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Abstract — In the field of remote sensing, the process
of segmentation and classification of satellite images is
a challenging task attributable to different types of tar-
get detection. There are problems in recognizing a target
and clutter region. Then, there is a necessity to consider
these problems regarding the classification of satellite
image using an effectual approach. In this approach, a
deep learning dependent automated segmentation, detec-
tion, and classification of satellite images is carried with
artificial intelligence methods. Initially, the input image
is preprocessed, segmented using Edge-ROI and YOLO
v3 based segmentation in which the parameter is tuned
by means of multi-heuristic tuna swarm optimization
(MH-TSO) approach and is classified using hybrid mul-
tivariate improved residual network (ResNet) and U-
Net classifier approach. The stage of Edge-ROI segmen-
tation and YOLO v3 based segmentation is employed
to extract regions. The preprocessing is carried using
median average filtering along with adaptive histogram
equalization. A scheme of deep learning-based multi-
variate improved residual neural network for classifica-
tion of satellite images is proposed effectively. The pro-
posed technique performance is estimated for three kinds
of dataset, namely Salinas, Pavia University, and Indian
Pines satellite image datasets, and the results obtained
are shown, which proves the efficiency of the suggested
mechanism.

Index Terms — Hybrid multivariate improved residual
neural network and U-Net, multi-heuristic tuna swarm
optimization, remote sensing, satellite image, YOLO v3
segmentation.

L. INTRODUCTION
At present, scholars have focused on image clas-
sification which is thus regraded as a pivotal technol-
ogy for the recognition of pattern and a computer vision
scheme. Usually, the satellite images are in a digital
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form [1]. The technique of image processing could be
employed for the retrieval of precise set of data from
the stored images [2][3]. Therefore, this technique will
be obliging in improving the visual perception and to
modify or repair an image which depends on blurring
of image, image deformation, or image deterioration [4].
Few methods are still available to analyze the image
which relies on some specified issue requirements [5-
7]. Image segmentation and classification algorithms are
utilized in various regions of image in a thematic group.
The kinds of image segmentation are categorized as four
types from varied range of angles like feature space clus-
tering, region-based, model-driven, and threshold-based
[8,9]. Presently, the feature space clustering approach
is regarded as the most significant and popular method
for image segmentation due to its easy calculation, sim-
ple principle, and good segmentation. Furthermore, the
images are normally segmented using a single clustering
technique, and it is probable to get stuck in a local opti-
mum since the boundaries are blurred and this displays
unclear boundaries with deprived visual effects.

The primary problems are not only lies in captur-
ing images, it also lies in processing the captured infor-
mation in a fast manner and disseminating them at any
instant of stated target classification and detection which
is estimated with their accuracy range [10]. The key tech-
nique for such issue which is associated to the target
recognition was thus to separate several mechanisms of
target by recognizing the one which is fascinating from a
residual one. The method of classification is still a com-
plex task and it is a valid concern for the detection of tar-
get satellite systems [11,12]. There are problems in rec-
ognizing target and clutter regions. Thus, it is a necessity
to consider these problems regarding the classification of
satellite image using an effectual approach.

This paper is systematized as follows. Section II
is the portrayal of several traditional techniques that
are prevailing. Section III offers a brief explanation
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regarding the overall work of the proposed methodology
and novel mechanism. Section IV is the performance and
comparative estimation of the proposed technique with
traditional ones. Section V concludes the entire work
objective.

II. RELATED WORKS

This section is a study of several techniques cur-
rently available. The author in [13] proposed Deep Con-
volutional Neural Network (DCNN) for the purpose of
classifying the targeted regions from the input images
with the utilization of convolution layers and without
fully connected layers. In [14], the author presented
an architecture that has limited training data that were
termed a deep CNN highway unit intended for target
classification in remote sensing images. The technique
presented was found to be better in attaining a targeted
region with a better range of specificity.

A target recognition model was presented in [15]
that has some additional features that were dependent on
CNN architecture with features for the remote sensing
images. The suggested CNN technique consists of two
steps. First is the extraction of features using max-pool
and average pooling functions. Then training was per-
formed with fully-connected layers. The suggested tech-
nique attains high recognition accuracy of about 94.38%
for about 10 classes in the military target’s detection in
the MSTAR dataset.

An automatic target detection of satellite images was
projected in [16] with the use of two kinds of machine
learning schemes which offers better classification accu-
racy. Primarily, the support vector machine (SVM) was
utilized along with a proper optimization approach for
developing a set of local features. Then, the novel struc-
ture of CNN was implemented and both methods were
analyzed with practical aspects.

A new technique of target recognition was suggested
in [17] for the purpose of target recognition using CNN.
Initially, from MSTAR datasets the targeted images are
classified with the use of CNN. Then, the features were
extracted from CNN output from convolution layer from
which the position of targets were located in the image
with the use of clustering and sampling approach. The
suggested technique not only comprehends detection of
target efficiently but also offers contented accuracy sim-
ilarly in classifier function.

