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Method for Weakly Supervised Building Extraction
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Abstract— It is time-consuming to collect a huge number of
pixel-level annotations for accurately extracting buildings by deep
neural networks. Supported by class activation map (CAM),
weakly supervised semantic segmentation (WSSS) methods with
image-level annotations serve as an efficient solution for build-
ing extraction. However, it is a great challenge to generate
high-quality CAM heatmaps for buildings from high-resolution
remote sensing images. On one hand, image-level labels lack
spatial information, resulting in partial integrity and hollow
phenomenon for building extraction. On the other hand, complex
backgrounds in remote sensing images can lead to inaccurate
extraction of building boundaries. In this study, we propose
a novel weakly supervised building extraction method called
FlipCAM to deal with these challenges. The Flip module based
on feature-level flipping augmentation is designed to improve
the integrity of CAM heatmaps by fusing the original and
flipped feature maps. In addition, by combining the Flip module
with the slice and merge (SAM) module based on consistency
architecture, FlipCAM is able to generate high-quality CAM
heatmaps with both boundary fineness and internal integrity in
an end-to-end manner, which also alleviates special difficulties
for building extraction, including adhesions in dense buildings
and confusions with background and shadows, providing reliable
pixel-level pseudo masks for training segmentation network to
extract buildings. Extensive experiments on three high-resolution
datasets show that FlipCAM achieves excellent performance
and outperforms other weakly supervised methods in terms of
effectiveness and robustness capabilities. Our code is public at
https://github.com/NJU-LHRS/FlipCAM-master.

Manuscript received 10 November 2023; revised 8 January 2024;
accepted 24 January 2024. Date of publication 30 January 2024; date of
current version 8 February 2024. This work was supported in part by the
National Natural Science Foundation of China under Grant 42071297, in part
by the AI & AI for Science Project of Nanjing University under Grant
02091480605203, and in part by the Fundamental Research Funds for the
Central Universities under Grant 020914380119. (Corresponding author:
Xueliang Zhang.)

Xueliang Zhang is with the Jiangsu Provincial Key Laboratory of Geo-
graphic Information Science and Technology, Key Laboratory for Land
Satellite Remote Sensing Applications of Ministry of Natural Resources,
School of Geography and Ocean Science, Nanjing University, Nanjing,
Jiangsu 210023, China, and also with the Observation Research Station of
Land Ecology and Land Use in the Yangtze River Delta, MNR, Nanjing,
Jiangsu 210000, China (e-mail: zxl@nju.edu.cn).

Qi Su, Pengfeng Xiao, Wenye Wang, and Zhenshi Li are with the Jiangsu
Provincial Key Laboratory of Geographic Information Science and Tech-
nology, Key Laboratory for Land Satellite Remote Sensing Applications of
Ministry of Natural Resources, School of Geography and Ocean Science,
Nanjing University, Nanjing, Jiangsu 210023, China.

Guangjun He is with the State Key Laboratory of Space-Ground Integrated
Information Technology, Space Star Technology Company Ltd., Beijing
100095, China.

Digital Object Identifier 10.1109/TGRS.2024.3360276

Index Terms— Building extraction, class activation map
(CAM), feature-level flipping augmentation, high-resolution
remote sensing imagery, weakly supervised deep learning.

I. INTRODUCTION

WITH the rapid development of high-resolution satellites
and remote sensing technology, building extraction

from remote sensing imagery is of great significance for
geographic applications, such as urban planning [1], [2], popu-
lation estimation [3], and land cover mapping [4]. As a binary
segmentation task, the main purpose of building extraction is
to assign each pixel in a remote-sensing image as a building
or nonbuilding label. With the increasing building extrac-
tion requirements and the growing number of high-resolution
remote sensing images, it is crucial to find an efficient way to
accurately and automatically extract buildings.

As data-driven methods, deep convolutional neural networks
(DCNNs) have been widely utilized to extract buildings due
to their powerful capability to handle abundant data [5],
[6]. Under the supervision of pixel-level annotations, fully
convolutional networks (FCNs) [7] can make full use of
spatial context information among pixels and extract multilevel
features by CNN receptive fields, which are extremely capable
of building extraction tasks [8], [9]. However, collecting the
huge amount of pixel-level labels for training FCNs is expen-
sive and time-consuming [10], especially annotating remote
sensing images with large spatial ranges and high professional
requirements. Therefore, many incomplete annotation meth-
ods have been proposed for extracting buildings in remote
sensing images, such as semisupervised method [11], self-
supervised method [12], and weakly supervised method by
scribble [13], bounding-box [14], point label [15], and image-
level label [16].

Among various types of incomplete annotation methods,
the image-level weakly supervised method is more practical
and challenging because the image-level annotations are cost-
optimal among them. Image-level labels only indicate the
existence of buildings in images without any prior spatial
information, such as spatial location or boundary information,
which makes it difficult for weakly supervised methods to
achieve the same performance as fully supervised semantic
segmentation (FSSS) methods.
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In general, image-level weakly supervised semantic seg-
mentation (WSSS) methods consist of two main steps. First,
a classification network with image-level labels needs to be
trained to obtain the class activation map (CAM) with the
capability of object localization [17]. The pseudo masks are
generated from CAM heatmaps as the coarse building extrac-
tion results from a series of postprocessing. Second, pseudo
masks are utilized to train a conventional semantic segmenta-
tion network to extract fine-grained building regions [18], [19],
[20], [21]. It can be inferred that the accuracy of pseudo masks
has a direct impact on the building extraction performance in
the second step.

Due to the serious lack of boundary information and spa-
tial location information in image-level labels, pseudo masks
usually face two deficiencies compared to fully supervised
pixel-level labels, namely, insufficient boundary fineness and
lack of internal integrity. Plenty of approaches have been
proposed to alleviate the above-mentioned problems [22], [23].
As a traditional way, conditional random field (CRF) [24] and
CRF-loss [25] were used to improve the boundary fineness of
the pseudo masks by learning the spatial relationships between
pixels [26]. Based on the principle of CRF, AffinityNet [27]
and IRN [28] detected boundary information by predicting
semantic affinity between adjacent pixels [27], [28], [29], [30],
[31]. Inspired by CRF-loss, boundary loss [34], and boundary
modules [35], [36], [37] were proposed to solve boundary
problem in an end-to-end manner.

In addition, consistency regularization methods [38], [39],
[40], [41] derived from self-supervised principles become
popular due to better performance on mining boundary and
multiscale information [42]. However, for weakly supervised
building extraction tasks, it is crucial to create appropriate
augmentation images in the consistency architecture, as these
images can provide supervision beyond image-level labels,
enabling the network to learn more about building boundary
features. Ensuring that no misalignment occurs between the
images is also important, and slice and merge (SAM) oper-
ations are an effective augmentation strategy in this regard.
Otherwise, consistency regularization methods may fail to be
effective.

