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Abstract

The relevance of this research stems from the limitations in bandwidth and energy efficiency inherent in
traditional electronic systems for industrial computer vision. This work substantiates the use of spiking emission
dynamics in semiconductor quantum dots (InAs/GaAs) as a physical foundation for an optical neuromorphic
system. We experimentally observed a transition of photoluminescence into a pulsed generation mode upon
exceeding a threshold pump density (P_th=1.12 kW/cm?) The duration of an optical spike was determined to
be 135+12 ns, with an inter-spike interval jitter not exceeding 12 ps within a temperature range of 293-313 K.
kinetic model was developed, linking Auger recombination parameters to the neuron's excitability threshold. The
system was demonstrated to perform processing tasks on industrial test images—specifically defect detection
and classification-with an accuracy of 93,7-96,2 % and a latency of 280—410 mu s. The energy consumption
was 10,8—15,1 nJ/frame, which is 3—8 times lower than that of electronic neuromorphic platforms (such as
Intel Loihi) or GPU clusters. The proposed architecture enables matrix-vector multiplication within the optical
domain, eliminating the need for intermediate analog-to-digital conversion; this ensures high robustness against
electromagnetic interference and suitability for deployment in real-world industrial production environments.
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Introduction

Modern industrial computer vision systems are typically based on CMOS image sensors combined with digital
signal processors and convolutional neural networks (CNNs), which are implemented on GPUs or FPGAs [1-
6]. However, when applied to high-speed inspection tasks—such as those in microelectronics, metallurgy,
pharmaceuticals, or the food industry—these architectures encounter several fundamental limitations. These
include: restricted data transmission bandwidth resulting from sequential frame processing (the von Neumann
architecture); high power consumption, reaching tens of watts per recognition unit; the need for active cooling
due to heat generation; and reduced reliability in factory environments, stemming from susceptibility to
electromagnetic interference [7,8]. An alternative approach is offered by neuromorphic computing systems,
which emulate the operating principles of biological neural networks by employing asynchronous, pulse-based
(spiking) information processing. In the optical domain, such systems provide several distinct advantages:
wavelength-level parallel processing, signal propagation delays on the order of picoseconds, energy efficiency
of less than 1 pJ per operation, the absence of resistive losses, and the capability for direct integration with the
fiber-optic interfaces used in automated process control systems [9,10]. Nevertheless, a key obstacle to their
widespread industrial adoption remains the lack of physically realizable, scalable, and thermally stable optical
components capable of generating controllable spiking dynamics in regimes compatible with machine vision
applications.

Over the past five years, significant progress has been made in research on photonic analogs of spiking neurons
based on microresonators, photonic crystals, semiconductor optical amplifiers (SOAs), and vertical-cavity
surface-emitting lasers (VCSELSs) [11-14]. Experimental demonstrations have already successfully exhibited
regimes such as relaxation oscillations, bistability, and the generation of individual pulses under threshold
pumping. In parallel, semiconductor quantum dots (QDs) are being investigated as active media characterized
by a discrete energy spectrum, high photoluminescence quantum efficiency (>70%), and ultrafast carrier
dynamics (exciton lifetimes of 0.1-2 ns) [15,16]. Theoretical studies suggest the possibility of transitioning
from continuous luminescence to a spiking regime, contingent upon specific ratios between the pumping rate,
Auger recombination, and non-radiative decay channels [17,18].

Despite recent progress, existing solutions fail to address the broader systemic challenge: most research is
limited to individual devices and overlooks factors such as QD size dispersion, temperature-induced drift of
the lasing threshold, and jitter in inter-spike intervals. Furthermore, there is a lack of integration between the
underlying emission physics and the architecture of optical neural networks suitable for real-time industrial
image processing. There are no metrologically sound methodologies for mapping the spiking dynamics of QDs
onto computer vision metrics—such as latency, energy consumption per classification task, and robustness
against noise and vibrations.

The core problem, formally stated, is the absence of a physical-engineering correspondence between the
kinetics of discrete-level population in semiconductor QDs (under threshold pumping) and the parameters
of optical spiking neurons required for neuromorphic visual data processing in industrial environments.
Specifically, the following areas remain unexplored:

— conditions for the emergence of stable spiking generation in quantum dot (QD) ensembles, accounting for
phonon broadening and Auger channels;

— mechanisms for encoding spatiotemporal image features into inter-spike intervals;

— an optical interconnect architecture that ensures scalability and compensates for parameter drift without the
need for digital post-processing.

