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Abstract

Fruits and vegetables form a vital component of the global economy; however, their dis-
tribution poses complex logistical challenges due to high perishability, supply fluctuations,
strict quality and safety standards, and environmental sensitivity. In this thesis, we pro-
pose an adaptive optimization model that accounts for delays, travel time, and temperature
variations impacting produce shelf life, and compare its performance against traditional
methods such as Robust Optimization (RO), Distributionally Robust Optimization (DRO),

and Stochastic Programming (SP).

Our adaptive model significantly outperforms traditional methods by enabling real-time
route and temperature adjustments during transit. Empirical results using synthetic and
[oT-derived data inspired by a realistic last mile delivery in Toronto show that the adaptive
model improves average product shelf life by over 18% and reduces freshness deviation by
80%, with only a marginal increase in travel time. Furthermore, we introduce a Hybrid
Model that combines pre-optimized static routes with real-time RL-based corrections. This
approach mitigates the limitations of both static and reactive planning by following optimal
routes under normal conditions and dynamically overriding them in response to disruptions

such as traffic delays or temperature excursions.

Our results demonstrate that the proposed framework retains global efficiency while
providing localized adaptability, making it a robust and practical solution for cold-chain
logistics. This thesis thus offers a comprehensive, data-driven strategy to enhance sustain-

ability, minimize spoilage, and increase responsiveness in fresh produce supply chains.
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Chapter 1

Introduction

The global food supply chain is under mounting pressure, with one-third of all food pro-
duced approximately 1.3 billion tons is lost or wasted annually. Perishable items such as
fresh fruits, vegetables, dairy, and meat account for a disproportionately large share of this
waste, with spoilage rates ranging from 20% to 60% depending on the region and infras-
tructure conditions [27]. Beyond the economic burden, estimated at nearly $940 billion
per year, the environmental toll of wasted perishables—through squandered water, energy,
and labor—is staggering. Given the fragile shelf life of these goods, minimizing loss during

transportation has become not just an operational concern but a global imperative [23] .

Perishable logistics are categorically more complex than those for non-perishables. Un-
like dry goods, perishables are highly sensitive to external conditions such as tempera-
ture, humidity, vibration, and transit delays. For example, the shelf life of semi-dried

persimmons fluctuates drastically under minor thermal variations, rendering traditional



routing and storage models inadequate [38]. Perishables deteriorate progressively during
each stage—storage, transit, and last mile delivery-necessitating a continuous, responsive ap-
proach to logistical planning. This is where the Internet of Things (IoT) has transformative
potential [31] by collecting real-time data from temperature sensors, humidity monitors,
and GPS trackers allowing logistics operators to detect condition breaches and re-optimize
delivery routes on the fly. As demonstrated in the dairy logistics domain, incorporating sen-
sor feedback significantly reduces spoilage while lowering operational costs [22], indicating

a significant opportunity for similar approaches in broader perishable supply chains.

The challenge therefore, lies in coupling robust, model-driven planning with sensor-
driven adaptivity. While deterministic and robust optimization frameworks offer structured
solutions for logistics under uncertainty, they remain limited in responsiveness in real time.
On the other hand, learning approaches like reinforcement learning (RL) can adapt on the
fly but often lack global consistency. Integrating these paradigms into a hybrid framework
could enable both optimal planning and real-time correction—addressing a critical gap in

current literature.

This thesis proposes a comprehensive framework for intelligent transportation of fresh
produce by combining optimization-based routing with reinforcement learning for real-time
adaptation. First, we propose an adaptive optimization model in response to sensor data
and compare multiple traditional models, including deterministic, robust, distributionally
robust, and stochastic approaches, considering freshness, temperature deviation, and de-
livery delays. Next, we design a reinforcement learning model that uses IoT-derived sensor

inputs to make dynamic route adjustments during transit. Finally, we introduce a hybrid



model that initializes the trip with an optimized route and activates RL-based corrections

when disruptions occur.

The remainder of this chapter is focussed on reviewing the literature on shelf-life mod-
eling for fresh produce, IoT based systems, supply chain optimization, and learning-based

logistics.

1.1 Literature Review

Perishable food supply chains are characterized by high levels of complexity due to the
biological sensitivity of products, the need for stringent environmental control, and fre-
quent disruptions across logistics networks. These challenges are especially pronounced in
developing countries and small-scale enterprises, where infrastructure limitations and lack
of cold chain integration amplify spoilage risks and operational inefficiencies [5]. To better
understand these challenges and identify potential solutions, this section reviews relevant
literature across multiple dimensions. We begin by exploring the importance of shelf-life
estimation and its modeling through classical approaches such as the Arrhenius and Qg
equations. Next, we discuss the role of IoT-enabled sensor systems in capturing real-
time environmental data critical to managing perishability. We then examine a range of
optimization approaches—including deterministic, stochastic, robust, and distributionally
robust optimization—that have been applied to supply chain decision-making under uncer-
tainty. Finally, we review recent advances in reinforcement learning (RL) and its emerging

role in enabling adaptive, data-driven logistics strategies. By synthesizing insights from



these diverse areas, we identify existing gaps and motivate the need for integrated frame-
works that combine sensor data, empirical models, and algorithmic intelligence to enhance

freshness preservation and operational efficiency.

1.1.1 Shelf-Life Modeling for Fresh Produce

Shelf life estimation is critical in the perishable food supply chain due to its direct impact
on food quality, safety, and economic efficiency. Traditional models such as the Arrhenius
equation and Q9 models are commonly employed to describe the effect of temperature
on the degradation rate of fresh produce. The Arrhenius model assumes that reaction
rates accelerate exponentially with temperature and requires precise estimation of activa-
tion energy and reference rate—parameters that are often difficult to determine for a wide
variety of fruits and vegetables in heterogeneous supply chains [10]. The Q19 model, a sim-
plified exponential expression based on temperature differential effects, is thus often used
in practice due to its lower data requirements, despite being less physiologically grounded
[25]. However, both models typically rely on assumptions of uniform ambient conditions
and ignore real-time variations that significantly affect spoilage rates. Ambient parame-
ters such as temperature, relative humidity, gas composition (Oy and COs), and vibration
are all known to influence respiration rate, microbial activity, and nutrient degradation in
fruits and vegetables [32]. Various studies advocate the integration of IoT-enabled sen-
sor systems to track the preceding parameters dynamically across the supply chain. For
example, the real-time temperature gradients within the pallets can vary by more than

10°C, affecting the predicted shelf life by more than 15% depending on the position of the
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package [32]. 10T systems can provide fine-grained ambient profiles, and when integrated
with decay models can enable dynamic shelf-life prediction and more informed logistics
decisions. Thus, while classical models laid the foundation, their limitations necessitate

hybrid approaches combining empirical modeling with sensor-driven contextual data.

Recent empirical research further highlight these modeling challenges. [I1] found that
although the Arrhenius model can effectively estimate shelf life under controlled envi-
ronments, its reliance on accurate activation energy values and consistent temperature
data makes it impractical for variable cold chains [I1]. Their Qi values for semi-dried
persimmons varied drastically across temperature bands, reinforcing the need for dynamic
adaptation. Moreover, Aung and Chang (2023) emphasized that real-world cold chains suf-
fer from temperature and inconsistencies, which static models cannot account for, thereby
underlining the significance of integrating IoT for granular monitoring and traceability
[1]. These findings reinforce that robust shelf-life prediction must account for dynamic,

sensor-driven environmental variability across the logistics chain.

1.1.2 TIoT Sensors

The Internet of Things (IoT) has emerged as a transformative technology in supply chain
management, particularly in the management of perishable goods, due to its ability to
provide real-time monitoring and decision-making insights. IoT integrates physical objects
via sensors and actuators, allowing continuous tracking of critical parameters like temper-
ature, humidity, and geographic position, crucial for maintaining the quality and safety of

perishable products [13]. Recent advances in IoT, including sensor-driven shelf-life predic-

5



tion, real-time logistics re-planning, and automated quality control, have shown significant
potential to reduce food spoilage and optimize supply chain efficiency [33]. In addition,
[oT technologies address common challenges faced by traditional supply chains, such as
information asymmetry and fragmented logistics, thus improving traceability, reliability,
and ultimately consumer trust [28]. Hence, the implementation of IoT-based systems in the
perishable supply chain not only improves operational efficiency but also offers strategic
advantages through increased transparency and responsiveness to dynamic market condi-

tions.

IoT-enabled traceability frameworks can provide pallet-level visibility of environmental
exposure, allowing for proactive route adjustments or dynamic pricing. Such systems not
only minimize losses, but also help automate regulatory compliance, enhance inventory

accuracy, and build consumer trust through transparent reporting.
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Figure 1.1: Impact of temperature on the appearance of red raspberries during a storage
period of 7 days [11].

Figure 1.1 visually demonstrates the rapid deterioration of red raspberries stored under
varying temperatures over a 7-day period. As temperature increases, spoilage accelerates
significantly—visible by fungal growth and discoloration from Day 4 onward, particularly
at 15°C and 20°C. This clearly illustrates the sensitivity of perishable goods to thermal
conditions and highlights the importance of maintaining strict temperature control in cold
chain logistics. Such temperature variations often arise in real-world supply chains due to
the co-transportation of different produce with incompatible storage requirements, frequent

door openings during multi-stop deliveries, or unexpected transit delays. These disruptions



can lead to local thermal excursions that accelerate deterioration and waste. IoT-enabled
sensing technologies offer a viable solution by providing real-time tracking of environmental
parameters, enabling early interventions that can significantly reduce spoilage and improve

decision-making throughout the logistics process.

1.1.3 Existing Approaches in Supply Chain Optimization For

Fresh Produce

Optimization methods can play a central role in mitigating spoilage and inefficiencies
across perishable supply chains. Traditional deterministic approaches often fail under
real-world variability, prompting researchers to adopt stochastic models that incorporate
uncertain demands and travel times [12]. However, stochastic models typically assume
known probability distributions, which may not reflect reality, hence the need for robust
optimization (RO) and distributionally robust optimization (DRO) approaches. These
models protect against worst-case or ambiguous distribution scenarios, which was shown
in Govindan et al. (2014), who used metaheuristics to solve a multi-objective location-
routing problem under sustainability constraints [15]. Further, cross-docking-based vehicle
scheduling models have been proposed to minimize early/tardy delivery penalties in time-

sensitive systems [1], but these often address single-stage or myopic decisions.

Other publications further emphasize the increasing sophistication of optimization tech-
niques in perishable supply chains. A robust multi-objective MILP model was proposed to

incorporate perishability, food waste valorization, and supply uncertainty for sustainable



food networks [21]; however, their approach remains limited to static decisions and lacks
adaptive responsiveness to real-time data. An exact branch-and-cut algorithm was devel-
oped for a perishable production-inventory-routing problem to achieve high precision, but
it faces scalability limits and lacks integration with IoT-based freshness tracking [36]. A
genetic algorithm was presented for the integrated location-inventory-routing problem with
perishables, yet it did not address re-optimization based on sensor feedback, highlighting
a need for dynamic, data-driven models [16]. A multi-objective hub location and schedul-
ing model was developed to integrate perishability constraints with sustainability goals by
minimizing transportation costs, carbon emissions, and loss of freshness [30]. Their use
of a specific metaheuristic provides effective Pareto solutions, though the model assumes

fixed fleet capacity and lacks real-time

1.1.4 Reinforcement Learning in Supply Chain Management

The application of Reinforcement Learning (RL) in supply chain management has gained
substantial momentum in recent years, fueled by advancements in sensor technologies,
the Internet of Things (IoT), and the growing complexity of logistics networks. RL of-
fers a sequential decision-making framework that enables adaptive learning from real-time
feedback, making it particularly well-suited to environments characterized by uncertainty,

perishability, and multi-objective trade-offs.

