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Abstract: Autoencoders are neural networks that have applications in denoising processes. Their use is widely

reported in imaging (2D), though 1D series can also benefit from this function. Here, three canonical waveforms

are used to train a neural network and achieve a signal-to-noise reduction with curves whose noise energy was

above that of the signals. A real-world test is carried out with the same autoencoder subjected to a set of time

series corrupted by noise generated by a zener diode, biased on the avalanche region. Results showed that,

observed some guidelines, the autoencoder can indeed denoise 1D waveforms usually observed in electronics,

particularly square waves found in digital circuits.
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1. Introduction

Autoencoders are neural networks operated by means of unsupervised learning. The input data
is compressed to a smaller-scale representation, called latent variable, which contains the most relevant
characteristics of the raw data. This compression function is carried out by the encoder, and the
decoder, which comes in sequence, decompress the data back into is original dimension. The latent
variable is a minimal representation of the features contained in the data, and it operates as a kind
of bottleneck in the convolutional neural network (CNN) architecture. Their main role can be seen
as a creating a rough copy of the input data, which resembles the training data [1]. Layers named
MaxPooling1D concentrate the inputs from the preceding layer into single neurons, thereby reducing
the data dimensionality [2]. When the input data contains complex values, the real and imaginary
parts need to be treated separately, since CNNs deal primarily with real numbers [3].

The goal of a denoising autoencoder is the creation of a model which is more robust against
noise energy. Recurrent neural networks, where there is feedback from the output to previous layers,
is sometimes used for arbitrarily long sequences [4]. Although usually applied for images, some
cases report improvements in the quality of 1D waveforms. Signals from ultrasonic non-destructive
testing have been subjected to denoising using an autoencoder and compared with singular value
decomposition (SVD), principal component analysis (PCA) and wavelet, with the CNN providing
better performance, particularly regarding the robustness [5]. Signals from seismic sensors had
activation functions added to the neurons as to introduce non-linearity in the process, improving the
overall performance [6]. Another 1D application reported the use of a denoising network followed
by a feature extraction on the diagnosis of a mechanical gearbox [7]. Real known defect conditions
were used in the training phase. In a similar approach, the denoising followed a 1D CNN, and was
used to diagnose fault conditions in rotating machinery [8]. The preliminar denoising procedure is of
paramount importance given the fact that real-world acquired signals are contaminated with noise,
which otherwise might demand extra effort in the classification network.

When noisy conditions to be used in the training are not easy to achieve using experimental tests,
the corrupted data can be created using several different alternatives, such as using a Gaussian noise
distribution and back and forth Fourier Transforms for the case of EEG [2]. EKG signals, in turn, had
high-frequency artifacts caused by electrode movements cleaned using a Discrete-Cosine and wavelet
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transforms pre-processing, followed by an autoencoder, which helped improve the signal-to-noise
ratio (SNR) by approximately 25 dB [9].

With regard to the field of communications, cognitive radio networks are meant to operate in
a crowded electromagnetic environment using the most efficient modulation scheme and frequency
range at the moment, therefore they need to continuously learn about the available electromagnetic
resource. CNN’s were reported to identify eight kind of communication signals (e.g., Costas and
Barker codes, binary phase shift or frequency modulation, etc) in order to be applied in Cognitive
Radio networks [10].

A convolutional autoencoder was integrated to an automated optical inspection (AOI) system,
which used images from a charged-coupled device (CCD) camera to identify defects in printed-circuit
(PCB) boards [11]. Similarly, vibration signals from permanent magnet synchronous motors were
processed by an autoencoder in order to decrease the noise levels prior to be classified in terms of
types of fault by a support vector machine (SVM) [12]. Taking advantage of the prediction capabilities
an autoencoder provides, a supervised-learning network was trained to predict the reliability of digital
circuits, whose results were then compared to a Monte-Carlo based analysis [13].

Radars, in particular, operate with very low-amplitude signals, contaminated with noise and
clutter which often have more energy than the signals of interest. Hyper-parameters of a CNN network
have been analyzed to provide radar waveforms recognition and classification, in real time [14].
Another similar study has focused on low-probability of intercept (LPI) radar waveforms, identified by
a dense CNN, with the original signals converted into time-frequency waveforms using Choi-Williams
(CWD) distribution [15], achieving a success rate of 93.4 % for an SNR of -8 dB. The Intra-pulse
modulation in radar signals have been recognized using a convolutional denoising autoencoder
and a deep convolutional neural network, with the raw data converted to images using the Cohen
time-frequency distribution [16].

