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Abstract
A decision maker seldom behaves completely rationally when deciding on the investment in capacity
portfolio for a power system. Thus his decision will certainly show some bias when compared with a
truly risk-neutral one. In order to provide an in-depth analysis of such bias, this paper studies the
issues influencing capacity portfolio planning for a power system when the decision maker is lossaverse. The investment decision is the result of the decision maker aiming to maximize utility, and the
effect of this is investigated using a modified newsvendor model, in which the probability of abnormal
electricity demand is considered. Theoretical proofs and numerical simulations are also presented to
provide explanations of some counterintuitive findings. We find that bias in the capacity portfolio
occurs whenever underage losses are greater than overage losses. Even where significant flexibility is
installed, the loss-averse decision maker values dedicated capacity to a greater extent when building
redundancy into the system capacity, and all of his decision bias will go towards building-in dedicated
capacity rather than flexibility. The most interesting finding is that the probability and variance of
abnormal demand are likely to be overestimated, and this will result in investing more dedicated
capacity, not only for providing higher service levels in abnormal situations, but also for delivering
greater operational profit.
(Received in July 2014, accepted in January 2015. This paper was with the authors 2 months for 1 revision.)
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1. INTRODUCTION
As power systems are some of the most important public utilities, the design and investment
in their operational capacity are always considered at a strategic level. This is known as
capacity portfolio planning. “Being prepared for all eventualities” is a widely acknowledged
dictum for mitigating risks caused by any shortfall between capacity and the actual demand.
Thus flexible capacity is often installed to provide redundant capacity ready for abnormal
situations [1]. However, it is not easy to decide how much flexibility is needed in a capacity
portfolio. On one hand, estimation of the statistical parameters is difficult when considering
the fluctuating demand for electricity in abnormal situations. On the other hand, decision bias
may occur if the decision maker is not completely rational at the investment stage.
Motivated by the research of [2], the issue of capacity portfolio planning by a loss-averse
decision maker is investigated in this paper in the context of its effects on investing
appropriate capacity for power systems. In October 2012, we conducted a survey at a
provincial branch of the State Grid Corporation of China (SGCC), the country's largest
electricity provider, with the aim of investigating whether its decision makers were lossaverse when deciding on the capacity portfolio. After in-depth interviews with 3 senior
managers and 15 senior engineers, we found that these senior decision makers were
noticeably consistent in their loss aversion. All of them strongly agreed that significant
redundancy should be built in for minimising the loss in any situation. A certain amount of
flexible capacity was built into the capacity portfolio as redundancy, but with an extremely
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low likelihood it being used even in the event of an abnormal situation. Therefore, this begs
the question as to whether it results in overinvestment in dedicated capacity?
Two questions have motivated this research. The first is whether a loss-averse decision
maker might cause bias in capacity portfolio planning. The second is whether such bias
results in overinvestment in dedicated rather than flexible capacity. In this paper, we study on
the capacity portfolio planning in the context of the effects that a loss-averse decision maker
will have on investment in a power system. The rest of the paper is organized as follows.
Following this introduction, we review the literature on capacity portfolio planning in section
2. In section 3, the decisions involved in designing the capacity portfolio for a power system
are described. In section 4, a modified newsvendor model is presented to represent the utility
function of a loss-averse decision maker, and theoretical proofs are presented. In section 5, we
provide numerical simulations of some critical parameters. Finally, conclusions and proposals
for future research are given in section 6.

