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 a b s t r a c t

The increasing number of home deliveries paired with various delivery modes and channels require retailers to 
establish efficient delivery networks. Integrating retailers into delivery networks of third-party logistics service 
providers (3PLs) is one way to address this challenge. In this regard, the innovative truck-and-robot concept is a 
promising alternative to standard truck deliveries. The concept relies on autonomous robots carried and released 
by trucks to serve customers in predefined time windows. We extend this concept by integrating pickup locations 
and corresponding delivery requests for direct customer supply. This setup combines the first and the last mile, 
giving rise to a novel concept where different delivery modes are established that provide robots as a service to 
pick up and deliver goods to customers. The problem is formalized as the Truck-and-Robot Pickup-and-Delivery 
Problem (TnR-PDP), integrating pickups and introducing four different delivery modes for home deliveries. We 
solve the problem using a specialized heuristic, the Adaptive Genetic Algorithm (AGA). The AGA is based on 
a recombination-based search framework but tailored to the problem specifics (e.g., no or multiple visits per 
location) using specialized recombination operators and an adaptive search strategy for location and operator 
selection. Our numerical experiments show that our algorithm works efficiently, outperforming a benchmark 
approach concerning runtime by up to 79% while improving solution quality. Furthermore, an in-depth anal-
ysis shows a savings potential of 81% when integrating pickups into the concept compared with alternative 
approaches, highlighting the benefits of the newly introduced delivery modes.

1.  Introduction

Efficient last-mile logistics is crucial for retailers to compete in the 
strongly growing and competitive e-commerce market. Congested ar-
eas resulting from ongoing urbanization are especially relevant for the 
last mile: increasing order volumes and the need for sustainable and 
cost-efficient operations coincide with time pressure and an aging work-
force (Boysen et al., 2021). Customers additionally expect fast delivery 
services as a standard (Arslan et al., 2019; Voccia et al., 2019). Estab-
lished online retailers use dedicated (online) distribution centers to ful-
fill customer orders and ensure efficient operations. While this generates 
economies of scale and enables concerted operations, it is not applica-
ble to all concepts and retailers. Traditional brick-and-mortar retailers 
expanding to online deliveries, for instance, may prefer deliveries from 
their outlets in customer proximity to fulfill online orders. Innovative 
on-demand delivery services such as Flink or Getir use a network of 
micro-fulfillment centers (MFCs) within cities to supply their customers 
(Waßmuth et al., 2023). Others, such as small businesses aiming to de-
liver their goods in the neighborhood, simply do not have their own 
established infrastructure. All these concepts are unified in their strug-
gle for profitability concerning their online business and their need for 
efficient last-mile delivery solutions. Using third-party logistics service 
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providers (3PLs) presents one possibility in this regard. 3PLs offer their 
expertise, flexible networks, and the pooling of fluctuating demands. 
The expected worldwide revenue of $1.44 trillion in 2024 (Statista, 
2023) generated by 3PLs shows that many retailers rely on their trans-
portation services. However, integrating additional sources of supply in-
creases logistical complexity for 3PLs and adds to congestion and emis-
sions in already overstrained city networks. Improving last-mile logis-
tics is consequently a continuous development process, and both service 
providers and retailers constantly seek innovative solutions to address 
the versatile challenges.

New technologies have emerged to alleviate the stress in last-mile 
logistics networks. They differ according to their development state, 
operational specification, and applicability (Boysen et al., 2021). Au-
tonomous delivery robots have gained increasing attention in recent 
years as robots are considered small but robust and safe means of trans-
portation that can ideally cover shorter distances (Bakach et al., 2021; 
Ostermeier et al., 2022). This makes robots suitable for dense urban ar-
eas and for combination with delivery trucks to unburden van drivers 
and increase their efficiency (Gajda et al., 2024). Respective concepts 
use dedicated delivery trucks that transport robots together with parcels 
and cover longer distances. Previous studies highlight the potential of 
these so-called truck-and-robot concepts (see, e.g., Boysen et al., 2018), 
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$P = 50$


$lim^{\mbox {\tiny Iter}} = 150$


$p^{\mbox {\tiny x}}_{\gamma ,0} = 1.0$


$p^{\mbox {\tiny m}}_{\gamma ,0} = 0.3$


$\gamma = 1,2,3$


$p^{\mbox {\tiny x}}_{1,1} = 0.95$


$p^{\mbox {\tiny x}}_{2,1} = 0.65$


$p^{\mbox {\tiny x}}_{3,1} = 0.6$


$p^{\mbox {\tiny m}}_{1,1} = 0.4$


$p^{\mbox {\tiny m}}_{2,1} = 0.9$


$p^{\mbox {\tiny m}}_{3,1} = 1.0$


$\kappa = 4$


$\tau = 10\,\%$


$2\tau \cdot P = 10$


$\rho = 10$


$\lambda _c = 30$


$\lambda _e = 50$


$|R| = 6$


$|D| = 2$


$|S| = 1$


$Q^{\mbox {\tiny r}}$


$I^{\mbox {\tiny r}}$


$o_r$


$6$


$o_r$


$8$


$39.42$


$\pi $


$y$


$5$


$C^{\mbox {\tiny s}}|=100$


$s \in S$


$K_s$


$k \in C^{\mbox {\tiny s}}$


$s \in S$


$s$


\begin {align}\min \ \sum _{i \in K_s \cup \lbrace s \rbrace } \sum _{j \in K_s \cup \lbrace s \rbrace } (c^{\mbox {\tiny d}} d_{ij} x_{ij} + c^{\mbox {\tiny t}} t_{ij}^{\mbox {\tiny t}} x_{ij}) + \sum _{i \in K_s} (c^{\mbox {\tiny t}} u_i + c^{\mbox {\tiny l}} v_i) \label {tsp_appendix:objectivefunction_tsp}\end {align}


\begin {align}& \sum _{j \in K_s \cup \lbrace s \rbrace \mid i \neq j} x_{ij} = 1 & \forall i \in K_s \cup \lbrace s \rbrace \label {tsp_appendix:eq_2} \\ & \sum _{i \in K_s \cup \lbrace s \rbrace \mid i \neq j} x_{ij} = 1 & \forall j \in K_s \cup \lbrace s \rbrace \label {tsp_appendix:eq_3} \\ & w_{s} = 0 \label {tsp_appendix:eq_start} \\ & w_j \geq w_i + u_i + t_{ij} - M \cdot (1 - x_{ij}) & \forall i \in K_s \cup \lbrace s \rbrace , j \in K_s \label {tsp_appendix:eq_4} \\ & a_i - u_i \leq w_i \leq b_i + v_i & \forall i \in K_s \label {tsp_appendix:eq_5} \\ & x_{ij} \in \lbrace 0, 1 \rbrace & \forall i ,j \in K_s \cup \lbrace s \rbrace \label {tsp_appendix:eq_6} \\ & w_i, u_i, v_i \in \mathbb {R}_{0}^{+} & \forall i \in K_s \cup \lbrace s \rbrace \label {tsp_appendix:eq_7}\end {align}


$s$


\begin {align}\min \ \sum _{i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}}\cup \hat {S} \cup \lbrace 0 \rbrace } \sum _{j \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace n+1 \rbrace } (c^{\mbox {\tiny d}} d_{ij} x_{ij} + c^{\mbox {\tiny t}} t_{ij}^{\mbox {\tiny t}} x_{ij}) + \sum _{i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}}} (c^{\mbox {\tiny t}} u_i + c^{\mbox {\tiny l}} v_i) \label {tspdp_appendix:objectivefunction_tsp}\end {align}


\begin {align}& \sum _{j \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace n+1 \rbrace \mid i \neq j} x_{ij} = 1 & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0 \rbrace \label {tspdp_appendix:eq_9} \\ & \sum _{i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0 \rbrace \mid i \neq j} x_{ij} = 1 & \forall j \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace n+1 \rbrace \label {tspdp_appendix:eq_10} \\ & w_j \geq w_i + u_i + t_{ij} - M \cdot (1 - x_{ij}) & \forall i, j \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0, n+1 \rbrace \label {tspdp_appendix:eq_11} \\ & a_i - u_i \leq w_i \leq b_i + v_i & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \label {tspdp_appendix:eq_12} \\ & w_s \leq w_{k_s} & \forall s \in \hat {S} \label {tspdp_appendix:eq_13} \\ & q_{0}^{\mbox {\tiny p}} = I^{\mbox {\tiny p}} \label {tspdp_appendix:eq_14} \\ & q_{s}^{\mbox {\tiny p}} \leq q_{i}^{\mbox {\tiny p}} + 1 + M \cdot (1 - x_{is}) & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0 \rbrace , s \in \hat {S} \label {tspdp_appendix:eq_15} \\ & q_{j}^{\mbox {\tiny p}} \leq q_{i}^{\mbox {\tiny p}} - 1 + M \cdot (1 - x_{ij}) & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0 \rbrace , j \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \label {tspdp_appendix:eq_16} \\ & x_{ij} \in \lbrace 0, 1 \rbrace & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0 \rbrace , j \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace n+1 \rbrace \label {tspdp_appendix:eq_17} \\ & q_{i}^{p} \in \lbrace 0, \ldots , Q^{\mbox {\tiny p}} \rbrace & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0 \rbrace \label {tspdp_appendix:eq_18} \\ & w_i, u_i, v_i \in \mathbb {R}_{0}^{+} & \forall i \in C^{\mbox {\tiny r}} \cup C^{\mbox {\tiny s}} \cup \hat {S} \cup \lbrace 0, n+1 \rbrace \label {tspdp_appendix:eq_19}\end {align}
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but neglected the potential of integrating pickups from different sources. 
Integrating pickups and deliveries can enhance the efficiency of urban 
distribution networks by up to 30% (Bergmann et al., 2020). Small au-
tonomous robots are privileged to cover shorter distances by themselves 
to apply self-dependent pickups or to be sent by truck to a dedicated 
pickup point, e.g., city stores. The concept is thus a potential solution 
for integrating additional sources into delivery networks, enabling order 
pickups and decreasing traffic, logistic costs, and emissions simultane-
ously.

Our work explores using the truck-and-robot concept for deliveries 
from multiple sources. It extends the standard deliveries from dedicated 
warehouses for pickups and deliveries from different supply sources. 
The concept relies on an infrastructure of robot depots and drop-off 
points, extended by additional locations with delivery requests. The au-
tonomous robots can be dispatched from trucks or directly from robot 
depots for self-dependent deliveries, offering multiple delivery options 
for each customer. We formalize the problem as the Truck-and-Robot 
Pickup-and-Delivery Problem (TnR-PDP). The TnR-PDP is distinguished 
from standard routing problems as the number and locations of truck 
stops are not predefined, nor is the delivery mode used. This is critical 
as the truck route defines the robot scheduling for deliveries, while the 
delivery mode defines the truck stop requirements. To address these 
challenges and solve the problem for realistic problem sizes, we de-
velop a tailored heuristic solution approach, the Adaptive Genetic Algo-
rithm (AGA). It extends a Genetic Algorithm (GA) with problem-specific 
components. Central to this is the introduction and adaptation of a loca-
tion visit frequency combined with specialized combination operators. 
Using these novel components, the AGA first adapts the search to iden-
tify promising truck stops and then optimizes the routing for promising 
stops. Our work contributes by (i) generalizing the truck-and-robot con-
cept for pickup-and-delivery operations, (ii) integrating multiple deliv-
ery modes to exploit the concept’s full potential, (iii) developing a spe-
cialized heuristic for the combined truck routing and robot scheduling, 
and (iv) providing managerial insights on the value of pickup integra-
tion.

We organize the remainder of the paper as follows. Section 2 details 
the concept proposed, and Section 3 discusses the related literature. Sec-
tion 4 then formalizes the TnR-PDP, before Section 5 details the AGA. 
Section 6 compares the AGA’s efficiency and effectiveness to a bench-
mark approach and presents detailed numerical experiments to reveal 
the benefits of the extended concept. We summarize our findings in Sec-
tion 7.

2.  Problem description

We first describe the basic truck-and-robot concept to delineate the 
different components of the concept and the related distribution net-
work. We then introduce the extended concept, define the available de-
livery modes, and delineate the decisions and objectives.

2.1.  The basic truck-and-robot concept

Combining fast specialized trucks and slow autonomous robots is the 
principle of the truck-and-robot concept. The truck acts as a mobile hub 
for robots and parcels and covers longer distances (e.g., from the ware-
house to the city center), thus compensating for the slow robot move-
ments to ensure timely deliveries. The truck carries multiple robots, of-
fers shelves for storing parcels, and is equipped with ramps on which 
robots can exit the vehicle by themselves (see Fig. 1a). After the driver 
has loaded the robots with parcels, the Sidewalk Autonomous Delivery 
Robots (SADRs) carry out the single-parcel deliveries (see Fig. 1b). The 
SADRs move autonomously on sidewalks and approach customers that 
need to retrieve their parcel from the robot (attended home delivery). 
There are versatile SADR variants and specifications used for last-mile 
delivery (see, e.g., Baum et al., 2019; Hoffmann & Prause, 2018).

Fig. 1. Components of the truck-and-robot concept (Mercedes-Benz Vans, 
2017).

