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A B S T R A C T   

The presence of noise in images affects the classification performance of convolutional neural 
networks (CNNs). The loss function plays an important role in the noise robustness of CNN 
models. Loss sensitivity represents the loss function robustness for noisy data. In this study, the 
robustness of CNN models was investigated by using the cross-entropy, pseudo-Huber, and cor-
rentropy loss functions on noisy data. The experiments were performed using the Xception ar-
chitecture for Pavia University and Salinas Scene datasets. Some common noises in hyperspectral 
images (HSIs), such as Gaussian, stripe, and salt-and-pepper noises, were applied to the test data, 
and the results of classification with different loss functions were compared. To reduce the 
training time and prevent overfitting, a HSI pixel-to-image sampling method was proposed. Ac-
cording to the results, the correntropy loss function was more robust to noises, while the cross- 
entropy loss function was more accurate for noiseless data as compared to the other loss 
functions.   

1. Introduction 

With the advancement of remote sensing technologies and the production of hyperspectral data with substantial spectral infor-
mation, the use of such data is rapidly expanding for the study of different phenomena [1]. Hyperspectral images (HSIs) have been 
applied in many earth sciences due to the extensive display of the spectral properties of land surfaces. The classification and production 
of land cover maps are among the most important applications of HSIs. The high number of bands, besides significant spectral in-
formation in HSIs, allows us to extract more information about the ground features of images and distinguish between similar features 
[2]. 

Recently, many effective classification methods have been proposed in the literature. One of the most important methods is the 
convolutional neural network (CNN) models. The CNN models have been used to classify digital images and HSIs in computer, remote 
sensing, and agricultural technologies [3–5]. Moreover, these methods have been applied in medical sciences for different purposes, 
such as identifying cancerous areas on whole-slide histopathological images [6], detection of diabetic retinopathy (DR) by AlexNet, 
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VggNet, GoogleNet, and ResNet methods [7], and diagnosis of diabetes using small-world feed-forward neural networks [8]. A CNN 
architecture consists of input and output layers, as well as several hidden layers. The hidden layers of a CNN architecture commonly 
include a series of convolutional layers that are wrapped with multiplication [9]. 

The availability of a large dataset, such as ImageNet [10], is one of the main reasons why CNNs have been successful in image 
classification. In supervised classification methods, the training dataset is used to learn the model, and the test dataset is used to 
evaluate the model and optimize weights. However, in classifications with CNNs, a significant amount of training data is needed to 
avoid overfitting [11]. 

The loss function helps optimize the parameters of neural networks. The model error is calculated using the loss function by 
comparing the target value (test sample) and the predicted value in a neural network. It also uses the gradient descent algorithm to 
optimize the network weight and minimize loss. The gradient descent algorithm changes the weights in a way that the next evaluation 
reduces error; in other words, the optimization algorithm navigates down the gradient of error [12]. 

The HSIs are corrupted by noise due to several reasons, such as atmospheric effects, fluctuations in power supplies, dark current, 
and non-uniformity of detector response. These noises can be represented as Gaussian noise or impulse noise (salt-and-pepper) or a 
mixture of both Gaussian and impulse noises [13,14]. Because of differences in technologies that use different charge-coupled device 
(CCD) sensors, the response functions are different and produce stripe noise in HSIs [15]. The presence of these noises in HSIs (Figs. 1 
and 2) greatly reduces the performance of CNN models for classification. Therefore, development of robust CNN models against noise is 
one of the most important challenges of researchers in neural network classification. 

In machine learning approaches, the training model with label noise is one of the most common models for robust classification. 
First, loss functions are trained with noisy labels, and then, trained classifiers are evaluated across noise-free samples [16]. Also, use of 
the modified architecture of neural networks, which are robust to the presence of noise, is a common method [17]. A new loss function 
can be proposed for training noisy labels and making deep neural networks robust to noise [18]. In this study, we proposed a method of 
sampling HSI datasets. We trained a CNN model, using the cross-entropy [12], correntropy, and pseudo-Huber loss functions on a 
noiseless training dataset. Next, we applied different levels of Gaussian, salt-and-pepper, and stripe noises to the test data. The per-
formance of the CNN model using different loss functions and noises was evaluated to identify the most robust loss function. 