A comprehensive survey on the intersection of RL and supply chain management was
provided, emphasizing how emerging technologies such as blockchain, 5G, and IoT can

support real-time data collection, visibility, and responsive control [37]. The authors argue
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that the integration of RL with sensor networks enables intelligent policy adaptation to
external disruptions and internal state changes. Similarly, RL’s increasing role in logistics
and supply chain operations was analyzed, highlighting its ability to enhance decisions
under uncertainty when combined with IoT-generated data streams [[16]]. These studies
establish RL not only as a robust learning paradigm but also as a bridge between opera-

tional research and data-driven intelligence.

A vaccine supply chain framework that integrates blockchain, IoT, and machine learn-
ing was presented as a prototype for RL applications in perishable goods transport [17].
The centrality of IoT sensors in enabling effective policy learning was reinforced, with real-
time, high-frequency sensor data described as the backbone of state awareness in RL-based
models [39]. The use of RL to manage blockchain-based IoT networks was further illus-
trated, ensuring efficient sensor data submission and communication integrity [[29]]. These
perspectives lay the groundwork for deploying RL in dynamic, sensor-rich environments

where logistics decisions must be made continuously.

RL was employed to optimize physical internet-based logistics, enabling scalable and
modular transport strategies [35]. The enhancement of supply chain visibility using neural
networks and RL was explored, particularly for interpreting unstructured, real-time sensor
data [18]. Global supply chains were modeled using RL in foundational work, marking an
early but significant step toward intelligent logistics [34]. An AloT-based RL framework
for energy-efficient logistics was recently introduced, stressing that RL can achieve both
operational and environmental goals—a key concern in cold chain systems where energy-

intensive refrigeration must be balanced with quality preservation [19].

10



Despite this progress, the application of RL in fresh food transportation remains limited
in scope. A hybrid deep reinforcement learning approach was proposed to support proac-
tive transshipment decisions in dual-channel systems [26]. While the model addresses
demand volatility between online and offline platforms, it is constrained to inventory real-
location and does not extend to in-transit routing decisions or freshness-aware scheduling.
A DRL-based routing strategy was developed to minimize carbon emissions and enforce
delivery time windows, although perishability was simplified to fixed deadlines, neglecting

continuous degradation due to fluctuating temperatures [15].

DRL was applied for adaptive logistics scheduling, dynamically adjusting routes to
match demand patterns [17]. Yet, the model assumes uniform product behavior and does
not incorporate item-specific thermal sensitivity or freshness decay. RL was also merged
with blockchain to enhance traceability in agri-food supply chains, improving transparency
and long-term planning, though it lacks responsiveness to transient temperature shifts and

fails to optimize real-time delivery based on freshness metrics [10].

RL has been applied in warehouse-level inventory and pricing optimization. RL was
used to improve stock turnover for agri-food items [2], while DRL was employed to optimize
dynamic pricing strategies [21]. These models show strong performance in static settings
but do not address real-time disruptions or multi-product perishability during transport.
An attempt to bridge this gap was made by integrating RL with IoT-based sensing for
cold chain logistics, enabling adaptive adjustments to transportation based on environ-
mental feedback [20]. However, this approach lacks a hybrid formulation that combines

RL’s adaptability with structured optimization techniques such as Mixed Integer Linear

11



Programming (MILP) or Distributionally Robust Optimization (DRO), which are crucial

for ensuring strict route feasibility, stop timing, and freshness constraints.

These studies collectively reveal the strengths and shortcomings of current RL ap-
proaches in perishable logistics. While they leverage real-time data and learning-based
control, they often fail to model perishability as a continuous function of time and tem-
perature. Additionally, few frameworks incorporate hybrid architectures that blend the
reactive adaptability of RL with the constraint satisfaction and rigor of optimization mod-

els.

Despite the promising potential of loT-based technologies and learning algorithms, the
current literature remains fragmented, with most studies addressing shelf-life estimation,
sensor integration, or optimization in isolation. There is a lack of end-to-end integration
between real-time sensor feedback and decision-making algorithms that can adapt dynam-
ically to disruptions during transportation. Many models either oversimplify perishability
using fixed deadlines or ignore the cumulative impact of fluctuating environmental condi-
tions. Furthermore, while some optimization models achieve high precision, they are often
computationally intensive and not scalable in real-time scenarios. These limitations under-
score the need for unified, adaptive frameworks that can ingest continuous environmental
data, model spoilage progression realistically, and generate feasible, responsive logistics

strategies that balance freshness preservation with operational efficiency.

Given the inherent complexities and significant economic impacts associated with per-
ishable goods supply chains, as well as the promising potential of IoT-based technologies

to address these challenges, it is evident that a systematic and integrated approach is cru-

12



cial. While the existing literature emphasizes individual methods and IoT solutions, there
remains a clear gap in the development of comprehensive models that combine optimiza-
tion techniques with advanced real-time IoT tracking systems and real-time algorithmic

approaches such as reinforcement learning to solve this problem.

Our work advances the state of the art by developing an Adaptive Optimization frame-
work, enabling dynamic re-optimization as new IoT sensor data becomes available, this
bridges a critical gap in temporal decision-making and practical deployability as well as an
RL framework. This thesis addresses these gaps and Therefore, the main contributions of

this paper are as follows:

e Proposing an adaptive optimization model that dynamically adjusts temperature
deviations based on real-time feedback from IoT sensors, enabling efficient cold-chain

delivery under uncertainty:.

e Integrating loT-enabled shelf-life estimation using both Arrhenius and@;y, models to
support continuous, sensor-driven spoilage prediction for multiple product types with

varying thermal sensitivities.

e Designing a hybrid reinforcement learning framework based on Deep Q-Networks
(DQN) that complements optimization models by providing real-time corrections in
the presence of disruptions, effectively combining global route optimality with local

adaptability.

e Conducting extensive computational experiments using synthetic loT-based datasets

to benchmark the proposed models against classical approaches—Deterministic, Ro-

13



bust Optimization (RO), Stochastic Programming (SP), and Distributionally Robust
Optimization (DRO)—highlighting improvements in freshness retention and shelf-life

preservation.

The remainder of this thesis is structured as follows. Chapter 2 defines the fresh
food supply chain problem and presents the underlying assumptions, temperature-based
degradation models, and the various optimization models, including our proposed adap-
tive approach. Chapter 3 describes the learning-based models developed to complement
the optimization frameworks. Chapter 4 details the implementation, experimental setup,
and performance comparisons under various disruption scenarios. Finally, Chapter 5 con-
cludes the thesis by discussing limitations, practical implications, and directions for future

research

14



Chapter 2

Fresh Food Supply Chain Problem

Due to the perishable nature of fresh food products, the fresh food supply chain requires
robust monitoring and adaptive techniques to maintain quality and minimize waste. The
perishability of these goods introduces complexities such as temperature fluctuations, shelf-
life degradation, and unpredictable delays. Typically, distributors pre-plan delivery routes
based on the expected requirements for the following day. While this approach simplifies
logistics, it also makes the route rigid, leading to inefficiencies in terms of both food wastage
and total travel time. Since most spoilage of fresh produce occurs during transportation,
it is crucial to implement adaptive tracking systems that monitor ambient parameters such
as temperature in real time. This would enable informed decision-making during transit.
During transport and distribution, products are frequently loaded and unloaded, often
encountering temperature variations and other environmental changes that can accelerate

shelf-life deterioration. Additionally, unexpected factors such as traffic congestion, order

15



cancellations, road closures, and weather fluctuations can significantly impact travel time
and overall delivery efficiency. Addressing these challenges with real-time adaptability is
essential to optimizing the supply chain and reducing waste. To effectively address these
challenges, we need an adaptive, real-time model capable of handling uncertainties in fresh
produce transportation. However, to build a reliable real-time system, establishing a bench-
mark as a starting point is equally important. Distributing companies typically pre-plan
delivery routes based on early requirements and historical route data. Here, optimization
techniques can play a crucial role by leveraging historical data to generate the most ef-
ficient delivery plan—minimizing both total travel time and the shelf-life degradation of
each product. For real-time monitoring, reinforcement learning models can be highly bene-
ficial. These models enable an agent to learn optimal routes through both offline and online
learning, allowing it to make informed, real-time decisions based on changing conditions
during transit. This chapter will explore the foundation of online learning, its background,
and the principles of shelf-life calculations, which will be crucial when integrating them
into advanced models. In later chapters, we will discuss optimization approaches along
with reinforcement learning (RL) approach and finally we will see the hybrid model that

combine both optimization techniques and RL.

Online learning refers to a sequential decision-making framework wherein the model
is updated incrementally as new information becomes available. Unlike traditional batch
optimization, online learning enables real-time adaptability to dynamic environments by
continuously refining decisions based on feedback. In the context of fresh food logistics,

online learning facilitates responsive route adjustments under real-time disturbances such

16



as delays, temperature fluctuations, and cancellations.

2.1 Supply Chain Network and Assumptions

This research proposes reoptimization for perishable products that need to be delivered
to various stops while ensuring minimal spoilage and efficient transportation given the
availability of sensor data. Let N' = {0,1,..., N — 1} represent the set of all locations,
where 0 denotes the warehouse, and each ¢ € N \ {0} corresponds to a delivery stop.
Each product belongs to a category k € K = {1,..., K}, where K is the total number
of perishable product types. Each product k has a defined shelf life, which represents
the duration for which it remains fresh under optimal conditions. The remaining shelf
life at a given stop ¢ is denoted as L;;, > 0, which depletes over time and is influenced by
temperature variations and delays. The rate of decay is dependent on both internal product

properties and external environmental conditions, making real-time tracking essential.

