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Abstract: Information transmission delay is an inherent feature of neural networks 
and can significantly influence their collective dynamics. However, most previous 
studies on Chimera states in photosensitive neural networks have focused 
exclusively on electrical synaptic coupling, while the role of chemical synapses in 
shaping Chimera dynamics remains largely unexplored. To better mimic the 
complex synaptic connections in the brain, we construct a single-layer 
photosensitive neural network with mixed electrical and chemical synaptic 
coupling. We systematically investigate the effects of coupling strength and time 
delay on the emergence and evolution of Chimera states under three different 
autapse conditions: no autapse, positive-gain autapse, and negative-gain autapse. 
The results show that, in networks without autapses or with positive-gain autapses, 
Chimera states emerge primarily at relatively small time delays and are strongly 
influenced by the coupling strength. In contrast, in networks with negative-gain 
autapses, Chimera states can still be induced at relatively large time delays, while 
the influence of coupling strength on the collective dynamics is significantly 
reduced. These results demonstrate that, even after the introduction of chemical 
synapses into photosensitive neural networks, Chimera states remain sensitive to 
time delay and coupling strength. Our findings provide a new perspective for 
understanding the collective dynamics of neural networks with hybrid electrical and 
chemical synaptic coupling.  

 Keywords: neural networks; photosensitive neuron; chimera state; autapse; time delay 

1. Introduction 

Biological neural network is one of the most common complex networks in nature, and has received extensive 
attention in many fields in recent years. Studies have shown that the rich collective dynamic behaviors and different 
discharge modes in neuronal networks are closely related to various functions of organs [1,2]. Synchronization is 
a common phenomenon in neural networks, which can affect the brain’s learning and memory functions under 
multi-synaptic connections [3–6]. In addition to synchronization, healthy brains also spontaneously produce non-
synchronous behaviors, but abnormal non-synchronization is associated with brain diseases such as Down 
syndrome [7]. Clinical trials have found that synchronous and asynchronous brain phenomena can coexist in the 
same neuronal circuit, such as the first-night effect in humans and hemispheric sleep in birds [8], Jacimovic and 
Crnkic [9] named this phenomenon as Chimera state [10–15]. The Chimera state can be used as a compromise to 
adjust the contradiction between the coding ability of neurons and the synchronization behavior. Rybalova et al. [13] 
found that the size of noise and initial value can affect the existence region of Chimera state in the ring network. 
Remi et al. [14] induced the Chimera state by changing the size of power law index in the ring HR neural network 
coupled by the average field. Andrzejak et al. [15] proved that the intensity of interlayer coupling can change the 
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collective dynamics of multi-layer neural networks. Therefore, the existence range of Chimera states in neural 
network is related to parameters. 

There are hundreds of billions of neurons in the brain, which are connected in different ways through different 
types of synapses [16,17]. Electrical synapses are present in various regions of the brain, such as the olivary 
nucleus, locus coeruleus, hypothalamus, and spinal cord. They transmit electrical signals directly through gap 
junction proteins and are characterized by rapid, bidirectional transmission. Chemical synapses are widely 
distributed throughout various regions of the cerebral cortex, hippocampus, and olfactory bulb. They transmit 
signals through the release and reception of neurotransmitters and are characterized by unidirectional transmission 
and strong plasticity. In recent years, some studies have found that a large number of electrical and chemical 
synapses coexist in the brains of mammals, mainly in the retina, neocortex, and spinal cord [18]. The existence of 
mixed coupling enables neural networks to take advantage of both electrical and chemical synapses, thereby 
facilitating more complex information processing and transmission. Signal transmission may be terminated or 
blocked when a neuronal axon is injured, such as in cases of ion channel poisoning or localized axonal stress. 
Under such conditions, neurons may form new synaptic connections between their own axons and dendrites, a 
phenomenon known as autapses. Liu et al. [19] proposed a new kind of variant spiking neural P system system 
with anti-spikes and autapses, which can generate/accept Turing-computable numbers with reduced use of rules 
or neurons. Another characteristic of neural networks is their limited information-processing capacity and signal 
transmission speed. Therefore, each neuron in the network experiences a different time delay during information 
transmission. Studies have shown that time delay affects the collective dynamics of neurons to some extent and 
can effectively induce neurons to tend toward synchronization, Vijayan et al. [20] investigated the impact of delay 
on synchronization patterns in a duplex neuronal network composed of memristive Rulkov neuronal models, the 
results have potential implications for understanding temporal disruptions in neuronal networks. Shavikloo et al. [21] 
addressed the question that how changes in the strength of the synaptic connections and transmission delays 
between neurons impact synchronization in a two-neuron system with multiple synapses. Zou et al. [22] proposed 
offline and online supervised learning algorithms for synaptic weights and delays of spiking neurons with multiple 
synaptic connections. In addition, Huang et al. [23] constructed a ring neural network using FitzHugh-Nagumo 
neuron model and researched the effects of time delay and coupling strength on the firing frequency of neurons, 
Hou et al. [24] introduced a time delay in transcription and translation of Mdm2 gene expression into the network 
and investigated the effects on oscillation dynamics through stability and bifurcation analyses, Dong et al. [25] 
studied the problem of fixed-time synchronization control for memristive neural networks with discrete time delay 
and inertia term. Moreover, the network will appear instantaneous or permanent Chimera states when the value of 
time delay tends to a certain critical value. 

