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Abstract. Dehydration occurs due to fluid loss from the human body,
affects regular body functions, and causes health complications. Physi-
cal exercises, poor fluid intake, and diseases like fever and diarrhea may
result in dehydration. Current clinical and laboratory-based dehydration
detection techniques are expensive, time-consuming, and require people
to visit medical facilities, which often do not exist in destitute areas.
Though recent research has focused on monitoring physiological param-
eters (e.g., heart rate, stress, and oxygen) and detecting diseases using
smartphones, the area of dehydration detection has not been sufficiently
addressed. We present a smartphone-based early dehydration detection
system using artificial intelligence, which is ubiquitous, quick, and does
not require any additional cost or expertise to operate. We develop a
siamese network-based deep learning model to detect the changes in the
facial landmarks that appear from dehydration and are not detectable
with the naked eyes of general people. Our model provides an overall
accuracy of 76.1% and is lightweight enough to run on a smartphone
processor. By integrating it in the background, we develop a smartphone
app, “Dehydration Scan” that simply captures facial images of individu-
als and detects their hydration status. Knowing early about dehydration
allows people to take oral rehydration solutions and avoid severe dehy-
dration.

Keywords: Dehydration detection · Mobile image analysis · Deep
learning

1 Introduction

Dehydration occurs when the level of fluid in the human body falls below a
certain threshold. Dehydration is a common effect of many diseases like fever,
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diarrhoea and cholera, making it a significant cause of death worldwide. Lack of
clean drinking water and proper sanitation causes people, especially in develop-
ing countries, to get infected with waterborne diseases like diarrhoea and cholera.
Most people do not realize that they are dehydrated until it is too late. By then,
hospitalization becomes a requirement. However, most of these people do not
have economic solvency, nor do the hospitals have adequate human resources to
provide proper healthcare in impoverished areas. Thus an increase in the death
count becomes inevitable. Although these circumstances are more prevalent in
lower-income countries, they exist in the developed world as well. People can
also undergo mild to moderate levels of dehydration due to poor fluid intake or
physical exercise. Studies [2,12] show that mild dehydration has an impact on
alertness, concentration, mood, and cognitive abilities. Considering all the direct
and indirect effects of dehydration on the human body and mind, a readily avail-
able diagnostic solution for the masses is a necessity at this point.

Compared to other mobile healthcare domains [11,21,22,32], researchers have
not explored the topic of dehydration detection as much. Current dehydration
detection techniques are primarily based on laboratory tests (blood or urine
sample analysis) and clinical assessments undertaken by health professionals.
Laboratory tests are expensive, time-consuming, and require specialized equip-
ment. World Health Organization’s IMCI algorithm [24] and DHAKA score [17]
provide guidelines to health workers to detect dehydration based on clinical signs
(e.g., sunken eye, skin turgor) and symptoms (e.g., thirst, pulse). However, health
workers often do not have sufficient skills to follow the guidelines accordingly [1].
To reduce the need for skilled health workers or expensive medical equipment,
researchers have developed dehydration detection techniques through kinetic
analysis of hemoglobin concentration [33], exploiting photoplethysmographic sig-
nals [25] and measuring skin conductance [18]. However, they all require special-
ized hardware, making them expensive and inaccessible to the masses.

Dehydration causes very subtle changes to our facial landmarks, especially
in regions like eyes and lips (e.g., reduced skin turgor or elasticity, tired and
dry eyes, dry lips) [3,7,27]. These changes are not often perceivable by human
eyes, especially when a person is in the early stages of dehydration. Therefore,
it often goes unnoticed despite being a prevalent condition. We utilize artificial
intelligence to work around the limitations of human vision in this case. On the
other hand, with the widespread use of smartphones containing high-resolution
cameras, mobile image analysis has emerged as a convenient solution for medical
diagnosis [19,21,22]. We develop a smartphone-based early dehydration detec-
tion system using artificial intelligence that overcomes the limitations of the
existing solutions:

– Accessible - Medical facilities or specialized hardware are not equally available
worldwide, whereas smartphones are accessible almost everywhere.

– Quick - Our smartphone-based application provides instantaneous results,
whereas diagnostic tests at hospitals usually take one or more days to deliver
reports.
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– Automated - Our smartphone-based detection tool uses artificial intelligence
to detect dehydration and does not depend on the skill of the health workers
for observing clinical signs.

– Easy to Use - The built-in high-resolution cameras in modern-day smart-
phones make the detection straightforward for users.

– No Cost - Using our smartphone-based detection system, patients can make
initial or even intermediate-level assessments without taking expensive and
invasive diagnostic tests at hospitals or buying specialized hardware.

– Early Detection - Early detection using smartphones can prevent further dete-
rioration of a patient’s condition. Mild dehydration detection using our appli-
cation can save users from reaching a state where they need hospitalization.

