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Abstract: Image classification systems based on convolutional neural networks (CNNs) are frequently
subject to noise interruption, and the robustness of CNNs is influenced by the selection of activation
functions (AFs). In this paper, we improved the quantum AFs QReLU and m-QReLU, making the
parameter value range 0.00001 < o < 0.01. We investigated the classification performance and noise
robustness of quantum AFs using the EfficientNetB0O, DenseNet121, and 2D-CNN models on remote
sensing datasets. The experimental results showed that when the quantum AFs parameter is 0.0001,
the classification accuracy of the model is higher than that of the ReLU AF. Under UC Merced and
WHU RS19 datasets, the classification accuracy of quantum AF increased by 0.52% and 1.65% in
the EfficientNetB0O model, and increased by 0.8% and 0.83% in the DenseNet121 model. Under the
India Pines dataset, the classification accuracy of quantum AF increased by 1.71%. Furthermore, we
individually introduced noise to the remote sensing datasets to investigate the robustness of quantum
AFs. The results showed that when the quantum AFs parameter is 0.0001, the model has strong
noise robustness.

Keywords: convolutional neural network; quantum computing; noise robustness; activation function;
remote sensing classification

1. Introduction

Rapid advances in remote sensing (RS) technology and lower acquisition costs have made vast earth
images readily available [1]. RS imagery has gained increasing attention as a research focus [2] and is
widely applied in land use and land cover classification [3,4], flood control [5], crop classification [6],
fire prevention [7], gas emission studies [8], and edge detection [9]. Deep learning (DL), the fastest-
growing trend in big data analysis and one of 2013’s top ten breakthrough technologies [10], has
been widespread used in RS applications, particularly convolutional neural networks (CNNs) [11].
Additionally, RS data pose new challenges for DL [10].
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A well-trained CNN for image recognition may exhibit significant changes in classification output
with minor input modifications [12]. CNNs outperform traditional state-of-the-art techniques in RS
image classification, achieving up to 99% accuracy in most scenarios [13, 14]. Training DL models
from scratch can lead to overfitting due to added complexity. Deep transfer learning has emerged as a
novel framework to address this issue [15, 16], significantly reducing training time and data
requirements in the target domain.

RS data often contain noise from natural and human factors, degrading traditional algorithms and
requiring robust methods [17]. Hence, boosting the noise robustness of CNNs is vital to RS image
classification, with the selection of proper AFs contributing to this goal. AFs in CNNs are crucial for
improving model accuracy. CNNs excel at learning hierarchical representations of data, making them
well-suited for tasks such as classification, segmentation, and object detection [18] in RS imagery. A
well-designed AF is effective in the performance of the DL model [19]. However, there is a lack of
consensus on how to select a suitable AF for a neural network model, and a specific one may not be
suitable for all applications [20].

Quantum machine learning (QML) is at the crossroads of two of the most exciting current areas of
research: quantum computing (QC) and classical machine learning [21]. With QC emerging as a
promising platform [22], QML explores how each field’s techniques solve the other’s
problems [23,24]. The rise of QC has also spurred widespread attention to integrating QC and CNN’s
for RS image classification. Quantum-inspired machine learning, an emerging field, draws global
research attention for its potential to apply quantum mechanics principles in classical computing. Two
important concepts in QC are entanglement and superposition. Parisi et al. propose quantum AFs
“quantum ReLU” (QReLU) and “modified-QReLU” (m-QReLU) based on quantum entanglement
and superposition to address the“dying ReLU” problem [23]. To overcome the issue of “dying
ReLU”, various AFs such as SELU and PReLU are also proposed. Konar et al. leverage a similar
quantum-based sigmoid AF in their quantum-inspired self-supervised network to enhance accuracy
and reliability by approximately 1% compared to classical approaches [25].

Here, we investigate the classification performance and noise robustness of CNNs with quantum
AFs on RS datasets. This study’s major contributions are as follows:

e We improved the quantum AFs QReLU and m-QReLU, making the parameter value range
0.00001 < @ < 0.01. The parameters of the AFs are determined. When parameter « is 0.0001,
the model has the best classification performance.

e We investigate the noise robustness of quantum AFs, and our results show that when the quantum
AFs parameter is 0.0001, the model has strong noise robustness.

e We use the t-SNE technique to show the feature distribution of the model. The t-SNE results
further demonstrate the rationality of quantum AFs.

