PREPRINT SUBMITTED TO JOURNAL

UCDNet: A Deep Learning Model for Urban
Change Detection from Bi-temporal Multispectral
Sentinel-2 Satellite Images

Basavaraju K S, Sravya N, Shyam Lal, Senior Member, IEEE, J Nalini, Chintala Sudhakar Reddy,
Fabio Dell’ Acqua Senior Member, IEEE

Abstract—Change detection from satellite images has become
an inevitable process in Earth observation. Methods for detecting
changes in multi-temporal satellite images are very useful tools
when characterization and monitoring of urban growth patterns
is concerned. Increasing, world-wide availability of multispectral
images with a high revisit frequency opened up more possibilities
in the study of urban change detection. Even though there exists
several deep learning methods for change detection, most of
these available methods fail to predict the edges and to preserve
the shape of the changed area from multispectral images. This
paper introduces a deep learning model called Urban Change
Detection Network (UCDNet) for urban change detection from bi-
temporal multispectral Sentinel-2 satellite images. The model is
based on an encoder-decoder architecture which utilizes modified
residual connections and the new spatial pyramid pooling (NSPP)
block, giving better predictions while preserving the shape of
changed areas. The modified residual connections help to locate
the changes correctly and the NSPP block can extract multiscale
features and will give awareness about global context. The
UCDNet utilizes a proposed loss function which is combination
of weighted class categorical cross-entropy (wcce) and modified
Kappa loss. The Onera Satellite Change Detection (OSCD)
dataset is used to train, evaluate and compare the proposed model
with the benchmark models. The UCDNet is giving better results
from the reference models used here for the comparison. It is
giving accuracy - 99.3%, F1 score - 89.21%, Kappa coefficient -
88.85% and Jaccard index of 80.53% on OSCD dataset.

Index Terms—Deep Learning, Change Detection, Multi-
spectral satellite images, Spatial Pyramid Pooling

I. INTRODUCTION

The task of identifying differences in the state of an object
or phenomenon by observing it at different times is known as
change detection (CD) [1]. CD is used in many applications
like urban planning to give solutions for a more effective use
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of the infrastructure [2]; Land Use and Land cover (LULC)
maps of an area to understand the current landscape [3]; un-
derwater sensing [4], disaster assessment [5] and deforestation
monitoring [6].

The planet’s structure keeps on changing due to artificial
and natural phenomena creating effective monitoring methods.
Currently, more than 50% of the global population lives in
cities, and, with the ongoing trend, by year 2050 approxi-
mately 70% of the global people will reside in cities [7]. With
such a rapid urbanization trend, to manage the urban land
cover, the administrative authorities need accurate information
from time to time. To take precautions and plan good city
infrastructure, systematic observation of urban spread using
high- and very-high spatial resolution remote sensing images
is crucial. Easy- and sometimes even free- access to Earth
observation images acquired from a range of satellites [§]
have paved the way for space-based urban change detection.
Initially, manual methods were adopted to identify differences
among remotely sensed datasets but the major drawback of
those methods was time-consuming. Today, many supervised
and unsupervised CD approaches exist in the literature, like
graphical models [9], [10], principal component analysis [11],
Markov Random Fields [12], and kernels [13]. Due to ad-
vancements in Machine Learning [ML], in last few years
many techniques based on neural networks [14]-[17] have
emerged that can effectively tackle CD problems. Amid ML
approaches, due to the state of the art architecture, deep
learning techniques have come into the focus for computer
vision applications [18]-[21], including CD in remote sensing
[22]-[25], [26]-[31]. Indeed, notwithstanding fruitful results in
the remote sensing domain, the lack of adequate data sets
specific multimodal information for training hinders further
development of deep neural networks. Developing a robust
deep learning framework is still a dynamic investigation area,
particularly for models that ultimately exploit multitemporal
data, despite many supervised and unsupervised models. Con-
sidering this, one can recognize that changes can happen until
deep networks provide fully operational and reliable tools for
remote sensing applications [32]. In spite of these impedi-
ments, investigation can still be carried out with the accessible
assets, enhancing the existing information on subjects, like
semantic segmentation and CD.