Biological neurons remain sensitive to external stimuli and can trigger appropriate discharge patterns to 
respond effectively to external chemical and physical signals [26,27]. For instance, auditory neurons can convert 
vibration signals into electrical signals, thermosensitive neurons can convert temperature signals into electrical 
signals, and neurons in photosensitive neural models are sensitive to light signals. Classic neuronal circuits, such 
as memristor [28], Josephson junction [29], piezoelectric ceramic [30], phototube [31], thermistor [32], can be 
embedded with special functional devices to construct functional neuronal circuits to perceive special physical 
signals from the outside world. Therefore, conducting research on the functional enhancement of neurons and the 
dynamics of neural networks is of great theoretical significance. In recent years, scholars have conducted in-depth 
studies on the collective dynamics of brain neural networks, including neuronal firing patterns and the stability of 
synchronization phenomena within the network [33–35]. Yang et al. [36] established a star network by using 
electrical synaptic coupling of four photosensitive neurons and studied the synchronization phenomenon and 
energy balance of the network. Han et al. [37] proposed an interpretable neural network with a synchronization 
mechanism, the study found that the coexistence of synchronization and desynchronization occurred in this neural 
network, that is the Chimera state. Huang et al. [38] studied the phenomena of synchronization and Chimera states 
in two unidirectional coupled small-world networks by adjusting the intensity of electromagnetic induction. 
Rybalova et al. [39] observed that different impulse exposures could stimulate the traveling Chimera states of FHN 
neural network. The relevant research results of Chimera states have enabled people to generate further profound 
understanding of pathogenic principles of some brain diseases, it was argued that early changes in network activity 
are not necessarily governed by the aim of preserving long term functionality, but rather by the attempt to achieve 
a state that is temporarily stable [40], and paper [41] found that the emergence of distinct sets of multistable 
Chimera states in addition to Chimera death and synchronized states in a smallest population of three globally 
coupled oscillators with mean-field diffusive coupling. Paper [42] found the appearance of alternating Chimera states 
and transient Chimera states whenever the intralayer coupling is nonlocal and local, respectively, and paper [43] 
constructed a coupled nonlinear oscillator system with a topology of the modular complex network to simulate the 
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left and right hemispheres of the brain. Obviously, various neural networks composed of different types of 
functional neurons can more realistically represent the cooperation and signal interactions among different 
functional areas. However, investigations of Chimera states in functional neurons and neural networks remain 
relatively unexplored. 

Based on the above discussion, this paper establishes a photosensitive neural network model with mixed 
coupling. The coupling strength and time delay between neurons are varied under three different conditions: no 
autapse, positive-gain autapse, and negative-gain autapse. The existence range and variation trends of Chimera states 
under different conditions are investigated. In addition, two global parameters are introduced to further characterize 
the collective dynamics of the neural networks. The structure of other sections is as follows: In Section 2, the 
photosensitive neuron model, as well as a mixed-coupling ring neuron network model are introduced. The effects of 
coupling intensity and time delay on dynamics behavior of the neural network are discussed in Section 3. Conclusions 
are given in Section 4. 

