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a b s t r a c t
This paper develops a novel service request sequence optimization model for tower crane operation efﬁciency
improvement. The suggested model uses integer programming and modiﬁes the classical Traveling Salesman
Problem (TSP) formulation for optimizing construction tower crane operations. Numerical examples demonstrate that the application of the developed optimization model can result in 25–45% saving in the total travel
time of the tower crane depending on the number of simultaneous requests.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
Today, with the necessity of timely, on-budget and high quality operations in construction projects, effective use of construction equipment is
essential to successful completion of projects. Construction equipment
alone places a great ﬁnancial burden on projects and can cause economic
losses if not utilized efﬁciently. Cranes are among the costly construction
equipment, playing an important role in construction sites, especially in
high-rise building projects. Activities that depend on cranes are usually
on the project's critical path. Thus, improving crane operations can enhance project performance signiﬁcantly.
Construction cranes are classiﬁed into tower and mobile cranes.
Tower cranes are popular due to their high horizontal and vertical
reachability, as well as their small footprint, especially in dense areas
around the world [15]. The crane operation cycle consists of two work
modes: stationary and dynamic. The stationary mode is experienced
during loading or unloading when the hook does not have any motion
while the dynamic mode is experienced when the hook is moving, including hoisting (vertical), trolleying (radial) and slewing (circular)
movements. The total time associated with the crane's dynamic mode
comprises the crane's travel time in a working cycle.
In this paper, we investigate the impact of prioritizing the crane service sequence on the overall crane's travel time using an innovative
⁎ Corresponding author.
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optimization method, which speciﬁcally modiﬁes the Traveling Salesman Problem (TSP) optimization model, for maximizing the efﬁciency
of construction tower crane operations. For this purpose, an exact combinatorial optimization method is proposed to overcome the existing constraints of the general TSP model that make it inapplicable to
construction crane service sequencing. This model can assist on-site managers and crane operators in reducing the crane travel time through crane
service sequence optimization. Reducing the crane travel time yields a
shorter crane cycle and causes shorter delays in material delivery to
downstream crews, increasing the total productivity of crane operations
as well as those activities in need of crane services [16].
2. Background
Automating, planning and scheduling crane operations in order to
improve total operation efﬁciency is of major interest due to the fact
that cranes are the most instrumental material handling and lifting
equipment in construction projects. Their importance is not only due
to their high cost but also due to the central role they play in transporting
material on project sites. Previous research on crane operation improvement falls into two main categories: crane layout pattern optimization
and physical crane motion planning [21].
Crane layout pattern optimization deals with ﬁnding the optimum
crane location out of the available alternatives in order to satisfy criteria
such as balancing the workload and reducing the total crane operation
time, or minimizing the spatial conﬂicts between cranes and other
moving resources on the site. Zhang et al. [22] used a Monte-Carlo
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Fig. 1. Graphical illustration of a construction site layout.

a general mathematical model based on the well-known Traveling
Salesman Problem (TSP) method for sequencing crane service requests
with the ability of considering a relatively large number of requests in
order to minimize the total crane travel time leading to the reduction
of the total idle time of the on-site crew and equipment.

