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ABSTRACT Speech emotion recognition (SER) has become a major area of investigation in human-
computer interaction. Conventionally, SER is formulated as a classification problem that follows a common
methodology: (i) extracting features from speech signals; and (ii) constructing an emotion classifier using
extracted features. With the advent of deep learning, however, the former stage is integrated into the latter.
That is to say, deep neural networks (DNNs), which are trained using log-Mel spectrograms (LMS) of audio
waveforms, extract discriminative features from LMS. A critical issue, and one that is often overlooked,
is that this procedure is done without relating the choice of LMS parameters to the performance of the
trained DNN classifiers. It is commonplace in SER studies that practitioners assume some ‘‘usual’’ values for
these parameters and devote major efforts to training and comparing various DNN architectures. In contrast
with this common approach, in this work we choose a single lightweight pre-trained architecture, namely,
SqueezeNet, and shift our main effort into tuning LMS parameters. Our empirical results using three
publicly available SER datasets show that: (i) parameters of LMS can considerably affect the performance of
DNNs; and (ii) by tuning LMS parameters, highly competitive classification performance can be achieved.
In particular, treating LMS parameters as hyperparameters and tuning them led to ∼ 23%, ∼ 10%, and
∼ 11% improvement in contrast with the use of ‘‘usual’’ values of LMS parameters in EmoDB, IEMOCAP,
and SAVEE datasets, respectively.

INDEX TERMS Log-Mel spectrogram, speech emotion recognition, SqueezeNet.

I. INTRODUCTION
Speech emotion recognition (SER) can be employed for
accurate decoding of a speaker’s physical and psycho-
logical conditions and, therefore, has the potential to
play an important role within human-computer inter-
faces [1], [2], [3], [4]. Empowered by algorithmic and
computational advances in recent years, deep neural net-
works (DNNs) have achieved breakthrough results in various
areas [5], [6], [7], [8], [9], [10], and found eminent appli-
cations in SER [11], [12], [13]. It is commonplace in SER
to train DNN classifiers with a log-Mel Spectrogram (LMS)
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generated from recorded audio signals. A critical issue,
and one that is often overlooked, is that to generate LMS,
one assumes some ‘‘usual’’ fixed values of LMS parame-
ters such as the number of Mel-filter banks, the window
and the hop length and then apply DNNs—for instance,
see [11], [12], [13], [14], [15], and [16] to cite just a few
articles.

From a machine learning perspective, LMS parameters
should be treated as hyperparameters and require proper
tuning. That being said, it may be argued that one can com-
putationally benefit by fixing values of these parameters and,
therefore, skipping hyperparameter tuning, if performances
of trained DNNs are only marginally changed by varying
these hyperparameters. However, whether these parameters
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have negligible or, on the contrary, a considerable impact on
the performance of DNN classifiers has been left unexplored
so far. This is problematic because a great deal of research
is focused on comparing various DNN architectures without
concern for the impact of these parameters on the DNN
performance.

In this paper, we are primarily concerned with the impact
of LMS parameters on the performance of DNN classifiers.
In this regard, and in contrast with earlier studies, we fix
our choice of DNN classifier and vary the parameters of
LMS. This practice allows us to focus our experiments on
tuning parameters of LMS. In terms of DNN classifier,
we use an architecture known as SqueezeNet [17]. In com-
parison with other pre-trained convolutional neural networks
(CNNs), SqueezeNet has far fewer parameters; for example,
compared to VGG16 [18], AlexNet [19], ResNet18 [20], and
Inception [21], it is a lighter architecture by a factor of 115,
50, 9, and 5, respectively. This is especially attractive when
considering deploying a DNN classifier on resource-limited
embedded devices used in SER.

The main contribution of this paper is twofold: (i) we show
that LMS parameters can considerably affect the performance
of DNNs; and (ii) we empirically demonstrate that by tuning
LMS parameters, highly competitive classification perfor-
mance can be achieved.

