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A novel multi-branch wavelet neural network for sparse
representation based object classification

L2 Marie Luong?, Mounir Kaaniche?, Long H. Ngo?,

Azeddine Beghdadi?®

Tan-Sy Nguyen

Abstract

Recent advances in acquisition and display technologies have led to an enormous
amount of visual data, which requires appropriate storage and management
tools. One of the fundamental needs is the design of efficient image classification
and recognition solutions. In this paper, we propose a wavelet neural network
approach for sparse representation-based object classification. The proposed
approach aims to exploit the advantages of sparse coding, multi-scale wavelet
representation as well as neural networks. More precisely, a wavelet transform
is firstly applied to the image datasets. The generated approximation and detail
wavelet subbands are then fed into a multi-branch neural network architecture.
This architecture produces multiple sparse codes that are efficiently combined
during the classification stage. Extensive experiments, carried out on various
types of standard object datasets, have shown the efficiency of the proposed
method compared to the existing sparse coding and deep learning-based meth-
ods.

Keywords: Object classification, sparse coding, wavelet transform, neural

networks, multi-branch architecture.
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1. Introduction

Object classification is one of the most common problems in computer vi-
sion and pattern recognition fields. It plays a crucial role in applications such
as face recognition, event detection [I], visual tracking [2], and more. Its main
goal consists of finding a compact representation or set of relevant features that
capture the intrinsic properties of the image contents. Object/image classifi-
cation remains a challenging problem, especially in the case of large scale and
complex datasets [3]. In this respect, many efforts have been made in recent
years to design new efficient classification methods. Among these methods,
sparse representation-based classification (SRC) has attracted much attention
due to its several advantages. Namely, SR ensures high robustness to noise
and other kinds of degradation while producing a compact representation of the
data through only a small number of meaningful features [4]. Recently, crucial
attention has been paid to deep learning-based techniques due to the benefits of
using neural networks for image analysis and processing [5]. Motivated by the
success of such powerful techniques, this work aims to combine sparse represen-
tation with neural networks to further enhance their classification performance.
In the following, we will provide an overview of the state-of-the-art classification

techniques and then summarize the contributions of the current work.

1.1. Conventional classification techniques

The main idea behind most of the conventional (i.e. non-deep learning) clas-
sification techniques relies on the sparse representation tool [6] [7]. For instance,
the original SRC method [6] aims to estimate the sparsest representation of a
test sample using an over-complete dictionary composed of training samples.
The resulting sparse code is then used as a feature descriptor for classification
purposes. The latter is often made according to the minimum reconstruction
error criterion. Inspired by this original SRC method, different variants have
also been developed. Indeed, a kernel sparse representation for image classifi-

cation and face recognition has been proposed in [§]. Moreover, to reduce the
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computational time of SRC, local and block-based SRC schemes have been de-
signed in [9] and [I0], respectively. Generally, the performance of these methods
is limited in the case of large image datasets due to the fact that the dictio-
nary is formed by all the training samples of each class. To cope with this
drawback, several methods based on compact dictionary learning have been
developed. In this context, an interesting approach is discriminative dictio-
nary learning (DDL), which allows the generation of a dictionary with small
size from a selective dataset. This can be achieved using an objective function
with reconstructive and discriminative terms. Moreover, a Fisher Discrimina-
tion Dictionary Learning (FDDL) method is proposed in [II]. This method
uses a Fisher discrimination criterion to learn a structured dictionary whose
sub-dictionaries have specific class labels while producing discriminative sparse
coding coefficients. In [12], the Label Consistent K-SVD (LC-KSVD) method
is proposed. This method consists of using only a single small dictionary for
jointly learning a discriminative dictionary as well as a linear classifier. To this
end, the authors explicitly incorporated a discriminative sparse-code (also called
label consistency) constraint term and a classification error term into the objec-
tive function which is solved by applying the K-SVD algorithm [13]. While the
above methods as well as most of the existing DDL methods rely on a single
layer dictionary learning process, a multi-layer DDL approach has recently been
proposed in [T4]. However, dictionary learning methods are still challenging in
the case of large datasets. To tackle this problem, a projection step is often
performed to transform high dimensional data into a low dimensional space.
For this reason, a new approach for joint dimension reduction and dictionary
learning has been developed in [I5]. Another interesting solution will consist of

applying a nonlinear projection using neural networks.

1.2. Neural networks-based classification techniques

Recent deep learning-based classification methods can be classified into three
main categories: (i) spatial-based neural networks, (ii) wavelet-based neural net-

