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Abstract: The planning and management of water resources are being impacted by climate change,
and are in need of comprehensive adaptation strategies to respond to future projections. The goal
of this study is to support those strategies with a new decision-making paradigm that employs a
probabilistic-nonstationary hydroclimatic scenario to examine the long-term system resilience for
multiple dam objectives. The modified approach to examine resilience was applied, and uses a
bottom-up approach with a modified resilience concept to achieve the long-term operation targets.
The approach integrates Global Circulation Models (GCMs) with a statistical weather generator
(SWG) to produce a range of future scenarios. Then, the system response is evaluated against those
scenarios. The study utilizes a pre-developed SWG to synthesize different trajectories by altering
three weather variables: the precipitation amount, temperature mean, and wind-speed magnitude.
The proposed has four staged phases: (1) identification of the future climate exposure using different
GCMs; (2) future water supply estimation for scenarios using hydrological models; (3) future water
demand estimation for scenarios of all system stakeholders; and (4) evaluation of system performance
resilience for the dam operational purposes. The Diyala River Basin in Iraq was selected as a case
study, to apply the suggested paradigm. The analysis of the GCM outputs revealed that the rainfall
mean varies between −37% and +31%; temperature mean varies between +0.4 ◦C and 5.1 ◦C; and
the mean wind speed varies between −22% and 11%. Based on these ranges, the future climate
trajectories were simulated. According to the examination of the system’s response to those weather
changes, the precipitation is the most effective parameter, followed by the temperature change, and
lastly the wind speed. Furthermore, the findings show that the existing system operating rules are
reliable in terms of flood protection but vulnerable in terms of drought management. The analysis of
system resilience to manage the drought was found to be 0.74 for the future trajectories, while it was
0.91 for flood protection. This indicates that project managers should prioritize the drought and water
scarcity management, due to climate change impact and upstream country development. The study
also shows that the suggested resilience paradigm is capable of measuring the negative effects of
climate change and able to provide long-term adaptation guidance for water resources management.

Keywords: resilience; climate change; risk assessment

1. Introduction

The most significant environmental risk in the world today is climate change, which
alters not just the quantity and quality of water across place and time, but also the regularity
of floods and droughts. Given the complexity of reservoir operations for fulfilling demand
and protecting against flooding, uncertainty has developed about the reservoir’s capacity
to operate, since climatic fluctuations have an effect on terrestrial hydrological processes [1].
Conflicts between the supply and demand continue to arise, particularly in multi-objective
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water resources management. As a result, the evaluation of risk caused by the consequences
of climate change is turning into a major concern for hydrologist and scientists, and is
necessary in the planning and management of water resources.

In addition, the validation of stationarity in long-term climatic statistics is becoming
an increasingly difficult task in the planning and management of water resources. It can
subvert the assumptions upon which the system was historically built and operated, due to
changes in the probabilistic behavior of hydrologic variables that were previously assumed
to be stationary. This may lead to the need for new approaches to be developed, in order to
mitigate the risk, for example [2–5]; i.e., the systems that were designed according to the
stationary assumption, in which the future statistical characteristics are equivalent to the
historical data, are subject to vulnerable performance [6,7]. This provides the impetus to
examine alternatives (or adaptations) to improve the system performance under climate
variations, and to provide the best use of existing infrastructure, since the cost of upgrading
to cope with the climate variations is high [6,8,9].

In addition to this, water resources management is predicated on the notion that a
drought event may be assigned a chance of occurring and an associated return period.
This is the case, despite the long-recognized shortcomings of event frequency estimating
methodologies [10], and especially in light of the rising consequences of climate change,
which are projected to cause nonlinear effects on hydrology that will be experienced most
strongly at the extremes [11].

In order to address the growing number of unknown factors, a wide variety of ex-
perimental frameworks and methods are now being created and evaluated for possible
application in the water business. System robustness is a term that is often used to de-
fine the extent or rate of the hypothetical conditions under which a water supply system
maintains a satisfactory level of performance.

