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Most current methods for liquid analysis and fraud detection rely on expensive tools and controlled lab environments, making
them inaccessible to lay users. We present MobiLyzer, a mobile system that enables fine-grained liquid analysis on unmodified
commodity smartphones in realistic environments such as homes and grocery stores. MobiLyzer conducts spectral analysis of
liquids based on how their chemical components reflect different wavelengths. Conducting spectral analysis of liquids on
smartphones, however, is challenging due to the limited sensing capabilities of smartphones and the heterogeneity in their
camera designs. This is further complicated by the uncontrolled nature of ambient illumination and the diversity in liquid
containers. The ambient illumination, for example, introduces distortions in measured spectra, and liquid containers cause
specular reflections that degrade accuracy. To address these challenges, MobiLyzer utilizes RGB images captured by regular
smartphone cameras. It then introduces intrinsic decomposition ideas to mitigate the effects of illumination and interference
from liquid containers. It further leverages the near-infrared (NIR) sensors on smartphones to collect complementary signals
in the NIR spectral range, partially mitigating the limited sensing capabilities of smartphones. It finally presents a new
machine-learning model that reconstructs the entire spectrum in the visible and NIR ranges using the captured RGB and NIR
images, which enables fine-grained spectral analysis of liquids on smartphones without the need for expensive equipment.
Unlike prior models, the presented spectral reconstruction model preserves the original RGB colors during reconstruction,
which is critical for liquid analysis since many liquids differ only in subtle spectral cues. We demonstrate the accuracy
and robustness of MobiLyzer through extensive experiments with multiple liquids, four different smartphones, and seven
illumination sources. Our results show, for example, that MobiLyzer can accurately detect adulteration with small ratios,
identify quality grades of the same liquid (e.g., refined vs. extra virgin olive oil), differentiate the country of origin of oils (e.g.,
olive oil from Italy versus USA), and analyze the concentration of materials in liquids (e.g., protein concentration in urine for
early detection of kidney diseases).
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1 Introduction

Fraud in food and medical liquids poses significant health risks, erodes consumers’ confidence, and incurs billions
of dollars in costs each year. The scale of fraud is massive. For example, according to [11], approximately 34%
of the inspected samples of expensive oils (e.g., almond, avocado, and flaxseed) did not meet the parameters
declared on the labels. According to the US Food and Drug Administration (FDA) [28], there have been numerous
instances of companies selling various oil mixtures or diluted olive oil as extra virgin oil. Further, studies from the
World Health Organization (WHO) [52] indicate that many countries experience, on average, 10.5% of medicine
adulteration. Recent investigations have uncovered the cough syrup scandal in Indonesia and India [53, 54],
where these syrups contained toxic levels of ethylene glycol and diethylene glycol, resulting in kidney diseases in
some children who consumed them. Another example is the adulteration of milk in India, where a recent study
[25] shows the presence of various adulterants in milk, such as starch, neutralizers, and even detergents.

Current approaches for analyzing liquids and detecting cheating include high-performance liquid chromatog-
raphy (HPLC) [57, 81], Raman spectroscopy [35, 61], thermal analysis [49], and metabolomics analysis [33, 57].
All of these approaches, however, require expensive equipment and laboratory settings.

Recent works, e.g., RF-EAST [74] and LiqRay [65], partially address this problem by analyzing the dielectric
properties of liquids. However, they require special wireless devices, such as radio frequency identification
(RFID) readers and ultra-wideband (UWB) transceivers, which are not readily available to lay users. Other
works, e.g., LiquidHash [68], CapCam [80], Vi-Liquid [37], and Akte-Liquid [69], rely on smartphone cameras
and microphones, which enable wide deployment. However, many of these approaches provide coarse-grain
liquid analysis. That is, they can only analyze liquids with significantly different physical properties and detect
adulteration when the adulterant ratios are high. Since many liquids have similar physical properties, such
approaches may yield inaccurate results in realistic scenarios. For instance, mislabeling a lower-grade olive
oil (e.g., refined) as extra virgin is a common form of fraud. Since both oil grades have very similar properties,
e.g., viscosity, permittivity, and surface tension, prior approaches would likely result in low detection accuracy.
Similarly, olive and peanut oils have similar viscosity [62]. Thus, approaches that rely on liquid viscosity would
fail to detect adulteration of the olive oil with the much cheaper peanut oil.

In addition, multiple works make assumptions that are not easily met by lay users in everyday environments.
For instance, CapCam [80], which measures surface tension using the phone camera, assumes that the liquid is
transparent and the container bottom is visible from the surface. Akte-Liquid [69], which uses acoustic signals,
requires placing the phone close to the liquid, necessitating opening the liquid bottles. Both approaches are
susceptible to either illumination or audio interference from the surrounding environment, impacting their
robustness and usability in real-world settings.

We present MobiLyzer, a system for fine-grained liquid analysis that works on unmodified smartphones in
realistic environments, such as homes and grocery stores. Unlike prior works, MobiLyzer can accurately (i) detect
adulteration with small ratios even if the adulterants have similar physical properties, (ii) distinguish quality
grades of the same liquid (e.g., refined vs. extra virgin olive oil), (iii) differentiate the country of origin of oils (e.g.,
olive oil from Italy versus USA), and (iv) analyze material concentrations in liquids (e.g., protein concentration in
urine for early detection of kidney diseases).

To perform fine-grained liquid analysis, MobiLyzer conducts accurate spectral analysis of liquids on smart-
phones, which captures how the chemical components of liquids interact with different wavelengths across
the visible and near infrared (VNIR) range of the electromagnetic spectrum, which is between 400 and 1000
nm. However, conducting spectral analysis of liquids on smartphones is challenging due to the limited sensing
capabilities of smartphones and the heterogeneity in their camera designs. For example, smartphone cameras
only capture RGB (Red, Green, Blue) channels in the visible range, which is insufficient as several liquids have
similar visual characteristics. This is further complicated by the uncontrolled nature of ambient illumination and
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Fig. 1. Overview of MobilLyzer, which captures RGB and NIR images using unmodified phones. It mitigates the effects of
container interference and ambient illumination by decomposing the RGB image and using only its essential component
(albedo). It then upscales the albedo RGB and NIR images into N bands while preserving color truthfulness. It finally computes
spectral signatures to analyze liquids. All models are designed and trained to generalize across phones.

&\)
Reflectance

00: Olive Oil  EV: Extra Virgin
A R: Refined P: Pomace

the diversity in liquid containers. The ambient illumination introduces distortions in measured spectra, and liquid
containers cause specular reflections that degrade accuracy.

To address these challenges, MobiLyzer utilizes RGB images captured by regular smartphone cameras. It then
introduces intrinsic decomposition ideas to standardize data across different illuminations, thereby separating
the illumination and container effects from the true colors of liquids. It further leverages the near-infrared (NIR)
sensors on smartphones to collect complementary signals in the NIR spectral range, partially mitigating the
limited sensing capabilities of smartphones. It finally presents a new machine-learning model that reconstructs
the entire spectrum in the VNIR range using the captured RGB and NIR images, which enables fine-grained
spectral analysis of liquids on smartphones without the need for expensive equipment. Unlike prior models,
the presented spectral reconstruction model preserves the original RGB colors during reconstruction, which is
crucial for liquid analysis, as many liquids differ only in subtle spectral cues.

In this paper, we address all of the above-mentioned research challenges and design MobiLyzer to be robust
and general. Figure 1 presents an overview of MobiLyzer and its main components. The figure illustrates a simple
example, where MobiLyzer can detect adulteration of olive oil and identify its quality grade and origin country.
The source code of MobiLyzer and all datasets used in this paper are open source [50].

The contributions of this paper can be summarized as follows:

» We conduct an analysis using a hyperspectral camera to demonstrate the feasibility of identifying liquids using
signals in the VNIR range (400-1000 nm), the same range available on phone cameras, in §3.1.

« We propose utilizing intrinsic decomposition to separate the true color of the liquid (diffuse albedo) from

distortions caused by ambient illumination and reflections from the container, which leads to more accurate

and consistent spectral analysis. This is presented in §4.2.

We design a truthful spectral reconstruction (TSR) machine learning model, which takes RGB and NIR images

captured by regular smartphones and reconstructs multiple wavelength bands across the entire VNIR range. In

addition to achieving high reconstruction accuracy, TSR ensures color truthfulness—that is, the reconstructed

spectra can accurately reproduce the original RGB and NIR images. This property preserves fine spectral cues

essential for analyzing liquids. TSR is presented in §4.3.

We analyze the essential aspects of smartphone heterogeneity and their impact on liquid analysis, and we

present practical methods to handle such diversity, enabling the deployment of the proposed system across

different phones. This is presented in §4.4.
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« We implement a mobile application as a proof-of-concept on the Android platform, and we conduct an extensive
study to analyze various aspects of different liquids, including detecting adulteration and grading of olive oil,
determining fat and lactose percentages of milk, detecting adulteration of liquid medicine (Tylenol) and honey,
and assessing protein content in urine for early detection of kidney diseases. Our results demonstrate the
accuracy of MobiLyzer and its robustness to practical conditions. They also show that MobiLyzer outperforms
recent works in the literature without requiring extra hardware or imposing unrealistic assumptions. Our
evaluation is presented in §5.

2 Related Work

Liquid Analysis Using Wireless Signals. Several works measure various characteristics of wireless signals to
analyze liquids, including LiquID [26], RF-EATS [74], LigRay [65], PackqulD [66], LiquImager [64], LigDetector
[76], FG-LiqulD [43], and MetaBioLiq [20].

LiqulD [26] measures time-of-flight, phase, and Received Signal Strength Indicator of Ultra-Wideband signals to
model the liquid’s electric permittivity. LiquID cannot process bottled liquids, and its accuracy is negatively affected
by different container materials and shapes. RF-EATS [74] relies on coupling between RFID tags and receivers
to analyze the dielectric properties of liquids inside their containers. Accurate functioning requires precise
positioning of RFID tags and receivers, limiting its practical deployment, especially in dynamic environments.
Moreover, it struggles to distinguish liquids with similar dielectric properties. LiqRay [65] uses a dual-antenna
model to analyze liquid permittivity, adding hardware complexity and setup requirements.

PackqulD [66] identifies liquids using RF signals embedded in packets, requiring specialized RF hardware not
present in consumer smartphones. Liqulmager [64] employs WiFi signals for fine-grained liquid identification
and container imaging, but similarly relies on dedicated hardware and precise calibration. LigDetector [76]
leverages millimeter wave signals (mmWave) for robust container-independent liquid detection based on a
dual-reflection model, necessitating specialized mmWave radar equipment. FG-LiqulD [43] uses millimeter-
wave sensing techniques for fine-grained liquid identification but depends on specialized external equipment.
MetaBioLiq [20] utilizes wearable passive metasurface-aided mmWave sensing, providing high accuracy but
relying on non-smartphone hardware.

These wireless-based methods require specialized hardware unavailable on consumer smartphones, significantly

limiting their widespread practical adoption.
Liquid Analysis Using RGB Images. CapCam [80] analyzes surface tension through smartphone-captured
wave patterns, requiring transparent liquids and visible bottom patterns, thus limiting general applicability.
LiquidHash [68] relies on analyzing bubble characteristics, demanding transparent containers and specialized
bottle caps, reducing practical deployment. Laser speckle-based methods [17] leverage smartphone LiDAR for
viscosity measurement, yet sensitivity to ambient lighting and the required close proximity present limitations.
The method in [36] detects adulteration using smartphone videos, but environmental illumination variations and
narrow spectral range limit spectral analysis.

