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1. Introduction 
Climate change is manifest as global warming, changing precipitation patterns, rising sea levels, and more 
frequent extreme weather events. The evidence of ongoing climate change is irrefutable, and much (and 
perhaps most) of it is attributable to human activity (IPCC, 2007). Most research on climate change has 
focused on mitigation, but it is widely recognized that adaptation to reduce the negative impacts of climate 
change is inevitable (Richardson, 2010). To date, only a few countries have adopted specific national 
adaptation strategies. Planning and financing adaptation strategies is challenging in terms of the scale of 
the required investments, the need to time them appropriately, and the uncertainties associated with the 
likelihood and severity of disasters at the regional and local level. Adaptation is especially important for 
seaports which are crucial linkages in global supply-chains, but particularly vulnerable to extreme weather 
events associated with sea level rise and storm activities (Becker et al., 2013). In addition to protective 
investments, to maintain their long-term competitiveness ports must also make decisions about capacity 
investments to accommodate rising traffic volumes and reduce congestion (Luo et al., 2012). Port capacity 
and adaptation investments can be interdependent, and both investments can affect shippers’ demand. Of 
central interest to this paper, because of uncertainty about the speed of climate change and the irreversibility 
of infrastructure investment, it can be advantageous to wait for better information before making large 
investments. 
 
With this as background, we investigate the optimal timing and scale of adaptation and capacity investments 
in the face of uncertainty about the likelihood of disasters. We adopt a two-period model and Bayesian 
learning whereby a port and shippers update their prior probability of a disaster in period 2 based on what 
happens in period 1. We analyze how optimal capacity and adaptation investment interact with each other, 
how the two types of investments affect port fees, and how different governance structures and 
corresponding objective functions affect a port’s investment decisions. The study offers managerial insights 
for ports and their stakeholders to develop appropriate capacity and adaptation management strategies to 
climate change. Although the focus is on seaports, the general lessons also apply to protective investments 
for other types of vulnerable infrastructure. 
 
2. Literature review 
This research is related to two streams of literature: (1) optimal capacity and pricing decisions, and (2) port 
adaptation strategies. In their seminal work on investment under uncertainty, Dixit and Pindyck (1994) 
highlighted the option value of waiting for better information when investment is irreversible. Many studies 
have followed. In most of them (e.g., Bar-Ilan and Strange, 1999; Décamps et al., 2006; Huisman and Kort, 
2015; Balliauw et al., 2019), uncertainty takes the form of an exogenous shock, which typically follows a 
geometric Brownian motion. Optimal investment timing is determined by a threshold of the stochastic 
process (either output price or demand) above which the investment should be undertaken. Pricing is not 
the core issue in these studies because firms are assumed to be price takers in their input and output markets. 
In contrast, pricing can be important for ports which typically have market power, and can alleviate 
congestion by raising their fees. Many studies have considered port/airport capacity investment and pricing 
(e.g., Zhang and Zhang, 2006; De Borger and Van Dender, 2006; Basso, 2008; Kidokoro et al., 2016). 

																																																								
1 54th Annual Meetings of the Canadian Transportation Research Forum, May 26-29, 2019 at Vancouver, British Columbia. 
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However, these studies employ one-period models and do not consider adaptation investment, uncertainty 
or dynamic learning. 
 
Studies on port adaptation strategies are now emerging. Xiao et al. (2015) examine the optimal timing of 
protective investment over a two-period horizon. They assume that the probability of disasters is known 
more precisely in period 2 than period 1, and investigate whether protective investment should be made in 
period 1 or period 2. Wang and Zhang (2018) incorporate duopoly port competition in protective investment, 
and examine the impacts of competition on the scale of a port’s investment in a one-period model. 
Randrianarisoa and Zhang (2019) extend Wang and Zhang (2018) to a two-period model. Like Xiao et al. 
(2015), they assume that ports can only invest in protection in one period. Asadabadi and Miller-Hooks 
(2018) investigate port protective investment in a maritime network under a co-opetitive environment using 
a single-period model. No study has yet considered both protective and capacity investments, and the 
interactions between them. We do so here using a two-period model in which a port can undertake each 
type of investment in period 1, period 2, or both periods.  
 