2. Datasets and methods

This section comprises the following subsections: Section 2.1 contains the dataset used for
classification; Section 2.2 contains the quantum AFs used for classification; Section 2.3 presents DL
models and hybrid models used in this study; and Section 2.4 provides performance metrics and
hyperparameters used in this study.
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2.1. Dataset

We select RS datasets with different visual properties to better evaluate the classification
performance and noise robustness.

2.1.1. UC Merced dataset

This manually labeled and publicly available dataset is composed of 2100 aerial scene images with
256 x 256 pixels, equally divided into 21 land-use classes selected from the United States Geological
Survey (USGS) National Map. The 21 categories are agricultural, airplane, baseballdiamond, beach,
buildings, chaparral, denseresidential, forest, freeway, golfcourse, harbor, intersection,
mediumresidential, mobilehomepark, overpass, parkinglot, river, runway, sparseresidential,
storagetanks, and tenniscourt. Some class samples are shown in Figure 1.

2.1.2. WHU RS19 dataset

WHU RS19 dataset [26] contains 1005 high-spatial-resolution images with 600 x 600 pixels
divided into 19 classes, with approximately 50 images per class. This dataset, exported from Google
Earth, is more diverse as it includes samples from various parts of the global. There are 19 classes,
including airport, beach, bridge, river, forest, meadow, pond, parking, port, viaduct, residential,
industrial, commercial, desert, farmland, footballfield, mountain, park, and railwaystation. Some class
samples are shown in Figure 2.

2.1.3. India Pines dataset

The Indian Pines image is gathered by the AVIRIS sensor during a flight over the Indian Pines site in
Northwestern Indiana. It contains 145 x 145 pixels and 220 spectral bands in the range of 0.4-2.5 yum.
Due to water absorption, 20 spectral bands are removed, and the remaining 200 spectral bands are used
for classification. It consists of sixteen land cover classes.

2.2. Quantum activation function

AFs in CNNs play an important role in model accuracy. Exploring the performance of different AFs
in CNNs helps to address the gradient vanishing problem and enhance the stability of model training. In
large-scale data scenarios, such as RS image classification, exploring the performance of different AFs
in RS image classification can provide valuable insights for enhancing model performance. Selecting
appropriate AFs for a specific task and dataset can enhance the accuracy and efficiency of the model.

Parisi et al. introduced a quantum computational paradigm to address the unresolved issue of the
“dying ReLU” problem in CNNs [23]. This approach aims to solve the “dying ReLU” problem in a
quantized way. The proposed approach apply the quantum principles of entanglement and
superposition at a computational level to derive two novel AFs: The QReLU and the m-QReLU.
QReLU is proposed based on the principle of quantum entanglement, and the formula is

X, Yx >0

(@—2)x. Yx <0 ,a=0.01. (2.1

ORelLU = {
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Figure 1. Images for each category in the UC Merced dataset. (a) Agricultural; (b)
airplane; (c) baseballdiamond; (d) beach; (e) buildings; (f) chaparral; (g) denseresidential;
(h) forest; (1) freeway; (j) golfcourse; (k) harbor; (1) intersection; (m) mediumresidential; (n)
mobilehomepark; (0) overpass; (p) parkinglot; (q) river; (r) runway; (s) sparseresidential; (t)
storagetanks; and (u) tenniscourt.

m-QReLU is proposed based on the principle of quantum superposition, and the formula is

X, Vx>0

o= Dx. v <0 @= 001 (2.2)

m— QReLU = {

Parameter « takes different values in various classification scenarios due to the differences in data
characteristics and other aspects among scenarios. In the classification of RS images, its range is set as
a t0 0.00001 < @ < 0.01. This range is determined through experiments, in which different « values
are tested, and this interval is derived based on the performance indicators of the model.
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Figure 2. Images for each category in the WHU RS19 dataset. (a) Airport; (b) beach; (c)
bridge; (d) commercial; (e) desert; (f) farmland; (g) footballfield; (h) forest; (i) industrial;
(j) meadow; (k) mountain; (1) park; (m) parking; (n) pond; (o) port; (p) railwaystation; (q)
residential; (r) river; and (s) viaduct.

2.3. Deep learning algorithm and hybrid model

As a typical and important model in the DL. community, CNNs construct an end-to-end feature
extraction framework, which has achieved excellent performance in RS image recognition tasks [27,
28]. In this section, applied DL algorithms and hyperparameters are given.