Numerous researchers have endeavored to present pro-
found deep learning strategies to the CD work, particularly the
techniques described through convolutional neural networks
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(CNNs) because of their excellent feature learning from satel-
lite images [33]. In CNN’s, utilization of the pooling layer
weakens numerous features, and the subsequent feature maps
and predictions cannot accomplish the specified pixel-based
image analysis. Fully Convolutional Network (FCN) [34] out-
performs CNNs because of fully convolutional layers, which
gives better efficiency. A typical system of FCN comprises
two components: encoders and decoders. Encoders are derived
from [35] and can be thought of as CNNs that extract feature
maps, whereas decoders change these feature maps, with size
same as the input images. FCNs use transpose convolutional
layers to upsample the deep feature maps into labeling re-
sults, which improves classification performance resulting in
good predictions. Still, there are disadvantages: i) transpose
convolution layers are computationally expensive because of
demanding memory requirements [36] and ii) spatial bound-
aries of class-homogeneous areas are poorly identified [37].
To solve the boundary blur problem researchers have come
up with different models. In [38], fully-convolutional Siamese
difference (FC-Siam-diff), fully-convolutional Siamese con-
catenation (FC-Siam-conc), and fully-convolutional Early fu-
sion (FC-EF) are introduced. FC-EF is derived from U-net
architecture [39], which use skip connections to combine
high- and low-level features for joint learning. FC-Siam-
conc use Siamese neural network into FC-EF to learn similar
features between the original bi-temporal images. FC-Siam-
conc calculates the difference of the same layer features of the
Siamese network to increase the difference features. To guide
the network to learn the difference characteristics between the
bitemporal images, FC-Siam-diff uses skip connections. These
methods are not exceptionally viable when detecting detailed
features. To concatenate and combine the feature maps, in
Deeplabv3 [40], [41] Augmented Atrous Spatial Pyramid Pool
(AASPP) is used. In [42], reused pooling indices, and in
[43], semantic segmentation is combined with semantically
informed edge detection to make boundaries explicit. In all
these methods, it is challenging to meet the requirements of
multiscale change objects because of single feature extraction
in each skip connection. Therefore in UNet++ [44], dense skip
connection is used to get multi-scale feature extraction and
identify pseudo-changes caused by scale variance. BiDateNet
[45] integrated Long-short-term memories into the skip con-
nection to get more temporally differentiable features and take
full advantage of temporal dependence between bi-temporal
images. To get more discriminative spatial and temporal
features, in STANet [46] a spatial and temporal attention
mechanism is used. In all these methods, the change map
shows poor morphology due to a lack of semantic information.
FDCNN [47] uses CNN to get features from the remote
sensing images and transfer learning to build a two-channel
network with shared weights to achieve a multiscale and multi-
depth feature difference map for CD. FDCNN, however, offers
poor prediction quality. In ADS-Net [48], spatial and channel
features are combined by an adaptive attention mechanism to
grab the relationship of different scale changes, to highlight the
characteristics of change. In urban change detection, however,
the performance of ADS-Net is not satisfactory.

To overcome the problems faced in the methods mentioned

above, this paper proposes a robust deep learning model for
urban change detection from bi-temporal multispectral satellite
images, called UCDNet. This paper makes the following
contributions to the literature as briefed below:

o A new CD network, UCDNet, is proposed; in the encoder
of the UCDNet, features are extracted at different levels
using modified residual connections.

e A new spatial pyramid pooling (NSPP) block is intro-
duced which takes the features extracted by the encoder
as an input. It extracts the features at various ranges to
give awareness about the global context, preserve the
shape of the changed area, and predict the boundary
pixels more accurately.

e An improved loss function is proposed, which is a
combination of weighted class categorical cross-entropy
and modified kappa loss, is used to train the proposed
UCDNet model. The proposed UCDNet model gives
state-of-the-art performance on the OSCD dataset with an
overall accuracy of 99.3%, F1 score of 89.21%, Kappa
coefficient of 88.85% and a Jaccard index of 80.53%.

The rest of this paper is formulated as follows: Section

IT focuses on the detailed outline of the proposed UCDNet
architecture. Section III focuses on the Training and Imple-
mentation details of the proposed network. The Ablation study
is given in Section IV. In Section V, the Experimental results
of our model are discussed. The conclusion of our work is
presented in Section VI.