works, and (iii) sparse coding neural networks. Methods in the first category
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employ various Neural Network (NN) models to extract deep features for im-
age/object classification. These models include VGG19 [I6], ResNet50 [17],
Wide ResNet [I8] and auto-encoder [19]. To further reduce the computational
complexity and exploit other compact representations of the original images, the
second category of developed methods have focused on the design of NN oper-
ating in the wavelet transform domain [20]. For instance, in [21], the input data
is transformed into wavelet subbands that are fed into a Convolutional Neu-
ral Network (CNN). In [22], the authors proposed a wavelet-like auto-encoder
model that decomposes an input image into two channels corresponding to low
and high frequency information. Then, the low frequency channel is fed into
a standard classification network (VGG16) to extract deep features. Finally,
these features are fused with those extracted from the high frequency channel
using a lightweight network. However, by only considering two channels, the
edge information is not efficiently taken into account during the classification
stage. Moreover, the output scores of these two channels are combined us-
ing an average operation. In [23], the authors propose to enhance CNNs by
replacing max-pooling, strided-convolution, and average-pooling with Discrete
Wavelet Transform. Similarly, a U-Net architecture is deployed in [24] with the
intention of embedding wavelet decomposition into the CNN blocks to reduce
the resolution of the feature maps. However, this method is mainly designed
for image denoising applications. Finally, methods in the third category aim
to combine neural networks with sparse representation/sparse coding models.
More precisely, in [25], a deep sparse coding network is developed to combine
the advantages of CNN and sparse coding-based classification techniques. A
sparse auto-encoder (AE)-based model using an /5 sparsity regularization as a
constraint on the hidden representation is proposed in [26]. In [27], the conven-
tional sparse coding scheme is extended to a multi-layer architecture yielding
a deep sparse coding network. Another extension of SRC, referred to as Deep
Sparse Representation Classification (DSRC), is developed in [2§]. It is based
on a convolutional AE to learn sparse representation and find the sparse codes

for classification. More precisely, an encoder is firstly used to extract embed-
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ding features which are fed into the sparse coding layer. Then, the sparse codes
of the features are estimated by solving a sparse coding optimization problem.
Finally, the recovered embedding features are fed into the decoder for image
reconstruction purposes. The obtained sparse codes are exploited during the
classification stage based on the minimum reconstruction residual criterion as

performed in the standard SRC approach.

1.8. Contributions

While previous deep learning-based classification methods aim to extract
deep features from original images, or combine neural networks with sparse
coding or embed wavelet transform into neural networks, the main goal of this
work is to take advantage of neural networks, sparse coding as well as wavelets.
More precisely, we propose a hybrid approach using a neural network-based
sparse representation technique that operates in the wavelet transform domain.
Note that a preliminary version of this work, inspired by the Deep Sparse Repre-
sentation Classification (DSRC) model [2§], has recently been presented in [29].
However, unlike our previous work using only the low frequency subband, we
propose here a more general framework, exploiting both the approximation as
well as the detail subbands. To this end, a novel multi-branch wavelet neural
network (MB-WNN) architecture is designed in this paper. This architecture
produces multiple sparse codes at different orientations and resolution levels.
During the classification stage, and in order to handle multiple sparse codes, we
have extended the standard residual-based probabilistic approach [30] which is
developed for single sparse code.

The remainder of this paper is organized as follows. In Section we re-
call some background on Sparse Representation Wavelet-based Classification
(SRWC). The proposed multi-branch wavelet neural network architecture is
then described in Section [3} The experimental results are shown in Section

Finally, some conclusions and perspectives are drawn in Section
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2. Background on Sparse Representation Wavelet-based Classifica-

tion

Before describing the proposed architecture, we first recall the main idea be-
hind Sparse Representation Wavelet-based Classification (SRWC) method [31].
In fact, unlike the classical SRC methods, SRWC operates in the wavelet trans-
form domain and consists of using the approximation subband instead of the
entire image.

More precisely, by considering k-classes with their labeled training samples, a
wavelet decomposition is first applied to all the samples. Then, the generated
approximation wavelet coefficients are processed using the Principal Component
Analysis (PCA) technique [32]. The resulting vectors of the different samples
are referred to as atoms. The sparse coding step consists of constructing sub-
dictionaries DY, derived from the training atoms d, where ¢ € {1,...,n.}, n.
is the number of atoms in class ¢, ¢ € {1,...,k} and k is the total number of

classes. Thus, the sub-dictionary DY, for a class c is given by
D, = [df,d3, ....d;, ] e R™"™, (1)

where m is the dimension of each atom.
Then, for k classes with total number of atoms n, with n = Zle N, a dictionary

D,, is constructed from the above sub-dictionaries as follows:

DtT = [D%’!" DtQT’ .

., DEJeR™" . 2)

Based on the sparse representation model, any new test atom x, € R™ from a
given class can be approximated by a linear combination of the atoms of the
same class, yielding:

c_jc c C
Xop = s7d] +... + s, df (3)

where [s§, 55, ..., sf%]T € R™e is the corresponding sparse coefficients vector asso-
ciated with class c.
The class of a given test atom x; is deduced from the dictionary Dy, by select-

ing a set of samples of the training atoms which can better approximate x4; by
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the associated sparse code s whose non-zero entries correspond to the ¢* class.

Thus, the sparse representation vector can be expressed as

s=[0,..0,s7,...,85 ,...,0,0]" e R™ . (4)

c
Ne

Given the dictionary Dy,., the approximated sparse vector § of x4 is obtained

by solving the Lasso optimization problem:
§ = argmin |, — Dy,s|; + Ao, (5)
S

where )\ is a parameter that controls the balance between the reconstruction
error and sparsity.