To enhance the integrity, several methods tried to mine more
category information in feature space [43], [44], [45] by multi-
ple seeds [46], [47], [48], [49], [50], clustering [51], improved
loss function [52], [53], and graph neural network [54], [55],
[56], [57]. Combined with novel ideas in deep learning, the
weakly supervised methods with uncertainty estimation [58],
contrastive learning [59], prototype exploration [41], [60],
and attention module [61], [62], [63], [64], [65], [66], [67],
[68] have been proposed to more effectively address the lack
of integrity. However, these weakly supervised methods in
computer vision cannot be directly applied to remote sens-
ing images due to different categories, different background
complexity, and scale variation between natural images and
remote sensing images. Therefore, it is crucial to design WSSS
methods suitable for high-resolution remote sensing images.

Based on the urgent requirements for extracting geographic
objects in a low-cost and high-efficiency way, existing studies
have made targeted improvements for image-level weakly
supervised extraction tasks of high-resolution remote sensing

Fig. 1. Visualizations of CAM heatmaps in FlipCAM scheme. (a) Input
image. (b) CAM heatmaps generated by the original CAM method. (c) CAM
heatmaps generated by consistency architecture with SAM module. (d) CAM
heatmaps generated by consistency architecture with SAM and Flip module.

images [69], [70]. Specifically, some geographic objects that
are relatively easy to separate from the background, such as
cloud [71], water [72], green plastic cover [73], and solar
panel [74], can be better extracted by customizing weakly
supervised network architecture according to their own char-
acteristics. For example, according to the characteristics of
simple internal features and little heterogeneity, Li et al. [71]
extracted cloud by pruning pooling layers in the classification
network and greatly improved the fineness of cloud results.
To improve the extraction performance of green plastic cover,
a coarse-to-fine weakly supervised method was proposed to
solve the special extracting problems, such as noisy labels,
blurry boundaries, and imbalance categories [73].

Compared to the above-mentioned geographic objects,
more studies focused on weakly supervised building extrac-
tion [75], [76], [77], [78], [79], [80]. Due to more complex
representations and scenarios of buildings, such as dense
buildings, and buildings confused with backgrounds and
influenced by shadows, these studies preferred to separate
the steps of boundary refinement and integrity enhancement
without an end-to-end manner. To improve boundary fine-
ness, adversarial climbing strategy [43], attention module,
and multiscale fusion were adopted in adversarial climb-
ing and gated convolution (ACGC) [77], weakly supervised
attention network (WSAN) [75], and SPMF-Net [76], respec-
tively. To improve internal integrity, superpixel refinement
was adopted in MSG-SR-Net [79]. However, simultaneously
optimizing both boundary fineness and internal integrity by
iterative training is more efficient than separately optimizing
one by one. Since many substeps already exist in weakly
supervised methods, continuing to separate steps will greatly
reduce extraction efficiency.

Given the above challenges, we propose a novel weakly
supervised method for building extraction called FlipCAM
(see Fig. 1). The proposed method integrates consistency archi-
tecture with two main novel modules, i.e., SAM module and
Flip module, into a universal classification network to generate
high-quality CAM heatmaps for obtaining high-confidence
pseudo masks. In weakly supervised tasks, the scarcity of
supervisory information leads to issues such as insufficient
boundary fineness and lacking internal integrity. To tackle
these issues, we proposed the FlipCAM method, comprised of
the consistency architecture, SAM module, and Flip module,
to introduce multiple branches in the classification network in
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a consistent and feature-enhanced manner, thereby increasing
pixel correlations to achieve the goal of enriching supervisory
information. This approach effectively enhances boundary
fineness and internal integrity. Specifically, the consistency
architecture is proposed to well fit the object boundary
using consistency regularization method, and by incorporating
appropriate modules in the branch, such as SAM module
and Flip module, which can provide supplementary super-
visory information for weakly supervised building extraction
tasks. SAM module enhances boundary capability and mul-
tiscale feature extraction capability through SAM operations
and multiscale image inputs. Flip module improves internal
integrity by augmenting and integrating high-dimensional fea-
ture information at the feature level. It is worth noting that,
unlike common augmentation methods that perform trans-
formation on the original remote sensing image, the Flip
module implements interaction between original and flipped
feature maps in deep neural networks. This means that addi-
tional supervision is fused pixel-by-pixel in high-dimensional
feature space, allowing the classification network to learn
more pixel-level information. In addition, unlike the previously
proposed weakly supervised building extraction approaches,
both modules in FlipCAM improve building extraction perfor-
mance simultaneously during iterative network training, thus
it is an end-to-end training strategy during CAM heatmaps
generation.

The main contributions of this study can be summarized as
follows:

1) Based on feature-level flipping augmentation and fusion
strategy, an original module named Flip module is
designed to improve the internal integrity for extracting
buildings.

2) Based on the SAM strategy, an original module named
SAM module is designed to abundant multiscale infor-
mation for extracting building.

3) Combining the Flip module and SAM module by con-
sistency architecture, a novel weakly supervised method
named FlipCAM is proposed to greatly improve bound-
ary fineness and internal integrity in an end-to-end
manner for generating CAM heatmaps.

II. METHODOLOGY

As an image-level weakly supervised building extrac-
tion method, FlipCAM consists of two steps (see Fig. 2):
1) train classification network and generate pseudo mask
and 2) train segmentation network and output result.
In Section II-A, we briefly review how to generate CAM.
In Section II-B, we describe the principle of consistency
architecture and explain how it works in a theoretical way.
In Section II-C, we describe the principle of SAM module and
illustrate how it improves building extraction performance by
multiscale information. In Section II-D, we describe in detail
the principle of Flip module and illustrate its great improve-
ment of the integrity for building extraction in a theoretical
way. In Section II-E, we elaborate on how FlipCAM method
converts CAM heatmaps into pseudo masks for segmentation
network training.

Fig. 2. Flowchart of the proposed FlipCAM method. In the first step,
a classification network is trained for generating pseudo masks. Then in the
second step, the pseudo masks are utilized as pixel-level labels to train a
segmentation network and generate extraction results.