Each route between locations has an associated distance d;; > 0 and travel time 7;; > 0,
both of which can be affected by external factors such as traffic congestion, road closures,
and weather conditions. Additionally, unexpected delays §; > 0 can occur at locations due
to loading, unloading, or unforeseen circumstances. Temperature control during transport
is critical, as deviations can lead to spoilage. Each product type k requires a storage tem-
perature 0, but the actual transportation temperature ék may fluctuate due to ambient
conditions, vehicle refrigeration efficiency, and frequent loading/unloading events. The ab-

solute deviation from the required temperature at location ¢ for product k is represented

17



Table 2.1: Key sets, decision variables, and parameters used in shelf-life and transportation

modeling.
Symbol Description Units
Sets
N Set of all nodes (warehouse + delivery stops) —
K Set of perishable product types —
S Set of scenarios (stochastic model) —
= Uncertainty set (robust model) -
P Ambiguity set of probability distributions (DRO) -
Decision Variables
Tij 1 if vehicle travels from node i to j, 0 otherwise binary
U; Sequencing variable for node ¢ (MTZ formulation) integer
tik Temperature of product £ at node °C
D Absolute deviation from ideal temperature 6, °C
S; Slack variable for temperature bounds °C
Iy, Inventory of product k at time ¢ units (e.g., kg)
Parameters
t Actual temperature K
to Reference temperature K
Ly Shelf life at temperature T’ hours
Ly, Shelf life at reference temperature 7 hours
E, Activation energy J/mol
R Universal gas constant (= 8.314) J/mol-K
k, kg Reaction rate constant and pre-exponential factor 1/hour
Q10 Q10 temperature coefficient dimensionless
Ti; Travel time between node ¢ and j hours
d;j Distance between node ¢ and j km
0; Delay at node 7 hours
Tik Ambient temperature shift at node ¢ for product £ °C
0y Ideal storage temperature for product k °C
grin gmax  Min/max allowable temperatures for product k °C
Ly Initial shelf life of product & hours
qr Demand for product & units (e.g., kg)
0 a%j Mean and variance of travel time from 7 to j hours, hours?
115, O, Mean and variance of delay at node i hours, hours?
g Temperature correction factor [0,1]
A1, Ao Penalty weights for temperature deviation and slack cost units

I3



by D;. > 0. To account for flexibility in real-world operations, a slack variable S;, > 0 is
introduced, which allows minor temperature deviations within an acceptable range. Prod-
ucts also have specific demand quantities g, > 0 that need to be fulfilled while minimizing
spoilage and optimizing transportation efficiency. Due to natural environmental shifts,
the temperature at a given location may vary, represented by a temperature shift param-
eter 7;, € R. To consider these shifts, a correction factor 8 € [0, 1] is applied, ensuring
controlled temperature adjustments. The total inventory level at stop ¢ for product k is

represented as I;; > 0, which is dynamically updated as deliveries progress.

Decisions during transportation include determining whether a vehicle should travel
from location i to j, represented by a binary decision variable z;; € {0, 1}, where z;; = 1
indicates that the vehicle moves from i to j, and 0 otherwise. The order in which locations
are visited is tracked using a sequencing variable u; > 0, which ensures that delivery routes

maintain logical consistency.

Table 2.1 summarizes the key decision variables and parameters related to temperature
dynamics, product perishability, routing decisions, and logistical parameters. For clarity
and ease of understanding, each of these notations will be introduced and explained in

detail as they appear in the respective sections of the methodology.

2.2 Shelf-Life Calculation

Since degradation rates depend significantly on temperature and environmental factors, a

dynamic shelf-life estimation model would allow real-time decision-making at key points
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such as delivery stops or after door openings. By incorporating a predictive model, we can
ensure that deliveries are prioritized based on the freshness of each item, leading to reduced
waste and improved efficiency. To quantify the impact of temperature variations on shelf
life, we will use two models: the Arrhenius model and the);o model. The Arrhenius model
[3] is a mechanistic approach that explains how reaction rates, including food spoilage

processes, are influenced by temperature. It is based on the Arrhenius equation:

FEq
k = koexp (— RT) , (2.1)

where k is the temperature-dependent degradation rate constant of the food quality
index, ko is the pre-exponential (frequency) factor, E, is the activation energy (in J/mol)
required to initiate the degradation process, R is the universal gas constant (8.314 J/-

mol-K), and T is the absolute temperature (in Kelvin) at which spoilage begins.

Using this relationship, we can estimate the remaining shelf life at a given temperature

by applying:

E, (1 1
LT = LTO exXp |:E (T - T>:| 3 (22)
0

where Ly denotes the estimated shelf life of the product at temperature 7', and Ly, is
the known shelf life under a reference storage temperature Ty. This exponential relationship

models the accelerated degradation of perishable products under elevated temperatures.
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The Arrhenius model is highly accurate for predicting spoilage behavior when the chem-
ical kinetics are well characterized for that product. However, its practical application can
be challenging as it requires product-specific activation energy values, which may not al-

ways be available for a wide range of fresh produce.

As an alternative, the ()19 model provides a simpler empirical approach to estimating
shelf life. It assumes that for every 10°C rise in temperature, the rate of deterioration
increases by a factor of )y, typically ranging between 1.5 and 3 for food products. The

shelf-life relationship is given by:

To—T

Ly = L@y . (2:3)

where ()19 is the temperature coefficient for spoilage acceleration, and T', Ty, Ly, and
Ly, are defined as above. Unlike the Arrhenius model, the ()19 model does not require
detailed knowledge of activation energies, making it more practical for applications where
specific chemical properties of the produce are unknown. Omne can also modify this to
@5 or 3 based on the application domain, especially when the temperature variation is
relatively small or constrained. However, the ()19 model assumes a fixed exponential rela-
tionship between temperature and spoilage, which may not always be accurate for certain
produce that exhibit non-linear degradation behavior under fluctuating environmental con-

ditions. In this work, the Arrhenius model is used when sufficient product-specific data

is available to provide precise degradation estimates, while the ()19 model is employed as
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a more adaptable alternative when dealing with a variety of produce types where exact

kinetic parameters are unknown.

2.3 Optimization Models

In the following sections, we explore a sequence of mathematical optimization models—
including Deterministic, Stochastic, Robust Optimization (RO), and Distributionally Ro-
bust Optimization (DRO), which are each suited to different operational contexts and data
availability scenarios. These models incorporate perishability constraints either explicitly
through shelf-life degradation estimates or implicitly via temperature-based thresholds to
assess the quality and viability of delivery schedules. Shelf-life calculations derived from
the Arrhenius or )19 models serve as critical inputs for quantifying freshness and prioritiz-
ing deliveries and are used to benchmark the performance of the proposed adaptive model

in Section 2.3.5.

2.3.1 Deterministic Model

Assuming perfect knowledge of all parameters, a deterministic model provides a baseline
formulation for the transportation planning problem. In this case, the objective is to min-
imize the total travel cost while satisfying operational and perishability constraints. The

generic structure of a deterministic optimization problem is given by:
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[D]: min f(z,£) (2.4)

zeX

st. fi(z,6) <0 Vi€ M, (2.5)

where x represents the decision variables (such as routing choices), £ is the known
vector of input parameters (including travel times, delays, and shelf-life values), and M
is the index set of constraints. Based on this structure, the specific formulation of the

transportation problem is as follows:

min Z Z(T” + 6;)xi; (2.6)

1€EN jEN

subject to
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> =1 (2.7)

jEN\{0}
1eN\{0}
> ay=1 Vie N\{0} (2.9)
JEN\{i}
> x=1 Vie N\{0} (2.10)
JEN\{i}
w—uj+nr; <n—1 Vi#j 1,5€ N\ {0} (2.12)
DD (Gt ty)ay < Ly — Ry VkeK (2.13)

iEN jEN

The objective function in Equation (2.6) minimizes the total transportation cost, which
includes the travel time ¢;; between nodes ¢ and j, and the service delay ¢; incurred at node
i. The binary decision variable x;; € {0,1} indicates whether the vehicle moves directly

from node 7 to node j.

Constraints (2.7) and (2.8) ensure that the delivery route originates and terminates
at the depot, denoted by node 0. Constraints (2.9) and (2.10) guarantee that each node

i€ N\ {0} is visited exactly once, with a unique incoming and outgoing arc.
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Constraint (2.11) eliminates self-loops by enforcing z;; = 0 for all i € N, ensuring that
the vehicle does not return to the same node without progressing. Constraint (2.12) im-
plements the subtour elimination rule using the Miller—Tucker—Zemlin (MTZ) formulation.
Here, u; € R" is a sequencing variable that defines the order of visiting node 7, and n is
the total number of the nodes. Constraint (2.13) imposes a perishability limit for which
product type k € K, the total time spent in transit, computed as the sum of all ¢;; and ¢;
values along the selected route, must not exceed the available shelf life window L, — Ry,
where Lj is the initial shelf life at dispatch and Ry is the minimum required remaining

shelf life upon delivery, assuming L, — Ry > 0.

This deterministic model serves as a foundational formulation for routing perishable
goods under idealized conditions, where all parameters—travel times ¢;;, delays ¢;, and
shelf-life values L, Ry—are known in advance and remain fixed throughout the planning

horizon.

2.3.2 Robust Optimization Model

This section introduces the concept of robust optimization, detailing its principles and
methodologies [12]. Initially proposed by Soyster [41] and further advanced by Ben-Tal and
Nemirovski [0, 7, 8], robust optimization has become a vital approach for tackling problems
under uncertainty. By accounting for uncertainties and variations in input parameters, ro-
bust optimization offers a framework for optimization under uncertainty, ensuring system

performance and reliability despite unpredictable factors. Consider the general form of a
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deterministic optimization problem as defined in (2.4)-(2.5), where x represents the deci-
sion variables, X C R” is the feasible set, £ is the vector of nominal values of the uncertain

parameters £, and M = {1,...,m} is the index set of constraints. This problem seeks the

optimal z to minimize the objective function f(z, &) under constraints f;(x,&) <0, Vi € M.

In the optimization problem (2.7)—(2.12), some parameters such as travel and handling
times are inherently non-deterministic. When ¢ # &, the optimal solution obtained may
not be feasible for some constraints f;(z,£) < 0, or even if all constraints are satisfied,
the objective function value may vary for different £&. This limitation leads to the adop-
tion of robust optimization, which aims to minimize the worst-case objective function and
ensure solution feasibility across all possible realizations of uncertain parameters within a
predefined uncertainty set. Therefore, the robust counterpart of the preceding problem is

formulated as follows:

[RO]: minsup f(z,§) (2.14)
zeX ¢e=
st. fi(z, ) <0 VEe= Vie M, (2.15)

where = is the uncertainty set of the parameter £&. That is, = represents all possible
values that may be assumed by the random parameter &. This framework minimizes the

worst-case objective in (2.14) under the constraints (2.15), ensuring that a solution x is
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feasible for all realizations of the uncertain parameter £ within the uncertainty set =. The
tractable reformulation of the problem depends on both the functions f and the structure
of the uncertainty set =. We define the robust perishable delivery optimization problem
considering the worst-case uncertainties in travel time, delays, and shelf life variations. The
goal is to minimize the transportation cost while ensuring that the freshness of the products
is preserved during transportation, even under uncertain conditions. The uncertainty set
used in this study is a box uncertainty set, where the travel times and delays are bounded

within given minimum and maximum values.

The mathematical model is given as:

min Z Z(Tmax,ij + 5max,i)xij (216)

i€EN jEN
In Equation (2.16), Tinax; denotes the maximum possible travel time between nodes
¢ and 7, and Opmax,; denotes the maximum possible delay at location i. The variable z;; €
{0, 1} is the binary routing decision variable. Subject to constraints (2.7)—(2.12), enforcing

routing feasibility, and:

Z Z(5max,i + Thax,ij)%ij < L — R, Vke K (2.17)

iEN jeN
Constraint (2.17) ensures that, for each product k& € K, the total transit time in the

worst-case scenario (including worst-case delays Omax; and travel times Tinax ;) does not

exceed the freshness window L — Ry, where L is the initial shelf life and R;, is the mini-
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mum required remaining shelf life upon delivery.

