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Abstract

Coastline detection is vital for coastal management, involving frequent observation and assessment to un-
derstand coastal dynamics and inform decisions on environmental protection. Continuous streaming of high-
resolution images demands robust data processing and storage solutions to manage large datasets efficiently,
posing challenges that require innovative solutions for real-time analysis and meaningful insights extraction.
This work leverages low-latency event-based vision sensors coupled with neuromorphic hardware in an attempt
to decrease a two-fold challenge, reducing the computational burden to ~0.375 mW whilst obtaining a coastline
detection map in as little as 20 ms. The proposed Spiking Neural Network (SNN) runs on the SpiNNaker neuro-
morphic platform using a total of 18040 neurons reaching 98.33 % accuracy. The model has been characterised
and evaluated by computing the accuracy of Intersection over Union (IoU) scores over the ground truth of a
real-world coastline dataset across different time windows. The system’s robustness was further assessed by
evaluating its ability to avoid coastline detection in non-coastline profiles and funny shapes, achieving a success
rate of 97.3 %.

1 Introduction

Shoreline monitoring is a critical aspect of coastal management, involving the frequent observation and assessment
of shoreline locations and changes over time. This process is essential for understanding the dynamic nature
of coastal areas and for making informed decisions regarding environmental protection and resource management.
Remote sensing and standardised monitoring protocols map, analyse and predict shoreline changes to avoid potential
environmental damage as well as to anticipate future changes in coastal areas. In coastal monitoring, both direct
on-site observations and remote sensing techniques play pivotal roles in comprehensively understanding shoreline
dynamics. Direct monitoring entails physical presence and surveys along the shoreline, allowing for the collection
of detailed data on erosion rates, sediment transport, vegetation health, and anthropogenic impacts. Conversely,
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remote monitoring utilizes satellite imagery, aerial drones, and other remote sensing technologies to cover broader
areas, monitor changes over time, and access hazardous or inaccessible locations [56].

In recent years, the use of drones has revolutionised the field of monitoring and inspection of landmarks. Drones
equipped with advanced visual perception have demonstrated the potential to reduce costs, enhance safety, and
improve efficiency significantly [62]. Drones are employed in various practical applications, ranging from surveil-
lance [36], aerial mapping [38] and inspection |49] to package delivery [10] and agriculture, where they operate
autonomously. Another practical use of drones is shoreline monitoring of the coasts, playing a crucial role in con-
ducting detailed surveys and capturing high-resolution imagery. In certain scenarios, drones are employed solely for
data recording without employing automation in flight control, particularly when operating at elevated altitudes.
Subsequently, the recorded data is subjected to shoreline extraction processes conducted offline, utilising GIS tools
to generate the shoreline contour [61, |34]. Nevertheless, drone automation has been implemented utilising frame-
based cameras [6] training of a Convolutional Neural Network (CNN) for detecting shoreline features from raw
camera images as well as the optical flow estimation of the detected coastline.

The continuous streaming of high-resolution images results in an extremely consuming approach [57], necessitat-
ing robust data processing capabilities and efficient storage solutions to manage the influx of large datasets, posing
challenges that demand innovative solutions for real-time analysis and meaningful extraction of valuable insights.
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Figure 1: Overview of the bioinspired system. From the left to the right: the coastline overview from a drone,
the event-camera output of the coastline scene with positive (red pixels) and negative polarities (green pixels),
the monopolarity event-based input into the Von Mises Coast Line Detector (VM CLD) system running on the
neuromorphic platform SpiNNaker, and the coastline detection map.

Recent approaches employ bioinspired event-based cameras and neuromorphic platforms, due to their efficacy
in the reduction of latency and power consumption, disregarding redundant data while computing in parallel and
contributing to the optimisation of resource utilisation. Event-driven cameras, inspired by biological processes, gen-
erate a sensor signal that loosely mimics mammalian visual responses and holds significant potential for integration
with bioinspired vision processing [22]. These cameras produce ”spikes” exclusively when and where there is a
temporal contrast change [43], drawing inspiration from the mechanisms observed in mammalian vision [43]. This
selective event generation results in a considerable reduction of data compared to conventional frame-based cameras
operating at typical frame rates [43]. By eliminating redundant data streams, event-driven cameras substantially
lower computational costs, boost processing speed and minimise latency [43]. These advantageous characteristics
make event-based processing particularly suitable for robotics applications. Despite the prevalence of saliency-based
approaches utilising Convolutional Neural Networks (CNNs) |25 [66], these methods often overlook the benefits of
event-driven sparse computation crucial for robotic applications [37} |24], especially when employing fully spiking-
based approaches [48, |59].

Recently, full bioinspired architectures have emerged for aerial vehicles. Specifically, for SNN online adaptation
exploiting on-chip learning [59], efficient contour-based area tracking [8], and controlled freely flying drones [40].
Although these intelligent systems prove the efficiency of a fully bioinspired architecture, they do not specifically
address the challenge of shoreline monitoring. This work aims to solve this challenge by leveraging event-based
sensing in combination with neuromorphic computing to develop a low-power efficient system that significantly
reduces latency and computational demands [55, 58]. The integration of the AER protocol with an SNN running on



the SpiNNaker [20] platform holds promising potential for enhancing the efficiency of the system opening the door
to a new approach for coastline and nearshore coastline detection. To make the drone autonomous in near-shore
missions and at low altitudes, we propose to use the near-shore moving waves which are mostly formed near the
beach and where water touches the seabed ([60]).

The system is a follow-up and adjustment of a saliency-based visual attention model running on SpiNNaker [14]
producing a response in ~16 ms. Despite using the same kernel filter, the arrangement of the model is novel
and tailored for shoreline monitoring. The proposed method lies on event-driven cameras in conjunction with an
SNN and neuromorphic platform for detecting and localising shorelines. This integration enhances the efficiency
of the overall system, fostering seamless communication and collaboration between the bioinspired algorithms
implemented in software and the specialised hardware designed to process the event-driven signals. The high
dynamic range exhibited by event-driven cameras further improves their utility for nocturnal operations [63, 30].
This unique characteristic extends the model’s applicability to nighttime monitoring scenarios, enabling continuous
and comprehensive observations even during low-light conditions. The contribution of the paper lies in the following:

e Characterisation of the model across different time windows, ATs.

e Comparison of the model to real-world data against ground truth using IoU scores.
e Accuracy of the model performances.

e Robustness evaluation over non-coastline profiles.

