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Abstract: Building extraction from high-resolution remote sensing images plays a vital part in
urban planning, safety supervision, geographic databases updates, and some other applications.
Several researches are devoted to using convolutional neural network (CNN) to extract buildings
from high-resolution satellite/aerial images. There are two major methods, one is the CNN-based
semantic segmentation methods, which can not distinguish different objects of the same category and
may lead to edge connection. The other one is CNN-based instance segmentation methods, which rely
heavily on pre-defined anchors, and result in the highly sensitive , high computation/storage
cost and imbalance between positive and negative samples. Therefore, in this paper, we propose
an improved anchor-free instance segmentation method based on CenterMask with spatial and
channel attention-guided mechanisms and improved effective backbone network for accurate
extraction of buildings in high-resolution remote sensing images. Then we analyze the influence
of different parameters and network structure on the performance of the model, and compare the
performance for building extraction of Mask R-CNN , Mask Scoring R-CNN , CenterMask, and the
improved CenterMask in this paper. Experimental results show that our improved CenterMask
method can successfully well-balanced performance in terms of speed and accuracy, which achieves
state-of-the-art performance at real-time speed.

Keywords: building extraction; improved anchor-free instance segmentation; high-resolution remote
sensing images; deep learning

1. Introduction

In pace with the high-speed development of high-resolution remote sensing data in both China
and International Community, the spatial information, geometric structures, textural features and
intensity information contained in remote sensing images and point cloud data are becoming clearer,
which makes it possible to identify and detect terrestrial objects. Among them, building is an important
feature of city and the most important place for human production and life [1]. The geometry, area,
or the dimensions of buildings gained from two-dimensional information-rich optical remote sensing
images and three-dimensional information-containing point cloud data [2] are the relevant urban
metrics. They can effectively represent the urban spatial structure, and then quantify the morphology of
city [3], reflect the processes that occur during a city’s development [4], and monitor urban management
and planning strategies [5]. Thus, the identification and extraction of the individual building will
play a vital role in a wide range of applications such as urban planning, safety supervision, real-estate
management and Geo-database updates.
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For decades, researchers have made considerable efforts to extract buildings from remote sensing
data. Huertas and Nevatia [6] assumed that the building is composed of rectangular components
(such as “T” shape, “L” shape and “E” shape), and then designed a building model to detect buildings.
Irvin and McKeown [7] used the spatial constraint relationship between shadows and buildings to
extract buildings. Inglada [8] achieved automatic recognition of buildings in high resolution optical
remote sensing images by support vector machine (SVM) classification of geometric image features.
Meng et al. [9] proposed a novel object-oriented building extraction method based on fuzzy SVM.
Awrangjeb et al. [10], designed an innovative image line guided segmentation technique to extract
the roof planes based on light detection and ranging (LIDAR) and orthoimage, and applied a newly
proposed rule-based procedure to removing planes constructed on trees. In Reference [11], to represent
an individual building or tree, researchers clustered the non-ground LIDAR points, and then the planar
roof segments were extracted from each cluster of points and refined using rules, such as the coplanarity
of points and their locality. Gilani et al. [12] used LIDAR data to present a non-manifold points creation
methods that provides a better interpolation of roof regions, these geometric features were preserved
to achieve automated identification and segmentation of the building roof. Besides, they also used
features from point cloud and orthoimagery to extract and regularise the buildings, so as to overcome
the limitations of shadow and partly occlusion [13]. As can be seen from above, scholars have tried
many methods to extract buildings from optical remote sensing images, point cloud data, or the fusion
of optical images and point cloud data. However, the features of buildings used in all the above
methods are artificially designed shallow features, which are time-consuming and labor-intensive,
sparse for feature distribution, and cannot express higher-level semantic information.