We develop a deep learning model to detect the changes in facial landmarks
when an individual becomes dehydrated. A traditional classifier [6,14,26] based
on facial images would not perform well since the changes caused by mild dehy-
dration are minute and can vary from person to person. For example, the dehy-
drated face of an individual with dry skin is not the same as that of an individual
with oily skin. Similarly, the dehydrated face of an older adult is different from
that of a young person. To overcome this challenge, we adopt the siamese neural
network [31], proposed for a context similar to ours. Our model takes two images
as input: one hydrated facial image as the reference and the other facial image
representing the current state (hydrated or dehydrated) of the individual. The
model predicts the class for the current facial image as hydrated or dehydrated.
In Sect. 5, we elaborate on how we adopt the siamese network-based contrast
learner with an appropriate loss function to produce outcomes for different facial
landmarks and full facial image and then ensemble them to derive the final result
(hydrated/dehydrated). Section 6 presents the performance of our model. Our
model outperforms the baseline solutions by a large margin. Since our model,
trained and tested on a dataset for mild dehydrated conditions, can detect dehy-
dration with reasonably good accuracy, it is expected that our model will lead
to even more promising results for moderate or severe dehydration cases.

One of the major challenges we face is the lack of a publicly available
dehydration dataset that fits our needs. To mitigate this issue, we build our
own dataset consisting of 2340 sample pairs of images (hydrated-hydrated or
hydrated-dehydrated) from 70 healthy volunteers. We do not include volunteers
who have any other disease in the dataset to eliminate the inference of other dis-
eases on the facial landmarks. Research [16,18] shows that people usually have
mild dehydration during fasting. Therefore we consider the month of Ramadan
for data collection when practising Muslims fast from sunrise to sunset. We
develop a data collection app to capture the facial images of the volunteers in
hydrated and dehydrated states. Then we apply our preprocessing techniques to
remove the image noises, improve the image quality and extract the images of the
facial landmarks. The landmarks that show the most prominent changes upon
dehydration are chosen, including the lips, eyes, and surrounding regions. The
preprocessed images of different landmarks constitute our final dataset on which
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we train and test our model. Our data collection and preprocessing techniques
are discussed in Sect. 3 and Sect. 4, respectively.

Finally, we develop a smartphone-based application, “Dehydration Scan”
that captures the facial image of an individual using the integrated camera and
classifies the condition of the individual as hydrated or dehydrated by running
our developed model in the background. To the best of our knowledge, this is the
first non-invasive approach for dehydration detection using a smartphone with-
out requiring any additional equipment or expert skill while achieving adequate
accuracy. In Sect. 7, we present our smartphone application to detect dehydra-
tion.

In summary, the contributions of this paper are as follows:

– We build a dataset that includes 2340 sample pairs of images from 70 indi-
viduals.

– We develop preprocessing steps to extract specific facial landmarks from the
image frames and remove the noise associated with the effect of different
lighting and background settings.

– We propose our siamese network-based contrast learning model to find the
differences between a user’s hydrated and dehydrated landmark images. We
incorporate the individually derived values for different landmarks and the
full facial image into a final score and classify the user’s state as hydrated
or dehydrated accordingly. We show the effectiveness of our model in experi-
ments.

– We design and develop a complete and functional mobile application where
users can take pictures of their faces and get to know their hydration status
instantaneously.

2 Related Work

To date, existing works done on dehydration detection have been based on infor-
mation collected and processed manually. In fact, no significant research has been
done on automating this process. The existing methods require significant human
intervention and often rely on a certain level of medical expertise. None of them
focus on detecting dehydration using only mobile camera images. Table 1 shows
a comparative analysis of existing dehydration detection techniques with ours
in terms of different features. We observe that only our solution supports all
desirable features.

The World Health Organization developed the Integrated Management of
Childhood Illness (IMCI) algorithm [24] to guide health workers in detecting
different levels of dehydration by monitoring clinical symptoms. Levine et al. [17]
came up with the Dehydration: Assessing Kids Accurately (DHAKA) score for
dehydration detection based on clinical symptoms. The authors conducted a
study in Bangladesh, where local nurses analyzed children’s dehydration status
using both the DHAKA score and the IMCI algorithm. In a detailed comparison
of the results, the DHAKA score was the more accurate predictor of dehydration
for children. In [4], the authors developed a smartphone application that takes
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Table 1. A Comparative Analysis of Existing Dehydration Detection Solutions

Paper Technique Health

professional

Additional

equipment

Additional

cost

Time

consuming

[4,17,24] Clinical symptom

monitoring

✓ ✗ ✓ ✓

[18] Skin conductance

monitoring

✗ ✓ ✓ ✗

[23] Remote optical monitoring ✓ ✓ ✗ ✗

[20] Sweat electrolyte

conductance monitoring

✗ ✓ ✓ ✗

[25] Oximeter signal monitoring ✗ ✓ ✓ ✗

[19] Image processing to detect

skin mechanical properties

through skin turgor test

✓ ✗ ✓ ✓

Ours Image processing using

facial landmarks

✗ ✗ ✗ ✗

clinical symptoms as input and then applies the IMCI algorithm of WHO to
produce the result. This work aimed to check whether shifting from paper-based
work to the smartphone app can improve the reliability and usability of the
dehydration detection system.

The diagnostic technique proposed in [18] uses a non-invasive wearable sen-
sor for collecting skin conductance data and detects dehydration based on the
skin conductance state. Another study [10] examined the correlation between
dehydration severity and the moisture level of oral mucous membrane measured
through a moisture-checking device. In [33], the authors hypothesized whether
dehydration can be detected using kinetic analysis of hemoglobin concentration.

