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Abstract— Bitemporal remote sensing (RS) semantic change
detection (SCD) involves discerning and categorizing changes in
the same geographical area across two RS images taken at differ-
ent times. High-performance SCD approaches typically address
this task using multitask networks that simultaneously handle
binary change detection (BCD) and semantic segmentation (SS).
Despite significant advancements in SCD research, constructing
a multitask network that fully explores the correlation between
BCD and SS remains challenging. To address this, we propose a
novel approach called the multitask CNN-transformer network
(MCTNet), tailored for SCD using bitemporal RS images. Our
Siamese network simultaneously tackles SS and BCD via three
subnetworks: two for SS and one for BCD. The methodology
begins with a multiscale convolutional neural network (CNN)
extracting local features from input images, and converting them
into tokens. A Transformer module with an encoder–decoder
architecture then captures long-range dependencies among these
visual tokens. The extracted features are subsequently passed to
multitask heads, generating predicted outputs. To ensure that
the BCD results remain consistent regardless of the order of
images in the input pair, we introduce spatiotemporal feature
learning (SFL), enabling the acquisition of temporal-symmetric
representations for BCD. Extensive experimental validation on
the WHU-CD, SECOND, and HRSCD datasets demonstrates the
effectiveness and efficiency of MCTNet for both SS and BCD
tasks. The source code for this article will be published on GitHub
in the future https://github.com/kangziwen1/MCTNet.

Index Terms— Change detection (CD), multitask learning
(MTL), semantic segmentation (SS), transformer.

I. INTRODUCTION

B ITEMPORAL remote sensing (RS) semantic change
detection (SCD) aims to identify where changes have
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occurred and categorize the type of change. Unlike binary
change detection (BCD), which determines simply the pres-
ence or absence of change within a target area, SCD provides
more comprehensive semantic insights by presenting detailed
land cover maps (LCMs) before and after change events. SCD
finds application in various fields, including natural disaster
assessments, environmental monitoring, agricultural surveys,
and resource management. The development of high-quality
satellite images taken at different times has greatly improved
change detection (CD) technology. However, this has also
increased demand for smarter methods to analyze these
changes.

Deep learning has revolutionized CD technology in RS
imagery. While existing research predominantly focuses on
BCD, SCD of RS images remains relatively underexplored.
From a computer vision perspective, BCD is a binary seman-
tic segmentation (SS) task that identifies changed areas in
an image. In contrast, SCD is more intricate, generating a
binary change map and two temporal LCMs. Previous deep
learning-based BCD models are ill-suited for SCD due to fun-
damental differences in their outputs and underlying assump-
tions. BCD models have a single output branch, while SCD
models require three. Additionally, BCD models assume the
invariance of the binary change map to the order of images in
the input pair. In contrast, the two LCMs in SCD have a strict
one-to-one correspondence with the input bitemporal images.

To address the challenges of SCD, two types of models
have been proposed: single-task algorithms [1], [2] and multi-
task algorithms [3], [4]. Single-task SCD algorithms typically
decompose the CD task into two independent stages: image
SS and BCD. However, this approach relies heavily on the
accuracy of the initial SS, as errors propagate to the BCD
step. Moreover, the training of the SS model fails to fully
account for the temporal contextual relationships between
images captured in different phases. In contrast, multitask SCD
algorithms use a single network to model SS and BCD jointly.

Multitask learning (MTL) offers significant benefits but
poses challenges when applied to SCD. Integrating features
from different tasks without causing interference or redun-
dancy is complex. Unlike SS, high-performance BCD must
remain invariant to the order of input images. Multitask heads
play a critical role in guiding the learning process for each task
within the MTL model, leveraging shared information across
all tasks to enhance efficiency and performance. However,
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competition for shared information between tasks can lead to
performance degradation. Moreover, balancing homogeneity
and heterogeneity features in MTL for SCD is challenging.
Homogeneity features focus on similarities between images
from different times, while heterogeneity features capture their
distinct characteristics. Striking the right balance between
these features is crucial. Overemphasizing homogeneity may
miss subtle changes, while excessive focus on heterogeneity
can increase sensitivity to noise. Therefore, thoughtful design
of the MTL framework is essential to mitigate these challenges
and ensure optimal performance across both tasks.

In this article, we propose a multitask CNN-transformer
network (MCTNet) that fully explores the correlation between
BCD and SS, enabling these tasks to reinforce each other and
achieve high-performance SCD. This work builds upon our
previous BCD model, AMTNet [5]. Despite sharing a foun-
dation of convolutional neural network (CNN)-Transformer
structures, MCTNet and AMTNet differ significantly in their
architectures. MCTNet does not employ feature exchange
technology or a channel attention mechanism. Second, MCT-
Net designs UNet-like [6] multitask heads. Third, MCTNet
integrates a spatiotemporal feature learning (SFL) module to
capture BCD’s symmetric temporal features.

The main contributions of this article are summarized as
follows.

1) We design a MCTNet tailored to efficiently explore and
exploit correlations between SS and BCD, aiming to
enhance the overall performance of both tasks simul-
taneously.

2) We devise UNet-like [6] multitask heads for SS and
BCD. These heads effectively leverage multiscale fea-
tures extracted from the Transformer block, enabling the
model to adapt and specialize for each specific task.

3) To learn temporal-symmetric features, we integrate an
SFL module to enhance feature representation for BCD.
The SFL module makes BCD invariant to the image
order of the input image pair. By doing so, the model can
effectively capture changes in the input data regardless
of the chronological order in which they are presented.

The remaining sections of this article are structured as fol-
lows. Section II provides an overview of related work, offering
insights into the existing literature. Section III elaborates on
the proposed approach, offering a comprehensive discussion
of the methodology. In Section IV, we present and discuss
the experimental results. Finally, Section V encapsulates the
conclusion and outlines potential directions for future work.