In the past few years, deep learning algorithms have made breakthrough progress in the field
of image processing. And the convolutional neural network (CNN) has been used to abstract
multi-level and metaphysical features from original images, which undoubtedly provides a huge
advantage for obtaining the complex spectrum, texture, and geometric features contained in remote
sensing images. Based on that, currently, most researchers have used semantic segmentation
frameworks (such as U-Net [14], SegNet [15], and DeepLab [16]), to achieve efficient and automatic
buildings extraction from high-resolution remote sensing images. For instance, Xu et al. [17] designed
a segmentation method with deep residual networks and a guided filter to gain buildings from remote
sensing images. In Reference [18], to balance high accuracy with low network complexity, Shrestha and
Vanneschi proposed an enhanced fully convolutional network (FCN) structure by adding conditional
random fields (CRFs) and successfully obtained buildings. Li et al. [19] integrated latent high-order
structural features learned by the adversarial network into semantic segmentation network during
network training, and can effectively rectify spatial inconsistency on aerial images.

Although the CNN-based semantic segmentation methods have achieved promising results,
they still have drawbacks.The main problem lies in a large number of closely adjacent buildings
existing in remote sensing images. But semantic segmentation can not distinguish different objects of
the same category. Under complex and fluid geographical environment, it may lead to edge connection
and is unfavorable for the application and research which focused on single building extraction.
Compared with the task of image semantic segmentation, instance segmentation can not only identify
the individual buildings on the image, but also give the pixel-levels semantic categories of each target
on this basis.

At present, most state-of-the-art approaches to instance segmentation are based on the
two-stage object detection model, and Mask R-CNN [20] is one of the classic models and standard
frameworks for them, which has achieved the best result of a single model in COCO instance
segmentation challenge. It designed RoIAlign instead of RoI pooling layer used in Faster R-CNN [21],
and plugged an FCN branch into the original classification and regression network branch to predict
the mask. As scholars continue to study, there have been many works [22–25] on improving
the Mask R-CNN, but few considered the speed of instance segmentation. Inspired by SSD [26]
and YOLO [27], some scholars have designed instance segmentation model based on one-stage



Remote Sens. 2020, 12, 2910 3 of 15

object detection methods. For example, YOLACT [28] used RetinaNet as the basic network and
added two parallel branches to complete the mask prediction task: the first branch applied FCN to
generating a series of prototype masks independent of a single instance; the second branch added
mask coefficients to prediction head to encode the representation of an instance in the prototype
mask space. Finally, after Non-Maximum Suppression(NMS) operation, the output results of the
two branches were linearly combined to get the final prediction results. Based on state-of-the-art
instance segmentation approaches, some researchers designed novel building extraction methods
from high-resolution remote sensing images. Potlapally et al. [29] extracted various types of remote
sensing features including buildings by employing Mask R-CNN. Ji et al. [30] utilized building
extraction network implemented with a Mask R-CNN branch for object-based instance segmentation,
and a multi-scale FCN branch for pixel-based semantic segmentation to locate changed buildings
as well as the changed pixels from aerial remote sensing images. Li et al. [31] improved Mask
R-CNN by adding key points map, and completed well preservation of geometric details for buildings.
Su et al. [32] proposed an advanced Cascade Mask R-CNN which named HQ-ISNet and made the
predicted instance masks more accurate.

As can be seen from above, CNN-based instance segmentation methods for building extraction
from high-resolution remote sensing images are generally via two-stage, just like Mask R-CNN,
which focus primarily on extraction performance, few take the speed and real-time ability into account.
Although there are some instance segmentation methods, such as YOLACT, are built on one-stage
detector that directly predicts boxes without proposal step. They still rely heavily on pre-defined
anchors, which are sensitive to data sets and hyperparameters (e.g., aspect ratio, ratio, input size, etc.).
In addition, to ensure sufficient overlap with most ground truth boxes, excessively anchor setting
results in the matters of higher computation/storage cost and imbalance between positive and negative
samples. In order to address these problem, recently, many kinds of research [33–37] tended to replace
the anchors with anchor-free by using corner/center points. Compared with anchor-based detectors,
anchor-free will contribute to more efficient computation and better performance.