A multi feature-based convolution neural network
(MFCNN) was presented in [18] for the recognition of
targets from input image. First, from the satellite images
the features were extracted. Then it was aggregated by
the complementary relations as a single column vec-
tor. Finally, the target was identified with the use of
fully connected networks. The suggested method has the
advantage that it has the capability to recognize targets of
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MSTAR dataset images accurately on comparing other
existing methods and was capable of offering informa-
tion regarding the pose.

A speckle-noise-invariant CNN was projected in
[19] along with regularization for decreasing the noise
present in image and so as to recognize targets from
images. Image despeckling was performed using Lee
sigma filter to extract features. Then, the targets were
recognized from the despeckled images using CNN
training. The suggested CNN along with approach of
regularization improves the recognition accuracy on
relating traditional methods.

A recurrent neural network (RNN) [20] was pro-
posed for automatic target recognition (ATR). Once elec-
tromagnetic waves from a radar incident on the targets,
scattering of the incident energy might rise and this scat-
tered signal was recognized as a target radar signature.
The anticipated RNN based technique offers an accuracy
of 93% in terms of classification.

Remote sensing image classification was a typical
application [21]. In an attempt to augment the remote
sensing image classifier outcomes, multiple classifiers
combinations were utilized for classifying the Landsat-8
Operational Land Imager (Landsat-8 OLI) images. Few
classifier techniques and algorithms combinations were
scrutinized. The combined classifier encompassing of
five classifiers adherent was made. The consequences
of member in both classifiers were evaluated. The vot-
ing strategy was examined to take part the classification
consequences of classifier member. The results exem-
plifies that the classifiers have unrelated performances
and the grouping of several classifiers brings enhanced
outcome on comparing the single classifier, thereby this
approach conquers overall higher accuracy of classifica-
tion. An approach was supported in [22] regrading the
flexible multiple-features hashing learning context which
is meant for LSRSIR which took several features that
were balancing as an input which acquires the function
of feature mapping hybrid approach [23].

A pre-trained convolution neural network (CNN)
was presented in [24] for ATR. The main shortcoming
of ATR was that there was an availability of only limited
datasets for training purposes and for this reason a deep
learning model was employed. The projected scheme
was dependent on employing a pre-trained CNN specifi-
cally AlexNet which was employed for feature extraction
and after which the output features were trained using
multiclass SVM classifier. The pre-trained network pro-
posed offers an accuracy of about 99.4% for three tar-
geted modules or classes.

An approach in [25] aims at tackling problems asso-
ciated with ATR. The suggested scheme depends on the
approach of transfer learning at which three varied CNN
that were pretrained are employed as feature extractors
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Fig. 1. Overall flow depiction of suggested scheme.

along with the integration of SVM. In this approach,
the suggested classifier models are AlexNet, Google Net,
and VGG16. On analyzing the performance, those three
CNNs were capable of competing the issues of ATR at
which AlexNet offers accuracy of about 99.27%.

A comparison was made in [26] among pre-trained
CNN and SVM for the recognition of target so as to
extract features and it was found that CNN offers bet-
ter accuracy than others. Since there were several tech-
niques employed for the classification and recognition of
target in satellite images, there is a need to enhance the
accuracy level so as to attain better detection of targets.

III. PROPOSED WORK
Our proposed methodology is explained briefly in
this section. The overall flow depiction of the suggested

hJ

Classified outcome

method is given in Fig. 1. A deep learning-based model
is implemented in this work for the better recognition
and classification of targets from the satellite images.
Initially, the input image is preprocessed, segmented
using Edge-ROI and YOLO v3 based segmentation at
which the parameter is tuned by means of multi-heuristic
tuna swarm optimization (MH-TSO) approach and was
classified using hybrid multivariate improved residual
network (ResNet) and U-Net classifier approach. The
stage of Edge-ROI segmentation and YOLO v3 based
segmentation is employed to extract regions. The pre-
processing is supported using median, average filtering
along with adaptive histogram equalization. A scheme of
deep learning-based multivariate improved residual neu-
ral network for classification of satellite images is pro-
posed.



A. Input image pre-processing

Once the input image is collected, preprocessing
is the initial and significant step for classifying satel-
lite images. The process of preprocessing is employed
so as to confirm the accessibility and reliability of the
input images. In this, every step is significant since it
aims at reducing the workload of further functions. This
preprocessing step is carried out with the use of filters,
histogram equalization techniques for detecting uninten-
tional errors which could impair the capability of arti-
facts to prevent noise in the image. The abnormality
areas are extracted from the satellite images. A non-
linear filtering system is termed as adaptive median filter
that is most widely employed in eradicating noise present
in image. The major benefit of this noise reduction pro-
cess is that it is an archetypal step to yield better perfor-
mance. Figure 2 shows the input image and noisy input
image.