In [23], the authors used a wristwatch to extract several bio-medical param-
eters. They implemented two optical approaches. One of them was the rota-
tion of linearly polarized light by certain materials exposed to magnetic fields.
Another was the extraction and separation of remote vibration sources. In [20],
the authors used a conductometric sensor to measure sweat electrolyte conduc-
tance to detect dehydration. Another study [25] used photoplethysmographic
signals with small, wearable pulse oximeters and set features based on the vari-
able frequency complex demodulation. Those features were then fed to a support
vector machine model to detect dehydration.

In [19], the authors used smartphones to capture the videos of skin turgor
tests done on hands with two different methods - skin mark method and skin
texture method. They ran image processing algorithms to extract skin mechan-
ical properties and hydration levels from the frames of those videos. They used
smartphones to track the turgor test’s skin stretching and relaxation processes,
which medical professionals usually undertake to check for dehydration.
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3 Data Collection

At present, there exists no image dataset of people suffering from dehydration.
Since our target is to detect dehydration in the early stages and people who
come to the hospital are severely dehydrated in most cases, collecting data from
hospitalized patients would not serve our purpose. To work around this problem,
we leveraged the month of Ramadan, when practising Muslims fast from sunrise
to sunset. Research [16,18] shows that people usually have mild dehydration
during fasting, which does not result in severe health issues.

We developed a mobile application to achieve two goals:

1. To streamline the data collection process, and
2. To enable end-users to evaluate their hydration status instantaneously.

3.1 Data Collection Mobile Application

Our aim was to build an application that works on any mobile device irrespective
of the operating system and configuration. Thus, we chose Flutter [30], a cross-
platform application development framework, to create the smartphone app. We
also used the Firestore Database and Storage services of Firebase [29] as the
system’s backend.

The app included five well-defined steps for every user to follow. Figure 1
shows a detailed view of the application interface in these steps.

1. Users created a new account by providing relevant information, e.g., email
address, age, sex, weight, and existing health conditions on the first usage.
They were asked for explicit permission regarding the use of their data for
our research before account creation. Afterward, they could log into their
accounts from any smartphone device.

2. Every time users opted to provide data through the app, they had to give
some basic information first, such as hours of sleep and activity level. Using
moisturizer on the skin can neutralize the signs of dehydration almost entirely.
So the app also required them to confirm that they had not applied any
moisturizing product on their face in the last 6 h prior to providing the entry.
We instructed the users to select hydrated state if they provide data at night
after fluid intake and to select dehydrated state if they provide data during
fasting.

3. Next, the users had to choose hydrated or dehydrated as their current state,
which we later validated based on additional information. If hydrated, they
were asked to mention their amount of fluid intake (in glasses) in the last six
hours. Otherwise, they were asked to pick the approximate time of their last
fluid intake. Based on the answer to the additional question, we verified the
correctness of the user state (hydrated or dehydrated).

4. In the most crucial step, users recorded 5-second long videos of their faces
using the front or back camera. The app displayed a bounding box around
the users’ faces in this process to ensure that no part of the face was outside
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the camera view. They were also given the option to preview their captured
face video and retake it if necessary before uploading it to Firebase cloud
storage.

5. Upon successfully uploading a face video to Firebase cloud storage, the app
stored the upload time against the user’s credentials in its local storage. We
implemented this additional check to disable the option for that user to give
two data entries in less than 6 h gap.

(a) Account creation with basic infor-
mation and consent

(b) Basic information and regulation
during data entry

(c) Additional information based on
hydrated/dehydrated state (for dehy-
drated entry, the user can choose be-
tween today and yesterday and select
the time from a time picker dialog)

(d) 5-second face video capture with
preview and retake options (a dummy
image of a human face has been shown
to protect the privacy of the users who
provided data)

Fig. 1. Various steps of the data collection portal of our smartphone application

The app supports a minimum SDK version of 21, which is the earliest release
of the Android SDK that it can run on. It is equivalent to Android 5.0 (API
level 21) or higher. The fundamental features and functionalities of Android
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are available in this version and all subsequent versions. Since the latest stable
version is Android 10.0 (API level 29), our application is runnable on a wide
range of configurations. We used a few basic modules in our application - camera
(for recording face videos), video player (for displaying a preview of captured
video), and shared preferences (for locally storing entry timestamps) which work
smoothly in most smartphones.

Table 2. Age distribution of dataset subjects

Age Range No. of Participants

10–20 8

21–30 45

31–40 13

41–50 4

3.2 Dataset

We developed and distributed the mobile application described previously to
build an in-house face video dataset explicitly suited to our use case. We prepared
a final dataset containing 2340 pairs of images by strategically extracting and
combining frames from the collected videos. We had a total of 70 volunteers
in this process. 36 of them were male, and 34 were female. The participants
were between 10 and 50 years old. However, many of them were undergraduate
students, which added an age bias to our dataset. The age distribution is given
in Table 2.

