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Abstract
Inspired by the motion processing pathway, this paper proposes a bio-inspired feedforward spiking network model based

on Hodgkin–Huxley neurons for human motion perception. The proposed network mimics the mechanisms of direction

selectivity found in simple and complex cells of the primary visual cortex. Simple cells’ receptive fields are modeled using

Gabor energy filters, while complex cells’ receptive fields are constructed by integrating the responses of simple cells in an

energy model. To generate the motion map, the spiking output of the network integrates motion information encoded by the

responses of complex cells with various preferred directions. Simulation results demonstrate that the spiking neuron-based

network effectively replicates the directional selectivity operation of the visual cortex when presented with a sequence of

time-varying images. We evaluate the proposed model against state-of-the-art spiking neuron-based motion detection

models using publicly available datasets. The results highlight the model’s capability to extract motion energy from diverse

video sequences, akin to human visual motion perception models. Additionally, we showcase the application of the

proposed model in motion segmentation tasks and compare its performance with state-of-the-art motion-based segmen-

tation models using challenging video segmentation benchmarks. The results indicate competitive performance. The

motion maps generated by the proposed model can be utilized for action recognition in input videos.

Keywords Motion perception � Gabor energy filters � Motion energy � Hodgkin–Huxley model � Spiking neural networks �
Visual cortex

Introduction

The human visual system plays a crucial role in detecting

and analyzing motion in a dynamic visual environment.

The processing of images in our brains follows a hierar-

chical arrangement, starting from lower areas where neu-

rons respond to simple visual features and extending to

higher areas where neurons respond to more complex

visual features. The areas of the human brain primarily

involved in motion perception are the primary visual cortex

(V1) and the Medial Temporal (MT) region (Sekuler et al.

2002). An important discovery in the neurophysiology of

the primary visual cortex made about 60 years ago and

described by Hubel and Wiesel (1962), revealed the exis-

tence of two types of cortical cells in V1: simple cells and

complex cells. Simple cells are organized into columns,

and they are phase-sensitive, meaning that their responses

are modulated based on the direction of motion of a

stimulus in their receptive fields. Complex cells, situated as

the second stage after simple cells in V1, exhibit phase

insensitivity, responding optimally to stimuli regardless of

the position of motion within their receptive fields. Each

complex cell receives input from various simple cells with

similar orientation preferences but varying spatial phases

(Hubel and Wiesel 1962, 1968).

Some theoretical models have been proposed to simulate

the motion processing observed in the biological receptive

fields of both simple and complex cells within the human

visual system (Barlow and Levick 1965; Hassenstein and
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Reichardt 1956). Notable among these is the energy-based

model developed by Adelson and Bergen (1985). Studies

have shown that the receptive field properties of simple

cells can be effectively represented by linear filters, such as

Gabor functions, which align well with their impulse

responses (Andrews and Pollen 1979; Marcelja 1980;

Daugman 1985; Jones and Palmer 1987). However,

addressing the more intricate characteristics of complex

cells, which exhibit spatial phase invariance across a

diverse range, necessitates the use of multiple linear spatial

filters, as highlighted by Lian et al. (2021). Complex cells

are constructed from simple cells in alternative ways,

requiring a more nuanced modeling approach. A pivotal

contribution by Pollen and Ronner (1981) unveiled a

quadrature phase relation between pairs of simple cells in

the same cortical column. This revelation enabled the

characterization of complex cells through an energy model,

where their responses are computed as the sum of the

squared outputs of two linear filters characterized by a

quadrature pair of Gabor functions.

Several spiking neural network models (SNNs) have

been proposed in the literature to replicate the behavior of

receptive fields in simple and complex cells for motion

processing (Azzopardi and Petkov 2012; Ayzenshtat et al.

2016). Escobar and Kornprobst (2012) introduced a

bioinspired motion approach by modeling various types of

V1 cells, using responses modeled as conductance-driven

integrate-and-fire neurons. Inspired by the functional

architecture in V1. A bio-inspired neuron-based network,

based on the Hodgkin–Huxley neuron model dedicated to

edge detection, was proposed to reproduce the mechanism

of orientation selectivity observed in the visual cortex V1

(Yedjour et al. 2017). Another model for motion detection

emerged from a feedforward design based on spiking

neurons, incorporating temporal delays in synaptic trans-

mission from the MT area (Yedjour et al. 2022), MT

neurons’ activation in this model, featured linear receptive

fields, and responses were modeled using the Hodgkin–

Huxley neuron model. Using the Discrete Leaky Integrate-

and-Fire neuron model, a spiking network was proposed to

illustrate pattern direction selectivity in the visual area MT

for motion processing (Beyeler et al. 2014). Berlin and

John (2022) introduced a bio-inspired approach for human

action recognition, using a spiking network to aggregate

motion information across frames. Simulating the hierar-

chical structure of the visual pathway, Lin et al. (2022)

replicated the information transfer mechanism of the retina

to the lateral geniculate nucleus for edge detection. Heit-

mann and Ermentrout (2020) suggested a neural mecha-

nism through which the visual cortex generates

spatiotemporal responses for direction-selective motion. To

describe the mechanism underlying motion processing in

the visual cortex, Alan (2021) proposed a model leading to

direction selectivity. Wang et al. (2021) developed a neural

network for real-time motion detection based on the cor-

relation of spatiotemporal receptive fields.

In recent research, Convolutional Neural Networks

(CNNs) and Deep Learning (DL) architectures have

emerged as the primary choices for detecting motion across

diverse visual data. Tokmakov et al. (2017) introduced a

two-stream neural network focusing on spatial and tem-

poral features for effective video object segmentation. This

model was refined to include motion, appearance, and

temporal cues for enhanced segmentation (Tokmakov et al.