Input Image Noisy Image

Fig. 2. Input image and noisy image.

This is the preliminary step of the suggested
approach which eliminates background noises. Salt and
pepper along with Gaussian noise will be present in satel-
lite images which should be removed to attain a high-
quality image. The preprocessing step is accomplished
to delete these redundant noises in the image. Unnec-
essary errors are identified by employing filtering and
histogram techniques. In this phase, the extracted noise
is filtered through an adaptive filtering technique which
is employed for the purpose of isolating noise from the
image and it acts as a non-linear optical filterer. A typi-
cal approach for noise eradication is carried for improv-
ing the efficiency of the system and thus to augment the
image contrast. Gaussian noise will be rectified by means
of adaptive Wiener filter (AWF). The filtering process
aids in offering bright and clear images. The use of this
AWEF aids in offering smooth and less variant images.

A non-linear spatial filter that is most widely
employed is the median filter which in turn replaces the
pixel values by the gray level medians in the desired
neighborhood of that pixel. The adaptive median filter is
a kind of statistic order since their response depends on
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pixel ranking of the image area covered by means of a
filter. It is widely employed since this offers reduction of
noise by blurring fewer edges. This noise reducing effect
depends on two major factors: number of noise pixels
involved in the computation of median and the spatial
extent of their neighborhood.

Normally, for augmenting the consistency of the
system, histograms are equalized. Histogram equaliza-
tion is regarded as the computerized process of enhanc-
ing the image contrast. The most significant values of
sensitivity are increased by this. The spectrum strength
of the image is widened. After this process the average
image contrast is augmented.

Let us assume q signifies the normalized histograms
for intensities that are all possible. This can be expressed
as:

q" = (number of pixels with x intensity /total number of

pixels), ey
where x =0, 1..., x-1.

Thus, the histogram equalized image is signified as:

b. .

L)

Hjj=base((x—1) ) p*. 2)
x=0

Here, base signifies the adjacent integer and is
equivalent in transforming the intensity of pixel. The
probability distribution function PDF of this is expressed
as:

NG =N /N @)

The probability distributed standardization function
can be signified as %—1;1

At the time of preprocessing, the grayscale chan-
nel is blocked. Usually, the poor contrast image appears
with satellite objects. The process of preprocessing is
employed for augmenting the greyscale channel’s con-
trast. Histogram equalization is a technique employed for
escalating the image contrast and is followed by growing
usual values of intensity effectively. This is expressed as:

histogram equalization (q) =intensity sum of the pixel/

pixel average number.
“)
This approach not only enhances image quality but
also augments the performance of the system.

B. Edge-ROI and YOLO-V3 based segmentation
approach for extraction of regions

Detection of boundaries in the image border is car-
ried out in this step. Understanding the characteristics of
image edge detection is the most crucial step since edges
comprise significant and necessary information and fea-
tures. An image size is reduced considerably after filter-
ing process so as to retain indispensable functional prop-
erties of an image. Typically, edge detection is employed
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for extracting boundaries or edges of image and is exten-
sively used in image segmentation process. In the ini-
tial derivatives of the image, edges are sensed by gradi-
ent approach at which the edges are minimal. For this
reason, suitable thresholding is employed to attain sharp
edge isolation. Region of Interest (Rol) is evaluated that
is divided to compute dimensions at which target edges
will be extracted from the desired region. Figures 3 and
4 show the segmented image at frame 0 and frame 30.

The approach of segmentation determines whether
the neighbor of the region should be included or not.
A regional mechanism is employed for combining the
sub regions or pixels as bordered areas. A pixel aggrega-
tion is the simpler one which begins with collection of
seed point from grown regions once the neighbor pixel
has same features which will be attached to every seed
points. This is expressed as:

seg,mg result at frame: 0

Zero level contour at frame: 0

250 250

Fig. 3. Segmented image at frame 0.

segmg result at frame: 30

Zero level contour at frame: 30
B e

250 250

Fig. 4. Segmented image at frame 30.
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ROISegmentation:Z’F{ri‘j}.EQ2 Vs (Lth) ,M.logci-l-}// cidx,
&)

where ROISegmentation refers to region of interest seg-
mentation, velocity gradient is represented by Vo,
L;,L; denotes the lower and higher pixel values of
image, M signifies pixel numbers block of the image,
log,, denotes the image’s spatial size, y signifies the
image’s frequency coefficient, c; denotes the pixel dis-
tance.

The image frequency co-efficient is thus tuned by
means of MH-TSO technique. The optimal features
selection thus enhances the segmentation outcome. The
optimal range of features are thus selected using MH-
TSO algorithm.

