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Abstract: Spectral machine vision collects spectral and spatial information as 3D hypercubes and 

digitally processes them, which causes a data bottleneck, limiting power efficiency, frame rate, and 

spectral-spatial resolution. This work introduces spectral kernel machines (SKM) to overcome 

these bottlenecks. SKM directly compresses spectral analysis through the output photocurrent and 

learns from example objects to identify/classify new samples in a ‘sniff-and-seek’ mode. We 

experimentally demonstrated SKM with electrically tunable bipolar black phosphorous (bP)-MoS

photodiodes  in  the  near/mid-infrared  band  and  silicon  photoconductors  in  the  visible  band, 

performing  versatile  intelligent  tasks  from  chemometrics  to  semiconductor  metrology.  This 

architecture consumed significantly lower power and was more than an order of magnitude faster 

than existing solutions for hyperspectral image analysis, defining an intelligent imaging and sensing 

paradigm with intriguing possibilities. 

Main text:

Spectral imaging technologies produce data volumes that are orders of magnitude larger 

than standard color  (red/green/blue) image channels,  forcing technologies to make trade-offs 

between spatial/spectral resolution, frame rate, and power efficiency (1-5). This can be undesirable 

for  real-time  applications  that  demand  fast,  continuous  interactions  with  the  surrounding 

environment, such as precision agriculture (6), rescue missions (7), and autonomous driving (8) 

scenarios.  Furthermore,  spectroscopy  tools  should  manage  unpredictable  situations  in  field 

deployments, such as the absence of fully known ground truth or target spectra, shifting targets, 

and ever-changing environmental conditions (9).

In-sensor  computation  could  learn  to  accommodate  various  sources  of  changes  and 

compute the desired inference or analysis, mitigating data-storage/transmission/processing-related 
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barriers. Recent neuromorphic photodetectors demonstrated spatial pattern identification (10-12) and 

intensity adaptation (13-17). For spectral vision, earlier attempts demonstrated certain capabilities, 

such as color adaptation or addition/subtraction with two or three visible colors/bands (18-21), but 

often sacrificed spatial resolution in favor of spectral resolution (Table S1). 

Here, we show that an intelligent photodetector design can learn to perform machine 

learning analysis over complex, visible to mid-infrared (MIR) incident spectra, with the readout 

photocurrent directly providing the final inference. This process mathematically resembles the 

kernel machine algorithms typically used for digital machine learning, making each photodetector 

a spectral kernel machine. It can ‘sniff-and-seek’ conceptually inspired by retriever dogs, learning 

from  examples  to  recognize  spectral  features  within  a  complex  scene.  We  experimentally 

demonstrated  different  SKMs  to  perform wafer  metrology  and  feature  identification  with  a 

bandwidth-limited inference time of 2 µs in the visible band. For the MIR band, an electrically 

tunable bipolar photodiode made of bP-MoS2 heterostructure was operated at room temperature to 

identify chemicals and quantify mixture concentrations indistinguishable in the visible bands. The 

demonstrated  in-device  intelligence  creates  new  opportunities  for  spectral  machine  vision 

applications  that  demand  low power,  high  speed,  and  high  resolution,  which  are  especially 

attractive for implementations in, e.g., mobile devices, robotics, and satellites.

Spectral kernel machines

We  show  that  the  spectral  feature  P (λ ),  representing  the  wavelength-dependent 

reflectance/transmittance of a static test object, can be linearly superposed within a photodetector to 

enable separation between target classes of interest in a transformed domain (Fig. 1A). To achieve 
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this separation, we first encoded P (λ ) into a time-varying optical intensity signal P (λ )∙F (λ,t ), 

where  F (λ,t ) denotes the encoding function. This encoding can be achieved using modulated 

illumination (e.g., fast flashing LEDs with different colors) or modulated transmission (e.g., a 

rotating color filter disk in front of the detector). Simultaneously, the photodetector’s responsivity 

R was controlled by a voltage V ctr (t )(Figs. 1B, C) and synchronized with F (λ,t ). Consequently, 

the resulting photocurrent Iph, time-averaged by the system’s bandwidth, can be written as:

Iph=∬P (λ )∙F (λ,t )∙R (λ,V ctr (t ) )∙Γ (t )∙dλ∙dt
(1 )

where Γ (t ) represents the temporal averaging function due to either the detector’s intrinsic RC 

delay or lower-speed readout circuits; see Fig. 1D. 

