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Abstract

To address the limitations of particle filtering algorithms, particularly their sub-
stantial demand for particle numbers, a particle filter based on an improved fire-
fly algorithm is proposed. First, observation information is integrated into the
firefly brightness formulation to enhance tracking accuracy. Second, an adaptive
attraction radius parameter is devised to regulate the attraction range during
firefly swarm optimization, thereby improving the algorithm’ s real-time capa-
bility. Finally, the iterative optimization mechanism of the firefly algorithm is
leveraged for particle updating. Comparative experimental results demonstrate
that the proposed algorithm achieves improvements in both tracking precision
and computational efficiency, confirming its ability to maintain target tracking
accuracy and real-time performance even under conditions of reduced particle
count.
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Abstract

To address the drawbacks of particle filter algorithms, such as their heavy re-
liance on a large number of particles, this paper proposes a particle filter based
on an improved firefly algorithm. First, observation information is introduced
into the firefly brightness formula to enhance tracking accuracy. Second, an
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adaptive attraction radius parameter is proposed to control the attraction range
during firefly swarm optimization, thereby improving real-time performance. Fi-
nally, the iterative optimization of the firefly algorithm is employed for particle
updating. Comparative experiments demonstrate that the proposed algorithm
achieves improvements in both tracking accuracy and runtime, indicating that
it can ensure accurate and real-time target tracking even with a small number
of particles.

Key words: adaptive attraction radius; iterative optimization; target tracking;
particle diversity; relative brightness

0 Introduction

Over 80% of the information humans acquire in daily life comes from vision.
With the rapid development of computer vision, target tracking based on video
sequences has become an important task in computer vision applications, widely
used in video surveillance, vehicle tracking, gesture recognition, and many other
fields [?, ?]. Traditional target tracking primarily employs Kalman filtering
based on linearization and Gaussian assumptions. However, in practical appli-
cations, numerous nonlinear systems or non-Gaussian noise systems exist, mak-
ing Kalman filtering clearly inadequate for system requirements [?]. Particle
filtering based on Monte Carlo methods [?] can effectively solve tracking prob-
lems in nonlinear and non-Gaussian systems without requiring linear Gaussian
assumptions, thus gaining widespread application [?, ?, 7.

Nevertheless, despite its advantages in target tracking—such as using Monte
Carlo methods to convert integration operations into summation operations—
particle filtering has several drawbacks. It requires a large number of particles
to ensure tracking accuracy, leading to poor real-time performance and parti-
cle depletion problems after resampling. Therefore, particle filtering based on
swarm intelligence optimization algorithms represents a promising new direction.
These algorithms reduce the demand for particle numbers through iterative opti-
mization of particle distributions and fundamentally solve the particle depletion
problem by avoiding the discarding of low-weight particles.

Zhang et al. [?] utilized particle swarm optimization (PSO) to optimize the parti-
cle set before resampling, enabling particles to be distributed in high-likelihood
regions as much as possible and effectively preventing the reduction of parti-
cle diversity after resampling. Wang and Heris et al. [?, ?] applied ant colony
algorithms in the resampling and initialization sampling stages to optimize par-
ticle filtering for target tracking. Although these methods effectively solved
particle impoverishment and degradation problems, they have not been widely
adopted due to the strong empirical nature of their search processes and ter-
mination conditions. Wang et al. [?] used an improved genetic algorithm as a
resampling method, designing crossover and mutation probabilities that vary
proportionally with particle degradation to control sampling of new particles.
While this approach improved particle effectiveness and diversity, determining
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the appropriate number of iterations and thresholds remains challenging.

