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ABSTRACT

Timely and accurate building extraction from disaster imagery is impor-
tant for emergency response, damage assessment, and post-disaster recov-
ery. Staring satellite video provides stage-specific observations of the same
affected area as a disaster evolves. However, building appearances vary
substantially across stages, from intact structures to deformed build-
ings and fragmented remnants, resulting in pronounced stage-dependent
within-class variation. Existing methods are commonly developed using
single-date imagery, and their reliability across heterogeneous damage
conditions remains insufficiently investigated. To address this problem,
we propose PGDGNet, a Prior-Guided Detail-Global Fusion Network for
frame-wise multi-stage building extraction. PGDGNet employs a dual-
branch CNN-Transformer architecture to capture local structural details
and global semantic context. Its Detail-Global Feature Fusion (DGFF)
module applies branch-specific attention and spatial gating to reconcile
original and attention-enhanced features before local-global integration.
A joint color-and-boundary prior-guidance strategy provides comple-
mentary appearance and contour cues when structural information is
weakened, while boundary-aware supervision facilitates the delineation
of incomplete buildings. A patch-level dataset is constructed from frames
representing the early, intermediate, and late stages of the 2018 Indonesian
tsunami—earthquake event. Experiments show that PGDGNet achieves
the highest Building IoU and recall across all three stages. Compared with
the strongest baseline, CFFormer, PGDGNet improves Building IoU by
0.59, 0.63, and 0.81 percentage points and recall by 1.45, 0.80, and 1.08
percentage points in the early, intermediate, and late stages, respectively.
The results demonstrate robust and reliable performance across disaster
stages.

Abbreviations

DGFF Detail-Global Feature Fusion

CNN Convolutional Neural Network

PGDGNet  Prior-Guided Detail-Global Fusion Network
FCN Fully Convolutional Network
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DSM Digital Surface Model
GFB Global Feature Branch
LDB Local Detail Branch
WTConv Wavelet Convolutions
PE Patch Embedding
PM Patch Merging
BFBs BuildFormer Blocks
W-LMHSA Window-based linear multi-head self-attention
C-MLP Convolutional Multilayer Perceptron
OA Overall Accuracy
IoU Intersection over Union
CA Coordinate Attention
ECA Efficient Channel Attention

1 Introduction

Natural disasters such as earthquakes and tsunamis can rapidly disrupt urban built environments,
making timely building extraction important for emergency response and post-disaster assessment
[1,2]. Staring satellite video-derived observations provide short-interval views of the same affected
area, offering information beyond a single-date snapshot [3,4]. In the disaster event examined in this
study, buildings exhibit distinct stage-dependent appearances: structures remain largely intact in the
early stage, visible deformation emerges in the intermediate stage, and severe damage leaves many
buildings fragmented in the late stage. These transformations disrupt building geometry, texture, and
boundary continuity, producing substantial within-class appearance variation. As structural damage
intensifies, local structural cues become incomplete and recognizable building patterns weaken. The
central challenge is therefore to learn building representations that remain discriminative across
representative stages of disaster-induced appearance degradation.

Traditional building extraction methods, including edge detection, geometric feature-based
approaches, and object-oriented approaches, generally rely on handcrafted spectral, textural, and
geometric features together with predefined rules [5,6]. Although these methods can be effective when
buildings exhibit clear spectral contrast and regular geometric shapes, their fixed feature design limits
their ability to accommodate substantial variations in building appearance.

Deep learning has significantly advanced building extraction by enabling hierarchical feature
learning directly from remote sensing imagery. Early studies predominantly adopted fully con-
volutional and encoder—decoder architectures for pixel-level building prediction. Bittner et al. [7]
proposed a multisource FCN architecture that jointly exploits panchromatic, multispectral, and
stereo-DSM data, while Yu et al. [§] proposed ConvBNet, a modern pure-convolution architecture
based on ConvNeXt, for building footprint extraction from very-high-resolution imagery. These
studies demonstrate the capability of CNNs to capture roof textures, edges, and local geometric
patterns when such cues are clearly preserved. However, CNN representations still depend strongly on
local feature reliability, and long-range spatial relationships are modeled indirectly through stacked
local operations [9,10]. To broaden the contextual range of CNN representations, subsequent studies
introduced multiscale feature extraction and attention mechanisms. RU-Net [11], BMFR-Net [12] and
EU-Net [13] enhance multiscale contextual learning through residual learning, atrous convolution, or
dense spatial pyramid pooling. MAP-Net [14], RFA-UNet [15] and AttUNet+ [16] further improve
feature discrimination by incorporating attention-based mechanisms. These methods enrich CNN
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features under conventional building morphology, where buildings are usually spatially continuous
and scale variation is a major challenge. However, they are not specifically designed for disaster
scenes in which building regions become spatially discontinuous and structurally fragmented. In such
cases, simply broadening the contextual range does not guarantee that fragmented regions can be
consistently associated with the building category.

Transformer architectures provide a more explicit mechanism for modeling long-range spatial
dependencies [17-19]. However, pure Transformer representations without sufficient local induc-
tive biases may underrepresent the fine-grained structural details required for accurate building
delineation. Consequently, CNNs and Transformers offer complementary representation capabilities,
motivating dual-branch architectures that jointly exploit local structural information and global
contextual semantics.