The model effectively detects shoreline moving waves and introduces a novel application, specifically, the identi-
fication of the swash edge line, encompassing both uprush (the movement of water up a beach or shore during the
advance of a wave) and backwash (the movement of water back toward the ocean or body of water after a wave
has broken) [11]. The full bioinspired system opens a new approach to the investigation and monitoring of dynamic
coastal phenomena, whilst reducing the latency and the power consumption required in robotics, especially using
drones.

2 Nearshore waves and coastal environmental monitoring

In the realm of coastal environmental monitoring, the detection and understanding of wave dynamics are essential
across a spectrum of investigations. These investigations span from addressing issues such as beach waste and
litter detection and localisation [3}, |4} [5] to more complex studies like coastal flooding prediction, monitoring coastal
erosion, and examining the coastal response to storms [32} (12} |1} |11} |29} |17, 44].

The implementation of remote survey methodologies signifies a notable leap forward compared to conventional
on-site survey methods, particularly in nearshore regions. This advancement allows for more efficient data collec-
tion and analysis without the limitations posed by physical presence, thereby enhancing our understanding and
management of coastal environments. Techniques employing Light Detection and Ranging (LiDAR) scanning |26
35|, satellite images |42, |27, and aerial images captured at different altitudes (on-line and off-line)|17, [7] have
become prominent[65]. These methods not only streamline the survey process but also enhance the efficiency of
data collection in coastal monitoring initiatives.

The mentioned approaches can become very expensive or rely heavily on the quality of the images used, therefore,
some of the latest novel approaches exploit the neuromorphic approach in an attempt to reduce latency and power
consumption. Within the domain of path and trajectory tracking utilising SNNs and neuromorphic hardware,
significant advancements have been made as evidenced by the works of Paredes-Vallés et al. [40]. This work
is a comprehensive exploration conducted on the development of a fully neuromorphic vision-to-control pipeline
tailored for autonomous drone flight. Specifically, the investigation prioritises the utilisation of the Loihi [15]
neuromorphic processor, showcasing its capabilities in this domain. Meanwhile, Vitale et al. [59] delve into tracking
applications, particularly in the context of unmanned aerial vehicles (UAVs), by integrating an SNN for vision-based
control. This study employs an event-based camera coupled with the Hough transform algorithm, demonstrating
the feasibility of implementing the SNN controller on Loihi [15]. Moreover, it highlights the potential for high-
speed control tasks, particularly in horizon tracking, when compared to conventional event-driven CPU controllers.
Additionally, the Event-Based Tracking Control Framework from Aspragkathos et al. [8] presents an event-based
control framework tailored for multirotor aerial vehicles (MAVs), emphasising efficient tracking of contour-based



areas like road pavements. This framework employs a bio-inspired Dynamic Vision Sensor (DVS) [50] and an SNN
running on the SpiNNaker (SpiNN-3 board), effectively processing camera data and maintaining tracked areas
within the DVS camera’s field of view. The study introduces an event-based Neuromorphic Hough Transform to
facilitate SNN execution on neuromorphic chips, aiming to extract pertinent lines from the visual scene using events
from the DVS. These works collectively underscore the promising potential of SNNs and neuromorphic hardware
in advancing path and trajectory-tracking applications in various unmanned systems.

However, none of the referenced works specifically address the detection of nearshore waves to maintain a drone
on the desired trajectory for tracking the nearshore region. To the best of the authors’ knowledge, there is currently
no existing literature on event-based neuromorphic implementations in this specific application domain, highlighting
a significant gap in the research landscape.

To achieve this objective, this work implements an SNN taking inspiration from the visual attention model
proposed by D’Angelo et al. [14], deploying it onto the SpiNNaker neuromorphic board and leveraging a biologically
plausible event-based architecture for object detection in visual attention |28} [23].

3 From visual attention to coastline detection

Visual attention refers to an agent’s ability to focus only on relevant parts of the scene, thus dramatically reducing
the amount of information to be processed. Recently, various visual attention event-based and spiking-based
architectures have been proposed in robotics, demonstrating the capability to achieve a fast (~100ms) and reliable
response for attention exploiting cues such as intensity [28] and depth information [23]. These approaches rely on
the Von Mises (VM) distribution, which can detect close contours based on Gestalt theories of perceptual grouping,
introducing the importance of border ownership perception in attention. The information of the detected closed
contours is then pooled from a Grouping Cells layer to look for areas where potential objects can be found, also
called ”proto-objects”. The VM distribution emulates the border ownership cells in the Secondary Visual cortex
V2 [64]; these cells in the visual cortex are responsible for the perception of which side of a border (edge) ”owns”
the border, i.e., whether it belongs to a figure or its background, therefore distinguishing the foreground from the
background. This curved kernel (”half moon” shape) was initially introduced in the context of visual attention by
Russell et al. [47], encompassing various orientations and scales. Combining two opposing curved VM filters across
different orientations enables the detection of potential objects, thereby delineating salient areas within the visual
field, akin to proto-objects. The model has been further modified to event-based and spiking-based approaches to
enhance the applicability of robotics applications running online on the humanoid robot iCub with low latency and
power consumption |28} 14} [23].

