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Abstract: Critical technique errors are very often performed by patients in the use of Dry Powder
Inhalers (DPIs) resulting in a reduction of the clinical efficiency of such medication. Those critical
errors include: pure inhalation, non-arming of the device, no exhalation before or after inhalation,
and non-holding of breath for 5–10 s between inhalation and exhalation. In this work, an audio-based
classification method that assesses patient DPI user technique is presented by extracting the the
non-silent audio segments and categorizing them into respiratory sounds. Twenty healthy and
non-healthy volunteers used the same placebo inhaler (Bretaris Genuair Inhaler) in order to evaluate
the performance of the algorithm. The audio-based method achieved an F1-score of 89.87% in
classifying sound events (Actuation, Inhale, Button Press, and Exhale). The significance of the algorithm
lies not just on automatic classification but on a post-processing step of peak detection that resulted
in an improvement of 5.58% on the F1-score, reaching 94.85%. This method can provide a clinically
accurate assessment of the patient’s inhaler use without the supervision of a doctor.

Keywords: audio classification; machine learning; feature extraction; MFCCs; asthma; COPD; DPIs

1. Introduction

Asthma and Chronic Obstructive Pulmonary Disease (COPD) are pulmonary diseases that have
affected millions of people worldwide. Nowadays, it is estimated that 300 million people are suffering
from asthma worldwide [1]. Asthma is considered to be the most common non-contagious disease
among children, but is still a disease affecting adults during their lifetime and most of the deaths occur
in older adults [2]. At the same time, COPD is considered one of the major causes of chronic morbidity
while being the fourth leading cause of death in the world [3] and is expected to be the third by the end
of 2020 [4]. Such inflammatory lung diseases not only significantly downgrade the quality of patients’
and their families’ lives but are also deteriorate the efficiency of the healthcare system [5].

Asthma and COPD are treated using handheld inhalers as prior medication. Inhalers deliver
medication directly to the airways. Critical errors, which are common to occur, can reduce the
medication amount delivered to the patient’s lungs, or even annihilate it. Pure inhalation, non-arming
of the device, no exhalation before or after inhalation, and non-holding of breath for 5–10 s between
inhalation and exhalation are the main errors listed [6–8]. Such errors result in poor disease control,
increased medical care, and high risks of mortality [9]. The costs because of wasted medication due
to poor inhalation technique are between $5 and $7 billion [10], while poor inhalation technique
was estimated to be associated with costs of AC782 million across Spain, Sweden, and the UK in
2015 [11]. The main method to assess a patient’s inhaler user technique is by using checklists based
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on visual/aural assessment, where a healthcare professional supervises the whole process [11,12].
However, this method of assessment is based on the healthcare professional’s perception, it gives an
equal rating to all errors, it could overestimate patient performance and it cannot be used to monitor
how patients use their inhaler outside of clinical visits, without the supervision of a doctor [13,14]. It is
reported that the inhaler user technique from patients can be improved by inhaler training devices [15].
Guiding patients to improve their inhaler usage technique while providing proper feedback to medical
personnel could avoid dangerous exacerbation events while facilitating effective self-management of
obstructive respiratory diseases [16,17]. This is the first step in guiding the patients by evaluating the
followed procedure from the audio information given through either a smartphone’s microphone or
through an attachable microphone that is connected to the inhaler.

A DPI is a device that disperses a dry powder medication to the lungs. The medication is
released only when the patient takes a deep, strong breath in through the inhaler; therefore, it is
breath-activated. The difference between Dry Powder Inhalers (DPIs) and Metered Dose Inhalers
(MDIs) is that MDIs push medication into the lungs. Dry powder inhalers are the third type of inhaler
device, after MDIs and nebulizers, and among these seems to be the most promising devices for future
use [18]. Such devices carry the dose into the lungs (actuation) when breathing is performed by the
patient and this way there is no need for coordination of patient’s breathing and the activation of
the device. Furthermore, DPIs have other important attributes that make them preferable among
other devices [19]. Promising physical stability associated with DPIs is due to the solid form of
the formulation.

