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Abstract: Semantic segmentation of very-high-resolution (VHR) remote sensing images plays an
important role in the intelligent interpretation of remote sensing since it predicts pixel-level labels
to the images. Although many semantic segmentation methods of VHR remote sensing images
have emerged recently and achieved good results, it is still a challenging task because the objects of
VHR remote sensing images show large intra-class and small inter-class variations, and their size
varies in a large range. Therefore, we proposed a novel semantic segmentation framework for VHR
remote sensing images, called Positioning Guidance Network (PGNet), which consists of the feature
extractor, a positioning guiding module (PGM), and a self-multiscale collection module (SMCM).
First, the PGM can extract long-range dependence and global context information with the help of the
transformer architecture and effectively transfer them to each pyramid-level feature, thus effectively
improving the segmentation effectiveness between different semantic objects. Secondly, the SMCM
we designed can effectively extract multi-scale information and generate high-resolution feature
maps with high-level semantic information, thus helping to segment objects in small and varying
sizes. Without bells and whistles, the mIoU scores of the proposed PGNet on the iSAID dataset and
ISPRS Vaihingn dataset are 1.49% and 2.40% higher than FactSeg, respectively.

Keywords: remote sensing images; semantic segmentation; positioning guiding module;
self-multiscale collection module; transformer

1. Introduction

Semantic segmentation, which assigns semantic labels to each pixel of an image, is a
pixel-level classification task. In the field of remote sensing, semantic segmentation, also
known as the classification of land use and land cover (LULC) types [1], plays an important
role in the intelligent interpretation of remote sensing and provides a basis for many remote
sensing applications, such as obstacle detection and avoidance [2], urban planning [3,4],
disaster assessment [5,6], ecological observation [7,8], and agricultural production [9,10].

With the development of image processing and machine learning technology [11–14],
many methods for semantic segmentation of VHR remote sensing images have been
proposed. Existing methods can be divided into two main types: the traditional man-
ual feature-based (TMF-based) method [15–17] and the deep learning-based (DL-based)
method [3,4,18–22]. The TMF-based method first extracts features based on a potential
semantic object’s color, texture, shape, and spatial relationships. It then uses clustering or
classification to segment the VHR remote sensing images. Since the TMF-based method
highly relies on the manually extracted features, it does not perform well in complex VHR
remote sensing images. Unlike the TMF-based methods, the DL-based methods do not
rely on manually extracted features. They can automatically extract features at differ-
ent semantic levels by convolutional neural networks (CNN) or the vision transformer
(ViT), achieving higher segmentation accuracy in complex scenes. Therefore, the DL-based
methods have attracted more attention and are developing rapidly.
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Although many DL-based methods have achieved good segmentation results, it is still
challenging because VHR remote sensing images have their characteristics compared to
natural images, which can be observed in Figure 1. First, VHR remote sensing images tend
to exhibit large intra-class and small inter-class variations at the semantic-object-level due to
the diversity and complexity of ground objects [9]. Second, although VHR remote sensing
images are rich in details, the objects are generally small in the background and are easily
lost after repeated downsampling [3,9]. Third, the objects in VHR remote sensing images
have a large variation in size, which easily leads to unstable segmentation performance,
i.e., it cannot maintain good performance for small and large objects [11,22,23].
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Figure 1. The challenges of semantic segmentation of very-high-resolution remote sensing images.

Therefore, we proposed a novel semantic segmentation framework for VHR remote
sensing images called Positioning Guidance Network (PGNet), which is composed of three
parts: a feature extractor, a positioning guidance module (PGM), and a self-multiscale col-
lection module (SMCM). To address the challenge of large intra-class and small inter-class
variations of semantic objects in VHR remote sensing images, we proposed PGM to obtain
a long-range dependence to solve the problem of small inter-class variations and obtain
global context information to solve the problem of large intra-class variations. Specifically,
PGM can obtain long-range dependence and global context information through the trans-
former architecture, efficiently propagating this information to each pyramid-level feature.
To address the challenge that objects in VHR remote sensing images are small and vary in
size, we proposed SMCM to collect multiscale information while acquiring high-resolution
feature maps with high-level semantic information.

Our main contributions are summarized below:

• To the best of our knowledge, the proposed PGNet is the first to efficiently propagate
the long-range dependence obtained by ViT to all pyramid-level feature maps in the
semantic segmentation of VHR remote sensing images.

• The proposed PGM can effectively locate different semantic objects and then effectively
solve the problem of large intra-class and small inter-class variations in VHR remote
sensing images.

• The proposed SMCM can effectively extract multiscale information and then stably
segment objects at different scales in VHR remote sensing images.

• We conducted extensive experiments on two challenging VHR remote sensing datasets,
the iSAID [24] dataset and the ISPRS Vaihingen [25] dataset, to demonstrate the
excellent segmentation performance of PGNet.

The rest of this paper is organized as follows. Section 2 introduces the related work
on the semantic segmentation of VHR remote sensing images and vision transformer.
Section 3 describes the overall framework and important components of PGNet. Section 4
provides the experiments and analysis on the iSAID dataset and ISPRS Vaihingen dataset.
The conclusion of this paper is in Section 5.
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2. Related Work

We first review the semantic segmentation methods of VHR remote sensing images.
Then we review the vision transformer, which is closely related to our work.

2.1. Semantic Segmentation of VHR Remote Sensing Images

The semantic segmentation of VHR remote sensing images plays an important role in
remote sensing image understanding. Many excellent semantic segmentation methods for
VHR remote sensing images have emerged in recent years. These methods can be divided
into the traditional manual feature-based (TMF-based) methods and the deep-learning-
based (DL-based) methods.

Traditional manual feature-based method. The TMF-based methods first extract
features based on a potential semantic object’s color, texture, shape, and spatial relationships
and then use clustering or classification algorithms to segment the images. Cheng et al. [15]
proposed an LBP-based segmentation method that combines statistical region merging
(SRM) and regional homogeneity local binary pattern (RHLBP) for initial segmentation and
uses a support-vector machine (SVM) for semantic category classification. Zhang et al. [16]
generated the initial segmentation by the local best region growth process, and then the
local mutual best region merging process was applied to a region adjacency graph (RAG)
for segmentation. Wang et al. [17] proposed a combination of superpixels and minimum
spanning tree for VHR remote sensing image segmentation. The TMF-based methods
may fail in complex situations because they highly rely on manually extracted features.

