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Abstract: This paper discusses the reduction of background noise in an industrial environment to extend human-machine-interaction. In the Industry 4.0 era, the mass development of voice control (speech recognition) in various industrial applications is possible, especially as related to augmented reality (such as hands-free control via voice commands). As Industry 4.0 relies heavily on radiofrequency technologies, some brief insight into this problem is provided, including the Internet of things (IoT) and 5G deployment. This study was carried out in cooperation with the industrial partner Brose CZ spol. s.r.o., where sound recordings were made to produce a dataset. The experimental environment comprised three workplaces with background noise above 100 dB, consisting of a laser/magnetic welder and a press. A virtual device was developed from a given dataset in order to test selected commands from a commercial speech recognizer from Microsoft. We tested a hybrid algorithm for noise reduction and its impact on voice command recognition efficiency. Using virtual devices, the study was carried out on large speakers with 20 participants (10 men and 10 women). The experiments included a large number of repetitions (100 times for each command under different noise conditions). Statistical results confirmed the efficiency of the tested algorithms. Laser welding environment efficiency was 27% before applied filtering, 76% using the least mean square (LMS) algorithm, and 79% using LMS + independent component analysis (ICA). Magnetic welding environment efficiency was 24% before applied filtering, 70% with LMS, and 75% with LMS + ICA. Press workplace environment efficiency showed no success before applied filtering, was 52% with LMS, and was 54% with LMS + ICA.
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1  Introduction

Spoken word is still one of the most natural ways to directly transfer information between people [1,2]. Direct voice interaction with computers and machinery is slowly gaining in importance, as the industry is shifting towards the Industry 4.0 concept [3]. Voice communication systems are increasingly integrated into both industry and private life due to their significant benefits. Most applications are currently limited to a small set of tasks performed by specific machines using predetermined commands that they can recognize [4]. These systems are particularly useful when the operator must do several things at once.

In smart homes, control takes place between the device and the local gateway by power line communication (PLC), Transmission Control Protocol (TCP), or Message Queue Telemetry Transport (MQTT) protocol, which enables control through suitable clients (e.g., a smartphone or Amazon Alexa) [5].

A digital voice system was also designed for use with the internet of things (IoT) to control and simulate the process of an assisted robotic load as part of better human-robot interaction (HMI) [6].

He et al. [7] designed a well-known Arduino board with motion sensors and an audio receiver to control a robotic car using a cloud server and IoT technology, using preset voice commands integrated with Google Voice API.

Industrial applications often rely on radio-frequency technologies, such as Wi-Fi, IoT technologies (e.g., SigFox or LoRa), or broadband cellular networks (4G and 5G). In particular, 5G is often considered as a tool for artificial intelligence (AI), Industry 4.0, and IoT. New communication standards are resilient, and designed with smart sensors or devices and machine communication in mind. Its latency is much less than that of 4G, and it is considerably faster. Reliability is reaching levels of wired connections, but this is limited by the vast scope of manufacturing plants and Industry 4.0. However, 5G opens new fields of application in industry where conventional Wi-Fi fell short in the past. IoT and Industry 4.0 sensors are ever expanding–it is estimated that in 2022, almost 70 billion devices will be connected to IoT networks. Cellular networks often offer unparalleled coverage and scalability with robust and reliable connection. Manufacturers are expanding their plants by employing smart sensors to track cargo or employees, or to gather manufacturing data. The potential value can fuel the rise of automated factories. Automated vision quality checks, augmented reality construction, predictive maintenance, system-wide real-time processing control, and automated guided vehicles are the future of Industry 4.0. While low-power, wide-area solutions are sufficient for some simple connected devices, the opposite is true in manufacturing, where machines are data-intensive and in close proximity. The power of modern software-defined networks and the scalability supported in 5G networks offer a more agile and efficient model based on software rather than traditional hardware solutions. Virtual networks (or network slicing) and subnets adjusted to specific needs are possible with 5G. The 3rd Generation Partnership Project (3GPP) is working on a 17th release of mobile networks (expanding 4G and 5G), which was to be completed in 2022–2023, but may arrive later due to the ongoing COVID pandemic. Various teams are focusing on industrial deployment of 5G networks, including industrial IoT enhancement, IoT over non-terrestrial networks, dynamic power saving, Narrowband IoT enhancement, proximity-based services, and 5G-based location services. While the presented paper focuses on direct data gathering, it can be considered a work in progress.

