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Abstract 
This paper aims to explore the technical application and implementation of speech 
recognition algorithm in health monitoring system. Speech recognition mainly uses DTW 
algorithm and MFCC algorithm, and cooperates with the collection and analysis of 
datasets to realize the extraction of user speech features and the recognition of health 
status. This paper will introduce the relevant background knowledge and concepts of 
speech recognition, analyse and explain the implementation of the algorithm, support 
the results and efficiency of the algorithm through MATLAB simulation, and finally 
discuss the advantages, disadvantages and application prospects of this research. 
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1. Background 

1.1 Development Status of Speech Recognition Chip Technology 

Speech recognition technology is an important branch of artificial intelligence, which is applied in 
many fields such as communication, industry and so on. At present, speech chip integration is widely 
used in speech recognition technology. The main components of speech recognition module are 
microphone, speech chip, speaker, differential circuit and other circuits with different functions. They 
cooperate with each other to complete three technologies: speech acquisition, speech synthesis and 
speech recognition. [1] The commonly used speech recognition chips are NRK10, LD3320, FPGA 
etc. They have their own advantages and disadvantages: 

1.1.1. NRK10 

It is a high-performance, low-cost offline voice chip. It has some advantages, such as high recognition 
rate, industrial performance, simple and easy to use, convenient to update entries, etc. during sleep, 
it can interrupt the wake-up through RTC, WDT, etc. to make it enter the standby state. Its 
disadvantage is that the number of words is limited, and the recognition rate is significantly reduced 
by noise. 

1.1.2. LD3320 

The chip has the advantages that users can edit 50 key sentences freely without any auxiliary chip, 
and has high accuracy and relatively accurate speech recognition effect. Its disadvantages are easy to 
start by mistake, false identification and so on. [2]. 
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1.1.3. FPGA 

Offline takes up less resources and is fast. 

1.2 Research Progress of Speech Recognition Algorithms 

In recent years, with the continuous development of artificial intelligence technology, speech 
recognition algorithms have also stepped to a new level. The accuracy of speech recognition has been 
continuously improved, and the anti-interference ability has been continuously enhanced. At present, 
there are many algorithms that can support mixed recognition of multiple languages. 

1.3 Research Progress of Speech Recognition Related to Emotion and Health 

1.3.1. Progress in Speech Recognition and Emotion 

Speech is the most convenient and basic way to convey information, and voice contains a wealth of 
emotional information. In the communication in our daily life, speech not only conveys semantic 
information, but also the emotion of the speaker, so the study of emotion, and emotion in voice has 
become an emerging field. Speech and emotion recognition is an important component of emotional 
computing and emotion perception of human-computer interaction. Emotional expression may vary 
by language, culture, the speaker's personality, and vocal attributes. [5] Speech and emotion 
recognition is widely used in human-computer interaction. For example, in the distance education 
system, the voice and emotion recognition program can identify the status of students. When students 
are confused about the course content, the system can appropriately adjust the teaching difficulty and 
progress, so as to improve the teaching quality. In car driving, voice and emotional recognition 
monitors the emotional condition of drivers according to their speech speed and volume, and solves 
the problem of "road rage". In medicine, voice and emotion recognition system can assist the disabled 
person to speak. [6]. 

1.3.2. Advances in Speech Recognition 

In recent years, with the development of AI technology and wearable medical devices, a large number 
of AI-assisted medical imaging and electronic medical devices has been proven to effectively reduce 
medical workload. In contrast, the lack of stereo data prevented the digitization of the auscultation 
process, so in this context people began to study how to tap information about people's bodies and 
help doctors. [7] The body's health is judged by collecting sound data, such as bowel sounds, speech, 
snoring, coughing, groans, and friction. 

1.4 Purpose of This Study 

This study aims to detect the speaker's mood through speech recognition, and then to judge the 
speaker's physical health or not. This study can detect real-time people's emotions in real time through 
dialogue in daily life, and achieve real-time health monitoring. 

2. Method 

2.1 Dataset Acquisition and Cleaning 

2.1.1. Dataset Acquisition 

Speech emotion data set is an important basis for the study of speech emotion recognition. According 
to the type of emotion description, the data set can be divided into discrete emotional database, the 
former takes discrete language labels (such as joy, sadness, etc.) as the emotional annotation, and the 
latter represents emotion with continuous real coordinate values. The collection of the datasets needed 
in our study was divided into two parts. The first part is the collection of personal data, and we mainly 
focus on collecting the sounds that individuals make in their daily life, and we need to collect the 
voices of people in both healthy and non-healthy states. For example, human voice in different 
emotions, or human cough, pulse, bowel sound, breathing sound. When we survey the personal data, 
we noticed the breadth of the collection scope and avoided the limitations of the data, and the second 
part is the public dataset. A wide range of data from different age, gender, and regional populations 
based on individual datasets is required. Public datasets We focus on investigating different social 
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work, as well as the datasets of different age groups, for study analysis using a population with a 
certain common feature as the same data group. 

