
NICOGRAPH International 2015, pp. 55 – 61

The Development of an Application for Art Gallery Planning

Mikael Fridenfalk Masaki Hayashi Leo Sandberg

Department of Game Design, Uppsala University

{mikael.fridenfalk, masaki.hayashi, leo.sandberg} (at) speldesign.uu.se

Abstract
A system is presented for the algorithmic placement of, for example, artworks in a gallery, based on an arbitrary
number of predefined categories by which each artwork can be numerically appraised. By the provision of
a weight value for each category set by a visitor, a personalized experience is thus created that effects the
placement of the artworks. To verify the system, a 3D simulation environment was built to enable the visitor to
experience the personalized art gallery. The algorithm for artwork placement was based on a simplified version
of a nearest insertion algorithm, providing for an approximate solution of the traveling salesman problem, with
the objective to either minimize the differences between the exhibited artworks along the path, or to invoke a
predefined amount of variation between the artworks.

1 Introduction

The Traveling Salesman Problem (TSP) [3], is one
of the most popular problems within computer sci-
ence, associated with many methods for approximate
solutions, but also with exact solutions, however in
the general case considered to be computationally too
expensive for practical applications [1]. A common
case of TSP consists of the evaluation of the mini-
mal route through M cities on a 2D map, where each
city is only visited once, and where the cost to travel
from one city to another is defined as the regular (also
known as the Euclidean) distance between the cities.

This paper presents a system for the placement of
works of art in a gallery based on (1) the appraisal
of each artwork within any predefined category by,
e.g., a curator, along with (2) the setting of a weight
value for each category by the visitor, depending on
the preference on the significance of each category.

TSP is often suggested as a viable method for the
calculation of personalized paths in physical muse-
ums [2, 16], given a gallery of a certain predefined
configuration. We could however not find any work
where TSP was used for the placement of the art-
work itself. Since TSP seems to be considered for the

calculation of the physical path along predetermined
positions in, e.g., art museums, where the actual se-
quence by which each artwork is visited is of minor
importance, the method presented in this paper solves
rather the reverse problem, namely given the physi-
cal positions in advance, e.g., how artworks may be
placed for a personalized experience.

Although the new method presented in this paper
in theory can be used for instance by a curator for the
automatic placement of artworks, it is however pri-
marily intended for use in a virtual art gallery or mu-
seum, to enable the visitor to walk through the gallery
in a virtual 3D environment without the need of phys-
ical presence, time pressure [7], or from the perspec-
tive of the curator, in the case of highly valuable art-
works, without the risk of possible degradation of the
artworks.

2 Proposal

This paper proposes a method for the arrangement of,
for instance, artworks in a gallery, where a predeter-
mined route for the visitor already exists. An exam-
ple of such route is presented in Figure 1. Here, each
wall section has been labeled by a number, marking
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the estimated sequential order by which the artworks
are expected to be visited.
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Figure 1: Configuration of gallery section.

The proposed method consists of the application of
a TSP model, based on the assignment of values to
each artwork, contingent of at least two independent
variables (since the use of one variable would reduce
the problem into a sorting problem). The variables,
or in this context, categories (or more specifically, in
a mathematical context, spatial dimensions, translat-
ing the problem into an N -dimensional TSP), yields
an M ×N matrix, here denoted as U, where M des-
ignates the number of artworks, synonymous with the
number of cities in TSP, or the number of nodes in
graph theory, and where each element umn in U, in
the nominal case, is expected to be assigned a per-
centage value between 0 and 100.

Regarding the distance function in our TSP model,
given the Euclidean distance in RN :

DN =

√√√√ N∑
n=1

(∆xn)2 (1)

the distance between two cities, i and j, is in our pro-
posed model defined as:

dist(i, j) =

∣∣∣∣∣∣∣
√√√√ N∑

n=1

(
wn · (uin − ujn)

)2 − c
∣∣∣∣∣∣∣ (2)

where c denotes the distance offset, which by default
is set to zero. If a constant amount of variation is
preferred instead of minimization of the differences
between the artworks along the path, c may be set
to a higher value. The coefficient wn denotes the

weight assigned to each category by the visitor, i.e.,
totallyN weight values, preferably each set to a value
not smaller than 0.1 or larger than 10, depending on
the significance of the category. As a higher weight
value wn increases the distance between the nodes
(along the n:th dimension of the N -dimensional TSP
model), the result is that while change comes easier
(along the path) to categories with lower weight val-
ues, change is applied more gradually to categories
assigned higher weight values. However, at imple-
mentation, wn may for the purpose of optimization
be used at a preprocessing stage, by the application of
umn ← wn · umn, for all cities, to relocate the cities
accordingly, thereby eliminating the need for the ex-
plicit incorporation of wn in (2).

Regarding the categories themselves, a few exam-
ples by which each artwork may be numerically ap-
praised follows as: (1) physical (coloring, size, com-
position, etc.) [14], (2) thematic, (3) emotional, (4)
psychological, and (5) historical (from the point of
art history). Such categories require however, in gen-
eral, some level of expertise for accurate numerical
estimations. A more detailed example of how cate-
gories may be selected, and artwork values assigned
and scaled, is presented in Section 4.