Initially, we had 326 face video entries from 70 individuals, which means
that, on average, every user contributed 4–5 entries to our dataset. We collected
videos instead of images because we could extract up to 10 frames from each
video entry. To put it simply, we extracted a maximum of 10 hydrated or 10
dehydrated images of the same user from each video of that user. We discarded
blurry or unusable frames using some preprocessing steps. Nevertheless, this
approach helped us immensely to generate more data points for training and
testing our model. Additionally, we checked if we had at least one hydrated and
at least one dehydrated video entry from every user. Since we needed images of
both conditions to create pair inputs for our model, we discarded the entries with
no corresponding entry for the other condition. To ensure that our dataset does
not reflect the symptoms of any disease or condition other than dehydration,
we utilized the information gathered from the app. During account creation,
the app displayed a list of diseases (e.g., malnutrition, heart diseases, kidney
diseases, diabetes, skin diseases, sleep disorder) that can interfere with the signs
of dehydration. From the list, users selected any condition that applied to them.
While preparing our image dataset, we excluded all users suffering from any of
the mentioned diseases. This filtering was necessary to prevent our model from
falsely identifying symptoms of those diseases as effects of dehydration.
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Ground Truth Validation. In the case of dehydrated data entries, we collected
the number of hours passed after the last fluid intake as additional information
from the user and used it to validate the given hydration status label. We found
11 video entries for which this time gap was less than 6 h. Thus, we discarded
those noisy entries considering that the users might not be in a dehydrated state
in those and proceeded with the remaining 315 entries. The average number of
hours after the last fluid intake in the selected entries was 12 h. On the other
hand, for hydrated entries, we collected the amount (in glasses) of fluid consumed
in the last 6 h as additional information to make sure that the user is in a
hydrated state. The average glass count was 3.

For every user, we selected one of the hydrated images as the reference image
for that user. Then we created all possible combinations by pairing the reference
image with every available image (hydrated/dehydrated) of that user. While
generating these combinations, we did not consider the creation time or sequence
of a particular entry. The only condition in pairing any hydrated or dehydrated
image with the reference image was that the two images belonged to the same
user. We conducted this step of the process based on the assumption that for
any particular user, the effects of dehydration on different facial regions would
be pretty similar regardless of the time he/she captured the condition. In this
step, we significantly augmented the face video dataset collected through our app
and prepared a final dataset of 2340 pairs of images. The dataset is balanced,
consisting of 1170 reference-hydrated and 1170 reference-dehydrated pairs of
samples.

4 Data Preprocessing

Fig. 2. Preprocessing steps

In this section, we elaborate on the automated preprocessing steps performed
before we feed our data into the model for training and prediction. Our model
is at its core a siamese network that uses contrastive loss in order to learn and
detect the differences between a hydrated and a dehydrated image. Thus, we
need to provide pairs of images of the same individual to the model during
training. The model calculates a similarity score for the new image to predict
its hydration level using the trained weights.
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From the data collection portal of our app, we obtain 10-second long videos
of both hydrated and dehydrated states of each user. These videos have a lot of
noise, such as varying levels of light in the image, differences in resolution, con-
trast, saturation, and overall image quality due to variation in image sensors. We
need to eliminate these adverse effects and format the final image to emphasize
the maximum contrast between the hydrated and dehydrated states and offset
the other differences. Since our model trains with images, the first step is to
extract individual frames from the videos. We do this using the python library
OpenCV. Using the variance of the Laplacian, we filter out the blurry images
and keep the ones that report the highest values of sharpness. We select only
the images that cross a certain variance threshold and discard the rest. A final
manual pass is done to ensure that no anomalous images have spilled through.
An overview of the preprocessing steps is presented in Fig. 2.

Our final model uses the similarity scores of facial landmarks as different
features and creates an ensemble by assigning different weights to each of these
scores. We determine the combination of weights for which our model provides
the best performance in experiments. The values of the weights that our model
uses for different landmarks are specified in Sect. 6.1. We train individual models
for each of the landmarks separately. Thus, it is paramount for us to identify,
detect and segregate the landmarks in our preprocessing step. Since signs of
dehydration are primarily visible in areas surrounding the eyes, the skin, and
lips, we particularly emphasize our landmarks in those areas. For the eyes, we
include areas around the eyelids as well as the under-eye region since those
are the areas most affected. The entire face image is passed on as a separate
landmark as well.

We use the Haar Cascade classifier included in OpenCV to extract the land-
marks from images. The classifier returns four coordinates for each of our indi-
vidual landmarks. Each of the four coordinates represents a corner of a bounding
box surrounding the landmark. Joining the four coordinates, we obtain a bound-
ing box locating the position of the landmark. We then separate the landmarks
by cropping them out from the original image. Lastly, we scale the images to our
required pixel size of 200*200 before feeding them into the model. The pixel size
is chosen to strike the optimal balance between retaining the highest possible
level of details while keeping it lightweight enough for on-device inference.

5 Model Overview

Unlike most facial image classification problems, which are typically solved by
utilizing model-extracted features, dehydration detection is incredibly challeng-
ing because the symptoms of mild dehydration are tough to decipher. Therefore,
simply attempting to capture facial features with a traditional deep learning
model would not perform well in this particular problem.