2.2 Algorithm Principle 

2.2.1. Speech Recognition System based on the DTW Algorithm 

This study used a dynamic time-based adjustment (Dynamic Time Warping, DTW) The isolated-
word speech recognition system of: Inspectoral coefficient at the Mel frequency (Mel Frequency 
Cepstrum Coefficient, MFCC) as the core. [8] Isolated word speech was identified using the DTW 
algorithm, and finally the simulation was completed with MATLAB. The subsystem recognition 
process consists of four parts: preprocessing, feature extraction, speech training, and speech 
recognition. In the preprocessing stage, noise reduction, pre-aggravation of the input voice signal, 
end-point detection and pin-processing, and frequency field analysis of the signal in the feature 
extraction stage. The obtained parameters are stored as speech templates to complete the speech 
training. In the speech recognition stage, the characteristics of the input voice signal are extracted, 
compared with the stored voice signal template, and matched by the DTW algorithm to obtain the 
corresponding identification results. 

2.2.2. DTW Algorithm 

Both the start and end point of the speech signal were first determined. The reference template is R = 
{R(1), R(2), … , R(m), … , R(M)}. M is the serial number of the train voice, the start speech frame 
at R(1), the end speech frame at the value of R (M), and the feature vector of the train speech in frame 
m is R (m). The input voice to be identified is the training speech, expressed as: T = {T(1), T(2), … , 
T(N)}. [9] The starting frame of the test speech is represented as T(1), the end frame of the test speech 
is shown as T(N), and the feature vector of the test speech at frame n is T(n). Use the same type of 
test and reference template with a feature vector. The distance between training and test speech is 
commonly represented by D[TR], with smaller distance and higher similarity. Euclidean distances 
are commonly used in the DTW algorithm to represent the similarity between the two. A network 
was formed with the test template frame as the horizontal axis (n) and the reference template frame 
as the longitudinal axis (m), and (mn) represents the intersection point of the test template frame. The 
DP algorithm is to seek a path through the network, through a point of (mn). Let the path be (n1,m1),..., 
(ni, mi), … ,(nN, mM). From (11) point search (nm), for each (nm) stores its corresponding distance, 
retaining only one best path in a series of search to point (nm), which is the DTW algorithm. 

2.3 Pathway and Evaluation Index of the Algorithm Realization - Extraction of MFCC 
Parameters 

The MFCC algorithm includes calculations of FCC including pre-aggravation, framing, window 
adding, fast Fourier transformation, Mayer filter group (Mayer frequency conversion), discrete cosine 
transformation, dynamic features, etc. The most important steps are the fast Fourier transform and 
the Mel filter group, which perform major dimensionality reduction operations on the data. The 
MFCC algorithm generally includes the following steps: 

2.3.1. Pre-aggravation 

Pre-aggravation is designed to highlight the high-frequency characteristics of the speech signal, 
making the spectrum of the signal flat and maintained. The same SNR can be used for the spectrum 
in the entire band at low to high frequencies. At the same time, the pre-aggravation can also eliminate 
the effect between the vocal band and the lips during the vocalization process, to compensate for the 
high frequency part of the pronunciation system on the voice signal inhibition, but also to highlight 
the high frequency resonance peaks. 

2.3.2. Dynamic Features 

The voice signal has continuous time domain, and the feature information extracted in frames only 
reflects the characteristics of the current frame speech. In order to enable the characteristic 
information to reflect the time-domain continuity of the speech signal, the frame information 
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dimension generally increases to the characteristic dimension, commonly the first order difference 
and the second order difference. 

2.3.3. Plus Window 

Compared with the rectangular window function, using Hamming window smoothing signal can 
weaken the size of the side lobe and spectral leakage after fast Fourier transformation (the main valve 
is the peak part with the largest amplitude after the spectrum, while the small peak part is called the 
side valve), which can obtain higher quality spectrum (spectrum indicates the relationship between 
frequency and energy). 

2.3.4. Fast Fourier Transform 

Because the signal transformation on the time domain is difficult to show the characteristics of the 
signal, so generally transforming it into the energy distribution on the frequency domain to analyze, 
the different energy distribution means the characteristics of different speech. Therefore, after adding 
the window, each frame also needs to undergo a fast Fourier transform to obtain the energy 
distribution over the spectrum. Fast Fourier transform is used to obtain the spectrum of each frame 
signal after split frame plus window, and average the obtained spectrum to obtain its power spectrum. 

