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Abstract

Traditional hydration assessment methods, while accurate, are often invasive and impractical for routine monitoring. In
response, innovative non-invasive techniques such as bioelectrical impedance analysis (BIA), electrodermal activity (EDA),
electrocardiogram (ECG) monitoring, and urine color charts have emerged, offering greater comfort and accessibility for
patients. These methods use various types of sensors to capture a range of bio-signals, followed by machine learning-based
classification or regression methods, providing real-time feedback on hydration status, which is crucial for effective manage-
ment and prevention of urinary stones. This review explores the principles, applications, and efficacy of these non-invasive
techniques, highlighting their potential to transform hydration monitoring in clinical and everyday settings. By facilitating
improved patient compliance and enabling proactive hydration management, these approaches align with contemporary
trends in personalized healthcare. This article presents a literature review on non-invasive approaches to hydration assess-
ment, focusing on their significance in preventing kidney stone disease and enhancing kidney health.
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regions. In North America, the incidence ranges from 7 to
13% of the population, while Europe sees rates between 5
and 9%. Asia, by comparison, reports lower but still sub-
stantial rates of 1% to 5% [1]. These statistics underscore the
widespread nature of this condition and highlight the need
for effective prevention and management strategies [2, 3].

The formation of Kidney stones is a complex process
influenced by multiple factors, including genetics, diet, life-
style, and environmental conditions [4]. However, one of the
most crucial and modifiable risk factors is hydration status.
Proper water intake plays a pivotal role in both the preven-
tion and management of kidney health and disease [5, 6].
For individuals with a history of kidney stones, maintain-
ing adequate water intake is not merely beneficial—it is an
essential component of their health regimen [7].

The mechanism by which hydration helps prevent stone
formation is multifaceted. Primarily, increased fluid intake
leads to higher urine volume, which in turn dilutes the con-
centration of stone-forming constituents such as calcium,
oxalate, and uric acid. This dilution effect reduces the likeli-
hood of these substances reaching supersaturation levels and
precipitating to form crystals. Additionally, proper hydration
supports overall kidney function by facilitating the efficient
filtration and excretion of waste products, maintaining urine
pH balance, and promoting regular urination which helps
flush out potential stone-forming materials [8].

Moreover, adequate hydration has benefits that extend
beyond stone prevention. It aids in maintaining proper blood
pressure [9], regulating body temperature [10], and support-
ing various metabolic processes [11]. For stone formers, the
importance of hydration cannot be overstated, as recurrence
rates for kidney stones can be as high as 50% within five
years of the initial episode if preventive measures are not
taken [12].

Despite the clear importance of hydration in urinary
stone management, effectively monitoring hydration lev-
els has long presented a challenge in clinical settings [13].
The ability to accurately assess a patient's hydration status
is crucial for tailoring preventive strategies and evaluating
their effectiveness. This challenge has spurred research into
various methods of hydration assessment, ranging from tra-
ditional techniques to cutting-edge technologies.

Traditionally, healthcare providers have relied on well-
established methods to assess dehydration. These include
hematological indices such as the concentration of blood
haematocrit, serum osmolality, and plasma osmolality. More
advanced techniques like isotope dilution methods have also
been employed [13]. While these approaches offer high
accuracy and have been the gold standard for many years,
they come with significant drawbacks that limit their practi-
cality for routine use, especially in outpatient settings.

Many of these traditional methods require blood draws or
other invasive procedures, which can be uncomfortable for
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patients and may deter regular monitoring. They often neces-
sitate sophisticated and costly equipment, typically avail-
able only in hospital laboratories or specialized clinics. This
restriction means that these tests cannot be performed at
home or in many primary care settings, limiting their acces-
sibility. Furthermore, these methods often have long turna-
round times, sometimes taking hours or even days to provide
results. This delay significantly limits their usefulness for
frequent monitoring or for making real-time adjustments to
hydration strategies [14, 15].