2. LITERATURE REVIEW
Capacity portfolio planning refers to determination of the volumes, types and scheduling of
installation of an operational system, and studies of this are widely presented in the related
literature [3-5]. Such strategic planning plays an important role in the development of power
systems. Once the investment has been made, any subsequent modifications to the capacity
portfolio would result in an additional multi-million dollar financial burden, and require
several years for installing the new capacity. A properly designed and financed capacity
portfolio is not only beneficial in helping the company to acquire market competitiveness and
in enhancing operational efficiency; it also provides the ability to hedge risk across a range of
uncertainties [6]. The works most related to our research are those on decision-making with
respect to building flexibility into the capacity portfolio in order to hedge against such
uncertainties [7].
The first stream in flexibility research is the more technical: that of determining the
optimal or desired capacity portfolio. Stochastic capacity planning models have been
developed to investigate the extent of investment in capacity required for dealing with
uncertainties of demand [8]. The mean and variance of uncertain demand under different
scenarios have been carefully examined ahead of presenting heuristic algorithms or
simulations [9, 10]. Most of these mathematical programming models are aimed at
minimizing the gap between capacity and actual demand, while maximizing the operational
profits. In some research [11], further uncertainties beyond those of fluctuating demand, and
of price and yield, have been included to add greater reality to the above models. Other
researchers have considered the expansion of flexible capacity, while the use of different
kinds of flexibility and the reconfiguration of dedicated capacity have been studied using
stochastic dynamic programming approaches [12, 13]. Besides decisions with respect to the
volumes and types of capacity, the timings of investment in flexibility, as part of a scenario of
capacity expansion, have also been considered in some studies [14, 15].
The second stream of research concerns the value of flexibility in mitigating risks, by
empirical and analytical models. Through CVaR-based newsvendor models, flexibility has
been theoretically proved to be beneficial for operational profit under unreliable supply
networks, when risk-averse decision makers are assumed [16, 17]. Some general utility
functions and mean-variance formulations are introduced to the investment of flexibility by a
risk-averse newsvendor, and the conclusion of investing more flexibility roughly
proportionally to demand variance is drawn by [7]. The value of flexibility is further
highlighted by the empirical study presented in [18], where the intrinsic flexibility built in by
using multifunctional capacity provides more advantages in terms of supply availability
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during any disruptions when compared with the use of external flexibility through
coordination of the supply chain. Further benefits of flexibility have been identified by other
researchers who investigated the long-run stock price performances and equity risks of 827
samples from 1989 to 2000 [19]. However, there are some different opinions on the value of
investment in flexibility. There is only limited benefit to operational profits, even though the
cost of investment in the technology to provide flexibility is zero [20].
However, there are apparent differences in the decisions made by risk-averse and lossaverse decision makers. To mitigate risk, the former pay greater attention to the extending
variance of uncertainty, which reflects the risk exposure [7]. While the latter, tries to avoid
any loss caused by mismatch gap between the capacity and actual demand [21]. Some of the
optimal decisions given by loss-averse models may never actually occur in the riskaverse/risk-neutral models [22]. More evidence on the different decision paths of these two
types of decision maker can be seen in researches of financial, economic, marketing and
organizational behaviour [23]. However, little research could be found in the field of
operational management. To the best of our knowledge, we are the first to investigate lossaversion behaviour in respect of the problem of capacity portfolio planning for power
systems.

3. PROBLEM DESCRIPTION AND NOTATIONS
In this research, we consider that the decision maker invests in two kinds of equipment in
respect of electricity demand fluctuating in normal and abnormal situations. The first kind of
equipment is the existing generation equipment, which operates more efficiently and has
lower installation and operational costs, while its disadvantage is obviously in its inability to
provide capacity expansion to meet other situations. The second is advanced equipment which
can expand its capacity to meet sharp upwardly shifting electricity demand; however its
installation and operational costs are much greater than those of the former. In this paper, we
refer to the advanced and existing generation equipment as flexible and dedicated capacity
respectively. Therefore, here, we have defined 'capacity portfolio' simply as the total volumes
and proportions of these two kinds of capacity.
There is an obvious difference in the considerations taken into account by a risk-averse or
a loss-averse decision maker in weighting the profit and loss. A risk-averse decision maker
might decide on the capacity portfolio only by consideration of the increasing variance of an
uncertain electricity demand while its mean remains constant [7]. Thus, the aim of a riskaverse decision maker is to try to reduce the exposure to risk. However, a loss-averse decision
maker will aim to minimize any financial losses, and would therefore consider both the mean
and the variance, as well as the probability of an abnormal electricity demand. The design of a
capacity portfolio by a loss-averse decision maker is illustrated in Fig. 1. In this paper, both
normal and abnormal electricity should be satisfied by flexible and dedicated capacity in
different capacity expansion scenario. The maximum output of the capacity portfolio is
designed to provide sufficient electricity in both normal and abnormal situations. We shall
consider only an upward-shifting of the mean of the abnormal demand, because the demands
resulting from a downward-shift in the mean would, of course, be satisfied by the capacity
portfolio.
The problem of a loss-averse decision maker deciding the capacity portfolio will be
presented in newsvendor models. The following notations are used in the models.
Demand related parameters
x and y are random electricity demands in normal and abnormal situations respectively.
Both of them have a Gaussian distribution. 𝑓(𝑥), 𝑔(𝑦), 𝐹(𝑥) and 𝐺(𝑦) are the density and
distribution functions respectively.
280

Bao, Jiang: The Effect of Loss-Averse Behaviour on Capacity Portfolio Planning for …
N(µf,σ2f)

Normal demand

Capacity portfolio
α=kd/kf

Capacity
output

kf

kfβf

N(µg,σ2g)

Abnormal demand

Electricty
demand

Expaneded
kfβg flexible capacity

Dedicated
capacity kd

Figure 1: Flexible capacity expansion when electricity demand fluctuates normally and abnormally.

