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Abstract. To address the issue of achieving stable voice command recognition in extremely noisy industrial environments,
this paper proposes an optimized automatic speech recognition system (ASR) based on a CNN+BiLSTM structure. The system
consistently maintains a word error rate of less than 23% even at extremely low signal-to-noise ratios (SNR < 5 dB).
Furthermore, under the same acoustic conditions, the CNN-BiLSTM ASR system outperformed other competing transformer
and hybrid HMM-DNN models by 7% and 14% respectively, and the sentence-level command accuracy improved by 10% in
complex factory instructions. Furthermore, in the factory, the goal of this paper is to achieve stable speech command
recognition amidst background noise fluctuations, sudden acoustic disturbances, and changes in operating conditions. For
comprehensive temporal and spectral modeling, the proposed architecture integrates deep BiLSTM, multi-layer
convolutional modules, and log-Mel feature extraction. Then, connect the temporal classification decoder. An experimental
dataset containing over 1800 hours of speech transcriptions was used, which includes noise generated in both simulated and
real-world environments. According to the above results, the CNN-BiLSTM ASR system consistently maintains a word error
rate below 23% under extremely low signal-to-noise ratios (SNR < 5 dB). Moreover, under the same acoustic conditions, the
CNN-BiLSTM ASR system outperformed other competitive transformer and hybrid HMM-DNN models by 7% and 14%,
respectively. The accuracy of sentence-level commands improved by over 10% on complex factory instructions. Further
analysis shows that compared to the baseline method, the system's deletion and substitution errors were reduced by up to
44% and 50%, respectively. Through evaluation on an industrial edge computing platform, the feasibility of real-time
inference has been validated, with the real-time factor found to be close to 1.0. Based on the above findings, we constructed
an ASR network based on CNN-BiLSTM. These networks exhibit high accuracy and stability during operation, and can also be
used for quality inspection, speech control automation, and other applications.
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Introduction

Due to the increasing demand for machine hearing in the Industrial Internet of Things (lloT) and automation, as
well as the development of statistical models and deep learning technologies, automatic speech recognition
(ASR) has rapidly advanced over the past two decades [1]. Through automatic speech recognition (ASR), smart
factories and next-generation industrial systems will be realized using voice-controlled robots and voice-enabled
manufacturing equipment [2]. However, achieving normal ASR performance in real industrial environments
remains a technical challenge. These environments contain various types of noise, such as alarm sounds,
mechanical noise, overlapping work activities, and highly variable acoustic environments [3]. In controlled
environments, convolutional neural networks and recurrent neural networks are continuously improving to
approach human performance. However, in industrial environments, such as non-stationary, high-amplitude, or
impulsive noise, their stability and generalization ability significantly decline [4]. In addition, safety alerts or
production line control require real-time recognition, so inference/deployment needs low latency and high
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accuracy [5]. Therefore, companies and universities are focusing on the issue of combining industrial
digitalization with high-performance ASR systems [6]. In order to improve the performance of laboratory
benchmarks in real factory environments, researchers are studying the structure of noise-robust networks,
domain adaptation training, and methods for high-quality signal processing [7]. In light of the above situation,
this paper will provide a detailed introduction to the hybrid ASR model and conduct experiments in a real
industrial environment [8].

Traditional noise-robust methods such as feature transformation and multi-condition training perform poorly
when dealing with various new industrial noises [9]. Gaussian Mixture Model-Hidden Markov Model (GMM-
HMM) and traditional Deep Neural Networks (DNN) are established model frameworks, but they cannot handle
very high temporal variability or severe distortion in production environments [10]. In contrast, integrated
Convolutional Neural Networks (CNNs) in hybrid architectures for spatial feature abstraction and Bidirectional
Long Short-Term Memory (BiLSTM) networks for temporal context modeling exhibit stronger noise robustness
capabilities [11]. These findings are from earlier research. To enhance robustness against local disturbances and
the ability to use long-range dependencies under acoustically adverse conditions, CNN-BiLSTM can learn to
combine feature representations [12]. Data augmentation, front-end speech enhancement, and end-to-end
optimization pipelines to meet deployment requirements are recent research topics [13]. Despite the
aforementioned advancements, system benchmarking and component-wise performance analysis in real
factory noise are still rarely seen in the literature. Moreover, there is a lack of comprehensive research to
measure the applicability, generalization ability, and engineering trade-offs of the system [14]. Addressing the
aforementioned shortcomings to promote the widespread application of industrial automatic speech
recognition (ASR) [15].

