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Abstract
Optically active substances such as sugars and amino acids
are critical quality indicators in biomanufacturing and food
safety, yet they typically coexist as multi-component mix-
tures. Existing monitoring techniques either require expen-
sive instruments (e.g., HPLC) with per-sample costs and turn-
around times ill-suited for online control, or rely on optical
methods that cannot resolve individual component concen-
trations from a mixture. We present Polarix, a training-free
polarimetric platform built from $100 in hardware that ex-
ploits a fundamental physical property: the specific optical
rotation of each optically active substance varies with tem-
perature at a distinct, substance-dependent rate. By sweep-
ing the sample temperature across a bounded 15°C window,
Polarix transforms the underdetermined problem into a
solvable system, mathematically disentangling each compo-
nent’s concentration. Its optical design improves robustness
against real-world disturbances including turbidity, flow, and
mechanical drift. We validate Polarix on three real-world
tasks: amino-acid fermentation tracking, trace byproduct de-
tection, and honey adulteration screening against rice syrup
and HFCS-55. Polarix resolves individual component con-
centrations with a mean relative error of 12.1%.

CCS Concepts
• Human-centered computing→ Ubiquitous and mo-
bile computing systems and tools.
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Figure 1: Polarix is a polarimetric sensing platform
that resolves concentrations of multiple components
(e.g., amino acids and glucose) in a mixed solution.
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1 Introduction
Optically active substances such as amino acids, sugars, and
organic acids serve as indispensable quality and process
indicators across biomanufacturing, pharmaceuticals, and
the food industry [1, 9, 71]. In practice, these substances
rarely exist in isolation but form complex multi-component
mixtures whose individual concentrations must be tracked
simultaneously. A prominent example is large-scale micro-
bial fermentation, the dominant route for producing essen-
tial amino acids such as lysine (global market: 1.26 billion
USD in 2023 [14]), threonine, and alanine [39, 65]. During
fermentation, the broth is a dynamic mixture of sugar sub-
strates (e.g., glucose) and synthesized amino acid products.
Maintaining the proper substrate balance is critical: deple-
tion starves microbes [69], while excess promotes unwanted
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byproducts that increase purification costs by 5–10% and
reduce yields by up to 12% [17]. Beyond bioreactors, multi-
component analysis is also essential in food authentication.
Natural honey is certified by its native fructose-to-glucose
ratio but is frequently adulterated with cheap syrups; recent
surveillance found that 46% of honey sampled at EU borders
and up to 10% of FDA-inspected U.S. imports were suspected
non-compliant [4, 61, 67]. The need to monitor multiple opti-
cally active substances also arises in pharmaceutical quality
control, clinical diagnostics, and environmental or biopro-
cess monitoring, where the concentrations of coexisting chi-
ral molecules or metabolites must be verified against strict
standards [31, 46, 58]. Across these scenarios, the core tech-
nical bottleneck remains determining the concentrations
of individual components within multi-substance optically
active liquids. Therefore, achieving precise, low-cost, and
autonomous concentration tracking remains a critical unre-
solved sensing challenge.

Existing monitoring techniques remain fundamentally in-
adequate due to severe cost, latency, or physical resolution
bottlenecks. The gold standards such as High-Performance
Liquid Chromatography (HPLC) [12, 16, 19] and enzymatic
assays [28, 30] deliver exceptional accuracy but require man-
ual offline sampling, introducing hours of analytical latency
that precludes real-time control. Inline biosensors bypass
manual sampling but cost upwards of 1.5 million USD per
system [18], target a single compound at a time, and cannot
track the dynamic emergence of byproducts. Inline near-
infrared (NIR) spectroscopy [34] reduces latency but de-
mands equipment priced between 30,000 and 50,000 USD
and relies on environment-specific chemometric models (e.g.,
PLS or neural networks) that fail to generalize across deploy-
ment scenarios. Moreover, the high per-unit cost of these
inline instruments limits dense, per-vessel deployment, so
continuous coverage is typically confined to few measure-
ment points. Recent advances in ubiquitous liquid sensing
exploit RF [47], Wi-Fi [11], millimeter-wave [7, 35], acous-
tic [55], vibration [21], and multi-wavelength optical absorp-
tion [20, 26, 37] signals. These modalities inherently measure
macroscopic bulk properties such as dielectric constant or
bulk absorption, which conflate contributions from struc-
turally similar molecules and cannot decouple individual con-
centrations. Polarimetry is particularly sensitive to optically
active substances [33, 58], yet traditional single-wavelength
polarimeters face a fundamental physical barrier: the opti-
cal rotation of a mixture is the strict linear superposition
of the rotations from each constituent [60]. Measuring an
𝑁 -component mixture at a fixed temperature yields only
one aggregate rotation value against 𝑁 unknown concentra-
tions, a severely underdetermined system with no unique
solution [8]. A low-cost, training-free mechanism capable of

multi-substance quantification in real-world liquids there-
fore remains an open problem.
To address this limitation, we introduce Polarix, a po-

larimetric sensing platform that exploits a critical physical
phenomenon: different optically active substances exhibit dis-
tinctly different sensitivities in their specific optical rotation
to temperature variations [13, 66]. For instance, glucose re-
tains positive specific rotation, decreasing slightly with tem-
perature, whereas fructose increases toward less-negative
values via its complex mutarotation equilibrium, and each
amino acid carries its own unique temperature response. By
sweeping the sample temperature across a small 15°C win-
dow, Polarix transforms the inherently underdetermined
static measurement into a solvable system of𝑀 equations in
𝑁 unknowns, where the coefficient matrix has full column
rank for substances with sufficiently distinct temperature
responses [42]. To our knowledge, Polarix is the first system
to leverage these differential temperature-dependent rota-
tion rates to directly decouple and simultaneously quantify
the individual concentrations of multiple solutes coexisting
within a complex liquid mixture.

To further design a robust system that supports autonomous
measurement, we faced several practical challenges and de-
veloped the corresponding solutions. First, in real-world de-
ployments, target liquids are often turbid, colored, or dynam-
ically flowing, conditions that corrupt traditional intensity-
based [36] and half-shade [24] polarimeters. Polarix instead
employs a continuously rotating analyzer and tracks the
minimum-intensity phase of each rotation cycle, a quantity
that depends on polarization angle and is robust to ampli-
tude fluctuations by Malus’ Law [5]. Second, stepper motors
exhibit cumulative period jitter that progressively displaces
the darkest-point position across rotation cycles. Polarix
addresses this by attaching a physical light-blocking pilot
strip to the analyzer, which creates a sharp and unambiguous
intensity transient once per revolution to reset the cycle refer-
ence, reducing drift from a cumulative shift to a single-cycle
noise term. Third, once the temperature-dependent specific-
rotation curves are calibrated per substance in a one-time
offline step, Polarix formulates concentration inference as a
constrained least-squares problem solved with the L-BFGS-B
optimizer without environment-specific training data.

