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ABSTRACT Bearings-Only Target Motion Analysis (BOTMA) is challenging due to nonlinear dynamics,
noisy angle-only sensing, and the nonconvexity of maximum-likelihood estimation (MLE). We present
a System-on-Chip (SoC) Field-programmable gate array (FPGA) implementation of an Ant Colony
Optimisation (ACO) that solves the BOTMA–MLE problem under nonlinear target-motion models in
real time. Specifically, we consider an ϵ-greedy ACO (ϵG-ACO), where with probability 1 − ϵ the next
component is selected according to pheromone-guided probabilities, while with probability ϵ it is chosen
uniformly at random, thus balancing exploitation and exploration. The design targets a PYNQ-Z1 board
(AMD Zynq-7000), where a high-level synthesis (HLS)-generated ACO intellectual property (IP) core
communicates with the ARM processing system via Advanced eXtensible Interface (AXI) direct memory
access (DMA) and AXI-Stream, enabling high-throughput, low-latency evaluation of candidate solutions.
We validate the approach on synthetic trajectories (constant velocity, constant acceleration, and constant
jerk) and on a real-world track based on Automatic Identification System (AIS) data, considering a number
of parameters for the ship motion ranging from four to eight. Across all cases, the FPGA solution attains
estimation accuracy comparable to Python and C++ baselines while dramatically reducing runtime: up to
about ×119 over a C++ implementation and up to ×2281 over a Python implementation on a machine
equipped with a SiliconM4 Pro 14-core CPU and 24 GB of unified RAM.On-chip power for the 8-parameter
implementation is approximately 2.47W, with the processing system dominating the dynamic power. The
design fits comfortably on the XC7Z020 device, utilising about 56% of look-up tables (LUTs), 21% of block
RAM (BRAM), and 85% of digital signal processors (DSPs), leaving headroom for future extensions. These
results show that coupling metaheuristic optimisation with SoC-FPGA acceleration is a practical route to
real-time BOTMA under realistic, nonlinear motion, particularly in resource-constrained embedded settings.

INDEX TERMS SoC-FPGA, high-level synthesis (HLS), maritime security, estimation, bearings-only target
motion analysis (BOTMA), ant colony optimisation, ϵ-greedy, maximum likelihood estimation, real-time
embedded systems.

I. INTRODUCTION
Bearings-only target motion analysis (BOTMA) [1], [2] plays
a fundamental role in signal processing, with important appli-
cations spanning defence systems, autonomous navigation,
and surveillance [3]. Interestingly, its relevance extends to
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underwater environments as well [4], where accurate target
localisation is critical.

The core difficulty in BOTMA arises from estimating
target trajectories using solely angular measurements, which
are inherently nonlinear and corrupted by noise. Figure 1
provides a high-level view of the BOTMA problem, illustrat-
ing how the own-ship (i.e. the ship in charge of estimating
the target’s position), while following its known trajectory,
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FIGURE 1. BOTMA in a nutshell: while moving, the own-ship measures
only the bearing to the target; these angular data are then used to
estimate the target’s motion.

measures the bearings to the moving target in order to enable
motion estimation.

Early studies tackled these challenges by developing
closed-form expressions and iterative estimation methods
such as Maximum Likelihood Estimation (MLE). Although
these approaches provide accurate results, they often demand
high computational resources and require careful initialisa-
tion to avoid convergence issues [2], [5], [6]. More recently,
advancements have enabled BOTMA algorithms to operate
effectively with poor-quality measurements [7], incorporate
visual data [8], or manage constraints [9], [10].

Evolutionary computation methods, particularly Ant
Colony Optimisation (ACO) [11], [12], have shown promise
in addressing these computational complexities by providing
robust and flexible optimisation capabilities.

In terms of hardware acceleration, Field Programmable
Gate Arrays (FPGAs) have emerged as a powerful platform
due to their parallel processing capabilities, low latency, and
energy efficiency. FPGAs have been successfully applied
in maritime surveillance systems [13], [14], [15], including
tasks like ship detection from satellite imagery [15].
Further, FPGA-based implementations of optimisation

algorithms such as Particle Swarm Optimisation (PSO)
and Big Bang-Big Crunch (BB-BC) have demonstrated
considerable improvements in solving nonlinear model
predictive control (NMPC) problems and real-time image
processing [16], [17]. Neural network approaches includ-
ing Lagrange Programming Neural Networks (LPNN) and
Proximal Projection Neural Networks (PPNN) have also
been adapted for FPGA platforms, leveraging fixed-point
arithmetic and optimised circuit designs to efficiently solve
both smooth and nonsmooth optimisation tasks [17].
Regarding BOTMA specifically, [18] suggests the poten-

tial of FPGA technology in this domain, but practical
implementations remain scarce. For instance, although not
used for solving BOTMA, in [19] a hardware-in-the-loop
simulation is presented involving also FPGAs; however, their
use is limited to analogue-to-digital conversion of industrial
camera signals rather than algorithmic acceleration. Despite

extensive research in maritime security, existing solutions
predominantly rely on conventional computational platforms
(e.g. see the recent frameworks presented in [20], [21]). There
is a clear gap in exploiting FPGA technology to integrate
BOTMA algorithms with advanced optimisation methods
like ACO. To the best of our knowledge, aside from our pre-
liminary work [22], no comprehensive framework currently
bridges the gap between theoretical BOTMA formulations
using state-of-the-art optimisers and their deployment on
FPGA hardware.