The rest of this paper is outlined as follows. A brief description of the used HSI datasets is presented in Section 2. The CNN model 
architecture and loss functions are introduced in Section 3. Noises used to evaluate the CNN model robustness are presented in Section 
4. The proposed HSI pixel-to-image sampling method is presented in Section 5; the experiments and results are presented in Section 6; 
and finally, the conclusions are made in Section 7. 

2. HSI datasets 

2.1. Pavia University dataset 

The Pavia University HSI was collected by the Reflective Optics System Imaging Spectrometer (ROSIS) sensor. The RGB visuali-
zation and ground-truth data are shown in Fig. 3(a) and 3(b). The data were captured of an area over Pavia University in northern Italy, 
containing 610 × 340 pixels with 103 spectral bands. The spatial resolution of the images was 1.3 m, including nine classes. Table 1 
presents the number of samples per class. 

Fig. 1. The RGB composite image of the Pavia University HSI and the presence of different noises.  
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2.2. Salinas Scene dataset 

The Salinas Scene HSI was collected by the AVIRIS sensor with a size of 512 × 217 pixels and spatial resolution of 3.7 m (224 
spectral bands). The data were captured of an area over the Salinas Valley in California, USA. Due to water absorption, 108–112, 
154–167, and 224 bands were removed (20 bands). This dataset contained 16 classes, as shown in Table 2 along with the number of 

Fig. 2. The RGB composite image of the Salinas Scene HSI and the presence of different noises.  

Fig. 3. The Pavia University hyperspectral dataset [19].  

Table 1 
The ground truth classes of the Pavia University dataset [19].   

Class Samples 

1 Asphalt 6631 
2 Meadows 18,649 
3 Gravel 2099 
4 Trees 3064 
5 Painted metal sheets 1345 
6 Bare soil 5029 
7 Bitumen 1330 
8 Self-Blocking Bricks 3682 
9 Shadows 947  

S. Ghafari et al.                                                                                                                                                                                                        



Computers and Electrical Engineering 90 (2021) 107009

4

samples. The RGB visualization and ground-truth data are shown in Fig. 4(a) and 4(b). 

3. CNN models 

In recent years, several CNN architectures, such as AlexNet, VGGNet, GoogleNet, ResNet, MobileNet, and Xception [20], have been 
proposed. These architectures have shown remarkable performance in the ImageNet challenge. The Xception is an extreme version of 
Inception with a modified depth-wise separable convolution. 

3.1. Xception architecture 

Google improved the Inception modules in CNNs by using the depth-wise separable convolution operation, that is, a depth-wise 
convolution followed by a point-wise convolution. A depth-wise separable convolution is an Inception module with a maximally 
large number of towers, where the Inception modules are replaced with depth-wise separable convolutions. The Inception module 
improves this modification in Inception-v3, where 1 × 1 convolution is applied first before any 3 × 3 spatial convolutions. 

In the Xception model, a separable convolution behaves as an Inception module, and there are residual (or shortcut/skip) con-
nections for all flows, as initially proposed by ResNet. All convolution and separable convolution layers are followed by batch 
normalization, and all separable convolution layers use a depth multiplier of one. 

3.2. Loss functions 

As previously described, loss functions play an important role in optimizing the weight of CNN layers. In this study, the cross- 
entropy, pseudo-Huber, and correntropy loss functions were used. 

3.2.1. Cross-entropy loss function 
This loss function is one of the most commonly used loss functions in deep learning classification. It is a rapid and accurate 

framework for updating/learning rules, based on the advanced simulation theory. In the cross-entropy loss function, loss increases 
when the predicted probability differs from the true label. The cross-entropy loss formula is as follows: 

L = −
1
N

∑N

i=1
log

eWT
yi

xi+byi
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j=1eWT

j xi+bj
(1)  

where W is the weight matrix; b is the bias term; xi is the ith training sample; N is the number of samples, and Wj and Wyi are the jth and 
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3.2.2. Pseudo-Huber loss function 
The pseudo-Huber loss function is a derivative and smooth approximation of the Huber loss function. This loss function is convex 

for low errors and is less steep for extreme data. The Huber and pseudo-Huber loss functions can be defined as follows: 
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Table 2 
The ground truth classes of the Salinas Scene dataset [19].   

