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ABSTRACT
Neuromorphic vision systems, inspired by biological vision, offer high energy efficiency and sensor-level data processing. Among these sys-
tems, neuromorphic optoelectronic sensors are particularly promising because they exhibit biomimetic responses to incident light. A key 

feature of such devices is an inherent memory-like response, hereafter referred to as “photonic memory”: sensor conductance depends not 

only on instantaneous illumination but also on exposure history, enabling temporal integration of information. Here, we study how pho-
tonic memory impacts trajectory prediction by comparing a ZnO-based photonic-memory sensor with a conventional image sensor in an 

experimentally grounded numerical framework. We experimentally characterize the non-volatile conductivity dynamics of the synapse under 

controlled illumination and darkness and develop a compact mathematical model of its memory behavior. The resulting imaging model is 

further validated using experimentally reconstructed motion patterns based on measured ZnO-based synaptic-pixel responses. We then eval-
uate both sensors in a trajectory prediction task across different noise levels and numbers of input frames supplied to an artificial neural 

network. Our results show that, within this experimentally grounded numerical benchmark, photonic memory provides a clear advantage in 

the single-frame regime, where the conventional sensor can rely only on spatial priors rather than explicit temporal information. However, as 

the number of input frames increases, this advantage diminishes and is eventually lost. A conventional image sensor then achieves superior 

multi-frame performance. These findings suggest that photonic memory alone is insufficient for optimal multi-frame trajectory prediction 

and must be complemented by additional biologically inspired mechanisms, such as synaptic-like depression implemented at the level of 

device physics and sensor architecture. More broadly, our work outlines design directions for optoelectronic vision hardware that exploit a 

richer and more versatile space of device-level temporal responses.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license 

(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0335025

I. INTRODUCTION

Artificial vision technologies have achieved significant break-
throughs and become essential components of a wide range 

of intelligent systems, from autonomous vehicles 

1 to advanced 

robotics. 

2 Unlike biological vision, which incorporates substantial 

pre-processing of visual information, 

3 most conventional artificial
vision systems are based on the von Neumann architecture. 

4,5 A
schematic diagram in Fig. 1(a) illustrates the architecture of a con-
ventional vision system, where optical signals are first captured by 

a sensor and subsequently converted into electrical signals. These 

signals are then transmitted to a separate processing unit, where 

both pre- and post-processing are performed. However, due to 

the physical decoupling of sensing, memory, and computation, the

system requires continuous data shuttling between the process-
ing unit and the memory module. This inefficient data transfer 

introduces a fundamental limitation known as the von Neumann 

bottleneck, 

6,7 which restricts processing speed and leads to latency 

and bandwidth limitations, particularly in high-speed machine 

vision applications. 

8

Neuromorphic computing, unlike conventional von Neu-
mann architectures, is designed to emulate biological informa-
tion processing, enabling more energy-efficient computation. 

9 This 

paradigm is particularly promising for applications in healthcare 

and robotics, 

10–12 where low-latency and low-power processing 

are critical. By co-locating sensing, memory, and computation, 

neuromorphic systems help overcome the architectural limita-
tions of von Neumann-based hardware, 

4 while better matching
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FIG. 1. Schematic representations of artificial vision systems: (a) a conventional image-sensing architecture, in which optical input is registered by the sensor and transferred 

as raw electrical signals to a separate processing unit; (b) a photonic-memory sensing architecture, in which registration and sensor-level pre-processing occur within the 

memory-enabled sensor before the signal is transferred to the processing unit.

the scalability and adaptivity requirements of future intelligent 

systems. 

13

Biological neural computation relies on the interaction of neu-
rons, which communicate primarily through synapses acting as 

intercellular junctions for signal transmission. 

14 Recent advances 

in neuromorphic devices have led to the development of optoelec-
tronic structures 

15 that mimic synaptic properties by responding 

to electromagnetic radiation and altering their electrical charac-
teristics accordingly. 

16–24 Building on these structures, researchers 

have demonstrated optoelectronic synaptic devices that not only 

directly respond to optical stimuli but also provide temporary data 

storage, 

23 in-sensor pre-processing, 

25 and real-time processing of 

visual information. 

8 Recent studies have further demonstrated that 

illumination-history-dependent material dynamics can be used not 

only for sensing, but also for direct information processing. For 

example, light-responsive organic matter has been used for in-
material reservoir computing, where optically induced molecular 

dynamics provide adaptive material-level memory and process-
ing functionality. 

26 Similarly, InSe-based dynamic memristors have 

been demonstrated as optoelectronic reservoir-computing elements 

for temporal and spatial signal-recognition tasks. 

27 These works 

show that light-driven material and device dynamics can serve as 

computational resources for neuromorphic processing. Unlike these 

studies, the present work focuses on a complementary functionality: 

we use experimentally measured ZnO photonic-memory dynamics 

as a pixel-level sensor response and evaluate how such sensor-level 

temporal pre-processing affects trajectory prediction when cou-
pled to a CNN–LSTM pipeline. Figure 1(b) illustrates a schematic 

artificial vision system that employs this neuromorphic approach, 

in which optical signals are registered and pre-processed directly 

within the photonic-memory sensor before being transferred to the 

processing unit, thereby reducing the data-transfer bottleneck and 

improving overall system efficiency.
The memory properties of optoelectronic synaptic devices, 

including long-term retention and plasticity, have attracted signif-
icant scientific interest. 