Deep learning-based method. The DL-based method does not rely on hand-extracted
features. It can automatically extract features at different semantic levels, such as discrimi-
native feature learning [26,27], so it can achieve high accuracy segmentation resulting in
complex VHR remote sensing images. In recent years, many DL-based semantic segmenta-
tions of VHR remote sensing images have been proposed [3,4,18–22,28–33]. Some of these
works focus on improving the semantic segmentation performance of VHR remote sensing
images based on transfer learning [28–32]. Cui et al. [28] were inspired by transfer learning
and designed TL-DenseUNet, which achieves good performance even with insufficient
and unbalanced labeled training. Some previous works have focused on improving the net-
work architecture to increase performance [3,4,18–22,33]. Diakogiannis et al. [33] proposed
ResUNet, which employs UNet with residual convolutional blocks as the segmentation
backbone and combines atrous convolution and pyramid scene parsing (PSP) pooling to
aggregate the context information. Ma et al. [3] propose FactSeg, a symmetrical dual-branch
decoder consisting of a foreground activation branch and a semantic refinement branch.
The two branches perform multiscale feature fusion through skip connection, thereby
improving the segmentation accuracy of small objects. Li et al. [18] propose MANet to
extract contextual dependencies through multiple efficient attention modules, effectively
improving the semantic segmentation of VHR remote sensing images. Chen et al. [22]
propose the boundary enhancing semantic context network (BES-Net) to use the boundary
to enhance semantic context extraction explicitly.

2.2. Transformer in Vision

Motivated by the enormously successful transformer in NLP [34,35], many works have
attempted to replace convolutional layers altogether or to combine CNN-like architectures
with the transformer for vision tasks [36–38] for easier capture of long-range dependence.
Following the standard transformer paradigms, Dosovitskiy et al. [36] presented a pure
transformer model called vision transformer (ViT), which achieved state-of-the-art (SOTA)
results on the image classification task. Wang et al. [39] proposed pyramid vision trans-
former (PVT), the first pure transformer backbone designed for various pixel-level dense
prediction tasks. Liu et al. [40] proposed a hierarchical transformer whose representation is
computed with shifted windows. Xie et al. [37] proposed a novel positional-encoding-free
and hierarchical transformer encoder, named mix transformer (MiT), which is designed for
the semantic segmentation task.
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Recently, several semantic segmentation works of VHR remote sensing images have
used the transformer as the feature extractor to extract feature maps with long-range depen-
dence efficiently [4,6,8,9]. Wang et al. [9] proposed a two-branch network CCTNet, which
combines the local details captured by CNNs with the global context information provided
by the transformer. Tang et al. [6] used SegFormer [37], a semantic segmentation model
for natural images, for remote sensing image segmentation to achieve landslide detection.
He et al. [8] proposed a novel semantic segmentation framework for remote sensing images
called the ST-U-shaped network, which embeds the Swin transformer into the classical
CNN-based UNet. Ding et al. [4] proposed WiCoNet, a semantic segmentation network
combining CNN and Transformer, for fully extracting local and long-range dependence
from VHR remote sensing images.

Unlike previous works that extract features directly using the transformer or using a
two-branch architecture with a combination of convolutional layers and the transformer, our
proposed PGNet uses a convolutional neural network as the feature extractor. Additionally,
since long-range dependence can effectively locate different semantic objects [41], we use
the transformer architecture on the high-level feature map to extract long-range dependence
and propagate this information to each pyramid-level feature.

3. Proposed Method

The overall architecture of the proposed PGNet is illustrated in Figure 2, which consists
of three components: the feature extractor, the positioning guidance module (PGM), and the
self-multiscale collection module (SMCM). First, the PGM we designed fully uses the long-
range dependence extracted by the transformer architecture, which can help locate objects
of different semantic classes. At the same time, because this long-range dependence is a
kind of global context information, it helps the segmentation of objects with large intra-class
variations. Second, the SMCM we designed can extract multi-scale information and obtain
high semantic high-resolution feature maps, improving the segmentation results of small
and varying-sized objects.

Figure 2. The framework of the proposed PGNet, which consists of a Res2Net backbone, a positioning
guidance module (PGM) and three self-multiscale collection modules (SMCM). T means transformer
block and S means SMCM.

3.1. Feature Extractor

Many studies have shown that pre-trained feature extractors perform well in semantic
segmentation tasks [3,42,43]. In particular, the Res2Net [44] architecture with residual
module has a powerful feature extraction ability. In the proposed PGNet, Res2Net was
used as a feature extractor without fully connected layers. As shown in Figure 2, given an
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input image I ∈ RH×W×C, we fed it into Res2Net to extract features to obtain multi-level
feature maps Ci(i = 1, 2, 3, 4) at

{
1
4 , 1

8 , 1
16 , 1

32

}
of the original image resolution. In addition,

the PGNet we proposed is a flexible framework and is not limited to using Res2Net as the
feature extractor.

3.2. Positioning Guidance Module

Unlike natural images, the objects in VHR remote sensing images are often char-
acterized by small inter-class and large intra-class variances. Previous works [22,23,41]
have demonstrated that long-range dependence can well localize objects with camouflage,
while global context information can well segment objects with large intra-class differences.
Therefore, we designed the positioning guidance module (PGM) to extract long-range
dependence and global context information and efficiently transfer this information to each
pyramid-level feature.

The enormous success of the transformer in NLP [34,35] has led many works to replace
convolutional layers entirely with the transformer or to combine CNN-like architectures
with the transformer for vision tasks, which can easily capture global contextual features
and build long-range dependence [37,38,40]. The reason why the transformer architec-
ture can obtain long-range dependence is the use of the multi-head self-attention (MSA)
mechanism with query-key-value (QKV) [34], which can be described as follows:

MultiHead(Q, K, V) = Concat(head1, . . . , headh)W0

headi = Attention(Qi, Ki, Vi)
, (1)

where Attention(Qi, Ki, Vi) is the self-attention mechanism, as defined in Equation (2).

