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Abstract
The provision of technician-based after-sales field services, such as installing, re-
pairing, or maintaining consumer goods, requires operational planning to schedule 
and route skilled technicians under various operational constraints and objectives. 
From a methodological perspective, these operational planning problems belong 
to the class of Technician Routing and Scheduling Problems (TRSPs). To address 
the high heterogeneity of the TRSP literature, we conduct a model-based literature 
review that structures the literature at the modeling level rather than solely at the 
problem level. The survey is based on a taxonomy, which allows us to represent 
a static-deterministic TRSP as a specific configuration of core routing constraints, 
service- and technician-related constraints, and objectives. The taxonomy also cov-
ers stochastic-dynamic TRSPs, which are additionally characterized by sequential 
decision-making and uncertainty, and are becoming increasingly relevant in both 
research and practice due to the progress in mobile communication technology. 
Drawing on the taxonomy-based literature classification, we identify real-world 
TRSP configurations that are underrepresented in the scientific literature. These 
include, e.g., TRSPs combining teaming with synchronization as well as TRSPs 
involving demand management decisions by the provider.
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Teaming · Synchronization · Stochastic-dynamic optimization
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1  Introduction

To ensure the functionality of technically complex products, companies provide on-
site after-sales services, including installation, maintenance, and repair, executed 
by skilled, mobile technicians. Common examples include services related to home 
appliances (e.g., washing machines, refrigerators, home electric vehicle chargers), 
telecommunications systems (e.g., fiber-optic routers or smart home devices), or 
industrial and office equipment (e.g., forklifts). After-sales services are becoming 
increasingly important in both B2C and B2B markets, driven by several trends:

	● The addition of services to physical product offerings (servitization) to establish 
additional revenue streams (Kowalkowski et al. 2017).

	● The extension of product lifetimes to improve sustainability by repairing and 
maintaining products rather than purchasing new products (Laitala et al. 2021; 
Pham and Kiesmüller 2024).

	● Differentiation from competitors in light of the increasing product homogeniza-
tion (Li et al. 2014), which means that customers expect value beyond the mere 
physical product (Bijvank et al. 2010) and that companies can no longer rely 
solely on product quality (Zhang et al. 2019; Li et al. 2016).

	● Alleviation of customers’ concerns about purchasing technically complex prod-
ucts by ensuring that professional support is available when needed (Zhang et al. 
2019; Kurata and Nam 2010).

Field services in operations research. Conceptually, after-sales services represent 
a specific subclass of field services, that is, on-site operations conducted by a mobile 
workforce. From an operations research perspective, field services fall under the 
umbrella of workforce routing and scheduling problems (WRSPs), which address the 
assignment of mobile workforce (e.g., technicians, nurses, and security guards) to 
spatially and temporally distributed service requests. WRSPs lie at the intersection of 
two well-known problems in operations research: vehicle routing problems (VRPs) 
and workforce scheduling problems (WSPs). VRPs address the planning of routes for 
mobile workers traveling between locations associated with service requests, consid-
ering constraints such as customer time windows, multiple depots, or synchroniza-
tion. WSPs focus on assigning workers to service requests, taking into account, e.g., 
skills or teaming. Jointly considering routing and scheduling decisions, WRSPs have 
been applied to diverse domains including home health care, technical installations, 
maintenance, and repair.
Technician routing and scheduling problems. This survey focuses on a distinct 
subclass of WRSPs: technician routing and scheduling problems (TRSPs) arising in 
the provision of technician-based after-sales field services for technically complex 
products. This term emphasizes the following service features:

	● Technician-based: Services are provided by skilled mobile technicians capable 
of delivering, installing, maintaining, or repairing products. This distinguishes 
technicians from mobile workers in other WRSP domains (e.g., nurses, caregiv-
ers, security guards).
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	● After-sales: Services are provided after the purchase of a product.
	● Field: Services must be provided on-site at specific customer locations.

We exclude WRSP applications that fall outside this definition, that is, home and 
health care (e.g., Euchi et al. 2022), airport ground operations (e.g., Zamorano et al. 
2018), offshore wind farms (e.g. Irawan et al. 2017), or security services (e.g., Misir 
et al. 2011).
Service and task types provided by technicians. A customer may issue one or mul-
tiple service requests. Typically, the provider accepts all requests, which then turn 
into orders. Nevertheless, limited resources might force the provider to outsource or 
even entirely reject requests. A service may consist of a single task or multiple tasks. 
We distinguish three task types: installation (initial setup of a product), maintenance 
(preserving functionality), and repair (restoring functionality). Depending on service 
complexity, fulfillment may require:

(a)	 a single technician.
(b)	 multiple technicians working simultaneously (teaming), or.
(c)	 multiple technicians working sequentially (synchronization).

We refer to these different cases as service types (a), (b), and (c), respectively. Service 
type (c) arises when a service consists of multiple interdependent tasks. Consider, 
e.g., kitchen installation: a mason prepares the structural base, a plumber connects 
the piping, and an electrician wires the electrical components (Hanafi et al. 2020). 
Notably, service type (c) can also occur in combination with service type (b).
Constraints and objectives. Assigning technicians to requests involves various 
operational constraints. Service-related constraints specify planning horizon, service 
type, time windows, equipment requirements, and selectiveness, that is, the option 
of outsourcing/rejecting requests. In parallel, technician-related constraints must be 
considered, such as skills, depots, working hour limits, overtime policies, and manda-
tory breaks.

After-sales field service providers consider a wide range of objectives. Objectives 
can be cost-oriented (minimizing travel, labor, overtime, or outsourcing cost), tech-
nician-oriented (workload balance, limiting working hours and overtime), or service-
oriented (reducing delays and service completion times, prioritizing high-value or 
time-critical requests).
Sequential decision making and uncertainty. Early research on technician-based 
after-sales field services assumed that all decision-relevant parameters for a certain 
planning horizon are known with certainty and planning decisions can be optimized 
all at once. The resulting TRSPs are static-deterministic, and new works considering 
this type of TRSP regularly appear to this day.

In contrast, the rapid diffusion of digital distribution channels, e-commerce, and 
online platforms has fostered online-to-offline business models such as attended home 
delivery (AHD) and attended home service (AHS), which occur across various indus-
tries ranging from grocery retail (e.g., Koch and Klein 2020; Köhler et al. 2024) to 
technician-based after-sales field services (e.g., IKEA, 2026). Here, customers arrive 
sequentially at random times via the provider’s website or mobile app and request 
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service. Methodologically, managing such services involves sequential decision-
making under uncertainty, giving rise to stochastic-dynamic TRSPs. For instance, 
providers have to decide on time window offers (e.g., Köhler et al. 2023; Lang et al. 
2021) for incoming requests without knowing the number of future requests, their 
time window preferences, and their skill or equipment requirements (Cordeau et al. 
2024; Ehmke et al. 2024).

We do not review the other two possible combinations (Psaraftis et al. 2016) sepa-
rately for the following reasons: first, stochastic-static TRSPs are considered only by 
Liu et al. (2019), Rastegar et al. (2024), and Souyris et al. (2013) to model uncertainty 
in parameters such as service or travel times without sequential decision-making. 
Since all three contributions reformulate the stochastic problem as a deterministic 
equivalent via chance-constrained programming or robust optimization, their model-
ing and solution approaches are closely aligned with the static-deterministic method-
ology. Second, deterministic-dynamic problems do not occur in the TRSP literature 
because all considered dynamic problems (at least) feature uncertainty regarding 
requests.
Related surveys. WRSPs–and consequently, TRSPs–have been the topic of several 
literature surveys.

	● Castillo-Salazar et al. (2016) provide one of the earliest structured overviews, 
combining a literature classification with a computational study to assess the dif-
ficulty of solving WRSPs.

	● Paraskevopoulos et al. (2017) propose a detailed taxonomy for resource-con-
strained routing and scheduling problems involving resources such as vehicles, 
nurses, technicians, and equipment. From a resource perspective, our survey is 
restricted to those that are relevant to technician-based after-sales field services, 
namely technicians, vehicles, and equipment (tools and spare parts).

	● Cordeau et al. (2024) adopt an application-oriented perspective on AHD and AHS 
problems. They explicitly state that the home health care routing and scheduling 
problem and the TRSP are special cases of WRSPs. Further, they find that plan-
ning attended home services, depending on the application area, may give rise to 
either type of problem.

	● Cabrera et al. (2026) revisit WRSPs by addressing challenges such as multi-mod-
al routing, team composition, and precedence constraints. Their modeling con-
tribution centers on team composition, and therewith, services of type (b). The 
considered workforce includes all kinds of mobile workers, not only technicians.

Research gaps. Existing surveys provide valuable taxonomies and methodological 
overviews, yet they leave three gaps that motivate the survey at hand:

	● First, existing surveys do not provide a dedicated treatment of technician-based 
after-sales field services, despite the growing practical relevance of this market 
driven by the trends described at the beginning of this section. For instance, the 
European after-sales service sector for household appliances alone was valued at 
approximately 1.9 billion Euros, employed around 32,000 workers in 2018 (AP-
PLiA, 2020), and is becoming increasingly competitive (Pham and Kiesmüller 
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2024).
	● Second, while TRSPs are often covered as part of broader WRSP classes, none of 
the prior surveys considers the modeling of the entire problem family including 
the three service types (a) single-technician, (b) teaming, and (c) synchroniza-
tion. However, such a unified consideration is important for two reasons: First, a 
wide variety of problem variants has evolved that requires dedicated structuring 
as the research area grows further, in particular in terms of notation and mod-
eling. Second, it allows identifying particularly prominent problem variants, such 
as type (c) services where delivery and installation are separated with temporal 
precedence constraints (Qiu et al. 2022).

	● Third, existing surveys are limited to static-deterministic problems. In practice, 
however, mobile communication technology has led to increasing dynamism 
caused by stochastic information becoming available over time, such as new re-
quest arrivals that must be dynamically incorporated into evolving routes and 
schedules (Ji et al. 2022). Hence, there is an urgent need for surveying the emerg-
ing literature stream on stochastic and dynamic TRSPs.

Contribution of our survey. The central contribution of our survey lies in closing 
the three gaps identified above by proposing a model-based classification of TRSPs 
arising in technician-based after-sales field services. The classification relies on a 
modeling taxonomy which allows us to configure the various TRSP formulations 
as a combination of service- and technician-related constraints, cost-, technician-, 
or service-oriented objectives, sequential decision-making, and uncertainty, all built 
around a shared core of routing constraints. We furthermore adopt a unified nota-
tion throughout the survey to ensure consistency across the highly heterogeneous 
literature. By applying our taxonomy to the literature, we provide a comprehen-
sive overview of the scientific state-of-the-art. Beyond that, it yields two secondary 
contributions:

	● First, it enables the systematic reconstruction of existing models: An application-
specific TRSP formulation, both static-deterministic and stochastic-dynamic, can 
be represented by selecting the desired configuration of constraints, objectives, 
sequential decision-making, and uncertainty. Hence, readers can quickly verify 
whether the problem they are facing has already been considered and, if so, con-
struct a suitable mathematical model.

	● Second, it facilitates an evidence-based identification and development of new 
TRSP variants. By making modeling dimensions explicit and configurable, it be-
comes straightforward to identify configurations that have not yet been studied, 
to extend existing models.

The remainder of this survey is structured as follows: Sect.  2 presents real-world 
applications of TRSPs in technician-based after-sales field services. Section  3 intro-
duces the taxonomy that serves as the foundation for classifying the literature. Section  
4 presents the modeling of static-deterministic TRSPs, which Sect.  5 then extends to 
stochastic-dynamic problems. Section  6 gives an overview of solution approaches. 
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Section  7 outlines promising directions for future research, and Sect.  8 concludes 
with a synthesis of findings.

2  Applications

This section illustrates real-world application domains studied in the literature on 
technician-based after-sales field services: consumer goods, industrial and office 
equipment, and telecommunications. Within each domain, problems are further dis-
tinguished by the service type. Please note that the absence of certain service types 
in specific domains indicates a gap in the TRSP literature rather than their absence 
in practice; for example, type (b) services also occur in the consumer goods domain, 
e.g., 2-man handling (Rhenus, 2026), but have not yet been formalized in the TRSP 
literature.

2.1  Consumer goods

Services related to consumer goods such as furniture, home appliances, and electron-
ics represent a major TRSP application domain. Providers deliver products to cus-
tomers’ homes and/or perform installation, maintenance, or repair services to ensure 
proper product functionality.

	● Single-technician (a): Consumer goods can typically be delivered and installed 
by the same technician. Then, the service provider offers last-mile delivery with 
optional installation, with services ranging from delivery to complex installa-
tion requiring technical skills (e.g., carpentry or high-voltage connections) (e.g., 
Schubert et al. 2021). Additional examples of type-(a) services without delivery 
include kitchen installation and repair (Stein et al. 2025) and home appliance 
repair requiring spare parts to replace malfunctioned components (Pham and 
Kiesmüller 2022, 2024).

	● Synchronization (c): Installation technicians can also travel separately and ar-
rive after delivery, imposing synchronization constraints (e.g., Ali et al., 2021). 
The resulting TRSPs are commonly referred to as delivery and installation rout-
ing problems (DIRPs). A related example without a delivery service is the instal-
lation of kitchen furniture comprising multiple interdependent tasks (e.g., mason 
→ plumber → electrician) (Hanafi et al. 2020).

