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Urban cosmetic distribution requires routing decisions that satisfy delivery
time windows, vehicle capacity, and working-hour constraints. Conventional
routing models often rely on deterministic travel-time assumptions and
single-capacity limits, which may obscure lateness risk and volume overload.
This study proposes a risk-aware multi-capacity routing framework for shift-
feasible cosmetic distribution. Customer and depot coordinates were used
to estimate distances with the Haversine formula, adjusted by a circuity
factor and converted into travel time. The model applies split-delivery
preprocessing for oversized records, enforces weight and volume capacities,
and distinguishes delivery trips from vehicle requirements within a 09:00—
17:00 shift. Three routing models were evaluated: deterministic single-
capacity, distance-based multi-capacity, and risk-aware multi-capacity
routing. Results show that oversized records were split, eliminating unserved
and infeasible customers. The single-capacity model produced multiple over-
volume cases, while the multi-capacity model removed capacity violations
without significantly affecting lateness or resource needs. The risk-aware
model reduced lateness and late customers but increased travel time,
delivery trips, and vehicle requirements. Sensitivity analysis confirmed stable
conclusions across key assumptions. These findings highlight improved
delivery reliability alongside trade-offs between service performance and
resource usage.

This is an open-access article under the CC BY-SA license.
BY SA

1. Introduction

Urban distribution requires routing decisions that are not only efficient but also feasible under real
operational constraints. In daily delivery operations, route performance is affected by customer
location, service time, vehicle capacity, delivery time windows, travel duration, and driver working
hours. The Vehicle Routing Problem with Time Windows has therefore become an important model for
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logistics planning because customer service must be completed within specific time intervals [1], [2].
Classical vehicle routing studies emphasize distance, cost, and fleet assignment [3], [4], while recent
studies show that urban delivery problems are increasingly multi-constrained, involving soft time
windows, heterogeneous demand, vehicle capacity, travel-time variation, and service reliability [5], [6],
[7], [8]. A route with a short distance may still be operationally weak if it produces late deliveries,
exceeds vehicle capacity, or cannot be completed within the working shift. Therefore, routing evaluation
should not rely only on distance minimization, but should also consider lateness risk, loading feasibility,
and shift feasibility.

Cosmetic product distribution has a specific operational challenge because customer orders are
heterogeneous in weight and volume. A delivery unit may remain feasible based on weight capacity but
exceed the available vehicle space. Conversely, a vehicle may still have available space but carry a
relatively heavy load. Previous studies on vehicle routing with loading constraints show that route
feasibility can be affected by more than one loading dimension, especially when products have different
physical characteristics [9], [10], [11], [12], [13]. This issue becomes more critical when customer-date
demand exceeds single-vehicle capacity and requires split delivery or additional delivery units [14], [15],
[16]. If routing evaluation only uses weight capacity, the resulting route may appear feasible
mathematically while still being infeasible from a loading perspective. For this reason, cosmetic
distribution requires a routing framework that evaluates weight capacity, volume capacity, and split-
delivery feasibility simultaneously.

Travel time is another critical factor because it directly determines arrival time and lateness. Several
studies have addressed travel-time variation through time-dependent routing, stochastic routing, and
road-network-based approaches [7], [8], [17], [18]. However, direct road-network data or historical
traffic observations are not always available, stable, or computationally practical for applied routing
studies. In such conditions, coordinate-based distance approximation can provide a reproducible
alternative for route evaluation. The Haversine formula is commonly used to estimate geographical
distance between two latitude-longitude points [19], while circuity factors can approximate the
deviation between direct geographical distance and operational travel distance in urban networks [20],
[21]. Based on this rationale, this study uses distance-based travel-time scenarios to evaluate route
vulnerability. The scenarios are not intended to predict actual traffic conditions or represent historical
traffic percentiles, but to provide controlled travel-time levels for assessing lateness risk.

Heuristic and learning-based routing methods are widely used for complex vehicle routing variants
because exact optimization becomes difficult when time windows, capacity constraints, uncertainty,
and operational restrictions are considered simultaneously [5], [8] [22], [23], [24], [25]. However, many
applied routing models still emphasize distance minimization, travel-time optimization, or single-
capacity feasibility as separate concerns. Limited studies have jointly examined lateness-risk scenario
escalation, split-delivery preprocessing, simultaneous weight-volume capacity feasibility, and physical
vehicle utilization under a fixed working shift in a reproducible coordinate-based routing framework.
This gap is important because delivery trips and physical vehicles are not always equivalent. A vehicle
may perform more than one delivery trip within the same working day if it can return to the depot,
reload, and depart again before the shift ends.

Previous studies have addressed vehicle routing with time windows, split delivery, loading
constraints, time-dependent routing, and heuristic route construction. However, these components are
commonly examined as separate modeling concerns. Many routing studies focus on reducing distance
or travel time, while loading feasibility, lateness-risk escalation, and physical vehicle reuse under a fixed
daily working shift are not always evaluated simultaneously. This separation may produce routing
results that appear feasible from one perspective but remain operationally weak from another, for
example routes that satisfy weight capacity but violate volume capacity, or routes that reduce travel
distance but cannot be completed within the working shift.

This study addresses this gap by proposing an integrated routing evaluation framework for shift-
feasible cosmetic distribution. The scientific contribution of this study is not the development of a new
optimization algorithm, but the integration of four operational components into one reproducible
framework: split-delivery preprocessing for oversized demand, simultaneous weight-volume capacity
feasibility, lateness-risk-based travel-time scenario escalation, and multi-trip physical vehicle utilization
within a 09:00-17:00 working shift. This integration enables the framework to evaluate hidden loading
infeasibility, lateness exposure, and the trade-off between service reliability and operational resource
requirements.
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This study proposes a risk-aware multi-capacity routing framework for shift-feasible cosmetic
distribution. The framework estimates geographical distance using the Haversine formula, adjusts it
using a circuity factor, and converts it into travel time using a baseline speed. Oversized customer-date
records are first handled using split-delivery preprocessing so that each delivery unit can satisfy single-
vehicle capacity. The model then evaluates three routing configurations: deterministic single-capacity
routing, distance-based multi-capacity routing, and risk-aware multi-capacity routing. The final
framework distinguishes delivery trips from physical vehicle requirements by allowing vehicles to be
reused within a 09:00-17:00 working shift. The new value of this study lies in the integration of distance-
based travel-time scenarios, lateness-risk-based scenario escalation, split-delivery preprocessing, two-
dimensional capacity feasibility, and shift-feasible vehicle utilization. This study does not aim to develop
a new optimization algorithm, but to provide a transparent and reproducible routing evaluation
framework for assessing delivery feasibility, lateness vulnerability, and operational resource trade-offs
in urban cosmetic distribution.