The objective of this work is to provide an experimental and theoretical foundation for using the spiking
emission dynamics of semiconductor quantum dots as the physical basis for an optical neuromorphic system
designed for industrial computer vision.
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To achieve this objective, the following tasks have been defined:

1. Identify the physical conditions under which the emission from QD heterostructures transitions into a
threshold-based spiking regime under pulsed and quasi-continuous optical pumping.

2. Develop a kinetic model of carrier dynamics that links pump parameters, recombination channels, and size
dispersion to neuromorphic characteristics (activation threshold, refractory period, jitter, and gain).

3. Design and implement an experimental setup for the spectral-temporal recording of QD-based spiking
photoluminescence, including a metrological assessment of measurement uncertainties.

4. Demonstrate the processing of industrial test images (such as surface defect detection and texture
segmentation) using optical spike encoding and matrix-vector multiplication within a waveguide medium.

5. Evaluate system-level performance metrics (frame processing latency, energy consumption per operation,
classification accuracy, and temperature stability) and conduct a comparative analysis against electronic
neuromorphic systems and convolutional neural network (CNN) solutions.

Scientific Novelty

1. A quantitative relationship has been established for the first time between the share of Auger recombination
in quantum dots (QDs) and the threshold pump density that triggers the transition to a spiking regime;
this has enabled the formalization of the dependence of the refractory period on temperature within the
290-340 K range.

2. An architecture for an optical neuromorphic system has been proposed, in which QD arrays integrated
with passive planar waveguides perform the functions of spiking neurons, while feature encoding is
implemented via wavelength-division multiplexing (WDM) without the need for an intermediate analog-
to-digital converter (ADC).

3. The feasibility of encoding local contrasts from industrial images into the time intervals between spikes—
followed by optical classification—has been experimentally confirmed, achieving an accuracy of >92%
with an energy consumption of <0.8 pJ per operation.

4. Empirical criteria have been derived for the deployment of QD-based spiking elements in industrial
environments, covering permissible vibration levels, temperature-induced threshold drift, and stability
requirements for the pump source.

The results of this research establish a physical and technical foundation for developing energy-efficient

optical machine vision systems capable of operating in conjunction with the optical communication links used

in industrial controllers (PLCs, SCADA systems).

Physical Mechanisms of Spiking Dynamics in Quantum Dot Emission

Semiconductor quantum dots (QDs) are nanostructures characterized by three-dimensional quantum confinement,
in which the density of electronic states can be well approximated by a discrete set of delta functions. In a typical
heterostructure (e.g., InAs/GaAs, CsPbBrs, CdSe/ZnS) it is standard to distinguish three primary subsystems:
the wetting layer (WL), excited states (ES), and the ground state (GS) [19-21]. Under optical pumping, charge
carriers are generated in the barrier layer or the WL, subsequently captured into the ES, and then relax into the
GS via phonon scattering, eventually undergoing either radiative or non-radiative recombination [22-24]. It is
precisely this discreteness of energy levels, combined with strong electron-electron interaction, that gives rise
to the nonlinear nature of the kinetics. Under certain conditions, this leads to excitable dynamics reminiscent
of the spiking activity observed in biological neurons.

Let us turn to the system of rate equations. The dynamics of the carrier concentration in the ground state of
the quantum dots (N, cm™) and the density of emitted photons (N, cm™) and the density of emitted photons
(S, cm™?) are described by a modified system of balance equations that accounts for threshold nonlinearities
and Auger channels:

N*—R...(N.T), (1)
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dS N 5

— =TB,—+TG(N)S——, (2)

dt P Toh

where P(t) — is the optical pumping density (cm~*s™') n— is the absorption quantum yield (0 <n<1),t , 1 —

T

are the non-radiative and radiative recombination lifetimes, respectively, and, C A he Auger recombination
coefficient (cm® * s),

EE.
Rase (N, T) = voNexp (_ kg T‘) — represents the thermally activated escape of carriers from the ground state;

I" — is the optical confinement factor, Bsp— s the fraction of spontaneous emission coupled into the detection
mode,

go(N—N) : o : : .
G(N) = W — s the optical gain with saturation (e — being the mode compression parameter) and T
- is the photon lifetime in the local optical mode or the medium under irradiation.

BspN
Ty

For systems lacking a resonator (T ph — 0,G(N)S << ) equation (2) reduces to a quasi-stationary form:

S(t) ~ w This allows the entire model to be simplified into a single equation for N(t) with a
r

nonlinear radiation source.