A. Preliminary

The core of the CAM method is converting image-level
labels into coarse pixel-level labels. First, a classification
network should be trained before generating CAM. To enhance
the feature extraction capability of the classification network,
we use binary cross-entropy loss function LBCE

LBCE = −
1
N

N∑
i=1

[
yi log(pi ) + (1 − yi ) log(1 − pi )

]
(1)

where N is the number of samples; yi represents the category
to which the i th sample belongs; and pi is the predicted value
of the i th sample. Due to the extreme versatility of the CAM
method [78], there is no special restriction on the choice
of classification network when generating CAM. However,
considering that the generation of CAM requires the use of
global average pooling (GAP) layer, ResNet-50, which comes
with GAP layer, is chosen as the backbone in this study.
Then we denote the feature maps on the last convolutional
layer by f ∈ RC×H W , where C, H , and W denote the total
number of channels, height, and width of the feature maps,
respectively. The GAP layer compresses these feature maps for
easy connection to the fully connected layer with parameters
w ∈ R2C . The fully connected layer is applied to calculate the
building scores for determining the probability of containing
buildings in an image. Specifically, the score sb for building
is obtained as follows:

sb =
1

H W

C∑
j=1

w j

∑
i

f i
j . (2)

Since this study focuses on building extraction, i.e., binary
classification, sb needs to be normalized and processed by the
softmax activation function into the classification probability
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Fig. 3. Generation process of CAM. The predicted values of buildings are
linearly combined with the feature maps generated by the last convolutional
layer to generate CAM. CAM highlights the discriminative regions for
building category.

of building pb

pb =
exp(sb)∑C

c=1 exp(Sc)
(3)

where exp(•) is the exponential function; C contains two
classes, i.e., building and background; and Sc represents the
score calculated for each category after the fully connected
layer. Then, as shown in Fig. 3, the original CAM Mb for
extracting buildings is given by

Mb = ReLU

 C∑
j=1

w j f j

 (4)

where ReLU(·) is the rectified linear unit activation function.
In short, the principle of generating CAM is a linear combina-
tion of the predicted values of buildings and the feature maps
generated by the last convolutional layer. It is worth noting
that the size of Mb is the same as the feature maps in the
last convolutional layer, thus it is necessary to upsample Mb

by bilinear interpolation to make it the same size as the input
image to make subsequent processing easier.

As a pioneering work, the CAM method utilizes image-level
labels to achieve coarse building extraction. However, there
are still two challenges: 1) due to the influence of coarse-
grained annotations, single loss function setting, convolutional
process, and pooling process, building boundary information
bears a serious loss when classification network is used to
extract building features; and 2) classification networks tend
to focus only on the most discriminative feature regions of
the category to achieve accurate classification, leading to that
CAM results keep an eye on local areas of the building. Hence,
it is essential to improve the internal integrity of CAM results.

B. Consistency Architecture
The consistency architecture was proposed to well fit

the object boundary in weakly supervised building extrac-
tion tasks. The core idea of the architecture is to enhance
the model performance by incorporating additional supervi-
sion through consistency regularization [42]. Specifically, our
model achieves consistency regularization by introducing an
additional input branch, where the input images can undergo
various data augmentation strategies such as SAM, flipping,
rotation, rescaling, and so on. By minimizing the consis-
tency loss during the training phase, the model continuously

absorbs additional supervisory information, especially more
fine-grained object boundary information, by narrowing the
output variance between the two branches, ultimately improv-
ing the model’s performance.

The essence of building extraction by the CAM method is
to utilize a classification network for coarse semantic segmen-
tation tasks. However, there is a huge difference in the way
the parameters of classification networks and segmentation
networks are optimized. In this case, the segmentation network
performs pixel-level extraction of buildings, and when trans-
forming and inverted transforming building images, ideally the
segmentation network tends to be equivalent and can achieve
the effect of the following:

Nip(Ib) = T −1(Nip(T (Ib))
)

(5)

where Ib is the image sample of building; T and T −1

respectively represents the transformation and inverted trans-
formation; and Nip represents the deep network with ideal
parameters for building extraction. We refer to this phe-
nomenon as equivalent segmentation. Compared with the
segmentation network, the classification network is more
focused on category invariance instead of equivalent segmen-
tation, which makes the building boundary in CAM results not
fine-grained enough. Therefore, we add consistency architec-
ture to impose a consistency regularization on the classification
network to achieve a better building boundary extraction effect,
as shown in Fig. 4. The consistency architecture consists
of two branches with shared network weights but outputs
different feature maps. Based on the feature maps from the
original images and the inverted transformation feature maps,
we can establish the following loss function of consistency
regularization:

Lconsistency = ∥N (I1) − T −1(N (T (I2)))∥1 (6)

where N , I1, I2, and ∥ · ∥1 represent the classification net-
work, input images from two branches, and L1-regularization,
respectively. During the training of the classification network,
Lconsistency is continuously optimized to ensure that the output
activation maps from two branches are constantly regularized,
thereby enhancing the model’s ability to extract building
boundaries.

C. SAM Module

In order to improve the performance of the classification
network on extracting multiscale buildings, SAM module is
designed and integrated into consistency architecture as one
branch.

Compared with the rescaled transformation in the
self-supervised equivariant attention mechanism (SEAM)
method [42], the SAM module [see Fig. 4(b)] puts remote
sensing images with different scales into the network, which
is more suitable for multiscale remote sensing scenarios.
Specifically, each image for training is sliced into four pieces
along two central axes and each piece utilizes the classi-
fication network to generate sliced feature maps. Notably,
we have discovered that upsampling these slices to the orig-
inal image size before inputting them into the classification
network is unnecessary. Although the variation in image sizes
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Fig. 4. Training process of FlipCAM. (a) Flip module. This module focuses
on enhancing the integrity of building extraction. (b) SAM module. This
module improves the performance of multiscale building extraction. These
two modules, together with the consistency architecture (Lconsistency), focus
on improving the boundary fineness of building extraction.

result in altered feature map dimensions, causing a mismatch
between the dimensions of flattened feature maps and fully
connected layers of the classification network, SAM module
has addressed this issue by performing a merge operation
on the sliced feature maps before feature maps entering the
fully connected layers. The merged feature maps have the
same dimensions as the feature map produced by the original
image. This approach without performing resampling has
the advantage of significantly reducing memory consumption.
Through the SAM operations, the classification network can
learn multiscale information that is lacking in another branch.
Connected by Lconsistency to the feature map in another branch,
the merged feature map continuously contributes multiscale
building information to the network.

D. Flip Module

The consistency architecture achieves to optimize the
boundary of the building extraction result, but the integrity
of the extraction result is still not assured, which would lead
to the hollow phenomenon. Therefore, the Flip module [see
Fig. 4(a)] is proposed to eliminate the incomplete extraction
problem.