2. Literature Review

To provide a more detailed understanding of the relevant concepts, the following subsection
discusses the Vehicle Routing Problem with Time Windows.

2.1 Vehicle Routing with Time Windows

The Vehicle Routing Problem with Time Windows is widely used to model delivery operations in
which customers must be served within specific time intervals. This model is relevant for urban logistics
because route feasibility depends not only on distance and fleet capacity, but also on arrival time,
service duration, and customer availability [1], [2]. Classical vehicle routing models provide the
foundation for route planning and fleet assignment [3], [4], while recent studies show that modern
delivery systems increasingly involve multiple constraints, such as soft time windows, demand
uncertainty, heterogeneous vehicles, and service reliability [5], [6], [7], [8].

In practical delivery operations, time-window violations do not always make a route impossible,
but they indicate a decline in service quality. Therefore, soft time-window modeling is often used to
allow late delivery while measuring lateness as a penalty or reliability indicator [5], [6]. This study adopts
this perspective by treating lateness as an evaluative outcome rather than an absolute route rejection
criterion. The performance of each routing model is therefore assessed using late customers, lateness
rate, total lateness, and maximum lateness.

2.2 Multi-Capacity and Loading Feasibility

Vehicle capacity is often represented using a single dimension, commonly weight. However, this
simplification may be insufficient for product distribution involving heterogeneous physical
characteristics. Cosmetic products may differ in packaging size, volume, and weight, making it possible
for a vehicle to satisfy weight capacity while exceeding volume capacity. Studies on vehicle routing with
loading constraints show that route feasibility can be affected by loading dimensions and product
arrangement, especially when demand cannot be represented by weight alone [9], [10], [11], [12], [13].

Two-dimensional loading and multi-capacity routing provide a more realistic representation of
vehicle feasibility because they consider more than one capacity dimension. In this study, capacity
feasibility is evaluated using both weight utilization and volume utilization. This approach differs from
single-capacity routing models because a route is considered feasible only when both capacity
dimensions remain within vehicle limits. The distinction is important for cosmetic distribution, where
route plans that appear feasible based on weight may still be operationally infeasible due to volume
overload.

2.3 Split Delivery for Oversized Demand

Split delivery is relevant when customer demand exceeds the capacity of a single vehicle or when
dividing demand can improve routing feasibility. Previous studies have examined split delivery in
relation to loading constraints, heterogeneous fleets, and delivery options [14], [15], [16]. In practical
logistics, split delivery allows a large customer order to be served through more than one delivery unit
instead of being treated as infeasible.

This study applies split-delivery preprocessing to customer-date records whose aggregated
demand exceeds single-vehicle capacity. The purpose is not to artificially improve route performance,
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but to ensure that oversized delivery demand is transformed into feasible delivery units before route
construction. This preprocessing step is necessary because a routing model cannot realistically serve a
customer-date demand that exceeds both vehicle capacity and loading feasibility in one trip. Therefore,
split delivery functions as a feasibility correction before comparing the routing models.

2.4 Distance-Based Travel-Time Scenario

Travel time is a critical component of vehicle routing with time windows because it directly affects
arrival time and lateness. Some routing studies model travel-time variation using time-dependent
routing, stochastic routing, historical traffic data, or road-network-based computation [7], [8], [17], [18].
These approaches are useful when reliable traffic or network data are available. However, such data
may not always be accessible, stable, or computationally practical for applied distribution studies.

In situations where direct road-network data are not used, coordinate-based distance
approximation can be applied as a reproducible alternative. The Haversine formula is commonly used
to estimate geographical distance between two latitude-longitude points [19]. Since straight-line
distance does not fully represent actual travel distance, a circuity factor can be used to approximate the
difference between geographical distance and operational travel distance [20], [21]. Based on this logic,
this study estimates travel time from adjusted coordinate-based distance and evaluates three travel-
time scenarios: normal, moderate-risk, and high-risk conditions. These scenarios are used for sensitivity-
based lateness evaluation, not for claiming actual traffic prediction.

2.5 Heuristic Routing and Risk-Aware Evaluation

Vehicle routing problems become computationally challenging when time windows, capacity
constraints, travel-time variation, and operational restrictions are considered simultaneously. For this
reason, heuristic and learning-based approaches are widely used to obtain practical routing solutions
within reasonable computational effort [5], [8], [22],[23], [24], [25]. In applied routing studies, heuristic
methods are especially useful when the objective is not to prove mathematical optimality, but to
evaluate routing feasibility and operational trade-offs.

This study uses a Parallel Nearest Neighbor with Soft Time Windows heuristic as the route
construction engine. The heuristic selects customers based on travel time, waiting time, predicted
lateness, due-time urgency, and capacity feasibility. However, the contribution of this study does not lie
in proposing a new optimization algorithm. Instead, the contribution lies in embedding route
construction into a risk-aware multi-capacity evaluation framework. The model first evaluates route
performance under normal travel-time conditions and then uses the initial lateness rate to determine
whether a more conservative travel-time scenario is required.

2.6 Shift-Feasible Vehicle Utilization

In many routing studies, the number of routes is often interpreted as the number of vehicles. This
assumption may be too simplistic for daily distribution operations because one physical vehicle can
perform more than one delivery trip within the same working shift. A route or trip represents one depot-
customer-depot cycle, while a physical vehicle represents an operational resource that may be reused
if sufficient working time remains.

This study distinguishes delivery trips from physical vehicles required. A vehicle is allowed to
perform multiple trips if it can return to the depot, complete reload time, and start another trip within
the 09:00-17:00 working shift. This distinction is important because multi-capacity routing may increase
the number of delivery trips, but not necessarily in the same proportion as physical vehicle
requirements. Therefore, shift-feasible vehicle utilization provides a more realistic basis for interpreting
routing results and operational resource trade-offs.

2.7 Research Position

Based on the reviewed literature, previous studies have addressed vehicle routing with time
windows, soft time windows, time-dependent routing, loading constraints, split delivery, and heuristic
route construction. However, these components are often discussed separately. Many studies
emphasize route distance, travel-time optimization, or capacity feasibility without jointly evaluating
lateness-risk escalation, split-delivery preprocessing, simultaneous weight-volume capacity, and
physical vehicle utilization under a fixed working shift.