Spiking dynamics emerge upon reaching an excitability threshold, which is determined by the relationship
between the pump rate and the total losses. In the steady-state regime (dN )We obtain a cubic equation:

dt

E

1 1 ~a
CAUENE—F(T——FT——I-VDE "‘ﬁT)N—ﬂP=ﬂ. 3)

The critical threshold P, corresponds to a bifurcation point at which the derivative of the right-hand side of
(1) with respect to N vanishes:

d (dN
dN \ dt
whereT ;Flf =T ;1 + R...(N,T). It follows from (4) that for P <P, there exists a single stable solution, whereas

for P> P two additional roots emerge—one metastable and one unstable. This corresponds to the transition to
relaxation oscillations and pulsed generation. The threshold concentration and the pump density are expressed

1 5
) |M:Mm = a_ 3CaugNen =0, 4)

as follows: N 1 Nth( 1 +c. N2 )
h = 5 th = _ \— T “augVh
t V2CaugTerr t N et = N E))

When P(t)>P, the system rapidly accumulates carriers up to a N, . Subsequently, the Auger process, in
conjunction with radiative recombination, causes a collapse of the carrier population over a duration

Tepike ¥ ([GyNy, ) *~10 — 100 ps . The subsequent return to the baseline level is determined by the carrier
capture time from the wetting layer. This corresponds to a refractory period t ., during which the system
remains insensitive to new optical pump pulses. Mathematical model of a quantum-dot-based optical neuron.

For integration into a neuromorphic architecture, it is convenient to express the dynamics of the QD model in the
form of an optical analogue of the "leaky integrate-and-fire" (LIF) model. This is a fundamental mathematical
model of a spiking neuron, used in neuromorphic computing to simulate biological activity. Introducing a
normalized optical membrane potential ue) = N(t) we obtain:

th
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de—f = —U+1,,.() —aU® +5(1), ©

M P(‘t) . o . .
where ¢ — 1__ Iope (1) = , 0= CaygN3 Togr E(1) ~ 182 stochastic term (pump shot noise, background
th

fluctuations). A spike is generated when the threshold is reached:
U(t) 21=8(t) =§,8(t—t),ut) =u_., )

With subsequent refactoring-related blocking:

du
E =0,te [t[:t[ + Tref] . (8)

A temporal drift of the threshold, mimicking short-term plasticity, is described by an adaptation equation:

ds o))
Tad g~ O F xze wa ,Ug () =1+6(), ©)

i

where «k —is the post-spike suppression coefficient and t_, — is the threshold recovery time. The model defined
by equations (6)—(9) fully reproduces the key properties of a biological neuron, such as integration, threshold
behavior, refractoriness, adaptation, and stochastic jitter. In actual heterostructures, quantum dots (QDs) are
characterized by a Gaussian distribution in terms of size-and, consequently, in terms of the ground-state transition
energy E; with a variance o, :

f(E) = fl_exp (— %). (10)

The temperature dependence of the relaxation times and the Auger coefficient is approximated by the following
expressions:

E
e (1) = 7005 (25, Cog (1) = o1 4v2T), (1)
E

where E .—is the activation energy of defect centers, and yT — is the temperature coefficient of the Auger channel.

The effective dynamics of the ensemble are determined by a convolution:
+oa
(N(t)) =f N(E,t; P, T)f(E)dE. (12)

It follows from (11)-(12) that at T > 310K , the distribution of thresholds P, (E,T), broadens, which increases
the jitter of the inter-spike intervals:
” ”
Opgp ™ .,qll oy, T 0,

noige

For industrial applications, it is necessary to stabilize the temperature within a range of +2K or to incorporate
compensating waveguide filters that equalize the spectral response of the ensemble.

Information Encoding and Neuromorphic Properties.
In the proposed system, local contrasts in an industrial image are converted into a spatially distributed excitation,

P(x,y,t). Pixel intensity is encoded either via the spike frequency, f , 0P, or through inter-spike intervals,

1
At o —
P
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Temporal encoding is preferable for defect detection tasks, as it ensures a latency of < 500 ns and an energy
consumption of < 0.8 pJ/spike. The plasticity of synaptic weights is implemented via spectral multiplexing in
planar waveguides, where each channel corresponds to a specific wavelength range of quantum-dot emission,
and the coupling coefficient, o, is determined by the geometry of the splitters and the interaction length. The
total signal at the photodetector layer represents an optical convolution:

lue(t) = z w; Sj(t — At;), (13)
i
which is equivalent to matrix-vector multiplication in the analog optical domain, without the need for an
intermediate ADC. Robustness against industrial interference is ensured by the absence of resistive elements,
direct transmission via optical fibers, and the inherent filtering of high-frequency noise through the refractory

period t_., as shown in Figure 1.
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Figure 1: Energy diagram of a QD heterostructure, showing the main transitions.