There has been a significant amount of work put into the development of methodolo-
gies for assessing the effects of climate change and selecting appropriate adaptations. These
strategies may be broken down into two primary categories: top-down and bottom-up
methods. The top-down methodology, also known as the traditional technique, involves
comparing the functioning of the water resources system to a series of discrete climate
projections obtained from the outputs of the Global Climate Model (GCM). These scenarios
are then entered into a hydrological model to determine potential outcomes for the future
water supply. The functionality of a water resources system is then evaluated, based on a
selection of those potential outcomes. The use of GCM scenarios restricts decision-making
capabilities, since these models can only simulate limited, discrete cases of climate vari-
ability, which results in judgments that are fraught with uncertainty. Therefore, evaluating
the risks and examining the exact degree of undesirable system performances is less use-
ful [5,7,12,13]. Furthermore, general circulation models are spatially coarse, in order to
capture the high-intensity precipitation that occurs at fine spatial scales, which leads to
difficult selection in the case of an adaptation strategy [14].

Using a statistical weather generator (SWG) to construct a wide range of future
scenarios, including some that are beyond the limitations of the GCMs, a bottom-up
strategy has been devised as a means of overcoming this obstacle. In order to develop
the supply scenarios that correspond to these scenarios, hydrological models are used to
implement the scenarios.

After this, the system’s reaction is analyzed in light of those potential outcomes [8,10,15].
This approach provides a view of the insights regarding the performance of the system in
relation to climate changes, which enables better testing and selection of the most robust al-
ternative management [8,10]. In addition, Moody and Brown [16], Steinschneider et al. [17],
and Taner et al. [18] integrated the scenarios created by the SWG with the scenarios gen-
erated by the GCM. This allowed for the estimation of the likelihood of the occurrence of
each scenario generated by the SWG. With the help of this weighing process, improved
identification may be achieved for the robust alternative management.
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The most recent analysis, on the other hand, uses the method of including resilience in
the planning of the water resource system, which indicates that it will promote adaptation
techniques that are targeted at strengthening the system’s resilience. However, there is not
yet a universally accepted quantitative definition of resilience, and there is a need for more
research. In the context of WRM issues, research has been carried out to investigate the
possibility of using resilience as a performance-measuring criterion. Matrosov et al. [19]
and Paton et al. [6] defined resilience as the average amount of time a system is constrained
in some way temporarily. Fowler et al. [20] computed it as a percentage of the entire amount
of time in the system’s future that it will be operating in an unacceptable condition and
the chance of a system recovering once it has reached an unacceptable condition. Others
calculated resilience using different methods: the inverse of the mean value of the time
the system spends in an unsatisfactory state; the maximum duration of an unsatisfactory
state; and the duration of the 90th fractile of observed unsatisfactory periods. All three of
these methods have their advantages and disadvantages. They came to the conclusion that
the maximum duration measure was the most precise and easily understood evaluation
of performance. Some researchers selected a direct maximum duration calculation as the
resilience metric of choice because it enables and simplifies the quantification of resilience
as well as its incorporation into a mathematical programming model. This metric was
also the resilience metric of choice. They argued that a resilience definition based on a
maximum value is more useful than one based on a mean. This is due to the fact that
the presence of small inconsequential events can lower the mean value and present an
inaccurate picture of actual overall system performance. A definition of resilience based on
a maximum value is more useful than a definition of resilience based on a mean. Using
resilience as a performance criterion has also been investigated in a number of other areas
of the human, social, and ecological systems of science. It has been inferred that promoting
resilience into systems (i.e., the ability to recover quickly from detrimental periods) can be
an active and effective method of dealing with changes in climate that is distinguished by
future unknowable risks.