The novelty of this work, thus, lies in being the first
FPGA-based implementation of an ϵ-greedy Ant Colony
Optimisation framework tailored to the Bearings-Only Target
Motion Analysis (BOTMA) problem. This contribution
is distinguished by three elements: (i) the integration
of a stochastic ϵ-greedy exploration strategy within a
hardware-accelerated ACO loop, (ii) the adaptation of
the algorithm to the nonlinear and non-convex nature of
BOTMA, validated using both synthetic and real-world
AIS data, and (iii) a detailed quantitative characterisation
of computational speedup and energy efficiency on FPGA
System-on-Chip hardware.

In this paper, we extend our preliminary work presented
in [22] by introducing a comprehensive System-on-Chip
(SoC) FPGA implementation of the Ant Colony Optimisation
(ACO) algorithm tailored for solving the Maximum Like-
lihood Estimation (MLE) problem in Bearings-Only Target
Motion Analysis (BOTMA). Unlike the initial design, which
focused on a simplified linear motion model, our current
work addresses the more complex and realistic scenario
of nonlinear target motion. In particular, we adopt an ϵ-
greedy ACO (ϵG-ACO) [23], [24], where pheromone-guided
selection is performed with probability 1 − ϵ and uniform
random exploration with probability ϵ, enhancing the balance
between exploitation and exploration. This extension lever-
ages the full capabilities of FPGA acceleration to optimize
both performance and power efficiency, enabling real-time
execution in resource-constrained environments.

The design developed in this paper is optimised for
low power consumption, with the dynamic on-chip power
of the SoC FPGA being 2.306W for the 8-parameter
implementation (i.e. when the target ship motion is modelled
via eight parameters, as discussed later in the paper). Notably,
the ACO core itself consumes only 0.769W, after subtracting
the 1.537W consumed by the Zynq-7 PS. Very similar results
are observed for the 4- and 6-parameter implementations.

By combining the flexibility of ACO with the real-time
processing strengths of SoC FPGAs, our design offers an
effective solution to BOTMA’s computational demands. The
implementation is realised on the PYNQ-Z1 platform, which
integrates an AMD Zynq-7000 SoC, merging an ARM
processing system with programmable logic. Simulation
results validate the proposed approach, showing improve-
ments in execution speed and energy efficiency relative
to a software-only implementation on a general-purpose
processor.
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II. PROBLEM FORMULATION
Consider a target moving within a two-dimensional plane,
whose position at discrete, uniformly spaced time intervals
is described by the equations{

xt (k) = fx(ψ, k,T )
yt (k) = fy(ψ, k,T ),

(1)

where ψ ∈ Rm represents an unknown parameter vector,
T denotes the sampling time, and k is the discrete time
index characterising the sampled dynamics of the target. The
functions

fx : Rm
× N× R>0→ R and fy : Rm

× N× R>0→ R

are differentiable and, possibly, nonlinear mappings that
depend on the parameters, sampling interval, and index.

Within this context, we consider an own-ship platform that
seeks to estimate the unknown vector ψ by collecting noisy
observations sampled uniformly during its motion over the
time interval [0, kmaxT ].
The nominal (noise-free) measurement model, following

the example in [25], is expressed as

h(ψ, k) = atan2
(
yt (k)− yo(k), xt (k)− xo(k)

)
, (2)

where xo(k) and yo(k) denote the own-ship’s coordinates
along the x and y axes at time t = kT , respectively.

The actual measurements acquired by the own-ship are
corrupted by noise and given by

z(k) = h(ψ, k)+ w(k),

where the noise terms w(k) are independent and identically
distributed Gaussian random variables with zero mean and
variance σ 2, i.e. w(k) ∼ N (0, σ 2).
We now address the estimation of ψ using the Maximum

Likelihood Estimation (MLE) framework (see [26, p. 182] for
more details).

The MLE estimator θ∗ is defined as the parameter value
that maximizes the likelihood function of the observed data,

p(z1, z2, . . . , zm | θ ),

where the maximization is performed over the admissible
parameter set. For brevity, the likelihood function will be
denoted simply as p(θ ) whenever no ambiguity arises.