Current RGB image-based methods offer only coarse-grained liquid analysis. For instance, they are unable to

detect small ratio liquid adulteration, as the subtle changes in surface tension and viscosity often fall below their
detection threshold.
Liquid Analysis Using Acoustic and Other Signals. Vi-Liquid [37] measures viscosity through smartphone
vibration motors and accelerometers but requires direct container contact and faces challenges with varying
container shapes. Akte-Liquid [69] and Ls-liquid [70] measure acoustic impedance using smartphone speakers
and microphones; however, environmental noise significantly affects accuracy. HearLiquid [79] also utilizes
acoustic signals for fraud detection but similarly suffers from environmental audio interference. NutriLyzer [59]
employs photo-acoustic sensing, necessitating specialized components, restricting its practical use.
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Fig. 2. Spectral analysis of olive and sunflower oil mixtures demonstrating the feasibility of differentiating among them. This
is performed using an expensive hyperspectral camera under strict (halogen) illumination and open plastic containers.

Acoustic-based methods typically require direct liquid exposure, making them unsuitable for sealed containers
and highly viscous liquids, such as honey and olive oil, where signal propagation is limited.
Our Work. MobiLyzer enables fine-grained spectral analysis using unmodified smartphone cameras, overcoming
the need for expensive specialized hardware, direct liquid contact, constrained container shapes, and controlled
environments. While prior work [67] focused on relatively matte surfaces, such as fruits, this work addresses
the challenges of liquids in containers with complex light interactions by applying intrinsic decomposition to
handle specularities and illumination variations and introducing a reconstruction model sensitive to subtle color
differences critical for liquid analysis. We further demonstrate compatibility with various smartphone NIR sensing
capabilities, supporting deployment across diverse devices.

3 Feasibility Study and Research Challenges

We first discuss the foundations of our solution and conduct a feasibility study using a hyperspectral camera to
analyze liquids. Then, we summarize the research challenges to realize similar liquid analysis on smartphones.

3.1 Feasibility Study and Foundations of Liquid Spectral Analysis

Various materials absorb and reflect electromagnetic signals differently. Spectral analysis relies on this basic
principle to differentiate among materials. A common approach for conducting spectral analysis is using expensive
(tens of thousands of dollars) hyperspectral imaging systems [19]. Such systems capture the scene across many
wavelengths (aka bands) using hyperspectral cameras, which use complex hardware such as light dispersion
components and collimating lenses. The rich information captured by hyperspectral cameras allows the creation
of spectral signatures of different materials, which are later used to identify them. A spectral signature is defined
as the variation in intensity across wavelengths, and it is computed per pixel.

We provide a simplified illustration of hyperspectral imaging in Figure 2.a, where the reflected light from
the scene is split into different bands, which are then recorded separately by the camera sensor. The sensitivity
of the camera sensor is illustrated in the top-left part of the figure, indicating the fine-granularity of such
cameras. The final output is a reflectance value in each spectral band and for each pixel. That is, the output is the
three-dimensional image X, Y, A, where X, Y are the spatial resolution and A is the spectral resolution.

Commercial hyperspectral cameras operate in different ranges of the spectrum, including the visible and
near-infrared (VNIR) (400-1000 nm) and short-wave infrared (SWIR) (1000-2500 nm). We focus on the VNIR

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 9, No. 4, Article 201. Publication date: December 2025.



201:6 « Mirzaei et al.

range because sensors in smartphone cameras operate in this range. Thus, we first need to establish the feasibility
of conducting fine-grained liquid analysis using only the VNIR range, so that we could potentially do a similar
analysis on phones that have much less capable cameras.

Specifically, we conduct experiments using a high-end hyperspectral camera (Model: Specim IQ, costs about
30K USD) that captures 204 bands in the 400-1000 nm range. Each band is a grayscale image with a spatial
resolution of 512 x 512 pixels. We illuminate the scene using a halogen light source as recommended by the
camera manufacturer. We analyze three different liquids and problems: (i) detecting adulteration in olive oil,
(ii) identifying fat percentage in milk, and (iii) detecting kidney diseases via protein concentration in urine. We
summarize the results for olive oil in this section and present the other two cases in §A.1.

Extra virgin olive oil (EVOO) is highly desirable because of its health benefits [48]. It is, however, significantly
more expensive than other oils, such as sunflower (SF) oil, providing incentives for cheating. We prepare four
different oil mixtures: (i) authentic 100% EVOO, (ii) 75% EVOO mixed with 25% SF, (iii) 50% EVOO mixed with 50%
SF, and (iv) 100% SF. We put samples of the four oil mixtures in open plastic containers as shown in Figure 2.b. We
compute a spectral signature for each oil mixture across the 204 bands captured by the camera. For robustness,
and as typically done in hyperspectral applications [58], we average the signatures across the multiple pixels
inside the 8x8 boxes marked in Figure 2.b.

We plot the signatures of different oil mixtures in Figure 2.c. The figure shows that the spectral signature of
the 100% SF oil is quite different from that of the 100% EVOO, both in the visible range (due to the different colors
as shown in the photos) and in the NIR range (due to the distinct fatty acid profiles). However, the differences
among adulterated olive oils are very subtle. Since the colors do not change much for smaller percentages of
added sunflower oil, the visible range may not provide enough information to distinguish the oil mixtures. The
differences among signatures are more apparent in the NIR range. This is because NIR signals penetrate deeper
beyond the oil surface and reveal more information about its chemical composition. Specifically, NIR signals are
particularly effective for analyzing fat, sugars, and proteins in liquid samples due to the characteristic absorption
patterns of their molecular bonds. Fat molecules with C-H bonds, sugars containing both C-H and O-H groups,
and proteins featuring C-H, O-H, and N-H bonds all demonstrate identifiable overtone and combination vibrations
within this spectral range [4, 55, 82].

3.2 Challenges of Conducting Spectral Analysis of Liquids on Smartphones

The previous section demonstrated that spectral analysis in the VNIR range can provide sufficient information
to analyze various liquids. However, this analysis was conducted using expensive hyperspectral cameras in
controlled laboratory settings (strict illumination, a single mounted camera, and the liquid samples were poured
into open and transparent plastic containers). The goal of our work is to analyze liquids using diverse and
unmodified smartphones operating in regular environments (e.g., homes and grocery stores) with arbitrary
illumination, while the liquids can be in sealed containers. We summarize the main research challenges of
achieving this goal in the following.

Challenge 1: Interference from Liquid Containers and Ambient Illumination. Prior works, e.g., [36, 67, 77],
have analyzed solid foods and presented methods to mitigate the effects of diverse illumination sources. However,
these methods cannot be applied to liquids. This is because, unlike fruits, liquids are typically kept in containers,
which significantly interfere with how light interacts with liquids, compromising the accuracy of the spectral
analysis. We illustrate this challenge in Figure 3. Figure 3.a shows light reflecting from a fruit, which has a mostly
matte surface. The reflected signals from different depths can be captured to analyze the fruit. However, in the
case of liquids, as Figure 3.b demonstrates, some signals are reflected from the container itself, which has nothing
to do with the chemical composition of the liquid inside it. The container color may also partially mask the
liquid color, which can lead to confusing different liquids. In addition, unlike laboratory settings, illumination in
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Fig. 3. Difficulty of analyzing liquids in containers. Fig. 4. Illustration of intrinsic decomposition in Mobilyzer.

everyday environments is arbitrary and comes from diverse sources, including LED bulbs with different color
temperatures, various types of fluorescent bulbs, sunlight, and numerous mixtures of these and other sources.

The interference from containers and the diversity of illumination significantly damage the accuracy of spectral
analysis, since this analysis relies on detecting tiny differences among spectral signatures, as discussed in §3.1.
In §A.7, we conduct an experiment to demonstrate the impact of container interference on liquid signatures.
To address this challenge, in §4.2, we separate the reflections from the container from those coming from the
liquid inside it using intrinsic decomposition ideas. We also utilize intrinsic decomposition to mitigate the effect of
illumination diversity. Intrinsic decomposition is a complex problem in computer vision [7, 23, 42]. While it has
been proposed for various computer vision applications, such as image editing and relighting, it has not been
considered before to facilitate spectral analysis of bottled liquids in environments with arbitrary illuminations, to
the best of our knowledge. In addition, the solutions for intrinsic decomposition are computationally expensive.
We introduce various optimizations that enable the execution of intrinsic decomposition on smartphones.
Challenge 2: Subtle Differences in Composition of Liquids. Adulterated liquids may have chemical compo-
sitions that do not differ significantly from authentic ones. For example, EVOO is chemically very similar to the
lower-grade virgin olive oil (VOO). Additionally, mixing an expensive liquid with a small percentage of a cheaper
liquid may not substantially alter the chemical composition of the resulting mixture. For example, the adulterated
mixture of 75% EVOO and 25% SF has similar color and signature to the pure 100% EVOO, as shown in Figure 2.c.
Therefore, accurate spectral signatures are required to conduct fine-grained liquid analysis for tasks such as fraud
detection, quality differentiation, and concentration quantification. Such signatures need many spectral bands to
create. However, smartphone cameras capture only three bands: Red (R), Green (G), and Blue (B), all of which fall
within the visible range, as phones remove all signals beyond the visible range to avoid damaging the quality
of RGB images. Three bands are insufficient to create spectral signatures, and the availability of NIR signals is
crucial for analyzing liquid, as discussed in §3.1. In contrast, commercial hyperspectral cameras capture tens to
hundreds of bands.

To address the problem of the limited number of captured bands by phones, we present, in §4.3, a Truthful
Spectral Reconstruction (TSR) model that transforms pairs of RGB and NIR images captured by commodity
smartphones into dense spectral bands across the entire VNIR (400-1000 nm) range. Unlike prior models, e.g.,
[10, 67], TSR preserves the true colors in the reconstructed bands. Liquid colors are important as they provide
hints for differentiating liquids, unlike, for example, determining sugar contents in fruits, which relies on internal
features. Minor color variations often signify chemical or physical differences in liquids. Without preserving
these subtle visual and spectral nuances, the reconstructed bands could lead to unreliable analysis. In addition,
we design and train TSR to be computationally efficient and deployable on various phones without requiring
calibration or fine-tuning,.
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Table 1. Definitions of the main symbols used in the paper.

Symbol Definition ‘ Symbol Definition

I() Image value R(") Surface reflectance

L() [lumination intensity | R%(-) Diffuse albedo

S() Sensor sensitivity RS() Specular reflection

N #Spectral bands LS, R Discrete matrix forms of I(-),S(-), R()

Challenge 3: Heterogeneity of Smartphones. Modern smartphones exhibit considerable heterogeneity in
hardware and software designs of their RGB and NIR camera systems, posing challenges for consistent and
accurate spectral analysis and limiting deployability across different smartphones [2, 8, 22, 39]. For example, phone
manufacturers may use various CMOS sensors in their RGB cameras. These sensors exhibit different sensitivity
functions to the incident light, which means the resulting signals vary across phones, compromising the accuracy.
In addition, manufacturers customize the image processing pipeline (ISP) on their phone cameras, which results
in variations in the color distributions of images of the same scene captured by different phones, even when the
illumination is the same. This, too, compromises the accuracy and limits the possibility of conducting accurate
spectral analysis across phones. Furthermore, the NIR systems on phones are also diverse in terms of their
structures and the wavelengths they utilize, making it more challenging to generalize the reconstruction model.

In §4.4, we examine the key aspects of phone diversity that impact spectral analysis. Then, we present practical
solutions that enable accurate and general spectral analysis of liquids across phones.

