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EdgeRefNet: An Edge-Guided Refinement Network
for Building Change Detection in Remote Sensing

Images
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Abstract—Building change detection (BCD) has achieved re-
markable progress with deep learning, yet precise boundary
delineation remains a challenging problem. Existing methods
often produce blurry contours, incomplete outlines, and building
adhesion, partly because structural edge cues are not sufficiently
integrated with semantic change representations. In this paper,
we propose EdgeRefNet, a hybrid CNN-Transformer architecture
for boundary-aware building change detection. The proposed
network adopts a dual-path framework consisting of a context
path for high-level semantic modeling and an edge path for fine-
grained structural detail preservation. Furthermore, a context-
guided cross-attention refinement mechanism is introduced to
explicitly couple semantic context and edge features, enabling
the latter to be refined under semantic guidance for improved
boundary localization. To further enhance the edge pathway, we
design an Edge Detection Block (EDB) and an Edge Enhancement
Module (EEM) to strengthen and refine structural features
from shallow representations. Combined with joint supervision
on change and edge predictions, EdgeRefNet produces change
maps with improved semantic consistency and structural pre-
cision. Experiments on the LEVIR-CD and WHU-CD datasets
demonstrate that the proposed method outperforms existing
approaches, particularly in preserving clearer, more complete,
and more accurate building boundaries. The code is available at
https://github.com/Wafaa-Hima/EdgeRefNet.

Index Terms—Building change detection, remote sensing im-
ages, edge-guided refinement, cross-attention mechanism

I. INTRODUCTION

BUILDING change detection (BCD) aims to identify
building-level changes from bi-temporal high-resolution

remote sensing images acquired over the same geographic
area. As a fundamental task in remote sensing interpretation,
BCD is of considerable importance in a wide range of practical
applications, including urban expansion analysis, land resource
management, illegal construction monitoring, disaster assess-
ment, and post-event damage evaluation [1]–[9].

In recent years, BCD has evolved from traditional change
detection methods, such as change vector analysis (CVA) and
multivariate alteration detection (MAD), toward deep learning-
based approaches. Convolutional neural networks (CNNs) and
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Fig. 1. Visual comparison on the LEVIR-CD and WHU-CD datasets. (a)-(b)
bi-temporal images, (c) ground-truth change map, (d) baseline result, (e) our
result, (f) edge label, and (g) predicted edge map. Our method yields clearer
and more complete boundaries with fewer false positives. Red boxes indicate
representative regions.

Vision Transformers (ViTs) have made significant advance-
ments in modeling semantic correspondence and contextual
dependencies in bi-temporal imagery, resulting in notable
improvements in change detection performance [10]–[16].

Despite these advancements, precise boundary delineation
remains a non-trivial challenge in BCD. Bi-temporal remote
sensing images are often affected by viewpoint variations,
illumination differences, seasonal appearance changes, and
imperfect registration, which can introduce ambiguity around
building contours, particularly in dense urban areas where
adjacent structures are closely packed. Under such conditions,
methods primarily driven by high-level semantic features may
show strong capability in region-level change recognition,
while still facing difficulties in preserving fine-grained geomet-
ric structures, thereby leading to relatively coarse boundaries,
incomplete outlines, building adhesion, and occasional false
positives in cluttered environments.

To alleviate this problem, several studies have incorporated
edge information into BCD frameworks to enhance structural
details and improve boundary localization [17]–[20]. Repre-
sentative methods, such as EGCTNet [18], demonstrate that
edge cues can provide useful structural guidance. However, in
many existing edge-guided frameworks, edge information is
mainly introduced as an auxiliary signal and is only loosely
coupled with semantic representations. As a consequence,
edge features contribute more to boundary enhancement than
to the learning of change-aware representations, and the con-
sistency between semantic change perception and boundary
localization remains limited in challenging scenes. As illus-
trated in Fig. 1, even when edge information is incorporated,
the baseline method [18] may still produce false alarms or
incomplete edges in difficult regions. This suggests that intro-
ducing edge cues alone may not be sufficient, and that moreCorresponding author: Zhi Lu.
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TABLE I
LIST OF ACRONYMS USED IN THIS PAPER

Acronym Definition
BCD Building Change Detection
CNN Convolutional Neural Network
CVA Change Vector Analysis
EDB Edge Detection Block
EEM Edge Enhancement Module
MAD Multivariate Alteration Detection
MRFs Markov Random Fields
PCA Principal Component Analysis
ViT Vision Transformer

explicit interaction between semantic and edge features could
be beneficial for improving boundary-aware change detection.