Therefore, in this paper, we propose an improved anchor-free instance segmentation method based
on CenterMask [37] with spatial and channel attention-guided mechanisms for accurate extraction of
buildings in high-resolution remote sensing images. It maintains good performance yet realize efficient.
The main contributions of our work can be summarized as follows:

• An improved anchor-free instance segmentation architecture is proposed for building extraction
from high-resolution remote sensing images, which is composed of an efficient one-stage
anchor-free object detector FCOS [33] and a novel spatial and channel attention-guided
mask branch.

• Besides, we design a more effective backbone network by improving VoVNetV2 that is designed
in Reference [37], and receives better performance than ResNet and VoVNetV2.

• In order to improve the segmentation performance of CenterMask, we also develop the mask
branch in CenterMask. A spatial and channel attention-guided mask (SCAG-Mask) branch is
designed in this paper to effectively optimize the building extraction behavior.

The next content of the paper is organized as follows—Section 2 introduces our instance
segmentation network architecture and the details for building extraction. Section 3 details the
dataset and evaluation approach used in the experiment. Section 4 describes the experimental results
and analysis in detail. Then Section 5 draws a conclusion and looks forward to the follow-up work.

2. Methods

The overall architecture of the improved CenterMask is shown in Figure 1. It consists of
four parts, and (a) in Figure 1 represents the feature extraction network. This paper uses the improved
VoVNetV2-57 to complete the convolution feature extraction of the input image. It consists of three
convolutional layers and four stages (C2-C5) with different numbers of one-shot aggregation (OSA)
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modules. Each OSA module has five convolutional layers. In order to realize the fusion of the shallow
position information and deep semantic information of the convolutional neural network, (b) in
Figure 1 is connected to feature pyramid network (FPN) [38]. In this paper, the output of C3–C5
for improved VoVNetV2-57 network is operated through upsampling and horizontal connection
operations to generate P3–P5, and P6 and P7 are obtained through convolution operations on the
basis of P5, thus rich feature information extraction from a single-resolution input image is completed.
After passing through FPN network, the FCOS bounding box prediction network is connected to each
scale feature map to generate the region of interests(RoIs), as shown in (c) of Figure 1. By judging the
relative size of the generated RoI and input image, the feature map matching the scale of the RoI is
selected and operated by RoIAlign [20]. After processing, the RoI and the feature map are fed into the
spatial and channel attention-guided mask branch in Figure 1d for segmenting the instance in this RoI.
Finally, the exported instance segmentation extraction results are obtained.

Figure 1. The network architecture of Improved CenterMask, where C3, C4, and C5 denote the
feature maps of the backbone network, and P3 to P7 are the feature levels used for the final prediction.
W, H separately represent the width and height of feature maps.

2.1. Improved VoVNetV2

VoVNet [39] is an efficient feature extraction network. It uses one-time aggregation module.
In this module, each convolution layer generates two kinds of connections. One is connected with the
next layer through convolution to gain larger receptive fields. The other one is connected to the final
output layer to aggregate features.

However, with the deepening of the network and the stacking of OSA modules, the accuracy of
the model will be saturated. According to the ResNet [40] literature, this is because the deepening of
the network causes the problem of gradient explosion and gradient disappearance. In Reference [37],
to boost the performance of VoVNet, the identity mapping and an effective Squeeze-Excitation(eSE)
module are added. In this paper, we let the C4 and C5 stages retain the added identity mapping as
shown in Figure 2a. At the same time, we improve the eSE module, and the improved eSE module
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(im-eSE) is proposed and added to the OSA module at each stage of C2-C5 to learn the correlation
between feature maps to filter out the more powerful feature maps, as shown in Figure 2b.

Figure 2. The structure of feature extraction network, where Fgapavg is global average pooling,
Fgapmax is global max pooling, WC is fully-connected layer. W, H, C separately represent the width,
height, and the number of channels for feature maps.