4 Proposed Solution
4.1 Overview

As summarized in Figure 1, MobiLyzer functions as follows: A user takes RGB and NIR pictures of bottled liquids
using an unmodified phone under regular illumination conditions. The system conducts spectral analysis of the
captured liquid to perform the required task, such as detecting fraud in Olive oil, determining the type and fat
percentage in milk, and assessing protein concentration in urine for early detection of kidney diseases.

MobiLyzer conducts spectral analysis of liquids in multiple steps. It first introduces a robust intrinsic image
decomposition model, described in §4.2, to recover the true reflectance (albedo) of the liquid inside the bottle. This
model is applied to the RGB image captured by the phone. It disentangles the albedo from specular reflections
from the container and illumination-dependent artifacts. This enables the analysis of liquids in different types of
containers without the need to open them.

MobiLyzer then utilizes the NIR image to provide much-needed information in the NIR range of the spectrum.
However, both the RGB albedo and NIR images offer only four bands, which are still insufficient to produce
spectral signatures such as those shown in Figure 2. In §4.3, we present a truthful spectral reconstruction model
that takes the four (RGB albedo + NIR) bands and reconstructs many bands equally distributed in the entire VNIR
range, which are similar to bands captured by real hyperspectral cameras. In §4.4, we describe various methods
to make MobiLyzer deployable on different phones despite their heterogeneous designs. We present the design of
our Android mobile application in §4.5, and we describe the limitations and extensions of MobiLyzer in §4.6.

4.2 Intrinsic Decomposition

Liquids in containers introduce significant optical complexities due to specular reflections, shadows, and varying
illumination conditions. For example, as illustrated in Figure 3, specular reflections can overwhelm signals
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reflected from the liquid inside the container, thereby masking subtle color differences that are critical for accurate
analysis. We employ and customize intrinsic decomposing ideas to address these problems.

Definitions and Terminologies. Table 1 lists the symbols used in this paper. We denote by I(x, y, n) the image
value at pixel (x, y) and spectral band n which can be computed as [29]:

I(x,y,n) = J S(n) L(x,y,A) R(x,y,A) dA, (1)

where S(n) is the sensitivity function of the camera for the nth band, L(x, y, 4) is the illumination intensity at
position (x, y) which is a function of the wavelength A, R(x, y, A) is the surface reflectance at position (x, y). For
regular RGB cameras, n corresponds to one of the three color channels: R, G, and B. For hyperspectral cameras,
n can be any of the N spectral bands. S(-) is specified by the sensor manufacturer, while L(-) depends on the
ambient illumination. For the surface reflection R(-), light can be reflected in two primary ways: diffuse reflection
and specular reflection. Diffuse reflection occurs when light is scattered equally in all directions from an object.
Specular reflection happens when light reflects off a surface at the same angle at which it arrived, similar to a
mirror [40, 63].

In the context of liquids inside sealed containers, diffuse reflection captures light that penetrates the container,
interacts with the liquid, and reflects uniformly, thus encoding the liquid’s intrinsic properties. This is referred to
as diffuse albedo (or albedo for short), which we denote by R%(-). Specular reflection, on the other hand, occurs
predominantly from the surface of the container and is therefore not valuable for analyzing liquids. Specular
reflection is denoted by R%(-).

In controlled settings, it is possible to decompose the components of R(-) by minimizing specularities, estimating

illumination, and calibrating the camera’s spectral sensitivity. However, in real-world environments, this is difficult
to achieve, making the intrinsic decomposition problem ill-posed and challenging to solve. [30]
Mitigating Effects of Containers and Illumination Using Intrinsic Decomposition. Conventional intrinsic
decomposition methods, e.g., [31], approximate the surface reflectance as the product of R%(:) and R’(). They
make multiple simplifying assumptions, including uniform illumination and Lambertian surfaces that reflect
light equally in all directions (and produce a matte appearance). Liquids within containers, however, exhibit
non-Lambertian reflection characteristics. For example, liquid containers reflect light unevenly, producing
complex light paths that vary significantly with illumination. Thus, the presence of containers complicates the
disentanglement of the true liquid spectral characteristics from various artifacts, and conventional intrinsic
decomposition methods would fail in this case.

For liquid analysis, we propose employing the recent data-driven intrinsic decomposition model in [13],
which explicitly accounts for colorful shading and specular reflection. This model represents the image as:
I(:) = R*(") R%(:) + R™®5(-). The diffuse albedo R?(-) is the true inherent color of the liquid itself. R’(-) represents
the colorful diffuse shading, capturing the effects of potentially multiple light sources as they interact diffusely
with the scene. The term R™(-) is defined as the residual layer, which explicitly captures non-diffuse illumination
effects, including specular reflection and other complex scattering events that do not fit the diffuse reflection
model.

Due to the complexity of the intrinsic decomposition problem in real-world settings, the solution is structured
into three stages that gradually remove the single-color illumination and Lambertian world assumptions [13].
Each stage is a deep neural network. We introduce the subscripts g and c to denote gray and color shadings (or
illuminations), respectively. For instance, Rg() and R4(-) are the grayscale albedo and color albedo, respectively,
both are computed during intermediary steps towards reaching the final diffuse albedo R%(-). The first stage,
Shading Chroma Estimation, replaces the grayscale shading assumption with an RGB intrinsic diffuse model.
A chroma network takes the grayscale shading ng() and albedo Rg(-) from an off-the-shelf method [12], along
with the input image, to estimate per-pixel shading chromaticity at low resolution. This chromaticity is then used
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to construct a colorized RGB shading R3(-), which helps prevent color shifts from being incorrectly embedded
in the albedo. The second stage, Albedo Estimation, uses the colorized shading Ri(-) from the previous stage
to estimate a high-resolution, accurate diffuse albedo R(:). It leverages the sparse nature of albedo to remove
residual illumination artifacts and color shifts, producing a flat albedo free from illumination effects. The final stage
is the Diffuse Shading Estimation removes the Lambertian-world assumption. It uses a diffuse shading network
that takes the refined diffuse albedo R%(:), the colorized shading R3(-), and the input image as a concatenated
9-channel input. It then computes the residual layer by subtracting the diffuse image R*(-) R3(-) from the input
image, allowing for the representation of effects like specularities and over-exposed regions.

The recovered diffuse albedo, R%(+), is the component that is fed into our subsequent spectral reconstruction

model, presented in §4.3. This ensures that the generated spectral signature accurately reflects the true, intrinsic
color properties of the liquid, free from the influence of arbitrary illumination and artifacts from the container.
Ilustrative Example. In Figure 4, we present an example of our implementation of intrinsic decomposition to
demonstrate its role in the analysis of liquids in sealed containers. The liquid in this example is Tylenol medicine,
and the images were taken under two different LED illuminations. We modified the container directions to display
various specularities and shadings. The figure shows the effectiveness of intrinsic decomposition in mitigating
the effects of various illuminations and reflections from containers. Specifically, the albedo image appears clear
and consistent despite variations in illumination and specular reflections.
Optimizations to Enable Intrinsic Decomposition on Smartphones. Intrinsic decomposition is a fundamen-
tal but very complex problem in computer vision. Our optimizations, which enable intrinsic decomposition in
realistic environments on smartphones, can benefit many mobile applications, in addition to the liquid analysis
problem considered in this paper.

We started from the open-source implementation [14] of the intrinsic decomposition model proposed by
Careaga et al. [13] and developed a mobile-compatible adaptation that retains its core theoretical principles
while addressing the practical constraints of mobile deployment, as also discussed in [71]. The original pipeline,
while effective on desktop systems, was unsuitable for mobile platforms due to its dependence on desktop-
specific Python libraries and its fragmented structure, which lacked the coherence required for efficient on-device
execution. To resolve these issues, we restructured the pipeline into a unified, modular framework built on a
tensor-centric architecture. Specifically, we reformulated the preprocessing and postprocessing stages using
PyTorch [56], replacing external dependencies with functionally equivalent, PyTorch-native tensor operations.
This redesign facilitates seamless export via the ONNX format [24], ensuring compatibility with a wide range of
mobile inference engines and enabling efficient execution on resource-constrained devices.

Next, we applied dynamic quantization to reduce model size and inference time. Using this, we achieved a
substantial reduction in memory usage (from 1.3 GB to 331 MB) and inference time (by up to 50%), balancing
computational efficiency with minimal degradation in prediction accuracy. In §A.4, we provide more details
on our optimizations. We also present experiments to: (i) validate that our optimizations did not significantly
affect the accuracy of the intrinsic decomposition model, (ii) analyze various optimization trade-offs, and (iii)
demonstrate that our optimizations enable the complex intrinsic decomposition model to run on smartphones
with limited resources in real time.

4.3 TSR: Truthful Spectral Reconstruction in the VNIR Range

Need for Spectral Reconstruction. Spectral analysis involves creating spectral signatures to distinguish
different materials, which requires many wavelength bands as illustrated in Figure 2.c. Hyperspectral cameras
use complex optical, electronic, and mechanical components to split the reflected light from a scene into bands
and then record these bands separately. Each band is a 2-D grayscale image. These bands provide the necessary
information to compute accurate signatures. In contrast, RGB cameras capture only 3 bands, which are clearly

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 9, No. 4, Article 201. Publication date: December 2025.



MobiLyzer : Fine-grained Mobile Liquid Analyzer + 201:11

Fig. 5. Limitations of the state-of-the-art reconstruction model: It may yield inaccurate colors, affecting the accuracy of
liquid analysis. Figure shows image pairs of original RGB (left) and reconstructed RGB (right).

too few to create representative spectral signatures. They also provide no information in the NIR range, which
is essential to differentiate among liquids that have similar visual colors but different chemical compositions.
To enable the creation of spectral signatures, we propose reconstructing multiple spectral bands from images
captured by regular phones.

Limitations of Current Reconstruction Methods. Spectral reconstruction is a known problem in the computer
vision community [6], with various applications including color enhancement and restoration. The state-of-the-art
solution is the MST++ model [10], which is designed using vision transformers [27]. However, MST++ reconstructs
bands only in the visible (400-700 nm) range. Recently, MobiSpectral [67] extended MST++ to take the NIR band
captured by phones as an extra input to improve the reconstruction quality in the NIR range.

We first examine the suitability of MobiSpectral for liquid analysis using its open-source code and datasets. We
trained their reconstruction model to produce 68 bands, using the same parameters specified in the paper. We
computed the same accuracy metrics, including SAM (Spectral Angular Matching), SID (Spectral Information
Divergence), and PSNR (Peak Signal-to-Noise Ratio). Our experiments confirm the results reported in [67]. These
metrics, however, mostly assess the accuracy across the spectral domain but do not consider the color truthfulness
aspect of the results. Color truthfulness of the reconstructed bands, which is also known as physical plausibility
[44], is defined as the ability to obtain the original RGB image from the reconstructed bands.

To assess the color truthfulness of the reconstructed bands in the visible range, we perform the inverse operation

of spectral reconstruction: we compute RGB images from the reconstructed bands. Then, we compare the original
RGB images with the reproduced ones; ideally, they should be identical. We present sample results in Figure 5,
which show significant color differences between the original and reproduced RGB images. Therefore, while
MobiSpectral produces good accuracy across the spectral domain, it does not guarantee truthful reproduction of
the original RGB colors, which is critical for analyzing liquids. This is because many liquids have subtle color
differences, and losing such differences during the reconstruction process could compromise the accuracy of the
spectral analysis. We note that studying liquids requires more detailed spectral analysis in both the visible and
NIR ranges than the identification of organic fruits problem considered in [67], which mostly relies on the NIR
range to examine the internal structure of fruits.
Proposed Truthful Spectral Reconstruction (TSR) Model. We propose a truthful spectral reconstruction
model that takes as input the RGB (albedo) and NIR images and produces N bands equally distributed across the
entire VNIR range. The RGB albedo image is computed by the intrinsic decomposition method described in §4.2,
which isolates the effects of illumination and interference from the container. TSR reconstructs accurate bands
similar to those captured by real hyperspectral cameras, as our evaluation in §5.1 shows. In addition, TSR ensures
the truthfulness of both the RGB and NIR images; that is, the original RGB and NIR images can be computed from
the reconstructed bands. As detailed below, TSR has two components. The first one mathematically computes
four bands of the output N bands. The second component is a deep neural network that estimates the remaining
N — 4 bands.

