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ABSTRACT

ARTICLE INFO

In metropolitan instant delivery systems, rising operational costs and poor de-
livery timeliness pose significant challenges. This study addresses these issues
by investigating optimal order allocation and route optimization in a hybrid
delivery system that integrates autonomous delivery vehicles (ADVs) with hu-
man riders. Analysis of historical order data indicates that inefficient order as-
signment between ADVs and riders is a major operational bottleneck. To ad-
dress this problem, a collaborative human-ADV delivery model is formulated
with the objective of minimizing total logistics costs under constraints related
to delivery time windows, vehicle capacity, and routing requirements. The pro-
posed model is applied to a real-world case involving QX Fresh Supermarket,
comprising 80 orders and 16 community transfer points. An improved genetic
algorithm is developed to solve the optimization problem efficiently. Empirical
results for off-peak, normal, and peak periods show that the collaborative de-
livery approach significantly improves ADV utilization and reduces total deliv-
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ery costs by more than 30 % without compromising timeliness. These findings
provide both a sound theoretical basis and practical guidance for the advance-
ment of human-machine collaborative logistics.
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1. Introduction

The global retail sector is undergoing a profound transformation toward the "New Retail" model],
integrating online and offline channels to prioritize experiential consumption. The fresh grocery
segment leads this trend, having demonstrated remarkable resilience in the post-pandemic pe-
riod. In 2024, the global fresh food retail market reached approximately USD 1.35 trillion, with
projected annual growth of around 6 %. This surge is evident worldwide: in North America, plat-
forms such as Instacart and Amazon Fresh are reshaping consumption; in Europe, Ocado’ s au-
tomated warehouses set new efficiency standards; and in Asia, Hema Fresh pioneers data-driven
logistics. China, with a fresh grocery online penetration rate of 14.6 % in 2022, exemplifies this
shift yet still faces the universal "last-mile" bottleneck: fragmented, high-frequency orders with
tight delivery windows make traditional centralized distribution inefficient.

Consequently, the logistics industry is transitioning toward Autonomous Delivery Vehicles
(ADVs). In China, enterprises like Meituan and JD.com have achieved rapid growth in delivery vol-
umes, supported by policies promoting "vehicle-road-cloud integration." However, full
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commercialization faces a severe "cost trap." While ADVs offer superior payload capacity and op-
erational continuity compared to riders, the marginal cost of resolving the final 1 % of complex
driving scenarios (the "long-tail problem") remains prohibitive. Furthermore, the industry cur-
rently struggles with "diseconomies of scale," where current fleet sizes cannot yet offset high R&D
and hardware costs. Fully autonomous systems still falter in complex urban environments, while
traditional human delivery is constrained by rising labor costs and limited scalability.

Therefore, a collaborative delivery model that integrates the flexibility of human riders with
the cost-efficiency of ADVs presents a critical strategic direction. This study investigates order
allocation and route optimization in a hybrid human-ADV delivery system in Chinese metropoli-
tan areas. By constructing a multi-constraint optimization model and solving it using an improved
genetic algorithm, this study addresses the gap in operationalizing human-machine collaboration.
[t provides a theoretical framework for hybrid fleet management and offers actionable strategies
to enhance efficiency and reduce operational costs by over 30 %, contributing to the sustainable
development of urban logistics systems globally.

2. Literature review

This section systematically reviews and synthesizes the literature concerning three core research
issues: human-machine collaboration, order allocation, and delivery route optimization, with the
objective of identifying current research progress, limitations, and future directions. First, the hu-
man-machine collaboration perspective examines effective coordination mechanisms between hu-
man operators and intelligent systems. Second, order allocation strategies are analyzed with respect
to their impacts on delivery efficiency. Finally, delivery route optimization approaches are evalu-
ated, with particular emphasis on algorithmic applications for enhancing distribution performance.
Through this comprehensive literature review, the current study establishes a theoretical founda-
tion for subsequent model development and methodological improvements.

2.1 Human-machine collaboration (HRC)

HRC, which focuses on synergistic task execution between humans and robotic systems, is foun-
dational to modern logistics. Early research laid the theoretical groundwork, and recent advances
have been driven by developments in artificial intelligence and sensor technologies.