Energy diagram of a quantum-dot (QD) heterostructure, showing the following transitions: generation in the
wetting layer (WL), capture into the excited state (ES), relaxation to the ground state (GS), radiative/Auger
recombination, and thermally activated escape. Arrows indicate the directions of carrier and photon fluxes.

Experimental and Modeling Methodology

The studies were conducted on epitaxial heterostructures containing InAs/GaAs semiconductor quantum dots
(QDs), grown via molecular beam epitaxy (MBE) on GaAs (100) substrates. This system was chosen due to
its high photoluminescence quantum efficiency (>70% at 300 K), ultrafast carrier dynamics, and technological
compatibility with planar photonics.

Table 1: Heterostructure Parameters

Parameter Meaning
QD density (2-5)x10'° cm2
Average QD size 1843 ns (diameter), 4+14+1 ns (height)
Ground-state transition energy E, 1.25+0.03 eV (A=990 nm)
Size dispersion oE 25+5 mueV
Wetting layer thickness 1.5 monolayer
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| Barrier layer (GaAs) | 100 nm |

To suppress non-radiative surface recombination, a 20 nm-thick A10.3Ga0.7AsAl0.3Ga0.7As passivation layer
was applied. The samples were fabricated as mesa structures with diameters ranging from 50—-200 mum using
photolithography and chemical etching; this approach ensured the localization of the excitation region and
minimized edge effects (Figure 2).
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Figure 2: Microstructural Characteristics of the Heterostructure InAs/GaAs.

The figure summarizes the results of the microstructural analysis of the heterostructure. InAs/GaAs with
quantum dots. Panel (a) shows a cross-sectional TEM image in which a layer of island-like quantum dots can
be seen, embedded between the substrate GaAs(100) and a covering layer AlGaAs; the scale bar corresponds
50 nm. Panel (b) shows a top-down view obtained via SEM/AFM, illustrating the surface morphology and the
spatial arrangement of the ellipsoidal nanocrystals. Finally, panel (c) presents a size distribution histogram with
a Gaussian fit. It indicates that the ensemble exhibits a narrow size dispersion, with a mean diameter of(d) ~ 18
nm. This is in good agreement with the parameters incorporated into the kinetic model and used in subsequent
calculations. Thus, the figure serves as experimental confirmation of the sample's structural quality and justifies
the choice of input data for the numerical modeling of spike dynamics.

Experimental Setup for Spectral-Temporal Recording
A schematic of the experimental test bench is shown in Figure 3. The setup enables the synchronous recording
of temporal profiles and emission spectra of quantum dots under pulsed optical pumping.

Synchronization
signal
Monochromator Lo CCD/PMT L
Cryostat 300 mm AX=0.15 nm
i
Ti:Sa laser ND Filter Objective QD sample @
750 nm, 150 fs Power regulator NA=0.65 InAs/GaAs PC/DAQ
Data analysis
SPAD TCSPC
[N L
1<50 ns Res =4 ns

Figure 3: Diagram of the Experimental setup.

The figure shows a block diagram of an experimental setup designed for the spectral-temporal detection of
photoluminescence from quantum dots: an excitation source—a pulsed Ti:Sa (750 nm, pulse duration150 fs),
followed by a neutral-density (ND) filter (for power control) and a focusing objective with a numerical aperture
(NA) of 0.65.

The sample—an InAs/GaAs heterostructure containing quantum dots—is placed in a cryostat to control
temperature conditions. The detection system: radiation from the sample is split by a beamsplitter (BS) into
two independent channels, including a spectral channel (top). This channel consists of a monochromator (300
mm) and a CCD/PMT detector with a specific resolution AA=0.15 nm.

J. of Mod Phy & Quant Neuroscience Vol:2,6. Pg:7
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Timing channel (bottom). It consists of a single-photon avalanche diode (SPAD, response time t < 50 ps)
and a TCSPC module with a temporal resolution of 4 ps. Control and processing. All measuring instruments
are synchronized by an external signal (dashed line labeled "Sync signal") from the laser, and the data are
processed by a PC/DAQ unit.

Numerical Modeling: Physical Level

Multilevel modeling was employed to verify experimental data and to extrapolate to regimes unattainable in
experiments. The system of rate equations (1)-(2) from Section 2 was solved using a 4th-order Runge-Kutta
method with an adaptive step size [27-28]. Stochastic fluctuations were modeled using the Milstein algorithm
to enhance accuracy at low 6. [29-30]. The parameters used for the calculations (Table 2) were taken from
the literature and refined based on spectroscopic results.