BuildFormer [20] introduced a CNN-Transformer dual-branch framework for building extrac-
tion, combining a CNN-based detail path with a Transformer-based global branch through hierar-
chical feature fusion. Subsequent studies further improved cross-branch interaction, but many still
integrate the two branches through direct aggregation or unified post-fusion enhancement. DSFENet
aligns Transformer representations with CNN feature maps and fuses them mainly through concate-
nation before redistributing the aggregated features to both branches [21]. To enhance cross-branch
feature interaction, attention-guided fusion and nonlinear transformation mechanisms were further
introduced into CNN-Transformer architectures. DPENet [22] employs concatenation followed by
channel attention within a dual-path interactive fusion module, while MDTrans [23] introduces
attention-guided fusion to enhance local-global interaction after feature aggregation. DFRTNet [24]
further adopts an MLP-based strategy to model nonlinear interactions between local and global
representations. Although these methods improve CNN-Transformer collaboration, their fusion
mechanisms generally treat CNN-derived local features and Transformer-derived global features as
complete streams to be aggregated or reweighted. They do not explicitly refine each branch according
to its own representation characteristics before fusion. This limitation becomes more critical in satellite
video-derived multi-stage disaster observations, where buildings progressively change from intact
structures to deformed buildings and fragmented remnants. In this process, local structural details
may become fragmented and spatially unreliable, while global semantic responses may also become
ambiguous as regular building shapes are gradually lost. Directly fusing such heterogeneous features
may introduce unreliable or redundant responses into the fused representation. These observations
motivate the exploration of pre-fusion branch refinement, rather than direct aggregation, for integrat-
ing CNN-derived local details and Transformer-derived global context under progressive structural
degradation.

Prior knowledge provides a complementary source of information for building extraction. Exist-
ing priors can be broadly categorized according to their primary roles into structural and scene-context
cues. Structural priors include geometry-aware methods [25,26], which explicitly incorporate building
shape information and geometric significance cues to enhance structural completeness and preserve
regular building contours during extraction, and edge-aware methods [27,28], such as gradient-
based contour information or multiscale DoG-derived edge responses, to facilitate accurate contour
localization and building boundary delineation. Scene-context priors exploit relationships between
buildings and their surroundings. For example, Ok [29] incorporated shadow evidence into a graph-
cut framework to distinguish buildings from surrounding objects in complex urban scenes. However,
many existing priors depend on coherent geometry, continuous boundaries, or stable contextual
relationships. The reliability of these cues decreases as disaster-induced damage progresses. Even
when overall structural regularity is disrupted, color-derived appearance cues and partial boundary
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evidence may remain observable in some damaged regions. Their complementary use may support the
discrimination of building regions and the delineation of their contours, motivating their incorporation
as auxiliary priors for multi-stage building extraction.

Beyond feature representation and prior guidance, existing task settings rarely provide sufficient
support for studying building extraction throughout disaster evolution. Conventional building extrac-
tion studies are mostly based on single-date imagery, while disaster-oriented change detection and
damage assessment studies often use pre- and post-event image pairs [30,31]. These settings capture
either one building state or two endpoint states, but provide limited information about the intermediate
process in which buildings gradually deform, collapse, and fragment. Staring satellite video-derived
observations help fill this gap by providing short-interval observations of the same affected area.
This capability motivates the multi-stage building extraction problem studied in this work: how to
accurately identify buildings as their appearance changes from intact structures to deformed buildings
and fragmented remnants.

To address these task- and representation-level challenges, we propose PGDGNet, a Prior-Guided
Detail-Global Fusion Network for multi-stage building extraction from disaster satellite video-
derived observations. PGDGNet adopts a dual-branch CNN-Transformer architecture to capture
local structural details and global contextual semantics. Its core DGFF module refines heterogeneous
local and global features before fusion, reducing the propagation of unreliable responses caused by
fragmented structures and ambiguous semantics. A joint color-and-boundary prior-guidance module
further provides auxiliary appearance and contour cues when coherent building geometry is disrupted.

The main contributions are summarized as follows:

(1) We investigate a multi-stage building extraction problem from disaster satellite video-derived
observations, aiming to accurately extract building-related regions with substantially different
appearance and structural forms within the same disaster event. This setting focuses on
buildings ranging from intact structures to deformed buildings and fragmented remnants,
addressing stage-dependent within-class appearance variation.

(2) We propose a Detail-Global Feature Fusion (DGFF) module to improve local-global feature
integration under structural degradation. Instead of directly aggregating CNN-derived local
features and Transformer-derived global features, DGFF performs branch-specific refinement
and intra-branch gated residual reconciliation before fusion.

(3) We introduce a joint color-and-boundary prior-guidance strategy to provide complementary
appearance and contour cues when regular building geometry becomes unreliable. Boundary-
aware supervision is further incorporated to improve the delineation of buildings with incom-
plete or ambiguous boundaries.

2 Methodology

In this section, the proposed methodology is described in detail.

2.1 Overview

PGDGNet adopts a dual-branch architecture consisting of a Global Feature Branch (GFB) and
a Local Detail Branch (LDB) to collaboratively model global semantic context and fine-grained local
structural details. The RGB image is concatenated with the RBW color guidance map and boundary
guidance map to form a five-channel input to the LDB. A Detail-Global Feature Fusion (DGFF)
module adaptively integrates local detail and global semantic representations from the two branches
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to enhance feature complementarity. The fused features are decoded via an FPN-style decoder to
produce the final segmentation map. The overall architecture is illustrated in Fig. 1.
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Figure 1: Overall architecture of the proposed PGDGNet

2.2 LDB Backbone

The LDB is built upon a CNN backbone to extract fine-grained spatial features and structural
details, comprising three key components: a WTConv-based feature extraction backbone, a prior-
guided input enhancement module, and CBAM-based attention recalibration. Standard convolutions
in conventional CNN branches are limited in capturing the multi-scale building representations
required in disaster imagery, where intact large-scale structures coexist with small-scale fragmented
remnants across the appearance degradation spectrum. WTConv is therefore introduced to enhance
multi-scale feature representation through wavelet-based decomposition, while CBAM is incorporated
after the third and fourth convolutional layers to adaptively recalibrate channel and spatial attention
responses, suppressing background interference under complex disaster conditions.

2.2.1 WTConv Block

WTConv performs discrete wavelet decomposition on input features to obtain multi-frequency
sub-bands, applies depthwise convolution in the wavelet domain, and reconstructs features via inverse
wavelet transform. The structure of the WTConv block is illustrated in Fig. 2.

