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Abstract: The study develops an empirically validated
simulation framework to optimize urban food delivery
through vehicle differentiation, multi-order management,
and shortest-path routing. Using an empirical dataset from a
medium-sized European city, three models are compared:
single-order, greedy multi-order, and optimized multi-order
delivery. Routing combines Dijkstra and Traveling Salesman
Problem heuristics, with travel times predicted by a k-
Nearest Neighborsmodel. The simulation closely reproduces
observed operational patterns and shows that multiple-
order delivery reduces average delivery time by 15 %–20 %,
while the optimized model achieves an additional 8 %
improvement. Outcomes indicate higher operational effi-
ciency, better vehicle utilization, and reduced idle time.
Overall, the approach supports both economic and envi-
ronmental sustainability in last-mile logistics, offering a
realistic benchmark for algorithmic coordination in het-
erogeneous delivery fleets offering better customer
satisfaction.

Keywords: food delivery; modeling and simulation; machine
learning

1 Introduction

In recent years, the evolution of digital technologies has
radically transformed consumption patterns and business
models across multiple economic sectors, including catering

and food services. The rapid expansion of e-commerce and
business-to-consumer (B2C) platforms has reshaped how
customers interact with restaurants, creating new oppor-
tunities for convenience, personalization, and efficiency.
Among these innovations, food delivery has emerged as one
of the most dynamic and disruptive sectors, redefining the
relationship between restaurants and consumers on a
global scale.

The COVID-19 pandemic further accelerated this trans-
formation by forcing both consumers and businesses to
adopt online delivery solutions. According to McKinsey &
Company [1], the global food delivery market more than
doubled during the pandemic, exceeding $150 billion in the
United States alone. Restrictions on mobility and the closure
of dine-in facilities made home delivery an essential
component of daily life, rather than a complementary ser-
vice. As a result, platforms such as Deliveroo, Glovo, and
Uber Eats have become key players in the digital economy,
integrating advanced logistical and technological systems to
manage real-time demand.

Within this framework, the phenomenon of platform-
ization [2] has profoundly transformed the logistics of the
food delivery sector. The platforms act as intermediaries
that coordinate the interactions among customers, restau-
rants, and riders through dynamic assignment algorithms.
Once an order is placed, the system automatically identifies
and notifies available riders near the restaurant, optimizing
delivery based on proximity and expected travel time. The
quality and efficiency of these algorithms have become
critical determinants of both customer satisfaction and
platform competitiveness.

However, as food delivery systems become more com-
plex, new challenges emerge in optimizing delivery opera-
tions. In particular, the need to (i) differentiate riders by
vehicle type (bicycle or scooter), (ii) manage multiple
simultaneous deliveries (multi-drop delivery), and (iii)
ensure optimized routing through shortest-path algorithms
has become central to the pursuit of operational efficiency.
Traditional delivery models, which assign a single order to
each rider, often fail to capture the logistical potential of
multi-order optimization and heterogeneous vehicle fleets.
This study builds upon a previous work [3–5], extending its
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framework toward an operational and simulation-based
perspective.

Specifically, the article proposes a three-level simulation
model aimed at improving the efficiency of urban food de-
livery systems through:
(1) Vehicle-based rider assignment, selecting the most

suitable means of transport (bicycle or scooter) accord-
ing to distance and delivery context;

(2) Multi-order delivery management, grouping compat-
ible orders in space and time; and

(3) Optimized routing, minimizing total travel distance
and ensuring efficient sequencing of deliveries.

The proposed model is tested in three progressive
configurations—single-order delivery, multi-order delivery,
and optimized multi-order delivery—and compared
through quantitative and qualitative performance metrics.
The objective is to evaluate how integrated optimization
strategies can enhance delivery efficiencywhilemaintaining
service reliability and customer satisfaction.