A critical challenge in HRC is dynamic task allocation. Traditional models often rely on prede-
fined rules, but recent studies emphasize adaptability. For instance, Alirezazadeh and Alexandre
[1] developed a dynamic task scheduling framework that allows for real-time task reallocation in
response to environmental changes. Furthermore, Wu et al. [2] presented a trust-based task allo-
cation method for human-robot collaboration, optimizing the assignment process by establishing
a trust model between humans and robots. Ranz et al. [3] proposed a capability-based task allo-
cation approach that dynamically assigns tasks according to human and robot capabilities,
thereby improving collaboration efficiency.

Decision-making methodologies in HRC have evolved to support complex joint actions. Cai et
al. [4] investigated collaborative decision-making for resource-constrained field inspection tasks,
optimizing task execution under limitations.

Ensuring safety and adaptability remains paramount. Studies have moved beyond physical
safeguards to cognitive models. Yao et al. [5] developed a task reallocation algorithm incorporat-
ing dynamic fatigue assessment, enhancing operator safety by adjusting workloads based on real-
time states. Faccio et al. [6] further contributed by modeling variable robot speeds within task
allocation, enabling finer control over collaborative efficiency. Zhao et al. [7] further emphasized
the importance of safety in HRC and proposed an integrated task allocation framework balancing
both safety and efficiency. Bruno and Antonelli [8] developed a dynamic task classification and
allocation method that adapts task assignments based on task requirements and team capabilities
to enhance collaborative performance.

The application of HRC in industrial logistics is well-documented. Vahedi-Nouri et al. [9] ex-
tended this to reconfigurable manufacturing systems, presenting an optimized scheduling method
for dynamic production needs.

140 Advances in Production Engineering & Management 21(1) 2026



A human-robot collaborative delivery model for instant orders in metropolitan areas

While HRC has advanced significantly, it still faces limitations, including oversimplified human
factor models, a lack of studies in multi-robot environments, and underexplored cross-domain
applications. Xu et al. [10] investigated fairness concerns in symmetric manufacturing enterprises
and found that such concerns exhibit heterogeneity, directionality, and reinforcement, which sig-
nificantly affect the stability of resource-sharing strategies. This provides a useful reference for
understanding human-machine collaboration in manufacturing contexts. To overcome these lim-
itations, future research should focus on deeply integrating human cognition with machine intel-
ligence, thereby facilitating broader adoption across diverse and complex scenarios.

2.2 Order allocation

Order allocation, as a specific instantiation of task allocation in logistics, is critical for operational
efficiency. Research has evolved from static models toward dynamic, multi-objective optimization
frameworks.

Multi-objective optimization is central to modern approaches, balancing conflicting goals such
as cost, time, and service level. Sodenkamp et al. [11] incorporated collaborative effects into a
multi-criteria decision model for supplier selection and order allocation. Xiang et al. [12] devel-
oped a multi-objective optimization model for order allocation within clustered multi-supply-
and-demand networks, optimizing for cross-network resource utilization.

The application of intelligent algorithms has revolutionized this field. Zhang et al. [13] pro-
posed an improved adaptive variable neighborhood search algorithm to solve stochastic order
allocation problems, enhancing robustness and solution efficiency.

Dynamic and real-time allocation is essential for contemporary on-demand logistics. Huq et al.
[14] utilized Long Short-Term Memory (LSTM) models to predict cross-regional food delivery de-
mand, informing real-time order allocation decisions to optimize service quality. In crowdsourced
delivery, which is a highly flexible model, studies mainly focus on real-time matching. As empha-
sized by Silva et al. [15], optimizing last-mile operational models is key to reversing the trend of
rising fuel costs and emissions caused by high delivery volumes.

Seghezzi and Mangiaracina [16], and Seghezzi et al. [17] conducted in-depth economic analyses
comparing crowdsourced logistics against traditional delivery models for B2C e-commerce. Their
studies, utilizing cost models applied to Milan, demonstrated that crowdsourcing significantly re-
duces per-delivery costs for both express and multi-parcel services. Specifically, they identified
cost savings of approximately 11 % compared to traditional vans, attributing this advantage to
the operational flexibility and higher delivery success rates inherent in the crowdsourcing model.

This study builds upon these foundations by formulating the order allocation problem between
riders and ADVs as a dynamic, multi-objective optimization solved with a metaheuristic algorithm.

2.3 Delivery route optimization

The Vehicle Routing Problem (VRP) is the cornerstone of delivery optimization. This research fo-
cuses specifically on VRP with Time Windows (VRPTW), which is paramount for time-sensitive
fresh grocery delivery.

