that used in Ramos Muñoz et al. [19], allowing 

for direct comparison and analyzation. While Ramos Muñoz et al. [19] only uses Thursday, 

September 25, 2014, this study will follow Smith et al. [30] and additionally use Monday, August 

25, 2014, and Tuesday, September 16, 2014. In this study, August 25th, 2014, September 16th, 

2014, and September 25, 2014 will be referred to a day 1, 2, and 3 respectively, from here on. The 
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baseload from each day are plotted in Figure 4, and the standard deviation of the baseloads on day 

1, 2, and 3 are 11.15, 37.82, and 16.75, respectively.  

 

 PEV Data 

Similar to the studies outlined in Zhang et al. [18], Ramos Muñoz et al. [19], and Smith et 

al. [30], data from the 2009 National Household Travel Survey (NHTS) is used to simulate vehicle 

travel behavior. The processing steps utilized in Ramos Muñoz et al. [19] will be used. The 

following alterations to the data set resulted in travel data for 20,295 vehicles: 

• Trips without a personally owned vehicle were removed 

• Person-chain data was converted to vehicle chain data 

• Daily trip data with unlinked destinations or significant over-speed were removed 

Figure 4: Transformer Baseload data the August 25th, 2014, September 15th, 2014, 

September 25th, 2014. 
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• Tours were organized to start and end at home.  

Using assumptions from Zhang et al. [18], 20,295 PEVs are randomly assigned to the 2255 

transformers, maintaining a ratio of 9 PEVs per transformer. The original random assignment is 

maintained throughout all simulations.  

Overlaying the PEV data onto the transformer baseloads is used to simulate uncontrolled 

charging in this study. In the uncontrolled scenario, all vehicles immediately begin charging at a 

constant rate of 7.2 kW when plugged in. Uncontrolled charging is applied to each day and serves 

as the datum in this study. It is consistently referenced and used to measure the performance of 

controlled charging.  
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4. Results 

 Uncontrolled Charging 

Figure 5 shows the results for when uncontrolled charging is applied to each baseload, and 

all PEVs charge using 7.2 kW charging. In this plot, the green curves represent the load on all 

2255 randomly assigned transformers. The red curve represents the baseload (i.e., the load on the 

transformer without any PEV charging). As each vehicle charges, the power use is added to the 

baseload to obtain the new demand for the transformer. The final profile for each individual 

transformer is represented by the green curves. 

 

When uncontrolled charging is applied to the baseloads, the average load during charging 

for each day is 57.87 kW, 127.52 kW, and 74.36 kW, respectively. These results can be found in 

Table 7 in Section 4.5. The absolute maximum peak power reached amongst all transformers, and 

the average maximum peak power reached by each transformer for each day increases 

considerably compared to the maximum peak from each day’s baseload because of the added 

demand from the PEVs. The maximum peak power from each day's baseload is 60.85 kW, 151.93 

kW, and 86.58 kW, respectively. The addition of PEV charging increases the absolute maximum 

peak power reached amongst all transformers to 103.30 kW, 195.13 kW, and 120.58 kW, 

respectively. The average maximum peak power reached by each transformer is 78.36 kW, 168.07 

kW, and 97.79 kW, respectively. This signifies that for all baseloads, the source of the absolute 

maximum peak power and average maximum peak power is PEV charging.  
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 Continuously Varying Valley-Filling  

CVVF relies on a fuzzy logic decision mechanism to distribute rates, ranging between 1.9 

and 7.2 kW. Vehicles can receive charge until the demand reaches the load limit, which is equal 

to the average value of the baseload plus 0.75 standard deviations. Once the demand is greater than 

or equal to the load limit, PEVs are no longer able to charge and must wait until the demand is 

below the load limit.  

The results for the CVVF charging strategy can be seen in Figure 6 [30]. When CVVF is 

applied to the day 1, 2, and 3 baseloads, the average load during charging produced is 44.65 kW, 

B                                                 

 

C                                                 

 

A                                                  

 

Figure 5: Uncontrolled charging using 7.2 kW on the a) August 25th, 2014, b) September 

15th, 2014, and  c) September 25th, 2014 baseloads. 
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106.83 kW, and 62.18 kW, respectively. These values reduce the average load during uncontrolled 

charging by 25.79%, 17.66%, and 17.84%, respectively, shown in Table 7.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C                                                   

 

B                                                   

 
A                                                   

 

Figure 6: Controlled charging via CVVF, using the average value of the baseload plus 0.75 

standard deviations as the limit load, equating to a) 45.79 kW on August 25th, 2014 b) 112.35 

kW on September 16th, 2014, and c) 64.47 kW on September 25th, 2014. 
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 Selected Rate Valley-Filling 

The results for the SRVF charging strategy can be seen in Figure 7. When SRVF is applied 

to day 1, 2, and 3 baseloads, the average load during charging produced is 35.21 kW, 53.43 kW, 

and 42.97, respectively. These values reduce the average load during uncontrolled charging by 

48.69%, 81.43%, and 53.51%, respectively, shown in Table 7.  

 

 

 

 

A                                           

         

C                                        

         

B                                          

         

Figure 7: Controlled charging via SRVF on the a) August 25th, 2014, b) September 

15th, 2014, and c) September 25th, 2014 baseloads. 
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 Rate Interval Valley-Filling 

The results for the SRVF charging strategy can be seen in Figure 8. When RIVF is applied 

to day 1, 2, and 3 baseloads, the average load during charging produced is 34.56 kW, 49.28 kW, 

and 42.33, respectively. These values reduce the average load during uncontrolled charging by 

50.44%, 88.51%, and 54.90%, respectively, shown in Table 7.  

 

 

 

 

C                                          

         

A                                          

         

Figure 8: Controlled charging via RIVF on the a) August 25th, 2014, b) September 

15th, 2014, and c) September 25th, 2014 baseloads. 

B                                          
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 Comparative Study 

4.5.1. Algorithm Performance  

The maximum peak power from the baseload, the absolute maximum peak power reached 

amongst all transformers, and the average maximum peak power reached by each transformer 

when CVVF, SRVF, and RIVF are applied to the baseloads of each day 60.85 kW, 151.93 kW, 

and 86.58 kW, respectively. Unlike the uncontrolled charging case, the maximum peak for all three 

baseloads is produced by the baseload rather than PEV charging. In addition, this shows that these 

three algorithms perform equally, relative to the reduction in the absolute maximum peak power 

reached amongst all transformers and the reduction of the average maximum peak power reached 

by each transformer.  

Table 7: Demand changes in each case 

Day Case 

Absolute 

Maximum 

Peak 

Average 

Maximum 

Peak 

Average 

Load 

During 

Charging 

Absolute 

Maximum 

Peak 

Percent 

Difference 

Average 

Maximum 

Peak 

Percent 

Difference 

Average 

Load 

During 

Charging 

Percent 

Difference 

1 

Uncontrolled 103.3 78.36 57.87 - - - 

CVVF 60.85 60.85 44.65 -51.72% -25.14% -25.79% 

SRVF 60.85 60.85 35.21 -51.72% -25.14% -48.69% 

RIVF 60.85 60.85 34.56 -51.72% -25.14% -50.44% 

2 

Uncontrolled 195.23 168.07 127.52 - - - 

CVVF 151.83 151.83 106.83 -24.96% -10.15% -17.66% 

SRVF 151.83 151.83 53.43 -24.96% -10.15% -81.43% 

RIVF 151.83 151.83 49.28 -24.96% -10.15% -88.51% 

3 

Uncontrolled 120.58 97.79 74.36 - - - 

CVVF 86.58 86.58 62.18 -32.82% -12.16% -17.84% 

SRVF 86.58 86.58 42.97 -32.82% -12.16% -53.51% 

RIVF 86.58 86.58 42.33 -32.82% -12.16% -54.90% 

 

The overall effectiveness of each algorithm is determined by averaging how much the 

algorithm reduces the average load during uncontrolled charging for all three tested days, shown 
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in Table 8.  CVVF, SRVF, and RIVF reduce the average load during uncontrolled charging by 

20.43%, 61.21%, and 64.62%, respectively. SRVF and RIVF show their dominance by 

substantially reducing the average load during uncontrolled charging by over 5% more than 

CVVF. Using Table 1 interpretations in Section 2, this achievement classifies SRVF and RIVF 

performance as significantly better than CVVF. 

Table 8: The performance of each case  

Case 
Average Load During Charging 

Percent Difference 

CVVF -20.43% 

SRVF -61.21% 

RIVF -64.62% 

 

In general, RIVF’s performance can be classified as better than SRVF because it reduces 

the average load during uncontrolled charging 3.41% more than SRVF. Further analysis indicates 

there are instances in which RIVF is considered significantly better than SRVF (i.e., more than 5% 

improvement) if each day the algorithms are applied is examined. RIVF reduces the average load 

during uncontrolled charging by 1.75% and 1.39% more than SRVF on days 1 and 3, classifying 

RIVF’s as better than SRVF. However, RIVF reduces the average load during uncontrolled 

charging by 7.08% more than SRVF on day 2,  classifying RIVF as significantly better than SRVF.  

A key distinction between days 1 and 3 and day 2 is the variation in the baseload values. 

The standard deviation of the baseload on days 1 and 3 is 11.15, and 16.75, respectively, while the 

standard deviation of the baseload on day 2 is 37.82; which is 3.36 and 2.31 times higher than days 

1 and 3. In short, on days when the baseload’s variation is low (days 1 and 3), RIVF performs 

better than SRVF, and on days when the baseload’s variation is large (day 2), RIVF performs 

significantly better than SRVF. 
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4.5.2. Effects on Distribution Transformers 

The transformer loss life model discussed in Section 2.3 is used to evaluate how well each 

algorithm reduces transformer loss of life. Day 2’s baseload experiences excessive overloading for 

many hours. Using the classical model, the HST produced by this baseload exceeds the 

recommended limits of temperature and loading for a distribution, shown in Table 5 in Section 

2.3, before any vehicles are added to the load. This baseload will be excluded from the study to 

maintain accuracy and functionality.  

