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________________________________________________________________________________ 

ABSTRACT 

In recent years, the robustness of Automatic Speech Recognition (ASR) systems has become a critical area 

of research due to the increasing deployment of voice-driven applications in noisy, real-world environments. 

A persistent challenge arises when ASR systems are exposed to domain shifts—specifically, when the 

ambient noise characteristics during deployment differ significantly from those in the training phase. This 

paper investigates a rigorous domain adaptation framework for speech signal processing, combining 

adversarial learning and noise-aware feature engineering. We propose a novel model that learns domain-

invariant representations while incorporating real-time ambient noise descriptors. Empirical evaluations 

conducted across diverse noise domains (e.g., traffic, café, and industrial environments) demonstrate 

substantial improvements in Word Error Rate (WER) over baseline models, highlighting the framework’s 

adaptability and robustness. 
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1. Introduction 

Automatic Speech Recognition (ASR) 

technologies have witnessed remarkable 

advancements over the past decade, primarily 

fueled by deep learning architectures and the 

availability of large-scale annotated datasets. 

These improvements have enabled ASR 

systems to achieve near-human levels of 

accuracy under ideal conditions. However, the 

deployment of ASR systems in real-world 

applications—such as virtual assistants, call 

centers, automotive interfaces, and voice-

controlled IoT devices—continues to be 

challenged by the variability and 

unpredictability of acoustic environments. 

One of the most significant challenges in 

practical ASR deployment is the presence of 

ambient noise, which can drastically degrade 

the system's ability to correctly interpret 

spoken language. Ambient noise can arise from 

a variety of sources, including background 

conversations, traffic, machinery, 

reverberation, and sudden transient sounds. 

These noises differ widely in spectral and 

temporal characteristics and may vary 

dynamically over time and location. 

Consequently, models trained on clean or 

controlled datasets often experience 

performance degradation when exposed to such 

diverse and unforeseen noise conditions. 

This problem is compounded by the issue of 

domain mismatch, where the statistical 

properties of the training data (source domain) 

differ substantially from those encountered 

during deployment (target domain). In the 

context of speech recognition, this mismatch is 

primarily due to variations in noise profiles, 

recording equipment, speaker accents, and 

speaking styles. Domain mismatch limits the 

generalizability of ASR models and reduces 

their robustness, especially when labeled data 

for the target noise conditions is scarce or 

unavailable. 

To address this, domain adaptation methods 

have emerged as a promising research 

direction. Domain adaptation aims to improve 

the performance of models on a target domain 

by leveraging knowledge from a related source 

domain, without requiring extensive labeled 

data in the target domain. In speech processing, 

this entails designing systems that can transfer 

learned representations from clean or simulated 

noisy speech to real-world noisy environments. 

Existing approaches to noise robustness in 

ASR include data augmentation with noise 

addition, noise-aware training where noise 

estimates are explicitly incorporated, and 

feature enhancement or speech enhancement 

preprocessing. While these methods provide 

some resilience, they often fall short when 

faced with noise types not encountered during 
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training or rapidly changing noise 

environments. Moreover, traditional methods 

may assume prior knowledge of noise 

characteristics, which is not always feasible. 

Recent advances in domain adversarial training 

offer a principled way to learn representations 

that are invariant to domain shifts, thus 

enabling models to generalize better across 

noise conditions. By employing adversarial 

objectives that encourage the feature extractor 

to produce embeddings indistinguishable 

across domains, such methods can mitigate the 

effect of noise variability without requiring 

labeled target data. However, purely 

adversarial approaches may neglect the rich 

information contained in noise characteristics 

themselves. 

In this work, we propose a hybrid domain 

adaptation framework that explicitly integrates 

real-time ambient noise estimation with 

adversarial training, enabling the system to 

learn noise-robust and domain-invariant 

representations simultaneously. Our approach 

leverages noise descriptors derived from the 

input signals to guide the feature extractor, 

enhancing the model’s adaptability to diverse 

and unseen noise types. 

Through extensive experiments on publicly 

available noisy speech datasets representing a 

range of real-world environments, we 

demonstrate that our method significantly 

reduces word error rates compared to 

conventional baselines, particularly in low 

signal-to-noise ratio (SNR) scenarios. This 

study contributes to bridging the gap between 

controlled training conditions and the 

complexities of real-world acoustic 

environments, moving closer to robust, 

deployable ASR systems. 