We next present the mathematical foundations of TSR. We rewrite Equation (1) in the discrete matrix form,
while combining the illumination and reflectance spectrum together, as: I = ST R, where I is a vector representing
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the output image with four channels (R, G, B, and NIR), and S and R are matrices of dimensions N x 4 for each
pixel, where N is the number of spectral bands. § and R represent the sensor sensitivity and the reflectance
spectrum across all bands, respectively. The spectral reconstruction problem defines a mapping function ® to
estimate/recover the entire reflectance spectrum from the 4-band input, that is, R = ®(I). The reconstruction is
referred to as truthful if the estimated spectrum reproduces the same image, which can be ensured by:

I=STR = STO(). @)

Thus, the goal is to design ® such that it satisfies the constraint in Equation (2). To achieve this goal, and
following [44], we divide the spectrum into two disjoint parts: R = R/ + R?, where R contains parts that
contribute to the formation of the four RGB and NIR bands, and it is referred to as the fundamental metamer [21].
R? contains the other N — 4 spectral bands and is referred to as the metameric black.

R/ and R? can be determined by projecting the reflectance spectrum R on S and B, respectively, where B is an
orthonormal matrix with dimensions N x (N — 4) such that BTS = 0. Specifically, two orthogonal projection
matrices are defined as [44]: PS = $(STS)™'S™ and P2 = I — P5. PS projects onto the column space of S, and
P5 projects onto the null space of S. The fundamental metamer, which is the first component of TSR, is then
computed as:

Rf=PSR=8(STS) 1 STR=8(S"S)! L. 3)

On the other hand, the metameric black R?, which captures the spectral information that lies in the null space
of the sensitivity matrix S. It is computed by projecting the full reflectance spectrum R onto the space orthogonal
to that of S. The orthonormal basis B spans this space with dimensions N x (N — 4), which satisfies: BTS = 0.
Accordingly, the metameric black component is given by:

R’ = PBR = (I - P5)R = Bb, (4)

where b is a coefficient vector of dimensions (N — 4) x 1 for each pixel. To obtain the orthonormal basis matrix
B € RV*WV=4) for the null space of matrix ST € RN, we compute its full singular value decomposition (SVD):
ST = UxVT, where U € RVN and V € R¥* are orthogonal matrices, and & € RNV is a diagonal matrix
containing the singular values. B is then computed as B = U, 4,1. - That is, it is formed by the last (N — 4)
columns of U. These columns span the null space of ST.

The second component of TSR reconstructs N — 4 spectral bands and is given by Equation (4), which requires
computing the vector b. We propose a learning-based approach to estimate b due to its complexity. Specifically,
we design a neural network model to estimate b. We base this model on the reconstruction model in [67],
which extends MST++ [10]. We introduce new losses to enhance reconstruction accuracy, and we simplify the
architecture, which substantially reduces its inference time (by up to 69%). The details are presented in §5.1.
Summary of TSR and its Training. The proposed TSR model ensures color truthfulness by extending the
mathematical foundations in [44] to the entire VNIR range. TSR has two components. One computes four spectral
bands using Equation (3). The other computes the remaining N —4 bands using Equation (4), which utilizes a neural
network model. This model enhances the accuracy of the state-of-the-art reconstruction model by introducing
new losses and simplifying its design to reduce computational complexity. The neural network in TSR requires
training in a manner that allows deploying the trained model on different phones for inference. This, however, is
not straightforward due to the diversity of phones and the model’s dependence on phone characteristics. In §4.4,
we present practical ideas for training the model to support its deployment on heterogeneous phones.
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Fig. 6. Design of phone RGB cameras and the impact of their diversity on the produced images. The scene in (c) is captured
under the same illumination but results in different colors in (d), which complicates spectral analysis across phones.

4.4 Supporting Liquid Analysis across Heterogeneous Smartphones

To make MobiLyzer deployable on a wide variety of smartphones, we analyze the key aspects of phone hetero-
geneity and their impact on the spectral analysis of liquids. We divide our analysis into two parts: RGB Camera
Systems and NIR Camera Systems. In each case, we present solutions to handle phone heterogeneity.

RGB Camera Systems. We provide an overview of the design of smartphone RGB cameras in Figure 6.a. The
primary hardware element is a CMOS sensor, which consists of a 2-dimensional array of photodiodes that convert
light photons into electrical signals. A color filter array (CFA) covers the sensor, where each filter passes one of
the RGB colors to the photodiode it covers. Microlenses are used to focus and direct photons toward photodiodes.
While the sensor has sensitivity across the entire VNIR range, an infrared (IR) filter is typically used to remove all
signals beyond the visible range (> 700 nm) to avoid damaging the visual quality. The electrical signals produced
by the photodiodes are then processed through multiple steps to produce the RGB image. The second critical
element in the design of RGB cameras is the image processing pipeline (ISP) shown in the figure, which includes
multiple steps such as demosaicing, white balancing, and color manipulation.

The RGB camera system poses two problems for the spectral analysis of liquids. The first is the variation in the
sensitivity of the CMOS sensor S. Although the differences in sensitivity between various sensors may appear
small, their impact is significant. This is because the sensor sensitivity directly affects the amount of electrical
current generated by each photodiode, which is then fed and processed through the subsequent steps. That is, the
differences are propagated and amplified through the image processing pipeline.

The second problem is that most of the processing pipeline in Figure 6.a is proprietary, as phone manufacturers
compete on image quality. This means objects captured by various phones may look different even under the
same illumination. We present an example in Figure 6 to demonstrate this challenge, where we captured the same
scene in Figure 6.b under the same settings (e.g., illumination and distance) using two different phones: Google
Pixel 4XL and Samsung S21. We plot the color distributions of the produced images in Figure 6.c, which show
notable differences in the colors. The differences become more pronounced under diverse illuminations. Since
spectral analysis relies on how pixel values change across different wavelengths, inconsistent pixel values from
different phones will limit the possibility of conducting accurate spectral analysis across phones.

In our initial experiments, training our models on RGB images captured by one phone and directly testing on
images from another produced inaccurate results. Through detailed experimentation and analysis, we found out
that the above two problems impact the spectral reconstruction and classification models in different ways. They
do not affect the operation of the intrinsic decomposition model. Specifically, the sensor sensitivity S directly
impacts the training of the truthful reconstruction model, as shown by Equation (3) and Equation (4). This means
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Fig. 7. Diversity of NIR systems on phones. Fig. 8. Screenshots of the Mobilyzer application on Android.

that we need to train a separate reconstruction model for each phone type and model, which is not practical. To
address this problem, we opted to train the reconstruction model on a wide variety of sensitivity functions and
deploy the trained model on all phones. However, phone manufacturers rarely publish the sensitivity functions
of their phone sensors. We found the study of [73], which experimentally measured the sensitivity function of 20
diverse phones from all major manufacturers, including Apple, Google, Samsung, Huawei, Sony, Xiaomi, Sharp,
and Fujitsu. We computed the average sensitivity across all phones and used it in training our reconstruction
model. Our results in §5 demonstrate that this practical approach yields accurate spectral reconstruction results
across phones without requiring any training or fine-tuning.

For the second problem, we noticed that the heterogeneity of ISP operations results in shifts in the color

distributions of the produced RGB images, as demonstrated in Figure 6.c. These color shifts do not impact the
spectral reconstruction model, but they affect the classification model. To evaluate the robustness of our system,
we tested MobiLyzer on four heterogeneous smartphones, without any phone-specific adaptation. As shown
in our experiments in §5.4, MobiLyzer consistently achieves high classification accuracy across all devices,
demonstrating strong generalization to various sensor and ISP configurations.
NIR Camera Systems. As described in §3.1, fine-grained spectral analysis of liquids requires information beyond
the visible range that is captured by RGB cameras. Specifically, NIR information is crucial for identifying subtle
molecular properties relevant to constituent analysis. However, phone manufacturers design diverse NIR systems
in their phones, which, if not properly considered, would compromise the accuracy and generality of spectral
analysis across various phones.

We begin by dividing the most common designs for NIR systems on phones into three categories: face
recognition, night vision, and full-spectrum. In the first category, NIR-based face recognition systems have
emerged as a cornerstone of modern smartphone security [72]. Most major phone manufacturers, including
Apple, Samsung, Google, Huawei, and OnePlus, offer them. For example, Apple’s Face ID employs a structured
light system that projects approximately 30,000 IR dots at a wavelength of 940 nm to generate a detailed 3D facial
map. Google’s uDepth offers an active stereo IR sensor that operates at 940 nm [34].

Some smartphones feature dedicated night vision camera modules, forming the second category of mobile NIR
systems. Such modules utilize sensors, such as Sony’s IMX [5], which are specifically designed to capture NIR
wavelengths around 850 nm [51]. The third category is devices that offer full-spectrum camera modules, such as
the OnePlus 8 Pro. These camera modules do not have IR filters. Thus, the RGB bands captured by such modules
are mixed with IR signals. The IR signals appear more with the R band because the wavelength of red light is
closer to the NIR range. To model and mitigate the effect of heterogeneous NIR systems, we experimentally
analyze representative samples from three main categories. Specifically, we analyze the following NIR systems:

« iPhone 14 Pro, Huawei P40 Pro, and Google Pixel 4XL from the face identification category,
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» Doogee S96 Pro and Ulefone Armor 22 from the night vision category, and
+ OnePlus 8 Pro from the full-spectrum category.

We use the hyperspectral camera mentioned in §3.1 in this analysis. For each phone, we capture the reflectance
profiles of the NIR system by the hyperspectral camera. Specifically, we use a while surface that reflects all
wavelengths. We operate the NIR camera of the phone and direct it towards the white surface. We capture the
reflected signals using the hyperspectral camera. We plot the results in Figure 7. For the full-spectrum case
(OnePlus 8 Pro), we plot the R band only, as the G and B bands have minimal NIR signals mixed with them. The
results in the figure reveal two important insights. First, most NIR systems operate around two main wavelengths:
850 and 940 nm. Second, there are variations across phones that operate around each of these wavelengths.

Based on our analysis and experiments above, we address the heterogeneity of the NIR systems by training

two separate reconstruction models. One for all phones with NIR systems that operate at 850 nm, and the other
for phones that operate at 940 nm. Further, during training, we randomly add a Gaussian noise with a mean of 10
nm to account for the variations across different phone models.
Summary. MobiLyzer handles the diversity of RGB camera systems by training the reconstruction model on
the average spectral sensitivity function derived from a wide range of phones. To address the diversity of NIR
camera systems, MobiLyzer trains two separate reconstruction models: one centered on the NIR channel at 850
nm and the other at 940 nm, ensuring compatibility with the dominant NIR hardware configurations in modern
phones. We note that training the reconstruction model is complex as it requires ground truth hyperspectral
images. In MobiLyzer, we train only twice using the same hyperspectral dataset that we collected, and we will
make it open source. As shown in our experiments in §5.4, MobiLyzer consistently achieves high classification
accuracy across all devices, demonstrating strong generalization to various sensor and ISP configurations.

