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The object of the study is the vehicle routing.
The problem to be solved is the static plans 

often overload particular depots and spread delays 
across routes. A mixed-integer nonlinear program-
ming model is proposed to simultaneously decide 
depot assignment, route construction, and depar-
ture times, with capacity monitored across periods. 
The model captures non-linear, load sensitive travel  
costs and uses adaptive tightening of feasible ser-
vice intervals to reduce tardiness. The model is 
solved via outer approximation warm started by  
a pool of high-quality routes. Across realistic multi 
period benchmarks, the method reduces total dis-
tribution cost and late delivery penalties relative 
to single depot and static multiple depot baselines. 
Gains are largest when demand spikes are local-
ized at a few depots, because cross depot reassign-
ment and retimed departures redistribute work-
load without adding vehicles. Two mechanisms 
explain the results: capacity accounting that pre-
vents over commitment at congested depots, and 
coordinated departure time control that limits mid-
day delay propagation. Compared with formula-
tions that pre generate trips or treat variability 
only implicitly, the proposed approach maintains 
depot feasibility as demand evolves within the hori-
zon. Key features include joint depot assignment 
with departure time decisions, period wise capac-
ity tracking, and non-linear cost modeling within 
an exact outer approximation framework compat-
ible with warm started metaheuristics. Practically, 
the approach supports planning in e commerce, 
pharmaceutical, and grocery distribution where 
delivery windows are tight and peaks are frequent. 
Numerical results show that the model reduces 
total operating costs by 18%, lowers late-deliv-
ery penalties by 27%, improves vehicle utiliza-
tion by 12%, and decreases average waiting time  
by 37.5% compared to static baselines
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1. Introduction

Routing goods from multiple depots to customers whose 
needs change across the day has become a central scientific 
and practical problem in logistics and operations manage-
ment [1, 2]. Rapid e-commerce growth, on-demand deliv-
ery promises, and multi-hub distribution architectures have 
shifted fleets from single-depot, steady-demand settings to 
multi-depot systems with pronounced intra-day variabili-
ty [3, 4]. In such environments, demand peaks, asymmetric 
travel times, and working-time regulations create tight ca-
pacity bottlenecks that cannot be handled by static routing 
assumptions. The scientific topic of dynamic, capacity-con-
strained vehicle routing over multiple depots with time-de-
pendent demand therefore lies at the heart of how modern 
distribution networks function [5].

The importance of this topic is underscored by its direct 
impact on service reliability, operating cost, and sustainability. 
When fleets ignore time variation in demand or treat depots 
in isolation, the result is misallocated vehicle capacity [6], 
late or early arrivals, and unnecessary repositioning, which 
collectively inflate costs and degrade customer service [7]. 
Conversely, coordinating dispatch times and cross-depot as-
signments against evolving demand improves fleet utilization, 
reduces deadheading, and enables compliance with service 
windows and labor constraints [8]. These outcomes are not 
merely operational conveniences: they are decisive in sectors 
such as groceries, pharmaceuticals, spare parts, and humani-
tarian logistics, where timing and reliability are critical.

Scientifically, the topic remains open and active because it 
couples combinatorial routing choices with temporal and ca-
pacity dynamics [9, 10]. Classical formulations of the vehicle  
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routing problem (VRP) typically assume fixed demands and 
a single depot [11]; even multi-depot and time-window vari-
ants often approximate time dependence or omit load-sensi-
tive costs. Today’s data availability (e.g., order streams, IoT 
telematics) and computing power invite models that treat 
departure timing, depot cooperation, and capacity feasibility 
period by period, yet these models are challenging, such as 
NP-hard, frequently nonlinear, and require careful relaxations 
and valid inequalities to scale. This keeps the topic at the fron-
tier of optimization, algorithm design, and decision analytics 
rather than rendering it obsolete.

The practical need for advances in this topic is amplified 
by emergent constraints and objectives that interact with rout-
ing decisions: emission limits and energy usage for low-car-
bon logistics, heterogeneous fleets (including electric vehi-
cles) with charging or refueling constraints, and resilience to 
disruptions or demand shocks. These considerations further 
argue for scientifically rigorous formulations and solution 
methods that make the temporal structure of demand and the 
multi-depot nature of the network explicit.

Therefore, research on the development of dynamic, ca-
pacity-constrained multi-depot vehicle routing under time-de-
pendent demand is relevant.

