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Abstract
Non-speech acoustic events are significantly different between
them, and usually require access to detail rich features. That is
why directly modeling a real spectrogram can provide a signifi-
cant advantage, instead of using predefined features that usually
compress and downsample detail as typically done in speech
recognition. This paper focuses on the importance of feature
extraction for deep learning based acoustic event detection, and
more specifically on exploiting local spectro-temporal features
of sounds. We do this in two ways: (1) outside the model, using
multiple resolution spectrogram simultaneously based on the
fact that there is a time-frequency detail trade-off that depends
on the resolution with which a spectrogram is computed (e.g.
‘steps’ would require a finer time resolution, while sounds that
span many frequencies require finer frequency detail); and (2),
with a model that implicitly exploits locality, convolutional neu-
ral networks, which are a state-of-the-art 2D feature extraction
model. An experimental evaluation shows that the presented
approaches outperform state-of-the-art deep learning baseline
with a noticeable gain in the CNN case, and provides insights
regarding CNN-based spectrogram characterization.
Index Terms: acoustic event detection, spectro-temporal local-
ity, multi-resolution, convolutional neural networks

1. Introduction
In conversation scene understanding, research typically tends to
concentrate on automatic speech recognition (ASR) as it is con-
sidered the most informative component of the acoustic scene.
That being so, non-speech acoustic signals provide cues that
make us aware of the environment, and we use that information
to achieve a complete understanding of each and every situation
we face. Typically, we actively or passively neglect mention-
ing certain concepts that can be inferred from our location, the
actions we are performing, or things that are happening around
us. For instance, if we are watching a sports game, most of our
spontaneous speech utterances are very likely to be related to
sports, and ASR could benefit from having such topic knowl-
edge in advance [1]. By hearing a door opening we usually
assume that somebody has left or entered the room. Having ac-
cess to such information in an automated manner can enhance
the performance of ASR, diarization, or source separation tech-
nologies [2]. Acoustic event detection (AED) deals with de-
tecting and classifying non-speech acoustic signals and the goal
is to convert a continuous acoustic signal into a sequence of
event labels with associated start and end times. Applications
range from rich transcription in speech communication [3, 4]
and scene understanding [5, 6], to providing a source of infor-
mation for speech enhancement and ASR.

We have already seen the potential of directly modeling a
real spectrogram to achieve robust AED [7, 8], thus provid-
ing the classifier with high-resolution observations. This con-
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Figure 1: Magnified log power spectrogram regions for ‘steps’
and ‘phone ring’ for high-time resolution (10 ms frame length),
and high frequency resolution (90 ms).

trasts with traditional approaches in which the classifier receives
predefined acoustic features (e.g. MFCC, or Mel-filter banks)
[9, 10]. These usually compress and neglect details that we
might need. In this way, as in many sparse-analysis based blind
source separation applications [11, 12], the real spectrogram
is much sparser, and provides greater detail in time-frequency
space. In this way, our work in [8] successfully applies deep
learning to that acoustic event detection based on spectrogram
patches. Here, a spectrogram patch is considered as a group
of consecutive spectrum frames which contain enough detail to
model complex temporal and spectral structures.

In [8], spectrogram patches are modeled using deep neu-
ral networks (DNN) [13], which are feed-forward networks
with multiple fully-connected hidden layers that have been pre-
trained using restricted Boltzmann machines (RBM) [14]. The
input layer is pre-trained as a Gaussian-binary RBM (i.e. Gaus-
sian visible units and binary hidden units), and the following
hidden layers are pre-trained as a binary-binary RBM. Finally,
the model is fine-tuned using the back-propagation algorithm to
estimate HMM state posteriors as is typically in many speech
recognition studies. Having a fully-connected input layer means
that each of the hidden nodes in this first layer learn represen-
tations of entire spectrogram patches. We call this “global”
characterization of the spectrogram in this paper. While this
shows to perform well, information that shows up when look-
ing closely to the spectrogram (e.g. how stationary or transient
a sound is) is dismissed. We refer to this as “local” character-
ization of the spectrogram, and explore two feature extraction
strategies within the deep learning paradigm that consider it.
First, we look at an approach that considers “local” character-
istics outside the model, and that uses multiple resolution spec-
trograms simultaneously to obtain several output labels streams
that are then merged. And second, we consider an approach that
implicitly exploits “locality” in the model, convolutional neural
networks (CNN) [15], which is a state-of-the-art 2D feature ex-
traction model in deep learning.