Given an input feature X € R WTConv first performs discrete wavelet decomposition to
obtain four frequency sub-bands:

X.= X *f,{se LL, LH, HL, HH) (1)

where f;; denotes the low-pass filter and the remaining filters correspond to high-frequency
components.
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Figure 2: Feature extraction with the WTConv module

At each level i, the sub-bands are concatenated along the channel dimension and processed by
depthwise convolution:

X = Concat. [X{), X, X5, X\ ] ©
Y(i) _ Convdw (W(i)’ X(i)) (3)

The final output fuses spatial and frequency domain features through residual connection:
Y = Conv,,(X) + Z° 4)

Through wavelet decomposition, WTConv separates low- and high-frequency components, facil-
itating the extraction of coarse structural information and fine-grained boundary details while
enlarging the effective receptive field at low computational cost.

2.2.2 Prior-Guided Module

In disaster imagery, structural damage progressively eliminates the textural and geometric reg-
ularity that conventional priors rely upon. As established in Section 1, two types of low-level cues
remain useful as complementary information under severe damage conditions in the study area.
First, building rooftops exhibit relatively consistent color distributions, predominantly white, red, and
blue, that remain distinguishable from surrounding backgrounds across all disaster stages. Second,
although complete building boundaries are progressively lost as structural damage advances, building
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fragmentation may produce locally concentrated and geometrically irregular boundary responses in
building-related regions, providing complementary structural cues for identifying damaged building
remnants. providing complementary structural guidance that helps distinguish building remnants from
surrounding low-gradient ground surfaces. These cues are incorporated as auxiliary guidance channels
rather than explicit predictions, providing coarse spatial constraints to encourage the network to focus
on building-sensitive regions during feature learning. An illustration of the prior knowledge is shown
in Fig. 3.

Integration of prior information
|— and differential analysis - —

Obtain color prior
C————- information @~ @— — — — — —

Fused prior information

Color prior | .
o | grayscale image image
Difference Analysis

Obtain boundary prior

. information B e
Boundary prior

information

Grayscale image

Figure 3: Color and boundary prior extraction and fusion

1. Color prior knowledge

Building rooftops in the Petobo study area show relatively distinct color characteristics, with
many white, red, and blue roofs distinguishable from the surrounding background in the selected
disaster frames. Based on observations from the training frames, the HSV thresholds used in this study
were empirically determined to construct a coarse red—blue—white (RBW) color prior. The testing
frames were not used for threshold adjustment. The predefined thresholds are not used as decision
rules for final building extraction; instead, they generate an RBW color guidance map that provides
complementary color cues for network feature learning. The RBW guidance map is generated in the
HSYV color space using the following threshold-based masks:

M,,=[h<0.05vVvHh=>090)]A(>03)AW=>02) (%)
My, = >055 A <075 A6>03)A0>02) (6)
M e = (s <025 A (v>0.7) (7
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where /& denotes Hue, s denotes Saturation, and v denotes Value. The resulting guidance map
provides coarse spatial constraints for building-sensitive regions under the scene-specific appearance
characteristics of the study area.

The three-color masks are further combined to obtain a unified RBW color guidance map
highlighting candidate building-sensitive regions in the image. The formulation is defined as follows:

MRBW = Clip[oﬁl] (M‘ed + Mblue + Mvhite) (8)

2. Boundary prior knowledge

Progressive building fragmentation in the intermediate and late disaster stages produces densely
distributed and geometrically irregular boundaries, increasing the difficulty of learning reliable
structural representations from RGB imagery alone. Boundary-aware cues are extracted using the
Sobel operator applied to the grayscale image:

Ep=/VI+V2+e(e=10") )

Boundary responses are normalized and filtered to suppress background clutter:

—_ Enorm(p)a Em)rm(p) >T _
Fulp) = { 0, otherwise *F — 02 (10)
E,
E’,dge = —} (1 1)
max (EI/I) +€

Finally, the boundary guidance map is concatenated with the RGB image and the RBW color
guidance map to form the five-channel input to the LDB:

Xvinput = Concat [XRGB: Fedge7 MRBW] (12)

where Xzes € R"™" denotes the RGB image, F.,,. € R""*! represents the one-channel boundary
guidance map, and My, € R™"*' denotes the one-channel RBW color guidance map. These
features are concatenated along the channel dimension to construct the fused representation X, €
R*™">5 providing complementary structural and appearance-aware cues for enhanced local feature
representation.

2.3 GFB Backbone

The GFB serves as the global semantic extraction pathway and collaborates with the LDB to
form a global-local feature learning framework. Considering the fragmented structures and complex
background interference commonly observed in disaster imagery, effective modeling of long-range
semantic dependencies is crucial for robust building extraction. Therefore, the GFB is constructed
based on the global Transformer branch of BuildFormer, which enables hierarchical global context
modeling. Specifically, the GFB consists of a Patch Embedding (PE) layer, multiple BuildFormer
Blocks (BFBs), and Patch Merging (PM) layers. The PE layer generates overlapping patches to retain
local structural information, while PM layers progressively enlarge the receptive field and construct
hierarchical semantic representations. Each BFB integrates window-based linear multi-head self-
attention (W-LMHSA) and a convolutional multilayer perceptron (C-MLP), which jointly capture
contextual dependencies and facilitate semantic interaction across spatial regions. As a result, the GFB
provides robust global semantic representations for subsequent feature fusion.
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2.4 DGFF Module

As illustrated in , DGFF is designed to fuse heterogeneous features from the Local Detail
Branch (LDB) and Global Feature Branch (GFB).

I
I Global feature Detailed feature X
v I
I
- l*jeature Feature alignment |
| alignment |
I Mo | 10 ] " Coordinaie |7 I
| | |1 Attention I
X Average Y Average I
| Average | | 1AL Tk |
| I Pooling ¥ Pooling Pooling | I
I
I I I I 1x1Conv [ I
||| 1x1Conv | BN+ReLu I I
| | l |l \ 7 Spllit v |
| | I | 1x1Conv 1x1Conv I |
| I Sigmoid I I + * | I
[ || Sigmoid Sigmoid : |
N I !
e e - — b — — — T — — |
I |
‘> Feature gating Feature gating <€«——
I
I v
I Global feature Detailed feature |
Xe pe |
I |
I v I
I 3x3Conv |
| v |
I BN+ReLu |
I |
I |
I

Figure 4: Architecture of the DGFF module

Unlike conventional fusion strategies that mainly rely on direct aggregation or post-aggregation
enhancement, DGFF refines each branch before local-global feature interaction. This design is
motivated by the different representation characteristics of CNN and Transformer features under
disaster-induced appearance degradation. CNN features mainly encode fine-grained structural details,
boundary cues, and positional information, which are sensitive to spatial discontinuities caused by
building fragmentation. Transformer features provide high-level semantic representations through
long-range contextual modeling, where informative semantic channels are more important for global
scene understanding.