The organization of this paper is as follows. In Section II,
the literature review is presented. In Section III, the back-
ground material and the utilized model are introduced.
In Section IV, the experimental setup and results are given.
Sections V and VI provide the discussion and conclusion of
the paper, respectively.

II. LITERATURE REVIEW
Human-centered signal processing research has placed con-
siderable emphasis on SER, employing LMS-derived audio
features to create precise models for emotion recogni-
tion. While early approaches focused on more classical
machine learning-based approaches, a shift towards deep
neural network-based models is evident [11], [12], [13], [14],
[15], [16].

Meng et al. [11] proposed to combine a CNN with
attention-based bidirectional long short-term memory
(BiLSTM) for SER. LMS was computed using fixed parame-
ters such as 40 Mel-filter banks, a temporal window length of
25ms, and a hop length of 10ms over 3s long segmented audio
frames. This study extracted local features from LMS uti-
lizing the proposed CNN architecture, while attention-based
BiLSTM was used to learn long-term contextual dependen-
cies from the extracted features.

Chen et al. [12] proposed an attention-based convolutional
recurrent neural network (RNN) architecture and employed
similar LMS parameters as in [11]. The convolutional RNN
was used to extract high-level features from LMS, whereas
the attention layer was utilized to learn relevant feature
representations.

Jiang et al. [14] proposed a parallelized convolutional RNN
architecture for SER. LMS features were computed from
entire audio waveforms. Similar to other approaches also
here LMS was calculated with fixed parameters, namely 64
Mel-filter banks, a window length of 25ms, and a hop length
of 10ms. The proposed parallelized architecture was designed
to capture temporal-frequency correlations and simultane-
ously learn from variable length frame-level features.

Fan et al. [13] proposed the individual standardization
network (ISNet), which is based on a CNN and a multi-layer
perceptron. They standardize individual emotional represen-
tations using their CNN architecture aimed at improving the
performance of SER systems. To obtain the spectrogram from
raw audio signals, they used 128 Mel-filter banks with a
window length of 1024 and a hop length of 512.

Maji et al. [15] proposed a model based on a convolutional
‘‘capsule’’ network (Conv-CapNet), which they combined
with bidirectional gated recurrent units (BiGRU) to effi-
ciently extract discriminant emotional features from speech
signals with variable lengths. Also here LMS was computed
with fixed parameters: 64 Mel-filter banks, window and hop
lengths of 512.

Tang et al. [16] proposed a dilated CNN-based architecture.
This study aimed at constructing a model which learns long
temporal dependencies in speech utterances. They derived
LMSusing 40Mel-filter banks, a window length of 40ms, and
a hop length of 20ms over 3s long segmented audio frames.

The primary focus of the aforementioned studies was the
construction of a reasonable architecture to increase the accu-
racy of SER. Interestingly, all above-mentioned studies used
predefined values for LMS-specific parameters. In this paper,
we study the impact of parameters of LMS on performance
of DNNs for SER.

III. BACKGROUND
A. LOG-MEL SPECTROGRAM
One way to capture spectral information (i.e., spectrogram)
from an audio sample is to compute the Short Time Fourier
Transform (STFT). Given a recorded signal x[n] with length
T , Xa[k], which is the STFT coefficient for the k th frequency
bin and the ath time-frame, is calculated as [22]

Xa[k]
0≤k≤N−1

=

N−1∑
n=0

x[n] · w[n− aH ] · e−j2πkn/N , (1)

where w[n] is a window function with length L (e.g.,
Hamming window), H is the hop size, and N is the total
number of DFT points (frequency bins).