II. RELATED WORK

A. BCD Based on Deep Learning

Contextual information is vital for CD in RS images.
A series of approaches have been designed to model context
and incorporate it into CNN architectures. Single-branch net-
works commonly aggregate features at the image level using
straightforward fusion techniques like differencing, concatena-
tion, or addition. However, these methods could not capture all
relevant context information, especially for irregular or multi-
scale changes. Siamese network structures fuse features from

two images using single-scale or multiscale fusion. Single-
scale fusion [7] combines the high-level feature maps from the
two temporal branches. In contrast, multiscale fusion [8], [9],
[10] progressively integrates information from different levels
of abstraction, building up representations from low-level to
high-level features through the model hierarchy. Multiscale
fusion is more effective for detecting irregular and multiscale
changed objects in RS images, but it is more computationally
expensive and can confuse features if not done properly.
It is important to use a proper fusion method and to model
contextual relationships to improve the accuracy of CD.

Transformer models have proven highly effective in
computer vision, achieving SOTA results on numerous
benchmarks. Their strength lies in modeling long-range depen-
dencies, a crucial capability for many computer vision tasks.
In RS, the Transformer architecture has gained increasing
attention for tasks like image time-series classification [11],
[12], scene classification [13], [14], hyperspectral image
classification [15], [16], and CD [8], [17]. Transformers
process image patches or tokens, facilitating interactions
between these components to identify important regions
effectively.

For CD, BIT [18] incorporates a Transformer module with
a feature differencing network to capture contextual relation-
ships. PSTNet [19] iteratively samples and optimizes features
to identify changed areas gradually. Liu et al. [17] utilized
CNN backbones in their MSCANet to derive hierarchical
feature maps and then aggregate semantics with a Trans-
former. Wang et al. [8] employed multiscale Transformers
to obtain multiresolution representations in their MTCNet.
Changer [20] extracts multilevel feature maps from each of the
two input images and then applies feature exchange between
the two branches of the architecture to exchange information.
This exchange integrates representations from both temporal
images, improving change modeling. AMTNet [5] leverages
CNNs and Transformers to extract features, uses multiscale
processing to capture information at different levels, and
incorporates attention to focus on relevant regions.

Despite its impressive performance in RS CD tasks, the
application of the Transformer structure in CD is still in its
early stages with room for improvement.

B. SCD Based on Machine Learning

SCD techniques evolved from relying on hand-engineered
feature extraction to leveraging deep learning for repre-
sentation learning. Early methods for SCD depended on
hand-engineered features like texture and color features.
These methods are limited in accurately detecting changes
in complex scenes. The early intuitive algorithm [21] was
from images captured at two different times to obtain land
cover transition statistics. Some direct classification meth-
ods [22], [23] treat each change type as a separate class
and stack multitemporal images for classification. While
straightforward to implement, these techniques rely on hav-
ing multitemporal labeled data covering all feasible land
cover changes, which limits their applicability. To address
this limitation, Bruzzone et al. [1], [2] devise a compound
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classification approach that models the temporal relationship
between two RS images through iterative semi-supervised
estimation of transition probabilities. This approach does
not need dedicated training data for every possible change
type.

The rapid advancement of deep learning in the past decade
has yielded more powerful methods for SCD. Typically, deep
learning-based SCD networks comprise three subnetworks:
two for SS of the individual images and one for BCD between
them. For example, Daudt et al. [24] presented a dataset for
SCD, and proposed four basic SCD strategies based on full
CNNs, using the same encoder–decoder architecture. Liu et al.
[25] used dual attention modules in their DTCDSCN architec-
ture to improve feature discriminability through channel and
spatial attention. Peng et al. [26] devised a Siamese UNet
architecture that captures multiscale information and improves
features via channel and spatial attention. Xia et al. [27]
designed a deep Siamese postclassification fusion network
(PCFN). Niu et al. [4] devised a symmetric multitask network
(SMNet), using preactivated residual blocks and transfor-
mation blocks to construct the backbone. SMNet utilizes
multicontent fusion modules to highlight change-related fea-
tures by subtracting the extracted corresponding hierarchical
features. Tian et al. [28] proposed a temporal-agnostic change
region proposal network (TCRPN), based on exploring the
saliency of the changed regions in single-temporal images
to highlight the changed areas in the spatiotemporal features
and improve the response to change. Despite these advance-
ments, there remains room for improvement in the ability
of these pure CNN Networks to capture global contextual
information.

To model long-range dependencies across distant regions in
RS images, several Transformer-based SCD algorithms [29],
[30], [31], [32], [33] have been proposed. Shen et al. [29]
introduced a global channel attention module and a multiscale
feature fusion in the decoders to improve the feature represen-
tations. Ding et al. [3] introduced Bi-SRNet, a Siamese model,
to integrate semantic temporal features via a deep CD unit,
enhancing the network’s ability to infer bitemporal semantic
relation. Additionally, a loss function named Semantic Consis-
tency Loss was proposed to improve the semantic consistency
of CD results. Zheng et al. [31] introduced ChangeMask,
an encoder–transformer–decoder model using Transformers
for global and temporal context capture. It addresses CNN
limitations with a temporally symmetric Transformer design.
Cui and Jiang [32] proposed MTSCD sharing encoder layers
for feature extraction and task-specific decoder branches for
both tasks. Li et al. [33] presented a multitask network
architecture with a decoder-focused design, emphasizing the
importance of decoder features. Ding et al. [34] employed a
spatiotemporal joint modeling framework to capture temporal
changes, integrating spatial and temporal cues for precise
detection of land cover alterations. While Transformer-based
SCD algorithms have shown considerable advancements,
there remains a need for further in-depth research, par-
ticularly in the realms of multiscale feature extraction
and MTL.