28–32 Among these, non-volatile photonic 

memory is particularly notable, as it allows optically induced states
to persist even after the removal of external stimuli. 

28,33 In such
devices, the response to optical excitation can be sustained for 

timescales significantly longer than the duration of the incident 

radiation, which makes non-volatile photonic memory especially 

promising for neuromorphic computing and optical information 

storage.

In particular, such residual photoconductivity plays a key role 

in information retention. This phenomenon is especially beneficial 

for applications requiring efficient recognition of motion direction, 

as demonstrated in Ref. 34. The ability to maintain optically induced 

electrical states without continuous energy input makes non-volatile 

photonic memory a promising approach for sensory pre-processing. 

In the following discussion, we refer to this delayed and persistent 

response to optical exposure as photonic memory.
In this paper, we develop an experimentally grounded math-

ematical model of a ZnO-based photonic-memory sensor and 

present a comparative analysis with a conventional image sen-
sor within a numerical trajectory-prediction framework. Conven-
tional image sensors based on semiconductor technology are mainly 

classified into charge-coupled devices (CCD) and complementary 

metal–oxide–semiconductor (CMOS) active pixel sensors. 

8 These 

sensors operate as two-dimensional (2D) arrays that capture infor-
mation from the external environment as digital images, relying on 

a memory unit for data storage and a processing unit that executes 

computer vision algorithms for tasks such as object recognition and 

tracking. Their operation is governed by externally controlled tim-
ing and digital signals, acquiring visual data as a sequence of discrete 

“snapshot” frames. This temporal quantization of visual informa-
tion, dictated by a predefined frame rate, does not correspond to 

the continuous dynamics of real-world motion. Each recorded frame 

conveys pixel information uniformly, regardless of whether any 

changes have occurred since the previous frame was captured. 

35

In contrast, the photonic-memory sensor considered in this 

work differs from a conventional image sensor only in its 2D pixel 

array, which is composed of optoelectronic synaptic devices. This 

modification is incorporated into the mathematical model to cap-
ture photonic-memory effects, whereby optically induced states are 

retained beyond the period of external optical stimulation. Unlike 

conventional sensors, which rely solely on instantaneous signal 

acquisition, the presence of photonic memory enables temporally 

extended retention and in-sensor processing of visual input, facil-
itating a biologically inspired sensing paradigm that better reflects 

the continuous nature of real-world dynamics.
To evaluate the impact of this architectural difference, we

formulated a trajectory prediction task 

36,37 in which an artificial
neural network (ANN) was trained to predict the coordinates of 

a moving circular object three steps into the future. Using experi-
mental measurements, we constructed a mathematical model of the 

non-volatile memory behavior of the photonic-memory sensor and
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used it to generate synthetic sensor data. To test the experimen-
tal transferability of this numerical imaging model, we additionally 

validated it using experimentally reconstructed motion patterns 

based on measured ZnO-based synaptic-pixel responses. We then 

compared the photonic-memory sensor with a conventional image 

sensor within the same prediction framework by varying both the 

noise level and the number of input frames supplied to the ANN. 

To ensure that prediction performance was governed primarily by 

object motion, we considered a deliberately simplified visual scene 

consisting of a single moving object on a uniform background. 

For a fair comparison, the model was trained and evaluated sepa-
rately on sensor data generated by the conventional image sensor 

and the photonic-memory sensor. For a comprehensive compari-
son, we constructed multiple datasets in which key parameters, such 

as the number of input frames and the noise level, were systemat-
ically varied. The noise level was controlled by applying Gaussian 

noise to the dataset images, simulating real-world sensor noise con-
ditions. Each dataset consisted of frame sequences capturing object 

motion, with spatiotemporal features extracted based on the oper-
ational characteristics of each sensor type. To process these data, 

we optimized two separate models, each combining convolutional 

neural networks (CNNs) for feature extraction with long short-term 

memory (LSTM) networks for sequential data processing. Although 

the visual scene was deliberately kept simple, the prediction pipeline 

follows modern deep-learning-based trajectory prediction methods 

that are widely employed in real-world applications. Model per-
formance was assessed on corresponding test datasets, using Root
Mean Square Error (RMSE) 

38 as the primary evaluation metric.
Taken together, our findings lead to two key conclusions within this 

experimentally grounded numerical framework. First, the photonic-
memory sensor enables reliable trajectory prediction from a single 

input frame, providing a clear advantage over the conventional sen-
sor in this regime. Second, as the number of input frames increases, 

this advantage is not only lost but eventually reversed: the conven-
tional image sensor ultimately achieves higher accuracy and more 

robust predictive performance. These results indicate that photonic 

memory alone is insufficient for optimal multi-frame trajectory pre-
diction and must be complemented by additional device-level and 

architectural mechanisms.

II. MATERIALS AND METHODS
A. Optoelectronic artificial synapses

Optoelectronic artificial synapses are designed to replicate key 

properties of biological synapses, such as synaptic plasticity 

39 and 

signal-processing capabilities. By mimicking these functions, they 

play a crucial role in neuromorphic computing systems, which aim 

to process information in a brain-like manner. Among the various 

materials used for their fabrication, nanocrystalline metal oxides 

have attracted significant attention because of their stability, scala-
bility, and responsiveness to external stimuli. 

