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ABSTRACT

A significant number of people‘wofldwide‘live‘in rural
viliages With only part—timé electrical power ér no powér'at
all. 1In an effort to address this deficiency, the U.S. ‘

‘National Renewable Energy Laboratory (NREL) is developing
‘ hybfid renewable power systems composed of photoﬁolfaic
panels, wind turbinés, battery banks, and aiesel geneiators
to deliver 24-hour power.

In keeping life Cycle costs of these systems to a
minimum; an appropriate dispatch strategy can contribute as
much to reducing cost as the proper choice of system
architecture. Current dispatch strategies consider only
current net load and current state-of-charge of batteries;
The ' framework developed here considers future net load
" realizations in‘determining 6ptimal dispatch strategies.

Tﬁé model is a Markov Decision Process solved using a
’Policy Iteration algorithm. The algorithm produces a péliéy
that maps each state that the hybrid renewable power-system‘

can occupy to an optimal action. The dispatch policies
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considér imﬁédiate and long rﬁn ramifications of an action on
lifé—cycle—cOst. |

The results éhow that over different values‘of diesel
fuel cost, battery wear cost, and loss of service‘pénalties
tﬁe'optimal stratégies minimize the long-rﬁn average cost.
Furthermore, minimal implementation costs make the optiﬁal
stfategies an attfactive alternative to héuristic stfatégies
that are currently used to dispatch hybrid renewable power

systems.
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Chapter 1

INTRODUCTION

1.1 Motivation

Worldwide, sbme two billion people live wifhout
electricity (Lilienthal 1995,‘1).‘ These people who lack
such things.as‘clean water, refrigerated foods and -
medicines,‘telephones,'and radios, miss the social,
economic, and health benefits that these neCesSities afford
the rest‘bf the wdrld. The goal of the U.S;‘National
ReneWable’Enérgy‘Laboratory (NREL)ris to integrate
‘affordable ahd ?racticél reneWable‘energy technologies, such
as photovoltaics (PV) and wind power,_into rural economic-
| dévelopmeht; By doing so, these renewabie énérgy systems
couid’pfovidé many benefits, sﬁch as water pumping
_capability, electrification of schools, community centers
.and health clinicé, and‘desalinization, or disinfection of
water.

" In addition to those people who do nofbhave

‘electriCity, a sizable number of people worldwide live in

rural villages with only part-time electrical service




provided through diesel generation. The Réﬁewables for
Sustainable Village Power group at NREL is developing hybrid
renewable power syétems (HRPS) that include small Wind
‘turbines, photovoitaic panels, battery stbrage, and diesel
generators to proVide 24-hour power to remote Villages.
'These hybrid Systems often outperform the genératoi-only
systems‘with highér quality; greater reliability, lower

cost, and reduced environmental degradation (Flowers 1997).

1.2 Generic Hybrid Renewable Power Systems

A generic HRPS is shown in figure 1. The “AC
generators” represent’varioﬁs sources that prodﬁce
altérnating cﬁfrent.’ Such sources inciude AC wind turbines
ahé AC diesei generators. It is the diesel generatof'thaf
we are frying to incorporate into, or build a HRPS around;
to provide 24—hour‘power. The “DC.generators” représent
Various energy sources‘that produce direct current. Sﬁch
devices include DC withturbines,'DC diesel'generatoré and
"phdtbvoltaic panels. “AC loads,” represent typiéél fixtures
or appiiahées that require alternating current similar to

those that one might find in any:U.S. household. “DC
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Figure 1. Generic Hybrid Renewable Power System




Loads;” represent special fixtures or appliancesvsuch as
lights, refrigerators, or water pumps that require direct
~current. Direct current appliances are not eemmon ih the
United States but are often used with renewable energy
systems. Almost all HRPS have an inverter, a rectifier, or
both. The inverter, through a special configuration of
diodes and other electronic components, coﬁverts direct
'current into alternating current for appropriate end-use by
. the eonsumer. The rectifier does the opposite and converts
aiternatiﬁg current into direct current for use‘by DC'loade'
or for storage in the "DC storage" componept, namely
batteries.

"Control of the energy flows into‘and amdng the
~components of this System can be very complicated.t For
“example, in any typical hour, one would have to eheck the
‘flevel of the AC and DC loads (electrical demand). If the
-power provided by'AC generatore (wind turbines) combined
:with the inverted DC energy"etored in the batteries'and_the
inverted DC generator pewer is high enough, then the diesel
generath could be left off. 1If the AC‘and DC generator;
t.power is higher than the loads, then one might wapt to store

seme of this energy for future use. This would require the



AC energ§ be rectified and stored in the batteries, while
the DC energy could be stored directly. If the AC and DC
loeds happen to egceed AC and DC generation and battery
Stete—of—charge, then the diesel engine must be turned on to
meet the net load. 1In this case the challenge is to
determine the power level the generator should be set at in
order to meet, most economically, the net load,ltaking into

consideration future net loads.

1.3 Problem Statement

One barrier to using renewable technologies in rural
villages is the lack of analytical tools that accuretely
compare both conventional and reneweble energy supply
options; Assessing the least-cost mix of supply
technologies is a diffieult analytical probleﬁ that depends
,onnseveral factors. Among them are the quality and |
uncertainty of the various wind and sun resources, thevcosts
of acquiring equipment,‘fuel costs, and site‘specifie
descriptions‘of the daily and seasonal variations in'the
»eiectrical demand. Consequently, inexperienced users who
want to investigete the technical and financial_perfOrmance

of hybrid renewable power systems have a difficult‘time‘



chdbsing the right onekforvfheir.needs. To aid in chbosiﬁg
-_5a HRPS,-screening and analysis models, such as HYBRID"Z.
(Barley 1996}‘66).énd the Hybrid‘OptimiZatiénbModel for
Electri¢ Renewableé KLiiienthal 1995), are available. They
§ ‘aré usefui‘for feasibility sﬁudies that providé data on |
‘:éeyeral‘topics including comparisoﬁ'among existing”
technolqgies iﬁ‘terms>bf economics aﬁd performance leédihg
to éﬁ optimal désign‘for any pérticular application. HYBRID
-2 1is a:détailed simulation model which analyzes system
Ipefformance ovér time, once an architegture and dispatch
strategy haVé been decided upon. HYBRID 2 is very time
:cdnsuming to set ﬁp and run, éo it is important to Screen
out sub—optimal‘system'designs.avoiding unnecessary
simulation effort. One such screening model is the Hybridi
Optimization Mbdel for Electric Renewableé (HOMER) developed
by Peter Lilienthal of NREL. HOMER determines a set of
optimal or near optimal system‘designs, including
appropriate dispatch strategies, for furthér analysis by
HYBRiD 2. There has been an ongoing effort to implement a
predictive dispatch capability, such as the one presented |
here, into HOMER. While the effort here is a general

framework, HOMER is the platform into which this framework




Wili be incorporated at some future time.»‘A description of
HOMER 1is provided in Appendix A to give the reader an idea
of-the similarities and differences between the general
framework and HOMER.

Screening models Such‘és HOMER determine the lowest

life—cycle;ccst (LCC) HRPS through analysis of architecture

and dispatch strategies. A sound dispatch strategy, the

decision when,:and if,vto turn the generator on, ﬁow long ‘it
runs, and whether or not‘to use batteries, can contribute as
much to minimizing LCC as the selectibn of system components

(Lilienthal 1995).  Given a net load (village electrical

demand minus currently'available renewable power), tYpicalv

dispatch strategiee'considered are 1) load4following——just

rmeeting the net load; 2) cycle—charging——exceeding the net

load in order to charge the batteries, or 3) combined——

load-following or cycle-charging based on a predetermined
set of rules.  Chapter 3, section 7 contains a complete
description’of these strategies.

The problem with existing dispatch strategies is that

‘dispatch decisions are not optimal in any sense. They are

based on heuristic rules that employ»minimum/méximum battery

state-of-charge thresholds or minimum/maximum generator run-




time criteria to determine generator settings. Furthermore,

dispatch decisions are made during the currénﬁ‘time period
regardless‘of the expected net load next periQd. An
.improved‘implementatiOn makes a dispatgh’decision now,
taking iﬁto accouht the future net loads and optimizing
dispatch. At a minimum dispatch decisions based on mean
values of fufure net loads shduldvhelp‘tb reduce system
costs by taking advantage of a “good” system status to
‘mitigate the effééts of»a “bad” system status'some time in
the future. 1In practice, the future net loads are |
stochastic and one might only know the mean and‘Variance of
the nét‘loads in the future, described by some probabilistic

distributions.

1;4 Objectives

The goal of this réseaféh‘is to develop a general
framework for determining optimal diépatch stfapegies for
thé Qpefation of hybrid renewable power sys£ems. The
géneral framgwork will serve three purposes. The first
‘purpose:is as a tool Eo.bé incérporated intokscreening
models for detérmining dptimal dis?atch stratégiés for a

specific hybrid renewable power system. The second purpose



is to provide ah operator a'simple; understandable décision
making tool for determining how to ruﬁ a hybrid renewable
power system, given battery state-of-charge, electrical
‘ demahd, renewable resource, and time~of-day considerations.
The third is to provide a baseline for future implemehtation‘
of the framework into a PC-based cohtrdller.

| ‘The‘framework developed here is unique in that it
simultaneously‘considers generator costs, battery wear
“costs, and loss of‘load penalties‘in dispatch decisions
where other models consider'only some subset of the three.i
This gives‘the customer‘tﬁé flexibilify to trade service
availability for lower operating costs and vice‘versa, if so
desired. |

With this model, dispatch decisions can be made

independently of‘both the initial and final conditions of
the system. This is significant for two reasons. ,The first
‘reasoh is that the system user does not have to make
potentially sub-optimal decisions about battery charge
levels or generator settings at the beginning or ehd‘of a
planning"period. Tha:sécdnd reason is that, in the event of
a system stoppage, optimal dispatch decisions can be made

immediately, regardless of the state of theisystem or the



experience of the operator. Other models require

specification of initial and terminal system conditions or,

in the event of system failure, significant operator
involvement in re-establishing optimal dispatch conditions.
This framework is predictive in nature. It accounts

for the stochastic nature of the wind and sun resources and

“electrical demand anticipating potential net load

reélizations.in future.periods. In doing so, it considers.
both the immediate and long-term effects of any dispatch
debision;‘ Other HRPS models are»deterministic in nature or
only consider the impact of net load realizations Qver a
short planning horizon.

The model is also flexible enough to consider any non-

linearities in cost or constraint functions where many other
‘models must use piece-wise linear approximations to non-

linear functions.
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Chapter 2

REVIEW OF RELEVANT MODELS

"2.1 Other HRPS Models
While the econoﬁic value of forecasting wind has beeﬁ‘
éstéblished in relation tb utilities incorporating‘wind
turbine systems into existing grid structufes (Miligan 1995,‘
‘10)” little effort has been'given fowards'uéing knowledge‘of
“expected net load distributions for predictive dispatCh of
" hybrid renewable power systems.
Due to the difficult nature of solving such stochastic
‘models, many‘dispatch models are deterministic iﬁ hature.
Inlfact( §f the hybrid renewable power systemsisimulation
software available on the market, noné héve a ﬁredictiVe
dispatch capability’(Barley, 1993).
| .One determiniStic approach to dispatch for hybrid
renewable power systems is presented in Liiienthal (1995)
'whefe reqﬁired‘diesel power in each of 8,760 hoUrs‘éf
opération is‘solved for simultaneously using past, current,
and point éstimates of future net load values. While

illuminating, this appréach does not account for the
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stochastic‘nature‘of‘net loads. This linear prdgramﬁing
approach to dispatch does providé autométic sensitivity
analysis of important parameters in the modél., It also
xserves as the framework around which the cufrent version of
. HOMER was built.

Hancock (1995) develops a model of an.autonomous remote
area power system;(RAPS) consisting of photovoltaic, diesel
geherator, aﬁd battery.storage comenents. - His model-
ioptimizés dispatch strategy over a 24-hour period using
discrete one-hour débision iﬁtervals. Hancock considers
_genératbr fuel chf using a linear fuel consumption’CUrve,
bﬁt doe; not consider battery wear cost. He does consider

loss of load (not meeting demand) by applying an incremental

loss of load penalty_(ﬂb):
| llp = 5% (incremental fuel consumption)x (cost of fuel) $/kWh N

His‘methOd determines é dispatch strategy ﬁsing a mixed
‘linear programming—dynamié programming (LPﬁP) methodblogy
after Bannister énd Kaye‘(1991)-to model‘the femote solar-
dieéel—battery syétém. The method uses a typical dynamic

programming approach‘where linear programming is used in
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_each time step to determine a “cost-to-go” function. The

“cost-to-go” is a function of the storage level‘(battery
charge), which, in turn, determines an appropriate generator
setting. The LPDP method is a deterministic approach that

assumes perfect knowledge of future net loads. Hancock’s

model combines all of the familiar features of linear

programming and tﬁe flexibility of dynamic programming to
détermiﬁe optimal.dispatch decisions over the specified
planning horizon.

Kandil (1991) modelé'a'HRPS consisting of solar, wind
and\con?entional diesel‘generation, as well ‘as’ a storage
capability.-;He optimizes the dispatch of the autoﬁ§moﬁs
systém over afperiOd of 24 houré using discrete one-hour
time intervals. ‘He considers generator;cost, but not

battery wear cost. Loss of load is addressed by using a

| systém constraint that requires demand must be met. Kandil

uses a minimum cost generalized network flow model to

minimize:

TEC=YY OMCx FL; + FUELC 2
' i j c o .

