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Abstract

In the Philippines, flooding, which is typically
produced by excessive rainfall and strong seas, is
one of the most prevalent natural occurrences. This
natural calamity cannot be avoided but the good thing
is, we can practice ourselves to be prepared for it. After
conducting an analysis regarding the needs of people
residing in Barangay Frances, Calumpit, Bulacan, it
was then decided to develop a project that can help
lessen the difficulty they are experiencing when they
evacuate. The system uses image processing as its
flood detection method. It also uses several sensors for
different purposes to make it more reliable to the users.
These sensors used are the rain gauge, float switch, and
flow rate meter sensor. It measures two of the important
parameters in flood detection namely precipitation rate
(mm/hr), flood level (ft), and the flow rate (L/hr). The
data accumulated by the sensors are sent immediately
to the Android application so it can be used by people
living in the area to monitor the flood levels in real time.
To measure the reliability of the system, the flood level
taken from the automated system and conventional
method were compared. A small mean squared error
(MSE) of these 2 data which is 0.125 was achieved.

Index Terms — Image processing; flood monitoring;
flood detection; multiple linear regression; real time.
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[. INTRODUCTION

hilippines is located near the equator and is surrounded

by different bodies of water [1]. It is near the Pacific
Ocean where the water is warm, resulting in the frequent
occurence of typhoons where it often hits the Philippines
due to earth’s westward blowing wind nature. Floods are
usually the aftermath of a calamitous typhoon, and the
consequences are based on the location, volume, intensity,
and timespan of rainfall [2]. Other factors may involve the
tide times. Some of the common flood level monitoring
are based on the marking on utility posts, river basins,
and allocating closed circuit tv (CCTV) to monitor rivers
and dams. Hence, the efficiency of manual monitoring
is questionable since it cannot transfer the gathered data
immediately. Due to the inherent fallibility of manual
monitoring, there is also the possibility that the data may
not be accurate.. The application of image processing
can be used to lessen the casualties during these natural
phenomena. Since this will immediately capture the
flood and detect its level, it will be easier to disseminate
information. This study aims to develop a smart flood
monitoring system to detect the flood level at a certain
time and immediately provide advice to the community.

Out of the 18 major river basins in Metro Manila, there
are 10 that has functional Flood Forecasting and Warning
System for Dam Operation as of early 2019 [3]. To cope
with flood risks, the Philippine Department of Science
and Technology (DOST) developed project NOAH or the
National Operational Assessment of Hazards. The project
NOAH utilizes the latest and most advanced technologies
like 3D terrain mapping through Light Detection and
Ranging (LIDAR), installation of automated rain gauges,
and water level monitoring stations to provide warning
to agencies and communities 6 hours prior to impending
flood. Besides project NOAH, another method of flood
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monitoring currently exists in Marikina River, where they
use ultrasonic sensors to measure the rate of change of water
level and determine flood waters accurately in real time [4].

The local government of Calumpit, Bulacan is having
trouble with the evacuation of residents due to the large
amount of people who need their help. They use flood
markers painted along concrete posts and walls as flood
level indicator. In the presence of flood, evacuation and
delivery of relief materials are typically delayed owing to
uneven road surfaces, strong water current, and high-water
level; exacerbated by daily high tide and release of waters
from 3 main dams; Angat, Bustos, and Ipo dam.Their only
means of disseminating relevant information regarding
dam releases and flood warnings is to manually relay news
with a rescue boat and a megaphone. These are the reasons
why communities are unaware with the current status of the
nearby dams, leading to extensive damages to properties
and even human life.

This scenario give impetus for a flood warning system
that could detect and monitor current flood status and
immediately inform nearby residents. Hence, this paper
presents a project that is designed to help the communities
affected by flood in the province of Bulacan, particularly in
the area of Barangay Frances in Calumpit by providing real-
time water level detection through a wireless sensor network
and warning system via website and to alert concerned
authorities and affected individuals for an impending flood,
to speed up the evacuation process and improve emergency
measures.