We extract and prepare images of specific facial landmarks in the preprocess-
ing step, which is quite crucial to make it easier for our model to capture differ-
ences down to the tiniest detail. Our system requires only one reference image
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Fig. 3. Layered view of base convolutional network

taken in the hydrated state from every individual. Thus, we build a model that
can predict a user’s hydration status from a pair of images - one of them is the
initial reference image captured in the hydrated state, and the other is an image
taken at any hydration level at any moment. To serve this purpose, we lever-
age an artificial neural network model called siamese network [5], specifically
designed for use cases similar to ours. Koch et al. [15] used siamese neural net-
works to address the one-shot classification problem where predictions need to
be made from a single instance of any class. The way we structure our approach
is quite similar to this problem. Given a reference hydrated image of any user,
our model processes any input image of the same user, evaluates its similarity
to the reference, and classifies it as hydrated or dehydrated. Since the model
only requires a single pair of images from any user, its prediction technique is
comparable to one-shot learning.

The siamese network-based architecture primarily comprises two identical
towers or sister networks with shared weights. Each takes one image as input
and generates a feature embedding for that image.

In Fig. 3, we can see a detailed graphical overview of our convolutional net-
work. Each network is essentially a two-dimensional convolutional neural net-
work containing the same sequence of layers. The input images first go through
batch normalization before getting processed by the convolutional networks. Our
model constructs the networks from consecutive 2D convolutional and average
pooling layers, followed by batch normalization and a dense layer with rectified
linear unit (ReLU) activation. Our model then converts the generated feature
embeddings into a single merged layer by computing their cosine distance.

similarity(A,B) =
A · B

‖A‖2 × ‖B‖2 =
∑n

i=1 Ai × Bi
√∑n

i=1 A
2
i × √∑n

i=1 B
2
i

(1)

As can be seen from Eq. 1, the cosine similarity of two vectors A and B is
simply the normalized dot product of A and B. Here, ‖A‖2 is the L2 norm of
vector A. A high cosine similarity implies that the images closely match each
other and have minimal contrast between them.

distance(A,B) = 1 − similarity(A,B) = 1 − A · B
‖A‖2 × ‖B‖2 (2)
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From Eq. 2, we can see that cosine distance and cosine similarity are comple-
mentary measures. Two identical vectors with an angle of zero degrees between
them have a similarity score of 1 and a distance of 0.

Using other distance metrics such as Euclidean distance and Manhattan dis-
tance in the merging step does not give promising results. The Euclidean distance
between two vectors refers to their straight-line distance, while the Manhattan
distance refers to the sum of the distances along each axis. Unlike these mea-
sures, cosine distance depends on the angle between two vectors and does not
consider the size of the vectors. Thus, in our case, cosine distance proves to be
a better metric for differentiating the embeddings. The distance values that sig-
nify the contrast between the input images are passed to the final neural network
consisting of batch normalization and a typical dense layer with sigmoid activa-
tion. To summarize, our proposed contrast learning model takes pairs of images
belonging to the same user as input, estimates their similarity, and produces a
score between 0 and 1 accordingly. The architecture of this model is illustrated
in Fig. 4.

Fig. 4. Siamese-network based contrast learner

Another critical aspect of the model is the choice of the loss function, which
is used in the backpropagation to update the weights of the convolutional lay-
ers. Two loss functions are generally used in siamese networks - triplet loss and
contrastive loss [13]. If triplet loss is used, the model takes in three inputs -
one reference image, one similar or neighbor image, and one dissimilar or dis-
tant image. The key idea in this approach is to minimize the reference-neighbor
distance and maximize the reference-distant distance. Contrastive loss, on the
other hand, deals with pairs of images. The pairs can be reference-neighbor or
reference-distant, which is the exact format of the samples in our dataset. Thus,
we choose contrastive loss as the loss function for our model.

L = Y × D2 + (1 − Y ) × max (margin − D, 0)2 (3)

In Eq. 3, the contrastive loss L is computed from the predicted value Y , the
cosine distance D, and the baseline distance margin for which the model should
classify pairs as dissimilar. The default value for the margin is 1.

The contrast learner is run parallelly for the image pairs of each of our selected
facial landmarks - the right and left eyes, lip, and nose. We acquire a similarity
score from every execution of the model and calculate a weighted sum of those
scores to derive the final prediction. The weights for the landmarks are obtained
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through an extensive trial and error process. After adequate experimental analy-
sis, we find nearly optimal weights to account for the relevance of each landmark
in maximizing the prediction accuracy. We also run the model on entire face
images extracted from video frames. In short, to reach the conclusive prediction
of our system, we take into account every essential region of the face, do individ-
ual similarity estimations using our siamese network-based model, and combine
them to classify the input image as hydrated or dehydrated. Figure 5 shows an
overview of our proposed model.

Fig. 5. Classification using a weighted sum of similarity scores from image pairs of
individual landmarks

There are two core factors behind the considerable prediction accuracy of
our proposed model.

– We take a personalized approach instead of generalizing the problem. We
focus on the contrast between hydrated and dehydrated images of the same
person, which helps us cut out the differentiating factors among separate
individuals.

– We run our model separately on the segregated and preprocessed images of
various facial regions to better capture the changes occurring in each region.
This approach is particularly substantial for identifying mild dehydration
since the symptoms might not appear in the same region for every individual.

One additional concern in the development of our model is handling the
resource constraints of smartphones. In order to predict hydration status using
the limited processing power of smartphones, we choose TensorFlow as our arti-
ficial intelligence framework and devise a sufficiently lightweight model. We con-
vert our TensorFlow model to a TensorFlow Lite model, which is smaller, signif-
icantly faster, and runs more efficiently on a mobile processor. Our smartphone
application runs the lite model in the background whenever a user submits an
input image of his/her face, performs on-device computation, and delivers instan-
taneous results - hydrated or dehydrated.
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6 Performance Analysis

In this section, we present the performance of our proposed dehydration detec-
tion model.

