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Abstract. Recently, many investigations focus on studying to detect of
forest fires using IoT devices such as remote sensors or conventional fire
detector sensors. However, supports in fire forest in real-time are hard
for current studies in large forests. This paper has presented a novel app-
roach to forest fire detection implemented using an improved rule-based
integrated with k-means algorithm to improve the detection of forest
fires. The rules in knowledge based can be considered in a camera as for-
est fires in real-time detection. The research explores the construction of
Time-Lapse Videos from cluttered consecutive image. Mechanisms have
been developed to automatically render the images with these elements
from the scenes to produce more ‘truthful’ videos which more accurately
describe of forest fires. The experimental results show that our proposed
IoT monitoring system achieves significant improvements in ‘real-time’
fire detection.

Keywords: Video time lapse + Rule-based - Clustering - K-means -
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1 Introduction

Recently, remote sensing and image processing of IoT devices, including image
segmentation [2] and machine learning [1], have been a feature of research over
an extended period and there exists a large body of published research on these
topics. Clustering is the process of classifying a group of abstract objects into
classes of similar objects, the task of image segmentation function is to process
the original image into many different clusters [3,4]. The processing of satellite
images enables the segmentation [of satellite images] and the classification of
entities into specific types such as trees, soil, and water.

In the K-means clustering algorithm [4,5], the simplest idea about a cluster
is to gather points which close to each other in a defined space that can be
applied to image processing in a domain of monitoring forest under uncertainty.
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Research has identified a number of proposals to improve the performance of
the K-means algorithm [5]. The proposed methods have significantly enabled
enhancement of the traditional K-means method. For example, Linde et al. [7]
have proposed a method for vector quantizer design and C. Huang et al. have
introduced an approach to enable direct search using a binary division method
based on the principle of structural analysis [8,9].

Muhammad et al. considers the early detection of fires and introduced an
approach based on Convolutional Neural Networks (CNN) to enable surveillance
for effective disaster management. The proposed method uses fine-tuned CNN for
tracking surveillance cameras with an adaptive prioritisation mechanism is used
in surveillance systems to ensure the autonomous response [6,19]. Zhang et al.
has introduced an approach to address ‘wildland’ forest fires and smoke detection
based on faster R-CNN using Synthetic Smoke Images and video sequences [18].
In [19] the use of an approach based on unsupervised training is applied to the
quantification of large historical data sets for use in decision-support for disasters
and securities. The limitations of these approaches are high computational cost
combined with large image and video large data sets for the monitoring of forests
[11-13,15].

Santiago et al. [16] in a paper entitled “A Forest Fire Detection algorithm
using a fuzzy system approach based on overlap indices to effectively control
the fire detection” presents a study which employs the convex combination of
several overlap functions and overlap indices to realise improved results based
on the use of fuzzy Logic Systems. Haifeng Lin et al. [17] have introduced a
fuzzy inference system combined with a big-data analysis algorithm to enable
the prediction of forest fires based on rechargeable wireless sensor networks.
The proposed approach applies an advanced quantitative technique to estimate
the potential fire risk predicated on the conversion of the data into triangulated
numbers. All wireless sensor derived weather data [captured over continuous 24 h
periods] is used to illustrate prevailing status of forest environments [20-22].

In this paper has presented a novel approach to enable the effective detection
of forest fires based on our proposed method called the BK-fired forest (BKFF)
algorithm. It is based on a development of the K-means clustering algorithm
using a rule-based approach. Our contribution lies in the development of an
approach to the classification of satellite imaging based on a development of
the K-means clustering algorithm using a rule-based approach. Rules in the
knowledge based can be considered in a camera as forest fires extracted by video
time lapse in real-time detection. When applied to the detection of forest fires
through a camera.

This paper is organized as follows: Several related works are shown in Sect. 1.
In Sect. 1, the theory of the K-means clustering algorithm and several evalua-
tion methods are briefly reviewed. The details of the new method are discussed
in Sect. 2. Experiment results which show the advantages of the algorithm are
proposed in Sect. 3, as well. Finally, conclusions are drawn in Sect. 4.
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2 The Proposed Model

In this section, Figure 1 shows an overview of the proposed model with the image

segmentation method.
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Fig. 1. The proposed model of image segmentation method using IoT devices

All data sets are collected from UAVs, including fired images of forests. All
of image files are stored in image and analysis servers. The proposed model has
presented fire detection and diagnosis. End users using smart phone can be given
in decision making in real time under an uncertain environment.

