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ABSTRACT 

Congestion in electrical transmission lines causes the use of higher cost generators and creates 

a surge in the Locational Marginal Prices (LMP). A cost-effective way to relieve the impact of 

congestion is to control demand for electricity. This project proposes a demand-side 

management model derived from readily available locational salary data on the internet. The 

income statistics are converted into willingness-to-pay curves. This willingness to pay curve is 

divided into blocks of power that are bid at different prices based on the curve. These bids and 

offers are converted into generator and cost inputs to the DC Optimal Power Flow (OPF) 

problem. 

Due to high demand in certain areas over others, some lines might be congested. This 

congestion pattern can be modified by manipulating the loads. A comparison is shown between 

solutions of the OPF problem with and without demand side management. The proposed model 

is tested on IEEE 3-bus and 30-bus systems. Contour plots are reported to visually illustrate 

the change in system cost as a function of change in loads. The loads that present the highest 

decrease in system cost is picked as adjustable loads for future use. 
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INTRODUCTION 

With advancements in technology and the rise in commercialization, power demand keeps 

increasing and the existing power system is not capable of fully accommodating this rapid 

growth. Reliable power sources and tools to achieve economically viable power generation and 

distribution is of utmost importance. This study proposes a model to overcome transmission 

line congestion. Transmission congestion occurs when there is insufficient energy to meet the 

demands of all customers. Attempting to operate a transmission system beyond its rated 

capacity is likely to result in line faults and electrical fires , so this can never occur. The only 

ways the congestion can be alleviated are to tune the system to increase its capacity, add new 

transmission infrastructure, or decrease end-user demand for electricity [ 1]. The last option will 

be explored. 

DEMAND-SIDE MANAGEMENT 

In economic terms, electricity is a commodity capable of being bought, sold and traded. An 

electricity market is a system enabling purchases, through bids to buy; sales, through offers to 

sell. Bids and offers use supply and demand principles to set the price [2]. These bids from the 

consumers form the basis of demand-side participation. Demand-side Management was 

introduced publicly by Electric Power Research Institute (EPRI) in the 1980s [3]. Now it covers 

a broader functionality ofplanning, implementing, and monitoring activities of electric utilities 

which are designed to encourage consumers to modify their level and pattern of electricity 

usage in addition to its primary purpose [4]. This change in usage is influenced by providing 



financial incentives to patrons and by educating people on the matter. Various types of demand 

measures have been in use over the years. Some of them are: 

1. Use of energy efficient devices. 

2. Demand response: which refers to any intentional modification at the consumer side. 

3. Dynamic demand to balance the load peaks. 

4. Distributed energy resources. 

Even with these measures, supply demand m some areas might cause line congestion. 

Depending on the type of demand, some demand-side manipulation can be implemented. These 

types can be inelastic and elastic. Inelastic demand in economics is when people buy about the 

same amount whether the price drops or rises. Elastic demand is when the quantity demanded 

changes more than the price does [5]. What this means is, there is no demand-side participation 

or bidding for inelastic demand and hence the consumers get the demanded power by being 

willing to pay whatever price is asked for. Elastic demand can be bid for and it is acceptable 

for some demand to be not served. This work uses salary information available online for 

different areas to determine the bids. 
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LITERATURE REVIEW 

Being one of the most fundamental necessities of modem society, plenty ofresearch is taking 

place to restructure the electric power industry for optimal results. The term DSM was coined 

following the time of the 1973 energy crisis and 1979 energy crisis [ 5]. Since its first 

introduction in 1973 there have been huge developments and some of the key contributions in 

this area are: A geometric framework was introduced in [6] based on which upper and lower 

bounds on optimal data attack are obtained and evaluated by simulations. This paper also puts 

forth the idea of moving the operating point which is visualized using state space. Optimal 

bidding functions are theoretically derived in [7] which is used in this project to form a 

relationship between a normal distribution and willingness to pay curve for a price-based or 

elastic system. 