II. THE PROPOSED ARCHITECTURE

This section describes the designed architecture of UCDNet
for urban change detection from bi-temporal multispectral
images. This model is inspired by the Fully Convolutional
Siamese concatenation model (FC-Siam-conc) [38], and fol-
lows its encoder-decoder block scheme as shown in Fig.1.

A. Encoder of the UCDNet

The encoder unit is divided into two streams with identical
structures sharing weights as in [38]. Each input image is
given to one of these identical structures. Like the FC-Siam-
conc network, the encoder part consists of convolutional and
pooling layers. In each stream, 3 pooling layers are used.
Since, the main objectives of the CD techniques are for
identifying the changes from two images, the difference of
the features learnt is taken as the input of the modified
residual connection in each stage of the encoder part. In
modified redsidual connections, the difference of the features
from the two streams just after the first convolution is cal-
culated and convoluted point-wise. This resulting feature is
then concatenated channel-wise with the output feature of the
corresponding stage before passing it to the max-pooling layer.
In Fig.1, 13 — 16, means 13 is the number of channels (bands)
given as input, and 16 is the number of feature maps at that
layer after the convolution operation. Similarly, at all other
layers, the first number indicates the number of input feature
maps, and the last number indicates the number of output
feature maps at that layer after the convolution operation. For
example, 320 — 64 — 64 — 32 means 320 feature maps
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Fig. 1. Architecture of proposed UCDNet

from the previous layer are given as input, and 32 is the output
feature maps at that layer after the convolution operation. If
the 7" stage consists of m convolutions, then the processes
included in this stage are described by the Equations (1) to
(3).

(Cij)encl,enc2 =¢ { (xij)encl,en(ﬂ * w?XJ} ’ '7 =1

Cri =@ {((cil)encl - (Cil)enCZ) * lel} @)

(CiOut)encl,enCQ = ((cim)encl,enCZ ©c7“_i) /2 (3)
In Equation (1), (¢i;),, .1 ..o 15 the feature obtained after

the j*" convolution from the i*" encoder stage, (xi].)mcl e
3x3 i

is the input to the j** convolution, w;” " is the 3 x 3 kernel
for j' convolution, * represents the convolutional operation
and ¢ is the ReLU activation function. In Equation (2), ¢, ;
is the feature obtained from the modified residual connection
and w}*! is the kernel of the 1 x 1 convolution. In Equation
(3), (Cigus)enet.enco 15 the output of the i* encoder stage, ©
represents channel-wise concatenation and /2 represents max-
pooling operation.

In the 4th stage, after this concatenation, the resulting
feature is convoluted again instead of doing max-pooling to
improve the feature extraction at the encoder stage. Then
the difference of these features, from both the streams is
concatenated with the features themselves, giving a single
encoder output.

B. New Spatial Pyramid Pooling (NSPP) block

The input to the NSPP block is composed of the learned
features from the encoder part. It helps to extract the features
at various ranges and will give awareness about global context.
Fig.2 shows the diagram of the NSPP block. The input feature
to this block goes through four parallel paths. Instead of having
average pooling, batch normalization, ReLU activation and
resizing operation in each parallel path of SPP block [49], the
parallel paths of NSPP consist of a pooling block and a global
pooling block. The function of the pooling block is the same
as the SPP block, but it extracts features in a more effective
way. The pooling blocks create features at four different scales
through these four parallel paths.

(H2 x W2 x C/4)

HxWxC/4
—{Pooling block —{Global Pooling }g

(H/4 X W/4 x C14) W
[ Pooling block|—{Global Pooling| T X/

(H/8 x W/8 x C/4)

(HxWxC/M) »=
fenc ——»{ Pooling block }—>| Global Pooling % C

FXWXO) | b6 x Wit6 x €

+—{Pooling block |—|Global Pooling }M

© Channel-wise concatenation

1x1
conv

Fig. 2. New Spatial Pyramid Pooling (NSPP) block diagram
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Fig. 3. Block diagram of Pooling block

Fig.3 shows the diagram of the pooling block. The input to
this block undergoes average pooling and a strided convolution