The delivery planning requires determining the truck movements 
(truck routing) and the subsequent scheduling of robot trips for attended 
home deliveries (robot scheduling). The basic truck-and-robot delivery 
network consists of customer locations and two types of truck stop loca-
tions, namely robot depots and drop-off points (see Fig. 2a). The truck 
sets off from a warehouse carrying all the customer parcels on board and 
visits multiple stop locations to release robots for delivery. At robot de-
pots (green dots in Fig. 2a), the truck can release robots for customer de-
livery and collect additional robots for future deliveries while respecting 
the truck’s robot capacity. At drop-off points (blue dots in Fig. 2a), the 
truck only releases the robots it carries for delivery. Each robot is used 
for a single delivery on the delivery tour (no multiple deliveries). This 
means that a robot returns to the robot depot closest to the customer’s 
location after delivering a parcel (not illustrated in the example), where 
it stays for maintenance (e.g., recharging) and waits for the next deliv-
ery task. Since the concept considers attended home deliveries within 
predefined time windows, robots may arrive too late or early. Late deliv-
eries result in penalty fees, while early arrivals lead to waiting times for 
the robots. The potential waiting of robots at customer sites and their 
low speed highlight the need for independent truck and robot move-
ments. As such, the waiting of robots does not affect the truck driver’s 
operations and the start of other deliveries.

2.2.  The truck-and-robot concept with pickups and deliveries

The basic concept focuses on the last mile and neglects the poten-
tial of increasing efficiency and flexibility when combining first- and 
last-mile deliveries by including pickups and deliveries from additional 
sources, e.g., stores or MFCs. In the following we use the term stores
for additional sources requesting a pickup and delivery to streamline 
the description. Pickups enable additional deliveries for 3PLs, which 
potentially increase truck utilization while generating extra profits with 
marginal effort. The alternative for stores lies in extended delivery times 
or direct deliveries at high cost and often low capacity utilization, de-
creasing customer satisfaction and profitability.

Fig. 2b illustrates the extended concept of integrating pickups and 
deliveries. It adds stores as pickup locations (red dots) and respective 
customers, denoted as store customers, into the basic truck-and-robot 
network. Store locations can be seen as additional drop-off locations 
with pickup requests, where robots can be released for delivery, but no 
additional robots are available. This results in a higher density of ded-
icated truck locations and potentially shorter routes for the truck and 
robots. Store customers order from one specific store in the network (la-
beled with superscripts in Fig. 2b, e.g., store customers denoted as 𝐶1

order from store 𝑆1), necessitating a pickup and delivery operation. This 
means a store customer delivery must be picked up from the respective 
store before the delivery starts, such that the delivery does not origi-
nate from the warehouse as for regular customers. Further, all picked-
up parcels are delivered on the current delivery tour, i.e., no pickups 
are returned to the warehouse. The truck and robots can carry out the 
pickups, but only robots are used for delivery services. This results in 
the following multiple delivery modes.
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Fig. 2. The basic and extended truck-and-robot routing.

Delivery modes. The extended concept comprises four possible delivery 
modes (see also supplementary material Fig. S1) depending on the re-
spective pickup and/or delivery operations.

• Mode I: Warehouse-originated delivery: This mode represents the stan-
dard delivery (regular customers) without prior pickup. This means 
that the parcel is initially loaded onto the truck at the warehouse. 
The truck sends the parcel by robot from any stop location (i.e., robot 
depots, drop-off points, stores) to a regular customer.

• Mode II: Truck-pickup delivery: The truck picks up the order of a store 
customer from the respective store. After the pickup by truck, the 
parcel is either (i) loaded onto the truck and the delivery by robot 
starts from a subsequent stop of the truck tour (similar to Mode I), or 
(ii) the delivery starts from the store using a robot aboard the truck 
(see deliveries from store 𝑆1 in Fig. 2b). The latter can be applied if 
a store customer is close-by the store.

• Mode III: Truck-supported delivery: The truck releases an empty robot 
at a stop location, from where the robot travels to a store for par-
cel pick up, and subsequently carries out the delivery to the store 
customer without further truck involvement (see delivery from store 
𝑆2).

• Mode IV: Robot-only delivery: A robot carries out a self-dependent 
delivery without truck involvement. This means that a robot departs 
from a robot depot, picks up the parcel at a store, and delivers the 
parcel to the store’s customer (see delivery from store 𝑆3).

Modes I and II involve the truck carrying or picking up the parcels. 
We summarize these modes as truck-based deliveries. Modes III and IV in-
volve robots picking up the parcels from stores. We denote these modes 
as robot-pickup deliveries. Independent of the delivery mode, robots re-
turn to the closest robot depot after their service.

Decision problem and objectives. The extended concept increases the 
number of network nodes (adding stores and store customers) and re-
quires tracking the overall parcel capacity within the network. Pickup-
and-delivery operations by truck and robots further imply precedence 
relations (i.e., a unique pickup-delivery pair defined as a 1-1 relation), 
impact tour planning decisions, and result in multiple delivery modes. 
The resulting routing problem aims to minimize total delivery costs 
caused by the truck and robots. The delivery costs include usage and 
distance costs for the truck, usage costs for the robots, and costs for 
delayed deliveries. The major challenges in the routing problem arise 
from undefined truck routes and the interdependence of truck routing 
and robot scheduling. An undefined truck route means that the num-
ber of stops and the stop locations are not predefined. Moreover, the 

truck may visit the same location multiple times — or not at all. This 
substantially increases the number of possible truck routes and the prob-
lem complexity. The decision problem thus must define the actual truck 
route (truck stop location selection and sequencing) and schedule robot 
deliveries. This further includes the decisions on the delivery modes to 
fulfill the pickup-and-delivery requests (e.g., pickup by truck, robot, or 
combined; see above).

3.  Related literature

Literature on robot-delivery concepts is a nascent area that has re-
ceived increasing attention in the past years (Yu & Puchinger, 2024). 
There are two major types of robot-reliant delivery concepts: hub-based 
and truck-based. We include both streams in our discussion. Further, 
pickup-and-delivery is the central extension of our work. As the liter-
ature on related problem variants is extensive, we refer to existing re-
views (see, e.g., Battarra et al., 2014; Koç et al., 2020; Parragh et al., 
2008a,b), and focus our discussion on publications with delivery robots. 
We further refer to Battarra et al. (2010), Ropke and Pisinger (2006), 
and Pacheco et al. (2023) for insights into the advantages of integrating 
pickups and deliveries.

Hub-and-robot concepts. Hub-and-robot concepts involve a two-tier pro-
cess where a truck delivers parcels to local hubs (first tier), and avail-
able robots carry out the delivery (second tier). This represents a special 
case of our concept when allowing robot deliveries only from robot de-
pots via Mode I. Further, robots can employ self-dependent deliveries 
using hubs as a starting point and motivate the integrated robot-only 
delivery in our concept (Mode IV). Bakach et al. (2021) study a hub-
and-robot concept where they first determine the required hubs and 
then assign the customers to the hubs using a 𝑝-median Mixed Integer 
Problem (MIP). Alfandari et al. (2022) present an MIP for the two-tier 
problem and minimize overall costs. They propose a Benders decompo-
sition technique to solve the integrated problem. Sonneberg et al. (2019) 
introduce multi-compartment robots into the setting. These robots have 
limited battery capacity and can serve multiple customers. The concept 
of multi-compartment robots has been generalized to the additional use 
of multiple trucks within the first tier by Liu et al. (2020). The au-
thors propose a clustering-based hybrid GA and Particle Swarm Opti-
mization (PSO). Liu et al. (2021) additionally consider heterogeneous 
vehicles and multiple depots. Liu et al. (2022) further introduce load-
dependent costs and emissions, and solve the resulting problem using 
a cluster-based artificial immune algorithm. Poeting et al. (2019) and 
Poeting et al. (2020) present simulation studies that allow customer
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Table 1 
Overview of truck-and-robot concepts.
 Research  A  B  C  D  E  F  G  H  I  J  K
Boysen et al. (2018)  1 ∞  SC  R  RD  46 ✓  – ✓  LS  40
Chen et al. (2021a)  n  n  SC  R,T  T  –  –  – ✓  MH  50
Chen et al. (2021b)  n  n  SC  R,T  T  –  –  – ✓  ALNS  200
Jennings and Figliozzi (2019)  1  n  SC  R  T  – ✓  –  –  CAA  192
Heimfarth et al. (2022)  1  n  SC  R,T  RD  72 ✓  – ✓  GVNS  100
Li et al. (2022a)  n  1  MC  R,T  RD,T  –  –  – ✓  VNS  100
Li et al. (2022b)  1  n  SC  R  T  4  –  (✓) ✓  Solver  12
Ostermeier et al. (2022)  1  n  SC  R  RD  72 ✓  – ✓  LS  125
Ostermeier et al. (2023)  n  n  SC  R  RD  72 ✓  – ✓  SINS  100
Simoni et al. (2020)  1  1  MC  R,T  T  –  –  –  –  DP  100
Yu et al. (2020)  n  n  MC  R  T  5  –  – ✓  ILS  100
Yu et al. (2022a)  n  1  MC  R,T  T  30  –  – ✓  ALNS  60
Yu et al. (2022b)  n  1  MC  R,T  T  5 ✓ ✓ ✓  ALNS  100
Yu et al. (2023)  n  (n)  MC  R,T  T  40  (✓)  – ✓  ALNS  60
Zhao et al. (2024)  1  1  MC  R,T  T  –  –  –  –  GA  58
 Our work  1  n  SC  R  RD  82 ✓ ✓ ✓  AGA  200

No. of trucks (A) // No. of robots (B) // Robot type (C): SC (Single-compartment); MC (Multi-
compartment) // Customer delivery (D): R (Robot); T (Truck) // Robot return (E): RD (Robot depot); T 
(Truck pickup) // No. of network locations (F) // Multiple visits of locations (G) // Pickup & delivery 
(H) // Time windows (I) // Solution approach (J) // No. of customers (K)

deliveries by truck on the first tier. Kloster et al. (2023) generalize the 
approach of Poeting et al. (2020) to multiple trucks, aiming to minimize 
the total makespan while both trucks and robots perform deliveries.

Truck-and-robot concepts. Within the truck-and-robot concepts, the 
truck carries robots for deliveries, and hubs are substituted by robot 
depots or the truck itself. As a consequence, the truck and robot move-
ments are interlinked. Following Alverhed et al. (2024), there are four 
different levels of interaction between trucks and robots.

The first level describes the truck as a mobile hub that releases 
robots at designated locations and waits for their return before mov-
ing on. In this context, Chen et al. (2021b) and Chen et al. (2021a) 
study a setting with multiple trucks, where both trucks and robots may 
visit customers. Robots serve exactly one customer within a predefined 
time window, and the truck visits each location once. They present a 
two-phase Matheuristic (MH) for small instances and an Adaptive Large 
Neighborhood Search (ALNS) for larger ones. Li et al. (2022b) further 
integrate parcel pickups without subsequent deliveries into the concept, 
i.e., robots can perform several pendulum tours from the truck to cus-
tomers, either delivering or picking up parcels. The resulting model is 
solved using a commercial solver.

In the second-level variant, the truck releases robots at designated 
locations and both serve customers independently. The truck then picks 
up the robots at later stops. This variant is covered by Simoni et al. 
(2020) using a single multi-compartment robot. They solve the prob-
lem using a dynamic programming (DP) approach. Zhao et al. (2024) 
consider a similar setting but replace the truck with a bike. The bike 
and the robot form independent routes from the depot, and both can be 
synchronized at every customer stop to refill the robot’s compartment 
with several parcels. However, the robot cannot be transported by the 
bike. The authors develop a GA for the problem. Yu et al. (2020) extend 
the concept by considering multiple trucks that can drop off and pick 
up robots during the tour. The robots must be released and collected 
at different nodes by the same truck to avoid waiting times. Further, 
parcels are loaded into the robots at the warehouse, and there is no re-
filling during the tour. The authors propose a hybrid metaheuristic to 
solve their problem variant. The same authors further present an ex-
tension for en-route charging of robots, considering one robot per truck 
(Yu et al., 2022a). This involves an electric van, and recharging robots 
consumes truck energy, which is modeled as a linear function over time. 
The truck can be recharged at parking nodes, and both vehicles can serve 
customers. Yu et al. (2022a) use an ALNS as a solution approach for this 
work and their following contributions. Yu et al. (2022b) extend their 

previous work and present the first concept with pickups and deliveries 
by trucks and robots. Picked-up parcels can be dropped off at the depot 
or delivered directly to customers. Both pickups and deliveries can be 
performed by either trucks or robots, but the vehicles must belong to the 
same truck-robot system. Later on, Yu et al. (2023) build on the setting 
of Yu et al. (2020) considering local hubs for robot storage and allowing 
both vehicle types to serve customers. Robots are dispatched from park-
ing nodes that can be visited several times, whereas local hubs can only 
be visited once. Trucks can additionally supply hubs with parcels and 
available robots serve the customers via tours. Lastly, Li et al. (2022a) 
consider multiple trucks, each paired with a single robot that the truck 
needs to pick up. Deliveries by truck and robot can start from a central 
warehouse. No dedicated drop-off points exist, but robots are released 
from customer locations that are visited. The authors present a hybrid 
algorithm based on a greedy randomized adaptive search and a Variable 
Neighborhood Search (VNS).

Jennings and Figliozzi (2019) propose the only third-level variant 
where robots return to their drop-off point, and the truck picks up the 
robot when visiting the location for a second time. The truck therefore 
visits the same locations on all tours. The authors propose a continuous 
approximation approach (CAA).

Our work belongs to the fourth-level variant, where robots return 
to their closest depot (no robots return to the truck). The seminal work 
by Boysen et al. (2018) considers customer deadlines and penalty costs 
for late deliveries. The robot depot capacities are not limited in this ap-
plication. The authors aim to reduce the number of delayed deliveries 
using a Local Search (LS). Ostermeier et al. (2022) extended this setting 
by introducing robot depot capacities and applying a total cost perspec-
tive to minimize truck, robot, and delay costs. The three-step solution 
approach applied also relies on an LS. Heimfarth et al. (2022) further 
allow the truck and robots to serve customers. They propose a gener-
alized VNS for their extension. Last, Ostermeier et al. (2023) consider 
robot deliveries starting from multiple parallel truck tours and develop a 
search algorithm called Set Improvement Neighborhood Search (SINS).

