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Abstract

The Mixed-Model Assembly Line Balancing Problem (MALBP) is a critical optimization challenge in manufacturing
systems, where multiple product models with similar production processes are assembled on the same line. Efficiently
assigning tasks to workstations while respecting precedence constraints and cycle time limitations is essential to
minimize idle time and maximize productivity. In this paper, we propose an improved Artificial Fish Swarm
Algorithm (AFSA) enhanced with group escaping behavior; a natural reaction observed in fish swarms when sensing
danger. This novel hybridization improves both convergence speed and global search ability of the algorithm. A
detailed pseudocode of the proposed method is provided, and its performance is evaluated on several benchmark
instances of MALBP. Experimental results indicate that the proposed algorithm outperforms the standard AFSA in
terms of solution quality and stability, making it a promising approach for real-world mixed-model assembly line

optimization.

Keywords: Mixed-model assembly line, Balancing problem, Artificial fish swarm algorithm, Group escaping
behavior.

1| Introduction

The Mixed-Model Assembly Line Balancing Problem (MALBP) is a well-known combinatorial optimization
challenge in production planning and manufacturing systems. In this problem, various product models with
similar processing requirements are produced on the same assembly line in an intermixed sequence. The main
objective is to assign tasks to workstations in such a way that production constraints, such as precedence

relations and cycle time limitations, are satisfied while optimizing performance indicators like line efficiency,
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workload balance, and idle time minimization. Due to its NP-hard nature, classical mathematical
programming approaches often struggle to find optimal solutions within reasonable computational time,
especially for large-scale instances [1], [2]. Therefore, metaheuristic algorithms have become increasingly
popular for tackling real-world MALBP cases [3], [4].

Artificial Fish Swarm Algorithm (AFSA) is a population-based metaheuristic inspired by the collective
behaviors of fish swarms in natural environments. In aquatic ecosystems, fish exhibit self-organized
movement patterns without centralized control. They tend to remain close to the group and are typically
distributed around areas rich in food resources. Research has identified three fundamental behaviors
commonly observed in fish schooling: Swarming: where individuals move collectively toward the center of
the group while avoiding overcrowding,

Following: where fish follow their nearest neighbors, and Preying: where fish move toward regions with
higher food concentration. AFSA, first introduced by Li [5], simulates these basic behaviors to guide Artificial
Fish (AF) toward optimal solutions in the search space. The algorithm offers several advantages, including
robustness, simplicity, and insensitivity to initial conditions. It has been successfully applied to various
optimization domains such as data mining [6], clustering [7], image registration [8], and PID control [9].
However, one of the major drawbacks of the standard AFSA is its relatively slow convergence speed and
tendency to get trapped in local optima.

An important behavior frequently observed in natural fish schools but rarely incorporated into AFSA is group
escaping behavior. This behavior occurs when a part of the school detects a threat or external stimulus,
prompting the entire swarm to rapidly change direction to avoid danger. As illustrated in Fjg. 7, this reaction
enhances the group's responsiveness and exploration capability in dynamic environments. Motivated by this
natural mechanism, we propose a novel hybrid version of AFSA that integrates group escaping behavior to
improve both convergence speed and global search ability. The proposed method is applied to solve the
MALP, demonstrating supetior performance compared to the conventional AFSA.
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Fig. 1. Group escape behavior of fish schools.

2| Literature Review

Literature review showed that researchers have made some attempts to improve the performance of AFSA.
In order to increase the diversification of the artificial fishes based on their parents’ characteristics, Gao et al.
[10] presented AF Swarm optimization algorithm with crossover, CAFAC. In this algorithm, the crossover
operator is first explored. Numerical results demonstrated that the proposed method can outperform the
original AFSA. Jiang and Yuan [11] increased the search quality of AFSA by discussing the possibility of
parallelization of AFSA and making the analysis of parallel AFSA.
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Some researchers have tried to combine different algorithm with AFSA and improve the performance of
AFSA. Huadong Chen et al. [12] presented a hybrid algorithm to train forward neural network using a hybrid
of particle swarm optimization and AFSA. The proposed method was more effective than AFSA and PSO.
The hybrid in the proposed algorithm not only has the AF behaviors of swarm and follow, but also takes
advantage of the information of the particle.