The winding hot spot temperature that occurs from each day’s baseload is shown in Figure 

9. The results show that the baseloads that will be evaluated, day 1 and 3, do not exceed the 200˚ 

C limit. In addition, neither baseload operates at temperatures higher than 140˚ C, which is also 

important. Operating at 140° C does not exceed the recommended limit, however winding hot spot 

temperatures above 140° C may cause gassing in the solid insulation and the oil and can present a 

potential risk to the integrity of the transformer [20].  

 

 
Figure 9: Hot spot temperature for the day 1, 2, and 3 baseloads. 
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The number of transformers, out of 2255, that exceed 140˚ C, which can produce gassing, 

and exceed the winding hot spot limit of 200˚ C are shown in Table 9. While no uncontrolled or 

controlled scenarios using day 1’s baseload produce temperatures above 140˚ C,  simulations for 

Day 3’s baseload result in 1818 of the 2255 uncontrolled charging profiles exceeding 140˚ C but 

remain less than 200˚ C. 

Table 9: Number of transformers exceeding the HST limit. 

Day Charging Profile 
Number of transformers 

exceeding HST of 140˚ C 

Number  of transformers 

exceeding HST of 200˚ C 

1 

Uncontrolled 0 0 

CVVF 0 0 

SRVF 0 0 

RIVF 0 0 

3 

Uncontrolled 1818 0 

CVVF 0 0 

SRVF 0 0 

RIVF 0 0 

 

The HST is then used to calculate the aging acceleration factor (AAF) and, subsequently, 

the equivalent aging factor (EAF) and loss of life percentage (LOL%) for a period of 24 h. The 

EAF and LOL% results for each scenario are shown in Table 10. The results show that CVVF, 

SRVF, and RIVF effectively reduce the aging factor and transformer loss of life exhibited by both 

days. Interestingly, even though CVVF does not reduce the average load during charging as much 

as SRVF and RIVF, the effect on aging is not much different. It was also observed that the 

algorithms, in general, reduced transformer loss of life more effectively for day 2 than day 1. Both 

observations could indicate that there is a load value, relative to the rated limit of transformers, 

where incremental changes in the load are important. When the load is above this value, changes 

in the load have a large impact on transformer loss of life, and when the load is below this value, 

changes in the load have a small impact on transformer loss of life.  
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Table 10: Equivalent aging factor and Transformer loss of life for a period of 24 h 

Day 
Charging 

Profile 
EAF LOL% 

  Min Avg Max Min Avg Max 

1 

Baseload - 0.01047 - - 1.396E-04 - 

Uncontrolled 0.01047 0.01836 0.69581 1.396E-04 2.448E-04 9.277E-03 

CVVF 0.01070 0.01107 0.01152 1.427E-04 1.476E-04 1.536E-04 

SRVF 0.01053 0.01069 0.01109 1.404E-04 1.425E-04 1.479E-04 

RIVF 0.01049 0.01066 0.01097 1.399E-04 1.421E-04 1.463E-04 

3 

Baseload - 0.28000 - - 3.733E-03 - 

Uncontrolled 0.29541 0.84803 7.36203 3.939E-03 1.131E-02 9.816E-02 

CVVF 0.28463 0.28943 0.29466 3.795E-03 3.859E-03 3.929E-03 

SRVF 0.28015 0.28070 0.28508 3.735E-03 3.743E-03 3.801E-03 

RIVF 0.28005 0.28046 0.28121 3.734E-03 3.739E-03 3.749E-03 

 

 Machine Learning Valley-Filling 

4.6.1. Parameter Study 

The purpose of this analysis is to explore six cases, expressed in Table 11, and determine 

which case produces the best prediction capabilities for MLVF. The model loss plot and confusion 

matrix for each case is located in Section 7.1 in Appendix A. Two parameters within the algorithm 

are being evaluated, the length of the forecasted baseload provided to the algorithm and the 

duration of time intervals that the forecasted baseload is averaged into. The analysis will examine 

the results from providing 8 and 12 hour forecasted baseloads in 15, 30, and 60 minute averaged 

time intervals.  Each case uses the same split percentages for training, validating, and testing, 

which are 64%, 16%, and 20%, respectively. These percentages translate to 38,961 training, 9,747 

validation, and 12,177 testing examples. 
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Table 11: Case input and outputs 

Case 
# of 

Inputs 

# of Possible Output 

Classifications 

# of 

Outputs 

1 10 8 1 

2 18 16 1 

3 26 24 1 

4 14 12 1 

5 26 24 1 

6 50 48 1 

 

The Multi-class metrics: macro-averaged recall, weighted-averaged recall, macro-averaged 

precision, weighted-averaged precision,  macro-averaged F1-score, weighted-averaged F1-score, 

and micro-averaged F1-score  described in Ref. [51] is used to evaluate MLVF’s classification 

ability. The results from testing MLVF's classification ability from each case are shown in Table 

12. The macro-averaged recall is greater than the macro-averaged precision for every case. This 

indicates the algorithm produces more false positives than false negatives. Generally, false positives 

are more desired than false negatives in classification algorithms. However, in this application, one 

is not inherently better than the other as both misclassifications initiate charging in an interval that 

is not preferred.  

 

  

 

 

 

 

 

 

 

When averaged recall and precision are weighted, the results for all cases increase, 

improving up to 9% in case 6. This indicates that the algorithm is being penalized heavily for 

poorly predicting time interval(s) that have a relatively small number of vehicles in its class. The 

Table 12: Multi-class performance metrics 

Case 

Macro-

Averaged 

Recall 

Weighted-

Averaged 

Recall 

Macro-

Averaged 

Precision 

Weighted 

Averaged 

Precision 

Macro-

Averaged 

F1-Score 

Weighted-

Averaged 

F1-Score 

Micro-

Averaged 

F1-Score 

1 0.9258 0.9300 0.9233 0.9308 0.9244 0.9302 0.9296 

2 0.8962 0.9116 0.8897 0.9124 0.8921 0.9119 0.9116 

3 0.8556 0.8960 0.8539 0.8975 0.8539 0.8964 0.8960 

4 0.8882 0.9001 0.8843 0.9010 0.8859 0.9002 0.9001 

5 0.8528 0.8796 0.8314 0.8833 0.8381 0.8803 0.8796 

6 0.7316 0.8071 0.7174 0.8207 0.7158 0.8088 0.8071 
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macro-averaged metrics are determined by calculating the mean value, which assigns equal 

weights to each class and allows each class to equally influence the overall metric. In contrast, the 

weighted metrics are determined by weighing each class by the number of samples from that class, 

allowing classes with fewer numbers to have less influence. 

Similar to macro-averaged precision and macro-averaged recall, the F1-Score increases 

when changed from macro-averaged to weighted, providing more evidence that the algorithm is 

being penalized for mislabeling vehicles belonging to a small class. The Micro Averaged F1-Score 

represents the classifier's overall accuracy, which is a similar value to the Weighted-Averaged F1-

Score for all cases. This suggests that the sample sizes within the algorithm may be too different to 

use macro metrics and that Weighted-Averaged F1-Score may provide the most information for the 

algorithm effectiveness, classifying the time charging should initiate at least 80% of the time for all 

cases. Comparing to random selection, the odds of selecting the correct class within case 1, the 

smallest set of classes, is 12.5%, and within-case 6, the largest set of classes, is 2.08%. However, 

MLVF achieves 92.96% and 80.71% for the same cases, respectively. This proves that the 

algorithm is indeed learning to identify patterns and determining how to charge vehicles efficiently.  

4.6.2. Algorithm Performance  

MLVF relies on a neural network to distribute rates, ranging between 0 and 11.5 kW. The 

maximum peak power from the baseload, the absolute maximum peak power reached amongst all 

transformers, and the average maximum peak power reached by each transformer when each case 

is applied to the baseloads of each day is 60.85 kW, 151.93 kW, and 86.58 kW, respectively, shown 

in Table 13. Unlike the uncontrolled charging case, the maximum peak for all three baseloads is 

produced by the baseload rather than PEV charging. In addition, this shows that all the cases 

perform equally, relative to the reduction in the absolute maximum peak power reached amongst 
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all transformers and the reduction of the average maximum peak power reached by each 

transformer shown in Table 13. 

Table 13:  Demand changes in each case 

Case Day 

Absolute 
Highest 

Peak 

Average 
Highest 

Peak 

Average 
Load 

During 
Charging 

Absolute 
Highest Peak 

Percent 
Difference 

Average 
Highest Peak 

Percent 
Difference 

Average Load 
During Charging 

Percent 
Difference 

Uncontrolled 

Uncontrolled 

1 103.3 78.36 57.87 - - - 

2 195.23 168.07 127.52 - - - 

3 120.58 97.79 74.36 - - - 

1 

1 82.73 68.64 49.30 -22.11% -13.22% -15.99% 

2 175.53 161.81 109.49 -10.63% -3.80% -15.21% 

3 106.73 92.99 65.07 -12.19% -5.03% -13.33% 

2 

1 82.73 67.68 49.23 -22.11% -14.63% -16.13% 

2 173.91 161.67 106.28 -11.55% -3.88% -18.17% 

3 103.43 93.05 63.94 -15.31% -4.97% -15.07% 

3 

1 81.91 66.55 47.46 -23.10% -16.30% -19.77% 

2 172.01 160.23 101.53 -12.65% -4.78% -22.69% 

3 103.43 92.33 62.57 -15.31% -5.74% -17.22% 

4 

1 68.63 62.30 43.76 -40.33% -22.84% -27.77% 

2 163.11 154.68 83.21 -17.93% -8.30% -42.05% 

3 94.18 87.59 55.05 -24.59% -11.00% -29.84% 

5 

1 66.73 61.35 42.46 -43.02% -24.35% -30.72% 

2 161.21 154.11 77.95 -19.09% -8.67% -48.25% 

3 92.63 87.17 52.81 -26.22% -11.48% -33.89% 

6 

1 62.93 60.98 40.91 -48.57% -24.95% -34.34% 

2 157.41 152.89 70.55 -21.45% -9.46% -57.53% 

3 90.73 86.83 51.05 -28.25% -11.87% -37.17% 

 

The overall effectiveness of each case is determined by averaging how much the algorithm 

reduces the average load during uncontrolled charging for all three tested days, shown in Table 14.  