Summary and contribution. Table 1 summarizes relevant literature for 
the truck-and-robot concept. Riveting on our main extension — pickup-
and-delivery — we see only one contribution in this area: Yu et al. 
(2022a). Others do not consider pickup-and-delivery relationships or 
only allow parcel pickups (Li et al., 2022b). In contrast to our work, Yu 
et al. (2022a) further apply a concept with a single, multi-compartment 
robot per truck and each robot returns to its truck after delivery. We use 
multiple single-compartment robots and further allow the independent 
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movement of robots for pickups and deliveries, resulting in four different 
delivery modes. We therefore combine the truck-and-robot concept with 
principles of hub-and-robot works, extending both by autonomous robot 
pickups and thus selecting the best delivery option for each customer 
delivery. To further distinguish our work from related truck-and-drone 
concepts with pickup and delivery, we provide a concise literature re-
view in Appendix A. From a methodological perspective, we introduce a 
novel solution approach, the AGA, that outperforms existing approaches 
for similar applications and enables us to solve instances with up to 200 
customers within 30min.

4.  Model development
This section formalizes the TnR-PDP and Table 2 summarizes the 

notation. General assumptions for the model formulation are further 
summarized in Appendix B. The TnR-PDP is represented by an undi-
rected graph 𝐺 = (𝑁,𝐸), where 𝑁 = {0, 1, 2,… , 𝑛, 𝑛 + 1} is the set of 
nodes and 𝐸 = {(𝑖, 𝑗) ∣ 𝑖, 𝑗 ∈ 𝑁, 𝑖 ≠ 𝑗} is the set of edges. The nodes 0 and 
𝑛 + 1 represent the warehouse, and the vertices 1 to 𝑛 correspond to the 
locations of the delivery network and customers. The network locations 
comprise robot depots (𝑟 ∈ 𝑅), drop-off locations (𝑑 ∈ 𝐷), and store lo-
cations (𝑠 ∈ 𝑆), summarized in the set 𝐿. We further introduce duplicate 
nodes for each potential network location to enable multiple visits of the 
truck or robots at different times. This results in the sets 𝑅̂, 𝐷̂, and 𝑆̂
that only include duplicates and not the original nodes, i.e., we use dis-
joint sets. The distinction between duplicates and original node sets is 
required to enable robot-only deliveries (Mode IV). Mode IV describes 
robots starting from a robot depot for self-dependent deliveries, and we 
must track the respective access times. The truck may also visit these 
depots but at different times. We must therefore consider separate sets 
to define the arrival times of both the truck and robots. We use the orig-
inal node set 𝑅 to model robot-only deliveries, and the duplicate sets to 
model the truck movements (see also supplementary material Fig. S2). 
The set 𝐿̂ ∶= 𝑅̂ ∪ 𝐷̂ ∪ 𝑆̂ summarizes all duplicate locations reachable by 
truck. Please note that defining the number of duplicates has a major 
impact on the MIP performance. Too few duplicates may result in sub-
optimal solutions, while an excessive number increases the runtime and 
renders the MIP inefficient. A simple upper bound for duplicates of lo-
cations 𝑗 ∈ 𝑅 ∪𝐷 can be obtained by 

max
𝑘∈𝐶r∪𝐶s

(𝑏𝑘−𝑡r𝑗𝑘)− min
𝑘∈𝐶r∪𝐶s

(𝑎𝑘−𝑡r𝑗𝑘)

𝜖 , where 
𝜖 denotes the average time window length. A method for determining 
potentially tighter bounds is presented in Section 5.1. Finally, the subset 
𝐻𝑟 ⊆ 𝑅̂ includes all duplicate elements of a distinct robot depot 𝑟 ∈ 𝑅. 
𝐻𝑟 is required to link the robot usage at duplicates to the associated dis-
tinct robot depot, i.e., removing robots from one duplicate also leads to 
updating availability in the other duplicates. The customer locations are 
defined by regular customers 𝐶 r supplied with parcels from the ware-
house, and store customers 𝐶 s requiring a pickup of their order from a 
store. Furthermore, using a 1-1 relation for pickups and deliveries, we 
connect each store customer 𝑘 with one store duplicate 𝑠 ∈ 𝑆̂, denoted 
by 𝑘𝑠 ∈ 𝐶 s.

Each edge (𝑖, 𝑗) with 𝑖, 𝑗 ∈ 𝐿̂ ∪ {0, 𝑛 + 1} is associated with the travel 
distance 𝑑𝑖𝑗 and the travel time 𝑡t𝑖𝑗 of the truck. The robot travel time is 
indicated by 𝑡r𝑗𝑘, with 𝑗 ∈ 𝐿̂ ∪ 𝑅, and 𝑘 ∈ 𝐶𝑟 ∪ 𝐶𝑠 ∪ 𝑆̂. In addition, a time 
window [𝑎𝑘, 𝑏𝑘] with start time 𝑎𝑘 and end time 𝑏𝑘 defines the delivery 
time for each customer 𝑘 ∈ 𝐶 r ∪ 𝐶 s. The initial robot availability in de-
pots is indicated by 𝑜𝑟, 𝑟 ∈ 𝑅. The truck starts with an initial number 
of robots 𝐼 r and parcels 𝐼p, and is constrained by a maximum capacity 
limit for both robots and parcels, denoted by 𝑄r and 𝑄p. The delivery 
cost of the truck- and robot routing consists of three parts. First, the 
truck costs are indicated by the travel time costs 𝑐t and the distance 
costs 𝑐d. Second, the robot costs 𝑐r comprise the robot travel and usage 
time. Third, deliveries must adhere to the customer’s time window. An 
earlier arrival causes waiting time, adding to the robot usage time and 
respective costs 𝑐r. Late deliveries exceeding the defined time window 
lead to delay costs 𝑐l. Lastly, robot return costs to the closest robot depot 

after delivery are deterministic and not decision-relevant. We add these 
costs ex-post.

The TnR-PDP is modeled using the following decision variables. 
The truck routing variable 𝑥𝑖𝑗 ∈ {0, 1} indicates whether the truck trav-
els from location 𝑖 to location 𝑗. Similarly, the robot routing variable 
𝑦𝑗𝑘 ∈ {0, 1} indicates whether a robot drives from location 𝑗 to a store 
or customer 𝑘. We further require the following auxiliary variables. The 
variable 𝑤𝑖 ∈ ℝ+

0  denotes the arrival time of the truck or a robot at lo-
cation 𝑖. In the context of attended home deliveries with predetermined 
time windows, the robot waiting time for early arrivals is indicated by 
𝑢𝑘 ∈ ℝ+

0 . Conversely, 𝑣𝑘 ∈ ℝ+
0  represents the extent of the delay. Due 

to the capacity limits, we further need to track the number of parcels 
loaded on the truck, denoted by 𝑞p𝑖 , and the number of robots aboard the 
truck after visiting location 𝑖, denoted by 𝑞r𝑖 . Finally, 𝑧𝑖 ∈ ℕ0 quantifies 
the number of robots removed from robot depot 𝑖 ∈ 𝑅̂. The TnR-PDP is 
then formulated as follows.
min TC = 𝑐t(𝑤𝑛+1 −𝑤0) +

∑

𝑖∈𝐿̂∪{0}

∑

𝑗∈𝐿̂∪{𝑛+1}

𝑐d𝑑𝑖𝑗𝑥𝑖𝑗

+
∑

𝑗∈𝐿̂∪𝑅

∑

𝑘∈𝐶r∪𝐶s∪𝑆̂

𝑐r𝑡r𝑗𝑘𝑦𝑗𝑘 +
∑

𝑘∈𝐶r∪𝐶s
(𝑐r𝑢𝑘 + 𝑐l𝑣𝑘) (1)

subject to
∑

𝑗∈𝐿̂

𝑥0𝑗 = 1 (2)

∑

𝑖∈𝐿̂∪{0}

𝑥𝑖𝑗 =
∑

𝑖∈𝐿̂∪{𝑛+1}

𝑥𝑗𝑖 ∀𝑗 ∈ 𝐿̂

(3)
∑

𝑗∈𝐿̂

𝑦𝑗𝑘 = 1 ∀𝑘 ∈ 𝐶 r ∪ 𝐶 s

(4)
∑

𝑖∈𝐿̂∪{0}

𝑥𝑖𝑠 +
∑

𝑖∈𝐿̂∪𝑅

𝑦𝑖𝑠 = 1 ∀𝑠 ∈ 𝑆̂

(5)

𝑦𝑠𝑘𝑠 ≥
∑

𝑖∈𝐿̂∪𝑅

𝑦𝑖𝑠 ∀𝑠 ∈ 𝑆̂

(6)
∑

𝑘∈𝑆̂∪𝐶r
𝑦𝑗𝑘 ≤𝑀 ⋅

∑

𝑖∈𝐿̂∪{0}

𝑥𝑖𝑗 ∀𝑗 ∈ 𝐿̂

(7)
∑

𝑘∈𝐶s
𝑦𝑗𝑘 ≤𝑀 ⋅

∑

𝑖∈𝐿̂∪{0}

𝑥𝑖𝑗 ∀𝑗 ∈ 𝐿̂ ⧵ 𝑆̂

(8)

𝑦𝑠𝑘𝑠 ≤
∑

𝑖∈𝐿̂∪{0}

𝑥𝑖𝑠 +
∑

𝑖∈𝐿̂∪𝑅

𝑦𝑖𝑠 ∀𝑠 ∈ 𝑆̂

(9)

𝑤𝑗 ≥ 𝑤𝑖 + 𝑡t𝑖𝑗 −𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖 ∈ 𝐿̂ ∪ {0}, 𝑗 ∈ 𝐿̂ ∪ {𝑛 + 1}
(10)

𝑤𝑠 ≥ 𝑤𝑖 + 𝑡r𝑖𝑠 −𝑀 ⋅ (1 − 𝑦𝑖𝑠) ∀𝑖 ∈ 𝐿̂ ∪ 𝑅, 𝑠 ∈ 𝑆̂
(11)

𝑤𝑠 ≤ 𝑤𝑖 + 𝑡r𝑖𝑠 +𝑀 ⋅ (1 − 𝑦𝑖𝑠) ∀𝑖 ∈ 𝐿̂ ⧵ 𝑅̂, 𝑠 ∈ 𝑆̂
(12)

𝑤𝑗 ≥ 𝑤𝑠 −𝑀 ⋅ (1 − 𝑦𝑗𝑘𝑠 ) ∀𝑗 ∈ 𝐿̂, 𝑠 ∈ 𝑆̂
(13)

𝑢𝑘 ≥ 𝑎𝑘 −𝑤𝑗 − 𝑡r𝑗𝑘 −𝑀 ⋅ (1 − 𝑦𝑗𝑘) ∀𝑘 ∈ 𝐶 r ∪ 𝐶 s, 𝑗 ∈ 𝐿̂
(14)

𝑣𝑘 ≥ 𝑤𝑗 + 𝑡r𝑗𝑘 − 𝑏𝑘 −𝑀 ⋅ (1 − 𝑦𝑗𝑘) ∀𝑘 ∈ 𝐶 r ∪ 𝐶 s, 𝑗 ∈ 𝐿̂
(15)

𝑞r0 = 𝐼 r (16)

𝑞r𝑗 ≤ 𝑞r𝑖 + 𝑧𝑗 −
∑

𝑘∈𝐶r∪𝐶s∪𝑆̂

𝑦𝑗𝑘 +𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖 ∈ 𝐿̂ ∪ {0}, 𝑗 ∈ 𝑅̂

(17)
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Table 2 
Notation.