Research on VRP with Time Windows has diversified to model various real-world constraints.
A key distinction is made between hard (infeasible to violate) and soft (violatable with penalty)
time windows. Errico et al. [18] addressed a VRPTW with stochastic service times using a two-
stage stochastic programming model solved by a branch-cut-and-price algorithm, providing exact
solutions for medium-scale problems. Ghannadpour et al. [19] tackled uncertainty by introducing
fuzzy time windows in a multi-objective dynamic VRP solved with a genetic algorithm.

The rise of collaborative and multi-modal delivery has introduced new VRP variants. Wang et
al. [20] studied a two-stage location-routing problem with hard time windows, solved with an
improved NSGA-II algorithm.

In the context of two-echelon distribution network optimization, Jiao et al. [21] investigated
the low-carbon multimodal vehicle logistics route optimization problem with timetable limits us-
ing Particle Swarm Optimization, demonstrating the synergistic effects of multimodal transporta-
tion in reducing both carbon emissions and costs. Furthermore, Xiao and Lan [22] proposed a two-
echelon drone-truck collaborative TSP-based routing model for humanitarian logistics with time
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windows and stochastic demand, providing important methodological references for the two-
echelon human-robot relay delivery network in this study.

Solving algorithms for these complex NP-hard problems are predominantly metaheuristic or
hybrid in nature. Mohammed et al. [23] applied an improved genetic algorithm for campus bus
routing. Huang et al. [24] used a genetic algorithm hybridized with local search (IGALS) for a
VRPTW with simultaneous pickup and delivery. Hybrid approaches are particularly effective.
Zhang et al. [25] combined an artificial bee colony algorithm with tabu search for cold chain logis-
tics VRP. Zhang et al. [26] established a single-objective model to minimize the maximum delivery
time for emergency rescue, demonstrating that reducing waiting and transport times is essential
for system effectiveness. Similarly, our study prioritizes strict delivery time windows to ensure
the freshness and punctuality of instant orders.

Lietal. [27] developed a cost model for drone-rider collaborative food delivery. By optimizing
transfer station locations using genetic algorithms and conducting comprehensive cost analysis,
they identified specific service radii where the total cost of collaboration undercuts the rider-only
mode, providing crucial quantitative support for human-robot collaboration strategies. In metro-
politan environments, static path planning often fails to meet the strict timeliness requirements
of instant delivery due to fluctuating traffic conditions. Li et al. [28] demonstrated the effective-
ness of integrating real-time traffic flow prediction into path planning algorithms. Similarly, our
collaborative model accounts for dynamic travel times to optimize the interaction between riders
and ADVs. To effectively manage the complexity of large-scale logistics networks (e.g., 120 nodes),
decomposing the problem is often necessary. Zhang et al. [29] proposed a two-stage algorithm
design that utilizes K-means clustering to group demand points before applying a genetic algo-
rithm for routing.

Recently, Zhao et al. [30] published a study on synchronized deliveries with a bike and a self-
driving robot (TSPBR), a problem setting highly similar to the human-ADV collaborative model in
this paper. Beyond this comparison, the novelty of our work lies in two aspects. First, operation-
ally, we address the practical limitations of current ADVs (short range, high empty-load rate, cha-
otic routes) by integrating them with riders into a unified delivery system that leverages comple-
mentary strengths. Second, algorithmically, we improve the genetic algorithm by redesigning the
chromosome encoding scheme: unlike traditional encoding that includes only one rider type and
uses the store as the separator, our scheme sequentially incorporates full-route riders, relay rid-
ers, and ADVs within one chromosome, with relay rider sub-paths separated by transfer points
instead of the store. These distinctive features constitute the main novelty of this paper compared
to existing two-echelon, relay, and collaborative routing studies.

Recent studies have also explored customer-centric last-mile delivery optimization. Wang and
Huang [31] investigated urban end-delivery paths considering consumers' delivery time prefer-
ences using an ALNS algorithm, showing that personalized delivery time services increase deliv-
ery costs by approximately 20 % while generating additional revenue. Zhao et al. [32] further
studied the vehicle routing problem considering customers' multiple preferences (delivery time,
location, and mode) and demonstrated that preference constraints significantly affect total deliv-
ery costs when the average preference probability exceeds 0.5. These studies highlight the im-
portance of incorporating customer preferences into last-mile delivery optimization, which aligns
with the time window constraints considered in our human-robot collaborative model.

In summary, while extensive literature exists on HRC, order allocation, and VRP individually,
their intersection in the context of a human-ADV hybrid delivery system for fresh supermarkets
remains underexplored. This research synthesizes concepts from these three streams to develop
an integrated model and solution methodology for this emerging logistics paradigm.