We implemented Polarix into a compact prototype which
features a localized heating tube that modulates the sam-
pled volume across a 15°C window. Driven by a stepper mo-
tor, the pilot-equipped rotatable analyzer extracts the time-
series light intensity, which our training-free algorithm trans-
lates into independent substance concentrations. We vali-
date Polarix across three applications: dynamically tracking
substrate-to-product conversion (glucose to lysine, threo-
nine, and alanine) in operational bioreactors, detecting trace
metabolic byproducts such as isoleucine that emerge during
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fermentation, and authenticating honey by recovering the
native fructose-to-glucose ratio under two industrial adul-
terants (rice syrup and HFCS-55). Across all evaluations, Po-
larix achieves an overall absolute relative difference (ARD)
of 0.121, which falls within the 20% error tolerance com-
monly accepted for online screening and process monitor-
ing [15], demonstrating effective autonomous monitoring
of multiple substances in complex, optically active liquids.
Moreover, with a per-unit cost of approximately 100 USD,
Polarix is inexpensive enough to be deployed in individual
vessels. Polarix targets known small-𝑁 mixtures (𝑁 ≤ 4), a
regime covering the dominant analytes monitored in amino-
acid fermentation [57, 62], honey authentication [45, 68],
and beverage and juice quality control [3, 27, 32], with each
component present at a concentration above 0.005 g/mL.

Our contributions can be summarized as follows:

• We identify and exploit the differential temperature sensi-
tivity of specific optical rotation across distinct optically
active substances, transforming an underdetermined po-
larimetric system into a uniquely solvable one without
any change in wavelength or path length.

• We design a minimum-intensity phase extraction method
using a continuously rotating analyzer, achieving optical
rotation measurement that is robust against turbidity,
coloration, and flow-induced intensity fluctuations.

• We devise a physical pilot-strip mechanism on the ro-
tating analyzer that eliminates cumulative motor drift,
enabling stable measurements throughout multi-minute
temperature sweeps.

• We develop a training-free, physics-grounded algorithm
that directly infers multi-substance concentrations from
a single temperature sweep.

• We implement a fully functional prototype costing near
100 USD and demonstrate an overall ARD of 0.121 across
three diverse real-world sensing applications.

2 Related Work
2.1 Liquid Sensing
2.1.1 Wireless Signal-Based Liquid Sensing. A broad class
of prior work exploits the way liquid dielectric or mechani-
cal properties alter signal propagation, spanning RFID [63],
UWB [10], WiFi [11], mmWave [7, 35], RF [47, 48], vibra-
tion [21], and acoustic [55] modalities. Despite this diversity,
all such systems sense bulk properties of the mixture as a
whole and cannot resolve individual component concentra-
tions. Dispersive wireless signals further suffer from multi-
path interference and environmental variability, requiring
per-deployment calibration or environment-specificmachine
learning models with poor cross-scenario generalization.

Table 1: Comparison of Liquid Sensing Systems
System Sensing

Modality
Multi-

component
Concentration
Prediction

Training-
free

Noise-
Robust

TagScan [63] RFID × × × ×
LiquID [10] UWB × × ✓ ✓
WiMi [11] WiFi × × × ✓

Vi-Liquid [21] Vibration ✓ ✓ ✓ ✓
FG-LiquID [35] mmWave × × × ✓
LiqRay [47] RF × × × ×

PackquID [48] RF × × ✓ ×
Akte-Liquid [55] Acoustic × × × ×
MetaBioLiq [7] mmWave × × × ✓
LiqDetector [64] mmWave × × ✓ ✓
Nutrilyzer [43] Photoacoustic ✓ ✓ × ✓
Al-light [37] NIR & Visible Light ✓ ✓ × ×

Jiang et al. [26] NIR × ✓ × ✓
CapCam [72] Visible Light × ✓ ✓ ✓
Li et al. [33] Polarimetry × ✓ × ✓
Lili [22] Visible Light × × ✓ ✓

Chan et al. [6] NIR × × × ×
BabyNutri [20] Visible Light ✓ × × ✓
GlucoSense [49] Visible+NIR × ✓ × ✓
MobiLyzer [38] NIR & Visible Light ✓ ✓ × ×

T-Oil [53] Terahertz ✓ ✓ × ×
MoleSen [52] Terahertz × ✓ × ✓
Polarix Polarimetry ✓ ✓ ✓ ✓

2.1.2 Optical Liquid Sensing. Optical signals sidestep mul-
tipath and offer higher chemical specificity. Photoacoustic
sensing [43], NIR spectroscopy [6, 26, 34], and visible-light
methods including absorption [20, 22, 37, 72] and polarime-
try [33] have all been explored for liquid characterization.
Recent work has pushed optical sensing onto mobile plat-
forms: MobiSpectral [50] reconstructs hyperspectral bands
from an unmodified smartphone’s RGB and NIR cameras
to detect food fraud, MobiLyzer [38] fuses RGB and NIR
signals for fine-grained liquid analysis in everyday environ-
ments, and GlucoSense [49] exploits the optical activity of
glucose to enable non-invasive monitoring on commodity
phones. Beyond visible and NIR bands, terahertz-based sys-
tems have emerged: T-Oil [53] detects edible oil adulteration
contactlessly, and MoleSen [52] probes molecular spectral
signatures for taste sensing. Yet all these systems share a crit-
ical limitation in multi-component optically active liquids:
they rely on either non-selective bulk optical properties or
training-intensive chemometric models, neither of which can
algebraically decouple individual substance concentrations
from a single aggregate measurement.
■ Novelty. To the best of our knowledge, Polarix is the
first sensing platform to overcome the linear superposition
barrier of traditional polarimetry for multi-component liq-
uid analysis. Unlike wireless or spectroscopic approaches
that rely on environment-specific models, Polarix exploits
differential temperature-dependent optical rotation across
substances to algebraically decouple individual concen-
trations, a capability no prior polarimetric or mobile sensing
system has achieved. A physical pilot marker on the rotating
analyzer further enables drift-immune, turbidity-robust
optical rotation measurement, yielding a training-free
$100 platform that is simultaneously multi-component,
concentration-predictive, and noise-robust, a combination
no existing system achieves (Tab. 1).
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Figure 2: Temperature-dependent specific optical rotation of substances across 35°C–50°C.
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2.2 Multi-Component Optically Active
Liquid Monitoring

Precisely tracking multi-component optically active liquids
is essential in biomanufacturing [39, 65, 71, 73] and food au-
thentication [4, 61, 67]. The gold standards are HPLC [12, 16],
enzymatic assays [30], and mass spectrometry [40, 59]: ac-
curate but manual and offline, introducing hours of latency
that preclude real-time process control. Inline spectroscopic
alternatives such as NIR [34] and fluorescence [18] reduce
this latency yet impose prohibitive hardware costs ($30,000–
$50,000) and rely on environment-specific chemometric mod-
els, such as PLS or neural networks, that degrade across
deployment scenarios. Conventional single-wavelength po-
larimeters face a more fundamental bottleneck: they measure
only the linear superposition of all optically active compo-
nents [25], producing a single aggregate rotation that is al-
gebraically insufficient to distinguish individual substances.
Polarix resolves this bottleneck at $100 with no training
data. By exploiting differential temperature-dependent op-
tical rotation, it transforms an otherwise underdetermined
system into a solvable one, enabling robust inline concentra-
tion tracking of multiple substances simultaneously.

