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Section 1 Implementation approaches for convolutional spectrometers 
The structural simplicity of the proposed convolutional spectrometer—requiring only a cascade of 

optical components with periodic responses—allows its flexible implementation across various optical 
platforms using different building blocks. For instance, in conventional free-space optics, lens systems can 
be used to cascade multiple stages of interferometers, such as Michelson or Fabry-Pérot interferometers, to 
construct a convolutional spectrometer. The inherent periodicity of each interferometer ensures a periodic 
overlaid system response, while the waveform shifting can be readily achieved by adjusting the lens 
positions. Compared to integrated platforms, this free-space configuration offers advantages such as a larger 
aperture for light collection, simplified optical coupling, greater flexibility in optical path design, and 
negligible dispersion effects. Furthermore, miniaturization can be achieved using mature microelectro-
mechanical systems (MEMS) technologies1,2. Similarly, on optical fiber platforms, one can employ fiber 
splitters and reflectors to build Michelson interferometers or use fiber Bragg gratings—particularly long-
period gratings (LPGs), which provide a wide working bandwidth—to create tunable Fabry-Pérot cavities, 
thereby realizing the proposed convolutional spectrometers3–5. These approaches are both straightforward 
and cost-effective. 

 

Fig. S1: (a) Schematic diagram of a 4-stage convolutional spectrometer with cascaded all-pass MRRs. (b) 
Simulated spectral response of an over-coupled MRR. (c) Simulated overlaid system response. The inset shows a 
composite FSR. (d) Calculated frequency components in the Fourier domain. (e) Simulated temporal circular 
waveform shifting. (f) System responses at two different time indexes, demonstrating the temporal waveform 
shifting. (g-h) Resolved dual-peak signal and continuous broadband spectrum, respectively. 



For photonic integration platforms, aside from the unbalanced MZI scheme demonstrated in the main 
text, convolutional spectrometers can also be realized using micro-ring resonators (MRRs) or waveguide-
based gratings. Here, we showcase a 4-stage convolutional spectrometer based on all-pass MRRs on a SiN 
platform, validated through rigorous simulations using Lumerical FDTD and Interconnect. Figure S1a 
shows the device schematic. Each micro-ring is designed to be over-coupled to attain a wide full-width at 
half maximum (FWHM) and a moderate extinction ratio, thereby ensuring the system response to feature 
abundant frequency components with minimal loss6. For example, Fig. S1b presents the spectral response 
of one specific MRR. Figure S1c further depicts the overlaid system response. The corresponding frequency 
components (Fig. S1d) exhibit around 48 non-zero terms. By applying proportional phase modulation to 
each MRR following Eq. (9), circular waveform shifting is achieved, as shown in Fig. S1e. Additionally, 
Fig. S1f presents the system responses at two distinct time points, highlighting the temporal waveform 
shifting. The spectrometer performance is assessed by resolving various input spectra. For instance, Figs. 
S1g and S1h illustrate the accurate recovery of a dual-peak spectrum and a continuous, broadband spectrum, 
respectively.  

Besides SiN platform, our designs can be readily transferred to other photonic integration platforms to 
exploit their respective advantages: for example, silicon-on-insulator (SOI) platforms allow a more compact 
footprint with enhanced thermo-optic efficiency7; Lithium niobate (LiNbO₃) platforms offer high-speed 
modulation owning to its strong electro-optic effect8; and III-V monolithic or heterogeneous integration 
platforms facilitate the incorporation of high-performance PDs and even on-chip light sources, thereby 
enhancing the system integration level9,10. 

Overall, these results demonstrate the scalability of our convolutional spectrometer under various 
implementation scenarios. 

Section 2 Analysis on bandwidth and resolution  
One attractive feature of our convolutional spectrometer is that its periodic nature allows convolution 

operations to occur within any composite FSR, enabling a theoretically infinite bandwidth. Moreover, as 
indicated by Eq. (1), the span of composite FSR can be easily customized by tailoring the FSRs of individual 
MZIs. For example, setting the FSRs of each MZI in a 4-stage system to 420/5 cm-1, 420/7 cm-1, 420/13 
cm-1, and 420/17 cm-1, respectively, yields a composite FSR of 420 cm-1. This allows the circular 
convolution to be performed within any 420 cm-1 range, e.g., from 6000 cm-1 to 6420 cm-1 or from 8000 cm-

1 to 8420 cm-1. In practice, the composite FSR should be set to exceed the bandwidths of corresponding 
NIR sources, such as SLDs or LEDs. Therefore, a single convolutional spectrometer can operate in tandem 
with multiple NIR sources centered at different wavenumbers to cover an ultra-wide detection range. 

On the other hand, the resolution of a convolutional spectrometer can be intuitively interpreted through 
its mathematical principles. As seen in Eq. (5), since 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠∗[𝑘𝑘]  appears in the denominator, the highest 
frequency component of the system response, i.e., the largest non-zero term in the 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠∗[𝑘𝑘]  sequence, 
determines the maximum frequency component of the incident spectrum that can be recovered. This 
theoretically defines the resolution of a convolutional spectrometer, as written by Eq. (6). Therefore, to 
facilitate superior spectrometer resolution, it is essential for the convolutional core to accommodate 
abundant frequency components, continuously spanning from low to high frequency regions. In the ideal 
case without dispersion, the response of a single MZI stage is a triangular function (see Eq. (7)), thus 
contributing only one frequency component in the Fourier domain, as determined by its arm length 
difference 𝛥𝛥𝐿𝐿𝑖𝑖. However, in a cascaded MZI system, the frequency components arise from the additive and 
subtractive combinations of the arm length differences across various MZI stages. For example, in a three-



stage MZI system, the frequency components are derived from Δ𝐿𝐿1 , Δ𝐿𝐿2 , Δ𝐿𝐿3 ，Δ𝐿𝐿1 +/−Δ𝐿𝐿2 , Δ𝐿𝐿1 +
/−Δ𝐿𝐿3 , Δ𝐿𝐿2 +/−Δ𝐿𝐿3 , and Δ𝐿𝐿1 +/−Δ𝐿𝐿2 +/−Δ𝐿𝐿3 . This sums up to 14 components when including the 
fundamental frequency. In analog, the theoretically maximum number of frequency components 𝑛𝑛(𝑘𝑘) in a 
cascaded MZI system with N stages can be expressed as: 

𝑛𝑛(𝑘𝑘) = 1 + � 𝐶𝐶𝑁𝑁𝑖𝑖 2𝑖𝑖−1𝑁𝑁
𝑖𝑖=1                                                (S1) 

Notably, the term � 𝐶𝐶𝑁𝑁𝑖𝑖 2𝑖𝑖−1𝑁𝑁
𝑖𝑖=1  is proportional to 3𝑁𝑁, which indicates that as the number of stages increases, 

the frequency components could grow exponentially, leading to an exponential escalation in resolution.  

