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Abstract. Aiming at the current piano soundboard classification algorithm feature
extraction is not sufficient, leading to low classification accuracy, this article suggests
a piano soundboard classification algorithm based on intelligent neural network and
multi-feature fusion algorithm. Firstly, for the traditional Convolutional Neural Net-
work (CNN) network computation time-consuming issue, adopting the channel atten-
tion mechanism to share weights reduces the amount of parameters of the model and
enhances the accuracy of the model. Secondly, the grayscale covariance matrix and Prin-
cipal Component Analysis (PCA) algorithm are adopted to extract the texture features
and color features of the soundboard to enhance the texture and color details, respec-
tively. Then the texture features and color features are consistency processed and input
to the multi-scale convolutional layer to obtain the local features, and the local features
are fused with the depth features by transposed convolutional mapping to achieve the
global features. Finally, the achieved consistent features, local features and global fea-
tures are fed into different channels of the optimized CNN model for classification, and
the prediction values of each channel are fused as the final prediction results. The ex-
perimental outcome indicates that the suggested method has a high accuracy, precision,
recall and F1 value as well as a short classification time, which exhibits a excellent clas-
sification performance.
Keywords: Soundboard classification; Convolutional neural network; Multi-feature fu-
sion; Principal component analysis; Channel attention mechanism

1. Introduction. Recently, with the continuous enhancement of material living stan-
dards, people pay more and more attention to the pursuit of the spiritual world. As a
carrier of people’s emotions, piano is increasingly favored by consumers, and its quality
has been paid attention to [1]. The piano soundboard is one of the core parts of the
piano and has a decisive influence on the sound quality [2]. For the goal of ensuring the
performance of the soundboard, piano manufacturers need to grade according to the com-
prehensive surface characteristics such as the texture and color of the soundboard, and
assemble the same soundboard to ensure the quality to meet the needs of consumers for
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the acoustic quality of the piano. At present, many domestic soundboard wood processing
is still on the ground of manual detection, but owing to the difference in the understand-
ing of classification standards and detection level of different inspectors, and long-term
mechanical repetitive labor is easy to lead to fatigue of inspectors, with the passage of
detection time, the wrong detection rate will gradually increase. It is hard to ensure the
stability of wood classification quality [3, 4, 5].

1.1. Related work. The texture information of piano soundboard mainly includes two
categories: wood grain and vibration mode texture, which have a significant impact on the
sound quality of piano. Haralick et al. [6] suggested the famous gray level co-occurrence
matrix (GLCM) to describe the texture information of piano soundboard. Walker et al.
[7] analyzed the GLCM method from the perspective of genetic algorithm and adaptive
multi-scale algorithm, respectively, and reduced the classification error detection rate.
Mallat [8] introduced wavelet analysis into the texture research of piano soundboard for
the first time, providing an accurate and unified framework for time-frequency multi-
scale texture analysis. Ojala et al. [9] offered a Local Binary Pattern (LBP) to describe
the local texture features of piano soundboards. Gu et al. [10] adopted color vector
angle to construct color features of soundboard wood, and used SVM as a classifier to
classify colors, but the anti-interference ability was poor. Yoshikawa [11] adopted the color
histograms of HSV and LAB color space to extract the color features of soundboard, and
used decision trees to classify them. The texture of the soundboard determines how the
vibration energy is transmitted on the surface of the soundboard. Wood with different
textures can transmit vibration in different ways, thus affecting timbre and volume.

As high-performance Graphics Processing Units (GPU) develop, deep learning has been
more widely used owing to its parallelizable computing architecture. Shi et al. [12] ex-
tracted the mean color features of soundboard surface and realized the classification of
furniture soundboard through BP neural network classifier. Barmpoutis et al. [13] rep-
resented the soundboard image as a high-order linear dynamic cascade histogram, and
used support vector machine (SVM) classifier to classify the image, but did not consider
the internal features of the soundboard. Yang et al. [14] established artificial neural
network and Convolutional Neural Network (CNN) respectively to classify five sound-
boards, and found through comparison that the CNN model had the highest recognition
accuracy. Kilic et al. [15] established a CNN neural network model relying on texture
data to classify soundboards. Fabijańska et al. [16] suggested the use of convolutional
neural networks to automatically identify soundboard categories and determine the final
classification through voting. Yang et al. [17] adopted CNN to extract initial features
and reduce dimension through principal component analysis to obtain the final texture
features, which were input into the SVM for classification, but the classification accuracy
was not high.