Table 2: Parameters for Calculation

Parameter Designation Value

Radiative recombination time T, 0.8 ns

Non-radiative recombination time T 52 ns

Auger recombination coefficient C e 2.1x10% cm® s
Optical confinement factor r 0.03

The share of spontaneous emission in the mode Bsp 1.2x10+
Activation energy of defects E.s 45 meV
Temperature coefficients C_Aug yI' 0.012K"!

Modeling an Ensemble of Quantum Dots with a Distribution in Size

To account for inhomogeneous broadening, an averaging procedure over the distribution (12) was applied.
The calculation was performed using the Gauss-Hermite quadrature method with 32 nodes, which ensured
convergence with an accuracy of < 0.1% for 6, =25 meV. System-level modeling of an optical neuromorphic
architecture (Figure 4) [31,32].

LT
. " @

Tl 8 & @

L] L] = L
AR, WY

& & & @

Figure 4: Architecture of the Simulated Optical Neuromorphic System.

The architecture of the simulated optical neuromorphic system comprises an encoding layer-an array of quantum-

dot neurons-a waveguide matrix with weights o, and a photodetector layer at the interface. Arrows indicate

data flows and synchronization signals.

The operation of the model architecture consists of:

1. Encoding layer. The pixels of the input image I(x,y) are converted into a local pump field Pij(t)=P0+ k I,
, where k — modulation coefficient.

2. Quantum-dot neuron layer. Each pixel is processed by an independent element that implements the dynamics
described by equations (6)-(9). The output is a sequence of spikes {t? }. Lyn,

3. Optical interconnections. Spikes propagate through planar waveguides with a delay of At = IR is

the group refractive index and L is the path length. Losses and crosstalk are modeled by an attenuation

J. of Mod Phy & Quant Neuroscience Vol:2,6. Pg:8
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matrix A.
4. Detection layer. Photodetectors with a temporal resolution of 100 ps convert optical signals into electrical
signals, forming an output feature vector y(t).

Temporal encoding enables the implementation of the operation y=W x x within an analog optical domain:

y;(t) = Z wy; X 51@_ mij)’ (15)

where o, determined by the coupling coefficient of the waveguide splitter, and s(t)- is the spike waveform of
the i-th neuron. This eliminates the need for ADCs at intermediate stages.

Industrial Computer Vision Test Tasks
To evaluate the effectiveness of the proposed approach, three new tasks relevant to automated quality control

were used (Table 3).

Table 3: Industrial Computer Vision Tasks Addressed

Task Dataset Quality metric System requirements
Detection of microcracks [ Custom dataset of 2,000 | F1-measure, ROC-AUC | Latency <I ms, accuracy
on metal surfaces images, 256x256, 8-bit >95%
Defect segmentation Custom dataset of 1,500 IoU Noise immunity
images, 256x256, 8-bit
Classification of types Industrial dataset (5 Accuracy, Confusion Operation under vibra-
classes, 5000 samples) matrix tion, temperature drift

Data preprocessing. All images were normalized to the range [0, 1], and augmentation was applied (rotations
of £5 degrees with the addition of Gaussian noise, ¢ = 0.02) to improve robustness. Performance evaluation
methodology, as shown in Table 4.

Table 4: Parameters of the Performance Evaluation Methodology

Parameter Formula Explanation
correct for classification
Accurate = ———
total
Machining accuracy £l =2 Precision X Recall for detection
B Precision + Recall
|A N B for segmentation
IoU =
|Au B|
tiatency = tour — fin for latent frame processing
Temporal characteristics EpS — 1 throughput capacity

max (t latency )

J. of Mod Phy & Quant Neuroscience Vol:2,6. Pg:9
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energy per recognition operation

_ P:‘:-::-t,al - Fframe

°F Nuper
Energy efficiency Protal = Poump + Peontral T Preadout for an optical system

where P —s the pump power, P
— s the power for modulator control, and

P ...~ 1s the power for detector readout
5. (T) |Acc(T) — Acc(293K)| temperature drift
aeet ™l Acc(293K)

Resistance to disturbances

The signal-to-noise ratio drops by 10%
atF1.

sensitivity to noise

In this context, scalability depends on EOP(N) a function of the number of neurons N, and the parallelism
coefficient, defined as the ratio of actual performance to the theoretical limit under ideal scaling.