2.2  Industrial and office equipment

Maintenance and repair of industrial and office equipment encompass a broad range 
of serviced assets. These services are performed directly at customer facilities (e.g., 
offices, medical centers, factories) and typically require skills in mechanics, hydrau-
lics, or electrical systems.

	● Single-technician (a): Represenative examples for tasks that can be executed by 
a single technician include the maintenance of electronic transaction equipment 
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(Mathlouthi et al. 2018, 2021a, b) and office machines such as digital printers or 
copiers (Cavada et al. 2020; Cortés et al. 2014).

	● Teaming (b): In safety-critical applications, services typically require teams of 
technicians with complementary skills. For instance, Rastegar et al. (2024) inves-
tigate elevator maintenance. Zamorano and Stolletz (2017) address the mainte-
nance of electric forklifts, where a minimum team size is required because heavy 
equipment must be manually lifted. Qiu et al. (2023) consider complex medical 
devices (e.g., dialysis and X-ray machines). Safety, however, is not the only rea-
son for teaming: Pitakaso et al. (2024) consider the operation of mechanical sug-
arcane harvesters, which are supported by two types of teams, that is, fuel service 
teams and maintenance teams.

2.3  Telecommunications

Telecommunication network services, such as telephone line repair or fiber-optic 
cable maintenance, represent the earliest application area.

	● Single-technician (a): The TRSP was first introduced by Tsang and Voudouris 
(1997) in a case study for British Telecom. Since then, numerous studies have 
focused on problem settings with a single technician and a homogeneous skillset. 
As a notable exception, Sørensen et al. (2025) distinguish between two techni-
cian types working on separate infrastructures, that is, fiber and coaxial networks, 
implying heterogeneous skill requirements.

	● Teaming (b): Teaming is only investigated by Kovacs et al. (2012).

3  Modeling taxonomy

In this section, we introduce the modeling taxonomy that serves as the foundation 
for classifying the TRSP literature. The taxonomy is shown in Table 1 and captures 
the full range of TRSP configurations in the literature within the scope of this survey. 
Inspired by the taxonomy proposed by Paraskevopoulos et al. (2017), our taxonomy 
is organized along five dimensions. For each dimension, we identify a set of subdi-
mensions and possible realizations. The taxonomy is formalized in Sects.  4 and 5 by 
presenting the mathematical modeling of all realizations. First, the following three 
dimensions apply to any TRSP:
Service-related constraints. This dimension characterizes requests:

	● Service type: The service type distinguishes between requests that can be han-
dled by (a) a single technician, (b) those requiring multiple technicians arriving 
simultaneously at the customer location (teaming), and (c) different technicians 
serving a request in a predefined sequence, possibly at different times (synchro-
nization).

	● Planning horizon: Requests can be either fulfilled during a single period or over 
multiple periods, meaning that the planning horizon spans several days.

	● Time windows: Customers may specify hard time windows, which must be 
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strictly respected, soft time windows, which allow for deviations at a cost, or 
multiple (hard) time windows.

	● Selectiveness: Request fulfillment may either be mandatory, i.e., all requests 
must be accepted (–), or optional, i.e., requests can be accepted or rejected (✓). 
In many applications, service providers receive all requests in advance and au-
tomatically treat them as accepted. In such cases, they are referred to as orders 
rather than requests. For the sake of completeness, however, we use the term 
requests throughout this paper to account for the possibility of rejection. In some 
applications, rejecting a request corresponds to outsourcing its fulfillment to an 
external provider.

	● Equipment requirements: These refer to the need for tools and/or spare parts 
to fulfill requests.

Technician-related constraints. Technicians are characterized based on subdimen-
sions that influence how they are assigned to requests:

	● Skills: The skills dimension includes skill domains (i.e., categorical qualifications 
such as electrical work), proficiency levels within a domain, and learning, which 
is skill progression over time.

Table 1  Taxonomy
Dimension Subdimension Realization
Service-
related 
constraints

Planning horizon (*) Single-period (SP) Multi-period 
(MP)

Service type Single technician 
(SI)

Teaming (MT) Synchronization (MS)

Time windows Hard (HA) Soft (SO) Multiple (MU) –
Equipment Spare parts (PA) Tools (TO) –
Selectiveness ✓ –

Technician-
related 
constraints

Skills Skill domains (DO) Skill levels (SL) Learning (LE) –
Working time Working hours 

(WH)
Overtime (O) Breaks (B) –

Depot structure (*) Single-depot (SD) Multi-depot 
(MD)

Objectives Cost-oriented Travel cost (TC) Vehicle fix cost 
(VC)

Labor cost (LC) Over-
time 
cost 
(OT)

Holding cost (HC) Outsourcing cost (OC)
Technician-oriented Workl. balance 

(WB)
Breaks (BR) Team consist. 

(CO)
Service-oriented Priorities (PR) Delay (DE) Compl. times 

(CT)
SDM Request-based Day-based –
Uncertainty Request arrivals Skill 

requirements
Equipment 
requirem.

Techni-
cian 
availab.

Service times Travel times Customer 
choice

–
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	● Working time: This subdimension captures constraints on working hours, over-
time, and breaks.

	● Depot structure: This subdimension distinguishes between single-depot and 
multi-depot settings.

Objectives. The objective dimension characterizes the criteria used to evaluate and 
optimize TRSP solutions. We distinguish between three classes of objectives:

	● Cost-oriented objectives: These aim to minimize the overall operational cost 
of service fulfillment. Relevant cost components include travel costs, labor and 
overtime costs, vehicle fixed costs, and holding costs for unused spare parts.

	● Technician-oriented objectives: These aim to ensure technician well-being by 
balancing workloads across technicians, avoiding skipped breaks, and promoting 
consistent team formation.

	● Service-oriented objectives: These account for the service quality perceived by 
customers. They include maximizing sum of priority values accrued for accepted 
requests, minimizing delays, and minimizing service completion times.

To accommodate stochastic-dynamic TRSPs, we extend this structure by two addi-
tional dimensions:
Sequential decision making (SDM). This dimension captures how decisions are 
taken in response to requests arriving sequentially over the planning horizon. We 
distinguish two different decision structures (realizations), depending on whether 
selectiveness is considered:

	● Request-based: Each arriving request triggers an immediate decision on its ac-
ceptance or rejection. If a request is accepted, the customer may either be as-
signed a time window directly or be offered a set of alternative time windows 
from which to choose.

	● Day-based: All requests are accepted upon arrival and decisions relevant for ser-
vice fulfillment, such as routing or equipment planning, are taken at the end of 
each day for the following day.

Uncertainty. This dimension captures exogenous information that is not known at 
the time decisions are made. In the TRSP literature, uncertainty arises from several 
sources: request arrivals, skill and equipment requirements of requests, technician 
availability (e.g., due to illness or absence), service and travel times, and customer 
choice behavior in response to offered time windows.

When applying the taxonomy, depending on the (sub)dimension, either a single 
realization (e.g., single-period or multi-period planning) or a combination of mul-
tiple realizations (e.g., multiple hard time windows) must be selected. To reflect this 
distinction, all (sub)dimensions that do not allow for combinations of realizations 
are marked with (*). In some (sub)dimensions, it is possible to select no realization 
at all, which is indicated by (−) as an additional realization. Moreover, combining 
realizations across different subdimensions may alter the modeling within a given 
realization. For example, a single time window may be embedded either in a single-
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period or a multi-period planning horizon, leading to different modeling variants. In 
addition, for a single realization, the literature often proposes multiple alternative 
modeling variants. For example, skills may be modeled either via additional param-
eters or by restricting the set of request nodes a technician is eligible to visit. For the 
sake of clarity, we consistently adopt the most prominent modeling variant observed 
in the literature when presenting realizations.

In this taxonomy, a specific TRSP configuration is a selection of realizations across 
the five dimensions according to the requirements of a given application. Note that a 
set of core routing constraints (Sect.  4.1) is common to all TRSP configurations and 
is therefore not treated as an own dimension in the taxonomy. These constraints can 
be extended by service- and technician-related constraints and objectives. A TRSP 
defined by a combination of constraints and objectives represents a particular static-
deterministic configuration. To configure a stochastic-dynamic TRSP, realizations 
from the dimensions sequential decision making and uncertainty must be selected 
additionally.

In line with this taxonomy, we proceed as follows: Sect.  4 focuses on the static-
deterministic modeling. Section  5 then extends this modeling to stochastic-dynamic 
TRSPs. Both sections introduce a taxonomy-based classification of the literature, 
followed by a systematic presentation of the modeling.

4  Static-deterministic modeling

In this section, we formalize the modeling taxonomy introduced in Sect.  3 by pre-
senting the mathematical modeling of all realizations identified in the taxonomy for 
static-deterministic TRSPs. In doing so, the abstract taxonomy is cast into concrete 
model components that can be combined to represent the diverse configurations 
encountered in the literature. To provide an overview of the reviewed articles, we 
first present a classification of the static-deterministic TRSP literature in Table 2.

We include only articles that propose mathematical optimization models or solu-
tion approaches and that arise in the application areas of technician-based after-sales 
field services introduced in Sect.   2. Table 2 is primarily based on peer-reviewed 
journal articles, complemented by only a few carefully selected contributions from 
other sources–such as conference papers–included due to their particular relevance.

Subsequently, we present the modeling following the structure of the taxonomy: 
We first introduce the core routing constraints that are common to all TRSP configu-
rations (Sect.  4.1). This core is then extended by service-related constraints (Sect.  
4.2), technician-related constraints (Sect.  4.3), and objectives (Sect.  4.4).

4.1  Core routing constraints

In this section, we introduce the core routing constraints that constitute the founda-
tion of all TRSP variants considered in this survey. To model these constraints, we 
first introduce the basic notation consisting of indices, sets, parameters, and decision 
variables.
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The TRSP variants covered in this survey can be defined on a complete 
directed graph G = (V, A) where V = {0, 1, . . . , n} is the set of nodes and 
A = {(i, j) : i, j ∈ V : i ̸= j} the set of arcs. The depot is located at node 0, and 
the set of requests is represented by N = {1, . . . , n}. For fulfillment, the provider 
operates a fleet of vehicles K = {1, . . . , K}. Each request i ∈ N  is associated 
with a service time p

ik
 when vehicle k ∈ K is used, and each arc (i, j) ∈ A is 

associated with a vehicle-dependent travel time tijk. Furthermore, a sufficiently 
large number M  is defined. Two types of decision variables are shared across all 
formulations:

	● aik ≥ 0: arrival time of vehicle k ∈ K at node i ∈ V , and.
	● xijk ∈ {0, 1}: binary routing variable indicating whether arc (i, j) ∈ A is tra-

versed by vehicle k ∈ K.

Based on the introduced notation, the core routing constraints are expressed as 
follows:

	
∑

j∈ V:j ̸= i

∑
k∈ Kxijk = 1 ∀ i ∈ N � (1)

	
∑

j∈ V:j ̸= ixijk =
∑

j∈ V :j ̸= ixjik ∀ i ∈ V, k ∈ K� (2)

	
∑

j∈ N x0jk ≤ 1 ∀ k ∈ K� (3)

	 aik + p
ik

+ tijk − M (1 − xijk) ≤ ajk ∀ (i, j) ∈ A : j ̸= 0, k ∈ K� (4)

	 aik ≥ 0 ∀ i ∈ V, k ∈ K� (5)

	 xijk ∈ {0, 1} ∀ (i, j) ∈ A, k ∈ K� (6)

Constraints (1) impose that each request is assigned to exactly one vehicle. Con-
straints (2) ensure flow conservation and (3) require that each vehicle leaves the 
depot at most once. Constraints (4) calculate the arrival times and therefore define 
the timing of the visits at the locations associated with the requests. Constraints (5) 
and (6) define the variable domains.

4.2  Service-related constraints

Having established the core routing constraints, we now turn to the first dimension 
that extends the TRSP core: the service-related constraints. We divide these con-
straints into several subdimensions as defined in the taxonomy and discuss each sub-
dimension in the subsections below.



1 3

E. Shala et al.

R
ef

er
en

ce
s

Se
rv
ic
e-
re
la
te
d 
co
ns
tra
in
ts

Te
ch
ni
ci
an
-r
el
at
ed
 c
on
st
ra
in
ts

O
bj
ec
tiv
es

Se
r-

vi
ce

 
ty

pe

Pl
an
ni
ng
 

ho
riz

on
Ti

m
e 

w
in
do
w
s

Se
le

ct
iv

en
es

s
Eq
ui
pm

en
t

re
qu
ire
m
.

