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Abstract: Semantic segmentation is a growing topic in high-resolution remote sensing image pro-
cessing. The information in remote sensing images is complex, and the effectiveness of most remote
sensing image semantic segmentation methods depends on the number of labels; however, la-
beling images requires significant time and labor costs. To solve these problems, we propose a
semi-supervised semantic segmentation method based on dual cross-entropy consistency and a
teacher–student structure. First, we add a channel attention mechanism to the encoding network of
the teacher model to reduce the predictive entropy of the pseudo label. Secondly, the two student
networks share a common coding network to ensure consistent input information entropy, and a
sharpening function is used to reduce the information entropy of unsupervised predictions for both
student networks. Finally, we complete the alternate training of the models via two entropy-consistent
tasks: (1) semi-supervising student prediction results via pseudo-labels generated from the teacher
model, (2) cross-supervision between student models. Experimental results on publicly available
datasets indicate that the suggested model can fully understand the hidden information in unlabeled
images and reduce the information entropy in prediction, as well as reduce the number of required
labeled images with guaranteed accuracy. This allows the new method to outperform the related
semi-supervised semantic segmentation algorithm at half the proportion of labeled images.

Keywords: cross-entropy consistency; information entropy; semi-supervised; channel attention
mechanism; remote sensing image

1. Introduction

With the continued improvements in information technology, the sensor technology
and space science technology involved in remote sensing imaging have also advanced,
and remote sensing imaging technology now plays a critically important role in Earth
observation. Remote sensing images provide information for a large number of observation
tasks, and the advances in remote sensing image technology are driving the military [1,2],
meteorological, and transportation fields. In recent years, the development of satellite
imaging has been rapid, and remote sensing images have become more convenient to
obtain; the image information has become more complex [3], and the remote sensing
image data have grown dramatically. Thus, remote sensing images are now numerous and
complex [4].

Convolutional neural networks simplify image processing tasks [5], and real-time in-
telligent image processing techniques provide the basis for the development of downstream
tasks [6]. However, efficient deep learning models rely on supervised learning with large,
manually labeled datasets [7]. A huge labeled dataset requires a lot of time, as well as large
labor costs. The higher spatial resolution of remote sensing images [8], multiple categories,
and complex image information lead to higher costs of labeling remote sensing datasets.
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The labels also used for the semantic segmentation task require pixel-level annotation, and
the high annotation cost becomes one of the main problems limiting the development of
semantic segmentation. Many scholars have started to explore the information contained
in unlabeled images and explore the use of unlabeled images to train segmentation models,
reducing prediction information entropy, which makes semi-supervised learning models a
popular development in image segmentation.

Semi-supervised learning methods have achieved good results in the field of semantic
segmentation in recent years [9], reducing the costs of labels needed to train models. Zhu
et al. [10] trained a model with a few labeled images and then used the model to generate
pseudo-labels of unlabeled images directly. Then, all data have a corresponding label
or pseudo-label. The final dataset can then be used to train a new model, reducing the
labeling costs. However, this method relies too much on the pseudo-label of the first model
and the prediction results contain large information entropy. Tarvainen and Valpola [11]
proposed an iterative training method, which used the average weights trained by the
students as the new teacher model after each training step, and obtained good results after
iterative training through several iterations. The shortcomings of the teacher model were
corrected by the iterative method, but the iterative iteration introduced a large amount
of computation.

The consistency regularization method proposed by Luo et al. [12] indicates that for
the same pixel, after different perturbations, the information entropy in predictions should
be consistent, and for the input after different disturbances, the information entropy in
predictions should be consistent. This method places an entropy consistency constraint
on the image predictions and is now a widely used method in semi-supervised learning.
Ke et al. [13] processed the input images with different interference, went through two
segmentation networks with different parameter initialization and an identical structure,
and forced the information entropy in prediction consistency between the two networks.
Zou Y et al. [14] proposed to classify the image perturbation into two types of strong
and weak perturbation, and to use the prediction results of weak perturbation [15] pro-
cessed as the pseudo-label of strong perturbation, because the prediction results after
weak perturbation are more stable, and this novel method promotes the development of
semi-supervised learning.

Chen X et al. [16] proposed a cross-pseudo supervision model (CPS) based on the
above approach, and the predictions under different perturbation models are used as
pseudo-labels for mutual supervision. This method not only has a clear model but also a
good training effect, which fully exploits the hidden information in the unlabeled images.
This method achieves significant results, but for the remote sensing images, the overlap rate
between categories is high, and the local categories are many and complex; this also means
that more comprehensive training is required. Wu et al. [17] designed a semi-supervised
segmentation model consisting of an encoding [18] network and two different decoding
networks based on the consistency regularization. The resultant bias of the two decoding
networks is set to unsupervised loss, thus promoting prediction consistency between the
two decoding networks and allowing the model to fully understand the large amount of
information in unlabeled images.