Compared with the above algorithms, the firefly algorithm, as one of the lat-
est swarm intelligence optimization algorithms, offers higher convergence accu-
racy, faster convergence speed, and easier implementation. However, there is
currently limited work on optimizing particle filtering with firefly algorithms
both domestically and internationally. Zhu et al. [?] stratified particle sets ac-
cording to weight degradation degree and mapped optimized layer particles to
high-likelihood regions, but this approach cannot truly solve the particle deple-
tion problem. Gao et al. [?] implemented a firefly algorithm with an improved
attractiveness formula to distribute particle sets in high-likelihood regions for
optimizing particle filtering, but the characteristics of the brightness calculation
formula result in high computational complexity. Tian et al. [?] proposed a fire-
fly algorithm optimized particle filter (FA-PF) that uses an improved position
update formula for iterative optimization, avoiding local extrema during the
optimization process and effectively controlling particle diversity attenuation.
However, since particles need to interact pairwise during mutual attraction,
this approach increases computational complexity and runtime.

To address these issues, this paper proposes a particle filter based on a firefly
algorithm with adaptive attraction radius. By introducing an adaptive attrac-
tion radius parameter to control the attraction range during particle interaction,
the problem of large particle numbers involved in computations and increased
computational complexity is solved.

1 Particle Filter Algorithm

The key to particle filtering algorithms is using a set of weighted particles and
noisy observations to estimate the posterior density function of the system state
[?], thereby achieving system state estimation [?]. Particle motion follows a first-
order autoregressive state space model [?], with mathematical representations
of the state and observation models as follows:

zyp = f(@Tp_1,wp1) (1)
Yr = M@y, vp) (2)

where f and h are the state transition function and observation function, re-
spectively; u;,_; and v, are system noise and observation noise. The dynamic
representation of the state and observation models [?] is shown in [Figure 1: see
original paper].

Based on the particle states at time k — 1, the particle states at time k are
predicted and updated according to the state model, observation model, and
Bayesian estimation theory. The particle state prediction is calculated as fol-
lows:
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p($k|y1:k—1> = /p($k|$k71)p($k71|y1:k71)d33k71

However, since integration operations are not easily implementable, particle
filtering employs Monte Carlo methods to convert integration operations into
summation operations over finite sample points. After prediction, particle states
are updated based on observations at time k£ and Bayesian estimation. The
importance weight of each particle at time k is calculated as shown in equation
(5) and normalized as shown in equation (6):
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As can be seen from the above calculations, all observation data are required dur-
ing particle prediction and update. Over time, this causes a significant increase
in computational load. Particle filtering uses sequential importance sampling
(SIS) for recursive calculation.

Based on the above, particle filtering initializes state information for all particles
at time £ = 0. As time progresses, particle states are continuously predicted and
updated, all particle weights are calculated and normalized, and the need for
resampling is determined. If resampling is needed, the operation is performed
(replicating high-weight particles and discarding low-weight particles) to obtain
a new set of particle states; if not, the algorithm proceeds to the next time step’
s prediction and update, achieving cyclic target tracking.

2 Firefly Algorithm

Swarm intelligence optimization algorithms achieve optimization by mathemat-
ically modeling the collective behavior of biological populations. As one such
algorithm, the firefly algorithm primarily mimics the luminescent behavior of
fireflies in nature, using brightness differences among individuals for mutual at-
traction to complete the optimization process. The mutual attraction between
fireflies mainly relies on brightness and attractiveness.

2.1 Relative Brightness of Fireflies

The relative brightness of fireflies forms the basis for mutual attraction. During
the attraction process, due to brightness differences between individual fireflies,
brighter fireflies attract dimmer ones, causing the population to move toward
the brightest firefly to complete optimization. The relative brightness formula
is as follows:
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Ii; = Le
where [;; is the relative brightness of firefly j as perceived by firefly ¢; /; is the
brightness of the brightest firefly, obtained from the objective function value
at the optimal firefly’ s position; «y is the light absorption coefficient, primarily
reflecting the characteristic that brightness weakens with increasing distance,
typically taken as v € [0.01,100]; and r;; is the Cartesian distance from firefly i
to firefly j.

2.2 Attractiveness of Fireflies

During mutual attraction, attractiveness measures the magnitude of attraction
between firefly individuals. Combined with individual relative brightness, it
completes position updates. The attractiveness formula is as follows:

2.
Bij = Boe 7"

where 3;; is the attractiveness of firefly ¢ to firefly j; 5, is the maximum attrac-
tiveness, i.e., the attractiveness at the light source.

