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Abstract
This article introduces a dedicated speech recognition dataset for Southern Kurdish, which is a threatened variant of
Kurdish macrolanguage. We present 30 hours of validated read speech for training and an evaluation benchmark for
Southern Kurdish Automatic Speech Recognition (ASR). Both the training data and evaluation benchmark are read
speech recorded by crowdsourcing campaigns. Besides a detailed description of the provided resources, we provide
the ASR baselines using Whisper-turbo and wav2vec-bert CTC architectures. We achieved a 4.09 CER and 24.26
WER on our benchmark using wav2vec-bert model. We also provide a categorization of errors to support further
improvements in future studies.The resources and trained models are released under the CC BY-NC-ND 4.0 license
and are publicly available at Southern Kurdish ASR Corpus.
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1. Introduction

Kurdish is a macrolanguage used for a dialect con-
tinuum spoken by more than 35 million native speak-
ers (Sheyholislami, 2015). Due to the significant
diversity of Kurdish dialects, the speech technolo-
gies developed for one dialect rarely work with an
agreeable performance in other dialect. Therefore
providing dialect specific speech technologies and
resources is required. In this paper, we provide
and evaluate 30 hours of validated read speech for
Southern Kurdish and also we provide a speech
recognition evaluation benchmark for this dialect of
Kurdish language.

Although Northern Kurdish and Central Kurdish
are the two main dialects of the Kurdish language,
Southern Kurdish is considerably less represented
in the media (Sheyholislami, 2008) and is not used
in formal education. Consequently, this dialect
exists in a severely low-resource context, which
poses significant challenges for corpus develop-
ment. Moreover, since Southern Kurdish never
used for education, many native speakers have
limited experience with reading or writing in this
language, making it difficult to recruit participants
for data collection such as speech recording. Like-
wise, obtaining written materials that can be used
in various stages of developing ASR models for this
dialect remains a major challenge.

The research in the Kurdish language ASR has
emerged in the recent years, but the majority of
works mainly focused on Central Kurdish. In Veisi
et al. (2022) a phonetically balanced speech cor-
pus and evaluation benchmark is introduced. This
dataset used in later studies shows significant re-
sults for ASR (Mohammadamini et al., 2025). In
Ahmadi et al. (2024) a dataset curated for Cen-

tral Kurdish sub-dialects. While main commercial
ASR systems rarely support Kurdish dialects, some
major research projects such as Seamless model
include Central Kurdish (Barrault et al., 2025). Com-
mon Voice is the largest available dataset which
includes three Kurdish dialects, and in its last ver-
sion (Common Voice 221) includes 136 hours of
Central Kurdish, 71 hours of Northern Kurdish and
2 hours of Zazaki validated speech (Ardila et al.,
2020). The only effort that considers Southern Kur-
dish ASR is Hameed et al. (2025), which introduced
7 hours of read speech, evaluated by fine-tuning
Whisper v2 base and small ASR models.

However other main Kurdish dialects and par-
ticularly Central Kurdish has substantial ASR re-
sources, there are significant phonological, mor-
phological and syntactical differences between
Southern Kurdish and Central Kurdish (Mirmukri
et al., 2019), which makes the Central Kurdish ASR
systems less effective for Southern Kurdish (see
Section 6). The goal of our research is to fill this
gap by providing dedicated speech recognition re-
sources for Southern Kurdish, reliable enough to
develop ASR system with state-of-the-art models.

When dealing with low resource languages with
dialect continuum, spontaneous speech collec-
tion for ASR might lead to dead ends due to
data/speaker scarcity and high phonological diver-
sity. Therefore, we decided to collect read speech
so that we can rely on native linguists to be sure
that the target dialect is the one indeed spoken.
In the current study, we first provide a Southern
Kurdish text collection from published magazines
and books covering several domains. A list of sen-
tences is extracted from the provided resources.

1https://commonvoice.mozilla.org/en/datasets

https://huggingface.co/datasets/aranemini/southern-kurdish-asr
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The extracted sentences are revised intensely by
professional Southern Kurdish editors. The revised
sentences are read and recorded using dedicated
tools by native speakers. Second, we provide a
multi-domain ASR evaluation benchmark for South-
ern Kurdish. Both training dataset and evaluation
benchmark are validated and filtered manually for
any possible issues.

