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Abstract: This study investigates data-driven approaches for optimizing transportation cost estimation and route planning within
agricultural cold storage logistics. By analyzing historical refrigerated truck rate data, three cost estimation models—linear, polynomial,
and exponential were evaluated to identify the most accurate approach for calculating transportation expenses across varying distances.
Results indicate that the polynomial model provides superior accuracy, effectively capturing the non-linear cost relationships that
characterize cold chain logistics. Seasonal analysis revealed that transportation rates peak in the second and third quarters, corresponding
with increased agricultural activity. In addition, regional analysis highlights that high-cost routes are concentrated along the East Coast
and major urban centers, while regions such as the Midwest offer more cost-effective options. The scatter plot analysis of rate per mile
against rate per truckload demonstrates a strong correlation for long-haul routes with high costs, underscoring the importance of route
and cost structure selection in logistics planning. These insights offer agricultural logistics managers actionable strategies for reducing
expenses, including leveraging seasonal trends and selecting cost-efficient routes. Future research may focus on integrating real-time
data for further refinement of cost models to enhance decision-making flexibility in agricultural cold storage logistics.

Keywords: cold storage logistics, agricultural logistics, transportation costs, cost estimation models, polynomial model, seasonal analysis,
regional cost variation, rate per mile, rate per truckload, data-driven logistics

transport have become crucial elements in global supply
chains for agricultural products, driven by demand for fresh
produce and other temperature-sensitive goods (Hodges et al.,
2011; Aung & Chang, 2014). Cold chain logistics,
encompassing both warehousing and transportation, helps
prevent spoilage and waste, a significant concern given the
high perishability of agricultural products (Kitinoja et al.,
2011).

Optimizing Agricultural Logistics

1. Introduction
1.1 Background
Efficient logistics in agriculture, especially for perishable

goods, relies heavily on precise cost management to maintain
product quality throughout the cold chain. Cold storage and
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Figure 1: This infographic highlights the primary factors involved in optimizing agricultural logistics in cold storage
transportation. Each segment represents a crucial component addressed in this study

1.2 Problem Statement

Agricultural logistics costs are impacted by various factors
such as transportation distance, seasonal demand fluctuations,
and economic conditions in different regions. These factors

contribute to high operational costs, often leading to reduced
profitability for agricultural stakeholders (Parfitt et al., 2010).
However, current logistics models lack precision in
accounting for seasonal and regional cost variances, which
are critical for route optimization and cost reduction in cold
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storage logistics (Kuo & Chen, 2010). Traditional approaches
have limited ability to address these dynamics, underscoring
the need for enhanced, data-driven modeling techniques
(Kirezieva, K., 2016).

1.3 Objectives

This paper explores data-driven models for optimizing
transportation costs in cold storage logistics. We examine
several distance-based cost estimation models—including
linear, polynomial, and exponential approaches—to
determine the most accurate model for predicting rates across
various distance categories. Additionally, we analyze
seasonal and regional cost trends to provide actionable
insights for agricultural logistics management.

Cold Chain
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Quality Costs

1.4 Relevance to Agricultural Logistics

Optimizing transportation costs in cold chain logistics is
crucial to sustaining profitable agricultural operations,
especially in cost-sensitive sectors like fresh produce (Zhang,
Habenicht, & Spieker, 2003). Accurate, data-driven insights
on route planning and cost estimation can aid logistics
managers in choosing more efficient routes, planning around
seasonal fluctuations, and ultimately enhancing the resilience
of agricultural supply chains (Boons. F et al, 2013).

2. Related Study

2.1 Cost Modeling in Cold Chain Logistics
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Figure 2: This flowchart illustrates the critical elements impacting cost management in cold chain logistics for agricultural
products

Accurate cost modeling in cold chain logistics is vital for
managing the unique expenses associated with transporting
perishable goods. Studies have shown that conventional
logistics cost models often fail to account for the specific
demands of cold storage, such as strict temperature control
and rapid delivery requirements, which add complexity to
cost calculations (Kuo & Chen, 2010). Aung and Chang
(2014) emphasize that technological investments heavily
influence cold chain cost management in temperature
monitoring and control, both of which are necessary to
prevent product spoilage and loss during transit.