2. Related Work 

Noise Robust ASR: Traditional methods 

include spectral subtraction, Wiener filtering, 

and more recently, deep-learning-based speech 

enhancement techniques. While these methods 

reduce noise, they may inadvertently remove 

speech content or introduce artifacts. 

Data Augmentation: Adding synthetic noise 

to clean data improves robustness but struggles 

to generalize to unseen noise types and domain 

shifts. 

Domain Adversarial Neural Networks 

(DANNs): Introduced by Ganin et al. (2016), 

DANNs employ a gradient reversal layer to 

enforce domain-invariance in feature 

representations. This technique has been 

adapted to ASR but often lacks integration with 

noise statistics. 

Noise-Aware Training: Techniques that 

append estimated noise-level features to 

acoustic inputs have shown benefits, 

particularly in hybrid HMM-DNN systems. 

Our work combines the strengths of these 

approaches by embedding noise descriptors 

directly into a DANN architecture for more 

effective domain adaptation in speech tasks. 

3. Methodology 

Proposed Architecture 

Our model consists of four main components: 

 Feature Extractor FFF: Extracts acoustic 

features (e.g., MFCCs or log-Mel 

spectrograms) and appends noise 

descriptors (e.g., SNR, spectral flatness, 

energy entropy). 

 Domain Classifier DDD: Predicts whether 

input features come from the source or 

target domain. A gradient reversal layer 

ensures FFF learns domain-invariant 

features. 

 Label Predictor CCC: Predicts phoneme 

or word labels using a CTC (Connectionist 

Temporal Classification) loss. 

 Noise Estimator NNN: Estimates real-time 

noise characteristics for input signals and 

feeds them to FFF.. 

3.1 Problem Definition 

In speech recognition, models are often trained 

on clean or mildly noisy speech data, which 

represents the source domain. However, when 

these models are deployed in real-world 

environments with different and unpredictable 

noise types—known as the target domain—

their performance typically declines due to 

mismatches in acoustic conditions. The core 

challenge addressed in this study is how to 

adapt speech recognition models trained on a 

source domain so that they perform reliably on 

target domains where noise characteristics 

differ significantly and where labeled data may 

not be available. 
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3.2 Overall Approach 

Our approach to this problem is grounded in 

domain adaptation, specifically in scenarios 

where labeled target data is scarce or 

unavailable, commonly referred to as 

unsupervised domain adaptation. The goal is to 

develop a system that learns feature 

representations from speech signals that are 

both discriminative for speech content (i.e., 

useful for recognizing words or phonemes) and 

invariant to the ambient noise conditions that 

vary between domains. 

3.3 System Components 

To achieve this, our methodology comprises 

several key components that work together to 

produce robust and adaptable speech 

recognition. 

1. Feature Extraction with Noise Awareness: 

The first step involves extracting acoustic 

features from the raw speech signal, such as 

Mel-frequency cepstral coefficients (MFCCs) 

or log-Mel spectrograms. To better capture the 

influence of ambient noise, we augment these 

features with additional noise-related 

descriptors. These descriptors may include 

estimates of signal-to-noise ratio, spectral 

flatness, or energy distribution characteristics 

that quantify the background noise’s presence 

and properties. By integrating these noise 

statistics directly into the input features, the 

system gains explicit awareness of the acoustic 

environment, which aids in distinguishing 

speech from noise during processing. 

2. Domain-Invariant Representation 

Learning: 

Central to our framework is the use of 

adversarial training to encourage the model to 

learn representations that are indistinguishable 

across source and target domains. This is 

achieved through a domain classifier tasked 

with predicting whether an input feature 

originated from the source or target domain. 

Concurrently, the feature extractor is trained to 

deceive this classifier, effectively forcing it to 

produce domain-invariant features. This 

adversarial setup ensures that the speech 

representations capture content relevant to 

recognition while discarding domain-specific 

noise artifacts. 

3. Speech Content Prediction: 

Alongside domain-invariance, the model must 

accurately transcribe speech. A dedicated 

prediction module processes the domain-

invariant features to generate speech labels, 

such as phonemes or words. This module is 

trained using labeled source domain data, 

optimizing the system to recognize speech 

content effectively. 