The uncertainty set for travel times and delays is defined as:

T, € [Ij". T3], Vi€ NYjeN (2.18)

5 € [0 0], Vi€ N (2.19)

Here, T7™ and T}7** represent the minimum and maximum possible travel times be-
tween nodes i and j, respectively. Similarly, ™™ and §** define the minimum and maxi-

mum possible delays at location .

2.3.3 Stochastic Programming Model

Real-world transportation involves uncertainty in travel times, demand, and handling de-
lays. An alternative method to handle randomness is Stochastic Programming (SP), in-
troduced by [13]. SP considers discrete scenarios for each parameter and optimizes the
expected value based on their probability distributions, derived from historical data, lead-

ing to the following formulation:

min e [z, )] (2:20)

In this formulation, x represents the vector of decision variables, £ is the random vector
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representing uncertainty in system parameters, and f(x, £) is the cost function that depends
on both decision variables and realizations of uncertainty. The operator E¢ [-] denotes the
expectation over all realizations of &, thereby accounting for the expected transportation

cost across possible scenarios.

In Stochastic Programming, uncertainty in travel times ¢;; and delays ¢; is modeled by
a finite set of discrete scenarios. Each scenario s € S represents a particular realization
of these uncertain parameters, with associated probability p, € [0,1], where Y _ops = 1.
The travel time and delay values for scenario s are denoted by ¢7; and 47, respectively.
The model optimizes the expected value of the total transportation cost while respecting
perishability constraints. The base model uses the objective function given by (2.6) and
routing constraints (2.7)—(2.12), but replaces the in-transit shelf-life constraint with the

following expected constraint:

Zps Z Z <5f + tfj) Ty < Ly — R, Vke K (2.21)

seS iEN jEN

The constraint (2.21) ensures that, on average across all defined scenarios s € S, the
total time spent in transit—including scenario-specific delays 6; and travel times ¢;,—does
not reduce the usable shelf life of any product k& below the required level. This formulation
balances expected performance with perishability constraints by incorporating probabilistic
modeling of operational uncertainty. The risk aversion of the solution can be tuned by

introducing a robustness parameter z, which can modify the constraint threshold or enter
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the objective in extended formulations.

2.3.4 Distributionally Robust Model

Distributionally Robust Optimization (DRO) extends stochastic programming by consid-
ering a set of probability distributions rather than a single fixed distribution [9]. The goal

is to minimize the worst-case expected cost:

minsup Ep [f(z, )], (2.22)
T pep

where P is an ambiguity set of probability distributions. DRO is useful in SC logis-
tics where disruptions such as weather, strikes, or demand surges lead to distributional
uncertainty. The tractable reformulation of the problem depends on the structure of the
ambiguity set. In this study, a moment-based ambiguity set is used, which considers the
mean and variance of the uncertain parameters, such as travel times 7;; and delays d;. The

ambiguity set is defined as follows:

P = {P | Ep[Tyj] = iz, Ep[5i] = ps,, Varp[Ty] = o, Varpls] =03}, (2.23)

In this ambiguity set, ur,, and O'%ij represent the mean and variance of the travel time

between locations ¢ and 7, while p;, and ai represent the mean and variance of the delay
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time at location i. The mathematical model is given by (2.6), subject to constraints (2.7)—

(2.12) and:

SN (st ) w23 > (0h+0d )l SQu-Ly— Ry VhEK  (224)

iEN jEN iEN jEN

In this model ps, and pr,, are the mean delay times and travel times, oj and U%ij
are the variances of the delay times and travel times, )y > 0 represents the demand for
product k, Li > 0 represents the available shelf life for product k, Ry > 0 represents the
required shelf life for product k. The moment-based DRO in-transit time constraint (2.24)
ensures that the total time spent in transit does not exceed the available shelf life L, minus
the required shelf life Ry for each product, considering both the mean and variance of the

travel times and delays.

2.3.5 The Proposed Adaptive Optimization Model

In real-world fresh-food logistics, environmental conditions, such as ambient temperature
and handling delays, introduce dynamic and location-specific effects on product quality.
Unlike static formulations above , this model incorporates temperature feedback and ad-
justment mechanisms across sequential stops to minimize spoilage and energy costs while
preserving product freshness. The model minimizes total cost considering travel time, tem-
perature deviations, and operational flexibility. In practice, this optimization is carried out

iteratively, where at each visited node 7, a restricted MILP is solved to determine the next
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stop 7, and the temperature state is updated using feedback from current conditions.At

each iteration ¢, we define two dynamic subsets of nodes: the visited set V, € N and the

remaining set R = AN \ V, where N denotes the set of all delivery locations including the

depot. The set V is updated after each optimization step by including the node selected in

the previous hop, and R is updated accordingly. The decision model then selects the best

next node j € R to visit from the current node ¢ € V, minimizing the combined travel and

freshness penalty locally at each stage. The objective function and constraints presented

below apply to each such sub-problem in the adaptive optimization sequence.

The mathematical formulation for each decision step is given as follows:

J kek keK

subject to constraints (2.7)-(2.12) and:

tok =0, VkeK

ik > tix + ik + B(Ok — tir) — M(1 —zi5) = Sjr. Vi,j ENi#jkeK
tiw < tiw + Tjk + B0k — tie) + M(1 — i) + S Vi, jeN,i# j kel
g <ty <O Vie N keEK

Dy >ty —0, YieN kcKk

Dy, >0, —ty, YieN,kcKk
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This model includes a dynamic temperature update mechanism that accounts for am-
bient shifts 7;;, moderated by the temperature correction factor 3, along each traveled arc
(i,7). In this formulation: ¢ is the initial temperature of product k at the warehouse
(node 0), t;; is the temperature of product k at location j, 7, denotes the ambient tem-
perature shift along the arc from node i to j, § € [0, 1] is the temperature correction factor
moderating adjustment toward the required temperature 6, M is a large positive con-
stant used for constraint relaxation when the arc (7, j) is not selected (i.e., when z;; = 0),
Sjr > 0 is a slack variable allowing temperature deviations to maintain feasibility, ¢;, is the
required storage temperature for product k, 0" and % are the minimum and maximum
allowable temperatures for product k, D;; represents the absolute temperature deviation
of product k at node i, A\, Ay > 0 are penalty coefficients on temperature deviations and
slack variables, respectively, z;; € {0, 1} is the route decision variable indicating if arc (i, j)
is traversed, Tj; is the travel time between nodes i and j, ¢; is the delay at node i, A is the

set of all nodes (including warehouse and delivery stops), K is the set of all product types.

The objective in Equation (2.25) minimizes local travel time and delay costs at each
hop, penalizes temperature deviations weighted by A;, and penalizes slack usage weighted
by Ag, over all candidate destinations j € R ). The total route cost is accumulated incre-
mentally across all stages of the rolling-horizon execution. Routing feasibility is enforced
by constraints (2.7) to (2.12), which respectively ensure route start/end at the warehouse,
single visits to each delivery stop, elimination of self-loops, and prevention of subtours via

the MTZ formulation.
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Constraint (2.26) sets the initial temperature of each product at the warehouse. In each
subsequent MILP re-optimization, the current temperature t¢;, serves as the initial state
for that subproblem. Constraints (2.27) and (2.28) impose lower and upper bounds on
temperature evolution between successive nodes, with the big-M term deactivating con-
straints on arcs not selected in the route. Constraint (2.29) restricts product temperatures
within allowable limits. Constraints (2.30) and (2.31) compute the absolute deviation Dj

from the target temperature 6.

To better illustrate the workings of the proposed model, we present a stepwise algorithm
1 that reflects the actual rolling-horizon implementation. At each stage of the delivery pro-
cess, the model evaluates only the remaining candidate nodes that are yet to be visited.

This subset is referred to as R , and is updated after each decision.

The optimization at each step solves a restricted MILP based on the current node i,
and selects the best next node 7 € R based on travel time, delay, temperature drift, and
expected freshness penalties. The temperature state is propagated forward using the dy-
namic correction mechanism described in Equations (2.27)—(2.28). The process continues

until all stops have been visited, and the route concludes with a return to the warehouse.
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Algorithm 1 Rolling—Horizon Adaptive Optimization with Temperature Feedback

Require: Node set N'=1{0,1,...,n— 1} (warehouse 0 and customers),
1: Product set K = {1,..., K}, travel times T};, delays J;,
2: Ambient temperature shifts 7;;, temperature bounds [9211“, Q?a"],
3: Ideal temperatures 0, correction factor (5, penalties A1, Ao, big-M
Ensure: Route {z;; = 1}, temperature profile {t;;}, total cost
Phase 0: Initialization
4: Set top < 0, forall k € K (initial temperature)
5 V <+ {0}, R+ N\{0}
6: Initialize cost: TotalCost < 0, route: Route < ()
Phase 1-—n: Iterative Re-Optimization and Feedback
7. while R # ) do
Let i < most recently visited node
Solve MILP defined by constraints (2.7)—(2.12), (2.26)—(2.31), restricted to nodes
VUR
10: Select next node j € R such that z;; =1
11: for all £ € K do
12: Compute drift 7;;, and correction 3(0) — t;)
13: Predict temperature at j:

ik < tie + T + B0k — tir)
14: Impose constraints:

tik > tir + ik + B(Or — tix) — M(1 — 245) — S
tin < tie + Tje + B0 — tar) + M(1 — xi5) + Sji
Ot <t < g
Dji > tj, — 0
Djr > Op — tj,

15: end for
16: Add to route: Route <— Route U {(7,7)}
17: Update cost:

TOtCLlCOSt += (Eg + 61)‘7:1] + )\1 Z Djk + )\2 Z Sjk
k k

18: YV VU{j}, R+ R\{j}
19: end while
Phase n+41: Return to Warehouse 35
20: Let 7 < last visited customer
21: Solve final leg ¢« — 0 and update:
22: Route <— Route U {(i,0)}, TotalCost+= (Tyy + 0;)xio
Return: adaptive route {z;; = 1}, temperatures {¢;;}, and final cost




This chapter examined the fresh food supply chain problem, highlighting perishability,
temperature fluctuations, and operational uncertainties. We defined the network structure,
assumptions, and notation, and presented shelf-life estimation methods via the Arrhenius
and Q190 models. Four optimization frameworks were formulated: deterministic Model for
ideal conditions, RO for worst-case bounded uncertainties, SP for scenario-based analysis,
and DRO for ambiguity in probability distributions. Finally, we proposed the Adaptive
Optimization Model, which integrates real-time temperature feedback, ambient condition
adjustments, and rolling-horizon reoptimization to dynamically preserve product freshness

and improve routing efficiency.
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Chapter 3

Reinforcement Learning and Hybrid

Model

3.1 Introduction

Reinforcement Learning (RL) is a branch of machine learning focused on sequential decision-
making, where an agent interacts with an environment to learn an optimal strategy by
maximizing long-term rewards [15]. RL has found significant applications in robotics, au-
tonomous systems, gaming, and logistics, owing to its ability to adapt to dynamic and
uncertain environments. Unlike supervised learning, which relies on labeled data, RL op-
erates on the principle of an agent improving its behavior based on reward signals obtained

through a balance of exploration and exploitation.
The formal framework of RL is modeled as a Markov Decision Process (MDP), repre-
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sented by the tuple M = (S, A, P, R, ), where:

S is the set of states, each representing a different configuration of the environment.