—>INew SPP
(HxWxC)
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in parallel to combine the effects of both. It is possible to get
multiscale features using pooling and strided convolution. In
both cases, some information will be lost; by taking the com-
bined result, however, the loss can be minimized. Moreover,
since the learning process also uses strided convolution, better
results can be achieved from the pooling block than from the
old SPP. Point-wise convolution is carried out after average
pooling in order to make the number of channels of the output
from the pooling block one by fourth of the input signal of
the NSPP block. These two extracted features, from average
pooling and strided convolution, are added to get the pooling
block’s output. The extracted feature from the pooling block,
fp € RH /sxW/sxC/4 can be represented as in Equation (4).

fp —® (fenc * ngB)stride:(s,s)—i_{avngOlSXS (feTLC)}*w;(:)l

In Equation (4), fen. € REXWXC i5 the input to the NSPP
block, i.e. the encoder output and ng?’ is the 3 x 3 kernel for
strided convolution. avg_poolsxs (fenc) is the output obtained
after taking average pooling of input signal with a s x s kernel
and w)*! is the kernel of point-wise convolution.

In addition to extracting multiscale features in SPP blocks,
the NSPP includes global pooling blocks. Global pooling is
used to improve the awareness of global information and to
reduce degradation problems. Global context feature informa-
tion will improve change detection performance by classifying
pixels with greater accuracy. The feature from the pooling
block is given to the global pooling block. Here, global
pooling is carried out based on the method presented in [50].
The feature from the pooling block is reduced by taking the
mean along the x and y dimensions. It will result in only
one response for each feature map. This intermediate feature
is then convoluted point-wise and it is up-sampled using
transposed convolution to scale into the size of the NSPP’s
input. The operations in this block are given in the Equations
(5) and (6).

fo_o = {reduce_mean (f,)} = wy ' 5)
foo= {(fg_o * ’LU?X?))(stridG:(H,W))} (6)

In Equation (5), f, , € R*1XC/4 is the feature obtained
after global average pooling, f, € RI1/sxW/sxC/4 g the
input to the global pooling block and w,*! is the point-wise
convolutional kernel. In Equation (6), f,_, € RHXWXC/4 g
output feature from the global pooling block and w?X?’ is the
3 x 3 kernel of transposed convolution.

The outputs from these four parallel paths of NSPP block
are concatenated channel-wise along with the input feature and
then convoluted point-wise as a final layer of this module to
make the number of channels the same as the input feature

of this block. Equation (9) shows the output feature from the
NSPP block.

Frew spp = {fp.01©fp 020 fp 630 fp 04© fene} * w' ™' (7)

In equation (9), fp_ o1, fp_o2, fp_o3 and f, o4 are the features
from the four parallel paths and w!*! is the kernel of point-
wise convolution.

C. Decoder of the UCDNet

The decoder part is used to project the features learned onto
the pixel space. The feature from the NSPP block is given as
the input to the decoder part. As in the FC-Siam-conc model
[38], the channel-wise concatenation of the features from the
corresponding stages in the encoder part is used here. Three
up-sampling layers are included in the decoder part. The input
signal is first up-sampled by a factor of 2 and then passed
through a carried out 2 x 2 convolution step. This signal is then
concatenated with the features from corresponding stages of
both encoder streams. The subsequent feature map is passed
through a series of 3 x 3 convolutions and accompanied by a
batch normalization layer. These operations are repeated after
each up-sampling layer but the number of 3 x 3 convolutions
used after first, second and third up-sampling layers are 3, 2
and 1 respectively. These operations can be represented as in
the Equations (8) to (10).

up; = {(zupi * 2) % wi“ (8)

CC = (Cim)encl ©upi© (C’im)enCZ (9)

fin = @ {Cin x w>?} (10)

In Equation (8), up; represents output of i** up-sampling
layer, *2 represents up-sampling operation by a factor 2 and
w2*2? is the 2 x 2 convolutional kernel. In Equation (9),
(Civy)oner and (¢4, ) 0o are the features from the correspond-
ing encoder streams and C. is the concatenated output. In
Equation (10), f,, and C;, are the output and input of m**
3 x 3 convolutional layer respectively. For m = 1, C;,, will
be C..

The resulting feature after these operations is convoluted
point-wise and then Softmax activation function as a final
layer of the model. If f; is the feature map obtained from
the decoder part, then the change map, X,,;, given by the
model can be represented as in equation (11).

Xoutzo'{fd*wbd} (11)

The o used in Equation (11) is the softmax activation function
and it can be mathematically represented as:
2.