2. Exploiting spectro-temporal locality
As we mentioned above, spectrogram-input DNNs learn fea-
tures that “globally” describe the spectrogram patches. This
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Figure 2: Two deep learning based approaches to AED that exploit spectro-temporal locality: explicitlyby combining multiple recogni-
tion streams from different spectro-temporal resolutions (a), and implicitly using CNNs which implicitly exploit locality in the input.

makes sense since spectral shapes contained in acoustic events
are less variable than speech, for instance. The hidden nodes in
the first layer are fully connected to the input, and therefore they
model entire spectrogram patch shapes. Whenever these shapes
appear in an input patch certain hidden nodes are or are not acti-
vated, and this is propagated through the neural network until it
reaches the output layer. This completely ignores local spectro-
temporal properties of sounds such as characterizing sounds as
being rather stationary, transient, and so on. While these local
properties are not necessarily meaningful in all cases, we can as-
sume they contribute to a better recognition of acoustic events.
We approach our goal of exploiting spectro-temporal locality in
two ways: outside the model, by providing the model with aug-
mented input in the form of multiple spectrograms for different
resolutions of the same sound samples; and inside the model,
with a model that exploits spectro-temporal locality implicitly.

Given the differences between acoustic events in terms of
time and frequency resolution, we can assume that spectrogram-
input AED systems are dependent on the resolution with which
the spectrogram was computed. Fig. 1 shows a magnified spec-
trogram region of two acoustic events, ‘steps’ and a ‘phone ring-
ing’, with high time resolution (top), and high frequency resolu-
tion (bottom). Observing the high time resolution spectrogram
(Fig. 1 a and b) one is capable of recognizing without major
efforts onsets, transient sounds, and low energy signals. This
is not the case with high frequency resolution (Fig. 1 b and c)
but we have more detailed access in the frequency axis. This
trade-off between time and frequency resolution arises from the
fact that the frame length influences the shape of time-frequency
bins in a spectrogram, and this shape influences the amount of
detail on each axis at the local scale. Section 3 describes a sim-
ple approach that looks at different spectrogram resolutions of
the same input in parallel to obtain a combined output.

Section 4 describes how we incorporate the use of CNNs,
which we have already seen used in acoustic signal processing
applications [16, 17, 18], in addition to computer vision. CNNs
provide the means to extract local features from the spectro-
gram itself. What makes CNNs a perfect candidate is the way
in which the convolution of relatively small-sized filters over a
spectrogram patch is able to learn the local feature maps (con-
volution is only done with adjacent bins in time and frequency,
i.e. local). CNNs are closely related to the concept of feature
extraction, and model not just the input as a whole, but also
independent local features in an integrative manner. The entire
model is then globally built by jointly training the convolutional
and DNN architectures as a whole using back-propagation (see
Fig. 2.b). CNNs provide an excellent way of learning convo-
lution filters that extract salient local filters from 2D inputs.
While, in images, these account for figure corners, edges, and so

on, such filters are also meaningful when the inputs are spectro-
gram patches. Finding local features that highlight continuity in
time, continuity in frequency, or other more sophisticated local
patterns, allows the model to unfold a single spectrogram into
many local feature maps and classify them.

3. Combining multiple spectral resolution
A set of single resolution acoustic event classifiers whose par-
allel output is then combined using rules that have been pre-
viously learned using a development dataset. Single resolu-
tion classifiers {S10, · · ·Sr · · ·SR} are trained separately for
the same AED task and the same output labels each for a differ-
ent spectral resolution r (e.g. r = 10 ms frame length) [8]. The
combination scheme is learned using a development dataset, ob-
taining label sets Er for each of the single-resolution classifiers
Sr , which contain the set of event labels that perform best for
each resolution r. For instance, if the event “door knock” re-
turned its best frame-score using S40 (40 ms frame length spec-
trogram input classifier) then the labels “door knock” will be
contained in E40. Recognition proceeds as follows:

1. Compute log power spectrograms for each resolution.
2. Single resolution DNN classifiers Sr receive corre-

sponding input and then output a sequence of labels.
3. These output sequences of labels are then filtered using

their corresponding optimal sets of labels Er . E.g. if the
output sequence for S10 contains “steps” and “phone”,
but “phone” is not in E10, then the output after filtering
will replace “phone” with “silence” labels.

