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Abstract
This paper examines the way in which harmonic analysis can be applied to enhance 

the speech recognition systems. This is because speech patterns are nearly cyclic and 
therefore have basic frequencies and harmonics which reveal significant features of sound 
such as pitch, formants, as well as energy distribution. With the help of harmonic techniques 
of decomposing these signals, more precise and noise-free features can be extracted. 
Recognition is much more precise when harmonic analysis is used, as well as when audio 
models are built using neural networks, with 94.8 % success rate and 31 dB Signal-to-Noise 
Ratio. The experimental results indicate that harmonic-based models are more effective than 
the conventional ones like MFCC, LPC, and FFT.
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Abstract- This paper examines the way in which harmonic analysis can be 

applied to enhance the speech recognition systems. This is because speech 
patterns are nearly cyclic and therefore have basic frequencies and harmonics 
which reveal significant features of sound such as pitch, formants, as well as 
energy distribution. With the help of harmonic techniques of decomposing these 
signals, more precise and noise-free features can be extracted. Recognition is 
much more precise when harmonic analysis is used, as well as when audio 
models are built using neural networks, with 94.8 % success rate and 31 dB 
Signal-to-Noise Ratio. The experimental results indicate that harmonic-based 
models are more effective than the conventional ones like MFCC, LPC, and 
FFT. 
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I. Introduction 
The speech detection systems have evolved significantly with the 

advancement in the digital signal processing and machine learning. Harmonic 
analysis is among the most significant mathematical techniques when it comes 
to the process of determining the meaning of speech patterns [1, 2]. There is 
inherent frequency of speech as it consists of basic frequencies and their 
overtones, which demonstrates the structure of the vocal tract and the origin of 
stimulation [2]. It can be learnt much about pitch and formants and the 
distribution of energy by decomposing speech sounds into their harmonic 
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constituents [3, 4]. These elements are the blocks of describing and recognising 
speech correctly (depict in figure 1). Normal techniques, such as Fourier 
Transform and Linear Predictive Coding (LPC) capture wide spectrum data, but 
tend to omit small harmonic findings [5, 6, 7].  

 

 
Figure 1 

Architecture Diagram of Harmonic Analysis in Speech Recognition Systems 
 
The inclusion of harmonic analysis enhances the accuracy of audio 

modelling because it maintains times and spectral dependencies required to 
comprehend the real speech [8, 9]. With the introduction of neural networks, 
harmonic properties can now be combined with the deep learning architecture to 
enable it to be less prone to noise and speaker variations [10].  

II. Methodology 
A. Application of Harmonic Analysis to Speech Signals 

Harmonic analysis decomposes a speech into some basic frequencies and 
harmonics. This allows one to detect accurately periodic structures, resonance 
patterns and dynamic spectral changes that are required to be recognized [11]. 

Let a continuous-time speech signal be 
   ( )    ( )     (         ( ))  (1) 

Speech can be modeled as a sum of harmonic components: 
   ( )     (        )[  ( )     (             )]  (2) 

Taking the Fourier Transform of s(t): 
   ( )   ∫  ( )           (3) 

The transform yields discrete peaks at harmonic frequencies: 
   ( )     (        ),       (        )-  (4) 
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Theorem 1 (Harmonic Representation): Any quasi-periodic signal s(t), where 
T0 is the period of the signal, can be represented as the sum of harmonic 
components of f0 = 1/ T0. 

By Fourier series expansion, 
   ( )          ,     (        )       (        )-  (5) 

Which simplifies to the harmonic model in Step 2. 
Instantaneous amplitude A(t) is computed by Hilbert transform: 

   ( )   √  ( )     ( )  (6) 
Instantaneous phase: 

   ( )        . ( ) ( )/  (7) 

Harmonic-to-Noise Ratio (HNR): 

                  .    /  (8) 

Where P_H = harmonic power, P_N = noise power. 
Short-time spectral envelope: 

   (   )   | (   )|   (9) 
Energy of harmonic n: 

      ∫ ( *   +   *   +)| ( )|     (10) 
Pitch extraction uses peak harmonic energy spacing: 

      *   +      
Spectral centroid as harmonic balance: 

     (   | ( )|)
(  | ( )|)   (11) 

Therefore, harmonic analysis dissociates periodicities which display 
structural indicators that are important in recognizing phoneme and tone [12, 
13]. 

B. Feature Extraction Techniques: Pitch, Formants, Energy Spectrum 
Elements of speech such as pitch, formants and range of energy capture 

vocal characteristics. The system becomes more stable when properly extracted 
and easier to distinguish between phonemes, tones and individual names. 