U(Z)i = &

Zj:l e

In Equation (12), 2" is the input vector and k is the number of
classes in the multi-class classifier.

12)
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Fig. 5. OSCD dataset

III. TRAINING & IMPLEMENTATION
A. Dataset

The performance of the proposed and the benchmark models
on urban change detection is evaluated on the OSCD dataset
[51]; a few images of the OSCD dataset are as displayed in
Fig.5. The dataset was created from Sentinel-2 satellite images,
and focuses on urban growth and changes, ignoring natural
changes. From these satellite images with various resolutions
between 10m and 60m, images of 24 regions worldwide
where urbanization was evident were selected. These images
are sized approximately 600 x 600 pixels at 10m resolution,
and were cropped based on geographical coordinates resulting
in image pairs with 13 spectral bands. From these images,
patches of spatial dimension 512 x 512 were created in a way
that adjacent patches had an overlapping of 64 pixels. From
the resulting images, 200, 57 and 30 images were selected
randomly in order to create training, validation and test sets
respectively.

B. Proposed Loss Function

The loss function used here is the combined function
of weighted class categorical cross-entropy (wcce loss) and
modified kappa loss as in Equation (13).

loss = Lycce + kweight X Lmodified_kappa (13)

The first part of the Equation (13), i.e. Lycce, is the WCCE
loss. For an image with d1 x d2 pixels and K classes, it can
be defined as in Equation (14).

1 di,d2,K
Lucce = =7 | D wwYijklogpijw (14)
i,5,k=1

where p,Y € {0, 1} 42K

In Equation (14), p;;1 is the predicted probability that the pixel
(1,7) pertains to class k. The value of Y;;;, will be 1 if pixel
(i,7) belongs to class k, 0 otherwise.

In the second part, the L,odified kappa 18 the modified
kappa loss. In order to reduce the loss, more attention is
needed on FN (False Negative) and FP (False Positive) cases.
For this, reduced the effects of TP (True Positive) and TN
(True Negative) by adding weights, o and [ respectively,

Training and Validation Accuracy

10
171
09 16 \
15
f
é gll
< or 13

— wain_acc 1
val_acc

Training and Validation Loss

— tain_loss
val_loss

0 5 10 20 x5 30 0 5 10 15 20 % 30

15
No. of epachs No. of epochs

(a) Training and Validation
accuracy graph

(b) Training and Validation
loss graph

Fig. 6. Learning graph of training and validation datasets

where the 0 < o, 8 < 1. The Ly0dified_kappa can be defined
mathematically as in Equation (15). The Log-Cosh function is
used here for smoothing the curve [55]. The L;mppa can be
calculated using the Equation (16) where the ka' is the kappa
coefficient (Ka) [52] calculated using oT P, BTN, F P, and
EF'N. The kyeignt is used here to reduce the effects of Kappa
loss in the loss function as training progresses and it is defined
in the Equation (17).

Lmodified_kappa = LOg_COSh (leappa,) (15)

Lyappa =1 —ka =1 —ka(aTP, BTN, FP, FN) (16)

’
kappa

ka’

kweight =1+ (17)

C. Training Setup

The proposed model is implemented on the NVIDIA
Quadro RTX4000 GPU with 8GB onboard memory. Tensor-
flow 2.7 with Keras API framework is used to implement the
model. The Adam optimizer with a learning rate of 0.0001 is
used. The proposed and the benchmark models used in this
study are trained for 30 epochs with a batch size of 1. All
these models are trained for 5 times on OSCD dataset with
13 bands and average of these values are reported here.

Learning curves on training and validation datasets can give
information about how well a model is learned. The Fig.6(a)
is the graph proposed model training and validation accuracy .
After ten epochs, the training and validation accuracy became
almost equal. The graph of training and validation loss of the
proposed UCDNet is given in Fig.6(b). Validation and training
losses decrease as training progresses, but, after ten epochs,
validation loss reduces at a slower rate than training loss.
The reproducible python code of UCDNet model will be
available at : https://github.com/shyamfec/'UCDNET

D. Evaluation Metrics

The performance of the proposed and the benchmark models
used for comparison is evaluated using accuracy, Jaccard
index (JI), precision (Pr), F'1—score (F1), kappa coefficient
(Ka), and recall (Re) [52] [53]. The F'1 is the harmonic mean
of precision and recall. An excellent F'1 indicates that there
are few false positives and false negatives [53]. The Ka is
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TABLE I
ABLATION STUDY OF PROPOSED LOSS FUNCTION WITH FC-S1AM-CONC

Ka loss Modified Ka loss WCCE loss Proposed loss
F1 | 0.6335 0.6476 0.8276 0.8366
Ka | 0.6216 0.6350 0.8214 0.8311

a measure of consistency between predicted and ground-truth
classes [52]. The JI is the measure of similarity between finite
sample sets [52].

