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Genetic Algorithms (GAs) have been widely applied to
M ultiobj ective Optimization Problems (M OPs), called
MOGA. A set of Pareto solutionsin M OPs having plu-
ral fitness functions are searched, then GA is applied
in amultipoint search. MOGA performance decreases
with the increasing number of objective functions be-
cause solution space spreads exponentially. An effec-
tive MOGA search is an important issue in many ob-
jective optimization problems. One effective approach
is assembling objective functions and reducing their
number, but appropriate assembly and the number of
objective functions to be assembled has not been stud-
ied sufficiently. Our purpose hereisto determine the
effects of assembling objective functions by studying
assembly effects when MOGA is applied to a simpli-
fied Nurse Scheduling Problem (sNSP) in two types
of assembly based on objective function meaning and
correlation coefficients.

Keywords. nurse scheduling problem, many-objective
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1. Introduction

In applying Genetic Algorithms (GAs) [1] to Mul-
tiobjective Optimization Problems (MOPs) [2,3], or
MOGA [4], a set of Pareto solutions is searched for that is
superior to other solutions in at least one objective func-
tion, in MOPs if objective functions are a trade-off. The
GA is effective because it features a multipoint search and
can search Pareto solutions in one trial. MOGA perfor-
mance, however, decreases with an increase in the number
of objective functions because solution space spreads ex-
ponentially [5-7]. Effective searching in Many-objective
Optimization Problems (MaOPs) — MOPs with four or
five objective functions or more — has become an impor-
tant issue. Approaches such as parallel distributed pro-
cessing, which improves computation time, or assembling
objective functions and decreasing evaluation space, can
ensure an effective search in such problems. Parallel dis-
tributed processing, e.g., the master-slave and island mod-
els, reportedly effectively decreases computational time
and conserves solutions [8-10].
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Because appropriately assembling objective functions
has yet to be studied, we determined the effects of as-
sembling objective functions to find appropriate assembly
and the number of objective functions to be assembled in
MOPs.

We studied the effects of assembling objective func-
tions, whether they were indeed assembled, on searching
genotype and evaluation space using visualization [11].
We applied Nondominated Sorting Genetic Algorithm-11
(NSGA-II) [12], a well-known MOP optimization, to a
simplified Nurse Scheduling Problem (sNSP) [13, 14] us-
ing two types of assembly based on objective function
meaning and correlation coefficients. We compared dif-
ferences in searching area and the superiority of solutions
— for whether objective functions of SNSP are assembled
— using visualization.

2. Visualization

We used visualization proposed by H. Ishiguro
et al. [11], to visualize evaluation values and genes in the
same space by defining the distance between genes, eval-
uation values, and gene and evaluation values. The dis-
tance between genes i, j, encoded in binary, is defined by
Hamming distance (G;jj) and between evaluation values
i, j by Euclidean distance (E;j), and the distance between
gene i and evaluation value j by their dissimilarity (Djj).
Dissimilarity is defined as follows:

(le_ )(EJK_EJ)
Dij=1— . , (1)
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Np is the number of visualized solutions.
Gj;0 Ejj, and Djj are calculated by normalizing G;i;O
Eij, and DI j with their average and variance for use and
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used in the objective function of Multidimensional Scal-
ing (MDS) [15] in Eq. (2), where gj;0 e,*j, and djj are
the distance in visualization space. By minimizing ob-
jective function % in Eq. (2), genes and evaluation val-
ues are plotted in the same space, while each distance in
original space is kept as is, making it possible to grasp
relationships of similarities between genotype and evalu-
ation space, because in visualization space, the distance
between genes and evaluation values means the distance
in genotype or evaluation space and the distance between
gene and evaluation means the dissimilarity of space.
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3. Simplified Nurse Scheduling Problem

The Nurse Scheduling Problem (NSP) is a combinato-
rial optimization problem for scheduling monthly nursing
work, e.g., day, night, midnight, and holiday shifts, while
meeting certain conditions. We combined these four shifts
and nurse schedules for ten nurses and one week are de-
signed to simplify this simplified nurse scheduling prob-
lem.

Conditions include shift sequence, the number of
nurses needed per shift, required nursing skills, and the
“fairness” of shifts. Insufficiency in work conditions is
used as an objective function and NSGA-II applied. Ob-
jective functions of sSNSP are shown in Table 1. All ob-
jective functions except for the 4th are degrees of insuffi-
ciency for each condition, and the 4th is sufficiency. Obj4
is multiplied by —1 to minimize objective functions. In
actual schedules, no solution satisfies all conditions or is
extremely difficult to search for, so the NSP becomes a
multiobjective optimization problem.