A is the set of actions the agent can take.

P(s'|s,a) is the transition probability, denoting the likelihood of reaching state s’

after taking action a in state s.

r(s,a) : § x A — R is the reward function that assigns a numerical reward to each

state-action pair.

v € 10,1] is the discount factor, which controls the importance of future rewards.

The agent follows a policy 7 : § — A, which maps states to actions. The goal of the

agent is to learn the optimal policy 7*, which maximizes the expected cumulative reward:

VT(s) =E

Z’th(st, at)|so = 5,77] .

t=0

Additionally, the action-value function (Q-function) is defined as:

Z ,th(Sb at)

t=0

Q"(s,a) =E

SOZS,(IOZCL,TI‘] .

Here, R denotes the reward received after taking action a in state s. Q-learning is one
of the most widely used RL techniques for discrete action spaces. The Q-learning update

rule is:
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Q(s,a) + Q(s,a) +a |R+ 7 max Q(s',d") — Q(s,a)

In large state-action spaces, Deep Q-Networks (DQN) use a deep neural network
Qo(s,a) parameterized by 6 to approximate the Q-function. The network is trained using

the loss function:

L(9> = E(s,a,R,s’)wD [(y - Q0<57 a))ﬂ )

where the target value y is:

y = R+ ymax Q- (s, d'),

and 0~ represents the parameters of a separate target network, which stabilizes the

training process.

In real-time logistics, RL can be leveraged to make adaptive decisions in dynamic
environments. In the context of our problem, RL will play a crucial role in real-time route
optimization and temperature control during transportation. The state space includes
variables such as vehicle location, remaining shelf life of products, ambient temperature,
and real-time traffic conditions. The action space consists of selecting the next delivery stop
and adjusting the storage temperature of the product. Rewards will be calculated based
on timely deliveries, minimization of spoilage, and energy efficiency of the transportation

process.
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3.2 RL for Dynamic Logistics Decision Making

In general, optimization models excel at providing optimal decisions based on predefined
constraints and parameters. However, in real-time dynamic environments, such as delivery
logistics, where traffic, weather, and demand can fluctuate, traditional optimization models
may struggle to adapt to unforeseen changes. For example, a food delivery company like
Uber Eats or FreshDirect may experience sudden traffic jams or severe weather conditions
during peak hours, delaying orders. Similarly, a wholesale produce supplier may receive an
urgent order increase from a key grocery chain while in-transit, requiring a reallocation of
inventory. These scenarios highlight the need for a model that can continuously learn and

adapt to dynamic changes, instead of relying solely on static optimization methods.

RL is an ideal solution for these challenges. Unlike traditional optimization models, RL
can be trained on historical data and then deployed to make real-time decisions. The RL
model learns from interactions with its environment, constantly updating its policy based
on the rewards received for actions taken. This allows it to adjust decisions dynamically,

ensuring efficient delivery while minimizing delays, spoilage, and excess travel.

Below, we summarize the key notations specific to the RL model. For additional vari-
ables related to shelf-life, temperature modeling, and transportation dynamics, please refer

to Table 2.1.

In the following section, we will provide a detailed formulation of the RL model, in-
cluding the state and action spaces, reward functions, and the learning process the agent

undergoes to optimize delivery decisions.
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Table 3.1: Notations for RLModel.

Notation Description Units

S Set of all states (e.g., locations, inventory, temperature) -

A Set of all actions the agent can take -

P(s'|s,a)  Transition probability from state s to s’ given action a -

r(s,a) Reward function for a state-action pair based on delivery arbitrary units

v Discount factor for future rewards [0,1] (dimensionless)
s Policy mapping states to actions -

V7 (s) Value function for state s under policy 7 units (e.g., reward)
Q™ (s,a) Q-function for state-action pair (s,a) under policy 7 units (e.g., reward)
Q(s,a) Action-value function in Q-learning units (e.g., reward)
« Learning rate for Q-learning update [0,1] (dimensionless)
€ Exploration factor (epsilon-greedy) [0,1] (dimensionless)

3.3 Model Formulation

In this section, we present the formal mathematical formulation of our RL framework for
adaptive routing and temperature control in perishable goods delivery. The model dynami-
cally interacts with uncertain transportation conditions such as varying delays, fluctuating
temperatures, and stochastic demand. The environment is modeled as a Markov Deci-
sion Process (MDP) where the agent learns to optimize delivery schedules by minimizing
spoilage, delays, and maximizing product freshness based on observed state information at

each delivery stop.

3.3.1 State Space (S)

The state space S represents the complete system configuration at each decision stage

during the delivery process. Each state s € S consists of multiple variables capturing
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the physical location of the vehicle, the current inventory levels, the remaining shelf life
of products, the cumulative elapsed time, and the thermal deviation from ideal storage

conditions. Formally, the state can be represented as:

§= (27 {]k}lev {Lik}fzh Au {Dzk}le) ,

where ¢ € {0,1,...,N — 1} denotes the current delivery stop index, with ¢ = 0
corresponding to the warehouse. The term [ represents the inventory level of product
k € {1,..., K} currently available on the vehicle. The remaining shelf life of product k at
the current stop ¢ is denoted by L;x, which dynamically evolves as the vehicle progresses
through the delivery route and is directly affected by the temperature fluctuations encoun-
tered during transportation. The cumulative travel time since departure is denoted by A,
and Dy, represents the absolute deviation between the observed temperature ék and the

ideal storage temperature 6y for product k, computed as Dy, = |0y — ék]

Shelf life L;; is updated at each visited stop based on temperature-sensitive degradation
models. Specifically, either the Arrhenius or the Q10 model is employed depending on
product-specific characteristics as explained in Section 2.2. These formulations enable

dynamic shelf life estimation at each stop as the transportation environment evolves.

3.3.2 Action Space (A)

At each decision epoch, the RL agent selects an action a € A, which simultaneously deter-

mines the next delivery stop and the thermal control adjustment required for preserving
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product freshness. The action is represented as a tuple:

a = (J 480

where j € {0,1,..., N — 1} corresponds to the next delivery stop to visit, and Afy, is

the temperature correction applied for product k.

Simultaneously, the agent adjusts storage temperature using a correction mechanism

defined by:

Aék = ﬁ : (ék - 9k)> B S [O’ 1]’

where 3 is a tunable correction factor controlling the aggressiveness of temperature
adjustment for product k. This allows the agent to dynamically fine-tune temperature
deviations and mitigate accelerated spoilage due to suboptimal thermal exposure during

transportation.

Through this joint control policy, the agent adaptively balances routing efficiency and

freshness preservation while responding to real-time environmental fluctuations.

3.3.3 Transition Function

The transition function P(s|s,a) models the environment’s dynamics by describing how
the system evolves from the current state s to the next state s’ after executing action

a. In the context of our perishable goods delivery problem, the transition occurs upon
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completion of each delivery leg, where both routing and thermal factors jointly affect state

evolution.

At each transition, the vehicle moves from its current location i to the selected next
stop 7. The travel time associated with this move consists of distance-dependent time and
a random delay time component. The total travel time 7;; incurred in the transition is
computed as:

Tij = tij + 0,

where ¢;; denotes the base travel time from stop ¢ to j, and ¢; represents the random delay
encountered at stop j. Both ¢;; and d; are drawn from empirical distributions generated

via historical datasets in the simulation model.

Inventory levels are updated by subtracting the delivered amount at stop j. If Rf,g
represents the quantity delivered for product k at stop j, then the inventory update is
defined as:

I, = I — RI.

For each k, the remaining shelf life after transition is recalculated using the degradation
model (Q10 or Arrhenius) described previously, where the actual temperature 0, is modified
based on the applied temperature adjustment Ay, Finally, the accumulated elapsed time
is incremented as:

A/ = A—FTij.

The temperature deviation in the new state is also updated based on sensor readings and
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correction applied:

=10k — (O + Ay

Thus, the complete state s’ is deterministically obtained from state s and action a, con-
ditional on the stochastic realization of delay d;. Therefore, P(s'|s,a) remains stochastic

due to the random delay component but fully tractable.

3.3.4 Reward Function

The reward function is designed to jointly capture three core objectives: maximizing deliv-
ery quantity, minimizing freshness loss, and reducing delivery delays and travel distance.

At each decision step, the cumulative reward r(s, a) is defined as:

T’(S, a) - Rdel - Rtr - Rspa

where Rgel, Ry, and R, correspond to delivery reward, travel penalty, and spoilage

penalty, respectively.

The delivery reward R4 directly promotes serving customers by rewarding delivered

quantities. It is expressed as:

Raa =7+ Y Delj,

keK
where Deljj, is the amount of product % delivered at stop j, and and v is a global

reward coefficient uniformly applied across all product types. Assigning higher v values
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encourages the RL agent to prioritize delivery stops that can fulfill higher demands earlier

in the route, ensuring that maximum demand is satisfied before shelf life degrades.

The travel penalty R, penalizes the agent for incurring longer travel times and delays.

This term ensures that shorter or more efficient routes are preferred. It is defined as:

Ry = Ao - Tigs

where 7;; = t;;+0; combines base travel time ¢,; and stochastic delay ¢; for the transition

from stop ¢ to stop j, and A, is the weight assigned to penalize longer travel durations.

Finally, the spoilage penalty R, quantifies freshness loss due to temperature deviations.
This term penalizes the system for exposing inventory to suboptimal thermal conditions

during transit:

Ry, =X Y D

keK

where D}, is the temperature deviation for product k at stop j after applying thermal

control.

This weighted structure enables the agent to learn a policy that simultaneously priori-
tizes early high-volume deliveries, chooses shorter efficient routes, and minimizes product
degradation due to environmental deviations. Such reward shaping reflects realistic trade-
offs in perishable supply chain operations, and can be tuned in practice using cost data,

expert inputs, or hyperparameter search to adapt to real-world business constraints.
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3.3.5 Learning Process

The reinforcement learning agent employs a Deep Q-Network (DQN) to approximate the
optimal policy 7* for sequential decision-making in dynamic perishable goods transporta-
tion. Given the large dimensionality of the state space and the stochastic nature of real-
world transportation delays and shelf-life degradation, the DQN framework is well-suited

to approximate the action-value function Q(s,a).

At each step, the agent observes the current state s, selects an action a according to
an e-greedy policy to balance exploration and exploitation, receives an immediate reward
r(s,a) as defined in the reward function, and transitions to a new state s’. The experiences
(s,a,r,s’) are stored in a replay buffer M to decorrelate samples. The complete training

process is outlined in Algorithm 2.