H. Oh and R. J. Thomas show how congestion plays a critical role in determining which 

generators, if any, have market power in [8]. This prevents reduction of market efficiency by 

generators gaining market power. A method for estimating the M matrix by using publically 

available data to identify market power is prosed in [9]. M is the dispatch-to-price sensitivity 

matrix which will help in sensitivity analysis. 

A method based on multi-parametric quadratic programming is proposed in [l O], in which local 

economic dispatch in each area is solved with interchange flows as parameters, and the overall 

cost is minimized by a coordinator. As a development from [10], [11] proposes an algorithm 

based on the partition of the system states into internal and boundary state variables. By 
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exploiting the change of active constraints in the local optimization problem, the proposed 

algorithm has the finite step convergence property and requires limited information sharing. 

A novel probabilistic real-time LMP forecasting algorithm that exploits the knowledge of the 

pricing mechanism is presented in [12] using a state space approach and [13] shows a Multi

Parametric Quadratic Programming approach that adopts a different exploration strategy for 

subdividing the parameter space, avoiding unnecessary partitioning and QP problem solving, 

with a significant improvement of efficiency. 
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DEMAND-SIDE MODELING 

All case studies are assumed of having up to 3 adjustable loads for the sake of visualization, 

starting with the IEEE 3-bus system shown in figure 1. This system has two generators and 

three lines. The offer and bidding curves are determined in this section using the system data 

and salary information. The system has 2 generators and 3 loads with a total power demand of 

315MW. In the next sections, offer curves, salary distribution and willingness-to-pay curves 

for this case are discussed. Buses 1, 2 and 3 are considered to be cities Buffalo, NYC and 

Rochester respectively. 

G1 G2 
120M 200MW 

2 

110MW 110MW 

3 95MW 

Figure 1 IEEE 3-Bus System 

OFFER CURVES 

The offer curves are determined from the existing case data and plotted as a function of price 

vs quantity. The offer blocks are divided into one 80% and four 5% blocks. As these offers are 

based on the day-ahead forecast demand, there is an additional 5% of power offered in case of 

higher demand during real-time operation. 

The offer prices are in increasing order and the first large block of 80% power is offered at the 

lowest price. The last 5% of the power is sold at the highest price with the remaining blocks 
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ranging between the two. With generator 1 at capacity 120MW and generator 2 at 200MW, 

figures 2a and 2b show offer curves for generator 1 and 2 respectively. Correspondingly, the 

prices and quantities based on the offer curves are listed in tables la and lb, respectively. 

Offer curve fromgenerator 1 
160 

140 

.c 120 
?; 
~ 100 
ff, 

,!i 
Q) 80 
(,,) 
'l: 
ll.. 60 

40 

20 
0 20 40 60 80 100 120 

Quanticy in MW 

2a 

Offerourvefrom generator 2 
~0 ,---.---.---.---.---,......a.-,---.---.------,,--.--, 

400 

~ 
~ 300 
Ill 
C 

~ 200 
t: 
0. 

100 

0 '--'--'--'--'--'--'--'--'-'-'-'-' 

0 20 40 60 80 100 120 140 160 180 200 
Quanticy in MW 

2b 

Figure 2 Offer curves from a) generator 1 and b) generator 2 
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Table 1 Values from offer curves at each generator 

Generator Block 1 Block 2 Block 3 Block 4 Block 5 

Bus $/MWh $/MWh $/MWh $/MWh $/MWh 

1 30 50 70 110 150 

2 35 100 220 300 500 

Offer Prices in MWh 

Generator Block 1 Block 2 Block 3 Block 4 Block 5 

Bus MW MW MW MW MW 

1 96 6 6 6 6 

2 160 10 10 10 10 

Offer quantities in MW 

SALARY DISTRIBUTION 

Salary data obtained through census is available in [14] and is represented in figure 3 with x-

axis as Salary in $1000 and y-axis as cumulative population in %. The 3-bus system is assumed 

to have nodes at cities Buffalo, Rochester and NYC. The graph in figure 3 shows the cumulative 

salary distribution of the three cities in blue (_.), green (•)and red( ■) respectively. An annual 

income of <$ 1 Ok up to >$200k is noted and the percent of people with at least $xK of annual 

income is plotted below. The data is available in ranges of $10K, the percentage population is 

added starting from percentage of population with more than $200K annual income moving 

down to less than $1 OK. 