3. The model 
There are two periods, period 1 and period 2. At the beginning of period 1, the port and shippers have a 
common prior about the probability of a disaster, 𝑥". This prior is based on scientific research, as well as 
historical data on sea level rise, weather and extreme events. At the end of period 1, the state of period 1 is 
realized. If a disaster has occurred, port and shippers update their prior probability of a disaster in period 2 
to 𝑥#$. If no disaster occurs in period 1, port and shippers update their prior to 𝑥#%. Superscripts 𝐻 and 𝐿 can 
be read as high risk and low risk, respectively. For brevity, period 2 will sometimes be called period “2H” 
if a disaster occurs in period 1, and period “2L” if none occurs. 
 
At the beginning of each period, shippers decide how much to ship on the basis of the expected generalized 
price. In period 1, the expected price is 𝜌" = 𝜏" + 𝑥"	𝑓" 𝐾", 𝐼" + 𝑔" 𝐾", 𝑞" . It consists of the user charge 
𝜏", expected damage due to disaster 𝑥"	𝑓" 𝐾", 𝐼" , and  congestion cost 𝑔" 𝐾", 𝑞" . 𝐾"	is the port’s capacity 
investment, and 𝐼"	is its adaptation investment or “protection” for short. In case of disaster, 𝑓" 𝐾", 𝐼"  is the 
damage cost that shippers incur per unit of cargo. Function 𝑓" is assumed to take the form 𝑓" 𝐾", 𝐼" =
𝑚"𝑒567(97/;7), where 𝑚" is a monetary value and 𝜃" is a measure of protection effectiveness. The larger is 
𝜃", the less damage occurs when  𝐼" > 0. Since 𝜕#𝑓"/𝜕𝐼"# > 0, protection is subject to decreasing returns. 
In addition, 𝑓" is an increasing function of 𝐾" so that a given investment in protection offers less defence to 
a larger port. We assume 𝑔" takes the functional form 𝑔" 𝐾", 𝑞" = 𝛿"(𝑞"/𝐾"), where 𝛿" converts shippers’ 
congestion cost to monetary value and 𝑞"  is traffic volume. Congestion increases with volume and 
decreases with capacity. If volume and capacity change by the same percentage, congestion is unchanged. 
The inverse demand function is assumed to be linear: 𝜌" = 𝑎" − 𝑏"𝑞". 
 
The specification for period 2 is similar. The expected generalized price for shippers is 𝜌#E = 𝜏#E +
	𝑥#E𝑓#E 𝐾#E, 𝐼#E + 𝑔#E 𝐾#E, 𝑞#E , where 𝑠 = 𝐻, 𝐿 denotes the state that was realized in period 1. Damage costs 
for the two states are 𝑓#E 𝐾#E, 𝐼#E = 𝑚#𝑒56G(9G

H/;GH) , congestion costs are 𝑔#E 𝐾#E, 𝑞#E = 𝛿#(𝑞#E/𝐾#E) , and 
demand is 𝜌# = 𝑎# − 𝑏#𝑞#E . The demand function can differ from period 1, but it is assumed to be 
independent of the state.  
 
A port’s expected profit in period 1 is formulated as:  

𝜋" = 𝜏" − 𝑐" 𝑞" − 𝑥"	𝐹" 𝐾", 𝐼" 𝐾" − 𝑐L"𝐾" − 𝑐9"𝐼", 
where 𝐹" 𝐾", 𝐼"  is the cost of disaster damage per unit capacity incurred by the port, 𝑐" is the unit cost of 
handling cargo, 𝑐L" is the unit cost of capacity, and 𝑐9" is the unit cost of protection. Unit costs are constant 
so that economies of scale or scope are assumed away. Similar to the case for shippers, damage costs for 
the port are 𝐹" 𝐾", 𝐼" = 𝑀"𝑒5N7(97/;7), where 𝑀" is a monetary value and 𝜂" is a measure of protection 
effectiveness. The damage function includes the costs of damage to the infrastructure as well as the costs 
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of repair. The port chooses 𝐾" and  𝐼" at the beginning of period 1. At the beginning of period 2, the port 
decides whether to add more capacity and/or protection. Its expected profit in period 2 is  

