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The application of deep learning (DL) improves the accuracy of Received 2 April 2023
object-based classification in urban area, but the huge numbers Accepted 2 July 2023
of labelled samples required for training DL models are difficult to
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obtain. To address that, we propose a novel semi-supervised Object-based classification;
object-based classification method that combines pseudo- semi-supervised learing;
labelling method and consistency regularization method, named convolutional neural
as perturbed peer model (PPM). To evaluate the quality of unla- networks; high-spatial
belled object samples, a new object-level joint confidence is resolution remote sensing;
designed to assess the confidence of the samples’ prediction, urban area

which provides guidance for selecting unlabelled object samples
in semi-supervised object-based classification. Instead of only using
the high-confidence samples as usual, both the high-confidence
samples with discriminative power and the low-confidence samples
with a large range of structural features are exploited using pseudo-
labelling method and consistency regularization method, respec-
tively, facilitating the fusion of the two methods in the proposed
PPM. In addition, two types of perturbations, dropout and differ-
ence augmentation, are integrated into the model to drive the
consistency regularization method as well as to enhance the differ-
ence to facilitate the pseudo-labelling method. Experimental results
show that the classification accuracy of PPM is better than the
widely-used self-training, co-training, noisy-student, unsupervised
data augmentation for consistency training, and FreeMatch meth-
ods in urban area.

1. Introduction

Geographic Object-Based Image Analysis (GEOBIA) paradigm (Blaschke et al. 2014) has
played an important role in urban mapping (Georganos et al. 2018; Hamedianfar and
Shafri 2015; Momeni, Aplin, and Boyd 2016), change detection (Chen et al. 2012; Tan et al.
2019), vegetation monitoring (Chabot et al. 2018; Whyte, Ferentinos, and Petropoulos
2018), and agricultural monitoring (Ozelkan, Chen, and Ustundag 2016; Torres-Sanchez,
Lopez-Granados, and Pena 2015). Especially after meeting Deep Learning (DL), the use of
the this technique eliminates the feature selection and de-redundancy operations,
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making the whole process of GEOBIA easier and more accurate, and thus bringing it to
a new stage (Chen et al. 2018; Kucharczyk et al. 2020).

GEOBIA performs image segmentation at first to obtain objects, and then the features
obtained from the object (e.g. spectral, shape, texture) are used for classification (Blaschke
2010). However, these features may add up to nearly a hundred. Excessive features may
actually lead to a decrease in classification accuracy, therefore requiring feature selection
and de-redundancy operations (Sun et al. 2020, 2021). Moreover, these features have
limited representation of semantic information (Zhang et al. 2018). DL eliminates the
complexity of these operations and makes GEOBIA easier to carry out, with its automatic
feature and semantic information extraction (Janiesch, Zschech, and Heinrich 2021).
Thanks to its spatial information extraction ability (Rousset et al. 2021; Wang et al.
2021), convolutional neural networks (CNNs) have been proven effective for a variety of
satellite image analysis tasks, including classification (Tang et al. 2021; Zhao, Du, and
Emery 2017), segmentation (Gao et al. 2021; Zheng et al. 2021) and change detection (Shi
et al. 2021). Good progress and high accuracy have also been achieved using CNNs in the
GEOBIA framework, which is valuable in a variety of practical applications (Hossain and
Chen 2019). However, CNNs are generally data hungry (Mahajan et al. 2018), and the
labelling of remote sensing images is time-consuming and laborious. The semi-supervised
methods, which utilize unlabelled samples to learn features, could reduce the need for
labelled samples.

Semi-supervised methods can take advantage of massive unlabelled object samples
obtained by image segmentation. In general, slight over segmentation is usually per-
formed during segmentation for better object-based classification accuracy (Fu et al.
2018), which results in a relatively large number of small-size object samples. Although
these samples usually contain a single class by maintaining homogeneity within the
samples, it becomes difficult for semi-supervised methods to utilize them. This is because
the features contained in a small object are sparse and partial, making it challenging to
assess the quality of an object sample. Furthermore, it is tough to select suitable high-
quality samples from the large numbers of unlabelled samples while avoiding those of
low-quality and redundancy. Therefore, we pay attention to designing object-level joint
confidence to perform quality assessment of object samples to cope with this problem.

There are currently four common paradigms for semi-supervised methods: pseudo-
labelling methods (Qiao et al. 2018), consistency regularization methods (Sajjadi,
Javanmardi, and Tasdizen 2016), generative methods (Springenberg 2015), and graph-
based methods (Kipf and Welling 2017). The first two can be well applied to the
GEOBIA framework because of the reasons as followed. Pseudo-labelling methods
learn the features of unlabelled samples by assigning the high-confidence samples
with pseudo labels (Zhai et al. 2019), which can help to select high-confidence samples
among large numbers of object samples. Consistency regularization methods learn
structural features of unlabelled samples by adding perturbations between teacher
and student models while restricting the output of both models to be the same
(Tarvainen and Valpola 2017), which can conveniently perform structural features
learning of massive object samples. Generative methods learn implicit features of
the data by generating new data with similar distribution to the training data.
However, for large numbers of object samples, generative methods can cause huge
computational expenses and inefficiencies. The graph-based methods are also difficult
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to apply because it is difficult to reconstruct the entire sample distribution by finding
samples with similar features in the feature space due to the sparse features of the
object samples.