In response to these limitations, recent years have wit-
nessed the emergence of novel, non-invasive approaches to
hydration assessment [14-31]. These innovative methods
represent a paradigm shift in how we approach hydration
monitoring, offering several advantages over their tradi-
tional counterparts. They are generally more comfortable
for patients, eliminating the need for blood draws or other
invasive procedures. This increased comfort level can lead to
better patient compliance with regular monitoring, a crucial
factor in long-term stone prevention strategies [14, 32].

Moreover, many of these new techniques are designed
for convenience and ease of use, making them suitable for
everyday monitoring outside of clinical settings. This shift
towards patient-centric, home-based monitoring aligns with
broader trends in healthcare towards personalized medicine
and patient empowerment [33]. By providing individuals
with tools to monitor their own hydration status, these meth-
ods have the potential to improve adherence to hydration
recommendations and enable more proactive management
of stone risk.

Another significant advantage of these novel approaches
is their ability to provide results more quickly than tradi-
tional methods. Some technologies offer real-time or near-
real-time feedback on hydration status, allowing for imme-
diate adjustments to fluid intake [27]. This rapid feedback
loop can be particularly beneficial for individuals trying to
optimize their hydration habits or for those at high risk of
stone formation.

As we delve deeper into these innovative methods, it
becomes clear that they represent not just incremental
improvements but potentially transformative approaches to
hydration assessment and urinary stone prevention [34, 35].
From bioelectrical impedance analysis to urine color charts,
from wearable devices to smartphone apps, the landscape of
hydration monitoring is evolving rapidly [14-31]. Each of
these methods brings its own set of advantages and limita-
tions, and understanding their principles, applications, and
efficacy is crucial for healthcare providers and patients alike.

In this literature review, we will explore these novel
approaches in detail, examining their underlying principles,
practical applications, and the evidence supporting their use.
We will also consider how these methods compare to tradi-
tional techniques and discuss their potential impact on the
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future of urinary stone management and prevention. We will
also highlight remaining challenges and formulate recom-
mendations for future research.

Search strategy

Given the diverse methods utilized in non-invasive hydra-
tion assessment, we opted for a narrative review rather than
a systematic review or meta-analysis [36]. While systematic
reviews offer rigorous and methodical evaluation, a narrative
approach provides greater flexibility to explore and interpret
the literature in a more nuanced way. This method allowed
us to contextualize and reflect on hydration testing practices,
offering insights that extend beyond the constraints of strict
inclusion and exclusion criteria [13].

To gather relevant literature for this narrative review,
we searched Google Scholar and PubMed using keywords
such as “hydration,” “dehydration,” “hypohydration,”
“body water,” “assessment,” “testing,” “non-invasive,” and
“measurement.” We also examined the reference lists of the
selected papers to discover additional relevant sources.

EEINT3 ELINT3

Non-invasive approaches

Non-invasive methods for the assessment of dehydration are
innovative techniques that evaluate an individual's hydration
status without resorting to invasive procedures such as blood
draws or urine sampling. These approaches utilize a variety
of physiological, optical, or electronic measurements to infer
hydration levels based on external indicators. By providing
a safe, comfortable, and convenient means of monitoring
hydration, these methods are particularly valuable for eve-
ryday health assessments [32, 37].

The development of non-invasive hydration assessment
techniques has been driven by the need for quick, reliable,
and user-friendly methods that can be easily implemented
in various settings. These methods aim to overcome the
limitations of traditional invasive techniques, which can be
time-consuming, uncomfortable for patients, and sometimes
impractical for frequent monitoring. These methods often
employ advanced technologies such as specialized sensors,
wearable devices, or smartphone applications to collect and
analyze data. The goal is to provide accurate, real-time infor-
mation about an individual's hydration status that can be
easily interpreted by both healthcare professionals and the
wider community.

We'll explore non-invasive hydration assessment meth-
ods, examining their principles, advantages, and limitations.
This overview will provide insight into current techniques
and future possibilities in this field.