We define a task-specific spectral function Q (λ ), trainable by tuning V ctr (t ), as:

Q (λ )=∫F (λ,t )∙R (λ,V ctr (t ) )∙Γ (t )∙dt
(2 )

Substituting this equation into Eq. 1, the total current becomes: 

Iph=∫P (λ )∙Q (λ )∙dλ
(3 )

As detailed in the Supplementary Materials,  Q (λ ) can be reconfigured via  V ctr (t ) to 

approximate various spectral functions. We can fit Q (λ ) to a weighted superposition of training 

spectra:  b (λ )=∑
i=1

N

wi z iSi(λ),  where  {Si (λ ) } represents  the  known  spectral  features  of 
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i=1 ,…,N  training example objects, {wi} are the trainable weights, and z i∈{−1 ,+1} indicates 

whether the training example is negative or positive. Accordingly, Eq. 3 can be written as:

Iph≈∑
i=1

N

wi z ik (P ,Si )

(4 )

where  k (P ,Si ) defines an inner product in the spectral hyperspace:

k (P ,Si )=∫P (λ )∙Si (λ )∙dλ
(5 )

This linear kernel measures the similarity between the spectrum of an object under test and 

the known spectral features, Si (λ ). k (P ,Si ) can also be made nonlinear with higher-order photo 

physics (22-24) or readout nonlinearities, although not considered in this work.

Eq. 4 connects the measured current Iph with P (λ ) and {Si (λ ) }, analogous to the kernel 

machines (25,26) commonly used for classification and regression tasks. In a kernel machine for 

binary classification, the class of an unknown sample Φ is predicted by:

z=sign(∑
i=1

N

wi z ik (Φ,Φi ))
(6 )

where  {Φi=1 , .. ,N } is a set of  N training examples. The kernel function  k (Φ,Φi ) measures the 

similarity of Φ to Φi. {wi} are trainable weights, and z∈{−1 ,+1} indicates whether the example 

is negative or positive, sharing the same formalism as in Eq. 4. 
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Therefore, our SKM device, by its design, implements a kernel machine-based classifier. 

The binary label of the test object is given by the sign of Iph:

z=sign ( Iph )
(7 )

Geometrically, each P (λ ) can be interpreted as a point in a spectral hyperspace, constructed 

by {P (λk)} (fig. S1). Q (λ ) defines a decision boundary - a hyperplane that separates positive and 

negative  examples.  The  analog computation  of  Iph is  equivalent  to  projecting  P (λ ) along a 

direction perpendicular to this maximum-margin hyperplane and making classification decisions 

based on the sign of the photocurrent.

Such an operation principle demands photodetectors with electrically tunable responsivity 

and photocurrent that can flow in opposite directions, enabling  Q (λ ) to take both positive and 

negative values for general computation. The dark current must also be much smaller than the 

photocurrent  to  avoid  baseline  drift  and  poor  signal-to-noise  ratio  (SNR).  We  solved  these 

challenges  with  hardware-software  co-design,  as  detailed  in  the  following  sections  and 

Supplementary Materials.

Training and testing of visible-band SKMs

The traditional backpropagation-based training methods cannot be applied to SKM because 

the gradients of computational nodes are not accessible. Moreover, the drifting and noise in the 

analog hardware are hard to model accurately at the software level. Hence, we need a gradient-blind, 

in-situ training algorithm based on real-time feedback loop between the measurements and control 

software (27,28) to naturally accommodate these nonidealities. Through a ‘sniff-and-seek’ operation 
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(Fig. 2A, C), we enabled SKMs to learn from examples and then perform multiple machine vision 

tasks as detailed below. 

We first used the SKM framework to demonstrate image segmentation with a color-printed 

photo of a golden pheasant (Chrysolophus pictus) based on its spectra (fig. S2). Six fast-flashing 

visible  LEDs with different  spectra  (Fig.  2D) illuminated the object.  The reflected light  was 

detected by a photoconductor with V ctr (t ) as the source-drain bias. Each sniff optically exposed the 

device to 80 random positive and negative pixels from the training images (Fig. 2A), with 50 trial 

V ctr (t ) sent to the SKM device. A computer collected  Iph from the SKM for each V ctr (t ) and 

evaluated the prediction accuracy. A genetic algorithm (29) then used better-performing waveforms 

to generate new ones sent to the device for the next  sniff (fig. S3).  After three sniff cycles, the 

optimized V ctr (t ) waveforms for highlighting the regions of the bird or leaves (Fig. 2B) were sent to 

the SKM. This process led to weighted task-specific spectral functions Q (λ ), highlighting the target 

bands and suppressing everything else (Figs. 2E, F). Figures 2G-J show the identification results for 

leaf/bird regions, demonstrating an intelligent spectral selectivity. The testing pixels belonged to an 

image never seen by the SKM before, demonstrating the success of our blind testing. In comparison, 

other passive filtering and thresholding methods showed no reconfigurability and poorer accuracy 

(see fig. S4). 