Attention(Qi, Ki, Vi) = so f t max(
QiKT

i√
Dk

)Vi = AVi, (2)

where Qi represents the query vector, Ki represents the keyword vectory, Vi represents
the content vector, and

√
Dk represents the scaling factor. For an image, by calculating

the dot product of Qi and Ki for correlation, the correlation matrix between each pixel
in the image can be obtained; then, the weight map corresponding to each position is
output by the Softmax activation function. Finally, the weight map is superimposed to Vi,
and the purpose of weighting different regions can be achieved. In this way, the long-range
dependence is obtained. Notice that Qi, Ki, and Vi are all matrices related to the input
content X, as formulated in Equation (3).

Qi = XWQi

Ki = XWKi

Vi = XWVi

. (3)

The above theoretical analysis shows that the transformer architecture can obtain
long-range dependence and global context information. Therefore, our PGM uses the
long-range dependent information and global information obtained from the transformer
architecture to guide the decision process of semantic segmentation. As shown in Figure 2,
we used the feature map C4 generated in the last stage of Res2Net as the input to the PGM,
as shown in Equation (4).

P = PGM(C4), (4)

where PGM(·) represents the positioning guidance module, P represents the output result
of PGM, which contains three sizes of output {p1, p2, p3}.

One of the critical components of PGM is the transformer layer, which is designed
based on mix transformer [37]. We first performed dimension reduction of the feature map
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C4 by Equation (5) from 2048 to 320 dimensions to reduce the number of parameters in
the network.

C̃4 = Conv1×1(C4), (5)

where Conv1×1 represents a 1 × 1 convolution. Immediately afterwards, we divided C̃4 ∈
R H

32×
W
32×320 into 4× 4-sized patches, denoted as ˜̃C4 ∈ R

HW
128×128×(320×16). Finally, we passed ˜̃C4

through the transformer layer to get the initial positioning guiding flow, which can be
written as

G = MiTLayer( ˜̃C4) (6)

where MiTLayer(·) represents a transformer layer, which is based on the mix transformer.
The transformer layer is shown in Figure 3 and consists of efficient multi-head self-attention,
mix feed-forward network, and overlapped patch merging. Thus, MiTLayer(·) can be
described as

MiTLayer( ˜̃C4) = OPM(MFFN(ESA( ˜̃C4))
n) (7)

where ESA(·) represents efficient multi-head self-attention, MFFM(·) represents mix feed-
forward network, and OPM(·) means overlapped patch merging. In addition, (·)n denotes
n identical operations, where n = 2.

Figure 3. The transformer layer (based on the mix transformer [37]) in the positioning guide module.

Efficient multi-head self-attention is essentially the multi-head self-attention, as shown
in Equation (1). The difference from the original multi-head self-attention process is the
acquisition of K values, which is different from Equation (3). This process uses the reduction
ratio R to reduce the length of the sequence as follows:

K̃ = Reshape(N
R , C · R)(K)

K = Linear(C · R, C)(K̃)
, (8)

where K is the sequence to be reduced. Reshape(N
R , C · R)(K) refers to reshaping K

to a shape of N
R × (C · R), and Linear(Cin, Cout)(·) refers to a linear layer taking a Cin-

dimensional tensor as input and generating a Cout-dimensional tensor as output. Therefore,
the new K has dimensions N

R × C. Note that our transformer layer uses an 8-head self-
attention and that R = 1 in Equation (8). Mix-FFN can be formulated as

Xout = MLP(GELU(Conv3×3(MLP(Xin))) + Xin, (9)

where Xin is the feature from the self-attention module, MLP(·) is the multilayer perceptron
layer, Conv3×3(·) is a 3× 3 convolution, and GELU(·) is a GELU activation function [45].

3.3. Self-Multiscale Collection Module

The objects of VHR remote sensing images are often in small and varying sizes, which
hinders the algorithms from generating high-quality semantic segmentation results. There-
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fore, we proposed a new module called self-multiscale collection module (SMCM), which
can obtain high semantic high-resolution feature maps and collect multiscale information.
It is well known that high-level feature maps have high-level semantic information but
are low-resolution and lack detailed information, while low-level feature maps are the
opposite [41]. Many methods are proposed for obtaining high-resolution feature maps
with high-level semantic information for better semantic segmentation, such as UNet [46],
and FPN [47]. However, our SMCM is different from existing works, as shown in Figure 4.
We first took the positioning guiding flow pi, the low-level feature map Ci and the high-
level feature map Si+1 or C4 as the input of SMCM to obtain the high-resolution feature
map Mi with high-level semantic information, where Mi is the intermediate feature map of
SMCM. This process can be written as

Mi =

{
(αpi + Ci)⊗ Si+1 + αpi + Ci i = 1, 2
(αpi + Ci)⊗ Ci+1 + αpi + Ci i = 3

, (10)

where ⊗ represents the Hadamard product, and α is a learnable parameter with an initial-
ization value of 1.00. Note that this is all done here with a channel count of 256.

Figure 4. The architecture of the self-multiscale collection module.

The development of deep convolutional neural networks has seen the emergence
of many methods for extracting multi-scale information to ensure good segmentation
performance in a large variation in object size, such as ASPP [23] and PPM [48]. However,
they are mostly fixed in the deepest layer of the deep neural networks, which is not friendly
enough for semantic segmentation of VHR remote sensing images because the object sizes
of VHR remote sensing images are often small and may be covered by the background after
multiple downsampling. At the same time, this multi-scale information may be diluted in
the bottom-to-top path. Therefore, we designed a multi-scale collection strategy based on
the human vision principle [49] that humans tend to use zoom-in and zoom-out operations
to observe objects of varying sizes.

