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Abstract. It is necessary to analyze the accessibility of flood-affected
regions for better planning of response. Flood level detection using re-
motely sensed images could minimize costs and can also allow taking ade-
quate preparation for fast recovery. MediaEval 2017 multimedia satellite
task dataset is used for flood detection in satellite images. The image seg-
mentation technique on satellite images using the modified UNET convo-
lutional neural network is applied after pre-processing to analyze flood-
affected regions and compared them to the corresponding segmented
regions during the period of a flood event. Initially, all images were seg-
mented using conventional segmentation methods like the Mean shift
clustering algorithm. It is observed that the U-Net model produced a
good measure for Intersection over Union (IoU) as 99.46 % with 99.41 %
accuracy. The segmented images are then considered for further conven-
tional processing to get meaningful information of flooded regions from
satellite imagery.

Keywords: Flooded Region Segmentation · Convolutional Neural Net-
work (CNN) · UNET.

1 Introduction

A flood event is a major disaster that causes several damages and needs emer-
gency responses. The information about road conditions and accessibility is es-
sential for fast response and recovery during flooding. The inundated roads are
often the leading cause of harm to lives from most calamities. Newly discov-
ered tools using satellite imagery could reduce monitoring costs and it also helps
to take necessary and immediate response to floods. Satellite images should be
pre-processed because they may contain noise such as vegetation, varying illu-
mination conditions, and atmospheric distortion. Flooded regions in the satellite
images can be segmented using Deep Neural Networks. The convolution Neural
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Networks algorithm makes use of previous and current imagery of flood events.
The CNN algorithm detects irregularities from a pre-flood stage by analysing the
difference between the flooded and non-flooded images of a region with segments.

The Convolutional, Relational, and Dilated convolutional networks were used
to segment flooded regions from satellite images with 88.23 % of Mean Intersec-
tion over Union [1]. A convolutional InceptionV3 network using the pre-trained
weights on ImageNet [2] and finely refine the last inception model in the network
used for the segmentation task [3]. A fully convolutional network was also used
for semantic segmentation of flooded regions and obtained good results when in-
corporating RGB and Infrared channels into the model. It shows IR information
has vital importance for detecting flooded areas in satellite imagery [4]. Accu-
racy and the prediction performances of recent deep learning algorithms such
as SegNet, UNet, PSPnet, and FCN were compared and analysed for the water
segmentation task [5]. A Generative Adversarial network is also used for the
segmentation task with an IoU of 0.83 [6]. Deep convolutional neural networks
pre-trained on ImageNet along with a transfer learning mechanism, is employed
to detect if an area has been affected by a flood in terms of access. The best
models achieved averaged F1-Score value of 73.27 % on the segmentation task
[7]. The conventional methods employed to study and compare various methods
for detecting and road passability by analysing the tweets which share images of
flood and its metadata [8]. A Deep neural network ResNet50 pre-trained on Ima-
geNet and Support Vector Machine used for the flood detection task with Twitter
data [9]. Some studies depend on a convolutional neural network (CNNs) and
a transfer learning-based classification method attains the F1-score of 62.30 %
and 61.02 % for two runs [10]. A methodology adopted was based on a threshold
decision tree classification of a simple three-band difference image, incorporating
a newly developed “woody index”, ETM+ Band 2 and ETM+ Band 5 [11]. A
Difference of Normalized Difference Water Indices (DNDWI) that maps flooded
regions received an accuracy of 85.68 % and the non-flooded regions received
an accuracy of 92.13 % [12]. A reliable and flexible system for the contextual
and semantic embellishment of satellite imagery by analyzing multimedia con-
tent from the social media platform uses Twitter as the prime data source for
collecting data and computing multimedia content such as images [13]. The
mask R-CNN and Fully Convolutional Network (FCN) are compared to select
the apt model for the image segmentation task [14]. A study concentrated on the
various techniques derived from the two case studies for flood extent mapping
using the fusion of the MODIS imagery and passive microwave [15]. A paper
provides a summary of remote sensing and modelling practices for predicting
the vulnerability to flooding, calculating the intensity of flooding, and analysing
the destruction caused by the flood [16]. A study demonstrates data taken from
non-authoritative sources such as Volunteered Geographic Information, tweets,
real-time traffic conditions and a list of bridge closures and Calgary road are
used to extend traditional data and methods for flood extent mapping to iden-
tify flood-affected roads [17]. The Experimental results of a study show that
integrating local semantic information yields slightly better performance than
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only using image-level CNN representation. Text features are not competitive
when considering social media images [18]. It observed that media persons are
required to contact by analysing different communication channels such as social
media in particular, during flood events [19].