The terms in equation 2.1 are defined in table’l.~‘



Table 1. Explanation

14

of Terms (Kandil)

TERM MEANING
TEC = Total Energy Cost
oMC = Operation and
Maintenance cost
i = ith operating'hour
j = ‘jth renewable
component (PV
panel, wind
turbine, etc)
fzr' = Power output of
’ ‘renewable energy
source '
FUELC = Fuel cost of diesel

In order to use

functions, he uses a

a network flow to model the non-linear

piece-wise linear approximation of non-

linear cost function, specifically the diesel fuel cost (FC)

curve which is expressed as

FC=aP?+bP+c
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where‘P ié the power setting of the diesel system in any one
hour and a, b,band Cc are constahts. The new TEC then

becomes

TEC=Y "> OMCxFL;+Y PCy
' i j koo

where k£ is the number of segments in the piece—wisé

linearization, Cj; is the unit fuel cost for segment %k, and
P, is the power output in segment k. The network is

deterministic in nature in that wind, sun and demand are
assﬁmed'to be known with certainty.“

The results of his model show that the generator is
| ﬁéver turned on in the 24—hour'périod over which the system
is optimized} This is significant in‘that'generator'fuel
usage is.the'largest variable cost of running a HRPS.  The -
“result is not unexpected, however. The system starts with
‘lOOO kWh of charge in the batteries and the highest demand
in any one-hour ié 300 kWh. Plus, the wind and solar
resources exceed demand in 12 of the 24 hours. So, the
.‘chance that the generator would have to be used for meeting

excess demand was remote to start with.
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Bariey (1996) develops a simple, underSténdable
‘fheuristic to address dispatch strategies. He considers a
‘HRPS composed of wind turbines, a diesel“genératbr and |
battefy storage. The objective of his work is to minimize
j N N
Cop=cf > (FiAD)+cpybattcapy [soc;_ —soc;1* (2.2)
i=1 : i=l
The terms in equation 2.2 are defined in table 2.
Barley analyzes actual data collected at three’HRPS sites to
'~ gain insight into the level of improvement that can be |
gained by having an “ideal” predictive dispatch.strategy.
'Iﬁ doingﬂso, Barley anaiyzes data for an entire yeér and
uses the data as a “yardstick” against which to measure his
heuristic dispétch methods. | |
His heuristic uses wind—ﬁo—averagé'load ratios (WLR),
diesel—fo—peak'loéd ratios (DLR) and fﬁelfto—battery cost
rétiosj(FBCR) to determine an appropriate dispatchvstrategy,-
,sﬁecifically load-following or cycle-charging. The fatibs

~are defined as

WLR = Average Wind Power

Average Load (Demand)
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DLR = Diesel Size
Peak Load (Demand)
o Bq,
FBCR = (2.3)

c,,w+Ac‘f(L—1)

Mrr
In equation 2.3, B is the diesel fuel consumption rate at no
‘ lQad (the “cost” in terms of fdel consumptiqn for’tu;nihg.
the geﬁefétbr on)vand A is the incremental generétor‘fueL |
coﬁsﬁmption rate.

Ba;ley utilizes a linear diesel fuel consumption curve
ana assumes the diesel generator is sized to at least meet
peak electrical demand. Thérefore,'the potential fbf ldés:
Qf ioad is minimiZed‘to the greatest extent possible under
his fﬁamework. Barley’s is a Simble and effective approach
to.dispatch,.but does not formally show optimality. ~His
anélysis considers a number of sites and ié_based on
empiricél data in contrast to the more ‘general Markov
Decision Process framework presented here.

Contaxis and Kobouris (1991) address prediction of wiﬁd
and electrical demand for a wind/diesel hybrid system
currenﬁly in-use in the Greek Islands. The HRPS they

‘consider has several diesel generators and wind turbines,



Table 2. Explanation of Terms (Barley)

“TERM

MEANING

Cop

‘cf

F;

At

Chw

battcap

Soc

Operating cost for
simulation period

‘Diesel fuel cost

Diesel generator
fuel consumption
rate

- Time step, hours

Cost of battery
wear

Béttery Capacity

State of charge of
the battery ‘

Index of time step

Total number of
time steps in

simulation period

Indicates summation
of positive term

: only

18
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vbufﬂﬁo storage'éapability (batteries). JThe system is
éssumed’to be éutonomous, requiring.no ﬁanual dispatch.
Unit éommitment, or détermining the nﬁmber of generators to
utilize over é fixed, finite planning horizon (T), is the
focus of their work. Their model uses a two step process:
the first sfep’is to forecast the‘electricai demand and wihd
resource over the planning horizon; and the second step is
to use é heuristic algorithm to determine unit commitment in
any given time period;

| The wind énd demand forecasts are assumed to be
lnormally distributed.random variables and are forecast using
ARMA models. Contaxis and Kobouris found forecasting the
wind resource to be a difficult undertaking. Forecasting
demand, howevér, is more reliable since demand can be |
'represeﬁted by a stationary process with strong
regularities.

Rather than using a heufistic algorithm, Bakirtzis and
Gavénidoﬁ (1992) use a more formal approach to predictive
dispatch. They>analyze the operation of a HRPS in the
céntext bf a stochastic dynamic program. 1In essence, they.
. use a very dehse decision‘tree and roll it back to determiﬁe'

optimal dispatch strategies. The system under bonsideration
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has multiple diesel genérators and wind turbines aékwell as
PV and battery storage. The goal of their analysis is to
determine’diesel:generator unit commitment and to provide a
schémevfor optimalvoperation of the system. Specifically,
their objective is to minimize the expected value of fuel

s . T Np ‘ | |
consumption, E{FT}=E{Z[ZFi(PDI,(t)]},‘ over a 24-hour period.

t=1 i=l '

Thé terms of the objectiVe function are exblained in'tablé
3. They use a‘linear fuel consumption curve, but do not
cénsider battery wear costs. Loss of load is a minor issue
in their model since committing an additional generatbr:can
avéid loss of.load.
| Bakiftzis ahd Gavanidou find their prediction of demand
to be satisfactory, but find wind and sun résoufces té be
difficult to‘predict. For defining their Staté—space they 
vassume'thaﬁ the wind, sﬁn, and demand distributidnsbare‘
normally distributed and sfatistically independent. This
facilitatésybalculation of the transiti9n pfobabilities from :
one stafebto the next, becausé the tranéition probabilitY-iS‘

simply the product of the three component prbbabilities.
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Table 3. Explanation of Terms (Bakirtzis)

MEANING

TERM
Fr Fuel cost over
period of length T
t Time index
T Planning horizon
i ith diesel
~generator
Np ‘Total number of
generators
- F Fuel used by the
ith generator
Power setting of

the ith generator

in time period ¢

They use a discretization method for wind, sun and load

distributions, similar to the one used here. The result of

their modeling effort is a “look-up” table which has optimal

' battery state of charge settings for each hour of the day

iwith diesel generator settings that are calculated

separately.

Their assumption of a specific time horizon has an

effect on the initial and final states of their system and

the optimal action at time, T.

Specifically, Bakirtzis and
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Gavaﬁidou assume that the béttery bank must be fully charged‘
vtd‘a level of 400 kWh at the beginning and end of the 24—
héur period. Such assumptions of where the system should
“start” and where it should “end” in terms df system status
could possibly lead to sub—optimal solutions. .By assuming a
specific ﬁimé'period ovér which thé‘system must-be
optimizéd, it may well be that the “optimal” dispétch up to}
and including period T may produce sub-optimal ;onditions
for perist T}l onward}' The necessity of making system
status assumptions and time hofizoﬁ‘specifiCations can be
jaVoided by assuming the HRPS can be modeled as an infinite

time horizon, Markov Decision Process (MDP);

2.2 Model Presented Here

| ,'ASSUming an infinite time horizon MDP is advantageous .

because its Bellman equations

V(s)=ma Hu(s,a) + B _[V(s’)p(ds' s,a)] " (2.4)

have attractive properties. 1In particular, if we define the

right hand side of equation 2.4 as the Bellman operator,
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s,a)]

TOPX(s) = max{u(s,a) + B [W(s") pds’

equation 2.4 can ﬁow be written as, P’=ITV); which meahé 14
is a fixed;point of ' This implies that for'thé discrete
_dynamic system model used here, unique eéuilibrium-states
'foi eachvstate—value V(s) exist; Therefore,:starting from
any initial state,‘the system will evolve towards
equilibrium (Rust 1996, 635). A direct result of this is
that the policy given by the solution of thelinfinite
horizbn MDP constitutesvan optimal decision rule for each
state the system can 6ccupy (Rust 1996, 636). Thus, unlike
! heuristic methods thét may only be‘optimal under specific"
donditions, the algorithm is optimal regardless of the
conditions.

‘The model develbped here can accept any combination bf
linear or non-linear cost or constraint functions and can
evaluate complex, non-linear relationships and échieve
globally optimal solutions. The distributions of the wind, -
sun, and demand that make up the net load distribution |
(enefgy demanded minus énergy provided by reneWable
resources) caﬁ be anything, meaning statistical independence

of the three components is not required as long as the net
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kmload distribution can be discretized. Furthermore,’the
framework anticipates the net load realizations, so it ie
predictive in nature. The model assumes the system can be
‘run autonomously, but the product of model also‘allows for
simple,mmanual dispatch of the system. The look-up tables it
‘produces are optimal generator settings that allow an
inexperienced operator to run the system.
Generally, the HRPS considered for remote villages héve

only one generator and therefore do not have the luxury Of,
: using oﬁe more than one unit, so unit commitment is not |
considered although it could easily be‘incorppratedbinto the,
model. |

- The framework is flexible in the sense that loss of
-lpéd cost, the size of which is determined by the magnitude
of the ioss of load penelty, can be traded against generator
’and battery wear costs, if desired. 'Net load profiles are
examined where loss of load is likely to occur, giviﬁg a
realistic set of results_to examine; |

‘The disadvantaée of using an MDP is that it is

computationally expensive relative to a linear programming
- or a finite dynemic programming approach te the dispatch

problem. This is due to the “curse of dimensionality” (Rust
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1996, 625) encountsred in defining too iérge a state-space
and/or action set. ‘Also, by discretizing the state—space
"and action set,‘the optimai solutions contained here are
‘limited to ﬁnose combinations of staté; action and net load
realizations defined by:tne state—spaoe. It can be shown,
“however, that.faifly “coarse” discrefizations oo a good job
of approximating underlying continnousyfunctions (ﬁust 1996,
j659). Figure 2 shows.a oomparison of this framework to the

other models described here.
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Model
presented
here

Lilienthal

Hancock

Kandil

Barley

Contaxis &
Kabouris

Bakirtzis &
Gavanidou

Considers
Battery
Cost

Considers
generator
cost

Considers
loss of
load

Considers
manual

dispatch

Accepts
linear

functions

Accepts
non-linear
functions

Dispatch
indep.of
starting
conditions

‘Dispatch
indep.bf
final '
conditions

Predictive

Stochastic

Figure

2. Comparison of HRPS Models
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- Chapter 3

MODELING THE HYBRID RENEWABLE POWER SYSTEM

In this chapter I analyze the hybrid renewable power
system dispatch problemffrom a theoretical approach as
suggested by'Ethridge (1995, 133)‘and then outline tﬁe
- specific assumptions made in modeling the HRPS. The problem .
of operatipg a HRPS can be framed in terms of a sequential
deciSion making process over time. - Consequently, it is well
‘suited for treatment as a dynamic program, specifically, a

Markov Decision Process.

3.1 Dynamic Programming

Dynamlc programmlng is a useful framework that
practltloners apply to a variety of mult1 -stage de0151on
problems occurring over time or when cho;ces are made
.sequentially. The operation of a HRPS fits‘nicely into this
category. Problems that are formulated and solved using-
dynamic programming have several common characteristics.

They are shown in table 4.
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Table 4. Typical Characteristics of a‘Dynamic Program

Characteristic Notation
Time Index (or Stages) te{0.2,.,T},T<o0
State-Space § such that se.g; s'eS

s is a state the system is
currently occupying

s' is a state to which the
system can transition

Action Set . A such that ae 4

a is an action available to
the decision-maker in state s

: C: the cost of going from s
Cost , o ) X ,
to § upon taking action, a

The status of the system is déscribed by a'state~vectbr'
containing variables that adequately describe the evolution
ofvthe system up to a particular point in time;i_If'the
future is known with certainty, i}e.,rit is detetministic,
.or for that matter even if the future is uncertain, an
optimal dispatch strategy or policy, prescfibing whét action
to take from the current state, can be determined.

| In the deterministic case, any éction taken determines
the next state of the system. In the case where the outcome

of a decision is uncertain and a probability distribution
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fof occupying a state at the next stage is‘known, the system
is considered to be stochastic (White 1969, 24). .In the
stochastic case, probability transition matriceslare
introduced into the dynamic programming framework. ‘They
describe the chances of the system transitidning from s to

!

.S ‘given some action takén in'state S .
. With a stochastic dynamicﬂprogram, the actual decision
'péth now depends on how the random aspects of the system
manifest theméelves. Because of this,‘“solving” a
:stochastic dynamic progfam involves giving a decision rule
for every possible sﬁate of the HRPS, ndt just along a
_sihgle optimal path through time which is tﬁé result of
solving the deterministic case (Trick 1998). 7

For ‘finite time dynamic programs (7I<w) finding the
optimal solution is accomplished by evaluating the dperation
of the system, one stage at a time, starting with the'last
sﬁage and working béCkwards in time. For infinite time
hérizon dynamic programé (I'=w0) other solution methods are
.used to find the optimal solution. Some of the methods‘
available for solving infinite time MDPs are succeésive
approximations, acceiefated successive approximatiéns using

'error bounds, and various forms of Policy Iteration (Rust
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1997, 653—658); Regardless of the time scale of thé dynamic
program) the optimal policy (x°) obtaiaed is one that |
determines at each stage for any state, a uniqﬁé action to
be taken from among the allowable actions (White‘1969, 29).
The'policy is determined by using Béllman’s‘principle of
optimality (Bellman l957). Succinctly stated by Lapin
(1985) as: "Thé optimal:policy must be one such that,

| regardléSS of how a particular state is reached, all later

choices proceeding from that state must be optimal."