In particular, cost structures in cold chain logistics must
account for energy consumption, maintenance, and
specialized vehicle costs, which are significant drivers of
operational expenses (James & James, 2010). Furthermore,
Kirezieva. k et al. (2012) argue that efficient cost modeling

requires integrating real-time data, such as temperature
variations and transit delays, to accurately reflect the dynamic
conditions of cold chain transport.

2.2 Distance — Based Transportation Cost Models

Distance is one of the primary factors affecting logistics costs,
with longer routes generally incurring higher fuel, labor, and
maintenance expenses. Traditional models for calculating
transportation costs often apply linear or exponential
estimations, assuming that costs increase proportionately with
distance (Crainic & Laporte, 1997). However, research by
Zhang et al. (2003) suggests that non-linear models may
better capture the actual cost behaviors over varying distances,
particularly in long-haul logistics where economies of scale
can affect rate per mile.
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Recent advances in distance-based cost modeling include
polynomial estimation methods, which offer flexibility in
capturing the non-linear relationship between distance and
cost (Hoffmann & Hauser, 2013). Polynomial models are
beneficial in scenarios where fixed and variable costs interact
in complex ways, as seen in cold chain logistics, where
additional expenses arise with extended delivery times for
perishable goods.

2.3 Seasonal and Regional Variability in Cold Chain Costs

Seasonal fluctuations also play a significant role in cold chain
logistics costs, as peak agricultural seasons typically increase
demand for refrigerated transportation. This seasonal demand
can lead to higher rates, as logistics providers adjust prices to
balance capacity constraints (Tanner & Smalls, 2008).
Additionally, regional variations—such as differences in fuel
costs, labor rates, and infrastructure quality—can
significantly influence transportation costs across different
origin-destination pairs (Kitinoja et al., 2011).

Research by Hodges et al. (2011) highlights that
understanding these seasonal and regional variabilities is
essential for accurate cost prediction in agricultural logistics.

Advanced data-driven methods, including time-series
analysis and seasonal adjustment algorithms, have been
proposed to account for these patterns and help logistics
planners make informed, cost-effective decisions (Aung &
Chang, 2014).

2.4 Gaps in Current Research

Despite advancements in modeling approaches, there remains
a need for integrated models that combine distance, seasonal,
and regional factors to improve accuracy in cold chain
logistics cost predictions. Existing studies tend to focus on
single factors in isolation, leaving room for a multi-factor,
data-driven approach that addresses the complexities of
agricultural cold chain logistics (James & James, 2010). By
building on current models, this paper aims to fill this gap,
offering a comprehensive framework that incorporates
distance-based algorithms, seasonal trends, and regional cost
insights.

3. Results and Analysis

3.1 Model Comparison and Accuracy

Mean Squared Errors (MSE) for Each Model
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Figure 3: This chart compares Linear, Polynomial, and Exponential models across different distance categories

Model Mean Squared Error (MSE)

Linear 223.59
Polynomial 142.47
Exponential 198.34

Table 1: shows that the polynomial model exhibits the lowest
MSE, indicating the best fit and highest accuracy among the
three models.

To evaluate the effectiveness of three cost estimation
models—Linear,  Polynomial (2nd  degree), and
Exponential—we used Mean Squared Error (MSE) as the
primary metric. Using MSE aligns with standard practices in
cost modeling as it effectively quantifies model fit and
prediction accuracy (Behdani, 2013).

1) Linear Model:
The linear model, while simple, showed limited accuracy due
to its assumption of proportional cost increases with distance.

As noted by Crainic and Laporte (1997), linear models are
often limited in their applicability to complex logistics
systems where cost behavior is non-linear.