 

Fig. S2: (a) Simulated system responses for convolutional spectrometers with different numbers of MZI stages, 
all exhibiting complex overlaid waveforms with consistent periodicity. (b-c) Spectral responses with a specific 
composite FSR and their corresponding frequency components, respectively, demonstrating the increase in non-
zero frequency components with more cascading stages. 



Hence, to realize optimal system resolution, the arm length difference 𝛥𝛥𝐿𝐿𝑖𝑖 of various MZI stages should 
be systematically optimized so that the resulting frequency components in 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠∗[𝑘𝑘]  satisfy two design 
criteria: 1) avoiding overlap between different spectral components (e.g., to avoid cases such as Δ𝐿𝐿1 −
Δ𝐿𝐿2 = Δ𝐿𝐿3 − Δ𝐿𝐿2), and 2) maintaining a continuous coverage with minimal breaks to prevent any loss of 
spectral information during the convolution process. To achieve this, we employ a traversal algorithm to 
search for the optimal combination of 𝛥𝛥𝐿𝐿𝑖𝑖 for convolutional spectrometers with varying stage numbers. 
Based on these combinations, we simulate their system responses in Lumerical Interconnect. Temporal 
phase modulations are then applied to simulate the waveform circular shifting. It should be noted that the 
power splitting ratio 𝜌𝜌 in MZIs is also an important design parameter, as it determines the intensities of 
different frequency components. Our simulations suggest that a 𝜌𝜌 between 0.1 and 0.3 facilitates balanced 
frequency components with suitable intensities. This flexible design space, in turn, provides ample 
fabrication tolerance for practical implementation. 

Figure S2a plots the simulated system responses over an ultra-broad spectral range, showing the 
complex overlaid waveform with consistent periodicity. Fig. S2b-c further showcases their spectral 
responses within a specific composite FSR, and corresponding frequency components, respectively. As seen, 
with the increase in cascading stages, the waveform complexity significantly rises, yielding greater number 
of frequency components—from less than 20 components in the three-stage system to >1000 components 
in the seven-stage system. In practice, the fabricated device will exhibit an even richer set of frequency 
components (see Fig. 2d) due to the dispersion effects, such as variations in the waveguide index and the 
gradual change in the coupler’s power splitting ratio. These effects introduce additional high-frequency 
components, thereby enhancing the system’s resolution. 

Based on the simulated spectral responses, we then examine the spectrometer resolution by recovering 
various dual-peak signals (i.e. following the Rayleigh Criterion). Figure S3 plots the resolved dual-peak 

 

Fig. S3: Simulated recovery of dual-peak signals using convolutional spectrometer with varying numbers of 
cascading stages.  



signals with varying spectral spacings. As the number of stages increases from 3 to 7, the resolution 
improves from 29.1 cm-1 (i.e. 7 nm) to below 0.8 cm-1 (i.e. 0.2 nm), which aligns well with the theoretical 
calculation as per Eq. (6).  

In summary, by tailoring the arm length differences and customizing the number of MZI stages, the 
proposed convolutional spectrometer offers an extensive design flexibility and scalability in terms of 
bandwidth and resolution, making it adaptable to a wide range of application scenarios with varying 
performance requirements. Such scaling up, on the other hand, mainly leads to a linear increase in hardware 
consumption, including chip size, required electrodes, and the number of driving channels, but does not 
affect the system’s control/modulation scheme (see Eq. 9). 

Section 3 Noise and dispersion correction 
Spectrometers are inherently subject to multiple noise sources, including thermal fluctuations, dark 

current artifacts, and stray light interference. To quantify these effects, we introduce a temporal Gaussian 
white noise term 𝑛𝑛𝑔𝑔𝑔𝑔[𝑡𝑡] with a standard deviation 𝜎𝜎 into Eq. (3), resulting in:  

𝑝𝑝[𝑡𝑡] = ∑ 𝑥𝑥[𝜈𝜈]𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠∗[(−𝜈𝜈 + 𝛿𝛿𝛿𝛿 ∙ 𝑡𝑡)𝑁𝑁] + 𝑛𝑛𝑔𝑔𝑔𝑔[𝑡𝑡],   𝑡𝑡 = 0,1,2, … ,𝑁𝑁 − 1 𝜈𝜈𝑁𝑁−1
𝜈𝜈=𝜈𝜈0                (S2) 

Applying the DFT to both sides of Eq. (S2) yields: 

𝑥𝑥[𝜈𝜈] = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 �𝑃𝑃
[𝑘𝑘]−𝑁𝑁𝑔𝑔𝑔𝑔[𝑘𝑘]
𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠∗[𝑘𝑘] � =  𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 � 𝐷𝐷𝐷𝐷𝐷𝐷(𝑝𝑝[𝑡𝑡])

𝐷𝐷𝐷𝐷𝐷𝐷�𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠∗[𝜈𝜈]�
� − 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 �𝐷𝐷𝐷𝐷𝐷𝐷�𝑛𝑛𝑔𝑔𝑔𝑔[𝑡𝑡]�

𝐷𝐷𝐷𝐷𝐷𝐷�𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠∗[𝜈𝜈]�
�              (S3) 

As observed, due to the presence of noise, the recovered spectrum 𝑥𝑥[𝜈𝜈] includes a linear superposition of 
Gaussian white noise. Since this noise component undergoes both DFT and inverse DFT, its standard 
deviation remains 𝜎𝜎 . In other words, the convolutional spectrometer system does not suffer from any 
spectral distortion, but only linearly adds the measurement noise to the recovered spectrum (i.e. with the 
noise magnitude remaining unchanged). This linear characteristic allows commonly used noise reduction 
techniques11, such as digital low-pass filters, to be utilized to improve recovery accuracy. In contrast, it is 
worth noting that the reconstructive type of spectrometer exhibits unpredictable nonlinear distortions in the 
presence of measurement noise. This arises from their reliance on nonlinear reconstruction algorithms, such 
as iterative convex optimization or neural networks, which essentially perform a global approximation 
towards the incident spectrum. As a result, noise is not uniformly and linearly superimposed onto the 
reconstructed spectrum but instead induces random, non-physical artifacts (e.g., spurious side peaks near 
actual signal features). 