4. Finally, for each frame, labels are merged resulting in
frames that can contain multiple events as in real life.
E.g. After filtering, if for a given frame we have multiple
“silence” labels, and a “door knock”, the output will be
“door knock”; but if we have multiple “silence” labels,
a “door knock” and an “applause”, the final output will
contain the last two.

Fig. 2.a is a diagram describing this architecture. This is a rather
simple approach, but we could draw conclusions from it.

4. Spectrogram patch input CNN model
CNNs exploit time-frequency local correlation by enforcing lo-
cal connectivity patterns between neurons of adjacent layers.
The input hidden units to the DNN part of the model (Ck, and
Mk after pooling) are connected to a locally limited subset of
units in the input spectrogram patch, which are contiguous in
time and frequency. Each sparse filter F k is additionally repli-
cated across the entire input patch forming a feature map, which
shares the same parametrization (i.e.weights and bias).
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Figure 3: Averaged frame-score errors by setup parameter as described in subsection 5.1: spectrogram patch length, number of
convolutional filters to be trained, max-pooling scheme, and filter shape.

Convolved patches Ck are obtained by convolving a given
spectrogram patch input xt with a linear filter F k of shape S ×
S, adding a bias term bk, and applying a non-linear activation,

Ck
ij = tanh

(
S∑

m=1

S∑

n=1

(
F k
mnx

t

(i+m−bS2 c),(j+n−bS2 c)
)
+ bk

)

(1)
Then we apply max-pooling according to a pooling scheme of
shape P1 × P2 that we chose to obtain the feature map Mk,

Mk
ij = max

(
Ck

(iP1:(i+1)P1),(jP2:(j+1)P2)

)
(2)

where P1 and P2 refer to pooling along frequency and time, re-
spectively (e.g. a 1x1 pooling scheme is equivalent to no pool-
ing). The pooling stage has no parameters, and therefore there is
no learning either. Replicating the convolution units this way al-
lows features to be detected regardless of their position in time
or frequency. This directly relates to the fact that we are not
learning event-dependent features, but rather useful local filters
that reveal more independent aspects of sounds.

The rest of the CNN architecture consists of fully connected
layers of hidden nodes (i.e. a vector of activation nodes hl)
with sigmoid activations as in regular deep neural networks. For
the first hidden layer h1, the input layer h0 will be a flattened
concatenation of all the feature maps {M1 · · ·MK}.

5. Experiments and results
AED experiments were performed as part of the acoustic event
recognition task in CHIL2007 [3], a database of seminar record-
ings in which 12 non-speech event classes appear besides
speech: applause (ap), spoon/cup jingle (cl), chair moving (cm),
cough (co), door slam (ds), key jingle (kj), door knock (kn),
keyboard typing (kt), laugh (la), phone ring (pr), paper wrap-
ping (pw), and steps (st). For CNN, a log power spectrogram
was computed using 10 ms frames with a 10 ms shift, while for
multi-resolution DNN the frame lengths ranged between 10 ms
and 60 ms with a 10 ms shift. All models and experiments were
implemented using the Theano library [19].

Both DNN and CNN models are trained to estimate HMM
posterior states, similarly to how it is done in ASR. The HMM
topology consists of one state per acoustic event, and an ergodic
architecture in which all states have a self transition and then
equal transitions to all other states. This results in a model sim-
ilar to a GMM-HMM but where the GMM is replaced with a
neural network. Then the final sequence of events is obtained
by applying Viterbi decoding (see [8] for further details).

5.1. Setup parameters
We considered two parameters for the approach combining mul-
tiple spectrogram resolutions:

• Frame length (resolution): 10, 20, 30, 40, 50, and 60 ms,
with 129, 257, 257, 513, 513, 513 bins respectively.