III. PROPOSED SCHEME

We propose a Siamese CNN-Transformer network for joint
SS and BCD, as illustrated in Fig. 1. The network comprises
three subnetworks: two dedicated to SS and one to BCD. The
method begins by extracting local features from the input
image pair using a multiscale CNN backbone, which cap-
tures visual information at various spatial resolutions. These
multiscale features are then transformed into a sequence of
tokens for processing by the Transformer module. The Trans-
former, with its encoder–decoder structure, models long-range
dependencies among visual tokens. Features then pass through
multitask heads to generate predictions for both tasks. For
the BCD task, we enhance feature representation by incorpo-
rating SFL, which captures temporal-symmetric features and
improves CD accuracy.

A. Multiscale CNN Feature Extraction

Multiscale feature extraction is crucial for capturing infor-
mation at various spatial resolutions, allowing the model to
extract fine-grained details and broader contextual information.
This capability enables the model to discern subtle changes in
land cover and land use patterns that may be imperceptible at
a single spatial scale. The model enhances its discriminative
power by analyzing features across multiple scales, facilitating
the differentiation between land cover classes and enabling
more accurate detection of semantic changes.

As depicted in Fig. 1, our MCTNet extracts multiscale
feature maps from the input images by leveraging ResNet [35]
as the backbone CNN. The ResNet backbone comprises a
7×7 convolutional layer followed by four residual blocks, with
Res3 and Res4 performing 2× downsampling. Noteworthy
is the weight sharing between the two CNN backbones of
the bitemporal Siamese network. We embed spatial positional
information into these feature maps using a spatial attention
module (SAM) [5]. This module enables selective focus on
informative regions within the input images while suppressing
irrelevant or noisy areas concurrently. Multiscale features are
then fused through sampling and addition operations.

Concretely, let W and H denote the input image width and
height. Given an image pair (X1, X2) of size 3 × H × W , the
CNN-based backbone extracts three feature maps at different
scales from each image. Then, the multiscale feature maps
pass through the SAM. Finally, for each temporal branch,
the feature map F j (2)

i (∀i ∈ {1, 2}, ∀ j ∈ {1, 2, 3}) is merged
with the other two features of the same temporal branch.
This merging is done by sampling and element-wise addition
operations. The output of this feature fusion process is the
feature F j (3)

i for each input feature map F j (2)
i .

B. Transformer Tokenization

In this stage, we convert the feature map F j (3)
i (∀ j ∈

{1, 2, 3}) into a series of visual tokens to feed into the sub-
sequent Transformer module. Following BIT [18], we utilize
convolution operations to perform the tokenization, splitting
the feature map F j (3)

i into a semantic token set {T j
i,k}

m
k=1.

Specifically, as presented in Fig. 2, we first employ a 1 ×
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Fig. 1. Overview of our Siamese MCTNet with a shared CNN-backbone. MCTNet integrates transformers, multiscale feature fusion, and MTL efficiently.
It consists of a multiscale CNN encoder, a transformer block, and multitask heads. SAM and T represent the SAM and tokenization abbreviations, respectively.

Fig. 2. (a) Tokenization process and (b) weighted average pooling illustration.

1 convolutional followed by a softmax layer to F j (3)
i to obtain

m spatial attention maps, referred to as {M j
i,k}

m
k=1 of size

h × w. The attention maps represent the importance of each
spatial location in F j (3)

i . Then, we apply the weighted average
pooling operation on F j (3)

i using the spatial attention maps.
This operation computes a weighted average of the features
at each spatial location, with the weights determined by the
attention maps. The resulting feature maps {T j

i,k}
m
k=1 are called

semantic tokens. Reshape F j (3)
i and M j

i,k to have sizes c × hw

and hw × 1, respectively. The average pooling operation on
F j (3)

i using the attention map M j
i,k can be denoted as

T j
i,k

�
F j(3)

i

�
= F j(3)

i M j
i,k . (1)

We concatenate the semantic tokens to obtain a token sequence
T j

i ∈ Rm×c.

Fig. 3. Illustration of the transformer encoder block. Ne represents the
number of the identical layers. PE stands for positional encoding.

C. Transformer Encoder

This article uses transformer encoders to capture long-range
dependencies via the self-attention mechanism. This approach
enables our model to comprehensively understand spatial and
temporal relationships within the bitemporal image pairs.
As shown in Fig. 3, the Transformer encoder block takes the
tokenized feature map T j

i as input and generates an encoded
output feature map T j,new

i . The Transformer encoder has a
sequence-to-sequence architecture consisting of stacked iden-
tical layers. Each layer has two key components: a multihead
self-attention (MHSA) block and a feedforward network (FFN)
block. Layer normalization (LN) is applied before each block.
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Fig. 4. Overview of the attention layer in the transformer architecture.
(a) MHSA block. (b) Example of the scaled dot-production attention. For
a clearer view of the details, please zoomed-in view.

The FFNs corresponding to the feature maps T j
1 and T j

2 share
parameters. The MHSA blocks corresponding to the feature
maps T j

1 and T j
2 do not share parameters.

Before feeding the token set T j
i (∀i ∈ {1, 2}) into the

Transformer encoder, we add a learnable positional encoding
P j

i ∈ Rm×c to the token set: T j
i = T j

i + P j
i . At layer l of

the Transformer encoder, the embedding T j (l−1)
i is passed to

the MHSA, which projects it into multiple feature subspaces
using N independent attention heads. The N attention heads
do not share weights, and each has two main components: a
transformation layer and a self-attention layer.