2.3 Firefly Position Update

Individuals in the firefly population update their position information through
the process of attraction, continuously moving closer to the brightest firefly and
distributing the population in brighter regions. The position update formula is
as follows:

z; =z + Bij(x; — x;) + ag;

Assuming firefly ¢ is attracted by firefly j, firefly ¢ updates its position according
to the above formula. Where x; is the position of firefly 7; 3;; is the attractiveness
of firefly j to firefly ¢; « is a constant, generally taken as « € [0, 1]; and ¢, is a
random number obtained from Gaussian distribution, uniform distribution, or
other distributions.

3.2 Particle Filter Based on Improved Firefly Algorithm

To address the problem of large particle numbers required for particle filter
tracking, particle filters based on swarm intelligence optimization algorithms
represent the main current solution. However, since particle swarm algorithms
require large data storage and are not easily updated, and ant colony algo-
rithms rely entirely on feedback information during optimization, resulting in
slow speed, this paper proposes a particle filter based on a firefly algorithm with
adaptive attraction radius.
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3.2.1 Improvement of Firefly Relative Brightness Formula

The original firefly relative brightness formula (7) relies only on the brightest
particle information and calculates relative brightness based on distances be-
tween particles. If this relative brightness is directly applied in combination
with particle filtering to complete particle iterative optimization, the latest ob-
servation information cannot be utilized in real-time, leading to low algorithm
accuracy. Meanwhile, the special nature of its calculation method introduces
enormous computational load during algorithm operation.

To address this deficiency, this paper incorporates the latest observation infor-
mation of particles to improve algorithm accuracy and reduce runtime compu-
tational load. The improved relative brightness mathematical expression is as
follows:

I=(y,— @k)Q

where I is the improved relative brightness; y,, is the particle observation value;
Ui, is the particle prediction value. When extending the relative brightness for-
mula to multidimensional cases, the key is to calculate the squared spatial differ-
ence between observation and prediction values in multidimensional space. For
two-dimensional coordinate information, the relative brightness formula should
be:

I'=(yp — G)° + (2, — )2

where (z,,y,) are the target observation coordinates; (Z,%,) are the target
prediction coordinates.

Compared with the original relative brightness formula, the improved formula
uses the squared difference between each particle’ s own observation and pre-
diction values at each moment to represent relative brightness, eliminating the
need to compare all particles with the optimal particle. This reduces compu-
tational load during iterative optimization. Simultaneously, by incorporating
particle observation information, the difference between algorithm predictions
and observations is reflected in real-time in the relative brightness, which af-
fects the estimation of particle prediction values at the next moment, thereby
effectively improving tracking accuracy.

3.2.2 Proposal of Adaptive Attraction Radius

The optimization process of the firefly algorithm involves pairwise brightness
comparisons among all firefly individuals, where dimmer fireflies are attracted
by brighter ones and update their position and brightness information. How-
ever, using the original attraction method for optimization leads to exponential
growth in computational load as the firefly swarm size increases, causing signif-
icant time consumption. Therefore, this paper designs a new parameter—the
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attraction radius. The attraction radius primarily limits the attraction range
and particle numbers during mutual attraction between firefly individuals. The
radius size is determined by brightness, with brighter particles having larger
attraction radii.

The relationship between firefly brightness and attraction radius is shown in
[Figure 3: see original paper]. In [Figure 3: see original paper|, a, b, and ¢
represent three fireflies with different brightness levels, with brightness a > b > ¢
and attraction radii r, > r, > r,. For firefly a and b, since r,, < r, (i.e., firefly
b is within firefly a’ s attraction range), firefly b will be attracted by firefly a and
update its position. However, for firefly ¢, despite having the lowest brightness,
since it is outside firefly @’ s attraction range, it will not be attracted by firefly
a and will not update its position. Therefore, for two fireflies with different
brightness levels, position update only occurs when the inter-firefly distance is
less than the brighter firefly’ s attraction radius; otherwise, no update occurs.