Cases 4-6 all perform better than cases 1-3, indicating the algorithm valley-fills more effectively 

when more hours of the forecasted loads are used in the analysis. This occurs because the algorithm 

has more options to select where the vehicle will charge, increasing the chances of lowering the 

average load during charge.  
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In addition, the results show that providing the length of forecasted baseload in smaller 

length intervals increases the algorithm's ability to valley-fill. Smaller intervals provide more 

clarity to baseload's behavior and allow the algorithm to have better insight into where valleys are 

located. Larger intervals over-generalize the baseloads shape, making it more difficult to 

accurately determine where a vehicle should charge.  

Figure 10 shows the charging profiles for the day 2 baseload from each case. The 6 plots 

are arranged in a matrix-like fashion where the columns are the length of the forecasted baseload 

used in the case, and the rows are the length of the time intervals. The first column consists of 

cases 1-3, representing the cases that use 8 hours of forecasted baseload. Cases 4-6 fill the second 

column and are the cases that receive 12 hours of forecasted baseload. Rows 1, 2, and 3 correspond 

to 60, 30, and 15-minute time intervals, respectively, used in the case. The plots in column 2 

execute much more charging in low demand areas than in column 1, demonstrating that receiving 

12 hours of forecasted baseload is better than 8 hours. In addition, both columns show a trend that 

charging in low demand areas increases as the rows increase. This trend illustrates that averaging 

the baseload in smaller time intervals increases valley-filling capabilities. 

 

 

Table 14:  The performance of each case 

Case 
Average Load During Charging Percent 

Difference 

1 -14.84% 

2 -16.46% 

3 -19.89% 

4 -33.22% 

5 -37.62% 

6 -43.01% 
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Case 4

Case 2                                                   

Case 3                                                  

Case 5                                                  

Case 6                                                  

Case 1                                                   

Figure 10: Charging profiles from cases 1-6 on day 2’s baseload. 
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Interestingly, the algorithm produces more accurate results when the length of the forecasted 

baseload provided to the algorithm is short, and the duration of time intervals are long. This effect 

is shown in Table 15. When the parameters are structured in this form, the number of possible 

classes the algorithm must distinguish between decreases, increasing accuracy. However, Figure 

10 shows that MVLF valley-fills better when the length of the forecasted baseload provided to the 

algorithm is long, and the duration of time intervals are short. This discrepancy occurs because 

increasing the duration of time intervals is skewing the interpretation of accuracy, i.e. an incorrect 

classification using shorter time intervals may be a correct classification using longer time 

intervals. This occurs when an incorrect and correct classification of a smaller time interval are 

both within a larger time interval. For example, we have a vehicle, and its needed charge, dwell 

time, and the forecasted baseload are known and given to two algorithms. The first algorithm is 

trained on case 1's dataset, using 60-minute intervals, and should select to begin charging the 

vehicle in the 5:00-6:00 pm time interval. The second algorithm is trained on case 6's dataset, using 

15-minute intervals, and should select to begin charging in the 5:30-5:45 pm time interval.  

 

If the first algorithm selects to begin charging at 5:00 pm, and the second selects to begin 

charging the vehicle at 5:15 pm, the first algorithm would have the correct classification while the 

second one is incorrect. However, when the vehicle is added to the baseload, it is revealed that the 

Table 15: MLVF case performance summary  

Case 
Forecast 

Length 

Input (h) 

Interval 

Input 

(min) 

# of 

classes 

Average Load 

During Charging 

Percent Difference 

Micro 

Averaged 

F1-Score 

1 8 60 8 -14.84% 0.9296 

2 8 30 16 -16.46% 0.9116 

3 8 15 24 -19.89% 0.8960 

4 12 60 12 -33.22% 0.9001 

5 12 30 24 -37.62% 0.8796 

6 12 15 48 -43.01% 0.8071 
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case 1 algorithm has a higher average load during charging than the case 6 algorithm. This occurs 

because the case 1 algorithm has a lower resolution view of the baseload than the case 6 algorithm, 

creating an overgeneralization problem. The case 1 algorithm classifies more accurately, but it is 

classifying on a baseload that is more generalized, which may be less effective. The higher 

resolution view of the baseload that case 6 algorithm uses gives the algorithm the ability, in some 

instances, to misclassify an interval up to 3 intervals wrong before it reduces the average load 

during charging less than the correct classification of the case 1 algorithm. This proves that giving 

the algorithm more information about the baseload can be more vital for increasing effectiveness 

than necessarily increasing the algorithm prediction accuracy.  The plots showing the charging 

profiles from day 1 and 3 are located in Section 7.2 in Appendix A. 

4.6.3. Effects on Distribution Transformers 

 The model used in Section 4.5.2 is used to assess how well each case reduces transformer 

loss of life. The winding hot spot temperature that occurs from each day’s baseload is shown in 

Figure 11 are described in Section 4.5.2. As stated earlier in section 4.5.2, Day 2’s baseload 

experiences excessive overloading for many hours and will be excluded from the study to maintain 

accuracy and functionality. 
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The number of transformers, out of 451, that exceed 140˚ C, which can produce gassing, 

and exceed the winding hot spot limit of 200˚ C are shown in Table 16. All of the cases using day 

1’s baseload do not produce temperatures above 140˚ C. Uncontrolled charging on Day 3, produces 

373 charging profiles that exceed the 140˚ C condition. In addition, cases 1-4 produces cases that 

exceed 140˚ C; however, none of these profiles exceed the operating limit of 200˚ C.  

Table 16: Number of transformers exceeding the HST limit 

Day Charging Profile 
Number of transformers 

exceeding HST of 140˚ C 

Number  of transformers 

exceeding HST of 200˚ C 

1 

Uncontrolled 0 0 

Case 1 0 0 

Case 2 0 0 

Case 3 0 0 

Case 4 0 0 

Case 5 0 0 

Case 6 0 0 

3 

Uncontrolled 373 0 

Case 1 69 0 

Case 2 73 0 

Case 3 52 0 

Case 4 1 0 

Case 5 0 0 

Case 6 0 0 

Figure 11: Hot spot temperature for the day 1, 2, and 3 baseloads. 
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The hot spot temperature (HST) is then used to calculate the aging acceleration factor 

(AAF) and, subsequently, the equivalent aging factor (EAF) and loss of life percentage (LOL%) 

for a period of 24 h. The EAF and LOL% results for each case are shown in Table 17. The results 

show that describing the baseload using large, fixed time intervals that are sectioned into small 

increments allows MLVF to performs best and lower EAF and loss of life. 

 

Table 17: Equivalent aging factor and Transformer loss of life for a period of 24 h 

Day 
Charging 

Profile 
EAF LOL% 

  Min Avg Max Min Avg Max 

1 

Baseload - 0.00666 - - 8.849E-05 - 

Uncontrolled  0.00854 0.03330 0.49319 1.139E-04 4.440E-04 6.576E-03 

Case 1 0.00809 0.01439 0.06225 1.078E-04 1.919E-04 8.300E-04 

Case 2 0.00772 0.01260 0.04117 1.029E-04 1.680E-04 5.489E-04 

Case 3 0.00761 0.01189 0.04377 1.014E-04 1.585E-04 5.836E-04 

Case 4 0.00691 0.00824 0.01268 9.220E-05 1.098E-04 1.691E-04 

Case 5 0.00681 0.00854 0.01630 9.074E-05 1.139E-04 2.174E-04 

Case 6 0.00679 0.00832 0.01169 9.052E-05 1.110E-04 1.559E-04 

3 

Baseload - 0.28000 - - 3.733E-03 - 

Uncontrolled 0.29541 0.82937 7.36203 3.939E-03 1.106-02 9.816E-02 

Case 1 0.31836 0.51113 1.87108 4.245E-03 6.815E-03 2.495E-02 

Case 2 0.31027 0.49424 1.26328 4.137E-03 6.590E-03 1.684E-02 

Case 3 0.30783 0.46864 1.03602 4.104E-03 6.249E-03 1.381E-02 
Case 4 0.28223 0.32620 0.45533 3.763E-03 4.349E-03 6.071E-03 
Case 5 0.28079 0.31284 0.39499 3.744E-03 4.171E-03 5.267E-03 
Case 6 .028060 0.30149 0.37834 3.741E-03 4.020E-03 5.045E-03 
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5. Conclusion and Summary 

 Selected Rate Valley-Filling & Rate Interval Valley-Filling 

Two algorithms, Selected Rate Valley-Filling (SRVF) and Rate, and Interval Valley-

Filling (RIVF), are developed and evaluated as strategic methods to reduce peaks from PEV 

charging at the distribution level and improve upon the results discovered by CVVF. Like CVVF, 

both algorithms are computationally fast and easily scalable and can operate in real-time and 

optimize nonlinear systems. CVVF utilizes a load limit, allowing vehicles to charge until the load 

demand reaches the load limit and inhibits PEV charging thereafter. Although proven to be 

effective, using a load limit is not ideal because this protocol requires continuous monitoring to 

ensure the set load limit allows all vehicles to reach full charge and if it is determined that the load 

limit value is no longer sufficient, an analysis must be conducted to determine the value of the new 

load limit.  SRVF and  RIVF, distribute charging rates to vehicles as in CVVF but remove the need 

for a load limit.  