To further demonstrate how the system can also benefit from digital back-end processing, 

Fig. 2K integrated a lightweight and shallow convolutional neural network (CNN) with only 21.8k 

trainable parameters as a digital post-processor of the SKM system. Once the CNN was trained (see 

Materials  and Methods),  the  segmentation accuracy increased from 96.53% (SKM alone)  to 

98.57% by harnessing both the spectral and spatial features of the object.

7



As another test-bed, we used the SKM framework to identify different SiO2 thickness values 

on silicon wafers based on their thin film reflection spectra (fig. S6A). Despite the limited number 

of  spectral  bands  available,  the  task-specific  Q (λ ) automatically  approached  the  desired 

algorithmic function b (λ ) for classification (fig. S6B) after training (see Table S2 for details), and 

identified the positive samples with 100% accuracy over 21 oxide thickness values tested on new 

unseen wafers (100-300 nm, 10 nm step) (fig. S6D). We further explored the accuracy of SKM for 

inspecting small thickness variations. After training on some example wafers (Fig. 3A), the SKM 

was blindly tested on new samples and was able to identify 5 Å thickness difference at 32 sampling 

points on two wafers never seen by the SKM in the training process, with only two misclassified 

points (Fig. 3B), demonstrating accurate measurement of sub-nanometer thickness variations in 

this blind testing. In another test, when V ctr  was broadcast for a single cycle for ~1.6 μs, the net 

charges built up to positive for the 140-nm SiO2 sample (trained as positive, blindly tested on a new 

wafer), and fell back at ~1.9 μs, but were around zero for 50-nm SiO2 (fig. S7A). The rise/fall times 

of the recognition process approached the detection speed (fig. S7B), because  V ctr (t ) smartly 

manipulated the transient photo charge dynamics even before full photocurrent extraction with 

complete rise and fall slopes (figs. S7C, D). We also trained another SKM to reveal the oxide 

thickness directly as the readout current (1 nA/nm, Fig. 3C), with the training and test settings 

reported in Table S2. The mean error and the standard deviation values of the SKM inference on 

new  test  samples,  never  seen  before,  were  found  to  be  0.3  nm  and  1.16  nm,  respectively, 

experimentally demonstrating its accuracy and precision under blind testing. 

As another test-bed, we demonstrated that our SKM framework can also distinguish natural 

and  artificial  leaves.  Figure  3D  shows  natural  leaves  from  7  different  plants  and  artificial 
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polymer/fabric  leaves  from 4  different  manufacturers.  Despite  their  visible  resemblance,  the 

artificial leaves showed spectral fingerprints different from natural leaves (see e.g., fig. S8A). The 

trained SKM was blindly tested on 18 new natural leaves and 13 new artificial leaves, never seen 

before, (Fig. 3E), achieving a classification accuracy of 93.5%. The SKM accommodated the 

species-to-species and leaf-to-leaf variations in the same class, demonstrating its generalization 

capabilities. 

As a related test-bed, we also used our framework for the classification of leaf hydration 

levels,  which  served  as  a  key  indicator  determining  irrigation  needs,  potentially  facilitating 

sustainable usage of water in agriculture. For this task, we retrained the SKM hardware to classify 

which leaves of the tree  Styphnolobium japonicum were of low hydration levels based on their 

spectral information (see e.g., fig. S8B); the ground truth class for each leaf was measured using 

standard water concentration calibration procedures as detailed in the Materials and Methods 

section. The Iph values from 24 test leaves (never seen before) are plotted in Fig. 3F with respect to 

the relative water concentration of each leaf. These blind testing results demonstrated a binary 

classification accuracy of 95.8%. Table S2 summarizes the training details for all the experiments.

MIR SKM with gate-tunable bP-MoS2 photodiodes

SKM devices working with MIR spectra are especially attractive for chemometrics and 

biosensing due to the distinct spectral signatures of various materials available in this band (30-32). 