Initial step is the spiral foraging model at which
tuna will swim once it is nursed thus forming spiral
ones for derivation of shallow water feed which is sim-
ply attacked. Next step is the parabolic foraging at which
corresponding tuna thus swims subsequently making a
parabola shape for enclosure of its prey. Using these
techniques, tuna forage successfully. Mathematical mod-
eling of this optimization technique is:

¥ =rand.(ub—1b)+1b,  i=12,...,NP, (5)
where yﬁ" refers to the ith initial individual, ub and [b
are the upper and lower boundaries of search space, NP
refers to the number of tuna population and rand signi-
fies the random vector which is uniformly distributed and
ranges from O to 1.

The anticipated mathematical modelling of spiral
foraging is:
yﬁ“ _

{ al'(ytmnd—i_ﬁ"ytmnd_y?‘)—i_az‘y:" i=1
o (ytrand+ﬁ‘ |ylrand_y§|) +062.y:~_1, i= 2737"'7Np’
(6)
where y! . signifies the reference point which is ran-
domly generated at search space. Specifically, typical
algorithms that are metaheuristic might transmit wide
global exploration at a previous stage and then transfer

to exact local exploitation slowly.

The anticipated mathematical
parabolic foraging is:
t+1

modelling of

Yi
Vioor +1and. (y’best —yﬁ-) +TF.p>. (yzest —yé) , if rand < 0.5
TF.p*y,, if rand >0.5
@)
¢ (t/tmax)
p= (1 - > ) 3
tmax

where TF refers to the random number having the value
1 or -1. The tuna hunt cooperates over two approaches of
foraging and identifies the prey.

Deep learning-based YOLO v3 is employed for the
segmentation process to get accurate segmented regions.



Typical versions of YOLO do not have localization error
resolution. The newer version of this was not capable of
identifying the smaller objects. YOLO v3 is designed
for handling the existing limitations and thus offers an
enhanced output during testing phase. Version 3 offers
enhanced outcome for small size objects. It does not
offer precise output for huge objects. The YOLO v3
architecture depends on Darknet-53 strategy that utilizes
3x3 and 1 x 1 convolutional filters having scarce shortcut
connections with 53 convolution layers which is twice
as fast as ResNet-152. YOLO v3 is stimulated through
Feature Pyramid Network (FPN) that covers heuristics
like up-sampling, residual blocks and skip connections.
It provides Darknet53 as a ground network, that inte-
grates 53 more layers to detect objects more easily.
Like FPN, YOLO v3 utilizes 1x1 convolution to detect
objects. Feature maps are produced at three different lev-
els. It down samples the input by a factor of 32, 16
and 8 at three varied levels. On employing a stride of
32, in the 82nd layer the result tensor is 13 x 13 fea-
ture map which is used to detect with the help of 1x1
convolution. After applying a stride of 16, the detection
is done after the 94™ layer. Adding some convolutions
on the 79" layer is done and then combined with 61%
layer on 2x upsampling to get a 26x26 feature map. After
applying a stride of 8, detection is made in the 106™
layer with the help of 52 x 52 feature map. Some con-
volutions are combined to 91% layer and then integrating
with the 36™ layer with the help of 1x1 kernel, the down-
sampled feature maps are integrated with the up-sampled
maps at various locations to get fine grained features to
detect the smaller objects of different sizes. The varied
feature maps 52x52, 2626, and 13x13 are employed
for detecting huge, medium, and smaller objects corre-
spondingly.

C. Classification using hybrid multivariate improved
ResNet and U-Net classification

A ResNet and U-Net classifier is employed in this
section after the segmentation process. The satellite
image is recognized and is classified so as to recog-
nize areas of vegetative lands from the input satellite
images. This is the method employed for pre-trained con-
volution. CNN permits the valuation of inconsistencies
among one or two objective variable quantity and one or
both of them. The hybrid multivariate improved residual
network and U-Net classifier offers a likelihood and the
statistical distributions are usable. First, CNN reads the
input thereby performing a resizing operation by measur-
ing class likelihoods of validation phase. CNN in scrips a
substantial development in the analysis and identification
of images.

A hybrid multivariate improved ResNet and U-
Net classifier is well-organized in the following layer
forms: Convolution layers, Pooling layers, ReLU lay-
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ers, Fully connected layers. This has predetermined pre-
processing procedures, taking into consideration other
images for classification purposes. This hybrid multivari-
ate improved ResNet and U-Net classifier is employed
for several determinations in many fields.
Hyperparameter selection is done manually or auto-
matically. In this model, manual selection is carried out
due to the highly complex nature and computational
cost of the automatic models. The dataset is evaluated
by the suggested ResNet classifier model by employing
an optimization approach. The hyperparameters that are
needed for estimating the model parameters are hidden
layers, activation functions, data augmentation, kernel
size, padding, and stride. The hyperparameters that are
employed for controlling the training algorithm behavior
are learning rate, batch size, momentum, and number of
epochs. In this model, batch normalization is employed
after the convolution layer and before the activation
function. This technique is employed with suitable opti-
mizer like stochastic gradient descent (SGD) optimizers
at which learning rate and weight decay of ResNet sys-
tem provides an improved stage of final trainings and
validation accuracy that overcomes issue of overfitting
thereby reducing the computational complexity of train-
ing process. Hyperparameter tuning parameters for the
presented ResNet system are shown in Table 1.