In this paper, the squared difference between particle observation and prediction
values is used to represent relative brightness. Thus, a smaller relative brightness
value indicates that the particle’ s prediction is closer to its observation, nearer
to the optimal particle, and the particle’ s attraction radius should be larger.
The attraction radius calculation formula is designed as:

where r is the particle’ s attraction radius; I is the particle’ s brightness value.

When the firefly algorithm with adaptive attraction radius performs mutual at-
traction between particles, it no longer requires comparing each particle with all
other particles for brightness comparison and position update. Instead, particles
only need to compare brightness with particles within their attraction radius to
complete attraction and position update. This significantly reduces the num-
ber of particles involved in computations during iterative optimization, thereby
decreasing the number of particles required for accurate tracking, effectively
lowering computational complexity, and reducing algorithm runtime.

The particle description during target tracking using the proposed algorithm is
shown in [Figure 2: see original paper].

3.3 Algorithm Steps

Algorithm 1 Particle Filter Based on Firefly Algorithm with Adaptive Attrac-
tion Radius

1. Initialize particle prediction values at time k =0

2. For each time step k:
a. Calculate particle i’ s relative brightness and attraction radius
b. Calculate mutual distances between particles ¢ and j
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c. If r;; <r,;, perform position update for particle
d. Update weights and normalize
e. Calculate effective particle number N, ;¢
f. If Ny < Ny, perform resampling
3. End for

Traditional particle filter algorithms update particle sets using Bayesian esti-
mation theory. The proposed algorithm introduces a firefly algorithm with
adaptive attraction radius to update particle set information. After obtaining
particle prediction and observation information, the firefly algorithm is used for
iterative optimization of the particle set to complete particle state updates, dis-
tributing the particle set in high-likelihood regions for more accurate tracking.

4 Experiments
4.1 Experimental Setup
The experimental software and hardware environment is shown in .

** Experimental Software and Hardware Environment**

Component Specification
Processor Intel(R) i5
Memory 4.00 GB
Operating System Windows 10
Software MATLAB R2016a

The system state model and observation model used in experiments are as fol-
lows:

25x
=0.5 Sl 4 8eos(1.2(— 1 3
T Tyq + 1+ m%_l + 8 cos( ( )) + wy ( )
7
Yy = 20 + v (4)

This system is a univariate non-stationary growth model, a typical nonlinear
system that is difficult to track accurately using traditional particle filtering
methods. The observation noise variance is set to R = 1, and the filtering
duration is 50 time steps. In firefly algorithms, the maximum attractiveness is
typically set in the interval [0.8, 1]; this paper sets the maximum attractiveness
to 0.8 and the light absorption coefficient to 1.
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4.2 Quantitative Analysis

Under identical software and hardware conditions, the proposed algorithm is
compared with the standard particle filter (PF) and the firefly algorithm opti-
mized particle filter (FA-PF) from reference [?]. Different algorithms are run
under varying conditions, and results are recorded for comparison and analysis.
All result data are averaged over 100 repeated experiments.

4.2.1 Accuracy Test This paper uses the Root Mean Square Error (RMSE)
formula as the measure of error magnitude, i.e., prediction accuracy. RMSE
measures the deviation between observed and predicted values, effectively re-
flecting prediction precision. The RMSE calculation formula is:

1 T

RMSE = J T > (z—3)2

t=1

where T is the tracking duration; z, is the state mean.

From the RMSE formula, it is clear that when the state estimate is closer to
the observation, the RMSE value is smaller, indicating higher tracking accuracy
and better algorithm performance, and vice versa.

1) Algorithm Performance Test

The proposed algorithm is run alongside PF and FA-PF algorithms under differ-
ent particle numbers (N = 50,100, 200) and different process noise conditions
(Q = 1,0.1). The RMSE values for tracking under different conditions are
recorded, with results shown in .

