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Abstract
This study addresses the challenge of accurately estimating high-speed ballistic targets in complex environments. To achieve
precise target tracking in nonlinear and non-Gaussian noise conditions, Monte Carlo optimization (MCO) is employed. While
increasing the number of samples in MCO enhances target estimation accuracy, it simultaneously escalates the computational
burden,which in turn significantly extends processing time,making real-time application difficult. To overcome this limitation,
we propose a parallelized MCO algorithm implemented on a field-programmable gate array (FPGA). The proposed approach
achieves a reduction in computation time by up to 2.95× compared to conventional MCO methods. Furthermore, it delivers
a 5.75× decrease in power consumption relative to GPU-based MCO implementations.

Keywords Monte Carlo optimization · Parallelization · FPGA · Target tracking

1 Introduction

In high-speed target tracking, the real-time estimation of the
position andmotion states of the target is critical. TheKalman
Filter (KF) remains the most widely implemented algorithm
for target tracking, particularly in linear systems with Gaus-
sian noise characteristics. However, real-world systems often
exhibit nonlinear and non-Gaussian behaviors, rendering
the KF suboptimal in such scenarios [1, 2]. Consequently,
advanced optimization algorithms, including the Extended
Kalman Filter (EKF), Unscented Kalman Filter (UKF), Par-
ticle Filter (PF), and Monte Carlo Optimization (MCO), are
better suited for these conditions [3, 4].

This study focuses on the application of MCO, which
is particularly effective for state estimation using random
sampling. While AI-driven deep learning methods excel in
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estimation and tracking applications, they require a large
amount of training data [5, 6]. In guided missile applica-
tions, obtaining sufficient real-world training data for deep
learningmodels is extremely challenging due tomilitary con-
fidentiality. Given these limitations, MCO was selected as it
provides a robust and adaptable solution that does not require
pre-trainedmodels or large datasets. Instead, it operates using
random sampling techniques, making it well-suited for real-
time state estimation in unpredictable conditions.

However, MCO introduces specific constraints that must
be addressed:

UniformDistribution ofRandomNumbers:Accurate state
estimation requires a large set of uniformly distributed ran-
dom numbers. Any deviation from uniformity can introduce
bias, adversely affecting the optimization process.

Increased Computational Load: While increasing the
number of samples and iterations enhances algorithmic accu-
racy, it also significantly escalates the computational burden.
This increase in computational demand poses challenges for
real-time target tracking, as it can lead to critical delays.

In our previous work [7], we addressed the computa-
tional demands of MCO by leveraging Graphics Processing
Units (GPUs) to achieve significant speed improvements.
However, missile guidance systems operate in environments
where additional cooling is not feasible, necessitating the use
of processors that generate minimal heat and consume low
power. As a result, despite their performance benefits, GPUs
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Table 1 Related works to MCO for target tracking

Related
works

FPGA-based
parallelization

Parallelization
part

Missile
Utilization

[11–15] × × ×
[16–18] ◯ Generating

Samples
×

[19] × × ◯

ours ◯ Generating
Samples,
Calculation
likelihood

◯

are unsuitable for such applications [8]. In contrast, Field-
Programmable Gate Arrays (FPGAs) offer lower power
consumption andminimal heat generation, enabling efficient
operation without the need for active cooling. This makes
them ideal for embedded systems where passive or mini-
mal cooling is required. While TPUs have gained traction
as AI accelerators, they still generate substantial heat due to
high-density computation and sustained workloads [9, 10].
Moreover, the requirement for cooling systems to manage
this heat renders them unsuitable for our guided weapon sys-
tems, prompting us to adopt FPGA-based solutions instead.

Table 1 summarizes related studies on MCO for tar-
get tracking. While several studies applied non-accelerated
MCO across various domains [11–14], others explored par-
allelization of the sampling generation process using MCO
in different applications [16–18]. MCO techniques have also
been specifically applied to missile guidance and tracking
[19]. Therefore, this study proposes an FPGA-based par-
allelization of MCO tailored for ballistic target tracking,
addressing both the computational and power efficiency chal-
lenges.