Finally, the non-zero coefficients in § allow to identify the class of the unlabeled
test atom. However, in practice, the non-zero coefficients may be associated
with different classes due to the noise or the correlation that may exist within
multiple classes. For this reason, the residual between the original test sample
X4 and the estimated one is computed for the possible candidate classes, and

the predicted class is chosen according to the minimum residual value:
. A2
class(xst) = arg min x5t — D0 (8) 5, (6)

where § € R” and 6.(8) is the characteristic function that selects elements in §

that are only associated with class c.

3. Proposed multi-branch wavelet neural network architecture and

classification scheme

Motivated by the advantages of wavelets in producing multi-scale represen-
tation with good space-frequency localization, a wavelet transform is applied
to the image dataset. More precisely, the luminance component X is firstly
extracted from each input color image. Then, the Haar transform is performed
on the resulting images to generate four wavelet subbands: One approximation
subband X“L) and three detail subbands oriented horizontally X(“) | verti-

cally X(HL) and diagonally X#H) Thus, for notation concision, X(® denotes
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a given wavelet subband at orientation o € O, where O = {LL, HL,LH,HH} is
the set of the generated directional wavelet subbands. By repeating the same
decomposition process on the approximation subband, a multi-resolution repre-
sentation of the input image can be obtained.

Before describing the proposed architecture, let us introduce the following nota-
tions. For a given dataset, n, ny., n,, and ng; represent the respective numbers of
all, training, validation and testing samples. Thus, following the wavelet decom-
position stage, the resulting subbands, with orientation o € O, of the training,
validation and testing samples are designated by XES) € RMXMr Xff’) € R

and X9 e Rm* st | respectively.

3.1. Architecture description

Once the wavelet decomposition is performed and the approximation X (“X)
as well as the horizontal XU vertical X7 and diagonal XHH) detail
subbands are obtained, the latter are fed into different neural networks. Thus,

a multi-branch wavelet neural network architecture is obtained.

FCN
Wavelet LL Sparse Coding Reconstructed
subband CNN LL subband

CNN
(LL;
— Xﬁf:) |, Encoder |y (1) _ prr) (X‘(YL”‘U)A. iy en (D) Decoder RED _ pn pd)
E(EL) DL

Yiff) _ YtﬁLL) S(LL)

FCN

Wavelet LH Sparse Coding Reconstructed

subband CNN CNN LH subband

XE::) |, Encoder Uy _ g (Xfff))* YLLH) _ YM(FLH) Decoder g _ D(LH)(Y(LH))
E(LH) DH)

(LH) LH,
Yier =G

Wavelet transform

X = pwT2(I)
oc{LL,LH,HL,HH}

FCN
Wavelet HL Sparse Coding Reconstructed
subband CNN CNN LL subband

X(HL) |, Encoder Ly (HL) _ L) (X(HL))‘» ‘;ifiL) _ Y“(FHL) ﬁ_, Decoder L gED D(HL)(Y(HL))
ing inp
P E(HD) DD

‘;:1,!«) _ yt(rHL) S(HL)

FCN
Wavelet HH Sparse Coding Reconstructed
subband CNN CNN LL subband

X;z)H) L, Encoder ly (HH) _ E(HH)(Xi(;H))* yxw) _ YAHH) Decoder HX(HH) _ ptam (Y,.(HH))
E(HH) pUHH)

yiffﬂ) _ yt(rHH) UHH)

Figure 1: Proposed multi-branch wavelet neural network (MB-WNN) architecture.

It can be observed from Fig. [1| that each wavelet subband is processed through

the following three main blocks:
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e An encoder F(°) that generates the encoding features Y(°) in the latent

space. Thus, from the input vector XEZ; = [XEf), Xi’;}], we obtain:
YO = [EOXD), BOX7)]

=Y. v (7)

where the index ref refers either to the validation or test data. For in-
stance, when the MB-WNN architecture is used in the training (resp. test)
phase, Xi’;} and Yig} terms correspond to Xf,o) and Yf,o) (resp. ng) and
Y).

e A sparse coding layer, parameterized by S(°) which aims to find the sparse

encoding features Y(© from Y ().

e A decoder D(°) that consists in reconstructing an output X () = D) (Y(o))
(0)

close to the encoder input X; .

It is important to note that the sparse coding layer plays a crucial role in
this architecture. For instance, the estimation of the sparse representation of
the encoding features Y(°) is achieved by minimizing the approximation error
under the sparsity constraint. This leads to the following Lasso optimization
problem:

win 3 (N [v2 - vI2sO 15 ) ®

2
F

where S(©) € R™*r*"res ig the sparse coefficient matrix, /\go) are positive constants
weighting the different approximation errors across the different subbands, )\go)
are positive regularization parameters that control the sparsity penalty and
the fidelity between the input and output of the sparse coder, and || is the
Frobenius norm.

