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Abstract: Convolutional Neural Networks (CNNSs) have recently been proposed as a solution in
texture and material classification in computer vision. However, inside CNNSs, the internal layers of
pooling often cause a loss of information and, therefore, is detrimental to learning the architecture.
Moreover, when considering images with repetitive and essential patterns, the loss of this informa-
tion affects the performance of subsequent stages, such as feature extraction and analysis. In this
paper, to solve this problem, we propose a classification system with a new pooling method called
Discrete Wavelet Transform Pooling (DWTP). This method is based on the image decomposition
into sub-bands, in which the first level sub-band is considered as its output. The objective is to
obtain approximation and detail information. As a result, this information can be concatenated in
different combinations. In addition, wavelet pooling uses wavelets to reduce the size of the feature
map. Combining these methods provides acceptable classification performance for three databases
(CIFAR-10, DTD, and FMD). We argue that this helps eliminate overfitting and that the learning
graphs reflect that the datasets show learning generalization. Therefore, our results indicate that our
method based on wavelet analysis is feasible for texture and material classification. Moreover, in
some cases, it outperforms traditional methods.

Keywords: texture and materials classification; CNNs; wavelet pooling layer

1. Introduction

In deep learning, texture and material analyses play an essential role in object classifi-
cation, detection, and segmentation tasks. This type of analysis has some application areas,
such as computer-aided medical diagnosis, fruit recognition using artificial intelligence,
and object detection in aerial navigation with drones to mention a few.

Deep learning in the last decade has positioned itself as a new solution in the areas of
robotics, computer vision, and natural language [1-3]. In particular, Convolutional Neural
Networks (CNNs) are a category of deep learning, as they are adapted to object analysis
by learning and extracting complex features [4,5]. On the other hand, although CNNs is a
universal extractor, in practice, it is not clear whether CNNs can learn to perform spectral
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analysis—a methodology that can provide a better classification performance of textures
and materials [6]. In this sense, a fusion of methods in order to address this problem
is being used, combining spatial and spectral approaches in a unique architecture [7,8].
Despite the results obtained by the authors in texture classification, their architecture only
merges the features that are lost with the spatial approach. In addition, it is known that
regularization methods focus only on the convolutional layer. While the operations of the
pooling layers have been left without an update [9]. In this sense, we can integrate wavelet
analysis inside deep learning before merging spatial and spectral approaches; that is, we
permit it to become part of the learning process by using the pooling method.

Motivated by the above reasons, in this study, we propose a classification system with
a new pooling method called Discrete Wavelet Transform Pooling (DWTP). The pooling
approach is based on image decomposition into sub-bands. The method is implemented
and developed using Python and Keras API with Tensorflow as Backend. Moreover, the
method is validated on three datasets: CIFAR-10, Describable Textures Dataset (DTD),
and Flickr Material Database (FMD). Our approach is different from traditional methods
because it is not a subsampling methodology by using neighboring regions, but wavelet
pooling maintains its function as a reduction layer. Wavelets allow localization in scale
(i.e., frequency) and space. In other words, wavelets can be used to analyze local and
spatial transients in the data, such as edges or surfaces in an image [10]. Therefore, we can
preserve the most relevant information of textures and materials, which is sometimes lost
with traditional methods such as Max-Pooling (MaxP) and Ave-Pooling (AveP).

In a previous study, as support for this work in [11], we designed a CNN architecture for
object detection with a repetitive pattern approach within aerial navigation as a first attempt.
We argue that the characteristics at different frequencies, low and high, also affect the perfor-
mance of the CNN during training. This architecture is characterized by wavelet analysis,
applying multiresolution analysis to the original image. A new dataset is obtained when the
image is converted to the wavelet domain. Therefore, the information improves learning
performance, eliminates overfitting, and achieves higher efficiency in object detection. Based
on the results from our previous work, we now present a wavelet pooling approach to
improve the learning of the classification model with the following contributions:

1. We present a CNN architecture with a combination of regularization methods (DropOut,
Data Augmentation, and Batch Normalization) to evaluate the performance of each
pooling method: MaxP, AveP, and wavelet pooling (DWTP, DWTaP, and DWTdP). The
objective is to have a reference of the learning behavior.

2. We present a complete evaluation of the classification performance of textures and
materials in images, in addition to a state-of-the-art benchmark dataset. The idea is
to evaluate the adaptability of deep learning with wavelet pooling. Furthermore, we
argue that the methodology is ideal for this type of dataset, where it is recurrent to
have repetitive patterns.

3. We show that the method eliminates the overfitting created by pooling methods while
reducing features using an approach based on level-based decomposition, and it is
more compact than pooling by using neighboring regions. Hence, we offer three con-
figurations: DWTP = approximation and detail information; DWTaP = approximation
information; and DWTdP = detail information. The goal is to preserve the most infor-
mation for each texture and material.

4. We demonstrate that a correct inference of texture or material can be obtained if we
determine the type of pooling to be used during learning. We have conducted several
experiments, but now we can choose the best pooling method depending on the
dataset. Our experiments indicate that this is also useful for future object detection
applications, focusing on physical features such as texture.

In order to present our approach, this paper has been organized as follows: Section 2
shows related work; Section 3 introduces the methodology to address the texture and
material classification problem. Section 4 shows the proposed methodology. After that,
Section 5 shows the results with the three data sets, which have been used to test our
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approach and the experimental part. Finally, Section 6 discusses the results, and Section 7
presents the conclusions and future work.

2. Related Work

This section highlights some applications that have used the wavelet pooling layer to
improve their performance. A new architecture called WaveCNN was proposed in [12].
They note that the pooling layer (Max-Pooling) in a conventional CNN does not consider
the feature structure of the previous layer. Then, Max-Pooling may lose some features.
Therefore, they replace the pooling layer with wavelet decomposition. They succeed in
more adequately representing the features for MNIST handwritten digit classification. A
novel method that combined classical CNN layers with squeeze-and-excitation modules
and the Haar wavelet as a pooling layer was proposed by [13]. The main objective is the
real-time classification of vehicle types. The development of the method improves the
classifier’s performance by highlighting essential feature maps and decreasing the network
entropy. Moreover, they propose a cross-entropy cost function and the use of DWT instead
of Max-Pooling to improve the recognition rate. According to this layer, their model is
named Wavelet Deep Neural Network (WDNN). Another alternative is the application
of a multilevel analysis [14]. The method merges multiple wavelets transforms, as they
function similarly to filters within convolutional neural networks. They show that some
neighborhood methods introduce edge halos, aliasing, and blurring effects in specific
datasets. Choosing the correct pooling method is key to obtaining good results. Thus, they
explore the use of wavelet bases such as Haar, Coiflet, and Daubechies to perform pooling.

