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Abstract—Always-on sound classification is a desirable but
power-intensive function for a variety of emerging Internet
of Everything applications. This work explores the accuracy-
complexity tradeoff by using summary statistics for classifying
semi-stationary sounds. Compared to contemporary solutions
including deep learning, this approach requires one to three
orders of magnitude fewer parameters and can therefore be
trained over ten times faster. We propose a mixed-signal design
using N-path filters for feature extraction to further improve
energy efficiency without incurring a large accuracy penalty for
a binary classification task (less than 2.5% area reduction under
receiver operating characteristic curve).

Index Terms—acoustic environment recognition, acoustic tex-
tures, baby cry detection, speaker identification, Internet of
Everything, N-path filter, passive mixer

I. INTRODUCTION

The task of sound classification is a topic of active research
due to its broad application space. Recent advances in deep
learning have shown super-human performance for these tasks
but their accuracy comes at the cost of high complexity,
high computational loads, and large training datasets. For
Internet of Everything (IoE) systems, it is important to perform
the classification in real time, using low power, and in an
always-on fashion [1], [2], [3]. To stay within their power
budgets, systems that leverage large deep learning models must
therefore resort to cloud processing at the cost of high latency
and privacy issues. These issues motivate the development of
systems that can produce the inference results locally.

To implement local inference at low power consumption,
it is necessary to restrict model parameter count as much as
possible. Further, for emerging applications where only limited
training data is available, it is imperative to have a model
that can quickly converge on trained parameters. Finally, it
is desirable to benefit from application-specific simplifications
when there is a priori knowledge about the signals of interest.
To meet these conditions, we study a classifier that employs
summary statistics as efficient and flexible features and present
a comparison to other classifiers designed for the same tasks.
We show that in some cases the classifier can train 10x faster
while being 1000x smaller than a deep learning network and
only exhibiting moderate accuracy loss. We then propose a
CMOS chip implementation designed to perform the required
signal processing at ultra-low power while maintaining flexi-
bility for a variety of applications.

The rest of this paper is organized as follows. Section
Il introduces the summary statistics feature set. Section III
presents a learning rate comparison to a convolutional neural
network designed for the same task. Section IV compares the
size and computational complexity of the proposed classifier
with published work on two additional sound classification
datasets. Section V introduces a mixed-signal approach to
further increase the computational efficiency of the classifier
and presents initial simulated results.

II. CLASSIFICATION WITH SUMMARY STATISTICS

Distinguishing sounds that are not strictly stationary but
exhibit semi-stationary properties constitutes a useful task for
many IoE systems. These types of signals lend themselves to
processing techniques that exploit their structure. Examples
of sounds that fall in this category include motors, rain, a
crowded room, insects, baby cry, sirens, applause, and even
voice timbre. Extracting useful information from these types
of signals in a computationally-efficient manner requires a
feature set designed with this purpose in mind. For this work,
we chose to evaluate a bio-inspired analysis based on the
work of McDermott and Simoncelli [4], where the authors
propose a set of statistics that represent human auditory
cortex functionality. Subsequent work tested these statistical
sound properties on a classification task in [5] and showed
experimental results, but did not compare performance and
computation cost to other techniques on common datasets.
We further show that an important benefit of this technique is
that it maps into an efficient circuit implementation in CMOS
technology (see Section V).

The summary statistics (SS) feature set is composed of
four main categories: (1) audio sub-band central moments,
(2) sub-band correlations, (3) modulation-band power, and (4)
modulation-band correlations. The mathematical definition of
these features is described in [4]. Here, we only illustrate the
resulting signal chain as summarized in Fig. 1.

We evaluated the feature set with multiple models and con-
cluded that the performance of the classification is dominated
by the mapping expressiveness of the features and not the
classifier model used. We therefore chose a Support Vector
Machine (SVM) model employing a linear kernel to ensure



low inference computation cost.! We therefore refer to the
classifier as SS-SVM. For this model choice, the number of
learned parameters are simply given by M x D where M
is the number of classes and D is the number of features
used. Performance tradeoff comparisons between this classifier
and recent published work are summarized in the following
sections.
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Fig. 1. SS-SVM classifier diagram. Features are defined in [4] and are
flattened and concatenated as inputs to an SVM classifier.

III. LEARNING RATE COMPARISON

Deep learning techniques are increasingly being used for
the tasks of environmental sound detection. For example, out
of the top-10 submitted entries to the 2016 and 2017 DCASE
challenges [6], [7], fifteen use ConvNets either exclusively or
in combination with other feature extracting techniques.