4.5 Implementation of the MobilLyzer App

We developed a proof-of-concept application of MobiLyzer on the Android platform; some screenshots are
shown in Figure 8. The application implements all components shown in Figure 1, including the intrinsic
decomposition described in §4.2, the truthful spectral reconstruction presented in §4.3, and multiple classifiers
customized for different analysis tasks. We design a base one-dimensional convolutional neural network (IDCNN)
classification model, which is suitable to process hyperspectral signatures represented as a 68-dimensional vector.
This architecture is well-suited for learning and exploiting the sequential pattern of spectral data, as it effectively
captures local correlations between adjacent wavelengths in signatures. It has also been proven to be powerful
and memory-efficient in prior works [75]. We then customize this model through training to different tasks.

We present the details of optimizing the intrinsic decomposition model for phones in §A.4, and we describe
our training of the reconstruction and classification models to improve their robustness and avoid overfitting in
§A.2. We note that all machine learning models are first trained on a workstation. Then, the trained models are
deployed to phones for inference.

As shown in Figure 8, MobiLyzer currently supports analyzing five different types of liquids: olive oil, milk,
liquid medicine, urine, and honey. It can be easily extended to other liquids by fine tuning our reconstruction
and classification models. The MobiLyzer application works by capturing RGB and NIR images of the liquid
using phone cameras under regular illumination. It computes the albedo of the RGB image using the intrinsic
decomposition model. It then calls the reconstruction model to upsample the RGB albedo and NIR to N bands.
Through experimentation, we found that N = 68 provides sufficient accuracy for constructing spectral signatures
of liquids; higher N values required more memory and computing resources for training and inference, but they
did not improve the accuracy. The application has customized screens for each liquid, depending on the desired
analysis tasks, e.g., quality grading, origin determination, and fraud analysis of olive oil. The application presents
a simple user interface as well as detailed views where expert users can inspect and compare spectral signatures.
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Table 2. Performance comparison between the proposed truthful spectral reconstruction model and the state-of-the-art.

| SAM SID PSNR | AE MAEggg MAEyR | Memory (MB) Inference Time (ms)

MobiSpectral [67] | 0.06 0.01 31.94 2 0.14 0.17 90 2500
TSR (this paper) 0.07 0.02 31.28 | 0.00 0.00 0.00 7.4 760

4.6 Limitations and Practical Considerations

MobiLyzer relies on analyzing the spectrum reflected from liquids in bottles. While many bottles are transparent,
some are dark and/or covered by large paper labels, which limit light transmission. Similarly, metal containers
will block the light from passing to the liquid. In such cases, small samples of the liquid will need to be poured into
a transparent container for analysis. In addition, as shown in §5, MobiLyzer functions in practical environments
that have diverse illuminations. However, MobiLyzer requires reasonable illumination such that there is enough
reflected light from the liquid. If the environment has low lighting, the flash of the phone may be used to provide
enough illumination.

Further, MobiLyzer utilizes NIR signals. While most current phones have NIR cameras, some manufacturers,
e.g., Apple, do not currently allow external developers to access them. Finally, the models of MobiLyzer need to be
trained using ground-truth hyperspectral images. We make our trained models, datasets, and code open-source,
providing a starting point. For analyzing liquids other than the ones in our datasets, our trained models can be
fine-tuned by using only a few hyperspectral images.

5 Evaluation

We first evaluate the proposed truthful spectral reconstruction method in §5.1. Then, we demonstrate the accuracy,
fine-granularity, and generality of MobiLyzer in analyzing various liquids in §5.2. Then, we conduct an ablation
study to analyze the performance contributions of various components in §5.3. We further demonstrate the
robustness of MobiLyzer to practical illuminations, phone diversity, and capturing distances in §5.4. In the same
section, we also analyze the small computational requirements, which make MobiLyzer easily deployable on
current phones. The code and datasets of this paper are open source [50].

5.1 Performance of the Truthful Spectral Reconstruction Model

Model Compared Against. We assess the accuracy of the proposed reconstruction model (TSR) and compare it
against the state-of-the-art, MobiSpectral [67]. To ensure fairness, we train both models using their fruit datasets,
and we reconstruct the same number of bands (68). The fruit data set has 346 hyperspectral images of different
fruits, including apples, kiwis, tomatoes, strawberries, and blueberries. We partition this dataset into 70% for
training, 15% for validation, and 15% for testing.

Performance Metrics. We compare the accuracy of TSR and MobiSpectral using the same performance metrics
defined in [67], including SAM, SID, and PSNR. SAM and SID measure the differences (or errors) between the
reconstructed and ground-truth bands. Thus, lower SAM and SID values are better, with zero as the minimum for
both metrics. PSNR measures the quality (in dB) of the reconstructed bands relative to the ground truth ones;
higher values are better, and PSNR > 30 dB usually indicates good reconstruction quality. SAM, SID, and PSNR
are computed across all 68 bands.

In addition, we assess the truthfulness of the reconstructed four R, G, B, and NIR bands using two additional
metrics: Mean Absolute Error (MAE) and AE. We compute the MAE between the original and reconstructed
RGB images (MAERgg), as well as between the original and reconstructed NIR images (MAEyg). Unlike SAM,
SID, and PSNR, MAE focuses on the errors in the RGB and NIR bands. Further, we compute the standard color
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Fig. 9. Sample results demonstrating the importance of our truthful reconstruction (TSR) versus state-of-the-art (MS).

error metric AE, which is commonly used in industries (like printing and displays) to objectively measure color
accuracy and consistency [45].

Finally, we measure the memory requirements and average inference time for both TSR and MobiSpectral
when running these models on a workstation with a 12th Gen Intel Core i7-12700 processor (up to 4.9 GHz turbo),
an NVIDIA GeForce RTX 3080 GPU (10 GB VRAM), and 32 GB of RAM.

Quantitative Results. We summarize the average results of all metrics in Table 2. The results show that TSR
achieves truthful reconstruction: the MAERgg, MAENR, and AE are all zero. In contrast, MobiSpectral introduces
significant errors in reconstructing these four critical bands. For example, MobiSpectral results in AE = 2, which
is a noticeable color error [45]. This color error could compromise the accuracy of the spectral analysis of liquids.
The results also show that TSR is more efficient than MobiSpectral: it requires 90% less memory and produces
an inference within an average of 760 ms, compared to 2500 ms for MobiSpectral. Computational efficiency is
crucial for mobile applications that run on devices with limited resources.

Visual Samples. We present sample visual results in Figure 9 to demonstrate the accuracy of the reconstructed
bands by our truthful reconstruction model compared to those produced by MobiSpectral. For reference, we also
include the ground-truth bands captured by a hyperspectral camera in the figure. The shown samples are from
the fruits dataset in [67] and from our liquids datasets.

5.2 Performance Analysis of Mobilyzer

In this section, we demonstrate the accuracy of MobiLyzer in providing fine-grained analysis of different liquids.
We consider several variations and concentrations of five representative liquids: olive oil, milk, honey, urine,
and liquid medicine (Tylenol). We first present a detailed case study of analyzing olive oil in terms of detecting
adulteration, assessing quality, and determining the country of origin. Then, we analyze different types of dairy
and non-dairy milks with various fat percentages. Finally, we demonstrate the generality of MobiLyzer by
analyzing the three other liquids.

Experimental Setup. Our testbed includes the following:

» Four Diverse Phones. We use four unmodified mobile phones: Google Pixel 4XL, Doogee S96 Pro, Ulefone
Armor 22, and OnePlus 8 Pro. All phones have NIR cameras for different purposes in addition to the regular
RGB cameras. For example, Google Pixel 4XL uses NIR at 940 nm for face identification. Doogee and Ulefone
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Fig. 10. Samples of our mobile image dataset captured using diverse phones and illuminations for various liquids and
containers.

utilize NIR at 850 nm for night vision, whereas OnePlus features a full-spectrum camera that combines NIR
signals with RGB bands. These four phones cover the three categories of the common NIR camera systems
described in §4.4. They all have different sensor sensitivity functions and image processing pipelines.

« High-end Hyperspectral Camera. We use the Specim IQ hyperspectral camera mentioned in §3.1. It
captures 204 bands in the VNIR range, each band has a resolution of 512 x 512 pixels.

+ Seven Illumination Sources. To account for the diversity of illuminations in real environments, we
experiment with seven illumination sources: Halogen, Fluorescent, LED Cool, LED Warm, LED Neutral,
Multiple (comprising all the previous ones), and Arbitrary. In the Arbitrary setting, we do not control the
illumination; instead, we capture using our normal lab lighting and sunlight coming from the windows.

« Five Liquids with Various Mixtures and Concentrations. We analyze liquids with heterogeneous
properties, e.g., viscosity and color, and consider different scenarios, including: (i) olive oil (multiple
qualities and origins), (ii) milk (from lactose free to full fat), (iii) honey (pure and mixed with corn syrup),
(iv) liquid medicine (authentic and adulterated Tylenol), and (v) urine (various concentrations of protein).

 Diverse Container Shapes and Materials. To further stress MobiLyzer and assess its performance in
realistic settings, we purchased different types and sizes of containers, including glass and plastic ones.

We captured two datasets:

« Hyperspectral Images Dataset. This dataset is captured using the hyperspectral camera under halogen
illumination. It has a total of 770 hyperspectral images: (i) 380 for olive oil, (ii) 200 for milk, (iii) 90 for urine,
(iv) 60 for liquid medicine, and (v) 40 for honey. Each hyperspectral image contains 204 spectral bands with
a spatial resolution of 512 x 512 pixels. This dataset is divided into two partitions: (i) 70% used to train the
spectral reconstruction model and (ii) 30% used to evaluate its performance, 15% for evaluation, and 15%
for testing.

» Mobile Images Dataset. This dataset is captured using the four phones and under seven diverse illumina-
tions mentioned above. It has RGB and NIR image pairs. The total number of image pairs in this dataset is
2,150, with the following distribution: (i) 1300 for olive oil, (ii) 350 for milk, (iii) 210 for liquid medicine,
(iv) 140 for honey, and (v) 150 for urine. For each liquid category, images were captured under seven
diverse illumination conditions, with each illumination setting including 10 unique images. Importantly,
the illumination angle and the type of illumination vary for each individual image, ensuring substantial
diversity in lighting conditions across the dataset. Samples of this dataset are shown in Figure 10. The figure
shows the diversity of images in terms of liquids, illuminations, containers, backgrounds, and capturing
distances and angles. This dataset is used to assess the end-to-end accuracy of MobiLyzer.

Training of Machine Learning Models. MobiLyzer has the following three models:
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o Intrinsic Decomposition. As detailed in §A.4, we optimize the pre-trained model in [13] for mobile
platforms. This model is used for all phones and liquids, without any further configuration or fine-tuning.

« Spectral Reconstruction. We train a spectral reconstruction model for each liquid to recover the full VNIR
spectrum. During training, the model takes as input synthetic RGB-NIR images derived from hyperspectral
measurements, and uses the original hyperspectral data as ground truth. To ensure color consistency, we
enforce color fidelity constraints that preserve the formation of the input channels. To support deployment
across different smartphone hardware, we train two versions of the model: one for all phones with NIR
signals at 850 nm and the other for phones with NIR signals at 940 nm.

« Classification. We train a separate version of this model for each liquid analysis task considered, e.g.,
identifying the country of origin of olive oil. The mobile images dataset is used in this training.

We describe the details of training the reconstruction and classification models in §A.2.

