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Abstract: The detection of the changes in the earth's surface is an important factor, as it enables the understanding of the
interaction and relationship between natural and human phenomena for achieving a better decision-making strategy. Due to
the socio-economic factor, there exist frequent changes in the forest area. Various methods are introduced to predict the
change detection in the forest area, but to accurately find the change prediction in the forest region is a challenging task in
the research community. Therefore, an effective method named Crow-Chicken Swarm Optimization algorithm based Deep
Long Short term Memory (C-CSO based Deep LSTM) is proposed to find the forest change detection and prediction. The
proposed algorithm uses the intelligent behavior of crows with the hierarchical order and the mimicking behavior of chicken
groups to enhance the effectiveness of prediction in forest areas. The time-series data is generated from the result of change
prediction to increase the performance of the Deep LSTM classifier. The proposed C-CSO-based Deep LSTM attained better
performance in terms of metrics, like Mean Square Error (MSE), and accuracy with values of 0.0014 and 81.200%,
respectively.

Keywords: Change Detection, Change Prediction, Fuzzy Non-Local Means (Fuzzy NLM) Filter, Active Contour Approach,
Vegetation Indices.
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1. Introduction

The socioeconomic and ecosystem management studies at the national, international, and regional scales
involve the process of monitoring and detecting forest changes [1]. Forests are livelihood ecosystems that
are categorized by anthropogenic and natural processes, and thus these processes are constantly changing.
Therefore, it is significant to introduce methods to monitor the forest areas for revising the inventories of
forest to analyze, plan, and manage the health of forest areas to detect the growth rate. The remote sensing
data obtained from the forest areas at various times provides a suitable data source to achieve the
automatic detection changes in the forest [8]. In general, detecting forest changes is a complex factor in
continuously monitoring environmental changes and investigating environmental issues, like biodiversity
loss, deforestation, and depletion of natural resources [1]. Deforestation is the process of converting the
forest land to anon-forest area. However, ranching, road building, fire, logging, and converting the forest
into farming areas are some of the effective actions that devastate the influence of forests worldwide. The
consequences and the impact of deforestation extend the boundaries of forest land. Some of the
deforestation effects are increasing climate change in the rate of soil erosion, global warming, extinction of
species, and absorption of greenhouse gases [10]. However, the changes in the forest area affect the
agricultural production, water resources, and resource management system [9]. Deforestation not only
minimizes the ecological integrity and biomass stock but also aggravates food damage. The monitoring and
the quantification process over time both inside and surrounding the target areas are crucial for the
conservation efforts [2].
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Accurate and timely changes in the detection of the earth's surface are an important factor in
understanding the interaction and relationship between natural and human phenomena to achieve
enhanced decision-making. The remote sensing data is the primary source used to detect the changes in
the recent years. Change detection is defined as the process of observing the states of an object or
identifying the differences at varying times. The change detection process contains the multi-temporal
dataset for analyzing the temporal effect of the phenomenon. The benefits of data acquisition, digital
format, and its synoptic sight make the phenomenon appropriate for computer processing [11]. The digital
change detection contains the temporal quantification phenomena from the multi-date imagery, which is
retrieved from the satellite-based sensors. The literature shows that change detection in the digital form
is a complex task to achieve. The interpreter that is used to analyze large-scale aerial-based photography
always generates accurate results with a high degree of precision. Moreover, visual change detection is
complex to replicate, as various interpreters generate various results [12]. Information gathering and
forest monitoring are achieved through time-consuming and expensive field studies that combine aerial
and terrestrial surveys using optical sensors. With a focus on national and regional scale applications,
VHR stereoscopic acquisition provides faster, more remote sensing capability, and is less expensive than
the aerial and terrestrial ones. The satellite systems provide more benefits to aerial acquisition, like higher
ground coverage capacity, more spectral bands available, frequent repetition, and no over-flight permission
required in the area of interest [4].

Developing change detection techniques to predict forest changes plays a major challenge in remote
sensing environments [13]. Remote sensing based on satellite images is highly used in detecting forest
changes and modifying forest maps. Various change detection methods are introduced in the early days of
ground observation. They are categorized into three different types, visual interpretation, pixel-based
method, and object-based method. The visual interpretation based on the single or multi-date images uses
computer-assisted expertise for labeling and delimiting the zones. The digital change detection approach
offers high repeatable and quantitative information than the visual interpretation. In recent decades, the
object-based approach has been introduced to perform change detection by combining the quantitative
feature of the pixel-based method with the contextual testing of visual interpretation [14]. The pixel-based
detection method uses change vectors [19], local texture [16], vegetation index [17] [18], and spectral
mixture analysis [20]. The machine learning classifiers, such as support vector machine (SVM) [15],
decision trees [22], and multilayer perceptron [21], are used in pixel-based detection. These methods use
handcrafted features with domain expertise. However, the prevalent method used in the change detection
with the remotely sensed data is classified into two classes, object-based method, and low-level local
methods. The low-level method uses the statistical indices that are extracted from the spectral image pixel
values. These approaches are restricted to performing the pixel-level analysis, such that they are agnostic
to the contextual information [1].

