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Fig. 3: The proposed neuromorphic AFE based on
STDP adaptation

sequences in a neuron group. The WTA converts
these patterns into digital signals. At its core, the
SA-SRC uses an Adaptive Coincidence Detec-
tor (ACD) with two adaptive synapses (AS) and
a neuron (N). The delay chain duration depends
on the neuron’s firing time, influenced by input
current intensity and adjusted synaptic weights
to match timing variations.

Fig. 4: Schematic of the proposed synapse.

Biological synapse models aim to replicate
natural functions [6], but often require many
adaptation parameters and transistors. For our
ACD as a neural network time delay based on
the STDP rule, we focused on key features.
STDP, vital for learning and brain function, ad-
justs synaptic weights based on the timing dif-
ference between pre-and postsynaptic spikes
[5]. The direction of weight change depends
on whether this timing difference is positive or
negative, continuing until the target weight is
reached. We modified and optimized existing
synapse models [6] to enable ACD to operate
as a time delay element within a neural net-
work using the STDP learning rule, as illus-
trated in Fig. 4. The STDP circuit has two sec-
tions: potentiation (top) and depression (bottom).
Resistor-capacitor pairs set the time constant.
The capacitor C3 influences the gate voltage of

PMOS M3 by charging capacitor C22 during ac-
tive learning. Once learning ends, C3 discon-
nects, leaving C22 directly linked to the PMOS
gate. The synaptic weight controls neuron fir-
ing delay, adjustable between 3.7 ns and 11.6 ns
by influencing the neuron’s membrane capacitor
charge.

Fig. 5: The synaptic weight adjustments

The autonomous circuit regulates synaptic
weights by leveraging pre- and postsynaptic
spikes alongside the nominal delay. This adjust-
ment occurs simultaneously across all ACDs by
managing switches T1, T2, T3, T4, and T5. As
a result, the adaptation time remains indepen-
dent of the number of synapses since all are up-
dated concurrently. In each ACD, the circuit ad-
justs the first synapse’s weight by connecting it
while disconnecting the second. Similarly, the
weight of the second synapse is adapted in par-
allel. Fig. 5 illustrates the synaptic weight adjust-
ments based on pre- and postsynaptic spikes. In
the current phase of the design, pre- and post-
synaptic spiking events emulate the generation
and adaptation of pre-and postsynaptic spikes in
the planned complete circuit. The next phase fo-
cuses on developing an autonomous circuit to
control these events, marking the first step to-
ward a physical demonstrator or chip.
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Summary: This study suggests the use of the third overtone region (675–965 nm) with an NIR hyperspectral
camera as a first step toward a non-contact, mobile approach for estimating viscosity in liquid foods—a critical
quality parameter. Key spectral features (such as normalized peak intensity, area ratios, FWHM, and peak position)
were extracted from selected channel regions and input into a K-Nearest Neighbor (KNR) regression model (k=3),
achieving high predictive accuracy (MAE = 0.141 Pa.s, MSE = 0.927 Pa.s², R² = 0.95) and accurately predicting
sample viscosity across variations. These findings lay the groundwork for a compact, multi-spectral AMS-based
device, supporting in-field quality control and food safety.
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Background, Motivation and Objective
Viscosity is a key quality parameter in liquid
foods, impacting texture, consistency, and pro-
duction processes [1]. Near-Infrared (NIR) spec-
troscopy, especially in the third overtone region,
offers a promising non-contact alternative for
real-time viscosity estimation by capturing the
key absorption peaks relevant to molecular inter-
actions linked to viscosity [2][3]. Besides, hyper-
spectral imaging (HSI) combined with machine
learning has shown potential for quality control
in food applications, enabling non-invasive pre-
diction of physical properties and chemical com-
position [4][5]. This study suggests the use of the
third overtone region in the NIR range (675–965
nm) for non-contact viscosity estimation in liquid
foods. A K-Nearest Neighbor (KNR) regression
model enables a preliminary investigation into a
non-invasive alternative to traditional viscome-
ters, focusing on key spectral features.

