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Abstract
The majority of pronunciation tutoring systems is addressing
foreign learners of a language, while some applications, such as
the rhetoric or articulation training of actors and managers, are
also dedicated to native speakers. In particular, accent-reduction
tutoring requires reliable methods of Automatic Dialect Clas-
sification (ADC) on both, learners’ or reference speech. Be-
yond that, ADC can support further applications of language
and speech technology, e.g. the localization of call-center talks
or a forensic analysis. Our contribution describes ADC ex-
periments on different corpora of read and spontaneous Ger-
man speech, which are not based on prior corpus transcriptions.
We started with selected feature combinations and classification
methods, which have been already studied on English, Man-
darin or Arabic. Based on this, we implemented, trained and
evaluated classifiers on German dialect varieties in the corpora
“Regional Variants of German 1” (RVG) and “Deutsch Heute”
(DH). Our test design is focused on differences among the read
and spontaneous speech data. The evaluation indicates, that a
three or nine-class dialect discrimination and classification on
read and spontaneous speech are utilizing the same basic prin-
ciples, although the overall results, purely using spectral or cor-
relating features, are less sophisticated and call for further clar-
ifications.
Index Terms: dialect classification, read and spontaneous
speech, spectral features, GMM

1. Motivation
Automatic Dialect Classification (ADC) combines principles
from both language and speaker identification in order to auto-
matically recognize a regional dialect of a given language from
speech samples and in some cases from corresponding tran-
scripts. The differences between dialects are usually less dis-
tinctive than between languages in general, which often chal-
lenges a discrimination of dialects, even for human listeners.
Beyond the small variations, there are usually no fixed borders
between dialect realizations, neither phonetic nor prosodic, as
people, who live in different places over their lifetime, tend to
exhibit a mixture of different dialects.

For many applications, ADC can be useful despite the im-
pediments mentioned. Automatic Speech Recognition (ASR)
constitutes a typical example, since the variation within a lan-
guage can be challenging for a recognizer engine. Another ap-
plication scenario of ADC is language tutoring for native speak-
ers with the goal to reduce their regional accent. Accent reduc-
tion training is especially important for e.g. actors and people
like newsreaders, who appear in the media frequently. An auto-
mated training for accent reduction would have to rely on ADC

to recognize the strength and nature of the trainee’s accent to
evaluate their progress and to decide on the correct strategy ac-
cording to the dialect recognized. Since the adjustment of train-
ing strategies is supposed to be done instantly, transcripts of
the student’s speech are unlikely to be available and it is desir-
able to have a robust ADC system that does not rely on speech
transcripts. An automatic, text-independent dialect classifica-
tion has been researched by several authors, e.g. for English
[1, 2, 3, 4], Arabic [5, 6, 7] or Chinese [8, 9, 10].

For the aforementioned languages, there have been different
approaches to ADC that can be divided into acoustic/phonetic
[11, 12, 13], phonotactic [6, 7, 14] or prosodic [5, 15] with
a number of variations and combinations in features, model-
ing and classification methods [16, 17]. Frequently, the base
model to compare to is a GMM-UBM system [1, 4, 18, 19] that
takes Mel-Frequency Cepstral Coefficients (MFCC) as features
to create a Gaussian Mixture Model (GMM) as an Universal
Background Model (UBM), followed by an UBM adaptation to
the dialects, which need to be classified.

Text-independent ADC for German however, is a barely re-
searched topic so far. One study focussed on German dialect
classification as part of an ASR-System for broadcast speech
[20] using the phonotactic and the acoustic approach. In this
contribution we build upon the results of a previous paper [21]
on German ADC, in which we tested various feature combina-
tions for spontaneous speech from one corpus only. Neverthe-
less, in language tutoring also read speech needs to be analyzed.
Both modes of speech differ in multiple ways, so they are not
usually pooled in the same model.

Consequently, we use the findings from our previous exper-
iments and apply the favored algorithmic settings and feature
combinations on read speech from two different German cor-
pora of around 500 and 830 speakers to compare the baseline
ADC system on both, spontaneous and read speech.The speech
data and algorithms are described in the methods section, fol-
lowed by the experimental setup, results and discussion, and the
conclusions.