In summary, the reasonable use of unlabeled images, reducing the information entropy
of unsupervised predictions [19–21], enabling the model to fully exploit the hidden infor-
mation in unlabeled images, and lowering the labeling costs are the keys of our research.

We propose the semi-supervised semantic segmentation of remote sensing images
based on dual cross-entropy consistency with a model designed based on the teacher–
student architecture. A channel attention (CA) mechanism [22,23] is added to the teacher
model to filter the feature information and lower the information entropy of pseudo-label
data. The student model with a dual decoding network through single coding networks
ensures the consistency of the information entropy of the coding network results. The
model is trained alternately through two tasks based on dual cross-entropy consistency,
the pseudo-label of the teacher model, semi-supervision of the student models, and cross-
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supervision between the student models. This allows our method to exploit the hidden
information in the unlabeled dataset, reduce the prediction information entropy, and lower
the labeled image costs.

2. The Proposed Model
2.1. Semi-Supervised Segmentation Model Based on Dual Cross-Entropy Consistency

Our model includes a teacher model and dual student models. We use Unet [24] as
our basic convolutional neural network because of its symmetric structure. The teacher
model adds a CA mechanism to the coding network to filter feature information, highlight
target features, and suppress noisy information, thus reducing the information entropy
of unsupervised prediction. The two student models share a common coding network;
the dual-decoding network architecture ensures that the output vectors of the coding
network have consistent information entropy. A sharpen function [25] is used to reduce the
information entropy of the unlabeled images’ predictions, and to improve the confidence
of edge contours. The model is shown in Figure 1 below.

In each round of training, the dataset is divided according to the labeled set. We first
train the teacher model with the labeled set, and the supervised loss is calculated by the
ground truth and the parameters are updated. Next, the unlabeled set is used to generate
pseudo-labels [26] by using the Hadamard product [27] and linear transformations of
the predicted results and original images. We use these pseudo-labels to semi-supervise
the predictions of the student models S1, S2, calculate the pseudo-supervised loss, and
update the encoding network (S)–decoding network (S1) model and the encoding network
(S)–decoding network (S2) model in turn. Finally, we obtains pseudo-labels (S1, S2) via
the predictions of both student decoding networks and the original image, and update the
parameters in turn via cross-supervision loss. The dual-entropy consistency tasks include
a teacher model for the dual student models’ prediction information entropy consistency
task and a cross-supervised entropy consistency task between two student models. The
models are trained with alternating constraints by the two entropy consistency tasks, so
that the model can fully understand the feature information in the unlabeled images and
reduce the prediction information entropy.

Figure 1. Semantic segmentation model based on dual consistent regularization.
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2.2. Channel Attention Mechanism

In the task of the semantic segmentation of remote sensing images, the procedure
often involves many categories and a complex topography, with many overlaps between
categories, and the features between categories are not prominent, etc. The CA mechanism
is widely used in remote sensing image processing because the CA mechanism can effec-
tively filter the feature map and suppress noise interference. Therefore, we add the CA
module to the teacher coding network to constrain the feature extraction and reduce the
information entropy generated by the coding network. The CA mechanism is shown in
Figure 2 below.

Figure 2. The CA mechanism.

The mathematical description of the channel attention mechanism module is as follows.
First, we perform adaptive global average pooling and adaptive global maximum pooling
on the input feature map F(F = RH×W×C), respectively, and pass the results through the
fully connected layer and the RELU function to obtain two vectors, Uavg and Umax, with
global sense fields. The specific forms are shown in Equations (1) and (2).

Uavg = FC2(RELU(FC1(avgPooling(F)))), (1)

Umax = FC2(RELU(FC1(max Pooling(F)))), (2)

Subsequently, the two vectors are fused channel by channel and then activated by the
sigmoid nonlinear function, as shown in Equation (3). This is because the maximum and
average pooling can screen channels from different angles. After the fusing by the channel,
the sigmoid nonlinear activation function can be used to obtain an ideal weight U. Finally,
the weight U is multiplied channel by channel with the input feature map, as shown in
Equation (4). The new feature map F

′
, generated after feature information screening, can be

used for subsequent segmentation tasks by highlighting the effective feature information
and suppressing invalid information.

U = sigmoid(Uavg ⊕Umax), (3)

F
′
= U ⊗ F, (4)
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2.3. The Sharpen Function

In the semantic segmentation algorithm based on consistency regularization, scholars
usually assume that the final prediction boundary should not pass through the high-
density region of edge pixel distribution, requiring low-entropy output for unlabeled
images. The method using pseudo-label supervision is a type of unsupervised learning,
and the generated pseudo-label will have unclear details, a low confidence level, and
high information entropy, so the sharpen function [11] for the prediction results of student
models can maximize the entropy reduction. The sharpen function is shown in Equation (5).

