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ABSTRACT

If people just start to rehydrate their body when they feel thirsty, health experts
consider it is already late. Advances in Exercise Physiology science, sensor and smart
phone technology make an intelligent rehydration prompter possible. This project
endeavors to use a combination of modern technology and techniques to produce a
rehydration prompter that reliably reminds its user with proper timing to rehydrate
and avoid losing further body water.

In this project, a smart phone application has two modes based on a user's
physical state. Calm mode collects EDA and body temperature data from Q sensor. An
experiment is designed to find the relationship between EDA and people's dehydration
level. A web server was built to update data and show result of calm mode. Active
mode collects data from the phone accelerometer and use these data to calculate
calorie consumption. Each mode analyzes these data using exercise physiology
science to predict a point at which the user needs to rehydrate. The program is
self-contained, requiring no outside processing or expert interpretation, meaning that
the solution as a whole can be easily integrated into one's schedule and utilized by the

general populace without trouble.



1. Introduction

Every health expert will tell you that once you feel thirsty, it is already too late to
rehydrate. If people don't rehydrate in time, it may cause concentration, fatigue and
some other problems. If we have some professional equipment, we can take some
tests to see if we need to rehydrate. But as a normal person in our daily life how can
we know when to drink some water to keep our body performing well if we aren't
thirsty?

As Smartphone become more common and their capabilities improve, their
usefulness in a variety of application areas also improves. The portability of
Smartphone makes them ideal for many tasks that in the past required specialized
hardware. And also the sensor technology develops rapidly: it is more portable and
accurate sensors are made for a variety of uses. To solve this rehydration problem we
can construct an application for smart phones. In order to see if people need water, we
need to divide a person's physical state into two parts first. One is the active state,
which means the person is doing some sports or working out. Another is the calm
state, which means the person is in a resting mode.

For the active state, since calories burned is related to water loss, we can use the
smart phone's accelerometer sensor to get three coordinate axis accelerations which
can be used to calculate calorie consumption. Besides that, in order to get more
accurate results we also have to know some basic information about the person:
weight, height and gender. This information has a great influence on calorie

consumption. How can we evaluate the result? Since every running machine can
7



calculate calorie consumption, | compared the result of the system and the calorie
consumption of a running machine. The error was within 3.3% each time.

For the calm state, | used the Q sensor to collected EDA data (skin conductance
data). It can help to judge the skin's dryness level, which can reflect a person's
dehydration level. Since there is no clear relationship between the EDA data and the
person's dehydration level, I designed one experiment to find how EDA data can
reflect dehydration level and based on the result | defined five levels of dehydration.
For the evaluation part, since there is no ground truth | added a feedback part in this
application after it shows the result to the user. The comparison between the result and
feedback will be done in a webpage which people can also visit to view the

comparative result.



2.Related Work
2.1 Affectiva Q Sensor

The Affectiva Q Sensor is wireless and wearable. It’s small and comfortable so
participants can wear it without distraction. There are no messy gels to apply, no wires
to tape, and nothing to configure. Simply strap on the Q and it turns on automatically
and begins collecting data. Take it off, and it will turn off automatically after two

minutes to conserve battery life.

2.167 1.647

> 1.467

1.67 Q Sensor Pod
Q Sensor Curve

Figure 2.1: Affectiva Q sensor

The Affectiva Q Sensor can measure electro dermal activity(EDA), which can
capture the intensity of an individual’s current experience and their skin's dryness
level. Besides that it can also measure skin temperature, which is also helpful to make
a judgment of a person's dehydration level. The Affective Q sensor is Bluetooth

accessible, which means we can get all the data we need in real time.



2.2 Accelerometer noise reduction

The accelerometer sensor measures the acceleration applied to the device,
including the force of gravity. The sensor framework uses a standard three-axis
coordinate system to express data values. For most sensors, the coordinate system is
defined relative to the device's screen when the device is held in its default orientation
(see figure 2). When the device is held in its default orientation, the X axis is
horizontal and points to the right, the Y axis is vertical and points up, and the Z axis
points toward the outside of the screen face. In this system, coordinates behind the
screen have negative Z values

¥
F

—k&\‘h‘_‘.r
ol

Figure 2.2: Coordinate System

Conceptually, an acceleration sensor determines the acceleration that is applied to

a device (Ag) by measuring the forces that are applied to the sensor itself (Fs) using

the following relationship:

Aq =-YFs/ mass
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However, the force of gravity is always influencing the measured acceleration

according to the following relationship:

A4 =-0->F/mass

For this reason, when the device is sitting on a table (and not accelerating), the
accelerometer reads a magnitude of g = 9.81 m/s% Similarly, when the device is in
free fall and therefore rapidly accelerating toward the ground at 9.81 m/s? its
accelerometer reads a magnitude of g = 0 m/s®. Therefore, to measure the real
acceleration of the device, the contribution of the force of gravity must be removed
from the accelerometer data. This can be achieved by applying a high-pass filter.
Conversely, a low-pass filter can be used to isolate the force of gravity. Here is the

solution to remove the influence of accelerometer of gravity:

alpha is calculated as t / (t + dT),where t is the low-pass filter's time-constant and dT

is the event delivery rate. Here the value of alpha is 0.8;

® [solate the force of gravity with the low-pass filter.

gravity[O]= alpha * gravity[0]+(1- alpha)*event.values[0];
gravity[1]= alpha * gravity[1]+(1- alpha)*event.values[1];

gravity[2]= alpha * gravity[2]+(1- alpha)*event.values[2];

® Remove the gravity contribution with the high-pass filter.

linear_acceleration[0]=event.values[0]- gravity[0];

11



linear_acceleration[1]=event.values[1]- gravity[1];

linear_acceleration[2]=event.values|2]- gravity[2];

2.3 Energy Expenditure
2.3.1 Energy Expenditure Detection Based on Tri-Axial Accelerometer

The detection of physical activity energy expenditure(PAEE) based on tri-axial
accelerometer was presented by ZHU Guozhong, WEI Caihong and PAN Min in 2011.
They had done the comparative experiments between waist, knee and lip and found
the best position to wear the device is determined to be on the waist. In their research

they introduced an algorithm based GM(Geometric Mean).

GM=,/(A% + A% + A2)/3
A, , A, and A, are acceleration of three coordinate axes after filtering.
In this system, I only consider one physical activity, which is running. Figure2.3

shows GM waveform of running with a speed of 10 km/h.

2.0

[
n

1.0
0.5

acceleration/g

Time/s

Figure 2.3: GM waveform of running with a speed of 10 km/h
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Based on classical Newton's Mechanics' formula:

E=F*S

F=p*mg

S:% at? (uniformly accelerated motion)

In this system, the motion of running is variable accelerated motion, so we need to use
calculus to calculate energy expenditure.

E:%p*mg faalz da fttlz tdt

In the formula above, a is the value of GM, p is another factor that will be determined

by experiment.

2.3.2 Energy Expenditure Detection Based on Metabolism

Metabolism is the set of life-sustaining chemical transformations within the cells
of living organisms. Metabolic rate determines how much energy people consume.
There are two kinds of metabolic rates, one is Basal metabolic rate (BMR), which is
the energy used by an organism at complete rest, and the one is relative metabolic
rate (RMR), which is the ratio of energy expenditure of physical activity and BMR.

Basal metabolic rate is determined by a person’s gender, age, weight and height.
Female: BMR = 655 + (9.6 x weight in kilos) + (1.8 x height in cm) - (4.7 x age in
years)

Male: BMR =66 + (13.7 x weight in kilos) + (5 x height in cm) - (6.8 x age in years)

13



Relative metabolic rate can be checked by the following form:

Activity RMR
Running: 15 km/ h 18
Running: 10 km/h 10
Running: 5km/h 6
Walking: 2km/h 2.2

Basketball 6~11
Volleyball 6~8
Soccer 6~7
Table tennis 3.9
Swimming: 400 meter 27.7
Swimming: 1500 meter 21.9
Lifting 104

Skiing 3.3~6.5

Table 2.1: RMR value of different sports

In this System, we only consider running. For the experiment, running is based on
a speed of 10 km/h.