Figure S4 showcases the application of a digital low-pass filter during the calculation of Eq. (S3) in a 

 

Fig. S4: (a) Calculated signal sequence in the Fourier domain, illustrating the impact of measurement noise. (b) 
Simulated spectra recovery under a high-noise condition, shown before and after applying a denoising low-pass 
filter, respectively. 



high-noise environment. In Fig. S4a, the calculated term 
𝑃𝑃[𝑘𝑘]−𝑁𝑁𝑔𝑔𝑔𝑔[𝑘𝑘]
𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠∗[𝑘𝑘]  is plotted to reveal the impact of noise 

in the Fourier domain. Note that here the sequence length 𝑁𝑁 is set to 200, with the highest non-zero 
frequency component of the system response sequence 𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠∗[𝑘𝑘]  being 40. This leaves the region from 
index 40 to 160 containing no spectral information, but only noise. Therefore, a digital filter can be applied 
to this region to remove the noise. Figure S4b compares the simulated spectral recovery with and without 
this filtering step, showing a significant noise reduction effect. Advanced denoising algorithms, such as 
deep neural networks12, and physical denoising techniques like phase-locked loops13, can be employed to 
further mitigate the measurement noise. In practice, prior knowledge of the input light source can also be 
leveraged to eliminate any spectral artifacts outside its illumination bandwidth. 

Besides noise, we investigate the impact of dispersion on our convolutional spectrometer. Specifically, 
dispersion effects 1) stretch the oscillation period of each MZI stage, and 2) induce variations in phase 
modulation across the spectral domain. To model such effects, we refer to the previous studies on FT 
spectrometers, which also fundamentally consist of unbalanced MZIs14,15. By denoting the phase shift at 
central wavenumber 𝜈𝜈0 and time 𝑡𝑡0 to be 𝜑𝜑𝑖𝑖|𝜈𝜈0,𝑡𝑡0, and assuming that the waveguide's effective refractive 
index 𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒(𝜈𝜈) follows a series expansion up to first order and the phase modulation varies linearly with 
wavenumber, the following expressions can be derived14: 

𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒(𝜈𝜈) =  𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0 +  𝜕𝜕𝜈𝜈𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒𝑢𝑢                           (S4) 
𝜑𝜑𝑖𝑖(𝜈𝜈, 𝑡𝑡) = 𝜑𝜑𝑖𝑖|𝜈𝜈0,𝑡𝑡0 + ∆𝜑𝜑𝑖𝑖(𝑡𝑡)(1 + 𝜉𝜉)𝑢𝑢                                           (S5) 

where 𝜕𝜕𝑣𝑣𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒 = 𝜕𝜕𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒(𝜈𝜈)
𝜕𝜕𝜕𝜕

, 𝑢𝑢 = 𝜈𝜈 − 𝜈𝜈0, and 𝜉𝜉 is a constant depending on the phase modulation mechanism. 
For example, in thermal phase shifters, 𝜉𝜉  relates to the nonlinearity in thermo-optic coefficient and the 
thermal expansion of waveguide. Substituting Eq. (S4-S5) into Eq. (10) and expressing it in incremental 
form yields: 

𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠(𝜈𝜈,  𝑡𝑡0 + ∆𝑡𝑡) = ∏ 𝛾𝛾1 (𝛾𝛾2 + cos (2𝜋𝜋𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒(𝜈𝜈)𝑢𝑢∆𝐿𝐿𝑖𝑖 + 𝜑𝜑𝑖𝑖(𝜈𝜈, 𝑡𝑡)))𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑖𝑖=1                       

= ∏ 𝛾𝛾1 (𝛾𝛾2 + cos �2𝜋𝜋 �𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0𝑢𝑢 + 𝜕𝜕𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒
𝜕𝜕𝜕𝜕

𝑢𝑢2� ∆𝐿𝐿𝑖𝑖� + 𝜑𝜑𝑖𝑖|𝜈𝜈0,𝑡𝑡0 + ∆𝜑𝜑𝑖𝑖(𝑡𝑡)(1 + 𝜉𝜉)𝑢𝑢)𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑖𝑖=1    (S6) 

To eliminate higher-order terms, the mean value theorem can be applied for approximation, i.e., 𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0𝑢𝑢 +
𝜕𝜕𝜈𝜈𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒𝑢𝑢2 ≈ (𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0 + 2𝜕𝜕𝜈𝜈𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚)𝑢𝑢, where 𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚 =  𝐹𝐹𝐹𝐹𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐/4, resulting in: 

          𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠(𝜈𝜈,  𝑡𝑡0 + ∆𝑡𝑡) = ∏ 𝛾𝛾1 (𝛾𝛾2 + cos�2𝜋𝜋(𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0 + 2𝜕𝜕𝜈𝜈𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚)(𝑢𝑢 + ∆𝑢𝑢)∆𝐿𝐿𝑖𝑖� + 𝜑𝜑𝑖𝑖|𝜈𝜈0,𝑡𝑡0)𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑖𝑖=1      

= 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠(𝜈𝜈 + ∆𝜈𝜈,  𝑡𝑡0)                                                        (S7) 

 

Fig. S5: Resolved spectra with and without the dispersion-correction scheme using experimental data, 
respectively, showing enhanced spectral accuracy.  



where ∆𝑢𝑢 = ∆𝜈𝜈 = (1+𝜉𝜉)∆𝜑𝜑𝑖𝑖(∆𝑡𝑡)
2𝜋𝜋�𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0+2𝜕𝜕𝜈𝜈𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚�∆𝐿𝐿𝑖𝑖

 . Compared to the ideal non-dispersive case where ∆𝑣𝑣 =
∆𝜑𝜑𝑖𝑖(∆𝑡𝑡)

2𝜋𝜋𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛|𝜈𝜈0∆𝐿𝐿𝑖𝑖
, Eq. (S7) indicates that the presence of dispersion scales the step size in waveform shifting by 

a factor of 𝐶𝐶 =
(1+𝜉𝜉)𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛|𝜈𝜈0

𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0+2𝜕𝜕𝜈𝜈𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒|𝜈𝜈0𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚
 when applying the same increment in phase modulation. Thus, during 

the construction of the discrete convolutional core, this factor needs to be incorporated into the footstep in 
waveform shifting for dispersion correction, updating Eq. (S7) to: 

  𝑝𝑝[𝑡𝑡] = ∑ 𝑥𝑥[𝜈𝜈]𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠∗[(−𝜈𝜈 + 𝛿𝛿𝛿𝛿∗ ∙ 𝑡𝑡)𝑁𝑁],   𝑡𝑡 = 0,1,2, … ,𝑁𝑁 − 1 𝜈𝜈𝑁𝑁−1
𝜈𝜈=𝜈𝜈0                 (S8) 

where 𝛿𝛿𝛿𝛿∗ = 𝐶𝐶𝐶𝐶𝐶𝐶 . In practice, this correction factor can be easily calibrated by launching a standard 
incident spectrum as a reference. As an example, Fig. S5 presents the recovery of the same spectrum, with 
and without the application of the dispersion correction formula, on the basis of experimentally measured 
data, illustrating the improvement in spectral accuracy. 

