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Short summary

Urban freight distribution faces highly variable traffic conditions, where recurring congestion and
unexpected disruptions can undermine delivery reliability and efficiency. This study develops a
traffic-aware optimization framework for middle-mile urban logistics through a Stochastic Time-
Dependent Vehicle Routing Problem with Time Windows (STDVRPTW). The model integrates
time-varying traffic conditions, stochastic travel-time disruptions, and customer service require-
ments within a unified framework. It is formulated as a two-stage stochastic program in which
first-stage routing and scheduling decisions are evaluated across multiple traffic scenarios. To solve
the large-scale problem efficiently, we propose an improved Benders decomposition algorithm with
problem-specific valid inequalities that exploit the structure of time buckets and vehicle capacity
constraints. Numerical results show that the proposed algorithm outperforms Gurobi and standard
Benders decomposition. The findings also provide operational insights into how congestion pricing,
delivery time-window flexibility, and fleet deployment interact, showing that pricing policies can
encourage off-peak deliveries and changes in fleet utilization.

Keywords: Middle-mile deliveries, Operations research applications, Time-dependent vehicle
routing, Urban freight transport, Urban logistics

1 Introduction

Urban freight transportation plays a critical role in economic activity, particularly in sectors that
depend on frequent and reliable goods distribution, such as manufacturing, wholesale trade, retail,
and warehousing. In Canada, these sectors account for more than a quarter of national GDP
(Fan & Heminthavong, 2022). At the same time, freight vehicles contribute disproportionately to
urban congestion, delays, and environmental impacts (Álvarez et al., 2024). As cities grow and
e-commerce expands, improving the efficiency and reliability of urban freight systems has become
an important challenge for both city logistics and urban transport planning.
Among urban freight activities, middle-mile distribution—linking warehouses to retail stores and
other points of sale—accounts for a substantial share of daily goods movements. These operations
typically involve frequent deliveries, strict receiving schedules, and coordination across dispersed
stores (Hübner et al., 2016). Because such deliveries must be synchronized with store operations
while moving through congested urban networks, routing decisions are shaped by both service
constraints and traffic conditions. In practice, these systems are affected not only by recurrent
congestion but also by disruptions such as incidents, construction activities, and temporary road
closures (Miranda & Conceição, 2016), which increase delivery costs, reduce reliability, and com-
plicate urban freight planning (Allen et al., 2012).
To support routing decisions in these settings, the operations research literature has extensively
studied the Vehicle Routing Problem (VRP) and its many variants (Toth & Vigo, 2014). Two
streams are especially relevant. The Vehicle Routing Problem with Time Windows (VRPTW)
captures delivery constraints related to store receiving schedules (Duan et al., 2021), while the
Time-Dependent Vehicle Routing Problem (TDVRP) models travel times as functions of departure
time and therefore captures recurrent congestion explicitly (Hou et al., 2021). These features are
combined in the Time-Dependent Vehicle Routing Problem with Time Windows (TDVRPTW),
which jointly represents service constraints and time-varying traffic conditions (Spliet et al., 2018).
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However, most existing time-dependent routing models remain deterministic and rely on historical
average travel times. In reality, urban networks are also affected by stochastic disruptions, in-
cluding accidents, weather conditions, and road works, that alter delivery performance and service
reliability (Flatberg et al., 2007). Although stochastic vehicle routing models have been developed
to represent such uncertainty (Zhang et al., 2013), they often abstract from time-dependent con-
gestion and therefore do not fully capture the interaction between predictable traffic patterns and
unexpected disruptions.
In addition, most studies combining time-dependent routing with customer time windows still
rely on heuristic or metaheuristic methods, while exact approaches remain relatively rare (Wei
et al., 2024). Existing exact methods, including branch-and-price (Dabia et al., 2013), dynamic
programming (Sun et al., 2018), branch-and-cut (Wei et al., 2024), and branch-and-price-and-
cut (Rothenbächer, 2019), are largely developed for deterministic, route-based formulations with
predefinable routing structures, typically in single-tour settings. As a result, they are not naturally
suited to stochastic traffic-aware VRPs, where uncertainty must be integrated directly into routing
and scheduling decisions and where vehicles may perform multiple tours.
To address these limitations, this study develops a stochastic time-dependent vehicle routing prob-
lem with time windows (STDVRPTW) for middle-mile urban freight that integrates recurrent
congestion, disruption-driven travel-time uncertainty, and store receiving windows within a unified
two-stage stochastic optimization framework. The proposed model links routing and scheduling
decisions to key urban freight policy levers, particularly congestion pricing and delivery-window
flexibility, thereby enabling evaluation of both operational responses and policy effects. To solve the
resulting large-scale stochastic program, the paper develops an improved Benders decomposition
algorithm as an exact solution approach that enhances computational tractability and supports
traffic-aware scenario analysis. The study therefore makes three contributions: it develops an
integrated stochastic traffic-aware routing formulation, proposes an exact decomposition-based so-
lution approach, and generates managerial and policy insights into how congestion pricing and
delivery-window flexibility jointly influence route design, fleet deployment, and peak-period freight
exposure.
mdf - start