In order to obtain the global statistics while retaining the degree of the most significant part of
each feature map, im-eSE module in this paper uses a global average pooling and a global max pooling.
Suppose that after passing through the original OSA module, a feature map U of W×H×C is obtained.
Then the gating unit in im-eSE module can be expressed as:

Aim−eSE(U) = σ(Wc(Fgapavg(U))⊕Wc(Fgapmax(U))), (1)

where, σ is sigmoid function. ⊕ denotes element-wise addition. Fgapavg and Fgapmax are defined as:

Fgapavg(U) =
1

WH

W,H

∑
i,j=1

Ui,j, (2)

Fgapmax(U) = maxi∈W,j∈HUi,j. (3)

Finally, output Ũ of the im-eSE module is obtained by multiplying the gating unit Aim−eSE(U)

with the feature map U, see formula (4), where ⊗ denotes element-wise multiplication. After this,
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for the C4 and C5 stages, identity mapping is added to Ũ, so as to obtain the output feature maps of
this OSA module.

Ũ = Aim−eSE(U)⊗U. (4)

2.2. FCOS

FCOS uses pixel-by-pixel idea for object detection. For each point (x, y) on the feature map, it will
be mapped back to the coordinates of the input image as (xs, ys). formula (5) shows the conversion
relationship between these, where s represents the downsampling rate of the current feature map
relative to the input image.

xs =
⌊ s

2

⌋
+ x× s, ys =

⌊ s
2

⌋
+ y× s. (5)

For any ground truth box Bi given in this paper, is defined as (x(i)0 ,y(i)0 , x(i)1 ,y(i)1 , C), where (x(i)0 ,

y(i)0 ) and (x(i)1 , y(i)1 ) are the coordinates of the upper left and lower right corners of the ground truth box,
C is the building category. If (xs, ys) calculated by formula (5) falls into any ground truth box, it is
temporarily considered to be a positive sample, and its regression target is (l∗, t∗, r∗, b∗). Here l∗, t∗,
r∗, b∗ are the distances from the location to the four sides of the ground truth box, as shown in (6).
Otherwise, it will be considered as a negative sample and its category will be set to 0. If the point is
located in multiple ground truth boxes, it is considered an ambiguous sample. And then we select the
ground truth box with the minimal area as the regression target. In addition, for multi-level prediction
with FPN, if the regression target of positive sample at level i satisfies max(l∗, t∗, r∗, b∗) ≥ mi or
max(l∗, t∗, r∗, b∗) ≤ mi−1, it will be set as a negative sample, and can not regress a bounding box
anymore. Here mi is the maximum distance that feature level i can regress. In this paper, we set
m2, m3, m4, m5, m6 and m7 as 0, 64, 128, 256, 512 and ∞, respectively.

l∗ = xs − x(i)0 , t∗ = ys − y(i)0 , r∗ = x(i)1 − xs, b∗ = y(i)1 − ys. (6)

As can be seen from Figure 1, FCOS contains classification subnet and regression subnet.
In classification subnet, we firstly use four 3× 3× 256 convolutional layers, and then through a 3× 3
convolutional layer with the channel number of 1 to predict the probability that each bounding
box belongs to a building in the range of W × H. The design of the regression subnet is same to
classification subnet, the only difference is that the number of channels in the last layer is 4, that is,
each bounding box will regress a four-dimensional vector, indicating the offset of the bounding box
from the related ground truth box. In other words, without the anchor-box, FCOS directly predicts
a 4D vector plus a class label at each spatial location on a level of feature maps.