Class Samples 

1 Broccoli green weeds 1 2009 
2 Broccoli green weeds 2 3726 
3 Fallow 1976 
4 Fallow rough plow 1394 
5 Fallow smooth 2678 
6 Stubble 3959 
7 Celery 3579 
8 Grapes untrained 11,271 
9 Soil vineyard develop 6203 
10 Corn senesced green weeds 3278 
11 Lettuce romaine 4 week 1068 
12 Lettuce romaine 5 week 1927 
13 Lettuce romaine 6 week 916 
14 Lettuce romaine 7 week 1070 
15 Vineyard untrained 7268 
16 Vineyard vertical trellis 1807  
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where α is the difference between the observed and predicted values. Also, the δ value controls the steepness of the loss function [22]. 

3.2.3. Correntropy loss function 
The correntropy loss function investigates the similarity of two random variables within a small neighborhood, determined by the 

kernel width of σ. For classification, the similarity between the predicted probability (Yp) and the true label (Ym) is maximized in the 
correntropy, and the loss function is selected in a way that minimization of the expected risk is equivalent to maximization of the 
correntropy criterion. The correntropy function can be defined as follows: 

Vσ = E
[
Gσ

(
Yp − Ym

)]
=

∫∫

Yp ,Ym Gσ
(
Yp − Ym

)
dFYp ,Ym

(
Yp,Ym

)
(3)  

where E[.] denotes the expectation operator; FYp ,Ym is the joint distribution function of Yp and Ym, and Gσ(.) represents a shift-invariant 
Mercer kernel; with the bandwidth σ. The Gaussian kernel can be presented as follows : 

Gσ
(
Yp − Ym

)
= exp

(

−
‖ Yp − Ym‖

2

2σ2

)

(4) 

Moreover, the correntropy with an empirical mean can be estimated as follows: 

V̂ σ
(
Yp,Ym

)
=

1
N

∑N

i=1
Gσ

(
Ypi − Ymi

)
(5)  

where N is the total number of samples, and Ypi and Ymi are the predicted and true labels of ith sample, respectively [23]. 

4. Noises 

4.1. Gaussian noise 

Noise can be measured as a random variable (RV), which is a function that maps an event into a real number. The behavior of RV 
associated with noise can be described with a probability density function (PDF). Gaussian noise is an RV that represents statistical 
noise, with a PDF equal to its normal distribution. The PDF of a Gaussian RV can be represented as follows: 

PDF(z) =
1

σ
̅̅̅̅̅
2π

√ e−
(z− μ)2

2σ2 (6)  

where z denotes the grey level, μ denotes the mean value, and σ denotes the standard deviation [24]. In this study, the Gaussian noise 
with variance parameters of 0.01 and 0.02 was applied to both HSI datasets. 

4.2. Stripe noise 

The stripe noise appears in the rows and columns of satellite images. This noise was applied to the columns of both HSI datasets, as 
shown in Figs. 1(c) and 2(c). 

Fig. 4. The Salinas Scene hyperspectral dataset [19].  
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4.3. Salt-and-pepper noise 

The salt-and-pepper noise creates black and white dots in different areas of an image and reduces its quality. Depending on the 
percentage of noise, scattering of black and white dots can be high or low. Given the probability of pixel corruption (0 ≤ r ≤ 1), the salt- 
and-pepper noise was applied to images by setting a fraction of randomly selected pixels to black (r

2 ) and another fraction of randomly 
selected pixels to white (r

2). 

5. HSI pixel-to-image sampling method 

Considering the large size of images required for the transfer learning of pre-trained models and the large number of hyperspectral 
samples, ordinary computers cannot train this amount of data. Therefore, we proposed a sampling method that stores hyperspectral 
samples as images on the computer hard drive and then sends batches of images to the Graphics Processing Unit (GPU) from the hard 
drive. This method reduces the need for very strong RAM and CPU to train models with large data and also reduces the training time. 

In this study, we proposed a sampling strategy, where each pixel of HSI is considered as a sample. Therefore, the samples should be 
modified to match the input of the Xception architecture (224 × 224× 3). For the Pavia University dataset, each sample is a pixel of 
the image with all its bands (a vector with the size of 1 × 1× 103). The Xception model input is a three-band square RGB image. To 
convert this vector into a square RGB image by the principal component analysis (PCA) method for dimension reduction, each vector 
was reduced to 75 bands (1 × 1× 75) and then reshaped to a size of 5 × 5× 3, as shown in Fig. 5(a). Moreover, all sampling steps for 
the Salinas Scene dataset were the same, except that each vector dimension was reduced to 192 bands, as shown in Fig. 5(b), and each 
vector was reshaped to a size of 8 × 8× 3 as an RGB image. Finally, the output RGB images of both datasets were resized to the input 
shape of the Xception architecture. 