** RMSE Comparison of Different Algorithms Under Various Particle Num-
bers**

FA- Improvement vs  Improvement vs
Condition PF PF Proposed PF FA-PF
Q=1
N =50 4.3735 3.5640 3.3271 23.9% 6.6%
N =100 4.0221 3.4576 3.1543 21.6% 8.8%
N =200  3.2053 3.1507 2.9825 6.9% 5.3%
Q=01
N =100  3.0060 2.9693 2.8555 5.0% 3.8%
N =200 - - - - -

As shown in , the proposed algorithm achieves smaller RMSE values than the
other two algorithms under different particle numbers and process noise condi-
tions, demonstrating higher accuracy. Under different process noise conditions,
the accuracy of all three algorithms improves as particle number N increases.
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Additionally, when @ = 1, the proposed algorithm’ s accuracy at N = 100 still
exceeds that of FA-PF at N = 200; when Q = 0.1, the proposed algorithm’ s
accuracy at N = 100 approximates that of FA-PF at N = 200, indicating that
the proposed algorithm maintains tracking accuracy even with fewer particles.

This is because the proposed algorithm uses the improved firefly algorithm to
perform iterative optimization on the particle set before resampling, resulting
in high weights for particles distributed in high-likelihood regions and reducing
the number of particles needed for accurate tracking.

From the data in , the average improvement rates of the proposed algorithm
relative to PF and FA-PF under different process noise conditions are calculated
and shown in .

** Average Accuracy Improvement Rate of Proposed Algorithm Under Different
Process Noise**

Process Noise vs PF vs FA-PF

Q=1 22.6% 7.0%
Q=01 57%  3.8%

When @ = 1, the proposed algorithm’ s accuracy improves by 7% compared
to the state-of-the-art FA-PF algorithm and by 22.6% compared to PF. When
Q@ = 0.1, the proposed algorithm’ s accuracy improves by 3.8% and 5.7% com-
pared to FA-PF and PF, respectively. This improvement stems from incorpo-
rating the latest observation information during the firefly algorithm’ s iterative
optimization process to ensure filter precision.

2) Algorithm Tracking Effect Test

The proposed algorithm is run alongside PF and FA-PF algorithms under the
same process noise but different particle numbers (N = 50,100). The state
estimation values and absolute error data for the three algorithms are recorded,
with results shown in [Figure 4: see original paper] and [Figure 5: see original

paper].

When N = 50 and @ = 1, the experimental estimation values and absolute
errors are shown in Figure 4: see original paper and (b). When N = 100 and
@ = 1, the experimental estimation values and absolute errors are shown in
Figure 5: see original paper and (b).

From Figure 4: see original paper and Figure 5: see original paper, it can be
observed that the proposed algorithm’ s filter estimates are closer to the true
values than those of PF and FA-PF under different particle numbers. This is
reflected in Figure 4: see original paper and Figure 5: see original paper, where
the proposed algorithm’ s absolute errors are smaller than those of PF and
FA-PF, demonstrating higher accuracy across different particle numbers.
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This improvement primarily results from the proposed algorithm’ s use of
observation-information-integrated relative brightness calculation in the firefly
algorithm. During particle set iterative optimization, particle positions are
adjusted more accurately based on relative brightness, enabling particles to
be distributed more precisely near their true values and thereby enhancing
algorithm accuracy.

4.2.2 Real-time Test Under identical software and hardware conditions, dif-
ferent algorithms are run under varying particle numbers and process noise
conditions, and their runtime is recorded for comparison, as shown in .

** Runtime Comparison of Different Algorithms Under Various Particle Num-
bers**

Condition PF FA-PF Proposed Reduction vs FA-PF
Q=1

N =50 0.0101 0.0264 0.0226 14.02%

N =100 0.0175 0.0629 0.0584 7.00%

N =200 0.0404 0.1685 0.1515 10.09%

Q=01

N =50 0.0093 0.0241 0.0218 9.63%

N =100 0.0168 0.0587 0.0542 7.67%

N =200 0.0387 0.1624 0.1498 7.76%

As shown in , under different particle numbers and process noise conditions,
the proposed algorithm’ s runtime is somewhat longer than PF, but combined
with the data in , the proposed algorithm’ s accuracy is substantially improved
compared to PF. This is because the proposed algorithm uses particle set itera-
tive optimization before resampling, resulting in high weights for most particles.
The trade-off of increased runtime yields improved accuracy. Under different
process noise conditions, all three algorithms’ runtime increases with particle
number.