S(y, T) =
(y)1/T

K
∑

i=1
(y)1/T

, T ∈ (0, 1), (5)

where y is the prediction result of the network, K is the number of channels of the network
output, and T is a hyperparameter in the interval (0, 1).

2.4. Loss Function

Normally, we use the softmax operation to obtain the prediction; this is to ensure that
the prediction is finally mapped to the (0, 1) interval. The most classical loss function for
semantic segmentation, the pixel-level cross-entropy [28] loss, which is able to examine
each pixel individually, compares the predictions for each pixel class with the label. The
cross-entropy is defined by the following Equation (6).

CE(yi, y
′
i) = −∑

i
(yi log(y

′
i) + (1− yi) log(1− y

′
i)), (6)

where y
′
i is the label class of any pixel i, and yi is the predicted result at i.

For the dataset D, we divide it into a labeled dataset Dl of size N and an unlabeled
dataset Du of size M. The initialized weights of the teacher encoding network (Et) and the
teacher decoding network (Dt) are θe-t and θd-t. Dl is used as supervised learning to train
the teacher models. For input image x, the corresponding higher-order semantic vector Vx is
firstly obtained through the teacher model encoding network, and secondly the final predic-
tion Pt is obtained through the decoding network, as shown in Equations (7) and (8) below.

Vx = Et(x : θe−t)(x ∈ Dl), (7)

Pt = Dt(Vx : θd−t)(x ∈ Dl), (8)

The supervised loss Lt is calculated from the predicted results of the teacher model with
labels, as shown in Equation (9).

Lt =
1
N ∑x∈Dl

1
W × H

W×H

∑
i=1

lce(Pt
i , Y∗i ), (9)

where W and H represent the width and height of the input image, i represents any pixel
of the output image, Pt

i represents the predicted value of the prediction result Pt at pixel i,
lce represents the loss function mentioned in Equation (6), Y∗ represents the ground truth
of the input image x, and Y∗i represents the true class of pixel i in the label.

For unlabeled dataset Du of size M, the image x is first input to the teacher model to
obtain the teacher prediction Pt, and the pseudo-label Yt is obtained by the input image
x and Pt. For the student models, the initialized weights of the encoding network (Es) is
θe-s and the decoding network (Ds) are θd-s1 and θd-s2, respectively. For the input unlabeled
image x, the corresponding higher-order semantic vector Vx is firstly obtained by the
student coding network, and the final prediction results are obtained by the two decoding
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networks. Reducing the output information entropy with the sharpen function, the final
outputs Ps1, Ps2 are given by the following Equations (10)–(12).

Vx = Es(x : θe−s)(x ∈ Du), (10)

Ps1 = S(Ds(Vx : θd−s1))(x ∈ Du), (11)

Ps2 = S(Ds(Vx : θd−s2))(x ∈ Du), (12)

The pseudo-supervised loss of Yt on Ps1, Ps2 was

Lt−s1 =
1
M ∑x∈Du

1
W × H

W×H

∑
i=1

lce(Ps1
i , Yt

i ), (13)

Lt−s2 =
1
M ∑x∈Du

1
W × H

W×H

∑
i=1

lce(Ps2
i , Yt

i ), (14)

In Equations (13) and (14), Lt−s1 and Lt−s2 represent the pseudo-supervised losses of the
teacher model pseudo-label for the two student models, respectively; Ps1

i , Ps2
i represent the

predicted values of Ps1, Ps2 at pixel i. Yt
i represents the category of the pixel i in the label.

For the cross-supervision of the two student models, we create the pseudo-labels Ys1,
Ys2 via the input image x and the final outputs Ps1, Ps2 of the two models. The prediction
results corresponding to the cross-supervision of the two pseudo-labels are obtained as the
cross-supervised loss.

Ls2−s1 =
1
M ∑x∈Du

1
W × H

W×H

∑
i=1

lce(Ps1
i , Ys2

i ), (15)

Ls1−s2 =
1
M ∑x∈Du

1
W × H

W×H

∑
i=1

lce(Ps2
i , Ys1

i ), (16)

Ls2−s1 and Ls2−s1 in Equations (15) and (16) above represent the supervisory loss of
pseudo-label Ys2 on student model S1 and the supervisory loss of pseudo-label Ys1 on
student model S2, respectively. Ps1

i , Ps2
i represent the predicted values of Ps1, Ps2 at pixel

i; Ys1, Ys2 represent the pseudo-labels of the two student models. Ys1
i , Ys2

i represent the
category of pixel point i in the pseudo-label in the label.