RIVF is a more complex algorithm and the results prove that RIVF’s performance can be 

classified as better than SRVF, which is attributed to the additional freedom of selecting any 

charging rate. However, this advantage may prove to only be compelling when the baseload has 

high variation. The result demonstrates that on days when the baseload’s variation is low RIVF is 

better than SRVF, and on days when the baseload’s variation is large, RIVF is significantly better 

than SRVF. The winding hot spot temperature, equivalent aging factor, and loss of life that occur 

from these algorithms were determined. The results show that CVVF, SRVF, and RIVF produce 

very similar loss of life percentages. This may be attributed to all loads that are relatively low 

produce effects in aging.  
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A limitation of this of study is that only three days were used to evaluate RIVF and SRVF, 

making it difficult to conclude that RIVF is truly significantly better on high variance baseloads. 

Further research should be conducted using more baseloads to determine: 

1) If RIVF’s dominance is correlated to baseload variance.   

2) What is the variance threshold where RIVF becomes significantly better than SRVF. 

3) If there are any other factors that may influence how RIVF and SRVF perform.  

Similar to CVVF, a hardware upgrade is needed at the distribution level to install 

controllers and successfully implement these algorithms. The algorithms presented in this study 

demonstrate the benefit of expanding the rates delivered to and accepted by PEVs. The concepts 

outlined in this study exemplify how future technology can enhance communication between home 

PEV chargers and transformers to improve energy efficiency.  

 Machine Learning Valley-Filling 

The results indicate that a machine learning algorithm can learn to identify when to begin 

charging a PEV by distinguishing between low and high demand sections in the forecasted 

baseload. The results show that the algorithm can achieve a Micro-Averaged F1-Score, a classifier's 

overall accuracy, of 0.9284; hence, the algorithm can select the correct time to initiate charging 

92.84% of the time. 

The analysis reveals that the algorithm valley-fills more effectively when more hours of 

the forecasted loads are provided as an input. In addition, its valley-filling capability increases 

when the length of forecasted baseload is given in smaller length intervals. It was also discovered 

that accuracy does not necessarily equate to valley-filling performance. Providing a lower 
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resolution view of the baseload increases classification accuracy but results in a heavy 

generalization of the baseload that decreases the effectiveness. 

More research should be conducted to investigate how other variations in the length of the 

forecasted baseload provided to the algorithm and its duration of time intervals affect the 

algorithm's ability to select the correct charge initiation time. While only two variations in the 

length of the forecasted baseload provided to the algorithm and three variations of the duration of 

the time interval were considered, more should be evaluated. Also, to decrease complexity, it was 

assumed that charging occurs using a constant rate and is delivered continuously until the vehicle 

reaches the desired charge level or unplugs. Further research should consider removing these 

constraints and expanding the problem space.  Lastly, research should investigate how introducing 

input variables such as weather, holidays, and observed events can teach the algorithm how these 

entities affect the forecasted load. These inputs allow the algorithm to learn how historical 

baseloads can be modified to create more accurate forecasted baseload and improve valley-filling 

performance. 
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7. Appendix A 

 MLVF Model Loss Plots and Confusion Matrices  

Section 7.1 shows the model loss plot from each case used in the MLVF study. In each plot 

the blue and orange curves represent the training  and validation loss, respectively.   

7.1.1. Case 1: 8-Hour Intervals, sectioned into 60 minutes 

 

 

 

 

Figure 12: Training and validation loss for case 1. 
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Figure 13: Confusion matrix for case 1. 
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7.1.2. Case 2: 8-Hour Intervals, sectioned into 30 minutes 

 

 

 

Figure 14: Training and validation loss for case 2. 
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Figure 15: Confusion matrix for case 2. 
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7.1.3. Case 3: 8-Hour Intervals, sectioned into 15 minutes 

 

 

 

Figure 16: Training and validation loss for case 3. 
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Figure 17: Confusion matrix for case 3. 
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7.1.4. Case 4:  12-Hour Intervals, sectioned into 60 minutes 

 

 

 

Figure 18: Training and validation loss for case 4. 
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Figure 19: Confusion matrix for case 4. 
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7.1.5. Case 5:  12-Hour Intervals, sectioned into 30 minutes 

 

 

Figure 20: Training and validation loss for case 5. 
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Figure 21: Confusion matrix for case 5. 
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7.1.6. Case 6:  12-Hour Intervals, sectioned into 15 minutes 

 

 

Figure 22: Training and validation loss for case 6. 
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Figure 23: Confusion matrix for case 6. 
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 MVLF Case 1 and 3 Charging Profiles 

Section 7.2 shows the charging profiles from each case in the MVLF study from day 1 and 3. 

7.2.1. Case 1: 8-Hour Intervals, sectioned into 60 minutes 

 

 

 

Figure 24: Controlled charging via MLVF using 8-hour evaluation and 60-minute intervals 

on the August 25th, 2014 baseload. 

Figure 25: Controlled charging via MLVF using 8-hour evaluation and 60-minute 

intervals on the September 25th, 2014 baseload. 
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7.2.2. Case 2: 8-Hour Intervals, sectioned into 30 minutes 

 

 

Figure 26: Controlled charging via MLVF using 8-hour evaluation and 30-

minute intervals on the August 25th, 2014 baseload. 

Figure 27: Controlled charging via MLVF using 8-hour evaluation and 30-

minute intervals on the September 25th, 2014 baseload. 
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7.2.3. Case 3: 8-Hour Intervals, sectioned into 15 minutes 

 

Figure 28: Controlled charging via MLVF using 8-hour evaluation and 15-

minute intervals on the August 25th, 2014 baseload. 

Figure 29: Controlled charging via MLVF using 8-hour evaluation and 15-

minute intervals on the September 25th, 2014 baseload. 
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7.2.4. Case 4:  12-Hour Intervals, sectioned into 60 minutes 

 

 

Figure 30: Controlled charging via MLVF using 12-hour evaluation and 60-

minute intervals on the August 25th, 2014 baseload. 

Figure 31: Controlled charging via MLVF using 12-hour evaluation and 60-

minute intervals on the September 25th, 2014 baseload. 
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7.2.5. Case 5:  12-Hour Intervals, sectioned into 30 minutes 

 

 

 

Figure 32: Controlled charging via MLVF using 12-hour evaluation and 30-

minute intervals on the August 25th, 2014 baseload. 

Figure 33: Controlled charging via MLVF using 12-hour evaluation and 30-

minute intervals on the September 25th, 2014 baseload. 
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7.2.6. Case 6:  12-Hour Intervals, sectioned into 15 minutes 

 

 

Figure 34: Controlled charging via MLVF using 12-hour evaluation and 15-

minute intervals on the August 25th, 2014 baseload. 

Figure 35: Controlled charging via MLVF using 12-hour evaluation and 15-

minute intervals on the September 25th, 2014 baseload. 
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8. Appendix B 

 SRVF Algorithm  

#%% Import all needed librarys 

import os 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

 

from mkc_functions import column_vec 

 

np.set_printoptions(threshold=np.inf) 

#%% Preprocess Data 

 

time_interval = 15 

input1 = input('Enter the path where case is located: ')    

os.chdir(r'{}'.format(input1)) 

 

vehicle_data = pd.read_excel("vehicle_data.xlsx") 

info = pd.concat([vehicle_data.iloc[:,4],vehicle_data.iloc[:,3]],axis=1).to_numpy() 

plug_in = vehicle_data.iloc[:,1] 

     

FinalBaselineAug2514 = pd.concat([pd.read_csv("FinalBaselineAug2514.txt", header = None), 

pd.read_csv("FinalBaselineAug2514.txt", header = None)], axis=1) 

FinalBaselineAug2514.columns = list(range(0,2880)) 

 

FinalBaselineSep1614 = pd.concat([pd.read_csv("FinalBaselineSep1614.txt", header = None), 

pd.read_csv("FinalBaselineSep1614.txt", header = None)], axis=1) 

FinalBaselineSep1614.columns = list(range(0,2880)) 

 

FinalBaselineSep2514 = pd.concat([pd.read_csv("FinalBaselineSep2514.txt", header = None), 

pd.read_csv("FinalBaselineSep2514.txt", header = None)], axis=1) 

FinalBaselineSep2514.columns = list(range(0,2880)) 

 

charging_profile = np.zeros([len(vehicle_data),2880]) 

battery_charging =  np.zeros([len(vehicle_data),2880]) 

 

 

 

time_interval = int(input('Input the time intervals in minutes: ')) 

day = int(input('Input which forecast to use as baseload: ')) 

 

if day == 1: 

    base = FinalBaselineAug2514 

elif day == 2: 
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    base = FinalBaselineSep1614 

else: 

    base = FinalBaselineSep2514 

 

charging_profile = np.zeros([len(vehicle_data),2880]) 

battery_charging =  np.zeros([len(vehicle_data),2880]) 

time_on =  np.zeros([len(vehicle_data),2880]) 

transformer_profile = np.zeros([2255,2880]) 

charging_periods =  np.zeros([2255,2880]) 

load_during_charging = np.zeros([2255,1]) 

rate = np.zeros([len(vehicle_data),1]) 

 

for transformer in np.arange(0,2255): 

    transformer_profile[transformer,:] = base 

    for vehicle in range(9): 

        n = int(((vehicle_data.iloc[vehicle+transformer*9,3])/15).round()) # number of 15 minute 

intervals vehicle is avaiable for 

        R = np.zeros([1,n]) 

        for ind,value in enumerate(range(1,n+1)): 

            R[0,ind] = vehicle_data.iloc[vehicle+transformer*9,4]/value 

         

        R_plus_load = np.zeros([n,1]) 

        approx_baseload = np.zeros([1,n]) 

         

        for i in range(n): 

            approx_baseload[0,i] = 

(transformer_profile[transformer,int(plug_in.iloc[vehicle+transformer*9]+time_interval*i):int(pl

ug_in.iloc[vehicle+transformer*9]+time_interval*(i+1))]).mean() 

        for i in range(n): 

            order = approx_baseload.argsort() 