Although both the pseudo-labelling methods and the consistency regularization
methods can be utilized to deal with a large number of unlabelled object samples, they
act in different ways. The pseudo-labelling methods reinforce the features of samples in
high-density regions in the sample space, but ignore the features of samples in low-
density regions near the decision boundary. This causes the model to always reinforce the
features already learned and prevents the model from generalizing to the entire feature
space (Zhang and Rudnicky 2006). Especially, when the initial sample has certain errors,
such errors may be reinforced and amplified (Wu et al. 2020). Consistency regularization,
on the other hand, learns the features of the entire samples without discrimination,
treating high-density and low-density regions equally. Without focusing on the most
discriminative high-density regions of the sample, it does not strengthen the core features
needed for the model.

An ideal semi-supervised algorithm should explore the entire feature space to
obtain better accuracy globally (Wu, Li, and Wang 2018). Hence, the hybrid method
of pseudo-labelling methods and consistency regularization methods have been
applied to remote sensing image analysis. Wang et al. (2020) concatenated the two
methods by performing consistency regularization training followed by pseudo-
labelling self-training. In the framework of mean-teacher, the output between the
student and the teacher models is constrained by pseudo labels obtained by randomly
pasting part of the ground truth label into the predicted segmentation map (Wang
et al. 2022). In the generative adversarial network framework, the model is optimized
by pseudo labels generation and consistent self-training to learn the distribution of
labelled and unlabelled data (Li et al. 2021). However, on the one hand, these hybrid
methods are not designed for GEOBIA and cannot be used directly in the GEOBIA
framework. On the other hand, among these semi-supervised methods, the pseudo-
labelling methods and the consistency regularization methods are not fused according
to each other’s complementary characteristics and thus cannot effectively take advan-
tage of each other.

We propose the perturbed peer model (PPM) for semi-supervised object-based classi-
fication. The following technical contributions are achieved in this study.

(1) We propose object-level joint confidence to evaluate the quality of unlabelled
object samples, which provides guidance for selecting unlabelled object samples
in semi-supervised object-based classification.

(2) The pseudo-labelling method and the consistency regularization method respec-
tively utilize the high-confidence samples with discriminative power and the low-
confidence samples with a large range of structural features, facilitating the fusion
of the two methods in the proposed PPM.

(3) In addition, two types of perturbations are integrated into PPM to enhance both
the pseudo-labelling method and the consistency regularization method.

(4) The proposed PPM model is demonstrated with better object-based classification
performance than the widely-used semi-supervised methods of self-training, co-
training, noisy-student, and consistency training in urban area.
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2. Study area and data
2.1. Study area

The study areas include two cities: Mr Andreessen (S1) and Nanjing (S2), which are located
in the west coast of South Korea and the lower reaches of the Yangtze River in eastern
China, respectively, as shown in Figure 1.

Mr Andreessen is an emerging idyllic industrial city, one of the top 10 cities in Korea,
with a temperate monsoon climate. The city’s green area accounts for 55% of the total
area and has the highest greening rate in South Korea. Meanwhile, Mr Andreessen is
a seaside city with a rich waterfront system. Nanjing, the seventh largest city in China, is
located in a subtropical monsoon climate zone with a rich water system. Nanjing is
a National Ecological Garden City in China and the city with the most forest coverage in
Jiangsu Province.

Both study areas are rich in surface features and involve both urban and suburban
areas that are highly heterogeneous and distinctive from each other in land cover
characteristics, which are therefore suitable for testing the generalization capability of
the proposed PPM.

2.2. Data

The data of S1 come from the SuperView-1 satellite. The image contains 18,249 x 14654
pixels, and has four multispectral bands (red, green, blue, and near infrared) with a spatial
resolution of 50 cm. Nine land cover categories are found in S1, including building,
impervious surface, bare land, farmland, woodland, tidal flat, water, and shadow. The
data of S2 come from the GF-2 satellite. The image has four multispectral bands (red,
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Figure 1. The two study areas: S1 (Mr Andreessen) and S2 (Nanjing) with highlighted regions
representing the majority of land cover categories.
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Table 1. Numbers of labelled samples per class at the two study sites.

Training Training

Class (Site S1) sample pool Test samples Class (Site S2) sample pool Test samples
building 50 404 building 50 273
impervious surface 50 335 impervious surface 50 272
grassland 50 338 grassland 50 282
bare land 50 257 bare land 50 271
farmland 50 292 farmland 50 278
woodland 50 262 woodland 50 265
water 50 266 water 50 276
shadow 50 263 shadow 50 281
tidal flat 50 310

green, blue, and near infrared) with a spatial resolution of 80 cm and with a spatial extent
of 19,862 x 15949 pixels. Eight dominant land cover categories are identified within S2,
including building, impervious surface, bare land, farmland, woodland, water, and
shadow.

We use the multiresolution segmentation (MRS) method for image segmentation (Benz
et al. 2004). The segmentation scale parameter is set as 60 by using trial-and-error method
to achieve a slight over-segmentation.