A similar task of practical application (but lower complex-
ity) is that of detecting baby cry events. In order to compare
the tradeoffs between deep learning and the summary statistics
classifier we designed a ConvNet for baby cry detection. The
input to the network is a 5 second mel-spaced spectrogram of
40 frequency bins and 250 time frames of 20 ms duration com-
puted from the raw audio signal. The network is summarized
in Table I. A ReLU activation function was used after max
pooling for all convolutional layers. Similar networks have
been reported in [8], [9], [10], [11].

'The SVM model was implemented using the 1iblinear package using
one-vs.-all learners for multi-class tasks. Regularization hyper-parameter was
optimized for each training run. Experiments using RBF or quadratic kernels
did not yield appreciable gains. Other classifiers tested include Gaussian
Discriminant Analysis and Multinomial Logistic Regression which also did
not perform significantly different than the SVM model used.

TABLE I
CONVNET EMPLOYED FOR BABY CRY DETECTION
layer name | output size layer parameters
input 250x40
5x%35, 8, stride 1, batch norm
convl 84x 14 3% 3 max pool, stride 3
dropout p = 0.1
5x%35, 16, stride 1, batch norm
conv2 29x6 33 max pool, stride 3
dropout p = 0.2
Gutpt Ix1 1024-d, fc, softmax
dropout p = 0.5
FLOPs 12.5 x 10°
Parameters 2.89 x 10°

For the comparison we used the dataset described in [11].
The observed ROC curve is shown in Fig. 2. The learning
curves for both systems were reported in Fig. 3 to under-
stand why the SS-SVM classifier slightly outperforms the
ConvNet. For this analysis, the classifiers were trained on
progressively larger subsets of the training dataset and the
error rate was calculated for each. The SS-SVM classifier
shows faster learning which is consistent with the fact that
it possesses much fewer parameters than the ConvNet (2.9M
vs. 2k) and is less likely to suffer from overfit. For the task
evaluated, the ConvNet requires 10x more training data than
the SS-SVM classifier to achieve 10% error rate (see Fig. 3).
This is an important tradeoff in applications that have limited
training data or require fast online learning (e.g., reinforcement
learning) and should be considered when choosing inference
systems.
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Fig. 2. ROC curve for both classifiers evaluated on the Baby Cry dataset.
Accuracy performance is essentially equivalent.

IV. COMPUTATION COST AND COMPLEXITY COMPARISON

To understand the tradeoffs in computational cost and com-
plexity, we evaluate the SS-SVM classifier on two additional
datasets. For all evaluated tasks, the number of features are of
the order of the number of training samples, thus also being
likely to suffer from overfit.

A. Environmental Sound Classification

For this task we evaluated on the datasets published in
[12], [13], [14], [8], [15], [10], namely DCASE 2016 and
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hand-crafted feature sets [18], [19]. Table II summarizes this
comparison.

TABLE II
ACCURACY (IN %) OF CLASSIFIERS ON THE TIMIT DATASET FOR
SPEAKER IDENTIFICATION.

Percentage of Training Set Used (%)

Fig. 3. Error vs. training samples used for both classifiers evaluated on the
Baby Cry dataset. The learning rate of the SS-SVM classifier is much higher
while the ConvNet is likely to outperform the SS-SVM with more training
data.

ESC. These are classification problems with 10-50 classes and
therefore require systems with more information capacity than
the binary classification task of baby cry. The performance vs.
cost tradeoff of the SS-SVM and several recently published
deep learning classifiers is summarized in Fig. 4. The plot
also illustrates the relative sizes of the parameter count for
the different classifiers. While the deep learning methods for
complex tasks are clearly superior in accuracy, this analysis is
useful for determining the cost of using such approaches over
smaller and lighter classifiers.
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Fig. 4. Comparison of classifiers on different environmental sound datasets.
Size of the circles represents the model parameter count. Numbers in brackets
are the citation references and the parameter count is labeled below. Operation
count is defined as a multiply-add operation and was calculated for a single
inference performed on the DCASE 2016 dataset for 30 s clips sampled at
16 kHz. The data points for the US8K dataset [13] were added as an indirect
comparison through the work in [8]. Comparison is drawn between systems
without resorting to data augmentation.