simulation model to optimize the location of a single tower crane. In another study, Zhang et al. [23] performed a location optimization analysis
for a group of tower cranes. Tam et al. [19], Tam and Tong [18], and recently Huang et al. [4] used various techniques to optimize the locations
of a single tower crane and several supply points, keeping the demand
locations ﬁxed.
Physical crane motion planning aims to develop methods and tools
that help the crane operator navigate the crane motions from the load
pick-up to delivery. The technologies and methods that have been
used to improve physical crane motion planning can be categorized
into three categories: vision enhancement to provide a better view of
the job site to the crane operator and reduce the need for a signal person
[2,16]; automatic or semi-automatic navigation to ensure smooth maneuvering between loading and unloading locations [13,14]; and motion planning and collision avoidance to provide a path between
loading and unloading locations while avoiding collision with objects
surrounding the crane [6,9,11,17].
Another potential way to improve crane operation efﬁciency is minimizing the distance and time that the crane travels through appropriate ordering of the sequence of locations which the crane hook must
visit in order to fulﬁll the service requested by the crews on a job site.
A brute-force/exhaustive search method with the capability of analyzing up to 15 simultaneous requests was proposed by Zavichi and
Behzadan [21]. This method addressed the problem of determining
the sequence of items to be relocated from their existing locations to
their newly assigned locations using a tower crane, such that the total
travel time is minimized. With the same objective, this paper presents
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3. Crane service sequencing problem (CSSP)
The low efﬁciency of crane operations has inverse impacts on the
construction project time and budget. Crane operation efﬁciency is inﬂuenced not only by the crane operator's skills in navigating the crane
but also by the decisions that the operator makes during operations.
Current construction crane operations are somewhat chaotic in
many parts of the world. In most cases, there is no strong preplanning
and scheduling of crane operations and service sequencing are conducted in real-time. In case of equally important tasks, the operator might
make the decision on sequencing the requests based on his/her instincts
or using heuristic scheduling rules, e.g., the FIFO (ﬁrst-in-ﬁrst-out) rule.
In other cases, when some level of preplanning exists, requests are sent
to the superintendent in advance and crane operations are scheduled
through coordination between the crane operator and the superintendent who tries to maximize the operation efﬁciency. New requests during the operations are addressed on an ad hoc basis, depending on their
priorities and crane availability. This scheduling process is signiﬁcantly
inefﬁcient and normally far from optimal. Therefore, the need for a planning method to enhance the crane service scheduling is eminent. The
recent technological and computational advancements enable us to
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Fig. 3. Possible request fulﬁllment sequences and their total travel time (T·T) for the CSSP example.

address this need effectively. For example, the available smartphone
technologies allow for real-time submission and update of the requests
by the crew, allowing for continuous updating of the crane operation
schedule using optimization models. These models can be efﬁciently
solved with the existing computational capacity that let us solve many
unsolvable optimization problems of the past in only a few seconds
[12]. Thus, this work tries to develop a new framework for real-time
and efﬁcient management of crane operations using optimization
models.
The crane service sequence problem can be best described using a
graph, i.e. collection of vertices and connecting edges, associated with
travel times. Fig. 1 shows a site layout using a graph consisting of crew
(C) and material (M) nodes in a construction site in which material is
delivered from m storage points to n working crews based on their
requests using a central crane. Each crew node sends its requests to
the crane operator to receive certain materials. The operator should
then decide the order of request fulﬁllment, trying to minimize the
total operation time as an objective with respect to different constraints
such as the due time and precedence of tasks.
Assuming that a subset of crews (w out of n) request material delivery, there are w alternatives for the decision maker (crane operator) to
pick from as the ﬁrst delivery service point. Once the ﬁrst target crew
node is chosen, the operator must load the requested material by this
crew and deliver it to the target node. If there is no new request, the process continues with w-1 requests until all the outstanding crane service
requests are fulﬁlled. Given that the operator is free to choose any order
of deliveries, there is a total of w! (permutation of w) possible ways to
fulﬁll all requests. In order to minimize the overall travel time, the operator needs to ﬁnd the optimal delivery sequence, which is not possible
without serious computations even in small problems. For example,
consider the small crane service sequencing problem (CSSP) depicted
in Fig. 2. This problem includes one crane, three request (crew) nodes,