3 Preliminary
This section addresses three key questions that motivate
Polarix: (1) how optical activity is measured and why one
measurement cannot resolve mixtures; (2) why temperature,
unlike path length or wavelength, makes an 𝑁 -component
mixture identifiable and how to assess separability for a new
substance set; and (3) why classical rotation methods fail in
real liquids, motivating our robust polarimetric system.

3.1 Measuring Optical Activity via
Polarized Light

When polarized light traverses an optically active substance,
its polarization plane rotates by an angle proportional to
the substance’s concentration and path length. The two
dominant measurement methods are the intensity-based ap-
proach [36], which infers rotation from the ratio of transmit-
ted to maximum intensity, and the half-shade method [24],
which splits the beam into two paths and rotates the analyzer
until both appear equally bright, reducing ambient-light sen-
sitivity by differential referencing. Polarimetric sensing has
been explored for glucose monitoring [33] and biomedical
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diagnostics [58]. The core challenge is that every opti-
cally active substance contributes to rotation simulta-
neously; recovering individual concentrations from a
single aggregate measurement is algebraically under-
determined.

3.2 Decoupling Multiple Substances via
Temperature Modulation

We analyze under what conditions multiple-measurement
polarimetry can resolve individual concentrations, and show
that temperature modulation, unlike path-length or wave-
length variation, yields a uniquely solvable system. The ob-
served optical rotation 𝛼 obeys Biot’s law [8]:

𝛼 = [𝛼]𝑇
𝜆
· 𝑙 · 𝑐 (1)

where [𝛼]𝑇
𝜆
is the specific rotation at wavelength 𝜆 and tem-

perature 𝑇 , 𝑙 is the path length, and 𝑐 is the concentration.
For an 𝑁 -component mixture, the additive principle [60]
gives:

𝛼total =
𝑁∑︁
𝑖=1

[𝛼𝑖 ]𝑇𝜆 · 𝑙 · 𝑐𝑖 (2)

Recovering 𝑁 unknown concentrations requires 𝑀 ≥ 𝑁

linearly independent equations. Taking 𝑀 measurements
under varying conditions (path length 𝑙 , wavelength 𝜆, or
temperature 𝑇 ) yields the system:

𝑙 ·
©­­­­­«

[𝛼1]𝑇1𝜆1 [𝛼2]𝑇1𝜆1 · · · [𝛼𝑁 ]𝑇1𝜆1
[𝛼1]𝑇2𝜆2 [𝛼2]𝑇2𝜆2 · · · [𝛼𝑁 ]𝑇2𝜆2
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...

. . .
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𝛼𝜆𝑀

ª®®®®¬
(3)

We now examine each candidate modulation axis.
(1) Multiple measurements at different path lengths.
Varying 𝑙 scales every row of the coefficient matrix by the
same factor, making all𝑀 equations linearly dependent. The
system has infinitely many solutions; individual concentra-
tions cannot be recovered.
(2) Multiple measurements at different wavelengths.
The single-resonance Drude model gives the specific rotation
at a fixed temperature 𝑇0 as [42]:

[𝛼𝑖 ]𝑇0𝜆 =
𝑘𝑖

𝜆2 − 𝜆20
(4)

where 𝑘𝑖 is a substance-specific constant and 𝜆0 is the ab-
sorption resonance wavelength.
Substituting Eq. 4 into Eq. 3 shows that, for a measure-

ment taken at wavelength 𝜆𝑚 , all coefficients share the same
scalar factor 1/(𝜆2𝑚 − 𝜆20). As a result, each row of the coef-
ficient matrix is simply a scaled version of the same vector
(𝑘1, 𝑘2, . . . , 𝑘𝑁 ). The rows are therefore linearly dependent,
meaning the coefficient matrix has zero determinant and
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Figure 6: Impact of tube length, light wavelength, and
laser power.

cannot be inverted. Consequently, even with measurements
at multiple wavelengths, the resulting system of equations
remains underdetermined.
(3) Multiple measurements at different temperatures.
Unlike wavelength, the temperature dependence of specific
optical rotation is substance-specific and lacks a universal
dispersion law that would impose a shared functional form
across substances [13, 66]. Golub et al. [13] showed that
even the sign of the temperature gradient can differ across
substances. Because no common factor can be extracted from
the rows, the𝑀 × 𝑁 coefficient matrix in the temperature-
modulated system,
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has full column rank in general, yielding a unique concen-
tration solution.
■ Proof of Principle. To validate this, we measured the
temperature-dependent specific optical rotation of 10 rep-
resentative optically active substances using a commercial
temperature-controlled polarimeter across a 35°C–50°C win-
dow. As shown in Fig. 2, each substance exhibits a distinct
trend with temperature. We empirically model [𝛼]𝑇 using
a third-order polynomial (solid curves in Fig. 2), a common
low-order empirical form that adequately fits all ten calibra-
tion curves over 35–50◦C under a single, substance-agnostic
model. This uniformmodel ensures that the calibrated [𝛼𝑖 ]𝑇𝑚
entries of the design matrix 𝐴 and the 𝜎min (𝐴) separability
metrics are directly comparable across substance sets.

To illustrate the identifiability condition, consider the sim-
plest case: a two-substance mixture whose temperature re-
sponses are locally approximated as [𝛼1]𝑇 ≈ 𝜔1𝑇 + 𝑏1 and
[𝛼2]𝑇 ≈ 𝜔2𝑇 + 𝑏2. Substituting into Eq. 5 and evaluating the
2 × 2 coefficient determinant at two temperatures 𝑇1 ≠ 𝑇2
yields (𝑇1 −𝑇2) (𝜔1𝑏2 − 𝑏1𝜔2). A unique solution therefore
exists if and only if 𝜔1

𝜔2
≠

𝑏1
𝑏2
. This non-proportionality condi-

tion is readily satisfied when two substances differ in either
slope or intercept. For 𝑁 > 2 components, the general iden-
tifiability requirement is that the 𝑁 column vectors of 𝐴𝑇
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in Eq. 5, each representing a substance’s specific-rotation
values sampled across𝑀 temperatures, are linearly indepen-
dent. Because the molecular origins of temperature sensitiv-
ity (conformational flexibility, solvation effects, and vibra-
tional coupling) differ across chemically distinct species, we
empirically observe that the [𝛼] (𝑇 ) curves of different sub-
stances exhibit small but nonzero, substance-specific curva-
ture (Fig. 2), and the resulting temperature–rotation profiles
are sufficiently rich to maintain full column rank.