2.3.5. Mayer Filter Group 

Although the spectrum and power spectrum are obtained, more redundancy exists in the frequency 
domain signals. Therefore, the Mayer filter group is needed to streamline the amplitude of the 
frequency domain, using a single value to represent each frequency band. 

2.3.6. Take Logarithms 

Since human ear perception of sound is not linear, it is better described using a nonlinear manner. 
After processing, the reverse spectral analysis can only be performed. Therefore, the values obtained 
from the Mayer filter. 

2.3.7. Discrete Cosine Transformation 

Because there is an overlap between the filters, there is a correlation between the previously calculated 
energy values. The discrete cosine transform can compress dimensionality reduction and abstract the 
data so that the obtained feature parameters have no virtual parts. 

2.4 Feature Analysis of Body Abnormal Speech 

2.4.1. Analysis of Sound Characteristics in Patients with Pharyngitis 

There are significant differences in energy characteristics and entropy characteristics between patients 
with chronic pharyngitis and normal people in most frequency bands except very low and very high 
frequency bands. By comparing the speech signals of pharyngitis patients and healthy people, the 
sound samples are analyzed and processed to extract the feature parameters and energy features. The 
energy characteristics of patients with pharyngitis in the frequency range of 1 ~ 6KHz are greater 
than those of normal control group, the entropy characteristics of patients with chronic pharyngitis in 
the frequency range of 0 ~ 1kHz are less than those of normal control group, and the entropy 
characteristics of patients with pharyngitis in the frequency range of 2 ~ 7kHz are greater than those 
of normal control group. The above features can help doctors with the voice feature information to 
assist the clinical diagnosis of chronic pharyngitis. 

2.4.2. Sound Analysis of Parkinson and Lung Cancer Patients 

According to experimental demonstration, for Parkinson's disease, when the sampling frequency is 
16khz and above. The base sound frequency and GCI sequence gap are not hit. When all features 
were used, the parkinsonian sound classification effect decreased significantly at 8kHz, the lung 
cancer sound or vocal cord disease sounds decreased significantly at 16kHz and the primary sampling 
rate, and the two and three categories wiped the classification effect by only 3% at the remaining 
sampling frequencies. 
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3. Simulation Result 

3.1 Description of the Dataset 

The first is about audio dataset based on the collection of personal. This is a relatively small dataset. 
The health detection system can judge the individual's different health states, and it requires that the 
dataset should contain the individual's audios data in both the healthy state and the unhealthy states, 
and takes the first as the baseline. It should also include voice audios in different moods, as well as 
the effects of other sounds from the body on speech in different health states. For example, the effect 
of nasal sounds on speech when the nose is stuffed, and the sound from the throat when the throat is 
hoarse on the voice. The health recognition library can be established for individuals through 
identifying, analyzing and classifying this small dataset. The basic operation principle is to collect 
personal real-time voice, compare it with the audios in the dataset to get what characteristics the real-
time voice has and analyze their combination, and finally get what health problems the speaker has. 

The second is about the collection of public datasets. This is a relatively large dataset. It aims to find 
out the commonness of voice effects from people with the same characteristics in certain health states 
via collecting wide range of data among people of different ages, genders and regions based on the 
personal dataset. For example, identifying the difference of the voice effects from a group of 50-year-
old women with pharyngitis and another virtually identical group but in a healthy state. That allows 
to establish a public health recognition database with some population specificities. The advantage of 
this dataset is that it does not need to collect the user's personal voice deeply, but just collect some 
personal information of the user. So that his health can be monitored in real-time by dividing him into 
a specified group in the big dataset. This not only ensures the accuracy of the health identification 
system, but also ensures its high efficiency and humanized design. 

3.2 Algorithm Implementation and Results Evaluation 

The core of the speech health detecting system is the speech recognition algorithm, which is to 
recognize and compare the ingested real voice with the dataset. This paper will use MATLAB to 
simulate the speech recognition processing as a support for the recognition algorithm, and describe 
the implementation of the algorithm and evaluate the simulation results. 

3.2.1. The Determination of the Audio’s Starting Point and the Termination Point 

 
Figure 1. The distribution of the audio’s short-term zero-crossing rate, short-term energy, and 

short-term status on the frame domain 
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Here, a single-word speech is used as an example sample for simulation and explanation. The audio 
has a sample rate of 44100Hz and a sample length of 144000, and carries the language information 
of "stop". Audio is then framed with a window with the length of 240 sampling points and the 
increment of 80 sampling points, so the total number of frames is 1798. Use the method of whether 
the values of the adjacent sampling points are in different signs to determine there are how many 
zero-crossing points in each frame. The distribution of the audio zero-crossing points on the frame 
domain is shown in Figure 1. 

