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Abstract: Bird research contributes to understanding species diversity, ecosystem functions, and the
maintenance of biodiversity. By analyzing bird images and the audio of birds, we can monitor bird
distribution, abundance, and behavior to better understand the health of ecosystems. However, bird
images and audio involve a vast amount of data. To improve the efficiency of data transmission
and storage efficiency and save bandwidth, compressive sensing can overcome this challenge. Com-
pressive sensing is a technique that uses the sparsity of signals to recover original data from a small
number of linear measurements. This paper introduces a deep neural network based on the Iterative
Shrinkage Thresholding Algorithm (ISTA) and a Convolutional Block Attention Module (CBAM),
CBAM_ISTA-Net", for the compressive reconstruction of bird images, audio Mel spectrograms and
wavelet transform spectrograms. Using 45 bird species as research subjects, including 20 bird images,
15 audio-generated Mel spectrograms, and 10 audio wavelet transform (WT) spectrograms, the
experimental results show that CBAM_ISTA-Net* achieves a higher peak signal-to-noise ratio (PSNR)
at different compression ratios. At a compression ratio of 50%, the average PSNR of the three datasets
reaches 33.62 dB, 55.76 dB, and 38.59 dB, while both the Mel spectrogram and wavelet transform
spectrogram achieve more than 30 dB at compression ratios of 25-50%. These results highlight the
effectiveness of CBAM_ISTA-Net" in maintaining high reconstruction quality even under signifi-
cant compression, demonstrating its potential as a valuable tool for efficient data management in
ecological research.

Keywords: bird images and audio; image compressive sensing; ISTA-Net*; CBAM; PSNR

1. Introduction

Birds are one of the most diverse and abundant animals on Earth, known not only for
their striking appearances but also for their beautiful sounds. Bird images and sounds are
valuable data sources for biological analysis and conservation [1]. Different bird species
vary greatly in appearance and sound, and each bird has its own unique characteristics.
By extracting, classifying, and recognizing features from bird images and audio recording,
we can gain insights into species identification, population numbers, distribution, and
behaviors. This information serves as a scientific foundation for bird conservation efforts [2].

Field observations of birds are often challenging due to their preference for wild
habitats. The emergence of automatic recording devices for capturing images and sounds
provides convenience for wild bird observation and makes it possible to monitor biodiver-
sity on large spatiotemporal scales [3]. The analysis of bird images and sounds through
feature extraction can significantly enhance our understanding of ecosystem biodiversity
and the impact of human activities on the environment [4]. However, automatic recording
devices often collect vast amounts of complex bird data, and directly storing or transmitting
these data can be resource-intensive and time-consuming.

Compressive sensing (CS) theory [5,6] shows that when the signal presents sparsity
in the transformation domain, the limitations of the Nyquist sampling theorem can be
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overcome, enabling high-precision image reconstruction with fewer sampled data. In
the context of bird data collection, the transmission and storage of sampled signal face
significant challenges. CS addresses these by reducing the sampling rate, thereby shortening
the total sampling time, and by reducing the amount of information transmitted data, which
helps alleviate bandwidth constraints in communication. Image reconstruction is one of
the key issues in CS theory.

Traditional CS-based methods usually describe image reconstruction as a convex
sparse learning problem. The reconstruction algorithms mainly include non-convex op-
timization algorithms [7,8], greedy matching pursuit algorithms [9-11], and convex op-
timization algorithms [12,13]. While all three types of algorithms rely on signal sparsity,
their reconstruction performance is often suboptimal. The model-based reconstruction
method studies the prior information of the signal, that is, different prior information is
used to build different reconstruction models, and its reconstruction effect is superior to the
other three types of algorithms. However, these algorithms suffer from high computational
complexity, making them time-consuming, and inefficient.