In this paper, we propose and rigorously evaluate a deep hybrid ASR framework designed for high-noise
industrial environments. By combining the advantages of CNN and BiLSTM modules, it achieves an advanced
signal processing front end, systematic hyperparameter optimization, and systematic hyperparameter
optimization. Before conducting comparative and ablation studies on public and private industrial datasets with
various signal-to-noise ratios and noise types, the proposed system was tested. Through extensive testing and
quantitative analysis, we found that ASR is more robust, efficient, and scalable. This data can be used to guide
future engineering applications and developments in smart manufacturing and other industrial sectors.

Background Review

Overview of ASR in Industrial Environments

Automatic Speech Recognition (ASR) now supports various human-computer interaction applications, evolving
from early rule-based models to the current state-of-the-art deep learning architectures [16]. ASR systems are
now commonly used for automating hands-free operations, quality inspection, voice-controlled devices, and
continuous monitoring of production lines, as industrial automation and smart manufacturing are becoming
popular [17]. By integrating with SCADA systems, ASR can enhance the safety and efficiency of factory operations
while improving the flexibility of human-machine collaboration [18]. Industrial environments, unlike typical
office or home environments, have complex acoustic structures and chaotic background noise [19]. Many
mechanical processes, multiple overlapping machine sources, continuous monitoring alarms, and changes in
operational schedules are all sources of this noise. Therefore, signals from field microphones often exhibit
significant spectral overlap and non-stationarity, which pose particular challenges for voice-based automation
and system reliability [20].

Deep learning-based automatic speech recognition (ASR) has made significant progress recently, with
developments in convolutional neural networks (CNN), recurrent neural networks (RNN), and transformer-
based models [21]. Train models on large speech corpora and optimize them using high-performance computing
resources to improve accuracy in clean or mildly noisy environments. However, applying these models to noise
sources specific to industrial areas requires specially designed acoustic front-ends and neural network topologies
[22]. For example, multi-condition training, model regularization, and advanced signal enhancement methods
have recently been studied for robustness strategies [23]. Researchers can use industrial ASR benchmark
datasets such as the CHIME and Aurora corpora as repeatable testing platforms to evaluate noise-robust
architectures [24]. Real industrial noise is often composed of context-dependent, transient, and highly non-
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stationary events, making it difficult to reproduce in simulated datasets [25]. The construction of the new
industrial ASR system has now addressed the aforementioned issues.

Challenges and Motivations

The ASR noise problem in factories is usually more severe due to many unstable and unpredictable high-intensity
noise sources [26]. Frequent equipment noise, intermittent electrical switching, hydraulic power-off movements,
and unpredictable people are often sources of acoustic interference. Most commercial ASR systems are usually
trained on speech data based on stable or known background noise conditions. This does not align with the
diversity of these noise sources and their changes over time [27]. The performance degradation caused by the
aforementioned acoustic artifacts is usually severe, affecting recognition accuracy and user trust in critical
systems.

Speech enhancement front-end, adaptation techniques at the acoustic model level, and robust feature
extraction (such as MFCC, PNCC, and log-Mel) are traditional methods for improving noise robustness [28]. The
aforementioned methods have been improved, but they are no longer as effective in real industrial
environments, especially when there are sudden changes in signal-to-noise ratio (SNR) or when encountering
noise features not seen during training. With the continuous advancement of factory automation and
digitalization, the WER of ASR systems needs to be relatively low, the computational overhead also relatively
low, and they should be easily integrable with edge devices and legacy platforms [29]. Many researchers have
recently developed several hybrid deep learning models that combine CNN and BiLSTM networks to meet the
new demands for processing different types of data. These models have achieved excellent extended
dependency modeling in noise and local time-frequency analysis.