In this study, we modified the resilience methodology described by Roach et al. [21],
and combined it with the nonstationary decision-making framework developed by Wa-
heed et al. [22]. Our goal was to quantify the impact that climate change will have on the
water resources system in the Diyala river basin in Iraq. The incorporation of the bottom-up
approach into this context by using a stochastic weather generator in conjunction with
GCM ranges to generate a wide range of different scenarios which are even wider than the
GCM ranges, in order to test the water system’s response, is the novel aspect of this study.
This study was carried out with the intention of determining how well the bottom-up
approach would work in this context. In addition to this, the wind-speed magnitude effect
was considered in different aspects, primarily in the wind energy production, but it has
not been identified in resilience application. As a result, the influence of the magnitude of
the wind speed will be investigated in this study. This paradigm lends itself well to the
use of the recently developed resilience-based multi-objective strategy for selecting the
most effective adaptation options for water resources. As part of the continuous effort to
adapt to the detrimental effects of climate change, the objective of this strategy is to provide
assistance to the government in optimizing the functioning of their infrastructure. The
objective of this study is to investigate the possibility of choosing the most effective option
from a group of Pareto optimal alternatives, based on their resilience using a probabilistic
method while assuming that the system is non-stationary.

The resilience-based approach and water resources simulation model created for this
study are described, after presenting the quantitative case study. Then, the results and
discussion obtained from this study are presented. followed by the final study conclusions.

2. Study Area and Previous Climate Change Studies in DRB

Iraq’s Diyala River is the third greatest tributary of the Tigris. It is a river that flows
between Iran and Iraq. The river flows from the Zagros Mountains in Iran, through the
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Iran–Iraq border, and into the Tigris River, south of Baghdad. The whole length of the river
is around 445 kilometers, with a total area of 32,600 square kilometers, of which 43% is
located in Iraq. The basin lies between 33.216◦ North and 35.833◦ North, and 44.500◦ East
and 46.833◦ East. The river’s primary tributaries are the Sirwan, Tanjeru, and Wand Rivers.
Derbendikhan Dam and Hemrin Dam are being constructed in Iraq.

The Derbendikhan Dam, erected between 1956 and 1961 around 285 kilometers north-
east of Baghdad (coordinates: 35◦06′46′′ N and 45◦42′42′′ E), is one of the largest dams in
Iraq. It is a multi-purpose structure for drinking, irrigation, flood control, hydroelectric
power production, and recreation; and the reservoir storage capacity is approximately
3 billion cubic meters. In this work, we investigate the functioning of the Derbendikhan
dam by applying our goals for the upper portion of it. As illustrated in Figure 1, the overall
length of the river until the Derbendikhan Dam is around 217 kilometers, and its basin area
is approximately 16,760 square kilometers.
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Figure 1. Location of the study area in Iraq (adapted from Waheed et al. [23]).

3. Methodology and Modified Framework
3.1. Resilience Approach

In the context of this research, resilience is defined as the greatest identified duration
of time required for a water system to recover to normality from a water failure phase. This
duration of time is then used to quantify system resilience from different weighted future
trajectories, as described in the following section. A continuous stretch of time during
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which it is necessary to impose a temporary water restriction is what is meant here by a
water failure (e.g., a temporary water-use ban in both flood and drought).

The water system that is being studied has a significant impact on the circumstances
that are necessary for the occurrence of a water shortage period, and might be the drought
period as well. When the water level in the reservoir system drops below an undesirable
(threshold of operational role curve) level, a water deficit period is noted. This time is
referred to as a water deficit. A water deficit period that is defined in this manner may be
allowed to occur occasionally in order to manage the water supply system during times of
drought, but it is considered unacceptable to have a reservoir that is empty, which would
result in an unfulfilled water demand. The reasoning behind this decision is as follows:
the amount of the water deficit threshold should be set to a suitable magnitude, so that
the threshold that defines a water deficit, also known as the vulnerability of the system,
may be pre-specified. However, in this technique, the frequency of deficit periods, which
represents the dependability of the system, is not regulated, in order to investigate the
influence of the optimization of the driving strategy by resilience alone. As for flood, it is
defined when the water storage in the system is above the threshold (herein assumed to be
the maximum dam level), given that the release in that period is at its maximum amount.
This approach involves setting a target reliability for the system (here taken as a maximum
allowable frequency of water deficit/flood periods recorded over a planning horizon) and
then determining the water resources resilience.

