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Abstract — Automatic quality evaluation of machine translation 

systems has become an important issue in the field of natural 

language processing, due to raised interest and needs of industry 

and everyday users. Development of online machine translation 

systems is also important for less-resourced languages, as they 

enable basic information transfer and communication. Although 

the quality of free online automatic translation systems is not 

perfect, it is important to assure acceptable quality. As human 

evaluation is time-consuming, expensive and subjective, 

automatic quality evaluation metrics try to approach and 

approximate human evaluation as much as possible. In this 

paper, several automatic quality metrics will be utilised, in order 

to assess the quality of specific machine translated text. Namely, 

the research is performed on sociological-philosophical-spiritual 

domain, resulting from the digitisation process of a scientific 

publication written in Croatian and English. The quality 

evaluation results are discussed and further analysis is proposed. 
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I.  INTRODUCTION 

Machine translation evaluation has become a hot topic of 
interest to numerous researchers and projects, usually when 
comparing several machine translation systems with the same 
test set or when evaluating one system through different 
phases, such as automatic evaluation, correlation of automatic 
evaluation scores with human evaluation etc. [1].  

Lately, extensive evaluation of machine translation quality 
was conducted focusing on online machine translation systems, 
commercial or integrated systems applying statistical machine 
translation, sometimes combined with other machine 
translation approaches [2]. 

Statistical machine translation systems rely on huge 
amounts of parallel data, which is sometimes inconvenient for 
less-resourced languages or between different types of 
languages, and which requires more detailed quality error 
analysis and evaluation, in order to improve the performance of 
a machine translation system [3].  

Some authors point out the context of machine translation 
evaluation relating quality, purpose and context, trying to 
establish a coherent evaluation approach [4]. Automatic 
evaluation for less-resourced, but morphologically rich 

languages is a topic of interest of numerous researchers and 
organisations, since the results could be useful to professional 
translators, translation industry, researchers and to everyday 
users. The main advantages of automatic evaluation metrics are 
speed, cost and objectiveness. They perform always in the 
same way, and besides being tuneable, they can provide 
meaningful, consistent, correct and reliable information on the 
level of machine translation quality [5].  

Human evaluation, on the other hand, is considered to be 
the “gold standard”, but it is subjective, tedious and more 
expensive.  

II. RELATED WORK 

Evaluation of machine translation was mainly performed in 
the legislation, technical or general domain, due to available 
bilingual corpora [6]. Domains such as sociology, philosophy 
or religion are rarely investigated, as acquiring necessary 
corpora and a specific reference translation represents a notable 
problem. 

However, one research paper describes translation in cross-
language information access performed by machine translation, 
supplemented by domain-specific phrase dictionaries, which 
were automatically mined from the online Wikipedia in the 
domain of cultural heritage [7]. Queries were translated from 
and into English, Spanish and Italian and then evaluated using 
human annotations.  

In a research, the idea was to evaluate machine translations 
produced by Google Translate for the English-Swedish 
language pair and for the fictional and non-fictional texts, 
including samples of law documents, commercial company 
reports, social science texts (religion, welfare, astronomy) and 
medicine [8]. Evaluation is carried out with the BLEU metric, 
showing that law texts gained double of average BLEU scores. 

Evaluation of machine translation shows better scores for 
about 20% when two reference sets are used, and up to 29% for 
three reference sets, with regard to differentiating short and 
long sentences [9]. Besides sentence length, other problems in 
the machine translation process were investigated, such as 
specific terminology, anaphora and ambiguity [8]. 

Another research describes the importance of the 
translation domain, which influences the quality of machine 



translation output. Therefore, domain knowledge and specific 
terminology translations have been added [10]. The research is 
conducted with the SYSTRAN translation system, which uses 
the transfer translation approach for Chinese-English, English-
French, French-English and Russian-English language pairs.  

Research on machine translation of religious texts by 
Google Translate for English-Urdu and Arabic-Urdu has also 
been conducted [11]. Evaluation of cross-language information 
retrieval using machine translation in the domain of sociology 
is presented in [12] for English, French, German and Italian.  

