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Abstract

Impenetrable surface has been perceived as a critical marker in evaluating metropolitan
conditions. Nonetheless, precise impenetrable surface extraction is as yet a test. Adequacy of
impenetrable surface in metropolitan land-use grouping has not been all around tended to.
This paper investigated extraction of impenetrable surface data from Landsat Enhanced
Thematic Mapper information dependent on the reconciliation of part pictures from direct
ghastly combination examination and land surface temperature. Another methodology for
metropolitan land-use characterization, in light of the joined utilization of impenetrable
surface furthermore, populace thickness, was created. Five metropolitan land-use classes (i.e.,
low-, medium-, high-, and extremely focused energy neighborhoods, and
business/modern/transportation utilizes) were created in the city of Indianapolis, Indiana,
USA. Results showed that the incorporation of division pictures and surface temperature gave
generously worked on impenetrable surface picture. Precision evaluation demonstrated that
the root mean-square mistake and framework blunder yielded 9.22% and 5.68%, individually,
for the impenetrable surface picture. The general arrangement precision of 83.78% for five
metropolitan land-use classes was obtained.
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1. Introduction

Land surface identification is a major use case in metropolitan cities. Exact identification of locality,
identification of beach, river, parks. Building etc. provides a major advantage to plan some good initiatives
for making the metropolitan cities more organized and less crowded. The ecosystem of various places can
also be managed with proper understanding of cities with proper categorization. Machine Learning (ML)
techniques and ML based models can help to solve this major issues. The image datasets of various
locations of a city can help to analyze the ecosystem of that city and it can be helpful for the government to
take some good initiative for betterment of urban lifestyle. Digital Image Processing (DIP) [3] with a basic
knowledge of computer vision and 10T can help to solve this issue in metropolitan cities. There are many
machine learning algorithms those are very useful in this use case. Land surface identification require the
combination of many advanced IT based technologies including Internet of Things (loT), Image
Processing, Computer Vision, Deep Learning etc. Some of the main ML algorithms used for this problem

ACT’22: Workshop on Advances in Computation Intelligence, its Concepts & Applications at ISIC 2022, May 17-19, Savannah, United
States

EMAIL: hkshitesh@gmail.com (A.1); tanupriyal986@gmail.com*, (A.2); sachinandan09@gmail.com (A.3);
anilgrcse@gmail.com (A.4); rohinaruna@gmail.com (A.5)

ORCID: 0000-0001-6816-0324 (A. 1); 0000-0002-9826-2759 (A. 2); 0000-0002-4939-0797 (A. 3); 0000-0002-4256-5873 (A. 4); 0000-

0001-5809-7317 (A. 5)
© 2020 Copyright for this paper by its authors.
Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

CEUR Workshop Proceedings (CEUR-WS.org)

227


mailto:hkshitesh@gmail.com
mailto:tanupriya1986@gmail.com
mailto:sachinandan09@gmail.com
mailto:anilgrcse@gmail.com
mailto:rohinaruna@gmail.com

set are Support Vector Machine (SVM), Random Forest Classifier. Any of the two Supervised and Un-
Supervised learning algorithms can be used in this use case.

In this research work, we have used two widely used and popular algorithms named as Support Vector
Machine and Random Forest Classifiers. The dataset has been passed to both the algorithmic model and
results has been compared.

2. Data Set

Paragraph text Land Use Dataset provided by UC Merced in October 28 [14]. This dataset has 21
different land use classes and it is generated by UC Merced for researchers [14]. Each Class contains 100
images and each image contain a size of 256X256 pixel dimensions. Each image measures 256x256 pixels.
These images are captured from many different areas of Urban Area of USGS National Map Imagery
from different locations of the country. The pixel resolution of this public domain imagery is 1 foot. The
dataset contain diversity in type of images. The dataset contains images of river, beaches, mountains,
building, roads etc. The images are captured with a quality device. In figure 1, we have shown some
sample images from the dataset.

Figure 1. Image with Edges, Colored, Blurred, & Sharp
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3. Dataset Standardization

An Image generator is created to standardize the input images. It is used to adjust the images in such way
that the mean of pixel intensity will be zero and standard deviation will become 1. The old pixel value of
an image will be replaced by new values calculated using following formula. In this formula each value
will subtract mean and divide the result with standard deviation.

The formula is given in the equation (Equation 1) as under:-

Xi=——......... (Equation 1)

The pixel intensity is ranging from 0.0 to 1.0. In this case, the mean will never be zero and standard
deviation will never be 1. To eliminate this problem above standardization formulation is applied on each
pixel value and resultant values after application has used for the work.