3.2‘Markov Decision Proaesses

| The problem considéred here is suitably framed as a
finite, discrete, infinite time horizon stoahastic;dynamic
program, commonly referred to as a Markov Deciéion Process.
Such a dynamic program, in addition to theyCharactétistics‘
described in table 4, has a set of transition probabilities
}that determine the mbvemeﬁt of the system through its state-
space.

The MDP has a “finite” number of states, S={,2,3,...,N},
with transition probabilities, P£,=1K§b¢0, from some

initial state, seS, to another state, s'€§S, being

dependent only on the initial state, and an action, a,
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taken from a set of » finite actions, 4={a,,9,,0,,...,a,},

‘aVailable to a decision-maker in state s. For this

framework, the number of actions in any state must be

finite, but the number of actions available in each state

may be different from one state to the next (Howard 1960,

- 28).

The state descriptions are an especially important

aspect of framing a-problem as a Markov Decision Process.

The state should inform us of as much about the environment

" as possible in a way that summarizes the relevant history of

- the process completely and compactly. In particular}'ifv'

certain events that have a béaring on the decision to be

{made have happened prior toia speéific‘stage in the decision

process, then the stéte-descriptidn must record these events

(White 1969, 32). ‘A state description that succeeds in

- retaining all relevant information is said to be Markovian

(Sutton 1998, 61-62). This means the probability of moving

from one state to another state is independent of time.

This "memoryless" property can be assured with proper state

déscriptions using a state-vector that captures the salient

features of the system transitions up to the point in time

where an action is taken.
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If the time between transitions is the random'VAriablé

of'interest, the system could be considered a continuous

time pfocess (waard 1960, 93). _Then, the significant

parameters of the HRPS process would be transition rates,

b;, of going from state i to state j in the time interval
dt, resulting in‘a’transition probability of 5¢ﬂ, (EXP
"For this model, howeVer, the interest is in the stéte
'transitions due to net load reali?ations.

| Sinée the focus of this work is on state tfansitions

based on net load realizations, it is convenient to assume

that the time between,transitions is a constant énd we

therefore index state transitions in time (Howard 1960, 3).

Thus, the “discrete” terminology applies to the stége
strudture; i.e., decisiqns are made at discrete time
~intervals. -

| Analyzing a décision in terms of a Mafkov process is -
more valid in some applicationé than others. In‘

applications where outside forces are minimal and where

policies are expected to operate under stable cdnditipns for

a long time, an analysis based on a Markov process is

appropriate.
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~ Stable conditions are assumed for this analysis of
hybfid renewable power systems. By inng so, it is assumed
the wind and sun resource profiles of a particulaf site
remain stéble indefinitely, barring any permanent |
‘meteorological changes at the HRPS site. In addition, given
) the relatively simple lifestyle of people in remote villages
in developing countries, the electrical demaﬁd profiles are
assumed to remain relatively stable over time. Théré‘is é
caveat to this iast étatement, however. In.my opinion, as
villagers become used to availability of electiical power,
‘their demands.for the power may increase. Any significant
changes in electfical démand profilesAWOuld:require re-
running the model to obﬁain a new policy.

I aésume the policies for energy dispatch of a HRPS
under a Markov Decision Process framework face stationary
cdnditions, i.e. the transition probabilities are time
invariant and_oniy depeﬁdant on the state of the system when
hé decision is made. Hadley‘(1964, 454) confirms that if the
:aistribution of the réndom Variabies do not change from
period to period, then it is poésible to use an infinite
-plénning horizon and the influence of decisionS‘at:all

future times are felt in the current decision. More weight
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canvbé added to this infinite planning horiion assumption by
v~considering that each of 8,760 hours in a year over’a
typical system life of approximately 20 years is eVaiuated
in’the sequential decision process. This aﬁounté’to 175,200
jtime periods or stages, which in my opinion is quite large
.by any planning horiZon standards.

If an environment has the Markov property (Sutton 1998,

63), it follows equation 3.1,
Pg =Pris,, =5's1,, = rls,,a} | (3.1)

where P is the probability of going from s to §', under

action[a. Its one-step dynamics then enable us to'predict

» thé next state and expected next cost, zzfﬁfﬁ., where Cg - is
‘ ‘ y

the cosﬁ of going from an initial state to a successor state

 uﬁder some action. The Markovian property makes it is

.ppssible to predict all future states and expected costs

from knowledge of only the current state, as 1if we.had a
complete history of the system. This implies the best

- policy for chéésing_aétions as a function‘of a Markov state

is‘just as good as the best policy for chooSing actions
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knowing the complete history of the system (Sutton 1998,

63) .

3.3 Model Specifics

This section describes the specific assumptions made
regarding the stages, state-space, action set, cost
structure, and transition probabilities in the Markov

' Decision Process formulation of this model.

3.3.1 Stages

| I assume an infinite‘time horizon with time divided
intQ discrete‘oné—hour periods or stages. This is a typical
time interval uséd fbr é majority of modeling work with HRPS
(Bafley 1996; Lilienthal 1995; Hancock 1994). A one-hour
- time interval isvappealing for two reasons. First, the
‘state—of-charge is measured in kilowatt-hours (kWh) .
‘Thereforé, in calculating‘the number of kilowatts removed or
added to batteries and an appropriate generator setting H
measured in kW, a natural time unit to employ is‘one hour.
The second réason is_diépatch decisions for generators

should reflect some common sense in terms of turning the

genefator on and off. For time periods less than one hour,




36

' the constant starting and stopping of the generator, if so
prescribed by a policy, could have an adverse affect on

‘engine lifetime.

1 3.3.2 State-Space

For the HRPS, each étate in tne state space § is
definéd with the state-vector {state-of-chafge) time-of-
day}. Figure 3 showé the state—space with 'discrete states-
of-charge (y—axis) ranging from 0 kWwh to 100 kWh. ‘Thé
‘state?bf-charge'discretization step, Asoc, is 5 kWh,
defining 21 possible states-of-charge: 0, 5, 10, . . ., 100
~ kWh. The time—of—day ranges from 0 (midnight) to 23 (11:00
, pm), covering a 24-hour period. Consequently, there are
21x24=504 states. Certain advantéges‘lie in defining a
- state-space of this size. The most important of which is

that for relatively small scale problems, where S§~500, and

 the discount factor, B, is sufficiently close to 1 (i.e.
ﬂ:a95), the Policy Iteration algorithm is regarded as one of
the fastest methods for computing the state-values and

finding an optimal policy (Rust 1996, 654). The state-space
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is “fine” enough to giVe'accurate and ihsightful results
without creating computational difficulties. Even with a
somewhat coarse discretization of the statg—space, a good
approximation of the underlying functibn cén be achieved
(Rﬁst 1996, 659).

'.?‘Also, using state-of-charge versus time-of-day is
intuitively appealing. ;When considering trahsitions from

one state to the next, the state-space definition only

allows transitions from one column to the next in a spatial -

sense (leftvto right in figure 3). With net load as the
‘stoéhastic elemeht in the model, stateéqf—charge is é%fected
in'a>vertical sense (up or down), as actions and net‘load‘
“realizations charge or discharge_the battérieé. For -
 éxample, from state 197 in figure 3, the only tfansitions
available ar“e to states 6, 30, 54, 78, 102, 126, 150,
174;.;.,456._‘This'i$ true because the time-of-day
tragsitiéﬁs from hour 4 to hour 5 (left to right) with a
probability of 1. Therefore, the set of stétes to which the
sYStem‘can transition is restricted to the column thaﬁ‘
répresents, time—of—day‘= 5. In state 197, the state-of

charge at the end of hour 4, soc,, is 60 kWh. Depending on

the action taken, a,, at the end of hour 4 and the net load .
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realization, AES, over the next hour, the state—of—charge

at the end of hour 5, sdg, is either higher, lower, or the

same.

socs = soc, +a, — NL
if a,2NL; then socs 2 soc,

else if a, < NL; then soc, <soc,

Another advantage of defining the staté—space this way
lies in the computational efficiency that can be gained by
such a definition. The Policy Iteration algorithm (sée
chaptef 3, seétioh 5) requires a compléte sweep of the
entire state-space calculating expeéted’vaerS'for each
state. This equates to making calculations for each of the
504 states for each policy evaluation and pélicy improvement‘
step. With the state-space defined ﬁéré,-calculations need
only be made for.21 bf 504 oﬁ 4% of the states in each
~sweep. This significantiy‘reduces computatiqn time, as 96%

- of the states in the State-space do not have to be evéluated
in each iteration. | |
| Furthermore, defininé the state-space with the

variables state-of-charge and time-of-day results in a
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simple table, the interior of whiéh»contains the optimal
action that an operator should take given any combination of
the two state variables. The operator simply checks the |
) time—of—day and a gauge measuring the’state—of—charge of the
batteries, and uses the table to determine fhe éppropriate
- generator setting. Sucﬁ a process avoids e#envthe simpleét
mafhematical calCulatioﬁs‘that might be involved with the
use of a'state—space‘that incorporates additional state
‘ variébles. |

This is an important aspect of this model}‘ Whilé
reiatiVély parsimonious‘from a modéling‘sténdpoint; the‘
simplicity cannot be bverstated. In the event that ﬁgnual
dispatch of a HRPS is needed, such a tablelproﬁidés a
simple,'and in my opinion, gndersfandable alternative to
autémated dispatch. With little of no technical training,
even fhe most inexperienced person could operate the system

manually.

3.3.3 Action Set
There are essentially two actions available to an
‘automatic controller or a system operator: to leave the

geﬁerator off or turn the generator on. If the generator is
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turned on, the'decision as to'what powér level to set it at'
“mﬁst be conéidered. For this model I assumé discrete
generator levels ranging from O kW to 100 kW. The generator
discretizaton step, Aa, is eQual té 5kW, matching the
diséretization step for the state-of-charge, Asoc .
Consequently, there are 21 actions‘O, 5, 10,. . ., 100 kW
‘available in éachbstate. By setting'Aa==Aﬁw¥=ANL (the net -

~ load discretization step), this ensures that any combinatioﬁ»
of initial state-of-charge, action, and net load realization

puté the system in one of the states defined previously.

,343;4 Cost Structure

The cost_structuré in this model is composed Qf costs,
C:., incurred as a result of taking a specificSaction'and
‘vtransitioning from s tobs'. There are three types of cosﬁs
thét can be incurred: diesel generaéion cosﬁs, battery wear
»costs, and loss of load éosts.

Diesel generatién costs are incurred any time'the
genefator is turned on. - They are.calculated using a linear
diesel fuel consumption'function (equétiOn 3.2) defined’by
.Skarstein and Uhlen (1989, 72-87). Skarstein and ﬁhlen

looked at several models bf diesel generators and developed
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~a linear relationéhip between the rated power of each

diesel, p,, and its fuel consumption characteriStics.

F=08415p, +246p liters/kWh (3.2)

Here pr'is the maximum generator poﬁer, fixed at‘lOQ kW for
this model, and p 1is the power output in any particular

hour. The fuel consumption function is multiplied by a fuel
- cost (cf), say $.264/liter, to arrive at a fuel cost pef

kilowatt hour:

FuelCost = ¢, F = 264[.08415(100) + 246p]

—222+0649p | | (3.3)

In addition to the fuel cost, an operation and maintenance
(O&M) cost must be considered when the genérator is turned
on. I assume this cost is $1 per hour of operation

(Lilienthal, 1998). For example, the cost of running the

generator at'50kW£for one hour would be

FuelCost =2.22 +.0649(50) = $5.465

O& M =$1




T otalGeneratorCost = 5.465 +1= $6.465 | (3.4)

BatteryAwear costs (cpy) are incurred when the net lbad
is positive (meaning electrical demand is‘greater than the
available renewable resdufces) and the generator is not
turnéd on. Battery degrédation isvactﬁally a non-linear
“fﬁﬁction of thebétate—of—Chargé at the time the'battery‘is
chafged 6r dischafged (Barléy 1993). For thié model I
assﬁme that the‘battery wear costs are a 1ihear function of
- the change in the state-of—chargé aﬁd are applied when‘the
battery is discharged. This-is a typical‘assumpfion used in
,modéliné HRPS‘(Lilienthal 1995; Barley 1996).

The “loss of load” cost is incurred when the actioﬁ
 taken in combination with the state-of-charge is not enough
to satisfy a positive net load. This leads to unmet
electrical demand. The loss of load cost or peﬁalty Serﬁes
two purpOSes}'uMost importantly, in any optimization model
where minimiiatiohlis the objective aﬁd a lowef bound is not
‘ sﬁécifiéd,the decision variables will be set to zefo. This
resulté in a trivial solution to the problem.

The loss of load cost or penalty can also be thought of

as a measure to ensure some level of service to the
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consumer. It ensures that electricity is provided‘to the -
greatest extent possible, depending on the magnitude‘of the
penalty ahd the stochastic nature of the net loads.‘ For
developing countries, and specifically small Villages, the -
cost of unmet electrical demand is difficult to quantify, so
sensitivity analysis is performed to determine an effective
range of penaltiee. Preliminary model verification with a
deterministic net load profile’indicated that a‘loss of load
penalty on the order‘of $.30 is sufficient to avoid loss ef
load altogether. Model verification also indicated that
penaities greater than $.75 did not change the optimal
stretng} all other parameters being equal. »Fo: the
stoeﬂastic modei, I broaden the range and analyze the effect
of different cests per kilowatt—hour;ranging from $.25 to

- S1.