The use of data augmentation techniques has already been
successfully applied in weakly supervised segmentation to
improve the accuracy of CAMs [89], [90]. However, these
methods only enhance the original images through random
masks [89] or heatmap-based masks [90], lacking further
integration of high-dimensional feature information extracted
by the network. In contrast to traditional weakly supervised
image augmentation methods, the Flip module integrates
high-dimensional feature information by fusing feature maps
at the feature level. This allows the network to have a
deeper understanding of the overall representation of build-
ings, thereby enhancing the integrity of buildings. Unlike
common data augmentation in deep learning preprocessing,
the Flip module aims at achieving feature-level augmentation.
Specifically, it places the flipped image into the weight-shared
classification network and generates the flipped feature maps.
It enhances the integrity of the original CAM by fusing the
original and flipped feature maps pixel-by-pixel

M i, j
fu =

(
M i, j

o + M i,W− j
f

)
, 0 ≤ i ≤ H, 0 ≤ j ≤ W (7)

Algorithm 1 Training phase of FlipCAM for WSSS.
Input: C(classification label), I = {(Ip,Ii

s)}
(Ip → image for generating pseudo mask, Ii

s → sub-image)
Output: Ltotal (the final loss)

1//step1: generate flipped image and sliced image
2 If = Horizontal Flip (Ip)

3 I1
s ,I2

s ,I3
s ,I4

s = Split (Ip)

4// step2: generate feature maps by a CNN backbone
5 Xp = CNN_Backbone (Ip)

6Xf = Horizontal_Flip−1 (CNN_Backbone(If))

7Xfu = Fusion (Xp,Xf)

8 for i in {1,2,3,4} do
9 | Xi

s= CNN_Backbone(Ii
s)

10end
11Xs = Merge (X1

s ,X2
s ,X3

s ,X4
s )

12// step3: calculate losses and backpropagation
13LBCE= BCE_Loss (GAP (Xfu), C)
14Ls−BCE = BCE_Loss (GAP (Xs), C)
15Lconsistency= L1_Loss (Xfu, Xs)

16Ltotal= LBCE+ Ls−BCE +α× Lconsistency

17//Ltotal back propagation

where Mfu, Mf, and Mo represent the fused feature map,
flipped feature map, and original feature map, respectively.
Then, we perform GAP operations on the fused feature map
and calculate binary cross-entropy loss Ls−BCE. Meanwhile,
Lconsistency is calculated by the fused feature maps and the
above-mentioned merged feature maps.

Instead of utilizing other common augmentation methods
to enhance the feature map, flip transformation is selected to
improve the integrity of CAM for the following reasons. First,
some image augmentation methods such as image rotation,
image rescaling, or image translation are unable to provide
enough supervision because of little changes before and after
data augmentation. Specifically, most of the image augmen-
tation methods do not change the relative position of the
pixels, i.e., geographic object B is to the left of geographic
object A and remains so after data augmentation. Therefore,
from the principle of deep learning architecture, CNN back-
bone considers that the features of the two images before
and after data augmentation are almost the same. Second,
as a widely used augmentation method, image cropping is
not applicable to remote sensing images where geographic
objects may appear at any location, and it is also difficult
to fuse the feature maps generated from the cropped images
with the original feature maps. Third, flip transformation
neither provides limited supervision nor loses spatial and
location information compared to the original image. As a
kind of mirror transformation, flip transformation can provide
enough supervision. In addition, since it has been proved
that flip transformation is effective in both image augmen-
tation [42] and label augmentation [81], [82], we assume
that it would be reasonable to have an effect on feature-level
augmentation.

In the training process (see Algorithm 1), the consistency
scaling coefficient α is set to maintain the balance of three
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loss functions

L total = LBCE + Ls−BCE + α × Lconsistency. (8)

With L total decreasing by the deep learning optimizer, the
classification network iterates over the parameters to improve
the performance of building extraction.

E. Building Extraction Model

In the training phase, two branches of FlipCAM share the
weights of the CNN backbone, and the trained network param-
eters are unique and consistent across both branches. After
training the classification network, we directly input original
remote sensing images into the network to generate FlipCAM
heatmaps without flip and feature fusion operations, and
threshold heatmaps by the Otsu algorithm [83] to distinguish
the buildings from the background. CRF postprocessing [24] is
utilized to convert coarse heatmaps into refined pseudo masks,
which integrates contextual information by considering the
spatial relationships between pixels and the similarity of pixel
values to improve the fineness of the building boundary.

It is evident that the combination of image-level labels and
CAM method aligns well with the structure based on the
classification network. Moreover, utilizing the Otsu algorithm
for threshold processing ensures the generated pseudo-labels
are well-matched with the segmentation network (step 2 in
Fig. 2).

DeepLabv3+ [86] is selected as the segmentation net-
work in this study because of its outstanding performance
in geographic object extraction and popularity. Specifically,
the main innovations of DeepLabv3+ are the integration of
atrous spatial pyramid pooling (ASPP) and encoder-decoder
architecture. ASPP allows the model to capture multiscale
contextual information by utilizing multiple parallel atrous
convolutional layers with different rates. This enables the
model to effectively capture both local and global image
features, resulting in more precise segmentation results. The
encoder-decoder architecture in DeepLabv3+ further enhances
the segmentation performance by combining the high-level
semantic information from the encoder with the detailed spa-
tial information from the decoder. This fusion of information
helps refine the segmentation boundaries and improve the
overall segmentation accuracy.

As with the classification network, the binary cross-entropy
loss function is also utilized in our segmentation network.
After training the segmentation network (DeepLabv3+) by
LBCE, we put the testing images without any screening process
into the trained segmentation network to generate the building
extraction results. In order to further analyze the results in
large-scale remote sensing images, all the results are stitched
back together in the same way as the original images were cut
(a 50% repetition rate between adjacent results).

III. EXPERIMENTAL RESULTS

A. Experimental Setup
1) Datasets: In order to involve as many different types

of buildings, different building alignment densities, different
background situations, etc., as possible to verify the effective-
ness and robustness of the proposed FlipCAM, three datasets

Fig. 5. Visual example of the classification samples and segmentation
samples from the Potsdam dataset, Vaihingen dataset, and AIRS dataset.
Specifically, classification samples are image-level annotations for training
and validation of the classification network, and segmentation samples are
pixel-level annotations for testing the segmentation network.

TABLE I
COMPOSITION OF POTSDAM, VAIHINGEN, AND AIRS DATASETS

containing various types of buildings were selected, including
the ISPRS 2-D semantic segmentation benchmark dataset
(Potsdam dataset and Vaihingen dataset) [82], and Aerial
Imagery for Roof Segmentation (AIRS) dataset [83] (see
Table I and Fig. 5). Specifically, Potsdam dataset consists of
four bands (IRRGB) of TIFF files. AIRS dataset and Vaihingen
dataset consist of RGB and IRRG bands, respectively. The
Potsdam dataset comprises 38 raw aerial images with 6000 ×

6000 pixel and a ground resolution of 5 cm/pixel, with
24 images for training and 14 for testing. An image named
“top_potsdam_7_10_RGB” in Potsdam dataset was removed
because of the annotation error. The Vaihingen dataset contains
33 aerial images of different sizes and a ground resolution
of 9 cm/pixel, with 16 images for training and 17 for test-
ing. The AIRS dataset comprises 24 raw aerial images with
10 000 × 10 000 pixel and a ground resolution of 7.5 cm/pixel,
with 20 images for training and 4 for testing. The original
images in each dataset are cropped into patches with 256 ×

256 pixel with a 50% repetition rate between adjacent samples.
In detail, classification samples for training are annotated
as image-level annotation “building” when its pixel ratio is
greater than 25% and “nonbuilding” when no building pixels
in the image, which are divided into training and validation
sets approximately in the ratio of 8:1. For the image patches
with a pixel ratio of building between 0% and 25%, including
them as positive samples in the training phase may adversely
affect the performance of building feature extraction, as the
majority of their regions still belong to the background.
Therefore, we discard images with a pixel ratio of the building
between 0% and 25% for training the classification network.
For testing the performance of methods in real scenarios, seg-
mentation samples with pixel-level annotations were derived
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from specific testing images without any screening process.
The detailed datasets composition is in Table I.