2 State of the art

2.1 Customer experience and key service
dimensions

The quality of food delivery services has been widely
analyzed in terms of customer experience, emphasizing the
multidimensional nature of user satisfaction. Previous
studies identify fourmain determinants: application quality,
perceived price value, delivery time, and overall service
quality. The quality of the application influences user satis-
faction by shaping the accessibility and intuitiveness of the
ordering process. Features such as simplified interfaces,
customizable options, and real-time order tracking
contribute to improved usability and customer retention [6–
8]. Similarly, diversified payment systems and responsive
communication tools—such as direct contact with riders or
restaurants—enhance trust and perceived reliability [9].

The perceived price value extends beyond cost,
encompassing intangible elements such as social reputation,
sustainability, and ethical consumption [10, 11]. Promotions
and membership programs can influence purchase fre-
quency, but long-term loyalty ultimately depends on
perceived consistency and transparency [12].

Among the four factors, delivery time has consistently
emerged as the most influential determinant of customer
satisfaction [13, 14]. The ability to ensure timely, accurate
deliveries directly affects consumer trust, particularly in

dense urban environments where expectations for punc-
tuality are high. Therefore, optimizing delivery time not
only improves operational performance but also repre-
sents a key driver of customer experience and platform
reputation.

While these dimensions provide valuable insight into
user perception, they do not directly address the operational
and algorithmic mechanisms that produce such outcomes.
The following section focuses on the technical foundations
and optimization models that enable the achievement of
these service objectives.

2.2 Optimization models and simulations
approach in food delivery logistics

Recent advances in data analytics and machine learning
have led to a new generation of delivery optimization
models, aimed at improving both routing and order assign-
ment efficiency. The problem of delivery time optimization
is often conceptualized as a variant of the estimated time of
arrival (ETA) problem [15, 16], which seeks to predict or
minimize travel times between multiple locations under
uncertain and dynamic conditions.

In the field of food delivery, ETA optimization is
particularly challenging due to its dependence on real-time
variables—such as traffic, restaurant preparation delays,
and rider availability—that evolve continuously within the
system. Studies by Liu et al. [17], Hildebrandt and Ulmer [18],
and Gao et al. [19] integrate predictive analytics with order
assignment logic, combining supervised learning and
simulation to optimize dispatch decisions. Similarly, Salari
et al. [20] propose a data-driven framework that determines
optimal promised delivery times through decision tree-
based models, bridging the gap between customer expecta-
tions and operational feasibility.

Beyond ETA prediction, researchers have also explored
route optimization and vehicle routing problems (VRP) [21,
22]. Foundational algorithms such as Dijkstra’s shortest-path
method [23] remain crucial to these models [24], providing
computational efficiency and theoretical rigor for distance
minimization in complex urban networks.

A more recent research stream focuses on multi-order
(or batch) delivery optimization, which aims to group
temporally and spatially compatible orders to improve fleet
utilization. Multi-drop models have been shown to signifi-
cantly reduce total travel distance and idle time, especially
during peak hours [25, 26]. Among these, priority-based
optimization frameworks [27] offer an additional refinement
by dynamically sequencing orders according to urgency and
preparation readiness, further improving overall service
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efficiency. However, such systems also introduce challenges
related to route complexity and fairness among customers
with different delivery priorities.

Another emerging area involves heterogeneous fleet
models, which consider differences in vehicle speed,
accessibility, and environmental impact [28]. These models
highlight the operational advantages of assigning riders
with different vehicles − such as bicycles and scooters—
based on travel distance, delivery density, and urban to-
pology. Despite their potential, few studies have integrated
this aspect into full-scale simulations of urban delivery
systems.

2.3 Research gap and contribution

Although substantial progress has been made in ETA estima-
tion, route optimization, andorder assignment, the integration
of these components into a unified, realistic simulation
framework remains limited. Most existing approaches either
focus on single-order scenarios or assume homogeneous rider
fleets, overlooking the heterogeneity and real-time adapt-
ability required in modern delivery ecosystems.