In recent years, deep learning (DL) methods have been widely used in image classifica-
tion [14], object detection [15], and compressive sensing (CS) image reconstruction. Due to
the strong learning ability and fast operation speed of deep neural network, several image
compressive sensing methods based on deep neural networks have been developed [16-20].
Kulkarni et al. [19] introduced ReconNet, a CNN for inverse mapping from CS measure-
ments to images, but there are problems with texture preservation. Yao et al. [20] built on
ReconNet with DR2-Net, adding residual networks [21] to improve image quality, though
high-resolution detail recovery is still a challenge. YANG et al. [22] embedded the ADMM
algorithm into a deep network and improved performance through end-to-end training, but
the generalization of different image types is limited. Zhang et al. [23] proposed ISTA-Net,
which improves reconstruction while maintaining interpretability, but its computational
complexity is high, particularly with large datasets. SHI et al. [24] introduced CSNet, which
enhances sampling efficiency, but lost details at very low sampling rates. AMP-net [25]
extends the AMP algorithm to deep learning and achieves good reconstruction, but its
lengthy training limits real-time applications. CASNet [26] performs adaptive sampling
and high-quality reconstruction. However, there is a robustness problem in different types
of images. Sun et al. [27] developed a dual-path attention network for compressive sensing
image reconstruction, which enhances texture recovery effect, but increases the complexity
of the model. Song et al. [28] proposed OCTUF, which uses a cross-attention transformer
to improve reconstruction quality, but its efficiency decreases when dealing large-scale
data. Geng et al. [29] introduced HFIST-Net to combine traditional CS with deep learning
for MR image reconstruction, but its reliance on domain-specific data restricts its wider
applicability. CSCNet [30] proposed by Cui et al., uses local structure sampling to enhance
measurement correlations, which is difficult to capture global information in complex
scenes. DMFNet [31] integrates detailed texture and global structure to achieve better
reconstruction, although its high computational requirements pose challenges, especially
for high-resolution images.

Despite the significant advance in these deep learning-based methods, challenges
remain in balancing reconstruction quality, computational efficiency, and generalization
across different image types. To address these limitations, this study proposes a new deep
network model, CBAM_ISTA-Net*, which integrates a dual-attention mechanism and
compressive sensing mechanism to improve compressive reconstruction of bird images
and audio spectrograms. The model is designed to enhance the peak signal-to-noise ratio
(PSNR). The main contributions of this paper are as follows:

(1) Introduce the attention module CBAM to the ISTA-Net* framework to enhance the
quality of compressed reconstruction.

(2) Apply the CBAM_ISTA-Net* model for compressive reconstruction of bird images
and audio data (Mel spectrograms and wavelet transform spectrograms), which signifi-
cantly improve the peak signal-to-noise ratio (PSNR) under different compression ratios.
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(3) The classification results of reconstructed bird images verify the effectiveness of
this method in maintaining the integrity of image features and demonstrate the potential
application in practical ecological monitoring.

2. Dataset

The dataset used in this study mainly comes from online resources https://www.
kaggle.com/ and https://xeno-canto.org/ (accessed on 18 April 2023). The image dataset
contains 87,050 images of 510 bird species, from which we selected twenty species from
eight orders, eighteen families, and twenty genera, for a total of 3254 images. The bird
song data included six orders, ten families, twenty genera, and twenty-five species. In
this experiment, the audio was transformed to generate 15 kinds of Mel spectrograms and
10 kinds of wavelet transform spectrograms of the audio. Some of the bird images, along
with the Mel spectrograms and WT spectrograms, are presented in Figure 1.
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Figure 1. Some bird images, Mel spectrograms, and WT spectrograms.

3. Research Method

In this paper, CBAM_ISTA-Net" is proposed to achieve high-quality compressive
reconstruction of bird images and spectrograms, focusing on the details and important
features of the images. The specific steps are as follows:

Step 1: Preprocess the original audio signal, including format conversion, denoising,
and endpoint detection.

Step 2: Convert the audio to Mel spectrograms and wavelet transform spectrograms.