Sk
ill

s
W
or
ki
ng

tim
e

M
ul
tip
le
 

de
po

ts
C
os
t-

or
ie

nt
ed

Te
ch
ni
ci
an
-o
rie
nt
ed

Se
rv
ic
e-

or
ie

nt
ed

A
li 
et
 a
l. 
(2
02
1)

M
S

SP
H
A

–
–

D
O
, S
L

–
SD

TC
–

–
A
no
sh
ki
na
 a
nd
 M

ei
se
l 

(2
01
9)

M
T

SP
–

–
–

D
O
, S
L

–
SD

LC
W
B

C
T

Av
ra
ha
m
 e
t a
l. 
(2
01
7)

SI
SP

–
✓
 (O

C
)

–
–

W
H
, O

M
D

TC
, L
C
, 

O
T

–
–

B
ae
 a
nd
 M

oo
n 
(2
01
6)

M
S

SP
H
A

–
–

D
O

W
H

M
D

TC
, L
C
, 

V
C

–
–

C
av
ad
a 
et
 a
l. 
(2
02
0)

SI
M
P

SO
–

–
–

W
H

SD
TC

–
PR

, D
E

C
or
té
s e
t a
l. 
(2
01
4)

SI
SP

(S
O
)

✓
–

–
W
H

SD
TC

–
(P
R
), 
D
E

D
am

m
 e
t a
l. 
(2
01
6)

SI
SP

H
A

✓
–

D
O

W
H

SD
LC

–
PR

D
am

m
 a

nd
 R

on
co

ni
 

(2
02
1)

SI
SP

H
A

✓
–

D
O

W
H
, B

SD
TC

–
PR

D
am

m
 e
t a
l. 
(2
02
5)

SI
SP

H
A

✓
–

D
O

W
H
, B

SD
TC

–
PR

Er
do
ga
n 
&
 M

’H
al
la
h 

(2
02
3)

M
S

SP
H
A

–
–

D
O

–
SD

TC
, V

C
–

–

Fr
its
 a
nd
 B
er
to
k 
(2
02
1)

(M
T)

M
P

H
A

✓
TO

D
O

W
H
, B

(M
D
)

TC
, L
C

–
PR

G
am

st
 a
nd
 P
is
in
ge
r 

(2
02
4)

SI
M
P

H
A

✓
–

D
O
, L
E

W
H
, O

M
D

TC
–

PR

G
ra
f (
20
20
)

M
S

M
P

(H
A
)

–
–

D
O

W
H

M
D

TC
, V

C
–

D
E

G
u 
et
 a
l. 
(2
02
2)

SI
SP

H
A

✓
 (O

C
)

–
D

O
W
H

SD
TC

, O
C

–
–

G
ua
st
ar
ob
a 
et
 a
l. 
(2
02
1)

(M
T,
 

M
S)

M
P

–
–

–
D

O
W
H

(M
D
)

TC
–

–

H
an
afi
 e
t a
l. 
(2
02
0)

M
S

SP
–

✓
–

D
O

W
H

(M
D
)

–
–

PR
H
oj
ab
ri 
et
 a
l. 
(2
01
8)

M
S

SP
H
A

–
–

D
O

–
SD

TC
–

–
Ja
gt
en
be
rg
 e
t a
l. 
(2
02
0)

M
S

M
P

(H
A
)

–
–

D
O

W
H

M
D

TC
, V

C
–

D
E

K
as
tra
ti 
et
 a
l. 
(2
02
1)

M
S

M
P

(H
A
)

–
–

D
O

W
H

M
D

TC
, V

C
–

D
E

Ta
bl

e 
2 
C
la
ss
ifi
ca
tio
n 
of
 st
at
ic
-d
et
er
m
in
is
tic
 c
on
fig
ur
at
io
ns



1 3

A model-based survey on operational planning of technician-based…

R
ef

er
en

ce
s

Se
rv
ic
e-
re
la
te
d 
co
ns
tra
in
ts

Te
ch
ni
ci
an
-r
el
at
ed
 c
on
st
ra
in
ts

O
bj
ec
tiv
es

Se
r-

vi
ce

 
ty

pe

Pl
an
ni
ng
 

ho
riz

on
Ti

m
e 

w
in
do
w
s

Se
le

ct
iv

en
es

s
Eq
ui
pm

en
t

re
qu
ire
m
.

Sk
ill

s
W
or
ki
ng

tim
e

M
ul
tip
le
 

de
po

ts
C
os
t-

or
ie

nt
ed

Te
ch
ni
ci
an
-o
rie
nt
ed

Se
rv
ic
e-

or
ie

nt
ed

K
he
iri
 e
t a
l. 
(2
02
0)

M
S

M
P

(H
A
)

–
–

D
O

W
H

M
D

TC
, V

C
–

D
E

K
ov
ac
s e
t a
l. 
(2
01
2)

M
T

M
P

H
A

✓
 (O

C
)

–
D
O
, S
L

W
H
, 

B
, O

SD
TC

, O
C

–
–

Li
 e
t a
l. 
(2
02
1)

SI
SP

H
A

–
–

SL
W
H

SD
TC

–
–

Li
u 
et
 a
l. 
(2
01
9)

SI
SP

H
A

–
–

–
W
H

SD
TC

–
C

T
M
at
hl
ou
th
i e
t a
l. 
(2
01
8)

SI
SP

H
A
, M

U
✓

PA
D

O
W
H
, 

B
, O

M
D

TC
, O

T
B

PR

M
at
hl
ou
th
i e
t a
l. 
(2
02
1a
)

SI
SP

H
A
, M

U
✓

PA
D

O
W
H
, 

B
, O

M
D

TC
, O

T
B

PR

M
at
hl
ou
th
i e
t a
l. 
(2
02
1b
)

SI
SP

H
A
, M

U
✓

PA
D

O
W
H
, 

B
, O

M
D

TC
, O

T
–

PR

Pe
ke
l (
20
20
)

M
T

M
P

SO
, M

U
–

–
D
O
, S
L

W
H
, O

SD
TC

, O
T

–
D

E
Pe
ke
l (
20
22
)

M
T

M
P

SO
, M

U
–

–
D
O
, S
L

W
H
, O

SD
TC

, O
T

–
D

E
Pe
re
ira
 e
t a
l. 
(2
02
0)

(M
T)
, 

M
S

M
P

–
–

–
SL

W
H

SD
–

–
C

T

Pi
lla
c 
et
 a
l. 
(2
01
3)

SI
SP

H
A

–
PA

, T
O

D
O

–
M
D

LC
–

–
Pi
ta
ka
so
 e
t a
l. 
(2
02
4)

(M
T)

SP
–

✓
–

SL
W
H

SD
TC

–
PR

Po
ur
ja
va
d 
an
d 
A
lm
e-

hd
aw

e 
(2
02
2)

SI
M
P

SO
–

–
–

W
H
, 

B
, O

M
D

TC
, L
C
, 

O
T

–
D

E

Q
iu
 e
t a
l. 
(2
02
2)

M
S

SP
–

–
–

D
O

W
H

SD
TC

–
–

R
as
te
ga
r e
t a
l. 
(2
02
4)

(M
T)

SP
SO

–
–

–
W
H

SD
–

–
D

E
Sc
hu
be
rt 
et
 a
l. 
(2
02
1)

SI
SP

H
A

–
–

D
O

W
H

SD
TC

, V
C

–
–

So
ng
 e
t a
l. 
(2
02
5)

M
S

SP
H
A

–
–

D
O

W
H

SD
TC

, V
C
, 

LC
–

–

Sø
re
ns
en
 e
t a
l. 
(2
02
5)

SI
SP

H
A

✓
–

D
O
, S
L

W
H

M
D

TC
, (
LC

)
–

PR
So
uy
ris
 e
t a
l. 
(2
01
3)

SI
SP

(S
O
)

✓
–

–
W
H

(M
D
)

TC
–

(P
R
), 
D
E

Ta
bl

e 
2 
(c
on
tin
ue
d)

 



1 3

E. Shala et al.

R
ef

er
en

ce
s

Se
rv
ic
e-
re
la
te
d 
co
ns
tra
in
ts

Te
ch
ni
ci
an
-r
el
at
ed
 c
on
st
ra
in
ts

O
bj
ec
tiv
es

Se
r-

vi
ce

 
ty

pe

Pl
an
ni
ng
 

ho
riz

on
Ti

m
e 

w
in
do
w
s

Se
le

ct
iv

en
es

s
Eq
ui
pm

en
t

re
qu
ire
m
.

Sk
ill

s
W
or
ki
ng

tim
e

M
ul
tip
le
 

de
po

ts
C
os
t-

or
ie

nt
ed

Te
ch
ni
ci
an
-o
rie
nt
ed

Se
rv
ic
e-

or
ie

nt
ed

Ta
ng
 e
t a
l. 
(2
00
7)

SI
M
P

–
✓

–
–

W
H

SD
–

–
PR

W
ei
ge
l a
nd
 C
ao
 (1
99
9)

SI
SP

SO
–

–
D

O
W
H
, 

B
, O

M
D

TC
, O

T
–

D
E

X
ie
 e
t a
l. 
(2
01
7)

SI
SP

H
A

✓
 (O

C
)

–
D

O
W
H

SD
TC

, O
C

–
–

X
u 
an
d 
C
hi
u 
(2
00
1)

SI
SP

SO
✓

–
SL

W
H
, O

M
D

TC
, L
C
, 

O
T

–
PR

, D
E

Ya
hi
ao
ui
 e
t a
l. 
(2
02
3)

SI
SP

H
A

–
PA

, T
O

D
O

W
H

M
D

TC
–

–
Za
m
or
an
o 
an
d 
St
ol
le
tz
 

(2
01
7)

M
T

M
P

SO
, M

U
–

–
D
O
, S
L

W
H
, O

SD
TC

, O
T

–
D

E

Ta
bl

e 
2 
(c
on
tin
ue
d)

 



1 3

A model-based survey on operational planning of technician-based…

4.2.1  Planning horizon

The core routing constraints are formulated for a single-period planning horizon, 
meaning that all requests fall within one period (working day). In contrast, multi-
period planning horizons arise when requests cannot be completed within a single 
day, require multiple visits on different days, or when customers are only available 
on specific days. In such settings, the planning horizon is discretized into working 
days d ∈ D = {1, . . . , D}, and core routing constraints (5) and (6) are modified 
as follows:

	 aikd ≥ 0 ∀ i ∈ V, k ∈ K, d ∈ D� (7)

	 xijkd ∈ {0, 1} ∀ (i, j) ∈ A, k ∈ K, d ∈ D� (8)

The remaining core routing constraints (1)–(4) need to be modified accordingly. In 
the remainder of this survey, unless stated otherwise, we formulate further extensions 
of the core routing constraints (1)–(6) for a single-period planning horizon for the 
sake of simplicity.

4.2.2  Service type

The service type specifies whether a request is fulfilled by (a) a single technician, (b) 
multiple technicians working simultaneously (teaming), or (c) multiple technicians 
working sequentially (sync.).
Single technician. Type (a) represents the most common realization observed in the 
surveyed literature. Modeling this service type does not require extensions of the core 
routing constraints. Technicians and vehicles are modeled jointly through the set K
, with each vehicle carrying a single technician and executing the assigned requests 
independently.
Multiple technicians–Teaming. To model teaming, let ri denote the number of 
technicians required to serve request i. Further, a vehicle within set K is now asso-
ciated with a team, while individual technicians are modeled through a separate set 
M. For team formation, assignment decisions are required. We introduce binary 
variables ymk ∈ {0, 1}, which indicate whether technician m ∈ M is assigned 
to team (vehicle) k ∈ K. Furthermore, we assume that the minimum and maximum 
number of technicians that can be assigned to a team is given by τ min and τ max, 
respectively. Consequently, the following constraints must be added to the core rout-
ing constraints (1)–(6):

	
∑

m∈ Mymk ≥ ri ·
∑

j∈ Vxjik ∀ i ∈ N , k ∈ K� (9)

	
∑

k∈ Kymk ≤ 1 ∀ m ∈ M� (10)

	 τ min ≤
∑

m∈ Mymk ≤ τ max ∀ k ∈ K� (11)
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	 ymk ∈ {0, 1} ∀ m ∈ M, k ∈ K� (12)

Constraints (9) enforce that every request is fulfilled by a team comprising at least 
the number of technicians required for that request. Constraints (10) ensure that each 
technician can be assigned to at most one team. Constraints (11) impose a minimum 
and maximum number of technicians that can be assigned to a team. Constraints (12) 
define the variable domains.

In single-period planning horizons, (10) prevents technicians from switching 
teams within the same day. In contrast, multi-period settings may allow technicians 
to switch teams between consecutive days d − 1 and d. To capture this option, tech-
nician-to-team assignments ymkd ∈ {0, 1} must be defined for each day d ∈ D. If 
team consistency is enforced by minimizing the number of team switches (see Sect.  
4.4.2), these switches are tracked through the following constraints:

	 ymk(d−1) − ymkd ≤ χ md ∀ m ∈ M, k ∈ K, d ∈ D : d ≥ 2� (13)

	 ymkd − ymk(d−1) ≤ χ md ∀ m ∈ M, k ∈ K, d ∈ D : d ≥ 2� (14)

	 χ md ∈ {0, 1} ∀ m ∈ M, d ∈ D : d ≥ 2� (15)

	 ymkd ∈ {0, 1} ∀ m ∈ M, k ∈ K, d ∈ D� (16)

Constraints (13) and (14) identify whether a technician changes their assigned team 
between consecutive days. Constraints (15) impose the domain constraints for the 
associated tracking variables. Constraints (16) extend constraints (12) to the multi-
period setting.
Multiple technicians–Synchronization. An alternative approach to handling multi-
technician requests is to have technicians visit a customer sequentially rather than 
simultaneously as a team (Çakırgil et al. 2020). In this setting, visits correspond to 
specific tasks, which may involve different technicians and can be temporally sepa-
rated (Hanafi et al. 2020). Service type (c) can be combined with different represen-
tations of technicians and vehicles. When tasks are executed by single technicians, 
vehicles and technicians can be modeled jointly through K. Alternatively, tasks may 
be carried out by teams, in which case technicians and vehicles are modeled sepa-
rately via M and K, respectively. In the following, and in line with the majority of 
the surveyed literature, we assume that tasks are performed by single technicians.