Proper inhaler use includes the following steps (details can be found in [20]) (shown, also,
in Figure 1): remove the cap; hold inhaler horizontally with the colored button facing up; press and
release the button; breathe out fully (away from inhaler); breathe in strongly and deeply with
mouthpiece in mouth and the lips sealed; hold breath for 5 to 10 s; breathe out gently (away from
inhaler); and replace cap. Despite these attributes, as it has been aforementioned, patients often
make critical errors, such as pure inhalation, non-arming of the device, no exhalation before or after
inhalation and non-holding of the breath for more than 5 s. Those errors prohibit them from receiving
full therapeutic effect from their medication.

For the scope of this study, the Bretaris Genuair placebo Inhaler [20] was used for the data capture
procedure. Genuair is a multi-dose inhaler, giving the advantage to patients of carrying many doses
wherever they go. Genuair is, also, reusable (in contrast with Diskus and Turbuhaler [21]), being cost
effective over time. Moreover, Negro et al. [22] tested the usability of the seven most used DPIs
in COPD and Genuair ranked sixth in a scale of usability, indicating a high factor of errors to be
performed during its usage. Mainly, Genuair was used for the purpose of this study because it was
stated that it ranks in a high place in the Greek market of inhaler devices; thus, it is very common
among respiratory patients. All the above attributes of Genuair triggered our research towards the
device utilization and assessment.

Detection and classification of sound events produced by the use of an inhaler is a field with
emerging research as is shown by recent work [13,23]. Holmes et al. [24] developed audio-signal
processing methods to automatically detect inhaler events. An INhaler Compliance Assessment
(INCA) device, which uses a microphone with sampling rate of 8 kHz and depth of 8 bits/sample,
was used to obtain audio recordings of Diskus DPI use from 12 asthma patients. The study obtained
609 audio recordings. A set of features were employed to characterize the different inhaler events,
such as the power of specific frequency bands, Mel-Frequency Cepstral Coefficients (MFCCs) and
three types of sounds were classified using feature value decision thresholds: preparation (blister),
inhalation, and exhalation. The algorithm achieved an accuracy of 92.1% for preparation detection,
91.7% for inhalation detection, and 93.7% for exhalation detection. Taylor et al. [25] developed an
accurate method of detecting Metered Dose Inhaler (MDI) actuations using inhaler audio recordings
(sampled at 44.1 kHz, with depth of 16 bits/sample) obtained from five healthy participants and 15
hospitalized asthma and COPD patients. There were 179 audio signals obtained using an attachable
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microphone fixed to the side of a pMDI. This method accurately distinguished actuations from other
inhaler events using the continuous wavelet transform (by analyzing the high frequency power content
of the signal). The method was trained on 20 and tested on 159 audio signals with an accuracy of
99.7%, sensitivity of 100%, and specificity of 99.4% at detecting pMDI actuations.

Figure 1. Dry Powder Inhaler (DPI) usage description as in [20].

Kikidis et al. [26] investigated the use of convolution neural networks (CNNs) to detect pMDI
actuation sounds. The authors used a microphone (connected to a smartphone) that was fixed onto
the front side of a pMDI. The pMDI audio signals were acquired from five healthy participants who
were asked to trigger the pMDI in open air and away from their mouth in different real-life noisy
environments. This way they produced 400 recordings (200 of actuation and 200 of non-actuation) and
an accuracy of 98% was reported at detecting pMDI actuation sounds. Nousias et al. [27] obtained
pMDI audio data from five healthy participants used for the classification of four sound types or
classes (inhaler actuation, inhalation, exhalation, background noise). The dataset was comprised of 280
samples per sound class giving a total of 1120 sound samples in the dataset (sampled at 4 kHz with
depth of 4 bits/sample). In this study, it was reported that AdaBoost outperformed the alternative
approaches leading to accuracies above 96% by using the Short Time Fourier Transform (STFT) as the
feature extraction method. Lalos et al. [28] developed an energy efficient wireless audio-based method
of remotely detecting pMDI events. In this study, a dataset from two healthy participants consisting
of 500 actuations and 500 noise segments (dataset 1) along with 200 actuations, 200 inhalations,
200 exhalations, and 200 noise segments (dataset 2) were obtained. An accuracy of over 96% was
reported for the two datasets.