C1

C2

and three material loading nodes. The travel time associated with the
crane movement between each two nodes are shown next to the arcs
connecting the nodes. Solid lines represent the outstanding crew requests (e.g., crew 1 needs material from material storage 2 and crew 2
needs material from material storage 3), dashed lines indicate the
crane travel routes from the crew nodes to the material nodes, and dotted lines are outgoing/incoming routes from/to the crane nodes. The
outgoing routes from the tower crane node relate to the crane movement at the beginning of each service batch or at the beginning of the
workday. The incoming routes to the crane node (from crew nodes to
the crane node), on the other hand, relate to the crane movement at
the end of each service batch at the end of the workday or when there
is no outstanding request in the system.
In this problem, there are 3! possible movement sequences to fulﬁll
the requests. Fig. 3 shows sample sequences, each with a different total
travel time. The crane operator must decide the order of locations to be
visited in order to fulﬁll all outstanding requests while minimizing the
total travel time. This problem only has one optimal solution with a
total travel time of 27 time units. For this small problem, the optimal
order can be found through enumeration. However, the possible sequences grow signiﬁcantly with increase in the number of requests.
Thus, ﬁnding the optimum delivery order with the least travel time
through enumeration (brute-force search) as done in previous research
[21] is not mathematically efﬁcient.
In practice, different heuristics might be used in order to obtain the
near-optimal operation sequence in the absence of crane operation optimization tools. Three heuristic rationales for ordering the deliveries include fulﬁlling requests based on the ﬁrst-in ﬁrst-out/served (FIFO)
method, fulﬁlling the nearest neighbor's request next or the nearest
neighbor ﬁrst (NNF) method, and fulﬁlling the request with the shortest
travel time next or the shortest job ﬁrst (SJF) method. While these
methods can improve the crane operation efﬁciency to some extent,
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they do not generally result in the shortest path and least completion
time, and do not guarantee an optimal solution [3]. Thus, the main objective of this paper is to develop an optimization method for solving
the CSSP. To examine the efﬁciency of the heuristic order sequencing
methods, crane travel time based on these methods is compared to
the optimal travel time calculated using the optimization model proposed in this study. This will also help identify the best heuristic method
for order sequencing in the absence of optimization models.

• Unlike TSP, cost (distance) is not only associated with the edges, but
also with the nodes in the resulting TSP. The time associated with an
edge relates to the travel time from a delivery node to a new request
node while the time associated with each node represents the travel
time from a material node to the target delivery node requesting
that material. The optimization problem targets minimizing the total
time of traveling on the edges while the node-speciﬁc times are
constant and not sensitive to routing options.
• Unlike TSP, in CCSP the crane (corresponding to the salesman in TSP)
can visit one node (crew or material) more than once.
• CCSP is inherently asymmetric regardless of the initial graph
characteristics.
The ﬁrst step in solving CSSP is to develop a travel time (cost or
distance) matrix (C) associated with the connecting arcs in the original
CSSP problem (prior to conversion). This matrix is referred to as the
location travel time matrix, which is a square (n × n) matrix in the
following form:
2

c11
C¼4 ⋮
cn1

⋯
cij
⋯

3
c1n
⋮ 5
cnn

where n is the number of nodes in the graph and cij reﬂects the time that
it takes for the crane hook to travel from node i to node j.
4.1. Hook travel time calculation

4. Method
In principle, the CSSP is similar to the Traveling Salesman Problem (TSP)—a well-known combinatorial optimization problem. In TSP,
the salesman starts from an initial location, visits a prescribed set of cities, and returns to the original location in such a way that the total distance traveled is minimized and each city is visited only once [3]. TSP is
one of the most notorious problems in Operation Research for being
easy to explain but hard to solve [20]. This problem is an NP-complete
problem that has become representative of difﬁcult combinatorial optimization problems. In TSP, starting at city 1, the salesman has n − 1
choices for the second city to visit and n − 2 choices for the third city
to visit, and so on. Thus, there are (n − 1)! possible tours in case of
asymmetry (when the distance from city i to j is not equal to the distance from city j to i) and (n − 1)!/2 possible tours in case of symmetry.
CSSP can be formulated as a TSP, assuming that each request
(starting from a material node and ending in a crew node) is a city
and travel time associated with each link is the distance between two
cities connected by the link. Based on this approach, the crane hook
should fulﬁll requests by visiting request nodes and return to its initial
position once no other outstanding request is left. This converts the
CSSP to an asymmetric TSP, in which the cost (travel time) of moving
from i to j is different from the cost of moving from j to i.
Fig. 4 shows how a sample CCSP can be converted to a TSP based on
the suggested approach. The following points must be noted about the
resulting TSP:

Reducing the crane operation cost involves minimizing the transportation time of the crane for which a reliable estimation of the hook travel
time is required. Statistical and analytical models [10] have been applied
for crane travel time estimation. In statistical models, the main driving
variables (e.g. loading and unloading locations, crane trolley velocities
(vertical, angular and radial), site conditions, and operator's skill level)
are identiﬁed based on knowledge from ﬁeld studies and a regression
model is used to examine the correlations between these variables
and travel time. Leung and Tam [10] used multiple linear regression
models and Tam et al. [19] developed a nonlinear neural network
model to predict the relationship between the driving factors, as independent variables, and transportation time, as a dependent variable. In
analytical models, the number of variables is limited compared to the
statistical models. Zhang et al. [21] developed an analytical model for
tower cranes using the Cartesian coordinates of the supply, demand
and crane locations. Since 1996, this mathematical model has remained
almost intact and has been used in different studies [4,18,19,23]. Similarly, a polar coordinate system is used in this study in order to build
the location travel time matrix.
4.1.1. Modeling transportation time using a polar coordinate system
Fig. 5 shows a polar coordinate system with pole C and polar axis X,


where C is the crane's base location r Crk ; θCrk ; z and X is an arbitrary
ﬁxed direction from which other angles are measured. Cartesian locations (x, y, z) are used to calculate the radial distance (r) and angle (θ)

h

h

Without elevation
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With elevation
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Fig. 6. Hoisting height for supply and demand without/with elevation difference.
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using Eqs. (1) and (2):
r¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
x2 þ y2

−1

θ ¼ tan

ð1Þ

y

ð2Þ

x


tan−1 xy

where
is interpreted as the two-argument inverse tangent
which takes into account signs of x and y to determine the quadrant
which θ lies in.
Velocities in each direction can be based on the crane's manufacturing speciﬁcations (radial Vr(m/min), angular Va(rpm), and vertical
(i,j)
Vv(m/min) velocities). Radial (T(i,j)
r ) and angular (Ta ) components of
the hook travel time between two locations i and j are calculated
using Eqs. (3) and (4), respectively:
ði; jÞ

Tr

ði; jÞ

Ta

¼

¼





rsi −rD j 

¼

ði; jÞ

The CSSP can be represented by a directed graph G = (V, A), where V
is the set of n vertices (representing requests) and A is the directed arc
set. The mathematical formulation of the optimization model to solve
the CSSP is as follows:
X X

Minimize

Subject to

ð8Þ

p y
l kl kl

k

X





θsi −θD j 

y
k:k≠l kl

:

ð4Þ

X
k∈S




 z
z
Si −D j  þ 2  h
Vv

ð5Þ

where h is the minimum hoisting height.
Three parameters are used to account for operator's skill (α and β)
and the site conditions (γ). α is the degree of overlap in radial and angular movements, i.e., to what extent the operator can simultaneously
move the hook in both radial and angular directions. The travel time
in the horizontal plane can be calculated using Eq. (6):
Th

4.2. CSSP formulation

X

y
l:l≠k kl

To rectify the possible underestimation of the Zhang et al.'s model
[22] in estimating the vertical component of the hook travel time, in
problems with supply and demand node elevation differences (Fig. 6),
an extra motion (minimum hoisting height) is added to both sides of
the travel arcs (both loading and unloading locations). The minimum
hoisting height depends on the type of material (e.g., loading steel
bars requires a higher hoisting height than loading materials using a
bucket), site topography, obstructions on the job site, and safety factors.
Fig. 6 shows how the minimum hoisting height for the loading and
unloading points can vary on job sites with and without elevation differences. Given that the minimum hoisting height is traversed two times,
the vertical component of travel time can be calculated using Eq. (5):
ði; jÞ
Tv

open area without on-site obstructions. The values of α and β and γ
need to be estimated based on observations in the construction job
site. Using Eqs. (1)–(7) the location travel time matrix (C: (cij)) can be
developed.