This research is focused on the forest change detection mechanism using the proposed C-CSO-based
Deep LSTM classifier to the time-series data. The proposed method identifies the percentage of change
detection based on the cosine similarity measure through satellite images. The proposed classifier
considered the segments with high similarity measures and segments collected from the images at
different instances are mapped together to estimate the forest and non-forest regions. The major
functionality of the Deep LSTM classifier is that it effectively detects the changes in the forest area and
increases the prediction performance based on the time-series data. The fitness function is evaluated based
on the location of the crow such that the fitness value with minimal error value is accepted as the optimal
solution. Moreover, the position update equation of CSA is modified with the standard equation of CSO to
obtain the updated equation of the proposed algorithm. Based on the optimal value, the proposed method
detects the changes, which in turn reflect the best and most accurate prediction in the forest region.

The major contribution of this research is explained as follows:

e The main contribution of this research is regarding forest change detection and prediction using
the proposed C-CSO-based Deep LSTM classifier, which effectively detects the changes in the forest
location based on the satellite images collected from the same location at different time instances.

e The proposed optimization named C-CSO inherits the characteristic features of Chicken swarm
optimization (CSO) and Crow search algorithm (CSA), which in turn detect the changes to the
pixel-based and segment-based change detection strategies using time-series data. Moreover, it
facilitates the property of biophysical relevant features and achieves better prediction performance
with relatively low operational costs.

The rest of the paper is organized as follows: Section 2 describes the existing methods of forest change
detection. Section 3 elaborates on the proposed algorithm to compute the percentage of change detection
in the forest area, and section 4 describes the results and discussion of the change prediction method.
Finally, section 5 concludes the paper.
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2. Motivation

In this section, various existing change detection methods are surveyed along with their merits and
demerits.

2.1 Literature Survey

Various existing forest change detection methods are reviewed.

Khan, S.H et al. [1] introduced a forest change detection method to perform the change analysis with the
learning features and temporal resolution from the reflectance data. It used multi-resolution profiles to
identify the candidate set at the object level. It achieved better prediction results but was not suitable
forthe large-scale annotated set.

In 2023, Shimizu et al. [2] experimented with an RF classifier and Landsat time series temporal
segmentation for prediction. Initially, the early images of the location were collected and used Landsat
data and LandTrendr temporal segmentation algorithm to obtain the key function of the land. They
introduced separate random forest models to identify LULC and forest disturbances. With the result, they
combined both LULC and Forest Disturbances as a map and found the coincided details over time. This
data was merged with other classes to obtain accurate results however with the landscape’s complexity
and ephemeral nature the classification was visually difficult.

In 2023, Affonso et al. [3] have executed a remote sensing tool called VGX. Initially, the images are
tested with two different methods. One was parametric and the other was non-parametric. Parametric had
three methods and non-parametric respectively. Then the confusion matrix was used to identify the
evaluation function of the two methods. Furthermore, the post-classification comparison method was used
to analyze the changes in the images. By comparing the overall classification, the overall accuracy was
obtained. However certain factors like cloud cover, sensor noise, and atmospheric interference affect the
accuracy of the result.

Stylianidis, E et al. [4] introduced a 3D forest monitoring system named FORSAT to provide spatial
information in the forest area with long-term monitoring. It effectively analyzed the satellite images and
extracted quantitative information, such as volume, measurements, and area of deforestation. Here, the
change output was generated through the satellite sensor image. It attained reliable solutions in forest
operations and forest management. Due to irregular location, the change detection was not effectively
achieved.

Karila, K et al. [5] introduced a TanDEM-X digital surface model that was used to achieve change
detection. Here, the density and the height variations in the forest were detected using the bi-temporal
model. Based on the changes detected in the height, the changes in the ground biomass were estimated. It
effectively detects biomass changes with different magnitude orders, but the quality of input data was
poor.

In 2023, Xiang et al. [6] have experimented with DL with Sentinel-2 satellite data. Initially, the various
DL model was compared along with the loss function to find the best-performing model. Then from the
selected model, different metrics were assigned for evaluation, and changes in the land area and changes
in the land area were predicted. Then the obtained images were compared with the sentinel-2 images along
with the loss function to get the expected result. However, this process did not provide accurate mapping
results.

In 2023, Ahmad et al. [7] have implemented LANDSAT images. Initially, Landsat satellite images of
Lahore were collected. Then cloud coverage was adjusted to a maximum of 15% to enhance the precision
of the processed data. Then semi-automatic classification model was applied to obtain the images from
other years. Then cellular automata (CA-ANN) model and modules of Land Use Change Evaluation
(MOLUSCE) were implemented to stimulate the other use of land. Finally, from the monitored data the
change was detected and used as the result. However, this method applied only to the Lahore region.

Marinelli, D et al. [8] developed an object-based detection model to detect the changes in forest areas.
It monitors the growth of crown volume and treetop to find the changes in a single tree. This method
accurately detects the changes, but the false and missed alarm rate was very low.

2.2 Challenges

e Due to the massive dependence on the segmentation model introduced to generate the objects, the
object-based detection mechanism poses a significant challenge. It was highly required to observe
that the objects extracted through the segmentation model do not show the same size. Hence, under
and over-segmentation errors degrade the accuracy of change detection [1].

e Even though various change detection methods are introduced, the target to lower the magnitude
of change in certain scenarios associated with the forest area poses a challenging issue in the
remote sensing environment [7].
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¢ Information gathering and change detection in the forest are time-consuming and expensive to
study with the integration of aerial and terrestrial surveys. However, deriving the basic
parameters using digital data analysis poses a major complexity in forest areas [4].

e The limitations that arise in the change detection approaches were related to the class of input
data, such that the various imaging geometries might degrade the accuracy and interferometric
height of the change estimate [5].

e The hyper spectral and the multispectral data do not hold any information to characterize the
structure of the forest. However, they are not used to perform the analysis of the geometric changes
of trees [8].

e Due to the temporal changes in the land cover types to time, selecting the training sets for various
land cover classes poses a challenging issue in forest regions.