If p(θ) is differentiable, then the MLE θ∗ satisfies

∂ ln p(θ )
∂θ

∣∣∣
θ=θ∗
= 0n, (3)

where the solution is unique and asymptotically unbiased
under standard regularity conditions.

In our problem, the likelihood function can be explicitly
written as (e.g. see [2])

p(θ ) =
1

(2πσ 2)kmax/2

kmax∏
k=1

exp
(
−
(z(k)− h(θ , k))2

2σ 2

)
. (4)

Consequently, the maximization problem is equivalent to

θ∗ = argmax
θ

p(θ) = argmax
θ

ln p(θ ).

By defining the cost function λ(θ ) = − ln p(θ), the
estimation problem can be equivalently expressed as

θ∗ = argmin
θ

λ(θ ).

Standard algebraic manipulations [2] yield the classical
least squares formulation:

θ∗ = argmin
θ

1
2σ 2

kmax∑
k=1

(z(k)− h(θ , k))2. (5)

It is worth emphasizing, as noted in [27], that the MLE
for bearings-only target tracking does not admit a closed-
form expression; instead, a solution can be obtained via
iterative numerical methods, with proper initialisation to
ensure convergence.

Moreover, the cost function in (5) is generally non-convex,
often necessitating the use of approximate optimisation
techniques to identify a satisfactory local minimum.

Let us now conclude the section by providing an example
of practical relevance that will be adopted as a benchmark in
our experimental analysis later in the paper.
Example 1: Let us consider a target moving according to

the following ℓ-th order polynomials
xt (k) =

ℓ∑
h=0

1
!h

αx,hkhT h

yt (k) =
ℓ∑

h=0

1
!h

αy,hkhT h;

in this case, we have m = 2ℓ and

ψ =
[
αx,1, . . . , αx,ℓ, αy,1, . . . , αy,ℓ

]⊤
.

III. FPGA-BASED SoC IMPLEMENTATION OF ANT
COLONY OPTIMISATION (ACO)
This section outlines the implementation of the FPGA-based
SoC accelerator for the Ant Colony optimisation (ACO)
algorithm on the PYNQ-Z1 development board. The
approach combines hardware acceleration with the PYNQ
platform’s software interface, offering efficient execution of
computationally intensive tasks.

A. OVERVIEW OF THE IMPLEMENTATION
The implementation starts with simulating virtual sensor
measurements on a host computer, which communicates with
the PYNQ-Z1 board via Ethernet for efficient data transfer.
To accelerate computation, the Ant Colony Optimisation
(ACO) algorithm, known for its high repetition requirements,
is offloaded to the programmable logic (PL) of the Zynq
System on Chip (SoC). Within this architecture, the Zynq
processing system (PS) contains the processor and DDR
memory controller, while the programmable logic hosts
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FIGURE 2. SoC FPGA-based BOTMA high-level architecture of datapath.

the AXI1 Direct Memory Access (DMA) and AXI Data
FIFO modules. Communication between the PS and PL
occurs over AXI-based interfaces: AXI_Lite enables control
signalling from the processor to theDMA,while AXI_MM2S
and AXI_S2MM memory-mapped buses allow the DMA
to read from and write to DDR memory. The AXI4-
Stream interfaces, AXIS_MM2S and AXIS_S2MM, handle
continuous, address-free data streams between the DMA and
the FPGA accelerator. The PYNQ framework streamlines
this setup by offering a Python interface to manage data
movement and control tasks within the FPGA. The high-level
architecture of the data-path is illustrated in Figure 2.

This integration enhances computational performance by
utilising hardware acceleration, ensuring the ACO algorithm
is executed efficiently. The algorithmic details are reported
next.

B. ϵG-ACO ALGORITHM IMPLEMENTATION
Algorithm overview and ϵ-greedy sampling. Algorithm 1
follows the classic ‘‘construct–evaluate–update’’ ACO loop
for continuous domains. We maintain a pheromone scalar
τd for each decision dimension d ∈ {1, . . . ,D}, initialised
to one. At each iteration t , a set of A ants independently
construct candidate solutions

xi = (xi,1, . . . , xi,D) ∈ D1 × · · · × DD,

where Di = [dimin, di,max] represents the search interval
considered for the i-th dimension. Then, the objective f (xi)
is evaluated, and pheromones are evaporated and reinforced
according to the solutions found. We track the iteration best
solution xlocal and update the global best solution xbest on
improvement.

1The Advanced eXtensible Interface (AXI) is a protocol for on-chip com-
munication buses and forms a component of the Advanced Microcontroller
Bus Architecture (AMBA) specification.