The soundboard classification method with single feature fails to integrate other fea-
tures, resulting in low classification efficiency. Hu et al. [18] adopted SVM to extract
texture and spectral feature information of soundboard images, and classified them. Han
et al. [19] used multi-feature fusion technology to combine gray co-occurrence matrix
with various texture features of LBP to enhance the classification accuracy. Wan et al.
[20] added a feature fusion module to the traditional neural network model architecture
to realize soundboard recognition, but other characteristic information is easily ignored
by the model after fusion, resulting in inefficient feature fusion.

1.2. Contribution. Focusing on the issue of inadequate feature extraction and low clas-
sification accuracy of current piano soundboard classification algorithms, this article de-
signs a piano soundboard classification algorithm based on intelligent neural network and
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multi-feature fusion algorithm. The experimental outcome indicates that the accuracy
rate, precision rate, recall rate and F1 value of the suggested algorithm are more than
90%, which has a high classification efficiency. (1) The channel attention mechanism is
adopted to adapt the model to select the size of one-dimensional convolutional kernel,
which reduces the number of parameters in the CNN model and improves the model
accuracy. (2) The gray co-occurrence matrix and Principal Component Analysis (PCA)
algorithm are adopted to extract the texture and color features of the soundboard to
enhance the texture and color details. Then the texture features and color features are
processed in a consistent manner and input into the multi-scale convolutional layer to gain
local features. The local features are fused with the depth features through transposed
convolution mapping to obtain global features. (3) All the extracted features are fed into
different channels of the Enhanced CNN (ECNN) model for feature classification, and the
weighted average method is adopted to fuse the predicted values of each channel as the
final prediction result.

2. Theoretical analysis.

2.1. Convolutional neural network. CNN adopts a deep nonlinear network framework
when learning input image data, which is composed of input level, convolutional level,
pooling level, fully connected level and output level [21], as indicated in Figure 1.
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Figure 1. The structure of CNN

(1) Input level. The data input to the model is preprocessed to adapt the data to the
model’s input.

(2) Convolution level. The convolution kernel slides over the input data in the form of
a small matrix, and does the volume operation with the corresponding elements in the
data, and finally adds up to an output value, which is calculated as below:

fn
i = β

(∑
j

hn
ij · f n−1

j + ani

)
(1)

where fn
i represents the i-th feature of the n level, ani represents the i-th offset value of

the n level, and hn
ij represents the convolution kernel of the n level.

(3) Pooling level. Pooling level is usually used after the convolution level to further
reduce the data size and extract more significant features after extracting features from
the convolution level.

(4) Fully connected level. The fully connected level’s function is to vectorize the previ-
ous feature map and serve as the final input for predicting classification results or other
tasks.
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2.2. Multi-scale feature fusion. Images contain rich spatial spectral features, and most
CNN-based methods can perform the classification task well, but the problems such as
the different size of image categories, variable shapes and small targets bring challenges
to the realization of high-precision classification. At present, multi-scale feature fusion
[22] can address such issues.

Input

Output

Group1 Group2 Group3 Group4

Convolution 3x3 Convolution 3x3 Convolution 3x3

Group1 Group2 Group3 Group4

Figure 2. The process of the multi-scale fusion

As indicated in Figure 2, the extraction of these multi-scale features is achieved by
designing convolutional or network structures to expand the receptive field of the con-
volution. For deep features, the receptive field is relatively large and contains stronger
semantic information, but the detail perception ability of the obtained feature map is poor.
Thus, if the features of different levels in the CNN are effectively fused, the classification
performance of the network will be significantly improved.

3. Optimization of CNN based on channel attention mechanism. Intending to
the issue that traditional CNN networks need to consume a large amount of computa-
tional resources to train the samples, this paper utilizes a channel attention mechanism
without dimensionality reduction to enhance the CNN (ECNN) model. The learning
strategy is used to make the model adaptively choose the size of the one-dimensional
convolutional kernel, and the shared weights are used to reduce the number of parameters
of the model, which can greatly improve the accuracy of the model with only a small
increase in parameters.