The paper is organized as follows: In section
2 a description of Southern Kurdish is presented.
In section 3 the method of providing the data is
described. Section 4 describes the characteristics
of the provided resources. In section 5 the models
are described, and section 6 presents the results on
the provided benchmark using wav2vec-bert CTC
and Whisper-turbo models and a deep analysis of
the transcription errors.

2. Southern Kurdish

Southern Kurdish (ISO 639 sdh) is a threatened
variant of Kurdish (ISO 639 kur). It is spoken by
around 6 million people (with declining number of
speakers) in the southern part of Kurdistan (more
precisely Ilam, Kermanshah, Hamedan and Kurdis-
tan Provinces in Iran, Eastern parts of Diyala and
Wasit provinces in Iraq) 2 (Belelli, 2019). There is
also a significant population of Southern Kurdish
speakers known as Feyli Kurds living in Baghdad.
The region where Southern Kurdish is the predomi-
nant language is shown on Figure 1.

Southern Kurdish is considered to have several
linguistic subgroups, including Garrusi, Kolyā’i, Ker-
mānshāhi, Kalhori, Malekshāhi, Badre’i, and Ko-
rdali (Fattah, 2000). However, some researchers
question the strict boundaries of this classifica-
tion, especially in larger cities where speakers
of different subgroups are more mixed (Belelli,
2019). Although there are some phonological and
morphological differences (e.g., between Kalhori
and Malekshāhi) (Azadi, 2022), these variants are
largely mutually intelligible (Belelli, 2019). Another
variant of Kurdish language that is closely related
to Southern Kurdish is Laki and its classification as
Southern Kurdish remains disputed (Belelli, 2021).
Therefore, it is not considered in the current re-
search (see Figure 1).

Similar to other Kurdish dialects, the South-
ern Kurdish orthography is almost phonemic (i.e.
there is one-to-one relationship between letters and
phonemes) but there are some exceptions that can
play an important role in the ASR domain which
are as follows:

• The <ح> and <ع> letters stand respectively
for /ħ/ and /ʕ/ phonemes in Arabic, but are

2https://www.ethnologue.com/language/sdh/

Figure 1: Regions of predominant Southern Kur-
dish speakers (Belelli, 2019)

pronounced as /h/ and /ʔ/ in almost all ver-
naculars of Southern Kurdish. This letters are
used mainly in Arabic loanwords.

• Similar to other Kurdish dialects, the letter
<و> stands for both /ʊ/ and /w/ phonemes,
and letter <ی> stands for both /i/ and /j/
phonemes (Veisi et al., 2022).

• The /y/ vowel exists in Southern Kurdish and
is represented by the <ۊ> character (Azin
and Ahmadi, 2021). This vowel does not exist
in Central and Northern Kurdish.

• Similar to all other dialects of Kurdish writ-
ten in Arabic script, there is no letter for /ə/
phoneme (Veisi et al., 2022).

• In some vernaculars of Southern Kurdish, the
/ɣ/ phoneme changes to /q/. Also in Kermān-
shāh city and Mandali variants dark /ɫ/ some-
times replaced by /l/ (Belelli, 2019).

3. Data design and collection

3.1. Training corpus
As the first step towards the development of an
ASR system from read speech, we need a pool
of sentences for recording. In order to provide an
inclusive sentence pool that covers different phono-
logical and morphological aspects of Southern Kur-
dish, we asked several native writers to provide us
a raw text. In the end, we received the published
text from 5 writers and 15 published volumes of a
social science magazine. Approximately 400,000
space separated tokens were collected in total. The
data was mainly from folk books, novels, anecdotes,
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and social science3. The collected text is then pro-
cessed as follows to design our training corpus:

• Sentence selection: From the collected text
data, around 16,000 unique sentences contain-
ing between 3 and 15 tokens were randomly
selected.

• Text revision: The selected sentences were
revised by four professional native editors of
the dialect. All sentences from other dialects,
such as Central Kurdish or Persian, were ex-
cluded. Code-switched or loanwords were writ-
ten in the Kurdish script.

• Audio recording: The readers were recruited
for recording sentences using crowdsourcing
tools. Approximately five hours of data were
recorded using a Telegram bot, while the re-
maining data were collected through a web-
based tool.