This study addresses this gap by developing a three-level
simulation model that combines:
– vehicle-based rider assignment,
– multi-order (batch) delivery management, and
– shortest-path route optimization.

By merging these dimensions, the proposed framework
bridges the gap between theoretical optimization models
and practical logistics operations, offering a more compre-
hensive representation of urban food delivery dynamics.
The next section details themethodological approach used to
implement and compare the three proposed delivery
models.

3 Methodology

3.1 Experimental setting and empirical
dataset

The proposed simulation replicates an urban food delivery
ecosystem during peak operating hours (18:00–20:00), using
empirical data collected from a real delivery platform

operating in a medium-sized European city. The dataset
collected by survey includes historical records of completed
deliveries, providing detailed information on order creation
times, restaurant and customer coordinates, preparation du-
rations, and actual delivery timestamps. Each observation oiis

defined by the tuple tordi , treadyi , pi, di, vi, ri( ), where tordi and

treadyi denote the order placement and ready times respectively,
piand direpresent pickup and drop-off coordinates, viis the
vehicle type used (bicycle or scooter), and rithe assigned rider.
The empirical dataset covers a three-week period and contains
approximately 3,000 deliveries, which are used both to
parameterize and validate the simulation model. The follow
figure depicts the conceptual architecture (Figure 1).

Descriptive statistics from the dataset inform the main
parameters of the simulation:
– 65 % of deliveries were completed by bicycle, 35 % by

scooter;
– Average restaurant-to-customer distance: 2.7 ± 1.2 km;
– Average preparation time: 11.8 ± 4.5 min;
– Mean delivery time: 21.3 ± 5.7 min.

Rider speeds and service areas are calibrated fromGPS traces,
yielding empirical velocity distributions: vbike ∈ [9.16] km/h
and vscooter∈ [18.32] km/h. These empirical profiles ensure that
the model’s variability reflects observed operational
conditions.

Spatial routing occurs on a reconstructed street graph
G = (V, E), extracted from “OpenStreetMap” data (Figure 2).
Edge weights wecorrespond to empirically estimated travel
times derived from the dataset’s historical routes, aggre-
gated by road category and vehicle type. Route computation
follows Dijkstra’s algorithm for single-order deliveries and a
simplified traveling salesman problem (TSP) heuristic
(nearest-neighbor + 2-opt) for multi-stop scenarios.

The vehicle assignment follows an empirically validated
rule (equation (1)):

where Dbikecorresponds to the 80th percentile of bicycle
trip distances observed in the empirical dataset (approxi-
mately 3.0 km).

3.2 Single-order delivery model (baseline)

In the first configuration (Model 1), each rider is assigned
exactly one order per trip. The system simulates the

vehicle o( ) = bike, if dist p, d( ) ≤ Dbike and T̂bike o( ) ≤ T̂ scooter o( );
scooter, otherwise.

{ (1)
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operational paradigm of most existing delivery platforms,
where batching is not permitted and routing is optimized
only for the shortest path between the pickup and drop-off

points. For every order that becomes available (t ≥ treadyi ), the
model evaluates both vehicle types and selects the one with
the lowest expected travel time, based on empirical averages
from the dataset. The chosen order is assigned to the nearest
idle rider of that type, determined by equation (2):

r* = arg min
r∈R v

ETA r→ pi( ) (2)

The resulting route r*→pi→di is computed using Dijks-
tra’s algorithm. Riders remain unavailable until the order is
completed, preventing new assignments mid-trip. This

model forms the baseline scenario for efficiency
comparisons.