The audio signal is converted to the frequency domain by the Fast Fourier Transform
and then processed by a Mel filter bank, which ultimately generates a Mel spectrogram
reflecting time, frequency, and energy distribution.

The time—frequency localization analysis is achieved by convolving the signal with
wavelet functions of different scales and positions, providing a multi-resolution time-
frequency representation to obtain a WT spectrogram.

Step 3: Apply CBAM_ISTA-Net* for Compression and reconstruction.

CBAM_ISTA-Net* applies compressive sensing to Mel spectrograms and WT spectro-
grams, extracted from bird images and audio signals, at varying compression ratios. The
model first compresses these spectrograms, effectively reducing data redundancy, and then
utilizes a dual-attention mechanism to focus on both channel and spatial features during
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reconstruction. This enables the network to recover sparse signals more efficiently and
output high-quality reconstructed images data.
The specific framework is shown in Figure 2.
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Figure 2. Framework diagram of this paper.

3.1. Data Preprocessing

To obtain high-quality audio, the sound data needs to be preprocessed before feature
extraction. Data preprocessing mainly includes audio format conversion, denoising, and
endpoint detection. The format conversion unifies the birdsong file format as “.wav”, and
monophonic, and the sampling frequency is unified as 16 kHz. The wavelet threshold
denoising is used to remove the noise, and the endpoint detection removes the silent part
of the sound data. The data preprocessing process is shown in Figure 3:

duh“lhd k i Audio data format Audio Endpoint
conversion Denoising detection

—»> WAV

P . . D+ AQ QO 1 1
Original bird audio Processed bird audio

Figure 3. Data preprocessing process.

3.2. Generation of Audio Spectrograms

The audio is transformed to convert the original audio signal into Mel spectrograms
and WT spectrograms.

3.2.1. Mel Spectrograms

The Mel spectrogram is a visual representation that captures how the frequency and
amplitude of an audio signal change over time and is designed to reflect the human ear’s
perception of sound. The audio signal is divided into overlapping frames, each containing
a certain number of sampling points. Fast Fourier Transform (FFT) is applied to each
frame, converting the signal from the time domain to the frequency domain, revealing
the amplitude of each frequency component. The frequency axis is then converted to the
Mel scale, a non-linear scale that reflects the different sensitivities of the human ear to
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low and high frequencies. The Mel scale can be obtained from the Hertz scale using the
following formula:

_ f
= 25951og;,(1 + 700) 1)

where f represents the frequency in Hertz and m is the corresponding frequency in Mel.

The frequencies on the Mel scale are segmented into several triangular filters, each
covering a certain frequency range. Each frame is multiplied with the filter bank in the
frequency domain to obtain the energy output of each filter. These energy values form a
column of the Mel spectrogram, and this process is repeated to obtain all columns of the
Mel spectrogram.

3.2.2. Wavelet Transform

The wavelet transform (WT) is an advanced time-frequency analysis tool that employs
the idea of multiresolution analysis to obtain proper resolution in different time—frequency
regions by non-uniformly dividing the time—frequency space. It uses finitely attenuated
wavelet basis functions, consisting of scaled and shifted versions of the parent wavelet
and the parent wavelet, to better localize signals in the time and frequency domains. This
property makes the wavelet transform particularly suitable for audio signal processing,
providing better time resolution in the high-frequency part to detect transient changes and
higher frequency resolution in the low-frequency part to accurately track slowly changing
features. The continuous WT of the signal s(t) is as follows:

-b
(1 b \[/ lpab )dt (2)

where x(t) is the original signal, ¢* is the complex conjugate of the wavelet function, a is
the scale parameter, and b is the translation parameter.

Choosing the appropriate mother wavelet is the key to improve the efficiency and
accuracy of wavelet transform analysis. The continuous WT of structural vibration response
signals using complex Morlet wavelets can realize arbitrary time—frequency resolution.
Therefore, in this paper, the complex Morlet wavelet is selected as the mother wavelet, and
the mathematical expressions of its mother wavelet and sub-wavelet are as follows:

1

P(t) = ﬁ

1 t—b
vosl) = v (*57) @
where f. is the WT center frequency and f; is the WT bandwidth frequency.