Methodology
We used a hyperspectral sensor (MV1-
D2048x1088-HS02-96-G2-10, Photonfocus)
[6] with an IMEC snapshot mosaic CMV2K-
SSM5x5-NIR sensor, capturing 25 NIR channels
(675–975 nm) at 2048×1088-pixel resolution.
Samples (olive oil, water, honey, and milk) in
glass containers were illuminated with two 50 W
halogen lamps positioned at a 45-degree angle,
20 cm from the camera, to ensure consistent
conditions. These samples were chosen to
cover a range of viscosities and compositions,
ensuring initial feasibility before expanding to a
larger dataset. Calibration was conducted with
reference white and dark images to correct for
environmental and sensor-related inconsisten-
cies. Regions of Interest (ROIs) were extracted
from each sample’s images, resulting in a data

matrix (192660, 25). Reflectance values were
normalized and converted to absorbance using
Lambert-Beer’s Law as shown in Eq. (1):

A = log10

(
1

Rreflectance

)
(1)

where A is the absorbance and Rreflectance =
Ireflected
Iincident

is the reflectance ratio.
For visualization, data preprocessing included
Gaussian filtering for noise reduction and cu-
bic spline interpolation for spectral smoothing.
Spectral region selection targeted features as-
sociated with molecular interactions relevant to
viscosity, specifically the normalized peak inten-
sity ratio, normalized area ratio, Full Width at
Half Maximum (FWHM), and peak position. A
K-Nearest Neighbors (KNR) regression model
(k=3) was used for simplicity and accuracy,
trained on water, milk(H-milch 0.3% Fett), olive
oil and honey (Wild Honey) samples.

Results and Discussion
The absorbance spectrum (Figure 1) reveals dis-
tinct peaks that correspond to molecular interac-
tions impacting viscosity.

Water’s peaks observed arise from O-H
stretching overtones, enhanced by water’s po-
larity and hydrogen bonding. Its low viscosity
( 0.001 Pa·s) is due to small molecular size and
relatively weak intermolecular forces.

Milk shares these peaks (765 nm and 802 nm),
modulated by interactions with proteins and fats.
Reduced peak intensity reflects disrupted hydro-
gen bonding, while its higher viscosity ( 0.002
Pa·s) is due to colloidal suspensions increasing
intermolecular friction.

Oil shows broad peak at channel8 (778 nm),
associated with C-H stretching in hydrocarbons.
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Fig. 1: Absorbance Spectrum and Channel Selection

Its higher viscosity ( 0.1 Pa·s) stems from large
nonpolar molecules and van der Waals interac-
tions, with minimal hydrogen bonding.

Honey’s spectrum combines water, sugars,
and organic acids. Broad bands arise from over-
lapping water and carbohydrate C-H stretching
vibrations. Its high viscosity is due to strong
hydrogen bonding between sugars and water,
forming a dense molecular network.

Based on spectral analysis, channels 4–7,
7–10, 13-18 and 21–24 were selected as regions
of interest, capturing O-H and C-H absorption
bands sensitive to hydrogen bonding. Key peak
properties intensity, area, and Full Width at Half
Maximum (FWHM) were extracted to quantify in-
termolecular forces related to viscosity. dataset
(192660, 20), created with three container vol-
umes and balanced pixels per class, trained a
K-Nearest Neighbors regressor, n neighbors=3,
weights=’distance’, algorithm=’auto’, and
leaf size=20. An 80/20 data split yielded an
R²(Regression metric) of 0.95, Mean Absolute
Error (MAE) of 0.141 Pa.s, and Mean Squared
Error (MSE) of 0.927 (Pa.s)², supporting effective
viscosity prediction based on selected channels.

Figure 2 shows the model’s accuracy in pre-
dicting viscosities for water ( 0.001 Pa·s), milk
( 0.002 Pa·s), oil ( 0.1 Pa·s), and honey (around
10 Pa·s). Minimal variance within each category
demonstrates its robustness. Testing with var-
ied container volumes and repeated measure-
ments addressed uncertainties and enhanced
real-world generalizability.

Conclusion
This study establishes a foundation for a
portable, embedded device using the AMS
AS7265x chipset, demonstrating the potential of
NIR spectroscopy in the third overtone range for
non-contact viscosity estimation in liquid foods.
Initial experiments with a hyperspectral cam-
era (675–965 nm) identified specific absorption
peaks linked to viscosity-related molecular inter-
actions. The AS7265x chipset, with its 18 chan-
nels spanning 410–940 nm, aligns closely with
these peaks, making it well-suited for capturing
critical molecular details. Future work will focus

Fig. 2: Distribution of Predicted Pixels Across
Viscosity Categories

on validating the chipset’s performance across
diverse samples, improving unknown sample de-
tection, incorporating contactless temperature
measurements with corrective adjustments, and
expanding the dataset by including more sam-
ples, along with rotated measurements and ad-
ditional containers, to enhance statistical robust-
ness and invariance.
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