Besides, in order to suppress the low-quality bounding boxes generated at the locations that are
far from the center of a target object. FCOS adds a centerness branch to the classification subnet to
predict the deviation of a pixel to the center of its corresponding bounding box. Given the regression
targets l∗, t∗, r∗, b∗ for a location, the centerness target can be defined as,

centerness =

√
min(l∗, r∗)
max(l∗, r∗)

× min(t∗, b∗)
max(t∗, b∗)

, (7)

When l∗ = = r∗, t∗ = = b∗, it is the most ideal state, and the centerness value is 1. In this paper,
the binary cross-entropy(BCE) loss is used to calculate the loss caused by different centerness values.
The smaller the centerness value is, the greater BCE loss will be, so that the predicted bounding box
will be close to the center point during training. When testing, the value of centerness is equivalent to
a weight, which is used to multiply the classification score of each RoI. Thus the centerness can down
weight the scores of bounding boxes far from the center of an object. Finally, the detection performance
can be effectively improved by filtering out the bounding boxes with low scores by NMS operation.
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2.3. Spatial and Channel Attention-Guided Mask

We judge the feature map matched with the RoIs obtained by FCOS according to formula (8),
where kmax is the maximum level of the feature map. Ainput and ARoI represent the area of the input
image and the area of RoI, respectively. If the area of the RoI is greater than half of the input image area,
the RoI is assigned to the feature map with the largest scale. In this paper, we set kmax=7, if k is lower
than the minimum level (in this paper, we set the minimum level to P3), then k is forcibly assigned to
the minimum scale feature map P3.

k = kmax − log2
Ainput

ARoI
. (8)

Inspired by the spatial attention mechanism, this paper uses a SCAG-Mask mechanism to guide
the mask subnet to predict class-specific masks by focusing on meaningful pixels and suppressing
non-information pixels. The details are shown in Figure 3 and formula (9).

X = F1×1(deconv2×2((σ(F3×3(Pmax ◦ Pavg))⊗ xi)⊕ (σ(

Wc(Fgapavg(xi))⊕Wc(Fgapmax(xi)))⊗ xi))),
(9)

where xi denotes the input feature map obtained through RoIAlign operation and four convolutional layers.
Pmax is the max pooling of all feature maps for each position. Pavg is the average pooling for all feature
maps for each position. ◦ represents concatenate operation. F1×1 and F3×3 separately denote 1× 1 conv
and 3× 3 conv. ⊕ and⊗ respectively represent element-wise addition and element-wise multiplication.

Figure 3. The structure of the spatial and channel attention-guided mask (SCAG-Mask), where Fgapavg
and Fgapmax are global average pooling and global max pooling same as Figure 2, WC is
fully-connected layer. W, H, C separately represent the width, height, and the number of channels for
feature maps.

2.4. Multi-Task Loss

During training time, we compute a multi-task loss on each RoI as:

Loss = Lcls + Lreg + Lcenterness + Lmask + Lmaskiou, (10)

where the classification loss Lcls is α-Balance focal loss defined in Reference [41], the regression loss
Lreg is GIoU loss identical as in Reference [42], the centerness loss Lcenterness and mask loss Lmask are
same as those in Reference [33]. In addition, this paper uses L2 loss to calculate MaskIoU loss Lmaskiou.
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3. Dataset and Evaluation Metrics

3.1. Dataset Description

In this paper, we gain high-resolution remote sensing building semantic segmentation database
data of Wuhan University (WHU building dataset, http://study.rsgis.whu.edu.cn/pages/download/
building_dataset.html). The original remote sensing images in the database were from Christchurch,
New Zealand, which cover 220,000 diverse buildings. After the downsampling, labeling and
segmentation operations of the Jishunping team [43] of Wuhan University, more than 8000 images of
512-pixel × 512-pixel, 0.3 m spatial resolution were produced. In this paper, through removing the
abnormal images in the building dataset manually and converting the semantic segmentation dataset
to COCO instance segmentation task format by using the Suzuki [44] contours detection algorithm,
we obtain 4268 images as training set data and 719 images as test set.