The Transformation layer of MHSA head n maps the input
vector T j (l−1)

i into query (Q j (l)
i,n ∈ Rm×d), key (K j (l)

i,n ∈ Rm×d),
and value (V j (l)

i,n ∈ Rm×d). Specifically, for head n at layer l,
the linear transformations can be expressed as

Q j(l)
i,n = T j(l−1)

i W q, j(l)
i,n

K j(l)
i,n = T j(l−1)

i W k, j(l)
i,n

V j(l)
i,n = T j(l−1)

i W v, j(l)
i,n (2)

where W q, j (l)
i,n ∈ Rc×d , W k, j (l)

i,n ∈ Rc×d , and W v, j (l)
i,n ∈ Rc×d are

the linear matrices.
Given a set of keys, values, and queries, the output vector of

the self-attention layer is calculated as a weighted sum of the
values, using the softmax normalized attention weights. This
softmax attention matrix represents the attention allocated to
different token pairs. The output vectors from the N heads are
concatenated and projected through a linear mapping to pro-
duce the final outputs of the self-attention layer. Specifically,
for head n at layer l, the process of scale-dot attention can be
formulated as

A j(l)
i,n = softmax

 Q j(l)
i,n K j(l)

i,n
T

√
d

 (3)

where (d)1/2 is a scaling factor. The softmax function nor-
malizes the attention matrix along the row dimension. A j (l)

i,n ∈

Rm×m is the attention matrix calculating the attention weights
between each pair of tokens, allowing for the allocation of
attention to different parts of the input sequence.

As in Bi-SRNet [3], we project each value V j (l)
i,n using the

attention matrix of the other temporal branch to capture cross-

Fig. 5. Illustration of the transformer decoder process. The feature F j (3)

i
and 3-D token embedding T j,new

i are input at the same time, resulting in the
output feature F j (4)

i . Nd represents the number of the identical layers.

temporal correlations. Concretely, as shown in Fig. 4, the
output vectors of the head n in the two temporal branches
at the layer l can be expressed as

Z j(l)
1,n , Z j(l)

2,n = A j(l)
2,n V j(l)

1,n , A j(l)
1,n V j(l)

2,n . (4)

Finally, the MHSA output at the layer l is obtained by
concatenating and projecting the N head outputs

MHA j(l)
i = concat

�h
Z j(l)

i,1 , Z j(l)
i,2 , · · · , Z j(l)

i,N

i�
W j(l)

i (5)

where W j (l)
i ∈ RNc×d is a projection matrix to fuse the

multiple results of the heads and concat is the concatenation
operation along the channel dimension.

The MHSA output is then passed to the FFN block, which
comprises two linear layers with a GELU activation [36] in
between. The GELU activation helps introduce nonlinearity to
learn complex input–output relationships.

D. Transformer Decoder

The decoder block uses the encoder’s output as its input
and reconstructs pixel-level features in pixel space. As shown
in Fig. 5, the token decoder takes the convolutional fea-
ture F j (3)

i and the output T j,new
i from the token encoder as

input. Before being fed to the decoder, a trainable positional
encoding is added to F j (3)

i . Like the encoder, the decoder
also adopts a sequence-to-sequence architecture that consists
of a stack of identical layers. However, the decoder takes a
different approach to mapping the input features. Specifically,
the decoder maps F j (3)

i into the query and maps T j,new
i

into the key and the value. After the feature F j (3)
i is processed

by the Transformer module, feature F j (4)
i will be obtained.
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Fig. 6. Illustration of the BCD head.

Fig. 7. Illustration of the SS head.

E. Multitask Heads and the Total Loss

1) Multitask Heads: The multitask heads enable the model
to leverage shared representations across different tasks,
improving the performance of both tasks. SS and BCD are
both pixel-wise classification tasks. We use the same network
architecture for both tasks to simplify the model, with only
a few modifications. The two SS heads share weights, while
the BCD head has independent weights. As shown in Figs. 6
and 7, the architecture employed is a UNet-like [6] network
containing three 2× upsampling blocks. Each upsampling
block uses nearest-neighbor upsampling, and two 3 × 3 con-
volutional layers are applied before two of the upsampling
blocks. Besides the SFL module, the main difference between
the SS heads and the BCD head is in the number of output
channels. The BCD head has two channels for changed and
unchanged areas, while the SS heads have channels equal to
the number of predefined semantic classes.

2) SFL: SFL has been shown effective for BCD tasks [31],
[37]. Inspired by prior research, we incorporate an SFL module
into our multiscale network to facilitate temporal-symmetric
feature acquisition for the BCD task. This SFL module imparts
resilience to the order of input images. Our model discerns per-
tinent features and yields consistent BCD outcomes whether
the images are arranged chronologically or in reverse order.
This immunity to image sequence is pivotal for ensuring
the precision and dependability of BCD, safeguarding against
biases that might arise from the arrangement of input images.

As shown in Fig. 8, the SFL module works as follows. First,
we concatenate F j (4)

1 ∈ Rc×h×w and F j (4)
2 ∈ Rc×h×w along the

Fig. 8. BCD task’s SFL module illustration.

channel dimension to get two new features F j (4)
1→2 and F j (4)

2→1 of
size 2c × h × w. Formally,

F j(4)
1→2 = concat

�
F j(4)

1 , F j(4)
2

�
F j(4)

2→1 = concat
�

F j(4)
2 , F j(4)

1

�
. (6)

F j (4)
1→2 and F j (4)

2→1 are concatenated in the reverse order.
Next, we reshape the size of the two concatenated feature

maps from 2c × h × w to 2 × c × h × w

F j(4)
1→2, F j(4)

2→1 = reshape
�

F j(4)
1→2

�
, reshape

�
F j(4)

2→1

�
. (7)

This gives us two 4-D feature maps, where the first and second
dimensions of the two features correspond to the temporal
phase and feature channel, respectively, and the third and
fourth dimensions correspond to the spatial dimensions.

Finally, we apply a 3-D convolution with a kernel size of
k × k × k to each of the two 4-D features. We then fuse the
two spatiotemporal features using element-wise multiplication
to obtain the final fused feature

F j
c = Conv3d

�
F j(4)

1→2

�
⊗ Conv3d

�
F j(4)

2→1

�
(8)

where ⊗ is element-wise multiplication and Conv3d is the 3-D
convolution. This operation is symmetric, implying that the
final fused feature F j

c remains unaffected by the sequence in
which the two feature maps, F j (4)

1→2 and F j (4)
2→1, are concatenated.