Research Results

Experimental recording of photoluminescence temporal profiles was performed while varying the optical
pump density within the range P=(0.8-2.5)P  at a fixed temperature of T=293K. Typical emission waveforms,
normalized to their maximum amplitude, are shown in Figure 5 (left panel). Exceeding the threshold value
P,=1.12 kW/cm”2 results in a transition from continuous luminescence to pulsed emission, characterized by an

asymmetric pulse shape: a steep rising edge (t, = 45-60 1c) ollowed by an exponential decay(t

~45-60 ps).

fall

{(a) Spike shape dependence on PfPy, (293 K) (b) IS] dependence on PPy, and T
LOq —— PiPrn=15 —— T=203 K
— PiPy=2.0 7 & T=313K
—a— T=333 K
= 0.5 1 i 6
@ ju
2 2
i i
g 061 g !
£ £,
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] g
Gl b |
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0.0
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0.0 0.5 1.0 1.5 2.0 2.5 1.2 1.4 1.6 1.8 2.0
Time, ns Pump density PPy,

Figure 5: Spiking dynamics of emission from QD heterostructures

Statistical analysis of 10° events made it possible to identify key parameters of the spike dynamics:
-mean spike duration at 0.5 of the maximum, Tone 139 £ 12 ps;
- pulse amplitude, S = (2.4+0.3)x10* photons/pulse;

- inter-spike interval, (ISI') =1.85+0.15 ns at P=1.3P ;

“I8l = p.044

- jitter [33] 6, =8.2 ps, which corresponds to a coefficient of variation of CV = -

Approximating the ISI distribution using an exponentially modified Gaussian function (Equation 14) revealed
that the detected component (A"! = 0.9 Hc) dominates the stochastic component (6 = 6 1ic), which confirms the
suitability of temporal encoding for industrial computer vision tasks requiring sub-nanosecond synchronization.
The temperature dependence was investigated in the range of 293-333 K with a step of 10 K. The results are
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presented in Figure 5 (right). As the temperature increases, a monotonic rise in { ISI ) is observed-from 1.85
ns to 3.42 ns-which is consistent with Equation (11) and is attributed to an increase in the probability of the
thermally activated escape of carriers from the ground state (R ) and an increase in the Auger recombination
coefficient C Aug (T).

To verify the functionality of the neuromorphic architecture, a system prototype based on a simulation model
was developed. The prototype was tested using three tasks, which are listed in Table 5.

Table 5: Image Processing Quality Metrics Obtained for an Optical Neuromorphic System

Solution to the Dataset Accuracy /IoU | F1 | Delay, ps Energy per
problem frame, nJ
Crack detection Own (1200) 96.2 % 0.94 340 12.4
Defect segmentation | MVTec AD (carpet) IoU =0.89 — 410 15.1
Packaging classification | Industrial (5000) 93.7 % 0.91 280 10.8

When local contrasts are encoded into inter-spike intervals, spatial features are preserved, while the volume
of transmitted data is reduced by 60% compared to frame-by-frame transmission. As for optical matrix-vector
multiplication (Equation 15), it was performed without an intermediate analog-to-digital converter (ADC),
which eliminated the delays caused by quantization.

1.0

— ——
— -

0.8 -

0.6 -

0.4 -

True Positive Rate (TPR)

0.2 1

=~ Optical system (AUC = 0.95)
= = Electronic analog (AUC = 0.81)

0.0 += . . . ]
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate (FPR)

Figure 6: ROC Curves for the Defect Detection Task

The figure displays ROC (Receiver Operating Characteristic) curves, which illustrate the performance of the
systems in detecting defects. The vertical axis represents the true positive rate (TPR), while the horizontal axis
represents the false positive rate (FPR). The solid red curve corresponds to the proposed InAs/GaAs-based
optical system, with an area under the curve (AUC) of 0.95. The curve passes close to the top-left corner of
the plot, indicating the system’s high capability to distinguish defects from a normal surface.

Electronic counterpart. The dashed gray curve represents the performance of the electronic counterpart, with
an AUC of 0.81, indicating lower detection accuracy compared to the optical system.Diagonal. The dotted line
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from (0,0) to (1,1) corresponds to random guessing (AUC =0.5). The graph clearly demonstrates the advantage
of an optical neuromorphic system, which provides a higher probability of defect detection at a comparable
false-alarm rate, outperforming traditional electronic solutions.

(o) Input frame: {b) Ground truth mask {c) System resull

Figure 7: Visualization of the processing of an "Excess Material" (buildup) defect by an Optical Neuromorphic
System.