This study aims to develop a device for flood detection,
alarm, and monitoring system for flood-prone areas. It
particularly aims (1) to design a flood monitoring system
using Rain Gauge, Float Switch, Flow Rate Meter Sensor
and Arduino microcontroller utilizing solar panel as the
system’s main source of power, (2) to develop an image
recognition system which is composed of a Raspberry Pi
and a camera that will identify the flood water-level and
activate a 3-stage alarm level siren using python, (3) to
create an Android application using an Internet module for
water-level monitoring of the areas within the barangay, and
(4) to test the efficiency, functionality, reliability of the flood
detection, alarm and monitoring system.

The study covers the design of a device which is capable
of detecting, monitoring, alarming, and giving notification
regarding the flood level in a barangay and a rain gauge
and precipitation sensor that contacts the authorities in case
of an emergency. Flood level or water level are identified
through observations of the residents and Local Government
Authorities. They place indicators or markings on the
streets or CCTVs that help them to identify the level of
the water in their area. In this study, pre-programmed in
the microcontroller are threshold values for the flood level.

When rain gauge and an improvised flow rate meter sensor
detects a rainfall and a rise in water flow, the acquired signal
from the sensors will be transmitted along with the photo
taken by the camera to the Raspberry Pi. The system is
set to capture images which undergone image processing
and depth analyzation every 15 minutes to give real-time
updates. Through this, residents will know the current flood
status without going outside. Furthermore, the study is
cost-efficient for rural areas as the proponents aimed to
use low-cost materials but will not sacrifice the accuracy,
durability, and efficiency of the system. The system is also
self-sustained by a solar panel and a battery so it would
not burden the barangay of electrical power expenses. The
study however, does not cover geographical mapping, rain
forecasting, and flood prediction. Therefore, it is necessary
to extend our technology not only in urban areas but also
in rural areas.

II. RELATED LITERATURE

A study by Tang et al. [5] on water recognition using
image processing implemented water extraction which
can be divided into two parts: image processing and water
body extraction. It implemented C-band multi-polarization
synthetic aperture radar (SAR). As a modification, our
study will incorporate an Android application to inform the
residents about the flood water level within the area.

The study by Hiroi et al. [6] focuses on flood monitoring
and prediction using Linear Regression of deep learning
method through data assimilation. It mainly concentrates on
early and accurate forecasting of floods in complex water
flow utilizing water-level sensors. It developed a compact
sensor design which only consists of an infrared camera as
its sensor, a communication interface to transmit data and
an image processing server to process the images acquired.
The system proposed an auto-monitoring function without
pre-configuration of the information where there is no need
for the dike line to be set to sense floods that results in the
rise of water. The auto-configuration process offers the
subsequent methods: (1) to distinguish the maximum RGB
value as per the water region utilizing the infrared image,
and (2) to identify the lesser RGB zone as per the riverbank
region.Given the situation that the plants are not spotted in
the course of the testing, the sensors disregard the plant area
and regard the “upper straight line as the riverbank line” and
hen calculate the lower point in the plant/vegetation region
and a collection of upper points for the water level region at
each image’s horizontal axis. After adjustment, the system
calculates the water-to-dike line difference. Flooding is
indicated when both lines are 0. They used two key methods
utilizing Segnet and deep learning: (1) concentrated on
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CCTV cameras guarding flood-prone regions and localities
and (2) several structures that analyzes satellite images
[7]. An image segmentation that can be divided into four
algorithms to remove the surrounding objects in the streamed
video was developed by Menon et al. [8]. The four algorithm
categories are as follows: (1) point-based segmentation;
(2) edge detection-based segmentation; (3) region-based
segmentation; and (4) hybrid segmentation combining at
least two of the above algorithms.

According to Moreno et al. [9], implementing the
Internet of Thing (IoT) will help prevent future disasters.
Their study highlights the characteristics of data acquisition
and data processing to be used. Message Queuing Telemetry
Transport (MQTT) protocol is also used to send real-time
data text messages, whileultrasonic Water Level Sensor
MB7066 is utilized in their proposed river water level
monitoring. Lastly, Sathita et al. [10] proposed an effective
method for flood notification, i.e., Point of Interest (POI)
by using an internet-based sensor network and a wide-area
sensor application testbed that is operated by multiple
organizations.