Section 4 Device cost analysis  
Table S1 provides a detailed cost breakdown of our ConvSpec. Currently, leading foundries such as 

AMF (Singapore), CUMEC (China), and Cornerstone (UK) offer SiN wafer-level tape-out services at 
approximately $20,000 per 8-inch wafer (200 mm diameter)16,17. Given the compact footprint of our 
convolutional spectrometer at 0.9 × 3.5 mm2, a single wafer can produce roughly 10,000 spectrometers, 
resulting in a cost per photonic chip of less than $2. This indicates that the integrated photonic chip 
represents only a small portion of the total sensor cost. In contrast, the control and processing electronics 
account for a larger portion of the expenses, including an 8-channel DAC (AD5328BRUZ-REEL7) that 
costs approximately $3, and an STM32 MCU priced around $2. The most expensive component is the 
InGaAs PD (LSIPD-L0.3), which is around $5 under large-volume procurement. The PCB itself and other 
components like capacitors and resistors are relatively inexpensive, with a total cost compressed to under 
$1. 

Note that the above cost analysis is based on current mainstream retail prices, which could decrease 
further under large-scale production. This highlights the feasibility of mass-manufacturing our design at an 
ultra-low cost. 

Section 5 Design details of curved DC 
Figure S6a illustrates the schematic of the curved directional coupler (DC) used in constructing the 

unbalanced MZIs. Compared to conventional symmetrical DC, curved DC offers a better dispersion 
stability due to its enhanced phase-matching capability18. To achieve an ultra-broad operating bandwidth, 
we systematically optimize its geometrical parameters by runnning a custom particle swarm optimization 
(PSO) algorithm script in ANSYS Lumerical FDTD19. Figure S6b presents the optimized coupling 
efficiency across wavenumbers, showing that a desired splitting ratio between 0.1 and 0.3 is well maintained 
across the broad spectral range of 5500 cm-1 to 8500 cm-1 (i.e. between 1175 nm and 1815 nm), along with 
a minimal insertion loss. This indicates that the intrinsic bandwidth of our device is expected to be broader 

Table S1. Device cost breakdown (in USD) 

Photonic chip InGaAs PD MCU  DAC PCB and others Total cost 

 < 2 < 5 < 2 < 3 < 1 < 13 

 



than the currently demonstrated 2400 cm⁻¹. Notably, the minor dispersion in the coupling efficiency does 
not compromise the convolutional spectrometer’s performance. This is because each MZI stage performs 
spectral shifting within its respective FSR, where the coupling efficiency remains effectively constant over 
these narrow ranges. Thus, the linear waveform shifting can always be achieved.  

Section 6 Thermal phase tuning of MZIs 
To enable precise phase modulation, we calibrate all MZI stages by launching a fixed laser signal and 

sweeping the driving power of each phase shifter while monitoring the output power intensity. For clarity, 
the driving power is labeled positive for the MZI’s long arm and negative for the short arm. Figure S7a 
illustrates the output power at various driving power levels. Figure S7b further shows the extracted linear 
relationship between the phase shift and driving power, showing that the complementary phase shifters on 
both MZI arms achieve the phase modulation from −π to +π with a thermal tuning efficiency of 
approximately 32 mW/rad. Accordingly, a look-up table is created to map the targeted phase shift to the 
corresponding driving power. Note that during our experiments, the smallest phase-shift step is around 
𝜋𝜋/20, which corresponds to an increment in driving power of about 5 mW. This value is far larger than the 

 

Fig. S6: (a) Schematic of the curved directional coupler. (b) Simulated coupling efficiency over a broad spectral 
range. 

 

Fig. S7: (a) Measured optical power intensity as a function of the driving power applied to the complementary 
phase shifter pair on different MZI stages, respectively. (b) Phase shift versus driving power across different MZI 
stages, showing a consistent thermal tuning efficiency of approximately 32 mW/rad. 



power resolution supported by our driving circuits (<0.1 mW), ensuring precise and stable phase 
modulation during operation. Meanwhile, given that each MZI linearly modulates within the −π to +π range, 
the system’s average power consumption is around 200 mW. 

Section 7 Temperature stability  
Temperature variations are typically detrimental to photonic integrated devices, causing red/blue shifts 

in system responses20. However, for the convolutional spectrometer, as the system inherently relies on 
spectral-domain waveform shifts, it theoretically features an almost infinite temperature tolerance. To 
validate this, we place our spectrometer inside a temperature chamber and gradually increased the ambient 
temperature from -20°C to 80°C in 5°C increments. Figure S8a shows the corresponding waveform shift 
across the ultra-wide spectral range, with insets enlarging a few observation windows. The results indicate 
that the waveform shift consistently remains at approximately 0.016 nm/°C (equivalent to about 0.055 to 
0.095 cm-1/°C across different spectral bands). This moderate spectral shift can be attributed to the low 
thermal sensitivity of the SiN integration platform. 

Accordingly, we model the temperature tolerance by simulating spectral recovery under varying 
temperatures. Figure S8a displays the output PD signal sequences 𝑝𝑝[𝑡𝑡] for a specific input spectrum across 
different temperatures. As observed, temperature drift primarily induces a cyclic shift in the intensity 
sequences, accompanied by minor amplitude variations. Therefore, in practice, a thermistor can be 

 

Fig. S8: (a) Measured system responses under ambient temperatures ranging from -20°C to 80°C. The insets show 
a few representative observation windows, highlighting the consistent waveform shifting caused by the 
temperature change. (b) Output power intensity sequences for a specific input spectrum under varying ambient 
temperatures. (c) Resolved spectra after algorithmic correction to counteract the impact of temperature variations, 
all demonstrating satisfactory accuracy. 



implemented to monitor the device’s real-time temperature, enabling an algorithmic correction to be applied 
to the PD sequence to counteract the impact of temperature drift. Figure S8b presents the resolved spectra 
using this correction scheme across various temperatures, achieving relative errors between 0.02 to 0.16. 
This demonstrates a superior thermal stability of at-least 100 °C.  

Section 8 Optical testbed and sampling interfaces 
Figure S9 shows the optical testbed of our ConvSpec, including the calibration of spectral response, 

convolutional recovery of unknown incident spectra, and various NIR spectrometric sensing 
demonstrations. During calibration, six SLDs with different center wavelengths are sequentially introduced 
to the ConvSpec, and the corresponding output spectra are measured using an optical spectral analyzer 
(YOKOGAWA AQ6370D) to establish the full-band response. Note that this calibration only necessitates 
recording the initial system response under no phase modulation (see Eq. (2-5)), which requires much less 
effort compared to those reconstructive spectrometers that must record the entire sampling matrix, i.e., the 
individual responses of different spatial or temporal sampling channels6. While for resolving various 
unknown input spectra, the output optical power intensities are measured using the co-packaged PD (see 
Fig. 2b). The recorded power intensity sequences, along with the calibrated system response, are then 
utilized for spectral recovery based on the convolution theorem. 