3.3.5 Trensition Probabilities

The‘distributiOn of net loads (NL) thaf coﬁld_be
realized afteryanAactioﬁ is taken determine the:franeition
‘probabilities of going from one state to the next. The
stochastic nature of the netiloaae‘is a resﬁlt of the

combination of electrical demand, available wind resource,
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-and available sun resourcé. After an action, a,, is takéh,
the realization of the net load, NL,, interacts with the
state-of-charge, soc,, to either charge or discharge the

batteries.

For this model, I assume that the net load profiies for
eacﬁ hour of the day are exogenous to the médel. My
assumption is that the profiles are provided-by the cuétomer
and contain‘site‘specific data for’a potential,HRPS site.
Contributions to the net load profiles by sun and wind
resources can be gathered directly or estimated’using sun
‘and wind resource maps.. The electrical demand contributidn
can‘be éstimated for potential sites using‘villages of
- similar size, or for sites where diesel generators already
~exist, electrical demand can be measured directly. The
three components of net loéd combine to préduce a nét load
diétribution. My framework accepts net load distributions
with any combination of scale or location parametefs as long

as they can be appropriately discretized. Here, I assume
~each profile is normally distributed, NL ~ N(u,6%), with a
prescribed'méan (#) and variance (c?). I'consider net

loads ih the range:
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My =600y, SNL< py, + 60y,

for each hour of the day. Such an assumption captures

virtuaily 100% of the possible realizatioﬁs of the nét load.

I discretize each distribution using a metbod similar to ~
that used by Rust (1996, 659). I calqulate probability

‘masses by taking the cumulative probability at a pOiht‘one—
half the net load discretization step, %AAE, above‘the net
load minusbthe cumulative probability at a‘point-onefhalf'
thénet load disc;etization step below the net load. Two
eéceptidns obcur ét netbloads closest to uy, t6oy, . ‘For
Moy — 60, the probability mass is one-half the net ioad
discretization step above the net load and inCiudes theitail
to:the left of the net load. For Uy, +60,, the probability
bmass is one-half the nét lqad diécretization step bélbw the
net load and.includes the téil to the right of the.net ioad.
This approach ensures the realization of each netvload is 
approximately cebfered on its probability mass and the Suﬁ
of the pfobabilities over the possible net loads sum to 1.

| To model physicél limitations of the batteries, -in

cases where the state-of-charge, actibn, and net load would
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put the system in states that are higher than battery
. _capacity or lower than zero‘charge, I accumulate probability ,“
at thé state closest to the point where the over or under
charge occurs. For example, if the state—of—éharge is 100
 kWh_(maximum state?of—charge for this model), the action
taken is a=100 kW, and ‘?NL~N(20,42) with ANL =5 kW, the
‘highest possible net load undervthe assumptions I make is 40;
kWw. ' Thus, the stérting state—of—éhérge plus the action
‘taken minus the highest possible ﬁet lOad'of 40 kW oveér the

hour, results is a theoretical state-of-charge of 160 kWh.
100kWh +100kW x1hr — 40kW x1hr =160kWh
This is clearly greater than the highest’allowable

state-of charge (100 kWh) for this model, so the probability

of being in a state-of-charge of 100 kWh is

40 , : . , .
_Zop,- = Psoc=100 =1 for  i=0,5,.,40 - (3.5)
j= L

where p, is the probability that the netrload is i. For

this example, any realization of the net load results in a
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state-of-charge of 100kW. Similar calculations occur at the

lower boundary of the defined state-space.

3.4 Solution of the Model using Policy Iteration

Policy Iteration is an algorithm develdped by“HoWérd
(1960; 42) that conVergés on a optimal actidn for each state
as the number‘of stages becomes very large. Consequently, it
may be applied only to éontinuing processes'ér to those
whose termination is remote. Policy Iteration‘has"
simplicity of form and interpretation that makes it‘very
-~ desirable from a computational point of view éﬁd often
.conVerges in surprisingly few iterations (Sutton 1998, 97).
Pblicy Iteration has the following prbperties (Howard 1960,
.39): |
. The solution of the sequential decision pfocess is

reduced to solving sets of linear simultaneous equations
-for the “value” of each state, where value is a measure
‘of all future‘éosts to be expected.
U Each succeeding policy found in the Policy Iteration
cycle finds a higher value for é state than the previous

policy.
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e The iteration cycle will terminate on the policy that has
the largest value attainable within the scope of the

problem.

Pdlicy‘Iterétioh;(equation 3.6) is‘composed of two
parts, a policy evaluétion operation (—£—) and a policy‘
improveﬁent routine (__L+). The policy evaluafion operation
yieldé state-values (V”j as function of‘policy (ﬂ)‘by

' 'solving' the Bellman Equations, V”(s)=21’;‘;'[ ;"S.fl-ﬂV”(s’)],

whereas the policy improvement routine yields the policy as

a function of the state-values. Policy Iteration convérges

to an optimal policy (z#') and optimal value function (V")

in a finite number of iterations.

E_ 1 "E I E 1, E -, : _
Ty VP om>V" >7, 5.1 >V (3.6)

3.4.1 Policy Evaluatioh'

Policy evaluation,'accomplished by sblVing a system of
S equations in § unknowns, computes the state-value
function V7*(s) for each state under an arbitrary policy, =.

The value functions derived from policy'evaluation‘estimate
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- how good it is to be in a given state. The notion of “how
good” is defined in terms of future costs that éan‘be' |
‘expected. The future costs depend on whatAactiOns are taken
so;'the'valué functions (equation 3.7) are defined with

respect to particular policies where a policy représents the

‘mapping, #:S—> 4. ,
ve(s)=Y Palcs + Br= ()] (3.7
s’ . .':
Equation 3.7, the Bellman equation for a value function
" V"(s), expresses a relationship between the value of a state
and the values of its successor states. _Thére are 504

Bellman equations for thisimodel, one for each state;

Equation 3.7 states that the value of the initial state
V7(s) must equal the discounted value of sum over the

expected next state-values, V"(s'), plus the expected cost
Y PiCi along the way. In an economic sense, the difference
s' . . ’

in relative values between two states is equal to the amount
that a rational person would be willing to pay in order to

| start his transitions from one state as opposed to another.
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These relative values hold the key to finding a better and

ultimately the best policy (Howard 1960, 34-36).

3.4.2 Peliey Impfevement

For’Markov Decision Processes, we can:precisely define
en optimal policy using policy eValuation under different
policies. Value functions define an ordering over policies,
consequently, there is always at least ene policy that is.
better than or equal to all other leiciee.' This is the
optimel policy, #'. It has the state-value function,

called the optimal state-value function, V', defined as

V' =maxV"(s) for all seS. ‘This leads to the Bellman

optimality equation
V'(s) = mfoP;,[ “ 4 BV ()] (3.8)

’~Simply stated, any policy that is “greedy” with respect
to.tﬁe optimal value function is an optimal policy. ‘The
term “greedy” desCribes policies that select actions baeed
bonly oh their short-term consequences. The nice thing about

" the Bellman Optimality equations is that if they are used to
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‘evaluate the short-term consequences of actions, then a

greedy policy is actually optimal in the long-term sense.

This is true because V' takes into account the cost

consequences of all possible future behavior. By means of

‘V‘, the optimal expected long-term value is turned iﬁto‘a'
quantity that is locally and immediately available for each
state. Hence the one-step ahead search yields the long-term
optimal actions (Sutton 1998, 75-77), so in theory, solving
the Bellman‘optimality equation provides the route to

finding an optimal policy (Sutton 1998, 79).

3.5‘Policy Iteration Algorithm

| Theoretically, the simultaneous solution of the Bellman
optimality equations provides the long-term values for each
stare in the state space. In practice this requires‘solvihg
up to 504 equatiohs in 504 unknowns for this model. -To .
accomplish this task an algorithm‘ia used that allows for
~the solﬁtion'of a system of linear equations iteratively
(figure‘4). This in-place algorithm is a GauSS—Siedel—style
| algorithm (Sutton 1998, 1l0) for solvihg such.a‘System of
equations. ,Initially,.an arbitrary value aod an arbitrary

" policy are assigned to each state. Under the policy
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1. initialization"

,Vts)eiR and 7(s) € A(s) érbitrarily for all seS
2. Policy Evaluation

| A0

For each seS: |

vV (s)

V() « Y P0les + preo )]

Ae max(A,|v-V(s)))

until A<e¢(a sma.lll positive number)
3. Po»licy Impfovement

“policystable”(—— true

For each sefS:

b« 7(s)
(s) < argmax Y Pa|ce, + g7 (s')J

If b#7x(s), then “polichtable”(—false

If “policystable”, then stop; else go to step 2

) Figure 4. Policy Iteration Algorithm (using iterative

policy evaluation) for V'. Source: Sutton,
98

page
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evaluation operation the algorithm stores the initial values
of;eaéh state and then sweeps through the entire state set
calculating the long-term value of each state upder a
spééific policy. It does so until the absolute value of thé
méximum'différence between the initial value and the
‘caléulatéd value of each state is less than 8.'_8 is a user
‘defined tolerancé-that represents the maximum difference
that the user is willing to accept betweeh the actual.state—
value and an approximation of the state—value..

.Under ﬁhe policy improvement routine the algorithm
stores the cﬁrfeht action for each state (i.e., the policy,
‘ﬁ;S-+44) and then sweeps through the entire state setr ‘
caléulating the long-term expected value ofleach state over
the entire actionvset; It then picks the action that gives
‘the highest ﬁalue to each state. This new actién is
compared to the initial action. If thefe is no difference
between the two state-values, thén this is fhe bptimal |
policy for that state.

4ﬂ is a factor used to weight future value relative to
the present. Its primary purpose, void of any other
meaning, is to ensure that sfate—values ctherge to a finite

value. In fact, as long as f<1 the existence and
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uniqueness of the-State—value functions V" is guaranteed
(Sutton 1998, 90). If‘ﬂ is greater than or equal to l'then"
the sum of.present’and future costs would grow without
bound. ' |

A common intérpretétion of B is as a discount factor
(Winston 1994; Howard 1960; Rust 1996). If a persbn values
the future a great deal he or she assigns a discount factor
close‘to 1. ‘If avperson is only concerned with the present,
a discount féétor of 0 is appropriate. f for a single

period transition is calculated using the following formula

~where r is a discount rate. An appropriate discount rate

is extremely difficult to determine a priori, especially on

‘projects such as hybrid‘renéwable power systems.

While policyvitération can only be applied'to

continuing processes whose termination is remote, there is

'still some possibility that the process might stop. In

cases where there is uncertainty concerning the duration of

the‘proCess,.ﬂ‘is considered to be the probability that the
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process will confinue to incur costs after the next
transition (Howard 19-60,‘ 77) . This i'mpli.és 1-8 is the
probability that the process will stop at its pres‘er;t stage.
This is the interpretation used here.

For this model I use £=999. This is alyvalue of B
that brofrides’ a reasonable measure in terms of system
‘ reliability, while a}t.thevsame time keeping ‘model run tiIﬁes
to a reasonable levngth. With £=.999 ‘average run times for
eacﬁ scenario are around 4 hrs on a Pentium 166 MHz,‘ IBM
: cdﬁpétible platform using Visual _Basic for _'Applicat‘io_né.
For ,B‘=.9999, ‘one scéﬁarib solved in .appro'x-imately 17 hours
.wh:'ile éﬁothe;: séenario was hot done solving after 30 hours.
Another reasoﬁ B=999 is an adequate choice is that as ,B-_'
“approaches 1, which Rusf ‘(1996, 631)‘ ‘defir'les as an;} ﬂ>.95,:
ﬂ thé state-values converge to those which would be calculaﬁed

under the long-run average cost MDP formulation:

costincurred during periodsl,2,3,...,n

| ‘max E[lim(

n—>wm n

)]

This implies' =999 gives results that are, for all intents

and purposes, equal to those that would be found under a ‘




of system failure.

- 3.6 Solution Procedures
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'solution method that does not account for some probability

I use the Policy Iteration algorithm to determine the

optimal policies (z') for dispatching HRPS for two

different net load profiles under nine different scenarios

battery wear cdsts, and loss of load penalties.

~each. Comparisons are made across different fuel costs,

The first net load profile (figure 5) has positive net

150

Figure 5. Net Load Profile 1
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load values for eéch of the 24 hours of the day; In hours
18 and 19, all possible realizations of the net load exceed
the maximum génerator rating (100 kW). In hour 20, some
réélizations of tﬁe ﬁet load distribution exceed the maximum
generator rating. Both of these situations may pdtéhtialiy
lead to a loss of:load.

In addition, most of the potential net load
‘reélizations exceed ﬁhe critical load, L,, inveach of the 9
scénariés (see chapter 3, section 7 for a complete
descfiption of the meaning of L.). This means the résults
of.the combined dispatch'étrategy are the éame as the load-
féllbwing strategy. ‘In general, the individual net iOad
distributions do not show wide variation around their means.

The second ﬁet load profile (figure 6) is characterized
_by some ocCurrences of mean net loads that are‘less than
zero, meaning the batteries in the system éhould be‘allowed
‘to charge, free of generatorlbbwer, in‘those instancés.
There are no instances where any one net load realization
exceeds’the maximum power rating of the generator, so loéé
of load should bevminimized all other things being equal. In '
additioh,‘thé variances around thé individual means'are *

quite large in some instances and quite small in others.
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Figure 6. Net Load Profile 2

‘kThe pbtential net load realizations vary around the
critical load, L,, in each of the 9 scenarios, éo the
combined dispatch strategy may or may not take the form of
bne‘of the other standard strategies. |

Thé various écenarios over which the net load profiles
are‘examined‘and the resulting optimal policies developed
:aﬁe shown in table 5. The base case and ranges of parameter‘
values with the exception of the loss of ldad penalty are
takeﬁ from Barléy (1996, 53). A loss of load'penalty bf‘sl

is assigned as the base case parameter.
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Table 5. Scenarios
Scenario Battery Wear = Fuel Cost Toss Penalty AhalySis
Number Cost ($/kWh) ($/liter) ($/kWh) of:
1 .10 .264 1 Base
' Case
2 .10 .264 0 Loss
3 .10 .264 .25 - Loss
4 .10 .264 .50 Loss
5 .05 .264 1 Battery
Wear
6 .20 .264 1 Battery
'Wear
7 .10 .10 1 Fuel
L Cost
8 .10 .20 1 ~ Fuel
: * Cost
9 .10 .50 1 Fuel

Cost
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The different scenarios represent variation over
different parameters. Runs 1 through 4 vary the loss of
load_pehalty. Runs 1, 5 and 6 vary the battery wear cost

(¢,,) s, and runs 1 and 7 through 9 vary the fuel cost

parameter (c,).