Fine-Grained Fraud Analysis of Olive Oil. Olive oil is reported to have multiple health benefits [48], but it
comes at a significantly higher price than other oils. This makes olive oil one of the most frequently adulterated
products. Adulteration typically occurs with cheaper oils that look somewhat similar, such as peanut oil. Detecting
such adulteration is essential to protect consumers and honest producers. Also, adulteration may pose health
hazards. For example, some consumers may be allergic to peanuts, and mixing peanut oil with olive oil could
pose a significant health risk.

We purchased authentic extra virgin olive oil (referred to as 100% EVOO) from a trusted local store. We then
mixed samples from this olive oil with peanut oil, in controlled ratios by volume: (i) 50% peanut oil added to
EVOO (50% EVOO), (ii) 30% peanut oil added to EVOO (70% EVOO), and (iii) 20% peanut oil added to EVOO (80%
EVOO). We use MobiLyzer to detect this adulteration with different ratios using the olive oil images of the mobile
images dataset described above. There are 560 images of olive oil adulteration scenarios: (i) 140 for 100% EVOO,
140 for 80% EVOO, 140 for 70% EVOO, and 140 for 50% EVOO.

We begin by partitioning the dataset into two subsets: 75% for training and 25% as a fixed hold-out test set.

This test set remains entirely unseen during training the classifier and is reserved exclusively for final model
evaluation. On the training subset, we perform 4-fold cross-validation to ensure that class distributions are
preserved across all folds. We compute and report standard classification metrics, including accuracy, precision,
and recall. We report the results in Figure 11, which shows the high accuracy of detecting even small percentages
(20% and 30%) of adulteration. The average accuracy across all cases is 96%.
Identifying Grade and Origin of Olive Oil. Because of the climate conditions, soil composition, and long-
established processes, olive oil from specific countries, e.g., Italy, is more expensive than from other countries.
Thus, a common fraud case involves incorrectly changing the country of origin. In addition, olive oil comes in
different grades: EVOO, Refined (ROO), and Pomace (POO). EVOO is the most expensive, whereas POO is the
least. Mislabeling a lower grade as a more expensive one is also a common cheating mechanism.

We purchased samples of olive oil from Italy and California (USA). We also purchased samples from the three
grades of olive oil (EVOO, ROO, and POO). Then, we used MobiLyzer to identify the origin country and grade
of olive oil. We note that while various grades of olive oil may look similar, they have different concentrations
of fatty acids [32]. The country of origin also has a similar effect on the chemical composition of olive oil
[41]. Temperature and rainfall are the key geographical factors that control olive oil’s chemical composition,
particularly fatty acid profiles and bioactive compounds. Geographic origin was identified as the main contributor
to variation in oleic and linoleic fatty acids, with higher temperatures and drier conditions significantly influencing
the oleic/linoleic ratio [60]. Lower temperatures and higher rainfall have also been shown to slow down fruit
growth and development, ultimately producing olive oils with different fatty acid compositions and antioxidant
components [46].
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Table 3. Comparison between Mobilyzer and recent works for analyzing olive oil.

Work Experiment Accuracy
RF-EATS [74] Identify 20% EVOO ~75%
LiquidHash [68]  Identify 80% EVOO ~64%
Identify 70% EVOO ~80%
Identify 50% EVOO ~82%
LiDAR [18] Distinguish OO from other liquids  ~79%

[37, 59, 65, 69, 80] Did not (or cannot) analyze OO —

MobiLyzer Detect adulteration, origin, grade  >95%

We summarize the results in Figure 12. Although the visual and chemical differences between olive oil from
Italy and USA are very subtle, MobiLyzer can correctly identify the country of origin with an average accuracy
of 95%. Similarly, MobiLyzer can differentiate among the grades of olive oil with an average accuracy of 97%.
This is enabled by the detailed spectral analysis it performs, which utilizes the RGB albedo and NIR images and
upsamples them by a truthful reconstruction model.

Comparing MobiLyzer vs. Others for Analyzing Olive Oil. We compare the performance of MobiLyzer
against the closest works in the literature that analyzed olive oil. Some of these works, such as RF-EATS [74],
require specialized hardware. Others, like LiDAR [18], focus on simpler cases, such as distinguishing olive oil
from completely different liquids. Most of these works did not release their codes and datasets, making it hard to
reproduce their results. Thus, we conduct approximate comparisons using the best results reported in their papers.

Table 3 summarizes the experiments and results reported in [18, 68, 74] and compares them against what
MobiLyzer achieves. We note that x% EVOO means mixing x% of extra virgin oil with (100 — x)% peanut oil.
The table indicates that MobiLyzer is more general as it can identify the origin and grade of olive oil and detect
various degrees of adulteration. In addition, the accuracy of MobiLyzer is much higher than previous works,
including the one that requires extra hardware [74]. The authors of RF-EATS [74] note that the reason for its
lower accuracy in classifying olive oil adulteration is the similar permittivity properties of peanut and olive oils.
Similarly, the accuracy of LiquidHash [68] drops significantly with small adulteration percentages because olive
and peanut oils have close viscosity coefficients. In contrast, MobiLyzer analyzes the chemical compositions of
liquids using spectral analysis, which enables accurate and finer-grained analysis.

Fine-Grained Analysis of Milk. We assess the performance of MobiLyzer for fine-grained analysis of different
types of milk. Some previous studies, like [59], involve the use of sophisticated hardware. Other works, such as
[69], only compare skim and whole milk, which have the largest differences in fat content and thus much easier
to differentiate. To demonstrate the fine granularity of our approach, we show that MobiLyzer can distinguish
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milk samples with as little as 1% differences in fat content. To further highlight the granularity and versatility of
MobiLyzer, we include 1% fat lactose-free (LF), which is crucial for individuals with dietary restrictions.

We summarize the analysis results in Figure 13, which show the confusion matrix produced by our system
when analyzing five classes of milk: 0%, 1%, 2%, 3%, and LF. As shown in the figure, MobiLyzer achieves high
accuracy in all cases, with an average accuracy of 97%, demonstrating its granularity and effectiveness.
Analyzing Other Liquids: Honey, Urine, and Liquid Medicine. We demonstrate the generality of MobiLyzer
by analyzing three other liquids with different characteristics and addressing important problems: Honey, Urine,
and Liquid Medicine. For honey, we distinguish between 100% pure honey and honey adulterated with 20% cheap
corn syrup. As Figure 14 shows, MobiLyzer achieves a high accuracy of 95%.

We synthesized artificial urine by mixing distilled water with urea (commonly used as an agricultural nitrogen
fertilizer), following the approach in [37]. The urea concentration was set to approximately 38 mg/100 mL, which
is typical for healthy individuals. To simulate different protein levels, we introduce three concentrations of protein
powder into the artificial urine: 10 mg/100 mL to represent healthy individuals, 15 mg/100 mL to model a person at
the border of potentially having kidney disease, and 30 mg/100 mL to represent a person with a higher chance of
kidney disease. The latter corresponds to the condition of microalbuminuria [78]. We then assess the MobiLyzer’s
accuracy in distinguishing between healthy urine samples and those indicating potential microalbuminuria. As
Figure 14 shows, MobiLyzer achieves a high accuracy of 88% even in this challenging case.

Finally, we analyzed liquid medicine. Counterfeit medicine is a serious problem in many countries. In a recent
case, fake cough syrup contained 90% diethylene glycol, a toxic chemical found in antifreeze [16]. To create a
similar counterfeit sample, we removed half of the contents from a Tylenol bottle and replaced it with diethylene
glycol for testing. MobiLyzer can accurately detect this cheating case as well, as shown in Figure 14.
Summary. The results in this section demonstrate the generality, fine-granularity, and accuracy of MobiLyzer in
analyzing different liquids and addressing various problems.

5.3 Ablation Study

We analyze the performance impact of different components of MobiLyzer. Specifically, we evaluate the accuracy
when using only RGB images for liquid analysis. Next, we add NIR images to the RGB image and assess the
accuracy. Finally, we use all components of MobiLyzer, including the spectral reconstruction model, which
usamples the RGB and NIR images to multiple spectral bands.

Figure 15 summarizes the results of our ablation study for two sample liquids: olive oil and milk. As the figure
shows, RGB images alone provide low accuracy because they can only detect color differences in liquids. Most
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fraud cases or subtle chemical composition differences are not easily detectable in the visible range. Using NIR
images improves performance, as NIR signals can penetrate liquid surfaces and reveal some information about
their chemical compositions. However, NIR images captured by phones cover only one narrow spectral band,
providing limited information to the classification model. The truthful spectral reconstruction model of MobiLyzer
uses the RGB bands along with the NIR one and creates many spectral bands across the entire 400-1000 nm
range. This reveals much more information about the chemical composition of different liquids and allows for
computing more accurate spectral signatures to represent them in a high-dimensional space. These feature-rich
spectral signatures significantly improve the accuracy as shown in Figure 15.

5.4 Robustness and Computational Complexity

Robustness to Illumination Diversity. Our mobile images dataset was captured under diverse lighting
conditions, with illumination settings ranging from low to high color temperatures to cover a wide range of
scenarios. Additionally, we included arbitrary and multiple illumination settings to represent complex practical
environments. We assess the accuracy under different illuminations by separating the images for each illumination.
We present the results in Figure 16, which demonstrate the accuracy of MobiLyzer under diverse illuminations.
MobiLyzer achieves this robustness because of its intrinsic decomposition model that mitigates the effect of
illumination and the truthful reconstruction model that preserves the original colors in the reconstructed bands.
Robustness to Phone Diversity. In §4.4, we analyzed various aspects of phone diversity, including sensor
sensitivity, processing pipeline, and NIR design. We assess the accuracy of MobiLyzer across four heterogeneous
phones in all of these aspects. The results, shown in Figure 17, confirm the robustness and versatility of MobiLyzer,
as we observe consistent and high accuracy across all phones, confirming the robustness and generalization
capability of MobiLyzer.

Robustness to Container Shape and Material. We investigate the robustness of MobiLyzer against variations
in container size, shape, and material. Specifically, we evaluate five different containers: 50 ml round glass, 100 ml
round glass, 250 ml round glass, 100 ml rectangular plastic, and 100 ml rectangular glass. Our results in Figure 18
show consistently high accuracy across all tested containers, with accuracy values ranging from 97% to 98%. This
robustness is achieved due to the intrinsic decomposition component, which mitigates these effects.
Robustness to Capturing Distance. We investigate how varying the capturing distance between the smartphone
and the liquid sample affects the accuracy of MobiLyzer. Specifically, we evaluate distances ranging from 10 cm
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to 40 cm, which cover the practical operational range of typical NIR smartphone cameras. Our results, depicted
in Figure 19, show that MobiLyzer consistently achieves high accuracy (97%) for capturing distances between 10
cm and 30 cm. However, the accuracy started to decrease at 40 cm. This decline is attributed to the weaker NIR
signal intensity at distances > 40 cm, leading to less precise spectral reconstruction. Overall, MobiLyzer remains
robust within the practical capturing range of NIR cameras, providing flexibility in real-world scenarios.

We note that the range of RGB cameras are much larger (order of meters) than that of NIR cameras. That is, the
NIR cameras are the limiting factor for MobiLyzer. In addition, the viewing angle does not impact the accuracy of
MobiLyzer. This is indicated by the results in Figure 19, where we show the corresponding RGB image for each
capturing distance. In our datasets, we captured images if liquid containers in different/arbitrary directions and
angles. The reason behind the limited impact of the viewing angle is that we conduct the spectral analysis on a
small rectangular area of the captured scene. The MobiLyzer application automatically chooses this area in the
middle of the image, but it allows the user to move it to focus mostly on the liquid.