For the NIR sensing applications, the six SLDs are also sequentially activated to illuminate the samples 
(i.e. solid and liquid samples or human skin), while the reflected or transmitted light is collected using 

 
Fig. S9: (a) Schematic of the optical testbed for calibration, unknown spectra recovery, and NIR spectrometric 
sensing applications. (b) Amplified spontaneous emission (ASE) spectra of the six SLDs. 



different sampling interfaces. For example, Fig. S10a illustrates the sampling interface designed for solid 
substances, featuring a single-mode fiber (SMF) lense-based collimator (with a beam diameter of 500 µm) 
surrounded by 2 mm surface PDs (Suna Optoelectronics, PD-2000-C3). This type of surface PD features a 
working bandwidth of over 5 MHz, which is far higher than the kHz-level sampling speed required in our 
experiments. A glass sample container is positioned above this interface, allowing the illuminating SLD 
sources to reach the sample and then reflect back to the PDs. The measured power intensities are then 
utilized to calculate the sample reflectance spectra. Likewise, Fig. S10b depicts the sampling interface for 
liquid samples, which comprises an SMF collimator, a cuvette, and surface PDs. In this setup, the light 
beam generated by the SLDs transmits through the liquid sample in the cuvette before being collected by 
the PDs, thereby obtaining the sample’s absorptance. For the non-invasive sensing of human biomarkers, a 
wrist wearable probe is customized to stably measure the skin reflectance spectra, as shown in Fig. S10c. 
At its center, an SMF collimator directs the SLD illumination onto the skin, while the surrounding PDs 
capture the reflected light. 

Section 9 Detector placement and sensing depth 
In skin diffuse-reflectance NIR sensing, the source–detector separation (SDS) is a key parameter that 

determines both the sampling depth and signal strength. A larger SDS allows photons to travel deeper into 
tissue but reduces the detected signal, whereas a smaller SDS yields stronger signals dominated by 
superficial layers. This trade-off is well described by classical diffusion theory and has been confirmed by 
numerous Monte Carlo and experimental studies21–23. Figure S11 shows the typical penetration depth for 
NIR incident light. Specifically, when the SDS is below 1 mm, the detected signal primarily reflects from 

 

Fig. S10: (a-b) Schematic and photos of the sampling interfaces designed for solid and liquid samples, respectively. 
(c) Photos of the customized wrist-wearable probe for measuring skin reflectance spectra. 



the epidermis and papillary dermis, within an approximate depth of 1 mm. Increasing the SDS to around 2 
mm extends the sampling range to include the full dermis and shallow subcutaneous tissue at depths of 
roughly 1–2 mm. Further increasing the SDS to about 3 mm shifts the sampling depth toward deeper 
subcutaneous layers, although the signal intensity decreases significantly due to photon attenuation. 

In our wearable probe (see Fig. S10c), we employ a surface PD with a 2 mm active area, and the SDS 
is set to 2 mm, ensuring a good balance between the penetration depth and signal strength. This design is 
also consistent with previously reported glucose-monitoring probes, which typically use SDS values of 1.5–
2.5 mm24,25. 

Section 10 System noise analysis  
To quantify the intrinsic noise performance of the proposed ConvSpec system with a wearable probe, 

we measure its noise floor under both off-body (i.e., static testing) and on-body (i.e., wearable sensing) 

 
Fig. S12: Measured system noise floor during off-body and on-body measurements, respectively. 

 

Fig. S11: Schematic illustration of the relationship between source–detector separation (SDS) and tissue sampling 
depth in skin diffuse-reflectance NIR sensing.  



conditions, as illustrated in Fig. S12. Under off-body conditions, the measured noise floor is approximately 
–53 dBm, where the noise primarily originates from the transimpedance amplifier (TIA) circuit, 
quantization noise of the analogy-to-digital converter (ADC), power supply ripple, and electromagnetic 
interference (EMI). When the probe is placed on-body, the noise floor increases to approximately –42 dBm. 
This increase can be attributed to the additional ambient light leakage and micro-motions of the skin.  

Given that the aggregated output power of our SLD sources ranges from 0 to +5 dBm and the optical 
link loss is approximately 16–22 dB (see Fig. 5b), the detected power during our wearable sensing 
experiments typically falls between –11 dBm and –22 dBm. This corresponds to an effective system signal-
to-noise ratio (SNR) of about 20–31 dB during the on-body testing. 

Section 11 Additional Spectral and modeling results  
Figure S13 presents the reconstruction results of various randomly shaped, continuous spectra 

generated by a benchtop waveshaper using our ConvSpec. The relative reconstruction errors range from 
about 0.02 to 0.04, demonstrating the exceptionally high accuracy of our device. 

Figure S14 presents the classification results for different pharmaceutical, coffee, flour, and tea samples 
using the kNN models, all achieving 100% success rates. This highlights the application potential of our 
spectrometer in industrial, pharmaceutical, and agricultural areas.  

Figure S15 presents the predicted concentrations of aqueous ethanol and lactate solutions, as well as 
organic EG-in-IPA solutions, using SVR models. The calculated MAE values are 0.017%, 0.015%, and 
0.006%, while the RMSE values are 0.022%, 0.021%, and 0.013%, respectively. 

Figure S16 illustrates the modeling results for predicting glucose solution concentrations with 
commercial spectrometers (both illuminated with a commercial tungsten-halogen lamp source), using their 
partial and full working bandwidths for spectral measurement, respectively. In specific, the benchtop 

 
Fig. S13: Resolved randomly shaped, continuous spectra, with waveform complexity increasing progressively 
from top to bottom row.  



Fourier-transform spectrometer (Bruker MPA II) achieves an MAE of 0.009% and an RMSE of 0.012% 
when utilizing its full bandwidth of 7500 cm-1 (from 4000 cm-1 to 11500 cm-1). These values slightly degrade 
to 0.013% and 0.017%, respectively, when the bandwidth is restricted to 2400 cm-1 (from 5900 cm-1 to 
8300 cm-1). In comparison, the dispersive spectrometer (IdeaOptics NIR17+Px) exhibits an MAE of 0.019% 
and an RMSE of 0.026% with its full bandwidth of 5200 cm-1 (from 5850 cm-1 to 11050 cm-1). When its 
bandwidth is also reduced to 2400 cm-1, the performance further declines, with an MAE of 0.026% and an 
RMSE of 0.034%.  

 
Fig. S14: (a-d) Confusion matrices for the classification results of ten pharmaceutical products, ten coffee 
varieties, twelve flour types, and eight tea grades, respectively. 

 

Fig. S15: (a-c) Predicted vs. actual concentrations of ethanol, lactate and EG-in-IPA solutions using SVR models, 
respectively.   



