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Abstract 

This work presents an innovative extension of the Autoencoder (AE) principle as a universal 
diagnostic tool, moving beyond the traditional use of dimensionality reduction and algorithmic 
denoising. The approach is based on the concept of Semantic Denoising (or Similarity 
Measurement), where the AE, trained on a domain of "Normal" data (healthy sounds or pseudo-
spectra), uses the Mean Squared Reconstruction Error (LMSE) as a direct metric of non-
conformity. 

The methodology, previously successfully applied to vibrational spectroscopy (Raman and ATR-
IR) for mineral analysis and to industrial Acoustic Anomaly Detection (AAD), is here applied to 
respiratory sound analysis in the biomedical field. We propose the implementation of a 
Convolutional AE (CNN-AE), trained exclusively on respiratory cycles labeled as "Normal" 
(healthy) from the ICBHI 2017 database. A high reconstruction error in the presence of 
pathological adventitious sounds (Crackles or Wheezes) signals a "semantic error" or pathology, 
as the signal does not adhere to the learned features of normality. This approach exploits the 
inherent class imbalance of the ICBHI dataset to the advantage of Anomaly Detection, offering a 
more interpretable solution capable of detecting even unobserved pathologies, thereby overcoming 
the limitation of traditional supervised classification. 

The Encoder: A Universal Tool for Data Representation and Diagnostics in Artificial 
Intelligence 

1. Introduction: The Encoder as a Universal Tool 

The Encoder architecture is one of the fundamental pillars of Artificial Intelligence. Its primary 
function is to learn a compressed, dense, and meaningful representation (called code or latent 
space) of the input data, overcoming the complexity of the raw data. While Encoders are known for 
dimensionality reduction (as in Autoencoders) and embedding generation (as in Transformer 
Models), their true potential lies in their ability to act as a relevance filter. 

2. The Concept of Semantic Denoising 

In this work, we extend the use of the Autoencoder (AE) to the concept of Semantic Denoising (or 
Similarity Measurement). An AE is trained exclusively on a dataset that defines "Normality" for a 
specific domain (e.g., healthy pseudo-spectra in spectroscopy, machine sounds without faults, or, in 
our case, healthy breathing sounds). 

When new data is passed through the AE, the model attempts to reconstruct it. 



 If the input is Normal or contains only algorithmic noise, the AE will be able to reconstruct 
it with high fidelity, resulting in a low Mean Squared Reconstruction Error (LMSE). 

 If the input contains a Semantic Anomaly (a feature that was not learned during training, 
such as an unexpected chemical peak or a pathological sound), the AE will fail to encode 
and reconstruct it, yielding a High Reconstruction Error (LMSE). 

The LMSE metric thus becomes a direct indicator of non-conformity: 

 

where x is the input and hat x is the reconstruction. A high value of LMSE indicates the Anomaly. 

3. Application to Bioacoustics: Respiratory Sound Analysis 

The Semantic Denoising methodology has been previously successfully applied to Acoustic 
Anomaly Detection (AAD) in industrial contexts (e.g., machinery monitoring) and to vibrational 
spectroscopy, proving that the AE can distinguish anomalous signals based on their deviation from 
the "normal" manifold. This principle is now extended to biomedical diagnostics through 
respiratory sound analysis. 

3.1. Data Preparation (Transformation) 

Sound analysis requires converting the raw audio signal into a two-dimensional format that can be 
efficiently processed by a Convolutional AE (CNN-AE), which is generally the most effective 
architecture for capturing the spatial (time and frequency) relationships in audio data. 

 Input: Audio recordings of respiratory cycles from the ICBHI 2017 Respiratory Sound 
Database (the standard benchmark with approximately 5.5 hours of recordings from 126 
patients). 

 Preprocessing: The raw audio signal is converted into Spectrograms or MFCC (Mel-
Frequency Cepstral Coefficients). This transformation turns time and amplitude variations 
into a 2D image ("time-frequency image"). 

3.2. Training (Semantic Learning Phase) 

The CNN-AE is trained with an unsupervised learning objective, focusing exclusively on defining 
the concept of healthy breathing: 

 Training Set: Exclusively on respiratory cycles labeled as "Normal" (healthy), which 
constitute the majority of samples (approximately 3642) in the ICBHI dataset. 

 Objective: Minimize the reconstruction error between the input and output for normal 
sounds. The AE learns to map healthy samples into the latent space and reconstruct them 
faithfully. 

3.3. Diagnosis Based on Reconstruction Error 

During the testing phase, the model is exposed to unseen samples (both healthy and pathological). 



 Normal Sound: Low LMSE. The model reconstructs the sound faithfully. 
 Anomalous/Pathological Sound: High LMSE. The AE fails to reconstruct pathological 

adventitious sounds (e.g., Crackles or Wheezes) because their characteristics were not 
encoded in the latent space of "Normality." This high error serves as the diagnostic signal 
indicating a deviation from the healthy condition. 

3.4. Advantages Over Traditional Classification 

This approach offers significant benefits over supervised classification models: 

 Leveraging Class Imbalance: Supervised classification suffers from the severe class 
imbalance in the ICBHI dataset. Our AE, conversely, turns this imbalance into a 
fundamental requirement for Anomaly Detection. 

 Detection of Novel Pathologies: Classification models are limited to detecting only the 
classes they were trained on. Our AE, however, would flag any previously unseen 
pathological sound (new pathologies or atypical artifacts) as an anomaly, because it would 
deviate from the healthy breathing latent space. 

 Reduced Need for Labeled Data: In clinical practice, obtaining a vast, balanced set of 
expert-labeled pathological samples is challenging. The AE circumvents this by requiring 
only the labeling of the "Normal" class. 

Conclusions 

The project demonstrates the conceptual robustness of the Encoder architecture as a unifying bridge 
between materials diagnostics (spectroscopy) and biomedical diagnostics (bioacoustics). The 
adoption of the Semantic Denoising principle is confirmed as the true innovative strength. 

Applying an Autoencoder trained solely on Normality for respiratory sound analysis offers 
significant clinical and computational advantages: 

1. Direct Interpretability: The High Reconstruction Error serves as an intrinsically 
interpretable metric of "non-conformity" or pathology, enhancing model transparency 
compared to many Deep Learning architectures. 

2. Solution to Class Imbalance: The method solves the class imbalance problem (the 
preponderance of Normal samples) typical of the ICBHI dataset, transforming an obstacle 
for traditional classification into a fundamental requirement for Anomaly Detection. 

3. Generalization to Unknown Anomalies: The model is not limited to detecting only the 
four classes of adventitious sounds on which a supervised network might be trained, but is 
theoretically capable of detecting any previously unseen pathological sound (new 
pathologies or atypical artifacts), as it will produce a high reconstruction error by deviating 
from the learned latent space of healthy breathing. 

In summary, the Encoder is established not only as an algorithm for dimensionality reduction but as 
a powerful tool for unsupervised feature engineering, crucial for a future of diagnostics based on 
learning the latent representations of data. 
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