            R_plus_load[i,0] = (approx_baseload[0,order[0,0:(i+1)]] + R[0,i]).mean() 

        result = np.concatenate((R_plus_load,R.T), axis=1) 

        sorted_results = result[result[:,0].argsort()] 

        check = 0 

        while check < 100: 

            if sorted_results[check,1] < 11.51: 

                best_rate = sorted_results[check,1]  

                break 

            if sorted_results[check,1] > 11.51: 

                best_rate = sorted_results[check+1,1] 

                check = check + 1 

        rate[vehicle+transformer*9] =best_rate 

        number_of_intervals = int(np.where(R == best_rate)[1]) 

        for i in range(number_of_intervals+1): 
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charging_profile[vehicle+transformer*9,(plug_in.iloc[vehicle+transformer*9]+15*order[0,i]):(pl

ug_in.iloc[vehicle+transformer*9]+15*order[0,i]+15)] = best_rate*4 

       

         

        transformer_profile[transformer,:] =  

np.vstack((transformer_profile[transformer,:],charging_profile[vehicle+transformer*9,:])).sum(a

xis=0) 

        charging_periods[transformer,:] = 

charging_profile[9*transformer:(9*transformer+9)].sum(axis=0) 

        load_during_charging[transformer,:] = 

transformer_profile[transformer,np.argwhere(charging_periods[transformer,:]>0)].mean() 

         

absolute_highest_peak = transformer_profile.max().max() 

average_highest_peak = transformer_profile[0:2255,:].max(axis=1).mean() 

average_load_during_charging = load_during_charging[0:2255].mean() 

  

time = pd.DataFrame(column_vec(np.arange(0,2880)).T) 

fig = plt.figure()  

for i in np.arange(0,2255): 

    plt.plot(time.iloc[0,:]/60, transformer_profile[i,:],'g') 

    plt.plot(time.iloc[0,:]/60,75*np.ones([2880,1]),'b') 

    plt.plot(time.iloc[0,:]/60, base.iloc[0,:],'r') 

    plt.xlabel('Time') 

    plt.ylabel('kW') 

    plt.axis([0,48,0,220]) 

    if i == 2254: 

        plt.legend(["PEV Charging",'Rated Limit',"Baseload"], loc='best') 

plt.show() 

 

 

fig = plt.figure()  

plt.plot(time.iloc[0,:]/60,75*np.ones([2880,1]),'b') 

plt.xlabel('Time of Two Days (Hours)') 

plt.ylabel('Load Demand (kW)') 

plt.axis([0,48,0,220]) 

for i in np.arange(0,2255): 

    plt.plot(time.iloc[0,:]/60, transformer_profile[i,:],'g') 

    plt.plot(time.iloc[0,:]/60, base.iloc[0,:],'r') 

plt.legend(['Rated Limit',"PEV Charging","Baseload"], loc='best') 

plt.show() 
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 RIVF Algorithm  

#%% Import all needed librarys 

import os 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

 

from mkc_functions import column_vec 

 

np.set_printoptions(threshold=np.inf) 

#%% Preprocess Data 

 

time_interval = 15 

input1 = input('Enter the path where case is located: ')    

os.chdir(r'{}'.format(input1)) 

 

vehicle_data = pd.read_excel("vehicle_data.xlsx") 

info = pd.concat([vehicle_data.iloc[:,4],vehicle_data.iloc[:,3]],axis=1).to_numpy() 

plug_in = vehicle_data.iloc[:,1] 

     

FinalBaselineAug2514 = pd.concat([pd.read_csv("FinalBaselineAug2514.txt", header = None), 

pd.read_csv("FinalBaselineAug2514.txt", header = None)], axis=1) 

FinalBaselineAug2514.columns = list(range(0,2880)) 

 

FinalBaselineSep1614 = pd.concat([pd.read_csv("FinalBaselineSep1614.txt", header = None), 

pd.read_csv("FinalBaselineSep1614.txt", header = None)], axis=1) 

FinalBaselineSep1614.columns = list(range(0,2880)) 

 

FinalBaselineSep2514 = pd.concat([pd.read_csv("FinalBaselineSep2514.txt", header = None), 

pd.read_csv("FinalBaselineSep2514.txt", header = None)], axis=1) 

FinalBaselineSep2514.columns = list(range(0,2880)) 

 

charging_profile = np.zeros([len(vehicle_data),2880]) 

battery_charging =  np.zeros([len(vehicle_data),2880]) 

 

 

 

time_interval = int(input('Input the time intervals in minutes: ')) 

day = int(input('Input which forecast to use as baseload: ')) 

 

if day == 1: 

    base = FinalBaselineAug2514 

elif day == 2: 

    base = FinalBaselineSep1614 

else: 
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    base = FinalBaselineSep2514 

 

charging_profile = np.zeros([len(vehicle_data),2880]) 

battery_charging =  np.zeros([len(vehicle_data),2880]) 

time_on =  np.zeros([len(vehicle_data),2880]) 

transformer_profile = np.zeros([2255,2880]) 

charging_periods =  np.zeros([2255,2880]) 

load_during_charging = np.zeros([2255,1]) 

rate = np.zeros([len(vehicle_data),1]) 

A =np.zeros([len(vehicle_data),1]) 

fixed_charger_load =np.zeros([len(vehicle_data),1]) 

optimal_load =np.zeros([len(vehicle_data),1]) 

 

for transformer in np.arange(0,2255): 

    transformer_profile[transformer,:] = base 

    for vehicle in range(9): 

        n = int(((vehicle_data.iloc[vehicle+transformer*9,3])/15).round()) # number of 15 minute 

intervals vehicle is avaiable for 

        approx_baseload = np.zeros([1,n]) 

        charger_load =  np.zeros([1,n]) 

        for i in range(n): 

            approx_baseload[0,i] = 

(transformer_profile[transformer,int(plug_in.iloc[vehicle+transformer*9]+time_interval*i):int(pl

ug_in.iloc[vehicle+transformer*9]+time_interval*(i+1))]).mean() 

        A[vehicle+transformer*9,0] = 

(transformer_profile[transformer,vehicle_data.iloc[vehicle+transformer*9,1]:vehicle_data.iloc[v

ehicle+transformer*9,2]]).mean() 

        fixed_charger_load[vehicle+transformer*9,0] = 

vehicle_data.iloc[vehicle+transformer*9,4]/n 

        optimal_load[vehicle+transformer*9,0] = A[vehicle+transformer*9,0] + 

fixed_charger_load[vehicle+transformer*9,0] 

        ac = optimal_load[vehicle+transformer*9,0] - approx_baseload[0,:]  

        cc = 0 

        while cc < vehicle_data.iloc[vehicle+transformer*9,4]: 

            check = 1 

            if charger_load[0,ac.argmax()] >11.50: 

                while True: 

                    if charger_load[0,ac.argsort()[-check]] < 11.5: 

                        break 

                    else: 

                        check = check + 1 

            charger_load[0,ac.argsort()[-check]] = charger_load[0,ac.argsort()[-check]] + .1 

            ac[ac.argsort()[-check]] = ac[ac.argsort()[-check]] - .1 

            cc = cc + .025 

        for value in range(n): 

            if charger_load[0,value] > 0: 
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charging_profile[vehicle+transformer*9,(plug_in.iloc[vehicle+transformer*9]+15*value):(plug_

in.iloc[vehicle+transformer*9]+15*value +15)] = charger_load[0,value] 

         

        transformer_profile[transformer,:] =  

np.vstack((transformer_profile[transformer,:],charging_profile[vehicle+transformer*9,:])).sum(a

xis=0) 

        charging_periods[transformer,:] = 

charging_profile[9*transformer:(9*transformer+9)].sum(axis=0) 

        load_during_charging[transformer,:] = 

transformer_profile[transformer,np.argwhere(charging_periods[transformer,:]>0)].mean() 

         

absolute_highest_peak = transformer_profile.max().max() 

average_highest_peak = transformer_profile[0:2255,:].max(axis=1).mean() 

average_load_during_charging = load_during_charging[0:2255].mean() 

  

 

 MLVF 

8.3.1. MLVF Algorithm 

import os 

import pandas as pd 

import numpy as np 

import math 

import matplotlib.pyplot as plt 

from keras.models import load_model 

from mkc_functions import column_vec 

from sklearn.externals import joblib 

 

vehicle_data = pd.read_excel("vehicle_data.xlsx") 

info = pd.concat([vehicle_data.iloc[:,4],vehicle_data.iloc[:,3]],axis=1).to_numpy() 

plug_in = vehicle_data.iloc[:,1] 

 

 

FinalBaselineAug2514 = pd.concat([pd.read_csv("FinalBaselineAug2514.txt", header = None), 

pd.read_csv("FinalBaselineAug2514.txt", header = None)], axis=1) 

FinalBaselineAug2514.columns = list(range(0,2880)) 

 

FinalBaselineSep1614 = pd.concat([pd.read_csv("FinalBaselineSep1614.txt", header = None), 

pd.read_csv("FinalBaselineSep1614.txt", header = None)], axis=1) 

FinalBaselineSep1614.columns = list(range(0,2880)) 

 

FinalBaselineSep2514 = pd.concat([pd.read_csv("FinalBaselineSep2514.txt", header = None), 

pd.read_csv("FinalBaselineSep2514.txt", header = None)], axis=1) 

FinalBaselineSep2514.columns = list(range(0,2880))  
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charging_profile = np.zeros([len(vehicle_data),2880]) 

battery_charging =  np.zeros([len(vehicle_data),2880]) 

 

input1 = input('Enter the path where case is located: ')    

os.chdir(r'{}'.format(input1)) 

model= load_model('Plug_in_Prediction_Algorithm.h5') 

scaler = joblib.load('neural_network_scaler') 

selected_rate = pd.read_excel("selected_rate.xlsx") 

 

time_interval = int(input('Input the time intervals in minutes: ')) 

lfd = int(input('Input the length of the forecast that should be examined in hours: ')) 

day = int(input('Input which forecast to use as baseload: ')) 

