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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/gasking/SFGN Building extraction is crucial for interpreting remote-sensing images. However, existing methods struggle to
et balance accuracy with inference speed, limiting their support for high concurrency and real-time processing.
Although recent approaches have improved segmentation, significant hurdles remain in feature lightweighting,
capturing salient features, and ensuring semantic coherence across different characteristics. This paper presents
a salient-feature-guided real-time building extraction network (SFGNet), designed to investigate and integrate
salient information, such as semantics, details, and borders, thereby improving segmentation performance.
First, an effective feature extraction module called Dual-branch Cascade Module (DCM) was developed to
extract relevant channel information by learning the shallow details and boundary features of buildings.
Additionally, an Offset Feature Alignment Module (OFAM) is designed to minimize the feature offset in
both high- and low-frequency connection zones to capture detail and contour edge feature information. A
lightweight Context Feature Aggregation Module (CFAM) was implemented in the decoder stage to consolidate
local and global features. Finally, a novel hybrid loss function was designed to address the imbalance
in single-view, high-density distributions. On the three public datasets (Massachusetts Builds, WHU Aerial
Image, and Potsdam Dataset), our model achieves mIoU scores of 75.45%, 89.40%, and 93.16%, respectively.
Furthermore, an additional cross-domain experiment on an external untrained real dataset demonstrated
outstanding generalization performance. With only 2.397 M parameters, the model reaches an 130.62 FPS,
outperforming current state-of-the-art models in terms of both segmentation accuracy and inference speed.
These results demonstrate the potential of SFGNet for real-time building segmentation. The Code is available
at https://github.com/gasking/SFGNet.
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1. Introduction features. However, these methods rely heavily on convolutional or self-

attention operations as core feature extractors, resulting in substantial

Building extraction constitutes a key link in the intelligent inter-
pretation of remote sensing images and plays an extremely significant
role in urban planning, urban change monitoring, topographic map
updating, population density estimation, and urban disaster emergency
response [1].

Currently, deep learning methods, including encoder-decoder con-
volutional neural networks (CNNSs), self-attention-based transformer
frameworks [2], and the recently developed context-aware Mamba
model [3], are widely employed in remote sensing image interpreta-
tion. For the task of building extraction, these methods significantly
outperform traditional handcrafted-feature-based approaches in terms
of segmentation accuracy, as a result of their ability to extract deep
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computational costs. This limitation makes it difficult to meet the re-
quirements of actual engineering applications such as high-concurrency
urban disaster response and millimeter-level military drone monitoring
tasks.

Several lightweight segmentation models have emerged in recent
years to achieve a balance between accuracy and real-time perfor-
mance, endeavoring to enhance performance through efficient feature
extraction. For example, a Dual Attention Network [4] enhances se-
mantic associations by adaptively aggregating global and local fea-
tures. DDRNet [5] boosts feature extraction efficiency by incorpo-
rating ResNet residual blocks [6] during encoding. Inspired by HR-
Net [7], FFNet [8] expands the receptive field to increase feature
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interaction. However, for lightweight models, the relatively coarse
features extracted to guarantee real-time performance result in weak
discriminative ability, negatively impacting segmentation accuracy.

Recently, some studies have demonstrated that extracting salient
features (such as details, context, and boundaries) to guide the train-
ing of deep networks can effectively improve segmentation accuracy
without increasing the time complexity. For example, BiseNetvl [9]
uses a dual-branch structure with a spatial branch capturing fine details
and a context branch focusing on global features, thereby achieving
lightweight and effective feature aggregation. BiseNetv2 [10] further
refined the backbone and feature fusion of BiseNetvl, improving seg-
mentation performance while maintaining real-time efficiency. PID-
Net [11] introduced a three-branch architecture, combining detail,
context, and boundary extraction to enhance shallow salient feature
collaboration in decision-making.

Through further research, we found that the effectiveness of salient
feature guidance depends not only on capturing salient information
across multiple levels but also on the design of an effective strategy
that ensures seamless interaction among these diverse salient features.
However, current models still face several limitations: (1) Multi-level
salient features have not been fully exploited and feature guidance
for the boundaries of objects is simply conducted based on shallow
salient features without considering efficient feature interaction guid-
ance between deep features (position information of the objects) and
shallow features; (2) When multiple features convey the same se-
mantic information, effectively guiding the model to focus on and
extract the most salient features remains a challenge requiring further
exploration. (3) Existing networks often struggle with redundant fea-
tures during extraction, hindering their ability to self-optimize and se-
lect high-response features during training, which compromises model
generalization performance.

To address these challenges, we propose a salient-feature-guided
real-time building extraction network (SFGNet) that enables efficient
feature extraction. This network facilitates fast responses to critical
building information using effective feature extraction modules and op-
timal interactions of boundary and spatial information characteristics,
enabling collaborative functionality and improving real-time segmen-
tation performance. Specifically, we developed an efficient lightweight
dual-branch cascade module (DCM) to extract salient channel informa-
tion from shallow details and boundary features. The shallow contour
details and high-level semantic information are combined using a cas-
caded skip connection to form the backbone output features. The
primary component of the DCM is the self-decision salient feature
convolution module (SDCM), which leverages a Gaussian sequence [12]
for self-optimization and high-response feature extraction. To address
feature offsets in both the high- and low-frequency regions, an offset
feature alignment module (OFAM) is introduced. In the decoder, we de-
veloped a streamlined context feature aggregation module (CFAM) for
synthesizing local and global features, including weighting procedures
for features across several channels, to consolidate feature information
effectively. The number of convolutional processes in these modules
was carefully optimized to reduce computational complexity. Finally,
a hybrid loss function is implemented to enhance the model’s ability
to capture building boundary details, particularly in single-view, high-
density, and long-tailed object distributions. By combining the above
modules, SFGNet strikes an excellent balance between segmentation
accuracy and FPS, making it highly suitable for real-time building
extraction.

To summarize, the primary contributions in this study are as fol-
lows:

(1) We propose a novel real-time building segmentation network
called SFGNet guided by salient features. It can fully exploit
feature information such as the geometric position, details, con-
text, and boundaries of buildings, and effectively enhance the
segmentation accuracy without increasing the inference speed.
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(2) We designed an efficient and lightweight feature extraction mod-
ule (DCM), feature decision module (SDCM), and a feature aggre-
gation module (CFAM), which can synergistically extract salient
features from superficial details and boundary information,
thereby maximizing the functionality of these salient features for
boundary extraction.

(3) We propose a hybrid loss strategy combining self-distillation seg-
mentation alignment loss (SSA loss), boundary loss, and location
loss (Loc loss). This approach eliminates the impact of semantic
expression ambiguity among feature maps of different scales on
the performance of building segmentation, enabling the model to
focus more on learning building foreground objects.

(4) The novel SFGNet outperformed other real-time segmentation
networks in terms of both inference speed and segmentation
accuracy. With 2.397 M parameters and 14.086 GFLOPs, SFGNet
achieved impressive mIoU of 90.06% and 89.40% on the Potsdam
and WHU Aerial Image Dataset, respectively, while reaching
inference speeds of 130.62 FPS and 114.52 FPS. It achieves a
remarkable 75.46% mloU on the Massachusetts Builds Dataset,
which features dense urban environments. Additionally, the su-
perior generalization ability of our model was validated through
cross-domain building detection using unlabeled data from real-
world scenarios, further confirming its superiority over current
mainstream real-time segmentation algorithms.

