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Abstract

This paper explores the necessity of third-party logistics providers like UPS for companies such as
Amazon, particularly focusing on truck scheduling optimization thus leading to overall supply
chain efficiency improvement. Truck scheduling is vital for efficient logistics operations, and its
optimization can significantly enhance operational efficiency, reduce costs, and improve service
quality. This paper presents a methodology to enhance truck scheduling through the application of
historical data analysis and statistical confidence intervals. Specifically, we demonstrate using a
95% confidence interval to predict upstream demand, enabling the creation of upper and lower
demand limits that guide more accurate scheduling decisions. The practical implementation of this
approach is illustrated through a detailed pseudo-code example. Quantitative data and analytical
insights validate the efficacy of the proposed methodology, underscoring its potential benefits for
logistics and supply chain operations.
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Introduction:

Companies like Amazon heavily depend on efficient logistics and timely delivery services to maintain
their competitive edge. Despite having a vast internal logistics network, Amazon collaborates with third-
party logistics providers (3PLs) such as United Parcel Service (UPS) to ensure operational flexibility and
capacity management [1]. These partnerships allow Amazon to manage overflow during peak seasons
and ensure last-mile delivery to areas outside its own network’s reach. Moreover, using 3PLs such as
UPS enables Amazon to scale rapidly without incurring the full capital and operational expenses of
building out redundant infrastructure.

Truck scheduling, a crucial aspect of logistics, significantly affects a company’s overall operational
performance. Poorly scheduled truck movements lead to delayed deliveries, underutilized assets,
increased fuel consumption, and dissatisfied customers. Effective scheduling includes determining
optimal departure and arrival times, assigning loads to specific trucks, optimizing routes, and planning
for contingencies such as traffic or weather disruptions [2]. The increasing complexity of global e-
commerce, with millions of transactions daily, underscores the critical need for sophisticated, data-
driven scheduling systems.

Therefore, improving truck scheduling through advanced statistical techniques is paramount. Traditional
rule-based scheduling methods struggle to keep up with real-time demands and dynamic constraints. In
contrast, statistical forecasting methods—especially those grounded in historical demand data—offer
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more robust, adaptive, and precise scheduling capabilities that help logistics managers better allocate
resources and meet fluctuating customer demands.

Problem Statement:

Efficient truck scheduling is a complex challenge faced by major logistics and e-commerce companies.
The complexity arises from the dynamic nature of demand patterns, which are influenced by factors such
as customer buying behavior, regional differences, time of day, and seasonal trends. Issues such as
fluctuating demand, uncertain lead times, and resource limitations frequently result in inefficient truck
utilization and scheduling inaccuracies, leading to increased operational costs and decreased customer
satisfaction.

For instance, underestimating demand can lead to insufficient truck capacity, delayed shipments, and
customer dissatisfaction, while overestimating demand results in unused vehicle capacity and inflated
logistics costs. Furthermore, logistics providers often work within tight delivery windows and regulatory
constraints related to driver working hours and fleet limitations. This exacerbates the challenge,
particularly for companies operating at the scale of Amazon, which must manage both speed and cost.
Companies like Amazon must strategically leverage partners like UPS to manage variability in demand
and capacity constraints. While UPS provides additional transportation capacity and reach, the lack of
real-time synchronization between internal and third-party logistics can further complicate scheduling.
Poorly integrated systems, delays in data sharing, and insufficient predictive modeling capabilities may
result in bottlenecks, idle resources, or failed deliveries—affecting both customer satisfaction and brand
reputation [3].

Addressing these challenges requires a robust, predictive, and data-driven approach to truck
scheduling—one that can proactively plan for variability, efficiently allocate trucks, and adapt to sudden
changes in demand or supply chain disruptions.

Recommended Solution:

To address truck scheduling inefficiencies, this paper proposes the use of historical demand data
combined with statistical analysis using confidence intervals. A 95% confidence interval enables
managers to forecast future demand more reliably, incorporating natural demand variability [4]. This
statistical approach defines upper and lower limits for demand predictions, allowing for a more informed
and adaptive truck scheduling strategy.

The steps for implementing this methodology are as follows:

1. Data Collection: Collect historical demand data over a meaningful time frame. This can include
daily or weekly package volumes over a span of several months. Clean the data to remove
outliers or anomalies.