From the data in , the average runtime reduction rate of the proposed algorithm
relative to FA-PF under different process noise conditions is calculated and
shown in .

** Average Runtime Reduction Rate of Proposed Algorithm Under Different
Process Noise**

Process Noise Average Reduction Rate

Q=1 10.4%
Q=0.1 7.7%
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As shown in and , under different particle numbers and process noise conditions,
the proposed algorithm’ s runtime is reduced to some extent compared to FA-
PF. The runtime is reduced by 10.4% and 7.7% on average compared to FA-PF
when @ =1 and @ = 0.1, respectively.

This reduction occurs because, during the iterative optimization process of mu-
tual particle attraction using the firefly algorithm, the proposed adaptive attrac-
tion radius controls the attraction range, significantly reducing the number of
particles involved in computations and thereby decreasing algorithm runtime.

4.3 Qualitative Analysis

To visually demonstrate the proposed algorithm’ s tracking performance, experi-
ments are conducted on videos from the mainstream Visual Tracking Benchmark
dataset [?]. During tracking, color histograms are used as tracking features with
particle number N = 100. The proposed algorithm’s tracking effect is compared
with PF, with partial frames of tracking results shown in [Figure 6: see original
paper|-[Figure 9: see original paper].

In the Coke video, the tracking scenario is relatively simple, the target’ s shape
does not change significantly, and the target moves in irregular circular motion
—a typical target tracking problem in nonlinear systems. [Figure 6: see original
paper] shows the complete scene of the video sequence, [Figure 7: see original
paper] shows PF tracking results, [Figure 8: see original paper] shows FA-PF
algorithm tracking results from reference [?], and [Figure 9: see original paper]
shows the proposed algorithm’ s tracking results.

From [Figure 7: see original paper]-[Figure 9: see original paper], it is evident
that PF’ s particle distribution is scattered and uneven, significantly reducing
the number of meaningful tracking particles—an important cause of PF tracking
failure. FA-PF’ s particle distribution is more concentrated than PF’s, while the
proposed algorithm’ s particle distribution is the most concentrated, primarily
around the center of the tracking bounding box. This is because the proposed
algorithm uses the improved firefly algorithm to effectively perform iterative
optimization on the entire particle set.

At frame 38, the tracking target moves to the back of the scene and undergoes
partial occlusion; at frames 80 and 131, scattered particles cannot concentrate
in high-likelihood regions, causing PF tracking failure. Compared with FA-
PF, which basically achieves accurate tracking, the proposed algorithm uses the
improved firefly algorithm to effectively perform iterative optimization on all
particles, enabling the particle set to be distributed as much as possible near
the target. The large number of particles contributing to tracking results in
more accurate tracking.

Additionally, due to the introduction of the adaptive attraction radius, the pro-
posed algorithm effectively controls the number of particles involved in optimiza-
tion and reduces the iterative optimization process. As shown in , algorithm
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runtime is reduced by 7%.

5 Conclusion

Particle filtering algorithms require large numbers of particles to ensure accu-
racy. As weights continuously diminish, fewer particles remain for tracking,
necessitating resampling of the particle set. However, this severely reduces par-
ticle diversity and may even result in only one particle type remaining, leading
to tracking failure. This paper optimizes the particle filtering algorithm using
an improved firefly algorithm.

Based on the characteristics of both algorithms, the firefly brightness formula is
improved by incorporating particle observation information to distribute particle
sets in globally optimal regions, ensuring algorithm accuracy. Simultaneously,
an adaptive attraction radius parameter is proposed to prevent exponential
growth in computational load as particle numbers increase, reducing algorithm
complexity. Both quantitative and qualitative analyses demonstrate that the
proposed algorithm effectively reduces the number of particles required during
tracking, maintains accurate tracking even with fewer particles, and achieves a
certain reduction in runtime compared to FA-PF.
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