4,40–43 These materials
have also been successfully integrated into neuromorphic sensory 

systems, in which each pixel of an optoelectronic sensor operates 

as an artificial synapse, enabling direct optical signal processing in a 

biologically inspired fashion. 

18,44–46 The properties of optoelectronic 

artificial synapses based on ZnO are governed by oxygen adsorp-
tion and desorption processes, as well as charge-carrier recombina-
tion and trapping, which regulate the conductivity dynamics under

varying illumination conditions. These mechanisms enable ZnO-
based structures to function as artificial synapses, exhibiting prop-
erties such as spike-like responses and the retention of information 

about previous stimuli. A detailed description of these physical pro-
cesses and their role in synaptic behavior is provided in Ref. 47. Pre-
vious studies have shown that optoelectronic artificial synapses can 

be engineered to operate over a broad spectral range. 

11,48 Although 

these systems often exhibit comparable ratios between conductance 

decay time and illumination duration, the absolute temporal scales 

can differ by several orders of magnitude. 

48 This diversity in spectral 

sensitivity and temporal response provides additional flexibility for 

tailoring synaptic behavior to the specific requirements of different 

neuromorphic vision and optoelectronic information-processing 

applications.

B. Photonic memory sensor model based 

on experimental data
Based on these experimental data, we developed a numeri-

cal model of the artificial synapse conductance that reproduces its 

time evolution for variable illumination durations and temporal illu-
mination protocols within the calibrated experimental condition. 

The connection between the experimentally measured single synap-
tic device and the numerical photonic-memory sensor model is 

schematically shown in Fig. 2. First, the conductance dynamics of 

a single ZnO-based optoelectronic synaptic device were experimen-
tally characterized under controlled optical illumination and electri-
cal readout conditions [Fig. 2(a)]. The measured potentiation and 

relaxation dynamics of this single structure were then used as the 

pixel-level response function in the numerical sensor model. In this 

model, each pixel of the photonic-memory sensor corresponds to 

an individual ZnO-based optoelectronic synaptic device [Fig. 2(b)]. 

Thus, the two-dimensional sensor array was constructed by assign-
ing the experimentally measured illumination-history-dependent 

conductance dynamics to every pixel.
For all measurements, we used a previously established exper-

imental setup 

47 [Fig. 2(a)]. A ZnO-based optoelectronic artificial 

synapse was fabricated on an Al 2 
O 3 

substrate with patterned plat-
inum electrodes forming the active channel between the contacts. 

The device was connected in series with a constant reference resis-
tor, and a constant bias voltage was applied across the series circuit. 

The voltage drop across the reference resistor was monitored by an 

analog-to-digital converter (ADC) interfaced with a personal com-
puter. The current through the ZnO channel was then obtained 

from Ohm’s law, and the channel conductance was calculated from 

the known device geometry, including electrode spacing and active 

area. In the key experiment, the ZnO structure was continuously 

illuminated with a 405 nm LED until its conductance reached sat-
uration, after which the illumination was switched off and the 

subsequent dark-phase relaxation was recorded. The LED was posi-
tioned normal to the sample surface, and both the LED-sample 

distance and the driving current were kept constant to ensure uni-
form and reproducible illumination of the active region. During 

both the potentiation (under illumination) and decay (in darkness) 

phases, the conductance was recorded at a sampling frequency of 

1 Hz, which was sufficient to resolve the relatively fast increase in 

conductance (on the order of 350 s) as well as the much slower relax-
ation (on the order of 14 000 s). As a result, two experimental curves
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FIG. 2. Schematic representation of the experimental single-device characterization and its connection to the numerical photonic-memory sensor model. (a) Single ZnO-
based optoelectronic synaptic device used for experimental conductance characterization. The device consists of a ZnO active channel on an Al 2 

O 3 

substrate contacted 

by Pt electrodes. The active channel is illuminated by 405 nm light, while the conductance is electrically read out using a constant bias voltage and a reference resistor. 

(b) Numerical photonic-memory sensor model represented as a two-dimensional array of ZnO-based synaptic pixels. Each pixel corresponds to an individual optoelectronic 

synaptic device whose conductance follows the experimentally measured potentiation and relaxation dynamics.

were obtained, representing the evolution of the structure conduc-
tance during potentiation and decay. The measured conductance 

values were subsequently normalized to a scale from 0 to 255, corre-
sponding to the full range of pixel brightness in an 8-bit image. This 

normalization allows the synaptic conductance to be directly inter-
preted as grayscale levels in neuromorphic image-processing tasks 

while preserving the relative dynamics of the potentiation and decay 

processes. During numerical image generation, the normalized pixel 

intensity was additionally clipped to the 8-bit image range,

I(t) = min [255, max (0, σ(t))],

where σ(t) is the normalized conductance response obtained from 

the fitted potentiation or relaxation function. Therefore, the poly-
nomial potentiation approximation was not used as an unbounded 

long-time conductivity law; it served as an empirical interpolation of 

the measured potentiation dynamics before conversion to a bounded 

image intensity.
The potentiation and decay curves (Figs. 3 and 4) were approx-

imated using simple analytical functions, chosen in line with pre-
viously reported phenomenological models of optoelectronic and
photoresponsive structures 