• Spectrogram patch length: 10, 20, and 30 frames.
CNNs add more hyper-parameters to the typical DNN

model, and therefore, we have designed a broad set of exper-
iments to learn how these parameters affect the performance
with the following settings:

• Spectrogram patch length: 10, 20, and 30 frames.
• Filter shape (S×S): 5x5 and 9x9 filter (bins x frames).
• Number of filters (K): 10, 20, and 40 filters.
• Pooling (P1 × P2): 1x1 (no pooling), 2x1 (frequency

pooling), 1x2 (time pooling), and 2x2 (both axes).
CNN models have one convolutional layer and two hidden

fully connected layers with 512 nodes each, while the DNN-
only models have a first hidden layer with 1024 nodes to deal
with the input and two hidden layers with 512 hidden nodes
each. Note that for the multi-resolution approach, a single frame
can contain multiple labels. In this case, for any given frame, if
the labels contained in the recognizer output completely match
those in the ground truth, the frame will be considered correct;
any other case will cause the frame to be considered incorrect.

5.2. Multi-resolution DNN Results
Looking at event-wise results with the best performing spec-
trogram patch length (20 frames) as shown in Table 1, the first
conclusion is that the best performing resolution overall is not
the best resolution for each and every acoustic event class sep-
arately. In general, and consistent with previous assumptions,
certain low energy events such as ‘keyboard typing’ are better
tracked with short frame resolutions, whereas long frames per-
form better for a ‘door slam’ (50 ms). This also occurs with ‘ap-
plause’ (40 ms), with a very similar structure in the frequency
domain. On the other hand, with events such as ‘chair move,’
switching the frame length seems to have almost no effect on
performance. The performance of other sounds such as ‘laugh’
varies with no strong trend.

Table 2 shows two metrics: frame classification error, as in
Fig. 3; and AED-accuracy which is the event-wise f-measure
between precision and recall. Here, the overall results here con-
firmed that even a simple combination approach provided a sig-
nificant error reduction over the best performing single resolu-
tion. Thus, pointing out the relevance of spectral resolution.

5.3. CNN model results
The CNN results are shown in Fig. 3, and further summarized
for ease of comparison in Table 2. At first sight, the first con-
clusion is that we are able to obtain better performance than
with any DNN-only model (Table 2). The best performance
was obtained with the the longest spectrogram patch configura-
tion (Fig. 3.a). In terms of filter shapes, filters covering smaller
regions provide better performance on average (Fig. 3.d) but the
actual best score came from a wide filter size (Table 2). As for
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Table 1: Resolution-event results (frame-score error %) for the
best performing DNN spectrogram patch size (20 fr./patch).

AE Frame length (resolution)
10ms 20ms 30ms 40ms 50ms 60ms

ap 23.60% 34.40% 33.77% 17.33% 30.09% 27.14%
cl 28.15% 15.95% 31.82% 37.73% 37.59% 29.35%
cm 62.40% 64.28% 66.24% 69.01% 55.99% 76.37%
co 63.02% 72.17% 72.50% 82.90% 78.41% 70.02%
ds 70.29% 83.08% 81.24% 88.37% 61.25% 78.33%
kj 87.10% 88.53% 85.36% 87.29% 82.88% 86.33%
kn 50.33% 72.91% 62.96% 33.10% 55.42% 76.44%
kt 61.62% 72.02% 73.01% 72.70% 67.38% 71.48%
la 86.32% 87.85% 87.51% 89.21% 89.09% 88.51%
pr 46.41% 44.01% 48.64% 39.74% 44.56% 47.17%
pw 17.65% 17.71% 12.71% 7.97% 17.40% 11.84%
st 45.14% 52.84% 48.16% 53.56% 36.72% 51.61%
all 30.19% 32.82% 32.65% 31.90% 31.66% 32.65%

Table 2: AED evaluation results with the ‘test’ set.
System Frame-error AED-acc
Best single resolution DNN model [8]
20 frames/patch, 10ms frames 30.19% 54.82%

Multi-resolution DNN models
10 frames patch 28.19% 56.95%
20 frames patch 27.45% 57.03%
30 frames patch 29.84% 54.01%

Best performing CNN models
No pooling, 9x9 filter (40), 30 frames patch 23.58% 61.38%
1x2 pooling, 9x9 filter (20), 30 frames patch 24.79% 60.85%
1x2 pooling, 5x5 filter (20), 30 frames patch 24.89% 60.85%

pooling, the general conclusion is that the effects are different
for pooling along frequency and pooling along time (Fig. 3.c),
but none truly contributes to improve performance.