In this paper, motivated by the pure research content in terms of identifying and evaluating
the proper use of DPIs, a content-based audio classification approach for identifying four different
respiratory sounds, i.e., Actuation, Inhale, Exhale, and Button Press is proposed. The method is
focused on the usage of traditional classifiers, and particularly on the feature extraction. Additionally,
segmentation is not performed using a sliding window approach, however, silence removal is
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performed to identify the segments containing sound. It is a multiclass classification problem with the
two classes (Actuation and Inhale) having minor differences making it more challenging to distinguish
them. This separation between them is the success of the algorithm which is not based just to the
automatic results from the prediction model but also to a post-processing step that is being included.
A new dataset was collected within this research’s goals which consists of 400 audio recordings per
class (1600 in total), generated using 20 subjects. The algorithm achieved near real-time performance,
as it is denoted by the recorded inference times.

The paper is organized as follows: Section 2 describes the dataset and how the audio data
files where collected for the algorithms training, the data pre-processing step, the procedure of
segmenting the acoustic signal into non-silent intervals, as well as the feature extraction procedure.
The classification results, the post-processing step that has been applied, and the inference times are
presented in Section 3. Finally, the conclusion points are analyzed in Section 4.

2. Methodology

2.1. Data Collection

Various audio signals were collected in an ambient environment but also in a noisy
environment—indoors and outdoors. Twenty healthy and asthmatic volunteers, aged 18–80 years,
used the same placebo inhaler, Genuair Inhaler, Menarini Hellas [20]. The sounds were recorded using
different smartphones since each smartphone has a different type of microphone, with microphones
having different frequency responses, and by default different suppression algorithms. This approach
was applied in order to make the algorithm easy to generalize and as robust as possible. In this context,
it covers a wide range of different microphones to provide, also, extensive usability for different
patients’ mobile devices. A total of 1600 audio files were collected for all classes. Each file has a
duration of 2 s, with a sampling rate of 8 kHz and a 16-bit depth. The signals were categorized into
four classes (Figure 2): Actuation, Inhale, Button Press, and Exhale.

• Actuation: inhalation using the device when hearing the “click” and indicating the correct intake
of the drug.

• Inhale: inhalation using the device without releasing the drug (absence of the “click” sound) either
due to pure inhalation or non-arming of the device and indicating the wrong intake of the drug.

• Button Press: sound produced when button is pressed.
• Exhale: exhaling of the patient away from the inhaler.

Data Pre-Processing

It was observed that each sound event can be completed within an average time frame of 2 s.
Button Press is about 500 ms long, Actuation is between 1 to 3 s, Inhale is about 2 s, while Exhale varies
from 1.5 to 4 s. To train the classifier with the audio-extracted features, the audio samples must be of
the same length. For this purpose audio files that were less than 2 s were zero padded at the end of the
signal, while the larger ones were trimmed to 2 s without losing important signal information.

In addition, during the signal pre-processing stage, the files to be evaluated are passed through a
high-pass filter. The high-pass filter is used to clear low-frequency noise and eliminate low-frequency
voltages (DC offset removal). The filter selected is a high-pass Butterworth filter [29], which is designed
to have a frequency response as flat as possible in the transit zone (i.e., no ripples) and slides to zero in
the cut-off zone. Therefore, the filter with a cut-off frequency of 20 Hz and order = 3 was applied.
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Figure 2. Waveforms of audio signals corresponding to the four classes, i.e., Actuation, Inhale, Exhale, and
Button Press.

2.2. Silence Removal

In the process of extracting segments that contain respiratory sounds from the acoustic signal,
the algorithm that is presented takes the input signal and returns the endpoints of the segments
corresponding to the individual sound events. This process belongs to the broader field of voice
activity detection, a technique used in speech processing, in which the presence or absence of human
speech is detected. The algorithm removes all “silent” areas of the signal and returns those containing
sound to classify each of them into the final classes of Actuation, Inhale, Exhale, Button Press. For this
purpose pyAudioAnalysis [30] library was used.