In this sampling strategy, each HSI pixel becomes a complete RGB image, and the features of different HSI bands are displayed as an 
image; therefore, it is easier for the model to distinguish differences between classes. 

6. Experiments and results 

As shown in Fig. 6, sampling was performed on a hyperspectral data cube, as illustrated in Fig. 5. Overall, 70% and 30% of the 
whole dataset were considered as the training and test data, respectively. Also, the Gaussian and salt-and-pepper noises were applied to 
5%, 10%, 15%, 20%, and 25% of total pixels, while the stripe noise was applied to 5%, 10%, 15%, 20%, and 25% of the columns of 
HSIs, respectively. The model was trained with a noiseless training dataset, using the cross-entropy, pseudo-Huber, and correntropy 
loss functions separately. To evaluate the robustness of the CNN model, the trained model with different loss functions was validated 
on noisy test data (Fig. 6). 

The abovementioned steps for both Pavia University and Salinas Scene datasets were performed separately. Considering the nature 
of neural networks, the output varies slightly in each training and evaluation run. Since different results were obtained in each run, it is 
preferable to average the results of multiple runs to determine the effect of each loss function. Therefore, the accuracy of the 

Fig. 5. The HSI pixel to image sampling method.  
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experiments in this study was determined from the average of 50 training and evaluation runs. All experiments were implemented in a 
PC computer, equipped with a single NVIDIA GeForce GTX 1060 6GB GPU, an Intel Core i5-7400 CPU, and an 8 GB RAM. Besides, 
Tensorflow GPU, as a powerful deep learning framework, was applied to the training and test networks. 

6.1. Network setting 

The batch size was set at 20, and the initial learning rate was set at one. The Adadelta optimizer was used for optimization. Overall, 
the model trained two epochs. Considering the large number of images with the proposed sampling strategy, the number of epochs was 
low. The Adadelta decay factor and the initial learning rate decay were set at 0.95 and 0, respectively. We used an input shape of 224 ×
224× 3 in this study. Two dense and fully-connected layers with a size of 128 were used as optional layers, and a Softmax classifier 

was used rather than logistic regression. To decrease the training time and increase accuracy, the transfer learning and pre-trained 
ImageNet model weights were used. Since the nature of satellite images is different from ImageNet images, we could not use the 
total weights of the ImageNet images. Therefore, the weights of the first two ImageNet layers were used for transfer learning to better 
detect the lines, borders, and colors in images. 

6.2. Loss function parameters 

The delta parameter in the pseudo-Haber loss function, as well as the sigma parameter in the correntropy loss function, should be 
adjusted according to the type of noise and its amount. As shown in Fig. 7, variations of delta and sigma parameters affect the 
sensitivity of error and output. According to Fig. 7(a), by increasing the delta value, the pseudo-Haber loss function diagram will have a 
greater loss value as the error increases. Besides, as shown in Fig. 7(b), by increasing the sigma parameter, the loss increases for high 
errors. Also, the diagram of the correntropy loss function for each sigma value has a constant loss value for errors from a certain value 
onwards. As a result, after evaluating the performance of both loss functions with different parameters on two datasets, it was found 
that for the pseudo-Haber loss function, the best and most appropriate delta value was 1.5, while for the correntropy loss function, the 
best sigma value was one. 

6.3. Classification results 

In this section, the prediction results of noiseless and noisy datasets, using the CNN model trained with three loss functions, are 
described. The classification results for the Pavia University dataset are shown in Tables 3 and 5. Also, the overall accuracy and kappa 
coefficient of classification for the Salinas Scene dataset are shown in Table 4 and Table 6, respectively. The results showed the high 
capacity of the CNN model to classify HSIs (OA>98% for noiseless datasets). 

Moreover, the sampling method proposed in this study significantly increased the model training speed (two epochs), and the 
overall accuracy of the model performance was very high in noiseless datasets. An increase in noise significantly reduced the overall 
classification accuracy for the Salinas Scene dataset (Fig. 8), as compared to the Pavia University dataset (Fig. 9). 