2 ProblemDescription

2.1 Sampling-Based Ballistic Target Tracking

The primary objective of this study is to develop an object-
tracking algorithm capable of accurately estimating the
current state of a target in real-time. The trajectory of a
ballistic missile is modeled to evaluate the accuracy of
this estimation through likelihood calculations, while also
profiling the computational demands involved. Unlike sim-
ple free-fall motion, a ballistic missile during atmospheric
reentry is significantly influenced by aerodynamic drag and
gravitational forces, both of which critically alter its trajec-
tory. In this study, the ballistic missile is modeled as a point
mass within a Cartesian coordinate system. Additionally,
symmetrical aerodynamic characteristics of the missile are

assumed, allowing the use of simplified nonlinear dynamic
equations to represent its motion as follows:

ẋ = Vcos γ cos σ , ẏ = Vcos γ sin σ , ż = −V sin γ , (1)

σ̇ = Fl sin ε

mV cos γ
,

V̇ = Ft − Fd − mg sin γ

m
,

γ̇ = Fl cos ε − mg cos γ

mV
, (2)

Fd = 1

2
ρV 2 · Cd · S, Fl = 1

2
ρV 2 · Cl · S (3)

where x, y, and z represent the target’s position in the Carte-
sian coordinate system, while V denotes its velocity. The
variables σ and γ correspond to the heading angle and the
flight path angle, respectively. The gravitational constant is
represented by g, and m is the mass of the object. The forces
Ft , Fd , and Fl denote thrust, drag, and lift, respectively. Air
density is indicated by ρ, the lift coefficient denoted by Cl, ,
and the drag coefficient by Cd . The reference area is denoted
by S, and ε i signifies the direction of lift generation.

This study focuses on the atmospheric reentry phase of
a ballistic object. During this phase, the propulsion system
is typically no longer active, and as a result, thrust Ft is
assumed to be zero and the mass m of the ballistic object is
also considered constant. Furthermore, due to the symmetric
configuration of the ballistic object and negligible maneu-
vering, the lift force Fl is not generated during atmospheric
reentry. Consequently, the dynamic Eq. (2) is simplified as
follows:

σ̇ = 0,

V̇ = − Fd
m

− g sin γ ,

γ̇ = −g cos γ

V
, (4)

And the trajectory of the ballistic object is conceptually
represented in the Cartesian coordinate system, as illustrated
in Fig. 1.

2.2 Movement andMotionModel of the Target

Accurate modeling of target motion is a critical step in
the tracking process, and various methodologies are avail-
able for this purpose. In this study, the Singer model
was employed to model the target’s motion [20, 21]. The
Singer model assumes that the target experiences zero-mean
acceleration and represents this behavior as a first-order sta-
tionary Markov process. This model effectively captures the
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Fig. 1 Trajectory of the ballistic object in the Cartesian coordinate sys-
tem

temporal evolution of the target’s state, which can be math-
ematically described as follows:

ẋ = Ux + Jω, (5)

U =
⎡
⎢⎣
03 I3 03
03 03 I3
03 03 −1

τ
I3

⎤
⎥⎦, J =

⎡
⎢⎣
03
03
I3

⎤
⎥⎦, (6)

where ẋ is the state of the tracked target, and ω represents
white Gaussian noise with amean of zero and a time constant
τ .The matricesU and J include the 3 ×3 identity matrix I3,
and τ is the mobilization constant. The discrete equations for
ω are expressed as follows:

xk = �k−1x(k−1) + ω(k−1), ω(k−1) ∼ N (0, Ck), (7)

�k � I +U	t , (8)

Ck � PωC0 = Pω

⎡
⎢⎣

	t5
20 I3

	t4
8 I3

	t3
6 I3

	t4
8 I3

	t3
3 I3

	t4
2 I3

	t6
6 I3

	t2
2 I3 	t I3

⎤
⎥⎦, (9)

where �k denotes the state transition matrix, and 	t repre-
sents the sampling interval. The covarianceCk is constructed
using Pw, the power spectral density, andC0, the white-noise
jerk model. The increase in acceleration over time was quan-
tified using the integral of the jerk over a given period. Here,
x is defined as follows:

x =
[
PT V T AT

]T
, (10)

P =
[
x y z

]T
, (11)

where P , V , andA are the position, velocity, and accel-
eration, respectively, in the Cartesian coordinate system.

Vectors
[
x y z

]
represent the position of the target in a three-

dimensional space. Based on this definition, we defined the
measured data. We assumed that radar was used to measure
the target’s altitude, attitude, and distance. These measure-
ments can fluctuate based on the position of the target relative
to the radar as described below.