According to 7 the estimated sparse encoding features Yig} can be seen as the
output of a Fully Connected Network (FCN) whose input layer is the encoded
feature vector Y ?. Thus, we have:

¢©

ref = Ygf)S(O) . (9)
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Knowing that the sparse coder’s output is given by Y(©) = [?gf),\?&;}] while
Yt(:) -vy©

tr

problem can be rewritten as

. o J 2 o
min 3 (MY - YO+ A 8@, ) . (10)
S 0e0

3.2. Learning approach

Once the different blocks are described, we focus on the model learning
approach. The proposed MB-WNN model will be trained using an appropriate
loss function which aims to achieve the following two objectives for each branch

of the architecture:

e Learning a meaningful representation of the input wavelet subbands XEZ;

by a nonlinear reduction method, using the encoder block of the AE, in-
stead of the linear PCA as performed in SRWC [31]. The decoder block of
the AE ensures that the encoded features allow to recover a reconstructed
subband X() close to XEZ; Hence, the loss related to the reconstruction
error of the AE, Ei{%, is given by

£ =[x -x ’ (11)

np

.
e Estimating the sparse representation of the encoding features in the latent
space by minimizing both the approximation error (i.e. first term in )

and the sparsity penalty constraint (i.e. second term in ) Thus, the
loss related to the sparse coding layer, L’gg, is defined by

o o o (o 2 o o
L =AY @ YO A 5@ (12)

Since we are dealing with a multi-branch architecture, the global loss function
is defined by considering the weighted sum of the two loss terms Eg% and EE:I)E
associated to each branch. Therefore, the retained loss function of our MB-
WNN architecture becomes:
_ (0) , (o) p(0)
L= Z@ (52 +27£5))

o o (o 2 o o o
= 3 (MY =X O+ AP SO + A
0e0

©) _ @]
Xinp X F)’ (13)

10
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where /\éo) are positive parameters used to weight the reconstruction errors re-
sulting from the auto-encoders applied to the different wavelet subbands (while
)\Eo) and )\éo) have already been defined in ) Note that the choice of these
weights will be discussed in the next section to better analyze the impact of the
different subbands on the classification performance.

Finally, the loss function £; is minimized using a standard stochastic gradient-
based optimization method to get the optimal parameters of the overall archi-

tecture.

8.8. Multiple sparse codes-based classification stage

Once the model is trained, the obtained sparse codes are used in the test
phase to proceed with the classification stage. More precisely, the class labels of
the test samples will be identified using a residual-based probabilistic rule [30].
In the case of highly inter-correlated data, the probabilistic rule revealed good
classification performance compared to the classical approach based on the trun-
cated residual scheme where the samples from different classes may yield the
same residual [6]. While the residual-based probabilistic approach has been de-
veloped for a single sparse code [29] [30], we propose to generalize it to deal with
a multiple sparse code matrix S(°).

In this respect, for each class ¢ € {1,...,k} and orientation o € @, the residual

term rgo) is firstly computed as follows:

2
e =Y (s
r (x) = T 2. (14)

where xi(t)) is the subband at orientation o of the observed sample in the test

data ng), yg(t’) is its embedding feature vector and s(®) is its corresponding

sparse code column in the sparse code matrix S(°).

Then, a probability value pﬁ") is mapped to each residual term réo) using the

softmax function:

)
=T,
() o € °

= @)

N O] (15)
Zlc€=1 e e

11
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where k denotes the number of classes.
Finally, based on a linear combination of the probability values p,(jo) associated
with the different subbands at orientation o € Q, the class of the test sample x4,

is identified as follows

class (xs) = argmax(p.)

= argmcax( > a(">p§")), (16)
00

where p. denotes the probability that the sample x4; belongs to class ¢, and alo)
is a positive constant (with ¥ .o al®) = 1) representing the weight associated
to each probability value p£">. In other words, a(®) reflects the importance of
subband o in the classification stage.

Particular case: single branch architecture

A particular case of the proposed MB-WNN architecture consists in considering
only one wavelet subband, yielding a single branch architecture. Since wavelet
transforms allow to concentrate the main information of a given input image
in the low frequency subband, the single branch architecture could be easily
deduced by selecting the branch dealing with the approximation subband (i.e.
the upper branch of the MB-WNN shown in Fig. . While such a single branch
model presents the advantage of reducing the complexity of the architecture, it
may be less efficient as it does not take into account the detail wavelet coefficients
(i.e. edge information) of the input images as addressed in the proposed MB-

WNN-based framework.

4. Experimental results

To evaluate the performance of the proposed methods, extensive experiments
have been conducted. The first round of experiments is devoted to the analysis
of the influence of the different parameters involved in the proposed MB-WNN
architecture. The latter is then compared to recent state-of-the-art classification

methods.

12
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4.1. Ezxperimental settings

As mentioned in the previous section, each branch of the proposed archi-

tecture relies on three main blocks referred to as encoder, sparse coding and

decoder. It is important to note here that the retained architecture, applied to

each branch, is quite similar to that investigated recently in [28]. However, few

modifications related to the kernel sizes are made to reduce the amount of the

involved parameters. For instance, a description of the employed architecture

is provided in Table To train our models, a two-stage approach is adopted

Table 1: Description of the neural network model used in each branch of the overall architec-

ture.
Feature maps
Layer Kernel size | # Param
Number | Size
Conv2D-1 10 48x48 3x3 208
Max-pool-1 10 2424 %) 0
Conv2D-2 20 24x24 3x3 1168
Encoder
Max-pool-2 20 12x12 %) 0
Conv2D-3 30 12x12 1x1 4640
Max-pool-3 30 6x6 %) 0
Sparse
FCN 30 6x6 ] 540225
Coding
Conv2D-4 30 6x6 1x1 9248
Upsampling-1 30 12x12 %) 0
Conv2D-5 20 12x12 3x3 4640
Decoder | Upsampling-2 20 24x24 %) 0
Conv2D-6 10 24x24 3x3 1168
Upsampling-3 10 48x48 %) 0
Conv2D-7 1 48x48 3x3 208
Param | Total parameters: 561,474