3.7 Evaluation of Optimal Strategies

- After an optimal policy is developed for a particular
‘:SCeﬁario, I test the optimal pblicy versus the load-

- following, cycle—charging, and combined strategies as well
asna random sfrategy. This is dohe using a simulation to

" generate realizaﬁions of the net load profiles for each hour
‘:of.tﬁe day. These realizations interact with the state—of— h
chérge of the batteries and the action taken according_to.
the‘éﬁecific disﬁétch strétégy under COnsideration{flThe‘
A'cost.étructure‘ﬁsed in the simulation is identical to the
 ohé}used'in development of this framework,vso a compariSon
of the bptimél dispatCh strategies to the other dispatch

strategies'is consistent with the assumptions used in the

- MDP.
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For the optimal strategy, the state—of;charge and time-
of-day combination is referenced to the optimal dispatch
table and thé pfescribed action is taken.

Under a load-following strategy, if the batteries
‘cannot meet the net load? diesel power is used to just meet
the net load aﬁd the batteries are never charged by the
diésel. Thus, the staté—of—chargé does not change in a
period‘where the generator is turned on.

Under a‘cycle—charging strategy, if the batteries
cannot meet the load, the diesel isvrun“at maximum power,
whéré generators are‘most efficient, to both meet the load
‘and charge the batteries. The inteﬁtiof thié étrategy is to
run‘the generator at full power and to top off‘the batteriés
with any power in excess of net load. |

Under a combined strategy, if the batteries cannot meet
*tﬁe net ioad, either‘a load-following or’cycle—éharging
strategy is‘employed. With this strategy a critical‘load;

L ;'is calculated for each scenario as follows:

c

8415

¢ 1
¢y, +C,(—=1)
’ d Nrr
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[+

L. is the net load where the cost of cycled diesel energy"

‘(denominator), i.e. fhat which is put into the battery by
the generator and later extracted, is equal to the cost of
direct diesel energy (ndmerator)."For net‘loads less than
L, it is more expénSive on a $/kWh basis to lOad—follow due
to generator inéfficiencies, thus the prescfiption isvto
cycle—charge and stofe any excess energy for later.use. For
nét loadé greater than L,, diesel efficiencies are such that

it is less expensive to load-follow. In this model, I

assume the round trip efficiency, 7, is 1, so

8.415¢, |
L=— (3.9)
C, . o

w

An L, is calculated for each simulated scenario according to
equétion 3.9 and is used in the combined strategy according

_ to Rules 1 and 2.

Rule 1: if NL>soc and NL>L, then load-follow

Rule 2: if NL>soc and NL<L, then cyéle—Charge'
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Ruie 1 stateés that if the charge in the batteriés is not
sufficieht to meet the net load and the net léad is greater
| than‘thé critiéal load,‘then load—foliow. Rule 2 states

that if.the chargé in the batteries is not suﬁficient to
"ﬁeet the net load énd the net load is less thén the critical
load, then’cycléécharge.

Undér the :aﬁdomrstrategy, realizations are drawn on a
'uniforﬁ distribution, U ~[0,100]. This‘range fépreséﬁts all
of the possible generator‘settiﬁgs (rounded to nearest the
‘action discretization step, Aa). Since a random strategy is
the mosﬁ simplistic stfategy possible, it serves as a usefui
baéeline against which all other strategies can be compared.

in additipn to using a simulation to testvthe optimal
strategies, HOMER is uééd as a test platform. It should be
.no£ed that the model developed here is based on first |
principles of dispatch optimization and is a géneral
‘framework; Consequently, its configuration is nbt‘fUlly
céﬁpatible with the underlying assumptions:contéined.in a
specific model like HOMER. One such differenée lies:invthe
‘applicatién of the lbss of load penalty.measufed in ‘dollars

versus the “percent of unmet load” criterion used by HOMER.



In HOMER the percent of unmet load is an absolute
‘constraint that screens out any strategieé that exceed it.
Thé percent unmet load is independent of ény dispatch
decision and is an indiéétor of what happened under a'

‘ particﬁlar strategy. This is in contrast to the loss of
load penalty in the general framework, which is a tool for
makihg proactive dispatch decisioné to avoid ldss of load.

Another difference between the configuration 6f fhe
model developea here and that of HOMER lies in the point at
whieh'a dispatch decision is made. The general framework‘
assumes that the current stéte—of—charge and time—df—day
captﬁre all relé&ant information about the system up to the
point in time whére a dispatch decision neeas to be made

(see figure 7). The optimal strafegies are proactive in that
the decisions they make anticipaté realizations of thé net
load over not only theihext hour, but all subsequent hours
as well. HOMER makes dispatch decisioﬁs aé a reaction to
the current net load only and assumes that the net load will
be the same over‘the entire hour. Furthermore, HOMER's
dégisioné are made regardless of net load beyond the current
 hour (see figure 8). Despite these configuration |

differences, the optimal dispatch strategies still do quite
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well when méasured against étandard dispatch strétegies on a
ﬁet present cost basis. This indicates‘potential for gains
in cost reduction iﬁ a specific model like HOMER»with
apbropriate confiéuratiOn adjustments to the general

framework.



Chapter 4

RESULTS AND ANALYSIS

4.1 Simulation Results

69

The solutions to the general framework provide state-

values for each member of the stateQSpace and a policy that

maps each state to the action that minimizes the long-run

average value or cost of each state. Examples of the output

from the model are

shows the discrete
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state—vector:describing a combination of state-of-charge and
time—df—day. Figure 10 is a 3-D represeﬁtation of the same
poliéy éhowing interpolated actions for eéch state not in
the‘defined state-space. Interpolated actions are not used
in“thisvframéwork, so figure 10 is only intended to
deméhStrate potential er'extending the results to a‘denser
‘state-space. The optimal policies are tested againstseach of
the other dispatch strétegies described in'chaptér 3,

section 7.

-Figure 10. Optimal Action Profile, Net Load profile 1,
' Scenario 1 .



71

4.1.1 Analysis: Net Load Profile 1

Figures 11 and 12 show a comparison'of:the long-run
expedted cost earned under each optimal dispatch strategy
rélafive to the other dispatch strategies tested. It is
'clear from figure 11 that the optimal stratégiés under each
'scenario provide the lowest long-run expected cost compared
to the other 4 strategies. Note Scenario 2'is‘not inéluded
in fhe comparisons. Since a loss of load penalty of $0 was
used in computing the optimal dispatch strategy, the model
~ reported that the battery should drain fully and the  |
generator should reméin'off. This is an inﬁuitive result
given the model has ho incentive to minimize‘loss of load.
Consequently, a long;ruﬁ average cost of $O was rebortéd
which éonfirms the validity of the moael’s solution...Figuréb
12 is a summary of the results of the dispatch strategy’ |
comparison. GREEN cells represent the LOWEST VALUES under
-each séenariO‘and RED cells represent thé.HIGHEST VALUES
uﬁdéf“each scenario. 1In all cases a low value is considered
betfer than a high value since the goal of the optimization

is cost minimization and minimization of loss of load.
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Recall that the long-run expected cost and éssociéted annual
costs include a combination of generator cost, battery wear
~costs, and loss of load”penalties.

It is intereStihg to note that the optimal strategies
all havé the‘lowest'ovetall cosﬁs,'but may not have the
lowest éost in eaéh bf the separaté cost categories. The
~annual génerator and battery wear costs that aré incurred
 undér'the different scénarios are not neceééarily the loweét
under the optimal dispatch strategies. |

For net‘load profile 1, the generator and battery weaf
costs are actually lower for the load-following and combined
strategy under most of the scenarios. The optimal»
strategies sacrifice'some generator and battery wear cost to
keép loés of load to a minimum. Even so, the generator‘and
battefybwear costé for the optimal strategies are only
mafginélly worse than the load-following aﬁd‘combiﬁed
strategiés. :Fof optimai strategies the generator and

battery wear costs are about are about 8—1@% better than the
wotst case, cycle4chérging étrategy. Notice that for any:
non-zero loss of load penalty (Scenarios 1, 3, 4 with
penalties of $1, $.25, $.50; respectively.and‘identical fuel

and battery wear costs), the long-run average cost is
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essentially the same for each scenario. This implies that
any non-zero loss of load penalty will suffice, under this -

net load profile, to ensure that long-run average cost is

'kept to a minimum. The size of the loss of load cost and

the associated quélity of service are a function of fhe‘
magnitude of the losé of load penalty. vFof néet load profile

l,vthe optimal strategies happen to produce the lowest loss
of load costs under all of the sceﬁarios as well as provide

the best level of service to the consumer,'When compared to

the other strategies.

In addition to loss of load cost, quality of service is
analyzed using two other metrics. They are the number of
hours in a year the system cannot meet’demand and the
average loss of 1oad‘measured in kilowatts. Fbr this net
load profile, the optimal strategies are convincing winners
in terms of these metrics (see figure 13). ‘Under all of the

scenarios, but one, the optimal strategies, have the fewest

number of "outages" in a year with the lowest average loss

of load measured in kW. For a $1 penalty and any
combination of fuel cost and battery wear cost, the'optimai
dispatch stratégies for Scenarios 1 and 5 through 9 provide

the fewest number of outages compared to all other
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strategies. Under Scenario 3, the loss of load penalty is
$.25/kW, so the incéntive for the optimal strategies to
minimize loss of load is reduced. Even sé, the optimal
étrategy is not the worst in terms of quality of serﬁice
under Scenarid 3. Aiso, under Scenario 3,‘the.éverage unmet

load is far lower than the other strategies;

4.1.2 Analysis: Net Load Profile 2

Figures 14 and 15 éhow a comparison.ofIthe.long—run
eXpectéd costs fér each dispatch strategy uﬂder net load
profiie‘Z. The optimal strategies under‘each sceﬁério
p£o§ide the lowest long-run expected cost, But in some cases
arevonly marginaily bétter,than standard’dispatch |
strategiesf | |

“In particular, under Scenarios 5, 8 and 9, thé‘combined
strategy can prdﬁide esSentially'the same»léng—run_éXpedted
. cost as the optimal strategy. Noté though, that under net
load profile 2, the bptimal strategy places more emphasis on
reducing the generator and‘battery1Wear costs thén the other

strategies. 1In fact, the optimal strategies produce the
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ioWest generator and battery wear costs over all of the
scenarios (sée figure 15).

Loss of load is not a criterion by which the standard
strategies make dispatch decisions. While the optimal
strategies are trying to balance generator and battery wear
costs againét loss of léad‘penalties for an extended period
of‘timé; the‘other strategies simply do what is best to meet
cufrent load, regardless of the ramifications in subsequent
time periods. For optimél strategies under this_prOfilé,

‘ the loss of load cost is generally sbmewhere betwéen the

best strategy for minimizing loss of load cbst, cyclé—

charging and the worst strategy, load—following.;

Consequently, thefe are mixed results in terms of quality of

‘sernice:for the nptimal étrategies;

The optimal strategies, while less snccéssful in

~avoiding loss of loaa COsts, are generally not the worst

stfategies in terms of service quality (see figure 16).

Théy do provide'a mid-range level of serVice in most cases,

but ceitainly do not provide as good a quality as the cycle-
'charging‘strategy,' This makes sense in that the cycle—

| chafging stratégy alwayé "tops off the baﬁteries" énd thus

avoids some unexpécted‘loss of load. This is an especially
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‘effective strategy for this net load profile since all
réalizationsof net loads are below the'battery capacity.
Cycle-charging pays the priée'in terms of genérator and
battery wear costs, however. Whaf‘the optimal strategies
‘lack in service quality under this net load profile;_they
make up‘for in miﬁimizing the generator and battery wear

costs.

4.2 HOMER Results

" The results of using the thimalbdispatch'stratégies in
HOMER uﬁder net load profiles 1 and 2 are sﬁown in'tébles 6
and 7, respectively. Sinée the loss of load penalty of s1
is most effeétive'in minimizing the loss of load in most |
circumstances, and HOMER is indifferent to‘a les of:load'

, penélty, I only consider Scenarios 1 and 5 through 9.