We first determine three key optical parameters, including
the light wavelength, laser power, and optical path length,
to establish the measurement conditions. As shown in Fig. 6,
we selected a short violet wavelength of 405 nm because
shorter wavelengths produce larger optical rotations and
thus improve the signal-to-noise ratio, while green light at
532 nm is used for strongly absorbing or turbid liquids where
optical penetration is more important; although infrared
light provides greater penetration, the corresponding equip-
ment is substantially more expensive, costing approximately
$25,000. We also selected a 2W laser to enhance optical
contrast without excessive energy and a 30 cm optical path
length to amplify the rotation signal while maintaining ac-
ceptable beam attenuation and system size. We prepared 10
samples with known concentrations, measured the aggre-
gate optical rotation of each sample at multiple temperatures
within the 35°C–50°C range, and estimated all component
concentrations using a least-squares estimator with the cali-
brated specific-rotation curves as the design matrix. Fig. 3
shows that the estimated concentrations closely match the
ground truth across all substances and samples. Further-
more, Fig. 4 shows that, among the three modulation axes
we analyze, temperature modulation is the one that makes
the mixture identifiable: temperature sweeps yield median
ARDs of 0.09–0.20 for 𝑁 = 2–4, whereas wavelength and
path-length sweeps produce rank-deficient systems, with
ARDs remaining at 0.8–1.0.
■ Separability Guidance. For deployment, consider a set
of 𝑁 substances measured at𝑀 temperatures. We define the
design matrix 𝐴 ∈ R𝑀×𝑁 by 𝐴𝑚,𝑖 = [𝛼𝑖 ]𝑇𝑚 · 𝑙 , where [𝛼𝑖 ]𝑇𝑚
is the calibrated specific rotation of substance 𝑖 at temper-
ature 𝑇𝑚 , and 𝑙 is the optical path length. We quantify the
separability of the set by the smallest singular value 𝜎min (𝐴):
a small value indicates that two or more response columns
are nearly linearly dependent and therefore difficult to dis-
tinguish, whereas a larger value indicates better-conditioned
concentration recovery. The computed 𝜎min (𝐴) can then be
compared with the horizontal ARD reference lines in Fig. 5;
a value above a given line indicates that the set is expected to
achieve the corresponding ARD or lower. The figure reports
median 𝜎min (𝐴) values of 1.20, 0.32, and 0.11 over all

(10
𝑁

)
substance combinations for 𝑁 = 2, 3, 4, respectively. These

Optical Design Optical Scheme
Robust Measurement

Rotating Analyzer1

2

1 2

laser

pilot

Temperature Control
Optical Solver

In
te
ns
ity

Time0

“Pilot” Calibration

Temperature Change3

temperature

temperature

α
α Glu

Amino 
Acid

15 35(℃)

(℃)

3

Multi-substance
Concentration

Substance Class 
Substance

Temperature 

difference

Laser Emission

Substance Modeling

Substance  
Concentration 

Least Squares
Solution

Fermentation 
Tracking

Byproduct 
Detection

Adulteration 
Authentication

Figure 7: Overview of Polarix: a rotating analyzerwith
physical pilot marker measures optical rotation ro-
bustly, and temperature modulation enables training-
free multi-substance concentration estimation.
medians fall between the ARD reference lines and predict
typical ARDs of approximately 0.09, 0.15, and 0.22.

3.3 Instability in Optical Rotation
Measurement

Deploying polarimetry inline requires accurately measur-
ing aggregate optical rotation across varying temperatures.
However, in real-world deployments, target liquids are of-
ten turbid, colored, or dynamically flowing. Such conditions
severely corrupt both traditional measurement methods, as
illustrated in Fig. 8. We state that current methods for mea-
suring optical rotation cannot work under these conditions.
Intensity-basedmethod.When the incident polarized light
and analyzer are initially aligned, the maximum intensity 𝐼0
is obtained. With an optically active sample (rotation 𝛼test),
the received intensity follows Malus’s law [5]:

𝐼rec = 𝐼0 cos2 (𝛼test) + 𝜎rec (6)
where 𝜎rec captures intensity perturbations from turbidity
and flow. Since 𝐼0 is itself unstable in such environments, the
inferred 𝛼test is corrupted by 𝜎rec and the uncertainty in 𝐼0.
Half-shade method. The analyzer is rotated until the glass
path and quartz path appear equally bright:

𝐼glass = 𝐼0 cos2
(
𝛼test −

𝛼quartz
2

)
+ 𝜎glass (7)

𝐼quartz = 𝐼0 cos2
(
𝛼test +

𝛼quartz
2

)
+ 𝜎quartz (8)

Although differential referencing between the two paths par-
tially cancels common-mode noise, spatial inhomogeneities
in the distorted beam cause 𝜎glass ≠ 𝜎quartz, making the bal-
ance condition unreliable and producing systematic errors in
the estimated 𝛼test. A measurement approach that is robust
to such intensity noise is therefore required.

4 Polarix System
Design at a glance. Fig. 7 illustrates a single measurement
by Polarix, with each stage corresponding to a subsection
below. (1) Read (Sec. 4.1): A sample-filled tube is placed
between a fixed polarizer and a continuously rotating ana-
lyzer, while a photodiode records the transmitted intensity.
Polarix infers optical rotation from the phase of minimum
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Figure 8: Environmental factors dis-
tort the transmitted light spot: col-
oration increases absorption, sus-
pended particles corrupt beam in-
tegrity, and fluid motion causes vi-
bration.
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Figure 9: Polarix tracks the
minimum-intensity phase of the
rotating analyzer. Despite intensity
fluctuations (blue) versus stable
conditions (red), the inferred
optical rotation remains consistent.
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Figure 10: Under varying light-spot
conditions, Polarix maintains sta-
ble optical rotation readings for
lysine, while intensity-based and
half-shade methods degrade signif-
icantly.

intensity, rather than its amplitude, making the measure-
ment robust to color, suspended solids, and flow. (2) Sweep
(Sec. 4.2): The tube is heated once andmeasured continuously
during slow cooling, yielding𝑀 rotation values at𝑀 temper-
atures in a single sweep. A light-blocking pilot strip on the
analyzer re-references each rotation cycle, preventing period
jitter from a low-cost stepper motor from accumulating. (3)
Solve (Sec. 4.3): The𝑀 readings are stacked into 𝜶 and in-
verted using the design matrix𝐴 defined in Eq. 5, recovering
all 𝑁 concentrations simultaneously without training data
or per-site recalibration.