2. Mathematical Model 

Ma [26] suggest that the human eye can generate neural activity when it receives light. From a physical point 
of view, the retina performs photoelectric conversion, whereby electromagnetic energy is converted into 
bioelectrical signals, which then stimulate the visual functional areas of the brain in the form of action potentials 
and generate a response. Therefore, a photosensitive neuron model is constructed based on the FHN neuron model 
to describe the photoelectric effect, described as 

31(1 )
3  
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The parameter 
SR

ρξ =  is a dimensionless conductance ratio, where 𝜌 is the membrane resistance and SR  

is the equivalent resistance of the phototube branch. 
0

Ea
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=  represents the bias voltage from the constant voltage 

source in series with the phototube; Rb
ρ

=  is the ratio of the circuit resistance to the membrane resistance, 

controlling the recovery dynamics; and 
2Cc
L

ρ=  is the time-scale ratio between the fast membrane potential and 

the slow recovery variable [44]. 
Based on the photosensitive neuron model, a mixed-coupling ring neuron network model with 100 neurons 

is constructed, the specific equation is 
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where aut
iI  represents the electrical impulses generated on the neuron membrane due to time delay, which is used 

to simulate the autapse phenomenon. The autapse current is 

aut [ ( ) ( )]i i iI g x t x tτ= − −  (4)
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where g  is feedback gain of synapse, and τ  is time delay. Autapse is defined as the difference in the membrane 
potential of a neuron at different times. syn

iI  represents mixed total synaptic current of the i  neuron. In Figure 1, 
the i th neuron is electrically coupled to the neurons from the i p− th to the i p+ th (excluding itself), while on 
one side it forms chemical synapses connection with the neurons from the i p r− − th to the 1i p− − th, and on 
the other side it forms chemical synapses connection with the neurons from the 1i p+ + th to the i p r+ + th, 
thus the mixed total synaptic current can be obtained as 

,
synsyn

,

( )
= ( ( ) ( ))

1 exp[ ( ( ) )]

i p j i p r j i p
i

i j i
j i p j i p r j i p j

x t V
I d x t x t d

x t
τ

λ τ θ

+ = + + ≠ +

= − = − − ≠ −

−
− − + −

+ − − −   (5)

where synV  is reversal potential in the synapse, λ  is ratio parameter and θ  is synaptic threshold. 

 

Figure 1. The ring neural network with hybrid coupling (The solid red lines represent electrical synapses and the 
dashed green lines represent chemical synapses). 

In order to distinguish the asynchronous state, Chimera state and synchronous state in neural networks, a new 
parameter SIk  calculated by local standard deviation is introduced [44], which is called as strength of 
incoherence. It is essential to calculate the potential difference between adjacent neurons in the network as 

1i i iw x x −= − , 1,2, ,i N=  , and divide the neurons into three disjoint groups, the local standard deviation is 
defined as 
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herein Θ  is Heaviside step function, δ  represents critical value, let =0.15δ , 4n = . Set 1ms =  for the 
neurons of each group, that is 𝑘SI = 0 and the network is in the synchronous state when ( ), 1,2, ,m m Mδ σ> =  , 
or the network exhibits nonsynchronous state when 𝑘SI = 1 under the condition of ( )mσ δ> . Obviously, the 
network presents Chimera state when 0 < 𝑘SI < 1. In order to further distinguish the types of Chimera states, a 
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parameter DMk  (Discontinuity Measure) is introduced to distinguish single Chimera states from the multi-cluster 
ones, as 

1
1

DM 1 12
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i i
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= =
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，  
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When 𝑘DM = 1, the neural network is in a single Chimera state, whereas presents the phenomenon of multiple 

cluster Chimera states when DMk  is an integer greater than 1 and in the range of [2, ]
2
M . 