Real-world electronic signals are usually contaminated with noise, which arise from disturbances
such as unwanted electromagnetic coupling among the circuit components, shot noise observed
in semiconductors and man-made electromagnetic interference (EMI). Band-pass filtering is one
alternative to reduce the noise power within the signal bandwidth, at expenses of the tradeoff between
the filter time and frequency domains. Steep roll-offs in frequency imply large group delays that
eventually distort the time response. More sophisticated alternatives to 1D denoising are wavelets
[17], empirical mode decomposition [18] and curvelets [19]. For that matter, this paper presents an
autoencoder used for denoising signals commonly found in electronics, i.e., square, triangular and
sine waves. In particular, square waves are usually employed in digital electronics, and preserving
their original waveform shape is directly correlated with the data throughput [20]. Disturbed digital
waveforms imply false readings, since the wave amplitude is used for decision making between the
binary logic levels. An ensemble of clean and noisy waveforms are generated by Matlab/Octave and
later used for the training and test of a CNN implemented in Python. For the sake of comparison to
real-world signals, a noise circuit was built and added to a signal generator, outputting the same three
wave shapes, and the denoising process was applied using the previously trained neural networks. Its
fast response enables its use as an option after analog signals are acquired and digitized.

2. Materials and Methods

2.1. Waveform Generation

The data to be used in the training was prepared in Matlab. Each time series was set to contain
1000 samples of real numbers, distributed in the square, triangular and sine types, each case with 2000
different waveforms to be inserted into the CNN. The parameter to be evaluated, the signal-to-noise
ratio (SNR), in dB, was computed according to:

SNR = 10 log10
∑2000

i=1 s2
i

∑2000
i=1 sn2

i
(1)
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where s and sn are the clean and noisy waveforms, respectively. Each waveform has the following
characteristics:

2.2. Square Wave

Its duty cycle was set to be 50 %, the on and off parts were set to 20 points. Amplitude is set to vary
between 0 and 1, and the different samples had the phase randomly varied. Noise is numerically added
using the rand function in Matlab. 2000 waveforms were stored without noise and 2000 contaminated
with noise. The complete waveform generation and file storage took 4.1 seconds, using Matlab 2018a.

2.3. Triangular Wave

Similar to the square wave, there were 2000 series, each with 1000 points. The rising and fall times
were set to be comprised of 20 points, and their amplitude varying between 0 and 1. Generation and
storage took about 4.6 seconds.

2.4. Sine Wave

Sine waves were generated, in contrast to the former two cases, with both frequency and phase
allowed to vary within the samples. Generation of data, storage and plotting figures took about 3.9
seconds.

Three different samples of the waveforms, clean and noisy, are shown in Figure 1. The sine waves
are shown with the 2π scale on the x-axis.
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Figure 1. Signal waveforms, clean and noisy (a) square, (b) triangular, and (c) sine.

The respective SNR histograms of the created input data are shown in Figure 2. They show that
the noise energy is larger than that of the signal, across all the 2000 samples.
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(a) (b)

(c)
Figure 2. Histogram of the SNR relative to the waveforms of (a) square, (b) triangular, and (c) sine
samples.

2.5. CNN

An autoencoder is a neural network that takes an input and reproduces the same input as the
output, by means of unsupervised learning [21]. The deployed network representation is shown in
Figure 3, based on Python Tensorflow and Keras, the latter an application programming interface
(API) that runs on top of the former. The aforementioned vectors of length 1000 (dimension 1000x1)
are supplied as input, and sequential convolutional filters are used, followed by MaxPooling and
upsampling blocks, which downsample and upsample the incoming data by a factor of 2, respectively.
Convolutional filters extract the features from the input data, whereas the MaxPooling performs an
averaging operation on the former convolutional filter data and reduce the number of parameters.
This first half-part of the CNN is named encoder network. In other words, convolutional layers detect
patterns on the incoming data, and MaxPooling reduces their dimensionality. The process is then
reversed, in the so-called decoder network, in order to retrieve the same original input length, and
instead of MaxPooling the dimensionality is progressively increased by means of Upsampling layers.
20% of the total number of samples was allocated to test, the rest is used for the training. Throughout
the CNN, the activation function was the Rectified Linear Unit (RELU).

Conv1D

8 filters

kernel =3Conv1D

32 filters

kernel =3

Conv1D
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max pooling max pooling
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Figure 3. Block diagram of the used CNN.
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50 epochs were used for the training. Table 1 shows the elapsed time for the three cases, it can
be seen that no relevant difference was observed for the waveshapes. The Loss parameter evolution
across the epochs are are shown in Figure 4. The square wave required more efforts to be be trained, in
contrast to the other two waveforms.