The implementation of this multi-scale strategy on SMCM is shown in Figure 4, we
first obtained three different scales of feature maps B0

i , B1
i , B2

i from the intermediate feature
map Mi by 

B0
i = fcbr(Up(Mi))

B1
i = fcbr(Mi)

B2
i = fcbr(Down(Mi))

, (11)

where fcbr(·) represents a series of operations in the order of the 1× 3 convolution, 3× 1
convolution, batch normalization and ReLU activation function. The purpose of using 1× 3
convolution and 3× 1 convolution here is to reduce the number of parameters in the model.
In addition, Up(·) is bilinear interpolation upsampling performed twice, and Down(·) is
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the average pooling operation with a stride of 2. Then, we interacted with the feature maps
at different scales with information as follows:

B̃0
i = fbr( fc(B0

i ) + fc(Up(B1
i )))

B̃1
i = fbr( fc(Down(B0

i )) + fc(B1
i ) + fc(Up(B2

i )))
B̃2

i = fbr( fc(Down(B1
i )) + fc(B2

i )))
, (12)

where fbr is the sequential batch normalization and ReLU activation function, and fc
means a series of convolution operations in the order of the 1 × 3 convolution and
3× 1 convolution. Finally, we performed the operation shown in Equation (13) to collect
information at different scales to obtain the final output feature map Si, which is the
high-resolution feature map with high-level semantic and multi-scale information.

Si = fbr( fc(Down(B̃0
i )) + fc(B̃1

i ) + fc(Up(B̃2
i ))). (13)

Embedding SMCM into the PGNet allows the network to stably segment objects in
small and varying sizes in VHR remote sensing images.

3.4. Loss Function

For the final predicted output, we need to operate on feature map S1 as follows:

F = Conv3×3(S1), (14)

where F is the final predicted output. In the training phase, our PGNet uses the standard
cross-entropy loss as the loss function, which is defined as follows:

loss(F, G) = − 1
N

N

∑
k=1

[Gklog(Fk) + (1− Gk)log(1− Fk)], (15)

where G denotes the ground truth, while k is the index of pixels and N is the number of
pixels in F.

4. Experiments and Discussions

In this section, we conducted extensive experiments on two different datasets to
evaluate the performance of our proposed PGNet. The details of the experimental setup
are in Section 4.1. The comparison experiments and analysis of PGNet and SOTA methods
on the iSAID and Vaihingen dataset are provided in Section 4.2. The ablation experimental
results and analysis of the two core modules of our proposed PGNet, PGM and SMCM,
are presented in Section 4.3. The efficiency analysis of the PGNe and SOTA methods is
provided in Section 4.4.

4.1. Experimental Settings
4.1.1. Dataset Description

To demonstrate the semantic segmentation performance of the proposed PGNet on
VHR remote sensing images, we conducted extensive experiments on two benchmark
datasets: the iSAID dataset [24] (https://captain-whu.github.io/iSAID/dataset.html, ac-
cessed on 30 June 2022) and the ISPRS Vaihingen dataset [25] (https://www.isprs.org/educa
tion/benchmarks/UrbanSemLab/2d-sem-label-vaihingen.aspx, accessed on 30 June 2022).
As shown in Table 1, the iSAID and the ISPRS Vaihingen dataset are two datasets with
different characteristics.

https://captain-whu.github.io/iSAID/dataset.html
https://www.isprs.org/education/benchmarks/UrbanSemLab/2d-sem-label-vaihingen.aspx
https://www.isprs.org/education/benchmarks/UrbanSemLab/2d-sem-label-vaihingen.aspx
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Table 1. The specification of the VHR remote sensing images datasets.

Name Year Training Validation Test Class Metrics

iSAID dataset [24] 2019 1411 937 458 16 IoU

ISPRS Vaihingen dataset [25] 2016 11 0 5 6 IoU, F1, OA

(1) The iSAID dataset. The Instance Segmentation in Aerial Images dataset (iSAID) [24]
was modified from a large-scale object detection dataset, DOTA [50]. This densely anno-
tated dataset contains 655,451 object instances for 15 categories across 2806 high-resolution
images. These categories include planes, ships, storage tanks, harbors, bridges, large vehi-
cles, small vehicles, helicopters, roundabouts, baseball diamonds, tennis courts, basketball
courts, ground track fields, soccer ball fields, and swimming pools. The size of the images
ranges from 12,029 × 5014 to 455× 387. The iSAID training set contains 1411 images, while
the validation set contains 458 images, and the test set contains 937 images. However,
the test set’s annotations are unavailable, so we used the validation set as the test set in the
testing stage, the same as [3,19,51].

(2) The ISPRS Vaihingen dataset. The ISPRS Vaihingen dataset [25] contains 33 VHR
remote sensing images collected by advanced airborne sensors, covering a 1.38 km2 area
of Vaihingen, a relatively small village with many detached buildings and small multi-
story buildings. The ground sampling distance (GSD) is about 9 cm, and the average
image size is 2494× 2064. The ISPRS Vaihingen dataset contains 16 images with manually
annotated pixel-by-pixel labels. Each pixel is divided into six most common landcover
classes: impervious surfaces, buildings, low vegetation, trees, cars, and clutter/background.
The 16 tiles where the ground truth is available were split into a training subset (tile
numbers: 1, 3, 5, 7, 13, 17, 21, 23, 26, 30, and 37) and a hold-out subset for evaluation (tile
numbers: 11, 15, 28, 32, and 34).

4.1.2. Comparison Methods and Evaluation Metrics

Intending to fully prove the performance of the proposed PGNet for semantic seg-
mentation of VHR remote sensing images, we compared the proposed PGNet with eight
SOTA semantic segmentation methods, which are UNet (2015) [46], DeepLabv3 (2017) [23],
DeepLabv3+ (2018) [52], the semantic FPN (SFPN) (2019) [47], MACUNet (2022) [20],
MAResU-Net (2021) [21], FactSeg (2022) [3], and MANet (2021) [18].

In order to fairly compare with SOTA method on two datasets, we used the widely
used evaluation metrics. On the iSAID dataset, we followed the setup of previous
works [3,19,51] and used the intersection over union (IoU) as the evaluation metric.
The IoU is calculated as follows:

IoUi =
xi,i

∑n
i=1 xi,j + ∑n

i=1 xj,i − xi,i
, (16)

mIoU =
1
n

n

∑
i=1

IoUi, (17)

where xi,j means the number of instances of class i predicted as class j, and n is the
number of classes. On the ISPRS Vaihingen dataset, we also followed the setup of previous
works [3,18,21,25], calculating the confusion matrices and extracting the overall accuracy
(OA) and the F1 score of each class to evaluate the semantic segmentation results. The F1
score is a comprehensive evaluation metric of the accuracy and recall and is calculated as
shown in Equation (18).