2. Literature review and problem statement

The paper by [12] studies the multi-depot vehicle routing 
problem (MDVRP) using a set-partitioning formulation and 
branch-and-price algorithms for static, deterministic cases. It 
is shown that such exact methods deliver optimal solutions 
and tight bounds for small to medium instances. However, 
unresolved questions remain on their scalability and ability to 
adapt when customer demands vary dynamically over time. 
These limitations arise mainly from computational complexity 
and the exclusion of time-dependent variables in early formu-
lations. One possible workaround is problem decomposition, 
yet applications that integrate time dependence and demand 
variability are scarce. All this reinforces the need for MDVRP 
models capable of managing temporal and spatial uncertainty.

The recent work of [13] offers an extensive survey of 
time-dependent vehicle routing, with emphasis on integrat-
ing travel time prediction models and real-time re-optimi-
zation into routing algorithms. It is shown that predictive, 
traffic-aware heuristics can lead to substantial reductions 
in travel times and delays. However, unresolved questions 
remain regarding the integration of these time-dependent 
strategies into multi-depot, capacity-constrained systems un-
der fluctuating demand. These gaps persist due to data spar-
sity in depot-level forecasts and the operational complexity 
of synchronizing multiple depots in real time. While robust 
prediction combined with aggregated scheduling is a step 
forward, fully integrated dynamic multi-depot optimization 
remains rare.

The paper by [14] advances static MDVRP modeling by 
incorporating multi-day operations, time windows, and het-
erogeneous fleets into an exact branch-and-price framework 
validated on real industrial datasets. It is shown that such 
approaches can yield near-optimal solutions for large planning 
horizons. However, these models still presuppose deterministic, 
period-aggregated demand, leaving temporal variation within 
the day unaddressed. This omission is partly due to the high 
computational cost of exact methods when dealing with con-
tinuous demand fluctuations. Extending such frameworks to 

support intra-day dynamics while retaining optimality guaran-
tees remains a compelling challenge.

In a related contribution, [15] examine a two-tier, multi-de-
pot VRP with robot stations and synchronized time windows, 
aiming to optimize drone crossings alongside vehicle arrivals. 
It is shown that synchronous coordination across modes can 
improve service speed and reduce operational idle times. 
Nevertheless, the proposed system does not explicitly address 
rapid, stochastic demand changes or load-sensitive cost vari-
ations across depots, likely due to the prohibitively high com-
plexity of multi-modal, multi-period integration. Hybrid mod-
els that merge drone-vehicle synchronization with dynamic 
depot reassignment may provide a promising extension.

The study by [16] focuses on practical VRPs in small and 
medium cities, embedding speed- and load-dependent fuel con-
sumption functions into time-dependent route optimization. 
It is shown that accounting for load effects can cut fuel use by 
more than 14% compared to constant-speed assumptions. Yet, 
the framework is built for single-depot cases and does not ex-
plore multi-depot load balancing under volatile demand. This 
limitation stems from both the difficulty of modeling inter-de-
pot transfers in real-time and the absence of datasets enabling 
such analysis. Adapting such fuel- and load-sensitive models to 
multi-depot, dynamic contexts could bridge two active research 
streams: green logistics and adaptive routing.

[17] tackle the load-dependent electric VRP with time 
windows, modeling non-linear energy draw as a function of 
payload. It is shown that neglecting weight effects can mis-
price battery swaps by up to 20%. However, the work does not 
consider depot coordination or temporal shifts in demand, as 
the focus is on single-depot electric fleet deployment. This gap 
is largely due to the niche dataset requirements for both ener-
gy and demand variation over space and time. Cross-applying 
these methods to multi-depot electric logistics with dynamic 
customer bases remains an open field.

The review by [18] classifies stochastic–dynamic VRP vari-
ants by request arrival processes and re-optimization frequency, 
noting that hybrid metaheuristics like adaptive large neigh-
borhood search (ALNS) can serve hundreds of online requests 
daily within small optimality gaps. It is shown that dynamically 
inserting new requests into existing routes improves responsive-
ness. Yet, extending these insertion-based heuristics to handle 
simultaneous depot reassignment, departure-time adaptation, 
and capacity tracking across multiple depots is still uncommon. 
This is mainly due to the interaction effects between depot-level 
resource allocation and route-level feasibility under uncertainty.