The proposed approach is a follow-up of the SNN saliency-based visual attention model [14] exploiting the
inherent characteristics of the VM kernel shape. The idea is to use the VM kernel as it resembles the curved shape
of the waves. The previous work [14] is based on two fundamental layers called Border Ownership and Grouping
Pyramids, where opposite orientations of VM filters (i.e., 0 and 0 + 7) are connected together to enhance the
presence of close contours, such as proto-objects. The Border Ownership layer detects curved edges of different
orientations, and the Grouping layer pools the information, enhancing the presence of potential objects in the scene
(producing a saliency map roughly every ~16ms). The model is based on the Gestalt rules of perceptual grouping,
which found evidence in V2 [64]. In the proposed case for coastline detection, the only similarity is the choice
to use the VM kernel and to split the kernel into 4 segments to achieve accurate detection of curved shapes. We
chose this kernel for its versatility in detecting both vertical and curved lines. In our case, the orientations we
considered are only [-15°, 0°, +15°], to detect orientations of the coastlines slightly different from the perfectly
vertical across the visual field. Since the target of this work is not object detection based on close contours, there is
no connection between VM filters of opposite orientations (as in the visual attention model [14]) because it would
be counterproductive for coastline detection. Therefore, the network architecture has been completely restructured.
The absence of SNN models for coastline detection on neuromorphic platforms, coupled with the remarkable latency
results achieved in [14], and the compatibility of the VM kernel shape with waveforms, prompted us to pursue this
particular approach.



4 Methods

The entire system is designed to support both static and dynamic monitoring, including the possibility of running
on a drone at a consistent altitude and speed (see Figure [1). The complete bioinspired architecture processes
events from an event-based bioinspired camera as input and feeds them into the system implementation running in
simulation on the neuromorphic platform SpiNNaker. [20] (see Figure. The target neuromorphic hardware limits
the number of emulated neurons per core, which varies based on the complexity of the neuron model used [20]. To
ensure the model can run on SpiNN-3, the system is designed to fit on a drone, and the implementation aims to
optimise and minimise the model size and the number of required neurons. Similarly, the visual input has been
cropped to 128x128 pixels, so only events from the cropped centre are processed.

4.1 Von Mises Coast Line Detector (VM CLD): Network architecture

The Von Mises Coastline Detector (VM CLD) includes four processing populations that split the architecture into
sub-blocks: the von Mises layers, the Filter Segments Neurons, the Filter Neurons and the Vertical Denoising
Neurons (see Figure . Described in detail as follows:

o VM layers: The first layer is composed of 9 layers of VM filters covering the entire visual field with three
orientations (6 = [-15°, 0°, +15°]) and three scales to ensure scale invariance. Due to the Integrate-and-
Fire with Current-based synapses and Exponential decay behaviour of each neuron, random noise does not
contribute to increases in membrane potential [13].

e Filter Segments Population: This population ensures the correct curved-shaped detection of the VM filter.
Therefore, each VM filter is represented by 4 neurons, splitting the VM shape into four sections and ensuring
activation from that area only if all the segments are active and close in time. The population has 32 sets of
4 neurons each, covering the entire visual field, resulting in 128 neurons per layer (See Table .

e Filter Neurons Population: This population receives excitatory connections from the segments of the VM
Filter Segments Population. It effectively combines each group of four neurons into a single Filter Neuron.
Additionally, the population receives inhibitory input from the background part of the VM filter (black part
in Figure , enhancing the selection for curved-shaped activity.

e Vertical Denoising Population: This additional population has been implemented solely to focus the model on
relevant vertical active regions, thereby enhancing the system’s selectivity for coastline detection. It achieves
this by vertically pooling every two adjacent neurons from the previous layer across the visual field.

The complete architecture incorporates the minimum orientations and scales to ensure correct coastline detection
and scale invariance. The output of the VM CLD model is the CLD map, built by collecting the output spikes from
the network over a period of time.

4.1.1 Filter Segments Population

The system takes as input the stream of events and processes them through the Von Mises layers which are the
fundamental kernels used to detect the coastline, described in Equation [1] (see Figure [3)).

exp(p - Ry - cos(atan2(-Y, X) — 0)
In(VX?2+Y? - Ry)

Where x and y are the kernel coordinates with the origin in the top-left corner of the filter with a size equal to
MxM, X and Y are the kernel coordinates with the origin in the centre of the filter (X =z — M/2,Y =y — M/2),
Ry is the radius of the filter (the position of the curved filter relative to the kernel centre), 6 the orientation of the
filter, Iy stands for the modified Bessel Function of the first kind, and p, which governs the arc length of active
pixels within the kernel, thereby influencing the convexity of the kernel. For p < 1, the filter exhibits increased
sensitivity towards convex shapes as opposed to straight lines, rendering it more suitable for coastline detection
tasks. Empirically, we have determined that a value of p = 0.2 effectively detects convex shapes while simultaneously

VMy(z,y) = (1)
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Figure 2: Overview of the VM CLD architecture running on the SpiNNaker 3 neuromorphic platform. From left
to right: coastline event-based input, VM layers (three orientations § = [-15°, 0°, +15°] and three scales), Filter
Segments Neurons (four segments neurons for each kernel: red, orange, yellow and white section), Filter Neurons
(Integrating the outputs of the four corresponding neurons from the Filter Segment Neurons), Vertical Denoising
Neurons (minimising interference from non-vertical active regions) and the final Coastline Detection (CLD) map.



filtering out straight lines. The VM filters cover the visual field with a horizontal and vertical stride of 24 pixels. The
VM layers orientations employed in our approach are § = [-15°, 0°, +15°] to ensure detection of slightly oriented
curved coastlines. By ranging (x,y) from 0 to the size of the filter (M), V My(x,y) provides the pixel’s value for
each given pixel (z,y). This results in the desired filter with a scale of M *x M, an orientation of § and a radius of
Ry (see Figure [3).

To enhance the selectivity of the VM filter, the values inside and outside the curved shape are set as follows:

+1  for VMy(x,y) > 0.75
—1 else

VMy(z,y) = { (2)

This binarisation of the VM filters to +1 or -1 enhances the selectivity of the kernel to curved shapes. Where
VMy (z,y) represents the filter with the binary values. Since coastline detection does not require distinguishing
between positive and negative events during processing, for simplicity, only events with positive polarity will be
considered and input into the model. Furthermore, events with positive polarity tend to form in front of the waves
and clearly indicate their direction of movement (see Figure . This deliberate choice serves a dual purpose: firstly,
it reduces the network size and the active neuron count (scaled down by a factor of 2), and secondly, it mitigates
computation costs, subsequently leading to a reduction in energy consumption (see Figure [1).