The mean and standard deviation is determined based on data from figure 3 and is listed in 

table 2 for all cities. 
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Salary Curve 

90% 

80% 

70% 

30% 

20% 

10% 

0% 

20 40 60 80 100 120 140 160 180 200 

Salary in $1000 

Figure 3 Salary distribution in the cities of Rochester, Buffalo and NYC 

In $*1000 Buffalo Rochester NYC 

Mean Salary 50.12 46.41 76.82 

Standard Deviation 46.42 41.63 60.9 

Table 2 Mean and Standard Deviation for each city 

By curve fitting, the data is noticed to be in a cumulative normal distribution function. From 

table 2, normal distribution of the given data can be determined by the following equations. 

Normal distribution function: 

-(x-µ)2 

e 20- 2 
(1)

f(x)= -Jziwi 
21w 

Cumulative normal distribution: 

(X) -(t-µ)2 

f 
(X) 

f e 20- 2 

F(x) = f(t)dt = ~ dt (2) 
v2rw2 

X X 

Which is reduced to an error function: 
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1-erf(--x-µ) 
(3)

F(x) = -../2.CJ
2 

Plotting equation (3) with respective meanµ and standard deviation CJ with x (0, 200) gives the 

below curves shown alongside the salary data points. Shown in Figure 4, this also proves that 

the available data can be fitted into a cumulative normal distribution curve. 

Salary data and normal distribution 

□ Rochester 
0.9 6 Buffalo 

□ NYC 
0.8 

0.7 

::,g 
~ 0.6 
C 

._g 0.5 
<1l 
:5 
§- 0.4 
a. 

0.3 

0.2 
□ 

0.1 

0 L_____._____-'------======3:aa=--...Jil==--.,,.,,--l 
0 50 100 150 200 250 

Salary in $*1000 

Figure 4 Salary distribution compared to normal distribution in all cities 

WILLINGNESS-TO-PAY CURVES 

As discussed in previous sections, the demand can be classified into two types. 

Price-based or elastic demand: Consumers are willing to sacrifice reliability to reduce price of 

electricity. 

Must-serve or inelastic demand: Consumers need high reliability and are willing to pay for it. 
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The distributor and consumer draw a contract that allows marginal sacrifice of reliability. An 

interruptible load contracting (ILC) specifies the number of times all the demand that doesn 't 

need to be met in the given contract period. With the terms: 

1. There are n-times an ILC is allowed in given period. 

2. If the distributor has used all ILCs the individual load is treated as a must-serve load. 

3. If ILCs are used more than the allowed number, the distributor can be penalized. 

In this case, the demand is assumed to be price-based and the distributor has not used all the 

ILCs. The optimal bidding function for price-based demand derived from [8] is used to 

calculate the bidding prices as explained further. 

( ) Pmax 
p q = 1 + Pmax - Pr exp (q - qt) (4) 

Pr fr 

where, 

p = Bidding price in $/MWh 

Pmax = Maximum possible bidding price in $/MWh 

Pr = Reasonable price in $/MWh 

q = Quantity in MW 

qt = Forecast demand in MW 

fr = Freedom factor 

For this project we 're only considering the price-based demand as must-serve demand cannot 

be manipulated to relieve transmission line congestion. 
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Price-Based Demand 

The price-based model has a few estimations that are mentioned below. 