 Index sets
𝐶r  Set of regular customers without pickup
𝐶s  Set of store customers requiring a prior parcel pickup from stores
𝑅 (𝑅̂)  Set of distinct (duplicated) robot depots
𝐷 (𝐷̂)  Set of distinct (duplicated) drop-off points
𝑆̂  Set of duplicated stores
𝐿̂  Set of all duplicated locations reachable by truck, 𝐿̂ ∶= 𝑅̂ ∪ 𝐷̂ ∪ 𝑆̂
𝐻𝑟  Set of duplicate elements of one distinct robot depot 𝑟 ∈ 𝑅

 Parameters
𝑎𝑘 (𝑏𝑘)  Start (end) of time window for customer 𝑘 ∈ 𝐶r ∪ 𝐶s

𝑑𝑖𝑗  Truck travel distance between locations 𝑖 and 𝑗, 𝑖, 𝑗 ∈ 𝐿̂ ∪ {0, 𝑛 + 1}
𝑘𝑠  Customer assigned to store duplicate 𝑠, 𝑘𝑠 ∈ 𝐶s

𝑜𝑟  Initial amount of available robots in location 𝑟 ∈ 𝑅
𝑡t𝑖𝑗  Truck travel time between locations 𝑖 and 𝑗, 𝑖, 𝑗 ∈ 𝐿̂ ∪ {0, 𝑛 + 1}
𝑡r𝑗𝑘  Robot travel time between location 𝑗 ∈ 𝐿̂ ∪ 𝑅 and location 𝑘 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂
𝐼r (𝐼p)  Initial number of robots (parcels) aboard the truck
𝑄r (𝑄p)  Maximum robot (parcel volume) capacity of the truck
 Cost parameters
𝑐t (𝑐r)  Cost of truck (robot) per time unit
𝑐d  Cost of truck per distance unit
𝑐l  Cost of delay of robots per time unit
 Decision variables
𝑥𝑖𝑗  Binary: 1, if truck travels from location 𝑖 to 𝑗 , 𝑖, 𝑗 ∈ 𝐿̂ ∪ {0, 𝑛 + 1}, 0 otherwise
𝑦𝑗𝑘  Binary: 1, if robot travels from location 𝑗 ∈ 𝐿̂ ∪ 𝑅 to location 𝑘 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂, 0 otherwise
 Auxiliary variables
𝑤𝑖  Arrival time of truck or robot at location 𝑖 ∈ 𝐿̂ ∪ 𝑅 ∪ {0, 𝑛 + 1}
𝑢𝑘  Waiting time of robot at customer 𝑘 ∈ 𝐶r ∪ 𝐶s

𝑣𝑘  Lateness of a robot at customer 𝑘 ∈ 𝐶r ∪ 𝐶s

𝑞r𝑖  Number of robots aboard the truck after visiting location 𝑖 ∈ 𝐿̂ ∪ {0}
𝑞p𝑖  Number of parcels aboard the truck after visiting location 𝑖 ∈ 𝐿̂ ∪ {0}
𝑧𝑖  Number of robots removed from depot location 𝑖 ∈ 𝑅̂

𝑞r𝑗 ≤ 𝑞r𝑖 −
∑

𝑘∈𝐶r∪𝐶s∪𝑆̂

𝑦𝑗𝑘 +𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖 ∈ 𝐿̂ ∪ {0}, 𝑗 ∈ 𝐿̂ ⧵ 𝑅̂

(18)
∑

𝑠∈𝑆̂

𝑦𝑟𝑠 +
∑

𝑖∈𝐻𝑟

𝑧𝑖 ≤ 𝑜𝑟 ∀𝑟 ∈ 𝑅

(19)

𝑞p0 = 𝐼p (20)

𝑞p𝑠 ≤ 𝑞p𝑖 + 1 −
∑

𝑘∈𝐶r∪𝐶s
𝑦𝑠𝑘 +𝑀 ⋅ (1 − 𝑥𝑖𝑠) ∀𝑖 ∈ 𝐿̂ ∪ {0}, 𝑠 ∈ 𝑆̂

(21)

𝑞p𝑗 ≤ 𝑞p𝑖 −
∑

𝑘∈𝐶r∪𝐶s
𝑦𝑗𝑘 +𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖 ∈ 𝐿̂ ∪ {0}, 𝑗 ∈ 𝐿̂ ⧵ 𝑆̂

(22)

𝑥𝑖𝑗 ∈ {0, 1} ∀𝑖 ∈ 𝐿̂ ∪ {0}, 𝑗 ∈ 𝐿̂ ∪ {𝑛 + 1}
(23)

𝑦𝑗𝑘 ∈ {0, 1} ∀𝑗 ∈ 𝐿̂ ∪ 𝑅, 𝑘 ∈ 𝐶 r ∪ 𝐶 s ∪ 𝑆̂
(24)

𝑞r𝑖 ∈ {0,… , 𝑄r} ∀𝑖 ∈ 𝐿̂ ∪ {0}
(25)

𝑞p𝑖 ∈ {0,… , 𝑄p} ∀𝑖 ∈ 𝐿̂ ∪ {0}
(26)

𝑧𝑖 ∈ ℕ0 ∀𝑖 ∈ 𝑅̂
(27)

𝑤𝑖 ∈ ℝ+
0 ∀𝑖 ∈ 𝐿̂ ∪ 𝑅 ∪ {0, 𝑛 + 1}

(28)

𝑢𝑘, 𝑣𝑘 ∈ ℝ+
0 ∀𝑘 ∈ 𝐶 r ∪ 𝐶 s

(29)

The objective function (1) minimizes the total delivery costs (TC). 
The first part relates to the truck costs, which consist of the truck’s total 
travel time and distance costs. The second part refers to the travel time 
costs of robots, and the last term sums up the costs for robot waiting and 
delayed deliveries. Constraints (2) and (3) ensure that the truck leaves 
the depot and the flow conservation. Constraints (4) stipulate that each 
customer must be served by exactly one robot, whereas Constraints (5) 
specify that both a robot and the truck can access stores for pickups. If a 
robot collects a parcel from a store, Constraints (6) ensure that this robot 
travels directly to the corresponding customer. Constraints (7)–(9) limit 
the possible starting locations of robots. Constraints (7) and (8) are rel-
evant for robots starting at stops visited by the truck (Mode I–III). More 
precisely, Constraints (7) ensure that robots visiting regular customers 
or stores must depart from locations where the truck has stopped (𝑀
as a sufficiently large number). Constraints (8) ensure this for store cus-
tomers, excluding stops at stores however as robots may also visit store 
customers directly (Mode IV), i.e., without truck involvement (see Sec-
tion 2). Consequently, there is no obligatory truck stop before the visit. 
In this line, Constraints (9) ensure that a delivery to a store customer 
either presumes a truck stop at the store or a prior trip of a robot to 
the store. Constraints (10)–(15) concern the arrival times of the truck 
and robots. Constraints (10) specify the truck’s arrival times, and Con-
straints (11) and (12) the arrival times of the robots at stores. Robots 
starting from drop-off points or stores to pick up parcels (concerns only 
Mode III) must start immediately after drop-off (Constraints (12)), while 
robots starting from robot depots have flexible departure times (Modes 
III and IV). Constraints (13) ensure that parcels are picked up before 
delivery. Furthermore, Constraints (14) and (15) determine the mag-
nitude of early and late delivery. Constraints (16)–(18) keep track of 
the number of robots on the truck. Constraint (16) defines the initial 
number of robots aboard the truck at departure, while Constraints (17) 
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Fig. 3. Overview of the AGA framework.

and (18) control the pickup and release of robots at the corresponding 
stops during the tour. In addition, Constraints (19) track the number of 
robots removed from a robot depot to ensure robot availability. In the 
same way, Constraints (20)–(22) track the number of parcels aboard the 
truck. Finally, Constraints (23)–(29) set the variable domains.

5.  Solution approach

The TnR-PDP extends the NP-hard Traveling Salesman Problem
(TSP) (see Boysen et al., 2018). While both the TSP and the TnR-PDP 
seek an optimal truck route, the truck may visit locations several times 
or not at all in the TnR-PDP. Furthermore, the TnR-PDP combines truck 
routing and robot scheduling. Additionally considering pickups and de-
liveries complicates the interdependence between these problem parts. 
To address these challenges, we propose the AGA as a tailored solution 
approach based on a GA framework. GA frameworks have successfully 
been applied for large-scale pickup-and-delivery TSPs (see, e.g., Pacheco 
et al., 2023) and related robot-delivery concepts (see, e.g., Zhao et al., 
2024). The TnR-PDP further promotes the use of a GA approach due 
to its low locality, i.e., small changes in the truck route can result in a 
completely different robot schedule and total costs.

The AGA uses established GA principles and applies selection and 
recombination to search for suitable solutions, where the recombina-
tion includes crossover and mutation operators (see, e.g., Holland, 1994; 
Prins, 2004). However, standard crossover operators fail in our setting 
as truck stops are not predetermined, and multiple visits per stop are 
possible. Combining two solutions consequently leads to ever-increasing 
truck routes, adding more stops with every crossover. We therefore pro-
pose customized crossover operators combined with a novel adaptive 
search mechanism to control and steer the search. More specifically, 
we introduce a visit frequency for each potential stop location, denoted 
as Visit-Frequency-Range (VFR), which is adapted during the search to 
determine lower and upper bounds for visits at each location. The VFR-
adaptation depends on the location usage and a probability-based accep-
tance criterion. It steers the search towards identifying the most promis-
ing truck stops and aims to converge the truck routing to a classical TSP. 
We combine the VFR with the adaptation of the specialized crossover 
operators. Following these adaptations, the AGA focuses on reducing 
the number of stop candidates at the beginning (location identification) 
and adapts the algorithm towards the optimization of the truck rout-
ing of promising stops (routing optimization). The AGA contributes by 
extending classic GAs for novel features. Fig. 3 illustrates the complete 
solution framework.

We initiate the VFRs and subsequently generate a population of ran-
domly created truck routes (Section 5.1). We apply a feasibility check 
for truck routes before scheduling robots using a MIP (Section 5.2). The 
AGA then improves truck routes with customized crossover and muta-

tion operators and forms the next generation (Section 5.3). Within each 
iteration, the adaptation mechanism tightens the bounds of the VFR and 
adapts the probabilities for operator selection to control the search. To 
improve our approach’s robustness and intensify the search for promis-
ing solutions, we parallelize the search and restart the AGA based on 
a population of the best solutions of the parallel runs, denoted as elite
(see Section 5.4). We would like to note that in contrast to the TnR-PDP 
formulation, there is no need to duplicate locations.

5.1.  Initialization and VFR

Specialized construction heuristics aim to provide good initial solu-
tions but often result in similar (deterministic) structures. The number 
of stops in our application is not predetermined, and deterministic so-
lutions focusing on a reduced set of locations may result in biased pop-
ulations. While approaches for similar settings (see, e.g., Boysen et al., 
2018) apply priority rules to create truck routes, we strive to create 
diversified starting solutions to exploit the strength of our population-
based heuristic, i.e., identifying and combining the most promising char-
acteristics of diverse populations. In the following, we first introduce the 
VFR and then detail the complete initialization.

VFR definition. The VFR defines a minimum (𝑙𝑏) and maximum (𝑢𝑏) vis-
iting frequency for each location 𝑖 ∈ 𝐿 and is defined as VFR𝑖 = [𝑙𝑏𝑖; 𝑢𝑏𝑖]. 
For example, the VFR𝑖 = [0; 3] indicates that stop 𝑖 may be visited be-
tween 0 and 3 times, while VFR𝑗 = [0; 0] expresses that location 𝑗 is not 
used. The latter case excludes locations from the search, e.g., if another 
stop dominates. The initial VFR is determined in Steps [1]–[4] using 
potential robot costs as the truck route is unknown at this stage. [1] We 
assign each customer 𝑘 ∈ 𝐶 r ∪ 𝐶 s to its closest truck stop 𝑖 ∈ 𝐿. Store 
customers assigned directly to their respective stores are assumed to 
receive robot-only delivery (Mode IV). For all other cases, we denote 
the number of customers assigned to location 𝑖 by 𝜀𝑖 ∈ ℕ0. [2] Since we 
must ensure robot availability on the truck route to fulfill all customer 
deliveries, we assume that customers assigned to drop-off points and 
stores are supplied by robots from the nearest robot depot. The number 
of customers allocated to a robot depot 𝑟, denoted by 𝜀r𝑟, is thus the sum 
of customers assigned directly to the depot (𝜀𝑟) and the customers as-
signed indirectly to the depot via allocations to nearby drop-off points 
and stores. [3] Alongside the location allocation, we consider time dif-
ferences of customers for potential multiple visits at the same location. 
We cluster customers allocated to stop 𝑖 according to the difference 𝛿𝑇𝑊
concerning their delivery time windows and define 𝜓𝑖 as the number 
of resulting customer clusters. We further set 𝜓𝑠 = 1, 𝑠 ∈ 𝑆 for store lo-
cations if the robot travel time to one of the store customers exceeds 
the threshold parameter 𝛿𝑆 . This ensures that a store without direct 
customer assignments (see Step [1]) is not completely excluded from
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potential truck routes, as a robot-only delivery is unlikely due to the 
long distance to store customers. [4] The upper bound of stops at robot 
depot 𝑟 is then determined by 𝑢𝑏𝑟 = max(𝜓𝑟, ⌈

min(𝜀r𝑟 ,𝑜𝑟)
𝑄𝑟 ⌉), using the robot 

capacities 𝑄𝑟 (truck) and 𝑜𝑟 (robot depot). For drop-off points and stores, 
the upper bound is determined by 𝑢𝑏𝑖 = max(𝜓𝑖, ⌈ 𝜀𝑖

𝑄𝑟 ⌉), 𝑖 ∈ 𝐷 ∪ 𝑆. The 
lower bound for all locations 𝑖 ∈ 𝐿 is set at 𝑙𝑏𝑖 = max(0, 𝑢𝑏𝑖 − Δ), where 
Δ corresponds to a threshold value representing an initial maximum 
difference between the lower and upper bound. Fig. S3 in the supple-
mentary material illustrates an example of the VFR initialization.

Initial population. The initialization creates a population of 𝑃  truck 
routes. Selecting locations for each route candidate is the central aspect 
of the initialization. We first approximate the number of robot depots 
required to ensure robot availability on a route by Λ = ⌈|𝐶 r

|∕
∑

𝑟∈𝑅 𝑜𝑟
|𝑅| ⌉. 

We then determine the number of robot depots for each route of the 
population by Γr ∼  (Λ, 𝜎2Γr ), and the number of drop-off points by 
Γd ∼  (Λ2 , 𝜎

2
Γd
). The number of stores per route is not predefined. Once 

we set the number of robot depots and drop-off locations per route can-
didate, we randomly select the corresponding locations plus stores. The 
number of visits per selected location 𝑖 is determined using a uniform 
distribution within the VFR bounds, i.e., within [𝑙𝑏𝑖, 𝑢𝑏𝑖]. Locations are 
added to a truck route until the number of unique locations per location 
type reaches its maximum value Γr or Γd. The initialization only builds 
truck routes (no robot scheduling), but does not check their feasibility.

5.2.  Tour feasibility and robot scheduling

The initialization and the improvement phase (see Section 5.3) may 
result in non-feasible solutions concerning robot availability. The num-
ber of robots in the robot depots of a tour, and the initial number of 
robots aboard the truck must be greater than or equal to the number 
of regular customers |𝐶 r

| to ensure feasibility. Otherwise, we must ad-
just the truck route by adding a randomly selected new robot depot in a 
cost-optimal position. Store customers are neglected as these customers 
can also be served by robot-only deliveries.