2.4 Unmanned delivery policies and development trends

The global regulatory framework for unmanned delivery is rapidly evolving as nations seek to bal-
ance innovation with public safety concerns. The United States has adopted a decentralized ap-
proach in which the National Highway Traffic Safety Administration provides federal guidance
while states like California and Texas have developed their own specific regulations governing au-
tonomous delivery vehicle testing and deployment. The European Union has implemented a
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comprehensive Strategy on Automated Mobility that emphasizes standardization and cross-border
testing compatibility, though its strict privacy regulations under the GDPR create additional compli-
ance requirements for drone operations. Japan stands out for its proactive legislative approach, hav-
ing formally revised its Road Traffic Act to explicitly accommodate unmanned delivery vehicles in
public spaces. Singapore has emerged as a particularly progressive testing ground through initia-
tives like the TRUST trial framework and National Drone Initiative that actively encourage real-
world commercialization and even cross-border drone logistics experiments. These international
policy developments demonstrate a spectrum of regulatory philosophies, ranging from cautious
permission to active promotion, while addressing core concerns about safety, privacy, and inte-
gration with existing transportation systems. Some other countries have adopted a relatively loose
regulatory approach, leaving the development of driverless and unmanned delivery to autonomous
exploration by enterprises or local organizations, with the relevant policies, as shown in Fig. 1.
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China has demonstrated a strong national commitment to developing its unmanned delivery
sector through coordinated policy support and local implementation. The central government has
established a clear strategic direction through a series of top-level policies that provide both guid-
ance and standards for industry development. Ji et al. [33] developed an evolutionary game model
between government and automobile enterprises, demonstrating that reward and punishment
policies significantly influence firms' transition to new energy production and that erroneous pol-
icy implementation can alter equilibrium outcomes. This finding highlights the importance of pol-
icy design in guiding industrial transformation. This national framework has been effectively op-
erationalized at the local level, with key cities including Beijing, Shanghai, and Shenzhen creating
detailed implementation rules and designated zones for testing and demonstration operations.
This multi-level governance approach has created a structured yet adaptable environment that
supports technological advancement while maintaining oversight, reflecting China's methodical
strategy for nurturing emerging technologies through policy-enabled ecosystems.

Driven by falling costs and tech upgrades like V2X, the unmanned delivery market is surging,
particularly in China. Application scenarios are expanding from food delivery to medical and cam-
pus logistics. Meanwhile, policymakers worldwide are refining regulations to support safe, large-
scale deployment.

3. Mathematical model
3.1 Problem statement and assumptions

The optimization of last-mile delivery in China's major cities, characterized by high order density
and complex logistics networks, presents significant challenges for contemporary retail models.
To investigate these challenges in a concrete operational context within the Chinese market, this
study selects QX Fresh Supermarket as a representative case for empirical analysis. This research
addresses the last-mile delivery optimization problem for QX Fresh Supermarket within the new
retail context. The supermarket operates on an “online order, offline delivery” model, featuring a
hierarchical distribution network with a “single distribution center - multiple transfer points -
multiple customers” structure, as shown in Fig. 2. Customers place orders via an online platform,
specifying their expected delivery time windows, which are then fulfilled by the nearest store.
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Fig. 2 Schematic diagram of the distribution network structure

Currently, QX Fresh Supermarket employs two delivery modes:

1. Direct Rider Delivery: Riders collect orders from the store and deliver them directly to all
customers before returning to the store.

2. Human-Robot Relay Delivery: Unmanned delivery vehicles transport batches of orders to
designated transfer points, where relay riders subsequently complete the delivery from the
transfer point to the final customers.
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However, significant issues exist in the current operation: order allocation between riders and
unmanned vehicles relies heavily on experience, lacking systematic optimization. This results in
low loading rates for unmanned vehicles, resource idling, and a failure to fully leverage their in-
herent cost advantages. Consequently, the core research problem is to scientifically allocate or-
ders to riders or unmanned vehicles while simultaneously optimizing their respective delivery
routes, aiming to minimize the total distribution cost, all under the constraints of customer time
windows and vehicle capacity.

3.2 Parameters and decision variables
The following fundamental assumptions are made to formulate the mathematical model:

1. The travel speeds of unmanned vehicles and riders are constant and unaffected by traffic
congestion.

2. The demand, delivery location, and time window for all customer orders are known.

A single order cannot be split and must be completed by the same delivery unit.