6.4. Loss sensitivity (S) 

Loss sensitivity is described as the robustness of a loss function to noise changes when the loss parameters are adjusted to a specific 
level of noise. Therefore, Loss sensitivity can be defined as follows: 

Fig. 6. The process of investigating the CNN model robustness in hyperspectral Noisy Datasets.  
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S =
ACCchange

ACCreg
(7)  

where ACCchange is the accuracy of the CNN model with noise changes, and ACCreg is the regularized accuracy of the CNN model for 
noiseless datasets. Loss sensitivity (S) has a value between zero and one, according to its definition for each loss function. The 
robustness of loss function to noise changes increases with a higher (S) value. As shown in Tables 7 and 8, loss sensitivity is calculated 
at different levels of noise for all loss functions. According to the results, the correntropy loss function in the CNN model showed the 
least accuracy for noiseless datasets, while it had the highest robustness to high noise levels. 

Fig. 7. Diagrams of loss functions adjusted by different parameters.  

Table 3 
The Kappa coefficients of the CNN model for the Pavia University dataset at different noise levels (kappa× 100).  

noise Gaussian Noise Stripe Noise Salt-and-pepper Noise 

Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber 

0 98.48 96.46 96.82 98.48 96.46 96.82 98.48 96.46 96.82 
5 31.80 57.95 50.97 2.98 24.23 5.63 26.16 50.79 38.90 
10 23.65 47.14 39.67 2.78 18.23 5.32 18.04 45.12 30.58 
15 21.28 44.47 34.56 2.69 13.24 5.53 15.88 43.34 28.25 
20 12.77 34.53 23.20 2.09 11.40 5.47 13.11 39.67 25.72 
25 8.32 28.79 15.87 2.01 10.77 4.82 10.07 37.37 25.62  

Table 4 
The Kappa coefficients of the CNN model for the Salinas Scene dataset at different noise levels (kappa× 100).  

noise Gaussian Noise Stripe Noise Salt-and-pepper Noise 

Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber 

0 99.15 98.22 98.59 99.15 98.22 98.59 99.15 98.22 98.59 
5 4.18 18.57 8.81 4.84 17.66 8.76 4.51 18.03 8.98 
10 3.72 16.10 8.22 4.51 16.27 8.01 4.17 16.76 8.42 
15 3.40 11.31 7.97 3.88 15.65 6.71 4.41 15.76 7.21 
20 3.31 9.98 6.54 3.45 14.93 5.22 3.71 14.72 7.08 
25 3.00 8.64 6.41 3.41 14.54 6.30 2.85 13.80 6.61  

Table 5 
The overall accuracy of the CNN model for the Pavia University dataset at different noise levels.  

noise Gaussian Noise Stripe Noise Salt-and-pepper Noise 

Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber 

0 99.22% 97.84% 98.24% 99.22% 97.54% 98.24% 99.22% 97.54% 98.24% 
5 32.41% 58.87% 52.42% 3.82% 25.65% 6.54% 26.88% 51.75% 39.43% 
10 24.71% 48.00% 40.46% 3.71% 19.19% 6.21% 19.44% 46.00% 31.25% 
15 22.20% 45.01% 35.63% 3.64% 14.36% 6.17% 17.23% 44.41% 29.64% 
20 13.71% 35.31% 24.40% 3.44% 12.17% 6.14% 14.13% 40.85% 27.10% 
25 8.93% 29.60% 16.54% 3.39% 11.96% 6.03% 11.02% 38.12% 26.49%  
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6.5. Data complexity 

According to the No-Free-Lunch (NFL) theorem, some prior knowledge is needed in the algorithm to achieve high performance. 
This theorem also states that if an algorithm performs well for a certain class of problems, it necessarily shows degraded performance 
for the set of remaining problems [25]. Therefore, for every algorithm, a learning system is needed. Due to the complexity of data in 
each dataset, an appropriate and specific loss function design is needed for each dataset. According to this theory, different loss 
functions under noiseless and noisy conditions were selected for both datasets. By analyzing the results presented in Figs. 9 and 8, the 
data complexity affected the accuracy of CNN models with different loss functions. The performance of the CNN model with all loss 
functions for the Pavia University dataset was superior to its performance for the Salinas Scene dataset in noisy conditions, because the 
Salinas Scene dataset is more complex. 

