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Abstract: Image sensors play a crucial role in autonomous driving and security. However, the
separation of sensors and processors results in large amounts of redundant data being exchanged
between sensory terminals and computing units. Here, leveraging silicon photonic integrated
technology, we propose an in-sensor imaging classification solution that combines sensing
components with photonic neural networks. The sensing components consist of a microring array
which can convert visible light signals from free space into near-infrared light signals propagating
through silicon waveguides, which are subsequently processed by photonic neural networks.
The proposed all-optical modulator is based on a pn-doped microring resonator, enabling light-
to-light modulation through two mechanisms: the thermo-optic and plasma-dispersion effects.
We demonstrate that these effects can be controlled by shorting the pn-junctions, achieving a
modulation depth of 15 dB. Two cascaded microrings—used for converting visible light signals
and applying weight signals—demonstrate the ability to perform dot product operations with an
effective resolution of near 8 bits, sufficient for data processing. Furthermore, we validated the
in-sensor scheme using the Modified National Institute of Standards and Technology (MNIST)
dataset, achieving a recognition accuracy of 96.82%. These results pave the way for advanced
‘in-sensor’ imaging classification technologies.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Photonic neural networks (PNNs) have achieved a significant amount of research progress for
image classification, showing its inherent advantages including high speed, high parallelism
and low power consumption. However, the previous classification schemes enabled by PNNs
is composed of physically separated components: sensing and computing units, leading to
large amounts of redundant data exchange between these units, and long processing latency. A
promising solution is integrating sensing with computing units. This integration can be achieved
by an all-optical modulation approach, which directly modulates an optical signal using a second
optical beam, eliminating the need for optical-electrical-optical conversion [1,2]. All optical
modulation is gaining attention due to its advantages in high speed, low latency, low cost, and low
power consumption. Applications of all-optical modulation span short-distance communications
[3,4], information processing (including quantum information processing [5,6], optical computing
[7–10]) [11–14], and more. To meet future demands, all-optical devices must be compact, easily
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integrated with other functional components, and capable of achieving a large modulation depth.
However, traditional all-optical devices, i.e., those based on bulk materials, face a trade-off
between compactness and modulation depth, which has limited advancements in this field.

To address this trade-off, many materials have been explored for building all-optical devices,
such as graphene [15,16], transition metal dichalcogenides (TMDs) [17,18], and black phos-
phorous [19]. For example, specially prepared fibers (e.g., tapered fibers, D-fibers, etc.) coated
with these materials can precisely control the interactions of two beams of light to achieve a
large modulation depth [20,21]. However, such approaches are not suitable for large-scale optical
processing systems. Recently, there has been a shift toward integrating these materials with
photonic integrated circuits (PICs) to realize on-chip, all-optical modulation. For instance, a
compact, all-optical modulator with a modulation depth of 3.95 dB has been demonstrated using
a monolayer of MoS2 on a plasmonic PIC [4]. Despite these advances, most two-dimensional
materials, including graphene, TMDs, and black phosphorous, are incompatible with com-
plementary metal-oxide semiconductor (CMOS) processes, posing significant challenges for
large-scale fabrication and system integration. CMOS-compatible silicon PICs [22], which
leverage excellent free-carrier dispersion and thermo-optic effects, offer a promising solution
for realizing all-optical modulation. A previous study [23] considered only the free-carrier
dispersion effect, demonstrating picosecond-scale response times for silicon photonic (SiPh)
platforms. However, there has been no investigation of other effects that can play a role in
the performance of all-optical modulation. Hence, other effects that may influence all-optical
modulation performance remain unexplored, highlighting the need for a comprehensive analysis
of the dynamic performance, and the potential applications.