Let Ci denote the set of tasks that comprise request i ∈ N . All tasks in Ci share the 
same customer location and are linked through a predefined execution order. Prece-
dence relations between tasks are captured by the binary parameter α i1i2 ∈ {0, 1}, 
which indicates whether task i1 ∈ Ci must be completed before task i2 ∈ Ci. Given 
these precedence relations, synchronization across multiple visits becomes necessary 
(see Drexl (2012) for a general overview).

To model synchronization, we no longer consider the request nodes N  as nodes 
of the graph G. Instead, we treat all tasks associated with the requests as nodes, such 
that V = {0} ∪

∪
i∈ N Ci and Ci ∩ Ci′ = ∅  for i ̸= i′  holds. Since task nodes 

i1, i2 ∈ Ci corresponding to the same request i ∈ N  share the same customer loca-
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tion, no travel time or cost is incurred for arc (i1, i2), i.e., ti1i2k = ci1i2k = 0 for 
all i1, i2 ∈ Ci and k ∈ K. Synchronization is enforced through the following con-
straints in addition to the core routing constraints:

	
∑

j∈ V
∑

h∈ Ci

∑
k∈ Kxjhk = |Ci| ∀ i ∈ N � (17)

	

∑
k∈ Kai1k +

∑
k∈ K

∑
h∈ V: h̸= i1 p i1k

xhi1k

≤
∑

k∈ Kai2k ∀ i ∈ N , i1, i2 ∈ Ci : α i1i2 = 1
� (18)

Constraints (17) ensure that requests are fulfilled by executing all their tasks. Syn-
chronization constraints (18) enforce the precedence relations among tasks belonging 
to the same request, such that each task cannot start before all its predecessors have 
been completed.

In the reviewed literature, the vast majority of type (c)-TRSPs correspond to a 
DIRP. In the DIRP, each request i ∈ N  consists of exactly two tasks, i.e., |Ci| = 2, 
corresponding to delivery and installation. We therefore define the set of all tasks 
across all requests as VD ∪ VI , where for each request i ∈ N , the delivery task 
i1 ∈ VD = {1, 3, 5, . . . } precedes the installation task i2 ∈ VI = {2, 4, 6, . . . } , 
implying α i1i2 = 1. Vehicles are partitioned into two disjoint subsets: delivery vehi-
cles k ∈ KD and installation vehicles k ∈ KI . Delivery vehicles transport products 
and carry delivery personnel, while installation vehicles carry technicians such as 
electricians or plumbers. Delivery and installation visits must be synchronized such 
that delivery is completed before installation begins. Delivery vehicles have a capac-
ity Qk (measured in weight or volume), and the product associated with request i 
consumes dpr

i  units of capacity. The following capacity constraints ensure that a 
delivery vehicle does not exceed its capacity:

	
∑

i∈ VD dpr
i

∑
j∈ VD

∪
{0}: i ̸= jxijk ≤ Qk ∀ k ∈ KD� (19)

For installation vehicles, (seat) capacity refers to the number of technicians that can 
be carried simultaneously along a route. In almost all DIRP studies, this capacity is 
assumed to be one.

4.2.3  Time windows

Time windows (TWs) represent one of the most common service-related constraints 
in TRSP applications and are included in the majority of the surveyed literature. A 
TW [ei, li] defines the interval during which the service provider commits to start 
service fulfillment, with ei and li representing the earliest and latest start times. TWs 
are modelled as either hard, prohibiting any violation, or soft, allowing service to 
start before or after the specified interval at the expense of a penalty. Soft TW viola-
tions can be captured by decision variables δ −

i  (late start) and δ
+
i  (early start) for all 
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requests i ∈ N . To incorporate TWs, the core routing constraints must be extended 
as follows:

	 ei ≤ aik − δ −
i + δ +

i ≤ li ∀ i ∈ N , k ∈ K� (20)

	 δ −
i , δ +

i ≥ 0 ∀ i ∈ N � (21)

Constraints (20) can represent both hard and soft TWs. For hard TWs, δ −
i  and δ +

i  
are omitted or fixed to zero. Soft TWs are modeled by including δ −

i  and δ +
i  together 

with their domain constraints (21).
Beyond the distinction between hard and soft TWs, TRSP configurations further 

differ in whether customers specify a single TW or multiple alternative TWs, and 
in whether TWs are considered within single- or multi-period planning horizons. 
Accordingly, alternative configurations with corresponding constraints are intro-
duced, which replace (20) and (21):
Single TW. In most of the TRSP applications, each customer specifies a single TW, 
that may either lie within a single day or span multiple days:

	● Single-period: Often, TWs lie within a single day, where ei and li refer to times 
during a day.

	● Multi-period: A TW [ei, li] spans multiple days if a customer specifies the first 
( ei) and last ( li) day on which their request can be fulfilled:

	
∑

li

d=ei

∑
j∈ V:j ̸= ixijkd = 1 ∀ i ∈ N , k ∈ K� (22)

Multiple TWs. However, in some applications, customers specify multiple alterna-
tive TWs, each of which lies either within a single day, or spans across separate days:

	● Single-period: Each request i ∈ N  specifies a set of TWs Fi ⊂ F . A TW is 
defined by [eif , lif ], and binary variables xT W

if ∈ {0, 1} are used:

	
xT W

if =
{ 1, if request i ∈ N is fulfilled within TW f ∈ Fi

0, otherwise

Each request must be fulfilled exactly once, and the service must start within one of 
the TWs:

	
∑

f∈ Fix
T W
if = 1 ∀ i ∈ N � (23)

	
∑

f∈ Fix
T W
if eif ≤ aik ≤

∑
f∈ Fix

T W
if lif ∀ i ∈ N , k ∈ K� (24)

	 xT W
if ∈ {0,1} ∀ i ∈ N , f ∈ F � (25)

	● Multi-period: Each request i ∈ N  may specify one TW [eid, lid] for each day 
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d ∈ D. It must be ensured that each request is fulfilled exactly once throughout 
the planning horizon and within one of the TWs:

	
∑

d∈ D
∑

j∈ V:j ̸= ixijkd = 1 ∀ i ∈ N , k ∈ K� (26)

	 eid ≤ aikd ≤ lid∀ i ∈ N , k ∈ K, d ∈ D� (27)

4.2.4  Equipment requirements

Another type of service-related constraint arises from equipment requirements, which 
are particularly relevant for repair and maintenance of products are often overlooked 
in the existing literature (Pham and Kiesmüller 2024). The equipment typically falls 
into two categories: tools and spare parts. While tools are reusable resources, spare 
parts are consumable items that are depleted once used to fulfill requests by replacing 
malfunctioning product components.

Let W = {1, . . . , W} denote the types of tools and P = {1, . . . , P} the types 
of spare parts. For each request i ∈ N , the demand for each spare part type p ∈ P  
is given by dparts

ip ∈ N0. Tool requirements are specified by the binary parameter 

miw ∈ {0, 1}, with miw = 1 indicating that tool w ∈ W  is required for request i. 
Each technician k ∈ K departs from the depot equipped with a tool set characterized 
by nkw ∈ {0, 1}, specifying whether tool w ∈ W  is carried, and an initial inventory 
v0

kp of spare parts of each type p ∈ P . A potential intermediate replenishment stop 
(Yahiaoui et al. 2023) can be modeled through a dummy node l = |V| + 1 = n + 1. 
The replenishment stop takes a fixed time p

n+1 and allows restocking of v
n+1
kp  units 

of spare parts of type p for each technician k.

To track spare part consumption along technician routes, non-negative decision 
variables gipk are introduced, representing the number of spare parts of type p ∈ P  
remaining in the vehicle of technician k ∈ K after fulfilling request i. Moreover, 
the routing variables xijk must also be defined for arcs (i, j) incident to the dummy 
node n + 1 to model the intermediate replenishment stop. Consequently, equipment 
requirements are enforced through the following constraints:

	
∑

j∈ V:j ̸= i

∑
k∈ K: miw≤ nkw∧ mjw≤ nkw

xijk = 1 ∀ i ∈ N , w ∈ W � (28)

	
∑

i∈ Vxi, n+1, k ≤ 1 ∀ k ∈ K� (29)

	 g0pk = v0
kp ∀ k ∈ K, p ∈ P � (30)

	

gipk +
(

1 −
(

xijk + 1
2

(xi, n+1, k + xn+1, j, k)
))

M

≥ gjpk + dparts
jp − 1

2
vn+1

kp (xi, n+1, k + xn+1, j, k) ∀ i, j ∈ V : j ̸= 0, k ∈ K, p ∈ P
�(31)
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	 gipk ≥ 0 ∀ i ∈ V, p ∈ P : dparts
ip > 0, k ∈ K� (32)

	 xijk ∈ {0, 1} ∀ i, j ∈ V : i = n + 1 ∨ j = n + 1, k ∈ K� (33)

Core routing constraints (2) are modified through (28) ensuring that technicians can 
only serve requests for which they carry the necessary tools. Constraints (29) define 
the optional intermediate replenishment stop. Constraints (30) specify the initial 
inventory of spare parts in each technician’s vehicle at the start of their route, while 
(31) ensure that technicians have sufficient spare parts, comprising both the initial 
inventory and any replenishments. Constraints (32) and (33) define the domains of 
the additional decision variables.

4.2.5  Selectiveness

Given the limited planning horizon and technicians available, it may not be feasible to 
fulfill all requests. As a result, the provider rejects or outsources a subset of requests. 
Each request may either be mandatory or optional. While rejection corresponds to 
not serving a request at all, outsourcing refers to delegating service fulfillment to an 
external provider at an additional cost. To model selectivess, we introduce a binary 
decision variable vi that equals one if request i is rejected or outsourced, and zero 
otherwise. The core routing constraints (1) are then adapted as follows:

	

(∑
j∈ V:j ̸= i

∑
k∈ Kxijk

)
+ vi = 1 ∀ i ∈ N � (34)

	 vi ∈ {0, 1} ∀ i ∈ N � (35)

Constraints (34) state that each request is either fulfilled by one technician or rejected/
outsourced, while (35) define the domain of the rejection/outsourcing variables.

4.3  Technician-related constraints

Beyond service-related constraints, TRSP configurations also incorporate techni-
cian-related constraints, which define the conditions under which technicians can 
be assigned to requests. They include skills, working time restrictions, and the set of 
depots.

4.3.1  Skills

Skill modeling is closely tied to the service type, as different skill requirements may 
apply to technicians operating individually (type (a) and (c)) or simultaneously as a 
team (b). In addition, some TRSPs account for learning. Skill representations typi-
cally distinguish between skill domains, capturing categorical qualifications, and pro-
ficiency levels, reflecting the degree of expertise within a domain.
Single technician. The skill requirements of a request i ∈ N  can be represented by 
the subset of technicians Ki ⊆ K that are qualified to serve request i. In this binary 
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representation, each request requires one particular domain of technical expertise 
(e.g., electrical, plumbing, or carpentry), and technicians are either qualified for this 
domain or not. For service type (a), skill constraints can be incorporated by modify-
ing the core domain constraints (6). Specifically, a technician k ∈ K is allowed to 
traverse an arc (i, j) only if they are qualified to serve both requests i and j:

	 xijk ∈ {0, 1} ∀ (i, j) ∈ A, k ∈ Ki ∩ Kj � (36)

The remaining core routing constraints (1)–(5) are modified accordingly to ensure 
skill compatibility.
Multiple technicians–Teaming. Service type (b) occurs when fulfilling a request 
requires the combination of complementary skill domains, potentially at different 
proficiency levels. In contrast to service type (a), skills must therefore be modeled 
explicitly with respect to both skill domains and proficiency levels, as skill compat-
ibility depends on the collective qualifications of the assigned team. Consequently, 
the teaming-related constraints (9) must be adapted to account for skill compatibility. 
In particular, the parameter ri, which specifies the number of technicians required to 
serve request i, is refined to reflect requirements across different skill domains and 
proficiency levels.

Specifically, each technician m ∈ M is qualified in one or more skill domains 
q ∈ Q at a proficiency level l ∈ L. Let smql ∈ {0, 1} indicate whether technician 
m is qualified in skill domain q at proficiency level l, and let riql ∈ N0 denote 
the number of technicians with skill domain q at proficiency level l required to 
fulfill request i. Proficiency levels are organized in a hierarchical structure such that 
smql′ ≤ smql holds for all l′ > l. In other words, if technician m is qualified in 
skill domain q at level l, they are also considered capable of fulfilling requests that 
require any lower level l′  of the same skill domain. To illustrate this concept, con-
sider the qualification matrix (smql)|Q|× |L| presented below. It represents the skill 
profile of technician m across |Q| = 3 different skill domains and |L| = 2 profi-
ciency levels. According to the matrix, the technician is proficient in skill domain 
q = 1 at both levels l = 1 and l = 2, has basic qualification, i.e., level l = 1, in 
domain q = 2, and possesses no qualification in q = 3.

	

(smql)|Q|×|L| =

l = 1 l = 2( 1 1
1 0
0 0

)
q = 1
q = 2
q = 3

(riql)|Q|×|L| =

l = 1 l = 2( 1 1
0 0
2 0

)
q = 1
q = 2
q = 3

Similarly, the skill requirements of a given request i can be represented in matrix 
form, as illustrated by the skill requirement matrix (riql)|Q|× |L|: request i requires 
one technician with skill domain q = 1, proficient at level l = 2 (which also covers 
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level l = 1), as well as two technicians with skill domain q = 3, proficient at level 
l = 1.