Bioimpedance analysis (BIA)

The bioimpedance analysis (BIA) is a non-invasive tech-
nique used to measure dehydration by assessing the electri-
cal impedance of body tissues. It operates on the principle
that the body's water content affects the flow of a low-level
electrical current, with resistance (R) primarily reflecting
extracellular water (ECW) and reactance (Xc) indicating
intracellular water (ICW) [38]. By analyzing impedance
values, BIA can differentiate between hydration levels; for
instance, dehydration typically results in increased resistance
and decreased reactance due to reduced total body water
[39]. Figure 1 illustrates one of the commonly used con-
figurations of Bioimpedance Analysis (BIA) for assessing
hydration [40].

Researchers from Hamad Bin Khalifa University and
Queen's University [16] have developed a bioimpedance
analysis (BIA) method to assess hydration levels non-inva-
sively. The study involved creating and simulating a model
of human skin to explore how different frequencies affect
skin's dielectric properties and impedance measurements.
Two interdigitated electrode designs were tested, with the
rectangular design showing promising results in measuring
hydration levels. Researchers from the U.S. Army Research
Institute of Environmental Medicine and Georgia Institute of
Technology [17] explored the use of bioelectrical impedance
analysis (BIA) as a reliable method for estimating changes
in hydration status. Their study, published in the Interna-
tional Journal of Sports Medicine, highlights the effective-
ness of BIA in monitoring hydration levels, which is crucial
for optimizing performance and health in various settings,
particularly in sports and military environments. The authors
emphasize the importance of accurate hydration assessment
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Fig. 1 Tetra polar configuration commonly used for hydration assess-
ment [40]. The tetra polar configuration is a commonly used method
in bioelectrical impedance analysis for assessing hydration status and
body composition. It involves placing four electrodes on the skin to
pass a small electrical current through the body. The resistance to this
current, which varies with the body's water content, is then measured
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to prevent dehydration-related issues and enhance overall
physical performance.

The use of bioimpedance analysis is especially advanta-
geous in clinical settings because it offers a rapid and objec-
tive evaluation of hydration status, surpassing traditional
methods. This makes it particularly effective for detecting
dehydration in diverse populations, with a notable emphasis
on kidney stone patients. However, it is important to con-
sider the limitations of bioimpedance analysis, such as the
potential for inaccuracies caused by factors like body com-
position, hydration status, and electrolyte imbalances.

Electrodermal activity (EDA)

The electrodermal activity (EDA), also known as galvanic
skin response (GSR), is a non-invasive technique for assess-
ing hydration status by measuring the skin's electrical prop-
erties, which change with sweat gland activity and moisture
levels. This method is based on the principle that dehydra-
tion alters sweat production and skin hydration, impacting
the skin's electrical conductance. The eccrine sweat glands
[41] shown in Fig. 2, controlled by the sympathetic nerv-
ous system and primarily located in the dermis, play a
crucial role in this process. Dehydration leads to complex
physiological changes, including variations in sweat gland
activity, skin moisture content, electrolyte concentrations
in sweat, and cutaneous blood flow, all of which affect the
skin's electrical conductance. EDA measurements are taken
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Fig.2 A section of the human skin and an example of The eccrine
sweat gland [41]. Human skin is composed of three main layers: the
epidermis, dermis, and hypodermis. The eccrine sweat gland, located
within the dermis, is a simple, coiled tubular structure that produces
sweat and secretes it directly onto the skin's surface through a pore.
This gland plays a vital role in thermoregulation and maintaining
fluid balance
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by applying a weak electrical current through electrodes
placed on the skin, typically on the palms or fingers [18-20].