3.3 Multiple-order delivery model (greedy
batching)

The second configuration (Model 2) introduces the possibil-
ity of multi-order delivery through a greedy batching
mechanism. Orders are grouped when their pickup and
delivery coordinates, as well as preparation times, satisfy
empirical compatibility thresholds derived from the
observed data:
– Temporal proximity: ∣treadyi − treadyj ∣ ≤ Δ t, where Δteq-

uals the 75th percentile of preparation-time differences
(≈5 min);

– Pickup proximity: dist(pi,pj) ≤ Rp, with Rp = 400 m;
– Drop-off proximity: dist(di,dj) ≤ Rd, with Rd = 700 m.

Batches are built greedily from the pool of available orders
until the capacity k = 2 is reached. The route structure in-
cludes all pickups ordered by readiness time and all drop-
offs sequenced by nearest neighbor. Riders may accept
additional compatible orders before their first delivery,
reflecting the partial dynamism observed in actual
platforms.

This model approximates real-world practice,
improving resource utilization while accepting limited in-
efficiency from non-optimal routing. It represents an

Figure 1: Simulation-based optimization framework.

Figure 2: Customers’ orders area.
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intermediate configuration between operational realism
and optimization.

3.4 Optimizedmultiple-order deliverymodel

The third configuration (Model 3) extends the previous
one by introducing full pre-planning and routing optimi-
zation. All orders in a batch are pre-assigned before de-
parture, and no additional tasks are accepted once the trip
begins.

At discrete decision intervals (every 60 s), the system
analyzes the active order pool and constructs candidate
batches through spatial clustering, using empirical radii Rp
and Rd as derived from paragraph 3.3. For each batch B,
feasible pickup and drop-off sequences (πp, πd) are generated
and their total travel time estimated by following equation
(3):

T total B( ) = Tapproach r→ πp 1( )( ) + Tpickups πp, v( )
+ Tdrops πd, v( ) + ∑

i∈B
max 0, treadyi − tarrivepi

( ) (3)

The optimal batch minimizes Ttotal(B) jointly over rider,
vehicle, and sequence configurations (equation (4)):

min
B,r,v,πp ,πd

T total B( ) (4)

This optimized multiple-delivery model aims to capture
the performance of an algorithmically advanced platform
capable of planning entire delivery rounds ex ante,
balancing travel efficiency with service reliability.

3.5 Learning and routing components

Empirical records fromhistorical deliveries are used to train
a k-nearest neighbors (k-NN) regressor that predicts travel
times for each segment e and vehicle v (equation (5)):

t̂e v( ) = 1
K

∑
k∈N K e,v( )

t k( )
e (5)

where N K e, v( ) represents the Kmost similar past observa-
tions by distance, traffic condition, and time of day.

For route computation, Dijkstra’s algorithm is applied to
single-order paths, while a TSP heuristic combining nearest-
neighbor initialization and 2-opt refinement is used for
multi-stop optimization. These techniques ensure computa-
tional tractability while maintaining alignment with real
routing data.

3.6 Evaluation metrics and validation
protocol

Model performance is evaluated using both empirical vali-
dation and simulation-based comparison.

Customer-oriented metrics include:
– Mean delivery time Tdeliv;
– Mean waiting time after preparation Twait;
– On-time delivery rate for thresholds τ ∈ {25, 35} min.

Operational metrics include:
– Orders per trip (OPT);
– Distance per order (km/order);
– Idle time ratio (waiting/active time);
– Vehicle utilization rate (bikes vs scooters);
– Batch share (% of orders delivered in batches).

All results from the simulated models are compared against
the empirical benchmarks extracted from the dataset,
enabling quantitative validation of each configuration.

The multiple-order model is expected to outperform the
single-order baseline, while the optimized multiple-order
model should further reduce delivery times and distances,
demonstrating its validity and practical potential when
aligned with real-world delivery data.

To ensure the reliability and external validity of the
proposed simulation framework, a two-step validation pro-
cess is adopted. The first phase consists of parameter cali-
bration using empirical data, while the second focuses on
model validation through quantitative comparison between
simulated outcomes and observed real-world performance.