The obtained spectrogram is then log-transformed and
Mel scaled. The leverage of the Mel scale is inspired by its
relation to human sound perception [23]. Specifically, it is
often assumed that the Mel scale is linear up to 1000 Hz, and
logarithmic above. To convert the spectrogram intoMel scale,
the computed spectrogram passes through Mel-filter banks.
The result, which is known as the Mel spectrogram, groups
multiple STFT frequency bins into one Mel bin. In particular,
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LMSa[m], which is the log-Mel spectrogram coefficient for
the ath frame and the mth Mel-filter bank, is given by

LMSa[m]
0≤m≤M−1

= log

[
N−1∑
k=0

Hm[k] · |Xa[k]|2
]

, (2)

where Hm[k] is the k th coefficient for the mth filter bank [24],

Hm[k] =


k−f [m−1]

f [m]−f [m−1] f [m− 1] ≤ k ≤ f [m]
f [m+1]−k

f [m+1]−f [m] f [m] < k ≤ f [m+ 1]

0 otherwise

, (3)

f [m] is the Mel bin point given by [24],

f [m] =

⌊
N + 1
Fs

B−1

(
f lmel + m

f hmel − f lmel
M + 1

)⌋
, (4)

Fs is the sampling rate, M is the number of Mel-filter banks,
f hmel and f

l
mel are highest and lowest frequencies of the filter

banks in Mel, and B−1 is an operator that converts Mel into
Hertz [23], [24]:

B−1(f ) = (700 · (10fmel/2595 − 1)), (Hz) . (5)

B. SqueezeNet
In an effort to achieve a comparable level of performance as
in AlexNet but with a lighter architecture, Iandola et al. [17]
constructed an architecture, namely, SqueezeNet, that is
50 times lighter than AlexNet. In comparison with other
pre-trained architectures [18], [19], [20], [21], a lighter archi-
tecture not only leads to potentially faster inference, but can
also facilitate usage on memory-limited embedded devices.
Two types of SqueezeNet have been proposed: v1.0 and
v1.1. Here we use v1.1, which has slightly fewer parame-
ters in comparison with v1.0. SqueezeNet v1.1 consists of
eight ‘‘Fire’’ modules that are built based on the following
strategies [17]: (i) replacing 3 × 3 kernels with 1 × 1, hence
reducing the number of parameters by a factor of 9 for each
convolutional filter; and (ii) ‘‘squeezing’’ the number of input
channels using a 1×1 kernel. As shown in Fig. 1, each ‘‘Fire’’
module has one ‘‘squeeze’’ convolutional layer with S filters
of size 1 × 1, followed by two ‘‘expand’’ layers with E1 and
E2 filters of size 1×1 and 3×3, respectively. The illustration
of the utilized model is presented in Fig. 2.

IV. EXPERIMENTAL SETUP AND RESULTS
A. DATASETS
For experiments, we utilized three publicly available datasets,
namely, EmoDB [25], IEMOCAP [26], and SAVEE [27]. The
EmoDB dataset consists of 535 German utterances from ten
actors (5 female and 5 male participants) and includes seven
emotional classes: anger, anxiety, boredom, disgust, happi-
ness, neutral, and sadness. In experiments for the IEMOCAP
dataset, 2280 improvised English utterances for four emo-
tional classes were employed: anger, happiness, neutral, and
sadness. In this regard, and similar to [28] and [29], sam-
ples from happiness and excitement classes in the original

FIGURE 1. A ‘‘Fire’’ module used in SqueezeNet [17]. S is the number of
1 × 1 filters in a ‘‘squeeze’’ convolutional layer; E1 and E2 are the number
of 1 × 1 and 3 × 3 filters in the ‘‘expand’’ layers, respectively; and C , H ,
and W are the number of channels, height, and weight of the input,
respectively.

TABLE 1. Class-specific sample size.

dataset were merged into one class, namely, happiness. The
recording was conducted in five dyadic sessions with one
male and one female per session, thus ten actors in total. The
SAVEE dataset has 480 acted English utterances recorded
from 4 male actors and consists of seven emotional classes:
anger, fear, disgust, happiness, neutral, sadness, and sur-
prise. The utterances are taken from the standard TIMIT
corpus [30]. For all three datasets, a 16 kHz sampling rate was
used. Table 1 shows the number of data points across classes
for each dataset.