In a study [18], researchers developed a non-invasive
system for dehydration assessment using electrodermal
activity (EDA) measurements. The study involved 16 par-
ticipants who were monitored in three hydration states:
hydrated, mildly dehydrated (after 8 h of fluid restriction),
and extremely dehydrated (after 16 h of fluid restriction).
Data was collected using an EDA sensor [42] shown in
Fig. 3 and the BITalino toolkit. Measurements were taken
in three body postures: sitting, standing, and walking.
This approach allowed for data collection across different
positions that might affect EDA readings. The research-
ers extracted statistical features from the EDA data. These
features were then used as input for a hybrid bidirectional
long short-term memory (BiLSTM) neural network model.
BiLSTM is a type of recurrent neural network capable of
processing sequential data. The system achieved an accu-
racy of approximately 97% in distinguishing between the
three hydration states. In another research from the Uni-
versity of Glasgow [20], researchers developed a machine
learning-based solution for the non-invasive auto-estimation
of human hydration levels using galvanic skin response
(GSR). The study considered various body postures (sitting
and standing) and distinct hydration states (hydrated and
dehydrated) during the data collection and analysis phases.
Six different machine learning algorithms were trained
using real GSR data, and their performance was compared
for different parameters such as window size and feature
combinations. The results showed that a simple algorithm
like k-nearest neighbors (K-NN) outperformed other algo-
rithms, achieving an accuracy of up to 87.7% in correctly
estimating the hydration level. Researchers from the Uni-
versity of Massachusetts Lowell [19] developed a dehydra-
tion self-monitoring tool called monitoring my dehydration
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Fig.3 An example of an electrodermal activity sensor [42]. An elec-
trodermal activity sensor is a device used to measure the skin's elec-
trical conductance. It typically involves two electrodes placed on the
skin, often on the fingers or palm, which detect small changes in con-
ductivity due to fluctuations in sweat gland activity
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(MMD) that uses wearable electrodermal activity (EDA)
sensors, signal processing, and machine learning. The tool
can continuously track users' hydration levels and provide
real-time alerts before dehydration impacts their health.
The system achieved 84.5% accuracy, 87.5% sensitivity,
and 90.3% specificity in estimating hydration levels (well-
hydrated, hydrated, dehydrated, very dehydrated) across 5
recruited users. The varying accuracies achieved by these
studies suggest that combining EDA measurements with
a machine learning model can effectively assess hydration
status non-invasively under the specific conditions of each
investigation. However, it is important to acknowledge that
each study employed a distinct methodology and had a lim-
ited sample size. Further research is needed to confirm the
generalizability of these findings across different populations
and conditions.

A significant challenge in using electrodermal activity
(EDA) to assess dehydration in the human body is its sensi-
tivity to various stimuli affecting the nervous system [43].
These stimuli include emotional states like happiness or
fear, as well as environmental factors such as humidity and
temperature. Both internal and external stimuli can cause
rapid fluctuations in skin conductance, which can obscure
the more gradual changes associated with hydration levels.
Currently, there is no definitive solution to effectively isolate
hydration-related EDA changes from these confounding fac-
tors, making it difficult to rely solely on EDA for accurate
dehydration assessment.

Electrocardiogram (ECG or EKG)

The electrocardiogram (ECG or EKG) [44] explained
in Fig. 4, is a non-invasive diagnostic tool that records
the heart's electrical activity and has shown potential for
assessing hydration status by analyzing change in heart rate
variability (HRV) and other cardiac parameters influenced
by fluid balance. Dehydration can lead to reduced blood
volume, causing the heart to work harder and resulting in
detectable ECG changes, such as decreased HRV and altera-
tions in the QT interval.