After performing the MRS method, a large number of irregularly shaped objects are
obtained, with 354,632 for S1 and 419,787 for S2. Then, the barycentre of each object is
calculated. The barycentre refers to the object’s centre of mass. Specifically, the x-coordi-
nate of the barycentre is calculated as the mean x-coordinate of all the pixels in the object,
and the y-coordinate of the barycentre refers to the mean y-coordinate of all the pixels in
the object. With this barycentre as the centre, the first patch of 36 x 36 pixels is generated,
and the second patch of 48 x 48 pixels is generated and resized to 36 x 36 pixels.
The second patch is used as auxiliary data to expand the multi-scale information of the
object sample and is used for the subsequent object-level joint confidence calculation.
These patches will be used as unlabelled samples.

The labelled samples are obtained by manually selecting the 36 x 36 patches in the
image, and the number of labelled samples in two sites are presented in Table 1. Among
the labelled samples, 50 samples of each class are randomly selected as the training
sample pool, and the remaining ones were used as the test samples. During training, 10,
20, or more samples are randomly selected from the training sample pool, depending on
the experimental design.

3. Method
3.1. Overview

The proposed method is a two-channel model, as shown in Figure 2. Two CNNs with
different network structures, called peer models, are the targets of the training optimiza-
tion. The labelled and unlabelled samples are sent together to the peer models for
training. For the labelled samples, cross entropy is used for optimization:

Lee = — Zi,k y,l"k|09 p:',k (1)
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Figure 2. Flowchart of prediction process of the proposed method.
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Figure 3. Flowchart of obtaining object patches.

where y}}k represents the ground truth of the k-th category of the ith labelled
sample, p}.’k represents the probability that the i-th labelled sample is predicted to

be in category k, and the upper index | indicates that this parameter is for labelled
samples.

For the unlabelled samples, the number of samples obtained through the segmenta-
tion algorithm is enormous. Therefore, a random sampling approach is employed to select
a portion for utilization. Then, the peer models output their classification probabilities and
generate object-level joint confidence. The high-confidence samples are assigned as
pseudo labels, while the low-confidence samples are optimized with consistency regular-
ization. For these high-confidence pseudo labelled samples, the model optimization in
subsequent iterations will utilize the Ly, specifically cross entropy between prediction and
pseudo labels. As for low-confidence samples, the model optimization will directly
employ the L, namely consistency regularization loss, which is calculated using mean
square error. In addition, two perturbations, dropout and different augmentation (diff-
aug), are introduced in the model to improve the model accuracy and robustness. Diff-
aug is an operation of differential enhancement for pseudo labelled samples. By using
different augmentation methods, two augmented versions of the pseudo labelled sam-
ples are constructed and then added to labelled dataset 1 and labelled dataset 2,
respectively. These two sets of samples will be used to train two peer models. Labelled
dataset 1 and labelled dataset 2 are sampled from the labelled dataset, which are
independent with each other. Initially, the samples inside labelled dataset 1 and labelled
dataset 2 are the same, but after adding pseudo labelled samples using diff-aug, they
become different. The PPM is iteratively trained and the training process stops after 10
iterations at default.

The prediction process of PPM is shown in Figure 3. The peer models output the
category probabilities of the test image and generate object-level joint confidence, and
the final prediction category is determined as that with the highest joint confidence.
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3.2. Object-level joint confidence

It is hoped that the correct pseudo labels can be assigned to unlabelled samples so
that they are used by the model for improving semi-supervised training. However, the
wrong choice of samples always occurs in the sample selection process of the pseudo-
labelling methods. These errors will be propagated to the downstream classification
tasks, lowering the final classification accuracy. This drawback is also known as the
problem of confirmation bias in pseudo-labelling methods (Arazo et al. 2020).
Therefore, it is crucial to assess the quality of the unlabelled object samples and to
give them the correct pseudo labels.

Usually, the probability of model prediction is directly used as a confidence measure
for assigning pseudo labels (Li et al. 2021). However, using probability as confidence
causes the model to become confident in predicting the easier classes, which usually
dominates the training process (Han et al. 2018). In addition, the model may be too
confident in misclassifying samples to avoid introducing too many incorrect pseudo
labels. To overcome the above problems, we propose object-level joint confidence by
using the probability of the peer models. It uses multi-scale information of the object
samples and combines the output between peer models to make it more reliable.

Object samples have both within-object information and between-object information
(Zhang et al. 2018). The within-object information can be obtained by the CNN'’s ability to
automatically extract features. In addition, we obtain the object’s context information by
adding a larger-size auxiliary patch to the original patches, as shown in Figure 4.

At first, one-tenth of all unlabelled samples are randomly selected to generate u in

each training iteration, where u = {u;}!_, and u; refers to the i-th sample in u.
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Figure 4. Flowchart of training process of the proposed method. Orange arrows indicate supervised
training, blue arrows indicate semi-supervised training, and black arrow indicates sample process.
Labeled dataset 1 and labeled dataset 2 are sampled from the labeled dataset. L. denotes cross
entropy between prediction and ground truth labels. Ly denotes cross entropy between prediction
and pseudo labels. L., denotes the consistency regularization loss of the unlabeled samples, which is
calculated using the mean square error.
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We input u to peer model M (j € {1,2}), where M refers to the peer model 1 or peer

. . N
model 2. The output vectors of softmax layers from M is F = {p’,} 1,je {1,2}.
1=

M = {p{1 ,pf:’z, ceey pf:’k, ceey pr} where p’,:ﬁkrepresents the probability that unlabelled sample

u; belongs to class k predicted by model M/, where k€ {1, ..., K}, and K refers to the total
number of classes.