4.1 Robust Optical Rotation Measurement
To measure the concentrations of multiple optically active
substances based on the temperature-dependent nature of
their optical rotations, we should accurately determine the
optical rotation under varying temperatures. However, the
intensity-based and half-shademethods introduced in Sec. 3.1
rely heavily on the quality of the light spot. In the real world,
changes in liquid color, suspended particles, and fluid flow
can significantly affect spot quality (Fig. 8), leading to mea-
surement instability. Consequently, a robust optical rotation
measurement technique is urgently needed.
Revisiting the property of optical rotation. Let the polar-
izer axis form angle 𝜃0 with the horizontal. After traversing
an optically active sample with rotation 𝛼 , the light’s po-
larization direction becomes 𝜃0 + 𝛼 . When the analyzer is
positioned at angle 𝜃1, Malus’s law [5] gives the transmitted
intensity as:

𝐼 = 𝐼0 cos2
(
(𝜃0 + 𝛼) − 𝜃1

)
(9)

We are interested in the case that is least affected by light
intensity, so we focus on the darkest point. The intensity
reaches zero when (𝜃0 + 𝛼) − 𝜃1 = 90◦, yielding:

𝛼 = 90◦ + 𝜃1 − 𝜃0 (10)

Critically, this darkest-point condition depends solely on
polarization angles and is independent of the incident
intensity 𝐼0. Even when the beam is attenuated or distorted
by turbid or colored media, the minimum-intensity position
is largely unaffected, providing a measurement that is robust
to intensity noise.
Darkest-point detection. As shown in Fig. 9, we propose
an automated detection approach using a photodiode and
a rotatable analyzer. We mount the analyzer on a stepper
motor for continuous rotation and use a photodiode to record
transmitted intensity. By symmetry, at least one intensity
minimum occurs per half-revolution. Let 𝑓 𝑠 denote the pho-
todiode sampling rate and 𝑡 the half-revolution duration. We
first record the air-reference darkest position 𝑝𝑜𝑠air. During
liquid measurement, the analyzer rotates from 𝑝𝑜𝑠air and the
minimum occurs at sample index 𝑠𝑝min. The optical rotation
is then:

𝛼 =


𝑠𝑝min
𝑡 · 𝑓 𝑠 · 180◦, 𝑠𝑝min ≤ 𝑡 · 𝑓 𝑠

2 ,

90◦ − 𝑠𝑝min
𝑡 · 𝑓 𝑠 · 180◦, 𝑠𝑝min >

𝑡 · 𝑓 𝑠
2 .

(11)

Because intensity near the true minimum is very flat, pin-
pointing 𝑠𝑝min in a single cycle is noisy. We therefore av-
erage 𝑠𝑝min across multiple consecutive cycles to suppress
this uncertainty. Fig. 10 confirms that our method maintains
stable optical rotation readings under fluctuating intensity,
whereas intensity-based and half-shade methods degrade
substantially.

4.2 Enabling Stable Measurement During
Temperature Changes

Decoupling multiple substances requires consistent optical
rotation measurements across a full temperature sweep. Dur-
ing a prolonged cooling cycle, however, measurement er-
ror gradually accumulates. We investigated by continuously
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(a) Early stage.

Drift

(b) Mid-term.

Drift

(c) Later stage.
Figure 11: Cumulative motor drift progressively shifts
the detected darkest point across cycles, degrading op-
tical rotation accuracy over a long temperature sweep.

measuring water, which has zero optical activity and should
yield a constant rotation reading. As shown in Fig. 11, the
detected darkest position drifts progressively later within
each cycle.

The root cause is that the stepper motor’s half-revolution
duration is not exactly 𝑡 but 𝑡 + 𝑡𝜎,𝑘 , where 𝑡𝜎,𝑘 is a small
random deviation in cycle 𝑘 . Using a fixed period 𝑡 to divide
the timeline, the darkest-point position accumulates as:

𝑠𝑝drift =
𝑘∑︁
𝑖=1

𝑡𝜎,𝑖 · 𝑓 𝑠 (12)

This cumulative shift grows unboundedly over time and
directly corrupts the rotation reading.
Pilot strip solution. To address this, we propose the ad-
dition of a light-blocking strip on the analyzer. Once per
revolution, the strip occludes the beam, producing a sharp
intensity drop that is easily distinguished from the gradual
darkening near the optical minimum. We call this event the
pilot. As shown in Fig. 12, the strip is placed at position
OA. During air calibration, we orient OA such that positions
OB and OC (both 90◦ from OA) coincide with the darkest
points. This geometry places OA at the theoretical intensity
peak, maximizing the contrast of the pilot drop for reliable
detection, and simultaneously preserves the full ±90◦ optical
rotation measurement range.

With the pilot, each cycle is re-referenced to 𝑠𝑝pilot rather
than a fixed period, reducing the per-cycle drift to:

ˆ𝑠𝑝drift =
𝑡𝜎,𝑘

𝑡
· 𝑓 𝑠 (13)

Because 𝑡𝜎,𝑘 ≪ 𝑡 and is nearly zero-mean random noise,
averaging over multiple cycles suppresses this residual drift
to a negligible level.

The updated optical rotation formula using the pilot refer-
ence is:

𝛼 =


𝑠𝑝min − 𝑠𝑝pilot

𝑡 · 𝑓 𝑠 · 180◦, 𝑠𝑝min ≤ 𝑡 · 𝑓 𝑠
2 + 𝑠𝑝pilot,

90◦ −
𝑠𝑝min − 𝑠𝑝pilot

𝑡 · 𝑓 𝑠 · 180◦, 𝑠𝑝min >
𝑡 · 𝑓 𝑠
2 + 𝑠𝑝pilot.

(14)

O

A

B C

Analyzer with 
“Pilot” Strip

Figure 12: The pilot strip blocks the beam once per
cycle, marking each cycle’s origin. Positioning OA at
the theoretical brightness peak ensures a sharp, unam-
biguous pilot signal and preserves the full ±90◦ mea-
surement range.
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(c) Threonine.
Figure 13: With the pilot, optical rotation remains sta-
ble over a full temperature sweep: water holds near 0◦,
and both glucose and threonine exhibit the expected
monotonic temperature trends.

Fig. 13 validates the approach: with the pilot enabled, wa-
ter’s optical rotation stabilizes near 0◦ throughout the entire
sweep, confirming that drift is eliminated, while glucose and
threonine display clean, monotonic temperature-dependent
trends suitable for concentration estimation. A natural al-
ternative is to use an encoder. However, it would require an
additional clock synchronized with the photodiode to align
the measured light intensity with the analyzer’s rotation
angle, whereas the pilot strip achieves this directly.

4.3 Multi-Substance Concentration
Estimation

Given stable temperature-variant optical rotation measure-
ments, we now describe the training-free solver that recovers
individual substance concentrations. For each of the 𝑁 target
substances, we measure the temperature-dependent specific
rotation [𝛼𝑖 ]𝑇 using standard solutions of known concen-
tration, obtaining via [𝛼𝑖 ]𝑇 = 𝛼𝑇 /(𝑙 · 𝑐). Multiple standard
concentrations are averaged to reduce calibration error. This
calibration is performed once and applies to all subsequent
measurements, regardless of sample origin or matrix.
Concentration solver. Let 𝑐𝑖 denote the predicted concen-
tration of substance 𝑖 . Using the calibrated specific-rotation
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Figure 14: Prototype of Polarix. The sensing tube (cen-
ter) houses the heating element and thermocouple; the
rotating analyzer with pilot strip (right) is driven by
the stepper motor; the photodiode receiver (left) feeds
into the embedded controller.
curves, the predicted aggregate optical rotation at tempera-
ture 𝑇𝑚 is:

𝜶̂ =

©­­­­«
[𝛼1]𝑇1 · 𝑙 · · · [𝛼𝑁 ]𝑇1 · 𝑙
[𝛼1]𝑇2 · 𝑙 · · · [𝛼𝑁 ]𝑇2 · 𝑙

...
. . .