F1 = 2× precision× recall
precision + recall

, (18)
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where precision = TP
TP+FP and recall = TP

TP+FN . The OA is the ratio of the number of
correctly predicted pixels to the total number of pixels and is calculated as follows:

OA =
TP + TN

P + N
. (19)

4.1.3. Implementation Details

The PGNet is implemented (https://github.com/Fhujinwu/PGNet, accessed on 21
July 2022) in the PyTorch framework [53], trained and tested on a platform with an Intel(R)
Xeon(R) Gold 5218 CPU @2.30 GHz, NVIDIA Tesla V100 GPU with CUDA version 10.1.
Since the iSAID and the ISPRS Vaihingn dataset are vastly different in terms of image
size and data volume, the details of the implemented parameters are generally differ-
ent, as shown in previous works [3,22]. On the iSAID dataset, we randomly cropped
896× 896 patches from the original image and randomly mirrored and rotated them.
The widely used SGD optimizer was used with a momentum of 0.9, a weight decay of
0.0001, an initial learning rate of 0.007, and a “poly” scheme with a power of 0.9. The batch
size was set to 8, and the network was trained in 70,000 steps. For the test stage, we used
the sliding window technique with a window size of 896× 896 and a stride count of 512.
On the ISPRS Vaihingen dataset, we randomly cropped 512× 512 patches from the original
image and randomly mirrored and rotated them. The widely used SGD optimizer was
used with a momentum of 0.9, a weight decay of 0.0001, an initial learning rate of 0.007,
and a “poly” scheme with a power of 0.9. The batch size was set to 4, and the network was
trained in 10,000 steps. During the test stage, the sliding window size was set to 512× 512,
and the number of strides was 256.

4.2. Comparative Experiments and Analysis

We followed the experimental setup in Section 4.1 and conducted extensive exper-
iments on two benchmark datasets, the iSAID and the Vaihingen dataset, to compare
the performance of our proposed PGNet and SOTA methods including UNet (2015) [46],
DeepLabv3 (2017) [23], DeepLabv3+ (2018) [52], the semantic FPN (SFPN) (2019) [47],
MACUNet (2022) [20], MAResU-Net (2021) [21], FactSeg (2022) [3], and MANet (2021) [18].

4.2.1. Experiments on the iSAID Dataset

The iSAID dataset is a challenging VHR remote sensing image dataset because of the
semantic class diversity and scene complexity. To demonstrate the performance of the
proposed PGNet on this challenging VHR remote sensing images dataset, we conducted
extensive comparison experiments between PGNet and eight SOTA methods, and the
experimental results are shown in Table 2. PGNet achieves a score of 65.37% in mIoU and
almost the highest IoU score in each class. Specifically, the mIoU score of our PGNet is
1.49% higher than the second-best method, FactSeg, and 3.82% higher than the third-best
method, SFPN. In particular, our method achieves SOTA performance on the hard-to-
segment semantic classes of “ship”, “bridge” and “soccer ball field”. On the segmentation
of “ship” objects, the IoU score of our PGNet is 2.42% higher than the second-best method,
Factseg, and 6.18% higher than the third-best method, SFPN. On the segmentation of
“bridge” objects, the IoU score of our PGNet is 0.73% higher than the second-best method,
FactSeg, and 3.47% higher than the third-best method, SFPN. On the segmentation of
“soccer ball field” objects, the IoU score of our PGNet is 1.25% higher than the second-best
method, DeepLabv3+, and 1.60% higher than the third-best method, DeepLabv3.

https://github.com/Fhujinwu/PGNet
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Table 2. The quantitative results of PGNet and SOTA methods on the iSAID dataset. The best results are highlighted in bold, and the second-best is marked in
underline. Result form: mean ± standard deviation.

Method mIoU (%)
IoU per Class (%)

Rank
BG Ship ST BD TC BC GTF Bridge LV SV HC SP RA SBF Plane Harbor

UNet [46] 35.57
(±5.63)

98.16
(±0.22)

48.10
(±3.81)

0.00
(±0.00)

17.09
(±15.32)

73.20
(±10.19)

8.74
(±8.01)

18.44
(±4.09)

3.66
(±3.22)

51.58
(±3.36)

36.43
(±2.48)

0.00
(±0.00)

32.81
(±5.32)

39.09
(±5.81)

26.53
(±18.45)

69.47
(±7.17)

45.84
(±3.46) 8

DeepLabv3 [23] 59.26
(±0.25)

98.72
(±0.01)

59.78
(±0.31)

52.17
(±1.09)

76.05
(±0.95)

84.64
(±0.12)

60.44
(±0.43)

59.61
(±0.83)

32.45
(±0.55)

54.94
(±0.12)

34.52
(±0.09)

28.55
(±1.44)

44.70
(±0.94)

66.85
(±0.24)

73.93
(±0.68)

75.98
(±0.03)

44.66
(±0.81) 5

DeepLabv3+ [52] 59.45
(±0.07)

98.72
(±0.01)

59.38
(±0.08)

52.56
(±1.05)

77.23
(±0.77)

84.72
(±0.21)

61.11
(±0.75)

59.74
(±1.79)

32.65
(±0.29)

54.96
(±0.25)

34.77
(±0.62)

28.70
(±1.92)

44.91
(±0.85)

66.62
(±0.63)

74.28
(±0.20)

76.06
(±0.16)

44.87
(±0.97) 4

SFPN [47] 61.55
(±0.17)

98.85
(±0.01)

64.58
(±0.25)

58.41
(±2.16)

75.19
(±0.89)

86.65
(±0.28)

57.83
(±1.07)

51.51
(±1.18)

33.88
(±0.53)

58.75
(±0.45)

45.21
(±0.07)

30.82
(±1.10)

47.82
(±0.49)

68.65
(±0.28)

72.16
(±0.91)

81.15
(±0.29)

53.31
(±0.21) 3

MACU-Net [20] 31.44
(±0.71)

98.12
(±0.06)

44.53
(±0.49)

0.00
(±0.00)

2.57
(±4.46)

67.57
(±0.87)