49–51 and optimized to reproduce the
measured conductivity dynamics over the experimental time win-
dow. The potentiation process was described by the following 

third-degree polynomial function: 

49

σ pot(t) = A pot 
+ B pot 

t + C pot 
t2
+D pot 

t3, (1)

where A pot 
, B pot 

, C pot 
, and D pot 

are adjustable parameters, and t is the
time. The cubic polynomial was selected empirically because it pro-
vided the most accurate and numerically stable fit to the measured 

potentiation curve within the experimental time window. A satu-
rating exponential function was also tested and is physically more 

appropriate for describing long-time saturation. However, within 

the calibrated interval considered here, the polynomial approxima-
tion reproduced the experimental data more accurately and was

FIG. 3. Potentiation of normalized conductivity as a function of time and its 

analytical approximation.

therefore retained. Since the simulated pixel intensity was clipped to 

the 8-bit range, the polynomial was used only as a bounded empiri-
cal interpolation of the measured response, not as an unconstrained 

long-time conductivity model.
The decay behavior of photoresponsive structures with similar 

dynamic characteristics is commonly modeled phenomenologically 

using a sum of exponential functions to account for several relax-
ation channels with different characteristic time scales. 

50,51 Follow-
ing this approach, we initially used a double-exponential function of 

the form

σrel(t) = Arel,1 exp(−
t

τ1
) + Arel,2 exp(−

t
τ2
), (2)

where A rel,1 

and A rel,2 are the amplitudes of the corresponding relax-
ation components, and τ 1 

and τ 2 
are their effective decay constants. 

In general, such a representation can capture contributions from 

multiple relaxation processes operating on different time scales.
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FIG. 4. Decay of normalized conductivity as a function of time and its analytical 

approximation.

For our ZnO-based structure, however, the fitting procedure 

yielded nearly identical values of τ 1 
and τ 2 

, indicating that the 

experimental decay can be accurately described by a single char-
acteristic time scale. As a result, Eq. (2) effectively reduces to a 

single-exponential dependence,

σrel(t) = Arel exp(−
t

τrel
), (3)

where A rel is the amplitude of the photoinduced excess conduc-
tivity at the beginning of the dark phase, and τ rel is the effective
relaxation time. In this phenomenological description, τ rel 

summa-
rizes the dominant recombination and de-trapping processes in the 

ZnO structure without attempting to resolve individual microscopic 

channels.
Table I presents the values of the adjustable parameters for the 

potentiation and decay processes, respectively.
We emphasize that both the polynomial potentiation model 

and the exponential decay model are phenomenological. They are 

not intended to reproduce the full physics of charge transport and 

trapping in ZnO, but rather to provide a compact and numerically 

efficient description of the experimentally observed conductivity 

dynamics. The fitting parameters reported here are specific to the 

calibrated illumination condition used in the experiment. The same 

modeling framework can be applied to other wavelengths or opti-
cal power densities, but the potentiation and relaxation parameters 

must then be recalibrated from the corresponding experimental

TABLE I. Fitting coefficients for the potentiation and decay functions.

Process Parameter Value

Potentiation

A pot −4.91 

B pot 1.62 

C pot −3.47 × 10 

−3

D pot 2.72 × 10−6

Decay A rel 272.79 

τ rel 2.96 × 10 

3

conductance curves. This level of description is sufficient for our 

purpose, namely, to construct a numerical artificial synapse model 

that reproduces the device conductivity response for variable illu-
mination durations and temporal illumination protocols within the 

calibrated regime.

C. Experimental validation of the numerical 

photonic-memory model
To test whether the numerical photonic-memory imaging 

model produces experimentally transferable motion-encoding pat-
terns, we performed an additional validation experiment based on 

experimentally reconstructed 5 × 5 response patterns. This valida-
tion was not intended to reproduce the full trajectory-prediction 

benchmark or to demonstrate a fully integrated camera-like sensor 

array. Such a demonstration would require a larger homogeneous 

ZnO sensor array with a sufficient number of independently char-
acterized pixels. Instead, the experiment was designed to verify 

whether the motion-encoding mechanism predicted by the numer-
ical model can also be reproduced from experimentally measured 

ZnO-based synaptic-pixel responses.
The ZnO-based optoelectronic synaptic pixels were character-

ized using the same conductance-readout principle as described in 

Sec. II B. The experimentally measured conductance was used as the 

physical observable and was subsequently converted into grayscale 

intensity values, consistent with the normalization procedure used 

in the numerical sensor model.
First, we generated a synthetic dataset corresponding to the 

motion of a point-like object across a photonic-memory sensor. The 

dataset was produced using the potentiation and relaxation dynam-
ics introduced in Sec. II B. A two-layer multilayer perceptron (MLP) 

was trained on these model-generated grayscale patterns to recog-
nize the direction of motion. The validation task was formulated as 

a four-class classification problem, corresponding to upward, down-
ward, leftward, and rightward motion. The output layer contained 

four neurons, one for each direction.
Experimental point-like motion was then reconstructed by 

assigning a temporal illumination history to each pixel of a 5 × 5 

grid. For a given direction of motion, each selected pixel was kept 

in darkness before the point-like object reached its position, illu-
minated for a fixed time while the object occupied that position, 

and then left in darkness to relax after the object moved away. In 

this way, the illumination history assigned to the pixels reproduced 

the stepwise motion of a point-like object across the reconstructed 

grid. Three illumination times per pixel were tested: 50, 120, and 

150 s. These temporal regimes emulate different effective velocities 

of point-like motion. The resulting conductance values were con-
verted into grayscale intensity values to form experimentally recon-
structed motion-encoding patterns. A representative reconstructed 