The first computational layers aim to extract the region of interest, namely possible areas containing the coast-
lines, from the Field of View (FoV) across different scales and orientations. The convolution with multi-scale filters
ensures scale invariance to allow a range of possible altitudes for the monitoring system. Taking into account the

assumptions that coastlines will be always aligned and continuous, the angles -15°, 0°, and +15° are employed
(Figure [3)).

Figure 3: Overview of Von Mises kernels. On the left: VM kernel. On the right: Three different sizes ([8, 16, 32]
pixels) and orientations ([-15°, 0°, +15°]) used in the VM CLD model.

Each VM filter connects every neuron to the Filter Segments population. This process involves mapping the
pixels within each filter’s receptive field to the corresponding neurons in the Filter Segments population through
the connections implementing convolutional operations.

To mitigate the impact of "hot’ pixels [33] and small noisy regions characterised by a high occurrence of irrelevant
events, each VM filter is subdivided into four rotationally distributed segments. [14]. To ensure equal activation of
each segment, the corresponding neuron in the Filter Segment layer adjusts the weights for equal contribution from
all the segments. This approach ensures a fair distribution of influence across all segments, promoting balanced
triggering of neurons within the Filter Segments population. Consequently, every pixel within the receptive field
of each segment in every VM filter is directed towards a specific neuron within the Filter Segments population. In
other words, four neurons within the Filter Segments population collectively respond to a single VM filter.

As a result, each Filter Segments population in every VM CLD contains 128 neurons.



4.1.2 Filter Neurons Population

The model’s exclusive responsiveness to input events confined within the VM kernel is ensured by connecting only
the segments to the corresponding neuron in the Filter Neuron population with excitatory synapses. Additionally,
connection weights outside the segments are linked to the corresponding neuron in the Filter Neuron population
with inhibitory synapses. Consequently, spikes occurring outside the designated filter area, excluding those from the
VM kernel, exert an inhibitory influence on the aggregate filter neuron, thereby enhancing its sensitivity to the VM
shape. This approach to selecting the VM filter shape is achieved through inhibitory connections. Considering the
targeted neuromorphic hardware (SpiNNaker), which lacks negative weights, these inhibitory connections function
similarly to the negative weights in kernels for traditional convolution. This approach helps to disregard false
coastlines caused by waves on the surface of the water. As a result, the model becomes extremely sensitive to
the interested shapes (curved moving waves) while disregarding irrelevant activities or regions, thereby ensuring
a focused response to pertinent inputs and significantly to the regions containing the edge of the moving waves.
To further diminish the model’s sensitivity to irrelevant active regions, an additional fine-tuning of the neural
parameters, particularly the threshold and the refractory period, for the corresponding neuron within the Filter
Neurons population has been performed (see Table . The fine-tuning ensures the Filter Neurons population spikes
only when all four inputs are simultaneously firing, aligning with the goal of refining the model’s responsiveness to
relevant signals while disregarding irrelevant activation.

4.1.3 Vertical Denoising Population

While we have developed a pyramid of VM filters to ensure scale invariance, another focus of the VM CLD model’s
approach is to reduce the occurrence of relatively large waves forming parallel to the shoreline. Despite the reduction
in active pixels achieved by eliminating negative polarity, numerous irrelevant and expansive active regions persist,
as shown in Figure [d] These areas, though fewer, can contribute to numerous distracting active zones in the final
output, thereby complicating the detection of the precise location of continuous waves.

To address this issue, the last step of the VM CLD model implements a mechanism in which each vertical pair
from the Filter Neuron population is integrated under the assumption that the coastline is consistently vertical
through the whole visual field (Figure [4)).

The neurons within the Vertical Denoising Population fire only when two consequent neurons part of a vertical
segment of the moving wave are concurrently active. This approach enhances the precision of wave detection by
ensuring that the output reflects the firing patterns of neuron pairs corresponding to the actual progression of
the waves, thereby minimising interference from irrelevant or distracting regions. Due to the vertical grouping,
the ultimate layer exhibits a decrease in the neuron count, from 32 neurons in the Filter Neuron Population to
24 neurons in the Vertical Denoising Population. This approach mitigates the impact of small, undesired active
regions while enhancing coastline detection (see Figure [4)).

4.2 Model deployment: SpiNNaker neuromorphic platform

SpiNNaker [20], one of the pioneering neuromorphic platforms [9], was designed to fulfil the needs of low power
consumption and low latency through parallel computing for SNNs. This platform is distinctive for its biologically
inspired, massively parallel computing system tailored specifically for modelling and simulating large-scale real-
time networks. The proposed architecture exploits the SpiNN-5 (SpiNNaker 103) board |39} 21|, comprising 48
SpiNNaker chips. Within each SpiNNaker chip, there are 18 ARM cores, each equipped with a 32kB ITCM
(instruction tightly coupled memory) and a 64kB DTCM (data tightly coupled memory). Additionally, a 128 MB
SDRAM is collectively shared among the 18 cores. To emulate the intricate connectivity observed in the brain,
these cores are interlinked through an asynchronous Network-on-Chip (NoC) utilising a multicast packet-routing
mechanism. Furthermore, SpiNN-5 incorporates three Xilinx Spartan-6 FPGAs to facilitate high-speed serial links.
Facilitating the connection between the SpiNNaker board and the computer is a 100 MB Ethernet controller. This
controller serves as the conduit for loading data into the SpiNNaker memory, enabling the execution of real-time
simulations. Moreover, sPyNNaker [45] is a software package employed to define models using the PyNN script [16].
The proposed network, consisting of the 9 parallel populations, is implemented as a PyNN model, which plays a
crucial role in translating these models into a format suitable for execution on the SpiNNaker platform. One of the



Figure 4: From the left to the right: a) Overview of the positive events collected in a period of 50 ms showing
the challenge in accurately locating the desired waves defining the coastline. Overlapped over the event frame the
representation of the vertical grouping on the Filter Neurons layer. b) Response of the VM CLD model without
the Vertical Denoising Population. c) Representation of the Filter Neurons projecting to the Vertical Denoising
Population. The approach eliminates small and irrelevant active areas by integrating vertical pairs of neurons from
the Filter Neuron population into the Vertical Denoising Population. d) Response of the system after the vertical
denoising approach.