The input feature map is divided into two branches and passed backward. In the
main branch, Global Average Pooling (GAP) operation is used to compress the feature
map and reduce the computation amount of convolution operation. The one-dimensional
convolution operation is adopted to extract the features between channels. Input the
features into the activation function, process them into the same dimension as the input
features, and then multiply them with the corresponding elements of the original features
to obtain semantic features with channel information. In this case, the expression for
FGAP is as follows:
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FGAP =
1

V ×G

V∑
i=1

G∑
j=1

Xij (2)

where Xij ∈ RV×G×D denotes the pixel value of a channel in the feature map, and
V ×G denotes the spatial size (height × width), and D is the number of channels.
After the feature map is converted to channel information by GAP, the one-dimensional

convolution adopts learning to select the size of the convolution kernel to capture the
feature information between channels. The output one-dimensional feature vector is con-
verted to vector RD containing only channel information, such that y ∈ RD , v denotes
the weights of each channel, and Equation (3) represents the channel attention learning
process.

νi = δ
( l∑

j=1

vijy
i
j

)
, yij ∈ Ωl

j (3)

where νi represents the information interaction between the i-th channel and its neigh-
boring channels, and then the weight of the current channel is obtained by the nonlinear
activation function, and Ωl

j represents the l channels neighboring the current channel.
To simplify the model complexity, reduce the number of parameters, and let all channels
share the weight information, Equation (3) can be further simplified to Equation (4).

νi = δ
( l∑

j=1

vijy
i
j

)
, yij ∈ Ωl

j (4)

Relied on the above equation, it can be deduced that the information correlation across
channels can be realized by a one-dimensional convolution with a convolution kernel of
size l as indicated in Equation (5).

ν = δ
(
Dl(y)

)
(5)

where ν denotes the weight of each channel, and Dl denotes a one-dimensional convo-
lutional operation with convolutional kernel size l. The nonlinear mapping between the
channels and the convolution kernel is represented by an exponential function with a base
of 2, which is adopted to determine the size of the convolution kernel, as indicated below.{

D = ∅(l) = 2λ×l−a

l = φ(D) =
∣∣∣ log2D+a

λ

∣∣∣
odd

(6)

where |(log2D+ a)/λ|odd turns out to be odd, λ is a hyperparameter, and a is a constant
guaranteeing that the one-dimensional convolution kernel size is always odd.

4. Piano soundboard classification based on intelligent neural network and
multi-feature fusion algorithm.

4.1. Texture feature extraction for piano soundboard. Focusing on the current
piano soundboard classification algorithms with large differences in image size and insuf-
ficient feature extraction, resulting in low classification accuracy, this article designs a
piano soundboard classification algorithm relied on intelligent neural network and multi-
feature fusion algorithm. Firstly, the texture features and color features of the soundboard
are extracted, and then both of them are consistency processed and input to the multi-
scale convolutional level to get the local features, which are fused with the depth features
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through transposed convolutional mapping to get the global features. Finally, the ob-
tained coherent features, local features and global features are fed into different channels
of the ECNN model for feature classification, and predicted values of each channel are
fused as final prediction results using the weighted average method. The whole model is
indicated in Figure 3.
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Figure 3. Overall structure of suggested model

This article adopts the gray scale covariance matrix [23] to extract the texture features
of piano soundboard, assuming a soundboard image of size N×N , take any point a : (x, y)
and another point b : (x+∆x, y+∆y), which is at a certain distance from it, and set the
gray scale value of the pixel pair to be (i, j). Then the features of the soundboard image
can be obtained by the two-dimensional spatial features of the image and the convolution
operation with the w-th order Laplacian algorithm L, as indicated bellow.

f (w)
a (x, y) =

N−1
2∑

i=−N−1
2

N−1
2∑

j=−N−1
2

L(w)(i, j) fb(x+ i, y + j) (7)

where fb(x+ i, y + j) denotes the gray value of the two-dimensional image of the sound-
board image at a distance a band (∆x,∆y). The convolution operation will exceed the
boundaries of fb(x + i, y + j), so it is necessary to fill the boundaries. Assuming that
fb(x + i, y + j) is the matrix of Q × P , depending on the size of the image, the pixel
values of the boundaries of rows (N − 1) are copied on each of the four boundaries of
fb(x+ i, y + j) to obtain a new matrix of size (Q+N − 1)× (P +N − 1). This ensures
that fb(x + i, y + j) can be convolved with the Laplacian operator to obtain the matrix
of Q× P without losing some of the features that lie on the boundaries.

