The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVI-4/W3-2021
Joint International Conference Geospatial Asia-Europe 2021 and GeoAdvances 2021, 5-6 October 2021, online

WATER LEVEL FLUCTUATION USING SURVEILLANCE CAMERA

Nur Atirah Muhadi * *, Ahmad Fikri Abdullah %2, Siti Khairunniza Bejo !, Muhammad Razif Mahadi !, Ana Mijic 3

1 Department of Biological and Agricultural Engineering, Faculty of Engineering, Universiti Putra Malaysia, 43400 Serdang,
Selangor, Malaysia
2 Institute of Aquaculture and Aquatic Sciences, Batu 7, Jalan Kemang 6, Teluk Kemang, 71050 Si Rusa, Port Dickson, Negeri
Sembilan., Malaysia
3 Department of Civil and Environmental Engineering, Imperial College London, South Kensington Campus, London SW7 2AZ, UK

Commission 4, WG 7

KEY WORDS: Hybrid technique, Image segmentation, Water level fluctuation, Water segmentation, Surveillance camera

ABSTRACT

Floods are the most frequent type of natural disaster that cause loss of life and damages to personal property and eventually affect the
economic state of the country. Researchers around the world have been made significant efforts in dealing with the flood issue.
Computer vision is one of the common approaches being employed which include the use of image segmentation techniques for
image understanding and image analysis. The technique has been used in various fields including in flood disaster applications. This
paper explores the use of a hybrid segmentation technique in detecting water regions from surveillance images and introduces a flood
index calculation to study water level fluctuations. The flood index was evaluated by comparing the result with water level measured
by sensor on-site. The experimental results demonstrated that the flood index reflects the trend of water levels of the river. Thus, the
proposed technique can be used in detecting water regions and monitoring the water level fluctuation of the river.

1. INTRODUCTION

Flood frequency and flood impacts have worsened with the
extreme changes in climate events, affecting more than 1.5
billion people worldwide from 2000 to 2019 (UNDRR, 2020).
Therefore, it is important to monitor and detect the occurrence
of flood events by improving the flood detection and monitoring
systems so that the severity of flood impact can be reduced. A
common approach is by using computer vision, where the
images are captured and processed using image processing
techniques.

Image segmentation plays an important role in image processing
and computer vision applications. Image segmentation is the
process of partitioning an image into multiple regions, often
based on similar characteristics of the pixels in the image to
obtain useful information from surveillance images. It has been
applied in the fields of medical imaging, automated driving as
well as in water management practices such as in flood
monitoring applications (Feng et al., 2019; Jena et al., 2018;
Kim & Kim, 2003; Ko & Kwak, 2012; Popescu et al., 2015;
Yuan et al., 2017). Previous researchers have developed various
image segmentation techniques including thresholding,
boundary-based, region-based, hybrid technique, and many
more.

There have been several papers discussing image segmentation
methods that are specifically applied to flood disasters. Lai et al.
(2007) proposed to use a thresholding method to identify and
detect flood disaster events by analyzing the color information
and texture. Other researchers that used these same
characteristics to identify flood events are Borges, et al, (2008),
San Miguel & Ruiz Jr., (2013), and Filonenko et al., (2015).
Besides, Lo et al. (2015) practiced the region growing method
for flood region detection because region growing is more
suitable for a dynamic background.

Besides, Jyh-Horng et al. (2015) suggested using mean-shift
and region growing methods for automated identification
methods for flood monitoring. On the other hand, Geetha et al.
(2018) utilized crowdsourced images to detect the extent of
flooding area using a color-based threshold to segment the
floodwater, which was based on the brown color intensity. Next,
Langhammer and Vackova (2018) exploited the seed region
growing algorithm to perform object-based image segmentation
to classify the image into several categories.

To date, no general solution has been found to solve the image
segmentation problems in order to achieve reliable accuracy for
any applications including flood disaster applications. However,
previous studies reported that the hybrid technique, a
combination of two or more segmentation methods, has more
advantages than using an individual segmentation method
(Khan, 2014; Lankton et al., 2007; Muhadi et al., 2020; Singh &
Misra, 2017).

Therefore, this paper demonstrates the use of the hybrid
technique for water segmentation tasks. For water level
fluctuation, a flood index was introduced with the same concept
as the one proposed by Moy de Vitry et al. (2019). To evaluate
the performance of the flood index, the results were compared
with water level measured by sensor on-site.

2. METHODOLOGY

This study consists of two processes, the first was the
segmentation process and the second process was the flood
index computation process. Both processing steps were
performed using MATLAB 9.10 (R2021a) on a notebook
equipped with a 2.60 GHz Intel® Core™ i7 CPU and 16 GB
RAM.
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2.1 Hybrid Segmentation Method

A single method of image segmentation could not be used for
all types of images and all image segmentation methods could
not perform well for one particular image (Muhadi et al., 2020).
Therefore, a hybrid technique, which consists of multiple
methods of image segmentation could improve the
segmentation results (Khan, 2014). This paper adopted the
hybrid technique proposed by Lankton et al. (2007) to detect the
flooding area and more detailed information can be found in the
original work. Basically, the authors presented an idea of
combining geodesic active contours and region-based active
contours. The segmentation task began from the initial curve
(Figure 1) and proceeded to each point on the curve. The image
is segmented by modeling the nearby points inside and outside
of the object using mean intensities of the local regions at each
point on the true edge of the object. The suggested method was
used to segment image that has a weak homogeneous intensity
profile and poor edge definition. The original image was resized
to a smaller size from a resolution of 720 x 960 to 144 x 256 for
fast computation results.