significant constraints in deploying spiking models on the SpiNNaker board relates to the limitation on the number
of supported neurons. The theoretical limits for the SpiNN-5 board are approximately ~220k, and for the SpiNN-3
board, it is around ~18k [19]. Due to these constraints, the VM CLD model defines a resolution of 128 by 128,
resulting in 32.768 neurons only for the first layer representing the visual field. Despite using the SpiNN-5 board
in this work, the physical size and weight of the board may not be suitable for the real-world application at hand,
such as shoreline surveillance using Unmanned Aerial Vehicles (UAVs). Therefore, although the model is tested
and developed on the SpiNN-5 board, the model is constrained to meet the limitations of the SpiNN-3 board. By
only processing positive events, the number of neurons in the first layer can be halved, aiding in the deployment of
the model on the SpiNN-3 board.

Table [1] illustrates the number of required neurons in each layer. Except for the input layer (16384 neurons),
which is common across all 9 pipelines (3 orientations and 3 scales), requires 184 neurons (128 Filter Segments
Neurons Population + 32 Filter Neurons Population + 24 Vertical Denoising Population). The total model’s
requirement of 18.040 neurons finally appears to be well-suited to the constraints of the SpiNN-3 platform. Table
shows the parameters used for the network’s neurons. The system employs [F_curr_exp neurons, referring to
"Integrate-and-Fire with Current-based synapses and Exponential decay” neurons implementable in PyNN, the
ETPcurr-

4.2.1 Model Latency

The discussion on the latency of the system holds a critical aspect for real-time applications such as online drone
tracking. The proposed architecture can be split into three key checkpoints, each accompanied by its respective
delays:

e Interfacing DVS to SpiNNaker board: This latency is intricately tied to the system integration of hardware.
The integration latency is strictly contingent upon custom configurations, such as the DVS-SpiNNaker inter-
face type and the drone’s onboard computer. The proposed method involves utilising FPGA implementation



Table 1: Number of the neurons per population.

Populations No. Neurons
Input Population 16384 (128x128)
Filter Segments Neurons Population 128 (32x4)
Filter Neurons Population 32
Vertical Denoising Population 24
Total 16384 + 184 % 9 = 18040

Table 2: Network parameters for each layer.

Layer Tm(ms) v (Mv)  Trep(MS)  Vrest(MV)  Ureset(MU)  Toyn, (MS)  Toyn, (Ms)  Iofpser(mA)
Filter Segments Neurons 20.0 -50.0 0.1 -65.0 -65.0 5.0 5.0 0.0
Filter Neurons 20.0 -40.0 0.12 -65.0 -65.0 5.0 5.0 0.0
Vertical Filter Neurons 20.0 -20.0 0.1 -65.0 -65.0 5.0 5.0 0.0

for interfacing the DVS camera with the SpiNNaker board, which, according to literature [41} 6], imposes a
latency lower than 1 microsecond.

e Model running on SpiNNaker: This latency represents the time required for an event to be processed by the
model on the SpiNNaker board, essentially constituting the processing time needed to generate output spikes.
Considering the proposed architecture and PyNN implementation, all synaptic delays are set to 1 millisecond
and there are three synaptic connection sets:

— Events input — Filter Segments Neurons
— Filter Segments Neurons — Filter-Neurons
— Filter-Neurons — Vertical-Denoising-Neurons

Therefore, each spike necessitates only 3 milliseconds to become available at the output.
e Model on CPU: This encompasses the time required for framing the output events (accumulating the output
spikes), identifying the largest contour as the region of interest, and issuing velocity commands.

The negligible latency of the integration, coupled with a mere 3 ms requirement for generating initial spikes at
the output, and adopting, for example, AT = 40 ms for the collection of events estimate a total latency of less than
50 ms, thus facilitating real-time responsiveness and efficacy in real-world wave-tracking applications.

Code and Data Availability

The code used for this work is available on GitHub at https://github.com/MazdakFatahi/EventBased-VM-CoastLine-
Detector. The data is available at https://nextcloud.univ-lille.fr/index.php/s/KeJtra4d8NTkemPM.

5 Experiments and Results

Experiments and ground truth generation have been carried out thanks to data collected from the APROVIS3D
project 2| captured near UCA in Antibes using a DJI Mini drone, employed with altitudes ranging from 20.2 to
20.8 meters moving at a speed of 0.28 m/aﬂ In this dataset, named the ” Antibes dataset”, onshore waves propagate
towards the coastline and interact with the seabed upon reaching it.

To quantitatively assess the performances of the system, the model has been characterised and evaluated through
different experiments, as follows:

1Further video showing the VM CLD response at https://youtu.be/uL13H0_BBx8.
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Characterisation of the system latency figures.

Identification of metrics and ground truth to evaluate the performances of the model.
Evaluation of the model, exploiting IoU scores, across varied AT intervals of events collection.
Further evaluation of the performance through IoU thresholding.

Assessment of the model robustness.

5.1 Metrics & Ground Truth Generation

The validation has been carried out to assess the effectiveness of the model in detecting locations containing moving
waves. The chosen metric for evaluation is the IoU, also known as the Jaccard Index, which is a widely recognised
metric in image segmentation across a variety of applications [31}, |51} 52]. The IoU (equation serves as a critical
metric that quantifies the ratio of overlap between the pixels predicted by a model and the ground truth pixels within
an image. Essentially, the IoU provides a valuable evaluation of the model’s performance, specifically focusing on
the pixel-level alignment between predictions and ground truth.

_ Area(BBOXpycq, ) () Area(BBOXqr,) 3)
~ Area(BBOXpyeq,) J Area(BBOXcr,)

Where Area(BBOXp,qq,) represents the area of the predicted (detected) bounding box surrounding the region
of interest in the i*" output and Area(BBOXcr,) is the area of the ith ground truth bounding box. To obtain a
binary segmentation distinguishing between detected coastlines and non-coastlines, a binary classifier is utilized to
determine whether the predicted region includes the Region of Interest (Rol) or not.