In semantic segmentation tasks, encoder—decoder-type networks have been used [15].
This type of CNNs usually uses pooling to reduce computational costs and improve invari-
ances relative to certain distortions and expands the receptive field. However, pooling can
result in information loss, which disruptive to later operations, such as feature extraction
and analysis. Moreover, each image pixel is assigned a specific class in semantic segmen-
tation tasks by dividing it into regions of interest. Therefore, a pooling method based
on wavelet operations has been proposed to divide it into regions of interest. In [16], the
authors presented an approach called 3D WaveUNet, based on wavelets and deep learning
for 3D neuron segmentation. The encoder-decoder network is integrated with a 3D wavelet
to segment the nerve fibers into cubes; the wavelets help the deep networks remove noise
from the data and connect the broken fibers. At the end of the method, the segmented
nerve fibers into cubes are assembled to generate the entire neuron. In this case, the neuron
segmentation method can completely extract the target neuron in noisy neuron images.
A U-Net architecture based on wavelet transform pooling is proposed in [17]. This work
aims to segment multiple sclerosis (MS) lesions in magnetic resonance images (MR). One
characteristic is that the first stage of the network uses the wavelet transform, and in the
second stage, its inverse is used. In both stages, it highlights abrupt changes in the image
and better describes the features. An advantage is its multiresolution analysis; thus, its use
improves the detection of lesions of different sizes and in segmentation.

In the area of image restoration, a multilevel wavelet CNN (MWCNN) method was
proposed to balance the size of the receptive area and computational efficiency [18]. The
main idea is to integrate the wavelet transform within the CNN architecture to reduce
feature maps. The MWCNN method is also based on a U-Net architecture and the inverse
wavelet transform (IWT) for the reconstruction stage with a high resolution. In [9], they
proposed another alternative called wavelet pooling as a layer inside the CNN architecture.
This method decomposes the image into two sub-bands, discarding the first level to reduce
the size of the feature map. The approach allows a structured compression of the data,
reducing the creation of denoised edges and other defects in the image.

On the other hand, some works have employed deep learning and wavelet analysis
in image processing. For example, the method proposed in [19] converted images from
the CIFAR-10 and KDEF database to the wavelet domain, thus obtaining temporal and
frequency features. The different representations created are added to multiple CNN
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architectures. This combination of information in the wavelet domain achieves a higher
detection efficiency and a faster execution time than the procedure in the spatial domain.

In the automatic coding of an image, the design of the CNN architecture has a sig-
nificant weight. In this case, the designed network is a Siamese convolutional neural
network that receives fused information from infrared and visible images. The aim is to
generate a weight map representing the saliency of each pixel. Fusion is performed by
multiscale decomposition of the image using wavelet analysis, and the reconstruction result
is more perceptual to the human visual system [20]. Following the same approach, the
work proposed in [21] presented two methods to highlight the edges of the images in the
classification area. The first method decomposes the images and subsequently reconstructs
them in a limited manner. The second method that develops the enhanced images intro-
duces local maximum wavelet coefficients. Both methods are applied before entering the
CNN architecture.

3. Materials and Methods
3.1. Wavelet Analysis

Wavelets represent functions as simpler, fixed building blocks at different scales and
positions [19]. The one-dimensional wavelet transform can be easily extended to a two-
dimensional wavelet transform (2DWT), which is widely applied to two-dimensional
signals such as images [22,23]. It has greatly impacted image processing tasks such as edge
detection, image recognition, and image compression [6].

3.1.1. 2D Discrete Wavelet Transform

Given an image x, we can use 2D Discrete Wavelet Transform (2D-DWT) with four
convolution filters, i.e., low-pass filter f;; and high-pass filters fry, fur, and fyp, to
decompose x into four sub-images, i.e., x11, Xry, Xy, and xgy [24]. Note that the four
filters have fixed parameters with convolutional stride 2 during the transformation [13,18].
Taking the Haar wavelet as an example, these filters are defined in Equation (1).

IRER ! -1 -1 -1 -1 [+ 1
frL = [—H +1]/fLH = [—H +1]/fHL = [_1 _1]/fHH = [_1 +1] D
Moreover, the operation of DWT is defined in Equation (2):

xpp = (fir®x) b2, xpg = (ftH®x) |2 )
xgL = (fHL ®X) J2, xpH = (fuH ®X) |2

where ® denotes convolution operator, and |, means the standard downsampling operator
with factor 2. In other words, DWT mathematically involves four fixed convolution filters
with stride 2 to implement the downsampling operator. Moreover, according to the theory
of Haar transform [24], the (i, j)th value of x1, x;y, Xy, and xyy can be written in
Equation (3).

xpn(i f) = x(2i — 1,2 — 1) + x(2i — 1,2)) + x(2i,2j — 1) + x(2i,2))
xen(i f) = —x(2i — 1,2j — 1) — x(2i — 1,2j) + x(2i,2j — 1) + x(2i,2j)
2 (i) = —x(2i — 1,2 — 1) + x(2i — 1,2j) — x(2i,2j — 1) + x(2i,2))
xpnli,j) = x(2i — 1,2 — 1) — x(2i — 1,2) — x(2i,2j — 1) + x(2i,2f)

®)

Given that the derivability of the Haar transform is a good property for end-to-
end backpropagation [25], Haar wavelet decomposition is used as a pooling layer in the
proposed structure.

3.1.2. Pooling Method

The pooling method is described by some authors as a subsampling methodology [12,26-28].
The pooling method also transforms the activation map into a new feature map. The pooling
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operation works on small regions of size P; x P;, usually after each convolutional layer. The
pooling method has two main purposes. The first is to reduce the number of parameters and,
thus, reduce the computational cost. The second is to control overfitting [9,17]. The expectation is
that an ideal pooling method extracts only useful information and discards irrelevant details [13].
In general, pooling takes two forms that are most commonly used: Max-Pooling (MaxP) and
Ave-Pooling (AveP) [9,28-33].

These forms of pooling are deterministic, efficient, and simple but have shortcomings
that hinder the learning potential of CNN. Depending on the data, Max-Pooling can erase
details from an image [9]. Hence, this happens if important details have less intensity than
insignificant details. Moreover, it generates noise accumulation, and it is not possible to
restore lost information [16]. Moreover, Max-Pooling is sensitive to overfitting the dataset
used for training and hinders generalization [34]. Average pooling, depending on the data,
can dilute the relevant details of an image. Averaging data with values far below important
details cause this action [9]. Figure 1 illustrates these shortcomings with the example of a
toy image.

Diagonal detail

DWT-Pooling

‘Approximation Horizontal detail

.1

Vertical detail Diagonal detail

I

Figure 1. Example of the shortcoming of Max and Average Pooling against the contribution of

Image Ave-Pooling Max-Pooling

wavelet pooling, preserving the essential features.