2. Related work

2.1. Building extraction

Building extraction, which is a descending task of semantic seg-
mentation in remote sensing, is distinct from multi-class semantic
segmentation. It can be considered as a classical binary classification
task. Remote sensing images, with their high resolution, high density,
and single-target perspective, pose a significant challenge to model
design. However, in recent years, exciting advancements have been
made in building extraction techniques, particularly in the widespread
use of CNNs. For example, by merging different convolutional layers,
as reported in the HF-FCN [13], a CNN can express the contextual
feature information of feature maps through a cascade of local features.
MAP-Net [14] gradually extracts high-level semantic features through
multiple parallel paths with fixed-spatial-resolution features at each
stage to obtain refined building features. GCCINet [15] attempts to
extract salient and fused features using an attention mechanism and
dilated convolution. The Siamese UNet [16] uses dual branch of weight
sharing to combine the segmentation prediction of original images
and corresponding sub-sampled images to improve the classification
accuracy of large buildings. To extract more refined building contours,
DMBC-Net [17] utilizes a multi-task learning framework, including
semantic segmentation, direction prediction, and distance estimation,
allowing the network to segment buildings accurately. In combination
with edge refinement prediction, CBR-Net [18] optimizes building
boundaries in a coarse-to-fine stage-by-stage fashion, improving bound-
aries by sensing the orientation of image pixels relative to the nearest
object center in the network. Line2Poly [19] uses feature lines as geo-
metric relationships in an end-to-end manner and extracts the contours
of buildings by recovering the topological relationships of lines in
the current building. When developing building extraction algorithms
using CNNg, it is crucial to enhance the significant features of network
models, including contextual semantic and edge features [20], or intro-
duce prior knowledge, including geometric relationships and building
boundary information, to improve building extraction performance.



J. Kuang and D. Liu
2.2. Real-time semantic segmentation

In recent years, the practical application of real-time semantic seg-
mentation has developed rapidly and has become a focal point for
many researchers. Many methods have focused on optimizing seg-
mentation accuracy and inference speed. For example, ENet [21] is a
lightweight network with extremely fast response times. ICNet [22] ac-
celerates inference through image concatenation. SwiftNet [23] reduces
computational overhead using a lightweight feature extraction net-
work and upsampling decoder. DFANet [24] enhances feature expres-
sion and reduces model complexity by reusing features. ESPNet [25]
uses efficient pyramid expansion convolutions to enhance multi-scale
contextual features for real-time segmentation performance. Addition-
ally, ShuffleSeg [26] employs a lightweight ShuffleNet [27] backbone
network, reducing computations and improving feature interaction
through depthwise-separable convolutions and channel-shuffling mech-
anisms. DWR-Seg [28] introduces novel expansion residual and simple
inverse residual modules, utilizing multi-rate deep expansion convolu-
tions for feature extraction. DDRNet [5] implements a deep dual-branch
network with multiple bilateral fusions to enhance feature fusion.
LPSNet [29] uses progressively scalable networks, optimizing the trade-
off between the number of convolution blocks and channels for the
best balance between speed and accuracy. Moreover, PIDNet com-
bines proportional-integral-derivative control with CNNs, utilizes a
three-branch structure to analyze detail, context, and boundary fea-
tures, effectively preventing the drowning of detail features; FFNet
reconsiders network design by simplifying the architecture to optimize
the receptive field and improve inference speed for large images.
Inspired by these approaches, the SFGNet incorporates an efficient
and lightweight feature extraction module as its core component. We
combined Gaussian sequences to enable the network to select salient
features adaptively for decision-making. Additionally, we draw on the
design principles of PIDNet to refine building boundary features using
boundary information. Innovatively, we introduce the geometric posi-
tion information of buildings to guide the network in fully exploring
the semantic differences between the foreground and background of
buildings. By integrating these techniques, SFGNet achieves an optimal
balance between segmentation accuracy and inference speed, offering
an advanced solution for real-time building extraction.

2.3. Lightweight network architectures

Following research on group/depth-separable convolutions, the de-
velopment of lightweight network architectural designs has acceler-
ated, as illustrated by Xception [30], MobileNet [31], and ShuffleNet,
which achieve a balance between computational complexity and mem-
ory access costs. GhostNet [32] uses depthwise-separable convolution
to process a portion of the channel features while the other features are
mapped linearly, effectively reducing the FLOPs of the model. Faster-
Net [33] utilizes a novel partial convolution that can extract spatial
features by reducing redundant computation and memory access costs.
Inspired by FasterNet, we designed a real-time semantic segmentation
network with high accuracy and low parameters by balancing model
complexity, memory access cost, and actual inference speed.

2.4. Feature utilization modules

The keys to semantic segmentation are how to use the features cap-
tured by the network efficiently and how to capture richer contextual
information for feature fusion.

(1) Feature extraction modules: The Stage-aware Feature Align-
ment Network [34] introduces a stage-aware feature align-
ment module to align and aggregate the feature maps from
the two adjacent layers. The Feature Augmentation Block fur-
ther enhances the spatial and contextual features of the en-
coders. PP-MobileSeg [35] uses an Aggregated Attention Module
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to filter detail features by evaluating a semantic feature set.
SegNetXt [36] demonstrates that convolutional attention out-
performs self-attention for encoding contextual features and,
achieves better performance with a novel convolutional com-
putation. Non-local Neural Networks [37] employ non-local
operations to capture remote dependencies by computing the re-
sponse of a location as the weighted sum of the feature responses
from all locations in the feature locality, thereby improving
feature effectiveness.

(2) Feature aggregation modules: Inspired by the optical flow align-
ment in video frames, SFNet [38] introduces a Flow Alignment
Module to capture the semantic flow between high-resolution
semantic and low-resolution detail information. AligSeg [39]
utilize the Alignment Feature Aggregation (AlignFA) and Align-
ment Context Modeling modules (AlignCM) to address feature
misalignment. AlignFA uses a learnable interpolation offset to al-
leviate misalignment from different resolutions, wthereas
AlignCM adaptively selects context positions for embedding.
OCNet [40] leverages self-attention to explore object context,
defining it as a set of pixels within the same category.

Through our literature review and preliminary-experiments, we
found that increasing the response degree of features makes the net-
work more likely to learn important feature information. By effectively
aggregating high- and low-resolution features, a model can enhance
its ability to extract fine-grained features. Inspired by this concept, we
developed the lightweight CFAM to facilitate the weighted aggregation
of local and global features. Additionally, we designed the OFAM to
mitigate noise interference during the feature up-sampling stage, ad-
dressing the issue of poor fine-grained feature extraction in lightweight
models.

3. Methodology
3.1. Overview of SFGNet

Reinforcing the learning of salient features is crucial in lightweight
models. However, many current models lose detail features during
extraction, negatively affecting global feature responses. Additionally,
boundary, semantic, geometric, and contextual spatial information are
vital for semantic segmentation tasks. However, some networks strug-
gle to extract these features collaboratively from high-resolution re-
mote sensing images, hindering effective feature responses. To address
this issue, we designed a real-time building extraction network called
SFGNet, which is guided by salient features to better capture build-
ing outlines, incorporate geometric positions, and enable interactive
feature guidance. As shown in Fig. 1, SFGNet consists of four compo-
nents, namely training data generator, lightweight feature extraction
architecture, segmentation head, and hybrid loss function.

(a) Training data generator: An input Segmentation label is trans-
formed via Laplace transformation to generate the contour bi-
nary mask boundary label image of the corresponding scale
of the image. Subsequently, the mask boundary label image is
down-sampled by factors of 2 times and 4 times to generate
two different mask boundary label images. The mask boundary
label images after down-sampling are used as 2D Gaussian dis-
tributions for mathematical modeling. Specifically, contours are
generated as minimum bounding rectangles, where the center
of each rectangle is considered as the mean and the variance of
the rectangles is calculated. Subsequently, a 2D Gaussian image
is generated using the mean value as the adjacent boundary. The
mask boundary label generation process is defined in Algorithm
1.

(b) Lightweight feature extraction module: The encoder in our
network primarily consists of the following three stages and the
DCM for feature downsampling with a stride of two. The decoder
mainly consists of the OFAM and CFAM.
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Fig. 1. (a) Overall architecture of the proposed SFGNet, consisting of a Data-Generator, Network Architecture, and Task Head; (b) the feature interactions between SDCM, OFAM,
and CFAM; (c¢) Module component; (d) Data flow.