Accordingly, to incorporate skill constraints under teaming, constraints (9) are 
modified as follows:

	
∑

m∈ Mymk · smql ≥ riql ·
∑

j∈ Vxjik ∀ i ∈ N , k ∈ K, q ∈ Q, l ∈ L�(37)

Constraints (37) state that each request must be executed by one team possessing 
the required skills, and teams may be overqualified if they have skills exceeding the 
minimum required.
Multiple technicians–Synchronization. Under synchronization, skill model-
ing depends on whether tasks are executed by individual technicians or by teams. 
Accordingly, skills are incorporated using the single-technician or team-based for-
mulation introduced above.

In the DIRP, the partition into delivery and installation vehicles directly induces a 
partition of technicians based on their skills. Skill requirements are represented by a 
single skill domain – the ability to install products – and are modeled in analogy to 
the single-technician configuration. Specifically, technicians qualified for installation 
form the set KI =

∪
i∈ VI Ki, while delivery personnel belong to KD =

∪
i∈ VD Ki.

Learning. To model learning effects in multi-period settings, proficiency is mod-
eled continuously. Technicians increase proficiency by repeatedly serving requests 
requiring a given skill domain q ∈ Q, which in turn decreases their service times for 
requests requiring that skill domain.

Service times are therefore indexed by d ∈ D and denoted by p
ikd

, allowing 
proficiency increases to be tracked across days. Modeling learning requires addi-
tional parameters, including an experience-independent service time p 0

i
, a service 

time pmin
i

 for any technician with a minimum proficiency, a learning rate lqk encod-
ing how quickly technician k gains experience in skill domain q, and an experience 
variable ukqd representing technician k’s accumulated experience in domain q by 
day d. Skill requirements are captured by a binary parameter riq, which indicates 
whether fulfilling request i requires qualification in domain q and is a modification 
of riql (see multiple technicians – teaming). Further, u0

kq denotes technician k’s 
experience in domain q at the beginning of the planning horizon.

Accordingly, learning effects are incorporated by extending the core routing con-
straints as follows:

	 ukq1 = u0
kq ∀ k ∈ K, q ∈ Q� (38)

	 ukqd = ukq(d−1) +
∑

i∈ N
∑

j∈ N :i ̸= jriq · xijkd ∀ k ∈ K, q ∈ Q, d ∈ D : d ≥ 2�(39)

	 p
ikd

= p 0
i

+ pmin
i

·
∑

q∈ Qriq · (ukqd)−lqk ∀ i ∈ N , k ∈ K, d ∈ D� (40)
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	 ukqd ∈ {0, 1} ∀ k ∈ K, q ∈ Q, d ∈ D� (41)

Constraints (38) define the initial experience levels of technicians in each skill domain. 
Constraints (39) specify a daily update for a technician’s experience in a given skill 
domain increases by one unit per request. Constraints (40) capture the increase in 
proficiency by linking accumulated experience to service times. Specifically, the ser-
vice time is decomposed into two components: an experience-independent baseline 
representing the irreducible part of the service time, and an experience-dependent 
component that decreases with learning. Finally, constraints (41) define the domain 
constraints of the experience variables.

4.3.2  Working time

When planning technician routes, service providers must comply with regulations 
regarding technicians’ daily working hours, overtime, and breaks.
Working hours and overtime. Constraints on technicians’ working hours can be 
modeled by assigning a working TW [ek, lk] to each technician k ∈ K. Each tech-
nician k ∈ K must leave the depot after time ek and return to the depot at the latest 
at time lk (see, e.g., Damm et al. 2016, 2021; Gamst and Pisinger 2024). However, 
if overtime is allowed, technicians may return to the depot later than lk, assuming a 
maximum overtime of omax. For instance, overtime may be allowed when necessary 
to accommodate high-priority requests (see Sect.  4.4.3 for a detailed discussion of 
different types of priorities and their modeling) (Mathlouthi et al. 2021a, b; Xu and 
Chiu 2001). To capture the overtime of technician k, we introduce decision variable 
ok. The constraints needed to account for working hours and overtime are as follows:

	 ek + t0i − M (1 − x0ik) ≤ aik ∀ i ∈ N , k ∈ K� (42)

	 aik + p
ik

+ ti0 − M (1 − xi0k) ≤ lk + ok ∀ i ∈ N , k ∈ K� (43)

	 0 ≤ ok ≤ omax ∀ k ∈ K� (44)

Constraints (42) and (43) represent modifications of core routing constraints (4), spe-
cifically accounting for working time restrictions on departure from and return to 
the depot. Constraints (42) specify the earliest arrival at the first customer visited by 
a technician, whereas constraints (43) determine the overtime for each technician, 
which is bounded by constraints (44).

Breaks. Technicians usually take breaks at customers’ locations after request 
completion, without traveling to a separate break location. As a result, incorporat-
ing breaks extends route durations but does not increase the total distance traveled. 
Technicians may choose between multiple breaks b from the set of breaks B. Break 
b of technician k is represented by TW 

[
eB

kb, lB
kb

]
 and duration pB

kb
. Typically, tech-

nicians must take exactly one break ( |B| = 1) but there are also examples with up 
to |B| = 3 breaks (Mathlouthi et al. 2018, 2021a, b). To model breaks, we introduce 
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two types of decision variables: aB
kb ≥ 0, defining the start time of break b ∈ B of 

technician k ∈ K, and the following binary variable xB
ikb:

	
xB

ikb =
{ 1, if technician k takes their break b after fulfilling request i

0, otherwise

The following constraints ensure that breaks are properly scheduled within techni-
cian routes:

	 eB
kb

∑
i∈ N xB

ikb ≤ aB
kb ≤ lB

kb

∑
i∈ N xB

ikb ∀ k ∈ K, b ∈ B� (45)

	 xB
ikb ≤

∑
j∈ V:i ̸= jxjik ∀ i ∈ N , k ∈ K, b ∈ B� (46)

	 aik + p
ik

≤ aB
kb + M

(
1 − xB

ikb

)
∀ i ∈ N , k ∈ K, b ∈ B� (47)

	

aik + p
ik

+ tijkxijk +
∑

b∈ B pB
kb

xB
ikb ≤ ajk

+M (1 − xijk) ∀ i, j ∈ N : i ̸= j, k ∈ K, b ∈ B
� (48)

	 xB
ikb ∈ {0,1} ∀ i ∈ N , k ∈ K, b ∈ B� (49)

If a technician takes a break, the break must be taken in the defined TW, which is 
imposed by (45). Furthermore, constraints (46) ensure that a technician can only 
take a break after fulfilling some request i, if this technician has been assigned to 
this request. Constraints (47) guarantee that, if a break is taken at the location of a 
particular customer, the break is started after fulfilling the request of this customer. 
If a technician takes a break between visiting customers i and j, Constraints (48) 
ensure that the service at customer j can only begin after the technician has com-
pleted the service at customer i, taken the break at that location, and then traveled 
to customer j. Constraints (49) define the domains of the newly introduced binary 
decision variables.

4.3.3  Multiple depots

Multi-depot settings occur in several practical contexts:

(i)	 when technicians k start/end their routes at their home locations hk rather than 
at a central depot,

(ii)	 when technicians can visit intermediate depots for replenishing tools/spare parts 
(see Sect.  4.2.4),

(iii)	 or when technicians pick up products for delivery operations (see, e.g., Kheiri 
et al. 2020).

Case (i) can be modeled by modifying the flow conservation and domain constraints 
(2) and (6), respectively, as follows:
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∑

i∈ N xhkik =
∑

i∈ N xihkk ∀ k ∈ K� (50)

	 xijk ∈ {0, 1} ∀ k ∈ K, i, j ∈ N ∪ {hk} : i ̸= j� (51)

In cases (ii) and (iii), intermediate stops at depots can be incorporated by introducing 
a dummy request node l = |V| + 1 (as shown in Sect.  4.2.4) representing either 
replenishment stops or pickup stops.

4.4  Objectives

Table 3 summarizes the most common objective functions observed in the litera-
ture, which give rise to three subdimensions: cost-oriented, technician-oriented, and 
service-oriented. Often, the objective function comprises multiple objectives.

4.4.1  Cost-oriented objectives

Cost-oriented objectives are by far the most prevalent in the TRSP literature. They 
aim to minimize the total cost of routing, resource utilization, and service fulfillment. 
The considered cost components are travel cost, vehicle fixed cost, labor and over-
time cost, outsourcing cost, and holding cost.

Travel cost. Minimizing travel cost–often also referred to as routing cost–repre-
sents the dominant objective in TRSP formulations.

Vehicle fixed cost. Fixed cost for vehicle usage arise in synchronization-based 
TRSPs, particularly in DIRPs. In these configurations, fixed cost is incurred per dis-
patched vehicle and may be either identical for both delivery and installation vehicles 
(e.g., Ali et al., 2021) or differentiated by vehicle type, with higher cost assigned to 
installation vehicles (Erdogan and M’Hallah 2023).

Labor and overtime cost. Labor cost can be modeled as variable cost, calculated 
by multiplying each technician’s total working time with their wage rate (see Table 3, 
e.g., Bae and Moon 2016; Qiu et al. 2023), or as fixed cost when technicians receive 
a fixed salary irrespective of their actual working time (Sørensen et al. 2025). Over-
time cost is typically higher than wages for regular working time (e.g., Avraham et al. 
2017). Note that minimization of labor and overtime cost can also be interpreted as 
technician-oriented objectives, as these cost components directly penalize excessive 
working hours and overtime.

Outsourcing cost. Outsourcing cost represents additional expenditure for exter-
nal resources (e.g., Xie et al. 2017). Notably, outsourcing cost may simultaneously 
measure a request’s priority (see Sect.  4.4.3)–requests with higher outsourcing cost 
cout

i  are implicitly considered more critical, as rejecting or postponing them incurs 
a greater penalty.

Holding cost. HC accounts for the residual inventory of spare parts, and are intro-
duced to discourage excessive stocking of spare parts. The residual inventory results 
from the initial inventory carried by technicians, additional inventory obtained 
through replenishment decisions, and parts consumed while servicing requests. 
Although HC is only sparsely considered in the TRSP literature, accounting for it is 
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relevant, as repair services are gaining importance in the after-sales service market 
(Pham and Kiesmüller 2024).

4.4.2  Technician-oriented objectives

Technician-oriented objectives include a balanced workload distribution, compliance 
with labor regulations (breaks), and team consistency.

Workload balance. Workload balance among technicians has received little atten-
tion, despite being crucial for employee satisfaction in practice. A balanced workload 
distribution can be achieved by minimizing the maximum working time among all 
technicians, thereby reducing disparities in daily workloads (Anoshkina and Meisel 
2019; Nielsen and Pisinger 2025).

Breaks. Breaks may enter the objective function in the form of penalties for 
skipped breaks (Mathlouthi et al. 2018, 2021a, b).

Team consistency. Team consistency addresses the extent to which team compo-
sitions are preserved across consecutive periods. Although underrepresented in the 
TRSP literature, it is relevant in practice for strengthening working relationships. 
Team consistency can be preserved by minimizing the total number of team switches 
( χ md = 1) across the planning horizon using the variables χ md introduced in Sect.  
4.2.2.

4.4.3  Service-oriented objectives

Service-oriented objectives model the customer perspective by measuring the service 
quality perceived by customers. Typical objectives include maximizing priorities, 
minimizing delays, and minimizing service completion time.

Priorities. Among service-oriented objectives, the maximization of priorities is 
the most common one. The selection of which requests to serve preferentially is 
modeled through priority values µ i, reflecting their relative importance, profitabil-
ity, or urgency. In configurations where not all requests can be accepted, priority 
modeling is typically linked to selectiveness (see Sect.  4.2.5). However, priorities 
may also be used without selectiveness to favor earlier fulfillment of more important 
requests (Cavada et al. 2020; Ji et al. 2022). Priority structures may be homogeneous, 
with requests having a uniform value, or heterogeneous, where priorities differ across 
requests:

	● Homogeneous: In this case, the objective reduces to maximizing the number of 
accepted requests or the acceptance rate over multiple periods and may appear 
either as part of a multi-objective (e.g., Anoshkina and Meisel 2020; Cortés et al. 
2014) or single-objective configuration (Avraham and Raviv 2021; Paradiso et 
al. 2025).

	● Heterogeneous: When priority values µ i differ across requests, they may reflect 
various metrics:
	● Gains: Most commonly, priority values are interpreted as positive gains, e.g., 
revenues generated by successfully completed requests (e.g., Mathlouthi et al. 
2018, 2021a, b).
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	● Penalities: Less frequently, priorities are modeled as penalty values for re-
jected or postponed requests, reflecting customer dissatisfaction (e.g., Nielsen 
and Pisinger 2023, 2025).

	● Service time: By contrast, priorities may also be represented by the service 
time p

ik
, implying that requests requiring more service time are more impor-

tant (Sørensen et al. 2025).

Delays. The minimization of delays aims to provide services as early as possible. 
Two modeling approaches can be distinguished depending on whether soft TWs are 
incorporated or not.