IV. ABLATION STUDY
A. Ablation study of proposed loss function

The proposed loss function is a combination of WCCE) and
modified Kappa loss. The effectiveness of the loss function
with the base model FC-siam-conc on the OSCD (13 bands)
is discussed in the section. The results are tabulated in table I.
The F'1 and Ka values given by the FC-siam-conc model with
are 0.6335 and 0.6216 respectively. These values are increased
by 1.41% and 1.34% respectively by using modified kappa
loss. With the wcce, FC-siam-conc is giving a F'1 of 0.8276
and Ka of 0.8214. By using the proposed loss function, these
values are improved by 0.9% and 0.97% respectively from
FC-siam-conc with wcce loss function.

B. Ablation study of proposed model

This proposed UCDNet model is developed by the exper-
imentation of different techniques on the FC-Siam model.
The UCDNet consists of modified residual connections in the
encoder part, a NSPP block that uses a combined loss function
of wece loss and modified kappa loss. In order to analyze the
effectiveness of the model, each intermediate model in the
development of UCDNet is explained in this section. Table I
shows the results of these models on the OSCD dataset. All
these models are trained using the proposed loss function. The
FC-Siamese-conc model is the base model of the UCDNet and
it gives an accuracy of 98.93%. The values of F'1, Ka, and JI
are 0.8366, 0.8311, 0.7192 respectively.

1) Intermediate model 1: At every stage in the encoder part
of the FC-Siam-conc model, a modified residual connection,
i.e. similar to the encoder part of the proposed model, was
added and the first stage in the decoder part was removed.
This intermediate model gives an accuracy of 99.13%. The F'1
given by the model is 0.8654, i.e. an improvement of 2.88%
from the FC-Siam-conc model. The Ka and the JI given by
this model are 0.8609 and 0.7628 respectively. These values
showed an improvement of 2.98% and 4.36% respectively.

2) Intermediate model 2: In the FC-Siam-conc architecture,
after the fourth stage of the encoder streams, the difference of
the features from the two streams is concatenated with the
features themselves giving a single encoder feature which is
then fed into the NSPP block. This intermediate model also
uses only three stages in the decoder part. This intermediate
model gives an accuracy of 99.17%. The F'1, Ka and JI values
are 0.8731, 0.8688, and 0.7752 respectively. These values are
giving an improvement of 3.65%, 3.77% and 5.6% from the
FC-Siam-conc model.

[=)}

(a) (b)
(e) ()
Fig. 7. Visualization of feature maps (a) Image 1 (b) Image 2 (c) Ground-

truth (d) After 27< stage of encoder (e) After encoder (f) After NSPP (g)
Before Final layer of the model (h) Predicted image

To better understand the influence of each stage in the
proposed UCDNet, a visualization of feature maps is included
in Fig.7. Fig.7(d) shows the feature map obtained after the
second stage of the encoder, and as the reader may note it
is difficult to understand the changed area from this image.
From the images of the feature map after the encoder part and
NSPP block, it is clear that the changed area is brighter after
the incorporation of the NSPP block. From the feature map
obtained before the final layer of the model, i.e. point-wise
convolution and softmax function, the changed areas became
more predictable. Fig.7(h) shows the final predicted output of
the proposed UCDNet.

