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Executive Summary 

 In its current state, this project is a neural network that uses a multidimensional function 

to predict the efficiency of the power grid based on certain variables across certain days.  Using 

this information the program is able to effectively determine how to subsidise certain power 

grids and/or boost their production to mitigate the inefficiency as much as possible. This 

program attempts to solve a unique problem; in the status quo the United States power grid runs 

in a state of inefficiency and vulnerability.  As a direct result of this, power costs are artificially 

high and there is an ever present risk of a domino like collapse of clusters of geographically 

close power infrastructure. The solution takes its basic inspiration from Pigovian economics, 

finding a solution in a Pigovian (essentially dynamically adjusted) subsidy. Using subsidies 

specifically tailored for different use cases allows for the elimination of large amounts of 

inefficiency without complete infrastructural overhaul. The program dictates the use of such 

subsidies by utilizing a neural network to predict the best solution given the variables within the 

multidimensional function. 
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Problem 

 In the status quo, the United States power grid suffers from many critical and fatal flaws.  

Due to its inefficiency and risk of vulnerability, a single outage has the potential to cascade 

across an entire coast and sweep blackouts with it.  Furthermore, the grids energy output is so 

inefficient, that the U.S. Department of Energy estimated that increasing energy efficiency could 

have reduced national energy use by 10% or more in 2010, and by as much as 20% by 2020. 

Unfortunately due to the vast nature of the power grid, complete infrastructural overhaul is not a 

viable option.  Due to these physical constraints the most efficacious solution could be found in 

the improved management and division of the power grid based on oversight via artificial 

intelligence.  An artificial intelligence overseeing the grid would be capable of segmenting the 

grid into smaller, self-sufficient entities which would prevent the risk of outages undergoing a 

domino effect, it would also localize production and consumption to as many unique and 

individual networks as possible.  The challenge with this solution however, lies within areas like 

the Midwest which draw most of the power for an entire region from the Hoover Dam or one 

such singular source. A similar constraint rests on efficiency improvements; simply dumping 

more energy into the system is not necessarily beneficial. Instead, attention must be given to how 

close production is to consumption, as well as to the specific lines used to transport the power, 

since lines stepped to a higher voltage are more efficient over great distances. This system, then, 

would be best implemented if it was able to respond to changes in usage in real time to offer 

subsidies to electricity producers in the position to reduce inefficiency the most. The subsidies 

would increase production by firms where it is needed, and the economy would still garner a net 

gain through the reduction of the deadweight loss of waste. These benefits would accrue straight 

to consumers and producers alike. 
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Assumptions 

 To simplify the model, we must first understand the power market and how it deviates 

from a standard market model. Typically, a market which might receive a subsidy is considered 

as a graph of quantity produced versus price per unit. It is represented with two lines, one 

representing supply that slopes upward, and one representing demand that slopes down. This 

indicates that at a higher price, suppliers will supply more of a product and consumers will 

purchase less of it. The intersection of the two lines is equilibrium, the point the market will try 

to obtain, and it does this by adjusting price. When price is above the equilibrium point, firms 

produce too much of a good, and consumer buy too little, leaving a surplus. Firms lower price to 

sell off their excess production. Likewise, when price is too low, firms produce too little of a 

good and consumers demand too much, leading to a shortage. Consumers bid the price, and 

consequently the quantity produced, back up. Therefore, it becomes incredibly simple to treat all 

of the producers of power in a given city as a single agent, as they function as one. 

 The power market does not function in this respect. Firms submit bids of the quantity of 

power they are willing to produce at a certain price. Power suppliers review the bids and select as 

many as they deem necessary to cover the production demands for the coming day, and then they 

take the highest price that they will be paying to any producer and pay it to all of them. In short, 

the quantity demanded, not price, is approximated, and then the quantity to be supplied is 

matched to it, with the price set to balance the two. A shortage does not result in a bidding war 

but an outage. In this sense the supply is conventionally shaped but unconventionally calculated. 