(𝜇𝑓 , 𝜎𝑓2 ) and (𝜇𝑔 , 𝜎𝑔2 ) are the means and variances of the normal and abnormal electricity
demand. 𝜇𝑔 > 𝜇𝑓 , but, according to historical data, 𝜇𝑔 has seldom exceeded 𝜇𝑓 by more than
25 %.
Capacity related parameters
𝑘𝑑 and 𝑘𝑓 are the volume of the dedicated and flexible capacity respectively. Thus
[𝑘𝑑 , 𝑘𝑓 ] is the capacity portfolio.
𝛼 = 𝑘𝑑 ⁄𝑘𝑓 and is the capacity structure ratio. For convenience in constructing the
mathematical model without losing any general applicability, we set 𝑘𝑓 = 1 in this paper, thus
𝛼 = 𝑘𝑑 .
𝛽𝑓 and 𝛽𝑔 are the expansion coefficients of the flexible capacity in normal and abnormal
situations. Noted that (𝛽𝑔 − 𝛽𝑓 ) ≥ (𝜇𝑔 − 𝜇𝑓 ) , or the demand in the abnormal situation
cannot be satisfied. And 𝛽𝑔 > 𝛽𝑓 ≥ 1.
(𝑘𝑑 + 𝛽𝑓 𝑘𝑓 ) = (𝛼 + 𝛽𝑓 ) and (𝑘𝑑 + 𝛽𝑔 𝑘𝑓 ) = (𝛼 + 𝛽𝑔 ) are the respective outputs of the
capacity portfolio when electricity demand fluctuates normally and abnormally. (𝛼 + 𝛽𝑔 ) is
also the maximum output of the capacity portfolio.
Cost related parameters
𝑐 is the operational cost of dedicated capacity per unit.
𝑞(𝛽) is the operational cost function of flexible capacity per unit at the expansion
coefficient of 𝛽, and its marginal cost is 𝑞 ′ (𝛽) > 𝑐. According to the engineers interviewed,
𝑞 ′ (𝛽) is 3 to 4 times greater than 𝑐.
𝑟 is the revenue of per electricity demand that is satisfied.
𝑤 is the penalty of per electricity demand that is unsatisfied. It can be either the
punishment from electricity consumer or regulator. 𝑤 > 𝑞 ′ (𝛽), or else no flexible capacity
will be expanded in abnormal situation.
𝑠 is the salvage cost of excessive capacity per unit of the power system, such as the
overproduced electricity could be stored by pumped-storage hydro-electric power station.
And 𝑤 > 𝑟 > 𝑐 > 𝑠.
Profit and utility related parameters
𝜋 is the operational profit for the given capacity portfolio.
𝜆 is the loss aversion coefficient of the decision maker, where 𝜆 ≥ 1. The higher the value
of 𝜆, the more loss-averse the decision maker. If the decision maker is risk-neutral 𝜆 = 1.
𝑈(𝜋) is the utility function of a loss-averse decision maker according to perspective
theory[2]. This is a piecewise utility function, 𝑈(𝜋) = 𝜋 when 𝜋 ≥ 0, and 𝑈(𝜋) = 𝜆𝜋 when
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𝜋 < 0. This implies that the decision maker is more sensitive to losses than to profits of
equivalent size.
Probability related parameter
𝑝 is the probability of there being abnormal electricity demand, while (1 − 𝑝) is the
probability of normal electricity demand.

4. MATHEMATICAL MODEL
It is the objective of a decision maker to maximize his utility function when deciding the
optimal capacity portfolio. However, the utility functions of risk-neutral and loss-averse
decisions are rather different. A risk-neutral decision maker will aim to maximise the total
expected profit, with profit and loss of the same amount being treated no differently in his
utility function. However, for the utility function of a loss-averse decision maker, loss is
weighted more heavily than the same amount of profit, thus there will be obvious decision
bias in his optimal capacity portfolio when compared with a risk-neutral one.
Before constructing the utility function of a loss-averse decision maker, we would like to
present the risk-neutral decision maker’s utility function in eq. (1), which is an expected profit
function weighted by the probability of abnormal electricity demand according to the Von
Neumann and Morgenstern’s Rule.
𝐸[𝜋(𝛼, 𝑥, 𝑦)] = (1 − 𝑝)𝐸[𝜋𝑓 (𝛼, 𝑥)] + 𝑝𝐸[𝜋𝑔 (𝛼, 𝑦)]
(1)
𝜋𝑓 (𝛼, 𝑥) and 𝜋𝑔 (𝛼, 𝑦) are the respective profit functions when demand fluctuates
normally and abnormally, and are derived as follows:
+