2.3.1. EfficientNetBO

EfficientNet is a deep neural network design and scaling method that uses a complicated parameter
to evenly scale all depth, width, and resolution variables [29]. The Google Brain team presented the
effective CNN model EfficientNet in 2019. The goal of EfficientNet is to improve model performance
while taking limited computational resources into account. Unlike current practice, which scales these
variables arbitrarily, the EfficientNet scaling approach uses a pre-determined set of scalability variables
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to alter network width, depth, and resolution uniformly. EfficientNetBO is the smallest model in the
EfficientNet family.

2.3.2. DenseNetl21

DenseNetl21 is a CNN-based architecture consisting of 1000-class categories at the beginning,
aiming to solve the gradient/information loss problem experienced in DL algorithms by increasing the
reuse of features by directly connecting all layers with the feed-forward method, with fewer parameters.
In the DenseNetl121 architecture, each layer is directly connected to all previous layers. Thus, each
layer directly accesses the feature vectors (loss, original input vectors) obtained from all previous
layers. Feature vectors obtained from previous layers are combined in a specific layer and used as
input. The obtained information (feature vectors, weight vectors) is used as an input vector in all
subsequent layers. The architecture consists of 121 convolution layers, 4 dense blocks, 3 transition
layers, and a softmax layer in the output layer.

2.3.3. Transfer learning

While huge datasets are typically necessary for the success of networks created from scratch, DL
techniques that use pre-trained networks have a lower success rate [7]. In transfer learning
applications, DL algorithms are initially trained on a large variety of diverse datasets. The success of
the experimental outcomes is then increased by retraining the trained networks using
fresh datasets [30].

2.3.4. Hybrid model

We propose a transfer learning approach under the EfficientNetBO model and the Densenet]121
model. The models are fine-tuned, followed by a global average pooling layer and two dense layers.
Among them, the feature of the penultimate dense layer is set to 512, and the AFs are QReLLU and
m-QReLU, respectively. The final dense layer is classified using softmax to analyze the classification
of the mixed model on the RS dataset. The transfer learning model is shown in Figure 3(a). Figure 3(b)
displays the 2D-CNN model used in this study. We replace the ReLU AF of the first dense layer with
QReLU and m-QReLU.

2.4. Performance measures and hyperparameters
2.4.1. Performance measure

The performance of the RS image classification is evaluated using different evaluation metrics,
which are as follows :

1) Learning curves: Learning curves are plots used to evaluate the performance of algorithms that
incrementally learn from training datasets.
2) Accuracy: Accuracy tells what portion of the images (both positives and negatives of the classifier)
are correctly classified. Accuracy is calculated using the following formula:
TP+TN
TP+TN+FP+FN’
TP is the true positive, TN is the true negative, FP is the false positive, and FN is the false negative.

Accuracy = (2.3)

Big Data and Information Analytics Volume 9, 48-67.



54

ImageNet Dataset ® o [ o

P

. QReLU m-QReLU
Remote Sensing Dataset ® ® o o

o o o o Softmax

| ' - |
Freeze Weights Train Weights

(a) Transfer learning model

Conv2D
Ul
Conv2D
I
Conv2D
ll
Flatten
I
Dense(QReLU, m-QReLU)
I
Dropout(0.4)
I

Dense

(b) 2D-CNN model

Figure 3. The flowchart of this study.

3) Confusion matrix: Confusion matrix is used for performance evaluation of a machine learning
algorithm. It compares the actual values with the predicted classes. Diagonal values of the
confusion matrix tell the classification accuracy of each class.

4) Precision: Precision tells what portion of the predicted positives of the classifier is truly positive.
Precision is calculated using the following formula:

Precision = L 2.4)
TP+ FP
5) Recall: Recall tells what portion of the actual positives of the classifier is correctly classified.
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Recall is calculated using the following formula:

TP
Recall = ——. 2.
T TPYFN 2>
6) Fl-score: The Fl-score combines precision and recall into a single value. The F1-Score is
obtained by evaluating the harmonic mean of the precision and the recall. F1-Score is calculated
using the following formula:

Precision X Recall
F1—-Score=2x recz‘sz'on ecd . (2.6)
Precision + Recall

7) Kappa: The Kappa coefficient is an indicator used for testing consistency and can also measure
the effectiveness of classification. For a classification problem, consistency refers to whether the
model’s prediction matches the actual classification result.