To perform the evaluation, we required a dataset to compare the detected areas with the ground-truth. The
conversion of the RGB data from the Antibes dataset into events has been obtained by playing the video on
an HD LED monitor (HP P24q G4) and recording with an event-based Prophesee HD camera (EVK4 HD |[18]).
Subsequently, only the events coming from a central region of 128128 have been collected.

To investigate the latency of the system’s response, the outgoing spikes from the VM CLD model were collected
over various time windows, and compared to the ground truth. After the collection of the events into frames,
a meticulous manual annotation procedure generating bonding boxes encapsulating the Rols (~5000 images) has
been performed to obtain the final ground truth.

IOUi

5.2 IoU Across Varied Time Windows

Given that the model is intended for shoreline surveillance tasks using drones, it is imperative to send control
commands to the drone’s flight unit at the appropriate time to maintain the drone on the desired trajectory.
Therefore, the time the model waits to accumulate output spikes directly affects the system’s response time. For
this reason, the evaluation of the model’s performance has been conducted across various time windows, AT, with
values [20, 30, 40, 50] ms, as this parameter is crucial. The experiment has been conducted on the Antibes dataset,
22 seconds long, therefore over 440 event frames for a AT of 50ms. To determine the optimal AT crucial for
optimising the model’s performance, Table [3] summarises the average IoU scores.

Table 3: Percentage of IoU scores in average over different ATs across all instances for a specific time window. The
ToU score, ranging between 0 and 1, reflects the degree of overlap between the output spikes and the ground truth.
A score of 0 signifies a complete lack of overlap, while a score of 1 indicates a perfect match with 100 % overlap.

AT [ms] Average of IoU [%]

20 61.68
30 65.66
40 67.06
50 69.59

From Table (3] due to the increased number of events collected, there is a better definition of the coastline on the
event frame. It becomes evident that larger values of ATs (40 ms & 50 ms) contribute to superior results, 67.06 %
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& 69.59 % respectively. To gain a comprehensive understanding of the individual contributions shaping the overall
average, Figure [5| shows the distribution of ToU scores across different AT.

2 =
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Figure 5: Overview of ToU scores over different AT. Density distribution of the IoU scores (y axis) for different
ATs [20, 30, 40, 50] ms (IoU scores, x axis).

From Figure || it is evident that the concentration of IoU scores exceeding 0.5 is predominantly on the right
side of each graph, indicating a high density of high IoU scores and thereby confirming their frequent occurrence
from the system. Despite the high density for high IoU scores, Figure [6] shows the system response with low IoU
scores, demonstrating that the model remains capable of detecting waves.

Figure 6: Examples of event frames with bounding boxes of the model for wave detection (blue) and ground truth
(green) across ATs, along with the corresponding IoU scores. These examples show correct wave detection despite
the low IoU scores.

5.3 Model as a Binary Classifier: Evaluating Performance through IoU Thresholding

To frame the problem as a binary classification, whether the wave is detected or not, and consequently assess the
accuracy, loU scores are treated as logits by applying a threshold. IoU values below the threshold are designated
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as class 0 (False, the wave is not detected), while those above the threshold are classified as class 1 (True, the wave
is well detected) (See Eq.[d).

Prediction — 1 if ToU 2 threshold @)
0 otherwise

Table [4] shows the impact of employing various threshold values across different AT. The higher the threshold,

the lower the selectivity of detection since the under-curve area increases; therefore, a greater number of scores

are categorised as class 1. The maximum accuracy across all experiments is achieved when applying a threshold

equal to 0.30. However, an interesting observation from Table [f] is that employing such a threshold yields the

highest score for AT=30 ms. This finding is somewhat unexpected, as one might have anticipated a higher score for

AT=50 ms, thereby increasing the likelihood of detecting a coastline due to the greater number of events collected.

In conclusion, it should be noted that prioritising selectivity (with a threshold of 0.40) and looking for the minimum

AT (40 ms) with high accuracy (89.82 %), would indicate the optimal selection for a low-latency system (refer to
Table [4)).

Table 4: Model accuracy across different IoU score thresholds (from most to least selective) and AT values.

AT  Average of IoU Accuracy [%)] Accuracy [%)] Accuracy [%)] Accuracy [%) Accuracy [%)] Accuracy [%)]
(Threshold = 0.80)  (Threshold = 0.70) (Threshold = 0.60) (Threshold = 0.50) (Threshold = 0.40) (Threshold = 0.30)
20 61.68 18.69 37.88 57.07 73.23 85.35 92.93
30 65.66 22.78 49.44 67.78 78.89 90.56 98.33
40 67.06 26.35 55.69 70.66 82.04 89.82 95.81
50 69.59 24.64 57.97 78.99 87.68 93.48 96.38

To understand the responses depending on the different thresholds further investigation has been explored on
the distribution of the IoU scores. Figure [7] shows an increasing selectivity to high IoU scores for each threshold
increasing the AT. These results align with the hypothesis that the more events are collected, the higher the chance
of detecting the wave correctly. Figure El also indicates that for time windows (AT) of 40 and 50 ms, a threshold
higher than 0.5 still encompasses the majority of the IoU score density.

Bl Threshold = 0.8
mmm Threshold = 0.7
W Threshold = 0.6
mmm Threshold = 0.5

Threshold = 0.4
s Threshold = 0.3

I Threshold = 0.8
30| WM Threshold = 0.7
W Threshold = 0.6
mmm Threshold = 0.5

Threshold = 0.4
mmm Threshold = 0.3

0.0 0.2 0.4 0.2

M Threshold = 0.8
W Threshold = 0.7
mmm Threshold = 0.6
B Threshold = 0.5
Threshold = 0.4
Threshold = 0.3

mmm Threshold = 0.8
30{ HEE Threshold = 0.7
Emm Threshold = 0.6
Bl Threshold = 0.5
Threshold = 0.4
Threshold = 0.3

"0.0 0.2 0.4

0.2

Figure 7: Distribution of IoU scores across different ATs [20, 30, 40, 50] ms (from the top-left to the bottom-right)
and thresholds [0.3, 0.4, 0.5, 0.6, 0.7, 0.8], reporting on the x axis the IoU scores and the Density distribution of
the IoU scores on the y axis.