Belacel et al. proposed an AFSA with adaptive visual to improve the performance of fuzzy clustering [13]. In
this paper AFSA enhances the performance of the Fuzzy C-Means (FCM) algorithm. A numerical result
showed the advantages of the proposed algorithm. Also, Chen et al. [14] reported a hybrid algorithm by using
the characteristics of AFSA and Chaos Optimization Algorithm. This method is an efficient global
optimization algorithm for solving global optimization problem. In this approach, adding chaos is suitable

for updating the velocities of AF and improving the convergence rate and the accuracy.

Fernandes et al. [15] presented a new method with a set of movements, closely related to the random, the
searching and the leaping fish behaviors. This algorithm tested on a set of seven benchmark problems.
Yazdani et al. [10], a new algorithm is presented for optimization in static and continuous environments by
hybridizing AFSA and cellular learning automata. Experimental results showed that the proposed algorithm
has an acceptable performance.

In order to improve the optimization performance of the AFSA, many researchers have presented some
improved algorithm. Although all the proposed algorithms can improve the performance of the original
algorithm, but it still cannot get satisfactory results for some problems. In this paper, we proposed a new
method based on the group escape behavior of fish that is ignored in most of the researches. There are some
researches on observing group escape behavior of fish school biologically [17], but there is no research on

applying on AFSA.

When the predator comes very close to a fish, the fish chooses the group escape behavior and if there is no
predator in the visible area of the fish, the fish moves using its schooling behavior.

3| Proposed AFSA with Group Escape Behavior

In this section an AFSA based on group escape behavior is proposed which in that both ability of local search
and global search to standard AFSA has been increased and improved. Improved AFSA is a random search
algorithm based on simulating fish swarm behaviors which contains group escape behavior, preying behavior,
swarming behavior and following behavior. It constructs the simple behaviors of AF firstly, and then makes
the global optimum appear finally based on animal individuals’ local searching behaviors. Before explaining
the improved AFSA, we introduce some definitions [5], [18] and [19]:

Assuming in an n-dimensional searching space, there is a group composed of n articles of AF. Situati6on of
each individual AF can be expressed as vector X = (X4, X5, X3, ..., Xy) 1s denoted the current state of AF, where

X, is control variable.

f(x) is the fitness or objective function of X, which can represent food concentration of AF in the current
position.

Dist;; = ||X; — Xj|| is denoted the Euclidean distance between fishes.

Visual and Step are denoted respectively the visual distance of AF and the distance that AF can move for
each step.

Xy is the visual position at some moment. If the state at the visual position is better than the current state, it
goes forward ad step in this direction, and arrives the Xy state, otherwise, continues an inspecting tour in
the vision.
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Try-number is attempt times in the behavior of prey.
8 is the condition of jamming (0 < § < 1).

Supposed X, is the visual position at some moment and Xyey is the new position. The movement process is
represented as

X, = X; + Visual X Rand(0,1),

X
Xnext = X+ m X Step X Rand(0,1),

where rand () produces random numbers between 0 and 1. This behavior is shown in Fig. 2.

Fig. 2. The movement process of fish.

It is well known that most of fish schools have a group behavior: group escaping. When predator is discovered
by one or more fishes in the school, the whole school changes the direction very quickly. In the proposed
algorithm, when an AF could not find better situation in food prey behavior or in swarm behavior with doing
a freely movement, this situation saves in problem space. So, other fishes sense this situation as an enemy and
change their direction with high speed and moving away from it. We see this group escape behavior as follows:

When the fish discover a water area with more food, they will go quickly toward the area. Consider the state
of AF is X;, Select a state X; within its sensing range randomly. If f(X;) > f(X]-), the new situation is not better
than current situation and this fish has to informs other fish, so we save this situation as forbidden zone in
problem space to prevent other fishes going there.

Forbidden zone:

{X]- = X; + Visual X Rand(—1,1), if f(X;) > f(Xj),for eachiand j}.

With this introduction, the basic behaviors of improved AFSA are defined as follows (the three most common
behaviors of fishes like preying, swarming and following are from the standard AFSA [5].

3.1| Prey Behavior

In general, when the fish discover a water area with more food, they will go quickly toward the area. Consider
the state of AF is X|, Select a state X; within its sensing range randomly. If f(X;) < f(Xj) and X is not in
forbidden zone, then fish move to X;. On the contrary, select randomly state X; that is not in forbidden zone
and determine whether to meet the forward conditions, repeat several time, if still not satisfied forward

conditions, then move one step randomly.

X; = X; + Visual X Rand(—1,1).
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If f(X;) < f(X;) and X; is not in forbidden zone, it goes forward a step as follows.