Table 1: Hyperparameter tuning parameters for the pre-
sented ResNet system

Hyperparameter Value
Batch size 128
Epochs 200
Rate of learning 0.04
Momentum 0.9
Weight decay 5e~*
Drop out fully 50%
connected
Optimizer Stochastic gradient descent
Activation function ReLU

This classifier makes it possible to estimate the
inconsistency among one or more of the variables. The
multipath improved ResNet classifier estimates the prob-
abilities. In this method, the classifier will initially calcu-
late, redistribute, and then interpret the class probability
of the image:

Fea =det[p] —k (classify (N))?, )
where Fea signifies the feature, p denotes the pointed fea-
ture. The following expressions are made:

det [p] =B B2, (10)

classify (p)=p1 B2, (11)

where B B, represents the features classified. The CNN
classification was concluded as:
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Fea = BiB2—L(Bi+ B,), (12)

where L is the empirical constant.

Algorithm 1: Multivariate network

classification

improved-residual

Input: Feature selected and extracted-processed image &,
Output: Classified image ).

Convolution layer
Sample’s data feature vector 1s
F; = |F,, Fs, ..., F,] where » is the number of input features.
The output results are computed
.
convy = Fun,(B, + z WEnED=T
m=1

Where convl is convolution feature map of the K" layer and
uth feature map.

Funy(.) 1s activation function for the convolution layer.

B, is bias term of the u™" feature map.

th th

wt] 1s weight for the u™" feature map and m*" filter index.
T is the kernel / filter index.
K is the layer index.

Max-pooling layer:

The pooling of a feature map in a layer

K
iueP5+w)

PR &1:% (C
where W, is the pooling window size and
P, is the pooling stride
Residual block:
The activation of this gate is calculated by
Fun, = S;(wt**°[F,, blk,_,,mem,_;] + B,)
where F, is the input feature vector.
blk,_, is the previous block output.
mem,,_, is the previous block memory.

M"r'l)Gﬂ
denotes separate weight vectors of each feature vector.

S, is logistic sigmoid function.
B, is bias vector for the feature map.

The output gate is the section at which the current block
output is being generated.

mem,, = F,, * mem,,_,tanh([l,, blk,_,,mem,_,]1+ B,)
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where B, is the bias results for convolutional layer.
S, = a(wt¥*¢[E,, blk,_,,mem,]) + B,
blk, = 5;.tanh (mem,,)
where blk,, is the current block output and

B, is bias vector.

U-Net architecture comprises a constricting growing
lower side and upper side. The constricting side consist
of two 3x3 convolution layers intended for the iterative
model. These two convolutional layers are the modified
U-Net layer, and the down sampling layer has a func-
tion of 2x2 extreme pooling with two steps. The count
of channel attributes becomes twice in every down sam-
pling step. At the growing path, every step comprises
of upsampling attributes that are tracked through a 2x2
convolution layer which in turn halves the counts of
attributes. Finally, the block of 1x1 convolution is thus
employed for mapping the sets of 64 attributes vectors
for the class number. Moreover, normalization is added
to the input layer at the actual U-Net structure. It was
assured that input data dispersion at each layer is sta-
ble at the time of input normalization. The entire data is
utilized to learn the full convolution through the compu-
tation of feed forward and the back propagation process.

Algorithm 2: Deep U-Net algorithm for prediction

Optimize threshold value using gradient descent that

increases Jaccard Index
Step 1 : For each sample data, optimization takes place:
Input sample data = 1800
Convert input sample data to pre-processed data=Pre_data
D_orig = D channel of Pre_datav
Normalize D_orig values between 0 and 1
Employ equalization to D channel of Pre_data
Train_data [channel 0,1,2] = convert pre —
processed data into sample data
Train_data [channel 3] = D_orig
Add Train data to sample set
Step 2: Train U — Net with10000 repetitions
Chosen from the 7200 sample data
Step 3 : Set threshold value as 0.5
Step4 : For each 1800 sample data
Prediction of targeted region
Employ bin fill
threshold limit is used to
obtain the relevant product

Step 6 : Employ bin fill

Classification is performed using hybrid multi-
variate improved ResNet and U-Net classifier. As a result
of the classification process, vegetative land covers are



identified effectively. The performance investigation of
the anticipated system is revealed in the performance
analysis section.