If we consider DWT filters as convolutional filters with predefined weights, then
we can observe that DWT is a particular case of FCN (Fully Connected Layers) without
the layers of nonlinearity. The original image can be decomposed by DWT and then
reconstructed exactly by the DWT inverse without losing information [18]. On the other
hand, the wavelet theory opens the possibility to represent the image details inside learning
CNNs, thanks to the frequency and location features generated by the wavelet transform
(see Figure 1 [17]).

3.2. Network Training and Parameter Setting

The algorithms are implemented and developed using the Python language and Keras
API with Tensorflow as Backend. Keras is one of the deep learning frameworks with tools
to create classification models. Moreover, it is an open-source project, and its manner of
programming is sequential through blocks [35]. The hardware specifications of the training
device are an Intel® Core™ i7 processor with an NVIDIA GeForce RTX™ 2080 graphics
card, 12 GB of RAM, and Ubuntu 18.04 64-bit operating system.

The base architecture is the VGG network, and it is one of the first deep models
with good results in a large-scale visual recognition challenge (ILSVRC-2014) with 92.7%
top-5 accuracy [36]. This architecture is designed to facilitate the creation of a classification
model—three convolutional blocks with their pooling layer and one classification stage. The
process is as follows: using the base VGG architecture, combined with the preprocessed
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CIFAR-10, DTD, and EMD datasets, through supervised learning. Before training our CNN,
the loss function and the optimizer need to be specified. These parameters determine how
the network weights should be updated during the training process. In order to compile
the network with Keras, we use the compile() function. Training a CNN means finding the
best set of weights to map the inputs (images) to the outputs (labels) in the training dataset
and, at the same time, in the validation dataset. Training is processed over epochs. An
epoch is an iteration through all samples of the training dataset. Moreover, it is common
for an epoch to be split into minibatches. Each minibatch consists of one or more samples.
After each batch iteration, the weights of the network will be updated. In order to train the
network with Keras, we use the fit() function. The training parameters for the proposed
models are listed in Table 1.

We perform a complete analysis with each of the proposed pooling methods: MaxP,
AveP, DWTP, DWTaP, and DWTdP. In addition, we combine them with the regularization
methods DropOut [37,38], Data Augmentation [17,39], and Batch Normalization [40,41].
In this manner, a learning model is obtained, and we can predict the objects, textures, and
materials in the dataset (test) images with better accuracy.

Table 1. Training parameters of the proposed model.

Hyperparameters
Learning rate 0.001
Minibatch 30, CIFAR-10 = 64
Loss function ‘categorical_crossentropy’
Metrics ‘acc’, ‘loss’
Epochs 500
Callbacks API 4
ModelCheckpoint Monitor = “val_loss’, save_best_only = True, mode = ‘min’
EarlyStopping Monitor = “val_acc’, patience = 15, mode = ‘max’
CVLogger ‘model_history.csv’, append = True
ReduceLROnPlateau Monitor = “val_los’, factor = 0.2, patience = 10, min_Ir = 0.001
Optimizer SGD—Adam

3.3. Benchmark Dataset

In classification tasks, the model must be evaluated on a dataset. We have performed
our experiments on three datasets. The first dataset is CIFAR-10 [42], the second one is
the Describable Textures Dataset (DTD) [43], and the last one is Flickr Material Database
(FMD) [44]. CIFAR-10 consists of 60,000 images of 32 x 32 pixels of ten different objects.
DTD contains 47 classes of 120 images in the wild. This dataset is developed in different
uncontrolled conditions. Initially, it includes 40 training images, 40 validation images,
and 40 test images for each class. Finally, FMD is built with standard materials. It has
ten classes of 100 images, and each image is hand-picked from Flickr.com (under Creative
Commons license) to ensure a variety of lighting conditions, compositions, colors, texture,
and material subtypes.

A good practice is to split our dataset using the Hold-Out Cross-Validation sampling
technique [35]. The technique is used to test the model’s predictive performance and
how well it performs on the test or unseen data. The dataset is initially separated into
two sets: training and test; then, the training set is split into two subsets: training and
validation. The idea is that each set contains representative images of each class. Therefore,
it is achieved to have balanced sets and random. In the case of CIFAR-10, the test set is
initially left with approximately 16.66%, and the training set is divided into two subsets
with the same distribution of images: training 80% and validation 20%. For DTD and FMD,
the distribution is different because the dataset is small. The test set contains 15% of the
data. Therefore, the rest is divided into the training subset with 82% and the validation
subset with 18% of the data.

The images have dimensions of 224 x 224 pixels, except for the CIFAR-10 dataset,
which has dimensions of 32 x 32 pixels. Following convention, it is helpful to normalize
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the pixel values to a range of 0 to 1 for our model to converge quickly because the inputs
with large integer values can slow down the learning process. The number of images per
class is shown in Table 2. As observed, the last two datasets have a few images, but one
advantage is that they have a balance between the number of images per class.

Table 2. The number of images per class.

Dataset Classes Images per Class Training Validation Test
CIFAR-10 10 10,000 40,000 10,000 10,000

DTD 47 120 3931 863 846

FMD 10 100 700 150 150

3.4. Evaluation Index

To quantitatively evaluate the classification model based on the combination of deep
neural networks with pooling methods, this paper adopts the metrics Accuracy, Recall,
Precision, F1, and the confusion matrix to evaluate the classification index [45]. Accuracy
measures the percentage of cases that the model predicted correctly. In this case, it func-
tions well because the classes are correctly balanced. The indicators are calculated from
Equations (4)—(7):

Ace = Total num‘gepr of images @)
b= TP?FP ©)

R= il ®)
F1=2x llj illi )

where Tp is the number of positive samples correctly predicted, and Fp is the number of
samples where negative samples are predicted as positive. Fy is the number of positive
samples that are predicted as negative samples. The Scikit learn library provides us with a
classification report to evaluate the quality of the predictions of a classification algorithm.
The method shows us the main classification metrics (classification_report).

4. Proposed Method

The design of an effective model for texture and material classification considers
several issues: CNN architecture, dataset, regularization methods, model accuracy, and
information pooling. The proposed wavelet pooling method mainly focuses on improving
the model’s classification performance. Moreover, the wavelet pooling method reduces the
artifacts that result during a dimension reduction in feature maps. Our approach preserves
the significant features that traditional methods cannot retain. To evaluate our approach
(DWTP) and to have the effect of each pooling method concerning the dataset, we outline
the main steps below:

1.  We decided to involve digital images containing mainly textures and materials for
the CNN training. Textures and materials are key features for evaluating the pooling
method against a loss of information with repetitive patterns.

2. Each dataset being evaluated is divided into three parts: training, validation, and test.
A higher distribution percentage for the training set and the remaining percentages
for the validation and test sets are similar. This is a good practice in state-of-the-art
CNN:s [35].