Section 12 Statistical summary of participants 
Table S2 provides a statistical summary of the number of participants, gender distribution, and age 

groups for the testing of skin moisture, blood alcohol, blood lactate, and blood glucose (including the single-

Table S2. Statistical summary of participants 

Biomarker  Number of 
participants 

Participant 
gender 

Age distribution Total spectra 
collected 

< 25 yrs 25-30 yrs 30-35 yrs > 35 yrs 

Skin moisture 26 
Male 5 4 4 2 

1068 
Female 3 4 2 2 

Blood alcohol 24 
Male 6 3 0 3 

1056 
Female 3 4 2 3 

Blood lactate 48 
Male 9 12 0 3 

1152 
Female 6 9 6 3 

Blood glucose 27 
Male 3 3 3 3 

1107 
Female 3 3 6 3 

Blood glucose 
(long-term) 1 Male - 21 yrs 1380 

 

 
Fig. S16: (a-d) Scatter plots of predicted vs. actual concentrations for glucose solutions measured using different 
commercial spectrometers with varying operational bandwidths. 



participant long-term trial), respectively. In total, our study comprises n = 126 participant sessions and 
collects around 6,000 full-band human spectra. 

Section 13 Additional data on biomarker sensing experiments 
Figure S17 presents the distribution of prediction errors in the SVR modeling for skin moisture, blood 

alcohol, blood lactate, and blood glucose, respectively (corresponding to Fig. 5d, 5f, 5h, and 5j in the main 
text). The modeling MAEs are 2.45%, 1.70 mg dL-1, 0.81 mmol L-1 and 0.36 mmol L-1, while the 80th 
percentiles of errors are 3.98%, 2.59 mg dL-1, 1.28 mmol L-1 and 0.574 mmol L-1, respectively. 

On the other hand, Figure S18a presents the raw and preprocessed spectra collected during the skin 
moisture testing. Figures S18b–d further display the preprocessed spectra measured from all participants 
during the testing of blood alcohol, blood lactate, and blood glucose, respectively. 

Section 14 Incorporating heart rate in blood lactate modeling 
Given that heart rate is strongly correlated with exercise intensity, we further investigate the effect of 

incorporating participants' real-time heart rates as an additional data dimension in the modeling of blood 
lactate concentration. Figure S19 presents the modeling results under this condition, achieving an MAE of 
0.454 mmol L-1 and an RMSE of 0.669 mmol L-1. This corresponds to an almost twofold reduction in error 

 

Fig. S17: (a-d) Distribution of prediction errors in the SVR modeling of spectra collected during the skin moisture, 
blood alcohol, blood lactate, and blood glucose experiments, respectively. 

 

Fig. S18: (a) Raw and preprocessed reflectance spectra measured at varying skin moisture levels for different 
participants, respectively. (b-d) Measured (preprocessed) spectra from participants across varying levels of blood 
alcohol, lactate, and glucose, respectively. 



compared to modeling based solely on spectral data (i.e. 0.814 mmol L-1 and 1.201 mmol L-1, respectively). 
Thus, for certain biomarkers, it could be beneficial to integrate relevant physiological variables to further 
enhance the model accuracy. 

Section 15 Additional discussions on the blood glucose model 
In the main text, we have demonstrated the transferability of our skin moisture model, showing that a 

model pre-trained on spectral data from other participants can accurately predict the skin moisture levels of 
a new participant (see Fig. 5e). This success is attributed to not only the measurement precision and stability 
of our spectrometer, but also to the relatively prominent spectral features of water molecules on the skin 
surface. However, for subsurface blood metabolites, particularly blood glucose, the situation is far more 
complex. The inherently low concentration of blood glucose results in weak spectral signals that can be 
easily obscured by inter-individual variations. Here, we discuss how the selection of training datasets affects 

 

Fig. S19: Predicted and reference blood lactate concentrations using the SVR model that incorporated participants' 
real-time heart rates (left). The distribution of absolute measurement errors (right). 

 

Fig. S20: (a-d) Predicted and reference concentrations of blood glucose using the single-participant DFNN model, 
single-participant SVR model, mixed-source DFNN model, and mixed-source SVR model, along with their 
respective distributions of absolute measurement errors. 

 



the model accuracy in glucose concentration prediction. Figures S20a-b illustrate the modeling performance 
using spectral data from a single participant in our long-term glucose monitoring experiment, applying the 
DFNN and SVR algorithms, respectively (i.e. Fig. S20a replicates Fig. 5l in the main text). Overall, both 
algorithms effectively extract glucose-related information in single-participant modeling, with DFNN 
providing better model correlation and accuracy. However, when we introduce additional spectral data from 
the multi-participant OGTT experiment into the training set, i.e. creating a mixed-source dataset that 
incorporates inter-individual variability while still retaining the target single participant, the correlation and 
prediction accuracy exhibit a noticeable decline, as shown by Fig. S20c-d. Moreover, if we entirely exclude 
the single participant’s data and train the model solely on multi-participant data, the model fails to establish 
any meaningful correlation or predictive accuracy. This, unfortunately, indicates that at our current dataset 
scale, the model is still unable to achieve effective cross-participant transferability. This remains a common 
challenge in the field, requiring a significant expansion of the dataset and the adoption of more advanced 
algorithms to overcome. 

Section 16 Review of miniaturized spectrometers and NIR spectroscopy studies 
To highlight the performance advantages of our ConvSpec, we summarize the key performance metrics 

of the state-of-the-art miniaturized spectrometers based on different working principles and material 
platforms, as listed in Table S3. The results affirm our superiority not only in bandwidth, spectral accuracy, 
and sampling and computing speed, but also in packaging level and large-scale manufacturability.  

Table S4 further reviews a broad range of NIR spectroscopy studies across different application 
scenarios, from material analysis to biomedical sensing, utilizing various types of spectrometers. It can be 
observed that mainstream NIR studies still predominantly rely on bulky and expensive commercial 
spectrometers, with only a few employing prototype devices for proof-of-concept validation. In comparison, 
our ConvSpec offers overwhelming advantages in size and cost, while also delivering bandwidth, resolution, 
and modeling accuracy that are comparable to those of commercial products. 

Table S3. Performance comparison against the state-of-the-art miniaturized spectrometers 

Working principle  
& material  

BW.  RES.  Spectral 
accuracy 

Sampling/ 
computing 

speed 
Packaging level Device 

(chip) size 
CMOS-

compatible 

AWG (dispersive); 
SOI26 10 nm 0.1 nm N.M. N.A.  Bare die 8 × 8 mm2 Yes 

EDG (dispersive); 
SOI27 24 nm 0.5 nm N.M. N.A.  

Bare die with 
integrated PD 6 × 9 mm2 Yes 

Holographic planar 
circuit (dispersive) ; 

SiN28 
148 nm 0.15 nm N.M. N.A.  Bare die 200 mm2 No 

Microdonut resonator 
(narrowband filtering); 

SOI29 
50 nm 0.6 nm N.M. N.A.  Bare die 1 mm2 Yes 

Tunable MRR 
(narrowband filtering); 

SOI30 
10 nm 5 pm N.M. 