2.1 The Proposed Algorithm to Color Image Segmentation Problem

In this paper, we have proposed a novel model called BK-means algorithm for
color image segmentation problem based on the development of basic K-means
clustering algorithm as follows:

Input Picture X and the number of clusters K.
Output the center M and the label vector for each data point Y.
Step 1: Read color image X

Step 2: Pre-process image X is as follows: The processing photo step is to apply
techniques for improvement of the image quality. This method uses Successive
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Mean Quantization Transform (SMQT). The basic unit of SMQT is Mean Quan-
tization Unit (MQU) that includes the average value of all pixels in the image,
then the average value is used to quantify the value of the data either 0 or 1,
depending on the value of the pixel [3], depending on the value of the pixel as
shown in Eq.1 and 2:

Pixel (D) — Mean — M {0,1} (1)

M (z) = {(1): ifD (xgsz Mean 2)

Step 3: Convert image X from RGB color space into L * a * bx in the details as
follows: The basic of segmenting images with the K-means clustering algorithm
is to create clusters based on the color value of each pixel. It is possible to
consider the color components of pixels see [4,10]. In this section we apply K-
means clustering for identified images on color space L * a % b*. In the color
space L x a * bx, it is possible to reduce features of brightness L and keep 2 color
components of channels ax and bx [4,10]. Note that the method converts images
from the color standard RGB to the color standard L * a * bx:

Step 4: Reduce data dimensions including image format and convert X from
3D space into 2D space [4,10] and then obtain the pixel matrix X as shown in
Eq. 3:

I(h,w,c) = A(h xw,c) (3)

where h, w is size and c is the number of color channel of image I

Step 5: Select a parameter K from the matrix X: using Elbow and Silhouette
methods. This is described as shown in Eq. 4:

K
wess (C) = Z Z d (o, cen;)? (4)

1=1 o€c;

where o; is the object and cen; is the center of the i*" cluster, d is the Euclidean
distance, K is the number of clusters.

Step 6: Create an original K cluster centers: Arrange the matrix X in non-
decreasing order, divide the entire of sorted image data into K equal parts (K
clusters are predicted in step 4). We calculate the average of each part in step
5 and the average value is assigned to the center for the corresponding cluster
and is saved as the original cluster center.

Step 7: Apply K-means clustering algorithm to the image matrix with the
number of clusters K and original cluster centers optimized in steps 5 and 6.
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2.2 Applied Rule-Based to the Proposed Model by Detecting Fires
in Photos and Videos

Vision-based fire detection has many advantages as follows: a large area can
be monitored, determined the exact location of fire and be warned along with
surveillance cameras. The image data is extracted from video by surveillance
cameras. The video is continuously cut into frames, these frames continuously
put into the image processing system in order to detect the fire area. When it
recognizes the fire area in the image at any time, the video would immediately
be alerted to the fire at the place where the surveillance camera is located. Rule-
based methods minimize false alarm rate in comparison with fires/smoke sensors.
These rules are described significantly as integrated with the camera, shown in
Fig. 2.

L(H‘Jl(‘

Alarm

Fig. 2. Fire detection model using a camera.

Rule 1: For pixels at coordinates e (z,y), if pixels are fire, the following rule
must be satisfied [18] as shown in Eq. 5:

Lif R(z,y) > G (z,y) > B(x,y)

R (x,y) = {O otherwise (5)

Rule 2: Determination of threshold values for fire pixels [19] as shown in Eq. 6:

1,if (R(z,y) >190) N (G (x,y) > 100) N (B (z,y) < 140)

Ry (2,y) = {0, otherwise (6)
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Rules 3 and 4: These rules are described as shown in Eq.7 and Eq.8 [19].
Additionally, these rules embedded in the demonstration with Al camera are
shown in Fig. 2:

1,ifY (z,y) > Cb(z,y)
0, otherwise

R3 (z,y) = { (7)
1,if Cr(x,y) > Cb(x,y)

Ry (z,y) = {07 otherwise i

3 Experiments

3.1 Data Sets in Experiments

The proposed model have been tested with datasets containing 600 Natural
Images and 1000 Ground Truth images (manual segment image). All the images
are (481 x 321) pixels in size. The data source is available from Berkeley Uni-
versity! [23,24]; the test dataset consists of 5331 images, including 2400 images
with fire (labelled as fire) and 2931 images without fire [(labelled as notfire).
The satellite image data sets are available from earthengine?. The dataset for
satellite image segmentation problems is collected from Google Image; the out-
puts (for the segmentation steps) are labelled in areas of the forest images. In
the detection of fires in pictures and videos, the outputs of images have been cut
from the video time lapse in real-time detection then labeled as fire or notfire.

3.2 Evaluation Methods

Appropriate methods such as Mean Squared Error (MSE), Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity Index Metric (SSIM), and Evaluation based
on clustering results are used to evaluate the proposed model.

— Mean Squared Error (MSE) as shown in Eq. 9 [6]

1 M N s
MSE:MXNZZ(Iij—Ii'> 9)

=1 j=1

where I - the original image, I - the segmented image, M, N are the size of the
image 1. The smaller the RMSE = vV MSEFE value is, the better the output

image will be.
— Signal-to-noise ratio calculation is shown in Eq. 10 (SNR) [6]:

M N
D im1 Z]‘:l Ii2j
M N 5 \2
Zi:l Zj:l (Iij - Iij)

where I - the original image, I - the segmented image, M, N are the size of
the image 1.