ZnO-based response pattern is shown in Fig. 5.
The trained MLP was then evaluated on reconstructed ZnO-

based motion-encoding patterns. The network was trained only on 

synthetic data generated by the numerical model; no reconstructed 

experimental patterns were used during training. The validation set 

included 12 patterns: four motion directions and three illumination 

times. All 12 patterns were classified correctly, indicating that the 

numerical model captures the main direction-dependent features 

reproduced by the measured ZnO-based synaptic-pixel dynamics.
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FIG. 5. Representative experimentally reconstructed grayscale response pattern 

based on ZnO-based optoelectronic synaptic-pixel dynamics under a temporal illu-
mination protocol emulating point-like motion to the right. The grid lines indicate the 

reconstructed 5 × 5 pixel positions.

This validation confirms the motion-encoding mechanism 

used in the numerical photonic-memory imaging model, but 

does not constitute full experimental validation of the trajectory-
prediction benchmark or a demonstration of a fully integrated sen-
sor array. Therefore, the trajectory-prediction results below should 

be interpreted as proof-of-principle numerical results grounded in 

experimentally measured ZnO photonic-memory dynamics.

D. Trajectory prediction datasets
To compare the performance of conventional image sensors 

and photonic-memory sensors in the trajectory prediction task, 

it is first necessary to simulate how each sensor responds to 

object motion. These simulated data then serve as input for train-
ing and evaluating trajectory prediction models for both sensor 

types.
To this end, we simulated the motion of an object across a dark, 

spatially uniform background. The object moved at a constant speed 

and changed direction after traveling a random distance between 5 

and 40 pixels.
Each segment of motion followed a linear trajectory defined by 

the equation,

y = kx + b, (4)

where k is the trajectory slope and b is the initial offset. New values 

for k and b were selected from a predefined set (Table II) each time 

the direction changed.
Each generated frame was a 600 × 600 binary image with the 

object represented as a white circle. The object moved in discrete 

steps of one pixel, and each frame filename encoded the coordinates 

of the object’s center in the next time step. The object was assumed 

to be positioned directly in front of the sensor matrix, illuminating 

only the pixels it covered. The visual scene intentionally contained 

no background texture or additional objects, so that trajectory pre-
diction performance would be determined primarily by the motion 

of the target. This deliberately simplified setup allowed us to isolate

TABLE II. Parameters for linear trajectories. Predefined values of slope k and offset 

b used in the trajectory generation algorithm.

Trajectory slope k Initial offset b

1.0 0.0
2.0 1.0
−1.0 0.0
0.5 −2.0
3.0 5.0

the contribution of the photonic memory effect from confounding 

factors related to scene complexity.
The piecewise-linear trajectory generator was chosen as a con-

trolled intermediate setting. The trajectories are not fixed deter-
ministic straight lines, since the direction changes after randomly 

selected travel distances. At the same time, the short-horizon pre-
diction problem remains well posed, which is important for isolating 

the effect of the sensor temporal response. More complex curvilinear 

trajectories can introduce additional confounding factors: deter-
ministic curves may allow the network to rely on trajectory-family 

priors, whereas randomly varying curvature can make future motion 

weakly constrained by the available input frames. For this reason, the 

present benchmark focuses on controlled stochastic piecewise-linear 

motion.
The response of both sensor types was then modeled. 

The conventional sensor captured a sequence of discrete frames 

with no memory effect. In contrast, the photonic-memory sen-
sor implemented a different mechanism. Each pixel exhibited a 

time-dependent response to incident illumination, governed by 

potentiation and relaxation functions.
As shown in Fig. 6, when the object was positioned directly in 

front of a concrete pixel, it was illuminated according to the poten-
tiation function described by (1). Once the object moved away, the 

pixel underwent a decay process, following the behavior defined in 

(3). The photonic-memory sensor generated a smooth, continuous 

response to changes in object position rather than discrete mea-
surements. This continuous output allows the sensor to encode the 

temporal context of object motion, unlike conventional sensors that 

rely on discrete frames. As illustrated in Fig. 7, the sensor’s response 

retains information about the object’s previous positions, thereby 

preserving motion history within the sensor output. This capability 

demonstrates the potential of photonic memory to bridge the gap 

between artificial sensing and biological perception.
To simulate realistic conditions in which sensor data are 

acquired at discrete time intervals, we introduced a temporal dis-
cretization. For both sensor types, we selected every nth frame from 

the full response sequence, where n denotes the discretization factor 

(i.e., only one out of every n consecutive frames is retained).
As a result, two datasets were formed:

● Frame-Based Dataset—consists of discrete image frames 

representing conventional sensor output.
● Memory-Based Dataset—contains temporally smoothed 

responses of the photonic-memory sensor.