This study fills this gap by proposing a risk-aware multi-capacity routing evaluation framework for
shift-feasible cosmetic distribution. The framework integrates distance-based travel-time scenarios,
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split-delivery preprocessing, soft time-window lateness evaluation, weight-volume capacity feasibility,
and multi-trip physical vehicle utilization. The contribution of this study lies in showing how these
components interact in a daily delivery setting, particularly in identifying hidden volume overload,
evaluating lateness vulnerability, and distinguishing delivery trips from physical vehicles. Therefore, the
proposed framework provides a more realistic basis for interpreting routing feasibility and operational
resource trade-offs in urban cosmetic distribution.

3. Method

This section describes the methodology used in this study. The following subsection outlines the
research design.

3.1 Research Design

This study used a computational routing experiment to evaluate urban cosmetic distribution under
time-window, capacity, travel-time risk, and working-shift constraints. The research design compared
three routing configurations: deterministic single-capacity routing, distance-based multi-capacity
routing, and risk-aware multi-capacity routing. The comparison was intended to examine how routing
performance changes when volume feasibility, split delivery, and shift-feasible vehicle utilization are
considered.

The research procedure consisted of six stages: data acquisition, data preprocessing, split-delivery
preprocessing, distance and travel-time estimation, route construction, and performance evaluation.
The overall research framework is shown in Figure 1. The methodological design was supported by
previous studies on vehicle routing with time windows, soft time windows, loading constraints, split
delivery, distance approximation, and heuristic routing [1], [25].

Daily Cosmetic Distribution Dataset
Customer coordinates; Depot coordinate; Order demand (weight & volume); Customer time windows &
delivery date

l

Data Acquisition and Cleaning
Remove invalid coordinates; Convert weight and volume; Transform time windows into minutes

l

Customer-date Aggregation
Aggaregate orders by delivery date and customer

l

Split-delivery Preprocessing
Identify oversized demand; Split records exceeding vehicle capacity

I

Service-time Calculation le  Vehicle weight
Estimate handling time from weight and volume : capacity = 10.000 kg
|® Vehicle volume
cm3

Distance and Travel-time Estimation
Haversine distance; Circuity factor; Baseline speed = 40 km/h

e Travel-time
multipliers: 1.00, 1.25,

l LS _ 1

Routing Model Contruction
S1 Deterministic Single-Capacity: Normal travel time & Weight capacity only
S2 Distance Based Multi-Capacity: Normal travel time & Weight and volume capacity
S3 Risk Aware Multi Capacity: Risk based travel time screnario & Weight and volume capacity

l

Shift Feasible Trio Scheduling
09.00 — 17.00 working shift; Multi-trip vehicle route; 15 minute reload time

l

Performace Evaluation
Lateness indicators; Capacity utilization; Delivery trips; Physical vehicle required; Working-time
feasibility

l

Comparative Analysis of S1, S2, S3
Service reliability; Capacity feasibility; Operational resource trade-off

l = capacity = 3.992.800
I
I
I
I
I

Figure 1. Research framework of the proposed risk-aware multi-capacity routing model
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This study does not aim to develop a new optimization algorithm. Instead, it provides a
reproducible routing evaluation framework that integrates distance-based travel-time scenarios, split-
delivery preprocessing, two-dimensional capacity feasibility, lateness-risk-based scenario escalation,
and shift-feasible physical vehicle utilization.

3.2 Data Acquisition

The dataset used in this study represents daily cosmetic product delivery operations. The data
include customer identity, customer coordinates, delivery date, total product demand, total weight,
total volume, customer time window, and depot coordinate. The depot is treated as the starting and
ending point of each delivery trip. Each delivery date is treated as one routing instance. The main input
variables and operational parameters are presented in Table 1 and 2.

Table 1. Main variables and operational parameters

Variable / Parameter Description Value / Source
Customer coordinate Latitude and longitude of customer location Dataset
Depot coordinate Latitude and longitude of depot Dataset
Delivery date Daily routing instance Dataset

. . Aggregated
Weight demand, (w; Total product weight per customer
& (wi) P entp order data
Aggregated
Volume demand, (u;) Total product volume per customer
order data
Time window, (ej, 1;) Earliest and latest service time Dataset
S , S Calculated
Service time, (s_i) Customer handling time

from demand

Table 2. Main variables and operational parameters

Variable / Parameter Description Value / Source
Weight capacity, (W) Maximum vehicle weight load 10,000 kg
Volume capacity, (U) Maximum vehicle volume load 3,992,800 cm?
Baseline speed, (S) Assumed average delivery speed 40 km/h

Adjustment from geographical distance to

Circuity factor, (p) operational distance 1.35

Working shift Daily operational period 09:00-17:00
Reload time Depot handling time between trips 15 minutes
Travel-time scenarios Normal, moderate-risk, high-risk 128' 1.25,

3.3 Operational Parameter Justification

The operational parameters used in this study were treated as controlled scenario assumptions for
routing evaluation rather than direct traffic prediction parameters. The circuity factor of 1.35 was used
to adjust straight-line Haversine distance into an approximate operational travel distance because
actual urban travel paths are generally longer than geographical distance. The baseline speed of 40 km/h
was used as a controlled average-speed assumption for urban delivery evaluation. The travel-time
multipliers of 1.00, 1.25, and 1.50 represent normal, moderate-risk, and high-risk travel-time scenarios,
respectively. These multipliers were used to assess routing vulnerability under progressively more
conservative travel-time conditions. The reload time of 15 minutes represents depot handling time
required before a physical vehicle can start another delivery trip.

The lateness-risk thresholds were defined as operational risk categories for scenario escalation. A
lateness rate below 10% was categorized as normal because only a small proportion of served customers
experienced late arrival. A lateness rate between 10% and 30% was categorized as moderate-risk
because lateness affected a noticeable portion of daily deliveries and required a more conservative
travel-time scenario. A lateness rate of 30% or higher was categorized as high-risk because lateness
affected a substantial share of the delivery operation. These thresholds were used as decision rules for
risk escalation, not as universal traffic-risk standards.
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The service-time equation was defined as an operational handling assumption consisting of a fixed
handling component and demand-dependent handling components. The fixed term represents
minimum customer handling activity, while the weight and volume coefficients represent additional
handling effort associated with larger delivery quantities. Since these coefficients were not estimated
from direct time-motion observation, this assumption is acknowledged as a limitation of the current
study and should be calibrated using observed service-time data in future research.