Motivated by this observation, we propose EdgeRefNet, a
hybrid CNN-Transformer architecture for building change de-
tection. The core idea is to strengthen the interaction between
high-level semantic information and structural edge cues,
so that boundary information can participate more directly
in change representation learning. To this end, EdgeRefNet
adopts a dual-path design, in which the semantic path is
responsible for extracting high-level semantic features and
modeling global spatio-temporal dependencies, while the edge
path preserves and refines structural details from shallow
features.

Building upon this dual-path formulation, we further intro-
duce a context-guided cross-attention refinement mechanism
to explicitly couple semantic and edge representations. Specif-
ically, semantic context learned from bi-temporal images is
used to guide the refinement of edge features, enabling the
model to suppress pseudo-boundaries caused by background
textures, illumination variations, and non-change contours
while emphasizing genuinely changed building structures. In
this way, the proposed framework improves the consistency
between change representation and boundary localization,
thereby producing structurally more complete and semanti-
cally more reliable change maps.

To further enhance the edge pathway, we design two dedi-
cated modules, namely the Edge Detection Block (EDB) and
the Edge Enhancement Module (EEM). The EDB is introduced
to explicitly strengthen edge-related responses from shallow
features, whereas the EEM further refines these responses
through channel-spatial enhancement, yielding more robust
and discriminative structural representations. The refined edge
features are then fused with contextual semantic features in
the decoder, and a joint supervision strategy over both change
maps and edge maps is employed to further improve the
structural quality of the final predictions.

For clarity, the main acronyms used in this paper are
summarized in Table I. The main contributions of this work
are summarized as follows:

• We propose a hybrid CNN-Transformer architecture for
building change detection, which adopts a dual-path
context-edge design and a context-guided cross-attention
refinement mechanism to improve the interaction between
semantic and edge features for boundary-aware change

TABLE II
REPRESENTATIVE BUILDING CHANGE DETECTION METHODS

CATEGORIZED BY MODELING PARADIGM AND KEY DESIGN PROPERTIES.

Paradigm Edge Representative works
Traditional CVA [15], [16], MAD [11], PCA [14],

MRFs [21], GLRT [22], [23]

CNN
– FC-Siam [7], STANet [24], DTCDSCN [25],

SNUNet [26], TinyCD [27]
✓ EGRCNN [28], MAEANet [20]

Transformer
– ChangeFormer [29], STADE-CDNet [1],

NATCD [30], STLNet [31],ACWCD [32]
✓ EATDer [33]

Hybrid
– BIT [34]
✓ EGCTNet [18], Edge-CVT [35]

detection.
• We design two dedicated edge modeling modules, namely

the Edge Detection Block (EDB) and the Edge Enhance-
ment Module (EEM), to strengthen and refine edge-
related structural representations from shallow features.

• Extensive experiments on the LEVIR-CD and WHU-CD
datasets demonstrate the effectiveness of the proposed
method, especially in preserving clearer, more complete,
and more accurate building boundaries.

II. RELATED WORK

The existing literature spans a variety of modeling
paradigms, ranging from traditional statistical methods to
CNN-based, Transformer-based, and hybrid deep learning
models. For clarity, representative approaches are summarized
in Table II according to their modeling paradigm and whether
explicit edge modeling is incorporated.

A. Traditional Change Detection Methods

Before the widespread adoption of deep learning, change
detection mainly relied on statistical modeling and handcrafted
features. Representative methods include Change Vector Anal-
ysis (CVA) [15], [16], Multivariate Alteration Detection
(MAD) [11], and Principal Component Analysis (PCA) [14],
which identify changes by modeling pixel-wise differences
and applying thresholding or clustering strategies. Probabilistic
graphical models such as Markov Random Fields (MRFs) [21]
were also introduced to incorporate spatial context into the
change inference process. In addition, statistical hypothe-
sis testing methods have shown effectiveness for Synthetic
Aperture Radar (SAR) imagery, such as adaptive generalized
likelihood ratio tests [22] and multiple covariance equality
testing [23]. Although these methods established an important
foundation for change detection, they usually depend heavily
on manually designed features and have limited robustness in
complex urban scenes with illumination variation, shadows,
and seasonal appearance changes.