Each sample corresponds to two patches, one with the original size and the other with
the auxiliary larger size that provides context information. Both patches are sent to M and
get the corresponding Forigin and Fausiiary-

Thus, the final predicted probability of a sample is:

F=a Fjorigin + (1 - Cl)Fjauiniary @

where a =0.7 by default.
Using F' and F? to calculate the object-level joint confidence, the formula is as follows:
F' x F?
= e 3)
F' +F
where C = {¢;}/_,, ¢; = {ci1,Ci2,- . Ciks-- -, Gk}, and ¢k represents the object-level
joint confidence that unlabelled sample u; belongs to class k. It is noted that we use the
harmonic mean to calculate the object-level joint confidence, as in Equation (3). The
harmonic mean is more sensitive to small values compared to the arithmetic mean and
geometric mean. Therefore, we chose it to ensure that a high value of object-based joint
confidence corresponds to both high prediction values (F' and F?) from the peer models.
Subsequently, the set of object-level joint confidence of class k is ranked, and the top x
samples are considered as high-confidence samples of that class and are labelled with the
corresponding pseudo labels. x is set to 10 in the experiment. After the high-confidence
samples of each class are selected, the remaining samples are considered as low-
confidence samples, and these samples are optimized by consistency regularization
method.

3.3. Differential treatment of high-confidence and low-confidence samples

The unlabelled samples are divided into high-confidence and low-confidence samples
according to the object-level joint confidence and are utilized by applying the pseudo-
labelling method and the consistency regularization method, respectively. These high-
confidence samples contain more discriminative features, thus they are given the pseudo
labels and treated with the same weight as the labelled samples to better learn the crucial
features. As for the low-confidence samples, although their features lack discriminative
power, the structural features in them can help the model to restore the whole feature
space and improve the robustness, thus the consistency regularization method is used to
learn their structural features. Consistency regularization method learns structural fea-
tures of unlabelled samples by adding perturbations between two models while restrict-
ing the output of both models to be the same. The proposed hybrid method is designed
to fully exploit the value of both high-confidence and low-confidence samples by taking
advantage of both semi-supervised methods.
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The adopted pseudo-labelling method is an extension of co-training, which is the semi-
supervised method based on divergence. Co-training is originally designed for two
independent sufficient views which trained two classifiers separately and chose unla-
belled samples for each other. It is usually driven by constructing different classifiers (e.g.
different algorithms, different structures, or different parameters) (Wang and Zhou 2007).
We used two CNNs with different structures to construct the initial difference. During
training, we continue to maintain the differences between the classifiers by adding
perturbations: dropout and diff-aug. Dropout is an operation in the fully connected
layer of CNNs that randomly makes some parameters not participate in the calculation.
Diff-aug makes the difference between the two sample sets larger by using different data
augmentation methods. If the differences between the models are not maintained, the
classifiers will converge during training due to mutual learning, which will lead to
ineffective co-training (Qiao et al. 2018).

In co-training, two models select samples that they consider to be high-confidence for
each other, enabling the exchange of information. However, the samples predicted by
a single model may be not credible and may pass on the error to each other. Different
from co-training, the proposed method does not select samples for each other. As shown
in Figure 5, PPM uses the probabilities predicted by the peer models to calculate object-
level joint confidence at first, and then selects the high-confidence samples together by
the two peer models, which makes the selected pseudo labels more credible.

High-confidence samples are utilized by the pseudo-labelling method. They are aug-
mented using the diff-aug strategy and then added to the labelled sample sets. The
optimization of these pseudo labelled samples occurs in the next iteration, where they are
treated as labelled samples and optimized using cross-entropy:

where ﬁ( represents the pseudo labels of the k-th category of the i-th unlabelled sample,
p;\ represents the probability that the i-th unlabelled sample is predicted to be in
category k, and the upper index u indicates that this parameter is for unlabelled samples.

For unlabelled samples with low-confidence, consistency regularization is used for
optimization. Consistency regularization believes that optimizing the relative entropy
between predictions of unlabelled data with different perturbations can improve model
performance. Accordingly, the two perturbations of dropout and diff-aug are used. By

Model 1 Labeled dataset 1
Select Add into

High-confidence
sample

Model 2 High-confidence Labeled dataset 2

Model 2 Labeled dataset 2
sample

Figure 5. Two ways of selecting process of pseudo labeled samples: co-training (left) and PPM (right).
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limiting the distance between peer model outputs, a consistency regularization constraint
can be implemented to learn the structural features of unlabelled samples. The distance is
measured using mean square error:

Lo = MSE (F',F?) = ||F' — F||? (5)
In summary, the total loss function is as follows:
L=Llce +Alp + Bl (6)

where A and f are the weight parameters.

3.4. Perturbations

We use two types of perturbations, dropout and difference augmentation, which benefit
the pseudo-labelling method and consistency regularization method at the same time,
specifically by increasing the differences between the peer models to drive pseudo-
labelling method and by adding perturbations to enable the consistency regularization
method to be carried out.