= = Xj i(®
X;(t+ 1) = X;(t) + —— x Step x Rand(0,1).
DlSti']‘

If f(X;) > f(X;), we add this situation to forbidden zone in problem space to prevent other fishes going there.

Updating forbidden zone:

{Xj = X; + Visual X Rand(—1,1), if f(X;) > f(X]-),for eachiand j}.

Swarm behavior: in the process of swimming, the fish will swarm in order to share the food of the swarm.
Supposed the current state of AF is X;, number of AF is n and number of neighbors around the AF Xcenter
is ng, if 8 > (n./n) indicates that the patrtners have more food and less crowded, if f(Xcenter) = f(X;) and
Xcenter 18 not in forbidden zone, then go forward toward the center of the direction of the partnership,
otherwise prey behavior.

1
Xcenter = o i=1 Xi.
If f(Xcenter) = f(X;) and Xeenter is not in forbidden zone, it goes forward a step as follows.

Xcenter - Xi(t)
”Xcenter - Xi(t) ”

If f(Xcenter) < f(X;), we add this situation to forbidden zone in problem space to prevent other fishes going

Xi(t+1) =X;(t) + X Step X Rand(0,1).
there.

Updating Forbidden Zone:

1 n
{X]- = Xcenter = Hzi_IXi, if f{(Xcenter) < f(X;), for each i}.

Follow behavior: when one fish of the fish swarm discovers more food, the other fish will share with it.
Supposed the state of AF is X; , explore its optimal state X;, from Visual neighbors , the number of partners
of X, is n, and the number of AF is n, If & > (n./n)indicates that near distance have more food and not

too crowded, further move to the front of X, position; otherwise perform foraging behavior.

Xn - Xi(t)
Xy = X; (Ol

Taking into account the above mentioned behaviors, the pseudocode of improved AFSA can be written as

Xit+1) =X;(t) + x Step x Rand(0,1).

follows:

Begin: for each AF i€ [1...N]. Initialize X; such as step, visual, the number of exploratory try numbert.
Endfor: blackboard —be)s(ff(Xi) to record the current status of each fish and select the optimal value recorded.
Repeat: for each AF i€ [1..N].

Save forbidden zone based on group escaping behavior.

Perform prey behavior on X;(t) and compute X; prey-

Update forbidden zone based on group escaping behavior.

Perform swarm behavior on X; yrey (t) and compute X swarm-

Update forbidden zone based on group escaping behavior.
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Perform follow behavior on X; prey () and compute X; gonow-

lf f(Xi'Swarm) S f(Xl,fOHOW)
ThenX;(t+ 1) = Xi follow-

Else

Xi(t + 1) = Xi,swarm-

Endfor

if f(Xgest—ar) = f(Blackboard).

Then blackboard = Xgest—ar Optimal value in Blackboard is updated (until stopping criterion is met).

Therefore, in the improved AFSA other fishes sense unsuitable situation as a forbidden zone and change their

direction with high speed and moving away from it, so, the ability of local search and global search to standard

AFSA has been increased.

4| Experimental Results

To evaluate the performance of the proposed improved AFSA in solving the MALBP, we conducted a series

of experiments on benchmark instances of this problem.

The notation applied for problem are as follows.

M
N

k,h,We{l,2,.,N}
we{l,Z,..,N}

Ea; (Lay)

Decision variables:

Number of models (j,ue{1,2,..M})

Maximum number of workstations (i,g,s € {1,2,..,N})
Index of candidate workstations

Index of candidate operators

Number of workstations in the primary balancing
Subset of tasks common in all models
Demand of model

A high-value parameter

Immediate predecessors of task i

If task i of model j is assigned to workstation w
Processing time of task i of model j at workstation k

Earliest (Latest) workstation that task i of model j could be assigned

{1, If task i of model j is assigned to station k,
ijk =

0, otherwise.

T, Positive variable: total processing time at station k.

T Positive variable: average processing time of each station.

CT | Positive variable: stochastic cycle time.