7. Conclusion 

In this study, we evaluated the robustness of three loss functions used in the CNN model for three common types of noise in HSIs and 
examined the performance of the cross-entropy (a standard loss function for most applications), correntropy, and pseudo-Huber (two 
well-known robust loss functions) loss functions. Also, we proposed a sampling method for two popular HSI datasets, that is, the Pavia 
University and Salinas Scene datasets. After selecting appropriate delta and sigma parameters for the pseudo-Huber and correntropy 
loss functions, samples were obtained using the proposed HSI sampling method to train the CNN model with different loss functions. 
Three types of Gaussian, stripe, and salt-and-pepper noises were applied to the test samples of both datasets. The performance of the 
trained CNN model with each of the three loss functions was evaluated for all noisy samples by assessing the accuracy, loss sensitivity 
(S), and kappa coefficient. 

Based on our observations, although the cross-entropy and pseudo-Huber loss functions performed better than the correntropy loss 

Table 6 
The overall accuracy of the CNN model for the Salinas Scene dataset at different noise levels.  

noise Gaussian Noise Stripe Noise Salt-and-pepper Noise 

Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber 

0 100.00% 98.97% 100.00% 100.00% 98.97% 100.00% 100.00% 98.97% 100.00% 
5 4.83% 19.57% 9.31% 5.85% 18.46% 9.40% 5.39% 18.64% 10.05% 
10 4.75% 17.59% 9.12% 5.78% 17.59% 8.89% 5.04% 18.18% 9.14% 
15 4.55% 12.42% 8.97% 4.83% 16.77% 7.41% 4.95% 16.68% 8.53% 
20 3.96% 10.90% 7.76% 4.78% 15.84% 6.31% 4.42% 15.84% 8.51% 
25 3.61% 9.87% 7.11% 4.64% 15.77% 7.23% 4.25% 15.16% 7.39%  

Fig. 8. The effect of different noise types on the accuracy of Salinas Scene dataset classification.  
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function for noiseless test samples, by increasing the noise level, the accuracy of cross-entropy and pseudo-Huber loss functions 
significantly reduced. However, the performance of correntropy loss function decreased with a less steep slope than the other two 
functions. The results also showed the high robustness of the correntropy loss function to high noise levels, as compared to the other 
two loss functions. Also, our findings showed that training with samples obtained from the proposed sampling method was appropriate 
and rapid. Overall, in this study, we analyzed the robustness of the Xception CNN model with three different loss functions on two 
noisy HSI datasets, using a well-trained sampling method. 

Declaration of Competing Interest 

We wish to confirm that there are no known conflicts of interest associated with this publication and there has been no significant 

Fig. 9. The effect of different noise types on the accuracy of Pavia University dataset classification.  

Table 7 
Loss sensitivity (S) of the evaluated CNN model for the Pavia University dataset at different noise levels.  

noise Gaussian Noise Stripe Noise Salt-and-pepper Noise 

Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber 

0 - - - - - - - - - 
5 0.3266 0.601 0.5233 0.0385 0.2629 0.0665 0.2709 0.5305 0.4013 
10 0.249 0.4905 0.4118 0.037 0.1967 0.0632 0.1959 0.4716 0.318 
15 0.223 0.46 0.3626 0.0366 0.1472 0.628 0.1736 0.4553 0.3017 
20 0.1381 0.3608 0.2483 0.0346 0.1247 0.0625 0.1424 0.4188 0.2758 
25 0.09 0.3025 0.1683 0.0341 0.1226 0.0613 0.111 0.3908 0.2696  

Table 8 
Loss sensitivity (S) of the evaluated CNN model for the Salinas Scene dataset at different noise levels.  

noise Gaussian Noise Stripe Noise Salt & Pepper Noise 

Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber Crossentropy Correntropy pseudo-Huber 

0 - - - - - - - - - 
5 0.0483 0.1977 0.0931 0.0585 0.1865 0.094 0.0539 0.1883 0.1005 
10 0.0475 0.1777 0.0912 0.0578 0.1777 0.0889 0.0504 0.1836 0.0914 
15 0.0455 0.1254 0.0897 0.0483 0.1694 0.0741 0.0495 0.1685 0.0853 
20 0.0396 0.1101 0.0776 0.0478 0.16 0.0631 0.0442 0.16 0.0851 
25 0.0361 0.0997 0.0711 0.0464 0.1593 0.0723 0.0425 0.1531 0.0739  
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