2019). Kamranian et al. (2020) proposed a strategy com-

bining motion boundaries and CNN-based class maps for

video object segmentation. Song et al. (2018) introduced a

DL-based video saliency model that improves feature

detection and segmentation. Jain et al. (2017) suggested a

model segmenting both static and moving objects through a

two-stream full CNN. Cheng et al. (2017) presented a

unified network predicting object segmentation and optical

flow with improved performance. Jang and Kim (2017)

introduced a video object segmentation algorithm using

user annotations and optical flow. Koh and Kim (2017)

presented a method for video object segmentation

employing color and motion edge analysis. While CNN

and DL approaches offer accuracy, their computational

costs and overfitting risks with limited data pose challenges

for real-time implementation. However, SNNs provide an

effective alternative, blending neuroscience and deep

learning principles to emulate biological neural processes

more efficiently.

Studying how nerve cells compute motion is still a

puzzle, despite identifying the involved cortical areas.

Most neurons in the visual cortex are directionally selec-

tive, meaning they respond best to stimuli moving in a

specific direction. Previous models focused on synaptic

transmission delays to explain motion computation, treat-

ing spatial and temporal responses separately. Recently, it

has been found that neural activity elicited by a visual

stimulus generates traveling waves, which can enhance

direction selectivity without relying on explicit time delays

(Townsend et al. 2017). These findings add complexity to

our understanding of motion perception, emphasizing the

use of phase differences rather than transmission delays.

Directional selectivity is a feature observed in the visual

cortex, often associated with cells in the primary visual

cortex V1. In this study, our goal is to propose a new SNN

model for motion perception, drawing inspiration from the

observed direction selectivity mechanisms in the primary

visual cortex V1. To do so, we aim to model the motion

processing pathway, focusing on cortical area V1, regarded

as the initial cortical area in visual stream processing.

Unlike bio-inspired approaches that rely on transmission

delays, our proposed SNN employs an energy model to

2016 Cognitive Neurodynamics (2024) 18:2015–2029

123



replicate the responses of motion-sensitive receptive fields

in V1. The computation occurs in two successive steps

based on the properties of the receptive fields of simple and

complex cells in the visual cortex. In the initial stage,

receptive fields of simple cells are constructed using Gabor

functions adapted to their profiles. In the subsequent stage,

the receptive fields of complex cells are calculated by

integrating responses from simple cells within an energy

model. Many spiking neural network models rely on leaky

integrate-and-fire neuron models to detect motion. In this

study, the network response is determined by the Hodgkin–

Huxley (1952) model, faithfully replicating the biological

behavior of neurons.

Overall, our contributions can be summarized in the

following four aspects:

1. We introduce a novel feedforward spiking network

model for motion perception, built upon the core

principles of the motion energy model.

2. We model two primary cell types, namely simple and

complex cells in the visual cortex, to illustrate the

successive phases in the development of cortical

receptive fields, as classified by Hubel and Wiesel

(1962, 1968).

3. The response of our network is determined by the

conductance-based Hodgkin–Huxley neuron model

(Hodgkin and Huxley 1952), regarded as one of the

most biologically plausible models in computational

neuroscience.

4. We demonstrate the practical utility of our model in

identifying moving objects in videos and compare its

performance with current state-of-the-art methods,

using challenging benchmark datasets for video object

segmentation. This underscores the practical value of

our approach.

The remainder of this paper is organized as follows:

Section ‘‘Spatiotemporal-energy SNN for motion percep-

tion’’ provides a detailed description of the framework of

the proposed spiking network for motion perception,

including the spiking neuron model and the receptive

fields. Section ‘‘Simulation results and discussion’’ pre-

sents the experimental results, while Section ‘‘Performance

Evaluation Of The Proposed Model’’ compares the per-

formance of the proposed model. Finally, Section ‘‘Con-

clusion and future work’’ concludes the paper and outlines

future work.

Spatiotemporal-energy SNN for motion
perception

Motion processing in the visual cortex is widely recognized

as a complex task. It involves the dynamic interaction of

spiking neurons, working together to construct a compre-

hensive representation of motion by integrating informa-

tion from various receptive fields. Inspired by the

processing pathway of the human visual cortex, a feed-

forward SNN model composed of Hodgkin-Huxley neu-

rons is proposed for motion detection (see Fig. 1). The

structure of the SNN with various receptive fields, is

explained in detail in this section.

Neuron model for the SNN

The Hodgkin-Huxley model (Hodgkin and Huxley 1952),

is a successful mathematical representation for under-

standing how action potentials are generated in the giant

squid axon. It uses four nonlinear differential equations to

describe this complex biological process.

C
dV

dt
¼ I � GKn

4 V � EKð Þ � GNam
3h V � ENað Þ

� GL V � ELð Þ ð1Þ

dn

dt
¼ an Vð Þ 1 � nð Þ � bn Vð Þn ð2Þ

dm

dt
¼ am Vð Þ 1 � mð Þ � bm Vð Þm ð3Þ

dh

dt
¼ ah Vð Þ 1 � hð Þ � bh Vð Þh ð4Þ

where V is the membrane potential, C represents the

specific membrane capacitance per unit area, I is the total

membrane current per unit area, GK and GNa are the

potassium and sodium conductances per unit area,

respectively, EK and ENa are the potassium and sodium

reversal potentials, respectively, and G and EL are the leak

conductance per unit area and leak reversal potential,

respectively. The time-dependent elements of Eq. 1 are V ,

GK and GNa, where the last two conductances depend

explicitly on voltage as well. ai and bi are rate constants for

the ith ion channel, that depend on the voltage but not on

time. n, m and h are dimensionless quantities between 0

and 1 that are associated with potassium channel activa-

tion, sodium channel activation and sodium channel inac-

tivation, respectively. The synaptic current I represents the

sum of all conductances received by a neuron, it is given by

the following equation:

I ¼ g V � Eð Þ ð5Þ

where g is the time-dependent conductance. E is its

reversal potential. The process of neuronal action potential
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generation is approximated as a threshold process, when

the membrane potential V of neuron reaches the spike

threshold Vth at time t, a spike S is generated and the

membrane potential V is reset to Vreset. Any further inputs

to the neuron are ignored during a time sref called

‘‘absolute refractory period’’. S represents a spike train

array encoded by binary ones and zeros, generated by the

neuron.