In a new study [21], researchers explored the potential
of using heart rate variability (HRV) parameters derived
from electrocardiographic (ECG) signals to detect dehydra-
tion in athletes. The investigation involved 16 athletes who
underwent a rigorous three-stage dehydration protocol: rest
before exercise (RE), post-exercise (PE), and after hydra-
tion (PH). During each stage, ECG data were collected for
10 min, allowing for the calculation of three specific time-
domain HRV parameters: RR-interval (The time between
successive R-waves, which are the largest waves in the QRS
complex), standard deviation of RR intervals (SDRR), and
root mean square of successive RR interval differences
(RMSSD). These parameters were chosen for their known
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Fig.4 Electrocardiogram showing heartbeat frequency and duration
[44]. An electrocardiogram captures the heart's electrical activity,
presenting it as a series of waves that illustrate both the frequency and
duration of heartbeats. The frequency, expressed in beats per minute
(BPM), indicates how often the heart beats, while the duration meas-
ures the time each phase of the heartbeat cycle takes. By analyzing
the different components of the EKG wave, such as the P wave, QRS
complex, and T wave, the heart's rhythm and overall function can be
evaluated
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sensitivity to autonomic nervous system changes, which can
be affected by hydration status. The study employed two
distinct machine learning techniques to classify the dehy-
dration stages: support vector machine (SVM) and k-means
clustering. SVM, a supervised learning method, was used
to create a model that could distinguish between the three
stages based on the HRV parameters. K-means, an unsu-
pervised learning algorithm, was applied to see if it could
naturally group the data into clusters corresponding to the
dehydration stages without prior labeling. Results indicated
that SVM outperformed k-means in classifying the dehy-
dration stages, suggesting that the supervised approach was
more effective for this particular application. Among the
HRYV parameters, the RR-interval emerged as the most effec-
tive for categorizing dehydration stages, achieving accuracy,
precision, and recall scores above 0.60 when used with the
SVM method. This finding highlights the particular sen-
sitivity of the RR-interval to hydration-related changes in
cardiac function. The superior performance of SVM over
k-means could be attributed to its ability to handle complex,
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non-linear relationships in the data, which may be particu-
larly relevant when dealing with physiological parameters
that can be influenced by multiple factors. The study's results
indicate that machine learning approaches, particularly
supervised methods like SVM, can utilize ECG-derived
HRYV parameters for dehydration assessment in athletes. A
study conducted by researchers from the University of Sus-
sex [22] explored the use of electric potential sensing (EPS)
technology to assess human hydration levels. The research
employed a non-invasive, capacitive EPS sensor to meas-
ure the electric field generated by the human body, with a
focus on cardiac electrical activity. The study examined the
potential correlation between QRS amplitude in the ECG
signal and hydration levels. Data collected from six subjects
showed changes in QRS amplitude corresponding to periods
of dehydration and subsequent hydration. The researchers
observed variations among subjects, which they attributed
to factors such as body mass index (BMI) and individual
physiological differences. The study suggests that EPS sen-
sor technology may have potential applications in hydration
monitoring, offering a non-invasive approach. A group of
researchers from Stanford University, led by Anthony Kaveh
and Wayne Chung [23], have developed a machine learning
system to classify hydration status using electrocardiogram
(ECG) data. This method aims to detect hypohydration with-
out traditional blood analysis tests by leveraging single-lead
ECG signals. The system employs support vector machines
(SVM) and extracts features from both time and spectral
domains of the ECG signal, utilizing a discrete wavelet
transform to filter noise and identify significant waveform
characteristics. Tested on the MIT-BIH PhysioNet database,
the system achieved high sensitivity (96.3%) and moderate
specificity (57.9%), with a positive predictive value of 61.9%
and a negative predictive value of 95.7%.

These findings have demonstrated that single-lead ECG
systems can effectively classify hydration status in real-time,
making it a promising method for monitoring hydration in
clinical settings, athletic environments, and occupational
health scenarios. However, interpreting ECG results for
hydration assessment presents challenges due to confound-
ing factors like physical activity, emotional state, circadian
rhythms, and individual variability. To address these limita-
tions, researchers often recommend combining ECG data
with other physiological measures such as bioelectrical
impedance analysis, skin temperature, or sweat rate moni-
toring. This multi-modal approach aims to enhance the accu-
racy of hydration assessments, potentially providing a more
comprehensive picture of an individual's hydration state.
As research in this field progresses, ECG-based hydration
assessment, particularly when combined with advanced
machine learning algorithms, may become an increasingly
valuable tool in various healthcare and performance-related
applications where maintaining proper hydration is crucial.
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Acoustic signals

Acoustic signals for dehydration assessment utilize ultra-
sound technology to evaluate body hydration status by
measuring the speed of sound waves traveling through
muscle tissue. This method is based on the principle that
the speed of ultrasound in soft tissue is directly related to
the tissue's water content. When dehydration occurs, muscle
water content decreases, causing an increase in ultrasound
velocity. Different approaches have been developed based
on this principle, enabling real-time tracking of total body
water changes during conditions such as acute dehydration
and rehydration in athletes. Studies have shown that this
acoustic method can effectively detect abnormal hydration
changes, making it a promising tool for clinical applications,
especially for vulnerable populations like the kidney stone
patients who are at higher risk of dehydration.