A combination of sensors such as Raspberry Pi, cameras, and other inputs (voice, text, and visual) were used to facilitate laboratory communication [8]. While studying the implementation of voice control of operational and technical functions in the virtualization of a production line, Kennedy et al. [9] investigated a passive attack called a fingerprinting attack and found that it may be possible to correctly derive up to 33.8% of voice commands just by eavesdropping on encrypted traffic.

Objectives of this work are as follows:

•   Control assurance of operating and technical functions in the production line (production line on/off, arm activation, belt on, laser welder on/off, magnetic welder on/off, press on/off);

•   Particular command recognition assurance for the control of operational and technical functions in the production line;

•   Provision of a data connection between speech recognition technologies;

•   Additive noise suppression in speech signals using the least mean square (LMS) algorithm and the independent component analysis (ICA).

•   Ensuring the highest possible efficiency in voice command recognition in a real environment with additive noise.

2  Related Work

Speech signal processing is a promising research area. Automatic speech recognition, synthetic speech, and natural language processing will have a significant impact in business and industry [10–12].

The most important problems are related to automated or semi-automated equipment control (e.g., heating, cooling, lighting, ventilation, and air conditioning). Amrutha (MATLAB implementation) is one of the most successful tools used for spoken word identification in industrial environments, with success rates of up to 90% [13], and Kamdar and Kango are often used for smart home appliances [14–17].

Voice interaction is the most natural form of human interpersonal communication. Direct voice commands make it easy to control smart devices without time-consuming training. However, such a system controllable from multiple locations, requires a smart array of microphones and speakers connected to a centralized processor unit [18].

Automatic Speech Recognition (ASR) can be divided into three basic groups [19,20]:

•   Isolated word recognition systems (voice commands are used separately, such as in banking or airport telephone services);

•   Small systems for application commands and controls;

•   Large systems for continuous speech applications.

As regards ASR, systems applied directly in industry are a mix of the second and third groups, which employ grammatically limited commands for administration and control purposes [19]. ASR systems can also be classified by voice interaction into two categories [18]:

•   Specific control applications, which create the essence of smart homes (voice control of operational and technical functions and devices);

•   General voice applications, which can be used in all ASR systems.

Obaid et al. [21] showed the system’s broad applicability not only in industry but for personal use. Our proposed system consists of voice recognition and wireless systems, implemented with LabVIEW software and ZigBee modules, respectively. The system’s greatest advantage is that it must be trained only once. The required operations are performed based on the data received and stored in the wireless receiver, which is connected directly to the device.

A similar system, designed by Thakur et al. [22], can be used as a stand-alone portable unit to wirelessly control lights, fans, air conditioners, televisions, security cameras, electronic doors, computer systems, and audiovisual equipment [18].

Boeing is incorporating ASR in the new X-32 Strike Fighter aircraft, making it easier for the pilot to control the aircraft and focus on higher-priority aspects of a mission [10,23].

It is possible to regulate multiple factors of ASR systems, mainly speech variability, which is generally of limited use. The flexibility of the language can be limited by a suitable grammatical design. The ability to accurately recognize captured speech depends primarily on the size of the dictionary and the signal-to-noise ratio (SNR). Thus, recognition can be improved by reducing the vocabulary and by improving the SNR. Vocabulary restrictions in Voice Intelligence systems are based on the specific grammar. Reducing vocabulary, such as by shortening individual commands, can significantly improve recognition [24,25]. The quality of captured speech also affects recognition accuracy [26].

Real-time response is another requirement. Three aspects affect system performance [27]:

•   Recognition speed;

•   Memory requirements;

•   Recognition accuracy.

It is challenging to combine all three aspects, as they tend to conflict with each other; e.g., it is relatively easy to improve recognition speed while reducing memory at the expense of accuracy of recognition.

ASR systems can also be found in industrial applications such as robotics, where today’s powerful, inexpensive microprocessors and advanced algorithms control commercial applications in the areas of computer interaction, data entry, speech-to-text conversion, telephony, and voice authentication. Robust recognition systems for control and navigation are currently available in personal computers [22].

ASR systems are widely used in other fields, such as wheelchair management [28], defense and aviation [29], and telecommunications.