Table 1. Elapsed Time

Waveform Time [secs]

Rectangular 82.7
Triangular 82.2
Sine 81.5
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0.3
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Figure 4. Loss evolution along the 50 epochs for the cases of (a) square, (b) triangular, and (c) sine
signals.

Samples of the clean and noisy signals are shown in Figure 5, done after the training was finished.
The output waveforms are visually clearer, showing the success of the denoising network, cleaning
severely contaminated signals, independent of the waveshape type.

(a) (b)

(c)
Figure 5. Noisy (red) and denoised (green) waveforms from the (a) square, (b) triangular, and (c) sine
samples.
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A SNR histogram analysis is applied to the input and output signals (Figure 6). It can be seen that
the sine case had the worst performance, given the smaller distance between the noisy and denoised
samples. This difference can be ascribed to the larger variation of the seed signals, i.e., either the
frequency and phase were made to vary in contrast to the other two cases.

(a) (b)

(c)
Figure 6. SNR histograms for the (a) square, (b) triangular, and (c) sine samples, before and after de
denoising.

3. Real-World Noisy Signal

In order to evaluate the performance of the denoising autoencoder against real-world signals,
a test was performed with a circuit subjected to a controlled level of noise. For the noise source, a
Zener diode was employed, biased on its avalanche area [22]. The test was carried out using the circuit
displayed in Figure 7.

Figure 7. Zener diode used as a noise generator.

An oscilloscope stored the noisy waveforms, in ascii format, and were afterwards read and
processed by the CNN, trained using the Matlab-generated signals, i.e., there was not another training
with the Zener-contaminated signals. The instrument maximum time series length is by default 2000
points, so the acquired data vector was later truncated to 1000, in order to be consistent with the trained
input signals. Individual circuit components were manually optimized, based on the visual noise
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amplitude seen on the oscilloscope. For instance, the 6.6 V diode was chosen among others due to its
observed higher noise levels. The signal generator couples to the Zener by means of a 1 kΩ resistor,
and the capacitor blocks DC levels from entering into the signal generator and oscilloscope inputs.
Differently from the computer-generated square waveforms, the generator had finite rise and fall times
(set to its minimum default value of 17 ns). The generator was set to output square, triangular and sine
waves, displayed in Figure 8, together with the cleaned signals after the autoenconder.

(a)

(b)

(c)

Figure 8. Time domain and power spectra of the real-world signals, original and denoised.

Alongside the time-domain results their power spectra is shown, for either raw and processed
waveforms. It is possible to see that the CNN operates as a low-pass filter, attenuating frequencies
above the range where the signals concentrate most of their energies. It is interesting to stress that
this effect was automatically found by the neural network operation after the training step. In the
rectangular signal case, in particular, one notices that harmonics above the third are cut, probably due
to CNN training that was performed with a perfect shape (i.e., null rise and fall times). Among the
whole ensemble encompassing the three signals, the triangular wave had the worst behavior, with its
shape slightly rounded in the time domain, effect visualized on its power spectrum with its second
harmonic completely attenuated from the denoised version.
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It was found that the acquired signals did not need to be compressed into the original normalized
range (0 to 1), but it was very sensitive to the its baseline, i.e., a DC offset had to be added otherwise
the lower part of the signals were not correctly denoised. It points out that the training signals should
be comprised of a more diverse ensemble, particularly with randomly chosen DC offsets. Figure 9
shows an example, where the offset is not added to the acquired square wave. It is the reason that
justifies both initial and final discontinuities observed in the denoised waveforms seen in Figure 8.

Figure 9. Example of error in the denoising process.

4. Discussion

The observed results showed that the autoencoder indeed reduced the noise levels in typical
waveforms usually found in electronic circuits. Tests performed using a Zener diode noise generator
proved that the training phase has, however, to fulfill a broader set of parameters to become more
general. Namely, phase, frequency and DC offsets have to cover the range expected to be found in
the noisy signals to be later cleaned by the CNN. Waveform amplitudes were not found to have a
relevant impact on the denoising, so the training could be performed with the usual normalized values.
Also, though more time consuming and less convenient, a more robust option would have the training
performed with real-world instruments, so that the signals better resemble the future noisy waveforms.
It is not easy to predict which parameter, found in the real-world case, might impact on the network
response.
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