𝜋#E = 𝜏#E − 𝑐# 𝑞#E − 𝑥#E𝐹#E 𝐾#E, 𝐼#E 𝐾#E − 𝑐L# 𝐾#E − 𝐾" − 𝑐9# 𝐼#E − 𝐼" , 
where 𝑐#, 𝑐L#, and 𝑐9# are defined as for period 1. Since investments are irreversible, 𝐾#E ≥ 𝐾" and 𝐼#E ≥ 𝐼". 
𝑠 = 𝐻, 𝐿, so that neither capacity nor protection can be reduced in period 2. Consumers’ surplus in the two 
periods is 𝐶𝑆" = 𝜌"(𝜉)𝑑𝜉

U7
V − 𝜌"𝑞" = 𝑏"𝑞"# 2, and 𝐶𝑆#E = 𝜌#(𝜉)𝑑𝜉

UGH

V − 𝜌#𝑞#E = 𝑏#(𝑞#E)# 2, 𝑠 = 𝐻, 𝐿. 
The port’s optimization problem can be formulated as follows: 

max
[7,;7,97,[G\,;G\,9G\,[G],;G],9G]

𝛱 = 𝜋" + 𝜔𝐶𝑆" + 𝛽 𝑥" 𝜋#$ + 𝜔𝐶𝑆#$ + 1 − 𝑥" 𝜋#% + 𝜔𝐶𝑆#%  

s.t. 𝐾#$ ≥ 𝐾", 𝐼#$ ≥ 𝐼", 𝐾#% ≥ 𝐾", 𝐼#% ≥ 𝐼" 
where 𝛽 is the discount factor, and 𝜔 ∈ [0,1] is the weight on consumers’ surplus. For a public port, 𝜔 =
1, and for a private port, 𝜔 = 0. 
 
4. Numerical Analysis 
Despite the simplicity of the model, analytical solutions are precluded and so we proceed numerically. 
Table 1 lists the baseline parameter values. Rather than representing any specific real-world case, the values 
are chosen to produce reasonable demand elasticities with respect to the port fee, port capacity and 
protection. More important, they reveal some interesting intertemporal dependencies between the decision 
variables. The  prior probability of a disaster in period 1 is set to 𝑥" = 0.2. If a disaster occurs in period 1, 
the prior probability for period 2H is increased to 𝑥#$ = 0.5. If a disaster does not occur, the prior for period 
2L remains the same as in period 1 at 𝑥#% = 0.2. (Note that because of climate change, the ex ante expected 
probability of a disaster in period 2 can be higher than in period 1.) Other parameter values are set to the 
same values in the two periods, but this assumption is relaxed later. 
 

Table 1: Baseline parameter values 
Demand intercept 𝑎" = 𝑎# = 5 Congestion cost to shippers 𝛿" = 𝛿# = 1 
Demand slope 𝑏" = 𝑏# = 1 Effectiveness of protection to shippers 𝜃" = 𝜃# = 1 
Disaster cost to port 𝑀" = 𝑀# = 1 Effectiveness of protection to port 𝜂" = 𝜂# = 1 
Unit handling cost 𝑐" = 𝑐# = 0.1 Disaster cost to shippers 𝑚" = 𝑚# = 1 
Unit protection cost 𝑐9" = 𝑐9# = 0.2 Disaster probability in period 1 𝑥" = 0.2 
Unit capacity cost  𝑐L" = 𝑐L# = 0.3 Updated disaster probability in period 2H 𝑥#$ = 0.5 
Discount factor 𝛽 = 0.9 Updated disaster probability in period 2L 𝑥#% = 0.2 