3.2. Evaluation benchmark
A second resource developed during our study is
a multi-domain Southern Kurdish ASR benchmark.
To create this benchmark, we extended the Cen-
tral Kurdish Asosoft test set (Veisi et al., 2022) to
Southern Kurdish by translating all sentences into
the target dialect. The benchmark consists of 100
sentences covering a variety of domains. The sen-
tences were originally written in Central Kurdish
and then provided to a professional native writer of
Southern Kurdish, who rewrote them in the target
dialect. The final dataset was recorded by eight
native speakers representing different vernaculars
of Southern Kurdish. We ensured that the speak-
ers involved in the benchmark did not participate
in recording the training data.

3.3. Data validation
The recorded sentences from both training and
evaluation data are revised manually by two native
speakers. A recording is removed when one of the
following problems occurs:

• Intelligibility : If a recording is not intelligible.

3In (Azin and Ahmadi, 2021), a text collection was
introduced for Southern Kurdish, in which only a small
portion (around 10k tokens) comes from the subgroups
that constitute the majority of Southern Kurdish speakers
(5.1 million out of a total of 6 million speakers). The rest of
the data presented in that research comes from a website
called shafaq.com, which was incorrectly attributed to
the Feyli vernacular of Southern Kurdish. Although we
had access to this resource, the editors decided not to
use it in our research because it diverged significantly
from the accepted orthography and lexicon of Southern
Kurdish.

• Partial recording: If a part of the sentence is
missing at the beginning or end of the record-
ing.

• Noise dominance: Samples for which
the background noise dominates the main
speaker.

• Miscue: Samples having a miscue or errors
in reading.

4. Data specifications

4.1. Training data
The training data were recorded using a Telegram
bot and a web application developed for this task.
All recordings are in mono channel, 24,000 Hz,
WAV format. After validation, the total number
of recordings is 18,636 files, comprising 15,273
unique utterances. We aimed to cover a broader
linguistic space by recording a larger number of
unique sentences. The dataset includes 208 speak-
ers, aged between 18 and 49 years. Due to the diffi-
culty of recruiting speakers, some participants were
asked to record additional sentences. The highest
number of recordings belongs to one speaker, who
contributed 4,000 utterances. Although this intro-
duced some imbalance, it was unavoidable as we
rely on a small number of native volunteers. More
detailed information about the training data is pre-
sented in Table 1. To facilitate reference to this
corpus, we refer to it as the Bestun Corpus4.

Item Value

Sentences 18,636
Speakers 208
Age range (18,49)
Unique sentences 15,273
Unique tokens 23,976
Duration 30 hours
Total tokens 1,554,994

Table 1: Overall Bestun (training) corpus character-
istics.

4.2. Evaluation benchmark
The evaluation benchmark sentences are recorded
by 8 native speakers from different Southern Kur-
dish speaking regions. Each speaker were asked
to record all 100 unique sentences. After discard-
ing the sentences according to our validation rules
(section 3) the total number of sentences remained

4Bestun (Version 1.0) is named after a mountain lo-
cated in Kirmashan, the largest city where Southern Kur-
dish is spoken.
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in the benchmark is 773 for a duration of 86 min-
utes. The number of sentences and the region of
speakers are listed in Table 2. One speaker (spk-
E) recorded 94 sentences but only 88 sentences
remain after validation. One weakness of our evalu-
ations benchmark is gender imbalance having only
two female speakers in the test set.

Speaker G Vernacular Sent.

spk-A F Kermānshāhi 98
spk-B M Kermānshāhi 99
spk-C F Kalhori 99
spk-D M Kalhori 99
spk-E M Kalhori 88
spk-F M Malekshāhi 100
spk-G M Garrusi 95
spk-H M Kolyā’i 95

Total 773 sentences (86.74 min)

Table 2: Southern Kurdish evaluation benchmark
statistics by speaker, vernacular, and number of
sentences.