3) Total Loss: The overall loss of our MCTNet consists
of three losses: two SS losses and one BCD loss. We use
multiclass cross-entropy (CE) loss to model the SS losses and
binary CE loss to model the BCD loss. Specifically, let Lseg1

and Lseg2 denote SS losses with respect to temporal T1 and
temporal T2, respectively. The two SS losses can be expressed
as

Lseg1
= −

1
Np

NpX
i=1

yseg1
i log

�
pseg1

i

�
Lseg2

= −
1

Np

NpX
i=1

yseg2
i log

�
pseg2

i

�
(9)

where Np is the number of pixels in the training set. yseg1
i

and yseg1
i are the ground truth (GT) labels of the i th pixel pair

for the SS task. pseg1
i denotes the predicted probability of the
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branch corresponding to temporal T1 for the i th pixel with
respect to the class yseg1

i , likewise pseg2
i .

The BCD loss Lbcd between the BCD predicted results and
the GT can be formulated as

Lbcd
= −

1
Np

NpX
i=1

�
ybcd

i log
�

pbcd
i

�
−

�
1 − ybcd

i

�
log

�
1 − pbcd

i

��
(10)

where ybcd
i and pbcd

i represent the GT and the predicted result
of the i th pixel pair, respectively.

The total loss of the MCTNet is the sum of the SS losses
and the BCD loss

L = λ
�
Lseg1

+ Lseg2�
+ Lbcd (11)

where λ represents the weights of the SS losses. In practice,
the value of λ can be set by cross-validation.

IV. EXPERIMENTS

A. Settings

1) Datasets: We performed comprehensive experiments
on three SCD benchmark datasets: WHU-CD [38], SEC-
OND [39], and HRSCD [24].

a) WHU-CD: It contains two 32 507 × 15 354-pixel
aerial images of Christchurch, New Zealand captured in
2012 and 2016 at a 0.2-m/pixel spatial resolution. The dataset
includes labels for buildings and building changes between the
2012 and 2016 images. This work divides both images into
nonoverlapping 256 × 256-pixel patches for model training
and evaluation. The dataset contains 4461 training patches,
1487 validation patches, and 1486 test patches.

b) SECOND: It contains 4462 pairs of RS images
from various sensors, with publicly available annotations for
2968 image pairs. Each 512 × 512-pixel image has a spatial
resolution of 0.3–5 m and covers areas in Hangzhou, Chengdu,
and Shanghai. It provides pixel-level annotations for six land
cover categories, including nonvegetated ground, trees, low
vegetation, water, buildings, and playgrounds. It includes
labels for 37 potential land cover change types, including
36 interclass changes and unchanged areas. The dataset is
split into a training set of 2375 image pairs and a test set
of 593 pairs, a 4:1 ratio of training to test data.

c) HRSCD: It comprises 291 pairs of RGB aerial images
with a spatial resolution of 0.5 m and a size of 10 000 ×

10 000 pixels. Each image pair is accompanied by correspond-
ing land cover annotations, detailing six distinct categories:
No information, artificial surface, agricultural area, forest,
wetland, and water. These images were meticulously sourced
from urban and rural locales in Rennes and Caen, France.
We employed a nonoverlapping cropping approach on the orig-
inal images. Images were cropped only when the proportion
of the changed area exceeds 10%. We derived 2373 pairs of
512 × 512-pixel samples for model training and evaluation
through this process. Pixels labeled as No information were
excluded from the training dataset, ensuring CD algorithms are
assessed solely on the remaining five categories. The dataset
was divided into 1900 training image pairs and 473 testing
image pairs, maintaining a 4:1 training-to-test ratio.

2) Metrics: We conducted a comparative analysis of our
MCTNet with several benchmark algorithms on both the
BCD and SCD tasks. Following the setting of AMTNet [5],
we report results using four common evaluation metrics for
BCD: precision, recall, intersection over union (IoU), and F1
score. For SS, we report performance metrics for individual
categories using the same metrics. Additionally, we compare
the average performance across all categories. To ensure a
comprehensive evaluation of SS performance, we include
overall accuracy (OA), average precision (AP), and the Kappa
coefficient in our analysis.

B. Comparison Algorithms

We compare our method against recent SOTA CD
algorithms including CNN-based and Transformer-based
approaches. The pure CNN-based comparison algorithms con-
sist of DTCDSCN [25], DSIFN/IFN [40], MFPNet [41],
and SNUNet [42]. The Transformer-based comparison algo-
rithms consist of BIT [18], MSCANet [17], Bi-SRNet [3],
ChangeFormer [43], and AMTNet [5]. Among the comparison
algorithms, DTCDSCN and Bi-SRNet are multitask networks,
while the others are single-task networks. All comparison
algorithms have publicly available implementations.

Implementation Details: We implemented MCTNet and
baseline models in PyTorch, using an RTX 3090 GPU for
training and evaluation. We standardized the input image sizes:
256 × 256 pixels for WHU-CD and 512 × 512 pixels for
SECOND and HRSCD, with a batch size of 8. We optimized
using the AdamW optimizer [44] with an initial learning rate
of 1e-4 and a weight decay of 0.01. MCTNet used standard
CE loss for both the BCD and SS tasks when compared with
the baselines for a fair comparison. The Transformer module
contained four encoders and decoders. For the SFL stage,
we set the 3-D convolution kernel size to 3 × 3 × 3. Training
included random rotations and flips for data augmentation.
The token length l was 4. Models underwent training for
100 epochs. Training times were approximately 2.6 h for
WHU-CD, 4.8 h for SECOND, and 3.8 h for HRSCD with a
ResNet-50 backbone. Testing did not use data augmentation.
The loss weight λ was set to 0.5 for WHU-CD, 0.01 for
SECOND, and 0.1 for HRSCD through cross-validations.

