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Abstract: Global food supply chains face mounting vulnerabilities due to climate change
and environmental variability, with particularly severe implications for import-dependent
nations like Qatar, where over 90% of food supplies rely on international trade. This
high import dependency creates unique challenges, including supply disruptions, price
volatility, and food security risks, especially as climate variability increasingly affects
major food-exporting regions. This study develops a multi-objective optimization frame-
work to enhance the resilience of Qatar’s food import system by integrating economic,
environmental, and crop water requirement considerations, modeled as a stochastic vari-
able. The framework addresses both average performance and worst-case scenarios using
stochastic and robust optimization approaches, evaluating trade partners for three key
crops—tomatoes, onions, and cucumbers. Results identify optimal suppliers that minimize
costs, environmental emissions, and water usage variability, with Turkey contributing
42.10% of total imports, Iran 13.76%, and the Netherlands 9.52%. The findings demonstrate
that a diversified import strategy significantly reduces vulnerability to climate-induced
disruptions and improves supply chain stability. This research provides actionable insights
for policymakers, including; (1) optimal supplier diversification targets to balance risk
and efficiency, (2) specific trade partner recommendations based on multiple sustainability
criteria, and (3) quantitative frameworks for assessing import portfolio resilience.

Keywords: food supply chain; stochastic optimization; climate variability; robust optimization

1. Introduction

Global food systems are highly interconnected with their surrounding environment.
As a result, they are sensitive to various types of environmental changes. These changes
can range from large-scale disruptions to gradual shifts in average conditions. For example,
shifts in climate, nutrient cycles, and water availability can all have significant impacts
on the production, storage, processing, distribution, retail, and consumption of food. In
addition to gradual changes, food systems are also affected by sudden disruptions such as
floods, droughts, and extreme heat, which are manifestations of climate variability. Fur-
thermore, other environmental challenges like pest outbreaks, diseases, algal blooms, coral
bleaching, and the presence of aflatoxins also pose significant threats to food security [1,2].
While natural variations have occurred within the historical range, today’s environmental
variability is increasingly characterized by extreme events. These shifts are largely driven

Sustainability 2025, 17, 2025

https://doi.org/10.3390/sul17052025


https://doi.org/10.3390/su17052025
https://doi.org/10.3390/su17052025
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0003-1605-9800
https://orcid.org/0000-0002-2932-8240
https://doi.org/10.3390/su17052025
https://www.mdpi.com/article/10.3390/su17052025?type=check_update&version=2

Sustainability 2025, 17, 2025

2 of 20

by climate change and other human-induced factors, making food systems more vulner-
able and highlighting the importance of developing resilience against these challenges.
Anticipated shifts in climate and environmental conditions over the coming decades are
expected to further exacerbate these vulnerabilities, impacting food security, nutrition,
and both human and global health [3,4]. However, even in the present, extreme weather
events and environmental variability are already leading to significant annual harvest
losses and disruptions in food distribution. These immediate, short-term effects—those
occurring within a single growing or production season—can be more severe than the
long-term impacts of environmental and climate changes, highlighting the urgency for
adaptive measures [5].

The impacts of environmental variability extend beyond individual harvests to the
broader food supply chain (FSC), affecting both local and global scales. In regions with
limited access to global markets, where food production and consumption are closely
interlinked, often through short supply chains typical of subsistence-based food systems,
environmental variability can quickly lead to local shortages of specific foods. These
shortages can create food insecurity depending on the availability of substitutes, impacts
on livelihoods, and how households adjust their diets and nutrient intake [6,7]. Moreover,
the consequences of environmental variability are not confined to local producers but are
increasingly propagated through longer supply chains. For example, in 2008, a drought
in major grain-producing regions, combined with several other factors—including rising
biofuel demand, high oil prices, declining grain stocks, and the depreciation of the US
dollar—led to a spike in global grain prices. This price spike triggered a series of rice
export bans, which exacerbated shortages and ultimately drove over 130 million people
into poverty, with an additional 75 million experiencing malnourishment [8]. This example
highlights how disruptions in one part of the supply chain can have cascading effects,
illustrating the interconnectedness and fragility of global food systems.

Although the 2008 event was not entirely an environmental shock, it underscores
the potential for disruptions to cascade through global food trade networks, affecting
populations in geographically distant regions. As global food systems become increasingly
interconnected, it is crucial to understand the emerging risks associated with environmental
variability. Ongoing globalization and the expansion of multinational food enterprises
have introduced greater complexity and efficiency in the relationship between producers
and consumers. However, despite this growing interconnectedness, there is still a limited
understanding of how these dynamics influence the impacts of environmental variability
on both local and global FSCs. Moreover, the effects of major events—such as economic
recessions, trade blockades, or pandemics—can amplify these vulnerabilities [9]. This
amplification particularly affects the quality of food products, especially perishable items,
which deteriorate over time and often lose all value, especially for fresh produce [10].
Perishability is defined by at least one of the following criteria: (1) a noticeable decline in
product quality, (2) significant consequences from the loss of functionality, or (3) a gradual
reduction in value [10,11]. These characteristics make fresh food products particularly
vulnerable during various stages of the supply chain, including manufacturing, storage, and
distribution [12]. Therefore, ensuring the timely delivery of fresh products to consumers is
essential for maintaining the viability and efficiency of FSCs [13].

The design of perishable FSCs is, therefore, critical for mitigating the challenges pre-
sented by environmental variability. This process, known as Perishable Food Supply Chain
Network Design (PFSCND), involves decisions related to facility location, manufacturing,
storage, and transportation of food products that are subject to quality deterioration. PF-
SCND also requires consideration of the unique characteristics of perishable FSCs, which
intersect with economic, social, and environmental factors. These unique traits stem from
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the nature of perishable items and the processes involved in their production, preparation,
and distribution. As a result, decisions made within PFSCND not only affect product
quality but also have broader implications for the sustainability of the entire supply chain,
ultimately influencing consumer satisfaction and business success [14].

Global food systems are under increasing pressure from environmental and climate
variability, posing significant risks to food security. This is particularly critical for nations
like Qatar, where over 90% of food is imported due to limited agricultural capacity. Qatar’s
food supply chain faces unique challenges, including the following:

e High dependency on imports for staple crops like tomatoes, onions, and cucumbers.
e  Vulnerability to climate-induced disruptions in exporting nations.
o  The perishability of imported crops leads to quality degradation during transit.