IV. PERFORMANCE ANALYSIS
This section is the presentation of comprehensive
elucidation of the performance analysis of the pro-
jected system. The proposed methodology performance
is enumerated by calculating several metrics of perfor-
mance including accuracy, specificity, precision, recall,
F-measure and sensitivity.

A. Accuracy
Accuracy A; depends on the number of targets that
are classified correctly and is evaluated by:
TP+TN
- TP+TN+FP+FN’
where TP is True Positive, TN is True Negative, FP is
False Positive, FN is False Negative.

13)

i

B. Recall sensitivity
Sensitivity measures how many positives are cor-
rectly identified as positives and is defined as
TP

=" 14
" TP+FN (14

C. Specificity
Specificity measures how many non-targets are cor-
rectly identified as non-targets and is defined as
TN

Sy=— . 15
P TN+FP as)

D. Precision

Precision is defined as the ratio of the number targets
that are classified to the number of targets present in an
image

TP
Precision = ———. (16)
TP+FP

E. F-Measure

F-Measure is obtained by combining precision and
recall

2 % [Sion )
F — measure = pre'c.lszon reca . (17
precision+ recall

The datasets employed in this work are listed below.

F. Dataset description

1. Indian Pines

This is the segmentation of hyperspectral image
dataset. The input source data encompasses of hyper-
spectral bands over a sole scenery in Indiana, USA
(Indian Pines) dataset that has pixels of about 145x145.
In support of each pixel, data set encompasses of bands
with spectral reflectance of around 220 which indicates
several portions of electromagnetic spectrum in the range
of wavelength 0.4—2.5-107°,
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2. Salinas

Denoted as the dataset of hyperspectral image which
is gathered through 224-band AVIRIS sensor over the
Salinas Valley, California, and is characterized over high
spatial resolution (about 3.7-meter pixels). The enclosed
area encompasses of 512 lines having the sample of
around 217, and the water absorption bands of about 20
were being discarded. This image is being accessible as
the data of senor radiance and it includes bare soils, veg-
etables, and vineyards fields. The ground truth Salinas
encompasses of 16 classes.

3. Pavia University

The dataset Pavia University is a hyperspectral
image type which is accumulated by a labelled sensor
as a system of reflective optics imaging spectrometer
(ROSIS-3) over Pavia City, Italy. It encompasses of pix-
els 610x340 by 115 spectral bands. The image is thus
divided as nine classes having total labelled samples
of about 42,776, with trees, meadows, gravel, bitumen,
asphalt, bare soil, brick, metal sheet, and shadow.

G. Performance analysis of suggested system

Denoised Image

§

Fig. 5. Denoised image.

Performance assessment of the anticipated result is
revealed in Fig. 5. This shows the denoising process
effect on the input image. Likewise, Fig. 6 indicates the
segmentation outcome obtained as a result of the effec-
tive segmentation process by varying the level of itera-
tions. The range of iteration set are 100, 200, and 500.

The segmented outcome with various iteration val-
ues (100, 200 and 500) is shown. Figure 7 is the seg-
mented outcome attained for 100 iterations. Figure 8
is the segmented outcome attained for 200 iterations.
Figure 9 is the segmented outcome for 500 iterations.

Classified outcomes are illustrated in Fig. 10 which
is assessed for the dataset Salinas. The identified and
classified regions from the satellite image Salinas dataset
is revealed. Each color signifies one parameter or area
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Segmented image result

segmented Image (lteration=500)

Fig. 6. Segmented outcome.
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Fallow_Smooth
Stubble
Celery
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Fig. 7. Segmented image at iteration 100. Lettuce_romaine_6wk

Lettuce_romaine_Twk

Vinyard_untrained

segmented Image (lteration=200)

Vinyard_verticles_trellis

Fig. 10. Classified outcomes for Salinas dataset.

Asphalt
Meadows
Grave/

Trees
Painted Metal Sheets
Fig. 8. Segmented image at iteration 200. Bare_Soil

Bitumen

. . . . . . Self Blocking Bricks
of vegetative land categorization. The categorization is

labelled in Fig. 10 for clarity.

The portrayal of classified consequence for Pavia
University dataset is projected in Fig. 11. The recognized
and classified regions from the satellite image Pavia Uni-
versity dataset are exposed. Each color indicates one
parameter or area of different vegetative land category.
The categorization is labelled in Fig. 11 for clarity.

The representation of classified result for Indian
Pines dataset is given in Fig. 12. The classified and rec-
ognized regions from the satellite image Indian Pines Fig. 11. Classified outcomes for Pavia University dataset.