In this study, a decision-making framework is used to investigate the system’s re-
silience, in order to investigate the effects that climate change will have on the system’s
performance at the status quo. The Nonstationary-Probabilistic Decision-Making Resilience
paradigm, referred to as NPDMR, was conceived of by Waheed et al. [22]. It was con-
structed using the bottom-up methodology. In the following section, a concise description
of the NPDMR will be provided; however, the reader is encouraged to go to the primary
work for further information.

3.2. NPDMR Framework

The NPDMR framework is organized in four stages, as elucidated in Figure 2. Stage 1
is designed to distinguish the future climate exposure in the study area, Θ = {θ1, θ2, . . . Θk};
Θ ∈ Ω. The climate exposure can be thought as the anticipated sets of hydro-climatological
trajectories in the system, and can be obtained from analysis of the GCM outputs [5]. These
exposures were calculated based on the outcomes of the GCM performed in the region.
The recommended Coupled Model Intercomparison Project 5 (CMIP5) was analyzed for
the period 2020 to 2100 as follows: CMCC, CSIRO-MK3.6.0, and CanESM2. This was
carried out so that the insight from the GCM outputs could be obtained for the region.
The total scenario number is 60, ranging from RCP 2.0 to 8.5; the reader should refer to
Waheed et al. [22] for more details.

The purpose of phase 2 is to investigate the potential future water supply situations.
Waheed et al. [24] suggested a stochastic weather generator, also known as an SWG, and
verified it using data from the Diyala River basin. In this stage, the climate exposure from
the previous stage is used to synthesis the future climate scenarios, based on the premise
that the climate is nonstationary. After this, the climatic scenarios are used as input in
hydrologic models, which results in the creation of streamflow timeseries. In order to
accomplish this goal, Waheed et al. [25] created and validated two different hydrologic
models: the variable infiltration capacity (VIC) model and the routing (RVIC) model. These
stream flows serve as examples of potential water-supply situations for the Derbendikhan
project, (S; ∀s = {s1, s2 . . . sk}). However, given the condition that most of the demand
sectors depend on the surface water released from the dam, the direct abstraction from the
groundwater was not included in this study.
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In the third phase, the several possible future demand scenarios for the system are
calculated. This is carried out by determining the demand stakeholder categories, which
are the following: the demand per capita of the municipality, irrigation, the requirement of
industry, and the requirement of the environment. After this, potential advancements in
each sector are applied, while keeping in mind the influence that climate change would
have on the required amount of water. After this, the potential demand scenarios for every
conceivable climate impact are developed, (D; ∀s = {d1, d2 . . . dk}).

The objective of the construction of stage 4 is to determine how susceptible the system
performance is to the influence of the climate. The following is a model of the system’s
water balance, which can be found here:

STt+1 = (STt + St + Rt)− (REt + Et + SLt), ∀t = 1, 2, . . . T; t ∈ N (1)

where ST is the water storage in the reservoir, RE is the water release, R is the direct rainfall
on the reservoir, E is the evaporation of the reservoir, SL is the seepage loss [all in m3],
and t is the time index in months. Two main metrics were developed for in this study, to
extend the paradigm to include the resilience term for both drought and flood conditions,
according to the following system.

System Drought Resilience =
∫ I

i=1

∫ J

j=1
W(i, j)× ResDrought(i, j) dj di (2)

ResDrought(i, j) = max
t

(
Scucess (i, j) | Drought f aluire (i, j)

T

)
(3)

Drought Faluire (i, j) = Period (D(i, j, t) > RE(i, j, t)) (4)

System Flood Resilience =
∫ I

i=1

∫ J

j=1
W(i, j) × ResFlood(i, j) dj di (5)
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ResFlood(i, j) = max
t

(
Scucess (i, j)| Flood f aluire (i, j)

T

)
(6)

Flood Faluire = Period (ST (i, j, t + 1) > STmax | RE(i, j, t) = REmax) (7)

where STmax and REmax are the maximum storage (or the conservation/threshold level)
and release of the reservoir, respectively. ResDrought and ResFlood are the resilience for each
future trajectory (i,j) for the drought and flood aspects, respectively. W is a relative weight
to each climate exposure J, distributed as a fat-tailed Cauchy distribution with internal
climate iteration I assigned as uniform distribution, where K = J × I, as follows:

W(j,i) =
φc
[
φc
−1(θj

)]∫ J
1 φc

[
φc
−1(θj

)] × 1
I

(8)

where φc(.) and φc
−1(.) are the density and distribution function of the fat-tailed Cauchy

distribution fitted to the analyzed GCM output in Stage 1.