Empirical data described in paragraph 3.1 (dataset
description) are used to calibrate the model’s key
parameters:
– Mean and variance of restaurant preparation times;
– Average rider speeds and their distribution by vehicle

type;
– Typical pickup–delivery distances and time-window

thresholds (Δt, Rp, Rd);
– Historical order density over time (orders/hour).

Calibration minimizes the mean absolute percentage error
(MAPE) between simulated and observed trip durations for
the single-order baseline, depicted in equation (6).

MAPE = 1
N

∑
N

i=1
∣
T sim
i − Tobs

i

Tobs
i

∣ ×100 (6)

The model is considered sufficiently calibrated when
MAPE ≤10 %, indicating that simulated delivery times
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approximate the empirical distributions within acceptable
bounds.

The second phase evaluates the predictive consistency
of the simulation by comparing model outputs with held-out
empirical data. Three key aspects are assessed:
(1) Temporal validation: comparison of average delivery

time trends (15 min intervals) between empirical and
simulated datasets using Pearson [29] correlation r and
Root Mean Square Error (RMSE), visible in equation (7).

(2) Spatial validation: comparison of mean delivery dis-
tances across city zones to verify consistency of routing
patterns.

(3) Operational validation: evaluation of vehicle usage
and batching rates against observed values, using chi-
square goodness-of-fit tests.

RMSE =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N

∑
N

i=1
T sim
i − Tobs

i( )2√
(7)

Model reliability is confirmed when correlation r > 0.85
and RMSE ≤3 min for delivery times. The validation process
is repeated independently for bicycles and scooters to
ensure that both fleet components are realistically
reproduced.

Finally, the simulated performance of the three models
—single-order, multiple-order, and optimized multiple-
order—is benchmarked against the empirical baseline
extracted from the dataset. Statistical tests—Wilcoxon
signed-rank for paired measures, analysis of variance
(ANOVA) for aggregated metrics)—determine whether
observed improvements are significant at a 95 % confidence
level [28, 30].

This validation setup provides a robust methodological
link between empirical observations and simulated optimi-
zation results, ensuring that the model’s conclusions are
grounded in real operational data.

4 Results and discussion

The simulation outputs were validated against the empirical
dataset described in paragraph 3.1 to assess predictive reli-
ability. Across all configurations, simulated delivery times
and distances were strongly correlated with observed data,
confirming the robustness of the calibration and validation
phases (paragraph 3.6). The overall correlation coefficient
between simulated and empirical delivery times was r = 0.88
(RMSE = 2.7 min), indicating that the model reproduces real
operational dynamics with high fidelity. Correlation was
slightly higher for scooters (r = 0.91) than for bicycles
(r = 0.86), consistent with the lower variance observed in

scooter speeds. Average simulated trip distances matched
empirical observations closely (mean difference = 0.14 km),
and the spatial distribution of deliveries per zone followed
the empirical pattern (χ2 test, p > 0.05). Overall, the model
accurately represents the real delivery network and the
heterogeneity of the fleet.

Table 1 summarizes the main quantitative results ob-
tained from the three simulation models and the empirical
benchmark.

The multiple-order configuration (Model 2) reduced the
mean delivery time by 15.4 % compared to the single-order
baseline, while the optimized version (Model 3) achieved an
additional 8 % reduction. The average number of orders per
trip rose from 1.0 to 1.8, confirming a substantial improve-
ment in operational efficiency without a proportional in-
crease in travel distance. Differences between models were
statistically significant (p < 0.01, ANOVA), confirming that
improvements were not due to random variation.

Temporal aggregation shows that the optimized model
consistently outperformed the others throughout the simu-
lation window, with the greatest time savings during peak
demand (18:45–19:30), when higher order density enabled
efficient batching. Spatially, gains were concentrated in
central areas with dense restaurant clusters, whereas pe-
ripheral zones benefited less because of longer average
travel distances and fewer batching opportunities. This
confirms that the advantages of optimization depend on the
spatial concentration of demand, consistent with findings by
Li et al. [26] and Yildiz and Kara [28].