The IoT platform [30] within a cyber-physical system [31] can be understood as a combination of physical [32], network [33], and computational processes [34,35], and is important in simultaneous voice recognition.

Speech contains information usually obtained by processing a speech signal captured by a microphone through sampling, quantization, coding [36], parameterization, preprocessing, segmentation, centering, pre-emphasis, and window weighting [37,38].

• A statistical approach for continuous speech recognition using perceptual linear prediction (PLP) of speech [39–42], such as:


○   Audio-to-visual conversion in MPEG-4 [43];

○   Acoustic element modeling and extraction [44];

○   Speech detectors [45] or training of hybrid neural networks for acoustic modeling in automatic speech recognition [46].



• RASTA (RelAtive SpecTrAl) method [36]

• Mel-frequency cepstral analysis (MFCC), such as:


○   Reduction of the pathological system of voice quality evaluation dimensions [47];

○   Detection of clinical depression in adolescents [48];

○   Smart wheelchair speech recognition [49];

○   Speech recognition using spoken word signals [50].



• Hidden Markov models (HMMs) [51]

• Artificial neural networks (ANNs) [52], such as:


○   Automatic speech recognition (ASR) for speech therapy and phased patients [53];

○   Rapid adaptation of neural networks based on speech recognition codes [54];

○   A combination of the functions of the HMM/MLP hybrid system and HMM/GMM speech recognition system [55];

○   Hybrid systems for continuous speech recognition HMM, MLP, and SVM [56].



• Suppression of additive noise using single-or multi-channel methods [57], such as:


○   Speech enhancement using spectral subtraction algorithms [58];

○   Complex adaptive signal processing methods [59,60];

○   Model speech enhancement [61,62];

○   Improved removal of additive noise by spectral subtraction [63];

○   Reduction of speech signal noise by wavelet transform with adjusted universal threshold value [64] or suppression of speech signals by wavelet transform [65].



• Multi-channel methods, including:


○   Least medium quadrature (LMS) algorithm [66,67];

○   Recursive least squares (RLS) [68,69];

○   Independent component analysis (ICA) [70,71];

○   Principal component analysis (PCA) [72,73] or beamforming (BF) for speech acquisition in noisy environments [74] for linearly constrained adaptive beamforming [75] with a robust algorithm [76].



2.1 Classification of Speech Signal Processing Methods

Algorithms are applied to improve the quality of speech signals before processing them in speech recognition applications. These algorithms increase the intelligibility of speech signals and suppress interference while minimizing the loss of useful information. They can be categorized as adaptive or non-adaptive methods.

2.1.1 Adaptive Methods

Adaptive methods use a learning system that changes coefficients based on the working environment. They rely on continuous adjustments of control parameters influenced by fluctuations of environment or input and auxiliary signals. The basic element is feedback, which is used to adjust the parameters of the filter. These methods use a speech-to-noise signal as an input. The noise signal is used as a reference, which is subtracted to filter the speech signal. There are two categories of adaptive methods [66,77]:

•   Linear filters are derived from a linear time-invariant system or one to which the principle of superposition applies. These include the Kalman filter, LMS, RLS, and the adaptive linear neuron (ADALINE).

•   Nonlinear filters are not subject to the principle of superposition. They include the adaptive neuro-fuzzy inference system (ANFIS), multi-layer neural networks, and evolutionary algorithms.

2.1.2 Non-Adaptive Methods

Non-adaptive methods do not apply a learning system, and hence require no reference signal containing only noise. A speech signal with noise is sufficient. These methods can be categorized as follows:

•   Multi-channel methods perform sensing using multiple microphones, where the primary one acquires the noisy speech signal and the others pick up only interference. Two or more channels may sense noisy speech signals in different places. Methods include ICA, PCA, singular value decomposition (SVD), and periodic component analysis (μCA) [58,77].

•   Single-channel methods require only one channel, with input consisting of a speech signal contaminated by interference. Interference suppression is based on the characteristics of the useful signal and the interference. These systems are simpler and less costly than multi-channel methods. They assume that the useful signal (speech) and background interference have different characteristics. They use the calculation of the frequency spectrum from sub-segments of the signal. Their effectiveness is usually limited because of non-stationary interference. Methods include frequency selective filters of the finite impulse response (FIR) and infinite impulse response (IIR) type, methods based on Wiener filtering theory, spectral subtraction using the fast Fourier transform (FFT), wavelet transform (WT), and empirical modal decomposition (EMD) [77].