Photoconductive devices are not well suited for this purpose, as narrow bandgap semiconductors 

are required for MIR detection, resulting in high dark current (33-37), drift and high noise at room 

temperature (38-40).  We addressed the problem with a gate-tunable bipolar bP-MoS2 photodiode. 

bP-MoS2 photodiodes showed room-temperature MIR photovoltaic response due to the high MIR 
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quantum efficiency  of  bP  and  matched  band  offset  between  bP  and  MoS2 for  photo  charge 

separation (41). 

Figure 4A shows the bP-MoS2 device structure and operation. We applied V ctr  as a gate bias 

and operated the diode at zero source-drain bias (i.e., short-circuit photocurrent mode) to minimize 

the dark current. MoS2 screened the overlapping bP from the gate fields. Consequently, a lateral 

homojunction was formed in bP, with the built-in voltage polarity and magnitude dependent on the 

applied Vctr. Figure 4B depicts the simplified band diagrams within the lateral bP homojunction. At 

V ctr≪ 0 V, there is a p+-p- junction in bP. The photo-generated holes move to the left contact, and 

MoS2 collects the excess electrons. Therefore, the photocurrent flows from MoS2 to bP, denoted as 

Iph<¿ 0. V ctr≫ 0 V creates an n-p- junction with Iph>¿ 0. The measured photocurrent polarity as a 

function of gate voltage (Fig. 4C) was consistent with the proposed band diagrams. The device’s 

specific detectivity was measured with the gate grounded (V ctr=0V ), which was above 108 Jones 

at  the  target  spectral  range  of  2-3.6  μm (Fig.  4D)  measured  by  Fourier  transform infrared 

spectroscopy  (FTIR),  providing  sufficient  photocurrent  for  the  in-sensor  computation.  More 

detailed descriptions of the working principles, device simulations, and characterization of the 

bipolar gated diode are provided in fig. S9.

MIR chemometrics

As a proof of concept, we used our MIR SKM device to analyze four different chemicals: 

dimethyl sulfoxide (C2H6OS), perfluorooctane (C8F18), glycerin, and silicone oil. These chemicals 

are visibly transparent liquids (Fig. 4E), but show different characteristic absorption peaks at 2.5-

4.0 μm wavelengths (fig. S10A). Their transmission spectra were encoded by a rotating disk with 
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six spectral filters showing nontrivial features at the same band (figs. S10B, C). Overlapping these 

chemicals  and filters  with the detector,  we observed distinct  photocurrent  features (fig.  S11), 

allowing chemometric classification after two cycles of training (with N = 2 in Eq. 6; also see Table 

S2). Figure 4F shows photocurrents highlighting C8F18 and suppressing C2H6OS. With C8F18 in the 

test holder (red curve), the current rose with illumination from a black body IR source (un-shaded 

area in the plot). With C2H6OS (blue), we observed Iph<0 with illumination. Figure 4G shows the 

full binary classification results, with the vertical labels representing the suppressed chemicals and 

the horizontal labels representing the highlighted chemicals. The trend is consistent for all trained 

SKM outputs in the chart, demonstrating our success in binary chemical identification. Figure S12 

further highlights additional experiments classifying multiple chemicals.

In  addition  to  the  binary  classification  of  materials,  the  same  SKM  device  was 

experimentally trained for quantitative inference to reveal the chemical concentration using the 

output photocurrent directly. Figure 4H shows the SKM device detecting concentrations of water 

mixed in acetone compared to the ground truth. The SKM predicted the unknown concentrations 

using the photocurrent magnitude with a slope of 1 pA per percentage of water, experimentally 

achieving a root-mean-square error of 2.49% in volume ratio. The MIR chemometrics tests were 

performed following the standard sample preparation protocols, suitable for dynamic monitoring of 

chemicals in controlled environments. Additional efforts, using e.g., reinforcement learning, could 

be used in future applications to cover uncontrolled testing environments further.

Scaling-up for hyperspectral machine vision

To  explore  the  potential  feasibility  of  the  presented  framework  in  more  complex 

environments, we numerically simulated SKM’s performance with the Salinas Scene hyperspectral 
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dataset of landscapes with vegetables, vineyards, and bare soil, separated into 16 classes (42). We 

modeled an SKM working at a wavelength range of 0.4-2.5 μm (see Materials and Methods) and 

trained it with a genetic algorithm with 32 genes, corresponding to 32 down-sampled Gaussian 

bands (see Table S2). Figure 5A shows the binary classification results of the ‘stubble’ region 

during 100 sniffs, which gradually converged to the ground truth in black and white on the left. 