3. Proposed Crow Chicken Swarm optimization based on deep Long short-
term memory for forest change detection and prediction

This research predicts the changes in the forest area by detecting the accurate change measures. The forest
change detection and prediction method is needed for identifying forest land cover change based on the
high-resolution satellite image. Due to the random variation in the sensor's response and the intrinsic
characteristic features of land cover elements, the existing method fails to detect the changes accurately.
Hence, a method is developed, which takes the advantages of low computational complexity and increases
the computational efficiency. The proposed approach involves four different phases: pre-processing,
vegetation indices, segmentation, and change detection, respectively. Initially, two input satellite images
are collected at different time instances and are pre-processed separately using the Fuzzy Non-local means
(Fuzzy NLM) filter. The resulting two different pre-processed images are fed to the vegetation indices
phase, where the features, like RVI, EVI, GLAI, and CI-Green are effectively extracted from each image.
The pixel value location of each image along with the extracted features is sent to the segmentation phase,
where the segmentation is carried out using the active contour approach. The segmented results from both
images are fed to the mapping module, where the segment mapping for two images is performed based on
the cosine similarity to detect the area as forest or non-forest. From the result of segmented mapping, the
percentage of changes in the forest and non-forest area is detected using pixel-based change detection and
segment-based change detection. Then, the cumulative percentage of change detection is generated and is
represented in the form of time series data, which is further used to achieve the percentage of change
prediction. However, the percentage of changes in the forest area is predicted using the Deep LSTM
classifier, which is trained by the proposed C-CSO algorithm. The proposed C-CSO algorithm is the
integration of CSO [26] and CSA [27], respectively. Fig. 1 shows the schematic diagram of the proposed
forest change prediction approach.

57



Multimedia Research

Satellite image 1
(At instant +-17

Fre-processing

/

W egetation
indices

Features extracted

EVI, GLAI EVI,
CI-Green

Vol.7 No.3 July 2024

Satellite image 2
At instant £

Change detection

Pre-processing

\

Vegetation
indices

Fuzzy ML
filter

Fixel walue

Pixel walue 1
location of

location of
image 2

image 1 Features extracted

EVI, GLAI EVI,
CI-Green

=
l _// ® Segrneitation
I —— !

Segment mapping

Segmentation
Segment mapping

hof change
detection in forest
area

/\ %o of change detec tion

Segment based Pixel based %6
24 change change

Cumualative 24 of change

Generate time 2
detection

series data

La—

Proposed
C- RO

%0 of change
prediction

- Deepp LETM

Predicted results

Fig. 1. Schematic diagram of the proposed forest change detection and prediction model using C-CSO-based Deep
LSTM

3.1 Input Satellite Images
The input satellite image [ is taken from the same location at two different time instances fand ¢ —1, is

represented as, {1 1 }to perform the forest change detection and prediction. The two input satellite

127 t-1
images are further subjected to the pre-processing stage to eliminate the noise in the images.

3.2 Pre-Processing the Satellite Images
The input satellite images [, and I, | are pre-processed using the Fuzzy NLM filter to remove the artifacts

and noise present in the images. The Fuzzy NLM filter [23] identifies the non-local region from the images
based on the fuzzy logic concept and finds the non-similar and similar regions situated around the noisy
pixel. The non-local pixel values are identified based on the similarity factor for estimating the noise-free
value. The major advantage of using the Fuzzy NLM filter is to select the homogeneous pixels from non-

local neighborhood regions. The resulting pre-processed images are represented as, Pand P _,

respectively.

3.3 Vegetation Indices for Feature Extraction

The pre-processed images F,and P,_; are processed by the vegetation indices phase to extract the features,

like RVI, GLAI, EVI, and CI-Green to perform the forest change detection and prediction. The above-
specified features are extracted from each individually pre-processed satellite image F,and F,_;. The

vegetation indices are the transformation or the mathematical combination of spectral bands, which
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accentuates the properties of forests thus, they are distinct from other features. The vegetation information
of the satellite imagery is obtained through the vegetation indices. Therefore, the vegetation indices
obtained through the respective color band are explained as follows:

Ratio Vegetation Index (RVI): RVl is also called as simple ratio (SR) vegetation index, which is used
to specify the total amount of vegetation directly in the forest area. It is the ratio of the near-infrared band
to the red band of the image, which is indicated as,

== (1)

where A4 denotes the near-infrared band, B denotes the red band, and /tl represents the RVI features

obtained from P the image.

Enhanced Vegetation Index (EVI): EVI is considered the optimized index, which provides the
spatial information of the biomass region. The EVI features is computed as,
5 2.53(A-B)
" 1+ A+6xB-7.50C
where, fdenotes the EVI features of the image P,, and C denotes the blue band.

Green leaf area index (GLAI): The GLAI feature provides information about biological characteristics
in vegetation. It is defined as the ratio of leaf area to ground area, which is computed as,

f?=3.618xf” 3)
where, f?denotes the GLAI feature obtained for the image P,.