6.1 Experimental Setup

Dataset and Preprocessing: We train and evaluate our model on our procured
dataset elaborated in Sect. 3. The data first passes through some preprocessing
steps as discussed in Sect. 4 before being split into train, test, and validation
sets. As mentioned in Sect. 3.2, our dataset contains 2340 pairs of images, where
1170 pairs contain two hydrated images, and the other 1170 pairs include one
hydrated and one dehydrated image. We take 60%, 20%, and 20% of the pairs
as train, validation, and test sets, respectively. We use samples of three separate
sets of users for training, validating, and testing datasets. The train, validation,
and test split is discussed more elaborately in Sect. 6.6.

We calculate all performance metrics presented in this section on our test set,
which is completely isolated from the training phase with no peeking involved
anywhere in the pipeline.

Parameter Settings: We select a batch size of 16 and run the model for 10
epochs. The number of epochs is chosen through experimentation as elaborated
in Sect. 6.5. The image size is selected to be 200*200 pixels in order to capture
as much detail as possible while keeping it reasonably less resource-heavy. For
the final ensemble, we choose weights for each of the individual landmarks as
follows: Left and Right Eye: 0.275, Lip: 0.225, Nose: 0.125, Entire Face: 0.1.

Evaluation Criteria: We choose Accuracy, Specificity, Recall, and F1 score
as our evaluation criteria. Accuracy measures how many hydrated and dehy-
drated images are correctly classified as hydrated and dehydrated, respectively.
Specificity measures out of all the dehydrated images, how many are correctly
classified as dehydrated. Recall tells us how many are correctly classified as
hydrated from all the hydrated images. To understand the F1 score, we first
need to know what precision is. Precision measures how many images that are
classified as hydrated are actually hydrated. F1 score is the harmonic mean of
precision and recall.

6.2 Comparative Analysis with Baselines

We consider the following four baselines and compare the performance of our
solution with them.

– Basic CNN: For our basic CNN structure, we have used one convolutional
layer followed by a pooling layer and a dense layer at the end. This is repre-
sentative of the most rudimentary implementation of an image classifier.

– VGG16 [26]: VGG was invented with the purpose of enhancing classification
accuracy by increasing the depth of the CNNs. VGG 16 has 16 weight layers
and is used for object recognition.
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– Xception [6]: Xception is a convolutional neural network architecture con-
sisting of 71 layers. This network gives a rich representation of images when
trained on an expansive dataset.

– Resnet50 [14]: Resnets are neural networks that use skip connections to
solve the problem of vanishing gradients. Resnet50 is a Resnet that is 50
layers deep.

For VGG16, Xception, and Resnet50, we use transfer learning by initializing
the models with weights trained on imagenet [8]. After that, all the baselines
have been run on our dataset end-to-end to come up with the final predictions.
The performance metrics are then compared with those of our proposed solution.
We can get an overview of the performance comparison between the baselines
and our model from Table 3.

Table 3. Performance comparison of our proposed model with different baselines

Model Accuracy Specificity Recall F1 score

Basic CNN 51.1% 15.2% 48.4% 56.6%

VGG16 34.4% 31.9% 52.3% 52.6%

Xception 42.5% 17.6% 38.7% 47.1%

ResNet50 65.9% 23.5% 99.7% 79.3%

Our Model 76.1% 52.1% 99.1% 80.7%

It is apparent from the above data that our proposed siamese network-based
model provides a better classification accuracy, specificity, recall, and F1 score
than those of the baselines. The key differentiating factor here is the emphasis of
our model on detecting contrasts between the hydrated and dehydrated states.
To assist the contrast detection, we concentrate on areas of the face that show
the most significant changes during dehydration. Our model can learn differences
in facial features upon dehydration better than the conventional models, which
look at the face image as a whole and do not prioritize specific landmarks like
our model.

6.3 Effect of Landmarks

To make the contrast detection between hydrated and dehydrated states more
robust, we identify the landmarks that show changes upon dehydration. We
now discuss how each of these individual landmarks performs on its own to
detect dehydration. The performance comparison of how each of the landmarks
performs separately is presented in Table 4.

The left and right eyes show the best performance out of all the landmarks.
This is expected since one of the main symptoms of dehydration is sunken eyes.
This is consistent with the studies made in [28] where it is mentioned that
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Table 4. Performance comparison between individual landmarks

Landmark used Accuracy Specificity Recall F1 score

Entire Face 58.8% 20.4% 97.2% 70.2%

Nose 59.7% 19.5% 99.7% 71.3%

Lip 61.9% 29.3% 94.4% 71.2%

Right eye 76.1% 52.1% 96.3% 80.7%

Left eye 72.3% 69.3% 75.3% 73.1%

Left eye flipped 74.3% 50.6% 97.9% 79.2%

dehydration symptoms like sunken eyes, undereye darkness, or discoloration can
show up faster because the skin in this region is thinner than other body parts.
To properly capture this, we took into account the regions surrounding the eyes
during our initial crop. The next best landmark is the lip, most likely due to the
flakiness or dryness visible when there is no fluid intake for an extended period.
[9] cites dry lips as one of the leading signs of dehydration. The entire face image
gives the lowest accuracy, which further proves why conventional models do not
perform well in this scope. The entire face data taken together do not provide
enough information for classifying a dehydrated image from a hydrated one.

