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Abstract: With the rapid development of autonomous driving technology, speech recognition has
become a crucial component of human-machine interaction. Traditional speech recognition methods,
such as Hidden Markov Models (HMM) and Gaussian Mixture Models (GMM), struggle to maintain
high accuracy in complex and noisy driving environments. Recently, deep learning, particularly
Convolutional Neural Networks (CNNs), has shown significant advantages in speech recognition by
efficiently extracting relevant features from speech signals. This paper proposes a CNN-based
speech recognition system designed specifically for autonomous driving environments. The system
extracts Mel spectrogram features from speech input and utilizes a multi-layer CNN to classify
spoken commands.We conduct extensive experiments on LibriSpeech, Mozilla Common Voice, and
a self-collected in-car speech dataset, which simulates real-world driving conditions. The proposed
CNN model outperforms traditional methods in terms of accuracy, robustness, and computational
efficiency. We further evaluate the impact of different CNN architectures (such as ResNet, DenseNet,
and VGG) on speech recognition performance and analyze the effectiveness of various training
optimizations, including data augmentation, batch normalization, and dropout regularization.

Keywords: Speech recognition, autonomous driving, convolutional neural networks, deep learning,
real-time processing.

1. Introduction
1.1 Background

The development of autonomous driving technology has fundamentally changed modern
transportation, offering increased convenience and improved safety. Speech recognition plays a
pivotal role in enhancing human-machine interaction within self-driving vehicles. Drivers and
passengers can use voice commands for navigation, media control, climate adjustment, and even
emergency interventions. However, speech recognition in a moving vehicle is a challenging task due
to environmental noise, including engine sounds, road noise, and conversations among passengers.
Traditional speech recognition systems are primarily based on HMM-GMM models, which rely on
statistical approaches to classify phonemes. However, these models require complex feature
engineering and struggle with long-range temporal dependencies. More recently, deep learning-based
approaches, including Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM)
networks, and Transformers, have demonstrated significant improvements in speech recognition
tasks. Nevertheless, RNN-based architectures suffer from high computational complexity, making
them less suitable for real-time speech recognition in autonomous driving environments.



CNNs have emerged as a powerful alternative for feature extraction in speech processing,
demonstrating high computational efficiency while maintaining high recognition accuracy. The
primary advantages of CNNs include parameter sharing, spatial locality, and the ability to capture
hierarchical features, making them well-suited for processing Mel spectrograms, a commonly used
representation of speech signals.

1.2 Contributions

The main contributions of this paper are as follows:
1. We propose a CNN-based speech recognition framework, utilizing Mel spectrogram features and
deep convolutional layers to enhance recognition accuracy and efficiency.
2. We perform extensive experiments on multiple datasets, including LibriSpeech, Mozilla Common
Voice, and a self-collected in-car speech dataset, evaluating the effectiveness of our approach in
various driving conditions.
3. We compare the proposed CNN model with traditional methods (HMM-GMM, RNN-LSTM, and
Transformer-based models), demonstrating superior accuracy and computational efficiency.
4. We analyze the impact of different CNN architectures (ResNet, DenseNet, VGG) and evaluate the
effects of data augmentation (SpecAugment), batch normalization, and dropout regularization.

5. We conduct an ablation study to examine the contribution of each component in our CNN-based
system and provide insights into future optimizations.

2. Related Work
2.1 Traditional Speech Recognition Methods
Traditional speech recognition is dominated by Hidden Markov Models (HMM) combined with
Gaussian Mixture Models (GMM) [1]. While effective in structured environments, these methods
exhibit several limitations:

Complex feature extraction: Requires manual selection of Mel-Frequency Cepstral Coefficients
(MFCCs) and Linear Predictive Coding (LPC) features.
Poor generalization to noisy environments: Background noise and reverberation significantly
degrade recognition accuracy.

Limited capacity for modeling long-term dependencies: The Markov assumption restricts the
model’s ability to handle long-range speech dependencies.