4. Relay riders are immediately available for handover when unmanned vehicles arrive at
transfer points, resulting in zero waiting time.

5. The service time at customer points and transfer points is a fixed constant.

w

Table 1 Parameters and decision variables

Type Symbol Definition

M Set of customer points to be served, g,h € M

N  Setof transfer points, (i,j = 0 denotes the store) i,j € N

K Set of autonomous delivery vehicles, k € K

P Set of full-route riders, p € P

U  Setofrelayriders,u € U

Q1 Maximum order capacity per autonomous vehicle

@, Maximum order capacity per rider

q;  The quantity of delivery orders reaching the transfer point j
Model v,  Average delivery speed of autonomous vehicles
Parameters v,  Average delivery speed of riders

e;  Per-kilometer delivery cost for autonomous vehicles

e,  Per-order delivery cost for full-route riders

e3  Per-order delivery cost for relay riders

e,  Loading cost per order for autonomous vehicles
the distance of the unmanned delivery vehicle from transfer point i to transfer point j
dgn  the distance from customer point g to customer point h for the rider
ET, Earliest delivery time at customer
LT, Latest delivery time at customer

the time it takes for the unmanned delivery vehicle to travel from transfer point i to transfer
point j,ty;represents the time it takes to travel from the store to transfer point i
Auxiliary " the time it takes for the rider to travel from customer point g to customer point h,t, 4 Indi-

Variables 9" cates the time it takes to travel from the store to customer point
g

t,  Service time required by the rider at a single customer point

t,  Service time required by the unmanned delivery vehicle at a single transfer point

Xk Binary variable: Xikj = 1 if unmanned delivery vehicle k travels from transfer point i to trans-

Y fer point j; X, = Ootherwise
¥ Binary Variable:Y;’h = 1 if full-route rider p travels from customer point g to customer point
. gh p. ngh = 0 otherwise

Dec_lswn .  Binaryvariable: Z}, = 1 if shuttle rider u travels from customer point g to customer point h;
Variables o 9

on = Ootherwise

W; Binary variable: Wi,if customer point g is served by transfer point i; W;,; otherwise
Vug
RF  Binary variable: R ¥ = 1 ifunmanned delivery vehicle k serves transfer point i; R¥ = 0 otherwise

Binary variable: },; = 1 if shuttle rider u serves customer point g; 1, = 0 otherwise

[t should be noted that Assumption 4 (zero waiting time at transfer points) is an idealized sim-
plification of reality. In practice, the temporal uncertainty of human behavior can significantly af-
fect collaboration efficiency. A potential approach to address this issue is to adopt a two-layer
optimization framework combining offline pre-optimization with online reactive adjustment. In
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future research, such a framework can be explored to incorporate stochastic waiting times at
transfer point handovers into our model, enhancing its applicability in real dynamic environments.
The model parameters, auxiliary variables, and decision variables are listed in Table 1.

3.3 Model formulation

The objective of this study is to minimize the total distribution cost, which primarily consists of
three components:

1. Unmanned vehicle transportation cost C;: Proportional to the total travel distance.
K N N

a=) Z exDyy Xl (1) ()

k=11i=0 j=
2. Unmanned vehicle loading cost C,: Proportlonal to the total number of orders delivered by

unmanned vehicles.
N M K
C2=ZZZe W4 Rf (2)

i=1g=1k=1
3. Rider delivery cost Cs: Includes the costs of both direct riders and relay riders.
P M M u M M
— p
EOWWRVADWIN ®
p=1g=0 h=0 u=1g=0 h=0
Thus, the total objective function is:

K N N N M K P M M u M M
C=C+C+Cy= Zzzeluijxi’; +Zzze4mg Rk +Zzzezyg”h +ZZZe3zgh (4)

k=1i=0 j=0 i=1 g=1k=1 p=1g=0 h=0 u=1 g=0 h=0

Egs. 5-7 enforce flow conservation for unmanned delivery vehicles, ensuring they originate
from and return to the distribution center while maintaining flow balance at transfer points. Sim-
ilarly, routing logic and path continuity for full-route and relay riders are defined by Eqs. 8-13.
Service completeness is guaranteed by Egs. 14-15, which mandate that each customer order is
fulfilled exactly once by a single rider. Capacity constraints for ADVs, full-route riders, and relay
riders are formulated in Egs. 16-18, respectively. Egs. 19-22 govern the temporal aspects, ensur-
ing arrival times fall within customer time windows and calculating travel duration between
nodes. Finally, the logical dependencies between order assignment and routing variables are es-
tablished in Egs. 23-24.