[
xr yr zr

]T =
[
x y z

]T −
[
xm ym zm

]T
, (12)

where xr , yr , and zr denote the relative positions of the tar-
get and the radar, respectively, and xm , ym , and zm denote
the coordinates of the radar. Consequently, the two bearing
angles qψ and qθ and relative distance qR can be obtained by

⎡
⎢⎣
qθ

qψ

qR

⎤
⎥⎦ =

⎡
⎢⎢⎢⎣
tan−1

(
zr√
x2r +y2r

)
+ nG, θ + nθ

tan−1
(
yr
xr

)
+ nG,ψ + nψ√

x2r + y2r + z2r + nR

⎤
⎥⎥⎥⎦ (13)

The above equation includes the noise associated with the
observed position relative to the actual position of the target.
Measurements include noise, with measurement errors rep-
resented by Gaussian noise from the radar receivers nθ , nψ ,
and nR . Additionally, non-Gaussian noise nG, θ and nG,ψ are
included to reflect radar glint noise [22].

2.3 Real-Time Problem

The ability to rapidly process data is critical in target-tracking
systems, particularly for high-speed targets, such as ballistic
missiles, where real-time trajectory prediction and accuracy
are paramount. The precision of target tracking is the most
significant factor in enhancing interception rates. To improve
prediction accuracy, we employed a Monte Carlo Optimiza-
tion (MCO) algorithm to probabilistically analyze the target’s
potential trajectories.

During this process, information extraction and numeri-
cal computations on the samples are performed iteratively for
each cycle.While increasing the number of samples enhances
accuracy, it also significantly escalates the computational
load. The resulting increase in computations makes real-time
tracking increasingly challenging. To address this problem,
previous research has utilized GPU-based parallelization to
accelerate the process [4, 23]. However, due to the high
power consumption of GPUs, this approach is not feasible in
power-constrained environments. Consequently, we propose
an FPGA-based acceleration algorithm that offers enhanced
computational performance with lower power consumption.
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Fig. 2 The process of Monte Carlo optimization (MCO) for ballistic target tracking

3 FPGA-Based Pipelining Technique for MCO

Figure 2 illustrates the Monte Carlo Optimization (MCO)
process for ballistic target tracking. To implement the MCO
technique, we developed a simulation model designed to
accurately track high-speed ballistic targets. In real-world
scenarios, noise introduced during target tracking can signif-
icantly impact the precision of position estimates. The MCO
method addresses this by enhancing state tracking accuracy
through the generation of samples that represent random
positional information. In the Monte Carlo method, each
sample corresponds to a specific point in space, encapsulating
data on the ballistic target’s location. These samples are gen-
erated with inherent uncertainty, modeled through randomly
allocated numbers that simulate the noise encountered dur-
ing the tracking process. The MCO algorithm then applies
these samples to a measurement function to derive optimal
estimates, selecting the sample with the highest calculated
value as the optimal estimate. This estimation process is itera-
tive, with each cycle involving the application of new random
numbers to refine the estimated values. The process continues
until the predefined number of iterations is reached, ensuring
that the MCO method efficiently tracks the trajectory of bal-
listic targets. The accuracy of this approach is validated by
comparing the estimates generated by the MCO algorithm
against actual measurements from the ballistic missile target
model.

3.1 Computation Time Profiling

In the Monte Carlo Optimization (MCO) method, increasing
the number of samples generally enhances accuracy; how-
ever, it also significantly increases the computational load
and extends execution time. To address this challenge, the
execution time of each operation within the algorithm was
meticulously measured to identify the most time-consuming
processes. As depicted in Fig. 3, the sample size was set
to 2000, and the computation time for each algorithmic
component was recorded using only a CPU. The FPGA
implementation was conducted on a Zynq UltraScale +
ZCU104 board.

As shown in Fig. 3, the computational times for the
optimal sample update and initialization operations were rel-
atively minor, constituting only 0.483% and 8.41% of the
total time, respectively. In contrast, sampling and likelihood
calculations consumed the majority of the time, accounting
for 64.197% and 35.31%, respectively. Based on these find-
ings, this study concentrated on accelerating the algorithm by
synthesizing the sampling and likelihood calculation compo-
nents into IP cores using Xilinx Vitis HLS, which were then
implemented on the FPGA.

