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Abstract

Research in speech emotion recognition often involves features
that are extracted in lab settings or scenarios where speech qual-
ity is high. However, a great deal of communication occurs
through speech codecs, which alters the speech signal and fea-
tures extracted from it. The purpose of this study is to report
on the performance degradation in emotion recognition systems
when speech is passed through a codec and to provide insight
on features that are affected in relation to their relevance in
emotion classification. Using two emotional databases and the
AMR-WB+ codec, features that are the most and least signifi-
cantly affected by the codec are investigated and classifier per-
formances are compared among them in multiple experiments.
The results show that clean-trained classifiers drop significantly
in accuracy on codec speech, and vice versa for codec-trained
classifiers on clean speech in a full feature set task. However,
using an intersection feature set between two databases that is
resilient to the codec process can provide comparable perfor-
mance for clean and codec-trained classifiers on either type of
speech. The results suggest that these sets of features seem to
capture more relevant information about emotion classes, since
the perception of emotion should not be altered by a codec.

Index Terms: emotion recognition, computational paralinguis-
tics, speech codec, adaptive multi-rate wideband plus codec

1. Introduction

Many applications of emotion recognition have been proposed
and investigated, such as in human and robotic interaction[1,
2, 3], media retrieval [4], health monitoring for depression [5],
and call centers [6]. Much research in speech emotion recog-
nition involves models designed to work on speech features ex-
tracted in lab settings that ensure the speech signal is preserved
as closely as possible. However, a great deal of communica-
tion occurs that requires speech to pass through a codec such
as in cell phones, teleconferencing, and voice over IP; this is
only expected to grow each year, especially as mobile data de-
mands increase [7]. The Extended Adaptive Multi-Rate Wide-
band (AMR-WB+) codec is one of the latest types explored
here; it is designed for applications in content streaming, down-
load services, and others and is an extension of the AMR-WB
mode, which has already seen adoption by telecom companies
[8, 9]. While monitoring emotion in speech covered through
these media is necessary for building real-world emotion recog-
nition models, there is little research addressing performance
loss in codec speech directly. The work in this paper represents
preliminary results for a larger study to investigate the impact of
codecs on emotion classifiers trained in “clean” (i.e., on speech
prior to being passed through the codec). This study aims to
report on the performance degradation in emotion recognition
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systems when speech is passed through a codec and provide in-
sight on features most or least affected by it.

2. Background

Many speech-based emotion recognition studies consider cep-
stral, pitch, intensity, and voice quality features [10]. Research
has shown that those calculated as global statistics of all fea-
tures extracted from an utterance seem to outperform local ones
[11]. While there has not been much research on emotion recog-
nition performance through codecs, there has been studies of
speech and speaker recognition performance. Some features,
like pitch contours, are robust to the GSM codec [15]. In [12],
researchers attempted to recover some of the performance loss
from the G.729 codec using codec parameters directly as well
as through feature modification. Other research involved analy-
sis in compressed bit stream domains [13, 14]. With the growth
of emotion recognition and with applications involving speech
processed through codecs, it is important to understand what
codecs do to the original waveform.

2.1. Description of the AMR-WB+ Codec

The AMR-WB+ codec uses a hybrid of algebraic code-excited
linear prediction (ACELP)[16] and transform coded excitation
(TCX)[17]. Several processes in both ACELP and TCX could
influence features extracted from emotional speech. In ACELP
based codecs, indices from codebooks of vectors are transmit-
ted in place of the residual of the speech. The codevector is cho-
sen through an analysis-by-synthesis procedure to give the min-
imum mean squared error between synthetic and actual speech
frames. An adaptive codebook is used to represent pitch pe-
riodicity in the excitation, which is subtracted from the target
signal. An algebraic codebook then uses this result; it is con-
structed algorithmically in such a way that there are only at most
four pulses per speech subframe. Hence any features that might
be described by the excitation of the model of speech produc-
tion would likely be altered. Quantization is applied throughout
codec process on the target signal, LP coefficients, and gains for
the codebooks. Additionally, there are several filters involved in
the encoding and decoding process including: a pre-processing
high pass filter, asymmetrical windowing, a perceptual weight-
ing filter, an adaptive postfilter and tilt compensation filter, and
adaptive gain control.

Clearly, features extracted from codec speech side would be
affected. Thus, it is interesting to know whether classifiers train-
ing on clean speech suffer a performance loss on codec speech
and vice versa. Additionally, there ought to be some features
that work well on both types of speech, considering that per-
ception of speech should not change with the codec.
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3. Methodology

To investigate the impact of codec processing on speech fea-
tures, two databases of labeled emotional speech are chosen.
Features are extracted from both clean and codec versions. Ex-
periments are conducted to compare clean and codec test sets.