3. Numerical Simulation 

In this section, the fourth-order Runge-Kutta method will be used for numerical simulation in 
MATLAB2018, and the fixed parameters in the neuron model are 0.7a = , 0.8b = , 0.1c = , 1 0.85B = , 

2 0.2B = , 0.45ω = , 0.175ξ = , 𝑉syn = 2, 𝜆 = 10, 𝜃 =− 0.25 [45], the value of τ  and d  are changed in the 
case of no-autapse, negative gain autapse (excitatory physiological action) and positive gain autapse (inhibitory 
physiological action) respectively, and the effects of time delay and coupling strength on dynamics of 
photosensitive neural networks under different conditions are discussed. The step and time are taken as 0.01 and 
2000, respectively, that is we solve the equation set by iterating 200,000 times, the initial value are given as 
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and coupling numbers are given as 15p r= = , that is each neuron in the network is electrically synaptically 
coupled to the 15 nearest neurons and chemically coupled to the 15 more distant neurons. 

3.1. The Neural Network without Autapse (𝑔 = 0) 

Let 𝜏 = 0.8, the phenomena of asynchronous states, Chimera state and synchronous state can be observed 
successively in the network by changing the coupling intensity. Figure 2 shows the spatio-temporal diagram of 
neural network and the phase diagram of membrane potential corresponding to the three states ( 1950t = ). The 
membrane potential of the neurons in the network is different at the same time when 𝑑 = 0.002, and the 
asynchronous state is presented as been found in Figure 2a,d. The asynchronous state indicates that the coupling 
strength is not strong enough to overcome the individual differences among neurons, and each unit of the network 
maintains its independent discharge rhythm. During brain activities, when visual stimuli are presented, the 
asynchronous state enables the neural network to maintain a high ability to distinguish different input features, 
providing the original resolution information for subsequent selective integration. When the coupling intensity is 
increased to 0.015, it can be observed from Figure 2b,e that some adjacent neurons in the network is synchronous, 
such as the 82–94 neurons. The synchronous cluster is separated from the non-synchronous cluster, thus a Chimera 
state is formed. The appearance of the Chimera state indicates that the coupling strength is sufficient to enable 
some neurons to overcome individual differences and form synchronous clusters, but it is not yet strong enough 
to unify the entire network. The appearance of a Chimera state in the photosensitive neuron network indicates that 
the light input did not trigger a globally consistent response but selectively activated some neurons. The 
synchronous clusters can be understood as clusters of neurons locked by light, the asynchronous clusters, on the 
other hand, maintain their independent sensitivity to changes in light intensity and continue to monitor other 
potential light signals in the environment. When 𝑑 = 0.03, the network is stable and synchronized under strong 
coupling, the membrane potential of 100 neurons is the same as can be found in Figure 2c,f. The emergence of the 
synchronous state indicates that the coupling strength exceeds the frequency and phase differences caused by the 
nonlinear oscillations of individual neurons. Synchronization is the foundation of cognitive activities such as 
movement and perception in the neural system. When the photosensitive neuron network is in a strongly coupling 
strength, it enters a synchronous state, indicating that the light input can trigger a consistent collective response at 
the network level, which is conducive to signal integration and downstream transmission. 
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(a) 0.002d =  (b) 0.015d =  (c) 0.03d =  

   
(d) SI 1k =  (e) SI 0.76k =  (f) SI 0k =  

Figure 2. The spatiotemporal patterns and membrane potentials with different coupling strengths for 𝜏 = 0.8. 

Fixing coupling strength 0.015d = , the collective dynamics of the network are observed by changing the 
delay size. The dynamic phenomena of neural networks are shown in Figure 3b,e when 1.5τ = . The shorter delay 
causes the coupled signals to accumulate phase in space, and neurons at different locations are activated 
successively, forming a traveling wave. The value of delay is continuously increased as 3τ = , and the network 
is in stable synchronization state within the range of 1800 2000t< < , as shown in Figure 3c,f. Compared with 
Figure 2c,f, under the influence of longer time delay, the network tends to reach the synchronous state and no 
longer relies on strong coupling between neurons. Therefore, in addition to coupling strength, time delay is also a 
key factor affecting the collective dynamics of neural networks. Appropriate adjustment of the time delay can 
bring the network as close as possible to its ideal state. 