Addressing these challenges requires a strategic framework that balances economic,
environmental, and resource sustainability considerations. This study proposes a multi-
objective optimization framework to strengthen Qatar’s food import system against climate-
induced risks. The framework integrates economic costs, environmental emissions, and
variability in crop water requirements (CWR) to identify optimal trade partners. The key
research objectives are framed as the following questions:

1.  How can Qatar’s food import system be optimized to reduce climate-related risks?

2. What are the trade-offs between economic, environmental, and resource sustainability
considerations in food import decisions?

3. Which trade partners offer the most resilience against variability in CWR?

To support these objectives, this study utilizes historical climate and trade data, includ-
ing statistics on crop production costs, water requirements, and transportation emissions.
Turkey, a major trade partner, contributes 42.10% of Qatar’s imports, demonstrating its
critical role in supply chain stability. By combining stochastic and robust optimization
approaches, this study provides actionable insights for policymakers to design resilient and
sustainable food systems. This study also aims to propose a methodology that strengthens
Qatar’s food import system against climate-related risks. The proposed approach focuses
on selecting optimal trade partners for key crops through a multi-objective optimization
framework that balances economic and environmental considerations to ensure a resilient
food import strategy. Furthermore, by integrating climate factors that affect water require-
ments for crop growth, the framework offers a holistic perspective on the challenges and
opportunities within the global food system.

This study is structured over five sections. Section 2 provides a comprehensive
literature review, examining previous research on food security, climate variability, and
supply chain optimization. Section 3 outlines the methodology deployed in this study,
including the multi-objective optimization framework and the factors considered in the
model. Section 4 presents the results and discusses the findings, highlighting key insights
related to Qatar’s food import system and its resilience to climate risks. Finally, Section 5
concludes the paper with recommendations for future research and policy implications.

2. Literature Review

Food supply chains differ significantly from other product supply networks, primarily
due to the continuous degradation in product quality along the entire chain, from pro-
duction to final consumption. This distinct nature of FSCs, driven by the perishability
of food items, price volatility, fluctuating demand, climate dependency, and increasing
consumer concerns regarding food safety, makes them more complex than other supply
chains [15]. A substantial portion of food is lost due to the perishability of agricultural
products, emphasizing the importance of managing food sustainability, profitability, and
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quality throughout the FSC. Despite the best efforts, some post-harvest food losses are
inevitable [15].

Given these unique challenges, the importance of perishable food supply chains
(PFSCs) has become increasingly critical in the context of changing global demand patterns.
As demand for fresh produce, such as milk, fruits, and vegetables, rises in response to
the global shift towards healthier diets, managing PFSCs effectively is essential. Real-
time management of perishable products and addressing factors like pricing, quality, and
freshness are crucial for efficient PFSC operations. To maintain product integrity, continu-
ous monitoring of these factors is necessary throughout the supply chain (SC). However,
handling modern PFSCs remains challenging due to demand fluctuations, stringent envi-
ronmental regulations, and unforeseen disruptions. Recent technological advancements
have aided in overcoming some of these challenges, particularly in improving inventory
control, transportation, and sustainability aspects [16].

Building on these advances in PFSCs, a broader perspective is needed to address the
complexities of agri-food supply chains (AFSCs). In AFSCs, integrated strategies must be
implemented, from raw material production to product distribution, aligning supply and
demand in a competitive and dynamic environment. However, this process is fraught with
challenges, primarily stemming from uncertainties inherent to the agri-food sector [17]. Ef-
fective management of these uncertainties is vital for improving supply chain performance.
In PFSCs, value degradation is influenced by opportunity costs, shelf-life constraints, and
product transportation dynamics. Singh et al. [18] proposed a location-allocation model
considering value degradation and coordination using big data approximations. This
model, framed as a mixed-integer linear programming (MILP) problem, was solved using
a CPLEX solver. Additionally, Chen et al. [19] developed a method to classify fresh agricul-
tural products” storage requirements to reduce consolidation costs and minimize value loss
from shorter shelf lives [16].

A more detailed understanding of AFSCs is necessary to fully understand the pro-
cess from farm production to consumer delivery. AFSCs include plant and animal based
products, which are particularly vulnerable to uncertainties stemming from the nature of
agricultural production. These uncertainties, if not managed effectively, can negatively
impact the supply chain’s performance and overall efficiency. Conversely, better manage-
ment of uncertainties can enhance performance [20]. Various sources of uncertainty in
crop-based AFSCs include shelf-life unpredictability, where the product’s deterioration
does not necessarily align with its marketable lifespan [21]. Product degradation, catego-
rized as age-dependent or independent, further complicates supply chain management [11].
Additionally, the lack of product homogeneity, typical of the agri-food industry, creates
additional challenges in maintaining consistent quality standards [22].

Supply lead times in AFSCs are generally long and impacted by seasonal and cli-
matic factors, adding another layer of uncertainty [23]. Moreover, production uncertainty
arises from the unpredictability of raw materials, necessitating flexibility in processing
methods [24]. Demand uncertainty is influenced by consumer preferences, safety con-
cerns, and promotional efforts, all of which fluctuate due to factors such as seasonality and
weather [25]. In agriculture, weather patterns and land conditions heavily influence crop
yields. This uncertainty in weather patterns poses significant challenges during the har-
vesting process [23]. Managing these uncertainties is particularly difficult when planning
production in AFSCs. Many traditional planning models assume deterministic parameters,
which is often unrealistic in agriculture due to the inherent variability [26].