Here, we systematically investigate all-optical modulation in SiPh micro-ring resonators. We
demonstrate that these resonators enable all-optical modulation through two distinct mechanisms
and propose a method to enhance the modulation performance. Furthermore, we propose an
in-sensor computing scheme that combines all-optical modulation with photonic neural networks
(PNNs) for image classification. Using this method, we achieved an accuracy of 96.82% with
a multilayer perception model trained on the Modified National Institute of Standards and
Technology (MNIST) hand-written dataset. These results demonstrate the feasibility of the
proposed scheme for real-world applications, offering low latency, low energy consumption, and
high-speed signal processing.

2. Results

2.1. Concept

In the previous solutions for the image classification solution, optical-to-electrical and electrical-
to-optical conversions are required to convert visible light into near-infrared (NIR) light signals,
which is sent to a photonic computing unit (see Fig. 1(a)). Firstly, input visible light signals are
converted to analog electrical signals, then digitized and processed to digital electrical signals,
by optical-to-electrical conversion processing. Then, the electrical signal is applied to an on-chip
modulator, such as on a Mach-Zehnder interferometer or a micro-ring resonator-based modulator
to be converted to NIR light signals. As for the application of autonomous driving and drones,
this previous solution leads to redundant data transfer from sensing to computing units, inefficient
power consumption and extra latency. By comparison, the all-optical solution shown in Fig. 1(b)
can achieve optical input to modulated NIR light conversion without any intermediate processing.
This solution for image classification eliminates data transfer between the sensory terminals and
computing units and provides efficient sensed data computing, which simplifies the architecture
and integrates sensing and computing.

The all-optical modulation concept is mainly illustrated in Fig. 1(c) and Fig. 1(d). NIR light
is coupled into the resonator to probe its state as a visible light signal is being irradiated on
it. The NIR light at the micro-ring’s through port can be modulated by the input visible light
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Fig. 1. All-optical modulation concept: Schematic of the processing steps used for image
classifications, for a single channel, implemented using a neuromorphic computing system
for both the traditional solution (a) and our all-optical solution (b); PD: photodetector; TIA:
transimpedance amplifier; ADC: analog-to-digital converter; DSP: digital signal processor;
DAC: digital-to-analog converter. (c) Schematic diagram of all-optical modulation: the
output NIR signal corresponds to the input visible light signal. The input visible light
from the top of the ring resonator can modulate the intensity of NIR light. (d) Schematic
illustration of the working mechanism of our all-optical modulation approach: the absorbed
visible light excites electrons from the valence band to the conduction band in the silicon.
Followed by an intraband transition which corresponds to the free carrier dispersion effect
and leads to a blueshift of the micro-ring’s resonance wavelength. The indirect electron-
hole recombination corresponds to the thermo-optic effect and leads to a redshift of the
micro-ring’s resonance wavelength.

signal via effects caused by visible light absorption in the micro-ring’s waveguide, one of which
is changing the refractive index of the waveguide. The modulation mechanism caused by the
light absorption involves two effects, as shown in Fig. 1(d). Firstly, when visible light is incident
on silicon, electrons are excited from the valence band to the conduction band, generating free
carriers. This process reduces the refractive index, leading to a blueshift of the micro-ring’s
resonance wavelength, due to the free carrier dispersion effect. Concurrently, a recombination of
electron-hole pairs generates heat, causing a temperature increase, and a commensurate refractive
index increase due to the thermo-optic effect, which results in a redshift of the micro-ring’s
resonance wavelength. The net shift of the micro-ring’s resonance wavelength is determined by
these two effects.

As discussed above, when visible light is vertically incident on a silicon resonator, the dynamic
equations dictating the silicon’s refractive index are

∂n
∂t
= κc
∂Nfc

∂t
+ κθ
∂∆T
∂t

(1)

∂Nfc

∂t
= αcPVIS(t) −

Nfc

τc
(2)



Research Article Vol. 33, No. 16 / 11 Aug 2025 / Optics Express 34071

∂∆T
∂t
= −αTPVIS(t) −

∆T
τθ

(3)

where the refractive index of the material, n, is related to the generated free carrier density,
Nfc, and the related temperature change, ∆T . κc and κθ are the electro-optic coefficient and the
thermo-optic coefficient, respectively. The power density of visible light is represented as PVIS(t).
αc represents the correlation coefficient between the visible input light intensity and the rate of
change in the free carrier concentration and can be expressed as αc =