3.4 Hybrid Model Formulation

Although reinforcement learning demonstrates strong adaptability to real-time variations in
delivery logistics, it can occasionally suffer from local greediness when no disruptions such
as delays, temperature deviations, or demand anomalies occur. In such stable scenarios,
the RL model may choose sub-optimal routes purely based on short-term reward signals,
deviating from globally optimal routes computed under full information. This tradeoff
highlights the need for a hybrid approach that combines the pre-computed global optimality
of classical optimization models with the adaptive flexibility of RL-based real-time decision

making.
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Algorithm 2 Deep Q-Learning for Perishable Goods Delivery Optimization

Initialize replay buffer M
Initialize Q-network parameters # and target network 6~ < 0
for each episode do
Reset environment: set vehicle at warehouse, initialize inventory [y, shelf life L,
and elapsed time A

5: Observe initial state s
6: while delivery route not completed do
7: Select action a using e-greedy policy:
_ Jrandom action with probability e
arg max, Qp(s,a’) otherwise
8: Execute action a, observe next stop j, travel time ¢;;, delay d;, updated shelf
life L;x, updated inventory I, and compute reward r
9: Transition to new state s’
10: Store transition (s, a,r,s’) into M
11: Sample minibatch from M and update network parameters € by minimizing:

L(0) = %Z (yi — Qo(si, a:))?

%

where y; = r; + v max, Q- (S;a a'/)

12: Every C steps, update target network: 6= < 6
13: Set s « &

14: end while

15: end for

To address these challenges, we design a hybrid optimization-RLframework that lever-

ages the strengths of both methods. The approach operates in two stages:

e Pre-optimization stage: Before dispatch, a deterministic route plan is computed
offline using an optimization model, which minimizes total travel distance while sat-

isfying delivery demands across all stops. This optimization module utilizes classical

48



linear programming methods to determine an initial globally optimal route, assuming

full knowledge of demand and network topology at dispatch time.

e Real-time adaptive stage: During the trip, the RL agent operates in parallel
with the optimized plan. If no unusual events occur, such as unexpected delays,
shelf-life deterioration, or temperature excursions, the vehicle continues to follow
the pre-computed optimized route. However, when stochastic disturbances occur in
real time (e.g., road closures, sudden delays, or sharp temperature deviations), the
RL agent dynamically overrides the planned route and selects alternative stops that
better balance delivery success, spoilage avoidance, and travel penalties under the

evolving conditions.

To further stabilize learning, reward shaping is introduced where higher rewards are
provided to the RL agent when its decisions remain aligned with the optimized route under
normal conditions. This dual-mode learning structure allows the system to prioritize global

optimality while retaining adaptability to real-world uncertainties.

3.4.1 Hybrid Learning Mechanism

At the start of each delivery episode, the system computes an optimized initial delivery
route R* using a traditional optimization solver based on total travel distance minimization,
delivery demands, and initial shelf-life values. This optimized path serves as the primary

routing plan.
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During execution, the vehicle follows R* sequentially. At each stop j, the environment
observes the realized travel time ¢;;, stochastic delay d;, and any product temperature

deviation D,j. As long as these remain within their respective acceptable thresholds, i.e.,

5j S A(S, and Djk S AD Vk?,

the predefined route R* is maintained. This allows the system to exploit the global opti-

mality of the offline solution when conditions are stable.

If either of the thresholds is violated, the system transitions into RL-controlled adaptive
mode. Here, a Deep Q-Network (DQN) agent actively selects the next delivery stop based
on current state s, considering updated inventory levels I, remaining shelf-life L, elapsed
time 7, and delivery demand fulfillment. The RL agent receives reward signals that balance

multiple objectives:

7’(8, a) = Rdel - Rtr - Rspa

where Rgq is the delivery reward, R, penalizes travel and delay times, and R, penalizes

freshness loss.

3.4.2 Hybrid Algorithmic Formulation

The overall hybrid learning process is summarized in Algorithm 3.
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Algorithm 3 Hybrid Optimization-Guided Adaptive Deep Q-Learning
1: Initialize: Replay buffer M, DQN parameters 0, target network 6~ < 6, predefined

optimal path R*, episode counter episode <— 1
2: while episode < MaxEpisodes do
3: Reset environment: inventory [y, shelf-life L, warehouse location ¢ = 0, time 7 = 0,

path index p = 1, visited set V < {0}.

4: Set done <« False.

5: while not done do

6: if §; <Ay and D, < Ap for all k (nominal condition) then

7: Move to next stop a = R*[p|, update state variables, set p <— p+ 1.

8: else

9: Select a = arg max, Qg(s,a’) (with e-greedy).

10: Execute a: observe t;;, §;, Dji, update inventory, shelf-life, time .

11: Compute reward (s, a); store transition (s, a,r,s") in M.

12: Sample minibatch, compute targets y;, minimize loss L(6), periodically up-
date 6~ < 0.

13: end if

14: if termination conditions met then

15: done < True

16: end if

17: end while
18: episode < episode + 1

19: end while
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This chapter introduced the role of RL in dynamic logistics decision-making for per-
ishable goods delivery, highlighting its adaptability compared to static optimization ap-
proaches. We formulated the RL model with a framework, defining its state space, ac-
tion space, transition dynamics, and reward structure, and implemented it using a deep
Q-Network (DQN) to handle large, stochastic state—action spaces. The chapter also pre-
sented the Hybrid Model (HM), which integrates an offline optimization-based route plan
with an online RL agent for real-time adaptability. Under nominal conditions, the system
follows the pre-optimized route, while disruptions trigger the RL-based adaptive control to
balance delivery efficiency, freshness preservation, and travel cost minimization. This com-
bined approach leverages the global optimality of classical optimization with the real-time

responsiveness of RL, ensuring robust performance under uncertainty.
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Chapter 4

Implementation, Experiments, and

Results

The goal of the implemented RL-based, optimization-based, and hybrid approaches is to
evaluate their performance in optimizing delivery routes, maintaining product freshness,
and minimizing delays and costs during the transportation of perishable products. The
synthetic data generated serves as a benchmark for both RL-based and optimization-based

models, enabling a comprehensive comparison of these approaches.

4.1 ToT-based Sensors for Real-Time Monitoring

To facilitate data collection, Tive Tags, a specialized type of IoT-enabled data logger

designed to track temperature fluctuations throughout the transportation process, are uti-
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lized [11]. These Tags offer an efficient and non-intrusive solution for monitoring perishable
goods without requiring complex installation procedures. Tive Tags, which are thin, flexi-
ble labels supporting end-to-end temperature monitoring of sensitive products, are suited
to the data collection needs due to their ease of use and cost-effectiveness. The pro-
cess begins with activation, which involves affixing the Tive Tag to the target location or
shipment and initiating it by tapping with a Near-Field Communication (NFC)-enabled
smartphone. Once activated, the data logging phase is started, during which temperature
data is recorded at regular intervals which was set for every 5 mins throughout the mon-
itoring period. Finally, data retrieval is conducted by tapping the Tag again to upload
the recorded data to the Tive cloud platform via the mobile application. A comprehensive
and secure audit trail of temperature data is ensured by this approach, which is crucial for

analyzing the environmental conditions experienced during transit.

@ tiveTag
o NFC-Enabled Device ..,
IO

-

& S P > 10T
Tags

Figure 4.1: Left: Tive Tag affixed to a shipment for temperature monitoring. Right:
Flowchart illustrating the data movement from the Tive Tag to the cloud and mobile
application.
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4.1.1 Synthetic Data Generation for Model Evaluation

To assess the robustness and performance of RL, optimization-based, and hybrid models,
a synthetic dataset was generated, simulating real-world operational scenarios involving
perishable goods. This dataset is based on IoT sensor data as well as assumptions about

delivery operations and uncertainties commonly encountered in logistics.

The synthetic delivery network comprises a central warehouse, represented by node 0,
and a set of N = 10 delivery stops inspired by a realistic last mile delivery in Toronto,
Ontario. Each stop i € N\ {0} is associated with a base travel distance dgy; from the

warehouse, where:

dOi ~ u(dmim dmax)

Additionally, delays are introduced at each stop i € N, which simulate operational
disruptions like traffic congestion, roadblocks, or handling issues. These delays are modeled

as random variables:

52' ~ u(5m1n7 5max)

A set of perishable products, denoted as I = {1,2,..., K}, is included in the synthetic
data. Each product & € K has an initial shelf life LY, representing the maximum time the
product remains fresh under ideal temperature conditions. The shelf life is perturbed by

a random factor:
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€ ~ Z/{(—Oé, Oé)

which accounts for variations in freshness and spoilage rates:

Ly =LY(1+¢,)

Each product also has a required minimum shelf life R, ensuring its viability upon
delivery. These parameters help enforce product integrity during transportation and are

considered in the optimization and RL models.

®
®
o ®
© ®
. ®
®
©

Figure 4.2: Network structure with NV delivery stops and a warehouse.

This synthetic dataset ensures that both RL and optimization models are tested under
comparable, real-world-inspired conditions, including delays, travel distances, and product
freshness decay. In the next section, we present the results of applying these models to the
synthetic data, followed by scenario testing and sensitivity analysis on optimization models.

These results will allow us to evaluate how each approach performs under various opera-
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tional uncertainties, and provide insights into the effectiveness of hybrid RL-optimization

models for perishable goods logistics.

4.1.2 Experimental Results

The results from the models analyzed reveal several important insights into the performance
of various logistics optimization strategies. The total transportation time for each model

variant under normal and disrupted conditions is presented in Table 4.1.

Table 4.1: Total transportation time (in hours) for each model variant under normal and
disrupted conditions

Model Total Time (hours)
Deterministic 9.31
Stochastic Programming (SP) 9.42
Adaptive 9.80
Hybrid Model 10.45
Distributionally Robust Optimization (DRO) 10.50
Reinforcement Learning 11.0
Robust Optimization (RO) 15.50

The deterministic model performs with a total transportation time of 9.31 hours, achiev-
ing the most optimal delivery time. It assumes a perfect scenario without any disruptions,
and the delivery route is predetermined. This model works well under stable, disruption-

free conditions, ensuring the most efficient use of time. However, real-world logistics often
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involve uncertainties like roadblocks or delays, which this model does not consider. The
stochastic programming (SP) model performs slightly worse, with a total time of 9.42
hours. This model accounts for some uncertainty in the form of potential delays and vary-
ing travel times. However, despite incorporating some level of uncertainty, it still performs
quite similarly to the deterministic model. This slight increase in time reflects the model’s
attempt to factor in randomness but still adheres to a largely static approach, meaning
it doesn’t adapt to major disruptions dynamically unless there is prior knowledge of the
probability distribution functions of uncertain variables. The adaptive model incorporates
dynamic decision-making, which allows it to respond to environmental factors such as
temperature fluctuations and delays. It performs with a total time of 9.80 hours, which is
slightly worse than the deterministic and SP models. This indicates the model’s ability to
balance adaptability with efficiency. The increase in time compared to the baseline models
reflects the trade-off of maintaining flexibility in responding to real-time disruptions while

still prioritizing efficiency in ideal conditions.