2 Methodology

Study Setting
This study addresses an urban middle-mile delivery system where a distribution center serves retail
stores under demand and receiving time-window constraints. As illustrated in Figure 1, the routing
environment integrates two traffic components: recurrent time-dependent congestion, which varies
systematically throughout the day, and stochastic disruptions (e.g., incidents or work zones) that
introduce additional uncertainty. Our framework accounts for both to ensure operationally robust

Figure 1: Study setting for the urban middle-mile delivery system, including customer time
windows, time-dependent traffic patterns, and disruption scenarios
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urban freight planning.

Modeling Approach
The problem is first formulated as a deterministic time-dependent vehicle routing problem with
time windows (TDVRPTW).
The core mathematical model in compact form is as follows

min
x,y

Ctravel(x) + Ctraffic(x) + Csetup(x) + CTW-violation(y) (1)

s.t. Ax = b (2)
Tx+Wy ≤ r (3)
x ∈ X, y ≥ 0. (4)

The objective function minimizes total cost consisting of travel cost, congestion-related traffic
penalty cost, vehicle setup cost, and time-window-violation cost. The routing-design vector x
aggregates the binary decisions for arc traversal (xarc

ijmt), node-bucket synchronization (xnode
imt ),

and vehicle activation (xveh
m ). The constraint set Ax = b represents the following routing-flow

connectivity constraints, as well as capacity-budget synchronization constraints, to ensure customer
coverage, depot balance, and fleet requirements.

Routing and Flow Connectivity:∑
t,m,i

xarc
ijmt =

∑
t,m,j

xarc
ijmt = 1, ∀j ∈ V \ {0} (5)

∑
t,j

xarc
0jmt =

∑
t,i

xarc
i0mt = xveh

m , ∀m ∈ M (6)

Capacity and Bucket Synchronization:∑
j

xarc
ijmt = xnode

imt ,
∑
t,i

Dix
node
imt ≤ Cm, ∀i ∈ V c,m, t (7)

The timing vector y defines continuous arrival times yim, and the constraint set Tx+Wy ≤ r in
(3) represents temporal feasibility and time window constraints, ensuring the synchronization of
arrivals with time-dependent durations and active buckets while enforcing store receiving windows.

Temporal Feasibility and Windows:
yim + Ui + dijt −Mijmt(1− xarc

ijmt) ≤ yjm, ∀i, j ∈ V c(i),m, t (8)∑
t

Stx
node
imt ≤ yim ≤

∑
t

Ftx
node
imt , ∀i,m (9)

Ei ≤
∑
m

yim ≤ Li, ∀i ∈ V (10)

For notational brevity and adhering to the symposium’s word limit, the rest of this paper is
presented in the compact form defined in (1)-(4), while the complete extensive formulation is
available upon request.
To account for disruption-related uncertainty impacting the across arcs (i.e., parameter dijt in the
extensive model), the deterministic TDVRPTW is extended to a two-stage stochastic formulation.
In the stochastic model, the route design is fixed before uncertain travel times are realized, while
the timing variables become scenario-dependent recourse variables. The two-stage model is

min
x

Ctravel(x) + Ctraffic(x) + Csetup(x) + Eω∈Ω

[
Q(x, ω)

]
(11)

s.t. Ax = b

x ∈ X,

where Ω is the set of travel-time scenarios. In the stochastic extension, the deterministic timing
variables y are replaced by scenario-dependent timing variables yω, so their contribution is captured
through the expected recourse term. For a fixed first-stage solution x and scenario ω, the second-
stage recourse problem is

Q(x, ω) = min
yω

CTW-violation(yω) (12)

s.t. Wωy
ω ≤ rω − Tωx,

yω ≥ 0.