αLβ
ℏωVISd , with αL denoting

the single-photon (linear) absorption coefficient, β denoting the internal quantum efficiency,
ℏωVIS denoting the input light photon energy, and d denoting the height of micro-ring waveguide.
τc is the free carrier lifetime. The heating coefficient, αT , can be expressed as αT =

αL
ρC(p,T)d

with ρ denoting the density of the material, and C(p, T) denoting the thermal capacity. τθ is the
thermal dissipation time.

Eqs. (1)–(3) can be solved under the condition that the pump light is PVIS(t) =
⎧⎪⎪⎨⎪⎪⎩

P0, 0 ≤ t ≤ t0

0, t<0; t>t0

∆n(t) =
⎧⎪⎪⎨⎪⎪⎩
κcαcτcP0(1 − e−t/τc ) − κθαTτθP0(1 − e−t/τθ ), 0 ≤ t ≤ t0

κcN0e−(t−t0)/τc + κθ∆T0e−(t−t0)/τθ , t>t0
(4)

where N0, and ∆T0 are the generated free carrier density and the temperature change, for
0 ≤ t ≤ t0, respectively. From our equations, we see that the refractive index changes, due to
the two effects, occur at different speeds when the input light is turned on as compared to when
the input light is turned off, as shown in Supplement 1. The NIR light can be modulated when
its wavelength is set to be close to the micro-ring’s resonance wavelength. Our study’s results
show that two effects enable all-optical modulation: free carrier dispersion causes a blueshift
with a sub-nanosecond scale response time and the thermo-optic effect causes a redshift with a
microsecond scale response time.

2.2. Performance of all-optical modulation

The dual-effect all-optical modulation concept is experimentally validated on a pn-doped micro-
ring resonator. The free carriers in the doped regions enable conduction band absorption [24],
which is more effective in the doped regions than it is in intrinsic silicon. The built-in electric field
within the depletion region enhances electron-hole pair separation and accumulation, contributing
to an extended carrier lifetime. Additionally, the increased free carrier concentration in the doped
regions, further prolongs the majority carrier lifetime in the pn-junction, thereby enhancing
overall absorption efficiency [25]. An experimental setup shown in Fig. 2 was built to characterize
the performance of all-optical modulation. A laser with a wavelength of 632.8 nm is used as
visible light. It passes through a variable attenuator, a light chopper, and a lens, and then is
irradiated on the microring. The light chopper is used to modulate the on and off states of the
visible light. A continuous IR laser is used as the probe light. The experimental results of our
device are shown in Fig. 3. The transmission spectrum, with an NIR probe power of -17.18 dBm,
shown in Fig. 3(a), illustrates the steady state performance for various input intensities. Below the
effect-switching threshold (i.e., the threshold below which free carrier dispersion dominates) of
743 W/m2, the resonance wavelength blue-shifts with increasing input intensity. When the input
power surpasses this threshold, the thermo-optic effect dominates and the resonance wavelength
redshifts. The resonance wavelength shift versus input intensity is shown in Fig. 3(b) for a probe
power of -17.18 dBm.

The dynamic modulation performance can be measured by switching the input visible light on
and off using the mechanical light chopper. As shown in Fig. 3(c), the output power difference
between the on and off states increases gradually as the input intensity increases from 43.55 to

https://doi.org/10.6084/m9.figshare.29564678
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Fig. 2. Schematic of the experimental setup for the all-light modulation performance
measurement. LC: light chopper; TEC: thermoelectric cooler.