   
(a) 0.8τ =  (b) 1.5τ =  (c) 3τ =  

   
(d) SI 0.76k =  (e) SI 0k =  (f) SI 0k =  

Figure 3. The spatiotemporal patterns and membrane potentials with different time delays for 0.015d = . 
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In order to more intuitively observe the effects of coupling strength and delay on neural networks, [0.5,3]τ ∈  
and [0.005,0.03]d ∈  are taken and the two-parameter bifurcation graph of global order parameter SIk  is given 
in Figure 4. The dark blue area corresponds to a synchronized state of the network, indicating a high degree of 
consistency among the neurons. In contrast, the dark red area indicates that the network is in an asynchronous state, 
where the membrane potentials of individual neurons exhibit a large degree of dispersion. From Figure 4, the network 
is the same state when 2.1τ >  and [0.005,0.03]d ∈ , the asynchronous states is stable under the weak coupling 
condition and 1.5 1.8τ< < , and the Chimera state appears under the condition of small time delay. 

Based on Figure 4, we select four coupling strength and draw the tendency graph of SIk  and DMk  under 
fixed coupling strength, as shown in Figure 5 and the red dotted line represents the single Chimera state in line 
chart of DMk . When 0.005, 0.013 0.021 0.03d = , , , it is obvious that all the neural networks show a Chimera 
state under small delay, and synchronization phenomenon exists in the range of 2.1τ > . 

 

Figure 4. The two-parameter bifurcation graph of parameter plane ( , )dτ  when 𝑔 = 0. 

  
(a1) (a2) 

(a) 0.005d =  

  
(b1) (b2) 

(b) 0.013d =  

  
(c1) (c2) 

(c) 0.021d =  

  
(d1) (d2) 

(d) 0.03d =  

Figure 5. When 𝑔 = 0, the graph of changing trend of SIk  and DMk  varying time delay. 
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3.2. The Neural Network with Autapse ( 0g ≠ ) 

The gain of autapse can affect the collective dynamics of neural networks, so the connection types of positive 
gain and negative gain are constructed under 0.2g =  and 0.2g = − , then used to investigate the neural 
networks containing autapse. 

When neurons are connected by positive gain of 𝑔 = 0.2  from synapses, Figure 6a,b present the 
spatiotemporal patterns under the condition of 𝜏 = 0.8 and 𝜏 = 1.5. From Figure 6a, the neurons number in the 
synchronization region increases comparing to Figure 3a. In addition, the neural network changes from traveling 
wave state to homologous states, as can be found in Figure 6b. When the neurons in the network have negative 
gains of 𝑔 = − 0.2 from synaptic connections, Figure 6c,d show the spatiotemporal patterns under the condition 
of 𝜏 = 1.5 and 𝜏 = 3. From Figure 6c, we can observe that multiple homologous and non-homologous states 
appear alternately in the network. Increasing the delay to 𝜏 = 3, the network is still in a Chimera state, while the 
network is in the synchronous states (Figure 3c) without autapse connections. It is further proved that negative 
gain synapses cause the neural network to tend towards an asynchronous state, while under the influence of positive 
gain, the neural network tends towards a synchronous state. 

    
(a) 0.8, 0.2gτ = =  (b) 1.5, 0.2gτ = =  (c) 1.5, 0.2gτ = = −  (d) 3, 0.2gτ = = −  

    
(e) SI 0.2k =  (f) SI 0k =  (g) SI 0.88k =  (h) SI 0.63k =  

Figure 6. The spatiotemporal patterns and snapshots of the network with different time delays and autapse gains 
for 0.015d = . 

3.2.1. The Neural Network with Autapse ( 0.2g = − ) 

Figure 7 shows the two-parameter bifurcation of SIk  under plane ( , )d τ , it is found that when 
[0.005,0.03]d ∈ , the Chimera states are more distributed under the condition of very small or very large delay. 