13
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in our experiments as investigated in [28]. The first one corresponds to a pre-
training stage where the model is trained without considering the sparse coding
layer (i.e. like a traditional AE model). This step is achieved using 100 epochs.
Then, in the second stage, we continue the training of the overall model, while
including the sparse coding layer, by using 900 epochs. The models are trained
using the ADAM optimizer [33] with the learning rate 10™ while applying a
decay of 0.9. These implementations were carried out using Pytorch 2.0 and
NVIDIA Quadro RTX 6000 GPU. Note that the source code of the proposed
approach is available on githukﬂ

4.2. Experimental datasets

To validate the effectiveness of the proposed methods, our simulations have
been carried out on different types of standard balanced datasets often used for
object classification and recognition purposes. More precisely, we have used two
digits datasets (USPS [34] and SVHN [35]), three face datasets (AR face [36],
AR gender [36] and UMDAA-01 [37]), and four natural object dataset (COIL-100

[38], ETH-80 [39], ARID [40], Tiny ImageNet [41]). Samples of some datasets
are shown in Fig.

EEEY] (I CETT Q A
EXNY (i )

(a) USPS [34] (b) SVHN [35] ) AR face [36]

= Qélv

(d) UMDAA-01 [37] ) COIL-100 [38] (f) ARID [40]

3
/

Ga

Figure 2: Samples of some employed datasets.

3https://github.com/tansyabl/MB-WNN-SRC

14
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Note that 80%, 10% and 10% of each dataset are the proportions of samples
which have been randomly selected for training, validation and test phases,

respectively.

4.8. Comparison methods and performance evaluation

The proposed single and multi-branch wavelet neural network architectures
for sparse representation classification (SRC) will be designated SB-WNN-SRC
and MB-WNN-SRC, respectively. It should be noted here that our methods
are tested using three resolution levels of the Haar transform while selecting the
wavelet subbands obtained at the third level. Our approaches will be compared
to different state-of-the-art methods. They include the following conventional

sparse representation-based methods:

e SRC [6]: It represents the original sparse representation-based classifica-

tion method.

e LC-KSVD [12]: Unlike the previous method where the dictionary is formed
by all training samples of each class, this method aims to learn a dictionary
of small size from a selective dataset. The learning is achieved by using
an objective function with label consistency constraint. The optimization

problem is solved by applying the K-SVD algorithm [13].

e FDDL [II]: It conmsists of learning a structured dictionary whose sub-
dictionaries have specific class labels. In this respect, a Fisher discrim-
ination criterion is included in the objective function to produce sparse

codes.

e SRWC [31]: Tt is an enhanced version of the original SRC method which

is performed in the wavelet transform domain as described in Section [2}

e SCCRC [42]: Tt is a recent improved version of SRC which consists in

combining sparse and collaborative representations.

Moreover, we have considered the following deep learning-based methods:

15
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e Wide ResNet-SRC [I8]: It corresponds to sparse representation-based clas-
sification method using deep features extracted from a Wide ResNet archi-
tecture applied to the original dataset images. Note that other standard

deep architectures have also been tested as discussed later.

e WAE-VGG16-SRC [22]: It uses a wavelet-like auto-encoder which firstly
consists of applying an encoder to decompose the image in two channels
containing low and high frequency information. Then, the low frequency
information is fed into a standard network (VGG16) to extract its fea-
tures. Finally, these features are fused with those extracted from the high

frequency information.

o Kernel-SARL [43]: It is based on a kernel formulation of spectral adver-

sarial representation learning framework.

e DSRC [28]: It consists of using an encoder to extract embedding features
which are fed into the sparse coding layer. Then, the sparse codes of the

features are estimated and used for classification.

It is worth noting that, in addition to Wide ResNet, other existing architectures,
developed for deep feature extraction, have also been tested like VGG19 [16],
ResNet50 [17] and AE [19] as it will be shown in Fig. [3] It should also be noted
that DSRC [28] is the recent state-of-the-art method which is more related to
the current work.

The comparison is performed using different criteria. First, the standard clas-
sification accuracy criterion is used. Then, the different methods are evaluated
in terms of robustness against the proportion of employed training samples. Fi-
nally, the size of different neural networks (i.e. the number of parameters) will

be provided.

4.4. Results and discussion

Before evaluating the different methods on the test datasets, we should first

determine the optimal values of the parameters introduced by the proposed MB-

16
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WNN-SRC approach. Thus, an analysis of the influence of these parameters on

the accuracy performance is conducted.