3.4 Data Preprocessing

The preprocessing stage was conducted to prepare the delivery data for daily routing evaluation.
First, records with missing customer coordinates were removed because distance calculation requires
valid latitude and longitude values. Second, weight and volume values were converted into numerical
format. Third, time-window values were transformed into minutes from midnight to support arrival-
time, waiting-time, and lateness calculations.

Order records were then aggregated by delivery date and customer. This aggregation was required
because one customer may have more than one order record on the same delivery date. After
aggregation, weight and volume were summed for each customer-date pair. The customer location was
retained from the coordinate record, while the customer time window was represented using the
available start and end times.

3.5 Notation

Let (C) denote the set of customers and node (0) denote the depot. The symbols (i) and
(j) represent origin and destination nodes. Each customer (i € C) has weight demand (w;), volume
demand (u;), earliest service time (e;), latest service time (l;), and service time (s;). The vehicle weight
capacity is denoted by (W), while the vehicle volume capacity is denoted by (U). The arrival time and
departure time at customer (i) are denoted by (a;) and (d;), respectively. The lateness at customer (i)
is denoted by (L;), while the waiting time is denoted by (WT;). The travel-time risk scenario is denoted
by (r € {normal, moderate, high}).

3.6 Split-Delivery Preprocessing

After customer-date aggregation, some records may exceed single-vehicle capacity. Such records
cannot be served by one vehicle trip without split delivery or a larger vehicle. Therefore, this study
applies split-delivery preprocessing to oversized customer-date records before route construction. The
number of split units for customer (i) is calculated using equation (1).

= max (][] 2

Where (m;) is the number of split delivery units, (w;) is the aggregated weight demand, (u;) is the
aggregated volume demand, (W) is vehicle weight capacity, and (U) is vehicle volume capacity. If
(m; > 1), the customer-date demand is divided into (m;) delivery units. The weight and volume of
each split unit are calculated using equation (2) and (3).

r_ fwi}
ET g (2)
r_ {ui}

W= {m;} (3)

Where (w;) and (u;) denote the weight and volume of each split unit. This preprocessing step ensures
that each delivery unit is feasible under single-vehicle capacity before routing is performed. Split
delivery is applied only to customer-date records whose demand exceeds vehicle capacity.

3.7 Distance and Travel-Time Estimation

This study uses a coordinate-based distance approximation because direct road-network and
historical traffic data are not used. The geographical distance between two nodes is calculated using the
Haversine formula [19]. Since straight-line distance does not fully represent operational travel distance,
the geographical distance is adjusted using a circuity factor [20], [21]. The estimated operational
distance was calculated using equation (4).
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Dyjy = pdifs” (4)
Where (D{i]-}) denotes the estimated operational distance from node (i) to node (j), (dég.?}) denotes

the geographical distance, and (p) denotes the circuity factor. In this study, (p = 1.35). The baseline
travel time is calculated using equation (5).

{base} _ {D{ij}}
Ty = X 60 (5)

Where T{{il}?se} is the baseline travel time in minutes and (S) is the baseline speed in km/h. In this study,
(S=40) km/h. To represent travel-time risk, three scenario multipliers are calculated using equation (6)

) _ , plbase)
Tap =¥ Ty (6)

Where T{{iﬁ is the travel time under risk scenario (), and (¥;.) is the scenario multiplier. The multiplier
is defined using equation (7)
1.00, r = normal
y, = 1.25, r =moderate (7)
1.50, r= high

These scenarios are used as sensitivity-based travel-time levels for evaluating lateness vulnerability.
They are not intended to represent historical traffic percentiles or actual traffic prediction.

3.8 Service Time, Arrival Time, and Lateness
Service time at customer (i) is calculated using equation (8)

s; = 8+ 0.05w; + 0.00001u; (8)
where (s;) is the service time in minutes, (w;) is the weight demand, and (u;) is the volume demand of

customer (7). The equation represents fixed handling time and demand-based handling time. If a vehicle
travels from node (i) to node (j), the arrival time at node (j) is calculated using equation (9)

The departure time from customer (i) is calculated using equation (10)
d; = max(a;, e;) +s; (10)

where (max (a;, ei)) indicates that the vehicle waits if it arrives before the earliest service time.
Waiting time is calculated using equation (11)

WT; = max(0,e; — a;) (11)
Lateness is calculated using equation (12)
L; = max(0,a; — ;) (12)
Total lateness is calculated using equation (13)
TL = Yjiecy Li (13)

The lateness rate is calculated using equation (14)

22



— {N{late}}
{N{served}}

LR x100% (14)

{N (late}}

W ] is the number of late customers.
{served}

Where (LR) is the lateness rate and

3.9 Capacity Feasibility
For each delivery trip (p), let (C_p) denote the set of customers or delivery units served in that trip.
Weight utilization is calculated using equation (15)

wu, = {@}ﬂw% (15)
Volume utilization is calculated using equation (16)
VU, = {@}nm% (16)

A delivery trip is considered capacity-feasible if both conditions are calculated using equation 17 and
18.

WU, < 100% (17)
VU, < 100% (18)

In the deterministic single-capacity baseline, only weight capacity is enforced during route
construction, while volume utilization is evaluated after routing. In the multi-capacity models, both
weight and volume constraints are enforced during route construction.

3.10 Routing Configurations

This study evaluates three routing configurations to compare the effect of capacity representation
and travel-time risk on delivery performance. The first configuration is the deterministic single-capacity
baseline, denoted as S1. This configuration uses the normal travel-time scenario and enforces only
vehicle weight capacity during route construction. Volume utilization is not used as a hard constraint in
S1, but it is evaluated after routing to identify whether a route that appears feasible based on weight
may still violate volume capacity.

The second configuration is distance-based multi-capacity routing, denoted as S2. This
configuration also uses the normal travel-time scenario, but it enforces both weight and volume
capacity during route construction. A customer or delivery unit can only be inserted into a delivery trip
if the remaining vehicle capacity is feasible in both dimensions. Therefore, S2 is used to evaluate
whether simultaneous weight-volume constraints can reduce hidden capacity violations compared with
the single-capacity baseline.