[19] contribute by extending multi-depot routing to allow 
split deliveries, preserving capacity feasibility while improv-
ing load balancing. It is shown that split deliveries can reduce 
the number of vehicles needed, cutting operational costs. 
However, in dynamic, time-sensitive contexts, the complex-
ity of synchronizing split delivery schedules across depots 
increases sharply. The authors note this as an area requiring 
new algorithms that can coordinate both inter- and intra-de-
pot flows under time constraints.

Finally, [20] present a multi-period, multi-trip MDVRP 
for pharmaceutical deliveries, combining heuristic trip gener-
ation with exact assignment phases. It is shown that near-op-
timal solutions for up to 150 trips can be generated within an 
hour, making the approach practical for real-world use. How-
ever, this still assumes known demand per period and does 
not dynamically reassign depots when demand surges occur 
mid-period. The main obstacle is the computational effort re-
quired to refresh trip plans and depot assignments on the fly.
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From this review, it is evident that although there has 
been significant progress in dynamic VRP modeling, time de-
pendency, and multi-depot coordination, especially in recent 
years, no existing framework fully integrates continuous-time 
demand fluctuations, exact capacity tracking at dispatch, and 
non-linear load-dependent cost functions into a single opti-
mization model. The unresolved question remains: how to 
jointly optimize depot assignment, departure scheduling, and 
routing under volatile demand and time-varying travel condi-
tions, without sacrificing computational tractability.

3. The aim and objectives of the study

The aim of the study is to develop and evaluate an optimi-
zation framework for the dynamic multi‑depot vehicle rout-
ing problem with capacity constraints and time‑dependent 
demands (D‑MDVRP‑CTD). This will make it possible to min-
imizes total operational costs and late‑delivery penalties while 
maintaining service feasibility under volatile, time‑varying 
demand conditions.

To achieve this aim, the following objectives were accom-
plished:

– to formalize the dynamic multi-depot vehicle routing 
problem with capacity constraints and time-dependent de-
mands by defining the model structure, decision variables, 
and system of constraints; 

– to implement and solve the model using a solver‑based 
approach capable of handling mixed‑integer nonlinearity, en-
suring feasibility for multi‑period and multi‑depot scenarios;

– to generate and present optimized route plans and de-
pot‑to‑customer assignments through visual and tabular results, 
demonstrating the model’s applicability to both small‑scale and 
large‑scale problem instances.

4. Materials and methods

Object of the study is the vehicle routing problem and 
subject of the study is the dynamic multi-depot vehicle routing 
problem with capacity constraints and time-dependent de-
mands (D-MDVRP-CTD).

The main hypothesis of the study is that a mixed-integer 
nonlinear programming (MINLP) formulation that jointly inte-
grates depot assignment, route construction, and departure-time 
scheduling under capacity and time-dependent demand con-
straints can significantly reduce operational costs and service 
penalties compared to static multi-depot routing approaches.

The assumptions made in the study include: demand pro-
files are known at the beginning of each planning period; vehi-
cle capacities and depot resources are fixed and homogeneous; 
travel times vary with departure time but follow deterministic 
piecewise functions; and vehicles start and end routes at their 
assigned depots within the same planning horizon.

The simplifications adopted in the study are: driver work 
regulations, break schedules, and overtime penalties are not 
explicitly modeled; sustainability metrics such as emissions 
are not enforced as hard constraints; and demand uncertainty 
is represented through deterministic time-dependent profiles 
rather than stochastic realizations.

The study was carried out in sequential stages, beginning 
with the construction of a mathematical model and followed 
by the development of an effective solution approach and  
its validation.

An MINLP formulation was developed to represent the 
problem by defining customer-to-depot assignment, vehicle 
departure-time scheduling, and routing decisions within  
a unified framework subject to capacity, time-window, de-
mand, and depot constraints. Non‑linear travel cost functions 
and time‑dependent travel times were incorporated to model 
the effects of traffic variations and load‑related operating 
costs, while demand profiles were allowed to change across 
planning periods to reflect real‑world volatility.

To solve this model efficiently, a tailored optimization 
strategy was implemented, combining branch‑and‑cut and 
outer‑approximation techniques. The algorithm is reinforced 
by adaptive time‑window tightening, which progressively re-
duces the feasible region by eliminating infeasible service in-
tervals, and by a warm‑start route pool, in which high‑quality 
routes generated in early search phases are reused to acceler-
ate convergence in later iterations. This hybrid exact‑heuristic 
method was designed to balance solution quality with com-
putational tractability, enabling the resolution of large‑scale 
and realistic problem instances within reasonable time limits.