2.4.2. Hyperparameters

In this section, the hyperparameters used in the training of deep neural networks are given.

e Training dataset: The training/test ratio in the RS dataset classification study is 6 : 4. The DL
algorithms used in the study are trained on the training datasets, and their classification
performance are subsequently assessed using test datasets.

e Input shape: The size of the input layer of DL algorithms. In the study, the image input size of all
algorithms is determined as 256 X 256 x 3.

e Epoch: Epochs are an important concept in DL model training. Epochs refer to the number of
times the complete dataset is fed into the neural network for training. The epoch number is an
essential hyperparameter for the DL network to produce successful results in the classification
study. In this study, the epoch is chosen as 20.

e Loss function: The goal of the loss function is to minimize the difference between the predicted
value and the true value so that the model can make better predictions. In this study, Categorical
Cross-entropy, which is frequently used in multi-class classification studies, is used.

. AN .

Lecr(y, )= =1 > > iy log(iy), 2.7)
N & £
i=0 j=0
where y represents the true value matrix, y the predicted values matrix, and the indices i and j are
iterated over the pixel in the image.

e Optimizer: The adam optimization algorithm is used in this study, which is frequently used in
optimization studies. The adam optimization aims to accelerate convergence from the beginning

of training and continuously reduce the learning rate in training.

3. Remote sensing image classification
The empirical outcomes of hybrid approaches used on the RS datasets are shown in this section. A
comparison is made between the classification performance of the CNN model with ReLU, QReLU,

and m-QReLU AFs. With a 10 increase, parameter @ in QReLU and m-QReLU goes from 0.00001 to
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0.01. After many experiments, we determin a parameter & = 0.0001, at which quantum AFs have the
best classification performance. The numerical result of the experiment is measured three times, and
the final result is obtained by averaging. Below, we present the classification results of the model when
the quantum AFs parameter is 0.0001.
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Figure 4. Accuracy of different activation functions. (a),(b) Results of the WHU RS19 and
UC Merced datasets on the EfficientNetB0 model. (c),(d) Results of the WHU RS19 and UC
Merced datasets on the DenseNet121 model.

3.1. Classiflication result
3.1.1. Transfer learning model

The performance of the transfer learning models EfficientNetBO and DenseNet121 in classifying
WHU RS19 and UC Merced datasets is illustrated in this section. The classification performance
under the QReLU and m-QReLLU AFs are summarized in Figure 4. From Figure 4, we know that
quantum AFs can improve the model’s classification performance of RS datasets.

Figure 4(a) shows the classification result of the WHU RS19 dataset in the EfficientNetBO model.
When the AF is QReLU (@ = 0.0001), the accuracy reaches 96.02%. When using AF is m-QReLLU
(@ = 0.0001), the accuracy achieves 96.43%. The accuracy of QReLU (@ = 0.0001) AF is 1.24%
higher than that of using ReLU, 0.5% higher than QReLLU (@ = 0.01), and 0.66% higher than m-
QReLU (a = 0.01). The accuracy of m-QReLU (@ = 0.0001) AF is 1.65% higher than that of using
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ReLU, 0.91% higher than QReLU (@ = 0.01), and 1.07% higher than m-QReLU (« = 0.01). Figure 5

shows the m-QReLU (a

0.0001) AF’s accuracy and loss curve. Figure 6 shows the confusion

matrix for classification while using m-QReLU (a = 0.0001) AF. Figure 4(b) shows the classification
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result of the UC Merced dataset in the EfficientNetBO model. When the AF is QReL.U (a = 0.0001),
the accuracy reaches 95.00%. When using AF as m-QReLU (@ = 0.0001), the accuracy achieves
95.20%. Figure 4(c) shows the classification result of the WHU RS19 dataset in the DenseNet121
model. When the AF is QReLU (o = 0.0001), the accuracy reaches 96.60%. When using AF as m-
QReLU (a = 0.0001), the accuracy achieves 97.02%. Figure 4(d) shows the classification result of the
UC Merced dataset in the DenseNet121 model. When the AF is QReLLU (@ = 0.0001), the accuracy
reaches 95.04%. When using AF as m-QReLU (a = 0.0001), the accuracy achieves 95.24%.