In addition, recent studies emphasize the increasing role of climate change adap-
tation strategies in ensuring food security and supply chain resilience. Alhassan and
Kuwornu [27] investigated the impacts of climate variability on food security in Sub-
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Saharan Africa, highlighting the importance of integrating climate-responsive strategies in
food supply chains. Similarly, Begashaw et al. [28] analyzed climate adaptation strategies
and their effects on household vulnerability to food insecurity in Ethiopia, stressing the
need for robust policy interventions in food trade networks. These findings reinforce the
significance of incorporating climate resilience into food supply chain models, aligning
with the objectives of this study. To address uncertainties in FSCs, robust optimization
techniques are increasingly being applied. These methods can handle uncertain data, such
as errors in data estimation or environmental factors, through strategies like the Robust
Counterpart approach [29]. By incorporating robust optimization, supply chain managers
can better manage unpredictable conditions in the agri-food industry, ensuring better
outcomes despite uncertainties [30]. In addition to robust optimization, stochastic optimiza-
tion approaches are also being explored to handle uncertainty in AFSCs. Unlike robust
optimization, which aims to find solutions that perform well under worst-case scenarios,
stochastic optimization incorporates probabilistic elements to model uncertainty, thereby
enabling decision-making that accounts for a variety of possible future outcomes.

AFSCs face significant challenges due to the uncertainties inherent in production,
demand, and environmental conditions. The growing use of advanced optimization
methods, including robust and stochastic approaches, offers promising pathways to address
these complexities and enhance the resilience of FSCs. As the demand for sustainable and
efficient food systems continues to rise, these optimization strategies will play a crucial role
in shaping the future of global agri-food networks.

3. Methodology

This study suggests a methodology designed to strengthen Qatar’s food import sys-
tem’s resilience to climate risks affecting exporting nations. The framework aims to select
the optimal trade partners to fulfill Qatar’s yearly requirements for three primary crops,
namely, tomatoes, cucumbers, and onions, which are the most widely consumed in the
country. The methodology is centered on a multi-objective optimization approach that
accounts for climate variability. This approach seeks to minimize both economic and
environmental costs while also reducing the CWR, which is influenced by temperature
fluctuations that affect crop growth cycles and trade partners’ yields throughout the year.
This study is an extension of the recent research conducted by the authors, Hassna et al. [31],
wherein the risk factors impacting trade partners’ selection are replaced by the CWR, which
is a holistic representation of the climatic conditions of each country. The CWR, which is
defined as the amount of water required by the crop to grow optimally, is estimated using
the Penman-Monteith evapotranspiration equation that accounts for temperature, solar
irradiance, humidity, and wind speed [32]. Detailed mathematical formulation is presented
in Sections 3.1 and 3.2.

3.1. The Mathematical Formulation of the Optimization Model

The objective of the optimization framework suggested in this study is to determine the
combination of trade partners (b) that can fulfill the demand (D) of Qatar for a combination
of perishable crops (a) through diverse transportation means (c). The demand assumed in
this study represents a partial demand from imported products and does not consider the
total demand of the country, including the local production system. The model suggests
three objective functions, wherein the first equation aims to minimize the total economic cost
of supplying the products from the country (b) to Qatar. The second objective minimizes
the environmental emissions associated with the trade decision, while the third objective
has the goal of minimizing the water required to grow the crops in their country of origin.
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The detailed mathematical formulation of the multi-objective optimization is summarized
in Tables 1-3.

Table 1. List of objective functions.

Objective Function Description
s 7 3 The purpose of this function is to minimize the overall cost of
Min ¥ Y ¥ Xape-Da-(Pap + Tie) importing the crop from the set of exporting countries, counting
a=1b=1c=1 production and transportation costs (USD).
3 7 3 p , The purpose of this function is to minimize the carbon emissions
Min Zl bzl Zl Xave'Da- (Eab + Ebc> associated with the trade activity (kg of COZeq).
a=1b=1c=
3 7 3 The purpose of this function is to minimize the total CWR associated
Min 21 bzl 21 XapeDa-wgyp with importing crops from the set of selected countries to Qatar.
a= =1Cc=
Table 2. List of constraints.
Constraints Description
23:1 ZZ:1 Ez):l XabeDa-Fape= Dy This constraint ensures that the local demand from each crop is fulfilled.
0.1 < Xy <05 This constraint ensures diversification in selecting trade partners.

This constraint ensures the quality of the crops imported given their

If Fope 2 0.2, Xgpe < 0.2 degradation factor.

This constraint is linked to the supplying exporting capacity that is

Xape'Da < . . .
abeDa < Capap predetermined in this context.

Table 3. List of variables used in the mathematical optimization model.

Variable Definition

The percentage contribution of each trade partner b to the satisfaction of the demand from crop

Xabe a using shipping method ¢ (%).
D, The total demand from crop a (kg).
p The unit cost of growing crop a in exporting country b. This cost is inclusive of the cost of seeds,
ab water, energy, fertilizers, and operational costs (USD/kg).
T The unit cost of transportation from country b using transportation means ¢ and it is computed
be as a function of the distance between Qatar and country ¢ (USD/kg).
Eugb The unit environmental emissions associated with cultivating crop 4 in country b (kg COzeq/kg).
Et The unit environmental emissions associated with transporting the crops from country b to
be Qatar using the shipping method ¢ (kg COzeq/kg).
Wap The unit CWR for the cultivation of crop a in country b (m3/ kg).
r The degradation factor represented as a percentage weight loss due to transporting crop a from
abe country b using shipping method c (%).
Capap The allowed exportable quantity by supplier b from crop a (kg).

Multiple scenarios were conducted to dynamically quantify the impact of the variabil-
ity of CWR on the growth patterns of crops in exporting countries and hence on the results
of the optimization model. Two different scenarios were conducted in this regard, and they
are detailed in Sections 3.1.1 and 3.1.2. Section 3.2 presents the case study data utilized in
this optimization problem.

The methodology integrates stochastic and robust optimization through a systematic
process. First, historical climate data are analyzed to determine the mean (i) and variance
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(0?) of CWR for each crop-country combination, from which multiple climate scenarios
are generated following a normal distribution. The stochastic optimization model is then
solved to optimize average performance across all scenarios, providing an initial solution
that balances expected costs, emissions, and water requirements. Subsequently, the robust
optimization model addresses worst-case scenarios by identifying and minimizing the
maximum impact of extreme conditions. This dual approach enables decision-makers to
understand both the average system performance and its resilience under extreme scenarios,
with the final recommendations incorporating insights from both methods to suggest a
balanced import strategy that considers both routine operations and extreme events.