In conclusion, increasing AT while simultaneously decreasing the threshold can result in higher accuracy rates.
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However, it’s important to note that elongating AT implies a longer accumulating period of the output spikes,
prolonging the decision-making to maintain the drone on its trajectory. Conversely, increasing the threshold dimin-
ishes the percentage of acceptable overlap considered as the True class. As this parameter delineates the condition
of acceptable detection, it is intricately linked to the application’s requirements and objectives. Therefore, striking
a balance between AT, threshold settings, and the operational context is crucial for optimising performance and
ensuring the effectiveness of trajectory tracking in practical scenarios.

5.4 Model Robustness: Navigating Stability of the model

While this study delves into the efficiency of the model in terms of latency and accuracy of the system, it is crucial
to establish the robustness of the model against the interference of unrelated regions and its scale invariance. As
mentioned in Section the method employed to diminish the model’s sensitivity to non-vertical regions is
the Vertical Denoising population. To further investigate the model’s performance, supplementary event-based
recordings have been conducted to verify its efficacy in responding to objects with funny shapes and non-coastline
profiles of different sizes.

5.4.1 Funny shape dataset

Seven small items (average size ~1.5 cm) have been placed on a white desk to demonstrate the model’s robustness
to unconventional shapes. The events stream was obtained by recording with a Prophesee HD event-based camera
(EVK4 HD [18]) at a height of 3 meters from the objects. Once again, to reduce the size of the input neurons, only
the events coming from a central region of 128 x128 have been collected. The system accurately avoids outputting
spikes for the majority of instances (see Figure 7 quantitatively measured at 97.3%. It observes a spike response
from 75 CLD maps out of 2760 event-frames inpu

5.4.2 Augmented dataset

The system has been further assessed by augmenting the Antibes dataset with a harbour and moving boats to
resemble a real-world task. The event stream was generated by playing the video on an HD LED monitor (HP
P24q G4) and capturing it with an event-based Prophesee HD camera; only the events originating from a central
area of 128x128 were gathered. Again, the system accurately detects only the coastline, robustly avoiding for
the entire duration of the video any of the moving boats or the harbour. Therefore, no spike response, 0 CLD
maps out of 550 event-frames. see Figure [§] and the further video showing the VM CLD response at https:
//youtu.be/uL13H0_BBxS.

6 Discussion

The system demonstrates coastline detection capabilities, achieving a detection rate of 93.48% when utilising a
AT of 50 ms and a threshold of 0.40, thereby generating a CLD map in approximately 50 ms with the possibility
of reducing the latency by sacrificing a small amount of accuracy. Unexpectedly, the higher model accuracy,
98.33%, is for a AT of 30 ms and a threshold of 0.30, which might be an outlier of the system, since in any other
case the accuracy increases proportionally with the AT. While accumulating spikes based on a fixed number may
seem advantageous for avoiding the processing of non-movement periods; however, it would result in the complete
loss of speed information. As demonstrated in [13], a simple Spiking Elementary Motion Detector (SEMD) can
detect motion direction and encode speed through the Mean Firing Rate (MFR) based on consecutive receptive
fields. This approach could add complexity to the model in future work. A key advantage of spiking-neural
models is their capability for spatiotemporal integration and time-dependent population coding. Therefore, this
implementation opted for using a Constant Time Interval (CTI) over a Constant Number of Events (CNE) to ensure
accurate spatiotemporal processing across the network, accommodating different time scales within the population.
Furthermore, our approach assumes a drone moving at a relatively constant speed (see Section . The thresholding

2Further video showing the VM CLD response at https://youtu.be/ul13H0_BBx8
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Dataset Input ED input CLD map CLD maps%

Funny shapes 2.7%

Augmented 0%

Figure 8: Overview of the VM CLD response to funny shapes and non-coastline profiles for the two datasets: Funny
shapes and Augmented. From the left to the right: Dataset name, RGB frame example, event-based input to the
model, coastline detection map and the percentage of incorrect spike responses from the model (CLD maps/TOT
event-frames). The model responds to only coastline profiles and it is insensitive to funny shapes and boats. Further
video showing the VM CLD response at https://youtu.be/ulL13H0_BBx8.

system, in conjunction with vertical denoising, ensures a substantial enhancement in accuracy performance, thereby
increasing the model’s sensitivity to coastline profiles and resulting in a higher frequency of high Intersection over
Union (IoU) scores. The accuracy percentages of ToU scores exhibit a consistent increase with larger AT intervals
and a decrease in threshold values. The sparse distribution of events enhances detection probabilities by extending
the window period of data collection. Lowering the threshold yields higher IoU percentages compared to the average,
particularly demonstrating improved performance within the threshold range of 0.3 to 0.5. The lowest threshold
exhibits the highest accuracy because it increases the likelihood of predictions exceeding the threshold value. In
cases where we obtain low IoU scores, despite this, the model demonstrates accurate detection predictions across
all window periods. The system also demonstrates effectiveness without the need for complementary opposite
orientations of the VM filter layers for the concave-convex curvature. This is significant and avoids the necessity of
increasing the number of layers and neurons for computation. Finally, as expected, we reduced the computational
loads and latency from [14] (~16 ms) by utilising only 3 computational layers, resulting in a total of 3 ms (with
each layer accounting for 1 ms of the internal SpiNNaker digital clock). Thus, potentially detecting waves with
the 92.93% with the lower threshold and AT=20ms with the possibility of further decreasing the window period
reducing the accuracy. The system also demonstrates significant capability in robustness, particularly in its ability
to handle irregular shapes and profiles that do not conform to typical coastlines. To further discuss the latency
measurements and throughput, given the SpiNNaker system’s minimum time step of 1 ms, input data from the
Dynamic Vision Sensor (DVS), which operates in microseconds, must be aggregated over 1 ms before processing.
This aggregation causes multiple events within that interval to share the same timestamp, resulting in numerous
input and output spikes. A Constant Time Interval (CTI) pseudo-frame method is used to manage excess spikes
from highly active regions. This method ensures only one output spike per pixel during the specified accumulation
period, reducing potential spikes to one pixel per filter coordinate despite up to 1000 spikes generated over 1 ms.
Although the SpiNNaker system may drop packets with high input spike rates, the spike accumulation and pseudo-
frame method ensure consistent system performance also in high event rates |58| 46]. Additionally, our approach
presumes that the drone maintains a relatively constant speed of 0.28 m/s.