3. An approximate version of the VGG16 architecture is used in the CNN design but
with only three convolutional blocks. In addition, a classification block is proposed
for our research case. The training hyperparameters are described in Table 1.
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4. The configuration for pooling inside each convolutional block of the CNN (Block.CX)
permits a reduction in the feature map. This initial configuration depends on the
selection of the pooling method. Therefore, we have at our disposal Ave and Max
Pooling, the proposed DWTP method, and the complementary versions DWTaP
and DWTdP.

5. The evaluation stage includes the analysis of the classifier with the accuracy metric be-
cause it allows us to evaluate the performance of the model and its learning behavior.

6.  Finally, we use regularization methods to improve the performance of the model.

The main contribution is to perform pooling (as a layer) inside the CNN using a
level-based decomposition approach. Hence, the proposed approach (DWTP) concatenates
the sub-images x11, xp 1, xgL and xpy, given Equation (3). From this approach, we obtain
two configurations. The first configuration (DWTaP) uses only the first level approximation
sub-band x; 1, and the second approach (DWTdP) uses all the first level detail sub-bands.
The traditional methods (AveP-MaxP) are implemented with the Keras and TensorFlow
methods. The diagram of the proposed methodology is presented in Figure 2.

Dataset Pooling
FIFARIO-_ DTD47 - FMD10 ) Do Max-Pooling
dsiclaamlnaesin. | - Trainig set © 2 Ave-pooling
el el md dmp| - validationset [mp: > DwTPoolne
e amalloinonlocnllagm | - Testset P ool
T e B e ey g o g S 5. DWTd-Pooling
v =dsvns i msalmly IR
)
Block.C1 Block.C2 Block.Prediction Classifier
"~ Block.C3 8 evaluation
# c 3 (Accuracy)
—> g o £
Base VGG3 2 . 3 .
» Regularization methods
+DropOut
ock.Feature T J +DataAugmentation
Block.Classification +BatchNormalization

Extraction
Figure 2. Block diagram for the proposed methodology.

5. Experimental Results

The different classification models created allow us to analyze the contribution of
wavelet pooling; in this case, we can analyze images with objects, textures, and materials.
We can also observe the learning curve of the proposed pooling methods. Furthermore,
we incorporate regularization methods for image classification to improve the model’s
learning capability. The experiments obtained using the three proposed regularization
techniques are shown in Figures A1l and A2 in Appendix A, based on the VGG architecture
and the pooling method. In this manner, a complete analysis of the performance of the
classifier is provided.

5.1. Model Training Results and Analysis

In order to perform efficiency testing of each pooling method on each dataset, we
use an initial configuration where each pooling layer inside the architecture has only
one pooling method at a time. All pooling methods use a 2 x 2 window to perform the
comparison with the proposed method.

5.1.1. Image Classification CIFAR-10

The first dataset we used is CIFAR-10, with a set of 60,000 images. Table 3 shows that
our proposed method outperforms all methods. In this sense, the DWTaP combination uses
only the approximation information. In addition, we retain the number of parameters to be
trained. Figure 3 shows the learning curves of the pooling methods for CIFAR-10. In this
case, it is observed that MaxP and DWTaP resist overfitting; moreover, it shows a slower
tendency to learn in both sets. AveP maintains a consistent learning progression in both sets,
but accuracy does not improve after epoch 50. In DWTP, it shows the smoothest drop-in
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learning. It also achieves the best accuracy performance for the training set. DWTdP shows

a rapid decrease during learning, which does not resist overfitting after epoch 70.

Accuracy(%)
o
()]

CIFAR10
Training and validation accu & loss

0.9 1

0.8 1

0.7 1

0.5 1

0.4 1

0.3 1

R TG KR = Syramags ~

MaxP training acc

MaxP validation acc
AveP training acc

AveP validation acc
DWTP training acc

DWTP validation acc
DWTaP training acc
DWTaP validation ac
DWTdP training acc
DWTdP validation ac

C

C

0 20 40 60 80 100
Epochs

(a) Accuracy

CIFAR10
Training and validation accu & loss

120

MaxP training loss

MaxP validation loss
—— AveP training loss
-=—- AveP validation loss
—— DWTP training loss
—=—- DWTP training loss
—— DWTaP training loss

—— DWTdP validation loss

\}
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Figure 3. Learning behavior on CIFAR-10 training and validation sets.
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Table 3. Performance of pooling methods on CIFAR-10.
Trainable
Method Loss Acc Val_Loss Val_Acc Test_Loss Test_Acc
Params
MaxP 545,206 0.2741 0.9069 0.3058 0.8990 0.3365 0.8913
AveP 545,206 0.3220 0.8906 0.3296 0.8932 0.3493 0.8850
DWTP 1,558,966 0.1958 0.9330 0.3181 0.9020 0.3461 0.8946
DWTaP 545,206 0.2568 0.9126 0.2970 0.9067 0.3208 0.8970
DWTdP 1,221,046 0.3678 0.8735 0.4040 0.8701 0.4207 0.8672

The correlation of each class with their actual and predicted label for each model is
shown in Figure A3 in Appendix B, which shows the multiple confusion matrix. Moreover,
the classification report with the evaluation metrics for CIFAR-10 is shown in Table A1
of Appendix C.

5.1.2. Image Classification with Textures DTD

The second dataset we use is DTD, with 47 classes of different textures. Note that it
has only 120 images for each category, which may cause overfitting in the model. Thus,
the proposed method is also a solution when you have a small dataset. In this case, we
performed two experiments by varying the training optimizer. First, we use SGD as the
optimizer. Table 4 shows that our proposed DWTP method using its DWTaP configuration
outperforms all the methods. In addition, we retain similitude in all three sets: training
(37.40%), validation (31.17%), and test (34.16%). The DWTaP model obtained with this
configuration is shown in Figure A4 of Appendix B, which shows the correlation of each
class with its actual and predicted label. Based on this result, we decided to use the
following optimizer to improve classification performances.

Table 4. Performance of pooling methods on DTD - SGD optimizer.