Table 6vShOWS that for a net load profile with all"
pdsitive net load realizations and a higher likélihood of
loss of load, the optimal strategies haVe thejlbwest net
present cost (NPC) and a low percentage of unmef load. -
Where a.standard dispatéh strategy does not appear indicatés

that its percent of unmet load is too large.  The net
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present cost reported by HOMER includes only generator and

~ battery wear costs. The discounted costs reported by HOMER

‘are calculated slightly differenﬁly than in the general

framework, so the magnitudes are not reported, only the
ranking_of the strategies. The results in table 6 imply

that the optimal strategies not only reduce loss of load

over the life of the system, bﬁt also used the least amount

of generator and battery resources. Notice thét the

percentage of unmet load is constant for all of the standard

dispatch strategies over all of the scenarios. This is an

indication that HOMER makes its dispatch deCiSions
independently of (i.e, without anticipating) net load
realizations; HOMER's decisions afe based Qﬁly on current
net load. The percentage unmet load figurés'are different

for the optimal strategies under each scenario. This is due

to configuration'differenées between the general framework
and HOMER. 1In the genefal framework, loss of load is

anticipated and in some instances allowed if it leads to

lower overall cost. A trade-off is made between the three

- components of cost, loss of load penalty, generator cost and

" battery wear cost, based on their respective parameters. For
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Table 6. Results from HOMER: Net Load Profile 1

Scenario Ranked by Towest Pércent Unserved

Net Present Cost : Load
1 OoP ; ‘ .5%
' ' cc . .22%
CB ‘ .22%
5 OP ~ 0%
6 oP - | . 48%
‘ cC ‘ . 22%
CM I .22%
7 v OP : - .37%
‘ cc . , .22%
CM o .22%
8 ' oP S .26%
cC ‘ .22%
cM _ . 22%

9 ' o) : .07%

OP-Optimal Strategy CC-Cycle-—Charge CM—Combined LF-Load-follow
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‘Table 7. Resultsifrom HOMER: ‘Net Load Profile 2

Ranked by Lowest

_ Scenario Percent Unserved
Net Present Cost Load
1 LF 0%
CcC 0%
- CM 0%
OP 1.16%
5 OoP 2.82%
CcC 0%
CM 0%
LF 0%
6 LF 0%
oP 3.27%
CC 0%
‘ CM 0%
7 LF 0%
oP .98%
CC 0%
: CM 0%
8 LF 0%
‘ OoP 2.5%
CcC 0%
: CM 0%
9 OP 2.9%
cC 0%
CM 0%
LF 0%

OP-Optimal Strategy‘nCC—Cycle—Charge CM-Combined LF-Load-follow
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net load profilé 2 (table 7), the‘optimal sfrategies place
either first or second in 5 of the 6 scenarios considered in
HOMER. In.the Scenafio 1, where the optimal strategy pléced
last; there is only a 2% difference in the net present cost
of.running the system over a 20-year life. Notice that the
pefcéntage unmet load figures for the standard strategies
are Q%,: This is ﬁot a Surprising result given that the net
load realizations for this profile are all below the
geﬁerator and battery éapacities. The figures indicate that
the‘system can at leastvmeet load in every time step under |
_the standard strafegies. The‘optimal strategies show
bdiffering perceﬁtage unmet load because they attempt to
balance the three components of cost iﬁ ahticipatioﬁ of net
load realizations in the future. HOMER is indifferent to
trade—offs between losé of load penalties and other costs,
' so it does not “credit” thé optimal strategies with

minimizing cost, only with minimizing net present cost.

4.3 Implementing the General Optimization Framework

_Whether or not one should use the general optimization

framework presented here is obviously a function of the cost
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of implementation. ' The following costs might be incurred in

implementing the model:

‘e cost of gathering site data

e analysis of data to determine net load distributions

. traiﬁing of anélyst to familiarize him/her with the model
e computer run time

. periqdic fe—sampling of data to ensure the stationarity

assumption still holds (see discussion iﬁ chapter 3.3.5)

‘Is reality, the cost of implementing this framework‘should
be minimal for the following reasons: |

| If wé assume that a site has been selécted‘for
instéilation of a HRPS, it would be necessary to collect‘net
load data for determining the proper mix of equipment to
use. Therefore,‘the insremental sost of collecting site
dats'for use in the general framework would be $0 as‘it has
already been collscted. Furthermore, assuming somet
screening model, such as‘HOMER, is being used to field the
system, an analysis of the net load distributions would also
. have been conducted.t So, using the same argumént as above,

‘the incremental cost of analyzing the net load distributions
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for use‘in the general frémewbrk would, again, be $0.
Calculation of the transition probabilitiés is automated in
the model presented here. So, initially familiarizing én
'.aﬁalyst with the workings of the model and specifying
appropriate distribution scale and location figures, and
,cosﬁ parameters would take, in my estimation, approximately
one and é one-half houfs. This estimate caﬁe abouf because
I explained how the model wbrked to Tom Lambert of NREL who
integrated it into a research version of HOMER. It took him
less than 45 minutes to understand the entire model. For
~safety I doubled this time to account for persons not of his
level of understanding or education. Assuming an analyst
makes $20 per hour’(Lilienthal'1999), this would amoun£ to-a
cost estimate of‘$30.

Computer run time for determining an optimal strategy,
based dn actual rdn times for 18 cases used in this work,-is
approximateiy 4 hours.- If we assume the analyst alréady
' possesses a‘pe£80nal coﬁputer for doing site analysis,II
would estimate that the‘incremental cost of calculating the
optimal dispatch strategy might be as high as $1. 1In totél(

the cost of initially setting up the system with an optimalb
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disﬁatch strategy,’as aSsumed above, wouldkbe approximately
$31.

- Periodic re—Samplihg of the site data WOuld‘have to be
.conductedrto ensure that thé stafionaritykassumption still
holds. Assuming that the system is‘beihg dispatched with
heuristic methodé,‘sensdrs would have to be available to
téli fhe controller the current net load on the éysté@. It
is feasonable to assﬁme ﬁhat thié sensor aata is already
:beihg recorded sincejhaﬁing such data woﬁld‘be useful in the
future for fielding Systemé in villages of éimilar size or
~witﬁ similar weather‘conditions. Periodic4re—sampiing
conéistéhdf: (1) determining the éhange in net load
'disfributions, if any, (2) deciding if it is necessary ﬁo
re-run the model, and (3) sﬁpplying‘the new data and
- parameters for the‘model. For re-sampling, I assume the
anaiyst is already familiar with the model, so
familiarization time is replaced by the time required'td
determine any net load distribution‘changes. In total,
assume the incremental cost of re4sémpling would be cloée to
the $31 estimated earlier. vClearly, the totél annual cést
of implementing optimal dispatch would be on the order of"

‘$62; if we assume after an initial run that we re-sample




90

tWice a:year. It must be noted that re—sampling is reqﬁired
" at somévintervai‘because of thé poésibility that usége'of
‘électricity wbuld rise as people become accustomed to its
availability. |

‘Any}conclusions regarding benefit-cost analyses based
on the results presented here are limited to the net load
profiles.examined here and paraméter specifications made in
Scénarios 1 through 9. The benefit df usihg the optimal
~dispatch stfategies is ﬁeasured by the extent to which the
optimal strategies reduce the long-run average cost per hour
of running the sy#tém cbmpared to the next best heuristic

" method (see table 8). Multiplying the hourly savings by

Table 8. Optimal Strategies vs. Next Best Heuristic

‘ Scenario :
1 3 4 5 -6 7 .8 9

. Net Load Profile 1 , ,
Next Best Heuristic $8.06 $7.27 $7.54 $6.97 $8.20 $4.42 $6.64 $12.51
(LF/CC/CM) (LF/CM) (LF/CM) (LF/CM) (LF/CM) (LF/CM) (LF/CM) (LF/CM)"

Optimal - $7.14 $7.77 $7.16 $6.64 $7.38 - $3.45 $5.71 $12.22
Net Load Profile 2 ‘
Next Best Heuristic =~ $4.89 $4.70 $4.79 $4.04 $5.33 $2.79 $4.11 $7.34

‘ (CC) (CC) (CM) (cc) (LF) (CM)  (CM) (CM/CC)

Optimal $4.66 $4.61 $4.62 $4.00 $5.28 §2.60 $4.11 $7.31




91

8,760 hours per year annualizes this benefit. The annual
cost ofvimplementing the optimal strategies is then netted
against the annual cost savings to arrive at the annual net
benefit of implementing the optimal strategies. These
results are shown in tablés 9 and 10. An explénétion of
tables 9 and 10 follows. |

' In table 9, the number in row 1, column 1 ($.92) is the
difference in long-run average cost between the next best
heuristic method (LF/CC/CM--$8.06) and the 6p£imal dispatéh‘
‘Strategy ($7.14). Cbntinuing down thé first coiumn in table
9, this hourly cost savings.is annualized by multiplying.
 $.92 by 8,760 hours per year‘to arrivé at an annual cost
‘saviﬁgs of $8,059 under Scenario 1. The cost of
implémentation is then subtracted from'$8}059 to arrive at
an annual nef benefit of $7,997. The annual net benefit is
inflated at a réte of 3%‘per year (Survey of Professional
\ Fbrecasters 1999) over a typical 20-year system life. The
inflated annual net benefits are then diéCGUnted usiﬁg
‘discount rates ranging from 5% t0‘20%.”‘

Under net load profile 1 (table 9),'th§ ahnual:ﬁét

benefit of using the optimal'dispatCh stratégiesvversus

using the next best heuristic strategy in a system ranges
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from $814 to $8,435. Under all discount rates ranging from

5%.£o 20%, the net present benefit over the 20-year life of

“the systém is positive under all scenarios. This implies

that it makes sense to use the optimal strategiesifor

dispatching systems facing a net load profile similar to

Benefit-Cost Analysis, Net Load Profile 1

$46,296

Table 9.
Net Load Profile 1 ' Scenario
. 1 3 4 5 6 7 8 9
Cost
Savings ($/hr) $0.92 $0.10 $0.38 $0.33 $0.82 $0.97 $0.93 $0.29
Annuél Cost Savings $8,059 $876 $3,329 $2,891 $7,183 $8,497 $8,147 $2,540
. Costof
Implementation/ )
Maintnenace $62 $62 $62 $62 $62 $62 $62 $62
Annuat Net Benefit $7,997 $814 $3,267 $2,829 $7,121 $8,435 $8,085 $2,478
Discount Rate .
- 5% $134,057 $13,645 $54,761 $47 419 $119,373 $141,399 $135,526 $41,545
10% $83,935 $8,543 $34,287 $29,690 $74,741 $88,532 $84,854 $26,012
15% $60,185 $6,126 $24,585 $21,289 $53,593 $63,481 $60,844 $18,652
20% $45,794 $4,661 $18,707 '$16,198 _$40,778 $48,302 $14,192

that of net load profile 1. Under net load profile 2 (table

10), the annual net benefit of using the optimal dispatch

strategies in a system ranges from -$62 to $1,953. This

impliesithat there may be circumstances, Scenario 8 for

example, where it is more advantageous to use an existing

heuristic dispatch method. Under this scenario the cost of
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implementing the optimal strategy exceeds any cost savings

that might be realized. NevertheleSs, under the other 7

‘scenarios, a net annual benefit produces a positive net

' present benefit of‘using the optimal Strategies over the

life of the system. So; again, it makes sense to uSe the

optimal dispatch strategies in those seven scenarios for

systems facing net load profiles comparable to net load
profile 2.
Table 10. Benefit-Cost Analysis, Net Load Profile 2
Net Load Profile 2 ) Scenario )
i 1 3 4 .5 ] 7 .8 9
Cost : ‘
Savings ($/hr) $0.23 $0.14 $0.17 $0.04 $0.05 $0.19 $0.00 $0.03
Annual Savings $2,015 $1,226 $1,489 $350 $438 $1,664 ‘ $0 $263
Cost of
implementation/ . . .
Mainthenace - $62 $62 $62 $62 $62 $62 - $62 $62
Annual Net Benefit - - $1,953 $1,164 $1,427 $288 $376 $1,602 -$62 $201
Discount Rate :
5% $32,797 $19,581 $23,986 $4,896 $6,365 $26,923 . -$977 $3,428
10% $20,496 $12,221 $14,979 $3,027 $3,946 $16,818 -$651 . $2,108
15% $14,696 $8,763 $10,741 $2,170 $2,830 . $12,059 -$467 $1,511
20% $11,182 $6,668 $8,173 $2,153 $9,176

$1,651

-$355 $1,150

4.4 Conclusions

Using a relafively parsimonious model, the results of

the simulations show that under the net load profiles
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considered here}the 6ptimal dispatch stratégies minimize the
long—ruﬁ average‘and total costsunaeg all scenarioé. It
'haé been shown that optimal dispatch strategies can reduce
 total sYstem life-cycle cost whére generator ¢ost, béftery‘
wear and loss of load penalties are édnsidered.

For net load profiles, such as net load profile 1,
whére‘léss of load is almost assured, the éptimal strategies
shine. They minimize loss of load while incurring only
marginally more gené?ator and battery wear cost than the
othér strategies. This*has a further advaﬁtage in that it
imblies it might be po#sible to use an undérsized generator
(one that is.no£ sized:to meet.expected peak deménd)‘in a‘
HRPS. This would reduce\initial capital costs as larger
generators:are‘more expensive. For nét load profiles where
a wide‘range of net load realizations can be expected from
~one hoﬁr to the next, the optimél strategies incur more loss
of ldad in exchange for‘reducihg generator-and battery weér
césﬁs. |

The results of runniﬁg the optimal strategies in HOMER
diffet from those of the simulatipn. This is to be expected
giVen’that the simulation is an exactrdepiétion of the

conditions under which the general framework was developed.
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Even though the‘configﬁration of HOMER is not true to the
general framework, there is encugh evidence to suggest that
modifications to che framewcrk can achieve impro?ements in
- the way HOMER or any other specificiHRPS model makes.
dispatch decisions.

By extending the state-vector in the mcdel to include
curﬁent net load as an’elemeht,'any advantages of the
optimal strategies haveiover the standard stfatégies will
only be magnified. |

This model simultaneously considers generator costs,
béttery wear costs aﬁd loss of load penalties in dispatch
‘ decisions where‘other models do not. It also gives the user
- the flexibility to balance service availability against
lower operating costs.