2. Methods
2.1. Speech data

A number of speech corpora can be found that contain German
speech samples and even some of regionally accented speech
with a fairly large number of speakers. Two such corpora are
“Regional Variants of German 1” (RVG) [22] and “Deutsch
Heute” (DH) [23], both of which we used for this contribution.

RVG is a speech corpus within the BAS CLARIN Reposi-
tory [22] which contains recordings of about 500 speakers from
nine different dialect regions in Germany. There are samples
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Figure 1: The map, adapted from [24], shows the dialect regions
as given in the corpus [22]. The dialect regions are colored
according to the legend.

of 1 minute of spontaneous speech as well as single numbers,
commands and 30 phrases per speaker, recorded by four micro-
phones simultaneously. The corpus is divided into the nine di-
alect regions shown in Figure 1, a map from 1989 that shows the
then current dialect regions of the German language. The map
corresponds well with the dialects in the corpus, since RVG was
recorded 1996 – 1997.

As spontaneous and read speech differ significantly in many
ways (e.g. speed, clarity of pronunciation etc.), the two modes
were analyzed in separate models during the experiments. We
decided to take the recordings from the first microphone, be-
cause the majority of speakers was recorded with it.

DH is the second corpus and was created by the founda-
tion “Institut für Deutsche Sprache” (IDS, Institute of the Ger-
man Language) in Mannheim for their project “Gesprochenes
Deutsch” on variations in contemporary spoken German. The
recordings for this corpus were made 2006 – 2009, approxi-
mately ten years after RVG, in 195 different locations within
the German-speaking area. The recording sites therefore in-
clude not only Germany, but also other countries close to Ger-
many such as Switzerland and Austria. DH contains around
830 speakers, most of whom are teenaged students, because the
recordings were made mainly in high schools, but also at adult
education centers. All speakers were selected for their speech
being typical of the area they lived in and for having lived at the
town the recording was made all of their life, in order to create
a speech database with clearer regional variations.

There are again different parts to this corpus of read and
task prompted speech. In our study, we used speech samples
from a read text called “Schluss mit dem Gesundheitsterror”,
because it was recorded for the greatest number of speakers.
Contrary to RVG, the speakers in DH were not assigned a di-
alect in the database, so we did our own assignment using the
map from Figure 1 on the recording sites.

The number of speakers per subcorpus and dialect class is
presented in Table 1. In RVG the speakers are not distributed
evenly over Germany and the dialect regions themselves vary
in size significantly, which leads to imbalanced classes in this
corpus. The recording sites of DH, on the other hand, are dis-
tributed more evenly over the entire region where German is
spoken, but the varying size of the dialect regions leads to im-
balanced classes here, as well.

Table 1: Number of speakers per dialect and subcorpus (e.g.
RVG-S – spontaneous speech from RVG)

Region Dialect Speakers
RVG-S RVG-R DH-R

North
A Low Franconian 44 44 20
B West Low German 103 103 149
C East Low German 31 31 67

Center D West Central German 73 73 128
E East Central German 52 53 76

South

F Alemannic / Swabian 63 63 145
G East Franconian 19 20 39
H South Franconian 10 10 26
I Bavarian / Austrian 100 100 179

2.2. Models, feature analysis and classification

To compare, how a basic ADC system works for spoken versus
read German, we computed our models according to the ba-
sic GMM-UBM approach, which is comprised of the following
steps:

1. Feature extraction

2. Feature processing

3. Computing the UBM

4. UBM adaptation to different dialects

5. Scoring of test samples for each dialect model

6. Classification

Our first step consisted of extracting the Mel-Frequency
Cepstral Coefficients (MFCC). We used fairly standard condi-
tions for the extraction: a sampling rate of 8kHz, frame length
of 25ms, Hamming-windowing and 10ms frame shift. The re-
sult were feature vectors consisting of 12 MFCC and the spec-
tral energy per frame.

The feature vectors were then processed in Step 2 us-
ing Voice Activity Detection (VAD) through an energy thresh-
old, RASTA-filtering to remove the spectral components, that
changed at a rate different from human speech and Cepstral
Mean and Variance Normalization (CMVN). Additionally, delta
and double delta, as well as Shifted Delta Cepstra (SDC) were
computed from the processed MFCC to incorporate temporal
context for each frame. The speech data was then randomly
divided into a speaker disjunct training set and a test set.