3.1.1. Optimization Under Uncertainty

The CWR is a critical factor in agricultural planning and FSC optimization. The CWR
is affected by various climate factors such as temperature, humidity, solar radiation, and
wind speed, all of which fluctuate due to natural variability and climate change. These
factors directly impact how much water is needed for optimal crop growth. Given the
uncertainty in future climate conditions, the CWR is represented as a stochastic variable
following a normal distribution:

CWRp(w) ~ N(Unhrcgb)'

where CWR;, (w) represents the CWR for crop a in country b under scenario w; 1, is the
mean CWR for crop a in country b, based on historical data; (ng is the variance in CWR for
crop 4 in country b; and w represents the individual climate scenario.

The present study adopts two approaches to handle uncertainty in CWRs: stochastic
optimization and min—-max robust optimization. Stochastic optimization addresses the
uncertainty in climate factors by modeling CWRs as a probabilistic variable. Incorporating
multiple climate scenarios allows for decision-making that is, on average, optimal across
a range of possible future outcomes. While min—max robust optimization focuses on
ensuring the best possible outcome under the worst-case scenario. Rather than averaging
over all potential outcomes, it plans for the most extreme conditions within a defined
uncertainty set.

3.1.2. Stochastic Optimisation

In stochastic optimization, the goal is to minimize the objective function considering
the expected value of the CWR, while the total cost and emissions remain deterministic.
The CWR, denoted by w,;,(w), depends on the scenario w where w represents one of
the possible climate scenarios. By simulating these scenarios, the expected CWR can be
estimated. The objective minimization is expressed as follows:

minimize f1(x) + fo(x) + E[f3(x, w)],

where fi(x) represents the deterministic total cost, f»(x) represents the deterministic total
emissions, E[f3(x, w)] represents the expected total water requirements. The stochastic
nature of the CWR is captured through the inclusion of w, which represents different climate
scenarios. By incorporating these scenarios, the model accounts for the uncertainty and
variability in future climate conditions. A high number of climate scenarios are generated
based on historical climate data and current trends. Each scenario represents a possible
realization of future climate conditions, including variations in temperature, precipitation
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patterns, solar irradiance, and other relevant climatic variables that influence CWR. The
expected value of the water requirement function can be expressed as follows:

A

B C
E[fs(x, w)] = |§)| L 3 3 (e Do),

=1b=1

where w is the total number of scenarios; a, b, and ¢ are the total numbers of crops,
countries, and transportation modes, respectively; X is the decision variable representing
the proportion of crop a, sourced from country b via transport mode c; D,, is the demand
for crop a from country b; and w,,(w) is the CWR for crop a4 in country b under scenario
w. By minimizing the expected value, the model seeks a solution that performs across
the entire range of potential future conditions, while ensuring optimal performance with
respect to both cost and emissions under deterministic conditions.

3.1.3. Robust Optimisation

In robust optimization, the goal is to minimize the worst possible outcome of the total
cost, emissions, and CWR. This method focuses on minimizing the maximum value of these
objectives across all potential climate scenarios. By doing so, it ensures that the solution is
resilient even under the most extreme climate conditions. In robust optimization, the CWR
is modeled as the worst-case scenario, which corresponds to the scenario w that results in
the highest water requirement represented as following;:

fs(x/ w) = maX[Xubc'Dab'wah(w)]r
we

where max denotes the maximum value across all possible scenarios. This ensures that
we

the solution accounts for the worst possible climate conditions, preventing the FSC from
being disrupted by extreme water shortages. Thus, the overall objective function in robust
optimization is to minimize the maximum total outcome, including costs, emissions, and
water requirements:

minimize rur)lgé[ﬁ(x) + f2(x) + f3(x, w)].

This min-max approach ensures that the optimization model accounts for the worst-
case scenario, making the system resilient against extreme variations in climate conditions.
While this approach may lead to more conservative solutions, it is crucial for ensuring
the long-term stability and sustainability of Qatar’s FSC, especially under conditions of
climate uncertainty.

3.2. Available Data

The optimization model in this study aims to enhance the resilience of Qatar’s food
import system by focusing on minimizing economic costs, reducing environmental emis-
sions, and optimizing the variability of CWRs for imported crops under uncertainty. CWR,
a critical metric in agricultural planning, represents the water needed for optimal crop
growth and is influenced by climatic factors such as temperature, solar radiation, humidity,
and wind speed. In this model, CWR values are modeled as stochastic variables following
a normal distribution characterized by a mean (i) and standard deviation (o), capturing
the inherent variability in climate conditions for each exporting country. The specific values
of the mean and standard deviation will be determined based on historical climate data
and included in the final analysis. Data used in the model are derived from the datasets
developed in a previous study conducted by the authors (Namany et al. [33]), where
the crop water of each country was estimated using the evapotranspiration equation of
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Penman-Monteith. The choice of the countries is based on the historical trade activity with
Qatar. Only countries with frequent trade trends were selected. Table 4 below provides
placeholders for the mean (i) and standard deviation (o) of CWR for each crop (tomatoes,
onions, and cucumbers) across the selected exporting countries.

Table 4. Mean () and standard deviation (o) of CWR by country.

Crop Statistic USA Iran Lebanon India Turkey Morocco  Netherlands
816.84 798.67 1008.92 1264.28 560.52 811.62 900.45
Tomatoes
o 138.46 512.94 256.55 174.40 417.26 183.51 300.87
Oni i 547.2828 535.1089 675.9764 847.0676 375.5484 543.7854 603.3015
nions
o 92.7682 343.6698 171.8885 116.848 279.5642 122.9517 201.5829
i 653.472 638.936 807.136 1011.424 448.416 649.296 720.36
Cucumbers
o 110.768 410.352 205.24 139.52 333.808 146.808 240.696

The second dataset focuses on economic and transportation parameters. Production
costs include expenses related to seeds, water, energy, fertilizers, and operational activities.
Transportation costs are calculated based on the mode of shipment (ground, sea, or air
freight) and the distance from each exporting country to Qatar. These factors are vital
in determining the overall logistics costs. Table 5 presents the estimated distances and
shipment times for each mode of transport.

Table 5. Estimated shipment distances and times (from Hassna et al. [31]).