The impact for our model is that it cannot simply work its way through the standard price 

increases and decreases to an equilibrium. It must estimate the equilibrium in advance, and at all 

costs it must avoid a shortage resulting from its prediction.  
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The result of the subsidy, then, is overlaid on top of the expected spending to have the 

intended effect on quantity. The simulation calculates how much power is required, then it finds 

the cost to consumers for that power, and finally it adds the subsidy to that cost to find how much 

power that total expenditure can purchase. It acts effectively as an decrease to the y intercept of 

the supply function, since at any value of price the producer is willing to pay more.  

For the physics of the grid, lines were given a voltage, and power lost in transfer is reliant 

on a transmission matrix. To use these values, we must first calculate the propagation constant γ, 

which varies with the individual wires. Instead of attempting to vary each wire, we selected a 

constant based on the voltage of the connecting lines and the power transferred. The value 

computed a loss of power of approximately six percent on average, which is in line with actual 

estimates. 

Our model defines a city with the following information: ID, location(lat, lon), name, 

population (in millions), state, and average cost of a kWh. Ex:[1, [32.7150, 117.1625], 

"SanDiego", 1.356, "CA", .12] 

The simulation runs using a discrete event simulator (DES) SimianPie, and every event of 

power production and transmission takes the form of an hour of usage. Thus, for the duration of 

the simulation, the terms kWh and kW are used near interchangeably, as all events last one hour. 

 

 

Tools 

This project was written in the Python programming language and makes extensive use 

of the SimianPie DES. SimianPie is a lightweight, almost bare-bones engine that tracks an event 

queue and an overarching timeline. The core of Simian is two different objects, Entities and 

Services. Entities are effectively agents, and Services are the actions they can perform.  
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Methodology 

The simulation begins by initializing the Simian Engine. The driver creates two Entities 

to represent each city, one a producer and one a consumer. The two function independently to 

reflect an absence of shared information and different interests. As well as the city entities, the 

engine also creates an overarching GridMaster entity which handles power distribution and 

tracks the information to be output throughout the simulation. 

All producers begin by predicting the total amount of power that they will use in each 

hour of the day. The prediction is modeled as: 

fi = (getPop(self.line) * 1000000 * float(perCapita[getState(self.line)])) 

 expectedDraw = (fi/3 * sin(pi/12 * time) + fi) * self.overshoot 

 

where fi represents the base power draw for a city not counting daily or hourly variations, and 

perCapita is a dictionary containing the average consumption of kWh per capita in each state in 

the US. The shown code finds the population of the city in millions, and then returns it to a 

standard value that it multiplies by the amount of power each of those people is expected to 

consume. The next line finds the expected draw by oscillating sinusoidally around fi with the 

time of day with amplitude of one third of fi, modeled after average consumption in California. 
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The simulation also applies one of the values input to the neural network, self.overshoot, which 

is a multiplier for how much excess power the city wants to generate beyond expected draw. 

This value is essential because the amount of power that the consumer entity demands from the 

producer is subject to chance variation. Every hour as the consumer calculates its true 

consumption, it begins with the same function as the producer and then multiplies in a random 

value calculated as: 

 randomBias = random.gauss(1,.1) 
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Therefore, without subsidies the network must overproduce 1.1 times as much power as would 

be expected to be consumed to avoid blackouts 66% of the time, 1.2 times as much as expected 

to avoid blackouts 95% of the time, and 1.3 times as much as expected to avoid blackouts 99% 

of the time. 

 The other input to the neural network is the value of the subsidy per kWh. This ranged 

from $0 to $.025 in our simulation. The cost of the expected draw is found, and then the 

simulation adds the subsidy to that cost before recalculating how much power the new 

expenditure can purchase. 

The transfer of power is dependant on the transmission matrix, given below. We used the 

long-line approximation, generally used for transfers along wires of lengths of over 150 miles. 

However, we used it for all distances since it is the most exact approximation. Knowing the total 

power that was input into the line and the voltage of the line, we calculated the current sent as I = 

P/V. 