In summary, the semi-supervised loss includes the semi-supervised loss of the teacher
to the dual students, and the cross-supervised loss of the dual students. We use this dual
entropy consistency task to implement iterations of the student models so that the model
fully understands the feature information in the unlabeled images, reduces the prediction
information entropy, and improves the prediction accuracy.

3. Experiments
3.1. Experimental Dataset and Environment

In order to verify the effectiveness of the proposed semantic segmentation method for
semi-supervised remote sensing images, we selected the Potsdam and Vaihingen datasets
from the International Society for Photogrammetry and Remote Sensing (ISPRS) and the
Gaofen 2 satellite image dataset (GID) from more than 60 cities in China. The Potsdam
dataset contains 38 images in TIF format with a spatial resolution of 5 cm and a size of
6000 × 6000. The dataset is divided into six categories: impervious surface, building, low
vegetation, tree, car, and clutter. The Vaihingen dataset contains 33 images in TIF format,
with a spatial resolution of 9 cm. However, the image sizes are not consistent. The average
size is 2494 × 2064 and the dataset is divided into the same six categories as Potsdam.
The GID [29] dataset contains 150 images of the satellite with a size of 7200 × 6800. The
size and format are consistent with the original images. The dataset is divided into five
categories: farmland, forest, building, meadow, and water. Three datasets provide the
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corresponding labeled images for each image. For better experiments, all datasets are
cropped to 512 × 512 size, and 10% of the dataset is selected as test images, while the rest
of the images are used for model training.

Our experiments were implemented on a computer equipped with an NVIDIA
RTX3060Ti GPU and INTEL 12400F CPU using the Pytorch framework. The batch size was
set to 4, and the model was trained with the Adam optimizer with default parameters and
aided by the Cosine warmup learning rate strategy [30]. The initial learning rate was set to
0.001, the number of training iterations was 100 epochs, and T was set to 0.5.

3.2. Evaluation Indicators

At present, academics usually measure the performance of semantic segmentation
algorithms from three aspects: running time, memory occupation, and accuracy. Because
accuracy is the most objective, we focus on the evaluation indicators of semantic segmen-
tation accuracy. This mainly includes PA, MPA, Iou, MIou, recall, F1-score, etc. Among
them, MIou is concise and representative, and it is the most commonly used indicator
in the evaluation of semantic segmentation experiments. The definitions and calculation
equations are detailed as follows.

(1) Iou: the ratio between the intersection of the predicted result and the ground truth.
The definition is shown in Equation (17).

Iou =
n

∑
i=1

pii

ti +
k
∑

j=1
(pji − pii)

, (17)

(2) MIou: the average value of the accumulated IoU values of each class of image
pixels, as shown in Equation (18).

MIou =
1
n

n

∑
i=1

pii

ti +
k
∑

j=1
(pji − pii)

, (18)

where n represents the number of classes of pixels; pii represents the number of pixels
whose actual class is i and whose predicted class is i; ti represents the total number of pixels
of class i; pji represents the number of pixels whose actual class is i and predicted class is j.

3.3. Analysis of the Experimental Results

To verify the performance of our method, experiments were conducted on three
datasets using different proportions of labeled images, and the method proposed was com-
pared with the current popular semi-supervised and fully supervised methods. The com-
parison methods include three sets of fully supervised algorithms, Unet, Attention-Unet,
and U2-Net [31]; and three sets of semi-supervised algorithms, Mean Teacher, CPS, and DST-
CBC [32]. Table 1 gives the MIou performance for the related methods on three datasets.

Table 1 shows that our algorithm has poor training results for the teacher model
when the label image proportion is low, the cross-training of the two student models
cannot obtain good results, and the overall segmentation results are lower than other
semi-supervised models. As the proportion of labeled images increases, alternate training
of the dual-entropy consistency tasks shows an advantage, and when the proportion of
labeled images reaches 1/2, the segmentation results of our algorithm surpass those of the
other semi-supervised models. After introducing the sharpen function, the segmentation
results of the model at the label image proportion of 1/2 are already higher than those of
some fully supervised learning models. From the above results, we can see that our model
can effectively improve the feature extraction efficiency of the model coding network and
reduce the pseudo-label information entropy after adding the channel attention mechanism.
The dual-entropy consistency tasks of the two student models are poor when the label
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image proportion is small, but as the proportion increases, the advantages of the dual-
entropy consistency tasks are then reflected. Table 2 shows the MIou performance of our
algorithm for each category on three datasets with different labeled image proportions.

Table 1. The MIou performance results for above methods on three datasets.