A study from Appalachian State University and Artann
Laboratories Inc. [45] introduces an acoustical handheld
hydration monitor (HM) designed to assess body hydra-
tion status using ultrasound velocity in muscle tissue. The
HM leverages the principle that ultrasound velocity through
muscle is a linear function of water content, making it a
potential tool for detecting dehydration. The device was
tested on healthy young adults and elderly subjects, dem-
onstrating its ability to track changes in total body water
during dehydration and rehydration, as well as day-to-day
hydration variability. The results indicate that the HM
could be an efficient tool for monitoring hydration status,
particularly in vulnerable populations such as the elderly,
infants, and athletes. Another use of acoustic signals has
been proposed by researchers at Oklahoma State University
who have developed AutoHydrate [24], a wearable hydra-
tion monitoring system designed to track drinking activities
and daily fluid requirements. The system [46] comprises a
throat microphone for collecting acoustic signals, a smart-
watch for monitoring physical activity, an embedded com-
puter for data processing, and a smartphone app for pro-
viding recommendations as shown in Fig. 5. AutoHydrate
employs machine learning algorithms, specifically Support
Vector Machine (SVM) for drinking activity classification
and Gradient Boosting Decision Trees for body activity clas-
sification. According to the researchers, the system achieved
91.5% accuracy in drinking detection and 89.1% accuracy in
body activity classification. The stated goal of AutoHydrate
is to prevent health issues related to poor hydration habits
by providing continuous monitoring and real-time feedback.

These studies represent different approaches to utiliz-
ing wearable technology for collecting acoustic signals and
applying machine learning in hydration management, esti-
mating either hydration level on one side, or drinking intake
on the other side. However, as with all scientific research,
independent replication and further testing are necessary to
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Fig.5 The setup of the AutoHydrate System [46]. The AutoHydrate
system consists of an acoustic sensor for capturing sounds from the
throat, a smartwatch for monitoring body activity, and an embedded
computer for gathering and analyzing the data
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Fig.6 Working principle of PPG sensors [48]. PPG (Photoplethys-
mography) sensors work by measuring changes in blood volume
within the skin's microvascular tissue using light. The sensor emits
light, typically from a LED, onto the skin, and a photodetector cap-
tures the light that is either absorbed or reflected by blood vessels. As
blood volume fluctuates with each heartbeat, the light signal changes
accordingly

fully validate their effectiveness and applicability in various
real-world settings.

Photoplethysmography (PPG)

The photoplethysmography (PPG) [47, 48], shown in

Fig. 6, is a non-invasive optical technique used to assess
hydration status by measuring changes in blood volume

and flow in peripheral tissues. This method involves emit-
ting light, typically in the red and infrared spectrum, onto
the skin and measuring the amount of light absorbed or
reflected by blood vessels beneath. Hydration level fluc-
tuations cause variations in blood volume, which in turn
alters the PPG signal. Dehydration may be indicated by an
increased heart rate and changes in the PPG signal ampli-
tude, reflecting the body's compensation for reduced blood
volume.