if ðV tð Þ[VthÞ then S tð Þ ¼ 1 and V tð Þ ¼ Vreset

else S tð Þ ¼ 0
ð6Þ

Fig. 1 Overview of the proposed SNN architecture: The SNN

consists of three layers: The receptor layer, the V1 layer, and the

output layer. Each layer represents a homogeneous population of

Hodgkin-Huxley neurons. The Receptor layer, composed of an array

with dimensions (854 9 480) pixels, transforms the pixels of the

input image sequence into external currents, which are then fed into

the V1 layer. Neurons in the V1 layer mimic the direction selectivity

mechanisms found in the primary visual cortex area V1 neurons. They

are organized into eight parallel neuron arrays with different direction

selectivity, each measuring (854 9 480) pixels, resulting in a total V1

layer size of (8 9 854x480) pixels. Each neuron array in the V1 layer

has a direction-selective receptive field connected to the receptor

array. The construction of these receptive fields is divided into two

main stages. In the first stage, Gabor filters are employed to establish

synaptic weights for the receptive fields of simple cells involved in

direction detection. These Gabor filters encompass both Sine Gabor

(for odd phases) and Cosine Gabor (for even phases) filters. Each

simple cell processes information related to a specific motion

direction, tuning to eight directions of motion (up, down, left, right,

and four diagonals). In the second stage, receptive fields of complex

cells are formed by integrating responses from two simple cells using

a pair of Gabor filters in quadrature phase, followed by squaring to

compute local motion energy. The Output layer, represented by a

neuron array of the same size as the receptor layer, integrates

information from the V1 layer’s spike trains in both space and time to

generate a global motion-energy map corresponding to the input

image sequence
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SNN architecture and receptive fields
construction

The structure of the proposed SNN consists of three layers

as depicted in Fig. 1. The first layer, named ‘‘receptor’’,

receives input from the image sequence. The intermediate

layer, named ‘‘V1’’, mimics directional selectivity in the

primary visual cortex, connecting to the receptor layer

through weight matrices. The output layer pools informa-

tion from the V1 output in space and time. The network’s

response propagates from left to right using the conduc-

tance-based Hodgkin-Huxley model to faithfully replicate

the biological behavior of neurons.

Receptor layer

The receptor layer represents the input image sequence in

grayscale. It is assumed that each receptor can transform a

grayscale value of a pixel image, denoted as I x; y; tð Þ at

time t, to peak conductance q using the following formula:

q x; y; tð Þ ¼ gnormI x; y; tð Þ ð7Þ

Here, gnorm is a normalization constant, specifically

gnorm ¼ 1
Imax

, where Imax represents the maximum pixel

value in a grayscale image at time t.

V1 layer

Hubel and Wiesel (1962) distinguished between two dis-

tinct types of cells in the primary visual cortex V1: simple

cells and complex cells. They observed that both simple

and complex cells exhibit direction selectivity, meaning

they respond most effectively to oriented stimuli moving in

a particular direction. To illustrate motion direction selec-

tivity in the primary visual cortex, we incorporated a V1

layer with eight subpopulations of spiking neurons, deno-

ted as Di¼1::8, each corresponding to a specific receptive

field finely tuned to one of eight directions: leftward,

rightward, upward, downward, and the four diagonals.

These subpopulations, responsible for processing specific

motion directions, are connected to the receptor layer

through distinct weight matrices. The receptive fields in the

V1 layer are constructed in two consecutive stages to

replicate the behavior of simple and complex cells. For

example, neuron D1 x; yð Þ, selective for rightward motion,

connects to the receptor layer through its receptive fields,

built up with both simple cells ðWD1
odd, WD1

even) and complex

cells ED1
x;y;r;fð Þ.

Simple cells’ receptive fields Simple cells are the first

class of neurons in the visual cortex. These cells are made

up of excitatory and inhibitory regions that form oriented

receptive fields (Hubel and Wiesel 1962, 1968). These

receptive fields consist of even and odd symmetric com-

ponents, that closely resemble Gabor functions (Daugman

1985). The even-symmetric parts capture the overall spatial

structure, while the odd-symmetric parts enable these cells

to distinguish between different orientation patterns. This

dual organization contributes to the ability of simple cells

to detect and respond to specific visual orientations. To

accurately model synaptic connections between neurons in

the receptor layer and those in the V1 layer, we represent

the receptive fields of simple cells using separable com-

ponents of the Gabor energy function, which include both

even and odd phases. These components are expressed as

spatio-temporal Gaussian filters multiplied by cosine waves

(for even phases) and sine waves (for odd phases). Figure 2

illustrates the distribution of synapses for odd and even

connections, tuned for detecting 8 directions.

Let’s consider a neuron Di x; yð Þ with the receptive field

centered at position ðx0; y0) and the center frequencies (fx0,

fy0, ft0). The weight distribution for synapse connections

WDi
odd and WDi

even for a neuron Di x; yð Þ is computed using the

following expressions:

WDi
odd x; y; t; r; fð Þ ¼ 1

2pð Þ
3
2r2

xr
2
yr

2
t

exp � 1

2

x2

r2
x

þ y2

r2
y

þ t2

r2
t

 ! !
sin 2pfx0 þ 2pfy0 þ 2pft0
� �

ð8Þ

WDi
even x; y; t; r; fð Þ ¼ 1

2pð Þ
3
2r2

xr
2
yr

2
t

exp � 1

2

x2

r2
x

þ y2

r2
y

þ t2

r2
t

 ! !
cos 2pfx0 þ 2pfy0 þ 2pft0
� �

ð9Þ

Here, (rx,ry,rt) represent the standard deviations of the

spatio-temporal Gaussian envelope. For each neuron

Di¼1::8, the conductances gDiodd x;yð Þ tð Þ and gDieven x;yð Þ tð Þ are

governed by the following equations:

gDiodd x;y;r;fð Þ tð Þ
dt

¼ � 1

s
gDiodd x;y;r;fð Þ tð Þ

þ
XR

r¼�R

XR

s¼�R

WDi
odd r; s; r; fð Þq x� r; y� sð Þ

ð10Þ

gDieven x;y;r;fð Þ tð Þ
dt

¼ � 1

s
gDieven x;y;r;fð Þ tð Þ

þ
XR

r¼�R

XR

s¼�R

WDi
even r; s; r; fð Þq x� r; y� sð Þ

ð11Þ

where s is synaptic decay times, WDi
odd and WDi

even represent

synaptic strength matrices with a synapse radius R centered

at a pixel image I x; y; tð Þ, and q represent the peak synaptic

conductance.
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Complex cells’ receptive fields The complex cells in our

network constitute the second class of neurons in the V1

layer. We model complex cells based on the motion energy

model (Adelson and Bergen 1985). Each complex cell

combines energy responses from two simple cells charac-

terized by Gabor functions of the same frequency but in

quadrature pair, i.e., odd-Gabors and even-Gabors. The

energy response of a complex cell for a neuron Di x; yð Þ is

computed as the squared sum of the energy responses of

odd-phase and even-phase Gabor filters, expressed as:

EDi
x;y;r;fð Þ tð Þ ¼ gDiodd x;y;r;fð Þ tð Þ

� �2

þ gDieven x;y;r;fð Þ tð Þ
� �2

ð12Þ

In accordance with (Eq. 1), the dynamics of the mem-

brane potential V for a neuron Di x; yð Þ is described by the

following equation:

C
dV

dt
¼ EDi

x;y;r;fð Þ V � Eð Þ � GKn
4 V � EKð Þ � GNam

3h V � ENað Þ

� GL V � ELð Þ
ð13Þ

Let SDi¼1::8 tð Þ represent spike trains generated by (Eq. 6)

for neurons Di¼1::8 respectively. The firing rates of the V1

neuron population, selective for motion direction, serve as

input to the spiking neurons in the output layer.

Output layer

The output layer receives feedforward connections from

the V1 layer. Each neuron in the output layer, denoted as

O x; yð Þ, integrates the outputs of corresponding neurons

from the V1 layer and can respond to motion in any

Fig. 2 Receptive Fields in V1 Layer: Slices through the even (cosine)

and odd (sine) components of the receptive fields of simple cells,

utilizing separable components of the Gabor energy functions to

model 8 motion-sensitive simple cell receptive fields, each tuned to

center frequencies corresponding to 8 directions. The first row depicts

responses to the 4 cardinal directions, while the second row illustrates

responses to the 4 diagonals. Notably, the first two columns in each

row mirror the last two columns, differing only in the sign of ft .

Reversing the sign of ft results in a 180-degree flip in the filter

direction. The size of the receptive field is determined by the fixed

standard deviation of the Gaussian factor, set at at

rx;ry; rt
� �

¼ 4; 4; 1ð Þ. The selection of center frequencies fx; fy; ft
� �

maintains a constant ðf 2
x þ f 2

y Þ, with the temporal frequency ft = 1
4

� �
(Heeger 1988)
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direction within its receptive field. According to the con-

ductance-based Hodgkin-Huxley model, the dynamics of a

neuron O x; yð Þ in relation to Di x; yð Þ are described by the

following equations:

gO x;yð Þ tð Þ
dt

¼ � 1

s
gO x;yð Þ tð Þ þ

X8

i¼1

WiSDi x;yð Þ tð Þ ð14Þ

C
dV

dt
¼ gO x;yð Þ V � Eð Þ � GKn

4 V � EKð Þ
� GNam

3h V � ENað Þ � GL V � ELð Þ ð15Þ

The spike condition (Eq. 6) is applied to neuron O x; yð Þ
to generate a spike train array denoted by SO x;yð Þ tð Þ. To

compute the firing rate FO x;yð Þ for neuron O x; yð Þ during the

simulation time T , we use the following expression:

FO x;yð Þ ¼
PT

t¼1 SO x;yð Þ tð Þ
T

ð16Þ

Simulation results and discussion

The proposed SNN model for visual motion perception was

implemented in MATLAB using a set of parameters that

were consistent with the biophysical neuron model of

(Hodgkin and Huxley 1952). The parameters are summa-

rized as follows: C ¼ 1lF=cm2, EL ¼ 10; 613mV,

ENa ¼ 115mV, EK ¼ �12mV, GL ¼ 0:3mS=cm2,

GNa ¼ 120mS=cm2, GK ¼ 36mS=cm2, Vth ¼ �65mV,

Vreset ¼ �70mV, E ¼ 0mV, s ¼ 3ms, T ¼ 100ms,

sref ¼ 6ms. Synapse weights Wi¼1::8 are constants, all set to

1. (n;m and h) for activation and inactivation, are quantities

between 0 and 1. ðn0;m0; and h0Þ are their initial values,

calculated using the resting states defined by: dn
dt ¼ 0; dmdt ¼

0and dh
dt ¼ 0; of Eqs. (2)–(4) respectively. With the value

V ¼ 0 of membrane potential, the following initial point is

found: ðn0 ¼ 0:1765;m0 ¼ 0:0529andh0 ¼ 0:5961).

We constructed eight Gabor energy filters to capture the

energy responses of moving objects in a video sequence,

considering all possible directions of motion. Each direc-

tional filter approximates the profile receptive field of

simple cells, with the size of the receptive field determined

by the standard deviation ðrx; ry; rtÞ of the Gaussian factor.

Experimental results indicate that using a smaller size of

receptive fields results in lower energy for a given direc-

tion, while larger receptive fields produce higher energy.