B. Deep Learning-based Change Detection

Deep learning has substantially advanced remote sens-
ing change detection by enabling hierarchical representa-
tion learning directly from bi-temporal images. Early studies
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Fig. 2. Overview of the proposed EdgeRefNet architecture. A Siamese ResNet backbone extracts bi-temporal features, which are divided into a semantic path
for context modeling and an edge path for structural detail refinement using the proposed EDB and EEM modules. The resulting features are further refined
in a context-guided cross-attention decoder, and the network is trained with joint supervision on both change and edge maps.

were predominantly built upon convolutional neural networks
(CNNs) [24], [25], in which Siamese architectures became
a widely adopted paradigm for comparing features extracted
from temporally paired inputs. Representative CNN-based
methods include FC-Siam [7], STANet [24], DTCDSCN [36],
SNUNet [26], and TinyCD [27]. To improve feature dis-
crimination and spatial detail preservation, these methods
commonly incorporate skip connections, multi-scale fusion,
and attention mechanisms [28], [36]–[40]. Despite their effec-
tiveness, CNN-based models remain inherently constrained by
the locality of convolution, which limits their ability to capture
long-range dependencies and broader scene context.

To alleviate this limitation, Transformer-based architectures
were introduced into change detection, since self-attention
provides a more effective mechanism for modeling long-range
interactions and global contextual dependencies. Represen-
tative methods in this category include ChangeFormer [29],
NATCD [30], STLNet [31], and ACWCD [32]. These studies
demonstrate the advantage of Transformer-based representa-
tion learning in establishing semantic correspondence across
bi-temporal scenes, particularly for complex changes that
require broader contextual reasoning.

In parallel, hybrid frameworks have also attracted increasing
attention. The motivation behind this line of work is to com-
bine the strong local structural modeling capability of CNNs
with the global dependency modeling ability of Transformers.
Representative methods such as BIT [34], EGCTNet [18],
and Edge-CVT [35] follow this paradigm and show that
integrating convolutional inductive bias with self-attention can
provide a favorable balance between spatial discrimination and
contextual reasoning.

C. Edge-guided Change Detection

Accurate delineation of change boundaries remains a per-
sistent challenge in building change detection. Although high-
level semantic features are effective for identifying changed re-
gions, they often lack the spatial precision required to produce
sharp and reliable object boundaries. To address this issue, an
increasing number of studies have explored boundary-aware
and edge-guided designs. [35].

Early edge-guided methods were mainly developed on top
of CNN-based frameworks. Some studies introduced edge
prediction as an auxiliary task in a multitask learning setting,
where structural supervision was used to regularize building
extraction or change prediction, while others adopted dedi-
cated edge-aware branches and multi-scale decoding structures
to improve boundary localization [19], [41]–[52]. Represen-
tative methods in this direction include EGRCNN [28] and
MAEANet [20], and edge-guided parallel networks [53], all
of which demonstrate that explicit structural cues can improve
the sharpness and completeness of predicted change maps.

More recent studies have incorporated attention mechanisms
and Transformer components to better exploit global context
during boundary refinement. Representative examples include
EATDer [33], EGCTNet [18], and Edge-CVT [35]. These
methods indicate that edge-aware design can be beneficial
for improving boundary localization under more expressive
feature interaction schemes. Nevertheless, existing methods
still often treat edge information as auxiliary supervision or
introduce it through separate branches and relatively shallow
fusion. As a result, the interaction between structural edge cues
and high-level semantic representations may remain insuffi-
cient for fully exploiting their complementary characteristics.
This limitation motivates the development of more tightly
coupled refinement mechanisms for boundary-aware change
detection.

III. METHOD

A. Problem Formulation

Let It1 , It2 ∈ RH×W×C be a pair of bi-temporal remote
sensing images, and let Y ∈ {0, 1}H×W denote the corre-
sponding building change map, where Yi,j = 1 indicates that
pixel (i, j) belongs to a changed building region, and Yi,j = 0
otherwise. The goal of change detection is to learn a function
fθ that predicts a change map Ŷ = fθ(It1 , It2) ∈ {0, 1}H×W .
To enhance boundary localization, an auxiliary edge label
Yedge ∈ {0, 1}H×W is further derived from Y using the Canny
detector, where Yedge(i, j) = 1 indicates that pixel (i, j) lies on
the boundary of a changed building region, and 0 otherwise.
The primary task remains the prediction of the change map Y ,
while Yedge is used as auxiliary supervision during training.
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As illustrated in Fig. 2, the proposed network adopts a
dual-path architecture consisting of a semantic path and an
edge path. The semantic path extracts high-level semantic
features to characterize global change patterns, while the edge
path preserves fine-grained structural details. A context-guided
decoder further leverages semantic context to refine branch
features, thereby improving the consistency between semantic
change representation and boundary localization.