In recent years, more research has been conducted on the issue of the lack of standardized benchmarks in actual
factories, but large-scale ablation and comparative studies are still rare [30]. Therefore, developing a large-scale,
stable, and scalable industrial application ASR system remains a daunting task. Therefore, a comprehensive
approach that integrates algorithmic innovation, in-depth experimentation, and practical implementation is
needed.

Methodology

Model Design

We have built a hybrid architecture based on front-end signal processing and deep neural networks to meet the
needs of a stable speech recognition system in noisy factories. As shown in Figure 1, the stages of this framework
include microphone array acquisition, acoustic front-end analysis, the CNN-BiLSTM hybrid backbone network,
and output decoding.
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Figure 1. Workflow Diagram of the Overall ASR System
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In the input stage, the microphone array enhances the collection of clear speech and reduces various frequencies
of factory noise. The digitized audio signal is referred to as x(t), followed by noise reduction and amplitude
normalization. In the computational core, multi-layer convolutional neural networks (CNN) extract local spectral
features and robust patterns from the short-time Fourier transform of speech or filter banks. The convolution
output of each input feature map F is: The digitized audio signal is represented by x(t), followed by amplitude
normalization and denoising. In unstable industrial environments, the aforementioned method normalizes the
received signals, thereby reducing spectral fluctuations and drift.

The computation core uses a multi-layer convolutional neural network (CNN) to extract local spectral features
and robust patterns from the short-time Fourier transform of speech or filter banks. The convolution output for
each input in the feature map F is:

H;j = 0(2 W * Fivujio + b) Eq.(1)
u,v

where W is the convolution kernel, b is bias, and o is an activation function, such as RelLU. To improve
translation invariance and reduce the size of the feature maps, pooling layers were added between the
convolutional blocks.

A stack of bidirectional long short-term memory (BiLSTM) layers sequentially receives the high-level features
produced by the CNN blocks. In this case, the model can simultaneously capture the complex and overlapping
local patterns and long-term dependencies in the factory environment. During the information processing, each
BiLSTM unit obtains a rich feature vector in both temporal directions.

The fully connected layer and the classification and decoding module with softmax activation map the BiLSTM
output to the posterior probabilities of phoneme or subword units. Connectionist Temporal Classification (CTC)
is used to align the predicted sequences with the transcription targets in the absence of segmented data:

Lere = —log p(y | x) Ea.(2)
where X is the input feature sequence and y is the target label sequence. CTC can directly map input frames to
outputs of different lengths. It is also suitable for real industrial speech with ambiguous word segmentation and
irregular timing. In order to improve recognition accuracy and enhance the operational efficiency of embedded
systems, beam search decoding will be used during the inference process.

Figure 2 shows the model design and all its modules, as well as the connections between them. The modular
structure is more advantageous for the diverse conditions of the factory, so a comprehensive ablation study is
not necessary.
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Figure 2. Detailed CNN-BiLSTM Model Architecture
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Data Processing and Feature Extraction

In the presence of impulse, non-stationary, or overlapping noise, high-quality and robust feature representations
are crucial for the proper functioning of ASR systems. The procedure adopted in this study is to meet the specific
noise requirements of the factory while maintaining real-time performance.

First, the signals in the factory microphone array are displayed as

x(t) = s(t) + n(t) Eq.(3)
where s(t) denotes clean speech and n(t) is the additive noise component. All the recorded data are resampled
at 16kHz and then normalised to 16 bits for storage.

To reduce noise in the damage caused by noise, the short-time spectral energy is calculated per frame as

K
Ef = kZl FAG Eq.(4)

where X (k) is the DFT coefficient fE)r frame f at frequency bin k. Spectral gating then applies signal-to-noise
ratio-based suppression to reduce frequency bins with

Is;(0)|”

2
Ny (i)
If less than a trained threshold, it will be attenuated; Sy (k) and N (k) are the speech and noise estimates,
respectively.