 
Table 2: Baseline parameter results 

 Profit maximization (𝜔 = 0) Welfare maximization (𝜔 = 1) 
Period 1 Period 2𝐻 Period 2𝐿 Period 1 Period 2𝐻 Period 2𝐿 

Port fee 𝜏" = 2.520 𝜏#$ = 2.487 𝜏#% = 2.520 𝜏" = 0.696 𝜏#$ = 0.688 𝜏#% = 0.696 
Capacity 𝑘" = 3.061 𝑘#$ = 3.061 𝑘#% = 3.061 𝑘" = 6.121 𝑘#$ = 6.121 𝑘#% = 6.121 
Protection 𝐼" = 3.698 𝐼#$ = 4.220 𝐼#% = 3.698 𝐼" = 7.396 𝐼#$ = 8.439 𝐼#% = 7.396 
Traffic 
volume 

𝑞" = 1.824 𝑞#$ = 1.799 𝑞#% = 1.824 𝑞" = 3.648 𝑞#$ = 3.598 𝑞#% = 3.648 

Demand elasticities: 
w.r.t. 𝜏 𝜀"_[ = −1.04 𝜀#_[$ = −1.04 𝜀#_[% = −1.04 𝜀"_[ = −0.16 𝜀#_[$ = −0.16 𝜀#_[% = −0.16 
w.r.t. 𝐾 𝜀"_L = 0.216 𝜀#_L$ = 0.174 𝜀#_L% = 0.216 𝜀"_L = 0.123 𝜀#_L$ = 0.099 𝜀#_L% = 0.123 
w.r.t. 𝐼 𝜀"_9 = 0.030 𝜀#_9$ = 0.073 𝜀#_9% = 0.030 𝜀"_9 = 0.017 𝜀#_9$ = 0.042 𝜀#_9% = 0.017 

 
Table 2 presents the solutions for both profit maximization and welfare maximization. Several points are 
worth noting. First, as expected, the welfare-maximizing port charges a lower fee than the profit-
maximizing port. It also invests in more capacity and protection. Second, regardless of either its objective 
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function or the realized state in period 1, the port never invests in additional capacity in period 2. Third, the 
port does not invest in additional protection either if no disaster occurs in period 1. However, it does invest 
if there is a disaster because the probability of a disaster in period 2H rises significantly. Finally, demand 
in period 2 is correspondingly more responsive to protection when the probability of disaster is high. In the 
remainder of this section, we limit attention to the profit-maximizing solution and conduct comparative 
statics analysis for some of the parameter values. 
 
Figure 1 depicts the effects of varying the probability of disaster in period 2H, 𝑥#$. If no disaster occurs, the 
solution in period 2L turns out to be the same as in period 1 because all the parameter values are the same. 
If a disaster does occur, the port reduces the fee in period 2H although traffic volume still falls. As  𝑥#$ rises, 
the port invests in less capacity because it is more liable to be damaged as the future climate gets worse. 
Moreover, the port never invests in additional capacity in period 2 even if no disaster occurs in period 1. 
Consequently, traffic volume decreases with 𝑥#$ in both periods and both states. If 𝑥#$ ≤ 0.4, the probability 
of disaster is not that much higher than in period 1. As  𝑥#$ increases within this range, the port invests in 
more protection in period 1 because the protection is valuable in both periods, but it does not invest in 
further protection in period 2. By contrast, if 𝑥#$ > 0.4 the difference in disaster probabilities between 
periods 2L and 2H is large enough that information about what happens becomes valuable. The port refrains 
from building too much protection in period 1, and waits until the state in period 1 is revealed.  If a disaster 
does occur, the port invests in more protection, but if there is no disaster it does not invest further. 
Counterintuitively, the amount of protection installed in period 1 actually decreases (albeit slowly) with 𝑥#$ 
even though the future climate is getting worse in a probabilistic sense. This happens because the amount 
of capacity requiring protection is declining. In summary, the port can adapt in different ways as the future 
climate gets worse. If the climate is not too bad (i.e., 𝑥#$ ≤ 0.4), the port does not invest in more protection 
if a disaster occurs but merely reduces its fee. If, on the other hand, the climate is bad (i.e., 𝑥#$ > 0.4), the 
port does build more protection, and by enough that it hardly adjusts its fee at all. Thus, once the probability 
of disaster exceeds a threshold value, the port alters how it responds. The shift in strategy is driven by the 
irreversibility of the investments. 
 