These previous works on flood detection, warning, and
monitoring systems required costly sensors for remote
locations.It is clear that these studies aims to develop a
cost-efficient design for barangays located at provinces.
Also, by automating the barangay’s flood detection system,
barangay workers are no longer exposed to potential risk
while manually inspecting flood indicators outdoors.The
previous works also did not use a siren to back up the
notification system of the Android application. Using a siren
instead allows the residents to hear the alarm aside from
being notified on their phones. Emergency cases during a
storm may happen and any means of notifying the residents
is essential for their safety so placing a siren allows the whole
barangay to hear the alarm besides notification the mobile
application provides.

METHODOLOGY

A. System Architecture

The system design of this project concentrates on
detecting and monitoring the flood level. The parameters
that were considered in this study are precipitation rate (mm/
hr), flood level (ft), and flow rate (L/hr).

Figure 1 shows the general block diagram of the study.
This study used three sensors namely: Float switch, Rain
Gauge and Flow rate meter sensor. These sensors are
responsible for detecting the parameters needed and are
connected to the Arduino UNO. The analog signal sent by
the Arduino UNO are then sent to the Raspberry Pi along
with the image captured by the camera for detecting the flood

level. All data are transmitted to the cloud via internet, to
the database and then to the Android mobile application.

B. Image Processing and Detection System

The image processing part of the system utilizes 5
algorithms (Figure 2).

a) Region of Interest (ROI) - an important algorithm
which limits the size of the image taken by cropping
and focusing on the interested part of an image [11],
[12],[13],[14], [15] using NumPy slicing since every
pixel of an image is composed of matrices.

b) Brightness and Contrast — a basic operation of image
processing which is used to get a brighter image. The
brighter image will then be converted to grayscale.

¢) Otsu’s Method — creates a threshold for converting
the grayscale image into a binary image in which
every pixel only represents 0 and 1. This algorithm
is required before proceeding into any type of edge
detection algorithms [16], [17], [18],[19], [20], [21],
[22], [23], [24], [25], [26].

d) Canny Edge Detection — the algorithm for taking the
outline of the flood line which is necessary for the
calculations [27], [28].

e) Hough Line Transform — draws a line from the edges
acquired by the previous algorithm [16]. The height
of the line drawn will be measured in pixels.

As shown in Figure 3, the system will check first whether
there is occurrence of rain or not using a rain gauge. It will
determine the rainfall amount to measure liquid precipitation
over a set period. It will then look for changes in the water
level as well as the flow rate of the river and calculate the
water’s rate of rise. If there is no rain, it will skip the first
process and move on to the next. These readings will serve
as the parameters for the predictive system.

Afterwards,, the program will evaluate the gathered data
to anticipate flood status for the next hour (Figure ). If the
readings do not meet the threshold for an impending flood,
the system will consider the values insignificant and go back
to the first process. But if there is a risk of flooding, it will
notify concerned agencies and individuals through an app
that will serve as an early safety measure.

Since the line height is in pixels, it will be converted by
dividing it with a constant.

light height in pixels (1 )

Line height in ft =
2800

After the said algorithms, the final formula will be:

Flood height = image height - line height ~ (2)
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Fig. 1. General Block Diagram of the Proposed Flood Monitoring and Detection System
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Fig. 2. Image Processing Step-by-Step Process. (a) Region of Interest, (b) Brightness and Contrast, (c) Otsu’s method, (d) Canny edge
detection, (¢) Hough line transform
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C. Early Prediction

The system uses multiple linear regression as the
mathematical model, referring to Eqn. (3), and uses 1
dependent variable: predicted flood level and 3 independent
variables: 1.) Precipitation rate - refers to the amount of water
that falls in millimeter per hour (mm/hr) during a rainfall, 2.)
River flow rate — refers to the entire volume of water which
flows through a given location in a river or stream over a
period measured in L/hr, and 3.) Present flood level — the
current height of flood in ft. The program will then evaluate
the gathered data to anticipate flood status for the next hour
(Figure 5). If the readings do not meet the threshold for
an impending flood, the system will consider the values
insignificant and go back to the first process.