Green Chlorophyll Index (CI-Green): It is the most significant vegetation parameter, which offers
information concerning the physiological status of phenotypic manifestation. The CI-Green is represented

as,
(8

where, D represents the green band, and ft4 denotes the CI-Green feature for the image B . Therefore,

@)

the resultant features extracted from the pre-processed image F, are specified as,
f= R (5)
Similarly, the above-mentioned features are extracted from the pre-processed image F,_; and are also
expressed as,
F,=|F.F}.F}F! (©)
where F!' represents the RVI features obtained for P,_; the image, EZ denotes the EVI features of the

t

image P,_,, Findicates the GLAI feature for the image P, ,, and F * represents the CI-Green feature for

t
the image P,_;, respectively. Hence, the features extracted from the image P, aredenoted as, f, and the

features from the image P,_; are denoted as, F,_;

3.4 Forest Change Segmentation Using Active Contour Approach

The segmentation process is required to ensure the effectiveness of forest change detection based on the
pixel values of the pre-processed satellite images. Here, four extracted features along with the pixel value
location of each satellite image are used to perform the segmentation process. The features extracted from
each of the pre-processed images along with their pixel values are used to segment the images. Here, the
segmentation of the images is carried out using the active contour model. The features f, of the image I,
along with their pixel value location, and the features F, ;of image I, ;along with their pixel value
location are processed in the segmentation module separately based on the active contour model. The active
contour model separates the image foreground from the background image such that the region of interest
from the image is further used to perform the detection processes. Active contour is used to segregate the
pixels of interest from the satellite images. It defines the boundaries and specifies the area of interest to
be required in the image. Active contour is a collection of pixel points, which undergoes the process of
interpolation. The major advantage of using the active contour model is to define the smooth shape of the
image and generate a closed contour region. The segmented results obtained from the features f and f,_;

is denoted as, S,and S,_; , respectively.
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3.5 Segment Mapping for Detecting the Changes in Forest Area
The segmented results S,and S,_; of the two satellite images I,and I, ,is fed to the segment mapping

module, where the segment mapping is done based on the cosine similarity. Cosine similarity is the
measure used to find the similarity between two segmented results in the product space. It is not a
magnitude, but just the orientation to specify the cosine similarity value between two images. Based on
the orientation of the segmented results, the value of the similarity is specified either as '1' or '2',
respectively. The cosine similarity between the segmented results is computed as,
Mo S,.S, 4
SISl

where, M denotes the similarity measure between the two images. From the segmented output of two
images, the segment mapping is performed for change detection based on the cosine similarity. The
segment mapping module mapped the two segmented results to find the forest and non-forest areas and
indicated the forest area as ‘1’, and the non-forest area as ‘2’, respectively. Therefore, the output obtained
from the segmented mapping module for the two segmented results is denoted as, M, and M, ;.

()

3.6 Compute the Percentage of Change Detection

Once the forest and the non-forest regions are identified then, it is required to compute the percentage of
change detection using pixel-based change detection and segment-based change detection. From the pixel-
based and the segment-based change detection value, the cumulative percentage of change detection is
calculated. The pixel-based change detection of the two mapped images M, and M,_; is shown in Fig. 2.

Let us consider that the forest regions are placed with the pixel value of ‘1’ and the non-forest regions are
placed with the pixel value of ‘2’. From this, the percentage of pixel-based change detection in the forest
area is computed by mapping the two images M, and M,_; .

M, M,
1 1 1 2 1 1 1 1
1 1 1 2 1 1 1 2
1 2 2 2 1 1 2 2
2 2 2 2 7 2 2 7

Fig. 2. Pixel-based change detection of forest and non-forest area

The forest area covered in both images is considered to compute the percentage of change detection. As
the pixel value ‘1’ specifies the forest area in both images M, and M,_;, the percentage of pixel-based

change detection in the forest area is computed as,

9-17
CDpixel = x100 (8)
where, CD,,.,, denotes the percentage of change detection in the forest area.
M, M,
J B e ] o
sl s — = s _ Segmented forest
— ,-‘/ ///. 7 i / /’(’ ELea

Non forest
area

Fig. 3. Segment-based change detection of forest and non-forest area

The segment-based change detection of the two mapped images M, and M,_, is shown in Fig. 3. The

percentage of segment-based change detection is computed by considering the segmented forest area in the
segmented results. Here, the shaded region specifies the segmented forest area, while the un-shaded
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portion represents the non-forest area. By mapping the two images M,and M,_,, the percentage of

segment-based change detection is computed as,
8-6

CD,ogment = —5*100 (10)
CD,qgmont = 25% (11)

where, CDj,g,,,, represents the percentage of segment-based change detection in the forest area. By

taking the value of pixel-based and segment-based change detection, the cumulative percentage of change
detection is computed. The cumulative percentage of forest change detection is calculated as,

22.22+25
CDforest = T

CDjyrest = 23.61% (13)

where, CDy,,; denotes the cumulative percentage of change detection.

12)

3.7 Compute the Percentage of Change Prediction

To compute the percentage of change prediction, it is required to generate the time-series data based on
the output of the percentage of change detection. The time-series data is generated from the pixel values
of the cumulative percentage of change detection. The time-series data is generated from the output of the
percentage of change detection at the time {t,t -1,t-2,t —3,...5} . The time series data is fed as the input to

the Deep LSTM classifier to compute the percentage of change prediction, as the Deep LSTM classifier
effectively performs the prediction mechanism only based on the time series data.