B. EXPERIMENTAL SETUP
For each dataset, data was pooled (recorded waveforms) from
all subjects and randomly split into two sets with a splitting
ratio of 80:20%. The smaller subset was used as a test set
and the larger subset was subsequently split into training
and validation sets with the same splitting ratio. Splits were
performed in a stratified manner to preserve the proportion
of classes of the full dataset across training, validation, and
test sets. In order to average out the effect of split-specific
biases on results and subsequent conclusions, the process
of randomly splitting the data into training, validation, and
test sets was repeated K = 10 times in order to obtain
average classification performance estimates — a procedure
to which we refer as shuffle and split. In each repetition
of shuffle and split, the training set is used for training the
SqueezeNet architecture and the validation set is used for
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FIGURE 2. Architecture of SqueezeNet v1.1. In the figure, GAP and C indicate Global Average Pooling and a the number of classes,
respectively. Every max pooling and convolutional layer has stride of 2.

model selection; that is, for tuning LMS-related hyperparam-
eters (see Section IV-C). Finally, in each repetition, all models
that resulted from themodel selection stagewere evaluated on
the test set.We excluded the effect of learning themodel train-
ing hyperparameters by fixing the Adam optimizer with a
learning rate of 0.0001, a batch size of 16, a cross-entropy loss
function, and 150 epochs. All experiments were conducted
on a Windows 10 workstation with an Intel(R) Xeon(R)
W-2145, (3.7 GHz) processor, 64 GB of RAM, and Nvidia
TITAN RTX GPU (RAM = 24 GB, CUDA Cores: 4608).
The entire workflow was implemented in PyTorch (version
1.9.1) with CUDA library version 11.1 and cuDNN library
version 8.0. The source code for reproducing our experiments
is available on Github.1

C. MODEL SELECTION AND EVALUATION
Let 2 denote the space of LMS-related hyperparameters,
which is determined based on the following parameters
that were defined in Section III-A: (i) M , which is the
number of Mel-filter banks; (ii) L, is the window length;
(iii) the hop size H ; and (iv) the audio segmentation length
T . Candidate sets of these parameters that are used to spec-
ify 2, which are subsequently used in the hyperparameter
tuning, are presented in Table 2. Due to shorter maximum
duration of recordings in the SAVEE dataset compared
with the other two datasets (7 seconds for SAVEE, 9 and
29 seconds for EmoDB and IEMOCAP, respectively), the
possible values of segmentation length for the SAVEE dataset
was chosen differently. For the sake of comparison, we also
added the ‘‘usual’’ values of LMS parameters, denoted θ•,
as deployed in [11] and [12] to 2; that is θ• ≜ {L =

400 (25ms × 16, 000 Hz sampling rate),H = 160 (10ms ×

16, 000 Hz sampling rate),M = 40,T = 3s}. The choice of
hyperparameters indicated in Table 2 sets the cardinality of
2 for each dataset to 17 (M ) × 3 (L) × 2 (H ) × 5 (T ) + 1
(due to θ•) = 511. We performed hyperparameter tuning by

1https://github.com/Azamat-Mukhamediya/SER-LMS-SqueezeNet

TABLE 2. The hyperparameter space 2.

conducting a brute-force search within the specified 2. The
metric of model selection performance was weighted accu-
racy (WA) (also known as weighted average recall), defined
as

WA =

∑c
i=1 NTPi∑c
i=1 Ni

, (6)

where c is the number of emotion classes, and Ni and NTPi
denote the total number of evaluated instances and the num-
ber of correctly classified instances for class i, respectively.
Let S = {(xj, yj)}, j = 1, . . . , n denote a dataset with

size n, where xj ∈ Rp is a p-dimensional feature vector
and yj is the corresponding class label. In each repetition
r = 1, . . . ,K of shuffle and split, we randomly split the
dataset into training, validation, and test sets, denoted S trr ,
Svalr , S ter , respectively, such that S = S trr ∪ Svalr ∪ S ter . Let
Mθ (D) denote a model built by applying a learning algorithm
using a fixed set of hyperparemeters θ on data D. During the
hyperparameter tuning for repetition r , we construct Mθ (S trr )
for each θ ∈ 2, and evaluate the performance of the model
on Svalr to obtain WAθ

r [31].
Let θ∗

r and θ◦
r , r = 1, . . . ,K , denote the values of the LMS

hyperparameters that led to the highest WA (denoted WA∗
r )

and lowest WA (denoted WA◦
r ) over (repetition-specific)

validation set in the r th repetition of shuffle and split, respec-
tively; that is to say,