Additionally, we flipped left eye images horizontally to make them similar
to right eye images. We included this step to make all the eye images more
homogeneous and minimize the unexpected performance gap between left and
right eye images.

6.4 Ablation Study

We perform an ablation study by removing one landmark at a time and per-
forming the classification. We intend to see the effect of each of the landmarks
on the final classification. The results of the ablation study are summarized in
Table 5.

It is evident from the data that excluding any landmark reduces the per-
formance of our model; for example, the obtained accuracy for excluding any

Table 5. Ablation Study

Landmark excluded Accuracy Specificity Recall F1 score

Entire Face 70.6% 45.7% 95.4% 76.4%

Nose 70.9% 41.9% 95.6% 77.5%

Lip 68.3% 36.7% 94.3% 75.9%

Right eye 64.4% 28.8% 92.4% 73.8%

Left eye 65.7% 44.7% 97.8% 78.3%

Left eye flipped 65.3% 30.6% 95.8% 74.2%
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landmark is less than the overall accuracy 76.1%. Thus, each of the landmarks
that we use as model features contributes to improving the prediction. The effect
of removing the eyes from the classification has the highest impact. This is fol-
lowed by the removal of the lips. This is consistent with our assumption that the
eyes and lips show the most visible changes during dehydration.

6.5 Effect of Number of Epochs

In this experiment, we choose the optimal number of epochs to get the best
performance of the model. Usually, up to a certain threshold, the more epochs
the model runs for, the better the accuracy and performance measures are. After
a point, the model starts overfitting to the training set, and its performance starts
degrading. We need to find the optimal epoch number that provides the best
results without introducing overfitting. Table 6 and Fig. 6 give us an overview of
the performance metrics by varying the number of epochs.

Table 6. Performance comparison between varying Epoch numbers

No. of Epochs Accuracy Specificity Recall F1 score

5 68.1% 36.3% 95.7% 75.8%

8 71.6% 43.3% 97.8% 77.9%

10 76.1% 52.1% 99.1% 80.7%

12 66.7% 39.1% 94.4% 73.9%

The data shows that the model reaches maximum performance at 10 epochs.
After that, the performance slowly starts degrading as it starts introducing over-
fitting. We, therefore, stopped the model after 10 epochs during our final classi-
fication.

6.6 Effect of Train-Test Ratio

In this section, we present our experiments to choose the optimal split for the
test, validation, and train sets. On the one hand, increasing the train set size
gives our model more data to train on, essentially boosting the performance.
However, keeping little data on the validation set runs the risk of overfitting the
train set. To find the optimal balance, we conduct multiple runs with different
ratios of the split as presented in Table 7.

As we can infer from the data, the optimal performance is achieved with a
60-20-20 split of train, validation, and test set.

6.7 Male vs Female Participants

In this section, we compare the performance metrics of male and female partic-
ipants. The findings are presented in Table 8. The results for male participants
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Fig. 6. Log graph of performance comparison between varying epochs

Table 7. Performance comparison between varying Train-Test ratios

% Train % Validation % Test Accuracy Specificity Recall F1 score

70% 15% 15% 62.1% 30.9% 93.4% 71.1%

70% 10% 20% 69.7% 48.1% 91.3% 75.1%

80% 10% 10% 54.3% 37.7% 71.1% 60.8%

60% 20% 20% 76.1% 52.1% 99.1% 80.7%

were derived by training and testing our model only on male data. We repeated
the same process for female participants.

Although the accuracy is quite similar in both cases, there is a noticeable
difference in the specificity and recall values. This indicates that our model
performance might vary across genders.

6.8 Effect of Multiple vs Single Reference

Here we compare the performance of our model using single and multiple refer-
ence images. In the case of a single reference image, we paired the reference with
each hydrated and each dehydrated image of the same individual. Similarly, in
the case of multiple reference images, we selected multiple hydrated images for a
user based on their sharpness and paired each of the references with each remain-
ing hydrated and dehydrated image. The performance comparison is shown in
Table 9.
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Table 8. Performance comparison between male and female participants

Participant Gender Accuracy Specificity Recall F1 score

Male 72.9% 64.9% 99.8% 78.7%

Female 72.1% 83.6% 60.7% 68.5%

Table 9. Performance comparison between single and multiple reference image

No. of references Accuracy Specificity Recall F1 score

1 76.1% 52.1% 99.1% 80.7%

2 72.2% 44.4% 99.7% 78.3%

3 68.4% 36.8% 99.8% 75.9%

It is evident from the experiment results that using multiple images as ref-
erences does not improve our model performance. One possible reason behind
this might be that the hydrated frames of an individual are very similar to one
another. Therefore, multiple reference images captured in hydrated conditions
only increase the dataset size without contributing any new, substantial infor-
mation regarding dehydration. Besides, the model might overfit the data of the
users in the train set and, consequently, give a poor performance for face images
of unseen test subjects.