3



Operationally, the first stage determines the planned routing and service structure, whereas the
second stage evaluates its reliability once recurrent congestion and disruptions are realized. This
makes the framework suitable for traffic-management applications in urban freight, where routes
must be planned in advance but schedule performance depends on realized network conditions.

Solution approach
The resulting STDVRPTW is a large-scale mixed-integer stochastic optimization problem whose
extensive form becomes difficult to solve directly as the numbers of customers, time periods,
and scenarios increase. To retain the two-stage structure while improving tractability for traffic-
management applications, we solve the model using an exact improved Benders decomposition
framework. The master problem contains the scenario-independent first-stage routing decisions,
while the scenario subproblems evaluate the second-stage recourse cost under realized travel times.
Because classical Benders may converge slowly when the master problem admits weak fractional
routing solutions (Toth & Vigo, 2014), we strengthen it by deriving proper valid inequalities based
on bucket time-budget inequalities, lifted-cover (Wolsey, 1998) inequalities, and rounded-capacity
inequalities (Toth & Vigo, 2014), generated dynamically during the Benders process. In compact
form, the improved Benders master problem is

min
x,θ

Ctravel(x) + Ctraffic(x) + Csetup(x) +
∑
ω∈Ω

pωθ
ω (13)

s.t. Ax = b

x ∈ X

Benders optimality cuts
Benders feasibility cuts
Bucket time-budget inequalities
Cover and lifted-cover inequalities
Rounded-capacity inequalities.

where θω denotes the master approximation of second-stage cost under scenario ω with probability
pω. For a given incumbent first-stage solution, the scenario subproblem is the recourse model in
(12). If the recourse problem is feasible and bounded, Benders optimality cuts refine the expected
second-stage cost approximation; if infeasibility occurs, feasibility cuts exclude first-stage solutions
that cannot support a valid schedule under the corresponding scenario.

3 Results and discussion

Numerical experiments were conducted on middle-mile food and grocery distribution instances.
Travel times were modeled for four daily periods—AM Peak, Midday, PM Peak, and Late Day—and
uncertainty was represented through scenarios reflecting recurrent congestion variability, incidents,
and construction-related disruptions. All experiments were implemented in Python and solved
using Gurobi.

Model behavior and validation

Figure 2 presents the customer time-window profile used in a small illustrative network with 1 depot
and 8 customers. We compare three settings, presented in Table 1: (i) deterministic TDVRPTW
without traffic penalties, (ii) deterministic TDVRPTW with traffic penalties, and (iii) stochastic
TDVRPTW with traffic penalties. Table 1 and Figure 3 report the resulting routes.

Table 1: Comparison of routing settings under different traffic modeling assumptions

Model Setting Obj. ($) TWV Traffic TWV Num. of Avg. Route
Cost ($) Cost ($) (hh:mm) Vehicles Length (hr)

TDVRPTW Deterministic Travel Time 344.47 11.50 N/A 0:23 1 6:13
TDVRPTW Deterministic Travel Time + Traffic Penalty 539.23 87.00 0 2:54 2 3:13
STDVRPTW Stochastic Travel Time + Traffic Penalty 624.75 20.84 0 0:42 3 2:28

The results show a clear progression across the three settings. Without traffic penalties, the
deterministic model consolidates deliveries into a single route, yielding the lowest cost but high
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Figure 2: Customer time-window profile used in the demonstrative instance

(a) (b) (c)

Figure 3: Vehicle routing results under (a) TDVRPTW (no traffic penalty), (b) TD-
VRPTW (with traffic penalty), and (c) STDVRPTW

(a) (b) (c)

Figure 4: Vehicle arrival times at customers under (a) TDVRPTW (no traffic penalty),
(b) TDVRPTW (with traffic penalty), and (c) STDVRPTW

congestion exposure. Adding traffic penalties shifts service to later periods and increases fleet use,
reducing peak exposure but increasing time-window violations. Under the stochastic model, an ad-
ditional vehicle is deployed and arrivals are spread more evenly across the day, improving robustness
to incidents and construction-related delays. Although total cost increases, extreme violations are
reduced and schedule stability improves. Overall, the comparison shows how the proposed frame-
work responds to congestion pricing, delivery flexibility, and traffic uncertainty, while highlighting
the trade-off between cost efficiency, congestion avoidance, and operational robustness.