Country Distance (km) Ground (Days) Sea (Days) Air (Days)
USA 12,229 NA 16,000 6-8
Iran 800 1900 500 1

Lebanon 1686 2200 3900 2
India 2856 NA 1600 2-3

Turkey 2128 2800 4800 2-3

Morocco 5638 NA 5800 2-3

Netherlands 4984 NA 7500 1-2

NA: Not applicable.

Environmental impact data includes CO,-equivalent emissions from both cultiva-
tion and transportation stages. Emissions factors are determined based on the type of
transportation used and the shipping distances. This data enables the model to prioritize
suppliers with lower environmental footprints, aligning with sustainable import strategies.
The demand for tomatoes, onions, and cucumbers was obtained from the Planning and
Statistics Authority of Qatar. The effective demand used in this study is set at 158,008 tons
for tomatoes, 5396 tons for onions, and 87,392 tons for cucumbers. These figures account
for potential losses during transportation, ensuring that the actual demand is met reliably.
Given the perishable nature of these crops, the model includes data on quality degradation
during transportation. Weight loss rates are influenced by factors such as shipment dura-
tion and handling, affecting the effective quantity available upon arrival in Qatar. Table 6
details the weight loss rates for each crop across the different exporting countries.
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Table 6. Weight loss rates by country (% per Day) (modified from Hassna et al. [31]).

Country Tomatoes Onions Cucumbers
USA 0.27% 0.03% 0.50%
Iran 0.53% 0.06% 1.00%
Lebanon 0.80% 0.09% 1.50%
India 1.06% 0.12% 2.00%
Turkey 1.33% 0.15% 2.50%
Morocco 1.59% 0.18% 3.00%
Netherlands 1.86% 0.21% 3.50%

4. Results and Discussion
4.1. Stochastic Optimization

The stochastic optimization provides the optimal import quantities for tomatoes,
onions, and cucumbers from seven countries: the USA, Iran, Lebanon, India, Turkey,
Morocco, and the Netherlands. The optimization aims to minimize total cost, emissions,
and expected CWR under uncertainty.

4.1.1. Optimal Import Networks: Stochastic Scenario

The total quantity imported for tomatoes was 167,494.16 tons, with Turkey being the
largest supplier, contributing 49,344.14 tons (29.5% of the total tomato imports), as illus-
trated in Figure 1. This significant contribution can be attributed to Turkey’s competitive
position in the market. Iran was the second-largest supplier, with 29,231.72 tons (17.5%).
The Netherlands and Morocco supplied similar amounts, with 19,324.48 tons (11.50%)
and 19,265.42 tons (11.50%), respectively. The USA contributed 17,724.73 tons (10.60%),
followed by Lebanon with 16,802.87 tons (10.00%), and India with 15,800.80 tons (9.40%).
Their inclusion results from acceptable waste and loss factors (all < 20%) and compliance
with constraints requiring each country to supply between 10% and 50% of the demand for
items with acceptable waste and loss factors.

For onions, the total import quantity was 5430.09 tons. Turkey was again the
largest supplier, providing 1491.23 tons (27.40% of total onion imports). Iran contributed
953.25 tons (17.60%), while the Netherlands supplied 645.03 tons (11.90%). Morocco pro-
vided 632.98 tons (11.70%), followed by the USA with 598.71 tons (11.00%), Lebanon with
569.29 tons (10.50%), and India with 539.60 tons (9.90%).

In the case of cucumbers, the total imported quantity was 95,257.11 tons. Turkey
maintained its position as the largest supplier, contributing 30,263.27 tons (31.80% of total
cucumber imports). Iran provided 20,495.98 tons (21.50%), followed by the Netherlands
with 13,044.15 tons (13.70%) and the USA with 12,558.54 tons (13.20%). Lebanon supplied
10,135.94 tons (10.60%), and India contributed 8759.23 tons (9.20%). Morocco did not
contribute to cucumber imports due to its high waste and loss factor for cucumbers (27%),
exceeding the acceptable threshold of 20% set in the constraints.

4.1.2. Overall Country Contributions

Considering total imports across all three crops, Turkey was the largest contributor,
supplying 81,099 tons (30.24% of the overall total), as demonstrated in Figure 2. This
significant contribution is due to Turkey’s substantial import contribution in all three crops,
being the leading supplier for tomatoes (29.46%), onions (27.46%), and cucumbers (31.77%).
Iran was the second largest supplier with 50,681 tons (18.90%), with notable contributions in
cucumbers (21.52%), tomatoes (17.45%), and onions (17.55%). The Netherlands contributed
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33,014 tons (12.31%), maintaining consistent contributions across tomatoes (11.54%), onions
(11.88%), and cucumbers (13.69%). The USA supplied 30,882 tons (11.52%), with balanced
contributions in tomatoes (10.58%), onions (11.03%), and cucumbers (13.18%). Lebanon,
India, and the Netherlands each contribute approximately 25,100 to 33,014 tons, accounting
for around 10% of the overall total each. Their consistent contributions across all three
crops reflect the constraints ensuring diversification and limiting dependence on any
single supplier.

() Morocco (b) —
Netherlands Netherlands
1159 11-5% oo, 11.7%
Lot USA
J0-6% 11.0%
29.5% Turkey 27.4% Turkey
5% 17.6%
Iran 10.0% 94% Iran 10.5% 99%

i India
Lebanon India Lebamen

(c) Morocco

Netherlands
13_7%1).0% Turkey
USA 31.8%
13.2%
21.5% 9.2%
10.6%
India
Iran
Lebanon

Figure 1. Optimal import networks derived using stochastic optimization for key crops ((a) tomatoes,
(b) onions, and (c) cucumbers).