All algorithms were coded in Python 3.11 and linked to 
the Gurobi 10.0 solver via its optimization API. The compu-
tations were performed on a workstation equipped with an 
Intel® Core™ i9 processor (3.6 GHz), 64 GB of RAM, running 
Ubuntu 22.04 LTS. Test instances were created from realistic 
multi‑period datasets, with base demand values taken from 
operational records and adjusted by stochastic variation to 
simulate different volatility levels. Time‑dependent travel 
times were defined using piecewise functions of departure 
time to emulate varying traffic conditions.

Model adequacy and algorithm correctness were validated 
by checking feasibility against all operational constraints, com-
paring selected simplified variants with known benchmark 
results from the literature, and performing stress‑test experi-
ments under extreme demand fluctuations. Figures illustrat-
ing the conceptual model, algorithm workflow, and example 
optimization output were prepared to visualize the logical 
progression from problem definition to solution generation.

5. Optimization results for the D‑MDVRP‑CTD

5. 1. Formalization of the mathematical model
The Dynamic Multi-Depot Vehicle Routing Problem (D-MD-

VRP) with capacity constraints and time-dependent demands 
presents a significant challenge in modern logistics and supply 
chain management. This problem involves managing a fleet of 
vehicles distributed across multiple depots to efficiently serve  
a set of customers with varying demands over time. Key objec-
tives include minimizing total operational costs; comprising trav-
el distance, vehicle utilization, and waiting times, while ensuring 
timely deliveries, satisfying customer demands, and adhering to 
capacity and time window constraints.

In the dynamic context, customer demands are not static; 
they change based on temporal factors such as time of day, 
peak periods, or external influences like weather and market 
trends. The problem also requires consideration of vehicle 
capacity limits, making route optimiz  ation a highly con-
strained and complex task. Coordination among multiple 
depots adds another layer of complexity, as vehicles must be 
assigned and routes planned to maximize overall system effi-
ciency while avoiding conflicts in service areas.

To address this, a mixed-integer nonlinear program-
ming (MINLP) model is proposed, which integrates dynamic 
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demand patterns, vehicle capacity restrictions, and time-de-
pendent variables into a unified optimization framework. The 
model dynamically adjusts routes and depot assignments in 
response to fluctuating customer demands, enabling real-time 
adaptability in the decision-making process. Constraints in 
the model include vehicle capacities, depot limitations, cus-
tomer service time windows, and travel time considerations.

The D-MDVRP with capacity constraints and time-depen-
dent demands is highly relevant for industries such as e-com-
merce, urban logistics, and disaster relief operations, where 
timely and efficient resource distribution is critical. Solving 
this problem provides significant benefits in cost reduction, 
resource utilization, and service quality, making it an essential 
area of research in optimization and logistics.

Sets and indices:
– i, j – indices for customers i, j ∈ C, where C is the set of 

customers;
– k – index for vehicles k ∈ V, where V is the set of vehicles;
– d – index for depots d ∈ D, where D is the set of depots;
– t – time periods t ∈ T, where T is the set of time periods.
Parameters:
– ci,j – cost of traveling from node i to node j;
– hi(t) – demand at customer i at time t;
– Qk – capacity of vehicle k;
– Ti,j – travel time from node i to node j;
– Wk – maximum working time of vehicle k;
– ai, bi – time window for service at customer i;
– M – a sufficiently large constant.
Decision variables:
– uik(t) – load of vehicle k after visiting customer i at time t;
– si(t) – service start time at customer i at time t;
– xijk(t) – binary variable, equals 1 if vehicle k travels from 

node i to node j at time t, 0 otherwise;
– yijk(t) – binary variable, equals 1 if vehicle k serves cus-

tomer i at time t, 0 otherwise;
– zdk(t) – binary variable, equals 1 if vehicle k is based at 

depot d at time t, 0 otherwise.
Objective function.
Minimize the total cost, including travel cost, waiting 

time, and vehicle utilization

min
max ,t Tk V

i C j C
ij ijk

i C
i i dk

c x t

s t b z t� �

� �

�

��
��

�

� ��
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where α and β are weights for waiting time and depot usage 
costs, respectively.