3.7.1 Deep Long Short-Term Memory Classifier

The time series data generated based on the output of the percentage of change detection is fed as the
input to the Deep LSTM classifier. The Deep LSTM classifier consists of convolutional structures in the
state-to-state and input-to-state transition. The Deep LSTM 1is structured with the input

{t.t-1,t-2,t-3,..5} , output {Gl,...G(g} , hidden state {K ,....Kd} , and gates V;,T; and Wy, respectively. Let
us assume the input {Z yereens Zd}instead of using the format {t,t—l,t—2,t—3,...5} .The Deep LSTM [24]

predicts the future based on the input and the past values that correspond to the neighboring state, and
the prediction is performed using the Hadamard product © and convolutional operator * .The Hadamard
product is used to ensure the nature of cells, and the Deep LSTM yields the feature patterns based on the
transitional kernel. The architecture of the Deep LSTM is organized with the forecasting and encoding
layers. The output of the cell and the initial states of the encoding network are fed to the forecasting
network. Fig. 4 illustrates the architecture of the Deep LSTM classifier.

Encoding Network . ..
g Final Prediction
~ -
A T
1 WS~ SE=oTe~o
K G 11 (R = i - -~
S+12 M 5+l1 S .. T SS.L_ Te=~l
L \\\ ~< Sz~ -~
! S~Jd TSz .. ~---_
! ll \\‘ S~ol TS=zso T~=a
T vV S~~o TSSzso — YA
! ) VY 1. 5+
\
1 W\
K(;,G(S ! W

Forecasting Network
K5 1,655

State
Fig. 4. Architecture of the Deep LSTM classifier
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The Deep LSTM compresses the input value to the hidden states for forecasting the forest change
prediction. Each network consists of the memory units that hold the memory cell and gates. The gates and
the memory cell of the Deep LSTM classifier play a key role in controlling the information flow based on
the spatio-temporal sequences. The memory state of the Deep LSTM is modified with the input, and forget
gate. The Deep LSTM classifier is more effective and convenient to perform the forest change prediction
based on the time series data. The output received from the input gate is expressed as,

Vs = 4w *Zs +wiff * Ky +wff oGy + 11" (14)

where Z; denotes the input vector, w‘% denotes the weight between the input layer and the input gate,
Arepresents the gate activation function, w{,{ indicates the weight between the input layer and memory
output, and w‘(; denotes the weight vector between the input layer and cell output. K;  and Gy,

represents the previous output of the cell and the memory unit, and ,uV denotes the bias of the input layer.

o is the element-wise multiplication, and * denotes the convolutional operator. The output obtained from
the forget gate is represented as,

T(;:/l(w%*Z§+w§{*K5,1+w$oG5,1+,uT) (15)

where w% denotes the weight between the input layer and the forget gate, W;{ denotes the weight

between the output gate and memory unit, and w% denotes the weight between the output gate and cell.
,uT represents the bias of the forget gate. The output obtained from the output gate is represented as,

Ws =l(w1§V*Z§+w§*K571+w$VOG571+#W) (16)

where wVZV represents the weight between the output gate and input layer, wVKV indicates the weight

between the output gate and memory unit, w% denotes the weight between the output gate and cell, and

,uW is the bias of the output gate. Based on the activation function that corresponds to the cell, the output

of the cell state is represented as,
G(;:tanh(wg*Z5+w§* (H+yE) (17)
where wg denotes the weight between the cell and input layer, wg is the weight between the cell and

memory unit, and ,uE denotes the bias of the cell.

The output of the cell is specified as the sum of the temporary cell, and the difference among the
memory unit of the previous and current layer is expressed as,

G5 =T50Gs,+V50G; (18)
G~:TgoG(H+Vgotanh(w§*25+w§*K§71+,uE) (19)

The output obtained from the memory unit is specified as,
K :W§ota.nh(G5) (20)
where, K represents the memory block output, and W;yindicates the output gate. Therefore, the

output generated from the output layer is represented as,
K Y
Yy = g(wf Ky +u") 21)

where Y; represents the output vector, w{;{ represents the weight between the output vector and

memory unit, and ,uY denotes the bias of the output layer, respectively. The Deep LSTM classifier ensures

the effectiveness of prediction in the forest change based on the time series data, such that the Deep LSTM
is trained by the proposed C-CSO algorithm to compute the percentage of change prediction.

3.8 Proposed Crow Chicken Swarm Optimization Algorithm for Forest Change Prediction

The proposed C-CSO algorithm is used to train the Deep LSTM classifier to ensure the effectiveness of
prediction performance. The proposed C-CSO algorithm is the integration of CSO [26] and CSA [27]. CSA
is a meta-heuristic algorithm that provides a balance between intensification and diversification. The
Crows are considered the most intelligent birds, as they have the largest brains relative to the body size of
crows. The crows have the self-awareness features in the mirror test and also can make the tool. Crows
can remember the faces and warn other crows if any unfriend one approaches. Moreover, the crows can
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communicate and recall the food source of hidden locations. The key principles of the crow search
optimization algorithm are defined as follows:

e The crows live in the form of flocks

e It memorizes the location of hidden places.

e The crows updated their location by following other crows to forage the food.
e They protect their food source of themselves from being pilfered.

In the CSA algorithm, the intensification and the diversification are controlled using the parameter
named awareness probability. However, the CSA searches the local region, such that a better solution is
found in the local region. When the value of awareness probability increases, the probability of searching
for a good solution reduces, hence the CSA is explored on a global scale.