Fig. 3. All-light modulation performance: (a) Transmission spectrum at various visible
light intensities with a constant NIR probe power of -17.18 dBm. (b) Micro-ring’s resonance
wavelength shift as a function of visible light intensity. (c) Modulation result at various
visible light intensities when the NIR probe light is -17.18 dBm with wavelength detuning of
∆λ = −15 pm. (d) Modulation result at various NIR probe powers with wavelength detuning
of ∆λ = −10 pm under visible light intensities of 7640 W/m2.

1308 W/m2, i.e., below the effect-switching threshold. At an input intensity of 4058 W/m2, the
free carrier dispersion and thermo-optic effects counterbalance each other, resulting in minimal
differences in the output powers of the on and off states. When the input is increased to 7640
W/m2 a reversal in the output power differences is observed, compared to the low input intensity
cases, illustrating the change in the dominant effect causing the modulation. Moreover, with
increasing probe power we found that the blue shift decreases. The dynamic modulation describes
the temporal performance of the NIR output power under high input intensities. In order to
determine whether our dynamic modulation is resulting in a redshift or a blueshift, we detune the
probe wavelength by ∆λ = −10 pm. At high input intensity, the output power difference between
the on and off states illustrates that the thermo-optic effect plays a major role in modulating the
output power for an input power of -17.18 dBm, see Fig. 3(c). The dip observed during the
input’s transition from on to off, is caused by the change in the input intensity as it increases
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from low to high (details can be found in Supplement 1). During the transition, as can be seen
in Fig. 3(c), the output power initially decreases, due to the blueshift caused by the free carrier
dispersion, and then increases, due to the thermo-optic effect. As the probe power increases,
the dip becomes smaller, as shown in Fig. 3(d), and eventually disappears at a probe power
of 2.05 dBm; we attribute the disappearance of the effect of the free carrier dispersion to the
two-photon absorption (i.e., the high probe power consumes the potential ground state electrons
and eliminates electrons available for single-photon absorption of the input light). At the same
time, the increase in NIR probe power results in larger output power differences. Therefore, for
microsecond scale modulation having a high probe power increases the modulation performance.

Based on our observations, discussed above, we propose a method to achieve a "modulation
state switch". In it, the modulation state is switched by changing the circuit condition across the
terminals of the pn-junction from state 1 (open) to state 2 (shorted). This controls the effect of
the free carrier dispersion relative to the thermo-optic effect, where state 2, the shorted state,
removes the effect of the free carrier dispersion, as shown in Fig. 4(a) and Fig. 4(b). In other
words, in state 1 both free carrier dispersion and the thermo-optic effect are present, whereas in
state 2 the free carriers generated by absorbing the input light would not stay in the waveguide
center but pass through the waveguide cross-section as internal current. Figure 4(c)-(d) illustrates
the dynamic modulation performance of the two states under different input light conditions. At
low input light intensity, in state 1 the spectrum blueshifts due to the free carriers and the free
carrier dispersion effect whereas in state 2 the generated free carriers are not retained within the
micro-ring. Instead, in state 2 the recombination, and small drift current, of these generated free
carriers, leads to a thermal effect and the spectrum redshifts. In the dynamic measurement with
the probe detuned by -15 pm, when switching from state 1 to state 2 the modulation direction
inverts as shown in Fig. 4(c). At high input light intensity, while both the effects of free carrier
dispersion and the thermo-optic effect are present, in state 1 the power difference between the
off and the on states is dominated by the thermo-optic effect. At high input intensity, in state 2
the extra heat provided by the recombination and drift current of the free carriers will increase
the thermo-optic effect and the off/on power difference will increase, as shown in Fig. 4(d). To
demonstrate the increased performance at the transient level, we set the NIR probe wavelength
to be the resonance wavelength and measured the off/on power difference. The off/on power
difference for state 2 reached 15.40 dB as compared to 12.15 dB for state 1. Also, by applying
and maintaining a voltage on the terminals of the pn-junction, the micro-ring coupling could be
adjusted, including to achieve critical coupling. The maximum on/off difference, after adjusting
the coupling, could be increased to 16.96 dB (the details are provided in Supplement 1).