Besides BMR and RMR, body surface area(BSA) is another important factor to
energy expenditure. BSA is determined by gender, weight and height. Here are two
formulas to calculate BSA for different genders:

14



Male: BSA = 0.00607 x height in cm + 0.0127 x weight in kilos - 0.0698 (m?)
Female: BSA = 0.00568 x height in cm + 0.0126 x weight in kilos - 0.0461 (m?)
Since we have all this information we can calculate energy expenditure by the

following formula:

E=(RMR +1.2) x BMR x BSA x T (second)

15



3. Implementation
3.1System Architecture

The whole system includes two modes. Calm mode collects data from Affectiva
and Q sensor then processes the data and sends it to a web server. On the server side,
all this data will be stored in a database and also displayed in a webpage. Active mode
collects data from the smart phone's accelerometer, processes the data and then returns

the result on phone's screen.

Send data Active Send data
—— »Calm Mode Mod -~
W e S 1
y A
Process data Process data
and return and return
result result

J Wifi

Web
4 Server

v v
Store in Display
database result

Figure 3.1: System Architecture
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3.2calm mood implementation

3.2.1 Bluetooth connection

The Affective Q sensor is Bluetooth accessible and the Android platform also
includes support for the Bluetooth network stack, which allows a device to wirelessly
exchange data with other Bluetooth devices. The application framework provides
access to the Bluetooth functionality through the Android Bluetooth APIs. These APIs
let applications wirelessly connect to other Bluetooth devices, enabling point-to-point

and multipoint wireless features.

Using the Bluetooth APIs, this application can perform the following:

e Scan for other Bluetooth devices
e Establish RFCOMM channels
o Connect to other devices through service discovery

In order to scan the Affectiva Q sensor using an android smart phone, we need to
set up Bluetooth first, which includes two steps, one is to get the Bluetooth Adapter
and another one is enable Bluetooth. After setting up Bluetooth, we can use
the Bluetooth Adapter to find the Affectiva Q sensor either through device discovery
or by querying the list of paired (bonded) devices. Device discovery is a scanning
procedure that searches the local area for Bluetooth enabled devices and then requests
some information about each one. After setting the Affectiva Q sensor to discoverable
mood, this sensor will respond to the discovery request by sharing some information,
such as the device name, class, and its unique MAC address. Using this information,
an Android smart phone performing discovery can then choose to initiate a connection

to the Affectiva Q sensor.

17



Since this connection is made for the first time, a pairing request is automatically
presented to the user. When a device is paired, the basic information about that device
(such as the device name, class, and MAC address) is saved and can be read using the
Bluetooth APIs. Using the known MAC address for the Affectiva Q sensor, a
connection can be initiated with it at any time without performing discovery

(assuming the device is within range).

Since we paired two devices, we need to build the connection between them. In
order to create a connection between your application on two devices, you must
implement both the server-side and client-side mechanisms, because one device must
open a server socket and the other one must initiate the connection (using the server
device's MAC address to initiate a connection). The server and client are considered
connected to each other when they each have a connected Bluetooth Socket on the
same RFCOMM(Radio frequency communication, which is a simple set of transport
protocols) channel. At this point, each device can obtain input and output streams and
data transfer can begin.

In this application, the Affectiva Q sensor is considered as server-side, so that we
don't need to implement and an Android smart phone is considered as client-side. In
order to initialize a Bluetooth Socket to connect to the Affectiva Q sensor on
client-side, we use the Bluetooth Device to get a Bluetooth Socket by calling
createRfcommSocketToServiceRecord (UUID). UUID(universally unique identifier)
is an identifier standard used in software construction, standardized by the Open

Software Foundation (OSF) as part of the Distributed Computing Environment

18



(DCE).The UUID passed here must match the UUID used by the sensor. For the

Bluetooth Socket, the UUID is 00001101-0000-1000-8000-00805F9B34FB.Then the

system needs to perform an SDP lookup on the Affectiva Q sensor in order to match

the UUID. After the sensor accepts the connection, it will share the RFCOMM

channel to use during the connection and we can get the data from sensor through this

channel.
- YNO) 0Dl B 356
dehydration
~ Turn on Bluetooth '
.3 . g .
[ Turn off Bluetooth
= ey B
‘ Scan

r

2] CalmActivity

(& _bluetooth
& REQUEST_ENABLE
] REQUEST DISCOVERABLE

{8 onCreate()

@ onEnableButtonClicked()
§@ onDisableButtonClicked()
{8 onOpenScanButtonClicked()

Figure 3.2: Setting screen
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BAOE ¢ 2 onall 3s7

.= DiscoveryActivity

(=] _bluetooth

(5] _devices

(=] _discoveryFinished
&3] _discovery

(=] _foundReceiver
j Scanning. . (=] _discoveryReceiver

% onCreate()
$8 showDevices()
$8 onListitemClick()

Figure 3.3: Scanning Device screen
After the user turns on Bluetooth for the smart phone and clicks the scan button,
the application will start to scan for available devices and list them. From Figure 3.3
we can see that the third device is the Affectiva Q sensor which has a Mac address of

00:06:66:08:D8:BF.