2) Network Settings: As an effective convolutional neural
network backbone in both classification and segmentation
tasks, the ResNet [85] series is adopted as our CNN backbone.
In step 1 (see Fig. 2), ResNet-50 is adopted as a classification
network for generating FlipCAM, which is pretrained by
the ImageNet dataset [10]. As for hyperparameter settings,
PolyOptimizer is utilized as the optimizer in the training phase
with momentum 0.9 and weight decay 0.0005. The learning
rate is equal to 0.01 at the beginning of network training
and is polydecayed by power 0.9 for each epoch. In addition,
other training configurations such as batch size, the number
of epochs, and seed are set as 32, 100, and 0, respectively.
In step 2 (see Fig. 2), ResNet-101 and DeepLabv3+ are
adopted as our segmentation network backbone and architec-
ture. Most of the training settings in the segmentation network
are the same as the classification network except the batch size
and the number of epochs are 64 and 50, respectively.

The experiments are conducted on PyTorch 1.10.1 and
Python 3.9.7. Both the classification network and segmenta-
tion network are trained on a computer with an Intel Core
i7-11700K CPU, one NVIDIA GeForce RTX 3080 GPU
and 64 GB memory.

3) Evaluation Metrics: Four accuracy metrics are selected
to evaluate the performance of the proposed FlipCAM method
on building extraction, including precision, recall, F1-score,
and intersection over union (IOU), which are formulized as
follows:

precision =
TP

TP + FP
(9)

recall =
TP

TP + FN
(10)

F1 − score = 2 ×
precision × recall
precision + recall

(11)

IoU =
TP

TP + FP + FN
(12)

where TP (true positive), FP (false positive), and TN (false
negative) represent the number of pixels correctly predicted
as building, the number of pixels incorrectly predicted as
building, and the number of pixels correctly predicted as
nonbuilding, respectively. Precision and recall represent the
commission and omission errors, respectively. F1-score is
the harmonic average of precision and recall, which can
better reflect the extraction performance when the number of
buildings and background pixels is imbalanced. IoU describes
the extent of overlap between prediction and ground truth,
which integrally represents the quality of building extraction.

B. Comparison With the State-of-the-Art Methods

In this section, to demonstrate the superiority of the
proposed method, we compare FlipCAM with nine state-
of-the-art WSSS methods, namely CAM [17], IRNet [28],
PuzzleCAM [39], SEAM [42], AdvCAM [43], ReCAM [52],
CONTA [60], AMR [67], and ACGC [77]. Specifically, CAM
is the pioneer and basic framework of WSSS. IRNet optimizes
extraction boundary by training with interpixel relations on the

attention maps. The core idea of SEAM and PuzzleCAM is
creating additional supervision by consistency regularization.
AdvCAM forces regions initially considered not to be dis-
criminative to become involved in subsequent classifications
in an anti-adversarial manner. AMR leverages a spotlight
branch and a compensation branch to obtain weighted CAMs
that can provide recalibration supervision and task-specific
concepts. ReCAM reactivates the converged CAM with BCE
by using softmax cross-entropy loss (SCE). As a novel method
in weakly supervised building extraction, ACGC improves
building extraction performance by combining ACGC. In a
word, these methods are typical in WSSS with their diverse
innovation and good performance. It is noted that since
there is no open-source code for ACGC, we reproduced all
open-source codes except for ACGC on the three datasets
to obtain the experimental results. For all the comparison
experiments we conduct, remote sensing images are subjected
to the same data augmentation methods such as random
horizontal flipping, random cropping, and random rotation
in image preprocessing phase. Furthermore, we employed
DeepLabv3+ as a benchmark FSSS method for comparison,
since the performance gap between WSSS and FSSS is a
critical indicator for the effectiveness of WSSS.

1) Performance Evaluation on Pseudo Masks: As the
pixel-level labels in step 2 (see Fig. 2), pseudo masks directly
affect the performance of the segmentation network for build-
ing extraction. The comparison results of pseudo masks on
three datasets are presented in Table II. It is demonstrated
that the pseudo masks extracted by the FlipCAM method
perform the best among the weakly supervised methods and
achieve a balance between accuracy and integrity. Specif-
ically, some weakly supervised methods like SEAM place
greater emphasis on boosting the foreground confidence of
pseudo masks, resulting in lower integrity of the pseudo
masks and increased uncertainty in background information.
To ensure effective segmentation network training, it is nec-
essary to additionally adopt the strategy of ignoring pixel
values and background thresholds [16]. As shown in Fig. 6,
with the excellent performance of consistency architecture and
two submodules, FlipCAM effectively mitigates the problem
of image noise and background misclassification in pseudo
masks.

2) Performance Evaluation on Building Extraction Results:
The comparison results for building extraction on three
datasets are shown in Table III. It is demonstrated that the pro-
posed FlipCAM also performs the best. Specifically, from the
precision and recall metrics of each method, it can be observed
that the methods with balanced accuracy and completeness
yield superior extraction results, e.g., the proposed FlipCAM,
while methods that prefer a particular capability are not robust
enough due to insufficient feature information extraction of
building category, e.g., IRNet, CONTA, and ReCAM.

It is worth noting that some weakly supervised methods
with consistency principles, such as SEAM and PuzzleCAM,
show low integrity performance in both Potsdam and AIRS
datasets. However, with the addition of Flip module, FlipCAM
solves the problem of low integrity and thus maintaining high
accuracy (see Table III). Since Vaihingen dataset contains
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TABLE II
COMPARISON OF PSEUDO MASKS ON THREE DATASETS

Fig. 6. Visualization of pseudo masks results of different weakly supervised methods. Different colors are used to distinguish the commission and omission
situations, i.e., white for TP, black for TN, red for FP, and green for FN. (a)–(d) Pseudo masks of different samples produced by the compared methods.