4. Proposed CNN Model
4.1. Convolutional Neural Network (CNN)

CNNs are necessary to numerous PC vision applications, for example, object discovery and arrangement.
Generally, CNNs [4] are comprised of a few unique sorts of layers consecutively linked together. The two
fundamental kinds of layers, the convolutional layer and the completely associated layer, make up an
enormous piece of the CNN design (Fig. 2).
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Figure 2: CNN Architecture

In the convolutional layer, the convolution activity is performed between the information and the learned
convolutional loads. In the completely associated layer, network augmentation is performed between the
element framework and the learned component weight grid. There are likewise different tasks required, for
example, applying a non-direct initiation work like corrected straight units (ReLUSs) to the yield of a layer,
and a pooling layer, for example, greatest or normal pooling, to decrease the component map size [5][8].
CNN is a deep learning algorithm. It is a type of a neural network which is usually applied to 2D images
dataset. A convolutional neural network (CNN) is a deep learning algorithm. A CNN contains multiple
layers, a basic neural network [12] consists of three layers i.e input layers, hidden layers, and output layers,
each layer consists of neurons. A CNN takes images as input adds weights and biases to them. The upper
hand for using CNN over other learning algorithms is that it can extract important features from the images
without any human assistance, for example, if we want to detect images containing skin cancer it can
detect the important features to distinguish from a cancerous skin mole to a non-cancerous skin mole it can
detect the important features itself, and the main edge that it has over other learning algorithm is its

efficiency and accuracy. [13].
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Figure 3. Example of Convolutional Neural Network.

There are five different layers in a CNN (Fig. 3)

1. Input Layer (Layer 1)

2. Convolutional Layer (Layer 2)

3. Max Pooling Layer (Layer 3)

4. Logistic/Softmax Layer (Layer 4)

5. Classification/Prediction/ Output Layer (Layer 5)

Convolution

Pooling_/__,f-—""—r

Fully
Connected

Feature Extraction
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Figure 4: Different layers of Convolutional Neural Network.

The first layer of a CNN is the input layer which has the images and patterns [2] in the form of a matrix
and each value of the matrix denotes a pixel and its value depending on the RGB color that pixel has which
are further processed to the further layers (figure 4). Convo layer if the feature extraction layer in a CNN it
extracts the important features of the images, convo layers contains activation functions such as RELU
(changes all the negative value to 0). The pooling layer or the filter layer is very important to make the
computation fast, it is used between each convo layer, it reduces the spatial volume in the images thus
making the computation faster. The softmax or the logistic layer is used at the end of the neural network
depending on the classification [6] we want in our model, if we need binary classification then we use a
logistic function and for multiclassification. we have used softmax function (Fig. 5). The output layer is
the end of the neural network which provides the value that we need for classification. The second CNN

model has been described in Fig. 6.
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Figure 5: Filter layer breakdown in a CNN Model.
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input: | (None, 78, 78, 64)
conv2d_30: Conv2D | float32
- output: | (None, 78, 78, 128)
2d 31 Conv2D | float32 input: | (None, 78, 78, 128)
ConVEd_ S oMV | oA I Utput: | (None, 78, 78, 128)
i
lina2d 27: MaxPoolina2D | float32 input: | (None, 78, 78, 128)
max_poolin : MaxPoolin oa
-pooling=c_ g output: | (None, 39, 39, 128)
input: | (None, 39, 39, 128)
conv2d_32: Conv2D | float32
- output: | (None, 39, 39, 256)
input: | (None, 39, 39, 256)
2d_33: Conv2D | float32
conved_2s: Lonvel | ToatEe I utput: | (None, 39, 39, 256)
input: | (None, 39, 39, 256)
conv2d_34: Conv2D | float32
- output: | (None, 39, 39, 256)
/
) i input: | (None, 39, 39, 256)
max_pooling2d_28: MaxPooling2D | float32
output: | (None, 19, 19, 256)
input: | (None, 19, 19, 256)
2d_35: Conv2D | float32
conved_ss: Lonvel | Toatse I Utput: | (None, 19, 19, 512)
input: | (None, 19, 19, 512)
conv2d_36: Conv2D | float32
output: | (None, 19, 19, 512)
i
input: | (None, 19, 19, 512
conv2d_37: Conv2D | float32 npy (None )
- output: | (None, 19, 19, 512)
/
input: | (None, 19, 19, 512
max_pooling2d_29: MaxPooling2D | float32 npY (None )
output: (None, 9, 9, 512)
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input:

(None, 9, 9, 512)

conv2d 38: ConvZD | float32
- output:

(None, 9, 8, 512)

input;

(None, 9, 9, 512)

convZd_39: Conv2D | float32

output:

(Nene, 9, 9, 512)

input:

(Neone, 9, 9, 512)

conv2d_40: Conv2D | float32

output:

(None, 9, 9, 512)

input: | (None, 9, 9, 512)

max_pooling2d_30: MaxPooling2D | float32

output:

flatten_6: Flatten | float32 input: | (None, 4, 4, 512)
output: | (None, 8192)
|
input: | (None, 8192)
dense 14: Dense | float32
- output: | (None, 4096)

input: | (None, 4096)

dropout_24: Dropout | float32

output: | (None, 4096)

input:

(None, 4096)

dense_15: Dense | float32

output:

(None, 4096}

dropout_25: Dropout | float32

input: | (None, 40986)

output: | (None, 4096)

dense_l6: Dense | float32

input;

(None, 4096)

output:

(None, 21)
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. input: | [(None, 226, 226, 3)]
separable_conv2d_56_input: InputLayer | float32
output: | [(Nene, 226, 226, 3)]
¥
input: (None, 226, 226, 3)
separable_conv2d_56: SeparableConv2D | float32
output: | (None, 224, 224, 32)
Y
- L input: | (None, 224, 224, 32)
batch_normalization_9: BatchNormalization | float32
- - output: | (None, 224, 224, 32)
. . input: | (None, 224, 224, 32)
max_pooling2d_33: MaxPooling2D | float32
output: | (None, 112, 112, 32)
¥
input: | (None, 112, 112, 32)
separable_conv2d_57: SeparableConv2D | float32
output: | (Nene, 110, 110, 64)
¥
input: (None, 110, 110, 64)
separable_conv2d_58: SeparableConv2D | float32
output: | (None, 108, 108, 128)
Y
input: | (None, 108, 108, 128)
dropout_28: Dropout | float32
output: | (None, 108, 108, 128)

¥

Figure 6: CNN Model 2

. . input: | (None, 108, 108, 128)
max_pooling2d_34: MaxPooling2D | float32
output: | (None, 54, 54, 128)
Y
input: | (None, 54, 54, 128)
separable_conv2d_59: SeparableConv2D | float32
output: | (None, 52, 52, 128)
Y
input: | (None, 52, 52, 128)
separable_conv2d_60: SeparableConv2D | float32
output: | (None, 50, 50, 128)
Y
input: | (None, 50, 50, 128)
dropout_29: Dropout | float32
output: | (None, 50, 50, 128)
h 4
. . input: (None, 50, 50, 128)
global_average_pooling2d_9: GlobalAveragePooling2D | float32
output: (None, 128)
input: (None, 128)
flatten_7: Flatten | float32
- output: | (None, 128)
input: (None, 128)
dense_17: Dense | float32
output: | (None, 256)

dropout_30: Dropout

float

32

input: (None, 256)

output: | (None, 256)

)

dense_18: Dense
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4.2. Dataset Specifications

This dataset has 21 different land use classes and it is generated by UC Merced for researchers [14]. Each
Class contains 100 images and each image contain a size of 256X256 pixel dimensions. Each image
measures 256x256 pixels (Table 1).

Table 1 Classification Used

Class Class Indices Dataset Distribution
Agricultural 0 350
Airplane 1 350
baseball diamond 2 350
Beach 3 350
Buildings 4 350
Chaparral 5 350
dense residential 6 350
Forest 7 350
Freeway 8 350
golf course 9 350
Harbor 10 350
Intersection 11 350
medium residential 12 350
mobile home park 13 350
Overpass 14 350
parking lot 15 350
River 16 350
Runway 17 350
sparse residential 18 350
storage tanks 19 350

5. Experimental Results

The following are the results of the CNN model. The results are shown in figure in Fig. 7 (Model accuracy
vs. l0ss).

Figure 7: Test Result Proposed model
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6. Application Areas

Probably the main changes to the climate, like urbanization, deforestation, and farming development,
happen at the size of scenes and straightforwardly sway biological system measures (O'Neill et al. 1997
[9]; Belmaker et al. 2015 [11] ). Then again, biotic communications can genuinely change scenes and
produce spatial examples in that, a wonder named environment designing (Hastings et al. 2007 [10] ). In
this manner, map the Land Cover Land Utilization (LCLU) at the scene scale to screen and deal with these
changes. Order utilizing satellite information gives an urgent beginning stage to this undertaking.

7. Conclusion

21 land-use classes can be effectively grouped utilizing medium spatial goal distantly detected
information with a general arrangement exactness of 83.78%. The basic issue is to foster an excellent
impenetrable surface picture. The combination of land surface temperature and LSMA derived division
pictures has been shown to be compelling for refining the impenetrable surface picture, which has a by and
large RMSE of 9.22% and a framework blunder of 5.68%.
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