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Abstract

Weak signals refer to a type of signals with very small absolute values of signal amplitude and low
signal-to-noise ratio relative to background noise. These signals are usually influenced by various
interferences and noise, making it difficult to accurately detect or identify them in the background.
Weak signals may come from long-distance transmission, low-power signal sources, weak signal
targets, and other situations. In practical applications, detecting and extracting weak signals is an
important technical challenge because weak signals often contain useful information, such as
sensor signals, communication signals, biological signals, etc. Effectively detecting and analyzing
weak signals can help us understand the environment, diagnose diseases, and facilitate commu-
nication transmission. To improve the detection accuracy of weak signals, this paper constructs a
CNN-LSTM model based on the attention mechanism. Firstly, considering the sensitivity of initial
values and short-term predictability of chaotic signals, the observation signals of each local sensor
are reconstructed in phase space according to the Takens theorem. An Att-CNN-LSTM model is
then established to predict chaotic signals, obtaining single-step prediction errors. At this point,
the detection problem of observation signals can be transformed into a signal detection problem
of one-step prediction error. Finally, the weak signals are detected using the Z-test method, and
the detection results of local sensors are obtained. Experimental results show that the proposed
model in this paper outperforms other models.
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Figure 1. Framework diagram of research ideas
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Figure 2. Structure diagram of CNN-LSTM based on attention mechanism.
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Figure 3. Graph of the results of the observed signal. (a) Chaotic Background Signal with White Noise; (b) Observed Signal
x(t); (c) Prediction Error Graph of ¢&(¢) ; (d) Prediction Error Graph of x(t)
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Table 1. Prediction results of chaotic signals with different signal strengths
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(~279.0640 dB) (~233.0123 dB) (~186.9606 dB) (—140.9089 dB) (—94.8572 dB) (~48.8055 dB)
RMSE CNN 0.0036 0.0033 0.0031 0.0030 0.0021 0.0006
LSTM 0.0041 0.0042 0.0015 0.0024 0.0013 0.0007
CNN-LSTM 0.0043 0.0038 0.0028 0.0026 0.0010 0.0008
LSSVM 0.0053 0.0044 0.0041 0.0021 0.0013 0.0010
At-CNN-LSTM  0.0022 0.0019 0.0018 0.0016 0.0008 0.0003
MAE CNN 0.0089 0.0052 0.0050 0.0048 0.0046 0.0026
LSTM 0.0058 0.0053 0.0022 0.021 0.0018 0.0009
CNN-LSTM 0.0093 0.0085 0.0056 0.0050 0.0012 0.0010
LSSVM 0.0060 0.0056 0.0054 0.0048 0.0039 0.0033
Att-CNN-LSTM  0.0046 0.0033 0.0031 0.0024 0.0009 0.0004
MAPE CNN 0.3492 0.3626 0.3371 0.3095 0.1626 0.0726
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Figure 4. Comparison of prediction results of different models
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Table 2. Detection results of chaotic signals with different signal strengths
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Table 3. Detection results of local sensors
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