V. EXPERIMENTAL RESULTS
A. Comparison with benchmark models

The performance of the proposed model is compared with
the benchmark models U-Net++ (2019) [44], FCNPP (2019)
[54], FDCNN (2020) [47], ADSNet (2021) [48] and AGCDet-
Net (2021) [52] using the evaluation metrics accuracy, Pr,
Re, F1, ka and JI. All these models were evaluated on
the OSCD dataset and results are shown in Table II. The
AGCDetNet model achieves best results whereas the FDCNN
shows poor performance from the benchmark models. The
accuracy given by the proposed UCDNet is 99.30% whereas
the AGCDetNet model gives 98.58%. The F'1, Ka and JI
values of the proposed model are 0.8921, 0.8885, and 0.8053
respectively. These values given by the AGCDetNet model
and FDCNN are (0.7816, 0.7743, 0.6424) and (0.3948, 0.3758,
0.2461) respectively. From all the models, the best value of Pr
is given by the proposed UCDNet and the least value is given
by the FDCNN, which are 0.9253 and 0.4372 respectively.
From the benchmark models, the best Pr is given by ADSNet
which is 0.9098. The Re is high for FCNPP which is 0.9210
and this value for proposed UCDNet is 0.8616. The least value
of Re is 0.3640 which is given by the model FDCNN.

Fig.10 shows the prediction results of the proposed model
and the reference models on the OSCD dataset. To evaluate the
performance of these models, some portions of these images
are highlighted by the yellow colored boxes. The proposed
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TABLE 11
ABLATION STUDY OF PROPOSED MODEL ON OSCD DATASET(13 BANDS)
Model Pr Re F1 Ka JI Acc
FC-Siam-conc (2018) 0.8583 0.8183 0.8366 0.8311 0.7192 0.9893
Intermediate modell 0.8991 0.8345 0.8654 0.8609 0.7628 0.9913
Intermediate model2 0.8969 0.8518 0.8731 0.8688 0.7752 0.9917
Proposed UCDNet (Final model) 0.9253 0.8616 0.8921 0.8885 0.8053 0.9930
TABLE III

AVERAGE QUALITY METRICS OF MODELS ON OSCD DATASET (13 BANDS)

Model Pr Re F1 Ka JI Acc Parameters FLOPs (Millions)
U-Net++ (2019) [44] 0.6501 0.8381 0.7410 0.7308 0.5927 0.9797 4,880,418 169588

FCNPP (2019) [54] 0.6631 0.9210 0.7704 0.7611 0.6273 0.9815 3,111,666 30308

FDCNN (2020) [47] 0.4372 0.3640 0.3948 0.3758 0.2461 0.9628 14,630 44410

ADSNet (2021) [48] 0.9098 0.5182 0.6591 0.6506 0.5757 0.9821 2,577,752 31827
AGCDetNet (2021) [52] 0.8079 0.7584 0.7816 0.7743 0.6424 0.9858 60,205,927 652646

Proposed UCDNet 0.9253 0.8616 0.8921 0.8885 0.8053 0.9930 1,349,842 50671

TABLE IV

3-FOLD CROSS VALIDATION AVERAGE QUALITY METRICS OF MODELS ON OSCD DATASET(13 BANDS)

Model Pr Re F1 Ka JI Acc Parameters FLOPs (Millions)
U-Net++ (2019) [44] 0.6952 0.7887 0.7299 0.7209 0.5750 0.9821 4,880,418 169588

FCNPP (2019) [54] 0.7788 0.8997 0.8341 0.8304 0.7155 0.9892 3,111,666 30308

FDCNN (2020) [47] 0.2083 0.2051 0.2040 0.1801 0.1144 0.9530 14,630 44410

ADSNet (2021) [48] 0.9034 0.4518 0.6005 0.5923 0.4315 0.9819 2,577,752 31827
AGCDetNet (2021) [52] 0.7935 0.6371 0.7025 0.6943 0.6046 0.9836 60,205,927 652646

Proposed UCDNet 0.9079 0.8723 0.8895 0.8861 0.8011 0.9934 1,349,842 50671
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Fig. 8. Learning curves of UCDNet on 3-fold cross validation

model predicts more accurately than the other models. From
the highlighted portions, it is visible that the proposed model
could retain the shape and boundaries of the changed areas
better than the reference models. The poorest predictions were
given by the FDCNN model. From the reference models,
UNet++ and AGCDetNet are giving good predictions.