2.2 Comparison of Speech Signal Processing Methods

Tab. 1 shows the advantages and disadvantages of basic speech signal processing methods.

In 2010, Borisagar et al. [78] tested the adaptive LMS and RLS algorithms for real-time speech signal processing. Both achieved much higher accuracy in MATLAB simulations than a fixed filter designed by conventional methods. In addition, LMS has a simple structure and is easy to implement. Its main disadvantage is slower convergence, but it requires much less memory than RLS.

Wang et al. [79] introduced a method in 2011 based on spectral reading using a multi-channel LMS algorithm. They performed recognition experiments on a distorted speech signal simulated by convolution of multi-channel impulse responses with pure speech. The method’s error was 22.4% less than that of conventional cepstral mean normalization. When improved using beamforming, the error was 24.5% less than that of conventional cepstral mean normalization with beamforming. The test was focused on analysis of individual words with a duration of about 0.6 s.

In 2008, Cole et al. [63] applied different widths of the Hanning window and FFT signal conversion to the frequency domain to perform spectral readings using spectral subtraction, i.e., subtracting the noise spectrum from the spectrum of a speech signal contaminated with additive noise, assuming no correlation between the signals. The signal was further modified to form blocks called micro-segments. After conversion to the frequency domain, the interference component was removed by spectral subtraction and the signal was converted using an inverse FFT in the time domain. Testing used a speech signal with digitally added vacuum cleaner noise. Based on the SNR calculation, the best result was obtained using a Hanning window with a width of 256 points. However, the method can be considered inappropriate, as it is necessary to monitor the amount of input information. The method’s effectiveness depends on the determination of the noise spectrum, which is difficult in real conditions and unsuitable in a very noisy environment.

Table 1: Advantages and disadvantages of above methods for interference removal

[image: images]

In 2009, Mihov et al. [65] employed the WT to reduce speech signals contaminated by interference. Files from a test database containing 720 male voice recordings were sampled at 25 kHz. Noise was added to the speech signal with SNRs of 0, 5, 10, and 15 dB. Due to its computational complexity, sym3 and higher (Symlet wavelet) were unusable for interference reduction in real-time. The best properties were shown by db3 and db5 (Daubechies wavelets), with a maximum SNR improvement of 14 dB.

Aggarwal et al. [64] used the DWT algorithm in 2011 to reduce interference, applying both soft and hard thresholding. Analysis was carried out on a speech signal contaminated with noise at SNR levels of 0, 5, 10, and 15 dB. The soft thresholding method provided better results at all measured levels of SNR input, and the maximum performance improvement was 35.16 dB. The hard threshold reached a maximum improvement of 21.71 dB.

In 2003, Visser et al. [70] analyzed the efficiency of the ICA method in automobiles. Driving at 40 km/h, the driver spoke a sequence of numbers while the passenger spoke on a mobile phone and the radio and heater were turned on. Stereo microphones on either side of the rearview mirror (15 cm apart) were used for recording, and recorded data were sampled at 8 kHz. The SNR of the mixture recorded by the microphone on the driver’s side ranged from 2 to 5 dB. The recognition success rate was 46.9% before applying ICA separation. After using ICA, the success rate increased to 72.8%. The best results were achieved by a combination of the ICA and WT methods, where the recognition success rate was 79.6%. In the same year, Visser et al. [71] examined the effectiveness of the ICA in a room (3 × 4 × 6 m) with two directional microphones placed 10 cm apart. Speakers placed in the four corners of the room generated spatially distributed noise. Two other speakers were placed 30 cm from the microphones. The first speaker transmitted a sequence of numbers, and the second transmitted interference consisting of prerecorded words. The SNRs of the mixtures recorded by the microphone were in the range of 5, 0, 5, and 10 dB. The recognition success rate was up to 49.34%, and this was improved to 84.89% through the ICA method.

In 2010, Kandpal et al. [80] used the PCA algorithm for both speech recognition and speech separation. A recording of seven voices, which was 2 s long, with a sampling frequency of 8 kHz, was used for analysis. Based on the correlation coefficient, they evaluated the output of the PCA method against these seven voices and concluded that the probability of a match between the PCA output and the voices was around 0.8.