Further insight can be gained by disaggregating results
by vehicle type (Table 2).

Scooters consistently exhibited shorter mean delivery
times due to higher cruising speeds, while bicycles achieved
greater operational density in central areas. The optimized
model (Model 3) balanced fleet utilization more effectively,
reducing idle time for both categories. Average idle ratios
declined from 0.29 to 0.21 for bicycles and from 0.25 to 0.20

Table : Overall model comparison.

Metric Empirical Model 
(single)

Model 
(multiple)

Model 
(optimized)

Mean delivery
time (min)

. . . .

Mean waiting
time (min)

. . . .

Order per trip . . . .
Distance per
order (km)

. . . .

On-time rate
(< min)

. . . .

% bicycle trips    

% scooter trips    
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for scooters, showing that optimization improved resource
coordination across vehicle types. These findings confirm
that vehicle differentiation enhances fleet efficiency when
integrated with multi-order routing, especially by assigning
bicycles to short intra-cluster routes and scooters to longer
or peripheral ones.

Statistical validation reinforced these outcomes. The
Wilcoxon signed-rank test [30] indicated significant differ-
ences in delivery-time distributions among models
(Z = −4.72, p < 0.001), while Levene’s test [31] showed no
significant rise in variance (p > 0.05), suggesting that opti-
mization reduces mean times without increasing volatility.
Pairwise comparisons revealed that the optimized model
achieved an average travel-time saving of 14.5 % per order
relative toModel 2 and 21.8 % relative toModel 1, with a 95 %
confidence interval of ± 2.3 %.

Overall, the empirical evidence demonstrates that the
integration of vehicle differentiation, multi-order delivery,
and shortest-path optimization yields consistent operational
gains under realistic conditions. Improvements are moder-
ate in magnitude but statistically robust and obtained
without compromising reliability, an aspect particularly
relevant for platforms seeking stability rather than aggres-
sive performance increases. In practical terms, multi-order
delivery can raise throughput by roughly 60 %–80 % with
only minor growth in travel distance, while vehicle-aware

assignment prevents inefficiencies frommismatched routes.
Optimization of batch sequencing in Model 3 provides an
incremental yet stable reduction in delivery time and idle
intervals, effectively refining the greedy batching logic of
Model 2 into a globally optimized planning process. Thus,
Model 3 can be regarded as the fully optimized evolution of
Model 2, preserving its operational structure while elimi-
nating local inefficiencies (Figure 3).

4.1 Model assumptions and limitations

The proposed simulation relies on several simplifying as-
sumptions that enable analytical tractability but may limit
generalization. First, the model assumes that all restaurants
and customers are static points on a fixed street network,
neglecting short-term variations in accessibility or tempo-
rary closures. Rider behavior is modeled deterministically
within each delivery phase—pickup, travel, and drop-off—
without accounting for micro-level variability such as wait-
ing at traffic lights or searching for parking.

The fleet is considered fully available during the simu-
lation window, and rider cancellations or off-platform ac-
tivities are not simulated. Similarly, restaurant preparation
times are treated as exogenous and independent across or-
ders, although in practice they may depend on kitchen

Figure 3: Average delivery time temporal
evolution.

Table : Model performance by vehicle type.

Vehicle type Mean delivery time (min) Order per trip Idle time ratio Mean distance per order

Bike - Model  . . . .
Bike - Model  . . . .
Bike - Model  . . . .
Scooter - Model  . . . .
Scooter - Model  . . . .
Scooter - Model  . . . .

M. Gotelli et al.: Optimization for online food delivery and supply chain management 7



workload and staffing levels. Themodel does not incorporate
stochastic traffic congestion or weather disruptions, which
could affect real-world travel speeds.