3.2.2 dehydration level

We can receive three types of real time data from the Affectiva Q sensor: skin
temperature, EDA(body conductance) and tri-axis acceleration. In this application, we
only use skin temperature and EDA data.

Users wear the Affectiva Q senor on their wrist, the normal temperature of the

20



wrist should be around 29 degrees to 32 degrees. If the temperature collected in this
application is higher than 34 degrees, then the user is probably running a fever, so the
system will remind the user to drink some water by popping a toast window.

In order to find the relationship between EDA and a person’s dehydration level, |
designed an experiment with 10 participants. All of them were very thirsty at the
beginning of the test and they were all considered to be hydropenic. | used the
Affeciva Q sensor to collect their EDA data at this condition. Then | made them drink
some water, but not very much to make sure they were still thirsty, but feel slightly
better than the last stage. Then | collected their EDA data. | repeated the same
procedure three times until they didn't feel thirsty at all. There were 50 samples from
10 people in this test. Each sample included five pieces of EDA data, which came

from 5 steps of this test.

0
0 005 01 015 02 025 03 035
Figure 3.4: Histogram of EDA(dehydration level 1)
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Figure 3.6: CDF display(dehydration level 1)

Figure 3.4 shows the original data of user's EDA data at first step of test, x-axis is
the value of EDA and y-axis is the amount of samples in this range of EDA. Figure
3.5 is the distribution fitting of the data; | used normal distribution to fit. The peak is
around 0.11 and 90% data are smaller than 0.25. Figure 3.6 is the

Cumulative Distribution Function(CDF) display of the distribution. From this figure
22



we can see after 0.2 on x-axis, the curvature of the curve changed very little until the
end. Based on this information, | chose the middle value between the peak value and

0.2,which is 0.155 as the upper limit of dehydration level 1.
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Figure 3.7:Distribution fitting figure Figure 3.8 :CDF display(dehydration level 2)

(dehydration level 2)

These are the figures from step 2. | measured their EDA value 10 minutes after
they drank some water. Based on these figures, | chose 0.320 as the upper limit of

dehydration level 2.

35 ]
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Figure 3.9: Distribution fitting figure Figure 3.10 :CDF display(dehydration level3)

(dehydration level 3)
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These are the figures from step 3. | choose 0.555 as the upper limit of dehydration

level 3.
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Figure 3.11: Distribution fitting figure  Figure 3.12:CDF display(dehydration level4)

(dehydration level 4)

These are the figures from step 4. | choose 0.660 as the upper limit of dehydration

level 4.
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Figure 3.13: Distribution fitting figure Figure 3.14 :CDF display(dehydration level5)

(dehydration level 5)
These are the figures from step 5. We can see the change of upper limit value is

only 0.04 compared to the last level. That means that although people still drink some
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more water, their EDA data don't change a lot. So the dehydration at level 5 could be

the highest level which means people in this level do not need to rehydrate any more.

Here are the five dehydration levels:
Level 1: EDA from 0.0 to 0.155
Level 2: EDA from 0.156 to 0.320
Level 3: EDA from 0.321 to 0.555
Level 4: EDA from 0.556 to 0.660

Level 5: EDA above 0.661

3.2.3 User feedback

In order to see if this dehydration standard works well, after the system's toast
window - which shows the user which dehydration level he was in, the user can type

in which level he thought he was in based on his feeling.

FO0hoal Q1036 A
i

P0dE 10 1= SensorActivity

&f Tac

62 REQUEST_DISCOVERY
i=2l mHandler

[=] _bluetooth

=] Eda

=l Temp

i=l actionUrl

dehydration level 4 ‘ ‘ 5] mTextView01

[=] button

i max_pecmaLs

Please type in your feeling,
from Level 1 to Level 5

onCreate()
onActivityResult()
connect()
GetText()

wehe

Figure 3.15:Sensor activity page
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3.2.4 data storage and web server

After each test, the system will send all the information collected to a simple web
server. This information includes: EDA data, skin temperature, measured dehydration
level, the user's feedback and the timeline.