2.3. In-sensor imaging classification

Recently, an end-to-end, photonic-based, imaging classifier has been demonstrated [26]. In their
demonstrations, an array of grating couplers is used to capture a NIR-illuminated target object
source for image formation and classification. However, in most cases, we need to process the
image information carried by visible light instead of NIR light. Thus, an on-chip, photonic-based
visible light image classification system is needed.

An in-sensor computing scheme can be built by combining our proposed all-optical modulation
and photonic neural networks (PNNs) to achieve low-latency, low-energy consumption, and
high-speed imaging classifications [27–35]. As shown in Figs. 1(a) and 1(b), micro-rings can be
used to convert imaging information carried by visible light to that carried by NIR light which can
then be processed by the PNNs, i.e., by the neuromorphic network. To illustrate the practicality
of our scheme, we first demonstrate the dot product operation using the photonic circuit depicted
in Fig. 5(a). This circuit contains one input micro-ring modulator and one weighting micro-ring,
which is the basic optical circuit needed to perform a dot product. Radii of these microrings are
set at 10 µm. The gaps between the microrings and the bus waveguide are set at 200 nm. The

https://doi.org/10.6084/m9.figshare.29564678
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Fig. 4. Schematic of modulation state switch: (a) Schematic diagram of state 1: the
open-circuit state across the terminals of pn junction. (b) Schematic diagram of state 2:
the short-circuit state across the terminals of pn junction. (c) Modulation results for the
two states, with -15 pm probe wavelength detuning relative to the micro-ring’s resonance
wavelength, at a visible input light intensity of 742.6 W/m2 and a NIR probe power of -14.9
dBm. The modulation for state 1 shows only the free carrier dispersion effect. In state 2, the
short-circuit leads to the production of extra heat by stronger electron-hole recombination,
and a small drift current of generated free carriers; the extra heat inverts the modulation
direction. (d) Modulation results for the two states, with no probe wavelength detuning, at a
visible light intensity of 7640 W/m2 and a NIR probe power of 1.48 dBm. The modulation
results for state 1 show that the thermo-optic effect is dominant. In state 2, the results show
that the free carrier dispersion is inhibited and shows increased modulation without any
inversion.

device was fabricated using a commercial CMOS-compatible silicon-on-insulator (SOI) process
at Advanced Micro Foundry (AMF). The silicon and buried oxide layers are 220 nm and 3 µm in
thickness, respectively. The input micro-ring captures the visible input signal and modulates
the NIR probe signal with amplitude. The dot product operation is executed when the probe
signals propagate to the photonic circuit. Tuned weighting micro-ring provides a weight, and
yields the dot product. Once determined, the weight is set electrically in a set-and-forget fashion.
The probe light intensity, representing the product value, is measured by a photodetector. This
all-optical process can be performed in a few nanoseconds, however, because this demonstration
is concerned with demonstrating the practicality of all-optical modulation in optical computing,
we performed it at microsecond time scales. Hence, the input micro-ring is operated in state 2
to enhance the thermo-optic effect and obtain better modulation performance. The dot product
measurement results, shown in Fig. 5(b), reveal an effective resolution of 8 bits, which meets the
performance requirement discussed in Supplement 1.

Based on the dot product measurement results, we propose an on-chip in-sensor computing
scheme as shown in Fig. 6(a). The micro-ring resonator array (MRR) consists of N different
pn-doped parallel-coupled rings, which enables the independent modulation for different channels.
Laser signals with N different wavelengths are combined into a single waveguide as the source
for the photonic chip. An image is projected through a lens onto a 1 × N MRR array (yellow
area), enabling a fully passive visible-NIR signal conversion via all-optical modulation to encode
input data pi to the amplitudes of NIR light at multiplexed channels. The modulated NIR probe
signal is then directed to an M × N weight bank (blue area) for matrix multiplication: wj,ipi. At

https://doi.org/10.6084/m9.figshare.29564678
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Fig. 5. Demonstration of the dot product operation using all-optical modulation.
(a) Schematic diagram of the dot product using MRR array. The visible input signal
is transferred to the NIR probe signal in the input MRR. Combined with the electrically
applied weight, the intensity of the NIR signal out of the weighting MRR represents the dot
product. (b) 256×12 photonic dot product measurements using 1×2 MRR array. The error
between the measured values and the expected values has a standard deviation of 0.0071,
which yields an effective resolution of 8 bits.