To minimize ambiguity between directional filters, we

selected standard deviations ðrx; ry) greater than rt to

accurately mimic the human visual system. In this paper,

we fixed the standard deviation values to rx ¼ ry ¼ 4 and

rt ¼ 1, as suggested in (Heeger 1988). Additionally,

empirical findings suggest that setting rt ¼ 1 provides

effective coverage of the frequency-temporal domain,

including temporal frequencies ft ¼ �1=4; ft ¼ 0 and ft ¼
1=4 (Heeger 1988; Daugman 1985; Spinéi et al. 2000).

In the first experiment, we aim to evaluate the ability of

the proposed SNN model to replicate directional selectivity

responses. The original frame of an image sequence fea-

turing a giraffe from the FBMS dataset (Ochs et al. 2014),

as shown in Fig. 3, undergoes processing with the receptive

fields of the simple and complex cells in the V1 layer. The

firing rates of V1 neurons generate motion energy

responses across various directions, showing strong

responses to specific motion directions and comparatively

weaker responses to others. The output layer integrates

energy responses from the V1 layer, providing a compre-

hensive motion energy depiction in the current frame.

These results align with the established properties of the

biological visual system.

Another experiment was conducted using three image

sequences sourced from diverse benchmark datasets, each

presenting distinct challenges and featuring complex

background images. The first sequence is from the YMB

(YouTube Motion Boundaries) dataset (Weinzaepfel et al.

Fig. 3 Direction-selective motion energy responses on an input image

from the FBMS dataset (Ochs et al. 2014): a Original frame of the

image sequence; b Spatio-temporal energy responses for different

motion directions: (b-1) Rightward. (b-2) Upward. (b-3) Leftward. (b-

4) Downward. (b-5) Upper-rightward. (b-6) Upper-leftward. (b-7)

Lower-leftward. (b-8) Lower-rightward; c global motion energy
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2015). The second comes from the FBMS (Freiburg–

Berkeley Motion Segmentation) dataset (Ochs et al. 2014),

and the last one is from the Weizmann dataset (Alpert et al.

2012). The experimental results, as depicted in Fig. 4,

showcase the proposed SNN’s capability to effectively

extract the energy of moving objects from image

sequences.

Performance evaluation of the proposed
model

To demonstrate the effectiveness of our approach, we

conducted a comparative analysis involving SNN-based

approaches for motion detection. The evaluation encom-

passes two distinct datasets: BMC (Sobral and Vacavant

2014) and CDNet2014 (Wang et al. 2014). We then illus-

trate the utility of the identified motion energy for motion

segmentation tasks. Initially, we evaluate the model using

conventional motion segmentation approaches and subse-

quently explore advanced DL motion segmentation meth-

ods. This evaluation covers four datasets: BMC dataset

(Sobral and Vacant 2014), MoSeg dataset (Brox and Malik

2010), Davis2016 dataset (Perazzi et al. 2016), and

SegTrackv2 dataset (Li et al. 2013).

Datasets and evaluation metrics

The MoSeg dataset (Brox and Malik 2010) offers short

video sequences (20 to 60 frames) capturing the movement

of objects like cars and people, with ground truth annota-

tions. The videos have a resolution of (640 9 480) pixels.

The BMC dataset (Sobral and Vacant 2014) serves as a

benchmark for motion detection and moving object seg-

mentation. It includes 10 synthetic video sequences

depicting diverse scenes and weather conditions, with

annotations for 1500 frames at a resolution of (640 9 480)

pixels.

The CDNet2014 dataset (Wang et al. 2014) is a large

benchmark for real-life motion detection. It consists of 11

categories with 4 to 6 sequences each, featuring challenges

like changing light, diverse weather conditions, and com-

plex objects, providing annotated ground truth and seg-

mentation masks.

The Davis2016 dataset (Perazzi et al. 2016) contains 50

high-quality video sequences (3455 frames) presenting

challenges in video object segmentation, including object

transitions, occlusions, and motion blur, with detailed

pixel-wise annotations.

The SegTrackv2 dataset (Li et al. 2013) is a benchmark

for video object segmentation, featuring 14 diverse

sequences (1066 frames) with challenges like object-

background similarity, non-rigid deformations, fast camera

motion, varying lighting, and occlusions. It provides

detailed pixel-wise annotations.

The evaluation metrics employed include common

metrics: precision Pð Þ, recall Rð Þ, and F-score Fð Þ, and

Intersection Over Union (IOUÞ index. These metrics, cal-

culated using ground truth annotations, are defined as

follows:

P ¼ tp

tpþ fp
;R ¼ tp

tpþ fn
;F ¼ 2 � P � R

Rþ P
and IOU

¼ tp

tpþ fpþ fn
ð17Þ

Fig. 4 Sample results of our scheme on three video segmentation

datasets. First row shows one frame of the video sequence taken from

(Left to right): YMB dataset (Weinzaepfel et al. 2015), FBMS dataset

(Ochs et al. 2014) and WEIZ dataset (Alpert et al. 2012). The second

row shows the corresponding energy motion results
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Here, tpð Þ represents the number of pixels correctly

detected as moving, fpð Þ is the number of incorrectly

detected pixels as moving, and fnð Þ is the number of

moving pixels not detected. A higher F-score and IOU

indicate better segmentation performance.

Energy detection performance againt SNN-based
approaches

To demonstrate the effectiveness of our approach, we

conducted a comparative analysis involving two SNN-

based methods for motion detection. The first one, based on

temporal difference (denoted as TD) (Yedjour et al. 2019),

extracts moving objects between consecutive frames in a

dynamic scene and feeds them into a network of Hodgkin-

Huxley neurons for boundary detection (Yedjour et al.

2017). The second one, based on axonal delays (denoted as

AD) (Yedjour et al. 2022), uses temporal delays in

synapses to construct a hierarchical feedforward model for

the MT area, introducing distinct MT receptive fields for

leftward and rightward motion.

The BMC dataset (Sobral and Vacant 2014) includes 10

sequences showcasing two scenes: a street and a rotary

scene. Each sequence demonstrates various weather con-

ditions and noise levels. Specifically: Sequences 112 and

122 have normal conditions without acquisition noise.