III. RESEARCH 

The following subsections describe the digitisation process 
and data set, and discuss the research methods, quality 
evaluation metrics and used tools. 

A. Digitisation 

For the purpose of this research, a book of abstracts from a 
scientific conference containing mutual translations in Croatian 
and English was digitised with a scanner. Digitisation 
represents the systematic recording, storing and processing of 
content using digital cameras, scanners and computers [13]. It 
is the process of creating a digital representation of an object, 
image, document or a signal, and allows them to be stored, 
displayed, disseminated and manipulated on a computer. In 
order to digitise the mutual bitexts, a HP Scanjet G3110 flatbed 
scanner was used, set to 300 dpi and grayscale scanning. 
Scanned abstracts were in A5 format and text was written in 
Times New Roman font, size 10, standard black font colour on 
white paper.  

Afterwards, optical character recognition (OCR) was 
carried out for extracting, editing, searching and repurposing 
data from the scanned book of abstracts. In this research Abby 
Fine Reader 8.0.0.677 was used as the OCR software, which 
identifies text by analysing the structure of the object that 
needs to be digitised, by dividing it into structural elements and 
by distinguishing characters through comparison with a set of 
pattern images stored in a database and built-in dictionaries. 
During optical character recognition, errors are inevitable, and 
the induced noise is a serious challenge to subsequent 
processes that attempt to make use of such data [14].  

B. Data set 

The book of abstracts, which consisted of 41 abstracts, was 
digitised and afterwards processed with OCR, then manually 
corrected and later on used as the reference set for machine 
translation, i.e. gold standard. The book contained very specific 
abstracts of full scientific papers in the fields of sociology, 
psychology, theology and philosophy with emphasis on several 
topics, such as human dignity, religion, dialogue, freedom, 
peace, responsibility, family and community, philosophical and 
sociological reflections.  

The texts were compiled into a parallel bilingual sentence-
aligned Croatian-English bitext consisting of mutual 
translations relating to the sociological-philosophical-spiritual 
domain. The process of preparing the data set included the 
digitisation of printed material, applying OCR techniques and 
its evaluation. All segments were sentence-aligned and a 
translation memory was created. The format of such a 

translation memory is ideal for further research in statistical 
terminology and collocation extraction, evaluation and 
analysis.  

The following table shows the data set statistics (Table I). 
The data set consisted of 369 segments (sentences) and 107264 
characters in total. The longest segment was 80 words long in 
Croatian, and 88 words in English, whereas 3677 distinct 
words appeared in Croatian, and 2782 in English. On average, 
English abstracts were composed of 10.6% more characters, 
and 19% more words. Specificity of terminology is also 
reflected in the large number of hapax legomena, which also 
indicates a variety of different topics in the digitised book of 
abstracts. 

TABLE I.  DATA SET STATISTICS 

Data set 
Language 

Croatian English 

No. of characters 50631 56633 

No. of words 7340 9062 

No. of segments 369 369 

No. of abstracts 41 41 

Max. of words per segment 80 88 

Min. words per segment 1 1 

Distinct words  3677 2782 

Words that appear only 

once (hapax legomena) 
2837 (77.16%) 1892 (68.01%) 

Words that appear twice 

(dis legomena)  
424 (11.53%) 389 (13.98%) 

Words that appear three 

times (tris legomena) 
165 (4.49%) 159 (5.72%) 

Words that appear more 

than three times 
251 (6.83%) 342 (12.29%) 

Arithmetical mean of 

characters per abstract 
1234.90 1381.29 

Arithmetical mean of 

characters per segment 
137.21 153.48 

Arithmetical mean of words 

per abstract 
179.02 221.02 

Arithmetical mean of words 

per segment 
19.89 24.56 

No. of OCR errors in total 66 67 

Arithmetical mean of OCR 

errors per abstract 
1.61 1.63 

 

In total, 133 OCR errors occurred in the digitisation 
process. Typical errors during optical character recognition 
were misrecognitions of characters, missing whitespace 
characters or apostrophes, various forms of substitution errors, 
as well as space deletion and insertion errors. The most 
frequent OCR errors in Croatian were substitution errors (e.g. 
(l) → (i)) and space deletion, where two words were 
erroneously unified (e.g. (U postkomunističkim) → 
(Upostkomunističkim)). The most frequent OCR errors in 
English were substitution errors (e.g. («) → ((()) and missing 
apostrophes ('). OCR errors have an impact on later-stage 
processing and data usability, therefore, all scanned texts were 
manually post-edited afterwards. 