B. Backbone Feature Extraction

A shared ResNet-18 backbone [54] is used to extract multi-
scale features from the bi-temporal input images. For each
temporal image It, the backbone produces four feature maps
corresponding to the outputs of its four residual blocks:

Xk
t ∈ RCk×Hk×Wk , k ∈ {1, 2, 3, 4}. (1)

These feature maps have spatial resolutions of 1/4, 1/8, 1/16,
and 1/32 of the input size, respectively, while the number of
channels increases from 64 to 512. Shallow features preserve
fine spatial details, whereas deeper features encode higher-
level semantic information.

C. Dual-path Feature Extraction

To handle different levels of abstraction, the extracted multi-
scale features are divided into two streams. The semantic path
operates on the deepest feature map X4

t to derive semantic
features F sem

t , while the edge path operates on the shallow
features X1

t and X2
t to derive edge features F edge

t .
1) Semantic Path: The semantic path takes the deepest

feature map X4
t and applies a projection layer to obtain

semantic features:

F sem
t = Fs(X

4
t ), t ∈ {t1, t2}, (2)

where Fs(·) denotes the projection layer implemented by a
point-wise convolution.

2) Edge Path: The edge path takes the shallow features X1
t

and X2
t as inputs to preserve fine spatial details and structural

cues. Each shallow feature is first transformed into an edge-
aware representation:

Ek
t = Gk

e (X
k
t ), k ∈ {1, 2}, (3)

where Gk
e (·) denotes the edge feature extraction process for

Xk
t , which is detailed in Sec. III-E. Since E2

t has a lower
spatial resolution than E1

t , it is upsampled to match the reso-
lution of E1

t . The two resulting features are then concatenated
and fused to generate the final edge representation:

F edge
t = Fe

(
Concat(E1

t ,Up(E2
t ))

)
, (4)

where Up(·) denotes the upsampling operation and Fe(·)
denotes the fusion layer.

Input
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BatchNorm
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Conv

Sigmoid
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Input

Channel
Attention

Spatial
Attention
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(a) Edge Detection Block (EDB) (b) Edge Enhancement Module (EEM)

Fig. 3. Illustration of the proposed Edge Detection Block (EDB) and Edge
Enhancement Module (EEM) for edge feature extraction and refinement.

D. Context-guided Feature Refinement

Based on the extracted semantic features F sem
t1 and F sem

t2 ,
global spatio-temporal dependencies between the bi-temporal
images are modeled by a standard Transformer encoder Tctx
with positional encoding:

Fctx = Tctx
(
[F sem

t1 , F sem
t2 ]

)
, (5)

where [·] denotes concatenation. The resulting Fctx serves as a
context-aware representation for subsequent feature interaction
and refinement.

Based on Fctx, the semantic and edge features are further
refined through context-guided cross-attention. Specifically,
Fctx serves as the key and value, while the semantic and edge
features at each timestamp are used as branch-specific queries:

F̂ sem
t = Tsem(F

sem
t , Fctx), F̂

edge
t = Tedge(F

edge
t , Fctx), (6)

where Tsem(·) and Tedge(·) denote the cross-attention blocks
for the semantic and edge branches, respectively.

E. Edge Feature Extraction Modules

To construct the edge-aware representation Ek
t , each shal-

low feature Xk
t is independently processed by an edge feature

extraction module Ge(·), which is composed of an Edge
Detection Block (EDB) followed by an Edge Enhancement
Module (EEM), as illustrated in Fig. 3.