Farmland  pyegert Farmland  pegert

Forest

otballfield otballfield

Port Port

Residential  River Residential  River

(a) Precision (b) Recall

Farmland  pegert

ReLU
m-QReLU(0=0.01)
QReLU(0=0.01)
m-QReLU(0=0.0001)
Meadg QReLU(a=0.0001)

otballfield

Port -
Residential ~River

(¢) F1-Score

Figure 7. Comparison of the Recall, Precision, and F1-Score.

AUC is a widely used metric in fields, such as statistics and machine learning, and is mainly used
to evaluate the performance of models, especially the prediction effect of classification models. When
classifying the WHU RS19 dataset using EfficientNetBO, the AUC value for QReLLU (o = 0.0001) is
0.9982 and for m-QReLU (a = 0.0001) is 0.9984.
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Figure 9. Classification map under the India Pines dataset.

Figure 7 shows the precision, recall, and f1-score values of the EfficientNetBO model in the WHU
RS19 dataset. The innermost probability is 0.7, and as the number of turns increases, the probability

increases by 10%.
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3.1.2. 2D-CNN model

In this section, we use the 2D-CNN model to classify the India Pines dataset. Figure 8 shows
the classification results under the India Pines dataset. When AF is ReLU, the accuracy is 97.91%.
When AF is QReLU (o = 0.0001), the accuracy is 99.44%; the accuracy of QReLU (o = 0.0001)
AF is 1.53% higher than that of ReLU. When AF is m-QReLU (@ = 0.0001), the accuracy is 99.62%;
the accuracy of m-QReLU (o = 0.0001) AF is 1.71% higher than that of ReLU. Figure 9 show the
classification map of the India Pines dataset. From Figure 9 , we know that the quantum AFs can
improve the classification of the RS dataset.

3.2. Visualization of classification results

Figure 10 shows the visualization results of model classification on the UC Merced dataset in the
EfficientNetBO model. Red borders indicate images that have been misclassified. It can be seen from
Figure 10 that storagetanks is misclassified as tenniscourt.

GT: 15 GT: 16 GT: 17 GT: 5
PRED: 16 PRED: 17 PRED: 5
N

GT: 19 GT: 13
PRED: 13

T HET AT
UFRETE

V31 ()
cAFIEL

Figure 10. Ground truth and prediction. Agricultural:0, airplane:1, baseballdiamond:2,
beach:3, buildings:4, chaparral:5, denseresidential:6, forest:7, freeway:8, golfcourse:9,
harbor:10, intersection:11, mediumresidential:12, mobilehomepark:13, overpass:14,
parkinglot:15,  river:16, runway:17, sparseresidential:18,  storagetanks:19, and
tenniscourt:20.

In this paper, we use t-distributed stochastic neighbor embedding (t-SNE) to show the feature
distribution of the CNN model. t-SNE is a dimensionality reduction technique used to visualize
high-dimensional datasets in a two or three-dimensional space. Compared with other dimensionality
reduction algorithms, t-SNE creates a reduced feature space where similar samples are represented by
nearby points, and dissimilar samples are represented by distant points. Figure 11 show the results of
EfficientNetBO t-SNE visualizations on the WHU RS19 dataset. Different colors represent different
categories, with 19 categories in Figure 11. As can be seen from the figure, there are a few
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overlapping parts of different colors, which means that very few are misclassified.

20 0 0 10 20 30 20 0 0 10 20
(a) m-QReLU (a = 0.0001) (b) QReLU (@ = 0.0001)

Figure 11. T-SNE visualization results of the WHU RS19 dataset on the EfficientNetBO

model.

4. Noise robustness analysis

To evaluate the robustness of the quantum AFs, various noises on the RS datasets are used. Three
noises are present in the datasets: Salt and Pepper noise, Rayleigh noise, and Gaussian noise. For
Gaussian noise, we set the noise intensity to 0.2, the mean of the Gaussian distribution to 0, and the
standard deviation to 0.2 X 225. For Rayleigh noise, the noise intensity is set to 0.2 and scaleparameter
is set to 0.2 x 225. For Salt and Pepper noise, we set the intensity to 0.1, and define 0.5 of the noise
points as salt noise and 0.5 as pepper noise. The classification results of different AFs and noises are
given in Tables 1 and 2.