1. From the average income distribution, the median income and standard deviation are 

computed and a normal distribution function is formed. 

2. From the normal distribution of the salary function, the median µ is taken as the 

freedom and the standard deviation is taken as the reasonable prize Pr· 

[rpb = 5CJ/µ andpr = µ/2000 

3. From the case data, forecast load qF is ll0MW, ll0MW, and 95MW at each bus 

respectively. 

4. The maximum biddable price Pmax is taken as $1000/MWh. 

These estimations are substituted in the optimal bidding function equation ( 4) and the resulting 

curves are plotted individually as shown in figure 5. The plot is then divided into 5 blocks 

similar to offer curve and the price at each block is the bidding price. 

The blocks are divided at 15% (must serve load), 60% and three 10% blocks. The must serve 

load is bid at the maximum biddable price of $1000 as this load will be paid for at any price 

named. The other four blocks are bid for at the prices corresponding to the point at which the 

curve intersects the block. The bids are made for an additional 5% as the given load is just a 

forecast and might vary in real-time. Table 3 shows the bid prices and the bid quantity at each 

bus for each block. Bid prices and quantities at each bus divided into 5 blocks based on the 

willingness-to-pay curves. Each load represents a city. 
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Willingness to pay curve 
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Figure 5 Willingness-to-pay curves based on salary distribution at Buffalo, New York City and Rochester 

Table 3 Bid values from willingness-to-pay curves 

Load Block 1 Block 2 Block 3 Block 4 Block 5 

$/MWh $/MWh $/MWh $/MWh $/MWh 

1 1000 998.31 321.93 126.43 42.25 

2 1000 999.80 543.20 231.09 69.81 

3 1000 994.38 235 .67 101.59 35.77 

Bid princes in S/MWh 

Load Block 1 Block 2 Block 3 Block 4 Block 5 

MW MW MW MW MW 

1 16.5 66 11 11 11 

2 16.5 66 11 11 11 

3 14.25 57 9.5 9.5 9.5 

Bid quantities in MW 
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The bids and offers determined from the above sections can be used to simulate a market using 

MATPOWER. MATPOWER [15] is a package of Matlab M-files for solving power flow and 

optimal power flow problems. It is intended as a simulation tool for researchers and educators 

that is easy to use and modify. 

1. Convert block offers and bids into corresponding generator capacities and costs using 

MATPOWER function off2case.m 

(Off2case updates case variables gen and gencost from quantity and price offers). 

2. Run an optimal power flow with de-commitment option (uopf) to find generator 

allocations and nodal prices (Ap ). 

3. Convert generator allocations and nodal prices into set of cleared offers and bids. 

DC OPTIMAL POWER FLOW 

When using DC network modeling assumptions and limiting polynomial costs to second order, 

the standard OPF problem above can be simplified to a quadratic program, with linear 

constraints and a quadratic cost function. In this case, the voltage magnitudes and reactive 

powers are eliminated from the problem completely and real power flows are modeled as linear 

functions of the voltage angles. The optimization variable is 

(5) 

and the overall problem reduces to the following form. 

ng 

min"'°' [/Pi (6)
0P pgL 

' g i=l 

Subject to, 

13 



(7) 

i E c;r,ref 

i,min < i < i,max
Pg - Pg - Pg , i = 1 ,,. ng 

The DC Optimal Power Flow problem is solved using the MATPOWER function "rundcopf' 

which returns a result structure and a success flag [15]. 
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SIMULATION AND RESULTS 

DC OPF SILMUALTIONS 

Market Simulations for case study 1 

The IEEE 3-bus system is modified based on the offers and bids determined in the previous 

sections. MATPOWER [15] toolbox is used to run DC OPF simulations under different 

conditions. 

Case 1: Inelastic load with no congestion 

Offers from tables 1 and 2 are used. No bids are taken. Figure 6 shows the resulting power 

generation, load dispatch and LMP for this case. It can be noticed from the Lambda column in 

Bus data that when there is no congestion found, all loads are dispatched at the same price. In 

case of inelastic loads, all demand is met but the price is rigid and can be very high at times. 