, _2
e 12Tt T 3)

3.3. CBAM_ISTA-Net* Compression and Reconstruction

To achieve the compression and reconstruction of images and spectrograms, we
proposed the CBAM_ISTA-Net*. It is an Iterative Shrinkage-Thresholding Algorithm (ISTA)
network based on attention mechanisms, which can optimize the general L1 regularized
compressive sensing model. A total of 20 types of bird images, 15 kinds of Mel spectrograms,
and 10 kinds of wavelet transform spectrograms are input, and CBAM_ISTA-Net" is used
to compress and reconstruct the images and spectrograms.

3.3.1. Iterative Shrinkage-Thresholding Algorithm Network (ISTA-Net")

The optimization problem of compressive sensing usually involves finding a sparse
signal close to the original signal under a certain transform. It is shown as follows:

.1 2
min [y (5) + 211, 6
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where y is the measured value, ® is the measurement matrix, x is the original signal, ¥ is
the sparse transform, and A is the regularization parameter. ||.||; and ||.||; represent the
Euclidean norm (also known as the L, norm) and the L; norm, respectively.

The traditional ISTA solves the aforementioned problem through iterative updates,
with each step consisting of two main operations of gradient descent and proximal mapping.
The formula is as follows:

) = x(=1) o (CIDx(kfl) — y) (6)

x) :argmin%”x—r(k)Hi—k/\H‘I’le 7)
X

where, %) is the residual of the kth iteration, x*~1) is the solution from the previous
iteration, p is the step size, and x®) in Equation (7) is the solution after the kth iteration.

ISTA-Net is a deep neural network based on Iterative Shrinkage-Thresholding Al-
gorithm (ISTA), which maps each iteration of ISTA to a layer of the network and learns
the network parameters through end-to-end training. A non-linear transform F(-) is
introduced to replace the traditional linear sparse transform ¥, which is learned by the
convolutional neural network. Therefore, the above proximal mapping formula can be
further written as follows:

.1
o) = argming || F(x) = F(r) | +0 1| F(x)ll ®

where A and o are merged into one parameter, i.e., 6 = Ax, and « is a scalar.
Finally, the soft thresholding function is used to solve F (r(k) ) , that is

f(x<k>) - soft(f(r<k>),9) )
where soft (-, 0) is the soft thresholding function used to achieve sparsity.
ISTA-Net* is an enhanced version of ISTA-Net, and its structure is shown in Figure 4.

~ (k)
In the figure, D(k), G(k), H (k), and H are learnable linear convolutional operators. Re-
placing Equation (8) with HoD results in the following:

ming || H(D(x)) ~ H(D(*)) 13 +0 1| H(D()) |l (10)
é Sofi(,6“) - H®oor
g LR
kD Lk k-th phase T o

Figure 4. ISTA-Net* framework.

Following the same strategy as in ISTA-Net, the left inverse of H is defined as H , which

has the same structure as the symmetry, and satisfies the symmetry constraint HoH = I.
For ISTA-Net*, x(¥) is updated as follows:

2 = +® 4 G(H(soft(H(D (X)), 8))) (11)

It is sparse in the residual domain rather than the original image domain. Residual
images are easier to compress and improve the quality of CS reconstruction. Furthermore,
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ISTA-Net" introduces a skip connection, which adds the input and output of each stage
together, thus speeding up the training and convergence of the network.