Once a route candidate is feasible, we can schedule robots according 
to the four delivery modes using a MIP. We define 𝐹  as a determined 
truck route and the set of dummy nodes 𝑗 ∈ 𝐽 as the stop sequence of the 
respective route. This is necessary as each distinct location may be vis-
ited multiple times. Accordingly, 𝑓 (𝑗) indicates the actual location of the 
𝑗th stop, i.e., 𝑓 (𝑗) ∈ 𝐿 ∪ {0, 𝑛 + 1}. The parameter 𝑚𝑗𝑘 indicates the last 
stop at store 𝑠 on route 𝐹  connected with the order of customer 𝑘 ∈ 𝐶 s

upon arrival at a stop 𝑗. Further, we must include the complete set of 
robot depots 𝑅 for potential robot-only deliveries. Table 3 summarizes 
the additional notation. The robot scheduling requires the calculation of 
the delivery costs for each delivery option. To do so, we first determine 
the arrival times of the truck at each stop 𝑗 using Eqs. (30) and (31). We 
can calculate the actual costs for all delivery modes and potential start-
ing locations depending on the arrival times. Eq. (32) calculate the robot 
delivery costs 𝑐tbd𝑗𝑘  for truck-based deliveries (Mode I & II). The costs for 
robot-pickup deliveries are calculated by Eq. (33) for truck-supported 
deliveries (Mode III, 𝑐rpd𝑗𝑘 ), and Eq. (34) for robot-only deliveries (Mode 
IV, 𝑐rpd𝑟𝑘 ).

𝑡0 = 0 (30)

𝑡𝑗 = 𝑡𝑗−1 + 𝑡t𝑓 (𝑗−1),𝑓 (𝑗) ∀𝑗 ∈ 𝐽 ⧵ {0}
(31)

𝑐tbd𝑗𝑘 = 𝑐r ⋅ (𝑡r𝑓 (𝑗)𝑘 + (𝑎𝑘 − 𝑡𝑗 − 𝑡r𝑓 (𝑗)𝑘)
+) + 𝑐l ⋅ (𝑡𝑗 + 𝑡r𝑓 (𝑗)𝑘 − 𝑏𝑘)

+ ∀𝑗 ∈ 𝐽 , 𝑘 ∈ 𝐶r ∪ 𝐶s

(32)

𝑐rpd𝑗𝑘𝑠
= 𝑐r ⋅ (𝑡r𝑓 (𝑗)𝑠 + 𝑡

r
𝑠𝑘𝑠

) + 𝑐r ⋅ (𝑎𝑘𝑠 − 𝑡𝑗 − 𝑡
r
𝑓 (𝑗)𝑠 − 𝑡

r
𝑠𝑘𝑠

)+

+ 𝑐l ⋅ (𝑡𝑗 + 𝑡r𝑓 (𝑗)𝑠 + 𝑡
r
𝑠𝑘𝑠

− 𝑏𝑘𝑠 )
+ ∀𝑗 ∈ 𝐽 , 𝑠 ∈ 𝑆̂

(33)

𝑐rpd𝑟𝑘𝑠
= 𝑐r ⋅ (𝑡r𝑟𝑠 + 𝑡

r
𝑠𝑘𝑠

) + 𝑐l ⋅ (𝑡r𝑟𝑠 + 𝑡
r
𝑠𝑘𝑠

− 𝑏𝑘𝑠 )
+ ∀𝑟 ∈ 𝑅, 𝑠 ∈ 𝑆̂

(34)

We introduce the binary variable 𝑦tbd𝑗𝑘 , indicating a truck-based de-
livery (Mode I & II) from truck stop 𝑗 to customer 𝑘 ∈ 𝐶 r ∪ 𝐶 s, and the 
binary variable 𝑦rpd𝑗𝑘  indicating a robot-pickup delivery (Mode III & IV) to 
a customer 𝑘 ∈ 𝐶 s from a truck stop or any robot depot, i.e., 𝑗 ∈ 𝐽 ∪ 𝑅. 
The auxiliary variables 𝑞r𝑗 and 𝑞

p
𝑗  track the number of robots and parcels 

aboard the truck after visiting stop 𝑗, and 𝑒𝑖𝑗 specifies the number of 
robots available at each location 𝑖 after the 𝑗th truck stop. Finally, the 
binary variable 𝑝𝑗𝑘 indicates if the parcel for customer 𝑘 ∈ 𝐶 s is picked 
up at stop 𝑗. The MIP for robot scheduling is then formulated as follows. 
min

∑

𝑗∈𝐽

∑

𝑘∈𝐶r∪𝐶s
𝑐tbd𝑗𝑘 𝑦

tbd
𝑗𝑘 +

∑

𝑗∈𝐽∪𝑅

∑

𝑘∈𝐶s
𝑐rpd𝑗𝑘 𝑦

rpd
𝑗𝑘 (35)

subject to
∑

𝑗∈𝐽⧵{0,|𝐽 |}
𝑦tbd𝑗𝑘 = 1 ∀𝑘 ∈ 𝐶r

(36)
∑

𝑗∈𝐽⧵{0,|𝐽 |}
𝑦tbd𝑗𝑘 +

∑

𝑗∈𝐽∪𝑅⧵{0,|𝐽 |}
𝑦rpd𝑗𝑘 = 1 ∀𝑘 ∈ 𝐶s

(37)
𝑒𝑟𝑗 = 𝑒𝑟𝑗−1 ∀𝑟 ∈ 𝑅, 𝑗 ∈ 𝐽 ⧵ {0} ∣ 𝑟 ≠ 𝑓 (𝑗)

(38)
𝑒𝑟𝑗 ≤ 𝑒𝑟𝑗−1 ∀𝑟 ∈ 𝑅, 𝑗 ∈ 𝐽 ⧵ {0} ∣ 𝑟 = 𝑓 (𝑗)

(39)

𝑒𝑖𝑗 ≤ 𝑒𝑖𝑗−1 + 𝑞r𝑗−1 − 𝑞
r
𝑗 −

∑

𝑘∈𝐶r∪𝐶s
𝑦tbd𝑗𝑘 −

∑

𝑘∈𝐶s
𝑦rpd𝑗𝑘 ∀𝑖 ∈ 𝐿, 𝑗 ∈ 𝐽 ⧵ {0, |𝐽 |} ∣ 𝑖 = 𝑓 (𝑗)

(40)

𝑒𝑟0 = 𝑜𝑟 −
∑

𝑘∈𝐶s
𝑦rpd𝑟𝑘 ∀𝑟 ∈ 𝑅

(41)
𝑒𝑖𝑗 = 0 ∀𝑖 ∈ 𝐷 ∪ 𝑆, 𝑗 ∈ 𝐽

(42)
𝑞r0 = 𝐼 r (43)

𝑞p0 = 𝐼p (44)

𝑞p𝑗 ≤ 𝑞p𝑗−1 −
∑

𝑘∈𝐶r∪𝐶s
𝑦tbd𝑗𝑘 +

∑

𝑘∈𝐶s
𝑝𝑗𝑘 ∀𝑗 ∈ 𝐽 ⧵ {0}

(45)

𝑦tbd𝑗𝑘 ≤ 𝑝𝑚𝑗𝑘𝑘 ∀𝑗 ∈ 𝐽 ⧵ {0, |𝐽 |}, 𝑘 ∈ 𝐶s

(46)

𝑦tbd𝑗𝑘 ∈ {0, 1} ∀𝑗 ∈ 𝐽 ⧵ {0, |𝐽 |}, 𝑘 ∈ 𝐶r ∪ 𝐶s

(47)

𝑦rpd𝑗𝑘 ∈ {0, 1} ∀𝑗 ∈ 𝐽 ∪ 𝑅 ⧵ {0, |𝐽 |}, 𝑘 ∈ 𝐶s

(48)
𝑞r𝑗 ∈ {0,… , 𝑄r} ∀𝑗 ∈ 𝐽

(49)

𝑞p𝑗 ∈ {0,… , 𝑄p} ∀𝑗 ∈ 𝐽
(50)

𝑒𝑖𝑗 ∈ ℝ+
0 ∀𝑖 ∈ 𝐿, 𝑗 ∈ 𝐽

(51)
𝑝𝑗𝑘 ∈ {0, 1} ∀𝑗 ∈ 𝐽 , 𝑘 ∈ 𝐶s

(52)

The objective function (35) minimizes the costs of robot deliver-
ies. Constraints (36) and (37) ensure that exactly one robot is sent to 
each regular (36) and store customer (37). Constraints (38)–(40) keep 
track of the number of available robots in the robot depots and on the 
truck. Constraints (39) prevent the refilling of robot depots by the truck. 
Constraints (41)–(43) define the initial number of robots across loca-
tions and on the truck. To specify the correct robot availability at robot 
depots, we can directly subtract robot-only deliveries from the initial 
amount without loss of functionality (Constraints (41)). Constraint (44) 
defines the number of parcels aboard the truck at departure from the 
depot, while Constraints (45) keep track of the number of parcels dur-
ing the tour. Constraints (46) ensure that deliveries from stores must 
be picked up before sending them to the customers. The variable do-
mains are defined by Constraints (47)–(52). The MIP is solved for each 
candidate truck route within a population and enables the total cost 
evaluation of the TnR-PDP (see Eq. (1)). Solving the robot scheduling 
results in a complete solution (tour), and we can proceed and select the 
next generation.
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Table 3 
Additional notation for robot scheduling.
 Sets
𝐽  Set of dummy nodes representing the sequence of stops on truck route 𝐹
 Parameters
𝑓 (𝑗)  Location of the 𝑗 th stop of the truck route, 𝑓 (𝑗) ∈ 𝐿 ∪ {0, 𝑛 + 1}
𝑚𝑗𝑘  Last truck stop at the store 𝑠 of customer 𝑘 ∈ 𝐶s on route 𝐹 , when arriving at stop 𝑗, with 𝑓 (𝑚𝑗𝑘) = 𝑠; 𝑗, 𝑚𝑗𝑘 ∈ 𝐽 , and 𝑚𝑗𝑘 ≤ 𝑗
𝑡𝑗  Arrival time at truck stop index 𝑗 ∈ 𝐽
𝑐tbd𝑗𝑘  Cost of serving customer 𝑘 ∈ 𝐶r ∪ 𝐶s from stop 𝑗 ∈ 𝐽
𝑐rpd𝑗𝑘  Cost of serving customer 𝑘 ∈ 𝐶s from a truck stop or robot depot via store, with 𝑗 ∈ 𝐽 ∪ 𝑅

 Decision variables
𝑦tbd𝑗𝑘  Binary: 1, if customer 𝑘 ∈ 𝐶r ∪ 𝐶s is supplied from stop 𝑗 ∈ 𝐽 , 0 otherwise
𝑦rpd𝑗𝑘  Binary: 1, if customer 𝑘 ∈ 𝐶s is supplied from stop 𝑗 ∈ 𝐽 ∪ 𝑅 via store, 0 otherwise
 Auxiliary variables
𝑞r𝑗  Number of robots aboard the truck after visiting stop 𝑗 ∈ 𝐽
𝑞p𝑗  Number of parcels aboard the truck after visiting stop 𝑗 ∈ 𝐽
𝑒𝑖𝑗  Number of available robots in location 𝑖 ∈ 𝐿 after the 𝑗 th truck stop
𝑝𝑗𝑘  Binary: 1, if a parcel for store customer 𝑘 ∈ 𝐶s is picked up at stop 𝑗 ∈ 𝐽 , 0 otherwise

5.3.  Adaptive genetic algorithm

The AGA recombines feasible tour candidates of a population and se-
lects new candidates for the next generation (iteration). Our approach 
distinguishes itself from standard GAs by adapting the VFR and oper-
ator selection to control diversification and intensification during the 
search. We first describe the operators used and then detail the adap-
tation mechanisms. Please note that all operators can only change the 
truck routes, while the robot scheduling is solved to optimality based 
on the respective route candidate (see Section 5.2).

5.3.1.  AGA operators
Selection. The selection operator identifies candidate tours from the 
current population for reproduction (recombination). The selection is 
based on the fitness value (total costs) of each individual (i.e., tour can-
didate). We apply the roulette wheel or the tournament selection in com-
bination with the elitist mechanism. In each iteration we randomly se-
lect one competitive procedure (roulette wheel vs. tournament), while 
the elitist mechanism is always applied. The elitist mechanism ensures 
that 𝜏 percent of the best-performing individuals of each generation are 
part of the next generation. The roulette wheel procedure assigns a se-
lection probability to each individual according to the proportion of the 
total fitness, i.e., the better the individual fitness value, the higher the 
probability (see, e.g., Kramer, 2017). Based on the probabilities, we de-
rive a cumulative probability function which is used to select (1 − 𝜏) ⋅ 𝑃
tours by drawing uniformly distributed random numbers between zero 
and one. Lastly, the tournament selection randomly selects 𝜅 tour can-
didates that compete with each other. The best candidate is selected 
for recombination. This procedure is repeated until (1 − 𝜏) ⋅ 𝑃  tours are 
chosen.

Crossover. Crossover operators combine two routes (parent routes) to 
obtain a new candidate for the next generation (offspring route). Most 
standard operators are not directly applicable to the TnR-PDP as the 
locations of the truck route are not predetermined (see Section 2). Stan-
dard permutation operators simply skip possible double occurrences of 
locations during the recombination. This contrasts with the possibil-
ity of multiple visits at a location in our setting. However, accepting 
all locations is not a practicable option either as this would lead to 
ever-increasing truck routes. We consequently define problem-specific 
crossover operators to address these issues. Our operators follow two 
general rules: (i) the truck route length is restricted, and (ii) locations for 
a new truck route are accepted according to adaptable probabilities. The 
(i) maximum length of a new route (offspring) is limited by the length 
of the original (parent) routes, where one parent is selected randomly. 