...

[𝛼1]𝑇𝑀 · 𝑙 · · · [𝛼𝑁 ]𝑇𝑀 · 𝑙

ª®®®®¬︸                                 ︷︷                                 ︸
𝐴 ∈ R𝑀×𝑁

©­­«
𝑐1
...

𝑐𝑁

ª®®¬ (15)

where the design matrix𝐴 is constructed from offline calibra-
tion data. The observed rotation vector is𝜶 = (𝛼𝑇1 , 𝛼𝑇2 , . . . , 𝛼𝑇𝑀 )⊤.
With 𝑀 ≥ 𝑁 measurement temperatures, the overdeter-
mined system is solved via constrained least squares:

min
ĉ ≥ 0

1
𝑀



𝜶 −𝐴ĉ


2
2 (16)

The non-negativity constraint ĉ ≥ 0 reflects the physical re-
quirement that concentrations cannot be negative. We solve
this using the L-BFGS-B optimizer, a bound-constrained
quasi-Newtonmethod that scales efficiently with𝑁 . No train-
ing data, domain-specific models, or environment-specific
calibration are required beyond the one-time specific-rotation
characterization.

5 Evaluation
5.1 Experimental Setup
We introduce the prototype, ground-truth acquisition, test
liquids, and metrics. Every experiment was repeated 5 times
and the median is reported.

5.1.1 Prototype. As shown in Fig. 14, Polarix consists of
several key components. A 2W, 405 nm coherent OXLaser
module ($12.3) generates a laser beam that is linearly po-
larized by a GKM-0104 polarizer ($1.56). The beam passes
through a 30cm tube (≈ $0.1) containing a 3 kW heating rod
($3.83) and four K-sheathed thermocouple thermometers

($28.71) mounted at the top to measure the internal tempera-
ture; the tube is wrapped in rubber insulation to retard heat
loss during the cooling ramp. The rotating mechanism is
driven by a 57BYG250 stepper motor ($17.57), which rotates
the analyzer (≈ $1) with a light-blocking pilot strip affixed to
a 3.0mm Cr-304 stainless-steel support fabricated by wire-
electrode cutting. An OPT101 photodiode [56] ($7.71) detects
the transmitted light, and an Arduino UNO [2] ($12.97) col-
lects photodiode samples. Total hardware cost is under $100.

5.1.2 Environment & Liquids. We evaluate Polarix across
two distinct target categories. For system micro-benchmarks,
end-to-end performance, and environmental robustness (Sec. 5.2–
5.4), we use simulated solutions of optically active substances
with known ground-truth concentrations (e.g., glucose, fruc-
tose, and specific amino acids). To demonstrate practical
universality (Sec. 5.5.1–5.5.3), we deploy Polarix in three
diverse real-world applications: dynamic multi-substance
tracking in operational bioreactors, trace-byproduct detec-
tion in complex fermentation broth, and food-safety authen-
tication of honey under industrial adulteration. Ground truth
comes from liquid chromatography.

5.1.3 Metrics. We use two metrics to evaluate Polarix.
Absolute Relative Difference (ARD). ARD quantifies esti-
mation accuracy across all substances and applications:

ARD =
|𝑐ref − 𝑐est |

𝑐ref
(17)

where 𝑐ref is the ground-truth concentration and 𝑐est is the
estimated value. By normalizing against 𝑐ref , ARD is scale-
independent and directly comparable across substance types
and concentration ranges. When reporting an overall ARD
across applications, we compute the macro-average: the ARD
of each substance in each experiment is first averaged within
that experiment, and the resulting per-experiment means
are then averaged across all experiments with equal weight.
An ARD within 20% is considered acceptable [15].
Energy Consumption. We determine energy consumption
from the power of each module and its operating duration:

𝐸 = (𝑃laser + 𝑃motor) · 𝑡 + 𝐸heater (18)

where 𝑃laser and 𝑃motor are the laser and motor power, and
𝐸heater is the energy consumed during one heating cycle. The
laser and motor operate only during the cooling phase when
optical rotation is measured; the heater consumes energy
only during the short heating ramp.

5.2 Micro-Benchmark
5.2.1 Impact of Temperature Range. Temperature modula-
tion is the core knob in Polarix: a wider sweep improves
multi-substance identifiability but increases perturbation of
the sample environment. As shown in Fig. 15(a), a 5◦C sweep
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Table 2: Consolidated comparison of Polarix, its ablation settings, evaluated sensing baselines, and commer-
cial/reference instruments in accuracy, throughput, automation, and deployment fit.

System Setting ARD𝑁=1 ↓ ARD𝑁=2 ↓ ARD𝑁=3 ↓ ARD𝑁=4 ↓ Throughput (samples/h)↑ Automation Deployment fit

Polarix

Full system 0.057 0.118 0.148 0.220

4 ✓ Per-vessel monitoringW/o T-Var 0.034 1.488 1.863 2.599
W/o Rotation 0.447 0.837 1.048 1.465
W/o Pilot 0.346 0.558 0.699 0.976

Traditional optical-rotation methods
Intensity polarimetry [70] 0.763 0.932 1.214 1.620 5 ✗ Process polarimetry
Half-shade polarimeter [24] 0.418 0.493 0.593 0.734 5 ✗ Manual polarimetry
Mobile sensing methods
Vi-Liquid [21] 0.409 0.593 0.761 1.002 3 ✗ Consumer screening
Al-light [37] 0.278 0.436 0.585 0.873 5 ✗ In-glass sensing
Nutrilyzer [43] 0.142 0.236 0.361 0.524 3 ✗ Food screening
High-precision, high-cost instruments
NIR spectroscopy [51] 0.015 0.033 0.042 0.043 2 ✓ At-line monitoring
Inline biosensor [23] 0.011 Single-substance only 1 ✓ On-line glucose
HPLC / MS [12] Reference-grade 0.5 ✗ Reference assay
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Figure 15: Impact of temperature range, monitoring
duration, and light sensor.

yields ARD of 0.448, while 15◦C reduces it to 0.141; extending
to 25◦C reaches 0.111 but imposes a perturbation that may
deviate heat-sensitive samples from their optimal operating
temperature (even though many microorganisms tolerate
∼20◦C changes). We therefore adopt 15◦C as the operating
point, providing sufficient identifiability while minimizing
sample disturbance. The method is not limited to a 15◦C
span within 35–50◦C and can be adapted to any temperature
window suitable for the application.