Fitness function: The fitness function is computed to identify the best solution with the optimal
fitness value based on the updated position of the crow. The solution with the minimal error value is
accepted as the best solution. The fitness function is computed as,

b
1
Ny, = ZZY[, —u (22)
h=1

where ¥ denotes the output of the classifier, u denotes the estimated output, and Ny, represents the
fitness value. The algorithmic steps involved in the proposed C-CSO algorithm are explained as follows:
i) Population initialization in search space: The population of the crows is initialized with U some
crows in the n --dimensional environment, flight length L, and @ as the awareness probability. The crow
m at iteration 7 in the search space is represented as,

X7, (m=1,2,.0) = { X[, X5,.. X[ | {7 =1,2,. T (23)

where, ris the iteration, and 7, . denotes the maximum iteration.

ii) Initialize the memory and location of the crow: The U number of crows is randomly positioned in
the ndimensional search space. Each crow specifies the feasible solution and adenotes the decision
variable.

Xin Xon - Xi,
(24)

| X X, o X,
The memory of the crows is initialized, such that the crows have no experience at the initial iteration,
it is considered that the crow hides the food at the initial position.

_Rll,n RZI,n Rfl,n |
RZZ,n RZZ,n sz,n
25
B = (25)
R, Ry, .. R,

where, « denotes the position of the crow, and [ represents the memory of the crow.

iii) Update the position of the crow based on the food sources: Each crow contains the memory in
which the location of the hiding place is memorized. The crows move in the search space to search the food

sources. The crow m decides to follow the crow & to know the hiding location of the food source of the crow
K . The crow k does not know that the crow m is following it, Therefore, the crow m moves towards the
hidden location of crow &, hence the newly updated position of the crow m is represented as,

X=X+ x Ly x (0 - X, ) (26)

where/, denotes the random number that lies between 0 and 1, L:m represents the flight length of a

Crow m .
X0 =X (1-4E,, )+ L L @7)
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The above equation is the updated equation of the CSA algorithm which is modified with the updated
equation of the CSO algorithm.
The updated equation of movement of the hen towards the food source in the rooster groups is

represented as,
ernt}L:ern,n"'pl*Z(Xn X )+p2*2(Xlr2,n—Xr ) (28)

n~ “*mn m,n

where, zis the random number that lies between 0 and 1. r denotes the iteration, p,and P2 are the

rooster parameters.

ern+111 =X}, (1-p1z —pyz )+ PizXp, + PozXpp (29)
1
e (X - X, - pyeXD) (30)
1-pz —pyz

The above Eq. (30) is the updated equation of hen movement in the CSO algorithm. By substituting
the Eq. (30) in Eq. (27), the resulting modified equation of the proposed C-CSO algorithm is expressed as,

1-4LL, ,
X = (X peXp, )+ a0 (3D
1-piz —pyz
1-LL 1-LL;
o b A0 (poxn - peXy,, )L (32)
1-pz —pyz 1-piz —pyz
1-LL; 1-LL;
oy X =L I 0 - ————(p2X )+ DyeX ] ) (33)
1-pz —py2 1-piz —pyz
1-4L, 1-4L,
] L, W~ (p2X ]y + Doz Xy ) (34)
1-pz —pyz ’ 1-pz —pyz ’
1-pz —pyz—1+4L; 1-4L
Xr';rrlt : | = llL:rz,na;c - —M(pIZX;f,n + pZZXern) (35)
1-pz —pyz 1-pz —pyz
z —poz+LL, 1-4L,
e Eitc A LK S . VR 6 GRS (A (36
1-pz —pyz 1-pz —pyz
—pz— 1-4L,
D e (0> s 37)
lle,n_Z(p1+p2) 1_p12 — D22

where, z is the random number that lies between [0,1] , p;and p, are the rooster parameters, that are

specified as,

~ (b-b,)
P _exp(abs(b)H] (38)
P, =exp(b,,—b) (39)

Here, r1 and r2 are the random number that lies between 0 and 1, and bis the fitness of chickens.
The above Eq. (36) defines the final updated equation of the proposed C-CSO algorithm, which ensures
the effectiveness of the proposed algorithm in performing the forest change prediction.
iv) Evaluate the feasibility: The fitness function is computed using Eq. (22), and the function with the
minimal error value is taken as the best optimal solution.
v) Generate the new position: The crow generates a new position by considering one of the flock crows
k and follows it to generate the new position to know the hidden location of the food source.
vi) Update the memory: The crow updates their memory based on the fitness value, if the new position
of the crow has a better fitness value, than the memorized position, then the crow updates the memory to
the new position.
vii) Termination: The above steps are repeated until the best solution is obtained or satisfies the
condition criteria. Algorithm 1 shows the pseudo-code of the proposed C-CSO-based Deep LSTM classifier.

64



Multimedia Research Vol.7 No.3 July 2024

Algorithm 1. Pseudo code of the proposed C-CSO-based LSTM
SI. Pseudo code of the proposed C-CSO

based Deep LSTM

Initialize the population

Specify the memory of crow

Evaluate the position

whiler <r, ..
for m=1,...U

Randomly select one crow (like 7 )to follow
Specify the awareness probability O

=]
<)

®® 3 Ot b~ WK

if [, 2 Q [ -random number

9 Update the position using Eq. (37)

10 else

11 Select a random position
12 end if

13 end for

14 Evaluate the feasibility
15 Compute the new position

16 Update the memory
17 end while

The intelligent behavior of the crow is incorporated with the hierarchical order and the mimicking
behavior of chickens to enhance the effectiveness of change detection in the forest area. The parametric
features from the crow optimization provide better prediction results, but to increase the effectiveness of
performance, the behavior of the chicken swarm is integrated with the crow optimization. Hence, the
proposed C-CSO-based Deep LSTM computes the percentage of change prediction using the Deep LSTM
classifier, which is trained by the proposed meta-heuristic optimization named C-CSO algorithm.