In this paper, a modified U-Net is employed to segment flooded regions in
satellite images. The paper uses the Mediaeval 2017 dataset for the processing
and evaluation of proposed model. A pre-trained MobileNetV2 used as an en-
coder and the decoder is the upsample block. The modified UNET model gives
good values for accuracy and Intersection over Union (IOU). Different types
of optimizers, loss functions and activation functions tried with the proposed
model. The best functions selected for compiling and training the model.

2 Proposed Method

2.1 Dataset

This paper is intended to develop a method using deep neural networks that
can recognize flood-affected regions in satellite imagery. This paper uses the
MediaEval 2017 multimedia satellite task dataset for the segmentation task.
The dataset comprises satellite image patches obtained from Planet’s 4-band
satellites with the shape of 320 x 320 x 4 pixels and patches are in the form of
GeoTiff format. Each image patch gives four-channel information such as with
Red, Green, Blue, and Near-Infrared band. The dataset included 462 image
patches from six different locations, and also its pixel values are in the 16-bit
digital number format. They provided a segmentation mask of the flooded area
and extracted it by human annotators (0 represents background and 1 for the
flooded area) for each patch [20].

2.2 Methodology

Initially, the dataset is processed with a data augmentation technique which is
used to improve the diversity of the training set by adding some random but re-
alistic transformations. Augmentation techniques such as random rotation and
horizontal flipping are used to increase diversity. There are many traditional
methods for the segmentation of images such as point, line, and edge detection
methods, morphological approaches, thresholding, region-based and pixel-based
clustering. Different kind of methods developed for segmentation using convolu-
tional neural networks that have become the most relevant technology to han-
dle advanced challenges in the area of image segmentation. A modified U-Net
model [21] used to segment flooded regions in satellite images (see Fig. 1). The
satellite image is reshaped to 224 x 224. A typical U-Net model comprises an
encoder and a decoder. A pre-trained model is used as the encoder to learn
significant features and lower the number of trainable variables. Thus, the en-
coder for the segmentation task is a pre-trained MobileNetV2 [22] model and
its intermediate outputs are used. The decoder for the model is the upsample
block.
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Different types of optimizers and losses are tried to compile the model. An
adam optimizer, replacement optimization algorithm for stochastic gradient de-
scent with a learning rate of 1e-3 has used when compiling the model. The model
has compiled with a loss of Mean Squared Error (MSE). It computes the mean
of squares of errors between labels and predictions. The model trained with 500
epochs and a batch size of 64. After training the model, an Otsu thresholding
[23] algorithm that returns a single intensity threshold used to separate pixels
into two classes, foreground and background.

Fig. 1. Proposed Method.

3 Result and Discussion

Intersection over Union (IoU) metric i.e. the Jaccard Index used for the primary
and formal evaluation that is IoU = True Positive / (True Positive + False
Positive + False Negative). It determined over the test dataset to analyse the
efficiency of generated segmentation masks for flooded regions in the satellite
image patches. The IoU measures [24] the accuracy for the pixel-wise classifica-
tion. The dice coefficient is given by the ratio of, two times the Area of Overlap
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and the total number of pixels in both images. Soft Dice loss is given by the
difference of Dice coefficient from unity. Initially, satellite images were processed
with a mean shift clustering algorithm. But when analyzing the values for seg-
menting, it is clear that it does not give better value for IoU. So metrics for the
proposed modified U-Net model has given in TABLE 1.

Table 1. IoU, Soft Dice Loss, Loss and Accuracy of each Dataset

Splitting of dataset IoU( % ) Soft Dice Loss( % ) Loss( % ) Accuracy( % )

Training set 99.46 1.64 0.46 99.41
Validation set 71.35 49.59 27.57 68.55
Test set 71.55 47.71 27.72 68.78

Fig. 2. Loss, Accuracy, IoU and Soft Dice Loss per epoch (a) Training and validation
loss (b) Inter-section.

The modified U-Net model gives good values for IoU and soft dice loss.
An Intersection over a Union value which is greater 50 is generally considered
as a good prediction. It is evident that accuracy increase with an increase in
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Fig. 3. Satellite image segmentation using test images
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epochs. The model gives the best values for IoU on the training test which
means this model is apt for flood-affected region detection in satellite imagery.
The model detects the flooded regions from satellite images (see Fig. 3) with
desirable accuracy. There is a significant decrease in soft dice loss per epochs. In
our case, the training loss is less than the validation loss (see Fig. 2). This shows
that our model is fitting very precisely in the training data set but not in the
validation data. It means that it’s not generalizing accurately to unseen data. It
is negligible since the primary concern is the value of IoU.

4 Conclusion and Future work

A modified U-Net model is a good model for flood detection in satellite images. It
will also good to implement different CNN architectures to analyse the model and
compare the efficiency. It will also good to retrieve some meaningful information
by processing with metadata and other data if available.
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