3.2 Parallelized Sampling

To reduce the computation time of the sampling process, the
motion model was analyzed for possible parallelization as
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Fig. 3 Computation time
profiling

follows:

Supdate = (H × Shat ) +
(
H × √

Ck × rnd
)

(14)

where H is the state transition matrix for the target.Shat is a
9× 1 matrix that holds three-dimensional information about
the initial samples’ position, velocity, and acceleration. Ck

is the error covariance matrix representing noises. rnd is a
random number that follows a zero-mean normal distribution
with a standard deviation of one. In this method, noise is
generated in the processing system (PS) part and fed as data
input through the AXI stream interface, which is designed to
be processed internally by the IP. This acceleration process
is shown in Table 2.

The state transitionmatrixH and the covariancematrix for
noise Ck, established in the initial modeling, are initialized
internally within the IP. This approach reduces the overhead
associated with data input and output.

Figure 4a illustrates the conventional operating method,
where all operations from Compute1 are executed sequen-
tially to process 1000 samples. This sequential processing,
however, requires a substantial amount of time. To address
this inefficiency, we propose parallelizing operations using
a pipelining approach. Due to the dependencies among the
computed Eq. (14), parallelization within a single sample
was not feasible. Instead, we implemented parallelization
between samples.

As depicted in Fig. 4b, the operations for sample n = 0
are initiated first, followed by the operations for sample
n = 1 after a one-clock-cycle delay. This strategy of initiat-
ing the operations for the next sample at every clock cycle
enables parallel processing across samples without compro-
mising intra-task dependencies. As a result, this approach
significantly improves processing speed. Figure 4a shows
the conventional operatingmethod. In this method, all opera-
tions fromCompute1were performed sequentially to process
1000 samples. However, sequential processing requires con-
siderable time. Therefore, we propose the parallelization of
operations using the pipelining method. However, because
of the dependencies among the calculated Eq. (14), the
parallelization of operations within a single sample was
impossible. Instead, we parallelized the operations between
samples. As shown in Fig. 4b, the operations of sample

n = 0 begin first, followed by those of sample n = 1 after
one clock cycle. The approach of starting the operations of
the next sample at every clock cycle allows parallelization
between samples without compromising intra-task depen-
dencies, resulting in a significant improvement in processing
speed.

Calculations involving decimal precision are crucial in
ballistic missile tracking, necessitating the use of the double
data type. During data transfer from the Processing System
(PS) to the Programmable Logic (PL), floating-point dou-
ble data is converted into fixed-point ‘uint_64’ format to
ensure precise data transmission.Consequently, an additional
conversion process is required to revert the data type to dou-
ble during data retrieval. Figure 5a illustrates the process of
decoding the data and writing the values to the buffer. Sim-
ilar to the approach in Fig. 4b, the data reading, decoding,
and buffer writing operations were pipelined, allowing con-
current processing of multiple samples. The results of this
pipelining process are shown in Fig. 5b. When writing the
results, the data are converted from double to uint_64, revers-
ing the earlier reading process.

To enhance processing speed, each sample completes its
calculations and writes the data sequentially, as depicted in
Fig. 6a. Since datawriting occurs only after the completion of
a sample, the volumeof data processed simultaneously is lim-
ited. To address this, theUNROLLdirectivewas employed to
enable parallel data access, significantly reducing processing
time, as shown in Fig. 6b.

3.3 Parallelized Likelihood Calculation

The likelihood calculation is the second most time-
consuming part of the MCOmethod, following the sampling
part. These functions can be divided into two main cate-
gories. The information obtained from the samples was used
to estimate the target’s distance, angle, and rotation angle as
follows:

Range[n] =
√
S21 [n] + S22 [n] + S23 [n], (15)

θ [n] = − arctan

⎛
⎝ S3[n]√

S21 [n] + S22 [n]

⎞
⎠ × 180

π
, (16)
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Table 2 Pseudo-code for parallelized sampling

ψ[n] = arctan

(
S2[n]

S1[n]

)
× 180

π
, (17)

where the variables S1 [n], S2 [n], and S3 [n] represent the
x-, y-, and z-coordinate information of samples taken from
random positions, and n is the number of samples, allowing
calculations for each sample.