Dataset Method Labeled Image Proportion
1/8 1/4 1/2 1

Potsdam

Unet - - - 78.2
Attention-Unet - - - 81.4

U2-Net - - - 81.3
MeanTeacher 70.5 72.1 76.1 -

CPS 73.4 75.2 77.8 -
DST-CBC 73.3 75.4 78.3 -

Our Algorithm 71.2 74.9 80.5 82.1

Vaihingen

Unet - - - 76.8
Attention-Unet - - - 78.1

U2-Net - - - 78.3
MeanTeacher 70.2 72.1 73.8 -

CPS 71.7 72.8 74.0 -
DST-CBC 72.3 73.4 74.9 -

Our Algorithm 71.0 73.5 77.4 78.4

GID

Unet - - - 79.8
Attention-Unet - - - 81.1

U2-Net - - - 81.2
MeanTeacher 70.9 72.5 75.8 -

CPS 72.6 75.7 76.4 -
DST-CBC 72.4 75.1 76.5 -

Our Algorithm 72.1 76.3 81.8 82.1

Table 2. The results for each category with different labeled image proportions on three datasets.

Dataset Method Category Labeled Image Proportion
1/8 1/4 1/2 1

Potsdam Our Algorithm

Impervious surface 75.2 77.1 83.6 85.5
Building 76.9 81.8 86.3 87.3

Low vegetation 67.1 71.8 76.4 78.7
Tree 71.7 74.8 81.6 82.3
Car 69.5 73.1 78.8 80.7

Clutter 66.9 70.8 76.3 77.9

Vaihingen Our Algorithm

Impervious surface 73.5 76.9 79.4 81.9
Building 77.9 81.0 83.4 85.2

Low vegetation 70.5 71.6 76.2 75.9
Tree 72.1 73.9 79.1 78.3
Car 59.2 62.2 66.5 68.5

Clutter 72.8 75.4 79.8 80.6

GID Our Algorithm

Farmland 73.7 77.6 82.5 84.1
Forest 79.2 83.0 88.2 87.7

Building 77.2 81.2 86.5 86.6
Meadow 59.5 64.4 70.9 71.5

Water 71.1 75.3 80.9 80.5
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The data in Table 2 shows that the MIou results for each class also conform to the
overall distribution pattern, with a small performance improvement when the labeled
image proportion is small. Our method has a larger rate of training result improvement as
the labeled image proportion increases, which also saves a large part of the labeling cost.
The effect of increasing the labeled image proportion is also found in the low vegetation
class of the Vaihingen dataset and the forest class of the GID, which has a negative effect.
This also means that we cannot simply increase the labeled image proportion and need to
find the optimal connection between our dual cross-entropy consistency method and the
labeled image proportion.

The prediction results on the three datasets are given in Figures 3–5. The results show
that the best segmentation is achieved on the dataset when the labeled image proportion is
1/2, with outstanding segmentation details, no obvious mis-segmentation and breakpoints,
and minimum information entropy.

Figure 3. The predictions with different labeled image proportions on Potsdam.

Figure 4. The predictions with different labeled image proportions on Vaihingen.
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Figure 5. The predictions with different labeled image proportions on GID.

3.4. Ablation Experiment

To verify the impact of the mentioned methods on our model, the model without the
channel attention module and sharpening function processing was used as the baseline
model, comparing the baseline model with the two methods added separately. The experi-
mental results are shown in Table 3 below, where baseline + CA method indicates that the
CA module is added to the baseline model; baseline + sharpen (s1) and baseline + sharpen
(s2) indicate that sharpening is added to only one student model in the baseline model,
and baseline + sharpen indicates that sharpening is added to the baseline model for both
student models.

Table 3. Ablation experiments of each method.

Dataset Labeled Image Proportion Method MIou (%)

Potsdam 1/2

Baseline 75.8
Baseline + CA 76.3

Baseline + sharpen (s1) 77.2
Baseline + sharpen (s2) 77.4

Baseline + sharpen 78.1
Our Algorithm 80.5

Vaihingen 1/2

Baseline 72.3
Baseline + CA 72.9

Baseline + sharpen (s1) 73.5
Baseline + sharpen (s2) 73.4

Baseline + sharpen 74.6
Our Algorithm 77.4

GID 1/2

Baseline 75.3
Baseline + CA 76.5

Baseline + sharpen (s1) 77.2
Baseline + sharpen (s2) 77.0

Baseline + sharpen 79.1
Our Algorithm 81.8

The experimental results in Table 3 show that both the channel attention mechanism
and the sharpening function play a role in improving the segmentation network. The
results show that the semi-supervised loss in the experiments requires the pseudo-labeling
of the teacher model to semi-supervise the two student models, and also requires the two
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student models to generate their own pseudo-labeling for cross-supervision. The single CA
mechanism can lower the pseudo-label information entropy, and the sharpening function
can improve the edge contour accuracy of the unsupervised prediction. Moreover, the
combined use of the two methods can make the pseudo-labels on the teacher side and
the student side more realistic, thus improving the semi-supervised learning efficiency
and accuracy.