Generation L oad L ambda ($/MVA- hr) 

p (MW) Q (MVAr) p (MW) Q (MVAr ) p Q 
-------- - --- --- - --- ----- -------- --- --- - --- --- -

12 0 . 00 0 . 00 11 0 . 00 0 . 00 500 . 000 

1 95 . 00 0 . 00 11 0 . 00 0 . 00 5 00 . 000 

95 . 00 0 . 00 5 00 . 000 
-------- -------- -------- --------

3 1 5 . 00 0 . 00 3 15 . 00 0 . 00 

Figure 6 Result bus data for case I 

Case 2: Inelastic Load with congestion 

With the same offers as case 1, the simulation is performed with an artificially induced 

congestion. For the sake of demonstration, the capacity of line 1 is reduced to result in a 

congestion between buses 1 and 3. A change in LMP can be noticed at bus 1 and 3 from the 

results in figure 7. 
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Generation Load Lambda ($/MVA-hr) 
p (MW) Q (MVAr) p (MW) Q (MVAr) p Q 

-------- -------- -------- -------- ------- -------
11 5 . 33 0 . 00 11 0 . 00 0 . 00 150.000 

199.67 0 . 00 11 0 . 00 0 . 00 500 . 000 

95 . 00 0 . 00 791. 667 

-------- -------- -------- --------
315 . 00 0 . 00 315 . 00 0 . 00 

Figure 7 Result bus data for case 2 

Case 3: Elastic load with congestion 

An elastic load can have bids from the consumers and for this simulation, bids from tables 3 

and 4 are used. In case of an elastic load, the demand forecast column in the bus matrix is 

cleared and the loads are treated as negative generators. From the results in figure 8, it can be 

noticed that the LMP is drastically reduced by satisfying 90% of each load with a 10% 

compensation. 

Gener ation Loa d Lambda ($/MVA- h r ) 

p (MW ) Q (MVAr ) P (MW) Q (MVAr) P Q 

11 4 . 00 D. D0 99 . DD" D. DD" 12 3 . 279 

17 0 . 00 D. D0 101 . 61 " D. DD* 137 . 90 4 

83 . 39* D. DD* 150 . D9 1 

28 4 . D0 D. D0 2 84 . D0 D. 0D 

Figure 8 Result bus data for case 3 

These simulations prove that demand side participation significantly reduces cost. 

With the intention of validating this model for a larger system, the IEEE 30-bus system shown 

in figure 9 is considered. To improve the computation efficiency for planning a large-scale 

power system this system is reduced into a 6-bus system. 
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Area 2 Group IV 
Gen 1 Gen2 

Group II 

5 

0 Group V 
26 

25 22 24 

30 

Area3 

Figure 9 IEEE 30-bus system 

Recent development of a new network reduction algorithm yields such a model with a given 

grouping ofbuses [22]. Figure 9 shows the original IEEE 30-bus system which is grouped into 

6 parts to represent the system in a 6-bus system as shown in figure 10. 

4 

2 3 
--------,_ -_ -_ -_ -_ -_ -_ -_ -_ + ...-_ -_ -_ -_ -_ -_ -_ -_ -_ -_ --t_,i.i '~ 

5 
Figure 10 Reduced 6-group system after grouping 30-bus system 
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CONTOUR PLOTS 

Despite the fact that the state space illustrates regions of different LMPs, it does not visualize 

the actual cost of the system. The impact of varying different pairs of loads on the system cost 

is visualized in form of contour plots by varying 2 loads at a given time. The system cost is 

plotted as a function of 2 variable demands and the load(s) with highest effect on system cost 

will be used for demand control. 