C. Tools and methods 

All machine translations for both directions (Croatian-
English and English-Croatian) were generated by the freely 
available online machine translation service, Google Translate 
(https://translate.google.com/). Automatic machine translation 
quality evaluation is performed for both directions by the 
following metrics: BLUE (BiLingual Evaluation Understudy), 
NIST (National Institute of Standards and Technology), 
METEOR (Metric for Evaluation of Translation with Explicit 
ORdering) and GTM (General Text Matcher).  

The basic idea behind the mentioned metrics is to calculate 
the matching of automatic and reference translations. The 
metrics are based on overlapping of the same surface forms, 
which is not suitable for languages with rich morphology and 
relatively free word order. Some of the metrics are based on 
fixed word order (METEOR, GTM), which is also not suitable 
for languages with relatively free word order, such as Croatian. 
BLEU is more order-independent, whereas METEOR 
introduces linguistic knowledge for n-grams having the same 
lemma, or for synonym matches.  

GTM and METEOR are based on precision and recall, 
while BLEU and NIST are based on precision and to 
compensate recall, BLEU introduced brevity penalty [15]. 
Metrics are mainly focused on evaluation of adequacy, as it 
gives information to what extent the meaning in the translation 
is preserved, and penalise translations with missing words, 
affecting recall. 

The BLEU metric, proposed by IBM, represents a standard 
for machine translation evaluation [16]. It matches machine 
translation n-grams with n-grams of its reference translation, 
and counts the number of matches on the sentence level, 
typically for 1-4 n-grams. For each n-gram it assigns the same 
weights, which is one of the main defaults of this metric. This 
metric is based on the same surface forms, accepting only 
complete matches, and does not take into account words having 
the same lemma. BLEU also assigns a brevity penalty score, 
which is given to automatic translations shorter than the 
reference translation. It allows evaluation of multiple reference 
translations as well. 

The NIST metric is based on BLEU with some 
modifications [17]. While BLEU is based on n-gram precision 
assigning an equal weight to each word, NIST calculates 
information weight for each word, i.e. higher scores are given 
to more rare n-grams which are considered as more informative 
n-grams. It differs also from BLEU in brevity penalty 
calculation, where small differences in translation length do not 
impact the overall score. Stemming is significantly beneficial 
to BLEU and NIST [18]. 

METEOR metric modifies BLEU in the way that it gives 
more emphasis to recall than to precision [19]. This metric 
incorporates linguistic knowledge, taking into account the same 
lemma and synonym matches, which is suitable for languages 
with rich morphology [20]. This metric, like GTM, favours 
longer matches in the same order. It uses fragmentation 
penalty, which reduces F-measure if there are no bigrams or 
longer matches [21]. This metric is calculated at the sentence or 
segment level, while BLEU metric is usually computed at the 

corpus level. It cannot implement language knowledge from 
several references into the score, but gives scores for each 
reference translation.  

GTM metric computes the correct number of unigrams and 
favours longer matches, based on precision (the number of 
correct words, divided by the generated machine translation 
system output-length) and recall (the number of correct words, 
divided by the reference-length) and calculates the F-measure 
[22]. This metric computes unigrams, i.e. the correct number of 
unigram matches referring to non-repeated words in the output 
and in the reference translation. This metric favours n-grams in 
the correct order and assigns them higher weights [23]. 

Apart from the mentioned disadvantages of automatic 
evaluation metrics, there are other numerous defaults, such as, 
aspect of evaluation, difficulties with the interpretation and 
meaning of scores, ignoring the importance of words, not 
addressing grammatical coherence etc. [23]. 