For notational simplicity, the internal operations of EDB
and EEM are described below using generic input and output
symbols, since the same processing is applied independently
to each {Xk

t }k,t.
1) Edge Detection Block (EDB): Given an input feature

map Hin, the EDB first applies a 3×3 convolution, followed by
batch normalization and ReLU activation, to obtain a refined
feature representation:

Hfeat = ReLU
(
BN(Conv3×3(Hin))

)
. (7)

An edge feature is then extracted from Hfeat through an edge-
specific convolution:

Hedge = EdgeConv(Hfeat). (8)

Based on the extracted edge feature, an edge attention map is
generated as

Aedge = σ
(
Conv1×1(Hedge)

)
, (9)
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where σ(·) denotes the sigmoid activation. The final output of
the EDB is obtained by combining the edge-enhanced feature
and the extracted edge feature:

Hout = Hfeat ⊗Aedge +Hedge, (10)

where ⊗ denotes element-wise multiplication.
2) Edge Enhancement Module (EEM): The feature pro-

duced by the EDB is further refined by the EEM. Inspired by
the SCSEBlock [42], the EEM applies channel attention and
spatial attention in parallel to enhance informative structural
responses.

For the channel attention branch, a channel-wise attention
vector is computed by global average pooling followed by a
shallow MLP and a sigmoid activation:

Ac = σ
(
MLP(AvgPool(Hin))

)
. (11)

For the spatial attention branch, a spatial attention map is
generated using a 1 × 1 convolution followed by a sigmoid
activation:

As = σ
(
Conv1×1(Hin)

)
. (12)

The final enhanced feature is obtained by combining the
channel-refined and spatially refined features:

Hout = Hin ⊗Ac +Hin ⊗As. (13)

F. Prediction and Learning Objective

After feature refinement, EdgeRefNet performs change pre-
diction and auxiliary edge prediction based on the semantic
and edge representations, respectively. Specifically, the bi-
temporal feature differences are computed as

Dsem = |F̂ sem
t1 − F̂ sem

t2 |, Dedge = |F̂ edge
t1 − F̂ edge

t2 |. (14)

The semantic difference feature Dsem is fed into the main
prediction head Hmain to produce the pixel-wise change
probability map

Pchange = Hmain(Dsem) ∈ [0, 1]H×W . (15)

Similarly, the edge difference feature Dedge is fed into an aux-
iliary prediction head Hedge to generate the edge probability
map

Pedge = Hedge(Dedge) ∈ [0, 1]H×W . (16)

The network is trained end-to-end with a joint objective that
combines the main change detection loss and the auxiliary
edge supervision loss, formulated as

Ltotal = Lcd + λLedge, (17)

where Lcd denotes the weighted binary cross-entropy loss with
respect to the ground-truth change map Y , Ledge denotes the
binary cross-entropy loss imposed on the auxiliary edge label
Yedge, and λ balances the contribution of the auxiliary supervi-
sion. This design allows the main branch to focus on building
change prediction, while the auxiliary edge branch provides
additional structural guidance for boundary localization during
training.

IV. EXPERIMENTS

A. Datasets

Our experiments were performed on two publicly available
datasets for high-resolution building change detection: LEVIR-
CD [40] and WHU-CD [25] datasets.

The LEVIR-CD dataset comprises 637 pairs of 1024 × 1024
pixel remote sensing images with a 0.5 m spatial resolution.
For our experimental setup, we adhered to the official data
split and partitioned the images into non-overlapping patches
of 256 × 256 pixels. After this process, we obtained 7,120
training pairs, 1,024 validation pairs, and 2,048 testing pairs.

WHU-CD: This dataset consists of a single pair of very
high-resolution aerial images (32,507 × 15,354 pixels) with a
spatial resolution of 7.5 cm. As there is no official data split,
we first cropped the images into non-overlapping 256 × 256
patches and then randomly split them, yielding 6,096 pairs for
training, 762 for validation, and 762 for testing.

B. Baseline Methods

We compare our method with the following baseline
change detection methods, including both CNN-based and
transformer-based architectures, each offering a distinct ap-
proach to change detection.

• DTCDSCN [36]: An attention-based method that en-
hances a Siamese FCN with a dual attention module to
capture channel and spatial dependencies.

• SNUNet [26]: A multi-scale feature concatenation model
combining Siamese networks and Nested-UNet [55] with
dense skip connections and channel attention.

• TinyCD [27]: A lightweight Siamese U-Net model with
a mix and attention mask block for space-semantic atten-
tion.

• BIT [34]: A transformer-based method that enhances
CNN features by modeling long-range dependencies
through semantic tokens.

• ChangeFormer [29]: A Siamese network with a hier-
archical Transformer encoder for extracting features at
multiple scales.

• EGCTNet [18]: A hybrid CNN-Transformer architecture
with an edge-guided branch to refine boundaries and
improve change detection accuracy.