C. Comparison Results

1) Comparison Results on BCD:
a) WHU-CD: As presented in Table I, our MCTNet

attains new SOTA results on this dataset. Specifically, MCTNet
obtains the highest recall at 95.24%, the best F1 score at
94.35%, and the highest IoU at 89.30%. It also achieves the
second-highest precision at 93.47%. The next top-performing
model is Bi-SRNet. It achieves strong results with a precision
of 92.58%, recall of 94.39%, F1 score of 93.48%, and IoU
of 87.76%. Though slightly below MCTNet, Bi-SRNet still
demonstrates excellent performance overall, coming in second
across key evaluation metrics. MCTNet improves precision by
0.89%, recall by 0.85%, F1 score by 0.87%, and IoU by
1.54% relative to Bi-SRNet. The single-task Siamese CNN-
Transformer network AMTNet achieves the third-best overall
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TABLE I
COMPARISON RESULTS FOR THE BCD TASK ON WHU-CD (%)

TABLE II
COMPARISON RESULTS FOR THE BCD TASK ON SECOND (%)

TABLE III
COMPARISON RESULTS FOR THE BCD TASK ON HRSCD (%)

performance. Compared with AMTNet, the improvement in
the performance of MCTNet and Bi-SRNet is likely due to
the multitask architecture. Improving recall [capturing more
true positives (TPs)] may decrease precision [more false
positives (FPs)], and vice versa. As for DSIFN/IFN, it has
the highest precision but not a high recall rate. As shown
in Table I, the performance of the comparison algorithms is
already very high, and there is not much room for performance
improvement.

b) SECOND: As presented in Table II, MCTNet obtains
the best overall results for the BCD task, with a recall of
66.75%, F1 score of 70.10%, and IoU of 53.96%. The
second-best overall performer is Bi-SRNet. It achieves strong
results with a precision of 65.07%, recall of 68.35%, F1
score of 66.67%, and IoU of 51.92%. MCTNet improves

TABLE IV
SS COMPARISON RESULTS ON WHU-CD (%)

TABLE V
SS COMPARISON RESULTS (%)

precision by 1.82%, recall by 1.68%, F1 score by 1.75%,
and IoU by 2.04% relative to Bi-SRNet. The pure CNN
model MFPNet achieves the third-best results overall on this
dataset. MFPNet’s strong performance can be attributed to
its sophisticated architecture, which incorporates multiscale
features and attention modules.

c) HRSCD: As depicted in Table III, our MCTNet
demonstrates superior performance for the BCD task on
HRSCD, achieving the highest overall results. It achieves a
precision of 77.43%, recall of 72.40%, F1 score of 74.83%,
and IoU of 59.78%. AMTNet, a CNN-transformer network,
achieves the second-best overall results on this dataset, with a
precision of 72.75%, recall of 74.21%, F1 score of 73.47%,
and IoU of 58.07%. Its robust performance can be cred-
ited to its complex architecture, which integrates ConvNets,
transformers, multiscale, and attention mechanisms to capture
spatial dependencies effectively. Compared to AMTNet, MCT-
Net enhances precision by 4.68%, F1 score by 1.36%, and IoU
by 1.71%. The third-best performer is Bi-SRNet, which also
exhibits strong results with a precision of 75.53%, recall of
71.07%, F1 score of 73.23%, and IoU of 57.76%.

2) Performance Comparison on SS:
a) WHU-CD: This dataset contains only two semantic

classes: background and building. As shown in Table IV, our
MTCNet achieves the best performance for the SS task across
both categories in this dataset. Bi-SRNet and DTCDSCN
achieve the second- and third-best overall performance, respec-
tively. The performance gap between MTCNet and Bi-SRNet
is small on this dataset. The pure CNN-based DTCDSCN
model achieves significantly lower F1 and IoU scores than the
two CNN-Transformer hybrid networks. Our MTCNet obtains
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TABLE VI
COMPARISON RESULTS OF THE SS TASK PERFORMED ON SECOND (%)

strong results with a precision of 96.51%, recall of 95.83%, F1
score of 96.17%, and IoU of 92.61%. The IoU of Bi-SRNet
and MTCNet on this dataset already exceeds 90%, indicating
that performance is near saturation. Furthermore, Table V
highlights that our MTCNet achieves the most superior SS
results among all SCD methods on the WHU-CD dataset,
as evidenced by metrics including mIoU, AP, OA, and Kappa.

b) SECOND: Compared to WHU-CD, the SECOND
dataset poses a heightened challenge for SS due to its six
distinct categories. Notably, it is highly imbalanced, with over
80% of the samples falling into the ground, low vegetation, and
building classes. Table VI compares the three SCD approaches
for each class. Our MCTNet demonstrates superior overall
performance in terms of precision, recall, F1 score, and
IoU. Particularly for the water class, MCTNet outperforms
Bi-SRNet and DTCDSCN. All three SCD models exhibit
strong recognition capabilities for ground, low vegetation,
and buildings across the four evaluation metrics in Table VI.
From Fig. 9, it is evident that water and trees are sometimes
misclassified as low vegetation, and playground as building.
Although MCTNet achieves state-of-the-art performance on
the SECOND dataset, further enhancements are needed, par-
ticularly in terms of recall for the rare classes such as water,
low vegetation, and trees.

c) HRSCD: As presented in Table VII, except for the
precision for water, our MCTNet outperforms the other coun-
terparts on HRSCD across all four evaluation metrics for all
categories. Especially category wetlands, the performance of
our algorithm is significantly better than the other two algo-
rithms. As observed from Fig. 9, Bi-SRNet tends to misclassify
forests as artificial surfaces or agricultural areas, and it also
tends to misidentify wetlands as artificial surfaces. DTCDSCN
tends to misclassify wetlands as agricultural areas. Table V
highlights that our MTCNet achieves the most superior SS
results among all SCD methods on the HRSCD dataset,
as evidenced by all four evaluation metrics, including mIoU,
AP, OA, and Kappa.