Dropout is an operation in the fully connected layer of CNNs that randomly makes
some parameters not participate in the calculation (Srivastava et al. 2014). Using dropout
during training can reduce overfitting and improve the generalization ability of the
model. Usually, the dropout of the CNNs is locked when predicting, so that it no longer
functions and thus a stable output can be obtained. In this study, the CNNs no longer lock
the dropout when making predictions. It continues to play a role, thus introducing
perturbations. Specifically, in the prediction, if the dropout is equal to 0, all parameters
of the fully connected layer are involved and the output is stable, no perturbation is
introduced. If the dropout is equal to 0.1, 10% of the parameters are not involved in the
prediction at this time, and this 10% of the parameters are random in the peer models,
thus introducing perturbations between models. By limiting the distance between peer
model outputs, a consistency regularization constraint can be implemented to learn the
structural features of unlabelled samples.

Diff-aug was proposed to differentially augment the high-confidence samples. There is
a pool of augmentation methods that includes flip, rotation, scaling, gaussian noise, salt,
pepper noise, and gaussian filtering. After finding high-confidence samples and labelling
them with pseudo labels, two different augmentation methods are randomly selected
from the pool and used on these samples to form two pseudo labelled datasets. The two
datasets are then used to train the two peer models, respectively. The diff-aug creates
continuous input-type perturbations for peer models that are first reflected in the net-
work parameters and then make the models better learn the features of the pseudo
labelled samples under the consistency regularization constraint.

The two types of perturbations act differently on the pseudo-labelling method and the
consistency regularization method. For the pseudo-labelling method, the perturbations
increase the difference between the peer models, allowing difference-driven co-training
to implement. For the consistent regularization method, structural features of unlabelled
samples can be learned by restricting the output of peer models to be consistent under
perturbations.
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4. Experimental setup
4.1. Cnns for PPM

CNN models typically consist of three main types of layers: convolutional layer, pooling
layer, and fully connected layer. The convolutional layer is used as a hierarchical feature
extractor, the pooling layer performs spatial down-sampling of the feature maps, and the
fully connected layer is used as a classifier to generate predicted classification probabil-
ities of the input data.

In our experiments, we design two lightweight models to better apply to small sample
size. By neural architecture search (Zoph and Le 2017), two models are tested as optimal
and identified as peer models among a large set of artificially set models with different
structures. Figure 6 shows the detailed structure of CNNs we employ. Both peer models
are pre-trained in UCMerced_LandUse dataset (Yang and Newsam 2010).

4.2. Parameter settings

In the training process, we use stochastic gradient descent (SGD) with momentum of 0.9
to optimize the network. We set the batch size as 3000. The epoch is set to 5. A total of 10
iterations are conducted. The learning rate decays from 0.001 to 0.0001 with step 0.0001.
The weight parameter A for the pseudo-labelling method is set to 1 and the weight
parameter 3 for the consistency regularization method is set to 0 in the first four iterations
and continued to grow to 0.3 with step 0.05 in the following iterations. At the end of each
iteration, 10 high-confidence unlabelled samples for each category are selected and
assigned as pseudo labels to add into the labelled sample sets. All experiments run on
an NVIDIA GTX3080 GPU.

4.3. Comparison with other semi-supervised methods

We compared 5 representative semi-supervised methods to demonstrate the effective-
ness of the proposed method.

Self-training (Lee 2013) selects samples with high prediction probability and labels
them with pseudo labels for utilization. The structure of the CNN used in self-training is set
the same as peer model 1. The probabilities are ranked at the end of each iteration and
the 10 high-confidence samples per category are selected to assign pseudo labels.

Co-training (Qiao et al. 2018) has two models selecting pseudo samples with high
probability for each other for semi-supervised training. The structures of the two CNNs

convi conv2 conv3 fe1 fc2
Modell| 33 30 M RelU m M 33,60 [ ReLU = 3x3,150 [ ReLlU | 300 8
stride 1 stride 1 stride 1 dropout softmax
convi conv2 conv3 fe1 fc2
Model2| 3 x3 40 M ReLU m M 3380 [ RelU m 3x 3,200 M RelU /m 400 = 8
stride 1 stride 1 stride 1 dropout softmax
. Convolutional layer . RelU layer : Pooling layer . Fully-connected layer

Figure 6. Architecture of two peer models.
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used in co-training are set the same as peer model 1 and peer model 2. The approach of
assigning pseudo labels is similar to self-training, where 10 high-confidence samples of
each category are selected and added to each other’s sample set.

Noisy-student (Xie et al. 2020) is an extension of the self-training, forcing the student
model to learn more information by adding noise. It uses three types of noise,
RandAugment data augmentation (Cubuk et al. 2019), dropout, and stochastic depth
(Huang et al. 2016). In our experiments, we used the first two perturbations and the third
one was not used due to the lightweight feature of the network structure. The structure of
the CNN used in noisy-student is set the same as peer model 1.

Unsupervised data augmentation for consistency training (UDA) (Xie et al. 2020) is
a consistency regularization method that adds perturbations by RandAugment data
augmentation. The structure of the CNN used in UDA is set the same as peer model 1.

FreeMatch (Wang et al. 2023) is a pseudo-labelling method which can adjust the
confidence threshold in an adaptive manner based on the learning state of the model.
Further adaptive class fairness regularization penalties are introduced to encourage
models to make diverse predictions in the early training phase. The structure of the
CNN used in FreeMatch is set the same as peer model 1.

The training parameters of the above methods are the same as those of the proposed
method in the training process for fair comparison.