1.7 s  
sampling Bare die 0.35 mm2 Yes 



MRR + AWG 
(narrowband filter), 

SOI31 
70 nm 0.2 nm N.M. 

1.1 ms 
sampling 

(theoretical) 

Bare die with 
integrated Ge 

PD 

0.270 × 
0.2 mm2 

(AWG) 
Yes 

 Tunable F-P cavity 
(narrowband filter); 

SOI32 
103 nm 0.51 nm N.M. 0.35 s 

sampling Bare die 43 × 
840 μm2 Yes 

Cascaded MRRs 
(narrowband filter); 

SOI33 
230 nm 30 pm N.M. N.M. Wire-bonded 0.34 mm2 Yes 

MZI array (Fourier 
transform); SOI34 

0.75 nm 0.04 nm N.M. N.A.  Bare die 12 mm2 Yes 

Tunable MZI (Fourier 
transform); SOI14 

233.5 
cm-1 

12.7  
cm-1 N.M. N.M. Bare die 1 mm2 Yes 

MZI array (Fourier 
transform); SiN35 340 nm 49 pm N.M. N.A. Bare die 9.8 × 

0.9 mm2 Yes 

MZI + switch (Fourier 
transform); SOI36 

20 nm 0.2 nm 𝑅𝑅2 > 0.82 
2.7 s  

sampling 

Fully packaged 
+ integrated Ge 

PD 
N.M. Yes 

MZI + MRR (Fourier 
transform); SOI15 90 nm 0.47 nm N.M. 2 s  

sampling 

Wire-bonded + 
integrated Ge 

PD 
N.M. Yes 

Dual-layer MZI 
(Fourier transform); 

dual-layer SiN37 
7 nm 0.4 nm 𝑅𝑅2 > 0.95 N.A.  Fiber-attached 5.8 × 

4.6 mm2 No 

Stationary wave 
(Fourier transform); 

SiN38 
100 nm 6 nm N.M. N.A.  Bare die 0.1 mm2 Yes 

Nanowire 
(reconstructive), 

CdSxSe1-x  nanowire39 
130 nm 10 nm N.M. N.M. Wire-bonded 0.5 × 

75 μm2 No 

Van der Waals junction 
(reconstructive), 

MoS2/WSe2 
heterojunction40 

440 nm 3 nm N.M. N.M. Wire-bonded 22 × 
8 μm2 

No 

Van der Waals junction 
(with memory) 

(reconstructive), 
SnS2/ReSe2 

heterojunction41 

400 nm 5 nm N.M. 40 s 
sampling N.M. 220 μm2 No 

Quantum dot 
(reconstructive); SiN42 300 nm 2 nm N.M. N.A.  Bare die 8.5 × 

6.8 mm2 No 



Coherent network 
(reconstructive); CdS 

and CdSe43 
12 nm 0.02 nm ε < 0.0438 N.A.  Bare die 

520 × 
220 μm2 Yes 

Disordered media 
(reconstructive), 
SiN+polymer44 

40 nm 3.4 nm N.M. N.A.  
Optical wire-

bonded N.M. No 

Multi-resonant cavities 
(reconstructive); SiN45 

270 nm 0.5 nm ε < 0.133 N.A.  Bare die N.M. Yes 

Multi-mode cavity 
(reconstructive); SOI46 100 nm 5 pm 

ε < 0.18, 
𝑅𝑅2 > 0.98 

0.2 s 
sampling Wire-bonded 1 × 

1.5 mm2 Yes 

Microdisk resonator 
(reconstructive); SOI47 

20 nm 0.2 nm ε = 0.029 3 s 
computing 

Bare die 200 × 
200 μm2 

Yes 

Reconfigurable network 
(reconstructive); SiN6 

115 nm 0.03 nm ε < 0.083 
0.4s 

sampling +  
> 9 s 

computing  

Wire-bonded 2.0 × 
7.6 mm2 

Yes 

Programmable circuits 
(reconstructive); SiN48 200 nm 0.01 nm ε < 0.074 

0.7 s 
sampling 
+ > 70 s 

computing 

Wire-bonded 1.9 × 3.7 
mm2 Yes 

MRR + TPA PD 
(reconstructive); SOI49 10 nm 0.4 nm ε < 0.70 N.M. 

Wire-bonded, 
integrated TPA 

PD 

16 × 
16 μm2 
(MRR) 

Yes 

Metasurface+CMOS 
(reconstructive); SOI50 100 nm 70 pm ε < 0.45 N.A. N.M. 0.15 × 

0.95 mm2  Yes 

Chaos-assited MRRs 
(reconstructive); SOI51 

100 nm 10 pm ε < 0.22 N.M. Wire-bonded 
20 × 

22 μm2 
(MRR) 

Yes 

Cascaded MRRs 
(reconstructive); SiN52 520 nm 8 pm ε < 0.11 

4 s sampling 
+ > 500 s 

computing 
Fully packaged 

80 × 
150 μm2 
per MRR 

Yes 

This work: 
Convolutional 

spectrometer; SiN 

2400 
cm-1  

(i.e. 
500 nm)  

5.8 cm-1 
(i.e. 

1.4 nm) 
ε < 0.044 

0.3 s 
sampling + 

50 ms 
computing 

Fully packaged 0.9 × 
3.4 mm2 Yes 

*BW.: bandwidth; Res.: resolution; N.A.: not applicable; N.M.: not mentioned; SOI: Silicon-on-isolator; AWG: arrayed 
waveguide grating; EDF: Echelle diffraction grating; F-P: Fabry-Pérot; TPA: two-photon absorption. 

Table S4. Review of NIR spectroscopic studies 

Application scenarios 
& measurement scheme Spectrometer module Size & Cost BW. RES. Model algorithm 

& performance 



Quality monitoring of 
cow’s milk (ex-situ)53 

FOSS NIR Systems 6500 
(commercial; dispersive) 

Benchtop 
63×38×30 cm3 

>$2,800 

400 nm − 
2500 nm 2 nm 

PLS regression 
with 𝑅𝑅2 of > 0.810 

Composition analysis of 
instant tea (ex-situ)54 

Hitachi U-3010 UV-visible 
(commercial; dispersive) 

Benchtop 
68×69×26 cm3 

>$1,000 

1000 nm − 
2500 nm 2 nm 

BPSO and SVR 
with 𝑅𝑅𝑝𝑝 of > 0.757 

Sugar quantification in 
milk tablets (ex-situ)55 

FOSS NIR Systems 6500 
(commercial; dispersive) 

Benchtop 
63×38×30 cm3 

>$2,800 

400 nm − 
2500 nm 

2 nm 
PLS regression 

with 𝑅𝑅2 of > 0.975 

Predicting maca power 
adulteration (ex-situ)56 

DLP NIR Scan Nano  
(commercial; dispersive) 

Portable 
62×58×36 mm3 

>$1,750 

900 nm − 
1700 nm 8 nm 

LDA and PLS 
regression with 𝑅𝑅2 

of > 0.910 

Land cover classification 
(in-situ)57 

Flame-NIR Miniature 
(commercial; dispersive) 

Portable 
89×63×32 mm3 

>$10,000 

950 nm − 
1650 nm 10 nm 

Minimum distance 
classifier with 

accuracy of 78% 

Plastic classification and 
quantification of solution 
concentration (ex-situ)52 

SiN spectrometer chip 
(prototype; reconstructive) 

Portable 
70×60×20 mm3 

N.M. 