TABLE III
COMPARISON OF BUILDING EXTRACTION RESULTS ON THREE DATASETS

more dense buildings, the accuracy of SEAM and PuzzleCAM
decreases significantly. In this case, the Flip module and SAM
module provide more feature information of buildings to the

network, which enables FlipCAM to maintain excellent build-
ing extraction performance in complex scenarios. To further
understand the building extraction capability of FlipCAM,
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Fig. 7. Visualization of single building extraction results by different weakly supervised methods. Different colors are used to clearly distinguish the
commission and omission situations, i.e., white for TP, black for TN, red for FP, and green for FN. (a)–(f) Extraction results of different samples by all the
compared methods.

we analyze and compare different weakly supervised methods
in various scenarios.

a) Single-building extraction performance: Single-
building extraction refers to the precise segmentation and
outlining of the internal shapes and external contours of
individual structures. This task mainly faces the challenges
of fine-grained building shapes and contour extraction
(see Fig. 7). As shown in Fig. 7(a), due to the complex
composition of the building, most methods cannot completely
extract the building shape. A few methods like PuzzleCAM
can extract the full shape, but at the same time, many
background pixels are confused with the foreground, resulting
in rough building contours. As a weakly supervised method
that balances extraction accuracy and integrity, FlipCAM
makes excellent performance when describing the building
shapes and contours.

Commissioning of building attachments is another challenge
in single-building extraction. Unlike FSSS with pixel-level
annotations, weakly supervised methods only have image-
level annotations, thus building attachments like impervious
surfaces or cars [see Fig. 7(e) and (f)] that frequently co-occur
with buildings are easily misclassified with buildings. Except
for CAM, IRNet, and CONTA which cause the omission
phenomenon, other methods extract building attachments as
buildings to a certain extent, but thanks to the excellent
coordination of the consistency architecture and Flip module,
FlipCAM alleviates this problem and performs the best in this
scenario.

b) Dense-building extraction performance: Different
from single-building extraction, it is more challenging to deal
with dense buildings by weakly supervised methods. First,

weakly supervised methods tend to focus more on the most
discriminative regions in remote sensing images, making it
particularly easy to overlook entire individual buildings, espe-
cially small-scale ones, when extracting dense buildings with
high intraclass heterogeneity. Consequently, this can result
in an inaccurate count of the buildings extracted. As shown
in Fig. 8(e), in addition to the severe over-segmentation
phenomenon in AMR, most of the weakly supervised methods
are attracted to the large building in the upper left corner
when extracting features, ignoring the dense buildings in the
lower half of the image, thus causing errors in the number of
buildings extracted. On the contrary, the proposed FlipCAM
accurately extracts both large buildings and dense buildings,
indicating that building features extracted by FlipCAM are
more comprehensive. Second, building adhesion caused by
network upsampling is also a common phenomenon in multi-
scale dense building scenes. As shown by the yellow circles
in Fig. 8(b), (c), and (e), thanks to the Flip module and
SAM module enriching the supervised information, although
sacrifices a little boundary information, FlipCAM method still
effectively avoids the adhesion phenomenon and the omission
of small buildings.

c) Extraction performance of buildings confused with
background: Due to the intricate background information
around buildings, accurately extracting buildings from com-
plicated remote sensing scenarios is extremely difficult.
Moreover, due to the lack of pixel-level supervision, it is
more difficult for weakly supervised methods to distinguish
between buildings and background pixels with low interclass
heterogeneity, as these pixels have similar spectral and textural
information. With similar spectral characteristics to buildings,
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Fig. 8. Visualization of dense building extraction results by different weakly supervised methods. Different colors are used to clearly distinguish the
commission and omission situations, i.e., white for TP, black for TN, red for FP, and green for FN. (a)–(f) Extraction results of different samples by all the
compared methods.

Fig. 9. Visualized extraction results of buildings confused with background by different weakly supervised methods. Different colors are used to clearly
distinguish the commission and omission situations, i.e., white for TP, black for TN, red for FP, and green for FN. (a)–(f) Extraction results of different
samples by all the compared methods.

impervious surfaces cause great disturbance for building
extraction. However, to ensure the building extraction integrity,
most of the weakly supervised methods prefer to sacrifice
the precision of the building extraction results and consider

impervious surfaces with low heterogeneity as building [see
Fig. 9(a), (c), and (d)], which indicates that the building
feature space of these weakly supervised methods contains
a lot of background noise that extremely inhibits network
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Fig. 10. Visualized extraction results of buildings influenced by shadows from different weakly supervised methods. Different colors are used to clearly
distinguish the commission and omission situations, i.e., white for TP, black for TN, red for FP, and green for FN. (a)–(f) Extraction results of different
samples by all the compared methods.

performance. Similarly, buildings are considered as imper-
vious surfaces in some scenarios [see Fig. 9(e)]. However,
FlipCAM incorporates comprehensive building information in
feature space and thus eliminates as much noise as possible
from the background, achieving excellent building extraction
performance on complicated backgrounds.

d) Extraction performance of buildings influenced by
shadows: The shadows produced by buildings or trees affect
building extraction. Owing to the presence of shadows, weakly
supervised methods need strong robustness in distinguishing
whether it is a building or not in the shadow region based on
the category and location information of geographic objects.
As shown in Fig. 10, most weakly supervised methods treat
shadows as background because the spectral and textural
characteristics of shadows are not similar to those of buildings.
However, due to the specificity of shadows generated by build-
ings, in addition to referencing spectral and texture features,
the capability of a network to accurately extract buildings
in shadow regions mainly depends on a deep understand-
ing of the building macro information and shadow location
information. Specifically, a network with strong robustness
can make judgments based on comprehensive features even
if part of the buildings is obscured by shadows. FlipCAM
eliminates shadow interference in a variety of scenes, whether
it is filtering interference in a variety of scenes, whether it is
filtering the background [see Fig. 10(c) and (d)], or extracting
the buildings [see Fig. 10(a), (b), and (e)] under shadows.

C. Component Analysis

1) Ablation Study for FlipCAM: In order to illustrate the
effectiveness of two major modules in the proposed FlipCAM

TABLE IV
ABLATION STUDY FOR EACH MODULE OF FLIPCAM METHOD. THE

RIGHT THREE COLUMNS INDICATE THE ACCURACY OF DIFFERENT
ABLATION EXPERIMENTS ON DIFFERENT DATASETS, AND THE

EVALUATION METRIC IS IOU

method, the ablation study is designed on three datasets. First,
it is essential to test the performance of the baseline, i.e.,
the original CAM method, in generating CAM heatmaps.
Second, only the SAM module and consistency architecture
are joined to the baseline to illustrate the effectiveness. Finally,
based on the previous design, the Flip module is added to
the baseline, forming the proposed FlipCAM method. The
quantitative results of the ablation study are presented in
Table IV. It is demonstrated that each module in the FlipCAM
method improves the quality of generated heatmaps. Fur-
thermore, the proposed method with two effective modules
achieves the best performance among them. Specifically, with
the addition of the SAM module, the accuracy of CAM results
improves by 6.0%, 7.0%, and 6.1% on Potsdam, Vaihingen,
and AIRS datasets. As can be seen from Fig. 11(a)–(c), the
CAM heatmaps extracted by the baseline have almost no local
response to building boundary information, and the response
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Fig. 11. Visualized training phase of three experiments in ablation study.
(a)–(c), (d)–(f), and (g)–(i) Three lines of images separately show the CAM
heatmaps by the baseline method, the addition of the SAM module, and the
addition of the Flip module when training, respectively.

to internal parts of the building is also very discrete. With the
constraint of the consistency loss function, the fineness of the
building boundary is greatly improved and a certain degree of
integration of building internal information is achieved, which
means the response is no longer randomly extracted in the
building region compared with the baseline. The SAM module
performs better on Vaihingen dataset where there are more
dense buildings compared to the other datasets. Therefore,
it can be inferred that the SAM module can effectively handle
the case of dense buildings in the image. For example, the
small house in Fig. 11(d) is extracted by SAM module, but
not by the baseline.