SNR = (10)

! https://people.cecs.berkeley.edu/ .

2 Earthengine: https://earthengine.google.com/timelapse/.
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— Peak Signal-to-Noise Ratio (PSNR) calculation is shown in Eq. 11 [6]:

(11)

MSE

MAX?
PSNR =10 x logy, J

Note: the higher value of PSNR corresponds to a better quality image.
— Structural Similarity Index Metric (SSIM) calculation is shown in Eq. 12 [6]:

(20 + py) (204y)

SSIM@Y) = 1371 2) (02 + 02)

(12)

. . N N
in which 3Hx:%2i 1561‘7#31:%21‘ 1Yi
N 2
andax:\/ﬁ i 1( \/ Yi = Hy)", Oay =
N_ 121 1(1'1 ( )

(N) is the total number of pixels, () is the segmented image, and (y) is the
original image.

— Mean Absolute Error (MAE) [6]: this method is used to detect the ‘blue effect’
in any ‘real-time’ image, the most common is a satellite image. Normally,
satellite images are blurred due to atmospheric disturbance. The computation
of the MAE for an image is shown in Eq. 13:

MSE =

(13)

M N
i=1 j=1
where I - the original image, I - the segmented image, M, N are the size of
the image I.
— Structural Content (SC) [6]: the structure contents provides the similarity
between two images. As the similarity between two images increases, the
(SC) approaches (1) as shown in Eq. 14:

Za 12] 1 ’Lj
Ez 12] IIZJ

where I - the original image, I - the segmented image, M, N are the size of
the image I.

SC = (14)

— Evaluation based on clustering results: each NN-1) pair of pixels in the

data layer is assigned to the same cluster IF'F they are similar. A True
Positive (T'P) decision is to assign two similar pixels to the same cluster, a
True Negative (() TN) decision is to assign two different pixels to different
clusters. There are two types of potential errors: (a) one is where a (FP)
assigns two different pixels to the same cluster, and (b) the second is where
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a (F'N) decides to assign two similar pixels for different clusters. The index
RI) indicates the percentage of correct decisions as shown in Eq. 15:

TP+ TN

RI =
TP+ FP+TN+FN

(15)

The method to determine a positive class, Precision [1] is defined as the
rate at which (T'P) points are correctly classified as positive (TP + FP) as

shown in Eq. 16:
TP
Precision = ————— 16
recision = &p s (16)
Recall [1] is defined as the rate at which (T'P) points among those points

that are actually positive (TP + FN) as shown in Eq. 17:

TP
Recall = m (1 7)

The value Fy [6]: lies in the [0, 1] range where a higher value of (F}) represents
a better classification. When both Recall and Precision are equal to 1, F; =
1. Figure 3 models this evaluation based on clustering results is from as shown
in Eq. 18:

Precision x Recall

=2 18
! % Precision + Recall (18)

3.3 Experimental Result and Evaluation

The proposed BK-means and the basic K-means methods have been tested with
the same data sets under the same conditions for image detection as shown in
Fig. 3. The proposed method and K-means algorithm are used to automatically
identify the lake area, forest area and vegetation area, land area, sandy area
along the lake. We can also visually predict a forest image, categorized in five
main colors: blue is the lake area, green is the forest and vegetation area, brown
is the land area, white is the sand area, and gray is the swamp area.

The experimental results are shown in Fig.4. The proposed model perfor-
mance is better than traditional K-means’s method according to Table1. For
further tests in the experiments, the proposed model has been performed with
data sets consisting of 2 subsets, dealing with fire data sets contains 2400 images
with fire labelled 1 and the not-fire test set contains 2931 images without fire
labelled 0. The results of fire detection in photos are illustrated in Fig.5
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Fig. 3. Recall and precision calculation method for binary classification problem [1]

Fig. 4. Satellite image of Lake Chiquita Mar area

Table 1. Comparisons of the proposed BK-means and the K-means algorithm perfor-

mance
Time (s) | Iterations | RMSE | MAE |SNR |PSNR |SC SSIM

K-means |30.8658 |28 0.0486 | 0.0362 | 18.5860 | 26.2638 | 0.9863 | 0.8550
BK-means | 29.2071 | 26 0.0944 | 0.0735 | 15.8679 | 20.5045 | 0.9768 | 0.8369
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Fig. 5. Results of fire detection in photos

4 Conclusion

A novel approach has proposed to make real-time decisions caused by forest fire.
K-means method does not work well for noisy or low qualitative images. While
implementing image clustering with K-means, we have investigated in the quality
of the input image, enhancing the features of pixels [14]. In order to distinguish
smoke and images like fog, cloudy sky, and color-like images of such as image
features and large intensity light, etc. the proposed model detects the movement
of smoke in video explores the construction of Time-Lapse Videos from cluttered
consecutive image. The novel approach enhance the performance of K-mean
algorithm for forest detection problem. It is indicated that the proposed model
achieves significant improvements in real-time detection.
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