1200 nm − 
1700 nm 

N.M. 
SVR with 100% 
accuracy, and RF 
with 𝑅𝑅2 of 1.00 

Serum analysis for 
discriminating breast 

cancer (in-vitro)58 

Bruker Tensor 27 
(commercial; Fourier 

transform) 

Benchtop 
67×43×28 cm3 

>$59,000 

370 cm-1 − 
7500 cm-1  1 cm-1 LDA with an 

accuracy of 90% 

Measuring the content of 
serum albumin (in-vitro)59 

XDS Rapid Content™ 
(commercial; dispersive) 

Benchtop 
46×57×39 cm3 

>$10,000 

400 nm − 
2500 nm 2 nm 

PLS regression 
with 𝑅𝑅𝑝𝑝 of > 0.997 

Plasma analysis for 
glucose, triglycerides, urea, 
and cholesterol (in-vitro)60 

Bruker Tensor 27 
(commercial; Fourier 

transform) 

Benchtop 
67×43×28 cm3 

>$59,000 

370 cm-1 − 
7500 cm-1  

1 cm-1 
Deming linear 

regression with 𝑅𝑅2 
of > 0.980 

Hemodialysis for urea, 
glucose, lactate, phosphate, 
and creatinine (in-vitro)61 

NIRFlex N-500  
(commercial; Fourier 

transform) 

Benchtop 
35×25×45 cm3 

>$2,000 

4000 cm-1− 
12500 cm-1 8 cm-1 

PLS regression 
with 𝑅𝑅2 of > 0.860 

Non-invasive glucose 
analysis for rats (in-vivo)62 

Bruker Matrix-F FT-NIR 
(commercial; Fourier 

transform) 

Benchtop 
48×31×23 cm3 

>$10,000 

4000 cm-1− 
12000 cm-1  8 cm-1 

PLS and ANN 
with 𝑅𝑅2 of 0.962 

and 0.928 

Non-invasive oral glucose 
test on inner lip (in-vivo)63 

Bruker IFS-66  
(commercial; Fourier 

transform) 

Benchtop 
N.M. 

>$15,00 

4000 cm-1− 
10000 cm-1 

32 cm-1 
Multivariate 

calibration with 
MARD of 23%   

Non-invasive sensing of 
blood glucose (in-vivo)64 

DLP NIRscan Nano EVM 
(commercial; dispersive) 

Portable 
11×6×8 cm3 

>$10,50 

900 nm – 
1700 nm 10 nm 

PLS regression 
with 𝑅𝑅𝑝𝑝 of 0.958 

Non-invasive sensing of 
blood glucose (in-vivo)65 

Handmade optical system 
(prototype; direct intensity 

measurement) 

Portable 
N.M. 
N.M. 

940 & 
1300 nm N.A. 

Huber’s regression 
model with 𝑅𝑅2 of 

0.908  



Non-invasive sensing of 
blood glucose (in-vivo)23  

Handmade optical sensor 
(prototype; direct intensity 

measurement) 

Portable 
N.M. 
N.M. 

1050, 
1219,1314, 
1380,1550, 
&1609 nm 

 

N.A. 
PLS regression 

with average 𝑅𝑅𝑝𝑝 of 
0.790 

This work: 
Solid classification, 

solution quantification, 
and non-invasive sensing 
of skin moisture, blood 

alcohol, lactate and 
glucose (in-vivo) 

 

SiN spectrometer chip 
(prototype; convolutional) 

Portable 
4.8×6×0.6 cm3 

~$10 

5900 cm-1− 
8300 cm-1  5.8 cm-1 

kNN with 100% 
accuracy; 

SVR with 𝑅𝑅2 of 
1.000; 

 SVR with 𝑅𝑅𝑝𝑝 of > 
0.919 

*BW.: bandwidth; RES.: resolution; N.A.: not applicable; N.M.: not mentioned. 𝑅𝑅2: coefficient of determination; 𝑅𝑅𝑝𝑝: prediction 
correlation coefficient; PLS: partial least square; BPSO: binary particle swarm optimization; SVR: support vector regression; LDA: 
linear discriminant analysis; RF: random forest; ANN: artificial neural networks; kNN: k-nearest neighbors; MARD: mean absolute 
relative difference. 

Section 17 Cross-validation between models 
To demonstrate the independence of our biomarker models, we conduct cross-validation between the 

blood glucose and lactate models as a representative example by testing each dataset with the other’s model, 
as shown in Fig. S21. The resulting prediction correlation coefficients 𝑅𝑅𝑝𝑝  are −0.020 and −0.034, 
respectively, indicating no correlation between the two. This confirms that our glucose and lactate models 
extract distinct features specific to their respective biomarkers, ensuring a single-contributor characteristic. 

Section 18 Modeling performance across different algorithms 
Here, we use the multi-participant testing of blood glucose as a representative example to evaluate the 

modeling performance across different algorithms. We examine a range of regression algorithms, from basic 
regression methods such as linear regression and Ridge regression to mainstream machine learning 
approaches including SVR, random forests, gradient boosting trees, extreme gradient boosting (XGBoost), 
light gradient boosting machine (LightGBM), and CatBoost (a gradient boosting algorithm optimized for 
categorical feature processing). Additionally, we test various neural network architectures, including 

 

Fig. S21: (a) Prediction of blood glucose concentrations using the lactate model. (b) Prediction of blood lactate 
concentrations using the glucose model. 



multilayer perceptron (MLP), convolutional neural network (CNN), and long short-term memory (LSTM; 
a variant of the recurrent neural network, RNN). Figure S22 illustrates the prediction correlation coefficient 
𝑅𝑅𝑝𝑝, MAE and RMSE achieved by different algorithms. The results suggest that machine learning algorithms, 
particularly SVR, demonstrate stronger model correlation and lower prediction errors, whereas neural 
networks tend to underperform. This can be attributed to the fact that neural networks require a sufficiently 
large training set to effectively extract meaningful spectral features while mitigating the impact of inter-
individual variations. 
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