[ . SELESEX, BL. NERWW 08
AL 15002 73

i T

Figure 1. The curve initialization for the segmentation process.

2.2 Flood Index Computation

The image that has been segmented was then converted into a
binary image for water level analysis. Water level fluctuation
can be portrayed by a flood index, a ratio of the visible flooded
area over a total area. In this study, a region of interest (ROI)
was defined prior to when the river was in normal condition and
the same ROI was used for every image used in this experiment.
The ROl was located outside the riverbank so that water
overflow can be detected by identifying pixels that were
previously classified as background that has changed into water
class when the water level rose. The ROl was selected in the
area that was away from any objects that might cause reflection
problems and lead to segmentation errors. For this particular
location, the rectangular ROl was located at an image
coordinate of [40,116] whose length and width are 58 x 28 as
shown in Figure 2.

(b)
Figure 2. The ROI of the study area. (a) ROl overlaid with the
original image. (b) ROI overlaid with the binary image. When
in normal condition, the whole ROI is filled with black pixels
(no water).

The flood index ranges from 0% to 100%, where 0% means no
flooding and 100% indicates that the area is completely flooded.
The flood index of the defined ROI during normal water level
was 0. As the water level rises, the flood index is also increased
and when the water level drops to the normal level, the flood
index scores 0. The water level fluctuation was described by the
following equation:

Water pixelsgor

Flood index = -
Total pixelsgor

x 100, 1)

3. RESULTS AND DISCUSSION

In general, this study used images from a surveillance camera
that was installed nearby the river. The image dataset was
acquired in December 2020 and the early year of 2021.

3.1 Hybrid segmentation results

Before the segmentation process took place, the original images
were pre-processed by adjusting the color intensity of the image
to enhance the color contrast for better segmentation results.
Figure 3 shows one of the outputs from the segmentation task.
The image shows that some parts of the water region were
failed to be classified correctly. However, because the ROI had
been defined at a definite area with specific criteria, the
segmentation error would not affect the flood index results.
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Figure 3. The segmentation result that extracts water from the
background.

3.2 Water level fluctuations

Results from the segmentation process were converted into
binary images. The flood index was computed by calculating
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the flooded pixels (white pixels) within the ROl as shown in
Figure 4.

Original Image Flood Index = 72.1%

(@) (b)

Figure 4. The flood index for the image of 4th of August 2021.
(a) The ROI contains more white pixels than black. (b) The
flood index computed was 72.1%.

The segmentation results were then used to calculate the flood
index. Each image in the image dataset was segmented and the
flood index for each image was computed. Figure 5 displays the
flood index for all image datasets. For this particular area, the
normal water level was between 23 to 26 meters, where the
flood index of these ranges should be 0. The flood index values
vary depending on the water level during the particular time.
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Figure 5. Flood index for all images used in this experiment.

To determine the reliability of the flood index, the results were
compared with the water level measured by the sensor in the
station as shown in Figure. The graph illustrates the there is a
strong correlation between flood index and water level in a
nonlinear form. This may be due to the uneven topography of
the flooded area. Besides, it can be seen from the graph that the
flood index follows the trend of water level, hence it reflects the
water level fluctuation of the area.
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Figure 6. Flood index (blue line) and sensor data (orange) were
plotted against the local time of the images used.

In particular, the axis on the left-hand side displays the flood
index value for the blue line, while the axis on the right-hand
side represents the values of the water level measured by the
sensor (orange line). The graph shows that the value of the flood
index for 30th and 31st December 2020, and 1st January 2021

were 0. The water levels during these times were less than 25
meters, which is within the normal level range. Hence, the ROI
was completely dry and not flooded by water. However, on the
3rd January, the flood index rose to 3.7%, which means that
there were some changes of class pixels in the defined ROI. It is
found that during this time, the water level was 26 meters,
which almost exceed the normal level threshold and the water
level was slightly increased in terms of flood extent. On the 4th
of January, the water levels were significantly increased to more
than 27 meters, which caused the increments in the flood index.
The flood index values for both images during that day were
more than 50% which indicates that more than half of the ROI
was submerged.

4. CONCLUSION

Information on floodwater during flood events could help the
authorities to monitor and assist in decision-making during
flood events. In this paper, a hybrid segmentation technique was
used to extract the water information from the still images. A
flood index calculation was then applied to study the water level
fluctuation from the segmentation results. The findings
demonstrated that the flood index reflects the trend of water
levels of the river. In summary, the implementation of the
proposed technique will provide invaluable information,
especially in water region detection and monitoring the
fluctuation of the river, which can be useful in decision making
or coordinating flood relief operations. A similar study to
identify water regions from surveillance images has been
performed using deep learning semantic segmentation (Muhadi
et al., 2021). Future work can be done by adopting different
neural network architectures to find out which architecture
performs well for water-related problems.
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