5.2.2 Impact of Monitoring Duration. Measurements are
taken during cooling, since rapid heating can destabilize
the liquid. A 15◦C ramp typically takes ≈15min, but con-
tinuously rotating the analyzer throughout wastes energy
and accelerates mechanical wear. Fig. 15(b) shows that op-
erating the analyzer intermittently for 10min within each
15min measurement achieves an ARD of 0.135 while saving
≈5 kJ; we therefore adopt this duty cycle by default. Because
Polarix targets long-horizon monitoring, concentrations re-
main effectively constant over the full 15min measurement.
At a lysine production rate of 2.57 g/L/h, the concentration
changes by only 0.00064 g/mL during this interval, while

static samples such as honey do not change, making intra-
sweep drift negligible.

5.2.3 Impact of Light Sensor. Fig. 15(c) shows that a pho-
todiode receiver achieves the lowest ARD (0.102), owing to
its high sampling frequency which faithfully captures the
minimum-intensity phase. Camera-based receivers (CCD,
CMOS) introduce higher latency and lower effective sam-
pling rates because they must transfer and process signifi-
cantly more data, making them unsuitable for rapid phase
detection. We therefore use a photodiode in all subsequent
experiments.

5.3 Overall Performance
Design Contribution. We evaluate how each of Polarix’s
three core components contributes to accuracy as mixture
complexity grows from 1 to 4 coexisting substances (Tab. 2).
Without temperature modulation (W/o T-Var), ARD starts
at 0.034 for a single substance and escalates sharply to 2.599
at four substances, confirming that temperature-induced
rotation diversity is the mathematical prerequisite for multi-
substance identifiability, as the system becomes increasingly
unsolvable without it. Without the rotating analyzer (W/o
Rotation), ARD similarly climbs from 0.447 to 1.465, as static
intensity measurement conflates polarization angle with am-
plitude fluctuations from turbidity and flow, a bias that com-
pounds with each additional substance. Without pilot-based
drift correction (W/o Pilot), ARD grows more moderately
from 0.346 to 0.976, yet the degradation remains consistent
across all mixture sizes, since cumulative motor drift intro-
duces a persistent rotation offset that contaminates every
substance’s estimate. Polarix with all three components
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Figure 16: ARD under varying real-world liquid condi-
tions: (a) turbidity (TSS), (b) flow rate, and (c) pH.
achieves ARD of 0.057 at one substance, rising only to 0.220
at four substances, remaining nearly flat as mixture complex-
ity increases, a scalability that no partial design attains.
Comparison with Baselines.We compare Polarix with
existing sensing methods and reference instruments in ac-
curacy, throughput, automation, and deployment fit (Tab. 2).
As mixture complexity increases from 1 to 4 substances, all
evaluated sensing baselines show substantial accuracy degra-
dation. The ARD of intensity polarimetry rises from 0.763 to
1.620, half-shade polarimetry from 0.418 to 0.734, Vi-Liquid
from 0.409 to 1.002, Al-light from 0.278 to 0.873, and Nutri-
lyzer from 0.142 to 0.524. These methods measure aggregate
optical, vibrational, absorption, or photoacoustic responses
without explicitly decoupling individual substances, caus-
ing estimation errors to accumulate as more components
coexist. In contrast, Polarix maintains substantially lower
ARD, increasing only from 0.057 to 0.220, demonstrating ro-
bust multi-substance separability. NIR spectroscopy achieves
higher accuracy but lower throughput and typically relies
on matrix-specific chemometric calibration, while the inline
biosensor is restricted to a single target substance. HPLC/MS
provides reference-grade measurements but requires offline
laboratory analysis and approximately two hours per sample.
Polarix instead provides four autonomous multi-substance
measurements per hour.

5.4 Environmental Robustness
We evaluate Polarix’s robustness under three real-world
liquid conditions that challenge optical sensing: turbidity,
flow, and pH variation.

5.4.1 Impact of Turbidity. We introduce solid suspensions
spanning a concentration range (10–30 g/L TSS), which spans
typical industrial broth solid loads [44]. At 30 g/L with a
2W laser, the received light power remains ≈10mW, which
is within the photodiode’s measurable range. As shown in
Fig. 16(a), ARD increases from 0.060 to 0.155 as TSS rises from
10 to 30 g/L, confirming that Polarix maintains acceptable
accuracy across the full practical turbidity range.

5.4.2 Impact of Flow Rate. Liquid flow creates laminar-velocity
gradients that expose polarized light to spatially inhomo-
geneous optical environments, causing polarimetric errors.
Fig. 16(b) shows that increasing flow rate raises ARD by

up to 0.065 and increases variance. Polarix achieves its
best accuracy at lower flow rates; for inline deployments
with fast-moving liquids, we recommend routing the sample
through a low-flow bypass tube during measurement. The
tested flow range reflects common bypass/sidestream rates
used in industrial process monitoring [41, 54].

5.4.3 Impact of pH. The pH of target liquids can vary sub-
stantially depending on the application (e.g., around 7 in
amino-acid fermentation, acidic in fruit juices or vinegar).
We regulate pH with phosphoric acid and sodium hydroxide.
As shown in Fig. 16(c), pH has no significant effect on mea-
surement accuracy, with a maximum ARD of 0.125 across
the full tested range, confirming that Polarix is pH-agnostic.
This pH range encompasses the conditions targeted by Po-
larix [44].

5.5 Case Study
5.5.1 Amino Acid Fermentation Tracking. We deploy Po-
larix into operational bioreactors to autonomously track
multi-substance conversions across 6–7 fermentation stages
at 10-hour intervals, covering three commercial amino acid
bioprocesses in both simulated and real environments (Fig. 18).
We use a 532 nm laser to ensure sufficient beam penetration
through turbid fermentation broth.
Threonine. Across glucose-based and xylose-based fermen-
tations, Polarix achieves ARD of 0.116 for threonine, 0.086
for glucose, and 0.098 for xylose.
Lysine. In glucose-to-lysine bioprocesses, ARD is 0.133 for
lysine and 0.074 for glucose, including real bioreactor deploy-
ments where microbial populations and broth opacity vary
across stages.
Alanine. Across glucose-based and lactic-acid-based con-
versions, including a dynamic mid-process glucose addition
scenario, ARD is 0.162 for alanine, 0.089 for glucose, and
0.188 for lactic acid.