+

+

+

𝜋𝑓 (𝛼, 𝑥) = 𝑟𝑚𝑖𝑛[𝑥, (𝛼 + 𝛽𝑓 )] + 𝑠[(𝛼 + 𝛽𝑓 ) − 𝑥] − 𝑤[𝑥 − (𝛼 + 𝛽𝑓 )] − [𝑐𝛼 + 𝑞(𝛽𝑓 )] (2)
𝜋𝑔 (𝛼, 𝑦) = 𝑟𝑚𝑖𝑛[𝑦, (𝛼 + 𝛽𝑔 )] + 𝑠[(𝛼 + 𝛽𝑔 ) − 𝑦] − 𝑤[𝑦 − (𝛼 + 𝛽𝑔 )] − [𝑐𝛼 + 𝑞(𝛽𝑔 )] (3)
The first item in each of eqs. (2) or (3) is the revenue from electricity demand satisfied by
the output of the capacity portfolio. The second is the salvage cost when overproduced
electricity reclaimed by pumped-storage hydro-electric power station. The third is the penalty
cost when not enough electricity is produced. And the fourth item is the operational costs of
dedicated and flexible capacity.
𝐸[𝜋(𝛼, 𝑥, 𝑦)] is obviously a newsvendor model, and the optimal capacity structure ratio
∗
𝛼 will be ensured by maximizing the expected profits. Therefore we can present the
following proposition:
Proposition 1. In the context of a risk-neutral decision maker, 𝐸[𝜋(𝛼, 𝑥, 𝑦)] is strictly
concave, there is a unique value of 𝛼 ∗ that makes 𝐸[𝜋(𝛼 ∗ , 𝑥, 𝑦)] = 𝑚𝑎𝑥 {𝐸[𝜋(𝛼, 𝑥, 𝑦)]}, and
𝛼 ∗ satisfies the eq. (4)
𝑟+𝑤−𝑐
(1 − 𝑝)𝐹(𝛼 ∗ + 𝛽𝑓 ) + 𝑝 𝐺(𝛼 ∗ + 𝛽𝑔 ) =
(4)
𝑟+𝑤−𝑠