 

if day == 1: 

    base = FinalBaselineAug2514 

elif day == 2: 

    base = FinalBaselineSep1614 

else: 

    base = FinalBaselineSep2514 

 

approx_forecasted_load = np.zeros([len(vehicle_data),int(lfd*(60/time_interval))]) 

x_data = np.zeros([len(vehicle_data),2+int(lfd*(60/time_interval))]) 

charging_profile = np.zeros([len(vehicle_data),2880]) 

transformer_profile = np.zeros([2255,2880]) 

charging_periods =  np.zeros([2255,2880]) 

pred = np.zeros([len(vehicle_data),1]) 

load_during_charging = np.zeros([2255,1]) 

start =  np.zeros([len(vehicle_data),1]) 

duration =  np.zeros([len(vehicle_data),1]) 

finish =  np.zeros([len(vehicle_data),1]) 

 

 

for transformer in np.arange(1804,2255): 

    transformer_profile[transformer,:] = base 

    for vehicle in range(9): 

        i = vehicle+transformer*9 

        for j in range(lfd*(int(60/time_interval))): 

            approx_forecasted_load[vehicle+transformer*9,j] = 

(transformer_profile[transformer,int(plug_in.iloc[vehicle+transformer*9]+time_interval*j):int(pl

ug_in[vehicle+transformer*9]+time_interval*(j+1))]).mean() 

        

        x_data[vehicle+transformer*9,:] = np.concatenate((info[vehicle+transformer*9] 

,approx_forecasted_load[vehicle+transformer*9,:]), axis=0) 

        data = pd.DataFrame(x_data[vehicle+transformer*9,:]).T 

        data=scaler.transform(data) 
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        prob = model.predict(data) 

        pred[vehicle+transformer*9,:] =np.argmax(prob,axis=1) 

 

        start[i] = pred[i]*time_interval + plug_in[i] 

        duration[i] =math.ceil(vehicle_data.iloc[i,4]/selected_rate.iloc[i][0]*60) 

        finish[i]= start[i] + duration[i] 

        charging_profile[i,int(start[i]):int(finish[i])]=selected_rate.iloc[i][0] 

        transformer_profile[transformer,:] =  

np.vstack((transformer_profile[transformer,:],charging_profile[i,:])).sum(axis=0) 

                 

    charging_periods[transformer,:] =  

charging_profile[9*transformer:(9*transformer+9)].sum(axis=0) 

    load_during_charging[transformer,:] = 

transformer_profile[transformer,np.argwhere(charging_periods[transformer,:]>0)].mean() 

 

8.3.2. MLVF Neural Network 

import os 

import pandas as pd 

import numpy as np 

import matplotlib 

import matplotlib.pyplot as plt 

from scipy import stats 

from sklearn import metrics 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import StandardScaler 

from sklearn.preprocessing import RobustScaler 

from sklearn.preprocessing import MinMaxScaler 

from sklearn.preprocessing import PolynomialFeatures 

from sklearn.preprocessing import OneHotEncoder 

from sklearn.metrics import confusion_matrix 

from sklearn.externals import joblib 

from keras.models import Sequential 

from keras.layers import Dense, Activation 

from keras.callbacks import EarlyStopping 

from keras.callbacks import ReduceLROnPlateau 

from keras.utils import to_categorical 

from keras import regularizers 

 

# %% Import all created functions needed to execute algorithm 

from mkc_functions import results 

from mkc_functions import model_loss_plot 

from mkc_functions import compare_plots 

from mkc_functions import compare_values_nn 
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#%% Preprocess Data 

np.set_printoptions(threshold=np.inf) 

os.chdir(r'C:\Users\theron\OneDrive - 

personalmicrosoftsoftware.uci.edu\PhD_Optimal_Charging') 

vehicle_data = pd.read_excel("vehicle_data.xlsx") 

 

input1 = input('Enter the path where data should be stored: ')    

os.chdir(r'{}'.format(input1)) 

 

x_data_aug252014 = pd.read_excel("x_data_aug252014.xlsx") 

y_data_aug252014 = pd.read_excel("y_data_aug252014.xlsx") 

 

x_data_sep162014 = pd.read_excel("x_data_sep162014.xlsx") 

y_data_sep162014 = pd.read_excel("y_data_sep162014.xlsx") 

 

x_data_sep252014 = pd.read_excel("x_data_sep252014.xlsx") 

y_data_sep252014 = pd.read_excel("y_data_sep252014.xlsx") 

 

scaler = StandardScaler() 

scaler.fit(pd.concat([x_data_aug252014,x_data_sep162014,x_data_sep252014])) 

 

x_data = 

pd.concat([x_data_aug252014.iloc[0:16235],x_data_sep162014.iloc[0:16235],x_data_sep25201

4.iloc[0:16235]]) 

x_data = scaler.transform(x_data) 

y_data = 

pd.concat([y_data_aug252014.iloc[0:16235],y_data_sep162014.iloc[0:16235],y_data_sep25201

4.iloc[0:16235]]) 

y_data = to_categorical(y_data) 

x_train, x_val, y_train, y_val = train_test_split(x_data, y_data, test_size=0.2, random_state=27) 

 

x_test = 

pd.concat([x_data_aug252014.iloc[16236:20294],x_data_sep162014.iloc[16236:20294],x_data_

sep252014.iloc[16236:20294]]) 

x_test = scaler.transform(x_test) 

y_test = 

pd.concat([y_data_aug252014.iloc[16236:20294],y_data_sep162014.iloc[16236:20294],y_data_

sep252014.iloc[16236:20294]]) 

y_test = to_categorical(y_test) 

 

 

## Test 

 

#x_data_sep162014 = pd.read_excel("x_data_sep162014.xlsx") 

#y_data_sep162014 = pd.read_excel("y_data_sep162014.xlsx") 

#x_data_trial = pd.read_excel("x_data_sep162014.xlsx") 
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#y_data_trial = pd.read_excel("y_data_sep162014.xlsx") 

#scaler = StandardScaler() 

#scaler.fit(pd.concat([x_data_trial])) 

# 

#x_data = pd.concat([x_data_trial.iloc[0:16235]]) 

#x_data = scaler.transform(x_data) 

#y_data = pd.concat([y_data_trial.iloc[0:16235]]) 

#y_data = to_categorical(y_data) 

#x_train, x_val, y_train, y_val = train_test_split(x_data, y_data, test_size=0.2, random_state=27) 

# 

#x_test = pd.concat([x_data_trial.iloc[16236:20294]]) 

#x_test = scaler.transform(x_test) 

#y_test = pd.concat([y_data_trial.iloc[16236:20294]]) 

#y_test = to_categorical(y_test) 

 

#%% Neural Network 

# 

#model = Sequential() 

#model.add(Dense(x_train.shape[1], kernel_initializer='normal', input_dim=x_train.shape[1], 

activation='tanh',use_bias=True,bias_initializer='ones')) # Hidden 1 

#model.add(Dense(x_train.shape[1], kernel_initializer='normal', activation='tanh')) # Hidden 2 

#model.add(Dense(x_train.shape[1], kernel_initializer='normal', activation='tanh')) # Hidden 3 

#model.add(Dense(y_train.shape[1],activation='softmax',kernel_initializer='normal')) 

#model.compile(loss='categorical_crossentropy',  optimizer='Adam', metrics =['accuracy']) 

 

#start 

#model = Sequential() 

#model.add(Dense(x_train.shape[1], kernel_initializer='normal', input_dim=x_train.shape[1], 

activation='relu',use_bias=True,bias_initializer='ones')) # Hidden 1 

#model.add(Dense(x_train.shape[1], kernel_initializer='normal', activation='relu')) # Hidden 2 

#model.add(Dense(x_train.shape[1], kernel_initializer='normal', activation='relu')) # Hidden 3 

#model.add(Dense(y_train.shape[1],activation='softmax',kernel_initializer='normal')) 

#model.compile(loss='categorical_crossentropy',  optimizer='Adam', metrics =['accuracy']) 

# 

# 

#monitor = EarlyStopping(monitor='val_loss', min_delta=1e-10, patience=30, verbose=1, 

#                            mode='auto',baseline=None, restore_best_weights=True) 

#LR = ReduceLROnPlateau(monitor='val_loss', factor=0.1, patience=25, 

verbose=0,mode='auto', min_delta=0.0001, cooldown=0, min_lr=0) 

#history = model.fit(x_train,y_train,validation_data=(x_val,y_val), 

#                        callbacks=[monitor,LR],verbose=2,epochs=1000) 

#     

#for layerNum, layer in enumerate(model.layers): 

#    weights = layer.get_weights()[0] 

#    biases = layer.get_weights()[1] 

#     
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#    for toNeuronNum, bias in enumerate(biases): 

#        print(f'{layerNum}B -> L{layerNum+1}N{toNeuronNum}: {bias}') 

#     

#    for fromNeuronNum, wgt in enumerate(weights): 

#        for toNeuronNum, wgt2 in enumerate(wgt): 

#            print(f'L{layerNum}N{fromNeuronNum} -> L{layerNum+1}N{toNeuronNum} = 

{wgt2}') 

# 

## summarize history for loss 

#model_loss_plot(history.history['loss'],history.history['val_loss']) 

# 

#scaler_filename = "neural_network_scaler" 

#joblib.dump(scaler, scaler_filename)  

# 

#model.save("Plug_in_Prediction_Algorithm_test2.h5") 

#finish 

 

model= load_model('Plug_in_Prediction_Algorithm.h5') 

 

pred = model.predict(x_test) 

testy=np.argmax(pred,axis=1) 

well = np.argmax(y_test,axis=1) 

testyy=np.argmax(y_test,axis=1) 

tt=testyy-testy 

 

matrix=confusion_matrix(well, testy) 

 

acc = np.zeros([len(matrix),1]) 

for i in range(len(matrix)): 

    acc[i] = matrix[i,i]/matrix[i,:].sum() 

acc = acc.T.round(3) 