3) Visualization Comparison: Fig. 10 visually compares
BCD results on three SCD benchmarks. In Fig. 10, a better
result has fewer red and green pixels overall. BCD aims to
maximize the number of white and black pixels, reflecting
more accurate segmentation of the true classes, while minimiz-
ing the number of red and green pixels representing incorrect
predictions. Fig. 10 shows that our MCTNet outperforms the
comparison algorithms. Most comparative algorithms struggle
to precisely identify changes occurring in irregularly shaped

TABLE VII
COMPARISON RESULTS OF THE SS TASK PERFORMED ON HRSCD (%)

TABLE VIII
EFFICIENCY COMPARISON ANALYSIS WITH DIFFERENT INPUT SIZES

buildings across various sizes. However, our MCTNet can still
clearly delineate building boundaries.

Fig. 11 visually assesses the SCD task using randomly
selected samples. Our proposed MCTNet and Bi-SRNet per-
form quite well on WHU-CD, exhibiting an equivalently high
level of competence. When confronted with SECOND and
HRSCD, MCTNet surpasses DTCDSCN and Bi-SRNet, pre-
cisely pinpointing and categorizing change types. Consistent
with the observation from Tables V–VII, our MCTNet model
significantly outperforms the other two SCD methods in water
segmentation.

4) Model Efficiency: Three key metrics were assessed to
evaluate model efficiency: floating point operations (FLOPs),
parameters (Params), and frames per second (FPS). Table VIII
summarizes these metrics for inputs of 256 × 256 pixels
and 512 × 512 pixels. MFPNet tops FLOPs and params due
to its complex multiscale design. Of the transformer-based
networks, ChangeFormer exhibits the highest computational
complexity and parameter count resulting from its hierarchi-
cal Transformer encoder. Our MCTNet has 75.48 G FLOPs
and 24.90 M Params, given 512 × 512-pixel input images.
Reducing the input size to 256×256 pixels decreases these to
18.87 G FLOPs and 24.90 M Params. MCTNet outperforms
the multitask models DTCDSCN and Bi-SRNet in terms
of processing speed. Table VIII indicates that our MCTNet
achieves SOTA SCD performance while maintaining low
FLOPs and Params and without significant compromise in
processing speed.

5) Discussion: The experimental results reveal three key
observations.

1) Transformer-based SCD networks surpass their BCD
counterparts for the CD task across all three CD datasets.
The integration of land-cover categorical information
enhances performance. By utilizing MTL, these SCD
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Fig. 9. Confusion matrices for SS tasks using three SCD algorithms on SECOND and HRSCD datasets. AA, AS, LV, and Pg are abbreviations for artificial
surface, agricultural area, low vegetation, and playground, respectively.

TABLE IX
IMPACT OF THE NUMBER OF TRANSFORMER ENCODERS AND DECODERS

FOR BCD (%)

TABLE X
IMPACT OF THE NUMBER OF TRANSFORMER ENCODERS AND DECODERS

FOR THE SS TASK (%)

networks exploit correlations between tasks to boost
overall performance.

2) Our method showcases superior effectiveness compared
to SOTA SCD networks DTCDSCN and Bi-SRNet.

3) Our SCD network exhibits robust performance and high
efficiency.

D. Impact of Different Model Settings

In this section, we investigate the impact of various model
configurations including the number of encoders and decoders,

TABLE XI
IMPACT OF THE CONVOLUTION KERNEL SIZE IN SFL FOR BCD (%)

TABLE XII
IMPACT OF THE CONVOLUTION KERNEL SIZE IN SFL FOR SS (%)

convolution kernel size in the SFL, the SS loss weight λ, and
types of SS losses.

1) Model Performance Using Different Encoder-Decoder
Configurations: Tables IX and X compare the performance of
MTCNet using different numbers of encoders and decoders.
Our experiments demonstrate that just a single encoder and
decoder pair yields robust outcomes for both tasks. As we
increase the number of encoders and decoders, the perfor-
mance improves, generally peaking at four encoders and four
decoders for both tasks. These experimental results indicate
that the setting of four encoders and four decoders offers an
optimal balance between model effectiveness and computa-
tional efficiency. Going beyond four encoders and decoders
offers diminishing returns and is likely not worthwhile given
the increased computational requirements.
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Fig. 10. Visual comparison of BCD results. White pixels indicate TP, while black pixels denote true negatives (TNs). Green pixels represent FP, and false
negatives (FNs) are shown in red.

TABLE XIII
IMPACT OF SS ON BCD WITH VARYING λ (%)

2) Impact of the Convolution Kernel Size in the SFL: We
also assessed the impact of convolution kernel sizes within
the SFL module, ranging from 3 × 3 to 7 × 7, as detailed in
Tables XI and XII. The model performs well across all tested
configurations for both tasks, but optimal results are achieved
with a kernel size of 3 and a padding size of 1.

3) Impact of SS on BCD: Table XIII illustrates the perfor-
mance of BCD under varying values of λ, highlighting the
significance of SS in influencing BCD outcomes. On WHU-
CD, the model achieves peak performance when λ is set to
0.5 for the BCD task. This indicates that assigning a moderate
weight to the segmentation loss is optimal for this dataset. The

TABLE XIV
BCD RESULTS USING DIFFERENT SS LOSSES (%)

model performs best on the more challenging SECOND and
HRSCD datasets with unbalanced classes and more semantic
categories when λ takes smaller values of 0.01 or 0.1. The
SS predictions are less reliable on SECOND compared to
WHU-CD. Therefore, the results presented in Table XIII also
underscore that if the performance of the SS task falls short
within the multitask framework, its ability to augment the BCD
task’s performance is compromised.