4.4.1. Influence of the parameters introduced by the proposed MB-WNN-SRC
approach

With the proposed multi-branch architecture, and according to the loss func-
tion defined in , the different parameters /\}(OO) with p € {1,2,3} and 0 € O
should be appropriately selected since their choice may impact the classification
performance. On the one hand, for a given subband o, our analysis aims to
find the relationship between the different values )\go), )\go) and /\éo) which are
used to weight respectively the error due to the sparse coding layer, the sparsity
of the estimated codes and the reconstruction error. On the other hand, for a
given p value, the contributions of the different wavelet subbands o should be
established.
Therefore, based on the previous study of the single branch architecture [29],
we first propose to set )\gLL) to 1 and )\:())LL) to 10. Then, different tests are

performed to find the best relation between )\go) and /\go) while assuming

Voe {LL,LH,HL,HH}, A =\, (17)

1
Voe {LH,HL,HHY, M =-\ID pe{1,23}, (18)
w

where 1 and w are positive constants.
While 5 will range from a small value (set to 0.25) to a high value (set to 10),

the tested w values are chosen by considering three cases:

(i) In the first case, we set w to 3, which means that the three detail subbands
as well as the approximation one have the same level of importance during
training, and so they contribute in equal manner to the learned model.

(ii) In the second case, we set w to 4, which means that less importance is
given to the three detail subbands compared to the approximation one.

(iii) In the third case, we set w to 2, which means that more importance is

given to the three detail subbands compared to the approximation one.
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Once the training is achieved, the probability-based classification rule, defined

in , is applied. In this respect, let us define the following weight vector:
LL LH HL HH)\'
a:(a( ) aF) o (HL) o )) . (19)

The classification accuracy results, obtained with different n values, are pro-

vided in Tables and 4| for cases (i), (ii) and (iii), respectively.

Table 2: Influence of the relationship between Ago) values on the classification accuracy (%),
T
while setting A" = 1, A 210, w = 3 (ie. case (i), o = (0.5,0.2,0.2,0.1) and using

Egs. (7-(8).

Datasets n=10| n=8 n=4 | n=2|n=1|7n=05|n=025
USPS [34] 97.00 | 97.18 | 97.05 | 97.05 | 97.00 | 96.82 96.35
SVHN |[35] 69.35 | 69.35 | 69.35 | 68.55 | 67.75 | 67.75 66.05

AR face [36] 97.65 | 98.37 | 98.37 | 97.70 | 97.70 | 97.55 95.55

AR gender [36] | 96.55 | 97.05 | 97.00 | 96.80 | 96.48 | 96.48 95.40

UMDAA-01 [37] | 95.00 | 95.45 | 95.40 | 94.80 | 94.40 | 92.10 92.10

93.00 | 93.20 | 92.20 | 91.65 | 91.32 | 90.35 90.35

COIL-100 [38

3

Table 3: Influence of the relationship between A values on the classification accuracy (%),
while setting AS5) = 1, A = 10, w = 4 (le. case (i), a = (0.5,0.2,0.2,0.1)T and using
Eqgs. ([I7)-(18).

Datasets n=10| n=8 n=4 n=2 | n=1|n=05|n=025
USPS [34] 96.60 | 96.60 | 96.60 | 96.60 | 96.00 | 96.00 96.00

SVHN [35] 68.90 | 68.90 | 68.30 | 68.30 | 68.30 | 67.50 67.50

AR face [36] 97.50 | 98.30 | 98.32 | 97.50 | 97.50 | 97.50 95.00

AR gender [36] | 96.60 | 96.80 | 96.80 | 96.80 | 96.48 | 96.48 95.40

UMDAA-01 [37] | 95.00 | 95.00 | 95.00 | 94.40 | 94.40 | 92.10 92.10

COIL-100 [38] 92.50 | 92.80 | 92.80 | 91.50 | 91.50 | 91.50 90.20

Thus, two main observations can be made from these experiments: First, what-

ever the importance given to the approximation and detail wavelet subbands
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Table 4: Influence of the relationship between AL values on the classification accuracy (%),
while setting AS“™) = 1, A5 =10, w = 2 (e, case (iii)), o = (0.5,0.2,0.2,0.1)T and using
Eqs. ([I7)-(18).

Datasets n=10| n=8 | n=4 | n=2 | n=1|n=05|7n=0.25
USPS [34] 97.15 | 97.15 | 97.00 | 97.00 | 97.00 | 96.50 96.50

SVHN [35] 69.35 | 69.35 | 69.35 | 68.55 | 67.75 | 67.75 67.00

AR face [36] 97.50 | 98.32 | 98.32 | 98.32 | 97.70 | 97.55 95.55

AR gender [36] | 96.55 | 97.05 | 97.05 | 96.50 | 96.50 | 96.50 95.50

UMDAA-01 [37] | 95.45 | 95.45 | 95.45 | 94.00 | 94.00 | 93.50 93.50

COIL-100 [38 93.00 | 93.17 | 92.20 | 91.50 | 91.50 | 90.20 90.20

(controlled by w), the best accuracy results are achieved with 7 equal to 8 for
all datasets. Second, the highest accuracy values are obtained with w equal to
3 (Table . It is important to note here that setting w to 2 (Table [4)) leads to
similar performance to the case where w is equal to 3 (Table. However, a drop
in classification performance occurs where w was set to 4 (Table [3)) (i.e. when
less importance is given to the three detail subbands compared to the approx-
imation one). This confirms the interest in exploiting both the approximation
and detail subbands in the multi-branch architecture. Based on this study, the
next simulations will be performed using w =3 and 7 = 8.