3.1. Databases

Two databases, the Berlin Database of Emotional Speech
(BDES) [18] and USC Interactive emotional dyadic motion cap-
ture (IEMOCAP) database [19] are chosen. The BDES record-
ings have 10 speakers (equal male and female), who produce a
total of 535 German utterances in 7 different emotional states:
angry, happy, feared, sad, disgusted, bored and neutral. The
IEMOCAP database contains audiovisual and motion capture
data annotated with categorical and dimensional labels. Only
speech and categorical labels are used. Ten actors (equal male
and female) perform improvised or scripted dialogue that elicit
emotions. As in other work [20, 21], happiness and excitement
categories are merged to balance data of different class labels.
Only labels of happy, angry, sad, and neutral are used for a total
of 5536 utterances; each class has approximately equal samples.

3.2. Codec Parameters and Feature Extraction

The AMR-WB+ Codec software used [22] is capable of oper-
ating in both AMR-WB and AMR-WB+. The lowest bitrates
are selected for each, 6kbps and 24kbps which allow for band-
widths of 7.2kHz and 16kHz respectively. Voice activity detec-
tion was disabled and no frame erasures are simulated.

Feature extraction is performed with openSmile [23] using
the feature set from the INTERSPEECH 2010 Paralinguistic
Challenge [24]. There are ten types: loudness, 15 MFCCs, log
power of eight mel frequency bands, eight line spectral pair fre-
quencies, smoothed fO contour, envelope of {0 contour, voicing
probability of fO candidate, local jitter, differential jitter, and
shimmer. Each of these has corresponding delta coefficients ap-
pended and 21 functionals such as means, extrema positions,
higher order moments, quartile percentages, and linear regres-
sion parameters for a total of 1582 features. Feature extraction
was performed for both the BDES and IEMOCAP databases on
the clean and codec speech for rate 6 and rate 24.

After processing speech through the codec, for each
database, 1582 t-tests are performed for the features between
the clean and codec sets to see which had statistically sig-
nificant differences between them, with a p-value of .05 as a
threshold. In future work, Wilcoxon signed-rank tests might
be more appropriate since there is no assumption about nor-
mality of the data; however, t-tests are still robust to non nor-
mal data with large sample sizes. To account for differences in
databases, the intersection set of features between IEMOCAP
and BDES is used and denoted as SIG (i.e. common features
between databases with statistically significant differences be-
tween clean and codec speech). Similarly the intersection of
features with p-values greater than .05 is denoted NONSIG. SIG
and NONSIG intersection sets are made for both bitrates. Table
1 shows the number of features resulting from the intersections.
Intuitively, since SIG features are significantly altered by the
codec, they might cause noticeable differences in classifier per-
formance between clean and codec data; similarly, since NON-
SIG features are not as affected by the codec, they might exhibit
less of a difference in performance between clean and codec
test data. Therefore, several experiments will be conducted to
examine classification performance for each set in both bitrates.
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P-Values < .05
BDES | IEMOCAP Intersection: SIG
Rate 6 1306 1446 1237
Rate 24 | 1202 1432 1129
P-Values >.05
BDES | IEMOCAP | Intersection: NONSIG
Rate 6 276 136 67
Rate 24 380 150 77

Table 1: Number of features grouped by p-values
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Figure 1: Experiment for a clean-trained classifier.

3.3. Classification Experiment

To measure the effect of the codec on classification accuracy,
an outline for a set of experiments is created that compares ei-
ther a clean or codec training set to a clean and codec test. A
dataset of either clean or codec features is chosen and a 70%
split is performed for training, keeping the number of instances
of each class proportional. Two test sets are constructed from
the 30% left over and the same 30% of utterances from the other,
keeping the utterances the same between test sets. A sequential
minimal optimization (SMO) linear support vector machine is
trained using a polynomial kernel and tested on both clean and
codec test sets. No conventional feature selection methods are
chosen; the goal is not to build an optimal classifier, but to ob-
serve classifier degradation between test sets. For 100 trials of
70 train / 30 clean and 30 codec test splits, 100 accuracy results
are recorded for both the clean and codec test sets and then a
paired t-test is performed on them. Figure 1 shows an example
of an experiment for a clean-trained classifier. With this evalu-
ation framework, a set of experiments is created which will use
both the BDES and IEMOCAP database, at rates 6 and 24.