@

(2)

3

Spatial Branch: Stage 1 use the CBA module (Fig. 1(c)),
while stages 2 and —3 use a dual-branch multi-layer
convolution to extract edge features, followed by a 3 x 3
global pooling layer to fuse global features. After down-
sampling by a factor of two, the DCM focuses on learning
significant edge details and channel feature information
from the shallow-layer features. A detailed explanation of
the DCM is provided in Section 3.3.

Semantic Branch: The semantic branch receives seman-
tic feature information from the spatial branch. The
OFAM performs offset feature correction across different
scales, thereby reducing the artifacts introduced by high-
level semantic features during upsampling. The CFAM ag-
gregates the original feature map with OFAM-calibrated
features by combining contextual and semantic informa-
tion. This approach strengthens the aggregation of local
low-frequency features during decoding and helps capture
global high-frequency boundary features.

Segmentation Branch: The 1/8 and 1/16 features ag-
gregated by the OFAM are up-sampled by 4 times and 8
times, and then aggregated with the features outputted by
the CFAM, which acts the segmentation head.

(c¢) Task Head: The model consists of three task heads, as shown
in Fig. 1: the segmentation head (responsible for pixel classifi-
cation), the boundary detection head (regresses building bound-
aries), and building localization head (provides feature guidance
for coarse building localization).

3.2. Self-decision salient feature convolution module

Existing lightweight designs such as, MoibleNet [31] and ShuffleNet
focus on depthwise-separable convolution and reduce the number of
parameters and computations through channel-by-channel convolution
and 1 x 1 mixed-channel convolution. However, based on the use of
depthwise-separable convolutions, frequent memory access is required.
Therefore, although these models have relatively small numbers of
computations, their operational efficiency is not significantly improved.
Our study was inspired by FasterNet and GhostNet. There is a cer-
tain amount of redundancy in feature channels, so extracting features
from all channels during the feature extraction process is unnecessary.
FasterNet uses manual regulations to select the most effective channel
features for convolution calculations and performs a linear channel su-
perposition of the remaining channel features. However, this approach
weakens the ability of the model to understand adjacent features in an
image and removes its ability to fit the spatial invariance of an image.
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Algorithm 1 Generating mask boundary labels

H w
Input: Building center semantic information label hear,, € RZ*7 X

Output: Binary image of a building x, € Rf>*W
1: Initialize: gray, < Readbinary(x,);
binary, < Threshold(gray,);
BBoxes < GetBoxes(FindContours(Canny,))
2: for Box in BBoxes, do
Get a single rectangle data: C,, «< (It +rb)x0.5; Box,,, < (rb—1I1).
4:  Get the label-center mask with 2x Down-sampling: label)z(y =

w

Cyy
22 lgbel? = 2t
5:  Get 2x Down-sampling Gaussian kernel radius: radius, = 0.5 x

gaussian_radius(labelzwh) +3

6: Plot the center of the Gaussian distribution:
7. for j = labeliy[l] —3 X radius, to labeliy[l] + 3 X radius, do
8: for i = label} [0] - 3 X radius, to label; [0] + 3 X radius, do
9: ifi<%andj<% then
) A —(f—/abelgy[0])2—u—labe1§y[11)2)
10: heat,[j,i] = exp( xradiny
11: end if
12: end for
13: end for
14: end for

15: return heaty,

Therefore, this paper proposes a method to select effective features
adaptively using an Embedding Query vector Gaussian sequence [12]
as an optimized parameter to make feature selection decisions. The
structure of the proposed SDCM illustrated in Fig. 2 and its main
features are described below:

1. For ordinary convolution, the input feature F € R/¥*%¢_ input
scale is equal to the output scale, input channel is C;,, output
channel is C,,,, and convolution kernel size is k x k. The FLOPs
calculation for ordinary convolution is shown in Eq. (1).

FLOPs,,,, =(KXKXxC,,
+ (KxKxC,-1)+1) (€8]
X hxwxC

out

(a) According to Eq. (1), FLOPs can be reduced by reducing
the size of the input channel C,,. In this study, we selected
a number channels of ¢, = 1/4 X C;, as the salient features
(salient features can effectively make feature decisions
without redundant features and reduce the computational
complexity of the model). Eq. (2) represents the number of
computations required for the SDCM.

FLOPssgpey = (KXKXC,
+ (KXKXxC,-D+1)
X hxwal,

~ iFLOPsw,,U

2. Aiming at the prlo%lem of C, channel selection, this paper pro-
poses a method based on the Gaussian score to obtain the
optimal parameter model that conforms to the data distribution,
allowing the proposed module to make optimal selection deci-
sions with a large number of features. The Gaussian score is
defined in Eq. (3).

(2)

Gaussian score = Randn(c,) 3

(a) The Gaussian scores are sorted in descending order and
the high response feature F;, € R"™*“*% composed of the
unmasked sequence is selected, as defined in Egs. (4)—(5).
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(b) The low-response feature F, € R*X(=¢%) which is com-

posed of the channel feature information of the remaining

sequence ¢ — ¢, does not participate in feature extraction,

as depicted in Eq. (6).

Subsequently, we performed a convolution operation on

F1 to extract low-frequency detail feature information to

obtain P, € R™“X%, P1 and F2 are superimposed in

the channel dimensions to obtain P, € R/¥*X¢, which
constitutes a lightweight high-response feature extraction

operation, as shown in Eq. (7).

(d) P2 operates through the CBA module and convolution
to obtain an efficiently corrected feature vector P; €
RMwXe Tg prevent the effective features with very weak
responses from being lost during the convolution oper-
ation, P3 is constructed from F € R™“X¢ through a
pixel-by-pixel summation operation, as shown in Eq. (8).

(c

—

score = argsort(Gaussian score) (€))

unmask = score[0 : cpl

(6]
mask = scorep[cp Lc— cp]
fi1 = fl:unmask, :, 1, f, = fl:,mask 3, :,:] 6)
P, = Conv(F)), P, = cat((F, P), axis = —1) 7
Py = Conv(CBA(P2))® F ©))

3.3. Dual-branch cascade module

The proposed SDCM can effectively reduce the number of model
computations; however, this reduction may be accompanied by the loss
of important features. The challenge of designing an efficient feature
extraction module to ensure real-time performance while maintaining
the accuracy of segmentation is significant. Previous semantic segmen-
tation methods used residual skip connections for feature aggregation
or convolution kernels with receptive fields of different sizes for refined
local feature extraction. However, the use of convolution kernels of
different scales for local feature extraction introduces redundant local
detail features and generates error gradients during the model train-
ing process. The proposed DCM is designed to extract local features
efficiently and reduce the feature response failures caused by error
gradients, as shown in Fig. 3.

First, redundancy in the input feature f; € R"™®X¢ is eliminated
through ordinary convolution to obtain 7, € R™ X! Then f, €
R/Xwx2 jg obtained by the SDCM and ordinary convolution, and f; €
RMwxe3 i obtained through feature cascade superposition in the chan-
nel dimension for effective feature fusion. Moreover, the semantic
information of the context of the feature map is obtained over long
distances was captured. @, € R"™®X3 is obtained through low-pass
filtering performed on f; with dimensions of 1 x 1 kernel and O, €
RMwxe3 is obtained through high-pass filtering performed with dimen-
sions of k x k kernel on f,. Finally, f3,0,,0Q, are added pixel-by-pixel
to obtain f € R ®X¢, The overall description is given in Egs. (9)-(11),
where @ indicates the adding of element-wise values.

fi = Conu(fy),

fa = Conv(SDCM(f))), ©
f3 = Conu(cat((fl,fz), axis = —1))

0 = CBA(fDix1- Q2 = CBA(f Dk 10)
f=f3®Q1®Q2 (11)
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3.4. Offset feature alignment module

In addition to feature extraction, for semantic segmentation, effec-
tively aggregating features of different sizes from different modalities is
necessary to enhance segmentation performance. In previous methods,
the high-level feature Z, € R"**1x<1 s up-sampled to the h, X w,
scale of the shallow feature Z, € R/2X “2X2 and then the features
are superimposed with Z, € RM*¥1Xe1 in the channel dimension.
Finally 1 x 1 convolution is used to change the output channel to
remove redundant feature information. In combination with the acti-
vation function, this operation allows the model to focus on salient
features. However, directly up-sampling the high-level feature Z; €
RM>wixer and aligning the shallow feature Z, € R2* “2X¢2 produces
feature artifacts and causes feature offset, negatively affecting segmen-
tation performance. This issue is particularly significant in high- and
low-frequency connection regions.