Figure 1: Varying the probability of disaster 𝑥#$, with 𝑥" = 𝑥#% = 0.2 

 
 
Figure 2 displays the effects of varying the probability of disaster in period 2L, 𝑥#% . To allow for the 
possibility that the port’s assessment of the climate can change for the better, probabilities 𝑥" and 𝑥#$ are 
set at relatively high values. If 𝑥#% ≥ 0.3, all three probabilities are similar. The port does not wait for more 
information, and makes all its capacity investment in period 1. In contrast, if 𝑥#% < 0.3, the port does hold 
back on capacity, and invests more in period 2 if no disaster occurs. Interestingly, capacity investment in 
period 1 is not monotone in 𝑥#%. If 𝑥#% is small, a small increase in  𝑥#% induces the port to build more capacity 
because it plans to install sufficient additional protection to defend its larger facilities. However, if 𝑥#% is 
already large and increases further, the port reduces capacity because its protective investment is already 
high, and adding further protection is subject to diminishing returns. Since the probability of a disaster is 
already high in period 1, the port makes all its protective investment in period 1 to cover both periods rather 
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than waiting for more information. Port fees in period 1 and period 2𝐻  increase with 𝑥#%  due to the 
substantial increase in protective investment. However, fees decrease in period 2𝐿 because 𝑥#% negatively 
affects demand. Traffic volume in period 2𝐿 decreases with 𝑥#% as expected, but traffic volumes in periods 
1 and 2𝐻 first increase and then decrease in parallel with capacity. 
 

Figure 2: Varying the probability of disaster 𝑥#%, with 𝑥" = 0.5, 𝑥#$ = 0.8 

 
 
Figure 3 varies the three disaster probabilities together to examine the effect of a general deterioration in 
climate. As expected, the port decreases capacity and increases protection. The combined effect allows it 
to increase its fee, but traffic volume falls. All capacity is built in period 1. If the probabilities are relatively 
low (i.e., 𝑥" is below about 0.25) the port holds back on protection to avoid overinvesting, and adds more 
in period 2 if a disaster occurs. 
 

Figure 3: Varying the probability of disaster 𝑥", with 𝑥#% = 𝑥"; 𝑥#$ = 𝑥" + 0.3 

 
 

Figure 4: Varying the demand intercept in period 2, 𝑎# 

 
 
Figure 4 shows the results of increasing demand in period 2. The effects depend on whether the increase is 
small, medium or large. If it is small (i.e., 𝑎# ≤ 7), the port still chooses to build capacity only in period 1. 
If the increase is medium (i.e., 7 < 𝑎# ≤ 9), the port holds back on capacity and adds more if no disaster 
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occurs. Finally, if the increase is large (i.e., 𝑎# > 9), the port adds capacity whether or not a disaster occurs. 
It holds back on capacity investment in period 1 to save on costs, and invests more in period 2 because the 
large increase in demand outweighs the risks. However, as in the baseline scenario (see Figure 1) the port 
does not invest in further protection if no disaster occurs because the probability of a disaster in period 2 
remains the same as in period 1. 
 
Increasing parameter  𝑎# causes the inverse demand curve in period 2 to shift upwards. Demand can also 
be increased by reducing the slope parameter, 𝑏#, which causes the demand curve to rotate outwards. This 
has similar effects as increasing 𝑎#, and to save space the results are not presented. 
 
The effects of varying the cost of capacity in period 2, 𝑐L#, are shown in Figure 5. If 𝑐L# rises above its 
baseline value of 0.3, investment in period 2 becomes more expensive and this reinforces the port’s decision 
to make all its capacity investment in period 1. Only if the cost drops substantially (𝑐L# < 0.2) does the 
port hold back on capacity as well as protection, and wait to see what happens. If no disaster occurs, it takes 
advantage of the low cost to add more capacity. The port fee is highest in period 1. It drops slightly in 
period 2 if no disaster occurs due to the additional investment in capacity. The fee drops much further if 
there is a disaster. Traffic volume changes in accordance with the fee. 
 