3.2. Evaluation Metrics

We adopt average precision (AP) and average detection time to quantitatively assess the
performance of the instance segmentation method. A certain number of indexes are needed, namely,
true positive (TP),false negative (FN), false positive (FP), and precision–recall curve (PRC). TP denotes
the number of correct detections; FN denotes the number of missing detections; and FP denotes the
number of mistaken detections. PRC is a curve drawn by the precision metric and the recall metric.
The precision metric measures the proportion of correct detections to all detections. The recall metric
measures the proportion of correct detections to all ground-truth boxes. The precision metric and recall
metric are defined as,

Precision =
TP

TP + FP
, (11)

Recall =
TP

TP + FN
. (12)

AP—the AP metric computes the area under the PRC. A higher AP value indicates better
performance, and vice versa. The AP used here includes AP of box detection APbox and AP of
mask extraction APmask. Besides, the APbox and APmask of small, medium and large size objects
are further refined. Among them, small-sized objects are objects with a pixel area of less than 322.
Medium-sized objects are objects with a pixel area greater than 322 but less than 962. Large size objects
are objects with a pixel area greater than 962.

4. Results and Discussion

4.1. Parameter Setting Experiments

Table 1 shows the detailed hyperparameter settings. In the experiment, we set weight decay
as 0.0001, the momentum as 0.9, and the pooler_scales as (0.125, 0.0625, 0.03125), then, we use
ResNet101 and VoVNetV2-57 with different learning rates commit several experiments. Note that,
we utilize the training set data described in Section 3 to fit the model when changing the backbone
and learning rate; and we use test set to evaluate the different performances of models generated by
different backbone and learning rates. The performances of different models on the test set are shown
in Table 2.

http://study.rsgis.whu.edu.cn/pages/download/building_dataset.html
http://study.rsgis.whu.edu.cn/pages/download/building_dataset.html
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Table 1. Summarization of hyperparameters fixed in the paper.

Hyperparameters Setting Details

No. of FILTERS

3× 3conv, 64
3× 3conv, 64

3× 3conv, 128
[3× 3conv, 128,×5, concat, &1× 1conv, 256]× 1
[3× 3conv, 160,×5, concat, &1× 1conv, 512]× 1
[3× 3conv, 192,×5, concat, &1× 1conv, 768]× 4
[3× 3conv, 224,×5, concat, &1× 1conv, 1024]× 3

BATCH SIZE 8
EPOCHS 200

WEIGHT DECAY 0.0001
MOMENTUM 0.9

WARMUP_FACTOR 0.333
WARMUP_ITERS 500
POOLER_ScALES (0.125, 0.0625, 0.03125)

POOLER_SAMPLING_RATIO 2.0
POOLER_RESOLUTION 14

FPN_STRIDES [8, 16, 32, 64, 128]
FCOS_CENTER_SAMPLE_POS_RADIUS 1.5

FOCAL_LOSS_ALPHA 0.25
FOCAL_LOSS_GAMMA 2.0

In this paper, we consider the impact of different learning rates on model performance. As shown
in Table 2, when using ResNet101 as the feature extraction network, the model performance is optimal
when the learning rate is 0.005. And when using VoVNetV2-57 as the feature extraction network,
the model performance is optimal when the learning rate is 0.001. Comparing the AP values for
performance of two best-case models, we can find that the VoVNetV2-57 has significant advantages as
a feature extraction network, especially when extracting small and medium-scale buildings.

Table 2. Comparison of average precision (AP) on the test set under different parameter configurations.

Feature Extraction
Network

Learning
Rate APbox APbox

s APbox
m APbox

l APmask APmask
s APmask

m APmask
l

ResNet101 0.01 0.6444 0.4483 0.8142 0.7344 0.6085 0.4009 0.7758 0.7672
ResNet101 0.005 0.6544 0.4552 0.8285 0.747 0.6116 0.3972 0.7836 0.7725
ResNet101 0.0001 0.629 0.4287 0.8047 0.6741 0.5981 0.3884 0.7694 0.7311

VoVNetV2-57 0.0005 0.6773 0.4869 0.8436 0.7205 0.6272 0.4234 0.7933 0.7323
VoVNetV2-57 0.001 0.6799 0.4915 0.8451 0.7208 0.6296 0.4274 0.7959 0.7437

Besides, we examine the impact of our improvements in this paper on model performance.
Since our backbone is improved on VoVNetV2-57, we control the learning rate at 0.001 in the following
experiments. The performances of our improved models on test set are shown in Table 3.