In this study, we designed OFAM, which uses two sets of learnable
parameters offset,, offset, to fit the feature offset caused by the up-
sampling process of the high-level feature Z, € R"1>*®1%¢1, The structure
of the OFAM is illustrated in and operations are described below.

(1) First, Z, € R"*wiXe1 is yp-sampled and 3 x 3 convolution is
performed to obtain w, € R"2>*2%¢1_ The shallow Z, € R2>X®2xe
is also convolved by a 3 x 3 convolution kernel to suppress the
special segmentation information of the detailed edge contours,

which makes it difficult to express semantics to obtain w, €
RMaXwyxey

wy = Convsy3(Upsample(Z,)), wy, = Convsy3(Z,) 12)

(2) Second, the features are fused in the channel dimension to obtain
6 € RMXw2Xe and after performing two 3 x 3 convolution
operations on §, the up-sampling offset difference A:?:hw2x2 of

the original high-level feature Z; € R"1>*®1X¢1 and shallow detail

lossless offset A7fu>jur2x2 of the shallow layer Z, € R2xw2x¢2 are
obtained.
6 = cat((wl, w2), axis = —1),
h 2
Ah’?gxhwzx = Cony3x3(5)’ 13)
Ahz><w2><2 — Conu3x3(5)

low
3) Af%r obtaining the two offset feature tensors, u(,-) is used for
up-sampling offset calibration. The alignment function is defined
as follows:

u(thwxe’ Ahxwxz) — thl @lew + Ahxwxz (14)

where @ represents the tensor multiplication operation, and X"¥!, and
Y!X® are the 1D offset sequence generated by obtaining /4 and w from
Fhxwxe and performing the mean sampling of 7 and w on [—1,1]. The
value range of [—1,1] indicates that the value at a certain point after

up-sampling may come the upper, lower, left, or right neighborhoods
hy Xwyx2 and
high
A,h[f:wzﬂ are added. Finally, the offset features of AZ?;hwzxz, -

are outputted after adding the features element-wise using the u(-,-)

. hyXw, X2 hyXuwy X2
function. The network updates the Ahfghuz and A2 parameters of

the learnable offset tensor, and then corrects and aligns the semantic
information from different scales (see Fig. 4).

of the current point, and the feature offset differences of A
hy Xy X2

3.5. Context feature aggregation module

Semantic segmentation depends heavily on both local feature infor-
mation and contextual feature information. The feature fusion module
(FFM) introduced by BiseNet effectively balances the expression of var-
ious feature scales through channel superposition and the convolution
of feature maps using the sigmoid function for regularization. As a
result, features are extracted with high efficiency. Regardless, the FFM
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conducts single-layer convolution processing on fused high-dimensional
complex features to maintain a lightweight approach, limiting its ability
to extract deep semantic information from fused features. Therefore, we
modified the FFM to create the CFAM and implemented multi-branch
convolution with varying receptive fields to enhance the semantic
understanding of the model for shallow features. Furthermore, the
SDCM is integrated to facilitate feature redundancy calculations and the
effective extraction of high-saliency features, ensuring that the accuracy
of the model remains intact while maintaining a lightweight design.
Fig. 5 presents the structure of the CFAM.

3.6. Loss function

In this subsection, we describe the loss function used in this study,
as well as the inference stage. To improve the feature learning per-
formance of dense buildings in complex scenes, we designed a hybrid
collaborative loss function strategy that mainly includes the following
loss types.

(a) SSA loss: To align semantic information at different scales, in-

spired by the ENNDISHGIRNNNSSSESN - calculate the alignment loss

on the 4x and 8x down-sampled segmentation feature maps. The

(b)

(c

~

Knowledge-Based Systems 317 (2025) 113413

SSA loss L4 is defined as follows.

plxc) = W (15)
£y = 2 HZ:V w0y 10g2LD a6)
Lssalh.®)= ML)+ Lyl ) a”

Let f, g denote the subs-sampled segmentation feature maps at 4x
and 8x, respectively. Here, ¢ = 1,2,3, ..., C is the channel index,
and i = 1,2,3,..., H X W represents the spatial resolution of the
feature map.z is the hyper-parameter of distribution smoothing;
Ay is the SSA loss factor, which is taken as 1.0 and 0.5 in this
study; ¢ represents the probability distribution map that converts
the feature map into the category channels, reduce the impact of
scale variations on segmentation. In the early stage of training,
¢(f<) and ¢(g®') are large, preserving the relationship between
the scales. In the later stages of training, ¢(f¢') is relatively
small and the gradient value of ¢(g') has no effect on model
optimization. Segmentation alignment via self-distillation forces
the network to eliminate noise at different scales and learn the
salient feature distribution of the foreground.

boundary loss: To fit and optimize building contour boundaries
with segmentation loss and capture the edge contour informa-
tion of buildings, we utilize boundary loss. For the two and
four times of the boundary feature map in small and medium
down-sampling, which can express the contour detail bound-
ary information of the building to a certain extent, the L,
is used. However, for the boundaries feature map with 8 times
down-sampling, only the semantic information of the boundary is
available, and binary loss is used to optimization. The boundary
loss L, is defined as follows:

2,48
Ly( Z pf,gf) = - Lo (P2, [2)
= as)
+ Liear(Pa> fa)
+ [:bce(pg’ fS)
a = pow((g,, label,).mean, 2) (19)

where szif represents the down-sampling factor relative to the

original image; « represents the adaptive weight coefficient ad-
justment; p, € R? *WXI1 represents the predicted boundary prob-
ability; g, € RF*">I represents the true boundary label. £,,, is
the binary cross-entropy loss and L,,,, is defined as follows.
| HXW
LheaPyo8p) == (g7 >0} Y gylog(p))
1

+ (1= g)log(1 - g}))
HXW
+ ({87 = 0V Auooty ), &log(ply)
i

(20)

+ (1 - g)log(1 - g)

where {g, > 0} represents the loss of positive samples; {g, = 0}
represents the loss of negative samples; N represents the number

of positive samples; 4,,,,; is set to 0.5.

Loc loss: Considering the high density of remote sensing images
with complex scene characteristics, the specific performance of
a building’s foreground and background pixel distribution is ex-
tremely unbalanced. When the feature responses are insufficient,
it is difficult to balance samples. In this study, the Loc loss
function was designed to use the geometric position information
of a building itself to learn the foreground features of the building,
making up for the loss of feature information of small building
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targets caused by high density. The Loc loss £,;,, [41] is defined
as follows.
24
L1oeY Pl = LWL 1) + Apoea £ £ (B 1) (1)
1

where Z?A p;»1; represents the predicted localization feature map
and the mask localization label with two and four-times down-
sampling relative to the original image, respectively; 4,4 is a
hyperparameter set to 0.2. £,,. is defined as follows.

Lol 8- (L—p)P-log(p).if 1;'=0
Pisti) = (1_5).pf’.10g(1—p,.),ifl,-==0

where 6, f are hyperparameters that are set to 0.25 and 2.0 in this
study, respectively.

The overall loss is defined as follows, where £
loss:

(22)

seg 1S Cross-entropy

0
Lo =argmin(L,, + Logs + Ly + Lyye) (23)
0=1

seg

The fusion of the loss function strategies described above can effectively
guide our SFGNet model to extract the most discriminative features of
a building collaboratively to improve the segmentation performance of
the model, while ensuring that it lightweight. Our loss functions are
examined in greater detail in our ablation experiments.

4. Experiments and analysis

This section presents our experimental design, results, and analysis.
Sections 4.1-4.3 cover the dataset, evaluation metrics, experimental
environment, and parameter settings used in this study. The compar-
ison results for different datasets and cross-domain experiment for
generalization are presented in Section 4.4-4.5.