Method Trainable Loss Acc Val_Loss Val_Acc Test_Loss Test_Acc
Params

MaxP 12,344,831 2.5715 0.3176 2.9217 0.2480 2.8203 0.2742

AveP 12,344,831 1.7849 0.5024 2.4606 0.3766 2.3937 0.3865

DWTP 48,748,031 1.8842 0.4817 2.4958 0.3685 2.4415 0.3924

DWTaP 12,344,831 2.3214 0.3740 2.7459 0.3117 2.6390 0.3416

DWTdP 36,613,631 3.5035 0.1069 3.4968 0.1136 3.4817 0.1288

In the second experiment, we use an Adam-an extension of stochastic gradient descent.
Table 5 shows that our proposed DWTaP method and MaxP exhibit the best classification
performance on all three data sets. In this case, we consider a change in the optimizer that
resulted in an essential factor for learning MaxP. Figure 4 shows the learning curves of
the pooling methods for DTD. Here, MaxP shows a smooth learning decay and similar
behavior between the two sets. It also resists overfitting, managing to have good accuracy
performance. AveP and DWTP maintain a consistent learning progression, and their
validation sets progress at a similar rate but does not resist overfitting. The learning rate of
DWTaP resists overfitting in both sets, achieving one of the best accuracy performances.
DWTdP shows a slow learning behavior; thus, the learning rate does not improve after
epoch 28.
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Table 5. Performance of pooling methods on DTD—Adam optimizer.
Trainable
Method Loss Acc Val_Loss  Val_Acc  Test_ Loss  Test_Acc
Params
MaxP 12,344,831 1.7423  0.5225 2.1863 0.4426 2.1376 0.4350
AveP 12,344,831 1.6607 0.5324 2.1816 0.4345 2.1934 0.4184
DWTP 48,748,031 1.4055  0.5922 2.0647 0.4855 2.0195 0.4799
DWTaP 12,344,831 1.6408  0.5329 2.2657 0.4484 2.2878 0.4302
DWTdP 36,613,631 3.3241 0.1356 3.3666 0.1425 3.3205 0.1536

0.6 1

0.5

o o
w By

Accuracy(%)

It
)

0.1 1

0.0 1

The DWTaP and MaxP learning models obtained with this configuration are shown in
Figure A5 of Appendix B, which summarizes the level of success of the classification model
predictions. Moreover, the classification reports obtained with both configurations (SGD
and Adam) for DTD are shown in Appendix C and Tables A2 and AS3.
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Figure 4. Learning behavior on DTD training and validation sets—Adam optimizer.
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5.1.3. Image Classification with Materials FMD

The third dataset we used is FMD with ten classes of different materials. Moreover, it
is a small dataset since it only has 100 images per class. Likewise, we performed two exper-
iments: the first with the SGD optimizer and the second with the Adam optimizer. Table 6
shows that our proposed DWTP method using its DWTdP configuration outperforms all
methods. In addition, we retain a similitude in the three sets: training (16.87%), validation
(18.67%), and test (14.00%). The DWTdP model obtained with this configuration is shown
in Figure A6 of Appendix B, which shows the correlation of each class with its actual and
predicted label.

Table 6. Performance of pooling methods on FMD—SGD optimizer.

Trainable

Method Loss Acc Val_Loss Val_Acc Test_Loss Test_Acc
Params

MaxP 12,341,686 2.6234 0.2239 2.4013 0.1667 2.4426 0.1333

AveP 12,341,686 1.7555 0.4369 2.2773 0.2067 2.3420 0.2467

DWTP 48,744,886 1.5113 0.4896 2.0208 0.3533 2.1488 0.2867

DWTaP 12,341,686 1.3802 0.5101 2.1916 0.3267 2.3301 0.3066

DWTdP 36,610,486 3.0464 0.1687 2.3172 0.1867 24176 0.1400

The change of the optimizer, in this case, was beneficial for AveP learning. Table 7
shows that our proposed DWTdP method and AveP exhibit the best classification perfor-
mance on all three datasets. Figure 5 shows the learning curves of the pooling methods
for FMD. In this case, MaxP shows a smooth learning descent and similar behavior be-
tween the two sets, but after epoch 22, it does not resist overfitting. AveP achieves the
best performance at epoch 17, avoiding overfitting in the following epochs. DWTP and
DWTaP maintain a consistent learning progression, and their validation sets progress at
a similar rate but does not resist overfitting. DWTdAP shows a slow learning trend in the
early epochs, but after epoch 15, the learning rate improves, and the sets evolve at a similar
rate, achieving good accuracy performance.

Table 7. Performance of pooling methods on FMD—Adam optimizer.

Method Trainable Loss Acc Val_Loss Val_Acc Test_Loss Test_Acc
Params

MaxP 12,341,686 1.4713 0.4821 2.0068 0.2867 2.1222 0.2867

AveP 12,341,686 1.9043 0.3594 2.2249 0.3267 2.0981 0.3000

DWTP 48,744 886 1.3116 0.5493 2.0832 0.3200 2.0667 0.3133

DWTaP 12,341,686 1.4319 0.5108 2.0566 0.3667 2.0717 0.2866

DWTdP 36,610,486 2.1660 0.2239 2.1728 0.2600 2.2071 0.2199

The DWTdP and AveP learning models obtained with this configuration are shown in
Figure A7 of Appendix B, which summarizes the level of success of the classification model
predictions. Moreover, the classification reports obtained with both configurations (SGD
and Adam) for FMD are shown in Tables A4 and A5 of Appendix C.
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Figure 5. Learning behavior on FMD training and validation sets—Adam optimizer.

6. Discussion

Even though CNNs have established their position in image analysis and the different
elements that are considered to improve classification performance and that these are
well known in the literature, only a few experiments have been conducted by taking into
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account the pooling layers. In Figures 3-5, we illustrate the learning behavior of each
model and for each pooling method. From the Figures, it is clear that the DWTP versions
of the model behavior in both training sets are uniformly distributed. That is, the learning
curve remains stable and shows a similar generalization in all three training sets. When
the optimizer change is proposed, the results are very similar for the DWTP versions.
Moreover, it achieves increased classification performance for both the proposed version
and the traditional methods.

Furthermore, Table 8 contains the results of comparison of our proposals with other
methods proposed by Fujieda et al. [7] and Andrearczyk et al. [8], where the accuracy
rate for the models trained from scratch on the DTD dataset is evaluated. The bold values
shown in Table 8 indicate that our results are quite comparable with those of the other
methods. Moreover, it shows the number of synaptic weights to be trained. The results
show that our proposals are computationally lightweight. In a general manner, we can
observe the algorithm’s efficiency for CIFAR-10 in Table 3. Currently, this dataset can be
compared in the literature because it is one of the most important in the Deep Learning
area. As for FMD, we can mention that there are algorithms with a performance above that
obtained; however, it differs from the central concept in combining both approaches and
considering the wavelet pooling method.

Table 8. Performance evaluation and comparison with other methods indicated as accuracy
(%)—DTD dataset.

Testl Test2
Method T-CNN Wavelet CNN DWTaP MaxP DWTaP
Trainable params (millions) 234 14.1 12.3 12.3 12.3
DTD (%) 0.2780 0.3560 0.3416 0.4350 0.4302

On the other hand, Tables 4-7 show that the loss metric achieves a high index in the
training sets compared to Table 3; this learning behavior is because the sets being evaluated
are different. In this case, we have a CIFAR-10 with more than 1000 images per class, unlike
for the sets with small data such as DTD and FMD. Therefore, the size of the dataset is
one more parameter to consider for the contribution of our research, where overfitting is
prevented, and we can maintain a similitude in the accuracy of the model.