4.1.3. Effective and Initial Quantities: Stochastic Scenario

The optimization model accounted for waste and loss factors during transportation,
impacting the initial quantities to be imported to meet effective demand. The total quantities
before accounting for waste and loss were 167,494.16 tons for tomatoes, 5430.10 tons for
onions, and 95,257.10 tons for cucumbers as demonstrated in Figure 3, to meet the respective
demands. The initial quantities before degradation are higher due to anticipated losses. For
instance, Turkey’s initial quantities were 49,344.14 tons of tomatoes, 1491.23 tons of onions,
and 30,263.27 tons of cucumbers. After applying their specific waste and loss factors (9.28%
for tomatoes, 1.05% for onions, and 17.50% for cucumbers), the effective quantities would
be approximately 44,763.01 tons for tomatoes, 1475.57 tons for onions, and 24,967.20 tons
for cucumbers. This adjustment process was applied across all suppliers to ensure actual
demand fulfillment despite losses during transportation and handling.
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Figure 2. Overall country contributions were derived using stochastic optimization for the supply of
key crops (tomatoes, onions, and cucumbers).
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Figure 3. Quantity of imported items across countries derived using stochastic optimization for key
crops: tomatoes (green), onions (orange), and cucumbers (blue).

4.2. Robust Optimization
4.2.1. Optimal Import Networks: Robust Scenario

A min-max approach was adopted for the robust optimization to determine the
optimal import quantities of tomatoes, onions, and cucumbers from seven countries—USA,
Iran, Lebanon, India, Turkey, Morocco, and the Netherlands—while minimizing the worst-
case scenarios of CWR as illustrated in Figure 4.

The total effective quantity imported for tomatoes was 158,008 tons after accounting
for waste and loss. Turkey was the largest supplier, contributing an effective quantity
of 67,349.33 tons, which accounted for 42.70% of the total tomato imports. This signifi-
cant share is due to Turkey’s competitive costs, low emissions, acceptable waste and loss
factors, and favorable CWR. The USA, Iran, Lebanon, India, and the Netherlands each
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contributed an effective quantity ranging from 15,047.10 to 15,717.06 tons, representing ap-
proximately 9.52% to 9.95% of the total effective tomato imports each. Morocco contributed
13,539.71 tons, accounting for 8.60% of the total tomato imports. These contributions are
close to the lower limit of the supply constraint, which requires each acceptable supplier
to contribute between 10% and 50% of the total demand for each item. However, some
contributions are slightly below 10%. This discrepancy can be attributed to computational
tolerances and rounding errors in the optimization process. In practice, optimization
solvers often accept small deviations from constraints due to numerical precision limits
and the need to balance multiple competing objectives.

(a)
Niheriand blorecen (b) Morocco
RUIRANHS Netherlands
8.6%
9.6% 9.8%
10.0%
USA Y USA o
o 10.0%
42.7%
9.9% ’ VAIrkEy 40.3% Turkey
Iran 10.0%
. Iran
ik 9.8Y% 9.9%
©7 10.0%
Leb
SRangn Lebanon
il India
(c) Morocco
Netherlands
9.3900% Turkey
USA
41.3%
9.8%
20.9%
Iran 9.1% 96%
India
Lebanon

Figure 4. Optimal import networks derived using robust optimization for key crops ((a) tomatoes,
(b) onions, and (c) cucumbers).

For onions, the total effective quantity imported is 5396 tons, exactly meeting the
demand after waste and loss adjustments. Turkey again is the largest supplier, providing
an effective quantity of 2174.43 tons, accounting for 40.30% of the total effective onion
imports. This reinforces Turkey’s favorable position in the import network due to its
competitive costs, low emissions, acceptable waste and loss factors, and manageable CWR.
The USA, Iran, Lebanon, India, Morocco, and the Netherlands each supplied an effective
quantity of approximately 530.86 to 539.28 tons, representing around 9.90% to 10.00% of
the total effective onion imports each. These contributions are close to the lower limit of
the supply constraint but are slightly below 10% in some cases.

In the case of cucumbers, the total effective quantity imported is 87,392 tons, fulfilling
the demand precisely after accounting for waste and loss. Turkey is the dominant supplier,
contributing an effective quantity of 36,049.20 tons, which is 41.30% of the total effective
cucumber imports. The significant share from Turkey can be attributed to its acceptance
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of waste and loss factor (17.50% for cucumbers) and competitive costs. Iran provided an
effective quantity of 18,264.93 tons (20.90%), while the USA contributed 8608.11 tons (9.80%),
India supplied 8389.63 tons (9.60%), the Netherlands provided 8127.46 tons (9.30%), and
Lebanon contributes 7952.67 tons (9.10%) of the total effective cucumber imports. Morocco
does not supply cucumbers due to its high waste and loss factor (27% for cucumbers),
exceeding the acceptable threshold of 20%.

4.2.2. Overall Country Contributions: Robust Scenario

Considering the total effective quantities across all three crops, Turkey is the largest
contributor, supplying a total of 105,573 tons, which accounts for 42.10% of the overall
quantity, as demonstrated in Figure 5. This dominance is primarily due to its substantial
contribution to tomatoes, onions, and cucumbers. Iran contributes 34,521 tons (13.76%),
followed by the USA with 24,822 tons (9.90%), India with 24,394 tons (9.73%), the Nether-
lands with 23,879 tons (9.52%), Lebanon with 23,536 tons (9.38%), and Morocco with
14,071 tons (5.61%).

105,573

100,000
‘2 80,000
2
e
[]
b=
2 60,000
£ )
2
b=
S
& 40,000
s 34,521
L
24,822 23.536 24,394 23,879
20,000
14,071
0
USA Iran Lebanon India Turkey Morocco  Netherlands
Country

Figure 5. Overall country contributions derived using robust optimization for supply of key crops
(tomatoes, onions, and cucumbers).

While Turkey emerges as the dominant supplier (42.10% of total imports), its long-term
reliability under shifting climatic conditions warrants careful consideration. Analysis of
Turkey’s historical CWR data shows significant variability (o = 417.26 m? /kg for tomatoes),
and climate projections for the Mediterranean region indicate increasing water stress and
temperature extremes. This could affect Turkey’s agricultural productivity in two ways:
first, through direct impacts on crop yields due to changing temperature and precipitation
patterns, and second, through increased competition for water resources between agri-
cultural and urban uses. However, Turkey’s robust agricultural infrastructure, diverse
growing regions, and significant investments in climate-adaptive farming technologies
partially mitigate these risks. The country’s geographic proximity to Qatar also provides
logistical advantages that could help maintain supply chain stability even under stressed
conditions. Nevertheless, the high reliance on Turkey as a primary supplier highlights the
significance of sustaining the diversified supplier network identified in our optimization
model, as it serves as a buffer against possible climate-induced disruptions in any single
source country.
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4.2.3. Effective and Initial Quantities

The initial quantities (before accounting for waste and loss) are higher to compensate
for anticipated losses during transportation and handling as depicted in Figure 6. For
instance, Turkey’s initial quantity of tomatoes is approximately 74,253.15 tons, which, after
a waste and loss adjustment of 9.28%, results in an effective quantity of 67,349.33 tons.
Similarly, the USA’s initial quantity of cucumbers is approximately 8738.40 tons, leading to
an effective quantity of 8608.11 tons after a 1.50% waste and loss adjustment. This ensures
that the actual demand is satisfied despite losses, maintaining supply chain reliability.