5. Results
5.1. Object-based classification accuracies in the two study sites

The classification performance of the proposed method is investigated in both S1 and S2.
Visual inspection and quantitative accuracy assessment, including overall accuracy (OA),
Kappa coefficient (k), and precision of every class, are adopted to evaluate the classifica-
tion results.

5.1.1. Site S1

The PPM achieves the highest OA of 86.84% with a k of 0.856, apparently higher than the
co-training (82.64% OA and k of 0.805), the noisy-student (81.17% OA and k of 0.785), the
UDA (83.85% OA and « of 0.818), the FreeMatch (85.83% OA and k of 0.842), and the self-
training (79.28% OA and k of 0.766), as shown in Table 2. The superiority of the proposed
method is further demonstrated by the precision of every class. Three categories with
simple characteristics, namely water, tidal flat, and shadow, have the best classification
accuracy, which can reach 95.57%, 94.37%, and 93.11% by PPM, respectively. In contrast,
buildings with complex features and impervious surfaces are not as well classified, with
accuracies of 74.23% and 80.41%, respectively. The classification accuracies of the three
types of vegetation are also moderate, with a classification accuracy of 88.33% for grass-
land, 80.44% for farmland, and 85.99% for woodland.

To provide a visualization, three subsets from S1 classified by different semi-supervised
methods are presented in Figure 7. The proposed method has better performance in the
extraction of urban buildings and impervious surface. In addition, linearly shaped roads
and channels are identified with high geometric fidelity and coherence. In Figure 7(a),
PPM does a good job of extracting rivers and roads, rather than misclassifying them into
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Table 2. Classification accuracy comparison among self-training, co-training, noisy-student, UDA,
FreeMatch, and PPM for S1 using precision of each class (%), overall accuracy (OA, %), and Kappa
coefficient (k).

Class Self-training Co-training Noisy-student UDA FreeMatch PPM
Building 59.80 65.55 57.01 66.06 7212 74.23
Impervious surface 74.30 74.27 75.15 72.56 77.58 80.41
Water 92.07 91.36 94.14 92.43 94.87 95.57
Bare land 81.25 83.15 86.04 90.53 90.79 89.54
Grassland 87.06 86.84 86.70 84.33 87.54 88.33
Farmland 68.90 77.46 75.50 78.80 78.95 80.44
Woodland 83.80 84.71 82.66 83.74 84.66 85.99
Tidal flat 84.02 90.33 88.42 91.20 93.36 94.37
Shadow 85.55 92.67 83.41 93.65 93.47 93.11
Overall accuracy (OA) 79.28 82.64 81.17 83.85 85.83 86.84
Kappa coefficient (k) 0.766 0.805 0.785 0.818 0.842 0.856

.Building ilmp.surf. .Watev \:‘Bare land .Grassland .Farmland .Wcodland .Shadow DTidal flat
Figure 7. Classification result predicted by PPM in S1, as well as three subsets and their classification
results by self-training, co-training, noisy-student, UDA, FreeMatch, and PPM. The positions of the
three subsets are marked in the whole classification map.

woodlands or buildings. In Figure 7(b), buildings with special textures are easily classified
as a mixture strips of buildings and impervious surface, as can be seen in UDA and noisy-
student, while PPM achieves a more complete and accurate extraction of the buildings in
the factory area. In Figure 7(c), PPM also has a good extraction effect for relatively small
buildings.
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Table 3. Classification accuracy comparison among self-training, co-training, noisy-student, UDA,
FreeMacth, and PPM for S2 using precision of each class (%), overall accuracy (OA, %), and Kappa
coefficient (k).

Class Self-training Co-training Noisy-student UDA FreeMatch PPM
Building 61.72 64.55 62.40 67.46 7232 75.86
Impervious surface 64.91 69.17 67.30 67.04 72.89 76.23
Water 91.20 93.14 92.07 93.20 93.08 93.38
Bare land 72.40 76.03 77.50 76.90 78.25 80.90
Grassland 81.12 84.82 83.71 82.23 85.57 88.31
Farmland 76.64 76.05 77.20 77.90 78.03 77.75
Woodland 87.10 88.80 89.75 90.36 90.75 91.24
Shadow 90.32 9243 90.97 91.55 93.56 93.93
Overall accuracy (OA) 77.65 79.82 79.41 80.34 82.87 84.36
Kappa coefficient (k) 0.754 0.776 0.771 0.782 0.811 0.834
5.1.2. Site S2

The proposed method also achieves the highest classification accuracies in S2, as illu-
strated in Table 3. It can be seen that PPM obtains the highest OA of 84.36% with a k of
0.834, apparently higher than the co-training (OA of 79.82% and k of 0.776), the noisy-
student (OA of 79.41% with k of 0.771), the UDA (OA of 80.34% and k of 0.782), the
FreeMatch (OA of 82.87% and k of 0.811), and the self-training (OA of 77.65% with k of
0.754). The effectiveness of the PPM is also demonstrated by the precision of each class.

The visualized classification results in S2 are presented in Figure 8. In Figure 8(a), open
parking lots with densely parked cars are easily misclassified as buildings, and PPM
reduces this misclassification to a small amount with its excellent feature learning cap-
abilities. In Figure 8(b), the fallow farmland is not distinctly characterized and has unclear
boundaries with the surrounding grassland, making classification difficult. PPM has better
extraction performance compared to other methods, and rarely misclassifies it as grass-
land or bare land. In Figure 8(c), it can be seen that PPM is more capable of distinguishing
between bare ground and grassland compared to other methods.