Figure S13 and Movie S1 further illustrate training over all 16 classes. The simulation was further 

extended to city scene recognition (43) and human brain tumor diagnosis (44), as shown in Figs. 5B 

and C.  The average sensitivity  (Fig.  5D) and specificity (Fig.  5E) values (see Materials  and 

Methods) were ~0.2-3% lower than the digital processing approaches using a linear support vector 

machine  (SVM)  (45) or  a  transformer  (46),  but  with  two  orders  of  magnitude  lower  power 

consumption (Fig. 5F) and latency (Fig. 5G) for capturing and analyzing each spectral-spatial 

hypercube.

SKM’s high energy efficiency and speed arise from the in-sensor spectral computation and 

data compression. Traditional off-sensor digital analysis causes a significant data bottleneck (Fig. 

6A) in the camera series interfaces (CSI), which can contribute to more than 90% of total energy 

consumption and latency (fig. S17). On the other hand, much less data needs to be transported and 

converted to the digital domain with in-sensor SKM (Fig. 6B). Consequently, SKM features low 

energy consumption and latency, as illustrated in Figs. 5F, G, which are crucial for spectral machine 

vision applications with, e.g., cellphones, satellites, microscopes, and car cameras (colored shades 

in Figs. 6C, D), but are not readily available with existing commercial hardware (47-51) or prior 

research benchmarks (2, 52, 53). 

Conclusion
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In summary, the readout from a bipolar detector was shown to directly provide the spectral 

analysis using the sniff and seek learning mode via the spectral kernel machine architecture. The 

key component of this architecture is an electrically tunable photodetector for which an applied 

voltage can dynamically control the polarity and magnitude of the photocurrent, optimized for 

different computational tasks.  This characteristic can be achieved with various optoelectronic 

materials and devices, including a simple photoconductor or a gated photodiode. We demonstrated 

in-sensor identification of objects, structures, and chemical compositions at visible-to-MIR bands 

without any post-processing. It offers orders of magnitude higher power efficiency and speed, and 

large training flexibility to resolve,  recognize,  and compress high-dimensional  spectral-spatial 

information. Future  explorations  of  on-chip  spectral  encoding methods and architectures  can 

potentially improve the performance and compactness of SKM. Further modeling and development 

of devices for the physical realization of nonlinear kernels could also enable more complex SKM 

algorithms, targeting improved performance in e.g., speed and accuracy. The findings inspire new 

intelligent sensors with potential applications in precision agriculture, autonomous driving, and 

chemical sensing and spatial profiling.
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Materials and Methods

1. Synchronization of the spectral encoder and V ctr

The  spectral  encoder  and  tunable  photodetector  were  synchronized  with  an  Arduino 

microcontroller board. For the visible demonstration, a signal generator fed high-frequency square 

waves to a flip-flops chip (SN74LS74AN) to generate three-bit address signals and drive two analog 

multiplexers (CD74HC4051). One multiplexer was used to drive the LED arrays to enable fast 

flashing above the preamplifier bandwidth limit of around 0.6 MHz. The other multiplexer encoded 

constant voltages from Arduino to a time series of  V ctr (t ). Hence, the system enabled response 

speed test up to the bandwidth limit at microseconds despite Arduino’s millisecond resolution. For 

the MIR demonstrations, we used a chopper synchronization signal to locate the filter position and 

adjusted V ctr (t ) directly with the Arduino PWM output.

2. Signal readout

We used both Arduino and Keysight B2901A SMU to measure the readout. For the response time 

measurement in fig. S7A, we used an oscilloscope to resolve the high-speed response. 

3. Light source and spectral encoder settings

For the visible band test, we chose six commercial LEDs. An 852 nm laser diode replaced the 

yellow LED in the leaf tests (Figs. 3D-F) to better capture the spectral features. For the MIR binary 

chemical classification, the light source was a black body source encoded with filters, whose 

transmission spectra are shown in fig. S10. The six filters were attached to a chopper disk that 

rotates at 1200~3000 rpm. Since the measurement speed was limited by the black body source 

heating and cooling time in a few seconds, the chopper was sufficiently fast for spectral encoding. 
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For the acetone-water mixture concentration test, we chose the following filters to distinguish the 

water absorption: intrinsic silicon, germanium, Thorlabs filters FELH0650, FB750-40, FEL1000, 

and FEL1350-1. Aluminum irises were applied to filters when necessary, so that the photocurrents 

through different filters are of the same order of magnitude, which is essential for good SNR. We 

used glass Petri dishes (30 mm in diameter) to contain 5 mL of the test liquids for Figs. 4F, G, and a 

large glass beaker in Fig. 4H for finer concentration control.