Table 1. Classification result of the EfficientNetB0O model in the case of noise.
QReLU m-QReLU QReLU m-QRelLU

Rel.U a=001 a=0.01 a =0.0001 «a =0.0001
None 0.9478 0.9552  0.9536 0.9602 0.9643
Gaussian 0.9113 0.9071 0.9105 0.9138 0.9146
WHURSI9 Rayleigh 0.9395 0.9395 0.9395 0.9428 0.9453
Salt and Pepper 0.9138 0.9129  0.9171 0.9196 0.9204
None 0.9468 0.9464  0.9472 0.9500 0.9520
UC Merced Gaussian 0.8909 0.8897 0.8857 0.8964 0.8913
Rayleigh 0.9127 0.9131 0.9107 0.9190 0.9139
Salt and Pepper 0.8659 0.8691 0.8734 0.8762 0.8758

Table 1 presents the classification accuracy of the quantum AFs under the EfficientNetBO model.
Under Gaussian noise, quantum AFs (@ = 0.0001) achieve an accuracy of 91.46% for the WHU RS19
dataset and 89.64% for the UC Merced dataset. Under Rayleigh noise, the accuracy reaches 94.53%
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for the WHU RS19 dataset and 91.90% for the UC Merced dataset. When subjected to Salt and Pepper
noise, the accuracy of quantum AFs (¢ = 0.0001) reaches 92.04% for the WHU RS19 dataset and
87.62% for the UC Merced dataset.

Table 2. Classification result of the DenseNet121 model in the case of noise.

QReLU m-QReLU QReLU m-QRelLU

Rel.U =001 aa=0.01 «=0.0001 «a=0.0001
None 0.9619 0.9627  0.9644 0.9660 0.9702
Gaussian 0.9246 09246  0.9254 0.9270 0.9295
WHURSI9 Rayleigh 0.9527 09519  0.9519 0.9544 0.9577
Salt and Pepper 0.9187 0.9171 0.9221 0.9246 0.9254
None 0.9444 09456  0.9468 0.9504 0.9524
UC Merced Gaussian 0.8925 0.8829  0.8912 0.8968 0.8976
Rayleigh 09143 09107  0.9151 0.9175 0.9198
Salt and Pepper 0.8738 0.8778 0.8818 0.8833 0.8873

Table 2 presents the classification accuracy of quantum AFs under the DenseNet121 model. Under
the WHU RS19 dataset, the quantum AFs (¢ = 0.0001) under Gaussian noise achieve an accuracy of
92.95%; under Rayleigh noise, the quantum AFs (@ = 0.0001) can achieve an accuracy of 95.77%,
while under Salt and Pepper noise, the accuracy of the quantum AFs (@ = 0.0001) can reach 92.54%.
In the UC Merced dataset, the accuracy of the AFs (o = 0.0001) under Gaussian noise increases to
89.76%; under Rayleigh noise, the quantum AFs (e = 0.0001) achieve an accuracy of 91.98%; while
with Salt and Pepper noise, the accuracy can reach 88.73%.

Table 3. Kappa coefficient under the DenseNet121 model.
QReLU m-QReLU QReLU m-QRelLU

Rel.U =001 aa=0.01 «=0.0001 «a=0.0001
None 0.9597 0.9606  0.9623 0.9649 0.9684
Gaussian 0.9203 0.9203  0.9212 0.9229 0.9255
WHURSI9 Rayleigh 0.9501 0.9492  0.9492 0.9518 0.9553
Salt and Pepper 0.9142 09124 09176 0.9203 0.9212
None 0.9416 0.9429  0.9458 0.9479 0.9500
UC Merced Gaussian 0.8870 0.8771 0.8867 0.8916 0.8925
Rayleigh 0.9100 0.9062  0.9108 09117 0.9158
Salt and Pepper 0.8675 0.8716  0.8758 0.8775 0.8816

Figure 12 shows that the classification performance of QReLU (@ = 0.0001) and m-QReLU (a =
0.0001) is superior to that of ReLU under noise condition. This indicates that quantum AFs exhibit the
strongest noise robustness.

Table 3 shows the kappa values of the DenseNet121 model in the WHU RS19 and UC Merced
datasets. Table 4 shows the kappa values of the EfficientNetBO model on the WHU RS19 and UC
Merced datasets. In the WHU RS19 dataset, in the absence of noise, the highest kappa value is 96.23%;
the maximum kappa value under Gaussian noise is 90.96%; under Rayleigh noise, the highest kappa
value is 94.22%; and under Salt and Pepper noise, the highest kappa value is 91.63%. Under the UC
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Figure 12. Classification accuracy of different noises. (a),(b) Results of the UC Merced and

WHU RS19 datasets on the EfficientNetB0O model. (c),(d) Results of the UC Merced and

WHU RS19 datasets on the DenseNet121 model.