4.1. Dataset description

To confirm the effectiveness of our method for building extraction,
we compared SFGNet with other prominent lightweight real-time seg-
mentation models using three publicly available building extraction
datasets: the WHU Aerial Image Dataset, the Massachusetts Builds
Dataset, and Potsdam Dataset. Additionally, real-world building image
data were used to validate the generalizability of the model. During the
model testing phase, we merged the validation and testing sets to create
a new validation set to assess the accuracy of the model. Links to the
training and testing sets used during training are provided to ensure
the reproducibility of our results.

(1) Massachusetts Builds Dataset [42]: This dataset consists of
151 aerial images of the Boston area, each with a resolution
1500 x 1500 pixels, covering a total area of approximately
340 km?. It includes 131 training images, 10 testing images,
and 4 validation images, all cropped to 512 x 512 pixels. The
training set contains 1066 image pairs, testing contains 90,
and validation set contains 36. Target maps were derived from
the OpenStreetMap project with data limited to areas with less
than 5% missing noise. The dataset covers Boston and its sub-
urbs, featuring buildings of various sizes, including homes and
garages. Notably, our model was trained from scratch without
pre-training to ensure strong performance and fair evaluation.

(2) WHU Aerial Image Dataset [43]: This dataset contains 220,000
buildings extracted from aerial images of Christchurch, New
Zealand with a spatial resolution of 0.075 m, covering 450
km?. The images were corrected for mislabels and most images
including 187,000 buildings were down-sampled to a resolution
of 0.3 m. The dataset consists of 8189 images (512 x 512), split
into 4736 training images (130,500 buildings), 1036 validation
images (14,500 buildings), and 2416 testing images (42,000
buildings).
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(3) Potsdam Dataset [44]: The Potsdam Dataset, which was col-
lected by the International Society for Photogrammetry and
Remote Sensing, covers a diverse range of areas, including ur-
ban, suburban, and natural regions of Potsdam, Germany. It
provides detailed ground truth data with annotations for various
categories, buildings, roads, and vegetation. The dataset consists
of 36 high-resolution remote sensing images (6000 x 6000 pix-
els, 5 cm resolution), offering rich scene diversity. In this study,
we used RGB images from the Potsdam dataset and focused
solely on the building category of annotations. The images were
split into patches with a sliding window approach using a 0.1
overlap and a window size of 512 x 512, resulting in 4056 image
patches. These patches were then randomly divided into training
and testing sets with an 8:2 ratio, resulting in 3244 images for
the training set and 812 images for the testing set.

(4) CScity Dataset: These data were collected from real-world re-
mote sensing images of Changsha in Hunan Province of China.
Four remote sensing images were downloaded from 4D World-
View, with satellite types of SVN1-01 and SVN3-01, sensor types
of MUX and PMS, a resolution of 0.5 m, and single spectral
band. Images were captured between September 25 of 2024,
and November 2 of 2024. The four images were cropped and
resized 2048 x 2048 images. These images had no labels and
were used as third-party, unseen data to test the generalizability
of our method.

4.2. Experimental setting

The hardware used in for this study included an Intel Xeon Gold
6348 CPU, and Nvidia A30 and Nvidia RTX 3090 GPUs. The software
environment was based on Windows 10, Python 3.7 and PyTorch
1.13.14cull?7. Adam was used as the optimizer, with a cosine decay
learning rate schedule, ranging from a minimum of 1e—6 to a maximum
of 2.5e—4, with a weight decay of 1e—3. Images are randomly sampled
and resized to 512 x 512 pixels for training. The batch size was 128
with 2.7K iterations for the Massachusetts Buildings Dataset, 2.59K
iterations for the WHU Aerial Image Dataset , and 2.53K iterations for
the Potsdam Dataset. Data augmentation included random flips, affine
transformations, and normalization.

4.3. Evaluation metrics

(1) Accuracy Evaluation Metrics: In this paper, the IoU, Pixel
Accuracy (PA), Recall, F1-Score, and mloU were used as the
accuracy evaluation indices, with all units being percentages.

(2) Comprehensive evaluation metric: For lightweight real-time
semantic segmentation models, the numbers of parameters and
FLOPs are key factors affecting performance. To evaluate the
models comprehensively, we adopted the equilibrium index (ES)
inspired by Easy-Net [45]. This index considers five key met-
rics: IoU (the primary metric for segmentation performance),
F1-Score (a comprehensive performance measure), Parameters
(Param), FLOPs (computational complexity), and FPS (the in-
verse of image processing time). Param and FLOPs are inversely
related with lower values indicating better performance. The
function f(x) maps these values, and f(x) and ES are defined

as follows:
100.
f(x)= -~ 24

ES =a; X IoU + ay X F1_Score + | X f;(Param)

+ By X f(FLOPs) + AxX FPS
Here «,a,,p,,p,,4 are harmonic coefficients values of 0.35,
0.15, 0.3, 0.1, and 0.1, respectively, are used as the coeffi-
cients of the equilibrium index. Notably, CPU and GPU inference

(25)
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Table 1
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Comparison of various real-time semantic segmentation algorithms on the Massachusetts Builds Dataset (retaining BN layers during FPS testing, the optimal results are shown in
bold and suboptimal results are shown underlined).

Method Reference Param (M) FLOPs (G) Resolution FPS (Torch) PA Recall F1-Score IoU mloU ES

BiseNetvl ECCV 2018 13.419 15.261 512 x 512 234.03 92.00 79.36 73.95 58.66 74.82 57.92
BiseNetv2 1JCV 2021 5.182 17.699 512 x 512 155.70 87.42 79.83 44.88 28.93 57.84 38.78
PIDNet CVPR 2023 7.717 6.341 512 x 512 113.27 86.74 72.14 43.55 27.84 56.93 33.07
DDRNet Arxiv 2021 5.693 4.580 512 x 512 132.92 87.50 68.86 53.30 36.33 61.44 41.46
FFNet CVPR 2022 28.544 16.466 512 x 512 104.26 90.36 81.58 64.41 47.51 68.47 38.46
STDC CVPR 2021 10.637 15.900 512 x 512 240.17 88.77 71.51 60.46 43.33 65.52 51.70
LPSNet 1JCV 2023 3.372 2.229 512 x 512 103.22 86.31 73.07 38.53 23.87 54.87 37.84
Ours - 2.397 14.086 512 x 512 114.52 92.35 81.84 74.64 59.54 75.46 56.71

Table 2

Comparison of various real-time semantic segmentation algorithms on the WHU Aerial Image Dataset (retaining BN layers

bold and suboptimal results are shown underlined).

during FPS testing, the optimal results are shown in

Method Reference Param (M) FLOPs (G) Resolution FPS (Torch) PA Recall F1-Score ToU mloU ES

BiseNetv1 ECCV 2018 13.419 15.261 512 x 512 234.41 97.40 87.56 88.42 79.25 88.18 67.33
BiseNetv2 1JCV 2021 5.182 17.699 512 x 512 156.89 96.21 86.02 82.16 69.72 82.79 58.77
PIDNet CVPR 2023 7.717 6.341 512 x 512 114.00 95.55 81.03 79.58 66.09 80.61 51.93
DDRNet Arxiv 2021 5.693 4.580 512 x 512 134.01 96.17 84.60 82.28 69.89 82.85 57.66
FFNet CVPR 2022 28.544 16.466 512 x 512 104.50 96.92 84.65 86.41 76.08 86.33 51.70
STDC CVPR 2021 10.637 15.900 512 x 512 242.29 97.00 88.26 86.15 75.67 86.18 67.09
LPSNet 1JCV 2023 3.372 2.229 512 x 512 139.74 96.22 85.74 82.24 69.84 82.85 64.14
Ours - 2.397 14.086 512 x 512 114.26 97.72 89.67 89.71 81.34 89.40 66.58

3

speeds were not used as evaluation indicators in this study
because the performance difference between different hardware
devices are significant. Therefore, ES was used directly for the
comprehensive evaluation of inference speed in this study.
Visual qualitative evaluation metrics: The label is positive,
and the prediction is positive (TP). The label is positive and the
prediction is negative (FN). The label is negative and the predic-
tion is positive (FP). The label is negative and the prediction is
negative (TN).