But if there is a risk of flooding, it will notify concerned
agencies and individuals through an app that will serve as
an early safety measure.

y=B +Bx +Bx, +e 3)

Where:

y = predicted flood level
B, = precipitation rate
B, = flow rate

B, = present flood level
e = error term

Figure 6 shows the values of actual flood levels correlated
to the precipitation rate, flow rate, and present flood level
with predicted flood level using multiple linear regression.
Once the 3 independent variables are obtained from the
system, the predictive model automatically compute for the
essential output el. Upon running the program in Python,
the mathematical model yielded an accuracy of 91.81%;
this means that the predicted values are 91.81% accurate or
matched with the actual flood levels.
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D. Android Mobile Application

The SnapFlood’s mobile application is made to collect all
the data from the main system and display the status of the
site, with or without flood, every 15-minute intervals (Figure
7). It also displays the parameters that affects the rise of flood
such as flow rate and precipitation rate. The application was
made through Android Studio and Python codes are used for
data transmission from the microcontroller. It stores data in
FireBase, a real-time database that provides developers to
store data on FireBase’s cloud.

The application shows a home screen with a single
button named Flood Level, where all the parameters and
information needed included. On the top left corner of

SnapFlood

Friday Decemoer 13,2019

Flood Level (ft): 0
Flow Rate (L/min): 0
Precipitation (mm): 0
Warning: Blue

the screen is an options button, it contains buttons for
panels such as the color-coded rainfall classification and,
emergency hotlines of local government authorities.

IV. EXPERIMENT AND RESULTS

The project was deployed at Barangay Frances, Purok 5,
Calumpit, Bulacan (Figure 8). Barangay Frances is known
as a high-risk flood zone sice it is located alongside the
Pampanga River. To develop the early prediction model of
the system, a large amount of data is necessary to increase
the accuracy of the system. rRadings from different sensors
were measured in two days and data are presented herewith
(Figure 9-11).

Color Codes Emergency

ColorCode  Water Level |
| CONTACTS
No occurrence of |
flood |
|
| Emergency Hotline:
Approximately 791-0566 |
1/2 foot |
(Ground to ankle) Telefax: |
794-9853
Approximately
2 Email Address:

(Ground to knee) pdrrmo@bulacan.gov.ph

bulacan_rescue@yahoo.com

Approximately
3ft. and beyond
(Cround to
above waist)

Fig. 8. Individual Setup of Flood Marker with float switch connected to the main system
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Figure 9 provides the data collected by measuring the
precipitation rate expressed in millimeter per hour (mm/hr)
using a rain gauge. The color-coded rainfall classification
also indicates how strong the rain is. Figure 10 depicts river
flow fluctuation while Figure 11 shows two-day flood levels..

Figure 12 shows the regression plot of the flood level and
precipitation rate. An R2 0f 0.9258 or 92.58% was obtained
indicating that there is a variation of flood level caused by
the changes in the precipitation rate. The regression plot of
the flow rate and precipitation rate are presented in Figure
13. The value of the R2 is 0.9606 or 96.06% which means
that as the precipitation rate rises the flow rate also increases.
Figure 14 shows an R2 value of 0.8884 or 88.84% implying
that the flow rate does have a correlation with the rise of
the flood level. Based on the results of Figures 12 and 14, it
can be concluded that flood level can be predicted based on
the changes in the precipitation rate since its R2 is higher.

The data gathered from the proposed automated method
based on image processing was compared with the measured
data using the conventional method. In the conventional
method, manual measurement of the flood level was done
using a flood post or flood marker with markings. For this
paper, the null hypothesis specifies that there is no significant
difference between the proposed automated method and the
conventional method. The level of significance was set to
0.01. As shown in Tables 1 and 2, assuming both equal and
unequal variances, respectively, t Critical <t Stat (1.984 <
0.209) and p value > a (0.835 > 0.05), which means that there
is no significant difference on the means of the automated
and manual results.