As can be seen from Table 3, when use optimized backbone without changing other parts of
the model, the AP value(the second row in Table 3) of the obtained model on buildings detection
and segmentation has been improved to a certain extent. Especially when extracting large buildings,
the AP value increased significantly. When only use SCAG-Mask without changing other parts of
the model. Compared with the AP value gained by original CenterMask (the first row in Table 3),
the AP value of bounding box detection of small and medium-sized buildings has decreased. But due
to our SCAG-Mask focus on spatial and channel attention guiding, the AP value of the building
segmentation has been significantly improved. Compared with the results obtained by optimizing
the backbone (the second row in Table 3), although the AP value acquired by using SCAG-Mask in
the segmentation of medium and large buildings is significantly improved, the AP of bounding box
detection reduces heavily. Thus, it seems that optimize the backbone only is better than only use
SCAG-Mask due to its comprehensive performance improvement. At last, we synthetically use the
improved backbone and SCAG-Mask. The obtained AP value is shown in the fourth row of Table 3.
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And we can see that the AP value for large building detection and the AP value for small, medium,
and large building instance object segmentation are both significantly improved. Although compared
with the backbone optimizing only (the second row in Table 3), the detection AP of small buildings and
medium-sized buildings have slight decreases, but compared with other performance improvements,
these slight decreases can be ignored. So the combination of backbone and SCAG-Mask is effective.

Table 3. Comparison of AP on the test set under different improved models.

Model APbox APbox
s APbox

m APbox
l APmask APmask

s APmask
m APmask

l

CenterMask with VoVNetV2-57 0.6799 0.4915 0.8451 0.7208 0.6296 0.4274 0.7959 0.7437
CenterMask with improved

VoVNetV2-57(ours) 0.6847 0.4923 0.846 0.7365 0.6307 0.4279 0.7969 0.7542

CenterMask with SCAG-Mask(ours) 0.6778 0.488 0.8434 0.7296 0.631 0.4269 0.7985 0.7561
CenterMask with improved

VoVNetV2-57+SCAG-Mask(ours) 0.6841 0.492 0.8444 0.7377 0.6342 0.4309 0.7992 0.7574

After the above experiments, here, we visualize and compare the building extraction results on
the test set, which from the optimal model obtained by using ResNet101 as feature extraction network,
the optimal model gained by applying VoVNetV2-57 as backbone, and the three models acquired by
using the improved methods in our work, as Figure 4 shown. And we can find that the performances
of the segmentation of target bounding box (Figure 4a), the prediction of dense buildings (Figure 4b),
the identification of confusing object (Figure 4c) and occlusion buildings (Figure 4d) by synthetically
using the improved VoVNetV2-57 and SCAG-Mask are better than the others, especially the use of
ResNet101 and original VoVNetV2-57. It further illustrates the effectiveness of the network structure
and the trained model used in this paper.

4.2. Comparison with State-of-the-Art Methods

This paper compares and analyzes the method effects of Mask R-CNN, Mask Scoring R-CNN,
CenterMask and improved CenterMask on the same test set under the same experimental environment.
Same as parameter setting experiments, we use the training set data described in Section 3 to fit the
model when adopting different algorithms; and we use test set to evaluate the different performances
of models under different methods. The corresponding AP values and average detection time of four
methods are shown in Table 4. As can be seen from Table 4, CenterMask and improved CenterMask
by not setting the anchor mechanism perform more efficiently than Mask R-CNN and Mask Scoring
R-CNN which belong to two-stage instance segmentation method. And the average detection time is
only 49.88 ms. In addition, the improved CenterMask used in this paper, while ensuring efficiency,
demonstrates that it is not inferior to the performance of Mask R-CNN and Mask Scoring R-CNN.
Especially in the extraction of medium and large scale buildings, it can even achieve higher AP than
the two methods. Although the anchor mechanism is discarded, the AP of improved CenterMask is
slightly lower than Mask R-CNN and Mask Scoring R-CNN when extracting small-scale buildings.
However, in terms of comprehensive AP and average detection efficiency, improved CenterMask used
in this paper still has great advantages.