SNR;(k) = 10logq, Eq.(5)

Silence removal is performed by a neural VAD, and waveform normalisation per utterance is carried out as
follows.
X, — U
12 L X
xl === Eq.(6
i o, q.(6)
where p, and g, are the mean and standard deviation of the original waveform.

Feature extraction is done by computing log-Mel filterbank features:

K
my; = log (Z |Xi(k)|2fj(k)> Ea.(7)

k=1
with f;(k) describing the Mel-scale filter response. First temporal derivatives (deltas) are also calculated to
increase the response to speech dynamics:

Tzt n(Miyn — Mip)
Aml = n ZZNL nnz i Eq.(8)
n=1

Finally, all features are normalised by cepstral mean and variance normalisation along each dimension:

fi.j = M Eq.(9)
i
where i; and g; are the mean and standard deviation calculated across the training corpus. Then, the feature
sequences are zero-padded or truncated to ensure a uniform batch size during training and inference. By using
the aforementioned adaptive spectral suppression and robust normalization processing chain, the feature
sequences will retain essential speech information and exhibit better noise resistance in real industrial

environments.

By using the processing chain of adaptive spectral suppression and robust normalization, the features will retain
the basic speech information and enhance noise resistance in real industrial environments.

Implementation Details

The ASR system constructed in this paper can support reproducible scientific research as well as industrial
applications. All modules have been developed in Python 3.9 and PyTorch 2.x for deep learning experiments and
integration. The Adam optimizer is used for model training, with its initial learning rate decaying exponentially.
All modules are developed based on Python 3.9 and PyTorch 2.x for integration and deep learning experiments.
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The Adam optimizer is used to train the model, and its initial learning rate will decrease exponentially:

a, = ag -yl Eq.(10)
where «a; is the starting learning rate, y the decay factor, t the current epoch, and s the decay interval. The
schedule is required for stable convergence of the noisy dataset.

Gradient explosion was avoided by applying gradient clipping in the deep recurrent network training.

, g
9 = i~
max (1, |lgll/c)
where g represents the gradient vector and c is the maximal norm (set to 5).

Eq.(11)

Mini-batch construction grouped utterances of similar lengths, and each batch contained 32 normalized feature
tensors:

Batch = {FO,F®, . FGD) Eq.(12)
where every F® is a zero-padded and normalized input. This Design reduced Padding and improved GPU
utilisation.

The two kinds of data augmentation used are speed perturbation and environment noise overlay. Augmented
examples were created as follows:

xaug(t) = x(at) + B " Npoise (t) Eq-(13)
with a € [0.9,1.1] and B adjusting the added noise level for diverse acoustic conditions.

To reduce overfitting, dropout was used in both the convolutional and recurrent layers:

y = Dropout(x,p) Eq.(14)
with an empirically validated dropout probability (e.g., p = 0.3 for CNN, p = 0.2 for BiLSTM). Batch
Normalisation improved convergence speed and stability for all acoustic domains:

BN(x) =y il +B Eq.(15)
<\/02—+6

where y and f are learned parameters and € ensures numerical stability.

Early stopping and checkpointing were selected based on the monitoring of word error rate (WER) in a real-
world, noisy validation set:
S+D+1

- -t Eq.(16
WER v q.(16)

S,D, I and N are substitutions, deletions, insertions and total reference words respectively.

In order to obtain the final hypothesis, beam search was used for decoding, and a tunable width parameter w
was set to maximize the posterior probability on the beam candidate set. Grid search optimized all
hyperparameters, including the number of CNN filters, BiLSTM units, and decoding beam width. A fixed random
seed and MLflow were used for experiment tracking and reproducibility.

Overall, the aforementioned methods ensure that the ASR system is academically rigorous and sufficiently
reliable for use in industrial environments.