We also investigated the impact of measurement noise on pre-
diction performance. To this end, we added Gaussian noise to the
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FIG. 6. Schematic illustration of the photonic-memory response of a single ZnO-based optoelectronic synaptic pixel during the initial dark state, illumination-induced 

potentiation, and post-illumination relaxation.

preformed datasets, using two configurations of mean and variance: 

either (80, 20) or (50, 10), respectively. In all cases, the underlying 

visual scene remained deliberately simple and texture-free, ensuring 

that the observed differences in prediction accuracy primarily reflect 

the presence or absence of photonic memory rather than variations 

in background structure.

E. Trajectory prediction model
The conventional sensor and the photonic-memory sensor dif-

fer only in the structure of the 2D image sensor array, while their 

processing and memory components remain identical. To ensure 

a fair comparison, we used two ANN models—corresponding 

to the conventional sensor and the photonic-memory sensor, 

respectively—with identical architecture. For each model, we 

selected an optimal set of hyperparameters based on performance 

on its respective dataset: a frame-based dataset for the conventional 

sensor and a memory-based dataset for the photonic-memory sen-
sor. Once optimized, we evaluated both models on their respective 

test sets and compared their prediction accuracy metrics to assess 

how differences in sensor data influenced trajectory prediction 

performance.
Predictions were evaluated using various numbers of input 

frames, ranging from one to six. The model’s objective was to predict 

the object’s trajectory for the next three coordinates on the basis of 

the preceding frames.
To assess prediction accuracy, we used the RMSE metric, 

which quantifies the root of the mean squared Euclidean distance

between predicted and ground-truth positions across all predicted 

frames,

RMSE =

¿
Á
ÁÀ 1

n

n

∑
i=1
[(ŷ i − yi)

2
], (5)

where ˆ yi 
are the predicted coordinates, and y i 

are the ground-truth 

coordinates.
The model follows an end-to-end approach, where both feature 

extraction and coordinate prediction are performed within a sin-
gle framework. The input data belong to the space Z n 

= (R 

H×W 

) 

n,
where n denotes the number of consecutive input frames that 

contain a moving circle. Each input sequence is represented as 

z = (z 1, z 2, . . . , z n) ∈ Z n, where each frame z t 
∈ R 

H×W represents a 

single frame as a pixel matrix of size H × W, as shown in Fig. 7. 

The model predicts the coordinates of the circle in the future 

frames, which belong to the two-dimensional Euclidean space R 

2. It
functions as an operator A : Z n 

→ R 

6, generalizing to different input
sequence lengths.

To realize this operator, we implemented a neural network 

that processes the input sequence in three stages. First, each frame 

is passed through two convolutional layers to extract informative 

spatial features; this approach leverages the proven efficiency of 

convolutional neural networks in image feature extraction. 

52 The 

resulting per-frame features are then input sequentially into a recur-
rent neural network module. They are widely used for modeling 

sequential data, as they can extract features and capture long-term
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FIG. 7. Images generated from numeri-
cal experiments illustrating the response 

of the photonic-memory sensor at differ-
ent temporal parameters (object move-
ment speeds). “sec.” refers to seconds.

dependencies in time series. However, their ability to learn from 

extended sequences is often hindered by the vanishing gradient 

problem, which affects the stability and efficiency of training. 

53 To 

address this limitation, we adopted an LSTM network, which enables 

long-range dependency modeling and improved training stability. 

54 

The output of the LSTM is finally mapped by a linear layer to yield 

the predicted coordinates for future frames. Unlike sequence-to-
sequence approaches that use both an LSTM encoder and decoder, 

55 

our model predicts a fixed-size vector of future positions, so only a 

single LSTM encoding layer is required.
The model was trained using the mean squared error loss func-

tion, which quantifies the average squared difference between the 

predicted and ground-truth coordinates,

MSE =
1
n

n

∑
i=1
(ŷ i − yi)

2, (6)

where ˆ yi 
are the predicted coordinates, and y i 

are the ground-truth 

coordinates.
To ensure optimal performance, key hyperparameters— 

including learning rate, batch size, number of convolutional fil-
ters, convolutional kernel size, stride, padding, LSTM layer count, 

LSTM hidden-state dimensionality, and dropout—were optimized 

via Bayesian optimization. The following search ranges were used: 

batch size B ∈ {8, 16, 32, 64}, number of output channels in the
first and second convolutional layers N f 1 

∈ [2, 16] and N f 2 ∈ [2, 32],
convolutional kernel size K ∈ {3, 5, 7}, stride S ∈ {1, 2}, padding P ∈ 

{0, 1, 2, 3}, LSTM hidden-state dimensionality H ∈ [32, 256], num-
ber of LSTM layers L ∈ [1, 4], dropout D ∈ [0, 0.5], and learning rate
η ∈ [10 