4. Training the SKMs with genetic algorithm

We applied the pyGAD package in Python for the genetic in-situ training (29). Table S2 shows the 

training and test settings for all the experiments and simulations in the paper, including the training 

and test object parameters, number of genes (spectral encoding bands), number of parent genes 

mating, number of parents kept in each sniff cycle, the mutation rate, and the fitness function. 

For experimental binary classification demonstrations in Figs. 2, 3, and 4, we defined the fitness 

function as:

fitness= e−β I+¿

e−β I+¿+e
−β I−¿−γmax ⁡( I−¿ ,0)¿¿¿

¿

I+¿¿ and I−¿¿ are the photocurrent for positive and negative cases. β and γ are parameters assigned 

based on optimum training performance. The first term rewards larger I+¿¿ compared to I−¿¿, and 

the second term further penalizes the positive I−¿¿ values.

In the hyperspectral datasets (Fig. 5 and fig. S13), the F1 score (54) was used as the fitness function 

instead of accuracy:
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F1=
2

recal l−1+precision−1

The F1 score penalizes both the false positives and false negatives, so that it is a better choice for 

fitness function compared to accuracy in this imbalanced dataset. The down-sampling of spectral 

bands by a ratio of seven was selected to facilitate training without significant accuracy degradation, 

which was also verified in fig. S13.

For the SKM integrated with the shallow CNN post-processor (Fig. 2K), V ctr (t ) was first trained 

using  a  subset  of  pixels  randomly  selected  from  the  training  images  for  bird-background 

segmentation, as previously described and shown in Fig. 2A. After training V ctr (t ), we measured 

the analog SKM output over the entire training images under this optimized control V ctr (t ). These 

outputs (fig. S5, upper panel) were then used to train a compact / shallow CNN, which leverages the 

spatial features of the samples to refine the classification results and better delineate the bird regions 

from the background. Specifically, the input to the CNN was the analog output of SKM, i.e., the 

signal magnitude prior to applying the binary sign function, preserving more information for post-

processing. For each pixel, the CNN takes as input a localized 9×9 window centered on that pixel 

(fig. S5, lower panel), capturing the spatial context needed for improving the classification accuracy. 

Once trained, the CNN was blindly applied to the SKM output of a new, unseen test image.

5. Leaf hydration level calibration and ground truth measurements

Leaves with different hydration levels were prepared following the standard protocols, with the 

relative water concentration calibrated by weight (55). Briefly, the leaves of interest for our SKM 

testing belong to Styphnolobium japonicum. The leaves were kept in water overnight to reach the 
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saturated weights (SW). We recorded the SW values for each leaf and then kept them in the lab 

environment at 24 ℃ and 48% relative humidity. They were kept in air for 30 minutes for the high-

hydration-level group, or 4 hours for the low-hydration-level group, before measuring the fresh 

weights (FW). The leaves are then used to train and test the SKM binary classification. After the 

test, the leaves are dried at 75 ℃ for 2 hours. After the drying process, further baking at the same 

temperature did not show observable further decrease of the leaf weight, suggesting full water 

removal from the leaf tissue. Then the dry weights (DW) were acquired. The relative water content 

(RWC) values were calculated as:

RWC=FW−DW
SW−DW

×100%

The leaf RWC onset for plant wilting is around 60-70% (56). Consequently, we used 70% as the 

threshold for the low-hydration-level leaf group. Based on the preparation protocols summarized 

above, our low-hydration-level leaf samples’ RWC values ranged from 59.1% to 67.2%.

6. Fabrication and characterization of the bP-MoS2 photodiode

For experimental demonstration, we first transferred and patterned exfoliated MoS2 flakes (10~50 

nm thick) on silicon substrates with 50-nm oxide layer. Next, we evaporated metal electrodes (Ni or 

Ti/Au  for  different  batches)  after  another  set  of  lithography  and  liftoff  steps.  Last,  we  dry-

transferred a thin bP layer (7-17 nm) passivated with a hexagonal boron nitride (hBN) layer to 

bridge the MoS2 and the other contact (fig. S9A). The photo response of the bP-MoS2 was measured 

in a vacuum chamber to further avoid bP degradation. 