3.3.2. Improved CBAM_ISTA-Net" Algorithm

The proposed method combines spatial and channel block attention module CBAM
(Convolutional Block Attention Module) based on ISTA-Net*, and its formula is as follows:

x0) = 1) 1 G(H(M;(sofH(Mc(H(D (1)), 6)))) (12)

A channel attention mechanism (Channel Attention, CA) is added behind the second
convolutional layer, and a spatial attention mechanism (Spatial Attention, SA) is incorpo-
rated after the soft thresholding operation, as shown in Figure 5. Together, they enhance
the sensitivity and discriminative ability of the network to important features.

k-th phase

"""" HY Sofi(-,6")

B I A u{ﬂ/ \WA

k-1
x* gk - |
" Channel Attention / Spatial 2\
‘ Model | . Attention
e —lr\Model ,‘/1 |
v R—

Refined Feature/:/}

P

\Input Featu . .
np ut Feature Convolutional Block Attention Module

Figure 5. Schematic diagram of the kth stage of CBAM_ISTA-Net*.

e  Channel Attention

Channel attention focuses on the importance of features, and the structure is shown in
Figure 6.

Channel Attention Model

O—>C 7
Channel Attention
M (Fy)

Shared MLP

Figure 6. Channel attention model.

After the forward transform module of CBAM_ISTA-Net", the maximum pooling and
the average pooling are first used for the features F, and then the multilayer perceptron
(MLP) layer is used to obtain the transform results. Finally, they are applied to two channels
separately, and the attention results of the channels are obtained by using sigmoid function.
The importance of different channels is used to weight the feature mapping of each channel,
emphasizing the important channel features and suppressing the unimportant channel
features. The formula is shown below:

M, (Fs) = o(MLP(AvgPool (Fg)) + MLP(MaxPool (Fy;))) (13)
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where M, (Fp) is the weighted result after forward propagation.
e  Spatial Attention

The spatial attention focuses on the importance of spatial positions, and its structure
is shown in Figure 7.

e N
[ [MaxPool,AvgPool] \

| »fjfmv /
- II’

Channel_refined Feature Spatial Attention
\\ Foq Spatial Attention Model M( soft) ) J

Figure 7. Spatial attention model.

With the soft thresholding operation, a channel-based global max pooling and global
average pooling are first performed to obtain two feature maps, Then, they are concatenated
into a feature map. It focuses on different spatial locations of the feature map and weights
the feature map by learning the importance of each location, making the network pay more
attention to the important spatial regions of the image. The formula is shown below:

M, (FSO ft) - a( F747 ( {Angool (FSO ft) ) ; AvgPool (FSO ft)} ) ) (14)

where M; <F50 ft) is the weighted result after soft thresholding iterations. Fs,; is the feature
after the soft thresholding operation.
The major steps of the proposed CBAM_ISTA* are summarized in Algorithm 1.

Algorithm 1: The procedure of CBAM_ISTA™*

Input: Training dataset X, sampling matrix ®, number of network layers L, initialization
matrix Q;,;t
Output: Reconstruction result ¥
1. Compute the initial matrix ®T® and vector OX;
2. Initialize reconstruction result xy = XQDiTm»t ;
3.fork=1;k <Ldo
4. Updating the estimates xk by Formulas (6) and (7);
5. Reshape x* to the image format x;, put and apply Convp to obtain the feature map xp;
6. Forward propagation convolution to extract deep features

x = ReLU(Convy(xp)), Xforwara = Conva(x);

7. Compute the channel attention weight M, (x forwurd) weighted the feature map X fo,ard;

8.x = Softo <xf0,ward, Gk);
9. Compute the spatial attention weight M;(x) weighted feature map x;
10. Backward propagation convolution
x = ReLU(Convs(x)), Xpackward = Conva(x);
11. Reconstruction updates : Xpeq = Xinput + X6, XG = Convg(Xpackwara), and flattened

to vector form: x* = Flatten <xpmi> , and calculate the symmetric loss SymLossy;
12. end;
13. Obtaining reconstruction results Y =k
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Original input

4. Experiment and Result Analysis
4.1. Experimental Design and Environment

The hardware platform used in this experiment is a desktop computer with 128 GB of
memory, a 16-core, 32-thread CPU with a frequency of 3.40 GHz, and an NVIDIA (Santa
Clara, CA, USA) A6000 GPU with 48 GB of VRAM. The operating system is Windows
10 64-bit Professional. Anaconda3, PyCharm 2020, and Python 3.8 are used as the data
processing and deep learning platforms.