5| Multi Objective Modeling

Balancing problems in MMAL can be considered from different perspectives. In this study, three objectives

are discussed. Now a mathematical model for the defined problem is presented:
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Z = mini]Tk -T | M
La; .
k;ﬂ Xy =1, foralli,j. @
Lag o Ea; <Ea,
X5 < k;gj Xy =1, foralli,j, forallselP, where{Eaij <La, 3)
Dty *xy SCT™, for alljk. @
Sy
J N N
T, =YD d *t, *x,, forallk (5)
=1 1
T-lesr, ©
N &w
zsj Ky — Sy * i <0, for alljk. )
1; N
> yu—M*z, =0, forallk. ®)
- M
bigM*(l—Xg].k)—Z:Z:Xguh >0, forallgeQ, foralljk. &)
sl hok
0<CT <CT™. 10)
Xije> Yo Zy € {0,1}. (11)
T, >0,T >0,CT >0. (12)

The first objective function minimizes the workload variation at each station. Eq. (2) warrants that each task
needed by every model is assigned to only one station. Constraint (3) considers the precedence relations
between tasks. Constraint (4) restricts the total process. Egs. (5) and (6) calculate the process time at each station
and average process time at each station on all lines for vertical balancing, respectively. Constraints (7) and (8)
imply that the same station is used for each model on each line and if a station is not utilized by a model, it
will not be applied by other models. Constraint (9) ensures that common tasks of models are assigned to the
same station on each line. Constraint (10) limits the cycle time for each line and Constraints (17) and (72) define

all decision variables.

MALBP involves assigning tasks from multiple product models to workstations in a way that minimizes idle
time and balances the line while respecting precedence constraints and cycle time limitations. Due to its NP-
hard nature, exact methods are often computationally prohibitive for large-scale problems, making
metaheuristics like AFSA promising candidates for efficient solutions.

We applied both the standard AFSA and our improved version incorporating group escaping behavior to
several well-known MALBP instances. The parameters used in the algorithm were set as follows: the
population size was set to N=20 AF; the maximum number of attempts in prey behavior was set to try
number=5; the visual distance was set to 4.5; and the step size was set to 0.3. The maximum number of
iterations allowed was 2000. We compared the performance of the standard AFSA with the proposed
improved AFSA in terms of cycle time, line efficiency, and computational time. The experimental results are

summarized in Table 1 and Fig. 3.
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Table 1. Experimental results for MALBP instances.

Algorithm Instance Size Cycle Times Line Efficiency Time
Mean Best Mean Best Mean Best
Standard AFSA  Small scale 3848  36.72 8241 85.30 166.77 127.59
Improved AFSA  Small scale 3712 3525 8403 87.15 159.69 124.55
Standard AFSA  Medium scale  58.74  56.34 79.21 8145 293.86 267.74
Improved AFSA  Medium scale  55.62  53.18 81.05 83.96 280.56 250.24
small scale
150
100
i l l II
L]

cycle time line efficiency computational time

W Standard AFSA B Improved AF5A

medium scale
300

200

100
I I

1]

cycle time line efficiency computztionzl time

m Standard AFSA  mimproved AFSA

Fig. 3. Experimental results.

As shown in Table 1, the improved AFSA consistently outperforms the standard AFSA in both solution
quality and computational efficiency. The incorporation of group escaping behavior significantly enhances
the algorithm’s exploration capability, leading to better convergence and higher-quality solutions. Specifically,
the improved algorithm achieves lower cycle times and higher line efficiency across all tested instances,
demonstrating its effectiveness in solving real-world MALBP scenatios.

5| Conclusion

The AFSA is a promising metaheuristic method that offers several advantages, including robustness,
simplicity in implementation, and insensitivity to initial parameter settings. These characteristics make it
suitable for solving complex optimization problems such as the MALBP, which is known to be NP-hard and
difficult to solve using exact methods within reasonable computational time. However, the standard AFSA
suffers from slow convergence speed and a tendency to get trapped in local optima. Moreover, it lacks an
effective mechanism to utilize the experiences of other swarm members during the search process, which
limits its global exploration ability.

To address these limitations, we proposed an improved version of AFSA by incorporating group escaping
behavior, a natural phenomenon observed in fish schools when sensing danger. This behavior allows the

entire swarm to rapidly change direction based on the reaction of a few individuals, enhancing both the
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responsiveness and diversity of the search process. The hybridization of AFSA with this behavior significantly
improves the algorithm's convergence speed and solution quality. Experimental results on benchmark
MALBP instances demonstrated that the proposed improved AFSA outperforms the standard version in
terms of cycle time reduction, line efficiency improvement, and computational performance. The enhanced
algorithm shows a more stable search behavior and better global optimization capability, making it a suitable
approach for real-world assembly line balancing applications. As future work, we plan to apply the proposed
algorithm to other combinatorial optimization problems in manufacturing systems, such as multi-objective
assembly line balancing, U-shaped lines, and robotic assembly line balancing. Additionally, hybridizing the
proposed method with other local search techniques or machine learning strategies could further enhance its
performance and adaptability.
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