* Exp. A: Train clean data w/ all feat., test both

¢ Exp. B: Train codec data w/ all feat., test both

¢ Exp. C.1: Train clean data w/ SIG feat., test both

e Exp. C.2: Train codec data w/ SIG feat., test both

e Exp. D.1: Train clean data w/ NONSIG feat., test both

e Exp. D.2: Train codec data w/ NONSIG feat., test both

Exp. A results should prove there is a drop in accuracy
when training on clean speech and testing on codec speech;
such a drop in emotion recognition accuracy is expected, given
similar drops in accuracy in speech and speaker recognition.
Exp. B will show the performance of codec-trained classifiers.

These models are expected to do well on codec speech since
they are trained upon it; however, if they perform worse on



clean speech, this suggests that many features are not discrimi-
nating among emotions, since both test sets should be perceptu-
ally similar. Exps. C.1 and C.2 will show how the SIG intersec-
tion set discussed in Table 1 affects the performance of clean-
trained and codec-trained classifiers. Since, this set of features
is affected by the codec, a difference in accuracy is expected
between clean and codec test results. Likewise, Exps. D.1 and
D.2 will show how the NONSIG intersection set affects the per-
formance of the classifiers. Since NONSIG features are more
resilient to the codec, the difference in accuracy between clean
and codec test results should be lower.

4. Results
4.1. Exp. A: Training on Clean, All Features

Table 2 shows results of Exp. A with clean-trained classifiers;
for both databases and rates, a clean-trained classifier suffers a
statistically significant performance loss on codec speech. Clas-
sification of codec speech is lower on the IEMOCAP set than
BDES, dropping nearly as low as chance (14.3% for BDES,
and 25% for IEMOCAP). This is likely because the utterances
of IEMOCAP are more natural and varied than that of BDES,
which, by contrast, uses only shorter sentences that express the
emotion in an explicit, scripted manner. Comparing rates, drop
in accuracy between clean and codec test sets is less for rate 24
than rate 6, and could be expected if one assumes that higher
rate codec speech is “closer” to clean speech than a lower rate.

Rate 6
Test BDES IEMOCAP
Clean 85.03% 56.34%
Codec 70.82% 28.45%
P-Value | 7.38E-62 5.05E-95
Rate 24
Test BDES IEMOCAP
Clean 85.66% 56.45%
Codec 75.43% 32.79%
P-Value | 4.57E-50 2.98E-90

Table 2: Exp. A Results - all features, clean-trained classifiers

4.2. Exp. B: Training on Codec, All Features

Exp. B shows that codec-trained classifiers perform well on

codec speech but poorly on clean speech. Since codec speech
should not sound perceptibly different, then many of the fea-
tures are being significantly altered by the codec process and as
a result, do not provide true discriminating power among emo-
tion classes. Table 3 verifies this, showing that the difference
between clean and codec test sets is significantly different. Sur-
prisingly, despite the higher bitrate, the classifier has a much
larger degradation testing on a clean speech for rate 24 than rate
6. This performance is slightly worse than chance on IEMO-
CAP. A higher bitrate codec-trained classifer performs poorer
on the clean testing set than one at a lower bit rate.

4.3. Exp. C.1: Training on Clean, SIG Features

Table 4 shows that for both databases and both rates, clean-
trained classifiers using the SIG intersection set perform sig-
nificantly poorer on codec speech. Again, as in Exp. A, the
drop in accuracy is less at rate 24 than at rate 6, but both drops
are statistically significant.
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Rate 6
Test BDES IEMOCAP
Clean 70.21% 51.39%
Codec 80.50% 54.9%
P-Value | 8.92E-49 4.98E-33
Rate 24
Test BDES IEMOCAP
Clean 48.48% 23.26%
Codec 82.40% 56.00 %
P-Value | 3.54E-73 | 1.13E-120

Table 3: Exp. B Results - all features, codec-trained classifiers

Rate 6
Test BDES IEMOCAP
Clean 85.59% 58.04%
Codec 71.11% 27.69%
P-Value | 2.62E-60 | 3.71E-101
Rate 24
Test BDES IEMOCAP
Clean 84.59% 57.91%
Codec 73.25% 32.43%
P-Value | 4.17E-55 2.09E-88

Table 4: Exp C.1 Results - SIG, clean-trained classifiers

4.4. Exp. C.2: Training on Codec, SIG Features

Table 5 shows the use of the SIG intersection set on codec-
trained classifiers. Results show that these classifiers perform
better on codec than clean speech. The average increase in ac-
curacy between testing clean and testing codec is greater for
rate 24 than for rate 6; however, for rate 24, as in Exp. B, the
codec-trained classifier performs at chance level on IEMOCAP.