4.4. Comparative experimental analysis

(€)]

Results on the Massachusetts Builds Dataset: To evaluate our
method comprehensively, we compare it with mainstream
lightweight models. In Table 1, one can be see that our model
achieved the best results in terms of PA, Recall, F1-Score, IoU,
mloU, and Param, which reflecting its excellent segmentation
performance and model complexity, while achieving subop-
timal results in the overall ES index. Specific results are as
follows. (1) IoU: Our model leads with an IoU of 59.54%, sur-
passing BiseNetvl (which uses pre-trained weights) by 0.88%.
This improvement can be attributed to DCM, which focuses
on foreground building features, helping the model accurately
identify small buildings obstructed by trees or dense structures;
(2) Param: Our model has the fewest parameters (2.397M),
outperforming LPSNet’s more complex design. This reduction
was achieved by optimizing the receptive field and balancing
segmentation performance with reduced model complexity; (3)
FPS: Our model yield slightly lower FPS than STDC [46] (approx-
imately 120 fewer FPS) because STDC uses large convolution
kernels to reduce memory access complexity at the cost of
accuracy. The IoU of STDC is 43.33%, which is 16.21% lower
than that of our model, and its ES is 5.01 lower than that of our
model; (4) BiseNetvl achieved an FPS of 234, maintaining good
segmentation performance with an efficient feature extraction
module. Inspired by this efficiency, we introduced the DCM to
optimize feature extraction further and reduce model complexity
while improving feature accuracy. Overall, our model achieved
the best balance between segmentation performance and infer-
ence time. More intuitive visualization results are presented in
Fig. 6. In addition to the quantitative analysis, we conducted
qualitative visual analysis using various methods. As shown in

(2)

Fig. 7 (lines 1-4), BiseNetv2, PIDNet, and LPSNet struggle to
identify dense buildings, often misrecognize blocks, and fail
to segment clear building contours. These issues complicate
building extraction. In contrast, our method accurately segments
small buildings and fits building contours well, producing clear
boundaries between buildings. Additionally examples in lines
5-6 of Fig. 7 show that although LPSNet can segment large
buildings, it misses many smaller buildings. BiseNetvl and STDC
learn building contours better by enhancing detail features.
However, their segmentation boundaries are less uniform than
those of our model. Rows 7-9 in Fig. 7 highlight dense buildings
with clear boundaries. The models other than our model struggle
to identify small buildings in blocks with uneven boundaries in
their segmentation.

Results on the WHU Aerial Image Dataset: From Table 2, we
can draw the following conclusions: (1) Our method outper-
forms mainstream models in terms of PA, Recall, F1-Score, IoU,
mloU, and other segmentation metrics. With an IoU of 81.34%,
our method surpasses the state-of-the-art (SOTA) PIDNet by
15.25%, demonstrating the model’s effective interaction with
salient building features; (2) The IoU of other models, such
as BiseNetv2 (69.72%), DDRNet (69.89%), LPSNet (69.84%),
and FFNet (76.08%) show a common trend. These models use
various convolution kernels to enhance detail, context, and local
feature learning, thereby improving pixel discrimination and
reducing computational costs. However, they struggle to seg-
ment boundaries accurately in complex remote sensing scenes,
leading to lower IoU scores. Our model addresses this issue
by leveraging building contours and geometric spatial features
to mitigate information loss caused by receptive field changes,
particularly for dense small buildings. We further improve seg-
mentation accuracy using Loc loss and boundary loss, which
efficiently guide gradient optimization; (3) Another key advan-
tage is that our model achieves 114.26 FPS with only 2.397M
parameters, which is 1/5 of STDC’s parameter count. Therefore,
our model strikes an optimal balance between inference speed
and segmentation accuracy; (4) Finally, in terms of the overall
ES index, our model ranks second with a score of 66.58, only
0.75 points lower than STDC. Regardless, our model has lower
FLOPs (1.814G) than STDC, achieving a strong balance in the
comprehensive evaluation. For the qualitative analysis of the
WHU Aerial Image Dataset, we selected nine pairs of images
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Fig. 6. Visualization of Massachusetts Builds Dataset performance. (a) Radar chart with lines farther from the center indicating better performance and (b) bubble chart with the

Fig. 7. Massachusetts builds dataset visual comparisons.

covering multi-view, regular/irregular, and dense buildings, as
shown in Fig. 8. Rows 1-4 feature dense buildings with abundant
vegetation and similarly shaped structures, posing significant
challenges for accurate segmentation. LPSNet and STDC tend
to merge continuous buildings into blocks, whereas BiseNetvl,
DDRNet, and FFNet can segment medium-to-large buildings, but

10

produce irregular building contours with occasional missed and
false segmentations. In contrast, our method reduces missed
segmentations and fits building contours more precisely, partic-
ularly for dense buildings. Row 4 highlights how our method
accurately segments non-salient buildings and conforms to build-
ing boundaries, where other methods struggle. Rows 5-9 test
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4

)}

ol
h
<

AN
T
i
&

V4

BiseNetv2

BiseNetvl

Original image

slim

kRcRoRuiis]
HEHHHTE
APV APaPbs

DDRNet-23-

FFNet-small

Knowledge-Based Systems 317 (2025) 113413

STDC LPSNet Ours Label

Fig. 8. WHU aerial image dataset visual comparisons.

Comparison of various real-time semantic segmentation algorithms on the Potsdam Dataset (retaining BN layers during FPS testing, the optimal results are shown in bold and
suboptimal results are shown underlined).

Method Reference Param (M) FLOPs (G) Resolution FPS (Torch) PA Recall F1-Score ToU mloU ES

BiseNetv1 ECCV 2018 13.419 15.261 512 x 512 238.55 95.46 95.58 93.26 87.37 91.34 71.31
BiseNetv2 1JCV 2021 5.182 17.699 512 x 512 162.49 92.98 90.55 86.32 75.94 83.46 62.13
PIDNet CVPR 2023 7.717 6.341 512 x 512 118.56 92.12 87.19 84.98 73.89 81.87 55.93
DDRNet Arxiv 2021 5.693 4.580 512 x 512 136.70 93.84 88.55 88.57 79.48 84.70 62.23
FFNet CVPR 2022 28.544 16.466 512 x 512 147.79 94.15 89.07 89.12 80.37 86.33 51.70
STDC CVPR 2021 10.637 15.900 512 x 512 245.76 95.73 91.19 92.14 85.43 89.87 71.76
LPSNet 1JCV 2023 3.372 2.229 512 x 512 138.03 94.34 90.20 89.37 80.78 86.68 68.86
Ours - 2.397 14.086 512 x 512 130.62 97.20 95.35 94.77 90.06 93.16 72.02

3)

the ability of the models to handle large, regular buildings.
Excluding our method, all other models struggled to fit the build-
ing contours properly, resulting in irregular and overly smooth
boundary details. Our approach, aided by the SDCM and OFAM,
performs multi-scale feature learning, shallow detail extraction,
and high-level semantic fusion, significantly improving contour
fitting and model robustness.