Sequences 212 and 222 are under cloudy conditions with

salt and pepper noise. Sequences 312 and 322 are sunny

with noise, including moving cast shadows. Sequences 412

and 422 are foggy with added noise, making analysis

challenging. Sequences 512 and 522 are windy with noise

and a moving background. In our evaluation shown in

Fig. 5, we present qualitative results comparing our

approach to SNN-based methods for five street scene

sequences, each representing different weather conditions

(sequences 112, 212, 312, 412, and 512).

The SNN takes an image from a sequence of images as

input, performing motion detection at each time step. We

use performance parameters precision Pð Þ, recall Rð Þ, and

F-score Fð Þ to measure the similarity between the motion

map obtained by a given model and the ground truth. To

provide a comprehensive assessment, we conducted

experiments on all ten video sequences from the BMC

dataset (Sobral and Vacant 2014) and calculated the aver-

age over them. We then compared the performance of our

approach to TD (Yedjour et al. 2019) and AD (Yedjour

et al. 2022) approaches. Quantitative results are presented

in Table 1.

The results presented in Table 1 and Fig. 5 demonstrate

that our proposed approach achieved the highest F-score

compared the TD (Yedjour et al. 2019) and the AD

(Yedjour et al. 2022) methods, showcasing its ability to

segregate moving objects in an image sequence. The sec-

ond-highest F-score was obtained by the AD method

(Yedjour et al. 2022). While this method effectively

extracts motion objects in dynamic environments, it

struggles to accurately delineate them. Despite its faster

processing time, the TD method (Yedjour et al. 2019)

obtained the lowest F-score. This suggests that the TD

method is less suitable for sequences characterized by

illumination variation and cluttered environments. In

summary, our approach significantly outperforms the TD

(Yedjour et al. 2019) and AD (Yedjour et al. 2022)

methods, as evidenced by Table 1 and Fig. 5. This high-

lights a more precise alignment with the ground truth,

facilitating the optimized extraction of motion energy.

These results affirm the effectiveness of our proposed

approach in motion detection tasks.

We extended our evaluation to include the CDNet2014

dataset (Wang et al. 2014), encompassing various scenarios

such as highways, offices, pedestrians, and PETS2006. We

compared the motion maps generated by our approach with

those of the TD (Yedjour et al. 2019) and AD (Yedjour

et al. 2022) methods against their respective ground truth

annotations on the CDNet2014 dataset. This comparison

utilized standard CDNet2014 challenge metrics: precision

Pð Þ, recall Rð Þ, and F-score Fð Þ, averaged across all video

frames within each scenario.

The results presented in Table 2 clearly demonstrate the

effectiveness of the proposed approach in motion detection

across different video sequences. The proposed method

shows a significant improvement in F-score compared to

the SNN approaches, TD and AD, in all evaluated sce-

narios, particularly pronounced in the video sequences of

Highway and PETS2006, where motion is more evident.

This improvement is particularly noteworthy, with an

F-score of 0.91 in the Highway scenario, representing a

22% increase compared to AD (0.75) and a 54% increase

compared to TD (0.59). Similarly, in the PETS2006 sce-

nario, the proposed approach outperforms the SNN

approaches, AD and TD, with F-score improvements of

13% and 69%, respectively. The average F-score

improvement of 13% compared to the TD (Yedjour et al.

2019) and 71% compared to the AD (Yedjour et al. 2022)

confirms the robustness of the proposed approach in cap-

turing motion nuances in various environmental contexts.

These superior results in diverse scenarios highlight the

effectiveness of our proposed method, positioning it as a

promising solution for motion detection tasks.
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Fig. 5 Qualitative results for the BMC dataset (Sobral and Vacant 2014). From top to bottom: image sequence, ground truth, TD (Yedjour et al.

2019), AD (Yedjour et al. 2022), Proposed approach. Left to right: 112, 212, 312, 412, 512 video sequences

Table 1 Comparison results of

the proposed approach to TD

(Yedjour et al. 2019) and AD

(Yedjour et al. 2022)

approaches on the BMC dataset

(Sobral and Vacavant 2014)

BMC Sequences TD

(Yedjour et al. 2019)

AD

(Yedjour et al. 2022)

Proposed Approach

P R F P R F P R F

112 0.73 0.53 0.61 0.88 0.76 0.82 0.94 0.93 0.93

122 0.73 0.56 0.63 0.86 0.78 0.82 0.95 0.92 0.93

212 0.58 0.45 0.51 0.81 0.75 0.78 0.93 0.91 0.92

222 0.56 0.50 0.53 0.83 0.79 0.81 0.93 0.93 0.93

312 0.67 0.57 0.62 0.90 0.75 0.82 0.94 0.94 0.94

322 0.63 0.56 0.59 0.87 0.74 0.80 0.88 0.95 0.91

412 0.72 0.57 0.64 0.81 0.78 0.79 0.90 0.94 0.92

422 0.70 0.48 0.57 0.79 0.77 0.78 0.93 0.91 0.92

512 0.68 0.51 0.58 0.79 0.68 0.73 0.93 0.95 0.94

522 0.62 0.49 0.56 0.77 0.66 0.71 0.89 0.94 0.91

AVG 0.66 0.52 0.58 0.83 0.75 0.79 0.92 0.93 0.93
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Energy segmentation performance

Comparison with conventional approaches

We demonstrate that the detected motion energy can be

effectively utilized in motion segmentation tasks. To assess

the robustness of our approach, we compare it with two

dedicated motion segmentation methods. The first method

is based on video object segmentation to establish occlu-

sion relations robustly (Taylor et al. 2015). The second

method employs the Region-of-Interest (denoted as Roi-

Seg) approach (Zhang et al. 2022). Quantitative evaluation

results for Taylor et al. (2015) were conducted on the

MoSeg dataset (Brox and Malik 2010), while evaluation

results for Zhang et al. (2022) were carried out on the BMC

dataset (Sobral 2014). Building on these comparisons, we

assess the performance of our energy-based model on two

datasets: MoSeg (Brox and Malik 2010) and BMC (Sobral

2014) datasets. For the performance evaluation of seg-

mentation, we use the metrics precision Pð Þ, recall Rð Þ, and

F-score Fð Þ, which are also adopted by the comparative

approaches. These metrics are reported based on the pro-

vided ground truth annotations.