Fig. 6. (a) Schematic of our proposed in-sensor computing scheme based on PNNs using
all-optical modulation. The modulated probe signals go to the weight bank and the final
multiplication result is accumulated by the photodetector; pi: one element in input array; wj,i:
weight strength of input i associated with neuron j in weight matrix; vj: weighted addition; f :
activation function; yj output of neuron j. (b) Validation accuracy of the MLP model during
training on the MNIST recognition dataset using the measured dot product as a function of
the epoch. (c) Confusion matrix based on the predicted results for the MNIST test dataset.
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the output of the weight bank, balanced-photodetector are arranged to detect the optical power
of multiwavelength signals to achieve weighted addition vj =

∑︁
wj,ipi. The performance of the

proposed scheme is evaluated. We performed a simulation to train a multi-layer perceptron
(MLP) model using the dot product results. A three-layer model is built and trained based on
the MNIST hand-written dataset (the details are provided in Supplement 1). As a result, the
validation accuracy and confusion matrix, presented in Fig. 6(b) and Fig. 6(c), respectively,
show a validation accuracy of 96.82%. It demonstrates that the integration of our all-optical
modulation approach into the scheme based on PNNs does not compromise accuracy and proves
its practicality for neural network applications. In addition to the above demonstration, we
demonstrate the implementation of basic logic gates using our all-optical modulation approach;
further illustrating its potential in optical digital computing architectures, which are discussed in
Supplement 1.

With 8×8 pixels input for neural network (the similar size of reported end-to-end photonic-
based image classifier), the power consumption for a single imaging classification task needs
54.28 µJ under the proposed scheme using the thermal controlled weight bank (including IR laser
power, thermal control power consumption for weight bank, and power to process and convert the
output of a layer to the input of the next layer), compared with 66.8 µJ for the CMOS sensor and
photonic computing architecture, and 200.06 µJ for the same sensor and electrical computing
architecture. Moreover, the proposed architecture is scalable and the energy consumption can
be significantly decreased by integrating with the nonvolatile material to construct the weight
bank [36–39]. For example, the energy consumption is only 16.55 µJ per task by integrating
with the nonvolatile material for an architecture of 28×28 pixels input. In the end-to-end image
classification scheme, the latency is primarily due to the sensing process [26]. When the sensing
is mainly dominated by the thermo-optic effect, the delay time of this scheme is 20 times faster
than that of the scheme which is based on both electrical and optical computing architecture with
a CMOS sensor. The details regarding the energy consumption are provided in Supplement 1.

3. Conclusion

In this paper, we propose an all-optical, in-sensor computing scheme based on all-optical
modulation and PNNs. It utilizes pn-doped micro-ring resonators to facilitate the conversion of
signals from visible inputs to NIR outputs. Our research delves into the modulation effects of both
free carrier dispersion and the thermo-optic effect, which exhibit dual-effect modulation, with
different time scales, within the input micro-rings. We experimentally validated the performance
of our proposed all-optical approach. We explored a method to switch the modulation state, and
optimize the modulation performance, by controlling the state of the pn terminals. This method
effectively removes the free carrier dispersion effects and enhances the thermo-optic effects. By
doing so, we were able to achieve a maximum modulation depth of 16.96 dB. Furthermore, we
discuss the potential application of our all-optical modulation solution to low-latency imaging
classification by proposing an in-sensor computing scheme. Our on-chip, in-sensor, imaging
classification offers a robust, low-latency solution for image classification tasks.
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