Results on the Potsdam Dataset: From Table 3, we can draw
the following conclusions: (1) Our model outperforms SOTA
lightweight models in terms of four key segmentation metrics:
PA, F1-Score, IoU, and mloU. Notably, our method achieved an

11

impressive IoU of 90.06%, surpassing the SOTA models PIDNet
and LPSNet by 16.17% and 9.28%, respectively. This result
highlights the exceptional ability of the DCM to make precise de-
cisions based on salient features when handling large buildings,
enabling the model to focus on and accurately distinguish sim-
ilar features of larger structures effectively; (2) Representative
models, such as BiseNetvl, STDC, and FFNet achieved IoUs of
87.37%, 85.43%, and 80.37%, respectively. BiseNetvl and STDC
enhance the interactions between high-level semantics and low-
level details, whereas FFNet employs various convolutional ker-
nels for global feature extraction. However, for remote-sensing
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Fig. 9. Potsdam dataset visual comparisons.

images of large buildings, the key challenge is to distinguish
similar features between adjacent structures. Previous methods
fall short in terms of effective feature decision-making. In con-
trast, our model introduces a more efficient feature interaction
mechanism. We utilize the OFAM to address up-sampling arti-
facts, utilize learnable offset parameters for self-guided feature
alignment, and integrate the lightweight CFAM in the decoding
stage. The DCM enables the network to leverage deep semantic
features fully, achieving the precise discrimination of similar
building features; (3) Finally, regarding the overall ES met-
ric, our model achieved an ES of 72.02, which is the best re-
sult among all compared methods, effectively balancing Param,
FLOPs, and accuracy. Although our model has the lowest Param
(2.397M) among all methods, its FPS performance ranks in the
middle. This result can be attributed to the SDCM’s efficient
guidance of salient features, which incurs the cost of frequent
channel-adaptive decision-making, leading to higher memory
access overhead. For the qualitative analysis of the Potsdam
Dataset, we selected nine images featuring similar terrains, reg-
ular structures, and complex buildings, as shown in Fig. 9. Rows
1 to 5 feature gray buildings, where the terrain and buildings
have similar distributions, presenting a significant challenge
for accurate segmentation. In row 2, only our method, STDC,

and LPSNet achieve fine-grained boundary segmentation. Other
models such as BiseNetv2, PIDNet, DDRNet, and FFNet not only
fail at boundary segmentation but also misclassify background
features as buildings. However, our method accurately distin-
guishes the non-salient buildings (highlighted in red boxes).
A notable result is shown in row 3, where despite incorrect
ground-truth labels, our method successfully segments two non-
contiguous buildings and fits the contours precisely. This result
can be attributed to the effective guidance of the DCM and fea-
ture supervision provided by the boundary loss. Finally, in rows
5 to 9, we assess the ability to discern boundaries in complex
structures with well-defined contours. The building in row 8,
which contains trapezoidal non-building pixels, challenges the
feature extraction and contour fitting abilities of the models.
Excluding BiseNetv1 and the proposed method, the other models
struggled with contour fitting and produced blocky boundary
artifacts. Our method excels at distinguishing non-contiguous
non-building pixels, a task that BiseNetvl cannot handle, a
result of the efficient interaction between detail and contextual
semantic features through the DCM and OFAM, which allows
the proposed network to select salient features for supervised
training adaptively.
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4.5. Cross-domain building detection for generalization performance anal-
ysis

perceived low-rise buildings along roads, whereas PIDNet mis-
classified them. This result can be attributed to the CFAM in the
decoding stage of our model, which effectively utilizes salient

(1) Qualitative Analysis of Direct Cross-domain Building Detec- features for guidance and combines multi-branch convolutions

tion with Multiple Models: For cross-domain building detection
analysis, we considered a model trained on the Massachusetts
Builds Dataset as a case study for direct inference and quali-
tative evaluation. We selected six real-world images, covering
both urban and suburban areas with diverse scenarios, including
large buildings, complex and dense urban scenes, and regular
buildings. This selection provided as a rigorous test of the gen-
eralization capabilities of the models. As shown in Fig. 10, in
rows 2, 5, and 6, our model significantly outperformed the other
methods for detecting buildings such as the He Long Sports
Center and suburban factory buildings. In particular, for the He
Long Sports Center, our model not only fits the circular shape of
the building more accurately but also reduces the misclassifica-
tion of surrounding dense building clusters, an issue commonly
observed in the other models. This improvement can mainly be
attributed to the effectiveness of our SDCM, which successfully
captured the salient features of buildings while suppressing irrel-
evant features. In rows 5 and 6, excluding our model, the other
models tended to misidentify elongated regions with spatial
distributions similar to those of buildings. Additionally, they
failed to recognize buildings in suburban areas, where the dis-
tribution was more scattered (as indicated by the red boxes). In
contrast, our OFAM uses learnable offset tensors to aggregate
multi-scale features efficiently and semantically align them. For
dense building clusters, as shown in row 1, both our model
and PIDNet successfully detected buildings. However, PIDNet
tended to group contiguous buildings into blocks (highlighted
by red boxes), whereas the proposed method detected individual
buildings more accurately. Furthermore, our model successfully

13

with varying receptive fields to enable multi-scale feature un-
derstanding. However, as shown in row 4, when the distribution
of building features differs significantly from that of other land
cover types, excessive reliance on salient feature guidance and
multi-scale feature aggregation can cause the proposed model to
converge to a local optimum, resulting in reduced segmentation
performance.

Cross-domain building detection feature response analysis
across various models: In this section, we further explore how
features respond when a model is trained on the Massachusetts
Builds, WHU Aerial, and Potsdam datasets, and then applied
to real-world scenarios, as shown in Fig. 11. (1) When us-
ing the Massachusetts Builds Dataset as the training set, all
models correctly responded to the dense building clusters in
columns 1 and 3. However, in columns 2 and 4-6, excluding our
method, the other models incorrectly responded to non-building
features and exhibited weak responses to large buildings. The
Massachusetts Builds dataset primarily consists of dense building
clusters, which lack the diverse large building features necessary
for effective learning; (2) When using the WHU Aerial Dataset
as the training set, as shown in column 1, only our model and
PIDNet were able to provide localized responses, while other
models failed to focus on the building clusters. In column 3, for
densely distributed and regularly shaped buildings, our model
not only successfully segmented four buildings with significant
differences from the surrounding land cover features but also
accurately segmented buildings with features similar to those
of the land cover, demonstrating strong feature response ampli-
tudes. This ability is not possessed by the other methods and can
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Fig. 11. Cross-domain building detection feature response visualization across multiple datasets.

be attributed to the efficient feature interaction and aggregation
enabled by our DCM; (3) When using the Potsdam Dataset
for training, the lack of dense small buildings and significant
resolution inconsistencies result in ineffective feature responses
during cross-domain inference. Excluding the proposed method,
the other models failed to produce meaningful responses. In
contrast, our method consistently achieved effective feature
responses across all three datasets. This result can be attributed
to our efficient feature aggregation module and feature guid-
ance techniques (e.g., £, and £,,.), which enhance feature
interactions and improve model generalization. As shown in
Fig. 12, our approach facilitates multi-scale feature aggregation
and responses through collaboration between boundary features
and heatmap center features, ensuring effective feature align-
ment and addressing the issue of insufficient feature learning in
cross-domain building detection.

5. Ablation studies

(1) Effectiveness of the proposed loss function: To validate the effec-
tiveness of the proposed hybrid loss function, we conducted ablation
experiments using the WHU Aerial Image Dataset with experimental pa-
rameters matching those described in Section 4.2. Table 4 presents the
quantitative results of these experiments and Fig. 13 presents the visual
performance improvements at different loss stages. Starting with L1,
the IoU was only 42.98%, and the Recall was 43.23%, indicating poor
performance in dense urban areas, as shown in line 3 of Fig. 13. The
model failed to respond to dense buildings accurately, instead picking
up noise from the surrounding shadows, trees, and vegetation, leading
to erroneous gradients and negative optimization. However, the model
performed better for regular large buildings, although it still struggled
with background features and treated them similarly to buildings. For
L2, the IoU increases to 75.41% and Recall rises to 81.56%, showing
significant improvement. The SSA loss helps reduce noise across multi-
scale feature maps, making the network more sensitive to foreground
features. As shown in line 4 of Fig. 13, L2 effectively extracts features
from dense buildings and improves the contour fitting for regular
buildings by focusing on building features and minimizing attention on
non-building areas. L3 further improved the performance, yielding an
IoU of 76.66% and Recall of 83.00%, a 1.26% and 1.44% increase over
L2. L3 incorporates the SSA loss to refine building boundaries at the
pixel level and reduce noise from small-scale feature upsampling. As
shown in line 6 of Fig. 13, L3 responds better to dense buildings and
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Table 4
Loss function ablation experiment (training on the WHU Aerial Image Dataset, optimal
results are shown in bold).