In this context, it is observed that we analyzed the impact of considering DWTP and
its different configurations inside CNN learning through the different experiments. Our
main observations are as follows: (a) To consider a DWTP configuration in the learning
stage that presents a learning uniformity; (b) the use of a DWTP configuration to reduce
the number of features is desirable to preserve relevant information; and (c) although some
tests upon optimizer change have a good response towards other methods, the DWTP
method also increases its classification performance. However, we note that this approach
depends on the dataset’s type.

7. Conclusions

We have presented wavelet pooling (DWTP, DWTaP, and DWTdP), a pooling method
capable of preserving useful information to improve the classification performance of
textures and materials in images. Wavelet pooling is introduced inside the proposed VGG
architecture as a layer. This layer performs the same function as the traditional methods;
however, the difference is that instead of using a subsampling technique on neighborhood
regions, this technique is based on the multilevel decomposition of the input image using
wavelet analysis. As a result, four new subsets of features contribute to model learning;:
approximation, vertical details, diagonal details, and horizontal details.

We demonstrate that the wavelet pooling method achieves acceptable classification
performance. Moreover, wavelet pooling achieves matching and outperforms some tra-
ditional methods used in CNN learning. Our proposed method outperforms all others
on the CIFAR-10 dataset with 89.70% on the test set. The DTD dataset shares a similar
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performance when changing the optimizer with 43%. In the case of the FMD set, the perfor-
mance achieved was 22% in the detailed version and 30% with the Ave method, possessing
similarities in its three training sets. The integration of DropOut, Data Augmentation,
and Batch Normalization also positively reacts to the proposed methods, improving the
classification performance.

The proposed methodology in its decomposition stage can result in a better reduction
in image features. In addition, sub-bands at different levels can be considered in learning
and could result in better accuracy. The results show that some methods perform better
than others depending on the dataset, hyperparameter configurations, and the design of
the CNN architecture.

On the other hand, CNN is characterized by the random aspect in the election of filters
of the convolution layers. Therefore, as a further investigation, we can add stability in the
selected filters inside the pooling layer.

This approach will allow us in the future to test other texture features and change
the wavelet base to analyze which base works best for pooling. Moreover, the proposed
architecture and pooling method can be applied in pattern recognition, classification tasks,
and object detection in aerial robotics. Therefore, this is ideal for designing an object
classification system for aerial navigation, where the main feature is the analysis of repet-
itive patterns such as textures. Furthermore, we will investigate possible methods to
improve the architecture in order to reduce computational costs while preserving classifica-
tion performances.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network

DWTP  Discrete Wavelet Transform Pooling

2DWT Two-Dimensional Wavelet Transform

DWTaP  Discrete Wavelet Transform Approximation Pooling
DWTdP Discrete Wavelet Transform Details Pooling

DTD Describable Textures Dataset

FMD Flickr Material Database
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Figure Al. Learning behavior for baseline architecture + pooling, increasing DropOut, Data Aug-
mentation, and Batch Normalization—DTD dataset.
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Appendix A.2. FMD Dataset

FMD10

FMD10
Training and validation accu & loss Training and validation accu & loss
7
1.0 MaxP training acc MaxP training loss
MaxP validation acc MaxP validation loss
—— MaxP+DO training acc 6 —— MaxP+DO training loss
=== MaxP+DO validation acc === MaxP+DO validation loss
08 —— MaxP+DO+DA training acc 5 —— MaxP+DO0+DA training loss
—=- MaxP+DO+DA validation acc —=- MaxP+DO+DA validation loss
. —— MaxP+DO+DA+BN training acc LN MaxP+DO+DA+BN training loss
S ——- MaxP+DO+DA+BN validation acc ~4 n I —=- MaxP+DO+DA+BN validation loss
$ 06 S i, s
2 < AN -
I « N eaae
5 I e
g E !
< WY
04 A\
2 e
02 1
0
T T v v y v T T T T T T
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

(a) MaxPooling-Acc.

#ot0 o0
Training and accu & loss Training and

accu & loss

(b) MaxPooling-Loss.

FMD10

Training and accu & loss

10 ‘AveP training acc
‘AveP validation ace
00

Accuracy(%)

@0 50 ) 70 ] T 20 30 40 EY © 70
Epochs. Epochs.

(c) AvePooling-Acc. (d) AvePooling-Loss.

Fo10
Training and

FMD10
accu & loss

Training and accu & loss

OWTP training loss.

loss
-~ DWTP+DO+DA+BN validation loss

Accuracy(%)

-~ DWTaP+DO+DA+BI

[ 10 20 W £ [ T 2 ) B

30 £
Epochs. Epochs.

(f) DWTPooling-Loss. (g) DWTaPooling-Acc.

FMD10

Training and accu & loss

Training and

30
Epochs.

(e) DWTPooling-Acc.

FMD10

Training and accu & loss

(h) DWTaPooling-Loss.

FMD10
accu & loss

DWTGP training acc
DWTGP validation acc

—— DWTGP+DO training acc

~-~ DWIGP+DO validation acc

20
Epochs

(i) DWTSPooling-Acc.

20
Epochs

(j) DWTdPooling-Loss.

Figure A2. Learning behavior for baseline architecture + pooling, increasing DropOut, Data Aug-
mentation, and Batch Normalization—FMD dataset.

Appendix B. Multiple Confusion Matrix

The multiple confusion matrix is an N x N table that summarizes the level of success

in the predictions of a classification model: that is, the correlation between the label and
the classification of the model.
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Appendix B.1. CIFAR-10 Dataset
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Figure A5. Experiment 2 with Adam Optimizer—the confusion matrix correlates with the two best
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Figure A6. Experiment 1 with SGD Optimizer—The confusion matrix correlates with the best model