The signal within a frame is then molded and summed to obtain the short-term energy. The 
distribution of short-term energy on the frame domain for the audio is shown in Figure 1. The short-
term zero-crossing rates and short-term energy are important indicators for judging the starting and 
ending points of effective speech. The distribution of different states on the frame domain is shown 
in Figure 1, where status=0 indicates the mute state, status=1 stands for possibly in the effective 
segment, and status=2 means certainly in the effective segment. To dislodge the instant noise and 
mute, the short sound at frame 650 will be removed from the effective speech segment, and the short 
silence on the right side of frame 950 will be judged as a part of the ongoing speech. Since this, it can 
be judged that the starting frame of the valid voice is the frame 714 and the terminating frame is the 
frame 955. 

3.2.2. Extraction of the Audio’s MFCC Characteristics Parameter 

Before calculating the MFCC parameters of audio, the same pre-aggravation filter processing and 
framing processing are performed on the same audio. Take the frame 800 as an example. Add 
Hemming window to the frame and apply fast Fourier transformation (FFT). The original frame signal, 
the windowed frame signal and the spectrum after FFT are shown in Figure 2. 

 

 
Figure 2. The original frame signal, the windowed frame signal and the spectrum after FFT 

 

Apply the normalized Mel filter bank to the spectrum and take logarithm. The output parameters are 
then multiplied by the DTC coefficient. Finally, pass the parameters through the normalized cepstrum 
enhancement window to obtain the MFCC characteristics parameters for the frame. The results of the 
arguments in turn after these three conversions are shown in Figure 3. 
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Figure 3. From the FFT spectrum to the MFCC characteristics parameters 

 

Combining the MFCC parameters of each frame and the first-order differential MFCC parameters to 
extract the final MFCC characteristics. Combined MFCC parameters, first-order differential MFCC 
parameters, and final MFCC characteristics are shown in Figure 4. 

 

 
Figure 4. Combined MFCC parameters, first-order differential MFCC parameters and final ,MFCC 

characteristics 
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Finally, using the starting and ending points of the sample audio to intercept the extracted MFCC 
characteristics in a valid part. 

3.2.3. Audio's DTW Template Matching 

Now consider two different voices, the one is the voice in healthy state saying "hello" and the other 
is the same world but in unhealthy state with a hoarse throat. Using the same method in the previous 
section to obtain the MFCC characteristics of the voices. The characteristic parameters of each frame 
of the first audio are compared with that of all frames of the second audio. After the differencing, 
squaring, and summing processes, each possible combination of characteristic parameters can give 
the distance between the compared two frames. Integrate all the possible combinations to get a frame-
matching distance matrix of two audios, as shown in Figure 5. 

 

 
Figure 5. frame-matching distance matrix 

 

 
Figure 6. The time domain distribution of the testing audios and the reference audios and the 

Euclidean distances between them 



International Core Journal of Engineering Volume 8 Issue 2, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202202_8(2).0044

 

353 

Finally, using dynamic planning to find the path through which the minimum cumulative value can 
be obtained, and output that value. This value is the Euclidean distance of the two audios, which 
describes the similarity of the two voice and provides a standard tool for the final stage of speech 
matching. Now consider two sets of audios, one group is the testing group, and another is the reference 
group, each group contains two audios. The time domain distributions and health states of the two 
sets of voices are shown in Figure 6. Through the same processes mentioned before, the Euclidean 
distances of the two sets of audios are obtained, and the result is shown in Figure 6. Comparing the 
distances between the two sets of audios, the minimal distances appear between testing audio 1 and 
reference audio 2, testing audio 2 and reference audio 1. The simulation results are in line with the 
comparison between the two group, which indicates that the algorithm can effectively recognize 
audios in different health states. 