According to the experimental data in Tables 1 and 2, we can see that when the
proportion is 100%, most of the experimental results are better than the results compared
to when the proportion of labeled images is 1/2. To ensure the segmentation accuracy on
the premise of maximizing the reduction of the required label costs, we take the labeled
image proportion from 10% to 100%, and increase the labeled images by 10% each time,
and the impact of different labeled image proportions on the segmentation results is shown
in Figure 6 below.

Figure 6. Ablation experiments of the effect of different labeled image proportions on the results.

The dashed lines in Figure 5 represent the segmentation baselines of Unet; our model
already outperforms the Unet network under supervised learning when the labeled image
proportion is less than 50%, and the proportion has a greater effect on the results when the
labeled image proportion is less than 50%. The result of Potsdam increases the most when
the labeled image proportion is between 40% and 50%. The model improvement is most
obvious for the Vaihingen dataset at 30% to 40% of the data, after which the model accuracy
improves slowly as the labeled image proportion increases. The GID dataset shows a slight
negative growth after the labeled image proportion exceeds 60%, which also proves that
the over-computation of the method based on the entropy consistency constraint is not
only cost-consuming but also leads to an increase in entropy. In conclusion, our model
based on the dual cross-entropy consistency method achieves good segmentation results
with 1/2 the labeled image proportion and significantly reduces the labeling costs.

4. Conclusions

We propose a semi-supervised remote sensing image semantic segmentation method
based on dual entropy consistency to solve the problem of complex remote sensing image
information and the large manual labeling cost required for remote sensing image seg-
mentation tasks. Our teacher model incorporates a channel attention mechanism in the
coding network of Unet to help the model to reduce the predictive information entropy
of pseudo-labeling. Two student models share a coding network to ensure consistent
input entropy, while sharpening the prediction results of the two student models to reduce
the information entropy of unsupervised prediction and improve the accuracy of edge
contours. The two student models need to be semi-supervised by the teacher model, as
well as cross-supervising themselves. These two semi-supervised learning tasks based on
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entropy consistency alternately train the student models so that the student models can
fully understand the information and minimize the entropy-increasing behavior in the
prediction process. Simulation experiments show that the segmentation performance of
our method on three publicly available remote sensing image datasets exceeds the segmen-
tation accuracy of the current mainstream network models and reduces 50% of the labeled
images, which indicates good generalizability. Subsequent work will optimize the model
with respect to its computational complexity and training complexity.

Author Contributions: Conceptualization, C.J.T.; methodology, K.L. and M.C.; visualization, Y.L.;
writing—original draft preparation, M.C. and K.L.; writing—review and editing, D.K. and C.J.T. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Foreign Talent Program of the Ministry of Science and
Technology of China (Grant No. G2022186003L), Sichuan Science and Technology Program (Grant No.
2023YFH0057), Sichuan Science and Technology Program(Grant No. 23ZDYF3125) and Fundamental
Research Funds for the Central Universities, Southwest Minzu University (Grant No. 2021PTJS23).

Institutional Review Board Statement: Not applicable.

Data Availability Statement: The remote sensing images utilized in this study are freely available at
https://www.isprs.org/education/benchmarks/UrbanSemLab/Default.aspx, https://www.isprs.org/
education/benchmarks/UrbanSemLab/Default.aspx, https://x-ytong.github.io/project/GID.html.

Acknowledgments: The authors would also like to thank Robert Andrew James and all the anony-
mous reviewers for their valuable comments.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Lu, H.; Liu, Q.; Liu, X.; Zhang, Y. A survey of semantic construction and application of satellite remote sensing images and data.

J. Organ. End User Comput. (JOEUC) 2021, 33, 1–20. [CrossRef]
2. Waage, M.; Singhroha, S.; Bünz, S.; Planke, S.; Waghorn, K.A.; Bellwald, B. Feasibility of using the P-Cable high-resolution 3D

seismic system in detecting and monitoring CO2 leakage. Int. J. Greenh. Gas Control. 2021, 106, 103240. [CrossRef]
3. Gómez, C.; White, J.C.; Wulder, M.A. Optical remotely sensed time series data for land cover classification: A review. ISPRS J.

Photogramm. Remote Sens. 2016, 116, 55–72. [CrossRef]
4. Lu, B.; Dao, P.D.; Liu, J.; He, Y.; Shang, J. Recent advances of hyperspectral imaging technology and applications in agriculture.

Remote Sens. 2020, 12, 2659. [CrossRef]
5. Sun, X.; Wang, B.; Wang, Z.; Li, H.; Li, H.; Fu, K. Research progress on few-shot learning for remote sensing image interpretation.

IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2021, 14, 2387–2402. [CrossRef]
6. Chen, Z.; Zhang, T.; Ouyang, C. End-to-end airplane detection using transfer learning in remote sensing images. Remote Sens.