The length may also decrease when locations are not accepted (see (ii)). 
Mutation and the tour diversity within a population ensure varying tour 
lengths throughout the search. The (ii) inclusion probability 𝑝(𝑖), 𝑖 ∈ 𝐿
is determined using the occurrence 𝜈𝑖 of location 𝑖 within the current so-
lution and the bounds set by the VFR: 𝑝(𝑖) = 1 − 𝜈𝑖−(𝑙𝑏𝑖−1)

(𝑢𝑏𝑖−𝑙𝑏𝑖)+1
. The crossover 

operators are summarized in Table 4 and further illustrated in Figs. S4 
(crossover with probabilities) and S5 in the supplementary material. We 
distinguish between crossover operators for location identification (re-
ducing the number of promising truck stops) and routing optimization 
(improving the routing of a truck route). After choosing a crossover type 
(identification or optimization), exactly one operator is used for recom-
bination.

Mutation. The mutation improves truck routes via small changes similar 
to local search operators (exploitation). It randomly alters route candi-
dates of a new generation. We apply the following operators:

• Remove stops. Randomly removes a robot depot, drop-off point, or 
store from the current truck route. Since truck distance is a key cost 
driver, this often leads to improvements.

• Add stops. Randomly selects and adds a new stop 𝑖 ∈ 𝐿 to the truck 
route. Stops are either inserted at a random or at the cost-optimal 
position.

• Swap stops. Swaps two randomly selected stops of the current truck 
route.

• Inverse stops. Inverts the sequence of a subroute within the truck 
route.

• Flip stops. Exchanges a stop with the nearest location currently not 
on the truck route. This operator potentially integrates better-located 
stops or robot depots with higher robot availability into the truck 
route without changing the remaining order.

Mutations are not based on the VFR bounds and may lead to new 
truck routes that potentially include discarded locations or alternative 
visiting frequencies. When a mutation occurs, either the swap, inverse, 
or flip operator is applied randomly to each truck route. These operators 
mutate every candidate location in the route according to the mutation 
rate 𝑚rate, which is set individually for each route by 1

|𝐹 | . The operators 
remove stops and add stops are independently applied to each route using 
defined probabilities.

5.3.2.  Adaptation
The adaptation mechanism is essential to steer the search from lo-

cation identification to routing optimization. This requires adapting the 
VFR and the operator selection during the search.
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Table 4 
Overview of crossover operators.
 Crossover  Location  Routing Short description
 operator  ident.  opt.
 Order (OX1) × Set two cut points within the routes. The offspring route consists of the part between the cuts of the first parent, and 

the remaining positions (left and right) are refilled with the locations of the second parent in their order of appearance.
 Cycle (CX) × Select a base parent and copy its first element into the offspring, then select the first element of the other parent and 

insert it into the offspring at its corresponding position of the base parent. Repeat this logic for the current position 
until the first location (cycle) is revisited. Fill open positions with locations from the non-base tour true to position.

 Position-based (PX) × × Choose random elements in one parent transferred to the offspring at the current position. Unmarked positions are 
then replaced with locations of the second parent, from left to right.

 Alternating position (APX) × × Iterate through indices of both parent routes and alternately select the element of the first and the second parent.
 Alternating edge (AEX) × Start with a random pair of locations (neighbors) from one parent route and then select the location from the other 

parent whose predecessor corresponds to the successor of the last pair added. Used stops (index) cannot be used any 
further.

 Shuffle (SX) × Number the parent’s locations in increasing order and shuffle their sequence. Apply a 1-point crossover (set cut point 
and exchange all elements after the cut). Use the route obtained to build the offspring route by resetting the original 
numbering sequence.

VFR adaptation. The VFR adaptation aims to decrease the range of the 
visit frequencies and leads to converging VFR bounds in the best case 
(𝑙𝑏 = 𝑢𝑏). Matching bounds clearly define the number of location visits 
and reduce the truck routing problem to a classic TSP. The VFRs are 
updated after 𝜌 iterations for all locations. We consider the 2𝜏 ⋅ |𝑃 | best 
tour candidates of each of the 𝜌 iterations for the update. This results in 
the set of selected candidate tours Φ, with |Φ| = 𝜌 ⋅ (2𝜏 ⋅ |𝑃 |). Further, 
𝜃𝑖𝜙 indicates the frequency (occurrences) of location 𝑖 in tour candidate 
𝜙 ∈ Φ. We then evaluate the locations’ VFR based on two criteria. First, 
we check if a location’s average frequency is closer to its upper or lower 
bound to identify the less binding bound and set 𝜔𝑖 accordingly (see 
Eq. (53)). This means that the less binding bound is used for a potential 
update and reflects a decrease of the upper or an increase of the lower 
bound. Next, we determine the share of tours (𝜂𝑖) in which the frequency 
of location 𝑖 is lower than or equal to (𝜔𝑖 = 𝑙𝑏𝑖), or greater than or equal 
to (𝜔𝑖 = 𝑢𝑏𝑖) the respective bound. The second criterion then checks if 
the share 𝜂 lies below a given threshold 𝜆𝑐 , indicating that the bound 
can be changed without excluding promising solutions. Otherwise, the 
location is potentially used more (or less) frequently in relation to the 
given bound, and no update is applied. 

𝜔𝑖

{

= 𝑢𝑏𝑖, if 
∑

𝜙∈Φ 𝜃𝑖𝜙
|Φ|

≤ 𝑙𝑏𝑖+𝑢𝑏𝑖
2

= 𝑙𝑏𝑖,  otherwise
, 𝜂𝑖

⎧

⎪

⎨

⎪

⎩

= |{𝜃𝑖𝜙|𝜃𝑖𝜙≥𝜔𝑖 , 𝜙∈Φ}|
|Φ|

, if 𝜔𝑖 = 𝑢𝑏𝑖
= |{𝜃𝑖𝜙|𝜃𝑖𝜙≤𝜔𝑖 , 𝜙∈Φ}|

|Φ|

, otherwise.

(53)

We use a control mechanism for the case of equal VFR bounds to 
ensure that we do not exclude promising solutions. For instance, a mu-
tation step may result in reduced costs using a higher (or lower) visit 
frequency as indicated by the VFR. We check the relaxing of bounds 
using the defined criteria with reversed relational operators for 𝜔𝑖 (i.e., 
selecting the closer bound for a potential change) and strict relations 
for 𝜂𝑖. Further, 𝜂 needs to exceed the threshold 𝜆𝑒 to qualify for an up-
date. Fig. 4 illustrates a VFR update. Looking at robot depot R2, we see 
that the upper bound was a candidate for a decrease from 1 to 0 accord-
ing to the first criterion, but it was visited at least once (current 𝑢𝑏) in 
30% of the tours. As this exceeds the threshold parameter 𝜆𝑐 = 25%, 
the bound remains unchanged. Further, S1 exemplifies the relaxation of 
equal bounds.

Search and operator adaptation. The search is limited by a set num-
ber of iterations 𝑙𝑖𝑚Iter and separated into 𝛾 search phases. The search 
phases allow us to adjust the search with different adaptation rates. The 
adaptation distinguishes between the selection of (i) an operator class 
(crossover vs. mutation), and (ii) an operator type within the crossover 
class. The first adaptation generally controls for diversification and in-

tensification, the latter for location identification and routing optimiza-
tion.

(i) We define the probabilities 𝑝x𝛾 for crossover selection and 𝑝m𝛾  for mu-
tation selection within search phase 𝛾, with 𝑝x𝛾 , 𝑝m𝛾 ∈ [0, 1]. We use 
start (𝑝x𝛾,0) and target values (𝑝x𝛾,1) within each search phase and ap-
ply a linear adaptation: 𝑝x,𝓁𝛾 = 𝑝x,𝓁−1𝛾 ⋅

𝑝x𝛾,0−𝑝
x
𝛾,1

𝑙𝑖𝑚Iter∕𝛾 , where 𝓁 indicates the 
current iteration. The logic for the mutation operator class is iden-
tical. We increase the mutation class probability during the search 
(intensification) while decreasing the crossover class probability (di-
versification).

(ii) The operator type selection is based on an analogous adaptation logic 
to differentiate between location identification (𝑝loc) and routing op-
timization (1 − 𝑝loc) operators. We increase the probability of routing 
optimization during the search. In the special case of VFR conver-
gence (i.e., 𝑢𝑏𝑖 = 𝑙𝑏𝑖 ∀𝑖 ∈ 𝐿), the search is reduced to routing opti-
mization operators as the truck routing resembles a classical TSPs.

5.4.  Elite optimization

We operate 𝜋 parallel and independent AGA runs. Each run is based 
on the initial VFRs, resulting random populations, and adaptations. Af-
ter each parallel run, the best-found solutions across all runs form the 
so-called elite location pool. Using this pool of best-found solutions (tour 
candidates), we adapt the VFR for each location using the correspond-
ing frequencies (see Section 5.3.2). Locations 𝑖 ∈ 𝐿 absent in all the best-
found solutions are excluded from the further search (i.e., VFR𝑖 = [0; 0]). 
Based on the VFRs obtained we create new initial populations with ran-
domly generated truck routes (see Section 5.1) to enable a certain degree 
of diversification for the search and to overcome potential local optima. 
Subsequently, the AGA is rerun using the new VFRs and populations.

6.  Numerical analysis

The numerical experiments analyze the performance of the AGA and 
provide managerial insights on the benefits of the extended concept. Sec-
tion 6.1 describes the test data and setting. Section 6.2 demonstrates the 
AGA’s efficiency by comparing it to an exact approach and a benchmark 
from the literature. We further conduct an ablation study to analyze the 
contribution of the main algorithm components. Section 6.3 compares 
the TnR-PDP with an alternative concept and traditional truck delivery. 
Further, we highlight the potential benefits and impacts of our inte-
grated system. The algorithm is implemented in Rust (version 1.74.0) 
using Gurobi (version 11.0.0) to solve the robot scheduling MIP. All 

European Journal of Operational Research 333 (2026) 174–191 

183 



M. Ostermeier and T. Huf

Fig. 4. Illustration of the VFR adaptation.

computations were performed on a 64-bit Windows 11PC with an AMD 
Ryzen 9 3900X CPU at 12 × 3.8GHz and 32GB of RAM.

6.1.  Instance generation and parameter setting

We use a base case with a distribution network of 4 km2 that is 
located in the city center of Munich (Germany), and generate realis-
tic instances with |𝐶 r ∪ 𝐶 s

| = 100 customers. Customers are randomly 
selected from all buildings within the designated delivery area using 
OpenStreetMap. The base case applies 20% store orders, i.e., |𝐶 r

| = 80
regular customers and |𝐶 s

| = 20 store customers. This aligns with pre-
vailing literature (see, e.g., Yu et al., 2022b) and practical applications 
(e.g., grocery retail; see Statista, 2024). Stores are centered at random 
locations within a reduced area of 3 km2 of the delivery area. We as-
sume an average of six customers per store and derive the number 
of stores depending on the total number of store customers, i.e., |𝐶s|6
rounded to integers. This results in |𝑆| = 3 stores in the base case. Store 
customers are randomly allocated to one of the stores. The network is 
completed by |𝑅| = 25 equidistantly positioned robot depots, along with 
|𝐷| = 50 drop-off points that are uniform-randomly dispersed through-
out the area, and a random location as the warehouse. Customers’ time 
windows are 10min reflecting that short time windows are preferred 
over fast delivery (Amorim et al., 2024). We assume that the 3PL as-
signs delivery times to customers such that reasonable truck tours are 
possible, i.e., regular customers close to the warehouse and store cus-
tomers close to their store have earlier time windows. The respective 
deadlines (𝑏𝑘) are thus determined by multiplying the truck travel time 
to the customer site by a uniform-randomly distributed factor in the in-
terval [5; 8]. The initial number of robots is set at 𝑜𝑟 = 15 for all robot 
depots. Additionally, the maximum robot capacity of the truck is set at 
𝑄r = 8, and the maximum parcel capacity at 𝑄p = 100. The truck starts 
fully equipped with robots (𝐼 r = 8) and contains all parcels for regular 
customers (𝐼p = |𝐶 r

| = 80). The truck’s average speed is 30 km/h, while 
the robots operate at 5 km/h. Following the cost assessment of Oster-
meier et al. (2022), we set 𝑐t = 30€/h and 𝑐d = 0.20€/km for the truck, 
𝑐r = 0.5€/h for robot usage, and 𝑐l = 5€/h for robot delays. If not stated 
otherwise, we use the base case for our experiments and report the av-
erage results of 25 instances.

We implement multi-threading to execute the AGA concurrently, us-
ing 𝜋 = 10 parallel runs. The VFR is initialized using the threshold pa-
rameters 𝛿TW = 𝛿S = 20, and Δ = 2. Selecting the number of robot depots 
and drop-off points for route initialization is based on normal distribu-
tions with 𝜎𝑋 = 𝜎Γd = 1. We employ a population size of 𝑃 = 50 and set 
the iteration limit at 𝑙𝑖𝑚Iter = 150 considering three search phases. The 
start probabilities are set at 𝑝x𝛾,0 = 1.0 and 𝑝m𝛾,0 = 0.3 (𝛾 = 1, 2, 3), and the 
respective target probabilities at 𝑝x1,1 = 0.95, 𝑝x2,1 = 0.65, 𝑝x3,1 = 0.6, and 
𝑝m1,1 = 0.4, 𝑝m2,1 = 0.9, 𝑝m3,1 = 1.0. The tournament size is 𝜅 = 4, and the eli-
tist mechanism selects the 𝜏 = 10% best candidate tours. Further, we 
select the best 2𝜏 ⋅ 𝑃 = 10 individuals from each generation throughout 
𝜌 = 10 iterations to update the VFR. The VFR adaptation uses the limits 

𝜆𝑐 = 30% (𝜆𝑒 = 50%). These settings provided the best performance in 
our pretests.