4. Experiments

NSGA-II is applied to SNSP as shown above and search
performance compared, with one in which objective func-
tions are assembled based on meanings or correlation co-
efficients and with the other not assembled. Pareto so-
lutions acquired each way are visualized and the effect of
assembly determined. For GA parameters, solutions num-
bered 5000, the crossover rate was 1.0, and the mutation
rate was (1/gene length). Settings such as coding, genera-

\Vol.14 No.6, 2010

Basic Study on Assembling of Objective Functions in MaOPs

Table 1. Objective functions in SNSP.

Obj; | number of violations for necessary number of nurses
in shifts

Obj, | number of violations for necessary skill of nurses in
shifts

Objs; | number of prohibited shift sequences

Objs | number of recommended shift sequences

Objs | number of excessive night and midnight shifts

Objs | number of insufficient for fairness of holidays

Obj7 | number of insufficient for fairness of consecutive
holidays

Objg | number of miss-allocation for continuous 2 holidays
in a week

tion of initial populations, crossover, and mutation are the
same as in [11].

4.1. Experiment 1: Meaning-Based Assembly

Assembly based on meaning is divided into 4 objective
functions, the same as in [11], and is used as in Eq. (3).
Obj;1 to Objg were assembled into FO F,0 F3 and F4
based on four meanings — shifts in a day, shift sequences,
fairness and holidays. As in [11], Objs was multiplied
by 2 because it is the objective function for prohibited
shift sequences and more important than Obj, for recom-
mended shift sequences in F.

min F(shiftsinaday) = Obj; + Obj,
min  F(shift sequences) = 2 x Objz + Obj,
min F(fairness) = Objs + Objg + Obj;
min F(holidays) =Objg . . . . (3)

Figures 1(a)—(c) are visualization results at (a) 100"[]
(b) 400" and (c) 1000!" generations. These show only
Pareto solutions, searched for four and eight objective
functions. The superiority of solutions was evaluated
based on eight objective functions. Triangles and squares
in figures are inferior solutions. In all figures, squares
and triangles are genes and evaluation values. Related
genes and evaluation values are connected by lines. If
an efficient search is done by assembling objective func-
tions, inferior solutions under four objective functions are
fewer than under eight objectives, keeping Pareto solu-
tions broad in the visualization result.

In Fig. 1(a), at the 100" generation, many inferior so-
lutions exist for the eight objective functions, showing
that the search in eight objective functions was done to
spread and acquire diversified Pareto solutions rather than
to acquire better ones. Assembling objective functions
worked well to search for superior solutions. Fig. 1(a)
also shows that searches under four and eight objective
functions were done in different areas, because genes are
plotted far from each other. Similarly, under four objec-
tive functions with a search area narrower than eight, they
evolved faster.

Figure 1(b), at the 400" generation, shows that the
number of inferior solutions searched for under eight ob-
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Fig. 1. Visualization result by MDS.

jective functions decreased and that under four objective
functions increased compared to the 100" generation and
the area covering evaluation values searched for under
four objective functions outlined with a dotted line, and
that under eight objective functions outlined with a solid
line, which partially overlap. Note that lines between
genes and evaluation values are not drawn. At this gen-
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Fig. 2. Best solutions in each objective function.

eration, the search under eight objective functions caught
up with that under four, and, compared to that at the 1001
generation, genes searched for under eight objective func-
tions are plotted in a narrow area, while that under eight
objective functions searches solutions is superior to that
searched for under four objective functions at the 1000™
generation because, in Fig. 1(c), hardly any inferior solu-
tions are searched for under eight objective functions, in
contrast to the large number found under four objective
functions — quite difficult from Fig. 1(a).

Figures 2 (a)—(c) show the best solutions at the 400™
generation, in which the search under eight objective
functions caught up with that under four assembled objec-
tives in Objs to Obj7, which compose Fs under four ob-
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jective functions. By Fig. 2, among solutions searched for
under eight objective functions, some best solutions exist
for each objective function. In contrast, among solutions
searched for under four objective functions, no best solu-
tion exists for the 5th objective function, although some
best solutions are superior for the 6th and 7th objective
functions. This implies that Objs and Objg and Objs and
Obj; are related trade-off. For trade-off between Objs
and Objg and between Objs and Obj;, the search was
done to improve Objg and Objy instead of Objs in Fs,
and solutions did not evolve to improve Objs.

Correlation coefficients between objective functions
were calculated using Pareto solutions at the 50001 gen-
eration searched for with eight objective functions. Cor-
relation coefficients among Objs through Obj7 are shown
in Table 2, showing that correlation values between Objs
and Objg and Objs and Obj; are negative, so trade-offs
appear to exist between them.