 

recall = np.zeros([len(matrix),1]) 

for i in range(len(matrix)): 

    recall[i] = matrix[i,i]/matrix[:,i].sum() 

recall = recall.T.round(3) 

     

8.3.3. Forming MLVF Training Data 

#%% Import all needed librarys 

import os 

import pandas as pd 

import numpy as np 

 

np.set_printoptions(threshold=np.inf) 

#%% Preprocess Data 
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time_interval = int(input('Input the time intervals in minutes: ')) 

lfd = int(input('Input the length of the forecast that should be examined in hours: ')) 

 

vehicle_data = pd.read_excel("vehicle_data.xlsx") 

     

FinalBaselineAug2514 = pd.concat([pd.read_csv("FinalBaselineAug2514.txt", header = None), 

pd.read_csv("FinalBaselineAug2514.txt", header = None)], axis=1) 

FinalBaselineAug2514.columns = list(range(0,2880)) 

 

FinalBaselineSep1614 = pd.concat([pd.read_csv("FinalBaselineSep1614.txt", header = None), 

pd.read_csv("FinalBaselineSep1614.txt", header = None)], axis=1) 

FinalBaselineSep1614.columns = list(range(0,2880)) 

 

FinalBaselineSep2514 = pd.concat([pd.read_csv("FinalBaselineSep2514.txt", header = None), 

pd.read_csv("FinalBaselineSep2514.txt", header = None)], axis=1) 

FinalBaselineSep2514.columns = list(range(0,2880)) 

                                  

input1 = input('Enter the path where data should be stored: ')    

os.chdir(r'{}'.format(input1)) 

          

plug_in = vehicle_data.iloc[:,1] 

needed_charge = np.zeros([len(vehicle_data),1]) 

dwell_time =  np.zeros([len(vehicle_data),1]) 

PR = np.zeros([len(vehicle_data),1]) 

selected_rate = np.zeros([len(vehicle_data),1]) 

needed_time_intervals =  np.zeros([len(vehicle_data),1]) 

 

#for i in range(len(vehicle_data)): 

for i in range(len(vehicle_data)): 

    needed_charge[i] = vehicle_data.iloc[i,4] 

    dwell_time[i] = vehicle_data.iloc[i,3] 

    if dwell_time[i] > lfd*60: 

        dwell_time[i] = lfd*60 

    PR[i] = (needed_charge[i]/dwell_time[i]) 

    if (PR[i]) < (1.9/60): 

        selected_rate[i] = 1.9 

    elif (PR[i] > (1.9/60)) and (PR[i] < (3.3/60)): 

        selected_rate[i] = 3.3 

    else: 

        selected_rate[i] = 7.2 

    needed_time_intervals[i] = (((needed_charge[i]*60)/selected_rate[i])/time_interval).round() 

    if needed_time_intervals[i] == 0: 

       needed_time_intervals[i] = 1 
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#%% 

approx_forecasted_load_aug252014 = np.zeros([len(vehicle_data),int(lfd*(60/time_interval))]) 

load_with_car_aug252014 =  100000000*np.ones([len(vehicle_data), 

int(lfd*(60/time_interval))]) 

 

for i in range(len(vehicle_data)): 

    for j in range(lfd*(int(60/time_interval))): 

        approx_forecasted_load_aug252014[i,j] = 

(FinalBaselineAug2514.iloc[0,int(plug_in[i]+time_interval*j):int(plug_in[i]+time_interval*(j+1)

)]).mean() 

    for k in range(int(np.ceil(dwell_time[i]/time_interval)-needed_time_intervals[i])+1): 

        load_with_car_aug252014[i,k] = 

(approx_forecasted_load_aug252014[i,(k):int(k+needed_time_intervals[i])] + 

selected_rate[i]).mean() 

 

x_data_aug252014 = np.concatenate((needed_charge, 

dwell_time,approx_forecasted_load_aug252014), axis=1) 

x_data_aug252014 = pd.DataFrame(x_data_aug252014) 

x_data_aug252014.to_excel('x_data_aug252014.xlsx', index=False) 

y_aug252014 = np.argmin(load_with_car_aug252014, axis=1) 

y_aug252014 = pd.DataFrame(y_aug252014) 

y_aug252014.to_excel('y_data_aug252014.xlsx', index=False) 

load_with_car_aug252014 = pd.DataFrame(load_with_car_aug252014) 

load_with_car_aug252014.to_excel('load_with_car_aug252014.xlsx', index=False) 

 

#%% 

approx_forecasted_load_sep162014 = np.zeros([len(vehicle_data),int(lfd*(60/time_interval))]) 

load_with_car_sep162014 =  100000000*np.ones([len(vehicle_data), 

int(lfd*(60/time_interval))]) 

 

for i in range(len(vehicle_data)): 

    for j in range(lfd*(int(60/time_interval))): 

        approx_forecasted_load_sep162014[i,j] = 

(FinalBaselineSep1614.iloc[0,int(plug_in[i]+time_interval*j):int(plug_in[i]+time_interval*(j+1))

]).mean() 

for k in range(int(np.ceil(dwell_time[i]/time_interval)-needed_time_intervals[i])): 

    load_with_car_sep162014[i,k] = 

(approx_forecasted_load_sep162014[i,(k):int(k+needed_time_intervals[i])] + 

selected_rate[i]).mean() 

  

x_data_sep162014 = np.concatenate((needed_charge, 

dwell_time,approx_forecasted_load_sep162014), axis=1) 

x_data_sep162014 = pd.DataFrame(x_data_sep162014) 

x_data_sep162014.to_excel('x_data_sep162014.xlsx', index=False) 

y_sep162014 = np.argmin(load_with_car_sep162014, axis=1) 

y_sep162014 = pd.DataFrame(y_sep162014) 
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y_sep162014.to_excel('y_data_sep162014.xlsx', index=False) 

load_with_car_sep162014 = pd.DataFrame(load_with_car_sep162014) 

load_with_car_sep162014.to_excel('load_with_car_sep162014.xlsx', index=False) 

 

#%% 

approx_forecasted_load_sep252014 = np.zeros([len(vehicle_data),int(lfd*(60/time_interval))]) 

load_with_car_sep252014 =  100000000*np.ones([len(vehicle_data), 

int(lfd*(60/time_interval))]) 

 

for i in range(len(vehicle_data)): 

    for j in range(lfd*(int(60/time_interval))): 

        approx_forecasted_load_sep252014[i,j] = 

(FinalBaselineSep2514.iloc[0,int(plug_in[i]+time_interval*j):int(plug_in[i]+time_interval*(j+1))

]).mean() 

    for k in range(int(np.ceil(dwell_time[i]/time_interval)-needed_time_intervals[i])): 

        load_with_car_sep252014[i,k] = 

(approx_forecasted_load_sep252014[i,(k):int(k+needed_time_intervals[i])] + 

selected_rate[i]).mean() 

  

x_data_sep252014 = np.concatenate((needed_charge, 

dwell_time,approx_forecasted_load_sep252014), axis=1) 

x_data_sep252014 = pd.DataFrame(x_data_sep252014) 

x_data_sep252014.to_excel('x_data_sep252014.xlsx', index=False) 

y_sep252014 = np.argmin(load_with_car_sep252014, axis=1) 

y_sep252014 = pd.DataFrame(y_sep252014) 

y_sep252014.to_excel('y_data_sep252014.xlsx', index=False) 

load_with_car_sep252014 = pd.DataFrame(load_with_car_sep252014) 

load_with_car_sep252014.to_excel('load_with_car_sep252014.xlsx', index=False) 

 

selected_rate = pd.DataFrame(selected_rate) 

selected_rate.to_excel('selected_rate.xlsx', index=False) 

 

8.3.4. MLVF Metrics 

import numpy as np 

import pandas as pd 

#pred = model.predict(x_test) 

#testy=np.argmax(pred,axis=1) 

#well = np.argmax(y_test,axis=1) 

#testyy=np.argmax(y_test,axis=1) 

#tt=testyy-testy 

# 

#matrix=confusion_matrix(well, testy) 

# 

 

dia = np.zeros([len(matrix),1]) 
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for i in range(len(matrix)): 

    dia[i] = matrix[i,i] 

     

 

import numpy as np 

import pandas as pd 

recall = np.zeros([len(matrix),1]) 

precision = np.zeros([len(matrix),1]) 

for i in range(len(matrix)): 

    recall[i] = matrix[i,i]/matrix[:,i].sum() 

    precision[i] =matrix[i,i]/matrix[i,:].sum() 

recall = recall.T 

precision= precision.T 

f1 = 2*((precision*recall)/(precision+recall)) 

samples=matrix.sum(axis=0) 

 

 

 

macro_avg_recall = recall.mean() 

weighted_avg_recall = ((samples*recall).sum())/samples.sum() 

macro_avg_pre = precision.mean() 

weighted_avg_pre = (samples*precision).sum()/samples.sum() 

macro_avg_f1 = f1.mean() 

weighted_avg_f1 = (samples*f1).sum()/samples.sum() 

micro_avg_f1 = dia.sum()/samples.sum() 

Results = 

np.array([macro_avg_recall,weighted_avg_recall,macro_avg_pre,weighted_avg_pre,macro_avg

_f1,weighted_avg_f1,micro_avg_f1]) 

Results=Results.T.round(5) 

 

 Algorithm Plotting 

import numpy as np 

import pandas as pd 

import matplotlib.pyplot as plt 

data1 = pd.read_csv("cvvf_modified_rejection_test1.txt", header = None) 

 

data2 = pd.read_csv("cvvf_modified_rejection_test2.txt", header = None) 

 

#input1 = input('Enter the baseload for plot: \n') 

input2 = int(input('Enter which type of plot is needed: \n')) 

if input2 == 2: 

    input3 = int(input('Enter the baseload needed: \n')) 

FinalBaselineAug2514 = pd.concat([pd.read_csv("FinalBaselineAug2514.txt", header = None), 

pd.read_csv("FinalBaselineAug2514.txt", header = None)], axis=1) 
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FinalBaselineAug2514.columns = list(range(0,2880)) 