The hybrid model combines the optimal route generation from the deterministic model
with reinforcement learning (RL) to adapt dynamically in response to disruptions. Under
normal conditions, it matches the performance of the deterministic model with a total
time of 9.31 hours, showing that it can follow the optimal path when no disruptions occur.
However, when a disruption such as a roadblock or temprature deviation increase after a
certain limit is introduced, the hybrid model’s performance increases to 10.45 hours. This
increase indicates that while the model is capable of adjusting its route dynamically, the

real-time decision-making comes with a slight penalty in terms of time and distance.
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The distributionally robust optimization (DRO) model, which is designed to handle
worst-case uncertainty, results in a total time of 10.50 hours. This model takes a conser-
vative approach by adding more time to the delivery process in order to account for all
possible uncertainties. Although this ensures reliability in the face of potential disruptions,
it sacrifices efficiency compared to models like the adaptive and hybrid models, which bal-
ance efficiency and flexibility more effectively. The reinforcement learning (RL) model,
while capable of adapting to disruptions, performs with a total time of 11.0 hours. This
outcome highlights the RL model’s tendency to prioritize short-term rewards over long-
term efficiency. The RL model is highly flexible and adapts well to real-time disruptions,
but this flexibility comes at the cost of potentially suboptimal decision-making when there
are no significant disruptions. The RL model often chooses routes that appear optimal in

the short term but may lead to inefficiencies when there are no major disruptions.

Finally, the robust optimization (RO) model, which is the most conservative approach,
results in a total transportation time of 15.50 hours. The RO model explicitly considers
the worst-case scenario by adding significant buffers to account for uncertainty. While
this ensures the model’s reliability in highly uncertain conditions, it leads to a substantial
increase in time and distance. This approach is highly reliable but inefficient, making it

less suitable for dynamic environments where both efficiency and adaptability are required.
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4.2 Scenario Generation for the proposed Optimiza-

tion Model

To systematically evaluate the robustness and practical effectiveness of the proposed adap-
tive optimization model under real-world uncertainties, we conducted an extensive scenario-
based testing framework. The purpose was to simulate diverse operational conditions
that fresh food logistics systems routinely encounter, such as random handling delays and
ambient temperature fluctuations during transportation. Our approach involved mathe-
matically generating controlled perturbations around key parameters, ensuring that the
variability introduced remained statistically justified and representative of actual logistics
challenges. Specifically, scenarios were constructed by introducing stochastic variations
in two critical parameters: travel delays and ambient temperature shifts. The parameter
ranges and probability distributions were selected based on operational data from logistics
studies, thermal stability characteristics of common fresh produce, and standard deviation
estimates reflective of real-world variability. Gaussian distributions were chosen due to
their well-known properties under the central limit theorem, enabling a realistic aggre-
gation of small environmental factors, whereas truncated Gaussians for delay magnitudes
ensured non-negativity while preserving natural spread. Each delivery location ¢ € N inde-

pendently triggered a potential delay occurrence modeled as a Bernoulli random variable:

P(Delay at stop i) = pq,
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where p; = 0.2 represents a 20% chance of encountering a delay. If a delay was realized,

its magnitude 9; was drawn from a truncated Gaussian distribution:

6; ~ max{0, N (ua,93)},

with mean pg = 0.5 hours and standard deviation o4 = 0.2 hours. The truncation at zero
ensures that physically infeasible negative delays are avoided, maintaining the realism of
operational disturbances. In parallel, ambient temperature shifts were modeled as inde-
pendent continuous random variables at each delivery stop j and for each product k € K.

The temperature change 7;;, was sampled from a standard Gaussian distribution:

Tjk ™~ N(0, 03),

with o, = 1.0°C. Fifty independent scenarios were generated under this framework, each
representing a distinct realization of travel delays and ambient temperature shifts. For
each scenario, the adaptive optimization model was re-solved, and the key outcomes —
total travel time, cumulative temperature deviations, and slack usage — were recorded.
This repeated solving approach provided empirical insight into the distribution of model
performance across random environmental perturbations, allowing us to assess robustness

in both average and worst-case senses.

We visualized the trade-off between total trip time and cumulative freshness deviation

across all tested scenarios. The resulting scatter plot, shown in Figure 4.3, illustrates the
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Scenario Comparison: Trip Time vs Freshness Deviation (Pareto Highlighted)
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Figure 4.3: Scenario-wise comparison of the adaptive optimization model’s performance in
terms of total trip time versus total freshness deviation.

bi-objective performance of the adaptive optimization model, where each blue dot rep-
resents a distinct scenario outcome generated from randomized delay and temperature
perturbations. The x-axis denotes the total trip time (in hours), while the y-axis indicates

the cumulative absolute temperature deviation across all stops and product types.

A Pareto frontier is overlaid in red, connecting the set of non-dominated solutions—i.e.,
those for which no other scenario yields both lower trip time and lower freshness deviation
simultaneously. These Pareto-optimal solutions reveal the best-achievable trade-offs under
the model’s adaptive control framework. Notably, the frontier is concave and downward-
sloping, reflecting the classical tension between rapid delivery and tight temperature con-
trol. Scenarios with shorter trip durations (left side of the plot) tend to exhibit higher
freshness deviation, suggesting more aggressive routing with less thermal stabilization. In

contrast, points near the lower-right corner demonstrate better temperature adherence but
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at the expense of longer routes, possibly due to conservative pacing or more temperature-

conducive paths.

This distribution confirms the model’s capacity to balance competing objectives dynam-
ically. The dispersion of the blue points around the frontier also highlights the inherent
variability in outcomes under uncertain conditions—validating the need for an adaptive for-
mulation. The frontier itself serves as a decision-support tool, enabling logistics planners
to select a delivery policy that aligns with operational priorities (e.g., prioritizing freshness
over speed in sensitive SCs). Furthermore, the tight clustering near the lower-left segment
of the frontier suggests that moderate increases in delivery time can yield substantial gains
in temperature stability, an insight that could inform risk-aware transportation planning

for perishable goods.

4.2.1 Scenario based comparative analysis between a determin-

istic model and the proposed adaptive model

We executed 50 randomized scenarios using Gaussian-distributed travel delays and ambi-
ent temperature changes, applying both models to each scenario. Two key performance
metrics were assessed: total travel time and total freshness deviation. Figure 4.4 presents
the travel time (in hours) across 50 scenarios for both models. On the z-axis, we plot

the scenario index, while the y-axis indicates the total route time. The adaptive model
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consistently incurs slightly higher travel times, ranging approximately from 12.5 to 15.8
hours across scenarios, compared to 10.5 to 13.5 hours in the deterministic model. This
increase reflects the routing flexibility required to maintain product temperature closer to
ideal values, suggesting a deliberate trade-off for improved freshness.

Figure 4.5 illustrates the cumulative temperature deviation from the ideal across all stops

Total Travel Hours (Deterministic vs Adaptive)
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Figure 4.4: Total Travel Hours (Deterministic vs Adaptive)

and products. The deterministic model exhibits a constant total deviation of approximately
121°C across all scenarios over 10 stops for four produce, reflecting the lack of adaptive
correction. In contrast, the adaptive model significantly reduces the deviation (to between
13 and 30 ° C), demonstrating its ability to dynamically regulate internal temperature
despite external fluctuations.

The deterministic model optimizes solely for travel efficiency, resulting in minimal route
time but large deviations from temperature requirements, risking spoilage and product

degradation. On the other hand, the adaptive model integrates a temperature control
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Figure 4.5: Total Freshness Deviation (Deterministic vs Adaptive)

mechanism into the optimization, accepting slightly longer travel routes to minimize the
temperature deviation penalty. This dual-objective approach is beneficial for logistics in-
volving perishable items, as it ensures compliance with freshness standards while maintain-
ing operational feasibility. Notably, the adaptive model achieves up to an 80% reduction
in freshness deviation on average, validating its practical advantage in cold-chain logistics

and food supply networks.

4.2.2 Shelf life comparative analysis between a deterministic model

and the proposed adaptive model

In addition, to evaluate the performance of the proposed adaptive and deterministic models
with respect to product shelf life, we also conducted an experiment using a single repre-

sentative product item, apple, chosen for its extensive study in post-harvest research and
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well-documented shelf life characteristics. Apples typically exhibit an average shelf life of
approximately 30 days when stored at an ideal temperature of 5°C, which we assumed as
the initial product temperature at the start of the delivery route. The modeled delivery
trip consisted of 10 stops, including the warehouse, simulating a realistic logistic scenario
for the distribution of fresh produce. In this example, temperature variations during transit
were allowed within a range of £3°C from the ideal, reflecting typical fluctuations encoun-
tered in cold-chain transportation. Shelf life was estimated at the completion of the route
using a Q¢ temperature coefficient of 2, which implies that the degradation rate of the
product doubles for every 10 ° C increase in temperature above the ideal. The adaptive
model maintained an average product temperature of 6.23°C during transit, resulting in
an estimated shelf life of 27.54 days. Conversely, the deterministic model, with a higher
average temperature of 8.68°C, yielded a reduced shelf life of 23.25 days. These findings
highlight the superior ability of the adaptive model to preserve freshness of the produce
by dynamically mitigating temperature deviations, thus improving shelf life relative to the

deterministic baseline.

4.3 Parameter Tuning for the proposed adaptive op-

timization Model

To evaluate the performance of the adaptive temperature control model in cold-chain de-

livery, we also conducted sensitivity analyses on two key parameters: correction strength
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(8) and ambient temperature shifts (7;;). These govern how actively the system mitigates

ambient disturbances and directly influence product freshness across the delivery route.

The model assumes that perishable goods must be maintained near 5°C, within an
allowable range of 2°C to 8°C, with shelf life degradation modeled using the Q10 func-
tion (@19 = 2) and a reference shelf life of 30 days. Ambient disturbances are introduced
through a uniform distribution ¢[0, 1] for the correction factor 3, and via Gaussian noise
with varying standard deviation o, for ambient temperature shifts 7;;. Figure 4.6 illustrates
the impact of increasing correction strength. As shown in Figure 4.6a, the total temper-
ature deviation decreases sharply with increasing [, falling from approximately 25.5°C
at § = 0.0 to around 7.5°C at 8 = 0.4, beyond which it stabilizes around 5-6°C. This
indicates that even modest correction significantly reduces cumulative thermal deviation.
The diminishing returns beyond 5 = 0.4 reflect the system’s limited ability to counteract
random, bidirectional fluctuations through stronger correction—especially when successive

stops experience opposing temperature shifts.

Figure 4.6b shows that final shelf life increases with 3, peaking near 29.5 days around
£ = 0.5, then plateauing. The non-monotonic behavior suggests that overly aggressive
correction can lead to minor overcompensations, reducing thermal stability. This aligns
with practical cold-chain systems, where energy-efficient controllers or passive cooling sys-
tems avoid abrupt changes that may cause oscillations or stress refrigeration units. Thus,
a moderate correction strength (5 € [0.3,0.5]) offers a practical trade-off between energy

cost, control effort, and freshness preservation.
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Total Temp Deviation vs. Correction Strength

Final Shelf Life vs. Correction Strength (Q10 Model)
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Figure 4.6: Sensitivity analysis of correction strength : (a) Total temperature deviation
and (b) final shelf life.

Figure 4.7 presents the model’s response to increasing ambient temperature shifts (1),
with ( fixed. In Figure 4.7a, the total temperature deviation rises monotonically from 1°C
at Tix = 0.25 to 16°C at 7, = 2.0, indicating the system’s inability to fully correct large,
rapid disturbances even at maximum correction strength. In real-world delivery conditions,
this may correspond to frequent door openings, poor insulation, or transit through varying

climate zones—factors that cause sharp and compounding thermal stress.