ϵ-greedy construction (exploration vs. exploitation). For
each ant i and dimension d , draw a uniformly random variable
r ∼ U(0, 1) and choose:
• Exploration (probability ϵ):

xi,d ← dd,min + r (dd,max − dd,min),

which ensures uniform coverage of the search interval
Dd .

• Exploitation (probability 1 − ϵ): bias the variate using
the per-dimension pheromone transform

r̂ = r κd , κd =
1

1+ α τd
.

Based on these values, the ant selects

xi,d ← dd,min + r̂ (dd,max − dd,min),

where α > 0 tunes pheromone influence.
Evaluation and selection. After construction, we compute

f (xi) (in parallel in our SoC design) and pick the iteration
winner

xlocal ∈ arg min
i∈{1,...,A}

f (xi).

If f (xlocal) < f (xbest), update xbest.
Pheromone update. Pheromones undergo evaporation and

deposition:

τd ← (1− ρ) τd +
A∑
i=1

1τi,d ,

where

1τi,d =
1

1+ f (xi)
, d = 1, . . . ,D.

Evaporation (1 − ρ) prevents unbounded growth and
enables adaptation; additive reinforcement favours dimen-
sions appearing in low-cost solutions.
Parallel realisation on FPGA. Although Algorithm 1 is

written sequentially, our SoC design executes the ant loop
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Algorithm 1 ϵ-Greedy ACO for Minimisation
Require: Objective function f (x), dimensions D (number

of parameters), number of ants A, maximum iterations
I , evaporation rate ρ ∈ (0, 1], exploration probability
ϵ ∈ [0, 1], pheromone influence α > 0, parameter search
intervals Di = [dimin, di,max] for all i ∈ {1, . . . ,D}.

Ensure: Best solution xbest.
1: Initialise pheromone levels τd ← 1,∀d ∈ {1, . . . ,D}.
2: Set xbest← ∅ and f (xbest)←∞.
3: for t ← 1 to I do
4: Initialise solutions X ← ∅.
5: for i← 1 to A do ▷ Construct solutions for each ant
6: for d ← 1 to D do
7: choose ri ∈ [0, 1] uniformly at random.
8: Compute biased random value

r̂i ← ri with probability ϵ

r
1

1+α τd
i with probability 1− ϵ;

9: Choose xi,d ← dimin + r̂i(dimax − dimin);
10: end for
11: Add solution xi,d to X .
12: Compute fitness f (xi,d ).
13: end for
14: Find local best xlocal← argminxi∈X f (xi).
15: if f (xlocal) < f (xbest) then
16: Update xbest← xlocal.
17: end if
18: Update pheromone levels:
19: for d ← 1 to D do
20: τd ← (1− ρ) · τd +

∑N
i=1

1
1+f (xi)

.
21: end for
22: end for
23: return xbest

in parallel: P hardware ‘‘ant workers’’ concurrently construct
xi, evaluate f (xi) using shared read-only data (own-ship
trajectory and measurements), and participate in a short
reduction to update {τd }Dd=1. With full unrolling (P = A),
the per-iteration cost drops fromO(AN +DA) toO(N +D),
where N is the number of measurements; a LUT-based atan2
further reduces constants while preserving accuracy.

C. DEVELOPING THE ACO IP CORE USING HIGH-LEVEL
SYNTHESIS
Let us now discuss the implementation aspects of our FPGA
solution. The first step in developing the FPGA accelerator
is the design of the ACO IP core2 using the AMD Vitis
2025.1 High-Level Synthesis (HLS) [28] tool. The algorithm,
implemented in C++, focuses on optimising computation-
ally intensive operations such as pheromone updates and path
evaluations. These operations are synthesised into hardware

2An IP core, or intellectual property core, is a reusable, pre-designed
functional block of logic or data used in the development of integrated
circuits (ICs) such as FPGAs and ASICs.

logic using Vitis HLS, resulting in a reusable and highly
efficient Register Transfer Level (RTL) module.

The synthesised IP core is then exported to AMD Vivado
2025.1 for integration into a complete hardware design.

D. INTEGRATING THE IP CORE INTO VIVADO DESIGN
SOFTWARE
In AMD Vivado design software, the ACO IP core is
integrated into a custom block design alongside the Zynq
Processing System (PS). The IP core features a single
high-speed input interface implemented using a 128-bit AXI-
Stream for data transfer (4 inputs of 32 bits each) and one
64-bit AXI-Stream output interface (2 outputs of 32 bits
each). Additionally, oneAXI-Lite interface is used for control
and configuration. Data movement between the Zynq PS and
the ACO IP core is handled by a single AXI DMA block,
which manages the 128-bit input stream and the 64-bit output
stream, ensuring efficient data transfer and minimising pro-
cessor overhead. The AXI interconnect remains configured
to enable efficient communication between the Zynq PS and
the Programmable Logic (PL), with the AXI-Lite interface
directly managed by the Zynq PS for configuration and status
monitoring.