0.14
(±0.24)

23.64
(±1.54)

0.00
(±0.00)

47.05
(±0.69)

29.32
(±2.57)

0.00
(±0.00)

26.31
(±8.93)

13.01
(±7.12)

45.57
(±5.75)

64.06
(±1.03)

41.05
(±1.43) 9

MAResU-Net [21] 44.46
(±2.67)

98.66
(±0.03)

59.92
(±1.10)

8.18
(±14.16)

17.14
(±28.69)

84.64
(±1.46)

42.18
(±4.45)

47.14
(±2.42)

3.09
(±4.46)

56.92
(±0.65)

40.01
(±0.77)

0.00
(±0.00)

0.83
(±1.44)

64.28
(±2.06)

61.04
(±2.81)

78.64
(±0.83)

48.73
(±1.78) 7

FactSeg [3] 63.88
(±0.32)

98.91
(±0.01)

68.34
(±0.30)

60.01
(±2.48)

77.02
(±0.84)

89.04
(±0.29)

57.36
(±1.15)

53.32
(±1.65)

36.62
(±0.82)

61.89
(±0.51)

49.51
(±0.61)

38.45
(±0.76)

50.09
(±0.50)

71.39
(±0.82)

71.70
(±0.55)

83.90
(±0.37)

54.53
(±0.75) 2

MANet [18] 58.90
(±1.46)

98.84
(±0.03)

64.29
(±1.15)

50.06
(±3.62)

69.40
(±1.93)

87.67
(±0.18)

56.96
(±1.46)

48.18
(±3.28)

31.33
(±0.93)

59.40
(±0.52)

46.36
(±1.15)

10.44
(±14.64)

45.74
(±2.26)

68.60
(±0.23)

68.15
(±1.40)

81.91
(±0.31)

55.06
(±0.97) 6

Ours 65.37
(±0.20)

98.96
(±0.02)

70.76
(±0.37)

59.74
(±2.57)

77.42
(±0.23)

88.56
(±0.09)

65.41
(±0.46)

54.32
(±4.40)

37.35
(±0.40)

62.35
(±0.19)

51.85
(±0.35)

38.09
(±0.61)

50.26
(±2.94)

73.08
(±0.39)

75.53
(±0.32)

84.85
(±0.12)

57.43
(±0.88) 1

The abbreviations are as follows: BG—background, ST—storage tank, BD—baseball diamond, TC—tennis court, BC—basketball court, GTF—ground track field, LV—large vehicle,
SV—small vehicle, HC—helicopter, SP—swimming pool, RA—roundabout, SBF—soccer ball field.
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Further highlighting the performance of our PGNet on the semantic segmentation task
of VHR remote sensing images, we conducted more detailed visual comparison experiments
and provided the corresponding visual comparison maps. The visualization results of
PGNet compared to the SOTA methods on the iSAID dataset are shown in Figure 5. We can
find three advantages of PGNet compared to SOTA methods. The first one is that PGNet
can have high segmentation accuracy on objects with small inter-class variation, such as
the “small vehicle” and the “large vehicle” in the third image. The second one is that
PGNet can have better segmentation results on objects with large intra-class variation, such
as the incorrect segmentation of the “baseball diamond” in the second image. The third
is that accurate segmentation is possible on objects of small and varying sizes, such as
the “vehicle” in the first image. In conclusion, our proposed PGNet can achieve excellent
semantic segmentation performance on the iSAID dataset, a challenging large VHR remote
sensing images dataset.

4.2.2. Experiments on the ISPRS Vaihingen Dataset

The ISPRS Vaihingen dataset is a widely used dataset for semantic segmentation of
VHR remote sensing images, which is different from the iSAID dataset, which has fewer
data and classes. Therefore, we compared the proposed PGNet and SOTA methods on the
ISPRS Vaihingen dataset to validate the semantic segmentation performance of PGNet on
the VHR remote sensing images dataset with fewer data.

The results of our PGNet compared with SOTA methods on the ISPRS Vaihingen
dataset are shown in Table 3 and Figure 6. Our proposed PGNet achieves SOTA in the over-
all segmentation. Specifically, our method outperforms the second-best method, MANet,
by 1.10% and the third-best method, SFPN, by 1.46% in the mIoU score. The mF1 score of
our PGNet is 1.98% higher than the second-best method, MANet, and 1.99% higher than
the third-best method, SFPN. As can be observed from Table 3 and Figure 6, our method
can also show better results on the “Clutter” objects, a semantic class that is difficult to
segment. On the segmentation of “Clutter” objects, the F1 score of our PGNet is 2.32%
higher than the second-best method, DeepLabv3+, and 4.70% higher than the third-best
method, DeepLabv3, while the IoU score of our PGNet is 1.31% higher than the second-best
method, DeepLabv3+, and 2.61% higher than the third-best method, DeepLabv3.

Table 3. The quantitative results of PGNet and SOTA methods on the ISPRS Vaihingen dataset.

Method mIoU (%) mF1 (%) OA (%)
F1 per Class (%)

Rank
Impervious Surface Building Low Vegetation Tree Car Clutter

UNet [46] 57.63
(±0.36)

67.69
(±0.22)

84.62
(±0.21)

87.93
(±0.38)

91.13
(±0.36)

73.55
(±0.19)

83.92
(±0.27)

69.30
(±0.97)

0.29
(±0.40) 8

DeepLabv3 [23] 59.75
(±0.24)

69.93
(±0.42)

85.96
(±0.12)

89.74
(±0.12)

93.08
(±0.20)

74.67
(±0.30)

84.46
(±0.02)

69.23
(±0.36)

8.38
(±2.46) 7

DeepLabv3+ [52] 59.97
(±0.15)

70.30
(±0.19)

86.07
(±0.09)

89.91
(±0.13)

93.21
(±0.06)

74.74
(±0.22)

84.53
(±0.15)

68.66
(±0.40)

10.76
(±1.08) 6

SFPN [47] 61.21
(±0.42)

70.57
(±0.66)

86.36
(±0.08)

90.29
(±0.07)

93.04
(±0.07)

74.82
(±0.15)

84.60
(±0.10)

76.92
(±0.27)

3.39
(±3.46) 3

MACU-Net [20] 56.82
(±0.21)