5. Evaluation systems

5.1. Whisper
The first model used for evaluating the curated re-
sources is Whisper Turbo (Radford et al., 2022).
Whisper is an encoder-decoder transformer ar-
chitecture trained using a weakly supervised ap-
proach. It supports ASR for more than 80 lan-
guages and performs speech-to-text translation
from a language X to English. The original Whisper
models published by Open AI does not include any
Kurdish dialects. We expand the Whisper Turbo 3
tokenizer to include Kurdish tokens, and trained it
for 10 epochs with a learning rate starting at 1e-5.
We reserved 500 samples from the training corpus
for validation, and the remaining data were used
for training.

5.2. Wav2vec2-bert CTC
Wav2Vec-BERT is a self-supervised speech repre-
sentation model that combines contrastive learning
and masked language modeling objectives. The
contrastive loss discretizes the speech signal, while
the masked language model loss learns contextu-
alized speech representations (Chung et al., 2021).
In our research, we use Wav2Vec-BERT2, which
is trained on 4.5 million hours of speech from 143
languages (Barrault et al., 2023). The details of the
data used for pretraining are not reported, so it is
unclear whether any data from Kurdish dialects or
closely related languages were included. During

fine-tuning, we optimized a Connectionist Tempo-
ral Classification (CTC) loss function (Graves et al.,
2006). The model is trained for 10 epochs with an
initial learning rate of 1e-5. We reserve 500 sam-
ples for validation, and the remaining data is used
for training.

6. Results

In this section, we present the results obtained by
both the Whisper-Turbo and Wav2Vec-BERT mod-
els and a deep analysis of automatic transcription
errors. Table 3 presents the overall results obtained
on the provided benchmark. The Whisper-Turbo
model achieved a Character Error Rate (CER) of
6.75 and a Word Error Rate (WER) of 34.43, while
the Wav2Vec-BERT model achieved a CER of 4.09
and a WER of 24.26. The two possible reasons
why Wav2Vec-BERT performs better might be: (1)
the larger amount of data seen by its encoder and
the greater number of languages it was trained on,
and (2) the use of character-level prediction units in
its CTC model, which can yield better results with
limited resources.

The only prior work on Southern Kurdish is from
Hameed et al. (2025) which is indicated as base-
line in Table 3. Using our evaluation setup and
the published model from that research, the model
achieved a CER of 22.46 and a WER of 82.20 on
our evaluation benchmark. When comparing the
results we obtained from the baseline ones, we con-
clude that the presented dataset in our study brings
significant improvements of Southern Kurdish ASR.

In another experiment, we evaluate the Southern
Kurdish benchmark on a Whisper model fine-tuned
for Central Kurdish which obtains 23.11 CER and
84.23 WER (see Table 3), while the same model
gives 2.65 CER and 13.40 WER on the Central
Kurdish version of the benchmark. This experiment
reaffirm the necessity of paying special attention
to Southern Kurdish and the limitation of models
developed for other dialects of Kurdish language
in the context of Southern Kurdish.

ASR model WER (%) CER (%)
baseline 82.20 22.46

whisper-turbo-SDH 34.43 6.75
wav2vec-bert2-SDH 24.26 4.09

whisper-turbo-CKB 84.23 23.11

Table 3: Overall ASR performance on the evalu-
ation benchmark when models are fine-tuned on
Southern Kurdish (SDH) or Central Kurdish (CKB).
Baseline from (Hameed et al., 2025).

A detailed evaluation per speaker is presented
in Figure 2. The best-performing speaker reaches
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No Hypothesis Reference CER (%) WER (%)