Moreover, regarding the multiple sparse codes-based classification stage, we have
also studied the impact of the choice of the weighting terms a(®) associated to
the probabilities p{®) as shown in . To this end, three cases are considered.
The first case is a = (0.5, 0.2,0.2, 0.1)T which means that the same importance
is given to the approximation subband (a(LL) =0.5) and the three detail sub-
bands (a1 +a(EH) 4o (HH) = 0.5). The second case is o = (0.67 0.15,0.15, 0.1)T
which means that more importance is given to the approximation subband. The
third case is o = (0.4,0.2, 0.2, 0.2)T which means that more importance is given
to the three detail subbands.

Table [5] provides the accuracy results for the above considered three weight
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.
Table 5: Influence of the choice of the weight vector o = (a(LL),a(LH),a(HL),a(HH)) on

the classification accuracy (%) of MB-WNN-SRC approach, while setting n =8 and w = 3.

Datasets a-= (0.6.,0.15,0.15,0.1)T a-= (0.5,0.2,0.2,0.1)T a-= (0.4,0,2,0.2,0.2)T
USPS [34] 97.05 97.18 97.05
SVHN [35] 69.35 69.35 69.35
AR face [36] 98.37 98.37 97.70
AR gender [30] 97.05 97.05 97.05
UMDAA-01 [37] 95.45 95.45 95.40
COIL-100 [38] 93.20 93.20 93.20

vectors. Thus, similarly to the previous analysis, giving the same level of
importance to the approximation and the three detail subbands yields the
highest accuracy values. For this reason, the weight vector o will be set to
(0.5,0.2,0.2,0.1)T in the following experiments.

Finally, it should be noted that the performance of the proposed MB-WNN-
SRC approach has also been evaluated by considering different neural network
structures. This has been achieved by modifying the number of convolution and
pooling layers as well as the kernel sizes in each branch. While the kernel size
slightly affects the accuracy performance, it has been observed that the number
of layers has more impact on the results. For instance, it can be seen from Ta-
ble [6] that a significant improvement can be achieved by increasing the number
of layers up to three. However, adding more layers yields similar performance.

For these reasons, we have retained the neural network structure described in

Table [

4.4.2. Comparison with the state-of-the-art classification methods

Once the proposed MB-WNN-SRC method is analyzed and the optimal pa-
rameter values are found (i.e. n =8, w=3 and a = (0.5,0.2,0.2,0.1)7), we now
focus on the comparison of its performance with the aforementioned state-of-
the-art classification methods. The accuracy results of the different methods

are reported in Table 7] where the two best values are highlighted in bold.
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Table 6: Influence of the number of layers in the proposed MB-WNN architecture on the

classification accuracy.

Number of convolution and pooling layers
2 3 4 5
SVHN [35] 68.2640 | 69.3525 | 69.3525 69.3540
UMDAA-01 [37] 93.2550 | 95.4489 | 95.4489 95.4450
COIL-100 [38] 89.3685 | 93.2050 | 93.2050 93.2050
ARID [40] 80.5500 | 81.3680 | 81.3680 81.3680
Tiny ImageNet [41] | 82.3250 | 84.7750 | 84.7750 84.5030

Table 7: Classification accuracy (%) of the proposed approach as well as the state-of-the-art

methods.
Tiny
SVHN | AR face | AR gender | UMDAA-01 | COIL-100 | ETH-80 | ARID
Methods/ Datasets | USPS [34 ImageNet
1 B [36) [36) B7 B3] [39] [0
41
SRC [6] 0.8778 0.1571 | 0.9761 0.9300 0.7900 0.9116 0.9177 | 0.6980 0.7115
FDDL [11] 0.9134 0.2254 0.9616 0.9400 0.8122 0.8822 0.9320 0.7115 0.7330
LC-KSVD [12] 0.8745 0.3531 0.9770 0.8680 0.8482 0.9142 0.9425 0.7320 0.7750
SRWC [31] 0.9545 0.2821 0.9839 0.9420 0.8529 0.9229 0.9315 0.7535 0.7660
SCCRC [42] 0.9465 0.6850 0.9363 0.9580 0.9450 0.8910 0.9420 0.7050 0.7840
Wide ResNet-
0.9523 0.5050 | 0.9833 0.9580 0.8850 0.9221 0.9267 | 0.7082 0.7840
SRC [18]
WAE-VGG16-
0.9625 0.6850 0.9750 0.9650 0.9320 0.9100 0.9720 0.6520 0.7530
SRC [22]
Kernel-
0.9680 0.6820 0.9810 0.9708 0.9482 0.9235 0.9775 | 0.8220 0.8335
SARL [43]
DSRC [28] 0.9625 0.6775 0.9812 0.9648 0.9339 0.9112 0.9573 0.7890 0.8078
SB-WNN-
0.9682 0.6824 | 0.9837 0.9654 0.9510 0.9235 0.9625 0.7930 0.8120
SRC
MB-WNN-
0.9718 0.6935 | 0.9837 0.9705 0.9545 0.9320 0.9877 | 0.8137 | 0.8478
SRC