𝐹(𝛼 ∗ + 𝛽𝑓 ) and 𝐺(𝛼 ∗ + 𝛽𝑔 ) are the utility function of the power system under normal
and abnormal demand respectively.
The proof of proposition 1 is rather simple, thus we have omitted here. Eq. (4) could be
∂E[π]
obtained by solving
= 0.
∂α
According to [24], loss will be found whenever there is a mismatch between the planned
capacity and uncertain electricity demand. Two kinds of loss can be defined. An overage loss
results from the power system producing more electricity than is necessary, while underage
losses are the result of insufficient electricity provision compared to the actual demand. Both
of overage and underage losses are weighted more than revenue. Therefore, in order to
construct the utility function of a loss-averse decision maker, overage and underage losses
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should be defined in terms of the actual electricity demand 𝑥𝑖 or 𝑦𝑖 that make 𝜋𝑓 (𝛼, 𝑥𝑖 ) or
𝜋𝑔 (𝛼, 𝑦𝑖 ) equal to zero.
Lemma. There are 𝑥1 and 𝑥2 , or 𝑦1 and 𝑦2 that make 𝜋𝑓 (𝛼, 𝑥) = 0 or 𝜋𝑔 (𝛼, 𝑦) = 0. And
𝑥1 = {[𝑐 − 𝑠]𝛼 + [𝑞(𝛽𝑓 ) − 𝑠𝛽𝑓 ]}⁄(𝑟 − 𝑠) , 𝑥2 = {[𝑟 + 𝑤 − 𝑐]𝛼 + [(𝑟 + 𝑤)𝛽𝑓 − 𝑞(𝛽𝑓 )]}⁄𝑤 ,
𝑦1 = {[𝑐 − 𝑠]𝛼 + [𝑞(𝛽𝑔 ) − 𝑠𝛽𝑔 ]}⁄(𝑟 − 𝑠) , 𝑦2 = {[𝑟 + 𝑤 − 𝑐]𝛼 + [(𝑟 + 𝑤)𝛽𝑔 − 𝑞(𝛽𝑔 )]}⁄𝑤 .
𝑥1 ≤ (𝛼 + 𝛽𝑓 ) ≤ 𝑥2 and 𝑦1 ≤ (𝛼 + 𝛽𝑔 ) ≤ 𝑦2 . Overage loss will be caused when 𝑥 < 𝑥1 or
𝑦 < 𝑦1 , while underage loss will be caused when 𝑥 > 𝑥2 or 𝑦 > 𝑦2 .
As this lemma can be easily proved when eqs. (2) and (3) equal zero, the proof has been
omitted.
Eqs. (5) and (6) are the utility functions of a loss-averse decision maker. Both the overage
and underage losses are weighted by a loss-aversion coefficient 𝜆.
𝑈𝑓 [𝜋𝑓 (𝛼, 𝑥)] = 𝐸[𝜋𝑓 (𝛼, 𝑥)] + (𝜆 − 1){𝐸[𝜋𝑓 (𝛼, 𝑥 ≤ 𝑥1 )] + 𝐸[𝜋𝑓 (𝛼, 𝑥 ≥ 𝑥2 )]}
(5)
𝑈𝑔 [𝜋𝑔 (𝛼, 𝑦)] = 𝐸[𝜋𝑔 (𝛼, 𝑦)] + (𝜆 − 1){𝐸[𝜋𝑔 (𝛼, 𝑦 ≤ 𝑦1 )] + 𝐸[𝜋𝑔 (𝛼, 𝑦 ≥ 𝑦2 )]} (6)
Therefore, by substituting 𝜋𝑓 and 𝜋𝑔 with 𝑈𝑓 and 𝑈𝑔 , we can obtain the expected utility
function of a loss-averse decision maker as 𝑈[𝜋(𝛼, 𝑥, 𝑦)] as in eq. (7). The optimal capacity
portfolio 𝛼 ∗∗ can be obtained by maximizing 𝑈[𝜋(𝛼, 𝑥, 𝑦)], which is also a variant of the
newsvendor.
𝑈[𝜋(𝛼, 𝑥, 𝑦)] = (1 − 𝑝)𝑈𝑓 [𝜋𝑓 (𝛼, 𝑥)] + 𝑝𝑈𝑔 [𝜋𝑔 (𝛼, 𝑦)]
(7)
Proposition 2. 𝑈[𝜋(𝛼, 𝑥, 𝑦)] is strictly concave with 𝛼, and there is an unique 𝛼 ∗∗ that
makes 𝑈[𝜋(𝛼 ∗∗ , 𝑥, 𝑦)] = 𝑚𝑎𝑥{𝑈[𝜋(𝛼, 𝑥, 𝑦)]}, and where 𝛼 ∗∗ satisfies eq. (8):
(1 − 𝑝){[𝐴𝐹̅ (𝛼 ∗∗ + 𝛽𝑓 ) − 𝐵𝐹(𝛼 ∗∗ + 𝛽𝑓 )] + (𝜆 − 1)[𝐴𝐹̅ (𝑥2 ) − 𝐵𝐹(𝑥1 )]} +
𝑝{[𝐴𝐺̅ (𝛼 ∗∗ + 𝛽𝑔 ) − 𝐵𝐺(𝛼 ∗∗ + 𝛽𝑔 )] + (𝜆 − 1)[𝐴𝐺̅ (𝑦2 ) − 𝐵𝐺(𝑦1 )]} = 0
(8)
̅
̅
(∙)
(
where 𝐹 = 1 − 𝐹(∙), 𝐺 ∙) = 1 − 𝐺(∙), 𝐴 = 𝑟 + 𝑤 − 𝑐 and 𝐵 = 𝑐 − 𝑠.
As the proof of proposition 2 is similar to that for proposition 1, we have omitted it here.
Since 𝐹̅ (∙) and 𝐺̅ (∙) are the probabilities that the capacity portfolio 𝛼 ∗∗ can not satisfied in
the case of uncertain electricity demand, 𝐴𝐹̅ (∙) and 𝐴𝐺̅ (∙) are the underage losses, while
𝐵𝐹(∙) and 𝐵𝐺(∙) are the overage losses.
Corollary 1. The more loss-averse the decision maker is, the greater amount of flexible
𝜕𝛼 ∗∗
capacity will be invested. That is
< 0.
𝜕𝜆
As the proof of corollary 1 is very simple, it has been omitted.
Corollary 2. When variance of demand increases in abnormal situation, more dedicated
𝜕𝛼 ∗∗
capacity will be invested when 𝑝 increases, and vice versa. Specifically,
> 0 , when
𝜎𝑔
𝜎𝑓

> 1, and

𝜕𝛼 ∗∗
𝜕𝑝

< 0 when

𝜎𝑔
𝜎𝑓

<

𝜇𝑔 −𝛽𝑔
𝜇𝑓 −𝛽𝑓

𝜕𝑝

< 1.