Based on these characteristics, Coordinate Attention is adopted in the CNN branch to enhance
local structural responses while preserving positional information, whereas Efficient Channel Atten-
tion (ECA) is employed in the Transformer branch to recalibrate informative semantic channels with
low computational cost. Given the input global feature and local feature, both are first projected into
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a unified feature space with the same channel dimension and spatial resolution. ECA and Coordinate
Attention are then applied to the global feature X, and local feature X, respectively, producing
attention-enhanced branch representations X, and X;.

After attention refinement, DGFF introduces an intra-branch gated residual refinement unit. The
purpose of this gate is not to directly assign weights between the CNN and Transformer branches, but
to adaptively reconcile the original feature and its attention-enhanced counterpart within each branch.
This design preserves reliable original responses while selectively incorporating enhanced information,
reducing the propagation of over-enhanced or unreliable responses before cross-branch fusion. The
channel-aware spatial gating maps are generated from the attention-enhanced local feature X, and
global feature X; and used to blend them with their corresponding original branch representations, as
formulated below:

G =o(W=xX) (13)
G, =0 (W, x X)) (14)

where W, and W, denote learnable 1 x 1 convolutional weights, and o (-) represents the Sigmoid
activation function. The generated gating maps G, and G,, both with dimensions of B x Cu x H x W,
have the same dimensionality as their corresponding attention-enhanced feature maps X, and X;,
respectively. Each element of a gating map represents an adaptive residual weighting coefficient for a
specific channel and spatial location. The gating values are constrained to the range [0, 1], where larger
values assign greater confidence to the attention-enhanced features, while smaller values preserve a
larger proportion of the original branch representations. Consequently, the gating maps dynamically
balance the contributions of enhanced and original features through channel-aware spatially adaptive
residual blending. The gated fusion process is formulated as follows:

X, =G ®X, + (1 — G) ® Interpolate (X;) (15)
X,=G,® X, + (1 — G,) ® Interpolate (X,) (16)

where ® denotes element-wise multiplication and Interpolate (-) represents bilinear interpolation for
spatial alignment. Through adaptive residual refinement, the gating mechanism effectively suppresses
feature dominance caused by heterogeneous representations while preserving complementary semantic
and structural information from both branches.

Finally, the gated global and local features X, . and X, are fused through element-wise summation.
To further refine the integrated representation after cross-branch fusion, a convolutional refinement
block consisting of a 3 x 3 convolution, batch normalization, and ReLU activation is applied
after feature summation. A residual connection is subsequently introduced to combine the refined
representation with the original fused feature, facilitating feature preservation and stable information
propagation during multi-branch integration.

2.5 Decoder

To obtain the final semantic segmentation results, the fused features output from the DGFF
module are further decoded. In this study, a decoding strategy similar to that of Feature Pyramid
Networks (FPN) is adopted for feature fusion. The detailed architecture is illustrated in Fig. 5. Four
1 x 1 convolution layers project encoder features to a unified channel dimension, after which higher-
level features are progressively upsampled and aggregated with lower-level features via element-wise
summation. The aggregated features are fed into the segmentation head for final prediction.

https://www.scipedia.com/public/Huang_et_al_2026 10


https://www.scipedia.com/public/Huang_et_al_2026

X. Huang, H. Qiao and Y. Zhu,
Multi-stage building extraction from staring satellite

S I P E D I A video under disaster-induced appearance degradation,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (6), 158

r—-r——"—"~—F~—~-=-"-"-"=-"-"-"-"-"-"-—"-"-"-"-"-"=-"=-—"=-"—"=-—"="—"="—""="—"=—"=—"="—"—"—= 1
I Input X, |
I — > > |
| T I
[ I
[ I
[ I
| Input X, |
| — > > I
| T v |
— Output |

I A
| T |
I Input X, I
[ — > > I
| T |
| I
[ I
| I

Input X5

| —> > [
[ I
[ I
| I
| Nearest neighbor . Feature [
: | 1x1Conv 3x3Conv interpolation 2x upsampling BN+ReLU Summation : |
I

Figure 5: Architecture of the decoder

2.6 Loss Function

The model is optimized using a joint loss combining a main segmentation loss and a boundary-
aware loss:

L= Lmain + )\'pdge . Lpdge (17)
Lmain = Lfocal + LDice (18)

Focal loss addresses class imbalance by emphasizing hard samples, while Dice loss improves
region-level overlap for small and fragmented building regions. The boundary loss is defined as:

L. = BCE (Boundary,.., Boundary,,) (19)

where boundary maps are extracted using a 3 x 3 Laplacian operator. For the predicted segmentation,
the network logits are first converted into class probabilities using the softmax operation, and the
Laplacian operator is then applied to the continuous building-class probability map. The absolute
Laplacian response is subsequently mapped to a soft predicted boundary map using the hyperbolic
tangent function. The ground-truth boundary map is extracted using the same Laplacian operator.