3.3. SWG

Waheed et al. [24] proposed the use of a novel SWG in order to examine the effects that
climate change would have on water resource systems. It uses (1) a first-order, two-state
Markov chain to produce precipitation states; (2) Wilks’ procedure to produce climate data,
conserving data correlations at different nodes; and (3) statistical parameter alteration of
the climate variables to project different climate exposure scenarios. All of these are based
on a first-order, two-state Markov chain, to produce precipitation states. The performance
of the SWG was validated in Iraq’s Diyala River Basin by simulating the statistical features
of the observed variables and achieving a high level of agreement with those variables. The
capacity of the SWR to accurately preserve the spatial, temporal, and cross correlations
of the climate variables at all locations by making use of correlation templates is one of
the most significant advantages of this method. The general model scheme is described in
Figure 3.

3.4. Scenario Generation

The results of the GCM were examined and performed in the basin. According to
the findings of their investigation, the following possible outcomes are proposed: (1) the
mean changes in precipitation are −30, 0 and +30%; (2) the alterations in the precipitation
coefficient of variation (CV) are −30, 0 and +30%; (3) the mean changes in temperature are
0, 3, and 6 Co; and (4) the precipitation coefficient of variation (CV) alterations are −30,
0 and +30%. (4) The mean changes in wind speed are −15%, 0%, and +15%, respectively.
The total number of mutations, denoted by the letter J, is equal to 189, and is calculated as
follows: in order to investigate the consequences of the internal climatic variability, five
scenarios were developed and applied to the modification condition j. These resulted in a
total number of climatic exposure scenarios that equal 945, which is 189 multiplied by 5.
The resilience of the dam is evaluated using these 405 different scenarios, which account
for both drought and flood conditions.
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4. Results and Discussion
4.1. GCM Outputs

After applying EDC and taking a moving average over the past 30 years, the results of
the studied CMIP5 ensemble of GCM outputs are shown in Figure 4. These outputs are
from the three models that were chosen. It can be seen that the changes in precipitation
mean ranged from −37.4% to +31.3% (with an average of −4.8%), while the changes in
precipitation CV ranged from −38.2% to 34.0% (with an average of +2.5%), temperature
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mean ranged from +0.4 ◦C to +5.1 ◦C (with an average of +2.3 ◦C), and wind-speed
magnitude mean ranged from −22.3% to 11.7% (average of −4.9).
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and wind speed magnitude, respectively.