¼1

∀k; l ∈ V; ðk; lÞ ∈ A

ð9Þ

ð3Þ

Vr

Va
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n
o
n
o
ði; jÞ
ði; jÞ
ði; jÞ
ði; jÞ
þ α  min Tr ; Ta
:
¼ max Tr ; Ta

ð6Þ

Parameter β is used to take into account the operator's skill in simultaneous movement of the hook in horizontal and vertical planes. Travel
time can change based on the working site conditions such as weather
conditions, existence of obstacles and various safety issues. Parameter
γ is used to account for working site conditions [4]. Total travel time,
which is the combination of the horizontal and vertical movement
times, can be calculated using Eq. (7):

n
o
n
o
ði; jÞ ði; jÞ
ði; jÞ ði; jÞ
Tði; jÞ ¼ γ  max Th ; Tv
þ β  min Th ; Tv

ð7Þ

where 0 ≤ α ≤ 1, 0 ≤ β ≤ 1, and 1 ≤ γ ≤ ∞.
α, β, and γ are continuous positive numbers. Lower values of α and β
reﬂect a higher degree of simultaneity in movements in two directions.
Lower values for parameter γ reﬂect more convenient operation conditions, e.g. the value of 1 is used for normal weather conditions in an

¼1

X

y
l∈S kl

ykl ∈ ð0; 1Þ

∀k; l ∈ V; ðk; lÞ ∈ A

≥1

S ⊂ V ; 2 ≤ jsj≤n−2 ; ðk; lÞ ∈ A

∀k; l ∈ V ; k ≠ l

ð10Þ

ð11Þ

ð12Þ

where P:pkl is the service request matrix associated with A.
The suggested integer optimization model determines the minimum
cost (travel time) circuit that fulﬁlls each request once and only once.
Such a circuit is known as a tour or Hamiltonian circuit (or cycle) [7]. Integer programming is a well-known method in the classic optimization
literature. The entire class of problems referred to sequencing, scheduling, and routing are inherently integer programs. In this problem, a binary decision variable ykl is associated with every arc (k,l), and is set
equal to 1 if and only if arc (k,l) is used in the optimal solution (k ≠ l).
In other words, ykl = 1 if the crane hook goes directly from request
node k to request node l, and ykl = 0 otherwise (constraint 12). Constraints 9–10 are degree constraints which specify that every vertex is
incident of one outgoing arc (constraint 9) and one ingoing arc (constraint 10). The solution considering only constraints 9 and 10 might
lead to a disconnected solution (subtour) that needs to be excluded
from the set of solutions. To eliminate the solutions that consist of
subtours (i.e., tours on subsets of less than n vertices), an additional constraint (constraint 11) is needed. S is a subset of V vertices and |s| is the
cardinality of S. In addition, S is a complement of S. Constraint 11 is only
valid when 2 ≤ |s| ≤ n−2 and prevents the solution to contain two or
more disjoint subtours.
The CSSP travel time matrix (service requests matrix (P:pkl)) is a
dynamic matrix composed of the location travel time matrix (C:(cij))
combined with the requests at a given time. The former matrix reﬂects
the travel time between request nodes. This matrix is inherently asymmetric (PT ≠ P).
As mentioned before, CSSP must be converted to an asymmetric TSP
here. However, asymmetric TSPs are complex to solve. One way of
solving an asymmetric TSP is to double the size of the distance matrix
by replacing every node in the graph with two nodes [5], having the
added nodes represent dummy cities. The links between each node
and its corresponding duplicated dummy node is associated with
super low travel costs (− ∞). This assures that a real node and its corresponding dummy node are passed through after each other in the ﬁnal
sequence. The original distances given in the service request matrix
(P:pkl) are used for distances between the nodes and the duplicated
dummy nodes, where paths start from real nodes and end in the duplicated dummy nodes. The distances between real nodes and between all
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Fig. 7. Site layout.

duplicated nodes are assumed to have very large costs (+ ∞) since there
is no path between them. This procedure transforms the asymmetric
matrix to a symmetric one. As an example, the following asymmetric
matrix for a TSP with four nodes (left) can be converted to a symmetric
matrix (right) through the explained procedure.
0
0

0
B d21
B
@d
31
d41

d12
0
d32
d42

d13
d23
0
d43

B
1 B
þ∞
B
d14
B
B
d24 C
C⇔B
d34 A B
B −∞ d12 d13
B d21 −∞ d23
0
B
@d
d32 −∞
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d14
d24
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−∞