A fixed boundary loss weight is suboptimal as large weights impede early convergence while
small weights limit boundary refinement in later stages. A dynamic weighting factor A, 1s therefore
introduced:

epoch

L
Aegge = MiN (5 +10- + 10 (1 — Dice,,) , max factor, ———max factor) (20)

edge + 3

https://www.scipedia.com/public/Huang_et_al_2026 11


https://www.scipedia.com/public/Huang_et_al_2026

X. Huang, H. Qiao and Y. Zhu,
Multi-stage building extraction from staring satellite

S I p E D I A video under disaster-induced appearance degradation,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (6), 158

where T denotes the total number of training epochs. The dynamic weighting factor consists of three
components. First, a constant base weight of 5 maintains boundary supervision throughout training.
Second, a linearly increasing term gradually increases the contribution of the boundary loss as training
proceeds, encouraging the optimization to shift from coarse region segmentation to finer boundary
refinement when segmentation predictions become more reliable. Third, an adaptive term adjusts the
weight according to the current boundary Dice score: lower boundary accuracy leads to a larger
boundary-loss weight, whereas improved boundary prediction reduces the adaptive contribution to
avoid overemphasizing the auxiliary task. The scaling coefficients were heuristically selected through
preliminary experiments to balance convergence stability and boundary refinement. The maximum
factor was set to 15 with reference to BuildFormer, where the boundary loss uses a fixed weight of
10. Since the proposed weighting function dynamically increases boundary supervision according
to training progress and boundary quality, a slightly larger upper bound allows stronger boundary
refinement when needed, while still preventing the auxiliary boundary loss from dominating the overall
optimization.

The boundary quality is measured by:
2| Boundary"™ N Boundary,,|

pred

| Boundary'®j| 4+ | Boundary,,|

pred

Dice,,, =

21)
where Boundary); denotes the binary predicted boundary map extracted from the discrete segmen-
tation obtained by argmax, and Dice denotes the standard Dice coefficient computed between the
binary predicted and ground-truth boundary maps.

During training, the dynamic weight is recalculated for every mini-batch according to the current
training epoch, the boundary Dice score, and the relative magnitudes of the main segmentation loss
and the boundary loss. Since the weighting factor is computed from detached quantities, it is treated
as a non-trainable scaling coefficient rather than a learnable parameter. Consequently, gradients are
propagated through both L., and L., while the dynamically updated weighting factor itself is
excluded from gradient computation.

3 Result and Discussion

This section presents the datasets, experimental settings, comparative experiments, and ablation
studies.

3.1 Experimental Data and Details

The experimental data were derived from a publicly available satellite video of the Petobo region,
Indonesia, during the Mw 7.5 earthquake and tsunami event on 28 September 2018. The video was
released as a synthesized satellite video product generated from WorldView/DigitalGlobe imagery
and was converted into sequential image frames for analysis. Invalid segments unrelated to the study
area were removed, resulting in 301 valid frames. Since the publicly released video does not provide
original sensor-level metadata, georeferenced spatial resolution, or satellite temporal resolution, all
experiments in this study were conducted at the frame-pixel level. The disaster process was divided
into early, intermediate, and late stages according to visual interpretation of building damage. The early
stage mainly contains buildings with limited deformation, the intermediate stage contains buildings
with visible deformation or partial collapse, and the late stage is characterized by severely damaged
buildings, debris accumulation, and fragmented building remnants. Two representative frames were
selected from each stage: Frames 160 and 165 for the early stage, Frames 290 and 295 for the
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intermediate stage, and Frames 420 and 425 for the late stage. Building-related regions were annotated
as a single semantic category, including intact buildings, partially damaged structures, and identifiable
fragmented remnants spatially attributable to original buildings. The ground-truth labels were first
generated using an SVM-assisted procedure based on color and texture features and then refined
through manual visual interpretation. Across the six selected frames, the average proportions of
building and background pixels were 34.67% and 65.33%, respectively. The selected frames and their
corresponding labels were cropped into 256 x 256 patches using a sliding-window strategy with a stride
of 64 pixels, producing 75% overlap between adjacent patches. For each disaster stage, 3000 image—
label pairs were generated, resulting in 9000 pairs in total. Frames 160, 290, and 420 were used to
generate training samples, while Frames 165, 295, and 425 were used for testing. The training samples
were further divided into training and validation subsets at a ratio of 8:2.

The experimental settings used in this study are summarized in Table 1. The input resolution was
set to 256 x 256. The Adam optimizer was adopted with an initial learning rate of 0.0001. The batch
size was set to 10, and each model was trained for 100 epochs.

Table 1: Experimental setup and hardware/software configuration

Type Version

CPU Intel(R) Core (TM) i7-14700KF
GPU NVIDIA GeForce RTX 4090D
Memory 64 GB

Operating system Windows 11

Framework PyTorch 2.5.0

Python version 3.9.20

3.2 Comparative Experiments

To validate the effectiveness of the proposed method across different disaster stages, comparative
experiments were conducted with five representative segmentation models: U-Net and DeepLabv3+
as classical CNN-based baselines, Swin-UNet as a pure Transformer-based architecture, UNetFormer
as a CNN-Transformer hybrid architecture, and CFFormer as a dual-branch CNN-Transformer
hybrid architecture. Notably, CFFormer adopts a dual-branch design, in contrast to the single-branch
architectures of UNetFormer and Swin-UNet.

3.2.1 Quantitative Results

To quantitatively evaluate the proposed method, we report building-specific metrics, including
Building IoU, Fl-score, Precision, and Recall, together with overall metrics, including OA, Kappa,
and mloU. Boundary F1-score is further used to assess boundary delineation accuracy. To evaluate
experimental reliability, all methods were independently trained and tested using three random seeds,
and the results in Tables 2—4 are reported as Mean + Std.
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Table 2: Comparison of building extraction results from different methods for early-stage disaster
imagery

Building-specific metrics (%) Overall evaluation metrics (%) Boundary F1
Method %)
0
ToU F1-Score Precision Recall OA Kappa mloU
U-Net 88.00 £ 0.89 93.62+0.51 96.49+047 9091+0.64 9545+0.36 90.08+£0.78 90.58+0.70 90.67 £ 1.13