Figure 11 is an equi-cost contour plot of the modified 3-bus system with respect to the 2 

adjustable loads at buses 2 and 3. Since load 1 of the system is zero, and loads 2 and 3 result 

in a $45/h to $55/h and $45/h to $50/h per MW of power respectively. Hence it can be shown 

that controlling load 2 has a larger effect on system cost. 

.,:; 
.;, 8000 
.£ 
1i, 
0 
(.) 

E 7500 

>, *(I) 

7000 
0 

0 

Change in load at Bus 2 in MW -20 Change in load at Bus 3 in MW 

Figure 11 System cost contour plot for case study 2 

Figures 12 and 13 show contour plots for the IEEE 3-bus system with respect to a pair of 

adjustable loads. Figure 12 shows equal change in system cost for equal change in loads 1 and 

3 which is around $31/h to $35/h for lMW of power. Hence loads 1 and 2 the same effect on 

system cost. Figures 13 show effects ofloads 1 and 3, and 2 and 3 which have the same effects 
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as load 1 and load 2 are equal. It is also noticed to be equal around $32/h to $35/h per MW of 

demand. 

5600 5600 

" 5400 " 5400 ~ ~ 
1n85200 8 5200 

E 
.!l ~ 
~ 5000 ~ 5000

(/) (/) 

4800 
0 

-10 
Change in load at Bus 1 in MW Change in load at Bus 2 in MW Change in load at Bus 3 in MW 

Figure 12 System cost contour plot for IEEE 3-bus Figure 13 System cost contour plot for IEEE 3-bus 

system with respect to load 1 and 2 system with respect to load 1 and 3 

All loads in the IEEE 3-bus system seem to have the same effect on system cost and any or all 

of them can be used as variable loads for demand control. 

Figure 14 to 13s show system cost contour plots for the reduced IEEE 30-bus system. Having 

6 loads, this system can have 15 different combinational pairs of loads that can be varied for 

demand control. 

5400 

~ 5300 i 5300 
<= <= 

1n
8 5200 8 5200 
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From the above contour plots of system cost from case study 3, the change in cost due to loads 

was determined to be 

Load at Bus Change in System Change in load 
cost in $/h possible in MW 

1 30 9 
2 35 .2 to 39.5 1 
3 57 to 62 1 
4 64 to 67.5 2 
5 20 1 
6 80 2 

Table 4 Change in system cost 

Hence it can be observed that loads 6, 4 and 3 cause the largest change in system cost in that 

order. But load 1 has the largest range, 9MW of decrease possible. Also, varying loads 1 and 6 

to their maximum allowed compensation as a pair results in the largest decrease in system cost. 

From these contour plots it can be concluded that loads 1, 6 and 4 provide the largest overall 

decrease in system cost in that order even though 6, 4 and 3 provide the largest decrease /MW 

change. 
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FUTURE WORK 

There are many concepts that can be added and ways in which this project can be further 

improved. A few of the possible immediate developments would be to consider Value of Lost 

Load (VoLL) and Social welfare functions. VoLL is an estimation of the maximum price 

consumers are willing to pay in order to avoid outage. At that price they will be indifferent 

between, on the one hand, being supplied and paying the price and, on the other hand, not being 

supplied (and pay nothing) [23]. Social welfare of the system is defined as the difference of 

total benefits of buyer from that of sellers, so maximize social welfare means to increase the 

demand side or seller side cost and decrease the generating side cost [24]. Addition of these 

concepts to the proposed model could provide better results. 
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CONCLUSION 

In this study, salary data for different cities was gathered and converted into willingness-to

pay curves, consequently into electricity bids. The effects of line congestion due to high 

demands were observed. The DC OPF simulations with and without bids were recorded and 

compared; to declare that demand-side participation significantly reduces LMP. Additionally, 

contour plots were drawn to show the load effects on system cost. The load or combination of 

loads that bring about the largest change in system cost was determined, which can be used for 

demand control with best results. A model for demand-side control using the available salary 

data was hence proposed. 
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