In 2001, Saul et al. [81] developed the μCA method for speech recognition. The algorithm had four phases. First, they used the eigenvalue method to combine and amplify weak periodic signals. They used a Hilbert transform to adjust the phase changes across the channels. They used effective sinus seizures to measure the periodicity. They performed a hierarchical analysis of the information through different frequency bands. The experiment was performed on synthetic data at a sampling frequency of 8 kHz. They showed that the μCA method enabled extraction of the required signal segment from different parts of the frequency spectrum, and that the method is also effective on signals with an SNR input of 20 dB. They mentioned that the μCA method is quite resistant to noise and filtering.

3  Applied Mathematical Methods

Based on the above studies that use advanced signal processing methods for speech filtering, the ICA method combined with an adaptive LMS algorithm was selected for interference suppression. A thorough study of the literature indicates that these methods provide promising results in various applications. We describe the selected methods below.

3.1 Independent Component Analysis

The independent component (ICA) method is a possible solution to the “cocktail-party problem,” as it can detect hidden factors that are the bases of groups of random variables, measurements, or signals. It is a multi-channel method, where two or more signals are converted to its input. The ICA is often used for analysis of a highly variable data from a large sample database. The variables are considered as linear mixtures of some unknown hidden variables, with no known mixing system. Hidden variables are considered to be non-Gaussian and independent, so they are called independent components of the observed data. Also called sources or factors, they can be found by ICA. Before applying this method, data preprocessing is necessary using centering (creating a vector with zero mean value) and whitening (creating uncorrelated data with unit variance). Eq. (1) represents the measured signals using microphones, where the matrix represents the mixing matrix Amix (e.g., environment and distance of the microphone from the source signals) and s→ represents the contained source signals. The ICA method enables implementation of Eq. (2), for which it needs to estimate a matrix W that is the inverse of Amix [70–72].

x→=Amix⋅s→,(1)

s→=W⋅x→.(2)

An algorithm derived from ICA, called FastICA, is often used to solve such problems. It has four steps. A random vector x→ is created, and kurtosis is calculated using Eq. (3), where w→ is the vector of weights g and is the derivative of the non-quadratic function G. The data are standardized, and a scalar product is calculated between the new vector w→ and its counterpart from the previous iteration. These steps are repeated until the scalar product reaches a value smaller than the selected convergence criterion, or the maximum number of iterations is reached. When working with FastICA, it is necessary to select the convergence criterion, maximum number of iterations, and number of output components, which is given by the number of source signals we are trying to estimate. In the case of speech processing, at least two components are used, where one should contain the speech itself, and the other only noise [70–72].

w→+=E{x→g(w→Tx→)}−E{g′(w→Tx→)}w→.(3)

3.2 Least Mean Squares Filter

The LMS algorithm is currently one of the most widely used adaptive algorithms. Its main strength lies in its mathematical simplicity. Adaptive algorithms are in general used in unknown environments because they can adjust their coefficients based on varying circumstances. They are based on a gradient search algorithm, or maximum gradient method. The dependence of the standard deviation of the output error signal of the adaptive FIR filter on the filter coefficients is a quadratic curve with one global minimum. The basis of the adaptive algorithm is the calculation of the error function e→(n) using Eq. (4), where d→(n) is the required output and y→(n) is the real output. The output of each iteration of the LMS algorithm is defined according to Eq. (5) and its modification, Eq. (6). Filter recursion (adjustment of filter weights) is given according to Eq. (7), where μ is the step size of the adaptive filter (which greatly affects the convergence rate), w→(n) is the vector of filter coefficients, and x→(n) is the input vector. These steps are repeated in each iteration until convergence is achieved. Another important parameter of the LMS algorithm is the order of the filter M, which has a significant effect on the computational complexity [67–69,78,82].

e→(n)=d→(n)−y→(n),(4)

y→(n)=w→(n)x→(n),(5)

y→(n)=w→T(n)x→(n),(6)

w→(n+1)=w→(n)+2μe→(n)x→(n).(7)

These algorithms require fewer demanding mathematical operations than RLS algorithms. Furthermore, they are one order less in complexity, and are therefore faster. The main disadvantage of LMS is its lower performance in time-varying environments and lower convergence speed [67,69,70,78].