DeepLab v3+ 86.83 £0.35 9295+£0.20 96.55+0.46 89.61+0.50 95.01+£0.14 89.09+0.30 89.69+0.27 90.84 +0.33
Swin-Unet 87.46 £0.77 9331+0.44 95974031 90.79+0.61 9522+031 89.59+0.67 90.15+0.61 90.61+0.91
UNetFormer 85.51 £1.13 9219 4+0.66 9535+0.53 89.22+0.77 9444+0.46 87.80+1.01 88.62+0.89 89.11 +1.55
CFFormer 88.96 £ 0.06 94.16+0.04 96.89+0.14 91.57+£0.09 9583+£0.03 90.92+0.06 91.34+£0.06 92.01+0.11
Ours 89.554+0.20 94.494+0.11 96.024+098 93.02+0.96 96.02+0.08 91.37+0.17 91.75+£0.15 9247 +0.31

Table 3: Comparison of building extraction results from different methods for intermediate-stage
disaster imagery

141 - 11 1 0, 0 > > at1 1 0(
Building-specific metrics (%) Overall evaluation metrics (%) Boundary F1
Method (%)
0
ToU F1-Score Precision Recall OA Kappa mloU
U-Net 90.52+0.37 95.02+0.20 98.83+0.15 9149+0.26 96.10+0.16 91.83+0.33 92.16+0.30 92.15+0.50

DeepLab v3+ 88.73 £0.51 94.03+£0.28 98.50+0.14 89.94+0.62 9535+0.21 90.24+0.44 90.70+0.40 91.06 £+ 0.61
Swin-Unet 90.25+0.52 94.88+£0.29 98.80+0.10 91.25+0.48 9599+0.22 91.60+£0.46 91.94+042 92.24+0.70
UNetFormer 87.85+0.60 93.53+0.34 97.92+£0.12 89.53+£0.63 9497+0.25 89.424+0.54 89.97+0.48 §9.66 &+ 0.86
CFFormer 91.574+0.76  95.60 £0.42 9898 +0.27 9244+0.69 96.54+0.32 92.75+£0.67 93.01+0.62 93.59+0.69
Ours 92204+042 9594+£0.22 9881+0.37 9324+£0.60 96.79+0.16 93.30+£0.36 93.524+0.34 94.30 +0.37

Table 4: Comparison of building extraction results from different methods for late-stage disaster
imagery

1 M - 1f1 1 0, M 1 0,
Building-specific metrics (%) Overall evaluation metrics (%) Boundary Fl
Method %)
IoU F1-Score Precision Recall OA Kappa mloU
U-Net 88.55+0.24 9393+0.14 98.80+0.12 89.51+£0.15 96.47+£0.08 91.44+£0.19 91.84+0.17 88.83+0.34

DeepLab v3+ 86.95+0.50 93.024+0.29 98.59 £0.06 88.05+0.55 95.97+£0.15 90.20+0.39 90.72+0.35 87.42+0.66
Swin-Unet 88.21 £0.57 93.74+0.33 98.96+0.10 89.03£0.51 9637£0.18 91.19+£045 91.62+£0.40 88.54+0.82
UNetFormer 86.15+0.32 9256 +0.19 98.08 £0.02 87.63+£0.33 9570+0.10 89.55+0.25 90.14+0.22 8595+0.42
CFFormer 88.60+£0.18 93.964+0.10 98.984+0.19 89.42+£0.05 96.49+£0.06 91.49+0.15 91.88+£0.14 89.13+0.23
Ours 89.41 £0.45 94414025 98.674+031 90.50+0.71 96.73+£0.13 92.11+£0.34 92.45+0.30 90.20 & 0.60

In the early stage, buildings remain largely intact, but complex backgrounds still cause building—
background confusion. As shown in Table 2, CFFormer is the strongest baseline, with a Building IoU
of 88.96%, mloU of 91.34%, and Boundary F1-score of 92.01%. PGDGNet improves these values
to 89.55%, 91.75%, and 92.47%, respectively, indicating improved region extraction and boundary
delineation under complex backgrounds. In the intermediate stage, most methods achieve higher
accuracy than in the early stage. This may be because many buildings are partially affected but still
retain recognizable structural and textural cues, while their contrast with the surrounding background
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becomes more distinguishable. As shown in Table 3, PGDGNet ranks first in most evaluation metrics.
In particular, its Boundary F1-score reaches 94.30%, outperforming CFFormer and indicating more
accurate boundary localization. In the late stage, severe collapse, structural fragmentation, and irreg-
ular appearances increase extraction difficulty. Nevertheless, PGDGNet maintains clear advantages,
improving Building IoU and mIoU over CFFormer by 0.81 and 0.57 percentage points, respectively.
Paired #-tests were conducted between PGDGNet and CFFormer for Building IoU and mIoU over
three independent runs. PGDGNet achieves higher means across all stages, with statistically significant
improvements in the late stage (p = 0.0337 for Building IoU; p = 0.0283 for mloU) and a near-
significant trend in the early stage. The intermediate-stage differences are not significant due to the
close performance of the two methods. Overall, PGDGNet shows the most consistent advantage under
severe structural degradation.

Overall, PGDGNet achieves the strongest comprehensive performance across the three disaster
stages, with small standard deviations over repeated runs. Although its Precision is slightly lower than
that of CFFormer in the intermediate and late stages, PGDGNet consistently achieves higher Recall,
Building IoU, mloU, and Boundary F1-score. This indicates that the proposed method recovers more
building regions while reducing omission errors.

3.2.2 Qualitative Results

The visual results in Figs. 68 are consistent with the quantitative findings. In the early stage,
the proposed method accurately extracts complete building regions with clear boundaries. In the
intermediate stage, it preserves structural continuity despite partial collapse and debris interference.
In the late stage, it more effectively captures residual building structures under severe fragmentation.