A SuperK Fianium supercontinuum laser was used as the light source for Figs. 4C and H (with 

additional filters discussed earlier) to provide sufficient optical power between visible to λ = 2.3 μ
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m. Another λ = 1.55 μm laser with fast electrical modulation was used as the light source for the 

measurement of response speed in figs. S9E, F. The MIR chemical classification test required a 

broader spectral range, so we used a high-power black body source as the light source and filtered 

higher energy photons to ensure sensitivity to the fingerprint response from the NIR/MIR bands.

7. Photo response simulation for the bP-MoS2 photodiodes

Gate-tunable photocurrent and band structures of the bP-MoS2 photodiodes are simulated with the 

Sentaurus TCAD software. Estimations of NA = 5×1017 cm-3 in bP, and ND = 1×1015 cm-3 in MoS2 

were made according to experimental measurements of bP and MoS2 transistors. The thicknesses of 

bP  and  MoS2 were  set  at  12  nm and  35  nm,  respectively,  in  accordance  with  atomic  force 

microscope (AFM) measurements of the real devices.

8. Simulation with hyperspectral datasets

The modeled SKM in Fig. 5A was spectrally encoded with 32 Gaussian bands down sampled from 

the 224 bands within the dataset. For the down sampling, the center wavelengths of the Gaussians 

were equally spaced within the wavelength range of 0.4~2.5 μm. The sigma values of the Gaussians 

were set as half of the closest center wavelength spacings. Consequently, Eq. 1 reduces to:

Iph=α∑
j=1

32

V j∙P j  

α is a physical pre-factor for the bias voltage V j, assuming linear dependence of responsivity on the 

voltage. For simplicity, the dimensionless unit system in the model assigned α as 1. We assumed no 

pre-knowledge of the input-output mapping of the device, which was true for the physical device, 

and therefore, the gradient-descent-based optimization was not valid for the ‘sniff-and-seek’. The 
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hyperspectral human brain dataset was similarly down-sampled by a factor of 4 in the spectral 

domain. The LIB-HSI dataset was not down-sampled.

The selection of the training parameters involved a critical tradeoff between the learning speed and 

prediction accuracy. To explore this relationship, we analyzed the SKM’s performance on the 

Salinas hyperspectral dataset using different numbers of V ctr (t ) waveforms and training samples 

per cycle (fig. S18). We empirically defined convergence as the point at which the fitness function 

fails to improve by more than 1×10−5 over 30 consecutive training cycles. As expected, more 

training samples revealed slower convergence, and a greater number of waveforms decreased the 

iteration number but increased the total number of measurements. With a relatively small number 

of waveforms, we can still get good performance; for example, an F1 score of 0.73 can be achieved 

with 850k pixels read from the SKM during 21 training cycles using 100 waveforms and 400 

training samples per cycle. In the example settings listed above, 100 waveforms were tested in each 

of the 21 cycles; considering a readout speed at video frame rate of 60 Hz, this process corresponds 

to a training time of ~35 seconds, if not further delayed by the control module and training software.
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Fig. 1: Architecture of the SKM.  (A) The SKM captures a scene with the synchronized operation of a spectral 

encoder and an electrically tunable bipolar photodetector. The device performs machine learning analysis of the scene’s 

spectra, with the photocurrents directly as the inference results. (B) Reconfigurable computation using a tunable 

photodetector. Taking a photoconductor as an example, the control voltage V ctr (t ) can be applied as the source-drain 

bias to determine the photo charges’ transient travel direction. (C)  V ctr  controls both the sign and the absolute 

magnitude of the responsivity  R (λ,V ctr (t ) ). (D) The data flow during the in-sensor computation. The object’s 
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spectral feature P (λ) is first encoded by the spectral encoder F (λ,t ) at time intervals t1 ,t2 ,…,t J , and then 

projected  to  the  detector.  The  encoded  light  intensity P (λ )∙F (λ,t ) is  automatically  multiplied  with 

R(λ,V ctr (t ) ) yielding a transient photocurrent. The current integrates with finite readout bandwidth denoted by 

the function Γ (t ). The total photocurrent, Iph=∬P (λ )∙F (λ,t )∙R (λ,V ctr (t ) )∙Γ (t )∙dλ∙dt , can be 

programmed by V ctr (t ) into various kernel machines for task-specific spectral analysis.
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Fig. 2. Visible-band SKMs for image segmentation. (A) The ‘sniff’ operation. The SKM is first trained with random 

pixels in training images with known classes as the ground truth. (B) The trained blue/red V ctr (t ) waveforms for 

selectively highlighting leaf vs. bird regions. Colored shades in the V ctr (t ) plot correspond to the synchronized LED 