66.99
(±0.14)

84.48
(±0.17)

87.94
(±0.32)

90.72
(±0.38)

73.73
(±0.32)

83.88
(±0.18)

65.51
(±1.14)

0.16
(±0.25) 9

MAResU-Net [21] 60.48
(±0.14)

69.81
(±0.23)

85.92
(±0.05)

89.98
(±0.24)

92.97
(±0.25)

74.41
(±0.31)

84.36
(±0.17)

76.23
(±0.80)

0.91
(±1.30) 4

FactSeg [3] 60.27
(±0.51)

69.57
(±0.38)

85.95
(±0.18)

89.76
(±0.23)

93.02
(±0.11)

74.52
(±0.42)

84.25
(±0.10)

75.82
(±1.66)

0.01
(±0.02) 5

MANet [18] 61.57
(±0.08)

70.58
(±0.22)

86.51
(±0.01)

90.29
(±0.02)

93.53
(±0.13)

75.07
(±0.07)

84.84
(±0.05)

78.78
(±0.42)

0.95
(±1.65) 2

Ours 62.67
(±0.30)

72.56
(±0.32)

86.32
(±0.06)

90.61
(±0.12)

93.54
(±0.13)

72.39
(±0.28)

84.44
(±0.25)

81.31
(±1.10)

13.08
(±1.88) 1
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Figure 5. The visualization results of the proposed PGNet and SOTA methods on the iSAID dataset.
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Figure 6. The comparison of the proposed PGNet and SOTA methods on the ISPRS Vaihingen dataset.

In addition, we conducted many detailed visual comparison experiments to further
confirm the performance of the proposed PGNet for semantic segmentation on ISPRS
Vaihingen, a VHR remote sensing image dataset, and provided the corresponding visual
comparison maps. The visualization results of our PGNet and SOTA methods are shown
in Figure 7. Thanks to our PGM, which effectively transfers global information and long-
range dependence to each pyramid-level feature map, PGNet can effectively segment
objects with small inter-class variations, such as the “Clutter” and “Building” objects in
Figure 7, and objects with large intra-class variations, such as the “Building” objects in
Figure 7. Additionally, because our SMCM can effectively collect multi-scale information
and generate high-resolution feature maps with high-level semantic information, our PGM
can segment objects in small and varying sizes, such as the “Car” objects.

4.3. Ablation Experiments

In this subsection, we evaluated the effectiveness of two key modules of our proposed
PGNet, the positioning guidance module (PGM) and the self-multiscale collection mod-
ule (SMCM). The ablation experiments were trained and tested on the large-scale iSAID
and the ISPRS Vaihingen dataset. We conducted extensive ablation experiments using a
combination of Res2Net50 [44] and FPN-like structures [47] as the baseline model (Bas.).
Specifically, Res2Net50 was used as a feature extractor to obtain pyramid-level features
Ci(i = 1, 2, 3, 4), and the final output Out was obtained following Equation (20)’s operation.

Out = Up(Up(Up(Up(C4) + C3) + C2) + C1) (20)

4.3.1. Effect of Positioning Guidance Module

We trained the “Bas. + PGM” model based on the baseline model (Bas.) to evaluate
the effectiveness of our proposed PGM. As shown in Tables 4 and 5, on the iSAID dataset,
the “Bas. + PGM” model increases the mIoU score from 63.15% to 65.16%, a relative increase
of 2.01% compared to Bas. Additionally, on the ISPRS Vaihingn dataset, the “Bas. + PGM”
model improves the mF1 score by 0.48%. This enhancement mainly comes from the fact
that the transformer architecture can locate different objects well, and our proposed PGM
can effectively transfer the positioning information flow to each pyramid-level feature.
The positioning guiding flows contain global context information, which helps to segment
objects with large intra-class variations, such as the “swimming pool” and “soccer ball
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field” in Table 4, improving their IoU scores by 4.73% and 5.54%, respectively. In addition,
the positioning guiding flows contain long-range dependence. It achieves good segmenta-
tion performance for objects that are camouflaged in the background, e.g., the IoU score
of the “plane” in Table 4 is improved by 0.33%. Because the positioning guiding flows is
globally informative, this may lead to performance degradation of the method on some
small objects, such as the “large vehicles” in Table 4. However, our PGM still provides a
significant performance improvement for segmentation.

Figure 7. The visualization results of the proposed PGNet and SOTA methods on the ISPRS Vaihin-
gen dataset.

Table 4. The results of ablation experiments on the iSAID dataset. The best results are highlighted in
bold, and the second-best is marked in underline.

Version mIoU (%)
IoU per Class (%)

BG Ship ST BD TC BC GTF Bridge LV SV HC SP RA SBF Plane Harbor

Bas. 63.15 98.90 69.04 54.69 79.77 87.72 63.07 51.93 36.62 61.45 49.36 37.48 45.48 67.01 69.28 83.71 54.95

Bas. + PGM 65.16 98.96 70.29 67.74 78.68 87.80 59.87 58.79 37.58 60.25 50.30 36.69 50.21 70.37 74.82 84.04 56.23

Bas. + PGM + SMCM 65.55 98.98 70.77 58.63 77.54 88.62 64.96 57.70 37.50 62.15 52.19 38.68 50.28 73.06 75.78 84.94 57.07
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Table 5. The results of ablation experiments on the ISPRS Vaihingen dataset. The best results are
highlighted in bold, and the second-best is marked in underline.