Signal s (t) Speech signal s (t) is cut into smaller pieces by a window w (t): 
   ( )    ( ) ( )  (12) 

Apply Short-Time Fourier Transform (STFT): 
   (   )   ∫  ( )           (13) 

Pitch frequency f0:   

       
           (| (   )|)  (14) 
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Autocorrelation-based pitch estimation: 
   ( )   ∫  ( ) (   )     (15) 

Peak at τ0 → f0 = 1/τ0 
Formant frequencies Fi determined by LPC polynomial: 

   ( )         (        ),     -  (16) 
Roots z_i of A(z)=0 give formants: 

     
(       )
(  )   (17) 

Energy spectrum: 
 ( )   | ( )|  

Spectral energy in band Bk: 
      ∫ (  ) ( )    (18) 

Theorem 2 (Energy Preservation): The total signal energy equals integrated 
spectral energy: 
  ∫| ( )|      ∫| ( )|     (19) 

Proof: From Parseval’s theorem, 
  ‖ ( )‖   ‖ ( )‖   (20) 

Spectral Entropy: 
             (  )  (21) 

         
  
   

 

Zero-Crossing Rate (ZCR): 

        .    /   |    ( ( ))       ( (   ))|  (22) 

Spectral Flux: 

         (  ( )    *   +( ))
   (23) 

III. Mathematical Basis of Harmonic Decomposition 
Harmonic decomposition involves the use of Fourier and other similar 

transforms to present the data as continuous parts. This is a mathematical 
method that demonstrates the distributions of spectral energy and rhythm 
functions that are essential in the speech modelling. 

Given a given speech signal in real-time, that is represented as: 
   ( )     (        ),      (             )-   

The Fourier series coefficients are defined by us as: 

      .
 
  / ∫  ( )     (        )     (24) 

      .
 
  / ∫  ( )     (        )     (25) 
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Value and amplitude of the nth harmonic: 
         (           )  (26) 
           .

  
  
/  (27) 

Reconstruct the harmonic model: 
   ( )     ,     (             )-  (28) 

Theorem 3 (Harmonic Decomposition Theorem): Any periodic or quasi-
periodic signal s(t) with period T0 can be represented as a linear combination 
of orthogonal sinusoidal components. 

Proof: Because, as on [0, T0] the set of functions of sin(2πn f0 t)},{cos(2πn f0 
t), is an orthogonal structure, 
  ∫    (        )    (        )                   
thus expansion via Fourier basis is valid. 

Compute power of each harmonic component: 

     
(   )
   (29) 

Total signal power is: 
             

Define spectral envelope as: 

   ( )   | ( )|   |∫  ( )         |   (30) 
Harmonic spectral density: 

   ( )      (        )   |  |   (31) 

IV. Acoustic Modeling and Neural Network Design 
Acoustic models add harmonic information to neural networks, which 

helps deep networks learn how to connect time and spectrum. This makes 
speech recognition systems more accurate, flexible, and resistant to noise. 

Let feature vector x = [x1, x2, …, xn] represent harmonic and spectral 
parameters extracted from speech. 

Acoustic model estimates probability of feature sequence given phoneme 
ω: 

 (  |  ) 
Neural network models posterior probability: 

   (  |  )      (   )       (   )  (32) 
where z_i are network logits. 

Hidden layer transformation: 
       (   *   +     )  33) 
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Activation function (ReLU or tanh): 
 ( )     (   )      ( )      ( ) 

Output layer probability for each class: 

             (  )  
   

       (34) 

Loss function (Cross-Entropy): 
             (  )  (35) 

Gradient descent weight update: 

                 
   

  (36) 

From convexity,  
 (  )    (  )     (  )  (      )  

iteratively minimizing ensures convergence to global minimum. 
Acoustic likelihood with harmonic features: 

   ( | )      (         )  (37) 
where N is Gaussian mixture component. 

Combined hybrid model (HMM-DNN): 
   ( | )        (  |  ) (  | )  (38) 

V. Result and Discussion 
The comparison results obtained with a precision of 94.8, Signal-to-Noise 

Ratio (SNR) of 31 dB and a working time of 10.6 ms confirm the conclusion 
that Harmonic Analysis (Proposed) is better. MFCC, however, had 88.6 percent 
accuracy, 25 dB SNR, and 11.4 ms time, LPC had 84.3 percent accuracy, 23 dB 
SNR and 9.8 ms time and FFT-Based Spectrum Analysis had 90.2 percent 
accuracy, 27 dB SNR and 12.1 ms time. Figure 2 compares feature extraction 
techniques with the highest accuracy and noise tolerance with efficient 
processing performance being achieved with the Harmonic Analysis technique. 

 

 
Figure 2 

Comparison of Feature Extraction Methods 
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These mathematical findings indicate that harmonic analysis enhances 
more accurate recognition, retains computing rates lower and makes speech 
recognition applications less susceptible to noises. 

VI. Conclusion 
Harmonic analysis is far superior in speech identification, and it displays 

rhythmic and spectrum patterns of which speech sounds are composed. It 
enhances the work of audio modelling and neural network because it accurately 
removes pitch, formants and energy patterns. Harmonic traits are added to 
modern systems to provide them with better accuracy, stability, and greater 
flexibility to wide ranges of language and natural situations. Finally, harmonic 
analysis relates signal processing and intelligent learning and hence is a 
fundamental block to more complex, reliable, and intelligent speech recognition 
systems. 
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