4  Experiments

Five experiments were conducted in laboratory or real conditions to verify the above technologies. Five scenarios were evaluated by software-based simulations. The interference models were combined with audio recordings of individual commands to test speech processing methods in different conditions.

4.1 Applied Hardware

The measuring equipment consisted of a professional Steinberg UR44 sound card and four connected Rode NT5 microphones. The devices were controlled by a PC via virtual instrumentation-based software.

The Steinberg UR44 professional sound card [83] is primarily used for music and audio. It has four inputs for microphones or musical instruments. It supports various communication standards of the audio industry, e.g., ASIO, WDM, and Core Audio. Standardized values of sampling frequencies in the range of 44.1 to 192 kHz can be selected, with a resolution up to 24 bits. The sound card supports the supply of phantom power for connected microphones, from +24 to +48 VDC.

The Rode NT5 microphone [84] is a compact device that can be connected via an XLR connector. The 1/2” diaphragm consists of an externally deflected capacitor. The membrane is gold-plated, which improves its properties. The microphone has cardioid directional characteristics, and a frequency range of 20 Hz and 20 kHz (corresponding to the range of human hearing). The microphone must be connected to the input of a sound card supporting phantom power.

4.2 Software

Connectivity with the Steinberg UR44 sound card was maintained by the Audio Stream Input/Output (ASIO) audio communication standard. The LabVIEW graphical environment was chosen as the programming environment due to its high modularity and availability of usable libraries, including ASIO API, which is part of the WaveIO library [85].

The software was required to be as modular as possible, so that it could be used in various experiments and scenarios with minimal modification. The application was therefore designed in accordance with the queued message handler (QMH) design pattern [86]. The chosen architecture allows the consideration of each microphone as a separate measuring unit, eliminating the need to make large code changes when expanding the application.

A commercially available recognizer integrated into the Windows operating system was chosen as the speech signal recognizer. To enable its communication with LabVIEW required the installation of Speech SDK 5.1. The recognizer converted voice commands to text, which could then be used for either synthesis or further processing of the speech signal. A disadvantage is the limited database of languages (e.g., English, Chinese, French, and German), where local unexpanded languages (e.g., Czech and Slovak) are not supported. It was therefore necessary to set the Windows environment to a supported language. LabVIEW can be obtained through the freely available Speech Recognition Engine library. A conceptual diagram of the speech recognizer system can be seen in Fig. 1.

[image: images]

Figure 1: Concept diagram of speech recognizer system implemented in Windows

To have a speech signal modified by adaptive filtering before transmission to the recognizer, it is necessary to adjust the routing of the signal. Since the integrated Windows speech recognizer runs in the background of the operating system as a service, it is not possible for users to choose anything other than the input (such as LabVIEW or speech recording). The signal routing can be adjusted using SW (in our case, the VB-Cable [87]), which emulates both inputs and outputs of the sound card. The adjustment can be seen in the block diagram in Fig. 2.

[image: images]

Figure 2: Principle of signal routing adjustments

4.3 Measurements of Interference Signals During Production Line Operation

The measurements were taken at Brose CZ spol. s.r.o. (Koprivnice, Czech Republic), which produces seat structures, electric motors, drives, and locks for rear and side doors of vehicles. Interference sources of the laser welder, magnetic welder, and press were measured. The primary microphone (index 0) was in the area where the operator directly operated the devices. The reference microphones (index 2 and 3) were on the sides of the device, and the reference microphone with index 1 was placed in back of the device (see Fig. 3).

As mentioned above, the ICA method and adaptive LMS method were chosen for noise suppression.

4.3.1 Setting up the LMS Algorithm

Offline identification was necessary since it was impossible to determine the exact command chains in advance. This was performed by gathering the ideal values for each voice command and interference selection in accordance with the global SNR. Based on the measured values, the best filter length M and convergence constant μ were selected. Filtering was carried out in two steps, as seen in Fig. 4. A suppressed speech signal and a reference noise were applied to the input filter, which was a bandpass filter with the interval set to 300–3400 Hz (frequency band of human speech). The filtered signals were input to an LMS algorithm, where y(n) is the filtered signal and e(n) is filtering error.