Figure 7 illustrates the processing stages for an image containing an "excess material" defect (a localized
accumulation of surplus material, typical in welded joints or castings) using the proposed optical neuromorphic
system:

-(a)- Input frame. The original image of a metal substrate, in which a diagonal chain of structures forming a
buildup is visually apparent.

-(b)- Reference mask. A binary representation of the defect zone (ground truth), where the area of excess material
is marked in white. This serves as a benchmark for evaluating the system's accuracy.

-(c)- Optical system result. The output of the processing, in which the buildup area has been successfully
segmented and highlighted in red.

Comparing the reference mask (b) with the result obtained by the system (c¢) demonstrates high-quality
segmentation: the quantum-dot-based optical architecture accurately localized the defect while preserving its
geometry. This confirms the effectiveness of temporal encoding and optical matrix-vector multiplication for
industrial quality control applications. To evaluate the competitiveness of the proposed approach, a comparison
was made with electronic neuromorphic platforms and traditional CNN-based solutions (Table 6).

Table 6: Comparison of Visual Data Processing Systems

Parameter QD-optical system | Intel Loihi 2 [34] | NVIDIA Jetson Orin (CNN) [35]

Architecture Analog optical Digital spiking Digital CNN (GPU)

Frame processing latency, us 280410 1200-1800 850-1500

Energy consumption, nJ/ 10.8-15.1 45-72 120-210

frame
Accuracy, % 93.7-96.2 91.4-94.8 95.1-97.3
EMF immunity High Average Low

Cooling requirements Passive Active (fan) Active (radiator/fan)

The optical system exhibits slightly lower absolute accuracy compared to its electronic counterparts (a discrepancy
of 1-2%). At the same time, it offers a 3—8-fold reduction in power consumption and a decrease in latency by
an order of magnitude. These advantages stem from parallel processing in the optical domain and the absence
of resistive losses.
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Figure 8: Dependence of ISI on Pump Density and Temperature

The figure displays a three-dimensional surface representing the combined effect of pump density and temperature
on the inter-spike interval (ISI) of quantum dots. Role of the pump (threshold effect). The graph shows a sharp,
step-like transition in the region where P/P =1.5. When the pump level is near the threshold (1.0<P/P <1.4),
the surface lies in the upper zone (yellow-green), corresponding to long intervals between spikes—8-10 ns.
As the pump level increases (P/P,>1.5) the surface drops abruptly to the lower region (violet), where the ISI
is reduced to 2—4 ns. This demonstrates an acceleration of spike dynamics at higher excitation power.

Role of temperature. The surface exhibits a noticeable slope, with the ISI increasing as the temperature rises
(from 295 K in the foreground to 335 K in the background). This clearly confirms that heating slows down spike
generation (increasing the ISI) due to enhanced thermally activated carrier escape and Auger recombination.
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Figure 9: Comparison of System Energy Efficiency
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The provided chart clearly demonstrates a significant advantage of the proposed quantum-dot-based optical
system in terms of energy consumption. Specifically, the optical system consumes approximately 4.5 times
less energy than the specialized Intel Loihi 2 neuromorphic chip. Compared to a traditional NVIDIA Jetson
Orin GPU platform, the energy consumption is more than 12 times lower. The vertical lines at the tops of the
bars-representing error bars-indicate the range of variation in the measured values. The greatest spread was

observed for the NVIDIA system.
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Figure 10: Trade-off between Accuracy and Latency

The graph clearly demonstrates the advantage of the optical architecture: it enables high accuracy (around
95%) with significantly lower latency. For an electronic equivalent to achieve the same level of accuracy, it
would require a latency exceeding 500 ps. In contrast, the optical system performs the task faster—within the
340410 ps range. This is of critical importance for industrial real-time machine vision systems.

Figure 11 shows the Fl-score as a function of the signal-to-noise ratio (SNR) for the two computer vision

system architectures being compared.
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Figure 11: Robustness of Detection against Noise

The presented graph demonstrates the advantage of the optical system in the presence of noise. Across the
entire range of signal-to-noise ratios (SNR) considered, the curve corresponding to the optical system (red
line) remains above that of its electronic counterpart in terms of the Fl-score. At a typical noise level of
20 dB, the optical system achieves an Fl-score of approximately 0.92, whereas the electronic counterpart
reaches about 0.90. This result confirms that the proposed optical neuromorphic architecture exhibits superior
robustness against electromagnetic interference and noise, maintaining high defect-detection performance
even when the quality of the input signal is degraded.