6.9 Cross Validation

We partitioned the data into 5 non-overlapping folds or subsets and performed
cross-validation by running our model 5 times. Every time, we chose a different
subset for testing and used the remaining data for training and validation. The
results from the different runs are shown in Table 10 along with the average
performance.

Table 10. 5-fold cross-validation results

Test set Accuracy Specificity Recall F1 score

1 69.4% 59.7% 78.9% 72.1%

2 69.7% 45.6% 93.9% 75.6%

3 76.1% 64.9% 87.2% 78.5%

4 73.7% 47.4% 99.7% 79.2%

5 76.1% 52.1% 99.1% 80.7%

Average 73.0% 53.9% 91.8% 77.2%

7 “Dehydration Scan” App Overview

In this section, we present the interface and functionality of our smartphone
application, “Dehydration Scan”. The app has been designed to minimize the



308 P. Saha et al.

number of steps that a user must complete to check his/her hydration status.
The user interface is also relatively simple and highlights the required steps. We
share a detailed view of the interface in Fig. 7.

While using the app, a typical user performs the following actions.

1. First, a user needs to take a picture in hydrated condition to start using
the app. This picture is saved in the local storage of the app as the reference
image for future predictions. Since the facial condition of the user may change
over time because of factors like age and weather, the app provides an option
to retake and update the reference image at any point in time. Besides, it is
crucial for the user to be adequately hydrated while capturing the reference
image. Otherwise, our dehydration detection model will fail to deliver accurate
predictions.

2. Afterward, the user only needs to provide a face image to check for dehydra-
tion. This image goes through the preprocessing steps mentioned in Sect. 4
and gets paired with the previously captured and stored reference image to
prepare the input for the model.

3. Then the app runs the trained lite version of our proposed model on the pair of
images. This computation takes place entirely on-device and does not require
any cloud storage or services. Since the model has already been trained on
our dataset, it does not require any additional training time and executes in
a matter of seconds.

4. After calculating the final score, the app displays the predicted class of the
condition of the user.

(a) Taking a refer-
ence image (updat-
able) from the user
for future evalua-
tions

(b) Taking image
input to pair it up
with the reference
image for compari-
son

(c) Running the
on-device model to
compute hydration
score for the input
image

(d) Displaying the
final prediction to
the user - either
Hydrated or Dehy-
drated

Fig. 7. Steps of dehydration detection using Dehydration Scan
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We use the TensorFlow Lite library to run our model in the background, and
the minimum SDK version for this library is 21. Therefore, like our data collec-
tion application described in Sect. 3.1, Dehydration Scan also operates well in
android devices with API level 21 or higher. This range of configurations covers
almost all available android smartphones. Moreover, Dehydration Scan is a stan-
dalone smartphone application that does not require an internet connection to
function. Thus, it serves to be a ubiquitous solution to the dehydration detection
problem.

8 Limitations and Future Direction

While we demonstrate the strong potential of our proposed siamese model, there
are scopes to improve it even further. Following is a list of limitations we iden-
tified from our research and the corresponding future research directions one
might pursue:

– Mitigating the absence of a publicly available diversified dataset:
There is an acute deficiency of a publicly available diversified dataset in the
domain of dehydration detection. Although we have managed to procure
a decent dataset of our own, it lacks diversity in ethnicity, age, and other
aspects. Also, the dataset we worked on is imbalanced in terms of the age
range of the participants. There are very few data points over the age of 40.
Our dataset is primarily composed of undergraduate students and, as such,
introduces an age bias. Overall there is massive scope for a better, more
robust dataset. Improving the dataset can also improve the classification per-
formance.

– Automating the assignment of weights to the different landmarks:
In our implementation, we have manually assigned weights to the different
landmarks during the computation of the final prediction. We have chosen
the weights that provide the overall best performance over the entire test
set through trial and error. However, the optimal weights may vary for each
individual, so a generalized assignment of weight for everyone may not give
the best results.

– Using more sophisticated models with higher parameter counts: As
smartphone hardware gets more powerful year after year, it becomes feasible
for more complex and sophisticated algorithms to be run on-device on mobile
processors. The limitations in hardware capabilities will not be present in
a few years when more powerful smartphones penetrate the general mass.
Therefore, future research should concentrate on more sophisticated models
that give higher prediction accuracy, albeit with more resources.

9 Conclusion

We developed a non-invasive smartphone-based dehydration diagnostic solution
that does not need additional cost, hardware, or skilled workers and produces
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results instantaneously. Since our approach delivers acceptable accuracy (on
average 76.1%) for mild to moderate dehydration, we can infer that more severe
cases of dehydration can be predicted with a higher degree of confidence. Our
developed siamese network-based dehydration detection model outperforms the
baseline models by a large margin (i.e., our model achieves at least 10% more
accuracy and 20% more specificity than those of the baseline models). Experi-
mental results also show that eyes are the most affected facial landmark due to
dehydration. Our smartphone-based dehydration diagnosis tool may not achieve
the accuracy level of the clinical diagnosis by professional medical equipment
or expert personnel. However, in most cases, our solution can provide crucial
insights and prompt the users to take necessary actions early on. We aim to
extend our solution to detect different dehydration levels (e.g., mild, moderate,
severe) in the future.
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