 
Team 52: 10 

  

A = D = cosh(γx), where x = the length of the line, in this case in miles and γ is the 

propagation constant 

B =  Z * sinh(γx), where Z  = the total resistance of the line in Ohms 

C = Z-1 * sinh(γx),  

 

Multiplying these matrices produces a system of equations for Vr and Ir, voltage and 

current received. The program solves these equations and multiplies the results as P = IV:  

      

def equations(p): 

Vr, Ir = p 

return (cosh(radians(gamma*x))*Vr + Zc*sinh(radians(gamma*x))*Ir - Vs,    

(1/Zc)*sinh(radians(gamma*x))*Vr + cosh(radians(gamma*x)) * Ir - Is) 

 

Vreceived, Ireceived = fsolve(equations, (Vs, Is)) 

 return Vreceived* Ireceived 

 

Thus, the output in power is received and the loss is recorded. The model will continue to pass 

power along the lines until no cities are experiencing a shortage or until all cities have 

approximately no more power to send to the struggling cities. In this case, the cities with deficits 
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experience an outage, which is recorded. Otherwise, the value of excess power produced is 

recorded. The simulation scores each day as follows: 

score = 0 

for i in self.outtageDict: 

self.out.write(i + "\t" + str(self.outtageDict[i]) + "\n") 

score += self.outtageDict[i] * getPop(grid[getIndex(getId(i))]) * 1000000 

score += self.powerLostInTransmission *.12 + self.costOfPowerProduced +  

self.totalNet*.12 

score = 1000000000/score 

self.out.write("\nFinal Score\n"+str(score)) 

where .12 is used as the average cost of one kWh of power. The for loop examines the total 

number of outages experienced. Though the other metrics are in dollar amounts, this is recorded 

as the number of people who spend an hour without power. The simulation is meant to 

particularly penalize outages, so though no dollar amount is given, the population of the cities 

used is enormous enough to convince the simulation to prioritize avoiding blackouts. The next 

step in calculating score is to add to it the power lost in transmission and the total cost of power 

produced. Then the number is inverted, and multiplied by one trillion, to produce a number that 

the simulation can maximize instead of minimize. The output is generally in the range of one to 

ten, with simulations with outages reported rarely scoring above a one. Each combination of 

inputs is run ten times and the score is averaged. 

 However, the simulation takes hours to run. On an Intel i5 and 4GB of memory, the 

simulation produced 12 output scores in 1:22 hours. The neural network uses 33 such points  

produced by randomized inputs to train and generates a much faster output. After training, the 

network runs every possible permutation of subsidies and overshot values to maximize score. It 

returns the combination of inputs that optimizes the grid according to its training and the score 
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that it expects to generate. 
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Results and Conclusion 

 The simulation of the grid itself generates reasonable data. It is important to remember 

that its purpose is to be a playground for the neural network to learn and not to be a complete 

picture in and of itself. However, it accomplishes both goals, as it models loss of the grid to 

approximate correctness.  

 The neural network has some flaws. It has of course learned to produce higher subsidies 

and overshoot values to avoid outages. However, it has not discovered that it should try to 

overshoot the goals by the minimum possible value, to produce a maximum score. Instead, it will 

try to maximize almost all of the inputs. In ten trials, the highest score it has predicted is 

3.54682145. Relative to the simulation output, this result yields a percent error of 8.974%. The 

source of the low scores may be related to the fact that none of the training data contained a 

result over 5.0, when optimal data results in scores in the range of 8. Adding data which includes 

a higher range of results would likely train the network to find higher results. 
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Significant Achievement  

The significant achievement for this project is its ability to increase to stability and 

efficiency of the power grid through a range of dynamic scenarios which the artificial 

intelligence can work through.  The most important feature of the program is the ability to add in 

entire regions with ease.  Scalability through the introduction of new locales allows for the easy 

and continued expansion of this program going into the future.  The program is also relatively 

robust, and allows for relatively easy readjustment to accommodate different infrastructure or 

technological improvements as the happen.  These may not be seen in the short term, but if the 

code were to be put to continued use for the long term than this flexibility extends the efficacy 

past infrastructure upgrades and changes.  Another significant achievement is the development of 

the a framework for increased efficiency of the power grid utilizing pigouvian subsidies.     
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