Results and Discussion

Experimental Setup and Datasets

The proposed ASR architecture has been comprehensively tested in real industrial environments. The composite
dataset includes a selected subset of CHIME-4, proprietary industrial corpora from multiple sites, 1,800 hours of
transcribed speech from the enhanced Aurora-4 set, and factory noise from the enhanced Aurora-4 set. These
27 factory activities generated three different types of noise: 800 hours of clear speech, 600 hours of light noise,
and 400 hours of heavy noise. Each sample includes detailed transcripts, speaker information, machine context,
explicit noise category labels, and measured signal-to-noise ratios. The proportion of training data is 80%, the
proportion of validation data is 10%, and the proportion of test data is 10%. To improve generalization
robustness, strictly distinguish between speakers, locations, and noise sources.
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Alarms, mechanical failures, and masked speech are difficult samples added to the validation and test sets to
improve system stability. All audio is standardized to a sampling rate of 16 kHz and a bit depth of 16 bits. In
addition, the extraction of log Mel filter bank features, segmentation and noise suppression, as well as the
calculation of delta and acceleration coefficients. Quality is controlled through sampling and manual inspection,
and all features are normalized to global cepstral statistics.

Model training was conducted on Ubuntu 22.04 using the NVIDIA A6000 GPU and CUDA version 11.8. NVIDIA
Jetson Xavier and Intel i7 CPU will be used for deployment testing. To facilitate reproduction and sharing, MLflow
recorded the software settings and experimental results. Evaluation metrics include word error rate, accuracy
of the signal-to-noise ratio interval, real-time performance, and system latency. In addition, measures were
taken during the testing process to prevent data leakage and overfitting. According to the previous tests, it is
running normally.

Performance Evaluation and Model Comparison

In order to evaluate and assess the performance of the new industrial ASR system in a wide range of real factory
environments, all existing benchmark systems are used as reference standards. The evaluation includes
competitive convolutional-recurrent architectures, leading end-to-end transformer models, and classic HMM-
DNN hybrid models. To ensure a fair and reasonable comparison, all systems were trained and tested according
to the dataset structure, preprocessing, and hardware steps described in Section 4.1.

Figure 3(a) shows the recognition accuracy at different noise levels. The proposed system performs well in quiet
or mildly noisy environments compared to high-end transformer-based competitors. On the other hand, it
performs well in noisy environments. The proposed CNN-BiLSTM-CTC model has a word error rate of less than
23%, which is more than 7 percentage points higher than the transformer model, and it performs better than
the HMM-DNN hybrid model in low signal-to-noise ratio areas. The average signal-to-noise ratio is 5 dB. The
goodness-of-fit test indicates that, in high noise environments, this model outperforms other models.

Furthermore, as shown in Figure 3(b), the model accuracy and signal-to-noise ratio (SNR) demonstrate the
system's noise resistance capability. The proposed system is nearly twice as effective as the HMM-DNN system
under severe background noise conditions and is 10% to 16% higher than the transformer model. In the low
signal-to-noise ratio and high signal-to-noise ratio regions between -5dB and 25dB, the accuracy curve is
relatively high but gradually declines. Therefore, the strong coupling between the convolutional front-end local
feature extractor and the deep bidirectional LSTM temporal context model is the reason for the aforementioned
robustness.

Modern manufacturing has established feasible operational metrics. Figure 3(c) shows the overall real-time
factor (RTF) of some common embedded platforms and servers, as well as the computation time per utterance.
The proposed system achieves an approximate real-time factor of 1 (RTF = 0.98) on NVIDIA Jetson Xavier and
Intel i7 hardware; that is, in practical applications, it is almost instantaneous, only slightly slower than the basic
DNN model, but with significantly higher recognition accuracy. Therefore, this model can be used for intelligent
security monitoring, such as hands-free device control and predictive maintenance dashboards.

Based on the experimental results, an ablation study was conducted on the objective function and key
architecture modules, as shown in Figure 4. As shown in Figure 4(a), the effect of the convolution front end can
be observed: Under severe noise conditions, the system's accuracy at low signal-to-noise ratios increased from
59% to 77%, and the overall accuracy for clear speech exceeded 96%. Therefore, they are crucial for extracting
strong features.