Another limitation concerns the optimization scope. The
optimized multiple-order model assumes perfect informa-
tion about order readiness and travel conditions at the time
of assignment, which may not always be achievable in
operational settings. While empirical calibration mitigates
some of these biases, real-time uncertainty remains a chal-
lenge for future extensions.

Despite these simplifications, the model reproduces
aggregate performance patterns observed in empirical data
with high fidelity. Therefore, the assumptions primarily
affect the precision of individual predictions rather than the
validity of the overall comparative results. Future research
could address these limitations by integrating stochastic
travel models, real-time rider behavior, and adaptive real-
location mechanisms after batch completion.

5 Conclusions

In a context initially characterized by a Blue Ocean but now
evolved into a Red Ocean due to emerging competition,
capturing and retaining customers becomes essential for
business survival [32].

This study developed and validated a simulation
framework for optimizing urban food delivery operations
through the joint consideration of vehicle differentiation,
multiple-order management, and route optimization.
Building on previous research in ETA prediction and on-
demand logistics, the model introduced a structured com-
parison between three delivery configurations: the single-
order baseline, a greedy multiple-order system, and an
optimized multiple-order model integrating global batch
planning and shortest-path routing.

Empirical validation against real delivery data confirmed
that the simulation accurately reproduces operational pat-
terns across both bicycles and scooters, with strong correla-
tion coefficients (r > 0.85) and low RMSE values. Comparative
analysis demonstrated that the multiple-order strategy im-
proves average delivery efficiency by 15–20 % relative to
single-order operations, while the optimized configuration
achieves a further 8 % reduction in delivery times. These
improvements are statistically significant yet moderate in
scale, supporting the feasibility of gradual implementation
without compromising service reliability.

Beyond operational efficiency, the findings highlight
broader economic and sustainability implications. Shorter
and better-coordinated delivery routes reduce total vehicle
kilometers and idle time, leading to lower fuel consumption

and carbon emissions. The optimization of vehicle assign-
ment also enhances fleet productivity, enabling more de-
liveries per rider and improving platform-level profitability.
From the customer perspective, reduced waiting times and
more consistent delivery performance contribute directly to
higher satisfaction, perceived reliability, and potential
retention-key drivers of long-term competitive advantage
for on-demand platforms. Consequently, the proposed
approach supports both economic sustainability (through
cost efficiency and productivity gains) and environmental
sustainability (through smarter allocation of low-impact
vehicles and reduced travel redundancy).

The analysis also highlighted several simplifying as-
sumptions that constrain generalization, namely fixed
network topology, full rider availability, and deterministic
travel times. Nonetheless, these simplifications affect only
the granularity of predictions, not the consistency of
comparative findings. Future work should extend the
framework by incorporating stochastic traffic conditions,
dynamic reallocation after batch completion, and adaptive
dispatch algorithms capable of learning from real-time
performance feedback. Such developments could further
improve utilization efficiency and reduce idle travel,
bringing simulation outcomes even closer to real opera-
tional performance.

It should therefore be noted that this work, while
contributing to the development of existing models, at the
same time needs further study with future applications and
implementations due to the limitations of components
integration such as ETA estimation, route optimization and
order assignment, in unified and realistic simulation
framework that currently remains limited and improvable.

In conclusion, the proposed approach demonstrates that
algorithmic coordination—combining multi-order delivery,
vehicle-aware assignment, and optimized routing—can
deliver tangible efficiency improvements under realistic
conditions. While the model simplifies certain behavioral
and environmental aspects, it provides a transparent,
empirically grounded basis for advancing both the economic
viability and environmental sustainability of urban food
delivery systems.

Abbreviations

ANOVA Analysis of variance
B2C Business-to-consumer
ETA Estimated time of arrival
k-NN k-nearest neighbors
MAPE Mean absolute percentage error
RMSE Root mean square error
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TSP Traveling salesman problem
VRP Vehicle routing problems
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