Shadows




Alfalfa
Corn=notil
Coro-min

Corn
Grassipasture
Grass-trees
Grass-pasure-mowed
Hzy-windrowed
Oais
Soybeans-notill

Soybeans-min
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Wood
Buildings_Grass_trees_drives

Stone_Stee!_tower
Fig. 12. Classified outcomes for Indian Pines dataset.

dataset are given. Each color implies one parameter or
area of vegetative land categorization. The categorization
is labelled in Fig. 12 for clarity.

Table 2 illustrates performance investigation of
anticipated methodology in terms of PSNR, SSIM, MSE,
NCC and IEF.

H. Comparative analysis of proposed system

The classifier function is estimated and the out-
comes for each dataset taken are given and the outcome
is compared with existing algorithms for exposing the
efficiency of proposed system. Table 3 shows the Sali-
nas dataset performance analysis. The epochs are varied
and the activation function is increased to estimate the
outcomes of proposed system classifier.

Table 4 shows the Pavia University dataset perfor-
mance analysis. The epochs are varied and the activation
function is increased to estimate the outcomes of pro-
posed system classifier.

Table 5 shows the Indian Pines dataset performance
analysis. The epochs are varied and the activation func-
tion is increased to estimate the outcomes of proposed
system classifier.
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Table 3: Salinas dataset performance analysis

Salinas Dataset

Epochs 50 150 250 350
Activation
Function
Tanh 98.75 | 98.16 | 99.32 | 99.78
Leaky ReLU | 97.12 | 97.28 | 97.34 | 98.91
ReLU 96.27 | 96.39 | 96.51 | 96.36

Table 4: Pavia University dataset performance analysis

Pavia University Dataset

Epochs 50 150 250 350
Activation
Function
Tanh 96.24 | 96.75 97.36 | 97.28
Leaky ReLU | 95.87 | 95.48 95.37 | 96.71
ReLLU 94.25 | 94.58 94.68 94.12

Table 5: Indian Pines dataset performance analysis

Indian Pines Dataset

Epochs 50 150 250 350
Activation
Function
Tanh 91.72 | 91.57 | 92.38 | 92.66
Leaky ReLU 90.28 | 91.24 | 92.34 | 93.51
ReLU 91.45 | 92.35 | 92.68 | 93.11

Table 6 shows the comparative analysis of proposed
system classifier result. The performance of projected
algorithm is related with prevailing performances like
Deep CNN, VGG-16, and ResNet-50 to demonstrate the
effectiveness of anticipated mechanism hybrid multivari-
ate improved ResNet-50 and U-Net classifier. The classi-
fier’s elapsed time is 54.064668 sec, OA (total accuracy)
is 72.91%, AA (average accuracy is 89.83%), and kappa
value is 0.684.

Table 6: Comparative analysis of proposed classifier out-
come

Measures | Deep |VGG-16| ResNet- Hybrid
Table 2: Performance analysis of proposed system error CNN 50 Niultlvarlate
mproved
measure ResNet-50 and
Measure Proposed U-Net
Method Accuracy | 84.6579 | 87.9083 | 91.1588 | 96.0345
Peak signal to noise ratio (PSNR) 46.4019 Sensitivity| 5.6000 | 7.0000 | 9.3333 18.6667
Mean Square Error (MSE) 1.2202 Specificity| 100 100 100 100
Structure Similarity Index (SSIM) 0.999 Precision 100 100 100 100
Normalized Cross Correlation (NCC) 1.003 Recall | 5.6000 | 7.0000 | 9.3333 18.6667
Image Enhancement Factor (IEF) 09717 F-Measure| 0.1061 | 0.1308 | 0.1707 0.3146
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The performance of projected algorithm is com-
pared with existing techniques like OF (original spec-
tral feature), PCA (principle component analysis), and
SF (sparse feature) [27] in Fig. 13 to demonstrate the
effectiveness of anticipated mechanism for varied classes
in terms of accuracy for Pavia University dataset.

The performance of the projected algorithm is com-
pared with existing techniques like OF, PCA, and SF
in Fig. 14 to demonstrate the effectiveness of the antic-
ipated mechanism for varied classes in terms of OA,
kappa, and AA for Pavia University dataset.

The performance of the projected algorithm is com-
pared with existing techniques like OF (original spec-
tral feature), PCA (principle component analysis), and
SF (sparse feature) in Fig. 15 to demonstrate the effec-
tiveness of the anticipated mechanism for varied classes
in terms of accuracy for the Salinas dataset.

Pavia Dataset
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Fig. 13. Comparative analysis of accuracy for Pavia Uni-
versity dataset.
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Fig. 14. Comparative analysis for Pavia University
dataset in terms of OA, kappa, and AA.
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Fig. 15. Comparative analysis of accuracy for Salinas
dataset.

The performance of the projected algorithm is com-
pared with existing techniques like OF, PCA, and SF in
Fig. 16 to demonstrate the effectiveness of the antici-
pated mechanism in terms of OA, kappa, and AA for
Salinas dataset.