A recent research study [14] has introduced a non-
invasive method for monitoring hydration levels using
smartphone cameras. The technique involves recording a
fingertip video to extract a photoplethysmography (PPG)
signal, which reflects changes in blood volume associated
with hydration status. To develop this method, researchers
collected data from 25 fasting participants during Rama-
dan 2023, creating a labeled dataset. This data was used
to train artificial intelligence models for two classification
tasks: binary (hydrated or not) and four-class (fully hydrated,
mildly, moderately, or extremely dehydrated) hydration
assessment. The study reports that these models achieved
accuracy rates between 95 and 99%. The researchers also
proposed an alternative approach using high-dimensional
PPG data for feature extraction and classification, interpret-
ing results through a SHAP-based explainable Al frame-
work. This smartphone-based hydration monitoring method
is presented as a cost-effective solution that could potentially
contribute to at-home health monitoring and patient-cen-
tric healthcare systems. A study realized by researchers at
Ariel University [25] assessed the accuracy of a wearable
hydration sensor, the dehydration body monitor (DBM),
in a field trial involving 240 healthy adults. Participants
wore the DBM, which utilizes photoplethysmographic and
galvanic biosensors, while performing treadmill exercises.
The device's output, measuring sweat loss, was compared
to changes in body mass recorded by a medical balance.
Results indicated a strong correlation between the DBM
measurements and body mass changes, with a mean normal-
ized root square error of approximately 2%. Bland—Altman
analyses showed that less than 5% of values fell outside the
95% confidence interval, confirming the DBM's reliability
for monitoring hydration, particularly in athletic and geriat-
ric contexts. A group of researchers from the University of
Connecticut and other institutions [26] developed a method
for the automatic detection of dehydration using photop-
lethysmographic (PPG) signals collected from patients in
an emergency department. By employing miniature, wear-
able pulse oximeters, the study analyzed changes in PPG
signals to classify dehydration status through support vec-
tor machines (SVM) with a radial basis function kernel.
The researchers achieved an overall classification accu-
racy of 67.9%, with sensitivity at 72.7% and specificity at
64.3%. These findings indicate that automatic detection of
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dehydration is feasible, potentially improving clinical assess-
ments of hydration status in patients.

However, it's important to note that while PPG shows
promise for hydration assessment, factors like skin pigmen-
tation, temperature, and movement can affect signal qual-
ity. Additionally, the accuracy and reliability of PPG-based
hydration monitoring may vary depending on the specific
implementation and environmental conditions. Further
research is needed to fully validate its effectiveness across
diverse populations and real-world scenarios.

Urine color

The urine color serves as a practical indicator of hydration
status, with research by Lawrence E. Armstrong highlight-
ing its effectiveness. Armstrong developed an eight-color
urine chart [51] in the late 1980s, shown in Fig. 7, which
correlates urine color with hydration levels, where lighter
shades indicate optimal hydration and darker shades signal
dehydration. His studies demonstrated significant relation-
ships between urine color, osmolality, and specific gravity,
establishing that darker urine corresponds to higher dehydra-
tion levels. This method allows individuals to quickly self-
assess hydration without specialized equipment, although it
is subject to some limitations, such as environmental factors
and individual variations in color perception [49, 50].
Researchers from the University of Malaya [15, 27] have
conducted multiple studies exploring the use of smartphone-
based urine colorimetry for assessing hydration status in
dengue patients. In one study, they found strong correla-
tions between urine color values captured by mobile phone
cameras and established laboratory parameters like urine
osmolality and specific gravity. In a more recent study, the
researchers aimed to further evaluate the reliability of this
method by comparing urine color values across different
smartphone brands under various lighting conditions. They
used a customized photo box with a single light source to
capture urine samples using five smartphone models. With-
out color correction, the phones showed the best agreement
for Blue and Green values under daylight lighting. However,
when using a commercially available color calibration card,
the study found exceptional inter-phone and intra-phone

agreement for the blue and green values (ICC > 0.9) after
color correction. Red values remained poorly correlated
even with calibration. These findings suggest that color cali-
bration significantly improves the reliability of smartphone
urine colorimetry, positioning it as a promising point-of-
care tool for hydration assessment in dengue patients. The
researchers' first work demonstrated the strong correlation
between smartphone-based urine color values and labora-
tory hydration markers. The second study builds on this by
showing that color calibration enhances the consistency of
urine colorimetry across different phone models and lighting
conditions. Together, these studies support the feasibility
of using smartphone technology for objective, non-invasive
hydration monitoring in dengue patients. In another study
[28], researchers investigated the validity of using a urine
color chart as an indicator of hydration status among frail
nursing home residents. Conducted in seven nursing homes
in Iowa, the study included 98 participants aged 65 and
older, excluding those with certain medical conditions. The
researchers collected weekly urine samples to measure urine
color and specific gravity, finding significant correlations
between the two (rs=0.3-0.7, p<0.01). Notably, associa-
tions were stronger in females and those with adequate renal
function.