C. Evaluation Metrics

We use five standard evaluation metrics for quantitative
comparison: precision (P), recall (R), F1-score (F1), intersec-
tion over union (IoU), and overall accuracy (OA). Based on
the confusion matrix entries true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN), these
metrics are defined as follows:

Precision =
TP

TP + FP
, (18)

Recall =
TP

TP + FN
, (19)

F1 =
2× TP

2× TP + FP + FN
, (20)
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TABLE III
COMPARISON OF QUANTITATIVE METRICS FOR LEVIR-CD AND WHU-CD BUILDING CHANGE DETECTION DATASETS

Methods LEVIR-CD WHU-CD
P (%) R (%) F1 (%) IoU (%) OA (%) P (%) R (%) F1 (%) IoU (%) OA (%)

DTCDSCN [36] 92.83 80.02 85.95 75.37 98.66 63.92 82.30 71.95 56.19 97.42
SNUNet [26] 90.79 89.53 90.15 82.08 99.00 89.00 83.41 86.12 75.62 98.93
TinyCD [27] 92.66 89.52 91.06 83.59 99.10 91.72 91.76 91.74 84.74 99.34

BIT [34] 89.24 89.37 89.31 80.68 98.92 86.64 81.48 83.98 72.39 98.75
ChangeFormer [29] 91.22 88.87 90.03 81.87 98.99 90.46 86.84 88.61 79.56 99.11

EGCTNet [18] 90.08 90.56 90.32 82.35 99.01 93.47 88.08 90.70 82.98 99.22
EdgeRefNet 92.90 90.68 91.43 84.22 99.13 95.00 88.81 91.80 84.84 99.37

(a) Pre-change (b) Post-change (c) Ground Truth (d) DTCDSCN (e) SNUNet (f) TinyCD
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Fig. 4. Qualitative comparisons of different change detection methods. For
each dataset, from left to right: (a) pre-change image, (b) post-change image,
(c) ground truth, (d) DTCDSCN, (e) SNUNet, (f) TinyCD, (g) BIT, (h)
ChangeFormer, (i) EGCTNet, (j) Ours.

IoU =
TP

TP + FP + FN
, (21)

OA =
TP + TN

TP + TN + FP + FN
. (22)

Precision and recall respectively measure the reliability of
positive predictions and the detection completeness of changed
pixels. The F1-score offers a balanced assessment of these two
aspects, while IoU evaluates the spatial alignment between
predicted and ground-truth change regions. OA is included
for completeness, although it is biased towards the majority
no-change class and thus less reliable under class imbalance.

D. Implementation Details

All training and evaluation using a single NVIDIA TITAN
RTX 3090 GPU (24 GB) are conducted. In both datasets,
the training procedure remained the same. We employed the
AdamW optimizer and established the following hyperparam-
eters: an initial learning rate of 1 × 10−4, a weight decay of
1×10−4, a batch size of 8, and a maximum of 200 epochs. A
cosine annealing scheduler was utilized to adjust the learning
rate during training. To improve the model’s generalization
and prevent overfitting, the training data was augmented with
a series of random transformations, such as resized cropping,
90-degree rotations, color jittering, and Gaussian blurring.

E. Overall Performance

Table III presents the quantitative comparisons on both
LEVIR-CD and WHU-CD datasets. Our EdgeRefNet achieves
state-of-the-art performance across almost all metrics, vali-
dating the effectiveness of explicit edge guidance for change
detection.

On LEVIR-CD, EdgeRefNet attains an F1-score of 91.43%
and IoU of 84.22%, outperforming all competing methods.
Compared to the second-best TinyCD (91.06% F1, 83.59%
IoU), our method yields relative improvements of 0.41% in
F1 and 0.75% in IoU. TinyCD also surpasses more complex
architectures like BIT and ChangeFormer on these key met-
rics. EGCTNet, which similarly incorporates edge supervision,
achieves competitive results with 90.32% F1. On WHU-CD,
EdgeRefNet again achieves superior performance with 91.80%
F1 and 84.84% IoU. TinyCD closely follows (91.74% F1,
84.74% IoU), while EGCTNet obtains 90.70% F1. These
consistent gains across two benchmarks demonstrate the ro-
bustness of our edge-guided refinement strategy for building
change detection.

The qualitative results, as shown in Fig. 4, reveal common
challenges faced by various change detection methods. These
challenges include incomplete detection of building parts,
boundary adhesion in densely packed small buildings, and
irregular false alarms.