To ensure that the response of the extracted soundboard texture features is on the
same scale as the original pixel values, a normalization operation is required before the
convolution operation. Finally, the extracted features are summed with the original spatial
features to enhance the texture details. For the pixel of the soundboard image in band b,

the final w-order feature F
(w)
b (x+∆x, y +∆y) is expressed as bellow.

F
(w)
b (x+∆x, y+∆y) = fb(x+∆x, y+∆y)+

∑N−1
2

i=−N−1
2

∑N−1
2

j=−N−1
2

f
(w)
b (x+∆x, y +∆y)∑N−1

2

i=−N−1
2

∑N−1
2

j=−N−1
2

L(w)(i, j)
(8)

After extracting the texture features from the original soundboard image using the
above equation, assuming that each pixel corresponds to a gray value of sw, it has the
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same M bands as bellow.

s(w) =
[
s
(w)
0 , s

(w)
1 , s

(w)
2 , s

(w)
3 , . . . , s

(w)
M−1

]
(9)

The final texture feature X̃T = F ∥ s(w) is obtained by concatenating the feature vectors
F and s(w).

4.2. Color feature extraction for piano soundboard. In the actual production of
the piano, the soundboard texture and color have an important impact on the acoustic
quality of the piano, so this paper on the soundboard texture feature extraction should
also take into account the soundboard color feature extraction. The PCA algorithm [24]
is adopted to extract the color features of the soundboard image.

First, the PCA algorithm is adopted to obtain the color feature subspace of the sound-
board image. xi is the soundboard image, i = 1, 2, . . . ,m, m is the total number of images,
xi is used as a training sample, and then the R, G, and B values of the pixel points of xi

are formed into a matrix to compute the sample mean avg = 1
m

∑m
i=1 xi of xi, where avg

is the mean value of sample xi.
Calculate the sample mean avgl =

1
ml

∑
xi∈l xi for each color class separately, where

avgl is the mean of the samples belonging to color class l, ml is the number of samples
belonging to the l-th color class.
The soundboard image samples are normalized as bellow.

xxi = xi − avg (10)

where xxi is the normalized soundboard image sample.
The normalized soundboard image samples are formed into a matrix X, and the covari-

ance of this matrix is computed A = XXT , where the upper corner scale T is a normal
distribution.

Calculate the color eigenvalues and the eigenvector matrix of A, and arrange the eigen-
values in descending order to build the color eigenvector matrix. The transpose matrix of
this eigenvector matrix is the color feature subspace of the soundboard image expressed

by X̃C . By mapping xi into the color feature subspace, all the color features of the
soundboard image can be achieved as bellow.

X̃C = F T
CX (11)

4.3. Multi-scale convolution. After extracting the texture features and color features
of the soundboard, the optimized convolutional neural network can effectively characterize
the region of interest by learning to emphasize or suppress the relevant information, which
helps the network to focus on the relatively important texture features and colors, and
enhances the classification performance of the network.

X̃T is the extracted soundboard texture features, X̃C is the extracted soundboard
color features, and the pre-trained convolutional neural network is defined as φECNN,

X̃T , X̃C ∈ Rl×m×n (l and m×n represent the number and size of the soundboard images,

respectively). The consistency algorithm [25] is utilized to concentrate X̃T and X̃C in the
high confidence regions, which contain the abundance of important feature information.

The consistency index feature X̃TC is indicated below.

X̃TC = 1−
∣∣δ(X̃T )− δ(X̃C)

∣∣ (12)

where 1 represents the all-1 feature vector and δ(·) denotes the Sigmoid function.

In addition, the local features X̃attr achieved by the output feature map after multi-scale
convolution through the GELU activation function are indicated below.

X̃attr = − f 1×1
(
GELU

(
fd×3×3(Fi−1)

))
+ Fi−1 (13)
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where Fi denotes the feature map output by the convolutional neural network and fd×3×3

denotes the convolutional kernel of size 3× 3.
The consistency indicator feature X̃TC obtained after preprocessing is fed into the

ECNN network for dimension expansion so that the dimension of the local feature is the

same as that of the deep feature. Secondly, feature X̃TC is vector weighted with the local

feature X̃attr of the soundboard after dimension expansion, so as to use the local feature
to control the importance of the deep feature. Final global features achieved are indicated
below.