Proof of corollary 2. We can obtain
evident that the sign of
equivalent to [
[

𝛼 ∗∗ +𝛽𝑓 −𝜇𝑓
𝜎𝑓

−

𝜕𝛼 ∗∗

𝛼 ∗∗ +𝛽𝑓 −𝜇𝑓

𝜎𝑓
𝛼 ∗∗ +𝛽𝑔 −𝜇𝑔
𝜎𝑔

according to section 3,

𝜕𝑝

−

]=
𝜕𝛼 ∗∗
𝜕𝑝

𝜕𝛼 ∗∗
𝜕𝑝

=

(1−𝑝)𝑓(𝛼 ∗ +𝛽𝑓 )+𝑝𝑔(𝛼 ∗ +𝛽𝑔 )

from eq. (8). It is

depends on the sign of [𝐹(𝛼 ∗∗ + 𝛽𝑓 ) − 𝐺(𝛼 ∗∗ + 𝛽𝑔 )], which is

𝛼 ∗∗ +𝛽𝑔 −𝜇𝑔
𝜎𝑔
1

𝜎𝑓 𝜎𝑔

] according to the normal approximation approach.

[(𝜎𝑔 −𝜎𝑓 )𝛼 ∗∗ + 𝜎𝑓 (𝜇𝑓 − 𝛽𝑓 )(

> 0 when

𝜎𝑔
𝜎𝑓

> 1 and

𝜕𝛼 ∗∗
𝜕𝑝

𝜎𝑔
𝜎𝑓

< 0 when

−

𝜇𝑔 −𝛽𝑔

)]. Because

𝜇𝑓 −𝛽𝑓
𝜎𝑔
𝜇𝑔 −𝛽𝑔

𝜎𝑓

<

𝜇𝑓 −𝛽𝑓

𝜇𝑔 −𝛽𝑔
𝜇𝑓 −𝛽𝑓

<1

< 1.

Corollary 3. More dedicated capacity will be invested if the penalty increases, that is
> 0.

𝜕𝛼 ∗∗
𝜕𝑤

(𝐴+𝐵)[𝐹(𝛼 ∗ +𝛽𝑓 )−𝐺(𝛼 ∗ +𝛽𝑔 )]
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As the proof of corollary 3 is very simple it has been omitted. Similarly, we can obtain
𝜕𝛼 ∗∗
𝜕𝛼 ∗∗
> 0,
> 0 and
< 0.

𝜕𝛼 ∗∗
𝜕𝑟

𝜕𝑐

𝜕𝑠

Corollary 4. The bias of (𝛼 ∗∗ − 𝛼 ∗ ) depends on the difference between the underage and
overage losses. (1) 𝛼 ∗∗ − 𝛼 ∗ > 0 when 𝐴𝐹̅ (𝑥2 ) > 𝐵𝐹(𝑥1 ) and 𝐴𝐺̅ (𝑦2 ) > 𝐵𝐺(𝑦1 ).
(2) 𝛼 ∗∗ − 𝛼 ∗ < 0 when 𝐴𝐹̅ (𝑥2 ) < 𝐵𝐹(𝑥1 ) and 𝐴𝐺̅ (𝑦2 ) < 𝐵𝐺(𝑦1 ). (3) 𝛼 ∗∗ = 𝛼 ∗ when
𝐴𝐹̅ (𝑥2 ) = 𝐵𝐹(𝑥1 ) and 𝐴𝐺̅ (𝑦2 ) = 𝐵𝐺(𝑦1 ).
𝜕𝑈
Proof of corollary 4. It can be obtained that = (𝜆 − 1){(1 − 𝑝)[𝐴𝐹̅ (𝑥2 ) − 𝐵𝐹(𝑥1 )] +
𝜕𝛼

𝜕𝐸[𝜋]
𝑝[𝐴𝐺̅ (𝑦2 ) − 𝐵𝐺(𝑦1 )]} +
according to eq. (7). In the first case, suppose that 𝛼 ∗∗ > 𝛼 ∗ ,

and

𝜕𝐸[𝜋(𝛼 ∗∗ )]
𝜕𝛼

<

𝜕𝐸[𝜋(𝛼 ∗ )]
𝜕𝛼

𝜕𝛼

= 0 because

𝜕2 𝐸[𝜋(𝛼)]
𝜕𝛼 2

< 0 according to proposition 1, only
∗∗

𝜕𝑈(𝛼 )
𝐴𝐹̅ (𝑥2 ) > 𝐵𝐹(𝑥1 ) and 𝐴𝐺̅ (𝑦2 ) > 𝐵𝐺(𝑦1 ) could make
= 0. We can also obtain similar
𝜕𝛼
outcomes for the other two cases.
If the bias (𝛼 ∗∗ − 𝛼 ∗ ) is defined as the over-redundancy of the capacity portfolio of the
loss-averse decision maker, it is interesting that (𝛼 ∗∗ − 𝛼 ∗ ) will result only from dedicated
capacity rather than from flexible capacity.