(DWTdP) obtained for the FMD dataset.
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Figure A7. Experiment 2 with Adam Optimizer—the confusion matrix correlates with the two best
models (AveP and DWTdAP) for the DTD dataset.
Appendix C. Classification Report with Evaluation Metrics
Appendix C.1. CIFAR-10 Dataset
Table A1l. Classification report for CIFAR-10 dataset. In this case, each pooling method is evaluated
considering DropOut, Data Augmentation, and Batch Normalization.
Method MaxP AveP DWTP DWTaP DWTdP
Class P R F1 P R F1 P R F1 P R F1 P R F1 Test

airplane  0.89 092 090 086 093 0.89 092 090 090 090 090 090 086 090 0.88 1000
automobile 092 097 095 093 096 094 094 097 095 093 097 095 092 096 094 1000
bird 087 084 086 087 083 08 085 085 08 088 0.83 086 083 0.80 0.81 1000
cat 081 075 078 078 077 0.77 081 077 078 080 079 079 075 072 0.73 1000
deer 0.88 090 0.89 089 086 087 089 088 089 086 092 089 0.84 089 0.86 1000
dog 085 082 083 088 078 083 084 084 084 086 083 084 082 075 078 1000
frog 087 095 091 088 078 083 089 095 092 092 094 093 088 091 0.89 1000
horse 092 092 092 088 094 091 094 093 093 093 094 093 090 091 090 1000
ship 096 091 094 095 092 093 094 094 094 095 093 094 094 092 093 1000
truck 094 093 094 091 093 092 094 094 094 093 094 093 093 092 093 1000
Acc 0.89 0.89 0.89 0.90 0.87 10,000
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Appendix C.2. DTD Dataset

Table A2. Experiment 1 with SGD Optimizer—classification report for the DTD dataset.

Method MaxP AveP DWTP DWTaP DWTdP
Class P R F1 P R F1 P R F1 P R F1 P R F1  Test
band 067 044 053 075 050 060 071 056 063 083 056 0.67 012 006 008 18
blot 0.00 000 0.00 033 0.06 010 008 006 006 013 011 012 0.00 0.00 0.00 18
brai 017 006 0.08 013 011 012 029 011 016 010 0.06 0.07 011 006 007 18
bubb 0.17 0.06 008 064 039 048 030 033 032 020 017 0.18 010 0.11 011 18
bump 073 044 055 043 017 024 0.00 0.00 0.00 1.00 017 029 000 0.00 0.00 18
cheq 048 067 056 075 050 060 065 061 063 069 050 058 033 033 033 18
cobw 048 067 056 068 072 070 052 072 060 061 061 061 012 0.06 0.08 18
crac 045 028 034 033 044 038 033 044 038 029 033 031 011 011 0.11 18
cros 0.16 044 024 036 056 043 024 050 033 027 067 038 0.00 000 0.00 18
crys 035 033 034 060 050 055 053 044 048 029 033 031 011 011 011 18
dott 080 022 035 015 011 013 042 028 033 050 028 036 0.00 000 000 18
fibr 017 028 021 041 039 040 035 044 039 030 039 034 012 033 018 18
flec 015 044 022 013 039 019 018 017 017 017 056 026 010 017 013 18
frec 043 056 049 064 078 070 093 078 08 050 072 059 021 067 032 18
fril 021 022 022 053 044 048 0.60 050 055 036 028 031 0.00 000 0.00 18
gauz 038 017 023 032 033 032 039 039 039 045 028 034 010 022 014 18
grid 0.14 006 008 036 044 040 040 056 047 040 056 047 0.00 000 0.00 18
groo 018 033 023 017 039 024 032 061 042 022 044 029 0.00 000 0.00 18
hone 050 006 010 050 017 025 042 028 033 0.00 0.00 0.00 0.00 0.00 000 18
inte 036 028 031 040 044 042 038 044 041 083 028 042 017 006 0.08 18
knit 013 050 021 043 056 049 057 044 050 025 056 034 0.00 000 0.00 18
lace 014 028 018 029 033 031 022 044 030 024 072 036 007 017 010 18
line 041 072 052 052 067 059 053 056 054 071 056 0.63 011 006 0.07 18
marb 021 033 026 043 033 038 023 028 025 025 017 020 0.06 0.11 0.07 18
matt 029 044 035 035 039 037 040 033 036 036 028 031 0.07 022 011 18
mesh 050 006 0.10 050 017 025 050 044 047 020 006 009 017 0.06 0.08 18
pais 019 022 021 034 072 046 031 056 040 033 044 038 050 006 0.10 18
perf 040 022 029 046 033 039 035 044 039 046 033 039 050 006 010 18
pitt 024 033 028 0.00 0.00 000 025 022 024 024 022 023 0.00 000 000 18
plea 060 017 026 030 033 032 037 05 044 075 017 027 0.00 0.00 0.00 18
polk 050 017 025 042 056 048 062 056 059 056 028 037 0.00 000 0.00 18
poro 0.05 006 005 050 028 036 013 011 012 017 022 019 007 017 010 18
poth 026 044 033 038 067 048 045 072 055 031 089 046 0.07 039 012 18
scal 0.00 000 o0.00 033 011 017 022 011 015 0.00 0.00 0.00 012 0.06 0.08 18
smea 0.00 000 o0.00 o022 011 015 014 011 012 020 0.06 0.09 0.00 000 000 18
spir 050 011 018 020 011 014 030 017 021 025 022 024 036 022 028 18
spri 075 017 027 050 033 040 050 033 040 033 011 0.17 1.00 0.06 011 18
stai 0.10 0.17 012 017 0.06 0.08 025 017 020 022 028 024 022 033 027 18
stra 031 050 038 038 067 048 040 056 047 024 028 026 0.00 000 0.00 18
stri 081 072 076 055 067 060 073 061 067 075 067 071 025 028 026 18
stud 064 050 056 060 067 063 055 061 058 064 039 048 020 050 028 18
swir 050 011 018 029 022 025 0.00 000 0.00 000 0.00 000 0.00 000 0.00 18
vein 025 028 026 043 033 038 046 033 039 075 017 027 014 028 0.19 18
walff 055 067 060 079 061 069 052 078 062 052 067 059 025 056 034 18
wove 025 022 024 040 056 047 045 050 047 039 050 044 014 022 017 18
wrin 0.00 000 0.00 030 017 021 020 006 009 029 011 016 0.00 0.00 000 18
zigz 0.18 011 0.14 030 039 034 027 022 024 042 044 043 0.00 000 0.00 18
Acc 0.27 0.39 0.39 0.34 0.13 846
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Table A3. Experiment 2 with Adam Optimizer—classification report for the DTD dataset.