Constraints:
– depot assignment.
Each vehicle is assigned to one depot at any time

d D
dkz t k V t T

�
� � � � � � �1�� ,�� ;	 (2)

– route continuity.
If a vehicle leaves a customer, it must arrive at another 

customer

j C
ij k

j C
ji kx t x t i C k V t T

� �
� �� � � � � � � � � �, , ,�� , ,� ;	 (3)

– vehicle capacity.
The total load of a vehicle cannot exceed its capacity

u t h t M x t u ti k j ij k j k, , .( ,� � � � � � � � � � � �1 	 (4)

� � � �i j C k V t T, ,� ,� ;

– time windows.
Service at each customer must occur within the time 

window

a s t b i Ct Ti i i� � � � � � �,�� ;	 (5)

– dynamic demands.
The vehicle must serve customer demand for each time 

period

k V
yi ky t i C t T

�
� � � � � � �, ,�� ,� ;1 	 (6)

– vehicle availability.
The working time of each vehicle must not exceed the 

limit

i C j C
ij ij k kT x t W k V t T

� �
�� � � � � � �. ,�� ,� ;	 (7)

– binary and non-negativity constraints

x t y t z t u t s tij k i k d k i k i, , , ,, , , ,� , .� � � � � ��� � � � � � � �0 1 0 0 	 (8)

This MINLP model dynamically optimizes routes and as-
signments for multiple depots while addressing capacity con-
straints and time-dependent demands. The model minimizes 
costs while satisfying practical constraints, ensuring timely 
and efficient logistics operations.

5. 2. Implementation and solver-based workflow 
To solve the formulated D‑MDVRP‑CTD model, an opti-

mization strategy combining branch‑and‑cut and outer‑ap-
proximation techniques was implemented. This approach 
exploits the model’s mixed‑integer structure while efficiently 
handling nonlinear travel cost components arising from 
time‑dependent speeds.

The branch‑and‑cut procedure manages integer routing 
and depot assignment decisions, progressively adding valid 
inequalities to tighten the search space. Meanwhile, the 
outer‑approximation component linearizes nonlinear cost 
expressions at each iteration, ensuring computational tracta-
bility without compromising optimality.

Fig. 1 depicts the solver-based workflow used to imple-
ment the second task. From validated demand, depot, and 
vehicle data, let’s initialize a MINLP with capacity, time, and 
flow constraints, then assign customers to depots based on 
demand and capacity. The solver optimizes routes and, after 
each iteration, checks time-dependent demand effects to ad-
just departure times before re-evaluating the objective (total 
operating cost plus late-delivery penalty). If the solution has 
not converged to the target gap, routes and assignments are 
updated and the loop continues; otherwise, the algorithm 
outputs feasible depot assignments, routes, departure times, 
and performance metrics reported in next section.

This combined approach is implemented through a com-
mercial optimization solver, which automates node explora-
tion, constraint relaxation, and cut generation. The solution 
process begins with a feasible initial assignment, which serves 
as a warm start to accelerate convergence, and proceeds 
iteratively until either the optimality gap tolerance or the 
predefined computational time limit is reached. This inte-
gration of mixed‑integer programming capabilities with non-
linear cost approximation enables the algorithm to produce 
high‑quality solutions for both small‑ and large‑scale problem 
instances within practical computation times.
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5. 3. Visual optimized results 
The visual outputs generated from the proposed algorithm 

illustrate the spatial, temporal, and cost-related dynamics of 
the D‑MDVRP‑CTD solutions. These figures not only depict 
the optimized routing structures but also highlight the effects 
of multi‑depot coordination, clustering techniques, and tem-
poral demand fluctuations on solution quality.

As shown in Fig. 2, the optimized routes for the dynamic 
multi‑depot VRP demonstrate efficient service allocation, 
with each customer assigned to the nearest feasible depot 
while minimizing route overlap. The results reflect the al-
gorithm’s capability to maintain balanced travel distances 
under time‑dependent demand and speed variations.

Fig. 3 presents the coordination between multiple de-
pots, where vehicle assignments and departure times are 
planned in a way that ensures both workload balance and 
on‑time deliveries. This coordination reduces congestion in 
high‑demand areas and enhances overall service coverage.

In Fig. 4, the incorporation of clustering techniques 
for the D‑MDVRP produces more compact and geograph-
ically consistent routes. This approach effectively reduces 
inter‑route conflict while simplifying the depot‑to‑customer 
assignment process.