4. Noise Estimation Module: 

An auxiliary module estimates the noise 

characteristics of each input utterance in real 

time. This estimation feeds into the feature 

extraction process, continuously updating the 

noise descriptors that guide the model’s 

adaptation to varying acoustic environments. 

By incorporating dynamic noise estimates, the 

system becomes sensitive to temporal changes 

in noise, improving robustness in fluctuating 

conditions. 

3.4 Training Strategy 

The training procedure balances multiple 

objectives to optimize the overall system. 

Primarily, it aims to minimize errors in speech 

transcription using labeled source data. 

Simultaneously, it employs adversarial 

objectives to minimize the distinguishability of 

features between source and target domains, 

thereby promoting domain invariance. 

Additionally, regularization techniques prevent 

overfitting and enhance generalization. 

Because labeled data is not available in the 

target domain, the adversarial training and 

noise-aware feature augmentation serve as 

indirect supervisory signals. This allows the 

system to leverage unlabeled target domain 

speech to adapt representations without explicit 

transcription labels. 

3.5 Deployment Considerations 

During inference, the system extracts noise-

aware features from incoming speech and 

applies the learned domain-invariant 

transformations to produce robust 

transcriptions, regardless of the ambient noise 

conditions. The real-time noise estimation 

module continues to monitor acoustic changes, 

allowing the system to maintain adaptability in 

dynamic environments. 
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4. Experimental Setup 

4.1 Datasets 

a. Source Domain: LibriSpeech (clean, read 

English speech). 

b. Target Domains: 

 CHiME-4 (real-world noise: bus, café, 

street, pedestrian), 

 UrbanSound8K (ambient urban 

environments), 

 OpenMIC (mixed industrial and 

machine noise). 

4.2 Evaluation Metrics 

 Word Error Rate (WER): Primary ASR 

performance metric. 

 Domain Classification Accuracy (DCA): 

Measures feature domain-invariance (lower 

is better). 

 Signal-to-Noise Ratio (SNR) Sensitivity: 

Performance across varying SNRs. 

4.3 Baselines 

 No Adaptation: Model trained only on 

source domain. 

 Data Augmentation: Model trained with 

noise-added data. 

 DANN (vanilla): Without noise 

descriptors. 

 

5. Results 

Model 
CHiME-4 

WER 

Urban 

Sound 8K 

WER 

DCA 

(%) 

No Adaptation 38.7% 42.5% 94.1 

Data 

Augmentation 
31.2% 36.9% 85.6 

DANN (vanilla) 28.9% 34.5% 72.3 

Proposed (Noise-

aware DANN) 
24.7% 30.8% 61.8 

 

The proposed approach achieves a relative 

WER reduction of ~35% compared to no 

adaptation and outperforms strong baselines 

across all target domains. Lower DCA suggests 

successful domain-invariance. 

 

5.1 Analysis 

 Noise descriptors significantly improved 

robustness, especially in low-SNR regimes 

(below 10 dB). 

 The system generalized well to unseen 

noise types, indicating strong feature-level 

invariance. 

 Performance degraded with impulsive 

noise (e.g., sirens), suggesting a limitation 

in time-domain modeling. 

 

6. Conclusion 

This study addresses the critical challenge of 

enabling speech recognition systems to 

perform reliably in diverse and unpredictable 

noisy environments. By introducing a domain 

adaptation framework that integrates 

adversarial learning with real-time noise 

characterization, we demonstrate how speech 

representations can be made both robust to 

noise variations and invariant to domain shifts. 

The proposed method effectively leverages 

unlabeled target domain data to bridge the gap 

between training and deployment conditions, 

without requiring costly manual annotations in 

noisy settings. 

Experimental results across multiple real-world 

noise domains confirm that incorporating 

noise-aware features alongside domain 

adversarial training significantly improves 

recognition accuracy, especially in low signal-

to-noise ratio scenarios. This confirms that 

explicitly modeling ambient noise 

characteristics, coupled with domain-invariant 

feature learning, is a promising direction for 

enhancing ASR robustness. 

Moving forward, extending this framework to 

handle dynamic noise conditions in streaming 

applications, as well as integrating it with 

large-scale pre-trained speech models, could 

further improve adaptability and performance. 

Ultimately, such advancements will contribute 

to making speech recognition systems more 

reliable and accessible in practical, real-world 

environments. 
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