In order to send data to the web, we need to implement the sever side and the
client side. The Android Smartphone is considered a client. | created an HTTP Client
and an HTTP Post, then bundled the post parameters’ pair with key and value. Before
making an HTTP request, | encoded the post data in order to convert all the string data
into a valid URL format. Finally, | executed an HTTP Post using the HTTP Client
created before. For the server side, | wrote some PHP code to receive this data from
the Smartphone and insert it into the database. If the measured value is equal to the
feedback value, it means it is a matched result. If the measured value and feedback
value are within 1 level distance, it means it is an approximate matched result. On the
sever side, there is a webpage to show this data and keep updating the matched rate

and approximate matched rate.
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mismatch

Dehydration
approximate | match

0.004

temp

23.3

measurment

feedback

time

2013/11/19 11:59:08

0.22

0.048

0.228

27.6

28.3

30.4

2013/11/19 12:05:12

2013/11/20 10:57:18

2013/11/20 15:056:38

approximate:10

Figure 3.16: Webpage

0.623 | 29.5 5 4 2014/01/06 19:42:06

0.726 | 31.2 5 3 2014/01/06 23:49:48

0.589 | 31.2 4 3 2014/01/07 22:37:34
total:12

approximate rate:0.833

If the test has a matched result, the background color of that test's information is

green. If the test has an approximate matched result, the background color is yellow.
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3.3 Active mode implementation
3.3.1 Information collection

The implementation of Active mode can be divided into two parts: one is user
basic information collecting and another one is energy expenditure calculation. Basal
Metabolic Rate is determined by people's gender, age, weight and height. This

information needs to be provided by users, here is the activity page for collecting this

data.

©) : all B 11:32

Information Activity

Energy Expenditure Calculator E Info
. LN E
Gender (*) male () Female (5] gender
\ - =l button

Wei\ghtm',}?ﬁ_:/ =l weight
)~ &1 height

v T o
, A S| & textView
) - : = editTextw
Age | .
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Figure 3.17:Information colleting page
After the user types in all this information, they can click the start button to go to
the next step. This data will send to another activity which will do the calculation

work. | used final class Bundle, which can insert a String value into the mapping and

28



replace any existing value for the given key to transfer the data.

3.3.2 Energy expenditure calculation

There are two algorithms that can calculate energy expenditure, one is based on

tri-axis accelerations and another one is based on metabolism science.

3.3.2.1 Tri-axis approach

The basic idea of this approach is based on classical Newton's Mechanics.

E=-p*mg "2 da [ tdt
Hme), t,

In order to implement this calculus calculation, | need to divide time into very
short periods. During this period of time, | considered the user's physical activity as a
uniformly accelerated motion. Since the Smartphone's accelerometer is 100Hz, |
divided 1 second into 100 periods of time. For each period, | used the following

formula to calculate energy expenditure.

Calories —*mg(ay-a,)*(G t2—t?) + v,*0.01) /4.18

In this formula, a;-a, is equal to f:lz da, v, is the initial velocity of this period
of time. Because the unit of kinetic energy is Joule, which is equal to 4.18 Kcal, we
need to divide the value by 4.18 to compare with the result showed on a running

machine, which uses the calorie as a counting unit.
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3.3.2.2 Metabolism approach

The metabolic rate determines how much energy people consume. BMR, RMR
BSA and T(second) decide energy expenditure.

E=(RMR +1.2) x BMR x BSA x T (second)

BMR, BSA and T are decided by the user's information but RMR is different
from these activities. GM is the mean factor of RMR. If we only consider running,
these two values are linearly dependent. Usually RMR is equal to five times GM, so
the formula change to the following one:

E=(5*GM +1.2) x BMR x BSA x T (second)

3.3.4 Water loss based on energy expenditure

Water loss is determined by energy expenditure, BSA and RMR. The unit of
water loss is milliliter.