5.5.2 Trace Byproduct Detection. Industrial fermentation
routinely generates low-concentration byproducts through
branched metabolic routes, complicating monitoring and
inflating purification costs. We evaluate Polarix’s ability
to resolve trace components within a complex dominant-
species mixture. As shown in Fig. 19, Polarix simultaneously
tracks primary targets and minority byproducts across up
to four coexisting substances. For the three-component case,
glucose ARD is 0.075 and threonine ARD is 0.089. For the
four-component case with both lysine and isoleucine present
as byproducts, their ARDs are 0.194 and 0.269, respectively,
even at concentrations far below the dominant species. These
results demonstrate Polarix’s potential as an autonomous
early-warning mechanism for process anomalies without
any hardware reconfiguration or retraining.
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(a) Simulated fermentation setup.
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(b) Real bioreactor deployment. (c) Miniaturized prototype for food authentication.
Figure 17: Deployment configurations of Polarix: (a) simulated amino acid fermentation with controlled ground-
truth concentrations, (b) real bioreactor deployment for in-situ fermentation tracking, and (c) miniaturized form
factor for honey adulteration authentication.
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(a) Simulation: glucose - threonine.
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(b) Simulation: glucose - lysine.
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(c) Simulation: glucose - alanine.
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(d) Simulation: glucose - alanine, glu-
cose addition.
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(e) Simulation: xylose - threonine.
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(f) Simulation: lactate - alanine.
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(g) Real: glucose - threonine.
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(h) Real: glucose - lysine.

Figure 18: Fermentation tracking results across diverse substrate-to-amino-acid bioprocesses in both simulated
(a–f) and real (g–h) bioreactor environments.
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(a) In simulated glucose - threonine,
lysine is a by-product.
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Figure 19: Simultaneous monitoring in the presence of
trace amino acid byproducts: (a) lysine as a byproduct
during glucose-to-threonine fermentation; (b) lysine
and isoleucine as co-byproducts.

5.5.3 Honey Adulteration Authentication. We apply Polarix
to food-safety authentication: detecting honey adulteration
by recovering the native fructose-to-glucose ratio. A 10mL
honey sample dissolved in 300mL water yields concentra-
tions of 0.01–0.02 g/mL, within Polarix’s polarimetric reso-
lution. Three honey varieties (acacia, rapeseed, dandelion)
were tested under rice-syrup and HFCS-55 adulteration at
10%–50% substitution rates. Rice-syrup adulteration causes
fructose to declinemonotonically from 0.018 g/mL to 0.007 g/mL
across all varieties, as the fructose-free adulterant progres-
sively dilutes native fructose; glucose remains relatively sta-
ble near 0.010 g/mL. In Fig. 20(b), HFCS-55 adulteration shifts
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Figure 20: Honey adulteration authentication across
three honey varieties (acacia, rapeseed, dandelion) un-
der (a) rice-syrup and (b) HFCS-55 adulteration at 10%–
50% substitution rates.
the sugar balance differently: fructose rises steeply from
about 0.017 g/mL to 0.026 g/mL while glucose changes only
mildly, reflecting the fructose-rich composition of HFCS-55.

As shown in Fig. 20, in both scenarios, Polarix’s estimated
concentrations track ground truth tightly across all three
varieties and all adulteration levels, achieving overall ARD
of 0.106.

6 Discussion
6.1 Limitations
First, deployments in sanitary-sensitive environments such
as bioreactors require additional sterilization and sealing pro-
cedures for the sensing tube. Second, the 15◦C thermal sweep
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(a) Thermometer data.

Tube

36.4℃

(b) Temperature heatmap.
Figure 21: Spatial and temporal temperature unifor-
mity: (a) four thermocouple channels remain within a
0.5◦C spread throughout the cooling ramp; (b) thermal
imaging confirms a spatially uniform interior.

introduces a transient temperature deviation in the sampled
volume; applications with strict isothermal requirements
may need a dedicated bypass loop. Third, estimation accu-
racy degrades below 0.005 g/mL, constraining applicability to
sufficiently concentrated solutions; extending the tube length
can partially mitigate this. Fourth, ARD increases notably
beyond four coexisting substances as the noise causes errors
in calculations; nevertheless, our resolution already covers
the dominant use cases in fermentation tracking and food au-
thentication. Fifth, Polarix assumes a known substance set,
while open-set identification of arbitrary unknown species
remains future work. Sixth, our system cannot separate near-
identical molecules such as isotopologues, which typically
require costly specialized instruments to distinguish.

6.2 Impact of Temperature Perturbation
The 15◦C sweep is applied only to the small liquid volume
within the sensing tube, not to the bulk sample or process
vessel. If the measured liquid is merely a withdrawn test sam-
ple, the temperature variation has no effect on the original
system or production process. For in-situ industrial deploy-
ments, the sensing tube contains only a small sidestream vol-
ume isolated from the main reactor. To conservatively bound
any production impact in the most demanding scenario, we
assume microbial activity in the tube is fully suppressed dur-
ing the 15-minute measurement. Even under this worst-case
assumption, the loss is negligible: for lysine (production rate
2.57 g/L/h), the missed yield over 15 minutes is only 0.31 g,
corresponding to less than 0.0005% of total output in a 100m3

industrial fermenter. This equates to less than 4.3ms of addi-
tional fermentation time to compensate, confirming that the
thermal perturbation has no meaningful impact on process
yield in realistic deployments. Additionally, the 50◦C upper
bound remains well below the temperatures at which amino
acids and sugars undergo thermal decomposition, preserving
analyte integrity. For heat-labile species, the window can
be shifted downward, since decoupling depends on relative
rotation changes rather than absolute temperature.

6.3 Temperature Uniformity
Accurate multi-substance decoupling requires that all mea-
surement points in a temperature sweep correspond to a
well-defined, spatially uniform sample temperature. Because
the heating rod spans the full tube length and the sampled
volume is small, the liquid rapidly reaches a near-isothermal
state. We validated this with thermal imaging and four-
channel thermocouple logging. As shown in Fig. 21(a), all
four temperature channels converge tightly throughout the
cooling ramp, with a maximum spatial spread of 0.5◦C (41.6–
42.1◦C) at any given time. The thermal heatmap in Fig. 21(b)
confirms that the temperature gradient is confined to the
tube wall, with the liquid interior remaining spatially uni-
form. A simulation analysis indicates that using the average
temperature instead of the actual temperature distribution
will only increase the ARD by 0.003, confirming that residual
non-uniformity has no meaningful effect on multi-substance
estimation accuracy.

6.4 Deployment Implications
Because Polarix costs about $100, which is two to three
orders of magnitude less than inline NIR or biosensor in-
struments, it becomes practical to deploy them per vessel
rather than share a handful of centralized analyzers. This
capability is particularly valuable in parallel fermentation
and other multi-vessel processes, where each vessel requires
independent online monitoring but conventional analytical
instruments remain too costly for dense deployment [29, 74].
This shifts multi-substance monitoring from sparse sampling
and laboratory auditing to continuous, per-vessel visibility.

7 Conclusion
We present Polarix, a polarimetric platform that resolves
multi-component concentrations by sweeping sample tem-
perature, exploiting substance-specific thermal coefficients
of optical rotation to convert an underdetermined single-
observation problem into a solvable system. Across amino-
acid fermentation tracking, trace byproduct detection, and
honey adulteration screening, Polarix achieves an overall
ARD of 0.121, demonstrating effective autonomous multi-
substance monitoring in complex real-world liquids.
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