The overall architecture of the accelerator integrates the
Zynq PS with the ACO IP core. The Zynq PS contains
both the processor and the DDR memory controller, while
the programmable logic (PL) hosts the AXI DMA and AXI
Data FIFO modules. The AXI DMA block provides an
AXI-Stream Slave Interface (S_AXIS_S2MM) for stream-
to-memory transfers and an AXI-Stream Master Interface
(M_AXIS_MM2S) for memory-to-stream transfers. The
128-bit AXI-Stream input connects to the S_AXIS inter-
face, while the 64-bit AXI-Stream output connects to the
M_AXIS interface. Communication between the Zynq PS
and PL occurs through various AXI interfaces, including
the AXI_MM2S and AXI_S2MM memory-mapped buses,
which provide DMA access to the DDR memory, and the
AXIS_MM2S and AXIS_S2MM, which handle continuous,
address-free data streams.

The system’s control register and the scalar operand for
the maximum number of entries (data size) n are managed
through the S_AXI_CONTROL interface, which is part of
the S_AXI_LITE interface.3 The use of a single AXI DMA
block for data handling ensures efficient throughput, with the
input stream carrying three 32-bit inputs (96 bits). Since the
AXIDMA requires widths inmultiples of 32, the input stream
is declared as 128 bits, with only the lower 96 bits utilised.
The unused 32 bits, alongwith any associated logic resources,
are optimised during synthesis to ensure the design remains
efficient and compact.

Once the design is completed, an HDL wrapper is gener-
ated, followed by synthesis, implementation, and bitstream

3According toAMD’s guidelines, ports without a specific bundle name are
grouped into the default AXI4Lite interface port, which is typically named
s_axi_control in the RTL design.
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FIGURE 3. Overall system architecture and data flow.

generation. The resulting bitstream serves as a PYNQ
overlay, which can be loaded onto the FPGA for execution.

The overall system architecture and data flow, imple-
mented using AMD Vivado, is depicted in Figure 3.

E. DEPLOYING AND ACCELERATING ACO ON PYNQ
The generated PYNQ overlay is deployed on the
PYNQ-Z1 and controlled using the PYNQ’s Python-based
interface. This interface allows the ACO algorithm to utilise
the FPGA accelerator transparently, facilitating efficient
execution of optimisation tasks.

The Bearings-Only Target Motion Analysis problem,
which requires solving computationally demanding opti-
misation tasks, benefits significantly from this hardware-
accelerated implementation. Parallel execution of pheromone
updates and path evaluations in the PL enhances overall
performance compared with a software-only solution.

IV. EXPERIMENTAL RESULTS
In this section, we analyse the performance of the proposed
ACO implementation4 with respect to three scenarios,
reported in Figures 5 and 6.
The experimental setup for evaluating the proposed

ACO implementation on the SoC FPGA platform uses the
PYNQ-Z1 board, which features an AMD Zynq-7000 SoC
integrating an ARM processor and programmable logic (see
Figure 4). The FPGA board connects to a host PC via
Ethernet, enabling seamless data exchange. A Jupyter Note-
book environment running on the PYNQ board facilitates
interactive control and monitoring of the experiment through
Python scripts. The BOTMA datasets, including angular
measurements and motion parameters, are transmitted from
the host PC to the SoC FPGA implementation via this
setup. The ACO algorithm executes on the programmable
logic, and the resulting estimations are sent back to the
Python environment for analysis and visualisation. This

4To support reproducibility, the core project code is publicly available at
https://github.com/DrFuzzy/BOTMAccel

configuration allows for real-time evaluation of the ACO
algorithm’s performance, enabling a detailed assessment of
execution speed and accuracy in a hardware-accelerated
context. For comparison, we consider the results of a Python
and C++ implementation of the algorithms running on a
macOS machine equipped with a Silicon M4 Pro 14-core
CPU and 24 GB of unified RAM.

Notice that, for all implementations, we consider 20 ants,
1000 iterations, a pheromone evaporation rate of 0.1 and α =

1. As for the greedy search parameter ϵ, we consider the case
ϵ = 0.2 (i.e. 20% of uniformly random solutions).

Moreover, in the HLS (FPGA) implementation, we use
a PCG-style random number generator5 (see [29] for
background on PCGs; PCG extends LCG with xorshift
scrambling), which offers a favourable trade-off between
statistical quality and hardware efficiency, requiring only
simple arithmetic operations and a small internal state,
compared with the more complex algorithms used by the
numpy.random function in Python or the C++ rand()
function in cstdlib. This hardware-oriented choice comes
at the expense of slightly reduced randomness quality.