2018, 10, 139. [CrossRef]
7. Wu, F.; Wang, Z.; Zhang, Z.; Yang, Y.; Luo, J.; Zhu, W.; Zhuang, Y. Weakly semi-supervised deep learning for multi-label image

annotation. IEEE Trans. Big Data 2015, 1, 109–122. [CrossRef]
8. Huang, B.; Zhao, B.; Song, Y. Urban land-use mapping using a deep convolutional neural network with high spatial resolution

multispectral remote sensing imagery. Remote Sens. Environ. 2018, 214, 73–86. [CrossRef]
9. Song, X.; Aryal, S.; Ting, K.M.; Liu, Z.; He, B. Spectral–spatial anomaly detection of hyperspectral data based on improved

isolation forest. IEEE Trans. Geosci. Remote Sens. 2021, 60, 1–16. [CrossRef]
10. Zhu, Y.; Zhang, Z.; Wu, C.; Zhang, Z.; He, T.; Zhang, H.; Manmatha, R.; Li, M.; Smola, A.J. Improving Semantic Segmentation via

Efficient Self-Training. IEEE Trans. Pattern Anal. Mach. Intell. 2021. [CrossRef] [PubMed]
11. Tarvainen, A.; Valpola, H. Mean Teachers Are Better Role Models: Weight-Averaged Consistency Targets Improve Semi-

Supervised Deep Learning Results. In Proceedings of the 31st International Conference on Neural Information Processing
Systems, Long Beach, CA, USA, 4–9 December 2017; Curran Associates Inc.: Red Hook, NY, USA, 2017; pp. 1195–1204.

12. Luo, Y.; Zhu, J.; Li, M.; Ren, Y.; Zhang, B. Smooth neighbors on teacher graphs for semi-supervised learning. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 8896–8905.

13. Ke, Z.; Qiu, D.; Li, K.; Yan, Q.; Lau, R.W. Guided collaborative training for pixel-wise semi-supervised learning. In Proceedings
of the Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, 23–28 August 2020; Springer: Berlin/Heidelberg,
Germany, 2020; pp. 429–445.

14. Zou, Y.; Zhang, Z.; Zhang, H.; Li, C.L.; Bian, X.; Huang, J.B.; Pfister, T. PseudoSeg: Designing Pseudo Labels for Semantic
Segmentation. In Proceedings of the International Conference on Learning Representations, Addis Ababa, Ethiopia, 26–30
April 2020.

https://www.isprs.org/education/benchmarks/UrbanSemLab/Default.aspx
https://www.isprs.org/education/benchmarks/UrbanSemLab/Default.aspx
https://www.isprs.org/education/benchmarks/UrbanSemLab/Default.aspx
https://x-ytong.github.io/project/GID.html
http://doi.org/10.4018/JOEUC.20211101.oa6
http://dx.doi.org/10.1016/j.ijggc.2020.103240
http://dx.doi.org/10.1016/j.isprsjprs.2016.03.008
http://dx.doi.org/10.3390/rs12162659
http://dx.doi.org/10.1109/JSTARS.2021.3052869
http://dx.doi.org/10.3390/rs10010139
http://dx.doi.org/10.1109/TBDATA.2015.2497270
http://dx.doi.org/10.1016/j.rse.2018.04.050
http://dx.doi.org/10.1109/TGRS.2021.3104998
http://dx.doi.org/10.1109/TPAMI.2021.3138337
http://www.ncbi.nlm.nih.gov/pubmed/34951840


Entropy 2023, 25, 681 13 of 13

15. Sohn, K.; Berthelot, D.; Carlini, N.; Zhang, Z.; Zhang, H.; Raffel, C.A.; Cubuk, E.D.; Kurakin, A.; Li, C.L. Fixmatch: Simplifying
semi-supervised learning with consistency and confidence. Adv. Neural Inf. Process. Syst. 2020, 33, 596–608.

16. Chen, X.; Yuan, Y.; Zeng, G.; Wang, J. Semi-supervised semantic segmentation with cross pseudo supervision. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Nashville, TN, USA, 20–25 June 2021; pp. 2613–2622.

17. Wu, Y.; Xu, M.; Ge, Z.; Cai, J.; Zhang, L. Semi-supervised left atrium segmentation with mutual consistency training. In
Proceedings of the Medical Image Computing and Computer Assisted Intervention–MICCAI 2021: 24th International Conference,
Strasbourg, France, 27 September–1 October 2021; Springer: Berlin/Heidelberg, Germany, 2021; pp. 297–306.

18. Chen, S.; Bortsova, G.; García-Uceda Juárez, A.; Van Tulder, G.; De Bruijne, M. Multi-task attention-based semi-supervised
learning for medical image segmentation. In Proceedings of the Medical Image Computing and Computer Assisted Intervention–
MICCAI 2019: 22nd International Conference, Shenzhen, China, 13–17 October 2019; Springer: Berlin/Heidelberg, Germany,
2019; pp. 457–465.