	● Soft TWs: Delays minimization is most commonly achieved through soft TW 
constraints. Delays then correspond to soft TW violations δ +

i  that incur a (con-
tractual) penalty cost (e.g., Zamorano and Stolletz 2017). In addition to penalties 
for delayed service ( aik > li), early arrivals ( aik < ei) can be penalized through 
a piecewise-linear objective function (Rastegar et al. 2024).

	● No soft TWs: In multi-period settings without TWs, cumulative delay penalties 
increase for each day a request remains unserved (Nowak and Szufel 2024; Pham 
and Kiesmüller 2022). In the multi-period DIRP, penalties are imposed for idle 
products awaiting installation (e.g., Kheiri et al. 2020).

Service completion time. While delay minimization penalizes late service provi-
sion relative to temporal reference points (soft TWs, request arrivals), minimizing 
service completion time seeks to shorten the overall schedule by reducing either total 
completion time or makespan.

	● Total completion time: This objective may be of subordinate importance when 
tight TWs strongly determine completion times. However, when TWs are wide, 
minimizing completion times becomes more relevant (Anoshkina and Meisel 
2020).

	● Makespan: The makespan is the completion time of the last scheduled request. 
In multi-period settings, the objective is to minimize either the sum of the latest 
completion times for each day (Chen et al. 2016), or the day on which the last 
request is completed (Pereira et al. 2020).

5  Stochastic-dynamic modeling

The modeling discussed in Sect.  4 is sufficient to fully characterize static-determin-
istic TRSPs in which all decisions are made prior to the start of the planning horizon 
and all decision-relevant information is known with certainty. In practice, however, 
technician-based after-sales field services often operate under uncertainty with new 
information being revealed all throughout the planning horizon.

This section therefore considers stochastic-dynamic TRSPs. Stochasticity may 
stem from the supply side (e.g., uncertain availability of technicians), from the 
demand side (e.g., uncertain request arrivals or spare part requirements), or other 
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sources (e.g., service and travel times). The dynamic nature of these problems arises 
from the need to make decisions sequentially over time in response to realized infor-
mation, for instance when requests arrive dynamically or when technicians’ skills 
evolve during the planning horizon. Building on the static-deterministic framework, 
which is common to all TRSP configurations, we now propose sequential decision 
making and uncertainty as additional dimensions that extend the configurations intro-
duced in Sect.  4 to a stochastic-dynamic setting. Accordingly, Table 4 introduces 
the realizations of these dimensions for all contributions that investigate stochastic-
dynamic TRSPs.

Sequential decision-making problems under uncertainty can be modeled using 
Markov Decision Processes (MDPs) consisting of decision epochs, states, actions, 
transitions, rewards, and objectives (Powell 2022). This modeling paradigm is par-
ticularly suited to solution approaches from approximate dynamic programming 
(ADP). Presenting an MDP formulation is not standard practice in the stochastic-
dynamic vehicle routing literature – an observation also noted by Ulmer et al. (2020). 
Possible reasons include the notational complexity of MDP models, which becomes 
awkward to handle when realistic problem features are incorporated, as well as the 
fact that most solution methods are approximate and do not rely directly on an exact 
dynamic control model (Fleckenstein et al. 2023).

Therefore, a substantial part of the literature refrains from explicitly stating an 
MDP and instead relies on rolling-horizon or scenario-based planning approaches. 
In these works, uncertainty and dynamics are addressed by repeatedly solving static-
deterministic TRSPs, as introduced in Sect.  4, using updated information or sampled 
scenarios. While no explicit dynamic control model is provided, the resulting deci-
sion process is sequential, and can therefore be interpreted as implicitly inducing an 
MDP.

Accordingly, the first part of Table 4 lists papers that explicitly model stochas-
tic-dynamic TRSPs as MDPs, whereas the second part comprises papers that rely 
exclusively on static-deterministic formulations embedded within rolling-horizon or 
scenario-based solution methods. Nevertheless, although not all surveyed contribu-
tions present an MDP formulation, we recast all TRSPs within the MDP notation 
to provide a unified modeling framework. The purpose of this formulation is not to 
replicate any single model found in the literature, but to use an MDP as a modeling 
language for consolidating the various stochastic and dynamic modeling elements 
observed across existing contributions into a single reference framework. This uni-
fied MDP can be tailored to specific problem settings as required. At the same time, 
we emphasize that modeling approaches avoiding an explicit MDP formulation are 
equally valid and well established. Readers not requiring an MDP as a basis for their 
chosen solution approach may therefore skip Sect.  5.2–5.7. Please note that we do 
not treat stochastic-static problems (Liu et al. 2019; Rastegar et al. 2024; Souyris 
et al. 2013) separately, as they do not involve sequential decision-making and their 
modeling and solution approaches are therefore closely related to the static-determin-
istic methodology.

In the following, we first introduce the basic problem structure of stochastic-
dynamic TRSPs and then discuss each MDP component in turn.
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5.1  Basic problem structure

In contrast to static-deterministic TRSPs, requests are no longer known at the begin-
ning of the planning horizon but arrive stochastically over time. In addition, there 
may be other kinds of exogeneous information that is uncertain and revealed over the 
course of the planning horizon. As a result, decisions must be made sequentially in 
response to new information becoming available. The resulting basic problem struc-
ture for stochastic-dynamic TRSPs is shown in Fig. 1.

Customers arrive sequentially at random times via the provider’s website or 
mobile app and request service. Depending on the provider’s business model, these 
requests can be handled in two different ways: first, the provider may want to respond 
immediately to each individual request. This interaction allows the provider, e.g., 
to decide on an offer set with individualized fulfillment options, in particular TWs 
(dashed circles in Fig. 1). In this case, the customer chooses one of the offers and 
thereby confirms their order or abandons the booking process (dashed lines in Fig. 1).

Second, if the provider’s business model does not require such immediate interac-
tion between the provider and the customer, it is sufficient to simply collect requests 
throughout a day d (solid box in Fig. 1). In parallel to request arrivals, planning 
decisions made at the end of day d − 1 are executed and additional information may 
be revealed, which may influence the outcome of these planning decisions. At the 
end of day d, the provider incorporates the batch of new requests as well as the 
other revealed information and their operational impact into their route planning and 
equipment planning for day d + 1 (solid lines and circles in Fig. 1). For example, 
technicians may fall ill and be unavailable on day d + 1. Also, the fulfillment of 
some requests may have failed during execution on day d because, due to the sto-
chastic demand for spare parts, the inventory of spare parts planned at the end of day 
d − 1 was insufficient. Any such observation is also incorporated in the decision-
making at the end of day d.

In summary, two types of stochastic-dynamic TRSPs result from this key struc-
tural difference explained above:

	● Request-based: In a request-based TRSP, each request arrival triggers a decision 
on the individual offer the provider makes in response to the request (e.g., Avra-
ham and Raviv 2021; Paradiso et al. 2025).

	● Day-based: When no immediate decision is required, a day-based TRSP arises. 

Fig. 1  Basic problem structure of stochastic-dynamic TRSPs
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Operational decisions on service fulfillment–such as routing (see Sect.  4.1) or 
equipment planning (see Sect.  4.2.4)–are to be postponed and taken at the end of 
each day for the following day. Requests are then processed in batches (e.g., Chen 
et al. 2024; Pham and Kiesmüller 2024).

In the following, we draw on this distinction and present the modeling framework 
that generalizes any of the specific stochastic-dynamic TRSPs considered in the sur-
veyed literature. Thereby, we exploit the fact that every stochastic-dynamic TRSP 
can be cast as an extension of a static-deterministic TRSP. In particular, the set of 
feasible decisions (action space) that are made sequentially is always defined by 
the constraints of a static-deterministic TRSP. Moreover, it is worth noting that the 
existing literature exclusively models TRSPs as either purely request-based or purely 
day-based. However, both types of decision-making could be straightforwardly com-
bined. The modeling framework is loosely based on the MDP modeling framework 
for dynamic vehicle routing problems proposed by Ulmer et al. (2020).

5.2  Decision epochs

Decision epochs mark the points in time when a decision must be made. There-
fore, the planning horizon is typically discretized into a finite set of decision epochs 
t ∈ T = {1, . . . , T}. Rarely, an infinite horizon is modeled (Avraham and Raviv 
2021; Pham and Kiesmüller 2024). The time interval between two consecutive deci-
sion epochs is referred to as a period. Decision epochs and periods are defined differ-
ently for request-based and day-based TRSPs:

Request-based  Decision epochs are either event-driven or time-driven. In the former 
case, they are triggered by the arrival of requests during the day. A period corre-
sponds to the time interval between two consecutive request arrivals (e.g., Paradiso 
et al. 2025). In the latter case, sufficiently small time intervals are defined such that 
the probability of more than one request arriving within them is negligible (Avraham 
and Raviv 2021). For the sake of clarity, we assume event-driven decision epochs in 
the following.

Day-based  Decision epochs are time-driven and occur at the end of each day. In this 
case, a period corresponds to one working day (e.g., Nowak and Szufel 2024).

5.3  States

The system state st ∈ S  contains all information relevant for decision-making at 
decision epoch t. The state always includes the set of pending requests Nt, i.e., 
requests that have been accepted but not yet fulfilled by epoch t. The remaining state 
components differ for request- and day-based TRSPs:

Request-based. For making accept/reject decisions, service-related informa-
tion must be included in the state: st =

(
Nt,

(
ϕ T W

i

)
i∈ Nt

, inew
t

)
, where ϕ T W

i

denotes the TW assigned to an accepted request i ∈ Nt, and inew
t  is the request that 
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has arrived during the previous period and requires an immediate accept/reject deci-
sion (Avraham and Raviv 2021; Paradiso et al. 2025).

Day-based. In day-based problems, decision epochs mark the end 
of each day. State representations are typically richer and capture the 
dynamics of service-, technician-, and equipment-related information: 

st =

(
Nt,

(
ϕ due

i , ϕ fail
i

)
i∈ Nt

, Kt,

((
ϕ exp

kqt

)
q∈ Q

, ϕ abs
kt

)

k∈ Kt

, Et

)
.

	● Service-related information: Since operational decisions relevant for service ful-
fillment are taken by the end of each day, requests are scheduled no earlier than 
the next day. Thereby, TWs are either absent or modeled as multi-period soft TWs 
according to constraints (20)–(22) (see Sect.  4.2.3). To capture potential delays 
(soft TW violations), ϕ due

i denotes the remaining number of periods until the 
deadline of request i. It is set to zero once the deadline falls on or before period 
t + 1 (e.g., Nowak and Szufel 2024). If it is assumed that service fulfillment may 
fail, ϕ fail

i ∈ {0,1} indicates whether the first service attempt has failed by the 
end of period t (Pham and Kiesmüller 2024; Stein et al. 2025).

	● Technician-related information: This information includes the set of available 
technicians Kt ⊆ K, accumulated experience ϕ exp

kqt  of technician k in skill do-
main q (Chen et al. 2016, 2024), and an absence indicator ϕ abs

kt ∈ {0,1} reflect-
ing unavailability due to illness (Stein et al. 2025). The accumulated experience 
is tracked by the experience variable ukqd (see Sect.  4.3.1) to model learning 
effects.

	● Equipment-related information: Information on availability of equipment is re-
quired when customers request repair services that involve spare parts. It is repre-
sented by Et = (ϵ pkt)p∈ P, k∈ K, where ε pkt denotes the number of spare parts 
of type p carried by technician k at the end of period t (Pham and Kiesmüller 
2024).

5.4  Actions

At decision epoch t, the decision-maker selects an action xt ∈ X ( st) based on the 
current state st. The action space X ( st) contains all actions (decisions) that are 
feasible with respect to the static constraints of the selected TRSP configuration (see 
Sect.  4). Actions and action spaces differ as follows between request-based and day-
based TRSPs.

Request-based. A request-based action at decision epoch t is an integrated accept/
reject and TW availability decision xt = xAR−T W

inew
t t . Thereby, each action (decision) 

xAR−T W
inew

t t  determines whether an incoming request inew
t  is accepted and, if so, which 

TW(s) f ∈ F  are offered to the requesting customer.
The action space is given by 
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X AR−T W ( st) =

{
xAR−T W
inew

t t ⊆ F ∪ {0} : s.t. (1) -(6), (20) ∀ i ∈ Nt ∪ {inew
t }

}

 
Note that 0 is always included in the offer set, as it represents rejection of the 

request – either immediately by the provider upon arrival or by the customer through 
abandonment without booking. A TW f ∈ F  can be offered only if there exists a 
feasible route plan that respects the core routing constraints, the TW constraints (20) 
of all already accepted requests, and the TW constraint associated with f  for the new 
request inew

t . If no such feasible route plan exists, the request is rejected by offering a 
dummy TW, that is, xAR−T W

inew
t t = {0} (Avraham and Raviv 2021). Depending on the 

provider’s business practice, customers may be offered either a single TW (Paradiso 
et al. 2025) or multiple TWs (Avraham and Raviv 2021). Interestingly, decisions on 
request fulfillment (e.g., routing decisions) are not necessary if the objective does not 
depend on them, which is always the case in the existing literature.

Day-based  Day-based actions are taken at the end of each day and correspond to all 
operational decisions for the next day. An action can be decomposed into a routing 
decision and an equipment decision, xt =

(
xroute
t , xparts

t

)

	● Routing decision: Technician routes and schedules for serving the pending re-
quests Nt in period t + 1 are determined through a routing decision with the 
action space.