5. NUMERICAL SIMULATIONS
In this section, numerical simulation will be carried out to investigate the decision-making
behaviour of a loss-averse decision maker. In sections 5.1 and 5.2, numerical analysis of the
variance, probability and the effects of penalties are presented to investigate their influence on
the capacity portfolio decisions and the extent of the resulting bias. In section 5.3, the
operational profits are calculated to verify the conclusions given by the aforementioned
simulations. The basic parameters in this section are taken as 𝜇𝑓 = 10, 𝜇𝑔 = 12.5, 𝜎𝑓 = 0.5,
𝛽𝑓 = 1, 𝛽𝑔 = 4, 𝑟 = 100, 𝑐 = 80, 𝑠 = 50 and 𝑞(𝛽) = 3𝑐𝛽. 𝜎𝑔 , while 𝜆 and 𝑤 will be the changing
parameters.
5.1 Sensitivity analysis of variance
The variance of abnormal electricity demand is particularly important when deciding on the
capacity portfolio, according to [25]. Under the basic parameter settings, with 𝜆 = 2, 𝑤 = 200
and 𝑝 = 0~0.5, a loss-averse decision maker would invest in dedicated capacity as in Fig. 2. A
more widely fluctuating abnormal demand is indicated when 𝜎𝑔 ⁄𝜎𝑓 >1, while the opposite is
the case when 𝜎𝑔 ⁄𝜎𝑓 ≤1.
According to Fig. 2, it is quite counter-intuitive that a loss-averse decision maker would
tend to invest more dedicated capacity when 𝜎𝑔 increases. This finding is similar to that of
[20], and investment in flexible capacity is made merely for profit maximization under normal
operational conditions rather than for coping with abnormal electricity demand. A high
capacity portfolio volume with more dedicated capacity will contribute an increase in the
service level of the power system able to meet the demands of both normal and most
abnormal situations.
According to the interviews which we conducted, almost every decision maker within the
SGCC would normally make decisions which result in the capacity portfolio falling within the
grey-coloured area in Fig. 2. As a consequence, there will be an emphasis on more dedicated
capacity being invested, resulting in built-in redundancy. This provides the answer to the
question proposed in our introduction.
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capacity structure ratio ɑ**

The direction of increasing
σg/σf when σg/σf >1
Area
chosen in
actual
decison

The direction of increasing
σg/σf when σg/σf ≤1

probablity of abnormal demand p

Figure 2: 𝛼 ∗∗ when 𝜎𝑔 ⁄𝜎𝑓 = [1.05,6.55] and [0.78,0.9] with increments of 0.5 and 0.01 respectively.

5.2 Capacity portfolio bias simulations
Under the basic parameter settings, the underage loss is greater than the overage loss, thus the
bias of (𝛼 ∗∗ − 𝛼 ∗ ) is positive. Since almost every decision maker is inclined to provide a
capacity portfolio decision resulting in 𝜎𝑔 > 𝜎𝑓 , we shall next investigate further in respect of
the parameters that impact on this bias.
The first parameter to be investigated in this section is the probability of an abnormal
situation occurring, which is illustrated in Table I. What interests us most is the sharp-fall in
(𝛼 ∗∗ − 𝛼 ∗ ) when 𝑝 falls below 0.1, and where there is little difference between 𝛼 ∗ and 𝛼 ∗∗
with an extremely low 𝑝, for example if 𝑝 = 0.0001. When 𝑝 = 0, a loss-averse decision maker
behaves in the same way as a risk-neutral one, meaning that no additional redundant capacity
would be invested. According to our interviews, the SGCC decision makers would never
consider an investment in redundant capacity to cover adverse situations which have an
extremely low probability, such as earthquakes and terrorist attacks. This matches the findings
reported in [26]. However, the probability of some other abnormal adverse events, such as
fire, extremely hot or cold weather, would be overestimated. Therefore, according to Table I,
the bias of (𝛼 ∗∗ − 𝛼 ∗ ) will increase when 𝑝 increases. It is actually quite counterintuitive that
a loss-averse decision maker would reduce the proportion of flexible capacity in the capacity
portfolio, while investing in more dedicated capacity.
Table I: Capacity portfolio bias of (𝛼 ∗∗ − 𝛼 ∗ ) when 𝜆 = 2 and 𝑤 = 200.
𝛼 ∗∗ − 𝛼 ∗
𝜎𝑔 /𝜎𝑓 = 3.0
𝜎𝑔 /𝜎𝑓 = 2.5
𝜎𝑔 /𝜎𝑓 = 2.0
𝜎𝑔 /𝜎𝑓 = 1.5
𝜎𝑔 /𝜎𝑓 = 1.0