For the LEVIR-CD dataset, in the densely packed small
buildings (examples 1 and 2), baseline methods are prone
to false alarms or the connectivity of boundaries between
different buildings. Furthermore, in the third example, the
incomplete building detection problem is clearly visible for
DTCDSCN and SNUNet. In the WHU-CD dataset, similar
issues are observed. In the first example, the baseline methods
result in numerous fragmented buildings. In the second exam-
ple, there is a detection failure of small buildings (DTCDSCN)
as well as false alarms (ChangeFormer). In the third example,
BIT’s boundaries are blurry and not sharp, and all methods
exhibit false alarms. In contrast, our method produces clear
and complete building detections, effectively addressing these
challenges.

F. Ablation Study

1) Effect of Edge Modules: We first conduct ablation stud-
ies on the LEVIR-CD dataset to evaluate the effectiveness of
EDB and EEM. As shown in Table IV, the baseline model
achieves an F1-score of 91.23%, with the highest precision
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TABLE IV
ABLATION EXPERIMENTS ON THE LEVIR-CD DATASET

Methods P (%) R (%) F1 (%) IoU (%) OA (%)
Baseline 93.26 89.29 91.23 83.88 99.12
w/ EDB 92.81 89.71 91.23 83.88 99.12
w/ EEM 92.15 90.63 91.38 84.13 99.13

Full Model 92.90 90.68 91.43 84.22 99.13

(a) Pre-change (b) Post-change (c) Ground Truth (d) Baseline (e) w/ EDB (f) w/ EEM (g) Full Model
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Fig. 5. Qualitative results of the ablation study on the LEVIR-CD dataset,
with zoomed-in patches in the lower-left corners highlighting the boundary
refinement achieved by the proposed modules.

of 93.26% and the lowest recall of 89.29%. This suggests
that, in the absence of edge assistance, the model tends to be
conservative in predicting positive classes, which may result
in under-segmented predictions where boundaries contract
inward, leaving the outer edges of objects undetected. Intro-
ducing edge-related modules significantly improved recall, but
at the cost of precision, as enhancing the edges also introduced
some false positives.

In terms of overall performance, adding EDB alone results
in performance nearly identical to the baseline. Although EDB
provides explicit edge priors to guide the network toward
boundary regions, without subsequent feature refinement, these
priors may introduce additional false alarms. Adding EEM
alone improves performance through its channel-spatial atten-
tion, which amplifies informative signals, but it may also lead
to unfocused enhancement. The full model integrates EDB and
EEM, combining the spatial localization from EDB with the
feature refinement from EEM, allowing the model to achieve
more localized enhancement while overcoming the limitations
of each module when used independently.

We further visualize different examples in Fig. 5 to high-
light the differences. Overall, without boundary guidance, the
baseline tends to cause boundary inward contraction (example
1), merging of nearby boundaries (example 2), missing parts
of buildings (example 3), or the segmentation of a building
into multiple parts (example 4). Furthermore, EDB, through
explicit edge guidance, significantly preserves boundary infor-
mation but is prone to false alarms. Using EEM alone mitigates
the boundary issues of the baseline, but it doesn’t achieve the
same clarity as EDB. Combining both modules produces the
best results, which further emphasizes the importance of edge
guidance in improving boundary detection and localization in

TABLE V
ABLATION ON INPUT CHANNELS ON LEVIR-CD

Input P (%) R (%) F1 (%) IoU (%) OA (%)
Grayscale 90.03 83.67 86.73 76.57 98.69
RGB 92.90 90.68 91.43 84.22 99.13

TABLE VI
EFFICIENCY COMPARISON OF DIFFERENT METHODS

Model Params.
(M)

FLOPs
(G)

Inference Time (ms)
LEVIR-CD WHU-CD

DTCDSCN [36] 41.07 13.22 21.23 ± 0.48 21.56 ± 0.48
SNUNet [26] 12.03 54.83 21.18 ± 0.48 21.18 ± 0.60
TinyCD [27] 0.29 1.54 15.34 ± 0.35 16.05 ± 1.67

BIT [34] 11.99 4.90 19.46 ± 0.24 19.53 ± 0.32
ChangeFormer [29] 41.03 202.79 56.39 ± 3.15 54.16 ± 0.51

EGCTNet [18] 106.16 38.47 134.11 ± 2.13 132.88 ± 2.53
EdgeRefNet 19.48 27.55 61.17 ± 2.50 65.35 ± 5.83

challenging scenarios.
2) Effect of Input Channels: To evaluate the influence of

input channel configuration, we compare the default 3-channel
RGB input with a single-channel grayscale variant on the
LEVIR-CD dataset. As shown in Table V, the RGB input
consistently achieves better performance than the grayscale
setting across all evaluation metrics. In particular, the F1 score
improves from 86.73% to 91.43%, and the IoU increases from
76.57% to 84.22%. These results indicate that RGB input
preserves richer appearance information across the visible
bands than the grayscale.

