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3 Deep Learning (DL)

¢ Artificial Intelligence (Al)
7 Hidden Layer

8 Feature Visualization

¢ Feature Extraction
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' LeNet

2 Convolutional Neural Networks (CNNs)
3 Dueling Neural Network (DNN)
4 The Massachusetts Institute of Technology (MIT)
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2 Adaptive Moment Estimation (ADAM)
3 Deep Feedforward Networks
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Function [w, state] = adam (teta, state, grad, opts, Ir)

1. ifnargin ==

return;
end

state = struct('m’, 0, 'v', 0, 't', 0);
end

©OoNU~wWD
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o

11.
and second moment vectors

9% Returns the default solver options
w = struct (‘betal’, 0.9, 'beta2', 0.999, 'eps’, 1e-8);

if isequal(state, 0) % start off with state = 0 so as to get default state

state.m = opts.betal * state.m + (1 - opts.betal) * grad; % update first moment vector “m’

state.v = opts.beta2 * state.v + (1 - opts.beta2) * grad. *2; % update second moment vector v
. state.t = state.t + 1; % update the time step
Ir t=1Ir*(((1 - opts.beta2”state.t) *0.5) / (1 - opts.betal”state.t)); % biased estimates of first

12. teta t+1 =teta t- Ir_t * state.m. / (state.v. 0.5 + opts.eps); % Update teta
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Bilateral_Filter (Im, w_p, g_s, f_r) % Bilateral filter Parameters

1.

B = zeros(dim)
Repeat for i = 1:dim (1)
Repeat for j = 1: dim (2)

iMax = min(i+ w_p,dim(1))
jMin = max(j- w_p,1)
. jMax = min(j+ w_p,dim(2))
. I =Im (iMin:iMax,jMin:jMax)
. H=exp (-(I- Im (i,j)).~2/(2* f_r 72))

©XoN O~ WD

e ol el =
W N RO

Response

B(i,j) = sum(F(:).*I1(:))/sum(F(:))
end

end

14.
15.
16.

Obtain [X,Y] = meshgrid(-w_p: w_p,- w_p: w_p) % Pre-compute Gaussian Distance Weights
G = exp(-(X.A2+Y.22)/(2* g_s "2)) %Compute the Gaussian Distance Weights
dim = size(Im) % Apply Bilateral Filter

iMin = max (i- w_p,1) % Extract Local Region

. F=H.*G((iMin:iMax)-i+ w_p +1,(jMin:jMax)-j+ w_p +1) % Calculate Bilateral Filter

PEA
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Abstract

The problem of extracting the building from mono optical aerial imagery with high spatial resolution is always
considered as an important challenge to prepare the maps. The goal of the current research is to take advantage of
the semantic segmentation of mono optical aerial imagery to extract the building which is realized based on the
combination of deep convolutional neural networks (DCNN) and bilateral filters (BF). For this purpose, considering
the hardware limitations of the current research and the fact that it is necessary to select a large number of training
data to train deep convolutional neural networks, after selecting an appropriate dataset from three-band optical
images, the minimum data that obtains the highest training accuracy was selected to avoid getting weak results due
to the lack of training data. In this research, by optimizing the SegNet deep neural network which is an encoder-
decoder network, the processing task and therefore extracting the building from optical images are done using the
adaptive moment estimation (ADAM) optimization and BF with a Gaussian kernel. This method is implemented on a
dataset related to the mono optical aerial imagery of urban regions located in Potsdam, Germany, the two-
dimensional tagged datasets of international society for photogrammetry and remote sensing (ISPRS). The results
show that compared to similar methods, the combinational use of the SegNet optimized deep neural network and BF
with a Gaussian kernel provides very appropriate capabilities to improve the detection of building boundary in the
optical images with high spatial resolution. Also, the results of the proposed method show that the values of the
integrity and validity criteria are 95.14 and 92.37 respectively for the test area 1, 91.67 and 90.2 respectively for the
test area 2, and 96.14 and 93.98 respectively for the test area 3.
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networks, bilateral filters.
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