3 Implementation

The application was developed and implemented in
C++ using OpenGL [12], Simple DirectMedia Layer
(SDL 2.0) [15] and Xcode [18].

3.1 Virtual 3D Environment

Each wall section (here defined as a place holder for
a single artwork), is dimensioned 3 × 3 meters. The
gallery section used in the 3D simulation experiments
is presented in Figure 1. The camera in the virtual en-
vironment is, in a visitor mode, positioned at the ex-
pected height of the sight of the visitor. All measure-
ments in the simulation environment are designed to
be accurate compared to the real world. The exhibited
paintings are thus displayed by their accurate size, ob-
tained in millimeters by the application, to which all
images are rescaled. The paintings are loaded into the
application in jpg-format, and for high performance,
internally saved and rendered as textures, using the
graphics memory. The 3D system enables user con-
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void TSP::InsertionSearch(int M){
for (int c = 0; c < M; c++){

double d, p = 1e50; int a, b, m = 0;
for (int i = 0; i < c; i++){

a = mPath[i], b = mPath[(i+1)%c];
d = dist(a,c) + dist(b,c) - dist(a,b);
if (p > d){p = d; m = i;}

}
for (int i = c - 1; i > m; i--) mPath[i+1] = mPath[i];
mPath[m+1] = c;

};
};

Figure 2: The implementation of a simplified version of the Nearest Insertion Algorithm.

trol in two modes: a visitor mode for nominal walk
around in the gallery, and an examination mode, pri-
marily intended for taking a closer look at 3D art-
works.

3.1.1 Visitor Mode

In the visitor mode, the user is able to walk in the
3D gallery in the same way that most 3D-based com-
puter games enable motion. The keys W-S-D-A cor-
respond to forward/backward motion, versus rotation
to right/left. Similarly, dragging the mouse while
holding the left mouse button pressed, enables rota-
tion up/down (camera tilt), versus right/left (camera
pan).

3.1.2 Examination Mode

In the examination mode, the user is able to right-
click the mouse button on any point in the 3D sys-
tem, which by this action will be assigned as the new
look-at position, defining the direction of the camera
from the point of the view of the user. This method
is based on the inverse calculation of 3D projections
in the scene, depending on the mouse cursor location
on the screen, using the depth buffer in OpenGL to
evaluate the requested position in 3D. Zooming is in
this context performed by dragging the mouse by the
right mouse button. Rotation of the scene around the
look-at position, up/down (camera tilt) and left/right
(camera pan), is additionally performed by dragging
the mouse by the left mouse button.

3.2 TSP Algorithm

The algorithm that was developed for the approximate
solution of TSP in this work, showed to be in practice
identical to one proposed in [8]. As a note on com-
putational costs, the average complexity is O(n2),
which is not untypical for relatively concise algo-
rithms for approximate solutions of TSP. A slight up-
date to this algorithm was suggested a few years later,
called the Nearest Insertion Algorithm [13], which in
addition played a role in the assignment of the work-
ing name “Insertion Search” for the implemented al-
gorithm in this work.

In the Nearest Insertion Algorithm, at each stage, a
Hamiltonian circuit containing a subset of the nodes
(synonymous with cities in TSP) is built up, and a
new node is inserted into the circuit between two ad-
jacent nodes. Given the distance function, dist(i, j),
between any two nodes, i and j, the algorithm may
according to the original formulation be expressed as
follows:

1. Start with a subgraph consisting of a single node,
say node i.

2. Find a node k, such that dist(i, k) is minimal.
Add this node to the subgraph, and construct a
Hamiltonian circuit (for the subgraph) consisting
of two occurrences of the edge (i, k).

3. Given a Hamiltonian circuit containing a subset
of the nodes, find the uncontained node k clos-
est to any contained node, i.e., find a minimal
dist(m, j) such that node m is in the circuit and
j is not, and take k = j.
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4. Given k, find an edge (i, j) in the Hamiltonian
circuit for the subgraph such that dist(i, k) +
dist(k, j)− dist(i, j) is minimal. This can be in-
terpreted as finding a place in the circuit where
node k can be inserted at minimum cost.

5. Given k and the edge (i, j), obtain a new Hamil-
tonian circuit by replacing edge (i, j) with edges
(i, k) and (k, j).

6. If there are any remaining nodes not in the
Hamiltonian circuit, go to step 3. Otherwise, the
algorithm is finished.

The TSP algorithm implemented in this paper was de-
veloped independently of the one in [8], and the Near-
est Insertion Algorithm [13] (and similar formulations
of the Nearest Insertion Algorithm, such as in [5]),
partly in context with the development of an assign-
ment selector for the automatic generation of exami-
nation papers in discrete mathematics [6], in principle
to maximize the difference between subsequent as-
signments, from one examination to another, belong-
ing to the same assignment category.