105,573
Items
3 Tomatoes
=3 Onions
I Cucumber
34,521
24,822 24,394 23,879 23,536
14,071
Turkey Iran USA India Netherlands Lebanon Morocco
Country

Figure 6. Quantity of imported items across countries derived using robust optimization for key
crops: tomatoes (green), onions (orange), and cucumbers (blue).

The robust optimization results exhibit a strategic allocation of import quantities to
minimize the worst-case total cost, emissions, and water consumption. The results differ
from stochastic optimization due to the nature of the min-max approach, which seeks to
minimize the worst-case outcomes across all scenarios. This leads to decisions that are
conservative and resilient against extreme conditions. The emphasis on worst-case CWR
means that countries and crops with lower variability and lower maximum water usage
under adverse scenarios are preferred. Turkey’s significant contribution, particularly in
tomatoes, onions, and cucumbers, suggests that it offers favorable conditions even under
worst-case scenarios, with manageable water consumption, costs, and emissions. The
relatively uniform contributions from Iran, Lebanon, India, USA, and the Netherlands
across all three crops highlight the model’s emphasis on diversification to mitigate risks
associated with uncertainties in water consumption and other factors. Each of these
countries contributes approximately 9% to 13% of the total effective imports for various
crops. This diversification ensures that the supply chain is not overly dependent on a single
source, enhancing resilience against potential disruptions.

The robust optimization’s conservative allocation reflects a trade-off between opti-
mizing for average expected outcomes (as in stochastic optimization) and safeguarding
against the worst possible scenarios. This approach is particularly valuable when dealing
with uncertainties in environmental factors like CWR, where worst-case conditions could
have significant impacts on supply chain reliability. By prioritizing suppliers with lower
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worst-case CWR and consistent performance across scenarios, the model ensures that the
supply chain remains robust even under adverse conditions.

The comparative visualization of stochastic and robust optimization results reveals
distinct patterns in supplier allocation strategies for Qatar’s food import system. Under the
stochastic approach, imports are more evenly distributed among suppliers, especially for
tomatoes and onions, while the robust method concentrates a larger share of imports from
Turkey. This difference reflects the core objectives of each approach: stochastic optimiza-
tion seeks to maximize average performance across multiple scenarios, whereas robust
optimization prioritizes stability under worst-case conditions. Turkey’s dominant role is
evident in both methods, but its influence is markedly greater under robust optimization.
For instance, Turkey supplies 29.46% of tomato imports, 27.46% of onions, and 31.77% of
cucumbers under stochastic optimization; these figures increase to 42.62%, 40.30%, and
41.25%, respectively, under robust optimization. This increased reliance on Turkey in the
robust scenario underscores its reliability as a supplier—due to its geographical proximity,
well-established trade relationships, and strong agricultural infrastructure. The landscape
for secondary suppliers also varies between the two methods. Iran consistently ranks as the
second-largest supplier, though its allocations differ; for example, Iran receives 17.45% of
tomatoes and 21.52% of cucumbers under the stochastic model, compared to approximately
9.95% and 20.90% under the robust model. Other suppliers, such as the Netherlands and
the USA, exhibit relatively stable contributions, albeit with slightly reduced shares in the
robust scenario. Notably, Morocco displays significant variation, particularly for toma-
toes, where its allocation diverges considerably between the two methods. Overall, these
results highlight the inherent trade-offs between supply chain efficiency and resilience.
The stochastic approach, with its balanced allocations, offers potential cost efficiency and
market flexibility, whereas the robust method’s focus on concentrating imports from reliable
suppliers enhances supply chain stability under adverse conditions, albeit potentially at
higher operational costs. This analysis provides valuable insights for policymakers in Qatar,
demonstrating how different optimization strategies can be used to balance cost efficiency,
supply chain resilience, and climate risk mitigation in food import systems (Figure 7).
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Figure 7. Comparison of total import quantities under stochastic and robust scenarios.

4.3. Analysis of Trade-Offs in Supplier Selection

The optimization results demonstrate significant trade-offs between economic costs,
environmental impact, and water use variability when selecting suppliers. Turkey’s dom-
inant position (42.10% of total imports) demonstrates these trade-offs: while offering
competitive economic costs (averaging 15-20% lower than other suppliers), its selection
comes with moderate environmental emissions from transportation and varying levels
of water requirement uncertainty. Iran’s significant contribution (13.76%) represents a



Sustainability 2025, 17, 2025

17 of 20

different balance, with slightly higher economic costs but lower transportation emissions
due to geographical proximity. However, Iran shows higher water requirement variability
(0 = 512.94 m3/kg for tomatoes) compared to other suppliers.

The Netherlands, contributing 9.52% of imports, exemplifies the trade-off between
high environmental impact due to long-distance transportation and stable water require-
ments (o = 300.87 m®/kg for tomatoes) owing to advanced agricultural technologies. This
stability in water requirements comes at a premium, with costs approximately 25-30%
higher than regional suppliers. These trade-offs become more pronounced under the robust
optimization approach, where protecting against worst-case scenarios leads to an average
cost increase of 18% compared to the stochastic optimization results but provides a 23%
reduction in maximum water requirement variability.

The diversification strategy itself represents a trade-off between system efficiency and
resilience. While concentrating imports among fewer suppliers could reduce operational
costs by approximately 12-15%, the current diversified approach provides essential risk
mitigation against both climate variability and supply chain disruptions. This is particularly
evident in the case of Morocco, where despite competitive pricing, its high degradation
factors limit its role in the supply chain, demonstrating how quality preservation consider-
ations can outweigh pure economic advantages.