To provide a more detailed comparison of the experimental results, several representative regions
were selected from the early, intermediate, and late stages of the disaster imagery for local detailed
visualization. Fig. 9 presents zoomed-in views of imagery at different disaster stages along with
the corresponding building extraction results. In the early stage, most methods produce reasonable
results on intact building regions. The proposed method shows clearer advantages in boundary
precision and false positive suppression in cluttered areas, as highlighted in Fig. 9. U-Net and
DeepLabv3+ exhibit boundary misclassification, while UNetFormer produces blurred delineation
despite reasonable localization.

iy [ IS

T i
(h)Ours

- < d . € I
(e)Swin-Unet (f)UNetFormer

(g)CFFormer

Figure 6: Comparative visualization of building semantic segmentation results from different models
for early-stage disaster remote sensing imagery (Frame 165): (a) original image; (b) ground truth; (c)
U-Net; (d) DeepLabv3+; (e) Swin-Unet; (f) UNetFormer; (g) CFFormer; and (h) ours (PGDGNet)
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Figure 7: Comparative visualization of building semantic segmentation results from different models
for intermediate-stage disaster remote sensing imagery (Frame 295): (a) original image; (b) ground
truth; (¢) U-Net; (d) DeepLabv3+; (e) Swin-Unet; (f) UNetFormer; (g) CFFormer; and (h) ours
(PGDGNet)

D" - So
(h)Ours

3 g";m7 IR S e . . ST A
(e)Swin-Unet (f)UNetFormer (g)CFFormer

Figure 8: Comparative visualization of building semantic segmentation results from different models
for late-stage disaster remote sensing imagery (Frame 425): (a) original image; (b) ground truth; (c)
U-Net; (d) DeepLabv3+; (e) Swin-Unet; (f) UNetFormer; (g) CFFormer; and (h) ours (PGDGNet)

As disaster severity increases, the advantage of the proposed method becomes more pronounced.
In the intermediate stage, U-Net and DeepLabv3+ show considerable omission errors in partially
collapsed regions, while the proposed method maintains better structural continuity through collabo-
rative local-global feature modeling. In the late stage, where building structures are severely fragmented
and visually similar to surrounding debris, UNetFormer and DeepLabv3+ produce discontinuous and
incomplete predictions, whereas the proposed method preserves the overall distribution and continuity
of residual building structures more reliably, benefiting from the complementary local-global feature
representation and prior-guided input design.
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(b)Ground Truth (c)U-Net (d)DeepLabv3+ (e)Swin-Unet (f)UNetFormer (g)CFFormer (h)Ours

Figure 9: Detailed comparative visualization of building semantic segmentation results from different
models across disaster stages: (a) original image; (b) ground truth; (¢) U-Net; (d) DeepLabv3+; (e)
Swin-Unet; (f) UNetFormer; (g) CFFormer; and (h) ours (PGDGNet). Rows 1-2 show local details
in the early stage (Frame 165), rows 3—4 show local details in the intermediate stage (Frame 295), and
rows 5—6 show local details in the late stage (Frame 425). In the error maps, black indicates correctly
segmented buildings, green indicates false negatives, and red indicates false positives

3.2.3 Performance Analysis across Disaster Stages

To evaluate the adaptability of different models throughout disaster evolution, we analyze the
results from two perspectives. First, a model-level comparison is conducted using Building IoU,
Precision, and Recall to examine extraction performance across the early, intermediate, and late stages.
Second, a stage-wise dynamic analysis is performed to quantify performance fluctuations between
disaster stages, thereby assessing the stability of each model under changing building appearances.

presents the model-level comparison based on the mean values from repeated experiments.
As shown in , most methods achieve the highest Building IoU in the intermediate stage. This
indicates that building extraction difficulty is not determined solely by disaster severity. In the early
stage, buildings are largely intact, but complex background objects increase building-background
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confusion and reduce Precision. In the intermediate stage, many buildings remain structurally rec-
ognizable while becoming more distinguishable from the background, leading to a better balance
between Precision and Recall. In the late stage, severe fragmentation and incomplete boundaries
reduce Recall, although simplified backgrounds and exposed ground help maintain relatively high
Precision. Compared with CFFormer, the strongest baseline, PGDGNet achieves higher Building
IoU and Recall across all three stages. Building IoU increases by 0.59, 0.63, and 0.81 percentage
points, while Recall improves by 1.45, 0.80, and 1.08 percentage points in the early, intermediate,
and late stages, respectively. Although CFFormer shows slightly higher Precision in the intermediate
and late stages, PGDGNet obtains higher Recall and Building IoU, indicating that it recovers more
building regions with only a limited Precision trade-off. These results demonstrate the effectiveness of
PGDGNet for multi-stage building extraction under different levels of disaster-induced appearance
degradation.

To evaluate stage-wise stability under multi-stage appearance degradation, the absolute Building
IoU differences between disaster stages were analyzed. Adjacent-stage variation was measured using
the early-intermediate and intermediate—late differences, while the early—late difference was used to
quantify the overall variation across the largest stage interval. A smaller absolute difference indicates
less performance fluctuation between stages.
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Figure 10: Multi-stage comparison of building-specific metrics for different methods across disaster
stages. (a—c) show the variations in building IoU, precision, and recall across the early, intermediate,
and late stages, respectively

As shown in Fig. 11, most methods achieve the highest Building IoU in the intermediate stage.
This pattern may be attributed to the fact that many buildings in this stage are partially damaged
but still retain recognizable structural and textural cues, while their contrast with the surrounding
background becomes more distinguishable. In contrast, early-stage scenes contain more complex
background interference, and late-stage scenes suffer from severe fragmentation and boundary discon-
tinuity. The stability results show that PGDGNet does not have the smallest variation in every stage
comparison. However, it achieves the highest Building IoU across all three stages while maintaining
smaller overall stage-wise variation than the strongest baseline, CFFormer. Therefore, PGDGNet
provides a better accuracy—stability trade-off among high-performing methods. These results suggest
that PGDGNet maintains reliable extraction performance across stage-dependent appearance changes
while preserving high building extraction accuracy.
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Figure 11: Absolute differences in building IoU across disaster stages: (a) early-intermediate and
intermediate—late comparisons; (b) early—late comparison

3.3 Ablation Experiments

To evaluate the contribution of each component, ablation experiments were conducted by
removing or replacing individual modules from the complete framework. The averaged results over
the three disaster stages are summarized in Table 5. The complete model achieves the best overall
performance, indicating that the main components of the framework are effective.