Robustness to Background. We analyze the effect of different background types on the performance of
MobiLyzer. Specifically, we tested four distinct backgrounds: matte black, matte white, matte colorful, and
reflective steel. Our results in Figure 20 indicate high accuracy (97%) with neutral matte backgrounds (black and
white). However, the accuracy slightly decreases to 95% for the matte colorful and reflective steel backgrounds,
due to the increased variability in reflections and lighting conditions affecting the captured signals. Nonetheless,
these accuracy values remain high, confirming that MobiLyzer effectively minimizes background interference,
enabling it to reliably function across various practical scenarios.

Computational Complexity. We measure the memory requirements and running time of MobiLyzer on two
different phones: Google Pixel 4 XL (released in 2019) and OnePlus 8 Pro (released in 2020). Both are relatively
old with limited resources compared to recent phones. We summarize our results in Table 6 for the Pixel phone;
§A.5 contains the results for the other phone. For the quantized versions of our models, the table shows that
the end-to-end running time of MobiLyzer is 6.15 seconds, on average. This is the total time between capturing
the RGB and NIR images and producing the final results. On the OnePlus 8 Pro phone, which has slightly more
computing power, our measurements indicate that the running time is 5.57 seconds. On recent phones, the
running time is expected to be even lower. The total memory required to deploy MobiLyzer is 329 MB on both
phones.

6 Conclusion

We presented a mobile system, MobiLyzer, that utilizes the sensing capabilities of recent phones and machine
learning models to analyze various aspects of liquids. It enables accurate spectral analysis of liquids on unmodified
phones and is robust to the diversity of camera hardware and illumination. This spectral analysis reveals subtle
differences among liquids based on how they reflect different wavelengths. We presented methods to mitigate
the effect of illumination and interference from liquid containers. We extended prior spectral reconstruction
models to improve their accuracy, robustness, and efficiency, making them practical for liquid analysis and
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Table 4. Inference time and memory requirements of MobilLyzer on Google Pixel 4XL.

No Quantization With Quantization

Time (s) Memory (MB) ‘ Time (s) Memory (MB)
Intrinsic Decomposition (Stage 1) 3.04 462.25 1.86 118.11
Intrinsic Decomposition (Stage 2) 2.37 398.39 1.17 101.10
Intrinsic Decomposition (Stage 3) 491 398.40 2.35 101.08
Intrinsic Decomposition (Total) 10.32 1259.04 5.38 320.29
Spectral Reconstruction 0.76 7.4 0.76 7.4
Classification 0.01 1.3 0.01 1.3
Total (End-to-End) 11.09 1267.74|  6.15 328.99

other future mobile applications that may benefit from spectral analysis. We also optimized the state-of-the-art
intrinsic decomposition model to make it deployable on the resource-constrained mobile platforms, which could
potentially enable many other mobile applications beyond liquid analysis.

We implemented MobiLyzer on the Android platform and conducted detailed experimentation with multiple
liquids, including olive oil, milk, liquid medicine, honey, and urine. We considered important problems, such as
early detection of kidney diseases and detection of adulteration in liquid medicine. We demonstrated the ability
to perform fine-grained analysis of liquids, e.g., identifying quality grades and country of origin of olive oil. Our
results confirmed the accuracy, robustness, and versatility of MobiLyzer. For example, MobiLyzer can detect
adulteration in olive oil with an average accuracy of 96% even for small (e.g., 20%) adulteration ratios. It can
also identify the grade and country of origin of olive oil with an average accuracy of 97% and 95%, respectively.
Furthermore, these results were obtained on regular phones operating in realistic environments with diverse
illuminations.
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A Supplementation Materials

This appendix provides more detailed descriptions and results that complement the main paper.

A.1  Feasibility Study: Milk and Urine

We extend our feasibility analysis in §3.1 to two additional liquids, milk and urine, demonstrating the applicability
of hyperspectral imaging in diverse contexts relevant to food quality assessment and medical diagnostics.
Specifically, we employ the same hyperspectral imaging setup detailed earlier (Specim IQ camera, 204 spectral
bands spanning 400-1000 nm, and halogen illumination).

Figure 21 and Figure 22 extend the analysis to two additional domains. In Figure 21, we analyze milk samples
with varying fat and lactose contents. Differences in absorption and scattering characteristics across the spectrum
reveal measurable variations among samples, especially in the NIR region, where fat and sugar (lactose) contents
have a stronger optical influence.

Albuminuria is an early indicator of kidney dysfunction, in which albumin leaks into the urine due to compro-
mised filtration [47]. Figure 22 presents an experiment on urine samples representing three clinical states: (i)
healthy (10 mg/100 mL protein), (ii) borderline kidney impairment (15 mg/100 mL protein), and (iii) albuminuria
or proteinuria (30 mg/100 mL protein) [15]. Since proteins absorb and scatter light differently than other urinary
components, spectral analysis can distinguish these states non-invasively, offering a potential tool for the early
detection of renal disease.
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Fig. 21. Analyzing Milk. Fig. 22. Screening for Kidney Disease.

A.2 Details of the Reconstruction and Classification Models

Optimization and Training of the Truthful Spectral Reconstruction (TSR) Model. The proposed TSR
model has two components. The first one computes the four RGB and NIR bands using Equation (3). This ensures
the truthfulness of these bands as they are critical for liquid analysis. The second component uses Equation (4) to
estimate the remaining bands in the VNIR spectrum, but it requires using a deep neural network. This neural
network is based on the reconstruction model in [67], but with multiple optimizations. The first optimization is
adding a loss function relying on a combination of weighted metrics, i.e., MRAE, SAM, and SID, rather than only
relying on MRAE. This enables the model to leverage both spectral accuracy and pixel-level accuracy. The loss
function is represented by L = MRAE + 0.1 x SAM + 0.001 x SID. The weights are used to prevent the added
losses from overpowering the loss values, which can skew the results. The values are chosen according to [1].
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The second optimization is the usage of Multi-head Spectral-wise Attention Blocks (M-SAB). M-SAB were first
introduced [10] and later used in [67]. However, we reduce the number of blocks to only two to make the model
lightweight. Our evaluation in §5.1 showed that these optimizations improved the reconstruction accuracy and
reduced the computation complexity.

The training of the reconstruction model is conducted using a hyperspectral imaging dataset comprising paired
hyperspectral images and their corresponding RGB-NIR representations. The hyperspectral data encompasses
68 spectral bands sampled from the visible and near-infrared (VNIR) spectrum at 3 nm intervals, spanning
wavelengths from 400 nm to 1000 nm. The dataset is partitioned into training, validation, and test sets to ensure
robust model evaluation and prevent overfitting.

The model undergoes training for 50,000 iterations, equivalent to 50 epochs with 1,000 iterations per epoch.
Optimization is performed using the Adam optimizer with an initial learning rate of 4 x 1074, momentum
parameters f; = 0.9 and B, = 0.999, and a weight decay of 107 to prevent overfitting. A cosine annealing
learning rate scheduler is employed to gradually reduce the learning rate to a minimum of 107, facilitating
convergence to optimal parameters. The training process utilizes a batch size of 20, with input patches of 64 x 64
pixels extracted using a stride of 64 to ensure comprehensive spatial coverage. Data augmentation techniques are
incorporated during training to enhance model generalization capabilities and robustness to variations in the
input data.

Model performance is evaluated every 1,000 iterations using the validation dataset, with model checkpoints

saved when the total validation loss demonstrates improvement or at regular intervals of 5,000 iterations to
preserve the best-performing model states.
Design and Training of the Classification Model. We implemented our classifier as a one-dimensional
convolutional neural network (IDCNN), specifically designed to process hyperspectral signatures represented as
68-dimensional vectors. This architecture effectively leverages the sequential nature of spectral data, capturing
local correlations between adjacent wavelengths. Furthermore, the IDCNN architecture has demonstrated both
powerful performance and memory efficiency in prior studies [75].

The network architecture consists of three sequential convolutional blocks. Each block comprises a 1D convo-
lutional layer with a kernel size of 3 and padding of 1, preserving the input dimensionality. This is followed by
batch normalization, a ReLU activation function, and a max-pooling layer with a stride of 2, which reduces spatial
dimensions and introduces translation invariance. The number of convolutional filters progressively increases
from 32 in the first block to 64 in the second, and finally to 128 in the third block, allowing the network to learn
increasingly complex and abstract spectral features. After the convolutional blocks, the resulting feature maps
are flattened and passed through a fully connected dense layer containing 256 hidden units, activated by a ReLU
function. Dropout regularization with a dropout rate of 0.3 is applied to this layer to prevent overfitting by reduc-
ing co-adaptation among neurons. The final output layer is a fully connected linear layer with units equal to the
number of target classes, followed by a softmax activation function, which provides normalized class probability
outputs. The model training employs the AdamW optimizer, chosen for its effective decoupling of weight decay
from gradient-based parameter updates, thus enhancing L2 regularization and promoting better generalization.
The initial learning rate is set at 1x 1073, and a learning rate scheduler based on the ReduceLROnPlateau strategy
dynamically adjusts the learning rate when validation loss improvement plateaus, ensuring finer convergence in
the later training stages.

To address potential class imbalance within the dataset, a weighted cross-entropy loss function is used, with
class weights calculated inversely proportional to their frequencies. This approach ensures balanced sensitivity
across all classes, preventing bias towards the majority classes and maintaining the model’s ability to accurately
classify minority classes.
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Fig. 23. Overview of the modular app architecture, showing the image input, decomposition, reconstruction, and classification
stages. Screenshots from each corresponding fragment are shown in the app interface.

Model training is conducted using stratified 4-fold cross-validation on the training dataset, maintaining class
distribution consistency across all folds. Within each fold, the training dataset is partitioned into 75% training and
25% validation subsets. The best-performing model checkpoint is identified based on the minimum validation loss
for each fold, and the final evaluation is performed using a fixed 25% hold-out test set that remains completely
unseen during training.

Additionally, to optimize model performance, we employ the Optuna hyperparameter optimization frame-
work [3]. Using a Bayesian optimization strategy, specifically the Tree-structured Parzen Estimator (TPE), we
systematically explore the hyperparameter space, including learning rate, batch size, and dropout rate. The
optimization goal is to maximize cross-validation accuracy while ensuring robust model generalization.
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A.3  Design of the MobilLyzer App

MobiLyzer is implemented using a modular architecture consisting of four main components, each implemented
as a fragment within the Android framework (see Figure 23). The image input fragment handles RGB+NIR
image collection, either through user-uploaded files or real-time capture using the embedded face detection
cameras (available by enabling developer options on Android). These image pairs serve as input to the pipeline.
The decomposition fragment processes the RGB image to perform intrinsic decomposition and recover the
albedo representation §4.2. The reconstruction fragment then uses either the albedo or the original RGB image,
depending on user selection, along with the NIR input to perform truthful spectral reconstruction §4.3. Finally, the
classification fragment performs one of three tasks: adulteration detection, quality grading, or origin identification,
depending on the selected mode .MobiLyzer is implemented in Kotlin [38] and relies on ONNX Runtime [24] as a
framework-agnostic tool for deploying deep learning models on mobile devices.

A4 Intrinsic Decomposition On Mobile Devices

Challenges with Current Intrinsic Decomposition Implementation. Intrinsic decomposition mainly relies
on pretrained models, which we covered in the §4.2. Within their core implementation, these models require
specific tensor-based operations and NumPy-based functions for input preprocessing or postprocessing at every
stage. While these operations are trivial to implement using Python libraries such as NumPy or skimage, they lack
direct support in the Android Studio environment.As a result, exporting the pretrained checkpoints directly is not
feasible in our case. Reimplementing the preprocessing and postprocessing steps would be required inside Kotlin,
often using non-vectorized operations. This can be slow to execute, does not benefit from hardware-accelerated
execution kernels, and is also highly error-prone.