Step 3 was comprised of accumulating the feature vectors
of all training speakers and training the UBM by Expectation-
Maximization (EM) for 512 gaussians, which had proven to be
successful in prior ADC-research.

Afterwards, the maximum-a-posteriori (MAP) algorithm
was used, to adapt the means of the UBM to each dialect by
using all speakers of this dialect in the training set. MAP adapts
the measure of interest (in our case the means of each gaussian
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in the UBM) until the probability of all data used in the adapta-
tion process is maximized in the distributions of the adapted
model. All test samples were then scored in every adapted
model using log-likelihood as a measure, and the highest score
per sample was determined as the corresponding dialect.

Lastly, the weighted accuracy of the model was calculated
by dividing all correctly classified test samples per class by the
total number of test samples per class and then taking the av-
erage accuracy over all classes. We use a weighted accuracy
measure, because our classes are imbalanced in their number of
speakers as can be seen in Table 1.

3. Experiments
To clarify, whether the GMM-UBM approach is suitable for
ADC in read German speech as well, we decided to build upon
our prior experiments with spontaneous speech [21]. We took
the three combinations of feature processing that worked best
over all in these experiments. Always applying VAD, we used
Delta only (D), RASTA and SDC (RS) as well as RASTA,
CMVN and SDC combined (RCS). Additionally, we switched
between a coarse-grained dialect classification, which divided
the speakers into just three main regions (low, central and high
German) and the fine-grained partition of the RVG corpus into
nine dialect regions.

From our baseline experiments, we used the models and
results already computed on the spontaneous speech samples of
RVG and the first microphone. To vary the conditions as little
as we were able and to use as many speakers as possible, we
decided to take the RVG read speech samples from the same
microphone. Since there were approximately 30 single phrases
per speaker and the prior spontaneous classification was done
on samples of a longer duration (one minute), we concatenated
the 30 files to three files of ten phrases per speaker in RVG. This
was also done to increase the number of test samples per dialect,
while maintaining a duration that our classifier could cope with.
In DH-R, on the other hand, there was only one microphone
to use. Also, we had over 800 speakers from the outset and
therefore simply took one minute of read speech per speaker as
samples for training and testing the ADC system.

For the surveyed models we divided our speakers per cor-
pus randomly into a training set, containing 80 % and a test
set with 20 % of the speakers and their associated samples. In
RVG we took the dialect classes into account for the division,
whereas the DH speakers who had no innate dialect assignment
were divided entirely at random. The sets are speaker-disjunct
by design, since the division was done by speaker rather than
by sample. We then processed the models mentioned above
seperately per corpus for two such training/test combinations
each. Afterwards we tried the same combinations on a GMM
with only 256 gaussians to determine, whether similar accu-
racies could be achieved in smaller models thereby allowing
for lower calculation complexity, which is always useful when
dealing with large amounts of data.

To implement our setup, we used the Python toolkit
“Sidekit” [25], originally written for the purpose of Speaker
Identification, but adaptable for ADC as well. Sidekit enables
the entire experimental process from the feature extraction to
the classification.

4. Results and Discussion
Figures 2 and 3 summarize our results after training and test-
ing for three and nine dialects. The achieved weighted accu-

Figure 2: Weighted accuracies of the 3 dialect models for dif-
ferent GMM distribution numbers and feature combinations on
top of MFCC and VAD: R – RASTA, D – Delta/DoubleDelta, S –
SDC, C – CMVN. Each color is one subcorpus train/test set, e.g.
“RVG-R 0” refers to the read speech from RVG, microphone a
, test set number 0.

racies are plotted per feature combination and model type. The
three main colors (blue, orange and green) represent the subcor-
pus used. Each of the main colors corresponds to two different
columns, associated with the train/test set used (0 or 1) in this
model.

In the three dialects classification we see that the achieved
accuracies span from 37.6%, which is barely above chance
level, up to 56.0%. It is particularly interesting to note, how
differently two train/test sets of the same subcorpus classify.
This is especially apparent for the spontaneous speech (RVG-
S). While part of these differences can certainly be attributed to
chance, due to the random division, this does not quite explain
the truly dramatic differences as can be seen especially for the
spontaneous speech. Another possible explanation could be that
more speakers in one test set actually speak something closer to
Standard German than their assigned dialect. This would lead
to the dialect model being trained on dialect speakers and tested
with standard speakers, who would naturally be classified any-
where but that dialect. The same could also happen, if there
were many speakers with a very slight or no dialect for training
and strong dialect speakers for testing, but as the training set is
bigger than the test set, it is more likely to have at least some
strong dialect speakers among the training set to balance any
wrongly assigned standard speakers.