"Dispatch decisicns“can be made independently of initial
~and final conditions of the system, avoiding potentially.
sub-optimal decisions about battery charge levels or
generator settings st the beginniﬁg or end of a planning
period.v Alsc, in'the event of a'Systém stoppage and
regardless of the experience of the operator, optimal

dispatch décisions'can be made manually.
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' The framework is predictive in nature,'éntiCipatingv

potential net
‘ramifications
also fleXible

. or constraint

load realizations in future periods and the
of any immediate dispatch decisions. It is
enough to consider any non-linearities in cost

functions.
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Chépter 5

ISSUES FOR FURTHER ANALYSIS

Now that it.has‘been established that Optimsl
strategies can reduce long-run average cost, an interesting
'ektension to this work.wocld be to determiﬁe the types of
net load profiles over which the‘optimal dispatch strategies
‘are most effective. Here, one fairly:standard net load
_prcfile (Net Load Profile 1) and another with fairly unusual
bi characteristics (Net Load Profile 2) were used. Clearly,

‘the‘optimal strategies are more effective with Net Load
‘Profileil increducing long-run average cost relative to ther
standard strategies'than they are with Net'Load'Profile‘2.
‘It;would be interesting tovrecord‘the‘variance of the net
load prcfiles arcund the prcfile mean and the variancevof
the net'loads around their respective hourly means, then‘map
these characteristics against the optimal strategies’and the
:standard-strategies."This would require the analysis of
severéi‘more net load profiles and reqﬁire perhaps hundreds -

of hours more of simulation time.
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Under the assumptions used here, the sfate?of—charge
and time-of-day capturé-ail of the relevant information up
| to.the"point‘in time where an action must be taken. A
further extension of the model wodld expand the'étate—vector
| to include current net load. Thus, the modél would not only
anticipate future net load realizations, but it would react
to current system requirements as a separate entity rather
thén inclﬁde it aé ohe realization'out of a set of néf loads
'expected over thé»next time period;

The disadvantage of expanding the state-vector and
cbﬁsequently the‘state-spacé is that the numbér of states
grows as the product of the state—of—éhargé, time-of—day‘and
'thé number of new elements in the current net load
deécriptor. .So, if the current net load descriptor cbntains
‘only 4 elements for example, which is.an optimistically low
numbér, the sizé of the state-space wouldjgrow to 504 x 4 =
2,016 states. Then solution algorithms such as Policy
Iteration would take considerably longer on thé”deskfop
cémputer platform uéed hére. Other soluti¢n algorithms
;WOuld have to be considered, such as modified policy
iteration, reinforcement‘learning or othef mechanisms

described by Rust (1996).
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Another extension would include en appropriatee
allowence for’non—lineérities in battery wear. When
batteries are charged and discharged from a high state of
cherge, they experience iess “wear.” However, it is
édventageous to periodically use most of the charge in the
‘battery and then fully charge it again. ConVersely, as
batteries'are chargea and discharged from lew state of
charge, they experience a great deal of weaf. Aleo, they
should not be left in lew‘states of charge for extended
periods of time. All of these iseues.couldrbe incorporated
into the cost structure of this model.

The HRPS considered here arelihtended ﬁo'prdvide powef
for village size populations. The concept could be extended
to‘providing power to smali, remote military bases. Most
remote militery bases use generator power to meef essential
and non-essential power requirements. In the event that
fuel availability is strietly curtailed or eliminated
altbgether; a HRPS could be used to meet essential power

requirements.




100

REFERENCES CITED

Bannister, C. H. and Kaye, R. J. 1991. ™A Rapid Method for
Optimization of Linear Systems with Storage.’
Operations Research, Vol. 39, No. 2, March—Aprll

" Bakirtzis, A. G. and Gavanidou, E. S. 1992. “Optlmum
Operation of a Small Autonomous System with

- Unconventional Energy Sources. Electric Power Systems
. Research, Vol. 23, pp. 93 102. :

Barley, C. D. 1993. “Capablllty Specification for Modellng
Software for Remote Hybrid Power Systems.” Wind
Techhology Division, National Renewable Energy
Laboratory, Golden, Colo.

~‘Barley, C. D. 1996. “Modeling and Optimization of Dispatch
Strategies for Remote Hybrid Power Systems.” Ph.D.
diss., Colorado State University.

Bellman[ R. 1957. Dynamic Programming. Princeton
University Press.

‘Contaxis, G.C. and Kabouris; J. 11991 “Short Term Scheduling
in a Wind/Diesel Autonomous Energy System.” IEEE
Transactions on Power Systems, Vol. 6, pp.l1l161- 1167

Ethridge, Don. 1995. Research Methodology in Applled
Economics. Ames, Iowa: Iowa University Press.

Flowers, L.T. 1997. “Renewables for Sustainablé Village

Power. International Conference of Village
Electrification through Renewable Energy, New Delhi,
India.

Hancock, M. 1995, ™“A New Method for Optimising the
Operation of Stand-Alone PV Hybrid Power Systems.” 15t
World Conference on Photovoltaic Energy Conversion,
Hawaii, USA. ‘




101

Hadley, G. 1964. Nonlinear and Dynamic Programmihg. _
Reading, MA: Addison-Wesley Publishing Company, Inc.

Howard, Ronald A. 1960. Dynamic Programming and Markov
Processes. Cambridge, MA: Massachusetts Institute of
Technology.

Kandll M. S. 1991. “Optimum Operation of an Autonomous
Energy System Suitable for New Communities in
Developing Countries.” Electric Power Systems Research,
23(2), pp. 137-146.

Lapin, Lawrence'L. 1985. Quantitative Methods for Business
Decisions. San Diego: Harcourt Brace Jovanovich.

Lilienthal, P. 1995. “HOMER: Hybrid Optimization Model for
Electric Renewables”. Proceedings of AWEA Windpower ’ 95
Conference, Mar 27-30, Washington, D.C.

Lilienthal, P. 1998.~‘Private,Communication.

Lilienthal, P. 1999. Private Communication.

Mlllgan, M.R., et al. 1995. “Estimating the Economic Value

~ of Wind Forecastlng to Utilities. Proceedings of AWEA

Windpower 795 Conference, March 27-30. NREL Report no.
NREL/TP-441-7803. '

"Rust, J. et-al. 1996. Handbook of Computational Econonmics,

Volume I. Elsevier Science B.V.

- Skarstein, O. and Uhlen, K. 1989. “Design Considerations

with Respect to Long-Term Diesel Savings in . ‘
Wind/Diesel Plants.” Wind Engineering, Vol. 13, pp.
72-87.

Survey of Professional Forecasters www.phil.frb.org/
econ/spf/spfpage.html

Sutton, R. S. and Barto, A. G. 1998. Reinforcement

Learning. Cambridge, MA: The MIT Press.




102

Trick, Michael. 1998. “Stochastic DynamiC‘Programming:
Uncertain States.” . http://mat.gsia.cmu.edu
- orclass/stoch_dynamic/node2.html o

_White, D.J. -1969. Dynamic Programming. . San Francisco:
Holden-Day, Inc. » :

Winstbn, Wayne. 11994, Operations Research: Applications
and Algorithms. Belmont, Calif.: Duxbury Press.




103

Appendix A
DESCRIPTION OF THE HYBRID OPTIMIZATION

MODEL FOR ELECTRIC RENEWABLES (HOMER)

Until the advent of HOMER either relatiVely simple
spreadsheet‘models or very complex simulation models were
used for the preliminary design of hybrid renewable'power
‘ systems (Lilienthal 1995,‘1). This hindered the development
‘of HRPSFbecause no simple methods for determining the sizingi
“of the components ex1sted Spreadsheet models,:useful for
flnanc1al analy81s, cannot reliably predict the performance
of hybrld systems with 1nterm1ttent resources and storagev
because they do not consider the temporal patterns of loads
,’and-resources. Dynamlc simulation models are useful for
emaluating the performance of specific, well-defined
JSYStemS/ but are very detailed and time consuming to set up
"and run. B |

HOMER fills the gap‘between these two types of modeis
by giving the user insight into howithe system design is

"affected by changes in parameters, such as component costs,
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technology performance, load management strategy, disbatch
strétegies, and loadvand resoﬁrce profiles. Sinée the
‘optimél size of each component ‘is aﬁ output of‘HOMER and the
detailed simﬁlatiOn models require the user specify‘the’siZe
of each component, theré is a natural flow of information
between thé models. When considering a new_sité( HOMER cén
‘ quickiy de£erﬁine a small set of optimal or near—oﬁtimal
systems for more detailed aﬁalysis with simulation models.
HOMER requires two basic types of input. <The‘first‘
input describes hqurly profiles of the available»renewable
resources and loads and the second desdribés the components

of the system (Lilienthal 1995).

Resources and loads must be épecified hourly. Although

actual hourly data can be used, a more compact
repreéentatipn uses hourly brofiles for typical déys for::
ea¢h éeéson. A séasén can be any number ofconsecutivé’
weeks. 'In‘order to model the stochastic nature of both
rehewable resources and:loads, these typical dayé are then .
expéndéd into a user-spécified number ofjﬁOdeled dayé by-{;~
adding two types of noise to the profiles. Anuhouriy noise.
parémeter independently perturbs each of the hgurly values,

while a daily noise parameter perturbs an entire day. The
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~daily noise is importaht because persistent‘weathervpatternsv
_have a major impact‘bn storage requirements, For resource.
profiles, HOMER uses.Normal distributions that incorporete
 'both the variation inherent in the typical profile and the
-two noise parameters. In addition to the typical profiles
and;noise parameters, average wind speed and average full-
sun hours are'specified for‘each season. Separate
‘residential and commercial loads (electrical demands) can‘be
specified for weekdays end weekends.

- Five ﬁypes of cpmponents must be described for\HOMER:
wina turbines, photo&oltaic arrays, batteries; inverteré,:
 andﬁdiesel éeneraters. Capital cost and lifetime afe
" specified for eaeh cpmponent. Normally, HOMER choeses the
optimal size of each component, but each of these sizee can
be fixed if a particulaf system ie being modeled. All-

‘ components, except the wiﬁd turbinee,vare centinuous‘
variables. Wind turbines come in discrete units, .so HOMER
~chooses the number of eaCh type of turbine. PV hes a fixed
cost as weli as a cost per kW. Efficiencies are specified
_fer the inverter and diesel generators. The diesel
parameters can be speeified separately for small and large

diesels to capture the economies of scale in that
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technology. Diesel operation and maintenance is specified
as a cost per hour of operation. |
Batteriés iequire special consideration when modeling
isolated systems. HOMER keeps track of their‘state—of—
charge and energy flow in each hour, sﬁbjéct tQ constraints
on'the raté at which they can be charged and discharged és
\well as‘their minimum accepféble state-of;éharge.
Furthermore, the lifetime of é battery is a function of
usage, so HOMER cﬁarges‘depreciation‘for‘each kWwh of battery
thfoughput.fv : | |
“HOMER outputs include hourly energy flows through each
componeht, the impact of several dispatch strategies, and
economic information such as the cost 6f energy and net

present cost'of the system.
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Appendix B

CODE FOR POLICY ITERATION ALGORITHM

Bolded Lines are Comments

Public Const numhours = 24, numcharge = 21, numactions = 21,
epsilon = 0.1, beta = 0.9999, pr = 100, cf = 0.264, res = 5,
losspen = 5, battcost = 0.1 : : ‘

numhours=number of hours;

numactions=number of actions available;
epsilon=acceptable tolerance for state value
beta= discount factor; '
pr=max power rating of generator;

cf=cost of fuel per liter;

res=resolution of state of charge and actions
losspen= loss of load penalty;
battcost=battery wear cost

Public v (1 To numcharge, 1 To numhours), pol(l To numcharge,
1 To numhours), numstates, a(numactions), cost, valuestate(l
To (numhours * numcharge)), policystate(l To (numhours *
numcharge)), timestate(l To (numhours * numcharge)), p, k, -
socstate(l To (numhours * numcharge)), penalty, nl, wear,
myprob, loss, dump, OM, diesel, iter, policystable, _
countload (0 To numhours - 1), netload(0 To numhours - 1, 1 :
To 100), probnetload(0 To numhours - 1, 1 To 100), ps, first

Tdkkdddkdkhhhhhddhhhhdddddhhkhkhhdhkddhhhhhhhddkkkhhhhhkhhhkkhhhhh
Sub Stochastic ()
first = False : Is this the first

run with these
parameters ?
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False means use
prior runs results
as seeds for the

next run
numstates = numhours * numcharge : Totél number of
' states in state
space
starttime = Time : - Marks starting time
iter = 0 o ‘ Initialize policy

eval and improvement
counter to zero

! ***********************************************************

If res = 10 Then

Call loadl0 | ' Load netloads and
: o probabilities based on
‘ v : resolution being used
ElseIf res =5 Then '
Call load5

" Else:

Call load2?
End If ‘ :

1 dedede e sk g e e o g g e gk o ok o o ok ok ok ok ok ok ok ok ok ok o ok ok ok ok ok ok ok ok ok o ok ok e o ok e ok o ok ok e ke ke ok
’ ' ' Main Subroutine

vCall initialactions
" If first = True Then

Call initialstatepolicy‘
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 Else: Call mreload | Reload old
' values if this
is NOT first

_ ‘ run

End If o

linel0: Call policyeval ~ Solves Bellman
: Equations

iter = iter + 1

Call policyimprove S : Checks for

better policies
: for each state
'If policystable = False Then :

GoTo 1linelO
End If
B R R g g o g g R Y Y 122222223

For i =1 To numcharge - Print out policy
} _ and values
For j = 1 To numhours

Worksheets("PolicY").Cells(i, j o+ 2) =
- policystate((i - 1) * numhours + j) ‘

Next j
Next i
Fof i‘% 1 To numcharge
Fof jv= 1 To nﬁmhours |
VWorksheets(ﬁValués")}Cells(i,'j +2) =
valuestate((i - 1) * numhours + j)
| Next j | “

Next i




110

endtime = Time ' Marks ending
: ‘ o ' ‘time
Worksheets ("Values").Cells(1l, 1) = starttime