The first step in the activity detection process is the extraction of 34 short-term features (Table 1).
Then, a binary Support Vector Machine (SVM) model is trained to distinguish high-energy from
low-energy short-term frames using 50% of the components with the highest energy concentration
along with the 50% of the lower ones. The short-term features use, for this purpose, 50 ms window
size and 40 ms frame step, resulting in a sequence of feature vectors with 34 elements each. In the
next step, the SVM model is trained to distinguish the high-energy short-term windows from the
low-energy ones and applies them throughout the recording, using a median threshold value to detect
the segments that contain sound. A dynamic threshold is used to detect active segments. Finally,
the “non-silent” sections are grouped and the “silent” areas are removed.

Table 1. Audio features extracted in silence removal [30].

No Feature Description

1 Zero Crossing Rate The rate of sign-changes of the signal during the duration of a particular frame.
2 Energy The sum of the squares of the signal, normalized by the length of the frame.
3 Entropy of Energy The entropy of the normalized sub-frames.
4 Spectral Centroid The center of gravity of the spectrum.
5 Spectral Spread The second central moment of the spectrum.
6 Spectral Entropy The entropy of normalized spectral energies for a set of sub-frames.

7 Spectral Flux
The square difference between the normalized magnitudes of the

spectrum of two consecutive frames.

8 Spectral Roll-off
The frequency below which 90% of the magnitude distribution of the

spectrum is concentrated.

9–21 MFCCs
MFCCs form a cepstral representation where the frequency bands

are not linear but distributed on a mel scale.
22–33 Chroma Vector A 12 element representation of spectral energy.

34 Chroma Deviation The standard deviation of the 12 chroma coefficients.
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2.3. Feature Extraction

Feature extraction is a very important part of analyzing and finding relationships between audio
data. Classification and prediction algorithms require feature extraction. Through a continuous testing
process it was deduced that the following six, in number, features are used for the signal analyzing,
as discussed below.

2.3.1. Mel Frequency Cepstral Coefficients

The sounds produced by a human are filtered by the shape of the voice path including the tongue,
the teeth, and other components which determine which sound comes out. This shape of the voice path
is manifested in the “area” of the low-power spectrum and the MFCCs contribute to the representation
of the low power spectrum of a sound. The followed procedure is shown in Figure 3 [31].

For the FFT, a window size of 512 frames with number of frames between FFT columns being
128 is used, and 16 MFCCs including the zero coefficient are returned, resulting in an array of size
(16 × 126).

Figure 3. The followed procedure for Mel-Frequency Cepstral Coefficient (MFCC) extraction [31].

2.3.2. Zero Crossing Rate

Zero Crossing Rate (ZCR) is the rate at which the signal changes from positive to zero to negative
or from negative to zero to positive [32]. That is, the signal’s rate of passage from zero.

ZCR is defined formally as:

ZCR =
1

T − 1

T−1

∑
t=1

1R<0(stst−1) (1)

where s is a signal of length T and 1R<0 is an indicator function.
To compute the ZCR of an audio time series, we set the length of the frame over which to compute

the rates to 512 with 128 samples to advance for each frame (hop length), which finally produces an
array of size (1 × 126).

2.3.3. Root Mean Square Energy

The root mean square energy (RMSE) is defined as a measure of the signal intensity.
The followed procedure is:
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• The signal is divided into windows.
• For each window, each sample value is squared (multiplied by itself).
• The average is obtained.
• Calculate the square root of the mean.

Given by the formula [33]:

RMSE =

√
1
N ∑

n
|x(n)|2 (2)

where x(n) represents the size (amplitude) of the bin number n (bin means dividing the entire range of
values into a series of intervals) and N is the number of bins.

To compute the RMSE for each frame, the energy from the audio sample is calculated without the
need of a Short Term Fourier Transform, by using a frame length of 512 samples with 128 hop length.
An array of size (1 × 126) is extracted.