N
ZX{B —1,kek 5)
i=1
N
ngj=1,kei( (6)
=1
N
ZXL-"]-= Xk jeNkeK )
i=1 i=1
M
ZngO=1,pEP (8)
g=1
M
¥ =1per 9)
h=1
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M M
g=1 g=1
M M
ngphzzyf?g,hEM,pEP (11)
g=1 g=1
M
ZZgh=1,uEU (12)
h=1
M M
Zgh=ZZ#g,h€M,u€U (13)
g=1 g=1
N P M
PN ADWRATTLL (14
i=1 p=1h=1
M P M U
ZEgph+ZEZgh=1,hEM (15)
g=0p=1 g=0u=1
N N
ZZCI Xfi<QukekK (16)
i=0 j=
M M
2 Z ngh <Qup€EP (17)
g=0h=0
M M
ZzzghSQz,UEU (18)
g=1h=0
ETg < tog < LTg,g eEM (19)
= (toi + ty + ty)Xf i j EN k€K 20)
tOh:(tog+tl+ h) gh;g,hEM,pEP (21)
toh=(tog+t,1+t n)Ze%, 9, h EM,u €U (22)
P M M U
Z + Zgn =M (23)
g=1h=1p=1 g=1h=1u=1
M K M U
Z Xji - Wig = zzvug'wig:iEN (24)
g=1k=1 g=1lu=1

This formulation constitutes a complex Mixed-Integer Linear Programming (MILP) model],
which is computationally intractable for large-scale instances when using exact methods. There-
fore, Section 4 presents an efficient metaheuristic algorithm to obtain high-quality solutions.

4. Solution algorithm

In terms of algorithm design, Ostermeier and Huf [34] studied the multi-vehicle truck-and-robot
routing problem and proposed a specialized heuristic based on a novel neighborhood search.
Their algorithmic framework provides a useful reference for the design of our Improved Genetic
Algorithm (IGA).
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To build a suitable solution methodology, this section conducts an adaptability analysis of
various intelligent optimization algorithms for the complex human-robot collaborative deliv-
ery problem. Han and Song [35] applied hybrid metaheuristic algorithms to robot path plan-
ning problems in shop-floor environments. Given the multiple nonlinear constraints in this
problem, the genetic algorithm demonstrates greater applicability to the route optimization
problem in this study than other intelligent algorithms, such as particle swarm optimization
and simulated annealing, owing to its population-based search mechanism and strong global
optimization capability.

Accordingly, the main procedure of the Improved Genetic Algorithm is illustrated in Fig. 3. It
iteratively evolves a population of solutions by simulating the processes of natural selection and
genetics, ultimately converging towards an optimal or near-optimal solution.
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Fig. 3 Flowchart of the Improved Genetic Algorithm
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Step 1: Encoding and decoding

Natural number encoding is adopted to represent the solution. The chromosome structure is de-
fined as a sequence, where [symbol] represents the distribution center, [symbol] denotes cus-
tomer nodes, and [symbol] denotes transfer points. During decoding, the algorithm sequentially
reads the gene sequence and assigns tasks to full-route riders, ADVs, or relay riders by strictly
verifying capacity and time window constraints.
Step 2: Population initialization
To ensure both population diversity and solution quality, a hybrid initialization strategy is imple-
mented comprising four sub-strategies:
e Spatiotemporal clustering: Grouping orders with close geographical locations and overlap-
ping time windows.
e Loading rate optimization: Prioritizing sequences that maximize vehicle capacity utilization.
e Transfer point constraints: Ensuring relay orders are mapped to their feasible transfer ser-
vice scopes.
e Random permutation: Introducing randomness to prevent the algorithm from getting
trapped in local optima early.
Step 3: Fitness function

Since the objective is to minimize the total delivery cost, the fitness function is defined as the re-
ciprocal of the objective function value to convert the minimization problem into a maximization
one.

Step 4: Genetic operators

Selection: A hybrid mechanism combining tournament selection and roulette wheel selection is
employed. This approach maintains sufficient selection pressure to preserve elite individuals
while ensuring population diversity.
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Crossover: The Order Crossover (0X) operator is utilized to generate offspring. By preserving
the relative order of genes from parent chromosomes, OX helps maintain valid permutations in
permutation-based encoding, although additional decoding and feasibility checks are still re-
quired to satisfy problem-specific constraints. The crossover probability is set to 0.8.