Water loss = E x BSAx RMR / 10;

Although dehydration only affects performance in workouts lasting longer than
an hour, hydration during workouts is highly recommended. The general rule of
thumb for fluid consumption during runs is to take in 150 ml to 200 ml of fluid every
20 minutes. The test of this system is based on running with a speed of 10 km/h, once
the user has lost 300 ml water, the system will remind the user to hydrate. Since there

are two approaches to calculate the energy expenditure, | used the mean of these two
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methods for the final result.
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Figure 3.18:Energy Expenditure activity

This activity displays real time tri-axis accelerations, GM acceleration, RMR,
calories burned and water loss amount. Tri-axis accelerations update every 10ms.
Since GM and RMR are based on tri-acceleration data, they will also update every
10ms, which is a very short time and the user cannot check their GM and RMR
clearly. | used a thread that will sleep 1 second at first then send a message to a
handler, which is bound to the thread. From that point on, this handler will deliver
messages and runnables to that message queue and execute them as they come out of
the message queue. The handler we created will calculate the average GM and RMR
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of one second and display them on that page. It will also calculate the energy
expenditure in this second and update the total energy expenditure. The progress bar
shows the amount of water loss more intuitively. The maximum value of this progress
bar is 300, once the progress reaches the end means this user has already lost 300 ml

water and then there will be a toast window to remind the user to hydrate.

3.3.3 Test

Three participants used this system and ran on treadmills that show calorie

expended on their screen. Here are the participants’ information:

Gender Weight Height Age Speed
(KG) (CM) (Year) (km/ h)
Participant A Male 72 175 24 10
Participant B Male 62 173 23 10
Participant C Female 56 165 23 10

Table 3.1 Information of participants of Running test

After the participants start running, this system starts to calculate their energy
expenditure and the amount of water loss. Once the amount of water loss reached 300
ml, they stop running and check the result both on the treadmill's screen and the

phone screen. Each of participants took the same procedure five times.
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Figure 3.19: Data of Participant B
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Figure 3.19: Data of Participant C

The data from treadmill, which is the green line in these figures, can be treated as
the ground truth of energy expenditure during running. The results from both of the
methods in this system are close to the reading of the treadmill. The average error of
tri-axis acceleration approach is 3.0% and the average error of metabolism approach

is 3.3%.

Recall those formulas | mentioned before:
E=-u*mg [3 da ft"f tdt (tri-axis) (1)
E=(RMR +1.2) x BMR x BSA X T (second) ( Metabolism) (2)
Water loss=E x BSAx R/10  (3)

Since all the participants were running with the same speed means their GM is
close to each other's. Participant C is a girl who is in smaller shape as compared to the
other two participants and energy expenditure is positively correlated with weight in

formula 1 and also positively correlated with BMR and BSA in formula 2. So in unit
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time, participant C's energy expenditure is the smallest. Since the amount of water
loss is positively correlated with BSA, in order to lose the same amount of water,

participant C needs to expend more energy.

35



4 .Future work

This project has a large amount of possible future work both in calm mode and
active mode. Some more work also can be done in web server side.

For calm mode, | just used EDA data and skin temperature as the two only factors
to judge the dehydration level. With the Smartphone technology developing, more and
more types of sensors are used in a Smartphone. The new generation Android
Smartphone has an already installed temperature sensor, which can detect
environment temperature. If the temperature sensor can be used in this system, the
system can compare the environment temperature and skin temperature, which will
definitely improve the accuracy. Some other sensors like humidity and light may also
help to enhance the system's performance.

For active mode, all the tests and results are only based on running. Besides
running, this system can also apply to other sports. More experiments and tests need
to be done to find the relation between GM value and RMR value in other sports.

For the server side, this system only stores and displays calm mode data and the
result. The active mode may also send data to the server. Besides that, since user's
BMR and BSA are different, this system may also create personal data records for the
user's convenience. On the Smartphone side, the user needs to create their own
account when they use this system for very first time. And on the sever side, the user
needs to log on to their account and then can check their historical data. All this work
can be done to potentially enhance the system's performance and improve the user

experience.
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5 .Conclusion

This project builds an application on Android Smartphone, which can help a user to
rehydrate in time. This application uses EDA and body temperature data that are
collected from an Affectiva Q sensor to estimate the user's dehydration level. On the
other side, this application also uses tri-axis acceleration data from the built-in
accelerometer and the knowledge of metabolism science to calculate the amount of
the user's water loss when they are running, and then reminds the user to rehydrate
even when they have not realized their body is lacking water. This application is easy
to use and both functions in this application allow for easy extension and

maintenance.
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