The compression ratios of the model were set as 1%, 4%, 10%, 25%, 30%, 40%, and
50%, and the sum of reconstruction error and constraint loss were taken as the loss function.
The Adam optimizer updated the network parameters, and the learning rate was set to
0.0001. The parameters of the CBAM_ISTA* are quoted from the paper published by Zhang
et al. [23]. The peak signal-to-noise ratio (PSNR) was used as the evaluation metric to
measure the quality of image reconstruction, defined as the inverse of the Mean Squared
Error (MSE) between the original and reconstructed images. The formula is as follows:

1 m—1n—1 )
MSE = — Y7 3" [1(i,j) — K(i, )] (15)
mn i iZo
2
roe 10l g | 16)

where MAX| is the maximum possible pixel value of the image.

4.1.1. CAE Comparison Experiment

A convolutional autoencoder (CAE) is also constructed for comparative experiments.
A convolutional autoencoder is an autoencoder (AE) implemented using a convolutional
neural network (CNN). An autoencoder is an unsupervised learning model designed to
reconstruct input data through an encoder and a decoder and to learn the hidden features
of the data.

The difference between a convolutional autoencoder and a traditional autoencoder
is that it replaces the fully connected layer with a convolutional layer and a pooling layer
(Pooling Layer), which allows it to better process two-dimensional data such as images. The
convolutional layer can extract local features, and the pooling layers can reduce dimensions
and increase invariance. The network structure of the convolutional autoencoder is shown
in Figure 8.

Convolution  MaxPooling

e e | & ¢

Convolution MaxPooling Transpose Convolution

Reconstructed

Compressed
representation

input

Encoder Decoder

Figure 8. CAE network structure.

The network consists of an encoder and a decoder. The encoder is composed of five
convolutional layers and max pooling layers. The convolutional layers are used to extract
features from the input image, and the max pooling layers are used to reduce the spatial
dimensions of the features. The decoder consists of five deconvolutional layers, which are
used to recover the features of the input image and up-sampling to increase the spatial
dimensions of the features, resulting in the final reconstructed image.
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4.1.2. CNN Classification Model Settings

To verify the reconstruction ability of the model, a pre-trained model is built using a
custom CNN, and the original and reconstructed images are classified. The parameters of
the CNN structure are listed in Table 1. The learning rate is set to 0.01, the optimization
function is SGD, the activation function is ReLU, and max pooling is chosen for pooling.
After convolution and pooling, the fully connected layer makes the feature map into
vectorization. The classification accuracy rate (ACC) is used as the evaluation index.

Table 1. CNN model structural parameters.

Layer Name Type Kernel Size Stride Input Size

1 Conv Input Input Layer - - 224 x 224 x 3
2 Convl Convolution2D 3x3 1 224 x 224 x 3
3 Pooll MaxPool2D 2x2 2 112 x 112 x 64
4 Conv2 Convoltion2D 3x3 1 112 x 112 x 64
5 Pool2 MaxPool2D 2x2 2 56 x 56 x 128
6 - Flatten - - 56 x 56 x 128
7 Fcl Linear - - 128 x 56 x 56
8 Fc2 Linear - - 256

9 - Output - -

In this network, two convolutional and pooling layers are designed to extract the
features. After the convolutional pooling, the data enters into a fully connected layer and
the final features are extracted for image classification tasks.