6. Discussion
The main clear result was that CNNs outperformed multi-
resolution DNNs. This is a largely expected result since CNNs
feature a richer ensemble of feature extraction configurations,
and more opportunities for learning among the hidden layers.
CNNs assume there is an order in the input, as opposed to the
fully connected layers in DNN, in which the location of the
data in the input is irrelevant. This makes a difference as re-
gards image recognition and, as we have learned here, it also
makes a difference in spectrogram-based AED. The next major
observation is that a combination of multiple feature extraction
procedures provides better results than the single best feature
extraction procedure. This, of course, is relatively unsurprising,
as a combination of classifiers (or feature extractors) is always
best if the information provided by each one is complementary.

Conceptually, both approaches operate in different direc-
tions. Multi-resolution analysis assumes that salient local
features arise from observing the spectrum at different time-
frequency resolutions. The CNN model exploits smaller salient
structures that appear in the spectrogram, and describes more
general properties (e.g. continuity in time or frequency, fluctu-
ating patterns). The two analyses are not exclusive, but rather
complementary, and should be investigated in the future.

6.1. CNN parameters
Although it is hard to draw strong conclusions with respect to
pooling, the experiments reveal that there is no gain in pool-
ing. Pooling along frequency degrades the performance sig-
nificantly, while pooling in time does not seem to have either
positive or negative effects. Experiments with larger datasets
might reveal a trend in this matter in the future, but we have
not yet seen a gain. We argue that while max pooling makes
sense when downsampling images, this is not so straight for-
ward for downsampling of acoustic spectrograms. In the future
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more appropriate downsampling strategies similar to filter-bank
or MFCC-like functions might provide better results, and this is
a direction worth exploring since CNN-based image recognition
benefits from the inclusion a pooling stage.

As for the CNN filters, looking at the feature maps after
convolution and pooling (Fig. 4) reveals some interesting in-
sights about what these filters are learning. For instance, map
M40 shows how F40 focuses on short time components, and M1

and M25 focus on more stationary and harmonic components.
Interestingly enough, M2 shows that F2 has learned a filter that
highlights components that fluctuate in time and frequency.

Comparing the performance obtained using different num-
bers of filters (Fig. 3.b) we can intuitively reach the conclusion
that the more parameters we have, the more local features we
can learn, therefore more filters (40) usually means better per-
formance. That being said, we can already achieve fairly good
performances with 10 filters without pooling. A careful obser-
vation of the filters after training reveals that as we increase the
number of parameters (number of filters) some of these filters
seem to receive less training and remain largely random. This
might also be in part due to the small amount of data.

6.2. Other aspects
It should be noted that the CNN models in this work have not
been pre-trained in contrast to the unsupervised pre-training
step in DNN-only models, resulting in lower computational
costs. Furthermore, the addition of many more parameters to
train in the convolutional layer usually means additional com-
putational training cost, however, local convolution weights and
biases are shared for each of the filters, and this considerably re-
duces the number of parameters that we must train.

7. Conclusions
This paper considered the importance of exploiting spectro-
temporal locality in feature extraction for acoustic event de-
tection using deep learning models. We accomplished this by
exploring two paths: multi-resolution spectrogram patch input
DNN models, and CNN feature extraction of time-frequency
local maps. Both approaches outperform the single-resolution
baseline, with a noticeable gain in the CNN case. However, we
consider that both approaches are complementary since they fo-
cus on different aspects of local characterization. In the future
we intend to explore a combination of these two approaches,
attempt to understand how CNN parameters interact with the
performance, and consider layer-wise pre-training for the CNN.
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