Figure 4(b) quantitatively shows the impact of the stacking depth of BiLSTM. As the number of layers increases
from one to five, the word error rate decreases from 32.5% to 22.6%. After three layers, the reduction in error
rate tends to stabilize; beyond five layers, there are only minor improvements, and the latency increases
significantly.
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Figure 4(c) shows the error distribution types comparing four training paradigms. These paradigms include CTC,
frame-level cross-entropy, sequence-to-sequence, and transformer-based cross-entropy. CTC produced the
lowest insertion rate (3.8%) and deletion rate (4.9%), while maintaining the lowest substitution rate (8.2%).
Among all error types, the deletion rate of frame-level cross-entropy is 12.7%, the insertion rate is 9.6%, and the
substitution rate is 18.9%. The transformer and sequence-to-sequence objectives provide a compromise.
Compared to Frame-CE, they reduce insertions and deletions. However, the substitution rates of 11.6% and 10.8%
are both higher than CTC, indicating the ongoing challenge of precise alignment under complex factory noise.

Figure 4(d) shows the joint view of system latency and recognition accuracy as the model depth increases.
Starting from depth one, the inference delay sharply increases from 0.19 seconds to depth eight, while the word
error rate remains stable below 23% from depth one. This indicates the need to choose a model configuration
that can ensure robust recognition while operating within real-time deployment constraints.

Figure 5 shows a summary of the parameter sensitivity analysis, presented in various forms. Figure 5(a) shows
the relationship between the model's accuracy and the logarithmic interval learning rate. The lines and shaded
areas are part of it. When the learning rate increased from 5 X 107> to 2 X 1073, the accuracy rapidly rose from
68% to 94.2%, indicating a broad optimal platform. However, the accuracy sharply declines at higher values, so
an appropriate learning rate must be determined to achieve rapid convergence and ultimately high accuracy.

Using a dual-axis chart, Figure 5(b) shows the trade-off relationship between model depth, word error rate, and
inference latency. From 1 layer to 8 layers, the word error rate significantly decreases. In the first 3 layers, the
word error rate is the highest. At this point, the inference time will exceed one second, and deeper layers will
not significantly improve accuracy, with latency increasing almost linearly. This indicates that in practical real-
time systems, architectural complexity should be kept at a relatively low level.
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Figure 5. Parameter sensitivity analysis for (a) learning rate, (b) model depth, and (c) dropout rate
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Figure 5(c) depicts the relationship between generalization performance and dropout rate. It also depicts the
accuracy within and outside the domain. The maximum out-of-domain accuracy is approximately 90.1%. When
the dropout is between 0.35 and 0.4, both performance and generalization ability decline. Using dense
parameter sampling to determine the best regularization method for industrial applications, the shaded area
between the two curves is used to quantify the model's robustness.

The proposed ASR system exhibits the highest accuracy and robustness when facing factory noise, and it can still
be used in embedded environments. Due to the ablation and sensitivity studies indicating that each subsystem
requires careful tuning and consideration. Therefore, the design guidelines for high-noise industrial speech
recognition are now available.

Result Analysis and Practical Implications

As shown in Figures 6 and 7, the empirical results indicate that the new ASR system has been improved and can
be used for industrial applications. Figure 6 shows the normalized confusion matrix for the entire command set
for the two model types. As shown in Figure 6(a), the baseline system has a large number of errors, and non-
diagonal connections between acoustically similar commands (e.g., cmd3 and cmd6) are particularly common.
For example, after normalization, the misclassification rate between these two commands exceeds 7%, and they
are relatively sensitive to overlapping speech. The lines for cmd5 and cmd7 have more noticeable errors, with a
confusion rate exceeding 10%. Background noise or slight pronunciation errors are usually the cause of these
mistakes. Figure 6(b) shows that the proposed structure produces a very concentrated diagonal in its confusion
matrix. Moreover, for almost all commands, the accuracy rate along this diagonal exceeds 90%. The off-diagonal
misclassification rates in most categories have decreased by more than half. For example, the off-diagonal
confusion rate between cmd3 and cmd6 is now below 3%, while the correct recognition rate for cmd7 has
increased from 80% to 92%. It can be confidently said that it is not only more broadly accurate but also has
greater control over noise and rarity in command phrases.
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Figure 6. Confusion matrix comparison: (a) Baseline model (normalized). (b) Proposed model (normalized)