−∞
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d21
−∞
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d24

d31
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−∞
d34

þ∞
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−∞

1
C
C
C
C
C
C:
C
C
C
C
A

Once an asymmetric TSP is converted to a symmetric one, the minimum transportation cost and its associated travel route can be found
using the proposed optimization model.
5. Numerical evaluation
To underline the utility of the suggested optimization model, its
performance is compared to three conventional heuristic scheduling
methods, namely the FIFO, SJF, and nearest neighbor NNF that are prevailing approaches for scheduling problems. The FIFO algorithm involves no intelligence and the crane operator processes the requests
based on the received order. Based on the SJF algorithm, the request
with the smallest estimated travel time has the highest priority to be
fulﬁlled. Based on the NNF algorithm, crane operator should serve the
next closest request after each delivery.
5.1. Computational experiment: a predeﬁned facility layout case
A numerical example with six material (supply) locations and eight
demand (crew) locations is considered here. In this problem (Fig. 7) one
central tower crane is in charge of transporting the materials. For
simplicity, the initial tower crane hook location is assumed to be at
(0,0,0) and other locations are determined with respect to that.
Table 1 provides the material and crew coordinates in this problem.
Speciﬁcations of the heavy-load 4000 HC 100 Liebherr tower crane are
used for crane velocities: Vv = 136 m/min, Va = 0.5 revolution/min
and Vr = 60 m/min. α and β are assumed to be 0.25 and 1, respectively,

based on previous studies [4,19,23]. γ is set equal to 1, assuming the site
conditions are normal [4]. Using the transportation model described in
Section 4.1.1 the hook travel time between the nodes can be calculated
to develop the location travel time matrix. The minimum hoisting
height is considered to be 5 m for this experiment (h = 5 m).
To evaluate the performance and utility of the proposed optimization model for solving CSSP with different sizes, the numerical example
is solved for 11 different sizes with different number of requests (i.e., 10,
20, 30, 40, 50, 100, 200, 300, 400, 500, and 1000 requests). Using a uniform probability distribution, random requests are generated for each
CSSP with a given size. To ensure that the generated problems are random, 100 CSSPs are generated and solved for each problem size, making
the total number of solved problems 1100 (100 × 11). Each of the 1100
CSSPs are then solved using the suggested optimization model as well as
the three heuristic crane operation algorithms. The mean and standard
deviations of the total travel times are determined for different problem
sizes using all the scheduling methods, i.e. FIFO, SJF, NNF, and CSSP optimization. The optimization model is solved using CONCORDE, a symmetric TSP exact solver [1] in integration with MATLAB.
Average savings in total travel time for different number of requests
under different scheduling methods with respect to the travel time
under FIFO method are presented in Table 2. To facilitate the comparison, the total travel time based on the FIFO scheduling method is set
as the baseline and other scheduling methods are compared to this
baseline. Results show that the intelligence added to the sequence processing reduces the average travel time by 9%, 32%, and 35% using the
SJF, NNF, and the optimal scheduling methods in comparison to the
FIFO method, respectively, for different numbers of requests in. As can
Table 1
Coordinates of the supply and demand locations.
Material location
(Supply)

Location
(x,y,z)

Crew location
(Demand)

Location
(x,y,z)

1
2
3
4
5
6

(76,−39,0)
(57,16,0)
(30,−39,0)
(0,−27,0)
(−30,−32,0)
(−55,1,0)

1
2
3
4
5
6
7
8

(86,29,10)
(20,41,5)
(6,29,3)
(−40,30,12)
(−79,42,4)
(−70,13,5)
(−77,−7,0)
(−72,−32,0)

A. Zavichi et al. / Automation in Construction 47 (2014) 69–77

°

Table 2
Average time saving under different scheduling methods (SJF, NNF, and optimization) for
the pre-deﬁned site layout example.
Number of requests

10
20
30
40
50
100
200
300
400
500
1000

Time saving relative to the FIFO
method (%)
SJF

NNF

Optimization

−1%
3%
3%
4%
5%
8%
12%
14%
16%
17%
19%

20%
24%
26%
29%
30%
35%
37%
38%
39%
40%
36%

24%
28%
30%
33%
34%
37%
38%
40%
40%
41%
41%

75

°

°

Run time (sec.)