6.2.  Performance analysis

This section analyzes the performance of the AGA and highlights the 
contribution of its main components.

6.2.1.  Benchmark comparison
Comparison with exact approach. We first compare the AGA with an ex-
act solution of the TnR-PDP using Gurobi as a solver. As Gurobi can only 
solve small instances of the MIP even when excluding duplicates, we 
additionally apply a complete enumeration of all possible truck routes. 
This means that we generate all possible truck routes (valid combina-
tions of truck locations) first and then solve the robot scheduling MIP 
using Gurobi. This enables us to solve instances with up to 50 customers 
and nine network locations (|𝑅| = 6, |𝐷| = 2, |𝑆| = 1) to optimality. We 
set the truck capacity 𝑄r, the initial amount of robots aboard 𝐼 r, and the 
robot depot capacity 𝑜𝑟 at 6 for instances with up to 40 customers. 𝑜𝑟 is 
set at 8 to ensure robot availability for 50 customers. The MIP runtime 
is limited to 3h. Table 5 details the results.

The AGA achieves an equal or better solution for 99 of 100 test in-
stances, while runtime decreases to an average of four minutes for 50 
customers. We further see that the average MIP solution found after 
3h (39.42) deviates about 2% from the average optimal solutions of the 
complete enumeration. Considering that the respective average MIP gap 
amounts to 63%, this shows that the MIP struggles to prove optimality. 
Our findings demonstrate that the AGA efficiently and effectively solves 
smaller instances.

Comparison with benchmark heuristic. We additionally compare the AGA 
with an existing benchmark to evaluate the performance for larger in-
stances. We use the approach of Ostermeier et al. (2022) as a benchmark 
as their work considers the special case of our setting when exclud-
ing pickups and deliveries (see Section 3). We denote the authors’ local 
search procedure as LS. The authors further show that their LS matches 
the results of Boysen et al. (2018). The comparison thus allows us to 
assess the AGA’s performance for the basic truck-and-robot concept. To 
enable a fair comparison, we solve the standard Truck-and-Robot Rout-
ing (TnR) problem, minimizing total truck, robot, and delay costs, and 
use instances with up to 125 customers provided by Ostermeier et al. 
(2022). Fig. 5 shows the comparison.

The AGA outperforms the benchmark in terms of solution quality 
and runtime. It finds equal or better solutions for all benchmark in-
stances, with an average improvement of 2.8% for the largest instance 
set (see Fig. 5a). Simultaneously, we significantly reduce computation 
times with an average reduction of 79%, translating to up to 35min 
(125 customers, see Fig. 5b). This means the AGA solves instances with 
125 customers in nearly the same time (685 s vs. 509 s) as the LS requires 
for 25 customers.
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Table 5 
Performance comparison with exact approaches (average of 25 instances per problem size).

 MIPa  Enumeration  AGA  Improvement [%]
𝐶  Costs  Time [s]  Gap [%]  Costs  Time [s]  Costs  Time [s]  Rateb  Costs  Time
 20  24.73  10,800  53.90  24.39  4,454  24.39  81  100  0.00  98.18
 30  34.91  10,800  61.69  34.07  5,789  34.10  114  96 −0.09  98.03
 40  44.02  10,800  66.80  43.19  6,398  43.19  180  100  0.00  97.19
 50  54.03  10,800  68.57  52.72  13,710  52.72  239  100  0.00  98.26
 Average  39.42  10,800  62.74  38.59  7,588  38.60  154  99 −0.02  97.92
a 3h runtime limit.
b Share of instances with an equal or better AGA solution.

Fig. 5. Performance comparison: LS vs. AGA (average across 20 instances).

Fig. 6. Computation time for varying problem settings.

6.2.2.  Algorithm analysis
Runtime development. We analyze the AGA’s runtime efficiency for the 
complete TnR-PDP and report the performance for different settings 
compared with the base case (Section 6.1). Fig. 6 summarizes the re-
sults and highlights the base case with a bold x label.

Integrating pickups and deliveries leads to increasing but compara-
tively moderate (see LS above) runtimes. The AGA can process data sets 
containing 200 customers in 30min (Fig. 6a), representing a realistic 
daily delivery volume setting. This highlights the applicability of our 
approach for practical applications. We further observe that the share 
of store customers significantly impacts runtimes (Fig. 6b). The runtime 
increases with an increasing share of store customers as the available 
delivery options (Modes II–IV) extend the runtime of the robot schedul-
ing MIP. Lastly, the number of customers per store has no significant 
impact (Fig. 6c).

Ablation study. This analysis evaluates the contribution of the AGA’s 
main components. We compare the complete AGA with reduced ver-
sions and show the impact of excluding the corresponding algorithm 
component in Table 6.

The ablation study shows that each individual component con-
tributes to improving the quality of the solution. Excluding the first two 
components reduces runtime as fewer operations are required, but also 
decreases the solution quality. The AGA improves the AGA-e solution by 

an average of 1%, with a maximum improvement of 9%. This highlights 
the added value of the elite optimization. The core contributions, the 
VFR and its adaptation, substantially impact the runtime and solution 
quality. The effect does not increase for 100 or 200 customer instances 
due to the increased customer density meeting a constant number of net-
work locations, i.e., a higher share of network locations is used. Finally, 
excluding all of the proposed components significantly worsens the re-
sults and only leads to practicable solutions as we limit the number of 
visits per location. We further analyze the solution robustness of the
different variants (see Fig. 7). The AGA-all boxplot cannot be dis-
played for 200 customers as the substantial cost increase exceeds the
𝑦-axis.

As shown, the complete AGA provides the best (see lower whisker 
in Fig. 7a and b) and the best average solutions. Further, it con-
tributes to the robustness of the algorithm by decreasing the devi-
ation of the solution quality (see lower/upper whiskers in Fig. 7a
and b).

6.3.  Managerial insights

The concluding experiments analyze the benefits of the TnR-PDP de-
livery network. We compare the TnR-PDP to alternative concepts and 
analyze the impacts of the delivery modes offered. Additional analysis 
on the impact of time window length can be found in Appendix C.
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Table 6 
Ablation study for the AGA (average of 25 instances per problem size).
    50 customers  100 customers  200 customers

 Varianta  Deltab [%]  Time [s]  Deltab [%]  Time [s]  Deltab [%]  Time [s] 
  Complete AGA  –  230  –  505  –  1,783  
  – Elite optimization (AGA-e)  1.67  114  1.00  251  0.72  910  
  – Crossover adaptation (AGA-x)  1.96  93  1.07  223  2.38  880  
  – VFR adaptationc  (AGA-v)  3.36  308  1.86  1,664  2.69  4,520  
  – All of the abovec  (AGA-all)  4.29  159  7.67  801  149.23  8,128  
a AGA variant excluding the stated component; elite optimization is excluded in all variants.
b Difference in objective value across 𝜋 parallel runs vs. complete AGA.
c Number of visits per location limited to three to obtain practicable solutions.

Fig. 7. Performance comparison of the AGA and its reduced versions.

Table 7 
Overview of the delivery concepts analyzed.
    Concept Description Solution approach  
  TnR-PDP Robots perform all deliveries, and 

stores are directly integrated into the 
system (proposed concept)

AGA heuristic  

  TnR+TSP Robots only supply regular customers 
(TnR); Separate truck tours for each 
store are used to supply the 
respective store customers (TSPs)

AGA heuristic & MIP
(Appendix D.1)

 

  TSP-PD The truck performs all delivery 
operations (pickups and deliveries for 
regular and store customers), i.e., 
stores are directly integrated into the 
system (standard truck delivery)

MIP (Appendix D.2)  

6.3.1.  Concept comparison
Alternative delivery concepts include combining the existing truck-

and-robot concept with separate store deliveries or the use of standard 
truck deliveries. We compare the three concepts displayed in Table 7. 
The MIP for the TSP and the TSP with pickups and deliveries (TSP-PD) 
are solved with a time limit of 3h. As stated in Section 4, we include 
the costs for robot returns to the closest depot after delivery to enable 
fair total cost comparisons. Finally, as for robot deliveries, we assume a 
cost of 5€/h for delayed truck deliveries in the corresponding concepts.

Comparison with a separate truck and robot delivery. We first assess the 
benefits of the TnR-PDP compared to a combination of the standard 
truck-and-robot delivery approach with separate truck tours for store 
customers. The resulting TnR+TSP supplies regular customers with 
robot deliveries, while each store supplies its customers in a single de-
livery tour. This means that each store is responsible for the supply of 
its customers, and a TSP is solved for each store. Fig. 8 illustrates the 
results.

We see that the robot concept with integrated pickups and deliveries 
(TnR-PDP) reduces the delivery costs compared to the concept with sep-

arated deliveries. The savings potential increases as the share of store 
orders increases. This shows that the integrated system is always bene-
ficial, even if the number of store customers allows for reasonable truck 
routes or if only store pickups (|𝐶 s

| = 100) are considered. Looking at the 
integrated concept, the main cost driver is delays due to the preceding 
pickups of parcels. In contrast, combining the TnR and the TSP results 
in a delivery system that does not require pickups during the tour such 
that delays are minimized (see Fig. 8d). The other cost factors behave as 
expected for the two concepts, i.e., robot costs increase for the TnR-PDP, 
while truck costs increase for separate delivery by truck (Fig. 8b and c). 
Summarizing, the integrated concept potentially reduces total costs by 
up to 65%.

Comparison with standard truck delivery. We further compare the pro-
posed concept to standard truck delivery that handles all regular deliv-
eries as well as deliveries from stores requiring prior pickups. All cus-
tomers (store and regular) and stores are thus approached by the truck. 
The TSP-PD extends the classic TSP and is an NP-hard optimization prob-
lem. We reduce the problem size to instances with 25 and 50 customers 
for the comparison to obtain reasonable results for the TSP-PD. How-
ever, Gurobi is not able to solve the instances to proven optimality. We 
therefore report the best-known solution (labeled TSP-PD) and the lower 
bound of the costs (TSP-PD LB) after 3h. Fig. 9 illustrates the results.

The comparison shows that robot deliveries are more cost-efficient 
than standard truck delivery. The costs for both concepts rise with in-
creasing store orders. This rise is moderate for 25 customers and sub-
stantial for 50 customers. The higher costs are mainly driven by delays, 
which result from additional pickups at stores that may be in scattered 
locations. The TnR-PDP can better mitigate these delays using robot-
only deliveries and decreases the related delay costs by an average of 
82% compared to the Traveling Salesman Pickup and Delivery Prob-
lem (TSP-PD) (50 customers). The TSP-PD struggles to mitigate these 
effects, and respective truck costs strongly increase when pickups are 
requested. The TSP-PD LB shows a relatively constant trend as Gurobi 
struggles to prove optimality with an increasing share of store orders, 
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Fig. 8. Comparison with a separate truck and robot delivery for different shares of store customers.

Fig. 9. Comparison with standard truck delivery for different shares of store customers.

thus providing a very optimistic cost approximation in favor of truck-
only delivery. Total costs can be reduced by up to 71% (and 63% for 
TSP-PD LB) in the case of 25 customers and 81% (49% with TSP-PD LB) 
for 50 customers. Overall, robot pickups show a significant savings po-
tential compared to truck-only pickups, particularly due to the extended 
flexibility with robot-only deliveries.

6.3.2.  Impact of robot delivery modes
The TnR-PDP enables self-dependent robot deliveries. These deliver-

ies can be an effective lever to mitigate delays and reduce total costs. We 
show that an average of 77% of store customers are served via robot-
only delivery in the base case (see Fig. 8e). We consequently analyze the 
share of robot-only deliveries for different settings and assess the value 
of the new delivery modes.

Customer & store density. We start by analyzing the impact of the num-
ber of customers supplied (customer density) on the share of robot-only 
deliveries. Fig. 10a shows that an increasing number of customers also 
increases the share of robot-only deliveries, culminating in 95% of store 
customers directly supplied by robots without truck involvement for the 
largest instances. Truck costs remain stable across the problem sizes 
while robot costs increase. At the same time, robot-only deliveries can-
not compensate for the growing time pressure such that delays drive 

total costs (Fig. 10b). We additionally analyze the impact of the num-
ber of stores (store density) in the network. This is achieved by varying 
the number of customers per store: decreasing the number of customers 
per store increases the total number of stores within the network (see 
Section 6.1). Fig. 10c shows a decreasing share of robot-only deliver-
ies when more customers order from the same store. Analyzing this in 
detail, 97% of customers are served by robot-only deliveries for a sin-
gle customer per store (20 stores), while the share reduces to 33% for 
15 customers per store (two stores). The more customers per store, the 
more profitable it is for the truck to visit the store for pickups. Conse-
quently, we see cost savings of up to 10% in total costs, driven by the 
reduced delay and robot costs, as opposed to a slight increase in truck 
costs (Fig. 10d). In summary, it will be more profitable for 3PLs to accept 
pickup-and-delivery requests from stores with more orders; otherwise, 
the concept relies on robot-only deliveries for pickups and deliveries to 
fulfill the requests.