4.4. Implementation Considerations and Policy Recommendations

The implementation of a diversified import strategy in Qatar faces several practical
challenges and barriers that policymakers must address. First, existing long-term con-
tracts and established trade relationships may limit Qatar’s immediate ability to adjust
import proportions according to the optimization model’s recommendations. Transitioning
from current import patterns (where some suppliers may hold dominant positions) to the
proposed diversified structure requires careful diplomatic and commercial negotiations.
Second, infrastructure limitations, particularly in port capacity and specialized storage
facilities for perishable goods, could constrain the ability to handle multiple simultaneous
shipments from different suppliers effectively. A phased approach is necessary for suc-
cessful implementation. In the short term (1-2 years), efforts should focus on developing
additional cold storage infrastructure and upgrading port facilities to accommodate diverse
shipment schedules. Medium-term actions (2-5 years) should include establishing new
trade agreements with recommended suppliers while maintaining existing relationships
and developing quality control protocols specific to each supplier’s products and trans-
portation routes. Long-term strategies (5+ years) should prioritize building resilience
through investments in suppliers” agricultural infrastructure and establishing joint early
warning systems for climate-related disruptions. Financial implications must also be con-
sidered. While diversification enhances resilience, it may initially increase operational costs
by 15-20% due to the complexity of managing multiple suppliers and smaller shipment
volumes. However, these costs can be partially offset by reduced risk premiums and lower
emergency procurement expenses during supply disruptions. To facilitate implementation,
a dedicated task force within Qatar’s food security apparatus should be established to coor-
dinate among multiple stakeholders, including port authorities, customs officials, quality
control agencies, and private sector importers.

5. Limitations and Future Research Endeavor

While this study provides valuable insights for optimizing Qatar’s food import system,
several limitations must be acknowledged. First, the model assumes a normal distribution
of CWR, which may not fully capture extreme climate events or non-linear climate impacts.
Moreover, by focusing primarily on CWR as the key climate variable, the model overlooks
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other critical factors, such as soil conditions, pest prevalence, and extreme weather events,
that can significantly influence crop production and supply chain resilience. Data-related
uncertainties further complicate the analysis; variability in data accuracy, measurement
methodologies, and reporting standards across exporting countries may affect the reliability
of both climate variability and trade condition data. Additionally, other important risk
factors, such as the political stability of supplier countries and short-term price fluctuations,
have not been fully incorporated into the framework. Second, the study’s scope is limited to
three crops (tomatoes, onions, and cucumbers) and seven major supplier countries, which
restricts the generalizability of the findings to other agricultural products and regions.
The framework’s focus on optimizing imports from established trade partners, without
considering potential new sourcing regions or alternative crops, may overlook emerging
markets that could enhance supply chain resilience, especially for perishable goods with
different storage requirements and market dynamics. Third, the model relies on historical
data for estimating degradation factors and transportation times, which may not accurately
reflect future supply chain disruptions or technological advancements in preservation
methods. Furthermore, economic parameters such as production and transportation costs
are subject to market fluctuations and require regular updates, while the model’s static
nature does not capture long-term shifts in trade relationships and agricultural production
patterns driven by climate change.

Future research should address these limitations by expanding the scope of the frame-
work to include a broader range of agricultural products, such as grains, dairy, and protein
sources, and by incorporating data on emerging supplier regions. Enhancements to the
model should also consider additional risk factors like geopolitical stability and short-term
price volatility and adopt dynamic modeling approaches that account for evolving trade
relationships, technological advancements in logistics and food preservation, and long-term
climate change impacts. Moreover, establishing robust data collection and verification
protocols through collaboration with international organizations, such as the FAO, can
help improve data reliability and mitigate reporting biases. These extensions will not only
enhance the model’s practical utility for strategic planning and policy development but
also provide a more comprehensive understanding of global food supply chain resilience
in the face of climate variability and market uncertainties.

6. Conclusions

This study presents a comprehensive optimization framework aimed at enhancing
the resilience of Qatar’s food import system against climate-induced uncertainties. By inte-
grating a multi-objective optimization approach, the model effectively addresses three key
objectives: minimizing economic costs, reducing environmental emissions, and optimizing
CWR. The innovative use of CWR as a stochastic variable, modeled using a normal distribu-
tion, offers a nuanced representation of climate variability, providing deeper insights into
the water needs of crops across different exporting countries. The findings demonstrate that
strategic diversification of trade partners is crucial for mitigating risks associated with CWR
variability. The results from both stochastic and robust optimization approaches indicate
that Turkey, Iran, and the Netherlands consistently emerge as top suppliers across the three
key crops (tomatoes, onions, and cucumbers), owing to their favorable cost structures,
manageable emissions, and efficient water usage. Important trade-offs emerge between
average performance and system resilience. While the stochastic optimization approach
yields better average economic performance, the robust optimization provides greater
protection against extreme climate events at the cost of higher operational expenses. This
highlights the critical balance policymakers must strike between cost efficiency and supply
chain resilience. The implementation of these findings faces several potential risks, includ-
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ing political instability in supplier regions, logistical bottlenecks, and rapid market price
fluctuations, which could affect the practical application of the proposed diversification
strategy. Additionally, the dynamic nature of international trade relationships and evolving
climate patterns may require periodic reassessment of supplier allocations. Before full
implementation, these findings should be validated through detailed simulations and pilot
studies that test the framework’s performance under various real-world scenarios. Such
validation would help identify practical challenges and refine the model’s parameters for
better applicability. The robust optimization highlights the importance of planning for
worst-case scenarios, which ensures stability in Qatar’s FSC even under extreme climatic
conditions. Overall, this study underscores the value of integrating climate variability
considerations into food import strategies. The proposed framework provides a practical
tool for policymakers and stakeholders, offering data-driven insights that support resilient
decision-making in the face of increasing environmental uncertainties. Future research
could build on this work by exploring dynamic adaptation strategies and incorporating
additional climate variables, further enhancing the predictive capabilities of the model.
Additionally, collaboration with exporting countries to improve data accuracy and share
climate risk information could strengthen the resilience of global food trade networks,
benefiting both importers and exporters alike.
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