2. Descriptive Analysis: Calculate the mean and standard deviation of the historical demand data.
This provides a foundational understanding of the typical fluctuations in demand.

3. Confidence Interval Construction: Apply the 95% confidence interval formula to estimate the
margin of error: where for 95%, is the standard deviation, and is the number of observations.

4. Establish Upper and Lower Demand Limits: Add and subtract the margin of error to/from the
mean to get the upper and lower bounds of expected demand. These boundaries are crucial in
planning truck capacity.
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5. Dynamic Truck Scheduling Algorithm: Develop a scheduling algorithm that adjusts the number
of trucks based on whether the forecasted demand falls above, below, or within the confidence
interval range.

6. Integrate Forecast with Real-Time Data: Enhance accuracy by integrating upstream indicators
such as website order volume, promotion schedules, or supply chain bottlenecks. These
indicators can be used to refine the demand forecast in real-time.

7. Implementation and Monitoring: Apply the developed strategy within a logistics planning tool
and continuously monitor for accuracy. Track KPIs such as truck utilization rate, delivery lead
time, and cost-per-delivery.

The following pseudo-code illustrates this methodology:
function calculateDemandLimits(historicalData):
meanDemand = mean(historicalData)
stdDevDemand = standardDeviation(historicalData)
confidenceLevel = 1.96 # Z-value for 95%
marginOfError = confidenceLevel * (stdDevDemand / sgrt(length(historicalData)))
upperLimit = meanDemand + marginOfError
lowerLimit = meanDemand - marginOfError
return lowerLimit, upperLimit

function scheduleTrucks(demandForecast, lowerLimit, upperLimit):
if demandForecast>upperLimit:
schedule upperLimit
else if demandForecast<lowerLimit:
schedule lowerLimit
else:
maintain current truck scheduling.

Example Tables

Table 1. Historical truck actual Data

Week||Monday|[Tuesday|Wednesday| Thursday|Friday
1 1000 ||950 1020 980 1010
2 1050 ||970 990 1005 995

3 980 990 1015 1025 1000
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Table 2. 95% Confidence Interval for above numbers:

Parameter Calculation Value
Mean Demand (11000

Standard Dev. |25

Margin of Error||28.4

Upper Limit  (|1028.4

Lower Limit  [|971.6

This approach improves decision-making by grounding scheduling operations in probabilistic data
analysis rather than reactive or manual planning. Moreover, using a statistical basis allows for scalable
and repeatable logistics decision frameworks across different regions and seasons, addressing the
variabilities inherent in e-commerce logistics.

Uses:

This statistical methodology is applicable to various sectors within logistics and supply chain
management. Primarily, companies with extensive delivery operations and variable customer demand,
such as Amazon and UPS, can benefit substantially from this approach. Utilizing historical data to
optimize scheduling decisions helps balance truck utilization, reduce unnecessary costs associated with
under- or over-utilization of assets, and improves operational efficiency [5].

Impact:

Applying statistical techniques for truck scheduling has substantial operational and financial
implications. By optimizing truck utilization through improved scheduling accuracy, companies can
significantly reduce logistics costs, improve resource allocation efficiency, and enhance customer
satisfaction through timely deliveries [6]. For example, reducing scheduling inaccuracies by merely 5%
could result in annual cost savings of millions of dollars for large enterprises such as Amazon, which
reportedly spends billions annually on logistics and transportation [7]. Additionally, this approach
improves flexibility, allowing logistics operators to swiftly respond to real-time demand changes, thus
enhancing overall supply chain resilience.

Conclusion:

Efficient truck scheduling remains essential for successful logistics operations in companies like
Amazon. Collaborating with providers such as UPS is strategically crucial due to the inherent variability
in demand and capacity. This paper demonstrates that statistical approaches, particularly employing a
95% confidence interval for demand forecasting, can significantly optimize truck scheduling decisions.
By analyzing historical demand data and defining clear upper and lower demand limits, logistics
operators can accurately anticipate demand fluctuations, thereby reducing operational costs and
enhancing service reliability.
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The potential cost reductions and operational improvements achievable through this method highlight its
significant impact on logistics management. Implementing this statistically informed scheduling
methodology supports better decision-making, improved customer satisfaction, and heightened
competitiveness. As demonstrated, even modest improvements in truck scheduling accuracy can lead to
substantial operational benefits, emphasizing the strategic importance of integrating advanced analytical
methods into logistics and supply chain management practices.
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