2) Polynomial Model:

The polynomial model yielded the lowest MSE, accurately
capturing non-linear cost relationships across distances. This
finding aligns with research by Ghiani et al. (2004), who
emphasized that polynomial models are effective in logistics
for accommodating fluctuating costs over varying distances.

3) Exponential Model:

The exponential model provided reasonable accuracy for
long-haul routes but was less effective for shorter distances,
where costs do not increase exponentially. This observation
echoes the work of Lai et al. (2003), who found exponential
models useful in scenarios where costs rapidly escalate over
long distances but may overestimate short-haul expenses.
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Overall, the polynomial model provided the best fit, capturing
the non-linear trends present in cold chain logistics,
particularly for long-distance routes.

3.2 Seasonal Trends Analysis

Average Rate Per Mile and Rate Per Truckload Over Time
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Figure 4: This time series plot shows trends in rate per mile and per truckload, highlighting seasonal variation

Year-Over-Year Trends in Rate Per Mile by Quarter
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Figure 5: This line chart shows year-over-year trends by quarter, showcasing how rates vary seasonally

The analysis of seasonal data revealed significant cost
variations across quarters; Rates were consistently higher in
the second and third quarters, which aligns with peak
agricultural seasons. According to Lindgreen and Hingley
(2009), demand for refrigerated transport tends to rise during
these seasons, driven by the need to move perishable goods
rapidly from farms to markets.

The first and fourth quarters showed relatively lower rates,
indicating that transporting during these times could help

minimize logistics costs. This trend provides an opportunity
for cost savings in non-urgent shipments, supporting insights
from Rodrigue et al. (2006) that highlight the benefits of
adjusting transport schedules to match seasonal pricing trends.

Recognizing these seasonal patterns allows agricultural
logistics planners to strategically schedule shipments,
minimizing costs without compromising product quality.
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3.3 Regional Cost Variation

Average Rate Per Mile by Origin and Quarter
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Figure 6: The heat map displays the average transportation rate per mile across various regions (origins) and quarters. Darker
shades represent higher rates, while lighter shades indicate lower rates

Top 10 Cost-Efficient Routes by Rate Per Mile
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Figure 7: The chart displays the average rate per mile for each origin-destination pair, with routes such as "Mid-Atlantic to
Baltimore" and "New York to Boston" showing the highest costs.

Our analysis of transportation costs across different origin-
destination pairs has provided valuable insights into the
regions and routes where transportation expenses are highest,
a factor that is critical for logistics planning within
agricultural cold storage. The data reveal that high-cost routes
are primarily concentrated along the East Coast and routes
leading to major urban centers. Specifically, routes such as
"Mid-Atlantic to Baltimore, " "New York to Boston, " and
"New York to New York" exhibit the highest rates per mile.
This concentration of high-cost routes in densely populated,
high-demand areas reflects findings from Rodrigue and
Notteboom (2010), who emphasize that logistics costs tend to
be higher in urbanized regions with significant congestion,
demand, and infrastructure constraints. The elevated
transportation costs in these routes are influenced by the high
demand for logistics services in such areas, where limited
capacity, congestion, and high labor costs contribute to
increased expenses, as also noted by Holguin-Veras et al.
(2011).

On the West Coast, the data show that routes leading to Los
Angeles, including those from California, Arizona, and
Mexico-California, also rank among the most expensive in
terms of rate per mile. Los Angeles, a major port and
agricultural hub, experiences intense demand for refrigerated
transport services due to its role in agricultural production and
import-export activities.

This heightened demand, combined with infrastructural
limitations and congestion, contributes to the elevated
logistics costs associated with routes to Los Angeles. Hesse
and Rodrigue (2004) identify logistical hubs like Los Angeles
as regions where transportation costs are naturally higher, due
to a combination of complex urban infrastructure and the
specific requirements of cold chain logistics. Urban centers
such as Los Angeles incur additional costs because of the
specialized needs and regulations surrounding cold chain
logistics in densely populated and high-traffic areas.