Figure 4.7b shows the shelf life degradation resulting from these deviations. At low 7,
shelf life remains near the reference of 30 days, but it drops sharply at higher 7, reaching
26 days at 7y, = 2.0. Given that shelf life decay under the Q10 model is exponential in
temperature, even small thermal violations have amplified effects. This mirrors practical

scenarios where highly sensitive goods (e.g., vaccines, seafood, dairy) require more than
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algorithmic control—such as insulated containers, real-time temperature tracking, or pri-

ority delivery routing—to avoid spoilage.

Total Temp Deviation vs. Fluctuation Severity
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Figure 4.7: Sensitivity analysis of fluctuation severity 7;: (a) Total temperature deviation

and (b) final shelf life.

Together, these results emphasize that moderate correction strengths are generally suffi-
cient in stable environments, allowing for energy-efficient and effective temperature control.
However, in high-volatility scenarios (e.g., long-haul deliveries with varying ambient ex-
posure or cross-border logistics), controller effectiveness saturates. In such cases, passive
insulation, proactive rerouting, and IoT-based real-time monitoring become necessary to
preserve quality. These findings suggest that operational strategies should jointly optimize
controller settings () and environmental resilience (mitigating 7;;) to ensure freshness and

safety in cold-chain logistics.
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Chapter 5

Conclusions and Future Work

This research has systematically investigated the application of advanced optimization and
reinforcement learning models to address the critical challenges of inefficiency and spoilage
within fresh produce supply chains. The primary objective was to demonstrate that, by
integrating real-time data from IoT sensors with intelligent decision-making frameworks,
it is possible to significantly improve operational efficiency and preserve the quality of
perishable goods during transit. The core contribution of this work lies in the formulation
and evaluation of a novel adaptive optimization model and a hybrid reinforcement learning
framework. Through extensive simulation and comparative analysis, this thesis provides

compelling evidence supporting this hypothesis.

The findings confirm that the ideal model is contingent on the operational environment
and priorities. The deterministic model established an optimal baseline under ideal con-

ditions, achieving a total travel time of 9.31 hours but failing to mitigate freshness loss,
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resulting in a product shelf life of only 23.25 days. In contrast, the proposed adaptive
optimization model, by leveraging real-time feedback, achieved a remarkable 80% average
reduction in freshness deviation. This came at a justifiable increase in travel time to 9.80
hours but substantially extended product shelf life to 27.54 days, proving its effectiveness
in dynamic environments. For scenarios characterized by stability punctuated by severe
disruptions, the hybrid model offers the most pragmatic solution by leveraging determin-
istic optimality in normal conditions and the reactive agility of reinforcement learning
to navigate unforeseen events. A purely reinforcement learning approach, while highly
adaptive, is most appropriate in highly stochastic and unpredictable environments where
pre-computed plans have little value.In conclusion, this research confirms that a shift from
static planning to dynamic, data-driven strategies can create a more efficient, resilient, and

sustainable fresh produce supply chain.

5.1 Limitations of the Study

While this research provides valuable insights, it is important to acknowledge its limita-
tions, which offer a foundation for subsequent work. The models were primarily evaluated
using a comprehensive synthetic dataset, which was inspired by the real operation of the
last mile delivery company in Toronto, Ontario. While designed to reflect realistic opera-
tional parameters, it was supplemented by only a limited set of data from live IoT sensors.
This approach, though enabling controlled and repeatable experiments, does not fully cap-

ture the spectrum of complexity and noise inherent in large-scale, real-world logistics data.
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A more extensive data collection effort using live IoT sensors would be required for full
validation. Furthermore, the study’s scenario analysis, though covering 50 distinct simu-
lations, represents a finite subset of possible real-world events and was not tested against
more complex or cascading disruptions, such as simultaneous vehicle breakdowns or cor-
related delays. The investigation of RL was also primarily centered on a Deep Q-Network
(DQN) architecture, and a more exhaustive exploration of alternative RL algorithms and
reward-shaping functions could yield policies with improved performance. Finally, the
supply chain was modeled as a single-depot, single-vehicle routing problem, a common
simplification that does not encompass the complexities of multi-depot, multi-vehicle fleet

coordination standard in large-scale distribution networks.

5.2 Directions for Future Research

Building upon the findings and limitations of this thesis, several promising directions for
future research emerge. The most critical next step is to achieve Scalability and Deploy-
ment by transitioning from simulation to a pilot program with a logistics partner. Testing
the models on real logistics networks, such as regional food hubs, would enable valida-
tion against real-world operational data and performance evaluation at scale under diverse

demand patterns.

Future work must also focus on deeper Integration with Real-Time Data Streams. This
involves incorporating live feeds from GPS, traffic APIs, and advanced temperature sen-

sors to create a dynamic digital twin of the logistics network, allowing for more accurate,
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real-time updates to travel times, delays, and temperature deviations. The current single-
vehicle model should be extended to address Multi-Vehicle Coordination. This involves
evolving the problem into a multi-agent system, where a fleet of vehicles coordinates de-
liveries while sharing shelf-life and route constraints. This is a natural fit for Multi-Agent
Reinforcement Learning (MARL), which could optimize system-wide efficiency. Concur-
rently, Cold Chain Compliance Automation should be pursued by enabling autonomous
temperature control decisions using sensor feedback to minimize spoilage without manual
intervention. A final, vital avenue for future research is the explicit inclusion of Sus-
tainability Objectives, such as minimizing carbon emissions by incorporating detailed fuel
consumption models, to align the logistical optimization with pressing environmental and

corporate sustainability goals.
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APPENDICES

.1 Appendix A: Shelf-Life Model Derivations

.1.1 A.1 Arrhenius-Based Shelf Life Model

The Arrhenius equation describes the temperature dependence of the rate constant & for

a chemical or biological degradation process as:

where:

k is the rate constant at absolute temperature 7' [K],

ko is the pre-exponential (frequency) factor [1/time],

E, is the activation energy [J/mol],

R is the universal gas constant [8.314 J/mol - K],
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e T is the absolute temperature [K].

Assuming spoilage follows first-order kinetics, the quality index @ (e.g., firmness, color,

microbial count) of a perishable product decreases exponentially with time:

Q(t) = Qo exp(—kt), (2)

where:

e () is the initial quality index at time t = 0,
e (Q(t) is the quality at time ¢,

e [ is the degradation rate constant.

Let Qcri¢ be the minimum acceptable quality index below which the product is consid-

ered spoiled. The shelf life Ly at temperature T is the time when Q(t) = Qerit:

chit = QO eXP(_kLT) (3)

~ In (%Ot) = kL (4)
1

= Lr =l (got) (5)

Note that In(Qo/Quit) is a product-specific constant. Hence, shelf life is inversely

proportional to k:
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1
LTO(E

Substituting the Arrhenius expression for k:

1
T koexp(—E,/RT)

(B
" ke P\ RT

Now, define Ly, as the shelf life at a reference temperature 7p:

L

1 E,
Lg, = k_o exp RT,

Taking the ratio of shelf lives at two different temperatures T and Ty:

(10)

(11)

Therefore, the shelf life at temperature 7' can be written in terms of the known shelf

life at reference temperature Tj:
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E, /1 1
Ly = Ly, exp (E (T - T)) (12)
0

This formulation allows precise estimation of residual shelf life under varying temper-
atures using known values of activation energy E, and reference shelf life Lz, . It is widely

used in cold chain logistics and food safety monitoring for perishable goods.

1.2 A.2 Q10-Based Shelf Life Model

The Q10 model provides an empirical estimation of the change in reaction rate (and thus

shelf life) per 10°C rise in temperature. It is defined as:

k
Q10 = :;HO, (13)
T

where k7 is the degradation rate at temperature 7' [°C]. Assuming first-order kinetics,

shelf life is inversely proportional to the rate constant:

L _
B =Qu = Lr=Ly Q0 (1)
T+10

Thus, the shelf life at any temperature 7 is:

Ly = Ly, - Q1" (15)

where:
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e Ly, is the shelf life at reference temperature 75,
e T and Ty are in degrees Celsius [°C],

e Q1o typically ranges from 1.5 to 3 for fresh produce.

This formulation is easier to implement in real-time logistics systems as it requires
fewer product-specific parameters compared to the Arrhenius model. However, it assumes
exponential spoilage behavior, which may not hold under rapid or fluctuating temperature

conditions.

.2 Appendix B: 10T Device Specifications

The Tive Tag is a single-use, non-lithium NFC-enabled temperature logger designed for cold
chain logistics. Its ultra-thin form factor and robust waterproof design make it particularly
suitable for perishable food transport. Below are the technical specifications sourced from

the official Tive documentation.

The Tive Tag’s ability to log temperature data in a secure, tamper-evident format
without lithium content makes it compliant with international air cargo regulations. Data
can be accessed using standard NFC-capable mobile devices, making it ideal for last-mile

visibility and quality assurance.
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Table 1: Tive Tag Specifications

Specification

Detalils

Operating Temperature Range
Temperature Accuracy

Measurement Interval
Recording Capacity
Interface

Dimensions

Water Resistance
Battery Type
Battery Life
Certifications

-30°C to +50°C

+0.5°C (-10°C to +50°C)

+1.0°C outside this range

Configurable (1 to 720 minutes)

4,864 readings (up to 50 days at 15-minute intervals)
NFC (ISO 14443 Type 2), optional UHF RFID (EPC Gen2)
95mm x 125mm X 1 mm

IP67 (dustproof and waterproof)

Non-lithium, alkaline (approx. 40 mAh)

More than 1 year (storage and operation)

FCC, CE, RoHS, EN 12830 (transport compliance)

86



	Author's Declaration
	Abstract
	Acknowledgements
	Dedication
	List of Figures
	List of Tables
	List of Abbreviations
	Introduction
	Literature Review
	Shelf-Life Modeling for Fresh Produce
	IoT Sensors
	Existing Approaches in Supply Chain Optimization For Fresh Produce
	Reinforcement Learning in Supply Chain Management


	Fresh Food Supply Chain Problem
	Supply Chain Network and Assumptions
	Shelf-Life Calculation
	Optimization Models
	Deterministic Model
	Robust Optimization Model
	Stochastic Programming Model
	Distributionally Robust Model
	The Proposed Adaptive Optimization Model


	Reinforcement Learning and Hybrid Model
	Introduction
	RL for Dynamic Logistics Decision Making
	Model Formulation
	State Space (S)
	Action Space (A)
	Transition Function
	Reward Function
	Learning Process

	Hybrid Model Formulation
	Hybrid Learning Mechanism
	Hybrid Algorithmic Formulation


	Implementation, Experiments, and Results
	IoT-based Sensors for Real-Time Monitoring
	Synthetic Data Generation for Model Evaluation
	Experimental Results

	Scenario Generation for the proposed Optimization Model
	Scenario based comparative analysis between a deterministic model and the proposed adaptive model
	Shelf life comparative analysis between a deterministic model and the proposed adaptive model

	Parameter Tuning for the proposed adaptive optimization Model 

	Conclusions and Future Work
	Limitations of the Study
	Directions for Future Research

	References
	APPENDICES
	Appendix A: Shelf-Life Model Derivations
	A.1 Arrhenius-Based Shelf Life Model
	A.2 Q10-Based Shelf Life Model

	Appendix B: IoT Device Specifications