In Figure 5, we consider three distinct scenarios. In all
of them, the ownship (blue curve) moves with a sinusoidal
trajectory. Moreover, we assume the frame of reference is
centred at the ownship’s initial location and has axes that are
parallel to those of Figure 5, and we simulate one hour of
motion with a sampling time T = 2s.

As for the target ship, we assume its initial position is
xt0 = yt0 = 30000m, while we consider three cases: (i) linear
motion with constant velocity ẋt0 = 8m/s, ẏt0 = 7m/s;
(ii) uniformly accelerated motion with the initial position

5The generator employs a linear congruential core with modulus 264,
sn+1 = (a sn+c) mod 264, with multiplier a = 6364136223846793005 and
increment c = 1442695040888963407 (odd). A xorshift-based permutation
is then applied to the internal state, yn =

(
sn ⊕ (sn ≫ 18)

)
&0xFFFFFF,

and scaled to [0, 1) by returning yn/224. This design remains lightweight
in hardware (requiring one multiplication, one addition, and simple bitwise
operations) while offering improved statistical quality compared with a plain
LCG.
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FIGURE 4. Experimental hardware setup used for all evaluations, consisting of the Pynq-Z1
development board connected to a host computer, with the overlay of the implemented design
interfaced via Jupyter Notebook.

FIGURE 5. Examples of synthetic data with different motions for the target ship (duration 1 hour, sampling time T = 2s): linear
motion (red solid line), uniformly accelerated motion (magenta dotted line), and motion with uniform jerk (black dashed line). The
ownship is shown with a blue line. Latitude–longitude coordinates (degrees) are shown directly in the plots; the 5 km scale bar
provides a visual distance reference.

and velocity as in the previous case and acceleration ẍt0 =
−10−3 m/s2, ÿt0 = 10−3m/s2; (iii) constant jerk motion
with initial position and velocity as in the first case, initial
acceleration ẍt0 = ÿt0 = 10−3 m/s2, and constant jerk
...
x t0 = 10−5,

...
y t0 = −10

−5. In all the above cases,

we set the standard deviation to σ = 0.01. Moreover, for
each parameter, we limit our search in a given interval,
and, specifically, we consider xt0, yt0 ∈ {20000, 40000}m,
ẋt0, ẏt0 ∈ {5, 10}m/s, ẍt0, ÿt0 ∈ {−0.1, 0.01}m/s2, and
...
x t0,

...
y t0 ∈ {−0.0001, 0.0001}m/s3.
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FIGURE 6. Example featuring real trajectories (duration 1 hour, sampling time T = 9.8467 s). The ownship is shown with a blue
line and its start point is denoted by an asterisk. The motion of the target ship is shown in red and the initial point is shown with a
circle. Latitude–longitude coordinates (degrees) are shown directly in the plots; the 50 km scale bar provides a visual distance
reference.

A last example, depicted in Figure 6, features real trajec-
tories obtained from a repository of Automatic Identification
System (AIS) data [30]. For the sake of simplicity, we rescale
them in order to obtain the same number of samples as
in the previous examples. Overall, the trajectories span a
time horizon of 4h 55m 4s and the uniform rescaling yields
a sampling time6 T = 9.8467 s. Notice that, in this example,
the trajectory of the target ship is not perfectly linear. Also
in this case, for each parameter, we limit our search in a
given interval that has been selected experimentally, and,
specifically, we consider xt0 ∈ {−500000,−200000}m,
yt0 ∈ {200000, 500000}m, ẋt0, ẏt0 ∈ {0, 10}m/s, ẍt0 ∈
{0, 0.001}m/s2, ÿt0 ∈ {−0.001, 0}m/s2, and

...
x t0,

...
y t0 ∈

{−0.00001, 0.00001}m/s3.
Resource Utilisation. Tables 1–3 present the resource util-

isation summary of the implemented FPGA-based SoC accel-
erator for Ant Colony Optimisation (ACO) in Bearings-Only
Target Motion Analysis (BOTMA) with four, six, and
eight parameters, respectively. The architecture integrates the
Processing System (PS) and Programmable Logic (PL) com-
ponents, with the ACO module serving as the computational
core of the system. The implementation was carried out on
the PYNQ-Z1 platform, which features an AMD Zynq-7000

6Preliminary experiments with an integer-valued sampling time T
indicated marginally lower resource utilisation and power consumption.
In the present work, however, we adopt a floating-point T to accommodate
more general and practically relevant scenarios where the sampling interval
is non-integer.

SoC (part number xc7z020-clg400-1) comprising an ARM
Cortex-A9 processor and FPGA fabric.