2.2 Deep Learning-Based Speech Recognition
2.2.1 Recurrent Neural Networks (RNNs) and LSTM Networks

Deep learning has significantly advanced speech recognition through the use of Recurrent Neural
Networks (RNNs) and Long Short-Term Memory (LSTM) networks [2][3]. LSTMs mitigate the
vanishing gradient problem of traditional RNNs, allowing for better long-term speech dependency
modeling [4]. Despite their effectiveness, RNNs and LSTMs suffer from high computational cost,
making real-time deployment in autonomous vehicles impractical.

2.2.2 Transformer-Based Speech Recognition

Recently, Transformer architectures have achieved state-of-the-art performance in speech
recognition. Models like Wav2Vec 2.0 [5] leverage self-supervised learning and self-attention
mechanisms to improve robustness and accuracy. However, Transformer models require high
computational resources, limiting their feasibility in embedded autonomous driving systems.



2.3 CNNs for Speech Recognition

CNNs have demonstrated excellent performance in image processing and have been successfully
adapted for speech recognition [6]. Baidu’s Deep Speech 2 [7] employs CNNs for feature extraction
and Connectionist Temporal Classification (CTC) for end-to-end speech recognition.

Compared to RNNs, CNNs offer higher computational efficiency, better noise robustness, and
superior feature extraction from Mel spectrograms. This paper proposes a CNN-based speech
recognition system optimized for real-time in-vehicle applications.

3. Methodology
3.1 Speech Feature Extraction

We extract Mel spectrogram features from the raw speech signal using the following steps:
1. Short-Time Fourier Transform (STFT):

2. Apply Mel filter bank:

3. Logarithmic compression and normalization to enhance robustness.

3.2 CNNModel Architecture
The proposed CNN-based speech recognition system consists of multiple convolutional layers, max-
pooling layers, and fully connected layers, as detailed in Table 1.

Table 1. CNN Model Architecture
Layer Type Filters Kernel Stride Activation

1 Conv2D 64 3×33 \times
33×3 1 ReLU

2 MaxPooling - 2×22 \times
22×2 2 -

3 Conv2D 128 3×33 \times
33×3 1 ReLU

4 MaxPooling - 2×22 \times
22×2 2 -

5 Conv2D 256 3×33 \times
33×3 1 ReLU

6 Fully
Connected 512 - - ReLU

7 Softmax Output Classes - - -

The model incorporates Batch Normalization, Dropout (0.5), and SpecAugment for regularization.

4. Exper iments and Results
4.1 Dataset and Experimental Setup



To evaluate the effectiveness of our CNN-based speech recognition system, we conduct experiments
on three datasets:

1. LibriSpeech – A high-quality, large-scale English speech dataset.
2. Mozilla Common Voice – A diverse, real-world speech dataset with multiple accents and

environmental conditions.
3. Self-Collected In-Car Speech Dataset – A dataset specifically recorded in various driving

conditions to test the robustness of the model.
Each dataset provides unique challenges in terms of speaker diversity, background noise, and
recording quality, making them well-suited for evaluating real-world speech recognition
performance.

4.2 LibriSpeech Dataset
LibriSpeech is a widely used speech corpus that contains over 1,000 hours of English audiobook
recordings sampled at 16kHz [1]. The dataset is divided into subsets based on quality:

 train-clean-100, train-clean-360, train-other-500 (960 hours total for training)
 dev-clean, dev-other (validation sets)
 test-clean, test-other (test sets)

LibriSpeech consists of read speech recorded in a controlled, low-noise environment. It serves as a
benchmark for evaluating speech recognition models in ideal conditions. However, because it lacks
real-world noise variations, it is not sufficient to assess model robustness under challenging driving
conditions.

We evaluate our model on LibriSpeech, Mozilla Common Voice, and an in-car dataset. Table 2
presents the results.

Table 2. Performance Comparison

5. Conclusion
We present a CNN-based speech recognition system designed for autonomous driving, which
demonstrates superior performance in real-time speech processing. Our system effectively enhances
speech recognition accuracy while maintaining low latency, making it suitable for dynamic driving
environments. Future work will focus on optimizing the model through lightweight compression
techniques to ensure efficient deployment on embedded systems. Additionally, we plan to explore
multi-modal speech-vision fusion to further improve system robustness and adaptability in complex
driving scenarios.
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