Although the improvement of the classification network by
the SAM module leads to a significant increase in extraction
accuracy, the heatmaps still have some drawbacks. First, the
SAM module focuses more on the response of the building
boundary, which leads to the insufficient internal integrity of
buildings [see Fig. 11(f)], and even the hollow phenomenon
[see Fig. 11(d)]. Second, even without the hollow phenomenon
[see Fig. 11(e)], it is obvious that the response values of the
building edges extracted by SAM module are larger than those
of building interiors. Therefore, building interior is easier to
be classified as background than boundary in the binarization
process. Furthermore, the hollow phenomenon leads to the
worse omission of building interiors after CRF postprocessing
and ultimately causes a significant decrease in the accuracy of
pseudo masks. Based on SAM module, the accuracy of CAM
results improves 4.9%, 3.4%, and 5.1% on Potsdam, Vaihin-
gen, and AIRS datasets when the Flip module was added. This
is because Flip module utilizes the feature-level augmentation
strategy and pixel-level fusion to enhance the integrity of
building extraction. Specifically, the feature maps generated
from the upper branch [see Fig. 4(a)] are replaced with the

Fig. 12. Accuracy line chart of the baseline method, the addition of SAM
module, and the addition of Flip module on three datasets. During the training
of the classification network, the addition of the Flip module performs best
and demonstrates strong stability and robustness.

fusion feature maps fused by original feature maps and flipped
feature maps. Then, the classification network can greatly
improve the integrity of building extraction while maintaining
the accuracy of boundary extraction [see Fig. 11(g)–(i)] trained
by the consistency regularization strategy. As expected, the
hollow phenomenon is also eliminated. Moreover, after adding
the Flip module, the CAM heatmaps show that the response
value of the interior area of the building is greater than that
of the boundary area, and the response value of the mixed
pixels containing buildings and background is lower, which
is more in line with the response logic of CAM heatmaps.
In this way, even if some building boundary pixels in images
are misclassified after binarization process, these pixels can
be easily recompensed by CRF postprocessing, thus further
improving the accuracy of pseudo masks.

Based on the consistency architecture, the Flip module
can effectively improve the performance of the model in
extracting buildings. However, the Flip module without the
consistency architecture may not always be able to play its
role. In order to verify the performance of the Flip module
under Baseline conditions, we conducted an additional set
of ablation experiments with the Baseline + Flip module,
and the results are shown in Table IV. From the results,
it can be observed that the accuracy of the three datasets
did not improve with the addition of the Flip module alone.
This is because the Flip module, as a standalone module,
can only enhance the completeness of the original CAM
heatmaps. However, without the edge constraints provided by
consistency architecture and SAM module, the precision and
overall accuracy of building extraction do not improve. Hence,
the combined effect of the SAM module and Flip module is
necessary to achieve optimal accuracy in building extraction.

Except for the accuracy advantages, FlipCAM also performs
best in stability and robustness of classification network train-
ing (see Fig. 12). Classification network with only the SAM
module has the common situation that the accuracy of the
validation set increases and then decreases during the training
process, and even a precipitous drop in accuracy occurs around
the 40th epoch on Vaihingen dataset, which produces serious
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TABLE V
PERFORMANCE OF FLIPCAM METHOD UNDER DIFFERENT α PARAMETER

ON THREE DATASETS. DIFFERENT LINES REPRESENT THE BUILDING
EXTRACTION RESULT UNDER DIFFERENT α. IN THIS TABLE, THE

EVALUATION METRIC IS IOU

consequences in real remote sensing scenarios without the
validation set.

With the addition of SAM and Flip modules, the run-
ning time per iteration during the training process gradually
increases. However, it does not impact the model’s inference
time. This is attributed to the weight-sharing mechanism
employed in our FlipCAM method. While these modules incur
extra computation time during training, the weight-sharing
mechanism ensures that only the main branch is utilized
for predicting input images during the inference phase. This
results in no additional inference time consumption, allowing
for superior accuracy within the same inference time frame.

2) Evaluation of Critical Parameter (α): As a critical
parameter in the loss function, the α parameter determines the
strength of the consistency regularization and has a significant
impact on the performance of FlipCAM in extracting build-
ings. The performance of the FlipCAM method under different
α values on three datasets is shown in Table V. It is illustrated
that the performance is worst when α is 0 and optimal when
it is 0.25. Then, the accuracy tends to decrease as the value
of α increases.

In general, to reduce the workloads of parameter tuning, α

defaults to 1. However, as a specific downstream task, it is
necessary to balance multiple loss functions by tuning α.
By adjusting the weights of each loss function, FlipCAM pays
more attention to the optimization of the internal integrity of
the building and the multiscale information brought by SAM
module and Flip module. On the contrary, too much atten-
tion to the consistency regularization may lead to boundary
information suppressing other feature information, which will
bring down the accuracy instead.

3) Evaluation of Different Feature-Level Augmentation
Strategies: In order to validate the effectiveness of the
feature-level flipping strategy, it is essential to evaluate the
performance of different feature-level augmentation strate-
gies on three datasets. As presented in Table VI, it can
be observed that using both horizontal flip and vertical flip
as augmentation strategies resulted in similar experimental

TABLE VI
PERFORMANCE OF FLIPCAM METHOD ON DIFFERENT FEATURE-LEVEL

AUGMENTATION STRATEGY ON THREE DATASETS. DIFFERENT LINES
REPRESENT THE BUILDING EXTRACTION RESULT ON DIFFERENT

FEATURE-LEVEL AUGMENTATION STRATEGY, SUCH AS FLIP,
ROTATION, AND RESCALE, RESPECTIVELY. IN THIS TABLE,

THE EVALUATION METRIC IS IOU

accuracy on three datasets. Since we already utilized random
flipping as an image augmentation strategy during training, the
network has learned robust visual knowledge of both vertical
and horizontal flipped remote sensing images. Therefore, for
feature-level augmentation strategy, whether we use vertical
or horizontal flipping, the effect is essentially the same.
Additionally, it is illustrated that the accuracy of feature-level
flipping strategy is far ahead of feature-level rotation and
rescale strategy. Furthermore, the rescale strategy is better
than the rotation strategy to a certain extent. The reason is
that the feature-level flipping strategy neither provides limited
supervision nor loses spatial and location information com-
pared to other feature-level augmentation strategies. Although
the rescale strategy sacrifices a part of spatial information,
it still provides effective supervision because of the different
resolution images in the two branches. Therefore, we can
conclude that the more supervision information and spatial
information between different branches, the better the building
extraction performance could be achieved.