It should be noted that, in addition to the deep learning based-methods
kernel-SARL [43] and DSRC [28], we only reported in Table[7]the results of Wide
ResNet-SRC [I8] and WAE-VGG16-SRC [22]. The latter have been selected
since they have shown better performance than the remaining neural networks-
based feature extraction techniques as illustrated in Fig. Thus, it can be
firstly seen from Table[7]that the particular SB-WNN-SRC method outperforms

the existing ones for most of the employed datasets. Further improvements are
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achieved thanks to the extended multi-branch architecture (MB-WNN-SRC).
For instance, the multi-branch architecture achieves higher gain compared to
the single branch variant, especially for the SVHN [35], COIL-100 [38], ETH-80
[39], ARID [40] and Tiny ImageNet [4I] datasets. This can be explained by the
fact that the multi-branch architecture combines various sparse codes produced
from both approximation and detail wavelet subbands of the image dataset.
Moreover, and since neural networks are well known to be very efficient when
they are trained on large scale datasets, we propose to evaluate the performance
of different deep learning-based methods with respect to the number of labeled
training samples. For this reason, for each employed dataset, four subsets are
created by randomly selecting 20%, 40%, 60% and 80% of the samples of the
whole dataset. Then, after separating the training/validation/testing samples
in each subset, we tested the different classification methods. Fig. [3] shows the
performance of these methods for the different employed datasets while varying
their sizes. As previously stated, the plots confirm the high efficiency of the
recent DSRC [28] method as well as the WAE-VGG16-SRC [22] one compared
to the previous deep learning-based methods (i.e VGG19-SRC [16], ResNet50-
SRC [17], Wide ResNet-SRC [18] and AE-SRC [19]) aiming at extracting deep
features from original images. Regarding the effect of the dataset size, it can be
observed that the aforementioned neural networks-based methods fail and result
in a significant drop of performance when the number of samples is relatively
small. However, the recent methods WAE-VGG16-SRC [22] and DSRC [2§] as
well as the proposed method are less sensitive to the training image dataset
size. Most importantly, our MB-WNN-SRC method outperforms the state-of-
the-art approaches and appears more robust to the size of the employed training
dataset.

Finally, the different deep learning-based methods have been compared in terms
of number of the network parameters and execution time as shown in Table [§]
and Table [0} respectively. Indeed, one can see that the proposed multi-branch
architecture has more parameters compared to the DSRC and SB-WNN models,

since the latter are based on a single branch architecture. However, the number
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of parameters in our MB-WNN architecture are much smaller than that of the
other neural networks (VGG19, ResNet50, etc) based methods. It should be
noted here that the reduced number of parameters explains the good behavior
of the proposed methods, whatever the size of the training dataset. Another
advantage of designing an efficient model with a small size is it allows to achieve
a gain in storage memory.

Similarly to the complexity of the different methods in terms of number of
parameters, the execution times obtained with ARID image dataset (of size 256 x
256) show that our proposed multi-branch architecture requires an additional
time of about 0.4 seconds compared to the single branch and DSRC approaches.

However, it is much faster than the remaining neural networks-based methods.

Table 8: Evaluation of different deep neural networks in terms of number of parameters.

Wide WAE-
VGG19- | ResNet50- Kernel- DSRC | SB-WNN- | MB-WNN-
ResNet- | VGG16-
SRC [16] | SRC [17] SARL [43] 28] SRC SRC
SRC [18] | SRC [22]
#param 138M 25.6M 8.8M 57.4M 2.83M 24.5K 12.7K 2.25M

Table 9: Execution times (in seconds) for different deep learning-based classification methods.

Wide WAE-
VGG19- | ResNet50- Kernel- DSRC | SB-WNN- | MB-WNN-
Method ResNet- | VGG16-
SRC [16] | SRC [17) SARL [43] 28] SRC SRC
SRC [18] | SRC [22]
Time 4.91 2.36 1.36 2.87 1.02 0.19 0.15 0.57

5. Conclusion and perspective

An object classification method, exploiting simultaneously the advantages
of neural networks as well as sparse coding techniques and multi-scale wavelet
decompositions, is proposed. More precisely, a set of auto-encoders combined
with sparse coding layers are applied to different wavelet subbands yielding a
new multi-branch neural network architecture. Unlike existing sparse repre-

sentation classification methods, the proposed architecture presents two main
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Figure 3: Effect of the training dataset size on the accuracy for different deep learning-based

methods.

advantages: First, it exploits both low and high frequency information located

in the approximation and detail wavelet subbands. Secondly, it allows to pro-
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duce various sparse codes resulting in better discrimination ability. However,
the main limitation of the proposed approach is the complexity of the architec-
ture, since the number of involved branches is directly related to the retained
wavelet subbands. Overall, the simulations carried out on various types of stan-
dard datasets have shown the benefits that can be drawn from the proposed
architecture. Despite its good performance, the proposed architecture could be
improved with further investigation. It is important to recall that the training
of our architecture aims only to find the optimal sparse codes that are then
exploited in the test phase for classification purposes. Therefore, a more effi-
cient architecture could be designed by integrating the classification stage and
resorting to an end-to-end learning approach. Moreover, as the proposed ar-
chitecture operates in the wavelet transform domain, it would be interesting
to investigate other decompositions like the recent neural network-based multi-

scale transforms [44) [45].
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