From Tab. 2 it is clearly seen that the higher the interference energy the greater the requirements for the adaptive filter, i.e., the greater the filter length M and convergence constant μ. We found that during the measurement, the higher the interference energy the longer the required filter length, which led to distortion of the useful signal (filter length of 1000 or higher), which was partially filtered out. The situation was similar for the convergence constant, where the filter became unstable in the case of higher values (above 0.1). Another problem was the computational time, which was significantly longer with longer filter lengths and smaller convergence constants.

[image: images]

Figure 3: Implemented measurement system in production line

[image: images]

Figure 4: Measurement filtering chain using LMS algorithm

Table 2: Optimal parameter settings for LMS algorithm: production line visualization

[image: images]

4.3.2 Independent Component Analysis

The presented study relied on hybrid filtering, and FastICA with two independent components on the output of the adaptive filter. The convergence constant was set to μ=1⋅10−6, and 1000 iterations were performed (Fig. 5). This specific constant was chosen, since it was impossible to use more than one microphone. However, it was impossible to solve the classic “cocktail party” scenario. The LMS algorithm noticeably suppressed the interference, but the sub-interference increased the filtering error. as partial speech filtering also occurred when suppressing this interference. This well-known feature of adaptive algorithms must be considered.

[image: images]

Figure 5: Measurement chain consisting of LMS and ICA hybrid algorithm system

4.3.3 Recognition Success Rate

The recognition success rate was estimated based on the recognized/unrecognized status. One hundred repetitions were performed. During testing, the microphone had to be close to the mouth, mainly due to interference caused by the press. As a result, the sound card cut off the signal in some locations when the maximum resolution was exceeded.

From Tab. 3 and Fig. 6, it can be seen that when the laser welder was measured, the average success rate before filtering was 27%. Two commands, “turn on the middle arm” and “turn on the left arm,” were not recognized at all. After filtering, the average success rate of the LMS algorithm and ICA method were 76% and 79%, respectively. The average success rate of the magnetic welder was 24% before filtering, the least successful recognition being for the “turn on the left arm” command. After application of the filtering algorithms, the average success rates for the LMS method and ICA were 70% and 75%, respectively. While the LMS + ICA combination worked well in most scenarios, there were some exceptions. For example, the command “turn off the laser welder” achieved better results using only the LMS algorithm, and the signal deteriorated by up to 30% when the hybrid algorithm was used. The results from the press machine clearly show that the system was not able to distinguish the commands without LMS or hybrid algorithms. The interference energy was so high that it was necessary to place the microphone right next to the mouth to amplify the useful signal. Nevertheless, the average success rate after using the LMS algorithm was 52%, while the ICA method achieved 54%. This is an extreme scenario where the robustness of both methods was tested.

Table 3: Order recognition success for different types of production lines
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Figure 6: Average recognition success rates

From the spectrograms (Figs. 7–9) it can be noticed that the filtered signals from both welders have very similar waveforms. Both scenarios reached better success rates when employing the LMS and ICA combination. This is because the ICA method normalizes the signal to half the input signal, thus reducing the high values of interfering signals.

[image: images]

Figure 7: Laser welding machine interference spectrograms: “Homing” command
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Figure 8: Magnetic welder interference spectrograms: “Homing” command

[image: images]

Figure 9: Press machine interference spectrograms: “Homing” command

5  Discussion

The proposed concept of interference reduction can be applied in other industrial areas. The so-called acoustic/mechanical analysis of production, which is part of the predictive maintenance concept, seems to be a promising approach. In cooperation with our industrial partner, Brose CZ spol. s.r.o., some pilot experiments were carried out on laser and magnetic welders, focusing on an acoustic analysis of welding quality (Fig. 10). The experiments focused on acoustic and mechanical analysis of a specific tool, as seen in Figs. 11 and 12. To carry out a reliable acoustic analysis requires the complete elimination of background noise, since it significantly influences the results. The presented early designs seem like an optimal tradeoff between costs and results, and will be the subject of further research.

The presented system can be used in other environments. Workers such as construction personnel, designers, artists, police, and fire fighters can leverage the power of direct voice commands in environments obstructed by noise. The presented algorithms are fully transferable and can be deployed for other uses. Noise reduction can be used in automobiles (to filter vehicular noise), construction (to filter background noise), or even in medicine (to filter life signs of a mother and/or fetus). The system has the advantage that it does not obstruct the worker in any way. Other systems require direct contact with the employee’s body. These solutions are often obtrusive and could potentially influence workers’ capabilities, or even their safety. A wireless and unobtrusive approach mitigates these problems and increases employees’ comfort.