These resource utilisation results correspond to ACO
implementations configured with three input data sets, each
consisting of 1801 entries: ownship_x (the position of the
ownship along the xaxis), ownship_y (the position of the
ownship along the y-axis), and measure (the measured
relative positions). For all three configurations (i.e. for
four, six, and eight parameters), we consider two outputs:
best_solution, which stores the estimated parameter values,
and best_fitness, which represents the associated objective
function cost.

For the 8-parameter configuration, the ACO instance
utilises approximately 56% of the available slice LUTs, 27%
of Flip-Flops (FFs), 21% of block RAM (BRAM) tiles,
and 85% of DSP resources, highlighting its computational
demands (see Table 3). For the 4- and 6-parameter con-
figurations, the detailed resource utilisation is provided in
Tables 1 and 2, respectively. The remaining peripherals,
including DMA controllers, AXI interconnects, and system
management cores, contribute to the overall resource utilisa-
tion with relatively lower occupancy. It is important to note
that the ‘‘SoC FPGA design’’ row in each table represents
the total resource utilisation for the entire design, including
the ACO instance and all supporting components. These
tables also illustrate the resource distribution between the
ACO module and the supporting components within the SoC
architecture.
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TABLE 1. Resource utilisation (implementation for four parameters).

TABLE 2. Resource utilisation (implementation for six parameters).

TABLE 3. Resource utilisation (implementation for eight parameters).

Tables 4–6 presents the power analysis of the FPGA-based
SoC implementation for the ACO algorithm applied to
the BOTMA problem, considering a number of parameters
ranging from four to eight. In the case of eight parameters,
the total on-chip power consumption is 2.47W, of which
2.306W (93%) is dynamic power and 0.164W (7%) is
device static power. The dynamic power is further distributed
among different components, with the highest contribution
coming from the Zynq-7 Processing System (PS), consuming
1.537W, which corresponds to about 66.6% of the dynamic
power. Results for four and six parameters are comparable
(see Tables 4, 5).
It is important to note that the FPGA design, which

includes clocks, signals, logic, BRAM, and DSP blocks,
accounts for only 33.3% (8 parameters), 18.1% (6 param-
eters), and 12.3% (4 parameters) of the total dynamic
power. The power analysis assumes an ambient temper-
ature of 25◦C, providing a realistic estimate of power
consumption under typical operating conditions. The results
indicate that most of the power is consumed by the Zynq-
7 PS, while the FPGA-based ACO accelerator is highly
power-efficient, using only a small fraction of the total
power.

Figure 7 depicts the floorplan of the implemented SoC
FPGA, i.e. the physical locations and relationships of
the blocks as well as the routing resources available for
connecting them.

Performance Results. Tables 7–10 show the results for
the aforementioned scenarios in terms of execution time,
objective function of the MLE problem, and parameters

TABLE 4. Power analysis of the SoC FPGA implementation (four
parameters).

TABLE 5. Power analysis of the SoC FPGA implementation (six
parameters).

being estimated. Specifically, the tables report the results
obtained by the Python, C++, and FPGA implementations
considering m ∈ {4, 6, 8}. The results in the tables show the
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FIGURE 7. Floorplan of the implemented design (for 8 parameters) on the AMD XC7Z020CLG400-1 SoC.

TABLE 6. Power analysis of the SoC FPGA implementation (8 parameters).

average and standard deviation over M = 10 runs for each
scenario and parameter configuration.7

7Run-to-run variability is small (see standard deviations in Tables 7–10),
and observed differences across implementations are large relative to this
variability; consequently, additional significance tests would not alter the
conclusions and are omitted for brevity.

Interestingly, given the nonconvex nature of the problem
at hand and the presence of noise, the nominal solution
for the unknown parameters does not correspond to a zero
objective function value, but is close to the cost of the ACO
solutions.

Across implementations, the estimation accuracy (cost
λ(θ )) is largely comparable: in the constant-velocity case the
FPGA yields the lowest cost for allm (0.181, 0.231, 0.510 vs.
Python 0.208, 0.319, 0.650 and C+ + 0.202, 0.315, 0.702),
while in constant-acceleration it is best at m=6 (0.232) and
within < 1% of Python/C++ at m=4, with Python/C++
ahead atm=8 (≈ 0.46 vs. 0.53). In the constant-jerk scenario,
Python/C++ outperforms the FPGA at m=8 (≈ 1.15 vs.
3.92), whereas on the real-world track with m=8 the FPGA
attains the lowest cost (1.97) compared with C++ (2.57) and
Python (4.71). These trends confirm that the FPGA main-
tains competitive accuracy across synthetic and real-world
cases.
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TABLE 7. Example from Fig. 5 where the target ship moves with constant velocity. Results are given in terms of mean and standard deviation over ten
runs for each parameter configuration.

TABLE 8. Example from Fig. 5 where the target ship moves with constant acceleration. Results are given in terms of mean and standard deviation over
ten runs for each parameter configuration.