Fig. 5 illustrates the impact of time windows on the clus-
tering results, where route designs visibly adjust to meet strict 

service deadlines. The figure highlights the temporal sensitivity 
of the solution, showing how vehicle departure sequences adapt 
to avoid late deliveries.

Fig. 6 depicts the optimized routes for a larger‑scale prob-
lem instance, where the algorithm maintains solution feasibil-
ity and efficiency despite the increased complexity. The routes 
remain well‑structured, preserving the benefits of depot coor-
dination and load balancing under higher demand volumes.

 
Fig. 1. Solver-based implementation workflow for the algorithm

 
Fig. 2. Optimized routing solution for the dynamic multi-depot 

vehicle routing problem
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Fig. 4. Optimized routes for D-MDVRP using clustering

 
Fig. 3. Multi-depot coordination
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Fig. 6. Optimized routes for larger instance
 

 
Fig. 5. Clustering with time-window impact
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In Fig. 7, vehicle utilization over time is analyzed, re-
vealing operational efficiency across different periods of the 
planning horizon. Peak loading and idle intervals are clearly 
visible, offering insights into resource planning and schedul-
ing improvements.

Finally, Fig. 8 compares the total operational cost over 
time, clearly indicating the cost‑saving effects of the proposed 
dynamic approach relative to static alternatives. The down-
ward trend demonstrates the advantage of proactive re‑opti-
mization in response to temporal demand variations.

 

Fig. 8. Cost comparison over time

Table 1 presents a comparative analysis of key metrics be-
fore and after the application of the proposed MINLP model. 
Notably, the model reduces total operational costs by 18% and 
late delivery penalties by 27%. It also improves vehicle utili-
zation and reduces average waiting time, demonstrating its 
effectiveness in dynamic, time-dependent routing scenarios.

Table 1

Performance comparison before and after applying 	
the proposed MINLP model

Metric
Baseline 

(static 
model)

Proposed 
MINLP 
model

Improve-
ment

Total operational cost 915 750 ↓ 18%

Late delivery penalty cost 110 80 ↓ 27%

Average vehicle utilization rate 62% 74% ↑ 12%

Average waiting time per route 3.2 h 2.0 h ↓ 37.5%

The visualizations provided in this section underscore 
the effectiveness of the proposed algorithm in addressing 
the complex interplay between depot coordination, capacity 

constraints, and time-dependent variables. By adapting route 
structures and resource allocations in response to spatial and 
temporal fluctuations, the model consistently delivers solu-
tions that are both operationally efficient and robust under 
varying conditions. These results highlight the algorithm’s 

potential for real-world implementation, es-
pecially in dynamic and large-scale logistics 
networks where flexibility and responsive-
ness are critical.

6. Discussion and implications of 
dynamic multi-depot vehicle routing 

optimization

The formalization of the mathematical 
model provides not only a structure but also 
an explanation of the performance outcomes. 
The objective function (1) shows that costs are 
reduced when travel distance, waiting time, 
and depot usage are optimized simultaneous-
ly. The results in Table 1 confirm this: operat-
ing costs fell by 18% and waiting time by 37.5%. 

This improvement can be traced to the weighting mech-
anism (α, β) in the objective, which allows the solver to 
penalize late service more heavily during peak hours, thereby 
shifting departures to earlier feasible windows. The depot 
assignment and continuity constraints (2), (3) ensured that 
vehicles did not idle unnecessarily; this is consistent with 
the higher utilization rate of 74% compared with the baseline  
of 62%. Capacity and time-window constraints (4), (5) played 
a direct role in preventing service failures, and the penalty 
cost reduction of 27% demonstrates that fewer violations oc-
curred. Thus, the mathematical results are not abstract, they 
explain the quantitative improvements.

Fig. 1 also helps interpret the numerical outcomes. Because 
the algorithm iteratively re-linearizes nonlinear travel costs, it 
adapts route structures as demand varies. This explains why 
the model was able to converge with feasible solutions for 
large instances (Fig. 6) while still delivering compact routes. 
The warm-start mechanism accelerated convergence, which 
reduced computation time and allowed for more iterations 
within the time limit. The high solution quality seen in Fig. 2–5 
is therefore a direct consequence of the workflow in Fig. 1.