IV. RESULTS AND DISCUSSION 

The following table shows the results of automatic machine 
translation quality evaluation metrics (Table II). BLEU scores 
range from 0 (no overlapping with reference translation) to 1 
(perfect overlapping with reference translation), whereas scores 
over 0.3 generally reflect understandable translations, and 
scores over 0.5 reflect good and fluent translations [24]. 
METEOR scores are usually higher than BLEU scores and 
reflect understandable translation when higher than 0.5, and 
good and fluent translation when scored higher than 0.7 [24]. 
NIST scores be 0 or higher, and have no fixed maximum, 
whereas GTM scores can range from 0 to 1. Different metric 
scores provide an overall overview of the machine translation 
quality with regard to various aspects of evaluation and can be 
correlated. 

TABLE II.  RESULTS OF AUTOMATIC QUALITY EVALUATION METRICS 

Machine 

translation 

direction 

Automatic machine translation  

quality evaluation metrics  
(higher is better) 

BLEU NIST METEOR GTM 

English-Croatian 0.1656 4.6527 0.1976 0.3348 

Croatian-English 0.2383 5.8686 0.2439 0.5044 

 

Overall, results of automatic quality assessment show better 
scores for Croatian-English direction for 20-30%. This is 
mainly due to fact that Croatian language is highly flective 
with rich morphology. Furthermore, metrics which rely on 
word matching penalise the word types that appear in form of 
different tokens. As the data set belongs to the sociological-
philosophical-spiritual domain, it contains specific terminology 
for which Google Translate does not provide a correct 
translation. Namely, such terminology is unlikely to appear in 
the correct context in the language and translation models of 
the analysed machine translation system. The fact that the data 
set contains 77.16% of hapax legomena in Croatian and 
68.01% in English also points to infrequently used 
terminology. BLEU metric, which ignores the word relevance, 
penalises a machine translation that is shorter than the 
reference translation and counts the words having the same 



surface form. In this research BLEU score is relatively low for 
English-Croatian (0.17) when compared to the Croatian-
English direction (0.24). Generally, translating from 
morphologically rich languages to less rich languages results in 
better BLEU scores. NIST metric which is sensitive to more 
informative n-grams which occur less frequently, gives the 
following results: 4.65 for English-Croatian and 5.87 for 
Croatian-English. The metric METEOR shows scores close to 
BLEU metric for English-Croatian (0.20) and for Croatian-
English (0.24). Although METEOR counts matches at the stem 
level, in this research the raw data set was used, which was not 
lowercased and tokenised. The results of GTM metric, which 
computes F-measure, are as follows: 0.33 for English-Croatian 
and 0.50 for Croatian-English. The GTM score for English-
Croatian is lower than for Croatian-English due to 
morphological variants of the same lemma, which causes lower 
scores due to non-matching of words belonging to the same 
lemma but with different morphological suffixes. 

V. CONCLUSIONS 

In this research, a book of scientific abstracts was digitised 
with a scanner, subsequently processed with OCR, later on 
post-edited, and eventually used as a gold standard for machine 
translation. Automatic machine translations were generated by 
Google Translate and afterwards evaluated by means of several 
metrics and for both directions (Croatian-English and English-
Croatian). The results for translation into Croatian are less 
scored due to specific terminology that is not widely used on 
the internet and therefore not available in the correct context in 
the machine translation models, morphological richness of the 
Croatian language, long sentences, relatively free word order 
and grammatical case agreement. Namely, this causes 
decreased scores since several types of the same lemma, which 
are not identical with the reference morphological variant, 
count as mismatches. Overall, results of the automatic machine 
translation quality evaluation for BLEU, NIST, METEOR and 
GTM are better for the Croatian-English direction (20-30% 
better). Further research on automatic quality evaluation would 
include more extensive evaluation applying other metrics, text 
lemmatisation, lowercasing, tokenisation and enlargement of 
the data set, using multiple reference sentences. 
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