The magnitude of these gains becomes even clearer when considering the performance on individual commands,
as presented in Figure 7(a). Here, the proposed model outperforms the baseline across five representative
industrial instructions. For "Set temperature to eighty," sentence-level accuracy improves from 74.0% to 85.2%;
"Shutdown line2" rises from 80.5% to 89.6%. The other cases—"Start conveyor," "Activate fan," and "Resume
process"—all show gains of 4—6 percentage points, reaching final accuracies up to 98.2%. This trend emphasizes
that the improvements not only address rare or ambiguous commands but also fortify the system’s robustness
across typical operational utterances.
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System robustness under different noise scenarios is further quantified by Figure 7(b), with accuracy traced as
a function of SNR. The proposed system achieves 98.1% accuracy at 25 dB SNR and stays above 91% for most
moderate noise conditions. As noise intensifies, accuracy decreases more gracefully than the baseline. At 0 dB
SNR—a demanding real-world case—the proposed model retains 78.5% accuracy, compared to 60.1% by the
baseline. Even under extreme conditions of -5 dB SNR, the model manages 54.3% accuracy, whereas the baseline
drops to just 38.7%. This consistent performance gap of 10-16 percentage points across all SNRs demonstrates
the advanced robustness of the proposed approach for deployment in noisy industrial environments.

Figure 7(c) shows the types and frequencies of recognition errors. In both systems, substitution errors remain
the most common type of error. The baseline model had 42 such errors, but after modification, it reduced them
to 21, almost half of the original number. Reduced from 18 errors to 9, and from 10 errors to 4. If these
fundamental error categories are not reduced, industrial use will lead to the risk of ignoring or misunderstanding
verbal commands, thereby reducing the safety margin for humans and the reliability of automated processes in
factory workshops.

(a) Command-level ASR Accuracy (b) ASR Accuracy vs. SNR
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Figure 7. Visualization on real-world data: (a) Command-level ASR accuracy. (b) ASR accuracy vs. SNR. (c) Error type distribution

The aforementioned data-based results indicate that the proposed ASR system has achieved significant and
stable improvements both globally and at each command level under complex acoustic conditions. Due to its
improvements in accuracy, error characteristics, and noise resistance, it has become an ideal interface in factory
environments. Therefore, many automated and safety-critical scenarios that require real-time and reliable
speech recognition have also begun to use it.
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Conclusion

In summary, the following is an advanced automatic speech recognition architecture designed for complex and
noisy industrial environments. According to many studies using real data, the new system is always better than
the traditional system. The error rate of the normalized confusion matrix has significantly decreased, especially
in terms of misrecognition of phonetically similar speech commands. If this is not done, the factory automation
system will be unsafe and unreliable. The model found that in the more difficult instruction patterns, the
sentence-level accuracy improved by over 10%. In addition, it also found a statistically significant improvement
in frequently used and familiar commands.

The system not only improved accuracy but also performed relatively well against various noises in the actual
production line. In all test cases, the new structure has a significant and stable advantage over the original
structure. It is broader and not affected by environmental changes. Due to the significant reduction in instances
of replacement and deletion, errors can be categorized into several types. Therefore, the risk of operational
issues caused by forgetting or misunderstanding commands has been reduced.

Based on the above results, the proposed ASR solution will be suitable for harsh industrial environments. The
improvement in the model's accuracy and stability provides strong technical support for safer and more efficient
human-machine collaborative manufacturing systems. In the future, the aforementioned findings will lay the
foundation for further research into its wide-ranging industrial applications and a more robust ASR framework.
This will help in developing the next generation of intelligent systems that can reliably operate in complex and
noisy environments.
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