Worksheets ("Values").Cells (2, 1) = endtime
End Sub

1 3k sk e ok e ok ok ok ok ok ok ok ok e ok ok ok ok ok ok ok ok ok ok ok ok e ok ok ok ok ok ok ok ok ok ok ok ok ok ok
Sub initialactions()

For m = 1 To numactions

a(m) = (m - 1) * res ‘ Assigns'éction
‘ ‘ o set to a(m)
Next m
End Sub

! ********‘************************************************

Sub initialstatepolicy() " Initializes
' : - policy and
~values if first
run

For i = 1 To numcharge

‘soc = ((100 / res) + 1 - i) * res . Caleulates SOC
: ' for this state

For j = 1 To numhours - Assigns initial
‘ ‘ ' values and
- policies

t=(3 -1 | ' Calculates time

: ’ for this state

v(i, j) =0 - ' | ‘

pol (i, J) = a(l)
'k = ((1i - 1) * numhours) + J . Creates scalar

equivalents
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valuestate (k) = v (i, j) , AsSigns values
and policies to
scalars ’

policystate (k) = pol(i, 3J) }

timestate (k) = t , ‘ Assigns soc and
time to scalar

. states

socstate(k) = socC

Next 3
Next i

End Sub
Thhkhhkhhhkhhkhhhkhhhhhkhhhkhhhhhhkhkhkkhhkhkrhhhrrkkhhkkrkhkhkrrhhkrhd

Sub mreload() ‘ o - Uses values and
‘ o policies from
previous run
as seeds -

For i = 1 To numcharge ’ . Load‘old policy and
values into current
state space

For § = 1 To numhours

policystate((i - 1) * numhours +‘j) =
Worksheets ("Policy").Cells (i, j + 2)

Next j

Nekt i

Fér'i‘= 1 To numéharge‘
For j = 1 To numhours

valuestate((i - 1) * numhours + j) =
Worksheets("Values").Cells(iﬁ j o+ 2)
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Next j
Next i
For i'= 1 To numcharge

soc = ((100 / res) + 1 - i) * res Calculates soc
for this state

"For j

= 1 To numhours
t=( -1) . ‘ " Calculates time
‘ for this state
k = ((1i - 1) * numhours) + j ' Creates scalar
‘ equivalents
timestate(k) = t p Assigns SOC and
time to scalar
o states
socstate (k) = soc
Next j
Next i

" End Sub

' ***********‘********************************‘******:‘k*********

Sub policyeval () : Solves Bellman
' ‘ equations
Dim delta

Open "c:\p_gval.tkt" For Output As #2 (opens file for data
storage) : .

Do .
delta

0

For k ’1 To numstates
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For each state
tempvalue = valuestate (k) - save current value
: ' o of state k
storevalue = 0
storeprob = 0 ‘
checkmod = k Mod numhours

If k < numhours And checkmod <> 0 Then Top row

For p = (k + 1) To ((k + 1) + numhours
» * (numcharge - 1)) Step numhours

Call calcprob ‘ Calculates
: transition
probabilities
Call calccost
storeprob = storeprob + myprob

storevalue = storevalue + myprob * (cost + beta *
valuestate(p)) '

~ If (k = 99) Then Print #2, "s " &§k & " s' " & p & " prob "

& myprob & " cost " & cost & " loss " & loss & " expnl " &
'nl & " wear " & wear & " value " & storevalue

Writes data to file for analysis

Application.StatusBar = "eval iter= " & iter + 1 & " k=" &
k&"p="&p & "a=" & a(m)

Shows status of algorithm

Next p ‘ ' Next possible
successor state

Elself checkmod = 0 Then' Last column
For p = 1 To (numhours * (numcharge - 1) + 1)

‘Step numhours
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Call calcprob
Call calccost

storeprob = storeprob + myprob '
storevalue = storevalue + myprob * (cost + beta
* valuestate(p))

If (k = 99) Then Print #2, "s " &§ k & " s' " & p & " prob "

& myprob & " cost " & cost & " loss " & loss & " expnl " &
nl & " wear " & wear & " value " & storevalue

Application.StatusBar = "eval iter= " & iter +1 & " k=" &

k &"p="&p & "a=" & a(m)
Next p
‘Else
Not top row
or last
column
For p = (timestate(k) + 2) To ((numcharge - 1) *

numhours + (timestate(k) + 2)) Step numhours

Call calcprob

Call calccost

storeprob = Storeprob + myprob

storevalue = storevalue + myprob * (cost + beta

- * valuestate(p))

" If (k = 99) Then Print #2, "s " § k & " s' " &§ p & " prob "
& myprob & " cost " & cost & " loss " & loss & " expnl " &

" nl & " wear " & wear & " value " & storevalue

Application.StatusBar = "eval iter= " & iter + 1 & " k=" & -
k &"p=" &p & "a=" & a(m)
Next P

End If
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If Abs (storeprob - 1) > 0.000001 And Abs (storeprob - 1) <> 1

Then Stép | - Checks
- probabilities
add to 1
End If
valuestaté(k) = storevalue

If Abs(tempvalue - valuestate(k)) > delta Then
delta = Abs(tempvalue - valuestate(k))
Stopping rule\foi sélving Bellman equs
under existing policies
| Else: delta = delta

End If

Nex£ k
Loop Unfilvdelta < epsilon
| Application.StaﬁusBar = False
~ Turns off status bar |
Clése #2

End Sub
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K ***********************************************************

Sub policyimprove ()

" 'Open "c:\pol imp" For Output As #1

policystable = True

For k = 1 To numstates

" b = policystate (k)
betterpolicy = policystate (k)
previousvalue = -1000000000
checkmod = k Mod numhours

For m = 1 To numactions

- storevalue = 0

. Checks for

better

~ policies for

each state

Assume
current
policy is
best

For each
state
save current
policy for
state k

Stores value
under each

C policy
policystate (k) = a(m)
storeprob = 0
"If k < numhours And checkmod <> 0 Then Top row
For p = (k + 1) To ((k + 1) + numhours * (numcharge - 1))
Step numhours o
Application.StatusBar = "policyiter iter= " & iter & " k= "

&k & " action=" & a(m) & " p=" & p
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Call calcprob
Call calccost

'storeprob = storeprob + myprob v
storevalue = storevalue + myprob * (cost + beta *
valuestate(p))

" If (k = 99) Then Print #1, "s " & k & " s' " & p & " prob "
& myprob & " cost " & cost & " loss " & loss & " expnl " &
nl & " wear " & wear & " value " & storevalue

Next p

-ElséIf_checkmod = 0 Then ' Last
' Column

For p = 1 To (numhours * (numcharge - 1) + 1) Step
numhours’ ‘

Applicatioh StatusBar = "pollcylter iter= " & iter & " k="
&k & " action=" & a(m) & " p=" & P

Call calcprob
Call calccost

storeprob = storeprob + myprob . o
storevalue = storevalue + myprob * (cost + beta *
valuestate (p))

If (k = 99) Then Print #1, "s " & k & " s' " &§ p & " prob "
& myprob & " cost " & cost & " loss " & loss & " expnl " &

nl & " wear " & wear & " value " & storevalue :

‘ Next p ( : ; ,
Else ' : _ _ Not top

' ‘ S row or
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last
column

For p = (timestate(k) + 2) To ((numcharge - 1) *
numhours + (timestate(k) + 2)) Step numhours

‘Application.StatusBar = "policyiter iter= " & iter & " k= "
& k & " action=" & a(m) & "p=" & p

Call calcprob
Call calccost

storeprob = storeprob + myprob
storevalue = storevalue + myprob * (cost + beta *
valuestate(p))

If (k =‘99) Then Print #1, "M gk &" s N g p&" préb "
& myprob & " cost " & cost & " loss " & loss & " expnl " &
nl & " wear " & wear & " value " & storevalue

Next p -
End If . :
: . If (storevalue >= previousvalue) Then
previousvalue = storevalue
betterpolicy = a(m)
End If
Next m

policystate(k’ = betterpolicy
If b <> policystate(kj Theh
poiicystable = False
End If

Next k
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Application.StatuéBar = False

Clo#e #1
End Sub.
v*5****§*****§*********§************************************

Sub calcprob () ‘ ' Calculates

transition
probabilities
- If (timestate(p) = timestate(k) + 1) Or .
(timestate(p) = timestate(k) - (numhours - 1))
Then
v pt =1

Else: pt = 0

? End If

“If socstate(p) > O Ana socstate(p)‘< 100 Then

‘Call probstochl Ending state is
‘ in middle of

_ ‘ state space
myprob = pt * ps ‘

ElseIf socstate(p) = 100 And (socstate(k) + policystate(k) -
( ‘ netlQad(timestate(p), 1)) >= 100
Then
Call probstoch2 ' Ending state is
at top of state
space '
myprob = pt * ps
ElseIf'(socstate(p) = 0) And (socstate(k) + policystate(k) - -
‘ "netload(timestate(p), countload(timestate(p)))) <=0

Then
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Call probstoch3 : Ending state is
' o ' ' at bottom of
state space

myprob = pt * ps
Else

myprob =0
End If

End Sub

|***********************************************************

Sub probstochl () 100>SOC (p) >0

For w = 1 To countload(timestate(p))

If (socstate(k) + policystate (k) - socstate(p)) <>

hetload(timestate(p), w) Then
ps = 0
Else

ps = probnetload(timestate(p), w)
- GoTo line20 '

End If

- Next w

line20: End Sub

T % % % %k %k & %k % %k ok %k K ke Kk K Kk Kk k ok ke ke ok ke kK ok k% ke ok ok ok de ke ke ke g ke de e de e ke ke ek ke ke ke ok ok ok ok ok

Sub probstoch2() | . 80C (p)=100

btempprob =0

CFor x = 1 To countload(timestate(p)) Step 1
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If ((sdcstate(k) + policystate (k) - netload (timestate (p),

E X)) >= socstate(p)) Then

tempprob = tempprob + probnetload(timestate(p), x)
ps = tempprob : :

Else

GoTo line40

, End If
C Next x
l1ine40: End Sub

' *****************.****************************************** i

‘Sub probstoch3() o © S0C (p) =0

tempprob 0

tempnl =0

 For x'=_countload(timestaté(p)) To 1 Step -1

: If ((socstate(k) + policystate(k) - netload(timestate(p),

x)) <= 0) Then

“tempprob =‘tempprob‘+ probnetload(timestate(p), x)
tempnl = tempnl + netload(timestate(p), x) *
probnetload(timestate(p), x) - ' ‘

tempprob
tempnl

ps
nl

I

Else
:aGoTo 1ine30

End If

" Next x

line30: End Sub
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Thhkhkhhhkhkhkhhkhkhkkhhkhkkkhkkhkhkhkhkhkkkkkhkhhhkhkhkkkkhkhkhkhkkhkkhkhkhkhkhkkkhkhkhkkkhk

Sub calccost () | Calculates rewafd
If policystate(k) = 0 Then

 diesel = 0
OM = 0

End If

If‘poliCYState(k) <> 0 Then

diesel = —((0.08415 * pr + 0.246 * policystate(k)) * cf)
' Diesel cost
oM = -1 :
End If

- If socstate(k) > socstate(p) Then

wear = ?((socstate(k) - socstate(p)) * battcost)
Battery wear cost

Else: wear = 0

End If
.; If (socstate(p) = 0) And (socstate(k) + policystéte(k) - nl)
<= 0 Then . ' ,
| jloss‘= -(nl - socstate(k) - pélicyétate(k)) *
loéspen‘ Loss of load penélty

Elsé: loss = O‘
End If

¢ost = diesel + loss + OM + wear
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Total immediate reward

 End Sub
R Ty L T e s T T T T e T T

Sub load2() ' _ Load
’ resolution 2
netloads

For i = 1 To 24

countload(i - 1) = Worksheets("netloadprobSZ").Cells(S,
1+ i) < >

Next i
For i = 1 To 24
For j =1 To‘Countload(i - 1)

netload(i - 1, j) = :
Worksheets ("netloadprobs2™).Cells (6 + 7J, 1 + 1)

probnetload(i - 1, j) = : :
Worksheets ("netloadprobs2”).Cells (68 + j, 1 + 1)

Next j

End Sub

T ok ek e ok e o e ok ke e ok o o ok e ook ok ok e ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok o ok ok ok ok ok ok ok ok ok ok ok ok ok e ok ok ok

Sub loads () | | Load
: - resolution 5
netloads
For i = 1 To 24

countload(i - 1) = Worksheets ("netloadprobs5").Cells(5,
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Next i

 For i =1 To 24

For'j = 1 To countload(i -'1)

~netload(i - 1, j) =
Worksheets ("netloadprobs5").Cells(6 + j, 1 + 1)

;probnetloéd(i -1, 3) = -
Worksheets ("netloadprobs5").Cells (33 + j, 1 + 1)

Next ]

Next i

End Sub

Tl dkkkk kR h kA kI h I Ak kkhkkkkkkkhkhkhkhkhkhkkhkkkhkhhkkhhkhkkhhkkkhkdkkkk

Sub loadlO () ' Load
: resolution
10 netloads

For‘i = 1 To numhours

countload(i - 1) = Worksheets("netloadprobsl0").Cells (5,
1+ 1) '

Next 1
For i = 1 To numhours

For § = 1 To countload(i - 1)

‘netload(i - 1, j) =
Worksheets ("netloadprobsl0") .Cells(6 + j, 1 + i)

probnetload(i - 1, j) =
"Worksheets ("netloadprobsl0").Cells (23 + j, 1 + 1)



~Next j

Next i

: End Sub

125




Appendix C

OPTIMAL DISPATCH CHARTS
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Optimal Strategy, Net. Load Profile 1,

Figure 18.
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Optimal Strategy, Net Load Profile 2, Scenario

Figure 27.
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