The third configuration is risk-aware multi-capacity routing, denoted as S3. This configuration
extends S2 by incorporating lateness-risk-based travel-time scenario escalation. The model first
evaluates the initial lateness rate under the normal travel-time scenario. Based on this lateness rate,
the travel-time scenario is then selected as normal, moderate-risk, or high-risk. The selected scenario is
used to construct the final risk-aware routing result. This configuration is designed to evaluate how
delivery performance changes when routing decisions are assessed under more conservative travel-
time conditions. The risk scenario is selected according to equation (19).

normal, LR < 10%
r(LR) = {moderate,10% < LR < 30% (19)
high, LR = 30%

Where (LR) is the initial lateness rate. The lateness-risk thresholds were defined as operational risk
categories for scenario escalation. A lateness rate below 10% was categorized as normal because only
a small proportion of served customers experienced late arrival. A lateness rate between 10% and 30%
was categorized as moderate-risk because lateness affected a noticeable portion of daily deliveries. A
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lateness rate of 30% or higher was categorized as high-risk because lateness affected a substantial share
of the delivery operation. The lateness-risk-based scenario escalation mechanism is illustrated in
Figure 2.

Initial routing under normal Evaluate initial Initial lateness
travel -time scenario (y = 1.00) "| lateness rate (LR) rate (LR)
LR < 10% 10% < LR < 30% LR >30%
A 4 A A 4
Scenario: Normal Scenario: Moderate-risk Scenario: High-risk
(y =1.00) (y=1.25) (y=1.50)

|

Construct final routing
using the selected travel-
time scenario

Figure 2. Lateness-risk-based travel-time scenario escalation mechanism

3.11 Route Construction Heuristic

Route construction is performed using a Parallel Nearest Neighbor with Soft Time Windows
heuristic. The heuristic was selected because it provides a transparent and reproducible procedure for
applied vehicle routing studies [22], [23], [24], [25]. The next customer is selected using a composite
score that considers travel time, predicted lateness, waiting time, and due-time urgency. For candidate
customer (j), the score is calculated using equation (20).

Score; = T} + wy Lj + w,WT; + w3 DU; (20)

Where T{{iﬁ is the travel time from current node (i) to candidate customer (j), (L]-) is predicted

lateness, (WT]) is waiting time, and (DUj) is due-time urgency. The coefficients (w,), (w,), and (w3)
determine the relative contribution of lateness, waiting time, and urgency. In this study, the score
weights were set as w; = 10.00, w, = 0.15, and w5 = 0.05. These values indicate that predicted
lateness was prioritized over waiting time and due-time urgency during customer selection. The
customer with the lowest score is selected as the next visit if capacity and shift feasibility remain
satisfied.

3.12 Shift-Feasible Physical Vehicle Utilization

This study distinguishes delivery trips from physical vehicle requirements. A delivery trip
represents one depot-customer-depot cycle, while a physical vehicle may perform more than one trip
within the same working shift. The working shift is defined from 09:00 to 17:00.

A trip can be assigned to a physical vehicle if the vehicle can depart from the depot, serve
customers, return to the depot, and remain within the end of the working shift. The shift feasibility
condition is calculated using equation (21).

tind < glend) (21)

where tz{,end} is the return time of delivery trip (p), and H{e"} is the end of the working shift. After
a vehicle returns to the depot, it can be reused for another trip if the following condition is calculated
using equation (22).

tz{Jend} + tlreload} < pyend} (22)

where t{¢l0ad} is the reload time at the depot. In this study, t"€1°2@}=15) minutes. If an existing vehicle
cannot perform the next trip within the shift, a new physical vehicle is opened. Therefore, the number
of delivery trips and the number of physical vehicles are reported separately.
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3.13 Algorithm Procedure

The complete procedure of the proposed framework is summarized in Algorithm 1. The process
begins with data acquisition and customer-date aggregation, followed by split-delivery preprocessing
for oversized demand. Distance and travel time are then estimated using Haversine distance, a circuity
factor, and scenario-based travel-time multipliers. Three routing configurations are constructed
sequentially: S1 as the deterministic single-capacity baseline, S2 as the distance-based multi-capacity
model, and S3 as the risk-aware multi-capacity model using lateness-based scenario escalation. Each
generated trip is evaluated to ensure capacity feasibility and the ability to return to the depot within
the 09:00-17:00 working shift. Finally, feasible trips are assigned to physical vehicles using multi-trip
utilization, and the three configurations are compared using lateness, capacity, travel-time, delivery-
trip, and physical-vehicle indicators.

Algorithm 1. Risk-Aware Multi-Capacity Routing with Split Delivery and Shift Feasibility

Input:

Customer coordinates and depot coordinates

Customer weight demand and volume demand

Customer time windows

Vehicle weight and volume capacity

Working shift and reload time

Baseline speed and circuity factor

Travel-time scenario multipliers

Lateness-risk thresholds

Output:
Delivery trips
Physical vehicles required
Lateness indicators
Capacity utilization
Working-time feasibility status
Step 1: Load customer, depot, demand, coordinate, and time-window data.
Step 2: Aggregate order records by delivery date and customer.
Step 3: Convert time windows into minutes from midnight.
Step 4: Identify oversized customer-date records.
Step 5: Apply split-delivery preprocessing when weight or volume exceeds vehicle capacity.
Step 6: Calculate service time for each delivery unit.
Step 7: Estimate geographical distance using the Haversine formula.
Step 8: Adjust geographical distance using the circuity factor.
Step 9: Convert operational distance into baseline travel time.
Step 10: Construct S1 using normal travel time and weight-only capacity.
Step 11: Construct S2 using normal travel time and weight-volume capacity.
Step 12: Calculate the initial lateness rate under S2.
Step 13: Select risk scenario using the lateness-rate threshold rule.
Step 14: Construct S3 using the selected travel-time scenario.
Step 15: Ensure each trip can return to the depot before the end of the working shift.
Step 16: Assign feasible trips to physical vehicles using multi-trip utilization.
Step 17: Calculate lateness, travel time, distance, capacity utilization, delivery trips, and physical vehicles
required.
Step 18: Compare S1, S2, and S3 using aggregate performance indicators.

3.14 Model Testing and Evaluation Metrics

The models were tested using all daily delivery instances in the dataset. Each delivery date was
treated as one routing instance. The results were reported using mean and standard deviation across
delivery dates, with mean and SD presented in separate columns.