Computational Analysis

Figure 5 highlights the computational superiority of the proposed Improved Benders over baseline
benchmarks such as Gurobi and Standard Benders, primarily due to its strengthened master prob-
lem achieved through the systematic addition of Benders and problem-specific cuts, which tighten
bounds, improve search guidance, and accelerate convergence.
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Figure 5: Computational Performance (Solve Time) of Gurobi, Standard Benders and
Improved Benders.

Figure 6: Peak-exposure ratio under different combinations of traffic penalty cost (CP ).

Cost Decomposition under Congestion Pricing

Figure 6 shows how the cost structure changes as congestion charges increase when the customer
time-window violation penalty is fixed at CV = 100. As the traffic penalty parameter CP rises,
deliveries shift away from peak periods and the number of peak-period visits declines. At moderate
penalty levels, this adjustment is achieved mainly through schedule changes, whereas beyond a
critical threshold the model deploys an additional vehicle to maintain service reliability. The figure
reports the corresponding decomposition into travel cost, traffic penalties, time-window violation
cost, and vehicle setup cost.
The results suggest that congestion pricing can reduce peak-hour freight activity, but if set too high
it may also encourage fleet expansion, increasing setup cost. Congestion charges should therefore
be calibrated carefully and, where possible, combined with measures that increase delivery-time
flexibility.

Time-window flexibility

Figure 7 shows the effect of time-window flexibility, where θ represents the level of time-window
relaxation or flexibility. Greater flexibility improves both routing efficiency and congestion man-
agement, but the form of flexibility matters. Allowing earlier deliveries, or relaxing both bounds
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Figure 7: Impact of time-window flexibility on traffic-aware performance metrics: (a) Total
cost, (b) Recourse cost, (c) Peak exposure.

Figure 8: Peak-exposure ratio under different combinations of congestion pricing (CP ) and
recourse penalty (CV ).

of the service window, yields the largest reductions in total cost, expected recourse cost, and peak
exposure, whereas extending delivery deadlines alone provides only limited benefits. From a city
logistics perspective, this suggests that policy should focus less on tolerating late arrivals and more
on enabling earlier or more adaptable delivery access, for example through extended receiving
hours or off-peak delivery programs.

Interaction Effects of Peak Pricing and Service Flexibility

Figure 8 shows that congestion pricing reduces peak-period freight activity only when operators
have sufficient scheduling flexibility. When CP = 0, peak exposure remains high across all values
of CV , indicating that time-window penalties alone do not shift deliveries away from congested
periods. As congestion pricing increases, peak exposure declines, but the effect is much stronger
when recourse penalties are low and operators can adjust delivery schedules more easily. Under
strict time-window enforcement, pricing alone produces only limited changes in routing behaviour.
This suggests that congestion pricing is most effective when combined with flexibility-enabling
measures such as off-peak receiving programs or wider appointment windows.

4 Conclusions

This paper developed a two-stage stochastic, time-dependent routing framework for middle-mile
urban freight and applied it to evaluate congestion-management policies under realistic traffic
uncertainty in Halifax, Canada. The results show that congestion pricing can reduce peak-period
freight activity, but its effectiveness depends strongly on the degree of delivery-window flexibility
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available to operators. When flexibility is limited, pricing alone produces modest changes; when
flexibility is increased, pricing leads to substantially larger shifts toward off-peak operations. The
analysis also shows that explicitly representing disruption scenarios yields routing plans that are
more robust to incidents and construction-related delays. Overall, the study demonstrates how
an operations-research model can support urban freight policy design by linking routing decisions,
service reliability, and congestion exposure within a single analytical framework.
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