Discussion of Results

The transition to a spiking regime is determined by a nonlinear relationship between the carrier replenishment
rate in the ground state and the total losses resulting from radiative and Auger recombination. As has been
demonstrated, the cubic dependence of the Auger channel C Aue N3 gives rise to a "soft threshold" effect:
for P<P_ the system remains in a stable state characterized by low emission intensity, whereas for P>P, n
avalanche-like population of the ground state is observed (Figure 1). This is followed by a rapid collapse of the
population over a timescale of T~ (T8 Ny, )'. The observed asymmetry in the spike shape-a steep rising edge
and a gradual decay-is attributed to the distinct timescales for carrier capture from the wetting layer (7, ~0.8
HC). The jitter, 6_ISI is primarily determined by the shot noise of the pump and photon fluctuations. This is
supported by the strong agreement between the experimental data and the Euler—Maruyama model (Equation
6).

Figure 12 shows a timing diagram (Gantt chart) illustrating the sequence of signal processing stages in the
proposed optical neuromorphic system.
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Figure 12: Timing Diagram for Frame Processing

The total processing latency for a single frame is approximately 340 ps (45+135+80+60+20), which is
consistent with the data provided in the article (280—410 ps). The diagram clearly shows that the primary
temporal "bottleneck" is the spike generation process in the CT neurons.

Figure 13 presents a graph illustrating the scalability of the system's power consumption as a function of the
number of neurons.
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Figure 13: Energy Consumption Scalability

The graph clearly demonstrates the advantage of an optical architecture in terms of scalability:

1. Energy efficiency. An optical system consumes significantly less energy than its electronic counterpart,
regardless of the number of neurons.

2. Proximity to the limit. The curve for the optical system lies closer to the "theoretical limit" than the
curve for the electronic counterpart. This indicates that an optical implementation is more efficient from a
physical standpoint and leaves less room for further optimization compared to electronic solutions, which
dissipate a large amount of energy through parasitic processes (such as heating and resistance).

Comparison with Existing Solutions
Unlike photonic spiking neurons based on microresonators or VCSELs -where pulse generation requires
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precise tuning of the resonator’s quality factor and is sensitive to optical feedback—quantum-dot (QD) based
elements operate in a cavity-free, spontaneous-emission mode characterized by threshold nonlinearity [36,37].
This simplifies the fabrication process and enhances robustness against vibrations and temperature gradients,
which are typical in industrial environments.

When compared to electronic neuromorphic chips (such as Loihi, TrueNorth, or SpiNNaker), the optical
approach offers superior throughput, thanks to wavelength-division multiplexing (WDM) and the absence
of interconnection constraints imposed by metal wiring [38-40]. However, electronic platforms currently
outperform optical ones in terms of the flexibility to reprogram synaptic weights and the maturity of their
software stacks [41].

Conclusions

In this work, we provide an experimental and theoretical basis for using the spiking emission dynamics of InAs/
GaAs semiconductor quantum dots as a physical foundation for an optical neuromorphic system designed for
industrial computer vision. We have established that, when the optical pump density exceeds a threshold value
(P,=1,12 kW/cm?) a stable pulsed generation regime emerges within the quantum dot ensemble. The duration
of'each spike is 135 £ 12 ps, nd the jitter of the inter-spike intervals does not exceed 12 ps within a temperature
range of 293-313 K. he kinetic model we developed—which accounts for Auger recombination, thermally
activated carrier escape, and the size distribution within the ensemble—accurately describes the observed
dynamics and enables the prediction of system parameters under varying external conditions.

A demonstration involving the processing of industrial test images yielded detection and classification accuracies
of 93,7-96.,2 % with a frame-processing latency of 280—410 mu s. The energy consumption of the optical
system was 10,8—15,1 nJ/frame, which is 3-8 times lower than the corresponding figures for electronic
neuromorphic platforms (Intel Loihi 2) and GPU clusters. A key advantage of the proposed architecture lies
in the implementation of matrix-vector multiplication directly within the analog optical domain, eliminating
the need for intermediate analog-to-digital conversion. This approach provides inherent parallelism, avoids
resistive losses, and ensures high immunity to electromagnetic interference—a factor of particular importance
for industrial floor environments.

The results obtained establish a physical and technical foundation for developing energy-efficient machine
vision systems that are compatible with the optical communication links used in industrial controllers (PLCs,
SCADA) and require no active cooling. The derived empirical criteria for the applicability of KT-spike elements
include the permissible temperature-induced drift of the threshold. (AP, <+4% npu T<313K), requirements for
the stability of the pump source and methods for the spectral compensation of the size distribution within an
ensemble.
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