The evaluation metrics include served customers, unserved customers, infeasible customers, late
customers, lateness rate, total lateness, maximum lateness, total distance, total travel time, delivery
trips, physical vehicles required, average trips per vehicle, vehicle workload, weight utilization, volume
utilization, over-capacity cases, and working-time violation cases.
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Relative changes from the deterministic single-capacity baseline were also calculated to evaluate
how the multi-capacity and risk-aware configurations differ from the simplified baseline. The analysis
focuses on three aspects: service reliability, capacity feasibility, and operational resource trade-off.

3.15 Statistical Test and Sensitivity Analysis

Statistical testing was conducted to evaluate whether the observed differences among S1, S2, and
S3 were statistically meaningful. Since the three routing configurations were evaluated on the same 63
delivery dates, paired statistical testing was applied. The Shapiro-Wilk test was first used to examine the
normality of paired differences. Because several paired differences were not normally distributed, the
Wilcoxon signed-rank test was used as the main non-parametric test.

Sensitivity analysis was also conducted by rerunning the routing framework under alternative
operational assumptions. The tested parameters included baseline speed, circuity factor, reload time,
lateness-risk threshold, travel-time multiplier, and service-time scale. This analysis was conducted to
examine whether the main conclusions remained stable under different operational settings.

4. Results and Discussion

The results of this analysis are presented and discussed in the following section.

4.1 Split-Delivery Preprocessing and Routing Feasibility

The routing evaluation was conducted using 63 daily delivery instances. Before route construction,
customer-date records whose aggregated demand exceeded single-vehicle capacity were processed
using split-delivery preprocessing. As shown in Table 3, six oversized customer-date records were
identified and transformed into seven additional delivery units. The maximum split count was three,
indicating that the largest oversized demand required three feasible delivery units.

Table 3. Split-delivery preprocessing summary

Indicator Value
Oversized records split 6
Additional delivery units 7
Maximum split count 3

After split-delivery preprocessing, all routing configurations produced zero unserved customers
and zero infeasible customers. In addition, all delivery trips satisfied the 09:00-17:00 working-shift
constraint, as indicated by zero working-time violation cases. This confirms that the split-delivery and
shift-feasibility mechanisms successfully transformed the delivery dataset into feasible routing
instances before the three routing configurations were compared.

4.2 Aggregate Operational Performance

Table 4 presents the aggregate operational performance of the three routing configurations. The
values are reported as mean and standard deviation (SD) across all delivery dates. The deterministic
single-capacity baseline (S1), the distance-based multi-capacity routing model (S2), and the risk-aware
multi-capacity routing model (S3) served the same average number of customers or delivery units,
namely 62.44 per day. This indicates that the comparison was conducted under equal service coverage.

Table 4. Aggregate operational performance

Indicator S1 S2 S3

Mean SD Mean SD Mean SD
Served customers 62.44 19.68 62.44 19.68 62.44 19.68
Unserved customers 0.00 0.00 0.00 0.00 0.00 0.00
Infeasible customers 0.00 0.00 0.00 0.00 0.00 0.00
Late customers 8.25 4.35 8.22 3.97 7.13 3.79
Lateness rate (%) 12.88 5.13 12.89 4.67 11.05 4.83
Total lateness (min) 671.54 424.56 689.96 436.95 636.85 424.70

Maximum lateness (min) 206.03 115.59 210.33 114.33 227.84 121.21
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Total distance (km) 420.95 130.96 424.06 133.28 429.02 133.86

Total travel time (min) 631.43 196.44 636.10 199.92 765.79 259.82
Delivery trips 3.05 0.96 3.10 1.03 3.40 1.11
Physical vehicles 3.05 0.96 3.06 0.97 3.37 1.07
required

Working-time violation 0.00 0.00 0.00 0.00 0.00 0.00
cases

The S2 model produced lateness performance that was close to the S1 baseline. The lateness rate
changed only from 12.88% in S1 to 12.89% in S2, while total lateness increased slightly from 671.54
minutes to 689.96 minutes. Therefore, the main contribution of S2 is not lateness reduction, but
capacity-feasibility correction. By enforcing both weight and volume capacity, S2 prevents hidden
volume overload that cannot be detected by a weight-only baseline.

The S3 model produced the lowest average number of late customers and the lowest lateness rate.
The mean number of late customers decreased from 8.25 in S1 to 7.13 in S3, while the lateness rate
decreased from 12.88% to 11.05%. Total lateness also decreased from 671.54 minutes to 636.85
minutes. However, this improvement was achieved with additional operational resources. S3 required
an average of 3.40 delivery trips and 3.37 physical vehicles, compared with 3.05 delivery trips and 3.05
physical vehicles in S1. This indicates that risk-aware routing improves service reliability but requires
higher resource allocation.

As illustrated in Figure 3. the difference between delivery trips and physical vehicles becomes
visible after shift-feasible vehicle utilization is applied. S3 required more delivery trips and physical
vehicles than S1 and S2, indicating that lateness reduction was achieved through additional operational
resource allocation. This confirms that delivery trips should not be interpreted directly as physical
vehicles, because one vehicle may perform multiple trips within the working shift if sufficient time
remains.

Delivery Trips and Physical Vehicle Requirement

mmm Delivery trips
mm Physical vehicles

Count

51 52 s3
Routing model

Figure 3. Delivery trips and physical vehicle requirements across routing models

4.3 Relative Change from the Baseline

Table 5 presents the relative performance changes of S2 and S3 compared with the deterministic
single-capacity baseline. S2 reduced late customers by only 0.38%, while its lateness rate increased
slightly by 0.09% and total lateness increased by 2.74%. These changes are relatively small, indicating
that enforcing multi-capacity constraints does not substantially worsen punctuality. However, S2
increased delivery trips by 1.56% and physical vehicle requirements by 0.52%, showing that a minor
operational adjustment was needed to achieve loading feasibility.

Table 5. Relative change from s1 baseline

Indicator S2vsS1 (%)  S3vsS1 (%)
Late customers -0.38 -13.65
Lateness rate 0.09 -14.17
Total lateness 2.74 -5.17
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Maximum lateness 2.09 10.58

Total distance 0.74 1.92
Total travel time 0.74 21.28
Delivery trips 1.56 11.46
Physical vehicles required 0.52 10.42

Compared with S1, S3 reduced late customers by 13.65%, lateness rate by 14.17%, and total
lateness by 5.17%. However, the statistical test later shows that the reduction in total lateness was
descriptive and not statistically significant. These results show that risk-aware routing can reduce overall
lateness exposure. However, S3 increased total travel time by 21.28%, delivery trips by 11.46%, and
physical vehicles by 10.42%. Therefore, S3 should not be interpreted as the most resource-efficient
configuration. Instead, it represents a service-reliability-oriented configuration that reduces lateness at
the cost of additional operational resources.