Rate 6
Test BDES IEMOCAP
Clean 69.55% 52.00%
Codec 80.71% 56.95%
P-Value | 4.41E-46 1.89E-45
Rate 24
Test BDES IEMOCAP
Clean 40.95% 23.11%
Codec 82.16% 57.78%
P-Value | 8.94E-85 | 2.14E-124

Table 5: Exp. C.2 Results - SIG, codec-trained classifiers

Exps. C.1 and C.2 show us again that classifiers trained on
clean speech will have difficulty on codec speech and vice versa.
Since the performance of this codec-trained classifier drops on
clean speech, it suggests that this SIG intersection feature set
does not discriminate among emotions well.

4.5. Exp. D.1: Training on Clean, NONSIG

Table 6 shows the results from training clean speech using fea-
tures identified as NONSIG from Table 1. The t-test results sug-
gest all but one of the classifier comparisons between testing on
clean and codec speech is statistically significant (only the re-
sult from BDES at Rate 24 has a nonsignificant p-value). Ad-
ditionally, overall classifier performance when tested on clean
speech is significantly less than results reported in Tables 2-5



(except for IEMOCAP results in Table 5 for Rate 24). How-
ever, closer examination reveals that, while still showing some
statistically significant differences in accuracies, the absolute
difference in the average accuracy between testing on clean and
codec speech is much reduced from what is reported in Tables
2-5. Also, when considering testing on the codec speech, Table
6 shows a significant increase in average accuracy over the re-
ported results in Tables 2 and 4 (trained on clean speech). This
is a significant finding because it suggests that these features
are more robust to the speech codec and able to improve perfor-
mance in the emotion recognition task.

Rate 6
Test BDES IEMOCAP
Clean 45.36% 46.50%
Codec 41.46% 46.04%
P-Value | 1.48E-17 1.27E-05
Rate 24
Test BDES IEMOCAP
Clean 64.84% 48.79%
Codec 64.98% 49.29%
P-Value .691 5.76E-08

Table 6: Exp D.1 Results - NONSIG, clean-trained classifiers

4.6. Exp. D.2: Training on Codec, NONSIG

Table 7 shows the results from training clean speech using the
features identified as NONSIG. The t-tests suggest that the clas-
sifier comparisons between clean and codec are statistically sig-
nificant; however, as in Exp. D.1, the absolute difference in av-
erage accuracy between testing and codec is again very much
reduced. Indeed, the results of the codec-trained classifiers are
comparable to that of clean-trained classifiers. The NONSIG
codec-trained classifiers perform similarly on clean and codec
speech. When considering testing on clean speech, Table 7
shows a significant increase in average accuracy over the results
in Tables 2 and 4 (trained on codec speech). Again, this signif-
icant finding suggests that the NONSIG intersection set is both
robust to the speech codec and provides performance improve-
ments. The NONSIG set provides comparable performance for
both clean and codec-trained classifiers.

Rate 6
Test BDES IEMOCAP
Clean 42.92 46.44
Codec 41.50 46.07
P-Value | 1.40E-03 1.55E-04
Rate 24
Test BDES IEMOCAP
Clean 64.76 48.77
Codec 65.63 49.30
P-Value | 7.22E-03 1.59E-07

Table 7: Exp. D.2 Results - NONSIG, codec-trained classifiers

Figures 2 and 3 summarize the experiments for rates 6 and
24, respectively. The variability between clean and codec test
sets is lowest for the NONSIG classifiers. Between rates, higher
bitrate codec-trained classifiers perform poorly, especially on
IEMOCAP using all features and SIG features, as Exps. B and
C.2 show. For the NONSIG feature set, higher bitrate codec-
trained classifiers perform slightly better than lower rate codecs.
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Figure 2: Rate 6 Accuracy Results
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Figure 3: Rate 24 Accuracy Results

4.7. A Closer Look at the NONSIG sets

The NONSIG sets for rate 6 and 24 have 67 and 77 features re-
spectively and 33 features in common. The categories of the
intersection are of every type except voicing probability, log
power mel frequency bands, and line spectral pairs. The func-
tionals for the remaining categories are mostly global statistics
including uplevel times, kurtosis, linear regression parameters,
and higher order moments. 16 of these global features are delta
functionals. Since the perception of emotional content should
not be affected by the different bitrates, these results suggest
that emotion is better tracked by changes in differential descrip-
tors rather than more local statistics like the mean or standard
deviation, as suggested in previous research [11].

5. Conclusions

This paper has verified the expectation that accuracy in emotion
classification is significantly degraded when processed through
a codec. However, several experiments have also shown fea-
tures of speech that are not affected by the speech codec process
and can produce emotion classification accuracies well above
chance (though still not optimal). Additionally, these features
showed minimal differences in average classification accuracy
regardless of the training model being based on the clean or
codec speech. Such a result is a significant impetus to further
investigate features that are resilient to speech codecs at various
bit rates while still producing high classification accuracy for
the design of practical emotion recognition systems in a wide
range of communication environments.
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