4) Evaluation on w/o Segmentation Network Step: As a
general process for weakly supervised methods, we first
use the classification network to generate pseudo-masks for
training samples, and then use the segmentation network to
generate the building extraction results. However, some works
directly use classification networks to generate geographic
object results [69], which is more efficient. Therefore, we com-
pared the building extraction performance with or without the
segmentation network step, which is listed in Table VII. It is
shown that the performance of the FlipCAM method with the
segmentation step is significantly better than that without the
step. As for weakly supervised building extraction, we indeed
need the segmentation network to further refine extraction
results.

IV. DISCUSSION

Four perspectives are discussed from designing a weakly
supervised network architecture for extracting buildings from
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TABLE VII
PERFORMANCE OF FLIPCAM METHOD WHETHER CONTAINING

SEGMENTATION NETWORK STEP ON THREE DATASETS. FIRST LINE
REPRESENTS BUILDING EXTRACTION RESULT WITHOUT

SEGMENTATION NETWORK STEP. SECOND LINE REPRESENTS
BUILDING EXTRACTION RESULT WITH SEGMENTATION

NETWORK STEP. THE EVALUATION METRIC IS IOU

high-resolution remote sensing images based on the advan-
tages and limitations of FlipCAM.

In the proposed FlipCAM method, generating the CAM
heatmaps is an end-to-end process with simultaneous opti-
mization. A weakly supervised building extraction method in
an end-to-end manner can optimize boundary fineness and
internal integrity simultaneously without any damage among
optimization steps. As a multitask learning method with
multiple loss functions, the classification network gradually
improves the performance of both boundary and internal
extraction simultaneously with smooth gradient descent [19].
On the contrary, we tried to consider combining multiple
individual methods such as superpixel segmentation [79]
and adversarial climbing [41] as distributed optimization.
The first-step optimization can be partly damaged by the
second-step optimization because distributed optimization has
no way to consider the performance of both metrics at the
same time.

In the context of weakly supervised building extraction
tasks, the fundamental reasons behind phenomena such as
adjacent buildings, buildings covered by shadows, low inter-
class heterogeneity, and high intraclass heterogeneity can
be attributed to insufficient supervision information. Our
FlipCAM method draws inspiration from the concept of con-
sistency regularization in the self-supervised learning domain,
enabling the network to learn not only image-level label
information but also additional constraint information inherent
in the images themselves. This allows the network to con-
tinuously improve its ability to extract fine-grained building
boundaries in the training phase. For the SAM module, incor-
porating inputs of different image sizes allows the weakly
supervised network to learn multiscale information. As for the
Flip module, the feature-level augmentation strategy enables
the weakly supervised network to learn more internal integrity
information. Consequently, building boundary becomes more
refined, with stronger internal integrity, and exhibit greater
robustness in handling different scale scenes. This ultimately
improves extraction capabilities in scenarios involving dense
buildings, buildings covered by shadows, etc.

How to design the new branch brought by consistency
architecture has a great impact on the improvement of building
extraction. In the FlipCAM method, we utilize the SAM
module, where the number of sliced subimages is 4. This
slicing way balances the abundance of multiscale information
with the GPU computing power, so that the batch size of the
classification network can still reach 32 with the addition of

TABLE VIII
PERFORMANCE OF FLIPCAM METHOD WITH DIFFERENT SLICES

NUMBER ON THREE DATASETS. DIFFERENT LINES REPRESENT THE
BUILDING EXTRACTION RESULT UNDER DIFFERENT SLICES

NUMBER. THE EVALUATION METRIC IS IOU

one branch. In the case of higher GPU computing power,
the remote sensing images can be divided into 16 or even
64 subimages. As is shown in Table VIII, we have conducted
experiments to investigate the impact of different numbers of
slices on the performance of the SAM module. The experi-
mental results indicate that a small number (2 × 2 = 4 slices)
of sliced subimages tend to yield better performance compared
to a bigger number of slices. Therefore, excessive slices may
not be suitable for segmentation tasks as it would result in
a significant loss of contextual information, which hampers
building feature extraction in remote sensing images.

Furthermore, compared to other weakly supervised building
extraction methods, FlipCAM enhances the mapping with the
feature map of the original CAM at the end of the training
process. Specifically, regardless of how to improve CAM by
existing weakly supervised methods, they use the original
CAM as one of the final mappings for computing the loss
function. The reason is that the other mappings exist as
complementary to the original CAM. However, in the building
extraction task, the original CAM possesses the huge drawback
of not being able to fully extract the internal features of the
building as well as the boundary features. In FlipCAM, the
Flip module fuses the original CAM with the flipped CAM
pixel by pixel before using it as the final mapping, instead
of directly using the original CAM as a separate mapping.
In this way, the fused feature maps already contain both
the representations of the original CAM and the additional
information of the flipped feature maps. Therefore, there is
no need to worry about the building extraction performance
to return to the original CAM level if consistency architecture
does not work.

Indeed, our method still has some shortcomings. First,
we utilized three building datasets with a resolution in the
centimeter range (0.05–0.09 m). It would be more challenging
to extract buildings from lower-resolution remote sensing data,
to which more attention is suggested to pay in the future.
Second, while our method demonstrates excellent performance
in extracting buildings, its effectiveness in extracting other
small-scale artificial geographic objects, such as cars, or natu-
ral geographic objects, such as vegetation, remains unknown.
Further studies are necessary to validate the applicability of
our method to these additional scenarios.

V. CONCLUSION

In this study, a novel weakly supervised building extraction
method from high-resolution remote sensing imagery, named
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FlipCAM, was proposed. To improve the ability of boundary
fineness, consistency architecture is designed by extending a
new branch in the classification network, which continually
refines the boundary information in the training phase by the
consistency regularization principle. As one of the branches
in consistency architecture, the SAM module is utilized to
provide abundant multiscale information. Furthermore, Flip
module with feature-level flipping augmentation strategy is
designed to improve the capability of internal integrity, which
enhances the integrity of CAM heatmaps. Combining SAM
module with Flip module, FlipCAM simultaneously improves
boundary fineness and internal integrity in an end-to-end
manner for generating CAM heatmaps, which is different from
other weakly supervised methods for building extraction with
two substeps. Under the image-level weak supervision on three
representative high-resolution datasets, the proposed FlipCAM
method achieves promising pseudo masks and building extrac-
tion results and outperforms the state-of-the-art approaches.
In addition, FlipCAM also alleviates special difficulties in
building extraction. In future work, we will explore the poten-
tial of building extraction methods with weak annotations in
different types of remote sensing images in terms of spatial
and spectral resolutions.
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