With these estimates,we can input them into the likelihood
function to calculate the likelihoods for distance, angle, and
rotation angle as follows:

PRange = 1√
2π × σρ

× exp

(
− (meanR − Range)2(

2 × σρ

)2
)
,

(18)

where σρ denotes the measurement noise, and meanR rep-
resents the acquired measurement of the target’s distance.
In this study, σρ was set to 1. PRange refers to the estimated
distance obtained during the predicted measurement phase.

The likelihood functions and internal computations for the
angles and rotation angles are defined by

temp1 = (1 − ep) ×

⎛
⎜⎜⎝

1√
2π

(
σ 2

θ ,ψ +
(

σg1

Range2

))

⎞
⎟⎟⎠, (19)

temp2 = exp

⎛
⎜⎜⎝−

(
meanθ ,ψ − θ , ψ

)2

2

(
(σθ ,ψ+σg1)

2

Range2

)

⎞
⎟⎟⎠, (20)
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Fig. 4 Results of pipelining the computations between samples

Fig. 5 Results of pipelining the
data read in sampling
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Fig. 6 Results of unrolling the
data read in sampling

temp3 = (ep) ×

⎛
⎜⎜⎝

1√
2π

(
σ 2

θ ,ψ +
(

σg2

Range2

))

⎞
⎟⎟⎠, (21)

temp4 = exp

⎛
⎜⎜⎝−

(
meanθ ,ψ − θ , ψ

)2

2

(
(σ+σg2)

2

Range2

)

⎞
⎟⎟⎠, (22)

Pψ = temp1 × temp2 + temp3 × temp4, (23)

Pθ = temp1 × temp2 + temp3 × temp4, (24)

where σθ,ψ represents the measurement noise, and the
meanθ ,ψ represents the measurement mean; both vary
depending on the type of measurement being conducted. σθ

was set to 0.1 for the angle measurement noise, and σψ was
also set to 0.1 for the rotation angle measurement noise. σg1

and σg2, which occur during estimation, were set to 0.5 and
1, respectively. ep is the probability of noise occurring owing
to the glint.

Using the likelihoods PRange, Pψ , and Pθ , we can update
the weightW forN samples by multiplying these likelihoods
together as follows:

W = PRange × Pψ × Pθ , (25)

where PRange represents the likelihood of the distance, and
Pψ and Pθ represent the likelihoods of the twobearing angles.
These values are multiplied to obtain the overall likelihood,
W , representing the accuracy of the estimate compared with
the actual measurement. The W value of each N sample was
calculated, and the highest sample value was used as the opti-
mal sample. Thismethod demonstrates that themore samples
available for evaluation, the more accurate the target estima-
tion. However, this method increases the computational load;
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Table 3 Pseudo-code for parallelized likelihood calculation
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Fig. 7 Results of pipelining the
likelihood function

therefore, we designed an IP that calculates the likelihood in
parallel using Vitis HLS.

In Table 3, the noise values and initial settings such
as ’ep’ were first declared in the BRAM within the IP to
reduce the overhead of inputs and outputs. The design reads
the actual measurement value Sm and the estimate value
Sbar obtained through sampling as inputs and outputs the
value of the weights. The speed of each read and write was
enhanced using the pipelining method described above. The
estimated distance, angle, and rotation angle were subse-
quently computed. The likelihood calculation depends on
these estimated values and can only be performed after they
are determined. However, within the loops responsible for
calculating the estimates and likelihoods, there is no interde-
pendency between the computations of distance, angle, and
rotation angle. As a result, we were able to implement paral-
lelization by pipelining these calculations within a loop, free
of dependencies.

In Fig. 7a, Compute1 calculates the estimates for dis-
tance, angle, and rotation angle, while Compute2 computes
the likelihood for these parameters to determine the weight
W . Compute2 bases its likelihood calculations on the values
obtained from Compute1. As shown in Fig. 7b, paral-
lelization between samples was implemented, allowing the
pipelines to operate independently and avoid interdependen-
cies.

The computations within Compute1 and Compute2 are
designed to be sequential, as depicted in Fig. 8a, where
operations are executed in order. However, since there is
no dependency between these operations, pipelining was
applied. As illustrated in Fig. 8b, the computation of E_rho
begins immediately, followed by the computation of E_theta.