Analyzing Fig. 2, 3 shows how depot coordination reduces 
congestion: when high-demand depots are saturated, margin-
al customers are reassigned across depots. This explains the 
smoother utilization curve in Fig. 7, where capacity peaks 
are absorbed without large idle gaps. The implication is that 
(2) and (7) are working jointly to balance workload. Without 
this mechanism, some depots would remain over-committed, 
causing penalty escalation.

The clustering effect shown in Fig. 4 directly contributes 
to route compactness, minimizing inter-route conflict. This 
is not merely visual but has cost implications: shorter aver-
age travel distances reduced both travel cost and idle time, 
contributing to the 18% cost reduction in Table 1. When time 
windows are imposed (Fig. 5), the adjustments in departure 
sequencing illustrate the role of (5). The penalty reduction of 
27% can be explained by these adaptive shifts, since the model 
prunes infeasible late-service routes early in the optimization.

For larger instances (Fig. 6), the ability to maintain struc-
tured and feasible solutions highlights the scalability of the 
branch-and-cut with outer approximation method. The utili-
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zation profile in Fig. 7 shows fewer idle intervals, validating 
that the departure-time flexibility encoded in the model 
avoids bottlenecks. Meanwhile, Fig. 8 quantifies the cost 
advantage of the dynamic approach: a consistent downward 
cost trajectory relative to the static baseline demonstrates that 
re-optimization during demand spikes is more effective than 
pre-generated static plans.

In contrast to the set-partitioning and branch-and-price 
formulations for static MDVRP [21], where depot assignment 
and routing are optimized under time-invariant demand, the 
proposed MINLP jointly optimizes depot-to-customer assign-
ment, departure scheduling, and routes with period-wise 
capacity tracking. This result, namely lower total cost together 
with fewer late-delivery penalties relative to static multi-depot 
baselines, is made possible by explicitly modeling time-depen-
dent demand and speeds and by allowing adaptive departure 
times with cross-depot reassignment supported by outer-ap-
proximation cuts and adaptive service-window tightening. 

Compared with time-dependent VRP approaches that 
primarily incorporate predictive travel times in single-depot 
or loosely coordinated settings [22], the results indicate that 
multi-depot coordination with explicit dispatch-capacity fea-
sibility yields additional savings when peaks are localized at 
specific depots. This is made possible by period-wise capacity 
accounting that prevents over-commitment at congested de-
pots while reallocating marginal customers to neighboring 
depots during high-variance hours. 

Relative to exact multi-day MDVRP models that as-
sume deterministic or period-aggregated demand [23], which 
achieve strong bounds but treat intra-day variability implic-
itly, the result demonstrates fewer time-window violations 
during mid-day surges. This is made possible by route-head 
departure-time decisions combined with adaptive tightening 
of feasible service intervals that prune schedules likely to 
cause late arrivals. 

In contrast to two-tier or synchronized truck-drone sys-
tems that optimize modal timing [24], the proposed frame-
work focuses on single-mode fleets yet attains comparable 
reductions in idle time at depots during peaks. This is made 
possible by cooperative depots and retimed departures that 
redistribute workload without additional modes. 

Compared with single-depot, load- and speed-sensitive 
fuel or emission models such as the pollution-routing prob-
lem [25], the result extends non-linear, load-dependent costs 
to a coordinated multi-depot setting and empirically reduces 
deadheading while increasing route compactness. This is made 
possible by combining depot cooperation with weight-sensitive 
arc costs that discourage empty repositioning. 

In contrast to electric VRP studies that incorporate pay-
load-dependent energy but remain predominantly single-de-
pot [26], the proposed framework reduces deadline penalties 
under fluctuating demand by exploiting cross-depot flexibility.  
This is made possible by integrating load-sensitive costs 
with depot assignment and departure-time decisions, which 
can be adapted to EV energy models in future extensions. 

Relative to dynamic-insertion heuristics such as ALNS 
that reactively accept online requests [27], the result main-
tains feasibility across depots under simultaneous surges. This 
is made possible by solving a unified model that couples de-
pot-level resource allocation with route-level feasibility period 
by period rather than repairing routes after the fact. 

Compared with split-delivery MDVRP studies that lower 
fleet size by dividing orders [28], the result achieves balanced 
utilization and reduced late penalties without invoking splits. 

This is made possible by cross-depot reassignment and depar-
ture re-timing; controlled splits remain a promising extension. 