The performance of the projected algorithm is com-
pared with existing techniques [28] like TSVM, LGC,
LPA, LPACC, SS-CNN, consistency regularization and
pseudo-labelling in Fig. 17 to demonstrate the effec-
tiveness of the anticipated mechanism in terms of OA,
kappa, and AA for Indian Pines dataset.

The performance of the projected algorithm is
compared with existing techniques like TSVM, LGC,
LPA, LPACC, SS-CNN, consistency regularization, and
pseudo-labelling in Fig. 18 to demonstrate the effec-
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Fig. 16. Comparative analysis for Salinas dataset in terms
of OA, kappa, and AA.
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Fig. 17. Comparative analysis for Indian Pines dataset in
terms of OA, kappa, and AA.
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Fig. 18. Comparative analysis for Salinas dataset in terms
of OA, kappa, and AA.

tiveness of the anticipated mechanism in terms of OA,
kappa, and AA for Salinas dataset.

The performance of the projected algorithm is
compared with existing techniques like TSVM, LGC,
LPA, LPACC, SS-CNN, consistency regularization, and
pseudo-labelling in Fig. 19 to demonstrate the effec-
tiveness of the anticipated mechanism in terms of OA,
kappa, and AA for Pavia University dataset.

The accuracy of the existing model is compared with
the proposed accuracy in Table 7, which shows enhance-
ment over other compared models [29,30]. The accuracy
of the proposed model is attained as 99.8050%.

Table 8 shows the performance comparison of vari-
ous models on the Indian Pines dataset. The metrics ana-
lyzed are OA, AA, and kappa for proposed and exist-
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Fig. 19. Comparative analysis for Pavia University
dataset in terms of OA, kappa, and AA.

Table 7: Accuracy comparison with existing models

Model Accuracy
Deep CNN 88.412

VGG-16 90.9150
ResNet-50 92.5727
MS-RPNet 99.6500
MFFCG 98.9400
Proposed 99.8050

ing schemes MS-RPNet and MFFCG-2 [29,30]. The pro-
posed model shows the following results: OA=99.38%,
AA=99.06%, and kappa=99.78%, which is higher than
existing values.

Table 9 shows the performance comparison of var-
ious models on the Pavia University dataset. The met-
rics analyzed are OA, AA, and kappa for proposed and
existing schemes MS-RPNet and MFFCG-2. The pro-
posed model shows the following results: OA=99.87%,
AA=99.86%, and kappa=99.73%, which is higher than
existing values.

Table 10 shows the performance comparison of var-
ious models on the Salinas dataset. The metrics analyzed
are OA, AA, and kappa for proposed and existing scheme
MFFCG-2. The proposed model shows the following

Table 8: Performance comparison of different models on
Indian Pines dataset

Metrics MS-RPNet | MFFCG-2 | Proposed

OA (%) 98.8700 94.2500 99.3800

AA (%) NA 93.9900 99.0600
kappa (%) 98.0500 93.2900 99.7800
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Table 9: Performance comparison of different models on
Pavia University dataset

Metrics | MS-RPNet MFFCG-2 | Proposed

OA (%) 99.7600 90.3400 99.8700

AA (%) NA 94.1400 98.8600
kappa (%) 99.6800 93.5200 99.7300

Table 10: Performance comparison of different models
on Salinas dataset

Metric MFFCG-2 Proposed

OA (%) 87.1700 98.6700

AA (%) 86.4900 99.0500
kappa (%) 85.1600 99.7100

results: OA=98.67%, AA=99.05%, and kappa=99.71%,
which is higher than existing values. From analysis, it
was obvious that the proposed model shows enhance-
ment over other existing models.

V. CONCLUSION

In this approach, a deep learning-based automated
technique for the detection, segmentation, and classifica-
tion of satellite images was carried out. Initially, the input
image was preprocessed, segmented using Edge-ROI and
YOLO v3 model at which parameters are tuned by means
of multi-heuristic tuna swarm optimization (MH-TSO),
and was classified using hybrid multivariate improved
residual network and U-Net classifier approach. The
analysis was compared with traditional methods to vali-
date the effectiveness of the proposed scheme. The pro-
posed technique performance is estimated for three kinds
of dataset: Salinas, Pavia University, and Indian Pines
satellite image datasets. The analysis shows that the pro-
posed system offers better rate of recall, precision, and
F-measure than existing techniques. The outcomes show
that the designed method overcomes the issues of exist-
ing satellite image classification methods through classi-
fying the satellite image in an effective manner. In future,
this work can be extended by integrating attention mech-
anisms or transformer based models to further improve
feature representation, and also by applying this frame-
work to other domains like urban planning, agricultural
monitoring, and disaster assessment for evaluating their
broad applicability.
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