	
X route ( st) =

{
xroute
t ∈

{
(xijkt, aikt)i, j∈ Nt, k∈ Kt

: s.t. (1) -(6)
}}

Note that the action space is always defined by constraints of a static deterministic 
configuration, which always includes core routing constraints (1)–(6) (e.g., Chen et 
al. 2016, 2024; Nowak and Szufel 2024). In addition, depending on the desired con-
figuration, these can be extended by the constraints discussed in Sect.  4.2 and 4.3.

	● Equipment decision: These decision determines replenishments of spare parts and 
is defined by 

	
X parts ( st) =

{
xparts
t ∈

{(
xparts
1kt , xparts

2kt , . . . , xparts
|P|kt

)
k∈ K

: s.t. (28) -(33)
}}

.

 The action xparts
t  specifies how many units of each spare part type are added to each 

technician’s repair kit by the end of period t. Unused parts are carried back to the 
depot and may be reused in future periods (Pham and Kiesmüller 2024).
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5.5  Transitions

A transition describes the system’s evolution from one state to the next and can be 
decomposed into two parts. First, a deterministic transition maps the current pre-
decision state st and the selected action xt to a post-decision state s xt = SX ( st, xt) , 
capturing the decisions’ immediate, deterministic consequences. Second, a sto-
chastic transition maps the post-decision state s xt  to the next pre-decision state 
st+1 = SΩ ( s xt , ω t+1), reflecting the realization ω t+1 of the random variable 
Ω t+1 (exogenous information). In summary, the transition from st to st+1 can be 
expressed as st+1 = S ( st, xt, ω t+1) = SΩ (

SX ( st, xt) , ω t+1
)
. Depending on 

whether decisions are request-based or day-based, state transitions differ in both their 
deterministic and stochastic components.

Request-based  The transition from st to st+1 is characterized by a post-decision 
update induced by the provider’s decision and the subsequent realization of request 
arrivals and customer choice.

	● Deterministic transition: The deterministic transition maps the pre-decision set 
of pending requests Nt to the post-decision set N x

t  by incorporating the pro-
vider’s accept/reject decision for the newly arrived request (if any). In particular, 
an accepted request is added to the pending set, whereas a rejected request is 
discarded; if no request arrives at epoch t, the pending set remains unchanged:

	

N x
t =




Nt ∪ {inew
t } if xAR−T W

inew
t t ̸= ∅

Nt
if xAR−TW

inew
t t = ∅ , or if there is no request

arrival in period t

Accordingly, N x
t  represents the set of pending requests immediately after the accept/

reject decision at epoch t, and serves as the basis for the subsequent stochastic transi-
tion (Avraham and Raviv 2021; Paradiso et al. 2025).

	● Stochastic transition: In request-based settings, ω t+1 =
(

fω
inew

t
, inew,ω

t+1

)
 in-

cludes customer choice in response to TW offers and new request arrivals.
	● New request arrival: Let inew,ω

t+1  denote the exogenous realization of a new re-
quest to be decided on at decision epoch t + 1. The corresponding state com-
ponent is updated as inew

t+1 = inew,ω
t+1 .

	● Customer choice: If a request is not rejected upon arrival, i.e., xAR−T W
inew

t t ̸= ∅,  
the service provider may either (i) assign a TW directly or (ii) offer a set of 
alternative TWs. Under (i), customers are assumed to accept the assigned TW 
deterministically (Paradiso et al. 2025). Under (ii), customer choice constitutes 
exogenous information fω

inew
t

∈ xAR−T W
inew

t t ⊆ F ∪ {0}, where fω
inew

t
∈ F  

denotes selection of one of the offered TWs and fω
inew

t
= 0 represents aban-

donment without booking. The resulting post-decision update of pending re-
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quests is as follows (Avraham and Raviv 2021):

	
Nt+1 =

{
N x

t \ {inew
t } if fω

inew
t

= 0 (abandonment without booking)
N x

t if fω
inew
t

∈ F (TW is chosen)
,

	

(
ϕ T W

i

)
i∈ Nt+1

=





(
ϕ T W

i

)
i∈ Nt

if fω
inew

t
= 0 (abandonment without booking)

((
ϕ T W

i

)
i∈ Nt

, fω
inew

t

)
if fω

inew
t

∈ F (TW is chosen)

Day-based  The transition from st to st+1 starts with a deterministic post-decision 
update after the provider’s end-of-day fulfillment planning decisions. It yields a 
post-decision state s xt  capturing experience accumulation and post-replenishment 
inventories. Subsequently, uncertainty that realizes during the next day generates the 
stochastic transition to st+1. The realized information includes batched request arriv-
als, service outcomes (failures), technician absences, and spare-part consumption.

	● Deterministic transitions: The deterministic update maps st to s xt  by updating 
all action-dependent state components according to xt =

(
xroute
t , xparts

t

)
; the 

specific updates are given below.

	● Technician-related transitions: A technician k’s accumulated experience in 
skill domain q ∈ Q through learning can be updated after making routing 
decisions xroute

t  as follows:
ϕ exp, x

kqt = ϕ exp
kqt +

∑
i∈ Nt

∑
j∈ Nt:i ̸= jxijkt · riq, where riq indicates if request 

i requires skill domain q ∈ Q (see Sect.  4.3.1) (Chen et al. 2016, 2024).
	● Equipment-related transitions: After making equipment decisions xparts

t , 
the repair kit can be updated to E xt = (ϵx1kt, ϵx2kt, . . . , ϵx|P|kt), where 
ϵxpkt = ϵpkt + xparts

pkt ∀ p ∈ P, k ∈ K (Pham and Kiesmüller 2024).

	● Stochastic transitions: Uncertainty is realized over an entire period (day) and 
enters the system through the exogenous information.

	
ω t+1 =

(
N new,ω

t+1 ,
(

ϕ abs, ω
k(t+1)

)
k∈ K

,
(

ϕ fail, ω
i(t+1)

)
i∈ It

,
(

dparts, ω
ip(t+1)

)
i∈ Nt, p∈ P

,
(
t ωij

)
i, j∈ It:i ̸= j

,
(
p ω

ik

)
i∈ It, k∈ K

)
,

 where N new,ω
t+1  denotes the set of requests arriving during period 

t + 1; ϕ abs,ω
k(t+1) ∈ {0,1} captures technician absence; Further, let 

It = {i ∈ Nt :
∑

j∈ Nt∪ {0}:j ̸= i

∑
k∈ Kt

xijkt = 1} denote the set of requests 
scheduled for service in period t + 1, and ϕ fail,ω

i(t+1) ∈ {0,1} indicate whether the 
service attempt for a request i succeeds or fails (Pham and Kiesmüller 2024). A ser-
vice attempt may fail (i) due to missing spare parts (Pham and Kiesmüller 2024), (ii) 
technician skills that do not match the request’s skill requirements (Stein et al. 2025), 
or (iii) stochastic travel and service times t ωij  and p ω

ik (Ji et al. 2022), respectively. 
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The realized spare-part demand is given by d parts, ω
ip(t+1)  and is revealed upon arrival at 

the customer site (Pham and Kiesmüller 2024).

	● Service-related transitions: Requests in It are partitioned into successful and 
failed requests:

	N
succ
t =

{
i ∈ It : ϕ fail

i = 1 ∨ ϕ fail, ω
i(t+1) = 0

}
, N fail

t =
{

i ∈ It : ϕ fail, ω
i(t+1) = 1

}
.

A request is considered completed if it succeeds on the first attempt ( ϕ fail, ω
i(t+1) = 0) 

or during a rework visit ( ϕ fail
i = 1), where rework is assumed to always succeed in 

a single revisit (Pham and Kiesmüller 2024), though Stein et al. (2025) also allow for 
multiple revisits. Consequently, the set of pending requests at epoch t + 1 is updated 
as Nt+1 = (Nt \ N succ

t ) ∪ N new, ω
t+1 .

Since all requests are accepted upon arrival, N new,ω
t+1  enters the system directly 

through ω t+1 and does not require a separate state representation as in request-
based models. The remaining service-related state information is updated accord-
ingly (Pham and Kiesmüller 2024; Stein et al. 2025):

 ϕfail
i := 1∀i ∈ N fail

t : failed requests are labeled as such,

 ϕdue
i := max

{
0, ϕdue

i − 1
}

∀i ∈ Nt+1: the number of periods (days) until the 
deadline decreases.

	● Technician-related transitions: Uncertain technician availability is captured 

by ϕ abs, ω
k(t+1), which equals one if technician k ∈ K is absent (e.g., due to 

illness), and zero if the technician is available. Accordingly, the absence sta-

tus of each technician k ∈ K is updated as ϕ abs
k(t+1) = ϕ abs, ω

k(t+1) (Stein et al. 

2025).
	● Equipment-related transitions: In addition to the deterministic update re-
sulting from the replenishment decision xparts

t , each technician’s repair kit 
is subject to stochastic spare part consumption during service fulfillment. 
Therefore, the inventory of spare part type p ∈ P  carried by technician 
k ∈ K by the end of period t + 1 is given by post-decision inventory after 
replenishment net of realized spare part consumption in successful services 
during period t + 1:

ϵpk(t+1) =
[
ϵxpkt −

∑
i∈ N succ

t
d parts, ω

ip(t+1)

]+
 (Pham and Kiesmüller 2024).

5.6  Rewards

Each action xt in a given state st, together with the exogenous realization 
ω t+1 ∈ Ω t+1, yields a random reward R ( st, xt, ω t+1), which may include posi-
tive contributions (priorities) as well as negative contributions (cost). Consistent with 
the two-part transitions, the reward can be decomposed into a deterministic compo-
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nent accrued when taking action xt in pre-decision state st and a stochastic compo-
nent realized after ω t+1 is revealed when being in post-decision state sxt :

	 R ( st, xt, ω t+1) = Rdet ( st, xt) + Rstoch ( sxt , ω t+1) .

It is important to note that, if a stochastic reward is involved, the optimal action is 
determined based on the expected immediate reward, i.e., the single-stage reward 
E [R ( st, xt, ω t+1)] . In the following, we specify rewards for both request-based 
and day-based TRSP.

Request-based  A positive acceptance reward is earned when (i) the provider does 
not reject the newly arrived request inew

t , i.e., x(AR-T W )
inew

t t ̸= ∅, and (ii) the customer 
confirms the booking by selecting an offered TW, i.e., fω

inew
t

̸= 0. The resulting sto-
chastic reward is.

	

Rstoch (sx
t , ωt+1) = Racc (sx

t , ωt+1)

=

{
µinew

t
, if x

(AR−T W )
inew

t t ̸= ∅ ∧ fω
inew

t
̸= 0

0, otherwise

,

 where µ inew
t

 denotes the priority (e.g., revenue) associated with the new request. 
Since TW offers only become binding after the customer’s choice is realized in the 
subsequent stochastic transition, no deterministic reward component Rdet ( st, xt) is 
incurred (Avraham and Raviv 2021; Paradiso et al. 2025).

Day-based  In this case, rewards evaluate the end-of-day fulfillment planning deci-
sions for the subsequent day. Accordingly, they include deterministic cost compo-
nents implied by xt = (xroute

t , xparts
t ) as well as stochastic components depending 

on ω t+1, in particular the service outcomes 
(

ϕ fail, ω
i(t+1)

)
i∈ It

.

	● Deterministic rewards: The following reward function aggregates the determin-
istic cost components related to routing, service delay, and equipment holding, 
and is defined as.

	
Rdet ( st, xt) = −

(
Croute

t ( st, xt) + Cdelay, det
t ( st, xt) + Cholding

t ( st, xt)
)

.

	● Travel cost: These result from completing the requests scheduled for service 
in period t + 1 ( It):

Croute
t ( st, xt) =

∑
i∈ It∪ {0}

∑
j∈ It∪ {0}:i ̸= j

∑
k∈ KcT C

ijk xijkt (e.g., Chen 
et al. 2016, 2024; Nowak and Szufel 2024).

	● Delay cost: Requests that remain unscheduled despite an expiring deadline 
incur a deterministic delay penalty (with per-day delay penalty cost cdelay):
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Cdelay, det
t ( st, xt) = cdelay ·

∣∣∣
{

i ∈ Nt \ It : ϕ due
i = 0

}∣∣∣ (e.g. Nowak and 
Szufel 2024).

	● Holding cost: Spare parts carried in technicians’ repair kits incur daily holding 
cost proportional to their quantity, where cholding

p  represents the per-unit hold-
ing cost of spare part type p ∈ P:

Cholding
t ( st, xt) =

∑
p∈ P

∑
k∈ Kcholding

p · ϵxpkt (Pham and Kiesmüller 
2024).

	● Stochastic rewards: The stochastic reward (cost) depends on realized service 
outcomes 

(
ϕ fail, ω

i(t+1)

)
i∈ It

, i.e., whether service attempts succeed or fail (Pham 

and Kiesmüller 2024; Stein et al. 2025):

	
Rstoch ( sxt , ω t+1) = −

(
Cfailed

t ( sxt , ω t+1) + Cdelay, stoch
t ( sxt , ω t+1)

)
.

	● Fail-to-fix cost: If the fulfillment of a scheduled request fails, a penalty cost is 
incurred: Cfailed

t ( sxt , ω t+1) = cfail ·
∣∣∣N fail

t

∣∣∣.
	● Delay cost: Failed requests whose deadline is due incur additional delay pen-
alty costs:

	
Cdelay, stoch

t ( sxt , ω t+1) = cdelay ·
∣∣∣
{

i ∈ N fail
t : ϕ due

i = 0
}∣∣∣ .

