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subspace, when the value of splitting parameter s is set equal to 1. For Models 1, 4, 5 the maximum
amount of clusters is 32 whereas for Models 2, 3 is 12. Again, the parameter that affects mostly the
performance of the classifier is the number of clusters produced by k-means algorithm. For cluster =1,
hence when we force all neurons to have the same output response, the classification accuracy drops
dramatically to 35% (Models 1, 5) and 16% (Models 2, 3, 4). It is also clear that the highest classification
accuracy can be achieved with intermediate values of the parameters. For example, model 5 reaches up
to 95.52% accuracy, which is the highest among our architectures, after pruning 7 feature maps and for
8 clusters in fully connected layer achieving 8 times compression of the initial structure. For the same
level of compression model 1 achieves 94.66% (pruned feature maps = 7, clusters = 8), model 2 93.97%
(pruned feature maps = 7, clusters = 8), model 3 reaches up to 93.8% (pruned feature maps = 2,
clusters = 4) and model 4 to 95.01% (pruned feature maps = 3, clusters = 8).

Classification accuracy vs pruned feature maps vs clusters for model 1.
Product quantization with s=1

Classification accuracy vs pruned feature maps vs clusters for model 2.
Product quantization with s=1
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(a) Classification accuracy for model 1 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

(c) Classification accuracy for model 3 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

(b) Classification accuracy for model 2 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

(d) Classification accuracy for model 4 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

(e) Classification accuracy for model 5 with respect to the various
combinations of pruned feature map and the clusters in fully
connected layer.

Figure 8. Classification accuracy for models in Table 1 for the approach that include filter pruning and
product quantization with s = 1.

Increasing the splitting parameter s to the value of 2 we take the results presented in Figure 9.
Similarly to the results obtained from the previous experiments increasing the number of clusters
in each subspace of the weight matrix we are able to improve the performance of the classifier.
Again, the highest classification accuracy, 95.52%, is achieved by model 5 when we prune 3 filters
from the convolutional layer and quantize the neural network at the back end, with 8 clusters in
each subspace, leading to a compression factor of 3.5. However, we can compress it by a factor of
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5 and at the same time achieve an accuracy up to 95.35%, which is an acceptable trade off between
accuracy and compression, by quantizing it with 4 clusters instead of 8. For this compression rate
model 1 yields 94.49% (pruned feature maps = 3, clusters = 4), model 2 reaches up to 93.11% accuracy
(pruned feature maps = 5, clusters = 4), model 3 up to 92.6% (pruned feature maps = 1, clusters = 4)
and model 4 achieves an accuracy of 94.66% (pruned feature maps = 3, clusters = 8). It is important
to note that in order to achieve a compression rate of 8, we need, for model 5, to prune 7 filters and
quantize with 4 clusters, but with a drop at classification accuracy of 2% achieving 93.97%. This result
is consistent with those presented in previous sections, where it is shown that increasing the value of
parameter s, the accuracy of the classifier at the same level of compression decreases.

Classification accuracy vs pruned feature maps vs clusters for model 1.
Product quantization with s=2 Classification accuracy vs pruned feature maps vs clusters for model 2.
roduct quantization with s=2
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(b) Classification accuracy for model 2 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

(a) Classification accuracy for model 1 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

Classification accuracy vs pruned feature maps vs clusters for model 4.

Classification accuracy vs pruned feature maps vs clusters for model 3. Product quantization with s=2
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(c) Classification accuracy for model 3 with respect to (d) Classification accuracy for model 4 with respect to
the various combinations of pruned feature map and .0 various combinations of pruned feature map and

the clusters in fully connected layer. the clusters in fully connected layer.

Classification accuracy vs pruned feature maps vs clusters for model 5.
Product quantization with s=2
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(e) Classification accuracy for model 5 with respect to the various
combinations of pruned feature map and the clusters in fully
connected layer.

Figure 9. Classification accuracy for models in Table 1 for the approach that include filter pruning and
product quantization with s = 2.