Version mIoU (%) mF1 (%) OA (%)
F1 per Class (%)

Impervious Surface Building Low Vegetation Tree Car Clutter

Bas. 60.83 69.96 86.25 90.31 93.16 75.08 84.10 77.13 0.00

Bas. + PGM 61.13 70.17 86.23 90.46 93.23 74.83 84.34 78.18 0.09

Bas. + PGM + SMCM 62.88 72.91 86.35 90.57 93.54 72.23 84.52 81.44 15.14

4.3.2. Effect of Self-Multiscale Collection Module

We trained the “Bas. + PGM + SMCM” model to evaluate the effectiveness of our
proposed SMCM. As can be seen in Tables 4 and 5, the segmentation performance on
most of the classes of objects is improved to some degree after adding SMCM. Specifi-
cally, the “Bas. + PGM + SMCM” model improves the mIoU score by 0.39% compared to
“Bas. + PGM” on the iSAID dataset, while the mF1 score is improved by 2.74% on the ISPRS
Vaihingn dataset. In addition, the “large vehicle” and “small vehicle”, which are small and
highly variable in size in VHR remote sensing images, obtain 1.90% and 1.89% improvement
in IoU scores, respectively. This enhancement is made thanks to our proposed SMCM’s
ability to obtain high-resolution feature maps with multi-scale and high-level semantic
information. The multi-scale information helps our method achieve better segmentation of
objects with large-scale variations. At the same time, high-resolution feature maps with
high-level semantic information help segment smaller objects. It can effectively compensate
for the performance degradation of some small objects such as “large vehicle” due to the
use of PGM. Therefore, both the PGM and the SMCM are essential modules.

4.3.3. The Visualization Results of Ablation Experiments

To further demonstrate the effectiveness of our proposed PGM and SMCM, we con-
ducted extensive visualization ablation experiments and provided the corresponding
visualization results. As shown in Figure 8, we gradually added our proposed PGM and
SMCM on top of Bas. and the semantic segmentation results of VHR remote sensing images
were all improved to some degree. For example, the segmentation of the “bridge” in the
second row has been improved with the addition of PGM and SMCM. After adding PGM
and SMCM progressively, the initially wrong segmentation of “large vehicle” in the third
row has been gradually corrected. The results of a large number of ablation experiments
fully demonstrate that the two core modules PGM and SMCM in our proposed PGNet
help further improve the segmentation outcome of VHR remote sensing images. Specif-
ically, our PGM propagates long-range dependence and global context information to
each pyramid-level feature, which helps segment objects with small inter-class and large
intra-class variations. The SMCM we designed can obtain high-resolution feature maps
with multi-scale and high-level semantic information, which helps segment objects in small
and varying sizes in VHR remote sensing images.

4.3.4. Analysis of Different Feature Extractors

Our proposed PGNet is flexible in choosing feature extractors and is not limited to
Res2Net50 [44]. Therefore, we conducted ablation experiments using ResNet50 [54] and
Res2Net50 as the feature extractor on the iSAID dataset to illustrate the effectiveness of
PGNet. As can be seen from Table 6, the proposed PGNet has about 2.40% improvement
in mIoU score over Bas. regardless of whether ResNet50 or Res2Net50 is used as the
feature extractor. Therefore, it can well demonstrate that PGNet is flexible in choosing
feature extractors.
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Figure 8. The visualization results of ablation experiments.

Table 6. The comparison of different feature extractors on the iSAID dataset. The best results are
highlighted in bold.

Version Backbone mIoU ∆
IoU per Class (%)

BG Ship ST BD TC BC GTF Bridge LV SV HC SP RA SBF Plane Harbor

Bas.
ResNet50

61.51 98.85 64.29 57.54 76.13 86.33 58.48 50.70 33.31 58.92 45.13 31.48 48.39 68.95 71.24 81.20 53.18

Ours 63.88 +2.37 98.92 67.54 61.30 78.61 87.54 62.01 58.47 34.18 62.40 48.90 33.26 48.52 69.84 72.12 82.77 55.62

Bas.
Res2Net50

63.15 98.90 69.04 54.69 79.77 87.72 63.07 51.93 36.62 61.45 49.36 37.48 45.48 67.01 69.28 83.71 54.95

Ours 65.55 +2.40 98.98 70.77 58.63 77.54 88.62 64.96 57.70 37.50 62.15 52.19 38.68 50.28 73.06 75.78 84.94 57.07

4.4. Analysis of Methods

On the ISPRS Vaihingn dataset, we further evaluated the PGNet and SOTA methods
in mF1 score, parameter quantity, and inference time, and the experimental results are
shown in Table 7. Although we have more parameters than SOTA methods, it is still
within an acceptable range. For example, the proposed PGNet is 1.98% higher in mF1
score than the second-best method, MANet, but the number of parameters is only 6.81 M
more. In addition, there is no significant difference in inference time between our proposed
PGNet and SOTA methods. In conclusion, the proposed PGNet significantly improves the
semantic segmentation performance of VHR remote sensing images with the addition of a
small number of parameters.
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Table 7. The efficiency comparison of PGNet and SOTA on the ISPRS Vaihingen dataset. The best
results are highlighted in bold.

Method mF1 Parameters (M) Time (s/Img)

UNet [46] 67.69 ± 0.22 9.85 8.4

DeepLabv3 [23] 69.93 ± 0.42 39.05 11.2

DeepLabv3+ [52] 70.30 ± 0.19 39.05 12.0

SFPN [47] 70.57 ± 0.66 28.48 11.4

MACU-Net [20] 66.99 ± 0.14 5.15 9.8

MAResU-Net [21] 69.81 ± 0.23 26.58 11.6

FactSeg [3] 69.57 ± 0.38 33.45 11.0

MANet [18] 70.58 ± 0.22 35.86 11.2

Ours 72.56 ± 0.32 42.67 12.0

5. Conclusions

In this paper, we proposed a new framework for semantic segmentation of the VHR
remote sensing images named Positioning Guidance Network (PGNet), which contains
three components, namely, the feature extractor, the positioning guidance module (PGM),
and the self-multiscale collection module (SMCM). For the challenge that VHR remote
sensing image objects often present large intra-class and small inter-class variations, we
designed the PGM to fully leverage the long-range dependence and global contextual
information extracted by the transformer architecture and pass them to each pyramid-
level feature, thus enhancing the semantic segmentation of VHR remote sensing images.
To address the challenge that the objects in VHR remote sensing images are small and
of varying sizes, we designed SMCM to effectively extract multi-scale information and
generate high-resolution feature maps with high-level semantics, which can help segment
these objects.

In addition, we conducted extensive experiments on two challenging datasets, the iSAID
and the ISPRS Vaihingen dataset. Through these experiments, we demonstrate that our
PGNet can achieve good segmentation results on the semantic segmentation task of VHR
remote sensing images. We hope this research can inspire more researchers in this area and
deploy practical applications.
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