B. Speaker Identification

For the task of speaker identification we evaluated the
SS-SVM on the TIMIT dataset [16]. The SS-SVM slightly
outperforms the ConvNet approach in [17] at a fraction of
the model parameters and lies within 3% of the highest-
performing systems that employ GMM models with other

Reference Accuracy  Params (X1 06) Method
Reynolds [18] 99.5 0.95 MECC+GMM
Stadelman [19] 100

Lukic [17] 97 275.97 ConvNet

This work 97.2 1.08 SS+SVM

V. HARDWARE IMPLEMENTATION

To further increase the energy efficiency of audio classifier
systems, some of the feature extraction processing function-
ality can be implemented in the analog domain, close to the
source of the audio signal. This general idea has already been
investigated in prior research. The work in [2] presents a
6 nW front-end but limits the signals of interest to fixed tones
under 500 Hz and to limited dynamic range. Other work has
shown that analog filtering is efficient in performing frequency
analysis for the purpose of audio classification. The work in [3]
presents a 710 nW front-end and [20] demonstrates a 380 nW
front-end, but in both cases the filter banks are based on g,,,-C'
topologies, which suffer from limited configurability because
the filter bandwidths and center frequencies depend on both the
absolute and relative accuracy of capacitors and bias currents.
Additionally, in [3] the features must be learned on a chip-to-
chip basis by a training step, which is undesirable for mass-
produced devices.

We propose an approach that overcomes the above-
described limitations while being particularly suitable for the
extraction of summary statistics. The envisioned system is
described in Fig. 5. It follows a mixed-signal approach, where
the different sub-blocks are partitioned between analog and
digital implementations. Because the feature-set extraction can
be approximated using passive switched capacitor circuits, this
approach promises to be energy efficient while also offering a
simple means for frequency tuning via the system clock and
on-chip clock dividers.

The subband filter bank is composed of analog N-path filters
where their respective center frequencies can be set by their
switched capacitor clock rate and their bandwidths can be set
by an adjustable baseband resistor value as described in [21].
Following each filter, we employ a direct-conversion mixer
with a low-pass filter at baseband to extract the sub-band
envelope signals depicted in the block labeled “envelope” in
Fig 1. The resulting analog signal has a bandwidth of 200 Hz
and can therefore be sampled by an analog-to-digital converter
sampling at only 400 S/s. The remaining features can be
extracted digitally at significantly lower energies than if they
were extracted from the raw audio signal, which would be
traditionally digitized at 16 kS/s (medium quality audio sample
rate).



Filter bank

Sub-bands

Passive Low-pass Mixer

v

system power

Spueqg-pon

| Classifier algorithm to minimize

Fig. 5. Classifier system showing analog and digital signal chain partition
for energy-efficient signal processing. Simplified single-ended circuit imple-
mentations of the analog processing is shown as well.

These implementation choices change the original signal
processing reported in McDermott et al. [4]. The main dif-
ferences are twofold. First, the bandpass filter banks, which
were originally proposed as half-cosine orthogonal filter banks,
are implemented as N-path filters with equivalent 3-dB band-
widths. The differences in filter transfer function magnitudes
are illustrated in Fig. 6. Second, the envelope extraction
step, which was originally computed as the magnitude of the
analytic signal (i.e., Hilbert transform), is implemented as a
passive direct demodulation combined with a low-pass filter at
baseband. For simplicity, single-ended versions of these circuit
implementation choices are also illustrated in Fig 5. In actual
implementations, their differential counterparts would be used.

Using harmonic transfer matrix models [22] to approximate
the N-path filter transfer function and a simplified time-domain
model for the demodulation step, we evaluate the effectiveness
of the implementation to achieve comparable classification
performance. The resulting features are then passed to the
same SVM classifier used in the original system described
in Section II. From this simulation used on the task of baby
cry detection, there was a small degradation observed in the
ROC characteristics as shown in Fig 7.

The analog front-end shown in Fig 5 was designed in a
CMOS 130 nm process in order to simulate the models used
for the previous classification results at the transistor level.
The efficiency of our proposed architecture is illustrated by
the simulated power consumption summarized in Table III.
The analog power is spent on level shifters and on driving
their respective switches, while the digital power is separated
to show how much is used for clocking versus supporting
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Fig. 6. Comparison between perfect reconstruction half-cosine filter bank and
N-path implementation.
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Fig. 7. ROC curves for baby cry classification using ideal vs. implemented
feature extraction.

logic. We expect the actual power consumption of a full chip
to increase between 20-30% to account for long-distance clock
routing and other nonidealities. Our future work will evaluate
the performance and power consumption through measurement
of the fabricated chip.

VI. CONCLUSION

We have presented a quantitative analysis on a compact
audio classification model with test error that converges about
ten times faster than a deep learning model, while requir-
ing one to three orders of magnitude fewer parameters for
training. In some cases, the classifier accuracy is competitive
with deep learning techniques and other engineered feature
extraction, while consistently maintaining lower computation
count. We have further demonstrated potential benefits of
a CMOS mixed-signal circuit implementation to extract the
same features and observed that the imposed simplifications
do not significantly degrade the classification accuracy.

TABLE III
SIMULATED POWER CONSUMPTION OF ANALOG FRONT-END

Digital (nW)
Clocking  Logic
276 52 361 689

Analog nW)  Total (nW)
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