These findings suggest that urine color can serve as a
practical tool for monitoring hydration to help prevent dehy-
dration-related complications. However, its accuracy may be
limited by factors such as diet, medications, and individual
metabolism.

Motion sensing

Motion sensing technology can assess hydration status
primarily by detecting drinking gestures through wearable
devices like smartwatches, which track wrist movements
associated with drinking from a container.

In a research study [29] Researchers developed SipIT
which is a behavioral intervention system for kidney stone
patients struggling to meet fluid intake guidelines. It tracks
fluid consumption automatically via a connected water bottle
and smartwatch with drinking gesture detection, while also
allowing manual input through a mobile app. The system

Fig.7 E. Armstrong urine color
chart [51]. The E. Armstrong
urine color chart is a tool used
to assess hydration status based
on the color of urine. It presents
a range of urine colors, from
pale yellow to dark amber, with
lighter colors indicating better
hydration and darker colors sug-
gesting hypohydration

1 to 3 = Healthy urine
Keep up the good work!

4 to 8 = Unhealthy urine
Need to Hydrate!

@ Springer
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uses just-in-time reminders and behavioral techniques to
encourage increased water intake, aiming to improve hydra-
tion and potentially reduce kidney stone risk. To assess the
effectiveness of this system, several clinical trials have been
conducted. The first study [29] established proof-of-concept
for the intervention, indicating that it reduced common barri-
ers to fluid intake and enhanced drinking-related automatic-
ity. The second study [30] evaluated a reduced-cost version
of the intervention, called mini sipIT, which utilized only
the connected water bottle and its companion mobile app
for self-tracking. The results showed a significant increase
in 24-h urine volume, suggesting that this technology-based
behavioral intervention could effectively boost urine output
in adults—a critical component of prevention guidelines
associated with a reduced risk of kidney stone recurrence.
The third clinical trial [31] is a randomized controlled trial
designed to further investigate the impact of the sipIT behav-
ioral intervention in kidney stone patients.

These different studies demonstrate the effectiveness
of using motion sensors with connected objects like smart
water bottles and smartwatches to assess hydration. How-
ever, the main challenge is ensuring the accuracy and reli-
ability of these devices across various user demographics
and environmental conditions, as well as integrating the data
seamlessly into comprehensive health monitoring systems.

Concise overview of non-invasive hydration
assessment technique

This section offers a concise overview of non-invasive
hydration assessment techniques discussed in this literature
review [14-31, 45, 52-54]. The following Table 1 sum-
marizes key findings and methodologies, highlighting the
advantages of these innovative approaches over traditional
methods, their limitations, the technologies employed, and
whether clinical studies have been conducted. This com-
prehensive analysis aims to provide a clear understanding
of the current state of non-invasive hydration assessment
techniques.

Conclusions and perspectives

In exploring different approaches to create systems capable
of monitoring hydration non-invasively, researchers have
investigated various technologies including Electrodermal
Activity (EDA), Electrocardiography (ECG), Photoplethys-
mography (PPG), smartphone-based imaging, and Acoustic
signals. Each method shows promise in providing non-inva-
sive hydration assessment, often leveraging machine learn-
ing algorithms to improve accuracy. While initial results
from many studies appear promising, with some reporting

@ Springer

high accuracy rates, challenges remain in validating these
methods across diverse populations and real-world condi-
tions, addressing confounding factors, ensuring long-term
reliability, and integrating the technologies into practical
devices. As research progresses, a combination of these
approaches, possibly integrated into wearable or mobile
devices, could provide more comprehensive and accurate
hydration monitoring. The potential impact of successful
non-invasive hydration monitoring is significant, with appli-
cations in healthcare, specifically for patients with kidney
disease, sports performance, occupational safety, and per-
sonal wellness. However, further large-scale trials, cross-
validation of different methods, and development of stand-
ardized protocols are necessary to move these technologies
towards practical implementation, while carefully consider-
ing ethical and privacy implications.
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A.T. prepared figures. All authors reviewed the manuscript.
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