Mutation: An adaptive Inversion Mutation operator is applied. Two gene loci are randomly se-
lected, and the sequence between them is reversed. This operation enhances the algorithm's local
search ability. The mutation probability is initially set to 0.2 and adjusts adaptively based on pop-
ulation diversity. Paun et al. [36] successfully applied an improved multi-objective genetic algo-
rithm to optimize power consumption in flexible manufacturing systems.

Although Zhang and Zhou [37] focused on factory AGV systems rather than urban instant delivery,
their AIGC-enhanced MPC framework for dynamic congestion management still provides a useful
methodological reference for extending our static IGA model toward dynamic, real-time scheduling.

5. Numerical experiments
5.1 Case setup

To validate the effectiveness of the proposed model and algorithm, this study employs real oper-
ational data from an offline store of QX Fresh Supermarket in Beijing. The store's delivery service
covers an area within a 3-kilometer radius. Experimental data consists of 80 orders placed within
a 15-minute time window (10:00 - 10:15 AM) on a specific Saturday. This period ensures suffi-
cient order volume and wide geographical distribution, effectively covering the entire delivery
area. For computational convenience, all time data were converted into timestamp format using
Eq. 26.

(T, — [To]) X 100
60

The store's delivery network includes 16 pre-set transfer points. Travel distances and times
between any two points were obtained using the Amap API to reflect real road conditions, rather
than approximating them with Euclidean or Manhattan distances. The spatial distribution of the
store, transfer points, and the 80 customer points is visualized in Fig. 4, where the red square
represents the store, blue triangles represent transfer points, and green circles represent cus-
tomer points.

T, = [To] + (26)
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Fig. 4 Customer point distribution diagram
5.2 Parameter setting

Experimental parameters were set based on field research and are categorized into model param-
eters and algorithm parameters, as detailed in Table 2.
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Table 2 Model and algorithm parameters

Parameter type Parameter name Parameter value

Model parameters Unmanned vehicle speed 11km/h
Full-route rider speed 25km/h
Shuttle rider speed 25km/h
Unmanned vehicle capacity 16orders
Rider electric vehicle capacity 6orders
Unmanned vehicle loading cost ¥0.5/order
Unmanned vehicle travel cost ¥0.2/km
Full-route rider delivery fee ¥6/order
Shuttle rider delivery fee ¥3/order

Algorithm parameters Population size 80
Crossover probability 0.8
Mutation probability 0.2
Iteration count 200

5.3 Solution process and results

The model was implemented in Python 3.11 and executed on a PC with a 13th Gen Intel i5 proces-
sor and 16 GB of RAM. The convergence process of the Improved Genetic Algorithm is shown in
Fig. 5. The algorithm converged after approximately 20 generations, with the objective function
value (total delivery cost) stabilizing at 341.9 CNY, demonstrating satisfactory convergence per-
formance.

Genetic Algorithm Cost Optimization Process

Best Cost

342 1

T T T T T T
0 25 50 75 100 125 150 175 200
number of iterations

Fig. 5 Cost iteration graph

The optimized delivery plan for the 80 orders is as follows: the task is completed collabora-
tively by 7 full-route riders, 19 transfer riders, and 6 unmanned delivery vehicles. Among these,
20 orders are delivered directly by full-route riders, while the remaining 60 orders are delivered
via the human-robot relay mode. Fig. 6 illustrates the final delivery routes, where cool-colored
dashed lines represent full-route rider paths and warm-colored dotted lines represent transfer
rider paths.

The specific routes for the unmanned delivery vehicles are listed in Table 3. The results indi-
cate a relatively balanced order allocation across transfer points. The proposed scheme satisfies
all customer time window constraints while achieving optimized delivery costs.
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Table 3 Delivery routes of unmanned delivery vehicles

Vehicle ID Delivery Route
1 0-1-8-0
2 0-2-3-0
3 0-4-5-0
4 0-6-7-0

5.4 Sensitivity analysis

To comprehensively evaluate the model's performance, additional scenarios with low (30 orders),
regular (60 orders), and peak (120 orders) order volumes were tested. The human-robot collab-
orative delivery mode was compared with the traditional full-route rider delivery mode. The re-
sults are summarized in Table 4.

Key findings include:

e The human-robot collaboration mode effectively reduces delivery costs by 30-34 % across
all order volume scenarios.

e Asthe order volume increases, the average loading rate of unmanned vehicles significantly
improves from 36 % during the low period to 70 % during the peak period, highlighting the
economies of scale.

e During the peak period, the average delivery load per transfer rider reaches 4 orders, indi-
cating optimized resource utilization.