4. Discussion 

4.1 Advantages of this Study 

This study applies speech recognition technology to health monitoring, which can monitor the user's 
voice in real time, and judge the user's mood change (happiness, sadness, anger, etc.) and the user's 
health status (sneezing, snoring, cough, bowel sound, etc.) by matching the voice library. The 
application of this study is very broad, such as can be applied to daily emotional testing in patients 
with psychological diseases and sensing emotional changes in real time. This study can also be 
applied to hospitals and extended to various other categories, including breathing sound, heartbeat, 
vomiting, walking, etc., which can achieve long-term monitoring over 24 hours and can be used to 
detect postoperative recovery. The technical aspects of this study mainly rely mainly on speech 
recognition based on the DTW algorithm. The DTW algorithm has the huge advantage that when 
given two discrete sequences, DTW can measure the similarity of these two sequences, or the distance 
between the two sequences. At the same time, DTW can be adaptive to the extension or compression 
of the two sequences. For example, different people will have subtle differences in the pronunciation 
of the same word, especially in terms of time, some people's pronunciation is longer or shorter, DTW 
is not sensitive to the extension and compression of this sequence, so given the standard speech library, 
DTW can identify single words, which is why DTW has been considered a specialized algorithm for 
speech processing. Although the DTW algorithm is simple, but it achieves flexible template matching, 
which can solve many problems of discrete time series matching, with applications in video action 
recognition, bioinformation alignment and many other fields. Our algorithm closely links two 
seemingly unrelated factors to medicine and sound, and the advantages of the algorithm can make 
people who do not know relevant knowledge intuitively understand their health status. And the voice 
is what we will make every time, so through the voice detection of a person's health can more 
accurately and timely understand a person's mental and psychological diseases, bringing more 
humanistic care possibilities to the society. 

4.2 Disadvantages and Direction of Improvement in this Study 

Despite the many advantages of the DTW algorithm, its disadvantages are also obvious. For example, 
there is a large amount of operations, the recognition performance is too dependent on the endpoint, 
too much dependent on the speaker's original pronunciation, and cannot do dynamic training of 
samples and other aspects have a lot of room for progress. Future direction of improvement in this 
study will focus on the direction of simplified DTW operations. The main reason for the large 
operation volume and the large storage space is that the dynamic planning methods need a large 
matrix. However, we know from the local path constraints that the space dynamically searched by 
the DTW algorithm is not the whole rectangular grid, but is limited to the ribbon region near the 
diagonal [10], and many points are actually not achievable. Therefore, some improvements to the 
DTW algorithm in practice to reduce storage space and computation. Secondly, this algorithm has a 
limited number of training models, because the number of acoustic samples in this institute, there 
may be inaccurate identification, and cannot accurately identify the mood and health status. For 
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solving these problems, a lot of research related to sound and pathology is needed, and the research 
database must be supplied to fix a series of problems existing in our current algorithm. [10]. 

4.3 The Application Value of this Study 

In general, this study has great application value in the individual's convenient health assessment, the 
preliminary diagnosis for hospitals, and the doctor-patient connectivity. First, the health testing 
system will be of great help to the individual's health assessment. Because speech recognition has the 
advantages of fastness, real-time, accuracy and ease of operation, which can greatly facilitate the 
individual's understanding of their own health status, and can make timely responses. Without going 
to the hospital, individual can also carry out some simple diagnosis conveniently. Second, the 
application of the system in hospitals can greatly reduce the burden of doctors and outpatient clinics. 
The patient's condition can be initially judged and roughly classified. This can greatly improve the 
efficiency of hospital operations. Voice detection technology has been a certain success in medical 
detection of diseases, for example, BoAW-based speech recognition detects depression [11] and sleep 
apnea [12]. Finally, the system can collect and monitor the individual's voice in real time, and generate 
the initial diagnostic report after the initial identification process. The hospital side can search for 
primary test reports and select further analytical treatment according to the situation. This can help to 
realize the remote interconnected pre-diagnosis system between the hospital side and the individual 
side. 

5. Conclusion 

Nowadays, due to the rapid development of artificial intelligence technology, speech recognition 
algorithms have stepped to a higher level. This study aims to detect the speaker's voice via speech 
recognition by detecting people's real-time emotions through dialogue in daily life, and then achieve 
real-time health monitoring to judge the speaker's physical health situation. The speech recognition 
algorithm for the detecting system in this study uses the dynamic time-based adjustment and 
inspectoral coefficient at the Mel frequency as the core, which can effectively recognize and compare 
the ingested real voice with the dataset including personal or public voice audios in different health 
states. This study combines health monitoring with speech recognition technology, and the DTW 
algorithm can provide flexible template matching, which ensures the accurate and timely 
understanding of a person's psychological and mental health status, contributing more feasible 
humanistic care to the society. However, in current stage, the recognition performance is too 
dependent on the endpoint and pronunciation, and cannot do dynamic or infinite training of samples. 
Therefore, the improvement will focus on DTW operations simplification and further research in 
sound, pathology and database. There has been a certain success in this kind of study, which will 
possess great application value in the convenient health assessment for individuals, the preliminary 
diagnosis for hospitals, and the connectivity between doctor and patient. 
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