These results show that assembly into four objec-
tive functions narrows search areas and is effective for
progress in the search, especially in early generations, but
no assembly yields more superior and varied solutions at
large generations if computational time is sufficient. Even
if functions have similar meanings, they may be trade-
offs, biasing the evolution.

4.2. Experiment 2: Correlation-Based Assembly

Search performance was compared in assembling func-
tions related to positive and negative correlations. Objg
and Objg, whose correlation coefficient was the largest,
i.e., 0.97, were assembled and a search under seven objec-
tive functions (i) (Eq. (4)) was done. Similarly, Obj, and
Objs, whose correlation coefficient was the smallest, i.e.,
—0.73, were assembled and another search under seven
objective functions (ii) (Eqg. (5)) done.

min K = Obj; (1<i<5)
min Fs = Objg + Objg
min F=0bj; . .. ... ... .. 4

min F; = Obj;

min F, = Obj, +Objs

min K = Obj; (3<i<4)

min F =O0bji, (5<i<7) . . . .. (5

Figure 3 shows Pareto solutions searched for at the
1000™ generation. Fig. 3(a) shows only Pareto solutions
searched for under seven objective functions (i) and that
under eight ones in Fig. 1(c). Similarly, Fig. 3(b) shows
only those searched for under seven objective functions
(ii) and those in Fig. 1(c).

Unlike Fig. 1(c), Fig. 3(a) shows many inferior solu-
tions searched for under eight objective functions, and the
search under seven objective functions obtained Pareto so-
lutions superior to those under eight objective functions.
For gene distribution, little difference existed between
seven and eight objective functions, and both searched for
broader area and a variety of solutions, and for different
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Table 2. Correlation matrix.

Objs | Objg | Obj;
Objs | 1
Objs | 049 | 1
Obj7 | -0.32 | 0.26 1

B Genes of 7 objects
@ Genes of 8 objects

A Evaluation of 7 objects

Evaluation of 8 objects

1000thgeneraton

(a) Objg and Objg(correlation: 0.97)

| 1000thgeneraton |
(b) Obj, and Objs(correlation: —0.73)

Fig. 3. Assembling objective functions.

areas in genotype space but the same evaluation space.
Fig. 3(b) shows many inferior solutions searched for un-
der seven objective functions (ii), and that extremely nar-
row space was searched for more than for eight objective
functions.

In conclusion, correlation coefficients are useful in as-
sembling objective functions, and search performance is
made more efficient by assembling objective functions
with high positive correlation coefficients. Convergence
at an early stage becomes faster by assembling objective
functions correlated negatively, but the variety of genes
decreases and the performance of the search may deterio-
rate at a later stage.

4.3. Experiment 3. Assembling Objective Knap-
sack Problem Functions
We examined the effects of assembling objective func-

tions based on correlation coefficients in a five objective
0/1 knapsack problem. As in Section 4.2, two pairs of ob-
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Fig. 4. Assembling objective functions in knapsack problem.
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A Evaluation of 5 objects
Evaluation of 4 objects

jective functions were assembled with related high pos-
itive and negative correlation coefficients, then searches
were done under four assembled objective functions.

Figure 4 is the visualization result of Pareto solutions
searched for at the 1000™ generation. The superiority
of all solutions was evaluated based on the five objective
functions, and inferior solutions are outlined. Figs. 4(a)—
(c) show visualization results under four objective func-
tions based on highly positive correlation coefficients and
under five functions. Figs. 4(b)—(d) show those based
on highly negative correlation coefficients and under five
functions. Figs. 4(a)—(b) show all Pareto solutions and
Figs. 4(c)-(d) show the inferior solutions in Figs. 4(a)—
(b). In Fig. 4(c), the number of inferior solutions searched
for under five objective functions is large and many in-
ferior solutions are searched for under four objectives in
Fig. 4(d). The distribution of Pareto solutions under four
objectives in Fig. 4(b) is small.

5. Conclusions

Assembling objective functions in multiobjective opti-
mization problems were studied to determine an assem-
bly methodology. NSGA-II was applied to a simplified
nurse scheduling problem to determine the effects of as-
sembling objective functions. First, for assembly into four
functions based on meaning, we found that even if func-
tions had similar meanings, they could become a trade-
off biasing evolution. We also studied assembly based on
correlation coefficients, finding that they were useful in
assembling objective functions. An experiment using a
five objective 0/1 knapsack problem showed results simi-
lar to the simplified nurse scheduling problem. In future
works, we plan to study other types of assembly and cor-
relation coefficient threshold for assembly.
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