TABLE 9. Example from Fig. 5 where the target ship moves with constant jerk. Results are given in terms of mean and standard deviation over ten runs
for each parameter configuration.

Table 11 compares the average execution times of
the Python and C++ implementations with the FPGA
one. In spite of the low-end nature of the consid-
ered FPGA setup (the FPGA-based SoC accelerator,
implemented on the PYNQ-Z1 platform, operates at a
clock frequency of 100 MHz), the FPGA implemen-
tation achieves a massive improvement, ranging from
77.6× to 118.89× faster than C++ and from 1581.04×

to 2281.49× faster than Python, depending on the
scenario.

These remarkable performance gains highlight the advan-
tages of hardware-based execution, specifically FPGAs,
which accelerate computations by executing multiple tasks
concurrently through dedicated hardware resources. The
results demonstrate the effectiveness of the FPGA-based SoC
solution in accelerating the ACO algorithm for the BOTMA
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TABLE 10. Real World example from Fig. 6. Results are given in terms of mean and standard deviation over ten runs for each parameter configuration.

TABLE 11. ACO average speedup comparison with respect to Python and C++.

problem, making it well-suited for real-time or near-real-time
applications.

Fixed-Point Arithmetic and Accuracy. To optimise com-
putational efficiency on the FPGA, all arithmetic operations
within the ACO IP core were implemented using fixed-point
rather than floating-point representation. This approach
reduces logic and DSP utilisation, data transfer volume, and
latency, while maintaining sufficient numerical precision for
stable optimisation performance. Fixed-point arithmetic also
improves data throughput across the 128-bit AXI-Stream
interface by reducing the number of effective fractional bits
processed and stored, thereby enabling more efficient use
of on-chip memory and DMA bandwidth. Despite this sim-
plification, the FPGA implementation achieves comparable
or even superior estimation accuracy. For instance, in all
the synthetic examples the FPGA attains, on average (over
all scenarios and parameter choices), a relative accuracy8

improvement for the target’s initial position (xgt0 = 30000m)
of about 28.25% with respect to Python and 24.08% with
respect to C++ (both using floating point arithmetic).
The variability across experiments is non-negligible, with
standard deviations of about ±35.11% (Python) and ±26%
(C++).

V. CONCLUSION
In this work, we presented a novel FPGA-based SoC
accelerator for ACO applied to the BOTMA problem.
Our implementation, deployed on the PYNQ-Z1 platform,
demonstrates the effectiveness of integrating evolutionary
optimisation algorithms with hardware accelerators for

8We compute the accuracy metric as
√
|x̄0 − x

gt
0 |

2 + σ 2, where x̄0 and
σ are the mean and standard deviation of the estimated initial position along
the x-axis, and xgt0 is the ground truth. This corresponds to the root mean
square error (RMSE).

real-time signal processing tasks. Through simulations,
we validated the proposed solution’s ability to efficiently
solve the Maximum Likelihood Estimation (MLE) problem
in BOTMA, achieving significant performance improve-
ments over traditional software-based implementations.

The experimental results highlight the benefits of our
FPGA-accelerated ACO approach. Specifically, the FPGA
implementation, despite the low-end nature of the FPGA
board used for our experimental analysis, achieved up
to a 2281.49× speedup over a Python-based solution
and a 118.89× speedup compared with a C++ software
model, all while maintaining low power consumption and
efficient resource utilisation. The power analysis showed
that the FPGA design accounted for only 33.3% (8 param-
eters), 18.1% (6 parameters), and 12,3% (4 parameters)
of the total dynamic power, underscoring the efficiency
of hardware-based parallelism in executing computationally
intensive optimisation tasks.

In summary, beyond the demonstrated performance and
efficiency gains, this work represents the first FPGA-based
implementation of an ϵ-greedy Ant Colony Optimisation
framework for BOTMA. Its novelty lies in embedding
a stochastic exploration–exploitation strategy within a
hardware-accelerated loop, adapting it to nonlinear BOTMA,
and validating it on both synthetic and real AIS trajectories.

Although the proposed design achieves real-time perfor-
mance and competitive accuracy, its current scope is limited
to single-target tracking and assumes idealised bearing
measurements. Further validation on multi-target scenarios
and more complex noise environments remains an open
direction.

Future work will explore additional enhancements, such as
integrating multi-objective optimisation techniques, refining
pheromone update strategies for faster convergence, and
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extending the approach to multi-target tracking scenarios.
We also plan to conduct systematic comparisons with other
FPGA-accelerated metaheuristics (e.g. PSO, GA) to better
situate the proposed design within the broader landscape of
hardware-accelerated optimisation. Additionally, we plan
to investigate adaptive hardware configurations using partial
reconfiguration techniques to further optimise resource
utilisation and power efficiency.
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