1 شوەڕنترگوەچزێبویتسنازشەکندرکسردیەنوبەو

یەیرگبرۊدندرکیخلشەوکسەجەوەهمیرەهیرووبائ

شوەڕنترگوەچزێبویتسنازشەکندرکسردیەنوبەو

ێەیرگبرۊدندرکیخلشەوکسەجەوەهمیرەهیرووبائ

3.19 26.32

2 نوشندرکنیبادیاڕئەگەژورپرەخێڕوەئوسرپرەبیەمیئ

نمیرێددزێڕەبەلیتشپڵاپیاوادرەتفەد

نوشندرکنیبادیاڕئەگەژورپرەخێڕوەئوسرپرەبیەمیئ

نمیریددزێڕەبەلیتشپڵاپیاوادرەتفەد

2.27 21.43

3 یکڵااچەدیڕوننۊچگێدروکرۊهنشوڕورەسۊنمناخێاوەل

نیسۊننادیەمەنیتکوەلیەنژوەئ

یکلااچەدیڕوننۊچگێدروکرۊهنشوڕورەسۊنمناخیاوەل

نیسۊننادیەمەنەیتکوەلیەنژوەئ

3.57 20.00

4 رەگەئتەنانەتناتسدروکودروکیژبمەکراواهاناینایگوهڕەل

وەدێسوبمڵدلەگلینمژدیەلوگەو

تەنانەتناتسدروکودروکیژبمەکراواهاناینایگوحڕەل

وەدێسوبمڵدلەگلیەنمژدیەلوگەورەگەئ

4.35 23.53

5 تشەهیتەموکحلیەژۆرپیەروگواپەونمیرایزاوخنادیل

نامیپەنیەبایربوانلیەژۆرپسەدقەحیایرکیرایدژاژدەسەل

تشەهیتەموکحیەژۆرپیەروگواپەونمیرایزاوخنادیل

نامێپەنیەبایربوانیەژۆرپسەدقەحیایرکیرایدژاژدەسەل

3.85 33.33

6 ێرێدەژیردشعادەوژدناقفەئلیەزێهتایڵەمەئ ێرێدەژیردشعادەوژدناغفەئلیەزێهتایڵەمەع 4.65 28.57

Table 4: Hypothesis given by wav2vec-bert vs. Reference. blue: standardization error; green: phonetic
and character mismatch; brown: vernacular diversity.

Figure 2: CER per speaker

a CER of 3.02, while the worst-performing speaker,
on the same set of sentences, reaches a CER of
6.49 which is more than twice higher than the best
one. To explain this difference, we explore some
possible acoustic artifacts such as noise and rever-
beration. However, we did not observe any clear
correlation between acoustic variations (e.g., noise
or reverberation) and the performance for each
speaker. Since all speakers read the same text
(minimizing linguistic variation), the significant dif-
ferences in performance may stem from speaker-
related characteristics.

In all experiments, we observed a large differ-
ence between the CER and WER. In low-resource
languages such as Kurdish language, the lack of
standardization can lead to multiple ways of writ-
ing the same word. Since Kurdish is a phonemic
language with several regional vernaculars, a con-
siderable number of words are written in different
forms (Veisi et al., 2022). This phenomenon tends
to spread small errors over many words, which dra-
matically increases the WER relative to the CER.
To have a better analysis on the nature of transcrip-
tion errors we present some samples in Table 4.
We observed three main types of errors:

• Standardization errors: A main group of mis-
matches between the reference and hypothe-

sis comes from having several forms of writing.
Such type of errors are shown in blue. For in-
stance in the first in example, three words are
recognized erroneous and in each word one
character cause this error, but both the pre-
dictions and reference exist in the Southern
Kurdish text.

• Phonetic and character mismatch: As it was
mentioned in Section 2, the ح and ع letters
that stands for /ħ/ and /ʕ/ phonemes exist
in the Southern Kurdish writing, while these
phonemes are pronounced as /h/ and /ʔ/ re-
spectively. In example 4, the ح (/ħ/) is rec-
ognized as ه (/h/) same as its pronunciation.
In the example 6, the ع (/ʕ/) is recognized
wrongly as ئ (/ʔ/). These types of errors are
shown in green.

• Vernacular diversity: The interchangeable
use of /ɫ/ for /l/ and /ɣ/ for /q/ is reflected
in the errors. These types of errors are shown
in brown.

7. Conclusion

In this paper, we introduce the first dedicated
speech recognition corpus and evaluation bench-
mark for the Southern Kurdish language. The over-
all size of the training corpus comprises 30 hours
of manually verified read speech. We show that
Wav2Vec-BERT model fined-tuned on the training
data achieves better results than a Whisper-turbo
ASR model. We also provide a detailed analysis
with a typology of transcription errors (standard-
ization, phonetic and character mismatch, and ver-
nacular diversity). The system’s robustness is also
analyzed with respect to each of the benchmark
speakers. The provided resources can be a step
stone in developing multi-dialect and more compre-
hensive ASR models for Kurdish language. The
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curated resources has some limitations that can
be addressed in the future works such as lack of
spontaneous speech.
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