Although the algorithm suggested in [8], is similar
to the Nearest Insertion Algorithm, the main differ-
ence is that this algorithm accepts any node, k, out-
side the Hamiltonian circuit in step 3 (according to
above), as demonstrated in Figure 2, which while still
effective, provides for a concise implementation. In-
sertion Search is greatly similar to Insertion Sort [4],
which also inserts, not a presorted, but in principle an
arbitrary node (or in this context element) k, during
each loop. Given the distance dist(i, j) between any
two nodes, i and j, and a vector declared in C++, that
represents the outcome of the algorithm after execu-
tion (as shown in Figure 2):

int mPath[MAX_CITIES];

The TSP algorithm implemented in this work may
thus briefly be expressed as follows:

1. Given a vector, select the third element (i.e., in-
dex 2), and build a Hamiltonian circuit by the
selection of the first three nodes (i.e., the nodes
with index 0, 1, and 2).

2. Select the next vector element, and denote it as
k. Add node k to the Hamiltonian circuit, by

the replacement of the edge (i, j) with (i, k) and
(k, j), in such way that dist(i, k) + dist(k, j) −
dist(i, j) is minimized, where i and j denote any
two adjacent nodes in the circuit.

3. Stop when all nodes have been inserted into the
Hamiltonian circuit, otherwise go to step 2.

In Figure 2, dist(i, j) is defined by (2), and the percent
sign (%) designates the mod operator. Briefly put, the
rationalization behind the presentation of the imple-
mented code in for instance C++, is that as a principal
rule, it simplifies the implementation and the testing
of the code by the reader, particularly in the case of
algorithms where small errors in the pseudocode may
be difficult to detect.

Figure 3: Example of a 2D TSP application with 300 cities,
using a simplified version of the Nearest Inser-
tion Algorithm.

4 Experiments

The main experiments were performed in three steps.
In a first step, the implemented TSP algorithm was
verified. An example of such verification in a 2D case
with 300 cities is presented in Figure 3, where the
starting point of the algorithm is marked by a slightly
enlarged dot. In a second step, the basic functionali-
ties of the 3D graphics simulation system was verified
by the use of enumerated paintings.

In a third and final step, a wide range of paintings
were considered [9, 17], and among these, 40 paint-
ings from the years 1400 to 1780 were selected from
the Kress Collection [10,11], as shown in Figures 4-5.
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Figure 4: The virtual 3D environment for walk-around in the personalized gallery.

Four categories were selected: size, year, portrait and
religious factors (many paintings in the Kress Collec-
tion consist of Christian motifs), and each painting
was assigned a numerical value based on either data
retrieved from the US National Gallery of Art [11], or
personal estimations.

In the case of production year, defined as the first
category, the following formula for an artwork, i, was
used, to linearly map each production year, yi, to a
value between 0 and 100%:

ui,1 = 100 · yi − ymin

ymax − ymin
(3)

where ymin and ymax denote the earliest work versus
the latest. In the case of size, defined as the second
category, the square root of the area, ai, of each paint-
ing was used:

ui,2 = 100 ·
√
ai −

√
amin√

amax −
√
amin

(4)

As a note, the areas of the paintings showed to range
between 0.059 - 4.7 m2. In the case of the portrait and

the religious factors, the estimations were performed
directly in a scale from 0 to 100%. The portrait factor
denotes in this context the extent by which a painting
is focused on the depiction of a person. The assigned
value was thus 100% for a painting with a sole fo-
cus on a person, and 0% for the depiction of a motif
without one, such as an artifact or a sole landscape.
Similarly, for the religious category, a purely religious
motif was assigned the value of 100%.

In addition to the experiments above, as a comple-
mentary note to the average complexity of the algo-
rithm implemented in this work, which as previously
noted is O(n2), speed trials showed that for 100 trial
runs of the algorithm for each parameter setting, the
average execution time (on a single core of a 2.66
GHz Intel Core i7 processor) was for two categories,
estimated to 78 µs for 40 cities and 4.10 ms for 300
cities (such as in Figure 3). For five categories, the
corresponding average execution time was estimated
to 145 µs for 40 cities and 6.02 ms for 300 cities.

– 59 –



NICOGRAPH International 2015, pp. 55 – 61

Figure 5: Visitor mode.

5 Conclusion

The new method suggested in this paper for the au-
tomatic placement of, e.g., artworks in a gallery (to
either assist the curator, or to create a personalized
experience for the visitor), showed in a few exper-
iments to work correctly, by either minimization of
the change in the assigned values of each category for
each artwork along the predefined path, or in the gen-
eration of a sequence of artworks with a predefined
amount of variation along the path.

The algorithm for approximate solution of TSP,
developed in this work (and here called “Insertion
Search”, due to great similarities with the sorting al-
gorithm Insertion Sort), was found to be in practice
identical to one in [8]. Implemented in C++, this al-
gorithm showed to be concise. In computer science
as well as in mathematics, brief solutions are as a rule
preferred to complex ones, which is applicable to this
work, where the accuracy of such solution is not con-
sidered to be a significant issue.
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