The approach by Taylor et al. (2015) has been compared

to two methods, Lee et al. (2011) and Papazoglou and

Ferrari (2013), which employ individual component mod-

els. These models generate binary segmentation algo-

rithms, including the (BASIC) model, its temporal

extension (TE), foreground–background (FG), and the full

model (FULL) as a combination of all components. Results

are reported for various algorithms, such as (BASIC), (TE),

(FG), Lee et al. (2011), and Papazoglou and Ferrari (2013).

Our model is specifically compared to Taylor et al. (2015)

method for motion segmentation. The comparative analysis

of the performance of different methods is presented in

Table 3. The highest F-score indicates a perfect match with

the ground truth. According to the results in Table 3, our

approach outperforms the comparative approaches in

F-score on MoSeg dataset (Brox and Malik 2010).

The RoiSeg (Zhang et al. 2022) has been compared to

three of the best traditional foreground segmentation

algorithms, all evaluated on the BMC dataset (Sobral

2014). The first one, named DPWrenGABGS (DRG), is an

enhanced version of the Gaussian Mixture Model designed

for a specific color space. The second, Mixture Of Gaus-

sianV1BGS (MOG), represents an improved version that

adapts the system to illumination variation. The third,

MultiLayer BGS (BGS), is a background subtraction

algorithm based on color and texture. We evaluated our

approach across 10 frame sequences, as utilized in RoiSeg

(Zhang et al. 2022). The quantitative results are then

averaged for the 10 frame sequences covering the entire

BMC dataset (Sobral 2014) and are summarized in

Table 4.

According to the results in Table 4, we observe that the

proposed approach achieved the highest F-scores in video

sequences 312 and 512, despite the dynamic and cluttered

environment in sequence 312 and the windy weather in

sequence 512. This can be explained by the fact that sig-

nificant motion leads to a higher energy response. The

second-highest F-scores for our method were for sequences

112 and 122, which experienced cloudy conditions without

noise, and sequence 222, which included salt and pepper

noise. The F-score is slightly higher for the RoiSeg (Zhang

et al. 2022) in sequence 322 compared to ours. For

sequence 212, the (BGS) method achieved the highest

F-score despite the presence of noise in this sequence. A

suboptimal F-score obtained by our model for videos 212

and 322 can be attributed to the reduced brightness contrast

between moving objects and the background in these

Table 2 Comparison results of

the proposed approach to TD

(Yedjour et al. 2019) and AD

(Yedjour et al. 2022)

approaches on the CDNet2014

dataset (Wang et al. 2014)

CDNET2014 baseline sequences TD

(Yedjour et al. 2019)

AD

(Yedjour et al. 2022)

Proposed approach

P R F P R F P R F

HIGHWAY 0.63 0.55 0.59 0.79 0.72 0.75 0.95 0. 87 0.91

OFFICE 0.55 0.43 0.48 0.79 0.79 0.79 0.89 0.84 0.86

PEDESTRIANS 0.52 0.43 0.47 0.72 0.69 0.70 0.89 0.88 0.88

PETS2006 0.58 0.49 0.53 0.82 0.78 0.80 0.91 0.89 0.90

AVG 0.57 0.48 0.52 0.78 0.75 0.76 0.91 0.65 0.89

Table 3 Quantitative comparison of the proposed approach with

individual and Full components of the Taylor et al. (2015) method,

Lee et al. (2011), and Papazoglou and Ferrari (2013) methods on the

MoSeg dataset (Brox and Malik 2010)

P R F

BASIC 0.93 0.34 0.49

TE 0.78 0.55 0.64

FG 0.77 0.56 0.65

FULL 0.87 0.63 0.73

Lee et al. (2011) 0.62 0.56 0.59

Papazoglou and Ferrari (2013) 0.76 0.63 0.69

Proposed approach 0.88 0.65 0.75
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scenarios, making it challenging for our model to extract

motion energy. Note that video 322 includes a sunny rotary

scene, which presents difficulties such as general climatic

conditions and fast light changes compared to video 312,

which depicts a street scene with a dynamic and cluttered

environment. Based on the results in Table 4, the proposed

approach, on average, demonstrates superior performance

compared to the RoiSeg (Zhang et al. 2022) and the three

traditional segmentation methods across all ten videos in

the BMC dataset (Sobral 2014), with a slight decrease in

accuracy observed in specific scenarios.

Comparison with DL approaches

We compare our method with state-of-the-art methods

based on DL models (Tokmakov et al. 2017, 2019; Kam-

ranian et al. 2020; Song et al. 2018; Jain et al. 2017; Cheng

et al. 2017; Jang and Kim 2017; Koh and Kim 2017). All of

these methods are evaluated on all 50 video sequences of

Davis2016 dataset using two metrics: the Intersection Over

Union IOUð Þ index and the F-score. On SegTrackv2

dataset, the IOU metric is measured across all 14 videos for

comparison. Table 5 presents the quantitative results for

each method, including the proposed approach.

On the Davis2016 dataset, our proposed approach

demonstrates superior performance, surpassing all state-of-

the-art methods in terms of IOU with 78.57% and F-score

with 88.0%. Additionally, it is slightly better than (Tok-

makov et al. 2019), which achieved the second-highest

IOU at 78.2% and F-score at 75.9%. Note that the approach

by Tokmakov et al. (2019) represents an enhancement of

their previous model (Tokmakov et al. 2017) and is

recognized as one of the best-reported techniques, typically

relying on a learning mechanism for foreground object

identification. In contrast, our method significantly out-

performs it without involving any learning processes.