X̃A-ECNN =
[
φECNN(X̃attr)

]
⊙ X̃TC (14)

4.4. Multi-feature fusion and classifier construction. To fuse the above multi-feature
information, the consistency index feature X̃TC , local feature X̃attr and global feature

X̃A-ECNN of the soundboard texture feature X̃T and color feature X̃C are fed to the fully
connected layer to obtain the classification prediction values for the three channels of the
ECNN.

PredF -ECNN1 = FC
(
X̃TC

)
(15)

PredF -ECNN2 = FC
(
X̃attr

)
(16)

PredF -ECNN3 = FC
(
X̃A-ECNN

)
(17)

where PredF -ECNN1 , PredF -ECNN2 and PredF -ECNN3 = FC(X̃A-ECNN) denote the prediction
scores of the three channels of the ECNN model for the soundboard image test set, and
FC denotes the fully connected layer used for feature classification.

The loss function used for the model is the cross-entropy loss function with the following
expression.

LossF -ECNNj
= − 1

N

N∑
i=1

bi log
(
Pred

F -ECNNj

i

)
(18)

where j = 1, 2, 3, LossF -ECNNj
denotes the loss function of the ECNN model, N refers

to the size of the soundboard dataset, bi refers to the true label of the i-th data, and

Pred
F -ECNNj

i refers to the score value of the ECNN model for the i-th data.
Secondly, the predicted values of the three channels of the ECNN model are fused

using the information fusion method [26] to improve the classification performance. By
assigning different weighting factors to the predicted score values of the ECNN model and
calculating the predicted scores after weighted averaging, the fused predicted values are
obtained calculated as indicated in Equation (19).

Pfusion = αPredF -ECNN1 + β PredF -ECNN2 + γ PredF -ECNN3 (19)

where Pfusion is the predictive score generated by the model after feature fusion, and α,
β and γ denote the weights assigned to the predictive values PredF -ECNN1 , PredF -ECNN2

and PredF -ECNN3 , respectively.

5. Performance testing and analysis.

5.1. Experimental analysis of multi-feature fusion. To estimate the performance
of the suggested the suggested algorithm, the experiments in this article are relied on
the modeling of 4182 piano soundboard image datasets randomly selected from an e-
commerce platform with five major categories, and the material datasets are divided into
the training set, validation set, and test set according to the ratio of 6:2:2. WDBP [12],
TSFF [18] and the classification algorithm OURs suggested in this article are trained and
tested respectively.



Piano Soundboard Classification on Intelligent Fusion Neural Network 633

All algorithms are trained on Tensorflow deep learning framework [27] adopting GPU,
the input image size is 224 × 224, the batch size for training iterations is set to 64,
momentum is set to 0.9, and the coefficient of the random deactivation dropout function
is set to 0.2. The initial value of the learning rate is set to 0.001, and the weights
are decayed to 10−5. experimental Platform The configuration is Windows 10, 64-bit
operating system, Intel(R) Core (TM) i5-12490F CPU@4.6GHz, 8 GB RAM, and the
simulation experiment environment is python v3.0.

This article focuses on the fusion of extracted soundboard color, texture, local and
global features and thus the classification of piano soundboard images, with the aim of
analyzing whether multi-feature fusion classification is more advantageous compared to
single feature. The classification performance metrics are Accuracy, Precision, Recall
and the reconciled mean of Precision and Recall F1 [28]. The experimental outcome is
indicated in Table 1.

Table 1. Comparison of classification performance for different features

Feature pattern Accuracy Precision Recall F1
color feature 0.6451 0.6109 0.6394 0.6248
texture feature 0.7319 0.7142 0.7426 0.7281
Local feature 0.7628 0.7508 0.7612 0.7560
global feature 0.8137 0.8146 0.8347 0.8245
fusion feature 0.9015 0.8917 0.9135 0.9025

From Table 1, it can be seen that global features have a greater impact on the clas-
sification performance than color, texture and local features because global features are
obtained by combining deep features extracted adopting convolutional networks with local
features, which extracts deeper features of the soundboard image, and thus improves the
classification performance compared to the other three single features. The classification
performance of the soundboard integrated with color, texture, local and global features is
the best, and the Accuracy is improved by 39.75%, 23.17%, 18.18% and 10.79%, respec-
tively, compared with the single feature of color, texture, local and global classification
algorithms. Precision has increased 45.96%, 24.85%, 18.77% and 9.46%, Recall has in-
creased 42.87%, 23.01%, 20.11% and 9.44%, and F1 has increased 44.45%, 23.95%, 19.38%
and 9.45%, respectively. It indicates that the fusion of features can better characterize
the image as a whole and achieve the goal of improving the classification accuracy of
soundboard images.