Fig. 8 Results of pipelining Compute1

Pipelining occurs at one-clock-cycle intervals, enabling par-
allel processing for each sample. This approach enhances
parallelism and improves performance by enabling pipelined
executionwithin theCompute1 andCompute2 operations for
each sample.

123



International Journal of Aeronautical and Space Sciences

Fig. 9 Board used in the
experiment

Fig. 10 Implementation results of the proposed method

Fig. 11 Target tracking results by the proposed parallelized MCO on the FPGA when N = 2000
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Fig. 12 Comparison of
computation times of logical
blocks

4 Evaluation Results

4.1 Target Board

For Methods 1 and 2, the designed hardware IPs were
implemented on an UltraScale + ZCU104 (XCZU7EV-
2FFVC1156) board as depicted in Fig. 9. The ZU7EV
device integrates a quad-coreARM®Cortex™-A53 applica-
tion processor, a dual-core Cortex-R5 real-time processor, a
Mali™-400MP2 GPU, and 16 nm FinFET+ programmable
logic (PL). The platform was designed using Vivado 2022.1.

In the design shown in Fig. 10, communication between
the hardware’s Processing System (PS) and Programmable
Logic (PL) is established through the AXI stream protocol,
utilizing AXI Direct Memory Access (DMA) for data trans-
fer. This design incorporates two IPs and fourDMAs,with the
AXI SmartConnect and Interconnect IP provided by Vivado
used for mapping between the master and slave nodes. The
developed platform was tested on a PC using Vitis 2022.1.

4.2 Comparison of Ballistic Target Tracking Results

The glint noise model was represented as follows:

p = (1 − τ)pG1 + pG2, (26)

where τ represents the probability of glint, PG1 is modeled
as a Gaussian distribution pG1 ∼ N

(
0, 0.12

)
, and PG2 fol-

lows a Gaussian distribution pG2 ∼ N
(
0, 12

)
. This model

effectively simulates the glint noise in the tracking system.
The tracking motion model employed the Singer model, as
defined in Eq. (6), while themeasurement model was derived
using Eq. (13). The radar was assumed to be fixed at a ground

Table 4 Comparison of computation times on target tracking results

N(Sample) CPU (ms) Proposed (ms) Acceleration (×)

1000 15,201 7888 1.93

2000 30,303 11,714 2.59

3000 43,621 15,739 2.77

4000 56,942 19,765 2.88

5000 70,320 23,794 2.955

6000 82,445 25,761 3.20

7000 95,903 29,778 3.22

8000 10,9345 33,771 3.24

9000 12,2861 37,768 3.25

10,000 13,6329 41,774 3.26

Table 5 Resource use

Resource Utilization Available Utilization%

LUT 125,714 230,400 54.56

LUTRAM 4185 101,760 4.11

FF 86,307 460,800 18.73

BRAM 118 312 37.82

DSP 663 1728 38.37

BUFG 2 544 0.3

location,with the ballistic targetmoving at high speeds, influ-
enced by both gravity and aerodynamic drag. Consequently,
the velocity of the ballistic target varied over the course of
the simulation.

Figure 11 presents the results of trajectory and state
tracking using a sample size of N = 2000 for the MCO
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Fig. 13 Trade-off between the
number of samples (N_s) and
MAE (m)

algorithm implemented on an FPGA. In the graph, the blue
line represents the actual target trajectory, circles indicate the
measured values, and the red line denotes the estimated val-
ues obtained using the FPGA-accelerated MCO algorithm.
The results confirm that the FPGA-based implementation
effectively performs target estimation with accuracy com-
parable to the original CPU-based algorithm. To evaluate
estimation accuracy,weuse theMeanAbsoluteError (MAE),
which measures the average absolute difference between
estimated and true positions across the x, y, and z coor-
dinates. A lower MAE indicates a trajectory that more
closely follows the actual target path. In this comparison, the
FPGA-based implementation achieves anMAE of 68.958m,
while the CPU-based version results in 72.316 m. The small
3.358 m difference demonstrates that the proposed acceler-
ation method preserves the original algorithm’s estimation
performance while running on hardware.