4.2. Result Analysis

In the experiments, all the results are taken from five independent trainings. For bird
images and spectrograms, the reconstruction performance of CAE, ISTA-Net, ISTA-Net",
and CBAM_ISTA-Net* were compared under different compression ratios. Table 2 lists the
average reconstruction time of each image. It can be observed that the CBAM_ISTA-Net*
outperforms the other networks at all compression ratios, indicating that CBAM_ISTA-Net*
can better preserve the detailed information in images and spectrograms, thus improv-
ing the quality of reconstruction. At a compression ratio of 50%, the average PSNR of
CBAML_ISTA-Net* for bird images, Mel spectrograms, and WT spectrograms reached
33.62 dB, 55.76 dB, and 38.59 dB, respectively, while the average PSNR of the convolutional
autoencoder are only 21.58 dB, 23.13 dB, and 21.82 dB, respectively. The average recon-
struction time for each image is less than 1 s, and when reconstructing the Mel spectrum,
the reconstruction time is less than that of ISTA_Net™.

Table 2. Comparison of the average PSNR (dB) performance of various networks on bird images and

spectrograms.
CS Ratio Time
Dataset Methods

50% 40% 30% 25% 10% 4% 1% GPU
CAE 21.58 21.37 21.31 21.15 20.63 19.80 16.36 0.0039 s

Bird image ISTA-Net 32.36 30.27 28.20 27.58 22.74 20.65 17.15 0.054 s
& ISTA-Net* 33.31 31.48 29.54 28.42 23.93 20.07 16.99 0.058 s
CBAM_ISTA-Net* 33.62 31.77 29.80 28.68 24.12 20.44 17.31 0.061 s
CAE 23.13 22.92 22.51 22.41 21.64 20.65 17.29 0.0137 s
Mel ISTA-Net 38.68 37.18 35.88 34.22 29.70 24.85 19.47 0.1046 s
spectrogram ISTA-Net* 47.00 41.15 39.89 37.76 29.14 24.20 19.69 0.1104 s

CBAM_ISTA-Net* 55.76 53.58 46.27 40.40 29.67 24.68 19.84 0.079 s
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Table 2. Cont.
CS Ratio Time
Dataset Methods

50% 40% 30% 25% 10% 1% 1% GPU
CAE 21.82 21.70 21.68 21.61 21.37 20.36 16.46 0.0216 s
WT ISTA-Net 35.00 34.13 32.51 31.44 26.72 24.34 19.33 0.1072 s
spectrogram ISTA-Net*" 38.31 36.29 33.66 32.44 27.30 23.92 19.84 0.1119s

CBAM_ISTA-Net* 38.59 36.41 33.89 32.63 28.70 24.09 20.51 0.1185s

Figure 9 shows the PSNR of the three datasets with the four different methods un-
der different compression ratios. It is evident that CBAM_ISTA-Net* achieves the best
reconstruction results under any of the compression ratios.

bird images Mel Spectrogram WT spectrogram
CAE CAE CAE
e ISTA-Net e ISTA-Net e ISTA-Net
e ISTA-Net+ e ISTA-Net+ — ISTA-Net+
= N CBAM_ISTA-Net+ N CBAM_ISTA-Net+ N CBAM_ISTA-Net+

50% 40% 30% 25% 10% 4% 1% 50% 40% 30% 25% 10% 4% 1% 50% 40% 30% 25% 10% 4% 1%
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Figure 9. PSNR of the three datasets in CAE, ISTA-Net, ISTA-Net*, and CBAM_ISTA-Net*.

To verify the performance of CBAM_ISTA-Net*, the experiments are carried on
datasets of the Setll and BSD68 mentioned in [23]. Table 3 lists the average PSNR re-
construction performance for seven CS ratios on Set11l and BSD68. The results show that
CBAM_ISTA-Net* achieves better reconstruction results, and is an improvement over the
previous methods in almost all cases.

Table 3. Comparison of the average PSNR (dB) performance on Set11 and BSD68 datasets.