Notably, the read speech corpora both achieve better classi-
fication results when using the SDC features while for RVG-S
these models only worked better in one of the two train/test di-
visions. Another observation to be made from this graph is, that
more gaussians in the GMM are actually necessary to achieve
better accuracies, since the 256 GMMs generally scored at a
lower accuracy then the 512 GMMs.

The nine dialects classification, also stretches over a rather
great range from 14.0% to 35.3%. The two train/test sets per
corpus are again quite different. As with the 3 dialects, the read
speech subcorpus of RVG (RVG-R) reached the highest accura-
cies, only this time the difference is clearer with RVG-R reach-
ing the highest accuracies over all, RVG-S following and DH-R
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Figure 3: Weighted accuracies of the 9 dialect models for dif-
ferent GMM distribution numbers and feature combinations on
top of MFCC and VAD: R – RASTA, D – Delta/DoubleDelta, S –
SDC, C – CMVN. Each color is one subcorpus train/test set, e.g.
“RVG-R 0” refers to the read speech from RVG, microphone a
, test set number 0.

scoring the lowest accuracies. For RVG-S, the RCS combina-
tion appears to work best, whereas the highest accuracies for
DH-R were reached with RS.

Compared to the other German ADC study by M.
Stadtschnitzer [20], which used the 9 dialects of RVG-S as
well, but employed a phonotactic approach and reached a maxi-
mum classification accuracy of 19.2%, it appears that the acous-
tic approach to ADC may work better for German dialects.
Stadtschnitzer’s second approach achieving 56.7% accuracy on
4 classes and 77.1% on 2 classes, seems to confirm this hy-
pothesis: His further experiments use a different corpus that is
more finely annotated, but smaller, for 3 southern dialects and
Standard German as well as an acoustic/spectral approach with
MFCC features and a Convolutional Neural Network as classi-
fier. Since a different corpus is used and the classes and number
of speakers are different from our experiments, no direct com-
parison is possible for our 3 dialect classification task. Likely,
it would be useful to manually reassign dialects to the speakers
in RVG and find out how many standard speakers there are.

Table 2: Confusion matrix for 9 dialects and RVG-S

A B C D E F G H I
A 7 1 0 6 1 1 1 0 2
B 0 4 0 4 3 1 0 0 3
C 0 3 4 1 5 2 0 1 1
D 0 5 0 2 0 3 2 0 3
E 0 1 1 0 0 1 0 0 0
F 2 2 1 0 1 3 0 0 1
G 0 3 0 0 1 0 0 0 0
H 0 1 0 1 0 0 1 1 1
I 0 1 1 1 0 2 0 0 9
Σ 9 21 7 15 11 13 4 2 20
Acc(%) 77.8 19.0 57.1 13.3 0.0 23.1 0.0 50.0 45.0

One possible explanation for the accuracies of the DH-R
subcorpus, which are rather high for three dialects but the low-

est out of all three sub-corpora for nine dialects, is the record-
ing time which was a decade after RVG. Due to the time gap
to the RVG recordings and to the map upon which this dialect
classification is based, it is possible that while the broad dialect
division of low, central and high German is still present, the
fine-grained dialect structure has changed in recent years and a
different and more current dialect map ought to be applied to
this corpus. To directly compare the models of read and sponta-
neous speech, the results of the best model per mode in a nine-
dialect classification are presented by the corresponding confu-
sion matrices in the Tables 2 and 3.