Table 4. Comparison of AP on the test set with state-of-the-art methods.

Method APbox APbox
s APbox

m APbox
l APmask APmask

s APmask
m APmask

l

Average
Detection
Time (ms)

GPU

Mask R-CNN 0.6585 0.5049 0.789 0.7121 0.6384 0.4663 0.771 0.7468 69.49 Xp
Mask scoring

R-CNN 0.6604 0.5058 0.7881 0.7124 0.6451 0.4705 0.7806 0.756 72.83 Xp

CenterMask 0.6799 0.4915 0.8451 0.7208 0.6296 0.4274 0.7959 0.7437 49.88 Xp
Improved

CenterMask 0.6841 0.492 0.8444 0.7377 0.6342 0.4309 0.7992 0.7574 49.88 Xp
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Figure 4. Comparison of building extraction results on test set for five models. (a) Performance of
segmentation for target bounding box; (b) Performance of dense buildings prediction; (c) Performance
of confusing object identification; (d) Performance of occlusion buildings extraction.
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4.3. Usability Analysis in Practical Application

In order to further illustrate the effectiveness of the method proposed in this paper, we take
building extraction in China’s urban villages as example to verify the usability of our method in
practical application. This paper collects the building samples in China’s urban villages from Google
Earth imagery with spatial resolution of 0.11 m. To realize data augmentation, these samples are vertical
and horizontal flipped, and 90 degrees, 180 degrees and 270 degrees counterclockwise rotated. Finally,
by using professional labeling software, 2726 instance segmentation samples of China’s urban villages
buildings are obtained. They are further divided into 2326 training samples and 400 test samples.
The training samples are fed into the method proposed in this paper to fit a model suitable for the
extraction of urban villages buildings. And the test samples are used for verifying the performance of
the proposed method in the extraction of China’s urban villages buildings.

Figure 5 shows the extraction results of China’s urban villages buildings on test samples with
proposed method in this paper. We can find out that despite the high density of buildings and narrow
streets and lanes in urban villages, the method in this paper can still effectively extract buildings in
China’s urban villages. In terms of quantitative indicators, the APbox of the model on the urban village
buildings test set is 0.799, and the APmask is 0.728. The precision rate of building extraction can be as
high as 0.91 and the recall rate can be as high as 0.95 for single sample. This fully demonstrates that
the improved anchor-free instance segmentation method proposed in this paper can achieve good
extraction performance on China’s urban villages building samples. And the method can achieve
real-time building extraction, the prediction of entire test samples only takes 12 s, which further proves
the practicability of this method.

Figure 5. Building extraction results on building test samples in China’s urban villages.
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5. Conclusions

We have proposed an improved real-time anchor-free one-stage instance segmentation method
and a more effective backbone network. By adding the SCAG-Mask to the anchor-free one stage
instance detection, our improved CenterMask achieves state-of-the-art performance at real-time speed.
Although Mask R-CNN and Mask Scoring R-CNN show better performances than our improved
CenterMask on APbox

s and APmask
s , we are still full of confidence in our improved CenterMask due to

its well-balanced performance in terms of speed and accuracy. In addition, we take buildings extraction
in China’s urban villages as example to verify the usability of our method in practical applications
and get good extraction results and satisfactory speed. In the future, we will further improve the
performance of the model in small object detection and segmentation. And some post-processing
techniques may be explored and compared to obtain the best framework for building extraction.

Funding: This research was funded by the Beijing Municipal Science and Technology Project under grant
No.Z191100001419002.
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