θ∗
r = argmax

θ∈2

WAθ
r , (7)
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FIGURE 3. Averaged confusion matrices across all repetition-specific test
sets predictions for (a) EmoDB, (b) IEMOCAP, and (c) SAVEE datasets.
To create the confusion matrices for each dataset and θ∗

r , all
repetition-specific confusion matrices were averaged and rounded to a
near integer.

θ◦
r = argmin

θ∈2

WAθ
r , (8)

WA∗
r

1
= WAθ∗

r
r , (9)

WA◦
r

1
= WAθ◦

r
r . (10)

Based on the common ‘‘winner-takes-all’’ model selec-
tion strategy, we select the SqueezeNet trained on the
repetition-specific training data using θ∗

r for further use. As a
result, the selected SqueezeNet was subsequently evaluated
on the repetition-specific test set. Table 3 shows the average

TABLE 3. Data-specific highest and lowest WA averaged over validation
sets used in K = 10 repetitions of shuffle and split. Each entry is in the
form of average ± standard deviation in percentage.

(over repetition-specific validation sets) highest and lowest
WA for each dataset; that is, W̄A

∗
≜ 1

K

∑K
r=1WA∗

r and
W̄A

◦
≜ 1

K

∑K
r=1WA◦

r .
Two key observations are apparent from Table 3. First,

the performance of SqueezeNet greatly depends on LMS
hyperparameters. Although specific results depend on the
dataset, in our experiments we see that by changing values
of LMS hyperparameters the average classification perfor-
mance of SqueezeNet changes in a wide range from ∼ 8%
(for the IEMOCAP dataset) to ∼ 26% (for the SAVEE
dataset). A second key observation is that the use of θ•

led to a relatively poor performance of SqueezeNet across
all datasets. In particular, we see that for the all datasets,
W̄A

•
, which denotes the average WA obtained by θ• over

repetition-specific validation sets, is closer to W̄A
◦
than W̄A

∗
.

Let W̄A
∗

test and W̄A
•

test show dataset-specific average
WA over repetition-specific test sets for the SqueezeNet
trained using θ∗

r and θ•
r , respectively. Table 4 shows W̄A

∗

test
and W̄A

•

test for each dataset. The remarkable difference
between W̄A

∗

test and W̄A
•

test shows that proper tuning of
LMS hyperparameters can lead to substantial performance
improvements of SqueezeNet with respect to deploying the
usual parameters. Fig. 3 shows the averaged (rounded to a
near integer) confusion matrices across all repetition-specific
test sets using θ∗

r for each dataset. We also present the
weighted average (over classes) precision and weighted aver-
age f1-score [32] metrics, defined as follows, averaged over
all repetition-specific test sets using θ∗

r (see Table 5):

precision =

∑c
i=1

NTPi
NTPi+NFPi

· Ni∑c
i=1 Ni

, (11)

f1-score =

∑c
i=1

2NTPi
2NTPi+NFPi+NFNi

· Ni∑c
i=1 Ni

, (12)

where NFPi is the number of incorrectly classified instances
(the predicted instance is class i, but the true instance is
different class), NFNi is the number of incorrectly classified
instances (the predicted instance is different class, but the true
instance is class i).

V. DISCUSSION
In this study, we are primarily concerned with the impact of
LMS-related parameters on the performance of DNN classi-
fiers. This focus is warranted because many studies overlook
the impact of these parameters on the performance of DNN
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TABLE 4. Data-specific WA averaged over test sets used in
K = 10 repetitions of shuffle and split. Each entry is in the form of
average ± standard deviation in percentage.