Interestingly, our analysis shows the Midwest is absent from
the list of top 10 most expensive routes, suggesting that
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transportation rates may be comparatively lower in this region.
This observation is consistent with the research of Coyle et al.
(2003), who found that regions characterized by lower
population density and streamlined infrastructure, such as the
Midwest, generally have reduced logistics costs. The more
efficient freight networks and decreased congestion in these
regions contribute to their cost-effectiveness, making the
Midwest a potentially attractive area for agricultural
shipments aimed at minimizing logistics expenses. While our
current analysis does not specifically detail all cost-efficient
routes, the absence of Midwest-based routes from the highest-
cost category suggests that this region may offer viable, cost-
effective options for logistics planning in the agricultural
sector.

3.4 Implications for Agricultural Cold Chain Logistics
The insights gained from this analysis underscore the

importance of strategic route selection for managing logistics
costs within agricultural cold chain operations. By

understanding the regions and routes associated with the
highest costs, logistics managers can make informed
decisions that optimize transportation strategies, balancing
the need for timely delivery with cost considerations. For
agricultural products requiring cold storage, focusing on
lower-cost routes or avoiding high-cost urban centers, where
feasible, may yield substantial savings in transportation
expenses.

Our findings indicate that high-cost routes are primarily
concentrated on the East Coast and routes to urban centers on
the West Coast, particularly to major cities like Baltimore,
Boston, and Los Angeles. In contrast, the Midwest appears to
offer more cost-efficient routes, presenting a cost-effective
region for transporting agricultural goods that require cold
storage.

4. Discussion

Relationship Between Rate Per Mile and Rate Per Truckload
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Figure 8: The scatter plot illustrates the relationship between rate per mile and rate per truckload across various routes and
distance categories

4.1 Rate Per Mile vs. Rate Per Truckload

From the distribution of points, several insights can be
observed. The plot shows a concentration of points with a rate
per mile below 5 and a rate per truckload below 4000,
suggesting that most transportation activities fall within these
lower cost ranges. This cluster represents the majority of
routes, where transportation costs are relatively moderate for
both metrics. The high density in this area suggests that short-
haul and mid-range routes tend to have more stable and
predictable cost structures, aligning with previous research by
Ghiani et al. (2004), which notes that logistics costs for
shorter distances often exhibit lower variance due to reduced
fuel and maintenance requirements.

As the rate per mile increases beyond 5, there is a notable
spread in the rate per truckload, with some points reaching up
to 12, 000. This indicates that higher rate-per-mile routes can
have widely varying truckload costs. Longer or more complex
routes, likely represented by these points, often experience

increased expenses due to factors such as distance, route
complexity, or the need for additional services like
refrigeration, as discussed by Hesse and Rodrigue (2004).
This variance may also reflect high-demand, long-distance
routes where additional expenses, such as specialized
handling or equipment, drive up total transportation costs.

Notably, the plot reveals outliers with both high rate per mile
(above 15) and high rate per truckload (above 8000),
suggesting that certain routes incur disproportionately high
costs. These could correspond to routes requiring specialized
logistics, including refrigerated trucking for long-haul
agricultural shipments or routes traversing regions with
infrastructure challenges, further supporting findings by
Holguin-Veras et al. (2011) on the variability of costs in
complex logistics networks.
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4.2 Model Performance and Practical Implications

Our findings demonstrate that the polynomial model provides
the highest accuracy in estimating transportation costs,
particularly for cold storage logistics where non-linear cost
relationships are common. Polynomial models are effective
for capturing cost variability across distances, especially in
cases involving fluctuating operational expenses, as
supported by (SteadieSeifi et al.,, 2014). The model’s
flexibility makes it an invaluable tool for agricultural logistics,
where logistics managers need precise cost forecasts to
optimize budgets.