Finally, Figure 10 presents the results for the classification accuracy with respect to the number of
pruned feature maps and the number of clusters when the splitting parameter s is set to 4. For this
approach the highest classification, 95.52%, is achieved by Model 5 for the number of pruned filters
set equal to five and for four clusters, which results in a compression rate of 4. The following table
presents the number of clusters and pruned filters for each model, with a compression rate equal to 4.

Table 13 summarizes the results from the combination of filter pruning and scalar quantization in
fully connected layers for the five proposed models and for the same compression rate. It can be seen
that Models 1, 4, 5 yield similar classification accuracy despite the fact that Model 4 has fewer filters,
while Models 2 and 3, which contain fewer parameters in the fully connected layer, fail to reach the
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same level of accuracy. In other words we can achieve high performance, even twith limited number of
filters, as long as we retain enough parameters at the fully connected layer. Overall, when comparing
the compression techniques, Model 5 seems to achieve the best performance in most of the MultiSubj
evaluation experiments. This fact, along with its superiority in SingleSubj and LOSO validation
schemes, indicates that Model 5 is the most preferable among the five architectures.

Classification accuracy vs pruned feature maps vs clusters for model 1.
Product quantization with s=4.
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(a) Classification accuracy for model 1 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

Classification accuracy vs pruned feature maps vs clusters for model 3.
Product quantization with s=4
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(c) Classification accuracy for model 3 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.

Classification accuracy vs pruned feature maps vs clusters for model 2.
Product quantization with s=4
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(b) Classification accuracy for model 2 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.
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(d) Classification accuracy for model 4 with respect to
the various combinations of pruned feature map and
the clusters in fully connected layer.
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(e) Classification accuracy for model 5 with respect to the various

combinations of pruned feature map and the clusters in fully

connected layer.

Figure 10. Classification accuracy for models in Table 1 for the approach that include filter pruning

and product quantization with s = 4.

Table 13. Number of clusters and pruned filters for each model with a compression rate equal to 4.

Model Accuracy Pruned Feature Maps Clusters Compression Rate
1 95.01% 4 4
2 92.43% 2 2 4
3 91.74% 1 1 4
4 95.35% 5 4 4
5 95.52% 5 4 4

5. Conclusions

Asthma adds an important socioeconomic burden both in terms of medication costs and disability
adjusted life years. The accurate and timely assessment of asthma is the most significant factor towards
preventive and efficient management of the disease. It outlines the need to examine the technological
limitations for real time monitoring of pMDI usage, in order to create easy to use tools for safe and
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effective management. In this paper, we discussed on current medication adherence monitoring
techniques, addressing related aspects that promote adherence with novel sensing capabilities.
We, also, investigated acceleration approaches employing convolutional neural networks, trained to
classify and identify respiration and medication adherence phases. Employing CNNs directly on
the time domain, facilitated lower memory and processing power requirements. Evaluation studies
demonstrate that the presented CNN-based approach results in faster execution time, requiring 0.4 s to
perform a classification, whereas computationally expensive feature extraction approaches have a mean
execution time of 7.5 s. Aiming at acceleration and compression we furthermore applied deep sparse
coding strategies, namely filter pruning, scalar values pruning and vector quantization. Different CNN
architectures were employed in order to assess the performance of deep sparse coding under various
settings. The goal of such methodologies is to speed up the neural network outcome, allowing for
real-time implementation, adaptable to IoT architectures and devices. Specifically, we achieve
a compression rate of 6.0 in several cases, while maintaining a classification accuracy of 92%.
The proposed work provides an experimental evaluation at a key area with renewed research interest,
characterized by a high potential for novel improvements related to deep neural networks compression
and acceleration. However, our approach is validated only through recordings of three healthy subjects
resulting in a small dataset. More experiments with recordings from both healthy and subjects with
respiratory disease should be carried out in order to thoroughly assess the presented approach and
validate its potential in monitoring medication adherence.
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