These findings, on the other hand, are consistent with those found in previous research,
which analyzed the impact of future change in a variety of regions around the globe.
Turner et al. [10] examined the CMIP3 outputs in the Thomson and Yarra River Basins in
Melbourne, Australia over a period of 30 years, centered on the year 2055, in comparison
with the period of 30 years that spanned 1974 to 2004. The change in precipitation is
from a decrease of 25 percent to an increase of 5 percent, and the temperature increase
is from 0.5 degrees to 2.5 degrees Celsius higher. Whateley et al. [7] examined all of
the GCM outputs for CMIP3 and CMIP5 in the Connecticut River Basin in the United
States for the period 2025 to 2075, and compared them to the baseline period, which
spanned the years 1950 to 1999. The change in precipitation was from −5 percent to
10 percent, and the temperature increase was from +1.5 degrees Celsius to +3.5 degrees
Celsius. Steinschneider et al. [8] evaluated all of the outputs from the GCMs that were
part of CMIP3 and CMIP5 in the Coralville Basin region in Iowa, United States, for the
period 2041 to 2070, in comparison with the period between 1970 and 2000. The change
in precipitation is from −15% to +20%, while the change in temperature is from +0.5 to
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+4 ◦C. Steinschneider et al. [17] examined multiple GCM outputs from CMIP3 in Belton
Lake, which is located in Texas, United States, for the period 2041 to 2070, and compared
the results to the baseline period, which was between 1971 and 2000. The mean change in
precipitation ranged from −10% to +13.7%, while the precipitation coefficient of variation
changed from −23% to +91%. Meanwhile, the temperature rise ranged from +1.6 to
+3.3 degrees Celsius. Abbas et al. [26] studied the several GCM outputs of CMIP3 for the
two time periods 2046 to 2064 and 2080 to 2100, and compared it with the baseline time
period of 1980 to 2010 in the DRB. For the first period, the change in precipitation was
from −26% to +40%, and the rise in temperature was from +1 to +2.7 Co. For the second
period, the precipitation change was from −80% to +25%, and the increase in temperature
was from +1.2 to +5.7 Co. The Vu Gia-Thu Bon River Basin in Vietnam was examined by
Van Tra et al. [27], who studied certain GCM outputs there. According to the findings,
there was a rise in temperature of 3.5 degrees Celsius, and a shift in precipitation which
ranged from −20% to +20% Co. According to the findings of Pryor and Barthelmie [28],
the change in mean wind speed from one decade to the next ranged from −30% to +30%
in Europe and from −25% to +20 in the United States. Moemken et al. [29] discovered
that the change in the mean wind speed was anywhere from a ten percent decrease to a
fifteen percent increase throughout Europe over the period 2071–2100, when compared to
the period 1970–2000.

According to the ranges that were found for each variable, the climatic exposure with
the overall scenario number was generated.

4.2. Resilience Assessment

The bottom-up technique that was suggested was utilized in the process of analyzing
the capability of the status quo system to control the occurrence of floods and droughts in
relation to climate risk.

Figure 5 illustrates the findings of the resilience response surfaces of the status quo
under the range of the climatic exposure for both drought and climate, according to
Equations (3), (5) and (6). The change in the precipitation mean and the coefficient of
variation are shown in a and c along the x-axis and the y-axis, respectively. The mean
change in temperature is depicted along the x-axis in the symbol b, while the mean wind
speed is depicted along the y-axis in the symbol d. After taking an average, the values
that were obtained as a result of the internal climatic variability (I) are shown along the
z-axis. In addition, the studied GCM outputs are shown as colored dots for the purpose
of making it easier to compare the GCM outcomes with the system reaction. This one
number may provide a wealth of valuable information and insights. First, the system is
relatively sensitive to changes in mean precipitation, and these changes are quite abrupt
in comparison to changes in any other variable. Drought and flood occurrences are both
highly sensitive to variations in mean precipitation. This would imply that the mean
change in precipitation is the most important factor in determining how the system reacts
to either flood or drought hazards. The range of drought resilience is from 0.51 to 0.89, if
there is no change in the other factors. When compared to droughts, it is interesting to
note that the system is more sensitive to changes in the CV of precipitation during floods
than during droughts; the ranges for flood resilience are between 0.87 and 0.93. As the
amount of precipitation continues to decrease, shortage is anticipated for all stakeholders.
In conjunction with a drop in supply, this is predicted to lead to a faster demand shortfall.
This is due to the fact that the requirements for the demand were formed dependent on
the supply. In contrast, flooding is most commonly caused by an increase in the amount of
precipitation as a result of the increased rainfall that results from significant rainfall events.
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conditions, respectively. precipitation mean and CV change, respectively. (b,d) are the resilience
response surfaces to temperature mean change in x-axis and wind speed magnitude change in y-axis
for drought and flood conditions, respectively.