−5 , 10−2 

]. For each trial, the model was trained on the train-
ing set and evaluated on the validation set. The neural network was 

trained using the AdamW optimizer and the MSE loss function,

while the validation objective for hyperparameter optimization was 

the absolute trajectory error (ATE), defined as the mean Euclidean 

distance between the predicted and ground-truth trajectories,

ATE =
1
N

N

∑
i=1
∥ppred

i − pgt
i ∥2

, (7)

where p 

pred
i and p 

gt
i are the predicted and ground-truth object posi-

tions at the ith predicted time step, respectively, and N is the number 

of predicted time steps.
We systematically evaluated the predictive performance of two 

independently trained models: one using data from the conventional 

sensor, and the other using data from the photonic-memory sen-
sor. The experimental design included all possible combinations of 

two discretization levels (n = 5 and n = 20), two noise configurations 

(50, 10) and (80, 20), and the noise-free scenario. For the photonic-
memory sensor, we further considered three different object-motion 

regimes (15, 60, and 400 s/pixel), corresponding to the illumination 

time per pixel before the object shifted to the next pixel. In contrast, 

for the conventional sensor, this parameter was not varied because 

the conventional memoryless sensor produces instantaneous image 

snapshots and has no conductance state that accumulates or relaxes 

during illumination. For each unique scenario, we trained and tested 

models on data from each sensor type separately, independently 

varying the number of input frames provided to the model from one 

to six.
It should be noted that, in the photonic-memory simulations, 

the varied object-motion regime determines the illumination time 

per pixel and therefore controls the strength and spatial extent of 

the residual memory trace. This parameter affects the generated 

photonic-memory images because it changes how much residual
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conductance remains from previous object positions. In contrast, the 

conventional sensor is modeled as a memoryless image sensor: each 

frame represents an instantaneous snapshot of the object position, 

and changing the illumination time per pixel does not introduce 

an additional device-level state. Therefore, this parameter affects 

the generated photonic-memory images, but not the conventional 

images.
The LSTM implementation was identical for all sensor types 

and illumination-time regimes. For a given number of input frames, 

the model received a sequence of n images, with n = 1, . . . , 6. Each 

frame was first processed by the convolutional feature-extraction 

block, and the resulting sequence of feature vectors was then sup-
plied to the LSTM. Thus, the LSTM sequence length was deter-
mined only by the number of input frames, while the illumination 

time per pixel affected only the intensity distribution within the 

photonic-memory frames.
For every combination of scenario, sensor type, and input 

frame count, we performed separate hyperparameter optimization 

using the same model class, training procedure, validation objective, 

and optimization budget of 100 Bayesian-optimization iterations. 

This protocol was chosen to compare the best attainable trajectory-
prediction performance of each sensor representation under a con-
trolled applied-ML setting, rather than to compare under-optimized 

neural networks. In total, this comprehensive experimental design 

encompassed 144 unique conditions.

III. RESULTS
A. Trajectory prediction performance

To compare the performance of the two sensor types, we com-
puted, for each number of input frames, the difference in RMSE 

between the corresponding models under every experimental sce-
nario. The results are summarized in Fig. 8(b), which shows, for 

each frame count, the percentage of cases in which the model 

trained and tested on data from the sensor with photonic memory 

achieved a lower RMSE than the model based on the conventional 

sensor.
Even when only a single frame from the conventional sensor is 

available, the model achieves non-trivial trajectory prediction accu-
racy. This is a consequence of the highly constrained nature of the 

synthetic scene: a single circular object moves according to sim-
ple, smooth motion rules within a finite field of view. Under these 

conditions, the instantaneous position of the object already carries 

statistical information about its likely past and future motion. For 

example, proximity to a boundary or corner restricts the admissi-
ble directions and magnitudes of subsequent displacements. During 

training, the network learns these regularities and effectively approx-
imates the conditional expectation of future positions given the 

current spatial configuration, which enables approximate trajectory 

prediction from spatial cues alone, even in the absence of explicit 

temporal information.
As illustrated in Fig. 8(b), the sensor with photonic memory 

exhibits a pronounced advantage when only a single frame is avail-
able: in more than 85% of experimental configurations, it yields a 

lower prediction error than the conventional sensor. This substantial 

margin highlights the value of the memory effect, which allows the 

sensor to exploit residual information from prior exposures, thereby 

compensating for the lack of explicit temporal context.

FIG. 8. (a) RMSE as a function of the number of input frames. Each point corre-
sponds to a unique combination of discretization level (n = 5 or 20), noise level 

(50, 10; 80, 20; or noise-free), and, for the photonic-memory sensor, object speed 

(15, 60, or 400 steps/pixel). Red markers indicate the conventional sensor (speed 

fixed), while blue markers represent the sensor with photonic memory. (b) Percent-
age of cases in which the sensor with photonic memory achieves a lower RMSE 

than the conventional sensor, as a function of the number of input frames.

As the number of input frames increases, however, this advan-
tage is substantially reduced. While the sensor with photonic mem-
ory is clearly superior in the single-frame case, its success rate 

decreases for larger numbers of frames and falls below 50%. In other 

words, once temporal information is explicitly provided through a 

sequence of frames, the conventional sensor performs comparably 

or even better, and photonic memory no longer offers a systematic 

benefit for trajectory prediction.
The pronounced drop at two input frames in Fig. 8(b) reflects 

a specific property of our trajectory-prediction task rather than 

statistical noise. For the conventional sensor, two frames already
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provide two clean positions, which almost uniquely determine 

the local velocity vector and thus enable a nearly optimal short-
horizon extrapolation. In contrast, for the photonic-memory sen-
sor, this is the most unfavorable configuration: when the object 

changes direction between the two frames, the temporal integra-
tion in the photonic synapse merges the pre- and post-turn seg-
ments into a single blurred trace that is poorly matched by a 

simple linear motion model. At longer sequence lengths, additional 

frames partially resolve this ambiguity and the relative perfor-
mance of the photonic-memory sensor recovers. Therefore, the 

non-monotonic behavior at two frames is consistent with the 

interplay between the engineered temporal kernel of the pho-
tonic sensor and the piecewise-linear structure of the trajecto-
ries, and does not contradict the overall conclusion that pho-
tonic memory provides a clear benefit only in the single-frame 

regime.