The comparison of the actual flood level measured using
the conventional way and the predicted flood level using the
system early prediction model is presented in Figure 15.
The calculated mean squared error (MSE) of these 2 data is
0.125 which is small; that is, the lower the MSE, the closer
the predicted values are from the actual values.
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TABLE 1
T-TEST: TWO SAMPLE OF ASSUMING EQUAL VARIANCES FOR
Froop LEVEL

% 4 . ,""l Proposed Conventional
3 ° og® 25 ° Automated Method Method
) I oo8® Mean 2.62 2.678
2 % o Variance 1.961632653 1.880526531
1 8 -~ Pooled variance 1.92107959183673
0 _;;.'° Observations 50 50
° *  How . 0 t Stat 0.209230657
P(T<=t) two-tail 0.834702494
Fig. 14. Regression plot of Flood Level and Flow Rate t Critical two-tail 1.984467455
TABLE 2

Flood level (ft)
O FRr N W S~ Ul O

1 2 3 4 5 6 7t 8 9 10
Time (hr)

e Actual flood level (ft) === Predicted flood level (ft)

Fig. 15. Actual flood level vs. predicted flood level

T-TEST: TWO SAMPLE OF ASSUMING UNEQUAL VARIANCES
FOR FLOOD LEVEL

Proposed Conventional
Automated Method Method
Mean 2.62 2.678
Variance 1.961632653 1.880526531
Observations 50 50

t Stat 0.209230657
P(T<=t) two-tail 0.834702494
t Critical two-tail 1.984467455

Table 3 shows the comparison of the previous studies.
Satellite was used in [5], infrared sensors ere used in [6], web
camera was used in [29], and a CCD webcam was used in
[31]. Compared to our proposed study, these previous studies
used sensors that are not low-cost and are not suitable for
rural areas with regards to their budget.
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TABLE 3.

COMPARISON OF PREVIOUS WORKS WITH THE PROPOSED WORK

[5] [6] [29] [30] [31] [32] Proposed work
Sensors GF-3 SAR  Infrared Webcam - CCD Webcam Rain gauge, flood Rain gauge,
Satellite Sensor (320*240px) level sensor, soil Float switch,
moisture sensor, air Flow rate meter
humidity, flow sensor,
meter temperature  Raspberry
sensor NolIR Camera
Parameters Flood level Flood level Webcam Flood Pixels, Flame, Smoke, Flood level, Flood level,
Color, Texture ~ Water level Precipitation Rate, Precipitation
Flow Rate, Soil Rate, Flow Rate
moisture, Air
humidity,
Temperature
Recommendation Small Low-cost Flow Rate ~ Use more Include nature N.A. More years of
patches Sensors Meter, flood detection  disaster exposure of the
removal and Durable sensors for situations (dense device to get
shadow false Flood higher accuracy. fog, hailstones, more datasets
alarm Meter & etc.) and and to further
removal Rain Gauge doubtful criminal improve the
method. actions (stealing, accuracy of the
etc.) for the device/system.
systems to be
more intelligent Improve the user
and efficient. interface of the
mobile
application to be
more user
friendly.
Method & Image Linear Image Visual based Image/Video  Nonlinear Image
Software Processing  Regression Processing  event detection Processing Autoregressive Processing
Algorithm and Water  of Deep Network using Multiple
Extraction  Learning with External Linear
Approach Inputs Regression
with Data (NARX)
Assimilation
Microcontroller - - Raspberry Pi - - MCU with Raspberry Pi,
Zigbee Tx Arduino UNO
Data Display - Sent to Results sent  Digital Monitor Digital Results Through Mobile
Disaster to Twitter Monitor/ sent to PC Application
Prevention Surveillance
Agency Camera

V. CONCLUSION

After conducting many tests with the system and
acquiring data, we can conclude that the employed devices
function well and provide reliable results.The image
processing of the system does its job where the camera
captures the flood level in the pole then sends its data to the
other interconnected devices and the Android application.

Other than the image recognition system, here are the other
functions of the whole project that are successfully satisfied:
(1) the detection of flood using the float switch sensor and
(2) proper distribution of power to the devices with the use
of batteries where the solar panel is the main source and is
regulated by the solar charge controller.
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