Table 4. Kappa coeflicient under the EfficientNetB0 model.
QReLU m-QReLU QReLU m-QReLLU

ReLU = 2001 @=001  a=00001 a-=00001
None 0.9448 0.9527  0.9509 0.9597 0.9623
Gaussian 0.9063 09019  0.9054 0.9089 0.9096
WHURSIO ¢ ayleigh 09361 09360  0.9361 0.9396 0.9422
Salt and Pepper 0.9090 0.9080  0.9126 0.9151 0.9163
None 09441 09437  0.9445 0.9474 0.9495
UC Merced Gaussian 0.8854 0.8841 0.8799 0.8912 0.8858
Rayleigh 0.9083 09087  0.9062 0.9150 0.9096
Salt and Pepper  0.8591 0.8625  0.8670 0.8700 0.8696

Merced dataset, in the absence of noise, the highest kappa value is 94.95%; the maximum kappa value
under Gaussian noise is 89.12%; under Rayleigh noise, the highest kappa value is 91.50%; and under
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Salt and Pepper noise, the highest kappa value is 87.00%.
S. Discussion

The success of the application areas of high-parameter and complex deep neural networks is
generally proportional to the use of big data [31]. Issues including gradient disappearance,
underfitting, and overfitting are now plaguing deep neural networks that are trained on tiny datasets
and from scratch [7]. Here, transfer learning can be used to solve these issues. Typically, deeper
architectures yield better performance for deep neural networks when offered in application fields.

We use deep neural networks EfficientNetBO and DenseNetl21 in this study, both of which
possess high processing power and complex structures. Modern algorithms, such as EfficientNetBO
and DenseNet121, have high parameter values, causing the models to experience an increase in the
time elapsed during their training. Moreover, the transfer learning method is used to reduce the time
taken during the training of architectures. While huge datasets are typically necessary for the success
of networks created from scratch, DL techniques that use pre-trained networks have a lower success
rate [7]. In transfer learning applications, DL algorithms are initially trained on a large variety of
diverse datasets. Because of its wide range of potential applications, transfer learning has become a
hot topic in the field of machine learning [32].

In this study, we explore the implications of researching the noise robustness of CNNs based on
different quantum AFs and RS datasets. AFs play a crucial role in introducing non-linearity to CNNgs,
enabling them to model complex relationships in data. Different AFs exhibit varying properties in
terms of their ability to handle noise and promote robustness in CNNs. In the research, a hybrid
approach of the DL model and quantum AFs is adopted. Our results show that when the quantum AF
parameter is 0.0001, the model classification performance is higher than the classification accuracy
of ReLU. In the EfficientNetBO model, the highest classification accuracy is 95.20% under the UC
Merced dataset and 96.43% under the WHU RS19 dataset. In the DenseNet121 model, the highest
classification accuracy is 95.24% under the UC Merced dataset and 97.02% under the WHU RS19
dataset. In the 2D-CNN model, the highest classification accuracy under the India Pines dataset is
99.62%. Under noisy RS datasets, the results show that when the quantum AF parameter is 0.0001,
the model has strong noise robustness. In general, the quantum AFs are optimal in improving model
accuracy and noise robustness.

The findings of research on noise robustness have practical implications for real-world RS
applications. Robust CNN models can facilitate more accurate and reliable analysis of RS data,
enabling better decision-making in areas such as agriculture, urban planning, disaster response, and
environmental monitoring.

6. Conclusions

In this paper, we leverage CNNs and quantum AFs to perform RS scene classification, and analyze
noise robustness. Quantum AFs are chosen based on different DL methods to classify the scenes of
three benchmark RS datasets.

To evaluate the performance of quantum AFs, a series of experiments are conducted. The results
show that when @ = 0.0001, the performance of quantum AF is superior to that of ReLU AF. The
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experimental results demonstrate the effectiveness and robustness of the quantum AFs.

Future research in this area could entail exploring novel AFs designed to address the challenges
of noise in RS datasets. Additionally, investigating ensemble methods and hybrid architectures that
combine multiple AFs could further enhance the robustness and versatility of CNN models for RS
applications.
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