An important observation is that S3 increased maximum lateness by 10.58%, although it reduced
late customers, lateness rate, and total lateness. This indicates that risk-aware routing reduced lateness
more broadly across delivery instances, but some individual trips still experienced higher extreme
lateness. This finding suggests that future improvements should include stronger control of maximum
lateness, such as adding a hard lateness limit or a stronger penalty for highly delayed customers.

Figure 4 further shows the difference between weight and volume utilization across routing
configurations. Although weight utilization remained low in all models, volume utilization was
substantially higher and became the critical capacity dimension. This explains why the single-capacity
baseline produced over-volume cases even though it did not violate weight capacity. The figure supports
the need for multi-capacity routing in cosmetic distribution, where vehicle space can become more
restrictive than vehicle weight capacity.

Weight and Volume Utilization
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Figure 4. Weight and volume utilization across routing models

4.4 Statistical Test of Model Differences

To verify whether the observed differences among routing configurations were statistically
meaningful, paired Wilcoxon signed-rank tests were conducted across the 63 daily delivery instances.
The test was selected because the three routing configurations were evaluated on the same delivery
dates, and several paired differences did not follow normal distribution. The results are presented in
Table 6.

Table 6. Paired Wilcoxon signed-rank test summary

. . Mean Wilcoxon .
Metric Comparison . Interpretation
Difference p-value
Lateness rate (%) S2 vs S1 0.012 0.889 Not significant
Lateness rate (%) S3vs S1 -1.825 0.005 Significant
Total lateness (min) S2 vs S1 18.416 0.314 Not significant
Total lateness (min) S3vs S1 -34.694 0.351 Not significant
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Late customers S2vsS1 -0.032 0.778 Not significant

Late customers S3vsS1 -1.127 0.008 Significant
Delivery trips S2 vs S1 0.048 0.180 Not significant
Delivery trips S3vs S1 0.349 <0.001 Significant

Physical vehicles required S2 vs S1 0.016 0.317 Not significant
Physical vehicles required S3vs S1 0.317 <0.001 Significant
Total travel time (min) S2vsS1 4.670 0.139 Not significant
Total travel time (min) S3vsS1 134.360 <0.001 Significant
Maximum lateness (min) S2 vs S1 4.300 0.123 Not significant
Maximum lateness (min) S3vs S1 21.805 0.157 Not significant

The statistical results show that S2 did not significantly change lateness, travel time, delivery trips,
or physical vehicle requirements compared with S1. This confirms that S2 mainly functions as a capacity-
feasibility correction model. In contrast, S3 significantly reduced lateness rate and late customers
compared with S1, but it also significantly increased total travel time, delivery trips, and physical vehicle
requirements. Therefore, S3 should be interpreted as a service-reliability-oriented configuration rather
than a resource-minimization configuration. The reduction in total lateness was not statistically
significant, indicating that the improvement of S3 is more evident in reducing lateness frequency than
reducing accumulated lateness duration.

4.5 Capacity and Shift Feasibility
Table 7 shows the capacity and shift-feasibility results. The deterministic single-capacity baseline
did not violate weight capacity, but it produced nine over-volume cases. Its maximum volume utilization
reached 242.15%, meaning that several routes that appeared feasible by weight were actually infeasible
by volume. This finding confirms that weight-only routing can hide substantial loading infeasibility in
cosmetic distribution.
Table 7. Capacity and shift feasibility

Scenario Weight  Weight Max Volume  Volume Max Over- Over-  Workin

Utilizatio  Utilizati Weight  Utilizatio  Utilizati Volume Weight Volume g-Time

n Mean onSD  Utilizati n Mean onSD  Utilizati  Cases Cases  Violatio

(%) (%) on (%) (%) (%) on (%) n Cases
S1 4.34 4.16 35.57 27.95 22.85 242.15 0 9 0
S2 4.21 3.89 32.81 26.94 19.05 100.00 0 0 0
S3 3.90 3.70 32.75 24.97 18.37 99.94 0 0 0

The S2 and S3 models eliminated all capacity violations. Their maximum volume utilization values
were 100.00% and 99.94%, respectively. This confirms that enforcing volume capacity during route
construction successfully prevented hidden loading infeasibility. These results support the argument
that cosmetic distribution requires multi-capacity routing because product volume can become a
binding constraint even when weight capacity is still available.

All configurations produced zero working-time violations. This confirms that the shift-feasible
routing mechanism successfully ensured that every delivery trip could return to the depot before the
end of the 09:00-17:00 working shift. This is important because delivery trips and physical vehicles are
not equivalent. By distinguishing delivery trips from physical vehicle requirements, the framework
provides a more realistic interpretation of operational resource needs.

The risk distribution is visualized in Figure 5. Most delivery dates were categorized as moderate-
risk, while no delivery date was categorized as high-risk. This indicates that the shift-feasible routing
mechanism reduced extreme lateness exposure, but the delivery system still remained sensitive to
increased travel-time assumptions. Therefore, deterministic travel-time evaluation alone may
underestimate lateness vulnerability in daily delivery planning.
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Figure 5. Risk scenario distribution in the risk-aware routing model

4.6 Risk Scenario Distribution

The risk-aware configuration selected the travel-time scenario based on the initial lateness rate.
As shown in Table 8, 46 delivery dates were classified as moderate-risk, representing 73.02% of all
evaluated dates. The remaining 17 delivery dates were classified as normal-risk, representing 26.98%.
No delivery date was classified as high-risk.

Table 8. Risk scenario distribution in S3

Selected Risk Interpretation Number of Delivery  Percentage
Level Instances (%)
Normal Low lateness risk 17 26.98
Moderate Moderate lateness risk 46 73.02
High High lateness risk 0 0.00

The dominance of moderate-risk delivery dates indicates that the delivery system is not
dominated by extreme lateness risk, but most delivery days remain sensitive to travel-time increases.
The absence of high-risk instances suggests that the combination of split delivery and shift-feasible
routing makes the delivery system more controlled. However, the large proportion of moderate-risk
days still indicates that deterministic travel-time assumptions may be too optimistic for daily urban
delivery planning.