5.2. Influence of the number of labelled and unlabelled samples on accuracy

To further demonstrate the advantages of PPM, we carried out multiple groups of
experiments with labelled sample numbers of 10, 20, 30, 40, and 50, taking S1 as an
example. As shown in Figure 9, the proposed method has obvious accuracy advantages in
the case of each labelled sample number. It can be seen that with the increase in the
number of labelled samples, the accuracy of the beginning model also increases rapidly,
which is more obvious when the number of labelled samples is relatively small. With the
improvement in the accuracy of the beginning model, the gaps between semi-supervised
methods and the beginning model are getting smaller, while PPM still maintains a large
accuracy lead.

It can be seen from Figure 10 that the improved overall accuracy (semi-supervised
model accuracy minus beginning model accuracy) is most obvious when the sample is the
smallest. With the increase in the number of labelled samples, the improved accuracy of
the model continues to decline. When the initial sample size is 10, the improved accuracy
of the proposed method is 14.46%, which is apparently higher than that of other methods
co-training (10.34%), noisy-student (8.87%), UDA (11.55%), and self-training (6.98%). The
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Noisy-student Co-training Self-training S2 subsets

UDA

FreeMatch

PPM

.Building .Ilmp.surf. .Water DBareland .Grassland .Farmland .Woodland .Shadow

Figure 8. Classification result predicted by PPM in S2, as well as three subsets and their classification
result by self-training, co-training, noisy-student, UDA, FreeMatch, and PPM. The positions of the three
subsets have been marked in the complete classification map.

proposed method maintains the advantage of maximum accuracy improvement. Co-
training performs well when there are fewer labelled samples. Noisy-student improves
the model accuracy more when there are more labelled samples.

Furthermore, we discuss the influence of the quantitative relationship between
the number of labelled samples and pseudo labelled samples on the accuracy. As
found in (Xie et al. 2020; Zhu et al. 2016), there is a correlation between the
number of labelled and pseudo labelled samples to maximize accuracy. As shown
in Table 4, when the numbers of labelled samples are 10, 15, 20, and 25, the
model achieves the highest accuracy when the number of pseudo labelled samples
is 10, 15, 25, and 25, respectively. In general, the number of pseudo labelled
samples should increase with the increase in the number of labelled samples to
achieve the maximum accuracy of the model. In other words, an approximate
proportion needs to be maintained between the number of labelled samples and
pseudo labelled samples in order to give full play of the model. In this study, this
proportion is approximately 1:1. This is because the selected pseudo labelled
samples are not always correct. The small number of labelled samples would result
in a weak model. The errors introduced by incorrect pseudo labelled samples can
be fatal to the weak model. Therefore, in this case, fewer pseudo labelled samples
are beneficial for model training. With the increase in labelled samples, the ability
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Figure 9. Overall accuracy of each semi-supervised method versus number of labeled samples for
training. Beginning represents the accuracy of the model that was trained using only labeled samples.

of the model improves. It can assign more correct pseudo labels and carry more
incorrect pseudo labelled samples. Meanwhile, more pseudo labelled samples in
turn better improve the model ability. It is worth noting that PPM has multiple
iterative processes, and new pseudo labelled samples are added in each iteration.
Even though there are not many pseudo labelled samples updated in a single
iteration, the number of pseudo labelled samples is considerable when multiple
iterations are added up.

5.3. Ablation study

In the ablation experiments, we explored the effects of dropout, diff-aug, and consistency
regularization on the accuracy of the model. The number of labelled samples is set to 10
and the number of high-confidence pseudo labelled samples is set to 10. The data of S1 is
used for present the results. Since the pseudo-labelling method is the basis of the
framework, it is not taken into consideration. For the two perturbations, dropout and diff-
aug, the results in Table 5 show that diff-aug has a greater impact on the model accuracy.
Eliminating the use of diff-aug decreases the model accuracy by 0.53%, while eliminating
the use of dropout decreases the model accuracy by 0.11%. This can be explained by the
limited role of dropout, which adds perturbations only at the time of prediction, while diff-
aug acts on the whole training process and improves for the pseudo-labelling method as
well. After eliminating the consistency regularization, the model accuracy decreases by
1.42%, which shows the important contribution of consistency regularization to the
overall model.
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Figure 10. Improved overall accuracy of each semi-supervised method versus number of labeled
samples. Improved overall accuracy is obtained by subtracting the accuracy using only labeled

samples from the final accuracy.

Table 4. Classification accuracy with different numbers of pseudo
labelled (Np) and labelled (NI) samples. The highest classification
accuracies under every number of labelled samples are highlighted

in bold.
Np/NI 10 15 20 25
25 86.35 87.04 87.93 88.87
20 86.54 87.15 87.89 88.82
15 86.74 87.26 87.77 88.79
10 86.76 87.09 87.65 88.63

Table 5. Ablation study on the effectiveness of dropout, different augmen-
tation, and consistency regularization.