2.3.4. Spectral Flatness

Spectral Flatness is defined as the ratio of the geometric mean of the spectrum to the arithmetic
mean of the power spectrum and it is a way of measuring how close the audio is to white noise,
which has a flat power spectrum (spectral flatness closer to 1.0). The arithmetic mean of a sequence
of n elements is what is considered to be an average, add all the elements and divide by n, while the
geometric mean is the nth root of the elements’ product. It is calculated by taking the arithmetic mean
of the logarithms of the objects, and then taking the exponential result [34].

It is given by the formula:

Flatness =

N

√
N−1
∏

n=0
x(n)

N−1
∑

n=0
x(n)

N

=

exp( 1
N

N−1
∑

n=0
ln(x(n)))

1
N

N−1
∑

n=0
x(n)

(3)

where x(n) represents the size of the bin n and N is the number of bins.
To compute spectral flatness, an FFT window size of 512 samples along with hop length of

128 samples were used, resulting in an array of size (1 × 126).

2.3.5. Spectral Centroid

Spectral Centroid (SC) measures the shape of the signal spectrum, as it is the center of gravity
of the spectrum. Centroid is computed by considering the spectrum as a distribution of frequencies
(values) and probabilities to observe these frequencies (normalized amplitude). A higher SC value
corresponds to more signal energy concentrated at higher frequencies. Therefore, it measures the
spectral shape and position of the spectrum [35].

It is given by the formula [36]:

SCt =

N
∑

n=1
Mt[n]n

N
∑

n=1
Mt[n]

(4)

where Mt[n] is the magnitude of the Fourier transform at frame t and frequency bin n.
To compute the SC, each frame of a magnitude spectrogram is normalized and the mean (centroid)

is extracted per frame using an FFT window size of 512 samples and hop length of 128 samples.
An array of size (1 × 126) is produced.
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2.3.6. Spectral Roll-Off

The spectral roll-off is defined for each window as the center frequency for a spectrogram bin,
so that this bin and the lower contain at least the roll percentage value (0.85 by default [35]), i.e., the ratio
of total energy to attain before yielding the roll-off frequency, of the spectral energy in this frame.

A roll-off frequency Rt such that [37]:

Rt

∑
n=1

Mt[n] = 0.85
N

∑
n=1

Mt[n] (5)

where Mt[n] is the magnitude of the Fourier transform at frame t and frequency bin n.
To compute the roll-off frequency, an FFT window size of 512 samples along with hop length of

128 samples were used, resulting in an array of size (1 × 126).
Finally, all features are concatenated creating an array of size (21 × 126) for each file of the dataset.

3. Results

3.1. Classification

The last step of this algorithm (as shown in Figure 4), after extracting features, is the process of
classifying the audio signals into one of the final classes. The database of 1600 audio files is used to
train the classifiers and to find the one that achieves the highest classification performance among
the data. These data are split into training and test data, 75% for algorithms’ training and 25% for
the testing.

Figure 4. Flow diagram of the proposed algorithm, where first silence removal is performed in the audio
signal and then the classification of each extracted segment into four targeted classes, i.e., Actuation,
Inhale, Button press, Exhale.
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Various classifiers were used for this purpose, such as k-Nearest Neighbors (k-NN) [38],
Extra Trees [39], SVM [40], Gradient Boosting (GB) [41], and Random Forest [36]. The following
metrics were selected to evaluate the results of each classifier: Accuracy, F1-score, precision, and
recall. Gradient Boosting achieved the highest accuracy of 90.92% and an F1-score of 89.87% (Table 2).
For the performance evaluation of the classifiers, 10-fold cross validation was used and the results
were calculated on the testing set. The silence removal procedure is not used in this step since the
database consisted of fixed-sized audio files of 2 s.

Gradient Boosting is a technique for classification tasks in the field of machine learning.
It produces a prediction model in the form of an ensemble of weak prediction models (decision
trees). The model is built in a stage-wise fashion, and the generalization is being performed by an
arbitrary differentiable loss function.