5.7  Objective

The objective is to determine a policy π : S �→ X , i.e., a mapping from states to 
actions. Let Π  denote the set of all policies defined by such mappings. An optimal 
policy π ∗ specifies an action xπ ∗

t ( st) for every possible state st and maximizes the 
expected cumulative reward across all decision epochs conditional on the initial state 
s0. Formally, the resulting objective function can be expressed as

	
max
π ∈ Π

E
[∑

T −1
t=1 R ( st, xπt ( st) , Ω t+1) | s0

]
,

where xπt ( st) represents the action selected according to policy π  when the system 
is in state st.

The objective function stated above assumes a finite planning horizon of T  deci-
sion epochs and does not incorporate a discount factor, which is consistent with the 
majority of contributions surveyed (e.g., Paradiso et al. 2025; Stein et al. 2025). In 
this setting, the resulting optimal policy π ∗ is non-stationary, as the optimal action in 
a given state may depend on the remaining time horizon. This is because the value of 
keeping flexibility for future requests changes as the end of the horizon approaches. 
However, two contributions in our survey deviate from this setting. Avraham and 



1 3

A model-based survey on operational planning of technician-based…

Raviv (2021) assume an infinite planning horizon and optimize the steady-state 
acceptance rate rather than cumulative reward over a finite horizon. Pham and Kies-
müller (2024) likewise consider an infinite planning horizon, applying a discount 
factor γ ∈ [0, 1) to future rewards, which ensures convergence of the objective and 
gives rise to a stationary optimal policy.

6  Solution methods

This section provides a high-level overview of solution methods employed in the 
TRSP literature. A detailed analysis of specific algorithms is beyond the scope of this 
work, as the purpose of our survey is to systematically structure the heterogeneous 
TRSP literature at the modeling level rather than to compare or evaluate solution 
methods in depth. Table 5 summarizes the solution methods used for the configura-
tions discussed in Sects.  4 and 5. We first list solution methods for static-determinis-
tic TRSP configurations and then for stochastic-dynamic ones.

Table 5  Overview of solution methods
Methodology References #
Branch-and-price Cortés et al. (2014); Mathlouthi et al. 2021a); Souyris et al. (2013) 3
Branch-and-cut Hanafi et al. (2020) 1
Branch-and-cut-and-price Zamorano and Stolletz (2017) 1
Column Generation Cavada et al. (2020) 1
Adaptive large neighborhood 
search

Ali et al. (2021), Erdogan & M’Hallah (2023), Guastaroba et al. 
(2021), Graf (2020), Hojabri et al. (2018), Kovacs et al. (2012), Li 
et al. (2021), Sørensen et al. (2025)

8

Variable neighborhood search Rastegar et al. (2024), Schubert et al. (2021), Liu et al. (2019) 3
Iterated local search Gu et al. (2022), Kastrati et al. (2021), Xie et al. (2017), Yahiaoui 

et al. (2023)
4

Greedy randomized adaptive 
search procedure

Xu and Chiu (2001) 1

Genetic algorithm Bae and Moon (2016), Damm et al. (2016, 2021, 2025), Pekel 
(2022), Song et al. (2025)

6

Ant colony optimization Pereira et al. (2020) 1
Particle swarm optimization Pekel (2020) 1
Adaptive memory 
programming

Mathlouthi et al. 2021b); Tang et al. (2007) 2

Matheuristic Pillac et al. (2013), Jagtenberg et al. (2020), Gamst and Pisinger 
(2024)

3

Other (heuristic methods) Anoshkina and Meisel (2019), Avraham et al. (2017), Frits and Ber-
tok (2021), Mathlouthi et al. (2018), Pitakaso et al. (2024), Weigel 
and Cao (1999), Kheiri et al. (2020), Pourjavad and Almehdawe 
(2022), Qiu et al. (2022)

9

Cost function approximation Anoshkina and Meisel (2020), Chen et al. (2016, 2024), Qiu et al. 
(2023)

4

Value function approximation Avraham and Raviv (2021), Pham and Kiesmüller (2024), Stein et 
al. (2025)

3

Direct lookahead 
approximation

Ji et al. (2022), Nielsen and Pisinger (2023, 2025), Nowak and 
Szufel (2024), Paradiso et al. (2025), Pham and Kiesmüller (2022), 
Pillac et al. (2012)

7
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6.1  Static-deterministic TRSPs

For these configurations, solution approaches can be classified into exact and heuris-
tic methods:

Exact methods. Exact methods for static-deterministic TRSP configurations 
include branch-and-price, branch-and-cut, branch-and-cut-and-price, and column 
generation.

Heuristic methods. Heuristic solution methods can be classified as follows:

	● Local-search based methods: adaptive large neighborhood search, variable 
neighborhood search, iterated local search, greedy randomized adaptive search 
procedure.

	● Evolutionary methods: genetic algorithm, ant colony optimization, particle swarm 
optimization, adaptive memory programming.

	● Matheuristics.

6.2  Stochastic-dynamic TRSPs

Realistic-sized instances of stochastic-dynamic TRSPs generally cannot be solved 
to optimality due to the curses of dimensionality. Therefore, authors apply heuris-
tic solution methods that, in a broader sense, can be subsumed under the class of 
approximate dynamic programming (ADP) methods. According to Powell (2022), 
ADP methods can be divided into two classes, policy search and lookahead approxi-
mations, each of which has two subclasses. Policy search methods have in common 
that a particular functional form of the policy is specified and its parameters are 
tuned. Of this class, only cost function approximations (CFAs), which are parameter-
ized static-deterministic optimization models, are proposed in the TRSP literature. 
Lookahead approximations determine state (-action) values to evaluate feasible deci-
sions. Subclasses are value function approximations (VFAs), which use statistical 
learning, and direct lookahead approximations (DLAs), which explicitly anticipate 
the future evolution of the planning horizon from the current state onward.

In the TRSP literature, the vast majority of methods belong to two particular spe-
cial cases of these methods: first, and most commonly, a static-deterministic TRSP 
formulation is solved based on the available information at the current decision 
epoch. If such a formulation comprises multiple periods (days), it can be classified as 
a deterministic DLA. Otherwise, it is a myopic CFA. Second, VFA methods drawing 
on reinforcement learning algorithms are proposed.

7  Future research directions

Our modeling framework not only enables the systematic reconstruction of exist-
ing models, but also facilitates the identification of new TRSP configurations. Next, 
by examining which combinations of modeling dimensions and realizations remain 
underexplored in Tables 2 and 4, we derive potential directions for future research 
that address underrepresented yet practically relevant configurations:
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Online-to-offline business models. In modern online-to-offline business models 
for technician-based ancillary services (see, e.g., DHL, 2026; IKEA, 2026; Rhenus, 
2026), the interaction between provider and customers takes place digitally when 
it comes to requesting and booking services. Thereby, requests arrive dynamically 
over time, and providers have to decide on TW offers for incoming requests without 
knowing the number of future requests, their TW preferences, and their skill or equip-
ment requirements. Accordingly, it is state-of-the-art to manage these services by 
solving a stochastic-dynamic TRSP.

	● Stochastic-dynamic modeling of teaming and synchronization: The literature on 
stochastic-dynamic TRSPs has so far been limited almost exclusively to services 
of type (a) (see Tables 2 and 4). Despite their relevance in practice for provid-
ers of technician-based after sales field services in an online-to-offline business 
model (see, e.g., DHL, 2026; IKEA, 2026; Rhenus, 2026), only Anoshkina and 
Meisel (2020) model service types (b) and (c) through a stochastic-dynamic con-
figuration.

	● Demand management: Furthermore, requests may be placed several days in ad-
vance, creating demand interdependencies across days. This gives providers the 
opportunity to actively manage demand by dynamically controlling service avail-
ability or prices, which has various benefits: for instance, by controlling which 
TWs are made available, the provider can try to steer all customers in a certain 
neighborhood into the same TW. This improves demand consolidation and re-
source utilization, and directly translates into cost savings (e.g., travel cost, ve-
hicle fixed cost, overtime cost). Further, demand management allows reserving 
resources for future high-priority requests.

If a provider applies demand management, special stochastic-dynamic TRSPs arise, 
which belong to the family of integrated demand management and vehicle routing 
problems (i-DMVRPs) (Fleckenstein et al. 2023). To date, the work of Avraham and 
Raviv (2021) is the only (stochastic-dynamic) TRSP that includes demand manage-
ment by modeling it as an i-DMVRP. However, in modern business applications, 
real-world TRSPs for technician-based after-sales field services often constitute 
i-DMVRPs.

Crucially, none of the request-based TRSPs considers rewards from routing and 
scheduling decisions as it is standard modeling practice in other application areas of 
i-DMVRPs, such as AHD. In terms of our modeling framework, this would require 
combining request-based and day-based decision-making – a configuration that has 
not yet been investigated.

Combined teaming and synchronization. Although service types (b) and (c) can 
be straightforwardly combined (see Sect.  4.2.2), this joint configuration has received 
almost no attention in the literature. In practice, sequential tasks associated with a ser-
vice request are often executed by teams rather than by single technicians. Examples 
include the 2-man-handling offered by DHL and Rhenus, where teams of two techni-
cians sequentially deliver and install furniture, white goods, or consumer electron-
ics (DHL, 2026; Rhenus, 2026). Explicitly integrating teaming and synchronization 
decisions therefore represents a natural extension of existing TRSP configurations.
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Technician-oriented objectives. These objectives are highly underrepresented in 
the surveyed literature, even though the efficient deployment of technicians repre-
sents a central goal of TRSPs. Team consistency provides an illustrative example: 
maintaining stable teams over time fosters effective working relationships among 
technicians, reduces stress and coordination effort, and lowers the likelihood of mis-
communication, which in turn may contribute to fewer service failures and rework 
visits (Kalisch et al. 2008; Russel et al. 2011). Nevertheless, Anoshkina and Meisel 
(2020) are the only authors who incorporate team consistency into their configuration.

Equipment requirements. In response to growing concerns about climate change 
and resource scarcity, repair services are gaining importance in the after-sales service 
market as a means to extend product lifespans and support sustainable consumption 
and production (Laitala et al. 2021). In some regions, legislation actively promotes 
repairs: for example, households in the state of Thuringia, Germany, received reim-
bursements of up to 100 euros per repair procedure of white goods (Verbraucherzen-
trale-Thüringen, 2026). Consequently, effective spare-part inventory management 
becomes increasingly critical. As repair services rely on the availability of appropri-
ate tools and spare parts, suboptimal inventory decisions may result in failed service 
attempts, rework visits, and increased operational cost (Pham and Kiesmüller 2024). 
Nevertheless, our literature classification reveals that equipment requirements and 
the associated consideration of holding cost remain underrepresented in TRSP con-
figurations. In line with Agatz et al. (2025), we therefore encourage future work to 
more tightly couple technician routing and scheduling decisions with inventory plan-
ning for tools and spare parts.

Solution methods. As noted in Sect.  6, a systematic analysis of solution meth-
ods, in analogy to the configurable modeling framework, is beyond the scope of this 
paper. Nevertheless, our review reveals that heterogeneity at the solution-method 
level is even more pronounced than at the modeling level (see Table 5), as multiple 
methods are often proposed for the same configuration. Just as a unified view on 
the modeling landscape, a unified framework for solution methods would be highly 
beneficial. It could support a more transparent comparison and evaluation of alterna-
tive methods, especially for identical or at least similar configurations, and, in turn, 
could accelerate methodological progress. For stochastic-dynamic configurations in 
particular, aligning solution methods with model formulations more closely is prom-
ising. In this context, ADP and RL methods that explicitly exploit the MDP structure 
of these configurations appear especially valuable (see, e.g., Pham and Kiesmüller 
2024; Stein et al. 2025).

8  Conclusion

In this survey, we provided a structured review of TRSPs arising in technician-based 
after-sales field services. Motivated by the heterogeneity of the existing literature, 
we introduced a unified modeling framework that organizes TRSPs at the model-
ing level rather than solely at the problem level. Building on a modeling taxonomy, 
the framework decomposes TRSPs into immutable core routing constraints as well 
as service- and technician-related constraints, and objective components. Further-
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more, our taxonomy also accounts for sequential decision-making under uncertainty. 
Applying the framework to classify the static-deterministic and stochastic-dynamic 
TRSP literature (Tables 2 and 4), we demonstrate that a TRSP can be represented as 
a specific configuration of our modeling framework.

Drawing on the real-world applications discussed in Sect.  2 and the model-based 
classification of the literature in Sects.  4 and 5, we derive research gaps as well as 
promising directions for future research. Among others, these include the stochastic-
dynamic modeling of problems involving teaming and synchronization, the inte-
gration of demand management and routing decisions within an i-DMVRP, and a 
stronger consideration of resource-related problem features, in particular technician-
oriented objectives and equipment requirements. Given the identified research gaps, 
we encourage researchers to use these directions as a starting point for advancing 
TRSP configurations toward modern real-world applications. This is particularly rel-
evant in light of the growing importance of after-sales services in both B2C and B2B 
markets, driven by trends such as servitization, the extension of product lifetimes, the 
differentiation from market competitors, and the increasing complexity of technical 
products.
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