°
0.16
0.21
0.27
0.56
0.83
6.42
11.14
29.71
105.2
258.4
1727.48

±
±
±
±
±
±
±
±
±
±
±

0.1
0.33
0.45
1.35
1.6
12.73
14.7
43.17
147.2
195.6
1129.6

be seen, the proposed optimal scheduling method outperforms the
other methods. The NNF heuristic rule also provides a satisfactory sequence scheduling without a need for optimization. The standard deviations for all problem sizes were less than 7% of the mean travel time. In
addition, the standard deviation decreased as the number of requests
increased.
Table 2 also reports the mean computational time and its standard
deviation for each problem size. Small computation times show the applicability of the suggested crane service sequence optimization method
in practice. Run times increased exponentially as the number of requests increased. The high variation in run times is due to the problem
structure variability, mainly due to the inclusion of the subtour elimination constraint in the model.
To evaluate the signiﬁcance of the optimized results in comparison
to the FIFO approach, the t-test was performed and the signiﬁcance
level (p-value) was calculated. The signiﬁcance level for all problem
sizes was less than 10−15. This suggests that the results are signiﬁcantly
different, rejecting the null hypothesis (μFIFO = μOptimal) for all problem
sizes, which shows the consistency of the method in ﬁnding the optimal
travel time.

°

°

°

°

°
°

°
°

Fig. 8. Random node coordinates around a central tower crane.

best heuristic scheduling method. The time savings increase for all
methods as the problem gets larger.
Here, the Concorde TSP solver was used for solving the CSSP problem. Concorde is considered as the best available solver for symmetric
TSP [8]. The largest instance that has been successfully solved by
Concorde had 85,900 vertices [8]. CSSP was originally an asymmetric
TSP which was converted to a symmetric TSP here by doubling the
size of the distance matrix. Therefore, logically we expect to be able to
successfully solve CSSP problems with up to 42,950 requests using
Concorde. The computational time was very small for small problems
with up to 100 requests, making the model applicable in practice. In
general, the obtained results for the random site layout are consistent
with the results in the previous case, indicating the robustness of the
performance of the suggested optimization model.

5.2. Computational experiment: a random site layout
5.3. Sensitivity to input parameters
To show the independence of the optimization model performance
from the site layout, the predeﬁned (deterministic) site layout of
Section 5.1 is replaced with a random site layout. To test the performance
of the sequencing methods in case of random site layout, for each problem, random nodes, scattered around a central tower crane with a 70-m
operation radius, are generated using a uniform probability distribution
(Fig. 8). Each random site layout is assumed to have 50 nodes with random coordinates and elevation differences from 0 to 10 m with respect
to the hook's initial idle position. Once random nodes are generated for
a CSSP, random request pairs (i, j) are generated using a uniform distribution. Each request (i, j) pairs a supply node (i) with a demand node
(j), where both i and j belong to the set of 50 generated random nodes.
In this case, each node in the random site can serve both as a supply or
demand location, depending on the randomly generated request pair.
Similar to the previous case, the problem is solved 100 times for 11 different sizes. Each of the 1100 problems has a unique randomly generated
layout with 50 nodes. Values of the other variables (crane velocities,
operator skill parameter, etc.) are the same as the problem illustrated
in the previous section.
Table 3 presents the results of the analysis for the random site layout
problem. Similar to the previous example with predeﬁned site layout,
the standard deviations of time savings are within an acceptable range
(10% in this case). Performance of the SJF method is not signiﬁcantly
better than the FIFO method, making it an inferior scheduling method
compared to NNF and optimal scheduling. On average, optimization results in a time saving of 36%. This value is 33% for the NNF method as the

To further examine if the model output is sensitive to the input parameters (Vv, Va, Vr, α, β, γ), a one-way sensitivity analysis is conducted.
In the one-way sensitivity analysis, only one parameter changes at a
time while other parameters remain constant and the impact of the
change on the model output is examined. For simplicity, the problem
size is ﬁxed to 100 requests. The general modeling procedure is the
same as the previous case with random site layouts. Each time, one
input parameter of the model is changed by a given amount within a

Table 3
Average time saving under different scheduling methods (SJF, NNF, and optimization) for
the random site layout example.
Number of
requests

Solution algorithm

Run time (sec.)