However, the system is similarly sensitive to the coefficient of variation of the pre-
cipitation, albeit to a lesser extent than its mean. It is possible to think this way when
increased daily precipitation variability occurs as a result of a CV increment. This would
lead to more runoff being created in the upstream basin, which would induce an increase
in flood incidence and deficit, albeit to a smaller degree. This indicates that the system is
more capable of buffering out the impacts of variable precipitation in order to distribute
the demand requirement than it is of providing flood protection. This could be due to the
fact that the reservoir operation (see Equation (1)) and demand calculations were carried
out on a monthly basis, whereas the runoff generation by VIC and RVIC is carried out on a
daily basis. If this is the case, then this could explain why the precipitation variability has a
greater influence on the supply, when compared to the demand. In light of this, CV is a less
sensitive indicator for drought management, in comparison to flood risk.

In a manner parallel to the total quantity of precipitation, the system seems to be more
sensitive to changes in the mean temperature during floods, in comparison to changes in
temperature during droughts. The range of resistance to drought is between 0.91 and 0.94,
and the range of resilience to flood is between 0.92 and 0.94. In a similar vein, the system
is somewhat sensitive to changes in the mean wind speed during floods as opposed to
droughts, when comparing the two. The magnitude of evapotranspiration is proportionally
affected by changes in both temperature and the speed with which the wind is blowing.
Additionally, when the temperature rises, there is less precipitation that may be frozen into
snow. The availability of the runoff that was created would decrease as a result of the snow
melting. As a result, because of the windy and warm conditions, there will be a significant
rise in the demand for water, which, in conjunction with the decrease in the supply, will
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result in a shortfall occurring more quickly, particularly in the systems that have a large
majority of irrigation projects.

As can be deduced from the information shown above, the most important factor in
flood and drought occurrences is the variation in the amount of precipitation that falls,
followed by the precipitation coefficient of variation, then the temperature change, and
finally the wind speed. When considering draught control strategies, it is essential to take
into account not just the average temperature but also the average wind speed. The findings
of this study are comparable to those found in previous research [5,7,8,13,15,17,18].

In conclusion, we find that the entire system’s resilience to drought is 0.747 when
we use Equation (2), and we find that the overall system’s resilience is 0.905 when we
use Equation (6) for the long-term functioning of the system, up to 2100. According to
the data, one may draw the following conclusion: in the long term, the operating dam
is well maintained to retain appropriate performance against the flood occurrence and
is capable of handling a broad variety of climate situations during the SDL. In contrast,
the system that is now in place is fragile with regard to the management of drought. This
indicates that it is of the highest necessity for those in charge of decision-making to devote
special attention to drought and water shortages, in order to achieve sustainable water
management. The findings that were acquired here show how the modified technique may
be used to simplify a planning methodology, and they make it possible for decision makers
to choose a strategy according to the final criteria that are most important to them.

5. Conclusions

This research offered a framework for decision-making as a means of assessing the
current vulnerability of the system to the effects of long-term climate change and of gaining
a better understanding of the nature of the risks involved. The purpose of the framework is
to make it easier to determine the system’s resilience, with the end goal of reducing the
predicted vulnerability in the future. In addition to that, the research offered a revised
framework to determine the theoretical system resilience in conjunction with a bottom-
up method. In doing this, the study is the first attempt to examine the influence of
climate change on the decision-making process in Iraq by employing a bottom-up resilience
case study.

Results obtained from the analysis of the GCM outputs show that the precipitation
mean is subject to variation, from −37.4% to +31.3% (average of −4.8%); precipitation CV
change varies from −38.2% to 34.0%; the mean temperature change increases from +0.4 to
5.1 ◦C; and the mean wind speed varies between −22% and 11%.

The status quo capability of the system to manage flood and drought occurrences
against climate exposure was evaluated, and the results suggest that the system is sensitive
for drought management but robust in flood protection for the long-term future climate
exposure. A score of 0.747 was obtained for the overall drought resilience of the system,
whereas a score of 0.905 was obtained for the overall resilience of the system. This sug-
gests that the managers in charge of the project should devote their whole focus to the
management of the drought and water shortage.

According to the findings of an examination of the system’s response to changes in
the state of the weather variables, the precipitation mean is the most sensitive parameter,
followed by the precipitation CV, then the temperature change, and finally the wind
speed. The findings also indicate that taking wind speed into consideration throughout the
decision-making process is essential, particularly when it comes to drought management.
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