Figure 5: Varying the cost of capacity in period 2, 𝑐L# 

 
 
Figure 6 shows the effects of varying the cost of protection in period 2, 𝑐9#. Similar to Figure 5, an increase 
in the cost above its baseline value of 0.2 reinforces the port’s decision to install all protection in period 1. 
Only if the cost drops does the port hold back on protection in period 1. If the reduction in cost is modest 
(0.1 < 𝑐9# < 0.2), it adds more protection only in period 2H. If the reduction is large (𝑐9# < 0.1), it also 
adds protection in period 2L although by less than in 2H. The port also invests in more capacity in period 
1 because it can add further protection in period 2 relatively cheaply. As  𝑐9# changes, the port’s fee rises 
or falls in tandem with its protective investment.  
 

Figure 6: Varying the cost of protection in period 2, 𝑐9# 
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Figure 7 considers variations in the effectiveness of protection for shippers, 𝜃" and 𝜃#. Since varying the 
two parameters independently does not provide extra insights, we hold 𝜃" = 𝜃# and refer to the common 
value as 𝜃. The amount of protective investment changes in a non-monotone way with 𝜃. It increases at 
first as protection becomes more effective, but eventually decreases as protection becomes so potent that 
less of it is needed. Consistent with intuition, port capacity, traffic volume and the port fee all increase 
monotonically with 𝜃. Space constraints preclude displaying the results of changing the other parameters. 
Varying the effectiveness of port protection,  𝜂" and  𝜂#, has similar effects to varying 𝜃" and 𝜃#. Increasing 
the discount factor, 𝛽, induces the port to invest in more capacity and protection because it values the future 
more highly. Increasing the weight on consumers’ surplus, 𝜔, induces the port to invest more in capacity 
and investment, and lower its fee.  
 

Figure 7: Varying the effectiveness of protection to shippers with 𝜃" = 𝜃# 

 
 
5. Concluding remarks 
Using a two-period model with Bayesian learning, this study investigates the optimal timing and scale of 
port capacity and protection investments when there is uncertainty about the rate of climate change. We 
investigate numerically whether a port makes all its investments in period 1, or whether it prefers to wait 
and decide whether to make further investments in period 2 when more information is available. We find 
that the port prefers to postpone capacity investment if the probability of a disaster can fall, if demand 
increases substantially, or the cost of investment in capacity falls. Conversely, it prefers to invest in advance 
if the climate is likely to get worse. In terms of protection investment, the port prefers to wait under several 
circumstances. It prefers to wait if the probability of a disaster can change a lot, since by waiting it can 
adjust the amount of investment to the climate that emerges. It prefers to wait if the disaster probability is 
currently low in order to avoid overinvestment if the climate remains relatively benign. It also prefers to 
wait if protection becomes cheaper in period 2. Significantly, investments in capacity and protection can 
change in either the same or opposite directions. They move in tandem with the level of future demand. But 
if the probability of disaster rises, capacity falls while protection rises. If protection is already effective, a 
further improvement in its effectiveness induces the port to cut back on protection while expanding capacity. 
An increase in capacity tends to reduce the port fee because congestion becomes less of a problem, but an 
increase in protection tends to increase the fee because shippers are willing to pay more to use a safer port. 
 
The model could be extended to include a number of omitted considerations such as demand uncertainty, 
depreciation of capacity and protective infrastructure, and disaster-related damage to protection. In extreme 
disasters it may be cost-effective to abandon a port or relocate it to a less vulnerable site. The timing of the 
model could be refined to allow shippers to respond to events more quickly than ports. Economies or 
diseconomies of scale in protective investment could be introduced. Economies of scope in investment may 
also be relevant since it may be cost-effective to invest in capacity and protection at the same time to 
minimize the disruption to a port’s operations. 
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