4.3 Analysis of Computation Times of Logical Blocks

The comparison of computational times by operation, as
shown in Fig. 12, reveals that the sampling process is approx-
imately 3.05 times faster, and the likelihood calculation is
about 6.3 times faster when utilizing the parallelized MCO
on the FPGA (proposed) approach compared to the MCO
executed solely on a CPU. Additionally, as shown in Table 4,
when comparing computation speeds across different sam-
ple sizes, it becomes evident that the disparity in computation

speedbetween theCPU-onlyMCOand theparallelizedMCO
on the FPGA (proposed) approach increases as the number
of samples grows.

The comparison of computational times by operation, as
shown in Fig. 12, indicates that the sampling process is
approximately 3.05 times faster, and the likelihood calcu-
lation is about 6.3 times faster when using the proposed
parallelized MCO on the FPGA approach, compared to the
MCO executed solely on a CPU. Moreover, as demonstrated
in Table 4, the disparity in computation speed between the
CPU-only MCO and the proposed parallelized MCO on the
FPGA approach becomes increasingly pronounced as the
number of samples increases.

Figure 13 shows how the MAE varies with the number of
samples N . When N is very small, the MAE remains high,
indicating that the estimation is less accurate. However, as N
increases particularly around 500 samples, the MAE rapidly
approaches near-zero levels, demonstrating that a larger sam-
ple size significantly improves estimation accuracy. In more
extreme noise environments, this convergence would require
evenmore samples tomaintain similar accuracy, significantly
extending the time and computational cost needed for esti-
mation.
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Fig. 14 Comparison of power use

Fig. 15 Target tracking results by parallelized PSO on the FPGA when N = 2000 and epoch = 5

Fig. 16 Comparison of the
computation times of the
parallelized PSO on the FPGA
[25] and the proposed method
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4.4 Resource Use Analysis

Both IP cores developed using Methods 1 and 2 were
designed with a reference of N = 1000 samples, and the cor-
responding resource use is detailed in Table 5. As shown in
Table 5, resources were allocated efficiently, with the sample
size set to 1000 to optimize resource utilization. The design
is modular, allowing the sample size to be increased in incre-
ments of 1000 by reusing the IP cores for any sample size
exceeding 1000. This modular approach enhances scalability
and improves resource management.

Figure 14 presents a comparison of power consumption
when executing the MCO algorithm on both the GPU and
FPGA (proposed) platforms. The Y -axis represents power
consumption in Watts (W). The predicted power use for
the FPGA was measured using Vivado, while the GPU,
an RTX3070, had its power use indirectly measured via
NVIDIA’s GeForce Experience tool [24]. The results indi-
cate that the GPU consumed approximately 38W, while the
FPGA consumed only 6.6 W. This shows that the GPU’s
power consumption was nearly six times higher than that of
the FPGA.

4.5 Comparison Results with Parallelized PSO
on the FPGA

The performance ofMCO can be compared to that of Particle
SwarmOptimization (PSO), as both are sampling-based opti-
mizationmethodswith similar characteristics [25]. Figure 15
illustrates the target-tracking results obtained using paral-
lelized PSO on the FPGA, demonstrating that the PSO
implementation was successful. When compared with the
target-tracking results of the proposed MCO method shown
in Fig. 11, the overall estimation outcomes were similar
between the parallelized PSO and the proposed method.
However, the convergence time for the parallelized PSO on
the FPGAwas faster than that of the proposedMCOmethod,
which is an inherent difference between the two algorithms.
Despite this difference, the proposedMCOmethod exhibited
significantly shorter computation times than the parallelized
PSO on the FPGA as shown in Fig. 16. The Y -axis represents
computation time in milliseconds (ms).

5 Conclusions

This study introduces an FPGA-based parallelized MCO
method designed for real-time tracking of targets along
ballistic trajectories. By profiling and analyzing the com-
putation times of the MCO method across various logical
blocks, the proposed approach effectively accelerates the
sampling and the likelihood calculation processes through
the application of efficient pipelining techniques on an

FPGA. Experimental results confirm that the proposed
method significantly reduces computation time compared to
the conventional MCO approach. Additionally, comparative
analysis reveals that the proposed method offers superior
performance, achieving faster computation times than a
comparable FPGA-accelerated sampling-based optimization
method. Furthermore, the proposed algorithm is well-suited
for low-power guided munitions and other systems where
active cooling is not feasible. Its efficient hardware accel-
eration minimizes power and thermal constraints, making it
adaptable to high-speed, resource-limited applications such
as autonomous aerial or space-based tracking systems.
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