Finally, in contrast to multi-period, multi-trip formulations 
that pre-generate trips per period under known demand [29], 
the result shows that re-timing and reassigning within the 
horizon curbs penalties when demand spikes mid-period. 
This is made possible by a rolling capacity-tracking mech-
anism that keeps depot workloads feasible as the demand 
profile evolves. Taken together, the distinctive features of the 
proposed method include joint depot assignment with depar-
ture-time decisions, period-wise capacity tracking, non-linear 
load-sensitive costs, and an outer-approximation-enhanced 
exact framework that uses adaptive window tightening with 
warm-start route pools; these features collectively explain 
the observed improvements in cost, deadline adherence, and 
utilization stability across instance scales.

For multi-hub fleets facing intra-day volatility, the overall 
implication is that treating time dependence and depot co-
operation as first-class decisions is more valuable than post-
hoc repairs to static plans, and the consistent gains across 
variability regimes together with stable utilization profiles 
suggest readiness for pilot deployment in e-commerce, phar-
maceutical, and grocery distribution contexts where peaks are 
localized and service windows are tight.

This study has several disadvantages that can be elim-
inated in future work. One disadvantage is the reliance on 
synthetic yet realistic multi-period instances, which do not 
fully capture the messiness of operational records; this can 
be eliminated by validating on proprietary datasets and con-
ducting blinded, out-of-sample audits with industry partners, 
including ablations that isolate the marginal value of each 
modeling component. 

Another disadvantage is that runtime and memory foot-
prints can grow on very large networks because the outer-ap-
proximation loop still explores a sizable branch-and-cut tree; 
this can be eliminated by depot-wise decomposition such 
as Benders or Lagrangian relaxations, by parallel route-pool 
management, and by a metaheuristic warm start that injects 
ALNS-generated columns prior to exact polishing. A further 
disadvantage is the lack of real-time telemetry assimilation, 
as speed profiles are pre-specified per period; this can be 
eliminated by event-driven re-optimization that ingests live 
ETA updates and executes partial re-solves under strict time 
budgets. An additional disadvantage is that some operational 
rules such as driver breaks, shift handovers, and overtime 
penalties are simplified; this can be eliminated by embedding 
labor-law constraints and cumulative break policies directly 
in the time-expanded network and cost structure. A final dis-
advantage is that sustainability metrics are not yet enforced 
as binding constraints; this can be eliminated by adding emis-
sion budgets or energy caps and testing trade-offs through 
epsilon-constraint or weighted-sum scalarizations.

7. Conclusion

1. The formalization of the dynamic multi-depot vehicle 
routing problem with capacity constraints and time-depen-
dent demands provides several distinctive features that direct-
ly explain the performance improvements. The objective func-
tion integrates travel cost, waiting time, and depot usage in  
a weighted form, enabling explicit trade-offs between efficiency 
and service reliability. The constraint system – covering depot 
assignment, route continuity, vehicle capacity, time windows,  



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 4/3 ( 136 ) 2025

60

and dynamic demands ensures that all generated solutions 
remain feasible under volatile conditions. These structural 
elements establish  a rigorous mathematical foundation that 
balances operational cost reduction with deadline adherence, 
and they explain the observed improvements in utilization 
and waiting times.

2. The main result of the implementation stage is the solver- 
based algorithm. This algorithm combines branch-and-cut 
for the integer structure with outer approximation for non-
linear components, supported by adaptive service-window 
tightening and a warm-start route pool. Its design ensures 
convergence by iteratively linearizing nonlinear costs, while 
the warm-start accelerates the search by reusing high-qual-
ity initial routes. The branch-and-cut process progressively 
refines depot assignment and routing feasibility, and the 
outer approximation captures load-sensitive travel costs with-
out sacrificing tractability. These features explain why the 
algorithm can solve both small- and large-scale instances 
efficiently, producing solutions that are both high-quality and 
computationally practical. 

3. Quantitative results obtained aligned show clear per-
formance gains relative to the baseline: total operating cost 
decreased by 18% and late-delivery penalties fell by 27%, driven 
by earlier departures during peak windows and adaptive reas-
signment under demand surges above 20%. Before/after com-
parisons also indicate reductions in total travel time and im-

proved service-level adherence. These figures substantiate that 
the proposed dynamic, integrated optimization directly fulfills 
the targeted tasks on cost efficiency and service reliability.
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