4) Impact of the Segmentation Loss Type: We conducted
a comparative study to evaluate the impact of different loss
functions. Specifically, we replaced the standard CE loss with
weighted CE (WCE) [45], [46] for the SS task by incorpo-
rating class ratio priors computed from the training data. The
WCE loss allows the model to assign higher importance to
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Fig. 11. Visual comparison of SCD results. Three sets of (a1) and (a2), and (b1) and (b2) (top to bottom) correspond to the comparison results on the
WHU-CD, SECOND, and HRSCD datasets. GT for SCD was obtained by comparing the annotated land-cover categories.

rare classes, thereby improving its ability to classify semantic
changes accurately.

Tables XIV–XVII present the BCD and SS results using
different loss functions. Table XIV shows that using the WCE

loss did not substantially improve the model’s BCD perfor-
mance. However, Table XV indicates that the WCE loss can
somewhat improve the SS performance on the SECOND and
HRSCD datasets, which exhibit imbalanced class distributions.
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TABLE XV
SS RESULTS USING DIFFERENT LOSSES (%)

TABLE XVI
CLASS-WISE SS RESULTS USING DIFFERENT LOSSES ON SECOND (%)

TABLE XVII
CLASS-WISE SS RESULTS USING DIFFERENT LOSSES ON HRSCD (%)

On the WHU-CD dataset, the WCE loss slightly affects the
SS task, probably because there are only two categories of
building and nonbuilding on this dataset, and the performance
of the SS task is saturated using the CE loss. As shown in
Tables XVI and XVII, using the WCE loss significantly for
the SS task improves the recall of rare classes like water
and playground on the SECOND dataset. On the HRSCD
dataset, the F1 and IOU metrics are improved, particularly
for the forest and wetland classes. These results highlight the
WCE loss’s effectiveness in improving SS performance on
imbalanced datasets.

5) Impact of the Number of the Feature Scales: We
extracted multiscale feature maps from the four residual blocks
with varying scales to evaluate the impact of the number of
feature scales extracted from the backbone network. Blocks
Res4 and Res5 yield the same output feature scale. For
the output feature of Res4, we integrate it into the features
extracted from other residual blocks during the multiscale
feature fusion stage. As illustrated in Tables XVIII and XIX,
the model achieves peak performance when utilizing three
feature scales, extracted from residual blocks Res2, Res3, and
Res5. With fewer scales, the model may struggle to adequately
represent features at different levels of granularity, potentially
compromising its ability to detect subtle changes in RS
imagery. Extracting features from Res4 and fusing them with
the output features of other residual modules does not improve
the model’s performance but diminishes it. The decline in
performance when using feature maps extracted from all
four residual modules could be attributed to several factors.
First, the additional feature maps may introduce redundancy

TABLE XVIII
IMPACT OF THE NUMBER OF FEATURE SCALES ON SECOND

TABLE XIX
IMPACT OF THE NUMBER OF FEATURE SCALES ON HRSCD

TABLE XX
ABLATION RESULTS FOR THE BCD TASK (%)

or noise, diluting the discriminative information required for
effective CD. Second, the integration process of these feature
maps may not be optimal, leading to interference or conflicting
signals among the different scales.

E. Ablation Studies

We conducted ablation studies to evaluate the impact of
four key components in MCTNet: the Transformer module,
multiscale feature fusion, SFL, and MTL. We used CE loss
on WHU-CD and WCE loss on SECOND and HRSCD for
the SS task.

To assess the significance of each module, we conducted
a series of experiments where we removed individual com-
ponents from our network architecture and evaluated its
performance. Specifically, we tested the network with this
module removed to evaluate the Transformer module. Simi-
larly, to assess the importance of the multiscale feature fusion
strategy, we eliminated it from F j (2)

i to F j (3)
i . For the SFL

module, we removed it and directly concatenated the feature
maps F j (4)

1 to F j (4)
2 along the channel dimension. Following

this, we ensured that both the BCD and SS heads maintained
the same structure, except for the dimensions of the input and
output channels. Finally, to gauge the effectiveness of MTL,
we retained only one type of task head in the output layer.

Table XX presents the ablation results for the BCD task.
On WHU-CD, the Transformer module, the multiscale mech-
anism, the SFL module, and MTL improve the F1 score by
1.07%, 1.52%, 1.39%, and 2.57%, respectively. They also
improve IoU by 1.89%, 2.69%, 2.46%, and 4.49%, respec-
tively. These four key components all improved the IoU and
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TABLE XXI
ABLATION RESULTS FOR THE SS TASK (%)

F1 scores to some extent on SECOND and HRSCD. However,
MTL had a lesser effect on SECOND and HRSCD, likely
due to lower SS performance. Table XXI depicts the ablation
results for the SS task. Across all configurations on WHU-
CD, high performance is observed, and the removal of any
component had minimal impact due to saturation. A decrease
in performance was noted after removing the multiscale feature
fusion, which enhances the model’s ability to understand and
process images at different scales.

V. CONCLUSION

This article introduces MCTNet, a MCTNet for SCD using
bitemporal RS images. MCTNet combines SS and BCD tasks
in a triple-branch framework. Extensive experiments on the
WHU-CD, SECOND, and HRSCD datasets show MCTNet’s
effectiveness and efficiency in SCD. Ablation studies highlight
the importance of the Transformer module, multiscale feature
fusion, SFL, and MTL in boosting model performance.

We recognize that using a ResNet backbone pretrained
on natural images may limit performance due to its inad-
equate capture of RS data characteristics. Future work will
explore using foundation models like the segment anything
model [47], trained on RS images, as the backbone. We will
also apply semi-supervised domain adaptation techniques to
utilize labeled source data, limited labeled target data, and
abundant unlabeled target data to boost performance on the
target domain. These improvements aim to enhance the effec-
tiveness and robustness of SCD methods in RS applications.
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