SJF saving (%)

NN saving (%)

Optimal saving (%)

10
20
30
40
50
100
200
300
400
500
1000

1%
0%
1%
1%
1%
2%
3%
3%
3%
4%
8%

18%
24%
27%
29%
30%
35%
38%
39%
40%
40%
42%

25%
30%
32%
34%
34%
38%
40%
41%
41%
42%
43%

0.71
0.82
0.93
1.16
1.9
8.01
45.33
128
293
346.9
3269.4

±
±
±
±
±
±
±
±
±
±
±

0.06
0.1
0.18
0.26
1.29
11.6
56.04
227.6
541.3
626.9
2267

76
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Fig. 9. Sensitivity analysis results.

meaningful range, and the mean value of time saving percentage for 100
trials is recorded. Fig. 9 shows the sensitivity analysis results. Each graph
shows how the average time saving percentage with respect to the FIFO
method varies by changing the value of one of the input parameters.
While the model output is sensitive to the input parameters, the linear
relationship between the input parameters and the time saving suggests that the model performance is not affected by input values and
the output changes are consistent with the input changes. It must be
noted that saving in operation time is expected through application of
the proposed optimization model, independent of the crane model
and its velocity speciﬁcations. Nevertheless, the level of time saving
can change based on velocity speciﬁcations as the sensitivity analysis results indicate.
6. Conclusions
Use of an optimization technique to improve the crane operation efﬁciency via prioritizing job requests was proposed in this paper. An
exact combinatorial optimization method, which is a modiﬁcation of
the “Traveling Salesman Problem (TSP)”, was proposed for minimizing
the = crane travel time by optimal ordering of the crane movement
sequences.
The suggested optimization model results in 25–45% saving in the
travel time in comparison with the conventional First-In-First-Out approach in fulﬁlling the requests. The model's performance is not highly

sensitive to the input parameters and different jobsite speciﬁcations.
The small run time of the optimization model makes it useful in practice,
helping reduce crane operation time and crane-related activity costs
considerably. The developed model optimizes the crane travel time
only, which is a signiﬁcant portion of crane cycle operations, especially
in high rise constructions where the loading and unloading times constitute a small portion of the crane movement cycle.
While the proposed model was tested for the operations of a single
crane, it can be extended to solve multi-crane operation scheduling
problems. This would require solving an assignment problem as the
primary step. The assignment problem in this case is the combinatorial
optimization problem of ﬁnding the maximum weight matching in a
weighted bipartite graph to reduce the total travel times considering
some crane-speciﬁc constraints such as distance of the cranes to
loading/unloading locations. The assignment problem is ﬁrst solved to
assign the requests to a speciﬁc crane and the assigned requests are
then optimized using the service sequence optimization model developed in this study. In addition, the proposed model can be extended
to consider other factors such as request deadlines, and dynamic or intermittent requests, which can be the subject of future studies.
Similar to any other modeling study, this study had some limitations
and simplifying assumptions. Here, the travel time between two nodes
was considered to be deterministic while the travel time can vary in
practice. Future studies can consider stochastic travel times. Given
that the time savings increase with an increased travel time resulting
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from elevation differences, future studies can investigate the effects of
larger elevation differences (more than 10 m) on the travel time. This
study assumed that each loaded bucket can be sent to one target location only, i.e., the crane hook does not visit multiple demand nodes
after being loaded. Future studies might relax this assumption. To
make the developed proof-of-concept model more practical, task deadline, sequence priority, and intermittent requests can be added to the
problem formulation. While in this study the travel time was assumed
to be independent of the load, future studies can evaluate the effects
of material weight on the travel time. Finally, given the crane operation
efﬁciency is strongly tied to the project duration and cost, future studies
might consider evaluating this connection.
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