Different Consistency Overall

Dropout augmentation regularization accuracy (%)
v v ) 86.76
v ) 86.65
v Vv 86.23
vV v 85.34

5.4. Sensitivity analysis for perturbations

Furthermore, we discuss the effect of the intensity of the two types of perturbations on
the accuracy of the model. The data of S1 is also used for presenting the results. First, the
influence of diff-aug is discussed. The intensity of diff-aug is set from 0.2 to 2, which
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Figure 11. Impact of perturbations on model accuracy. (a) Impact of intensity of different augmenta-
tion on overall accuracy. (b) Impact of dropout on overall accuracy.

means that the data are expanded by 20% to 200% of the original. As shown in
Figure 11(a), it can be roughly seen that the model accuracy increases and then decreases
with the strength of diff-aug. The maximum accuracy of the model is reached when the
data are enhanced by 120%.

Then, the influence of dropout on the model accuracy is discussed. As shown in
Figure 11(b), when the dropout value increases from 0.3 to 0.5, the accuracy of the
model changes little. The model accuracy is maximized at a dropout of 0.55. When the
dropout is greater than 0.55, the accuracy of the model decreases continuously. Dropout
is to throw away some parameters in the whole connection layer. The value represents the
proportion of throwing away parameters. When the dropout is not too large, the CNN has
the ability to tolerate some of the parameters not to participate in the prediction. At this
point, the dropout introduces perturbations that are beneficial to the model. When the
dropout rate is large, there are too few parameters involved in the training process, so
that the training effect of the model is not good, and the accuracy rate decreases.

The introduction of perturbations creates differences between peer models. The
differences are the driving force for model training in divergence-based semi-
supervised approaches (Wang and Zhou 2007). To understand intuitively the relationship
between differences and model accuracy, we introduce Q statistics (Kuncheva and
Whitaker 2003) to calculate the difference (D) between the models with the following
equation.

D=1-Q (7)

where a larger D indicates a larger difference between the peer models.

We plotted the relation between D and OA in PPM and co-training, as shown in
Figure 12. As training progresses, the difference between the classifiers of co-training
decreases from 0.152 to 0.072, with a decrease of 0.08, and the difference between the
classifiers of PPM decreases from 0.156 to 0.088, with a decrease of 0.068, which is smaller
than that of co-training. At the same time, with the iteration, the accuracy of co-training
increased from 72.9% to 82.64%, with an increase of 9.74%, and the accuracy of PPM
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Figure 12. Relation between the difference and overall accuracy in PPM and co-training. The
histogram represents the variation in difference between the two models from PPM and co-
training. The folded line represents the average accuracy of the two models with iteration.

increased from 73.1% to 86.76%, with an increase of 13.66%. Moreover, the accuracy of
co-training stops improving at iteration 7 while the accuracy of PPM continues to improve
at iteration 9 because the high difference that is still maintained in PPM.

5.5. Sensitivity analysis for semi-supervised loss parameters

The proposed method uses two semi-supervised methods, pseudo-labelling method and
consistent regularization method, for learning unlabelled samples. To further investigate
the contributions of the two semi-supervised methods to the model, we conducted
a sensitivity analysis on the parameters A and 8, which refer to the weights of the pseudo-
labelling method and the consistency regularization method in the loss function, respec-
tively. The data of S1 is used for this experiment. The number of labelled samples is set to
10 and the number of high-confidence pseudo labelled samples is also set to 10. The
parameter A is set from 0 to 1.0 in steps of 0.1, and the parameter § is set from 0 to 0.5 in
steps of 0.05.

As shown in Figure 13, the overall accuracy of model increases with increasing A
regardless of the parameter B. This indicates that the pseudo labelled samples selected
by the model are of high quality, and increasing the weight of the pseudo-labelling
method can make the model learn better. As for the parameter S, there is a pattern
that the overall accuracy first increases and then decreases as f increases. This
suggests that the consistent regularization method is useful within a certain range
of weighting parameters, and that the too large or too small weighting parameters
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Figure 13. Impact of different parameter A and parameter 8 values on the overall accuracy. A and 8
refer to the weights of the pseudo-labeling method and the consistency regularization method in the
loss function.

reduce the accuracy of the model. When A is larger, the 8 corresponding to the
optimal accuracy of the model becomes larger, which indicates that the learning of
pseudo labelled samples with larger weights improves the model’s ability to tolerate
larger consistency regularization weight parameters and thus learn more structural
features.

6. Conclusion

In this study, we propose a novel semi-supervised object-based classification method. It
combines pseudo-labelling method and consistency regularization method. Object-level
joint confidence is designed to assess the confidence of the unlabelled object samples.
The high-confidence and low-confidence samples are divided by calculating the object-
level joint confidence, and then utilized by applying the pseudo-labelling method and the
consistency regularization method, respectively. In addition, two types of perturbations
are used to make the model more accurate and robust. The experimental results show
that the classification accuracy of PPM is better than that of self-training, co-training,
noisy-student, UDA, and FreeMatch. Using 10 labelled samples per class, an accuracy of
86.84% was achieved by PPM in S1 and an accuracy of 84.36% in S2. The reasonable
choice of perturbations intensity facilitates the training of the model. The proposed
method can generate differences well and maintain them, thus the peer model can
perform feature learning based on these differences and achieve high classification
accuracy. Although this method is designed for GEOBIA, the ideas behind this method
could be generalized to other tasks.
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