Robot-pickup delivery modes. We analyze the value of robot-pickup de-
liveries (Modes III and IV) within the TnR-PDP. Fig. 11 compares the 
results when including and excluding these modes. Fig. 11a shows that 
costs substantially rise when excluding robot-pickup deliveries with in-
creasing problem sizes. This leads to a potential cost increase of 40% 
(200 customers), mainly driven by delays. An increasing order volume 
per store further decreases the total costs in both scenarios (Fig. 11b). 
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Fig. 10. Impact of robot-only deliveries on operational costs.

Fig. 11. Impact of robot-pickup delivery modes on operational costs.

However, total costs significantly increase for small order volumes when 
robot-pickup deliveries are neglected, resulting in a savings potential of 
up to 46% when the modes are enabled. The savings can be attributed 
to lower truck costs (see Fig. 11c) while avoiding delays. Our findings 
highlight that autonomous robot-pickup deliveries potentially increase 
the flexibility of the delivery concept and contribute to the unburdening 
of drivers and reduced delivery costs.

7.  Conclusion

Combining robots with specialized trucks is a promising concept for 
addressing the challenges in urban last-mile delivery. We extend the 
basic concept by integrating multi-sources for pickups, allowing the 
concept to reveal its full potential via self-dependent deliveries by au-
tonomous robots. We formalize the problem and solve it using the inno-
vative AGA. The AGA outperforms benchmark approaches and is able to 
solve practical-relevant problem sizes in less than 30min. Our detailed 
numerical analyses highlight the improvement potential compared to 
both classic truck deliveries and the truck-and-robot concept without 
integrated pickups and deliveries, with cost reductions of up to 81%. 
An important contribution of the extended concept is the possibility of 
robot-only deliveries (Mode IV), as an average of 77% of store customers 
are served with a parcel pickup by robots in our base case. Robot-pickup 
deliveries are especially valuable for low order volumes, reducing costs 
by up to 46%. This highlights the benefits of the concept for smaller 

businesses or when no critical order volume can be guaranteed, e.g., in 
off-peak delivery periods.

Our research contributes to the emerging research field of SADR 
for last-mile delivery and provides the basis for future research in this 
area. We consider pickups with subsequent direct delivery. Integrating 
pickup requests from customers for returns to the warehouse poses a 
possible extension. We assume that robots return to their closest de-
pot. A further focus could be directed towards the robot return system, 
enabling robot use for multiple deliveries. Extending the concept for 
robot reuse can be applied to minimize the number of robots and to 
optimize the concept’s infrastructure. In line with robot reuse, the bat-
tery capacity and its recharging can be a limiting factor. The capac-
ity reduction during the tour must then be tracked to calculate the re-
quired recharge time before the next delivery. Logistics services usu-
ally face dynamic order requests for attended home deliveries and re-
spective uncertainties. We assume that order volumes for planning are 
known. Considering dynamics within the delivery process is a valuable 
and relevant extension for practical applications to enable dynamic or-
der fulfillment (e.g., same-hour deliveries). Alongside dynamic delivery 
requests, stochastic travel and service times, and product flow issues due 
to failed deliveries are interesting concept extensions. From a method-
ological perspective, the AGA combines location identification with 
routing optimization. This is also a promising approach for the appli-
cation to related problems with location selection (e.g., location routing
problems).
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Appendix A.  Related truck-and-drone literature

Truck-and-drone research has devoted more attention to 1-1 pickup 
and delivery problems. Table A.8 summarizes related works. Our work 
differs from the existing literature in several key aspects. In most studies, 
truck-and-drone operations rely on a fixed vehicle pairing (coupled con-
cepts), where each drone is assigned to a specific truck and vice versa. 
Furthermore, the use of drone stations to provide additional drones for 
pickup-and-delivery operations during the truck tour is generally not 
considered. Meng et al. (2024) present the only work with drone sta-
tions; however, these stations function merely as release and pickup 
points for drones, without providing additional drones. Further distinc-
tions include consideration of different delivery modes, multiple visits 
by the same truck, and the time window structure.

Appendix B.  Model assumptions

The TnR-PDP formalized in Section 4 is based on the following as-
sumptions:

• There is a sufficient number of robots available in the network to 
fulfill all customer services, including all store customers and their 
pickup requests that are not served by the truck. This presumes that 
the number of available robots is always larger than the number of 
potential delivery requests. If this does not apply, delivery requests 
must be rejected or robots must be reused (not considered in our 
application).

• All shipments fit the requirements of robots, i.e., the robots’ capacity 
is sufficient to transport the respective goods. Further, all customers 
are available to receive and send their parcels (no failed deliver-
ies/pickups).

• Robots carry out a single delivery or pickup (single parcel) and return 
to the closest robot depot after their service at the customer location. 
This assumes sufficient capacities at robot depots to store returning 
robots. The return to the closest depot is not decision-relevant as 

these costs are constant. However, assessing these costs is required 
to accurately assess the overall robot usage cost and enable fair com-
parisons to other concepts.

• Robots aboard the truck and at robot depots are sufficiently charged 
to carry out all pickup and delivery operations within the con-
sidered delivery network (no additional driving time limitation). 
The possible robot driving ranges vary between models but usu-
ally reach distances of multiple kilometers. As we consider a lim-
ited delivery area in dense urban areas (4 km2) and the robots 
travel (often less than) the last mile, the robot’s battery charge suf-
fices to carry out the required deliveries and may be recharged
overnight.

• Service times for the truck and robots are assumed to be determinis-
tic, constant, and included within the respective travel times. Poten-
tial service times include releasing robots (truck), pickup operations, 
and delivery operations. This simplifies the route planning as poten-
tial delays (e.g., when picking up parcels) are neglected.

Appendix C.  Additional numerical analysis

As our base setting considers short time windows offered as a pre-
mium service, we also analyze how costs evolve with different time win-
dow lengths and how these variations affect the system’s overall perfor-
mance. Table C.9 presents the results for the base case with varying time 
window lengths.

Extended time windows lead to a substantial reduction in delays and, 
thus, in total costs. This effect is expected as time pressure decreases, 
resulting in reduced truck and increased robot usage.

Appendix D.  MIP formulations for truck-only delivery 
benchmarks

The MIP models of Appendices D.1 and D.2 minimize the total costs 
of traditional truck (pickup and) delivery systems. The notation of Ta-
ble 2 is used if not stated otherwise.

D.1.  Traveling salesman problem

The TSP presented is solved for each store in the network to sup-
ply the corresponding customers directly from the store. As such, each 
store 𝑠 ∈ 𝑆 acts as the depot for the respective TSP. We further define 
the set 𝐾𝑠 as the customers 𝑘 ∈ 𝐶 s of store 𝑠 ∈ 𝑆, i.e., all customers 
that need to be served from store 𝑠. The objective function (D.1) then 
minimizes the truck’s travel distance, travel time, and waiting time and 

Table A.8 
Overview of truck-and-drone literature operating on a 1-1 pickup-and-delivery relationship.
    Research  Std.  De-  Drone  Mult.  Direct  Time  
  deliverya  coupledb  stationc  visitsd  deliverye  windows 
 Luo et al. (2022)  –  –  –  – ✓  –  
 Xia et al. (2023)  –  –  –  –  –  hard  
 Meng et al. (2024) ✓  –  –  – ✓  hard  
 Mulumba and Diabat (2024)  –  –  –  –  –  –  
 Mulumba et al. (2024)  –  –  –  –  –  –  
 Yin et al. (2025)  –  –  –  –  –  hard  
  Our work ✓ ✓ ✓ ✓ ✓  soft  
a Includes delivery-only requests, i.e., both delivery-only and pickup-and-delivery requests are considered.
b drones are not permanently paired with a specific truck and must not return to the same vehicle after service.
c drone station providing additional drones for delivery or pickup operations.
d multiple visits to the same location by the same vehicle (truck or drone) are allowed.
e the drone delivers a picked-up parcel directly to the customer without further truck interaction.
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Table C.9 
Cost development (in EUR) for varying time window lengths.
 TW length [min]  Truck usage  Truck distance  Robot usage  Robot delay  Robot return  Total
 10  13.89  2.18  14.89  35.90  4.41  71.27
 30  11.67  1.79  15.67  3.02  4.41  36.56
 60  9.05  1.36  18.71  0.10  4.41  33.05
 Average  11.54  1.78  16.42  13.01  4.41  46.96

All costs (columns 2–7) are shown in EUR.

delay at the customer’s site. Constraints (D.2) and Constraints (D.3) en-
sure that each customer is visited once and that the flow conservation is 
respected. Constraints (D.4) ensure that the truck starts at store 𝑠. Con-
straints (D.5) set the arrival time at each stop and eliminate subtours. 
Constraints (D.6) determine the truck’s waiting time and delay. Finally, 
Constraints (D.7) and (D.8) define the variable domains. 
min

∑

𝑖∈𝐾𝑠∪{𝑠}

∑

𝑗∈𝐾𝑠∪{𝑠}
(𝑐d𝑑𝑖𝑗𝑥𝑖𝑗 + 𝑐t𝑡t𝑖𝑗𝑥𝑖𝑗 ) +

∑

𝑖∈𝐾𝑠

(𝑐t𝑢𝑖 + 𝑐l𝑣𝑖) (D.1)

subject to
∑

𝑗∈𝐾𝑠∪{𝑠}∣𝑖≠𝑗
𝑥𝑖𝑗 = 1 ∀𝑖 ∈ 𝐾𝑠 ∪ {𝑠} (D.2)

∑

𝑖∈𝐾𝑠∪{𝑠}∣𝑖≠𝑗
𝑥𝑖𝑗 = 1 ∀𝑗 ∈ 𝐾𝑠 ∪ {𝑠} (D.3)

𝑤𝑠 = 0 (D.4)

𝑤𝑗 ≥ 𝑤𝑖 + 𝑢𝑖 + 𝑡𝑖𝑗 −𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖 ∈ 𝐾𝑠 ∪ {𝑠}, 𝑗 ∈ 𝐾𝑠 (D.5)

𝑎𝑖 − 𝑢𝑖 ≤ 𝑤𝑖 ≤ 𝑏𝑖 + 𝑣𝑖 ∀𝑖 ∈ 𝐾𝑠 (D.6)

𝑥𝑖𝑗 ∈ {0, 1} ∀𝑖, 𝑗 ∈ 𝐾𝑠 ∪ {𝑠} (D.7)

𝑤𝑖, 𝑢𝑖, 𝑣𝑖 ∈ ℝ+
0 ∀𝑖 ∈ 𝐾𝑠 ∪ {𝑠} (D.8)

D.2.  Traveling salesman problem with pickups and deliveries

The objective function (D.9) and Constraints (D.10)–(D.13) repre-
sent the standard formulation presented in D.1 but visiting all customer 
locations, stores, and starting from the depot, and excluding Constraints
(D.4). We extend the model by the following constraints to enable pick-
ups and deliveries. Constraints (D.14) ensure the pickup of a parcel be-
fore serving the respective customer. The truck’s initial parcel load is 
defined by Constraints (D.15), while Constraints (D.16) and (D.17) track 
the capacity usage during the tour. The maximum parcel capacity of the 
truck and the variable domains are set by Constraints (D.18)–(D.20). 
min

∑

𝑖∈𝐶r∪𝐶s∪𝑆̂∪{0}

∑

𝑗∈𝐶r∪𝐶s∪𝑆̂∪{𝑛+1}

(𝑐d𝑑𝑖𝑗𝑥𝑖𝑗 + 𝑐t𝑡t𝑖𝑗𝑥𝑖𝑗 ) +
∑

𝑖∈𝐶r∪𝐶s
(𝑐t𝑢𝑖 + 𝑐l𝑣𝑖)

(D.9)

subject to
∑

𝑗∈𝐶r∪𝐶s∪𝑆̂∪{𝑛+1}∣𝑖≠𝑗

𝑥𝑖𝑗 = 1 ∀𝑖 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0}

(D.10)
∑

𝑖∈𝐶r∪𝐶s∪𝑆̂∪{0}∣𝑖≠𝑗

𝑥𝑖𝑗 = 1 ∀𝑗 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {𝑛 + 1}

(D.11)

𝑤𝑗 ≥ 𝑤𝑖 + 𝑢𝑖 + 𝑡𝑖𝑗 −𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖, 𝑗 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0, 𝑛 + 1}
(D.12)

𝑎𝑖 − 𝑢𝑖 ≤ 𝑤𝑖 ≤ 𝑏𝑖 + 𝑣𝑖 ∀𝑖 ∈ 𝐶r ∪ 𝐶s
(D.13)

𝑤𝑠 ≤ 𝑤𝑘𝑠 ∀𝑠 ∈ 𝑆̂
(D.14)

𝑞p0 = 𝐼p (D.15)

𝑞p𝑠 ≤ 𝑞p𝑖 + 1 +𝑀 ⋅ (1 − 𝑥𝑖𝑠) ∀𝑖 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0}, 𝑠 ∈ 𝑆̂
(D.16)

𝑞p𝑗 ≤ 𝑞p𝑖 − 1 +𝑀 ⋅ (1 − 𝑥𝑖𝑗 ) ∀𝑖 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0}, 𝑗 ∈ 𝐶r ∪ 𝐶s

(D.17)

𝑥𝑖𝑗 ∈ {0, 1} ∀𝑖 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0}, 𝑗 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {𝑛 + 1}
(D.18)

𝑞𝑝𝑖 ∈ {0,… , 𝑄p} ∀𝑖 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0}
(D.19)

𝑤𝑖, 𝑢𝑖, 𝑣𝑖 ∈ ℝ+
0 ∀𝑖 ∈ 𝐶r ∪ 𝐶s ∪ 𝑆̂ ∪ {0, 𝑛 + 1}

(D.20)

Supplementary material

Supplementary material associated with this article can be found in 
the online version at 10.1016/j.ejor.2025.11.034. 
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