CS Ratio
Dataset Algorithm
50% 40% 30% 25% 10% 4% 1%
ISTA-Net [23] 3743 35.36 3291 31.53 25.80 21.23 17.30
Setl1 ISTA-Net* 38.01 36.04 33.73 32.40 26.51 21.57 17.21
CBAM_ISTA-Net* 38.13 36.08 33.83 3257 26.75 21.69 17.32
ISTA-Net [23] 33.60 31.85 29.93 29.07 25.02 2212 19.11
BSD68 ISTA-Net* 34.01 32.17 30.34 29.29 25.32 22.38 19.03
CBAM_ISTA-Net* 34.12 32.27 30.39 29.36 25.45 22.42 19.09

The reconstructed images of bird images and audio wavelet transform spectrograms at
different CS ratios are shown in Figures 10 and 11. From the figures, it can be seen that the
ISTA-Net reconstructed images are clearer and more realistic, while the CAE reconstructed
images are more blurred and distorted. In addition, the CAE reconstructed image becomes
indistinguishable at 1%. CBAM_ISTA-Net* enhances the ability of network to accurately
recover important features of the image during reconstruction process, resulting in more
details and sharper edges. This confirms the excellent performance of CBAM_ISTA-Net* in
the field of image compressive sensing and reconstruction.
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Figure 11. Reconstruction of four reconstruction methods on WT spectrograms.

To verify the reconstruction performance of CBAM_ISTA-Net", Figure 12 shows the
classification accuracy of the bird images and spectrograms reconstructed by CBAM_ISTA-
Net* and ISTA_Net*, as well as the classification accuracy of the original image and
spectrograms versus the reconstructed images and spectrograms. It can be seen that there is
no particular difference in the classification accuracy between the original and reconstructed
images. The classification accuracy of the CBAM_ISTA-Net*- and ISTA_Net"-reconstructed
bird images is 76%, which is lower than that of original image. Similarly, the classification
accuracy of the CBAM_ISTA-Net*-reconstructed Mel spectrograms and WT spectrograms
reaches 86.76% and 90.12%, which are only 0.73% and 0.45% lower than those of the
original spectrograms, and 0.49% and 0.51% higher than the reconstructed spectrograms of
ISTA_Net*. This shows that the CBAM_ISTA-Net* method not only achieves high-quality
compressive reconstruction, but also preserves the semantic information of image and
spectrogram. The results of CBAM_ISTA-Net* show that it can perform pre-tasks for
further classification tasks.
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5. Conclusions

In this paper, the compression and reconstruction of bird images and audio are studied.
Based on ISTA-Net, a dual attention mechanism is introduced and CBAM_ISTA-Net" is
proposed. By adding the attention module, the model can capture spatial and channel
features more efficiently and improve the reconstruction accuracy of compressed signals.
The CBAM_ISTA-Net* compression reconstruction experiments are carried out on image
and audio spectrogram data of birds. The performance of CBAM_ISTA-Net* was compared
with ISTA-Net, ISTA-Net*, and CAE. The experimental results show that CBAM_ISTA-Net*
achieves a higher PSNR under different compression ratios. In addition, the convolutional
neural network (CNN) model is used to classify the original image and the reconstructed
image. In the experiments, the classification accuracy of both the original and reconstructed
images is high, and that of the reconstructed image is only slightly lower than the original
images. This demonstrates that CBAM_ISTA-Net" can not only achieve high-quality
compressive reconstruction but also preserve the semantic information of images and
spectrograms. The original images can be restored with a small amount of sparse signals,
thus reducing the cost of data acquisition and storage.

While CBAM_ISTA-Net* has demonstrated a significantly improved performance
in compressive reconstruction, it still has some limitations. First, the high computational
complexity and time cost of the method in dealing with larger datasets may limit its
efficiency in practical applications. Second, although CBAM_ISTA-Net* can retain the
semantic information of images well, the reconstruction quality may be degraded when
dealing with noisy data or high compression rates.

In the future works, the model structure needs to be further optimized to reduce the
computational complexity and improve the efficiency of processing large-scale datasets.
Additionally, the research work can be extended to explore methods for compressive
sensing in video or other bioacoustic data.
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