Gradient Boosting algorithm can easily overfit [41] a training data set, and that is why different
regularization methods could be applied to improve the algorithm’s performance and encounter the
problem of possible overfitting. A large number of boosting stages to perform usually results in better
performance, and for that reason 500 estimators are used. Furthermore, the maximum number of
features are taken into account when looking for the best split and the minimum number of samples
required to split an internal node are 10. In addition, “learning rate” is set to 0.1 since the parameter’s
tuning resulted in a better classification score after performing a grid-search between 0.001 to 0.1 with
steps of 0.05.

Table 2. Classification results among tested classifiers after 10-fold cross validation.

Classifier Accuracy F1-Score Precision Recall

Gradient Boosting 90.92% 89.87% 90.44% 89.91%
Extra Trees 89.42% 88.40% 88.86% 88.29%

Random Forest 87.22% 86.08% 86.20% 86.20%
SVM 78.96% 77.87% 78.29% 77.87%
k-NN 76.08% 75.63% 77.07% 75.99%

3.2. Post-processing

A post-processing step is used to further improve the algorithm. The performance of the algorithm
between the Actuation and Inhale classes is not as high as the other classes (Button press and Exhale)
(Table 3). This is due to the fact that distinguishing the classes is particularly difficult, as the signals are
“similar” to each other. Towards this, observation peak detection is used along with comparison of the
maximum peak value with the average signal width to improve the categorization results.

Table 3. Class-wise F1-score using Gradient Boosting (GB) before post processing.

Class F1-Score

Actuation 87.12%
Inhale 79.35%

Button press 96.78%
Exhale 96.23%

Peak detection is calculated as follows:

• Take as input the segments classified as Actuation or Inhale.
• Calculate the average signal width.
• Detect peaks in the first 0–8000 samples of the signal.
• Find the maximum peak.



Appl. Sci. 2020, 10, 6677 10 of 14

• Perform a comparison between the maximum peak value detected in the range of the samples
and the average width of the signal. If (maximum peak—average width) is greater than 90% then
the event is classified as Actuation. Otherwise as Inhale.

This procedure is selected based on the 400 audio files belonging to the Actuation class.
The analysis of the signal and the peak detection is performed in the first half of the signal
(i.e., 0–8000 samples). That is because it was observed that the drug is released at the beginning
of the inhalation, while the “click” sound appears in the signal representation as a peak (Figure 5).

Figure 5. Peak detection (orange X) performed successfully in audio files belonging to Actuation with
different background noise.

Finally, the after-post-processing results are shown in Table 4, where an important improvement
of the Actuation and Inhale classes’ F1-score performance is noticed. Table 5 summarizes the metrics
extracted from Gradient Boosting’s algorithm performance after the post-processing step is performed.

Table 4. F1-score of Gradient Boosting between targeted classes after post-processing.

Class F1-Score

Actuation 93.12%
Inhale 94.08%

Button press 96.67%
Exhale 95.56%

Table 5. Summarized metrics from the Gradient Boosting Classifier.

Classifier Accuracy F1-Score Precision Recall

Gradient Boosting 95.21% 94.85% 95.04% 94.67%

3.3. Inference Times

In this section, the inference times of the algorithm are presented for extracting the “non-silent”
segments and classifying these segments into one of the target classes. Firstly, the time taken by the
Gradient Boosting to classify a single audio file, with a duration of approximately 2 s and containing
one respiratory sound, is 25 ms on average. Furthermore, 8 to 14 s audio files are tested, which contain
multiple events and require the process of segmentation apart from classification. The algorithm
completes the process in approximately 230 ms.
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Finally, a larger sound file is introduced, which is approximately 30 s long. Through our interaction
with patients, it was denoted that this is the necessary time needed to complete the whole process of
the inhaler’s use (press button to trigger the device, exhale fully and away from the inhaler, take a
deep breath with the inhaler in mouth, and then, when the inhalation is over, hold breath for 5 to 10 s
until breathing out again). The entire procedure for classifying this file takes approximately 420 ms.

Despite the complexity and computational cost required by the Gradient Boosting classifier,
the process is quickly completed in just a few milliseconds (Figure 6), which, combined with the
accuracy of the prediction, makes the algorithm ideal for real-time event detection.