Method Lie Lssa Ly Ly PA Recall ~ F1-Score IoU mloU

(L1) v 85.48 43.23 60.12 42.98 63.34

L2) v 4 96.71 81.56 85.99 75.41 85.88

(L3) v v v 96.93 83.00 86.79 76.66  86.62

(L4:Ours) v v v o/ 97.72 89.67 89.71 81.34 89.40
Table 5

Module ablation experiment (Baseline: BiseNetv1, replacing modules in BiseNetvl with
modules designed by us stage by stage, the optimal results are shown in bold and
suboptimal results are underlined).

Method DCM OFAM CFAM PA Recall F1-Score IoU mloU
Baseline 97.40 87.56 88.42 79.25 88.18
Stagel v 98.12 94.17 91.28 83.96 90.94
Stage2 v v 98.14 91.77 91.58 84.47 91.20
Stage3 v v v 98.17 93.27 91.59 84.45 91.22

accurately extracts regular building features. Finally, adding Loc loss to
L3 for L4 yielded an IoU of 81.34% and Recall of 89.67%, significantly
improving feature extraction, particularly for dense buildings. Loc loss
addresses the complexity of remote sensing images, guiding the model
to focus on foreground features. Line 7 of Fig. 13 shows that L4
enhances the model’s ability to fit building contours, particularly for
regular large buildings, by prioritizing building centers during feature
extraction.

(2) Effectiveness of the proposed modules: To evaluate the effective-
ness of each module in our network, we conducted an ablation study
using BiseNetvl as the baseline on the WHU Aerial Image Dataset,
with parameters consistent with those described in Section 4.2. Feature
visualization was performed using the CAM to observe the response of
the model to building features. The baseline was pre-trained, whereas
all other models were trained from scratch. Table 5 reveals that
the baseline achieved an IoU of 79.25% and Recall of 87.56%. As
shown in Fig. 14 (column 2), BiseNetvl has a limited response to
building foregrounds, especially in dense areas. In Stage 1, replacing
the Conv + BN + ReLU block with the DCM improved the IoU to
83.96% (increase of 4.71%) and Recall to 94.17% (increase of 6.61%).
This result demonstrates that the DCM enhances the ability of the
model to focus on building features, particularly for dense structures. In
Stage 2, the IoU increased to 84.47% and Recall increased to 91.77%,
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Fig. 12. Cross-domain building detection feature visualization results of our method across multiple datasets.

demonstrated that the OFAM reduced feature ambiguity between the
foreground and background, improving the segmentation performance
for both dense and large buildings. Stage 3 achieved an IoU of 85.45%
and Recall of 93.27%, providing optimal performance across all five
segmentation metrics (PA: 98.17%, F1-Score: 91.59%, mlIoU: 91.22%).
These result confirm that the proposed method effectively reduces
the model parameters while maintaining high segmentation accuracy.
Finally, adding the CFAM (column 5 in Fig. 14) further improves
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feature attention, particularly for building contours, highlighting its
ability to extract both local and global contextual features.

(3) Analysis of key parameters: In this section, sensitivity analysis is
performed on the Lgg, weight 4, and loss function weights 4;,.4, 6, §
in £;,.. 4, ranges from 0.1 to 2.0, 4,4 ranges from 0.01 to 1.5, §
ranges from 0.05 to 1.0, and g ranges from 0.5 to 4.0. 4, = 0.5,
Alges = 0.2, 6 =0.25, and B = 2.0 were used as baseline parameters. The
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Fig. 13. Results of loss function ablation experiment visualization.

Table 6

Ablation experiments with sensitive parameters (the optimal results are shown in bold).
Method A Aloca 1 p PA Recall F1-Score ToU mloU
(0] 0.10 0.01 0.05 0.50 96.09 76.28 84.18 72.68 84.16
an 0.20 0.05 0.10 1.00 96.19 77.03 84.50 73.15 84.45
(Im 0.25 0.10 0.20 1.50 96.39 78.25 85.19 74.20 85.09
(IV) Baseline 0.50 0.20 0.25 2.00 97.72 89.67 89.71 81.34 89.40
w) 1.00 0.50 0.30 2.50 96.85 81.99 86.58 76.33 86.41
VD 1.25 0.80 0.40 3.00 96.43 79.08 85.12 74.09 85.06
(VD 1.50 1.00 0.50 3.50 96.83 81.83 86.55 76.29 86.38
(VIID 2.00 1.50 1.00 4.00 96.70 80.64 86.14 75.65 85.99

experimental parameter configuration was consistent with Section 4.2,
and the experimental results are listed in Table 6. With decreases in
Als Ajpess 6, B, we found that the values of PA, Recall, F1-Score, and
IoU all decreased to a certain extent. However, PA decreased slowly,
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whereas Recall, F1-Score, and IoU decreased rapidly, indicating that
the Lgg, factor in A, has a significant impact on the segmentation
performance of the network. £g¢, can eliminate the influence of dif-
ferent scales of feature distributions on the segmentation performance
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Fig. 14. Visualization of the results of the module ablation experiment.

through feature alignment causing the network to pay more attention
to salient foreground features. As A, decreases, the model’s focus on
background features grows, leading to a drop in overall segmentation
accuracy. With increases of 4,,.,andf, the Recall and F1-Score decrease
more steeply, whereas PA decreases slowly. This result indicates that
the model has a certain pixel discrimination ability; however, the Recall
is poor as a result of the insufficient extraction of building features. As
shown in Fig. 15 (column 6 to both ends), the increases in FP(blue)
and FN(yellow) indicate pixel discrimination errors, suggesting that the
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salient foreground features did not effectively guide the network during
training.

6. Limitations and future research

Although we achieved competitive performance on several bench-
mark public datasets, there are still some limitations of our study.
(1) Real-time performance requires improvement. The SDCM splits the
channel dimensions during the encoding-decoding process to identify
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Fig. 15. Visualization results of ablation experiments for key parameters.

the optimal salient features that affect real-time efficiency, resulting
in reduced processing speed. However, considering both the overall
parameter count and segmentation accuracy, our method remains the
optimal choice in most cases. (2) In some specific scenarios, such
as when there is a significant disparity between the distribution of
buildings and other objects, excessive salient feature guidance may
cause the model to become trapped in a local minimum, negatively
impacting segmentation performance. (3) Our experimental analysis
revealed that the model tends to smooth the boundaries at the building
junctions, leading to blocky boundary pixels.

To address these limitations, our future research will focus on the
following three areas: (1) In the model inference phase, we will explore
using tensor dot product operations combined with re-parameterization
techniques to avoid frequent channel splitting while maintaining salient
feature guidance to improve real-time performance; (2) We will de-
signing prior knowledge to enhance the model’s feature perception
of buildings in complex scenes, thereby improving its generalization
ability. (3) Future work will explore the use of diffusion models to
generate boundary guidance, thereby enhancing the model’s ability to
fit irregular building boundaries.

7. Conclusion

In this paper, we proposed SFGNet, which is a salient-feature-
guided real-time building extraction network. By designing the efficient
DCM, the model effectively learns shallow details and contour features,
whereas the SDCM adaptively makes high-response feature decisions
by self-learning Gaussian sequence parameters to reduce computational
complexity. As a plug-and-play component, the SDCM can be integrated
into any network. To aggregate high-level semantic and shallow detail
information, the OFAM minimizes feature offset during up-sampling,
thereby enhancing the model’s ability to capture detail and contour
features. In the decoding stage, the lightweight CFAM aggregates local
and global features. SFGNet achieved a strong balance between infer-
ence speed and accuracy on both the Massachusetts Builds and WHU
Aerial Image Datasets. Through effective supervision and the utilizing
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of efficient modules, SFGNet significantly improves real-time building
segmentation by leveraging geometric features.
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