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ood security, farmer incomes, and environmental sustainability are all greatly impacted

by post-harvest losses (PHLs) in agro-supply chains; according to estimates from
throughout the world, 30-40% of food produced is lost before it reaches consumers. Through
the analysis of variables including supply chain inefficiencies, logistics of transportation, and
storage conditions, quantitative modeling offers a methodical way to comprehend, forecast,
and mitigate PHLs. In order to assess quantitative modeling methods used for PHLs, such as
simulation models, optimization algorithms, and machine learning methodologies, this review
summarizes current studies published in credible publications. Important conclusions show
how well data-driven models work to minimize losses and improve supply chain efficiency.
In addition to discussing potential research avenues for inclusive and scalable solutions,
issues including data scarcity, model complexity, and geographical inequities are also
covered.

Introduction

The term "post-harvest losses” (PHLs) describes the decline in the amount or quality of

agricultural products after harvest, as well as during processing, storage, and transportation.

Due to resource waste, PHLs raise environmental impacts, cause food insecurity, and cost

farmers money. PHLs for perishable goods, such as fruits and vegetables, may exceed 50%

in underdeveloped nations due to ineffective supply networks and insufficient infrastructure.

A strong tool for analyzing PHLs, streamlining agro-supply chains, and guiding policy

actions is quantitative modeling.

The purpose of this study is to:

e Examine quantitative modeling methods for evaluating and reducing PHLSs in agro-supply
chains.

e Assess how these models affect efficiency gains and loss reduction.

¢ Identify obstacles and suggest avenues for further study to manage PHL effectively.

Causes and Impacts of Post-Harvest Losses

PHLs stem from a combination of biological, logistical, and systemic factors, with significant

economic and environmental consequences.

Causes of PHLs

« Biological Factors: One of the main causes of spoiling is microbiological activity,
enzymatic reactions, and insect infestations. For example, perishable crops like tomatoes
deteriorate more quickly when the temperature is not properly controlled.

o Logistical Inefficiencies: Long travel times, insufficient cold storage, and poor
transportation infrastructure all contribute to losses. In Sub-Saharan Africa, 30% of
perishable product is lost due to a shortage of refrigerated transportation.
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« Handling and Packaging: Inadequate packing and rough handling cause mechanical
damage. According to studies, inadequate packing is the cause of 20% of fruit losses in
India.

e Market and Information Asymmetries: Limited access to market information and
delayed sales increase spoilage, particularly for smallholder farmers.

Impacts of PHLs

e Economic Losses: PHLs reduce farmer incomes and increase food prices. Globally,
PHLs result in an estimated $1 trillion in economic losses annually.

e Food Insecurity: In low-income countries, PHLs exacerbate hunger by reducing
available food supply.

e Environmental Impact: Wasted food contributes to greenhouse gas emissions, with
agriculture accounting for 8-10% of global emissions, a portion of which is tied to PHLSs.

Quantitative Modeling Approaches for PHLs

Quantitative models provide structured frameworks to analyze PHLs and optimize agro-
supply chains. This section reviews key modeling approaches identified in recent literature.
Simulation Models

To estimate PHLs, simulation techniques that mimic supply chain dynamics include discrete-
event simulation (DES) and agent-based modeling (ABM). Temperature variations are a
major cause of 25% transit losses, according to a research that utilized DES to simulate
tomato supply networks in Nigeria. ABM has been used to model interactions between
farmers and processors, exposing information flow inefficiencies that lead to losses.
Optimization Models

Through the optimization of storage, transportation, and inventory choices, optimization
techniques such as linear programming (LP) and mixed-integer linear programming (MILP)
reduce PHLs. A MILP model for Indian fruit supply chains improved cold storage allocation,
resulting in a 15% reduction in losses. Multi-objective optimization algorithms reduce losses
in vegetable supply chains by up to 10% by balancing cost, quality, and environmental effect.
Machine Learning (ML) and Data-Driven Models

PHLs are predicted by machine learning methods like random forests and neural networks
using logistical and environmental data. In order to forecast spoiling in mango supply chains,
a research used a random forest model, which identified high-risk transportation routes with
85% accuracy. In order to minimize losses caused by overstock, time-series forecasting
models have also been used to estimate demand and optimize inventory.

System Dynamics (SD) Modeling

SD models capture feedback loops and dynamic interactions in agro-supply chains. A study
used SD to model PHLs in rice supply chains, identifying delays in processing as a key factor
in 20% quality losses. These models are particularly effective for long-term policy analysis.
Hybrid Models

In order to handle complicated PHL situations, hybrid models include many techniques,
including simulation and optimization. For instance, a hybrid genetic algorithm (GA) and
DES model reduced losses in dairy supply chains by 12% by optimizing routing and storage
for perishable items.

Applications and Outcomes of Quantitative Modeling

Quantitative modeling has been applied across various agro-supply chains, yielding
significant benefits.

Reduction in PHLs

Simulation and optimization models have reduced PHLs by identifying critical loss points. A
case study in Ethiopia used a MILP model to optimize potato storage, reducing losses from
30% to 18%. ML models have improved loss predictions, enabling proactive interventions
like rerouting shipments.
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Improved Supply Chain Efficiency

Optimization models streamline logistics and inventory management. A study in China
demonstrated that a multi-objective LP model reduced transportation costs by 8% while
maintaining product quality. SD models have informed infrastructure investments, reducing
transit times and losses.

Enhanced Decision-Making

Data-driven models provide actionable insights for stakeholders. For instance, 10T-integrated
ML models in fruit supply chains enabled real-time monitoring, reducing spoilage by 10%.
Decision support systems (DSS) based on simulation models have guided farmers in timing
harvests to minimize losses.

Policy and Investment Guidance

SD and optimization models inform policy interventions, such as subsidies for cold storage or
improved packaging. A study in Kenya used SD to evaluate the impact of government-funded
storage facilities, showing a 15% reduction in PHLs for maize farmers.

Sustainability Implications

Quantitative modeling contributes to sustainable agro-supply chains by addressing
environmental and social dimensions of PHLSs.

Environmental Benefits

Models lessen the environmental impact of squandered resources by lowering PHLs.
According to a research, reducing spoiling in vegetable supply chains resulted in a 12%
reduction in carbon emissions. Optimization models are used to identify energy-efficient
storage options that improve sustainability even further.

Economic Resilience

Reducing PHLs increases farmer incomes and stabilizes food prices. A simulation-based
study in India showed that optimized supply chains increased farmer revenue by 20% for
perishable crops.

Social Equity

Models that prioritize smallholder inclusion, such as cooperative-based optimization, ensure
equitable benefits. A study in Uganda highlighted that DSS tools empowered smallholders to
access markets, reducing losses and improving livelihoods.

Policy Alignment

Quantitative models align with global sustainability goals, such as the UN’s Sustainable
Development Goal 12.3, which aims to halve food waste by 2030. Policy-driven models
encourage investments in sustainable infrastructure, like solar-powered cold storage.

Conclusion

In order to manage post-harvest losses in agro-supply chains, quantitative modeling provides
a strong framework that facilitates loss minimization, efficiency enhancements, and
sustainability enhancements. Significant effects in lowering PHLs and improving farmer
livelihoods have been shown using simulation, optimization, and machine learning-based
models. To guarantee scalability and inclusiveness, however, issues like model complexity
and data scarcity must be resolved. Globally, stakeholders may reduce PHLs, improve food
security, and advance sustainable agro-supply chains by using data-driven and inclusive
modeling methodologies.
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