Table 3: Confusion matrix for 9 dialects and RVG-R

A B C D E F G H I
A 12 9 0 11 4 1 0 0 6
B 6 12 2 11 8 0 0 0 6
C 0 7 15 0 3 1 3 0 4
D 4 9 1 4 6 6 3 0 11
E 2 0 3 0 5 0 0 0 0
F 0 12 0 2 7 13 0 3 11
G 0 0 0 4 0 6 6 0 1
H 3 14 0 12 0 9 0 3 6
I 0 0 0 1 0 3 0 0 15
Σ 27 63 21 45 33 39 12 6 60
Acc(%) 44.4 19.0 71.4 8.9 15.2 33.3 50.0 50.0 25.0

The first thing to catch the eye is the different number of
test samples between the modes, which for RVG-S is only one
third of RVG-R. While both sub-corpora consist of a compara-
ble number of speakers, due to our experimental setup described
above, we ended up with three read samples and one sponta-
neous sample for each speaker.

Nonetheless, these matrices show some interesting similar-
ities and differences. As can be gathered from Table 1, the
dialects A-C are northern dialects, belonging to low German
(thus called, because of the lowlands in northern Germany). In
both matrices it is a northern dialect, that was classified with
the highest accuracy, A at 77.8% in RVG-S and C at 71.4% in
RVG-R. Furthermore, dialect B was frequently confused with
just about any other dialect, probably because the region of B
is rather large and contains a part of Germany, that is known
for speaking Standard German. Therefore, speakers of Stan-
dard German from other regions might be wrongly recognized
as B and vice versa. It is also possible, that the classifiers found
too few distinct characteristics in dialect B, so its speakers were
assigned any dialect almost randomly.

Next in their accuracies are, again in both modes of speech,
the southern dialects known as high German because of the
mountainous landscape in the south of Germany. These di-
alects are rather distinct for human listeners, Bavarian espe-
cially, which corresponds to dialect I, but also the Franconian
and Alemannic and Swabian dialects that make up the remain-
ing three. In RVG-R, dialects G and H were recognized surpris-
ingly well, considering their low number of speakers and the
small region, whereas in RVG-S the number of speakers is so
low, that the results may as well be random. At 45.0% accuracy,
dialect I was well recognized in RVG-S, but frequently confused
with F (Alemannic/Swabian) and D in read speech. The confu-
sion with F is understandable insofar as human listeners tend to
confuse the southern dialects for one another as well, if they do
not live there themselves, and speakers with a very light Bavar-
ian dialect may be confused for another dialect like Franconian
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or even low German, if they speak standard German. This phe-
nomenon of weakened dialects is somewhat expected in read
speech where readers do not choose their own wording, thus
avoiding dialect specific words, and concentrate more on pro-
nunciation than they would in spontaneous speech.

The worst results in classification are to be found in the
two dialects of central Gemany in both RVG-R and RVG-S.
This result is rather unexpected, since dialect E, at least, is a
strong dialect and commonly easy to recognise as east German
or Saxon by human listeners. In RVG-S though, it was never
classified correctly and even in RVG-R it was confused primar-
ily for dialects B and F. Possibly there are mostly speakers with
a slight dialect to their speech in region E, thus explaining the
misclassification as B. The confusion with F on the other hand,
can be explained by a similarity in vowel quality, at least for
Swabian (part of F) and Saxon (part of E). The two dialects
are usually distinguished by human listeners in terms of dialect
specific grammar and vocabulary, but they do show similarities
in pronounciation. Lastly, there is dialect D with a reasonable
number of speakers, that still only scored 13.3% accuracy in
RVG-S and 8.9% in RVG-R. In both modes of speech, F was
primarily confused for A and B indicating a siginificant number
of test speakers who speak standard German.

In sum, while there are slight differences to be observed
between the results of the read and spontaneous speech classi-
fier, both matrices show mainly similar results as to the broad
classification of the three regions.

5. Conclusions
Our experiments focused on the comparison of ADC models for
two different modes of spoken German – read and spontaneous
speech from the speech corpora RVG and DH. We have found
the classification accuracies of a basic GMM-UBM classifica-
tion system to be relatively similar on both modes of speech,
which leads to the conclusion that the distinguishable features
of a speaker’s dialect are based on the same mechanisms and
less influenced by the speaking mode. Our indicative results
require further clarification and also more sophisticated classi-
fication methods in a next step. To have more robust results,
more train/test sets or k-fold Cross Validation need to be tried.
Different classifiers like Support Vector Machines, logistic re-
gression or Artificial Neural Networks could be employed. We
will also test the different corpora and speaking modes against
their corresponding models to further determine the influence of
the mode of speech on the performance of dialect classification.
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