G. Computational Efficiency

To evaluate the computational efficiency of the proposed
method, we compare its parameter count, FLOPs, and GPU
inference time with several representative change detection
models on the LEVIR-CD and WHU-CD datasets. The results
are reported in Table VI. All inference-time measurements are
obtained on a server equipped with an NVIDIA RTX 3090
GPU and are reported as the average runtime per image pair.

As shown in Table VI, lightweight CNN-based models
such as TinyCD, BIT, SNUNet, and DTCDSCN require less
computation and lower inference time than the heavier ar-
chitectures. TinyCD is the fastest method on both datasets,
whereas ChangeFormer and EGCTNet require noticeably more
computation.

EdgeRefNet contains 19.48 M parameters and 27.55
GFLOPs, with inference times of 61.17 ± 2.50 ms on LEVIR-
CD and 65.35 ± 5.83 ms on WHU-CD. Although it is slower
than the lightweight baselines, it is clearly more efficient
than EGCTNet and requires substantially fewer FLOPs than
ChangeFormer. Taken together with the quantitative results,
these comparisons indicate that EdgeRefNet achieves a reason-
able trade-off between detection accuracy and computational
cost.

H. Visualization Results

To provide a more intuitive visualization of the proposed
method, Fig. 6 presents the predicted change maps and the
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(a) Pre-change (b) Post-change (c) Ground Truth (d) Edge Label (e) Pred. Change (f) Pred. Edge (a) Pre-change (b) Post-change (c) Ground Truth (d) Edge Label (e) Pred. Change (f) Pred. Edge

 LEVIR-CD WHU-CD

Fig. 6. Qualitative results of the proposed method on the LEVIR-CD and WHU-CD datasets. The figure demonstrates our model’s ability to accurately
predict building change maps while maintaining high-fidelity structural edges. (a)-(b) Bi-temporal images, (c)-(d) Ground truth change map and edges, (e)-(f)
Predicted change map and edges.

Fig. 7. Visual results of 256 × 256 images on the LEVIR-CD dataset. (a)
pre-change image, (b) post-change image, (c) ground truth, (d ) Change map
produced by EdgeRefNet.

Fig. 8. Visual results of 256 × 256 images on the WHU-CD dataset. (a)
pre-change image, (b) post-change image, (c) ground truth, (d) change map
produced by EdgeRefNet.

corresponding edge maps on the LEVIR-CD and WHU-CD
datasets, while Figs. 7 and 8 further provide high-resolution
zoomed-in results in several complex scenarios. It can be
observed that the predicted edges generally align well with the
boundaries of the changed buildings, and the associated change
maps preserve relatively clear and complete building struc-

tures. The zoomed-in regions further show that EdgeRefNet
maintains good geometric integrity and regional completeness
across buildings with different scales, shapes, and spatial
distributions. These visual results complement the quantitative
analysis by providing an intuitive view of the predictions
produced by the proposed method.

V. CONCLUSION

In this paper, we proposed EdgeRefNet, a hybrid CNN-
Transformer framework for building change detection that
explicitly enhances the interaction between semantic and edge-
aware representations. By introducing the Edge Detection
Block (EDB), the Edge Enhancement Module (EEM), and
the cross-attention-based refinement mechanism, the proposed
method improves the delineation of changed building regions,
especially around complex boundaries. Extensive experiments
on the LEVIR-CD and WHU-CD datasets demonstrate that
EdgeRefNet achieves strong quantitative performance and pro-
duces clear and complete change maps. Although the proposed
framework effectively strengthens semantic-edge interaction, it
does not explicitly exploit the geometric regularity of build-
ings. Future work will explore the incorporation of geometry-
aware structural constraints to further improve the preservation
of shape consistency, boundary quality, and region integrity in
complex urban scenes.
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