4. Results and Discussion

The results and discussion made using the proposed C-CSO-based Deep LSTM classifier based on the
evaluation metrics, like MSE, accuracy, and prediction error are explained in this section.

4.1 Experimental Setup

The implementation of the proposed C-CSO-based Deep LSTM classifier is carried out in the MATLAB
tool using the dataset named Global PALSAR-2/PALSAR/JERS-1 Mosaic and Forest/Non-forest Map [25].
This dataset contains numerous satellite images used to respond to and understand global environmental
changes, such as biodiversity loss, and global warming. It observes the surface of lands even under clouds,
and therefore this dataset provides useful information regarding the forest changes in the tropical region.

4.2 Evaluation Metrics

The performance of the proposed C-CSO-based Deep LSTM classifier is evaluated using metrics, like MSE,
accuracy, and prediction error, respectively.
Mean Square Error (MSE): It is the measure that specifies the average squares of error, which is
represented as,
18 5 )2
x==(¥s-Y;) (40)
P53
where, xis the MSE, Y s 1s the error value, and p denotes the predictions, respectively.
Accuracy: It is a measure used to accurately predict the changes in the forest area, which is computed as,
__ a+ b (41)
a+b+c+d
where, ais the true positive rate, bis the true negative, cis the false positive, and d denotes false
negative, A4 representing accuracy.
Prediction error: It is the ratio of difference between the measured value and the predicted value to the
total measured value, which is expressed as,
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p_a=8
a
where, o denotes the measured value, and fis the predicted value.

(42)

4.3 Experimental Results

The experimental results of the proposed forest change detection and prediction approach arediscussed in
this section. Fig. 5 shows the experimental results for forest image-1, and Fig. 5 (a) shows the input forest
image-1. Fig. 5 (b) represents the pre-processed image-1, and Fig. 5 (c) portrays the extracted RVI features
for image-1. Fig. 5 (d) shows the extracted GLAI features for image-1, and Fig. 5 (e) represents the
extracted EVI features for image-1. Fig. 5 (f) shows the extracted CI-Green features for image-1, Fig. 5 (g)
shows the active contour process for image-1, and Fig. 5 (h) depicts segmented results for image-1.

119 erations Global Region-Based Segmentation

& R
() ()
Fig. 5. Experimental results of forest image-1,(a) input forest image-1, (b) pre-processed image-1, (c) extracted RVI
features for image-1, (d) extracted GLAI features for image-1, (e) extracted EVI features for image- 1, (f) extracted CI-
Green features for image-1, (g) active contour process for image-1, (h) segmented result for image-1.

Fig. 6 shows the experimental results for forest image-2, and Fig. 6 (a) shows the input forest image-
2. Fig. 6 (b) represents the pre-processed image-2, and Fig. 6 ¢) portrays the extracted RVI features for
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image-2. Fig. 6 d) shows the extracted GLAI features for image2, and Fig. 6 (e) represents the extracted
EVI features for image2. Fig. 6 (f) shows the extracted CI-Green features for image-2, Fig. 6 (g) shows the
active contour process for image-2, and Fig. 6 (h) depicts the segmented result for image-2.

00 200 300 400

108 Rerations Global Region-Based Segmentation

® T
Fig. 6. Experimental results of forest image-2, (a) input forest image-2, (b) pre-processed image-2, (c) extracted RVI
features for image-2, (d) extracted GLAI features for image-2, (e) extracted EVI features for image-2, (f) extracted CI-
Green features for image-2,( g) active contour process for image-2, (h) segmented result for image-2.

4.4 Performance Analysis

The performance analysis made using the proposed approach for forest change detection and prediction is
elaborated in this section.

4.4.1 Analysis using Four Features:

The performance analysis made using the four features, RVI, GLAI, EVI, and CI-Green is explained in this
section. Fig. 7 shows the analysis made using four features. Fig. 7 (a) shows the analysis of detected change.
In the range of 2009-2010 years, the detected change observed from the forest image using the four features
is 3.6062%. Fig. 7 (b) shows the analysis of accuracy. In the year 2010, the segmentation accuracy observed
from the forest image data using the four features is 0.9024. Fig. 7 (c) represents the analysis of error. In
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the year 2010, the segmentation error observed from the forest image data using the four features is

0.18088.
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Fig. 7. Analysis using four features, (a) detected change, (b) accuracy, (c) error

4.4.2 Analysis Using Two Features

The performance analysis made using two features, namely RVI and GLAI is explained in this section. Fig.
8 shows the analysis made using two features. Fig. 8 (a) shows the analysis of detected change. In the
range of 2009-2010 years, the detected change observed from the forest image using two features is
2.5313%. Fig. 8 (b) shows the analysis of accuracy. In the year 2010, the segmentation accuracy observed
from the forest image data using two features is 0.9229. Fig. 8 (c) represents the analysis of error. In the
year 2010, the segmentation error observed from the forest image data using two features is 0.2178.
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4.4.3 Performance Analysis by Varying Neurons

Fig. 9 shows the performance analysis of the proposed approach by varying the neurons. Fig. 9 (a) depicts

the analysis of MSE by varying the training data. When training data=70%, the MSE obtained by the
proposed C-CSO-based Deep LSTM with 50 neurons, C-CSO-based Deep LSTM with 100 neurons, C-CSO-
based Deep LSTM with 150 neurons, and C-CSO based Deep LSTM with 200 neurons is 1.2929, 1.2644,
1.2705, and 1.2760, respectively. Fig. 9 (b) depicts the analysis of accuracy by varying the training data.
When training data=80%, the accuracy obtained by the proposed C-CSO-based Deep LSTM with 50
neurons, C-CSO-based Deep LSTM with 100 neurons, C-CSO-based Deep LSTM with 150 neurons, and C-
CSO based Deep LSTM with 200 neurons is 68.944%, 72.825%, 79.811%, and 81.2%, respectively.