When 𝑑 ൌ 0.005, 0.013, 0.021, 0.03 respectively, the graph of changing trend of SIk  and DMk  is given in 
Figure 8. We focus 1.3 1.9τ< < , SIk  is close to 0 and the network always approaches synchronization or is in 
a synchronous state (Figure 8a,b), whereas SIk  identically equals to 0 and the network presents synchronous 
states (Figure 8c,d). It can be obtained from the trend graph of DMk  that most of the Chimera states in this 
network exist in the form of multiple cluster Chimera states. 

 
Figure 7. The two-parameter bifurcation graph of parameter plane ( , )dτ  when 𝑔 = − 0.2. 
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(a1) (a2) 

(a) 0.005d =  

    
(b1) (b2) 

(b) 0.013d =  

  
(c1) (c2) 

(c) 0.021d =  

  
(d1) (d2) 

(d) 0.03d =  

Figure 8. When 𝑔 = − 0.2, the graph of changing trend of SIk  and DMk  varying time delay. 

3.2.2. The Neural Network with Autapse ( 0.2g = ) 

Under positive gain occurs from synaptic connection, two-parameter bifurcation diagram of plane ( , )d τ  is 
presented in Figure 9. Neurons only exhibit Chimera states and asynchronous states in a small area of 

[0.5,3] [0.005,0.03]dτ ∈ ∈,  as shown in Figure 9b. It is similar to the changing trend in Figure 4, the Chimera 
states in the network exist under small time delay, while the network with a longer time delay always maintains 
synchronous states. It can be seen from Figure 10 that the Chimera state categories in this network are mainly 
multi-cluster Chimera states. 

  
(a) [0.5,3]τ ∈  (b) [0.5,1.3]τ ∈  

Figure 9. The two-parameter bifurcation graph of parameter plane ( , )dτ  when 𝑔 = 0.2. 
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(a1) (a2) 

(a) 0.0050d =  

  
(b1) (b2) 

(b) 0.0095d =  

Figure 10. When 𝑔 = 0.2, the graph of changing trend of SIk  and DMk  varying time delay. 

Yilmaz et al. [46] showed that autaptic time delay can induce multiple coherence resonance at both the single-
neuron and network levels, and that the coherence resonance and synchronization transition at the network level 
occur at nearly the same delay length, although these phenomena appear only within a specific range of coupling 
strength. When the delay is shorter than the refractory period, the autapse reduces firing regularity; when the delay 
exceeds the refractory period, firing regularity can be significantly enhanced by appropriately adjusting the 
autaptic conductance. A comparison between Figures 7 and 9 shows that, in the photosensitive neuronal network, 
a positive-gain autapse (negative feedback) drives the network toward synchronization, whereas a negative-gain 
autapse (positive feedback) drives it toward asynchrony. This indicates that the regulation of network dynamics 
by autapses depends not only on the autaptic time delay, but also on the feedback type, which is likewise a key 
parameter determining the collective state. 

4. Conclusions 

Based on the single-layer photosensitive neural network with nonlocal coupling, the coupling scheme is 
changed from a single electrical synaptic coupling to a mixed coupling scheme involving both electrical and 
chemical synapses. For neural networks without autapses and with autapses, the coupling strength and time delay 
are varied to investigate their effects on the dynamic behavior of the neural networks. From the research, it is found 
that the photosensitive neural network not only changes its state due to different coupling strengths and time delays, 
but also the autapse can affect the synchronous state, Chimera state and asynchronous state within the network. In 
the neural network without autapse, a long time delay will promote the neurons in the network to tend to the same 
discharge frequency, thereby achieving stable synchronization. Conversely, in the neural network with negative-
gain autapses, asynchronous phenomena occur under the influence of long time delays, whereas shorter time delays 
can better stabilize the Chimera state in the network. In the neural network with positive-gain autapses, the range 
of states affected by time delay is significantly reduced, and more precise parameter values are required to 
accurately induce Chimera and asynchronous states in the neural network. Compared with the single Chimera 
state, the frequency of multiple clustered Chimera states occurring in the network is higher. This provides 
theoretical support for understanding how the real visual system regulates information processing patterns through 
the coupling strength, time delay and feedback between synapses, and also offers parameter references for the 
design of neuromorphic optoelectronic computing devices. 
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