Figure 6. Algorithm’s inference times (in seconds) for a single file classification, silence removal, and
classification of a varying size of 8–14 s audio file (median length file) and 30 s full-length-file, respectively.

The algorithm was trained and evaluated on an Intel Core i5-7600 @ 3.5GHz processor.

4. Discussion

As has been mentioned in the introduction, many related-content works have been published in
the last years aiming to detect and classify sound events from the use of an inhaler. Unfortunately,
a one-to-one comparison between other publications cannot be approached. First, the data used for
the algorithms’ evaluation were not the same. Within this work’s scopes, a new dataset was created
since data from previous researches were not publicly available. In addition, different devices were
used for the data capture, with different sampling rates and depth. Finally, the procedure itself is not
comparable because others extracted a different set of features, used different representations of the
signal, and aimed at solving different classification tasks (different number of targeted classes).

Nevertheless, the model can be generalized to other commonly used DPIs. For example, for an
assessment of the Diskus inhaler usage, the evaluation of the procedure would be completed if the
algorithms can detect two Button press (“clicks”) in a row, Exhale, an Inhale event (but not Actuation since
there is no such evaluation mechanism in this inhaler), again Exhale, and finally another Button press.
For other inhalers, such as Turbuhaler, Respimat, Nexthaler, the mechanisms of the proposed method
could also be applied with differentiation in the sequence of the events, but with no readjustments of
the model’s audio-based classification method.

A limitation of this study could be the fact that the assessment is performed using only audio
data, but under some circumstances, data from a camera or an accelerometer could be used to cover
all the possible cases. If a patient misplaces the device in their mouth, for example, with the button
facing down and not up the audio analysis method could not locate this error, while camera and
accelerometer could. Another potential limitation is that in this work no extreme scenarios regarding
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background noises where investigated for the data capture, e.g., noises existing in a city with traffic.
Therefore, there should be a more extensive data collection process.

5. Conclusions

In this work, a system architecture designed for efficient classification of audio signals into four
major categories, i.e., Actuation, Inhale, Button press, and Exhale, is proposed. The algorithm focuses in
the usage of traditional classifiers and not deep neural networks, focusing on the manually engineered
features. The segmentation of the signal is performed not with the use of a sliding window but with the
implementation of silence removal as proposed in [30]. We demonstrated that our network achieves
high performance, while being able to generalize well, since a big amount of patients contributed to
the training and testing process of the algorithm. A post-processing step of peak detection is applied
to further improve the prediction from the automatic classification procedure, giving an improvement
of 5.58% in the F1-score. In addition, the network is less demanding in terms of computing resources
needed for training and is introducing a very little processing delay, achieving near real-time inference.

6. Future Work

The proposed framework takes as input a raw acoustic signal and can provide information
regarding the sequence of inhale events and detect possible patient technique errors. As a future step,
a smartphone application will be developed in order to provide real-time feedback to the end user.
The patient will record the inhalation procedure through the mobiles microphone; these audio data will
be transferred to a server where the silence removal and classification method will be applied. Finally,
in less than half a second (as shown in Figure 6 for a 30 s long file) the evaluation of the followed
procedure with be displayed to the patient’s phone. Information regarding the missed steps could be
displayed (in addition to the produced figure), as plain text or as interactive video instructions. In this
way, the inhaler usage experience will be enhanced through intuitive interfaces and patients could
assess their inhaler technique in an engaging manner.

In addition, this mobile app, which can communicate with a clinical platform, will be a helpful
tool for supervising doctors. The results from the procedure assessment can be reported to the doctors
at the next visit to their office, where all the performed actions can be logged in a history file. This can
be done via a remote monitoring platform that displays all the information of each patient. Doctors can
have real-time access, following the patient’s progress, while being able to provide relevant feedback
and personalized guidance.

A mobile monitoring system with the proposed methodology included can play an important
role in self-management of the disease and in the prevention of exacerbation symptoms that in many
cases can be fatal. In addition, it can result in better quality of services from the healthcare system,
continuous monitoring, and better management of the diagnosis from the supervising doctors.
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