10! ; ; T T 90

[ c-CSO Based Deep LSTM with 50 Neurons
I c-CSO Based Deep LSTM with 100 Neurons
[__]c-CSO Based Deep LSTM with 150 Neurons

[ C-CSO Based Deep LSTM with 200 Neurons

[ c-CS0 Based Deep LSTM with 50 Neurons

I C-CSO Based Deep LSTM with 100 Neurons
[C=1¢-CS0 Based Deep LSTM with 150 Neurons
[ c-CSO Based Deep LSTM with 200 Neurons

Accuracy (%)

102

50 60 70 80 90 50 60 70 80 90
Training Data(%) Training Data(%)
(a) )
Fig. 9. Performance analysis by varying neurons, (a) MSE, (b) accuracy

4.4.4 Performance Analysis by Varying Layers

Fig. 10 shows the performance analysis of the proposed approach by varying the neurons. Fig. 10 (a)
represents the performance analysis of MSE by varying the training data. When training data=70%, the
MSE obtained by the proposed C-CSO-based Deep LSTM with 1 layer, C-CSO-based Deep LSTM with 2
layers, C-CSO-based Deep LSTM with 3 layers, and C-CSO based Deep LSTM with 4 layers is 1.2978,
0.9940, 1.0331, and 1.0395 respectively. Fig. 10 (b) represents the performance analysis of accuracy by
varying the training data. When training data=70%, the accuracy obtained by the proposed C-CSO-based
Deep LSTM with 1 layer, C-CSO-based Deep LSTM with 2 layers, C-CSO-based Deep LSTM with 3 layers,
and C-CSO based Deep LSTM with 4 layers is 54.803%, 53.336%, 51.610%, and 51.200% respectively.
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Fig. 10. Performance analysis by varying layers, a) MSE, b) accuracy

69



Multimedia Research Vol.7 No.3 July 2024

4.5 Comparative Methods

The performance improvement obtained by the proposed method is revealed by comparing the proposed
with the existing methods, like deep neural network [1], spectral mixture analysis [2], Deep LSTM [28],
respectively.

4.6 Comparative Analysis

The comparative analysis made using the proposed approach to the existing methods is discussed in this
section. Fig. 11 shows the comparative analysis of the proposed approach. Fig. 11 a) depicts the
comparative analysis of MSE to the training data. When training data=60%, the MSE obtained by the
existing methods, like a deep neural network, spectral mixture analysis, and Deep LSTM is 0.0438, 0.6495,
and 1.3335, while the proposed C-CSO-based Deep LSTM obtained lower MSE of 1.2819 respectively.

Fig. 11 b) depicts the comparative analysis of accuracy to the training data. When training data=60%,
the accuracy obtained by the existing methods, like a deep neural network, spectral mixture analysis, and
Deep LSTM is 64.259%, 55.928%, and 80.434%, while the proposed C-CSO-based Deep LSTM obtained
better accuracy of 81.101% respectively.

[ Deep Neural Network
-Spectxal Mixture Analysis

[—Deep LSTM

| [ Deep Neural Network
-Spnctral Mixture Analysis
[Jpeep LsTM

[ Proposed C-CSO Based Deep LSTM

1)

50 60 70 80 90 50 60 70 80 90
Training Data(%) Training Data(%)

(a) (b)
Fig. 11. Comparative analysis, a) MSE, b) accuracy

Accuracy (%)

4.7 Comparative Discussion

Table 1 shows the comparative discussion of the proposed C-CSO-based Deep LSTM classifier. From the
below table, it is specified that the proposed classifier obtained better performance than the existing
literature works. The accuracy obtained by the existing methods, like Deep neural network, spectral
mixture analysis, and Deep LSTM is 54.616%, 67.315%, and 80.553%, while the proposed obtained
better accuracy of 81.200% for 90% training data. The MSE obtained by the existing methods, like a
Deep neural network, spectral mixture analysis, and Deep LSTM is 0.7797, 0.8882, and 0.0017, while the
proposed C-CSO-based Deep LSTM obtained a lower MSE of 0.0014 for 90% training data.

5. Conclusion

In this research, an effective method named C-CSO-based Deep LSTM is proposed to perform the change
detection in the forest area. Initially, two satellite images at the same location with different time instances
are selected to perform the change prediction process. The input images are pre-processed to eliminate the
noise and artifacts present in the images to enhance further processing. The pre-processed results are
allowed to the vegetation module, where the features, like Ratio Vegetation Index, Enhanced Vegetation
Index, Green Chlorophyll Index, and Green Leaf Area Index are extracted separately from two images.
The pixel value location of each image along with the extracted features is used to perform the
segmentation process using the active contour model. The segmented results of the two images are mapped
to find the change detection and with the results of change detection, the change prediction is done using
the proposed C-CSO-based Deep LSTM. The performance attained by the proposed classifier is revealed
using metrics, like MSE and accuracy with the values of 0.0014 and 81.200%, respectively. In the future,
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the performance of change prediction in the forest area will be increased using some other optimization
algorithm.
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