Across the realm of digital neuromorphic platforms such as Loihi, Dynap CNN, and Akida, SpiNNaker stands
out for its scalability and flexibility in implementing neuron models and connections among neurons and layers.
These neuromorphic chips exhibiting mWs power consumption excel in low-latency processing and efficient power
usage for real-time sensory processing. Although SpiNNaker’s power consumption is not the lowest, its performance
should be assessed within the context of the specific application.
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The total energy consumed by the entire pipeline includes both the energy used to operate the drone and its
peripherals, as well as the energy consumed by the SpiNNaker board. Since reducing the energy consumption for
driving the drone is outside the scope of this work, the focus is on the energy consumed by the SpiNNaker board.
The total energy consumed by the SpiNNaker board can be expressed by the equation in Equation

PT:P]+PB+(PNX’I’L>+(P5XS) (5)

where Pj is the power consumed by the SpiNNaker board in idle mode after the boot process, with no applications
loaded. Ppg is the baseline power, which includes the power used by SARK and the SpiNNaker API when no neurons
are running. Py is the power required to simulate a Leaky Integrate-and-Fire (LIF) neuron with a 1 ms time-step.
n is the total number of neurons, Ps is the energy consumed per synaptic event (when a spike hits a synapse), and
s is the total number of synaptic events (spikes) [54} 53]|.

Given the sparsity of DVS event data and SpiNNaker’s dynamic energy consumption (8 nJ per synaptic event |54,
53]), it proves more efficient than CPU or GPU processing of frame-based images. SpiNNaker remains a highly
flexible and scalable platform that utilises ARM M4 cores, ensuring low latency in multi-board processing config-
urations. In contrast, transitioning to a multi-board setup on a GPU would significantly slow performance due to
limited communication channels between memories.

Table [5| presents the number of spikes emitted by populations during each AT = 20 ms (minimum latency).
Except for the input layer coming from the DVS camera, each row corresponds to the spikes generated by all the
nine populations at each level of the VM CLD (Figure . As illustrated in Table || there is a noticeable reduction
in the number of spikes as we move from one layer to the next. This reduction can be explained by several factors.
vThe number of neurons in each layer plays a significant role, and layers with fewer neurons naturally produce
fewer spikes (see Table . The depth of the network affects spike propagation; therefore, deeper layers tend to
have stricter spike generation. Finally, the thresholds of the neurons in each population also influence spike activity
(Table . Neurons in deeper layers or those with higher thresholds require more input to generate spikes, leading
to a decrease in overall spike counts. The observed reduction in spike numbers from one layer to the next can be
attributed to the interplay between neuron count, network depth, and neuron thresholds, all of which are critical
factors in understanding the dynamics of spike propagation in the simulated neural network. Given the average
number of spikes recorded during the simulation for a AT = 20 ms, regarding the SpiNNaker dynamic energy
consumption rate of 8 nJ per synaptic event [58| 46|, the dynamic energy consumption amounts to 7,512 nJ (the
average power consumption over 20 ms is approximately 0.3756 mW). This estimation provides valuable insight
into the energy efficiency of the model. This work shows the feasibility of employing a neuromorphic device for
nearshore and shoreline coastline detection. This work is the first attempt towards the development of more efficient
neuromorphic systems in future research and development.

Table 5: Average number of spikes (rounded up) and the consumed energy with a AT of 20 ms for coastline
detection with a drone moving at a constant speed of 0.28 m/s.

Populations Number of Spikes Energy Consumption(nJ)
Input 762 6,096
Filter Segments Neurons 151 1,208
Filter Neurons 21 168
Vertical Filter Neurons 5 40
Total 939 7,512
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7 Conclusion

This implementation is the first neuromorphic attempt at coastline detection taking inspiration from the curved
filter used in [14]. The VM kernel filter allowed accurate detection of coastline shapes potentially in about ~20 ms
running on the neuromorphic SpiNNaker board with 92.93 % accuracy. The shoreline video, collected through the
APROVIS3D project, generated frames at 20 FPS, with each frame captured over a 50 ms period. The presented
VMCD system demonstrates the ability to achieve coastline detection in as little as 20 ms and up to 50 ms,
thereby detecting the coastline even before a single RGB frame is fully captured. However, reducing AT decreases
accuracy across thresholds due to the generation of sparse event frames. Given the application context of nearshore
monitoring and coastline detection, where the drone operates at a moderate speed, this model presents a valuable
alternative to frame-based methods. It allows for coastline detection within 50 ms, whereas a classical frame-based
camera would only produce a frame within that time frame, without even starting the processing. Additionally,
the model consumes significantly less power, as little as 0.3756 mW, with a latency of 20 ms. As expected, a
future investigation of this work would include the evaluation with a more complete real-world dataset at different
heights and landscapes. Further improvement could involve incorporating event polarity as a crucial asset for
determining wave direction, thereby facilitating the detection of visual field regions associated with the coast and
those corresponding to the sea. One additional idea for future work regarding the model is its limited capability to
handle rotational fields of view. A potential solution could involve reorienting the drone using a coastline orientation
detector, thereby expanding the orientations of the VM layers. However, this may increase the number of neurons
required, possibly exceeding the capacity of a single SpiNNaker board. Furthermore, the method is designed to
enable control of the drone to maintain alignment with the vertical line of the coastline. Therefore, another potential
solution would be to rotate the drone until it achieves a high score in coastline detection. The authors’ aspiration
is that this model will pave the way for more sophisticated shoreline detection implementations on neuromorphic
hardware. Additionally, the model’s robustness to a wide variety of shapes demonstrates its potential in diverse
applications, such as road and river monitoring. It proves to serve as the foundation for innovative low-latency and
low-power monitoring technologies.
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