Table 4 Statistics on delivery conditions for different order volumes

Order volume Original Human-robot Cost Full-route Shuttle Unmanned Vehicle
delivery  collaborative cost reduction rider orders rider vehicles utilization
cost (¥) §32] (%) orders deployed rate

30 orders 180 117.2 34 7 23 4 0.36

60 orders 360 2448 32 15 45 6 0.47

120 orders 720 504.5 30 30 90 8 0.7
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The visualized delivery routes for the three scenarios are shown in Fig. 7 (Low), Fig. 8 (Regular),
and Fig. 9 (Peak), respectively.

This section investigates the impact of key resource configurations (number of transfer points,
number of unmanned vehicles) on the total cost. Sensitivity analyses were conducted by varying
these two parameters under different order volumes.

Low Order Volume (30 orders): As shown in Table 5, the lowest total cost (117.2 CNY) is
achieved with 4 transfer points and 4 unmanned vehicles. Considering resource conservation, us-
ing 4 transfer points and 2 vehicles slightly increases cost but significantly improves the vehicle
loading rate.

Regular Order Volume (60 orders): Table 6 shows that configuring 6 transfer points with 6
vehicles, or 8 transfer points with 8 vehicles, are both cost-effective options. The key is to ensure
that the number of vehicles is not less than the number of transfer points, while avoiding a signif-
icant surplus of vehicles.

Peak Order Volume (120 orders): According to Table 7, configuring 8 transfer points and 8
unmanned vehicles achieves the optimal cost (504.5 CNY) and the highest vehicle loading rate.
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Table 5 Delivery cost for low order volume
Cost of delivery for 30 orders Unmanned vehicles deployed
Number of transfer points 2 3 4
2 121.4 121.4 121.4
4 119.7 119.3 117.2
6 - 120.1 118.4
Table 6 Delivery cost for regular order volume
Cost of delivery for 60 orders Unmanned vehicles deployed
Number of transfer points 4 6 8
4 264 260.6 260.1
6 251.5 244.8 246.4
8 254 246.8 243.4
Table 7 Delivery cost for peak order volume
Cost of delivery for 120 orders Unmanned vehicles deployed
Number of transfer points 6 8 10
6 523.4 521.6 517.2
8 518.3 504.5 506.2
10 515.6 517.3 512.3

6. Conclusion

This study establishes the core mechanism of human-robot collaborative delivery under static
conditions, thereby providing a theoretical foundation for more complex dynamic extensions.
Specifically, we address the last-mile delivery optimization problem for the fresh food retail sector
by constructing a human-robot collaborative delivery model. Taking QX Fresh Supermarket as a
case study, we formulate a multi-constraint optimization model that incorporates customer time
windows, vehicle capacity constraints, and hybrid order allocation. To solve this NP-hard problem,
we design an Improved Genetic Algorithm (IGA) that employs a natural number encoding scheme
and adaptive genetic operators.

Empirical experiments demonstrate that the proposed collaborative mode significantly out-
performs traditional rider-only models. Specifically, the hybrid approach achieves a total cost re-
duction of over 30 % across low, regular, and peak order volume scenarios. Sensitivity analysis
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further reveals that the optimal configuration of unmanned vehicles and transfer points varies
with demand density, highlighting the necessity of dynamic resource scheduling.

The findings provide actionable strategies for urban logistics management. First, the adoption
of Autonomous Delivery Vehicles (ADVs) effectively mitigates the "diseconomies of scale" associ-
ated with high labor costs in pure manual delivery, particularly for medium-distance, batch
transport. Second, managers should move beyond static fleet sizing; dynamic deployment based
on historical order density is crucial to balancing cost and efficiency. Finally, investing in intelli-
gent decision support systems is essential to replace experience-based scheduling, ensuring pre-
cise coordination between riders and ADVs.

While this study validates the efficacy of human-robot collaboration, several avenues warrant
further investigation. First, the current model focuses on one-way delivery; future research should
integrate reverse logistics (e.g., returns) to better reflect complex operational realities. Second,
although the IGA proved effective, this study does not include a systematic comparison with other
metaheuristics. Comparative studies involving other metaheuristics (e.g., Ant Colony Optimiza-
tion and Large Neighborhood Search) could further validate the robustness of the algorithm.
Lastly, extending the model from static, single-period optimization to dynamic, real-time schedul-
ing under stochastic demand remains a critical direction for future work.
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