Accurate cost modeling, as noted by Tavasszy and de Jong
(2014), is essential for strategic decision-making, enabling
logistics managers to account for cost variations that affect
overall supply chain efficiency. By integrating the polynomial
model into route planning, agricultural firms can enhance cost
predictability, making logistics processes more resilient and
financially sustainable.

4.3 Seasonal Trends and Cost Optimization

Our seasonal analysis revealed distinct cost variations across
quarters, with higher transportation rates during peak
agricultural seasons (Q2 and Q3). This trend aligns with
industry observations that demand for cold storage logistics
increases significantly during harvest seasons, leading to rate
surges due to capacity constraints (Aung & Chang, 2014). For
firms operating within agricultural supply chains, scheduling
shipments during off-peak periods (Q1 and Q4) presents an
opportunity to reduce logistics expenses.

The strategic advantage of seasonal scheduling is well-
documented by Fawcett et al. (2014), who highlight how
aligning logistics operations with seasonal trends enables
firms to take advantage of lower costs and improve overall
efficiency. For cold storage logistics in particular, scheduling
flexibility allows agricultural firms to optimize costs while
maintaining quality standards for perishable products.

4.4 Regional Variations and Strategic Route Selection

Our analysis of regional variations in transportation costs
underscores the importance of route selection in managing
logistics expenses. High-cost regions such as California and
Texas, which showed elevated rates, are affected by regional
economic conditions and infrastructure limitations, a trend
observed in similar logistics studies (Hingley et al., 2011). In
contrast, more cost-effective routes in the Midwest offer
opportunities for firms to reduce overall transportation costs.
By selecting routes based on regional cost efficiencies,
logistics managers can mitigate the impact of high-cost areas,
an approach recommended by (Holguin-Veras et al., 2012) in
their research on freight transport optimization.

These regional insights will enable agricultural logistics
managers to design cost-effective transportation strategies
that leverage geographic variations, optimizing route
selection based on expense predictability (Rahaman, 2020).
This also aligns with findings by Chopra and Meindl (2016),
who argue that route optimization based on regional costs is

fundamental to improving logistics
geographically dispersed supply chains.

performance in

4.5 Implications for Agricultural Cold Storage Logistics

The results highlight the value of data-driven cost models and
trend analysis in agricultural cold storage logistics. With
precise cost estimates and insights into seasonal and regional
patterns, logistics managers can optimize transportation
scheduling, minimize costs, and maintain high standards for
perishable goods handling. The application of these models in
logistics aligns with strategies outlined by Min and Zhou
(2002), which stress the importance of adaptable and data-
driven decision-making in supply chain management.

These findings contribute to a broader understanding of
efficient logistics practices within agriculture, underscoring
the importance of adopting flexible models for cost
management. Further research could examine the integration
of machine learning models, which offer potential
improvements in predictive accuracy by capturing real-time
logistics data, as suggested by (Mejjaouli, S., & Babiceanu, R.
F.2018).

5. Conclusion

This study examined data-driven approaches to optimize
warehouse automation and route planning in agricultural cold
storage logistics. By analyzing transportation cost data, we
evaluated the effectiveness of linear, polynomial, and
exponential models in estimating transportation expenses.
The polynomial model demonstrated superior accuracy,
effectively capturing the non-linear cost relationships
inherent in cold chain logistics. This finding aligns with
previous research emphasizing the importance of flexible
modeling techniques in complex logistics scenarios (Ghiani
etal., 2004).

Seasonal analysis revealed that transportation rates peak
during the second and third quarters, corresponding with high
agricultural activity periods. This trend suggests that strategic
scheduling during off-peak seasons could lead to significant
cost savings, a strategy supported by existing literature on
seasonal logistics planning (Lindgreen & Hingley, 2009).

Regional cost variations were also significant, with certain
areas exhibiting consistently higher transportation rates.
Understanding these regional differences enables logistics
managers to make informed decisions regarding route
selection, optimizing cost efficiency in the supply chain. This
observation is consistent with studies highlighting the impact
of regional factors on logistics costs (Hesse & Rodrigue,
2004).
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