IV. DISCUSSION
From a sensing perspective, the photonic-memory sensor effec-

tively shifts part of the motion-encoding process from the digital 

domain to the optical front end: residual charges from preceding 

exposures encode a short history of motion directly in the spatial 

intensity pattern. When coupled with a sufficiently expressive neu-
ral model, this representation allows trajectory-relevant temporal 

information to be extracted from a single spatial frame, rather than 

solely from explicit frame-to-frame differences. Such a mechanism 

is particularly attractive in regimes where frame rate or bandwidth 

are severely constrained, or where latency requirements limit the 

number of frames that can be acquired before a decision must be 

made.
At the same time, our results indicate that for trajectory predic-

tion from multi-frame image sequences, simple photonic memory 

alone is not sufficient to systematically outperform a conventional 

sensor. Once several clean, temporally separated frames are avail-
able, the benefits of optical integration diminish, and the superposi-
tion of trajectories can even hinder inference. This suggests that, for 

motion-related tasks, neuromorphic optoelectronic sensors should 

combine photonic memory with additional biologically inspired 

properties—most notably synaptic-like depression and related adap-
tive mechanisms—so that the effective temporal response can be 

tuned to the task. In this sense, our study points toward the devel-
opment of device architectures with a richer and more flexible set 

of dynamical properties, accompanied by more diverse and realistic 

motion datasets, as a promising direction for advancing neuromor-
phic vision sensors beyond the capabilities of conventional passive 

imagers.
Several limitations of the present study should be noted. First, 

the trajectory-prediction benchmark was evaluated in a numeri-
cal imaging framework rather than on a fully integrated large-scale 

sensor array. This choice reflects the main objective of the work: 

to isolate and quantify how photonic memory, as a device-level 

temporal response, affects trajectory prediction under controlled 

conditions. The numerical model is grounded in experimentally 

measured ZnO photonic-memory dynamics and is supported by 

an additional validation of the underlying motion-encoding mech-
anism using experimentally reconstructed ZnO-based response pat-
terns. However, this validation should not be interpreted as a full

experimental demonstration of the complete trajectory-prediction 

pipeline.
Second, the absolute timescale of the ZnO photonic-memory 

response should be interpreted in relation to the purpose of the 

study. The present work does not aim to demonstrate a ready-to-use 

high-speed vision device. Rather, it uses experimentally measured 

ZnO dynamics as a calibrated memory kernel to evaluate how 

sensor-level temporal integration can influence trajectory predic-
tion. Faster optoelectronic synaptic responses have been reported 

in other material and device platforms, 

56 suggesting that the same 

modeling principle could be implemented at shorter timescales. 

In such implementations, the functional role of photonic mem-
ory would remain the same, while the absolute temporal scale 

of the potentiation and relaxation dynamics would be matched 

to the characteristic timescale of image acquisition and object 

motion.
Third, the benchmark intentionally uses a simplified motion-

prediction setting. A single moving object on a uniform background 

was chosen to isolate the contribution of photonic memory without 

additional confounding factors from complex scenes. More realis-
tic scenarios, such as textured backgrounds, occlusions, multi-object 

motion, or strongly nonlinear trajectories, may require additional 

sensor-level mechanisms and more specialized prediction pipelines. 

Extending the analysis to such regimes remains an important 

direction for future work.

V. CONCLUSIONS
In this work, we compared trajectory-prediction performance 

using image sequences from a conventional sensor and from a ZnO-
based photonic-memory sensor in an experimentally grounded 

numerical framework. Across a broad set of conditions (noise lev-
els, discretization parameters, and object speeds), we found that 

photonic memory provides a clear advantage in the single-frame 

regime: when only one frame is available, the photonic-memory 

sensor systematically yields lower prediction error than the con-
ventional sensor in the majority of tested configurations (exceeding 

85%).
However, this advantage does not extend to multi-frame inputs. 

When two or more frames are provided, the photonic-memory 

sensor is outperformed by the conventional sensor in most tested 

configurations, indicating that explicit temporal sampling of clean, 

non-overlapping frames is more beneficial for sequence-based tra-
jectory prediction than optical integration of motion traces. Taken 

together, these results show that, in the context of the numer-
ical trajectory-prediction task considered here, photonic mem-
ory mainly benefits single-frame inference, whereas in the multi-
frame regime conventional sensing with explicit temporal sampling 

generally provides superior performance.

SUPPLEMENTARY MATERIAL

The supplementary material contains a speed-resolved paired 

RMSE analysis comparing the photonic-memory sensor with the 

conventional image sensor at different illumination times and 

numbers of input frames.
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