Method MaxP AveP DWTP DWTaP DWTdP
Class P R F1 P R F1 P R F1 P R F1 P R F1  Test

band 065 072 068 071 067 069 082 078 080 075 050 060 021 033 026 18
blot 050 006 010 o010 0.06 007 022 011 015 033 022 027 0.00 000 000 18
brai 023 017 019 0.0 0.00 o0.00 016 017 016 025 011 0.15 0.00 0.00 0.00 18
bubb 054 039 045 043 017 024 040 044 042 047 039 042 0.00 000 0.00 18
bump 018 017 017 018 011 014 025 0.06 0.09 038 017 023 000 0.00 0.00 18
cheq 065 072 068 060 067 063 093 072 081 076 072 074 042 028 033 18
cobow 065 083 073 067 089 076 061 094 074 052 078 062 029 011 016 18
crac 039 061 048 055 061 058 077 056 065 038 056 045 033 011 017 18
cros 039 061 048 023 050 031 040 044 042 034 061 044 0.00 000 0.00 18
crys 059 056 057 047 050 049 044 078 056 042 044 043 014 028 019 18
dott 062 028 038 045 028 034 036 022 028 050 028 036 0.00 000 000 18
fibr 1.00 033 050 053 050 051 065 061 063 060 050 05 009 017 012 18
flec 032 039 035 015 028 020 030 039 034 032 033 032 021 022 022 18
frec 088 083 08 074 078 076 088 083 086 068 083 075 017 044 025 18
fril 059 056 057 058 039 047 053 056 054 080 044 057 0.08 006 0.06 18
gauz 038 028 032 039 039 039 028 028 028 058 039 047 012 028 0.17 18
grid 056 056 056 056 056 056 041 067 051 033 044 038 0.00 0.00 0.00 18
groo 025 039 030 032 050 039 037 039 038 027 044 033 0.00 0.00 0.00 18
hone 029 039 033 047 044 046 024 028 026 033 033 033 0.00 000 0.00 18
inte 036 056 043 041 039 040 050 067 057 053 050 051 025 006 0.09 18
knit 045 056 050 036 067 047 050 050 050 050 044 047 017 028 021 18
lace 033 044 038 037 039 038 050 056 053 024 044 031 012 039 019 18
line 065 061 063 057 072 063 072 072 072 062 072 067 044 039 041 18
marb 043 017 024 026 028 027 043 033 038 036 022 028 010 017 0.12 18
matt 048 061 054 041 039 040 057 044 050 050 017 025 0.08 028 012 18
mesh 033 022 027 043 033 038 055 033 041 043 033 038 020 011 0.14 18
pais 045 050 047 041 072 052 048 067 056 043 050 046 029 022 025 18
perf 033 039 036 050 050 050 035 044 039 034 056 043 0.00 000 0.00 18
pitt 014 006 008 025 028 026 013 011 012 015 011 013 017 006 0.08 18
plea 053 050 051 044 039 041 032 044 037 037 039 038 025 011 015 18
polk 048 067 056 050 061 055 044 044 044 053 056 054 0.00 000 0.00 18
poro 036 028 031 017 0.06 0.08 029 028 029 017 028 021 0.06 0.11 0.08 18
poth 053 050 051 045 056 050 065 061 063 054 072 062 011 050 0.18 18
scal 029 033 031 033 022 027 046 067 055 035 033 034 0.00 000 000 18
smea 0.00 0.00 0.00 0.08 0.06 006 012 006 0.08 018 011 0.14 0.00 0.00 0.00 18
spir 0.19 017 018 023 017 019 050 028 036 028 028 028 033 011 017 18
spri 056 028 037 057 022 032 05 050 053 050 033 040 0.00 0.00 0.00 18
stai 056 028 037 032 033 032 057 044 050 033 033 033 017 022 019 18
stra 056 056 056 038 044 041 059 056 057 047 050 049 0.00 0.00 0.00 18
stri 044 061 051 060 067 063 100 067 080 060 083 070 026 044 033 18
stud 044 061 051 060 067 063 061 061 061 073 061 067 038 033 035 18
swir 033 044 038 043 033 038 041 039 040 035 039 037 0.00 000 0.00 18
vein 022 028 024 030 033 032 045 028 034 037 039 038 012 028 0.17 18
walff 0.67 067 067 071 056 063 060 067 063 063 067 065 019 056 029 18
wove 043 067 052 035 044 039 045 072 055 038 028 032 024 028 026 18
wrin 050 011 018 040 011 017 033 044 038 031 022 026 0.00 000 0.00 18
zigz 036 056 043 045 056 050 0.60 050 055 047 050 049 0.04 006 0.056 18
Acc 0.43 0.42 0.48 0.43 0.15 846
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Appendix C.3. FMD Dataset
Table A4. Experiment 1 with SGD Optimizer—classification report for the FMD dataset.

Method MaxP AveP DWTP DWTaP DWTdP
Class P R F1 P R F1 P R F1 P R F1 P R F1  Test
fabric 0.00 0.00 0.00 0.07 0.07 007 000 000 000 029 013 018 0.14 0.07 0.09 15
foliage 0.00 0.00 0.00 1.00 033 050 100 073 08 073 073 073 031 053 0.39 15
glass 0.00 0.00 0.00 033 0.07 011 0.12 0.07 009 038 020 026 0.00 0.00 0.00 15
leather 0.12 080 021 0.17 033 023 017 020 0.18 0.17 047 025 010 020 0.13 15
metal 0.00 0.00 0.00 011 020 014 019 020 0.19 017 013 015 0.00 0.00 0.00 15
paper 043 040 041 015 013 014 030 020 024 0.00 0.00 0.00 013 047 021 15
plastic  0.00 0.00 0.00 1.00 0.13 017 043 020 027 033 013 019 018 0.13 0.15 15
stone 0.12 0.07 009 022 013 017 022 040 029 030 020 024 0.00 0.00 0.00 15
water 0.04 0.07 005 060 060 060 033 047 039 047 053 050 0.00 0.00 0.00 15
wood 0.00 0.00 0.00 021 047 029 025 040 031 025 053 034 0.00 0.00 0.00 15
Acc 0.13 0.25 0.29 0.31 0.14 150
Table A5. Experiment 2 with Adam Optimizer—classification report for the FMD dataset.
Method MaxP AveP DWTP DWTaP DWTdP
Class P R F1 P R F1 P R F1 P R F1 P R F1  Test
fabric 0.06 0.07 0.06 020 007 010 006 007 006 011 013 012 0.00 0.00 0.00 15
foliage 082 0.60 069 088 047 061 092 073 081 1.00 080 089 056 067 0.61 15
glass 0.50 0.07 012 032 053 040 029 0.13 0.18 020 020 0.20 0.00 0.00 0.00 15
leather 0.12 0.13 0.12 0.17 027 021 013 013 013 021 033 026 0.00 0.00 0.00 15
metal 0.14 0.13 0.14 0.00 0.00 000 0.00 0.00 000 025 0.07 011 0.00 0.00 0.00 15
paper 025 013 017 025 040 031 031 033 032 0.17 0.07 010 0.17 033 0.22 15
plastic 025 0.07 011 033 020 025 033 020 025 036 027 031 011 0.07 0.08 15
stone 033 060 043 036 033 034 030 060 040 017 027 021 022 053 031 15
water 035 0.80 049 042 033 037 047 053 050 050 040 044 027 047 034 15
wood 025 027 026 022 040 029 035 040 038 022 033 026 014 013 0.14 15
Acc 0.29 0.30 0.31 0.29 0.22 150
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