 

FinalBaselineSep1614 = pd.concat([pd.read_csv("FinalBaselineSep1614.txt", header = None), 

pd.read_csv("FinalBaselineSep1614.txt", header = None)], axis=1) 

FinalBaselineSep1614.columns = list(range(0,2880)) 

 

FinalBaselineSep2514 = pd.concat([pd.read_csv("FinalBaselineSep2514.txt", header = None), 

pd.read_csv("FinalBaselineSep2514.txt", header = None)], axis=1) 

FinalBaselineSep2514.columns = list(range(0,2880)) 

 

 

#Uncontrolled Charging Plots 

if input2 == 1: 

    t=np.array([np.arange(0,2880)/60]) 

    plt.figure() 

    plt.rcParams.update({'font.size': 20}) 

    plt.plot(time.iloc[0,:]/60,75*np.ones([2880,1]),'b') 

    plt.xlabel('Time of Two Days (Hours)') 

    plt.ylabel('Load Demand (kW)') 

    plt.axis([0,48,0,200]) 

    for i in np.arange(0,2255): 

        plt.plot(t[0,:],  transformer_profile[i,:]+base[0,:],'g') 

        plt.plot(t[0,:],base[0,:],'r') 

    plt.grid() 

    plt.show() 

 

#CVVF Charging Plots 

elif input2 == 2: 

    t=np.array([np.arange(0,2880)/60]) 

    if input3 == 1: 

        plt.figure() 

        plt.rcParams.update({'font.size': 20}) 

        plt.plot(t.T,75*np.ones([2880,1]),'b') 

        plt.plot(t.T,45.79*np.ones([2880,1]),'k') 

        plt.xlabel('Time of Two Days (Hours)') 

        plt.ylabel('Load Demand (kW)') 

        plt.axis([0,48,0,200]) 

        for i in np.arange(0,2255): 

            plt.plot(t[0,:],  transformer_profile[i,:],'g') 

            plt.plot(t[0,:],FinalBaselineAug2514.iloc[0,:],'r') 

        plt.grid() 

        plt.show() 

         

    elif input3 == 2: 

        plt.figure() 

        plt.rcParams.update({'font.size': 20}) 
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        plt.plot(t.T,75*np.ones([2880,1]),'b') 

        plt.plot(t.T,112.35*np.ones([2880,1]),'k') 

        plt.xlabel('Time of Two Days (Hours)') 

        plt.ylabel('Load Demand (kW)') 

        plt.axis([0,48,0,200]) 

        for i in np.arange(0,2255): 

            plt.plot(t[0,:],  transformer_profile[i,:],'g') 

            plt.plot(t[0,:],FinalBaselineSep1614.iloc[0,:],'r') 

        plt.grid() 

        plt.show() 

         

    else: 

        plt.figure() 

        plt.rcParams.update({'font.size': 20}) 

        plt.plot(t.T,75*np.ones([2880,1]),'b') 

        plt.plot(t.T,64.47*np.ones([2880,1]),'k') 

        plt.xlabel('Time of Two Days (Hours)') 

        plt.ylabel('Load Demand (kW)') 

        plt.axis([0,48,0,200]) 

        for i in np.arange(0,2255): 

            plt.plot(t[0,:],  transformer_profile[i,:],'g') 

            plt.plot(t[0,:],FinalBaselineSep2514.iloc[0,:],'r') 

        plt.grid() 

        plt.show() 

 

## SRVF && RIVF Charging Plots 

elif input2 == 3: 

    t=np.array([np.arange(0,2880)/60]) 

    plt.figure() 

    plt.rcParams.update({'font.size': 20}) 

    plt.plot(t.T,75*np.ones([2880,1]),'b') 

    plt.xlabel('Time of Two Days (Hours)') 

    plt.ylabel('Load Demand (kW)') 

    plt.axis([0,48,0,200]) 

    for i in np.arange(1804,2255): 

        plt.plot(t[0,:], transformer_profile[i,:],'g') 

        plt.plot(t[0,:],base.iloc[0,:],'r') 

    plt.grid() 

    plt.show() 

 

##MLVF Carging PLots 

else: 

    fig = plt.figure()  

    plt.plot(time.iloc[0,:]/60,75*np.ones([2880,1]),'b') 

    plt.rcParams.update({'font.size': 20}) 

    plt.xlabel('Time of Two Days (Hours)') 
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    plt.ylabel('Load Demand (kW)') 

    plt.axis([0,48,0,200]) 

    for i in np.arange(1804,2255): 

        plt.plot(time.iloc[0,:]/60, transformer_profile[i,:],'g') 

        plt.plot(time.iloc[0,:]/60, base.iloc[0,:],'r') 

    plt.grid() 

    plt.show() 

     

 

 

 Transformer Loss of Life Model 

import numpy as np 

import pandas as pd 

import math 

import matplotlib.pyplot as plt 

 

#Delcare Time Constant for Analysis 

time_constant = int(input('Enter the time constant in seconds: ')) 

 

#temp_hour = 

pd.DataFrame([71,72,72,71,71,70,70,72,71,72,74,75,77,78,79,80,80,79,78,75,73,73,72,72,71,72,

72,71,71,70,70,72,71,72,74,75,77,78,79,80,80,79,78,75,73,73,72,72]) 

#temp_hour = 

pd.DataFrame([83,80,80,80,79,78,77,77,79,82,87,92,92,97,95,96,98,99,98,95,93,93,90,88,83,80,

80,80,79,78,77,77,79,82,87,92,92,97,95,96,98,99,98,95,93,93,90,88]) 

temp_hour = 

pd.DataFrame([74,73,73,73,73,71,72,73,74,78,83,86,83,85,86,86,88,88,85,80,78,77,76,75,74,73,

73,73,73,71,72,73,74,78,83,86,83,85,86,86,88,88,85,80,78,77,76,75]) 

temp_hour = (temp_hour-32)*(5/9) 

temp = np.zeros([1,int((3600/time_constant)*48)]) 

 

for i in range(48): 

    for j in range(int(3600/time_constant)): 

        temp[0,(j+i*int(3600/time_constant))] = temp_hour.iloc[i,0] 

temp = pd.DataFrame(temp)       

         

time = pd.DataFrame([0,1,2,3,4,5,6,7,8,9,10,11,12,14,14,15,16,17,18,19,20,21,22,23, 

                     24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44, 

                     45,46,47]) 

t = np.zeros([1,int((3600/time_constant)*48)]) 

for i in range(int(3600/time_constant)*48): 

    if i == 0: 

        t[0,i] = 0 

    else: 

        t[0,i] = t[0,i-1] + (time_constant/3600) 
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t = pd.DataFrame(t)         

         

#base = base.to_numpy() 

#FinalBaselineSep2514 = pd.read_csv("FinalBaselineSep2514.txt", header = None) 

#FinalBaselineSep2514.columns = list(range(0,2880)) 

R = 5 

t_oil = 3 

t_w = 5/60 

delta_oil_r = 55 

delta_hst_r = 25 

m = 0.8 

n = 0.8  

T=15/3600 

transformers_n =2255 

eaf = np.zeros([1,transformers_n]) 

load = np.zeros([transformers_n, 2880*4]) 

delta_oil_u  =np.zeros([transformers_n,load.shape[1]]) 

delta_oil_i  =  np.zeros([transformers_n,load.shape[1]]) 

delta_hst_u =  np.zeros([transformers_n,load.shape[1]]) 

delta_hst_i = np.zeros([transformers_n,load.shape[1]]) 

delta_hst =  np.zeros([transformers_n,load.shape[1]]) 

delta_oil = np.zeros([transformers_n,load.shape[1]]) 

hst = np.zeros([transformers_n,load.shape[1]]) 

aaf =  np.zeros([transformers_n,load.shape[1]]) 

 

for j in range(transformers_n): 

    for i in range(2880): 

        load[j,i*(int(60/time_constant)):(i*int(60/time_constant)+int(60/time_constant))] = 

base[0,i]   +transformer_profile[j,i] #+ base[0,i] 

    L = pd.DataFrame(load[j,:]).T 

         

 

    for i in range(0,load.shape[1]): 

        k_u = L.iloc[0,i]/75 

        k_i = L.iloc[0,i-1]/75 

 

        if k_u == k_i: 

            T = T + time_constant/3600 

        else: 

            T= time_constant/3600 

        amb = temp.iloc[0,i] 

         

        delta_oil_u[j,i]  = delta_oil_r*(((((k_u**2)*R)+1)/(R+1))**n) 

        delta_oil_i[j,i]  = delta_oil_r*(((((k_i**2)*R)+1)/(R+1))**n) 

        delta_oil[j,i] = (delta_oil_u[j,i] -delta_oil_i[j,i] )*(1-math.exp(-T/t_oil))+delta_oil_i[j,i]  
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        delta_hst_u[j,i]  = delta_hst_r*(k_u)**(2*m) 

        delta_hst_i[j,i]  = delta_hst_r*(k_i)**(2*m) 

        delta_hst[j,i] = (delta_hst_u[j,i] -delta_hst_i[j,i] )*(1-math.exp(-T/t_w))+delta_hst_i[j,i] 

         

        hst[j,i] = amb + delta_oil[j,i] + delta_hst[j,i] 

     

         

        aaf[j,i] = math.exp((15000/383)-(15000/(hst[j,i]+273))) 

    k=0 

    eaf[0,j] = (aaf[j,:].sum()*(time_constant/3600))/48 

 

 

fig = plt.figure()  

plt.plot(t.iloc[0,1:], hst[0,1:],'k',t.iloc[0,1:], np.ones([len(hst[0,1:]),1])*75,'b') 

plt.title('Baseload Hot Spot Temperature') 

plt.xlabel('Time') 

plt.ylabel('Temp') 

plt.axis([0,48,0,280]) 

plt.legend(['75 kW', 'Rated Limit'], loc='best') 

plt.grid() 

plt.show() 

 

 