B. 3-fold cross validation

The ability of the proposed model to predict changes was
tested by using 3-fold cross validation approach, which permits
to analyse how the model is working irrespective of the
specific dataset. To do so, from the total dataset, 3 folds
(subset) of 95 images were created randomly to carry out
3-fold cross validation. For the first run, the first two folds
are taken as training set and the third as test set. For the
second run, second and third folds are used as training and
first fold as test. Similarly in the third run, first and third as
training and second as test set so that each fold has taken

2 P33 30 (] 5 10 5 0 % 0

as test set. The average results of these three runs obtained
for the proposed and the reference models are included in
table III. The proposed UCDNet gives cross validation results
that are almost the same as the model’s result given in table
II. The AGCDetNet, ADSNet and FCNPP show considerable
variations in the cross-validation results from the results shown
in table II. With respect to these models, FDCNN is showing
large variations in the results, i.e. 19.08% in F'1, 19.57% in
Ka and 13.17% in JI.

Fig. 8 shows the learning curves of the proposed model for
the 3-fold cross validation. In all the three times, the model
shows almost the same learning behaviour; this suggests that
the proposed model is generalized independent of the dataset.

C. Statistical analysis

A boxplot is a standardized method of depicting data
distributions by using five numbers - minimum, first quartile,
median, second quartile and maximum. The boxplots of F'1
and JI of the proposed and existing models are given in Fig. 9.
From Fig.9, it is clear that the proposed model performs well.
Both metrics’ median and class-wise (changed and unchanged
area) values are higher for the proposed UCDNet model than
for the reference models. The difference of class-wise values
is also minimal for the proposed model. The least median
value for both metrics are scored by FDCNN, and also class-
wise values are lower for this model. AGCDetNet gives better
results with respect to reference models. The highest and
lowest inter-quartile ranges for both metrics are shown by
FDCNN and the proposed UCDNet respectively.
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TABLE V
TRAINING AND PREDICTING TIME REQUIREMENTS OF ALL MODELS

Model Training time .Prediction time per
(Hours) image (sec)
U-Net++ 0.32 4.14
FCNPP 0.09 3.15
FDCNN 0.75 3.27
ADSNet 0.29 6.64
AGCDetNet 0.65 6.44
Proposed UCDNet 0.15 4.02

D. Computational complexity analysis

The complexity of a model can be evaluated using the
number of trainable parameters and the number of floating
point operations(FLOPs) required to run the model. These
values for the proposed UCDNet and the benchmark models
are reported in Table II. The proposed UCDNet model utilizes
the least number of parameters with respect to all the existing
models compared here except FDCNN which used pre-trained
VGG16 weights optimized on aerial image data (AID). The
AGCDetNet model requires the highest number of parameters
and FLOPs. The least FLOPs are utilized by the FCNPP model
i.e. 30308 millions while proposed UCDNet utilizes 50671
millions.

The time required for training and prediction is also a
measure of the complexity of a model. These values for the
proposed UCDNet and the other benchmark models for 30
epochs are given in Table IV. The time required for training the
OSCD training set and prediction per image is at its minimum
for FCNPP, with 0.09 hrs and 3.15 sec respectively. The
proposed UCDNet requires 0.15 hrs for training and 4.02 sec
for predicting one image; these times are longer than FCNPP
but still comparable with other state of art methods. Moreover,
as discussed previously, they come with significantly better
values on result quality metrics.

VI. CONCLUSION

This paper highlighted proposed UCDNet architecture and
loss function for change detection from bi-temporal multi-
spectral Sentinel-2 satellite images. The UCDNet gives better
results compared to a selection of significant reference models.
UCDNet is inspired from the FC-Siam-conc model. The
proposed UCDNet is showing improvement of Pr - 6.7%,
Re - 4.33%, F1 - 5.55%, Ka - 5.74%, and JI - 8.61% from
the FC-Siam-conc model. The most recent model AGCDetNet
gives better results with respect to the benchmark models.
The UCDNet achieves an improvement of 11.74%, 10.32%,
11.05%, 11.42%, and 16.29% in Pr, Re, F'1, Ka and JI respec-
tively as compared with AGCDetNet. The proposed UCDNet
could preserve the shape of the changed area and predict the
boundary pixels more accurately than the reference models
considered in this paper. The limitation of this work is, in the
encoder part, calculating the difference between feature maps
reduces the values assigned to pixels, and some of them may
be ignored, lowering the recall metric. With the availability
of high resolution remote sensing images, semantic change
detection with deep learning methods has vast possibilities.
In the future, this work can be extended for semantic change
detection, and a mechanism must be investigated to solve the
lowering of the recall metric and compensate for the decrease
in recall.
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