Pipeline Re-Implementation. The core insight is that by understanding how PyTorch[56]works under the
hood, we can take advantage of its feedforward structure. A feedforward pass in PyTorch directly constructs
a computation graph that encodes all the linear and nonlinear layers of the model using supported PyTorch
operations. Leveraging this structure, it becomes straightforward to encapsulate respective fragments of our
application into modular torch.nn.Module classes, where all intermediate steps and postprocessing operations
are encoded as private functions within each class.

Since the official implementation was not originally designed for mobile deployment, many helper utilities
were implemented using NumPy, skimage, or other CPU-only Python libraries. These operations, when combined
with PyTorch, cannot be traced into the computation graph and are therefore invisible to ONNX export. We
carefully reimplemented those operations using PyTorch-friendly counterparts. This allows us to export each
component using torch.onnx.export into a platform-agnostic format. Under the hood, ONNX maps the exported
computation graph to the corresponding execution table provided by the runtime host—known as the execution
provider.

Stage 1 Grayscale Intrinsic Decomposition Official Implementation. Stage 0 uses a simplified Lambertian grayscale
intrinsic model of the form I(-) = Rg() R3(*), where I(") is the linear RGB input, Rg(") is the 3-channel albedo,
and ng() is the grayscale shading. This process begins by linearizing the input sRGB image. Then, low- and
high-resolution ordinal shading maps are estimated to provide global and local constraints, which guide the
full intrinsic decomposition network.The prediction is performed in the inverse shading space, where shading is
modeled as R} (-) = ﬁ To recover the gray scale shading from this representation, the inverse operation

R() = (W) — 1is applied. Finally, the albedo is computed from the estimated shading and linear
Ilin(')

. . . ar)) —
input image using Rg(") RO
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Stage 1 Grayscale Intrinsic Decomposition Mobile Implementation. We modify Stage 1 implmentation by first
encapsulating the entire pipeline within a torch.nn.Module class to ensure are pre / post processing steps are
encoded within PyTorch’s computation graph. All NumPy-based operations are replaced with equivalent PyTorch
tensor computations, while skimage.resize() calls are replaced with torch.nn.functional.interpolate(),
using the antialias=False because anti aliasing is not supported in ONNX’s operator set.

Stage 2 Chroma Estimation Official Implementation. The chroma estimation stage extends the grayscale intrinsic
model by relaxing the assumption that the albedo chromaticity matches that of the input image. The goal of this
stage is to correct the color shift present in the albedo by transitioning from the grayscale model I(-) = Rg() Rg(")
to the RGB diffuse model I(-) = R4(:) R5(-), where R5(-) = ng()Rg() To achieve this, a chroma network is used to
predict the shading chromaticity R3(-), given the grayscale albedo Rg(-), the input image I(-) transformed into

the LUV color space, and the grayscale shading luminance Rg(-). The chromaticity prediction is mapped into the

[0, 1] space using the transformation C = [ﬁ, ﬁ] The predicted chromaticity is then concatenated with

the shading luminance and transformed back to the RGB space to produce the full RGB colorful shading R5(-).
The corrected albedo is computed as R%(-) = R*L() Finally, the output albedo is clipped such that its minimum
is approximately 0.001 to avoid overly dark regions, and its 99th percentile is scaled to around 0.75 to prevent
overexposure.

Stage 2 Chroma Estimation Mobile Implementation. Similar to Stage 1, we modify the official Stage 2 implemen-
tation for mobile deployment by encapsulating the entire pipeline within a torch.nn.Module class. We then
replace all skimage operations with equivalent torch.nn.functional.interpolate() calls and substituting
NumPy-based preprocessing/postprocessing steps,including RGB to LUV conversion, inversion, and LUV to RGB
mapping with PyTorch tensor operations. Since the torch.quantile function used for albedo normalization is
not supported in ONNX, and directly scaling by the maximum value is sensitive to outliers, we instead implement
an approximate quantile function using a topk-based approach. Specifically, we compute the minimum value
among the top k fraction of pixels where k = 1 — g = 0.01 to estimate the 99th percentile and scale the albedo
such that this value maps to 0.75.

Stage 3 Albedo Estimation. As described in [13], the chroma estimation phase produces a low-frequency output,

and thus only a coarse estimation is required. The chroma network operates at the receptive field resolution and
its output is later upsampled to match the input image resolution. However, this coarse estimation can later lead
to artifacts in the output color corrected albedo R4(-). To refine this, Stage 3 applies an albedo refinement network
that takes as input RZ,() the RGB shading Ri(-), and the linear image Ij;,(-), and outputs the final diffuse albedo
Rg(-). Given the simplicity of this stage, we do not modify the architecture from the official implementation,
except for wrapping the entire stage in a torch.nn.Module class to enable ONNX export.
Sanity Check: Validation of our Implementation. To verify the correctness of our ONNX-compatible
reimplementation of the §4.2, we follow the same evaluation metrics as in [13]. Specifically, we compute three
standard image-level metrics, LMSE, RMSE, and SSIM, between the albedo outputs of our ONNX model and
those from the original implementation on the ARAP dataset [9]. As shown in Table Table 5, we obtain albedo
predictions that closely match those of the original pipeline, with only subtle discrepancies. These mainly arise
from the approximate top-k normalization strategy adopted in Stage 2. Unlike the original implementation, which
uses the exact 99th percentile for scaling, our method estimates this quantile using a topk-based approximation
to ensure ONNX export compatibility. This approximation introduces slight deviations in the computed scaling
factor, which in turn causes the albedo predictions, particularly in high-intensity regions, to appear slightly
darker than those produced by the official implementation, as shown Figure 24
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Table 5. Validation of our optimizations of the intrinsic decomposition model to run on smartphones.

LMSE | | RMSE | | SSIM 1
0.01277 | 0.03844 | 0.97585
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Fig. 24. Qualitative comparison between our mobile-friendly ONNX intrinsic decomposition and the original pipeline.

A5 Computational Complexity of Mobilyzer

Performance Analysis and Tradeoffs. We identify the primary runtime and memory bottlenecks of deploying
MobiLyzer on the OnePlus 8 Pro smartphone using Kotlin’s profiler. As shown in Table 6, most of the inference
time and memory consumption are concentrated in the intrinsic decomposition §4.2 step.

Quantization Strategy. Quantization is a model optimization technique that improves efficiency by representing
weights and activations with lower-precision numerical formats, such as 8-bit integers, instead of 32-bit floating-
point values. As noted in the ONNX documentation, static quantization can improve both weight and activation
efficiency by calibrating on a representative dataset. However, its performance is highly sensitive to the quality
of the calibration data. Since our decomposition models are designed for in-the-wild generalization, relying on a
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Table 6. Inference time and memory requirements of MobiLyzer on OnePlus 8 Pro.

No Quantization With Quantization

Time (s) Memory (MB) ‘ Time (s) Memory (MB)
Intrinsic Decomposition (Stage 1) 2.64 462.25 1.72 118.11
Intrinsic Decomposition (Stage 2) 1.91 398.39 1.05 101.10
Intrinsic Decomposition (Stage 3) 3.82 398.40 2.12 101.08
Intrinsic Decomposition (Total) 8.37 1259.04 4.89 320.29
Spectral Reconstruction 0.67 7.4 0.68 7.4
Classification 0.001 1.3 0.001 1.3
Total (End-to-End) 9.04 1267.74 5.57 328.99

Table 7. Quantization impact on albedo reconstruction quality, ONNX model size, and execution time on OnePlus 8 Pro. The
best trade-off is highlighted.

Quantized Stages Model Size (MB) Time(s) @ LMSE RMSE SSIM
None (W/O Quantization) 1259.04 9.04 0.01395 0.03272 0.97917
[1] 914.90 8.12 0.09796 0.09175 0.86873
[2] 961.75 8.18 0.01448 0.03751 0.97891
[3] 961.72 7.34 0.01303 0.03432 0.97105
[1,2] 617.61 7.26  0.09643 0.09179  0.86905
[1, 3] 617.58 6.42 0.09415 0.09032 0.86500
[2, 3] 664.43 6.48 0.01369 0.03720 0.97146
[1, 2, 3] 320.29 5.56  0.09509 0.09193 0.86274

limited or biased calibration set risks a significant drop in output quality under constrained testing conditions. In
addition, the decomposition models mainly use MiDaS CNNs as backbones; thus, poorly calibrated activation
ranges can introduce visible artifacts or degrade performance under novel conditions. Instead, we apply 8-bit
dynamic quantization, which only quantizes the weights and performs activation quantization on-the-fly during
inference. This strategy yields a substantial reduction in model size from 1.23 GB to 329 MB and nearly halves the
inference time, all while maintaining robust generalization across diverse input conditions (Table 6). Given the
acceptable end-to-end runtime (~6-11 s) and its robustness to unseen data, dynamic quantization is the preferred
strategy for MobiLyzer.

Quantization Tradeoffs Across Intrinsic Decomposition Stages. As shown in Table 7, quantizing Stage 1
results in the most noticeable drop in albedo quality, as its outputs serve as input to the remaining two stages. On
the other hand, quantizing only Stage 2 and Stage 3 while keeping Stage 1 in full precision achieves significant
reduction in the memory footprint without compromising output quality.

A.6  Generalization of MobilLyzer to Unseen Adulterant

The reconstruction model in MobiLyzer is trained for each liquid. We analyze the robustness of this model and its
ability to generalize to new liquids not included in the initial training dataset. This is done using transfer learning.
We fine-tune the truthful reconstruction model on a small dataset of unseen adulterated Extra Virgin Olive Oil
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Table 8. Accuracy of the reconstruction model on Sunflower Oil (not seen during training) before and after transfer learning.

MRAE RMSE SAM SID SSIM PSNR

Before Transfer Learning
0.958 0.059 0.302 0.253 0.695 24.8

After Transfer Learning
0.304 0.010 0.080 0.025 0.977 399
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Fig. 25

(EVOO) mixed with Sunflower oil (SO). This dataset comprises liquid mixtures with different percentages: 80%
EVOO + 20% SO, 70% EVOO + 30% SO, and 50% EVOO + 50% SO.

Following the common practice in transfer learning, we freeze the majority of the model’s layers, allowing
only the final layers responsible for output generation to be updated during training. This targeted training is
conducted using a limited number of images of the target liquid mixtures; we only use 10 hyperspectral images
for each mixture in the fine-tuning. The results of this fine-tuning process on unseen adulterants are presented in
Table 8.

As shown in Table 8, applying transfer learning significantly improves the model’s performance on the unseen
Sunflower oil adulterant compared to its initial performance. This indicates that our model can be effectively
fine-tuned with a small amount of data for new, previously unseen liquids and adulterants, thereby substantially
increasing its practicality in real-world deployment.

A.7 Impact of Container Interference on Spectral Signatures

We perform an experiment to show how the container can interfere with the captured spectral signatures of
liquids. Using the same setup described in §3.1, we capture an extra virgin olive oil (EVOO) sample under a
halogen lamp. In the same image, we identify two regions: one affected by specular reflection due to the angle of
the light hitting the container, and another with clean reflection directly from the liquid.
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Figure 25.a) shows these regions. We select one pixel from the center of each region and plot their spectral
signatures in Figure 25.b). The red curve shows the distorted signature from the specular region, while the black
curve shows the clean EVOO signature without distortion. This demonstrates that reflections from the container
can significantly affect the measured spectral signature.
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