19. Ouali, Y.; Hudelot, C.; Tami, M. Semi-supervised semantic segmentation with cross-consistency training. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 13–19 June 2020; pp. 12674–12684.

20. Wu, J.; Fan, H.; Zhang, X.; Lin, S.; Li, Z. Semi-supervised semantic segmentation via entropy minimization. In Proceedings of the
2021 IEEE International Conference on Multimedia and Expo (ICME), Shenzhen, China, 5–9 July 2021; pp. 1–6.

21. Vu, T.H.; Jain, H.; Bucher, M.; Cord, M.; Pérez, P. Advent: Adversarial entropy minimization for domain adaptation in semantic
segmentation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA,
15–20 June 2019; pp. 2517–2526.

22. Nie, D.; Gao, Y.; Wang, L.; Shen, D. ASDNet: Attention based semi-supervised deep networks for medical image segmentation. In
Proceedings of the Medical Image Computing and Computer Assisted Intervention–MICCAI 2018: 21st International Conference,
Granada, Spain, 16–20 September 2018; Springer: Berlin/Heidelberg, Germany, 2018; pp. 370–378.

23. Guo, X.; Yuan, Y. Semi-supervised WCE image classification with adaptive aggregated attention. Med Image Anal. 2020, 64, 101733.
[CrossRef] [PubMed]

24. Falk, T.; Mai, D.; Bensch, R.; Çiçek, Ö.; Abdulkadir, A.; Marrakchi, Y.; Böhm, A.; Deubner, J.; Jäckel, Z.; Seiwald, K.; et al. U-Net:
deep learning for cell counting, detection, and morphometry. Nat. Methods 2019, 16, 67–70. [CrossRef] [PubMed]

25. Xiong, Z.; Guo, Q.; Liu, M.; Li, A. Pan-sharpening based on convolutional neural network by using the loss function with
no-reference. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2020, 14, 897–906. [CrossRef]

26. Petrovai, A.; Nedevschi, S. Exploiting pseudo labels in a self-supervised learning framework for improved monocular depth
estimation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA,
18–24 June 2022; pp. 1578–1588.

27. Liu, R.; Li, S.; Liu, J.; Ma, L.; Fan, X.; Luo, Z. Learning hadamard-product-propagation for image dehazing and beyond. IEEE
Trans. Circuits Syst. Video Technol. 2020, 31, 1366–1379. [CrossRef]

28. Botev, Z.I.; Kroese, D.P.; Rubinstein, R.Y.; L’Ecuyer, P. The cross-entropy method for optimization. In Handbook of Statistics;
Elsevier: Amsterdam, The Netherlands, 2013; Volume 31, pp. 35–59.

29. Tong, X.Y.; Xia, G.S.; Lu, Q.; Shen, H.; Li, S.; You, S.; Zhang, L. Land-cover classification with high-resolution remote sensing
images using transferable deep models. Remote Sens. Environ. 2020, 237, 111322. [CrossRef]

30. He, T.; Zhang, Z.; Zhang, H.; Zhang, Z.; Xie, J.; Li, M. Bag of tricks for image classification with convolutional neural networks.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15–20 June
2019; pp. 558–567.

31. Qin, X.; Zhang, Z.; Huang, C.; Dehghan, M.; Zaiane, O.R.; Jagersand, M. U2-Net: Going deeper with nested U-structure for
salient object detection. Pattern Recognit. 2020, 106, 107404. [CrossRef]

32. Feng, Z.; Zhou, Q.; Gu, Q.; Tan, X.; Cheng, G.; Lu, X.; Shi, J.; Ma, L. Dmt: Dynamic mutual training for semi-supervised learning.
Pattern Recognit. 2022, 130, 108777. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1016/j.media.2020.101733
http://www.ncbi.nlm.nih.gov/pubmed/32574987
http://dx.doi.org/10.1038/s41592-018-0261-2
http://www.ncbi.nlm.nih.gov/pubmed/30559429
http://dx.doi.org/10.1109/JSTARS.2020.3038057
http://dx.doi.org/10.1109/TCSVT.2020.3004854
http://dx.doi.org/10.1016/j.rse.2019.111322
http://dx.doi.org/10.1016/j.patcog.2020.107404
http://dx.doi.org/10.1016/j.patcog.2022.108777

	Introduction
	The Proposed Model
	Semi-Supervised Segmentation Model Based on Dual Cross-Entropy Consistency
	Channel Attention Mechanism
	The Sharpen Function
	Loss Function

	Experiments
	Experimental Dataset and Environment
	Evaluation Indicators
	Analysis of the Experimental Results
	Ablation Experiment

	Conclusions
	References