On the SegTrackv2 dataset, our approach achieved an

IOU of 82.61%, outperforming all methods except Tok-

makov et al. (2019) and Jain et al. (2017). While our

approach significantly outperforms them on the Davis16

dataset, Tokmakov et al. (2019) and Jain et al. (2017) excel

on the SegTrack dataset with IOU scores of 83.4% and

83%, respectively. Our lower performance may be attrib-

uted to the low quality and poor resolution of the Seg-

trackv2 videos, where objects often lack a clear distinction

from the background. Nevertheless, the proposed approach

still significantly improves upon state-of-the-art motion-

based segmentation models. This reaffirms its capability to

effectively separate moving objects from an image

sequence, aligning with the characteristics of the primary

visual cortex in the human brain.

Finally, our approach excels in motion segmentation

compared to both conventional and DL models, despite

facing challenges on the SegTrackv2 dataset. The overall

results obtained underscore the robustness and competi-

tiveness of our model, which relies on intrinsic mecha-

nisms such as directional selectivity and spatiotemporal

tuning, without resorting to explicit learning mechanisms.

This proposed approach proves effective and practical for

understanding the underlying mechanisms of human

motion perception.

Table 4 Comparative performance metrics on the BMC dataset (Sobral 2014) for the proposed approach, RoiSeg (Zhang et al. 2022), and the

three traditional segmentation algorithms

BMC Sequences DRG

Method

MOG

Method

BGS

Method

RoiSeg

Approach

Proposed Approach

P R F P R F P R F P R F P R F

112 0.87 0.87 0.87 0.96 0.74 0.84 0.92 0.95 0.93 0.89 0.93 0.91 0.94 0.93 0.93

122 0.91 0.87 0.89 0.96 0.70 0.80 0.91 0.94 0.93 0.91 0.94 0.92 0.95 0.92 0.93

212 0.92 0.86 0.89 0.97 0.74 0.84 0.94 0.94 0.94 0.89 0.93 0.91 0.93 0.91 0.92

222 0.93 0.86 0.90 0.96 0.73 0.81 0.94 0.93 0.93 0.91 0.94 0.92 0.93 0.93 0.93

312 0.65 0.78 0.71 0.98 0.68 0.80 0.96 0.87 0.91 0.89 0.93 0.91 0.94 0.94 0.94

322 0.89 0.78 0.83 0.95 0.65 0.77 0.94 0.85 0.89 0.91 0.94 0.92 0.88 0.95 0.91

412 0.53 0.76 0.62 0.98 0.69 0.81 0.71 0.84 0.77 0.89 0.93 0.91 0.90 0.94 0.92

422 0.53 0.75 0.62 0.97 0.64 0.77 0.77 0.79 0.78 0.91 0.94 0.92 0.93 0.91 0.92

512 0.63 0.86 0.73 0.82 0.74 0.78 0.65 0.93 0.76 0.81 0.91 0.86 0.93 0.95 0.94

522 0.80 0.86 0.83 0.91 0.69 0.79 0.88 0.93 0.90 0.89 0.93 0.91 0.89 0.94 0.91

AVG 0.77 0.83 0.79 0.95 0.70 0.80 0.86 0.90 0.87 0.89 0.93 0.91 0.92 0.93 0.93
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Conclusion and future work

While traditional approaches to motion detection have

shown improvement, they still face limitations in capturing

the complexity of real-world visual data. Bio-inspired

models, particularly Spiking Neural Networks composed of

spiking neuron models, replicate the intricate circuitry of

visual information processing in the brain, offering pow-

erful functionality for input signal combination and spike

generation. This provides a biologically plausible solution

that surpasses conventional methods. In this paper, we

proposed a novel SNN model based on the Hodgkin–

Huxley neuron model and spatiotemporal receptive fields

for visual motion perception. Our approach processes

motion based on the responses of both simple and complex

cells in visual area V1. Synaptic weights, determined by

Gabor energy filters, play a crucial role in executing

computations, filtering, adaptation, and dynamic properties.

We emphasized the benefits of incorporating various

directionally selective neurons, whose responses are

defined by the Hodgkin–Huxley model of neurons, pro-

viding powerful functionality for spike generation and

intricate computations. Our model has been tested on

diverse video sequences. The obtained results show the

model’s ability to extract motion energy leading to better

agreement with the physiological data. When compared to

state-of-the-art motion-based models, including SNN,

conventional, and DL approaches, the proposed approach

outperforms them across five datasets with different chal-

lenges. In future work, we can exploit the motion energy

results to recognize the action present in an input video.

Many neural network models have been identified in

biological experiments, and the transfer of these models to

computational frameworks requires in-depth study. This

paper demonstrates the applicability of a biologically

inspired network to solve specific problems, such as motion

perception. The proposed network model, based on the

Hodgkin-Huxley neuron model, offers several key

advantages. Firstly, synapses are able to collaborate with

the population of neurons in the network to address various

perturbations, including noise, small occlusions, or moving

backgrounds. Secondly, our model does not exhibit speed

selectivity for motion, instead, it relies on general mecha-

nisms, such as directional selectivity and spatiotemporal

tuning, to extract motion energy. Thirdly, our SNN model

is designed to detect motion without requiring additional

adjustments or an explicit learning process. It leverages

built-in mechanisms, such as the integration of inputs in

space and time and the generation of spikes, aligning them

with observed motion processing principles in the biolog-

ical visual system. However, the model exhibits certain

limitations that warrant further exploration and discussion.

Firstly, focusing exclusively on V1, without accounting for

other cortical areas involved in motion processing, like the

Medial Temporal (MT), the Inferior Temporal (IT), and the

Medial Superior Temporal (MST), may limit the model in

capturing the full complexity of visual processing. Addi-

tionally, challenges presented by complex situations, such

as large occlusions or intricate backgrounds, highlight the

importance of incorporating attention mechanisms into the

model. In future work, we can address these limitations by

introducing attention mechanisms in the model.
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