colors.  (C) The ‘seek’ operation with the trained V ctr (t ) waveforms as user commands. (D) The LED spectra for the 

spectral encoding. (E) The weighted spectrum Q(λ) for highlighting the leaf regions. (F) Q(λ) for highlighting the 

bird regions. (G) Iph highlighting the leaf regions. (H) sign( Iph) of (G), overlying with the raw picture for easier 

comparison. (I) Iph highlighting the bird regions. (J) sign( Iph)of (I). (K) SKM combined with back-end spatial 

post-processing, aiming to harness both the spectral and spatial features of the test sample. A shallow/compact CNN 
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with a limited number of trainable variables (see fig. S5 for architecture and training details) processes the Iph values 

in (I) to better classify the test image, which resulted in an improved pixel-level classification accuracy of 98.57%. 

Fig. 3. SKM results for different tasks. (A) SKM results for wafer oxide thickness identification. The training (upper) 

and testing (lower) sampling points are with two oxide thicknesses, 90.5 nm (left, red) and 90.0 nm (right, blue). (B) 

Iph values. Each pillar corresponds to one testing point illustrated in (A) with the same color. Regions with 90.5 nm 

oxide are supposed to show positive current. (C) Photocurrent-based inference of oxide thicknesses. Red diamonds: 

blind testing experimental  readout from testing points  on unseen wafers;  blue circles:  thicknesses and expected 

readouts of the points from a different batch of training wafers; gray line: expected (y = x). (D) Training samples for 

binary classification of natural and artificial leaves. (E) Blind test results for leaf classification. Colored squares indicate 

the SKM’s classification results, and the letters ‘N’ and ‘A’ denote the ground truth labels for natural (positive) and 

artificial (negative) leaves, respectively. (F)  SKM results for leaf hydration level classification. The Iph values are 

plotted against the relative water concentrations of the test leaves never seen before; see the Materials and Methods 
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section for ground truth measurements. Red dots: low-hydration-level leaves. Blue diamonds: high-hydration-level 

leaves. 
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Fig. 4. MIR SKM for chemometrics. (A) Configuration of the gate-tunable bipolar bP-MoS2 photodiode. (B) The 

band diagram plotted based on simulations under different  gate biases.  (C)  The responsivity calibrated using a 

supercontinuum laser directed through a λ = 1.32 μm bandpass filter as the light source. (D) The detectivity calibrated 

with FTIR. (E) Visibly transparent analytes. (F) The total photocurrent for the C8F18 sample (red line), which was 

highlighted (Iph>0) when the black body IR source is turned ON (white background) and drops back with IR OFF 

(gray background). The C2H6OS sample (blue) was suppressed so that (Iph<0) when the IR source is ON. (G) The 

chart for a complete set of trained binary classifications over four different chemicals in (E). Red: the highlighted 

materials; blue: the suppressed materials. (H) The total photocurrents, trained at 1 pA every percentage, versus the 

ground truth water concentration in acetone. 
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Fig.  5:  Modeling  of  SKM  architecture  for  complex  tasks. (A)  Crop  identification  with  the  Salinas  Valley 

hyperspectral dataset. The visible image is shown on the left. The ground truth of the ‘stubble’ region is highlighted in 

white over a black background. Further right shows the binary classification results during gradient-blind genetic 

training on a simulated SKM array. White/black: training pixels identified as positive/negative. Sky blue/navy: test  

pixels identified as positive/negative. (B) Example RGB image and SKM identification results from a hyperspectral city 

scene dataset LIB-HSI. (C) Example RGB image and tumor diagnosis results from a hyperspectral human brain 

dataset. (D) The sensitivity of the classification results in (A)-(C), with a linear-kernel support vector machine (45) run 

in a digital processor, a transformer  (46) run in a digital processor, and an in-sensor SKM. (E) The specificity 

comparisons. (F) Power consumption for capturing and processing one hypercube of each dataset. (G) The latency for 

capturing and processing one hypercube.
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Fig. 6: Performance evaluations of the SKM architecture. (A) The architecture for hyperspectral analysis in a digital 

processor, with major data bottleneck at the camera serial interface (CSI). (B) The SKM bypasses the data bottleneck 

with in-sensor spectral information computation and compression. (C) The speed and resolution in reported works 

(black dots) and the ideal values for different applications (colored shades). The solid lines correspond to the estimated 

limits of (A) and (B) set by state-of-the-art imagers and processors (see Supplementary Text for more details). (D) Data 

throughput and power consumption comparisons.
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