TABLE 5. Data-specific weighted average precision and weighted average
f1-score averaged over test sets used in K = 10 repetitions of shuffle and
split. Each entry is in the form of average ± standard deviation.

classifiers (see Introduction). Using SqueezeNet as archety-
pal, our results obtained in Section IV show that: 1) LMS
hyperparameters can considerably affect the performance of
DNN classifiers used in SER; and 2) the values of LMS
hyperparameters that are commonly used in the literature
lead to relatively poor performance of DNN classifiers. The
former point can be observed in the results of Table 3, which
shows that varying values of LMS hyperparameters can con-
siderably change the average WA of the SqueezeNet. The
latter point is evident in the results of Table 4 where it can
be seen that in contrast with the use of ‘‘usual’’ values of
LMS parameters, treating them as hyperparameters and tun-
ing them led to a ∼ 23%, ∼ 10%, and ∼ 11% improvement
in average WA in EmoDB, IEMOCAP, and SAVEE datasets,
respectively.

Fig. 4 shows the heat maps of the dataset-specific aver-
age (over repetition-specific validation sets) WA across all
combinations of LMS hyperparameters. To create the heat
maps, we divided the four LMS hyperparameters into two
tuples: (T ,L) combinations on the horizontal axis (x-axis),
and (M ,H ) on the vertical axis (y-axis). At the same time,
we applied hierarchical clustering on both axes to better
group data points in each heat map. Using heat maps one
can visualize the considerable impact of LMS parameters
on the performance of SqueezeNet. Said that, an interesting
observation in the heat maps is the transition of the results
across the y-axis for the EmoDB dataset, and across the x-axis
for the remaining two datasets. In particular, in Fig. 4 (a)
we observe that a higher average WA is generally achieved
for lower values of M regardless of other parameters; that
is, for M ∈ {128, 136, 144, 152}. In contrast, for the other
two datasets, a better average WA is generally achieved for
lower range of T and higher values of L. These interesting
observations further confirm that acceptable LMS parameters
depend on the specific dataset—and that is when hyperpa-
rameter tuning is required.

A question that remains is how our results, obtained by
taking a single SqueezeNet architecture with LMS hyper-
parameter tuning, compare to other classification results
obtained using other, more advanced types of DNNs reported
in the literature for these datasets. To answer this question,

FIGURE 4. Heat maps of average (over repetition-specific validation sets)
WA across all combinations of LMS hyperparameters for (a) EmoDB,
(b) IEMOCAP, and (c) SAVEE datasets. To create the heat maps, the four
LMS hyperparameters were divided into two tuples: (T , L) combinations
on the horizontal axis, and (M, H) on the vertical axis.

we summarize state-of-the-art results obtained in several
other studies in Table 6. For ease of comparison, our results,
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TABLE 6. Comparison with state-of-art results on test set.

which were reported in the first row of Table 4, have been
added to this table. As can be seen, our results are comparable
to other studies across all three datasets.

VI. CONCLUSION
A salient issue and one not explicitly stated in DNN-based
speech emotion recognition is whether LMS parameters
(number of Mel-filter banks, hop size, and window and seg-
mentation lengths) have a major impact on the performance
of trained classifiers. In contrast with many other studies in
SER that concentrate on constructing new DNN architectures
that are superior to existing ones, in this study we fix our
choice of DNN classifier by adopting a lightweight archi-
tecture among other pre-trained CNNs, namely, SqueezeNet,
and instead treat LMS parameters as the classifier hyper-
parameters that require tuning. Our empirical results on
three publicly available datasets show that: 1) LMS hyper-
parameters can considerably affect the performance of DNN
classifiers used in SER; and 2) compared with the utility of
some common values of LMS parameters that are found in
literature, one can achieve a major improvement in classi-
fication performance if instead these parameters are treated
as the classifier hyperparameters and tuned in a model selec-
tion phase. We further showed that in our experiments this
practice led to comparable results with state-of-the-art DNN
architectures used on similar datasets. An interesting research
issue for the future is to examine whether jointly tuning of
the LMS and DNN architecture parameters can lead to a
considerable improvement in classification performance over
existing results.
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