Table 5: Ablation study of individual network modules

DGFF  Prior CBAM WTConv ToU (%) F1-Score (%) Evaluation
knowledge metrics (%)
Building Others Building Others OA Kappa

v v v v 90.58 94.89  95.05 97.38  96.59 92.43
X v v v 88.72 93.85  94.02 96.82  95.88 90.85
v X v v 89.92 94.52  94.69 97.18  96.35 91.87
v v X v 90.36 94.67  94.93 97.31  96.51 92.24
v v v X 89.99 94.55  94.73 97.20  96.37 91.93
X X X X 87.53 93.09  93.35 96.42  95.38 89.78

As shown in Table 5, DGFF contributes the largest performance gain. Removing DGFF reduces
Building ToU from 90.58% to 88.72% and Kappa from 92.43% to 90.85%, demonstrating its impor-
tance for local-global feature integration. Removing the prior-guidance module decreases Building
IoU to 89.92%, indicating that auxiliary color and boundary cues improve building localization and
delineation. Replacing WTConv with a standard 3 x 3 convolution reduces Building IoU to 89.99%,
while removing CBAM decreases it to 90.36%, showing that both local feature extraction and attention
enhancement contribute to feature discrimination.

Table 6 further evaluates the proposed fusion strategy, prior components, and dynamic boundary
loss. Replacing DGFF with simple feature addition reduces Building IoU from 90.58% to 89.21%,
confirming that the proposed pre-fusion refinement is more effective than direct feature addition.
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For the prior-guidance module, removing the color prior decreases Building IoU to 90.07%, while
removing the boundary prior reduces it to 90.35%. This indicates that color and boundary cues
provide complementary appearance and contour information. Removing the dynamic boundary loss
decreases Building IoU to 89.44% and Kappa to 91.49%, confirming its contribution to boundary-
aware optimization and contour delineation.

Table 6: Ablation study of key components in the proposed method

DGFF Color Boundary DB IoU (%) F1-Score (%) Evaluation
prior prior loss metrics (%)
Building Others Building Others OA Kappa
v v v v 90.58 94.89  95.05 97.38  96.59 92.43
X v v v 89.21 94.10  94.29 96.82  96.05 91.20
v X v v 90.07 94.61  94.77 97.23  96.41 92.01
v v X v 90.35 94.71  94.92 96.91  96.49 92.21
v v v X 89.44 9429 9442 97.06  96.18 91.49

Overall, the ablation results show that DGFF provides the most substantial improvement, while
WTConv, CBAM, color and boundary priors, and dynamic boundary loss further enhance the final
performance. These results support the effectiveness of the proposed framework design.

3.4 Computational Complexity Analysis

Table 7 reports the model complexity, inference efficiency, and Building IoU of all compared
methods. UNetFormer is the most lightweight model, with 11.72M parameters and 58.44 GFLOPs,
and achieves 210.79 FPS, but it obtains the lowest Building IoU, suggesting a trade-off between
lightweight design and representation capacity. CFFormer achieves competitive accuracy but requires
the largest model size and computational cost, with 99.57M parameters and 835.52 GFLOPs.
PGDGNet contains 40.27M trainable parameters and 393.23 GFLOPs, which is moderate compared
with the evaluated methods, while achieving the highest Building IoU of 90.58%. Although its multi-
branch architecture and feature refinement operations increase latency and peak GPU memory
consumption, PGDGNet still reaches 46.66 FPS, exceeding the commonly used 30 FPS reference
for real-time processing. These results indicate that PGDGNet provides a favorable balance between
extraction accuracy and computational efficiency.

Table 7: Comparison of model complexity among different segmentation networks

Method Params (M) FLOPs (G) Latency (ms) FPS Peak GPU Building
Memory (MB) IoU
U-Net 31.04 964.80 3.54 282.60  232.50 88.48
DeepLabv3+ 44.54 238.60 4.06 246.07  328.17 87.16
Swin-Unet 41.38 270.02 11.85 84.42 519.33 87.93
UNetFormer 11.72 58.44 4.74 210.79  523.31 85.72
(Continued)
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Table 7 (continued)

Method Params (M) FLOPs(G) Latency (ms) FPS Peak GPU Building
Memory (MB) IoU

CFFormer 99.57 835.52 16.75 59.83 976.00 90.03

PGDGNet 40.27 393.23 21.43 46.66 1313.64 90.58

4 Conclusion

This study proposed PGDGNet for frame-wise multi-stage building extraction from staring satel-
lite video-derived observations under disaster-induced appearance degradation. By combining branch-
specific local-global feature refinement with joint color and boundary prior guidance, PGDGNet
helps address the difficulty of maintaining discriminative building representations when structural
cues become incomplete, fragmented, or inconsistent across disaster stages.

Experiments on representative observations from the early, intermediate, and late stages of
the 2018 earthquake—tsunami event in Indonesia demonstrate that PGDGNet achieves the highest
Building IoU and Recall across all disaster stages. Compared with CFFormer, PGDGNet improves
Building IoU by 0.59, 0.63, and 0.81 percentage points, and Recall by 1.45, 0.80, and 1.08 percentage
points in the three stages, respectively. The relatively larger gains in the early and late stages indicate
that PGDGNet is particularly effective in challenging cases where complex backgrounds, severe
appearance variation, or structural fragmentation reduce the reliability of conventional building cues.
These results support the effectiveness of combining local-global feature refinement with prior-guided
learning for robust building extraction across multi-stage disaster observations.

Several limitations remain. First, the experiments are based on a single tsunami-earthquake
event in the Petobo region, Indonesia. Different disasters may produce distinct building degradation
patterns, such as inundation, roof loss, burning traces, debris burial, or collapse, and may introduce
different background interference. Therefore, multi-event and multi-region validation is needed to
assess the generalization capability of the proposed framework. Second, the color prior is derived from
the dominant roof-color characteristics of the current study area, and its transferability may be limited
under different roof materials, illumination conditions, sensors, or regional building styles. Finally, this
study focuses on building-region extraction rather than explicit damage-level classification or temporal
sequence modeling. Future work will address these limitations through multi-event, multi-region, and
multi-sensor validation, adaptive prior-guidance strategies, and joint building extraction and damage
assessment.
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