However, some deployment areas might require effective advanced signal processing methods. Apart from the tested LMS and ICA combination, adaptive methods include normalized LMS (NLMS), RLS, QR-decomposition-based RLS (QR-RLS), and fast transversal filtering (FTF). The resulting signal can also be enhanced by post-processing techniques such as the wavelet transform (WT), empirical mode decomposition (EMD), and ensembled EMD (EEMD). Our future research will seek the combination of the most suitable algorithms, and will also focus on advanced AI techniques.

[image: images]

Figure 10: Acoustic analysis of welding process (detection of rejected products)
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Figure 11: Long-term production line monitoring: cutting machine within press machine (use of artificial intelligence for predictive maintenance)
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Figure 12: Collage from pilot measurements

Data in smart factories tend to differ greatly from regular IoT traffic, since they often contain higher amounts of data transferred over shorter periods of time. Manufacturing lines and machinery work at the best quality-time ratio and must maintain the highest effectivity possible. The machinery often contains a vast array of different commands, which report important data or influence precise manufacturing processes. It is therefore important to have a solution that offers higher transmit speeds [88] and the lowest possible latency [89], for which 5G is slowly surfacing as a candidate technology. The network is robust, operates in a licensed spectrum, has low latency, and is partially tailored for industrial deployment. Machine-to-machine (M2M) communication is a critical part of Industry 4.0, and is necessary to maintain coordination between various devices and components. Coordination can be maintained not only within a single plant but across plants. Synchronized machines offer a significant advantage in precise manufacturing processes, such as for automotive applications. Many teams are focused on requirements and challenges for wireless technologies in Industry 4.0. Most machines are currently wired. However, wires can obstruct machine movements, which can lead to malfunction or reject manufacturing. The industry is slowly shifting toward wireless technologies and there are certain necessary requirements needed for seamless transition. Varghese et al. [90] focused on these challenges, focusing on design criteria of latency, longevity, and reliability. The team benchmarked both WiFi and 5G in terms of latency and reliability parameters. Based on their information, a single wireless standard will not address all of the strict requirements of Industry 4.0; however, it too early to reject some technologies, since many are still undergoing revision. Ordonez-Lucena et al. [91] analyzed the newest 3GPP Release 16 specification of 5G and identified a number of deployment options relevant to non-public networks. Their work included a feasibility analysis covering technical, regulatory, and business aspects. They also discussed business models and regulatory aspects.

Based on this information, the presented speech recognition system could be integrated as a part of a 5G Industry 4.0 automated factory. The early concept is shown in Fig. 13. The system could employ an array of wireless microphones to assist in speech recognition. Workers would carry their own reference microphones as a source of voice commands, influenced by background noise. Arrays deployed on machinery could be used as a source of noise. The gathered data would be automatically evaluated on a local server based on various qualitative parameters. Due to the low latency of 5G networks, evaluation and interaction could be seamless. The machinery could therefore be operated by reliable and well-recognized voice commands, increasing workflow and safety. The local non-public network (NPN) can parse relevant data gathered from machines and evaluate advanced functions on auxiliary servers. The results could be distributed through public land mobile networks (PLMN) to other manufacturing plants.

[image: images]

Figure 13: Concept of smart factory with 5G compatible voice evaluation platform

6  Conclusions

We presented innovative methods of speech signal processing for voice control of a production line in Industry 4.0. A commercially available Windows recognizer was used in order to recognize specific commands. The system was based on a commercially available sound card and LabVIEW programming environment. The analyzed data were gathered directly on the production line, making it possible to analyze a laser welder, magnetic welder, and press machine.

The linear adaptive filter LMS and the ICA method were chosen for environmental noise filtering. A dataset of 100 repetitions of each command was used to evaluate the designed system. A total of eight commands were tested in combination with three types of interference. The average recognition success before and after filtering was up to 49% higher in case of the LMS algorithm, and up to 52.3% for the hybrid filtering scenarios.

The overall results showed that the hybrid method had a 5% advantage over a conventional LMS algorithm. However, due to the computational complexity of the ICA method, it is significantly better to implement the LMS algorithm, which is much simpler and offers similar results. As the performance and price of available technology change rapidly, many more powerful algorithms might surface in the coming years.
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