The operational trade-off is summarized in Figure 6. S3 achieved a lower lateness rate than S1 and
S2, but it required higher travel time and more physical vehicles. This confirms that risk-aware routing
should be interpreted as a service-reliability-oriented configuration rather than the most resource-
efficient option. In contrast, S2 provides a more balanced configuration when the primary objective is
to eliminate capacity violations without substantially increasing operational resources.

Operational Trade-off
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Figure 6. Operational trade-off between travel time, lateness rate, and physical vehicle requirement
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4.7 Sensitivity Analysis

Sensitivity analysis was conducted by rerunning the routing framework under alternative baseline
speeds, circuity factors, reload times, risk thresholds, travel-time multipliers, and service-time scales.
The objective was to examine whether the main conclusions remained stable under different
operational assumptions. The results are summarized in Table 9.

Table 9. Sensitivity analysis summary

S3 physical S2/S3 over- Working-
vehicle change vs volume time
S1 (%) cases violations

Scenario S3 lateness rate

Scenario group values change vs S1 (%)

30, 40,
50 km/h
1.20,
Circuity factor 1.35, -14.173 to -8.246 7.882 to 11.050 0 0
1.50
15, 30,
45 min
5-20,
Risk threshold 10-30, -14.173 to -7.106 4.688 to 13.021 0 0

15-35

1.00-

1.15-

1.30,

1.00-

1.25- -14.173 to -6.501 8.333t0 13.542 0 0
1.50,

1.00-

1.35-

1.70

0.75,

Service-time scale 1.00, -14.173 to0 -9.888 10.138to 11.176 0 0
1.25

Speed -14.173 to -9.643 10.405 to 12.273 0 0

Reload time -14.321to0 -14.173 10.417 to 10.938 0 0

Travel-time
multiplier

The sensitivity results show that the main conclusions are robust across alternative parameter
settings. In all tested scenarios, S2 and S3 eliminated over-volume violations, and no working-time
violations occurred. S3 also consistently reduced the lateness rate compared with S1, although the
magnitude of improvement varied across assumptions. The largest lateness-rate reduction occurred
under the baseline setting and reload-time scenarios, while the smallest reduction occurred under the
lower travel-time multiplier setting. However, S3 consistently required more physical vehicles than S1,
confirming the trade-off between service reliability and operational resource usage.

4.8 Operational Trade-Off Discussion

The final results provide three main operational insights. First, split-delivery preprocessing is
necessary to make oversized customer-date demand feasible before route construction. Without this
step, several customer-date records whose volume exceeded single-vehicle capacity could not be
realistically served in one trip. Therefore, split delivery improves the validity of the routing evaluation
rather than artificially improving the result.

Second, multi-capacity routing is necessary for cosmetic distribution. The S1 baseline showed no
weight-capacity violation, but it produced nine over-volume cases. This means that using weight as the
only capacity dimension can lead to misleading feasibility conclusions. S2 corrected this issue by
enforcing both weight and volume capacity, eliminating all over-volume cases while maintaining
lateness performance comparable to S1.

Third, risk-aware routing improves service reliability but introduces resource trade-offs. S3
reduced the average number of late customers and lateness rate compared with S1, while the reduction
in total lateness was descriptive and not statistically significant. However, it increased total travel time,
delivery trips, and physical vehicle requirements. This trade-off is expected because risk-aware routing
applies more conservative travel-time assumptions and constructs routes that reduce lateness
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exposure. Therefore, S3 is suitable when service reliability is prioritized, while S2 provides a more
balanced option when capacity feasibility is the main objective and additional vehicle use must be
limited.

Overall, the proposed framework provides a more realistic routing evaluation than deterministic
single-capacity routing. It identifies hidden volume overload, handles oversized demand through split
delivery, enforces working-shift feasibility, and distinguishes delivery trips from physical vehicles. These
capabilities are important for urban cosmetic distribution, where operational feasibility depends not
only on distance and weight capacity, but also on volume constraints, service time windows, travel-time
risk, and daily vehicle utilization.

The increase in maximum lateness under S3 requires careful interpretation. Although S3 reduced
the overall lateness rate and the number of late customers, maximum lateness increased by 10.58%
compared with S1. This indicates that the risk-aware model reduced lateness more broadly across daily
delivery instances, but did not fully control extreme lateness in a small number of trips. In operational
terms, S3 improves general service reliability but may still require an additional maximum-lateness
control mechanism. Future model development should therefore include a stronger penalty or hard
constraint for extreme lateness, so that reliability improvement does not occur at the expense of highly
delayed individual deliveries.

5. Conclusion

This study proposed a risk-aware multi-capacity routing evaluation framework for shift-feasible
cosmetic distribution. The framework integrates split-delivery preprocessing, simultaneous weight-
volume capacity feasibility, lateness-risk-based travel-time scenarios, and physical vehicle reuse within
a 09:00-17:00 working shift. The main contribution of this study is the integration of these operational
components into one reproducible framework that can identify hidden capacity violations and evaluate
service-reliability trade-offs.

The results show that split-delivery preprocessing handled oversized customer-date demand and
eliminated unserved and infeasible customers. The deterministic single-capacity baseline did not violate
weight capacity, but it produced over-volume cases, confirming that weight-only routing may hide
loading infeasibility in cosmetic distribution. The multi-capacity model eliminated all capacity violations
without significantly changing lateness or resource requirements. The risk-aware model significantly
reduced lateness rate and the number of late customers, but significantly increased travel time, delivery
trips, and physical vehicle requirements. These findings confirm that improving service reliability
requires additional operational resources.

Sensitivity analysis further shows that the main conclusions remain stable across alternative speed,
circuity factor, reload time, risk-threshold, travel-time multiplier, and service-time assumptions. The
practical implication is that distribution planners should not evaluate routing performance only through
distance or weight capacity. Volume feasibility, lateness risk, working-shift feasibility, and physical
vehicle utilization must also be considered when designing daily delivery operations.

This study is limited by the use of coordinate-based travel-time estimation, fixed operational
parameters, and a case-based dataset of 63 daily delivery instances. Future research should incorporate
road-network travel time, dynamic traffic data, calibrated service-time observations, larger logistics
networks, and more advanced optimization or metaheuristic comparisons.

Data Availability

The data used in this study are available from the corresponding author upon reasonable request.
The processed routing outputs, tables, and figures were generated from the final shift-feasible routing
evaluation.
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