p = 0.0001
9.8703e-6
5.0726e-6
2.7227e-6
2.6063e-6
1.8321e-6

p = 0.01
0.0020
0.0012
0.0010
0.0010
0.0010

p = 0.1
0.019
0.017
0.016
0.016
0.016

p = 0.2
0.047
0.039
0.032
0.032
0.031

p = 0.3
0.052
0.050
0.049
0.048
0.047

p = 0.4
0.078
0.074
0.069
0.065
0.062

p = 0.5
0.119
0.106
0.090
0.088
0.085

The second parameter to be investigated is the penalty w, because, according to
proposition 2, it contributes the greatest effect in the case of underage loss. The biases are
illustrated in Fig. 3, using the same parameters as in Table I. For clarity, only the plots of the
biases when 𝑝 = 0.1 are illustrated in Fig. 3 because they are fairly similar for increasing
values of 𝑝. The values of (𝛼 ∗∗ − 𝛼 ∗ ) in Fig. 3 accord very well with corollary 4. Taking into
consideration corollary 3, all of the bias will be built up through the installation of dedicated
capacity, indicating that dedicated capacity is more highly valued than flexible capacity.
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bias (ɑ**-ɑ*)

σg/σf ↑

Underage loss
>overage loss
Underage loss
<overage loss

Red line (σg/σf =1)
blue line (σg/σf =3)

penalty w

Figure 3: (𝛼

∗∗

∗

− 𝛼 ) when w varies from 100 to 300, 𝜎𝑔 ⁄𝜎𝑓 = 0.9, 𝜎𝑔 ⁄𝜎𝑓 = 2, p = 0.1.

5.3 Operational profit simulations
According to proposition 1, maximization of operational profit is ensured at 𝛼 ∗ .
Therefore, this will fall whenever there is any bias away from 𝛼 ∗ . The size of the operational
profits, calculated for the same parameters as used in Table I are illustrated in Fig. 4. The
solid and dashed curves in Fig. 4 are the respective operational profits when the decision
maker is either risk-neutral or loss-averse.
It is interesting that operational profit increases when 𝜎𝑔 and 𝑝 increase. This indicates
that almost every decision maker would be inclined to overestimate both the probability and
the variance of abnormal electricity demand in order to achieve higher operational profit. This
might therefore be the reason why the SGCC decision makers always pay excessive attention
to the possibility of extreme hot or cold weather. More capacity is therefore invested not only
for hedging risks, but also for higher operational profits. This is consistent with the findings in
section 5.2: there will be more dedicated capacity invested when 𝜎𝑔 and 𝑝 increase.
Solid lines (λ=1)
Dotted lines (λ=2)

profits

σg/σf ↑

probablity of abnormal demand p

Figure 4: Operational profits when decision makers are loss-averse and risk-natural.

6. CONCLUSIONS AND FUTURE RESEARCH
In this paper, we have studied the capacity portfolio planning problem of a power system
when the decision maker is loss-averse. A modified newsvendor model has been presented to
depict the utility function of such a loss-averse decision maker, and detailed theoretical proofs
and numerical simulations have been presented. Several interesting findings have been
obtained, and although some of them might be counterintuitive they are helpful in explaining
the decisions made by loss-averse decision makers in respect of investment in capacity
portfolios.
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Generally, more flexible capacity would be expected to be invested into capacity portfolio
with a more loss-averse decision maker. However, the situation might well be reversed if the
decision maker overestimates the probability and variance of abnormal electricity demand, as
is typically the case in the real-world decision-making. Overinvestment in dedicated capacity
is a reasonable decision as it provides higher service levels and operational profits no matter
whether the decision maker is loss-averse or risk-neutral. However, a loss-averse decision
would tend to over-invest in dedicated capacity, and all the bias in the capacity portfolio will
be built by dedicated capacity. Therefore, this is quite similar to the finding of [20], that a
loss-averse decision maker will particularly value dedicated capacity when building a higherlevel capacity portfolio.
It is expected that two of the assumptions made in this paper will be relaxed in future
modelling studies. The first assumption is that the capacity portfolio problem can be regarded
as a single-period decision model. However, the installation of power system capacity is
actually made over a long period and in multiple stages. It therefore is appropriate to consider
the timing of the capacity portfolio decisions involved. The other assumption is that the use of
the loss-aversion coefficient is an accurate representation of a loss-averse decision maker.
However the estimation of the loss-aversion coefficient is not easy and is worthy of further
study through experimental research [27].
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