The time-consuming classification of soundboard images with the four single features
and multi-feature fusion is indicated in Figure 4. The performance of soundboard image
classification using single features is relatively poor, the average macro-F1 value is lower
than 0.8. The fusion feature has the best performance, the average F1 value reaches
90.25%, and the classification time is the lowest, which is 38.57 us, and the performance
of the color feature is the worst, the average F1 value is 62.48%, and the classification
time is 65.12 us, which

Figure 4 indicates that the classification of soundboard image fusion can effectively
reduce the computational consumption and improve the classification efficiency.

5.2. Comparative experimental analysis. Table 2 gives a comparison of the classifi-
cation performance of OURs and the other algorithms. From the table, it can be seen that
the classification performance of OURs algorithm is better than that of WDBP classifica-
tion and TSFF classification, which further illustrates the effectiveness of the optimization
of CNN. WDBP algorithm, although the use of BP neural network and color features in
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Figure 4. Comparison of time consuming and average F1 for image classification
with different features

the classification of soundboard images, did not consider a variety of features of the im-
age, there are the disadvantages of slow transmission of learning, it is easy to fall into the
local minimum, making the classification of the worst effect, while the TSFF algorithm is
constructed relied on CNN and multiple texture features to classify soundboard images,
but did not improve the CNN, and did not consider other attributes of the features, so the
classification effect is not good. The OURs algorithm not only optimizes the convolutional
neural network, but also takes into account the effective fusion of multiple features in the
process of feature extraction, and uses different sizes of convolutional kernels to extract
the information weights conducive to classification in a multi-scale manner so that the
network reduces the transmission of noise information as much as possible, thus improving
the classification performance of the whole network model.

Table 2. Comparison of performance metrics of different classification algorithms

Method Precision Recall F1
WDBP 0.7825 0.8172 0.7995
TSFF 0.8627 0.8731 0.8677
OURs 0.9305 0.9204 0.9254

The accuracy rates of different classification algorithms are compared under different
iterations, as indicated in Figure 5. It can be seen that with the increase of the number
of training iterations, the classification accuracy of the three algorithms is improved, and
although the convergence speed of the OURs model is not as fast as that of the WDBP and
TSFF models, the correct rate of the final convergence of the OURs model is significantly
higher than that of the other two models, in which the highest accuracy of the OURs
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model in the validation set is 0.9831, that of the WDBP model in the validation set is
0.8694, and that of the TSFF model in the validation set is 0.9831. accuracy in the
validation set is 0.8694 for the OURs model, and the highest accuracy in the validation
set is 0.8762 for the TSFF model.
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Figure 5. Comparison of accuracy of different classification algorithms

6. Conclusion. Intending to the issue of low classification efficiency of current piano
soundboard classification algorithms, this article suggests a piano soundboard classifi-
cation algorithm relied on intelligent neural network and multi-feature fusion algorithm.
Firstly, the channel attention mechanism is utilized to share weights to reduce the number
of parameters in the CNN model and improve the accuracy of the model. Secondly, the
grayscale covariance matrix is adopted to extract the texture features of the soundboard
to enhance the texture details, and then the color features of the soundboard image are
extracted by adopting the PCA algorithm, and then the texture features and the color
features are consistently processed and inputted into the multi-scale convolutional level
to obtain the local features, and then the local features are fused with the depth features
through the transposed convolutional mapping to obtain the global features. Finally, all
the above features are fed into different channels of the ECNN model for feature classifi-
cation, and the predicted values of each channel are fused as the final prediction results
using the weighted average method. The experimental outcome indicates that the sug-
gested algorithm has improved in Accuracy, Precision, Recall and F1 value compared with
the comparison methods, indicating that the designed algorithm can be better applied to
piano soundboard image classification.
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